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(a) Composition within the photorealism domain
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(d) Composition between real & sketching domains
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(b) Composition between real & cartoon domains

An oil painting of a shopping

(e) Composition between real & oil painting domains
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A car and a man are driving
down the road

A car and a man are driving
down the road

A cartoon animation of a
hamburger, a croissant, a
piece of bread and a cup of
coffee

(c) Composition between real & comic domains

A dog at sunset, watercolor
painting

A dog at sunset, watercolor
mall in the distance, Van painting

Gogh Style

(f) Composition between real & watercolor domains

Figure 1: Cross-domain image composition targets to harmoniously incorporate objects into specific background context. Our
proposed training-free TALE framework enhances text-driven diffusion models with the ability to accomplish this task in
diverse domains: (a) photorealism, (b) cartoon animation, (c) comic, (d) sketching, (e) oil painting, and (f) watercolor painting.

Zoom-in for more details.

ABSTRACT

We present TALE, a novel training-free framework harnessing the
power of text-driven diffusion models to tackle cross-domain im-
age composition task that aims at seamlessly incorporating user-
provided objects into a specific visual context regardless of domain
disparity. Previous methods often involve either training auxiliary

Unpublished working draft. Not for distribution.

networks or finetuning diffusion models on customized datasets,
which are expensive and may undermine the robust textual and
visual priors of pre-trained diffusion models. Some recent works at-
tempt to break the barrier by proposing training-free workarounds
that rely on manipulating attention maps to tame the denoising
process implicitly. However, composing via attention maps does
not necessarily yield desired compositional outcomes. These ap-
proaches could only retain some semantic information and usually
fall short in preserving identity characteristics of input objects or
exhibit limited background-object style adaptation in generated
images. In contrast, TALE is a novel method that operates directly
on latent space to provide explicit and effective guidance for the
composition process to resolve these problems. Specifically, we
equip TALE with two mechanisms dubbed Adaptive Latent Ma-
nipulation and Energy-guided Latent Optimization. The former

59
60

62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116


https://doi.org/10.1145/nnnnnnn.nnnnnnn

117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149

150

160
161
162
163
164
165
166
167
168
169
170
171
172
173

174

ACM MM, 2024, Melbourne, Australia

formulates noisy latents conducive to initiating and steering the
composition process by directly leveraging background and fore-
ground latents at corresponding timesteps, and the latter exploits
designated energy functions to further optimize intermediate la-
tents conforming to specific conditions that complement the former
to generate desired final results. Our experiments demonstrate that
TALE surpasses prior baselines and attains state-of-the-art perfor-
mance in image-guided composition across various photorealistic
and artistic domains.

CCS CONCEPTS

« Computing methodologies — Image processing; Computer
vision tasks; « Applied computing — Arts and humanities.

KEYWORDS

Image Composition, Cross-domain, Diffusion Models, Training-free,
Adaptive Latent Manipulation, Energy-guided Optimization

1 INTRODUCTION

Image composition, as a branch of image editing, has progressively
garnered attention in recent years [3, 25, 29, 42, 49, 52]. Typically,
this task involves integrating a user-specified image or text prompt
into a specified area of background while ensuring that the com-
posited image appears natural and seamless, exhibiting consistent
lighting conditions and a smooth foreground-background transi-
tion. Image composition has been employed in various fields. For
example, the entertainment industry relies on image composition to
create stunning visual effects, facilitating the seamless integration
of actors and objects into fantastical environments that would be
impractical or impossible to capture in real life. Moreover, image
composition can also be used in interior design. Specifically, it is
used to place virtual furniture into real interior spaces, aiding in
visualization and decision-making processes for both designers and
clients. In light of these significant and useful applications, it is
imperative to explore the field of image composition fully.

The prevailing methods for image composition involve fine-
tuning pre-trained models with customized datasets, aiming to
improve the semantic coherence of the composited results. For in-
stance, Paint by Example [49] utilizes object detection and data
augmentation to generate pairs consisting of a foreground and a
background. These pairs are used for training the diffusion model.
AnyDoor [3] designs an identity (ID) extractor module to distill
the characteristic features of specified objects. These extracted fea-
tures are subsequently employed as conditional inputs to guide
the training process of the diffusion model. While these training-
based methods have demonstrated remarkable performance, they
require substantial computational effort that limits the accessibility
for researchers with constrained resources. Training-free meth-
ods (e.g., TF-ICON [29]) offer a promising direction by injection
mechanism to merge the self-attention maps of foregrounds and
backgrounds. However, they still face critical challenges, particu-
larly in preserving the identity of the composited elements. Besides,
they demonstrate subpar performance when tackling cross-domain
image composition.

To mitigate these drawbacks, we present TALE, a training-free
framework harnessing the power of text-driven diffusion models

Anonymous Authors

to tackle cross-domain image composition task, aiming at seam-
lessly incorporating user-provided objects into a specific visual
context regardless of domain disparity. Specifically, TALE functions
in the latent spaces, offering precise and potent direction within
the compositing workflow to remedy the above-mentioned issues.
TALE is equipped with two distinct components: Adaptive Latent
Manipulation and Energy-guided Latent Optimization. The former
establishes an initial noisy latent conducive to beginning the com-
position, then applies normalization to iteratively guide subsequent
composing steps. In complement, the latter utilizes specific energy
functions to further refine the normalized intermediate latents. This
synergistic mechanism ensures the production of the intended vi-
sual outcomes. The experimental results and user studies reveal
that the proposed TALE outperforms existing methods. The code
will be made available to promote future research.

Overall, our contributions are listed as follows:

e We propose TALE, a novel training-free framework capa-
ble of seamlessly incorporating user-provided objects into
diverse visual contexts across multiple domains.

e TALE excels in preserving the identity characteristics of
input objects while harmonizing their style with the back-
grounds, resulting in highly realistic and aesthetically pleas-
ing composited images thanks to its Adaptive Latent Manipu-
lation and Energy-guided Latent Optimization mechanisms.

o Extensive experiments and user studies provide compelling
evidence of TALE’s strength over prior work. We will release
the code to promote future research.

2 RELATED WORK

2.1 Image Composition

Image composition is an essential task utilized in various image
editing platforms. The primary goal is to integrate an object into
a given background [32]. The composition models should create
a visually seamless and convincingly realistic composited image,
making it imperceptible for observers to discern any traces of ma-
nipulation. Generally, image composition can be categorized into
two types based on whether the original object’s structure or con-
tour is preserved.

