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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.
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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 work�ows [19, 38], where edits are per-
formed sequentially. While serving as a functional baseline, multi-turn editing
di�ers 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 �nal
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.
MultiDi�usion [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 in�uence
on the N target regions using foreground masks, while other approaches fur-
ther re�ne 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 su�er 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 signi�cant 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 �ne-
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; �1) to enforce
instance isolation. However, this approach relies on heuristics to balance di�erent
masking regimes in di�erent model layers (early, middle, and late). This rigidity
makes performance sensitive to model architecture and hinders porting to other
baselines. In contrast, MICE o�ers 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 �ow 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 I ref 2 RH�W �3 denote the input image and consider a set of
N segmentation masks M = fm n gN

n=1 , each enclosing an object, and a set of
corresponding editing instructions T = ft n gN

n=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 recti�ed �ow matching [23,36]. Speci�cally, given a target data sam-
ple I edit

1 � p data , a source sample Iedit
0 � p 0, where p0 � N (0; I), and condition-

ing signals C = fI ref ; T; Mg, the model learns a time-dependent velocity �eld
v� (I edit

t ; t; C) to denoise Iedit
0 into I edit

1 . The input image I ref is encoded by a
Variational Autoencoder (VAE), which compresses it to R

H
d � W

d �c where d is
the compression ratio and c is the number of channels of the VAE. The editing
instructions t i are tokenized, padded to a �xed 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 �eld estimator, alongside the noisy
latents for I edit

t . After a prede�ned number of estimation steps, the resulting
latents are passed to a VAE decoder to obtain the �nal Iedit

0 .
In state-of-the-art FM models, the velocity �eld 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 = Z prompt k Z latent k Zcontext denote the joint token sequence. From Z we
compute the queries Q, keys K, and values V for the joint attention operation
de�ned as:

Attn(Q; K; V) = Softmax
�

QK T
p

d
+ B

�
V;

where B 2 R jZj�jZj
�0 is an attention bias matrix, commonly set to 0. Our approach

de�nes 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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