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Fig. 1. 3D-aware photo editing. Given a source image with user-specified 3D transformations, our model generates a new image that follows the
user’s edit while preserving the input identity. The 3D edit is visualized via the transformation between the original mesh (pink) and the edited

mesh (cyan).
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Despite significant advances in modeling image priors via diffusion models,
3D-aware image editing remains challenging, in part because the object is
only specified via a single image. To tackle this challenge, we propose 3D-
Fixup, a new framework for editing 2D images guided by learned 3D priors.
The framework supports difficult editing situations such as object translation
and 3D rotation. To achieve this, we leverage a training-based approach that
harnesses the generative power of diffusion models. As video data naturally
encodes real-world physical dynamics, we turn to video data for generating
training data pairs, i.e., a source and a target frame. Rather than relying
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solely on a single trained model to infer transformations between source
and target frames, we incorporate 3D guidance from an Image-to-3D model,
which bridges this challenging task by explicitly projecting 2D information
into 3D space. We design a data generation pipeline to ensure high-quality
3D guidance throughout training. Results show that by integrating these
3D priors, 3D-Fixup e ectively supports complex, identity coherent 3D-
aware edits, achieving high-quality results and advancing the application of
di usion models in realistic image manipulation. The code is provided at
https://3d xup.github.io/.
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limited by their dependence on 2D data and synthetic training sets,
which either lack depth and spatial understanding or real-world
data understanding. Besides, the reliance on text prompts restricts
the precision and granularity of the user control, often leading to
outputs that may diverge from the user's intention.

To address these challenges, we propose a feed-forward method
that utilizes real-world video data enriched with 3D priors, allowing
for realistic 3D-aware editing of objects in natural images. We de-
sign a novel data generation pipeline to overcome the challenge of
collecting large-scale 3D-aware image editing datasets in real-world
scenarios. Our pipeline generates training data by leveraging 3D
transformations estimated between frames in a video, and combines
those with the priors obtained from an image-to-3D model. This
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1 Introduction

Generative image editing is a growing research eld that promises
intuitive edits of objects in images, even if information about these
objects or the scene that contains them is incomplete. For example,
moving an object from one side of the image to the other, or rotating
it as shown in Figure 1, may require knowledge about lighting,
shadows, and occluded parts of the scene that are not available in
the image. For these edits, generative models can hallucinate the
missing information to obtain a plausible result. Current generative
editing methods focus on appearance edits or 2D edits of image
patches. However the objects we typically manipulate in images are
projections of 3D objects. Some natural edits for 3D objects, like out-
of-plane rotations or 3D translations, are thus not possible in most
current approaches. However, 3D editing is crucial in applications
such as e-commerce, where a 3D object may need to be shown
from multiple angles, or digital media production, where it gives
artists the ability to re-con gure or relight a 3D scene shown in an
image, without having to explicitly reconstruct the entire 3D scene,
simplifying the creative process. By developing such a 3D editing
method on natural images, we aim to bridge the gap between 2D and
3D work ows, making realistic edits more accessible for real-world
applications.

The current challenge for 3D editing of objects in images lies in
maintaining consistent object appearance across di erentangles and
lighting conditions, which is essential for creating seamless edits. Ex-

model to learn 3D-aware editing without requiring explicit 3D anno-
rations for every frame. By utilizing both the dynamic information
fiedin videos and the structural insights provided by 3D priors, our
approach captures real-world physical dynamics while facilitating
ne-grained control over edits. This innovative design allows the
model to generalize e ectively to natural scenes, bridging the gap
between synthetic and real-world applications. In Figure 1, we show
some 3D-aware edits performed by our approach which allows
ne-grained 3D user control while preserving object identity.

Our contributions are threefold: (1) we develop a novel data
pipeline for generating 3D-aware training data from real-world
videos, bridging 2D inputs with 3D editing capabilities; (2) we design
an e cient feed-forward model that performs precise 3D editing on
natural images using this 3D guidance; and (3) we conduct extensive
evaluations, demonstrating that our method achieves realistic 3D
edits and outperforms state-of-the-art approaches.

