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ABSTRACT

Originating from the diffusion phenomenon in physics that describes particle
movement, the diffusion generative models inherit the characteristics of stochas-
tic random walk in the data space along the denoising trajectory. However, the
intrinsic mutual interference among image regions contradicts the need for prac-
tical downstream application scenarios where the preservation of low-level pixel
information from given conditioning is desired (e.g., customization tasks like per-
sonalized generation and inpainting based on a user-provided single image). In
this work, we investigate the diffusion (physics) in diffusion (machine learning)
properties and propose our Cyclic One-Way Diffusion (COW) method to control
the direction of diffusion phenomenon given a pre-trained frozen diffusion model
for versatile customization application scenarios, where the low-level pixel infor-
mation from the conditioning needs to be preserved. Notably, unlike most cur-
rent methods that incorporate additional conditions by fine-tuning the base text-
to-image diffusion model or learning auxiliary networks, our method provides a
novel perspective to understand the task needs and is applicable to a wider range
of customization scenarios in a learning-free manner. Extensive experiment
results show that our proposed COW can achieve more flexible customization
based on strict visual conditions in different application settings. Project page:
https://wangruoyu02.github.io/cow.github.io/

1 INTRODUCTION

In physics, the diffusion phenomenon describes the movement of particles from an area of higher
concentration to a lower concentration area till an equilibrium is reached (Philibert, 2006). It repre-
sents a stochastic random walk of molecules to explore the space, from which originates the state-
of-the-art diffusion generative models (Sohl-Dickstein et al., 2015). Compared to the physical diffu-
sion process, it is widely acknowledged that the diffusion generative model in machine learning also
stimulates a random walk in the data space (Song et al., 2020b), however, it is less obvious how the
diffusion models stimulate the information diffusion for real-world data along its walking trajectory.
In this work, we start by investigating the diffusion phenomenon in diffusion models for image syn-
thesis, namely “diffusion in diffusion”, during which the pixels within a single image from different
data distributions exchange and interact with each other, ultimately achieving a harmonious state in
the data space (see Sec. 3.2).

The diffusion phenomenon is intrinsically stochastic, both in physics and in current machine learn-
ing frameworks, given no explicit constraints on the regional concentrations. In other words, re-
gions within an image interfere with each other along the generation process as the sample goes
from a noisy Gaussian space to the data space. However, we note that this property of bidirec-
tional interference is not always desired when applying diffusion generative models in practical
downstream tasks. For instance, tasks like image inpainting can be viewed as strictly unidirectional
information diffusion, propagating information from a known portion (the existing image portion)
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Figure 1: Comparison with existing SOTA methods for maintaining the �delity of text and visual
conditions in different application scenarios. We consistently achieve superior �delity to both text
and visual conditions across all three settings. In contrast, other learning-based approaches struggle
to attain the same level of performance across diverse scenarios.

to an unknown portion (the missing image portion) while preserving the pixel-level integrity of
the known portion. Most existing methods (Ruiz et al., 2022; Gal et al., 2022; Dong et al., 2022;
Zhang & Agrawala, 2023) tackle the problem by brute-force learning, where they incorporate the
visual condition into pre-trained text2image models by introducing an additional �netuning pro-
cess to minimize the reconstruction error. However, these tuning-based methods, despite explicitly
minimizing reconstruction errors, can not always achieve pleasant �delity to both the text and the
visual conditions, especially when faced with contradictions between conditions like style transfer
and mismatched attributes scenarios, as shown in Fig. 1. In addition, they introduce additional learn-
ing costs dependent on the pre-trained model and hinder the original distribution modeling ability
of the base model. To this end, the ability to control the direction of information diffusion opens
up the potential for a new branch of methodological paradigms to achieve versatile customization
applicationswithout the need to change the parameters of existing pre-trained diffusion models or
learn any auxiliary neural networks.

