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Abstract

Recent advances in text-to-image (T2I) diffusion models have
significantly improved semantic image editing, yet most meth-
ods fall short in performing 3D-aware object manipulation.
In this work, we present FFSE, a 3D-aware autoregressive
framework designed to enable intuitive, physically-consistent
object editing directly on real-world images. Unlike previous
approaches that either operate in image space or require slow
and error-prone 3D reconstruction, FFSE models editing as
a sequence of learned 3D transformations, allowing users to
perform arbitrary manipulations, such as translation, scaling,
and rotation, while preserving realistic background effects
(e.g., shadows, reflections) and maintaining global scene con-
sistency across multiple editing rounds. To support learning
of multi-round 3D-aware object manipulation, we introduce
3DObjectEditor, a hybrid dataset constructed from simulated
editing sequences across diverse objects and scenes, enabling
effective training under multi-round and dynamic conditions.
Extensive experiments show that the proposed FFSE signifi-
cantly outperforms existing methods in both single-round and
multi-round 3D-aware editing scenarios.

Code — https://github.com/FudanCVL/FFSE
Extended version — https://arxiv.org/abs/2511.13713

Introduction
Image editing enables users to modify the visual content with-
out requiring expertise in professional software. Recently,
advanced methods (Shi et al. 2024; Mu et al. 2024) based on
text-to-image (T2I) diffusion models (Rombach et al. 2022;
Podell et al. 2023) enable powerful object-centric manipu-
lation, including appearance (Hertz et al. 2023; Tumanyan
et al. 2023; Brooks, Holynski, and Efros 2023) or shape mod-
ification (Shi et al. 2024; Ling et al. 2024). Although these
methods are useful for semantic editing, 3D-aware object
manipulation (Qin, Shuai, and Ding 2025) offers more flex-
ibility in many scenarios, as shown in Fig. 1. By equipping
models with 3D-aware editing ability, users can manipulate
objects as if operating within a 3D engine (Unreal Engine
5 2022), allowing more intuitive and physically-consistent
image modifications.

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Recently, a growing body of works (Michel et al. 2023;
Yenphraphai et al. 2024; Wang et al. 2024; Pandey et al. 2024;
Zhang et al. 2024; Jabri et al. 2024; Wu et al. 2024) explore
3D-aware image editing, but still struggle to produce satis-
factory results. Image-space methods (Liu et al. 2023; Wu
et al. 2024; Michel et al. 2023) typically learned 3D priors
from established datasets. However, most of methods fail to
accomplish comprehensive 3D operations and demonstrate
poor generalization on real-world images. 3D-space meth-
ods (Pandey et al. 2024; Yenphraphai et al. 2024; Zhao et al.
2025; Wang et al. 2024) reconstruct scene structure from
a single image to support arbitrary 3D manipulations, but
are time-consuming and sensitive to noisy geometry estima-
tions (Rombach et al. 2022; Poole et al. 2023; Mildenhall
et al. 2022; Liu et al. 2023). Moreover, most existing methods
struggle to generate realistic background effects (e.g., shad-
ows, reflections) and often fail to maintain scene consistency
across multi-round edits.

Several key challenges remain in achieving effective 3D-
aware object manipulation: 1) Object effects. Existing meth-
ods (Michel et al. 2023; Liu et al. 2023) support only limited
and simple 3D operations, or often yield low-quality results
in complex scenarios (Zhang et al. 2024; Yenphraphai et al.
2024; Pandey et al. 2024). 2) Background effects. Current
approaches struggle to infer realistic environmental inter-
actions caused by object manipulations, such as shadows,
reflections, and occlusions. 3) Multi-round editing. Existing
studies lack awareness of scene structure changes, resulting
in inconsistencies after multiple edits. 4) User interface. Pre-
vious works often rely on cumbersome inputs (Wu et al. 2024;
Michel et al. 2023), or require time-consuming reconstruction
process (Yenphraphai et al. 2024; Zhang et al. 2024).

