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Figure 1: Generation results of AlignedGen. As a training-free method, AlignedGen generates
images with varying content while ensuring high style consistency.

Abstract

Diffusion-based generative models struggle to maintain high style consistency
across generated images via text description. Although several style-aligned image
generation methods have been proposed to address this issue, they exhibit subop-
timal performance and are primarily built upon the U-Net architecture, limiting
their compatibility with DiT diffusion models like Flux that has emerged as a
predominant model in the field of image generation. To address these limitations,
we propose AlignedGen, a novel training-free style-aligned image generation
method for DiT models to significantly enhance style consistency across generated
images. Specifically, AlignedGen incorporates two key components to achieve this:
Shifted Position Embedding (ShiftPE) and Advanced Attention Sharing (AAS).
ShiftPE alleviates the text controllability degradation observed in prior methods
when applied to DiT models through its non-overlapping position indices design,
while AAS comprises three specialized techniques to unleash the full potential
of DiT for style-aligned generation. Furthermore, to broaden the applicability
of our method, we present an efficient query, key, and value feature extraction
algorithm, enabling our method to seamlessly incorporate external images as style
references. Extensive experimental results validate that our method effectively
enhances style consistency across generated images while maintaining favorable
text controllability. Code: https://github.com/Jiexuanz/AlignedGen.
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Figure 2: Generated results using different methods on Flux with the prompt “{Dog, Clock,
Globe, Bicycle} in 3D realism style”. The Vanilla Flux produces outputs with style discontinuities.
The application of StyleAligned [16] on Flux leads to severe text controllability degradation. The
results generated by IP-Adapter [50] perform suboptimally in text control and style consistency. Our
method effectively enhances style consistency while maintaining alignment with the text prompt.

1 Introduction

Large-scale text-to-image diffusion models [17, 36, 33, 8, 1] empower users to create imaginative
scenes from text. Early diffusion models commonly adopted the U-Net [37] as their backbone.
Recently, diffusion models based on DiT, such as Flux [1], have emerged as mainstream architectures
and are now the most widely used frameworks in this domain. However, all diffusion models struggle
to maintain high style consistency across a series of generated images via prompts, as shown in
Figure 2 (a). Such style consistency is crucial for many applications: from illustrating books and
stories, through designing virtual assets, to creating graphic novels and synthetic data.

Common approaches [10, 39, 9, 41] for maintaining style consistency across generated images
primarily rely on fine-tuning of the diffusion model over one image or a set of images that share the
same style. However, these fine-tuning-based methods suffer from significant limitations: collecting
new data that share the same style and retraining diffusion model for each target style substantially
increase temporal and computational costs. Alternative approaches [26, 34, 11, 49, 45, 19] focus on
constructing a style encoder combined with re-trained image-conditioned diffusion models. However,
creating high-quality training datasets remains challenging due to defining “style” is challenging,
leading to suboptimal performance of these methods, Figure 2 (c) illustrates this.

StyleAligned [16], a training-free approach for style-aligned image generation, has emerged to
address these limitations. While promising, its reliance on the aging SDXL architecture inherently
limits its output quality, often producing artifacts. Most critically, its core strategy is architecturally
incompatible with DiT – the superior generative architecture for diffusion models. Designed explicitly
for U-Net’s self-attention, it fails when applied to DiT, resulting in loss of text control and severe
content collapse, as shown in Figure 2 (b). This reveals an unaddressed gap – one that our work
addresses: how to achieve robust, training-free style-aligned image generation for DiT models.

