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Abstract

Personalized image generation enables customized content
creation based on the text-to-image diffusion models. How-
ever, existing personalization methods focus on fine-tuning
generative models to generate a specific instance or concept,
like a specific Corgi, but cannot handle multiple instances or
concepts with commonalities, such as images of multiple dif-
ferent Corgis. In this work, we focus on personalizing a diffu-
sion model to generated varied data usually containing mul-
tiple instances, which has a more diverse and complex data
distribution. Our basic assumption is that the varied data dis-
tribution is composed of the common features shared among
all samples, as well as the reasonable variations within it. Ac-
cordingly, we are capable to decompose the learning process
of complex data distributions into two simpler sub-tasks, em-
ploying a divide-and-conquer approach. To this end, we pro-
pose Dis®Booth, a framework that can learn complex image
Distribution by Disentangling data distribution in an unsu-
pervised manner. Specifically, Dis*Booth contains two mod-
ules, Anchor LoRA and Delta LoRA, tasked with learning
the common features and variational features constrained by
Contextual Loss and Delta Loss unsupervisedly. Besides, the
Asynchronous Optimization Strategy is proposed to ensure
the collaborative training of the two modules. Extensive ex-
periments suggest that Dis>Booth can learn the data distri-
bution with higher diversity and complexity and be flexibly
applied across various tasks.

Introduction

The emergence of diffusion models (Ho, Jain, and Abbeel
2020; Song, Meng, and Ermon 2020; Dhariwal and Nichol
2021) such as Stable Diffusion (Rombach et al. 2022) and
DALL-E (Ramesh et al. 2022) have pushed up the ceiling of
what is possible in terms of generating realistic and creative
images.

Personalized image generation methods (Ruiz et al. 2023;
Gal et al. 2022) use a small set of reference images to fine-
tune network parameters or token embeddings, enabling the
diffusion models to generate specific instance or concept in
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Figure 1: Illustration of distributions of monotonic data (a
specific Corgi dog) and varied data (multiple different Corgi
dogs) and comparison of different methods for personalized
generation of varied data. Existing personalized generation
methods for complex data distributions tend to exhibit drift
in discriminative semantics (category change), overfitting
and significant degradation in generation quality.

those images. These methods enable customized generation
and editing of specific instances.

Previous personalization methods (Ruiz et al. 2023; Gal
et al. 2022) have primarily focused on modifying the pre-
trained generation model (Rombach et al. 2022; Podell et al.
2023) to generate a specific instance or concept based on
a few given individual reference images. However in many
cases, user may want to personalize the generation model
over more abstract visual attributes from varied data, instead
of instance-level personalization. For example, in art design,
automotive designers may generate design sketches of dif-
ferent car models follow a consistent design language, and in
industry, images of different kinds of workpieces with spe-
cific defects can be created as augmented data for training
defect detection models. In these cases, it is more critical to
generate different individuals with certain common charac-
teristics, rather than a single individual. To make the issue



clearer, as shown in Figure 1, we define monotonic data as
data that only contains a specific individual or concept, such
as images of a particular Corgi dog. On the contrary, varied
data is defined as data containing multiple individuals or
concepts with shared traits, such as images of multiple dif-
ferent Corgi dogs. Compared to monotonic data, varied data
exhibits more complex inter-sample variations and a broader
data distribution.

Existing personalization methods (Gal et al. 2022; Zhao
et al. 2023; Chen et al. 2023) learn to generate specific in-
stances. However, they cannot accurately generate varied
data. As shown in Figure 1, there mainly exist two problems,
i.e., the discriminative information drift (category change)
and the quality collapse. A subset of these methods (Gal
et al. 2022; Zhao et al. 2023) optimize text embeddings to
represent the reference distribution. They leverage the pri-
ors contained in the pretrained models. Therefore, when ref-
erence instances are rare in pretraining datasets or highly
diverse, these methods struggle to extract accurate prior in-
formation from the pretrained model. In Figure 1, images
generated by these methods show severe drift in discrimina-
tive information, causing category changes in the generated
dogs. Another category of personalization methods (Ruiz
et al. 2023; Kumari et al. 2023) involve directly fine-tuning
the weights of the network to learn the reference data dis-
tribution. As the diversity of the reference images increases,
these methods fall to naive solution and tend to present fused
samples, which harms the generative diversity greatly. As
shown in Figure 1, the image generated by Dreambooth con-
tains many artifacts. In summary, existing methods directly
learn the reference data distribution, which leads to semantic
drifts and fidelity degradation when the distribution becomes
complex.

