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Introduction

❖ Visual Correspondence

• 컴퓨터비전분야에서기본적인문제로다양한응용분야에서활용

1. Semantic Correspondence: 유사한의미를공유하는서로다른객체의픽셀

Semantic Correspondence

Tang, L., Jia, M., Wang, Q., Phoo, C. P., & Hariharan, B. (2023). Emergent Correspondence from Image Diffusion. In Proceedings of the Thirty-seventh Conference on Neural Information Processing Systems.

https://www.cs.cornell.edu/~snavely/bundler

Image editing
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Introduction

❖ Visual Correspondence

• 컴퓨터비전분야에서기본적인문제로다양한응용분야에서활용

2. Geometric Correspondence: 다른시점에서캡처된동일한객체의픽셀

Tang, L., Jia, M., Wang, Q., Phoo, C. P., & Hariharan, B. (2023). Emergent Correspondence from Image Diffusion. In Proceedings of the Thirty-seventh Conference on Neural Information Processing Systems.

https://neural-congealing.github.io

Geometric Correspondence 3D reconstruction
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Introduction

❖ Visual Correspondence

• 컴퓨터비전분야에서기본적인문제로다양한응용분야에서활용

3. Temporal Correspondence: 시간이지남에따라변형될수있는비디오내동일한객체의픽셀

https://co-tracker.github.io

https://medium.com/@eddiesmo/video-object-segmentation-the-basics-758e77321914

Temporal Correspondence Video segmentation
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Introduction

❖ Why are diffusion models relevant to finding correspondences?

• Diffusion models은이미지생성및합성분야에서뛰어난결과들을보여주며주목받고있음

Betker, J., Goh, G., Jing, L., Brooks, T., Wang, J., Li, L., ... & Ramesh, A. (2023). Improving image generation with better captions. Computer Science. https://cdn. openai. com/papers/dall-e-3. pdf, 2, 3.

Mokady, R., Hertz, A., Aberman, K., Pritch, Y., & Cohen-Or, D. (2023). Null-text inversion for editing real images using guided diffusion models. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 6038-6047).

Text-to-image diffusion models
(DALLE-3)

Image-to-image diffusion models
(Null-text Inversion)
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Introduction

❖ Why are diffusion models relevant to finding correspondences?

• Diffusion models은이미지생성및합성분야에서뛰어난결과들을보여주며주목받고있음

• 모델은생성해야할객체의의미론적내용을이해하고있거나, 두범주간의대응에대해암묵적으로추론해야함

Text-to-image diffusion models
(DALLE-3)

Image-to-image diffusion models
(Null-text Inversion)

Betker, J., Goh, G., Jing, L., Brooks, T., Wang, J., Li, L., ... & Ramesh, A. (2023). Improving image generation with better captions. Computer Science. https://cdn. openai. com/papers/dall-e-3. pdf, 2, 3.

Mokady, R., Hertz, A., Aberman, K., Pritch, Y., & Cohen-Or, D. (2023). Null-text inversion for editing real images using guided diffusion models. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 6038-6047).
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Introduction

❖ DMQA Seminar (Diffusion Models)
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Methods

Emergent Correspondence 
from Image Diffusion

Image-to-image diffusion modelsText-to-image diffusion models

Unsupervised 
Semantic Correspondence 

Using Stable Diffusion

Diffusion Hyperfeatures: 
Searching Through 
Time and Space 

for Semantic Correspondence

Image-to-image diffusion models
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Method 1
Unsupervised Semantic Correspondence Using Stable Diffusion

❖ Unsupervised Semantic Correspondence Using Stable Diffusion(NeurIPS, 2023)

• Motivation: Text-to-image diffusion models은생성해야할객체의의미론적내용(semantics)을이해하고있지않을까?

Hedlin, E., Sharma, G., Mahajan, S., Isack, H., Kar, A., Tagliasacchi, A., & Yi, K. M. (2023). Unsupervised Semantic Correspondence Using Stable Diffusion. In Thirty-seventh Conference on Neural Information Processing Systems.

