The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

MultiBooth:
Towards Generating All Your Concepts in an Image from Text

Chenyang Zhu'*, Kai Li>*', Yue Ma?, Chunming He*, Xiu Li’
! Tsinghua Shenzhen International Graduate School, Tsinghua University, Shenzhen, China
2 Meta Platforms, Inc., USA
3 The Hong Kong University of Science and Technology, Hong Kong
4 Duke University, Durham, USA
{chenyangzhu.cs, li.gml.kai, mayuefighting, chunminghe 19990224} @ gmail.com, li.xiu@mails.tsinghua.edu.cn

Abstract

This paper introduces MultiBooth, a method that generates
images from texts containing various concepts from users.
Despite diffusion models bringing significant advancements
for customized text-to-image generation, existing methods
often struggle with multi-concept scenarios due to low con-
cept fidelity and high inference cost. MultiBooth addresses
these issues by dividing the multi-concept generation pro-
cess into two phases: a single-concept learning phase and a
multi-concept integration phase. During the single-concept
learning phase, we employ a multi-modal image encoder and
an efficient concept encoding technique to learn a concise
and discriminative representation for each concept. In the
multi-concept integration phase, we use bounding boxes to
define the generation area for each concept within the cross-
attention map. This method enables the creation of individ-
ual concepts within their specified regions, thereby facilitat-
ing the formation of multi-concept images. This strategy not
only improves concept fidelity but also reduces additional in-
ference cost. MultiBooth surpasses various baselines in both
qualitative and quantitative evaluations, showcasing its supe-
rior performance and computational efficiency.

1 Introduction

The advent of diffusion models (Ramesh et al. 2022; Saharia
et al. 2022; Nichol et al. 2021; He et al. 2023a, 2024c¢) has
ignited a new wave in the text-to-image (T2I) task, leading to
numerous novel methods (Hertz et al. 2022; Ye et al. 2023;
Gu et al. 2023; Wang et al. 2024d,a,b). Despite their broad
capabilities, users often desire to generate specific concepts
such as beloved pets or personal items. These personal con-
cepts are not captured during the training of large-scale T2I
models due to their subjective nature, emphasizing the need
for customized generation (Wei et al. 2023; Gal et al. 2023;
Yan et al. 2023; Li et al. 2024; Zhu et al. 2024). Cus-
tomized generation aims to create new variations of given
concepts, including different contexts (e.g., beaches, forests)
and styles (e.g., painting), based on just a few user-provided
images (typically fewer than 5).
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Recent customized generation methods either learn a con-
cise token representation for each subject (Gal et al. 2022) or
adopt a fine-tuning strategy to adapt the T2I model specifi-
cally for the subject (Ruiz et al. 2023). While these methods
have achieved impressive results, they primarily focus on
single-concept customization and struggle when users want
to generate customized images for multiple subjects. This
motivates the study of multi-concept customization (MCC).

Existing methods (Kumari et al. 2023) for MCC com-
monly employ joint training approaches. However, this strat-
egy often leads to feature confusion. Furthermore, these
methods require training distinct models for each combi-
nation of subjects and are hard to scale up as the number
of subjects grows. An alternative method (Liu et al. 2023)
addresses MCC by adjusting attention maps with residual
token embeddings during inference. While this approach
shows promise, it incurs a notable inference cost. Further-
more, the method encounters difficulties in attaining high
fidelity due to the restricted learning capacity of a single
residual embedding.

To address the aforementioned issues, we introduce
MultiBooth, a two-phase MCC solution that accurately
and efficiently generates customized multi-concept images
based on user demand. MultiBooth includes a discriminative
single-concept learning phase and a plug-and-play multi-
concept integration phase. In the former phase, we learn
each concept separately, resulting in a single-concept mod-
ule for every concept. In the latter phase, we effectively com-
bine these single-concept modules to generate multi-concept
images without any extra training.

More concretely, we propose the Adaptive Concept Nor-
malization (ACN) to enhance the representative capability of
the generated customized embedding in the single-concept
learning phase. We employ a trainable multi-model encoder
to generate customized embeddings, followed by the ACN
to adjust the L2 norm of these embeddings. Finally, by in-
corporating an efficient concept encoding technique, all de-
tailed information of a new concept is extracted and stored
in a single-concept module which contains a customized em-
bedding and the efficient concept encoding parameters.

