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ABSTRACT

This paper provides an efficient training-free painterly image har-
monization (PIH) method, dubbed FreePIH, that leverages only a
pre-trained diffusion model to achieve state-of-the-art harmoniza-
tion results. Unlike existing methods that require either training
auxiliary networks or fine-tuning a large pre-trained backbone,
or both, to harmonize a foreground object with a painterly-style
background image, our FreePIH tames the denoising process as a
plug-in module for foreground image style transfer. Specifically, we
find that the very last few steps of the denoising (i.e., generation)
process strongly correspond to the stylistic information of images,
and based on this, we propose to augment the latent features of
both the foreground and background images with Gaussians for
a direct denoising-based harmonization. To guarantee the fidelity
of the harmonized image, we make use of multi-scale features to
enforce the consistency of the content and stability of the fore-
ground objects in the latent space, and meanwhile, aligning both
fore-/back-grounds with the same style. Moreover, to accommodate
the generation with more structural and textural details, we fur-
ther integrate text prompts to attend to the latent features, hence
improving the generation quality. Quantitative and qualitative eval-
uations on COCO and LAION 5B datasets demonstrate that our
method can surpass representative baselines by large margins.

CCS CONCEPTS

« Computing methodologies — Computer vision; Reconstruc-
tion.

KEYWORDS

Diffusion Model, Image Harmonization, Image Editing.

1 INTRODUCTION

Image compositing is a fundamental task in image editing, enabling
users to merge foreground and background images to create new
artwork. Often, the foreground and background images have vary-
ing colors and structures. Our objective is to seamlessly integrate
a foreground item into a different background image, producing
a natural and visually pleasing result. In recent years, there has
been a growing interest in image compositing, with researchers
exploring various methods to improve the quality of composite
images [3, 5, 13, 23]. The overall framework utilized in these studies
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remains largely unchanged. Typically, a set of loss terms (such as
content loss, style loss, and stability loss) is designed based on a
pre-trained feature extractor network, often VGG-19 [40]. These
loss terms are then iteratively optimized to update the pixel values
of the foreground image. One notable advantage of this frame-
work is its avoidance of the need for additional data collection or
resource-intensive model training or fine-tuning processes, making
it a plug-in module built upon an off-the-shelf pre-trained model.

Recent advancements in image generation techniques have led re-
searchers to explore the use of Text to Image Diffusion Models (T2I-
DM) for image compositing [20, 24, 34, 37, 42]. T2I-DM[9, 17, 32, 34],
combined with CLIP [35], enables users to generate images based
on natural language prompts. However, one of the challenges faced
with T2I-DM is the loss of control over the generated images. In
scenarios where users want to composite specific items into an
image and describe them using natural language, T2I-DM may
not generate the desired output or may be difficult to guide us-
ing simple words. Previous work, such as Dreambooth [38, 45],
can inject specific items into output images, but this approach re-
quires lengthy fine-tuning processes. Other works like text-driven
editing approaches[1, 4, 18, 21, 30, 43] are insufficient for image
compositing, as it is sometimes challenging to provide accurate ver-
bal representations to capture the details or preserve the identity
and appearance of a given object image.

Enabling T2I-DM with image compositing capabilities can be
achieved through a direct approach involving the use of T2I-DM
to generate the background image, followed by the application
of an image compositing algorithm to blend the foreground item
into the generated image. However, this method often yields a
foreground image that does not harmonize with the style of the
background, resulting in unnatural fused results. Additionally, pre-
vious approaches typically utilize VGG-19 as the feature extractor,
necessitating the use of both the neural network module employed
by the T2I-DM and VGG-19 for compositing. However, we find that
the modules within T2I-DM already serve as effective multi-scale
feature extractors. Unlike VGG-19, which is trained for classifi-
cation, the modules in T2I-DM are specifically trained for image
generation and possess the ability to extract multi-scale feature
maps, thereby surpassing VGG-19 in handling the complex feature
representations required for image editing.

In this paper, we leverage the pre-trained T2I-DM to conduct
image compositing and introduce a method named "FreePIH". The
background can either be the images generated by the T2I-DM
or provided by the user. This approach differs from text-driven
editing with diffusion models, as it allows users to add items to
specific locations while preserving their structure and appearance,
providing greater control over their AIGC (Artificial Intelligence
Generated Content) artworks. Specifically, our framework takes a
tuple (xg, X1, m) that represents the background, foreground, and
mask, respectively. We utilize the Variational Autoencoder (VAE)
image encoder in T2I-DM to extract low-level content feature maps.
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Figure 1: Example of painterly image harmonization with our proposed FreePIH.

While methods like ControlNet [48, 51], T2I-adapter[31, 47] can
achieve controllable generation, they are only suitable for scenar-
ios where there is no expected output. For instance, if we want a
sunflower with specific details in the target position, these methods
often fail to preserve the provided details, resulting in a different
sunflower. Our work contributes by enabling this type of control-
lable editing while preserving the details of the provided images.
To achieve harmonious image composition, we design a two-
branch fusion process based on the pipeline of DM. Foreground
and background images follow different branches during the com-
position process. For the background branch, after injecting noise,
background images follow the normal DM denoising pipeline to
remove the added noise step by step. For the foreground branch,
we use different features to control the denoising process in order
to achieve content preservation and style transfer simultaneously.
Specifically, to obtain high-level style feature maps, we first apply
data augmentation to the latent features extracted by the VAE based
on the diffusion forward process. Based on three key observations:
(1) the denoising process in DM can be divided into two parts[8, 14],
with the early denoising steps generating the overall structure and
outline, while the remaining denoising steps refine the details and
style gradually. (2) Injecting excessive noise can disrupt the struc-
ture of the original image and lead to a loss of control over the image
content. (3) With only a small amount of noise injection, we only
need to denoise a few steps, thereby accelerating the overall harmo-
nization process. As a result, to ensure consistency between input
and output images and save inference time, the level of forward
noise injection in the data augmentation needs to be controlled.
The augmented latent features then interact with the text input in
the DM module using a cross-attention mechanism. The resulting
feature map serves as our high-level style representation. Through
iterative optimization, we seamlessly blend the foreground into
the background. Importantly, our method eliminates the need for
model fine-tuning, distinguishing it from existing baselines, partic-
ularly DM-based approaches which rely on auxiliary modules and

hundreds of GPU hours for image fusion training. Furthermore, our
method empowers T2I-DM users with increased control over their
AIGC artworks.

Our contributions can be summarized as follows:

e We propose FreePIH, which can work as a plug-in mod-
ule to enable image harmonization on off-the-shelf T2I-DM
without the need for collecting new data, training auxiliary
networks, and fine-tuning pre-trained models.

e We conduct noise augmentation on the latent features and
leverage the corresponding output to accurately capture
stylistic information based on the feature of DM.

e With the composition capacity of FreePIH, users gain en-

hanced autonomy in shaping their AIGC artworks when

using DM-based genetative model.

