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Figure 1. Move anything on an image. Top: our approach generates playable scenes: objects are spatially disentangled, thus can be
freely moved, resized, and cloned in the scene. Bottom: a scene can be generated conditioned on a reference image, thus supporting
extensive spatial image editing operations. Our approach is training-free and compatible with general text-to-image diffusion models.

Once optimized, rendering a new layout requires less than a second on a single GPU, allowing interactive interactions.

Abstract

Diffusion models generate images with an unprece-
dented level of quality, but how can we freely rearrange
image layouts? Recent works generate controllable scenes
via learning spatially disentangled latent codes, but these
methods do not apply to diffusion models due to their fixed
forward process. In this work, we propose SceneDiffusion
to optimize a layered scene representation during the diffu-
sion sampling process. Our key insight is that spatial disen-
tanglement can be obtained by jointly denoising scene ren-

*Work done during an internship at Meta Al

derings at different spatial layouts. Our generated scenes
support a wide range of spatial editing operations, includ-
ing moving, resizing, cloning, and layer-wise appearance
editing operations, including object restyling and replacing.
Moreover, a scene can be generated conditioned on a ref-
erence image, thus enabling object moving for in-the-wild
images. Notably, this approach is training-free, compatible
with general text-to-image diffusion models, and responsive
in less than a second.
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1. Introduction

Controllable scene generation, i.e., the task of generating
images with rearrangeable layouts, is an important topic
of generative modeling [27, 42] with applications ranging
from content generation and editing for social media plat-
forms to interactive interior design and video games.

In the GAN era, latent spaces have been designed to of-
fer a mid-level control on generated scenes [7, 26, 40, 41].
Such latent spaces are optimized to provide a disentangle-
ment between scene layout and appearance in an unsuper-
vised manner. For instance, BlobGAN [7] uses a group of
splattering blobs for 2D layout control, and GIRAFFE [26]
uses compositional neural fields for 3D layout control. Al-
though these methods provide good control of the scene
layout, they remain limited in the quality of the gener-
ated images. On the other hand, diffusion models have
recently shown unprecedented performance at the text-to-
image (T2I) generation task [4, 6, 13, 31, 33, 35]. Still, they
cannot provide fine-grained spatial control due to the lack
of mid-level representations stemming from their fixed for-
ward noising process [13, 35].

In this work, we propose a framework to bridge this
gap and allow for controllable scene generation with a gen-
eral pretrained T2I diffusion model. Our method, enti-
tled SceneDiffusion, is based on the core observation that
spatial-content disentanglement can be obtained during the
diffusion sampling process by denoising multiple scene lay-
outs at each denoising step. More specifically, at each diffu-
sion step ¢, we optimize a scene representation by first ran-
domly sampling several scene layouts, running locally con-
ditioned denoising on each layout in parallel, and then ana-
lytically optimizing the representation for the next diffusion
step ¢ — 1 to minimize its distance with each of denoised re-
sult. We employ a layered scene representation [15, 16, 19],
where each layer represents an object with its shape con-
trolled by a mask and its content controlled by a text de-
scription, allowing us to compute object occlusions using
depth ordering. Rendering of the layered representation is
done by running a short schedule of image diffusion, which
is usually completed within a second. Overall, SceneDiffu-
sion generates rearrangable scenes without requiring fine-
tuning on paired data [25, 43], mask-specific training [31],
or test-time optimization [29, 39], and is agnostic to de-
noiser architecture designs.

In addition, to enable in-the-wild image editing, we pro-
pose to use the sampling trajectory of the reference image as
an anchor in SceneDiffusion. When denoising multiple lay-
outs simultaneously, we increase the weight of the reference
layout in the noise update to keep the scene’s faithfulness to
the reference content. By disentangling the spatial location
and visual appearance of the contents, our approach bet-
ter reduces hallucinations and preserves the overall content
across different editing compared to baselines [8, 20, 24].

To quantify the performance, we build an evaluation
benchmark by creating a dataset containing 1,000 text
prompts and over 5,000 images associated with image cap-
tions, local descriptions, and mask annotations. We evalu-
ate our proposed approach on this dataset and show that it
outperforms prior works on both image quality and layout
consistency metrics by a clear margin on both controllable
scene generation and image spatial editing tasks.

In summary, our contributions are:

* We propose a novel sampling strategy, SceneDiffusion, to
generate layered scenes with image diffusion models.