Text-to-image diffusion model
(SDXL)
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Method 1
Unsupervised Semantic Correspondence Using Stable Diffusion

❖ Unsupervised Semantic Correspondence Using Stable Diffusion(NeurIPS, 2023)

• Motivation: Text-to-image diffusion models은생성해야할객체의의미론적내용(semantics)을이해하고있지않을까?

Hedlin, E., Sharma, G., Mahajan, S., Isack, H., Kar, A., Tagliasacchi, A., & Yi, K. M. (2023). Unsupervised Semantic Correspondence Using Stable Diffusion. In Thirty-seventh Conference on Neural Information Processing Systems.

Cross-Attention Map

Attention maps은prompt의 semantic에반응함
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Method 1
Unsupervised Semantic Correspondence Using Stable Diffusion

❖ Unsupervised Semantic Correspondence Using Stable Diffusion(NeurIPS, 2023)

• Motivation: Text-to-image diffusion models은생성해야할객체의의미론적내용(semantics)을이해하고있지않을까?

Hedlin, E., Sharma, G., Mahajan, S., Isack, H., Kar, A., Tagliasacchi, A., & Yi, K. M. (2023). Unsupervised Semantic Correspondence Using Stable Diffusion. In Thirty-seventh Conference on Neural Information Processing Systems.

특정이미지위치에해당하는프롬프트를식별한다면, 
이미지에서의미적으로유사한이미지위치대응가능→

Cross-Attention Map

Attention maps은prompt의 semantic에반응함
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Method 1
Unsupervised Semantic Correspondence Using Stable Diffusion

❖ Method

사전학습된 Stable Diffusion의어텐션맵을통해특정위치에대해최적화된prompt embedding을활용하여 correspondence task수행

1. 쿼리위치에대한최적의임베딩을찾음

Hedlin, E., Sharma, G., Mahajan, S., Isack, H., Kar, A., Tagliasacchi, A., & Yi, K. M. (2023). Unsupervised Semantic Correspondence Using Stable Diffusion. In Thirty-seventh Conference on Neural Information Processing Systems.

<Step 1>
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Method 1 
Unsupervised Semantic Correspondence Using Stable Diffusion

❖ Method

사전학습된 Stable Diffusion의어텐션맵을통해특정위치에대해최적화된prompt embedding을활용하여 correspondence task수행

1. 쿼리위치에대한최적의임베딩을찾음

✓ 최적화된임베딩은위치에대한 semantic information을담고있음

Hedlin, E., Sharma, G., Mahajan, S., Isack, H., Kar, A., Tagliasacchi, A., & Yi, K. M. (2023). Unsupervised Semantic Correspondence Using Stable Diffusion. In Thirty-seventh Conference on Neural Information Processing Systems.

Gal, R., Alaluf, Y., Atzmon, Y., Patashnik, O., Bermano, A. H., Chechik, G., & Cohen-or, D. (2022, September). An Image is Worth One Word: Personalizing Text-to-Image Generation using Textual Inversion. In The Eleventh International Conference on 

Learning Representations.

<Step 1>
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Textual-Inversion 방식과유사하게진행
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Text
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Method 1
Unsupervised Semantic Correspondence Using Stable Diffusion

❖ Method

사전학습된 Stable Diffusion의어텐션맵을통해특정위치에대해최적화된prompt embedding을활용하여 correspondence task수행

1. 쿼리위치에대한최적의임베딩을찾음

2. Target image에해당임베딩을적용하여 argmax인부분을추출 → semantic correspondence

Hedlin, E., Sharma, G., Mahajan, S., Isack, H., Kar, A., Tagliasacchi, A., & Yi, K. M. (2023). Unsupervised Semantic Correspondence Using Stable Diffusion. In Thirty-seventh Conference on Neural Information Processing Systems.

