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Move this eup of coffee onto the windowsill. Move the dell on the table onto the bed. Move the cake on the refrigerator onto the table.

Figure 1. Results of our Implicit Spatial Modeling method. Our method captures complex relative positions (e.g., middle, front, top) and
performs high- delity multi-dimensional transformations while maintaining semantic consistency, making it highly suitable for advanced
scene content creation.

Abstract and enables the model to internally build a comprehen-
sive understanding of the three-dimensional spatial struc-
Recent advances in image editing allow impressive manip-ture; and (2) Global Spatial Supervision, which constrains
ulation of objects, existing methods still struggle to handle the latent spatial features to enable the model to perceive
spatial movement in complex scenes, such as objects spafhanges in object spatial positions caused by editing oper-
different depth layers or are partially occluded. Mostimage ations. Experimental results demonstrate that our method
editing methods focus solely on prior information from 2D Signi cantly improves the accuracy and delity of spatial
datasets, emphasizing planar features while lacking supportmovement in complex scenes.
for spatial structures. Even approaches that incorporate
explicit positional information fail to capture true 3D spa-
tial relationships, thus limiting accurate object movement 1. Introduction
in complex scenes. In this paper, we present SpatialDiff, a
method that effectively captures 3D spatial structures, en- Recent years have seen rapid progress in the eld of image
abling precise and consistent object movements in complexediting [6, 7, 9, 35, 38, 46, 48 50], especially driven by ad-
scenes. Our core innovations are twofold: (1) Implicit 3D Vvances in diffusion-based generative models [8, 17, 28, 31].
Spatial Modeling, which introduces 3D prior knowledge As the quality of base models improves, tasks such as style
transfer [29, 38], object removal and insertion [1, 6, 11, 19],
*Work done while interning at Kuaishou Technology. and ne-granular content editing [4, 5, 12, 48, 50] have be-
Corresponding author is Guanbin Li. come increasingly viable. In many real-world editing sce-
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narios, users may modify an object’s appearance, and re-  ; preBwo Frw R EED Pkt

locating it within the scene based on a given instruction is
often equally important. However, achieving precise and
natural control over object movement within a single image
remains challenging, as illustrated in Figure 2.
Methods [2, 13, 21, 32, 39, 40, 45, 47] that operate
purely in the 2D domain, particularly those leveraging pre- ---------------- D ([P SCVR DOUIDAVIGE RPN, .
trained diffusion models, provide a more straightforward
and widely applicable solution. In these approaches, the
editing process remains in image or latent space, the use
issues an instruction (e.g., via text), and the model ma-
nipulates the source image accordingly. These instruction- E ( [P SBVR \KEFHAXGHAWE 6SDID
driven methods benet from ease of use and ef ciency.
Nonetheless, they share a fundamental drawback: in the ab-
sence of 3D spatial knowledge (depth, spatial layout), they Figure 2. (a) Examples of failure cases from other methods: (1)
struggle to guarantee that object motions are consistent irfail to maintain natural appearance and 3D consistency; (2) fail to

3D space, especially under user instructions that demandP€/form object movement correctly in complex scenes. (b) Exam-
precise spatial relocations. ples of successful edits by SpatialDiff.

A more natural solution to address this is via 3D-aware griven image editing framework that achieves exible and
methods [3, 22, 26, 37, 44, 51]. By invoking explicit three- hracise spatial movement of objects in complex scenes as
dimensional modelling or reconstruction, such methods aim gpygwn in Figure 1. SpatialDiff introduces an Implicit 3D
to reason about object geometry, camera viewpoint, depth.gpatial Modeling mechanism by leveraging a 3D visual ge-
occlusion and spatial relationships. For instance, Diffu- ometry encoder to extract geometry-aware features from the
sion Handles [26] use the estimated depth map to lift dif- j,5ytimage, and a Connector module to align these features
fusion activations for an object to 3D. Diff3DEdit [37] pre-  \uith the DIiT latent space. This design enables the model
dict novel views of the sele_cted object using estimated _d_epthto internalize spatial priors and reason about 3D struc-
maps, and these novel views act as a geometry critic t0yre within a purely 2D diffusion process. Furthermore,
correct misalignments in 3D shapes while editing. LA- {5 guide the model toward a coherent spatial understand-
CONIC [22] leverages the input 3D layout and camera jng e introduce a Global Spatial Supervision strategy.
pose to model explicit scene geometry and guide the repo-pying training, the depth map of the target image is used
sitioning of objects. In principle this grants strong ge- 45 an auxiliary supervision signal to regularize the utiliza-
ometric control and spatial consistency. However, when {jon of 3D spatial tokens. Through this design, our method
faced with the complex scene editing scenario, these aPridges the gap between 2D and 3D paradigms, mitigating
proaches face substantial limitations. Explicit 3D recon- {he challenges of single-image 3D reasoning while enrich-
struction from a single image is inherently ill-posed: un- g giffusion-based editing with implicit spatial awareness,

