OpenVoxel: Training-Free Grouping and Captioning Voxels for
Open-Vocabulary 3D Scene Understanding

Supplementary Material

Figure A1l. Detail of the mask merging process.

In this supplementary material, we provide additional
method details in Sec. | and more results of semantic seg-
mentation in Sec. 2, ablation studies in Sec. 4, visualization
in Sec. 5. Finally, we discuss about our limitation in Sec. 6.

1. Details

Merging groups. In Sect. ??, we mentioned merging
small segmentation masks by re-prompting SAM2 [12] to
reduce noise. Here, we visualize this process for a better
understanding. As depicted in Fig. ?? and Fig. Al, the
“hand sculpture” instance is separated into two different
groups in M1 since the SAM2 mask M, treats them
as two different segment, where one group covers almost
the entire hand and the other just representing a finger tip.
To encourage each of our groups to be more instance-wise,
we double-check if any two groups should be merged by
prompting all groups that are observable under the current
view with SAM2 again. Taking the hand sculpture under
view &9 as example in Fig. A1, we create the point prompts
for SAM2 by treating several pixels sampled from the group
in MY of interest as positive prompts, and also select sev-
eral other groups and treat their center pixel in MZ" as
negative prompts. As for the mask prompt, we treat the en-
tire group of interest in M2 as a positive prompt (mask
value: 20), all the other known groups as a negative prompt
(mask value:—20), and the rest of the region is treated as
unknown (mask value:0). After using this setting as prompt
for SAM2, if the output mask of one group (e.g., the fin-
ger tip in Fig. A1) is almost lie inside another group’s mask
(e.g., over 90% inside the hand sculpture), then we merge
the smaller group into the larger group accordingly (i.e.,
merge the finger tip into the hand sculpture). As shown
in our ablation study Table ??, a slight improvement is ob-
served by including this merging strategy.

MLLM prompt. In Sect. ?? and ??, we leverage an
MLLM model of QWen3-VL-8B to conduct canonical cap-
tioning, prompt refinement, and target retrieving. The sys-
tem prompts are as List [, List I, and List 1.

We note that we do not spend much effort exploring dif-
ferent kinds of system prompt design. We simply use Chat-
GPT by describing our task with some examples and ask
it to provide system prompts that suit Qwen-VL [1, 2, 15]
models, and the same prompts are shared for both RES and
OVS tasks. Therefore, these system prompts may not be
the optimal ones, and users still have a chance to improve
the performance by using our pipeline and simply changing
system prompts.

Implementation. We now elaborate on the implementa-
tion details. Since our method is totally training-free after
having the pre-trained SVR model of each scene, reducing
the process time of the following processes (i.e., grouping,
captioning, and retrieving) is a crucial problem. To achieve
this goal, we do not always go through all the images from
the training set for each scene in practice. Instead, taking
the LeRF [7] dataset and corresponding subsets as an ex-
ample, we uniformly sample the processed views to make
sure the total processed view of each scene does not ex-
ceed 150. Also, we found that since the merging process re-
quires additional SAM?2 execution, conducting this merging
process for all views would slow down the inference time.
Hence, we conduct the merging (re-prompting SAM2) pro-
cess for each scene per 1 to 5 steps to speed up the infer-
ence. Furthermore, when prompting the captioning model
(i.e., DAM [9]), we only sample 8 frame-mask pairs (pad
to 8 pairs if not enough) for each group to reduce the vi-
sual tokens for the model, making sure that the inference is
fast. Also, for the usage of MLLM for Canonical Caption-
ing, Query Refinement, and Text-to-text retrieving, we “DO
NOT” provide any visual example for the MLLM as in-
context examples since the inference time would be slowed
down by doing so (although we acknowledge that conduct-
ing these information might bring better performance, we
leave this as a future direction to explore the balance be-
tween adding visual demonstrations and inference time).

Computation Consumption. We show the required time
and GPU memory for each component of our OpenVoxel
using a single RTX 5090 GPU in Table Al. We also in-
clude the consumption of the original SVR reconstruction
for reference. Note that among all processes of our Open-



CANONICAL_CAPTION_SYSTEM_PROMPT= """You are a detail-focused visual caption
refiner for open-vocabulary segmentation and referring grounding.

