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Abstract
In controllable image synthesis, generating coherent and con-
sistent images from multiple references with spatial layout
awareness remains an open challenge. We propose LAMIC,
a Layout-Aware Multi-Image Composition framework that,
for the first time, extends single-reference diffusion mod-
els to multi-reference scenarios in a training-free manner.
Built upon the MMDiT model, LAMIC introduces two plug-
and-play attention mechanisms: 1) Group Isolation Atten-
tion (GIA) to enhance entity disentanglement; and 2) Region-
Modulated Attention (RMA) to enable layout-aware genera-
tion. To comprehensively evaluate model capabilities, we fur-
ther introduce three metrics: 1) Inclusion Ratio (IN-R) and
Fill Ratio (FI-R) for assessing layout control; and 2) Back-
ground Similarity (BG-S) for measuring background con-
sistency. Extensive experiments show that LAMIC achieves
state-of-the-art performance across most major metrics: it
consistently outperforms existing multi-reference baselines
in ID-S, BG-S, IN-R and AVG scores across all settings,
and achieves the best DPG in complex composition tasks.
These results demonstrate LAMIC’s superior abilities in
identity keeping, background preservation, layout control,
and prompt-following, all achieved without any training or
fine-tuning, showcasing strong zero-shot generalization abil-
ity. By inheriting the strengths of advanced single-reference
models and enabling seamless extension to multi-image sce-
narios, LAMIC establishes a new training-free paradigm for
controllable multi-image composition. As foundation mod-
els continue to evolve, LAMIC’s performance is expected to
scale accordingly.

Code — https://github.com/Suchenl/LAMIC

1 Introduction
Creating consistent and controllable visual content is a core
challenge in digital filmmaking, storyboarding, and narra-
tive illustration (Zhou, Yang et al. 2024). In these domains,
artists often need to construct scenes that involve multi-
ple entities—such as characters and environments—while
maintaining visual and stylistic consistency across varying
perspectives and story beats. With the rapid progress of
diffusion-based generative models, there is growing inter-
est in leveraging such models to automate and accelerate the
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generation of entity-consistent, layout-controllable images
guided by both textual and visual inputs (Xiao et al. 2025).

Recent advances in image generation have introduced
impressive capabilities in text-to-image (T2I) and image-
to-image (I2I) synthesis (Rombach et al. 2022a; Brooks,
Holynski, and Efros 2023). More recently, multimodal text-
and-image-to-image (T&I2I) models, especially FLUX.1-
Kontext released on May 29, 2025 (Labs et al. 2025), have
demonstrated the great potential of combining textual de-
scriptions with visual references to generate semantically
grounded and identity-consistent images. However, as a
single-reference model, it still remains significantly lim-
ited in handling multiple reference images. To enable multi-
image reference generation, some methods have introduced
trainable extension modules into the fundamental T2I mod-
els (Chen et al. 2025), while others have retrained a slightly
modified T2I architecture (Xiao et al. 2024b; Wu et al.
2025a). However, these training-based methods face chal-
lenges in generalization performance when combining more
images, as large-scale datasets with multiple image refer-
ences are difficult to collect (Chen et al. 2025).

In addition, many of these methods lack spatial layout ca-
pabilities, which limits their application in real scenarios.
These limitations become particularly problematic in cre-
ative production workflows. For instance, in storyboard gen-
eration for films or animations, it is crucial to consistently
generate the same multiple characters, objects and scenes
which conform to explicit layout plans-such as character po-
sitioning, scene framing, or camera perspective determined
by directors or artists. Previous studies have investigated lay-
out control in T2I systems, which can be mainly divided
into training-based (Zhang et al. 2025; Tan et al. 2025) and
training-free (Yang et al. 2024; Chen et al. 2024b). How-
ever, the former requires the introduction of additional mod-
ules for specific tasks or fine-tuning with LoRA to force the
generated image to conform to the layout input, which is still
constrained by the dataset. The latter is mainly achieved by
manipulating the area where the prompt word is injected or
using the model’s local predicted noise to replace the cor-
responding area in the global noise predicted by the model.
However, such methods are prone to cross-image interfer-
ence and semantic leakage, especially in the case of similar
appearance of entities (for example, multiple humans or an-
imals), resulting in reduced subject consistency.
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To address the above limitations, we propose LAMIC
(Layout-Aware Multi-Image Composition), a training-
free framework built upon a pretrained single-image refer-
ence Multimodal Diffusion Transformer (MMDiT) (Esser
et al. 2024) model. Leveraging our proposed attention mech-
anism and the strong scalability of the MMDiT architecture,
LAMIC enables users to incorporate an arbitrary number of
reference images along with region-level layout priors (e.g.,
masks or bounding boxes). Our framework achieves superior
overall performance compared to prior approaches in multi-
image composition, particularly excelling in tasks involving
fine-grained layout control. The main contributions of this
paper are as follows:

