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Abstract: Text-to-image diffusion models have demonstrated impressive capabilities in image generation and have
been effectively applied to image inpainting. While text prompt provides an intuitive guidance for conditional
inpainting, users often seek the ability to inpaint a specific object with customized appearance by providing an
exemplar image. Unfortunately, existing methods struggle to achieve high fidelity in exemplar-driven inpainting.
To address this, we use a plug-and-play low-rank adaptation (LoRA) module based on a pretrained text-driven
inpainting model. The LoRA module is dedicated to learn the exemplar-specific concepts through few-shot fine-tuning,
bringing improved fitting capability to customized exemplar images, without intensive training on large-scale datasets.
Additionally, we introduce GPT-4V prompting and prior noise initialization techniques to further facilitate the fidelity
in inpainting results. In brief, the denoising diffusion process first starts with the noise derived from a composite
exemplar–background image, and is subsequently guided by an expressive prompt generated from the exemplar using
the GPT-4V model. Extensive experiments demonstrate that our method achieves state-of-the-art performance,
qualitatively and quantitatively, offering users an exemplar-driven inpainting tool with enhanced customization
capability.
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1 Introduction

Image inpainting is a typical image editing tech-
nique commonly used to modify local areas within
an image, including object removal and replacement.
Traditional inpainting algorithms based on Patch-
Match (Criminisi et al., 2004; Barnes et al., 2009)
or generative adversarial networks (GANs) (Nazeri
et al., 2019; Li JY et al., 2020) often do not support
user-provided guidance signals, and the lack of con-
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trollability limits their further application. Recent
years have seen breakthrough progress in artificial
intelligence-generated content (AIGC) (Zhang JP
et al., 2024), especially in image generation with the
advent of large-scale text-to-image (T2I) diffusion
models, e.g., stable diffusion (Rombach et al., 2022),
DALLE2 (Ramesh et al., 2022), and Imagen (Saharia
et al., 2022). These models can generate high-quality
and highly diverse images from the user-provided
text. Due to the simple and intuitive nature of natu-
ral language, text-driven image editing has evolved
rapidly, e.g., p2pEdit (Hertz et al., 2022) and In-
structPix2Pix (Brooks et al., 2023). The use of
text guidance has been successfully applied in image
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inpainting (Wang et al., 2023; Xie et al., 2023), with
the most notable method being the stable inpainting
(SD-inpaint) (Rombach et al., 2022), allowing users
to fill in local areas of an image using a simple natural
prompt, which has become the most widely used and
state-of-the-art text-driven inpainting tool.

While natural language provides an intuitive
approach to image editing, as the saying goes “a pic-
ture is worth a thousand words,” even a detailed
language description struggles to precisely convey
detailed object features, such as in custom scenarios
where users wish to inpaint specific items like their
own toy (Fig. 1). Therefore, beyond conventional
text-driven inpainting, a more effective solution would
be the exemplar-driven inpainting, which allows users
to provide a reference image (exemplar), enabling the
model to insert the object from the exemplar into
a background image. However, exemplar-driven in-
painting is an under-explored topic, with the following
two main existing strategies: (1) Textual Inversion
(TxtInv) (Gal et al., 2022), which learns textual em-
bedding from exemplar images and reuses it during
inference, and (2) Paint by Example (PbE) (Yang
BX et al., 2023), which relies on a dataset to train a
model that directly accepts exemplar as input condi-
tions during inference. Both methods face challenges
in achieving high-fidelity inpainting. The limitation
of TxtInv lies in the fact that merely learning a tex-
tual embedding still cannot adequately represent the
reference image as the textual embedding contains
very limited parameters that can be less expressive.
Moreover, TxtInv employs the background blending
technique to maintain the known area, which often
leads to visually noticeable boundary artifacts. The
limitation of PbE is its dependency on the dataset,
which cannot cover all cases. When users provide
personalized exemplars that are not present in the
dataset, this method fails to produce high-fidelity
results. Additionally, training on large-scale datasets
is labor-intensive.