* We show that the layered scene representation supports
flexible layout rearrangements, enabling interactive scene
manipulation and in-the-wild image editing.

* We build an evaluation benchmark and observe that our
method achieves state-of-the-art performance quantita-
tively on both scene generation and image editing tasks.

2. Related Works
2.1. Controllable Scene Generation

Generating controllable scenes has been an important topic
in generative modeling [27, 42] and has been extensively
studied in the GAN context [7, 26, 40, 41]. Various ap-
proaches have been developed on applications that include
controllable image generation [7, 40], 3D-aware image
generation [2, 14, 26, 41] and controllable video genera-
tion [21]. Usually, control at the mid-level is obtained in an
unsupervised manner by building a spatially disentangled
latent space. However, such techniques are not directly ap-
plicable to T2I diffusion models. Diffusion models employ
a fixed forward process [13, 35], which constrains the flex-
ibility of learning a spatially disentangled mid-level repre-
sentation. In this work, we solve this issue by optimizing a
layered scene representation during the diffusion sampling
process. It is also noteworthy that recent works enable dif-
fusion models to generate images grounded on given lay-
outs [9, 18, 25, 43]. However, they do not focus on spatial
disentanglement and do not guarantee similar content after
rearranging layouts.

2.2. Diffusion-based Image Editing

Off-the-shelf T2I diffusion models can be powerful im-
age editing tools. With the help of inversion [23, 36] and
subject-centric finetuning [10, 32], various approaches have
been proposed to achieve image-to-image translation in-
cluding concept replacement and restylization [5, 11, 17,
22, 38]. However, these approaches are restricted to in-
place editing, and editing the spatial location of objects has
been rarely explored. Moreover, many of the approaches
exploit an attention correspondence [3, 8, 11, 38] or a fea-
ture correspondence [24, 34, 37] with the final image, mak-
ing the approach dependent to a specific denoiser architec-
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Figure 2. Method overview. Our framework has two stages: i) optimization stage, we optimize a layered scene representation with
SceneDiffusion for 7" — 7 diffusion steps, and ii) inference stage, we render the optimized layered scene with 7-step standard image
diffusion. iii) SceneDiffusion updates the layered scene by denoising multiple randomly sampled layouts in parallel. In the illustration,
the scene has 4 layers. Each layer consists of a feature map f, a mask m (shown as a box), and a text prompt y (shown at the bottom). At
denoising step ¢, we randomly sample N layouts and render them to get different views v®, We then denoise the views using a pretrained

T2I diffusion model for one step to get ¢~

, which are used to update the feature maps f — f =1 in the layered scene. Note that

boxes here only serve as a rough geometry of objects (like blobs in Epstein et al. [7]), and can be replaced by more accurate masks.

ture. Compared with concurrent works on spatial image
editing with diffusion models using self-guidance [8, 24]
and feature tracking [34], our method is different in: /) we
generate scenes that preserve the content across different
spatial editing, 2) we use an explicit layered representation
that gives intuitive and precise control, and 3) we render a
new layout via a short schedule of image diffusion, while
guidance-based approaches require a long sampling sched-
ule and feature tracking requires gradient-based optimiza-
tion for each editing.

3. Our Approach

Framework Overview. An overview of our framework is
shown in Figure 2. In Section 3.1, we briefly introduce pre-
liminary works on diffusion models and locally conditioned
diffusion. Then, in Section 3.2, we present how we obtain
a spatially disentangled layered scene with SceneDiffusion.
Finally, in Section 3.3, we discuss how SceneDiffusion en-
ables spatial editing on in-the-wild images.

3.1. Preliminary

Diffusion Models. Diffusion models [13, 35] are a type
of generative model that learns to generate data from a ran-
dom input noise. More specifically, given an image from the
data distribution xg ~ p(zo), a fixed forward noising pro-
cess progressively adds random Gaussian noise to the data,
hence creating a Markov Chain of random latent variable
1, T3, ..., 7 following:

q($t|$t71) = N(Cﬂt; vV1- ﬁixt—l»ﬁtl), (D

where f1,...0r are constants corresponding to the noise
schedule chosen so that for a high enough number of dif-
fusion steps zr is assumed to be a standard Gaussian. We
then train a denoiser 6 that learns the backward process,
i.e., how to remove the noise from a noisy input [13]. At
inference time, we can sample an image by starting from a
random standard Gaussian noise 7 ~ N(0;I) and itera-
tively denoise the image following the Markov Chain, i.e.,
by consecutively sampling ;1 from pg(x+—1|2:) until zo:

1-X

1
ﬁ(xt - Tj\tee(xt’t))+atz’ 2)

Tt—1 =

where z ~ N(0,T), Ay = [['_, Ae» At = 1 — B¢, and o is
the noise scale.

