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Figure 1. Generated images by BootComp. (a) BootComp generates high-quality human images wearing multiple reference garments,
with support for extended categories such as bag, shoes, even in unusual garment combinations (e.g., swimming suit with soccer cleats).
We show BootComp’s generalization capability through various conditional image generations, such as (b) virtual try-on, (c) pose guided
generation, (d) stylization, and (e) text guided generation, even though BootComp is not directly trained or fine-tuned for each task.

Abstract

We present BootComp, a novel framework based on text-to-
image diffusion models for controllable human image gen-
eration with multiple reference garments. Here, the main
bottleneck is data acquisition for training: collecting a
large-scale dataset of high-quality reference garment im-
ages per human subject is quite challenging, i.e., ideally,
one needs to manually gather every single garment pho-
tograph worn by each human. To address this, we pro-
pose a data generation pipeline to construct a large syn-
thetic dataset, consisting of human and multiple-garment

Project page: https://omnious.github.io/BootComp

pairs, by introducing a model to extract any reference gar-
ment images from each human image. To ensure data qual-
ity, we also propose a filtering strategy to remove undesir-
able generated data based on measuring perceptual sim-
ilarities between the garment presented in human image
and extracted garment. Finally, by utilizing the constructed
synthetic dataset, we train a diffusion model having two
parallel denoising paths that use multiple garment images
as conditions to generate human images while preserv-
ing their fine-grained details. We further show the wide-
applicability of our framework by adapting it to differ-
ent types of reference-based generation in the fashion do-
main, including virtual try-on, and controllable human im-
age generation with other conditions, e.g., pose, face, etc.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;
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Figure 2. Limitations of previous data curation approaches used in controllable generation. Previous approaches on controllable
generation often use a paired dataset consisting of low-quality segmented garments and human images for training. It leads to several
undesirable artifacts as shown in right (generated with baselines). For example, garments are directly replicated from the reference images
in (a), shirts and skirts are blended together in (b), and generated skirts fail to resemble the reference in (c).

1. Introduction

Recent advances in text-to-image (T2I) diffusion mod-
els [7, 37, 40] have shown great progress in numerous chal-
lenging real-world scenarios, such as personalized gener-
ation [23, 41], style transfer [11, 47], image editing [1, 10,
29], and compositional image generation [32, 35, 46]. These
remarkable successes have provided great potential to aid
users in a variety of creative pursuits [22].

Among them, controllable human image generation us-
ing T2I diffusion models [16] can provide lots of intriguing
use cases in real-world scenarios. Specifically, by training
a model capable of creating human images conditioned on
a variety of garments, one can enjoy diverse applications
such as outfit recommendations for users, generating fash-
ion models for clothing brands, or virtual try-on [6, 21, 31],
through a single unified framework.

One can consider fine-tuning T2I models and image en-
coders [34, 38] using curated paired image datasets that
consist of condition garments and the target human im-
ages [16]. However, hand-collecting multiple garment pho-
tographs worn by human is labor-intensive. Prior works [15,
35, 51] have attempted to obtain the pair images by extract-
ing all reference objects from real images, segmenting out
each object from the original images. However, this data
curation protocol makes curated garments have exactly the
same shape with their appearance in the target human im-
age. Thus, generated images are likely to suffer from copy-
and-paste problem: they easily generate exactly the same
image in generated samples without altering pose or ap-
pearance (see (a) in Fig. 2). To mitigate this issue, several
works propose to curate data from videos by doing segmen-
tation from different video frames that contain the same ob-
jects [4, 46]. However, collecting such paired datasets in
large amounts is challenging and often results in low-quality
reference images; thereby, the trained model fails to gen-
eralize and suffers from subject blending or inconsistency
within the images [46] (see (b), (c) in Fig. 2). Such draw-
backs become more critical in practical scenarios related to

human image generation, as the model must generate hu-
man images with diverse poses while accurately preserving
the details of each garment.
Contribution. We address the aforementioned shortcom-
ings by presenting Bootstrapping paired data for Compo-
sitional and controllable human image generation (Boot-
Comp), a novel framework for controllable human image
generation using T2I diffusion models. Specifically, it is a
two-stage framework (see Fig. 3 for illustration):
• Synthetic data generation: We first propose a high-quality

synthetic data generation pipeline for training controllable
human image generation model. We achieve this by intro-
ducing a decomposition module, which is a mapping from
a single garment worn by a human to a product view of the
garment image. We train this model with a paired dataset
of single reference garment and human image (e.g., shirts
and human wearing those shirts), which is easy to col-
lect [5, 24, 30]. Using this model, we bootstrap synthetic
paired data at scale from a large number of human images;
thus, each pair consists of a human image and all garment
images that the human is wearing. To ensure high-quality
data, we also present a filtering strategy that further im-
proves the data quality based on measuring the perceptual
similarities between the original segmentation results and
the data generated from the decomposition module.

