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Abstract. Editing multiple elements of an image in a single forward
pass is a practical alternative to multi-turn image manipulation, offer-
ing improved efficiency and potentially better harmonization. However,
when several instructions target different regions, semantic interference
often leads to attribute leakage and poor edit disentanglement, espe-
cially as the number of edits increases. In this work, we propose MICE
(Multi-Instance Concurrent Editing), a training-free strategy for scalable
multi-instance image editing with Multimodal Diffusion Transformers.
MICE modifies the additive bias of joint attention to regulate interac-
tions between instance-specific edit instructions, latent, and context to-
kens identified via user-provided segmentation masks. Specifically, MICE
allows intra-instance attention, penalizes interactions between neighbor-
ing region tokens, and suppresses unrelated cross-instance attention. As
a result, our method enforces attribute binding while preserving global
visual consistency. We evaluate MICE on LoMOE-Bench and introduce
MICE-Bench, a more challenging benchmark with an average of 8.5
concurrent edits per image. The experiments demonstrate that our ap-
proach outperforms strong baselines and recent competitors in terms of
visual quality preservation and faithfulness to the editing instructions.

Keywords: Multi-Instance Editing · Image Editing · Flow Matching

1 Introduction

Concurrent modification of multiple elements within a single image has recently
emerged as a compelling extension of text-guided image editing [1, 3, 10, 43].
A possible solution would entail multi-turn pipelines [42, 47], where edits are
applied sequentially. However, editing multiple instances one at a time is time-
consuming, and the final output can depend on the order in which the edits are
performed in case of overlapping instances. Concurrent editing enables all trans-
formations to be performed in one pass, offering clear advantages in efficiency
and usability. Nonetheless, existing approaches implementing this setting [19,38]
face a fundamental challenge: when several instructions target different regions or
objects, their semantic signals may interfere, leading to attribute leakage across
⋆ Equal contribution, order determined by a coin flip.
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Change the cup to a insulated water bottle

Replace the ceiling tiles with exposed wooden 
beams with warm lighting

Replace the whiteboard with a blackboard

Replace the outdoor view through the window with 
snowy mountains

Replace the power strip and cable with a blue rug

Fig. 1: Our MICE approach modifies the joint attention maps of MMDiT-based flow
matching generative models to concurrently edit multiple elements at inference time.

instances. As the number of edits increases, ensuring edit disentanglement, spa-
tial locality, and global visual coherence becomes progressively more difficult (a
quantitative analysis of this phenomenon is reported in the supplementary).

To address this problem, existing approaches primarily entail inference-time
adaptations of diffusion and flow-based generative models. A first family of
methods performs gradient descent on the image latents to progressively cor-
rect undesired interactions between edits [3, 10]. A second line of work inter-
venes directly in the attention mechanisms of Multimodal Diffusion Transform-
ers [9](MMDiTs), introducing biasing strategies at selected layers of the velocity
field estimator to regulate token interactions [29, 43, 46]. Compared to gradient
descent, attention-based solutions are generally more efficient and more read-
ily applicable to transformer-based backbones. However, prior biasing strate-
gies [43, 46] typically require defining multiple bias matrices to be applied to
architecture-dependent layers determined by hyperparameters (e.g., a strict bias
to isolate edits in certain layers and a softer bias to promote harmonization in
other layers). This makes performance sensitive to model-specific design choices
and reduces portability across architectures.

In this work, we propose a training-free and architecture-agnostic strategy
for multi-instance concurrent editing, dubbed MICE. Our approach operates
directly on the joint attention mechanism of MMDiTs by modifying the additive
bias applied to the attention logits (which is commonly set to 0). Rather than
enforcing hard structural constraints, we reshape token interactions in a prin-
cipled manner to balance instance isolation with global coherence. Specifically,
we modify the additive bias in the joint attention operation so that the inter-
actions among prompt, latent, and context tokens relative to each edit instance
are isolated from those of other edit instances, ensuring attribute binding, while
still maintaining visibility to relevant out-of-instance tokens to enhance harmo-
nization. We identify the instances via segmentation masks that can be provided
by the user or the output of a promptable segmentation model [17,39], and use
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such masks to identify instance-specific tokens among the text prompt, latent,
and context source image tokens given as input to the MMDiT. Then we com-
pute the additive bias of the joint attention map using the masks, smoothed
with a parametric Gaussian kernel. The effect of our strategy is that the tokens
relative to a specific instance attend to each other with no bias, can attend to
neighboring tokens with a decreasing negative bias (accommodating for small
shape variations and helping harmonize the overall appearance of the image),
and are prevented from attending faraway, non-relevant tokens (possibly relative
to different editing instances).As a result, our approach prevents attribute leak-
age between editing instances while obtaining a harmonized, visually appealing
overall image.

