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Supplementary Material

This supplementary material is organized as follows.
Sec. A provides additional details of the GenSplat pipeline,
including the formulation of 3D Gaussian Splatting, Gaus-
sian clustering, geometry-aware visible Gaussian features,
instruction tuning, and the architecture of the instance and
referring decoders. Sec. B presents additional quantitative
results on efficiency comparison, grounding without object
names, referring segmentation ScanRefer, dense caption-
ing, and open-vocabulary understanding. Sec. C provides
qualitative visualizations across multiple tasks and datasets.

A. Details in Pipeline
3D Gaussian Splatting (3DGS) [13] models a scene as an
explicit set of anisotropic Gaussians. Each Gaussian is de-
fined by a center x ∈ R3 and a covariance matrix Σ. Its
density is given by:

G(x) = exp
(
− 1

2x
⊤Σ−1x

)
. (1)

To enable stable differentiable optimization, the covari-
ance is factorized into a rotation matrix R and a scaling ma-
trix S:

Σ = RSS⊤R⊤. (2)

For rendering, Gaussians are projected onto the camera
plane using a viewing transformation W and the Jacobian
J of the local affine approximation of the projection. The
covariance in camera space becomes:

Σ′ = JWΣW⊤J⊤. (3)

Each Gaussian point carries learnable attributes, includ-
ing position x, spherical harmonics color coefficients c ∈
Rk, opacity α, rotation quaternion q ∈ R4, and scale
s ∈ R3. For each pixel, colors and opacities of all overlap-
ping Gaussians are computed according to their projected
densities and are composited in a front-to-back order via al-
pha blending.
Instance and Referring Decoders. Both the instance de-
coder and the referring decoder follow a similar architec-
ture, each implemented as a lightweight Transformer de-
coder designed to process a small set of query embed-
dings. The decoder consists of 3 layers, each containing
a multi-head self-attention module, a cross-attention mod-
ule, and a feed-forward subnetwork. We use 200 learn-
able queries, which interact with Gaussian features through
cross-attention. Each layer adopts a 256-dimensional hid-
den size, 8 attention heads, and a 1024-dimensional MLP
with GELU activation.

Table A1. Dataset statistics for joint instruction tuning.

Dataset Task Size

ScanRefer referring segmentation 37K
Nr3D referring segmentation 29K
Sr3D referring segmentation 66K
Multi3DRefer referring segmentation 44K
ScanQA visual question answering 30K
SQA3D visual question answering 89K
Scan2Cap dense captioning 37K
Nr3D-Captioning* dense captioning 29K
Total - 364K

During inference, these queries progressively aggregate
semantic cues from the clustered Gaussian features, en-
abling the decoder to reason about spatial relationships and
produce instance-level or referring-level predictions. Be-
cause the structure is shared across both modules, the re-
ferring decoder inherits the same architectural properties,
differing only in the conditioning signals it receives (e.g.,
language-conditioned features in referring tasks).
Details of Instruction Tunning. In Table A1, we sum-
marize all datasets used in our instruction tuning stage.
We include four referring-segmentation datasets (ScanRe-
fer [4], Nr3D [1], Sr3D [1], and Multi3DRefer [26]),
two visual question-answering datasets (ScanQA [2]
and SQA3D [18]), and two dense-captioning datasets
(Scan2Cap [6] and Nr3D-Captioning* [10]). Together,
these datasets cover a diverse range of supervisory sig-
nals—object grounding, language-conditioned reasoning,
and dense object-level descriptions—allowing our model to
learn comprehensive 3D language understanding capabili-
ties. The Nr3D-Captioning* is constructed following Chat-
Scene [10]. Each Nr3D sample, originally designed for re-
ferring expression grounding, is paired with an automati-
cally generated dense caption describing the target object.
This transforms Nr3D into an additional dense-captioning
resource aligned with its original annotations.

For the third training stage, we update only a small set
of parameters while keeping the rest of the model frozen.
Specifically, we train the LoRA of the MLLM, the refer-
ring decoder, and its associated projector layer. The pro-
jector is introduced to map the segmentation-token features
produced by the MLLM into a feature space compatible
with the referring decoder, ensuring effective interaction be-
tween the two components.
Frame-Level Supervision for GAFS. In the training
stage of GAFS, we must determine which frames are
relevant to the input textual expression. For referring-



Table A2. Efficiency comparison on ScanRefer [4]. Training cost is measured in GPU hours on a single H100. Inference reports per-scene
time averaged over all text queries. 3DGS reconstruction time is excluded for all methods.

Methods
Training Cost (GPU Hours) ↓ Inference

Cost ↓
Params.

↓
Peak Memory ↓ Perf.