• We propose LAMIC, a novel framework for high-
quality layout-aware multi-image composition, sup-
porting flexible spatial layout control and seamless multi-
reference integration.

• LAMIC is the first to extend single-reference diffusion
models to multi-reference scenarios in a training-free
manner. It inherits the consistency-preserving editing ca-
pabilities of the underlying model, while circumventing
the generalization issues caused by the scarcity of large-
scale multi-reference training datasets.

• To reduce semantic entanglement across entities, we in-
troduce Group Isolation Attention (GIA), which en-
forces localized attention within aligned visual-textual-
spatial (VTS) triplets.

• Building on GIA, we further propose Region-
Modulated Attention (RMA), which defers inter-region
fusion and cross-entity interaction (CEI) instruction in-
jection to enhance layout controllability and prevent
early-stage semantic leakage.

2 Related Work
Reference-Guided Image Generation. Recent advance-
ments in multimodal image generation enable synthe-
sizing images guided by both textual and visual refer-
ences. UniAdapter (Wang, Hu et al. 2023) introduced early
adapter-based methods for reference adaptation, though lim-
ited to single references without spatial disentanglement.
EasyRef (Zong et al. 2024) proposed leveraging multiple
reference images but relies on complex multimodal large
language models (MLLMs), hindering practical usability.
FLUX.1-Kontext (Labs et al. 2025), built on MMDiT archi-
tecture, demonstrates significant improvements in identity
consistency using a single reference image. However, these
methods remain inadequate for handling multiple image ref-
erences effectively.

Layout-Aware Generation. Spatial layout control has
been explored via supervised segmentation maps, bounding-
box conditioning (Chen et al. 2024b), and region-aware
prompts (Chen et al. 2024a; Hsiao et al. 2025). However,
most approaches rely on either fine-tuning (Ruiz, Li et al.
2023), prompt heuristics (Yang et al. 2024), training-time
supervision (He et al. 2025) or repeated inference (Chen
et al. 2024b), making them less flexible for open-domain
generation. In contrast, our method avoids parameter tuning,

extra inference, and complex prompt engineering, offering a
more practical solution for open-domain scenarios.

Multi-Image Composition. Effective compositional gen-
eration involves integrating multiple visual references into
coherent images. MS-Diffusion (Wang et al. 2025) pio-
neered multi-modal inference with layout control but ex-
hibits limitations in identity preservation and spatial ac-
curacy. Methods like OmniGen (Xiao et al. 2024b) and
OmniGen2 (Wu et al. 2025a) enhance identity disentan-
glement but generally require extensive retraining, restrict-
ing scalability. UNO (Wu et al. 2025b) and DreamO (Mou
et al. 2025) provide consistent cross-reference synthesis
but lack explicit layout control. Although XVerse (Chen
et al. 2025) achieves fine-grained identity control, like
most training-based methods, it relies on large-scale multi-
reference datasets that are difficult to collect, leading to gen-
eralization limitations in practical scenarios.

