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Figure 1. Our LOCATEdit demonstrates strong performance on various complex image editing tasks. Bolded words represent blend words.

Abstract

Text-guided image editing aims to modify specific re-
gions of an image according to natural language instruc-
tions while maintaining the general structure and the back-
ground fidelity. Existing methods utilize masks derived
from cross-attention maps generated from diffusion mod-
els to identify the target regions for modification. However,
since cross-attention mechanisms focus on semantic rele-
vance, they struggle to maintain the image integrity. As a
result, these methods often lack spatial consistency, lead-
ing to editing artifacts and distortions. In this work, we

address these limitations and introduce LOCATEdit, which
enhances cross-attention maps through a graph-based ap-
proach utilizing self-attention-derived patch relationships
to maintain smooth, coherent attention across image re-
gions, ensuring that alterations are limited to the desig-
nated items while retaining the surrounding structure. LO-
CATEdit consistently and substantially outperforms exist-
ing baselines on PIE-Bench, demonstrating its state-of-
the-art performance and effectiveness on various editing
tasks. Code can be found on https://github.com/
criticalml-uw/LOCATEdit
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1. Introduction
Diffusion models have become popular for image genera-
tion, yet practical applications demand precise control for
editing. Text-guided editing techniques [4, 45, 51] have
emerged as powerful tools to facilitate such modifications
across domains, from digital art [8, 13, 18, 39] to medical
imaging [26, 44], enabling more intuitive image manipula-
tion through natural language prompts. However, prompt-
driven editing is often imprecise [2, 6, 16].

For precise control in text-guided image editing, re-
cent studies use masks derived from cross-attention maps.
However, inaccuracies in these maps can cause edits to
spill into unintended regions, leading to object identity loss
[19, 36, 46] and background drift [24, 51]. Moreover, tech-
niques relying on cross-attention may cause global changes
when only localized edits are needed [10, 16]. This high-
lights the necessity for a method that precisely identifies
editing areas while preserving the image’s overall integrity.

Recent methods improve mask accuracy using cross- and
self-attention and a dual-branch editing paradigm [45, 51].
They also use target image embeddings as guidance derived
from source embeddings and source-target prompt pairs.
Despite this, unintended spills remain a problem, as shown
in Figure 2. We observe that naively combining cross- and
self-attention causes significant information loss. We there-
fore propose a graph-based approach for spatial consistency
and precise region identification. Given graphs Gsrc and Gtgt
for the source and target branches, each is built from its re-
spective Cross And Self-Attention (hence CASA graphs),
using cross-attention maps as nodes and self-attention rela-
tionships as weighted edges. This abstraction intrinsically
depicts the image structure, connecting local and global
contexts while maintaining semantic relevance.

We explicitly enforce graph structure by proposing a
graph Laplacian regularizer on Gsrc and Gtgt to impose spa-
tial consistency, motivated by the effectiveness of Lapla-
cian regularization in image denoising and mesh editing
[28, 38]. Prior works on segmentation and spatial reg-
ularization [42, 53] also demonstrate that this Laplacian
constraint effectively maintains object boundaries and pre-
serves local detail, thus disentangling the areas of inter-
est from unrelated regions [9]. Furthermore, Belkin and
Niyogi [1] and Lim et al. [23] illustrate that this regu-
larization also enhances the separation of semantic char-
acteristics. By integrating a Laplacian smoothness factor
into the diffusion process, LOCATEdit optimizes the atten-
tion values across interconnected patches without any addi-
tional training, hence reducing background drift and limit-
ing global changes as can be seen in Figure 1. This ensures
that modifications are confined to designated areas while
preserving the overall structural integrity of the original im-
age. Notably, this optimization admits a closed-form so-
lution, hence eliminating the need for iterative refinement

Figure 2. Example of over-editing caused due to imprecise masks.
Unintended spills continue to be a problem.

[45]. Overall, our contributions can be summarized as fol-
lows:
• CASA Graph: We introduce LOCATEdit, a method

which encapsulates word-to-pixel relevance through
pixel-to-pixel relationships by modeling attention maps
with CASA graph.

• Improved spatial consistency: By optimizing masks
through graph Laplacian regularization on the CASA
graph, we maintain object structure and confine changes
to intended regions, hence minimizing distortions.

• Disentangled and faithful editing: Leveraging Lapla-
cian smoothing, LOCATEdit achieves precise semantic
modifications while preserving the original image con-
text, ensuring disentangled editing.

