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Abstract

Personalizing 3D scenes from a single reference image en-
ables intuitive user-guided editing, which requires achieving
both multi-view consistency across viewpoints and referential
consistency with the input image. However, these goals are
particularly challenging due to the viewpoint bias caused by
the limited perspective provided in a single image. Lacking the
mechanisms to effectively expand reference information be-
yond the original view, existing methods of image-conditioned
3DGS personalization often suffer from this viewpoint bias
and struggle to produce consistent results. Therefore, in this pa-
per, we present Consistent Personalization for 3D Gaussian
Splatting (CP-GS), a framework that progressively propa-
gates the single-view reference appearance to novel perspec-
tives. In particular, CP-GS integrates pre-trained image-to-3D
generation and iterative LoRA fine-tuning to extract and ex-
tend the reference appearance, and finally produces faithful
multi-view guidance images and the personalized 3DGS out-
puts through a view-consistent generation process guided by
geometric cues. Extensive experiments on real-world scenes
show that our CP-GS effectively mitigates the viewpoint bias,
achieving high-quality image-conditioned 3DGS personaliza-
tion that significantly outperforms existing methods.

1 Introduction
In the evolving field of 3D computer vision, user-friendly 3D
editing has attracted growing attention as a key research fo-
cus (Chen et al. 2023b; Haque et al. 2023; Karim et al. 2023;
Dong and Wang 2024; Song et al. 2023; Chen, Laina, and
Vedaldi 2024; Wang et al. 2024; Lee et al. 2024; Dihlmann,
Engelhardt, and Lensch 2024; Fang et al. 2023). Among re-
cent advances, 3D Gaussian Splatting (3DGS) (Kerbl et al.
2023) has emerged as a groundbreaking 3D representation,
offering an explicit and efficient structure that supports lo-
cal manipulation and rendering in real time. Building up
the 3DGS representation, we focus on a practical and intu-
itive form of user interaction—personalizing a 3DGS scene
using only a single-view reference image—by editing a user-
specified region to match the reference appearance. To make
it clear, as illustrated in Figure 1, given a reference image
depicting a unique brown panda, our goal is to modify a
user-specific bear region in the scene to a panda that aligns
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with the appearance in the image. This task enables intuitive
3D customization from a single reference image, supporting
applications such as personalized avatars in virtual reality
and assets stylization in interactive environments.

With the advent of large-scale pre-trained 2D diffusion
models (Rombach et al. 2022; Podell et al. 2023; Peebles
and Xie 2023), recent 3DGS editing methods (Chen, Laina,
and Vedaldi 2024; Wang et al. 2024; Fang et al. 2023; Wu
et al. 2024) have predominately leveraged image generation
models to produce pseudo-images as editing guidance that
supervise the fine-tuning of 3DGS scenes. In this paradigm,
the task of image-conditioned personalization requires two
key consistencies in the guidance images: (1) referential con-
sistency with the visual appearance of the reference image
and (2) multi-view consistency across different perspectives
to prevent conflicting guidance. However, achieving these
consistencies remains a significant challenge for existing
approaches (Zhuang et al. 2024) conditioned on a single
reference image. As illustrated in Figure 2, prior methods
typically adapt their image generation models directly to the
single reference view, often overfitting and misprojecting
appearance features in the reference image onto unrelated
viewpoints. This leads to distorted appearances and severe
multi-view inconsistencies in the editing guidance, ultimately
resulting in noticeable artifacts in the final 3D output.

We argue that the core challenge lies in the viewpoint bias
introduced by the limited perspective of a single reference
image, where the image model lacks sufficient information to
infer appearances under novel viewpoints that are far from the
reference. As a result, the model is often biased towards the
reference view, making existing methods struggle to produce
consistent multi-view editing guidance. Therefore, in this
paper, we propose Consistent Personalization for 3DGS
(CP-GS), a high-quality personalization framework that ad-
dresses the viewpoint bias by progressively propagating the
reference appearance to novel perspectives. As illustrated in
Figure 2, using a coarse guidance as structural priors to es-
tablish viewpoint cues for consistent appearance generation,
CP-GS operates in a coarse-to-fine manner with three stages:
(1) Coarse guidance generation to initialize geometry and
propagate rough appearance. (2) Iterative LoRA fine-tuning
to extract and extend fine-grained reference details. (3) View-
consistent generation that leverages the coarse guidance and
trained LoRA to produce the final guidance images, which
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Prompt: A * panda in the forestPrompt: A * dog in the forest