Following our analysis onthe diffusion in diffusionand its connection to practical task needs, we
proposeCyclic One-Way Diffusion(COW), a training-free framework that achieves unidirectional
diffusion for versatile customization scenarios, ranging from conventional visual-conditioned in-
painting to visual-text-conditioned style transformation. From the methodological point of view, we
re-inject the semantics (inverted latents) into the generation process and repeatedly “disturb” and
“reconstruct” the image in a cyclic way to maximize and encourage information �ow from the vi-
sual condition to the whole image. From the application point of view, the powerful knowledge of
the pre-trained diffusion model empowers us to conduct meaningful editing or stylizing operations
while maintaining the �delity of the visual condition. As a result, even in its unidirectional design,
COW can achieve more �exible customization based on strict visual conditions. Extensive experi-
ments and human studies, involving 3,000 responses for 600 image groups, demonstrate that COW
consistently outperforms its counterparts in terms of condition consistency and overall �delity. Be-
sides, COW generates an image in just 6 seconds, far faster than other customization methods like
DreamBooth (Ruiz et al., 2022), which takes 732 seconds.

2 RELATED WORK

Diffusion Models. The recent state-of-the-art diffusion generative methods (Song et al., 2020a;
Dhariwal & Nichol, 2021; Nichol & Dhariwal, 2021; Song et al., 2020b; Hoogeboom et al., 2021;
Wu et al., 2022; Zhu et al., 2023b) originate from the non-equilibrium statistical physics (Sohl-
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Dickstein et al., 2015), which simulate the physical diffusion process by slowly destroying the data
structure through an iterative forward diffusion process and restore it by a reverse annealed sam-
pling process. DDPM (Ho et al., 2020) shows the connection between stochastic gradient Langevin
dynamics and denoising diffusion probabilistic models. DDIM (Song et al., 2020a) generalizes the
Markovian diffusion process to a non-Markovian diffusion process, and rewrites DDPM in an ODE
form, introducing a method to inverse raw data into latent space with low information loss. In
our work, we utilize DDIM inversion to access the latent space and �nd an information diffusion
phenomenon in the sampling process towards the higher concentration data manifold driven by the
pre-trained gradient estimator.

Downstream Customization Generation.Given a few images of a speci�c subject, the customiza-
tion generation task aims to generate new images according to the text descriptions while keeping
the subject's identity unchanged. Early approaches mainly relied on GAN-based architectures (Reed
et al., 2016; Zhang et al., 2017; Dong et al., 2017; Zhang et al., 2018; Xu et al., 2018; Lin et al., 2018;
Wu et al., 2019; Karras et al., 2019; Li et al., 2019; Karras et al., 2020) for customization generation.
In recent years, the diffusion methods under text condition image generation task (T2I) have made
a great development (Nichol et al., 2021; Ramesh et al., 2022; Oppenlaender, 2022; Ramesh et al.,
2021; Ho & Salimans, 2022; Saharia et al., 2022). However, appointing a speci�c visual condition
at a certain location on the results of a generation remains to be further explored. Choi et al. (2021)
is a learning-free visual conditioned method that generates a random new face similar to the given
face. There are recent customized methods of learning-based visual-text conditioned generation like
Ruiz et al. (2022); Gal et al. (2022); Zhang & Agrawala (2023); Rombach et al. (2022); Dong et al.
(2022); Brooks et al. (2023); Wu et al. (2023); Wei et al. (2023); Guo et al. (2023); Choi et al.
(2021). Methods like DreamBooth (Ruiz et al., 2022) and Textual Inversion (Gal et al., 2022) learn
the concept of the visual condition into a certain word embedding by additional training on the pre-
trained T2I model (Kumari et al., 2022; Dong et al., 2022; Ruiz et al., 2023; Chen et al., 2023). It is
worth noting that it is still hard for DreamBooth or Textual Inversion (TI) to keep the id-preservation
even given 5 images as discussed in Shi et al. (2023), and DreamBooth tends to over�t the limited
�ne-tuning data and incorrectly entangles object identity and spatial information, as discussed in
Li et al. (2023). ControlNet (Zhang & Agrawala, 2023) trains an additional network for a speci�c
kind of visual condition (e.g., canny edges, pose, and segmentation map). More generally, an in-
painting task is also a customization generation with a forced strong visual condition. Compared to
these methods, our proposed method can explicitly preserve the pixel-level information of the visual
conditions while achieving versatile application scenarios like style transfer and attribute editing.

3 METHOD

In this section, we present our methodology design for leveraging the diffusion in diffusion phe-
nomenon to achieve versatile downstream applications without additional learning.

