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Semantically Consistent Language Gaussian Splatting
for 3D Point-Level Open-vocabulary Querying
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Abstract—Open-vocabulary 3D scene understanding is crucial
for robotics applications, such as natural language-driven ma-
nipulation, human-robot interaction, and autonomous navigation.
Existing methods for querying 3D Gaussian Splatting often
struggle with inconsistent 2D mask supervision and lack a robust
3D point-level retrieval mechanism. In this work, (i) we present a
novel point-level querying framework that performs tracking on
segmentation masks to establish a semantically consistent ground-
truth for distilling the language Gaussians; (ii) we introduce a
GT-anchored querying approach that first retrieves the distilled
ground-truth and subsequently uses the ground-truth to query the
individual Gaussians. Extensive experiments on three benchmark
datasets demonstrate that the proposed method outperforms
state-of-the-art performance. Our method achieves an mloU
improvement of +4.14, +20.42, and +1.7 on the LERF, 3D-OVS,
and Replica datasets. These results validate our framework as a
promising step toward open-vocabulary understanding in real-
world robotic systems.

I. INTRODUCTION

Querying open-vocabulary objects in 3D scenes, i.e., identify-
ing and isolating scene components based on natural language
descriptions, is a fundamental capability necessary to advance
robotic perception and interaction. To evaluate open-vocabulary
querying, recent works [11, 16, 21, 26, 31, 35] have formulated
the task in two steps: (a) creating a 3D scene representation
augmented with language-aligned features, and (b) querying
this representation effectively using language. Existing works
address (a) by distilling language embeddings from founda-
tion 2D vision-language models (VLMs) [15, 22] into point
clouds [8, 28], NeRF [19, 20, 27] and 3D Gaussians [3, 10, 32].
To address (b), they perform retrieval by thresholding on the
cosine similarity between the text query embedding and the
distilled language embedding.

While many methods have explored this task, a distinc-
tion lies in their output querying format. Approaches, e.g.,
LangSplat [21], that produce 2D segmentation masks are
insufficient for robotics, as downstream tasks like motion
planning, grasp synthesis, and collision avoidance often operate
directly on a 3D representation. This led to the development of
point-level querying [16, 26], which directly retrieves a subset
of the underlying 3D primitives. In the case of 3D Gaussian
Splatting [10], this involves retrieving the relevant subset of
Gaussians from the scene. The resulting 3D selection provides
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Fig. 1: Visualization of the language embedding supervision.
For the “red bag" circled in yellow, the ground-truth constructed
by LangSplat [21] is inconsistent across frames, while Ours
remains consistent across frames.

a direct and actionable representation for a robot’s planning
and control.

In this work, we identify two main shortcomings of
LangSplat [21] (initially proposed for 2D querying) when
applied to 3D point-level querying. First, we observe incon-
sistency in the distillation ground-truth language embeddings
constructed by LangSplat. That is, the embeddings are different
for the same object instance across different frames; see
in Fig. I. To address this, we propose a tracking-based
distillation process and aggregate the language embedding
into a consistent ground-truth.

Next, the second challenge lies in the querying phase.
LangSplats’ querying approach thresholds the similarity be-
tween query text vectors and learned point-wise language
embeddings; however, choosing an appropriate threshold across
different text queries is challenging. As shown in Fig. 2,
the optimal thresholds are not the same across all objects.
To mitigate this difficulty, we propose a novel Ground-Truth
Anchored (GT-Anchored) querying method, which computes
the threshold relative to, “anchored”, ground-truth (GT) used in
the distillation process instead of directly with the text query.

Empirically, we conduct experiments over three datasets:
LERF [11], 3D-OVS [17], and Replica [25], demonstrating
that our method outperforms the state-of-the-art method in
terms of mloU by +4.14, 420.42, and +1.74, respectively. A
detailed ablation study is conducted to verify the effectiveness
of the proposed components.

Our contributions are as follows:
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Fig. 2: ToU metric per query vs. cosine similarity thresholds
for the standard querying method. We observe that it does not
have a consistent optimal threshold for all queries.

o We introduce tracking for generating semantic and 3D-
consistent ground-truth to train language-aware Gaussians,
which improves the distillation quality.

o With this improved 3D language Gaussians, we propose
an effective GT-anchored querying process by leveraging
the created consistent ground-truth to alleviate the afore-
mentioned challenge of selecting a suitable threshold.