We instantiate our method on Flow Matching-based backbones and evalu-
ate it on LoMOE-Bench [3], a recent benchmark designed for parallel multi-
instance editing. Note that the samples in LoMOE-Bench typically contain 3
concurrent edits, rendering it insufficient for evaluating performance under chal-
lenging conditions. Therefore, to evaluate performance under more complex con-
ditions, we introduce MICE-Bench, a new benchmark featuring samples with
approximately 8.5 concurrent edits on average.4 Across both benchmarks, MICE
demonstrates superior instruction-following capability compared to strong base-
lines and recent competitors, both in terms of the number of edits correctly
executed, background preservation, and the faithfulness of each modification to
its corresponding textual instruction. For reproducibility, we release the code.5

2 Related Work

Conditional generative image editing methods have seen great progress and con-
solidated around Autoregression [12, 20, 34, 35] or Diffusion [19, 24, 33, 37, 38]
approaches, with Flow Matching (FM) [23] emerging as a dominant framework
for efficient, straight-path sampling [36]. The conditioning signal is generally
multimodal, comprising guidance [45], text instructions [9], and context im-
ages [4, 19, 38]. However, these techniques rely on globally conditioned velocity
fields and struggle with local, fine-grained localization. Recent works address
this by using attention regularization [32, 44] or constrained cross-token inter-
actions [7, 16] but primarily target single-region or global edits and often fail
to maintain coherence when applied to multiple disjoint regions simultaneously.
While some methods investigate region-aware generation [5,8] and causal mask-
ing [14] to inject spatial control, most FM editors [19,38] still rely on globally con-
ditioned velocity fields and suffer attribute leakage between regions during multi-
instance editing [26, 46], a limitation we address via our instance-disentangled
attention mechanism. To address the aforementioned challenges of multi-instance
editing, current approaches primarily cluster into three categories: scaling infer-
ence time (multi-turn), scaling the architecture (multi-branch), or regularizing
the internal generation process.
4 https://hf.co/datasets/blowing-up-groundhogs/mice_bench
5 https://github.com/Blowing-Up-Groundhogs/mice
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Multi-Turn. State-of-the-art editing models are trained to reduce visual drift
and show promise in iterative editing workflows [19, 38], where edits are per-
formed sequentially. While serving as a functional baseline, multi-turn editing
differs fundamentally from concurrent editing. Technically, visual degradation
accumulates as the number of iterations exceeds a few cycles (around six [19]),
and inference time scales linearly with the number of instructions, making this
approach infeasible as instance edit counts increase. Methodologically, the final
result is path-dependent, especially with overlapping regions. We therefore focus
on concurrent editing, where all changes occur in a single pass.

Multi-Branch. To enforce disentanglement, some approaches split the gener-
ation process into multiple parallel branches, typically one per edit or region.
MultiDiffusion [1], the seminal method in this paradigm, binds multiple gen-
eration paths by merging independent denoising steps into a least-squares op-
timal solution. LoMOE [3] adopts this framework to apply localized influence
on the N target regions using foreground masks, while other approaches fur-
ther refine this by using regional branches [5], performing independent inversion
searches [41] or grouping edit "aspects" into specialized branches [16]. Finally,
LayerEdit [10] takes this paradigm to its extreme by decomposing the scene into
N +2 independent layers. While multiple generation paths allow instance isola-
tion, these methods suffer from severe scaling bottlenecks in time and memory
usage. Moreover, computational overhead is worsened by the latent optimization
often required. For instance, LayerEdit and LoMOE rely on iterative gradient
descent and perform a backward pass over N parallel branches. Furthermore,
these methods rely on heuristic reassembly to smooth visual boundaries, which
often fails to maintain global coherence in dense, overlapping scenes.

Regularization. Another class of methods focuses on end-to-end, single-pass
editing by regularizing the internal generation process. One prominent direc-
tion involves inference-time optimization. MDE-Edit [48] performs gradient de-
scent on the latents at each denoising step to minimize specialized losses. While
these methods maintain a single-pass memory footprint, they rely on aggregat-
ing O(N) loss terms, introducing significant computational overhead and nu-
merical instability during backpropagation, particularly when handling multiple
instances of varying spatial scales, where large-scale objects can dominate the
gradient signal and suppress smaller targets. Other approaches perform fine-
tuning or train additional modules to target quantity perception [21] or person-
alization [25]. Closer to our work, some approaches tweak the attention oper-
ator. IDAttn [43] introduces binary disentanglement masks (0,−∞) to enforce
instance isolation. However, this approach relies on heuristics to balance different
masking regimes in different model layers (early, middle, and late). This rigidity
makes performance sensitive to model architecture and hinders porting to other
baselines. In contrast, MICE offers a principled, architecture-agnostic solution
by replacing hard binary masks with a parametric additive bias, enabling a soft,
continuous transition between instance isolation and global harmonization with-
out per-layer tuning or optimization overhead.
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3 MICE

In this section, we present our approach for multi-instance image editing. The
task consists in modifying the content of multiple areas of an image (instances)
according to user-provided editing instructions, while preserving its original vi-
sual style and layout consistency. Our approach builds upon a recent MMDiT-
based flow matching model capable of text-conditioned image editing, which we
extend with a novel biased joint attention mechanism. Unlike prior work that
relies on strict hard masking strategies, which often result in harsh boundaries
and poor coherence, our method introduces a continuous, spatially-smoothed
attention bias formulation, as detailed below.

