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Figure 1. Given two images in the wild, Edicho generates consistent editing versions of them in a zero-shot manner. Our approach
achieves precise consistency for editing parts (left), objects (middle), and the entire images (right) by leveraging explicit correspondence.

Abstract

As a verified need, consistent editing across in-the-wild
images remains a technical challenge arising from vari-
ous unmanageable factors, like object poses, lighting con-
ditions, and photography environments. Edicho1 steps
in with a training-free solution based on diffusion models,
featuring a fundamental design principle of using explicit
image correspondence to direct editing. Specifically, the
key components include an attention manipulation module
and a carefully refined classifier-free guidance (CFG) de-
noising strategy, both of which take into account the pre-
estimated correspondence. Such an inference-time algo-
rithm enjoys a plug-and-play nature and is compatible to
most diffusion-based editing methods, such as ControlNet
and BrushNet. Extensive results demonstrate the efficacy
of Edicho in consistent cross-image editing under diverse
settings. Project page can be found here.

∗ This work was done during an internship at Ant Group.
† Corresponding authors.
1“Edicho” is an abbreviation of “edit echo”, implying that the edit is

echoed across images.

1. Introduction

The ability to consistently edit images across different in-
stances is of paramount importance in the field of com-
puter vision and image processing [1, 10, 65, 67]. Consis-
tent image editing facilitates numerous applications, such
as creating coherent visual narratives and maintaining char-
acteristics in marketing materials. As in Fig. 1, sellers or
consumers can enhance photos of their favorite products,
such as toys or shoes, by applying consistent decorative el-
ements, making each item appear more appealing or per-
sonalized. Similarly, during themed events like a masquer-
ade ball or Halloween, families and friends may hope to
uniformly style masks or dresses across their photos, en-
suring a harmonious visual presentation. Another instance
for content creators is consistently making multiple of the
photos looks like a graceful elf or an impressive superman.
By ensuring the edits applied to one image can be reliably
replicated across the other ones, we also enhance the effi-
ciency and quality of tasks ranging from photo editing and
retouching to data augmentation for customization [32, 50],
and 3D reconstruction [57].

Despite the significance of consistent editing, achieving
it across diverse images remains a challenging task. Pre-
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ious real-world scenarios [65, 67], where understanding
relationships between data points is crucial. Neural net-
works have been broadly employed to find correspondences
for image, video, and 3D scenes through supervised learn-
ing [24, 24, 33, 45, 57]. DIFT [52] proposes to extract
semantic correspondence among in-the-wild images by di-
rectly matching the features from the pre-trained diffusion
models. SD-DINO [63] further ensembles features from
diffusion models and DINO [7] for correspondence match-
ing. Once correspondences are established, they can be uti-
lized in various applications. For instance, in object track-
ing, networks can maintain correspondences across video
frames to follow objects through occlusions and transfor-
mations [12, 27, 41, 44, 60]. Our work leverages these
principles by integrating correspondence into the diffusion
model framework, enabling precise and consistent multi-
image editing without additional training.

3. Method
In this work, we focus on the task of consistent image edit-
ing, where multiple images are manipulated altogether to
achieve consistent and unified looks. To achieve this, we
first extract explicit semantic correspondence among the
image pairs by existing visual understanding methods such
as [33, 52, 57, 63]. Then we seek help from the pre-trained
editing models [25, 64] built upon Stable Diffusion [48]
to achieve editing, and guide their denoising process with
these pre-computed explicit correspondence to ensure con-
sistency. In this section, we first review some preliminary
concepts of diffusion models, which is followed by a sub-
section discussing correspondence prediction and analysis.
Then we introduce the correspondence-guided denoising
process that includes two levels - the level of attention fea-
tures and the level of noisy latents in CFG. Note that these
designs on feature manipulations are only applied to a range
of denoising steps and layers, in order to preserve the strong
generative prior from the pre-trained models.