To address the limitations of existing methods, we propose AlignedGen, a novel framework to enhance
style consistency across images generated by DiT-based diffsuion model like Flux. First, we conduct
a critical investigation into a fundamental problem: the failure of attention sharing mechanisms in
the DiT. We identify the root cause as an improper setup of Rotary Position Embedding (RoPE),
which creates conflicting positional signals. To resolve this, we propose Shifted Position Embedding
(ShiftPE), a novel and elegant solution that assigns non-overlapping positional spaces to each image.
This not only fixes generation collapse and restores text controllability but also offers a crucial
insight for all future attention sharing works on DiT. Building upon this breakthrough, we further
develop Advanced Attention Sharing (AAS), a suite of three specialized techniques - Selective
Shared Attention, Controllable Style Consistency Via Key Scaling, and Layer-Selective Application.
These techniques are specifically designed for the DiT architecture, further unleashing its generative
potential and leading to superior output quality. Finally, to extend our method’s utility, we introduce
an approximate query, key, value extraction algorithm, allowing it to condition on external images
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as style references and expanding its application scope. Extensive experiments demonstrate that
our method significantly outperforming prior work in both style consistency and faithfulness to text
prompts. In summary, our contributions are as follows:

❑ (1) We present AlignedGen, the pioneering training-free style-aligned image generation framework
designed for DiT. AlignedGen operates without any fine-tuning or extra modules, enabling the
efficient utilization of large DiT models with billions of parameters.

❑ (2) We discover that conflicting position embeddings are the root cause of attention sharing failure
in DiT. We introduce Shifted Position Embedding (ShiftPE), a novel and effective solution that
enables viable attention sharing in DiT architecture for the first time.

❑ (3) We propose Advanced Attention Sharing (AAS), a set of three specialized techniques engineered
to unleash the full potential of DiT for style-aligned generation, markedly improving style fidelity
and image coherence.

❑ (4) We devise an algorithm to extract approximate query, key, and value features from any external
image. This allows our framework to support user-provided images as style references without
retraining, significantly broadening its applicability.

2 Related Work

2.1 Attention Control in Diffusion Models

Recent years, diffusion-based generative models [17, 30, 40, 36, 33, 8, 1] have made significant
advancements in image generation. This progress has been accompanied by a series of studies
focusing on attention mechanisms [15, 43, 4, 28, 25, 29, 22, 48, 23, 47, 14]. Hertz et al. [15]
examined the pivotal role of cross-attention in controlling image layout and content, introducing a
generation control method guided by attention maps. Plug-and-Play [43] leverages spatial features
and self-attention maps from the original image to guide text-conditioned image-to-image translation,
effectively preserving the original image’s spatial layout. Notably, these studies all rely on the
design of self-attention and cross-attention mechanisms. With the advent of Transformer-based
diffusion models [32, 8, 1], self-attention and cross-attention are integrated into a single attention
mechanism, presenting adaptability challenges for previous works based on separate self-attention
and cross-attention designs.

2.2 Style Image Generation

Style image generation aims to produce images that embody specific artistic styles. Early studies
in this domain concentrated on style transfer techniques [51, 12, 3, 6, 20, 24, 27, 52], which enable
the transfer of the content from one image to the style of another. Generative models[13, 17, 33, 1]
enable widespread adoption for style image generation. Tuning-based methods [18, 21, 39, 10, 9, 41]
optimize model parameters or text embeddings to capture style of images, but suffer from training
overhead. Alternatively, dataset-driven approaches [34, 11, 49, 26, 19] train diffusion models on
curated datasets, yet face challenges in constructing high-quality style datasets. More pertinent to our
approach is StyleAligned [16], which aligns the styles of generated images by sharing information
between self-attention layers without any form of optimization or fine-tuning. In contrast to other
style image generation methods, it places greater emphasis on addressing the issue of inconsistent
understanding of style descriptors by generative models during image generation.

3 Method

3.1 Preliminary

Diffusion Transformer (DiT). DiT [32] models enhance generative performance through
Transformer-based architectures, which process latent representations such as image tokens X ∈
RN×d and text tokens C ∈ RM×d, where d is the embedding dimension and N/M denote sequence
lengths. In addition, these models typically encode positional information into tokens through Rotary
Position Embedding (RoPE) [42], thereby embedding positional awareness into each token to achieve
enhanced generation quality.
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Figure 3: Overview of the pipeline. ShiftPE and SSA are integrated into specific layers of Flux,
replacing the MM-Attention.