When structure preservation is necessary, some works design
image harmonization techniques [4, 11, 12, 26, 45, 46], emphasizing
color consistency and luminance coherence across the composited
areas. Other methods introduce image blending strategies [1, 28, 47,
54] to remedy the unnatural boundaries between the foreground
and background, ensuring a seamless integration while maintaining
the integrity of the original structure.

Another line of work suggests that maintaining the object’s
identity is sufficient, allowing for changes in its perspective and
enabling more flexibility [3, 21, 24, 25, 29, 42, 43, 49, 52]. For in-
stance, Paint by Example [49] leverages object detection and data
augmentation techniques to create foreground-background pairs,
with the augmented foreground image acting as a conditioning in
the training of a diffusion model. AnyDoor [3] incorporates an ID
extractor to capture the identity features of given objects, which are
utilized as conditions for training the diffusion model. It is worth
mentioning that TF-ICON [29] introduces a training-free frame-
work, taking advantage of pre-trained text-to-image models for
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image composition. In particular, it incorporates the self-attention
maps extracted when reconstructing foregrounds and backgrounds
to melt them together. It is shown that the performance of TF-ICON
surpasses existing image composition methods in versatile visual
domains, yet they struggle to preserve object identity features and
suffer from incohesive style adaptation.

Generally, the proposed TALE adheres to a training-free routine
but distinguishes itself from TF-ICON in that our method is capa-
ble of well preserving the object identity and seamlessly blending
to diverse domains of different styles, powered by the proposed
Adaptive Latent Manipulation and Energy-guided Optimization
mechanisms.

2.2 Diffusion Models

In recent years, diffusion models [2, 10, 13, 14, 33, 35, 38, 40, 53, 57]
have become the mainstream of generative models across vari-
ous domains, owing to their exceptional fidelity and diversity in
generated results when compared with GANs [9] and VAEs [19].

Notably, the Latent Diffusion Model (LDM) [37] performs the
diffusion process in a VAE-compressed latent space, thereby im-
proving computational efficiency. DDIM [40] introduces a novel
approach to accelerate the latent diffusion processes. Remarkably,
DDIM inversion has been effectively utilized for editing purposes
and has been integrated into other image composition methods [29].
Imagen [38] introduces multiple diffusion models for progressive
generation, enhancing the resolution of generated images step by
step. SD-XL [35] enlarges the model size and designs curated strate-
gies to enhance the image quality. DiT [33] utilizes Transformers as
the backbone and proves the scaling ability. ControlNet [53] intro-
duces an additional branch to receive the additional conditions, such
as the canny maps and segmentation maps. Uni-ControlNet [57]
enables processing multiple conditions at the same time. Typically,
these methods require training or finetuning on the additional con-
ditions involved to enable a certain degree of control over specific
tasks.

To enable controllable generation with different conditions at
sampling time, several methods leverage energy functions to guide
the diffusion process [6, 7, 22, 50, 56], alleviating the cost of train-
ing. In particular, EGSDE [56] introduces a time-dependent energy
function designated for unpaired image-to-image translation task.
Differently, FreeDom [50] proposes a flexible time-independent for-
mulation for energy functions that facilitate different image editing
tasks on multiple conditions.

3 PRELIMINARY
3.1 Latent Diffusion Model

We leverage the pre-trained text-to-image LDM for our composition
model. The diffusion procedure follows the standard formulation
in [13, 39, 41], which comprises a forward diffusion and a backward
denoising process. Given a data sample x ~ p(x), an autoencoder
consisting of an encoder & and a decoder D will first project it
into latent zg = &(x). Subsequently, the diffusion and denoising
processes are conducted in latent space. Once the denoising is
finished and a final clean latent Zj is generated, the sample can then
be decoded via X = D(Zp).
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3.2 Energy Diffusion Guidance

The original diffusion models [13] can only serve as an uncondi-
tional generator. In order to control the generation process with a
desired condition c, classifier-guided methods [5, 27, 31, 56] propose
to alter the prediction of the denoising network as:

€g(zs,1,¢) = €g(21,1) — 01V, log py(clzy), 1)

where o is predefined diffusion scalar and ¢ is a trained time-
dependent noisy classifier that estimates the label distribution of
each sample of z;. The term V3, log py (c|z;) can be interpreted as a
correction gradient that steers z; toward a hyperplane in the latent
space where all latents are compatible with the given condition c.
To approximate such a gradient, a flexible and straightforward way
is utilizing the energy guidance function [22, 50, 56] as follows:

Vs, log ps(clze) o~V Ezr.t, ). (@)

Here £(z;, t, ¢) denotes an energy function that quantifies the com-
patibility between the condition ¢ and the noisy latent z;. The more
z; conforms to c, the smaller the energy value should be. Such a
loose property enables great flexibility in designing suitable ¢ to
suit for each condition c. Correspondingly, the updated conditional
backward process can be written as:

Zt-1 =21 — ptVz, E(2s,t,¢), (3

where z;_1 ~ pg(zt—1|z¢) and p; is a scale factor. We base on this
equation to derive a latent optimization mechanism to modulate
the composition process.

4 METHOD

4.1 Problem Formulation

Given a background (main) image xpy, a foreground (object) image
x4 with segmentation mask Myy;, a text prompt P, and a user-
provided binary mask M, indicating the region of interest within
Xpg» the objective of cross-domain image composition is to generate
composited image X, that harmoniously acquires three properties.
Firstly, the inputted object appears in the masked region of X,¢s
and picks up a similar style to x,, while preserving its identity
features, i.e. ID(Xyes © My) =~ ID(xfg) and Style(Xres © My,) =~
Style(xpy). Secondly, the complementing background area of Xres
closely resembles the corresponding area of Xpg, i.e. Xres © (1 —
M) ~ xp4©(1-My). Lastly, the transition area Xres © (Mu ®M,p ;)
is visually imperceptible. To concurrently tackle these challenges,
we harness the power of pre-trained text-to-image latent diffusion
model and propose a novel training-free approach comprised of two
stages: Adaptive Latent Manipulation (Section 4.2) to construct and
gradually calibrate initial latent suitable for the composition process
and Energy-guided Latent Optimization (Section 4.3) to further
optimize intermediate latents via task-specific energy function for
better outcomes.

4.2 Adaptive Latent Manipulation

Selective Initiation. To initiate composition process, TF-ICON [29]
first inverts Xpg and Xg, into corresponding noisy latent represen-

tations z?g and z?g via inversion process of predefined T timesteps.