3 Method
3.1 Preliminaries and Key Insights
Multimodal Diffusion Transformer. MMDiT (Esser
et al. 2024), introduced in Stable Diffusion 3, extends
DiT (Peebles and Xie 2023) by concatenating text and la-
tent image tokens for multimodal conditioning within the
LDM framework (Rombach et al. 2022b). This design has
been adopted in models such as FLUX.1 (Labs 2024) and
FLUX.1-Kontext (Labs et al. 2025), with the latter demon-
strating strong identity preservation in single-reference gen-
eration. Notably, both Kontext and recent control frame-
works (e.g., EasyControl (Zhang et al. 2025), OmniCon-
trol2 (Tan et al. 2025)) introduce external control sig-
nals—like reference images—via token concatenation. This
design paradigm reveals a key insight: it is possible to intro-
duce multiple-reference images into a unified representation
space using only a pretrained single-reference network.

Attention Mechanism. In MMDiT, both self-attention
and cross-attention layers are applied at each denoising step
to model complex dependencies. The attention computation
is defined as:

Att(Q,K, V ) = softmax

(
QK⊤
√
d

)
· V (1)

where Q (query), K (key), and V (value) are projections
of either latent tokens or conditioning embeddings. While
standard attention enables global interaction across all to-
kens, this becomes problematic in the multi-reference set-
ting: cross-token mixing can lead to interference between
unrelated entities—whether in textual descriptions, visual
references, or layout controls.

3.2 Overview of LAMIC
As shown in Figure 1, LAMIC enables layout-aware
multi-entity generation through the following three stages:
1) Structured Input Definition, where each reference is
organized into a visual-textual-spatial (VTS) triplet, com-
plemented by cross-entity interaction (CEI) instructions and
uncontrolled regions; 2) Unified Token Representation,
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Figure 1: Framework of our proposed LAMIC. We illustrate the layout-aware multi-image composition process with 5 reference
groups (n=5) provided as input.

where all components—VTS triplets, CEI, and un-
controlled regions—are encoded into a unified to-
ken sequence for joint representation in MMDiT; 3)
Multi-VTS Guided Generation, where image synthesis is
guided by all VTS tokens. Two attention mechanisms are
introduced to support this stage: Group Isolation Atten-
tion (GIA) restricts cross-group interaction among textual,
spatial, and visual tokens to prevent semantic entanglement;
Region-Modulated Attention (RMA) defers inter-region
fusion and CEI injection to enhance layout controllability
and avoid early-stage semantic leakage.

3.3 Structured Input Definition
We structure each reference as a visual-textual-spatial (VTS)
triplet group Gi = (Vi, Ti, Si), where Vi denotes the vi-
sual reference (image), Ti represents the textual condi-
tion—referred to as the self-attribute description (SAD),
and Si specifies the target spatial region (e.g., bounding
box or mask). Each SAD consists of an identifier describ-
ing the entity (e.g., “a dragon”, “a car”), and a descrip-
tion specifying appearance behavior (e.g., “keep the same
appearance”, “change the pose”). We further introduce a
Cross-Entity Interaction (CEI) instruction C, which gov-
erns spatial or semantic relationships between entities (e.g.,
“A rides B”), and an uncontrolled region U , covering
areas not assigned to any specific entity. Together, these
components—{(Vi, Ti, Si)}Ni=1, C, and U—form a struc-
tured input that aligns visual, textual, and spatial guidance,
and N denotes the number of references. This design sup-
ports multi-entity composition without relying on external
reasoning modules such as MLLMs (Yang et al. 2024).

3.4 Unified Token Representation
We encode all components—{(Vi, Ti, Si)}Ni=1, C, and
U—into a unified token sequence. Specifically, we use the
pretrained VAE or AE from MMDiT to convert each Vi into
latent tokens Li ∈ RB×(Hi×Wi/4)×4C , where B, C, Hi, and
Wi denote the batch size, channel count, and spatial dimen-
sions. Textual inputs (Ti, C) are embedded via pretrained
T5 (Raffel et al. 2020) or CLIP (Radford et al. 2021), and

projected to match the latent token space. Spatial regions Si

are downsampled (typically ×8) and reshaped to match the
image token format. We then concatenate all tokens along
the sequence dimension and record their positions for sub-
sequent attention masking.

3.5 Multi-VTS Guided Generation
We design two attention mechanisms to support layout-
aware generation guided by multi-VTS tokens: Group Iso-
lation Attention (GIA) and Region-Modulated Attention
(RMA), as illustrated in Figure 2.