known viewpoint, depth ambiguities, occlusion, incomplete gnapjing precise and spatial consistent object movement. In
geometry and lack of multi-view supervision all degrade the summary, our key contributions are as follows:

reconstruction quality and thus impair the subsequent edit-
'Ng. As a resy!t, t.hOUQh 3D-basgt_j p|pel|ngs hpld_ PrOMISe,  method that implicitly incorporates 3D prior information
their applicability in 2D image editing remains limited. to enable precise spatial object movement
_Summarising the above: on the one hand, 2D-based \ye introduce Global Spatial Supervision, a latent depth
diffusion 'edltlng methqu are exible and effective but supervised training mechanism, which leverages the
lack spatial understanding and thus cannot always execute depth map of the target image during training to smoothly
instruction-level spatial movement accurately; on the other guide the model's spatial understanding.
hand, 3D-based editing methods promise spatial reasoning gyperimental results demonstrate that our model achieves
but falter on single-image inputs and complex scene condi-  gate_of-the-art performance in both instructional move-
tions. This observation raises a key question: ment consistency and image quality preservation.
(Q) Can we bring the bene ts of 3D spatial priors into
the 2D image-editing diffusion framework implicitly, rather 2, Related Work
than through full 3D reconstruction, so that the diffusion . .
transformer (DiT) can understand and control object spa- 2-1- Instruction>based Image Editing
tial positioning relations? Instruction-based image editing methods [10, 12, 15, 18, 21,
To address this, we propose SpatialDiff, an instruction- 39, 41, 47, 50] enable exible image modi cation by tak-

We propose SpatialDiff, the rst instruction-driven
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ing natural language commands as input, allowing users to3. Preliminary
achieve targeted edits on a reference image with improved

controllability and a simpli ed work ow. FlowEdit [15] ex- b velv denoising G . ted |
plicitly constructs a transformation path between the refer- Yy brogressively denoising ‘>aussian-corrupted samples.
Their strong generative ability and controllable sampling

ence and target images; ChronoEdit [41] models the image ke th del d in instruction-dri . dit
editing process as a continuous video sequence. Methogd'ak€ them widely used in Instruction-driven image edit-
such as SmartEdit [12], MGIE [10], and FireEdit [50] in- ing. InstructPix2Pix [4] is a pioneering work in instruction-

troduce vision-language models (VLMs) to assist in train- d.r|ven wgalge ed||t|ng, Whll(:hd nte—tu[\e? a prte_tramed .d'fiu'
ing diffusion models, thereby enhancing their understand- S'0N Modeton alarge-scale dataset o (inputimage, instruc-

ing and reasoning capabilities for complex instructions. tion, target image) triplets to modify speci ¢ objects or re-

Furthermore, Flux-Kontext [18] signi cantly improves in- gions in an image x according to a user-provided natural
struction alignment by scaling up both model parametersl"’““gu"’“{“]e Instruction . . .
and training data. Stepl1X-Editing [21], BAGEL [47], and n this work, we adopt a ow-basgd form_ulatlon of dif-
Qwen-Image-Edit [39] leverage multimodal large language fusion, where th'e forward process linearly mterpolates pe—
models (MLLMs) to jointly model input images and user tween a clean image and noise to generate intermediate
instructions, extracting latent embeddings that are concate-sampleS:

nated with Gaussian noise, and then using the model’s in- X = (1 Ox+t; @)
context learning capability to generate the target image. Bywhere N (0;1) and t 2 [0; 1] denotes the noise level.
incorporating this multimodal understanding, these meth- For a ow-based model parameterized by , the training ob-
ods enhance the model's editing capabilities in complex jective is de ned as:

scenes while maintaining semantic consistency and visual

delity. However, despite these advances, they remain lim- L=E wte nony KV V (Xg;tC)KS; @)

ited by the lack of injected 3D knowledge, which prevents

spatially coherent object motion under ne-grained move- Where the target velocity isv = x. The denoising net-
ment instructions. work v can be conditioned on auxiliary information c, such

as a text prompt, a reference image, or other control signals,
enabling instruction-guided image editing.

