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Abstract

Gaussian Splatting has become a popular technique for various 3D Computer Vision tasks,
including novel view synthesis, scene reconstruction, and dynamic scene rendering. However,
the challenge of natural-looking object insertion, where the object’s appearance seamlessly
matches the scene, remains unsolved. In this work, we propose a method, dubbed D3DR,
for inserting a 3DGS-parametrized object into a 3DGS scene while correcting its lighting,
shadows, and other visual artifacts to ensure consistency. We reveal a hidden ability of
diffusion models trained on large real-world datasets to implicitly understand correct scene
lighting, and leverage it in our pipeline. After inserting the object, we optimize a diffusion-
based Delta Denoising Score (DDS)-inspired objective to adjust its 3D Gaussian parameters
for proper lighting correction. We introduce a novel diffusion personalization technique
that preserves object geometry and texture across diverse lighting conditions, and utilize
it to achieve consistent identity matching between original and inserted objects. Finally,
we demonstrate the effectiveness of the method by comparing it to existing approaches,
achieving 2.0 dB PSNR improvements in relighting quality.

openreview / |code| / |web

1 Introduction

3D object insertion is a computer vision problem that arises when placing a 3D object from one scene into
a specific location in another. The task is to adjust the appearance of the object to ensure consistency with
the lighting of the new scene, making the insertion appear realistic. Traditional methods rely on physically-
based rendering, which requires complex modeling and manual parameter tuning of scene properties such as
texture, material, and lighting. This process is often slow, labor intensive, and prone to inaccuracies, since
precisely reconstructing the illumination and reflectance of a real scene remains highly challenging.

Recent advances in novel view synthesis (NVS), and in particular the emergence of 3D Gaussian Splatting
(3DGS) (Kerbl et al.,2023)), have revolutionized the way scenes are represented in computer vision. However,
a key challenge when inserting an object into a scene — specifically that the lighting of the inserted object
does not match the lighting of the scene, making the insertion appear unrealistic — remains unresolved for
3DGS representation. Although several approaches have been proposed for other parametrizations (Li et al.,
2020; |Song et al., 2022} [Liang et al.l [2024; [Ye et al., 2024} [Jin et al., 2023} |Zhang et al., 2021)), they are either
not directly applicable to 3DGS or yield unsatisfactory or unrealistic results, highlighting the need for new
methods better suited to the 3DGS object insertion task.

In recent years, the scientific community has discovered hidden zero-shot capabilities of diffusion models, such
as image classification (Li et al.| [2023) and cartoon-style image creation (Zhao et all [2023). In this work, we
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Figure 1: Overview of the task. Our method aims to insert a 3DGS object into a specific location in a
3DGS scene, followed by adjusting the object’s appearance to match the scene’s lighting. The final result is
also a new 3DGS scene that includes both the input scene and the object with realistic lighting.

present a novel zero-shot scenario of diffusion models — lighting harmonization during 3D object insertion.
More specifically, we show that the 3DGS representation can leverage this hidden ability of diffusion models
to enforce realistic lighting consistency between inserted objects and their environments.

Following modern image-to-3D pipelines (Zhuang et all 2024; Raj et al., |2023; [Huang et al., [2023), we
employ DreamBooth (Ruiz et all [2023) for object-specific adaptation. However, DreamBooth frequently
fails to reconstruct fine details (e.g., small prints, decorative patterns) , which are critical
for preserving object identity. We therefore introduce a personalization technique that enhances fine-detail
fidelity by conditioning a diffusion model on the original 3DGS object renderings.

As shown in Fig. [2] we first personalize diffusion models on the target object, insert it into a new scene, and
then refine its appearance by optimizing a diffusion-based Delta Denoising Score (DDS) objective
. This objective enforces consistency with the surrounding scene while preserving structural
detail. By using diffusion models trained on large-scale image data, our approach enables effective object
relighting without the need for environmental maps or complex material estimation, outperforming existing
methods in lighting quality and efficiency for realistic 3D object insertion.

Thus, our main contributions are as follows:

¢ We show that diffusion models possess an inherent ability to perform 3DGS object insertion and
relighting without any supervised training data, enabling a fully zero-shot approach.

