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Abstract. With the recent rapid progress in generative models, im-
age editing has made remarkable advances, yet achieving faithful edits
that precisely modify only the target regions while strictly preserving
all other regions remains challenging. Since externally provided region
annotations are often difficult to obtain in practice, a growing body of
work seeks to improve preservation by automatically inferring edit and
non-edit regions, and then enforcing consistency on the latter. However,
these approaches still suffer from inaccurate region estimation and heuris-
tic correction strategies that distort the native inference process, making
methods designed for fidelity themselves a new source of artifacts. We
propose SR-Edit, an image editing framework that overcomes these is-
sues via iterative self-refinement. Specifically, at each iteration, SR-Edit
first (i) extracts progressively precise and self-consistent region separa-
tion from the model’s own predictions by lightweight post-processing,
and then (ii) enforces preservation in non-edit areas through correction
updates that remain aligned with the original sampling dynamics. Ex-
tensive experiments demonstrate that SR-Edit achieves superior preser-
vation and overall image quality compared to existing editing techniques.
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1 Introduction

Recent progress in generative models [20133,36}48L[54] has greatly expanded the
capabilities of image editing. A variety of editing paradigms have been proposed,
including editing with forward noising followed by conditional denoising [40],
training-based editors that learn an explicit mapping from a source image and
a textual editing instruction to the edited image [5L[35L/611/62,65], and inversion-
based methods that invert an image into a diffusion trajectory and then modify
the denoising process to achieve the edit |1927}[37.43L|63L|71].

Despite impressive results, a persistent bottleneck remains: faithful editing,
i.e., producing the desired modifications while strictly preserving all other con-
tent. In real-world edits, users typically expect backgrounds, identity cues, fine
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Fig. 1: Examples of edited images produced by SR-Edit. The edit regions are
automatically inferred by the model and indicated by red overlays [ | on original images.

textures, and geometric details outside the target concept to remain unchanged.
However, most generative editing pipelines still rely on sampling dynamics that
start from a noisy state and evolve under a new condition, which inherently
operates on global image content . As a result, even when the semantic edit
succeeds, the output may exhibit unintended drift in non-edited regions, such as
subtle background changes, texture inconsistencies, or identity degradation.

A common strategy to improve preservation is to explicitly separate the im-
age into edit and mon-edit regions, and then enforce consistency on the latter.
When accurate user-provided masks are available, spatially constrained edit-
ing can be effective , but manual annotation is costly and often un-
available in practice. This motivates mask-free approaches that infer editable
regions automatically, for example by manipulating or interpreting attention
maps or by computing differences between diffusion predictions
under source and target prompts [11,[37].

Nevertheless, automatic region estimation remains challenging. The inferred
masks are often insufficiently precise, failing to align with true pixel boundaries,
and can also be temporally unstable across sampling steps I@I Moreover, many
preservation mechanisms rely on heuristic interventions such as feature fusion
and reuse, or KV interpolation in intermediate representations, which are
not consistent with the original sampling dynamics . Consequently, the
techniques introduced above to improve fidelity do not reliably enhance preser-
vation. Instead, they can become a new source of imprecision and artifacts.

We propose SR-Edit, a self-refined image editing framework that addresses
both failure modes: inaccurate region estimation and heuristic preservation cor-
rections. The key idea is to use the model’s own output as self-feedback to con-
struct a reliable pixel-space separation between edited and preserved content,
and then to enforce preservation through an update rule that remains aligned
with intrinsic sampling dynamics.

Concretely, SR-Edit leverages the model’s predictions to build self-consistent
difference maps and converts them into a precise edit and non-edit decomposi-



SR-Edit: Region-Aware Image Editing via Self-Refinement 3

Output

Region Identification

[ Distribution Separation

[ Morphology Refinement

[ Connectivity Filtering

Few-step
Inference
Augmented Drift ug + Vlogh

zr | — | 2z —_— -

Self-correction Update
Condition Reference T

Fig. 2: Overview of SR-Edit. The edit instruction of the case is Change the animal’s
fur color to a darker shade. We use ug to denote the sampling vector field that drives
the generative trajectory. s denotes the start time of self-correction update while n
denotes the time duration. N denotes the number of self-refinement iterations.

tion via lightweight pixel-space post-processing . Unlike latent-space dis-
crimination, pixel-space differences directly reflect decoded visual changes and
admit mature refinement operations, yielding sharper and more stable region
estimates.