Locally Conditioned Diffusion. Various approaches [1,
28] have been proposed to generate partial image content
based on local text prompts using pretrained T2I diffusion
models. For K local prompts y = {y1,¥y2, ..., yx } and bi-
nary non-overlapping masks m = {mq,ma,...mg}, lo-
cally conditioned diffusion [28] proposes to first predict a
full image noise eg(x¢, t, yx ) for each local prompt y; with
classifier-free guidance [12], and then assign it to its corre-
sponding region masked by my:

K

EIé‘CD(xtvtay,m) = ka © Ea(xtatvyk)a (3)
k=1

where © is element-wise multiplication.
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3.2. Controllable Scene Generation

Given a list of ordered object masks and their correspond-
ing text prompts, we would like to generate a scene where
object locations can be changed on the spatial dimensions
while keeping the image content consistent and high qual-
ity. We leverage a pretrained T2I diffusion model 6 that
generates in the image space (or latent space) I € REXw*h,
where c is the number of channels and w and A the width
and height of the image, respectively. To achieve control-
lable scene generation, we introduce a layered scene repre-
sentation in Section 3.2.1 for mid-level control and propose
a new sampling strategy in Section 3.2.2.

3.2.1 Layered Scene Representation

We decompose a controllable scene into K layers [Ix]&_ |,
ordered by the depth of the objects. Each layer [; has
1) a fixed object-centric binary mask my, € {0,1}*xwxh
(e.g., a bounding box or segmentation mask) to show the
geometric property of the object, 2) a two-element offset,
ok € [0; ug] x [0; vg], indicating its spatial locations, with
i and vy defining the horizontal and vertical movement
range, and 3) a feature map f, (t) ¢ Rexwxh representing its
visual appearance at diffusion step t.

A scene layout is defined by the masks and their asso-
ciated offsets. The offset oy, of each layer can be sampled
from the movement range [0; ug] x [0;v] to form a new
layout. Specially, we set the last layer [ as the background
so that myg = {1}°*%¥*" and ox = [0,0]. Given a lay-
out, the layered representation can be rendered to an image,
and we name the image as a view. Similar to prior works in
controllable scene generation [7] and video editing [16], we
use a-blending to composite all the layers during rendering.
More concretely, the view v® can be calculated as:

K
v® = Zak o) move(f,gt)7 o),
k=1
N 4
ay = move(my, o H (1 —move(m;, 0;)).

Each element in o, € {0, 1}**" indicates that the visibility
of that location in the k-th latent feature map, and the func-
tion move(-, 0) means that we spatially shift the values of
the feature map f or mask m by o. The rendering process
can be applied to the layered scene at any diffusion step,
resulting in a view with a certain noise level.

For initialization at diffusion step T, the initial feature
map f,iT) is independently sampled from a standard Gaus-
sian noise (0, I) for each layer. It can be shown that since
« is binary and Zkl,(:l ai = 1, the rendered views from the
initial layered scene still follow the standard Gaussian dis-
tribution. This allows us to denoise the views directly using

pretrained diffusion models. In Section 3.2.2, we discuss

how to update f,gt) in a sequential denoising process.

3.2.2 Generating Scenes with SceneDiffusion

We propose SceneDiffusion to optimize the feature maps in
the layered scenes from Gaussian noise. Each SceneDiffu-
sion step /) renders multiple views from randomly sampled
layouts, 2) estimates the noise from the views, and then 3)
updates the feature maps.

Specifically, SceneDiffusion samples N groups of off-
set [01.n,02.1,*+ ,0K n]_;, with each offset o, being
an element of the movement range [0; x| X [0; ). This
leads to N layout variants. A higher number of layouts
helps the denoiser locate a better mode while also increas-
ing the computational cost, as shown in Section 4.2. From
the K latent feature maps, we render the layouts as N views

Uy € {v(t) ...,v](\?)}:

K
o) = Z ap © move(f,it), Ok.m)- ®)

k=1
Then, we stack all views in each SceneDiffusion step and
predict the noise {ég N_, using locally conditioned diffu-

sion [28] described in EqudllOIl 3:
égzt) :€£CD(U7(zt)7tamay)7vne{1727"' 7N} (6)

where m are the object masks, and y are local text prompts
for each layer. Since we can run multiple layout denoising
in parallel, computing {égf ) 1V_ | brings little time overhead,
while costing an additional memory consumption propor-

tional to N. We then update the views vy(L) from the esti-

mated noise e%) using Equation 2 to get v7(f 1).

