Supplementary File to
“Omni-3DEdit: Generalized Versatile 3D Editing in One-Pass”

This supplementary file provides the following materials:

* Additional Training Data Details (referring to Sec. [ST));
* Attention Visualization (referring to Sec. |§_7[);

* Additional Testing Data Details (referring to Sec.[S3).

Source 3D Multi-view

Sampled 5 Key views

USER

Analyze the image for instance-level semantics, explicitly stating if objects
are fully visible or truncated, and assess image quality. Keep your response
strictly under 50 words.

[key_view]
ASSISTANT
[key_view_1_caption], ..., [key_view_5_caption]

USER

(3D Appearance Editing)

You are an expert to generate appearance editing instruction. Your task is
to analyze a set of 5 multi-view images representing the same 3D scene,
identify avalid target object for removal, verify it against these Hard
Constraints: (1) Integrity: The object must NOT be truncated in ANY of
the 5 images; (2) Presence: The object must be clearly visible in ALL 5
images. (3) Salience: The object should be a distinct foreground element,
not a background surface. Return **make <object> [color] ** or
**[FAILT** if no object satisfying the requirement.
[key_view_1]:[key_view_1_caption], ..., [key_view_1]:[key_view_1_caption]
USER (3D removal)

You are an expert to generate removal editing instruction. Your task is to
analyze a set of 5 multi-view images representing the same 3D scene,
identify avalid target object for removal, verify it against these Hard
Constraints: (1) Integrity: The object must NOT be truncated in ANY of
the 5 images; (2) Presence: The object must be clearly visible in ALL 5
images. (3) Salience: The object should be a distinct foreground element,
not a background surface. Return **remove <object>** or **[FAIL]** if
no object satisfying the requirement.

[key_view_1]:[key_view_1_caption], ..., [key_view_5]:[key_view_5_caption]

b b

ASSISTANT
[FAIL]

ASSISTANT
[appearance_editing_instruction]
[removal editing instruction]

Figure S1. System prompts for instruction generation.

S1. Additional Training Data Details

In the main paper, we briefly described the four stages of
our data curation pipeline. In this section, we provide more
comprehensive implementation details.
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Edited views
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Figure S2. Comparison of per-view editing and consistent re-
finement. Consistent refinement eliminates the minor inconsisten-
cies that occur on per-view appearance editing.

Instruction Generation. We employ a locally deployed
Qwen2.5-VL-32B [10] model together with the Gemini-2.5
Pro [3]] API to generate appearance editing and object re-
moval instructions based on the provided multi-view im-
ages. Given that processing an excessive number of views
increases computational complexity and reduces inference
speed, we randomly sample five views per scene as input
for the model. Furthermore, to enhance multimodal reason-
ing capabilities, we first utilize VLM to describe the con-
tent of each image before determining the final editing in-
struction, which takes full advantage of the reasoning ca-
pability in the texture space. Regarding appearance editing,
we observe that the model tends to generate repetitive col-
ors (e.g., frequently outputting “black’), resulting in limited
diversity. To address this, we establish a pre-defined color
bank and specify a randomly sampled color for each ap-
pearance editing directly, significantly improving the diver-
sity of the generated appearance editing instructions. The
complete system prompts are provided in Fig.[ST]

Consistent Refinement. We observe that 3D appearance
editing typically introduces minimal geometric deforma-
tion, while 3D object removal often results in backgrounds
with smooth, regular geometry (e.g., flat ground). Conse-



4 Prompt for vLLM-based Quality Filter \

**Stage 1: Per-View Independent Verification**
Iterate through EACH view pair (Source View vs. Edited View) and verify:

hallucinations).
**Stage 2: Cross-View Consistency Check**

Analyze the <edited 3D multi-view> images as a holistic 3D sequence:

between angles).

Return * [FAIL]" immediately if ANY of the following are true:

- The edit is missing in one or more views.

- The object looks 3D-inconsistent (e.g., Janus problem, shape-shif ting).
- Significant artifacts or background corruption are present.

You must provide your analysis followed by the final decision:

**Conclusion:** [PASS] or [FAIL]

You are a strict 3D Computer Vision Quality Assurance Expert. Your mission is to evaluate the success of a 3D scene editing task by comparing source 3D
multi-view inputs with edited 3D multi-view outputs, based on a specific instruction.

You must strictly follow this two-stage reasoning process before delivering a final verdict.

1. **Instruction Adherence** Does the specific view clearly reflect the requested edit? (e.g., Is the object removed? Did the color change?)
2. **Background Preservation:** Are the non-edited regions (background, other objects) identical to the source view? (Look for unwanted changes or

3. **Image Quality:** Is the edited view free from severe artifacts like blurring, holes, or in-painting noise?