To address the above challenges, we propose Free-Form
Scene Editor (FFSE), an autoregressive generation model
that is capable of handling diverse 3D operations in real-
world images, akin to modern 3D engines such as Un-
real (Unreal Engine 5 2022) and Blender (B. O. Community
2018). A straightforward way is to leverage existing video
datasets (Bain et al. 2021; Zhou et al. 2018) and estimate cor-
responding transformations using off-the-shelf tools (Teed
and Deng 2020; Kirillov et al. 2023; Alzayer et al. 2024; Wu
et al. 2024). However, such data often contains undesired
background dynamics and noisy annotations, making it un-
suitable for learning precise object-centric manipulations. To
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Figure 1: 3D-aware object manipulation results of our Free-Form Scene Editor (FFSE). 1) Object effects. FFSE can process a
variety of 3D operations, including challenging transformations such as rotations. 2) Background effects. FFSE generates realistic
environmental interaction resulting from object manipulations, such as shadows and occlusions. 3) Multi-round editing. FFSE
maintains consistency of scene elements across multiple editing iterations. Moreover, the proposed FFSE provides a user-friendly
interface without time-consuming 3D reconstruction.

address this issue, we construct a hybrid dataset, 3DObjectE-
ditor, which employs image sequences generated with phys-
ical simulation to emulate realistic manipulation dynamics.
Unlike existing datasets (Michel et al. 2023), 3DObjectEd-
itor is specifically designed to support multi-round editing
and covers a broader range of object and scene categories,
along with higher domain diversity. Trained on 3DObjectE-
ditor, our FFSE model can perform various 3D operations
iteratively, while generating plausible background effects
and maintaining scene consistency across edits. In addition,
our multi-stage training strategy enables the model’s robust
performance on real-world images.

In summary, our main contributions are as follows: 1) We
introduce 3DObjectEditor, a hybrid dataset that simulates
image sequences resulting from diverse 3D operations across
a wide range of objects and scenes. 2) We propose FFSE, an
autoregressive framework for 3D-aware image editing that
produces realistic object and background effects while main-
taining scene consistency. 3) Extensive experiments demon-
strate the superior performance of the proposed FFSE over
existing methods.

Related Works
Image Editing. Image editing (Meng et al. 2022; Hertz et al.
2023; Shuai et al. 2024; Yang et al. 2024) has been signifi-

cantly enhanced by powerful text-to-image (T2I) diffusion
models. Existing models enable fine-grained image editing,
like appearance modification, object removal, and image in-
painting.
Object-centric Spatial Manipulation. Current methods for
object-centric manipulation rely on spatial cues like point
pairs (Ling et al. 2024; Shi et al. 2024) or 2D masks (Mou
et al. 2024; Epstein et al. 2023; Li et al. 2025; Shuai et al.
2025), but struggle with precise object-level transformations
and 3D-aware operations. While some approaches recon-
struct 3D scenes for better control (Zhao et al. 2025; Yen-
phraphai et al. 2024), they suffer from time-consuming opti-
mization and noisy geometry estimation.

Methodology
Overview
To simulate the behavior of interactive 3D engines (B. O.
Community 2018; Unreal Engine 5 2022) and enable ma-
nipulation of real-world images, our goal is to train a neural
network for iterative 3D-aware object manipulation. We first
define a formal setting involving a scene state space S, an
operation space O, and a state transition function ptf (s

′|s, o),
where s, s′ ∈ S represent the current and next scene states,
and o ∈ O denotes an editing operation. In addition, we
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define an observation space X , where each element is a pro-
jected view of the state space S via a mapping function fm.

Specifically, the state space S represents the underlying
configuration of scene elements, such as object and back-
ground components, while the observation space X corre-
sponds to images captured from camera views through the
rendering function fm. The operation space O includes a
set of 3D transformations

{
oT , oS , oX , oY , oZ

}
, correspond-

ing to translation, scaling, and rotations around x/y/z axes
aligned with the forward, left, and upward directions in the
object space, respectively. The transition function ptf (s

′|s, o)
can be implemented by a physical simulator that updates the
scene state based on the current state and applied operation.