<Step 1> <Step 2>

Stable

Diffusion

Text

Embedding

So
ur

ce
 im

ag
e

A
tt
en

tio
n 

m
ap

Ta
rg

et
 im

ag
e

A
tt
en

tio
n 

m
ap

argmax

Stable

Diffusion

Text

Embedding



18

Method 1
Unsupervised Semantic Correspondence Using Stable Diffusion

❖ Method

사전학습된 Stable Diffusion의어텐션맵을통해특정위치에대해최적화된prompt embedding을활용하여 correspondence task수행

1. 쿼리위치에대한최적의임베딩을찾음

2. Target image에해당임베딩을적용하여 argmax인부분을추출 → semantic correspondence

Hedlin, E., Sharma, G., Mahajan, S., Isack, H., Kar, A., Tagliasacchi, A., & Yi, K. M. (2023). Unsupervised Semantic Correspondence Using Stable Diffusion. In Thirty-seventh Conference on Neural Information Processing Systems.

<Step 1> <Step 2>
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Method 1
Unsupervised Semantic Correspondence Using Stable Diffusion

❖ Method

사전학습된 Stable Diffusion의어텐션맵을통해특정위치에대해최적화된prompt embedding을활용하여 correspondence task수행

• Attention response of different layers

✓ 각 layer의다른특성들을활용하기위해 (f) Average사용

Hedlin, E., Sharma, G., Mahajan, S., Isack, H., Kar, A., Tagliasacchi, A., & Yi, K. M. (2023). Unsupervised Semantic Correspondence Using Stable Diffusion. In Thirty-seventh Conference on Neural Information Processing Systems.
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Method 1
Unsupervised Semantic Correspondence Using Stable Diffusion

❖ Experiments

1) Semantic Correspondence -Quantitative

✓ Metric: Percentage of Correct Keypoints(PCK)

Hedlin, E., Sharma, G., Mahajan, S., Isack, H., Kar, A., Tagliasacchi, A., & Yi, K. M. (2023). Unsupervised Semantic Correspondence Using Stable Diffusion. In Thirty-seventh Conference on Neural Information Processing Systems.

threshold
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Method 1
Unsupervised Semantic Correspondence Using Stable Diffusion

❖ Experiments

2) Semantic Correspondence -Qualitative

Hedlin, E., Sharma, G., Mahajan, S., Isack, H., Kar, A., Tagliasacchi, A., & Yi, K. M. (2023). Unsupervised Semantic Correspondence Using Stable Diffusion. In Thirty-seventh Conference on Neural Information Processing Systems.

<Between sameclasses> <Between different classes>

Blue : Correct
Orange : Wrong
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Method 2
Emergent Correspondence from Image Diffusion

❖ Emergent Correspondence from Image Diffusion(NeurIPS, 2023)

• Motivation: Diffusion Models이 Image Editing에좋은성능을보이는것은이미지간 correspondence을추론하기때문이아닐까?

Cat     → Dog

Parmar, G., Kumar Singh, K., Zhang, R., Li, Y., Lu, J., & Zhu, J. Y. (2023, July). Zero-shot image-to-image translation. In ACM SIGGRAPH 2023 Conference Proceedings (pp. 1-11).

Image-to-Image Translation
(pix2pix-zero)

Without changing 
its pose or context
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Method 2
Emergent Correspondence from Image Diffusion

❖ Emergent Correspondence from Image Diffusion(NeurIPS, 2023)

• Motivation: Diffusion Models이 Image Editing에좋은성능을보이는것은이미지간 correspondence을추론하기때문이아닐까?

Cat     → Dog

Parmar, G., Kumar Singh, K., Zhang, R., Li, Y., Lu, J., & Zhu, J. Y. (2023, July). Zero-shot image-to-image translation. In ACM SIGGRAPH 2023 Conference Proceedings (pp. 1-11).

Image-to-Image Translation
(pix2pix-zero)

Implicit
correspondence?

Without changing 
its pose or context

→
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Method 2
Emergent Correspondence from Image Diffusion

❖ Emergent Correspondence from Image Diffusion(NeurIPS, 2023)

• Motivation: Diffusion Models이 Image Editing에좋은성능을보이는것은이미지간 correspondence을추론하기때문이아닐까?

