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Fig. 1: Showcase of proposed GeoEdit. In this paper, we propose GeoEdit, a
training-free pipeline that lifts editing into 3D for physically plausible object manipu-
lation, without external 3D software or synthetic training data.

Abstract. Precisely manipulating objects in a single photograph (trans-
lation, rotation, scaling) while obeying 3D physical constraints remains
unsolved for diffusion-based editors. Current 2D methods lack spatial
awareness and produce perspective violations. Forcing structural proxies
into the latent space also disrupts variance homogeneity, and the result-
ing self-attention leakage leads to ghosting and background blur. The
core difficulty is asymmetric: the relocated object must follow a rigid
geometry, yet the uncovered background needs freedom to synthesize
plausible content. We present GeoEdit, a training-free Lift-Manipulate-
Render-Denoise pipeline that satisfies both constraints. We decouple
scene and object in 3D, align them through point correspondence, and
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render a geometry-aligned proxy with a structural depth map. A Dual-
Branch Denoising stage then refines this proxy: a video diffusion back-
bone preserves object identity, while 3D constraints are injected into the
foreground within a narrow denoising window at matching noise vari-
ance (variance-homogeneous injection). The background denoises freely.
Because the injected signal matches the native latent statistics, self-
attention stays undisturbed. We also introduce GeoEditBench, a pose-
aware benchmark covering object translation, object rotation, and cam-
era movement with pose-aware evaluation metrics. Experiments confirm
consistent gains in geometric accuracy, identity fidelity, and background
quality, validated by automatic metrics and human studies. Code and
data are publicly available at https://github.com/Heey731/GeoEdit.
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1 Introduction

Image diffusion models [14, 17, 21–23, 47, 54–56] have advanced synthesis and
editing, but one task remains open: precisely manipulating objects in 3D, trans-
lating, rotating, or scaling them within a photograph while respecting physical
constraints. Such control matters for content creation and augmented reality,
where edits must obey perspective, occlusion, and scene geometry.

Existing approaches, primarily mask-based inpainting [26], operate entirely
in the 2D pixel plane and have three systematic weaknesses. First, without 3D
spatial awareness, modifying object coordinates in the image domain violates
perspective constraints and produces distorted geometry. Second, the strong
generative prior of diffusion models tends to hallucinate remnants of the original
object at its old position, a phenomenon called ghosting. Third, forcing struc-
tural proxies such as hard masks into the latent space introduces a distribution
mismatch: abrupt interventions break the variance homogeneity that Diffusion
Transformers [43] assume, and the resulting self-attention leakage causes back-
ground blur and structural collapse.

These failures share a common root: the edited foreground and the uncovered
background impose asymmetric generative demands. The relocated object must
rigidly follow a prescribed 3D geometry, while the exposed background, which
now contains disoccluded holes and the original object’s footprint, needs gener-
ative freedom to synthesize plausible content. No single denoising trajectory can
satisfy both at once.

We introduce GeoEdit, a framework that resolves this conflict through a
principled Lift-Manipulate-Render-Denoise pipeline. Inspired by decoupled 3D
reconstruction approaches [5], our lifting phase independently recovers the global
scene and a geometry-complete foreground object, then registers them through
cross-space point matching into a unified coordinate frame. Users apply pre-
cise spatial manipulations, and the manipulated object is rendered back into a
geometry-aligned proxy image alongside a structural depth map that provides
rigid conditioning for generation.

https://github.com/Heey731/GeoEdit
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To turn this coarse proxy into a photorealistic composite, we propose Dual-
Branch Denoising. We repurpose a video diffusion backbone [60] whose tempo-
ral prior inherently preserves object identity; no identity-specific fine-tuning is
needed. Motivated by the region-dependent scheduling of Time-to-Move [53], we
inject the 3D proxy into the foreground region only within a carefully selected
denoising window. The injection uses variance-homogeneous noise matching so
that the modified latent is statistically indistinguishable from the native denois-
ing path; this prevents self-attention leakage. Outside the window, the generative
prior freely removes the original object and fills in the background. The result
is an asymmetric treatment of foreground rigidity and background flexibility,
without architectural changes or additional training.

