Wayvelet-Guided Semantic Signal Compensation
for Inversion-Free Image Editing

Angi Tang”, Wenhao Sun”, and Zhaogiang Liu™)

School of Computer Science and Engineering
University of Electronic Science and Technology of China
angitang@std.uestc.edu.cn,2025110816440std.uestc.edu.cn,zqliul20gmail.com

Abstract. Text-guided image editing aims to modify visual content ac-
cording to a target prompt while preserving the background. Recent
inversion-free image editing frameworks such as FlowEdit have demon-
strated strong editing capability without requiring inversion. Empirically,
FlowEdit can achieve substantial semantic changes under appropriate
hyperparameter settings. However, we observe that under certain global
attribute shifts, the editing trajectory may not effectively move away
from the source distribution in the early timesteps. Our analysis sug-
gests that in the high-noise regime, the dominant manifold-seeking flow
toward the data manifold can reduce the influence of the text-conditioned
direction, leading to limited global modification while background struc-
tures remain only moderately preserved. Inspired by this observation,
we propose an inversion-free, frequency-aware semantic compensation
strategy that strengthens the effective signal in the early stage of gener-
ation, while maintaining structural consistency in the background. The
proposed method improves global editing capacity without sacrificing
background fidelity.

Keywords: Inversion-Free Image Editing - Rectified Flow - Wavelet
Transform

1 Introduction

Diffusion models [13}[33]/34] and rectified flows (RFs) [23,/24] have enabled high-
fidelity image synthesis by progressively transforming noise into realistic images,
achieving strong generation quality in practice. Building on their strong gener-
ative priors, diffusion and flow models have also become a foundation for text-
guided image editing, where the goal is to change semantics under textual control
while preserving the structure of input. Traditional methods |10}/11}[30}/37,|45]
typically rely on explicit semantic inversion to modify content while preserving
spatial layouts. However, this process is plagued by reconstruction drift and high
computational overhead.
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To avoid these bottlenecks, recent inversion-free editing frameworks
modify images directly by dynamically estimating the velocity dif-
ference between a source trajectory and a target trajectory. By integrating
this differential velocity field over time, these methods can guide the genera-
tive flow toward the target semantic domain without retracing the exact noise
latent, thereby inherently retaining the structural priors of the source image.
While these inversion-free methods demonstrate impressive editing capability
and structural preservation, we observe a clear limitation when they are ap-
plied to global semantic modifications, such as shifting overall color attributes,
as illustrated in Fig. [l We attribute this behavior to what can be described
as semantic indistinguishability in the high-noise regime. At the initialization
of the generation process, the latent state is dominated by unstructured noise.
In this regime, the predicted velocity field is largely governed by the fundamen-
tal generative objective of transporting the noise distribution toward the coarse
natural image manifold. This dominant manifold-seeking flow tends to outweigh
the comparatively subtle semantic signal introduced by the text conditioning.
As a result, the target trajectory remains strongly aligned with the structural
prior inherited from the source image, limiting its ability to deviate toward new
global attributes. Consequently, during the early steps, when coarse structures
and low-frequency components are established, the editing dynamics are pri-
marily dictated by structural preservation rather than semantic transformation.
By the time the noise level decreases and text conditioning becomes more influ-
ential, the global layout and color composition have already been largely fixed,
significantly reducing the capacity for effective large-scale semantic modification.

To address this insufficient semantic deviation, it is necessary to extract a
guidance signal that is disentangled from the dominant manifold-seeking flow.
We propose same-point semantic probing, which evaluates both source and tar-
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Fig.1: Failure cases of inversion-free RF-based editing methods, including
FlowEdit , FlowAlign 7 and DVRF [2], under global semantic modifications.
When performing global attribute shifts, existing methods either introduce structural
distortions, semantic drift, or incomplete color transformation. In contrast, our method
achieves more consistent global attribute changes while preserving structural details.
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get conditions at the exact same latent state. By locking the spatial coordinates,
the shared generative flow creates a baseline that allows us to obtain a co-located
prompt-induced direction that is less confounded by the spatial separation be-
tween source and target latents. However, directly injecting this raw signal into
the editing flow can introduce high-frequency perturbations that degrade the
structural integrity of the source image.