3.1 Preliminaries

Formally, let Iref ∈ RH×W×3 denote the input image and consider a set of
N segmentation masks M = {mn}Nn=1, each enclosing an object, and a set of
corresponding editing instructions T = {tn}Nn=1, e.g., “Change the mouse to a
black chick”. The masks can either be provided by a user or by auxiliary modules
for Instance Segmentation. The task entails generating an edited image Iedit such
that each instance within mn is replaced according to tn, while maintaining the
global style and visual coherence of Iref.

Our framework operates within a MMDiT [9, 19] architecture trained with
conditional rectified flow matching [23,36]. Specifically, given a target data sam-
ple Iedit

1 ∼ pdata, a source sample Iedit
0 ∼ p0, where p0 ∼ N (0, I), and condition-

ing signals C = {Iref, T,M}, the model learns a time-dependent velocity field
vθ(I

edit
t , t, C) to denoise Iedit

0 into Iedit
1 . The input image Iref is encoded by a

Variational Autoencoder (VAE), which compresses it to RH
d ×W

d ×c where d is
the compression ratio and c is the number of channels of the VAE. The editing
instructions ti are tokenized, padded to a fixed length l, and then passed through
a text encoder, usually a language model like T5 [30] or Qwen [40], which re-
turns a sequence of l tokens encoding the information contained in the editing
instruction. Then, these are fed to a velocity field estimator, alongside the noisy
latents for Iedit

t . After a predefined number of estimation steps, the resulting
latents are passed to a VAE decoder to obtain the final Iedit

0 .
In state-of-the-art FM models, the velocity field estimator is an MMDiT,

where tokens from various modalities (textual prompt, noisy visual latents, and
conditioning context) are concatenated and processed via joint attention. Let
Z = Zprompt ∥ Zlatent ∥ Zcontext denote the joint token sequence. From Z we
compute the queries Q, keys K, and values V for the joint attention operation
defined as:

Attn(Q,K,V) = Softmax
(
QKT

√
d

+B

)
V,

where B ∈ R|Z|×|Z|
≤0 is an attention bias matrix, commonly set to 0. Our approach

defines the values of the bias matrix based on the types of tokens that interact
to achieve editing isolation and preserve background and overall visual quality.
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Fig. 2: Instance-aware smoothing strategy. Each segmentation mask is smoothed inde-
pendently, and the smoothed values are zeroed when touching the edge of a neighboring,
non-smoothed mask (e.g., the red and yellow masks). If an instance is sufficiently dis-
tant from the others, its mask is smoothed with no constraints (e.g., the blue mask).

3.2 Smoothly-Disentangled Attention

Prior instance-disentangled attention methods [29, 43, 46] enforce isolation by
resorting to binary attention bias matrices B, with 0 allowing interactions and
−∞ blocking them. This approach is effective for semantic isolation but can lead
to noticeable seams, incorrect local lighting, and a lack of smooth blending with
the nearby areas of the image. To contrast this, some approaches [43, 46] relax
disentanglement by allowing full latent and context self- and cross-interactions in
some layers of the MMDiT. However, this strategy entails identifying the optimal
layers where to apply the disentangled and relaxed regimes for each architecture,
limiting the method portability. To tackle this, we propose to apply the same bias
matrix in all layers by designing it to ensure a trade-off between disentanglement
and harmonization. Specifically, we not only set the values of the matrix to 0 to
allow interactions and −∞ to prevent them, but also use intermediate negative
values to dampen the attention without fully blocking it.
Editing Areas Definition. To determine the values of the bias, we start from
the segmentation masks of each instance, which can be either provided directly
by the user or obtained from an instance segmentation model. We smooth such
masks via a Gaussian kernel so that the attention will be increasingly penalized
as the spatial distance from the instance mask increases. Specifically, given a bi-
nary 2D segmentation mask mn ∈ {0, 1}H×W for instance n, we downsample it
to account for VAE compression, then we apply a 2D Gaussian convolution with
kernel size k and obtain a smoothed mask sn. To prevent interference between
instances due to the smoothing, we devise a specific instance-aware smoothing
strategy. We consider each instance separately and apply the Gaussian smooth-
ing to its segmentation mask. Given instance n, if an element in the latent-space
feature map is part of the mask of any other instance, its value is explicitly
overridden to 0 (see Fig. 2).