The main contributions of this work are:

– A geometry-aware training-free editing framework based on a Lift-Manipulate-
Render-Denoise pipeline that lifts editing into 3D for physically plausible
object manipulation, without external 3D software [8] or synthetic training
data [38].

– Dual-Branch Denoising, which uses a video diffusion backbone for identity
preservation and injects 3D constraints via variance-homogeneous injection
within a selective denoising window, resolving the asymmetric constraint
between foreground rigidity and background flexibility.

– GeoEditBench, a benchmark covering object translation, object rotation,
and camera movement with pose-aware evaluation metrics, along with con-
sistent improvements over existing methods.

(a)Source & Instruction (d) Ours(b) Text-to-Image (c) Unaligned 3D Editing

1.2X

120°

Fig. 2: Comparison with previous approaches on geometry-aware object ma-
nipulation. Given a source image and an instruction requiring a 120◦ rotation and
1.2× scaling, existing methods struggle to maintain geometric consistency. In contrast,
our method faithfully follows the specified transformation while preserving object iden-
tity and producing coherent, realistic results.

2 Related Work

Image editing with diffusion models. GAN-based models [18, 20] first en-
abled controllable editing through latent manipulation [50] and text-driven syn-
thesis [42]. Diffusion models [9,17,28–36,47,51,67] have since become the domi-
nant paradigm: InstructPix2Pix [4] supports text-guided editing, and RePaint [26]
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enables mask-based inpainting. ControlNet [73] adds spatial conditions such as
depth [46] and edges [66], while DragGAN [40] and DragDiffusion [52] allow
point-based manipulation. These methods all operate in the 2D image plane
and struggle with out-of-plane transformations that require 3D spatial reason-
ing. Similarly, recent 2D editing and insertion methods such as FateZero [44],
Ctrl&Shift [48], and ObjectAdd [75] provide useful semantic or composition con-
trol but lack explicit physical constraints for prescribed 3D transformations.
Geometry-aware object editing. Single-image lifting methods [12,15,16,24,
25, 27, 39, 61, 62, 69, 70, 76, 77] synthesize novel views but often lack appearance
consistency when composited into real scenes. Dataset-driven approaches [7,11]
suffer from synthetic-to-real domain gaps [64,68]. Among diffusion-based works,
GeoDiffuser [49] and Diffusion Handles [41] inject 3D conditions, while Object-
3DIT [38] uses language guidance but relies on synthetic data. ObjectMover [72]
uses video priors for translation, and BlenderFusion [8] requires external 3D soft-
ware. Recently, 3DitScene [74] lifts pixels to 3D Gaussians for Score Distillation
Sampling (SDS) editing. While semantic alignment is competitive, SDS incurs
high computational costs and yields weaker geometric correctness. In contrast,
our training-free pipeline uses monocular lifting to support full rigid transfor-
mations (rotation, scaling) without external software or synthetic data.
Denoising strategies for structured editing. Injecting structural constraints
into pre-trained diffusion models without compromising generation quality re-
mains a core challenge. SDEdit [37] balances fidelity and realism via timestep-
based initialization, while Blended Diffusion [2] and DiffEdit [10] rely on masked
blending, often causing boundary artifacts or distribution mismatch. More re-
cently, Time-to-Move [53] explores region-dependent scheduling for video gen-
eration. Our Dual-Branch Denoising resolves the asymmetric tension between
rigid foreground geometry and generative background freedom via variance-
homogeneous injection within a selective denoising window, which preserves la-
tent statistics and effectively suppresses self-attention leakage.

3 Method

We present a geometry-aware framework for precise object manipulation. As
shown in Fig. 3, our pipeline follows a 2D→3D→2D workflow. While the 3D
lifting and rendering modules leverage existing techniques, the core contribution
of GeoEdit is a dual-branch denoising architecture with variance-homogeneous
injection. This mechanism mitigates attention leakage by aligning injected noise
statistics with the pre-trained diffusion backbone, enabling rigid foreground
transformation alongside free-form background synthesis. The source image is
first lifted into a 3D representation for user-defined spatial transformations, ren-
dered into a 2D proxy (Iproxy) with a depth map, and finally converted into a
photorealistic composite via our dual-branch denoiser (Sec. 3.2, 3.3).
Problem Formulation. Given a source image Isrc ∈ RH×W×3 and a user-
specified 3D transformation T = {R, t, s} on a target object, the framework
produces geometrically aligned conditioning signals: a geometry-aligned proxy
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Fig. 3: Overview of the proposed framework. Top: Decoupled 3D reconstruction
and precise alignment pipeline. Bottom: Dual-branch denoising architecture featuring
warm-start initialization and variance-homogeneous injection.

