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Faithfulness of XAI Algorithms

• Feature attributions.

• Faithfulness?

• Recent benchmarks.
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Why M4

• A unified XAI benchmark for feature attribution Methods across
Modalities, Models, and Metrics.

Input Data XAI Algorithms

Models + Task

Feature Attributions Evaluations

CNNs, ViTs + Image Classification

Transformers + Sentiment Analysis

ImageNet

MovieReview

Pixel/Patch/Word
Importance

Feature 
Attribution 
Methods

Evaluation
Metrics Scores

it ’ s a charming and often affecting journey.
Predicted Label (Prob):
243, bull mastiff (0.32)

Attribution
Examples
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Benchmark M4

Tasks, Datasets and Models:
• Image classification

• 5,000 images from ImageNet validation set
• VGG, ResNets, Mobilenet-V3, ViTs, MAE-ViTs

• Sentiment analysis
• Movie Review dataset
• BERTs, DistilBERT, ERNIE, RoBERTa

Feature Attribution Methods:
• Model-agnostic: LIME
• Gradient-based: Integrated Gradient, SmoothGrad, GradCAM
• Transformer-specific: Generic Attribution, Head-wise/Token-wise

Bidirectional Transformer Attributions
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Benchmark M4

Metrics and Taxonomy
• No Ground Truth

• Most Relevant First: MoRF(x) = 1
L+1

∑L
k=0(f (x

(0)
MoRF)− f (x (k)

MoRF))

• Least Relevant First: LeRF(x) = 1
L+1

∑L
k=0(f (x

(0)
LeRF)− f (x (k)

LeRF))
• Area Between Perturbation Curves
• INFiDelity: INFD(x) = EI∼µI (I

T A(x , f )− (f (x)− f (x − I))2)

• Pseudo Ground Truth
• M a set of well-trained models:

PScore(x) = cos( 1
|M|

∑
g∈M A(x ,g),A(x , f ))

• Synthetic Ground Truth
• metric ∈ {AP,AUC-ROC} and Syn(x) the synthetic ground truth of

explanation:
SynScoremetric(x) = metric(Syn(x),A(x , f ))

• MoRF + ABPC + PScore − INFD + SynScore
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Benchmark M4

The modular design of M4:
• compatible with PaddlePaddle, Pytorch, Hugging Face, etc.
• easy with new methods, models, and metrics.
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Observations

▶ Whether There are Two Metrics that are Correlated ?

▶ Which Explanation Algorithm Demonstrates the Best
Faithfulness ?

▶ Which Model is the Most (In)sensitive to Explanation
Algorithms ?
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Q1: Correlation between Metrics

• ABPC, PScore, and INFD are
strongly correlated.

• MoRF and SynScore evaluate
faithfulness from other
perspectives.
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Q2: Best Faithfulness
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(a) Modality of images.
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(b) Modality of texts.
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Q3: Sensitivity of Models to Explanation Methods
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• The sensitivity to different methods can roughly reflect the
difficulty of explaining the model.

• Some methods may work especially well for certain models but
not as well for others.
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The demos, implementations,
and additional information of M4

are publicly available at

https://github.com/PaddlePaddle/InterpretDL.
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