• 사전학습된Diffusion Models을사용해 correspondence을추출할수있는간단한방법론제안

Parmar, G., Kumar Singh, K., Zhang, R., Li, Y., Lu, J., & Zhu, J. Y. (2023, July). Zero-shot image-to-image translation. In ACM SIGGRAPH 2023 Conference Proceedings (pp. 1-11).

Cat     → Dog

Image-to-Image Translation
(pix2pix-zero)
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Method 2
Emergent Correspondence from Image Diffusion

❖ Method

사전학습된Diffusion Models통해추출한 Input image의 image features을활용하여 correspondence task수행

1. Input image 𝑥0에noise더해 𝑥𝑡 생성

𝑥0

+

𝜖

=

𝑥𝑡

𝑥𝑡 = 𝛼𝑡𝑥0 + 1 − 𝛼𝑡 𝜖, 𝜖 ~ 𝑁(0, 𝐼)

Tang, L., Jia, M., Wang, Q., Phoo, C. P., & Hariharan, B. (2023). Emergent Correspondence from Image Diffusion. In Proceedings of the Thirty-seventh Conference on Neural Information Processing Systems.
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Method 2
Emergent Correspondence from Image Diffusion

❖ Method

사전학습된Diffusion Models통해추출한 Input image의 image features을활용하여 correspondence task수행

2. Denoising network 𝜖𝜃 𝑥𝑡,𝑡 에noisy image 𝑥𝑡와 timestep 𝑡를입력

𝑥𝑡

𝑡

𝜖𝜃 𝑥𝑡, 𝑡

Tang, L., Jia, M., Wang, Q., Phoo, C. P., & Hariharan, B. (2023). Emergent Correspondence from Image Diffusion. In Proceedings of the Thirty-seventh Conference on Neural Information Processing Systems.
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Method 2
Emergent Correspondence from Image Diffusion

❖ Method

사전학습된Diffusion Models통해추출한 Input image의 image features을활용하여 correspondence task수행

2. Denoising network 𝜖𝜃 𝑥𝑡,𝑡 에noisy image 𝑥𝑡와 timestep 𝑡를입력

✓ Denoising network로사전학습된U-Net의입력으로사용하기위해원본이미지가아닌노이지한이미지생성후입력

𝑥𝑡

𝑡

𝜖𝜃 𝑥𝑡, 𝑡

Tang, L., Jia, M., Wang, Q., Phoo, C. P., & Hariharan, B. (2023). Emergent Correspondence from Image Diffusion. In Proceedings of the Thirty-seventh Conference on Neural Information Processing Systems.
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Method 2
Emergent Correspondence from Image Diffusion

❖ Method

사전학습된Diffusion Models통해추출한 Input image의 image features을활용하여 correspondence task수행

3. Denoising 과정중U-Net의특정upsamplingblock 𝑖에서 intermediate feature maps을추출

𝑥𝑡

𝑡

𝜖𝜃 𝑥𝑡, 𝑡

Diffusion Features(DIFT)

Tang, L., Jia, M., Wang, Q., Phoo, C. P., & Hariharan, B. (2023). Emergent Correspondence from Image Diffusion. In Proceedings of the Thirty-seventh Conference on Neural Information Processing Systems.



30

Method 2
Emergent Correspondence from Image Diffusion

❖ Method

사전학습된Diffusion Models통해추출한 Input image의 image features을활용하여 correspondence task수행

3. Denoising 과정중특정block 𝑖에서 intermediate feature maps을추출 → Diffusion Features(DIFT)

𝑥𝑡

𝑡

𝜖𝜃 𝑥𝑡, 𝑡

Diffusion Features(DIFT)

Tang, L., Jia, M., Wang, Q., Phoo, C. P., & Hariharan, B. (2023). Emergent Correspondence from Image Diffusion. In Proceedings of the Thirty-seventh Conference on Neural Information Processing Systems.
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Method 2
Emergent Correspondence from Image Diffusion

❖ Method

사전학습된Diffusion Models통해추출한 Input image의 image features을활용하여 correspondence task수행

