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Abstract This paper proposes a method for finding fine-tuned image-generation LoRA models suitable for gen-
erating images that have a similar style to a given sample image. Sharing trained image-generation AI models on
the Internet is becoming common. However, to determine which of these models can generate the image style the
user wants, it is necessary to inspect the output samples posted on the site one by one. To enable search for the
model that can generate an image that has a similar style to a given image, we adopt a CNN-based multi-class clas-
sifier. The ResNet50 model was fine-tuned to classify the distinctive features of each LoRA model. We transformed
pre-prepared sample images with each LoRA model using img2img as training data. Experimental results show that

our customized ResNet50 can find more correct LoRA models than the original ResNet50. Future research should

explore more effective methods to address the unique challenges presented in this novel approach.
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1 Introduction

Even though it has been only a short time since image-
generative Al was released, people have already begun to
Stable Diffusion,

one of the most famous image-generative AI models, was re-

open and share their fine-tuned models.

leased in 2022. This model generates images by processing
input texts (i. e., prompts), or a sample image. While the
base Stable Diffusion model excels in various tasks, it en-
counters challenges in generating specific styles.

Rather than adjusting the prompt to generate specific
styles, a more practical approach involves utilizing custom
models that are fine-tuned models with images of the target
sub-genre. These customized models, known as checkpoint
models and LoRA models, offer enhanced performance. This
paper focuses on custom LoRA models, demonstrating pro-
ficiency in generating specialized style images. Within one
year, file-tuned LoRA models of sharing became common.

Specifically, on a website called “Civitai™”  many image-
generative file-tuned LoRA models are shared. From anime
to realistic style, they are fine-tuned with domain images
and uploaded there. Users can freely download models and

generate images of what they want.

(J¥1) : Civitai: The Home of Open-Source Generative Al
https://civitai.com/

LoRA model,

CNN.

Despite the proliferation of such models, subtle variations
exist among those with similar styles, complicating user at-
tempts to find a LoRA model that closely aligns with their
desired output. When users want to find models that can be
generated to style what they wish, they need to check the
thumbnail images of each model to know whether this model
can be generated to style what they want. This makes users
waste a lot of time.

If thumbnail images of the model exist, the model can be
found by the above methods. This method depends on ex-
isting thumbnail images. Also, adjusting hyperparameters
(strength, guidance scale, etc.) of fine-tuned models when
generating images can generate different style images, al-
though using the same fine-tuned model. So that that model
can generate the style the users want.

As described above, the fine-tuned image generation model
can generate various styles of images by adjusting the hy-
perparameters and prompts. This means that even if a fine-
tuned image generation model does not exist prior, if a model
generated close to the style image that the user wants can
be retrieved, an image in the desired style can be generated.

This paper proposes a method for obtaining an image-
generative LoRA model using a single-style sample image.
For example, when a user inputs a single sample image of
Van Gogh, the system outputs models that can generate a

painting style that is the same or close to the input image.
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Figure 1 Overview of the retrieval system

Since multiple models may be output, model ranking is per-
formed. The model that generates the closest match to the
style of the input image is placed at the top of the list.

Figure 1 shows an overview of our system. It accepts a
style image as its input, and outputs the ranking of models
order by the possibility of generating a given image. To rank
the models, we used a ResNet50-based classifier.

Our research aims to help users easily find fine-tuned image
generative models without checking the thumbnail images of
LoRA models. Moreover, it supports users in finding the al-
ternative image generative model when the model they really
want does not exist.

This system is necessary not only for users who want to
generate an image, but also for artists and copyright hold-
ers. Artists and copyright holders may have to check if their
original artworks were illegally used to train the model with-
out agreement. When fine-tuning Stable Diffusion with spe-
cific domain images, it is necessary to use a lot of images
in this domain. A fined-tuned model can only generate the
style images used during fine-tuning. If the user is an artist
with many well-known works, the painter may suspect their
works are being used illegally. By using this system, the user
can check for such illegal use. By inputting an image into
the system, the system outputs a model that can generate a
painting style similar to that of the image.

To find image-generative fine-tuned models, we used pre-
trained ResNet50. To adapt pre-trained ResNet50 in our
proposal, ResNet50 is fine-tuned with image classification
tasks.

