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Abstract

Text-to-image diffusion models have recently received a lot of interest for their
astonishing ability to produce high-fidelity images from text only. Subsequent
research efforts are aiming to exploit the capabilities of these models and leverage
them for intuitive, textual image editing. However, existing methods often require
time-consuming fine-tuning and lack native support for performing multiple edits
simultaneously. To address these issues, we introduce LEDITS++, an efficient yet
versatile technique for image editing using text-to-image models. LEDITS++ re-
quires no tuning nor optimization, runs in a few diffusion steps, natively supports
multiple simultaneous edits, inherently limits changes to relevant image regions,
and is architecture agnostic.

1 Introduction

Recently, text-to-image models have gained increasing popularity for their ability to generate high-
quality images from text alone. A growing body of research is dedicated to utilizing these models for
intuitive, textual image editing. Unfortunately, current methods often require costly fine-tuning or
optimization to ensure reasonable reconstructions of the input image [12, (16} 3] or trade-in efficiency
improvements for unnecessarily strong image alterations [[11} [15]. Moreover, none of the existing
approaches offer native support for performing multiple arbitrary edits simultaneously and in isolation.

To ease textual image editing, we present LEDITS ++E], anovel method for efficient and versatile image
editing using text-to-image diffusion models. Firstly, LEDITS++ sets itself apart as a parameter-free
solution requiring no fine-tuning nor any optimization. We derive characteristics of an edit-friendly
noise space with a perfect input reconstruction, which were previously proposed for the DDPM
sampling scheme [11]], for a significantly faster multistep stochastic differential-equation (SDE)
solver [14]. This novel invertibility of the DPM-solver++ facilitates editing with LEDITS++ in as
little as 20 total diffusion steps for inversion and inference combined.

Moreover, LEDITS++ places a strong emphasis on semantic grounding to enhance the visual and
contextual coherence of the edits. This ensures that changes are limited to the relevant regions in the
image, preserving the original image’s fidelity as much as possible. LEDITS++ also provides users
with the flexibility to combine multiple edits seamlessly, opening up new creative possibilities for
intricate image manipulations. Finally, the approach is architecture-agnostic and compatible with any
diffusion model, whether latent or pixel-based.
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Figure 1: Exemplary edit performed using LEDITS++ in only 25 diffusion steps with Stable Diffusion 1.5. The
method perfectly reconstructs the input image, applies a complex, compounded edit, and grounds each change to
a semantically reasonable image region. LEDITS++ significantly outperforms previous methods in edit fidelity
and faithfulness to the input image.

We make the implementation of LEDITS++ as well as an interactive demo publicly availableﬂ to
facilitate easy accessibility and experimentation.

2 LEdits++: Efficient and Versatile Textual Image Editing

The methodology of LEDITS++ can be broken down into three components: (1) efficient image
inversion, (2) versatile textual editing, and (3) semantic grounding of image changes. More in-depth
details and mathematical derivations of each component can be found in App.[A]

Component 1: Image Inversion. Utilizing text-to-image models for editing real images requires
conditioning the generation of the input image. Recently, Huberman-Spiegelglas et al. proposed an
inversion technique [[11] for the DDPM sampler [9] that addresses key limitations of the prevalent
DDIM inversion [[16]. Specifically, their inversion perfectly reconstructs the input image, only needs
to be calculated for the number of timesteps used at inference, and requires no optimization for
error correction. We here demonstrate the same properties for the significantly faster SDE version
of the multistep dpm-solver++ [14]. Our results indicate that LEDITS++ with this second-order
sde-dpm-solver++ produces high-quality edits in 10-30 timesteps, depending on the complexity of
the changes. Fig[T]illustrates the reconstruction and the benefits of the improved scheduler. These
improvements are highlighted by the comparison with LEdits whose DDIM scheduler is incapable of
producing a high-fidelity image with this low number of diffusion steps.

Component 2: Textual Editing. Recently, Brack et al. proposed Semantic Guidance (SEGA) [2] to
control the image generation of diffusion models with arbitrary, textual concepts. We employ a similar
technique for editing real images with LEDITS++. More precisely, after inverting the input image
as described above, we calculate a dedicated guidance vector for each of the editing prompts at all
diffusion steps. The formulation of this guidance term ensures that concepts are largely isolated and
consequently do not interfere with each other. Additionally, this design choice lets the user control
the edit strength for each applied concept individually. As shown in Fig[T] these properties allow
for versatile and complex edits using intuitive instructions. The direct comparison with SDEdit [15]
further illustrates the benefits of dedicated guidance terms for each concept, as SDEdit is incapable
of faithfully executing multiple edit instructions from a single prompt.

