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Figure 1: Customization examples of DisEnvisioner. Without cumbersome tuning or relying on
multiple reference images, DisEnvisioner is capable of generating a variety of exceptional cus-
tomized images. Characterized by its emphasis on the interpretation of subject-essential attributes,
DisEnvisioner effectively discerns and enhances the subject-essential feature while filtering out ir-
relevant attributes, achieving superior personalizing quality in both editability and ID consistency.

ABSTRACT

In the realm of image generation, creating customized images from visual prompt
with additional textual instruction emerges as a promising endeavor. However, ex-
isting methods, both tuning-based and tuning-free, struggle with interpreting the
subject-essential attributes from the visual prompt. This leads to subject-irrelevant
attributes infiltrating the generation process, ultimately compromising the per-
sonalization quality in both editability and ID preservation. In this paper, we
present DisEnvisioner, a novel approach for effectively extracting and enriching
the subject-essential features while filtering out -irrelevant information, enabling
exceptional customization performance, in a tuning-free manner and using only a
single image. Specifically, the feature of the subject and other irrelevant compo-
nents are effectively separated into distinctive visual tokens, enabling a much more
accurate customization. Aiming to further improving the ID consistency, we en-
rich the disentangled features, sculpting them into a more granular representation.
Experiments demonstrate the superiority of our approach over existing methods in
instruction response (editability), ID consistency, inference speed, and the overall
image quality, highlighting the effectiveness and efficiency of DisEnvisioner.
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Figure 2: Comparisons between DisEnvisioner and existing methods(Ruiz et al., 2023; Chen
et al., 2023a; Li et al., 2024; Wei et al., 2023; Ye et al., 2023)under single-image setting. We
evaluate these methods on the same subject with different poses and environments. It can be ob-
served that irrelevant factors, such as thesubject's posture ( ) andbackground ( ), can affect the
customization quality and result inpoor editability ( ) or poor ID consistency ( ). For instance,
BLIP-Diffusion falls in both two factors, leading to poor editability and ID consistency. We denotes
its performance as “ ” (the symbols without color �lling, such as “ ”, indicates that the
customization isnot affected by subject's posture, and “” indicatesgoodeditability). We also try
to use masks to �lter out irrelevant information for these methods. However, the harmful in�uence
of subject's posture still exists. And solid background colors (e.g., white or black) also can harm-
fully impact the customization quality, leading to textureless backgrounds.

1 INTRODUCTION

By training with billions of image-text pairs, state-of-the-art text-to-image generation models,e.g.,
DALL �E (Ramesh et al., 2021), Imagen (Saharia et al., 2022), UnCLIP (Ramesh et al., 2022), Stable
Diffusion (SD) (Rombach et al., 2022), and PixArt-� (Chen et al., 2023b), have demonstrated re-
markable pro�ciency in generating contextually aligned images from textual descriptions. Despite
unprecedented creative capabilities of these text-to-image models, customized image generation
poses a new and more intricate challenge. This task aims to synthesize life-like imagery that not
only accurately responds to natural language instructions (editability ) but also preserves the sub-
ject's identity based on reference images (ID consistency), is garnering great attention from both
academia and industry (Chen et al., 2023a; Dong et al., 2022; Shi et al., 2023; Ma et al., 2023; Gal
et al., 2022; Kumari et al., 2023; Ruiz et al., 2023; Li et al., 2024; Wei et al., 2023; Ye et al., 2023;
Li et al., 2023c; Wang et al., 2024; Chen et al., 2023c; Arar et al., 2024; Voynov et al., 2023).

For high-quality image customization, accurate interpretation of the visual prompt (i.e., the input
image) is crucial. This involves effectively extractingsubject-essentialattributes from the reference
image while minimizing the in�uence ofsubject-irrelevant attributes. Failure to do so may result
in 1) overemphasis on irrelevant details: generated images may prioritize irrelevant information,
sidelining the textual instructions and compromising the overall editability; 2) diminished subject
identity: the feature of subject-essential attributes becomes entangled with irrelevant information,
degrading the subject representation.
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Figure 3:Overview of DisEnvisioner, which consists of two key components:DisVisioner andEn-
Visioner. During inference, subject-irrelevant features are discarded to avoid harmful disturbances.