Diffusion or ow-based models learn data distributions

2.2. 3D>Aware Image Editing

4. Method
Recent works have sought to address spatial inconsistenC\/N ) o o )
in image editing by incorporating explicit 3D reasoning into /e introduce SpatialDiff, an implicit modeling approach
diffusion frameworks [16, 22, 24, 26, 27, 30, 37, 51]. These that {ncorporgtes 3D sp{;mal information from 'ghe mp_ufc im-
approaches introduce geometric awareness through recor@9€ into the image editing process. We detail Implicit 3D
struction or spatial lifting, enabling models to reason about SPatial Modeling in Section 4.1, Global Spatial Supervi-
object structure, depth, and viewpoint. Diffusion Han- Sion in Section 4.2, and the two-stage training strategy in
dles [26] lifts diffusion activations into 3D space using esti- S€ction 4.3.
mated d.epth maps fpr objec.t manipulation. Diff3DI_Edit [37] 4.1. Implicit 3D Spatial Modeling
synthesizes novel views guided by depth estimation to re-
ne 3D shape alignment during editing. LACONIC [22] EXisting image editing methods typically handle object
leverages scene layout and camera pose to model expliciftovement based on 2D prior knowledge, making them in-
geometry and guide object repositioning. In parallel, single- @dequate for complex scenes involve occlusion or depth
image 3D reconstruction methods [20, 34, 51] attempt to variation. We argue that this limitation primarily stems from
infer Object Shapes from sparse or Single_view inputS, al- the model’s lack of Spatial Understanding of the 3D World,
lowing the object to be temporarily lifted to 3D, manipu- and thus propose to incorporate Implicit 3D Spatial Model-
lated, and then reprojected back to 2D. However, these aping (ISM) into its internal representations.
proaches struggle to handle multiple objects and complex
spatial relationships within a single image, where occlusion 3D Visual Geometry Encoder. To endow the diffusion
and layout ambiguity make consistent reconstruction dif - backbone with a spatially grounded understanding, we ex-
cult. Although 3D-aware designs can improve spatial con- tract spatial-aware features from the input image using a
sistency and geometric control, they remain constrained by3D Visual Geometry Encoder (3D-VGE). This encoder is
the inherent challenges of single-image 3D inference. Theirbased on the Transformer backbone of a recent 3D foun-
reliance on explicit reconstruction, while providing spatial dational model, VGGT [36], which directly infers all key
reasoning capabilities, also limits their robustness and scal-3D attributes of a scene, including camera parameters, point
ability in general 2D image editing scenarios. maps, depth maps, and 3D point tracks, from one image.
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Implicit 3D Spatial Modeling :
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Figure 3. The pipeline of SpatialDiff. SpatialDiff leverages a single image along with its latent 3D scene representation to achieve precise
control over object positions in 2D image scenes, while preserving the global spatial structure and semantic consistency.

Given an input image % we obtain its spatial-aware rep-  this cross-attention alignment, the Connector module dis-
resentation as: tills spatial-aware information into a representation that
oo aligns well with the DiT latent space.

S =3D-VGE(xo); S2R'"9": )
Token Integration. The aligned 3D spatial tokens are
then concatenated with other conditional tokens to form the
complete latent sequence:

where P denotes the token sequence length ahthe fea-
ture dimension of the spatial tokens. By leveraging the
backbone features without using the task-speci c predic-
tion heads, 3D-VGE provides implicit 3D geometric pri- C=[x Q;l; (6)

ors to guide the image editing process, enabling the model ) )

to bene t from 3D spatial knowledge without explicitly re- Where x denotes the latent tokens of the input image, Q
constructing depth, surface normals, or other 3D attributes.denotes the aligned spatial tokens, and | the instruction
However, since these extracted features differ from the DiT t0kens. This uni ed token sequence is then processed by
latent representation, an alignment module is required be-tN€ multimodal layers of the DIT backbone, where context
fore they can be effectively integrated. Iearn_lng mte_grates local appearance features, spatial cues,
and instructions across the entire sequence. Through this
multimodal interaction, SpatialDiff implicitly captures 3D
spatial structures, including object depth, relative position-
ing, and inter-object spatial relationships, enabling precise
and geometrically consistent manipulations even in com-
plex scenes with occlusion or varying depth layers.