Semantic Instance Referring Total Train Inference mIoU ↑

ReferSplat [9] - - ∼331h†+ 16h ∼347h 105s - 5.6G 3.1G 20.2
3D-LLaVAGS [8] - - 45h1 + 22h 67h 25s 6.8G 19.5G 14.7G 29.8
Ours 32h 54h 12h∗+ 32h 130h 3s∗+ 46s 7.2G 56.3G 20.6G 43.6

†: offline (Grounded-SAM) pre-processing time. 1: 2D-3D lifting time of GT masks using camera poses and depth. ∗: our frame selection time.

Table A3. Grounding without object names on ScanRefer [4]. Tar-
get object names in the referring expressions are replaced with the
generic token “object” following [24].

Method mIoU ↑ A@0.25 ↑ A@0.5 ↑

LISA-7B [16] 12.9 20.4 3.7
MLLM-For3D [11] 30.5 33.1 31.2
Ours 35.4 47.5 35.5

segmentation datasets such as ScanRefer, Nr3D, Sr3D, and
Multi3DRefer, this relevance can be obtained naturally:
each frame comes with a binary ground-truth mask, and a
frame is considered text-relevant if its rendered pixels con-
tain the ground-truth object specified by the expression.

For the ScanQA dataset, although the annotations are in
the form of questions and answers, each sample still corre-
sponds to a specific target object. Therefore, we can identify
the relevant frames by checking whether the frame contains
the object instance referenced by the object ID.

For SQA3D, however, frame-level supervision is not ex-
plicitly provided. To construct this supervision, we follow a
language-driven approach by using GPT-5 to decide frame
relevance. For each frame and its associated question, we
feed both into GPT-5 and ask it to judge whether the frame
contains sufficient visual evidence related to the query. This
gives us a reliable frame-level label that can be used during
GAFS training.
Fair Comparison with Point-Cloud-Based MLLMs. Fol-
lowing LiftGS [3], during the Gaussian reconstruction
stage, we assume that the number of Gaussians matches the
number of point-cloud, by fixing Gaussian positions and
disabling densification process [25]. This design choice
allows our method to be directly comparable to point-
cloud–based approaches, ensuring a fair evaluation protocol
across different 3D representations.

B. Additional Quantitative Results
B.1. Efficiency Comparison
We provide a comprehensive efficiency analysis comparing
GenSplat with existing methods. Table A2 reports train-
ing cost, inference cost, model parameters, and peak GPU

Table A4. Performance comparison on Scan2Cap (val) dataset.

Method Modality C@0.5↑ B-4@0.5↑ M@0.5↑ R@0.5↑

Expert Models:
Scan2Cap [6] PC 39.1 23.3 22.0 44.8
MORE [12] PC 40.9 22.9 21.7 44.4
3D-VisTA [28] PC 61.6 34.1 26.8 55.0
Vote2Cap [5] PC 61.8 34.5 26.2 54.4

3D MLLMs:
Chat-Scene [10] PC+I 77.2 36.4 28.0 58.1
3D-LLaVA [8] PC 78.8 36.9 27.1 57.7
Ours GS+I 83.4 37.2 27.7 57.8

memory on a single H100 GPU. ReferSplat [9] requires
per-scene optimization, whose cost scales linearly with the
number of scenes (e.g., ∼347 GPU hours including ∼331h
for Grounded-SAM [22] pre-processing and 16h for opti-
mization on the ScanRefer validation set). In contrast, our
method requires only a one-time training cost (∼130 GPU
hours) and is generalizable across scenes, delivering sig-
nificantly better referring segmentation performance (43.6
vs. 20.2 mIoU). We further adapt 3D-LLaVA [8] for 3DGS
inputs (denoted as 3D-LLaVAGS): although easier to train
(67h), it achieves a comparable model size (6.8G vs. 7.2G
parameters) but substantially lower performance (29.8 vs.
43.6 mIoU), confirming that the gains of GenSplat stem
from our structured learning process rather than increased
compute. Moreover, our inference speed (49s per scene)
is 2× faster than ReferSplat (105s) without requiring any
test-time per-scene optimization, demonstrating a favorable
efficiency–performance trade-off.

B.2. Grounding without Object Names

Following the challenging setting proposed by EDA [24],
where the target object name in the referring expression is
replaced with a generic token “object”, we evaluate Gen-
Splat’s spatial reasoning capability beyond reliance on se-
mantic shortcuts. As shown in Table A3, we compare our
method with LISA-7B [16] (a 2D reasoning segmentation
MLLM) and MLLM-For3D [11] (a concurrent work that
lifts 2D MLLM predictions onto 3D representations) on
the ScanRefer [4] dataset under this setting. The results



Table A5. Performance comparison on Ref-LERF [9] dataset.
mIoU is reported.