4. 각포인트 feature vectors을얻기위해 Interpolation 진행

𝑥𝑡

𝑡

𝜖𝜃 𝑥𝑡, 𝑡

Diffusion Features(DIFT) Interpolation

Tang, L., Jia, M., Wang, Q., Phoo, C. P., & Hariharan, B. (2023). Emergent Correspondence from Image Diffusion. In Proceedings of the Thirty-seventh Conference on Neural Information Processing Systems.
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Method 2
Emergent Correspondence from Image Diffusion

❖ Method

사전학습된Diffusion Models통해추출한 Input image의 image features을활용하여 correspondence task수행

5. 두이미지의 Feature matching(cosine similarity)을통해 correspondences을구함 𝑝2 = argmin
𝑝

𝑑 𝐹1 𝑝1 , 𝐹2(𝑝)

𝐹𝑖 𝑝 : a feature vector of Image 𝐼𝑖 for pixel location p

Tang, L., Jia, M., Wang, Q., Phoo, C. P., & Hariharan, B. (2023). Emergent Correspondence from Image Diffusion. In Proceedings of the Thirty-seventh Conference on Neural Information Processing Systems.

Cat     → Dog
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Method 2
Emergent Correspondence from Image Diffusion

❖ Experiments

1) Semantic Correspondence

Tang, L., Jia, M., Wang, Q., Phoo, C. P., & Hariharan, B. (2023). Emergent Correspondence from Image Diffusion. In Proceedings of the Thirty-seventh Conference on Neural Information Processing Systems.
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Method 2
Emergent Correspondence from Image Diffusion

❖ Experiments

1) Semantic Correspondence

✓ Cluttered scenes

✓ Viewpoint changes

✓ Occlusions

Self-supervised
features

Self-supervised
features

Tang, L., Jia, M., Wang, Q., Phoo, C. P., & Hariharan, B. (2023). Emergent Correspondence from Image Diffusion. In Proceedings of the Thirty-seventh Conference on Neural Information Processing Systems.

ADM Stable Diffusion Ground-truth
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Method 2
Emergent Correspondence from Image Diffusion

❖ Experiments

1) Semantic Correspondence

✓ Across various categories(𝐷𝐼𝐹𝑇𝑠𝑑)

Tang, L., Jia, M., Wang, Q., Phoo, C. P., & Hariharan, B. (2023). Emergent Correspondence from Image Diffusion. In Proceedings of the Thirty-seventh Conference on Neural Information Processing Systems.



36

Method 2
Emergent Correspondence from Image Diffusion

❖ Experiments

2) Geometric Correspondence

✓ Viewpoint Change

✓ Illumination Change

Tang, L., Jia, M., Wang, Q., Phoo, C. P., & Hariharan, B. (2023). Emergent Correspondence from Image Diffusion. In Proceedings of the Thirty-seventh Conference on Neural Information Processing Systems.
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Method 2
Emergent Correspondence from Image Diffusion

❖ Experiments

3) Temporal Correspondence

✓ Video label propagation

Tang, L., Jia, M., Wang, Q., Phoo, C. P., & Hariharan, B. (2023). Emergent Correspondence from Image Diffusion. In Proceedings of the Thirty-seventh Conference on Neural Information Processing Systems.

First Frame
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Method 2
Emergent Correspondence from Image Diffusion

❖ Experiments

4) Ablation – Time step & U-Net layer

Tang, L., Jia, M., Wang, Q., Phoo, C. P., & Hariharan, B. (2023). Emergent Correspondence from Image Diffusion. In Proceedings of the Thirty-seventh Conference on Neural Information Processing Systems.

Time step

SD U-Net layer
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Method 3
Diffusion Hyperfeatures: Searching Through Time and Space for Semantic Correspondence

❖ Diffusion Hyperfeatures: Searching Through Time and Space for Semantic Correspondence(NeurIPS, 2023)

• Motivation: 특정시점과레이어를선택하는것이아니라전체를다사용하면더좋지않을까?