Connector for Spatial Alignment. We introduce a Con-
nector module that aligns the 3D Visual Geometry Encoder
features with the latent feature space of the diffusion trans-
former. The connector employs a set of learnable query
tokens Q 2 R'Y | where | corresponds to the token se-
quence length in the DiT space and d denotes the token di4.2. Global Spatial Supervision

mension. These query tokens selectively extract and aligny i qygh implicit 3D spatial modeling introduces valuable

spatial information from_ the spatial features S through a 3D knowledge, we observe that even when an object is suc-
c_ross-attentl_on mechanism to match the latent representa(—:essfu”y relocated, traces may remain at its original posi-
tion of the DiT: tion, or the overall semantic consistency of the scene may be
KT affected (see Figure 5, Model B). This suggests that while
Qi = Attn(Q |;S) = Softmax 99? AN C)) the aligned 3D spatial features help the model comprehend
object geometry and its initial position, they primarily re-
where inforce static spatial memory rather than driving dynamic
spatial updates. As a result, the model lacks a mechanism
Q=Q\WJ; K=SWJ; V=SWy: (5 to dynamically guide the scene to remain consistent with
the target image during object movement.
Here, W, ; Wi ; Wy are learnable projection matrices of di- To address this issue, we introduce Global Spatial Su-
mensions RY | R4 ° and RIY °, respectively. Through  pervision (GSS), which applies depth-guided supervision

18399



during training to align the original 3D spatial tokens with In the second stage, we jointly optimize the DiT back-
the spatial positions of the target image. We explored two bone, the Connector module, and the spatial decoder head
strategies for depth supervision: (1) Explicit Depth Super- that projects the 3D spatial features into the VAE latent
vision, which enforces pixel level consistency between de- space. During this stage, the training objective incorporates
coded 3D spatial features and target depth maps in imageGlobal Spatial Supervision to ensure that the model main-
space, and (2) Latent Depth Supervision, which constrainstains consistency throughout the generation process:
their correspondence in the VAE latent space. While the
.. . . — e 2 .

rst strategy, an explicit approach, provides hard alignment, L =E x.tc;noiy kv v (Xt C)ks+ L gss (10)
it often leads to unnatural editing results and causes the loss i o ,
of content in non-edited regions (see Figure 5, Model ). Where = 0.01 is a weighting factor balancing the ow
Supervision in latent space emphasizes high level spatiamatching loss and the GSS loss.
and semantic relationships over low level pixel details, de- .
livers a smooth and robust training signal less sensitive t05' Experiments
subtle variations in detail, and enables effective integration5 1, Experimental Setups
of 3D spatial priors. Therefore, we adopt Latent Depth Su-
pervision in this work, which promotes consistency in the
latent geometry and better preserves relative spatial rela
tionships among scene elements.

Formally, we obtain the target image’s depth map using
a pretrained monocular depth estimator [43]:

Implementation Details. We use Flux-Kontext [2] as the
base model for instruction-driven image editing, and em-
ploy VGGT [36] as the 3D foundation model to extract 3D
features from the reference image. To align the 3D spa-
tial features with the DiT space, we construct the Connec-
tor module using 8 cross-attention layers, with the learnable
gt = DepthAnything(x q); (7) query tokens sequence length set to 1024. The model train-
where % denotes the ground-truth edited image in the ing is based on the co'd(.e prpwded by [42], with the LoRA

- ; rank set to 64. The training images have a resolution of 512
training pair. ; .