Prompt: A man wearing * sunglasses Prompt: A grandma with * face in room

Prompt: A painting in the style of *Prompt: A * Teddy on the bench

Figure 1: Given a source 3DGS scene and a single reference image, CP-GS enables high-quality personalization by editing
a user-specified region (e.g., the bear, man’s eye, man’s face, bench-top, entire scene) to match the reference appearance,
supporting object replacement, adding new objects, and stylization of existing objects.

are used to fine-tune and produce the 3DGS output.
In the first stage, we establish a coarse guidance that serves

as a structural prior, enabling the initial propagation of ref-
erence appearance into a coarse, view-consistent 3D repre-
sentation. Specifically, we employ a pre-trained image-to-3D
generation model (Xiang et al. 2024) to produce a geometry-
consistent contour with a rough texture estimate, which is
integrated into the target location in the scene. As shown in
Figure 2, although the resulting textures are often unrealistic
due to the domain gap between the real-world reference im-
age and the CGI-style pre-training data (Deitke et al. 2023b,a)
of image-to-3D model, it captures structural geometry and a
rough yet view-consistent appearance.

To recover fine-grained reference appearance while avoid-
ing the viewpoint bias, the second stage draws inspiration
from (Raj et al. 2023), which proposed that diffusion models
adapted to a single image hold the potential to generate novel
neighboring views around the reference. Therefore, in this
stage, we propose an iterative LoRA fine-tuning strategy that
gradually extracts and propagates reference appearance to
novel viewpoints. In each iteration, we translate novel-view
renderings of the coarse guidance using the current trained
LoRA model and select one well-aligned result—identified
via our designed scoring mechanism based on dense feature
matching (Edstedt et al. 2024)—to augment the training set
for the next round fine-tuning.

Leveraging the coarse guidance and the trained LoRA, we
employ a pre-trained flow-based model (Labs 2024) in the
last stage to generate the final guidance images. We begin
by applying rapid rectified-flow inversion (Rout et al. 2024)
to convert renderings of the coarse guidance into noisy la-
tents, which are passed to the Flow Transformer and serve

as the starting point for generation, conditioned on the depth
maps of the coarse guidance. To further reduce the multi-
view inconsistency arising from viewpoint variance, we in-
troduce an epipolar-constrained token replacement strategy
that aggregates visual features across views using geometric
correspondences, improving overall multi-view coherence.

As illustrated in Figure 1, by progressively propagating
the single-view reference appearance in a coarse-to-fine man-
ner, CP-GS effectively addresses the challenges posed by the
viewpoint bias, resulting in superior visual quality in per-
sonalized 3DGS results. Comprehensive evaluations across
diverse real-world scenes demonstrate that our CP-GS suc-
cessfully address the artifacts caused by limited reference
perspectives and outperforms state-of-the-art methods in both
qualitative and quantitative comparisons. Based on the above,
our contributions can be summarized in three aspects:

• We identify the viewpoint bias caused by limited refer-
ence perspective information as the crux of referential and
multi-view inconsistencies in previous single-view 3D per-
sonalization methods.

• To mitigate the viewpoint bias, we propose a coarse-to-
fine appearance propagation framework that progressively
expands the single-view reference appearance to novel
perspectives, generating guidance images with faithful ref-
erential consistency and strong multi-view consistency.

• We validate CP-GS through extensive experiments on var-
ious real-world scenes, demonstrating its superior perfor-
mance over previous 3DGS personalization and editing
methods in both qualitative and quantitative evaluations.
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Figure 2: red: Previous methods suffer from viewpoint bias and produce distorted editing guidance, where the resulting panda
shows significant viewpoint overfitting, leading to both the referential and multi-view inconsistencies. blue: By progressively
propagating reference to novel views, CP-GS mitigates the bias and achieves both consistencies in the guidance images.

