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Supplementary Material

1. Details on 3D Editing

We support three 3D editing operations: removal, replace-
ment, and stylization. Given a natural-language query, we
utilize our MLLM-Agent framework to identify the desired
operation and execute it automatically accordingly.

1.1. Object Removal

The target object can be removed by simply masking the
corresponding 3D Gaussians. For large objects that exhibit
large-scale occlusion relationships, we can inpaint on 2D
images rendered after removing the object using LaMa [4].
The 2D inpainted images can be used as pseudo labels to
fine-tune 3D Gaussians.

1.2. Object Replacement

After removing the target object, we insert a
TRELLIS [5] -generated Gaussian set Gpew =
{0cgew, shev, riev, oV, ciV)} into the scene.  To
align this set with the scene geometry, we first compute its

centroid and recenter all positions:
_ 1 new S5 new 1
Cnew = X; s Xj=X; " — Cnew, (D
| gl’leW | ]

so that X; denotes each Gaussian’s position relative to the
model’s center. Next, to match the 2D bounding-box width
Aw in image space, we compute a uniform scale factor «
based on the object’s extent along the z-axis:
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We then apply the canonical orientation D provided by

TRELLIS and align to the camera frame via its rotation

R.m and translation ¢, :

R, = Ream (D RYV),

g Tcam =

- Rcam tcam- (3)

Each Gaussian is translated to the insertion point p*, ob-
tained by back-projecting the 2D box center into 3D:
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Finally, the transformed Gaussians are merged into the
existing field:
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[Image Upload]

[System Prompt]

You are a visual reasoning assistant. Your task is to analyze a scene image and
identify the key objects present in it. For each object, generate an implicit natural-
language query that a human might use to refer to the object indirectly in context.
Each query should be rich, imaginative, and avoid explicitly naming or describing
the object’s category or appearance.

Meanwhile, each object must be assigned a clear and specific object name (e.g.,
banana, lamp, Gundam figure), which uniquely identifies what the object actually
is. These names should be unambiguous and detailed enough for downstream
grounding or labeling.

Choose only ONE of the following implicit query styles for the entire image:

(1) location-based (e.g., 'Can you help me find the duck that is on the Rubic\'
cube?' or "Where is the plush toy in the corner of the sofa?'),

(2) attribute-based (e.g., "Where is the sweet, juicy fruit known for its bright red
skin and crisp texture'), or

(3) context-based (e.g., 'There is a child who likes blue. What toy should I find to
make her happy?' or 'When you want to watch videos but everyone is asleep, what
do you need to use?').

Your output must strictly follow this JSON format:
{ "object_name_1": "implicit query 1", "object_name_2": "implicit query 2", ... }

Object names must be concrete and unambiguous (e.g., banana, not fruit; Game
Boy, not device).
Do not use vague categories or general classes as object names.
Queries must not include the object’s name or class explicitly.
Do not include any explanations or extra text—output only the JSON dictionary
as specified.
[Response]
Vjson
{
"spice container": "the thing with a label featuring mushrooms and Chinese characters",
"green lid spice jar": "the item with a green lid that seems to contain a fine powder",
"black lid spice jar": "the item with a black lid that appears to hold a different type of spice",

"plastic container with handle": "the transparent container with a handle, likely used for storing grains"
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Figure S1. Annotation prompt for REALM3D dataset. We use
MLLM to annotate implicit prompts for REALM3D dataset ac-
cording to the layout of input images.

1.3. Style Transfer

Given a natural-language editing instruction S, our
MLLM-Agent framework automatically generates the style
prompt 7"

T = MLLM(S). (6)

We then isolate the target object using its 3D mask M; and
render each selected view v to obtain the current appear-



Figure S2. A subset of multi-view images on our REALM3D dataset

ance I, and the original unedited image IS8, The Instruct-
Pix2Pix [1] guidance network produces a stylized reference:

24 = 1P2P(1,, IgVS, T). (7)

Following InstructNeRF2NeRF [2], the 2D edited images
can be lifted to 3D space. We optimize the Gaussian pa-
rameters by minimizing the loss

L= =L + XY Lpere(Io, 1), ®)

where Ly, is a pretrained perceptual loss. We set A; = 10,
Ap = 10, and optimize for 1000 steps using Adam with ran-
dom view sampling for multi-view consistency. Finally, we
render all training cameras to produce the stylized multi-
view outputs, transferring the specified style while preserv-
ing the object’s 3D geometry.

2. Benchmark Preparation

In this section, we describe the detailed preparation process
of our benchmark.

2.1. REALM3D Dataset

REALMS3D dataset contains more than one hundred 3D
scenes (a subset is shown in Fig. S2). We utilize Qwen-
2.5-VL to recognize objects and generate corresponding im-
plicit prompts, as shown in Fig. S1.

We apply MLLM to obtain a set of K object labels and
corresponding implicit queries:

P = {(or, ar)}y_, = MLLM(I), 9)

Next, for each test view v and each object k, we predict
a tight 2D bounding box:

byx = MLLM(I,,, gx) € R*, (10)

where b, , = [%1,y1, %2, y2]. We then feed this box into
SAM to obtain a pixel-precise mask:

M, x = SAM(I,, byx) € {0, 1" (11)

Through this procedure, we generate 1k+ prompt—mask
pairs; any unreasonable prompts are manually filtered to en-
sure the dataset’s quality. We present results in Fig. S5



[Image Upload]

[System Prompt]

You are a visual reasoning assistant. Your input consists of a scene image and the
name of a single target object (for example, "apple"). Your task is to produce one
implicit natural-language description for that object, choosing the style that best
fits the image context:

(1) location-based (e.g., 'Can you help me find the duck that is on the Rubic\'
cube?' or 'Where is the plush toy in the corner of the sofa?'),

(2) attribute-based (e.g., 'Where is the sweet, juicy fruit known for its bright red
skin and crisp texture'), or

(3) context-based (e.g., 'There is a child who likes blue. What toy should I find to
make her happy?' or "When you want to watch videos but everyone is asleep, what
do you need to use?').

