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Abstract

Diffusion models have achieved remarkable success in image generation and editing
tasks. Inversion within these models aims to recover the latent noise represen-
tation for a real or generated image, enabling reconstruction, editing, and other
downstream tasks. However, to date, most inversion approaches suffer from an
intrinsic trade-off between reconstruction accuracy and editing flexibility. This
limitation arises from the difficulty of maintaining both semantic alignment and
structural consistency during the inversion process. In this work, we introduce
Dual-Conditional Inversion (DCI), a novel framework that jointly conditions on
the source prompt and reference image to guide the inversion process. Specifically,
DCI formulates the inversion process as a dual-condition fixed-point optimization
problem, minimizing both the latent noise gap and the reconstruction error under
the joint guidance. This design anchors the inversion trajectory in both semantic
and visual space, leading to more accurate and editable latent representations.
Our novel setup brings new understanding to the inversion process. Extensive
experiments demonstrate that DCI achieves state-of-the-art performance across
multiple editing tasks, significantly improving both reconstruction quality and edit-
ing precision. Furthermore, we also demonstrate that our method achieves strong
results in reconstruction tasks, implying a degree of robustness and generalizability
approaching the ultimate goal of the inversion process. Our codes are available at:
https://github.com/Lzxhh/Dual-Conditional-Inversion

1 Introduction

Diffusion models have made significant progress in the field of generative artificial intelligence.
Among them, latent Diffusion Models (LDMs) [41] perform the diffusion process in a compressed
latent space rather than the pixel space, enabling more efficient and high-quality image generation and
editing. This architectural design has made LDMs a powerful and flexible backbone for a wide range
of downstream tasks, such as text-to-image generation [36, 40, 43]], image editing [31} 4,48} 3], image
restoration [29,151}154], style transfer [52,150L7]], etc. In the image editing tasks, the editing is achieved
by manipulating the diffusion latent representations. However, in most cases, the corresponding latent
representation for a given image is not directly available, which means that we must first perform an
inversion process to obtain their latent representations.

The earliest inversion method is DDPM [16]], and it has inspired the development of numerous
related methods [47, 2, [19]. DDPMs add random noise at each timestep, which leads to the loss
of information contained in the original image, resulting in poor reconstruction and editing effects.
DDIM inversion [45} [10] reformulates the diffusion process to be deterministic as solving an implicit
equation under the assumption that consecutive points along the denoising trajectory remain close.
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Figure 1: Pipelines of different inversion methods in diffusion-based image editing. Each
sub-figure illustrates the specific process: (a) DDIM inversion; (b) NTI and NPI; (c) Directlnv; (d)
SPDInv; (e) our Dual-Conditional Inversion(DCI). Obviously, DCI significantly reduces both latent
noise gap(Dnoi) and reconstruction error(Dyec).

However, in practice, especially when using a limited number of denoising steps, this assumption
often breaks down, leading to significant inaccuracies in the inversion results. In order to improve
the reconstruction effect of DDIM inversion, multiple works have proposed effective optimization
methods, such as null-text embedding(NTI) [33] and negative prompt(NPI) [32]] in the inversion
process. As illustrated in figure[T] both NTI and NPI attempt to reduce the reconstruction gap(Dyec)
by optimizing the text embeddings. In the meanwhile, the researchers have proposed some alternative
solutions from a non-optimization perspective. For instance, Directlnv [20] introduces a target-aware
branch to correct the source branch trajectory, improving reconstruction quality. It performs well
especially in terms of content preservation, and it is faster than optimization-based inversion methods.
Renoise [13]] is based on the linear assumption that the direction from z to Z¢+1 can be approximated
by the reverse direction from z; to z¢_1. By calculating the direction from z; to Z¢+1 multiple times
and taking the average, a more accurate direction from z; to Z¢+1 could be obtained. SPDInv [25]]
uses an optimization method to bridge the latent gap on each timestep, but the improvement of
reconstruction gap (Dyec) is limited. Although these methods have achieved certain success, they
still face an intrinsic trade-off between reconstruction accuracy and editing flexibility. As illustrated
in figure [T} such approaches struggle to reconcile semantic precision with structural consistency,
particularly when textual supervision is sparse or ambiguous.