Group Isolation Attention (GIA). GIA suppresses inter-
ference across VTS groups by restricting attention computa-
tions within each group:

GIA(QGi ,KGj , VGj ) =

{
Att(·), i = j

0, i ̸= j
(2)

where i, j ∈ {1, . . . , N}. For brevity, in multi-case equa-
tions, we use Att(·) to denote the attention operation with
the same (Q,K, V ) inputs as those on the left-hand side of
the equation.

To ensure structural coherence, we retain unrestricted at-
tention between spatial regions on the condition of Eq. (2):

GIA(QSi ,KSj , VSj ) = Att(QSi ,KSj , VSj ), ∀i, j (3)

We also define cross-group interactions with CEI (C) and
uncontrolled region (U ): C is treated as a global prompt and
interacts fully with all groups, while U follows the spatial
attention pattern:

GIA(QGi
,KC , VC) = Att(QGi

,KC , VC) (4a)
GIA(QC ,KGi , VGi) = Att(QC ,KGi , VGi) (4b)

GIA(QGy
i
,KU , VU ) =

{
Att(·), y = S

0, y ̸= S
(4c)

GIA(QU ,KGy
i
, VGy

i
) =

{
Att(·), y = S

0, y ̸= S
(4d)

where y ∈ {V, T, S}, ∀i ∈ N .
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(a) Group Isolation Attention (b) Region-Modulated Attention

Figure 2: Our proposed attention mechanisms.

Region-Modulated Attention (RMA). To promote pre-
cise spatial control and prevent early-stage semantic leak-
age, based on GIA, RMA further limits the inter-region
cross-attention and CEI injection in the early denoising step:

RMA(QSi ,KSj , VSj ) =

{
Att(·), i = j

0, i ̸= j
(5)

and attention with U and C is disabled:

RMA(QSi ,KU , VU ) = RMA(QU ,KSi , VSi) = 0 (6)
RMA(QSi ,KC , VC) = RMA(QC ,KSi , VSi) = 0 (7)
RMA(QU ,KC , VC) = RMA(QC ,KU , VU ) = 0 (8)

In practice, we implement these rules via attention masks
for efficiency. The total denoising process is divided into two
sub-stages: RMA is applied during the first stage, covering
a predefined ratio of the total steps, followed by GIA in the
remaining steps.

4 Experiments
4.1 Experimental Setting
Implementation Details. We implement LAMIC based
on the open-source single-image reference MMDiT-based
model (Flux.1 Kontext-dev). The inference process is con-
figured with 20 denoising steps, a guidance scale of 2.5, and
a first-stage step ratio of 0.05. To reduce memory consump-
tion, both the Transformer and T5 modules are quantized to
INT8 during inference. All experiments are conducted on
a machine equipped with a single NVIDIA RTX 4090 and
dual NVIDIA A6000 GPUs.

Benchmark Dataset. As a benchmark for multi-image
composition, XVerseBench (Chen et al. 2025) originally in-
cludes 74 objects, 20 human faces, and 45 animals. How-
ever, we observed its limitations in subject diversity and vi-
sual quality. To address this, we augmented the dataset with
20 additional scenes, 17 clothing items, and 1 object sourced
from DreamBench++ (Peng et al. 2025), MS-Bench (Wang
et al. 2025), and GPT-4o generations. Moreover, due to the
low resolution and noise present in some original samples,
we regenerated 20 high-resolution human faces and replaced
several degraded images using high-quality generation tools.
Beyond improving image quality and type diversity, we

constructed structured multi-image inputs with associated
bounding boxes for each subject, enabling precise layout-
aware generation and evaluation. Specifically, we created 60
inputs with two reference images, 40 inputs with three ref-
erence images, and 20 inputs with four reference images.