The resulting continuous values lie in [0, 1], therefore, we map them into the
log-probability space (−∞, 0] to serve as an attention bias. Once the smoothed
masks are defined and corrected to ensure instance-awareness, we unroll them in
raster order. Each of them becomes a row in the bias matrix B, whose values are
defined as follows. Given a visual token Zj (either in Zlatent or Zcontext) outside
the strict bounds of instance n, the bias in the attention with a latent or context
token Zi belonging to instance n is defined as:

B(j) = 1

τ
log(sn[j] + ϵ)
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where τ is a temperature hyperparameter controlling the falloff intensity, and
ϵ = 10−30 prevents numerical instability. Intuitively, k and τ control the spatial
extent and the strength of the blending between the edited instance and the sur-
rounding regions. Large values for k allow tokens to interact with a wider neigh-
borhood, which is beneficial when the edit modifies the object shape or when the
mask is irregular, and large values for τ typically yield smoother blending of the
edited instance with the surrounding background. On the other hand, smaller
values for these hyperparameters keep the editing more localized. A deeper anal-
ysis of the effect of k and τ is reported in the supplementary material.

The definition of the overall matrix is detailed below and schematized in Fig. 3.
Bias Matrix. To define the bias matrix, we logically partition the sequence of
tokens Z according to the N instances and their corresponding target regions in
the source context image and the generated image. Specifically:
– The prompt tokens Zprompt are grouped in sequences corresponding to each

editing prompt for the instances Zprompt
n and an auxiliary sequence that repre-

sents the global prompt Zprompt
g . This can either be empty to keep the original

overall appearance of the image, or instantiated to change its global attributes
(e.g., style, lighting, color palette).

– The latent tokens Zlatent are organized into background tokens Zlatent
u that

should stay unedited, and local instance tokens Zlatent
n corresponding to the

area that will be occupied by each edited instance in the final image.
– The context tokens Zcontext are distinguished between tokens belonging to

background Zcontext
u and instances Zcontext

n similarly to the latent tokens.
To formally align the global token sequence with the spatial dimensions of

the masks, we define a mapping function that yields the spatial raster index of
any visual token Zj ∈ Zlatent ∪Zcontext, i.e., π(·) : {0, ..., |Z|} → {0, ..., H

d × W
d }.

The attention bias matrix is thus defined as:

Bij =



0 (Zi, Zj) ∈ Zprompt
g ∨ (Zi, Zj) ∈ Zprompt

n ∀n ∈ [1, N ] (1)

0 Zi ∈ Zprompt
g ∪ Zlatent

u ∧ Zj /∈ Zprompt (2)

0 Zi ∈ Zlatent
g ∪ Zcontext ∧ Zj ∈ Zprompt

g (3)

0 Zi ∈ Zcontext
n ∧ Zj ∈ Zprompt

n ∀n ∈ [1, N ] (4)

0 Zi ∈ Zcontext ∧ Zj /∈ Zprompt (5)

B(π(j)) Zi ∈ Zlatent
n ∪ Zprompt

n ∀n ∈ [1, N ] ∧ Zj /∈ Zprompt (6)

B(π(i)) Zi ∈ Zlatent ∧ Zj ∈ Zprompt
n ∀n ∈ [1, N ] (7)

−∞ otherwise (8)

In other words, we enforce strict binding between the tokens relative to the
prompts (Case 1 ) to prevent attribute leakage within the textual domain. Then,
we keep the interaction of the global prompt and the background latents with
all the latent and context tokens unbiased (Case 2 ) to favor visual coherence in
the unedited background regions, and do the same where the background latents
and the context tokens attend to those relative to the global prompt (Case 3 ).
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Change the mouse to a 
black squirrel 

Change the mouse to a 
pinscher puppy

Change the mouse to a 
tiny calico kitten

Fig. 3: Our MICE approach entails defining a bias map (whose logic representation is
on the right) that regulates the interaction between background and instance-specific
prompt, latent, and context tokens, based on instances’ localization information in the
form of smoothed segmentation masks.

Furthermore, we apply a bias based on instance-aware smoothed masks to the
interactions between prompt tokens and latent tokens, relative to each instance
and to all latent tokens and context tokens (Case 6 ). This ensures that the local,
instance-specific prompt and the noisy image area enclosing each instance can
interact with areas in the context image and the noisy image that are larger
than the exact ones occupied by the instance, with a strength that is decreas-
ing proportionally to the distance from the instance. In this way, the edited
instance will blend better with its surroundings in the final image. The same
biasing strategy is applied to the interaction between the latent tokens and the
instance-specific prompts (Case 7 ) to ensure coherent localization of the editing
instruction. As for the context tokens, we prevent those relative to the back-
ground from interacting with the instance prompts, and let the context tokens
for each instance interact only with the corresponding instance-specific prompt
(Case 4 ). This choice is intended to better localize the instance-specific prompts
within the reference image given as context. Finally, we keep the attention from
the context tokens to the latent and context tokens unbiased (Case 5 ) to favor
layout, colors, and style preservation in the final image.

