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Contributions

This paper presents the following key contributions:

e Proposes a strong testbed for domain conversion that is composed of four datasets.
o Extends ImageNet-R by using images from every domain as image queries

o Repurposes three popular computer vision datasets for the domain conversion task

e Proposes FreeDom, a training-free domain conversion method that is the new

state-of-the-art in all four domain conversion datasets.
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Question: Which method is the state-of-the-art?
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Why do we need a strong testbed?

|
(a) ImageNet-R
METHOD CAR ORI PHO Scu Toy AVG
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A weak testbed leads the community to propose literature methods that are not overall strong
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Composed Image Retrieval for Domain Conversion
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Composed Image Retrieval for Domain Conversion
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Textual Inversion in Continuous Token Space
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Textual Inversion in Continuous Token Space
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Textual Inversion in Continuous Token Space
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Memory-Based Textual Inversion
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Memory-Based Textual Inversion
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Memory-Based Textual Inversion
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Our Full Workflow - FreeDom
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Ablations
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mAP Average Across All Datasets
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Ablations

Method
component

I
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15

m 1 3
SRL

{

L+ 26.9
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mAP Average Across All Datasets

274
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Ablations

Number

of words
m 1 3 10 15
SRL
{ 27.4 26.3
L+ 30.5 28.4
W

mAP Average Across All Datasets
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Ablations

10

15
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SRL
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W 26.9
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Ablations

Continuous Textual Inversion

m 1 3 7 10 15

s 3 ( 27.4 26.3
L+ 30.7 313 305 i

mAP Average Across All Datasets
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Ablations

Memory-Based Textual
Inversion

) L 350 281 280 274 263

- 207 31.3 28.4

mAP Average Across All Datasets
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Ablations

Use of Visual Memory

L 281 280 274 263

> T 30.7 3137 305 284

mAP Average Across All Datasets
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Ablations

Use Frequencies as Weights

m 1 3 7 10 15

: T B R T

mAP Average Across All Datasets
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Ablations

Use Frequencies as Weights

mAP Average Across All Datasets Ve ry rObUSt region
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Results

(a) ImageNet-R

METHOD CAR ORI PHO Scu Toy AVG
Pic2Word 7.60 553 7.64 9.39 9.27 7.88
CompoDiff 1371 1061 876 1517 16.17 12.88
WeiCom 10.07 7.61 1006 1126 13.38 1047
SEARLE 18.11 9.02 9.94 1726 1583 14.04
MagicLens 7.79 633  11.02 9.94 10.57 9.13
FREEDOM 3597 11.80 2797 3658 3721 2991
(c) NICO++
METHOD AuT DM GRA OuT RoC WAT AVG
Pic2Word 9.79 8.09 1124 1127 1101 7.16 9.76
CompoDiff 10.07 7.83 1053 11.41 1193 10.15 10.32
WeiCom 8.58 7.39 13.04 13.17 1132 9.73 10.54
SEARLE 13.49 13.73 1791 1799 1579 11.84 15.13
MagicLens 18.76 15.17 22.14 23.61 2199 16.30 19.66
FREEDOM 2435 2441 30.06 30.51 2692 20.37 26.10

CLIP

(b) MiniDomainNet

METHOD CLIip PAINT PHO SKE AVG
Pic2Word 13.39 8.63 17.96 8.03 12.00
CompoDiff 19.06 24.27 23.41 25.05 22.95
WeiCom 7.52 7.04 15.13 4.40 8.52
SEARLE 25.04 18.72 23.75 19.61 21.78
MagicLens 24.40 17.54 28.59 9.71 20.06
FREEDOM 41.96 31.65 41.12 34.36 37.27
(d) LTLL
METHOD TODAY ARCHIVE AVG
Pic2Word 17.86 24.67 21.27
CompoDiff 15.45 27.76 21.61
WeiCom 24.56 28.63 26.60
SEARLE 20.82 30.10 25.46
MagicLens 33.77 14.65 24.21
FREEDOM 30.95 35.52 33.24
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Results

(a) ImageNet-R

CLIP

(b) MiniDomainNet

METHOD CAR ORI PHO Scu Toy AVG METHOD CLIip PAINT PHO SKE AVG
Pic2Word 7.60 553 7.64 9.39 9.27 7.88 Pic2Word 13.39 8.63 17.96 8.03 12.00
CompoDiff 1371 1061 876 1517 16.17 12.88 CompoDiff 19.06 24.27 23.41 25.05 22.95
WeiCom 10.07 7.61 1006 1126 13.38 1047 WeiCom 7.52 7.04 15.13 4.40 8.52
SEARLE 18.11 9.02 9.94 1726 1583 14.04 SEARLE 25.04 18.72 23.75 19.61 21.78
MagicLens 7.79 633  11.02 9.94 10.57 9.13 MagicLens 24.40 17.54 28.59 9.71 20.06
FREEDOM 3597 11.80 2797 3658 3721 2991 FREEDOM 41.96 31.65 41.12 34.36 37.27

(c) NICO++ (d) LTLL
METHOD AuT DM GRA OuT RoC WAT AVG METHOD TODAY ARCHIVE AVG
Pic2Word 9.79 8.09 1124 1127 1101 7.16 9.76 Pic2Word 17.86 24.67 21.27
CompoDiff 10.07 7.83 1053 11.41 1193 10.15 10.32 CompoDiff 15.45 27.76 21.61
WeiCom 858 7.39 13.04 13.17 1132 9.73 10.54 WeiCom 24.56 28.63 26.60
SEARLE 13.49 13.73 1791 1799 1579 11.84 15.13 SEARLE 20.82 30.10 25.46
MagicLens 18.76 15.17 22.14 23.61 2199 16.30 19.66 MagicLens 33.77 14.65 24.21
FREEDOM 2435 2441 30.06 30.51 2692 20.37 26.10 FREEDOM 30.95 35.52 33.24
SigLIP
(a) ImageNet-R (b) MiniDomainNet