3.1 PRELIMINARIES

Denoising Diffusion Probabilistic Models (DDPMs) (Ho et al., 2020) de�ne a Markov chain to
model the stochastic random walk between the noisy Gaussian space and the data space, with the
diffusion direction written as,

q(x t jx t � 1) = N (
p

1 � � t x t � 1; � t I ); (1)

wheret represents diffusion step,f � t gT
t are usually scheduled variance, andN represents Gaussian

distribution. Then, a special property brought by Eq. 1 is that:

q(x t jx t � k ) = N (
p

� t =� t � k x t � k ;
p

1 � � t =� t � k I ); (2)

where� t =
tQ

i =0
(1 � � i ). So we can bringx t to anyx t + k in a one-step non-Markov way in our

proposed cyclic one-way diffusion (Sec. 3.3) by adding certain random Gaussian noise.

DDIM (Song et al., 2020a) generalizes DDPM to a non-Markovian diffusion process and connects
the sampling process to the neural ODE:

dx(t) = � ( t ) (
x(t)

p
� 2 + 1

)d� (t): (3)
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Figure 2: Illustration of“diffusion in diffusion”. We inverse pictures of pure gray and white back to
x t , merge them together with different layouts, and then regenerate them back tox0 via deterministic
denoising. Different columns indicate different replacement stepst. The resulting images show how
regions within an image diffuse and interfere with each other during denoising.

By solving this ODE using Euler integration, we can inverse the real imagex0 (the visual condi-
tion) to x t in any corresponding latent space� t (Zhu et al., 2023a; Mokady et al., 2023; Asperti
et al., 2023) while preserving its information. The symbols� andx are the reparameterizations of
(
p

1 � �=
p

� ) and(x=
p

� ) respectively.

3.2 DIFFUSION IN DIFFUSION

Internal Interference in Diffusion Generation. Diffusion in physics is a phenomenon caused by
random movements and collisions between particles. The diffusion model, drawing inspiration from
non-equilibrium thermodynamics, establishes a Markov chain between a target data distribution and
the Gaussian distribution. Subsequently, it learns to reverse this diffusion process, thereby construct-
ing the desired data samples from the Gaussian noise. This inherently simulates a gradual, evolving
process that can be viewed as a random walk through a large number of possible data distributions,
which eventually gradually approaches the real data distribution. Therefore, the diffusion models
share a similar interference phenomenon as the physical diffusion, characterized by continuous in-
formation exchange within the data, ultimately achieving harmonious generation results.

We design a toy experiment to reveal this phenomenon more intuitively. To start with, we apply
DDIM Inversion to convert gray and white images into various latent codes along the diffusion
timeline, spanning from the start (t = T) to the �nal state (t = 0 ). Existing literatures (Song et al.,
2020a; Zhu et al., 2023a) demonstrate that those intermediate latent codes can well reconstruct the
raw image via deterministic denoising. In other words, both latent codes contain information inher-
ited from their respective raw images, i.e., pure gray and white colors. Consequently, at each selected
time stept, we merge half of latent codes from the two images into one and denoise the resulting
combination. This allowed us to observe how different pieces of information interact throughout the
generation process and thus in�uence the �nal image. The results in Fig. 2 show that as the merg-
ing time stept (at which step we put two latent codes together) approachesT (the Gaussian noise
end), the corresponding denoised imagex0 exhibits the spatial diffusion phenomenon, resulting in
stronger color blending. Conversely, ast approaches0 (the raw image end), the image showcases
robust reconstruction ability, with minimal interference between the two colors.

Varying Interference Intensity in Diffusion Generation. Based on the observations above and
additional supplementary experiments in Appendix A.4, we can roughly divide the denoising pro-
cess into three stages. Throughout the reverse diffusion process, the model attends to different levels
of information at each stage, essentially embodying a progression from extreme noise to semantic
formation to re�nement. Introducing guidance too early hinders its re�ection in the �nal image due
to the uncontrollable interference caused by excessive noise, while introducing it too late does not
allow for the desired high-level semantic modi�cations. The best to inject visual condition infor-
mation is the middle stage, where the model gains the capacity to comprehend and generate basic
semantic content, striking a balance between controllable inner mutual in�uence and responsive-
ness to text conditions. Ultimately, proper re�nement at the last stage ensures that the generated
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Figure 3: The pipeline of our proposed COW method. Given the input visual condition, we stick it
on a prede�ned background and inverse it as the seed initialization of the starting point of the cycle.
In the Cyclic One-Way Diffusion process, we “disturb” and “reconstruct” the image in a cyclic way
and ensure a continuous one-way diffusion by consistently replacing it with correspondingx t .

images exhibit intricate details of visual condition. These insights and observations pave the way
for integrating new visual condition control paradigms into pre-trained diffusion models.

