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Data Mining 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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Introduction

“» Why are diffusion models relevant to finding correspondences?
»  Diffusion models O|0|X| d+d 5l i O FF{O{F 2SS E0iFH =210 U=

Input Image Prompt-to-Prompt image editing

In a fantastical setting, a highly detailed furry humanoid skunk with piercing eyes confidently poses in a medium shot, SllVCI' cat sculpture & sleepmg cat...” “Watercolor drawmg of..”
wearing an animal hide jacket. The artist has masterfully rendered the character in digital art, capturing the intricate details
of fur and clothing texture.

Textto-image diffusion models Image-to-image diffusion models
(DALLE-3) (Null-text Inversion)

Data Mining 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.
.‘ ngmy /\ﬂCﬂyTiCS 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). 7
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Unsupervised Semantic Correspondence Using Stable Diffusion

% Unsupervised Semantic Correspondence Using Stable Diffusion(NeurPS, 2023)

»  Motivation: Text-to-image diffusion models2 24-45H0f 2 ZHX|2| 2|0 2% L|&(semantics)S O[5St UX| RS2

‘A propaganda poster depicting a cat dressed as french
emperor napoleon holding a piece of cheese.’

Textto-image diffusion model
(SDX)

\ Data Mining 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.
Y Quallity Analytics 12
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Unsupervised Semantic Cormespondence Using Stable Diffusion
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Unsupervised Semantic Cormespondence Using Stable Diffusion
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Unsupervised Semantic Cormespondence Using Stable Diffusion

% Method
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Unsupervised Semantic Cormespondence Using Stable Diffusion
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Semantic Correspondence - Quantitative

v Metric: Percentage of Correct Keypoints(PCK)

CUB-200 PF-Willow SPair-71k
PCKao.0s PCKao.1 | PCKgo.os PCKao.1 | PCKao.os PCKao.1
PWarpC-NC-Net*,..5101 - - 48.0 76.2 21.5 37.1
Strong supervision CHM - - 52.7 79.4 27.2 46.3
VAT - - 52.8 81.6 35.0 55.5
CATs++ - - 56.7 81.2 — 59.8
PMD - - 40.3 74.7 — 26.5
PSCNet-SE - - 42.6 75.1 - 27.0
Weak supervision VGG+MLS 18.3 25.8 41.2 63.2 — 27.4
DINO+MLS 52.0 67.0 45.0 66.5 — 31.1
PWarpC-NC-Net, 5101 — — 45.0 75.9 18.2 35.3
ASIC 57.9 75.9 53.0 76.3 — 36.9
Unsupervised DINO+NN 52.8 68.3 40.1 60.1 — 33.3
Our method 61.6 71.5 53.0 84.3 28.9 45.4

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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Unsupervised Semantic Correspondence Using Stable Diffusion
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Emergent Correspondence from Image Diffusion

<+ Emergent Correspondence from Image Diffusion(NeurPS, 2023)

» Motivation: Diffusion ModelsO| Image Editing%i| &2 ‘ds= E0|= A2 O|0|X] Zt comespondence= Z==5t7| IE0| OFE7}?

Without changing
its pose or context

Image-to-Image Translation
(Px2pix-zero)
\ Data Min‘mg 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).
Y Quality Analytics
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Without changing
its pose or context

Implicit

_)
correspondence?

Image-to-Image Translation
(Px2pix-zero)
\ Data Min‘mg 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).
Y Quality Analytics




- Method 2

Emergent Correspondence from Image Diffusion
<+ Emergent Correspondence from Image Diffusion(NeurlPS, 2023)
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Image-to-Image Translation
(Px2pix-zero)
\ Data Min‘mg 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).
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Emergent Correspondence from Image Diffusion

< Method
A a5 &l Diffusion Models &3l &3t Input image2| image features2 ZH&51H0] comespondence task =

1. Inputimage x,Ofl noise CI5H x, ‘44

X = +[0exg + (,/1 — at)e, e~N(0,I)

\ Data Mining 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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Emergent Correspondence from Image Diffusion
% Method

A St El Diffusion Models S8 2223t Input image2| image featuresS £-23}+0] comespondence task 4=24
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\ Data Mining 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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Emergent Correspondence from Image Diffusion

<+ Method
A a5 &l Diffusion Models &3l &3t Input image2| image features2 ZH&51H0] comespondence task =
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Emergent Correspondence from Image Diffusion