¢ We introduce a diffusion-based 3DGS object insertion and relighting method that enforces lighting
consistency when integrating 3D objects into 3DGS scenes.

¢ We propose a diffusion personalization approach designed for object texture details (such as prints,
decorative patterns and etc.) preservation.

o We collect a diverse dataset of 3DGS scenes and objects and demonstrate through extensive bench-
marking that our method significantly outperforms existing approaches in relighting quality.

2 Related Work

2.1 3D Gaussian Splatting

Neural Radiance Fields (NeRFs) (Mildenhall et al., [2021)) have advanced novel view synthesis by modeling
scenes as continuous volumetric representations using MLPs. However, NeRFs need costly optimization and
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have slow rendering times. Gaussian Splatting (3DGS) (Kerbl et al., [2023|) offers an efficient alternative
by explicitly representing scenes with 3D Gaussians, enabling real-time rendering faster than the quickest
NeRF (Muller et al., |2022) while preserving visual quality of state-of-the-art NeRFs (Barron et al.l 2021]).

In 3DGS, a scene is represented by a set of 3D Gaussians, where each Gaussian is characterized by its mean
M, covariance X (represented by a quaternion q and scaling vector s), opacity 0j, and color information ci;,
which is view-dependent and modeled by spherical harmonics (SH). Rendering is performed by projecting
Gaussians onto the image plane and compositing their contributions through alpha blending (Kerbl et al.,
2023)), a technique that combines semi-transparent elements based on their opacities, to produce the final pixel
colors. In summary, a scene is represented as a collection of Gaussians, each with parameters {Uj, si, qi, Oi, Ci }-

Recent advancements in 3DGS have improved its scalability (Kerbl et al., 2024), deblurring (Zhao et al.,
2024; [Peng et all 2024), handling of dynamic scenes (Wu et al.; |2024)), integration with diffusion-based
generative models for 3D content creation (Tang et al., |[2023)), and scene editing (Chen et al.| 2024)). From
the best of our knowledge this is the first work effectively addressing 3D object insertion problem for objects
and scenes in the 3DGS representation through diffusion-based optimization.

2.2 Diffusion models

Diffusion models (Ho et al., [2020; |Song et al. 2020) have achieved state-of-the-art generative performance
in image synthesis (Ramesh et all 2022), inpainting (Lugmayr et al., [2022)), super-resolution (Li et al.,
2022) and others. Diffusion models denoise an image step-by-step, from a pure gaussian noise to the desired
image (Ho et al., [2020). Classifier-free guidance (Ho & Salimans| 2022) is usually applied for text-to-image
generation, when the predicted noise is calculated using conditional and unconditional outputs:

Ep (X Y5 1) = €p(X; 25 1) + 0(Ep(X; Y3 t) — €9 (X; 25 1)), (1)

where €¢ is a diffusion model, X is a noisy image, t is a timestep, Y is an object representative feature (e.g.
text prompt), w is a guidance scale.

In the context of 3D generation, diffusion models were successfully applied in DreamFusion (Poole et al.,
2022), where NeRF generation is optimized by computing gradients through a diffusion process. This uses
the Score Distillation Sampling (SDS) method, which derives gradients from the discrepancy between the
noise predicted by a diffusion model and the actual noise added to a NeRF-rendered image at each timestep,
and backpropagates them to update the NeRF’s MLP parameters (Poole et al.| 2022):

OJ
Collys = Ere (1) €p(0tg(0) + 0cg;y;t) — smg(ee) , (2)

where 0 represents scene parameters (such as NeRF’s MLPs), g is a differentiable rendering function, w(t),
O¢, and Ot are diffusion process parameters, and € is random Gaussian noise.

Delta Denoising Loss (DDS) (Hertz et al.,[2023)), an extension of the SDS loss originally introduced for image
editing tasks, has also been applied to 3D editing (Chen et al.l [2024). Addressing the limitation of SDS,
which are blurry and oversaturated results, DDS reduces these effects (Hertz et al., [2023]). The gradient of
the DDS loss with respect to 8 is defined in Eq.