Given the editing history hr = {(xi, oi)}r−1
i=0 up to r-th

round, where xi ∈ X and x0 is the source image, our goal
is to model the observation distribution p(xr|hr) using a
diffusion-based generative model pθ. To train this model,
we collect a dataset {(hrj , xrj )}

ND
j=1 via a rule-based data

generation pipeline below.

Data Generation
There is no well-established public dataset tailored for learn-
ing 3D-aware object manipulation in multi-round editing. A
suitable dataset must meet several key criteria (see extended
version), while the existing data sources violate some of them.
Therefore, we introduce 3DObjectEditor, a hybrid dataset
that combines real Dreal and synthetic Dsyn samples.
Realistic Domain Dreal. We construct image sequences in
Dreal using following steps: 1) Asset collection. We lever-
age MULAN (Tudosiu et al. 2024), which contains RGBA
images decomposed from scenes in MS-COCO (Lin et al.
2014) and LAION (Schuhmann et al. 2021) datasets. We
only use the MS-COCO part. 2) Scene construction. Based
on labeled foreground & background tags, we randomly se-
lect a background and several object images as scene ele-
ments. For each object, its center position (xp, yp) in the
background image and depth value d are initialized ran-
domly. 3) Sequence construction. For each editing step,
an object is randomly chosen for manipulation, with the op-
eration sampled from the restricted space

{
oT , oS

}
in Dreal.

To simulate different distances from camera view, we deter-
mine the object’s size (the shortest side of image) through
(d− dmax)

smin−smax
dmax−dmin

+ smin, where [smin, smax] and [dmin, dmax]
denote size and depth bounds, respectively. The size bounds
smin and smax are computed by scaling their predefined val-
ues ŝmin and ŝmax with the object’s current scaling factor fs,
i.e., s = ŝ× fs. During translation, we randomly update the
object’s position (xp, yp) and depth d, while in scaling, fs is
adjusted. The final image is rendered using the painter’s algo-
rithm: the background is placed first, followed by foreground
objects rendered in depth order from farthest to nearest.
Synthetic Domain Dsyn. Relying solely on Dreal is insuffi-
cient, as it lacks support for precise object rotation and real-
istic background effects. Therefore, we employ Blender (B.
O. Community 2018) for high-fidelity simulation: 1) Asset
collection. High-resolution panoramic images and 3D scenes
from PolyHaven (PolyHaven 2022) and Sketchfab (Sketch-
fab 2022) are used as backgrounds. For objects, over 6,000

assets are filtered from Objaverse-LVIS (Deitke et al. 2023b)
and Objaverse-XL (Deitke et al. 2023a), including animated
models to increase pose diversity. 2) Scene construction. A
background and a set of object assets are randomly selected to
form a scene. Directional and point lights are added to avoid
underexposed renderings. Objects are appropriately scaled
and randomly placed on the ground plane. For animated as-
sets, a random keyframe is selected to provide diverse object
poses. 3) Sequence construction. At each step, any 3D op-
eration from

{
oT , oS , oX , oY , oZ

}
is applied to a randomly

chosen object. Finally, Blender’s Cycles ray tracer simulates
realistic physics, producing high-quality environmental inter-
action such as shadows.

Free-Form Scene Editor
Existing methods (Michel et al. 2023; Yenphraphai et al.
2024; Wang et al. 2024; Pandey et al. 2024; Zhang et al.
2024; Wu et al. 2024) demonstrate limited capability in 3D-
aware object manipulation, particularly in handling realistic
object effects, background effects, and maintaining consis-
tency in multi-round editing. To address these challenges, we
propose Free-Form Scene Editor (FFSE), an approach that
approximates p(xr|hr) using a neural network parameter-
ized by θ. The model estimates the new observation xr in an
autoregressive manner, conditioned on the editing history hr.