INPU
- A short video where ONE region is masked (highlighted); the outside area
is darkened.

- A rough caption from another model

(may be incorrect or misleading) .

- Describe ONLY what lies INSIDE the masked region across frames.

- Never e or infer unmasked neighbors as the subject.
- Be factual; do not guess hidden details.
- If the original caption conflicts with the visual evidence, IGNORE it and

correct the errors.
REWRITE GOAL
Produce a precise, natural description with a clear class noun and
discriminative details that is easy to match with open-vocabulary queries.
CORE RULES
1) Class noun: Replace vague words ("object/thing/item/surface")
concrete class or fine-grained subtype.
2) Part-of decision (strict):
- Use "part of <larger object>" ONLY if ALL are true:

a) Visible physical continuity/attachment within the mask

joint/hinge/fastener or continuous material/geometry),
The region is an intrinsic component,
The larger object’s category is visibly identifiable.
erwise DO NOT use of". Prefer placement instead.

with a

(seam/stitch/

e view-independent placement for surfaces/containers (\on table",
\inside pouch", \on plate", \on shelf", \in tray", etc.).
- If the region is background material/texture (floor/wall/ceiling/ground),
gin with \background: <material/surface>".
4) Printed-content rule (critical):
- Scan ALL frames within the mask for printed text,
or characters.
- If ANY are visible, include at least one cue:
« Text: transcribe exact readable tokens (keep visible case/punctuation) .
If partial, include the visible substring.
.+ Character/graphic: if identity is uncertain,
describe visual attributes neutrally (e.g., \purple cartoon dinosaur");
do not guess names.
5) Detail quota:
- Include at least FOUR distinct cues chosen from: color
texture/pattern; shape/geometry; subtype/model; visible
printed character; state/condition; function/affordance;
part-of (only if allowed); placement/relation (max 2) .
6) Language hygiene:
- View-independent wording only (no left/right/front/top; no camera terms) .
- Do not mention the highlight/red dot.
- Forbidden words: object, thing, item (and similar generic fillers).
OUTPUT FORMAT (canonical; must be strictly followed)
- EXACTLY ONE line, 12{20 words, comma-separated phrases,
- Start with the SUBJECT noun.
- xxOrder of phrases (strict):sx
1) <category noun> (table, chair, bottle, pouch, human character, c
dog, rabbit, camera, spoon, door handle, floor, wall, etc.)
2) <appearance details> (color/material/texture/pattern/shape/
subtype/text/logo)
3) <function/affordance or part-of> (\part of <larger object>"
only if rule 2 allows; otherwise a concise function/affordance like
\resealable pouch", \pour spout", \grip handle")
4) <placement/relation> (on/in/inside/attached to/against/between;
max 2 relations)
- If unsure between \part of" and placement, choose placement.
- For background regions: \background: <material/surface>,
<appearance details>, <(optional) function if any>, <placement/relation>".
STRICTNESS
The form of the output must strictly follow the rules above and the
ordered template:
<category noun (no color)>, (comma here)
<appearance details (color here)><function/affordance or part-of>
<placement/relation>.
The original caption may be wrong;

logos, labels,

material;
ext/logo/

no period.

rely on visual evidence to correct it.

Listing A1l. System prompt of Canonical Captioning.

Voxel, the highest peak memory is at the same order as the
original SVR, and the accumulated time of all processes is
much shorter, verifying the applicability and efficiency.

Table Al. Detailed runtime and GPU memory cost of each
stage of our OpenVoxel. “Figurines” scene for example.

| SVR | Grouping Caption Refine Inference
Mem (MiB) 9649 | 11380 8654 18322 18852
Runtime (sec) | 305 64 33 24 <1

2. Semantic Segmentation

2.1. Approach

Different from OVS and RES, the task of semantic segmen-
tation usually has a customized list of class candidates for
each dataset. Therefore, instead of retrieving the matched

QUERY_REPHRASE_SYSTEM_PROMPT = """You are a ul assistant.
You rewrite a short OVS query into ONE short canonical phrase
using ONLY the provided image and the raw query.

SCOPE

- Inputs:

(a) scene_map (JSON list of candidate objects with their

coordinates and caption),

(b) query (description about an object visible in the image),

(c) view_image.

