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Abstract

We investigate the use of Low-Rank Adaptation (LoRA)
for fine-tuning diffusion models on small anime-style
datasets. We design a series of experiments to system-
atically evaluate LoRA’s capabilities. First, we bench-
mark LoRA across multiple styles to assess its general-
ization under limited data. Second, we conduct hyper-
parameter ablation by varying rank and learning rates to
analyze their influence on performance. Third, we compare
LoRA with Textual Inversion and DreamBooth, highlight-
ing the trade-offs between lightweight and full-parameter
fine-tuning methods. Finally, we explore style mixing by in-
terpolating LoRA models trained on different styles, exam-
ining its compositional ability. Together, these experiments
provide a comprehensive view of LoRA’s strengths and lim-
itations in low-data fine-tuning scenarios and offer insights
into its potential for efficient diffusion model adaptation.

1. Introduction

Diffusion models have achieved state-of-the-art perfor-
mance in image generation, characterized by high-quality
outputs, strong diversity, and the ability to incorporate tex-
tual conditions for controllability. Stable Diffusion repre-
sents a specific implementation of this framework. Unlike
traditional diffusion approaches, it does not perform noise
addition or removal directly in pixel space. Instead, it first
compresses images into a low-dimensional latent space us-
ing a Variational Autoencoder (VAE) before applying diffu-
sion, which results in greater computational efficiency and
reduced memory consumption. Stable Diffusion leverages
textual prompts to guide image synthesis. However, it ex-
hibits certain limitations: in particular, it demonstrates in-
stability in style generalization and struggles to consistently
capture specific artistic domains, such as anime aesthetics.

To address this issue, researchers have proposed vari-
ous lightweight fine-tuning methods, enabling Stable Dif-
fusion to adapt to specific styles even under limited com-
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putational resources and small-scale datasets. Among these
approaches, Textual Inversion represents new concepts by
learning additional text embeddings, DreamBooth improves
stylistic fidelity through broader model parameter fine-
tuning, while LoRA (Low-Rank Adaptation) achieves style
transfer by introducing low-rank matrix decomposition into
selected layers, requiring the training of only a small num-
ber of additional parameters. In this project, we primar-
ily investigate LoRA and systematically evaluate its perfor-
mance on anime-style datasets through a series of experi-
ments, while also conducting comparisons with Textual In-
version and DreamBooth to explore their applicability and
potential limitations.

In this project, we focus on investigating the LoRA fine-
tuning method and systematically evaluate its applicabil-
ity in generating anime-style images. Compared to other
fine-tuning approaches, LoRA achieves a better balance be-
tween training cost and effectiveness, while also possess-
ing the unique advantage of style composability. To com-
prehensively analyse its performance, we designed four
experiments:Exp-I establishes a multi-style benchmark to
validate LoRA’s generalisation capability across different
anime styles; secondly, Exp-II explores the impact of hy-
perparameters (rank, steps, learning rate) on training out-
comes to identify optimal parameter ranges; Exp-IIl com-
pares LoRA with Textual Inversion and DreamBooth to un-
derstand the characteristics and trade-offs of different meth-
ods; Finally, Exp-IV demonstrates LoRA’s potential for
style blending, proving its flexibility in generating hybrid
styles. Collectively, these experiments form our systematic
research framework for LoRA, providing valuable insights
for its application in stylised image generation.

2. Related Work

Diffusion models have recently emerged as the state-
of-the-art framework for image generation, offering con-
trollable and diverse synthesis results [2, 4]. While Sta-
ble Diffusion provides an efficient latent-space implemen-
tation, adapting such large-scale models to specific artis-



tic domains remains challenging. To address this, several
parameter-efficient finetuning methods have been proposed.
Textual Inversion learns additional embeddings to introduce
new styles [ 1], while DreamBooth finetunes a larger portion
of model weights to achieve strong personalization [5].

LoRA (Low-Rank Adaptation) offers a more efficient al-
ternative by inserting low-rank matrices into selected lay-
ers [3]. This approach requires training only a small set of
parameters, making it suitable for limited datasets and fast
adaptation, especially in stylized domains such as anime or
illustration. Recent works further explore LoRA’s trade-offs
in rank, learning rate, and placement, highlighting its poten-
tial for flexible style adaptation [6].

Building on these developments, our work systemati-
cally evaluates LoRA in the context of anime-style image
generation. Through four experiments, we investigate (i)
multi-style generalization across different anime aesthetics,
(i1) hyperparameter sensitivity, (iii) comparisons with Tex-
tual Inversion and DreamBooth, and (iv) style composabil-
ity via LoRA blending. Together, these studies aim to pro-
vide practical insights into LoRA’s performance and limita-
tions in stylized diffusion finetuning.