512. In all experiments, we set the learning rate to 1e-4

Speci cally, during training, we obtain §, the DiT- ) )
processed spatial tokens that encode spatial aware informa”" 8 GPUs, employed AdamW with a batch size of 4 per

tion and map them into the VAE latent space via a learn- SPIU’ atnd pzrfltzarrr}edt_Sk séeps r?f trall(mng. to the lack of
able spatial decode he@l We then enforce consistency atasets and evaluation benchmarks. Lue to the fack o

: : : atasets for instruction-driven spatial object movement in
with the encoded target depth representation using a mear) ~ . -
squared error (MSE) loss: D image editing tasks, we adapted the OBJect-3DIT [23]

movement dataset. Speci cally, we collected the source

Less=k D(8) E( ) kZ; (8) and target images from OBJect-3DIT and used Qwen3-VL-

where E() denotes the encoder of the VAE. SZB—Instruct [33] tq generate editing mstru.ctlons describ-
ing the transformation from source to target images, thereby

Unlike prior 3D-aware approaches that rely on explicit . 2
: . o constructing a movement dataset containing 20k (reference
reconstruction or depth estimation during inference, our .

- . . image, instruction, target image) triplets. This dataset was
method leverages explicit depth information solely as a g g ge) trip

e . ! . o . -~ used for training, without relying on any 3D asset infor-
smooth auxiliary supervision signal in training. This design : . :
A ) . ~ _ mation(e.g., coordinates). To more comprehensively evalu-
preserves the implicit nature of our spatial modeling while

enabling the initial 3D information to be dynamically up- ate the model’s performance across different scenarios, we

. - . ; construct an additional complex scene benchmark Spatial-
dated during training, encoding geometry features in a glob- S : . .
. P . Bench containing 100 images with foreground, midground,
ally consistent manner. As a result, SpatialDiff achieves a . . )
. . and background objects. The comprehensive evaluation
more robust and coherent understanding of spatial structure . - )
. : . . . .~ “benchmark consists of 50 original OBJect-3DIT testimages
effectively suppressing residual artifacts while preserving

e . . - e and 100 additionally constructed images depicting complex
implicit 3D reasoning without requiring any explicit 3D re-

. : real-world scenes. We evaluate the two benchmarks sepa-
construction at inference.

rately, results on SpatialBench are presented in Sections 5.2
4.3. Training Strategy and 5.3, while results on the OBJect-3DIT test images are
provided in the Supplementary Material.
Comparison Methods. We compared SpatialDiff with
state-of-the-art instruction-driven image editing models,
including Flux-Kontext [18], SteplX-Edit [21], Omni-
Gen2 [40], BAGEL [47], and Qwen-Image-Editing [39].
Most of these methods employ a multimodal large language
Laign =Ex.tc nony KV Vo (X6 CK3; (9) model (MLLM) to jointly encode the reference image and

To ensure stable convergence and fully exploit the capabil-
ity of the Connector, we employ a two-stage training strat-
egy. In the rst stage, only the Connector module is opti-
mized to align 3D spatial features with the DIT latent space,
guided by the standard diffusion loss:
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Figure 4. Qualitative comparison. The leftmost image represents the input image, with the target object to be edited shown below it. Each
example is accompanied by the corresponding editing instruction, where the blue text indicates the spatial position involved in the editing
operation.

the editing instruction, enabling them to capture richer spa- struction, without considering image quality; PQ evaluates
tial position information. the edited image, including the consistency of the edited ob-
Metrics. F0||Owing VIEScore [14], we adopt three evalu- ject, the stability of unedited regions, and whether the over-
ation metrics: SC (Semantic Consistency), PQ (Perceptualll image appears realistic and free of artifacts. The overall
Quality), and O (Overall Score). SC measures the consis-Score O is computed based on SC and PQ, de ned as O
tency between the edited result and the given editing in-= (SC PQ) . In our experiments, both GPT-5 [25] and



Table 1. Quantitative comparison on SpatialBench. GPT-SC, GPT-PQ, and GPT-O refer to the metrics evaluated by GPT-5, while Qwen-
SC, Qwen-PQ, and Qwen-O refer to the metrics evaluated by Qwen3-VL-32B-Instruct. Scores range from 0 to 1. ": higher is better.