• Composition module: We also present a fine-tuning
scheme of T2I diffusion models for our goal using the
synthetic dataset. We use two T2I diffusion models: one
serves as an image encoder to extract garment features
and the other one functions as a generator to create hu-
man images. We only train the encoder model, employ-
ing an extended self-attention mechanism to generator
for conditioning garment images. Since we keep the gen-
erator frozen during the training, BootComp can be at-
tached to various adapter modules or replaced with pre-
trained models specialized to generate images with differ-
ent styles. This enables BootComp to provide various ap-
plications (e.g., pose-guided or cartoon-style generation)
for free without requiring any additional fine-tuning.
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Figure 3. Overview of BootComp. We propose a two-stage framework: synthetic data generation and composition module training for
controllable human image generation. (a) We train a decomposition network that maps from a segmented garment image to a product
garment image. (b) We bootstrap synthetic paired data of human and multiple garment images. (c) We finally train our composition module
with the synthetic paired dataset enabling it to generate human images with multiple reference garment images.

We demonstrate the effectiveness of BootComp in terms
of garment fidelity and compositionality through extensive
experiments. For example, BootComp shows 30% improve-
ment on MP-LPIPS [3] than the previous state-of-the-art
methods. Moreover, our BootComp is extensively applied
to various conditional human image generations in the fash-
ion domain, such as virtual try-on and controllable human
image generation with other conditions, such as faces and
poses. We also highlight the generalization capabilities of
BootComp across different image domains, generating hu-
man images in various styles like cartoons.

2. Background
2.1. Diffusion Models
Diffusion models [14, 19, 20, 44] are a type of generative
model consisting of a forward process and a reverse process.
Specifically, diffusion models learn the reverse process of
the forward process, where the forward process is defined
as a Markov chain that gradually adds Gaussian noise to
data. Starting from Gaussian noise, The sampling is done
with a learned reverse process of this forward process.

Formally, let x0 represent a data instance (e.g., an im-
age or a latent vector from an autoencoder’s output [40]).
Diffusion models consider a pre-defined forward process
q(xt|x0) given a closed form as a normal distribution
N (αtx0, σ

2
t I), so the sampling can be done from Gaus-

sian distribution ϵ ∼ N (0, I) using reparametrization to
have xt = αtx0 + σtϵ. Here, {αt}Tt=1 and {σt}Tt=1 are
pre-defined decreasing and increasing noise scheduling se-
quences (respectively) for t = 1, . . . , T that let p(xT ) con-
verge a distribution close to Gaussian distribution N (0, I).

Learning the reverse process pθ(xt−1|xt) of a diffusion
model is equivalent to learning a score function of perturbed
data distribution (through score matching [17]), typically
achieved via an ϵ-noise prediction loss [14] by training a
denoising autoencoder. Specifically, one can formulate the
training objective of the diffusion model as:

LDM = Eϵ∼N (0,I), t∼U [0,T ]

[
ω(t)∥ϵθ(xt; t)− ϵ∥22

]
,

where ω(t) > 0 is a weight function at each timestep t and
U [0, T ] denotes a uniform distribution.

After training, data sampling can be done using the
learned reverse process. Specifically, starting from xT ∼
N (0, σ2

T I), the model gradually denoises xt to xt−1 for
each t, until x0 is drawn from the data distribution.