Method ramen figurines teatime kitchen average

Grounded SAM [22] 14.1 16.0 16.9 16.2 15.8
LangSplat [19] 12.0 17.9 7.6 17.9 13.9
GOI [20] 27.1 16.5 22.9 15.7 20.5
ReferSplat [9] 35.2 25.7 31.3 24.4 29.2
Ours 38.8 33.9 33.1 25.6 32.9

demonstrate that: (1) naively applying a 2D MLLM (i.e.,
LISA-7B) and lifting its per-frame predictions to 3D suffers
from significant multi-view inconsistency (A@0.5 = 3.7);
(2) MLLM-For3D [11] improves over LISA-7B by adopt-
ing a spatial consistency strategy, yet still falls short com-
pared to our method; and (3) our method naturally general-
izes to this setting and achieves the best performance across
all metrics (+4.9 mIoU and +14.4 A@0.25 over MLLM-
For3D), confirming that GenSplat leverages genuine spatial
reasoning rather than semantic shortcuts from object names.

B.3. 3D Dense Captioning
3D Dense Captioning requires the model to generate object-
level descriptions that capture both the instance itself and
its spatial relations to nearby objects. In our setup, we
adopt the widely used strategy of employing Mask3D [23]
to obtain mask proposals as visual prompts. Since Mask3D
outputs are unavailable during training, we utilize a visual
sampler [8] to translate the predefined prompt representa-
tion into the semantic space of visual features. As shown
in Table A4, GenSplat attains the strongest performance,
demonstrating its capability in producing accurate and in-
formative instance-level captions.

B.4. 3D Referring Segmentation on Ref-LERF
The Ref-LERF dataset extends the original LERF data.
While LERF provides only simple semantic-level text la-
bels, Ref-LERF enriches each object with fine-grained lan-
guage expressions. Building on LangSplat’s mask annota-
tions (LERF-OVS), Ref-LERF further introduces detailed
referring expressions (typically around five per object), em-
phasizing both appearance and spatial relationships. In to-
tal, the dataset offers 295 descriptions for 59 objects (236
for training and 59 for testing), enabling more expressive
grounding and supporting evaluation of referring 3D Gaus-
sian Splatting tasks.

In Table A5, we compare our method with several repre-
sentative baselines on the Ref-LERF benchmark, including
the zero-shot Grounded-SAM as well as two per-scene opti-
mization approaches, LangSplat and ReferSplat. Across all
four scenes, our method consistently achieves the best per-
formance, surpassing per-scene optimization pipelines and
improving the average score by 12.7%.

B.5. Detailed Comparison on ScanRefer
We conduct a detailed comparison on the five scenes used
in ReferSplat, as reported in Table A6. The results show
that our method consistently outperforms all competing ap-
proaches across these diverse scenes.

B.6. 3D Open-Vocabulary Understanding
Our Gaussian Encoder is trained on the ScanNet [7] training
split by distilling 2D foundation model features extracted
from SAM [15] and CLIP [21]. This optimization strategy
enables the encoder to learn geometry-aware and language-
aligned semantic representations without requiring explicit
3D annotations.
Evaluation on ScanNet. To assess the open-vocabulary ca-
pability, we follow a semantic-level evaluation protocol on
the ScanNet validation set. Specifically, each official Scan-
Net category name is fed into CLIP to obtain its textual em-
bedding, which is then compared with the semantic features
of Gaussians using cosine similarity to generate category
predictions. We evaluate on 12 randomly selected valida-
tion scenes, including scene0050 02, scene0144 01,
scene0221 01, scene0300 01, scene0354 00,
scene0389 00, scene0423 02, scene0427 00,
scene0494 00, scene0616 00, scene0645 02, and
scene0693 00. The category set includes common in-
door object classes such as wall, floor, cabinet, bed, chair,
sofa, table, door, window, bookshelf, picture, counter, desk,
curtain, refrigerator, shower curtain, toilet, sink, and bath-
tub. Quantitative results are shown in Table 4 of the main
paper and Table A7.
Evaluation on LERF-OVS. For LERF-OVS [14], we fol-
low LangSplat [19] to distill 2D language features into
the semantic-level pretrained Gaussian Encoder for open-
vocabulary segmentation. Results are reported in Table A8.

Overall, our method achieves state-of-the-art perfor-
mance on ScanNet and yields competitive results on LERF-
OVS, demonstrating strong generalization ability across di-
verse open-vocabulary 3D scene benchmarks.

