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Figure 1. Given the user-provided image as a reference, our proposed method synthesizes a consistent subject while adhering to flexible
target prompts, all without the need for training samples, optimized embeddings, or encoders.

Abstract

In light of recent breakthroughs in text-to-image (T2I)
generation, particularly with diffusion transformers (DiT),
subject-driven technologies are increasingly being em-
ployed for high-fidelity customized production that pre-
serves subject identity from reference inputs, enabling
thrilling design workflows and engaging entertainment. Ex-
isting alternatives typically require either per-subject opti-
mization via trainable text embeddings or training special-
ized encoders for subject feature extraction on large-scale
datasets. Such dependencies on training procedures funda-
mentally constrain their practical applications. More im-
portantly, current methodologies fail to fully leverage the
inherent zero-shot potential of modern diffusion transform-
ers (e.g., the Flux series) for authentic subject-driven syn-
thesis. To bridge this gap, we propose FreeCus, a gen-
uinely training-free framework that activates DiT’s capa-
bilities through three key innovations: 1) We introduce
a pivotal attention sharing mechanism that captures the
subject’s layout integrity while preserving crucial edit-
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ing flexibility. 2) Through a straightforward analysis of
DiT’s dynamic shifting, we propose an upgraded vari-
ant that significantly improves fine-grained feature extrac-
tion. 3) We further integrate advanced Multimodal Large
Language Models (MLLMs) to enrich cross-modal seman-
tic representations. Extensive experiments reflect that our
method successfully unlocks DiT’s zero-shot ability for con-
sistent subject synthesis across diverse contexts, achiev-
ing state-of-the-art or comparable results compared to ap-
proaches that require additional training. Notably, our
framework demonstrates seamless compatibility with exist-
ing inpainting pipelines and control modules, facilitating
more compelling experiences. Our code is available at:
https://github.com/Monalissaa/FreeCus.

1. Introduction
Nowadays, text-to-image (T2I) models [8, 16] can gener-
ate photorealistic images that sometimes surpass the quality
of real photographs. Leveraging these capabilities, users
increasingly employ T2I models for image-to-image tasks
[14, 22, 39, 60] in design and entertainment. Among these
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Figure 3. Method overview. Our approach transfers characteristics from a reference image z0 to a target image z̃0 through three mecha-
nisms: (1) pivotal attention sharing, masking attention in critical layers to inject structural features while preserving editing flexibility; (2)
adjusted dynamic shifting, deriving an improved diffusion trajectory (z1, ..., zT ) processed via rectified flow to enhance detail alignment
between reference and target images; and (3) Multimodal LLM integration, extracting supplementary subject captions to capture semantic
attributes potentially missed during attention sharing, thereby ensuring comprehensive subject representation.

3–5 user-provided images of the same object. Other meth-
ods [33, 50, 56] involve additional trainable parameters,
particularly in the cross-attention layers. While these ap-
proaches demand relatively low computational resources,
they are limited to fitting one subject at a time. In contrast,
optimization-free customization schemes leverage large-
scale datasets to enable robust personalization without re-
training for each new subject. Following the ideas intro-
duced by textual inversion, several works [18, 34, 63] also
employ extra text embeddings while further training an aux-
iliary image encoder to map image features and update
cross-attention weights. Distinct from these approaches, IP-
Adapter [65] argues that merging image and text features in
cross-attention layers can hinder fine-grained control and
proposes a lightweight adapter to decouple these features.
Other works [41, 42, 53] employ multi-modal training to
align image and text features better, and some further ex-
tract comprehensive subject features using multiple image
encoders [31, 38]. However, none of these methods have
yet explored truly zero-shot subject-driven generation.

2.3. Zero-shot Image-to-Image Generation

In the realm of image-to-image (I2I) generation, several im-
pactful works [3, 21, 32, 58] have embraced zero-shot ap-
proaches. Techniques such as those in [21] perform image
editing by controlling cross-attention layers, optimizing la-
tents [39] derived via DDIM inversion [52], or injecting im-
age embeddings into key attention layers [6]. Meanwhile,
studies like [1, 22] achieve style transfer by sharing self-
attention weights to maintain the consistent layout. Blended
Diffusion [3] spatially blends the noised version of the input

with text-guided diffusion latents for inpainting, Diffuhaul
[5] introduces novel interpolation between source and tar-
get images for object dragging, and Add-it [57] presents a
weighted extended-attention mechanism to seamlessly add
objects into images. All of these methods share one com-
mon characteristic: the synthesized images typically pre-
serve a layout largely consistent with the input. In con-
trast, subject-driven generation, although also an I2I task,
often demands layout variations to adapt to new contexts,
for which an effective zero-shot solution remains elusive.