In this work, we focus on generating semantically ac-
curate and high-quality varied data by fine-tuning a dif-
fusion model on reference images. Existing methods are
far from meeting the needs. Following the divide and con-
quer strategy, we propose Dis2Booth, a framework that can
learn complex image Distribution by Disentangling data dis-
tribution in an unsupervised manner. As illustrated in the
right part of Figure 2, the varied data distribution is ex-
plicitly modeled as the combination of common features
and reasonable variations. In this way, the learning process
is decomposed into two sub-tasks with lower difficulty. To
learn them seperately, we introduce two independent mod-
ules: Anchor LoRA and Delta LoRA. The former is de-
signed to learn the common features of a category, which
ensures consistent discriminative information between gen-
erated and reference images. The latter focuses on captur-
ing the reasonable variations within the category, which
enhances the diversity of the generated images. Since it’s
not possible to explicitly label and separate common fea-
tures and variations, an unsupervised approach is needed
to disentangle and constrain the two modules. Inspired by
Contrastive Learning (He et al. 2020), we introduce Con-
textual Loss and Delta Loss, utilizing momentum contrast
to achieve unsupervised constraint. Contextual Loss iden-
tifies semantic correspondence between feature maps out-
putted by Anchor LoRA from different samples and con-
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strains their consistency through minimizing Multi-instance
Relaxed Earth Mover’s Distance (MREM), thereby forcing
the Anchor LoRA to learn shared features across samples.
Delta Loss constrains the distance between the Delta LoRA
features of different samples to learn variations among them.
The unsupervised collaborative optimization is unstable, so
we propose an asymmetric strategy that limits Delta LoRA’s
optimization to adapt to Anchor LoRA’s, ensuring collabo-
rative optimization and stable convergence.

We have conducted quantitative experiments, qualitative
experiments, and downstream classification experiments to
validate the effectiveness and superiority of Dis?Booth. Ad-
ditionally, Dis?Booth possesses high flexibility to combine
with other customization methods (Shah et al. 2023; Shi
et al. 2023) and a wide range of applications. It is demon-
strated in settings of 3D generation and the fusion of LoRAs,
showcasing the versatility and applicability of Dis?Booth in
diverse scenarios. Our contributions can be summarized as
follows:

e We propose Dis?Booth, a framework that can learn to
generate varied data distribution by disentangling data dis-
tribution in an unsupervised manner.

e Extensive experiments suggest that Dis?Booth can ac-
curately learn varied data distributions in few-shot image
generation task and general object scenes.

e Extensive experiments suggest that Dis?Booth pos-
sesses a wide range of applications and high flexibility to
combine with other customization methods.

Related Work
Text-to-image Diffusion Models

In recent years, diffusion models (Ho, Jain, and Abbeel
2020; Song, Meng, and Ermon 2020; Dhariwal and Nichol
2021; Rombach et al. 2022) have made significant advance-
ments in the field of image generation. Text-to-image diffu-
sion models employ text as an additional guiding condition
for image generation. By utilizing pretrained language mod-
els like CLIP (Radford et al. 2021), text is encoded into la-
tent vectors, enabling exceptional performance in generating
diverse and high-fidelity images. Drawing on the capabilities
of large-scale language models, models like Imagen (Saharia
etal. 2022) and DALLE-2 (Ramesh et al. 2022) excel at gen-
erating highly realistic images that faithfully align with the
provided textual descriptions. The Latent Diffusion Models
perform diffusion steps in the latent image space, reduc-
ing computational costs. Stable Diffusion (Rombach et al.
2022) and its successor, Stable Diffusion XL (Podell et al.
2023), are image generation models that leverage autoen-
coders to encode images into latent representations. These
models then perform diffusion on the latent space to gener-
ate high-quality images.