To enforce preservation, we adopt a principled conditioning mechanism based
on Doob’s h-transform theory [4,[14]. We formulate preservation as a constraint
on the non-edit region by modeling it as a vanishing-noise observation, and derive
an additive guidance term that enhances fidelity while preserving the structure of
the sampling procedure. Under a plug-in approximation, this guidance reduces to
a masked residual on the model’s clean-image prediction, which can be injected
into diffusion samplers as an additive drift correction and analogously into flow-
matching samplers as a velocity correction.

In contrast to heuristic state interventions (e.g., direct feature replacement
or blending) [46,[56], our update is derived from a distribution transform and
therefore tends to preserve native inference dynamics while suppressing non-edit
drift. This complements existing methods that improve fidelity to the source
image through more accurate inversion and structural conditioning
approaches that anchor geometry of the source via external controls .

SR-Edit operates in an iterative self-correction loop: region separation is in-
ferred from current predictions, preservation guidance is applied to suppress
non-edit drift, and the model produces a progressively refined result across it-
erations. This self-refinement gradually improves region localization and preser-
vation while maintaining edit intent. Extensive experiments demonstrate that
SR-Edit yields superior non-edit preservation and improved overall visual qual-
ity compared to prior region-aware and mask-free editing techniques .

Our contributions can be summarized as follows:
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— We introduce SR-Edit, an image editing framework that improves faithful-
ness by jointly enhancing region identification and preservation in an itera-
tive self-refinement process.

— We propose self-consistent region identification derived from the model’s
own predictions and show that pixel-space post-processing enables more
precise and stable edit and non-edit separation than latent or attention based
discrimination.

— We develop a Doob’s h-transform formulation for region preservation and
derive a practical masked guidance rule that integrates naturally with both
diffusion and flow-matching samplers.

— We validate that SR-Edit improves non-edit preservation and overall im-
age quality across diverse editing scenarios, outperforming existing editing
techniques.

2 Related Work

2.1 Image Editing with Generative Model Backbones

Generative model backbones. Modern generative models, such as diffusion mod-
els |20,}48,/54], flow matching [2}/33.136], and bridge models |7}/10L/32,/70], have
shown a strong capability of faithfully reconstructing a target distribution with
learned time-dependent scores or vector fields. Given a scalable network architec-
ture [34139,/48|, these generative frameworks have been able to capture complex
data distributions defined by large-scale datasets, enabling high-fidelity gener-
ation across data modalities, such as image [15/48], audio [9,[25,]29], video |21}
42//59], or time-series signals [3l/8/41]. In the inference process, these frameworks
usually start from a prior distribution, e.g., Gaussian noise or a clean representa-
tion, and gradually generate the target with iterative refinement steps, showing
a noise-to-data [12,/24,/58] or data-to-data sampling trajectory [31/66].

Image editing paradigm. Following the remarkable breakthroughs of generative
models, a growing body of research has focused on adapting these models for
editing tasks [22}/26]. Image editing methods can be roughly grouped by how they
incorporate an input image and enforce edit intent. Forward-and-backward ap-
proaches inject noise into the input and denoise under new conditions, using the
noise level to regulate the edit magnitude |40|. Training-based instruction editing
methods learn an explicit mapping from the source image and textual instruction
to the edited output through supervised or synthetic training pipelines, allow-
ing direct and scalable manipulation [5,|35},61L|62,65|. Inversion-based methods
first invert a real image into a diffusion latent trajectory and then apply prompt
changes while trying to preserve reconstruction [19}27}37}43,/63},71].