3. Method
We in this paper target at achieving training-free zero-shot
subject-driven generation. Towards this, we enhance a pre-
trained DiT from three key perspectives. First, we share
pivotal attention from the input image during the denoising
process to establish the subject layout. Afterward, we ad-
just the shift in the noise scaling strength while extracting
attention from the reference subject, allowing us to concen-
trate on fine details. Finally, we augment the Multimodal
LLMs to incorporate essential global semantic features that
may be lacking. A schematic workflow of our method is
presented in Fig. 3.

3.1. Preliminary
In our experiments, we adopt Flux.1 [8] as our backbone
model, which builds upon the diffusion transformer (DiT)
architecture [43]. Flux.1 trains on the latent space z [48]
of the pretrained VAE [29] model E . Similar to SD3
[16], Flux.1 incorporates multi-modal self-attention blocks
(MM-DiT blocks) to process sequences composed of both
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text and image embeddings. In each block, the attention
operation is formulated as follows:

A = softmax

(
[Qp, Qimg] [Kp,Kimg]

⊤
√
dk

)
· [Vp, Vimg] , (1)

where [, ] denotes concatenation, while Qp and Qimg repre-
sent queries from text and image embeddings, respectively,
with keys K and values V defined similarly.

3.2. Pivotal Attention Sharing (PAS)
To achieve the training-free customization, it is essential to
integrate visual features of the reference image (zref ) into
the target image generation process. A simple yet effec-
tive method [9, 20, 22] achieves this by sharing the self-
attention from zref with the target image ztarget, transfer-
ring rich spatial features. Specifically, to transfer the self-
attention from zref in the DiT blocks, keys Kr and values
Vr extracted from zref are concatenated with target Ktgt

and Vtgt, while queries Qp, Qtgt remain unchanged:

A = softmax

(
[Qp, Qtgt] [Kr,Kp,Ktgt]

⊤
√
dk

)
· [Vr, Vp, Vtgt] . (2)

However, simply sharing attention significantly reduces
alignment with the input prompt [57], leading ztarget to du-
plicate zref . Accordingly, we limit attention sharing to ten
critical layers [6], denoted as V , highlighting the importance
of these layers in influencing the generated images within
the DiT model. Additionally, since the background in zref

is often irrelevant or even harmful to subject customization,
we extract a subject mask mr using an image segmentation
model [67] and apply masked attention sharing. The refined
pivotal attention sharing (PAS) computation is defined as:

Al =

softmax
(

Q·K′⊤
√
dk

)
· V ′ if l ∈ V

softmax
(

Q·K⊤
√
dk

)
· V otherwise

, (3)

where:

Q = [Qp, Qtgt] ,K = [Kp,Ktgt] , V = [Vp, Vtgt] ,

K ′ = [λr ·Kr ⊙mr, λp ·Kp,Ktgt] ,

V ′ = [Vr ⊙mr, Vp, Vtgt] .

Since Kr and Kp critically govern the subject consistency
and text alignment, we employ scalars λr and λp to control
the relative influence of zref and the target prompt.
Attention of the reference image. The shared attentions
are obtained by denoising intermediate noisy samples of the
reference image zref at all timesteps, referred to as the dif-
fusion trajectory zT , zT−1, ..., z0. Consequently, accurate
recovery of the diffusion trajectory is essential. Image in-
version techniques [49, 52] are typically employed to obtain

Figure 4. The noise scaling σ under different shift directions
across all timesteps at a target resolution of 512 × 512.

these intermediate samples. However, such methods often
fail [39] or produce erroneous trajectories [27]. Instead, we
inject random noise ϵ into zref via a rectified flow forward
process [2, 35, 36] to generate the trajectory:

zt = (1− σt)z0 + σtϵ, (4)

where σt represents the strength of noise scaling. Although
these noisy samples are derived from random noise, the re-
sulting trajectory remains valid. Inaccuracies in the atten-
tion computed at high timesteps are progressively corrected
as the noise diminishes, since σ0 = 0 ensures z0 = zref .
Thus, by denoising these samples, we reliably obtain the
desired attention features from the reference image.

3.3. Adjustment of Noise Shifting (ANS)
As we restrict attention sharing to ten vital layers, some sub-
ject details are inevitably lost. To address this, we analyze
dynamic shifting in Flux.1 and propose an adjusted version
of Eq. (4) to preserve finer details. The mentioned dynami-
cally shifted noise scaling σt is computed as follows:

σt =
eµ

eµ + 1
t − 1

, µ = Lx ·m+ b, (5)

where t represents the current timestep, Lx is the latent se-
quence length of the target image computed by the VAE’s
scale factor and image resolution, m and b are fixed con-
stants, and µ denotes the dynamic shift, which increases
with image resolution. Noise levels under this dynamic
shifting (derived from Eq. (5)) are consistently higher than
those in the “no shifting” setting (i.e., σt ≥ σ̂t as shown
in Fig. 4), guiding the model to focus on noisier samples
via Eq. (4), which is suitable for higher-resolution images
requiring greater signal impairment [16].