Do not include the object's name in the description.
Output exactly one JSON object with a single key—value pair:
{"<object_name>": "<implicit description>"}

[User Prompt]
red apple.
[Answer]

“json
{

"red apple": "The sweet, juicy fruit known for its bright red skin and crisp texture. ”

i

Figure S3. Annotation prompt for LERF and 3D-OVS
datasets. We use LVLM to re-annotate prompts of original LERF
and 3D-OVS datasets.

2.2. LERF and 3D-OVS Datasets

GS-Group [6] provides explicit prompt—mask pairs on these
datasets. We retain the original masks and re-annotate the
objects with implicit prompts. We utilize Qwen-2.5-VL to
generate implicit prompts, as shown in Fig. S3.

3. More Results

3.1. Performance on Explicit Queries

We also evaluate REALM and baseline methods using ex-
plicit prompt—mask pairs on the 3D-OVS dataset [3]. The
evaluation is conducted on the same target objects as pre-
sented in the manuscript, but employs the explicit prompts
proposed by GS-Group [6]. We present the results in
Tab. S1.

Comparing the metrics for implicit and explicit queries
reveals that previous methods suffer a pronounced decline
in performance with implicit queries. For explicit queries,
previous methods find the target object, but sometimes, ac-
tivate non-target objects (especially for SAM-based meth-
ods). In contrast, with LMSeg and GLSpaG, REALM pro-
duces more accurate 3D masks, leading to improved evalu-

Implicit Explicit
Methods
mloU (%) T mBIoU (%) 1 | mloU (%) T mBloU (%) 1
Gaga 42.53 37.38 73.43 69.87
GAGS 58.46 50.34 84.18 71.37
GS-Group 41.79 38.28 76.31 73.13
REALM (Ours) 93.68 86.02 93.62 89.71

Table S1. Quantitative results for explicit and implicit prompts
on 3D-OVS [3] datasets. The cells with best metrics are high-
lighted in bold.

ation metrics.

3.2. Results on Our REALM3D Dataset

We present qualitative comparison results of our
REALM3D dataset in Fig. S4.



Image GT mask Gaga GS-Group GAGS Ours

Query: “The blue, coiled object resembling goggles.”

MEREIEGF K

Query: “The small white cup on the left of the water bottle.”
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LN

Query: “The silver appliance mounted above the stovetop to vent smoke and steam.’

Query: “The object in unopened plastic packaging leaning against a straw hat.”

Query: “The metallic object with two handles.”

AL

Query: “The white tube lying on the table.”

Query: “The black plastic bag on the table.”

Figure S4. Qualitative results on our REALM3D dataset.



100+ Captured 3D Scenes )

1000+ Annotated Prompt-Mask Pairs )

"ink_bottle": "The dark bottle with a black cap sitting on the table.",
"cigarette_packets": "The pink packets stacked neatly on the left side of the table.",
"trash_can": "The light pink trash can with a red lid in the background.",

"box": "The black box partially covered by a wooden board.",

"wooden_board": "The rectangular wooden board leaning against the black box."

"shampoo_bottle": "The white bottle with a red cap next to the brush.",
"brush": "The blue-handled brush with black bristles on the counter.",
"soap_dispenser": "The tall, gray and silver dispenser on the counter.",
"package": "The yellow package with a tree design behind the shampoo bottle."

"bottle with_label": "The tall container with a label and barcode on it.",
"clear_vase with_flowers": "The transparent vase holding purple flowers and sticks.",
"red_gourd_shape container": "The red, gourd-shaped container with a fluffy red top."

"shoes 1": "The pair of white sneakers with blue accents.",
"shoes_2": "The black leather shoes with a worn look.",
"shoes_3": "The gray canvas shoes with laces.",
"trash_can": "The dark brown trash can with a metallic rim."

"water_bottle 1": "The clear bottle with a blue cap on the left side of the table.",
"tissue_box": "The orange and white tissue box next to the water bottle.",
"plush_toy": "The large plush toy wearing a yellow hat and outfit, standing on the
right side of the table.",

"water_bottle 2": "The clear bottle with a blue cap on the right side of the table."

"beauty_product": "The sleek, white tube with a minimalist design and elegant logo.",
"box_with_flowers": "A box adorned with delicate floral patterns in soft pink hues.",
"orange box": "An orange rectangular box with a smooth finish and a lid.",

"mouse": "A modern, ergonomic mouse with a light beige color and a distinctive
shape.",

"hair_curler": "A clear plastic hair curler with multiple sections for styling."

"yellow_cosmetic_bag": "The bright yellow bag with a zipper and handle.",
"clear_bottle with_white cap": "The small bottle with a white cap containing
a clear liquid.",

"sunscreen_spray": "The tall, blue and orange bottle labeled 'Mistine Aqua'.",
"hair_accessories": "The decorative hairpins and beads on the table."

"green_food_package": "The bright green bag with a cartoon character on it",
"purple_food package": "The purple bag with a yellow character and text",
"white_towel": "The white cloth draped over the edge of the table",

"mask": "The white mask hanging on the left side",

"plastic_bag": "The transparent plastic bag with a green object inside",
"cup": "The white disposable cup near the corner"

Figure S5. A subset of masks and annotated prompts of REALM3D dataset
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