Component 3: Semantic Grounding. Lastly, a capable image editing method should ensure a
balance between faithfully executing the edit instruction and minimal deviation from the input image.
LEDITS++’s properties of perfect reconstruction and sophisticated control over dedicated guidance
terms for each edit already contribute to achieving this balance. Additionally, we limit any change to
the specific image regions relevant to each edit. To this end, LEDITS++ demonstrates that attention
maps for the edit prompts can be extracted from the U-Net’s cross-attention layers to restrict edits
semantically. We intersect these coarse regions of interest with fine-granular implicit masks obtained
from the model’s noise estimates. Fig. I shows semantic grounding of the edits ‘cherry blossom’ and
‘green convertible’ to respectively relevant image regions, although both concepts were not present in
the original image. In comparison, LEdits and SDEdit both make substantial changes to irrelevant
parts of the image.

*code & demo at https://huggingface.co/editing-images/ledtisplusplus
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Societal Impact

With LEDITS++, we aim to provide an easy-to-use image editing framework. It lowers the barrier
of entry for experienced artists and novices alike, allowing them to unlock the full potential of
generative Al in the pursuit of creative expression. Moreover, it puts the user in control for fruitful
human-machine collaboration. Crucially, current text-to-image models [[18, 17, 20] hold the potential
to wield a profound influence on society. When applied in creative and design domains, their dual use
offers both promise and peril, as highlighted by prior research [1} 6]. The models are trained on large
amounts of data from the web [22], granting them the inherent capacity to generate content that may
contravene societal norms, including the creation of inappropriate material like pornography [21].
More alarmingly, the inadvertent generation of inappropriate content is precipitated by spurious
correlations within these models. Harmless prompts can lead to the creation of decidedly objectionable
content [[1]. A prime example of this phenomenon lies in the correlation between specific phrases
and the perpetuation of stereotypes, such as the connection between mentions of ethnicity and
economic status. For example, an increase of the concept ‘black person’ may inadvertently amplify
the appearance of the concept ‘poverty.” Conversely, methods like LEDITS++ also possess the
potential to mitigate bias and inappropriateness, a prospect highlighted by prior reserach [6} 5],
e.g. through dataset augmentation [[19]. Furthermore, established strategies offer means to mitigate
the generation of inappropriate content [21} [7]] that could deployed in tandem with LEDITS++. In
summary, we advocate for a cautious approach to the utilization of these models, recognizing both
the risks and promises they bring to the realm of Al-powered image editing.

References

[1] Federico Bianchi, Pratyusha Kalluri, Esin Durmus, Faisal Ladhak, Myra Cheng, Debora Nozza,
Tatsunori Hashimoto, Dan Jurafsky, James Zou, and Aylin Caliskan. Easily Accessible Text-to-
Image Generation Amplifies Demographic Stereotypes at Large Scale. In Proceedings of ACM
Conference on Fairness, Accountability, and Transparency (FAccT), 2023.

[2] Manuel Brack, Felix Friedrich, Dominik Hintersdorf, Lukas Struppek, Patrick Schramowski,
and Kristian Kersting. Sega: Instructing text-to-image models using semantic guidance. In
Proceedings of the Advances in Neural Information Processing Systems: Annual Conference on
Neural Information Processing Systems (NeurIPS), 2023.

[3] Tim Brooks, Aleksander Holynski, and Alexei A. Efros. Instructpix2pix: Learning to follow
image editing instructions. In Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR), 2023.

[4] Hila Chefer, Yuval Alaluf, Yael Vinker, Lior Wolf, and Daniel Cohen-Or. Attend-and-excite:
Attention-based semantic guidance for text-to-image diffusion models. ACM Trans. Graph., 42,
2023.

[5] Zoe De Simone, Angie Boggust, Arvind Satyanarayan, and Ashia Wilson. What is a Fair Diffu-
sion Model? Designing Generative Text-To-Image Models to Incorporate Various Worldviews.
arXiv preprint arXiv:2309.09944, 2023.

[6] Felix Friedrich, Manuel Brack, Lukas Struppek, Dominik Hintersdorf, Patrick Schramowski,
Sasha Luccioni, and Kristian Kersting. Fair Diffusion: Instructing Text-to-Image Generation
Models on Fairness. arXiv preprint arXiv:2302.10893, 2023.

[7] Rohit Gandikota, Joanna Materzynska, Jaden Fiotto-Kaufman, and David Bau. Erasing concepts
from diffusion models. In Proceedings of the IEEE/CVF International Conference on Computer
Vision (ICCV), 2023.

[8] Amir Hertz, Ron Mokady, Jay Tenenbaum, Kfir Aberman, Yael Pritch, and Daniel Cohen-Or.
Prompt-to-prompt image editing with cross attention control. In Proceedings of the International
Conference on Learning Representations (ICLR), 2023.

[9] Jonathan Ho, Ajay Jain, and Pieter Abbeel. Denoising diffusion probabilistic models. In
Hugo Larochelle, Marc’ Aurelio Ranzato, Raia Hadsell, Maria-Florina Balcan, and Hsuan-Tien
Lin, editors, Proceedings of the Advances in Neural Information Processing Systems.: Annual
Conference on Neural Information Processing Systems (NeurIPS), 2020.