3.1. Preliminaries
Diffusion models are probabilistic generative models
trained through a process of progressively adding and then
removing noise. The forwarding process adds noise to the
images as follows:

xt =
√
αt · x0 +

√
1− αt · z, (1)

where z ∼ N (0, I) and αt indicates the noise sched-
ule. And a neural network ϵθ (xt, t) is trained to predict
the adding noise z during the denoising backward pro-
cess and finally achieves sampling from Gaussian noise
xT ∼ N (0, I). In the formulation of latent diffusion mod-
els (LDMs) [48], a pair of pre-trained variational encoder
E and decoder D serve perceptual compression and enable
denoising from the noisy latents z in this latent space.
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Figure 2. Visualization of the explicit correspondence and im-
plicit attention maps for the images in the wild. The implicit fea-
tures obtained from attention calculation are less accurate and un-
stable. Regions with the highest attention weights are outlined
with dashed circles.

Classifier-free guidance (CFG) [11] represents a ground-
breaking method designed to improve both the quality and
diversity of images generated by diffusion models, without
the need for additional classifiers. By incorporating a mix-
ing coefficient, CFG effectively combines the conditional
and unconditional predictions from the denoising model.
The unconditional prediction is typically derived by setting
the condition to a null or default value.
Reference networks for editing. Recent advances in edit-
ing techniques [25, 64] have introduced a novel approach
by implementing an auxiliary reference network over pre-
trained large diffusion models, while maintaining the fixed
architecture of the pre-trained backbone. This network-
topology-preserving design ensures a clear separation be-
tween control signals and the pre-trained generative prior,
enabling more precise and flexible editing capabilities.

3.2. Correspondence Prediction and Analysis
Correspondence prediction. To achieve consistent edit-
ing for images Ii and Ij , we first extract explicit correspon-
dence and study the comparison between it and the implicit
features. The correspondence from the input images are
acquired with a pre-trained correspondence extractor such
as [52, 57]:

Ci,j = ϕ(Ii, Ij), (2)

where ϕ and C indicate the extractor and correspondence.
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3.4. Classifer-free Guidance with Correspondence

In order to retain a finer consistency over the edited images,
we take a further step from the attention feature control
and focus on the noisy latents in Classifier-free Guidance
(CFG). Specifically, we extend the traditional CFG frame-
work to facilitate synchronized editing of multiple images
by leveraging explicit correspondences and propose Corr-
CFG. NULL-text Inversion [37] demonstrates that optimiz-
ing unconditional word embeddings can achieve precise im-
age inversion and semantic editing. Inspired by this ap-
proach, our primary objective is to preserve the integrity of
the pre-trained model’s powerful generative priors during
the consistent editing process. To achieve this, we propose
manipulating only the unconditional branch of zj within
the Classifier-Free Guidance (CFG) framework under the
guidance of correspondence, as in the right panel of Fig. 3.
Recall that in CFG, the denoising process is split into two
branches: conditional and unconditional, and the noise is
estimated using a neural network ϵθ:

zct−1 = zct − ϵθ (zt, c) , (5)
zut−1 = zut − ϵθ (zt,∅) , (6)

where c represents the condition (text prompt) and ∅ in-
dicates the null text. Specifically, we modify the uncon-
ditional noise prediction of zj and incorporate information
from noise prediction of zi into it during the denoising pro-
cess, which ensures coherent edits:

ϵuθ (zj) = T (ϵθ (zi,∅) , ϵθ (zj ,∅) , Ci,j) , (7)

where T represents a fusing function that aligns the uncon-
ditional noises and t indicates the time-step:

T (p,q, C) = (1− λ) · q+ λ · Inj(p,q, C, γ). (8)

λ and γ ∈ (0, 1] here are adjustable parameters. The func-
tion Inj indicates a process for choosing the source latents
from p and injecting them into the corresponding locations
of target latents q, based on the correspondence C. The
factor γ here is introduced to modulate the proportion of
injected target latents, serving as a balancing mechanism
between preserving the generative prior and maintaining
editing consistency throughout the process. At last, we ap-
ply the guidance and fuse the conditional and unconditional
predictions as in the prior paradigm [11]:

ϵguided
θ (zt, c) = ϵuθ (zt) + s · (ϵθ (zt, c)− ϵuθ (zt)) , (9)

where s indicates the guidance scale. The final latents gen-
erated as such are at last sent to the VAE decoder [48] to be
decoded into images.