To resolve this spatial-frequency conflict, we introduce a Wavelet-based Se-
mantic Signal Compensation framework. Leveraging the 2D discrete Haar wavelet
transform (DWT) [26], we explicitly decouple the frequency bands of the seman-
tic editing signal. We isolate the low-frequency components, while filtering out
high-frequency detail coefficients. This prior is injected into the editing flow via
a time-modulated update rule, ensuring maximum guidance during the early
structural formation phase while quadratically decaying to preserve fidelity dur-
ing the textural refinement phase.

The main contributions of this paper are summarized as follows:

— We identify and analyze a limitation of inversion-free editing under rectified
flow models, where the semantic editing signal becomes weak in high-noise
regimes due to the dominance of manifold-seeking flow. We show that this
effect limits the accumulation of directional deviation required for global
attribute changes.

— We propose a wavelet-based semantic signal compensation mechanism that
extracts low-frequency directions from identical latent states while suppress-
ing high-frequency perturbations. This design strengthens global semantic
modification while preserving structural consistency.

— Extensive experiments, including quantitative evaluation, user studies, and
frequency-domain analysis, demonstrate that our method achieves stronger
and more consistent semantic editing across diverse tasks.

2 Related Work

Existing approaches in text-guided image editing can generally be categorized
according to their generative backbones, namely diffusion models or rectified
flows.

2.1 Text-Guided Image Editing with Diffusion Models

A principled family of methods first inverts the source image into the latent space
of the diffusion model and then regenerates it under a modified text prompt.
DDIM Inversion [12,[17] retraces the deterministic sampling trajectory to esti-
mate the noise latent that reconstructs the input, but the approximate nature of
the inverse process often leads to reconstruction drift, especially under low-step
settings. To solve this issue, subsequent works have proposed more consistent
inversion schemes [10L|11}30}/37,/45], guidance-based manipulations [29}/47], and
higher-order solvers [3},9}14].
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There are also several works focusing on manipulating internal representa-
tions for structural preservation [4}/12}36}42]. P2P [12] controls cross-attention
maps to align spatial layout, while PnP [36] and MasaCtrl [4] inject spatial
features and mutual self-attention queries, respectively, to maintain geometric
consistency during editing. Beyond attention-level control, FreeDiff [40] exploits
frequency-domain priors by employing a training-free progressive frequency trun-
cation strategy to maintain structural consistency along the denoising steps.

While FreeDiff also leverages frequency decomposition, our method differs
in operating domain and control objective. First, FreeDiff operates directly in
the latent space via fast Fourier transform (FFT) [6], aiming to constrain the
generation by imposing the structural prior of source. This is a restrictive op-
eration designed to prevent structure collapse in diffusion models. In contrast,
our method operates in the velocity space of rectified flow models. Our goal is
injection rather than constraint. We apply a wavelet transform to the prompt-
induced editing signal and inject its low-frequency component into the velocity
field to drive the necessary global deviations.

2.2 Text-Guided Image Editing in Rectified Flows

Within rectified flow models, inversion-based editing has been advanced by RF-
Edit |38], which introduces a training-free high-order solver via Taylor expansion
of the nonlinear ordinary differential equation term. RF-Inv [32] formulates se-
mantic image inversion under rectified stochastic differential equations, enabling
text-guided editing within the RF framework. FireFlow [7] achieves a 3x speed-
up with a second-order solver. ABM-Flow |25| adopts a multi-step predictor—
corrector scheme with mask-guided latent injection. DNA-Edit [41] aligns noise
trajectories directly to facilitate semantic manipulation in rectified flow models.

A class of inversion-free methods bypasses explicit reconstruction altogether.
FlowEdit [19] formulates editing by aligning the velocity fields of the source and
target trajectories. Building upon FlowEdit, recent works have focused on stabi-
lizing the editing trajectory. FlowAlign [18] and TweezeEdit [27] assume shared
noise conditions to simplify velocity-difference estimation under optimal control
and path-regularization objectives. DVRF [2] generalizes these formulations with
an additional correction term.