2. Related Work
Recent advances in image editing have leveraged a range
of conditioning modalities—including text, reference im-
ages, and segmentation maps—to drive semantic, structural,
and stylistic modifications [14]. In this work, we focus
specifically on text-guided image editing with an empha-
sis on preserving the original content and ensuring effective
foreground-background disentanglement.

2.1. Text-guided Image Editing
Early methods exploited CLIP [31] to align images and text.
For example, [17] fine-tuned diffusion models during re-
verse diffusion using a CLIP loss to adjust image attributes,
though these approaches were limited to global changes and
often suffered from degraded image quality. This was be-
cause the CLIP loss operates on global image and text fea-
tures, providing a single guidance signal for the entire im-
age. Later works such as DiffuseIT [20] and StyleDiffu-
sion [48] improved performance by introducing semantic
or style disentanglement losses; however, they are com-
putationally expensive and typically confined to specific
style modifications. More recent frameworks like Instruct-
Pix2Pix [3] preserve source content using text instructions,

18805



yet require carefully curated instruction-image pair datasets
and supervised training. Additionally, while methods that
manipulate text embeddings for disentangled editing have
been explored [49], though they often yield only marginal
improvements over earlier approaches.

Collectively, these studies underscore both the promise
and limitations of text-guided editing, motivating our work
on refining attention maps to achieve spatially consistent
and localized modifications.

2.2. Training Free Image Editing
Recent advances in text-to-image synthesis have enabled
high-quality photorealistic image generation from text
prompts [7, 27, 32, 34, 35]. Building on these advances,
several studies have proposed dual-branch, training-free ap-
proaches that leverage rich feature and attention maps from
pre-trained diffusion models for image editing. These meth-
ods exploit signals from the source image’s diffusion pro-
cess to drive content modification [6], obviating the need
for additional model training while achieving remarkable
success in altering image content.

Notably, PRedITOR [33] generates a target CLIP em-
bedding via a diffusion prior model but struggles with fine
detail and background consistency. Other methods enhance
structural control: P2P [10] replaces cross-attention maps
to maintain spatial alignment, and PnP [41] injects spatial
features and self-attention maps into decoder layers. Ap-
proaches like MasaCtrl [4] preserve structure through mu-
tual self-attention, while editing-area grounding techniques
and attention regularization losses are employed in DPL
[51] and refined further in ViMAEdit [45]. Despite these
advances, challenges in achieving precise localization and
consistent edits persist, motivating our work.

2.3. Graph Laplacian
In optimization and semi-supervised learning, Laplacian
regularization promotes smooth variation along a graph,
similar to how Conditional Random Fields (CRFs) refine
segmentation by enforcing spatial and color consistency
[21]. Unlike CRFs, Laplacian smoothing is fully differ-
entiable and easily integrated into neural networks. Its ef-
fectiveness has been demonstrated in tasks such as image
matting [22], where the matting Laplacian preserves edges
while interpolating unknown regions, and in action local-
ization [29], where it refines class activation maps for more
consistent predictions.

3. Background
3.1. Diffusion models
Diffusion models [12, 27, 37] constitute a class of gener-
ative approaches that operate through two complementary
processes—forward and backward diffusion. In the forward

diffusion process, starting from an original clean sample z0
(drawn from the data distribution), Gaussian noise is itera-
tively added at each timestep t = 1, 2, . . . , T . For image
synthesis, z0 is a tensor representing the image, often in
a lower-dimensional latent space (e.g., z0 ∈ RH×W×C).
Specifically, one obtains

zt =
√
αt z0 +

√
1− αt ϵt, t = 1, . . . , T,

where ϵt ∼ N (0, I) is an independent Gaussian noise term
injected at timestep t. The sequence {αt}Tt=1 governs the
noise variance at each stage, ensuring that after T diffusion
steps, zT is approximately distributed as a standard Gaus-
sian.

The backward diffusion process reverses this corruption
procedure by progressively denoising the noisy sample zT
into a cleaner sample zT−1, then zT−2, and so forth, con-
verging to a final clean reconstruction z0. To accomplish
this, one samples zt−1 from a conditional distribution over
zt, typically parameterized by a learnable denoising func-
tion. Formally, the update rule may be expressed as

zt−1 = µt

(
zt, θ

)
+ σt ϵ̃t, t = T, . . . , 1,

where ϵ̃t is a random Gaussian noise , µt and σt represents
the mean and variance of distribution that zt−1 can be sam-
pled from, and θ encapsulates the learned parameters. In
the DDIM formulation [37], one often employs a determin-
istic variant by modifying the variance schedule, making
the sampling process more efficient while maintaining high
sample quality.