Preservation of the source. Preserving the source image during edits is still diffi-
cult because noisy initialization in generative backbones can induce global drift,
causing unintended changes in irrelevant regions. Existing approaches improve
preservation through several typical mechanisms. |231/43,57] achieve high-fidelity
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Fig. 3: Quantitative evidence of model behavior. On edit cases and human-
annotated region partitions from MagicBrush test split |67], editing model [62] shows
a clear pattern: edit regions concentrate strong changes in a coherent area, while non-
edit regions produce low-magnitude and weakly structured changes. Left: mean pixel
change inside and outside the annotated region after applying a MAD-based threshold';
the inside-to-outside ratio increases from 2.32 to 7.71, indicating much higher change
energy in edit regions. Center: number of connected components among pixels covering
a top fraction of total change energy, extremely large ratios (e.g., 1472 vs. 100 at
0.5 coverage) indicate that non-edit differences are highly fragmented whereas edits
remain spatially concentrated. Right: fraction of selected pixels contained in the largest
connected component, further confirming stronger spatial concentration for edits (e.g.,
64% vs. 29% at 0.5 coverage).

inversion and reconstruction, then the conditional sampling can start from a
more faithful state and thus reduce global deviation. External or automatically
estimated masks separate edit regions and non-edit regions, which explicitly im-
prove preservation of the source [1,[11]. We will further discuss the method in
Sec. Manipulating attention features [56] or injecting intermediate features
can also enforce spatial alignment between the source image and edited out-
put [6}/19,/45.55]. Moreover, external structural constraints can be conditioned
on edges, poses, segmentation, or depth, providing an explicit control to preserve
original structure even when appearance changes [61}[68].

2.2 Region-Aware Image Editing

Ezxternal mask. Accurate edit and non-edit region separation offers an impor-
tant pathway to faithful image editing. Early and widely-adopted approaches
rely on binary masks provided by users to explicitly specify where edits should
occur [1,|38,|51]. This design provides direct spatial control and often yields
strong results when accurate masks are available. However, it requires manual
annotation, which limits applicability in real-world usage. Moreover, the manual
mask often has an inaccurate boundary, leading to incorrect modifications on
irrelevant regions and therefore degrading edit faithfulness.

! MAD [28/50] (median absolute deviation), a robust noise scale estimator that reduces
the impact of outliers by using the median and absolute deviations.
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Instruction: Remove the horse in the foreground. Instruction: Make the ski lift broken.

Fig. 4: Visualization of the incremental effects of each component in the
SR-Edit post-processing pipeline for region identification.

Text-driven localization. To reduce reliance on external masks, subsequent work

investigates inferring editable regions from text-conditioned signals alone. DiffEdit
and Follow-Your-Shape [11,37] derive edit regions by computing differences be-

tween diffusion processes conditioned on the source and target prompts. Im-

age editing frameworks based on manipulation of cross-attention maps associate

textual tokens with spatial regions, enabling localized edits without external

masks [18,/19,/45,/52]. However, the editable region is inferred from semantic

representations instead of pixel-level evidence, and the subsequent projection

from semantic differences to image region separation is only approximate, often

resulting in imprecise and unstable localization [6].

Region identification via inference behavior. More recent methods aim to localize
editable regions by directly leveraging the model’s inference behavior, which is
naturally aligned with the editing process. SpotEdit [46] further explores region
control from the inference trajectory by leveraging single-step reconstruction and
performing linear interpolation between KV features |56| of intermediate latents
and references. Although effective in practice, the single-step reconstruction is
typically sensitive, while the reliance on KV-level masking or interpolation intro-
duces heuristic engineering choices that could be refined toward more principled
and precise localization.

3 SR-Edit

At inference time, we organize editing into a short stabilization stage followed by
a stack of SR-Edit blocks. Each SR-Edit block performs a lightweight probe-and-
refine cycle: (i) a few-step inference produces a provisional edit I .f, from which
we infer the edit and non-edit regions via the pixel-space pipeline in Sec. (ii)
conditioned on this newly estimated region, we run a few guidance steps using
the Doob’s h-transform term in Sec. to enforce region preservation while
continuing the edit. Stacking these blocks yields an iterative self-refinement pro-
cess: the model repeatedly re-estimates where changes occur and re-applies prin-
cipled preservation guidance, so the region identification is continually refined
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along with the prediction, progressively sharpening region separation for more
accurate boundaries while keeping the edit flexible.

3.1 Precise Region Identification

Observation. Modern training-based image editors [2}|351/62,/65] often demon-
strate reasonably good fidelity in practice: meaningful modifications tend to con-
centrate in the intended edit region, while non-edit areas are largely preserved,
with residual deviations typically small and weakly structured (Fig. . This
empirical behavior makes the editor output itself a useful self-feedback cue for
region separation: large and spatially coherent differences indicate edited areas,
whereas scattered low-amplitude differences are more consistent with preserved
regions.

