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Abstract

In the field of image processing, applying intricate
semantic modifications within existing images re-
mains an enduring challenge. This paper introduces
a pioneering framework that integrates viewpoint
information to enhance the control of image editing
tasks, especially for interior design scenes. By sur-
veying existing object editing methodologies, we
distill three essential criteria — consistency, con-
trollability, and harmony — that should be met for
an image editing method. In contrast to previous
approaches, our framework takes the lead in sat-
isfying all three requirements for addressing the
challenge of image synthesis. Through compre-
hensive experiments, encompassing both quantita-
tive assessments and qualitative comparisons with
contemporary state-of-the-art methods, we present
compelling evidence of our framework’s superior
performance across multiple dimensions. This
work establishes a promising avenue for advancing
image synthesis techniques and empowering pre-
cise object modifications while preserving the vi-
sual coherence of the entire composition.

1 Introduction

Applying intricate semantic modifications to existing images
is a longstanding and fascinating endeavor in image process-
ing. The primary objective of image manipulation is to syn-
thesize an image that retains most of the original semantic
content while altering specific elements. In recent years, the
landscape of image-to-image models has witnessed a prolifer-
ation of methodologies, spanning the spectrum of Generative
Adversarial Network (GAN)-based and diffusion-based ap-
proaches, encompassing both zero-shot and fine-tuned strate-
gies, all dedicated to addressing this complex task. Faced
with this multitude of approaches, a natural inquiry arises:
does a given method genuinely fulfill the requirements of pre-
cise object modification, and by which criteria is a commend-
able solution for entity manipulation characterized?

To answer the question, we investigate various image edit-
ing applications and make some observations. First, an ex-
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Figure 1: Applications of the proposed method. Our method can
replace each object in the left column with the one in the upper row,
ensuring not only consistency in the synthesized object but also, by
introducing viewpoint conditions to the model, enabling precise con-
trol over the object’s pose and thus enhancing visual harmony.

cellent framework for object modification needs to satisfy the
consistency in both the shape and color of the object. Ap-
proaches such as Paint-by-Example [Yang er al., 2023] and
Paint-by-Sketch [Kim et al., 2023], where a reference image
is utilized as input for the CLIP model, unfortunately falter
in maintaining this object consistency. Conversely, Dream-
Booth [Ruiz et al., 2023] and its successors [Kumari et al.,
2023], exhibit competence in synthesizing objects while pre-
serving their shape and color. Nevertheless, these approaches
struggle with precise synthesis of the object’s spatial position
and orientation, making them difficult to apply in entity re-
placement.

Second, in the pursuit of image editing tasks, despite the
presence of textual or visual guidance, numerous intricacies
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Aspect PBE DreamBooth ControlNet GLIGEN ViewControl (Ours)
Consistency v v
Controllability v v v v
Harmony v v v v

Table 1: Evaluation Criteria for Image Synthesis Methods: Consistency, Controllability, and Harmony. Consistency refers to the synthesized
object being consistent with the reference object. Controllability refers to the ability to manipulate the shape, color, angle, and position of the
synthesized object through input. Harmony refers to the coherence between the synthesized object and the original image in terms of lighting,

shadow, angle, and positional logic.

often evade direct control and depend on random seed values.
For instance, variables like the precise position and orienta-
tion of the synthesis object tend to be stochastic. The issue
of object position during synthesis can be effectively miti-
gated through the application of bounding box constraints, as
exemplified by GLIGEN [Li et al., 2023], but with bounding
box constraints alone, the object’s synthesis remains location-
specific without specifying its orientation. Recently, Control-
Com [Zhang et al., 2023a], AnyDoor [Chen e al., 2023b],
and DreamPaint [Seyfioglu er al., 2023] have also made
significant advancements in consistency and controllability.
However, without prior reference to the object’s correspond-
ing camera viewpoint, synthesizing specific object directions
remains a persistent challenge even given a bounding box.