< Method
A g5 & Diffusion Models &6 =%t Input image2| image features= 2H25H0] comespondence task =2
3. Denoising 1Fd & U-Net2| £78 upsampling block i0ll A intermediate feature maps= ==

Diffusion Features(DIFT)
rny
----> €9 (x¢, t)
A A
A 1 1 —
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1 1 1 1 1 1 1 1
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| P . | I e | I |
\ Data Mining 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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Emergent Correspondence from Image Diffusion

< Method
A et& & Diffusion Models &6l &2t Input image2| image features= 2850 comespondence task =24
3. Denoising 2I'S & &7 block i0|A] intermediate feature maps= == - Diffusion Features(DIFT)

Diffusion Features(DIFT)
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Emergent Correspondence from Image Diffusion

% Method

APH &5 2l Diffusion Models Sl &3t Input image2| image features= 22510 correspondence task =24

-
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\ Data Mining 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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F;(p) : a feature vector of Image I; for pixel location p
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Emergent Correspondence from Image Diffusion

< Method
A et& & Diffusion Models &6l &2t Input image2| image features= 2850 comespondence task =24

5. 5 O|O0|X|Q]| Feature matching(cosine similarity)2 S8l comespondencesS 718t p2 = argmin d(Fy(p1), F>(p))
p

\ Data Min‘mg 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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Emergent Correspondence from Image Diffusion

“ Experiments

1) Semantic Correspondence

Source Point DIFT Predicted Target Points

cross-instance cross-category cross-domain

\ Data Mining 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.
Y Quality Analytics
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Emergent Comrespondence from Image Diffusion
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1) Semantic Correspondence
v" Cluttered scenes
v Viewpoint changes

v Occlusions
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Emergent Correspondence from Image Diffusion

“ Experiments

1) Semantic Correspondence , ,
Source patch Top-5 nearest neighbor cross-category target patches predicted by DIFT,,

o

v' Across various categories(DIFTy,)

\ Data Mining 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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Emergent Correspondence from Image Diffusion

“ Experiments
2) Geometric Correspondence
v \ﬁeWpOint Change Viewpoint Change [1lumination Change

v" lllumination Change

\ Data Mining 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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Emergent Correspondence from Image Diffusion

“ Experiments
3) Temporal Correspondence First Frame

v" Video label propagation

DINO DIFT,,, DINO

DIFT,,,

\ Data Mining 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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Emergent Correspondence from Image Diffusion

“ Experiments
4)  Ablation — Time step & U-Net layer

DIFT .y with features from different U-Net layer i

60 +
50 1
- DIFT.y with different time step t
- —
D .
60 - =]
S) © 40
U &
o X
= 40 ~
o 30 A
¥4 m
— &
I~
=
m 201 20 -
- . | . | .
0 200 400 600 800
Time step t
10 4
Time step 0 2 4 6 8 10 12 14
SO U-Met layer i
SD U-Net layer
Data Mining 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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Diffusion Hyperfeatures: Searching Through Time and Space for Semantic Correspondence

% Diffusion Hyperfeatures: Searching Through Time and Space for Semantic Correspondence(NeurlPS, 2023)
« Motivation: 573 A|781} 2{|0|0{Z {1EiSH= 0| OfL|2t TKX|Z CF ArESHH T EX| (SR
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Diffusion Hyperfeatures: Searching Through Time and Space for Semantic Correspondence

% Diffusion Hyperfeatures: Searching Through Time and Space for Semantic Correspondence(NeurlPS, 2023)
*  Motivation: =78 A|H1f 2[0|0{E HEHSH= A0| OfL|E} TM|E Tt ARESHH § EX| RS71
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Diffusion Hyperfeatures: Searching Through Time and Space for Semantic Correspondence

% Method
Diffusion Process2| Z1H| intermediate feature maps S&tSH= Z2j| QX3 E K|t

1. Diffusion process & 'H445t= &= feature maps X%

Timesteps
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Diffusion Hyperfeatures: Searching Through Time and Space for Semantic Correspondence
% Method
Diffusion Process2| Z1H| intermediate feature maps S&tSH= Z2j| QX3 E K|t
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% Method
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Diffusion Hyperfeatures: Searching Through Time and Space for Semantic Correspondence
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Diffusion Hyperfeatures: Searching Through Time and Space for Semantic Correspondence
% Method
Diffusion Process2| Z1H| intermediate feature maps S&tSH= Z2j| QX3 E K|t
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B Method 3

Diffusion Hyperfeatures: Searching Through Time and Space for Semantic Correspondence

“ Experiments
1) Semantic Correspondence - Qualitative

Snge layer  Seffsupenvised  Supervised Selfsupenvised  Single layer

Ground Truth SD - Layer 4

SPair-71k

DINOv2 CATS++ Ours Ground Truth DINO SD-Layer-4 Ours
A colorful hot air
balloon soaring over
a city skyline and
trees with the Eiffel
Tower in the
background.