2 Related Work
2.1 3D-Aware Generative Image Editing

3D-aware image editing methods provide 3D control for image
objects while maintaining consistency w.r.t. object identity, pose,
and lighting during editing. Object3DIT [Michel et a2024] is one

of the earliest 3D-aware editing methods, directly operating on
3D transformation parameters as a condition in a feed-forward
deep-net architecture. The method is however limited by its small
synthetic training set, reducing its generality and the precision of its
edits. Di usion Handles [Pandey et a2024] and GeoDi user [Saj-
nani et al 2024] are recent approaches that are general and precise,
but use inference-time optimization to align the output to a par-
ticular edit, limiting robustness and inference speed. The space
of supported 3D transformations is somewhat limited since those

isting approaches have attempted to address these issues using eithertechniques make no attempt in explicitly reasoning about unseen

optimization or feed-forward deep net techniques. Optimization-
based approaches, such as Image Sculpting [Yenphraphai2izd],
begin by constructing a rough 3D shape of the object, followed by
directly editing the 3D shape, and nally performing re nement to
obtain the nal edits. While this method achieves high-quality re-
sults, it is computationally intensive and slow, limiting its practical
applications. In contrast, feed-forward approaches like 3DIT [Michel
et al. 2024] and Magic Fixup [Alzayer et.€024] leverage condi-
tional di usion models to guide the editing process, making them
relatively fast and e cient. However, these methods are primarily
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parts of objects. In contrast, Image Sculpting [Yenphraphai et al
2024] leverages o -the-shelf single-view reconstruction models to
enable impressive 3D-aware editing results, but also requires a com-
putationally demanding inference-time optimization. Unlike prior
approaches, our work focuses on ne-tuning large image di usion
models speci cally for this task. This allows our method to exhibit
remarkable robustness to challenging editing operations that could
not be performed with existing baselines (see Figure 8). Addition-
ally, no inference-time optimization is needed, allowing for fast
evaluation.
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2.2 Generative Image Editing

Drag-based methods have emerged as a prominent paradigm for
interactive image editing, o ering users precise control over object
movement and transformation. Early methods like DragGAN [Pan
et al 2023] utilized GANSs for point-to-point dragging but faced chal-
lenges with generalization and editing quality. More recent methods,
such as DragDi usion [Mou et al2023], InstantDrag [Shin et al
2024], and EasyDrag [Hou et.@024], extend this concept to di u-
sion models, leveraging ne-tuned or reference-guided approaches
to enhance photorealism. DragonDi usion [Mou et.&2023] stands
out by avoiding ne-tuning and employing energy functions with vi-
sual cross-attention, enabling diverse editing tasks within and across
images. Di Editor [Mou et al 2024] and Di UHaul [Avrahami et al
2024] further re ne drag-style editing, addressing challenges like
entanglement and enhancing consistency in dragging results. For
articulated object interactions, DragAPart [Li et.&025] focuses on
part-level motion understanding, allowing edits like opening draw-
ers or repositioning parts. In contrast, generative editing methods
that do not rely on drag-based interactions o er alternative work-
ows for tasks like object insertion, removal, and repositioning. Ob-
jectDrop [Winter et al 2024] models the e ects of objects on scenes
using counterfactual supervision, enabling realistic object manipu-
lation. Meanwhile, SEELE [Wang et &024a] formulates subject
repositioning as a prompt-guided inpainting task, preserving image
delity while o ering precise spatial control. Magic Fixup [Alza-
yer et al 2024] employs di usion models to transform coarsely
edited images into photorealistic outputs, leveraging video data to
learn how objects adapt under various conditions. Similarly, Ob-
jectStitch [Song et aR023] and IMPRINT [Song et.al024] focus

on object compositing while preserving identity and harmonizing
with the background, making them valuable for realistic image ma-
nipulation. However, unlike our approach, none of the methods
in this paragraph bene t from a 3D-aware prior or provide con-
trols to support 3D-aware edits like out-of-plane rotations or 3D
translations.