While highly efficient, we observe that the editing signal of FlowEdit of-
ten diminishes in the high-noise regime due to the dominant manifold-seeking
transport, leading to limited global semantic modifications. To address this se-
mantic indistinguishability, our method introduces a wavelet-guided compensa-
tion mechanism to enforce stronger global semantic guidance during the early
sampling steps.

In the broader context of image editing, frequency-domain constraints have
been introduced to disentangle semantic changes from structural preservation.
Recent inversion-free editing methods incorporate frequency-aware mechanisms,
including FFT-based frequency stochasticity injection and frequency interactive
attention, as well as wavelet-based multi-scale decomposition frameworks [35/43]



Wavelet-Guided Semantic Signal Compensation 5

44]. Different from them, our method retains the original pre-trained flow model
without attention modifications.

3 Preliminaries

In this section, we summarize the formulation of rectified flow, and then describe
the translation-coupled editing mechanism used in FlowEdit. For brevity, we
provide a concise overview, and defer the full derivations and detailed discussions
to the supplementary material.

3.1 Rectified Flow

Generative flow models aim to construct a transport between two distributions, a
simple source distribution p; (typically standard Gaussian noise) to the complex
data distribution po [23].Throughout this work, we follow the formulation in
FlowEdit |19], where ¢ = 1 corresponds to pure noise and ¢ = 0 corresponds to
clean data. The generative process is defined by an ordinary differential equation
(ODE) flowing from ¢t = 1 to t = 0, governed by a velocity field v; with % =
vi(x).

Rectified flow [24] adopts a linear interpolation path between noise and data:
x; = tey + (1 — t)xy. We discretize the time interval [0, 1] into N subintervals
with timesteps 1 =ty > ¢; > -+ >ty = 0. Starting from initial noise x, ~ p1,
we apply a first-order Euler discretization to numerically integrate the ODE:

Lt = L, + (ti+1 - ti)ve(xtmti)v (S {Oa s 7N - 1}7 (1)

where vg denotes the pre-trained rectified flow model.

3.2 FlowEdit

FlowEdit |19] formulates image editing by constructing a direct path from the
source distribution to the target distribution via rectified flow. Given a source
image ¢, for any time step ¢ € [0,1], we independently sample € ~ A(0,I)
and define ' = (1 — t)x™° + te. The idea of FlowEdit is to define the target
trajectory xi?" as a deviation from the source trajectory, driven by the semantic
difference. Let eg,. and ey, denote the text embeddings of the source and target
prompts, respectively. We define the delta velocity Av; between the target and

source vector fields as:
Avy £ vg(Tf™, £ eqar) — vo (27, 1 €grc). (2)

FlowEdit constructs a target flow that preserves the structural dynamics of the
source flow while integrating this semantic velocity. This corresponds to the
coupled differential equation:

dzi® = dzi*° + Av,dt. (3)
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By discretizing Eq. , we obtain the practical Euler update rule that combines
the exact source transport with the semantic edit:

tar __ . tar src src . X
x =l A (@ — 2 ) + (i — ) Avy, (4)
—_—
source transport semantic edit

This formulation ensures that the target generation faithfully follows the struc-
tural layout of the source image through the transport term, while Av;, injects
the necessary semantic alterations.

3.3 Two-Dimensional Haar Wavelet Transform

Given a spatial tensor X € RP*W  the single-level 2D Haar transform [26]
decomposes each non-overlapping 2x 2 block into four sub-bands (cA, cH, ¢V, ¢D)
representing local averages and directional differences. The forward transform is
defined as

cA=1L(a+b+c+d), (5)
cH=1%(a—b+c—d), (6)
&V=3(a+b—c—d), (7)
cD=1%(a-b—c+d), (8)

and the inverse transform exactly reconstructs the original samples. The trans-
form is applied independently to each channel. Using the 2D Haar wavelet trans-
form, we write the forward and inverse operators as DWT(-) and IDWT(-). The
cA encodes the local spatial average, while cH, ¢V, and ¢D encode horizon-
tal, vertical, and diagonal local differences, respectively. The single-level inverse
transform reconstructs the original samples from these coefficients.

