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Figure 1. Qualitative comparison of tuning-free image-editing methods. Left to right: (1) source image, (2) visualization-only binary masks
of the source objects and corresponding edit prompts (source −→ target), and (3–7) results from our ALE and four baselines. The masks are
not provided to any method; they are shown solely to indicate which region is supposed to change. Rows 1–2 illustrate single-object edits
where baselines spill changes outside the intended area or distort geometry, while ALE keeps the background intact. Rows 3–4 demonstrate
multi-object edits: baselines often entangle attributes, whereas ALE preserves each attribute in its designated region, yielding leakage-free
results.

Abstract

Text-based image editing, powered by generative dif-
fusion models, lets users modify images through natural-
language prompts and has dramatically simplified tradi-
tional workflows. Despite these advances, current meth-
ods still suffer from a critical problem: attribute leakage,
where edits meant for specific objects unintentionally af-
fect unrelated regions or other target objects. Our analy-
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sis reveals the root cause as the semantic entanglement in-
herent in End-of-Sequence (EOS) embeddings generated by
autoregressive text encoders, which indiscriminately aggre-
gate attributes across prompts. To address this issue, we in-
troduce Attribute-Leakage-free Editing (ALE), a framework
that tackles attribute leakage at its source. ALE combines
Object-Restricted Embeddings (ORE) to disentangle text
embeddings, Region-Guided Blending for Cross-Attention
Masking (RGB-CAM) for spatially precise attention, and
Background Blending (BB) to preserve non-edited content.
To quantitatively evaluate attribute leakage across various

16451



editing methods, we propose the Attribute-Leakage Eval-
uation Benchmark (ALE-Bench), featuring comprehensive
editing scenarios and new metrics. Extensive experiments
show that ALE reduces attribute leakage by large margins,
thereby enabling accurate, multi-object, text-driven image
editing while faithfully preserving non-target content.

1. Introduction
Text-based image editing, where users modify existing im-
ages via natural language prompts, has emerged as a pow-
erful alternative to traditional manual editing. Conventional
editing workflows typically demand significant manual ef-
fort and domain expertise [1, 16, 25, 33]. In contrast, recent
advancements leveraging generative diffusion models have
substantially simplified the editing process [6, 12, 15, 20].
These models enable users to perform high-quality edits
through intuitive textual prompts, making image editing
more accessible and flexible.

Despite these advances, existing text-based editing meth-
ods frequently suffer from a critical limitation: attribute
leakage, where edits intended for specific objects inad-
vertently affect unrelated regions within the image. At-
tribute leakage can be categorized into two distinct types:
Target-External Leakage (TEL), where attributes of a tar-
get object unintentionally affect non-target regions, and
Target-Internal Leakage (TIL), where attributes intended
for one target object inadvertently influence another tar-
get object within the same editing prompt. To mitigate
this, recent studies attempt to spatially constrain editing ef-
fects by manipulating cross-attention maps [3, 29]. How-
ever, as illustrated in Figure 1, even state-of-the-art meth-
ods [3, 13, 29, 34] continue to exhibit significant TEL in
single-object editing scenarios, and both TEL and substan-
tial TIL in more complex, multi-object editing scenarios.

Our analysis highlights that attribute leakage fundamen-
tally stems from overlooked issues of the entanglement of
text embeddings, specifically those associated with the End-
of-Sequence (EOS) tokens, building upon recent study [14].
Most text-based editing pipelines employ autoregressive
text encoders such as CLIP [22], which append EOS to-
kens to text prompts until reaching a fixed length (e.g., 77
tokens) to generate embeddings. Consequently, EOS em-
beddings inherently aggregate information from all tokens
within the prompt and attend indiscriminately across im-
age regions via cross-attention layers, exacerbating both
TEL and TIL. While recent studies [14] attempt to alleviate
leakage stemming from EOS embedding entanglement, our
analysis demonstrates that these approaches are insufficient
to fully eliminate attribute leakage (see Section 2).