Qualitative and quantitative analysis reveals that our FreePIH

method can generate more natural fusion images compared

with other baselines.

2 RELATED WORK
2.1 Image Compositing

Image compositing has historically presented a formidable chal-
lenge in the realm of image editing, aiming to seamlessly integrate
a given foreground image into a target background image. The
prevailing body of work is rooted in the framework devised by [11].
This framework employs a pre-trained neural network model to
extract multi-scale feature maps, which are subsequently utilized
to compute a set of loss terms encompassing style loss, content
loss, and stability loss. Subsequent endeavors have concentrated
on refining the design of these loss terms and the feature extractor.

Certain studies, such as DPH[27] and DIB[49], optimize the op-
timization process by integrating diverse loss terms such as Pois-
son image loss and histogram loss. Others, including PHDNet[3]
and FDIT[2], have ascertained that transforming the feature maps
into the frequency domain can enhance appearance preservation
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FreePIH: Training-Free Painterly Image Harmonization with Diffusion Model

and compositing harmonization. Furthermore, CNN-based net-
works such as RainNet[23], DoveNet [6], and BAIN [13], as well
as attention-based networks like SAM[7] and CDTNet [5], have
been enlisted to supplant the former VGG-19 feature extractor. Di-
verging from the aforementioned research, we harness the latent
potential of off-the-shelf T2I-DM models to capitalize on their im-
age harmonization capabilities. Given that the modules within the
T2I-DM models are trained on a large-scale dataset for image gen-
eration, the features extracted by these modules inherently serve
as zero-shot multi-scale feature extractors for image compositing
and harmonization tasks.

2.2 Text to Image Diffusion

The Diffusion Model (DM)[16] represents a pioneering Al model
inspired by non-equilibrium thermodynamics. It functions by es-
tablishing a Markov chain of diffusion steps, gradually introducing
random noise to data, and subsequently learning to reverse the
diffusion process to generate desired data samples from the noise.
In the realm of image generation, DM initiates the process by gener-
ating a random Gaussian noise image and progressively eliminates
noise in a step-by-step fashion until a clear image is obtained.
Through integration with the CLIP text encoder, DM acquires
the capability to employ natural language prompts to steer the
diffusion generation process. Noteworthy models such as Stable
Diffusion[37], DallE-[36], and Midjourney have showcased remark-
able proficiency in executing text-to-image (T2I) guided generation.
However, while T2I-DM serves as a potent tool for image genera-
tion, there are scenarios where the generated images may not align
with the user’s expectations. For instance, if the desired prompt
is "dog sitting in front of a door," providing T2I-DM with the text
prompt "dog" might yield an entirely different image with a dog
sitting elsewhere. Consequently, the challenge of providing users
with enhanced control over their Al-generated artworks persists.

2.3 Guide Diffusion

To enhance the control of DM, researchers have proposed several
updated versions of T2I-DM. Works such as Dreambooth[38] and
text-inversion[10] address this issue by tailoring T2I-DM genera-
tion to users’ personalized requirements. However, these methods
necessitate extensive time and computational resources, as they
involve hours of fine-tuning a pre-trained T2I-DM model. Addi-
tionally, Dreambooth requires a significant amount of images with
similar semantic content, which may not always be readily avail-
able.

An alternative approach, known as prompt-to-prompt, facilitates
image editing by modifying the cross-attention modules of T2I-
DM][15, 44]. However, the edited images generated through this
method are limited to those produced by T2I-DM itself, as the
attention editing operation relies on the previous attention feature
map. Consequently, it is not ideal for editing user-provided images.

Recent research endeavors have attempted to equip T2I-DM
with text-driven editing capabilities[1]. Nevertheless, accurately
and concisely describing a personalized demand can be challenging
in some cases. Furthermore, even when an appropriate text prompt
is provided (e.g., a precise description of a dog’s ears, eyes, and nose
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features), T2I-DM may capture these features but ultimately gener-
ate a dog with completely different characteristics. This diverges
from the original intention of having the dog appear in the desired
background.

2.4 Diffusion for Image Harmonization

Over the last year, many efforts have been made to adapt the power-
ful pre-train DM into the image harmonization tasks. For instance,
the CDC [12] introduced a technique for conditioning at the time of
inference that incorporates high-frequency background details and
low-frequency foreground style for image creation. However, the
assumption made by CDC that high-frequency and low-frequency
features in an image always represent style and content informa-
tion respectively is not always accurate. The InST[50] project was
inspired by the idea that a one-of-a-kind piece of art cannot be
adequately described using words. As a result, it developed an en-
coding module that translates a style image into the text domain
using a CLIP image encoder. On the other hand, PHDDiffusion[26]
enhances SD with a lightweight adaptive encoder, with the goal of
extracting the necessary condition information (such as background
style and image content) from the composite image. Nevertheless,
previous diffusion-based techniques are unable to offer strong style
guidance and maintain sufficient content in painterly image har-
monization.

3 METHOD

Given an input image, denoted as xg, which can be either provided
by the user or generated by the T2I-DM model using a semantic
prompt d, our objective is to blend this image with another user-
provided image, xj, using a binary mask m. The goal is to create a
fused image, xr, where the content in the masked region, xg o m,
closely resembles the structure and texture of the original image xj.
In other words, we want xp o m to be approximate to xj (denoted as
element-wise multiplication o). Additionally, the unmasked region
should remain unchanged, meaning xr o (1 —m) = xg. It is also im-
portant to ensure that the blended region xr o m and unchangeable
region xg o (1 — m) have a consistent style, resulting in a seamless
and natural transition between the two regions.

To achieve this, we propose a method that utilizes the inter-
mediate results from T2I-DM to guide the style transfer of the
user-provided image. This is done by introducing a blending loss
that consists of content loss, style loss, and stability loss.

3.1 Overall Workflow

As depicted in Figure 2, we leverage a pre-train T2I-DM architec-
ture for our task. We have found that the VAE and Unet module in
T2I-DM serve as excellent feature extractors. Prior to compositing
the foreground and background images, we utilize the VAE image
encoder to convert xg and Xy into latent features X and X;. Then
we conduct the noise augmentation to the output VAE feature based
on the forward diffusion process. The aim of noise augmentation is
to weaken the original style of the foreground image. But we should
not inject too much noise during this process considering the con-
trollability and time. Subsequently, we initialize a learnable latent
feature Xy with the same value as X7 as a starting point. The objec-
tive of our method is to optimize the learnable feature Xy so that it
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Figure 2: The architecture of our FreePIH, we modify the pre-train stable diffusion model and add several loss terms to control

the style transformation of foreground items.

seamlessly integrates with X while preserving the majority of the
features observed in x7. To achieve this goal, we introduce noise
into the latent features X and Xy . These augmented latent features
are then fed through the DM network, and the resulting output
is used to calculate the style loss. By performing backpropagation
with both content loss and stability loss, we are able to update the
learnable feature X;. We denote the updated result as )A(IC_IA Next,
we update X using the input mask, which can be expressed as
follows:

%G1 = DMy(R) © (1= m) + DMy (k") o m, )

wt—1

where the X}’ ,ﬁtc_l then work as the input for next iteration. We

repeat this process until ¢+ = 0. Finally, we have X = f(%, and
we can use the VAE image decoder to decode the latent feature
XF to xp, which is our final output. Note that in the compositing
process, only the learnable parts are updated, while the DM, and
VAE modules are frozen. Additionally, the compositing process can
be completed within a few seconds, whereas fine-tuning a T2I-DM
with Dreambooth may require as long as a day. This streamlined
approach allows for efficient and timely image compositing while
minimizing the overall computational burden.

