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ABSTRACT In this paper, we present a novel integration of Decoupled Cross-Attention and Intra-Image
Self-Attention within a diffusion model framework to generate diverse and coherent image variations. Our
approach leverages the Decoupled Cross-Attention mechanism from IP-Adapter to align the input image
more closely with its textual description, while Intra-Image Self-Attention operates on latent representations
extracted through Denoising Diffusion Implicit Models inversion to capture fine-grained dependencies
within the image. By utilizing noise interpolation in the diffusion process, we effectively blend the influences
of both attention mechanisms, allowing for precise control over global and local features. This integration
significantly improves both the semantic fidelity and visual diversity of generated images, making it highly
suitable for applications that require detailed and contextually rich image synthesis. Through a three-step
process—latent extraction, attention refinement, and noise interpolation—our method demonstrates superior
performance compared to traditional models, consistently producing image variations that are visually
appealing and aligned with input prompts. Our experiments show that the proposed method significantly
outperforms traditional models in generating nuanced image variations, proving its effectiveness and
potential for enhancing creative industries and personalized media production.

INDEX TERMS Diffusion models, intra-image self-attention, image variations, semantic preservation,
realistic image adaptations.

I. INTRODUCTION
Diffusion-based approaches have gained substantial traction
for their ability to produce highly realistic and diverse
variations of input images [1], [2], [3], [4], [5]. These
models are celebrated for their ability to generate high-quality
images from textual descriptions, significantly benefiting
creative industries, personalized media production, and data
augmentation for training machine learning models. Despite
the remarkable achievements of these models, producing
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complex image variations that remain faithful to the original
prompts continues to pose a significant challenge. Con-
ventional diffusion models frequently encounter challenges
in preserving essential features across diverse variations,
particularly within complex scenarios that necessitate the
simultaneous maintenance of fine details and global coher-
ence. This limitation restricts their practical applications
in fields that require high fidelity and specific content
adherence.

To address these issues, various approaches have attempted
to leverage advanced attention mechanisms within diffusion
models [6], [7], [8], [9], [10], [11], [12]. The Intra-Image
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Self-Attention (ISA) method, as seen in the Real-World
Image Variation by Aligning the Diffusion Inversion Chain
(RIVAL) [8], excels at preserving the real-world context of
the image by capturing dependencies within different regions
of the image. Consequently, image variations are produced
that preserve the structural and contextual details inherent
in the original input. However, ISA exhibits a significant
limitation: it does not achieve robust semantic alignment with
the text prompt. Consequently, although the generated images
preserve the contextual framework of the original input, they
may fail to accurately reflect the specific modifications or
additions articulated in the textual input. Therefore, in tasks
requiring precise text-guided editing, ISA alone may not
adequately capture the desired changes.

Conversely, DecoupledCross-Attention (DCA), as employed
within the IP-Adapter framework, provides a more effective
alignment between text prompts and images, rendering it
particularly advantageous for text-guided editing tasks. DCA
ensures that textual instructions are accurately manifested
in the visual content, resulting in modifications that closely
align with the user’s intent. However, a limitation of DCA
resides in its potential to compromise the global coherence
and realism of the image. By focusing heavily on textual
alignment, DCA may alter the image in ways that disrupt its
overall consistency and natural appearance, leading to results
that, while textually accurate, lack visual plausibility.

These limitations indicate an inherent trade-off in exist-
ing methods between preserving the image’s context and
achieving precise text-to-image alignment. In our approach,
we propose a novel method that integrates ISA and DCA to
capitalize on the strengths of both mechanisms. While ISA
ensures that the real-world context is maintained within the
generated image variations, DCA enhances the alignment
between textual input and visual content, improving the
precision of text-to-image modifications. However, simply
combining these mechanisms is not sufficient to achieve
both contextual preservation and accurate editing. To address
this, we introduce noise interpolation as a critical component
that enables the smooth integration of the two attention
mechanisms.

Noise interpolation [13] plays a key role in blending
the effects of ISA and DCA during the diffusion process.
As ISA operates on the latent noise extracted through Denois-
ing Diffusion Implicit Models (DDIM) inversion [14], [15]
inversion to preserve the internal structure and context of
the image, DCA aligns the text with the visual content,
optimizing the editing process. By interpolating between
noise levels, our method dynamically adjusts the contribution
of both attention mechanisms, allowing for a fine balance
between maintaining the global coherence of the image
and accurately aligning it with the text. This not only
ensures the fidelity of real-world image characteristics but
also facilitates the generation of semantically rich and
contextually appropriate variations.