Multi-Modal Attention(MM-Attention). Some DiT models (e.g. Flux [1]) employ multi-modal
attention to replace the self-attention and cross-attention mechanisms commonly used in traditional
diffusion models. Specifically, image tokens X and text tokens C are projected through a set of
projection matrices to obtain the corresponding representations of query Q{img,txt}, key K{img,txt}
and value V{img,txt}. This process is formulated as follows:

{Q,K,V}img = W
{Q,K,V }
img X, {Q,K,V}img ∈ RN×dk

{Q,K,V}txt = W
{Q,K,V }
txt C, {Q,K,V}txt ∈ RM×dk

(1)

where W{Q,K,V }
{img, txt} denote the projection matrices for the image and text tokens, dk is the embedding

dimension in attention. The Q{img,txt}, K{img,txt} and V{img,txt} are concatenated along the
sequence length dimension to obtain the complete Q ∈ R(M+N)×dk , K ∈ R(M+N)×dk , and
V ∈ R(M+N)×dk :

Q = Concat(Qtxt,Qimg), K = Concat(Ktxt,Kimg), V = Concat(Vtxt,Vimg). (2)

After that, the final output is computed using the following formula:

Attention(Q,K,V) = Softmax
(
QKT

√
dk

)
V. (3)

3.2 Task Formulation

In this paper, our objective is to generate a set of images I = {I1, I2, ..., IN} that align with an
input text prompts set T = {T1, T2, ..., TN}, while maintaining consistent style across all generated
images. Notably, each prompt in the input text prompts set T incorporates a shared style descriptor.
To facilitate the achievement of this objective, we designate one image in the image set I as the
reference image Iref , while the remaining images are defined as target images Itar. The style of all
target images Itar are enforced to approximate the style of the reference image Iref . Furthermore,
the query, key, and value representations of the reference image Iref throughout the generation
process are denoted as Qref , Kref , and Vref , respectively. The query, key, and value representations
of the target images Itar are denoted as Qtar, Ktar, and Vtar.

3.3 Vanilla Attention Sharing

Existing style-aligned image generation technique[16] based on U-Net [37] architecture and self-
attention can be directly applied to DiT diffusion models. For clarity, we refer to this approach as
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Reference Image Default RoPE ShiftPE

Target Image Target ImageReference Image Reference Image

Figure 4: Visualization of attention map. We visualize the attention map corresponding to the query
feature indicated by the red box on the generated image Itar. When using RoPE, Itar over-attends
to spatially aligned regions in Iref , leading to high similarity between generated and reference
images. ShiftPE introduces shifted positional indices for Iref , enabling more appropriate attention to
semantically corresponding regions (e.g., attention weights spread around the snowy area periphery).

Vanilla Attention Sharing. Specifically, for the query, the vanilla attention sharing aligns Qtar with
Qref through Adaptive Instance Normalization (AdaIN)[20] to form the final query QF . For the
key, Ktar is aligned with Kref through AdaIN to produce the transformed key K̂tar. After which,
K̂tar is concatenated with Kref along the sequence length dimension to form the final key KF . For
the value, vanilla attention sharing directly concatenates Vtar and Vref along the sequence length
dimension to construct the ultimate value VF . This process is formulated as follows:

AdaIN(x, y) = σ(y)

(
x− µ(x)

σ(x)

)
+ µ(y),

QF = AdaIN(Qtar,Qref ) ∈ R(M+N)×dk ,

KF = Concat(K̂tar,Kref ) ∈ R2(M+N)×dk , where K̂tar = AdaIN(Ktar,Kref ),

VF = Concat(Vtar,Vref ) ∈ R2(M+N)×dk ,

(4)

with µ(·) and σ(·) representing the mean and standard deviation. In the target image Itar generation
process, the query, key, and value in MM-Attention are replaced by QF , KF , and VF , respectively,
with the results computed according to Equation 3.

3.4 The limitation of Vanilla Attention Sharing in DiT

Applying Vanilla Attention Sharing to DiT, while seemingly a straightforward strategy, results in a
notable collapse in performance. As illustrated in Figure 2 (b), this direct approach severely degrades
text controllability and causes prominent content leakage from the reference image, leading to a
catastrophic failure mode where all generated images become mere copies of the reference. This
raises a critical question: Why does Vanilla Attention Sharing fail so markedly within the DiT?