Evaluation Metrics. Following prior work (Chen et al.
2025), we adopt several established metrics to assess gener-
ation quality. To better evaluate background consistency and
layout controllability, we further propose three novel met-
rics: BG-S, IN-R, and FI-R, which provide finer-grained
analysis in multi-reference, layout-aware synthesis settings.
• DPG Score (Hu et al. 2024), measuring the text consis-

tency editing ability of the model;
• Face ID Similarity (ID-S) (Deng et al. 2019), evaluating

human identity preservation;
• DINOv2 Similarity (IP-S) (Oquab et al. 2023), captur-

ing object appearance consistency;
• Aesthetic Score (AES) (discus0434 2024), judging over-

all aesthetic appeal;
• Background Similarity (BG-S), a weighted combina-

tion of DINOv2, CLIP (Radford et al. 2021), SSIM, and
color histogram (CH):

BG-S = 0.4 · DINO + 0.25 · CLIP + 0.2 · SSIM + 0.15 · CH
(9)

We report the unweighted average of the above five metrics
as AVG for overall generation quality.

For layout evaluation, we employ the Grounded SAM 2
pipeline, where Florence-2 (Xiao et al. 2024a) handles ob-
ject detection and grounding, generating bounding boxes for
target entities, which are then processed by SAM-2 to pro-
duce precise segmentation masks Mgen, which are compared
to the ground-truth target region mask Mtrg.

Specifically, IN-R (Inclusion Ratio) measures how much
of the generated entity lies within the target region, while FI-
R (Fill Ratio) evaluates how well the target region is cov-
ered by the generated entity. These two ratios jointly reflect
the precision and completeness of layout control. In order to
unify the value range with other metrics, we multiplied both
ratios by 100.

IN-R =

∑
(Mgen ∩Mtrg)∑

Mgen
× 100 (10)

FI-R =

∑
(Mgen ∩Mtrg)∑

Mtrg
× 100 (11)

To avoid artificially inflated layout scores caused by large
targets (e.g., full-image regions), we discard samples where
the target mask occupies more than 75% of the image area.

Baseline Methods. We first evaluate the performance of
our method on multi-image composition tasks, comparing
it against several state-of-the-art multi-reference generation
approaches, including MS-Diffusion (Wang et al. 2025),
MIP-Adapter (Huang et al. 2025), OmniGen (Xiao et al.
2024b), UNO (Wu et al. 2025b), OmniGen2 (Wu et al.
2025a), DreamO (Mou et al. 2025), and XVerse (Chen et al.
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Inputs LAMIC DreamO OminiGen2XVerse UNO OminiGen MIP-Adapter MS-Diffusion

An anime girl wearing 
a sweater is reading a 
book in an anime park

A boy is using a teapot 
to pour water into the 
sea in a beach scene

 A cat is sitting 
beside a shoe

An old man and a 
pixelated warrior 
meet each other

A sea turtle is held by a 
man sitting nearby. A 

jellyfish floating nearby. 
All in a forest

A polar bear walks on a 
mountain, with a dista-
nt clock tower, a hot air 
balloon above it, and a 
stop sign on bear’s left

Figure 3: Visual comparison of different methods under different multi-reference images.

2025). These models are evaluated across various subject
composition and background integration scenarios under
three settings. After that, we further evaluate the layout con-
trol performance of the above methods.

4.2 Multi-Image Composition Performance
Quantitative Comparison. Table 1 quantitatively
demonstrates that LAMIC consistently achieves the best
overall performance across all settings. Notably, it ob-
tains the highest ID-S, BG-S, and AVG scores in each
reference configuration, indicating strong identity and
background preservation, as well as balanced generation
quality. In the three- and four-reference settings, LAMIC
also achieves the highest DPG score, demonstrating
its superior editing capability and prompt consistency.
(1) Specifically, in the two-reference setting, LAMIC
achieves an ID-S of 78.04, surpassing the second-best
OmniGen by nearly 9 points; a BG-S of 83.14, exceed-
ing the second-best OmniGen2 by 2.55; and an AVG
of 74.54, outperforming the runner-up OmniGen2 by
4.3. Furthermore, the IP-S of 72.33 is only 1.12 be-
low the best-performing model, demonstrating excellent
object preservation. (2) In the three-reference setting,
LAMIC achieves a DPG of 91.95, an ID-S of 65.63,
and an AVG of 73.92, all outperforming the respective
second-best models by approximately 1 point. Notably,

it attains a BG-S of 86.06, which is 2.5 points higher
than the second-best OmniGen2, further validating
LAMIC’s superior capability in background consis-
tency. (3) In the more challenging four-reference setting,
LAMIC still leads with a DPG of 90.16 (tied with UNO),
an ID-S of 70.25 (exceeding the second-best XVerse by
8.41), a BG-S of 87.02, and an AVG of 74.44, surpassing all
competitors by a large margin, indicating LAMIC maintains
strong performance as the reference number increases.