Moreover, our approach is training-free, meaning it does
not require additional fine-tuning, making it more lightweight

and adaptable to different diffusion model architectures. This
is particularly important for real-world applications where
computational efficiency and scalability are crucial.
The primary contributions of this work include:
• We propose a novel method that integrates Intra-Image
Self-Attention (ISA) and Decoupled Cross-Attention
(DCA) within the diffusion model framework.

• We introduce a dynamic noise interpolation mechanism
that modulates the contributions of ISA and DCA during
the diffusion process.

• Our method is training-free, meaning it does not require
any additional training or fine-tuning of the diffusion
models.

Through extensive experiments on multiple datasets,
our approach demonstrates significant improvements over
existing methods, effectively producing relevant and diverse
image variations while preserving the semantic integrity of
the original inputs. The overall architecture of our proposed
generative model, integrating DCA and ISA mechanisms,
is shown in Figure 1, illustrating how these mechanisms
interact to create semantically rich and visually coherent
image variations.

II. RELATED WORK
A. ADVANCEMENTS IN DIFFUSION MODELS AND
TEXT-TO-IMAGE GENERATION
Recent advancements in diffusion models have notably
improved the capability and flexibility of image generation
systems. Furthermore, Diffusion-based image variation mod-
els [3], [4], [16], [17] have expanded the boundaries of image
transformation by enabling the generation of diverse and
contextually rich variations. Accordingly, the application
areas of diffusion models have expanded to industry-specific
domains such as creative industries and personal media
products. For example, diffusion models have been utilized
to generate creative interior design videos from texture-free
3D models [18], and to produce aesthetically pleasing and
efficient interior designs [19]. Additionally, methods have
been developed to generate interior designs directly from
textual descriptions, demonstrating the versatility of diffusion
models in creative design tasks [20].

Recent advances in diffusion models have introduced
approaches that utilize inversion processes to manage and
control image changes [6], [8], [21]. Zhang et al. [8]
introduces a method to enhance real-world image variations
by aligning the inversion process within diffusion models.
Focused on maximizing control over the generative process,
Cao et al. [6] presents a framework that allows users to dictate
specific attributes of the generated images through controlled
manipulation of the model’s latent space.

Despite these successes, current diffusion models face
significant challenges. A primary issue is the difficulty in
maintaining semantic alignment between generated images
and their corresponding text prompts while simultaneously
preserving both fine-grained details and global coherence
in complex scenarios. Traditional diffusion models often
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struggle to control finer details when tasked with preserving
specific attributes of the input images, such as identity in
portraits or objects. Our research builds upon these findings,
aiming to enhance the control and fidelity of image variations
using novel attention mechanisms.

B. ATTENTION MECHANISMS AND IMAGE GENERATION
Recent advancements in attention mechanisms have
further enhanced deep learning models across various
tasks [13], [22], [23], [24]. For instance, the Cascaded
Attention Transformer Network [22] employs a cascaded
attention mechanism to improve feature representation and
has demonstrated remarkable results in image recognition
tasks. Similarly, the Cascaded Visual Attention Network [24]
integrates visual attention mechanisms in a cascaded
fashion to refine feature maps progressively, enhancing
object detection accuracy. These advancements underscore
the importance of sophisticated attention mechanisms
and innovative network architectures in improving image
generation and editing tasks.

The integration of attention mechanisms in diffusion
models [7], [14], [25], [26], [27], [28] has significantly
improved the control over, and the detail and relevance of,
generated images. Zhang et al. [8] leverages self-attention
within the image domain to capture dependencies between
different regions of the image, thereby preserving structural
and contextual details. This approach excels at maintaining
the real-world context of the image, ensuring that generated
variations remain consistent with the intrinsic features of the
input. However, a significant limitation of self-attention is
its lack of strong semantic alignment with textual prompts,
making it less effective for tasks requiring precise text-guided
modifications. Conversely, Ye et al. [7] introduces the IP
Adapter mechanism, which applies decoupled cross-attention
to align textual descriptions more accurately with their
corresponding images. This alignment significantly refines
the image synthesis process, allowing for more precise
and contextually accurate image variations based on text
prompts. Nonetheless, IP Adapter may compromise the
global coherence and realism of the image by focusing
heavily on textual alignment, potentially disrupting the
original image’s structure and natural appearance.

To address these limitations, our work proposes noise
interpolation, a novel method that integrates attention mech-
anisms in diffusion models to balance the trade-off between
preserving the original image context and achieving precise
text alignment. By combining the strengths of self-attention
and cross-attention through noise modulation, our approach
ensures that the generated images remain faithful to both their
structural integrity and textual guidance.