Since each view corresponds to a different layout and is
denoised independently, conflict can happen in overlapping
mask regions. Therefore, we need to optimize each feature
map fkt Y 5o that the rendered views from Equation 5 is

close to denoised views:

f(t Y = arg min ’Ut b
f(t 1) nz::H

oV @

This least square problem has the following closed-form so-
lution:

oy T move(o 00

fx

*Ok,n)
b

SN Tove(a, —0k.n) (®)
VEe{l,--- K},

where move(x, —o) denotes the values in z translated in the
reverse direction of o. The derivation for this solution is
similar to the discussion in Bar-Tal et al. [1]. The solution
essentially sets fk Jtoa weighted average of cropped de-
noised views.
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3.2.3 Neural Rendering with Image Diffusion

We switch to vanilla image diffusion for 7 steps after run-
ning SceneDiffusion for T' — 7 steps. Since the layer masks
m like bounding boxes only serve as a rough mid-level rep-
resentation instead of an accurate geometry, this image dif-
fusion stage can be viewed as a neural renderer that maps
mid-level control to the image space [7, 26, 41]. The value
of 7 trades off the image quality and the faithfulness to the
layer mask. A value of 7 in 25% to 50% of the total dif-
fusion steps strikes the best balance, which usually costs
less than a second using a popular 50-step DDIM sched-
uler [36]. The global prompt used for the image diffusion
stage can be separately set. In this work, we mainly set the
global prompt to the concatenation of local prompts in the
depth order ygiobat =< Y1,¥2,--.,yx > and find this sim-
ple strategy sufficient in most cases.

3.2.4 Layer Appearance Editing

The appearance of each layer can be edited individually via
modifying local prompts. Objects can be restyled or re-
placed by changing the local prompt to a new one and then
performing SceneDiffusion using the same feature map ini-
tialization.

3.3. Application to Image Editing

SceneDiffusion can be conditioned on a reference image by
using its sampling trajectory as an anchor, allowing us to
change the layout of an existing image. Concretely, when
a reference image is given along with an existing layout,
we set the reference image to be the optimization target at
the final diffusion step, i.e., an anchor view denoted as 1750).
Then, we add Gaussian noise to this view at different dif-
fusion noise levels, creating a trajectory of anchor views at
different denoising steps.

0O = /1= 0 + e, ¥t e [1,---,T), (9

where € ~ AN(0,1). In each diffusion step, we use the
corresponding anchor view ﬁ((lt) to further constraint f(*—1),

which leads to an extra weighted term in Equation 7:

FO = arg minzwnllﬁff*l) . e
fe=t n

. (10
w ifn=a,
Wy = .
{1 otherwise.
where n € {1,--- ,N} U {a}, and w controls the impor-

tance of ﬁl(lt). A large enough w produces good faithful-
ness to the reference image, we set w = 10* in this work.
The closed-form solution of this equation is similar to Equa-
tion 8 and can be found in supplementary material.

4. Experiments
4.1. Experimental Setup

We evaluate our method both qualitatively and quantita-
tively. For quantitative study, a thousand-scale dataset is
required to effectively measure metrics like FID. However,
populating semantically meaningful spatial editing pairs
for multi-object scenes is challenging, particularly when
inter-object occlusions should be considered. Therefore,
we restrict quantitative experiments to single-object scenes.
Please refer to qualitative results for multi-object scenes.

Dataset. We curate a dataset of high-quality, subject-
centric images associated with image captions and local de-
scriptions. Object masks are also annotated automatically
using GroundedSAM [30]. We first generate 20,000 images
from 1,000 image captions and then apply a rule-based filter
to remove low-quality images, which results in 5,092 im-
ages in total. Object masks and local descriptions are then
automatically annotated.

Metrics. Our main metrics for controllable scene genera-
tion are Mask loU, Consistency, Visual Consistency, LPIPS,
and SSIM. Mask IoU measures the alignment between the
target layout and the generated image. Other metrics com-
pare multiple generated views in the same scene and evalu-
ate their similarity: Consistency for mask consistency, Vi-
sual Consistency for foreground appearance consistency,
LPIPS for perceptual, and SSIM for structural changes.
Moreover, in the image editing experiment, we report FID
to measure the similarity of the edited images to the original
ones for image quality quantification.