1. **Geometric Consistency:** Does the edited object maintain a rigid 3D shape across all views? (Reject if the object shape morphs, stretches, or "drifts"

2. **Texture/Color Consistency:** Is the appearance uniform across different viewing angles? (e.g., The car shouldn‘t be red in View 1 but orange in View 4).

**Stage 1 Analysis:** [Briefly confirm if each view matches the instruction and preserves background]
**Stage 2 Analysis™** [Briefly assess geometric and texture consistency across views]

Figure S3. System prompts for quality filter. Firstly, evaluation is conducted on per source-edited views to ensure that the instruction has
been successfully executed. Then, a subjectively multi-view consistent evaluation is conducted to filter cases with obvious inconsistency.

quently, even with per-frame editing, both appearance edit-
ing and removal tasks will introduce minor 3D inconsisten-
cies manifesting as color variations or high-frequency tex-
ture artifacts. These discrepancies can be mitigated through
techniques such as iterative 2D-3D-2D refinement [[1, 2} |4,
6]. However, we eschew multi-round iterative refinement
during our data generation phase, as this process is pro-
hibitively time-consuming (~10 minutes per scene) and
hinders scalable data curation. Instead, drawing inspiration
from SDEdit [8]], we randomly select an edited view to
serve as the conditional view. For the remaining views, we
add a small amount of noise and perform EDM denoising
using the pre-trained SEVA model. This streamlined pro-
cess requires ~ 20 seconds per scene, significantly reduc-
ing the time overhead for data construction. In the inference
(denosing) stage, SEVA denoises the noisy target view la-
tent x; with the EDM solver [3] as followﬂ

Ot — O0t+1 (

Tt :It+1—|— l‘t+1fD9(CCt+17t+1;I))7 (Sl)

Ot+1

where o, is the scheduled noise level at step ¢ € [0, 7.
Dy(z¢,t; T) is the estimated x( from z; conditioned on the

For simplicity, we omit the 2" order correction. The noise level in-
creases with the step ¢, which is opposite to the original paper [S].

first frame I, which is defined as follows:

Dg(l’t, t; I) =Tt — (Cikipxt + Céuth(anl’t’ C;oise; I))ﬂ
(52)

t are coefficients of the

and Cnoise

where cgkip’ c;‘fn’ cf)ut’
noise schedule in EDM.

Fig. [S2] visualizes an example to demonstrate the effec-
tiveness of our consistency refinement method. During the
process of converting a white car to a red car by invoking
Qwen-Image [9]] on a per-view basis, local inconsistencies
arise; for instance, the regions surrounding the two black
circles in the second column are not turned red. Our consis-
tency refinement successfully rectifies these discrepancies,

yielding a highly consistent editing result.

Quality Filter. Fig. [S3] provides a detailed illustration of
the quality filtering process. We employ the Qwen2.5-VL-
32B [10] to verify whether the edited images align with the
editing instructions relative to the original images, ensur-
ing that irrelevant regions remain largely unchanged and the
image quality is not degraded by editing. Subsequently, we
employ the VLM to subjectively assess the multi-view con-
sistency, filtering out samples with significant discrepancies
that cannot be rectified through consistency refinement.
Fig. [S4] visualizes some examples to demonstrate data
curation results. On the left, we display successful cases
that pass all the four curation stages, including the final
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Figure S4. Visualization of successful cases and failed cases. We present several training data on the left and some failed cases on the
right, which are caused by the inconsistent editing and incomplete views.

quality filter. On the right, we show some failure cases. In
case 1, the cardboard at the base of the cake was not cor-
rectly removed in certain views. In case 2, large areas of
the table-cloth were erroneously colored green during the
process of changing the orange to green. These two cases
exhibit significant erroneous regions that could not be cor-
rected by consistency refinement, and they are consequently
dropped during quality filtering. Additionally, case 3 is also
discarded during the instruction generation phase due to
dataset limitations or cropping issues, where the views do
not contain the complete object and cannot be recognized
by VLM.

Training Settings. We train Omni-3DEdit using the
AdamW [7] optimizer with 81 = 0.9, 82 = 0.999, and
a weight decay of 0.01. The training process utilizes a
fixed learning rate of 1 x 10™* and a batch size of 32
for a total of 4,000 training steps. Following the setting of
SEVA [I1] training setup, we employ the EpsWeight loss

Table S1. Training settings and hyperparameters.

config | value
optimizer AdamW
base learning rate le-4

weight decay 0.01

eps le-8
optimizer momentum | (1, S = 0.9,0.999
batch size 32

learning rate schedule | ConstantLR
training steps 4K

loss weight EpsWeight
snr shift 2.4

CFG 1.2

UCG rate 0.2

strategy but omit weighting from camera distance. Further-
more, we adopt an SNR shift of 2.4 to improve the signal-to-
noise ratio scheduling. For classifier-free guidance (CFG),
we apply a condition dropout rate (UCG rate) of 0.2 during
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Figure S5. Attention visualization of OmniNet Block during different denoising stages. Omni-3DEdit can capture corresponding re-
gions from source and conditional views based on the given camera poses. Pentagram is placed on the query regions.