4. Experiment

4.1. Experimental Setup
Settings. We use Stable Diffusion [48] as the base model
and adopt BrushNet [25] and ControlNet [64] as the refer-
ence networks for editing. We adopt the DDIM [51] sched-
uler and perform denoising for 50 steps. By default, the
proposed correspondence-guided denosing strategy is ap-
plied from 4th to 40th steps and from the eighth attention
layer to ensure consistency as well as preserve the strong
generative prior. Note the optimal choice of these may vary
when different base models are utilized. The testing sam-
ples are partially acquired from the internet, while others of
them are from the dataset of DreamBooth [50] and Custom
Diffusion [32].
Evaluation metrics. We follow Custom Diffusion [32] and
adopt the prevalent multi-modal model CLIP [43] to eval-
uate various methods in terms of text alignment (TA) and
editing consistency (EC). Specifically, on the one hand, fea-
ture similarity of the target prompt and model output are
computed to judge the textual alignment. On the other hand,
feature similarity of the edited images are adopted to eval-
uate the editing consistency. User studies (US) are also in-
corporated to further evaluate the practical applicability and
user satisfaction.
Baselines. We include both local and global editing tasks,
as well as numerous previous image editing methods for
comprehensive comparisons. Specifically, for the task of
local editing, we include prior works of Adobe Firefly [46],
Anydoor [10], and Paint-by-Example [61] for comparison.
Among these aforementioned methods, Firefly is a state-
of-the-art commercial inpainting tool developed by Adobe,
which could repaint local regions of the input image follow-
ing the given textual prompts. In order to achieve the task
of consistent editing, the images among the set would be
inpainted with the same detailed prompts. Both of Anydoor
and Paint-by-example are Latent Diffusion Models (LDMs)
supporting repaint target region with the given reference im-
age. Thus we sent an inpainted image to these models as
the reference, expecting consistent editing results. While
for global editing, we compare our approach with MasaC-
trl [6], StyleAlign [18], and Cross-Image-Attention [1]. The
aforementioned methods achieve editing by manipulating
and fusing attention features from various sources. Differ-
ent from our method, they rely on implicit attention weights
to ensure consistency among the editing outputs.

4.2. Evaluation
Qualitative results. We present a qualitative evaluation
of the consistency editing methods, focusing on both local
editing (image inpainting) and global editing (image trans-
lation). The comparisons for local editing in Fig. 4 include
results from our method, Adobe Firefly (AF), Anydoor
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Figure 8. We adopt the neural regressor Dust3R [57] for 3D reconstruction based on the edits by matching the 2D points in a 3D space.

lation and CFG could be found in Supplementary Material.

4.4. Additional Applications
Customization based on the consistent edits. To further
demonstrate the practical utility of the proposed method,
we present an application example that integrates Dream-
Booth [50] and Low-Rank Adaptation (LoRA) [22] tech-
niques for customized image generation based on the mul-
tiple edited images. Leveraging the edited outputs from our
method, we employ DreamBooth to fine-tune the diffusion-
based generative model for 500 steps for concept injec-
tion. We also integrate LoRA techniques into the learning
to further enhance the efficiency of this process by intro-
ducing low-rank matrices as adaptation parameters. As in
Fig. 7, the fine-tuned generative model could yield desir-
able images corresponding to the edits after concept injec-
tion. This demonstrated synergy between consistent editing
and parameter-efficient customization opens new possibili-
ties for content creation.
3D reconstruction based on the consistent edits. Further-
more, consistent editing could also benefit 3D reconstruc-
tion of the edits. We achieve 3D reconstruction with a neu-
ral regressor [57] which could predict accurate 3D scene
representations from the consistent image pairs. Taking the
edited images as inputs, the learned neural regressor could
predict the 3D point-based models and 2D matchings with-
out additional inputs such as camera parameters. The recon-
struction and matching results are presented in Fig. 8, both
of which also suggest the editing consistency of the pro-
posed method. The regressor respectively obtained 11,515
and 13,800 pairs of matching points for the two groups of
edits, and a portion is visualized for clear understanding.
Notably, recovering accurate 2D matches and 3D topol-
ogy directly from edited images suggests that our approach
maintains photometric and geometric consistency.
Additional results. With the proposed correspondence-
guided attention and CFG manipulations, additional diverse
results of multi-image editing by the proposed method are
provided in Fig. 9, showcasing the editing consistency and
the diversity of the method’s generation.