C. NOISE INTERPOLATION APPROACHES
Denoising techniques have been widely studied in image
processing, especially for enhancing the quality and fidelity
of generated images. For instance, Rezvani et al. [29] intro-
duces a novel approach to image denoising that effectively

reduces noise without sacrificing image quality. While
their work focuses primarily on single-image denoising,
the concept of efficiently managing noise is central to
our use of noise interpolation in diffusion models. Our
approach leverages noise interpolation not only to refine
the generated images but also to balance the integration of
attention mechanisms, ensuring both global coherence and
local detail. This approach allows for finer control over
the noise reduction steps in the diffusion process, enabling
more precise interventions at different stages of the image
generation.

StyleGAN [30] developed by Karras et al. , utilizes noise
interpolation to transition between different learned styles
smoothly, enabling the generation of highly realistic and
diverse facial images. SDEdit [31] proposed by Meng et al. ,
performs image editing by adding controlled noise to an
input image and then denoising it conditioned on a new
textual or visual prompt. Similarly, Blended Diffusion [32]
introduced by Avrahami et al. leverages noise interpolation
to seamlessly blend new content into existing images based
on text descriptions. The noise interpolation allows for
smooth integration of new elements, minimizing artifacts and
preserving the overall quality of the image. Zheng et al. [33]
introduces advanced noise correction techniques for image
interpolation, utilizing noise interpolation in diffusionmodels
to achieve more precise and visually coherent transitions
between different images.

Despite their effectiveness, these approaches often struggle
to fully balance image content preservation with precise
semantic alignment to text prompts. They may have difficulty
maintaining fine-grained details or global coherence when
significant edits are required, and might not accurately
capture complex dependencies between the text and various
image regions.

These limitations underscore the need for an integrated
approach that combines noise interpolation with advanced
attention mechanisms. Our proposed method addresses this
gap by integrating noise interpolationwith both ISA andDCA
within the diffusion framework. This integration facilitates
the balancing of preserving the contextual integrity of images
with achieving precise text alignment, thereby mitigating the
trade-offs inherent in existing methodologies and advancing
text-guided image generation and editing.

III. PROPOSED METHOD
In this section, we present a novel training-free method that
integrates Intra-Image Self-Attention (ISA) and Decoupled
Cross-Attention (DCA) within the diffusion model frame-
work, enhanced by a noise interpolation mechanism. Our
approach does not require additional training or fine-tuning,
making it highly efficient while still achieving a balance
between image context preservation and precise text-to-
image alignment. This integration effectively balances image
context preservation and precise text-to-image alignment,
overcoming the inherent trade-offs in existing methods.

The integration process consists of three main steps:
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FIGURE 1. Overview of the Proposed Architecture. The process begins with the DDIM inversion of a reference image x0 to extract latent
representations z̃t . The reconstructed image x̃0 is generated by reversing the diffusion process without any modifications, serving as a baseline. During
the diffusion process, we inject ISA and DCA to modify the latent representations in a balanced manner. ISA preserves the structural and contextual
coherence of the image, while DCA aligns the generated image with the given description text c . Noise interpolation dynamically balances the
contributions of both attention mechanisms, ensuring that the image variations maintain both fidelity to the original and alignment with the textual
prompt. The final output x̃0 demonstrates how the model generates a new image variation based on the description text.

1) Initial latent extraction via DDIM Inversion: Utilizes
controlled diffusion steps to invert the reference image
into sequential latent representations

2) Parallel Processing via ISA and DCA: Once the latent
representations are obtained, they are concurrently
processed through two distinct attention mechanisms:
Internal Spatial Attention (ISA) and Decoupled Cross-
Attention (DCA)

3) Combining Results with Noise Interpolation: This
critical step uses noise level manipulation within the
diffusion process to integrate the influences of both
attention mechanisms effectively.

Fig. 1 illustrates the overall architecture of the proposed
method.

A. PREMININARIES ON DIFFUSION MODELS
Conditional latent diffusion models [2], [34], [35] are a
class of generative models designed to synthesize images
conditioned on given inputs, such as textual descriptions or
specific attributes. These models iteratively convert a random
noise distribution into a structured output that aligns with
the conditioned inputs. The objective function for the latent
diffusion process [1], [36], [37] in these models is expressed
as:

L(θ ) = EE(x0),ϵ,t
[
|ϵ − ϵθ (zt , t, c)|22

]
, (1)

where x0 is the original image from the data distribution.
ϵ ∼ N (0, I) is Gaussian noise sampled from a standard
normal distribution. t ∈ 1, . . . ,T represents the timestep in
the diffusion process. c denotes the conditioning information,
such as textual prompts. zt is the noisy latent representation

of the image at timestep t , obtained by adding noise to x0.
ϵθ (zt , t, c) is the noise prediction function parameterized by
θ , typically implemented as a neural network.