Scene Edit Instruction Source Prompt Target Prompt

Bear “Turn it into a black bear.” “A bear in the park.” “A black bear in the park.”
Bear “Remove the bear.” “A bear in the park.” “A plain stone in the park.”
Book “Remove the book + add an apple.” “A table with a book.” “A table with an apple.”
Spinnerf_1 “Remove the trash + add a poster.” “A trash on the ground.” “A poster.”

Spinnerf_2 “Remove the box under tree.” “A box under the tree.” “A tree.”

CO3D_Keyboard “Make the keyboard green + add a bottle.”

“A keyboard on the table.” “A green keyboard and a bottle on the table.

i

Garden “Remove the vase.” “A vase in the garden.” “A wooden table in the garden.”
Garden “Make the table blue.” “A table.” “A blue table.”

Spinnerf_7 “Remove the white object + add a plant.””  “A kettle on bench.” “A plant on the bench.”

Bicycle “Make the bicycle golden.” “A bicycle on the glass.” “A golden bicycle on the glass.”

Table S2. The scene and instruction prompts in the datasets.

training and use a guidance scale of 1.2 during inference.

S2. Attention Visualization

To probe how different views are leveraged during denois-
ing, we visualize the attention distribution across distinct
denoising stages. As illustrated in Fig. [S3] we randomly
select a target view and analyze the attention map corre-
sponding to its top-left region within the multi-view atten-
tion block. At the initial denoising step (1%¢ step), the query
region predominantly attends to areas exhibiting signifi-
cant discrepancies between the reference and source views,
a.k.a., regions of boxes present and absent. Notably, the
source view aligned with the reference view’s camera pose
garners the highest attention. This facilitates model’s in-
terpretation of the intended task (3D removal) and the tar-
get object. At the 30" denoising step, the focused regions
broaden beyond attending to the box’s location across all
source views, and it explicitly attends to regions in the origi-
nal views that are geometrically coincident with the selected
top-left position. This suggests that such source geometric
textures are effectively preserved by Omni-3DEdit. These
findings validate Omni-3DEdit’s ability to utilize camera
poses for resolving inter-view geometric relationships and

precisely localizing relevant content from source views.

S3. Additional Test Data Details

We present more details of our manually constructed cases
in Tab. [S2] These cases encompass standard appearance
editing instructions to align with prior methodologies, such
as ‘Turn it into a black bear’. Furthermore, we introduce
more complex editing instructions, such as sequentially
modifying an object’s color before adding an additional ob-
ject to the scene. As discussed in the main text, these com-
posite instructions not only rely on the model’s generaliza-
tion capabilities but also necessitate high-fidelity results to
support multi-round editing—a task that remains challeng-
ing for existing approaches.

Gemini Score. We employ evaluation criteria similar to
those used in our quality filter, tasking Gemini-2.5 Pro [3]
with assessing both the success of the multi-view editing
and the maintenance of multi-view consistency. As shown
in Fig.[S6] we instruct Gemini to give a score from 1 to 5 by
considering the editing instruction faithfulness, multi-view
consistency, and visual quality comprehensively.
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Prompt for Gemini Score

~

1. **Source Views**: Original images of the object.
2.
3.

**Edited Views**: Edited images of the object.
**Instruction**: The text description of the desired edit.

Please analyze the results based on the following three dimensions:

### Analysis
1. **Editing Adherence**: [Provide your analysis here. Did the model follow the instruction?]

2. **Multi-View Consistency**: [Provide your analysis here. Are there any inconsistencies between views?]
3. **Image Quality**: [Provide your analysis here. Are there any artifacts?]

You are an expert evaluator for 3D-aware image editing tasks. Your goal is to assess the quality of edited multi-view images based on an
editing instruction.

1. **Editing Adherence**: Did the edit strictly follow the instruction? (e.g., correct color, object addition/removal).
2. **Multi-View Consistency (Critical)**: Does the edited views appear 3D geomeftrically consistent across all viewpoints?
3. **Image Quality**: Are the images clear, sharp, and free of artifacts?

You must structure your response strictly as follows. Provide a brief analysis for each dimension, followed by the final score.

[Output a single integer from 1 to 5, where 1 is the worst and 5 is the best]

Figure S6. System prompts for gemini score.
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