Iproxy ∈ RH×W×3, a structural depth map Drep ∈ RH×W , and a spatial mask
M ∈ {0, 1}H×W obtained by projecting the transformed object silhouette back
into the image plane. The goal is to generate a realistic composite x0 ∈ RH×W×3

that strictly respects T while preserving the unedited background of Isrc.

3.1 Preliminaries: Latent Diffusion Models

Latent Diffusion Models (LDMs) [17,47] operate in a compressed latent space to
reduce computational cost while maintaining generation quality. Given an RGB
image x ∈ RH×W×3, a pre-trained encoder maps it to a latent representation
z0 = E(x). The forward diffusion process gradually adds Gaussian noise to z0
over T steps. At timestep t ∈ [1, T ], the noisy latent zt is:

zt =
√
ᾱt z0 +

√
1− ᾱt ϵ, ϵ ∼ N (0, I) (1)

where ᾱt follows a predefined noise schedule. During the reverse process, a net-
work ϵθ, parameterized as a UNet or Diffusion Transformer (DiT), is trained to
predict the added noise ϵ given t and optional conditioning signals c:

LLDM = Ez0,ϵ∼N (0,I),t,c

[
∥ϵ− ϵθ(zt, t, c)∥22

]
(2)

Once sampling is complete, a decoder maps the denoised latent back to pixel
space: x′ = D(z0). Our method does not fine-tune any model weights; it inter-
venes in the reverse sampling process to inject 3D geometric constraints into a
pre-trained DiT.
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3.2 Decoupled 3D Reconstruction and Canonical Alignment

To overcome the occlusion ambiguity inherent in monocular lifting, we recon-
struct the global scene and the target object independently.
Decoupled 3D Reconstruction. As shown in Fig. 3, we first use a monocular
depth estimator [63] to lift the source image Isrc into an incomplete 3D scene.
The spatial mask M segments this scene into a background Pbg and a visible
foreground anchor Pvis

fg . To enable precise manipulation, the occluded surfaces of
the target object must be recovered. We apply a multi-view diffusion model [59]
to the masked foreground to synthesize novel views, constructing a geometry-
complete object point cloud Pcomp

fg in an isolated canonical space.
Correspondence-Aware Alignment. To perform physically plausible edits,
the isolated object must be registered back into the global scene. Both Pcomp

fg

and Pvis
fg originate from Isrc, so points at the same pixel coordinate u correspond

to the same physical surface point [5]. We use this to extract dense 3D–3D
correspondences:

C =
{(

Pcomp
fg (u), Pvis

fg (u)
)
| M(u) = 1

}
(3)

From the correspondence set C, we compute the optimal similarity transforma-
tion (rotation Ralign, translation talign, scale salign) by minimizing the registra-
tion error:

argmin
Ralign, talign, salign

∑
(p,q)∈C

∥salign Ralign p+ talign − q∥22 (4)

where p = Pcomp
fg (u) and q = Pvis

fg (u) denote the matched 3D points. This
aligns Pcomp

fg into the global scene space, establishing a unified coordinate frame
in which the user can precisely apply the desired manipulation T .
Proxy Rendering. To render the final conditioning signals, the original visible
foreground is removed, leaving an exposed background hole in Isrc. Instead of
relying on a black-box heuristic, this hole is efficiently filled using the Telea
inpainting algorithm [58] based on the fast marching method, providing a coarse
but structurally continuous global color layout. The aligned and manipulated 3D
object is then re-projected over this completed background to form the geometry-
aligned proxy Iproxy and the structural depth map Drep. While the background
texture is coarse at this stage, the downstream denoising uses it as a structural
baseline and synthesizes realistic high-frequency details.