To address these challenges, we introduce a novel
few-shot exemplar-driven inpainting framework via a
parameter-efficient fine-tuned diffusion model, while
retaining model’s original text-driven inpainting ca-
pability. Essentially, we upgrade a pretrained SD-
inpaint model with plug-and-play low-rank adap-
tation (LoRA) modules (Hu et al., 2021), enabling
few-shot learning of user-provided samples with much
less computational cost, without compromising the

Fig. 1 Text-driven inpainting (top) struggles to accu-
rately describe the object’s details, while exemplar-
driven inpainting (bottom) can make it easier. Refer-
ences to color refer to the online version of this figure

original model. In contrast to TxtInv that encodes
concepts into textual embeddings, our method en-
codes subject concepts directly into model weights,
which learns the concept in a larger parameter space,
providing stronger fitting capabilities and improved
faithfulness to the inpainting results. Since our
method is built on SD-inpaint without using exter-
nal techniques to maintain the known area, thus our
results do not show edge artifacts, unlike TxtInv. On
the contrary, our approach offers advantages over
PbE large-scale dataset training instead of tuning
a lightweight exemplar-specific LoRA module, and
this module is dedicated to learn a specific subject
concept from the given exemplar image, eliminating
the need for large-scale dataset collection as well as
the restriction to its training domain and bringing im-
proved fidelity for customized inpainting tasks, which
will be demonstrated in our comparison experiments
(in Section 4.2).

Building on few-shot LoRA fine-tuning, we pro-
pose the following two additional techniques to fur-
ther enhance the fidelity of the results: GPT-4V
prompting and prior noise initialization. On one
hand, GPT-4V prompting involves generating de-
tailed prompts for the exemplar using the GPT-4V
model (Achiam et al., 2024), which is used for both
fine-tuning and inference phases. This is inspired
by a consensus in the field of large language models
(LLMs): the quality of prompts is crucial for model
performance (Lei et al., 2024; Zhou et al., 2024). We
seek this as an improvement compared to the use of
plain or rare word tokens as employed in the studies
by Kumari et al. (2023) and Ruiz et al. (2023). On
the other hand, prior noise initialization refers to that
instead of sampling from a random Gaussian noise
(which is a standard practice in backward-diffusion
sampling), we opt to sample from the noise that
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contains exemplar prior information. Specifically,
such prior noise is obtained via one-step denoising
diffusion probabilistic models (DDPMs) noising on a
composite input sample, where the exemplar image
is pasted into the masked region of the background.
This operation ensures that the latent input retains
information from the exemplar. Our ablation stud-
ies (in Section 4.4) demonstrate that our GPT-4V
prompting and prior noise initialization techniques
can further help improve the inpainting fidelity.

Our contributions are summarized as follows:
1. We introduce a new few-shot exemplar-driven

inpainting method to the AIGC community, which
is achieved through a parameter-efficient fine-tuned
diffusion model.

2. We propose the techniques of GPT-4V prompt-
ing and prior noise initialization to foster more robust
and high-fidelity inpainting results.

3. Experimental results demonstrate that our
method outperforms existing state-of-the-art base-
lines qualitatively and quantitatively.

2 Related works

2.1 T2I diffusion model

Recently, T2I diffusion models have dominated
the field of image synthesis, showcasing superior gener-
ation quality and diversity compared to classical GAN
models (Dhariwal and Nichol, 2021). These models
are formally referred to as DDPMs (Ho et al., 2020),
which have been extensively trained on large image–
text datasets such as LAION (Schuhmann et al.,
2021), and are capable of reconstructing clean images
that conform to the data distribution from Gaussian
noise, guided by text prompts. Early T2I diffusion
models mainly worked in the pixel space, such as
GLIDE (Yang H et al., 2020), DALLE2 (Ramesh
et al., 2022), and ImagGen (Saharia et al., 2022),
which are computationally expensive when generat-
ing high-resolution images. In contrast, other models,
such as Stable Diffusion (Rombach et al., 2022) and
PixArt-α (Chen et al., 2023), operate in a more
compact and lower-dimensional latent space, making
them more memory-efficient and widely used. Among
these, the early release of Stable Diffusion has en-
abled the development of numerous derivative models
and a wide array of downstream tasks beyond T2I
generation. For example, DreamBooth (Ruiz et al.,

2023) and TxtInv (Gal et al., 2022) focus on subject-
driven generation by optimizing model weights or text
embeddings. Methods, such as ControlNet (Zhang
LM et al., 2023), T2I-Adapter (Mou et al., 2023),
GLIGEN (Li YH et al., 2023), and IP-Adapter (Ye
et al., 2023), incorporate additional plug-in modules
and are trained on task-specific datasets to achieve
controllable image generation by using additional
conditions, such as sketch maps, depth maps, skeletal
poses, bounding boxes, and reference images, signifi-
cantly enhancing the controllability and flexibility of
the generative models.