3.3 TRAINING-FREECYCLIC ONE-WAY DIFFUSION

In this subsection, we illustrate how to take advantage of the diffusion phenomenon in the diffusion
generation process, to enable effective both pixel-level and semantic-level visual conditioning with-
out training. Our approach involves three main components: Seed Initialization, Cyclic One-Way
Diffusion and Visual Condition Preservation, as shown in Fig. 3.

Seed Initialization. It is common to bring the thread end close to the needle before threading. Using
random initialization sampled from the Gaussian distribution may introduce features or structures
that con�ict with the given visual condition. For instance, if the user speci�es that the object should
be located on the left side, but the initial noise tends to generate it on the right side, there will
be a con�ict. The model must expend considerable effort during the generation process to correct
this inconsistency. To address this issue, we propose to introduce user-speci�ed visual conditions
at the initial stage by placing them onto a prede�ned background, typically a semantically neutral
pure gray background. The objective is to inject stable high-level semantic information early in the
denoising process, effectively reducing the layout con�icts with the visual condition.

Cyclic One-Way Diffusion (COW). Theoretically, we invert the visual condition into its latent rep-
resentation by solving the probabilistic �ow ODE (Eq. 3) and embedding it in the initial random
Gaussian noise that serves as the starting point, which can provide a good generative prior to main-
tain consistency with the visual condition. However, the implanted information will be continuously
disrupted by inner diffusion from the surrounding Gaussian region at every denoising step. There-
fore, we introduced “one-way” and “cyclic” strategies to maximize the �ow of information from the
visual condition to the whole image and minimize undesired interference from other image regions.
To be speci�c, we store inverted latents of the visual condition at each inversion step in the middle
stage (the semantic formation stage), denoted asx t 1 ; x t 1 +1 ; : : : ; x t 2 and gradually embed them in
the corresponding timesteps during the generation process. Through this step-wise information in-
jection, we can ensure the unidirectional propagation of information, i.e., it only propagates from
the visual condition to the other regions without interference from information in the background or
other parts of the image. Given the limited generative capacity of the model at each step, noise is
injected to regress the generative process to earlier stages, as illustrated in Equation 1. This cyclic
utilization of the model's generative capacity enables the continuous perturbation of inconsistent
semantic information, facilitating the re-diffusion of conditional guidance in subsequent rounds.
The Cyclic One-Way Diffusion approach bene�ts the model from a one-way guidance from the
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visual condition, creates additional space by cycles for semantic “disturb” and “reconstruct”, and
ultimately achieves harmony among the background, visual condition, and text condition.

Visual Condition Preservation. Con�icts between the visual and the text conditions often exist
(such as a smiling face condition and a “sad” text prompt), necessitating a method that can effec-
tively balance these conditions. We observe that the middle stage is still subject to some extent of
uncertainty, which in turn leaves enough space for controlling the text condition guidance on the
generation of the visual condition region. Meanwhile, in the later stage, the model focuses on re�n-
ing high-frequency details and textures to enhance image quality while maintaining global structure
integrity. Thus we explicitly control the degree of visual condition preservation by replacing the
corresponding region at an adjustable stepx t 0 in the early phase of this later stage. This approach
can effectively preserve �delity to both the visual and the text conditions, achieving harmonious
results of style transfer and attribute editing without additional training.

4 EXPERIMENTS

We show the versatility and superiority of COW by comparisons with four SOTA baselines under
three different task settings. Also, we conduct an exhaustive ablation study to demonstrate the
effectiveness of COW utilizing the diffusion phenomenon in machine learning diffusion generation.

4.1 EXPERIMENTSSETUP

Benchmark. To simulate the visual condition processing in real scenarios, we adopt face image
masks from CelebAMask-HQ (Lee et al., 2020) as our visual condition. For the text conditions, we
design three kinds of settings: normal prompt, style transfer, and attribute editing. Then we combine
them as the dual conditions for our TV2I task.