99(6)

CoLhas = E[(€g(0g(8) + 0t&; y; t) — €4 (0tg(Borig) + OE; Yorig; )¢ (3)

where 6 and Borig denote the optimizable and original scene parameters, and y and Yorig are prompts
describing the desired and original states, respectively. Initially, 8 = 8orig, and during optimization 8orig
remains fixed while only 6 is updated.

Improving realism in 3D generation. SDEdit (Meng et al. 2021)) is a diffusion-based image editing
method. It first adds noise to an input image and then denoises it using a diffusion model guided by a text
prompt. For example, to turn a dog into a cat, the dog image is noised and then denoised with the prompt
«a photo of a cat». The approach also enables improving the realism in 3D generation (Zhuang et al., [2024;
Tang et al., 2023)). This is done by rendering the 3D scene from various views, applying SDEdit (Meng et al.,
2021) to the rendered images, and optimizing the 3D scene parameters to match the edited images.
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Di usion Models for Lighting Re nement. During the denoising process, di usion models transform
Gaussian noise into a realistic image, gradually aligning it with the distribution of real images (Ho et al.,
2020). Trained on large datasets of naturally lit images, di usion models implicitly learn the underlying
lighting characteristics. These learned priors can be utilized during the inpainting task, as done in Di usion-
Light (Phongthawee et al| |2024). The authors ne-tune a di usion model on a set of inpainting examples
and use it to inpaint a chrome ball at the image center, from which they infer environmental lighting. The
resulting estimates are remarkably accurate, indicating that the model reproduces realistic illumination.

The SDS image generation process is conceptually similar to denoising. The initial image is pure Gaussian
noise, which gradually becomes realistic through step-by-step optimization with the SDS loss (Poole et al.,
2022). Consequently, we hypothesize that optimizing with SDS/DDS loss encourages images to match the
lighting statistics of real-world photos, transferring learned priors to produce more natural and consistent
illumination. We show that this hypothesis holds in Sec. 3.3, where we apply a similar idea for lighting
enhancement as in Di usionLight (Phongthawee et al., 2024), performing inpainting with the DDS loss.

Latent Bridge Matching (Chadebec et al., 2025) achieves state-of-the-art results in 2D object harmonization.
The authors de ne the di usion process as a mapping from images with copy-pasted objects to harmonized
ones, instead of Gaussian noise to real images. However, the method fails to produce shadows and lacks
view consistency when applied to 3D object insertion, as shown in our experiments (Sec. 4, App. 17).

2.3 3DGS Object Insertion

TIP-Editor (Zhuang et al., 2024) generates a 3DGS object from scratch at a specic location within a
3DGS scene, using a set of scene images, a single object picture, a bounding box, and prompts describing
the object and the scene. It rst personalizes a diusion model on the scene and the object following
DreamBooth (Ruiz et al., 2023), and then generates the object 3DGS from scratch using the SDS loss. The
method faces di culties in generating large objects, as further discussed in Sec. 4.3.

Relightable 3D Gaussians (R3DG) (Gao et al., 2025) extends classical 3D Gaussian Splatting by learning
scene lighting and physically based per-Gaussian parameters such as albedo, roughness, etc. As a result,
inserting a 3DGS object into another 3DGS scene becomes a straightforward copy-and-paste operation
followed by physically based rendering. However, R3DG fails to properly reconstruct some essential object
properties, such as albedo, because it lacks prior knowledge about the object and cannot distinguish between
actual dark colors and shadows. Furthermore, the method models incident lighting as a combination of a
global environmental light and Gaussian-speci ¢ indirect components, which depend on the original scene
and thus become invalid when the object is placed elsewhere.

Instruct-GS2GS (Vachha & Haque) performs di usion-based 3DGS editing using the 2D image editing model
InstructPix2Pix (Brooks et al., 2023). It iteratively updates the training dataset by applying 2D edits to
rendered images while optimizing the underlying 3DGS representation. However, relighting is challenging
for InstructPix2Pix (Bashkirova et al., 2023) and the method fails to produce realistic object appearance.