A mermaid reading a
book on a sunken

pirate ship.
The Statue of Liberty
made out of Lego.
Real images Synthetic images
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Diffusion Hyperfeatures: Searching Through Time and Space for Semantic Correspondence

“ Bxperiments

1) Semantic Correspondence - Quantitative

#Layers  # Timesteps SPair-71k CUB
L ) TPCK@D.L.M T PCK@0. 1ppox TPCK@G.limg T PCK@0. 1pphoyx

., DINO[] 1 i 51.68 41.04 72.72 55.90
Seffsupenvised 1y NG w2 [37] 1 - 68.33 56.98 89.96* 76.83%
Supenised ~ DHPF[20] 34 g 55.28 42.63 77.30 61.42
CATS++ [0] 30 g 70.26 57.06 75.92 59.49

SD-Layer-4 1 I 58.80 46.58 78.43 61.22
SD-Concat-All 12 I 52.12 41.83 70.22 54.05

Ours 12 11 72.56 64.61 82.29 69.42
Ours-One-Step 12 I 63.74 54.69 76.59 62.11
SD-Layer-Pruned 1 I 57.69 48.16 80.67 67.21

Ours-Pruned 1 I 64.02 53.74 79.10 63.95
Ours-SDv2-1 12 11 70.74 64.85 80.39 68.04

Table 1: We evaluate our semantic keypoint matching performance on real images from SPair-7 1k and
CUB. For our CUB evaluation, we transfer the model tuned on SPair-71k. We compare against Stable
Diffusion baselines that extract features from a single layer (SD-Layer-4) or concatenation of all
layers (SD-Concat-All). We ablate pruning to the single feature map with the highest mixing weight
selected by our method, either as the raw feature map (SD-Layer-Pruned) or after the bottleneck
layer (Ours-Pruned). We ablate tuning our method with only one timestep (One-Step) or features
from another Stable Diffusion variant (SDv2-1). *Nete that DINOv2 was trained on samples from
CUB [7].
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Diffusion Hyperfeatures: Searching Through Time and Space for Semantic Correspondence
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Diffusion Hyperfeatures: Searching Through Time and Space for Semantic Correspondence

“ Experiments
3) Ablation — Interpretable mixing weights & Model variant
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Figure 5: The learned mixing weights when aggregating SDv1-5 vs. SDv2-1 features across multiple
layers and timesteps. Bright yellow denotes a high weighting, and dark blue denotes a low weighting.
We also depict predicted correspondences from SDv2-1-Layer-4 vs. Ours-SDv2-1. While Layer 4
features from SDv1-5 perform well in semantic correspondence, this same layer in SDv2-1 performs
extremely poorly. Our method automatically learns the best layers depending on the model variant.
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<+ Emergent Correspondence from Image Diffusion(NeurlPS, 2023)
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- Appendix

Unsupervised Semantic Cormespondence Using Stable Diffusion

% Method
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Figure 3: Method — (Top) Given a source image and a query point, we optimize the embeddings
so that the attention map for the denoising step at time ¢ highlights the query location in the source
image. (Bottom) During inference, we input the target image and reuse the embeddings for the
same denoising step t, determining the corresponding point in the target image as the argmax of the
attention map. The architecture mapping images to attention maps is a pre-trained Stable Diffusion
model [30] which is kept frozen throughout the entire process.
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- Appendix