Third, the resulting synthesis must meet certain quality
standards, characterized by harmony in terms of illumina-
tion, shading, and logical consistency. Concerning illumi-
nation and shading, it is vital that the shadow cast by the
synthesized object conforms to the prevailing directional cues
within the image. And the reflections displayed by the syn-
thesized object should harmonize with its intrinsic attributes.
Furthermore, logical consistency encompasses aspects such
as the object’s angle, position, and quantity. In summary, the
synthesized object must be harmoniously integrated with its
surroundings, thereby establishing an optimal state of coordi-
nation.

This paper presents a novel framework that enhances exist-
ing models with awareness of viewpoint information, thereby
enabling improved control over text-to-image diffusion mod-
els, such as Stable Diffusion. This advancement leads to a
more controllable approach for image editing tasks. Our pro-
posed pipeline aptly meets all the previously mentioned re-
quirements, with a particular focus on the aspect of controlled
pose adjustment, as detailed in Table 1.

To comprehensively evaluate our framework, we assess its
performance across various applications, including entity re-
placement and angle adjustments. This comprehensive evalu-
ation encompasses a wide range of scenarios, such as virtual
try-on and interior design. Notably, we demonstrate that our
method yields favorable results across multiple dimensions,
even in cases where extensive training is not a prerequisite.

2 Related Work

In this section, we first introduce the work related to consis-
tency, controllability, and harmony, and then introduce the
work related to novel pose synthesis.
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2.1 Few Shot Personalization and Customization

In the context of utilizing just a few reference images, sev-
eral methods have been proposed to grasp the underlying con-
cept, whether it’s a particular theme, style, object, or charac-
ter. These methods include LoRA [Hu et al., 2021], Dream-
Booth [Ruiz et al., 2023], Textual Inversion [Gal et al., 2022],
HyperNetworks [Ha et al., 2016], and their successors. While
these methods and their combinations have opened up av-
enues for personalized or customized applications with min-
imal training data, they still rely on having multiple images
at their disposal, making it challenging for them to envision
different perspectives of an object using just a single image.
Furthermore, achieving fine-grained, angle-controllable gen-
eration remains a formidable task for them.

Few-shot personalization and customization technologies
will be popular in e-commerce, as every product in e-
commerce catalogs typically has multiple images taken from
different angles, which is naturally a good fit for these ap-
proaches.

2.2 Conditional and Controllable Image Editing
and Generation

In addition to text-to-image translation [Radford et al., 2021;
Bai et al., 2022; Rombach et al., 2022a; Udandarao, 2022],
image-to-image translation [Isola et al., 2017; Zhang et al.,
2023b; Ye et al., 2023; Chen et al., 2023a; Jiang et al., 2023a;
Jiang et al., 2023b; Feng et al., 2024] is a kind of image-
conditioned image synthesis, which has been instrumental in
image editing and generation, allowing for the preservation
of most of the existing semantic content while making spe-
cific alterations to particular elements within the source im-
age. These elements can be categorized as style, object, back-
ground, and more.

In terms of style, style transfer techniques have played a
significant role in advancing controllable image editing and
generation. Initially rooted in artistic style transfer, neu-
ral style transfer methods, as demonstrated by [Gatys et al.,
2015], have evolved to grant users greater control over the de-
gree of stylization and the independent manipulation of con-
tent and style [Johnson et al., 2016]. These developments
have facilitated more controlled artistic transformations.

More recently, diffusion models [Ho ef al., 2020; Ho and
Salimans, 2022; Zhao et al., 2023] have emerged as the new
state-of-the-art family of deep generative models. Repre-
sentative models such as Stable Diffusion [Rombach et al.,
2022al, yield impressive performance on conditional image
generation, enabling control over various aspects of the gen-



Proceedings of the Thirty-Third International Joint Conference on Artificial Intelligence (IJCAI-24)
Special Track on Al, the Arts and Creativity

erated content, surpassing those GAN-based [Goodfellow et
al., 2020] methods which dominated the field for the past few
years. Diffusion models are equipped to accommodate var-
ious conditions, whether in the form of textual [Radford et
al., 2021] or visual [Zhang et al., 2023b] inputs, making the
process of image editing and generation more controllable.
However, none of these approaches offer fine-grained control
over certain image details, such as lighting, shadows, and ob-
ject poses.