- Keep the result SHORT and human-judgable from the query mainly.

- you must NOT include any spatial relations in the output if not explicitly
mentioned in the query.

CANONICAL FORM

- Output exactly ONE short phrase in the form:

<class noun> <appearance> <placement?>

- 2 to 6 words, lowercase, spaces only, no punctuation.

- class noun: singular, most specific common name that is visually supported
(e.g., "rubber duck", "paper bag").

- appearance: brief, image-supported attributes
state/text/logo/shape). If unsure, keep generic

(color/material/texture/

(e.g., "plastic-like", "transparent").
- placement (OPTIONAL): view-INDEPENDENT, simple scene phrase
(e.g., "on table", "in bowl", "on shelf", "in bag")

Avoid left/right/front/behind/above/below.
REPHRASE PROTOCOL (follow strictly)
- Be conservative if uncertain; never hallucinate specifics you cannot see.
- Examples:
« "toy car on the table" + "car on table"
+ "banana" -+ "banana" (no assumed color)
. Materials: "plastic bag"-+"plastic-like bag";
"glass cup"-+"transparent cup"; "porcelain"+"ceramic"
« Common words: "gummy"-+"gummy candy"; "ribeye beef"+"piece of meat";
"toy car"+" ; "stuffed bear"+"teddy bear";
"paper napkin"+"napkin"; "kamaboko"+"small piece with pink swirl";
"rubber duck w a bouy"+"rubber duck with pink lei"
« Character names-descriptions:
"pikachu"+"yellow character with long ears and possibly red cheek";

"nori"-+"seaweed";

"jake"+"yellow cartoon character big eyes slim legs";
"miffy" + "rabbit character, possibly wearing garment";
aldo""character red-white striped shirt";
"hello kitty"-"wh cartoon cat red bow"
. Brands-@generic: "lays"+"potato chips"; "coca-cola"+"can";
ke shoes"+"sports shoes";
"tesla door handle"+"metalic object, look like door handle"
- Ambiguous placements: "in the bowl"/"on the plate"/"inside the pouch"
+ "in container"/"on surface"/"in bag"
OUTPUT (STRICT)
Return ONE JSON line only

(no extra text, no code fences, no reasoning):

{"canonical": "<clear class noun>, (you must include this comma after
<clear class noun>) <appearance (color)>,
<placement (ONLY IF contained in query text)>")

CONSTRAINTS
- No chain-of-thought or explanations.
- Do not use any information that cannot plausibly be inferred from
the image + query alone.
- You MUST NOT use ambiguous noun like "object",
"part", "area", "region", "section", "portion",
"surface", "area", "area of interest", etc.

If the class noun is a general category
(e.g., "container", "food", "furniture"),
you MUST add more specific appearance to clarify.
- If the query does not contain any placement info,
DO NOT add any placement in the output.

"item", "stuff",
"foreground",

"ehing",
"background",

Listing A2. System prompt of Query Refinement.

groups for each class, we conduct semantic segmentation
for OpenVoxel by choosing the best-matched class for each

group.
2.2. Dataset and implementation details

Dataset. Following OpenGaussian [16], we conduct se-
mantic segmentation on 10 different scenes on the Scan-
net [5] dataset. Each scene is represented as colored point
clouds, with ground truth images and depth maps provided.
Following the official setting, we conduct a 19 class seman-
tic segmentation in our experiments.

Implementation details. We note that in OpenGaussian,
ground truth point clouds are directly utilized as initializa-
tion for the 3DGS, and they deactivate all the merging and
splitting processes so that a perfect geometry alignment is
naturally obtained for evaluation. However, it is not easy for
our backbone (i.e., SVR [14]) to have such an initialization.



SYSTEM_PROMPT_RETRIEVE = """You retrieve all matching targets usi
scene_map + view_image (optional) + a canonical short phrase.

ween/cl farthest)
>x/size/group/category
ional): one image for the current query instance
ccluded or off-frame).

c short ical phrase from Stage 1

.g., "rubber duck, ye , "paper bag, on table").

~first, occlusion-robust)
_map CAPTIONS (semantic match to the canonical phrase;

t/behind) .
/farthest

1 groups (ids)
ent.

the canonical phrase,

ided) only to veto
OT penalize occlusion.

prioritize
alignment.

tween/closest/f

r the matched set.
cight

ard due to occlusion).