To create an image for fine-tuning ResNet 50, Stable Dif-
fusion version 1.5, ControlNet - Canny, and LoRA models
are used. Further, to boost ResNet50’s performance with
the given task, a small part of the original ResNet50 archi-
tecture is modified. By fine-tuning the pre-trained Resnet50
with the style-transformed image classification task, the fine-
tuned Resnet50 obtains higher accuracy than the pre-trained
ResNet50.

scores are used to evaluate the image classification task.

Macro-recall, Macro-precision, and Macro-F1

Our paper is structured as follows. In this section, we de-
scribe the background and objectives of this study. Section 2

describes related studies and the position of these studies in
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related fields. Section 3 describes the methodology proposed
in this study, and section 4 describes the evaluation method
of the proposed methodology. Section 5 discusses the results
obtained through experiments. Finally, we summarize this

study and discuss future prospects.
2 Related Work

This study aims to help users find image-generative fine-
tuned LoRA models more easily by inputting a sample image.
This study relates to the image-generative Al field. Also, this
study relates to the classification of images and related to the
content-based image retrieval field.

2.1 Image Generative AI

In recent years, the field of artificial intelligence has wit-
nessed remarkable advancements, especially in the domain of
computer vision. One of the most intriguing developments
is the emergence of generative Al image models, which have
revolutionized how we perceive and interact with visual data.
These sophisticated algorithms are at the forefront of the Al
revolution, enabling machines to generate realistic and cre-
ative images.

First, we explain the concept of generative Al image mod-
els and their significance in the world of generative AI de-
velopment. Generative Al refers to a class of artificial intel-
ligence models that can generate data resembling authentic
examples from the dataset they were trained on. In the con-
text of images, generative Al aims to create new images that
resemble the distribution of images in the training dataset,
exhibiting creativity and imagination. The stable Diffusion
model is a type of generative Al. It is used not only to gener-
ate images, but also to generate training data for supervised
machine learning [1].

Model Agnostic Zero-Shot Classification is a method to
classify real images by learning with synthetic images. Us-
ing the Stable Diffusion model improves the quality of the
training dataset and solves problems relating to large-scale
vision-language models [2].

Class incremental learning aims to learn new classes with-
out forgetting previously learned classes incrementally. Sev-
eral research works have shown how additional data can be
used by incremental models to help mitigate catastrophic for-
getting. A Stable Diffusion model [3]can generate synthetic
samples belonging to the same classes as the previously en-
countered images.

Computer-aided surgical systems can provide surgeons
with supportive information to improve procedure execu-
tion and overall outcomes. The Stable Diffusion model [4] of
image-to-image task can reduce the gap between synthetic
and real data. This makes computer-assisted surgical sys-

tems more accurately annotate data.
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2.2 Image Classification by CNNs

CNN-based architecture is used for object detection and
pattern recognition. Object detection is highly attended to
in computer vision, but classification image style is not so at-
tended to. Hence, there are few prior works that use CNNs
to classify image styles.

CNN-based VGG-19 is adopted to extract object features
and texture features[5]. Using a deep convolutional net to
extract image features [6]. Although models were trained for
object detection, these models can be used to classify aes-
thetics and styles.

CNNs are adapted to identify artists[7]. It has been dis-
covered that CNNs can learn illustration styles from images.
An ensemble of convolutional neural networks is adapted to
learn the surface of image data, utilizing a CNN-based mul-
tiple neural network architecture [8]. The output of the CNN
allows for the prediction of attribute images.

2.3 Content-Based Image Retrieval

In recent years, content-based image retrieval has become
common in a variety of fields, such as product search and
similar image retrieval. With the development of e-commerce
sites, customers can search for and purchase just about any-
thing on e-commerce. However, too much information hin-
ders the search for information. Images[9] can be used to
search for information easily.

Content-based image retrieval (CBIR) is a widely used
technique for retrieving images from huge and unlabeled im-
age databases. To help users more easily retrieve images [10],
deep learning frameworks based on Convolutional Neural
Networks (CNN) for feature extraction and Support Vector
Machine (SVM) for classification are adopted. In this paper,
instead of using SVM, pre-trained Resnet50 of the fully con-
nected layer is used for classification. Fully connected layers
of weights are initialized with ImageNet weights that obtain
better results.

By retraining the CNN models with classification or simi-
larity learning objective on the new domain, [11] found that
the retrieval performance could be boosted significantly,
which is much better than the improvements made by simi-
larity learning.

Jin et al. [12] propose a method for searching images that
share the same spatial semantics and enjoy visual consistency
as the query image in complex scenes. They adopted CNNs
to extract image features.