N

Emergent Correspondence from Image Diffusion

“ Bxperiments

1) Semantic Correspondence
v PCK(@ppox = 0.1) per image on Spair-71k
Sup. Method SPair-71K Category
Aero Bike Bird Boat Bottle Bus Car Cat Chair Cow Dog Horse Motor Person Plant Sheep Train TV | All
FuIIy CATs [14] 520 347 722 343 499 575 436 665 244 632 565 520 42.6 41.7 43.0 33.6 726 58.0 | 499
/ () MMDNet [100] 559 370 650 354 50.0 63.9 457 628 287 650 547 51.6 38.5 34.6 41.7 36.3 TI.T 625 | 504
supervlsed TransforMatcher [42] 592 393 73.0 41.2 525 663 554 671 261 671 566 532 45.0 39.9 42.1 35.3 75.2 68.6 | 53.7
SCorrSAN [35] 57.1 403 783 38.1 51.8 578 471 679 252 713 639 493 45.3 49.8 48.8 40.3 777 69.7 | 553
NCHNet [69] 17.9 122 321 11.7 29.0 199 16.1 392 9.9 239 18.8 15.7 17.4 15.9 14.8 9.6 242 31.1 | 20.1
CNNGeo [67] 234 167 402 143 364 277 260 327 127 274 228 137 209 21.0 17.5 10.2 308 341 | 20.6
WeakAlign [68] 222 176 419 151 381 274 272 318 128 268 226 142 20.0 222 17.9 104 322 351 | 209
Weakly ®) A2Net [76] 226 185 420 164 379 308 265 356 133 296 243 160 21.6 22.8 20.5 13.5 314 365 | 223
Supervised SFNet [45] 269 172 455 147 38.0 222 164 553 135 334 275 177 20.8 21.1 16.6 15.6 322 359 | 263
PMD [48] 262 185 486 153 38.0 217 173 516 137 343 254 18.0 20.0 24.9 15.7 16.3 314 38.1 | 26.5
PSCNet [38] 283 177 451 151 375 301 275 474 146 325 264 177 249 24.5 19.9 16.9 342 379 | 270
PWarpC [83] 374 288 608 2290 40.5 294 228 60.1 19.5 378 384 279 32.1 29.7 29.2 20.2 445 50.0 | 353
DINO [10] 436 272 649 240 305 314 283 552 168 402 371 329 29.1 41.1 22.0 26.8 364 269 | 339
no © DIFT , 4., (ours) 497 392 775 293 409 36.1 305 755 237 637 528 493 34.1 52.3 39.3 37.3 59.6 454 | 46.3
SUpGI’ViSiOﬂ OpenCLIP [36] 51.7 314 687 284 31.5 349 36.1 564 21.1 445 41.5 41.2 41.2 51.8 219 28.6 46.3 207 | 384
DIFT,; (ours) 612 532 795 31.2 453 398 333 778 347 701 515 572 50.6 41.4 51.9 46.0 67.6 59.5 | 529
Data Mirﬂng 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
1) Semantic Correspondence

v PCK(@ppox = 0.1) per point on Spair-71k

Sup. Method SPair-71K Category
Aero Bike Bird Boat Bottle Bus Car Cat Chair Cow Dog Horse Motor Person Plant Sheep Train TV | Mean All
NBB [1, 26] 295 227 619 265 20.6 254 141 237 142 276 300 20.1 24.7 274 19.1 19.3 244 226 27.4 -
Weakly (b) GANgealing [62] - 37.5 - - - - - 67.0 - - 23.1 - - - - - - 57.9 - -
su rVISGd NeuCongeal [58] - 29.1 - - - - - 53.3 - - 35.2 - - - - - - - - -
pe ASIC [26] 57.9 252 681 247 354 284 309 548 21.6 450 47.2 39.9 26.2 48.8 14.5 24.5 490 24.6 36.9 -
DINO [10] 45.0 295 663 228 32.1 363 31.7 548 18.7 43,1 39.2 34.9 31.0 44.3 23.1 294 384 271 | 36.0 36.7
no (© DIFT 4, (ours) 516 404 776 30 43.0 472 421 749 266 67.3 558 52.7 36.0 55.9 46.3 45.7 62.7 474 50.2 52.0
supevision OpenCLIP [36] 532 334 694 280 333 410 41.8 558 233 470 439 441 435 551 236 317 478 218 | 410 414
DIFT 4 (ours) 63.5 545 808 345 46.2 527 483 717 390 T76.0 549 61.3 53.3 46.0 57.8 57.1 71.1 634 57.7 59.5
\ Data Mining 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

