CreatiLayout: Siamese Multimodal Diffusion Transformer for Creative
Layout-to-Image Generation

Supplementary Material

A. More Details on SiamLayout-FLUX
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demonstrate that our proposed SiamLayout-FLUX outper-
forms previous methods by a clear margin, validating the
effectiveness of SiamLayout and its general applicability
across different MM-DiTs.

B. LoRA Version of SiamLayout
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Figure 10. An overview of SiamLayout-FLUX.

FLUX is another outstanding text-to-image generative
model based on the Multimodal Diffusion Transformer (MM-
DiT) architecture, demonstrating remarkable performance
alongside SD3. The core components of FLUX include
the double-stream block and the single-stream block. To
further verify the generality of our proposed SiamLayout
approach, we integrate SiamLayout into FLUX and propose
SiamLayout-FLUX, aiming to empower FLUX for layout-
to-image generation.

Specifically, as illustrated in Fig. 10, for the Double
Stream Block in FLUX, we adopt the same layout integration
strategy as presented in Fig. 2. For the Single Stream Block,
we maintain the core concept from SiamLayout, which em-
phasizes preserving the advantage of MM-Attention in fa-
cilitating effective multimodal interactions while reducing
interference and competition among modalities. Therefore,
we similarly introduce a Siamese branch dedicated to pro-
cessing the interactions between images and layouts. Such a
design enables the layout information to independently and
concurrently guide the image content generation, analogous
to the role played by the global text caption.

Both quantitative and qualitative experimental results
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Figure 11. An overview of SiamLayout-LoRA.

We further propose a more lightweight variant for layout
control, named SiamLayout-LoRA, which achieves compa-
rable layout control accuracy with fewer additional parame-
ters. As illustrated in Fig. 11, SiamLayout-LoRA integrates
Low-Rank Adaptation (LoRA) modules into the Linearl,
Linear2, and MLP1 layers, efficiently handling image-layout
interactions based on the frozen pre-trained weights. This
LoRA-based variant provides alternative trade-offs between
extra parameter overhead and layout control accuracy. In our
experiments, we set the LoRA rank to 256.

C. Discussion on Extra Parameters and Com-
putation Introduced by Layout Control

Extra Params | Extra MACs | Spatial 1 Color 1 Texture 1 Shape 1

GLIGEN 24.20% 30.80% 7753 4941 5529 5272
InstanceDiff 42.67% 155.83% 87.99 69.16 72.78 71.08
HiCo 42.03% 263.70% 87.04 69.19 7236 71.1

Layout Adapter 16.90% 21.70% 8843 71.67 7356 72.61
M3-Attention 48.50% 15.70% 79.15 60.19 6296 61.29
SiamLayout-SD3 62.40% 38.70% 92.67 7445 7721 7593
SiamLayout-SD3-LoRA  15.90% 39.90% 89.71 71.89 74.14 72.63

Table 7. Comparison of extra parameters and computation. Bold,
underline represent the best and second best methods, respectively.



As shown in Tab. 7, we compare different approaches
with respect to extra parameters and computational overhead
(i.e., MACs required for one denoising step given a layout
containing 10 entities). To ensure a fair comparison, we
report the relative increase in parameters and computation
introduced by integrating layout control compared to the
base model.

Our proposed approach outperforms others at compara-
ble additional parameter counts while requiring significantly
lower extra computational overhead compared to InstanceD-
iff and HiCo. This is due to InstanceDiff and HiCo comput-
ing image-layout attention separately for each entity before
integrating them, causing their computational overhead to
increase linearly as the number of entities grows. In addi-
tion, our proposed LoRA variant achieves comparable layout
control accuracy with substantially fewer extra parameters.

D. More Details on Datasets and Benchmarks
D.1. LayoutSAM Dataset and Benchmark

Layout annotation pipeline. We design a mechanism to
automatically annotate the layout for any given image.

I) Image Filtering: We employ the LAION-Aesthetics
predictor [34] to assign aesthetic scores to images and fil-
ter out those with low scores. For SAM [31], we analyze
the aesthetic scores shown in Fig. 12 and curate a high vi-
sual quality subset consisting of images in the top 50% of
aesthetic scores.
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Figure 12. Distribution of aesthetic scores of SAM.

II) Global Caption Annotation: We generate the detailed
descriptions for the query image using the Qwen-VL-Chat-
Dense-Captioner [17], which is a vision-language model
fine-tuned on generative and human-annotated data using
LoRA. This model supports accurate and detailed image
descriptions. The average length of the captions is 95.41
tokens, measured by the CLIP tokenizer.

IIT) Entity Extraction: Existing state-of-the-art open-set
grounding models [44, 56] perform better at detecting enti-
ties using a list of short phrases than directly using dense cap-
tions. Thus, we utilize the large language model Llama3.1-
8b-it [46] to extract the main entities from dense captions via
in-context learning. The brief descriptions include simple

attribute descriptions with an average length of 2.08 tokens.

IV) Entity Spatial Annotation: We use Grounding
DINO [44] to annotate bounding boxes of entities. To clean
noisy data, we design the following filtering rules. We first
filter out bounding boxes that occupy less than 2% of the to-
tal image area, then only retain images with 3 to 10 bounding
boxes. The average number of entities per image is 3.96.