2.3 Image-to-video with motion control

Image-to-video methods with motion control [Bahmani et aD25;
Guo et al 2025; Shi et al024; Wang et aR024b] are related to
generative image editing to some extent, as any generated frame
could be taken as an edited image. However, edits are limited to
motions that are plausible in a video and, to our best knowledge,
none of the methods provide 3D control.

3 Approach

Our goal is 3D editing (e.g., out-of-plane rotation and translation) of
achosen object within an image. Existing 3D editing approaches that
use inference-time optimization [Pandey et 2024; Yenphraphai
et al 2024] su er from excessive inference times, making them
impractical in real-world applications. In contrast, feedforward ap-
proaches [Michel et aR024] su er from a lack of high-quality train-
ing data, limiting generality and control. We propose a feedforward
3D editing method that o ers precise control and good generality.
The editing work ow is illustrated in Figure 2. As shown, the 3D
edits we consider include out-of-plane rotations and translations
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Fig. 2. Inference pipelinéVe assume editing instructions (possibly con-
verted from text prompts) are in the form of 3D operations like rotation
and translation. Given a mask indicating the object to be edited, we first
perform image-to-3D [Xu et al2024] to reconstruct the mesh. We then
apply the user's desired 3D edit to obtain the 3D guidance. Here the 3D edit
is visualized as the transformation between original mesh ( )
and the edited mesh (cyan wire-frame). Finally, the model outputs the 3D
aware editing result.

that change the perspective of the object. Formally, given a source
image src, the user selects the object to be modi ed. The selection is
represented via the mask src, which we use to obtain a rough 3D
reconstruction. The user then performs a 3D edit of the rough 3D
reconstruction. Upon rendering the modi ed 3D reconstruction we
obtain the 3D guidancgyyige 2R 3, which is used to generate
the desired editing result.

To provide the necessary supervision for training the feedforward
model, i.e., to obtain a source imagg, a guidance imaggyuige and
a ground truth target imageygt, we construct a new dataset derived
from videos. For this, we develop the data processing pipeline that
we describe in Section 3.1. As videos naturally capture 3D motion
as well as variations in lighting and background conditions, they
o er a rich source of real-world data. By integrating this dataset
into the training process, our method learns to handle complex 3D
transformations while ensuring photorealism and maintaining the
delity of the edited subject.

Using this dataset, we ne-tune a pretrained di usion model con-
ditioned on 1) the edited guidance imaggiige. and 2) the source
image src. Importantly, unlike prior 2D editing methods, the guid-
ance image is obtained by 3D-transforming a full 3D reconstruction
of the chosen object in the image. We describe architecture and
training setup of this model in Section 3.2.

3.1 Constructing the Dataset from Videos

Given a video, we create data pairs by sampling two frames, a source
image grc and a target imageyg:. We use both images to compute

a guidance imageyige- Figure 3 provides an overview of our data
processing pipeline. We discuss details next.

Flow for sampling the source and target imaffe.compute optical
ow across all frames in a given video. If the accumulated ow across
the entire video is too small, we discard the video. If the accumulated
ow exceeds a threshold, we sample two frames from the video clip

which we refer to asgrc and gt.

Obtaining mask for the main objedt/le use Grounded-SAM [Ren
et al 2024] to obtain object masks and lter cases with privacy,
aesthetic, or insigni cant 3D transformation issues. Notice that
Grounded-SAM struggles to detect occluded or unusually shaped
instances, which are rare. To automatically identify the main object,
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Fig. 3. Data pipeline: Overviewiven a video, we sample two frames, the source fraggand the target frame g, using optical flow as a cue: we discard
videos where the flow indicates li le motion through the entire clip. Using Image-to-3D methods, we reconstruct a mesh for the desired object for both frames.
We then estimate the 3D transformatioil (see Figure 4) between the source frame mesh and the target frame mesh. Availability of the transfornfation

enables two ways to create the training data: (1) in Transform Source , we paste the rendering of the transformed source mesh onto the target frame; (2) in

Transform Target, we paste the rendering of the target mesh onto the source frame. Data examples are shown in Figure 5.