« Extensive experiments across three datasets demonstrate
that our approach outperforms existing open-vocabulary
3D querying methods.

II. RELATED WORK
A. Vision foundation models.

Several open-sourced foundation models [1, 13, 22, 23] have
become the bedrock of many works [2, 8]. These foundation
models’ capabilities can either be used directly or their features
can be distilled into another model. In language and vision,
CLIP [22] is a model that is capable of encoding images
and natural language text to the same embedding space.
Using this joint embedding space, they demonstrate zero-shot
capability for image classification, which is later generalized
to segmentation [34] and language segmentation (LSeg) [15].

In the area of image segmentation, the Segment Anything
Model (SAM) [13] is a notable foundation model. SAM’s
segmentation capabilities have been adapted and extended to
3D tasks. Recent works [2, 12] have leveraged SAM to integrate
semantic information into NeRFs, enabling the extraction of
3D masks for target objects. Other approaches [7, 18] have
incorporated semantic features into point clouds, enhancing
object representation and segmentation in 3D. The process in
3D Gaussian Splatting [10] has further motivated studies [9, 31]
that focus on object representation in both 3D and 4D, including
advancements in interactive segmentation and object tracking.
Recently, SAM2 [23] extended SAM’s capability to tracking
of masklets, i.e., consistent masks across both space and time.

B. Open-vocabulary 3D scene understanding.

With advancements in 3D scene representation, there is
a surge in interest in incorporating semantics/language into

3D representation. LERF [11] and other works [17, 24, 30]
distilled features from DINO [1] and CLIP [22] to learn a
NeRF [20], or leveraged 2D annotations [33] to construct
feature/language fields. Others [8, 28, 29] distill knowledge
from these language-rich models into point clouds or voxels,
enabling open-vocabulary 3D scene understanding. In more
recent works [0, 21, 26, 31, 35], there is a shift towards 3D
Gaussian Splatting [10].

More closely related to our work is LangSplat [21], which
augments 3D scenes with language features distilled from
CLIP, enabling natural language querying on the renderings
of the 3D scene. Gaussian Grouping [31] jointly performs
3D reconstruction and segmentation of open-world objects. It
generates 2D masks using SAM and associates them across
frames through a zero-shot tracker. The method also incorpo-
rates a custom loss that enforces 3D consistency. However, the
method leverages the tracking information differently from ours
by learning a group ID for each Gaussian point, which relies
on a complicated grouping loss. Also, it selects target objects
using only the semantics of the first frame, which could lead
to potential query failures. OpenGaussian [26] introduces new
loss functions that leverage inter- and intra-mask smoothness
relationships, along with a codebook-based clustering method
to improve instance-level association of 3D points.

Differently, our approach does not rely on new loss func-
tions. Instead, our tracking-based method extracts masklets to
construct consistent ground-truth supervision and introduces a
novel GT-anchored querying procedure.

III. PRELIMINARIES

We review LangSplat and introduce the necessary notation.
LangSplat [21] represents a 3D scene with a set of 3D
Gaussians G = {g;}, where each Gaussian g; is associated
with the parameters

ey

corresponding to the 3D location, covariance matrix, color,
opacity, and a language embedding. Different from a regular 3D
Gaussian splatting [10], each of the Gaussians (Eq. (1)) includes
a language embedding I; € R to encode the semantics of a
3D scene.

This language embedding can then be rendered into a
language field L, € RZ*Wx*D where H and W correspond
to the height and width of the rendered image at a camera
pose m. This is done by using a tile-based rasterization, just
as one would for colors. The language feature at each pixel p
is computed as

g = (i, Zi, i, a4, 1)

i—1

L.[pl = Y L) [[( - £20)),

€T

(@)

j=1

where f?° represents the the projected 2D contribution of a
3D Gaussian g;, and 7T is the set of Gaussians in a tile.

