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Figure 4: Unified architecture-
and domain-aware XAI selection 
roadmap distilled from our 11-
dataset benchmark rankings. 
Practitioners can navigate 
branches by backend architecture 
and modality to select the most 
reliable explanation configuration 
for clinical deployment. 

Performance — ImageNet

Normalized rank across 6 metrics (outer edge = best) for ResNet-50 (CNN), ViT-Base (Transformer), and CLIP (Contrastive). Larger area = stronger overall performance.

Performance — Medical Imaging

Rankings on MedMNIST are more architecture-dependent and domain-specific than on ImageNet. Methods that excel on natural images can collapse on medical data.

Faithfulness ≠ Robustness

Infidelity clusters tightly while Sensitivity varies by ~10×.  These axes are empirically decoupled.

Motivation
Post-hoc attribution methods are widely used to explain deep vision models, yet their reliability across architectures and imaging 

domains is poorly understood

• Existing benchmarks evaluate within a single model family or data domain

• Architecture-agnostic XAI selection is common but empirically unvalidated

• We present a rigorous, multi-metric benchmark evaluating 11 XAI methods across 3 architectures (ResNet-50, ViT-Base, CLIP) on ImageNet and 10 

medical imaging datasets (MedMNIST v2)

Architecture-Aware Selection Guide

Domain × Method Heatmap

Interesting Insights and Open Questions

Architecture Drives Rankings

No XAI method dominates across CNN, Transformer, and Contrastive backbones → selection should be architecture aware

Why Gradient Methods Fail on CLIP?

Could it be that contrastive objective optimizes cross-modal similarity between image and text embeddings rather than class-discriminative visual 

boundaries, and the resulting feature geometry is organized around semantic separation across modalities [2].

Robustness is Not a Proxy for Faithfulness

Infidelity values cluster tightly; Sensitivity varies substantially. “Methods that achieve low infidelity do not necessarily achieve low sensitivity”

Why Methods that scale on Natural Image, Fails on Medical Images?

Natural images has well-localized objects; medical images do not. Diffuse pathology, low-contrast boundaries, and texture-driven labels invalidate 

the coarse-localization assumption built into many attribution methods.

Benchmark Pipeline
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