2.2 Image inpainting

Early inpainting techniques primarily relied on
the patch–match for texture synthesis (Criminisi
et al., 2004; Barnes et al., 2009; He and Sun, 2014),
which could generate only low-level textures and
are inadequate for completion of high-level informa-
tion. Subsequently, a series of models based on GAN
backbones (Pathak et al., 2016) has been developed,
typically incorporating modules such as partial con-
volution (Liu et al., 2018), contextual attention (Yu
et al., 2018), and a coarse-to-fine pipeline (Zhang HR
et al., 2018; Yang SY et al., 2022). While these data-
driven, learning-based approaches facilitate the han-
dling of high-level semantic completion tasks, such
as face inpainting, they are restricted to uncondi-
tional inpainting. The lack of support for user-guided
conditions has constrained their further application.

Fortunately, T2I diffusion models have emerged
as a powerful generative paradigm and have been
applied to image inpainting. Notable text-driven
inpainting models include zero-shot methods such
as Blended Diffusion (Avrahami et al., 2022) and
its latent-space variant (Avrahami et al., 2023),
which achieve tuning-free inpainting through back-
ground blending. Training-based methods, such as
GLIDE (Yang H et al., 2020), SD-inpaint (Rombach
et al., 2022), and Imagen Editor (Wang et al., 2023),
are fine-tuned from their base T2I models with modi-
fied structure on inpainting datasets. These methods
allow for controllable inpainting through the use of
text prompts.

In contrast, research on exemplar-driven inpaint-
ing has been relatively limited. PbE (Yang BX et al.,
2023) was the first to implement this topic, but it
alters the base model’s text embedding interface to
accommodate image embedding inputs, resulting in
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a loss of text-guiding capability. Additionally, its
generalizability is limited by the scope of its train-
ing dataset. Another notable approach, TxtInv (Gal
et al., 2022), employs text embedding learning with
background blending (Avrahami et al., 2023) for
subject-driven inpainting. However, this technique
often leads to boundary artifacts during the blend-
ing process. IP-Adapter (Ye et al., 2023) adopts an
image-to-image (I2I) model capable of performing
local edits on source object when used in conjunc-
tion with the SDEdit (Meng et al., 2022) technique.
However, it struggles to obtain satisfactory results
when source object is absent. In contrast, our method
is based on SD-inpaint, which inherently mitigates
the introduction of boundary artifacts. By addi-
tionally fine-tuning the plug-and-play LoRA module
on user-specific exemplar, our method can achieve
high-fidelity exemplar-driven inpainting without the
need for extensive training on large-scale datasets or
modifications to the base model structure.

3 Methods

In this section, we first revisit preliminaries of
the foundational model used in our approach, i.e.,
the SD-inpaint in Section 3.1. We then provide an
overview of our method in Section 3.2, followed by
description of the technical details from both fine-
tuning and inference stages in Sections 3.3 and 3.4,
respectively.

3.1 Preliminaries

The SD-inpaint model (Rombach et al., 2022)
uses a 2D U-Net architecture, parameterized by θ.
The standard training procedure involves adding
Gaussian noise ε ∼ N(0, I) to the input latent sample
z to obtain a noised latent zt = αtz+σtε at timestep
t, where αt and σt are time-dependent DDPM hyper-
parameters. The U-Net considers the timestep t, text
guidance c, a mask m, and a masked image latent zm
as conditions and predicts the noise εθ. The model is
optimized using the following denoising loss:

L = E

[
‖ε− εθ (zt, c, zm,m, t)‖22

]
. (1)

During inference, the model initiates with a ran-
dom Gaussian noise zT ∼ N(0, I) as the latent input.
Conditioned on guidance signals c, m, and zm, it
progressively denoises the latent representation for T

timesteps until it reaches z0 through the following de-
noising diffusion implicit model (DDIM) (Song et al.,
2022) denoising process:

zt−1 =
1√
αt

[
zt − 1− αt

1−√
ᾱt

εθ (zt, c, zm,m, t)

]
,

(2)
where ᾱt =

∏t
1 αi. Finally, the denoised z0 is decoded

back into the pixel space to obtain the inpainted image
x0 = Decode(z0), in which Decode(·) corresponds to
a decoder, such as variational autoencoder (VAE).