These improvements are achieved without any fine-tuning
or model re-training, highlighting the zero-shot general-
ization capability of our method. It is also worth noting
that UNO consistently achieves the best AES, reflecting its
strong aesthetic appeal, while OmniGen2 performs second-
best on BG-S, demonstrating good background synthesis
ability. DreamO and XVerse also achieve solid overall per-
formance, closely following LAMIC in terms of AVG.

Qualitative Comparison. Figure 3 presents qualita-
tive comparisons under diverse multi-reference scenarios.
LAMIC excels in preserving subject identity and structural
fidelity, generating visually coherent and high-quality re-
sults. For example, in the “old man-pixelated warrior” com-
position (Row 2), LAMIC successfully maintains the sub-
ject’s stylized structure and realistic blending, while other
methods exhibit over-smoothing or distortions. In the “sea

3178



Method Two-Reference Three-Reference Four-Reference
DPG ID-S IP-S BG-S AES AVG DPG ID-S IP-S BG-S AES AVG DPG ID-S IP-S BG-S AES AVG

MS-Diffusion 75.01 12.70 47.05 71.48 52.88 51.82 86.67 3.46 43.13 72.49 57.85 52.72 75.24 3.78 41.25 73.24 55.41 49.78
MIP-Adapter 82.64 22.28 59.59 75.15 55.77 59.09 84.97 20.40 61.58 78.93 60.61 61.30 83.49 13.31 57.73 77.82 58.60 58.19
OmniGen 82.06 69.32 66.63 73.25 56.54 69.56 72.79 61.24 64.52 78.30 59.60 67.29 74.60 54.88 61.60 77.21 59.39 65.54
UNO 89.42 38.71 72.92 72.32 59.52 66.58 91.00 43.52 69.03 78.72 62.45 68.94 90.16 39.98 73.73 78.34 61.75 68.79
OmniGen2 85.53 59.89 70.60 80.59 54.61 70.24 81.00 55.53 65.88 83.58 59.32 69.06 81.09 50.66 62.90 81.56 56.49 66.54
DreamO 88.54 58.71 73.45 73.99 55.28 69.99 90.60 63.74 71.49 80.73 57.01 72.71 90.04 57.29 70.19 80.08 55.95 70.71
XVerse 87.90 56.49 70.72 74.62 59.38 69.82 90.23 63.70 73.19 79.53 59.06 73.14 84.00 61.84 70.69 78.72 56.71 70.39
LAMIC(Ours) 85.61 78.04 72.33 83.14 53.59 74.54 91.95 65.63 67.54 86.06 59.24 73.92 90.16 70.25 66.67 87.02 58.10 74.44

Table 1: Quantitative results of multi-image combination. Bold indicates the best result, single underline indicates the second-
best, and double underline indicates the third-best.

Method Two-Ref Three-Ref Four-Ref
IN-R FI-R IN-R FI-R IN-R FI-R

MS-Diffusion 56.83 23.17 72.84 19.06 58.55 20.32
MIP-Adapter 59.25 21.73 70.43 20.34 63.16 19.40
OmniGen 58.60 16.40 66.43 20.87 58.99 14.96
UNO 63.46 15.74 70.37 18.54 70.13 17.85
OmniGen2 67.49 27.87 70.72 27.27 58.50 22.30
DreamO 69.25 24.37 73.84 23.57 72.95 23.71
XVerse 62.65 20.30 75.42 22.83 62.24 19.62
LAMIC(Ours) 92.39 32.75 91.90 24.26 89.81 20.81

Table 2: Comparative results of our LAMIC and other meth-
ods under layout-aware multi-image composition.

turtle–jellyfish–man–forest” composition (Row 5), LAMIC
respects spatial arrangements and visual semantics, accu-
rately merging all referenced elements, whereas most base-
lines suffer from object mismatching or semantic drifting.