3.2 Augmentation and Denoising

To capture the stylistic information with T2I-DM, we first conduct
the augmentation over the input latent feature X, Xg by injecting
noise into the input latent feature. The results distribution after
noise augmentation is as follows:

q(R71X1) = NP Varkr, (1 - a))), @

where ¢ is a hyperparameter that controls the noise inject level.

Typically, we set ¢ to be less than 0.2 times the total denoising steps
(T), as depicted in Figure 3. This decision is based on three key

T t+1 t 0

* DGM *

H

ﬁ Augmentation
*
»

Figure 3: Conduct the noise augmentation only on the last
steps of the denoising process. We avoid the denoising calcu-
lation from T to ¢ + 1.

Latent
Feature

observations. Firstly, previous studies [8, 14] have demonstrated
that the denoising process in DM can be divided into two parts. After
generating an image from a purely noisy image xT, the majority of
the content remains unchanged from the first part. Subsequently,
in the remaining denoising steps, the details and style are gradually
refined. Therefore, to capture the style features, we only need to
introduce a small amount of noise to modify the style. Secondly,
our observations indicate that injecting excessive noise can disrupt
the structure of the original image. Since the denoising process
involves inherent randomness, injecting too much noise can lead
to a loss of control over the image content and result in a different
background. Thirdly, by ensuring that ¢ is less than T, we can
expedite the inference process. If we inject ¢ steps of noise, we only
need to denoise the same number of steps, thereby accelerating the
overall process.
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The denoising steps follow the normal DM process which we

have:
q(x'Mx' ) = N(x' 7Y pg, o?D),

= L(xt - ﬂe x',t c))
Ho Va: Vi-a; ASaRERd & (3)
P10l
1-a;

where €y represents a neural network that takes the noised image
x!, the time index ¢, and additional conditions as inputs, and predicts
the noise that should be removed from x*. The solver used to sample
x/~1in Eq. ((3)) can be any solver proposed by previous works, such
as DDPM[16], DDIM[41], DPM++[25], and so on.

Since the output of DM is already the noise version of the input
(ie., x!~1 = DM(x!, 1)), we can directly update g using Eq. (1)),
which is shown as the intermediate line in Figure 2. The updated
value can then serve as the input for the next iteration. As for Xy,
we retain the noise injection steps with different ¢.

3.3 Loss

The fundamental concept behind style transfer is to utilize multiple
loss functions to achieve a balance between various objectives,
including transferring the visual style from image x to the style of
image Xg, preserving the structure and details of the input image
x7, and seamlessly merging xy into xg. The overall loss function
can be represented as follows:

L =wstyLsty + wcLe + wstaLsta- (4)

The loss functions for the mentioned objectives, denoted as .[:sty, Le, Lsta,

are used to measure and optimize the model’s performance. These
objectives represent different aspects and are assigned weights rep-
resented by ws;y, wc, @stq to ensure a balanced combination of the
losses. The distinguishing factor among various works lies in their
formulation of these loss functions and the feature extractors em-
ployed. In our research, we take a different approach from previous
studies that utilize VGG-Net as the feature extractor. Instead, we
capitalize on the modules present in the T2I-DM, which themselves
serve as exceptional multi-scale feature extractors. This allows us to
harness the features extracted by these modules for the calculation
of different loss functions, thus enhancing the overall performance
of the model.

3.3.1 Style Loss. To obtain the style feature of the background,
denoted as X, we subject it to augmentation and input it into the
DM. The output serves as the style feature representation of the
background. To better utilize the multi-modal features of T2I-DM,
we go a step further for the foreground. We incorporate textual
information to provide DM with knowledge about the foreground
item. This is achieved by encoding the text ¢ using the CLIP text en-
coder. The encoded text then guides the denoising process through
the cross-attention mechanism.

(WQEimg) (WKEtxt)T
Vd

where Ejpmg is the intermediate feature of DM and Ey; is the em-
bedding result of CLIP text encoder. W, Wi, Wy are attention
weights. Finally, we calculate the style loss as:

Lsty = IG(DMp(X, t,¢)) = G(DMp (3¢, 1, 0) |, (6)

Attn = Softmax( )WVEtxts (5)
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where G(+) = DM9(~)DM9(-)T € RVXN js the Gram matrix. The
advantage of using the Gram matrix is that it can remove the loca-
tion impact on the style representation. Meanwhile, the product of
DM feature and its transposition can turn the local statistics feature
into a global feature[27].

3.3.2 Content Loss. Since the latent feature Xy, serves as a compre-
hensive multi-scale content feature representation, we can calculate
the content loss by measuring the difference between % and X; as
follows:

Le = 1%L = x1l|. )
By minimizing this loss term, we can ensure the content in the
corresponding position of the target output have the close structure
and detail as to the user providing x;.

3.3.3 Stability Loss. To increase the stability of the output and
reduce the ambiguity during the generation process, we add his-
togram loss[46] and total variation loss[19] into Lg;4. Histogram
loss is calculated by:

Lpis = |I% = RGp)I1%, )

where R(Xr) = histmatch(Xr,Xg) is the histogram-remapped fea-
ture map by match Xy, to X¢.
Total variation loss is calculated by:

Lio= ) Gl ) =%0(ij = 1)+ (e (i ) =% = 1, 7)% (9)
Lj
where X7 (i, j) represent the feature in the position (i, j).
Finally, we have:

Lsta = AnisLhis + AroLto, (10)

where Ap;s, Aty are two hyperparameters to balance the influence
of these two loss terms. L, term can improve the compositing
result by producing smoother output.

3.4 Optimization

For the optimization process, we have carefully selected the values
of the weighting parameters: ws;y is set to 1e7, w is set to 1el, and
wstq 1s set to 1. Additionally, we perform 5 rounds of optimization
in each iteration, and instead of using the Adam solver, we utilize
a quasi-Newton solver called L-BFGS to minimize the loss func-
tion instead of Adam solver as we found failed to composite the
foreground image into the background with the same number of
optimization rounds as the L-BFGS solver.