Personalized text-to-image Generation

In the realm of image generation, text-guided models have
gained significant attention for their ability to generate im-
ages based on textual descriptions. However, these models
are not specifically designed to generate personalized im-
ages, such as images of specific faces. Personalized concepts



are often abstract and challenging to comprehend. Text-to-
image personalization aims to learn abstract concepts from
a small set of sample images and apply them to new sce-
narios and provide fine-grained control over the generated
images. Textual Inversion (Gal et al. 2022) synthesize novel
images of a instance by fine-tuning the text embeddings
with few images and target texts. DreamBooth (Ruiz et al.
2023) is a naive fine-tuning method that directly fine-tunes
the original text-to-image models without modifying its ar-
chitecture. In addition, methods like CustomDiffusion (Ku-
mari et al. 2023) and SVDiff (Han et al. 2023) have been
developed to decrease the number of parameters that require
fine-tuning, thereby reducing computational demands. Dis-
enBooth (Chen et al. 2023) fine-tunes a pretrained diffusion
model using disentangled embeddings to preserve subject
identity and separate identity-relevant and identity-irrelevant
information in text-to-image generation. However, for object
generation, existing personalization methods predominantly
concentrate on generating one specific instance or concept.
We constructed a framework based on a divide-and-conquer
strategy for disentangled learning of data distributions to
achieve accurate generation of varied data.

Few-shot image generation

Existing few-shot image generation methods can be divided
into optimization-based, fusion-based, transformation-based
and editing-based methods. Optimization-based meth-
ods (Clouatre and Demers 2019; Liang, Liu, and Liu 2020;
Phaphuangwittayakul, Guo, and Ying 2021) combine meta-
learning and adversarial learning to generate images by fine-
tuning the model. However, the images generated by such
methods have poor authenticity. Fusion-based methods fuse
the features by matching the random vector with the con-
ditional images (Hong et al. 2020b) or interpolate high-
level features of conditional images by filling in low-level
details (Hong et al. 2020c; Gu et al. 2021; Yang et al.
2022). Simple content fusion limits the diversity of gen-
erated images. Transformation-based methods (Antoniou,
Storkey, and Edwards 2017; Hong et al. 2020a) capture the
cross-category or intra-category transformations to generate
novel data. These works capture the transformations from
the image differences and may corrupt due to the complex
transformations between intra- and inter-category pairs. For
Editing-based methods (Ding et al. 2022, 2023; Li, Zhang,
and Wang 2023), the intra-category transformation can be
alternatively modeled as category-irrelevant image editing
based on one sample instead of pairs of samples.

Method
Preliminaries

Diffusion models (Ho, Jain, and Abbeel 2020; Song, Meng,
and Ermon 2020; Dhariwal and Nichol 2021) are a class of
generative models that learn to generate high-quality sam-
ples by denoising of a variable sampled from a Gaussian
distribution step by step. In practice, at every timestep ¢, the
objective of diffusion models is simplified to predicting the
true noise € ~ N (0, I) added to the image x:
I,

ey

Vo |le — €a(x¢, ¢, t)
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where x; is the noisy version of x at timestep ¢ and
€g (X4, c,t) is the noise predicted by the diffusion model
conditioned on c at timestep t. Latent diffusion mod-
els (Rombach et al. 2022) learn the diffusion process in the
latent space, resulting in higher computational efficiency and
the ability to handle larger training scales.
Low-Rank Adaptation (LoRA) refers to a highly efficient
technique used in the context of fine-tuning large pre-trained
models. It involves decomposing the weight update AW? of
the weight of the i-th layer in the pre-trained model W}, €
R™*™ into low-rank components:
AW! = B'A‘, (2)
where BY € R™*" and A? € R"™*" with » < min(m,n).
During the fine-tuning process, only the weights B* and A°
are updated, while the weights W and AW are fused to-
gether to form the updated weights during inference:
W' =W; +B'A". 3)
We drop the superscript ¢ for simplicity since the operations
are applied over all the LoRA-enabled weights.