Method GPT-SC" GPT-PQ" GPT-O" Qwen-SC" Qwen-PQ" Qwen-O"
Flux-Kontext [2] 0.292 0.848 0.498 0.261 0.767 0.447
OmniGen2 [40] 0.301 0.661 0.446 0.305 0.687 0.458
Step1X-Edit [21] 0.484 0.785 0.616 0.492 0.691 0.583
BAGEL [47] 0.368 0.709 0.511 0.390 0.642 0.500
Qwen-Image-Editing [39] 0.666 0.882 0.766 0.632 0.813 0.717
SpatialDiff (Ours) 0.803 0.886 0.843 0.778 0.838 0.807

Qwen3-VL-32B-Instruct [33] were used to score the results  Regarding scene coherence and background integrity,
according to these criteria. our method achieves superior global coordination. For line
3, when the cat is moved between the rabbit and the dog,
background textures such as grass and shadows remain in-
As shown in Table 1, SpatialDiff achieves the best over- tact, and spatial relationships among objects are preserved
all performance across all quantitative metrics for spatial naturally. Unedited regions also remain visually consistent,
movement task. In terms of Semantic Consistency (SC), itwithout redundant texture regeneration or boundary blur-
attains a GPT-SC score of 0.803 and a Qwen-SC score ofing. In comparison, OmniGen2 produces noticeable ob-
0.778, substantially outperforming existing methods. This ject deformation, Step1X-Edit merges foreground and back-
result indicates that SpatialDiff precisely interprets and ex- ground content incorrectly, BAGEL leaves ghost artifacts of
ecutes user instructions for spatial movement. For Per-the original cat, and Qwen-Image-Editing, although placing
ceptual Quality (PQ), both GPT-PQ (0.886) and Qwen- the cat approximately correctly, removes other unedited ob-
PQ (0.838) rank highest, re ecting strong preservation of jects from the scene.

global object consistency and natural visual appearance. Our method also demonstrates strong 3D spatial under-
Consequently, the overall score (O) also reaches the topstanding and depth consistency. In line 5, it correctly cap-
(GPT-0: 0.843, Qwen-0: 0.807), con rming that SpatialD- tures front back relationships and depth ordering, naturally
iff achieves a balanced improvement in both semantic accu-positioning the sculpture in front of the door. Other ap-
racy and visual delity. In contrast, Flux-Kontext achieved proaches such as Flux-Kontext and Qwen-Image-Editing
arti cially high PQ scores due to minimal image modi ca- appear reasonable in 2D projection but fail to maintain
tions, but their poor SC scores reveal the underlying fail- depth coherence, leading to weak spatial integration be-
ure in editing. While Qwen-Image-Editing achieves high tween objects and the door. Overall, qualitative compar-
image quality thanks to its powerful pretraining, its ability isons show that our method excels in superior instruction
to follow instructions remains relatively limited (GPT-SC: following, global consistency, and spatial reasoning.

0.666, Qwen-SC: 0.632). Other methods (e.g., OmniGen2, .

Step1X-Edit, and BAGEL) struggle to balance editing - 5.4. Ablations

delity and object consistency, resulting in suboptimal per- Table 2 presents the ablation quantitative results on Spa-
formance in both aspects. Although GPT and Qwen differ tialBench, systematically analyzing the contribution of each
in scoring scales, their relative rankings of the methods arecomponent in SpatialDiff.

highly consistent, further validating the reliability of the re- Implicit 3D Spatial Modeling (ISM). For a fair compar-
sults. In summary, SpatialDiff achieves state-of-the-art per- ison, we ne-tune the baseline model via LoRA on the
formance in semantic accuracy and visual delity. movement dataset (Model A). This results in a noticeable
improvementin SC (0.236 0.398 on GPT-SC) but a slight
decrease in PQ (0.831 0.795). This indicates that while
Figure 4 presents qualitative results that highlight the pre- ne-tuning brings a limited improvement in the model’s re-
cision and stability of our method in performing spatial sponsiveness to spatial instructions, it may also introduce
movement. In line 1, our approach successfully relocatesunnatural distortions, highlighting the trade-off between in-
the table to the left side of the blue sofa while maintain- struction adherence and image quality. The visual observa-
ing its appearance and consistency with the original scenetion ( parrot oating in mid-air ) corroborates this quantita-
Our method reasoned in 3D, interpreting left relative to tive evidence. Building upon this, introducing implicit 3D
the sofa rather than the camera view. Other methods failknowledge via a 3D foundation model (Model B) further
to achieve the correct spatial relocation, often introducing boosts SC (0.398 0.518) and O (0.563 0.620), demon-
structural distortion or inconsistent object shapes. strating that 3D-aware features substantially strengthen spa-

5.2. Quantitative Comparison

5.3. Qualitative Comparison



Table 2. Ablation study on SpatialBench. FT denotes ne-tuning the attention modules of DiT using LoRA. ISM (Implicit 3D Spatial
Modeling) represents introducing 3D tokens from the input image through a 3D foundation model, and aligning them to the DiT feature
space. EDS (Explicit Depth Supervision) indicates applying supervision on 3D tokens in the pixel space, while LDS (Latent Depth
Supervision) applies supervision in the VAE latent space. GPT-SC, GPT-PQ, and GPT-O refer to the metrics evaluated by GPT-5, while
Qwen-SC, Qwen-PQ, and Qwen-0 refer to the metrics evaluated by Qwen3-VL-32B-Instruct. Scores range from 0 to 1. ": higher is better.