4 Method

We present a training-free augmentation to FlowEdit [19] that addresses its
limited effectiveness in global attribute modification, such as large color shifts,
as illustrated in Fig. [I| The overall mechanism is illustrated in Fig.

4.1 Motivation: Semantic Indistinguishability in the High-Noise
Regime

Although FlowEdit produces visually compelling edits in many settings, we iden-
tify a failure mode that limits its capability for global semantic modifications.
Specifically, while the geometric editing signal Awv,, is non-zero during the high-
noise phase in practice, it provides only weak and unreliable semantic direction-
ality, which is often insufficient to initiate significant global attribute changes.
Because the early steps determine the global layout and dominant attributes
of the generated image, the lack of informative guidance in this regime constrains
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Fig. 2: Illustration of trajectory editing with FlowEdit and our method. FlowEdit
directly applies a single residual direction Awv,, derived from the source and target ve-
locity fields. Our method first estimates a co-located prompt-induced editing direction
(vsem ), extracts its spatially coherent low-frequency component (view) as an auxiliary
global compensation, and combines it with the original geometric update to obtain
Awvy, . The bottom row visualizes editing trajectory, where the scene gradually replaces
the flowers with a dog while preserving the background layout.

global semantic modification. Consequently, the target latent x}*" accumulates

insufficient directional momentum along the probability flow trajectory, yielding
only weak global changes (e.g., uniform color shifts). Instead, it remains closely
aligned with the source trajectory and exhibits only minor attribute deviations.
When the noise level finally becomes low enough for the prompt to exert stronger
semantic control, the global structure and color composition have already been
fixed, making the edit ineffective.

Analogous to the Tweedie formula in diffusion models, we recover the instan-
taneous expectation of the clean data &y by projecting the flow forward. Under
the linear-trajectory assumption of rectified flow, the one-step estimator is [28]:

Zo(xy,) = @y, — t; - vo(x4,, t5). (9)

Eq. @D provides a deterministic preview of the final structure from any inter-
mediate state t;. As shown in Fig. [3| we examine &y computed along the target
trajectory of FlowEdit. Despite the target prompt specifying a distinct attribute
(e.g., a brown lizard), the semantic shift is largely suppressed by the source bias:
only faint target components appear, and the trajectory ultimately returns to
the source appearance, causing the edit to fail.



Source (X§°)
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Fig. 3: Visualizing Semantic Signal Indistinguishability. Top Row: Source tra-
jectory. Bottom Row: Target trajectory conditioned on a prompt requesting a global
attribute change (green — brown).

4.2 Problem Formulation

Building on the analysis above, we formalize the main quantities involved and
describe the principles guiding the proposed method.

Definition 1 (Semantic Editing Signal). Given a noisy latent  at step i,
source prompt embedding es,., and target prompt embedding ei.., the semantic
editing signal is defined as

Vsem (T, t;) = vo(T, ti; €tar) — Vo (T, i} €src)- (10)

Remark 1. The geometric editing signal Av,, evaluates the velocity network at
two distinct latent points i and x5 under different prompts, so its magnitude
can reflect both the prompt-conditioning difference and the spatial separation
between the two inputs. By contrast, vgen, evaluates both prompts at the same
latent point, thereby removing the geometric confound caused by distinct in-
put locations. We use this co-located prompt-induced direction as an auxiliary
editing signal, rather than as an assumption that all semantic changes are rep-

resented by a particular frequency band.