Fig. 4. Data pipeline: Estimation of the 3D transformafioiwe estimate the

3D transformationT by leveraging correspondences between the source
frame and the target frame. Given frames between the source frame and
the target frame, we first perform tracking to obtain corresponding points.
We then initialize the parameters for the 3D transformatiohand use an
optimization to improveT: (1) We unproject the 2D correspondences on the
source frame to 3D pointclouds and apply the currefto transform points

to the target image; (2) we project points back to 2D and compare via an L2
loss with the 2D correspondences of the target frame.

we de ne an instance score that prioritizes centrally located ob-
jects that occupy signi cant portions of the frame. The score is the
weighted sum of inverted border scofg and area scorép across
the video. They are calculated by

Zord Zinst

‘ ‘ins

(1=1 oL (o= ST (1)
?horder ?image

where ?porqer is the number of border pixels in the whole image,
?g‘g'rtder is the number of instance pixels which touch the border,
?inst IS the total number of pixels of the instance, afffhage is

the number of pixels of the whole image. The instance score is

(inst=0%6 (1, 04 (o.We select the highest-scoring instance.

Image to 3D reconstructioBiven the source imagec and the
target image tgt, we perform image to 3D reconstruction using In-
stantMesh [Xu et al2024]. Speci cally, given the foreground masks
"s,c 2R ' and" ¢t 2 R, we rstcrop the foreground
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Fig. 5. Examples of the training dat&iven a video, we use the steps de-
scribed in Figure 3 to obtain the training data, i.e., the source image

and the target imagetg:. The guidance image is obtained via the developed
data pipeline. The mask has three values: 0 indicates the hole created by
the coarse edit and the model needs to inpaint by looking at the details of
the reference; 0.5 refers to the rendering of the object; and 1.0 denotes the
original background.

object and pad the image to a square while ensuring that the object
is centered. InstantMesh then employs Zero123++ [Shi €2@23]

to generate multiview images. Subsequently, InstantMesh operates
on the multiview images to compute the reconstructed meshgs
and( gt for the source and target images.

Estimating 3D transformation with trackingo obtain a coarse
editin an automated manner, we use the object meshes for the source
and target image to estimate a 3D transformation. This process is
illustrated in Figure 4. Concretely, to estimate the 3D transformation
T between the object in the source imagg: and the target image

tgt, We rst compute# correspondence8src and?y: along with
their visibility mapsEsrc andBgt, using SpaTracker [Xiao et £2024].



Fig. 6. Overview of the training pipeling/e develop a conditional di usion
model for 3D-aware image editing. It consists of two networkgen and

Sietail- During training, given the inputs target frame g, 3D guidance
guide Mask" guide, and detail feature ¢ Genlearns the reverse di usion
process to predict the noiseand reconstructg. To be er preserve identity
and fine-grained details from the source imaggc, Sietail takes as input
the source imagesre, its noisy counterpartc, and the mask' gyige, and

extracts detail features c. We apply cross-a ention betweenc and the

intermediate features ofyen to incorporate content and details fromsyc

during the reverse di usion process.

The input to the tracking model is the video segment containing
the two frames src and tgt, along with the source mask src. Depth
maps gsrc and g are rendered from the meshésc and (gt,
respectively.