In the plug-and-play multi-concept integration phase, we
further propose a regional customization module to guide
the inference process, allowing the correct combination of
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Figure 1: MultiBooth can learn individual customization concepts through a few examples and then combine these learned
concepts to create multi-concept images based on text prompts. The results indicate that our MultiBooth can effectively preserve
high image fidelity and text alignment when encountering complex multi-concept generation demands, including (a) stylization,

(b) different spatial relationships, and (c) contextualization.

different single-concept modules for multi-concept image
generation. Specifically, we divide the attention map into
different regions within the cross-attention layers of the
U-Net, and each region’s attention value is guided by the
corresponding single-concept module and prompt. Through
the proposed regional customization module, we can gen-
erate multi-concept images via any combination of single-
concept modules while bringing minimal cost during infer-
ence. Fig. 1 shows some examples.

Our approach is extensively validated with various repre-
sentative subjects, including pets, objects, scenes, etc. The
results from both qualitative and quantitative comparisons
highlight the advantages of our approach in terms of concept
fidelity and prompt alignment capability. Our contributions
are summarized as follows:

* We propose a novel framework named MultiBooth. It al-
lows plug-and-play multi-concept generation after sepa-
rate customization of each concept.

The adaptive concept normalization is proposed in our
MultiBooth to mitigate the problem of domain gap
in the embedding space, thus learning a representative
customized embedding. We also introduce the regional
customization module to effectively combine multiple
single-concept modules for multi-concept generation.

Our method consistently outperforms current methods in
terms of image quality, faithfulness to the intended con-
cepts, and alignment with the text prompts.
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2 Related Work

Layout-guided text to image generation. T2I models have
benefited numerous new tasks (Ma et al. 2024b,c, 2022,
2023, 2024d; He et al. 2024b, 2023b,c; Fang et al. 2024;
Zhong et al. 2024b; Tang et al. 2024, 2023a,b; Chen et al.
2024; Feng et al. 2024; Wang et al. 2024c; Zhong et al.
2024a,c). To achieve finer control that cannot be accom-
plished using only text prompts, many T2I methods incor-
porate layout as an additional input to guide the genera-
tion process. One branch of these methods (Xie et al. 2023;
Phung, Ge, and Huang 2024; Chen, Laina, and Vedaldi
2024; Ma et al. 2024a) involves designing an extra loss
function to update the latent variables and guide the sam-
pling process. While these methods can achieve image gen-
eration in a single forward pass, their fidelity is inadequate
when dealing with complex object interactions or attributes.
The other branch of methods (Lian et al. 2023; Bar-Tal
et al. 2023; Jiménez 2023) performs denoising separately
for each layout and subsequently fuses the results, leading
to high computational costs. Different from the aforemen-
tioned methods, our method processes all layouts simultane-
ously, thereby eliminating the need for additional loss func-
tions to guide sampling. Furthermore, our method can effec-
tively handle complex object interactions while maintaining
high image fidelity and precise text alignment.

Customized text to image generation. The goal of cus-
tomized text-to-image generation is to acquire knowledge
of a novel concept from a limited set of examples and subse-
quently generate images of these concepts in diverse scenar-
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Figure 2: Overall Pipeline of MultiBooth. (a) During the single-concept learning phase, a multi-modal encoder and LoRA
parameters are trained to encode every single concept. (b) During the multi-concept integration phase, we first convert S*
and V* into text embeddings, which are then combined with the corresponding LoRA to form single-concept modules. These
single-concept modules, along with the bounding boxes, are intended to serve as input for the regional customization module.

ios based on text prompts. By leveraging the aforementioned
diffusion-based methodologies, it becomes possible to em-
ploy the comprehensive text-image prior to customizing the
text-to-image process. The first branch of methods (Gal et al.
2022; Chen et al. 2023; Liu et al. 2023) achieves customiza-
tion by creating a new embedding within the tokenizer and
associating all the details of the newly introduced concept to
this embedding. The second branch of methods (Wei et al.
2023; Shi et al. 2023; Gal et al. 2023) trains an adapter
to generate embeddings. They need strong GPUs and large
datasets for training and only support single-concept cus-
tomization. To adapt to MCC, they need numerous multi-
concept images and costly retraining. The third branch of
methods (Ruiz et al. 2023; Kumari et al. 2023) binds the new
concept to a rare token followed by a class noun. Compared
to the previous two branches of methods, they often achieve
the best image fidelity. However, this process is achieved by
fine-tuning the entire or partial UNet. As a result, they re-
quire a larger amount of parameters to store a new concept.
In this work, we utilize a multi-modal model and LoRA to
discriminatively and concisely encode every single concept.
Then, we introduce the regional customization module to ef-
ficiently and accurately produce multi-concept images.