2.2. Text-to-Image (T2I) Diffusion Models

Text-to-image (T2I) diffusion models [7, 40, 42] are text-
conditional diffusion models ϵθ(xt; c, t) that generate an
image x0 conditioned on a given text prompt c. This prompt
is usually provided as a text representation encoded by pre-
trained text encoders, such as T5 [39] or CLIP [38]. Com-
monly, T2I diffusion models employ convolutional U-Net
architectures combined with attention layers [14, 45] to con-
dition the model on texts. Among T2I diffusion models,
Stable Diffusion [SD; 40] is one of the de-facto T2I diffu-
sion models that generates high-quality images. We mainly
use Stable Diffusion XL (SDXL) [37], one of the SD vari-
ants. However, our framework is model-agnostic and can be
adapted to any other T2I diffusion models.

28738



3. Method
Let X = {x1, . . . ,xN} be a set of N ≫ 1 reference gar-
ment images (e.g., shirt, pants, etc.) and y be a human im-
age that is wearing x1, . . . ,xN . Our goal is to learn a con-
ditional distribution p(y|X)—we train a conditional gen-
erative model gθ(X) = y that generates human image y
wearing arbitrary garment images X given as a condition.

One straightforward direction is to train the model gθ us-
ing a paired dataset D = {(Xi,yi)}di=1 with a dataset size
d > 0, where each Xi = {xi

1, . . . ,x
i
Ni

} consists of Ni dif-
ferent number of reference images. However, this approach
suffer from data acquisition problem: collecting all of the
reference garment images of a given human image is wear-
ing is challenging. In practice, there usually exists a single
reference image, i.e., Ni mostly becomes 1 (e.g., a human
and pants that he/she is wearing). Thus, the model trained
with this data easily lacks compositional generalization ca-
pability at inference time, i.e., the trained model gθ fails to
generate the human image with large number of garments.

To tackle this data curation problem, we introduce an
additional decomposition network fϕ that can extract ref-
erence images from a given human image. By doing so, we
generate a synthetic dataset D̃, where each (X̃i,yi) ∈ D̃
satisfies |X̃i| ≫ 1 and yi is in the original dataset. We then
train the conditional generative model gθ using this syn-
thetic dataset. Here, we also introduce a filtering strategy
to improve the quality of the synthetic dataset D̃ generated
from fϕ, by removing low-quality extraction results.

In the rest of this section, we explain our BootComp in
detail. In Section 3.1, we describe the training data gener-
ation process, introducing our decomposition network fϕ,
which is used for synthetic data generation, and explaining
our data filtering strategy. Finally, in Section 3.2, we explain
the details of our network for our original goal of control-
lable generation trained with the synthetic dataset.

3.1. Training data generation
Decomposition module. Our decomposition module gen-
erates a single garment image in a product view, denoted as
x, from a garment of category m that human y is wearing.
We consider this mapping as an image-to-image translation
problem: generating the reference garment image x from
the portion of person image y that falls into category m.

To achieve this, we initialize a diffusion model fϕ as a
pre-trained text-to-image diffusion model and fine-tune it
with the following objective:

L(ϕ) := E
[
ω(t)

∣∣∣∣fϕ(xt; c, t,x
s)− ϵ

∣∣∣∣2
2

]
, (1)

where xs = S(y,m) is a segmented garment part using an
off-the-shelf human parsing model S [50], and we let a text
prompt c be “A product photo of {category}” to extensively
leverage the prior knowledge of the T2I diffusion model.
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Figure 4. Extended self-attention architecture. In a extended
self-attention layer, reference hidden states are concatenated with
the target hidden states in the key and value matrices. This archi-
tecture enables injecting reference image features within the target
image. Note that decomposition module also uses same structure
but works within a single network.

To condition the model on an image xs, we utilize the
pretrained diffusion model as an image encoder, which can
extract rich features and can preserve the fine-details (e.g.,
small logos). Specifically, for each self-attention layer in
the model, we concatenate the corresponding key and value
vectors computed with xs, so the self-attention in the for-
warding path of xt can be conditioned on xs (see Fig. 4).

Finally, note that training fϕ can be done with the dataset
D which consists of a pair of single reference garment and a
human image, because we train the model to extract a single
reference garment from the human image.
Synthetic data generation with filtering. After training
the decomposition module, one can use it for extracting
all of the reference images X = {x1, . . . ,xN} from each
human image y. It results in a synthetic dataset D̃, which
can be used for the conditional generative model gϕ for
our goal of controllable generation. However, we find that
the decomposition network fϕ sometimes generates low-
quality reference images, especially when the prediction re-
sults from the parsing model S are incorrect, which might
harm the performance of gϕ (see Fig. 5).