특정시점& 특정레이어

Χ0 Χ25

추가적인과정이필요하며,
다른 features에있는정보들을활용하지못함
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Method 3
Diffusion Hyperfeatures: Searching Through Time and Space for Semantic Correspondence

❖ Diffusion Hyperfeatures: Searching Through Time and Space for Semantic Correspondence(NeurIPS, 2023)

• Motivation: 특정시점과레이어를선택하는것이아니라전체를다사용하면더좋지않을까?

특정시점& 특정레이어

Χ0 Χ25

추가적인과정이필요하며,
다른 features에있는정보들을활용하지못함

특정시점, 특정레이어의Features를사용하지말고,
전체를활용할수있는구조제안

→
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Method 3
Diffusion Hyperfeatures: Searching Through Time and Space for Semantic Correspondence

❖ Method

Diffusion Process의전체 intermediate feature maps통합하는프레임워크를제안

1. Diffusion process 중발생하는모든 feature maps저장

Luo, G., Dunlap, L., Park, D. H., Holynski, A., & Darrell, T. (2023, December). Diffusion hyperfeatures: searching through time and space for semantic correspondence. In Proceedings of the 37th International Conference on Neural Information 

Processing Systems (pp. 47500-47510).
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Method 3
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❖ Method

Diffusion Process의전체 intermediate feature maps통합하는프레임워크를제안

2. Aggregation Network를통해모든 feature maps를통합하여 a single feature map 생성

Luo, G., Dunlap, L., Park, D. H., Holynski, A., & Darrell, T. (2023, December). Diffusion hyperfeatures: searching through time and space for semantic correspondence. In Proceedings of the 37th International Conference on Neural Information 

Processing Systems (pp. 47500-47510).
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Method 3
Diffusion Hyperfeatures: Searching Through Time and Space for Semantic Correspondence

❖ Method

Diffusion Process의전체 intermediate feature maps통합하는프레임워크를제안

3. Downstream task에맞게학습 (Semantic Correspondence: by performing a nearest neighbor searching)

Luo, G., Dunlap, L., Park, D. H., Holynski, A., & Darrell, T. (2023, December). Diffusion hyperfeatures: searching through time and space for semantic correspondence. In Proceedings of the 37th International Conference on Neural Information 

Processing Systems (pp. 47500-47510).
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Method 3
Diffusion Hyperfeatures: Searching Through Time and Space for Semantic Correspondence

❖ Experiments

1) Semantic Correspondence -Qualitative

Luo, G., Dunlap, L., Park, D. H., Holynski, A., & Darrell, T. (2023, December). Diffusion hyperfeatures: searching through time and space for semantic correspondence. In Proceedings of the 37th International Conference on Neural Information 

Processing Systems (pp. 47500-47510).
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❖ Experiments

1) Semantic Correspondence -Quantitative

Luo, G., Dunlap, L., Park, D. H., Holynski, A., & Darrell, T. (2023, December). Diffusion hyperfeatures: searching through time and space for semantic correspondence. In Proceedings of the 37th International Conference on Neural Information 

Processing Systems (pp. 47500-47510).

Self-supervised

Supervised
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Method 3
Diffusion Hyperfeatures: Searching Through Time and Space for Semantic Correspondence

❖ Experiments

2) Dense Warping

Luo, G., Dunlap, L., Park, D. H., Holynski, A., & Darrell, T. (2023, December). Diffusion hyperfeatures: searching through time and space for semantic correspondence. In Proceedings of the 37th International Conference on Neural Information 

Processing Systems (pp. 47500-47510).
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Method 3
Diffusion Hyperfeatures: Searching Through Time and Space for Semantic Correspondence

Luo, G., Dunlap, L., Park, D. H., Holynski, A., & Darrell, T. (2023, December). Diffusion hyperfeatures: searching through time and space for semantic correspondence. In Proceedings of the 37th International Conference on Neural Information 

Processing Systems (pp. 47500-47510).

