Customized Multi-Subject Text-to-Image Generation with

Causal Tuning

Chaoyang Li, Xin Wang, Member, IEEE, Wenwu Zhu, Fellow, IEEE, Lingzhi Wang, Ning Hu, and Qing
Liao, Member, IEEE

Abstract—Subject-driven text-to-image generation aims to gen-
erate customized high-fidelity images based on text descriptions
for specific subjects, which has gained increasing attention.
Despite recent advancements in single-subject customization,
existing methods often struggle with multi-subject scenarios,
leading to distortions in subject identity. This challenge arises
because entangled identity-relevant and irrelevant information
can obscure subject identities, and inter-subject interference can
cause confusion or loss of individual identities. To address these
issues, we propose CausalT2l, a customized multi-subject text-
to-image generation framework with causal tuning. First, we
propose a subject-aware causal disentanglement method, which
can self-adaptively distinguish causally relevant and irrelevant
information for subjects through causal intervention and a
causal disentangled objective. Then, we design a soft cross-
attention guidance strategy to mitigate interference among dif-
ferent subjects by aligning the textual attributes of each subject
with its identity-relevant visual attributes. Last, we introduce a
causal denoising objective to optimize the denoising process using
identity-preserved textual embeddings and identity-irrelevant
visual embeddings. Extensive experiments show that CausalT2I
has superior generation ability in subject-driven text-to-image
generation over existing baseline methods and brings more
flexibility and controllability for generating customized multi-
subject images.

Index Terms—Multi-Subject Text-to-Image, Causal Tuning,
Diffusion Models

I. INTRODUCTION

URRENT diffusion-based text-to-image (T2I) methods
C [6]-[9] can produce high-quality, detailed images from
text descriptions, demonstrating significant potential for di-
verse multimedia and multimodal applications [10]-[12].
However, these models often struggle with personalizing im-
agery for unique subjects like individual pets or portraits due to
the absence of such personal subjects in their large-scale pre-
training data. To address this, subject-driven T2I generation
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techniques have gained attention [1]-[3], [5], [13], [14]. These
methods use a limited set of user-provided images to generate
high-fidelity customized images, such as altering styles or
scenes [15]-[17].

However, existing subject-driven T2I generation methods
excel with single subjects but struggle with multiple unseen
subjects. On the one hand, they often face issues with en-
tangling identity-relevant and identity-irrelevant information,
leading to distorted subject identities and inadequate preser-
vation of details [16]. As shown in the first row and first
column of Fig. 1, DreamBooth [1] is tasked with generating
an image based on the text description “a q* wooden pot and
a s* cat play in a garden”. However, the “q* wooden pot” is
over-coupled with the background information, distorting its
identity and neglecting the description of “in a garden”. On the
other hand, during the customized generation process, different
subjects can interfere with each other, leading to the loss
of certain subjects or confusion among subject attributes. As
illustrated in the third row and third column of Fig. 1, Custom
Diffusion [3] generates the image that loses the identity of “v*
dog”. Additionally, ELITE [2], MasaCtrl [4], and Cones 2 [5]
struggle with the confusion between the “s* cat” and the “v*
dog” as depicted in the third row, spanning the second, fourth,
and fifth columns of Fig. 1.

In the process of generating customized multi-subject im-
ages, the target subject may focus on information irrelevant to
its identity [16], [18] (such as background or other subjects),
leading to identity distortion in the generated images. To
address this issue, we propose CausalT2I, a customized multi-
subject T2I generation framework through causal tuning. It
aims to disentangle causally relevant information associated
with subject identities while effectively reducing interference
among multiple subjects, ensuring more accurate and coherent
image generation. Specifically, we first propose the subject-
aware causal disentanglement to distinguish subjects’ identity-
relevant and identity-irrelevant information from a unique
causal perspective. Second, to alleviate the interference among
different subjects, we design a soft cross-attention guidance
strategy to align textual embeddings and identity-relevant
visual embeddings for each subject. Third, we simultane-
ously use identity-preserved textual embedding and identity-
irrelevant visual embedding as conditions to optimize the
denoising process. Finally, extensive experiments demonstrate
that CausalT2I outperforms existing state-of-the-art methods
in subject-driven T2I generation, achieving exceptional results
without a significant increase in fine-tuning time costs. The
key contributions of this paper are summarized as follows:

o We propose CausalT2I, a customized multi-subject T2I
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Fig. 1. Comparing between our proposed CausalT2I and the representative methods, including DreamBooth [1], ELITE [2], Custom Diffusion [3], MasaCtrl