LangSplat training. Let ﬁm denote the rendering of the
scene from the camera pose 7; associated with image I;.
LangSplat trains language embedding I; by minimizing the L1
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Section IV. A. Constructing consistent language supervision

Extracting masklets for consistent semantics

Section IV. B. GT-anchored querying for 3D

GT retrieval
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Fig. 3: Overview of the proposed method. In Sec. [V-A, we present a masklet extraction algorithm (Alg. 1) that leverages Segment

Anything Models to generate consistent ground-truth LY for training the language parameters Iy, .. .,

l‘g|. In Sec. IV-B, we

discuss the GT-anchored retrieval procedure. Rather than directly querying the language parameters I; with the query vector q,
we first retrieve the features ¢, that are used to construct the ground truth L%, Then we query the 3D language Gaussian
using the encoded feature E(¢}), followed by an outlier removal using DBSCAN [5] to obtain the final result.

loss between the rendering of the language feature L,and a
“ground-truth” language feature Ly, i.e.,
min Er, {Ll(Lm,Lt)} . 3)

Importantly, how one designs this “ground truth” significantly
affects the query performance.

In LangSplat, the ground-truth is distilled from a pretrained
CLIP [4] with the help of the segment anything model
(SAM) [13]. Given an RGB image I, SAM extracts a set of
non-overlapping segmentation masks Sy = {S,.} = sam(I),
where each S, corresponds to the segmented mask of a region
r. Here, we broadly use the term “region” to mean a set of
related pixels, e.g., an object or a subpart of an object.

Next, a CLIP embedding ¢, ; is extracted for each region
at time ¢, LangSplat [21] masks the image, then passes it to
CLIP’s image encoder CLIPmME . REXWxX3 _, RD ;o

¢ry = CLIP™(I, ® S,), )

where S, corresponds to the mask S, in matrix form, and ®
denotes an element-wise multiplication. These extracted region
features are then placed back to their respective regions to
form the ground-truth

Li[(h,w)] £ ¢y if (h,w) € S, Vr. (5)

As the language embedding L is distilled from a pretrained
CLIP embedding, the query vector q is extracted from the
pretrained CLIP text encoder. This ensures that both the query

vector and the 3D language embeddings are in the same space,
allowing for retrieval.

Lastly, we note an implementation detail, LangSplat [21]
trains an autoencoder, consisting of an encoder E and a
decoder D, to reduce the dimensions of the CLIP features,
where E o D approximates an identity function. With this
autoencoder, all the aforementioned formulations can be done
in a lower-dimensional space to save GPU memory. However,
this dimensionality reduction introduces a trade-off: language
features for the same object become less consistent across
views due to compression, as illustrated in Fig. 1.
Open-vocabulary 3D (point-level) querying. OpenGaus-
sian [26] proposes to directly query the 3D Gaussians with
natural language. Formally, given a trained 3D scene G and a
query g, the task is to predict a “3D mask”

MY ={g:} €6, (6)

that indicates whether each Gaussian g; is relevant to a text
query q. In other words, a point-level querying on the 3D
scene’s representation rather than on a rendered image of a
3D scene.

Tracking framework. Given a sequence of frames I, .;,, and
a set of candidates l’;’tl indicating the regions in frame ¢; that
we wish to track and segment, a tracking model extracts a set
S I,, ., Of non-overlapping masks across both space and time,

“masklets”

Sltlth = {ST} = TraCk(It1:t27Bt1)7 (7)
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Fig. 4: Visualization of the ground-truth L; constructed by
LangSplat [21]. We observed that the semantics are not
consistent across viewpoints, e.g., the circled bag of coffee.

where each S, is a set containing voxels (¢, h,w) that are
associated with the region r. Following the same syntax for
a 2D binary mask, we use the tensor S, € {0, 1}T*H*W to
represent the masklet S, in set notation.

IV. METHOD

Following LangSplat, we use a set of 3D Gaussians
augmented with language embeddings to represent a scene.
Differently, we propose a novel method for constructing
ground-truths that are more semantically consistent and robust
across various 3D viewpoints (Sec. [V-A). This approach
helps to train better language embeddings for querying. We
then introduce a querying method tailored for our learned
embeddings (Sec. IV-B). See Fig. 3 for a visual overview.