3.5 Second Stage Refinement.

As shown Figure 4, though we can adapt the style of the foreground
image to that of the background image with our loss terms, there are
still some distortions in the output images. In order to enhance the
quality of the fusion image and minimize artifacts in the transition
areas between the foreground and background images, we employ a
square mask that encompasses the entirety of the foreground region
along with a portion of the background region. Subsequently, we
introduce a slight amount of noise into this region and employ the
same T2I-DM to denoise it. During this stage, we extend the mask
to a square region as some distortions may be outside the original
mask region. Meanwhile, we eliminate all loss terms and solely
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First Stage
.

Figure 4: Second stage refinement are adopted to enhance the
quality of the fusion image.

Algorithm 1 FreePIH
Input: Foreground xj, Background xg, Mask m, Style text c,
Pre-train T2 — DMy, Augmentation strength ¢

Output: Fused image xp

: Let ENC be the VAE encoder of T2I — DMj.

: Let DEC be the VAE decoder of T2I — DMjy.

: Let DM be the Unet of T2I — DMy.

: Xg = ENC(xg), X1 = ENC(x7).

X = XJ.

: Optimizer = LBFGS(Xr)

: forie€[t,..0] do

5(2 = Augmentation(Xp,t)

R N T - T, ISR SR RN

x{, = Augmentation(Xg, t)

Loy = StyleLoss(f(i_l,f{iG_l)

L = MSELoss(Xr,XG)

Lstq = StabilityLoss(Xr)

L= wstyLsty +weLe + wstaLsta
Backward(L)

Step(Optimizer)

XG = DM(f(’é, i,c)o(1—m) +DM(§(i, i,c)om
: end for

S
B AN U~ S N R T 4

H )A(F = )A(G
: Xp = DEC(f(F)
. return xg.

[ R
S 0

retain the text prompt, making the denoising process akin to the
SDEdit process.

4 EXPERIMENT

The foreground items in our experiment are extracted from COCO
datasets[22], which is a large-scale object detection, segmentation,
and captioning dataset. COCO has 80 object categories, 1.5 million
object instances, we use the pycocotools library to fetch content
and mask from this dataset. The background images are randomly
selected from LAION[39] (acronym for Large-scale Artificial In-
telligence Open Network) which is a number of large datasets of
image-caption pairs. Now the dataset contain more than 5 billion
image-text pairs of various artistic styles.

4.1 Baselines

For comparison, we choose several baseline methods including non-
DM-based Poisson image editing (PIE)[33], Deep Image Blending

Anonymous Authors

(DIB)[49], PHDNet[3] and DM-based SDEdit[29], SD-Text[37], and
BlendDM[1]. Meanwhile, following the previous works, we also
use recent work CDC[12], InST[50], PHDIff[26] as the baselines.

Among these, SD-Text necessitates detailed textual information
about output images, while other DM-based methods only require
simple textual input about the foreground items. All of the codes
and pre-trained weights have been made available by the authors.
For all the baselines, we obtained the code from their official GitHub
repositories. For methods PIE and DIB, they solely utilize the pre-
trained VGG-19. In the case of PHDNet, it requires VGG-19 and
another specialized neural network trained on large image datasets.
We acquired their pre-trained model from their repositories to con-
duct the evaluation. As for SDEdit, it utilizes the pre-trained stable
diffusion model with version sd-v1-5. In contrast, for SD-text, we
need to conduct several fine-tuning iterations of the pre-trained
stable diffusion model with various foreground items, akin to the
Dreambooth setting[38]. In the context of text-driven image editing
BlendDM, we obtained their pre-trained unconditional diffusion
model to carry out the subsequent evaluation. CDC, InST, and PHD-
iff are all grounded on stable diffusion 1.4. Notably, for InST, we
acquired the andre-derain embedding provided by the authors for
our evaluation. For PHDIff, we utilized SD1.4 and the PHDiffusion-
WithRes checkpoints provided in the GitHub repository.

For our FreePIH, we use the pretrain model sd-v1-5 released
by Stability Al, all the parameters of every SD modules are frozen
during our inference and we only update the latent feature of fore-
ground content so we are actually training-free. Specially, in our
modified version of the SD, we have introduced several additional
loss terms to optimize the latent feature, with the goal of transfer-
ring its style. It is worth noting that the only learnable part in our
pipeline is the latent feature of the foreground items. During the
inference process, we freeze all the modules including the Image
Encoder, Text Encoder, DGM, and Image Decoder. This approach
allows us to avoid heavy training costs and enables quick utiliza-
tion for painterly image harmonization sourced from the internet.
We implement FreePIH and test all the baselines on ubuntu 18.04
LTS operation system, with 64GB memory, a 12900K Intel CPU
@3.20GHz and an NVIDIA RTX 4090 GPU. The pytorch version is
2.0.0. And the output image size is 512 X 512.
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Figure 5: Left The average Top-1 rate of all the baselines.
Right The mean opinion score of different baselines, with a
score from one Bad to five Excellent.

4.2 Quantitative Evaluation

As mentioned in prior research, accurately computing common met-
rics such as MSE, PSNR, and SSIM for harmonized images proves
to be challenging, particularly when foreground and background
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FreePIH(Our)

Figure 7: Example results of DM-based painterly image harmonization baselines and our FreePITH.

images are randomly selected. To surmount this challenge and quan-
titatively assess performance, we conducted a user study. Initially,
we randomly selected 100 foreground and background pairs from
the COCO2017 evaluation dataset [22] and LAION 5B dataset[39],
respectively. Subsequently, we applied our method, alongside all
the baselines, to generate the composited images. Using a subset
of these images, we designed a questionnaire in which each query
featured the same images but produced by different methods. Par-
ticipants were tasked with selecting the top-1 harmonious image,

and a subset of the respondents also rated the images on a scale
from one (poor) to five (excellent).

In total, we amassed 365 votes from 73 users. Subsequently, we
aggregated the average top-1 rate and computed the Mean Opinion
Score (MOS) based on the users’ ratings[28]. The outcomes are
illustrated in Figure 5, where we obtained approximately a 20%
top-1 Rate across all the tests, while the second-best baseline CDC
received about a 17% top-1 Rate. Furthermore, based on the voting
results, our FreePTH garnered the highest MOS score (4), surpassing
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other baselines such as CDC (3.5), PHDIff (3.2), and so forth. The
voting outcomes underscore that our FreePIH method outperforms
the other baselines in our human evaluation test.

Table 1: Important factor impact the top-1 decision

Visual factors Rank
Similar artistic effect on fore/back-grounds image style 1
Same color tone and saturability of fore/back-grounds image 2
No obvious error at the connect region 3
Foreground image maintain the original details 4
Background image maintain the original details 5

Furthermore, we conducted a survey of 30 participants on their
preferences of the most important factor when we pick the top-1
harmonization images and rank them according to the vote results.
The results are shown in Table 1. The results show that artistic effect,
the color tone and saturability siginificantly impact the participants’
preference when they conduct the user study.