Then, they are merged to constitute noisy latent used as starting
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Figure 2: Illustration for the overall framework of TALE. First, the background latent zsg and foreground latent zg 9 are inverted

bg

into their respective noisy correspondences z;” and Z]ng . Then, for selected timestep T’, we initiate the composition process

. . bg fg
by incorporating z; and z};

via Selective Initiation (Section 4.2). In subsequent timesteps t € [T’ — 7, T’), the intermediate

latent z}°® is progressively refined through the sequential application of Adaptive Latent Normalization (Section 4.2) and

t

Energy-guided Latent Optimization (Section 4.3), ultimately yielding the desired composited result z

A chair and urn in the living room of a
russian log cabin

TF-ICON Ours TF-ICON Ours

Figure 3: Our proposed TALE is robust against identity fea-
ture loss and noticeable artifacts indicating domain style
disparity compared to TF-ICON.

point for composing by
= b9 g
27t =27 © Mzg + z§ o Mzbj +z0O M, 4)

where z ~ N(0,1), MZ =1 — M7, indicates region outside MZ, and
g

z

Mtran

masks are correspondingly rescaled to latent resolution from those

mentioned in Section 4.1. After inversion stage, composition is

essentially a backward process which involves concurrently denois-

=M; o M2 p; Tepresents the transition area. Note that these

ing z?g , z§g , and z7?*. The incorporation in Eq. 4 is applied at initial
timestep T while for t < T, the composition process is implicitly
controlled by injecting self-attention maps obtained when denois-
ing zl;g and z{ 9 into those of z/* in specific manner [29]. Though
self-attention maps could bring about some semantic information
of the inputted object to the resulting image, they are susceptible to

identity features loss and incohesive style adaptation, as illustrated

res
0

in Fig. 3. Moreover, randomly initializing values within transition
area M7 can produce unwanted artifacts.

To overcome these issues, we aim to induce explicit guidance that
directly leverages noisy latents to capture identity features better
while seamlessly altering domain style. Our empirical observations
reveal that it can be achieved by initiating the composition process

at a later timestep instead of T. Formally, we select timestep 0 <

T’ < T and employ 2%° as the starting point for composing:
res _  bg _ NMZ 9 z
=z, 0(1 Mobj) + z;, 0] Mobj‘ (5)

The rationale behind preference of T’ over T is the more the de-
noising progresses, the more style and identity information are

reconstructed in zI and ZZ’ comparing to those from timestep

T, hence the more informative and effective they can be brought
to z!,s. Moreover, the pre-trained denoising network €y can re-
tain the layout structure of er;s while gradually rectifying its tex-
ture throughout the remaining duration ¢ € [0,T’). Therefore,
commencing the composition process at timestep T’ with ere's ex-
plicitly leads to desired outcomes without any intervention into
self-attention features. Conceivably, this shares a similar intuition
with SDEdit [30] to hijack the reverse denoising process, but while
SDEdit firstly performs composition in pixel space and then per-
turbation, we adopt a reversed manner by conducting inversion
before composition, allowing for better style harmonization while
effectively preserving background and foreground contents. We
discuss how to choose the appropriate value for T’ in Section. 5.3.
Adaptive Latent Normalization. For challenging cases where
a significant domain discrepancy exists between xp, and x ¢y, al-
though the Selective Initiation operation is able to integrate identity
information of the input object into the composited image, its color
hue falls short of the anticipated outcome. For instance, when xp,
is black-and-white but x fg is colorful, as in Fig. 6, some colors are
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Algorithm 1 Adaptive Latent Normalization

Algorithm 2 Energy-guided Latent Optimization

Input: Intermediate composited and background latents
(z}*°, zfg), preprocessed object segmentation mask Mgbj’
threshold A;.

Output: Normalized latent

15 Hpgs Obg = STATS(2,9)

2 Hobjs Gobj = STATS(,** © MZ, )

Sres
Zy

dn _
3: z? n— o’bg(zzes @Mzbj - llobj)/o'obj + Hig
sres _ d
& 20 = 4zf M+ (1= ) (21 OMZ, ) +27° 0 (1- M, )
5: return Z,°

smeared onto the resulting image. Based on the principle underly-
ing AdalN [15], we contemplate that tone information is intricately
correlated with channel statistics of intermediate latents. Thus, we
propose to extract the object region within z;**, i.e. ;** © M2 by
of following timesteps ¢ € [0,T’) and modulate it with channel

statistics of background latent zI;g via

adn res

= O'bg(zt © Mibj - llobj)/gobj + Hbgs (6)

where p1 and o denote channel-wise means and standard deviations.
Besides, we introduce a threshold A; to further balance the content-
style trade-off of the modulated latent as:

7209m = 3,299 4 (1- 1) (2% © M2, ). ()

Finally, substituting i‘:d" into z}*° results in the updated z}** that
can preserve content information of object region while its color
tone is gradually aligned better with the background.

4.3 Energy-guided Latent Optimization

Energy Function Design. Despite capturing object identity fea-
tures and emulating the style of the background, the resulting z}*
might be inconsistent with the contextual guidance provided by
the input text prompt P. This may undermine the rich semantic
prior of diffusion model €y and eventually lead to deviation from
intended outcomes similar to TF-ICON. Inspired by [34, 48, 50],
we propose to leverage the updated conditional denoising process
in Eq. 3 and design suitable energy function ¢ to further optimize
z;** conforming with P. Specifically, given latent variable z}** at
timestep t € [0,T”), we first derive the composited image x"¢* from

0l¢
z;®* and predicted noise é; via
o1 = Do) = D((z(° = orér) Jau), (8)

where é; = €g(z}°*,t) and D is the decoder mapping from latent
back to image space. With such clean prediction on image space,
we can then employ external models pre-trained on normal data to
estimate £(z}, t, P) as below:

8 L) 2 F=1- cos(EMB¢(x(r)Tts),EMBp (P)). 9)

Here EMBp projects input into an aligned embedding space via
pre-trained multimodal projector , and # denotes a distance mea-
suring function, which is one minus cosine similarity between two
embedding vectors. The obtained distance then serves as a global
penalty to backpropagate the computational graph and obtain a

Input: Intermediate composited latent z;°*, background image
Xpg and latent th?g , user-specified mask My, preprocessed object
segmentation mask M'z bj? predefined diffusion scalars (oy, a;),

prompt P, optimization steps N, scale factors (5, ’).

. imi sres
Output: Optimized latent 2;%

1: fori=0to N do
2 7),& = DENOISE(Z}%%)

3 x = D((2% - 0rér) [ew)

@ F=1- cos(EMB;o(x(r)lets), EMBy (P))

5 F = 11Gp (X[ © M) = Gy (xpg) 2

6 7 =7 = (Ve T 40 VyesF) OM?,

7. end for

L L
sres

9: return z,7°

gradient on z;**. By incorporating Eq. 3 and Eq. 9, we can derive
the updated composition process as:

i;isl = Z;ESI _ I]vz;“ F, (10)

in which 5 serves as the learning rate of each optimization step.
We leverage CLIP [36] model with powerful text-image alignment
capability as the projector.