To address these limitations, we propose a novel frame-
work, Attribute-Leakage-Free Editing (ALE), primarily
consisting of three complementary components: Object-

Restricted Embeddings (ORE), Region-Guided Blending
for Cross-Attention Masking (RGB-CAM), and Back-
ground Blending (BB). ORE assigns distinct, semantically
isolated embeddings to each object in the prompt, explicitly
avoiding embedding entanglement. RGB-CAM enhances
spatial precision in cross-attention maps by leveraging seg-
mentation masks, restricting attention solely to intended re-
gions. BB preserves the structural integrity of non-edited
regions by integrating latents from the source image.

Furthermore, to systematically quantify attribute leak-
age, we introduce the Attribute-Leakage Evaluation Bench-
mark (ALE-Bench), a specialized benchmark designed ex-
plicitly for leakage evaluation in multi-object editing. Ex-
isting benchmarks predominantly focus on single-object
scenarios, lacking metrics for evaluating attribute leakage
comprehensively [17, 27, 31]. ALE-Bench covers a diverse
range of editing scenarios, including multi-object editing in
various edit types. We also propose two novel evaluation
metrics: Target-External Leakage Score (TELS) and Target-
Internal Leakage Score (TILS), explicitly quantifying TEL
and TIL, respectively.

In summary, our contributions are:
1. Identifying the previously overlooked role of EOS em-

beddings as a fundamental cause of attribute leakage in
text-based image editing (Section 2).

2. Proposing the novel Attribute-Leakage-Free Editing
(ALE) framework, which specifically addresses leakage
induced by EOS embeddings (Section 3).

3. Introducing a comprehensive benchmark, ALE-Bench,
along with novel metrics (TELS, TILS) designed explic-
itly to quantify attribute leakage in multi-object editing
scenarios (Section 4).

2. Attribute Leakage Problem and Analysis
In this section, we discuss the attribute leakage problem in
multi-object text-based image editing and highlight limita-
tions of existing methods. Specifically, Section 2.1 formally
introduces multi-object text-based image editing and briefly
describes dual-branch frameworks commonly used for such
tasks. Section 2.2 defines attribute leakage and categorizes
it into two types: TEL and TIL. Finally, Section 2.3 analyzes
embedding entanglement, particularly from EOS tokens, as
the primary cause of attribute leakage and explains why ex-
isting methods fail to adequately address this issue.

2.1. Multi-Object Text-based Image Editing
Text-based image editing modifies specific regions of a
source image according to textual prompts describing de-
sired changes. Formally, given a source image xsrc and a tex-
tual prompt pair (ysrc, ytgt)—where ysrc specifies the source
objects to be edited (i.e., objects to be replaced or modi-
fied), and ytgt specifies the target objects (i.e., new or mod-
ified objects to appear)—the goal is to generate an edited
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Figure 2. Illustration of attribute leakage in image editing. (a) The
source image and editing prompts. (b) An editing result exhibit-
ing attribute leakage. Regions highlighted in green indicate target-
external leakage, where the editing spills into non-target (e.g., the
green bell pepper turns into a golden pumpkin). Regions in blue
show target-internal leakage, where the attributes of “a red pump-
kin” undesirably influence the appearance of the “golden apple”
region. (c) A reference image showing the desired editing result
without attribute leakage.

image xtgt. Ideally, xtgt reflects modifications described by
ytgt exclusively within regions indicated by ysrc, leaving all
other areas unchanged. When edits involve multiple objects
simultaneously, the task is classified as multi-object editing.