3.3 Dual-Branch Denoising and Variance Injection

After the 3D editing and rendering process, the geometry-aligned proxy Iproxy
has correct 3D structure but coarse textures and exposed background holes.
Adapting this proxy via standard single-timestep initialization (SDEdit [37])
presents a trade-off between structural preservation and semantic realism. As
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Fig. 4: Visualizing the generative trade-off. Different configurations of initializa-
tion (tweak) and injection (tstrong) timesteps dictate whether the model leans towards
preserving the rigid object skeleton or hallucinating semantic background details.

the attention heatmaps in Fig. 4 illustrate, a large initialization timestep affords
the generative prior enough freedom to hallucinate realistic backgrounds, but
inevitably degrades the prescribed 3D object skeleton, causing severe geometric
drift. Conversely, a small timestep forces strict adherence to the proxy but retains
coarse, unrealistic background artifacts.

We argue that the manipulated foreground and the unedited background
require asymmetric generative constraints: the target object demands rigid ad-
herence to the 3D spatial signal, whereas the background requires generative
flexibility. Furthermore, standard DiTs assume a globally homogeneous noise
distribution. Directly forcing mismatched latents into specific regions disrupts
this homogeneity, causing self-attention leakage and global blurring. To reconcile
these constraints, we introduce a training-free Dual-Branch Denoising strategy
(Fig. 3, bottom).
Video Diffusion Backbone. We build on a depth-conditioned video diffu-
sion model ΦVDM [19, 60] as our generation backbone. The source image Isrc is
the appearance reference, Drep provides structural depth conditioning through
ControlNet-style control blocks [73] that inject geometric features into the trans-
former, and a text prompt c guides semantic context:

x0 = ΦVDM (Isrc, Drep, c)
∣∣
last frame (5)

Depth maps act as a geometric scaffold that anchors the object’s skeleton against
degradation during high-noise phases. To repurpose this video model for single-
image editing, we construct a short target sequence by repeating the proxy as
identical frames; the temporal self-attention of ΦVDM then enforces cross-frame
consistency, which naturally preserves the object’s identity without any identity-
specific fine-tuning or adapters. The last generated frame is taken as the output.
Warm-Start Initialization. We avoid the semantic ambiguity of pure noise
(t = T ) by initializing the reverse process at an intermediate timestep tweak. We
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Algorithm 1 Dual-Branch Denoising
Require: Source image Isrc, proxy Iproxy, depth Drep, mask M , window bounds tweak,

tstrong, video backbone ΦVDM

Ensure: Edited composite x0

1: zproxy ← E(Iproxy) {Encode proxy to latent space}
2: ϵ′ ∼ N (0, I) {Sample fixed noise (reused across all steps)}
3: ztweak ←

√
ᾱtweak zproxy +

√
1− ᾱtweak ϵ

′ {Warm-start initialization}
4: for t = tweak, . . . , 1 do
5: zpred

t−1 ← Denoise(ΦVDM, zt, t, Isrc, Drep) {Backbone step}
6: if tstrong < t ≤ tweak then
7: zref

t−1 ←
√
ᾱt−1 zproxy +

√
1− ᾱt−1 ϵ

′ {Variance-matched proxy}
8: zt−1 ←M ⊙ zref

t−1 + (1−M)⊙ zpred
t−1 {Replace foreground only}

9: else
10: zt−1 ← zpred

t−1 {Outside window: free running}
11: end if
12: end for
13: x0 ← D(z0) {Decode to pixel space}

encode Iproxy and perturb it to tweak:

ztweak =
√

ᾱtweak E(Iproxy) +
√
1− ᾱtweak ϵ

′, ϵ′ ∼ N (0, I) (6)

