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https://ultra-editing.github.io/

Large Scale Instruction-based Image Editing Dataset

“Replace the tie with a superhero cape” “Replace the word with ‘pure"” “Turn the cat into a robot”
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“Change the cat's face into a lion's”
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“Replace the bear with a mythical creature like a dragon”

“Change her expression to one of joy
and excitement'”
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Source Image Target Image Source Image Region Target Image




Related Work: Existing Image Editing Data

Training Data Generation
: Stage 1:
(a) Generate text edits: Worker Selection

Instruction: “have her ride a dragon”

Input Caption: “photograph of a girl riding a horse” » GPT-3 ' :
put Capton:pholograph of o g iing Edited Caption: “photograph of a girl riding a dragon” (3 . 3 LL E 2

Stage 2:
Data Collection
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(b) Generate paired images: _ _ ([ ReadTutorial | . _______________ [ l

Input Caption: “‘photograph of a girl riding a horse” Stable Diffusion
+ Prompt2Prompt
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Edited Caption: ‘photograph of a girl riding a dragon”
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(c) Generated training examples:
“Color the cars pink”

‘Make it it by fireworks”

“have her ride a dragon”
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Drawbacks in existing image editing datasets

1. Limited instruction diversity

Real Image Automatic Editing

Datasets Basei Generated Region #Edits #Editing Types Source Example Instruction Target Example
an amber vase
EditBench [57] @ ° @ 240 1 with a narrow lip
= and a wide base
HQ-Edit [22 ° @ ° 197.350 6 remove the chisel.
; . : i , make it a
InstructPix2Pix [10] 6 & ° 313,010 4 oo bride
ULTRAEDIT & & @ 4,108,262 9+ Cluange thefiat
‘4 Y &4 ’ into a crown.




Drawbacks in existing image editing datasets

2. Implicit biases in images

%

Make it a stone bridge

Moon bridge, Taiwan Stone bridge, Taiwan



Drawbacks in existing image editing datasets

Using advanced model still facing image biases

"A close-up of a hammer with a black grip resting
on a wooden workbench, surrounded by nails,
screws, sawdust, and a chisel with a wooden
handle, evoking a scene of detailed craftsmanship.’

remove the chisel.

A close-up of a hammer with a black grip
on a wooden workbench, surrounded by
scattered nails, screws, and sawdust,
evoking a scene of craftsmanship.



Drawbacks in existing image editing datasets

3. Missing of region-based editing




Dataset Formation

Instructions and Caption Generation

— a E Sample = “Change the dog to a robot”
ollo » |o]lo] — @
@ Diverse Edit ‘IFI-COHteXt Editing Instruction
Tnstrictions Editing Examples >
Expand Generate N
Human-written —— “A dog sitting on the bench” é ‘A robot sitting on the bench
Edit Instructions wa T ,
Source Caption Target Caption
Free-form Data Generation o Regular diffusion for source image (a) Free-form Image Samples
@ 1 Source caption + Zr => Z,
|_) m — e P2P diffusion for target image:
Target caption + Zr => Z,

High Quality Image-
Caption Paired Dataset

' Noise

Real Image Perturbatlons * +

: \ 4 \ 4 Source Image Target Image
Anchor : v Y ‘

: SDXL U-Net | | XT
Region-based Data Generation - o O O

@ “Change the :

dog to a robot” @
5 Bounding Box eme—p T TN ..... §
- w/ Grounding
S - DeE DINO & SAM

Soft Mask

(b) Region-based Image Samples

— Img2Img pipeline

Source Image Target Image

Real Image Anchor Mask — eeeseeesd » Modified Inpainting pipeline



Region-based image generation
Mask Segmentation

(b)koverly small mask o (d) fine- gralned mask



(1—M3) czr + M, DM(Zt)

Region-based image generation z-1= {DM(zt)

Usage of the soft mask

“A robot setting on the bench”

UltraEdit

Source Image

w/o alternative diffusion
(algorithm 1)

| 4

w/o soft mask

Soft Mask
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Failure cases

ift mod 2 ==
otherwise




Comparison with other generation methods

“A robot setting on the bench”

“A cat setting on the be_nck”
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Characteristics and Statistics

Table 2: Editing Instruction Types in ULTRAEDIT.
e Description . o4 e
S L ) 4,108,262 image editing data
Add Inserting a new object or texture . . .
at a specific location in the image. c757 1 879 un 1q ue Ed 1ts ) .
Change Global  Modifying the entire image to achieve
a clear and noticeable effect. . e
Change Local Altering a specific object or texture, -F ree —-F orm 1ma_g e e d 1tin g :
affecting only a portion of the image.
Change Color  Adjusting the color within the image. 4,000,083 samples
Transform Smoothly transforming images into : - L .
Global a different setting, scene, or style. re g ion ba.S € d € d 1tin g °
N oy 3 Transform Lo- Modifying part of image features while 108 . 179 sam p'l_e S
— . cal preserving its overall structure.
\ Replace Substituting existing objects in the image
S with those specified in the instructions.
Turn Implicitly changing objects, background,
or texture, often without a specific target.
Others Miscellaneous editing types such as

text edits and altering quantities.