Practically, multi-object editing prompts can be de-
composed into individual object-level prompt pairs
[(ysrc

i , ytgt
i )]Ki=1, typically via language models or noun-

chunk parsers [2, 11]. Our research specifically focuses on
scenarios involving up to K = 3 objects. For example,
consider the editing scenario in Figure 2a. Given the
prompt pair (ysrc, ytgt) = (“a yellow bell pepper and a red
bell pepper”, “a red pumpkin and a golden apple”), it can
be decomposed into object-level prompts [(ysrc

i , ytgt
i )]2i=1 =

[(“a yellow bell pepper”, “a red pumpkin”), “a red bell
pepper”, “a golden apple”)]. The resulting image xtgt

should contain a red pumpkin and a golden apple, precisely
aligned to corresponding regions.

To perform such precise edits, diffusion-based editing
methods encode textual prompts into embeddings that guide
the editing process through cross-attention layers. These
layers spatially align text-described attributes with corre-
sponding regions in the image. Achieving accurate align-
ment, however, requires effectively preserving the original
spatial structure while synthesizing novel visual attributes.
To this end, recent methods utilize dual-branch editing
frameworks, which have become popular due to their abil-
ity to simultaneously retain the original image layout and
introduce new content [3, 19, 29].

Dual-branch frameworks operate through two parallel
pathways—a source branch and a target branch—using
the same pretrained text-to-image diffusion model. Specifi-
cally, the source branch reconstructs the original image xsrc

guided by the source textual prompt ysrc, thereby captur-
ing structural and spatial information inherent in xsrc. The
target branch, in parallel, synthesizes new visual attributes
guided by the target textual prompt ytgt. Structural consis-

tency is maintained by injecting intermediate self-attention
layer components—such as queries and keys—computed
from the source branch into the corresponding self-attention
layers of the target branch. Despite their strengths, dual-
branch frameworks face fundamental challenges, particu-
larly attribute leakage, caused by embedding entanglement
involving EOS tokens, as analyzed in subsequent sections.

2.2. Attribute Leakage
Attribute leakage is a critical challenge in multi-object text-
based image editing, characterized by unintended propaga-
tion of attributes from target objects to unrelated regions or
other target objects. Formally, given a source image xsrc and
object-level prompt pairs [(ysrc

i , ytgt
i )]Ki=1, attribute leakage

occurs when modifying an object from its original descrip-
tion ysrc

i to a new target description ytgt
i unintentionally im-

pacts regions or objects not specified by the editing prompt.
Attribute leakage can be categorized into two distinct types:
• Target-External Leakage (TEL): This occurs when edit-

ing an object specified by (ysrc
i , ytgt

i ) unintentionally af-
fects regions not described by the prompt pair (i.e., non-
target regions). For example, as highlighted by the green
region in Figure 2b, editing ysrc

2 = “a red bell pepper” to
ytgt

2 = “a golden apple” inadvertently transforms an unre-
lated “green bell pepper” into a golden object.

• Target-Internal Leakage (TIL): This occurs when edit-
ing an object specified by (ysrc

i , ytgt
i ) unintentionally af-

fects another target object specified by a different prompt
pair (ysrc

j , ytgt
j ), where i != j. For instance, as illus-

trated by the blue region in Figure 2b, editing ysrc
1 =

“a yellow bell pepper” to ytgt
1 = “a red pumpkin” in-

advertently impacts another target object described by
ytgt

2 = “a golden apple”, causing it to appear as a mixture
of red and golden pumpkin-like attributes.

Effectively mitigating both TEL and TIL is essential to
achieving precise, user-intended edits, as exemplified by the
desired reference result in Figure 2c.

2.3. Causes of Attribute Leakage
Attribute leakage primarily arises from embedding entan-
glement, which occurs during prompt encoding. Widely
used text encoders, such as CLIP, encode tokens autoregres-
sively, causing embeddings of later tokens to unintention-
ally accumulate mixed semantics from preceding attributes
or objects. To mitigate this entanglement, some approaches
introduce object-wise embeddings by parsing prompts into
distinct noun-phrase spans and encoding each segment in-
dependently [10]. However, these methods only address en-
tanglement among original tokens in the prompt, failing to
adequately resolve entanglement involving EOS tokens.