2.4 3D Object Placement

Our method assumes a user-de ned object location and focuses on realistic visual integration after insertion.
Recent works such as Placelt3D (Abdelreheem et al., 2025) address language-guided 3D object placement by
predicting plausible object locations in a scene. These methods solve the where-to-place problem, whereas
we focus on the how-to-insert problem by ensuring photometric consistency and realistic shadows. The two
directions are complementary and can be combined for fully automated object insertion.

3 Method

3.1 Overall Pipeline

In this section, we present our approach for inserting a 3D object into a 3D scene when both are repre-
sented by 3D Gaussians (3DGS). The method requires initial 3DGS models of the object and the scene, as
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Figure 2: Pipeline overview . The method is able to perform 3D object insertion of a 3DGS object into a

3DGS scene with object light correction. The whole pipeline consists of two steps. 1) a di usion model is
personalized on the object. 2) 2-step-DDS is utilized to adjust the object appearance after 3DGS insertion.
The ame icon denotes that the parameters are optimized (for LORA during personalization, object and

shadow parameters during 2-step-DDS).

well as prompts describing them for proper utilization of di usion models. The approach outputs 3DGS
representations of the object and the scene with corrected appearances after insertion.

An overview of our pipeline is provided in Fig. 2. The method comprises two main steps: 1) theli usion per-
sonalization step(Sec. 3.2), which integrates object-speci ¢ information into two di usion models for object
structure preservation, and 2) the 3DGS insertion step (Sec. 3.3), which leverages the personalized di usion
models from the rst step to adjust the object and scene appearance, making the insertion look realistic. To
achieve accurate relighting and avoid color artifacts that typically arise from naive DDS optimization, we
introduce a modi ed version of the DDS loss described in Sec. 3.4. To further improve realism and texture
preservation, we perform a re ning phase using SDEdit (Meng et al., 2021) with a personalized di usion for
object texture preservation, which di ers from the one used during DDS optimization.

3.2 Diusion Personalization

We personalize di usion models to preserve object identity a necessary requirement for realistic 3DGS
object insertion. To this end, we use two personalized di usion models. The rst is referred to as the
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rough personalization model" .. , which closely follows the DreamBooth (Ruiz et al., 2023) training pipeline.
However, DreamBooth typically preserves only the main color and some texture details, often failing to
fully maintain object identity and altering ne textures (He et al., 2025). To overcome this limitation, we
develop a second personalized model referred to as thexture-preserving personalization model’ ; , whose
architecture and training procedure are speci cally designed to preserve object identity.

Rough Diusion Personalization Let " denote a pretrained diusion model. To train the rough
personalization model" ., we follow the DreamBooth (Ruiz et al., 2023) for personalized image generation
by ne-tuning a pretrained di usion model "

set X °. However, classical DreamBooth personalization tends to over t to a single object appearance when
all object imagesX ° are captured under the same lighting, as discussed in Sec. 4.5.

To mitigate this issue, we utilize IC-Light (Zhang et al., 2025), which synthesizes object images under varied
illumination and backgrounds. IC-Light takes an object image x°, a descriptive object prompt, a background
prompt, and a lighting direction as inputs. Our approach involves samplingN random viewpoints to render
object imagesX ° via 3D Gaussian Splatting (3DGS), selectingN random backgrounds from 20 prede ned
environments (e.g., kitchen, shop, park, library), and choosing lighting directions from four options (right,
left, up, down). IC-Light then creates a diverse set of imagesX® = fxi¢;:::;xN g under various lighting
conditions where each relit imagex! is generated from the corresponding rendek? using IC-Light. Finally,
we ne-tune a Di usion Model " with LoRA (Hu et al., 2022) using DreamBooth with images f X ¢; X ¢ss g,
More details on the personalization parameters are provided in Sec. 4.

Personalization for Texture Preservation. To train the texture-preserving personalization model'
we design a novel di usion personalization strategy. The idea is based on the fact that the original 3DGS
object already contains the necessary texture information, which can be leveraged to guide personalized dif-
fusion models toward preserving object textures during generation. Inspired by how InstructPix2Pix (Brooks
et al., 2023) handles additional image information in a di usion-based image editing framework, we similarly
modify the rst convolutional layer of the di usion model to accept two inputs: (1) the object image x°
under its original lighting condition and (2) the noisy image x"™'Y obtained by adding di usion noise to the
relit image x° generated fromx° using IC-Light.