Table 3: Quantitative evaluation for ULTRAEDIT.

Metric Free-form.  Region-based.
CLIPimg 0.8427 0.8813
Figure 3: Distribution of edit types and keywords in the in- D?EI(I)V‘IIZ 8332} 8’7746%2
structions of ULTRAEDIT. The inner ring illustrates the var- : : ;
; oy . . . CLIPin 0.2834 0.2848
ious types of edit instructions, while the outer ring presents
the frequency of instruction keywords. This visualization b 1oL ot o
; CLIPdir 0.2950 0.3052

highlights the rich diversity found within our instructions.




Experiments on the MagicBrush benchmark

Settings Methods L1) L2] CLIP-IT DINO?
Global Description-guided
SD-SDEdit 0.1014 0.0278 0.8526  0.7726
Null Text Inversion 0.0749 0.0197 0.8827  0.8206
GLIDE 34973  115.8347  0.9487  0.9206
Blended Diffusion 3.5631 119.2813 0.9291 0.8644 T . g th t of dat
Single-turn Instruction-guided railned on € Same amount o ata,
HIVE 0.1092  0.0380  0.8519  0.7500 ours already attains significant
InstructPix2Pix (IP2P) 01141 00371 08512 07
IP2P w/ MagicBrush 0.0625 0.0203 0.9332  0.8987 improvement over the baseline .
Ours, trained w/o region data ~ 0.0689 0.0201 0.8986  0.8477
Ours, eval w/o region 0.0014 U.0lsl 0919/ U.5804 Con.Firming the advantages brought
Ours, eval w/ region 0.0575 0.0172 0.9307  0.8982
Global Description-guided by our dataset to general image
SD-SDEdit 0.1616 0.0602 0.7933  0.6212 gy
Null Text Inversion 0.1057  0.0335 08468  0.7529 editing
GLIDE 11.7487  1079.5997  0.9094  0.8494
Blended Diffusion 14.5439  1510.2271  0.8782  0.7690
Multi-turn Instruction-guided

HIVE 0.1521 0.0557 0.8004  0.6463
InstructPix2Pix (IP2P) 0.1345 0.0460 0.8304 07018

IP2P w/ MagicBrush 0.0964 0.0353 0.8924  0.8273
Ours, trained w/o region data ~ 0.0883 0.0276 0.8685 0.7922
TS, cval w U.0730 U027

Ours, eval w/ region 0.0745  0.0236 09045  0.8505




Experiments on the MagicBrush benchmark

Settings Methods

L1

L2

CLIP-If DINO?

Global Description-guided

SD-SDEdit 0.1014 0.0278 0.8526  0.7726
Null Text Inversion 0.0749 0.0197 0.8827  0.8206
GLIDE 3.4973 115.8347 0.9487  0.9206
Blended Diffusion 3.5631 119.2813 0.9291 0.8644
Single-turn Instruction-guided
HIVE 0.1092 0.0380 0.8519  0.7500
InstructPix2Pix (IP2P) 0.1141 0.0371 0.8512  0.7437
e IP2P i/ MagicRuuch 0.0625 0.0203 00332 0R0%7
Ours, trained w/o region data ~ 0.0689 0.0201 0.8986  0.8477
Ours, eval w/o region 0.0614 0.0181 09197  0.8804
Ours, eval w/ region 0.0575 0.0172 0.9307  0.8982
Global Description-guided
SD-SDEdit 0.1616 0.0602 0.7933  0.6212
Null Text Inversion 0.1057 0.0335 0.8468  0.7529
GLIDE 11.7487  1079.5997  0.9094  0.8494
Blended Diffusion 14.5439  1510.2271  0.8782  0.7690
Multi-turn Instruction-guided
HIVE 0.1521 0.0557 0.8004  0.6463
InstructPix2Pix (IP2P) 0.1345 0.0460 0.8304  0.7018
1IP2P w/ MagicBrush (.0964 (0.0353 () 8924 () 8273
Ours, trained w/o region data ~ 0.0883 0.0276 0.8685 0.7922
Ours, eval w/o region 0.0780 0.0246 0.8954  0.8322
Ours, eval w/ region 0.0745 0.0236 0.9045  0.8505

Incorporating region-based editing data
during training, and evaluate on the
same setting without editing region
input, the general editing performance

can be boosted considerably.