Since CLIP pads prompts to a fixed length using EOS
tokens, the EOS embeddings inevitably aggregate seman-
tic information from multiple attributes and objects. For
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Figure 3. Illustration of attribute leakage from EOS embeddings
and misaligned cross-attention. (b) ETS with object-wise embed-
dings shows spatial misalignment: embeddings of one object (e.g.,
“a red diamond”) can influence unrelated regions. (c) Adding
cross-attention masking correctly localizes object-wise embed-
dings but fails to suppress leakage from EOS embeddings (e.g.,
diamond-like decoration on the apple). Cross-attention maps are
averaged across timesteps and summed over tokens (or padded
EOS tokens).

instance, when encoding the prompt “a red diamond and
a golden apple”, the EOS embeddings inherently encap-
sulate combined semantics from all attributes and objects
(e.g., “red”, “diamond”, “golden”, and “apple”). To ad-
dress this issue, End-Token-Substitution (ETS) [14] re-
places attribute-rich EOS embeddings with attribute-free
embeddings obtained from prompts without descriptors
(e.g., “a diamond and an apple”). Nevertheless, ETS re-
mains insufficient even when combined with object-wise
embeddings, as the simplified EOS embeddings still aggre-
gate semantic information across multiple objects, thereby
continuing to propagate attribute leakage (see Figure 3).

Embedding entanglement further exacerbates spatial in-
accuracies in dual-branch text-based image editing frame-
works. Since dual-branch methods inject structural in-
formation from the source image into the target edit-
ing branch, entangled embeddings can produce misaligned
cross-attention maps, causing embeddings to incorrectly at-
tend to visually similar but semantically incorrect regions
during editing (Figure 3b). This visual-semantic confusion
significantly exacerbates spatial inaccuracies, intensifying

(a) Source image (b) Original EOS (c) EOS ←− 0 (d) EOS ←− “”

Figure 4. Comparison of different EOS embedding modification
strategies in a single editing scenario, where “yellow bell pepper”
is edited to “diamond” and “red bell pepper” to “moon”. (b) Uses
the original EOS embeddings. (c) Replaces EOS embeddings with
zero vectors. (d) Replaces EOS embeddings with those obtained
from an empty prompt “”.

attribute leakage. Although existing methods attempt to mit-
igate this issue through refined cross-attention alignment
or explicit masking [3, 29], these strategies fail to address
the fundamental problem: EOS embeddings inherently lack
spatial specificity, as they integrate semantic content from
the entire prompt. Therefore, restricting the spatial atten-
tion of EOS embeddings to specific regions is inherently in-
effective, further compounding attribute leakage even when
employing combined strategies (Figure 3c).

One naive alternative could involve removing seman-
tic content entirely from EOS embeddings by substitut-
ing them with zero vectors or embeddings derived from
empty prompts. However, as demonstrated empirically in
Figure 4 and detailed in Appendix E, this simplistic solution
severely degrades visual quality and editing accuracy. These
observations imply that diffusion models intrinsically de-
pend on EOS embeddings containing semantics to achieve
high-quality image editing outcomes. Therefore, resolving
attribute leakage effectively requires a dedicated strategy
that carefully mitigates the unintended influence of entan-
gled EOS embeddings without completely eliminating or
overly simplifying their semantic content. We propose such
a targeted approach in the next section.

3. Attribute-Leakage-Free Editing (ALE)
Given a source image xsrc and a list of K object–level
prompt pairs

[
(ysrc

i , ytgt
i )

]K
i=1, our goal is to generate an

edited image xtgt that (1) replaces every ysrc
i with ytgt

i inside
its designated region, (2) preserves all non-target content,
and (3) avoids both TIL and TEL.

