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Fig. 1. Attribute-aware image generation results using ProSpect. Given a single input image or text prompts, our method can intuitively control visual attributes
such as material, style, content, and layout to generate a new image with the learned textual conditionings. Real image credits (from left to right): {Vojtech
Okenka, Taisuke usui, Pixabay}/Pexels (Free to use) [Pexels 2023], Paul Cezanne/The Art Institute of Chicago (CCO0) [Art Institute of Chicago 2023], Georges
Seurat/The Barnes Foundation (CC0) [The Barnes Foundation 2023], {Rov Camato, Chevanon Photography}/Pexels (Free to use) [Pexels 2023].
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Personalizing generative models offers a way to guide image generation
with user-provided references. Current personalization methods can invert
an object or concept into the textual conditioning space and compose new
natural sentences for text-to-image diffusion models. However, representing
and editing specific visual attributes such as material, style, and layout
remains a challenge, leading to a lack of disentanglement and editability.
To address this problem, we propose a novel approach that leverages the
step-by-step generation process of diffusion models, which generate images
from low to high frequency information, providing a new perspective on
representing, generating, and editing images. We develop the Prompt Spec-
trum Space P*, an expanded textual conditioning space, and a new image
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representation method calleBroSpecProSpeatepresents an image as a
collection of inverted textual token embeddings encoded from per-stage
prompts, where each prompt corresponds to a speci ¢ generation stage
(i.e., a group of consecutive steps) of the di usion model. Experimental
results demonstrate thaP and ProSpecb er better disentanglement
and controllability compared to existing methods. We apptyoSpedn
various personalized attribute-aware image generation applications, such as
image-guided or text-driven manipulations of materials, style, and layout,
achieving previously unattainable results from a single image input without
ne-tuning the di usion models. Our source code is available at https:

/lgithub.com/zyxElsa/ProSpect.
CCS Concepts:Computing methodologies ! Image processing.

Additional Key Words and Phrases: Image generation; Di usion models;
Attribute-aware editing; Model personalization.
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various visualization results to demonstrate that di usion models
generate images in the order ¢tdyout! content material/style
Our further analysis reveals that the generation order in a di usion
model is correlated to the signal frequency of the corresponding
attribute, which is progressed from low to high. This insight paves
the way for obtaining better disentanglement of visual attributes in
di usion models.

Inspired by this observation, we introduce Prompt Spectrum
SpaceP (see Fig. 2(c)), an expanded conditioning spacé® of
that provides a new insight on the di usion generation process
from the perspective o$tepsinstead of treating all di usion steps
as a whole, we consider several groups of consecutive steps as
di erent generation stagesEach stage corresponds to a unique
textual condition?g. We further propose a novel inversion and
condition methodProSpectwhich learns token embeddinggin
P from a single image. Unlike previous methods that consider

Chongyang Ma, Tong-Yee Lee, Oliver Deussen, and Changsheng Xu. 2023the concept or image as a wholBroSpeqprovides a new way to

ProSpect: Prompt Spectrum for Attribute-Aware Personalization of Di usion
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1 INTRODUCTION
If we consider photography and painting as visual languages, we

represent an image in the perspective of frequency, which improves
exibility and editability. Various visual attributes can be separated
from % enabling attribute-aware generation. Speci cally, we group
the textual token embedding&into three classes,e, material/style
(high-frequency), content (medium-frequency), and layout (low-
frequency). By replacing them with embeddings of other images,

can understand that each image encapsulates a unique perspectivewe can achieve attribute transfer, as shown in th&2ow of Fig. 1.

or way of seeing. By harnessing the power of pre-trained di usion
models designed for text-to-image generation, we obtain a versatile
method for in uencing the synthesis process using natural language
commands. The utilization of these advanced generative models
not only allows for the creation of realistic and diverse images
but also enables users to personalize the output according to their
visual preferences. Recent personalization methods [Gal. @0&3a;
Huang et al 2023c; Kumari et aR023a; Ruiz et a023] learn the
textual conditioning of a common concept from a set of images
and then use text prompts to create new scenarios that incorporate
the concept. However, representing speci c visual attributes of a
single image remains a challenging problem for these concept-level
personalization methods.