2 Related Works
Image-guided 2D Customization. Given a set of reference
images, the task of 2D customization aims to edit a source
image or generate a new image under the guidance of the
reference, where customization methods (Gal et al. 2022a;
Ruiz et al. 2023; Liu et al. 2023) typically optimize a special
token or use LoRA-based adaptation to capture the appear-
ance of the reference images. Built on this strategy, early
methods (Gal et al. 2022a; Ruiz et al. 2023; Liu et al. 2023;
Choi et al. 2023; Yang et al. 2023) rely on multiple refer-
ence images to construct the novel content through test-time
fine-tuning (TTF). Subsequent works (Chen et al. 2023a; Li
et al. 2023; Sohn et al. 2023; Avrahami et al. 2023) further
improve the flexibility of this paradigm by training with a sin-
gle reference image. Recently, leveraging large-scale image
datasets (Schuhmann et al. 2022; Pexels 2024; Byeon et al.
2022; Changpinyo et al. 2021; Sharma et al. 2018), a line of
work (Li, Li, and Hoi 2023; Chen et al. 2024a; Yuan et al.
2023; Chen et al. 2024b,c; Peng et al. 2024) has adopted pre-
trained adaptation (PTA), which trains on large-scale paired
data and bypasses fine-tuning during inference. While our
iterative LoRA fine-tuning strategy builds on the test-time
fine-tuning paradigm, the task of 3D personalization presents
additional challenges beyond those in 2D customization, no-
tably the need for multi-view consistency and mitigating the
viewpoint bias to avoid conflict guidance.
Consistent 3D Field Editing. Early approaches for consis-
tent 3D editing (Kamata et al. 2023; Park, Kwon, and Ye
2023; Yi et al. 2024; Zhuang et al. 2023; Koo, Park, and
Sung 2023) predominantly rely on NeRF (Mildenhall et al.
2021) representations optimized via Score Distillation Sam-
pling (SDS)-based techniques (Poole et al. 2022). Subsequent
works (Chen et al. 2023b; Haque et al. 2023; Dong and Wang
2024) employ image-guided 3D editing by leveraging pre-
trained 2D diffusion models to generate multi-view guidance
images. Pioneered by (Chen et al. 2023b; Fang et al. 2023), re-
cent methods integrate Gaussian Splatting (Kerbl et al. 2023)
into 3D field editing due to its superior efficiency and con-
trollability. More recently, a line of research (Chen, Laina,
and Vedaldi 2024; Wang et al. 2024; Lee et al. 2024; Wu
et al. 2024) has aimed to explicitly ensure multi-view con-
sistency in the guidance images. VcEdit (Wang et al. 2024)
introduces latent and attention map aggregation, while Gauss-
Ctrl (Wu et al. 2024) and DGE (Chen, Laina, and Vedaldi
2024) utilize cross-view extensive attention to harmonize

the variations across views. However, all these methods are
limited to simple text prompts condition and lack the ability
of customized editing. The most relevant work with ours is
TIP-Editor (Zhuang et al. 2024), which combines the LoRA
fine-tuning and the SDS optimization to distill the reference
content into 3D scene. However, it fails to consistently ex-
pand the reference appearance across views, often exhibits
visual artifacts in the 3D outputs due to viewpoint bias.

3 Methodology
In this section, we present the CP-GS framework that per-
sonalize a 3DGS scene from a single-view reference image
(Sec. 3.1), with the overall pipeline illustrated in Figure 3. We
first employ a pre-trained image-to-3D model to construct
a coarse guidance with a rough yet view-consistent refer-
ence appearance, serving as the initial step of our propaga-
tion (Sec. 3.2). To further extract and propagate fine-grained
appearance details, we then introduce an iterative LoRA
fine-tuning strategy that progressively expands the training
views through image translation and selective augmentation
(Sec. 3.3). Finally, we combine the coarse guidance and the
trained LoRA within a pre-trained Flow model to generate
multi-view consistent, reference-aligned guidance images,
resulting in the final 3DGS output (Sec. 3.4).

3.1 Problem Definition
Given a source 3DGS scene Gsrc and a reference image I ref,
the goal is to edit a user-specific region in Gsrc to the person-
alized Gedit that align with I ref. To achieve this, we adopt an
image-guided paradigm that generates a set of multi-view
personalized guidance images Igde to supervise the transfor-
mation of Gsrc into Gedit. For each view, we define an editing
loss including a mean absolute error LMAE and a perceptual
loss LLPIPS between the real-time rendering and correspond-
ing guidance image. The final 3DGS model Gedit is then
optimized by minimizing the editing loss across all views V :

Gedit = argmin
G

∑
v∈V

(λ1LMAE(R(G, v), Igde)