4 MICE-Bench

Existing benchmarks for multi-instance concurrent editing on natural images
lack settings with a high number of concurrent edits. For example, the benchmark
proposed by [41] contains only one or two edits per image, and [3] is capped at
seven edits, averaging only three. These benchmarks, therefore, do not provide
significant avenues for verifying a model’s ability to perform an arbitrarily high
number of concurrent edits.

To bridge this gap, we introduce MICE-Bench (Multi-Instance Concurrent
Editing Benchmark), which we specifically annotate for high-density editing.
Notably, the benchmark features 260 samples with a significantly higher editing
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density than prior works, ranging from 5 to 40 concurrent edits per image, with
an average of 8.5. Formally, each sample can be defined as (Isrc,M,T) where
Isrc ∈ RH×W×3 is the source image to be edited by the model, M = {mn}Nn=1

is the set of segmentation masks for each object in the image, and T is a set
of prompts in the format "Replace the {SRC_OBJ} with {TGT_OBJ}", where
{SRC_OBJ} and {TGT_OBJ} are respectively the name of the object to be edited
in the source image and the name of the object that should replace it in the
edited image. We provide some samples in the supplementary material.
Data Collection and Annotation. We select 260 samples from the LVIS [11]
and COCO [22] validation sets, focusing on having a diverse object count per
sample ranging from 5 to 40 instances associated with segmentation masks and
source object class names. For each of them, we feed a multimodal LLM (Gemini
3 Flash) the source image, object class names, and normalized bounding boxes
[ymin, xmin, ymax, xmax] enclosing the original segmentation masks. The model
is prompted to suggest creative yet contextually realistic replacements for every
masked object. We manually verify these suggestions to ensure target feasibility
within the scene (e.g., a "chipmunk" fits where a "mouse" is, whereas an "ele-
phant" does not). We also use Gemini 3 Flash to generate an additional set of
instructions explicitly containing textual information to identify each instance
within the image (e.g., referring expressions, locations). These are generated
both as individual instructions and as a single global prompt. Thanks to the
multi-faceted annotation strategy (some samples are reported in the supple-
mentary), MICE-Bench can be used to evaluate a wide range of approaches for
multi-instance concurrent editing.

5 Experimental Analysis

Experiment setup. To evaluate our approach for multi-instance concurrent
editing, we resort to our proposed MICE-Bench dataset (Sec. 4), and to the
recently-proposed LoMOE-Bench [3] dataset, which contains 64 images associ-
ated with 2 to 7 editing instructions. To measure the performance, we adopt the
following scores proposed in previous approaches tackling the same task [3, 43]:
– Target CLIP Score (Tgt C), i.e., the CLIP score [15] computed between the

global prompt describing all the edits and the entire edited image [15]. This
score captures the overall semantic adherence to the editing instructions.

– Localized CLIP Score (Loc C), i.e., the CLIP score [15] computed between the
target object description in the editing instruction and the bounding box areas
around the edited regions. This score measures more precisely the capability
of the model to perform each edit on each intended instance.

– Mean Absolute Error on the Background pixels (MAEB), to estimate the
background preservation capabilities of the model under investigation.

– Attempt Rate (AR%), i.e., the percentage of edits that the model has at-
tempted to perform. Specifically, an edit is considered attempted when the
pixel-wise difference between the original and edited areas relative to an in-
stance exceeds a fixed threshold.
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Implementation Details. We develop our training-free MICE method on the
state-of-the-art editing model FLUX.2 [klein] 4B [18] and use it for the ma-
jority of our experiments, setting 4 inference steps. For MMDiT-based porting
experiments, we choose the FLUX.2 [klein] 9B [18], FLUX.1-Kontext-dev [19]
12B, and FLUX.2-Dev [18] 32B. We use weights and reference code from Hug-
gingFace [27], setting 4 inference steps for FLUX.2 [klein] 9B and 28 steps
for FLUX.1-Kontext-dev and FLUX.2-Dev. We use these models end-to-end,
prompting them with textual prompts describing all the inputs (an analysis on
the most suitable prompting strategy is reported in the supplementary mate-
rial). For smoothing the segmentation masks of the instances, we set kernel size
k=3 and, due to differences in the edit types in the two benchmark datasets,
temperature t=1 for LoMOE-Bench and t=8 for MICE-Bench. Please refer to
the supplementary for further discussions. To compare MICE against alterna-
tive multi-instance editing approaches, we select representative methods for the
categories described in Section 2. In particular, we adapt the archetypal multi-
branch MultiDiffusion [1], originally proposed for region-based generation, and
apply it to FLUX.2 [klein] 4B [18] by using the official code as reference.6 We
run the multi-branch LoMOE [3], based on Stable Diffusion 2 [31] by using the
official implementation7 and also port it on FLUX.2 [klein] 4B [18]. Moreover,
we run the multi-branch LayerEdit [10], based on Stable Diffusion XL [28] as
released by the respective authors.8 We also implement the regularization-based
multi-instance edit approach IDAttn [43], based on FLUX.1-Kontext-dev [19],
and port it on FLUX.2 [klein] 4B. Finally, we compare against the open-source
Qwen-Image-Edit-2511 [38] and the closed-source Gemini 3 Pro Image. We run
all experiments on NVIDIA A100 40GB, with the exception of the commercial
Gemini 3 Pro Image model, which we prompt by using the public Vertex API.