Thus, we introduce a simple filtering strategy to improve
the quality of our synthetic dataset D̃. Specifically, we mea-
sure the image similarity score between the generated gar-
ment image x̃ = fϕ(y,m) and the segmentation results xs.
We discard pair sets if any garment in the set has a similarity
score below the threshold value τ > 0, namely:

d(xs, x̃) < τ (2)

For the scoring function for image similarity, we empiri-
cally find that dreamsim [8] aligns the most with human
perception (See Appendix ?? for details).

3.2. Composition module
Our composition module consists of two diffusion models:
one for a generation and the other one for an image en-
coder, denoted by gθ− and gθ, respectively. Both networks
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Figure 5. Examples of high&low-quality generated garments.
When human parsing results are not precise, the decomposition
network struggles to generate product garment images accurately,
resulting in low-quality garment images. We filter out these cases.

are initialized with the same pre-trained T2I diffusion mod-
els, where we freeze gθ− used as a generator and only train
the encoder network gθ using the synthetic dataset D̃. In
particular, the encoder gθ is used to provide conditioning of
garments X̃ to the generator gθ− .

To condition X̃ to the generation model gθ− , we concate-
nate the key and value vectors in each self-attention layer
computed with each x̃ ∈ X̃ and corresponding category
mx̃ using the encoder model gθ. By doing so, generator gθ
can be conditioned on X̃ through its attentions. In partic-
ular, query, key, and value vectors of each of the attention
layer in gθ are computed with the following vectors

query := hy, key, value := [hy,hx̃1
, . . . ,hx̃N

], (3)

where hy and [hx̃1
, . . . ,hx̃N

] are hidden states before the
self-attention layer computed with the generation model
gθ− and the encoder model gθ, respectively. To com-
pute each hx̃ we provide the text caption “A photo of
{category}” to the encoder model gθ, where {category} is
a type of garment x̃.

Thus, we fine-tune the encoder gθ through the diffusion
model objective of the generator gθ− :

L(θ) := E
[
ω(t)

∣∣∣∣gθ−(yt; c, t, X̃)− ϵ
∣∣∣∣2
2

]
, (4)

where we employ synthetic text description for human im-
age generated by vision-language model [27] for c.

4. Experiments
We validate the effectiveness of BootComp and the effect of
the proposed components through extensive experiments. In
particular, we investigate the following questions:

• Can BootComp generate authentic human images wear-
ing multiple garments while preserving details? (Tab. 1,
Fig. 6)

• Is our data generation pipeline effective and scal-
able, ensuring the model’s performance? (Tabs. 2
and 3, Fig. 9)

• Can BootComp be used for a wide range of downstream
tasks? (Fig. 7)

4.1. Experiment Setup
We explain some important experimental setups in this sec-
tion. We include more details in Appendix ??.
Implementation details. We use Stable Diffusion XL
(SDXL) [37] for model initializations. We collect human-
single reference garment paired datasets from VITON-
HD [5], DressCode [30] and LAION-Fashion [24] for
training the decomposition module. The dataset consists
of 25,210 upper garments, 7,151 lower garments, 27,677
dresses, 5,675 bags, 1,599 shoes, 825 scarf, and 159 hats, re-
sulting 68,296 single reference pairs on different categories.
We train the decomposition module for 140K iterations with
a total batch size of 32 on 4 H100 GPUs. For the data gener-
ation phase, we process 240K human images obtained from
VITON-HD, DressCode, LAION-Fashion, and DeepFash-
ion [28] datasets, thereby collecting 240K paired data of
human image and multiple garment images at resolution
512×384. We obtain and use 54K high-quality paired data
after applying our filtering strategy with the threshold value
τ = 0.4. For the composition module, we train for 115K
iterations with a total batch size of 48 on 8 H100 GPUs. For
inference, we use the DDPM sampler [14] with a sampling
step of 50, where we apply classifier-free guidance (CFG;
[13]) with a guidance scale of w = 2.0.
Baselines. First, we consider MIP-Adapter [15] as base-
lines, which is a recent generic controllable generation
method with multiple conditions. We also compare Boot-
Comp with FromParts2Whole [16], the most relevant base-
line for our task that aims for controllable human image
generation with multiple reference garments. We use the of-
ficial model parameters from their official implementations.
We employ “A model wearing upper garment and lower gar-
ment and shoes” as the text prompt to both models.
Evaluation metric. We report Frenchét Inception Distance
(FID) [12], MP-LPIPS [3], and two different image simi-
larities metrics [15, 46] using DINOv2 [34] (DINO and M-
DINO). First, we use the FID score to measure the fidelity
of generated human images, i.e., whether multiple garments
are harmonized in the generated images. Next, we employ
MP-LPIPS to evaluate the consistency of the target image
to the source ground-truth garment. Finally, DINO and M-
DINO measure the semantic similarity between each refer-
ence garment image and the respective garment present in
the generated human image.
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Figure 6. Qualitative comparison of human image generation with multiple garments. BootComp generates realistic human images
with multiple reference garments even with non-straightforward combinations of garments without losing details of each reference. For
example, Parts2Whole replaces reference soccer cleats with stilettos, while ours accurately generates each reference (left, middle row).