This establishes a global color layout and structural baseline, so the model retains
the scene’s overall identity from the start of the denoising trajectory.
Variance-Homogeneous Injection. To enforce asymmetric constraints, we
perform selective latent replacement within a denoising window tstrong < t ≤
tweak. At each step t within this window, instead of raw feature replacement,
we synchronize the masked object region with the forward-noised proxy [53].
Building on the masked blending of Blended Diffusion [2] but strictly maintaining
variance homogeneity, we formulate the injection as:

z̃t−1 = M ⊙
(√

ᾱt−1 E(Iproxy) +
√
1− ᾱt−1 ϵ

′
)
+ (1−M)⊙ zpred

t−1 (7)

where zpred
t−1 is the latent predicted by the ΦVDM backbone, and ϵ′ ∼ N (0, I) is a

fixed Gaussian noise tensor sampled once at the start. The foreground thus tracks
the proxy’s 3D geometry, while the background zpred

t−1 evolves under the generative
prior. Because the injected signal has exactly the variance that the noise schedule
prescribes at timestep t−1, it is statistically indistinguishable from the native
denoising path, and the self-attention mechanism sees a spatially homogeneous
distribution. To quantitatively validate this, we introduce the Attention Leak-
age Ratio (ALR) to measure the fraction of background-query attention mass
assigned to foreground proxy tokens, defined as ALR=meanl,hA

l,h
B→F/A

l,h
B→∗. Our

analysis confirms that this variance-matched injection effectively suppresses self-
attention leakage, notably reducing the ALR from 8.4% to 6.4% at the peak
leakage step (t = 46). Fixing ϵ′ across all steps maintains structural consistency
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of the injected proxy. The complete dual-branch denoising procedure is summa-
rized in Algorithm 1.
Global Harmonization. Once the denoising crosses t ≤ tstrong, the mask injec-
tion loop terminates. The latent evolves freely under the pre-trained generative
prior. During this phase, the model harmonizes mask boundaries and synthesizes
high-frequency textures to fill disoccluded holes. The final decoded frame is the
output composite.

4 Experiments

4.1 Implementation Details

Our framework operates as a fully training-free pipeline, strategically orchestrat-
ing off-the-shelf pre-trained models across all intermediate stages. Specifically, we
adopt VGGT [63] for dense 3D point-map reconstruction from both the source
image and the synthesized multi-view observations. To achieve canonical ob-
ject completion, SV3D [59] is utilized to generate geometrically consistent novel
views of the isolated foreground. The terminal dual-branch denoising phase is
powered by Wan2.2-VACE [19, 60], which serves as our depth-conditioned gen-
erative prior.

All experiments are conducted on a single NVIDIA A800 GPU at a stan-
dardized resolution of 720× 480 pixels. For variance-homogeneous injection, we
use a diffusion schedule of T = 50 timesteps, setting the warm-start thresh-
old to tweak = 47 and ending mask injection at tstrong = 40. This empirically
determined window achieves the best trade-off between geometric fidelity and
background harmonization. Runtime analysis shows that the 3D extraction stage
requires approximately 2 minutes and 19 GB of VRAM, whereas the denoising
stage takes about 16 minutes and 44 GB of VRAM.

4.2 GeoEditBench

To systematically evaluate geometry-aware image editing, we introduce GeoEd-
itBench, a benchmark of 200 image pairs collected from diverse real-world sce-
narios. We curate the dataset by removing samples with ambiguous geometry,
severe rendering artifacts, or inconsistent illumination. The benchmark is di-
vided into three categories according to the primary spatial transformation: 80
object translation examples, 80 object rotation examples, and 40 cam-
era movement examples. This category-aware design enables both overall and
per-category evaluation of spatial editing performance under diverse geometric
manipulations.

4.3 Comparison with Baselines

Quantitative comparison. Table 1 reports the quantitative zero-shot evalua-
tion of our method against several recent baselines on GeoEditBench, evaluated
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Fig. 5: Qualitative comparison of different methods on object manipulation
tasks. Our model achieves superior performance compared to state-of-the-art methods
in background preservation and geometric consistency.