We believe that each visual attribute (e.g., style, material, lay-
out, etc.) within an image has its own unique features. Attribute-
aware image generation, therefore, involves the representation,
disentanglement, and recombination of these visual attributes to
guide image synthesis and editing. The primary challenge lies in
disentangling the speci c attributes of a single image, as they often
appear in combination. Additionally, recombining the attributes
without causing con icts or distortions is di cult when performing
image attribute transfer tasks. By projecting image references into a
conditioned textual space (de ned @ in Gal [2023a], see Fig. 2(a)),
text-to-image generation methods can conduct concept-level image
editing. However, generating single textual embedding across all
di usion steps and U-Net structures limits the ability for visual
attribute disentanglement. In line with Gal et g2023a], Voynov
et al [2023] observe that the shallow layers of the denoising U-
Net structures within di usion models tend to generate colors and
materials, while the deep layers provide semantic guidance. In this
work, we conduct a detailed analysis of how textual conditioning
in uences the generation process of di usion models. We present
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Compared to previous personalization approacheySpeab ers
better transferability of diverse image visual attributes. Notably,
in the context of attribute-aware image-to-text generation tasks,
ProSpeailemonstrates superior editability and delity, achieving
results that were previously di cult to obtain, as shown in the'8
row of Fig. 1. Figs. 2(b) and 2(d) show the di erences between di er-
ent personalization methods applying to material controlling tasks,
including Textual Inversion [Gal et ak023a], DreamBooth [Ruiz
et al. 2023], and ouProSpecfTextual Inversion loses most of the
delity. Due to the lack of separation of content and material, Dream-
Booth tends to generate cat-like objects in each imagmSpect
separates content and material in the learning and conditioning
process and can generate a new image that is only loosely related
to the content of the reference image. Extensive experiments and
evaluations demonstrate the e ectiveness®f andProSpect

To summarize, our contributions are:

We introduce a novel Prompt Spectrum Spdethat enables the
disentanglement of visual attributes from a single image. We also
reveal that the generation process of di usion models depends
on the frequency of visual signals.

We present Prompt SpectrunP{oSpegta novel image represen-
tation and manipulation method that o ers better controllability
and exibility when processing visual attributes.

Our experimental results demonstrate the e ectivenes$ofand
ProSpedn various attribute-aware image generation tasks.

2 RELATED WORK

Text-to-image synthesiG@enerative Adversarial Network (GAN)-
based architectures [Goodfellow et.&014] are widely used in
text-to-image models, which are trained on large sets of paired
image-caption data [Liao et 22022; Tao et aR022; Xu et al2018;
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Fig. 2. Di erences between (a) standard textual conditioningfhand (c)
prompt spectrum conditioning inP . Instead of learning global textual
conditioning for the whole di usion processProSpecbbtains a set of
di erent token embeddings delivered from di erent denoising stages.
As shown in (b) standard personalization for T2| a ribute-aware image
generation, Textual Inversion [Gal et.&023a] loses some of the fidelity,
and DreamBooth [Ruiz et al2023] generates cat-like objects in the
images. (dProSpector a ribute-aware generation shows thaProSpectan
separate content and material, and is more fit for a ribute-aware T2l image

image generation by treating images as word sequences in a discrete
latent space [Esser et.&@021]. This scheme allows for text guidance
during generation through conditioning on text-pre x or using text-
to-image similarity models [Crowson et a022; Gal et ak022;
Kwon and Ye 2022] at test-time optimization. Recently, di usion
models [Dhariwal and Nichol 2021; Nichol and Dhariwal 2021] have
emerged as the forefront of image generation. These models have
led to signi cant advances in text-to-image synthesis, achieving
more natural results with impressive diversity and delity [Balaji

et al 2022; Chang et a023; Huang et aR022a; Nichol et ak022;
Ramesh et al. 2022; Rombach et al. 2022; Saharia et al. 2022].