Using the depth maps and correspondences, we backproject the
2D points into 3D space:

Psrc = 11?src‘ sre KO (2
Pgt = M2gre tgreKo (3)

where 1 denotes the unprojection operation arti2 R3 3 is the
intrinsic camera matrix. The 3D point® 2 R are calculated as:

G
P= 1720 K 1@ 7. 4
1

where 1?°is the depth at pixeP = 1?gs 2-°.
The translation component of is initialized by calculating the
centroid o set between the two point clouds:
16
t=cgt Csre C= P )

#8=l

To initialize the rotation, a coarse grid search is performed jointly
over the- ,. ,and/ axes, using a step size 80 within the range
»0 «360 % The transformationT is optimized by minimizing the
re-projection loss:

6]
L reproj = K?tgts TPsrogK°® k%‘ (6)
81
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where is the projection operation:
pKo= K 0P @

The optimization iteratively adjust3 until convergence. Eq. 6 as-
sumesT to be rigid transformations. However, for non-rigid transfor-
mations, Eq. 6 nds a close rigid approximation. During training, the
model learns from non-rigid transformation as ground truth while
using a rigid approximation in guidanceyige- This discrepancy

is often desirable, as it encourages the model to adapt non-rigidly,
ensuring the edited object ts naturally into its new context. For
example, when rotating the dog in Fig. 1 or the horse in Fig. 9, sub-
tle posture adjustments, such as foot placement, help the resulting
scene remain plausible.

Creating the training datawith the optimized transformationr
computed, we have two settings to obtain the guidance image and
the editing mask. We refer to the rst setting as Transform Source
(TS): the estimated 3D transformatidris applied to the source mesh
(src- The transformed mesh is rendered and pasted onto the target
image gt based on the target maskg; to form the guidance image

é(ui 4o The editing mask g](ui 4eas1'0for the static background)’s

for the rendered regions, an@0for the holes created by cropped the
objectin the tg;. We refer to the second setting as Transform Target
(TT): we transform and render the target meéfy onto the source
frame src to obtain the guidance imag%)uide. The background is
warped based on the ow computed between the source frame and

the target frame following Alzayeet al.[Alzayer et al 2024]" é)uide

is similar to" é(uide for the background 1°0) and rendered regions
(05), while the holest0"?° indicated the warped regions. Thus, the

nal training tuple for Transform Source and Transform Target

are® source )g(uide. " )g(uide. target”, and?® source )g)uide. " )g)uide. target’
respectively. We sample data pair randomly from TT or TS when
training the model. Both the editing mask'sé(uideand" é’uide guide

the model to inpaint missing regions (0.0), enhance 3D-transformed
areas (0.5), and preserve intact content (1.0). Examples of the col-
lected data are illustrated in Figure 5.

Our dataset is sourced from 8 million licensed videos. We discard
videos exceeding 500 frames due to high compute costs, reducing the
dataset to 2 million. After ltering cases depicting humans (privacy
and aesthetics issues), illustrations and drone videos (insigni cant
3D transformations), and videos without detected entities, we retain
375k clips. Further motion-based ow lItering reduces this to 50k
videos. Note that the proposed data pipeline is general and appli-
cable to any video dataset. Processing each video tal&s7s and
requires 14.41GB of memory on a single A100 GPU. The pipeline
includes ow ltering, mask extraction, image-to-3D, tracking, and
3D estimation, with videos averaging 50 500 frames.

3.2 3D Editing with a Di usion Model

Our di usion model aims to generate realistic images that complete
the 3D edit speci ed by the guidance imagg,ige- Hence, the struc-
ture of the image should be preserved as outlined in the guidance.
For regions indicated by the maskgiqe, the model performs the
following operations: inpainting missing regions (,ige = 00),
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modifying ambiguous regions'(guige = 0'5), and preserving con-
tent and identity in con dent regions (g ige = 1'0).

An overview of our architecture is provided in Figure 6. We base
our architecture on MagicFixup [Alzayer et.&2024] and adopt two
networks in our pipeline: a generator for generating the output im-
ageqyenand an extractor for extracting detai§jets; from the source
image src. We use those networks in a di usion process which op-
erates as follows: the di usion forward process progressively adds

Yen-Chi Cheng, Krishna Kumar Singh, Jae Shin Yoon, Alexander Schwing, Liang-Yan Gui, Matheus Gadelha, Paul Guerrero, and Nanxuan Zhao

The model uses this guidancgige along with the mask' gyige to
produce the nal output. Figure 2 illustrates this framework.