[4], and Cones 2 [5]. The special tokens “q* wooden pot”, “s* cat”

, and “v* dog” are placeholders for three subject identities. It exhibits limitations of such

baseline methods in generating customized multi-subject images, struggling with the distortion of subject identity information.

generation framework, which can preserve subject iden-
tity information and mitigate inter-subject interference
from a unique causal perspective.

o We propose subject-aware causal disentanglement, which
self-adaptively distinguishes causally relevant and irrel-
evant information related to subject identities through
causal intervention and the causal disentangled objective.

o We design a soft cross-attention guidance objective to
mitigate interference among multiple subjects by aligning
the textual attributes of each subject with its identity-
relevant visual attributes.

o Extensive experiments show that CausalT2I has superior
generation ability in subject-driven T2I generation over
existing baseline methods, creating more flexibility and
controllability for multi-subject image generation.

The rest of this paper is organized as follows: In Section II,
we review the literature on T2I generation. In Section III, we
present the details of CausalT2I. In Section IV, we conduct
experiments to evaluate the effectiveness of CausalT2I. Section
V discusses the limitations of CausalT2I and provides the
resolutions. Finally, Section VI concludes this paper.

II. RELATED WORK
A. Text-to-Image Generation

Text-to-image generation has emerged as an interesting
technique, leveraging textual prompts to create realistic images
[19], [20]. Recent advancements, particularly with Generative
Adversarial Networks [21]-[28], have revolutionized semantic
image synthesis. For instance, GALIP [24] integrates the pre-
trained CLIP [29] model for controllable T2I synthesis. Dif-
fusion models, pioneered by [30]-[34], have further propelled
the field, with notable works like DALLE-2 [35], Imagen [36],

Stable Diffusion [37], Re-Imagen [38], Uni-ControlNet [39],
MultiDiffusion [40], Isolated Diffusion [41], and Attend-and-
Excite [42] generating more realistic and diverse images from
text. For example, Re-Imagen [38] excels with its retrieval-
augmented approach, accurately reflecting textual descriptions.
However, such models struggle to customize unseen subjects
from users’ personal lives. Subject-driven T2l generation,
which focuses on creating personalized visuals for unseen
subjects, has attracted considerable research interest [43], [44].

B. Subject-Driven Text-to-Image Generation

Subject-driven T2I generation aims to create customized
images of unseen subjects using a limited set of reference
images, which mainly includes two categories: single-subject
and multi-subject T2I generation methods.

1) Customized Single-subject T2I generation: Early
subject-driven T2I methods mainly focused on single-subject
generation [45]-[48]. Techniques vary widely, from mapping
image features or reference images into the textual embedding
space [2], [49], to fine-tuning models with identifier tokens
[1], [46], and leveraging disentangled or concatenated
embeddings to preserve identity while handling irrelevant
variations [14], [16], [50], [51]. Tuning-free approaches
such as MasaCtrl [4], ConsiStory [52], and Customization
Assistant [53] improve efficiency and user interaction through
attention mechanisms, shared activations, or pre-trained
backbones. More recent efforts aim to enhance identity
fidelity and generalization, including HyperDreamBooth’s
hypernetwork architecture [54], CustomContrast’s contrastive
disentanglement of subject attributes [55], and JeDi’s
joint modeling of multiple subject-related prompts [56].
Additionally, MetaCloak [57] addresses privacy concerns by
introducing subject-irrelevant perturbations via meta-learning,



although its protection mechanism often comes at the cost of
generation quality.

2) Customized Multi-subject T2I generation: As cus-
tomized generation techniques advance, increasing attention
has shifted toward the more complex task of multi-subject
generation [3], [5], [58], [59]. Many approaches enhance
subject representation through various supervision signals.
For instance, FastComposer [60], Subject-Diffusion [43], and
FreeCustom [58] rely on pre-constructed datasets with subject
masks or bounding boxes, using attention control or weighted
mask strategies to handle multiple subjects. Similarly, SpaText
[61] and MuDI [62] leverage segmentation maps or semantic
masks for spatial control, though their reliance on external
segmentation models can limit end-to-end efficiency.