Note that & can be approximated by a combination of multiple
distance functions, one can also compute the distance of the style
information between x/?* within My, (the object patch) and xp, to

ot
attain better local style cohesion:
F' = 11Gp (x(f; © Mu) = Gp (xpg)lI (11)

where G denotes the Gram matrix [17] of the feature map obtained
from the projector # that captures the second-order style informa-
tion. This extra regularization can be added to Eq. 10 as:

2 =2} = nVgesF —n'VyesF. (12)

Since object area is the region to be edited while background must
remain unchanged, it is intuitive to only optimize the object patch
within Mz bj using Eq. 12, while background region outside the

mask can be effectively maintained via replacement trick as in [29].

Timestep Constraint. It is observed that applying normalization
and optimization for every timestep ¢t € [0,T”) may lead to notice-
able artifacts in transition area. Thus, similar to [1, 29], we introduce
threshold 7 to regulate them within ¢ € [T’ — 7, T’) only, allowing
sufficient time left for diffusion model to rectify the outputs.

5 EXPERIMENTS
5.1 Experimental Setups

Baseline Benchmark. We utilize the benchmark dataset provided
by the TF-ICON [29] for evaluation of our method. It includes 332
samples, each comprising a background image, an object image,
a user-provided mask, an object segmentation mask, and a text
prompt. The background images are divided into four visual do-
mains: photorealism, pencil sketching, oil painting, and cartoon
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Figure 4: Qualitative comparison of TALE with prior SOTA and concurrent works in cross-domain image-guided composition.
From top to bottom are representative results for compositing between real and watercolor, oil painting, comic, photorealism,
sketching, and cartoon animation domains. Zoom-in for details.

animation. The object images comprise more than 60 categories
from photorealism domain with segmentation masks obtained us-
ing SAM [20] model. The text prompts are manually annotated
according to the semantics of background and object images.

Extended Dataset. Since the baseline benchmark is heavily skewed
towards the photorealism domain with over 70% of samples and
provides a limited number of background images for assessment,
we propose an extended dataset with more non-photorealistic sam-
ples and diverse backgrounds. We randomly select artistic domain
images from Clipart1k, Watercolor2k, and Comic2k [16], to be back-
ground images, utilizing their object bounding box annotations for
user-specified mask generation. For each background, we randomly
select an object of class [CLS] and adopt BLIP2 [23] model to gener-
ate caption of template "A [CLS] and ...". Then, we leverage Inpaint
Anything [51] framework to inpaint the selected object location,
obtaining a clean background image. Besides, object images are
sampled from the baseline benchmark due to their category di-
versity. Subsequently, we pair the object and background images,

and accordingly replace [CLS] in the background caption with the
category [CLS*] of the paired object. Lastly, we manually remove
unreasonable pairs for sanity and eventually obtain an extended
benchmark of 207 high-quality non-photorealistic domain samples
with diverse backgrounds for evaluation, complementing what is
lacking from the baseline.

Implementation Details. We first adopt the preprocessing pipeline
from TF-ICON [29] to preprocess each data sample so that the
input object is rescaled and relocated to correspond with user-
inputted mask. In addition, we employ Inpaint Anything [51] model
to remove unwanted objects underneath the user mask to pro-
duce a clean background image for composing. Then, we con-
duct composition processes using our proposed training-free ap-
proach TALE of which the overall framework is depicted in Fig. 2.
Specifically, we leverage the inversion technique introduced in [29]
to invert background and foreground images into latent repre-

sentations zl%q and z];g then iteratively denoise them for T = 20
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Figure 5: Quantitative comparison of TALE with prior SOTA works in cross-domain composition on the baseline benchmark
with sketching, oil painting, and cartoon animation domains, and on the extended benchmark containing mixture of other
domains such as comic and watercolor painting.

Table 1: Quantitative performance achieved by different
methods for photorealism same-domain composition on test

benchmark provided by [29]. Our results are shown in bold,

the best and second-best results are in red and blue.

Method | LPIPSy,, | [ LPIPS7, | [ CLIPfmage 1 | CLIPText 1

0 PDE [49] 0.12 0.69 80.26 25.92
£ AnyDoor [3] 0.09 0.59 87.87 31.24
E ControlCom [52] 0.10 0.60 84.97 30.57

ObjectStitch [42] 0.11 0.66 84.86 30.73
g Blended [1] 0.11 0.77 73.25 25.19
fﬂ SDEdit (0.4) [30] 035 0.62 80.56 27.73
£ | SDEdit (0.6) [30] 0.42 0.66 77.68 27.98
3 TF-ICON [29] 0.10 0.60 82.86 28.11
= TALE (Ours) | 0.10 0.51 85.12 31.03

timesteps while conducting composition process intertwine start-
ing from T” = 8. Subsequently, we proceed to normalize and op-
timize the intermediate composited latent z;* via our proposed
Adaptive Latent Normalization (Algorithm 1) and Energy-guided
Latent Optimization (Algorithm 2) operations with 7 = 5. We
respectively set A; = 0.1 4+ 0.5(T" — t)/7 for normalization and
N = 3,5 = 15,5’ = 0.15 for optimization. We fix the random
seed for fair comparisons and conduct all experiments on NVIDIA
Geforce RTX 3090 GPUs, where the composition takes about 23
seconds per sample, depending on the size of the foreground image
and user mask. Note that these settings are kept by default for every
cross-domain experiments, and for same-domain composition, we
adjust T" = 6,7 = 3, A4 = 0.1 and skip optimization as domain dis-
crepancy between background and foreground images is negligible.

5.2 Performance Comparisons

We compare TALE with prior SOTA and concurrent works that
are capable of performing image-guided composition, including
TF-ICON [29], SDEdit [30], Blended Diffusion [1], Paint by Exam-
ple [49], AnyDoor [3], ControlCom [52], and ObjectStitch [42].