Moreover, while many editing models operate in the latent space, perform-
ing region discrimination in decoded pixel space rather than latent space en-
ables more precise region identification and allows us to leverage mature image
post-processing techniques [17,/53] to suppress scattered artifacts, since latent
features are typically patch-level and their variations are not a stable proxy for
pixel changes due to highly nonlinear decoding [48|. Therefore, following prior
practices [111/37,46] that exploit output-driven cues for refinement and typically
operate in pixel space, we explicitly treat the model’s own prediction as a stable
self-feedback signal in pixel space to infer edit regions.

Region identification pipeline. Given an input image Ij, and an edited image
I.of produced by few-step inference, both defined on the same pixel grid 2 =
{1,....,H} x {1,...,W} with C channels, we estimate a binary change mask
M : 2 — {0,1}, where M(p) = 1 indicates edited pixels and M(p) = 0 indicates
non-edited pixels. The method involves four steps: (i) constructing a difference
map, (ii) binarization using Otsu’s threshold, (iii) morphological refinement, and
(iv) connected-component filtering. The incremental effects of each component
can be viewed in Fig. [4

Difference map. We compute a difference map d(p) by taking the per-pixel
absolute difference between the input and reference images, averaging over the
C channels:

C
a0) = 5 S M.~ Lm0, pe 1)
c=1

This map d(p) quantifies the local change at each pixel, with larger values indi-
cating greater deviation between the images.

Otsu thresholding. To binarize d without manual tuning, we apply Otsu’s sep-
aration method [44]. Tts key idea is to choose a single global threshold ¢ that
best separates the histogram of d into two classes (low differences as unchanged
and high differences as changed). Specifically, for each candidate threshold ¢,
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Instruction: Let the TV have a blank screen.

Fig. 5: Comparison on region identification between different methods. We
include region separation results from manual annotations in MagicBrush [67], cross-
attention maps [56] on token with largest L2 energy, Follow-Your-Shape |37, SpotE-
dit [46] and SR-Edit. All evaluated methods use Qwen-Image-Edit 2511 [62]| as the
backbone.

Otsu defines class probabilities wo (), w1 (t) and class means (), u1 (¢) from the
histogram, and selects the threshold that maximizes the between-class variance:

t* = argmax wo(t)wn (£) (1o(t) — pa (1)), (2)

We then obtain the initial mask by thresholding: My (p) = I[d(p) > t*], where
I[-] denotes the indicator function that returns 1 if the condition holds and 0
otherwise.

Morphological refinement. The initial mask My may contain small isolated ar-
tifacts and small holes or breaks inside true change regions. We refine it using
binary morphology [17,[53|. Specifically, we use a small circular kernel on the
pixel grid: we first apply opening with kernel size Sopen to remove small fore-
ground speckles, and then apply closing with size scose to fill small holes and
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connect narrow gaps. This morphological refinement yields a cleaner and more
spatially coherent mask Mj.

Connected-component filtering. Finally, we run connected-component labeling
on M; [49]. Each connected component corresponds to a maximal set of fore-
ground pixels that are mutually reachable through neighbor-to-neighbor steps.
We remove components whose area (pixel count) falls below a minimum thresh-
old Apin, treating them as residual noise, and keep the remaining components
as the final change mask M. Our method shows improved precision in region
identification compared with prior approaches, as illustrated in Fig. [

3.2 Region preservation via Doob’s h-transform

Our method achieves region preservation by conditioning the sampling dynamics
through an additive Doob’s h-transform [4,|14] guidance term. In contrast to
heuristic feature fusion such as KV reuse [56|, the correction is derived from a
distribution transform and thus more consistent with the underlying generative
process.

Diffusion model. We consider a continuous-time diffusion model [20] defined by
the forward SDE [54]

Here w; is standard Brownian motion, f is the drift, and g(¢) controls the noise
scale. Let p; denote the marginal density of x; at time ¢. For conditional editing,
we condition on a control signal C and write the corresponding marginal as
pe(x | C). Its score Vi logp(x | C) is the conditional log-density gradient that
drives the reverse-time denoising dynamics.

