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Task Definition 3

Semantic Editing

“"Change the left/right animal to a white fox"

Geometric Editing
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Johannes Vermeer Pierre-Auguste Renoir I jo da Vinci




Challenges

A complex task involving multiple subtasks:
 Precise copying and transformation of target objects.
 High-quality inpainting of the source region to avoid artifacts.
« Seamless blending of transformed objects with the background.

R i Step 1: Foreground Editing

Step 2: Background Generation

& Step 3: Details Redrawing y
s o e

Y



Challenges

A complex task involving multiple subtasks:
* Precise copying and transformation of target objects.
 High-quality inpainting of the source region to avoid artifacts.
« More difficult with structure completion demand.




Limitations on existing methods

Recent methods typically address these goals with a single, unified
objective. Balancing multiple subtasks in one optimization framework
leads to:

 Struggle in preserving details and avoiding artifacts.

 Primarily restricted to 2D or minor 3D adjustments.

« Cannot naturally achieve structural completion
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Self-Guidance(NIPS2023)




Blend

A training-free image refinement approach, FreeFine B




Method

'-M: Multiply with mask

(a) Mask-guided Mutual Self Attention (MMSA)
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(b) Temporal Contextual Attention (Step 2)
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(c) Temporal Contextual Attention (Step 3)

Figure 3. Comparison of Context Aggregation Methods. This figure illustrates different approaches for context alignment in image editing
tasks: (a) MMSA [3] replaces Key-Value (KV) pairs and enforces explicit feature interaction between regions. (b) TCA (Step2) for source
region inpainting, and (c) TCA (Step3) for target region refinement, which smoothly transition from MMSA to full self-attention.
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Results

Source

(a) 2D-Edits (b) 3D-Edits (c) Region Refinement
Figure 1. Given an image and an editing instruction, our method precisely performs geometric edits while maintaining high fidelity and
avoiding artifacts. Besides, our training-free framework achieves impressive structural completion and background generation.




Results

Methods { External Model | Editing Type | FID DINOvZ2 KD SUBC BC WE MD

Self-Guidance [#] SAM [26] 49.15 647.56 0438 0575 0.759 0268 116.89
RegionDrag [33] SAM [26] 40.21 50450 0241 0796 0970 0.120 3250
DragonDiffusion [39] | SAM [26] 37.09 507.67 0.144 0840 0968 0.158 3236
MotionGuidance [10] | SAM [26], RAFT [59] 10639 1189.23 3871 0521 0736 0186 90.03
DragDiffusion [50] SAM [26] 2D 36.58 45568 0142 0758 0966 0199 413]

Diffusion Handles [42] | SAM [26], LaMa [57], DepthAnything [64] 44,81 54969 0618 0725 0852 0180 4027
GeoDiffuser [49] SAM [26], DepthAnything [64] 3389 43775 0173 0762 0938 0.166 3488
DesignEdit [21] ‘ SAM [26] 3522 48091 0179 0874 0950 0.098 10.15
FreeFine SAM [26] 3472 47818 0.144 0997 0971 0055 9.25

DragDiffusion [50] SAM [26] 157.42 1867.02 0.348 0.603 0958 0199 61.97
Diffusion Handles [42] | SAM [26], LaMa [57], DepthAnything [64] ™ 15690 1882.66 0.523 0.705 0882 0.128 26.10
GeoDitfuser |49] SAM [26], DepthAnything [64] 152.06 1894.26 0.351 0.749 0941 0097 3434
FreeFine SAM [26], DepthAnything [64] | 150.89 1879.69 0310 0.786 0.956 0.079 20.32
BrushNet [22] SAM [26] 186.93 251652 0971 0925 0948 0060 1131
SD-inpainting [54] i SAM |26] SC 19371 255644 1.047 0913 0928 0.064 1443
FreeFine SAM [26] 184.84 252638 0982 0.928 0952 0.056 9.56

DragonDiffusan Regionrag Self-Gulcance  MotionGulgence  DragDiffusion GeaDiffuser  Diffusion Handles DesignEdit
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Edit D|foS|on Handles GeoDiffuser FreeFine(DepthAnything) FreeFine(SV3D)




LaMa SD-inpaintv1.5 BrushNet Coarse result Mask SD-inpaint-v1.5 BrushNet
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(a) Source Region Inpainting (b) Target Region Refinement




Results
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Figure 4. Qualitative comparison with state-of-the-art editing methods in moving operations

Figure 5. Qualitative comparnison with state-of-the-art editing methods in scaling operation Figure 6. Qualitative comparison with state-of-the-art editing methods in rotation