Implementation Details. We implement COW, SD inpainting, and ControlNet on pre-trained T2I
Stable Diffusion model (Rombach et al., 2022) sd-v2-1-base, with default con�guration condition
scale set 7.5, noise level� set 1, image size set 512, 50 steps generation (10 steps for COW), and
negative prompt set to “a bad quality and low-resolution image, extra �ngers, deformed hands”.
Note that we implement DB and TI following their of�cial code and use the highest supported
Stable Diffusion version sd-v1-5. During generation, we set the visual condition size to 256 and
randomly chose a place above half of the image to add the visual condition. We choosex t 1 to step
25, x t 2 to 35, cycle number to 10. We use slightly different settings for the three different tasks.
We setx t 3 to be [4, 3], eta to be 0 in the normal prompts,x t 3 to be 4, eta to be 0.1 in the attribute
editing prompts, andx t 3 to be 4, eta to be 1 in the style prompts. We perform all comparisons with
baselines on 200 images and 300 texts (100 texts for every setting, 1 text to 2 faces in order). We use
a single NVIDIA 4090 GPU to run experiments since our proposed COW method is training-free.

Comparisons. We perform a comparison with four SOTA works incorporating different levels of
the visual condition into pre-trained T2I models: DreamBooth (Ruiz et al., 2022) based on the code1,
TI (Gal et al., 2022), SD inpainting (Rombach et al., 2022), and Controlnet on the canny edge con-
dition (Zhang & Agrawala, 2023).DreamBooth(Ruiz et al., 2022) introduces a rare-token identi�er
along with a class-prior for a more speci�c few-shot visual concept by �netuning pre-trained T2I
model to obtain the ability to generate speci�c objects in results.TI (Gal et al., 2022) proposes to
convert visual concept to word embedding space by training a new word embedding using a given vi-
sual condition, and uses it directly in the generation of results of speci�c objects.ControlNet(Zhang
& Agrawala, 2023) incorporate additional visual conditions (e.g., canny edges) by �netuning a pre-
trained Stable Diffusion model in a relatively small dataset (less than 50k) in an end-to-end way.SD
inpainting(Rombach et al., 2022) preserves the exact pixel of the visual condition when generating
an image, and it is the inpainting mode of the pre-trained Stable Diffusion.

Evaluations. To evaluate the quality of the generated results for this new task, we consider two
aspects of assessment: visual �delity and text �delity. Following the same evaluation metrics as
in previous works (Gal et al., 2022; Ruiz et al., 2022; Dong et al., 2022), we utilize prestrained
CLIP (ViT-B/32) to evaluate the average pairwise cosine similarity between CLIP embeddings of
generated images and the prompts, denoted asCLIP-T. Additionally, we adopt a face detection

1https://github.com/ShivamShrirao/diffusers/tree/main/examples/dreambooth
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Figure 4: The adaptation of the visual condition to align with the text condition while maintaining
the semantic and pixel-level information of the visual condition. In each pair of images, the smaller
image is the given visual condition and the other is the generated result. The bolded parts of the text
conditions highlight the con�icts between conditions.

Table 1: Quantitative and qualitative comparison between COW and SOTA methods.
Methodology Clip-T" ID-Distance# Face Detection Rate" Time# Condition Consistency" General Fidelity"
TI 0.253 1.186 70.66% 3025s 02.73% 12.60%
DreamBooth 0.329 1.361 70.50% 732s 09.60% 28.73%
ControlNet 0.305 1.194 45.66% 4s 11.60% 04.73%
SD inpainting 0.300 0.408 100.00% 5s 06.33% 02.07%
COW (ours) 0.306 0.901 100.00% 6s 69:73% 51:87%

model (MTCNN (Zhang et al., 2016)) to detect the presence of the face, and a face recognition
model (FaceNet (Schroff et al., 2015)) to obtain the face feature and thus calculate the face feature
distance between the generated face region and the given visual condition. TheFace Detection
RateandID-Distancere�ect the �delity of the visual face condition for those generative models.
However, relying solely on model predictions can not fully capture the subtle differences between
images and can not re�ect the overall quality of the images (e.g., realism, richness), which are critical
crucial for human perception. Therefore, we further evaluate our model viahuman evaluation. We
design two base criteria and invite 50 participants to be involved in this human evaluation. The
two criteria are: 1.Condition Consistency: whether the generated image well matches the visual
and textual conditions; 2.General �delity: whether the chosen image looks more like a real image
in terms of image richness, face naturalness, and overall image �delity. It's important to note that
when assessing the latter criterion, participants are not provided with textual and visual conditions
to prevent additional information from potentially interfering with the assessment process.