Some methods integrate advanced model architectures or
optimization strategies. Custom Diffusion [3] fine-tunes cross-
attention layers, while SVDiff [13] introduces a Cut-Mix-
Unmix augmentation strategy. Mix-of-Show [63] adopts de-
composed LoRA modules for attribute disentanglement and
controllable sampling. Cones [17] and Cones 2 [5] identify
subject-relevant neurons or residual embeddings with layout
guidance to preserve subject identity. OMG [64] fuses la-
tent noise across concepts, and Modular Customization [18]
achieves disentanglement via orthogonal decomposition. Con-
cept Weaver [59] introduces a two-step process of template
generation followed by personalized concept fusion.

In broader applications, DreamStory [65] enables training-
free, story-consistent generation using large language models,
while ConceptGuard [66] addresses continual customization
by mitigating catastrophic forgetting through shift embeddings
and regularization techniques.

However, most existing subject-driven T2I generation meth-
ods still face challenges in multi-subject scenarios. They
struggle with over-coupling of identity-relevant and identity-
irrelevant information, as well as interference among different
subjects, as illustrated in Fig. 1. In contrast to these meth-
ods, we propose CausalT2I to disentangle causally relevant
information for subject identities while mitigating interference
among multiple subjects.

III. METHOD

In this section, we present the motivations behind and the
details of our proposed CausalT2I framework. The important
variables of the CausalT2I framework are summarized as
shown in Table I.

A. Framework

Given a few reference images of subjects from different
viewpoints, we aim to generate customized images for multiple
subjects with vivid and precise details. To achieve this, we
propose CausalT2I, a causal tuning framework for customized
multi-subject T2I generation. As illustrated in Fig. 2, we first
introduce subject-aware causal disentanglement (SaCD) to
distinguish between causally relevant and irrelevant informa-
tion within subjects, mitigating the interference of subject-
irrelevant information. Second, to reduce interference among
different subjects, we design soft cross-attention guidance

TABLE I
IMPORTANT VARIABLES.
Variable Description
€ Gaussian noise
2t Latent representation with noise at the time step t
£3=12:5n) Textual condition embedding of the i-th subject
= Textual condition embedding of merged subjects
Fm Visual embedding of merged image
M = fM; ig?:ll Set of learnable masks
P = fPig?:ll Set of text prompts
filfi(i =1;2;:::5n) Retained/filtered-out portions of visual
embeddings for the i-th subject
fn+1/fn+1 Retained/filtered-out portions of visual
embeddings for merged subjects
Atten; Cross-attention embedding of the i-th subject

(SCaG), which aligns the cross-attention maps of textual
attributes with relevant visual embeddings. This ensures that
the textual attributes of each subject focus on identity-relevant
visual information. Furthermore, since reference images may
contain identity-irrelevant visual details (e.g., backgrounds),
we introduce the causal denoising objective (CdO) to optimize
the denoising process by leveraging identity-preserved textual
embeddings and identity-irrelevant visual embeddings. This
objective maintains identity-relevant textual information while
improving the model’s comprehension of global visual context.

B. Preliminaries

1) Stable Diffusion Models: In this paper, we adopt Stable
Diffusion (SD) as the foundational model, built upon the
Latent Diffusion Model (LDM) [37]. SD is a large text-
to-image model pre-trained on large-scale text-image pairs
T(P; x)g, where P is the text prompt for the image X. For a
given image X, SD initially uses the encoder E of VAE [67] to
project X into a latent representation z = E (X). The diffusion
forward process is subsequently executed on the latent repre-
sentation by introducing noise "' N (0; I) into z, forming a
fixed-length Markov Chain denoted as fz1;:::;zrg, where T
signifies the length of the chain, z = z + "t 2[1;T],

t and ¢ are the coefficients that control the noise schedule
at the time step t. The LDM is trained with the following
objective for denoising [30], [31]:

Liam = Ezoepk ™ " (Zot Er P) KL (1)

where " denotes the U-Net model that predicts the noise
by taking the noisy latent z, the text conditional embedding
E+ (P) obtained by the text encoder Et [29], and the time
step t as input.

The intermediate representation Et (P) is linked to the
intermediate layers of the U-Net through cross-attention layers
using the following mapping:

KT
Attention (Q; K; V) = softmax gpa— V; )

Q=WG "i(@)iK =W Er (P):V =W Er (P);
3)
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where d is the output dimension of the query (Q) and key
(K) features. WS), W,(<'), and W\(,') are learnable projection
matrices in the i-th cross-attention layer. ”j (z¢) is a flattened
intermediate representation of the noisy latent z¢. The cross-

attention map at the i-th layer is given by: '

QKM
4pT

2) Granger-causal objective: In causal inference, causal
effects are used to quantify the causal relationships between
variables [68]. To calculate the causal effect of an observed
variable on a model’s prediction, most works typically perform
a causal intervention on the variable and measure the resulting
change in the model’s prediction [69], [70].