4.3 Qualitative Evaluation

The qualitative assessment of non-diffusion-based baselines is de-
picted in Figure 6. In our experiment, we observed that PIE retains
the original foreground feature after optimization; however, the op-
timized foreground occasionally becomes transparent. As a result,
the foreground content fails to obscure the background image, lead-
ing to the visibility of background people, which appears unnatural.
Furthermore, in some instances, DIB is unable to complete the trans-
formation, as evidenced in the first three rows. Additionally, certain
foreground regions are heavily influenced by the background style,
resulting in a clear separation between different areas. For example,
in row 4, the center of the bus exhibits discordant blue and appears
brighter than the rest. While PHDNet demonstrates improved per-
formance compared to the previous baselines, there are instances
where the foreground becomes excessively harmonious, leading to
the loss of its original texture and details. This is evident in the first
and third rows, where the bus and pyramid assume the color of the
sky. Particularly in row 3, the other two pyramids blend into the
sky, leaving only one pyramid noticeable at first glance.

In the Figure 7, SDEdit effectively preserves the texture of the
foreground items but falls short in transforming their style. Con-
versely, with SD-Text the foreground and background may signif-
icantly deviate from our expectations. BlendDM can introduce a
new item into the designated mask region, but the generated item
may not align with the one originally inputted. CDC achieves the
most harmonious results in the second image. However, the har-
monization results in other cases are not satisfactory. InST can
result in a lack of control over the entire images, leading to entirely
different foreground/background images. PHDIff encounters the
same issue as PHDNet, where the foreground becomes excessively
transparent, leading to the loss of original details.

In contrast, our FreePIH effectively preserves the texture and
structure of both the foreground and background, seamlessly fusing
them. For instance, FreePIH transforms the original deep red to a
red similar to the house in row 1 and successfully optimizes the
boundary while preserving the colorful foreground items in rows
2-4.

Anonymous Authors

4.4 Ablation Study

Figure 8: Ablation results of noise step.

To evaluate the impact of certain hyperparameters, we conducted
ablation experiments on the noise level. The results of these exper-
iments are shown in Figure 8. We adjusted the noise level (repre-
sented by t/T) for the same harmonization task. We added different
levels of loss in the forward process. As depicted in the figure, when
the noise level is small, we were able to successfully fuse the fore-
ground sunflower with the background painting. However, as the
noise level increased, the texture and details of the foreground sun-
flower gradually deteriorated. Ultimately, when t/T reached values
less than or equal to 0.5, the foreground became unrecognizable
sunflowers.

In particular, we also conduct an ablation study to analyse the
impact of different loss term to the final output. As illustrated
in Figure 9, using only content loss preserves the details of the
foreground, but the result appears inharmonious. If we only use
content loss, the details of foreground image can be perversed,
however the composition results seems to be inharmonious. If we
only use style loss, the details of foreground may lost finally. As for
the stability loss, it seems our methods may not be sensitive to this
loss. But empirically, the weight of this loss should not be too large.

Figure 9: Ablation of different loss.

5 CONCLUSION

In this paper, we present a pioneering approach to painterly image
harmonization using diffusion-based techniques without the need
for training. Our method leverages the observation that the final
stages of the diffusion generation process capture crucial stylis-
tic information in images. By utilizing the output features of the
Diffusion Model (DM), we achieve a seamless transformation of
foreground styles into background styles, resulting in harmonious
image compositions. Notably, our method stands out from other
baselines, particularly DM-based approaches, as it eliminates the
requirement for extensive fine-tuning or training auxiliary modules
on new data. It can be conveniently employed as a plug-in module
for existing stable diffusion frameworks. Through both quantitative
and qualitative evaluations, we demonstrate the superiority of our
proposed FreePIH.

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



FreePIH: Training-Free Painterly Image Harmonization with Diffusion Model ACM MM, 2024, Melbourne, Australia