❖ Experiments

3) Ablation – Interpretable mixing weights & Model variant
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Conclusion

❖ Emergent Correspondence from Image Diffusion(NeurIPS, 2023)

• Stable Diffusion의어텐션맵을통해특정위치에대해최적화된prompt embedding을활용하여 correspondence task수행

✓ Stable Diffusion의 cross-attention layer가 correspondence estimation을위해사용될수있음을보임

❖ Unsupervised Semantic Correspondence Using Stable Diffusion(NeurIPS, 2023)

• 사전학습된Diffusion Models 통해추출한 Input image의 image features(DIFT)을활용하여 correspondence task수행

✓ 이미지픽셀간의 cosine similarity 활용

❖ Diffusion Hyperfeatures: Searching Through Time and Space for Semantic Correspondence(NeurIPS, 2023)

• Stable Diffusion 통해추출한모든 feature maps을통합하는Aggregation Network을활용하여 correspondence task 수행

✓ DiffusionProcess 동안생성되는 feature maps을통합할수있는구조제안
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Appendix
Unsupervised Semantic Correspondence Using Stable Diffusion

❖ Method

Hedlin, E., Sharma, G., Mahajan, S., Isack, H., Kar, A., Tagliasacchi, A., & Yi, K. M. (2023). Unsupervised Semantic Correspondence Using Stable Diffusion. In Thirty-seventh Conference on Neural Information Processing Systems.
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Appendix
Unsupervised Semantic Correspondence Using Stable Diffusion

❖ Experiments

• Ablations

✓ 개별 layer 성능은매우저조하며, 여러 layers를동시에사용하는것이도움됨을알수있음

✓ 많은수의 embeddings과 crops을사용하는것이성능향상에도움을줌

Hedlin, E., Sharma, G., Mahajan, S., Isack, H., Kar, A., Tagliasacchi, A., & Yi, K. M. (2023). Unsupervised Semantic Correspondence Using Stable Diffusion. In Thirty-seventh Conference on Neural Information Processing Systems.

Random crop
-overfitting 방지

Combined
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Appendix
Emergent Correspondence from Image Diffusion

❖ Experiments

1) Semantic Correspondence

✓ PCK(𝛼𝑏𝑏𝑜𝑥 =0.1) per image on Spair-71k

Tang, L., Jia, M., Wang, Q., Phoo, C. P., & Hariharan, B. (2023). Emergent Correspondence from Image Diffusion. In Proceedings of the Thirty-seventh Conference on Neural Information Processing Systems.

Fully
supervised

Weakly
supervised

no
supervision
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Appendix
Emergent Correspondence from Image Diffusion

❖ Experiments

1) Semantic Correspondence

✓ PCK(𝛼𝑏𝑏𝑜𝑥 =0.1) per point on Spair-71k

Tang, L., Jia, M., Wang, Q., Phoo, C. P., & Hariharan, B. (2023). Emergent Correspondence from Image Diffusion. In Proceedings of the Thirty-seventh Conference on Neural Information Processing Systems.

Weakly
supervised

no
supervision
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Appendix
Emergent Correspondence from Image Diffusion

❖ Experiments

1) Semantic Correspondence

✓ Comparison on PF-WILLOW PCK per image (left) and CUB PCK per point (right)

Tang, L., Jia, M., Wang, Q., Phoo, C. P., & Hariharan, B. (2023). Emergent Correspondence from Image Diffusion. In Proceedings of the Thirty-seventh Conference on Neural Information Processing Systems.

Fully
supervised

Weakly
supervised

no
supervision

Weakly
supervised

no
supervision
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Appendix
Emergent Correspondence from Image Diffusion

❖ Experiments

2) Geometric Correspondence

✓ Homographyestimation accuracy [%] at 1, 3, 5 pixels on HPatches

Tang, L., Jia, M., Wang, Q., Phoo, C. P., & Hariharan, B. (2023). Emergent Correspondence from Image Diffusion. In Proceedings of the Thirty-seventh Conference on Neural Information Processing Systems.
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Appendix
Emergent Correspondence from Image Diffusion

❖ Experiments

3) Temporal Correspondence

✓ Video label propagation results on DAVIS-2017 and JHMDB

Tang, L., Jia, M., Wang, Q., Phoo, C. P., & Hariharan, B. (2023). Emergent Correspondence from Image Diffusion. In Proceedings of the Thirty-seventh Conference on Neural Information Processing Systems.