Table 1. Quantitative comparisons. We compare BootComp with
baselines on garment similarity and image fidelity. We see that
BootComp outperforms other methods, preserving fine-details of
garments and naturally generating human images.

Method MP-LPIPS ↓ DINO ↑ M-DINO ↑ FID ↓

MIP-Adapter [15] 0.276 0.308 0.025 59.99
Parts2Whole [16] 0.267 0.362 0.036 28.39
BootComp (ours) 0.187 0.379 0.046 27.63

Evaluation datasets. We manually collect a dataset for
evaluation as there are no common datasets for evaluat-
ing controllable human image generation. To evaluate MP-
LPIPS, DINO, and M-DINO, we curate 5,000 garment im-
age sets of three representative garment categories for hu-
man images (upper and lower garments and shoes). We ran-
domly take upper and lower garment images from the test
dataset of DressCode [30] dataset and shoe images from a
public dataset.1 Next, for evaluation using FID, we gather
30,000 human images wearing various garments in differ-
ent poses from the test dataset of DressCode, VITON-HD,
and Deepfashion to use them as reference image sets.

1https://www.kaggle.com/datasets/noobyogi0100/shoe-dataset

4.2. Results
Qualitative results. We provide qualitative comparisons of
our method (BootComp) with other baseline methods in
Fig. 6. As shown in this figure, BootComp generates more
realistic human images in various poses, faithfully preserv-
ing details of reference garment images, while other meth-
ods often generate human images wearing garments incon-
sistent with the references. Moreover, this result shows that
BootComp generates creative combinations of garments.
For instance, in the first example of the second row, Boot-
Comp generates a human image with uncommon combi-
nation of garments (e.g., trousers with soccer cleats) but
Parts2Whole or MIP-Adapter fails to achieve this: they ei-
ther undesirably replace the cleats to trousers or struggle
with generating high-fidelity garments (respectively). We
provide more visualizations in Appendix ??.
Quantitative results. We report quantitative evaluation re-
sults of BootComp and baselines in Tab. 1. BootComp out-
performs both MIP-Adapter and Parts2Whole across all of
four evaluate metrics. In particular, BootComp achieves a
30% improvement in MP-LPIPS score over the baselines,
demonstrating its effectiveness in preserving garment de-
tails. Moreover, BootComp shows its capabilities in authen-
tic image generation for human images, as indicated by a
better FID values than baselines.
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(a) Pose control (b)Stylization (c) Personalized generation

Figure 7. More applications of BootComp. We showcase the extensive applications of our method, BootComp. BootComp creates human
images by controlling the (a) poses and (b) styles of the generated human images. BootComp also enables (c) personalized human image
generation by taking user’s images as conditions (e.g., face, full body).

More applications. In Fig. 7, we apply BootComp to sev-
eral downstream tasks and visualize their results. First, we
show that BootComp can generate human images condi-
tioned on the pose. In Fig. 7 (a), BootComp generates hu-
man images in diverse poses following the extra condi-
tions even with reference garments of intricate patterns,
demonstrating its generalization capability. We also show
that BootComp can generate human images with different
stylizations such as cartoons in Fig. 7 (b). Finally, we show
that BootComp can be used for personalized human image
generation such as virtual try-on, i.e., changing garments on
a given human image to reference garments. In Fig. 7 (c),
BootComp replaces garments on a given human image with
the reference garment images and enables personalized gen-
eration conditioning face image.