929 REFERENCES [17] Jonathan Ho, Chitwan Saharia, William Chan, David ] Fleet, Mohammad Norouzi, 987
930 [1] Omri Avrahami, Dani Lischinski, and Ohad Fried. 2022. Blended Diffusion for and Tim Salimans. 2022. C.ascaded fiiffusion models for high fidelity image 988
o0 Text-driven Editing of Natural Images. In IEEE/CVF Conference on Computer generation. journal f)fMQChme Le?’”{”g Refearch 23,47 (ZOZZ)j 1_33: 020
731 . i [18] Inbar Huberman-Spiegelglas, Vladimir Kulikov, and Tomer Michaeli. 2023. An 989
Vision and Pattern Recognition, CVPR 2022, New Orleans, LA, USA, June 18-24, a piegelglas, " > . i y .
932 2022. IEEE, 18187-18197. https://doi.org/10.1109/CVPR52688.2022.01767 Edit Friendly DDPM Noise Space: Inversion and Manipulations. arXiv preprint 990
933 [2] Mu Cai, Hong Zhang, Huijuan Huang, Qichuan Geng, Yixuan Li, and Gao Huang. aer'v:2304,05140 (2023). ) L 991
034 2021. Frequency Domain Image Translation: More Photo-realistic, Better Identity- [19] Justin Johnson, Alexandre Alahi, and Li Fel'Fe" 2016. Perceptu'al' Losses for 992
preserving. In 2021 IEEE/CVF International Conference on Computer Vision, ICCV/ Real-Time Style Transfer and Super-Resolution. In Computer Vision - ECCV
935 2021, Montreal, QC, Canada, October 10-17, 2021. IEEE, 13910-13920. https: 2016 - 14th European Conference, Amsterdam, The Netherlands, October HTM’ 993
936 //doi.org/10.1109/ICCV48922.2021.01367 io_llf’ P r_"_cel\jld‘”gs’;“"g {)Le”"fg"te\sv’”uc”m%g" Ss“e'f“’ V”l‘gi%l)’lBa;tmf 994
o [3] Junyan Cao, Yan Hong, and Li Niu. 2023. Painterly Image Harmonization in Dual €1 'e, Jiri Matas, Nicu Sebe, an ax Welling (Eds.). Springer, 694-711. https: o
937 Domains. In Thirty-Seventh AAAI Conference on Artificial Intelligence, AAAI 2023, //d01.0rg/10.1907/97§—3-319—46475'— 643 . 995
938 Thirty-Fifth Conference on Innovative Applications of Artificial Intelligence, IAAI [20] Nupur Kun?an, Bingliang Zha}ng,'Rlchard Zha“Ef;’ Eli Shéchtman, and]un-Yap Zhu. 996
939 2023, Thirteenth Symposium on Educational Advances in Artificial Intelligence, 2023. Multi-concept customization of text-to-image diffusion. In Proceedings of 997
EAAI 2023, Washington, DC, USA, February 7-14, 2023, Brian Williams, Yiling the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 1931-1941.
940 Chen, and Jennifer Neville (Eds.). AAAI Press, 268-276. https://ojs.aaai.org/ [21] Senmao Li, Joost van de Weijer, Taihang Hu, Fahad Shahbaz Khan, Qibin Hou, 998
941 index’.php/AAAI/article/vieW/25099 ’ Yaxing Wang, and Jian Yang. 2023. StyleDiffusion: Prompt-Embedding Inversion 999
012 [4] Mingdeng Cao, Xintao Wang, Zhongang Qi, Ying Shan, Xiaohu Qie, and Yingiang for TSXtiBéllsed Edltlng. aniV preprint arXiV{ZB 03.15649 (2023?' 1000
Zheng. 2023. MasaCtrl: Tuning-Free Mutual Self-Attention Control for Consis- [22] Tsung-Yi L‘F" MICha,el Maire, Serge J. Bel9ngle’ James Hays, Pietro Perona, Deva
943 tent Image Synthesis and Editing. In Proceedings of the IEEE/CVF International Ramanap, Piotr Dollar, and C. Lawr?nFe Zitnick. 2014. Microsoft COCO: Common 1001
0sa Conference on Computer Vision (ICCV). 2256022570 Obje_cts in _Context. In Computer Vision - ECCV 201_4 - 13th European Conferenc_e, 1002
(5] Wenyan Cong, Xinhao Tao, Li Niu, Jing Liang, Xuesong Gao, Qihao Sun, and Zurich, Switzerland, September 6-12, 2014, Proceedings, Part V (Lecture Notes in
1 Liging Zhang. 2022. High-Resolution Image Harmonization via Collaborative Computer Science, Vol. 8693), David J. Fleet, Tomés Pajdla, Bernt Schiele, and 1003
946 Dual Transformations. In IEEE/CVF Conference on Computer Vision and Pattern Tinne Tuytelaars (Eds.). Springer, 740-755. https://doi.org/10.1007/978-3-319- 1004
ot Recognition, CVPR 2022, New Orleans, LA, USA, June 18-24, 2022. TEEE, 18449~ 10602-1_48 , _ , , , 1005
18458. https://doi.org/10.1109/CVPR52688.2022.01792 [23] JunLing, Han Xue, Li Song, Rong Xie, and Xiao Gu. 2021. Region-Aware Adaptive :
948 [6] Wenyan Cong, Jianfu Zhang, Li Niu, Liu Liu, Zhixin Ling, Weiyuan Li, and Liging Instance Normalization for Image Harmonization. In IEEE Conference on Computer 1006
949 Zhang. 2020. DoveNet: Deep Image Harmonization via Domain Verification. VfSFO” and Pat{em Recognition, CVPR 2021, virtugl, June 19-25, 2021. Computer 1007
050 In 2020 [EEE/CVF Conference on Computer Vision and Pattern Recognition, CVPR Vision Foundation / IEEE, 9361-9370. https://doi.org/10.1109/CVPR46437.2021. 008
: 2020, Seattle, WA, USA, June 13-19, 2020. Computer Vision Foundation / IEEE, 00924, L. .
951 8391-8400. https:/doi.org/10.1109/CVPR42600.2020.00842 [24] Nan Liu, Shuang Li, Yilun Du, Antonio Torralba, and Joshua B Tenenbaum. 2022. 1009
052 [7] Xiaodong Cun and Chi-Man Pun. 2020. Improving the Harmony of the Composite Compositional visual generation WlT.’h composable diffusion models. In European 1010
Image by Spatial-Separated Attention Module. IEEE Trans. Image Process. 29 (2020), Conference on Computer Vision. SP“ng?r’ 423-439. .
953 4759-4771. https://doi.org/10.1109/TIP.2020.2975979 [25] Cheng Lu, Yuhao Zhou, Fan Bao, Jianfei Chen, Chongxuan Li, and Jun Zhu. 2022. 1011
954 [8] Kamil Deja, Anna Kuzina, Tomasz Trzcinski, and Jakub M. Tomczak. 2022. On DPM-Solver: A Fast ODE Solver for Diffusign Probabilistic Model Sampling in 1012
Analyzing Generative and Denoising Capabilities of Diffusion-based Deep Gen- Around 10 Steps. In NeurIPS. http://papers.nips.cc/paper_files/paper/2022/hash/ )
995 ; ; 260al4acce2a89dad36adc8eefe7c59e- Abstract-Conference.html 1013
erative Models. In NeurIPS. http://papers.nips.cc/paper_files/paper/2022/hash/ o A - - L .
956 a7fe86385ab2aa74024c6ddb5ea38585- Abstract-Conference. html [26] Lingxiao Lu, ]1af1gt(?ng Li, Junygn Cgo, Li Niu, and Liqing Z.hang. 2023. Painterly 1014