2.3 Image Harmonization

Image harmonization, as explored in previous work [Tsai et
al., 2017], focuses on adjusting the illumination and shad-
ing between the foreground and background. While several
approaches have succeeded in appearance adjustments, they
still struggle to address the geometric inconsistencies that
may arise between the foreground and background. To han-
dle issues related to inconsistent camera viewpoints, various
methods [Chen and Kae, 2019; Lin et al., 2018] have been
proposed to estimate warping parameters for the foreground,
aiming for geometric correction. However, these methods
typically predict affine or perspective transformations, which
may not effectively address more complex scenarios, such as
synthesizing foreground objects with novel views or general-
izing them to non-rigid objects like humans or animals.

2.4 Single Image to 3D

Before the emergence of CLIP [Radford er al., 2021] and
large-scale 2D diffusion models [Rombach et al., 2022al,
the conventional approach involved learning 3D priors us-
ing either synthetic 3D data or real scans [Yi er al., 2023;
Yi et al., 2022]. Unlike 2D images, 3D data can be repre-
sented in various formats and numerous representations.

DTC123 [Yi et al., 2024] collaborates the teacher diffu-
sion model and 3D student model with the time-step cur-
riculum to significantly improve the photo-realism and multi-
view consistency of Image-to-3D generation. Zerol23 [Liu
et al., 2023c] is a view-conditioned 2D diffusion model used
to synthesize multiple views for object classes lacking 3D as-
sets. It demonstrates that rich geometric information can be
extracted directly from a pre-trained Stable Diffusion model,
eliminating the need for additional depth information. Build-
ing on this, One-2345 [Liu et al., 2023b] utilizes Zero123 to
achieve single-image-to-3D mesh conversion.

3 Method

Given an input image of dimensions H by W, a reference
image x, € RH~xW»x3 containing the reference object, and
a prompt description c (e.g., "Adjust the hat up 10 degrees”
or “Replace the laptop on the desk with an apple” as shown in
Fig. 1), our objective is to synthesize an output image y using
the information from {x,x,,c}. The goal is to maintain
the visual consistency between the output image y and the
source image X, while only modifying the object mentioned
in c by the specified pose. Furthermore, when introducing a
new object, it is crucial to harmoniously integrate it with the
overall composition of the entire image.

This task is particularly intricate due to several inherent
challenges. Firstly, the model needs to comprehend the object
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in the reference image, capturing both its shape and texture
while disregarding background noise. Secondly, it is essential
to generate a transformed version of the object (varied pose,
size, illumination, etc.) that seamlessly integrates into the
source image. Furthermore, the synthesized object must align
with the original object’s angle as specified in c. Lastly, the
model must inpaint the surrounding region of the object to
produce a realistic image, ensuring a smooth transition at the
merging boundary.

Therefore, we adopt the Divide and Conquer princi-
ple!, and break down this intricate problem into easier sub-
problems and solve them one by one. To be specific, we ad-
dress this challenge by combining various generative models,
with our combination model is conditioned on the source im-
age X, text prompt ¢, and reference image x,..

We mathematically formulate our approach as follows:

P(y|X3,C,XT) :P(057A5|stc)'
P(Ac|c, Ag) - P(Or|%x,, Ac)-
P(Y|x8708707") (1)

In this equation, we use O; to represent the object within
the source image x;, A to denote the angle of this object in
X5, O, to signify the reference object in the reference image
X, and A, to indicate the specific angle extracted from the
text prompt c.

The four probabilistic models on the right side of the equa-
tion encompass various essential processes within our frame-
work. These processes include object and angle extraction
from the source image, angle extraction from the text prompt
(as elaborated in Sec. 3.1), synthesis of the reference object
(as elaborated in Sec. 3.2), and the ultimate image synthesis
procedure (as elaborated in Sec. 3.3). We will now delve into
each of these parts and explain how they are integrated.