5.1 Results

Effect of the Editing Area Definition. In Table 1, we report an ablation
on the effect of the signal used for instance localization. We compare Bounding
Boxes (as used by [43] or in the supplementary prompting experiments), strict
segmentation masks (as used by [3, 10]), naïvely-smoothed segmentation masks
(using the Gaussian kernel), and masks obtained with our proposed instance-
aware strategy. From the results, we can see how simply using masks instead
of Bounding Boxes allows the model to better localize the edits while preserv-
ing the background. When introducing naïve smoothing, the model background
preservation capabilities increase at the cost of reduce localized edits. This is
mainly due to the overlap between instances and is therefore more detrimen-
tal on Mice-Bench. Adding instance-aware smoothing fixes this, and achieves
the best performance, as the model is capable of localizing edits well while also
harmonizing them in the background, without unwanted inter-instance leakages.

6 https://github.com/omerbt/MultiDiffusion
7 https://github.com/goirik-chakrabarty/LoMOE
8 https://github.com/fufy1024/LayerEdit

https://github.com/omerbt/MultiDiffusion
https://github.com/goirik-chakrabarty/LoMOE
https://github.com/fufy1024/LayerEdit
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Table 1: Ablation analysis of different editing areas definition strategies based on the
segmentation masks (Seg. M.). Here, we apply MICE to FLUX.2 [klein] 4B.

LoMOE MICE-Bench

Tgt C ↑ Loc C ↑ MAEB ↓ AR [%] ↑ Tgt C ↑ Loc C ↑ MAEB ↓ AR [%] ↑

Bounding Boxes 25.94 29.55 9.38 97.92 25.00 26.57 10.66 98.78
Original Seg. M. 25.78 29.59 7.60 96.35 24.95 26.63 8.15 95.36
Gaussian Seg. M. 25.77 29.55 7.08 96.35 25.00 26.19 7.63 87.30
Our Seg. M. 25.77 29.57 7.07 96.35 25.15 26.85 7.84 92.48

Adaptation Strategies for Multi-Instance Concurrent Editing. In Ta-
ble 2, we compare different training-free strategies proposed in the literature to
obtain a multi-instance concurrent editing behavior from generative models that
are trained for single-instance editing. Specifically, we implement the strategies
proposed in [1] (MultiDiffusion), in [3] (LoMOE), and in [43] (IDAttn) on
top of the same backbone (FLUX.2 [klein] 4B). The combination of multi-branch
diffusion paths and gradient-based optimizations of LoMOE results in better
performance on the simpler LoMOE-Bench dataset. However, MICE performs
better on the more complex MICE-Bench in terms of localized edit quality. We
argue that the reason is two fold. First, multi-branch approaches applied to few
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Fig. 4: Inference time and VRAM com-
parison w.r.t. the number of edits.

sampling steps lack enough interaction
points, especially with increasing in-
stance number (and, therefore, number
of branches to merge). Second, perform-
ing latent optimization for multiple in-
stances creates numerical instabilities.
This is also shown by the superior per-
formance on MICE-Bench of MultiDif-
fusion, which has a pipeline similar to
LoMOE but without gradient optimiza-
tion. Regarding AR% and MAEB , we
remark that they are not always corre-
lated with better overall performance in
the supplementary. Moreover, we con-
sider 10242 images and compute infer-
ence time and VRAM usage with in-
creasing number of edits in Figure 4,
using a 40GB A100. As we can see, our
method scales similarly to IDAttn. In contrast, MultiDiffusion scales linearly
both in VRAM usage and inference time (we extrapolate the scaling behavior
on >15 edits, as it does not fit in GPU memory). In summary, even with a few
edits at practical resolutions, end-to-end regularized approaches are necessary
when using current state-of-the-art editing models. In the supplementary, we fur-
ther elaborate on computational scaling behavior by presenting an asymptotic
analysis of different approaches.
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Table 2: Comparison of different training-free strategies applied to FLUX.2 [klein] 4B
to achieve multi-instance concurrent editing capabilities.