3.3 Implementation details

For fair comparisons, following the state-of-the-art Magic-Fixup [Alza-
yer et al 2024], we train our model starting from pretrained weights
of Stable Di usion 1.4. Training samples are drawn from data set-
tings TT, TS, MF with probabilities (0.35, 0.35, 0.3), where MF is

Gaussian noise to an image, yielding a sequence of intermediate sampling from Magic Fixup's data. To encourage identity preserva-

states:
G Nt PG 111wl 8)

which gradually resemble a standard Gaussian as di usion time
Cincreases towards a nal timestep. HerelUc de nes the noise
schedule at di usion timeC The model learns the reverse process:
a standard Gaussian inp@ N?! (»1° is gradually denoised to-
ward intermediate state&before eventually arriving at the nal
estimated imag&y:

& 1= Hen'G guide®” 9

At each denoising stefg the model is conditioned on the guidance
guide Mask" guige: and the featurescextracted by the extractor
Setail- We initialize the process from a noisy version of the guidance
image, i.e., we use

G = pl U ne

wheren N1t GlI°andy = %3:1 Us. This initialization ensures
alignment with the guidance while bridging the gap between train-
ing and inference domains. The extract8fei,j Operates on the
source imagesyc for referencing and with the goal to preserve ne-
grained details and object identity. To ensure compatibility with the
di usion process, we add noise to the source image:
p &
1 Une n NI QI% U= W
B=1
From this noisy source image, the extractor computes the feature
c= »5:1' """ o8 Byetailt»C st guide O (12)
for each self-attention block. Here is the number of attention
blocks, and» “denotes concatenation along the channel dimension.
These features are injected into the model through cross-attention
layers, enabling details preservation from the source image to out-
puts during synthesis. For each lay8rat stepG the features ¢
extracted by the extractogyeij Serve as keys and values-, while
the features of the generatdgen >6¢ " " " *Bvact as querie&. For-
mally, we have

guide® C Qo

L‘B_ guide, (10)

c= p@src, (11)

8 &

&
%:so%omabegii"- and &=

where&8 & and+&are query, key, and value projections of the
respective features. “This mechanism ensures that ne details from

src are faithfully transferred to the synthesized output.

During inference, user instructions (e.g., text prompts, drags on
3D objects) are converted into 3D transformatiofigout-of-plane
rotations and translations). Using InstantMesh [Xu et 2024], we
perform image-to-3D reconstruction to generate a 3D mesh of the
subject. ApplyingT to the mesh, we obtain the guidance for editing.

e (13)
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tion, we drop the conditioning onsrc with a 0"2 probability, forcing
the model to rely on g¢'s context. We train the model with a batch
size of 8, using AdamW [Loshchilov 2017] and a learning rate of
le 50n 8 NVIDIA A100 GPUs for about two days. We use a linear
di usion noise schedule, with = 09999y = 09§ and) = 1000
We use DDIM for sampling with 100 steps during inference time.
The images were all cropped &2 512for training.

4 Experiments

We evaluate the proposed method both qualitatively and quantita-
tively on a set of edits. For this, we curated a set of user edits to
show the use cases of the model in practical applications. We also
created a test dataset which contains large 3D transformations to
validate the proposed method.

Dataset.We use stock video as our dataset for training and testing.
The training data consists of around 50k data points which contains
common objects with motions in the scene. We randomly sample
diverse scenes and objects while maintaining a reasonable scale
when constructing the test set.

BaselineTo validate the e ectiveness of the proposed method,
we compare to seven baselinddagic FixugAlzayer et al 2024],
Object 3DITMichel et al 2024],Zero-1-to-3Liu et al. 2023],In-
stantDrag[Shin et al 2024] MOFA-Vide¢Niu et al. 2024] Blended
LDM [Avrahami et al 2023], and nallyInstruct-pix2pix{Brooks
et al 2023]. Please refer to the supplementary materials for details
regarding the baselines.