A pivotal component in modern diffusion models is the
noise prediction network ϵθ(zt, t). Rather than predicting
z0 or zt−1 directly, the network estimates the noise present
in the corrupted sample zt. Once trained, this noise pre-
dictor effectively guides the reverse diffusion steps to itera-
tively remove the injected Gaussian noise.

3.2. Attention mechanism
In practice, the noise prediction model is frequently instan-
tiated by a U-Net architecture [34], chosen for its efficacy
in pixel-level prediction tasks. Each U-Net block typically
consists of (i) a residual convolutional sub-block that refines
the spatial representation of the intermediate feature maps,
and (ii) a self-attention sub-block that captures long-range
patch-to-patch dependencies. (iii) cross-attention sub-block
that aligns the image to textual information.

Here, features are first projected into three distinct
embeddings—queries (Q), keys (K), and values (V ). For
a query sequence of length N and a key/value sequence of
length M , these embeddings have dimensions Q ∈ RN×d,
K ∈ RM×d, and V ∈ RM×dv . Attention [43] is then com-
puted as:

Attention(Q,K, V ) = Softmax
(
QK⊤
√
d

)
V
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Figure 3. Overview of our text-guided image editing pipeline. LOCATEdit refines cross-attention maps with graph Laplacian regular-
ization for spatial consistency, uses an IP-Adapter for additional guidance, and employs selective pruning on text embeddings to suppress
noise, ensuring the edited image preserves key structural details.

where d is the dimensionality of the query and key vec-
tors. In self-attention, the same input sequence serves as
the source for all three embeddings. In cross-attention,
Q is projected from spatial features, while K and V are
projected from textual embeddings. These projections use
learned matrices that are optimized during training.

4. LOCATEdit
In this section, we present LOCATEdit for precise, localized
text-guided image editing that refines the cross-attention
maps. As shown in Figure 3, our approach integrates two
complementary modules. First, building upon previous
work [45], we integrate an image embedding-enhanced de-
noising process augmented by a selective pruning operator
applied to the text embedding offsets. This operator elim-
inates minor semantic variations, therefore minimizing un-
wanted changes and avoiding unnecessary editing of non-
target regions. Second, we utilize the CASA graph to im-
pose spatial coherence and ensure that edits are restricted
to the designated areas. Together, these modules allow LO-
CATEdit to maintain the structural integrity of the original
image while precisely implementing the desired edits.

4.1. Dual-Branch Editing Paradigm
Formally, we denote the given source image, the source
prompt, and the target prompt as IS , PS , and P , respec-
tively. Our pipeline employs a dual-branch design in which
a source branch reconstructs the original image I∗S and a tar-
get branch generates the edited output I . To maintain struc-

tural consistency, both branches start from the same initial
noise zT and share intermediate latent variables. Crucially,
we inject the cross-attention maps from the source branch
into the target branch [10] to maintain the spatial structure.
Formally, if Qsrc and Ksrc are the query and key embeddings
from the source branch and V tgt denotes the value embed-
dings from the target branch, then the target cross-attention
is computed as

Attention
(
Qsrc,Ksrc, V tgt) = Softmax

(Qsrc(Ksrc)⊤√
d

)
V tgt

(1)

4.2. Selective Embedding Interpolation

Following previous work [45], we employ an Image Prompt
(IP) -Adapter [52] to provide explicit guidance for target
image generation. After extracting the source image em-
bedding eimg

src and the CLIP-based text embeddings etxtsrc and
etxttgt corresponding to the source and target prompts respec-
tively, the conventional target image embedding is com-
puted as

eimg
tgt = eimg

src +
(
etxtsrc − etxttgt

)
. (2)

This embedding is then processed by the IP-Adapter, which
projects it into a latent feature space that is integrated into
the diffusion model’s cross-attention mechanism. Specifi-
cally, given the query Q (derived from the noisy latent), the
IP-Adapter produces additional key and value features K IP

and V IP from the projected target embedding. These are
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Figure 4. CASA (Cross and Self-Attention) Graph Construction workflow. The initial cross-attention maps are upsampled to form a
patch-level adjacency graph, then Laplacian regularization enforces spatial consistency. Thresholding the refined maps yields final, more
robust attention masks.

then combined with the original key K and value V fea-
tures to form the final cross-attention:

Z = Attention(Q,K, V ) + λAttention(Q,K IP, V IP)

thereby incorporating semantic guidance into the diffusion
process without requiring any additional training.

