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CleanDIFT: Diffusion Features without Noise
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Background

Can generative models provide useful visual representations?

“What I cannot create, I do not understand”  —— Richard Feynman

Generative models can generate realistic images

Generative models learn image structure & semantics

Generative models learn visual representations
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Background

Diffusion model learns visual representations

Diffusion features are intermediate

U-Net representations

We can use diffusion features for 

downstream tasks
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Background

Diffusion features for downstream tasks

DIFT A Tale of Two Features ODISE                                EmerDiff

Open-vocabulary segmentationDiffusion-DINOv2 fusion Vanilla feature utilization Semantic segmentaion
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Background

Semantic Correspondence Detection

Find semantically matching points across different images
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Background

DIffusion FeaTures (DIFT)

Emergent Correspondence from Image Diffusion, NeurIPS 2023

We can use DIFT to extract correspondences

How to extract DIFT on real images?                               Simply add noise 

DIFT
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Background

DIffusion FeaTures (DIFT)

Emergent Correspondence from Image Diffusion, NeurIPS 2023

How to use DIFT to find correspondence?                      Feature matching  

Image I1 Image I2

p1 p2

F1 is DIFT of I1

F2 is DIFT of I2

d is cosine distance
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Background

DIffusion FeaTures (DIFT)

Emergent Correspondence from Image Diffusion, NeurIPS 2023

Choice of timestep t matters Large noise

Low-level detail
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Background

DIffusion FeaTures (DIFT)

Emergent Correspondence from Image Diffusion, NeurIPS 2023

Choice of U-Net layer matters

• Layers 0-3 (UpBlock1)

• Layers 4-7 (UpBlock2)

• Layers 8-11 (UpBlock3)

• Layers 12-14 (UpBlock4)

Low-level detailLow resolution
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Background

A Tale of Two Features 

A Tale of Two Features: Stable Diffusion Complements DINO for Zero-Shot Semantic Correspondence, NeurIPS 2023
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Background

A Tale of Two Features 

A Tale of Two Features: Stable Diffusion Complements DINO for Zero-Shot Semantic Correspondence, NeurIPS 2023

Properties of diffusion features

• Spatially Coherent

• Semantically Inaccurate
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Background

A Tale of Two Features 

A Tale of Two Features: Stable Diffusion Complements DINO for Zero-Shot Semantic Correspondence, NeurIPS 2023

Properties of DINOv2 features

• Spatially InCoherent

• Semantically Accuarate
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Background

A Tale of Two Features 

A Tale of Two Features: Stable Diffusion Complements DINO for Zero-Shot Semantic Correspondence, NeurIPS 2023

Fuse diffusion and DINO features is effective 
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Background

ODISE

ODISE: Open-Vocabulary Panoptic Segmentation with Text-to-Image Diffusion Models, CVPR 2023

We can use diffusion features for panoptic segmentation
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Background

ODISE

ODISE: Open-Vocabulary Panoptic Segmentation with Text-to-Image Diffusion Models, CVPR 2023

Extract diffusion features from a frozen Stable Diffusion UNet

diffusion features
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Background

ODISE

ODISE: Open-Vocabulary Panoptic Segmentation with Text-to-Image Diffusion Models, CVPR 2023

Obtain binary masks and mask embedding features from diffusion features
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Background

ODISE

ODISE: Open-Vocabulary Panoptic Segmentation with Text-to-Image Diffusion Models, CVPR 2023

Category label supervision and image caption supervision
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Background

ODISE

ODISE: Open-Vocabulary Panoptic Segmentation with Text-to-Image Diffusion Models, CVPR 2023

Category label supervision and image caption supervision
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Background

ODISE

ODISE: Open-Vocabulary Panoptic Segmentation with Text-to-Image Diffusion Models, CVPR 2023

For inference, fuse predictions from the diffusion and discriminative models
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Background

EmerDiff

EmerDiff: Emerging Pixel-level Semantic Knowledge in Diffusion Models, ICLR 2024

We can use diffusion features for semantic segmentation
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Background

EmerDiff

EmerDiff: Emerging Pixel-level Semantic Knowledge in Diffusion Models, ICLR 2024

• Invert to get the diffusion feature

• Do K-means on diffusion feature

• Obtain a low-res. segmentation map
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Background

EmerDiff

EmerDiff: Emerging Pixel-level Semantic Knowledge in Diffusion Models, ICLR 2024

We can get semantic masks from the map

How to identify pixel–mask correspondence? 
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Background

EmerDiff

EmerDiff: Emerging Pixel-level Semantic Knowledge in Diffusion Models, ICLR 2024

Do modulation on diffusion feature by adding the mask

If some pixels change a lot, they are related to the mask

We can choose 𝑐 =  +𝜆, −𝜆 and observe the difference
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Background

EmerDiff

EmerDiff: Emerging Pixel-level Semantic Knowledge in Diffusion Models, ICLR 2024

Compute the difference map 
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Background

EmerDiff

EmerDiff: Emerging Pixel-level Semantic Knowledge in Diffusion Models, ICLR 2024

Every pixel (𝑥, 𝑦) belongs to a specific mask 𝑘

Thus we have a high-res. segmentation map
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Background

EmerDiff

EmerDiff: Emerging Pixel-level Semantic Knowledge in Diffusion Models, ICLR 2024

Choice of timestep t matters
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Background

Existing Problem

• Dependence on diffusion timesteps

• Different tasks may have different optimal timesteps

• Information loss in noisy images

• Adding noise to clean images bottlenecks the perceptual information
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Method

CleanDIFT: noise-free, timestep-independent features
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Method

Overview:
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Method

Frozen Diffusion Model

Frozen diffusion model receives the noisy image and timestep t
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Method

CleanDIFT

Initialize the CleanDIFT model as a trainable copy of the diffusion model

CleanDIFT only receives clean input image
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Method

Projection Heads

Projection heads receive clean diffusion features and timestep t 
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Method

Training Objective

ℒ is cosine similarity loss
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Method

Inference

We can discard the projection heads and use CleanDIFT directly



35

Experiments

CleanDIFT can be used for many downstream tasks

• Unsupervised Semantic Correspondence

• Depth Estimation

• Semantic Segmentation

• Classification
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Experiments

Unsupervised Semantic Correspondence

CleanDIFTDIFT
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Experiments

Unsupervised Semantic Correspondence

CleanDIFT outperforms DIFT even at its best timestep
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Experiments

Depth Estimation

Use the linear probe for depth estimation
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Experiments

Depth Estimation
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Experiments

Semantic Segmentation

Use the linear probe for semantic segmentation

鸟
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Experiments

Semantic Segmentation

CleanDIFT outperforms DIFT even at its best timestep
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Experiments

Classification

CleanDIFT outperforms DIFT

• Feature Map #0 (UpBlock1)

• Feature Map #3 (UpBlock2)

• Feature Map #6 (UpBlock3)

• Feature Map #9 (UpBlock4)
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Experiments

Ablation Studies

Cosine similarity with projection heads performs best
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Experiments

Other Diffusion Backbones

Still effective for other diffusion backbones (larger U-Net or DiT)
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Conclusion

• Diffusion features contain both semantic information and noise

• Clean diffusion features outperform noisy diffusion features

• CleanDIFT are useful for many downstream tasks
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Disscusion

Future Work

• Multi-layer Feature Aggregation

• Clean DiT features

• DiT features for downstream tasks
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