Metrics.For quantitative evaluation, we use LPIPS [Zhang et al
2018] and FID [Heusel et a2017] metrics. LPIPS measures the
perceptual similarity to assess delity to the ground truth using
a neural network such as AlexNet [Krizhevsky et @012] or VG-
GNet [Simonyan and Zisserman 2014]. FID (Fréchet Inception Dis-
tance) evaluates the realism of generated images by comparing their
distribution to that of real data.

4.1 Comparison with Baselines

We compare the proposed method with several state-of-the-art
image-editing methods, which operate on di erent types of con-
ditions, such as the 3D transform, a drag (point correspondence),
and a text prompt. The results are shown in Figure 7. Similar to
our approach, 3DIT [Michel et aR024] and Zerol123 [Liu et al
2023] use the 3D transform as condition. However, 3DIT fails to
generate plausible results because of the domain gap between its
synthetic training data and real-world images, while Zero123 strug-
gles with identity preservation. For the dragging-based methods
InstantDrag [Shin et al2024] and MOFA-Video [Niu et a82024], we
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Fig. 7. Comparison with baselines. We compare several state of the art baselines with di erent kinds of conditions, such as 3D transforms, drags, inpainting
masks, and text prompts. We can see that none of the baselines accurately follow the target 3D transform while preserving identity. Baselines that directly use
3D transforms su er from a lack of good training data, and using other types of conditions makes it hard to unambiguously specify the 3D transform.

Table 1. antitative comparison to baselines . We compare to the base- Table 2. antitative results for training with di erent sets of training data.
lines using the LPIPS and FID metrics. The result shows that the 3D editing
of the proposed method is closer to the ground truth and real distribution. Data setting LPIPE FID#
Transform source 0.3874 151.6589
Model LPIPS# FID (Sk)# FID (30ky# Transform source + MF 0.3321 145.3312
Magic Fixup [Alzayer et al. 2024] 0.5776 174.6926  27.1542 Transform source + Transform Target + MF  0.2397 132.1145

3DIT [Michel et al. 2024] 0.4493 145.3389  23.8392
Zerol23[Liu etal. 2023] 0.6803 202.2304  44.8570
Instruct-pix2pix [Brooks et al. 2023] 0.7532 231.7562  73.3829 Table 3. Ablation study of conditioning. We evaluate the e ect of di er-
InsantDrag [Shin et al. 2024] 0.4810 163.6477  34.6370 ent conditioning mechanisms with two mask configurations: (0.0,0.5,1.0) v.s.
Blended LDM [Avrahami et al. 2023] 0.5012 185.0291  41.3255 (0.0,1.0), and the impact of dropout of image features.
MOFA-Video [Niu et al. 2024] 0.3283 149.1247  20.9583

Ours 0.2397 132.1145 13.0228 Con gurations Mask (0.0, 1.0) Without dropout Ours
FID# 17.5615 21.2870 13.0228