The forward diffusion process gradually adds noise to the
original image to produce zt . This is defined by:

zt =
√

αtzt−1 +
√
1− αtϵt , (2)

where zt−1 is the data at the previous timestep, αt is a
predetermined variance schedule, and ϵt represents Gaussian
noise. The reverse diffusion process aims to reconstruct the
original image by iteratively denoising zt using the learned
noise prediction function. In the case of Denoising Diffusion
Implicit Models (DDIM) [38], the reverse process is defined
to provide more deterministic and efficient sampling:

zt−1 =
1
√

αt

(
zt −

1− αt
√
1− αt

ϵθ (zt , t, c)
)
+ σt · z, (3)

where αt denotes a predetermined variance schedule,
t, ϵθ (zt , t, c) is the learned noise prediction function, σt is the
standard deviation of noise added at each step, and z is noise
sampled from a standard normal distribution.

DDIM introduces a non-random, deterministic mapping
in the reverse process by eliminating the stochastic noise
component present in other diffusion models. This modi-
fication allows for more controlled and predictable image
generation, which is crucial for maintaining high-level
features and semantic integrity when generating images from
textual descriptions. To utilize DDIM in the context of
image editing and variation generation, we employ DDIM
Inversion [8], [25]. DDIM inversion maps a given reference
image x0 back into its corresponding latent representations z̄t
through the forward diffusion process, but using the learned
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noise prediction function to estimate the added noise at each
step. The inversion is performed using:

z̄t−1 =
√

αt−1x0 +
√
1− αtϵθ (z̄t , t, c), (4)

where αt dictates the variance schedule of the noise model,
which decreases progressively throughout the diffusion
process. The noise term ϵθ (z̄t , t, c), estimated by the neural
network, is pivotal for effectively reversing the diffusion
path. This precise estimation allows for the methodical
reduction of noise and enhancement of image details at each
step, facilitating a high-fidelity reconstruction of the original
image for specific conditions, denoted by c. Moreover, DDIM
inversion enhances the stability and predictability of the
denoising path, which is particularly effective for maintaining
consistency across generated image variations and enabling
meaningful semantic interpolations. By leveraging the capa-
bilities of DDIM and its inversion process, our method
establishes a robust foundation for integrating advanced
attention mechanisms, such as ISA and DCA, to achieve
superior text-guided image generation and editing.

B. INTRA-IMAGE SELF-ATTENTION (ISA)
The Intra-Image Self-Attention (ISA) mechanism enhances
the model’s ability to preserve structural and contextual
details of the original image by capturing dependencies
between different spatial regions. This mechanism is crucial
for maintaining fine-grained details and global coherence
in the generated images, ensuring that variations remain
consistent with the intrinsic features of the input.

After executing the DDIM inversion process using a
reference image, we extract sequential latent representations
z̄t , we incorporate these representations into the diffusion
process to reinforce features of the original images. At each
timestep t , we concatenate the inverted latent representation
z̄t with the current noisy latent state zt . The ISA mechanism
computes self-attention over z̄t ⊕ zt to update the latent
representation, allowing the model to consider relationships
between different regions within the image. Specifically,
we project z̃t to obtain the queries Q, keys K, and values V:

Q = WQ(zt ),K = WK (z̄t ⊕ zt ),V = WV (z̄t ⊕ zt ), (5)

where ⊕ denotes the concatenation operation along the
feature dimension. WQ, WK , and WV are learnable
weight matrices for the query, key, and value projections,
respectively.

The self-attention output is then computed as:

zt ′ = softmax
(
QK⊤
√
dk

)
V , (6)

where dk is the dimensionality of the key vectors. The scaling
factor

√
dk stabilizes the dot-product values, and the softmax

function ensures that the attention weights sum to one,
effectively computing a weighted sum of the value vectors.