Observation model and Doob function. Let M denote the complement of the
mask defined earlier, and let y £ Mz,,.. We enforce the preservation constraint
in the form Mz, = y. We encode preservation with the vanishing-noise obser-
vation model Y = Mzg + £, € ~ N(0,02, 1), and take oops — 0. The corre-

sponding likelihood is p(y | zo) = N (y; Mz, 02, .I). Define the Doob function

h(t,x) = Elp(y | xo) |2 = x,C]. (4)

By the Doob’s h-transform, conditioning on Y = y yields the factorization
pe(x | y,C) < p(x | C) h(t,x), and therefore the conditional score decomposes
additively as

Valogpi (x| y,C) = Vg logp(x | C) + Vg log h(t, x). (5)

Consequently, any reverse-time diffusion sampler that uses the reference score
can be made region-preserving by augmenting its drift with the guidance term
Ve logh(t, x).
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Plug-in and masked Gaussian guidance. Exact evaluation of h(t, &) is generally
intractable. Let Z(x:) be the model prediction of the clean image at time ¢. We
adopt a plug-in approximation that replaces the latent g inside the likelihood
by Zo(z;), which gives h(t,z;) ~ N (y; MZo(x¢), 04, I). Equivalently, up to an
additive constant independent of xy,

1 — 2
log h(t, x;) ~ ~ 5 ||M(m0(a:t) — msrc) ||2 (6)
obs
Differentiating yields
1 —
Va, logh(t,x;) = ——— Jz, (ast)—r M(:co(wt) — wsrc), (7)
obs

where Jz, () denotes the Jacobian of Zy with respect to x;. In implementation,
the local sensitivity is absorbed into a time-dependent scalar schedule, which
yields the practical masked-residual form

vmt IOgh(ta mt) ~ 7>‘(t) M(QO(mt) - "Bsrc)~ (8)

Combining Equations and shows that, under the plug-in approxi-
mation, the h-transform guidance reduces to a masked residual on the model
prediction Zg(x;). This residual can be viewed as a time-consistent error signal,
so the correction acts as a conditional energy tilt toward preservation rather than
a heuristic state intervention [4,/14}30]. Since it enters only through the drift, it
does not modify the diffusion coefficient ¢g(¢) and therefore typically leaves the
noise schedule and sampling structure largely intact. In the ideal case where the
base conditional dynamics already match the desired conditioned process, the
guidance term vanishes.

Preservation guidance for flow matching Flow models [33,[36] sample by
the ODE % = ug(x¢,t) and do not come with a canonical Doob’s h-transform
tied to an SDE. After the same plug-in reduction, preservation is encoded by
the quadratic energy [16] E(x;) £ 55— |M(Zo(®:) — @scc)||3, whose gradient
yields the same masked residual diI‘eCtiOS;l. Because this guidance depends only
on Zo(x;) and not on a diffusion coefficient, it can be injected as an additive

velocity correction without changing the ODE form:

day =wug(x,t) — Y(t) Vg, Fe(xr) =~ ugp(xe, t) — () A\¢) M(éz\o(mt) - msrc),

dt
_ (9)
which retains the flow matching transport structure while encouraging Mzy = y.

4 Experiments

4.1 Dataset

We evaluate on ImgEdit-Bench, a benchmark derived from the ImgEdit dataset
for instruction-based image editing [64]. We focus on the single-turn setting and
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Method CLIP1 SSIM1T PSNRf DISTS| LPIPS| Judge?t

InstructPix2Pix [5] 26.68 0.67 16.58  0.20 0.46 2.69
+SR-Edit (Ours) 25.07 0.68 16.94 0.18 0.43 2.75

AnyEdit 65| 25.15 0.70 18.95 0.17 0.41 2.82
+SR-Edit (Ours) 25.21 0.85 19.19 0.13 0.35 2.99

Qwen-Image-Edit 2511 |[62] 26.16 0.61  14.92 0.23 0.46 3.84
+Follow-Your-Shape [37] 26.03 0.61 14.96  0.23 0.47 3.59

+SpotEdit [46| 26.11 0.70 1655 020 032  3.91
+SR-Edit (Ours) 26.80 0.67 17.40 0.18 0.31 3.94
Step1X-Edit v1p2 [35] 25.89 0.68 1596  0.20 0.39 4.00
+Follow-Your-Shape 25.84 0.67 15.93 0.20 0.39 4.03
+SpotEdit 2591 0.75 16.77 0.17  0.31  4.08
+SR-Edit (Ours) 26.09 0.77 16.48 0.14 0.27 4.01

Table 1: Comparison between different methods on ImgEdit-Bench. Bold
indicates the best result for each metric within each backbone group, and underlining
indicates the second best. For the first two backbone groups, we do not mark second
best results.

consider editing tasks confined to a specific area of the image, including replace,
adjust, background, remove, add, and action, resulting in 497 valid cases in total.