Our proposed method, ALE, is built on the dual-branch
editing framework with the Denoising Diffusion Consis-
tent Model (DDCM) virtual inversion scheme: a source
branch reconstructs xsrc from latent {zsrc

τ }0
τ=T under the

prompt ysrc
base = “ and ”.join

([
ysrc

i
])

, while a target branch
denoises latent {ztgt

τ }0
τ=T toward the edited image guided

by ytgt
base = “ and ”.join

([
ytgt

i
])

. On top of this backbone
we introduce three key components: ORE, RGB-CAM, and
BB. Figure 5 visualizes an overall pipeline, and Algorithm 1
lists the complete procedure.
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Figure 5. Overview of ALE. The framework consists of two branches: the upper branch (source branch) processes the source latent zsrc
τ ,

and the lower branch (target branch) processes the target latent ztgt
τ at each timestep τ . ORE produces multiple semantically-isolated

embeddings for each target object to reduce interference between unrelated objects. RGB-CAM refines cross-attention activations using
segmentation masks, aligning the attention of each embedding to spatial regions corresponding to its target object. BB merges the source
latent for background regions and the target latent for edited regions. Dashed lines indicate omitted components (e.g., the encoder, the
decoder, and the segmentation model) for simplicity.

3.1. DDCM and Dual-Branch Editing Framework

Virtual inversion via DDCM We adopt the Denoising Dif-
fusion Consistent Model (DDCM) [29], which chooses the
special variance schedule so that any noisy latent zτ retains
a closed-form link to its clean latent z0 at every timestep
τ ∈ [T, . . . , 0]. This property enables a virtual inversion
that avoids the costly DDIM / null-text inversion. Because
this form matches the multi-step consistency sampler of La-
tent Consistency Models [8], we can edit images in as few
as 4–20 steps without explicit inversion steps.
Dual-branch framework Starting from an initial noise,
the source branch follows DDCM updates with ysrc

base, while
the target branch starts with ztgt

τ = zsrc
τ and calculates

the next latent ztgt
τ−1 at each step using the U-Net noise

εθ(ztgt
τ , τ, ytgt

base) and the consistency correction term. To
preserve structure of xsrc, we copy the query–key tensors
(Q, K)src

#,τ from every self-attention layer # of the source
branch into the corresponding layer of the target branch
according to self-attention injection schedule S = {τ |
TS ≤ τ ≤ T }, where TS ∈ [0, T ] controls the length of
the self-attention injection schedule. Thus, a shorter sched-
ule (Ts ≈T ) touches only early denoising steps and enables
stronger edits, whereas a longer schedule (Ts ≈ 0) enforces
stricter structural preservation.

3.2. Object-Restricted Embeddings (ORE)

To address leakages in prompt embedding level, ORE en-
codes each object prompt ytgt

i in isolation, yielding a set of
token-embedding matrices

E′
i = [eBOS, etoken1 , . . .

︸ ︷︷ ︸
from tokens in ytgt

i

, eEOS, . . .︸ ︷︷ ︸
from padded EOS tokens

] ∈ RL×d

where L is the padded prompt length and d the embedding
dimension. For example, in Figure 3 case, E′

1 is obtained

as [eBOS, ea, ered, ediamond, eEOS, . . . ]. And we con-
struct a base embedding E′

base, by encoding ytgt
base and splic-

ing E′
i[y

tgt
i ] back into their original spans, to calculate base

value tensor in RGB-CAM. Because no token embedding
in {E′

i} can influence another object’s span and EOS em-
beddings in E′

i only contain semantics of ytgt
i , subsequent

cross-attention receives semantically disentangled embed-
dings, thereby preventing leakage at its source.