Note that this can be done without any additional task-
specific fine-tuning as we freeze the generator in the compo-
sition module during training. This enables BootCompto be
easily integrated with other modules, e.g., IP-Adapter [51]
or ControlNet [53], that provides controllability with addi-
tional condition inputs. We provide additional generation
results for each application in Appendix ??.

4.3. Analysis and ablation studies

Finally, we conduct several analyses on synthetic data to
validate our data generation pipeline, including its scala-
bility and the impact compared with a naı̈ve use of a seg-
mented paired dataset. To reduce the computation cost, we
use Stable Diffusion v1.5 for all analyses while we strictly
follow the other setups used in the main experiments.

Segmented pair Synthetic pair

Figure 8. Visualization of segmented paired data and our syn-
thetic paired data. We provide a visual comparison between seg-
mented and synthetic pairs. Given a single garment and a human
image pair, we segment out other garments from the human image
in the segmented paired data.

Table 2. Comparison on dataset construction methods. The
model trained on the segmented paired dataset shows worse per-
formance compared to one trained on our synthetic paired dataset
both in garment similarity and image fidelity.

Dataset MP-LPIPS ↓ DINO ↑ M-DINO ↑ FID ↓

Segmented 0.374 0.284 0.025 59.27
Synthetic 0.197 0.365 0.043 29.41

Effect of data generation. We first show the effect of our
data generation scheme. We demonstrate this by construct-
ing a dataset by segmenting out all garment images from the
human except the given one in the dataset (see Fig. 8), and
train the composition module on this dataset. As shown in
Tab. 2, the model trained on the segmented paired dataset
achieves worse performance across all evaluation metrics.
Also, Fig. 9 visualizes undesirable generated images by the
model trained on the segmented dataset. This indicates the
model struggles to generate desirable human images, high-
lighting the effectiveness of our data generation scheme.
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Segmented Synthetic Segmented Synthetic

Figure 9. Visual comparison on data construction methods. Vi-
sual comparison between generated human images where each
model is trained on segmented and synthetic pairs. The model
trained on segmented pair data struggles to generate naturally har-
monized human images (red).

Table 3. Comparison on dataset scale. Training with a larger
datatset (after filtered) improves the model’s overall performance
in both garment similarity and image fidelity.

Dataset size DINO ↑ M-DINO ↑ FID ↓

5K 0.337 0.248 34.15
15K 0.338 0.251 32.32
30K 0.344 0.261 26.99
50K 0.360 0.285 25.88

Scalability of the data generation scheme. Next, we in-
vestigate the scalability of our data generation scheme by
exploring the effect of dataset size to the performance. We
observe that using a larger dataset for training always im-
proves the model’s performance in both garment fidelity and
image fidelity, as shown in Tab. 3.

Table 4. Ablation study for threshold value τ on filtering. The
data quality improves with a stricter threshold value, leading to
better performance. We adopt τ = 0.4 when applying the filtering.

τ 0.4 0.5 0.6 0.7 1.0

DINO↑ 0.360 0.347 0.343 0.342 0.338

Ablation study: threshold value τ . Finally, we conduct an
ablation study on the threshold value τ used in our dataset
filtering strategy. In Table. 4, we report similarity score
(DINO) of the models trained with different datasets by
varying values of τ from 0.4 to 1.0, where 1.0 indicates no
filtering is applied. We observe that more strict data filtering
can provide more performance gain to the model.

5. Related Work
Controllable image generation. In addition to using text
prompts as conditions, recent works have attempted to im-
prove the controllability of text-to-image (T2I) diffusion
models by incorporating additional inputs (e.g., images). In
particular, many works focus on generating images that pre-
serve the identity of subjects in the source image by propos-