Existing methods, both tuning-based (Ruiz et al., 2023; Gal et al., 2022; Kumari et al., 2023; Chen
et al., 2023a; Dong et al., 2022) and tuning-free (Wei et al., 2023; Li et al., 2024; Ye et al., 2023;
Ma et al., 2023; Li et al., 2023c), struggle to accurately interpret subject-essential attributes, par-
ticularly given only a single reference image. Speci�cally, prevailing tuning-based methods like
DreamBooth (Ruiz et al., 2023) and DisenBooth (Chen et al., 2023a), heavily rely on multiple refer-
ence images to capture the common subject concept into the model. Despite their impressive results,
it is dif�cult to interpret the subject-essential attributes in single-image scenarios, leading to com-
promised customization quality (Fig. 2). Additionally, each subject requires individual �ne-tuning,
which is time-consuming and hinders practical application. Recent tuning-free methods (Wei et al.,
2023; Ma et al., 2023; Li et al., 2023c; Shi et al., 2023; Ye et al., 2023; Li et al., 2024; Chen et al.,
2023c), aim to offer a signi�cant boost in inference speed, and can generate customized images with
a single reference image. However, these approaches still fail to accurately disentangle the subject-
essential features from the reference image. Among those methods, IP-adapter (Ye et al., 2023)
and PhotoVerse (Chen et al., 2023c) directly treat theglobal feature of the given image assubject-
essential, inevitably introducing the subject-irrelevant information that diminishes the personalizing
quality. Moreover, ELITE (Wei et al., 2023) and BLIP-Diffusion (Li et al., 2024) attempt to learn
subject representations, but their implicit extraction of subject features proves ineffective (please see
Sec. 2.2 for detailed discussion), also leading to unsatisfactory customization performance hindered
by irrelevant information. As illustrated in Fig. 2, the customization quality of these methods are
notably compromised by irrelevant factors (we conclude the primary irrelevant factors in this case
as: subject's posture, background and image tone). A direct solution of these methods to prevent
the irrelevant information is to use a segmentation mask to remove the background, but it is inad-
equate. As shown in Fig. 2:¬ factors like the subject's pose still introduce irrelevant details;­
replacing the background with solid colors (e.g., white or black) also in�uence the customization,
potential leading to texture-less backgrounds in the generated customized images. Thus, an effective
disentanglement of the subject-essential features is indeed necessary.

Motivated by the above analysis, we proposeDisEnvisioner, a novel framework meticulously de-
signed to addresses the core issues via feature disentanglement and enrichment. As illustrated in
Fig. 3, the image is tokenized into compact disentangled features,i.e., subject-essential and subject-
irrelevant tokens, through the DisVisioner. Thus, the subject-irrelevant features can be �ltered,
making sure the model only focus on essential attributes of the subject, facilitating more accurate
editability during customization. The disentangled subject-essential features are further enriched
by EnVisioner before feeding into the pre-trained SD model (Rombach et al., 2022) for customized
generation, signi�cantly boosting the ID-consistency and the overall customization quality. Together
with above innovations, we achieve both accurate and high-quality image customization.

In summary, our key contributions are as follows.

• We emphasize the critical role of subject-essential attribute in customized image genera-
tion, which is the foundation of faithful subject concept reconstruction and reliable editabil-
ity, thereby ensuring more accurate customization under more diverse textual instructions.

• We present DisEnvisioner, a simple yet effective framework designed for single-image,
tuning-free image customization, utilizing visual disentanglement and enrichment.

• Comprehensive experiments validate DisEnvisioner's superiority in adhering to instruc-
tions, maintaining ID consistency, and inference speed, demonstrating its superior person-
alization capabilities and ef�ciency.

3


	Introduction
	Related Works
	Text-to-Image Generation
	Customized Image Generation

	Method
	Preliminaries
	DisVisioner
	EnVisioner

	Experiments
	Experimental Setup
	Training Dataset
	Evaluation Dataset and Metrics
	Implementation Details.

	Quantitative Results
	Qualitative Results
	Ablation Study
	Influence of Tokens Numbers in DisVisioner.
	Effect of EnVisioner.


	Conclusion
	Appendix