3.2 Overview

3.2.1 Task formulation

In this study, we focus on exemplar-driven in-
painting. In this setup, the user provides an exemplar
foreground image Ifg containing a specific foreground
object, a background image Ibg, and a binary mask
m (1 for area to be inpainted and 0 for area to be
preserved). We aim to train LoRA modules φ for the
foreground object on top of the frozen pretrained SD-
inpaint model θ. The combined model {θ,φ} should
be able to seamlessly integrate the object concept
from Ifg into the designated inpainted area of Ibg

while keeping the rest region unchanged. The output
image should maintain a visually coherent effect in
the filled area, avoiding a simple direct copy of the
foreground object and allowing for a certain degree
of variations in gesture, or orientation. Furthermore,
the model still retains the capability of the original
text-driven inpainting.

3.2.2 Overall pipeline

To achieve this purpose, we design a two-stage
fine-tuning-inference pipeline as shown in Fig. 2. Dur-
ing fine-tuning, the user provides an exemplar image.
Based on the pretrained SD-inpaint base model with
frozen weights, we introduce additional trainable
LoRA modules. These modules are designed to learn
the concept of the exemplar image by fine-tuning
on its augmented variants (detailed in Section 3.3).
Concurrently, text conditions are generated using
GPT-4V, which we find beneficial for preserving de-
tails. During the inference, for each exemplar, we
load its pretrained LoRA modules onto the SD-inpaint
base model, thereby equipping the model with the
acquired knowledge of the exemplar concept. When
given with a background image to be inpainted and its
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Fig. 2 Pipeline overview of our method. Based on frozen SD-inpaint model, the fine-tuning stage (left)
involves fine-tuning learnable LoRA modules on a given exemplar image with GPT-4V generated prompt.
The inference stage (right) first loads exemplar-specific pretrained LoRA modules and then samples from the
prior noise initialization to facilitate high-fidelity exemplar-driven inpainting within the masked region of the
provided background image. References to color refer to the online version of this figure

corresponding mask, we then allow the model to sam-
ple from the noise determined by our proposed prior
noise initialization (detailed in Section 3.4). This
further helps the model inpaint the learned exemplar
concept with higher fidelity.

3.3 Fine-tuning stage

The fine-tuning stage involves learning the con-
cept from the given exemplar. This process includes
three components: exemplar-specific LoRA, GPT-4V
prompting, and masked fine-tuning loss.

3.3.1 Exemplar-specific LoRA

LoRA (Hu et al., 2021) is a method designed
for efficiently modifying large models across various
tasks, using a unique approach for weight modifica-
tion. In our application, LoRA learns the customized
features from the exemplar image provided by the
user. It operates on the principle that modifications
φ, with the base model’s weights ψ ∈ R

m×n with
dimensions m × n, have a “low intrinsic rank” and
can be decomposed into two lower-rank matrices,
φB ∈ R

m×r and φA ∈ R
r×n. This factorization

enables efficient parameterization with φ = φBφA,
where r � min(m,n). During fine-tuning, only φA

and φB are updated and θ is kept unchanged, re-
sulting in merged weight ψ̂ = ψ + φBφA. LoRA’s
efficiency makes it popular for fine-tuning large mod-

els, such as SD-inpaint in our case.
Now we determine which part of the model to

apply the LoRA. A diffusion U-Net consists of vari-
ous layers, including residual convolution layers, self-
attention layers, and cross-attention layers. It has
been well-established that cross-attention layers are
crucial for textual responses (Hertz et al., 2022), as
textual tokens etxt (providing key and value) and
vision tokens evis (providing query) attend to each
other within these layers. Therefore, we opt to apply
LoRA to cross-attention layers, specifically to the
key and value projection matrices. Formally, the
cross-attention operation in our method is defined as

CrossAttn(evis, etxt)

=Softmax
(
Qevis[(K+φK)etxt]

T

√
d

)
(V +φV )etxt.