The overall framework of FFSE is shown in Fig. 2. For
training efficiency, we build upon a pretrained video gen-
eration backbone (Blattmann et al. 2023). To model the se-
quential editing process, we maintain a frame buffer and an
operation buffer to store historical observations and user-
specified operations. To encode hr, operation encoder pro-
cesses the past operations {oi}r−1

i=0 from the operation buffer.
The outputs are injected into the main branch via operation
self-attention to guide the editing behavior. In parallel, frame
encoder encodes previous observations {xi}r−1

i=0 to capture
scene dynamics and structural context. It also receives a target
location mask to guide object placement in the current step.
To improve the consistency of the edited object, we introduce
context self-attention to enhance the standard self-attention
layers. Furthermore, to prevent learning the domain-specific
content, we introduce Domain LoRA for each domain in
3DObjectEditor, and employ a multi-stage training strategy
to ensure robust performance on real-world images.
Encoding of the History. We apply different components
to process operations and observations, respectively. Specif-
ically, the operation oi in round i can be decomposed into
source region and operation type&value. In our implementa-
tion, the centroid lpi and bounding box lbi are used as source
region to locate the object before manipulation with differ-
ent granularities. On the other hand, operation type&value
indicates the relative transformation of the object from the
last frame. Concretely, oTi is presented by the normalized
pixel offset, while oSi and oXi , oYi , o

Z
i are encoded by the

scaling factor and rotation angle around the corresponding
axis. Formally, operation encoder encodes source region
and operation type & value by fourier embedding and MLP,
which is denoted by f(·) = MLP(Fourier(·)). The encoded
features of source region csrc

i and operation type & value copt
i
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Figure 2: Overall framework of Free-Form Scene Editor (FFSE) with dashed boxes indicating introduced learnable modules,
where the middle blocks and convolutional layers from the base model are omitted for simplicity. Nd and Nu denote the number
of down and up blocks, respectively. Two 6-length editing sequences are shown as an example, where only DLsyn is active since
the current training batch is sampled from Dsyn. Historical observations and operations are processed by frame encoder and
operation encoder, respectively, to capture scene structure changes. The output of frame encoder is added to down block features,
while the output from operation encoder is injected into the main branch via operation self-attention. Additionally, standard
self-attention modules are enhanced by context self-attention to improve the appearance consistency of the edited object.

in the i-th round are formalized as:

csrc
i =[f(lpi ), f(l

b
i )],

copt
i =[f(oTi ), f(o

S
i ), f(o

X
i ), f(oYi ), f(o

Z
i )],

(1)

where [·] is channel-wise concatenation. Besides, we set the
corresponding elements to learnable “null” embeddings for
conditions not provided. As shown in Fig. 2, we concatenate
the "null" conditions ∅ with

{
csrc
i

}r−1

i=0
and

{
copt
i

}r−1

i=0
along

the sequence dimension, denoted as csrc and copt, respectively,
where ∅ indicates that the initial observation x0 is not derived
from any operation. Finally, inspired from previous works (Li
et al. 2023), we integrate assembled features [csrc, copt] into
the network by injecting operation self-attention between the
context self- and cross-attention layers from spatial modules:

v̂ = v̄ + β · tanh(γ) · TS
(
SelfAttn([v̄, repeat([csrc, copt])])

)
,

(2)
where v̄ is the features from context self-attention. Concretely,
[csrc, copt] is repeated in spatial dimension to align with v̄. TS
truncates the features to select visual tokens. γ is a learnable
scalar and β modulates the control effect in inference time.

On the other hand, we represent target region by the binary
mask Mtgt, which is derived from the bounding box of the
target location in the current round. This design enhances the
location accuracy of the edited object. Then, it is concate-
nated with previous observations {xj}r−1

j=0 , and the final input
is fed to the frame encoder as indicated in Fig. 2, which is a
lightweight branched network. Finally, the output is added to
the spatial features from the down blocks. We randomly omit
Mtgt during training by applying an all-zero mask, which
allows the model to implicitly learn the target region from
the current operation and observations, avoiding cumbersome
input from users in inference time.
Context Self-attention. To maintain the appearance consis-
tency of edited objects after operations, we introduce context
self-attention (CSA) to enhance the ordinary self-attention

modules by referring the edited object in the r-th round to
the same object from the last observation, expressed as:

v̄r = vr + λMtgtsoftmax(Ar,r−1 +
Q

′

r(K
′

r−1)
T

√
d

)V
′

r−1,

(3)
where subscripts r and r − 1 represent sliced features cor-
responding to the current and the last rounds, respectively,
and ′ indicates that the variables are calculated by newly in-
jected layers. For example, vr is the r-th round feature from
ordinary self-attention modules. The learnable λ adjusts the
effects from the last observation, and Mtgt prevents the influ-
ence in irrelevant pixels. Furthermore, Ar,r−1 is a hw × hw
matrix and the element in [i, j] is set to 0 only if Vec(Mr)[i]
and Vec(Mr−1)[j] are all located in the object region, where
Vec(·) represents that the matrix is flattened to vector, Mr

and Mr−1 are masks derived by object bounding boxes in the
current and the last steps. Other elements in Ar,r−1 are all
set to an infinitesimal value, ensuring that only the features
inside the object region are involved in mutual computation.
Multi-stage Training Strategy. We propose a multi-stage
training strategy to learn from 3DObjectEditor. First, we
train the newly injected modules with the whole dataset. To
prevent overfitting to domain-specific content from different
sources, we adopt Domain LoRA (Hu et al. 2022) DLreal and
DLsyn for Dreal and Dsyn, respectively. During training, the
corresponding LoRA modules are loaded into the network
according to the domain identifier of the sample. This setup
allows the model to capture object effects caused by specific
operations shared between Dreal and Dsyn, while enhancing
generalization for diverse in-the-wild images. As shown in
Fig. 2, these LoRA modules are injected only into the context
self-attention layers. The training objective for this stage is:

argmin
θ,DLreal,syn

E(hr,xr)∼Dreal,syn

[∥∥εθ,DLreal,syn

(
xt
0:r, t, hr

)
− ϵ

∥∥2]
(4)
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Figure 3: Evaluation of object effects under different 3D operations in single-round editing.

where xt
0:r is the noisy image sequence in time t, obtained

by injecting Gaussian noise ϵ into x0:r via diffusion forward
process. r is sampled from a uniform distribution bounded
by [rmin, rmax].

Due to the insufficient simulation in Dreal, the model
trained with Eq. (4) may generate unrealistic results. To en-
hance the quality of generated background effects such as
shadows, we finetune the model solely with Dsyn. In this
stage, we load DLsyn into network while only optimizing θ:

argmin
θ

E(hr,xr)∼Dsyn

[∥∥εθ,DLsyn

(
xt
0:r, t, hr

)
− ϵ

∥∥2] . (5)

Inference. Our framework supports iterative user interaction,
enabling the multi-round object manipulation from an initial
source image x0. It is worth noting that Domain LoRA mod-
ules are omitted during inference to preserve the quality of
the base generative model.

Experiment
Implementation Details. We build FFSE upon the pretrained
image-to-video model SVD (Blattmann et al. 2023), training
it with the Adam optimizer (initial learning rate: 1e−4) on
4 NVIDIA A800 80G GPUs. All experiments use 512 ×
512 resolution and a batch size of 8, with rmin = 1 and
rmax = 12. In Stage 1, we jointly train {DLreal, DLsyn} and
newly introduced parameters θ using Dreal and Dsyn for 80K
iterations. In Stage 2, we load DLsyn to the model and further
optimize θ on Dsyn for 10K iterations.
Evaluation Details. For assessing the performance of models,
we concentrate on the following aspects. 1) Maintenance
of source content. We use PSNR and SSIM for assessing
the overall visual similarity. 2) Identity preservation of
the edited object. For the operated object, we use CLIP-
Score (Radford et al. 2021) and DINO-Score (Caron et al.

9037



Task Method Content Consistency Identity Preservation
PSNR ↑ SSIM×102 ↑ DINO ↑ CLIP ↑

Single-round Editing

3DIT (Michel et al. 2023) 20.12 68.76 61.38 80.96
Zero-1-to-3 (Liu et al. 2023) 23.84 71.97 65.42 83.27

Diffusion Handles (Pandey et al. 2024) 18.83 58.33 71.33 88.53
3DitScene (Zhang et al. 2024) 17.67 53.39 73.69 89.11

FFSE (ours) 26.31 79.54 82.39 91.67

Multi-round Editing

3DIT 18.31 57.62 60.19 78.27
Zero-1-to-3 19.81 64.77 61.67 82.38

Diffusion Handles 13.79 50.47 59.06 78.24
3DitScene 10.75 43.24 42.17 76.35

FFSE (ours) 24.96 74.99 79.51 90.42

Table 1: Quantitative evaluation in single-round and multi-round editing.