5) Finalize ids and copy their captions EXACTLY from scene_map.

CONSTRAINTS

- No chain-of-thought or explanations.
- Do not paraphrase any caption in the "captions" array;
copy ¢ tly from scene_map.

U ORLD coordinates y for view-independent relations;

do not use image axes for left/right/front/behind.

Listing A3. System prompt of target retrieval.

Table A2. Quantitative evaluation on ScanNet semantic seg-
mentation of 19 classes.

Method | Uses GT Point | mIoU | mAcc
LEGaussian [13] v 3.8 10.9
LangSplat [11] v 38 9.1
OpenGaussian [16] v 24.7 41.5
Ours (Nearest) - 30.0 41.1
Ours (Majority of 25-NN) - 31.3 42.1
Ours (Majority of 50-NN) - 31.6 4.3

To have a better geometry for the Scannet dataset, we utilize
the provided depth map to guide the pre-training process of
the SVR model.

2.3. Evaluation protocols and results

Evaluation protocols. Since we do not use the ground
truth points for pre-training the SVR model, the constructed
voxel number of each scene is very different from the num-
ber of ground truth points. Typically, the number of ground
truth point clouds is about 50K to 350K, but the number

Table A3. Results (mIoU) on 3D-OVS [33] dataset.

bed bench room lawn sofa | avg.

ObjectGS [76] 98 964 95.1 972 954 | 96.42
ReferSplat [15] | 932 948 946 965 85.6 | 92.94
Ours 98 958 974 974 96.5 | 97.02

Table A4. Ablation studies on different segmentation models
for RES task on Ref-LeRF [6] subset.

Method ‘ Segmentation Model ‘ mloU

A SAM 30.5
B SAM2 42.4

of our voxels are about 5M to 10M. Therefore, we conduct
several different protocols for evaluations to better show-
case our OpenVoxel: (1) Nearest,(2) Majority of 25-NN,
and (3) Majority of 50-NN. The Nearest protocol means
that for each point in the ground truth point cloud, we find
the spatially nearest voxel and take the voxel’s class ID (ob-
tained as described in 2.1) as our prediction; Majority of
25-NN and Majority of 50-NN indicates for each point in
ground truth, we find 25 or 50 spatially nearest voxels and
treat the majority of their labels as our predictions. After
defining our prediction for each point, the rest are totally
the same as the evaluation pipeline as proposed in Open-
Gaussian.

Results. The results are shown in Table A2. We can see
that even without using the ground truth points as prior, our
OpenVoxel still outperforms all baselines in terms of mloU,
and is comparable in mAcc. This shows the potential of
OpenVoxel on diverse tasks instead of just OVS and RES
for being a training-free approach.

3. Open-Vocabulary Segmentation

To further verify our OpenVoxel, we conduct additional
OVS experiments on the 3D-OVS [10] dataset, which con-
tains five different scenes with 6 to 7 classes in each scene.
The results are shown in Table A3, where we can see that
although all current SOTAs are producing mloU with over
90 %, our OpenVoxel still outperforms them, showing the
robustness across different datasets.

4. Ablation study.

Being a training-free approach, it is essential to investi-
gate how different prior models affect the performance of
our OpenVoxel. Therefore, we conduct ablation studies in
three main prior models: the segmentation model for group-
ing, the captioning model for generating raw captions, the
MLLM for canonical captioning, query refinement, and tar-
get retrieval.



Table AS. Ablation studies on different models for captioning
of RES task on Ref-LeRF [6] subset.

Method |

A
B
C

Captioning Model ‘ mloU
Osprey (Yuan, et al, 2024) | 29.3

Qwen3-VL-8B-Instruct 33.3
DAM [9] 424

Table A6. Ablation studies on different MLLMs for RES task
on Ref-LeRF [6] subset.

Method | MLLM | mloU
A Qwen2.5-VL-7B-Instruct | 23.4
B Qwen3-VL-2B-Instruct 10.0
C Qwen3-VL-4B-Instruct 35.6
D Qwen3-VL-8B-Instruct 424

Different segmentation model. Table A4 shows our
OpenVoxel using different versions of SAM [8, 12] as a
segmentation prior model for our grouping stage for RES
task. In our experiments, we observe that SAM tends to
segment small fragments that are over-detailed, and there-
fore, the grouping results are slightly noisier than our origi-
nal version using SAM2. As a result, we can see that there
is about 10% performance drop on the RES task.