To answer this, we conduct a systematic investigation into the interplay between attention sharing
mechanism and the DiT. Our investigation reveals that the root cause is not a flaw in the attention
sharing mechanism per se, but a subtle yet critical issue we term Positional Collision. While RoPE
provides unique spatial coordinates (i, j) for each token within a single image’s h×w latent grid, the
vanilla sharing scheme inadvertently assigns identical positional embeddings to tokens at the same
coordinates (i, j) in both the reference and target images. This collision induces a erroneous bias,
forcing tokens to disproportionately attend to their spatial counterparts across images, irrespective of
content or textual guidance, as illustrated in Figure 4 (RoPE). To resolve this, we introduce a simple
yet effective solution derived from this insight: Shifted Position Embedding (ShiftPE). The core
idea is to ensure the reference and target images occupy distinct, non-overlapping coordinate spaces.
We achieve this by virtually placing the reference image “next to" the target images, remapping
its positional indices from (i, j) to (i, j + w), a visual depiction is provided in Figure 3 (ShiftPE).
As shown in Figure 4 (ShiftPE), ShiftPE resolves the positional collision, decoupling the spatial
representations and thereby eliminating the content leakage. This frees the attention mechanism
to focus on regions of high semantic and stylistic relevance, rather than being constrained by rigid
spatial correspondence.

3.5 Advanced Attention Sharing

While ShiftPE effectively resolves the problem of positional collision in Vanilla Attention Sharing,
unlocking state-of-the-art performance demands a solution that works well with the specifics of
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Figure 5: Visualization of results generated by applying our method in different layers of Flux.
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book in a park.
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User-Provided
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Figure 6: Generalization from Arbitrary Style Reference. Our method successfully generate
diverse images conditioned on external, user-provided style references.

the DiT architecture. The DiT components are not inherently designed for the attention sharing.
Therefore, we introduce a series of advanced modifications that enable smooth, effective cooperation
with DiT’s structure, significantly enhancing style consistency and generation quality.

Selective Shared Attention. Vanilla Attention Sharing shares the entire key and value, but it is
noteworthy that in MM-Attention, the key and value are derived from both image and text tokens. This
implies that full attention sharing of key and value not only propagates information from reference
image but also inadvertently shares information from its corresponding prompt, which is apparently
unreasonable. To address this, we propose an intuitive yet effective solution: selectively sharing key
and value derived from image tokens, shown in Figure 3 This strategy not only effectively enhances
the alignment between target images and their corresponding prompts but also reduces computational
overhead. Finally, the QF , KF and VF can be expressed as follow:

QF = Concat(Qtar
txt , Q̂

tar
img) ∈ R(M+N)×dk , where Q̂tar

img = AdaIN(Qtar
img,Q

ref
img),

KF = Concat(Ktar
txt , K̂

tar
img,K

ref
img) ∈ R(M+2N)×dk ,where K̂tar

img = AdaIN(Ktar
img,K

ref
img),

VF = Concat(Vtar
txt , V

tar
img, V

ref
img) ∈ R(M+2N)×dk .

(5)

Controllable Style Consistency Via Key Scaling. In practical applications, controlling the strength
of style consistency between generated images is often required. To achieve flexible control over
style consistency, we introduce a scaling factor λ. Specifically, we scale Kref

img by the scaling factor λ
and concatenate it with Ktar

txt and K̂tar
img to form the modified KF :

KF = Concat(Ktar
txt , K̂

tar
img, λ ·K

ref
img). (6)

This design allows us to adjust the attention weights by varying λ. As λ increases, the consistency of
style between the generated images becomes stronger.