957 [9] Patrick Esser, Sumith Kulal, Andreas Blattmann, Rahim Entezari, Jonas Miiller, Image Harmomzatlon using le,fus“{n Model. In Proceedings of the 31st ACM 1015
058 Harry Saini, Yam Levi, Dominik Lorenz, Axel Sauer, Frederic Boesel, et al. 2024. Int'ernatlonal Canferencel on M“lt’mEdla‘ 233-241. . . 1016
Scaling rectified flow transformers for high-resolution image synthesis. arXiv (27] Fujun Luan, Sylvain Paris, Eli Shechtman, and Kavita Bala. 2018. Deep Painterly
959 preprint arXiv:2403.03206 (2024). Harmonization. Comput. Graph. Forum 37, 4 (2018), 95-106. https://doi.org/10. 1017
960 [10] Rinon Gal, Yuval Alaluf, Yuval Atzmon, Or Patashnik, Amit Haim Bermano, Gal llll/cgf.13‘478 ) . 1018
Chechik, and Daniel Cohen-Or. 2023. An Image is Worth One Word: Personalizing (28] Rafal Mantl'uk, _Anna M. Tomaszewska, and' Radoslaw Mantiuk. 2012. Comparison
961 Text-to-Image Generation using Textual Inversion. In The Eleventh International of Four Subjective Methods for Image Quality ASS§ssment. Comput. Graph. Forum 1019
962 Conference on Learning Representations, ICLR 2023, Kigali, Rwanda, May 1-5, 2023. 31,8 (?012)’ 2478-2491. https://dox.org/l‘o.l¥11/].1467—2?6;39.2012.03188.X 1020
; OpenReview.net. https://openreview.net/pdf?id=NAQvF08TcyG [29] Chenlin Meng, Yutong He, Yang Song, Jiaming Song, Jiajun Wu, Jun-Yan Zhu, ;
963 ; and Stefano Ermon. 2022. SDEdit: Guided Image Synthesis and Editing with 1021
[11] Leon A. Gatys, Alexander S. Ecker, and Matthias Bethge. 2016. Image Style Ay - © O : 8€ SYT )
964 Transfer Using Convolutional Neural Networks. In 2016 IEEE Conference on Stochastic Differential Equations. In The Tenth International Conference on Learn- 1022
965 Computer Vision and Pattern Recognition, CVPR 2016, Las Vegas, NV, USA, June ing Representan‘ans, ICLR 2022;'Virtual }?vent, April 25-29, 2022. OpenReview.net. 1023
27-30, 2016. IEEE Computer Society, 2414-2423. https://doi.org/10.1109/CVPR. https://openreview.net/forum?id=aBsCjcPu_tE ‘ ,
966 2016.265 [30] Ron Mokady, Amir Hertz, Kfir Aberman, Yael Pritch, and Daniel Cohen-Or. 2022. 1024
967 [12] Roy Hachnochi, Mingrui Zhao, Nadav Orzech, Rinon Gal, Ali Mahdavi-Amiri, Null-tlext Invlersion for Editing Real Images using Guided Diffusion Models. arXiv 1025
968 Daniel Cohen-Or, and Amit Haim Bermano. 2023. Cross-domain Compositing preprint arX1v:?211.09794 (2022)' Lo . . 1026
with Pretrained Diffusion Models. arXiv preprint arXiv:2302.10167 (2023). (31] Cho“g Mou, Xintao Wa'ng, Liangbin Xl'e’ Yanze Wu, Jla'“ Zhang, Zhongang Qi, )
969 [13] Yucheng Hang, Bin Xia, Wenming Yang, and Qingmin Liao. 2022. SCS-Co: Self- an'd‘Ymg Shan. 2024. T21—a'dapt'er: Learning adapters to dig out more controllable 1027
970 Consistent Style Contrastive Learning for Image Harmonization. In IEEE/CVF ablhty‘for‘ text-to-image diffusion models. In Proceedings of the AAAI Conference 1028
971 Conference on Computer Vision and Pattern Recognition, CVPR 2022, New Orleans, on_Artlﬁcml Intelllgenc:?, YOI' 3§‘ 4296-4304. e ) 1029
LA, USA, June 18-24, 2022. TEEE, 19678-19687. https://doi.org/10.1109/CVPR52688. [32] William Peebles and Saining Xie. 2023. Scalable diffusion models with transform-
972 202’2‘019’09 ’ ’ ers. In Proceedings of the IEEE/CVF International Conference on Computer Vision. 1030
973 [14] Amir Hertz, Ron Mokady, Jay Tenenbaum, Kfir Aberman, Yael Pritch, and Daniel 4195._420,5' . . . » 1031
o Cohen-Or. 2023. Prompt-to-Prompt Image Editing with Cross-Attention Control. [33] Patrick Pérez, Michel Gangnet, and Andrew Blake. 2003. Poisson image editing. o
In The Eleventh International Conference on Learning Representations, ICLR 2023, ACM_ Trans. Gm_Ph‘ 22, 3_(2003)’ 313-318. https://donrg/IOAl_145/8822624882269 ’
975 Kigali, Rwanda, May 1-5, 2023, OpenReview.net. https://openreview.net/pdf?id= [34] Dustin Podell, Zion English, Kyle Lacey, Andreas Blattmann, Tim Dockhorn, Jonas 1033
CDixzkzevb Miiller, Joe Penna, and Robin Rombach. 2023. Sdxl: Improving latent diffusion ’
976 _LDixzkzey! . Lo . X . ¥ 1034
[15] Amir Hertz, Ron Mokady, Jay Tenenbaum, Kfir Aberman, Yael Pritch, and Daniel models for high-resolution image synthesis. arXiv preprint arXiv:2307.01952
77 Cohen-Or. 2023. Prompt-to-Prompt Image Editing with Cross-Attention Control. (2023). . . . . 1035
978 In The Eleventh International Conference on Learning Representations, ICLR 2023, [35] Alec Rac_iford, Jong W_OOk Kim, Chris Hallacy, Aditya Ram'esh,. Gabriel Goh, 1036
Kigali, Rwanda, May 1-5, 2023. OpenReview.net. https://openreview.net/pdf?id= Sandhini Agarwal, Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, ]
7 i ’ ’ Gretchen Ki d Ilya Sutskever. 2021. Learning Transferable Visual Model 1087
_CDixzkzeyb retchen Krueger, and Ilya Sutskever. - Learning Transferable Visual Models
980 [16] Jonathan Ho, Ajay Jain, and Pieter Abbeel. 2020. Denoising Diffusion Proba- From Natural Langgage Supgrvxslon. In Proceedings of the 3§th International 1038
981 bilistic Models. In Advances in Neural Information Processing Systems 33: Annual Conference on chhme Leqrnmg, ICML 2021, 18-24 ]uAly 2021f Virtual Event (Pro- 1039
082 Conference on Neural Information Processing Systems 2020, NeurIPS 2020, December ceedings of Machine Learning Research, V‘_’L 139). Marina Meila and Tong Zhang 1040
6-12, 2020, virtual, Hugo Larochelle, Marc’Aurelio Ranzato, Raia Hadsell, Maria- (Eds) PMLR, 8748-8763. http:// I')roceedmgs.ml'r.press/ v139/radford21a.html
983 Florina Balcan, and Hsuan-Tien Lin (Eds.). https://proceedings.neurips.cc/paper/ [36] Aditya Ramesh, Pr afl}lla Dharlwal,' Alex Nichol, Casey‘ Chu,‘ and Mark 1041
084 2020/hash/4c5bcfec8584afod967f1ab10179cadb- Abstract.html Chen. 2022. Hierarchical Text-Conditional Image Generation Wlth CLIP La- 1042
tents. CoRR abs/2204.06125 (2022). https://doi.org/10.48550/arXiv.2204.06125
985 arXiv:2204.06125 1043