+ λ2LLPIPS(R(G, v), Igde)) (1)

where R denotes the rendering function (Kerbl et al. 2023).
This paradigm requires two key properties in the multi-view
guidance images Igde: multi-view consistency across V to
prevent optimization conflicts, and referential appearance

10334



I. Coarse Guidance Generation II. Iterative LoRA Fine-tuning

Ref. Image

Coarse Guidance

III. View-consistent Generation

Noisy Latents

R.F.
Inverse

Coarse Guidance

Color

Depth

Add / Replace

Depth

Mask

Flow Transformer

LoRA

LoRAFlow 
Transformer

Personalized
3DGS Results

Source
3DGS

Image-
to-3D

Train

Rendering Translation Augmented Set
Select

Next
Iteration

……

Coarse
Guidance

3DGS

Fine-tune

Score

Figure 3: The pipeline of our CP-GS includes three stages: coarse guidance generation via a pre-trained image-to-3D model;
iterative LoRA fine-tuning to extract and propagate detailed reference appearance; and view-consistent generation of guidance
images to produce final 3DGS outputs, progressively propagating the single reference image to a multi-view representation.

consistency to the I ref to fulfill the personalization objective.
Our CP-GS is designed to explicitly ensure both consistency
to achieve high-quality 3D personalization.

3.2 Coarse Guidance Generation
As noted in Sec. 1, the limited perspective of a single refer-
ence image fails to provide sufficient geometric and coherent
appearance information for constructing a consistent multi-
view representation. Therefore, in the first stage, we lever-
age an off-the-shelf image-to-3D generation model TREL-
LIS (Xiang et al. 2024) pre-trained on large-scale CGI-style
3D datasets (Deitke et al. 2023b,a) to produce a coarse guid-
ance, expanding the reference into a rough yet multi-view
consistent representation. As illustrated in the top-left of Fig-
ure 3, the reference image is fed into the pre-trained TREL-
LIS to generate the corresponding 3D rough asset, which
is then integrated into the source scene to replace or aug-
ment the user-specific target region. Here we provide two
integration modes: (1) Adding new content – the user pro-
vides a 3D bounding box specifying the object’s position and
scale; (2) Replacing existing content – the target bounding
box is extracted from the existing content via PCA (Abdi
and Williams 2010), and the generated asset is fitted accord-
ingly. This coarse guidance provides a plausible 3D geometry
and establishing a rough yet view-consistent appearance that
serves as a structural prior for subsequent stages.

3.3 Iterative LoRA Fine-tuning
Due to the inevitable domain gap between the real-world
reference image and the CGI-style datasets (Deitke et al.
2023b,a) used to train the image-to-3D model (Xiang et al.
2024), the generated assets of coarse guidance often exhibit
unrealistic and rough appearance that lacks referential consis-
tency. On the other hand, we observe that image generation

model tend to overfit to the reference view under the single
image setting, resulting in a strong viewpoint bias. To address
these issues, we adopt an iterative LoRA fine-tuning strategy
that retrieves a fine-grained appearance from the reference
and progressively propagates it to novel views.

Specifically, we initialize the training set with the given
single-view image, conducting the first iteration of LoRA
fine-tuning using a prompt containing a learnable special
token to encode the reference characteristics. Inspired by
DreamBooth3D (Raj et al. 2023), which demonstrates that
image generation models (Rombach et al. 2022) adapted to
a single-view image can still synthesize neighboring views
of the reference subject within a limited perspective range,
we render the coarse guidance from multiple viewpoints and
apply the fine-tuned model to translate the renderings toward
the photorealistic reference target using the same prompt.
Subsequently, we select one well-aligned translated image
using a task-specific scoring mechanism and append it to the
training set to augment the next round of fine-tuning.