XVerse consistently delivers visually pleasing generations
with relatively high ID-S, particularly in cases with promi-
nent human references (Rows 2 and 4), but tends to oversim-
plify background compositions. DreamO achieves smoother
image transitions and realistic style rendering, as observed in
Row 3 (“anime girl-sweater-anime park”) and Row 4 (“boy-
teapot-beach”), but occasionally struggles with precise iden-
tity preservation and text following, especially in more com-
plex scenes. In contrast, methods like MIP-Adapter and MS-
Diffusion exhibit limitations in balancing layout, identity,
and appearance, often leading to incomplete or mismatched
object integration.

Overall, both quantitative and qualitative results validate
that LAMIC achieves superior multi-image composition,
maintaining generation quality and consistency. More com-
parative samples are illustrated in Appendix A.

4.3 Layout-Controlled Multi-Image Composition
Performance

Although MS-Diffusion is currently the only baseline that
explicitly supports layout-aware multi-image composition,

we still compare our method against all aforementioned ap-
proaches to provide a comprehensive evaluation of our pro-
posed layout control metrics.

The results are presented in Table 2. LAMIC achieves
an IN-R of approximately 90 across all settings, signifi-
cantly outperforming all other methods. This is expected,
as most baselines lack explicit layout control capabilities.
While MS-Diffusion claims to support layout-aware gener-
ation, its performance on both IN-R and FI-R is relatively
subpar. We attribute this to the nature of our proposed IN-
R and FI-R metrics, which evaluate the consistency of en-
tity placement and spatial accuracy. These metrics rely on
a model’s ability to preserve entities and maintain com-
positional alignment—areas where MS-Diffusion underper-
forms (Sec. 4.2), thus leading to lower scores.

It is also worth noting that although LAMIC consistently
achieves the best FI-R among all methods, the margin over
layout-unaware baselines is not large. This suggests that
while LAMIC demonstrates superior layout control, there is
still considerable room for improvement in fully capturing
and preserving target spatial configurations. Some visual re-
sults of LAMIC are illustrated in Appendix B.

4.4 Ablation Study
In our ablation study, we first analyze the impact of remov-
ing each proposed module, and then investigate the effect of
varying the ratio of first-stage steps on generation quality.

Figure 4: Visual comparison of different settings of LAMIC
under layout-aware multi-image composition.
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Settings Two-Reference Three-Reference Four-Reference
DPG ID-S IP-S BG-S AES IN-R FI-R DPG ID-S IP-S BG-S AES IN-R FI-R DPG ID-S IP-S BG-S AES IN-R FI-R

L
A

M
IC

0.05 85.61 78.04 72.33 83.14 53.59 92.39 32.75 91.95 65.63 67.54 86.06 59.24 91.90 24.26 90.16 70.25 66.67 87.02 58.10 89.81 20.81
0.10 86.76 79.73 72.99 84.74 52.73 94.34 31.98 89.56 66.37 66.76 86.33 59.24 93.92 26.31 92.71 66.85 65.59 86.14 58.36 89.27 20.23
0.15 86.26 81.21 72.90 85.17 52.39 95.34 32.94 88.84 66.97 67.23 86.52 59.09 94.67 27.33 89.50 66.81 65.57 86.10 58.17 90.25 20.54
0.20 85.47 81.37 72.93 84.48 51.90 95.26 33.43 86.48 65.53 67.15 86.58 59.17 94.65 27.49 89.14 66.80 65.59 86.13 58.41 90.72 20.71

w/o RMA 84.18 67.96 67.25 82.95 54.91 81.77 28.93 90.92 64.58 64.51 85.79 59.31 87.45 23.81 91.25 65.81 64.84 86.30 58.83 88.88 19.39
w/o GIA 86.20 39.15 61.66 79.95 53.30 66.12 24.47 87.30 42.19 55.60 84.16 57.63 69.37 20.70 84.74 32.07 51.62 85.08 54.85 66.95 16.57

Table 3: Ablation results for different attentions and ratios of first-stage steps under layout-aware multi-image composition.