3. Approach
A.Base Model and LoRA Fine-Tuning

We adopt Stable Diffusion v1-5 as our base model. This
model is built upon the Latent Diffusion Model (LDM)
framework, where images are first compressed into a latent
space using a VAE before applying the diffusion process,
significantly reducing computational cost. It is particularly
suitable for training on anime and illustration styles, and is
compatible with various lightweight fine-tuning approaches
such as LoRA, DreamBooth, and Textual Inversion.

B. LoRA Fine-Tuning

LoRA fine-tuning applies low-rank decomposition to se-
lected weight matrices W € R4¥F:

W' =W+ AW, AW = ABT (1)

where A € R¥*" B € RF¥*"™ and r < min(d, k). This
formulation drastically reduces the number of trainable pa-
rameters compared to directly training AW, resulting in
faster training and lower memory usage.

In our project, LORA modules are inserted into the atten-
tion layers of the U-Net in Stable Diffusion v1-5. By train-
ing only the additional low-rank parameters, we are able to
efficiently adapt the model to different anime styles with
limited computational resources.

C.Experimental Settings

For our experiments, we curated three distinct anime-
inspired styles: Ghibli, Shinkai, and American Comic.

Each dataset consists of approximately 100 high-quality im-
ages, which serve as the training data for fine-tuning. To
ensure fair evaluation across styles, we employed prompts
written in a consistent descriptive style across the three
datasets.

The key hyperparameter configurations include the rank
r, the number of training steps, and the learning rate (Ir),
which were systematically varied in different experiments.
All models were trained using NVIDIA P100 GPU.

D. Compared Methods

We systematically compared LoRA, Textual Inversion
(TT), and DreamBooth under the same dataset and prompt
settings.

Textual Inversion (TI) encodes style by learning new tex-
tual embeddings that can be incorporated into prompts, en-
abling the base model to synthesise stylised images without
modifying its internal parameters.

DreamBooth fine-tunes a substantially larger subset of
model parameters with only a few reference images, yield-
ing higher style fidelity but at the cost of increased com-
putational requirements and a higher risk of overfitting on
small datasets.

LoRA integrates low-rank adaptation modules into the
attention layers of Stable Diffusion’s U-Net, updating only
a small number of additional parameters. This approach
achieves a favourable trade-off between efficiency and ef-
fectiveness, while also supporting composability of styles.

By contrasting these three approaches, we aim to high-
light their respective strengths and limitations in terms of
computational cost, data efficiency, and style generalisa-
tion, thereby offering practical insights for anime-style im-
age generation tasks.

E. Evaluation Metrics

To comprehensively evaluate the effectiveness of fine-
tuning methods, we employed four widely used metrics in
generative image research:

Fréchet Inception Distance (FID): Measures the diver-
gence between generated images and the training set in fea-
ture space, reflecting image quality and realism.

Inception Score (IS): Assesses both quality and diver-
sity by examining a classifier’s recognition confidence and
category distribution of generated samples.

CLIP Score: Evaluates semantic alignment between
generated images and text prompts, ensuring outputs follow
the intended style or content.

LPIPS (Learned Perceptual Image Patch Similarity):
Quantifies perceptual diversity by measuring differences
between samples within the same style.

Across our four experiments, these metrics were applied
as follows:



Exp-I: Used FID and CLIP to validate LoRA’s generali-
sation across multiple styles.

Exp-1I: Analysed the effect of hyperparameters (rank,
steps, Ir) on performance, identifying optimal ranges.

Exp-1II: Compared LoRA, Textual Inversion, and
DreamBooth, highlighting differences in efficiency, data us-
age, and style fidelity.

Exp-1V: Relied on CLIP and LPIPS to assess style fusion
effectiveness and intra-style diversity.

4. Experiments
A.Exp-1: Multi-Style LoORA Benchmark

We curated three anime-inspired datasets (Ghibli,
Shinkai, American Comic), each containing 100 high-
quality images covering both character and background el-
ements. All images were resized to 512 x 512 resolution,
following the default Stable Diffusion configuration.

For LoRA fine-tuning, we adopted rank = 16, training
steps = 1000, and learning rates of 1e-4 for both U-Net and
the text encoder. All experiments were conducted on a sin-
gle NVIDIA P100 GPU.