Definition 2 (Low-Frequency Extraction Operator). Let L denote the
number of Haar wavelet decomposition levels. The low-frequency extraction op-
erator Foy : REXCXHXW _ REXCXHXW 4o defined as the composition of an
L-level forward two-dimensional Haar decomposition, zeroing of all detail sub-
bands at every level, and L-level inverse reconstruction:

Frow(X) = IDWT(LL)<CA(L), {o,o,o}le) , (11)

where cA) is the L-th level approzimation coefficient obtained by iterating the
single-level forward transform on successive approzimation sub-bands.
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4.3 Wavelet-Based Semantic Signal Compensation

Multi-Level Decomposition and Low-Frequency Extraction Building
upon the single-level Haar transform introduced in Sec. [3.3] we construct a multi-
level decomposition to isolate progressively coarser structural components of the
trajectory. The L-level forward decomposition iterates the single-level transform
on the approximation sub-band only. Setting cA(®) = X the recursion for [ =
1,...,Lis

(CA(l), cHY, v, cD(l)) = DWT(CA(Z*U). (12)

The operator Aqy defined in Definition [2| can be equivalently interpreted as a
cascaded inverse reconstruction starting from cA("), where all detail sub-bands
are set to zero at each level.

Semantic Editing Signal After computing the noise-averaged geometric signal
Awy,, one additional network evaluation is performed at the source noisy latent

¢ under the target prompt. The semantic editing signal is defined as

'vsem(mifca ti) = Vo (mifcv ti; etar) — Vo (mifca 2% esrc) . (13)
Because both evaluations share the same input latent 7, the difference vsem
captures the co-located directional response induced by the change in text condi-
tioning, while avoiding the confound introduced by evaluating the two prompts
at distinct latent points. Since the source-prompt velocity vg(xy°, t;; €.) is al-
ready available, this additional evaluation requires only one extra forward pass
per active timestep under the target prompt at 3 °. This design choice distin-
guishes our approach from FlowAlign [18] and CVC [21]. While they also utilize
an additional network inference, they apply this correction to the target latent
x{*. In contrast, our method anchors the additional evaluation at the source
latent xj'°, so that the resulting signal serves as a prompt-conditioned auxiliary
direction rather than a direct rectification of the edited trajectory.

Frequency-Selective Injection and the Modified Update Rule While
Vsem provides a useful prompt-induced auxiliary direction, its raw form may
also contain spatially incoherent perturbations caused by the random forward
noise embedded in xy. Directly injecting the full signal can therefore disturb
fine structures in the output. Accordingly, the low-frequency extraction operator

is applied to obtain
Viow = ﬁow (Usem (szffca tz)) 5 (14)

which retains the spatially slowly varying component of vgen,. This component
is used only as a complementary compensation for globally coherent changes,
such as overall color distribution, material appearance, and coarse spatial orga-
nization, which are often difficult to initiate during the high-noise phase. Impor-
tantly, we do not assume that all semantic attributes are low-frequency, nor do
we low-pass the entire editing update. The original geometric signal Av;, remains
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active in Eq. , allowing high-frequency structures, textures, and fine-grained
attributes to still be handled by the standard editing dynamics.

The injection is modulated by the time-dependent weight w(t;) = A t?, where
A > 0 controls the overall strength of the injected signal across timesteps. This
quadratic schedule satisfies four desirable properties: at ¢; ~ 1 the weight ap-
proximates A, maximally activating the compensation precisely where Awv, is
least informative; at ¢; ~ 0 the weight vanishes, reducing the ODE to the orig-
inal FlowEdit update and preserving fine-detail fidelity; the schedule is smooth
and monotone, requiring no explicit threshold or switching criterion; and set-
ting A = 0 recovers the original FlowEdit ODE exactly for all ¢;. The complete
modified update is

2 src
xt¢+1 = Ty, —+ (ti+1 — tz) A’Uti + Atz . ]-Iow(vsem(mti y tz)) . (15)
geometric signal global prompt compensation

The geometric signal Av;, tracks the evolving discrepancy between the coupled
noisy latents as the edited trajectory diverges from «*'“, while the low-frequency
auxiliary term provides a complementary global prompt-conditioning bias, espe-
cially in the high-noise regime where global attributes are difficult to establish.

For editing tasks confined to a specific spatial region, an optional binary
mask M may be supplied. The masked combined editing signal Av,, is

A\;}ti =MO0 (A'Uti + /\t? ’U]ow>, (16)

where ® denotes element-wise multiplication in the spatial domain.