This self-attention operation allows each position in the
latent representation to attend to all other positions, capturing
long-range dependencies within the image. By integrating

FIGURE 2. Integration of ISA and DCA through Noise Interpolation. This
diagram illustrates the Noise Interpolation process Between Intra-Image
Self-Attention (ISA) and Decoupled Cross-Attention (DCA). At each step
zt+1, latent representations are processed through ISA to preserve the
image’s structural and contextual information and through DCA to
enhance text-image alignment. The outputs from both attention
mechanisms, z ′

t and z ′′

t , are weighted using a noise interpolation factor λ

to control the contributions of each mechanism. Noise interpolation
dynamically blends the two results to achieve a balance between
maintaining image coherence (via ISA) and ensuring semantic alignment
with the text prompt (via DCA). The final interpolated result zt represents
the refined latent representation used for image generation.

information from z̄t , the model reinforces the structural and
contextual features of the original image, aiding in preserving
important details during the generation process. The updated
latent representation z′t thus encapsulates both the original
image context and the necessary adjustments to facilitate
high-quality image synthesis.

C. DECOUPLED CROSS-ATTENTION
The Decoupled Cross-Attention (DCA) mechanism is
employed to enhance the semantic alignment between the
latent image representations and the associated textual
descriptions. DCA integrates textual information into the
image generation process, allowing the model to accurately
reflect the semantic content of the text prompt in the
synthesized images.

At each timestep t in the diffusion process, we compute
the queries Q from the current latent representation zt
and derive keys and values from the textual embeddings.
Specifically, the DCA mechanism operates by processing
the latent representation and textual embeddings through
separate attention pathways, enabling the model to consider
both the primary text prompt and additional contextual
information simultaneously. The mathematical formulation
of DCA is described as follows:

Q = WQ(zt ), K = WK (cp), V = WV (cp),

K ′ = WK
′(ci), V ′ = WV

′(ci), (7)

where Q is composed of queries derived from latent
representation using the weight matrix WQ. K and V are
generated from prompt-embedded features cp, processed
through the transformation matrices WK and WV , respec-
tively. Additionally, to enrich the model’s capability to
integrate image-specific contexts, K ′ and V ′ are generated
from alternative textual or contextual embeddings ci using
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distinct transformation matricesWK
′ andWV

′. This dual-path
setup allows the model to refine its focus on both text-based
and image-derived features concurrently.

The DCA mechanism computes attention scores between
the latent representation and both sets of textual embeddings,
effectively allowing the model to attend to multiple sources
of textual information. The cross-attention outputs are
computed as:

zt ′′ = softmax
(
QK⊤
√
dk

)
V + softmax

(
QK ′⊤
√
dk

)
V ′. (8)

The updated latent representation z′′t integrates semantic
information from multiple textual sources by summing
the attention outputs from both pathways. This integration
enhances the model’s ability to generate images that are
semantically rich and accurately aligned with the text
prompts. The DCA mechanism effectively decouples the
attention processes for different types of textual informa-
tion, allowing the model to handle complex and nuanced
instructions. By processing cp and ci separately and then
combining their influences, the model can capture both the
primary directives and additional contextual cues provided in
the text. Incorporating z′′t into the diffusion process allows
the model to produce images that not only align closely
with the semantic content of the text prompts but also
maintain the structural coherence of the original image.
This approach enhances the diversity and relevance of the
generated images, enabling precise text-guidedmodifications
without compromising visual quality.

D. INTEGRATION USING NOISE INTERPOLATION
We incorporate an interpolated noise denoising technique to
further enhance the effectiveness of our integrated approach
combining Intra-Image Self-Attention (ISA) and Decoupled
Cross-Attention (DCA). To leverage the complementary
strengths of ISA and DCA, we interpolate the latent represen-
tations obtained from both mechanisms. This interpolation
is controlled by a factor λ, which determines the balance
between the contributions of ISA and DCA.

Initially, we extract the latent representations zt from
the input image using the DDIM inversion process. These
representations contain inherent noise that needs to be
addressed to improve the image quality. For each timestep
t , we interpolate the noise between two consecutive latent
representations. ISA output (z′t ) emphasizes intra-image
consistency and preserves structural details by capturing
dependencies within the image. DCA output (z′′t ) enhances
semantic alignment with the text prompt by integrating
textual information into the latent representation. To integrate
these representations, we perform interpolation controlled
by an interpolation factor λt ∈ [0, 1], which can be
dynamically adjusted based on the timestep or other criteria.
The interpolated latent representation z̃t is computed as:

z̃t = λzt ′ + (1− λ)zt ′′, (9)

where z̃t is the final interpolated latent representation at
timestep t , and λ determines the relative contributions
of ISA and DCA at timestep t . After obtaining the
interpolated latent representation z̃t , we proceed with the
denoising step using the diffusion model’s denoising func-
tion, as defined by Eq. 3 The updated latent representation is
computed as:

zt−1 =
1
√

αt

(
z̃t −

1− αt
√
1− αt

ϵθ (z̃t , t, c)
)
+ σt · z, (10)

where ϵθ (z̃t , t, c) is the predicted noise component, and
σt · z accounts for the stochasticity in the diffusion
process, with ϵ ∼ N (0, I). This interpolation
process is iteratively applied at each timestep t in the
reverse diffusion process. The iterative refinement ensures
that the latent representations progressively integrate
the benefits of both attention mechanisms, resulting in
synthesized images that maintain structural coherence
and exhibit precise semantic alignment with the text
prompt.