Different captioning model. Table A5 shows our Open-
Voxel using different captioning model to obtain the orig-
inal caption for each group on the RES task. For the set-
ting using the Osprey (Yuan, et al, 2024) captioning model,
we caption each frame and then ask Qwen3-VL-8B-Instruct
model to summarize them into one sentence since Osprey
is not suitable for taking video as input. As for the set-
ting using Qwen3-VL-8B-Instruct as captioning model, we
direct bypass the DAM captioning stage and ask Qwen3-
VL-8B-Instruct to generate caption purely from the visual
input (with darkened background and red dot as visual
prompt) since it is not trained for taking separated video-
mask pair as input. From Table A5 we can see that al-
though Qwen3-VL-8B-Instruct is not trained specially for
captioning masked region captioning task, it can still pro-
duce reasonable results that are feasible for the RES task.
As for Osprey, although it is a captioning specialized model,
the per-frame prediction property lead to inconsistent cap-
tion for the same group from different views, confusing the
Qwen3-VL-8B-Instruct model for summarization and hin-
dering the performance of the RES task. However, we note
that using either captioning model achieves better mloU
than ReferSplat [6] (29.2% for the original reported num-
ber and 24.5% for our reproduced results) on the RES task,
showing the robustness of our designed pipeline.

Different MLLM. Table A6 shows the results of our
OpenVoxel using different MLLMs during the canonical
scene map construction and the inference stage with the

totally same system prompts and user prompts. Since we
do not specially design different prompt for each model,
we observe that the Qwen3-VL-2B-Instruct is incapable of
canonicalize the captions generated from DAM. Instead, it
tends to repeat some of the words in the original caption as
the refined caption. As a result, the incorrect refined cap-
tions are hard for the Qwen3-VL-2B-Instruct model to lo-
cate the correct target object in the inference stage, leading
to a catastrophic 9.98% mloU. In contrast, the newest and
largest model for this ablation, Qwen3-VL-8B-Instruct is
obviously performing best.

5. Qualitative results

Referring Segmentation. We provide the qualitative re-
sults of the other two scenes (i.e., teatime and kitchen) in
Ref-LeRF [6] subset for RES task in Fig. A2 and Fig. A3.
Similar to our observation in Sect. ??, for the first column
(i.e., “A smooth container placed next to the sheep doll, near
the apple” as query) in Fig. A2, ReferSplat [6] tends to cap-
ture only part of the query (i.e., “container”’) and hence seg-
menting both the coffe mug and the glass of tea, neglecting
other spatial clues in the query. Similarly, for the last col-
umn in Fig. A3 with “A countertop with a vibrant yellow
color provides plenty of space for preparing cooking ingre-
dients.” as query, ReferSplat only capture the color infor-
mation of “vibrant yellow” and segment both the counter
top and the wall. In contrast, our OpenVoxel successfully
locates the ideal target in both cases.

We additionally showcase the qualitative results of RES
on the “Teatime” scene using our created natural language
that are not included in the Ref-LeRF subset as query
to demonstrate the capability of our OpenVoxel compared
with ReferSplat [6]. We can see that since ReferSplat re-
quires training on all objects using human annotated sen-
tences, it is not able to locate objects that are not annotated
during their training. In contrast, our training-free approach
is not depending on the training annotations at all and is
able to locate the correct targets. We note that for the last
two columns where the input query contains view depen-
dent descriptions, although our OpenVoxel retrieve two tar-
gets instead of the only one matched, the results are still
including the correct target, showing the potential capabil-
ity of solving view-specific tasks

To better showcase the multi-view consistency of our
RES result, we demonstrate rendered views of the same
query from different views in Fig. A5. From this figure,
we can see that the segmentation masks are multi-view con-
sistent and accurate according to the input query, showing
the robustness of our OpenVoxel.



“A round object with a smooth
surface directly in front of the
white doll.”

“A smooth container placed next to
the sheep doll, near the apple.”