In this work, we present Dual-Conditional Inversion (DCI), a new perspective on diffusion-based
image editing that unifies text and image conditioned inversion within a fixed-point optimization
framework. DCI addresses this limitation by introducing a dual-conditioning mechanism: it jointly
leverages the source prompt ps and the reference image Xo to guide the inversion process. At
the core of our formulation is a two-stage iterative procedure. The first stage, reference-guided
noise correction, refines the predicted noise at each timestep by anchoring it to a visually grounded
reference derived from the source image. The second stage, fixed-point latent refinement, imposes self-
consistency by optimizing each latent variable z; as a fixed point of the generative trajectory defined
by DDIM dynamics. Formally, we cast inversion as a dual-conditioned fixed-point optimization
problem that minimizes two objectives: (1) the discrepancy between the predicted and reference
noise vectors across timesteps, and (2) the reconstruction error between the generated image and
the original reference. This formulation not only improves inversion stability but also yields latent
representations that are inherently editable and semantically aligned.

To sum up, our framework enables a plug-and-play integration with a variety of existing diffusion
models, requiring neither retraining nor any modification to the original model. Through extensive
experiments across multiple editing tasks, DCI achieves superior reconstruction quality and editing



delity when compared to prior inversion baselines. Moreover, we demonstrate that the proposed
dual-conditional xed-point formulation facilitates stable convergence and generalizes well across a
wide range of editing scenarios, highlighting the robustness and scalability of the proposed approach.

2 Related Work

2.1 Image Editing with Diffusion Models

In recent years, a large number of works based on diffusion models in the eld of image editing
demonstrate signi cant potential and adaptability across diverse tasks. These methods utilize diverse
forms of guidance, such as text prompts, image references and segmentation maps to achieve editing
objectives.[24,122,18,[17,127] These advances better enable the ability to maintain editing precision
and semantic consistency. The rapid development of diffusion models has signi cantly improved
image generation capabilities. Among them, the widespread use of models such as GgIDE [
Imagen A3], DALL -E2 [40], and Stable Diffusion(SDY1] has gradually expanded downstream tasks
based on image generation. Prompt-to-Prompt(P2BR)nodi es cross-attention maps in diffusion
models to enable text-driven image editing while preserving spatial structure through localized
prompt adjustments. Pix2pix-zerdg] achieves zero-shot image-to-image translation by aligning
latent features with text guidance. Plug-and-Pig] [ntegrates task-speci ¢ modules into pretrained
diffusion backbones without retraining. MasaC#] €nhances real-time spatial control in diffusion
models by injecting mask-guided attention constraints for precise region-speci ¢ manipulation. 1P-
Adapter p6] injects visual features into the attention mechanism, enabling personalized generation
without ne-tuning. ControlNet$7] introduces an auxiliary network to condition diffusion models

on structural inputs like edges or poses. Some recent efforts have proposed different approaches
to improve the precise of image editing from various perspect®@s3g, 42, 21]. Despite these
methods have shown promising results, they often suffer from editing failures due to inversion
methods. Our DCI improves upstream inversion to enhance downstream editing delity.

2.2 Inversion methods of diffusion models

The earliest inversion methods include DDPM)]and DDIM [45]. DDPM generates high-quality
images by progressively adding noise in a forward process and learning the reverse denoising
process. 9, 46] Building on this foundation, DDIM introduces a deterministic sampling mechanism.

Its near-invertible properties provide a crucial foundation for subsequent image inversion and editing
techniques. Researchers have conducted in-depth and extensive studies on the inversion process of
diffusion models to achieve both ef ciency and precision. Some methods focus on optimizing text
embedding 33, 32, 14]. Null-Text Inversion (NTI) B3] adjusts latent encodings and text embeddings

to reconstruct the original image. To improve ef ciency, Negative-Prompt Inversion (ISBIahd

its enhancements, including Proximal Guidant4,[have emerged to reduce the reliance on time-
consuming optimization processes. EDIGM]| for example, achieves exact invertibility through
coupling transformations, while methods like Direct Inversig@ pnd Fixed-Point Inversior30)]

focus on simplifying the inversion process. The former decouples the diffusion branches, while
the latter utilizes xed-point iteration theory to ensure high reconstruction quality while reducing
computational overhead. Many inversion techniques also particularly focus on improving downstream
editing tasks 25, 11]. For example, Source Prompt Disentangled Inversion (SPDRE)Hims to
decouple image content from the original text prompt, enhancing editing exibility and accuracy.
Specialized inversion and editing frameworks have been developed for speci ¢ editing B6eti
Additionally, the concept of inversion has been extended to broader dom&nkg[ 11, 6, 59].

Textual Inversion proposes learning new text embeddings to represent user-speci ¢ concepts for
personalized image generatidt?]. ReVersion 18] further explores learning and inverting relational
concepts from images. Meanwhile, works like Aligning Diffusion Inversion Cha# focus on
generating high-quality image variants by aligning inversion chains.