3.1 LLM Planner

With in-context-learning and chain-of-thoughts reasoning ca-
pabilities, large language models (LLMs) have demonstrated
remarkable proficiency in following natural language instruc-
tions and completing real-world tasks [Xie et al, 2023;
Peng er al., 2023; Liu et al., 2023al. Given a text prompt,
our LLM Planner is capable of generating a sequence of com-
mands and prompts related to our task.

3.2 Pose Estimation and Synthesis

In this stage, we present pose representation, pose estimation
from a single object image, and the synthesis of an object
image given a specific pose.

Pose Representation

To effectively represent the pose of an object within an image,
we employ two fundamental components: the relative camera
rotation matrix (R € R3%3) and the relative camera transla-
tion vector (T € R3). These elements collectively encap-
sulate essential information regarding the object’s viewpoint
and orientation relative to the camera’s perspective.

'https://lllyasviel.github.io/Style2PaintsResearch/
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Figure 2: An illustrative overview of our method, which is designed for synthesizing an object with a user-specified view into a scene. ”3D?”
denotes whether a 3D model is available. Our approach consists of three components: Large Language Model (LLM) Planner (Sec. 3.1), Pose
Estimation and Synthesis (Sec. 3.2), and Image Synthesis (Sec. 3.3). First, the LLM Planner is adopted to obtain the objects’ names and pose
information based on the user’s input. Second, a segmentation module is adopted to remove the background from the specific object, followed
by a pose estimation module to obtain its accurate pose. A pose synthesis module is then applied to synthesize the reference object respecting
specific view conditions. Third, a personalized pre-trained diffusion model and ControlNets are adopted to produce the final synthesis. They
ensure that the target object harmoniously melds with its surroundings, aligning with the user-specified view, while maintaining consistency

in the object’s representation. Flames and

Relative Camera Rotation (R). The matrix R character-
izes the rotation transformation that aligns the object’s coor-
dinate system with that of the camera. It encompasses the
angular changes required to transition from the object’s in-
trinsic orientation to the camera’s frame of reference.

Relative Camera Translation (T). The vector T denotes
the translation in three-dimensional space necessary to posi-
tion the camera viewpoint with respect to the object. It signi-
fies the displacement along the X, y, and z axes, allowing the
object’s placement within the scene to be determined.

Together, the relative camera rotation (R) and translation
(T) form a comprehensive pose representation, providing a
detailed description of the object’s spatial orientation and lo-
cation within the image.

Pose Estimation

We train a pose estimation model, building upon the founda-
tion of the current image understanding model. The training
supervision is

oo+

. 2
© = argminE, { Te (x) —TH }
® 2

Here, x represents the image, R and T denote the relative
camera rotation and translation, respectively. ©® corresponds
to the network parameters of our pose estimation model.

refer to learnable and frozen parameters, respectively.

Given an object image, our pose estimation model pre-
dicts the corresponding relative camera rotation and transla-
tion based on the default camera view.

Pose Synthesis
We use a view-conditioned diffusion model, Zero123 [Liu et
al., 2023c], to generate multi-view images and corresponding
pose images. The input to Zero123 consists of a single RGB
image x € RH*XWX3 that encompasses the object requir-
ing alignment, and a relative camera transformation rotation
R € R3**3 and translation T € R3, which is the viewpoint
condition control. The output of Zerol23 is a synthesized
image XRr,T capturing the same object from the perspective
defined by the transformed camera view:

)A(R,T = f(xa Ra T)
where f denotes the freezing model Zero123.

Constrained by its limited generalization capacity, Zero123
excels primarily in a select few categories. Therefore, when a
reference 3D object is available, we can directly specify view
conditions for the reference object to obtain the desired im-

age perspective. All images presented in this paper are syn-
thesized by Zero123.