on the same pre-defined fixed 50-pair stratified subset used throughout Tabs. 1-3.
Following prior work, we evaluate performance across three dimensions: (i) re-
construction fidelity using PSNR; (ii) object identity preservation using DINO [6]
and CLIP similarity [45]; and (iii) perceptual discrepancy using LPIPS and
DreamSim [13]. To assess the physical correctness of 3D manipulations, we fur-
ther introduce PoseMap IoU and Object IoU. PoseMap IoU compares predicted
and target pose maps, while Object IoU measures silhouette alignment with
the transformed target mask; both rely on external estimators independent of
GeoEdit. Overall, our method achieves the strongest performance on most met-
rics, obtaining the highest PSNR (23.499) and DINO (0.961) alongside the lowest
LPIPS (0.114) and DreamSim (0.027). On the geometry-aware metrics, GeoEdit
further achieves 94.9% PoseMap IoU and 57.9% Object IoU, demonstrating pre-
cise geometric control. Although NanoBanana attains a slightly higher CLIP
score (0.976 vs. 0.952), our method provides the strongest overall balance be-
tween geometric correctness, identity preservation, perceptual quality, and back-
ground fidelity. Additional evaluations (3DEdit-Bench, per-category results, and
confidence intervals) are provided in the Supplementary Material.

Qualitative comparison. Figure 5 presents a qualitative comparison between
our method and several state-of-the-art approaches, including Image Sculpt-
ing [71], NanoBanana [1], Flux-Kontext [3], Qwen-Image-Edit [65], and 3DiT [38].
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Table 1: Comparison with state-of-the-art object editing methods on the fixed 50-pair
stratified subset of GeoEditBench. Preference scores (Pref. ↑) indicate VLM (AI) and
human ratings. Geometry-aware metrics explicitly evaluate 3D transformation correct-
ness. Red and Blue denote the best and second best results.

Method Quantitative metrics Pref. ↑

CLIP ↑ PSNR ↑ DINO ↑ LPIPS ↓ DreamSim ↓ PoseMap IoU ↑ Object IoU ↑ AI Human

Qwen-Image [65] 0.885 14.013 0.685 0.431 0.185 66.7% 8.8% 2.010 2.667
NanoBanana [1] 0.976 19.164 0.948 0.118 0.031 75.0% 25.2% 3.085 2.286

3DiT [38] 0.941 21.532 0.771 0.371 0.084 60.0% 33.5% 1.300 1.191
Flux-Kontext [3] 0.927 20.250 0.841 0.261 0.112 66.7% 51.3% 2.563 2.714
Image Sculpting [71] 0.939 22.101 0.802 0.147 0.104 80.0% 28.2% 2.215 2.619

Ours 0.952 23.499 0.961 0.114 0.027 94.9% 57.9% 4.125 4.810

3DiT exhibits limited generalization to real-world data, likely due to its reliance
on specific training datasets. Image Sculpting demonstrates relatively strong
object manipulation capability; however, it tends to lose fine-grained details,
which affects overall visual fidelity. Flux-Kontext and Qwen-Image-Edit show
some limitations in maintaining background consistency, leading to noticeable
inconsistencies in certain surrounding regions after editing. NanoBanana pre-
serves background content comparatively well, but its ability to perform precise
object manipulation appears less robust in complex spatial adjustments. In con-
trast, our method achieves more reliable camera pose control and object reloca-
tion while maintaining consistent background appearance, resulting in visually
coherent and geometrically aligned outputs.

Table 2: Quantitative Ablation on
Timestep Thresholds. We evaluate the
trade-off between geometric structure preserva-
tion and semantic appearance generation. Our
configured interval (tw = 47, ts = 40) achieves
the optimal balance across all metrics.
Configuration (tw, ts) PSNR ↑ DINO ↑ CLIP ↑ DreamSim ↓

Pure Prior (50, 50) 18.479 0.894 0.921 0.057
SDEdit Init (47, 47) 20.724 0.932 0.921 0.044
Low Noise Init (40, 40) 21.822 0.942 0.906 0.060
Full Injection (50, 0) 20.012 0.860 0.871 0.050
Pure Proxy (1, 1) 19.465 0.812 0.806 0.084

Ours Optimal (47, 40) 23.499 0.961 0.952 0.027

Human and AI Preference
Evaluation. Given the inher-
ently subjective nature of gener-
ative editing, we conduct compre-
hensive qualitative assessments
utilizing both human partici-
pants and an advanced Vision-
Language Model (VLM). We eval-
uate the generated results based
on three core criteria: (1) Ob-
ject Identity Preservation, assess-
ing whether the manipulated tar-
get strictly retains its original ap-
pearance; (2) Instruction Fidelity, measuring how accurately the visual edit re-
flects the provided spatial command; and (3) Background Preservation, evaluat-
ing the consistency and intactness of the unedited regions.