4.2 Backbone Editors

We test our method on four open-source backbones from two editor families. For
diffusion-based backbones, we include InstructPix2Pix, a standard instruction-
following diffusion editor [5], and AnyEdit, a strong unified diffusion image ed-
itor that shows competitive editing performance across diverse instructions [65].
For flow-based editors, Qwen-Image-Edit 2511 and SteplX-Edit v1p2 are
recent flow-style editors that are commonly adopted as modern backbones for
general instruction-based editing [351(62].

4.3 Baselines

We compare with two representative training-free region-aware methods that
automatically infer editable regions and enforce preservation in non-edit ar-
eas during inference. Follow-Your-Shape uses a trajectory divergence map
to localize editable regions and applies scheduled KV [56] injection to pre-
serve non-target content during editing [37]. SpotEdit identifies editable re-
gions via reconstruction-based stability estimation and preserves context using
KV caching with interpolation from the source image [46].
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4.4 Metrics

We report a CLIP-based text-image similarity score to reflect whether the edited
result is semantically consistent with the instruction [47]. We report PSNR,
SSIM, DISTS, and LPIPS between the edited image and the source image to
measure preservation and fidelity, where PSNR and SSIM emphasize structure
similarity, while DISTS and LPIPS capture perceptual distance [13}/60,/69]. We
also include the ImgEdit judge-model score as an automatic evaluator that is
designed to align with human preference for instruction-based editing [64].

4.5 Inference Configuration

Unless otherwise specified, we use the default settings provided by each base-
line model and method. For SpotEdit [46] and Follow-Your-Shape [37|, when
the inference step count differs from the backbone editor’s setting, we linearly
rescale the editing schedule to match the new number of steps. For SR-Edit, we
instantiate two iterations and set few-step inference stride to 3. The post-process
parameters are set to Sopen = 3, Sclose = 9, Amin = 1000. We set oops = 3 X 102,
and employ a linearly scheduled h-transform guidance strength. We enable self-
refinement starting at 30% of the model’s inference steps.

5 Results

5.1 Quantitative results

Tab. [I] shows a consistent pattern: SR-Edit mainly improves non-edit preser-
vation, yielding higher structural fidelity (e.g., SSIM) and lower perceptual de-
viation (e.g., LPIPS), while largely keeping instruction alignment unchanged.
This indicates SR-Edit primarily suppresses unintended drift rather than simply
amplifying edit strength.

This behavior is consistent across backbones. On AnyEdit, SR-Edit markedly
improves structure (SSIM 0.70 — 0.85) and reduces perceptual deviation (LPIPS
0.41 — 0.35). Moreover, for flow-based editors, the refinement may also strengthen
semantic alignment: Qwen-Image-Edit achieves the best CLIP score (26.80) while
improving fidelity, and Step1X-Edit attains the strongest preservation (SSIM
0.77) alongside a CLIP increase (26.09). On weaker baselines (e.g., Instruct-
Pix2Pix), CLIP may slightly drop, but the overall Judge Score still improves.

5.2 Qualitative results

Fig. [6] shows that our method achieves higher fidelity to the input and more
realistic, higher-quality edits than competing methods.
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Default Follow-Your-Shape SpotEdit SR-Edit (Ours)

Fig. 6: Qualitative comparison. Many baselines (e.g. the default setting) show
weaker preservation to the source image, and Follow-Your-Shape can yield insufficiently
realistic edits with residual blur. SpotEdit often introduces boundary discontinuities
(edge jumps). In contrast, our method is more faithful to the input and produces re-
alistic, high-quality edits. The instructions of the two cases are Add a seagull perched
on the edge of the wooden pier and Change the object color to a soft blue. All editing
methods use Qwen-Image-Edit 2511 as backbone.