A. Constructing consistent language supervision

Given a sequence of frames [I1, ... Iy] with camera poses,

we aim to construct a better ground-truth feature L9**® for each
of the frames to train LangSplat’s parameters by minimizing
the objective function in Eq. (3). This improved ground-truth
is obtained by ensuring that all pixels within the same region,
as identified by the chosen tracking model (SAM2 [23]), share
the same CLIP embedding. In other words, the supervision will
be semantically consistent up to the quality of the extracted
masklets from SAM?2.
Inconsistent semantics from LangSplat. The main shortcom-
ing of the ground-truth feature L, created by LangSplat is
its potential inconsistency across different views. In Fig. 4,
we visualize these features constructed by LangSplat, where
similar colors indicate higher feature similarity. As shown, the
bag of cookies (circled in yellow) exhibits significant mask
variations across the views, indicating inconsistent supervision.
This inconsistency arises because SAM segments each image
independently, potentially selecting different regions. Hence,
the ground-truth features derived from these segmentations are
also inconsistent.

To address this inconsistency, we construct the ground truth
L9 by additionally leveraging the tracking capabilities of

Algorithm 1 Extracting regions with SAM and Tracking

1: Input: Image sequence I;.7, segmentors SAM and Tracker
Track, threshold

2 Sip {} # Tracked masklets

3: for te{l,...,T} do

4 Sz, = saM(ly)

5 # Check if tracked.

6: for S, €S, do

7 for S’w S gl:T do

8 if ToU(Sn[t—1],5,) >k then

9 SIt — SIt\{Sr}

10: end if
11: end for
12: end for

13: # Adding untracked masklets
14: B < RegionFromMask(Sy,)

15: Si.r < S1.0 U Track(IlzT,B)

16: end for

17: Output: SLT

SAM2. Importantly, we aim to design L**s € RZXWxD guch
that each pixel’s feature remains consistent across frames when
it belongs to the same region extracted by SAM?2.
Extracting masklets for consistent semantics. Reviewed
in Sec. 111, a tracking module takes a sequence of images and
regions of interest as input to track masks of the same region.
In LangSplat, SAM is used to extract the initial candidates, i.e.,
for each frame I;, SAM proposes a set of regions Sy,. Starting
from the first frame, we check if a proposed region has already
been tracked by comparing the mloU of the SAM mask with
the tracked masks and applying a threshold. If the proposed
region has not been tracked, we run the tracking model and
add the output masklets to the set of tracked masklets Sl:T~
These steps are summarized in Alg. 1.

Constructing consistent ground-truth. With the set of
masklets SLT extracted, we create a consistent ground-truth
by aggregating the CLIP embedding ¢, for each masklet
SN'T S SLT. This is done by masking out the image I using the
extracted masklet and then passing it to CLIP’s image encoder:

T
br = Z“’t -CLIP™(I, ® S,[t]),

t=1

®)

where S‘T denotes the masklet 5} represented in a tensor, and
w; denotes the ratio of pixels in S, [t] to the total pixel count in
S... In other words, the embedding from each view is weighted
proportionally to the number of pixels in the segmentation.

The main intuition behind this design is that averaging
reduces variance. The proposed ¢, is more consistent than
the individual ¢, ; used in LangSplat when used as supervision
for the distillation. Furthermore, the weighting scheme helps
to suppress the contribution of small regions that often contain
noisier language embeddings, i.e., we consider the reliability
of individual features.
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TABLE I: Quantitative results on LERF. For OpenGaussian, we report the numbers from their paper.

Methods mloUt mAcct Loc. Acct

figurines ramen teatime kitchen Avg |figurines ramen teatime kitchen Avg |figurines ramen teatime kitchen Avg
LangSplat-m [21]| 12.43  6.39 20.60 17.58 14.25] 2143 7.04 3729 18.18 2099| 536 0.00 339 455 333
GSGroup.-m [31]| 7.75 880 10.94 16.29 1095 1071 9.86 10.17 27.27 14.50| 10.71 2.82 5.08 455 5.79
OpenGauss. [26] | 39.29 31.01 60.44 22.7 38.36| 5536 4225 7627 31.82 51.43 - - - - -
Ours 5891 37.85 43.57 29.67 42.50| 82.14 61.97 5424 50.00 62.09| 82.14 61.97 62.71 40.91 61.93

TABLE II: Quantitative results on the 3D-OVS dataset.