Granger-causal objective [71], [72] is a classical method for
measuring causal relationships, which quantifies the effect of
an input feature on the performance of model . Given an
input image 1 = Fl;g{%; with m patch features, the model
prediction is ¥ = f(I). If the i-th patch feature is removed,
the input becomes I_; and the corresponding prediction is
¥_i = F(1-j). The causal effect of the i-th feature is measured
by the loss difference between the model predictions with and
without that feature, formulated by:

(1) =L(y;¥-) Ly:¥: (5)
where L is the loss function and Y is the ground-truth label.
A positive (1) indicates a causal relationship between the

Atten® = softmax 4)

feature and the prediction, while a negative
causal relationship.

(1;) implies no

C. Subject-aware Causal Disentanglement

The identity-irrelevant visual information in reference im-
ages may be entangled with the subject’s identity. This can
cause text prompts to focus on these irrelevant details, dis-
torting subject identities. To address this issue, we propose
subject-aware causal disentanglement, which comprises three
components: identity-preserved textual embedding, causal in-
tervention for visual embedding, and a causal disentangled
objective. Identity-preserved textual embedding learns textual
information that captures the subject’s identity. Causal inter-
vention for visual embedding separates visual information us-
ing learnable masks. Finally, the causal disentangled objective
applies a contrastive cosine loss between the identity-preserved
textual embedding and the disentangled visual embeddings,
capturing the visual information causally relevant to the
subject’s identity and alleviating interference from irrelevant
visual information.

1) Identity-Preserved Textual Embedding: Text prompts
containing subject identifier tokens can be used as supervisory
signals to guide the image generation process and enhance the
subject’s identity information [1], [3], [16], [46]. Motivated by
these insights, to obtain the identity-preserved textual embed-
ding, we use the CLIP text encoder Et to encode the subject



identity with the identifier token. Specifically, given n subjects,
the text prompts incorporate multiple identifier tokens to
distinguish the identities of various subjects, such as “s*” and
“v¥7. We can get the text prompts P = fPy;::}; Pn; Pn+10,
where Pj(i = 1;2;:::; n) represents the text prompt of the i-
th subject and Pp+1 denotes the merged text prompt of all
subjects. Using Fig. 2 as an example, for the two subjects of
“cat” and “dog”, there are three text prompts: “a s* cat”, “a
v* dog”, and “a s* cat and a v* dog”. Finally, the identity-
preserved textual embedding T can be formulated by,

where (i = 1;2;::;n) represents the textual condition
embedding of the i-th subject identity and F3,; denotes the
textual condition embedding of merged subject identities.

2) Causal Intervention for Visual Embedding: To alleviate
the interference of identity-irrelevant visual information in the
reference images, we design a simple and effective causal
intervention method to separate identity-relevant and identity-
irrelevant visual embeddings. Given n subjects, to better learn
the spatial layout information of multiple subjects within the
same image, we first randomly merge the reference images of
different subjects to obtain X™ = merge FX5!; ::;; x5ng. It is
noticed that the aspect ratios of the subjects remain unchanged
before and after merging. The merged image is then passed
through the pre-trained CLIP image encoder E; to obtain the
embedding ™ = E,; (x™M).

Furthermore, to filter out the identity-relevant and identity-
irrelevant visual embeddings from ™, we do causal inter-
vention by designing subject-specific learnable masks M =
fMig" with the same dimension as the embedding ™,
whose element values belong to (0;1). Therefore, we obtain
the counterfactual embedding (i.e., M;j ™) of the i-th subject
and the merged counterfactual embedding (i.e., Mp+1 ™)
by the element-wise product between the mask and the pre-
trained embedding. In addition, during the SD pre-training
stage, the text encoder is pre-trained with the U-Net, while the
image encoder is not jointly trained [16], [37]. There is often
a distribution shift between the visual embedding obtained by
the image encoder and the latent representation in SD. So, we
use the MLP with skip connection to transform counterfactual
embedding into the same space as the textual embedding Fs,
formulated as follows,

fi = MLP(M; f"+MLP(M; £M));i=1;2;::;n+1; (7)
fi = MLP(M; fM+MLP(M; £™M));i=1;2;::;n+1; (8)

where Mj =1 M and 1 is a matrix of all ones. Through
this causal intervention, j and F; represent the retained and
filtered-out portions of the visual embeddings for the i-th
subject, respectively. Similarly, 41 and f41 represent the
retained and filtered-out portions of the visual embeddings for
the merged subjects, respectively.