Method FT ISM EDS LDS GPT-SC" GPT-PQ" GPT-O" Qwen-SC" Qwen-PQ" Qwen-O"
Baseline 0.236 0.831 0.443 0.310 0.723 0.473
Model A X 0.398 0.795 0.563 0.427 0.739 0.562
Model B X X 0.518 0.743 0.620 0.513 0.684 0.592
Model C X X X 0.566 0.801 0.673 0.527 0.745 0.627
SpatialDiff X X X 0.804 0.871 0.837 0.796 0.835 0.815

tial reasoning and object localization. ing in 4200 votes. The results are reported in Table 3.
Explicit Depth Supervision (EDS). Applying pixel-space  Our method consistently achieves higher human-evaluated
depth supervision (Model C) enforces stronger spatial con-scores across all three metrics, H-SC, H-PQ, and H-O (over-
straints, slightly improving O (0.620 0.673 on GPT-O; all performance). These results are generally consistent
0.592 0.627 on Qwen-0). Although this helps align spa- with the quantitative comparisons among the methods. The
tial understanding, it causes over-constrained learning thatuser study details are provided in supplementary material.
affects non-edited regions (e.g., line 2 in Figure 5, the pil-

low on sofa should not be removed). Hence, EDS improves Table 3. User Study. H-SC refers to the assessment of instruction-
structural precision but at the expense of visual stability. ~ following ability by humans, H-PQ refers to the evaluation of im-
Latent Depth Supervision (LDS). When supervision is ap- ?Soiﬁals'tgo?gsh;ngggsféoﬁdl ':O'(g rfpk:%ieer:tisstgsté?mb'ned metric
plied in the latent space (SpatialDiff), the model achieves ) o '

the best overall balance, with large gains in all metrics Method H-sC" H-PQ" H-O"
(GPT-SC: 0.804, GPT-PQ: 0.871, GPT-0O: 0.837). This in- Flux-Kontext [2] 1874 3433 5536
dicates that latent-level guidance provides smooth, semany . ican2 [40] 2 258 2 692 > 465
tically coherent constraints that preserve global scene con-sen x-Edit [21] 2271 2616 2 437
sistency and high perceptual quality simultaneously. BAGEL [47] 2.759 3.351 3.041
Qwen-Image-Editing [39] 3.513 3.611 3.562
SpatialDiff (Ours) 4,711 4.720 4,715

6. Conclusion

In this work, we introduced SpatialDiff, a novel instruction-
based method designed to enable precise and consistent
object movement in complex scenes. Unlike previous 2D
editing methods that rely solely on planar priors, SpatialD-
iff incorporates 3D spatial awareness into the editing pro-
cess through two key designs: Implicit 3D Spatial Mod-
eling and Global Spatial Supervision. Implicit 3D Spatial

Figure 5. Ablation study. Model A denotes LoRA ne-tuning Modeling integrates 3D knowledge into the latent space to
applied on the Baseline using the movement dataset; Model B€nhance the model's understanding of spatial information,
denotes the introduction of Implicit 3D Spatial Modeling only; while Global Spatial Supervision provides latent-level con-
Model C denotes the incorporation of both Implicit 3D Spatial straints on the modeled features, smoothly guiding consis-
Modeling and Explicit Depth Supervision. tent object movement during training. Experiments demon-
strate that SpatialDiff achieves superior spatial reasoning
and perceptual delity, producing geometrically coherent
5.5. User Study results even with occlusions and multi-depth structures. We
We conducted a user study with 35 participants, asking Pelieve this study opens new avenues for integrating 3D un-
them to rate each generated image in terms of SC and PQgerstandlng into diffusion models for spatially-perceptive

Each participant evaluated ten results per method, result/mage editing.
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