We notice that designing such scoring mechanism is non-
trivial, as it must avoid viewpoint-biased translations and
redundant views that are already well covered by the train-
ing set, ensuring that each selection contributes effectively
to our appearance propagation. Notably, as shown in Fig-
ure 4(a), both types of undesirable cases exhibit relatively
high similarity to the training images: (1) redundant views,
which are close to the training perspective, naturally share
similar appearance; and (2) biased translations, which often
inherit excessive training-view features due to overfitting,
also tend to exhibit higher similarity to training images than
the well-aligned novel-view results. Therefore, we identify
the well-aligned result as the one with minimal overall simi-
larity to the training set, measured via dense feature matching
using the pre-trained RoMa model (Edstedt et al. 2024). De-
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Figure 4: (a) Visualization of the translated results and the
similarities in our scoring mechanism. (b) Illustration of the
proposed epipolar-constrained token replacement strategy.

noting I train
t the training image set and I trans

t the translations
at iteration t, our scoring and selection are formulated as:

I train
t+1 = I train

t ∪ {argmin
i

∑
j

SRoMa(I
trans
i , I train

j )},

where I trans
i ∈ I trans

t , I train
j ∈ I train

t (2)

where SRoMa(·) denotes the similarity computed by the RoMa
model. Leveraging the neighboring-view expansion capabil-
ity of the trained LoRA module, our iterative fine-tuning
strategy effectively propagates single-view reference details
to novel perspectives and alleviates the viewpoint bias, en-
abling the model to learn fine-grained appearance with both
multi-view and reference consistency.

3.4 View-consistent Generation
In the final stage, we adopt a view-consistent generation strat-
egy based on a pre-trained Flow Transformer (Labs 2024),
combining the coarse guidance (Sec. 3.2) and the iteratively
trained LoRA module (Sec. 3.3) to produce the final con-
sistent guidance images. As shown in Figure 3, we begin
by rendering the coarse guidance into multi-view images
and converting them into noisy latents using rectified-flow
inversion (Rout et al. 2024) to encode both the appearance
and geometry. Serving as the starting point for subsequent
generation process, these latents are then fed into the Flow
Transformer along with rendered depth maps, which pro-
vide geometric cues to align appearance generation with the
underlying structure and enhance multi-view consistency.

Inspired by (Chen, Laina, and Vedaldi 2024; Feng et al.
2025), we introduce an epipolar-constrained token replace-
ment mechanism to promote multi-view consistency by uni-
fying foreground tokens across views that correspond to the
same 3D locations. Specifically, we perform token replace-
ment in the early dual-stream blocks of the Flow Transformer,
where visual tokens are explicitly maintained and can be di-
rectly modified. The mechanism starts by automatically se-
lecting a set of key views with minimal overlap to ensure full
coverage, and extracting all foreground pixel indices using
multi-view masks from the coarse guidance. As illustrated
in Figure 4(b), for each foreground token in non-key views,
we compute its epipolar lines on the two nearest key views
and replace it with the interpolation of its most similar tokens
along the two epipolar lines, weighted by its camera distance

to the key views. Given a non-key frame, the interpolation
f ′(u) used to replace the original token f(u) at pixel u is
computed using the foreground tokens in the two nearest
key frames ki, indexed by i ∈ {1, 2}. Letting c denote the
corresponding camera and lu→i denote the epipolar line of u
in the i-th key view, the token f ′(u) is computed as:

f ′(u) =
∑
i

ki(vi)D(c, ci)/
∑
i

D(c, ci),

where vi = argmax
v∈lu→i

⟨f(u),ki(v)⟩ (3)

where D(c, ci) represents the camera distance from c to the
i-th key view’s camera ci. This mechanism effectively alle-
viates cross-view variance, producing fine-grained guidance
images with strong multi-view consistency and faithful ref-
erence alignment. These images then supervise the 3DGS
parameter updating of the coarse guidance, yielding the final
personalized 3DGS result of our CP-GS framework.

4 Experiments
4.1 Implementation Details
We implement our framework based on the official 3DGS
codebase (Kerbl et al. 2023), GaussianEditor (Chen et al.
2023b), and the LoRA training scripts from Diffusers (von
Platen et al. 2022). We employs TRELLIS (Xiang et al. 2024)
as image-to-3D model to generate our coarse guidance. For
the Flow transformer, we adopt FLUX.1-dev (Labs 2024)
equipped with the depth LoRA adapter. In most cases, we
use two iterations of LoRA training, which takes around 15
minutes on two NVIDIA RTX A6000 GPUs and is reusable
across different source scenes. Using the trained LoRA and
coarse guidance, we generate consistent multi-view guidance
images and optimize the 3DGS model with the Adam opti-
mizer at a learning rate of 0.001, taking around 10 minutes
per scene when using the same two A6000 GPUs.