4.2 EXPERIMENTAL RESULTS

COW enables versatile applications under the setting of TV2I tasks, including inpainting, attribute
editing, and style transfer. More comparison of generated images are included in Appendix A.1.5.

Quantitative Results. Quantitative results in Tab. 1 show that our method almost perfectly retains
faces (the given visual condition) in the synthesized images, and achieves second-best text condi-
tional �delity in an ef�cient time cost. These qualitative results prove that our method generally
outperforms previous works in terms of �delity to visual and text conditions. When processing
semantically complex visual conditions, such as faces, by explicitly considering and incorporating
low-level visual details, our approach can motivate the model to generate results that are highly con-
sistent with the original conditions. In addition, our method istraining-free, thus we can generate
the prediction using fewer computations.

Human Evaluations. We conduct a preference test where participants selecte their favorite image
among a shuf�ed set, including ours and four compared methods. Each image is evaluated by both
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Figure 5: Analysis of the cycling process that diffuses “visual seed” to its surroundings. The left-
most �gure shows a given face condition. The right shows the images generated with given text
conditions. The cycle number increases from the left to the right.

criteria and �ve different participants, resulting in a total of 3,000 responses for 600 image groups
in Tab. 1. Our method consistently outperforms the others across all three settings, as detailed in
Appendix A.3. These results demonstrate that our method better integrates text and visual conditions
while preserving a satisfying image �delity.

One-Way Diffusion during Cycling Process.To emphasize the role of cyclic one-way diffusion
strategy during the generation process, we set the noise level� to 0 to slow down the information
diffusion. As shown in Fig. 5, as the cycle proceeds, the background pixels are gradually matched
to the text condition and fused with the given face condition. This vividly demonstrates that the
information in the visual condition keeps spreading and diffusing to the surrounding region along
with cycles. In addition, the model is capable of understanding the semantics of the implanted visual
conditions properly. Additionally, we conduct a comprehensive ablation study in Appendix A.2 to
validate the effectiveness of COW and explore optimal hyperparameter con�gurations.

Trade-offs between Conditions for Different Modalities. The TV2I generation task faces many
challenges due to the semantic gap between text and images and the complexity of multimodal data.
In general, textual information provides a high-level description of the image to be generated, such
as the type, color, and other attributes of the object, while visual information contains more low-level
details, such as shape, texture, and so on. The model needs to be able to understand the semantic in-
formation in the textual description and translate this information into visually speci�c details. COW
strikes a balance between meeting the visual and text conditions as shown in Fig. 4. For example,
when given a photo of a young woman but the text is “anold person”, our method can make the
woman older to meet the text description by adding wrinkles, changing skin elasticity and hair color,
etc. while maintaining the facial expression and the identity of the given woman. Additionally, in
Fig. 6,we showcase a series of samples containing varying degrees of changes of visual conditions
in the generated output: (1) almost unchanged, (2) slightly perturbed (e.g., adding accessories), (3)
attribute editing (e.g., from smiling to angry), (4) style transfer (e.g., from a photo to a comic pic-
ture), and (5) cross-domain transformation (e.g., from a human face to a lion). In particular, even
in cases involving signi�cant con�icts, such as transitioning between different species, our method
can adeptly preserve certain individual characteristics of the given individual while seamlessly inte-
grating them with the attributes of the target species as shown in Fig.8. These results demonstrate
the ability of COW to effectively understand and balance the information of different modalities and
adaptively adjust to produce high-quality images under a wide range of conditions, showcasing its
versatility and effectiveness in handling diverse customization scenarios.

More Applications. We directly apply COW to other applications to demonstrate its generalization
ability. As shown in Fig. 7 (a), we present results involving a generalized visual condition (cats)
paired with different text conditions. Our method harmoniously grows a whole body out of the visual
condition under the guidance of the text condition. Furthermore, we explore extreme cases where
the visual condition size equals the whole image size as illustrated in Fig. 7 (b). The results indicate
that our method can still produce pleasant outcomes and maintain its style transfer and attribute
editing capabilities even in the context of whole-image generation. Additionally, we include results
under multiple visual conditions (e.g., two faces) in Appendix A.1.2.
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Figure 6: Different degrees of changes in visual conditions. The small image on the left shows the
given visual condition and the corresponding generated result is on the right.

Figure 7: More applications: (a) generalized condition and (b) whole image generation/editing. The
small images represent the visual conditions, while the texts serve as prompts.