Qualitative Results. Qualitative results shown in Fig. 4 highlight
the superiority of our method across all domains. First, TALE gen-
erates high-quality composited images of which the objects are
stylized according to target backgrounds more naturally. Second,

the identity features of input objects are better preserved. Third, the
complementing background regions of composited images remain
unchanged. Fourth, the objects seamlessly blend into the back-
grounds without noticeable artifacts in the transition area. In one
hand, although AnyDoor, ControlCom, and ObjectStitch can com-
pose images within their photorealistic training domain, they suffer
from poor adaptation to other domains. On the other hand, TF-
ICON and Paint by Example can provide certain degree of freedom
for composing in different domains yet they fall short in retaining
object identities and altering color style. For SDEdit and Blended
Diffusion, while the former often causes unwanted changes to the
background, the latter solely resorts to text prompt for composing;
hence, its results tend to deviate from user’s intention.
Quantitative Results. We first follow the prior works to per-
form quantitative comparisons using four metrics: LPIPS;, [55]
to assess background preservation, LPIPS ¢, [55] to measure low-
level similarity between foreground image and the edited region,
CLIP[;nqge [36] to examine the semantic correspondence between
foreground image and the edited region in CLIP embedding space,
and CLIPTex; [36] to evaluate the semantic alignment between
input text prompt and the composited image. However, since these
metrics do not assess domain style adaptability and are known for
texture and semantic bias [8, 18] in which style information can
affect the scores, we only employ them for evaluating composition
within the same photorealism domain. As demonstrated in Tab. 1,
our method TALE achieves the best performance among training-
free approaches, even outperforms several frameworks that are
trained on this domain.

For cross-domain comparisons, we adopt the recent evaluation
protocol from [18], which can precisely examine domain trans-
ferability in terms of style and content similarity. Specifically, we
leverage their pre-trained discriminator to predict color style sim-
ilarity score between the edited patch of composited image and
the background. For content similarity, we utilize LDC [44] model
to extract edge features of background, foreground, and compos-
ited images. These features are more tolerant of style changes and
hence can be used to assess content preservation. We then compute

content similarity score with a slight modification as
S = (1+SSIMpy) (1 + SSIMgy) /4, (13)

where SSIM ¢, denotes SSIM calculated between edge features of
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Figure 6: Ablation study: Qualitative evaluation on effective-
ness of each component.
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TALE 1 0.70 ControlCom
TALE : 0.77 ObjectStitch

Figure 7: User preference of TALE over prior works.

foreground image and edited region of resulting image, and SSIMp,
is calculated on the complementing background area. This metric
formulation can effectively reflect both background and object
identity preservation capabilities. Results presented in Fig. 5 show
that we attain the most balanced content-style trade-off across all
domains. We can observe that although Anydoor and ControlCom
have high content similarity scores, they often fail to alter the object
style. In contrast, SDEdit may obtain high style similarity scores
yet they struggle to retain content information.

User Study. To subjectively evaluate the performance of our TALE
compared to other methods, we invite 50 users to participate in a
user study. We show each of them 20 to 30 image sets randomly
selected from a pool of 310 questions each consists of a background
image, a foreground image, and two composited options of which
one is from ours and the other is randomly picked from 7 results
generated by prior works. Users are required to select the better-
composited image based on comprehensive criteria considered fore-
ground content-style balance, background preservation, text align-
ment, and seamless composition. After collecting user responses,
we computed the average preference percentage of our method
over others. Fig. 7 shows that TALE is greatly favored by the users.

5.3 Ablation Studies

Component Effectiveness. We sequentially ablate the key ele-
ments of our proposed TALE on the extended dataset with the
following configurations: (1) Baseline, in which the composition
is generated by a plain denoising process from T to 0 with nei-
ther adaptive latent manipulation nor energy-guided optimization.
The initial point is composed by incorporating inverted noises
at T’ = T; (2) T’ is selectively set; (3) The adaptive normalization
is additionally conducted; (4) The energy-guided optimization is

Anonymous Authors

Figure 8: Ablation study: Qualitative evaluation on different
selections of T’.

Table 2: Ablation study: Quantitative evaluation on effective-
ness of each component.

Config | Baseline | + Selective T" | + Normalization | + Optimization
Content Similarity T 0.45 0.48 (- 0.03 0.49 (- 0.0 0.50 (+ 0.01)
Style Similarity T 0.40 0.50 (- 0.10 0.81 (- 03 0.82 (+0.01)

Table 3: Ablation study: Quantitative evaluation on different
selection of T’.

Config | T"=16 | T'=12 | T'=8 | T' =4
Content Similarity T 0.47 0.48 0.50 0.51
Style Similarity T |  0.56 0.75 0.82 0.78

finally applied. Results shown in Tab. 2 and Fig. 6 indicate that the
proper selection of T’ can preserve content and style information
of inputs while adaptive normalization can enhance the color tone
of objects and energy-guided optimization helps further refine the
outcomes.

T’ Selection. Intuitively, the more the denoising progresses, the
more information about backgrounds and objects are reconstructed,
hence the more effectively they can be composed into final out-
comes. To validate this intuition, we experiment with the influence
of different choices of T” on the extended dataset. Consistent results
are demonstrated in Fig. 8 and Tab. 3. Notably, too large T’ leads to
content information loss, while too small T’ affects domain style
adaptation.

6 CONCLUSION

We have presented a novel training-free framework dubbed TALE
leveraging powerful text-driven diffusion models for high-quality
cross-domain image-guided composition. TALE is equipped with
two components, namely Adaptive Latent Manipulation and Energy-
guided Latent Optimization, that works in synergy to construct and
control the composition process, seamlessly incorporating user-
provided objects into a specific visual background of different do-
mains. Our experimental results highlight the superiority of our ap-
proach over prior and concurrent works, achieving state-of-the-art
performance. We hope that our method can inspire future research
on similar or relevant topics.

871
872
873
874
875
876
877
878
879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917
918
919
920
921
922
923
924
925
926
927
928



929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971
972
973
974
975
976
977
978
979
980
981
982
983
984
985

986

TALE: Training-free Cross-domain Image Composition via Adaptive Latent Manipulation and Energy-guided Optimization

REFERENCES

[1] Omri Avrahami, Dani Lischinski, and Ohad Fried. 2022. Blended Diffusion for

[2

3

[10

[11

[12

[13

[14

(15

[17

[18

[19

[20

[21

=

=

]

]

]

]

]

]

]

Text-Driven Editing of Natural Images. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR). 18208-18218.

Junsong Chen, Jincheng Yu, Chongjian Ge, Lewei Yao, Enze Xie, Yue Wu, Zhong-
dao Wang, James Kwok, Ping Luo, Huchuan Lu, et al. 2023. PixArt-a: Fast
Training of Diffusion Transformer for Photorealistic Text-to-Image Synthesis.
arXiv preprint arXiv:2310.00426 (2023).

Xi Chen, Lianghua Huang, Yu Liu, Yujun Shen, Deli Zhao, and Hengshuang
Zhao. 2023. Anydoor: Zero-shot object-level image customization. arXiv preprint
arXiv:2307.09481 (2023).