A limitation of directly using the difference eTsrc − eTtgt in
Equation (2) is that low-magnitude components, inherent in
the entangled nature of CLIP text embeddings [25], can lead
to unintended edits. To mitigate this, we introduce a selec-
tive pruning operator H that thresholds the text difference,
retaining only the dominant semantic offsets. Formally, we
replace Equation (2) with

eItgt = eIsrc +H
(
eTsrc − eTtgt

)
, (3)

where H : Rb → Rb is defined elementwise as

[
H(y)

]
i
=

yi, if |yi| ≥ τ,

0, otherwise.
(4)

Here, b is the embedding dimension and τ is a percentile
threshold on the absolute values of the difference. This se-
lective pruning ensures only significant semantic shifts con-
tribute to the target image embedding, reducing the global
edits and preserving the structure of non-target regions. The
pruned embedding is then processed through the IP-Adapter
as described above, ensuring the diffusion process is seman-
tically guided and robust to minor, spurious variations.

4.3. Formulating CASA Graph
While the IP-Adapter provides explicit semantic guidance,
the cross-attention maps extracted during denoising may
still contain spills that lead to unintended edits. To address
this, we refine these attention maps by modeling them as a

CASA graph, where each node represents an image patch
and the edges capture patch-to-patch relationships obtained
from self-attention as can be seen in Figure 4. The graph
Laplacian regularization enforces a smoothness constraint
across the CASA graph, penalizing abrupt differences in
attention between strongly connected patches. In effect,
this smoothing suppresses isolated high responses that can
cause over-editing, ensuring that only spatially coherent re-
gions receive significant modifications. By regularizing the
attention values over connected patches, LOCATEdit ro-
bustly confines edits to the intended regions and preserves
the overall spatial consistency.

Formally, within each U-Net block, each prompt word
is linked to a cross-attention map; however, only the cross-
attention maps related to the blend word(s) are necessary.
Following previous studies [5, 10, 51], we compute the av-
erage of the cross-attention maps obtained from multiple
U-Net blocks to get initial maps. We obtain initial attention
maps using Eq. 1 for both the source and target branches,
denoted as M src

0 ∈ Rr×r and M tgt
0 ∈ Rr×r. These maps

are then upsampled to a higher resolution of R×R (where
R = γr and γ > 1) to capture fine spatial details, and
subsequently flattened to yield the initial saliency maps
msrc

0 , mtgt
0 ∈ RR2

.
To prioritize high-confidence regions, we compute a

weight for each patch by applying the sigmoid function
σ(·) to the corresponding element of msrc

0 and then squaring
the output. Squaring the sigmoid output emphasizes larger
values while further suppressing lower ones, thereby en-
hancing the reliability of high-confidence regions. These
weights are assembled into a diagonal confidence matrix
with a scaling factor α:

Λsrc = diag
(
σ
(
αm0[1]

)2

, . . . , σ
(
αm0[R

2]
)2)

. (5)

and similarly for Λtgt.
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Next, we extract self-attention maps Ssrc ∈ RR2×R2

and
Stgt ∈ RR2×R2

for the source and target branches, respec-
tively. To ensure mutual relationships are treated uniformly
and to guarantee the convexity of the optimization, we sym-
metrize both the maps as

Ssym =
1

2

(
S+ S⊤

)
. (6)

Now, for each branch we construct CASA graph G =
(V,E) where each node vi ∈ V corresponds to a patch in
the flattened saliency map m0. The edge weight between
nodes vi and vj is given by the symmetrized self-attention
map Ssym. This graph structure, with nodes representing
the initial saliency values and edges capturing inter-patch
relationships, serves as the foundation for the CASA graph.

4.4. Graph Laplacian Regularization
After initializing CASA graphs Gsrc and Gtgt for both
branches, we optimize for the value of their nodes using
graph Laplacian optimization.

Formally, graph Laplacian is defined by:

L = D− Ssym.

where D is a degree matrix for Ssym, which is computed as

D(i, i) =

R2∑
j=1

Ssym(i, j), D(i, j) = 0 for i ̸= j,

Lemma 1. The graph Laplacian L ∈ RR2×R2

is positive
semidefinite.