Speci cally, we add a convolutional branch that processes the original object image®, while the noisy image
x"°Y  passes through the original branch. The outputs are summed before entering into the subsequent
layers. The new branch is initialized with zero weights to preserve the original model' behavior at the
start of training.

We incorporate LoRA (Hu et al., 2022) to allow the di usion model " to e ectively process the additional
information introduced by the new convolutional layer. We ne-tune the modi ed di usion model " . using
the original 3DGS object renderingsX ® = fx?;:::;xg g and their IC-Light-processed counterparts X' =

and the LoRA parameters are optimized. Generally, the proposed approach enables the modg} to better
capture the interaction between object appearance and the desired textures, with additional optimization
details and results provided in App. K.

In our experiments in Sec. 4.5, we show that the rough personalization model ., performs relighting
e ectively but lacks detailed object knowledge, preserving only the main color. The texture-preserving
personalization model” . produces realistic textures but does not achieve accurate relighting.

3.3 Delta Denoising Score (DDS)

As discussed in Sec. 2.2, DiusionLight (Phongthawee et al., 2024) demonstrates that, after di usion in-
painting of a chrome ball into an image, the ball exhibits the correct appearance. We show that DDS-based
image inpainting similarly corrects the object's lighting; however, it works only with proper initialization.
To illustrate this idea, we use a toy dataset of cup images, described in detail in App. F.
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We rst demonstrate that DDS optimization inherits object appearance during inpainting. In the notation

of Eq. 3, the reference imagey( orig ) is either a real image of a cup on a table (top left, Fig. 3) or another
image of the same table with a copy-pasted cup from a di erent source (bottom left). We apply DDS
to transform the cups into statue heads in both cases, initializing the optimized imageg( ) = 9( orig ) and

using prompts yoig = @ cup on a plate and y = a statue head on a plate. In this setup the DDS

optimization is image editing, since the original imageg( oig ) contains the cup and the promptsfyqig ; yg

guide the optimization toward transformation of the existing object. The resulting statue heads g( )

closely resemble their respective original cups appearancg( org ), indicating that DDS indeed inherits

object lighting characteristics. For 2D object insertion, this behavior leads to unrealistic results: when DDS
optimization is applied to an image with a copy-pasted cup, the nal appearance remains inconsistent with
the scene lighting due to this inheritance e ect, as shown in App. L.

However, if we run DDS with g( orig ) as the table image without the copy-pasted cup (second column, Fig. 4)
with reference promptyqig = a plate , the initial optimized image g( ) as the table with the copy-pasted
cup (third column) with target prompt y = a cup on a plate , then the cup's appearance is improved
(columns 4-6). In this setup DDS optimization becomes equivalent to inpainting from scratch/generation
of a cup on a plate, because the original imageg( orig) does not contain a cup and promptsfy; yorig 9 lead
the editing towards producing an object that is absent from g( oig ).  Since the initial optimized image
g( ) already contains a cup, DDS optimization is prevented from generating an arbitrary cup and is instead
guided towards a result similar to the original. Moreover, DDS does not inherit the erroneous lighting of the
copy-pasted cup, since the original image)( oig ) is a realistic image of a table. Given that image inpainting
using di usion models improves objects appearances (Sec. 2.2), the nal cup appearance is realistic.

9( orig )/
initial a( ) nal  g( )
initial

DDS optimization
ground truth g( orig ) g( ) P

initial image optimized image

Figure 4. DDS re nes object appearance after inser-
Figure 3: DDS appearance inheritance. tion. Each row shows a separate DDS optimization exper-
The gure represents DDS editing transform-  iment using the proposed initialization. The rst column is
ing a cup into a statue head. The left  ground truth The second column shows the reference image
column shows the reference images( oig) g( oig) with prompt yoig = a plate . The third column
with corresponding prompt Yoig = @ CUP  shows the initialization of the optimized imageg( ), obtained
on a plate (top: correct lighting; bottom: py inserting a cup with incorrect lighting, with target prompt
incorrect lighting). The optimized image is y = a cup on a plate . Subsequent columns show DDS opti-
initialized as g( ) = 9( orig). The right col- mization progressively correcting the cup's appearance using
umn shows the nal optimized image g( ) af- the lighting from g( orig )
ter DDS optimization with target prompt y =
a statue head on a plate .