Methods mloU?T mAcct Loc. Acc?t

bed bench lawn room sofa Avg | bed bench lawn room sofa Avg | bed bench lawn room sofa Avg
LangSplat-m [21][29.83 17.38 33.64 23.35 24.64 25.77| 43.33 28.57 63.33 33.33 43.33 42.38] 3.00 48.57 40.00 43.33 43.33 35.64
GSGroup.-m [31]]48.51 35.49 65.13 46.39 29.86 45.08/100.00 71.43 100.00 76.67 40.00 77.62(96.67 42.86 100.00 53.33 43.33 67.24
OpenGauss. [26] [48.50 46.02 64.63 47.60 44.06 50.16{100.00 57.14 100.00 83.33 66.67 81.43|23.33 37.14 20.00 50.00 56.67 37.43
Ours 56.81 87.58 87.12 64.70 56.70 70.58| 66.67 100.00 100.00 83.33 66.67 83.33|83.33 100.00 100.00 83.33 100.00 93.33

TABLE III: Quantitative results on Replica dataset. To compute mloU and mAcc using the ground-truth point clouds, we skip
the densification stage when training 3D Gaussian Splatting for all methods.

Methods mloUT

office0 officel office2 office3 office4 room0 rooml room2 Avg

mAccT
office0 officel office2 office3 office4 room0 rooml room2 Avg

243 21 5.68
19.58 0.00 32.77

4.65 149
10.18 30.29

LangSplat-m [21]
GSGroup.-m [31]
OpenGauss. [26]
Ours

3.86 4.08
13.08 17.81

25.77 20.15

092 3.15
17.06 17.60
17.20 23.13 43.72 4236 61.33 3145 4036 42.14 37.71
15.06 37.29 64.83 40.33 64.39 47.81 39.45

11.09 136 10.7 1399 237 12.82 1224 10.05 9.33
3842 0.00 7448 26.17 45.67 36.21 31.57 24.17 34.59
36.54 35.11 66.38 42.64 69.62 41.74 31.72 54.01 47.22
50.76 35.97 29.01 45.12 82.85 60.00 84.72 63.64 56.51

To construct the ground truth L?°** for a frame I;, we place
the averaged CLIP embedding into the pixel location of each
frame according to the masklet. For all extracted masklets
Sr € SI:T»

LY [(h,w)] = ¢, if (t,h,w) € S,. )

For pixels across views that are tracked and segmented into
the same region, this construction of ground-truth assigns the
same averaged CLIP embedding. Compared with LangSplat’s
ground-truth in Eq. (5), our construction is shared across
time ¢, i.e., the language embedding I; in LangSplat receives
consistent supervision across all relevant frames.
Autoencoder details. As in LangSplat, to reduce the GPU
memory usage, we train a light-weight autoencoder consisting
of an encoder E and a decoder D. Differently, we encode the
averaged CLIP embedding ¢, into a low-dimensional latent
space, i.e.,E(¢,) is used as supervision to train the language
embeddings [;. A side note: as the autoencoder is trained using
our constructed, more consistent, averaged CLIP embedding,
it also has an easier job in learning the reconstruction.

B. Ground Truth (GT)-anchored 3D Querying

With the text query vector q, the standard approach is to
directly compares the CLIP features g of the query text with
the language embeddings I; of each Gaussian, i.e.

M3D,1step £ {g,| Vi cos(l;,q) > threshold}, (10)

where Cos is the cosine similarity. However, this one-step
approach struggles to find a single effective threshold across
different language embeddings I; as CLIP’s image and language
embeddings are known to be not well calibrated [14]. To
address this challenge, we propose our GT-anchored approach
for querying 3D Gaussians. This involves first retrieving the

ground truth and then comparing the similarity relative to the
ground truth, as described in more detail below.

GT retrieval. Given the CLIP feature of a text query g € R%12,
we first apply a low threshold to filter out invalid prompts.
We then retrieve the most similar average feature (GT for
distillation) over all regions feature

or = arg max cos(oy, q).
re{r’|Cos(¢!.,q) >threshold}

(1D

As ¢, is obtained as a weighted average of CLIP image
embeddings and g comes from CLIP text embeddings, a direct
comparison between them through cosine similarity is effective
and does not involve a threshold.

Relative comparison to GT. With the retrieved GT ¢*, we
compress it into lower dimension with the pretrained encoder
E. Then we compute its cosine similarity with the learned
language embedding I; for each Gaussian. Next, we threshold
this similarity to retrieve the tentative set of Gaussians

M2 = {g;| Vi Cos(l;,E($})) > threshold},

where the querying process compares E(¢;) with ;. Recall
E(¢}) is used as supervision for training language embeddings
li, i.e., the relevant language embeddings are trained to be

similar to E(¢;). Therefore, any high threshold works well,
which improves the queries’ reliability and robustness.