Layer-Selective Application. The experimental results show that applying our method across all
MM-Attention modules can lead to unnatural generations and textual inconsistencies in the output.
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Metric Ours StyleAligned [16] IP-Adapter [50] B-Lora [9] StyleShot [11] CSGO [49]

Stext ↑ 0.282 0.277 0.278 0.259 0.276 0.280
Ssty ↑ 0.740 0.728 0.737 0.625 0.693 0.686
Sdino ↑ 0.554 0.512 0.522 0.271 0.511 0.450

Table 1: Quantitative comparison with other methods. We evaluate the generated image sets in
terms of text alignment (Stext), style consistency (Ssty and Sdino). The symbols ↑ indicate higher
values are better. Best result is marked in bold, and the second-best results are marked in underline.

Inspired by prior studies [43, 7, 45, 9, 34], different layers in diffusion models capture and process
distinct information. Following a similar strategy, we achieve improved performance by applying
our method only within a specific subset of layers ϕ. Specifically, setting ϕ to [19, 57) (the Single
Blocks of Flux) yields optimal results. As shown in Figure 5, this approach not only enhances the
naturalness of generated images but also maintains consistency with prompts and preserves stylistic
coherence across image collections. Further experimental details can be found in Section 4.3.

3.6 Seamlessly Adapt to Any Style Reference

A core principle of our method is the injection of style information via attention sharing, which is
predicated on access to the Q, K, and V features from the style reference image. While these features
are directly available if the reference is synthesized by the diffusion model itself, this assumption
severely limits the method’s applicability in real-world cases where users provide their own images.
To bridge this critical gap, we propose a novel and simple feature extraction pipeline for arbitrary
external images. This pipeline achieves this by directly leveraging the forward diffusion process. For
any given timestep t, we first add a noise to the reference image’s latent representation. This procedure
yields a noisy latent, which emulates the intermediate state during the standard generation process.
By feeding this noisy latent into the diffusion model, we can query its intermediate layers to obtain
the Q, K, and V features. We showcase qualitative results in Figure 6 and provide pseudocode in
the Appendix A.

4 Experiment

4.1 Implementation Detail

Settings. We apply our method on the Flux.1-dev [1] by replacing the MM-Attention in all Single
blocks of Flux.1-dev with ShiftPE and AAS. For inference, we use the vanilla Rectified Flow sampler
with 30 sampling steps and set the classifier-free guidance scale to 3.5. Our evaluation dataset consists
of 100 prompt sets from StyleAligned[16]. These prompts cover a wide range of generation targets
and a diverse set of style descriptions.

Metrics. (1) Text Alignment (Stext). To evaluate how well the images match the prompts, we
calculate the cosine similarity using CLIP [35] between the images and prompts. (2) Style Consis-
tency (Ssty). To evaluate the style consistency across generated images, we calculate the pairwise
average cosine similarity of the CLIP embeddings within the set of generated images. (3) DINO
(Sdino). Following [44, 39, 16], we assess style consistency by computing the pairwise average
cosine similarity of DINO [5, 31] embeddings in the generated image set. This choice is motivated by
the fact that CLIP, trained with category labels, often rates images with similar content but different
styles as highly similar, DINO is trained in a self-supervised manner, better differentiates styles.

4.2 Comparison

Competing Methods. We compare the proposed AlignedGen against five style-aligned image
generation methods: StyleAligned [16], IP-Adapter [50] (we adopt the IP-Adapter architecture and
weights designed by the Instant-X team [2] for Flux.1-dev, rather than utilizing the IP-Adapter
architecture based on SDXL or SD1.5), B-Lora [9], StyleShot [11], CSGO [49].

Quantitative Comparison. Table 1 presents the quantitative comparison results between our
method and state-of-the-art style-aligned image generation approaches on the test set. Our method
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A {Persian cat playing with a ball of wool, man skiing down the hill, train at the station, bear eating honey} in cafe logo style.

A {lighthouse, hot air balloon, cat, cityscape} in isometric illustration style.

{Beach umbrella, Rocket ship, Fox in paper cutout style, Waterfall} in paper cutout style.

{Rhino, Telescope, Stool, Panda} in vintage stamp style.

Reference Image Ours IP-AdapterStyleAligned StyleShot B-LoRA CSGO

A {paintbrush, sunflower field, scarecrow, rustic barn} in a minimal origami style.