ing additional modules to the model [25, 35, 51]. Despite
their effort, they have struggled to generalize with multi-
ple subjects and suffer from several issues, such as subject
blending. To mitigate this issue, several approaches such as
MS-Diffusion [46] and FastComposer [49] introduce an ad-
ditional regional information for each subject. Our frame-
work also tries to improve image generation with multiple
subjects, but we focus on human image generation and pro-
pose a novel data generation pipeline to improve the quality.
Virtual try-on. Inspired by the great progress of T2I diffu-
sion models, recent works have explored their application to
various tasks on fashion domain such as virtual try-on [2, 6,
21, 36, 54–56] and virtual dressing [3, 43]. However, most
of them are limited to single-garment based generation as
they rely on existing public datasets [5, 30] consisting of
single-paired data. While several works [36, 54, 56] address
multi-garment virtual try-on, they depend on proprietary
datasets, which limits scalability and its capability to sup-
port a few garment categories. Our data generation pipeline
tackles this data acquisition bottleneck and supports multi-
garment based generation with a wide range of categories.
Improving diffusion models with self-data generation.
Recent works have tried to improve the performance of the
pre-trained model itself on the specific tasks [1, 9, 18, 48,
52] using generated image data from the same model. For
example, JeDi [52] generates same-subject images using
LLMs and pretrained T2I diffusion models. They are used
to fine-tune T2I diffusion models for personalized genera-
tion [41] without additional tuning at inference.

However, these approaches are not suitable for the case
of images with multiple subjects, such as controllable hu-
man generation, as most T2I diffusion models still lack the
capability to accurately generate images with multiple sub-
jects [26, 33]. As a result, synthetic image data with mul-
tiple subjects generated with T2I models often exhibit low-
quality results, and thus fine-tuning with this dataset does
not lead to the improvement. Thus, rather than generating
multi-subject images from T2I models, existing approaches
have curated data through a segmentation from the multi-
subject images [16]. However, these models suffer from
the copy-and-paste and subject inconsistency problems. Our
method bridges the former and latter approaches to improve
data quality used for controllable human generation.

6. Conclusion

In this paper, we present BootComp, a novel framework
for controllable human image generation with multiple gar-
ments given as image conditions. Our pipelines for syn-
thetic paired data generation and controllable generation
enabled creating human images wearing multiple reference
garments. We show the broad applicability of BootComp by
adapting it to various types of tasks in the fashion domain.
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Durand, and Song Han. Fastcomposer: Tuning-free multi-
subject image generation with localized attention. Interna-
tional Journal of Computer Vision, 2024. 8

[50] Enze Xie, Wenhai Wang, Zhiding Yu, Anima Anandkumar,
Jose M Alvarez, and Ping Luo. Segformer: Simple and effi-
cient design for semantic segmentation with transformers. In
Advances in neural information processing systems, 2021. 4

[51] Hu Ye, Jun Zhang, Sibo Liu, Xiao Han, and Wei Yang. Ip-
adapter: Text compatible image prompt adapter for text-to-
image diffusion models. arXiv preprint arxiv:2308.06721,
2023. 2, 7, 8

28746



[52] Yu Zeng, Vishal M Patel, Haochen Wang, Xun Huang, Ting-
Chun Wang, Ming-Yu Liu, and Yogesh Balaji. Jedi: Joint-
image diffusion models for finetuning-free personalized text-
to-image generation. In Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition, pages
6786–6795, 2024. 8

[53] Lvmin Zhang, Anyi Rao, and Maneesh Agrawala. Adding
conditional control to text-to-image diffusion models. In
Proceedings of the IEEE/CVF International Conference on
Computer Vision, pages 3836–3847, 2023. 7

[54] Xujie Zhang, Ente Lin, Xiu Li, Yuxuan Luo, Michael
Kampffmeyer, Xin Dong, and Xiaodan Liang. Mmtryon:
Multi-modal multi-reference control for high-quality fashion
generation. arXiv preprint arXiv:2405.00448, 2024. 8

[55] Luyang Zhu, Dawei Yang, Tyler Zhu, Fitsum Reda, William
Chan, Chitwan Saharia, Mohammad Norouzi, and Ira
Kemelmacher-Shlizerman. Tryondiffusion: A tale of two un-
ets. In Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition (CVPR), pages 4606–
4615, 2023.

[56] Luyang Zhu, Yingwei Li, Nan Liu, Hao Peng, Dawei Yang,
and Ira Kemelmacher-Shlizerman. Mm vto: Multi-garment
virtual try-on and editing. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR), 2024. 8

28747


	Introduction
	Background
	Diffusion Models
	Text-to-Image (T2I) Diffusion Models

	Method
	Training data generation
	Composition module

	Experiments
	Experiment Setup
	Results
	Analysis and ablation studies

	Related Work
	Conclusion