4.2 Qualitative Evaluation
We compare our CP-GS with two state-of-the-art 3DGS edit-
ing baselines: DGE (Chen, Laina, and Vedaldi 2024), which
conditioned on text prompt, and TIP-Editor (Zhuang et al.
2024), the only existing method with the same single-image
condition as ours. We construct a challenging test set compris-
ing reference images from TIP-Editor and additional internet-
sourced examples with highly specialized, visually intricate
appearances. For DGE, we employ GPT-4o (Hurst et al. 2024)
to generate concise captions (within 5 words) that describe
the reference object, as longer prompts were observed to
degrade its performance. As shown in Figure 5, both base-
lines fail to preserve the distinctive appearance features of
the reference images. Moreover, TIP-Editor exhibits severe
artifacts in its personalized results, primarily due to multi-
view inconsistencies in the guidance images resulting from
viewpoint bias. In contrast, our CP-GS consistently produces
clean, coherent, and intricately detailed edits that faithfully
align with the reference image.

This performance gap underscores the baseline methods’
inability to capture and propagate reference appearance. DGE
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Turn it into a pink fox plush doll A * doll on the table A * doll on the table

A * dog in the forest A * dog in the forestTurn it into a yellow mastiff

A * horse in the garden A * horse in the gardenTurn it into a brown pure-blood horse

Source DGE TIP-Editor Ours

Figure 5: Qualitative comparison of personalization results between our CP-GS and the existing SOTA methods (Chen, Laina,
and Vedaldi 2024; Zhuang et al. 2024), where CP-GS outperforms with superior visual quality and reference alignment.

illustrates the shortcomings of text-conditioned 3DGS edit-
ing for personalization: lacking direct access to the reference
image, it relies solely on short textual prompts that fail to cap-
ture rich visual details. Moreover, the specialized reference
images often fall outside the distribution of text-to-image
models, making them difficult to represent accurately. On the
other hands, TIP-Editor lacks explicit mechanism to extend
the reference appearance to novel viewpoints, resulting in
strong viewpoint bias, which introduces multi-view incon-
sistencies in its 2D guidance, ultimately leading to visual
artifacts in the 3DGS results. By contrast, CP-GS explicitly
addresses these issues through the coarse-to-fine appearance
propagation, enabling high-quality 3DGS personalization
that ensures both referential and multi-view consistency. Ad-
ditional results showcasing the effectiveness of our CP-GS
are presented in the Appendix.

4.3 Quantitative Evaluation
In Table 1, we present a quantitative evaluation comparing
our CP-GS with the two baselines (Chen, Laina, and Vedaldi
2024; Zhuang et al. 2024) on over 20 samples collected in
the same manner as the qualitative experiments. We first con-
duct a user study to assess the proportion of results deemed
satisfactory by users in aspects of visual quality and the refer-
ence alignment, with further details provided in the Appendix.
Besides, we follow existing setting (Zhuang et al. 2024) to
report CLIP (Radford et al. 2021) and DINO (Oquab et al.
2023) image-to-image similarity metrics that quantify the
alignment between edited outputs and the reference image
by computing visual feature similarity. In addition, we adopt
the CLIP directional similarity (Gal et al. 2022b) to measure
the semantic alignment between the text prompt and the se-

mantic shift from the source to edited results. As shown in
Table 1, our CP-GS consistently outperforms all baselines
across both perceptual metrics and user study evaluations.
This performance gap stems from two main limitations in
these baselines: (1) DGE relies solely on text modality as
condition, which fails to capture fine-grained appearance
details; (2) TIP-Editor fails to propagate the reference ap-
pearance to novel views, resulting in strong viewpoint bias
that introduces multi-view conflicts in the editing guidance
and ultimately leads to visual artifacts and poor reference
alignment. These results highlight the superior performance
of our CP-GS, underscoring the critical role of capturing and
expanding reference appearance across novel viewpoints in
tackling single-view conditioned 3DGS personalization.