Appendix

Source Region Inpainting

Souce Mask MAT SD-inpaint-v1.5 LaMa BrushNet

Ours
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Figure 7. Qualitative comparison with state-of-the-art inpainting methods in source region inpainting

Target Region Refinement

Coarse result Mask SD-inpaint-v1.5 BrushNet Ours

Figure 8. Qualitative comparison with state-of-the-art inpainting methods in target region refinement




Results

Ours DragonDiffusion RegionDrag Self-Guidance BrushNet SD-inpaint-v1.5 LaMa MAT

2D-Edits  70.2% 22.7%
3D-Edits 88.8%

Region Refinement  55.1% 10.7% 19.0% 12.0% >
User Study. For a comprehensive quantitative evaluation,
we conducted a user study to assess the perceptual qual-
ity and editing effectiveness of our method. We recruited
35 participants with diverse backgrounds in computer vi-
sion and collected 2,622 valid votes. Each participant was
presented with 30 randomly selected editing samples from
Image Quality ~71.1% 20.8% different tasks (2D-edits, 3D-edits, region refinement and
region inpainting). Each sample contained the original im-

Region Inpainting  24.7% 14.7% 14.0% 34.6% 12.0%

(a) Editing tasks

Consistency  70.8% 22.3%
Editing Effectiveness  81.3% 13.0%
(b) Criteria
Figure 5. Visualization results of the user study. Participants pre-
ferred our edited images both in the different editing tasks and /

from three different criteria. ¢



Results

Welcome to the Survey

Here are some notes for you to read carefully before you start

The research was divided into 6 sections for different editing tasks, with 5 samples in each section, totalling 30 samples to be evaluated

In each sampla, thare are images generated by different models, please select the best image from each af the thres parspectives

1. Image Quality: Don't take into sccount the original image and editing instructions, but simply evalustes the quality of the generated image.
2, Consistency: mainly consider whether the background is consistent with the eriginal picture, whether natural and real.

3. Edit Efficiency: whether the edited object satisfies the given editing instructions between the generated image and the original image.

The last part is object removal, just select the best image after removing objects

If the images are very similar and difficult to judge or there are duplicate sampl es, click to enlarge or refresh to get new samples.

£ 2025 1CEV User Study

(a) Home page

Please pick the best images from three criteria
Progress: 1/30
Edit task: move

Text instruction: Move the tulips leftward markedly

Table 1. Voting statistics in the 2D-edits and 3-edits from different
criteria, only the editing models are counted.

Image ., . Editing .
Method Quality Consistency Effectiveness Total
Ours 475 473 543 1491
DragonDiffusion [15] 139 149 ®7 375
RegionDrag [14] il 40 29 L
Self-Guidance [4] 23 ] 9 38
MotionGuidance [5] 0 ] 0 1]
Total BHOE fhs fi6 s 2004
[=TTH DvagrenlTud n Pargienil) iy Gl Gt cu

Mo B1.7% 28R

Resize % T51%

Rotate AN 217%
Tomal 70.2% 127N

Editing prompt

Edit param: [x, y] = [-98.0, 0.0]

Edit Result 1 Edit Result 2 Edit Result 3 Edit Result 4 Edit Result 5
Image Quality Image Quality Image Quality Image Quality Image Quality
Consistency Consistency Consistency Consistency Consistency
Edit Efficiency Edit Efficiency Edit Efficiency Edit Efficiency Edit Efficiency

(b) Vote page

Figure 1. Screen shots of the website for user study.

Figure 2. Visualization results of perceptual study in 2D-edits
(Move, Rotate, Resize).

Table 2. Voting statistics in different editing tasks. The blank cells indicate that the model was not compared in the task.

Method 2D-Edits 3D-Edits R;ig;;‘; o IHR:igrl:i'; Total
Move Resize Rotate Total P &
Ours 374 347 365 1086 405 258 37 1786
DragonDiffusion[15] 174 68 109 351 24 50 425
RegionDrag[14] 42 30 12 84 16 12 112
Self-Guidance[4] 16 5 6 27 11 3 41
MotionGuidance[5] 0 0 0 0 ) 0 0
BrushNet[9] 89 22 111
SD-inpaint-v1.5[ 18] 56 21 77
LaMa[23] 52 52
MAT[13] 18 18
Total 606 450 492 1548 456 468 150 2622




Ablations

Source Region Inpai nting (a) TCA Ablation (b) LP Ablation (c) CG Ablation
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Target Region Refinement (a) TCA Ablation (b) LP Ablation (c) CG Ablation
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Figure 7. Ablation studies on the impact of removing individual components from FreeFine and different internal variations of each
component while keeping other techniques applied at the same scale.
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