We used the original captions associated with each train-
ing image as prompts. The LoRA models fine-tuned on
each dataset were asked to re-generate the corresponding
images. The generated results were then compared with
the original images to evaluate reconstruction quality using
FID, KID, CLIP, and LPIPS. For comparison, the pretrained
Stable Diffusion model without fine-tuning was also evalu-
ated under the same prompts.

The objective of Experiment I is to assess LoRA’s abil-
ity to faithfully reconstruct stylistic features within each
dataset, under the limited-data setting, across three distinct
anime-inspired styles.

B.Exp-I1I: Hyper-Parameter Ablation (Ghibli)

The purpose of Exp-II is to systematically analyse the
influence of key hyperparameters on the performance of
LoRA fine-tuning. Specifically, we varied the rank (r) of
the low-rank matrices, the number of training steps (s), and
the learning rates (Ir) applied to the U-Net and text encoder.

Rank (r): We experimented with values of r = 8, 16, 32.

Training steps (s):Each model was trained for s = 3000
iterations.

Learning rates (Ir):We tested two configurations:

Irgnec = 1 X 1074, Ireq =1 x 1072

Irgnet = 5 X 1074, Iree =5 x 1074

All other experimental conditions remained consistent
with Experiment I, including the dataset (100 images per
style) and uniform text prompts. Through this controlled
ablation study, Exp-II aims to investigate the impact of

rank, training steps, and learning rate on model conver-
gence speed, image quality, and style fidelity, thereby pro-
viding a reference for hyperparameter selection in LoRA
fine-tuning.

C.Exp-III: LoRA vs. TI vs. DreamBooth

We systematically compared three popular Stable Diffu-
sion fine-tuning methods: LoRA, Text Inversion (TI), and
DreamBooth. To ensure a fair comparison, we employed
a Ghibli-style dataset comprising 100 curated images and
applied an identical set of prompts across all methods.

The number of training steps was fixed to 1000 for all
experiments. For LoRA, the rank was set to r = 32, while
TI and DreamBooth do not involve rank hyperparameters.

Since the optimization dynamics of the three approaches
differ substantially, we employed distinct learning rate con-
figurations:

LoRA: learning rate for both U-Net and text encoder set
to le-4.

Textual Inversion(TI): text encoder learning rate set to
Se-3, reflecting the small number of trainable parameters.

Dream Booth: U-Net learning rate set to le-4 and text
encoder learning rate set to 5e-6, in order to avoid overfit-
ting when fine-tuning a large subset of parameters.

D.Exp-IV: Style Mixing

This experiment investigates the compositional capabil-
ity of LoRA in combining distinct styles. We selected
LoRA models fine-tuned on different anime styles from
Exp-1 (e.g., Ghibli and Shinkai) and interpolated their
weights during inference. Specifically, for the correspond-
ing parameters of the U-Net and text encoder, 64 and 6,
we computed mixed weights as

Omix = g + (1 - 04)93,

2
o € {1.0,0.75,0.5,0.25,0.0}. @

For each run, a single text prompt was fixed, and im-
ages were generated across different values of «, resulting
in a sequence that visualises the gradual transition from one
style to another under the same semantic content. To further
validate the generalisation of this approach, we repeated the
experiment with multiple prompts while keeping the hyper-
parameters constant (rank = 16, steps = 1000, learning rate
=le-4).

5. Results
A.Exp-1: Multi-Style LoORA Benchmark

For each style dataset, images were regenerated from
their original captions using LoRA and compared with the
originals. We report FID, CLIP, IS, and LPIPS, with the
pretrained Stable Diffusion model as baseline.



Style Method FID CLIP IS LPIPS

Ghibli Baseline 235.30 33.13 592 0.75
LoRA  188.23 3293 436 0.65

A -47.07 -021 -1.56 -0.10

Shinkai Baseline 23929 32.73 526 0.75

LoRA 21047 31.66 4.55 0.65
A -28.82 -1.06 -0.71 -0.09
American Comic  Baseline 221.28 33.79 4.76 0.75
LoRA  201.24 3339 4.00 0.70
A -20.03 -040 -0.76  -0.06
Table 1. Experiment I results across three style datasets. LoRA
is compared with the pretrained Stable Diffusion baseline. A de-

notes LoORA — Baseline.

As shown in Table 1, compared with the pretrained
Stable Diffusion baseline, the LoRA models consistently
achieve lower FID scores (—47.07 for Ghibli, —28.82 for
Shinkai, and —20.03 for American Comic), indicating that
the fine-tuned models generate images closer to the original
style distributions.LoRA can capture and reproduce style-
specific features under limited-data conditions.