3 Method

Given a series of images S = {X,}J_; that represent S
concepts of interest, where {X,} = {z;}}, denotes the
M images belonging to the concept s which is usually very
small (e.g., M <= 5), the goal of multi-concept customiza-
tion (MCC) is to generate images that include any number
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of concepts from S in various styles, contexts, layout rela-
tionship as specified by given text prompts.

MCC faces significant challenges for two primary rea-
sons. Firstly, learning a concept with a limited number of
images is inherently difficult. Secondly, generating multi-
ple concepts simultaneously and coherently within the same
image while faithfully adhering to the provided text is even
harder. To address these challenges, our MultiBooth initially
performs high-fidelity learning of a single concept. We em-
ploy a multi-modal encoder and the adaptive concept nor-
malization strategy to obtain text-aligned representative cus-
tomized embeddings. Additionally, the efficient concept en-
coding technique is employed to further improve the fidelity
of single-concept learning. To generate multi-concept im-
ages, we employ the regional customization module. This
module serves as a guide for multiple single-concept mod-
ules and utilizes bounding boxes to indicate the positions of
each generated concept.

3.1 Preliminaries

In this paper, the foundational model utilized for text-
to-image generation is Stable Diffusion (Rombach et al.
2022). It takes a text prompt P as input and gener-
ates the corresponding image x. Stable Diffusion (Rom-
bach et al. 2022) consists of three main components: an
autoencoder(&(+), D(+)), a CLIP text encoder 7y (-) and a U-
Net ey(-). Typically, it is trained with the guidance of the
following reconstruction loss:

Lrce =B, cono)p [le — €0 (2, 6,70 (P)]3], (D
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Table 1: Quantization results of the L2 norm of each word
embedding in the prompt.

where € ~ A (0,1) is a randomly sampled noise, t denotes
the time step. The calculation of z; is given by 2, = a2z +
o€, where the coefficients a; and o; are provided by the
noise scheduler.

Given M images {X;} = {x;}}, of a certain concept
s, previous works (Gal et al. 2022; Ruiz et al. 2023; Kumari
et al. 2023) associate a unique placeholder string S* with
concept s through a specific prompt P like “a photo of a 5*
dog”, with the following finetuning objective:

‘cbind = Ezzg(a:),zNXs,e,t,Ps [”6 — €9 (Zt; t7 o (Ps)>||§] .
@)
Minimizing Eq. (2) can encourage the U-Net €4(+) to accu-
rately reconstruct the images of the concept s, effectively
binding the placeholder string S* to the concept s.

3.2 Single-Concept Learning

Multi-modal Concept Extraction. Existing customiza-
tion methods (Gal et al. 2023; Wei et al. 2023) mainly utilize
a single image encoder to encode the whole image into con-
cept embeddings. However, the single image encoder may
also encode unrelated objects in the images. To remedy this,
we employ a multi-modal encoder that takes as input both
the images and the concept name (e.g., “dog”) to generate
concise and discriminative customized embeddings.

Inspired by MiniGPT4 (Zhu et al. 2023) and BLIP-
Diffusion (Li, Li, and Hoi 2023), we utilize the QFormer,
a light-weighted multi-modal encoder, to generate the cus-
tomized embeddings for each concept. As shown in the
left part of Fig. 2, the QFormer encoder E has three types
of inputs: visual embeddings £ of an image, text descrip-
tion [ of the concept of interest, and learnable query tokens
W = [wy, - ,wk] where K is the number of query tokens.
Given an image z; € X of concept s, we employ a frozen
CLIP (Radford et al. 2021) image encoder to extract the vi-
sual embeddings £ of the image. Subsequently, we set the
input text [ as the concept name for the image. The learnable
query tokens W interact with the text description [ through a
self-attention layer and with the visual embedding & through
a cross-attention layer. This interaction results in text-image
aligned output tokens O = E'(, [, W) with the same dimen-
sions as WW. Finally, we average these tokens and get initial
customized embedding v; = & - 31 | ;.