(3)
Here, Q, K, and V are the original query, key, and
value weight matrices, respectively, while φK and
φV are the learnable LoRA key and value weight
matrices, respectively. d is the dimension of the
attention features.

3.3.2 GPT-4V prompting

Prompting is an extremely important factor in
the output quality of generative models. Previous
subject-driven generation tasks normally used “rare
token + class noun” (Kumari et al., 2023; Ruiz et al.,
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2023) as the prompt template, which lacks detailed
information. In our task, we believe it is beneficial to
select an expressive prompt for the exemplar image,
which can greatly aid the model in producing the de-
sired results. As such, we use GPT-4V for generating
prompts for the exemplar image. The usage of GPT-
4V prompting is shown in the green box in Fig. 2.
Additionally, we employ negative text prompts (e.g.,
blurry image, disfigured face, bad anatomy, low res-
olution, deformed body features, poorly drawn face,
and bad composition) to prevent the diffusion model
from generating unwanted and chaotic results. These
two types of prompts work cooperatively to inject
semantic-level guidance into the model.

3.3.3 Masked fine-tuning loss

To learn the exemplar concept while preserving
the model’s existing knowledge, we freeze the original
weights θ and train only the newly added LoRA
modules φ. The whole model is conditioned on the
prompt c provided by GPT-4V. During fine-tuning,
to mitigate overfitting with the few-shot data, we
augment the given exemplar image with random
flips, scaling, and shifting, and we only supervise
the predicted noise ε̂ in the valid region, which is
denoted by a binary mask m. Consequently, the
fine-tuning process employs the following masked
diffusion noise-prediction loss:

L = E

[
‖ε�m− εθ (zt, c, zm,m, t)�m‖22

]
. (4)

3.4 Inference stage

We now explain how to inpaint the background
with the exemplar concept. This involves prior noise
initialization and sampling.

3.4.1 Prior noise initialization

Commonly, the diffusion inference stage starts
from a random noise. However, this scheme some-
times results in missing details in the output. We
hypothesize that this issue arises due to a discrepancy
between fine-tuning and inference phases. During
fine-tuning, the model processes a noised latent input
that blends the noise and signal. This mixture retains
some prior information about the input signal, even at
high noise levels. In contrast, the inference typically
involves sampling from purely random noise, creating
a knowledge gap. To bridge this gap, we propose the

prior noise initialization, instead of sampling from
a random noise, which samples from the noise that
aligns with the fine-tuning scheme. This is achieved
by applying one-step forward DDPM noising (Ho
et al., 2020) to a composited input sample ẑ0, as
shown below:

zT = αT ẑ0 + σT ε, (5)

where T is the last timestep. The composited input
sample ẑ0 is created by copying the exemplar image
and pasting it onto the bounding box area of the
masked region in the background image. As a result,
zT contains the information from the exemplar. Note
that this initialization still incorporates randomness;
thus, the model is still able to generate diverse re-
sults. Fig. 3 illustrates the process of prior noise
initialization.

zT

zT z zT Iz TTTq

Fig. 3 Illustration of prior noise initialization

3.4.2 Sampling

With the fine-tuned LoRA, the input background
image, and its mask, the user can then engage in either
exemplar-driven or text-driven inpainting.

1. Exemplar-driven inpainting: with LoRA en-
abled, reuse of GPT-4V prompt, and prior noise
obtained by Eq. (5).

2. Text-driven inpainting: with LoRA disabled,
customized prompt, and random noise.

In either case, the iterative sampling process is
formulated by Eq. (2), and the final output result is
decoded from the denoised latent z0.

4 Experiments and results

4.1 Experimental setup

4.1.1 Implementation details

Our method is based on stable-inpaint-v1.5
(Rombach et al., 2022). We choose rank=16 for
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LoRA module, and fine-tune it for 300 iterations
using the Adam optimizer (Kingma and Ba, 2017)
for each exemplar image, with a batch size of 1 and
a learning rate of 5e-5. For inference, we use the
DDIM sampler (Song et al., 2022) with 50 steps and a
classifier-free guidance of 8 (Ho and Salimans, 2022).

4.1.2 Dataset

We manually curate a benchmark dataset con-
taining 192 pairs of exemplar–background–mask sam-
ples, which are constituted by 24 foreground exem-
plars, 23 background images; and 23 masks, covering
different categories of object type and scenes.