Adopting deep learning architecture to extract content
from query images is common in the content-based image
retrieval field. Instead of using text to search content, us-
ing images offers more information for the retrieval system,

introducing the closest results that users expect.
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Figure 2 Low Rank Adaptation

3 Classification to Identify Model Capa-
ble to Generate Exemplified Styled Im-
age

This section describes the proposed method. We explain
the method in two sections: The image generation process,
and Resnet50 fine-tuning task.

3.1 Image Generation Models

This sub-section describes the image generation process
by fine-tuning image-generative Al models. Latent stable
diffusion models [13], ControlNet-Canny [14], and Stable Dif-
fusion fine-tuned by LoRA [15]are implemented. Latent sta-
ble diffusion models are exploited based on diffusion models.
By training on latent space and introducing cross-attention
layers into diffusion models. Latent stable diffusion models
are more powerful and flexible generators for general condi-
tioning inputs such as prompt or bounding boxes and high-
resolution synthesis.

When enabling a pre-trained large model into the specific
task, it is necessary to add a task-specific head or update the
weights of the pre-trained large model through backpropa-
gation during the training process. This process demands a
lot of GPU memory. If small-scale data is used for full fine-
tuning, the fine-tuned model can be catastrophic forgetting.
This caused harmful to infer phase.

In Figure 2, instead of fine-tuning all the weights of the
base model, the LoRA (low-rank adaptation) method de-
composes the weights of the base model into matrix A and
matrix B. The new A and B matrix weights are only up-
dated during retraining; the weights of the base model are
fixed. The LoRA method is being introduced for the first
time through the fine-tuning of a large-scale language model.
However, it can be applied to any dense layers in deep learn-
ing models. When fine-tuning Stable Diffusion models, the
cross-attention layers in Stable Diffusion models are trained
by LoRA. The cross-attention layers are the part of the model

where the image and the prompt meet.
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Figure 3 Image Classification and Model Retrieval Process
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Using specific domain images and adopting LoRA for fine-
tuning, fined-tuned Stable Diffusion models with specific
When
inferring or generating, the weight of the fine-tuned LoRA
model and the weight of the base model (Stable Diffusion

styles are created; we call it the xx LoRA model.

model) are merged to implement the task. For instance, the
anime LoRA model, the Chinese Ink LoRA model, etc.

With the advent of text-to-image Stable Diffusion mod-
els [13], we can create visually stunning images by inputting
prompts. This paper proposes a method to classify the LoRA
model style through a generated image. For this reason,
image-to-image Stable Diffusion models are adopted to trans-
fer base images into LoRA-style images. However, generating
new images by image-to-image task without a prompt is still
challenging.

The reason is related to the diffusion model mechanism,
which uses image reconstruction. First, diffusion models
noise input images by Markov chain, then reconstructing
the image from the noised image via the denoising process.
This means diffusion models can not retain anything about
inputted images. This causes generating images through
image-to-image to be stuck. ControlNet is adapted to ad-
dress this challenge in the image-to-image task. The neural
network architecture of ControlNet is described in Figure 4.
We adopted ControlNet with Stable Diffusion model version
1.5 as the base model.

The ControlNet architecture based on the Stable Diffu-
sion model version 1.5 works as below. ControlNet copies
12 encoder blocks and one middle block weight of the Stable
Diffusion model and uses them as trainable parameters. As
illustrated in Figure 4,

® 1 is the input features map,

® cis the internal vector calculated based on z,

ControlNet of input,

® 4y is the output feature map.

The trainable parameters are connected to the base model
with zero convolution layers, denoted Z(-;-). Specifically,
Z(+;+) is a 1 x 1 convolution layer with both weight and bias

initialized to zeros. To build up a ControlNet, two instances
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Figure 4 ControlNet neural network

of zero convolutions with parameters © zl and © z2, re-
spectively, are used. Although convolution layers of weight
and bias are initialized to zeros, ControlNet still learns and

updates parameters. We demonstrate the following formula:

y=Waz+0, (1)
2V, @)
9w, 3)
9V, (4)

where y denotes output, W denotes weight,  denotes input,
b denotes bias. If W and b are zero and x is not zero, y is
different from zero. This means that when images are input,
the weight and bias of ControlNet are grown up. When train-
ing ControlNet, the weight and bias of the stable diffusion
model are locked, and only trainable weights are updated
by gradient descent. ControlNet offers various conditional
controls in the Stable Diffusion model. In our experiment,
we used the ControlNet-Canny condition. Via ControlNet-
Canny conditional control, we can extract the outline of the
subject in each base image, then transfer object style with
the Stable Diffusion model and LoRA models.