5 CONCLUSION AND DISCUSSION

In this paper, we investigate the diffusion (physics) in diffusion (machine learning) properties and
propose ourCyclic One-Way Diffusion(COW) method to strict the bidirectional diffusion into a
unidirectional diffusion from the given visual condition via a pre-trained frozen diffusion model,
fertilizing a versatility of customization application scenarios. Our method novelly explores the
potential of utilizing the intrinsic diffusion property for speci�c task needs. All the experiments and
evaluations demonstrate our method can generate images with high �delity to both semantic-text
and pixel-visual conditions in a training-free, ef�cient, and effective manner.

Limitations. The pre-trained diffusion model is sometimes not robust enough to handle extremely
strong con�icts between the visual and the text conditions. For example, when given the text “a
pro�le of a person”, and a front face condition, it is very hard to generate a harmonious result that
�ts both conditions. In this case, the model would follow the guidance of the text generally.

Social Impact. Image generation and manipulation have been greatly used in art, entertainment,
aesthetics, and other common use cases in people's daily lives. However, it can be abused in telling
lies for harassment, distortion, and other malicious behavior. Too much abuse of generated images
will decrease the credibility of the image. Our work doesn't surpass the capabilities of professional
image editors, which adds to the ease of use of this proposed process. Since our model fully builds
on the pre-trained T2I model, all the fake detection works distinguishing the authenticity of the
image should be able to be directly applied to our results.
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A A PPENDIX

In the supplementary material, Appendix A.1 showcases an array of TV2I generation results along
with comprehensive analyses. We delve into the �exible adaptation of visual conditions under
text guidance (Appendix A.1.1), presenting additional TV2I outcomes involving scenarios with
multiple faces (Appendix A.1.2). We explore the effects of varying sizes of visual conditions
(Appendix A.1.3) and examine failure cases (Appendix A.1.4). Additionally, we conduct exten-
sive image comparisons with baseline methods (Appendix A.1.5). Our thorough ablation study
in Appendix A.2 validates the effectiveness of Seed Initialization and provides insights into opti-
mal hyperparameter con�gurations. Detailed human evaluation results are elaborated upon in Ap-
pendix A.3. Moreover, we illuminate the varying sensitivity to text conditions during the denoising
process (Appendix A.4.1) and elucidate the semantic formation process of diffusion generation (Ap-
pendix A.4.2). Concluding the supplemental material, we furnish the pseudo-code of our proposed
pipeline in Appendix A.5.

A.1 TV2I GENERATION RESULTSCOMPARISON AND ANALYSIS

A.1.1 DEGREE OFCHANGES ONV ISUAL CONDITIONS

COW offers a �exible change in the visual condition region according to the text guidance. The level
of changes that may occur within the seed image depends on the discrepancy between textual and
visual conditions as shown in Fig. 6. We show a set of samples containing gradual changes of the
generated sample: (1) almost unchanged, (2) slightly perturbed (e.g., add accessories), (3) attribute
variation (e.g., from smile to angry), (4) style transfer (e.g., from photo to comic picture), and (5)
cross-domain transformation (e.g., from human face to lion). The results demonstrate that the seed
images can be well preserved given no explicit con�ict between the visual-text conditioning pairs,
while appropriate levels of text-guided changes can also be well re�ected in the case of attribute
variation, style transfer, and cross-domain transformation.

We further provide examples with stronger con�icts (cross-domain) in Fig. 8 to demonstrate the
model could even �t in the case where the visual condition has a very strong con�ict with other
conditions. The samples clearly show our method could �t in different con�ict levels of text and
visual conditions and can handle strong con�icts between conditions.

Figure 8: Generated results of cross-domain transformation. Images with green edges are visual
conditions.

A.1.2 MULTIPLE V ISUAL CONDITION RESULTS

We notice that the customized generation methods like DreamBooth (Ruiz et al., 2022) or TI (Gal
et al., 2022) learn each object concept separately, which makes the direct generation of multi-target
visual conditions infeasible. Additionally, other approaches (Kumari et al., 2022; Avrahami et al.,
2023; Gu et al., 2024), that focus on multi-concept customization are often limited to combining
2-3 semantically distinct concepts, and when generating subjects with high similarities, they tend to
become confused. Therefore, we try a more dif�cult setting of two human face conditions in one
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