Implementation By default we set NV = 8 in our exper-
iments. For quantitative studies, all experiments are aver-
aged on 5 random seeds. Please refer to our supplemental
document for more information on our dataset construction,
metrics selection, standard deviations of experiments and
implementation details.

4.2. Controllable Scene Generation

Setting. We randomly place an object mask at different
positions to form random target layouts. Images should
be generated conditioned on the target layouts and local
prompts, and the content is expected to be consistent in dif-
ferent layouts. The object masks are from the aforemen-
tioned curated dataset. To reduce the chance that objects
move out of the canvas, we restrict the maks position to a
square centered at the original position with its side length
of 40% of the image width. A visual example can be found
in Figure 9.
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“yellow yarn ball, blue yarn ball, British shorthair, cat house”
Add blue yarn ball Move all

“bed, wooden cabinet, window, bedroom”
Add bed & window Move all Shrink and clone bed

v ]

Shrink and clone blue yarn ball
v

Figure 3. Sequential manipulations. Our generated scenes can be manipulated by operating on layers sequentially.

a) Original b) Move Up ¢) Move down

R

“distant shot of the Tokyo tower with

d) Move left

an oil painting of cheese”

g

Ly,

a massive sun in the sky”

e) Move right f) Shrink g) Clone

Figure 4. Object moving. Our approach can be employed to move objects on a given image. Edited objects are shown in bold in the
prompts. Examples are borrowed from Epstein et al. [8] and no access to the initial latent noise is assumed. All layouts for each example
are generated from the same scene. As a result, our approach keeps the overall content consistent across different editings, which most
prior works fail to achieve. A full comparison with prior works can be found in appendix.

Baselines. We compare our approach to MultiDiffu-
sion [1], which is a training-free approach that generates
images conditioned on masks and local descriptions. We
use a 20% solid color bootstrapping strategy following their
protocol. Foreground and background noise are fixed in the
same scene for better consistency.

Results. We present quantitative results in Table 1, which
show that SceneDiffusion outperforms MultiDiffusion on
all metrics. For qualitative study, we show the results of
sequentially manipulation our generated scenes in Figure 3.

Table 1. Quantitative comparison for controllable scene gener-
ation. {: without the solid color bootstrapping strategy.

Method M.IoU{  Cons.t V.Conms.] LPIPS]  SSIM{
MultiDiff. [1]* 0.263 0.257 - 0.521 0.450
MultiDiff. [1] 0.466 0.436 0.236 0.519 0.471
Ours’ 0.310 0.609 - 0.198 0.761
Ours 0.522 0.721 0.112 0.215 0.762

4.3. Object Moving for Image Editing

Setting. Given a reference image, an object mask, and a
random target position, the goal is to generate an image
where the object has moved to the target position while
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window wooden-cabinet bed
sliding door cabinet

bedroom

round window spindle bed

Bohemian bedroom

bed wooden-cabinet window
blue bed glass cabinet modern window

bedroom
romantic bedroom

Figure 5. Restyling objects. Adding style description to the layer prompt restyles the object when fixing the initial noise. The circular

arrow shows the restyled object.

Figure 6. Replacing objects. Objects can be changed to different
objects by modifying their layer prompts without affecting other
objects in the scene. The circular arrow shows the replaced object.

Table 2. Quantitative comparison for object moving. : spe-
cialized inpainting model trained with masking.

Method FID{ M. IoU{ V.Cons.| LPIPS| SSIM{
RePaint [20]  10.267 0.620 0.166 0.278 0.671
Inpainting 6.383 0.747 0.112 0.264 0.680
Ours 5.289 0.817 0.075 0.263 0.709

keeping the rest of the content similar. The aforementioned
range is used to prevent moving the object out of the canvas.

Baselines. We compare with inpainting-based ap-
proaches. We first crop the object from the reference
image, paste it to the target location, and then inpaint the
blank areas. We dilate the edge of objects for 30 pixels to
better blend the object with the background. We compare
our approach with two inpainting models: a standard T2I

Take bed

a) Scene A

c¢) Mixed

Figure 7. Mixing scenes. One may mix scenes by copying a layer
from one scene and pasting it in another scene.

diffusion model using the RePaint technique [20], and a
specialized inpainting model trained with masking. We set
all local layer prompts in our approach to the global image
caption for a fair comparison.