3.2 Classifier Using Fine-tuned Resnet50

In the context of the classification problem, shallow layers
would [16] extract low-level features that are almost the same
as the input image. In deeper layers, more abstract features
were extracted. The abstract features make the classifica-
tion possible and easier. Hence, more layers are added to
network architecture in the hope that the network can learn
more features from input images and boost classification ac-
curacy. However, when more layers are adapted, a degrada-
tion problem is caused. This problem makes training errors
and test/validation errors go up [17]. By introducing a resid-

ual learning framework into CNN, Resnet50 [17] is easier to
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optimize and can gain higher accuracy. The deep residual
learning framework of ResNet50 is shown in Figure 5. As
shown in Figure 5, the z identity map feature is added to
network weight before activating network weight forward.
Instead of output F(z), the output changes into F(z) + x.
This makes deep layers learn shallow layers of features and
decreases errors in training and test/validation.

In this paper, Resnet50 is adopted to classify LoRA style
via transferred images generated from fine-tuned image gen-
erative LoRA models. To enhance classification accuracy,
pre-train Resnet50 is modified and fine-tuned.

3.3 Classification-based Model Search

In this section, we explain more clearly about our method.
First, we collected sample images. The sample image denotes
which image we use to transform its style. Sample images
are variously selected. Next, we prepared the fine-tuned im-
age generative LoRA models. As mentioned in the previous
section, to transfer the style of base images, image-to-image
Stable Diffusion model version 1.5, ControlNet canny model,
and LoRA models are adopted. At first, the subject in each
base image of the outline is extracted and transformed into
Then,

the Stable Diffusion model version 1.5 and the Canny model

a vector. We call it a conditional control vector.

of ControlNet are implemented. In the stage of applying
the LoRA models style, weight in u-net layers and text en-
coder layers of LoRA [15] are set with 1. Hence, enabling
the LoRAs feature is clearly reflected in the transferred im-
age. The base image and conditional control vector are used
when transforming the base image style without any text in-
put. In addition, hyperparameters such as inference steps,
guidance scales, etc... are adjusted so that the transformed
image better reflects LoRA features.

After transforming the style of base images, the fine-tuning
phase is implemented. We fine-tune pre-trained ResNet50
with image classification tasks. Data is transformed style
base images, and the label is the name of LoRA models. In
our experiment, the training dataset is very tiny compared
with the ImageNet dataset used for training ResNet50 [17].
For this reason, only small parts of pre-trained ResNet50 are
returned, instead of returning the entire model. As men-
tioned in[18], deeper CNN layers can extract more abstract
features of the image. These features represent a unique style
of image. ResNet50 architecture has four major residual lay-
ers, which are assigned to extract the abstract features of
each image. Moreover, each layer has a different amount of
bottleneck [17]. The third layer of Resnet50 has the most
number of bottlenecks, with six bottlenecks. Based on the
above mentioned, weights between layer 3 and the last fully
connected layer are set backpropagation. The primary role of

the CNNs is feature extraction. Our main purpose is image
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classification, thus more emphasis on fully connected layers.

One more fully connected layer is added.
4 Evaluation

We evaluate the proposed retrieval system through three
factors. First, we tried to clarify whether the designed fine-
tuning is effective or not. Second, we evaluated what kind
of dataset can be used to obtain good performance for the
proposed system. Finally, we evaluated how many style-
transformed images should be included in each training data
class to ensure sufficient learning.

4.1 Fine-tuning result

This section introduces the evaluation method for the pro-
posed method. The base images are downloaded from the
Internet. We call this the base image set as set B. The set
B is processed to include as many different types of images
as possible. Images of people, scenery, food, plants, animals,
etc., are included in the set B. Each element in the set B
is unique. The set B is transformed style by group mod-
els, which are the stable diffusion, canny, and LoRA models.
With each image in the B set creates one image in the F
set. After transforming the style, we create a transformed
style image set called the F set. The size of B set and F
set are the same, both set include 126 images. Such as,
(Vz € B|3z’ € F,|B| = |F|), where

® 1 : base image,

® B : base image set,

e 2’ transformed style image, and

e [ transformed style image set.

In the fine-tuning phase, 80 percent of the F set is trained,
and 20 percent of the set is used for validation.