(12)

V. EXPERIMENTS

Datasets. Following LangSplat [21], we conduct experiments
on the further annotated LERF [11] dataset that contains a
set of in-the-wild scenes and on the 3D-OVS [17] dataset,
which includes a collection of long-tail objects for evaluating
open-vocabulary 3D querying. Additionally, we report results
on the Replica [25] dataset, which has labeled point clouds
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Fig. 5: Quahtatlve results on LERF dataset of scene“ramen” and “figurines".
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For each scene, the first row contains rendered

language embeddings, and the second row contains 3D query results.

LangSplat-m GSGrouping-m OpenGaussian

Fig. 6: Qualitative results on 3D-OVS dataset for scene “lawn". The first row contains rendered language embeddmgs and the

second row contains 3D query results for “green lawn".

for indoor objects. We then evaluate on ten object classes for
querying over eight senses in Replica.

Evaluation metrics. As the ground-truths for LERF and 3D-
OVS datasets are provided in 2D, we measure the performance
of 3D querying indirectly. We render the queried Gaussians
in MZD to obtain a 2D mask for evaluation using 2D metrics
following LangSplat [21]. This includes mean Intersection over
Union (mloU 1) and localization accuracy (Loc. Acc T). Here,
mloU is defined as the ratio of the intersecting pixels to the
total number of pixels in the union of the predicted masks and
ground-truth masks.

For Loc. Acc, a query is considered correct if the center of the
queried mask’s exterior bounding box falls within the bounding
box of the ground-truth. We also report mloU accuracy
(mAcct), a 2D metric proposed by OpenGaussian [26], where
a query is considered correct if its IoU is greater than 0.25.
For the Replica dataset, which contains 3D retrieval ground-
truths, mIoU and mAcc are instead computed on the set of 3D
locations of the Gaussians.

Baselines. For a fair comparison, we strictly followed Open-
Gaussian [26] for the task of open-vocabulary 3D (point-level)
querying. As they reported on the LERF dataset, we directly
included their results from the paper. For 3D-OVS and Replica

datasets, we use their publicly released implementation. To
further benchmark the performance, we included more baseline
methods modified (m) for direct 3D querying: LangSplat-
m [21], which also trains a language 3D Gaussian. Hence, the
standard query approach in Eq. (10) can be directly used, fol-
lowing how OpenGaussian [26] evaluates. GaussianGrouping-
m [31], which we follow their implementation for the open-
vocabulary query to select group IDs, and use the corresponding
Gaussian points as candidates.

Implementation Details. To extract language features, we use
the OpenCLIP ViT-B/16 model. For 2D mask segmentation,
we employ the SAM ViT-H model, and for tracking masks
of the same object, we utilize the SAM2-hiera-large model.
Pretraining the standard 3D Gaussian Splatting takes 30,000
steps. This is followed by training the language embeddings
for an additional 30,000 steps, skipping the densification stage.
Experiments are conducted on an NVIDIA A100 GPU.

A. Quantitative results

LERF dataset. In Tab. I, we show the results on the
LERF dataset. We observe that Ours consistently outperforms
LangSplat-m and, on average, is better than OpenGaussian,
achieving an improvement of +4.14 in mloU and +410.66 in
mAcc. We believe this gain is significant, as retraining the
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Fig. 7: Qualitative results on Replica dataset. Yellow points
are the queried points of “cloth”.

i g

language Gaussians 5 times with different seeds has a small
standard deviation, e.g., on figurines the std is 0.24. We observe
that LangSplat-m and GaussianGrouping-m, methods designed
for 2D querying, do not generalize well to point-level querying.
3D-OVS dataset. The results for the 3D-OVS dataset is
reported in Tab. II. Our method achieves 70.58% in mloU
and 93.33% in Loc. Acc, significantly outperforming baseline
methods. Notably, our method demonstrates a +20.42 gain in
mloU averaged across scenes. We observe that there exists
100% in the Loc. Acc because the dataset is relatively easy with
< 30 frames and < 7 objects in each scene, leading to effective
segmentation and tracking from SAM2. Next, we observed
that OpenGaussian has a low Loc. Acc due to small “floaters’
in the retrieved Gaussians. These floaters shift the center point
of the exterior bounding box to an incorrect location.
Replica dataset. We show results in Tab. III. We observe
that our approach outperforms OpenGaussian with an average
gain of +1.74 on mloU and +9.29 on mAcc. There exists
0.00 in GaussianGrouping-m’s results because their query
implementation only uses the first frame’s semantics. In large
scenes like Replica, the query object may not appear initially,
causing an empty query.