Figure 7: Qualitative comparison between our method and other approaches. Our method
generates images with superior style consistency and accurate alignment with text prompts.

Ours StyleAligned [16] IP-Adapter [50] B-Lora [9] StyleShot [11] CSGO [49]

1.20 3.66 2.04 4.76 4.09 5.25

Table 2: User Study. The results represent the average ranking outcomes for each method (lower is
better). Our approach significantly outperformed other comparative methods in the user study.

achieves the highest scores in terms of Stext, Ssty , and Sdino metrics, demonstrating that it establishes
the optimal balance between text-image alignment and style consistency among generated images.

Qualitative Comparison. Figure 7 presents a qualitative comparison between our method and
other approaches. IP-Adapter struggles to capture style effectively, failing to maintain consistent style
in generated images and introducing content leakage issues. B-Lora, due to training its LoRA with
only a single image, results in highly challenging training, consequently leading to generated images
that struggle to capture the style of the reference image. StyleAligned demonstrates improved style
consistency, but the visual quality of its generated images still falls short compared to our method.
StyleShot and CSGO frequently exhibit issues of image duplication and visual artifacts. In contrast,
our method produces images that not only exhibit superior style consistency across generated images
but also perfectly align with the given prompts.

User Study. We conducted a user study to assess the results of our method compared to other
methods. In each question, participants were asked to rank the methods according to the style
consistency among their generated images and the alignment of these images with the prompts. In
total, our user study involved 40 participants, and Table 2 shows the result. Our method significantly
outperforms competing approaches, achieving an average ranking of 1.20, which demonstrates its
superior performance.

4.3 Ablation Study

Effect of Shifted Position Embedding (ShiftPE). The experimental results in (k) and (m) of
Table 3 demonstrate the impact of ShiftPE. When default RoPE used, the Ssty and Sdino metric rises
to nearly 1, revealing a severe content leakage problem. Besides, Figure 8 illustrates that default
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Type # PE λ 0-19 19-38 38-57 Stext ↑ Ssty ↑ Sdino ↑
Original - - - - - - 0.284 0.658 0.313

Layer

(a) ShiftPE 1.10 ✓ × × 0.283 0.669 0.323
(b) ShiftPE 1.10 × ✓ × 0.283 0.697 0.439
(c) ShiftPE 1.10 × × ✓ 0.286 0.682 0.368
(d) ShiftPE 1.10 ✓ ✓ × 0.274 0.697 0.420
(e) ShiftPE 1.10 ✓ ✓ ✓ 0.273 0.735 0.531

λ

(f) ShiftPE 0.90 × ✓ ✓ 0.286 0.694 0.435
(g) ShiftPE 0.95 × ✓ ✓ 0.285 0.703 0.460
(h) ShiftPE 1.00 × ✓ ✓ 0.286 0.711 0.485
(i) ShiftPE 1.05 × ✓ ✓ 0.285 0.725 0.522
(j) ShiftPE 1.15 × ✓ ✓ 0.274 0.755 0.561

w/o ShiftPE (k) RoPE 1.10 × ✓ ✓ 0.202 0.977 0.972
w/o SSA (l) ShiftPE 1.10 × ✓ ✓ 0.281 0.733 0.525

Ours (m) ShiftPE 1.10 × ✓ ✓ 0.282 0.740 0.554

Table 3: Ablation study. The Layer and λ denote the ablation study for Layer-Selective Application
and scaling factor λ, respectively. The “w/o ShiftPE” and “w/o SSA” represent the ablation study for
the ShiftPE and the SSA module.

w/o SSA results

w/o ShiftPE results

Figure 8: Visualization of Ablation Study. The left part presents the result generated by our method.
The upper-right image shows the result without the SSA, while the lower-right image displays the
result without ShiftPE. The prompt used is “{Train, Airplane, Bicycle, Car} in 3D realism style”.

Reference Image �0 1

Figure 9: The impact of scaling factor. As λ increases, the target image progressively aligns with
the style of the reference image.

RoPE cause the four generated images to become nearly identical, whereas ShiftedPE maintain style
consistency while ensuring alignment with the respective prompts.