C. Additional Qualitative Results
We present qualitative visualizations across multiple tasks
and datasets to complement the quantitative results above.
Referring Segmentation on ScanRefer. In Fig. A1, we
show referring segmentation results on additional scenes
from ScanRefer, with frame-wise visualizations from di-
verse viewpoints. These results reinforce the quantitative
findings, showing that our method consistently produces
clearer and accurate predictions than competing approaches
across diverse viewpoints and scene configurations.
Fine-Grained Instance Disambiguation. In Fig. A2, we
visualize multiple queries from the same scene, where dif-
ferent textual expressions are used to refer to different chair



Table A6. Comparison of 3D referring segmentation on five scenes (selected by ReferSplat [9]) from the ScanRefer [4] dataset. Best results
are bolded. mIoU is reported.

Methods Training Type scene0011 00 scene0015 00 scene0019 00 scene0025 00 scene0030 00 average
Grounded-SAM [22] Zero-shot 11.4 14.5 14.6 10.1 11.3 12.4
LangSplat [19] Per-scene opt. 8.6 14.3 16.2 7.4 10.2 11.2
ReferSplat [9] Per-scene opt. 14.4 21.3 30.9 3.2 12.5 16.5
Ours Generalized 23.0 16.9 28.8 42.6 29.9 28.2

Table A7. Comparison of 3D open-vocabulary understanding on
ScanNet [7] (12 scenes). Best results are bolded.

Methods mIoU↑ mAcc.↑

LSeg [17] 56.1 74.5
LERF [14] 31.2 61.7
LangSplat [19] 24.7 42.0
Featrure3DGS [27] 59.2 75.1
Ours 61.2 78.9

Table A8. mIOU comparison of 3D open-vocabulary understand-
ing on LERF-OVS [14]. Best results are bolded.

Methods Ramen Figurines Teatime Kitchen Average

Feature-3DGS [27] 43.7 58.8 40.5 39.6 45.7
LangSplat [19] 51.2 44.7 65.1 44.5 51.4
GOI [20] 52.6 63.7 44.5 41.4 50.6
ReferSplat [9] 55.1 67.5 50.1 48.9 55.4
Ours 50.4 60.6 67.4 60.2 59.7

instances. Although all targets belong to the same seman-
tic category, our model is able to accurately resolve which
specific object each expression refers to. This demonstrates
that GenSplat can reason over fine-grained linguistic cues
and reliably localize the correct instance. By progressively
aligning linguistic concepts with 3D Gaussian primitives,
GenSplat effectively bridges the gap between free-form lan-
guage understanding and 3D spatial reasoning.
Referring Segmentation on Ref-LERF. We provide qual-
itative results on Ref-LERF in Fig. A3. The visualizations
show that our method produces more accurate and better-
localized segmentations for both short phrases and complex
long expressions, demonstrating strong capability in under-
standing fine-grained object descriptions and spatial context
in cluttered 3D environments.
Open-Vocabulary Segmentation on ScanNet. Visual ex-
amples of the open-vocabulary predictions are provided in
Fig. A4, illustrating the model’s ability to generalize to di-
verse categories and complex indoor layouts.
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RGB Grounded-SAM Ground TruthLangSplat ReferSplat Ours

Question: “I am sitting in the office chair doing my work. 
There is a cabinet to my left side. How many monitors 
are on top of the desk in front of me?”

Answer: “2.”

Question: “What is the monitor in front of?”

Answer: “keyboard.”

(b) “This is a white computer monitor. it is located on a desk next to a white keyboard and another computer monitor.”
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(a) “It is a brown chair with armrests and four legs.  it is directly under a blackboard.”
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Figure A1. Qualitative visualization on the ScanRefer [4] dataset.



(a) “It is a black office chair. the chair is to the left of the table.”

(b) “The chair is black with wheels. it is to the right of the desk.”

Question: “What color is the top of the round table”

Answer: “black.”

(c) “This is a black chair. it is in front of a whiteboard.”

(d) “There is a black chair. it is in the corner and faces another chair.”

Reconstructed Gaussians

View 1 View 2 View 3 View 4 View 5 View 6

Figure A2. Qualitative results produced by our method on the ScanRefer [4] and ScanQA [2] datasets.
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(a) “A miniature long-nosed toy, light and fun, standing quietly on the tabletop.”

(b) “The long one on the tray.”

(d) “A spoon-like object, functional and with a long handle, hangs from a perforated wall plate.”
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(c) “A small, round container placed on the side of the bear, near the cookie and with warm liquid.”

Figure A3. Qualitative visualization on the Ref-LERF [9] dataset.
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Figure A4. Open-vocabulary segmentation results on the val set of ScanNet [7].
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