Detailed proof is provided in Appendix.

We then optimize the initial saliency maps
msrc

0 and mtgt
0 for both branches through the following

convex optimization problem:

Theorem 1. Let m0 ∈ RR2

be the initial saliency map, and
let Λ and L be defined as above. The optimal saliency map
m∗ ∈ RR2

is the unique minimizer of

J(m) = (m−m0)
⊤Λ(m−m0) + λm⊤Lm,

with the solution

m∗ = (Λ+ λL)−1
Λm0.

Detailed proof is provided in Appendix.
The refined saliency maps m∗src and m∗tgt are then re-

shaped to M∗src and M∗tgt, which are then used to obtain
M∗ by taking the element-wise maximum of the two maps:

M∗ = max{M∗
src, M

∗
tgt},

Figure 5. Illustration of the convex objective J(m) in a 2D slice
of the higher-dimensional space. The single global minimum,
marked in red, highlights the function’s convex nature.

Thresholding M∗ with δ gives the final spatial mask M . An
optimized CASA graph enforces a smooth, spatially consis-
tent mask that preserves high-confidence regions and miti-
gates over-editing in less reliable areas.

Moreover, to maintain background consistency and pre-
vent unintended changes outside the editing region, this op-
timized mask is used to replace the target branch’s latent
representation at each denoising step:

ẑtgt
t−1 = M ⊙ ztgt

t−1 + (1−M)⊙ zsrc
t−1, t = T, . . . , 1.

Here, ⊙ denotes Hadamard product. This step ensures that
the non-editable regions of the source image remain un-
changed throughout the iterative denoising process.

5. Experiments
5.1. Dataset and Evaluation metrics
We follow recent work [16, 45, 50] and evaluate our ap-
proach using the PIE-Bench dataset [16], which is currently
the only established benchmark designed for prompt-based
image editing. PIE-Bench contains 700 images categorized
into ten different editing tasks, with each image accompa-
nied by a source prompt, a target prompt, blend words (i.e.,
terms that specify the required edits), and an editing mask.
Although only the source prompt, target prompt, and blend
words are necessary for performing prompt-based editing,
the editing mask is employed to gauge how well the method
preserves the background.

To thoroughly assess our models, we adopt the evalua-
tion strategy described in [16], focusing on three main cri-
teria: 1) Structure consistency, measured by the difference
in DINO self-similarity maps [40], 2) Background preser-
vation, evaluated via PSNR, LPIPS [54], MSE, and SSIM
[47], and 3) Target prompt–image alignment, determined by
CLIP similarity [11].

5.2. Comparison with existing methods
LOCATEdit consistently yields superior spatial consistency
and semantic alignment compared to state-of-the-art text-
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Source Image LOCATEdit
(Ours) ViMAEdit [45] InfEdit [50] MasaCtrl [4] LEDITS++ [2]

an orange black cat
sitting on top of a

fence

a cat tiger sitting
next to a mirror

the crescent moon
golden crescent

moon and stars are
seen in the night sky

A white golden
horse running in the

sunset

a open closed eyes
cat sitting on
wooden floor

a kitten duck
walking through the

grass

a boat is docked on a
lake in the heavy fog

sunny day

a woman man and a
horse

Table 1. Qualitative comparisons with competing text-guided editing methods. LOCATEdit yields more localized edits while preserving
overall structure, outperforming baselines in both fidelity and consistency.

guided image editing methods as can be seen in Table 2.
Unlike P2P-Zero [30] and PnP-based techniques [16, 40],
which tend to induce global modifications and suffer from
spatial inconsistencies, LOCATEdit confines edits to in-
tended regions, thereby preserving the source image’s struc-
ture. Mask-guided methods such as ViMAEdit [45] im-
prove localization but can still introduce artifacts in non-
target areas. Our graph Laplacian regularization refines
cross-attention maps by enforcing smooth, coherent patch-

to-patch relationships, addressing these issues directly.