3) Causal Disentangled Objective: Drawing inspiration
from the Granger-causal objective [71], [72], which measures
causal relationships by computing the loss difference between
model predictions with and without a specific feature, we pro-
pose a causal disentangled objective. This objective contrasts

cosine similarity to capture the causal relationship between the
identity-preserved textual embedding ¥ and the disentangled
visual embeddings (f; and Tj), thereby distinguishing the
causally relevant visual embeddings for subjects. Specifically,
the causal disentangled objective uses the cosine similarity be-
tween Fj and 7 as the numerator, while the cosine similarity
between T and T serves as the denominator, as formulated
below,

> osine LT

Lest = Wf.srfl) )

©))

i=1
where is a hyper-parameter. This ratio of contrastive objec-
tive reflects the causal relationship between the disentangled
visual embeddings and the identity-preserved textual embed-
ding. During training, as the causal disentangled objective
decreases (i.e., as the numerator shrinks and the denominator
increases), the mask M increasingly focuses on the visual
embeddings that are relevant to the subject’s identity, strength-
ening the causal relationship between the textual embedding
T and the remaining visual embedding F;. This process helps
to disentangle identity-relevant from identity-irrelevant infor-
mation in X, facilitating a more accurate causal relationship.

D. Soft Cross-attention Guidance

To mitigate interference among different subjects, we pro-
pose a soft cross-attention guidance strategy that aligns each
subject’s cross-attention maps of textual attributes with its rel-
evant visual information. This alignment enhances the model’s
understanding of positional information while reducing the
target subject’s focus on irrelevant details from other subjects.

Based on the data preprocessing operations in the subsection
II-C, we can obtain a merged image X and the merged text
prompt Pn+1 = TV gjzll containing each subject’s preserved
prompt Pi(i = 1;2;::;;n), where Vj is the j-th token and | is
the number of tokens in the merged prompt. Taking Fig. 2 as
an example, the merged text prompt P3 (i.e., “a s* cat and a v*
dog”) contains subject preserved prompts P1 (i.e., “a s* cat”)
and P, (i.e., “a v¥ dog”). SD uses the pre-trained U-Net with
Z¢ and P41 for the diffusion forward process. We can obtain
the resulting cross-attention map after averaging all attention
layers and heads in the U-Net. The resulting aggregated map
Atteny, (j = 1;2::;1) contains K spatial attention maps [15],
[73], one for each token of Vj. We aim to extract a spatial
attention map for each token Vj 2 Pj, indicating the influence
of Vj on each patch of the i-th subject in the merged image.
A single patch with a high attention value could stem from
partial information passed from the token Vj. This may occur
when the model does not generate the full subject but rather
a patch that resembles some part of the subject. In the case
of guidance, for the i-th subject, we aggregate all the cross-
attention maps Atteny, (Vj 2 Pj) to get its cross-attention
embedding Atten; with (t)he CLIP image encod:i:_r E,,

Atten; = E, @_ 1.
Pily, ep,
] i

Atteny, A:

(10)

An intuitive way for aligning textual and visual attributes
of each subject is to directly calculate the mean square



error (MSE) between fj and Atten;. However, this may
be suboptimal since the cross-attention embedding Atten;
does not contain the fine-grained information of the subject
region. To address this, we design a soft cross-attention
guidance loss Latn by introducing a learnable parameter set
B=*F ig?:l to optimize the alignment process between each
pair of embeddings, guiding each subject to focus on its visual
region. The Latn can be formulated as follows,

X 1 KX )
Lattn =  — (Fi(G;k)  Atten; (j;K)" i (;K);
i=1 j=1lk=1
(11)
where i (j;K) = ( i(;k)), is the sigmoid function,
i 2 RMxw . 2 RhMxW K w is the dimension of

embeddings. By optimizing learnable parameters B, the cross-
attention map can be adaptively optimized by the causally
disentangled embeddings, which can achieve weak alignment
between each pair of text and visual attributes.