However, CLIP scores decrease slightly across all three
datasets, suggesting weaker alignment between generated
images and textual descriptions. IS and LPIPS diversity also
drop, reflecting reduced diversity in the outputs.This limita-
tion may be due to the small dataset size and insufficient
training steps.

From Figure 1, it can be observed that LoRA captures
certain stylistic characteristics, such as color tones and over-
all atmosphere. However, the generated objects and char-
acter details are insufficient, which is consistent with the
quantitative results reported in Table 1.This suggests that
LoRA may exhibit certain limitations when trained on small
datasets and under limited training steps.

B.Exp-II: Hyper-Parameter Ablation (Ghibli)

To further investigate the effect of hyperparameters on
LoRA fine-tuning, we designed Experiment II by varying
the rank () and the learning rate (Ir). In contrast to Exper-
iment I, which used only s = 1000 steps, we increased the
number of training steps to s = 3000 in order to provide a
more comprehensive evaluation of the influence of different
hyperparameter settings. The results are reported in Table 2.

T Ir FID CLIP IS LPIPS
8 1x107% 179.05 3256 3.95 0.594
8 5x107* 180.15 31.57 4.02 0.641
16 1x107% 18535 3250 4.11 0.603
16 5x107* 175.05 31.70 3.96 0.633
32 1x107% 18235 3247 426 0.600
32 5x107% 177.33 31.60 4.34 0.631

Table 2. Experiment II: Hyper-Parameter Ablation on the Ghibli
dataset. We vary rank (r) and learning rate (Ir) while fixing steps
= 3000.

Generated

Reference

Figure 1. Experiment I : Comparison between reference images
(left) and generated results (right) for three different styles.

As shown in Table 2, increasing the number of training
steps from s = 1000 (Experiment I) to s = 3000 on the
Ghibli dataset leads to a significant reduction in FID (down
to 185.35at r = 16, Ir = 1 x 10™%). This confirms that suf-
ficient training iterations are crucial for LoRA fine-tuning
under limited data conditions.

In addition, we observe a clear trade-off with respect
to the rank (). When r is too small (e.g., » = 8), the
model lacks expressive capacity and fails to capture suffi-
cient stylistic features. Conversely, when r is large (e.g.,
r = 32), the model capacity increases but the performance
does not consistently improve, and in some cases even de-
grades. This may suggest a tendency toward overfitting un-
der small-scale data, where » = 16 provides the best bal-
ance between representation power and generalization abil-
ity.

Looking across evaluation metrics, FID improves sub-
stantially with longer training and appropriate learning
rates, while CLIP alignment slightly decreases. This in-
dicates that generated images become closer to the train-
ing distribution but are somewhat less aligned with textual



prompts. Meanwhile, IS and LPIPS remain relatively sta-
ble, implying that LoRA’s sensitivity primarily lies in image
quality and style consistency rather than diversity.

Regarding the learning rate, a higher I (5 x 10™%) ac-
celerates convergence and yields lower FID values in some
cases, but is also associated with reduced CLIP scores and
potential instability. By contrast, a lower Ir (1 x 107%)
provides smoother optimization trajectories, though requir-
ing more iterations to reach comparable performance. This
observation highlights the trade-off between convergence
speed and training stability.

Overall, the results of Experiment II demonstrate that
LoRA’s performance on small datasets is highly sensitive to
the choice of rank, learning rate, and training steps. Careful
hyperparameter tuning not only improves generation quality
under data-scarce conditions, but also helps to mitigate risks
of overfitting and semantic drift, offering practical guid-
ance for applying LoRA to larger-scale or more complex
domains.

C.Exp-III: LoRA vs. TI vs. DreamBooth

To further compare different fine-tuning strategies under
limited-data conditions, we evaluate LoRA, Textual Inver-
sion (TT), and DreamBooth in Experiment III. Table 3 re-
ports the results on the Ghibli dataset.

Method FID CLIP IS LPIPS
LoRA 180.49 33.02 4.34 0.667
Textual Inversion (TT) 200.95 30.26 5.17 0.777
DreamBooth 22443 2830 5.31 0.691

Table 3. Experiment III: Comparison of LoRA, Textual Inversion
(TI), and DreamBooth on the Ghibli dataset (steps = 1000).

As shown in Table 3, the three methods exhibit dis-
tinct behaviors across different evaluation metrics. LoRA
achieves the best overall performance, with the lowest FID
(180.49) and the highest CLIP score (33.02). This indicates
that LoRA generates images that are both closer to the tar-
get distribution and more semantically aligned with the text
prompts. These results highlight LoRA’s ability to maintain
a good balance between image quality and textual consis-
tency under limited-data conditions.