Dis2Booth

Dis?Booth is a framework that can learn to generate varied
data distribution by disentangling data distribution into two
components: the shared common features and the reasonable
variations among samples. We employ two modules, An-
chor LoRA and Delta LoRA, to model the aforementioned
two components separately. Anchor LORA AW, is used to
learn the common features, while Delta LoORA AW is em-
ployed to capture the reasonable variations. The benefit of
using LoRAs is that it does not require explicit modeling of
the distributions for the two components, but rather allows
the model to spontaneously learn a complex data distribu-
tion. Finally, the weights of these two modules are summed
together to form the weight updates of the pretrained model
W()Z

W =Wy + aAW, + AW, @)

where « and (3 are the coefficients of the two weights.

As shown in Figure 2, to separately constrain the learn-
ing of Anchor LoRA and Delta LoRA, we draw the idea
from Contrastive Learning (He et al. 2020) and first con-
struct two queues Anchor Queue Q, = {F! F2 .. F.}
and Delta Queue @, = {F}, F2 ..., FL} to store the feature
maps Fi, Fi, € R"*%*¢ outputted by each of them. These
two queues serve as the dictionaries of features and allow us
to reuse the encoded features for the computation of momen-
tum contrast. The queues are dynamically updated through-
out the training process to ensure the features in the queue
are consistent to the updated module. At the end of each it-
eration, the latest obtained features are inserted at the rear
of the queues, while an equal number of features are popped
out from the front of the queues. Based on the two queues,
we construct Contextual Loss and Delta Loss to respectively
optimize Anchor LoRA and Delta LoRA in an unsupervised
manner.
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Figure 2: The left part is the overview of Dis?Booth. Dis?Booth disentangles the learning of varied data distribution with two
modules: Anchor LoRA and Delta LoRA. Anchor LoRA learns the common feature among the data and Delta LoRA learns the
reasonable variations between the samples. Contextual Loss and Delta Loss constrain the optimizations of the two modules in
an unsupervised manner. The right part is the illustration of disentanglement of varied data distribution.

Contextual Loss Since Anchor LoRA learns the com-
mon features among different reference samples, Contex-
tual Loss is utilized to constrain the consistency of the fea-
tures outputted by Anchor LoRA for different samples. Due
to the complex variations among samples, including sig-
nificant differences in spatial distribution, directly comput-
ing the distances between their feature maps and imposing
point-to-point spatial consistency constraints is not applica-
ble. Therefore, we aim to overcome this spatial limitation
and constrain the consistency of Anchor Features based on
their semantic correspondence. We are specifically inspired
by previous methods that utilized Earth Mover’s Distance

(EMD). Given two sets of features F,, = {f} f2 .. "
and F, = {f},f2, ..., £}, EMD is formulated as:
EMD(F,,F,) = mint>o Y T;;Cyj,
&)

1]
S.t. ZT”:]./TL, ZTZJZI/TTL,
i J

where T is the transport matrix which defines partial pair-
wise assignments, and C is the cost matrix which defines
the distances between elements in F,, and F,,. EMD breaks
the point-to-point spatial constraints and freely constrains
the distance relationships between elements within the fea-
ture map.