LoMOE-Bench MICE-Bench

Strategy Tgt C ↑ Loc C ↑ MAEB ↓ AR [%] ↑ Tgt C ↑ Loc C ↑ MAEB ↓ AR [%] ↑

MultiDiffusion 26.04 30.12 6.39 95.31 24.79 26.26 6.21 85.25
LoMOE 26.23 30.15 8.32 98.44 24.85 26.04 8.62 91.46
IDAttn 25.29 29.12 7.04 92.19 24.64 25.54 6.42 77.05
MICE 25.77 29.57 7.07 96.35 25.15 26.85 7.84 92.48

Table 3: Performance of various MMDiT-based generative editing backbones with the
integration of our approach (+ MICE).

LoMOE-Bench MICE-Bench

Tgt C ↑ Loc C ↑ MAEB ↓ AR [%] ↑ Tgt C ↑ Loc C ↑ MAEB ↓ AR [%] ↑

FLUX.1 Kontext 25.77 28.26 9.46 93.23 25.65 25.43 16.75 97.95
+ MICE 25.42 29.13 7.49 94.27 24.54 25.54 6.61 86.43

FLUX.2 [klein] 4B 25.94 28.68 8.76 97.40 25.37 25.97 26.08 99.61
+ MICE 25.77 29.57 7.07 96.35 25.15 26.85 7.84 92.48

FLUX.2 [klein] 9B 26.57 29.45 8.63 99.48 25.66 26.34 27.12 100.00
+ MICE 26.49 30.30 8.88 98.44 25.24 27.79 13.89 98.97

FLUX.2-Dev 27.03 29.00 10.48 97.92 25.93 26.25 19.24 99.61
+ MICE 26.44 30.28 11.50 99.48 25.09 26.91 22.54 98.97

Backbone Adaptability. Our approach can be easily integrated in different
MMDiT-based editing models. Note that the k and τ hyperparameters can al-
ways be adjusted depending on the type of edit to perform, but our approach
does not rely on architecture-related hyperparameters such as the layers where
to apply our attention biasing strategy. To evaluate the portability of MICE,
we apply it to different state-of-the-art image editing backbones and report the
results of this analysis in Table 3. First, we consider FLUX.2 [klein] 9B, whose
inputs and outputs are passed through the same blocks as in the 4B version,
but whose MMDiT is larger. Moreover, we consider the FLUX.2-Dev variant,
which has a different preprocessing pipeline compared to the [klein] variants
(different text and image encoder) and a larger MMDiT. Finally, we consider
FLUX.1 Kontext, which has yet another preprocessing pipeline compared to
the others. As we can see, our MICE method shows consistent improvements
in localized edit quality across all baselines on the two benchmarks, indicated
by Loc C. In the remaining experiments, we use the FLUX.2 [klein] 9B porting
(dubbed MICE-9B).

Comparison with the State-of-the-Art. Table 4 contains the performance
of MICE-9B when compared to end-to-end single pass image editing models,
including our baseline model (Flux.2 [klein] 9B), state-of-the-art open (Qwen-
Image-Edit [38]) and closed (Gemini 3 Pro Image [6]) source models pro-
vided with textual prompts only. Moreover, we consider recent strategies specif-
ically proposed for multi-instance concurrent editing, on the original backbone
proposed by the respective authors. These are LoMOE [3] and LayerEdit [10]
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Table 4: Comparison with State-of-the-Art Editing Models.

LoMOE MICE-Bench

Model Tgt C ↑ Loc C ↑ MAEB ↓ AR [%] ↑ Tgt C ↑ Loc C ↑ MAEB ↓ AR [%] ↑

FLUX.2 [klein] 9B 26.57 29.45 8.63 99.48 25.66 26.34 27.12 100.00
Gemini 3 Pro Image 26.82 29.67 7.24 97.37 25.64 27.09 13.08 98.97
IDAttn 25.67 29.26 6.41 98.44 24.68 25.54 5.06 73.01
LayerEdit 25.61 29.07 7.43 97.92 23.77 24.38 9.32 99.51
LoMOE 26.00 29.40 6.66 92.19 24.99 25.46 7.76 99.07
Qwen-Image-Edit 26.34 28.85 7.13 88.02 25.26 25.33 26.47 98.83

MICE 26.49 30.30 8.88 98.44 25.24 27.79 13.89 98.97
+ SAM3 26.22 30.41 8.94 96.88 25.26 27.73 13.36 98.54

(which rely on the segmentation masks of the instances to edit, as MICE does),
and IDAttn [43] (which takes as input the bounding boxes surrounding the
instances). In this comparison, we also include the results obtained by our ap-
proach when given instance segmentation masks obtained by prompting the in-
stance segmentation model SAM3 [2] instead of the ground truth ones from the
datasets. As we can see, the superior performance of our MICE method in Local-
ized CLIP score indicates that the model successfully performs localized edits,
even beating Gemini 3 Pro, which showed better performance than the FLUX.2
[klein] 9B end-to-end baseline. Moreover, our method maintains superior per-
formance also when fed with the segmentation masks from SAM3, showing its
usability in real-world scenarios where a user can simply provide points as visual
cues instead of precise segmentation masks. Further analysis is reported in the
supplementary material.