[10]
[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

Jonathan Ho and Tim Salimans. Classi er-free diffusion guidaackiv:2207.125982022.

Inbar Huberman-Spiegelglas, Vladimir Kulikov, and Tomer Michaeli. An edit friendly ddpm
noise space: Inversion and manipulatioasXiv preprint arXiv:2304.0614®2023.

Bahjat Kawar, Shiran Zada, Oran Lang, Omer Tov, Huiwen Chang, Tali Dekel, Inbar Mosseri,
and Michal Irani. Imagic: Text-based real image editing with diffusion model®rdiceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CZPE].

Cheng Lu, Yuhao Zhou, Fan Bao, Jianfei Chen, Chongxuan Li, and Jun Zhu. Dpm-solver: A
fast ODE solver for diffusion probabilistic model sampling in around 10 stepsleirIPS
2022.

Cheng Lu, Yuhao Zhou, Fan Bao, Jianfei Chen, Chongxuan Li, and Jun Zhu. Dpm-
solver++: Fast solver for guided sampling of diffusion probabilistic moda#Xiv preprint
arXiv:2211.010952022.

Chenlin Meng, Yutong He, Yang Song, Jiaming Song, Jiajun Wu, Jun-Yan Zhu, and Stefano
Ermon. Sdedit: Guided image synthesis and editing with stochastic differential equations. In
Proceedings of the International Conference on Learning Representations (120F).

Ron Mokady, Amir Hertz, K r Aberman, Yael Pritch, and Daniel Cohen-Or. Null-text inversion
for editing real images using guided diffusion models. Pimceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition (CYEF23.

Alexander Quinn Nichol, Prafulla Dhariwal, Aditya Ramesh, Pranav Shyam, Pamela Mishkin,
Bob McGrew, llya Sutskever, and Mark Chen. GLIDE: towards photorealistic image generation
and editing with text-guided diffusion models. Rtoceedings of the International Conference

on Machine Learning (ICML)PMLR, 2022.

Aditya Ramesh, Prafulla Dhariwal, Alex Nichol, Casey Chu, and Mark Chen. Hierarchical
text-conditional image generation with CLIP laterdisXiv preprint arXiv:2204.061252022.

Harrison Rosenberg, Shimaa Ahmed, Guruprasad V. Ramesh, Ramya Korlakai Vinayak, and
Kassem Fawaz. Unbiased Face Synthesis With Diffusion Models: Are We Thereivat?
preprint arXiv:2309.0727,72023.

Chitwan Saharia, William Chan, Saurabh Saxena, Lala Li, Jay Whang, Emily Denton, Seyed
Kamyar Seyed Ghasemipour, Burcu Karagol Ayan, S. Sara Mahdavi, Rapha Gontijo Lopes, Tim
Salimans, Jonathan Ho, David J. Fleet, and Mohammad Norouzi. Photorealistic text-to-image
diffusion models with deep language understandariv:2205.114872022.

Patrick Schramowski, Manuel Brack, Bjorn Deiseroth, and Kristian Kersting. Safe latent
diffusion: Mitigating inappropriate degeneration in diffusion modelsPtaceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition (C\ZRR3}.

Christoph Schuhmann, Romain Beaumont, Richard Vencu, Cade W Gordon, Ross Wightman,
Theo Coombes, Aarush Katta, Clayton Mullis, Mitchell Wortsman, Patrick Schramowski,
Srivatsa R Kundurthy, Katherine Crowson, Ludwig Schmidt, Robert Kaczmarczyk, and Jenia
Jitsev. Laion-5b: An open large-scale dataset for training next generation image-text models. In
Proceedings of NeurlPS Datasets and Benchm&®22.

Jiaming Song, Chenlin Meng, and Stefano Ermon. Denoising diffusion implicit models. In
Proceedings of the International Conference on Learning Representations (I120R).

Yang Song, Jascha Sohl-Dickstein, Diederik P. Kingma, Abhishek Kumar, Stefano Ermon,
and Ben Poole. Score-based generative modeling through stochastic differential equations. In
Proceedings of the International Conference on Learning Representations (I20HR]).



(a) Style Transfer

(b) Addition of concepts/objects

(c) Removal of concepts/objects

(d) Complex replacements of objects

Figure 2: Further examples highlighting the versatility &DI1TS++ on 4 different editing tasks. All
examples were generated with the implementation based on Stable Diffusion v1.5. The “Orginal'
image shows the respective VAE reconstruction of the input.

A Detailed Methodology
Subsequently, we derive the inner workings and intuition obLiiS++ in detail.

A.1 Guided Diffusion Models

Let us rst de ne some background on diffusion models (DM) in general. DMs iteratively denoise
a Gaussian distributed variable to produce samples of a learned data distribution. Let's consider a
diffusion process that gradually turns an imagento Gaussian noise.

p
Xxg= 1 Xt 1+ tNy; t=1;:T ()

wheren, are iid normal distributed vectors ang is a variance schedule. Usually, the diffusion
process is equivalently expressed as
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