Wenyan Cong, Jianfu Zhang, Li Niu, Liu Liu, Zhixin Ling, Weiyuan Li, and Liging
Zhang. 2020. Dovenet: Deep image harmonization via domain verification. In
Proceedings of the IEEE/CVF conference on computer vision and pattern recognition.
8394-8403.

Prafulla Dhariwal and Alexander Nichol. 2021. Diffusion Models Beat GANs on
Image Synthesis. In Advances in Neural Information Processing Systems, M. Ran-
zato, A. Beygelzimer, Y. Dauphin, P.S. Liang, and J. Wortman Vaughan (Eds.),
Vol. 34. Curran Associates, Inc., 8780-8794. https://proceedings.neurips.cc/
paper_files/paper/2021/file/49ad23d1ec9fa4bd8d77d02681df5cfa-Paper.pdf
Yilun Du, Conor Durkan, Robin Strudel, Joshua B Tenenbaum, Sander Dieleman,
Rob Fergus, Jascha Sohl-Dickstein, Arnaud Doucet, and Will Sussman Grathwohl.
2023. Reduce, reuse, recycle: Compositional generation with energy-based diffu-
sion models and memc. In International conference on machine learning. PMLR,
8489-8510.

Ruiqi Gao, Yang Song, Ben Poole, Ying Nian Wu, and Diederik P Kingma. 2020.
Learning energy-based models by diffusion recovery likelihood. arXiv preprint
arXiv:2012.08125 (2020).

Robert Geirhos, Patricia Rubisch, Claudio Michaelis, Matthias Bethge, Felix A.
Wichmann, and Wieland Brendel. 2019. ImageNet-trained CNNs are biased
towards texture; increasing shape bias improves accuracy and robustness. In 7th
International Conference on Learning Representations, ICLR 2019, New Orleans,
LA, USA, May 6-9, 2019. OpenReview.net. https://openreview.net/forum?id=
Bygh9j09KX

Tan Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley,
Sherjil Ozair, Aaron Courville, and Yoshua Bengio. 2014. Generative adversarial
nets. Advances in neural information processing systems 27 (2014).

Shuyang Gu, Dong Chen, Jianmin Bao, Fang Wen, Bo Zhang, Dongdong Chen, Lu
Yuan, and Baining Guo. 2022. Vector quantized diffusion model for text-to-image
synthesis. In Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition. 10696—-10706.

Zonghui Guo, Dongsheng Guo, Haiyong Zheng, Zhaorui Gu, Bing Zheng, and
Junyu Dong. 2021. Image harmonization with transformer. In Proceedings of the
IEEE/CVF international conference on computer vision. 14870-14879.

Zonghui Guo, Haiyong Zheng, Yufeng Jiang, Zhaorui Gu, and Bing Zheng. 2021.
Intrinsic image harmonization. In Proceedings of the ieee/cvf conference on com-
puter vision and pattern recognition. 16367-16376.

Jonathan Ho, Ajay Jain, and Pieter Abbeel. 2020. Denoising Diffusion Probabilis-
tic Models. In Advances in Neural Information Processing Systems, H. Larochelle,
M. Ranzato, R. Hadsell, M.F. Balcan, and H. Lin (Eds.), Vol. 33. Curran Asso-
ciates, Inc., 6840-6851. https://proceedings.neurips.cc/paper_files/paper/2020/
file/4c5bcfec8584af0d967f1ab10179ca4b-Paper.pdf

Jonathan Ho, Tim Salimans, Alexey Gritsenko, William Chan, Mohammad
Norouzi, and David ] Fleet. 2022. Video diffusion models. Advances in Neu-
ral Information Processing Systems 35 (2022), 8633-8646.

Xun Huang and Serge Belongie. 2017. Arbitrary Style Transfer in Real-Time
With Adaptive Instance Normalization. In Proceedings of the IEEE International
Conference on Computer Vision (ICCV).

Naoto Inoue, Ryosuke Furuta, Toshihiko Yamasaki, and Kiyoharu Aizawa. 2018.
Cross-domain weakly-supervised object detection through progressive domain
adaptation. In Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition. 5001-5009.

Justin Johnson, Alexandre Alahi, and Li Fei-Fei. 2016. Perceptual Losses for
Real-Time Style Transfer and Super-Resolution. arXiv:1603.08155 [cs.CV]
Zhanghan Ke, Yuhao Liu, Lei Zhu, Nanxuan Zhao, and Rynson W.H. Lau. 2023.
Neural Preset for Color Style Transfer. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR). 14173-14182.

Diederik P Kingma and Max Welling. 2013. Auto-encoding variational bayes.
arXiv preprint arXiv:1312.6114 (2013).

Alexander Kirillov, Eric Mintun, Nikhila Ravi, Hanzi Mao, Chloe Rolland, Laura
Gustafson, Tete Xiao, Spencer Whitehead, Alexander C. Berg, Wan-Yen Lo, Piotr
Dollar, and Ross Girshick. 2023. Segment Anything. arXiv:2304.02643 (2023).
Sumith Kulal, Tim Brooks, Alex Aiken, Jiajun Wu, Jimei Yang, Jingwan Lu,
Alexei A Efros, and Krishna Kumar Singh. 2023. Putting people in their place:
Affordance-aware human insertion into scenes. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition. 17089-17099.

[22]

(23]

[24

~
2

[26

[27

[28

[29

[30

[31

(32]

[33

[35

[36

[37

[38

(39]

[40]

[41

ACM MM, 2024, Melbourne, Australia

Yann Lecun, Sumit Chopra, Raia Hadsell, Marc Aurelio Ranzato, and Fu Jie Huang.
2006. A tutorial on energy-based learning. MIT Press.

Junnan Li, Dongxu Li, Silvio Savarese, and Steven Hoi. 2023. BLIP-2: Boot-
strapping Language-Image Pre-training with Frozen Image Encoders and Large
Language Models. In Proceedings of the 40th International Conference on Ma-
chine Learning (Proceedings of Machine Learning Research, Vol. 202), Andreas
Krause, Emma Brunskill, Kyunghyun Cho, Barbara Engelhardt, Sivan Sabato,
and Jonathan Scarlett (Eds.). PMLR, 19730-19742. https://proceedings.mlr.press/
v202/1i23q.html

Pengzhi Li, Qinxuan Huang, Yikang Ding, and Zhiheng Li. 2023. Layerdiffusion:
Layered controlled image editing with diffusion models. In SIGGRAPH Asia 2023
Technical Communications. 1-4.