After obtaining the customized embedding v; of concept
s, we introduce a placeholder string S* to represent the con-
cept s, with v; representing the word embedding of S*.
Through this placeholder string S*, we can easily activate
the customized word embedding v; to reconstruct the input
concept image x; with prompts like “a photo of a S* dog”.

Adaptive Concept Normalization. We have observed a
domain gap between our customized embedding v; and
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other word embeddings in the prompt. As shown in Tab. 1,
the L2 norm of our customized embedding is considerably
larger than that of other word embeddings in the prompt. No-
tably, these word embeddings, belonging to the same order
of magnitude, are predefined within the embedding space of
the CLIP text encoder 74(-). This significant difference in
quantity weakens the model’s ability of multi-concept gen-
eration. To remedy this, we further apply the Adaptive Con-
cept Normalization (ACN) strategy to the customized em-
bedding v;, adjusting its L2 norm to obtain the final cus-
tomized embedding v;.

Our ACN consists of two steps. The first step is L2 nor-
malization, adjusting the L2 norm of the customized em-
bedding v; to 1. The second step is adaptive scaling, which
brings the L2 norm of v; to a comparable magnitude as other
word embeddings in the prompt. Specifically, let ¢; € R?
represent the word embedding corresponding to the subject
name of v; (e.g., the word embedding of “dog”), where d is

the dimension of embeddings. The adaptive concept normal-

”;l Hz As shown in Tab. 1, this operation

effectively addresses the problem of domain gap in the em-
bedding space.

ization U; = v; -

Efficient Concept Encoding. To further improve the con-
cept fidelity during single-concept learning and avoid lan-
guage drift caused by finetuning the U-Net, we incorporate
the LoRA technique (Hu et al. 2021; He et al. 2024a) for effi-
cient concept encoding. Specifically, we incorporate a low-
rank decomposition to the key and value weight matrices
of attention layers within the U-Net €y(-). Each pre-trained
weight matrix W;,;; € R4** of the U-Net ¢4(-) is utilized
in the forward computation as follows:

h = Winisw + AWz = Winitx + BAJ:’ 3

where A € R™* B € R¥" are trainable parameters of
efficient concept encoding, and the rank r < min(d, k).
During training, the pre-trained weight matrix W;,,;; stays
constant without receiving gradient updates. We also use
a regularization term to lower the L2 norm of v; before
ACN. Without this term, the L2 norm of v; can grow large
as shown in Tab. 1. Scaling v; with ACN could greatly al-
ter its magnitude, causing information loss. As a result, the
whole single-concept learning framework can be trained as
follows:

L =Eocea)onXoet,p, [[l€— €0 (261,70 (Ps))\|§]+>\||1()2\)\§7
where ) denotes a balancing hyperparameter and is consis-
tently set to 0.01 across all experiments.

So far, we can learn a new concept efficiently and store
its information in a dedicated single-concept module. This
module contains a customized embedding along with the
corresponding LoRA parameters. The extra parameter for a
new concept is less than 7MB, which is significantly lower
compared to 3.3GB in DreamBooth (Ruiz et al. 2023) and
72MB in Custom Diffusion (Kumari et al. 2023). Further-
more, the single-concept module is plug-and-play for multi-
concept generation, as users can combine any single-concept
module through the Regional Customization Module to per-
form multi-concept generation.



Input

Text Embedding 1{

Image Feature

Conceptl

Value
Attention Output

v

Text Embedding 2{

Concept2

Key Value

Text Embedding 3{

Wv

LoRA3 K

@®—>

Wk/ A

Concept3

Value

Key
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3.3 Multi-Concept Integration

Regional Customization Module. To integrate multiple
single-concept modules for multi-concept generation, we
propose the Regional Customization Module (RCM) in
cross-attention layers. The key insight of our RCM is to gen-
erate each concept within the specified region and allow dif-
ferent concepts to interact accurately in overlapping regions.

As shown in the right part of Fig. 2, given a base prompt
Dpase describing the desired generated results, we can ob-
tain the bounding boxes B = {b;}?_, and the correspond-
ing region prompts P. = {p;}7_, for each concept ei-
ther through user-defined methods or automated processes
(see Section 4.3). The region prompt guides the concept gen-
eration within each specific region, while the base prompt
ensures interaction among concepts across different regions.
As a result, the text embeddings C' = {c;}5_, for each re-
gion can be acquired through the combination of the region
prompt and the base prompt:

®

where ¢; € R¥*? [ is the the maximum length of input
words and 7y (-) is the CLIP text encoder.