3.3 Image Synthesis

Although pose alignment has been achieved, it’s possible that
the object in the synthesized reference image may have a dif-
ferent size and position compared to the mask in the source
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Figure 3: Qualitative comparison with reference-based image
synthesis methods, where "PbE” denotes Paint-by-Example and
”PbS” denotes Paint-by-Sketch.

image. Therefore, our initial step is to apply padding, either
on the left and right or on the top, to the bounding box region
of the object in the synthesized reference image. This ensures
that the aspect ratio of the object mask in the synthesized ref-
erence image matches that of the mask in the source image.
Following this, we resize the region that we just padded, en-
suring the resized region aligns precisely with the bounding
box part in the source image. As a result, we obtain the refer-
ence object image O,

With a source image I containing a bounding box mask of
the object to be edited and the reference object image O, with
the corresponding camera view, we employ the personalized
Stable Diffusion Inpaint Model, controlled by edge and color
information, to synthesize the target image.

Why not simply overlay the synthesized object onto the
original image? The reason lies in the fact that synthesized
objects are typically not perfect, they may exhibit some de-
gree of artifacts or distortion. Consequently, during the image
synthesis process, we can only refer to the synthesized object
rather than relying on it entirely.

3.4 Allin One

We integrate all previously mentioned modules to establish
an image synthesis framework that allows for view control, as
illustrated in Fig. 2. First, we obtain essential object details
via the LLM Planner, including angle and object name. Sec-
ond, we synthesize an appropriate target object image through
pose estimation and synthesis. Finally, off-the-shelf diffusion
models and associated plugins are employed to achieve pose-
controllable image editing.

4 Experiment

4.1 Implementation Details

The following components are utilized in our implementa-
tion: GPT-4 [Achiam et al., 2023] as our LLM Planner,
Segment-Anything [Kirillov et al., 2023] as our segmentation
model, Zero-123 [Liu er al., 2023c] as our pose alignment
model, and Stable Diffusion v1.5 [Rombach et al., 2022b]

7595

2 and ControlNet 1.1 [Zhang et al., 2023b] as our synthesis
models. Additionally, we have developed a pose estimation
model, which is trained on DINO-v2 [Oquab et al., 2023].

In terms of training data, we initially curated product
images spanning various categories from publicly available
sources on the internet, all captured from a consistent view-
point, which we have designated as the default camera per-
spective. Subsequently, employing existing zero-shot novel
view synthesis models, we synthesized batches of images,
each image batch corresponding to different relative camera
viewpoints of each object. In total, our dataset comprises
approximately 48.6k images, along with their corresponding
relative camera view labels, and we’ve split them into train-
ing and test sets, following an 8:2 ratio. Furthermore, it’s
important to note that the test set is reserved only for testing.

4.2 Comparisons

In our comparisons, we have selected recently published
open-source state-of-the-art image-driven image editing
methods, namely Paint-by-Example [Yang et al., 2023],
Paint-by-Sketch [Kim et al., 2023], as our baselines. Fig-
ure 3 provides qualitative comparisons and Table 2 provides
quantitative comparisons of these methods. We can see that
our method consistently achieves superior evaluation results
in consistency and harmony.

Why don’t we employ methods like CLIP Score for quan-
titative analysis of consistency? Our rationale is rooted in the
belief that feature extractors like CLIP often result in the loss
of fine-grained image details, which also explains why PbE
struggles to achieve consistency. Consequently, evaluating
fine-grained generation with a coarse-grained feature extrac-
tor may not yield meaningful results. Furthermore, numer-
ous studies have indicated that quantitative evaluation met-
rics may not consistently align with human perceptual judg-
ments. Given these considerations, we primarily rely on hu-
man evaluations to quantitatively assess the performance of
our approach and only evaluate the aesthetics score with fea-

ture extractors 3.

4.3 Ablation Study

In this section, we will begin by discussing the selection
process for the pose estimation module backbone, and then
demonstrate the essentiality of each component within our
image synthesis module. Subsequently, we will show the ne-
cessity and robustness of our view conditions. Lastly, we will
explain the reason behind our decision not to opt for a two-
stage synthesis approach.