3.3. Region-Guided Blending for Cross-Attention
Masking (RGB-CAM)

Standard cross-attention layers in diffusion U-Net accept
a single value tensor V and thus cannot exploit multiple
OREs. RGB-CAM replaces the vanilla cross-attention out-
put with a spatially blended tensor

A =
K∑

i=1

(M % mi) Vi + (M % mback) Vbase,

where M = attention map(Q, K) is the base cross atten-
tion map, Vi = Wv(E′

i), K = Wk(Encodertext(y
tgt
base)),

Vbase = Wv(E′
base), and {mi}, mback are object and back-

ground segmentation masks from Grounded-SAM [24].
Since masks are not pixel-perfect, we apply a slight dila-
tion. The masked tensors (M % mi)Vi localize each ORE
to its designated region, eliminating target-internal leak-
age, while the background term preserves areas outside all
masks. Note that only when ORE and RGB-CAM operate
in tandem does ALE produce leakage-free results.

3.4. Background Blending (BB)
Even with perfect cross-attention, backgrounds remain
weakly constrained because {ytgt

i } mention only target ob-
jects. At every timestep τ we blend the source latent by the
background mask as a final step:

z̃tgt
τ = mback % zsrc

τ + (1 − mback) % ztgt
τ .
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Algorithm 1: Attribute-Leakage-Free Editing
Input: Source image xsrc, object-level prompt pairs[

(ysrc
i , ytgt

i )
]K

i=1, self-attention injection
schedule S = {τ | 0 ≤ τ ≤ TS}

Output: Edited image xtgt

Pre-processing
Form concatenated base prompts ysrc

base, ytgt
base;

Encode object-restricted embeddings {E′
i}K

i=1
and the base embedding E′

base (ORE);
Obtain object masks {mi}K

i=1 and background
mask mback with Grounded-SAM;

Initialization
Sample initial noise zsrc

T ∼N (0, I);
Set ztgt

T ←zsrc
T ;

for τ = T to 1 do
// Source branch
Predict noise ε̂src

τ ←εθ
(
zsrc

τ , τ, ysrc
base

)
;

Update zsrc
τ−1 with DDCM sampling;

// Target branch
if τ ∈ S then copy self-attention Q, K tensors
from the source branch;

Predict noise ε̂tgt
τ ←

εθ
(
ztgt

τ , τ, ytgt
base; RGB-CAM[{E′

i, mi}, E′
base, mback]

)
;

Update ztgt
τ−1 with DDCM sampling;

// Background blending (BB)
ztgt

τ−1 ←mback%zsrc
τ−1 +

(
1 − mback

)
%ztgt

τ−1;
end
xtgt ←Decoder

(
ztgt

0
)
;

return xtgt

BB guarantees preservation of non-edited regions, sup-
pressing TEL without expensive threshold tuning required
by prior local-blending heuristics [13].

4. Experiments

4.1. Experiment Setup

ALE-Bench construction Prior benchmarks for text-
guided image editing [7, 17] focus on the visual quality
of the edited result itself and neglect attribute leakage. Al-
though they measure background preservation metrics that
are similar to TELS, they overlook TIL. This makes it diffi-
cult to analyze how well a method achieves precise editing.
To fill this gap, we introduce Attribute-Leakage-Evaluation
Benchmark (ALE-Bench), a dedicated testbed for attribute
leakage evaluation. ALE-Bench systematically varies the
number of objects to be edited and the editing type, grouped
into five categories: (1) color, (2) object, (3) material, (4)
color + object, and (5) object + material. Each source im-

age is paired with multiple prompts for each edit type, en-
abling fine-grained analysis across diverse scenarios. Fig-
ure 6 shows examples of ALE-Bench. Full construction de-
tails and dataset statistics are provided in Appendix B.
Evaluation Metrics We evaluate image-editing perfor-
mance using the following metrics:
• Structure Distance [26] quantifies how well the edited im-

age xtgt preserves the spatial layout of xsrc. A lower score
indicates better structural consistency.

• Editing Performance is measured by the cosine similar-
ity between the CLIP embeddings of xtgt and prompt ytgt.
Higher similarity reflects more faithful edits.

