Schedule Your Edit: A Simple yet Effective Diffusion
Noise Schedule for Image Editing
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Abstract

Text-guided diffusion models have significantly advanced image editing, enabling
high-quality and diverse modifications driven by text prompts. However, effective
editing requires inverting the source image into a latent space, a process often
hindered by prediction errors inherent in DDIM inversion. These errors accumulate
during the diffusion process, resulting in inferior content preservation and edit
fidelity, especially with conditional inputs. We address these challenges by inves-
tigating the primary contributors to error accumulation in DDIM inversion and
identify the singularity problem in traditional noise schedules as a key issue. To
resolve this, we introduce the Logistic Schedule, a novel noise schedule designed
to eliminate singularities, improve inversion stability, and provide a better noise
space for image editing. This schedule reduces noise prediction errors, enabling
more faithful editing that preserves the original content of the source image. Our
approach requires no additional retraining and is compatible with various existing
editing methods. Experiments across eight editing tasks demonstrate the Logistic
Schedule’s superior performance in content preservation and edit fidelity com-
pared to traditional noise schedules, highlighting its adaptability and effectiveness.
(Project page: https://lonelvino.github.io/SYE/)

1 Introduction

Text-guided diffusion models have emerged as a leading technique in image generation, offering
remarkable visual quality and diversity [2, 142} |50 69] [] The noise latent space of these models can
be leveraged to retain and modify images [32} 166, |68]], enabling text-guided editing where a source
image is adjusted based on a target prompt. This requires first inverting the source image into a latent
variable (e.g., via DDIM inversion), due to the absence of its predefined latent space [28,139].

While DDIM inversion proves effective for unconditional diffusion models [43] 53], it results
in inferior content preservation and suboptimal edit fidelity when applied to conditional inputs
[L12L [17]. This phenomenon is particularly evident in image editing, which requires incorporating
new conditionals into the generation process [16} 59} 33 161]]. DDIM converts the DDPM into a
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Figure 1: Compared to linear noise schedule, Logistic Schedule 9] demonstrates high fidelity in
attributes content editing (a, b) with EF-DDPM [21]], = preserves the high-level semantics of
the source image while performing object translation (c¢) with pix2pix-zero [43] and style/scene
transferring (d, e) with StyleDiffusion [63], and , successfully conducts non-rigid alteration (f) via
MasaCtrl [6]]. Text prompts corresponding to each input image are presented beneath each sample,
with words introduced for image editing distinctly highlighted in red.

deterministic process by approximating the Markov process as a non-Markov process based on a local
linearization assumption [53]]. This approximation introduces noise prediction errors that accumulate
throughout the diffusion process, leading to deviations in the inverted latent representation from its
original distribution, as illustrated in Fig. 2] left. Recently, inversion-based editing methods have
emerged as a promising paradigm to address these issues by aligning the reconstruction path more
closely with the DDIM inversion trajectory, thereby ensuring the preservation of the original content
in the edited images [41}, 15} 44, [10} 25]]. However, these methods still heavily rely on the accuracy
of the DDIM inversion. This leads us to a fundamental question: What if we correct the DDIM
inversion errors to naturally reduce the loss of original content in the edited images?

Unlike previous inversion-based editing methods that focus on minimizing the distance between X;’
and x; (Fig. |2| left), we investigate the primary reason for error accumulation in DDIM inversion.
Based on the fact that DDIM samplers can be derived by deterministic ODE processes (3l 38}, [71]], our
analysis reveals that these traditional noise schedule designs result in a singularity problem (Fig. 2]
right) when treating the DDIM inversion process as solving a differentiable ODE. This results in
unreliable noise predictions from the start, and as errors accumulate, the editing results degrade
(Fig.[T). This insight motivates us to address the problem at its source: the noise schedule itself. To our
knowledge, this is the first work focusing on designing noise schedules specifically for image editing,
providing an optimized solution without requiring complete model retraining [14} 20} 23} 29} 26 [34].

We present a simple yet effective noise schedule, Logistic Schedule, designed to resolve the singularity
problem of previous noise schedules and enhance inverted latents for image editing. The key ideas
behind Logistic Schedule are twofold: (1) creating a well-defined noise schedule to improve inversion
stability, and (2) providing a better noise space that enables editing faithful to the source image.
Specifically, Logistic Schedule eliminates singularities at the beginning of the inversion process,
thereby reducing noise prediction errors in the inverted latents. It enables more stable data perturbation
to preserve the original content of the source image in the edited image. Importantly, this design is
effective and compatible with other editing methods without requiring additional retraining.
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