Impact of Proposed Modules. Table 3 quantitatively
demonstrates the impact of individually removing the pro-
posed RMA and GIA components. The full model configu-
ration (LAMIC) achieves the best overall performance. Us-
ing RMA results in a slight drop in aesthetic quality, which
is reasonable given the substantial improvement in layout
control—IN-R increases by up to 10.62 points in the two-
reference setting and 7.22 points in the three-reference set-
ting compared to the version without RMA. In contrast, re-
moving GIA causes a significant degradation across nearly
all metrics, highlighting its critical role in ensuring high-
quality multi-image composition.

Figure 4 presents qualitative comparisons across different
settings. It clearly shows that removing RMA weakens lay-
out control performance (e.g., in the “TV-donut” and “bear-
maple leaf-cactus-desert” cases), and leads to partial fusion
or entanglement of entities within target regions (e.g., in
“panda-cat” and “eagle-shark”). The degradation becomes
more pronounced when GIA is removed: layout control ca-
pabilities nearly vanish (consistent with the scores in Ta-
ble 3), which are comparable to layout-unaware baselines
Table 2, and multiple reference entities collapse into a single
blended form in most situations or just keep a single entity.

Figure 5: Visual comparison of different first-stage step ra-
tios in LAMIC under layout-aware multi-image composi-
tion. For the left group, the target regions are the upper and
lower halves (0.5 each); for the right group, the target re-
gions correspond to those shown in Figure 4.

Impact of First Stage Steps. Table 3 also reveals the im-
pact of varying the ratio of first-stage steps. As expected,

increasing this ratio generally improves layout control: in
both two-, three-, and four-reference settings, a ratio of 0.15
or 0.20 consistently achieves the best or second-best scores
in IN-R and FI-R. An exception occurs in the four-reference
case, where a lower ratio of 0.05 yields the highest FI-R.

However, this improvement in layout control comes at the
cost of other aspects of generation quality. As the ratio in-
creases, the AES tends to decline, with the best scores ob-
served at lower ratios (0.05 or 0.00, the latter corresponding
to the w/o RMA case). A similar trend is observed for DPG,
suggesting that excessive first-stage emphasis may impair
prompt-following fidelity and regional continuity.

To visualize these effects, we present two groups of image
samples in Figure 5, where each sample in a single group
shares identical inputs but uses different random seeds.
These examples highlight the trade-off between layout pre-
cision and global coherence when adjusting the first-stage
ratio. We further observe that when the ratio reaches 0.10
or higher, distinct boundaries begin to appear between ad-
jacent regions, and visual consistency within individual re-
gions degrades noticeably. In contrast, setting the ratio to
0.05 preserves better global coherence and intra-region con-
sistency. Although the lower ratio may occasionally result in
attribute blending between closely placed entities, its quan-
titative scores remain comparable and consistently yield su-
perior visual quality in practice. Therefore, we fix the first-
stage ratio to 0.05 in the main experiments.

5 Conclusion
In this work, we present LAMIC, a zero-shot framework
for layout-aware multi-image composition that, for the
first time, extends consistent single-reference generators to
multi-reference and layout-controllable generation without
any fine-tuning. To address semantic entanglement and en-
able accurate region-wise control, we introduce two plug-
and-play modules—Group Isolation Attention and Region-
Modulated Attention—and further propose three targeted
evaluation metrics (IN-R, FI-R, BG-S) to more compre-
hensively assess layout controllability and background fi-
delity. LAMIC achieves state-of-the-art performance across
most metrics, consistently ranking first in ID-S, BG-S, IN-
R, and overall AVG under 2-, 3-, and 4-reference settings,
demonstrating strong identity preservation, spatial control,
and prompt adherence. Mild blending near region bound-
aries remains, and future work will explore more refined at-
tention strategies and earlier prompt–reference binding for
improved separation and controllability.
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