3.4 DDS Optimization

In Sec. 2.2,g( ) was described as an image. In practice, modern di usion models operate in latent space
to improve computational e ciency while preserving generation quality. Accordingly, g( ) denotes a latent
representation obtained by encoding an image with a Variational Autoencoder (VAE) (Kingma et al., 2013).
SDS optimization is therefore performed in latent space, where the latent vector is optimized using the SDS
loss and then decoded into image space. Direct optimization in image space often introduces noise and
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artifacts due to inherent ambiguities (Tang et al., 2023). Notably, the same limitation appears in the context
of 3DGS editing using SDS/DDS objectives (Xiao et al., 2024; Chen et al., 2024).

We propose a two-stage optimization strategy to resolve this problem. For clarity, we describe the idea in
the context of SDS image generation, though it naturally extends to DDS image editing described later.
The method is inspired by the observation that SDS optimization in latent space does not produce noisy
images (Poole et al., 2022). For 2D generation using SDS, we proceed as follows: rst, initialize the 2D
image x with random Gaussian noise, encode this noisy image into latent z, and optimize only the latent z
(keeping the imagex xed) for several iterations (step 1). Then, decode the optimized latent z° (which is
no longer noisy) from step 1 back into image space into x% and apply several steps of MSE optimization
between the imagex and the x° ('step 2 ) to make the image x closer to the noise-freex’. Finally, we repeat
these two steps for several iterations. This approach signi cantly reduces artifacts and improves e ciency,
as it avoids backpropagation through the VAE. For DDS optimization, the only di erence lies in step 1

of the algorithm, where the DDS objective replaces the SDS objective, while step 2 remains the same.
Experimental results demonstrating our method's e ectiveness for 3DGS are shown in Sec. 4.5. The Python-
like pseudocode 5 shows the 2-step-SDS for image generation. The 2-step-DDS 3DGS editing pseudocode
and extra 2D image examples are provided in App. G.

3.5 Scene Shadows

. . . image = random_image()

After object _msemon' we assume that image_optimizer = get_optimizer(image, image_Ir)
scene Gaussians can only become darker diffusion_model = diffusion.load_model()

due to the introduction of new shadows. | Prompt = get_prompt()

. for nstep in num_iterations // (num_steps_latent +
To model such eects, we introduce a num._steps_image):

set of optimizable parameters ;:::; n, latent = diffusion_model.autoencoder.encode(image.detach())

each associated with a scene Gaussian for latent_step in num_steps_latent: # <<step 1>>

Each parameter ; modies the color ¢ # Iestt'mta‘e sst gr;‘g'imt <ot )
. . 0 _ g_latent = sds_grad(latent, prompt, <other arguments>...

of the_ corresponding Gaus§|an asq = # Update latent with SGD

¢ Clip( i;[0;1]), where ; is clipped to latent -= latent_Ir * g_latent

the interval [0; 1] to ensure that colors can decoded_optimized_latent =

0n|y darken. Since objects generally af- diffusion_model.autoencoder.decode(latent)

fect | bv G . iricall for image_step in num_steps_image: # <<step 2>>

ect only nearby Gaussians, we empirically g = mse_grad(image, decoded_optimized_latent)

de ne the aected neighborhood as those image_optimizer.step(g)

within N = 3 bounding boxes around the return image

object. Furthermore, only a limited subset

of Gaussians within this region should ac- Figure 5: Python-like pseudocode of 2-step-SDS.  Given a
tually darken. To enforce this, we retain text prompt, the image is optimized by alternating latent-space
only the top = 30% darkest shadow pa- SDS updates and pixel-space re nement steps. Theds_grad( )
rameters every 500 optimization steps. samplest;" and computes the SDS gradient (Eq. 2).

4 Experimental results

4.1 Datasets

To the best of our knowledge, there are no publicly available datasets for evaluating 3DGS object insertion
and relighting; therefore, we collected a dataset comprising both realistic and synthetic scenes for evaluation,
described in detail below.