For the human preference study, we collected questionnaire responses from
25 independent participants. Evaluators were presented with the original source
image alongside the specific editing instruction, and were asked to rate the gen-
erated outputs from different models on a scale ranging from 0 to 5, where higher
scores indicate superior generation quality. The final human preference score for
each method is computed as the average rating across all participants and test
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Fig. 6: Visual Ablation on Timestep Thresholds. We illustrate the fundamental
trade-off between semantic realism (left) and geometric structure preservation (right).
Relying predominantly on the generative prior (e.g., tw = 50, ts = 50) grants exces-
sive freedom, resulting in structural deviation from the proxy. Conversely, excessive
proxy injection at low noise levels (e.g., tw = 1, ts = 1) rigidly preserves geometry but
introduces severe rendering artifacts and blending failures. Our optimal configuration
(tw = 47, ts = 40) strikes the perfect balance, achieving seamless background harmo-
nization while strictly adhering to the intended 3D spatial transformation.

Input Image manipulation w/o Warm-Start w/o Variance Homogeneity Naive Baseline Ours

Fig. 7: Qualitative Ablation on Proposed modules. We demonstrate the vi-
sual impact of each core module. The Naive Baseline struggles with both 3D skele-
ton preservation and background fidelity, yielding a distorted pose and altered con-
text. Removing the warm-start initialization (w/o Warm-Start) results in an unnatu-
ral background synthesis, failing to smoothly harmonize the generated textures with
the original scene. Critically, injecting uncalibrated spatial constraints (w/o Variance
Homogeneity) severely disrupts the homogeneous latent distribution, leading to catas-
trophic rendering artifacts. In contrast, Ours seamlessly executes the complex spatial
manipulation while preserving a highly natural and faithful background.

cases, achieving a Krippendorff’s α of 0.74 which indicates substantial inter-rater
agreement.

To complement the human study and provide a scalable complementary as-
sessment, we employ a Gemini-family multimodal model [57] as an expert VLM
judge. Prompted to act as an impartial image quality scorer, the VLM is provided
with the identical input trio—the source image, the manipulation instruction,
and the generated result. It analyzes visual coherence and instruction alignment
to assign a comprehensive quality score from 0 to 5. As reported in Tab. 1, our
framework secures the highest preference scores from both human evaluators
and the AI judge, corroborating its robust perceptual superiority (inter-rater
agreement details in Suppl. Material).

4.4 Ablation Studies

Effectiveness of Dual-Branch Denoising. To analyze the effectiveness of our
dual-branch denoising framework, we conduct ablation studies on the critical
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timestep thresholds summarized in Tab. 2. The results reveal a clear trade-off
between geometric structure preservation and semantic realism under conven-
tional editing settings. As shown in Fig. 6, relying on single-timestep initializa-
tion struggles to balance foreground geometry and background generation. A
high initialization noise at step 47 increases generative freedom and achieves a
CLIP score of 0.921, but weakens geometric fidelity, leading to a lower PSNR
of 20.724 and a DreamSim error of 0.044. Reducing the initialization noise to
step 40 improves spatial alignment (PSNR 21.822) but limits semantic diversity,
lowering the CLIP score to 0.906.

Extreme configurations further highlight this limitation. Initializing from
pure noise destroys the prescribed geometry (PSNR 18.479), while excessive
proxy injection exposes rendering artifacts and degrades feature consistency
(DINO 0.812, DreamSim 0.084). Moreover, enforcing full injection across all
timesteps disrupts the diffusion process, reducing the DINO score to 0.860.

In contrast, our calibrated denoising window (tw = 47, ts = 40) achieves the
best balance between structural fidelity and semantic realism, improving PSNR
to 23.499 and DINO to 0.961 while reducing DreamSim to 0.027, validating the
effectiveness of our asymmetric constraint strategy.