986 1044


https://doi.org/10.1109/CVPR52688.2022.01767
https://doi.org/10.1109/ICCV48922.2021.01367
https://doi.org/10.1109/ICCV48922.2021.01367
https://ojs.aaai.org/index.php/AAAI/article/view/25099
https://ojs.aaai.org/index.php/AAAI/article/view/25099
https://doi.org/10.1109/CVPR52688.2022.01792
https://doi.org/10.1109/CVPR42600.2020.00842
https://doi.org/10.1109/TIP.2020.2975979
http://papers.nips.cc/paper_files/paper/2022/hash/a7fe86385ab2aa74024c6ddb5ea38585-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2022/hash/a7fe86385ab2aa74024c6ddb5ea38585-Abstract-Conference.html
https://openreview.net/pdf?id=NAQvF08TcyG
https://doi.org/10.1109/CVPR.2016.265
https://doi.org/10.1109/CVPR.2016.265
https://doi.org/10.1109/CVPR52688.2022.01909
https://doi.org/10.1109/CVPR52688.2022.01909
https://openreview.net/pdf?id=_CDixzkzeyb
https://openreview.net/pdf?id=_CDixzkzeyb
https://openreview.net/pdf?id=_CDixzkzeyb
https://openreview.net/pdf?id=_CDixzkzeyb
https://proceedings.neurips.cc/paper/2020/hash/4c5bcfec8584af0d967f1ab10179ca4b-Abstract.html
https://proceedings.neurips.cc/paper/2020/hash/4c5bcfec8584af0d967f1ab10179ca4b-Abstract.html
https://doi.org/10.1007/978-3-319-46475-6_43
https://doi.org/10.1007/978-3-319-46475-6_43
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1109/CVPR46437.2021.00924
https://doi.org/10.1109/CVPR46437.2021.00924
http://papers.nips.cc/paper_files/paper/2022/hash/260a14acce2a89dad36adc8eefe7c59e-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2022/hash/260a14acce2a89dad36adc8eefe7c59e-Abstract-Conference.html
https://doi.org/10.1111/cgf.13478
https://doi.org/10.1111/cgf.13478
https://doi.org/10.1111/j.1467-8659.2012.03188.x
https://openreview.net/forum?id=aBsCjcPu_tE
https://doi.org/10.1145/882262.882269
http://proceedings.mlr.press/v139/radford21a.html
https://doi.org/10.48550/arXiv.2204.06125
https://arxiv.org/abs/2204.06125

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

[37]

[38]

[39

[40]

[41]

[42]

[43]

Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, and Bjorn
Ommer. 2022. High-Resolution Image Synthesis with Latent Diffusion Models.
In [EEE/CVF Conference on Computer Vision and Pattern Recognition, CVPR 2022,
New Orleans, LA, USA, June 18-24, 2022. IEEE, 10674-10685. https://doi.org/10.
1109/CVPR52688.2022.01042

Nataniel Ruiz, Yuanzhen Li, Varun Jampani, Yael Pritch, Michael Rubinstein,
and Kfir Aberman. 2022. DreamBooth: Fine Tuning Text-to-Image Diffusion
Models for Subject-Driven Generation. CoRR abs/2208.12242 (2022). https:
//doi.org/10.48550/arXiv.2208.12242 arXiv:2208.12242

Christoph Schuhmann, Romain Beaumont, Richard Vencu, Cade Gordon,
Ross Wightman, Mehdi Cherti, Theo Coombes, Aarush Katta, Clayton Mullis,
Mitchell Wortsman, Patrick Schramowski, Srivatsa Kundurthy, Katherine
Crowson, Ludwig Schmidt, Robert Kaczmarczyk, and Jenia Jitsev. 2022.
LAION-5B: An open large-scale dataset for training next generation image-
text models. In NeurIPS. http://papers.nips.cc/paper_files/paper/2022/hash/
a1859debfb3b59d094f3504d5ebb6c25- Abstract- Datasets_and_Benchmarks.html
Karen Simonyan and Andrew Zisserman. 2015. Very Deep Convolutional Net-
works for Large-Scale Image Recognition. In 3rd International Conference on Learn-
ing Representations, ICLR 2015, San Diego, CA, USA, May 7-9, 2015, Conference Track
Proceedings, Yoshua Bengio and Yann LeCun (Eds.). http://arxiv.org/abs/1409.1556
Jiaming Song, Chenlin Meng, and Stefano Ermon. 2021. Denoising Diffusion
Implicit Models. In 9th International Conference on Learning Representations, ICLR
2021, Virtual Event, Austria, May 3-7, 2021. OpenReview.net. https://openreview.
net/forum?id=St1giarCHLP

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. 18310-18319.

Narek Tumanyan, Michal Geyer, Shai Bagon, and Tali Dekel. 2023. Plug-and-Play
Diffusion Features for Text-Driven Image-to-Image Translation. In Proceedings

[44

[45

[46

[47

[48

[49

[50

]

]

]

Anonymous Authors

of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR).
1921-1930.

Narek Tumanyan, Michal Geyer, Shai Bagon, and Tali Dekel. 2023. Plug-and-play
diffusion features for text-driven image-to-image translation. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 1921-1930.
Thanh Van Le, Hao Phung, Thuan Hoang Nguyen, Quan Dao, Ngoc N Tran,
and Anh Tran. 2023. Anti-DreamBooth: Protecting users from personalized
text-to-image synthesis. In Proceedings of the IEEE/CVF International Conference
on Computer Vision. 2116-2127.

Pierre Wilmot, Eric Risser, and Connelly Barnes. 2017. Stable and Controllable
Neural Texture Synthesis and Style Transfer Using Histogram Losses. CoRR
abs/1701.08893 (2017). arXiv:1701.08893 http://arxiv.org/abs/1701.08893

Hu Ye, Jun Zhang, Sibo Liu, Xiao Han, and Wei Yang. 2023. Ip-adapter: Text
compatible image prompt adapter for text-to-image diffusion models. arXiv
preprint arXiv:2308.06721 (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
IEEE Winter Conference on Applications of Computer Vision, WACV 2020, Snow-
mass Village, CO, USA, March 1-5, 2020. IEEE, 231-240. https://doi.org/10.1109/
WACV45572.2020.9093632

Yuxin Zhang, Nisha Huang, Fan Tang, Haibin Huang, Chongyang Ma, Weiming
Dong, and Changsheng Xu. 2023. Inversion-based style transfer with diffusion
models. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. 10146-10156.

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/CVPR52688.2022.01042
https://doi.org/10.1109/CVPR52688.2022.01042
https://doi.org/10.48550/arXiv.2208.12242
https://doi.org/10.48550/arXiv.2208.12242
https://arxiv.org/abs/2208.12242
http://papers.nips.cc/paper_files/paper/2022/hash/a1859debfb3b59d094f3504d5ebb6c25-Abstract-Datasets_and_Benchmarks.html
http://papers.nips.cc/paper_files/paper/2022/hash/a1859debfb3b59d094f3504d5ebb6c25-Abstract-Datasets_and_Benchmarks.html
http://arxiv.org/abs/1409.1556
https://openreview.net/forum?id=St1giarCHLP
https://openreview.net/forum?id=St1giarCHLP
https://arxiv.org/abs/1701.08893
http://arxiv.org/abs/1701.08893
https://doi.org/10.1109/WACV45572.2020.9093632
https://doi.org/10.1109/WACV45572.2020.9093632

	Abstract
	1 Introduction
	2 Related work
	2.1 Image Compositing
	2.2 Text to Image Diffusion
	2.3 Guide Diffusion
	2.4 Diffusion for Image Harmonization

	3 Method
	3.1 Overall Workflow
	3.2 Augmentation and Denoising
	3.3 Loss
	3.4 Optimization
	3.5 Second Stage Refinement.

	4 Experiment
	4.1 Baselines
	4.2 Quantitative Evaluation
	4.3 Qualitative Evaluation
	4.4 Ablation Study

	5 Conclusion
	References