2021) to compute the semantic similarity between the objects
before and after the manipulation. For multi-round editing,
we average the results of adjacent image pairs from generated
frames. Furthermore, since the operation effects on the object
and background are difficult to evaluate, we conduct a user
study to represent the human preference. For the validation
dataset, we source high-quality images from public websites
like Unsplash (Unsplash 2020), Pixabay (pixabay 2020), and
Pexels (Pexels 2020) to construct diverse and complex scenes
from the real world. Specifically, we collect 50 images in
total and manually select the objects to be edited. Next, we
use an off-the-shelf tool (Liu et al. 2024) to estimate the
bounding box and centroid as source region. Then, several
target region and operation type&value pairs are assigned for
objects to construct samples for different operations. We also
construct operation sequences to assess multi-round editing
performance. Finally, for single-round editing, we obtain
45 test cases for translation, 48 for scaling, 30 for rotation
around the x/y axis, and 40 for rotation around the z axis. We
also get 30 examples for the multi-round editing experiment,
where the sequence length is fixed to 6.
Compared Methods. For compared methods, we focus on
two algorithm families and choose the methods that are
open source and can handle most of the 3D operations de-
scribed in our paper. For image space methods, we choose
3DIT (Michel et al. 2023) and Zero-1-to-3 (Liu et al. 2023)
as compared methods. Specifically, we crop the source region
from the image and apply Zero-1-to-3 to get the transformed
object, which is then overlaid on the target region of the in-
painted background image. Compared 3D methods include
Diffusion Handles (Pandey et al. 2024) and 3DitScene (Zhang
et al. 2024), which manipulate estimated point clouds or re-
constructed 3DGS (Kerbl et al. 2023). Since 3DitScene and
Diffusion Handles do not implement scaling operations, we
move the object from/closer to the camera to emulate scaling
down/up. Besides, for operations that are not supported by
the compared method, we directly return the source image.

Comparisons with State-of-the-Art Methods
Comparison on Single-round Editing. In this experiment,
we primarily evaluate the performance in single-round edit-
ing, concentrating on the effects of object and background
caused by specific manipulations. Fig. 3 demonstrates the

performance of object effects from different 3D operations.
For image space methods, 3DIT only supports limited op-
eration types and suffers from poor generalization ability.
As a result, it fails to accomplish most of the edits. On the
other hand, although it suffers from a cumbersome workflow,
Zero-1-to-3 can handle most of the 3D operations. However,
it fails to achieve the goal in some complicated scenarios
(rows 3,5 in Fig. 3). Furthermore, the noisy estimation of the
inpainting model leads to unwanted artifacts in the occluded
area, as shown in row 1 of Fig. 3. In contrast, 3D space meth-
ods outperform in operations requiring geometric knowledge,
such as object rotation. Nevertheless, they are limited by the
time-consuming reconstruction process and low-quality re-
sults caused by noisy geometry estimation. In comparison,
our method accomplishes all operations with high fidelity
and quality. For example, FFSE can recover or manipulate
the occluded object (the red checker piece in row 1 and the
sofa in row 2). For rotation around principal axes, our method
generates accurate object transformations, while achieving
realistic physical effects, such as the reflection of light on the
chess piece in the last row of Fig. 3. The quantitative results
in Tab. 1 and the user study in the extended version also
demonstrate that FFSE outperforms in consistency, quality,
and operation fidelity.