Effects of Using Different Backbones for Pose Estimation
We report the prediction error (MAE, mean absolute error) of
our pose estimation module with different backbones, includ-
ing ResNet-50, CLIP Image Encoder, ViT, DINO-v2 [Oquab
et al., 2023]. All the experiments are trained on one A100

21t should be noted that while we believe SDXL [Podell et al.,
2023] performs better in terms of harmony, its adoption has been
temporarily withheld in the current version due to its limited com-
munity support and lack of widespread use. We will move to SDXL.
once related ControlNets are done.

*https://github.com/kenjiqq/aesthetics-scorer


https://github.com/kenjiqq/aesthetics-scorer

Proceedings of the Thirty-Third International Joint Conference on Artificial Intelligence (IJCAI-24)
Special Track on Al, the Arts and Creativity

Methods Consistency (1) Harmony (1) Aesthetics (1)  Controllability (1)
Paint-by-Example 2.67 2.61 4.92 1.93
Paint-by-Sketch 2.79 2.21 3.93 1.87
ViewControl (Ours) 4.44 4.54 5.37 4.53

Table 2: Quantitative Comparisons. ”Consistency” evaluates the similarity between the reference object and the synthesized object; "Con-
trollability” evaluates the pose and view of the synthesized object; "Harmony” evaluates the uniformity of pose and view relationships
between the background and foreground elements, and ”Aesthetics” denotes the machine evaluation with an aesthetics-scorer. For ”Con-

2 9

sistency”, ”Controllability” and "Harmony” evaluations, we collect 15 reviews for each of the 30 sets of synthesized images, with each set
comprising three different synthesis methods. Scores were assigned on a scale from 1 to 5, with 1 denoting “terrible”, 2 denoting “’poor”, 3
denoting “average”, 4 denoting "good”, and 5 denoting “excellent”. Besides, the aesthetics-scorer rates each image on a scale from 1 to 10

(higher is better).
Methods  #Params GFLOPs MAE () RMSE (|)
ResNet-50 2620M  4.13G 4.31 7.45
CLIP 87.88M 437G 3.28 10.59
ViT 86.34M 16.86 G 1.65 6.56
DINO-v2 8561M 21.96G 0.80 5.01

Table 3: Quantitative ablation studies on the effects of using dif-
ferent backbones for pose estimation, where MAE and RMSE de-
note mean absolute error and root mean squared error, respectively.

L & Pl Rl R

Source Reference w/o Personal w/o Color CN w/o Edge CN  w/o CNs Full Model

Figure 4: Qualitative ablation studies on the effects of core com-
ponents in image synthesis, where ”Personal” denotes the person-
alization module, ”Color CN” denotes the ControlNet which con-
trols the color, "Edge CN” denotes the ControlNet which controls
the edge, "CNs” denotes all the ControlNets, and “Full Model” de-
notes with all components.

40GB GPU. As seen in Table 3, DINO-v2 achieves better
performance with a prediction error of less than 1.

Effects of Image Synthesis Core Components

It’s evident from Figure 4 that each component of image gen-
eration is indispensable. The personalization module plays a
pivotal role in determining the overall object condition, while
multiple ControlNets govern the precise object-specific de-
tails.

Effects of View Conditions
From Figure 5, we can make two key observations:

Necessity of View Conditions. If the provided view con-
ditions display substantial error, or if no view conditions are
provided, the object generation process tends to favor a se-
mantic orientation within the source image (such as backing
against a wall) or the direction most frequently observed dur-
ing training (typically the front).

Moderate Severe Perfect

Source

Reference Slight

Figure 5: Qualitative ablation studies on the effects of view con-
ditions, where “’Slight” denotes an error range of 0-20 degrees view-
ing conditions, "Moderate” denotes an error range of 20-40 degrees
viewing conditions, ’Severe” denotes an error range of 40-90 de-
grees viewing conditions, and “Perfect” denotes there are no errors.

Robustness of View Conditions. View conditions exhibit a
certain degree of robustness. Specifically, predictions remain
relatively stable within an error range of 20 degrees.

These observations further underscore the dual significance
of view conditions, emphasizing both their necessity and ro-
bustness.