V) Region Caption Recaptioning: We use the vision lan-
guage model MiniCPM-V-2.6 [49] to generate fine-grained
descriptions with complex attributes for each entity based
on its visual content and brief description. The generated
detailed descriptions generally cover attributes such as color,
shape, texture, and some text details, with an average length
of 15.07 tokens.

Finally, we contribute the large-scale layout dataset Lay-
outSAM, which includes 2.7 million image-text pairs and
10.7 million entities. Each entity is annotated with a bound-
ing box and a detailed description. Fig. 13 shows some
examples from LayoutSAM.

LayoutSAM-Eval Benchmark. The LayoutSAM-Eval
benchmark, constructed from LayoutSAM, serves as a com-
prehensive tool for evaluating layout-to-image generation
quality. It consists of 5,000 layout data points. We evalu-
ate layout-to-image generation quality using LayoutSAM-

Eval from two aspects: Spatial and Attribute, both of which

are evaluated via the vision language model MiniCPM-V-

2.6 [49] in a visual question-answering manner.

— Spatial Accuracy. To measure spatial adherence, for each
bounding box, we ask the VLM whether the given entity
exists within the bounding box, with the answer being
either “Yes” or “No.” Finally, we divide the number of
entities with a “Yes” answer by the total number of entities
to obtain the spatial score.

— Attribute Accuracy. To measure attribute adherence, we
ask the VLM whether the entity within the bounding box
matches the attributes in the detailed description. For at-
tributes like color, shape, and texture, each attribute is
evaluated independently through visual question answer-
ing, and the score is obtained in the same manner as the
spatial score.

D.2. Layout Planning Dataset and Benchmark

Layout Planning Dataset. To train LayoutDesigner, we

construct a layout planning dataset derived from Layout-

SAM. It consists of a total of 180,000 data points, covering

the following three tasks, each with 60,000 data points:

— Caption-to-layout generation. We randomly select data
from LayoutSAM to construct pairs of global captions and
ground truth layouts of entities. Each entity includes a
bounding box and a description. This portion of the data
is used to train the generation of layouts based on global
captions.



Figure 13. Examples from the LayoutSAM dataset.

— Center point-to-layout generation. For each entity, we cal-
culate the center point from its bounding box to construct
pairs of center points and ground truth layouts of entities.
This portion of the data is used to train the generation of
layouts based on the center points of entities.

— Suboptimal layout-to-layout optimization. For each entity,
we create suboptimal layouts by performing operations
such as deletion, duplication, movement, and resizing with
a certain probability. This portion of the data consists of
pairs of suboptimal layouts and GT layouts and is used to
train the optimization of layouts from suboptimal to better.

LayoutDesigner is a unified layout planning model that
supports all three tasks simultaneously through joint training
of a large language model on these three types of data.

Layout Planning Benchmark. We construct 1,000 data
points for each layout planning task using the same method
from LayoutSAM-Eval and conduct experiments to evaluate
layout planning capabilities under a 3-shot in-context learn-
ing setting. First, we evaluate the formatting accuracy of the
generated layouts, including the coordinates of the top-left
corner being smaller than those of the bottom-right corner
and the bounding box not exceeding the image boundaries.
To assess the harmony and aesthetics of the layouts, we did
not use metrics like AP to measure the adherence of the gen-
erated bounding boxes to the ground truth. This is because
layout generation is an open-ended problem, and there can
be multiple optimal solutions for the input. Even if a solution
does not resemble the GT, it can still be an excellent layout.
Therefore, we generate images based on the designed layouts
and reflect the quality of the layouts through the quality of
the images. Additionally, we evaluate the layout planning
capabilities through qualitative results.

E. More Analysis on Modal Competition
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Figure 14. The trend of image-layout similarity in the attention
maps of different network variants.

In Fig. 3, we analyze the issue of modality competition
in M3-Attention: the similarity between the layout and the
image is much lower than that between the global caption and
the image. Our proposed SiamLayout alleviates this issue
by decoupling it into two siamese MM-Attention branches:
image-text and image-layout. We investigate the image-
text and image-layout similarity scores in the attention map
to further illustrate the modality competition, as shown in
Fig. 14. The image-layout similarity score is determined by
applying softmax to the attention map of the M3-Attention
or image-layout MM-Attention, identifying the cross-region



of the image and layout, and then taking the average of the
top 1% scores in this cross-region. The image-text similarity
score is calculated in the same way. Experimental results
show that, as the training steps increase, the image-layout
similarity score in M3-Attention remains consistently much
lower than the image-text similarity score, resulting in the
layout having a weaker influence on the image compared
to the global caption. In contrast, due to the independent
guiding role of the layout in the image-layout branch of
SiamLayout, the image-layout similarity gradually increases
to a value close to the image-text similarity as the network
training progresses, thereby allowing the layout to play a
more significant guiding role in image generation.

F. More Qualitative Results

We present more qualitative results of SiamLayout-SD3 in
Fig. 15. Experimental results show that our proposed method
empowers MM-DiT for layout-to-image generation, achiev-
ing visually appealing and precisely controllable generation,
as demonstrated by the high adherence to complex attributes
such as color, texture, and shape.
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Figure 15. More qualitative results on layout-to-image generation.