We assess the plausibility of background effects in Fig. 4.
As shown in rows 1,2 of Fig. 4, the compared methods fail
to create realistic shadows and reflections, caused by the
limited knowledge of the interaction between the object and
environment. In the 1st row of Fig. 4, most of the methods fail
to remove the dog’s shadow in the source area and generate
the correct effect in the target location. Although 3DIT is
trained on data created by physical simulation, it is limited
by the poor generalization ability on real-world images. The
last row of Fig. 4 evaluates the case of occlusion. Among the
compared methods, 3DitScene achieves better performance
using reconstructed scene structure, but with artifacts in the
source region. Other methods struggle to place the object
behind the teapot, exhibiting incorrect occlusion. Our method
generates reasonable environmental interactions in all cases.
The user study in the extended version also demonstrates the
physical plausibility of our method.
Comparison on Multi-round Editing. In this experiment,
we evaluate the multi-round editing performance of FFSE
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Setting Content Consistency Identity Preservation
PSNR ↑ SSIM×102 ↑ DINO ↑ CLIP ↑

w/ Dreal 25.86 79.31 81.92 91.11
w/ Dsyn 24.37 74.51 73.31 86.43

w/o stage 2 25.92 79.33 78.77 89.82
w/o DL (a) 25.37 76.54 79.53 89.75
w/o DL (b) 24.53 73.25 74.92 88.13

w/o CSA 24.81 75.17 75.65 88.71
FFSE(Ours) 26.31 79.54 82.39 91.67

Table 2: Ablation studies.
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Figure 4: Evaluation of background effects in single-round
editing. The figures demonstrate that FFSE generates more
physically-plausible environmental interactions.

and representative methods from image space and 3D space
algorithm families. For the qualitative experiment, we as-
sess methods’ awareness of scene structure changes through
changing the occlusion relationships among objects. As
shown in columns 2-4 of Fig. 5, we translate the teapot in
front of the cup and then move it away. Both Zero-1-to-3 (Liu
et al. 2023) and Diffusion Handles (Pandey et al. 2024) fail to
recover the cup. Besides, as the number of editing rounds in-
creases, the quality of their results deteriorates progressively
due to accumulated errors. In contrast, our method accurately
restores the occluded object, exhibiting high consistency af-
ter multiple manipulations. Tab. 1 also reveals that FFSE
achieves better performance in multi-round editing.

Ablation Studies
In this experiment, we perform ablation studies to illustrate
the impacts of our multi-stage training strategy and context
self-attention (CSA). Fig. 6 compares different settings in the
same editing scenario. Due to the unrealistic physical simula-
tion, the model trained with Dreal manipulates the object in
a copy-and-paste manner with incorrect shadow in the back-
ground. The model trained with Dsyn generates low-quality
images with oversaturated color, which means it overfits to
the rendering style. The performance of the model trained
with a single stage falls between the above two models, re-
sulting in unrealistic shadows. To verify the effectiveness
of Domain LoRA DLsyn and DLreal, we additionally train
a model based on a single set of LoRA modules. When
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Figure 5: Evaluation in multi-round editing. FFSE accom-
plishes the operation in each editing round, and maintains
high consistency of scene elements. As indicated in columns
2-4 of our method, the cup is first occluded by the teapot, and
then becomes visible.
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Figure 6: Ablation studies.

the LoRA set is removed during inference ("w/o DL (a)"
in Fig. 6), the model fails to perform the correct operation
since the LoRA modules are coupled with operation mod-
ules. When the LoRA set is fully loaded ("w/o DL (b)"), the
image quality is compromised by the artifacts. On the other
hand, the model without CSA exhibits lower consistency of
object appearance. The object-level metrics in Tab. 2 also
demonstrate the improvement in consistency from CSA.

Conclusion

We introduced FFSE, a 3D-aware autoregressive image edit-
ing framework that enables users to perform iterative object
manipulations directly on real-world images. Trained on our
dataset 3DObjectEditor that combines realistic and synthetic
sequences across diverse objects and scenes, FFSE learns to
perceive structural changes and maintain consistency across
multiple editing rounds. By integrating condition-specific
components and a multi-stage training scheme, our model
can handle various 3D operations and generalize well to in-
the-wild scenarios. Extensive experiments show that FFSE
outperforms previous methods in both single-round and multi-
round editing, delivering high-quality results.
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