4.4 Frequency-Domain Analysis

To examine the frequency-selective behavior of the proposed compensation, we
analyze the spectral characteristics of the pixel-domain editing signal. Given a
source image x*"°, we compute the edit delta 6 = x;,, — x°° for both FlowEdit
and our method. Each delta map is converted to grayscale, transformed using a
2D discrete Fourier transform, and radially averaged to obtain the power spec-
tral density (PSD) as a function of spatial frequency k. This analysis is intended
to characterize how the compensation redistributes edit energy across frequency
bands, rather than to serve as a standalone proof of semantic correctness. As
shown in Fig. [l our method consistently produces higher spectral energy than
the baseline in the low-frequency range, while remaining close to the baseline
in the high-frequency regime. The frequency-wise gain curve further confirms
this trend: the average gain is larger for k£ < 25, whereas only moderate am-
plification is observed at higher frequencies. These results support the intended
behavior of the wavelet-guided compensation: it strengthens spatially coherent
global changes without suppressing the high-frequency pathways. Therefore, the
frequency-domain analysis should be interpreted as evidence for selective global
compensation, complementing the visual and quantitative editing results.
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() a green lizard is sitting on a branch—a brown lizard is sitting on

ours  tnput)

(b) a cartoon kitchen with a stove, sink and cabinets —a cartoon kitchen with a stove, sink and wooden cabinets

Fig. 4: Frequency-domain comparison of the editing delta. Left: qualitative
editing examples. Middle: radially averaged power spectral density (PSD) of the pixel-
domain edit delta for FlowEdit (blue) and ours (red). The gray dashed line indicates the
low-frequency boundary (k = 25). Right: frequency-wise power gain (Ours/Baseline).

4.5 Pipeline of the Algorithm

Algorithm [I] presents the complete procedure.

Algorithm 1 Wavelet-Guided Semantic Signal Compensation Framework

Require: Pre-trained rectified flow model vg, source latent x*°, source prompt em-
bedding egrc, target prompt embedding etar, timestep schedule {ti}fio, mask M,
editing window [nmin, Nmax], Semantic strength A > 0, wavelet levels L, the opera-
tor Aow

Ensure: Edited latent x¢

1: Initialize @¢, +
2: for i =N — Nmax, ..., N —1do

3: if nmin < N — 7 < nmax then > Editing window
4: :E;f — (1—ti) xz%° + 1 €, €; NN(O,I)

5 m}f‘r —xy g -

6 Avp,  vo (i, ti; erar) — Vo (XF°, ti; €src)

T Vsem < Vo (wzcy ti; etar) — Vo (mzc’ ti; esrc)

8 Viow < Flow (Vsem) > L-level Haar extraction, as in Eq.
9: Avvti — Avy, + A t? - Viow

10: Avy, — M O Ay,

11: :EtiJrl < Tt; + (ti+1 — ti) A'Ut,;

12: else if N — i < nuin then > Standard denoising
13: Tty — Tt + (L1 — ti) vo (e, Li; €tar)
14: end if
15: end for

16: return x;,
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5 Experiments

In this section, we evaluate the performance of our proposed method against
inversion-based and inversion-free baselines. We conduct comprehensive experi-
ments to demonstrate the effectiveness of our approach in terms of editing qual-
ity, structure preservation, and background consistency.

5.1 Setup

Our method is implemented on FLUX |[20], Stable Diffusion 3 (SD3) [§], and
SD3.5. We report the main quantitative and qualitative results on FLUX, with
additional SD3 and SD3.5 results in the supplementary material.