Synthetic Data.  The dataset is built upon SceneNet (Handa et al., 2015), with additional objects sourced
from BlenderKit (BlenderKit Online Community, 2024) and textures from Freepik (Freepik, 2024). The
dataset includes 10 indoor sceneshathroom_1, bathroom_2, bedroom_1, bedroom_2, kitchen_1, kitchen_2,
living_room_1, living_room_2, oce_1, oce 2 . Each scene contains a single placed object, such as
"caution wet oor sign" in bathroom_1, "laundry basket" in bathroom_2, etc. We consider three rendering
settings for evaluation: object scene and object + scene(used as ground truth for relighting), resulting in 30
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image sets renders 3 per scene across 10 indoor scenes (object only, scene only, and object within scene).
For further details on the synthetic data and speci ¢ rendering settings refer to the App. E.

Real Data. We use the Specular Al (SpecularAl, 2025) mobile app to capture real scenes. For each object,
we record two trajectories: one along a large circle and another along a small circle around the object. For
each scene, we follow the same strategy with capturing along small and large circles, but the circle centers
are in the location where the object was placed. In total, we collect three scenes and three objects, each
capture consisting of approximately 300 images.

4.2 Implementation details

Our experiments are conducted on a single NVIDIA V100 32GB GPU. We use DN-Splatter (Turkulainen
et al., 2024) to train 3DGS for synthetic data and splatfacto (Tancik et al., 2023) for real data. Our
implementation is based on the nerfstudio (Tancik et al., 2023) framework. The prompts describing scenes
(Yorig in our notation, Eq. 3) and objects inside scenesy( in our notation, Eq. 3) are user-de ned.

For di usion personalizations, we use Stable Di usion 2.1 (Rombach et al., 2022) from Hugging Face (Wolf,
2019). We rst render 32 images of the object 3DGS from random positions and process them using IC-
Light (Zhang et al., 2025), following the procedure described in Sec. 3.2. For class preservation (Sec. 3.2),
we generate32 images of the same object class. For rough di usion personalization, we randomly select
an IC-Light-generated image with a probability of 0:7 and a class-preservation image with a probability of
0:3 during optimization. The training time of this stage is around 14 minutes per object. We ne-tune
LoRA (Hu et al., 2022) with rank 4 for 1000 iterations and a batch size of4 images, using the Adamw
optimizer with a weight decay of 10 2, a learning rate of 10 4, and a constant learning rate scheduler. For
texture-preserving di usion personalization, we use the same images and training parameters. Examples of
texture preservation are shown in Fig. 6. This stage regires approximatelyl1l minutes per object.

Figure 6: Diusion personalization for texture preservation. Generation example of three di erent
texture-preserving personalization models. The necessary object patters, such as text, decorative patterns
are preserved.

For the second part, we initialize the object colors as the mean of all object colors and set its spherical
harmonics (SH) coe cients to zero. Since the object is already represented in 3DGS, directly transferring its
gaussian' parameters ensures correct geometry insertion, requiring adjustments only for colors and spherical
harmonics (SH). The algorithm performs 3; 000 training steps (1; 000 for 2-step-DDS and 2; 000 for re ne-
ment) and progressively includes object SH coe cients (discussed in Sec. 2.1) related to a higher SH degree
in optimization every sh_degree_interval = 500 steps. We setsteps_image = 64, steps_latent = 16, and
guidance_scale= 10:0. We use the rough di usion personalization model to improve object appearance.
During the re nement phase, we use the texture-preserving di usion model to maintain object identity and
further enhance realism. Thesteps_image= 512 and we linearly decrease SDEdit timesteps fronf0:50; 0:02].