Q2- Group Editing

Edited

Input Edited

Figure 9. Diverse results of consistent editing for multiple images.

5. Conclusion

We introduce Edicho, a novel training-free method for
consistent image editing across various images by lever-
aging explicit correspondence. Our approach optimizes
the self-attention mechanism and the classifier-free guid-
ance computation by integrating correspondence informa-
tion into the denoising process to ensure consistency. The
plug-and-play nature of our method allows for seamless in-
tegration into various models and its applicability across a
wide range of tasks. Experimental results demonstrate that
our method outperforms existing approaches both quantita-
tively and qualitatively, showcasing its effectiveness in han-
dling diverse and in-the-wild images. For limitations, some-
times the generated textures would be inconsistent due to
the correspondence misalignment, which could be expected
to be improved with better correspondence extractors. And
inheriting from the pre-trained editing models, sometimes
distorted textures would be generated.
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[44] Frano Rajič, Lei Ke, Yu-Wing Tai, Chi-Keung Tang, Mar-
tin Danelljan, and Fisher Yu. Segment anything meets point
tracking. arXiv:2307.01197, 2023. 3

[45] Anurag Ranjan and Michael J Black. Optical flow estimation
using a spatial pyramid network. In IEEE Conf. Comput. Vis.
Pattern Recog., 2017. 3

[46] Adobe reseachers. Adobe firefly: Free generative ai for cre-
atives. https://firefly.adobe.com/generate/
inpaint, 2023. 5, 6, 7

[47] Ronald Rivest. The md5 message-digest algorithm, 1992. 4
[48] Robin Rombach, Andreas Blattmann, Dominik Lorenz,

Patrick Esser, and Björn Ommer. High-resolution image syn-
thesis with latent diffusion models. In IEEE Conf. Comput.
Vis. Pattern Recog., 2022. 2, 3, 6

[49] Litu Rout, Yujia Chen, Nataniel Ruiz, Constantine Carama-
nis, Sanjay Shakkottai, and Wen-Sheng Chu. Semantic im-
age inversion and editing using rectified stochastic differen-
tial equations. In Int. Conf. Learn. Represent., 2025.

[50] Nataniel Ruiz, Yuanzhen Li, Varun Jampani, Yael Pritch,
Michael Rubinstein, and Kfir Aberman. Dreambooth: Fine
tuning text-to-image diffusion models for subject-driven
generation. In IEEE Conf. Comput. Vis. Pattern Recog.,
2023. 1, 6, 7, 8

[51] Jiaming Song, Chenlin Meng, and Stefano Ermon. Denois-
ing diffusion implicit models. In Int. Conf. Learn. Repre-
sent., 2021. 2, 6

[52] Luming Tang, Menglin Jia, Qianqian Wang, Cheng Perng
Phoo, and Bharath Hariharan. Emergent correspondence
from image diffusion. In Adv. Neural Inform. Process. Syst.,
2023. 3, 4

[53] Yoad Tewel, Omri Kaduri, Rinon Gal, Yoni Kasten, Lior
Wolf, Gal Chechik, and Yuval Atzmon. Training-free con-
sistent text-to-image generation. ACM Trans. Graph., 2024.
2

[54] Narek Tumanyan, Michal Geyer, Shai Bagon, and Tali
Dekel. Plug-and-play diffusion features for text-driven
image-to-image translation. In IEEE Conf. Comput. Vis. Pat-
tern Recog., 2023. 2