Through the meticulous integration of latent representa-
tions processed by both ISA and DCA, our method leverages
the detailed and context-rich information available in the
latent space. The resultant images are not only a reflection
of the input’s semantic integrity but also demonstrate the
model’s ability to innovate visually within the constraints
of the given context. This innovative method highlights the
potential of combining and interpolating latent representa-
tions obtained from different attention mechanisms, paving
the way for more sophisticated and effective generative image
models.

E. ALGORITHMIC FRAMEWORK
To address the challenges identified in the synthesis of
image variations, we developed a novel algorithmic approach,
encapsulated in Algorithm 1. This approach leverages both
Decoupled Cross-Attention (DCA) and Intra-Image Self-
Attention (ISA) to enhance the fidelity and coherence of
generated images.

The core steps of the algorithm, detailed in Algorithm 1,
systematically integrate these attention mechanisms to pro-
cess and refine image features effectively. This integration
is pivotal in optimizing the alignment between the visual
features and the associated textual descriptions, ensuring
that the generated images are both contextually relevant and
visually coherent.

IV. EXPERIMENTAL RESULTS
This section details the implementation and evaluation of our
proposedmethod, outlining the experimental setup, compara-
tive analyses, and discussions surrounding the outcomes. The
experiments are designed to demonstrate the effectiveness
of integrating Decoupled Cross-Attention (DCA) and Intra-
Image Self-Attention (ISA) within diffusion models for
generating image variations.
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FIGURE 3. Qualitative comparison of image variation results. The reference image in the first row is transformed according to the input
prompts listed above each column. Our model demonstrates improved fidelity and alignment to the input prompts compared to RIVAL,
IP-Adapter, SD image variations, and ControlNet Shuffle.

A. IMPLEMENTATION DETAILS
In our experiments, we utilized Stable Diffusion V1.5 [39]
as the foundational model, consistent across all comparisons
with RIVAL and IP-Adapter frameworks to ensure uniformity
in our evaluations. The experiments were conducted using
a high-quality dataset of images, selected to represent a
diverse range of scenes and objects from the RIVAL [8]
and DreamBooth [40]. We conducted image inversion and
generation using DDIM sample steps (T = 50) per
image. After extensive empirical evaluation, we set the
classifier-free guidance scale to m = 7. This value was
chosen to optimize the trade-off between maintaining the
structural integrity of the original image and ensuring precise
semantic alignment with the text prompts, following prior
studies [41]. Lower guidance scales resulted in insufficient

incorporation of text-based modifications, while higher
scales led to excessive alterations that compromised image
fidelity. All computations were performed on an NVIDIA
RTX 4090 GPU.

B. QUANTITATIVE COMPARISON
The comparative results presented in Table 1 provide a
comprehensive overview of the performance of various
image variation methods, including our proposed approach,
RIVAL [8], IP-Adapter [7], SD image-variations [42] and
ControlNet Shuffle [43]. We assess the performance using
widely adopted metrics including: Learned Perceptual Image
Patch Similarity (LPIPS) [44], Structural Similarity Index
Measure (SSIM) [45], and Single Image Fréchet Inception
Distance (SIFID) [46]. In addition, we incorporated the CLIP
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TABLE 1. Performance Comparison of Image Variation Methods. This table compares the performance of different image variation methods (RIVAL,
IP-Adapter, SD image-variations, ControlNet Shuffle and Ours) based on four key metrics: LPIPS (lower is better), SSIM (higher is better), SIFID (lower is
better), and CLIP similarity (higher is better). To highlight important results, the best results are in bold.

