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3DSceneEditor: Controllable 3D Scene Editing with Gaussian Splatting

Supplementary Material

1. Implementation details

1.1. Implementation Details of 3D Scene Represen-
tation

3DSceneEditor processes 3D scenes reconstructed using 3D
Gaussian Splatting [3]. Since ScanNet++ [6] does not pro-
vide an initial point cloud derived from Structure-from-
Motion (SfM)—a crucial requirement for achieving high-
quality results with 3D Gaussian Splatting—we sampled
1 million points from the ground-truth (GT) mesh as the
initial point cloud [2] and fix the number of the Gaussians
during training to prevent many Gaussians merge together.
This ensures the geometry of the Gaussian sets are well-
defined (shown in Fig. 1), which is critical for subsequent
instance segmentation tasks.

GT Randomly initialize
points

Sample points
from GT

Figure 1. Visualization of geometric results for Gaussian sets
with varying initializations. The figure illustrates the results of
using randomly initialized points versus points sampled from the
ground truth (GT). The Gaussian set trained with random initial-
ization shows significant noise in the 3D geometry, making it un-
suitable for instance segmentation tasks. In contrast, the Gaussian
set sampled from the GT and then trained achieves much higher
geometric accuracy with minimal noise, closely aligning with the
GT.

Following the default configuration of 3D Gaussian
Splatting, each scene is trained for 30,000 iterations, with
input images exceeding 1600 pixels in width being automat-
ically resized to 1600 pixels for computational efficiency.

For baseline methods, which utilize Instruct-Pix2Pix [1]
for scene editing, input images are resized to 512x512 pix-
els as required, while all other hyperparameters are kept
consistent.

1.2. Implementation Details of Object Grounding

Instance segmentation. In our experiments, we set the de-
fault confidence threshold ¢ = 0.8 for instance segmenta-
tion to achieve higher segmentation precision. However, to
avoid excluding small objects (e.g., paper, cups, books), we

lower the threshold to ¢ = 0.3 when targeting such challeng-
ing objects for the pre-trained model, even if this results in
additional noise or slight mis-segmentation.

In Fig. 2, when the confidence threshold c is set to 0.8,
each instance is segmented more completely. However, ob-
jects with a confidence below c are filtered out (highlighted
by green bounding boxes). Conversely, at ¢ = 0.3, more
objects are successfully segmented, but additional noise ap-
pears in some instances and on the floor (highlighted by red
bounding boxes).
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Figure 2. Visualization of instance segmentation with differ-
ent confidence threshold. In this figure, we visualize instance
segmentation of a 3D scene represented by a Gaussian set using
colorful point clouds as Gaussians lack RGB attributes. Green
bounding boxes highlight the missed segmented objects when the
confidence threshold is set to ¢ = 0.8 compared to ¢ = 0.3, while
red bounding boxes indicate additional noise or mis-segmentations
introduced at the lower threshold.

1.3. Implementation Details of 3D Gaussians Edit-
ing

Object recoloring. We designed a color-mapping table (re-
fer to “color-mapping.pdf”’) to translate color keywords
from prompts into their corresponding RGB values. This
pipeline enables editing with over 200 distinct colors, en-
suring precise and flexible color adjustments.

Object addtion and replacement. Our pipeline lever-
ages LGM [5], one of the fastest Gaussian-based generative
backbone, for creating new objects. To ensure compatibil-
ity with 3D Gaussian Splatting, we set the spherical har-
monics degree sh = 3, while keeping the remaining param-
eters unchanged. The pipeline supports inputs in the form
of text-only, image-only or text + image combinations for
the generative model, with each generation trained for 30
iterations.

Object relighting. To align the illumination of new ob-
jects with the scene, we first extract an HDR environment
map from a scene image using DiffusionLight [4]. We then
use Blender to relight the multi-view images generated by
LGM [5], which are subsequently used to generate the fi-
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Figure 3. More visualization result of 3DSceneEditor.

nal objects. Notably, object relighting is optional in our
editing pipeline, as extracting the HDR map typically takes
around 15-20 minutes, which would disrupt our interactive-
rate editing workflow. The visualization of object relighting
is shown in Fig. 4.

Figure 4. Results of object relighting

Detail of Spatial relation interpreting. Here we pro-
vide more detail about our spatial relation interpreting mod-
ule. We assume the virtual camera is positioned at the ge-
ometric center of the scene and infer view-dependent rela-
tionships by projecting both the target and reference objects

onto a 2D plane along the camera ray direction. As illus-
trated in Fig. 5 (Prompt: Remove the trash can on the right
side of the refrigerator ), the trash can within the red bbox is
selected because it lies to the right of the refrigerator (green
bbox) relative to the camera ray direction.

Prompt: Remove the trash can on the right side of the refrigerator

Figure 5. Visualization of spatial relation.

Adaptive optimization framework. We provide more
visualization of our adaptive optimization module in Fig.6.
With the help of our optimization framework, we can gen-
erate results with higher human aesthetic scores.

User study design. We conducted a user study with 42
professionals working in 3D field to assess the quality of
edits, as detailed in Fig. 7. The study includes 20 questions
covering 10 different editing operations. For each operation
assessment, it combined with an original video, four edited
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Figure 6. More visualization of adaptive optimization

versions generated by the evaluated methods, and a corre- 3D Editing Quality Assessment
sponding target editing instruction. Participants were asked
to answer two key questions:

Instructions - MUST READ

A 3D editing pipeline is tasked to edit a scene provided in the first video of each

1) Prompt Alignment — Evaluating hOW WCH the edits g:f:;t::hnladlre with a text prompt, e.g. "Change the color of a pillow on the on the bed to
l’natch the giVen prompt, We want to evaluate the quality of the edited scenes. You will be asked to assess it from two
e . . . . perspectives: prompt alignment and editing quality
2) Ed]tlng Quallty — Selectlng the video with the best qual_ —P:nmplAIlgnmenl refers to whether the content of the results accurately reflects the
instructed text prompts.
ity based on their first choice. e e it ioer et
If none of the edited scenes align with the prompt, partici— :‘sz’e‘::;swa‘trs;ic‘zgaatle;ynzzgoned and visually realistic, and whether the video maintains
pants can select None Of the above to avoid a forced choice. On each page, you willfirst see the initial scene (by video) and the text prompt. Then you

Note that responses marked as None of the above will be ex- Mot s et e raen e s o, e by four 3D ecling metnocs
cluded from the Editing Quality evaluation, as this question Example of the Questionnaire
is skipped in such cases. Giventhe il scen shown nthe falowing vido
and the text prompt:
"“Remove the monitors on the desk".
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Figure 7. Design of our user study.
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