Dataset and Baselines. For evaluation, we utilize PIE-Bench [16], consisting of
700 source images and target prompts organized into ten diverse editing sce-
narios. Additional high-resolution evaluation on EditBench [22]| is provided in
Supplementary Sec. D. We compare our method against a comprehensive set of
baselines. For diffusion-based methods, we compare with PnP |36] and MasaC-
trl [4]. Additionally, we evaluate FreeDiff |[40], which employs progressive fre-
quency truncation to preserve structural consistency by utilizing low-frequency
components from the source image during the editing process. For the inversion-
based method, we compare with RF-Inv [32], StableFlow |1], RF-Edit [38],
FireFlow |7] and DNA-Edit [41]. For inversion-free methods, we compare with
FlowEdit [19] in the main FLUX evaluation, and provide additional comparisons
with FlowAlign [18] and DVRF |[2] in Supplementary Sec. B. Comparisons with
recent frequency-aware methods, including FSI-Edit [43] and FIA-Edit [44], are
reported in Supplementary Sec. C. Runtime analysis is provided in Supplemen-
tary Sec. F.

Metrics. We report three categories of metrics: structural consistency, back-
ground preservation, and text-image consistency. Structure distance abbrevi-
ated as Struct. in Tab. [T} measures structural similarity via the cosine similarity
between DINO |[5] feature self-similarity matrices. Background preservation eval-
uates non-edited regions using peak signal-to-noise ratio (PSNR) [15], structural
similarity index measure (SSIM) [39], mean squared error (MSE), and learned
perceptual image patch similarity (LPIPS) [46], computed outside the annotated
editing masks. For text—image consistency, we compute CLIP [31] similarity on
both the full image and the edited region to assess global alignment and local
editing accuracy.

Implementation Details. We follow the FlowEdit |19] setup for the sampling
configuration. Specifically, we adopt N = 28 sampling steps with the editing
window defined as nyi;, = 0 and nyae = 24 for FLUX. We set the semantic
strength parameter A = 3.0 and the wavelet level to L = 3 for FLUX.
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Table 1: Quantitative comparison on the PIE-Bench. Comparison across all methods
without grouping by backbone. The best and second-best results are shown in bold
and underline, respectively.

. 3 Background CLIP
Method Model Strucix 10 Preservation Similarity
PSNR t+ LPIPSx10® | MSEx10* | SSIMx10?1 Whole t Edited 1

PnP [36] Diffusion 23.47 22.48 105.70 79.83 80.22 25.44 22.60
MasaCtrl 4] Diffusion 23.68 22.66 87.54 80.66 81.89 24.37 21.36
FreeDiff |40 Diffusion 17.98 24.78 89.02 54.81 81.92 25.16 22.15
RF-Inv |32] FLUX 64.61 17.97 242.00 221.24 64.92 25.29 22.91
StableFlow |1] FLUX 19.25 23.04 77.09 84.78 87.22 24.06 21.18
RF-Edit 38| FLUX 24.45 24.41 113.44 56.46 83.84 25.03 22.28
FireFlow |7} FLUX 27.27 23.08 128.65 71.11 81.25 25.34 22.92
FlowEdit |19 FLUX 27.61 22.23 111.32 90.98 83.64 25.39 22.62
DNA-Edit [41] FLUX 16.83 25.21 86.48 48.11 87.23 24.82 22.12
Ours FLUX 30.95 26.17 54.02 39.24 90.60 25.52 23.05

5.2 Quantitative Results

As shown in Tab. [I} our method achieves the best CLIP scores while also leading
across background preservation metrics. Although DNA-Edit obtains a strong
structure distance, its lower CLIP scores indicate weaker semantic editing. In
contrast, our approach provides stronger target alignment while maintaining
higher PSNR, lower LPIPS/MSE, and higher SSIM, showing that wavelet-guided
compensation better balances edit strength and background fidelity in inversion-
free editing.

5.3 Qualitative Results

Fig. [5| presents visual comparisons across a range of editing tasks, including both
local attribute manipulation and more complex structural modifications. As il-
lustrated in the figure, our method achieves precise semantic modification while
preserving the identity and overall structure of the original image. For exam-
ple, in the open-mouth panda case, the mouth region is successfully modified
to reflect the target instruction, while the identity, pose, and surrounding envi-
ronment of panda remain largely unchanged. Similar behavior can be observed
in other examples, where the target attributes are effectively realized while pre-
serving the main content of the original image. These results demonstrate that
our approach effectively balances semantic editing strength and structural con-
sistency across diverse editing scenarios.

