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Supplementary Material

In this supplementary material, we provide more de-
sign details of our layout-controllable multi-subject syn-
thesis (LMS) method MUSE, along with extensive ex-
perimental results. These include comparisons between
our proposed MUSE and other LMS methods, evaluations
of concatenated cross-attention (CCA) versus decoupled
cross-attention (DCA), ablation studies on the progressive
two-stage training strategy, and ablation experiments on
the subject synthesis strength scale. Additionally, in the
MUSE AttnProcessor.py file, we provide the imple-
mentation of the final cross-attention operation that inte-
grates both the CCA and DCA methods. This implemen-
tation is built using the diffusers [5] library.

A. More Details of Encoding Control Informa-
tion

For the text for layout control and the images for subject
synthesis, we use CLIP-ViT-L-14 and CLIP-ViT-G-14 [4]
models for encoding, respectively.

For layout text features, we extract the class token from
the CLIP model’s final output. For a class text like “dog”,
the encoded feature has a size of [1,768]. Bounding box
information is Fourier-encoded with a frequency of 16, pro-
ducing a feature of size [1, 64]. These two features are
concatenated along the feature dimension, resulting in a [1,
768+64] feature, which is further processed by an MLP to
produce a fused grounding token of size [1,768]. The MLP
consists of three linear layers with SiLU activation func-
tions.

For image encoding, the straightforward approach is to
use the same final class token output of CLIP encoding (size
[1, 1280]) concatenated with bounding box features to cre-
ate the grounding token. While sufficient for simple text
class, this is inadequate for subject synthesis, as the class
token lacks rich spatial information. Existing subject syn-
thesis works like IP-Adapter [8], RealCustom [1], and In-
stantID [6] utilize shallower CLIP features, such as the last
hidden states (size [256, 1664]), which offer ample spatial
information. However, excessive spatial detail leads to re-
dundancy in subject synthesis (e.g., copy-paste artifacts),
especially since SDXL [3] itself uses only 77 tokens for text
prompts control.

To address this, we adopt IP-Adapter-Plus’s approach:
train 4 learnable tokens as queries, processed through four
layers of perceiver attention, extracting compressed image
features of size [4, 2048]. Directly concatenating bounding
box information ([4, 2048+64]) into the tokens for MLP
fusion degrades subject synthesis, as independently pro-

cessed tokens may produce inconsistent results due to neu-
ral network black-box behavior. Instead, we independently
encode the Fourier-transformed bounding box information
into [1, 2048] through an MLP, and add this layout encod-
ing to each image token, achieving coherent grounding to-
kens. Mapping the dimension of the image grounding token
to 2048 is intended to initialize the mapping layer parame-
ters in DCA using those from the pretrained model, thereby
reducing the training difficulty of the model.

B. More Details of Experimental Setup

Since the data samples used in both training and testing con-
tain multiple subjects, we set the number of subjects per
sample to 10. For samples with more than 10 subjects,
we select the 10 largest bounding box areas. For samples
with fewer than 10 subjects, we use padding by introducing
trainable empty tokens to maintain 10 subjects. These in-
clude text, image, and coordinate features. During training,
we randomly drop captions for images and conditions (e.g.,
subject texts, images and bounding boxes) for MUSE with
a 0.1 probability to enhance robustness.

Regarding the loss function, we maintain consistency
with the original pre-trained model. The diffusion network
is trained to accurately predict added noise under additional
multiple control conditions.

For each test experiment, we use five random seeds and
report the average results.

C. More Qualitative Experiment Results

Fig. 1 provides more qualitative comparisons of our method
against other LMS approaches, including GLIGEN [2] and
MS-Diffusion [7], on the MS-Bench-Random dataset. Our
approach consistently demonstrates superior performance
in both layout control and multi-subject synthesis.

D. More Ablation experiments on Training
Strategies

Fig. 2 presents qualitative results on the MS-Bench-
Random dataset, comparing our progressive two-stage
LMS framework with models trained using the full-DCA
method and single-stage training combining CCA and DCA
method. Our proposed framework achieves both accurate
layout control and effective subject synthesis. The results
confirm that our proposed progressive framework is more
suitable for LMS tasks.
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Figure 1. Qualitative experiments on MS-Bench-Random. Our method demonstrates strong LMS performance across various conditions,
showing good practical applicability in real-world.
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Figure 2. Ablation study on training strategies conducted on MS-Bench-Random. It shows that using both CCA and DCA methods along
with our proposed progressive two-stage training strategy significantly improves performance on the LMS task.



MS-Bench MS-Bench-RandomScale CLIP-T CLIP-I-l SR-0.6 SR-0.65 CLIP-T CLIP-I-l SR-0.6 SR-0.65
0.6 0.328 0.811 0.878 0.790 0.327 0.769 0.871 0.712
0.8 0.323 0.827 0.890 0.819 0.321 0.779 0.894 0.755
1.0 0.313 0.832 0.889 0.822 0.310 0.782 0.897 0.763

Table 1. Ablation experiments on the subject synthesis strength scale. The evaluated metrics include CLIP-T, CLIP-I-local (abbreviated as
CLIP-I-l), and LMS Success Rate (SR), determined using CLIP-I-local score thresholds of 0.6 and 0.65, referred to as SR-0.6 and SR-0.65,
respectively.

E. Ablation experiments on Subject synthesis
Strength Scale
We conducted ablation experiments on the subject synthe-
sis strength scale λ. While the default sacle is set to 0.8, we
provide results for λ = 0.6 and λ = 1.0 on the MS-Bench-
Random dataset. Quantitative comparisons are shown in
Tab. 1. The results indicate that high subject synthesis
strength scale can weaken text-following ability, while low
strength scale reduces subject synthesis quality. A balanced
value achieves optimal performance.
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