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Why Do We Need Explainability?

: Stop the cardiac pacing. : Make an emergency turn. : Determine as guilty.

n Trust: In high-stakes domains​ such as medicine, autonomous driving, and law, the deployment 
of models that fail to provide interpretable outcomes​ is precluded

n Transparency: The black-box nature of deep models brings severe reliability risks, which drives 
the rapid development of the eXplainable Artificial Intelligence (XAI) field
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What is an explanation?

Black Box 
Model

Prediction: ‘0’

Explanation 
Method

Explain

Feature Relevance

Word Importance

Saliency Map

n Saliency explanation assigns an importance score to each input feature (e.g., pixels in image 
classification), indicating the degree to which the model attends to specific features
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Major Challenge in XAI: Lack of Ground Truth

n A core challenge in the XAI field is the absence of a universally applicable Ground Truth 
concept for judging whether an explanation is correct or incorrect.
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Faithfulness of Explanations

n The assessment of faithfulness varies across different perturbation-based experimental strategy, 
leading to incompatible or conflicting outcomes in specific scenarios

Raw Image

Reference 
Concept

chest neck neck glasses hair hair, old 
age

Generated 
Explanation

Subjective Concept Alignment Evaluation Objective Faithfulness Score

n Faithfulness evaluation metrics provides a proxy metric for measuring explanation quality and 
avoiding biases introduced by human subjective evaluation
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DeepFaith

Background
Conflicting faithfulness metrics and 
inconsistent methods impede a 
unified ground truth

Challenges：
1. Inconsistent formalizations of faithfulness 
metrics hinder unified theoretical analysis
2. Discrepant data from different methods 
impede consistent data utilization

Theory - Re-formalize metrics 
and unify objectives

Data - Curate high-quality 
explanations via deduplication 
and filtering

Approach XAI Ground Truth at 
all levels

DeepFaith：
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Formulation and Theoretical Unification

n DeepFaith unifies 10 faithfulness evaluation metrics under the same theoretical framework 
by extracting shared functional functions.

Faithfulness 
Metric for 
Saliency 

Explanations �

Faithfulness 
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Formulation and Theoretical Unification

��
∗  achieves 

optimality across all 
4 saliency 

explanation metrics.

The ��
∗ ​ -induced 

permutation 
explanation also 
optimizes all 6 

permutation metrics.

n We discover and prove that there theoretically exists a mapping ��
∗  that achieves optimality 

simultaneously under 10 faithfulness metrics.
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Utilization of Prior Explanation Methods

n Different explanation methods essentially reflect the functional 
dependence from input features to explanations, and such 
mapping patterns are generalizable across similar samples

→Input
Feature

Label
(Explanation)

n We get high-quality prior explanation 
signals by:

(1) Similarity-based deduplicating

(2) Faithfulness-based filtering

n An input feature-explanation mapping 
set � integrates diversity and high quality
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Utilization of Prior Explanation Methods
n We propose to fit existing explanations � with a deep neural network �� , further enhancing its 

faithfulness via the optimization objective ��
∗

n Based on the expression of ��
∗ , we design an optimization objective as the loss function

n To learn the mapping patterns in �, we design a supervised optimization objective as the loss function 
for training the explainer ��

n We aim to achieve the collaborative optimization of ℒ�� and ℒ�� , i.e., minimizing the following 
objective ℒ���
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n We propose a dynamic joint optimization algorithm to achieve the collaborative 

optimization of ℒ�� and ℒ��

Utilization of Prior Explanation Methods

n  ℒ�� converges stably, while ℒ�� (the blue 

dashed line) exhibits severe oscillation 
when optimized independently
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n We compare the average rankings of DeepFaith and baseline methods across all faithfulness 
evaluation metrics in 12 explanation tasks across 3 modalities 

Explanation Faithfulness

Image Tasks Text Tasks Tabular Tasks
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Explanation Visualization

n By learning the patterns of existing explanations, ��(�) achieves high faithfulness while 
aligning with human cognition