Although the above methods have solved the reconstruction problem to a certain extent, they may
bring artifacts and inconsistent details when applied to editing tasks. Most of the time, they only
focus on the text prompt or the original image, but do not integrate them. In our work, we propose
a simple but effective method to fuse the text prompt and source image in the form of xed-point
iteration. Our method improves the editing delity a lot and shows inspiring results.



Figure 2: Inversion process of DCI The green box on the left illustrates DCI, which use dual-
conditional guidance to reduce the latent gap. The right describes how DCI modi es the inversion
process and generate the latent noise code. It also shows our method can improve the editing method.

3 Dual-Conditional Inversion

3.1 Motivation and Problem Formulation

In most diffusion-based image editing frameworks, the inversion process plays a foundational role: it
converts an image to the latent noise representation from which the image can be reconstructed and
edited. However, diffusion models inherently lack an explicit and exact inverse process to convert an
image back to its corresponding latent noise representation. Ideally, a successful inversion would
yield a latent codet that faithfully preserves both the semantic content and structural details of the
input image, thereby enabling accurate reconstruction and precise downstream editing. However,
the information loss caused by repeated noise injection in inversion process makes perfect inversion
unattainable, even when auxiliary constraints such as text prompts or reference images are employed.

To analyze the limitations of current inversion strategies, we begin with DDIM (Denoising Diffusion
Implicit Models) [45], a deterministic variant of DDPMiJg]. DDIM de nes a closed-form sampling

process that generates a latent imag&om Gaussian noiser N (0;1) as follows:
S — !
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Where ; denotes the cumulative noise schedule, angpresents the noise predicted by a U-Net,
conditioned on the current timestepnd a control input (e.g. , a text prompt). However, using only

a text prompt as is insuf cient for accurately reconstructing the original image. Recent methods
such as ControlNet[/] and IP-Adapter $6] enrich the conditioning input with visual features

from the original image, thereby improving generation quality. Nevertheless, these methods are often
computationally expensive and dif cult to integrate into the inversion process. ldeally, inversion
requires recovering; from a knownz; ;, which leads to the following “ideal inversion” formula:

22=C¢1 zt 1+ Cy2  (Z:1; Cigeal); (2
[ q q
where the coef cients are de ned a€; = p==; Ci2 = P — i{ 1 tl -1

However, in practice, this expected inversion is not feasible because the ideak{dtemodt available
when performing the inversion step fram ;. Thus, the DDIM inversion process approximates
this update by feedinfg; 1;t 1;c) into the inversion process instead(af; t; c), leading to the
practical inversion formula:

z2=Cy1 zx 1+Ci2  (z 1;t L0 3

This approximation breaks the strict reversibility of the ODE-based formulation and introduces
temporal mismatch error between the predicted noise and the actual generative trajectory. Since the
diffusion model assumes in nitesimal step size for reversibility (akin to a continuous ODE), using
coarse discrete steps and mismatched inputs (if&;, 1;t 1;c) instead of the ideal (z;t;c))

induces systematic error at each timestep.

If a real image and its corresponding text prompt are given, the image generated directly using the
text prompt will be very different from the real image. The reason arises from the inaccuracy of text



prompt and randomness in the generation process. From this perspective, there are also errors in
the use of (z;t;c)) for the inversion process. This error is also accumulated over time, resulting
in the nal z; not being well applied to reconstruction and editing. In previous work, SPR2Bjv [
transforms the inversion process into a search problem that satis es xed-point constraints. The
pre-trained diffusion model is used to make the inversion process as independent of the source prompt
as possible, thereby reducing the gap betweén ;t;c)) and (z 1;t 1;c). Although SPDInv
narrows the gap between(z;t;c)) and (z 1;t 1;¢). However, in the previous analysis,
(z;t;¢)) is not an ideal noise. The ideal noise should not only be separated from the source
prompt, but also retain more information of the original image. What needs to be reduced is the
difference between (z;;t;Cigeas ) and (z; 1;t  1;¢), and this difference will appear in each
inversion process and accumulate in the nal output.

To achieve high- delity inversion, it is essential to minimize the discrepancy between the predicted
noise and the ideal generative direction at each timestep. This requires not only disentangling
the inversion process from the source prompt(mentione@5j),[but also preserving as much
information from the original image as possible. Addressing both aspects simultaneously is key to
reducing cumulative errors and improving the reconstruction and editability of the inverted latent
noise representations in diffusion-based image editing.