Qualitative Analysis. We report qualitative results in Figure 5. In both sam-
ples, LoMOE shows overall low generation quality, even failing convincingly gen-
erate any of the instances in the LoMOE-Bench sample. FLUX.2 [klein] in end-
to-end mode fares much better, but fails to preserve the overall composition and
misplaces some objects. IDAttn, on the other hand, misses some edits, while
retaining the overall composition and object placement. MICE shines in back-
ground and layout preservation as well as in prompt following in both samples.
We perform an LLM-as-judge evaluation using Gemini 3.1 Pro with high thinking
budget, with 30 samples for each dataset, passing to the LLM judge the source
image, the edit locations, the edit prompts and the result from two models,
asking it to choose a winner among the two in terms of prompt following, back-
ground preservation and overall visual quality. We include in this evaluation our
model, the FLUX.2 [klein] baseline it is based on, and open-source competitors

Table 5: LLM-as-judge Results.
LoMOE-Bench MICE-Bench

FLUX.2 [klein] 9B 1299.78 1172.16
IDAttn 1223.57 1412.73
LayerEdit 887.98 858.92
LoMOE 1181.02 995.05
Qwen-Image-Edit 1265.12 1192.69
MICE 1342.53 1568.46

Qwen-Image-Edit-2511, and LoMOE,
LayerEdit and IDAttn, asking the LLM
900 total binary choice questions. We
compute ELO scores from these two-
way match-ups. Note that [13, 43]
showed good correlation between user
and LLM responses to questions about
evaluating image visual features and
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Source Edit Masks IDAttn MICELOMOE FLUX

Grapes A blueberry Plastic straws A steel spoon A Checkered Table Cloth

Blue rose A spray of dried sea grass A cluster of white orchidsRustic terracotta vase
Golden China porcelain vase Blue China porcelain vaseClear cristal vase

Fig. 5: Qualitative Results on LoMOE-Bench and MICE-Bench.

ranking models based on image editing ability. Moreover, to substantiate this
correlation in our case, we also conduct a user study, for which we report re-
sults in the supplementary. We report the results of the LLM-as-judge evaluation
in Table 5. On both datasets, MICE ends up being the best-performing model.
The second-best on LoMOE is FLUX.2 [klein], followed by Qwen-Image-Edit
and IDAttn, with LoMOE and LayerEdit performing significantly worse in this
evaluation. When switching to MICE-Bench, the denser annotation favors the
specialized IDAttn model, whereas the end-to-end competitors FLUX.2 [klein]
and Qwen-Image-Edit fall much further behind. As highlighted by the authors
of [43], the bad generation quality of LayerEdit and LoMOE especially fails to
be highlighted by CLIP score, but is made evident by human and LLM-based
evaluation.
Edge Cases. Additionally, in Figure 6 we show a qualitative analysis of our
proposed method in some edge cases. In particular, we show how MICE does
not hinder the base FLUX.2 [klein] model capabilities of performing global edits
and harmonizing the resulting image, either when the global harmonization is
necessary due to the localized prompt (first image, where illumination changes
are necessary after the local edit) or when the edit instructions require com-
bining global style changes with local edits (second image). Finally, in the third
image, we show that our method can handle multiple edits affecting the same re-
gion. Arguably, this is due to MICE’s smoothly-disentangled attention masking
strategy, especially considering the output of IDAttn.

6 Conclusion

In this work, we tackle the problem of multi-instance concurrent image edit-
ing by proposing MICE, a training-free and architecture-agnostic method that
leverages the joint attention mechanism of MMDiTs by redefining the addi-
tive bias applied to attention logits. Specifically, MICE alters token interactions
according to instance-specific regions to promote attribute binding within in-
stances while maintaining sufficient interactions across the image to preserve its
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IDAttnFLUXSource Edits Masks

[G] Make the image in style of a Van Gogh painting Blue flowers Sunflower Solid terracotta vase

Happy guy Old guy Red tea cup

Bright turned-on lamp

MICE

Fig. 6: Exemplar output of FLUX.2 [klein], IDAttn, and MICE on the edge cases

global coherence. Moreover, we have introduced MICE-Bench, a new dataset
designed to assess performance under more demanding conditions, i.e., a higher
number of concurrent edits per sample compared to existing benchmarks for
multi-instance image editing. Extensive evaluation across diverse datasets and
backbones demonstrates that our method consistently improves instruction ad-
herence, edit localization, and background preservation compared with recent
baselines and competitors. These results suggest that attention biasing provides
an effective mechanism to scale multi-instance editing to complex scenarios.
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