use the known correspondence between the source and transformed o . .
mesh to de ne an input drag. We nd that drags are too ambiguous 43~ antitative Comparison of 3D Editing
to clearly de ne a 3D transform and both methods struggle to inter- We compute metrics to evaluate the performance of methods as
pret larger drags, such as the rotation of the gold sh or the shoes. shown in Tab. 1. LPIPS is calculated for each model by measuring
Blended LDM [Avrahami et aR023] takes the guidance image and the similarity between its outputs and the ground-truth images. The
the mask as inputs and adopts Blended Di usion [Avrahami etal nal LPIPS score is obtained as the mean value across all pairs. FID
2022] to re ne the coarse edit, which does not preserve identity. assesses the realism of the generated results by comparing the dis-
Finally, Instruct-pix2pix [Brooks et aR023] is instructed by atext tribution of the generated images to that of real video frames. The
prompt, but su ers from its ambiguity. In contrast, our proposed  results demonstrate that the proposed method produces outputs that
method can generate high-quality edits for large 3D transformations are highly realistic and align well with the real data as indicated by
while preserving identity. lower FID and LPIPS values. In terms of the detail preservation, we
We also present a comparison with Magic Fixup in Figure 9. The address the challenging task of hallucinating novel views and miss-
results demonstrate that our proposed method achieves more re- ing parts based onyige- Since it relies only on single-view image
alistic images, bene ting from 3D-transformation-based guidance. to generate unseen regions, preserving identity and ne details is
For example, our method e ectively handles pose changes, such as inherently di cult. However, LPIPS in Table 1 shows that 3D-Fixup
adjusting the camera's viewing direction or modifying the poses achieves better detail preservation than prior methods. Finally, we
of subjects, as shown in the horse, jaguar, and cake examples. In also compare the runtime with Image-sculpting [Yenphraphai et al
contrast, Magic Fixup struggles with such edits. 2024], an optimization-based method for image editing. The runtime
is 87'Bper sample, while ours can achieve2Bfor 50 DDIM steps.
4.2 3D Editing with Continuous Rotations
We also demonstrate that the proposed method can handle extensive 4-4  Ablation Study of Data Se ing and Conditioning
3D edits on common objects, as illustrated in Figure 8. In each sce- We evaluate the importance of each data setting in Tab. 2. Using
nario, we progressively increase the rotation from 0 to 180 degrees the setting with all the data yields the best performance in terms of
along the y-axis, applying it to the reconstructed mesh to generate FID and LPIPS. We also evaluate the e ect of di erent conditioning
the 3D-transformation-based guidance image. The results show that mechanisms in Tab. 3. First, we consider di erent mask settings:
our method successfully deals with out-of-plane 3D rotation edits, 10005 1"0° vs. 100-1'0°. Then we study the impact of dropout
from minor adjustments to substantial transformations, highlighting  of image features for cross-attention. The results suggest that our
the model's 3D-awareness during editing. conditioning outperforms other con gurations.

SIGGRAPH Conference Papers '25, August 10 14, 2025, Vancouver, BC, Canada.
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5 Conclusion

We introduced 3D-Fixup, a workflow that tackles the problem of 3D-
aware image editing. To make 3D-aware image editing efficient, we
adopt a feedforward method. To train such a model, data is crucial.
Since collecting data with corresponding 3D edits is time-consuming
and expensive, we developed an automatic framework to collect suit-
able data from real-world videos. The resulting method bridges the
gap between 2D image editing and 3D transformations, enabling re-
alistic edits that preserve content identity while maintaining fidelity
across various perspectives.

We demonstrated the effectiveness of our approach through ex-
tensive experiments, showcasing its ability to handle large out-of-
plane rotations and translations, as well as challenging scenarios
involving significant pose changes. Quantitative evaluations using
LPIPS and FID metrics validate the realism and accuracy of our edits,
outperforming state-of-the-art baselines such as Magic Fixup.

We found that intricate details, such as sprinkles on donuts or
textures on clothing, are sometimes not preserved well, likely due
to image encoder limitations. Additionally, 3D-Fixup produces sub-
optimal results when gyjqe is of low quality. This occurs when the
image-to-3D step performs poorly due to occlusion, incomplete-
ness, or a suboptimally detected mask, which can be mitigated by
outpainting masks/objects. Future work may explore extending the
framework to handle more complex scenes with multiple objects
and refining the underlying 3D priors to enhance generalization
across diverse datasets.
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Fig. 8. 3D editing with continuous rotations. We demonstrate that the proposed method can handle extensive 3D edits on common objects. In each scenario,
we progressively increase the rotation from 0 to 180 degrees along the y-axis, applying it to the reconstructed mesh to generate the 3D-transformation-based
image guidance. The results show that our method can handle large out-of-plane 3D rotations during editing.
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Fig.9. Comparison with Magic Fixup. The results demonstrate that the proposed method achieves more realistic outputs by leveraging the 3D-transformation-
based guidance. For instance, our method effectively handles pose changes, such as adjusting the camera’s viewing direction for the cakes and jaguar, or
modifying the poses of the horse and parrot.
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