In Dis?Booth, the distances between the current itera-
tion’s Anchor Feature F¢ and the features in the Anchor
Queue Q, = {F., ... Fg ..., FL} need to be constrained.
Therefore, according to the setting and to reduce compu-
tational complexity, we relax the EMD constraint and pro-
pose the Multi-instance Relaxed Earth Mover’s Distance
(MREMD):

MREMD(F, Qa)
s.t. ZT

l
E:OanzoZ?TZCZ%
k=0 ij

(6)
= 1/(h x w),

where T* and C* are the transport matrix and cost matrix
between F¢ and F¥,

The semantic similarity between different positions in the
feature maps can be obtained by calculating the element-
wise distances, which represents the local pattern consis-
tency. For every element in F¢, we find the most similar
element in F¥ and minimize their distance. The contextual
loss can be defined as:

con: ZZ ZmlnC

Specifically, we define the cost ij as the cosine distance

)

hxw

between the elements in F¢ and F¥:
Cj; =1 — Deos(£lc, £2,),

(®)

Deos(X,Y) 9)

' [1X]] ||Y||
Delta Loss Delta LoRA learns the differences between
reference samples. To accommodate unique variations in
each sample, we constrain the Delta Features F'; of different
samples to have a certain angle between them, allowing for
some overlap without strict orthogonality, reflecting poten-
tial shared variations among different samples:
Deos(X,Y) >m

o Dcos (Xa Y)a
DX, Y) = {0, Deos(X,Y) <m’

where m represents the threshold that controls the maximum
angle constraint between Delta Features. In Delta Loss, a
certain angle is constrained between the Delta Feature of the
current iteration and the features in the Delta Queue:

l
1
ge a:7§ D
delt lk:1(

(10)

Y
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where F¢ is the Delta Feature of the current iteration and F%
is the k-th featrue in the Delta Queue.

Algorithm 1: Asynchronous Optimization

®as ¢g and, ¢ represent the parameters of Anchor LoRA,
Delta LoRA, and their combined model, respectively.
for number of training iterations do

e Update Anchor LoRA by descending its gradient:

!
1 1 .k
3 7 kE:O(h < w % mjln Ci)

e Update Anchor LoRA and Delta LoRA by descend-
ing its gradient:

(12)

VB [lle = €6 (xi0,8)|]

for & steps do
e Update Delta LoRA by descending its gradient:

l
1 cur %
vd)d,j ZD(Fd Fg).
i=1
e Update Anchor LoRA and Delta LoRA by de-
scending its gradient:

VoEt e lle = o (xie, 0]

end for
end for

Latent Diffusion Model Loss Lastly, the Latent Diffu-
sion Model Loss is employed to constrain the consistency
between the images generated by the model after being up-
dated with Dis?Booth and the real reference images:

Ceont = Buse [lle = es (ke ], (3)
where ¢ represents the parameters of Dis>Booth.
The overall loss function is:
{= gLDM + )\gcon + ’ygdelta; (14)

where \ and ~ are coefficients.

Asynchronous Optimization In our experiments, we ob-
serve that synchronously optimizing Anchor LoRA and
Delta LoRA without supervised optimization can lead to
extreme instability, even resulting in model collapse. In
Dis?Booth, Anchor LoRA learns the common features that
determines the position of the reference data distribution in
the entire data space, while Delta LoRA learns the variations
that determine how the reference data distribution unfolds at
that position.

Therefore, Delta LoRA’s optimization should be adapted
to Anchor LoRA’s, rather than synchronously. As men-
tioned in Algorithm 1, for every optimization step of An-
chor LoRA, we optimize Delta LoRA k times to adapt to
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the changes in Anchor LoRA. This strategy enables the co-
operative optimization of Anchor LoRA and Delta LoRA,
leading to stable convergence of the model.

Experiments
Implementation Details

We conduct experiments on Dis?Booth using Stable Dif-
fusion XL (Podell et al. 2023) as the base model with
one NVIDIA A100 GPU, one AMD EPYC 7763 CPU and
100GB Memory. We first fine-tune a single LoRA of rank
64 for initializing Anchor LoRA and Delta LoRA. We keep
the text encoders of SDXL frozen during the LoRA fine-
tuning. For Dis2Booth, we use A = le~® and v = 1e—6
in Eq. 14, = 0.5 and 8 = 0.51in Eq. 4, and kK = 5 in
Algorithm 1. The code can be found at https://github.com/
UniBester/Dis2Booth.