Then, we integrate the text guidance from text embed-
dings and the concept information in LoRA into each region
simultaneously within the cross-attention layers. As shown
in Fig. 3, the image feature ' € R"*" is the input of RCM.
For the i*" concept, the image feature F is cropped using

C; = T@(pi) + T@(pbase)yi = 1a 27 T asv
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the bounding box b; € R*W: resulting in the partial im-
age feature f; € R"*™i With f;, we can obtain the query
vector @); through @; = W, - f;. Next, we derive the key
and value vector K; and V; using the text embedding c; and
corresponding LoRA parameters {A;;, B;; 12, through:

Ki=Wy-ci+ Bida - ci, 6)
Vi=Wy-ci+ BipAio - ¢, @)

where 4;; € R™* and B;; € R, j = 1and j = 2 in-
dicating the low-rank decomposition of W} and W, respec-
tively. In order to derive the text-aligned image feature with
concept information, we then apply the attention operation
to the query, key, and value vectors:

QKT
v
where d’ represents the output dimension of key and query

features. The image feature fz Attn (Q4, K;,V;) €
RPXwi contains both the text guidance and concept infor-
mation through the attention mechanism and retains its orig-
inal dimensions. For overlapping regions, we use a weighted
average strategy to ensure the generation of each concept:

1 n
LSy
i=1

Ui

Attn (@4, K;, V;) = Softmax ( ) V; (8)

n

fis Y

i=1

n
f= wi=1, Jbi#2, 9
=1

where 7 is the number of overlapping concepts, f is the
output feature of the overlapping region, w; is the average
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Figure 4: Qualitative comparisons. Our method outperforms all the compared methods in image fidelity and prompt alignment.
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cussed in Suppl.

Compared to (Kumari et al. 2023; Liu et al. 2023), our
RCM offers more flexible and precise customization that
cannot be achieved solely through text prompts. Once the
single-concept modules are obtained, RCM can combine
multiple single-concept modules in a plug-and-play man-
ner to perform multi-concept generation without retraining.
With bounding boxes indicating the regions of the gener-
ated concepts, RCM can generate each concept according
to different region prompts (see Section 4.1) and handle
complex object interactions under the guidance of the base
prompt (see Section 4.3). Moreover, despite the superior
multi-concept customization performance achieved by our
RCM, it incurs minimal cost during inference. This is be-
cause the RCM generates all the customized concepts si-
multaneously, rather than sequentially, which is further dis-
cussed in Section 4.3. We also provide a thorough compari-
son between our RCM and other layout T2I methods (Lian
et al. 2023; Xie et al. 2023), detailed in Section 4.2.

concept. The setting of w; is further dis-

4 Experiment

Implementation details. All of our experiments are based
on Stable Diffusion v1.5 and are conducted on one
RTX3090. We set the rank of LoRA to be 16. During train-
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ing, we randomly select text prompts P, from the CLIP Ima-
geNet templates (Radford et al. 2021) following the Textual
Inversion (Gal et al. 2022). During training, we optimize for
900 steps with a learning rate of 8 x 10~°. During inference,
we sample for 100 steps with the guidance scale w = 7.5.
More detailed settings can be found in the Suppl.

Datasets. Following Custom Diffusion (Kumari et al. 2023),
we conduct experiments on twelve subjects selected from
the DreamBooth dataset (Ruiz et al. 2023) and Custom-
Concept101 (Kumari et al. 2023). They cover a wide range
of categories including two scene categories, two pets, and
eight objects.

4.1 Comparative Study

We conduct comparisons between our method and four ex-
isting methods: Textual Inversion (TI) (Gal et al. 2022),
DreamBooth (DB) (Ruiz et al. 2023), Custom Diffusion
(CD) (Kumari et al. 2023), and Cones?2 (Liu et al. 2023).
Qualitative comparison. As shown in Fig. 4, TI and DB
are limited to generating a single concept, whereas CD and
Cones2 can produce multiple concepts but struggle with
maintaining high fidelity. In contrast, our method excels in
multi-concept generation, achieving both high image fidelity
and prompt alignment, even in challenging long-format sce-
narios (third and fourth rows).