5.4 Sensitivity and Design Choices

Our method introduces two design parameters: the wavelet level L and semantic
strength A. As summarized in Tab. [2] increasing L generally favors structural fi-
delity and background preservation, while A controls the preservation—editability
trade-off. We use L = 3 and A = 3.0 as the default FLUX setting. Tab. [3] shows
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Fig. 5: Qualitative comparison on the PIE-Bench.

that low-frequency compensation performs better than full-spectrum or high-
frequency-only injection. Complete grids for A and L are provided in Supple-
mentary Secs. B.3 and E.1, with low-pass operator and schedule ablations in
Supplementary Secs. E.2 and E.3.

5.5 User Study

We further assess perceptual quality through a pairwise user study. For each
baseline comparison, we randomly select 100 edited image pairs generated by our
method and one of seven baselines using the same source image and edit prompt.
Ten participants choose the result that better preserves unedited regions while
reflecting the target edit. As shown in Tab. @ our method is preferred over all
baselines, complementing the quantitative results.
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Table 2: Ablation study of the wavelet decomposition level L and the semantic
strength parameter A on PIE-Bench under FLUX. We report one-factor sensitivity
slices for L and A. Our final choice (L = 3, A = 3.0) is highlighted in gray. The
complete hyperparameter grid is provided in the supplementary material.

! 3 Background CLIP
Setting L A Struct.x10 Preservation Similarity
PSNR 1+ LPIPSx10%® | MSEx10* | SSIMx10?+ Whole 1+ Edited 1
L sweep (A=13.0) 1 3.0 35.31 25.26 58.48 46.12 89.95 25.56 23.01
2 3.0 34.21 25.51 57.36 44.14 90.16 25.59 23.01
3 3.0 30.95 26.17 54.02 39.24 90.60 25.52 23.05
4 3.0 26.06 27.05 49.12 33.36 91.17 25.39 22.90
Asweep (L=3) 3 2.0 25.72 26.88 49.64 34.09 91.16 25.48 22.98
3 25 28.30 26.52 51.83 36.59 90.88 25.54 23.05
3 3.0 30.95 26.17 54.02 39.24 90.60 25.52 23.05
3 35 33.67 25.80 56.24 41.99 90.33 25.55 23.09
3 4.0 36.65 25.44 58.68 45.00 90.04 25.44 22.94

Table 3: Frequency-band selection on PIE-Bench under FLUX.

Struct. x 10° Background CLIP
Method ruct.x Preservation Similarity
PSNR 1+ LPIPSx10® | MSEx10* | SSIMx10? 1 Whole 1+ Edited 1
Zero (no comp.) 27.61 22.23 111.32 90.98 83.64 25.39 22.62
Identity (full) 41.53 23.61 69.77 63.31 88.05 25.03 22.24
Highpass only 33.20 24.81 59.69 50.37 89.25 24.97 22.34
Haar wavelet 30.95 26.17 54.02 39.24 90.60 25.52 23.05

Table 4: User preference rate (%).

Method Ours Base ‘ Method Ours Base

Fireflow 71 29 | FreeDiff 58 42
StableFlow 68 32 | DNA-Edit 58 42
FlowEdit 66 34 | RF-Edit 58 42
RF-Inv 64 36

6 Conclusion

In this paper, we investigate inversion-free image editing from the perspective
of trajectory dynamics in rectified flow models. Through empirical and analyt-
ical observations, we identified that under certain global attribute shifts, the
semantic editing signal may become weak in the early timesteps due to strong
geometric coupling along the source trajectory. Motivated by this analysis, we
introduced a time-dependent compensation mechanism that enhances semantic
deviation when the trajectory is insufficiently responsive to the target prompt,
while remaining compatible with the original formulation. The proposed strat-
egy improves editing strength while maintaining background fidelity. Extensive
experiments demonstrate that our method achieves more faithful semantic mod-
ifications and stronger perceptual preference across diverse editing scenarios.
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