4.1.3 Baselines

We compare our method with recent state-of-
the-art methods.

1. SD-inpaint (Rombach et al., 2022): We use
GPT-4V to generate prompts that simulate a user’s
detailed description for the desired inpainting results.

2. PbE (Yang BX et al., 2023): It is a feed-
forward model that incorporates exemplar embed-
dings as input conditions, facilitating example-driven
inpainting tasks.

3. TxtInv (Gal et al., 2022): This method fo-
cuses on customized generation through textual em-
bedding optimization. It requires integration with
latent blending (Avrahami et al., 2023) technique for
localized inpainting.

4. IP-Adapter (Ye et al., 2023): A feed-forward
model designed for image-guided generation needs
to be combined with SDEdit (Meng et al., 2022) for
local editing purpose.

We use the official source code and models to
reproduce the results for these baseline methods.

4.1.4 Metrics

We use the following popular metrics for evalu-
ating the performance of the different methods.

1. CLIP image–image similarity (CLIP-I) (Hessel
et al., 2022): It measures how output image is like the
exemplar image by computing image–image similarity
in the CLIP image embedding space (Radford et al.,
2021).

2. CLIP text–image similarity (CLIP-T): It mea-
sures how output image aligns with the text prompt
by computing the text–image cosine similarity in the
CLIP joint embedding space.

3. Fréchet inception distance (FID) (Heusel et al.,
2017): It measures the technical quality of generated
images by comparing with 1600 images from the
LAION-art dataset (Schuhmann et al., 2021).

4. Aesthetic score: It measures the aes-
thetic quality of the generated images by us-
ing the pretrained aesthetic evaluation model
(https://github.com/christophschuhmann/improved-
aesthetic-predictor).

4.2 Qualitative comparison

In Fig. 4, we present a side-by-side comparison
with these baselines, and the exemplar images con-
tain objects and human faces. Our method generally
achieves the most faithful results to the exemplar
images, and our results exhibit the fewest artifacts.
While all methods can achieve comparable results
for commonly seen concepts (e.g., the cat and the
dog examples), feed-forward-based methods such as
PbE and IP-Adapter struggle with less common or
customized objects, such as the cartoon character
and human faces, which may not be present in their
training datasets. Additionally, since IP-Adapter is
originally designed for I2I generation rather than in-
painting, it requires integration with SDEdit for local
editing based on the source object. This can lead to
more artifacts when the source object is unavailable,
causing the inpainted object to conform unnaturally
to the mask shape.

While SD-inpaint does not show artifacts, it is
trained specifically for inpainting tasks that can in-
herently produce natural inpainting results. However,
it fails to produce exemplar-like results even with
detailed prompts, underscoring the importance of
exemplar-driven inpainting tasks, which is challeng-
ing to achieve through text guidance alone.

In contrast, optimization-based approaches like
our method and TxtInv demonstrate more aligned
results compared to other baselines, indicating the
significance of few-shot fine-tuning for customization
purposes. Furthermore, our results preserve more de-
tails than TxtInv, as evidenced by the backpack, clock,
and human face examples. We attribute this superi-
ority to our method’s encoding of exemplar concepts
within LoRA weights, which possess a stronger fitting
capability. This is due to the fact that the optimiza-
tion space of the weights is much larger than TxtInv’s
text embedding space. Moreover, TxtInv suffers from
edge artifacts, i.e., the unnatural stitching along the
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object boundary, which is a consequence of the latent
blending process where boundary transitions may not
be fully harmonized. Our method avoids such issue
by building on the SD-inpaint model.

4.3 Quantitative comparison

We report I2I, T2I, FID, and aesthetic scores
in Table 1. Among these, the I2I score is particu-
larly crucial for our exemplar-driven study because it
measures the similarity between the output and the
exemplar image. Notably, our method achieves the
highest I2I score compared to all baselines, indicat-
ing that it preserves more details from the exemplar
image, aligning well with the visual results as shown
in Fig. 4.

For the T2I score, which assesses the alignment
between the text prompt and the output, TxtInv
emerges as the leader. We hypothesize that this is
due to TxtInv’s tendency to generate oversized objects
that completely fill the mask shape, resulting in a
stronger response to the text prompt. However, this
approach often introduces edge artifacts caused by
latent blending, as observed in cat and clock examples
as shown in Fig. 4.