Textual Inversion (TI) achieves the highest IS (5.17) and
LPIPS (0.777) scores, reflecting greater diversity and vari-
ation among generated samples. However, this diversity
comes at the expense of fidelity and semantic alignment: TI
records worse FID and CLIP compared to LoRA, suggest-
ing that while TI enhances variability, it struggles to consis-
tently preserve the intended style or text-image alignment.

DreamBooth demonstrates yet another trade-off. It
achieves the highest IS (5.31) and relatively high LPIPS
(0.691), showing strong capability in producing sharp, dis-
tinguishable outputs and retaining distinctive features from
the training data. This reflects DreamBooth’s tendency

toward personalization and memorization. Nevertheless,
DreamBooth also records the weakest FID (224.43) and the
lowest CLIP (28.30), indicating that its outputs deviate sig-
nificantly from the target distribution and fail to generalize
well to new text prompts.

Overall, LoRA provides the most balanced results by
combining low FID with strong semantic alignment, TI pri-
oritizes diversity at the cost of fidelity, and DreamBooth em-
phasizes personalization but suffers from overfitting under
small datasets. These findings underscore the importance
of selecting finetuning strategies based on task-specific re-
quirements, whether prioritizing quality, diversity, or per-
sonalization.

D.Exp-1V: Style Mixing

To further evaluate the compositional ability of LoRA,
we conducted a style mixing experiment by interpolating
models fine-tuned on different anime styles. Specifically,
we blended the weights of the Ghibli and Shinkai models
with varying coefficients. Figure 2 illustrates the visual re-
sults, where the generated images demonstrate a smooth
transition of styles as the mixing parameter o decreases
from 1.0 (pure Ghibli) to 0.0 (pure Shinkai).

Figure 2. Style mixing results between Ghibli (=1.0) and Shinkai
(=0.0). The sequence shows a smooth transition of styles as de-
creases from 1.0 to 0.0

From Figure 2, we observe that varying the mixing co-
efficient o from 1.0 (pure Ghibli) to 0.0 (pure Shinkai) pro-
duces images that reflect a gradual stylistic shift. At inter-
mediate values (e.g., & = 0.5), the generated samples dis-
play elements that appear to combine aspects of both styles,
such as transitions in color tone and overall atmosphere.

However,the interpolation is not fully smooth. Some
generated images show blurred textures, missing edges, or
inconsistencies in semantic details, particularly around mid-
range « values. This suggests that while LoRA can capture
coarse-level stylistic features from both domains, it strug-
gles to maintain fine-grained detail during the blending pro-
cess. One possible explanation is the limited training data,



which may restrict the model’s ability to learn highly de-
tailed and transferable style representations. Alternatively,
the interpolation artifacts could also reflect intrinsic limi-
tations of LoRA’s parameterization when applied to style
mixing.

Overall, Experiment IV indicates that LoRA can achieve
a degree of controllable style transition, but the interpola-
tion process still suffers from artifacts and loss of fine de-
tails.

6. Conclusion

In this work, we investigated LoRA as a parameter-
efficient fine-tuning approach for style adaptation under
small-data constraints. Our experiments show that LoRA
can capture stylistic elements such as color tone and overall
atmosphere, while requiring far fewer parameters than full
fine-tuning. These results highlight LoRA’s potential as a
lightweight method for transferring large diffusion models
into artistic domains.

At the same time, our study exposes several limitations.
The generated images often lack fine-grained detail, with
simplified object structures and incomplete textures. Se-
mantic consistency is not fully preserved: while style is
transferred, some outputs deviate from the intended content
described by the prompt. Moreover, many samples appear
desaturated or grayish, and the improvement in FID is not
uniformly strong across settings. Style mixing experiments
confirm LoRA’s flexibility, but also show intermediate arti-
facts and inconsistencies during interpolation.

Looking forward, these limitations point to opportuni-
ties for refinement. More diverse and larger-scale training
data, as well as adaptive scheduling of hyper-parameters,
may improve both semantic alignment and detail fidelity.
Integrating LoRA with complementary techniques such as
Textual Inversion or DreamBooth could further enhance di-
versity while retaining efficiency. Overall, LoRA represents
a promising compromise between efficiency and quality,
but further methodological advances are required to achieve
high-fidelity, semantically consistent, and detail-rich style
generation in practice.

Beyond theoretical insights, this work provides useful di-
rections for applying parameter-efficient finetuning in prac-
tice, ranging from anime-style generation and artistic ren-
dering to fast prototyping under restricted computational
budgets.
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