However, to extract finer details from the reference im-
age zref , we emphasize lower noise levels for zref . To
achieve this, we reverse the shifting direction (σ

′
in Fig.

Fig. 4 ) when computing attentions for zref . The modified
noise scaling at timestep t is defined as σ

′

t =
e−µ

e−µ+ 1
t−1

, re-

sulting in a new diffusion trajectory: zt = (1 − σ
′

t)z
ref +

σ
′

tϵ. This adjustment of noise shifting (ANS) ensures that
attentions prioritize less noisy, subject-specific content from
zref (see Fig. 4), enabling finer detail transfer to the target
image during attention sharing. Ablation studies in Sec. 4.3
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Ours MS Diffusion Qwen2VL-FLUX DreamBooth-L IP-Adapter-PlusOminiControlReference

Scene and action change: “A photograph of a heron perched on a wetland's weathered wooden fence”

Artistic variations and object addition: “An anime-style illustration of a fantasy character riding a giant flamingo float”

Artistic variations and action change: “A retro-style painting of a girl riding a classic bicycle through cobbled streets”

Scene and action change: “A photo of a girl watching the sunset from a mountain peak”

Accessorization and scene change: “A lizard with translucent wings delicately perched on a crystal”

Property modifications: “A teapot as a house, with tiny people living inside and windows glowing warmly at dusk”

Artistic variations and property modifications: “An abstract illustration of a jellyfish, stylized with vibrant colors”

Figure 6. Qualitative evaluation results. Comparison across various subjects and contexts reveals: OminiControl and DreamBooth-L
lack subject fidelity; IP-Adapter-Plus and Qwen2VL-Flux fail at text alignment; MS-Diffusion generates background artifacts (rows 1 and
4). In contrast, our method successfully balances subject fidelity with prompt adherence while generating high-quality images.
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in supplementary materials); 3) Applying a large language
model (LLM) to filter the general LVLM outputs, thereby
eliminating harmful annotations (+ filtered LVLM), as de-
tailed in Sec. 3.4; 4) Implementing LLM filtering on de-
tailed LVLM descriptions (+ detailed, filtered LVLM).

Caption CLIP-T ↑ CLIP-I ↑ DINO ↑
+ LVLM 0.303 0.860 0.709
+ detailed LVLM 0.303 0.856 0.700
+ filtered LVLM 0.308 0.853 0.696
+ detailed, filtered LVLM 0.308 0.848 0.682

Our results demonstrate that overly detailed captions ad-
versely affect subject-driven generation by introducing con-
textual constraints that limit adaptability. The quantitative
metrics show that filtered LVLM captions strike the opti-
mal balance between text alignment (CLIP-T) and subject
fidelity (CLIP-I and DINO). While unfiltered LVLM cap-
tions yield marginally higher subject similarity scores, the
filtered approach provides superior text controllability.

4.4. Applications

Style-aligned image generation. Style can be concep-
tualized as an abstract subject permeating the entire image.
While the base model fails to interpret specific styles from
textual descriptions, our approach successfully integrates
these styles into the generated images, as demonstrated in
Fig. 8(a). This adaptation requires only a modification to
the prompt for semantic subject caption generation (details
provided in supplementary materials).
Compatibility with other methods. The zero-shot na-
ture of our approach enables seamless integration with other
DiT-based methods, enhancing their performance. For in-
stance, applying it to Qwen2VL-Flux outperforms the orig-
inal model. As illustrated in Fig. 8(b), the penguin gener-
ated by “ours + Qwen2VL-Flux” exhibits greater fidelity to
the input image and correctly includes the bow tie, a detail
absent in the standard Qwen2VL-Flux output. Quantitative
improvements are detailed in the supplementary.
Subject-driven inpainting. Our method naturally extends
to personalized image inpainting tasks using the Flux.1-Fill-
dev model. Since this model requires a mask as input, we
initially use a completely black mask to achieve perfect re-
construction of the reference image. This process yields
accurate shared attention weights, as described in Sec. 3.2.
Subsequently, we apply our paradigm during the inpainting
process. As shown in Fig. 8(c), our approach seamlessly in-
tegrates the reference subject into the masked region while
preserving the integrity of the surrounding image. Addi-
tionally, our method can be applied to the Flux.1-Depth-dev
model to control the structural properties of the target image
(visual illustrations provided in supplementary materials).

5. Conclusions and Limitations
We propose FreeCus for truly training-free subject-driven
generation through three novel strategies on pretrained dif-

“An old man reading a newspaper on a park bench, enveloped in impressionist swirls”

“A cartoon-style drawing of a penguin wearing a bow tie and top hat”

Ours Flux.1-devReference

Ours + Qwen2VL-Flux Qwen2VL-FluxReference

A girl is 
looking at
the stork
in the sky.

