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ConceptAttention: Diffusion Transformers 

Learn Highly Interpretable Features
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Background

Diffusion Models are Black-Boxes

Transformer,

Mid-Level Feature

Representation for Restoration Representation for Generation

Diffusion,

Mid-Timestep Latent

Input Image
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Background

Existing Vision Interpretation Methods 

Gradient Interpretation

Hard to apply on generative models

Feature

Output: “Dog”

Compute gradient
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Background

Existing Vision Interpretation Methods 

Gradient Interpretation

Hard to apply on generative models

Feature

Output: “Dog”

Compute gradient

Representation Interpretation

Requires model-specific design

Feature
Semantic 

Components
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Background

Gradient-Based Interpretation

Ramprasaath et al., Grad-CAM: Visual Explanations from Deep Networks via Gradient-based Localization, ICCV 2017
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Background

Cross-Attention for Representation Interpretation

Radford et. al., Learning Transferable Visual Models From Natural Language Supervision, ICML 2021
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Background

Cross-Attention for Representation Interpretation

Rombach et. al., High-Resolution Image Synthesis with Latent Diffusion Models, CVPR 2022
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Background

Cross-Attention for Representation Interpretation

Raphael et. al., What the DAAM: Interpreting Stable Diffusion Using Cross Attention, arXiv 2022

• Summing attention from multiple layers

• More fine-grained saliency maps
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Background

Cross-Attention for Representation Interpretation

Chefer et. al., Attend-and-Excite: Attention-Based Semantic Guidance for Text-to-Image Diffusion Models, TOG 2023

• Loss for Instance Enhancement

• More fine-grained saliency maps
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Background

Multi-Modal Diffusion Transformers

Reuss et al., Multimodal Diffusion Transformer: Learning Versatile Behavior from Multimodal 

Goals, Robotics: Science and Systems 2024

Uniform perspective of different modalities
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Background

Multi-Modal Diffusion Transformers

Uniform perspective of different modalities

• Concat modalities

• Self-Attention

• Text prompt 

embeddings are 

also updated

Reuss et al., Multimodal Diffusion Transformer: Learning Versatile Behavior from Multimodal 

Goals, Robotics: Science and Systems 2024
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Background

DiTs with MMAttn: FLUX, SD 3+, …

Batifol et al., FLUX.1 Kontext: Flow Matching for In-Context Image Generation and Editing in Latent Space, arXiv 2025

Patric et al., Scaling Rectified Flow Transformers for High-Resolution Image Synthesis, ICML 2024

Flux with both Double Stream Attention 

and Fused Self-Attention

Stable Diffusion 3 with Noise-Condition 

Fused Self-Attention
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Background

Attention Functionalities in MMDiT

Liu et. al., Towards Understanding Cross and Self-Attention in Stable Diffusion for Text-Guided Image Editing, CVPR 2025

• Semantic information from multi-modal cross-attention

• Geometric and shape details from self-attention
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Background

Attention in MMDiT contains rich semantic information as well.

How to interpret it and acquire accurate saliency map? 
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Method

Raw Cross-Attention is not accurate in MMDiTS

• The prompt domain is updated alongside image domain

• Fine semantic in deeper level cannot be accessed
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Method

Concept Residual Stream
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Method

Concept Residual Stream

Concept tokens are updated through each layer, but does not interact generation
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Method

Single-Directional Concept Cross-Attention

• Multi-Modal Self-Attention:
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Method

Single-Directional Concept Cross-Attention

• Multi-Modal Self-Attention:

• Concept Cross-Attention:
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Method

Producing Saliency Map 
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Method

Pseudo-code
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Experiments

Produced Saliency Maps
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Experiments

Comparison with Cross-Attention on Videos
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Experiments

Quantitative Benchmarks:

• Zero-shot semantic segmentation

• ImageNet-Segmentation & PascalVOC 2012

Baselines:

• Interpretation results on Transformer encoder features

• Attention and Interpretation on Unet-SDs

• Raw cross-attention in DiTs
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Experiments

Open Vocabulary Semantic Segmentation Result
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Experiments

Zero-Shot Semantic Segmentation Performance 



27

Experiments

Ablation on Different Layers  and Timesteps
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Experiments

Algorithm Ablations

Space to Obtain Saliency Map Concept Utilization
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Experiments

Demo

https://huggingface.co/spaces
/helblazer811/ConceptAttention/

https://huggingface.co/spaces/helblazer811/ConceptAttention/
https://huggingface.co/spaces/helblazer811/ConceptAttention/
https://huggingface.co/spaces/helblazer811/ConceptAttention/
https://huggingface.co/spaces/helblazer811/ConceptAttention/
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Experiments

Demo
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Limitations

Zero-Shot Low Resolution Results:
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Limitations



33

Limitations

Cannot Deal with Overlapping Concepts:
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Conclusion

• Rich semantic representation in MM-DiT Attention

• A training-free approach to extract saliency maps

• Excels on open-vocabulary semantic segmentation

• Fails on LQ data domain 



Thanks for listening!
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