Table 1 shows the list of models that we used in our exper-
iment. As the search target, 12 LoRA models are prepared.
All these LoRa models are downloaded from Civitai. In the
experiment, 15 epochs and a 0.001 learning rate are used.
The number of nodes in the output of the fully connected
layer is modified to match the number of LoRA models we
wish to classify.

When returning, early stopping with five patients and the
learning schedule CosineAnnealingLR are utilized to obtain
the best performance fine-tuned ResNet50 model.

As shown in Figure 6, training and validating results are
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Table 1 Models used in experiment

Model name

Anime Screencap Style LoRA #2

Anime Game Backgrounds#3

xiaorenshu#4

Chinese ink painting >

Disco Elysium / Aleksander Rostov / Oil paints & Abstraction / Style®®
Fairy in Clouds"?

XSarchitectural-11Fantasyarchitecture

Phantasmal Luminous: The Radiance of Rainbow Dispersion 9

8bitdiffuser 64x — a perfect pixel art model @1

pop art (E11)
Texture illustration 12

Realistic Dating attire ™!

plotted. When fine-tuning pre-trained ResNet50 with 12
LoRA models, the best result was obtained in the 6th epoch.
In the loss plot, the learning loss decreases gradually as the
number of learning epochs increases. Nevertheless, the val-
idation loss decreases from the first to the third epoch, but
becomes very unstable from the fourth epoch to the end.
The same phenomenon is observed in the accuracy plot.

Then, to evaluate the effect of fine-tuning, we compare the
classification performance of the fine-tuned ResNet50 with
the classification results of the pre-trained ResNet50. Here,
we use Accuracy and Macro-F1. In each experiment, shown
in 2, the same set of validation data is used. Also, the num-
ber(100, 26), in second and third column, denoting amount
of images included in each class.

With pre-trained ResNet50, the output of a fully connected
layer is modified from 1000 to 12 to adapt with our task.
When inferring, weights of pre-trained ResNet50 are frozen.
The detailed result is shown in 2. The our ResNet50 performs
better than the pre-trained ResNet50 in the three measures
of Accuracy, Macro-F1 and MRR. We calculated the Macro-

F; score as

2TPi
2TPi+ FPi+ FNi

X
Macro— F1 = N;( ) (6)

where

e N: Amount of models( N = 12),

e TP: True positive,

e F'N: False negative, and

e ['P: False positive.

Via Accuracy and Macro-F1, we can evaluate classifica-
tion performance of ResNet50. Via MRR, we can evaluate
capability retrieval model of proposed system.

In addition, the more images included in each class, the
better the system’s learning performance. However, once a
certain amount is reached, the change becomes small. Specif-

ically, even if 70 or more images are included in each class, no

Training and Validation Accuracy Training and Validation Loss

0.8{ — validation — validation
train train

0.5

0.2 0.0
0 2 4 6 8 10 o 2 4 6 8 10
Epoch Epoch

Figure 6 12 models of classification result

significant change in learning accuracy occurs. In conclusion,
70 images in each class are sufficient to train the proposed
retrieval system.

4.2 Experiment Model Retrieval

We prepare more than one sample image dataset to eval-
uate the importance of training data variety. In the above
dataset, we call it a variety dataset, which includes a variety
of images such as humans, animals, landscapes, etc.. The
new one, we call it a specialized domain image dataset that
contains only human face images. Each image in the do-
main image dataset is processed like an image in the variety
dataset.

The result is shown in table 2 Fine-tuning the pre-trained
ResNet50 using the same number of data, the retrieval sys-
tem outperforms when using diverse data. In conclusion,
diverse data images are important for building the proposed
retrieval system.

A fine-tuned ResNet50 model with 12 models is also used
to find LoRA models. Found models are ranked based on the
output of the second fully connected layer of ResNet50. Im-
ages are used in the experiment, not included in the training
or validating sets.

To enable us to evaluate objectively, these images are
downloaded from the site called Civitai, and they are thumb-

nail images of the original LoRA models created by authors.
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Table 2 Evaluation Results

Train data

Validation data

Accuracy Macro-F1 MRR

Fine-tuned ResNet50
Pretrained ResNet50
Fine-tuned ResNet50
Fine-tuned ResNet50
Fine-tuned ResNet50
Fine-tuned ResNet50

100 variety images

70 variety images
50 variety images
30 variety images

70 human face images

26 variety images 79.50 74.37 60.92
26 variety images 8.30 Nan

26 variety images 76.90 70.17 62.15
26 variety images 67.90 65.50 55.09
26 variety images 62.20 60.48 60.42
26 variety images 50.30 48.33 47.92

Figure 7 Experimental images

Experimental images are shown in Figure 7. The red letters
in the top left of each image are the names and correct la-
bels of each image. A correct label indicates that the image
is generated from that LoRA model.