E. Causal Denoising Objective

Since the Stable Diffusion model denoises all information
within reference images, including both identity-relevant and
identity-irrelevant embeddings (e.g., background), we propose
using the sum of the identity-preserving textual embedding
and the identity-irrelevant visual embedding as the condition
to denoise each merged image. This allows the model to better
capture the global visual context [16]. Specifically, by utilizing
the extracted identity-preserved textual embedding 5., and
the disentangled identity-irrelevant visual embeddings Fr+1,
we can optimize the fine-tuning process with the causal
denoising objective, as follows:

" (zot Ty + T K

(12)
where Cs is the set of reference images. The identity-preserved
textual embedding T35, ; is shared when denoising all images,
capturing the common identity information. Since each im-
age also has its image-specific identity-irrelevant embedding,
using 5., + Frn+1 as the condition helps preserve certain
characteristics of the input images. By combining the textual
identity-preserved embedding with the identity-irrelevant vi-
sual embedding, this way can provide a more flexible and
controllable image generation process [16].

Leam = Ez:E(x);XNCS;";t k"

FE. Total Objective and Inference

With the previous causal disentangle, soft cross-attention
guidance, and the causal denoising objectives, the total tuning
objective is as follows:

L = Lcdm + Lattn + Lest: (13)

As shown in Fig. 2, during the training process of
CausalT2I, only the parameters of the causal intervention
network, the cross-attention layers of the U-Net, and the text
encoder of the CLIP model are trainable, while the other
parameters remain frozen. The total objective is minimized
to optimize the cross-attention layers of the U-Net and the
text encoder of the CLIP model, specifically for the subject

identifier’s textual embedding. The causal intervention network
aids in optimizing these parameters; it is not involved during
inference. In the inference, CausalT2I loads the Stable Diffu-
sion model and updates the cross-attention layer parameters of
the U-Net and the text encoder parameters of the CLIP model
based on the subject identifier trained.

IV. EXPERIMENT

In this section, we conduct experiments to answer the
following questions:

RQ1: How does CausalT2I perform in customized single-
subject T2I generation compared to previous methods?

RQ2: How does CausalT2I perform in customized multi-
subject T2I generation compared to previous methods?

RQ3: What is the human preference study?

RQ4: Do the key components in CausalT2I contribute to
improving the model performance (Ablation studies)?

RQS5: How much is the fine-tuning time cost of CausalT21?

A. Experimental setup

1) Dataset: Most existing subject-driven T2I methods are
evaluated on limited datasets. Some studies use as few as 15
subjects [5], [59], [64]. While Custom Diffusion [3] involves
more subjects, it focuses only on single- and two-subject
tasks. In contrast, Cones 2 [5] explores more complex three-
and four-subject scenarios with richer prompt templates. To
enrich subjects and enable more complex multi-subject ex-
periments, we extend the dataset of Cones 2 by adding 15
subjects, resulting in 30 subjects encompassing three scene
categories, six live subjects/pets, eighteen objects, and three
human subjects. These additional subjects are selected from
previous works [1], [3], [46] and downloaded from Unsplash
!, For the single-subject generation, each subject is paired with
20 prompts, generating 50 images per prompt, resulting in
30,000 evaluation images. For the two-subject generation, 18
subject groups are selected, each assigned 10 prompts with 50
images per prompt, totaling 9,000 evaluation images. For the
three-subject generation, 7 groups are chosen, each with 10
prompts and 50 images per prompt, yielding 3,500 evaluation
images. For the four-subject generation, 6 groups are used,
each with 5 prompts and 50 images per prompt, producing
1,500 evaluation images.

2) Baselines: We compare our method with six baselines,
i.e., DreamBooth [1] (third-party implementation [74]), ELITE
[2], DisenDreamer [50] , Custom Diffusion [3], MasaCtrl [4]
and Cones 2 [5]. Custom Diffusion, MasaCtrl, and Cones 2
can be directly applied to the multi-subject task. MasaCtrl
performs inference on a pre-trained T2I-Adapter [75] model.
DreamBooth, ELITE, and DisenDreamer are mainly compared
with the single-subject task. They are also auxiliary compared
to the multi-subject generation. In practice, DreamBooth and
DisenDreamer follow the data processing in Custom Diffusion,
packaging the reference images and identifier tokens for each
subject into a unified data loader. ELITE directly infers the
multi-subject target images.
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