Table 3: Quantitative Ablation on Pro-
posed Components. We validate our frame-
work using a leave-one-out strategy on the uni-
fied 50-pair protocol. Removing any core com-
ponent significantly degrades either geometric
preservation or semantic harmony, while our full
model achieves the optimal balance across all
metrics.
Model PSNR ↑ DINO ↑ CLIP ↑ LPIPS ↓ DreamSim ↓

Naive Baseline 16.217 0.835 0.890 0.253 0.049
w/o Warm-Start 21.320 0.943 0.942 0.134 0.043
w/o Variance Homogeneity 11.494 0.314 0.682 0.520 0.240

Ours (Full Model) 23.499 0.961 0.952 0.114 0.027

Effectiveness of Variance-Homogeneous
Injection. Variance-homogeneous
injection serves as the mathe-
matical cornerstone of our spa-
tial constraint mechanism. As
reported in Tab. 3, replacing
our synchronized forward-noise
injection with uncalibrated con-
straints (w/o Variance Homo-
geneity) leads to a catastrophic
performance collapse. Disrupting
the homogeneous latent distribu-
tion of the pre-trained diffusion
model severely degrades deep fea-
ture representations, causing the DINO score to plummet from 0.961 to 0.314 and
the CLIP score to drop to 0.682. Structurally, this lack of variance alignment
induces severe geometric distortions, increasing the DreamSim error to 0.240.
This quantitative degradation is vividly reflected in Fig. 7, where the absence
of this module produces extreme attention leakage and catastrophic rendering
artifacts, highlighting that variance homogeneity is critical for stable generative
editing.

Effectiveness of Warm-Start Initialization. The warm-start initialization
is crucial for anchoring the global color layout and preserving the unedited back-
ground context. When this module is removed (w/o Warm-Start), the diffusion
process is forced to reconstruct the scene from pure Gaussian noise without the
low-frequency guidance of the source image. Tab. 3 demonstrates that this omis-
sion causes a decline in pixel-level and perceptual fidelity, with PSNR dropping
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from 23.499 to 21.320 and the LPIPS perceptual error surging from 0.114 to
0.134. Qualitatively, as demonstrated in Fig. 7, failing to warm-start the latents
results in an unnatural background synthesis that completely alters the original
illumination and environmental context. By successfully integrating this initial-
ization, our full model reliably executes complex spatial manipulations while
maintaining a highly faithful background.

5 Conclusion

In this paper, we presented GeoEdit, a principled framework for enforcing
strict 3D physical constraints, including translation, rotation, and scaling, in
single-image object manipulation. We show that the core challenge in diffusion-
based editing arises from the asymmetric generative requirements of the scene:
geometry-constrained foreground manipulation and free-form background hal-
lucination. To address this, GeoEdit adopts a Lift-Manipulate-Render-Denoise
pipeline that lifts 2D editing into a geometry-aware 3D space. Our Dual-Branch
Denoising mechanism bridges the rendered proxy and diffusion prior through
variance-consistent injection, effectively preventing attention leakage and ghost-
ing artifacts. We further introduce GeoEditBench, a comprehensive benchmark
for evaluating spatial transformations. Extensive experiments demonstrate that
GeoEdit achieves state-of-the-art performance in geometric accuracy, identity
preservation, and background harmonization.

6 Limitations

While GeoEdit demonstrates precise 3D-aware editing, its modular pipeline in-
troduces several limitations. First, error propagation: inaccuracies in depth
estimation or monocular 3D lifting can distort the reconstructed geometry, lead-
ing to structural errors in the rendered proxy that propagate through subsequent
stages. Second, extreme spatial manipulations remain challenging. Large
object translations may expose disoccluded regions beyond the capacity of the
background prior, causing inpainting failures, while large rotations often require
hallucinating previously unseen back-facing surfaces, which can result in blurred
or inconsistent textures. Third, computational cost: we employ the native 81-
frame context of the video backbone to fully exploit its temporal prior for rigid
3D consistency; reducing this context degrades structural integrity, as shown in
the Supplementary Material. Although this improves structural integrity, it in-
creases inference time compared with purely 2D editing approaches; future work
will explore lightweight fine-tuning and more efficient architectures to reduce
this requirement. Finally, accurately reproducing complex view-dependent light-
ing, shadows, and specular effects remains difficult because these phenomena
are synthesized primarily through learned generative priors rather than explicit
physical modeling.
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