6 Ablation Study

Few-step inference versus reconstruction for region estimation. We compare few-
step inference under different strides with reconstruction in terms of region-
identification quality (Fig. E[) Overall, few-step inference consistently outper-
forms reconstruction in both IoU and F1. Moreover, reconstruction shows no-
ticeable instability (e.g., a sharp drop around step 32 in both metrics), whereas
the few-step curves remain smooth. Among the few-step settings, stride-2 yields
the best performance; stride-3 is slightly lower but close; and stride-4 tends to
underperform, as recall degrades more substantially with increasing steps. In
practical self-refined inference, using regions inferred via reconstruction results
in less faithful edits (Tab. [3).
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Method CLIP?T SSIM?T PSNRt DISTS| LPIPS| Judget
SR-Edit 26.80 0.67 17.40 0.18 0.31 3.94
Reconstruction 26.95 0.64 16.90 0.21 0.35 3.88
Single Iter 25.90 0.60 16.10 0.24 0.41 3.60

Table 3: Ablation results on ImgEdit-Bench. All methods use Qwen-Image-Edit
2511 |62] as the backbone. Reconstruction uses the reconstruction output for region
estimation, without the few-step inference, while Single Iter uses only one iteration,
meaning the edit region is identified once and then kept fixed.

Effect of iterative refinement. Next, we ablate the number of iterative self-
refinement blocks. Using two SR-Edit blocks improves region alignment, as the
mask and preservation guidance are re-estimated from progressively refined pre-
dictions. With a single block, the mask is fixed early and is typically over-
inclusive and inaccurate, which weakens non-edit preservation and may also
reduce instruction adherence by over-constraining the model (Tab. [3). These re-
sults highlight the importance of iterative mask re-estimation for simultaneously
maintaining preservation and edit expressiveness.

Region post-processing pipeline. We ablate each component of the mask post-
processing pipeline and evaluate mask quality against the output of the full
pipeline. Tab. [2]indicates that the four steps are complementary: removing Otsu
produces an almost non-informative mask with extremely low precision and
IoU; removing opening increases false positives and lowers precision; removing

Z:/\\Y/\// o_gaﬁ\y// Setting P R IoU F1

oot e Mo T A w/o Otsu 0.10 1.00 0.10 0.16
L A/ w/o Open 0.69 1.00 0.69 0.76
SAVAN I Ry w/o Close 1.00 0.91 0.91 0.95
ow] 7 sl i w/o CC  0.76 1.00 0.76 0.84

Table 2: Ablation results on post-
processing pipeline of region iden-
tification. The results indicate that each
component contributes in a distinct and
complementary manner. For example, re-

/ . i —e— Few-step Stride 2 3 y M
o Vi v 02 / e e e moving the opening module may increase
Fintanad — - .
d Y L etmuendne recall, as fewer constraints allow more
20 22 24 26 Sz: 30 32 34 36 20 22 24 26 28 30 32 34 36 pOSitive predictions7 but thlS comes at
p Step

the expense of precision and overall bal-
Fig.7: Comparison between few-step ance. These variations confirm that each
inference and reconstruction. Few-step module plays a specific role in improving
inference is better at almost all steps. the overall accuracy and robustness.



SR-Edit: Region-Aware Image Editing via Self-Refinement 15

closing harms spatial coherence and reduces overlap; and removing connected-
component filtering retains small noisy fragments and degrades the overall bal-
ance. Together, these results suggest that the complete pipeline is necessary for
accurate and stable region separation.

7 Conclusion

In this paper, we present SR-Edit, a region-aware image editing method that per-
forms faithful edits without external masks. It uses iterative self-refinement to
infer and sharpen edit regions from pixel-space predictions, and applies a Doob’s
h-transform—based masked residual correction to improve preservation for diffu-
sion and flow-based backbones. Experiments across multiple editors and metrics
show better non-edit preservation and visual quality than representative base-
lines while maintaining instruction consistency. Ablation studies further verify
the benefits of few-step probing for robust region estimation and the necessity of
iterative mask re-estimation for balancing preservation and edit expressiveness.
Overall, SR-Edit offers a simple, training-free framework that can be applied to
modern backbones to reduce unintended drift during inference.
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