• Background Preservation is assessed on the non-edited
regions using PSNR, SSIM [28], LPIPS [32], and MSE
between xtgt and xsrc. Higher PSNR/SSIM and lower
LPIPS/MSE signify better preservation.
Furthermore, we introduce new metrics:

• Target-Internal Leakage Score (TILS) measures unin-
tended modifications inside other target-object regions as
follows:

TILS =
1

K(K − 1)

K∑

i $=j

CLIP
(
xtgt % mj , ytgt

i
)

,

where CLIP represents the CLIP similarity score, K is the
number of objects to be edited, xtgt is the edited image,
mj is the j-th object mask, and ytgt

i is the target prompt
for i-th object. A lower TILS implies that, as the user in-
tended, the target objects did not affect each other.

• Target-External Leakage Score (TELS) measures unin-
tended changes in the background (non-edited regions) as
follows:

TELS =
1
K

K∑

i=1

CLIP



xtgt %



1 −
K⋃

j=1

mj



 , ytgt
i



 .

The mean CLIP scores between the background and each
target prompt are computed for multiple object edits. A
lower TELS indicates minimal TEL, which ensures that
the outside of the targets remains unchanged.

Baselines For comparison, we selected tuning-free image
editing methods including Prompt-to-Prompt (P2P) [13],
MasaCtrl [3], Free-Prompt-Editing (FPE) [34], and In-
fEdit [29] (see Appendix A, C for further details).

4.2. Main Results
ALE outperforms existing methods in both mitigating at-
tribute leakage and producing high-quality edits, as seen in
Table 1 and Figure 7. In particular, ALE achieves the low-
est TELS and TILS, reflecting its ability to precisely ap-
ply attributes solely to the designated target regions. Across
different numbers of editing objects (Table 2) and different
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Figure 6. Examples of ALE-Bench. Source images are shown with object binary masks. Edit types are color, object, material modifications,
and their combinations. Rows depict 1-, 2-, and 3-object edits, respectively.
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Figure 7. Qualitative examples of ALE applied to three source objects (tree, couch, and floor) under different editing types. The bottom
rows show the corresponding prompts describing each transformation.

editing types (Table 3), ALE demonstrates its robust perfor-
mance. Figure 7 illustrates qualitative examples of ALE for
various editing types. These results indicate that our method
can effectively address both TEL and TIL. Detailed results
are in Appendix D. Furthermore, the quantitative and qual-
itative results on PIE-Bench are in Appendix E.

(a) Source image (b) BB (c) ORE + RGB (d) ALE

Figure 8. Qualitative ablation results for the editing: yellow bell
pepper → diamond, red bell pepper → moon. (b) BB resolves TEL
but not TIL. (c) ORE + RGB-CAM reduces TIL but not TEL. (d)
ALE (BB + ORE + RGB-CAM) shows no TIL and TEL.

4.3. Ablation Studies
We present ablation results on BB, ORE, and RGB-CAM
in Figure 8. Each module plays a complementary role in
preventing attribute leakage. Using only BB (Figure 8b)
helps preserve background regions and suppresses TEL,
but fails to prevent TIL. On the other hand, ORE + RGB-
CAM (Figure 8c) reduces TIL by disentangling text embed-
dings and aligned cross-attention. However, without BB,
it cannot preserve the original background, and TEL re-
mains. Only when all three modules—ORE, RGB-CAM,
and BB—are used together (Figure 8d), ALE achieves pre-
cise and leakage-free editing. Qualitative results and more
examples are provided in Appendix E.

5. Limitations

While ALE-Bench provides a focused framework for eval-
uating attribute leakage, and ALE achieves strong per-
formance on rigid attribute edits, both are currently lim-



Method TELS ! TILS !
Structure
Distance !

Editing
Performance "

Background Preservation
PSNR ! LPIPS " MSE " SSIM !