To further enhance di usion model geometry understanding, we use Depth ControlNet from Hugging Face
durint both phases and setcontrolnet_conditioning_scale to 1:0. During the step 1 of 2-step-DDS (latent
optimization), we set latent Ir = 0:1. Object colors are optimized using Adam with a learning rate of
0:0025and exponential learning rate decay, while object spherical harmonics are optimized with Adam at a
learning rate of 0:0025=32. For image loss, we use the default nerfstudio (Tancik et al., 2023) optimization
parameters of L1-Loss and SSIM. We simultaneously rendeN =8 images and process them with di usion
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Copy- TIP- Instruct-
Paste LBM Editor R3DG GS2GS
PSNRpart (") 11.966 | 6.519 | 10.075| 6.960 | 8.598 6.892
PSNR¢ropped (") | 18.039 | 13.032| 16.271| 12.502 | 14.454| 13.360

synthetic | SSIMcropped (") | 0.640 0.582 0.638 | 0.439 | 0.449 0.526

Dataset Metric D3DR

CTIS (") 0.646 0.642 | 0.643 | 0.619 | 0.639 0.644
DTIS (") 0.529 | 0.529 0.526 | 0.507 | 0.527 | 0.529
real CTIS (") 0.643 0.638 | 0.638 | 0.625 | 0.623 0.641
DTIS (") 0.510 0.505 0.506 | 0.497 | 0.501 0.510
Table 1: Comparison with other methods. "Dataset” column indicates the dataset used for evaluation,

and "Metric" column lists the evaluated metrics. Other columns correspond to di erent methods, with values

averaged across all scenes within each dataseBold numbers indicate the best performance.(") denotes

that higher values are better, while (#) indicates that lower values are better. D3DR achieves the best results
on PSNRyat and PSNRergpped fOr the synthetic dataset, on CTIS and DTIS for the real dataset.

. Copy- TIP- Instruct-
Metric D3DR Paste LBM Editor R3DG GS2GS
Training time,

. 40 0 24 140 185 37
minutes

Storage, GB | 0.076 | 0.076 | 0.076 | 0.097 | 0.955 0.076
Ngaussians,» 10° | 0.330 | 0.330 | 0.330 | 1.870 | 1.970 0.330

Table 2: Resources comparison.  "Metric" lists the evaluated metrics. Other columns show di erent
methods, whose values are averaged across scenBsld indicates the best performance.

models, using 2-step-DDS or re nement phases, and then optimize 3DGS parameters. In total, the second
part of the framework takes around 15 minutes per scene.

4.3 3DGS Object Insertion Evaluation

We compare our approach against naive copy-pasting, TIP-Editor (Zhuang et al., 2024), Relightable 3D
Gaussian (R3DG) (Gao et al., 2025), Instruct-GS2GS (Vachha & Haque) and Latent Bridge Matching
(LBM) (Chadebec et al., 2025). Baseline con gurations are provided in the App. A.

The quantitative comparison is presented in Tab. 1. We report PSNRy: , which measures PSNR over
object pixels only, as well as PSNRgpped and SSIMgopped » Which measure PSNR and SSIM within the object
bounding box. Additionally, following previous works (Shahbazi et al., 2024; Zhong et al., 2024), we compute
CLIP-based metrics. CTIS denotes the average cosine similarity between the CLIP features of the target
prompt and the target images (i.e., rendered scenes with the inserted, processed objectd)TIS measures
the average cosine similarity between the di erence in CLIP features of the target (rendered scene with the
inserted, processed object) and initial (rendered scene) images, and the di erence in CLIP features of their
corresponding prompts, re ecting the alignment of transformations. Both CTIS and DTIS are normalized
to the range [0;1]. For real datasets, we do not provide PSNR and SSIM metrics due to inaccuracies in
the ground-truth poses. Example results are shown in Fig. 7, and additional ones are provided in App. J.
Tab. 1 shows that our method consistently outperforms TIP-Editor, R3DG, LBM, and Copy-Paste across
metrics measuring object harmonization PSNRt , PSNRcropped » SSIMcropped » @and insertion realism CTIS,
and DTIS. It also outperforms InstructGS2GS on all metrics except DTIS, where both methods achieve the
same score on the synthetic and real datasets. We report shadow-focused metrics in the Tab. 3 of App. B.

The Tab. 2 represents metrics regarding resources and training time. It indicates that our method trains
nearly three times faster than TIP-Editor and R3DG, while requiring less storage and fewer Gaussians to
represent the scenes. The Instruct-GS2GS requires 7.5% less training time than our method, however the
latter has better overall evaluation performance and preserves object identity more e ectively. While LBM
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