4.4 Ablation Study
To analysis the contribution of each component, in this sec-
tion, we compare the coarse guidance with our final results
and conduct ablation studies on the iterative LoRA fine-
tuning strategy and epipolar-constrained token replacement.
An additional quantitative ablation study is in Appendix.
Coarse Guidance vs. Final Results. In the first stage of our
method, a coarse asset is generated by the image-to-3D model
(Sec. 3.2) and integrated into the source scene to produce the
coarse guidance. A natural question arises: can this coarse
guidance suffice as the final edit? To assess the necessity of
our subsequent stages, we compare the coarse guidance with
our final personalization results in Figure 6 left. This compar-
ison reveals two major limitations of the coarse guidance: (1)
The domain gap between real-world reference images and the
CGI-style training data of the 3D generation model (Xiang
et al. 2024) results in overly smooth and grid-like unreal-
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Sing. LoR
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Iter. LoR
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Coarse Guidance Final Results

Figure 6: left: Comparison between the coarse guidance and our final results, where our final results effectively refine the
unrealistic and visually discordant appearance presented in the coarse guidance. right: Ablation comparison on the guidance
images produced by three specific configurations: training the LoRA module only on the single-view reference image (Sing.
LoRA), using our iterative LoRA fine-tuning yet excluding the constrained token replacement (Iter. LoRA), and our Full Version.

Methods Userquality ↑ Useralign ↑ DINOsim ↑ CLIPsim ↑ CLIPdir ↑
DGE (Chen, Laina, and Vedaldi 2024) 31.89% 6.37% 41.73 67.26 14.22
TIP-Editor (Zhuang et al. 2024) 25.46% 17.28% 43.88 70.92 14.46
CP-GS (Ours) 78.28% 80.09% 50.33 76.78 18.03

Table 1: Quantitative comparison between our CP-GS and the existing SOTA methods (Chen, Laina, and Vedaldi 2024; Zhuang
et al. 2024), where CP-GS significantly outperform others in both visual quality and the alignment with reference image.

istic textures that fail to reflect the photorealic appearance
of the reference. (2) Direct insertion of the generated asset
leads to poor contextual blending, where the inserted object
often appears visually detached from the 3DGS scene (e.g.,
the sunglasses example), especially around boundaries. In
contrast, our final results exhibit rich, realistic textures that
closely resemble the reference image and blend seamlessly
with the source 3DGS scene, demonstrating the effectiveness
and necessity of the subsequent refinement stages.
Iterative LoRA Fine-tuning. We compare two configura-
tions to assess the contribution of our iterative LoRA fine-
tuning: using only the single-view reference image for fine-
tuning (Sing. LoRA) versus applying our iterative expansion
strategy (Iter. LoRA) introduced in Sec. 3.3. The top 2 rows
in Figure 6 right shows the resulting guidance images from
these variants. In the presented viewpoints that deviate from
the reference, Sing. LoRA misprojects the appearance entan-
gled with reference-view geometry to unrelated views, re-
sulting in noticeable distortion and multi-view inconsistency.
In contrast, Iter. LoRA significantly alleviates this distortion,
generating appearance correctly adapted to these novel per-
spectives. This highlights the importance of progressively
expanding the reference coverage in mitigating the viewpoint
bias and producing multi-view consistent guidance images.
Constrained Token Replacement. To further reduce the
cross-view variance during generation, we adopt an epipolar-
constrained token replacement strategy during the genera-
tion of final guidance images (Sec. 3.4). The bottom 2 rows
in Figure 6 right compares the Full Version including this

mechanism and the Iter. LoRA variant where it is disabled.
Although Iter. LoRA successfully expands the reference ap-
pearance to novel viewpoints and resolves major distortions,
it still suffers from subtle multi-view inconsistencies in visual
details (e.g., the mouth orientation of the dog, and the doll’s
eyelashes). In contrast, our Full Version leverages 3D-aware
token replacement guided by epipolar constraints and elimi-
nate such inconsistencies, producing guidance images with
improved multi-view appearance consistency that enhance
the coherence and visual fidelity of the final 3DGS results.

5 Conclusion
In this paper, we presented CP-GS, a novel framework for
consistent and personalized 3D scene editing from a single-
view reference image. To address the visual artifacts in exist-
ing image-conditioned methods caused by viewpoint bias and
limited reference perspective, CP-GS introduces a coarse-to-
fine reference propagation framework that integrates coarse
guidance generation, iterative LoRA fine-tuning, and a view-
consistent generation stage leveraging geometric cues and
epipolar-constrained token replacement. These components
enable the generation of guidance images with strong multi-
view consistency and faithful referential consistency, produc-
ing high-quality 3DGS results. Extensive experiments across
real-world scenes demonstrate that CP-GS markedly outper-
forms existing methods in both visual quality and reference
alignment, enabling high-quality 3DGS personalization for a
variety of real-world applications in 3D industry.
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