Personalization of generative mod@&lse personalization of the
text-to-image generation model is the task of generating person-
alized content based on the pre-trained model. Gal ef2023a]
present a textual inversion method to nd a pseudo-word to describe
the visual concept of a speci ¢ object. Gal et §023b] further
design a word-embedding encoder to predict a new pseudo-word
that best describes the input concept. Li et fl023] invert the
real image to the linear mapping network in cross-attention layers.
Ruiz et al [2023] implant a subject into the output domain of a
text-to-image di usion model to synthesize it in novel views with a
unique identi er. Zhang et al[2023b] propose an attention-based
inversion style transfer method called InST. Kumari et[2023b]
propose Custom Di usion, which optimizes a few parameters in the
conditioning mechanism and can jointly train for multiple concepts
or combine several ne-tuned models. Huang et g1023c] propose
ReVersion for relation inversion, which aims to learn a specic
relation from images. Wen et g2023] introduce the concept of hard
prompts that use hand-crafted sequences of interpretable tokens
to elicit model behaviors. Voynov et g2023] present an extended
textual conditioning space”; that consists of multiple textual
conditions, derived from per-layer prompts, each corresponding
to a layer of the denoising U-Net of the di usion model. Tewel et al
[2023] introduce Perfusion, a mechanism that locks cross-attention
keys of new concepts to their superordinate category, and a gated
rank-1 approach to control the in uence of a learned concept.

Most of the aforementioned methods necessitate an image set
(three to ve) as input or require model ne-tuning, and they aim to
learn a single concept in the image or represent the overall appear-
ance of the image. In contrast, our approach addresses the challenges
of obtaining multiple visual attributes from a single image, involving
the representation, disentanglement, and recombination of visual
attributes.

Image editing A variety of text-based image editing methods [Bau
et al 2021; Patashnik et a2021; Schaldenbrand et 8022] have
emerged with the development of powerful multi-modal models.

generation. Reference image credit: Pixabay/Pexels (Free to use) [PeerSEnabIed by di usion models, approaches of di erent applications are

2023).

Zhang et al 2021; Zhu et a2019]. However, GANs have a tendency
to su er from mode collapse and their training at scale can be
challenging [Brock et al2019; Heusel et a2017]. Auto-regressive
models [Gafni et al2022; Ramesh et.&021; Yu et ak023] are

developed, such as single-image editing [Brooks e2@P3; Huang

et al. 2023b; Kawar et aP023; Meng et a021, 2022; Mokady
et al. 2023; Valevski et a023; Wu et al2023; Zhang et a2023a],
style transfer [Huang et al2023d, 2022b; Jeong et2023; Yang
et al. 2023b] and inpainting [Avrahami et aR022; Lugmayr et al
2022; Yang et aR023a]. The Composer approach [Huang et al
2023a] is most relevant to our work. This approach introduces a

inspired by the success of language models and perform the task of generation paradigm that enables control over the output features,

ACM Trans. Graph., Vol. 42, No. 6, Article 246. Publication date: December 2023.
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Fig. 3. Experimental results showing that di erent image a ributes correspond to di erent generation steps. (a) Results of removing promptsfile of a
furry parrot of di erent steps. (b) Results of adding material a ributeyarn and color a ribute blue. (c) Results of removing style a ributesMonet and

Picasso

Fig. 4. Prompt-based editing results. By changing the prompts conditioning
on di erent diusion stages and keeping the layout-related prompts
unchanged, we can achieve the e ect of prompt-to-prompt editing.

while preserving synthesis quality and model creativity through

input image, which provides a neat way to disentangle and control
visual attributes.

Many non-di usion image editing methods encode images into a
latent space [Lee et a2020; Wang et a023b,a; Zhang et.8&023c].
StyleGAN [Karras et a019] consists of a mapping network, which
maps latent codes to the latent spadé, and a synthesis network,
which controls the feature statistics between di erent network
layers. Fine-grained control over semantic attributes in generated
images is achieved by manipulating di erent dimensions of the la-
tent vectors. With the ability of generating high resolution images of
high quality, StyleGAN and its followups [Gal et.&022; Karras et al
2020] have become the advanced unconditional image generators.
FineGAN [Singh et al2019] disentangles the background, object
shape,and object appearance to hierarchically generate images of

decomposing images into representative factors (e.g., spatial layout ne-grained object categories. MUNIT [Huang et £018] decom-

and color palette) and training a di usion model using these factors
as conditions for recomposition. However, they rely on additional
task-speci ¢ models to obtain image attributes, such as an edge
detection model for contour extraction, a pre-trained segmentation
model for extraction of instances and the corresponding masks,
etc. In contrast, we exclusively use a pre-trained di usion model
to obtain the representation of corresponding attributes from the