Algorithm 1 Integrating DCA and ISA
1: Input: Reference image x0, prompt embedding P
2: Output: Synthesized image variations x̃0
3: Compute the intermediate results z̄T , . . . , z̄0 using

DDIM inversion over x0
4: Initialize zT ← z̄T
5: for t = T to 1 step −1 do
6: if t > K then
7: Only perform attention if t > K
8: Intra-Image Self-Attention (ISA)
9: Qisa← WQ(zt )

10: Kisa,Visa← WK (z̄t ⊕ zt ),WV (z̄t ⊕ zt )

11: z′t ← softmax
(
QisaK⊤isa√

dk

)
Visa

12: Decoupled Cross-Attention (DCA)
13: Qdca← WQ(zt )
14: Kdca,Vdca← WK (P),WV (P)
15: z′′t ← softmax

(
QdcaK⊤dca√

dk

)
Vdca

16: Combine results using noise interpolation
17: λ← adjust_interpolation_factor(t,T )
18: z̃t ← λz′t + (1− λ)z′′t
19: else
20: Skip attention mechanisms
21: end if
22: end for
23: x̃0← D(zT )
24: Return final image x̃0

similarity score [47] to gauge the conceptual alignment of
the generated images with textual descriptions, where higher
scores reflect a better match.

The distinct advantage of our proposed method lies
in its exceptional performance in CLIP similarity, which
underscores its ability to generate images that are not
only visually appealing but also contextually aligned with
their descriptions. This feature is particularly beneficial in
applications such as digital marketing, where images must
closely reflect the textual content to convey a message to the
target audience effectively. While our method consistently
performs at a high level across LPIPS, SSIM, and SIFID
metrics, achieving competitive results in perceptual quality
and structural integrity, CLIP similarity stands out as the

key differentiator. This demonstrates that our approach excels
in producing contextually relevant and meaningful image
variations, which is the primary objective in image variation
tasks. Moreover, the relatively higher LPIPS score can be
seen as an indication of greater diversity and creativity in the
generated images, offering a wider range of variations while
maintaining strong alignment with the text.

C. QUALITATIVE COMPARISON
To further demonstrate the effectiveness of our proposed
method, we present a qualitative comparison of the image
variation results generated by our approach and two state-
of-the-art methods, RIVAL [8], IP Adapter [7], SD image-
variation [42], and ControlNet Shuffle [43]. As illustrated
in Fig. 3, we use a series of diverse text prompts applied
to a reference image to evaluate the alignment between
the generated images and the input prompts. The prompts
range from simple object descriptions (e.g., ‘‘a photo of
a cat’’) to more complex scenes (e.g., ‘‘a theater marquee
lit up at night on a city street’’). Our model consistently
outperforms competing methods in terms of preserving the
core characteristics of the reference image while adhering
to the given text prompt. RIVAL tends to generate images
that retain too much of the reference image’s identity,
failing to fully adapt to the new prompt context. IP-
Adapter shows a moderate adaptation but struggles with fine
details, often producing images that only loosely align with
the prompt. SD image variations display inconsistency in
maintaining visual fidelity to the original image, particu-
larly in texture and object coherence. ControlNet Shuffle
introduces noticeable artifacts in more complex prompts and
demonstrates limited capacity for precise control over the
transformation process. In contrast, our model successfully
captures both the high-level semantic meaning of the prompt
and the essential visual features of the reference image. Our
approach preserves the contextual relevance of the original
image while presenting a transformed result of the prompt’s
target.

D. COMPUTATIONAL EFFICIENCY ANALYSIS
We compared the computational time required by our method
and the traditional approach for processing a single image.
The results show that our method takes an average of

VOLUME 12, 2024 186461



D. Jeong et al.: Generating Diverse Image Variations With Diffusion Models by Combining ISA and DCA

FIGURE 4. Ablation study results showing the effect of different noise interpolation coefficients λ on the generated image variations. The first row
displays the input images. The second and third rows show the generated images with interpolation coefficients λ = 0.5 and λ = 0.7, respectively.
The fourth row presents the results of using a different prior model with an interpolation coefficient of λ = 0.7. This study demonstrates how
varying the interpolation coefficient and changing the prior model affect the diversity and coherence of the generated images.

8.6096 seconds per image, while the traditional method takes
8.3894 seconds per image, resulting in a slight increase of
0.2202 seconds per image, or 2.63%. Despite this marginal
increase, the substantial improvements in image quality
and semantic alignment achieved by our method make this
trade-off in computational time worthwhile.

Additionally, as our approach is training-free, it avoids the
need for the extra computational resources and time required
for model training or fine-tuning in other methods. This
makes our method highly efficient and practical for real-
world applications.

E. ABLATION STUDY
To evaluate the effectiveness of our proposed method,
we conducted an ablation study focusing on the impact of
different noise interpolation coefficients λ and the use of a
different prior model for the prompt encoder. Fig. 4 illustrates
the results of this study.

The first row in Fig. 4 shows the input images used for
generating variations. These images serve as the baseline for
evaluating the quality and diversity of the outputs produced
by different configurations.