“The organ used to breathe on the “An object placed in the center of a “A small, round container placed on
bear's face and appears smooth table with writing on its surface and the side of the bear, near the cookie
and soft.” placed vertically.” and with warm liquid.”

ReferSplat
.

OpenVoxel (Ours)

Ground Truth

Figure A2. Qualitative results of RES task on the Teatime scene.

“A small cup with a green pattern on
the surface and a lively patterned
shape.”

“A silver baking machine with a “A countertop with a vibrant yellow
sleek exterior sits in the corner of color provides plenty of space for
the kitchen counter.” preparing cooking ingredients.”

,”

“A compact red condiment bottle “Two books with covers resembling
with sauce inside.”’ recipes sit on a kitchen divider.”

ReferSplat

OpenVoxel (Ours)

Ground Truth
n n

Figure A3. Qualitative results of RES task on the Kitchen scene.

6. Discussions and Limitations. end-to-end generalizable ones [4]. As described in Sect. 1,
the sampling rate of frames and merging frequency are cus-
tomized for each scene. And since how well-separated for
different instances largely affects the performance for both
OVS and RES (semantic segmentation is less affected), the

We now discuss the potential limitation of our OpenVoxel.
As a training-free approach, the grouping process of Open-
Voxel is relatively sensitive to parameters comparing to the



“A blue object on table that looks
like an opened wrapper with
text on it.”

“a tag that writes the word “'dalle"
and in front of the sheep.”

ReferSplat

OpenVoxel (Ours)

“Small broken piece of brown cookie
lies on the plate.”

“The chair that the sheep is sitting
on, nearest to the sheep
and the camera.”

“The only table that is nearest to the
current view.”

Figure A4. Qualitative results of RES task on the Zeatime scene with other queries. Note that these queries are created additionally
and all of them are not appeared in the original annotations from Ref-LeRF subset (so there are no ground truth mask for them). We can
see that ReferSplat [6] struggles to recognize unseen target objects even in the same scene it is optimized, showing that it tends to overfit

on annotated objects from the dataset.

"A fun doll placed on top of the Rubik's Cube and in the center of the table, quiet and nice."

"A pair of utensils for holding food next to a yellow bowl."

% i i

"A silver baking machine with a sleek exterior sits in the corer of the kitchen counter."

Figure A5. Consistency of rendered RES masks.

SAM?2 parameters are needed to be adjust carefully. How-
ever, we note that other optimization-based grouping meth-
ods [17, 18] also share similar limitation, as their results
heavily rely on the quality of view-consistent video segmen-
tation models such as DEVA [3]. Fortunately, our heuristic
of sampling one frame per 3-5 frames and conduct merg-
ing once per 3 steps generally work well. In case the re-
sult is unsatisfactory, our work is totally training-free so it
would be easy to adjust the parameters and re-run the group-
ing process with a tolerable time (about 1 minute per-scene,
taking Ref-LeRF subset as example.)

Also, since we conduct the instance-level grouping pro-
cess before captioning/retrieval, if the user gives a query to
indicate some part of a larger object (e.g., flash light of the

camera in Fig. ??), our OpenVoxel would still segment the
whole object (i.e., the whole camera) since the small parts of
the same object is bundled together. One possible solution
to solve this issue is to curate the groups as small as possible
while still keeping them semantically reasonable (requires
2D segmentation maps that includes those small part). Ad-
ditionally, instead of just build the Scene Map S by storing
center locations of each group, construct a complex scene
graph for all the groups to indicate the spatial relations (e.g.,
on top of, between) or ownership (e.g., belongs to, part of)
explicitly. We truly believes that this would help improving
the performance and robustness of our OpenVoxel and leave
it as a possible future direction.

Another limitation of our OpenVoxel lies in the usage
of MLLM models. As shown in the Sect. 1, we turn off the
chain-of-thought process of the MLLM model for fast infer-
ence (less than one second per query). However, by doing
so the capability of reasoning for the MLLM is also limited,
and hence both the canonicalized captions and the retrieving
process are having room to be improved. Also, as shown in
Table A6, the results of using different open-source MLLM
differs. We believe that if better open-source MLLM ap-
pear with faster thinking/reasoning ability, our OpenVoxel
can be benefited from them.
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