Effects of 2-Stage Synthesis

Although a two-stage synthesis approach, involving the ini-
tial removal of the original object and subsequent addition of
the new object, may mitigate the impact on the original image
in certain scenarios, as exemplified by the eyes under the hat
in Figure 1. Our framework adheres to more general princi-
ples. These principles allow for the possibility of significant
disparities in shape between the original object and the new
object.

In our experiments, the act of removing the original ob-
ject often results in the generation of redundant information
at the inpaint position. Consequently, when incorporating a
new object, if the mask area for it is not adequately large,
this redundant information cannot be effectively eliminated.
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Source Reference 2-Stage-Mid  2-Stage-Final 1-Stage

Figure 6: Qualitative ablation studies on the effects of 2-stage
synthesis, where ”2-Stage-Mid” denotes the initial inpainting result
of the 2-stage synthesis, ”2-Stage-Final” denotes the subsequent in-
painting result of the 2-stage synthesis, and "’1-Stage” denotes the
approach that we choose, which involves using only one inpainting
step per synthesis.
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Source Reference A B C D

Figure 7: Visualization results on various poses of Pikachu synthesis
with user input A = “Replace the car with Pikachu from the same
view as the car”, B = “Replace the car with Pikachu from the same
view as Input Pikachu”, C = “Replace the car with Pikachu from the
same view as the car, and then turn Pikachu left with 90 degrees”, D
= “Replace the car with Pikachu from the same view as the car, and
then turn Pikachu left with 180 degrees”.

As a remedy, we employ a larger mask, the bounding box,
and opt for a one-stage synthesis approach. Figure 6 visually
illustrates such scenarios.

5 Discussion

5.1 Additional Visualization Results

We present three groups of visualization results in Figures 7,
8, and 9, to show that our method is also applicable in other
scenarios. The first group aims to validate the effectiveness
of various views in reference images, and the effectiveness
of synthesizing various views of target images. The second
group aims to demonstrate the effectiveness of intricate ob-
ject synthesis and multiple object editing. The final group
provides another visualization result on Mona Lisa portrait.

5.2 Applications

Virtual Try-on. Customers can use our approach to try
on different shoes, clothing items, accessories, hats, or even
hairstyles virtually. By providing a reference image of them-
selves and a description like “replace shoes/hats with Ob-
ject_B,” users can see how different fashion items would look
on them with specific viewpoint, without physically wearing

7597

Figure 8: Visualization results on intricate object synthesis and mul-
tiple object editing with user input A = “Replace the girl on the beach
with prince of tennis from the same view as the girl”, B = “Replace
the girl on the beach with prince of tennis from the same view as
reference prince of tennis”, C = “Replace the right car with Tesla
Supercharger”, D = “Replace the car with Tesla Supercharger”.

Reference

Source

Figure 9: Visualization result on Mona Lisa portrait with user input
“Replace the right portrait with Mona Lisa portrait”

them. Additionally, our framework enables precise adjust-
ments to customize the placement and orientation of fashion
items.

Interior Design. The framework allows users to specify ac-
tions like “replace Object_A with Object_B” to switch out fur-
niture items, enabling them to visualize how different pieces
would fit into their rooms. Moreover, users can make detailed
adjustments to fine-tune the placement of furniture and decor
items to create harmonious and aesthetically pleasing interi-
ors.

5.3 Future Work

End-to-End Integration with Latent Space View Control.
While our current approach relies on explicit pose estima-
tion and pose synthesis steps, a promising direction for future
work is to further streamline our framework into an end-to-
end solution [Kumari et al., 2024] that seamlessly integrates
view conditions control within a latent space. Such latent
space view control approach has the potential to significantly
enhance inference efficiency and elevate the user experience,
making image editing even more accessible and efficient.

6 Conclusion

We present a novel framework that integrates view condi-
tions for image synthesis, which enhances the controllabil-
ity of image editing tasks. Our framework effectively ad-
dresses crucial aspects of image synthesis, including con-
sistency, controllability, and harmony. Through both quan-
titative and qualitative comparisons with recently published
open-source state-of-the-art methods, we have showcased the
favorable performance of our approach across various dimen-
sions.
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