i

B. Qualitative results

LERF dataset. To further analyze the methods, we visualize
the learned language embeddings and the queried Gaussians
in Fig. 5. We observe that baselines produce less consistent
language embeddings, evident from the blurriness along object
boundaries. Our method achieves cleaner and more fine-grained
object localization in 3D space based on text queries, as
illustrated in the second row for each scene in Fig. 5. Note
that all four methods encounter a common failure mode of
empty query, i.e., no valid Gaussians are returned for a text
query, resulting in zero IoU for that query.

3D-0OVS dataset. Fig. 6 shows the qualitative results on 3D-
OVS dataset. Our method creates more consistent language
embeddings with crisp object boundaries. Furthermore, our
method’s retrieval results are less noisy and preserve the
complete structure of each queried object, i.e., the lawn is
accurately retrieved with query “green lawn".

TABLE IV: Ablation study on each proposed component using
LERF’s “figurines” scene. Note that combining the language
features relies on leveraging tracking information and is not
feasible without it. So we put "-" in the first row. The best
result is achieved with all our proposed components.

Ablations Metrics
Tracking ¢ Strategy GT-anchored | mloU mAcc Loc. Acc
- v 4.56 7.14 5.36
v O 9.09 1250 8.93
v pstand- v 48.84 67.86 2321
v b 7 5891 8214  30.36

TABLE V: Ablation study on DBSCAN and Canonical Query
on scene "figurines" in LERF.

Ablations Metrics
SAM?2 GT-anchored DBSCAN Cano. Query \mloU mAcc Loc. Acc
v v v 15.67 26.79 14.29
v v 40.06 66.07 14.50
v v v 58.91 82.14 30.36

Replica dataset. Fig. 7 visualizes the queried points for a scene
in the Replica dataset given the query “cloth”. We observe
that LangSplat-m and GaussianGrouping-m failed to retrieve
the correct object, and OpenGaussian only retrieves part of
the cloth with noisy points from other objects. Overall, our
method retrieved a more complete and clearer object, which is
consistent with the quantitative result.

C. Ablation study.

We conduct ablation studies to validate the efficacy of each
proposed component of our method and report the performance
in Tab. IV on LERF’s "figurines" scene. Recall, ér denotes the
weighted average features. As a comparison, we also tested on
a standard average strategy that is the sum of features from
various views divided by the number of features, denoted as
Q_Sita“d'. As shown, mloU increases significantly, i.e. +49.89,
when using the GT-anchored query. In the meantime, SAM2’s
masklets to get consistent features of the region also play an
important role for the GT-anchored query to work.

Overall, we observe that all proposed components are neces-
sary to achieve the optimal performance. We also studied the
effectiveness of our method without DBSCAN [5] and evaluated
the performance of canonical querying from LERF [11] on
the task of 3D querying. The original definition of canonical
query from LERF is conducted on rendered 2D images.

To evaluate the performance of canonical query in 3D
querying, we replace ¢1.nq by l; in the original equation.
Formally, for each language embedding I; and each text query
q, the re}evancy score is defined as min; exp(li.qiﬁg&? py—
where ¢, .., is the CLIP embedding of a predefined canonical
phrase chosen from “object”, “things", “stuff", and “texture”.
The results are shown in Tab. V on LERF’s “figurines” scene.
We see that without DBSCAN, our proposed method also
gains significant improvement in performance. We also see
that our proposed GT-anchored query significantly outperforms
the canonical query.
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VI. CONCLUSION

We study the task of open-vocabulary 3D understanding
formulated as a point-level 3D querying task. Based on
LangSplat’s framework, we present a tracking-based approach
to provide consistent ground-truth supervision when distilling
the language features. Furthermore, we introduce a novel
GT-Anchored querying pipeline to address the difficulty of
choosing a consistent threshold in the baseline’s single-step
query. Experiments over three datasets demonstrate that our
approach achieves state-of-the-art performance, with ablation
studies verifying the efficacy of the proposed components.
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