METHOD CAR ORI PHo Scu Toy AVG METHOD CLip PAINT PHO SKE AvG

Text 0.88 0.80 0.62 0.95 0.90 0.83 Text 0.76 0.72 0.76 0.75 0.74

Image 4.97 3.70 0.84 8.18 7.40 5.02 Image 5.07 7:53 3.68 6.15 5.61

Text X Image 6.57 4.34 4.89 6.46 7.46 5.94 Text x Image 3.00 2.60 4.34 3.18 3.28

Text + Image 7.88 5.84 3.08 13.50 12.71 8.60 Text + Image 7.99 11.33 10.80 9.02 9.74

FREEDOM 4946 27.12 3811 4752 4690 41.82 FREEDOM 57.14 4547 59.71 52.21 53.63

(c) NICO++ (d) LTLL

METHOD Aur DM  GRA OuT Roc WAT AvVG METHOD TODAY ARCHIVE AvVG
Text 1.08 1.13 1.04 1.26 1.10  1.11 1.12 Text 3.84 5.02 443
Image 6.19 5.19 542 7.67 7.44 5.62 6.25 Image 10.25 28.14 19.20
Text X Image 231 291 326 353 325 290 3.03 Text X Image 4.87 3.49 4.18
Text + Image 8.35 7.19 8.08 1142 10.57 8.12 8.95 Text + Image 10.16 26.73 18.44
FREEDOM 30.28 2996 3386 37.16 33.14 2649 31.81 FREEDOM 2745 47.00 37.22
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Results

CLIP

(a) ImageNet-R (b) MiniDomainNet

METHOD CAR ORI PHO Scu Toy AVG METHOD CLIip PAINT PHO SKE AVG

Pic2Word 7.60 5:53 7.64 9.39 9.27 7.88 Pic2Word 13:39 8.63 17.96 8.03 12.00

CompoDiff 13.71 10.61 876 15.17 16.17 12.88 CompoDiff 19.06 2427 23.41 25.05 22.95

WeiCom 10.07 7.61 1006 1126 1338 1047 WeiCom 7.52 7.04 15.13 4.40 8.52

SEARLE 18.11 9.02 994 1726 1583 14.04 SEARLE 25.04 18.72 23.75 19.61 21.78

MagicLens 7.79 6.33  11.02 994 10.57 9.13 MagicLens 24.40 17.54 28.59 9.71 20.06

FREEDOM 3597 11.80 2797 3658 3721 2991 FREEDOM 41.96 31.65 41.12 34.36 37.27

(c) NICO++ (d) LTLL
METHOD Aur DM GRA OuT RoC WAT AVG METHOD TODAY ARCHIVE AvVG
Pic2Word 9.79 8.09 1124 1127 1101 7.16 9.76 Pic2Word 17.86 24.67 21.27
CompoDiff 10.07 7.83 10.53 1141 1193 10.15 10.32 CompoDiff 15.45 27.76 21.61
WeiCom 8.58 739 13.04 13.17 11.32 9.73 10.54 WeiCom 24.56 28.63 26.60
SEARLE 1349 1373 1791 1799 1579 11.84 15.13 SEARLE 20.82 30.10 25.46
MagicLens 18.76 15.17 22.14 23.61 2199 16.30 19.66 MagicLens 33.77 14.65 24.21
FREEDOM 2435 2441 30.06 30.51 26.92 20.37 26.10 FREEDOM 30.95 35.52 33.24
SigLIP
(a) ImageNet-R (b) MiniDomainNet

METHOD CAR ORI PHo Scu Toy AVG METHOD CLip PAINT PHO SKE AvG

Text 0.88 0.80 0.62 0.95 0.90 0.83 Text 0.76 0.72 0.76 0.75 0.74

Image 4.97 3.70 0.84 8.18 7.40 5.02 Image 5.07 7:53 3.68 6.15 5.61

Text X Image 6.57 4.34 4.89 6.46 7.46 5.94 Text x Image 3.00 2.60 4.34 3.18 3.28

Text + Image 7.88 5.84 3.08 13.50 12.71 8.60 Text + Image 7.99 11.33 10.80 9.02 9.74

FREEDOM 4946 27.12  38.11 47.52 4690 41.82 FREEDOM 57.14 45.47 59.71 52.21 53.63 ope .

- - Transferability:
(c) NICO++ (d) LTLL .

METHOD Aur DM  GRA OuT Roc WAT AvVG METHOD TODAY ARCHIVE AvVG mAP Increase from 4'0
Text 108 113 104 126 110 LIl LI2 Text 384 5.02 443 to16.4 just by changlng
Image 6.19 5.19 542 7.67 7.44 5.62 6.25 Image 10.25 28.14 19.20 I
Text x Image 231 291 326 353 325 290 3.03 Text x Image 4.87 3.49 4.18 the backbone,
Text + Image 8.35 7.19 8.08 1142 10.57 8.12 8.95 Text + Image 10.16 26.73 18.44

FREEDOM 30.28 2996 3386 37.16 33.14 2649 3181 FREEDOM 2745 47.00 37.22 88
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