Effect of Selective Shared Attention (SSA). Table 3 (l) and (m) show results without and with the
SSA. Omitting the SSA reduces Ssty and Sdino but does not improve Stext. Figure 8 displays outputs
under both configurations. Without the SSA, the second image mismatch its textual descriptions
(airplane), and style similarity decreases.

Effect of Layer-Selective Application. We divided the blocks in Flux.1-dev into three groups:
Group 1 contains 19 Double Blocks, Group 2 has the first 19 Single Blocks, and Group 3 includes
the remaining 19 Single Blocks. The Layer part in Table 3 shows quantitative results of applying our
method in different blocks. Comparing settings (a), (b), and (c) shows that Group 2 blocks contain
the richest style information. Comparing settings (b) and (d) reveals that using our method in Group 1
blocks does not improve style consistency and even has a negative effect, which is also confirmed by
comparing settings (e) and (m). Comparing settings (d), (e), and (m) demonstrates that applying our
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{landscape painting, pavilions and bridges, freehand lotus, panda} in ink wash style.

        A {dark stone, rough leaf in charcoal style, smudged cup, shaded box} in charcoal style.

Figure 10: Generation results of applying AlignedGen to other models. (Top) SD3, (Bottom) SD3.5.

(a) DreamBooth (b) Depth-Control

Figure 11: Results from combining AlignedGen with other controllable generation technologies.

method in the last two groups achieves a good balance between image-to-prompt alignment and style
consistency across images. Finally, we apply our method exclusively in the Single Blocks (Group 2
and Group 3) to enhance style consistency among generated images.

Effect of scaling factor. Table 3 λ part presents the quantitative results of our method for various
values of λ. Specifically, as λ increases, the style consistency (Ssty , Sdino) improves, but this comes
at the drop of Stext. Our experiments indicate that, generally, setting the strength parameter λ to 1.1
strikes a favorable balance between style consistency and text alignment. Figure 9 illustrates how the
target image progressively aligns with the style of the reference image as λ increases.

4.4 Generalization and Compatibility

Architectural Generalization. To demonstrate our method is not tailored to Flux, we test its
performance on other DiT models, including SD3 and SD3.5. As shown in Figure 10, our method
seamlessly integrates with these backbones. More results can be found in Appendix C.

Compatibility with Existing Tools. A key advantage of our method is its training-free, plug-and-
play design. This allows for effortless composition with other generation techniques. As shown in
Figure 11, the generated results from combining our approach with other techniques demonstrate the
flexibility of our method in practical applications. More cases can be found in Appendix C.

5 Conclusion

In this paper, we present AlignedGen, a training-free framework for style-aligned image generation
with Diffusion Transformer (DiT). Our approach is built on a critical discovery: the failure of vanilla
attention sharing in DiT stems from conflicting position embeddings between reference and target
images. We propose Shifted Position Embedding (ShiftPE) to overcome this limitation, unlocking
the potential of attention sharing within DiT. Based on this foundation, we further introduce two
key enhancements. First, Advanced Attention Sharing (AAS) techniques are specifically designed
to refine the attention sharing mechanism for DiT architecture, markedly improving output quality.
Second, the feature extraction pipeline broadens the framework’s practical applicability, allowing
users to provide external image as a style reference. We believe our findings on position embedding
and attention sharing could provide insight for future research in style-aligned image generation.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: Yes. Our main contributions are detailed in Section 1.

Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justification: Yes.

Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justification: We did not include theoretical results in our paper.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: We have described the details of this method and carefully described the
experimental evaluation in the experimental chapter.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: Once the blind review period is finished, we will open-source all codes and
instructions.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: We have carried out a detailed narration in the implementation details in
Section 4.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [NA]
Justification: Based on our experimental experience, the reproducibility of the experiments
involved in this work is high, with results that are replicable and stable, rather than simply
reporting the highest outcomes. Additionally, previous related work [16] has also not
reported error bars. We thus do not run the statistical significance test.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
Justification: We state this detailed information of computer resources in Section 4.1.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: We followed the NeurIPS Code of Ethics.
Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [Yes]
Justification: The paper have conducted a discussion of broader impacts at Section 1.
Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [No]

Justification: We do not foresee any high risk for misuse of this work.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: Yes, we credited them in appropriate ways.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [NA]
Justification: The paper does not release new assets.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.