Tianle Li, Max Ku, Cong Wei, and Wenhu Chen. 2023. Dreamedit: Subject-driven
image editing. arXiv preprint arXiv:2306.12624 (2023).

Jun Ling, Han Xue, Li Song, Rong Xie, and Xiao Gu. 2021. Region-aware adaptive
instance normalization for image harmonization. In Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition. 9361-9370.

Xihui Liu, Dong Huk Park, Samaneh Azadi, Gong Zhang, Arman Chopikyan,
Yuxiao Hu, Humphrey Shi, Anna Rohrbach, and Trevor Darrell. 2023. More
control for free! image synthesis with semantic diffusion guidance. In Proceedings
of the IEEE/CVF Winter Conference on Applications of Computer Vision.

Chia-Ni Lu, Ya-Chu Chang, and Wei-Chen Chiu. 2021. Bridging the visual gap:
Wide-range image blending. In Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition. 843-851.

Shilin Lu, Yanzhu Liu, and Adams Wai-Kin Kong. 2023. TF-ICON: Diffusion-
Based Training-Free Cross-Domain Image Composition. In Proceedings of the
IEEE/CVF International Conference on Computer Vision (ICCV). 2294-2305.
Chenlin Meng, Yutong He, Yang Song, Jiaming Song, Jiajun Wu, Jun-Yan Zhu, and
Stefano Ermon. 2022. SDEdit: Guided Image Synthesis and Editing with Stochastic
Differential Equations. In International Conference on Learning Representations.
Alex Nichol, Prafulla Dhariwal, Aditya Ramesh, Pranav Shyam, Pamela Mishkin,
Bob McGrew, Ilya Sutskever, and Mark Chen. 2021. GLIDE: Towards Photoreal-
istic Image Generation and Editing with Text-Guided Diffusion Models. CoRR
abs/2112.10741 (2021). arXiv:2112.10741 https://arxiv.org/abs/2112.10741

Li Niu, Wenyan Cong, Liu Liu, Yan Hong, Bo Zhang, Jing Liang, and Liging
Zhang. 2021. Making images real again: A comprehensive survey on deep image
composition. arXiv preprint arXiv:2106.14490 (2021).

William Peebles and Saining Xie. 2023. Scalable diffusion models with transform-
ers. In Proceedings of the IEEE/CVF International Conference on Computer Vision.
4195-4205.

Pawel Pierzchlewicz, Konstantin Willeke, Arne Nix, Pavithra Elumalai, Kelli
Restivo, Tori Shinn, Cate Nealley, Gabrielle Rodriguez, Saumil Patel, Ka-
trin Franke, Andreas Tolias, and Fabian Sinz. 2023. Energy Guided
Diffusion for Generating Neurally Exciting Images. In Advances in Neu-
ral Information Processing Systems, A. Oh, T. Neumann, A. Globerson,
K. Saenko, M. Hardt, and S. Levine (Eds.), Vol. 36. Curran Associates,
Inc., 32574-32601. https://proceedings.neurips.cc/paper_files/paper/2023/file/
67226725b09ca9363637f63f85ed4bba-Paper-Conference.pdf

Dustin Podell, Zion English, Kyle Lacey, Andreas Blattmann, Tim Dockhorn, Jonas
Miiller, Joe Penna, and Robin Rombach. 2023. Sdxl: Improving latent diffusion
models for high-resolution image synthesis. arXiv preprint arXiv:2307.01952
(2023).

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh,
Sandhini Agarwal, Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark,
Gretchen Krueger, and Ilya Sutskever. 2021. Learning Transferable Visual
Models From Natural Language Supervision. In Proceedings of the 38th Inter-
national Conference on Machine Learning (Proceedings of Machine Learning
Research, Vol. 139), Marina Meila and Tong Zhang (Eds.). PMLR, 8748-8763.
https://proceedings.mlr.press/v139/radford21a.html

Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, and Bjérn
Ommer. 2022. High-resolution image synthesis with latent diffusion models. In
Proceedings of the IEEE/CVF conference on computer vision and pattern recognition.
10684-10695.

Chitwan Saharia, William Chan, Saurabh Saxena, Lala Li, Jay Whang, Emily L
Denton, Kamyar Ghasemipour, Raphael Gontijo Lopes, Burcu Karagol Ayan, Tim
Salimans, et al. 2022. Photorealistic text-to-image diffusion models with deep
language understanding. Advances in neural information processing systems 35
(2022), 36479-36494.

Jascha Sohl-Dickstein, Eric A. Weiss, Niru Maheswaranathan, and Surya Ganguli.
2015. Deep unsupervised learning using nonequilibrium thermodynamics. In
Proceedings of the 32nd International Conference on International Conference on
Machine Learning - Volume 37 (Lille, France) (ICML’15). JMLR.org, 2256-2265.
Jiaming Song, Chenlin Meng, and Stefano Ermon. 2020. Denoising diffusion
implicit models. arXiv preprint arXiv:2010.02502 (2020).

Yang Song, Jascha Sohl-Dickstein, Diederik P Kingma, Abhishek Kumar, Stefano
Ermon, and Ben Poole. 2021. Score-Based Generative Modeling through Stochas-
tic Differential Equations. In International Conference on Learning Representations.
https://openreview.net/forum?id=PxTIG12RRHS

987

988

989

990

991

992

993

994

995

996

997

998

999

1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025
1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043

1044


https://proceedings.neurips.cc/paper_files/paper/2021/file/49ad23d1ec9fa4bd8d77d02681df5cfa-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2021/file/49ad23d1ec9fa4bd8d77d02681df5cfa-Paper.pdf
https://openreview.net/forum?id=Bygh9j09KX
https://openreview.net/forum?id=Bygh9j09KX
https://proceedings.neurips.cc/paper_files/paper/2020/file/4c5bcfec8584af0d967f1ab10179ca4b-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2020/file/4c5bcfec8584af0d967f1ab10179ca4b-Paper.pdf
https://arxiv.org/abs/1603.08155
https://proceedings.mlr.press/v202/li23q.html
https://proceedings.mlr.press/v202/li23q.html
https://arxiv.org/abs/2112.10741
https://arxiv.org/abs/2112.10741
https://proceedings.neurips.cc/paper_files/paper/2023/file/67226725b09ca9363637f63f85ed4bba-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/67226725b09ca9363637f63f85ed4bba-Paper-Conference.pdf
https://proceedings.mlr.press/v139/radford21a.html
https://openreview.net/forum?id=PxTIG12RRHS

1045
1046
1047
1048
1049
1050
1051
1052
1053
1054
1055
1056
1057
1058
1059
1060
1061
1062
1063
1064
1065
1066
1067
1068
1069
1070
1071
1072
1073
1074
1075
1076
1077
1078
1079
1080
1081
1082
1083
1084
1085
1086
1087
1088
1089
1090
1091
1092
1093
1094
1095
1096
1097
1098
1099
1100
1101

1102

ACM MM, 2024, Melbourne, Australia

[42]

[43

[44]

[45]

[46

[47]

[48]

[49]

Yizhi Song, Zhifei Zhang, Zhe Lin, Scott Cohen, Brian Price, Jianming Zhang,
Soo Ye Kim, and Daniel Aliaga. 2023. ObjectStitch: Object Compositing With
Diffusion Model. In Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR). 18310-18319.