Datasets

We evaluate our method on Animal Faces (Liu et al. 2019),
and Flowers (Nilsback and Zisserman 2008). These datasets
consist of images from multiple categories, with each cate-
gory exhibiting a high level of diversity among its samples.

Animal Faces. 119 categories are selected as seen categories
for the few-shot image generation methods and 30 as unseen
categories.

Flowers. The dataset is divided into 85 seen categories and
17 unseen categories.

Due to the presence of low-resolution data in the afore-
mentioned dataset, which is not compatible with high-
quality image generation models (Rombach et al. 2022;
Podell et al. 2023), we have performed filtering on the test
set based on the image resolution. For each category, only
the top 100 images with the highest resolution were retained.

Quantitative Experiments

We evaluate the quality of the generated images based on
commonly used FID (Heusel et al. 2017) and LPIPS (Zhang
et al. 2018). FID is used to measure the fidelity of the gener-
ated images and LPIPS is used to measure the diversity.

We compare Dis?Booth with three diffusion-based per-
sonalization models: Dreambooth (Ruiz et al. 2023) with
LoRA, Textual Inversion (Gal et al. 2022), and DreamDistri-
bution(Zhao et al. 2023). Since SDXL includes two text en-
coders, it is challenging to collaboratively optimize both to
convergence for DreamDistribution. Therefore, besides us-
ing SD 2.0 for DreamDistribution, we have chosen SDXL
as the base model for other diffusion model-based methods.
Besides, we also compare our method with two state-of-
the-art few-shot image generation models: WaveGAN (Yang
et al. 2022) and HAE (Li, Zhang, and Wang 2023).

For the images of the seen categories, they are only used
to train the base models for few-shot image generation meth-
ods. For the images of the unseen categories, each category’s
100 images are divided into Sy.¢ and Syeq; subsets. Each
Sres subset consists of 30 reference images and each Syeq;
subset consists of 70 images. For few-shot image genera-
tion methods, images in S,.y are used as the inputs. For
the personalization methods, images in S,.y are used as



Methods Animal Faces Flowers
FID(]) LPIPS(1) FID({) LPIPS(T)

WaveGAN 52.30 0.4501 105.61 0.3839
HAE 55.58 0.5080 65.10 0.3964
Textual Inversion 55.48 0.5323 94.91 0.5186
DreamDistribution 57.63 0.5351 96.77 0.5207
DreamBooth 32.50 0.5276 112.27 0.5022
Dis?Booth 27.63 0.5356 58.15 0.5189

Table 1: FID({) and LPIPS(1) of images generated by different methods on Animal Faces and Flowers datasets.

Reference
Images

WaveGAN

HAE

Texual
Inversion

DreamDistribution [}

DreamBooth

Dis2Booth

Flowers

W =

Figure 3: Comparison between images generated by WaveGAN, HAE, Textual Inversion, DreamDistribution, DreamBooth and

Dis?Booth on Animal Faces and Flowers.

the fine-tuning data. The images in S,¢,; subset is used as
the real comparison images for metric calculation. For every
method, 128 images are generated for each unseen category,
denoted as Sge,. FID and LPIPS are calculated based on the
Sreal and Sgey,.

The results of different methods are reported in Table 1.
Dis?Booth achieves state-of-the-art performance on the ma-
jority of metrics. The methods (Gal et al. 2022; Zhao et al.
2023) based on textual inversion fails to accurately learn the
discriminative features of the category, resulting in the in-
corporation of features from other categories. This leads to
an abnormal increase in diversity, an artificially high LPIPS
metric, and poor performance in the FID metric. Thanks to
the explicit modeling of data distribution and the text control
capabilities inherent in pretrained diffusion models, the im-
ages generated by Dis?Booth exhibit a high level of diversity
while ensuring authenticity.