“ Bxperiments
1) Semantic Correspondence

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

Sup. Method PCK@aybox
a = 0.05 a = 0.10
SCNet [29] 38.6 70.4
DHPF [56] 49.5 77.6 Sl]p. Method PCK@« img — 0.1
Fully PMD [48] - 75.6 )
supervised (a)  CHM [54] 52.7 79.4 Weakly (b) GANgealing [62] 56.8
CATs [14] 50.3 79.2 supervised NeuCongeal [58] 65.6
TransforMatchcr [42] - 76.0
SCorrSAN [35] 54.1 80.0 DINO [10] 66.4
Weakly WarpC [82] 49.0 75.1 no «©  DIFTaqm (ours) 78.0
Supervised (b) PWarpC [83] 45.0 75.9 supenvision OpenCLIP [36] 67.5
GSF 139] 49.1 787 DIFT,; (ours) 83.5
DINO [10] 30.8 51.1
no © DIFT, 4 (ours) 46.9 67.0
sUpenvision OpenCLIP [36] 34.4 613
DIFT ;4 (ours) 58.1 81.2
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- Appendix

Emergent Correspondence from Image Diffusion

“ Bxperiments
2) Geometric Correspondence

v Homography estimation accuracy [%)] at 1, 3, 5 pixels on HPatches

Method Geometric All Viewpoint Change Ilumination Change
Supervision e=1 e=3 e:5‘e:1 e =3 e:5|e:1 €e=3 €e=25
SIFT [51] None 40.2 68.0 79.3 ‘ 26.8 554 72.1 L 54.6 81.5 86.9
LF-Net [59] 344 62.2 73.7 16.8 439 60.7 53.5 81.9 87.7
SuperPoint [16] 36.4 72.7 82.6 22.1 56.1 68.2 51.9 90.8 98.1
D2-Net [19] Stron 16.7 61.0 75.9 3.7 38.0 56.6 30.2 84.9 95.8
DISK [86] & 40.2 70.6 81.5 23.2 514 67.9 58.5 91.2 96.2
ContextDesc [52] 40.9 73.0 82.2 29.6 60.7 72.5 53.1 86.2 92.7
R2D2 [66] 40.0 74.4 84.3 26.4 60.4 73.9 54.6 89.6 95.4
w/ SuperPoint kp.
CAPS [91] Weak 44.8 76.3 85.2 ‘ 35.7 62.9 74.3 L 54.6 90.8 96.9
DINO [10] 38.9 70.0 81.7 21.4 50.7 67.1 57.7 90.8 97.3
DIFT, 4., (ours) None 43.7 73.1 84.8 264 57.5 74.3 62.3 90.0 96.2
OpenCLIP [36] 33.3 67.2 78.0 18.6 45.0 59.6 49.2 91.2 97.7
DIFT 4 (ours) 45.6 73.9 83.1 304 56.8 69.3 61.9 92.3 98.1
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Emergent Correspondence from Image Diffusion

“ Bxperiments
3) Temporal Correspondence
v" Video label propagation results on DAVIS-2017 and JHMDB

(pre-)Trained DAVIS JHMDB
on Videos  Miethod Dataset J&Fy JTn  Fa | PCK@01 PCK@0.2
InstDis [93] 66.4 639  68.9 58.5 80.2
MoCo [30] 65.9 634 684 594 80.9
SimCLR [12] TmageNet [15] 66.9 644 694 59.0 80.8
BYOL [25] /o label 66.5 64.0 69.0 58.8 80.9
X SimSiam [13] W6 fabels 67.2 648  68.8 59.9 81.6
DINO [10] 714 679 749 57.2 81.2
. DIFTaqm CCurs) ] _ e o R U 5. T R
OpenCLIP [36] 62.5 60.6 644 41.7 71.7
DIFT 4 (ours) LAION[75] 70.0 674 725 61.1 81.8
VINCE [24] 65.2 625 67.8 58.8 80.4
VES [95] 68.9 66.5 713 60.9 80.7
UVC [49] Kinetic [11] 60.9 593 627 58.6 79.6
CRW [37] 67.6 64.8 70.2 58.8 80.3
v/ Colorization[88] _ | _ 340 346 327 | 452 696
CorrFlow [44] OxUvA [87] 50.3 484 522 58.5 78.8
_ DimeCycle[92] __ VLOG21] | _487 464 500 | 573 7L _
MAST [43] 65.5 633 67.6 - -
SFC [34] YT-VOS [96] 712 683 740 61.9 83.0
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