Method Single-Concept Multi-concept Training Inference
CLIP-I Seg CLIP-I CLIP-T CLIP-I Seg CLIP-I CLIP-T Time Time
TI(2022) 0.738 0.721 0.752 0.666 0.660 0.736 23min 7.50s
DB(2023) 0.769 0.736 0.775 0.637 0.652 0.828 10min 7.35s
Custom(2023) 0.654 0.661 0.813 0.624 0.637 0.812 4min 7.53s
Cones2(2023) 0.768 0.747 0.758 0.670 0.685 0.816 26min 21.41s
Ours | 0.783 0.761 0.780 | 0.714 0.713 0.838 | 6min | 8.29s

Table 2: Quantitative comparisons. The best and second best results are in red and blue, respectively.

Quantitative comparison. We assess all the methods us-
ing three evaluation metrics: CLIP-I, Seg CLIP-I, and CLIP-
T. (1) CLIP-I measures the average cosine similarity be-
tween the CLIP (Radford et al. 2021) embeddings of the
generated images and the source images. (2) Seg CLIP-
I is similar to CLIP-1, but all the subjects in source im-
ages are segmented. (3) CLIP-T calculates the average co-
sine similarity between the embeddings of prompt and im-
age. As presented in Tab. 2, our method demonstrates su-
perior image alignment and comparable text alignment in
the single-concept setting. In the multi-concept setting, our
method outperforms all the compared methods in the three
selected metrics. Moreover, with excellent image fidelity
and prompt alignment ability, our method does not incur sig-
nificant training and inference costs.

Ours w/o Region Ours w/o QFomer Ours w/o ACN
U e 2 ae 1 ] 5,

¥

“A S* candle and 6 v* eu]:wﬁth a city tn the acgmuw

Figure 5: Qualitative ablation results.

4.2 Ablation Study

Regional Customization Module (RCM). We first verify
the effectiveness of RCM by simply removing it. As shown
in Fig. 5 and Tab. 3, without RCM, the features of the candle
and teapot have fused to some extent. To further validate the
effectiveness of RCM, we retain our single concept learning
(SCL) and replace our RCM with other layout T2I meth-
ods. We select two representative methods: LLM-grounded
Diffusion (LG) (Lian et al. 2023) and BoxDiff (Xie et al.
2023), with the bounding boxes used displayed on the left.
On the one hand, LG (Lian et al. 2023) denoises each con-
cept within the bounding boxes sequentially and then in-
tegrates them at the latent level, resulting in concept fu-
sion in the overlapping regions. On the other hand, BoxD-
iff (Xie et al. 2023) employs the cross-attention map to con-
struct a loss function for updating the latent variables. Al-
though it can generate two concepts simultaneously, it suf-
fers from low image fidelity. Furthermore, neither of these
methods can handle complex object interactions according
to the given text prompt. In contrast, our method allows dif-
ferent single-concept modules to target specific regions at
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the cross-attention level, thereby generating multiple con-
cepts simultaneously. By using a base prompt to guide com-
plex object interactions across various regions, we can pro-
duce images with both high image fidelity and precise text
alignment.

Method | CLIP-I Seg CLIP-I CLIP-T
w/o Region 0.691 0.707 0.710
w/o QFormer | 0.691 0.694 0.823
w/o ACN 0.694 0.695 0.826
Ours | 0.713 0.712 0.838

Table 3: Quantitative ablation results.

QFormer and Adaptive Concept Normalization (ACN).
We also demonstrate the effectiveness of the QFormer and
the ACN by removing them either. As shown in Fig. 5 and
Tab. 3, without QFormer or ACN, the fidelity of our method
has decreased. In contrast, our full method can faithfully per-
form multi-concept generation.

4.3 Discussions

Inference time x N for N concepts? We also analyze the
inference time of our method with the increasing number
of concepts. As shown in Tab. 4, the inference time of our
method increases only slightly as the number of concepts
grows. This is because increasing concepts only leads to ad-
ditional cross-attention computation in our RCM; other op-
erations, like self-attention, residual addition, etc. remain the
same as generating a single concept.

| 2 Concepts
8.29s

3 Concepts
10.07s

4 Concepts
10.53s

Inference Time |

Table 4: Inference Time with more concepts.

5 Conclusion

We introduce MultiBooth, a novel and efficient framework
for multi-concept customization (MCC). Compared with
existing MCC methods, our MultiBooth allows plug-and-
play multi-concept generation with high image fidelity while
bringing minimal cost during training and inference. By con-
ducting qualitative and quantitative experiments, we demon-
strate our superiority over state-of-the-art methods within di-
verse customization scenarios. We believe that our approach
provides a novel insight for the community.
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