Qualitative Experiments

We conduct visualizations and qualitative comparisons of
images generated by different methods. In Figure 3, all per-
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sonalization methods utilize the prompt “A close-up photo of
[V] XXX”. Figure 4 presents visualizations of images gen-
erated by the personalization methods on objects with dis-
tinctive features, like Lamborghini sports cars and Gundam
robots and Vespa motorbike.

Fusion-based methods, like WaveGAN, can only inter-
polate features from the conditioned images. In many in-
stances, WaveGAN does not well disentangle and fuse the
features of different images. This can lead to crashes. For
instance, in Figure 3, we observed distortions in the shape
of the dogs’ faces and the petals of the flowers. HAE is lim-
ited by the capabilities of GAN Inversion (Zhu et al. 2016).
The generated images may lose detailed information and
discriminative features. For example, in the given images,
the petals of the flower appear as a single mass, and the dogs’
faces appear shortened.

Textual Inversion and DreamDistribution face similar is-
sues, i.e., optimizing only text embeddings, they generate
images resembling a recombination of priors learned by the
base model. While being effective for common data, they
struggle with uncommon ones, often failing to select suit-



Figure 4: Objects (Lamboghini cars, Gundam models,
and Vespa motorbikes) generated by Textual Inversion,
DreamDistribution, DreamBooth and Dis2Booth.

able priors for fusion, resulting in drift or loss of discrim-
inative semantics. As shown in Figure 3 the flowers with
wrong color are generated by them, the Poodle generated by
Textual Inversion has a square mouth, and the Fox Terrier
generated by DreamDistribution has long ears. In Figure 4,
the Gundams models generated by them are all lack realism
and Vespa motorbikes have structural errors. As the diversity
of the reference images increases, DreamBooth struggles to
accurately learn the data distribution, resulting in a decline
in the fidelity of generated images. In Figure 4, it generates
vehicles and models with repetitive structures and meaning-
less artifacts. Images generated by Dis?Booth maintain high
fidelity while achieving higher diversity and semantic con-
sistency.

Experiments on Flexibility

In Dis?Booth, the weights of Anchor LoRA and Delta LoRA
can be fused into a single LoRA weight during the inference
process. Theoretically, Dis?Booth also possesses the flexi-
bility and a wide range of applications that LoRA has. We
conduct experiment on two settings, namely, 3D generation
and the fusion of LoRAs.

Fusion of LoRAs ZipLLoRA (Shah et al. 2023) allows for
merging of independently trained style and instance Lo-
RAs to generate any instance in any style. By combining
Dis?Booth and ZipLoRA, we have enabled the generated di-
verse instances to transform into different styles. As shown
in Fig. 5 (a), the images generated by Distribution LoRA can
seamlessly blend into various styles.
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Figure 5: (a) Images generated by fusing Dis?Booth and a
style LoRA. (b) Personalized 3D model generation compar-
ison between DreamBooth and Dis?Booth.

3D Generation MVDream (Shi et al. 2023) is a text-to-
3D diffusion model. It is capable of generating 3D models or
multi-view consistent images based on text descriptions. We
combine Dis?Booth with MVDream to enable personalized
generation of more complex data distributions. As shown in
Fig. 5 (b), the 3D models generated by Dis?Booth geometric
regularity and texture realism compared to DreamBooth.

Limitations

Although Dis?Booth is capable of learning higher diversity
and complexity in data distribution, it still has some limita-
tions. Firstly, large-scale pretrained diffusion models trained
at high resolutions can crash during fine-tuning with low-
resolution images. When there are very few reference im-
ages and the training iterations are excessive, overfitting can
occur. In the future, we will explore effective prior preserva-
tion methods to prevent such overfitting phenomena.

Conclusion

In this work, we focus on personalizing the diffusion mod-
els to learn to generate varied data with higher diversity and
complexity. We present a new personalized image genera-
tion method, Dis?Booth, which explicitly models the data
distribution as the combination of common features and
reasonable variations. Extensive experiments suggest that
Dis?Booth can acurately generate varied image data while
maintaining high flexibility.
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