Regarding the FID and aesthetic scores, the per-
formances of all baselines are relatively consistent,
without discernible significant differences. These find-
ings imply that the baseline models may exhibit simi-
lar performance levels with respect to image quality
and aesthetics.

4.4 Ablation studies

We conduct ablation studies to validate the com-
ponents of our approach.

4.4.1 Effect of GPT-4V prompting

In Section 3.3.2, we introduce the use of GPT-4V
prompting to achieve a more accurate initial textual
description of the exemplar image, which can benefit

the few-shot learning process. To demonstrate the
advantages of using GPT-4V prompting, we compare
this approach with a pain prompt, “a photo of <x>,”
where <x> denotes the subject category noun. Our
findings indicate that using detailed GPT-4V prompt-
ing retains more details from the exemplar image. As
illustrated in Fig. 5, for the backpack example, the
GPT-4V prompting not only specifies the object but
also includes color constraint, indicating that the
backpack should be red. Similarly, for the vase ex-
ample, the GPT-4V prompting includes additional
contextual details about the flowers inside the vase,
successfully guiding the model to reproduce these
elements in the output. This enhanced detailing in
the prompts significantly contributes to the accuracy
and richness of the inpainting results. We report
quantitative ablation results in Table 2.

Table 2 Impact of GPT-4V prompting and prior noise
initialization

GPT-4V prompt Prior noise I2I score T2I score

× × 68.01 28.98
× � 69.20 29.14
� × 71.26 29.34
� � 72.05 29.31

The best results are in bold

4.4.2 Effect of prior noise initialization

In Section 3.4.1, we propose sampling from prior
noise initialization derived from the exemplar image
instead of random noise. This prior noise initial-
ization incorporates some information from the ex-
emplar, leading to more accurately aligned results.
We illustrate this effect in Fig. 6, where we compare
batches of results sampled with and without prior
noise initialization. When sampling without prior
noise initialization, the outputs are more prone to
missing certain customized features from the exem-
plar, such as the color of the backpack, and the clock

Table 1 Quantitative comparison with baselines

Method I2I score T2I score FID score Aesthetic score

SD-inpaint (Rombach et al., 2022) 65.59 28.10 149.62 5.0836
TxtInv (Gal et al., 2022) 70.86 29.45 146.89 5.0765

PbE (Yang BX et al., 2023) 69.47 28.79 150.45 5.0864
IP-Adapter (Ye et al., 2023) 64.77 27.74 152.45 4.9558

Ours 72.05 29.31 146.14 5.0854

The best results are in bold
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Fig. 4 Qualitative comparison with baselines. Each image grid shows results obtained from one exemplar
image and three different background images. Zoom-in for the best view

is shifted in some examples. Conversely, initializing
with prior noise initialization results in more stable
and consistent outputs. We provide the quantitative
statistics in Table 2 to support our findings.

4.4.3 Fine-tuning hyper-parameters

There are the following two key hyper-
parameters to choose from during the LoRA
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Fig. 5 Visual comparison between using plain prompting (blue box) vs. GPT-4V prompting (orange box).
References to color refer to the online version of this figure

Fig. 6 Batched visual comparison between sampling
with (w/) or without (w/o) prior noise initialization

fine-tuning process: LoRA rank and the number of
fine-tuning iterations. To determine a proper choice
of them, we conduct experiments with different LoRA
ranks and the number of fine-tuning iterations. The
objective statistics are presented in Tables 3 and
4. For subjective results, we observe that a higher
LoRA rank can lead to more aligned results in some
instances, while in others, the differences are less
pronounced. We select a rank of 16 by default to
balance effectiveness and LoRA size. On the contrary,
the number of fine-tuning iterations has a more sig-
nificant impact on the results. Increased fine-tuning
iterations result in more aligned outputs, as demon-
strated in Fig. 7. We opt for 300 iterations, which we
find to be sufficient for most cases.

5 Limitations

While our method shows the capability for few-
shot exemplar-driven inpainting, we identify several
limitations in some specific scenarios.

5.1 Failure in small masked areas

When the masked area is small, our method
sometimes fails to inpaint the object effectively, as
illustrated in Fig. 8a. For example, when we attempt
to insert a can into a small area on the table, the
result contains unexpected artifacts. We believe this
issue is inherited from the base SD-inpaint model.