Experiments on the MagicBrush benchmark
- N Y

InstructPix2Pix Ours, trained w/o
region data

Y .y

Image mask

“make a lion laying

on the couch” | o ‘V

MagicBrush Ours, eval w/o Ours, eval w/
region data region data

Ground Truth
(MagicBrush)

“Have the cow Ours, trained w/o
wear a hat.” | region data

Groun Truth
(MagicBrush)

: MagicBrush Ours, eval w/o Ours, eval w/
| region data region data



Multi-step Image Editing

Source Image

Instruction

i .
Instructio Instruction & Mask

Instruction Instruction

“have one person
fly a kite”

Turn 1 g

Turn 2,

Turn 3 &

Image mask InstructPix2Pix MagicBrush Ground Truth Ours, trained w/o  Ours, eval w/o Ours, eval w/
(MagicBrush) region data region data region data



Multi-step Image Editing

Source Image

Instruction

Instruction i
Instruction & Misk

Instruction Instruction

S | .
="“let the couch be "
made of leather”
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Ground Truth Qg trained w/o  Ours, eval w/o  Ours, eval w/
(MagicBrush) region data region data region data




Experiments on the EmuEdit benchmark

Source Image InstructPix2Pix ~ MagicBrush

“Change the
background to a
cluttered library.” “

Method CLIPdirt CLIPout? L1l  CLIPimg! DINOT
InstructPix2Pix (450K) 0.0784 0.2742 0.1213 0.8518 0.7656 “Change the
MagicBrush (450+20K) 0.0658 0.2763 0.0652 0.9179 0.8924 'Ze"'f,/‘;f,':;tem
Emu Edit(10M) 0.1066 0.2843 0.0895 0.8622 0.8358
Ours (450k, w/o region data) 0.0823 0.2778 0.0626 0.8617 0.8190
Ours (1M w/o region data) 0.0862 0.2804 0.0515 0.8915 0.8656
Ours (1.5M, w/o region data) ~ 0.0952 0.2808  0.0600 0.8659 08243 . .-
Ours (2M, w/o region data) 0.0960 02811  0.0608  0.8689 0.8269  rteimeses TR ‘
Ours (2.5M, w/o region data) 0.0997 0.2822 0.0854 0.8407 0.7814 a
Ours (3M, w/o region data) 0.1076 0.2832 0.0713 0.8446 0.7937
“Apply Op Art

style to transform
this image.”




Experiments on the EmuEdit benchmark

Source Image InstructPix2Pix MagicBrush Emu Edit Ours

“Add Christmas R : Ry : 2 ;
lights to the top of % ey B i)
the television.” R : R

“Add a antenna
on top of the TV.”

“Change the
background to
a beach resort.”

“Change the
background to
a classroom.”

“Change the screen
to appear to show
local news.”




W/ Anchors “change the color of the horse to white” w/o Anchors

Insights and Analysis

“Replace the crocodile with a dragon”

Real Image Anchors for Generation

Data Type Data Volume CLIPdirt CLIPimgT CLIPoutt L1] DINOT

450k 0.0823 0.8617 0.2778 0.0626  0.8190
UltraEditing IM 0.0925 0.8696 0.2807 0.0599  0.8307

1.5M 0.0952 0.8659 0.2808 0.0600  0.8243 _ . ‘ . B

450k 0.0728 0.8716 02796  0.0848 08154 . e T k
w/o image anchor IM 0.0638 0.8837 0.2770 0.0674  0.8353

1.5M 0.0720 0.8643 0.2781 0.0714  0.8105

(1) Dataset generated with real image anchors
generally leads to better models.

(2) The scaling effect only presents when real
image anchors are adopted

Source Image Target Image Real Image as Anchors Source Image Target Image



Free-from vs. Region-based Editing.

Incorporating region-based editing data
during model training can help with free-
0.2798 form editing tasks, model exhibits

- significantly more precise operations for
S _ > background and localized edits
S5 400k{ 0.2790 0.2796 3
g E Ours, trained w/
—_ Source Image InstructPix2Pix ~ MagicBrush Ours region data
S 0.2794 € - | —
o N “Change the .
= 2 e '
€ 300k 0.2790 0.2792 © '
= &
S 0
v =
r 27 “Change the
g 0 90 l&J bai:grgun?to
Hawaii.”
: 2
$ 200k{ 0.2786 0.2787 0.2791 -0.2788 QO
L
“Change the
L 10.2786 o e

30k 60k 90k
Region-based editing data volumn

“Make the

background a fall  g&

day with lots of
trees.”




Conclusion

. We’'ve presented ULTRAEDIT, a large-scale, high-quality dataset for instruction-
based image editing.

« We mitigate the issues in existing editing datasets with a systematic approach
for automatic data generation.

« Experiments on challenging benchmarks confirm the high quality of the dataset,

as well as the effectiveness of training on our dataset.