Moreover, while approaches like Edit-Friendly Inversion
[15] and InfEdit with Virtual Inversion [50] achieve bet-
ter semantic alignment, they often struggle to disentangle
editable regions from the preserved background. In con-
trast, our method robustly separates these regions, ensuring
that modifications are both precise and localized, which can
be seen in qualitative comparision we provide in Figure 1.
More results can be viewed in the Appendix.
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Method Editing Structure Background Preservation CLIP Similarity
Inverse Sampling (steps) Distance ↓ ×103 PSNR ↑ LPIPS ↓ ×103 MSE ↓ ×104 SSIM ↑ ×102 Whole ↑ Edited ↑

VI DDCM(12) InfEdit 13.78 28.51 47.58 32.09 85.66 25.03 22.22
VI DDIM(50) ViMAEdit 12.65 28.27 44.67 30.29 85.65 25.91 22.96

PnP-I DDIM(50)

P2P-Zero 51.13 21.23 143.87 135.00 77.23 23.36 21.03
MasaCtrl 24.47 22.78 87.38 79.91 81.36 24.42 21.38

PnP 24.29 22.64 106.06 80.45 79.68 25.41 22.62
P2P 11.64 27.19 54.44 33.15 84.71 25.03 22.13

ViMAEdit 11.90 28.75 43.07 28.85 85.95 25.43 22.40
LOCATEdit (Ours) 13.19 29.20 41.60 26.90 86.53 25.96 23.02

EF DPM-Solver++(20)

LEDITS++ 23.15 24.67 80.79 118.56 81.55 25.01 22.09
P2P 14.52 27.05 50.72 37.48 84.97 25.36 22.43

ViMAEdit 14.16 28.12 45.62 33.56 85.61 25.51 22.56
LOCATEdit (Ours) 8.71 29.16 39.31 24.01 86.52 26.07 22.43

Table 2. Comparison of different methods based on structure, background preservation, and CLIP similarity metrics.

Method Structure Background Preservation CLIP Similarity
Distance ↓ ×103 PSNR ↑ LPIPS ↓ ×103 MSE ↓ ×104 SSIM ↑ ×102 Whole ↑ Edited ↑

LOCATEdit 13.19 29.20 41.60 26.90 86.53 25.96 23.02

w/o selective pruning (Sec. 4.2) 18.68 28.52 45.10 28.15 85.04 26.06 23.06
w/o diagonal weighting matrix (Sec. 4.3) 8.68 29.59 38.16 23.17 86.83 25.33 22.34

w/o symmetric self-attention (Sec 4.3) 8.59 29.42 38.75 24.09 85.66 25.29 22.26

w/o α-based control (Sec. 4.3) 8.86 29.26 38.96 24.53 86.60 25.31 22.28

with high α (Sec. 4.4) 20.37 24.27 87.37 60.82 82.22 26.58 23.22

Table 3. Ablation study of the LOCATEdit. We show the contribution of each key component to the final performance. Although individual
components perform equally well, combining all of them together to form LOCATEdit provides more balanced and precise editing

Overall, our experiments demonstrate that our method
not only enhances the fidelity of the edited regions but
also maintains the overall structural integrity of the source
image. By leveraging CASA graph-based attention re-
finement, our approach outperforms existing techniques
across multiple metrics, underscoring the importance of
spatially consistent and disentangled editing for practical
text-controlled image editing applications.

5.3. Ablation Study
To demonstrate the effectiveness of our model, we provide
results for three different model ablations: 1) w/o diagonal
weighting matrix: we use uniform L2 penalty as the first
term of the optimization, 2) w/o symmetric self-attention:
We do not symmetrize the similarity matrix S which is es-
sential for the Laplacian to be positive semidefinite, and 3)
w/o α-based control: We keep α = 1 in Equation 5.

Table 3 shows that each component of LOCATEdit out-
performs the baselines in structure and background preser-
vation. While combining these components results in
slightly worse structure and background metrics, we still
achieve SOTA CLIP similarity, and these results remain bet-
ter than the baselines in Table 2. Tuning α parameter re-
vealed that a high α yields superior CLIP similarity but de-
grades other metrics. As expected, a high α creates a “hard
threshold,” making a sharp distinction between trusted and
adjusted regions at the cost of abrupt transitions.

6. Conclusion
In this paper, we introduced a text-controlled image editing
framework LOCATEdit that refines cross-attention masks
using graph Laplacian regularization. It leverages self-
attention-derived patch relationships to enforce spatial con-
sistency and localized, disentangled modifications while
preserving the structural integrity of the source image. Ex-
tensive experiments demonstrate that our approach outper-
forms state-of-the-art methods in semantic alignment and
background fidelity. By confining edits to intended regions,
our technique avoids unwanted alterations and maintains
overall coherence. Future work will extend this framework
to non-symmetric regularization and more complex editing
scenarios, further enhancing controllable image generation.
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