Previous studies (Wang et al., 2023; Xie et al.,
2023) revealed that the SD-inpaint model some-
times ignores the text prompt, particularly when
the masked area is small. The underlying reason is
that SD-inpaint was originally trained with randomly
generated masks, which often cover image regions
unrelated to the text prompt. Training on such

Table 4 Performance analysis with different numbers
of fine-tuning iterations

Number of iterations I2I score Time (s)

100 71.26 152
200 71.73 305
300 72.05 457
400 72.12 611

Tested on a single NVIDIA RTX3090 GPU. The best re-
sults are in bold

Table 3 Performance analysis with different LoRA ranks

LoRA rank I2I score Number of parameters Speed (iteration/s) GPU memory (MB)

4 71.94 397 000 1.49 6380
16 72.05 1 591 000 1.49 6394
64 72.13 6 365 000 1.49 6488

Tested on a single NVIDIA RTX3090 GPU. The best results are in bold
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Fig. 7 Effect of different numbers of fine-tuning iterations. More fine-tuning iterations result in more aligned
outputs

Fig. 8 Failure cases: failed to inpaint small masked
areas (a), failed to inpaint the exemplar image that is
semantically incompatible with the background (b),
and failed to achieve harmonized inpainting across
style gap (c)

image-mask pairs encourages the model to ignore the
prompt, leading to reduced textual responsiveness.

We propose two potential solutions for this is-
sue, which we leave for future work: (1) regional
attention amplification, as suggested in the study by
Chefer et al. (2023). During the sampling process, we
explicitly increase the cross-attention values of the
text prompt within the masked area to enhance the
presence of the target object. (2) Cropping and up-
sampling the masked area to increase its size before
inpainting. After inpainting, the result can be resized
back and inserted into the original background.

5.2 Exemplar–background semantic incom-
patibility

Another limitation arises when the exemplar im-
age is semantically incompatible with the background
context. As illustrated in Fig. 8b, attempting to in-
paint the Statue of Liberty onto a bird’s body results
in unrealistic outputs. This is because the base model
was pretrained on natural images and has not been
exposed to such unusual combinations, making it

less capable of generating uncommon or semantically
inconsistent outputs.

This issue reflects a fundamental limitation of
exemplar-driven methods, where the model cannot
handle large semantic mismatches between the exem-
plar and background. In such cases, user guidance be-
comes essential. This suggests that exemplar-driven
methods may require human-in-the-loop systems to
guide users toward feasible inputs. For example, an
interactive feedback system could remind users to
provide reasonable inputs and assist in adjusting or
selecting suitable exemplars.

5.3 Exemplar–background style incompatibil-
ity

When there is a significant style difference be-
tween the exemplar and the background image, our
method struggles to harmonize them (see Fig. 8c).
For example, trying to inpaint a cartoon-style exem-
plar into a real-world scene can result in incoherent
outputs. This issue is common across many genera-
tive models.

Possible mitigation strategies include the fol-
lowing: (1) applying style transfer techniques to
pre-align the styles of the exemplar and background
before inpainting and (2) integrating a style-aware
fine-tuning step into the LoRA module. Specifically,
we could fine-tune style-specific LoRAs, similar to
how we handle exemplars. During inference, we could
mix a subject LoRA with a style LoRA to achieve
style-aligned exemplar-driven inpainting.

6 Conclusions

We presented a novel approach for few-shot
exemplar-driven inpainting via a parameter-efficient
fine-tuned diffusion model, allowing users to provide
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a reference image for customized inpainting. Specifi-
cally, our approach enhanced a pretrained SD-inpaint
model with learnable LoRA modules, which are dedi-
cated to learning customized concepts from the exem-
plar, facilitating efficient fine-tuning with less compu-
tational cost while preserving base model’s integrity.
We also introduced GPT-4V prompting and prior
noise initialization to further assist the detail preser-
vation. Our experimental results and ablation studies
confirmed that these innovations lead to more robust
and high-fidelity inpainting outcomes, outperforming
existing state-of-the-art methods qualitatively and
quantitatively. We believe this work will contribute
to the field of AIGC by providing an adaptable, cus-
tomized, and effective exemplar-driven image editing
solution.
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