Finding model results by a sample image is shown in Table
3. Via our method, among the six sample images, three sam-
ple images can accurately retrieve the original LoRA model.
When the LoRA model is retrieved by feeding the experi-
mental images into the proposed system, the correct results
are included within the top six.

4.3 Image generation

This section uses the retrieved LoRA models from the pre-
vious section to generate images. Following the result of
Table 2, the search result is the most undesirable when us-
ing image 2 to find the LoRA model that generated image 2.
The desirable search result is located in the sixth position. In
the experiment of image generation, the first and sixth mod-
els are used to generate images and compare them. Figure 9
shows the four images in our experiment, such as

Depending on each LoRA model, the generated image does
not exactly resemble the base image. However, they were
Indeed, the
style of the image transformed by the Realistic LoRA model

converted to their respective painting styles.

is more similar to the style of the reference style image than
the style of the image transformed by the XSarchitecture
LoRA model. However, when users want to generate images,
they want the generated images to follow their desired style,
and the generated images are beautiful. In this experiment,
in the two generated images, we are not able to say that

the image transformed by the Realistic LoRA model is more

nerated by
re LoORA model

je generated by
LoRA model

Figure 8 Image generation sample

aesthetic than the image transformed by the XSarchitecture
LoRA model.

5 Disccusion

Through this experiment, it is certainly possible for the
proposed method to search for fine-tuned image-generative
LoRA models. However, to retrieve the LoRA model accu-
rately, the number of LoRA models fed in ResNet50 is lim-
ited. Furthermore, since the models are retrieved through
style-transformed images, amount of models that can be re-
trieved may depend on the process of image style transforma-
tion. There are many hyper-parameters that need adjusting
during the process of transforming the style of the image.
Thus, when generating more images, the image generation
process is more complicated and not sturdy.

Moreover, the number of fine-tuned LoRA models gradu-
ally increases, and in this proposal, ResNet50 will need to
return when new fine-tuned LoRA models are released. This
is inefficient. ResNet50 is specialized to extract image style
features. Although the original ResNet50 is modified for best
performance on a given task, its functionality is still limited
when a number of LoRA models are added to ResNet50. We
have confirmed that the capability of ResNet50 is not appro-
priate for our research. We need to investigate more effective
methods in the future.

One of effective method is the Siamese Network, employing

a loss function called contractive loss or triplet loss during
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Table 3 Result of retrieving model

1st 2nd 3rd 4th 5th 6th Tth 8th 9th
Imagel Chinese ink XSarchitecture Illustration Anime Pop art Realistic Pixel art LIULI Cloudy
Image2 XSarchitecture Anime cloudy Illustration Chinese ink Realistic Pixel art LIULI Anime background
Image3 Pixel art Pop art Illustration Anime background Realistic Chinese style XSarchitecture Anime LIULI
Image4 LIULI Illustration Anime background Cloudy Pop art Disco XSarchitecture Anime Realistic
Imageb Cloudy XSarchitecture Tllustration LIULI Anime Pop art Anime background Realistic Chinese ink
Image6 | XSarchitecture Cloudy Anime Illustration Chinese ink Realistic Pixel art LIULI Pop art

training. The Siamese Network takes two or three images
as input values and calculates the distance between them.
Based on distance, determine if they are the same image or
not. When applying to our research, we assume that one im-
age is the style the user wants and the other is a thumbnail
image of the original LoRA model. The above process makes
it possible to eliminate the work of image style transforma-

tion.
6 Conclusion

This paper proposes a method for retrieving fine-tuned
image-generating LoRA models. Through our method, it
is possible to output a LoRA model that can generate an
image style similar to the style of the reference image. A
dataset of various base images is prepared to implement the
proposed method. The style of the sample images is trans-
formed by using Stable Diffusion version 1.5, ControlNet-
Canny, and fine-tuned image generation LoRA models. The
style-transformed images are used as fine-tuning data for the
pre-trained ResNet50. Several parts of the original ResNet50
architecture are modified to adapt it to our task. Experi-
ments are conducted to compare pre-trained ResNet50 and
fine-tuned ResNet50 and search fine-tuned image generation
LoRA models.
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