[55] Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszko-
reit, Llion Jones, Aidan N Gomez, Lukasz Kaiser, and Illia
Polosukhin. Attention is all you need. In Adv. Neural Inform.
Process. Syst., 2017. 4

[56] Vikram Voleti, Chun-Han Yao, Mark Boss, Adam Letts,
David Pankratz, Dmitry Tochilkin, Christian Laforte, Robin
Rombach, and Varun Jampani. Sv3d: Novel multi-view syn-
thesis and 3d generation from a single image using latent
video diffusion. arXiv preprint arXiv:2403.12008, 2024. 2

[57] Shuzhe Wang, Vincent Leroy, Yohann Cabon, Boris
Chidlovskii, and Jerome Revaud. Dust3r: Geometric 3d vi-
sion made easy. In IEEE Conf. Comput. Vis. Pattern Recog.,
2024. 1, 3, 8

15286



[58] Tengfei Wang, Bo Zhang, Ting Zhang, Shuyang Gu, Jianmin
Bao, Tadas Baltrusaitis, Jingjing Shen, Dong Chen, Fang
Wen, Qifeng Chen, et al. Rodin: A generative model for
sculpting 3d digital avatars using diffusion. In IEEE Conf.
Comput. Vis. Pattern Recog., 2023. 2

[59] Zhenyu Wang, Aoxue Li, Zhenguo Li, and Xihui Liu.
Genartist: Multimodal llm as an agent for unified image gen-
eration and editing. In Adv. Neural Inform. Process. Syst.,
2024. 2

[60] Yuxi Xiao, Qianqian Wang, Shangzhan Zhang, Nan Xue,
Sida Peng, Yujun Shen, and Xiaowei Zhou. Spatialtracker:
Tracking any 2d pixels in 3d space. In IEEE Conf. Comput.
Vis. Pattern Recog., 2024. 3

[61] Binxin Yang, Shuyang Gu, Bo Zhang, Ting Zhang, Xuejin
Chen, Xiaoyan Sun, Dong Chen, and Fang Wen. Paint by
example: Exemplar-based image editing with diffusion mod-
els. In IEEE Conf. Comput. Vis. Pattern Recog., 2023. 2, 5,
6, 7

[62] Weichao Zeng, Yan Shu, Zhenhang Li, Dongbao Yang, and
Yu Zhou. Textctrl: Diffusion-based scene text editing with
prior guidance control. In Adv. Neural Inform. Process. Syst.,
2024. 2

[63] Junyi Zhang, Charles Herrmann, Junhwa Hur, Luisa Pola-
nia Cabrera, Varun Jampani, Deqing Sun, and Ming-Hsuan
Yang. A tale of two features: Stable diffusion complements
dino for zero-shot semantic correspondence. In Adv. Neural
Inform. Process. Syst., 2024. 3

[64] Lvmin Zhang, Anyi Rao, and Maneesh Agrawala. Adding
conditional control to text-to-image diffusion models. In Int.
Conf. Comput. Vis., 2023. 2, 3, 6

[65] Pan Zhang, Bo Zhang, Dong Chen, Lu Yuan, and Fang
Wen. Cross-domain correspondence learning for exemplar-
based image translation. In IEEE Conf. Comput. Vis. Pattern
Recog., 2020. 1, 3

[66] Shihao Zhao, Dongdong Chen, Yen-Chun Chen, Jianmin
Bao, Shaozhe Hao, Lu Yuan, and Kwan-Yee K Wong.
Uni-controlnet: All-in-one control to text-to-image diffusion
models. In Adv. Neural Inform. Process. Syst., 2024. 2

[67] Xingran Zhou, Bo Zhang, Ting Zhang, Pan Zhang, Jianmin
Bao, Dong Chen, Zhongfei Zhang, and Fang Wen. Cocosnet
v2: Full-resolution correspondence learning for image trans-
lation. In IEEE Conf. Comput. Vis. Pattern Recog., 2021. 1,
3

15287