P2P 21.52 17.26 0.1514 20.67 11.15 0.4495 0.0879 0.5589
MasaCtrl 20.18 16.74 0.0929 20.01 14.99 0.2930 0.0418 0.7346

FPE 21.07 17.38 0.1164 21.89 12.82 0.3903 0.0656 0.6052
InfEdit 19.59 16.69 0.0484 21.78 16.74 0.2034 0.0340 0.7709
ALE 16.03 15.28 0.0167 22.20 30.04 0.0361 0.0014 0.9228

Table 1. Comparison of editing performances on ALE-Bench. ALE demonstrates the lowest attribute leakage, highest structure preserva-
tion, and superior editing performance, indicating a more precise and controlled editing.

# of Editing
Objects TELS ! TILS !

Structure
Distance !

Editing
Performance "

Background Preservation
PSNR ! LPIPS " MSE " SSIM !

1 16.41 - 0.00876 22.62 30.01 0.0405 0.00167 0.9049
2 16.00 15.42 0.01648 22.06 30.06 0.0360 0.00146 0.9235
3 15.89 15.36 0.02460 22.19 30.01 0.0323 0.00154 0.9426

Table 2. Performance of ALE on ALE-Bench based on the number of objects edited. Our method maintains low attribute leakage and
strong background preservation even as the number of editing objects increases.

Editing
Type TELS ! TILS !

Structure
Distance !

Editing
Performance "

Background Preservation
PSNR ! LPIPS " MSE " SSIM !

Color 17.63 16.21 0.00890 23.12 32.97 0.0288 0.00079 0.9309
Material 17.15 15.96 0.01179 22.94 30.63 0.0339 0.00120 0.9248
Object 15.86 16.25 0.01974 21.82 29.03 0.0386 0.00182 0.9218

Color+Object 15.30 14.01 0.02306 22.15 28.60 0.0407 0.00205 0.9206
Object+Material 14.55 14.51 0.01956 21.42 28.88 0.0393 0.00191 0.9201

Table 3. Performance of ALE on ALE-Bench across various editing types (color, object, material, and combinations). The results show
consistent low attribute leakage and high editing performance.

ited to local and relatively simple transformations—such
as changes in color, object identity, or material. They do
not support or evaluate non-rigid transformations like style
transfer, pose changes, or adding/deleting objects, where
defining and detecting attribute leakage becomes ambigu-
ous. This focus reflects our aim to establish a clear and mea-
surable foundation before addressing more complex edit-
ing scenarios. Although the benchmark offers 3, 000 de-
tailed editing scenarios across 20 carefully curated images,
the small image set may limit how well results generalize
to models trained on larger or more diverse datasets. Fu-
ture work could expand both the editing model and bench-
mark to support richer transformations and broader datasets.
More limitations are discussed in Appendix F.

6. Conclusion

In this paper, we addressed the issue of attribute leakage
in diffusion-based image editing, focusing on two types
of leakage: Target-External Leakage (TEL)—unintended
edits in non-target regions—and Target-Internal Leak-
age (TIL)—interference among attributes of different tar-
gets. To mitigate these problems, we introduced Attribute-

Leakage-Free Editing (ALE), a tuning-free framework that
combines three key components: Object-Restricted Embed-
dings (ORE), which localize attribute semantics to each tar-
get object embedding; Region-Guided Blending for Cross-
Attention Masking (RGB-CAM), which constrains cross-
attention with segmentation masks to avoid unintended
inter-object attribute mixing; and Background Blending
(BB), which preserves the source image in backgrounds.

We also presented ALE-Bench, a dedicated benchmark
for rigorously evaluating attribute leakage across diverse
multi-object editing scenarios. ALE-Bench introduces new
quantitative metrics—TELS and TILS—that effectively
quantify unintended modifications, providing comprehen-
sive measures to assess editing fidelity and consistency.

Our extensive experimental validation demonstrated that
ALE significantly outperforms existing tuning-free editing
methods, achieving state-of-the-art performance by effec-
tively minimizing attribute leakage while maintaining high
editing quality and structural consistency. By effectively
addressing attribute leakage with minimal computational
overhead, ALE enhances the reliability and precision of
multi-object image editing tasks.
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