3.2 Dual-Conditional Inversion (DCI)

To address the limitations of existing inversion methods, we propose Dual-Conditional Inversion
(DCI), a novel framework that enhances the latent noise representations in diffusion models. DCI
leverages both the original image and text prompt to guide the inversion process, ensuring high-
delity reconstruction and improved editability. Unlike prior approaches, DCI integrates these
into a dual-conditional xed-point optimization pipeline. The method consists of two key stages:
reference-guided noise correctidimat anchors the inversion to the source image, aaed-point

latent re nementhat ensures self-consistency with the generative process.

3.2.1 Reference-Guided Noise Correction

The rst stage of DCI introduces a reference-based constraint to align the predicted noise with the
source image. At each DDIM timestépwe compute an initial noise estimate conditioned on the
source prompps:

MNaw = (Zt:t ps): 4)

where is the noise prediction model (e.g., a U-Net) amds the current latent. Howevet,,

often deviates from the ideal noise due to the coarse constrgigt @¥hile this prediction re ects
prompt-level semantics, it often deviates from the actual noise corresponding to the input image due
to limited grounding provided by textual information alone. To address this, we introduce a visual
reference signal by extracting a reference noise vegtdirom the source image laterg, which is
obtained via a pretrained VAE encoder The reference noise is de ned as:

ref = E(20): (5)

The (¢ serves as an anchor to guide the correction of prompt-based noise estimation. To enforce
alignment between the prompt-predicted noise and the image-derived reference, we de ne a reference
alignment loss:

Lrer = Kaw refk2 : (6)

Equation 6 penalizes the discrepancy between the two noise vectors. A one-step gradient-based
correction is then applied to re ne the noise prediction:

N = Araw I a Lref: (7)

where is a hyperparameter that controls the correction strength. This update adjusts the predicted
noise in a direction that reduces its divergence from the reference signal, effectively grounding the
inversion in visual structure. As a result, this correction improves reconstruction delity and ensures
that the denoising trajectory remains semantically and perceptually consistent with the original image,
particularly in scenarios where the prompt is ambiguous or underspeci ed.



3.2.2 Fixed-Point Latent Re nement

After correcting the noise estimate, we proceed to update the latent vazjaléng the DDIM
inversion formula. This step changes the inversion trajectory from timéstepto t, based on the
corrected noisé:

th%’[;l zs 1+ Cya X (8)

p—
whereCy; = p== andCy, = pﬁ L1 —- 1, and . is the noise schedule.

t
While this deterministic update follows the DDIM trajectory, it remains sensitive to error accumulation
during the inversion process. As such, it may introduce perturbations into the latent dynamics,
ultimately affecting reconstruction and editing delity. To improve stability and enforce consistency
with the forward generative process, DCI introduces a xed-point re nement step that iteratively
corrects the latent by treating it as a xed-point problem of the DDIM inversion at each timestep.
Speci cally, we de ne the latent update function:

f(z)=Cie1 zt 1+ Ce2  (zt;4Ps): 9
The objective is to nd a latent; such that:

z=f (z): (10)

To achieve this, we minimize the following xed-point self-consistency loss:
Ly = kf (z) zk, (12)

We iteratively re nez; using gradient descent:
Z = 7 rzLx; (12)

where is the learning rate of re nement process. This xed-point update step is repeated for up to
K iterations or until the convergence criteribry, < is satis ed. In practice, our method converges
rapidly within a few iterations(usually no more than 10 iterations), which ensures computational
ef ciency without compromising reconstruction quality. By explicitly enforcing this self-consistency
constraint, DCI stabilizes the inversion trajectory and reduces artifacts that arise from misaligned
latents. This re nement step not only enhances reconstruction quality but also improves the reliability
and exibility of downstream editing operations.

Algorithm 1 Dual-Conditional Inversion (DCI)

Input: Source image latery, DDIM stepsT, source prompps, maximal optimization roundk ,
threshold , image guidance strength xed-point learning rate , reference noisees
Output: Inversion noiset
1: fort=11toT do
2: fori=1toK do

3: Getz; fromz 1 based on (3)

4: Predict noisé\,, based on (4)

5: Computel ref = K'aw refk,

6: Apply correction: =~ I AL ref
7 Update z; using”

8: Calculatel x = kf (z) zk,

9: Updatez; = z rzLx

10: if Ly < then breakend if

11:  end for

12: end for

3.2.3 Algorithm Summary

The complete Dual-Conditional Inversion (DCI) process is summarized in Algorithm 1. At each
DDIM timestep, DCI rst performReference-Guided Noise Correctitmobtain a visually grounded
noise estimaté by combining prompt-based prediction and reference-derived supervision. Then
it is followed by Fixed-Point Latent Re nemenivhich iteratively updates the latentto satisfy a
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