Input Image

Input Mask

Flux.1-Fill-devReference

Target Text

Ours + Flux.1-Fill-dev

(a)

(b)

(c)

Figure 8. Extending to more applications. (a) Applying our
method to the style transfer task; (b) Compatibility with other
methods; (c) Integration with inpainting pipeline.

fusion transformers. First, we introduce pivotal atten-
tion sharing to effectively mimic the subject’s layout while
maintaining strong editability. Second, we revise DiT’s dy-
namic shifting mechanism to enhance detail preservation in
the shared attention maps. Third, we leverage Multimodal
LLMs to generate subject-appropriate captions that com-
pensate for potential semantic feature deficiencies. Our ex-
tensive experiments demonstrate that FreeCus, despite op-
erating in a zero-shot manner, achieves performance com-
parable to or exceeding state-of-the-art methods trained on
large-scale datasets. We further validate our method’s ver-
satility through diverse application scenarios.
Limitations. Our approach faces two primary challenges.
First, the attention sharing mechanism occasionally intro-
duces artifacts with outlines resembling the reference sub-
ject. While we attempted to mitigate this by shifting posi-
tion indices of shared attention [55], this solution reduced
subject similarity. This highlights the ongoing challenge
of developing more flexible methods for reference feature
mapping. Second, subject captions from Multimodal LLMs
aren’t fully accurate yet. We anticipate that rapid advance-
ments in multimodal language modeling will address this
limitation in the near future.

15528



Acknowledgment. This work is supported by Natural
Science Foundationof China under Grant No. 62476087,
Shanghai Municipal Education Commission’s Initiative on
Artificial Intelligence-Driven Reform of Scientific Research
Paradigms and Empowerment of Discipline Leapfrogging,
Natural Science Foundation of China under Grant No.
62201341, National Key Research and Development
Program of China under Grant No. 2022YFB3203500.

References
[1] Yuval Alaluf, Daniel Garibi, Or Patashnik, Hadar Averbuch-

Elor, and Daniel Cohen-Or. Cross-image attention for zero-
shot appearance transfer. In ACM SIGGRAPH 2024 Confer-
ence Papers, pages 1–12, 2024. 3

[2] Michael Samuel Albergo and Eric Vanden-Eijnden. Build-
ing normalizing flows with stochastic interpolants. In The
Eleventh International Conference on Learning Representa-
tions, 2023. 4

[3] Omri Avrahami, Dani Lischinski, and Ohad Fried. Blended
diffusion for text-driven editing of natural images. In Pro-
ceedings of the IEEE/CVF conference on computer vision
and pattern recognition, pages 18208–18218, 2022. 2, 3

[4] Omri Avrahami, Kfir Aberman, Ohad Fried, Daniel Cohen-
Or, and Dani Lischinski. Break-a-scene: Extracting multi-
ple concepts from a single image. In SIGGRAPH Asia 2023
Conference Papers, pages 1–12, 2023. 2

[5] Omri Avrahami, Rinon Gal, Gal Chechik, Ohad Fried, Dani
Lischinski, Arash Vahdat, and Weili Nie. Diffuhaul: A
training-free method for object dragging in images. In SIG-
GRAPH Asia 2024 Conference Papers, pages 1–12, 2024. 3

[6] Omri Avrahami, Or Patashnik, Ohad Fried, Egor Nemchi-
nov, Kfir Aberman, Dani Lischinski, and Daniel Cohen-
Or. Stable flow: Vital layers for training-free image editing.
arXiv preprint arXiv:2411.14430, 2024. 2, 3, 4

[7] Yogesh Balaji, Seungjun Nah, Xun Huang, Arash Vahdat, Ji-
aming Song, Qinsheng Zhang, Karsten Kreis, Miika Aittala,
Timo Aila, Samuli Laine, et al. ediff-i: Text-to-image dif-
fusion models with an ensemble of expert denoisers. arXiv
preprint arXiv:2211.01324, 2022. 2

[8] Black Forest Labs. Announcing black forest labs. https:
//blackforestlabs.ai/announcing- black-
forest-labs/, 2023. Accessed: 2024-4. 1, 2, 3, 5

[9] Mingdeng Cao, Xintao Wang, Zhongang Qi, Ying Shan, Xi-
aohu Qie, and Yinqiang Zheng. Masactrl: Tuning-free mu-
tual self-attention control for consistent image synthesis and
editing. In Proceedings of the IEEE/CVF international con-
ference on computer vision, pages 22560–22570, 2023. 4

[10] Mathilde Caron, Hugo Touvron, Ishan Misra, Hervé Jégou,
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