Yizhi Song, Zhifei Zhang, Zhe Lin, Scott Cohen, Brian Price, Jianming Zhang,
Soo Ye Kim, He Zhang, Wei Xiong, and Daniel Aliaga. 2024. IMPRINT: Generative
Object Compositing by Learning Identity-Preserving Representation. arXiv
preprint arXiv:2403.10701 (2024).

Xavier Soria, Gonzalo Pomboza-Junez, and Angel Domingo Sappa. 2022. LDC:
Lightweight Dense CNN for Edge Detection. IEEE Access 10 (2022), 68281-68290.
https://doi.org/10.1109/ACCESS.2022.3186344

Kalyan Sunkavalli, Micah K Johnson, Wojciech Matusik, and Hanspeter Pfister.
2010. Multi-scale image harmonization. ACM Transactions on Graphics (TOG) 29,
4 (2010), 1-10.

Yi-Hsuan Tsai, Xiaohui Shen, Zhe Lin, Kalyan Sunkavalli, Xin Lu, and Ming-
Hsuan Yang. 2017. Deep image harmonization. In Proceedings of the IEEE Confer-
ence on Computer Vision and Pattern Recognition. 3789-3797.

Huikai Wu, Shuai Zheng, Junge Zhang, and Kaiqi Huang. 2019. Gp-gan: To-
wards realistic high-resolution image blending. In Proceedings of the 27th ACM
international conference on multimedia. 2487-2495.

Yazhou Xing, Yingqing He, Zeyue Tian, Xintao Wang, and Qifeng Chen. 2024. See-
ing and Hearing: Open-domain Visual-Audio Generation with Diffusion Latent
Aligners. arXiv:2402.17723 [cs.CV]

Binxin Yang, Shuyang Gu, Bo Zhang, Ting Zhang, Xuejin Chen, Xiaoyan Sun,
Dong Chen, and Fang Wen. 2023. Paint by Example: Exemplar-Based Image
Editing With Diffusion Models. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR). 18381-18391.

[50] Jiwen Yu, Yinhuai Wang, Chen Zhao, Bernard Ghanem, and Jian Zhang. 2023.

FreeDoM: Training-Free Energy-Guided Conditional Diffusion Model. Proceed-
ings of the IEEE/CVF International Conference on Computer Vision (ICCV) (2023).

[51

[52

[53

[54

[56

[57

]

]

]

Anonymous Authors

Tao Yu, Runseng Feng, Ruoyu Feng, Jinming Liu, Xin Jin, Wenjun Zeng, and
Zhibo Chen. 2023. Inpaint Anything: Segment Anything Meets Image Inpainting.
arXiv preprint arXiv:2304.06790 (2023).

Bo Zhang, Yuxuan Duan, Jun Lan, Yan Hong, Huijia Zhu, Weiqiang Wang, and Li
Niu. 2023. Controlcom: Controllable image composition using diffusion model.
arXiv preprint arXiv:2308.10040 (2023).

Lvmin Zhang, Anyi Rao, and Maneesh Agrawala. 2023. Adding conditional con-
trol to text-to-image diffusion models. In Proceedings of the IEEE/CVF International
Conference on Computer Vision. 3836-3847.

Lingzhi Zhang, Tarmily Wen, and Jianbo Shi. 2020. Deep image blending. In
Proceedings of the IEEE/CVF winter conference on applications of computer vision.
231-240.

Richard Zhang, Phillip Isola, Alexei A. Efros, Eli Shechtman, and Oliver Wang.
2018. The Unreasonable Effectiveness of Deep Features as a Perceptual Metric.
In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition
(CVPR).

Min Zhao, Fan Bao, Chongxuan Li, and Jun Zhu. 2022. EGSDE: Unpaired Image-
to-Image Translation via Energy-Guided Stochastic Differential Equations. In
Advances in Neural Information Processing Systems 35: Annual Conference on
Neural Information Processing Systems 2022, NeurIPS 2022, New Orleans, LA, USA,
November 28 - December 9, 2022, Sanmi Koyejo, S. Mohamed, A. Agarwal, Danielle
Belgrave, K. Cho, and A. Oh (Eds.). http://papers.nips.cc/paper_files/paper/2022/
hash/177d68f4adef163b7b123b5c5adb3c60- Abstract- Conference.html

Shihao Zhao, Dongdong Chen, Yen-Chun Chen, Jianmin Bao, Shaozhe Hao, Lu
Yuan, and Kwan-Yee K Wong. 2024. Uni-controlnet: All-in-one control to text-to-
image diffusion models. Advances in Neural Information Processing Systems 36
(2024).

1103
1104
1105
1106
1107
1108
1109
1110
1111
1112
1113
1114
1115
1116
1117
1118
1119
1120
1121
1122
1123
1124
1125
1126
1127
1128
1129
1130
1131
1132
1133
1134
1135
1136
1137
1138
1139
1140
1141
1142
1143
1144
1145
1146
1147
1148
1149
1150
1151
1152
1153
1154
1155
1156
1157
1158
1159

1160


https://doi.org/10.1109/ACCESS.2022.3186344
https://arxiv.org/abs/2402.17723
http://papers.nips.cc/paper_files/paper/2022/hash/177d68f4adef163b7b123b5c5adb3c60-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2022/hash/177d68f4adef163b7b123b5c5adb3c60-Abstract-Conference.html

	Abstract
	1 Introduction
	2 Related Work
	2.1 Image Composition
	2.2 Diffusion Models

	3 Preliminary
	3.1 Latent Diffusion Model
	3.2 Energy Diffusion Guidance

	4 Method
	4.1 Problem Formulation
	4.2 Adaptive Latent Manipulation
	4.3 Energy-guided Latent Optimization

	5 Experiments
	5.1 Experimental Setups
	5.2 Performance Comparisons
	5.3 Ablation Studies

	6 Conclusion
	References