Results. We report quantitative results in Table 2. Our
approach outperforms both inpainting-based baselines by a
clear margin on all metrics. Qualitative results of object
moving are shown in Figure 4.

4.4. Layer Appearance Editing

We show the results of object restyling in Figure 5 and
object replacement in Figure 6. We observe that changes
are mostly isolated to the selected layer, while other lay-
ers slightly adapt to make the scene more natural. Further-
more, layer appearance can be transferred across scenes by
directly copying a layer from one scene to another, as shown
in Figure 7.
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“aburger and an ice cream cone floating in the ocean”

a) Original

b) Edited (¢ = 25)

c) Edited (z = 15)

Figure 8. Ablation on 7. We swap the locations of the two objects. Stopping SceneDiffusion at a later step improves consistency and

prevents hallucination.

“abag, a sunny day after the snow”

a) Mask

b) Multi-
Diffusion

Figure 9. Qualitative evaluation of controllable scene genera-
tion. Multidiffusion [1] is able to generate a backpack in accor-
dance to the target mask, but both the background and the object
change at different layouts. Our method can produce coherent and
consistent images with minimal visual appearance difference.

Table 3. Component analysis.
Method CLIP-a1 VC | M.IoU? Cons.t LPIPS | SSIM 1
Ours (N=8, 7=13) 612 011 051 072 022 074

w/o multiple layouts 6.05 0.23 0.46 0.43 0.51 0.47
w/o random sampling ~ 5.98 0.12 0.50 0.68 0.22 0.75
w/o image diffusion 5.96 0.09 051 0.72 0.21 0.76

Table 4. Analysis on NV and 7
N T ‘ Optim.|. Infer.] ‘ CLIP-aT M.IoU 1 Cons.t LPIPS | SSIM 1

8 13\ 17.3s  0.82s \ 6.12 0514 0721 0.224  0.749

4 13| 9.65s 0.82s 5.99 0491 0.689 0.225 0.747

2 13| 5.73s 0.82s 5.97 0.481 0.672 0.229 0.735

8 25| 12.0s 1.53s 6.13 0502 0.643 0.276 0.685

8§ 0] 229s 0.0s 5.96 0.515 0.723 0.211  0.767
4.5. Ablation study

In Table 3, we ablate all components. We additionally mea-
sure CLIP-aesthetic (CLIP-a) following [1] to quantify the
image quality. Without jointly denoising multiple layouts,

all metrics drop drastically. With a deterministic sampling
of layouts, the image quality degrades. Without the image
diffusion stage, although consistency metrics slightly im-
prove, image quality significantly deteriorates. In Table 4,
we analyze the effect of the number of views and image dif-
fusion steps. We observe that having more views and more
SceneDiffusion steps leads to a better disentanglement be-
tween the object and the background, as indicated by higher
Mask IoU and Consistency. A qualitative comparison can
be found in Figure 8. We also present the accuracy-speed
trade-off when limiting to a single 32GB GPU. Larger N in-
creases the optimization time. Larger 7 increases the infer-
ence time. For all ablation experiments, we use a randomly
selected 10% subset for easier implementation.

5. Conclusion

We proposed SceneDiffusion that achieves controllable
scene generation using image diffusion models. SceneD-
iffusion optimizes a layered scene representation during the
diffusion sampling process. Thanks to the layered represen-
tation, spatial and appearance information are disentangled
which allows extensive spatial editing operations. Leverag-
ing the sampling trajectory of a reference image as an an-
chor, SceneDiffusion can move objects on in-the-wild im-
ages. Compared to baselines, our approach achieves bet-
ter generation quality, cross-layout consistency, and running
speed. Limitations. The object’s appearance may not fit
tightly to the mask in the final rendered image. Besides, our
approach requires a large amount of memory to simultane-
ously denoise multiple layouts, restricting the applications
in resource-limited user cases. Acknowledgments. This
study is supported by the National Research Foundation,
Singapore under its AI Singapore Programme (AISG Award
No: AISG2-PhD-2021-08-018), the Ministry of Education,
Singapore, under its MOE AcRF Tier 2 (MOET2EP20221-
0012), NTU NAP, and under the RIE2020 Industry Align-
ment Fund — Industry Collaboration Projects (IAF-ICP)
Funding Initiative.
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