The second row displays the generated images with
a noise interpolation coefficient of λ = 0.5. At this
interpolation level, the generated images exhibit a moderate
level of adherence to the original input characteristics while
introducing some degree of variation. However, the structural
integrity and specific features of the original images are
partially preserved.

The third row presents the results with a higher interpola-
tion coefficient of λ = 0.7. As the coefficient increases, the
generated images maintain the original input’s characteristics
more effectively. This indicates that higher values of λ lead to
better preservation of the semantic and visual features of the
original images, resulting in variations that are more coherent
and closely aligned with the input.

The fourth row showcases the results using a different
prior model [48], specifically utilizing the Kandinsky prompt
encoder, with an interpolation coefficient of λ = 0.7.
This configuration demonstrates a significant improvement
in the semantic quality of the generated images. The use
of the Kandinsky prompt encoder effectively captures and
reflects the semanticmeaning of the input prompts, producing
variations that are not only visually coherent but also
semantically rich.

Overall, the ablation study highlights two key
findings:

Increasing the noise interpolation coefficient λ facilitates
enhanced preservation of the original image’s characteristics,
thereby resulting in more coherent variations. Employing the
Kandinsky prompt encoder as the prior model significantly
improves the semantic consistency of the generated images,
ensuring that the variations accurately reflect the intended
meaning of the input prompts. These results validate our
approach, demonstrating the importance of careful selec-
tion of interpolation coefficients and prompt encoders in
achieving high-quality, diverse, and semantically meaningful
image variations.
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V. LIMITATION AND FUTURE WORK
Although our method demonstrates significant improve-
ments, it has some limitations that open opportunities for
future research. First, the approach relies on pre-trained dif-
fusion models and attention mechanisms, inheriting potential
limitations and biases from these models, which could impact
the quality, fairness, or diversity of the generated images. Our
method also faces challenges when applied to highly complex
scenes or detailed textual prompts, potentially affecting the
fidelity and coherence of the generated images in such cases.
Furthermore, the current approach is primarily designed
for image synthesis, and significant adaptations would be
required to extend the framework to other data modalities,
such as video or 3D content generation.

Future research could focus on optimizing computa-
tional efficiency through the development of more efficient
attention mechanisms or model compression techniques.
Moreover, exploring the extension of our framework to
other modalities, such as video generation or 3D mod-
eling, could broaden its application scope. Investigating
alternative strategies for integrating ISA and DCA, such
as adaptive weighting schemes or novel architectures, may
further enhance performance and flexibility. Addressing
inherited biases from pre-trained models and implementing
fairness-aware techniques will also be crucial for improv-
ing the ethical aspects of the generated content. Lastly,
conducting comprehensive user studies to evaluate the
perceptual quality of the generated images, and enhanc-
ing robustness across a broader range of inputs, could
provide valuable insights for future refinements of the
method.

VI. CONCLUSION
In this paper, we introduced a novel training-free method for
image variation, which integrates Decoupled Cross-Attention
(DCA) and Intra-Image Self-Attention (ISA) within the dif-
fusion model framework, enhanced by a noise interpolation
mechanism. Our approach leverages the critical challenge
of balancing image context preservation with precise text-
to-image alignment in diffusion-based image generation and
editing tasks.

By leveraging ISA, our method preserves the structural
integrity and fine-grained details of the original image,
capturing dependencies within different spatial regions.
Concurrently, DCA enhances semantic alignment between
the latent image representations and associated textual
descriptions, enabling accurate reflection of the text prompts
in the synthesized images. The introduction of noise inter-
polation dynamically balances the contributions of ISA and
DCA during the denoising process, allowing for a fine-tuned
integration that overcomes the inherent trade-offs present
in existing methods. One of the significant advantages
of our approach is that it operates without the need for
additional training or fine-tuning, making it highly efficient
and adaptable to different diffusion model architectures.
This training-free characteristic is particularly valuable for

real-world applications where computational resources and
scalability are crucial considerations.

Experiments demonstrate that our method outperforms
baseline approaches in terms of both image fidelity and
semantic alignment. The generated images not only maintain
the global coherence and fine details of the original content
but also accurately reflect the semantic nuances of the
textual prompts. This balance between visual quality and
semantic accuracy is essential for applications in creative
industries, personalized media production, and specialized
fields. In this paper, we introduced a novel training-free
method for image variation, which integrates DCA and ISA
within the latent space of pre-trained diffusion models. Our
methodology leverages the unique strengths of these attention
mechanisms to enhance the fidelity and coherence of
generated images, demonstrating significant improvements
over existing methods.
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