ACM Trans. Graph., Vol. 42, No. 6, Article 246. Publication date: December 2023.

poses the image into a domain-invariant content code and a style
code that captures domain-speci c properties, and achieves editing
by recombining the codes. SwappingAutoencoder [Park e2@R0]
encodes an image into two independent components and enforce
that any swapped combination maps to a realistic image. Di erently,
our approach encodes image attributes into the target text space and
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Fig. 5. (a) The pipeline dfroSpectwhich learns a set of token embeddings= »?1¢ 2, """+ 2 ¥%4(b) lllustrations of various a ribute-aware image generation
tasks. Reference image credits: {Rostislav Uzunov, Lisa Fotios} /Pexels (Free to use) [Pexels 2023]. Style image cfeditthBadul Cezanne/The Art

Institute of Chicago (CCO) [Art Institute of Chicago 2023].

represents attributes separately using di erent embeddings. Besides,

the above latent space traversal is usually limited to editing within
domains, in contrast, our method enables cross-domain editing.

3 METHOD

To illustrate our motivation, we start by analyzing the attribute
distribution of di usion models using text-guided image generation
results. We aim to obtain multiple visual attributes from a single
image, thus we need to learn the range of the steps in which di erent
attributes are generated by the model.

Fig. 3 shows the results of removing or adding attributes at
di erent di usion stages. In Fig. 3(a), removing a certain phase a
pro le of a furry parrot in some steps will cause certain changes to
the generated image. Removisgeps 100-4G0gni cantly changes
the parrot's appearance, but the new image retains the details and
feather layering. Removingteps 400-70@duces the layering of
the parrot's feathers. Removingteps 700-10@0urs the parrot's
fur and the luster of the beak is gone, while it can retain a similar
overall appearance to the original image. Fig. 3(b) demonstrates
the e ect of adding an attribute in a speci c stage. In thé'Tow,

generation. Removing the style iateps 500-80tas little e ect

on the Picasso-guided painting, but the Monet-guided painting
loses its brushstrokes. Conversely, removistgps 0-506hanges
the content of the paintings guided by Monet, but the style is
maintained, while the image guided by Picasso loses its style. We
recommend zooming in to see experimental results of Monet's style.
In conclusion, the initial generation stages of the di usion model
tend to generate overall layout and color, the middle stages tend
to generate structured appearances, and the nal stages tend to
generate detailed textures.

Based on the above observations, we can edit the results by
changing the material, style, and content while keeping the layout
unchanged by changing the prompts that act on di erent steps. As
shown in Fig. 4, keeping the prompt lemon cake condition in the
initial stages, the image can be edited into di erent appearances.
Prompt-to-prompt [Hertz et al 2023] report the observation of
similar e ects and introduce a method that locks the corresponding
attention maps.

3.1 Prompt Spectrum Space

the sphere's appearance remains unchanged when injected the We use Stable Di usion [Rombach et.&022] as the generative

added concept yarn irsteps 0-20®ut the background layout and
colors are di erent, and adding it irsteps 200-4@furs the sphere's
outline. Injecting yarn in steps 400-6@hd steps 600-806ads to
a more distinct texture. Adding yarn insteps 800-1Q@feates a
woolen texture on the sphere and reduces its re ection. THE 2
row shows that the di usion model is color-sensitive only at certain

backbone, which is built in the framework as Latent Di usion Model
(LDM) [Rombach et a022]. LDM is a di usion probability model
that generates images by gradually denoising them.

Di usion and denoising within an LDM typically take 1000 steps,
and the text conditions the model step by step. Previously, the
process of the textual conditions acting on the di usion model

stages. Fig. 3(c) shows the style removal results of impressionist is regarded as a whole. In this work, we treat them as di erent
Claude Monet and abstract painter Pablo Picasso. We remove their procedures. Speci cally, we divide the 1000 steps of conditioning

names at di erent stages, i.e., using only a painting to guide the

into ten stages on average. Each stage corresponds to a unique

ACM Trans. Graph., Vol. 42, No. 6, Article 246. Publication date: December 2023.
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