21

https://neurips.cc/Conferences/2025/LLM


A Feature Extraction Pipeline

Algorithm 1 Algorithm for Caching Q, K, V from a User-Provided Reference Image
Require: User-provided reference image I , number of inference timesteps T
Ensure: Cached attention Q, K, V pairs: cached_qkv

1: Initialize a random noise: noise ∼ N (0, 1)
2: latent← vae_encode(I)
3: cached_qkv← {} ▷ Initialize an empty dictionary
4: for t← T down to 0 do ▷ Iterate over T timesteps in reverse
5: noise_input← t

T · noise + (1− t
T ) · latent ▷ A standard interpolation forward

6: Qt,Kt, Vt ← DiT(noise_input, t, others) ▷ e.g., prompt embeds
7: cached_qkv[t]← (Qt,Kt, Vt)
8: end for
9: return cached_qkv

B Additional Compare With Image Editing Methods

Some zero-shot image editing methods can also be applied to style-aligned image generation tasks.
We selected two Flux-based editing methods for comparison: RF-Solver [46] and RF-Edit [38].
Figure 12 presents qualitative comparison results between our method and editing methods. Image
editing methods often exhibit insufficient editing strength when handling significant image edits
such as modifying the main content of the image, leading to persistent retention of original content
in the edited results. Table 4 presents the quantitative comparison results between our method
and these two methods. As can be observed, our method achieves significantly higher scores on
Stext, Ssty, and Sdino compared to these two baseline methods. It is worth noting that zero-shot
editing methods, limited by the instability of editing processes, often require meticulous parameter
adjustments to achieve satisfactory results, which limits their practical applicability. In contrast, our
method exhibits strong robustness and can typically achieve favorable outcomes in most scenarios
without necessitating fine-tuning.

RF-SolverRF-EditOursReference Image

A {robot, cupcake, woman 
playing basketball, 

sunflower} in digital glitch 
art style.

A {football helmet, 
playmobil, truck, watch} in 
street art graffiti style.

A {smartphone, book, 
dinner table, glass of wine} 
in minimal digital art style.

{Magnifying glass, Gorilla, 
Airplane, Swing} in pixel 

art style.

Figure 12: Qualitative comparison between our method and other zero-shot image editing methods.
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Metric Ours RF-Solver [46] RF-Edit [38]

Stext ↑ 0.282 0.278 0.280
Ssty ↑ 0.740 0.703 0.701
Sdino ↑ 0.554 0.487 0.456

Table 4: Quantitative comparison with zero-shot image editing methods. Best result is marked in
bold.

  { a serene lake, a bustling city street, a vase of sunflowers, a woman with a parasol} in impressionism style

{an apple, a cup, a hat, a toy bear} in oil style

 {a blocky car, a 8-bit dog, a retro game coin, a pixelated tree} in pixel art style

{dragon, pomegranate, Peking Opera mask, fish} in paper-cut style

{a cute star, a happy cloud, a sweet heart, a tiny cat} in kawaii style

{a geometric cat, a fragmented portrait, still life with fruit, a cubist guitar} in cubism style

SD3

SD3.5

Figure 13: Generation results of applying AlignedGen to other MM-DiT models. The left side
presents images generated by the original model, while the right side displays images generated after
applying our method.

C More Visual Results

Figure 13 presents the generation results of applying AlignedGen to other MM-DiT architecture
diffusion models. Figure 14 demonstrates the generation outcomes from combining AlignedGen with
Dreambooth. Figure 15 illustrates the generation results achieved by integrating depth control with
AlignedGen.
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Reference Image

Figure 14: Subject-driven image generation with AlignedGen. Each row shows style aligned image
set using the reference image on the left, applied on different personalized diffusion models, fine-
tuned over the personalized content on top.

24



Figure 15: Depth Control with AlignedGen.
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