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Abstract

Modeling 3D open-vocabulary language fields is challenging
yet highly anticipated. Despite great progress, existing ap-
proaches heavily rely on a large number of training views
to construct language-embedded 3D scenes, which is unfor-
tunately impractical in real-world scenarios. This paper intro-
duces SOVGaussian, the first method for few-shot novel view
open-vocabulary language querying. We introduce a depth-
constrained neural language field to mitigate the geometry
degradation caused by overfitting training views. Rather than
straightforwardly using dense depth maps for loosely accu-
rate supervision, Language-Aware Depth Distillation (LAD)
based on open-vocabulary object masks is proposed, ensur-
ing intra-object geometric accuracy within the language field.
To further refine the language-geometry consistency of the
language field, we propose a novel Language-Guided Out-
lier Pruning (LOP) strategy, which identifies floating 3D
Gaussian primitives overfitting training views based on their
language-grouped densities. Our comprehensive experiments
demonstrate that SOVGaussian is able to reconstruct a supe-
rior scene representation from few-shot images, outperform-
ing existing state-of-the-art methods and achieving signifi-
cantly better performance on novel view language querying
and synthesis.

Repository — https://github.com/Brucess/SOVGaussian

Introduction

Language-embedded scene understanding and reconstruc-
tion are promising tasks for computer vision, enabling the
users interact with 3D virtual world via open-ended lan-
guage in a high-quality manner. Recently, Neural Radi-
ance Field (NeRF) (Mildenhall et al. 2021) and 3D Gaus-
sian Splatting (3DGS) (Kerbl et al. 2023) have emerged
as promising method of scene reconstruction from multi-
view input images. Previous works have attempted to em-
bed language into neural representation(Liu et al. 2023) or
3D Gaussian (Qin et al. 2024; Shi et al. 2024), leverag-
ing the image and language embeddings from 2D foun-
dational visual-language models such as CLIP (Radford
et al. 2021) and DINO (Caron et al. 2021) to interact with
users using open-vocabulary queries. Language-embedded
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Figure 1: Comparing existing approaches (a) with our
method (b): Existing methods input full views to 2D foun-
dational models for language field training, and test open-
vocabulary querying accuracy on the training views. In con-
trast, our method is trained on 3 input views, introduces
a depth-constrained neural language field, and leverages
the intrinsic correlation between language and geometry
for depth distillation and primitive pruning, achieving high-
quality open-vocabulary querying on novel views.

3D scene representations, especially those based on 3DGS
that achieve faster rendering speed and comparable image
quality, have significantly enhanced applicability in down-
stream tasks such as embodied intelligence (Fan et al. 2024),
autonomous robotic navigation (Zhao et al. 2024), and au-
tonomous driving (Vobecky et al. 2024; Huang et al. 2024).

Nevertheless, existing methods concentrate on developing
pipelines leveraging dense input views and do not empha-
size the ability to render language features in novel views.
Imposing increasingly stringent constraints on input data re-
sults in higher operational costs in practical applications,
which is unacceptable in many cases, such as in autonomous
vehicles or mobile robots where cameras operate at only a
few Hertz (Caesar et al. 2020). However, when the num-
ber of views is significantly reduced (e.g., only 3 images),
the 3DGS-based language field deteriorates into an ill-posed
structure that overfits the input views, causing background



collapse and excessive floaters on both rendered language
feature maps and RGB images (Xiong et al. 2023), failing
to support language queries in novel views. An intuitive so-
lution is to supplement additional geometric constraints as
cues to mitigate the significant scene degradation caused by
the few-shot input images (Turkulainen et al. 2024). Inspired
by the success of the previous depth-constrained NeRFs
(Guo et al. 2024; Wang et al. 2023) and methods of 3D
Gaussians (Li et al. 2024), depth supervision from pretrained
monucular depth estimator provides substantial value. De-
spite the considerable success of monocular depth estima-
tion methods in recent years (Yang et al. 2024; Ke et al.
2024; Shao et al. 2024), monocular depth estimation is the-
oretically under-determined and cannot generalize accurate
depth information across different datasets and scenes, un-
dermining its effectiveness on reshaping geometry. Benefit-
ing from our language information, we can exploit the in-
trinsic correlation between language features and geometry
to impose additional regularization on the scene representa-
tion.

In this paper, we introduce 3D Gaussian-based SOV-
Gaussian to tackle the aforementioned challenges. Diverging
from existing approaches, our method exclusively leverages
sparse-view input for training while ensuring precise open-
vocabulary querying and high-fidelity synthesis in novel
views. A comprehensive comparison between our approach
and existing methods is presented in Figure 1. In SOV-
Gaussian, we integrate dense monocular depth estimation
maps to construct a constrained neural language field, ef-
fectively mitigating the degradation caused by overfitting
training views. Given the numerical inaccuracy of this cue,
we eschew using it as hard constraint. Instead, we pro-
pose a Language-Aware Depth Distillation module (LAD),
which explicitly constrains the position optimization of 3D
Gaussian primitives by distilling relative depth within open-
vocabulary object masks, ensuring that the geometry can be
correctly supervised within the object scale. Exploiting the
intrinsic correlation between language feature and geome-
try, we further propose a Language-Guided Outlier Prun-
ing Strategy (LOP), which identifies 3D Gaussian primitives
overfitting training views based on their language-grouped
densities. Consequently, this module effectively eliminates
floating primitives that induce artifacts in novel views. In
summary, our contributions include:

* We present SOVGaussian, to the best of our knowledge,
is the first method designed for few-shot novel view
open-vocabulary language querying.

We introduce a depth-constrained neural language field,
thereby improving the geometry reshaping and language
optimization. To resolve the ambiguity caused by numer-
ical inaccuracies of monocular depth cue, we propose a
depth distillation module based on open-vocabulary ob-
ject masks.

Leveraging the intrinsic correlation between scene geom-
etry and language features, we further propose an outlier
pruning strategy to eliminate floating 3D Gaussian prim-
itives.

* Experimental results demonstrate that our method out-
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performs existing state-of-the-art methods, achieving up
to a 56.9% improvement in mloU compared to LangSplat
on the 3DOVS dataset and up to a 36% improvement on
the DTU dataset.

Related Work

3D Scene Open Vocabulary Understanding

Progress in 3D object detection and segmentation (Nguyen
et al. 2024; Lu et al. 2023; Takmaz et al. 2023; Cao
et al. 2024) highlights the effectiveness of integrating point
clouds with features for scene understanding. However,
these methods focus on analyzing pre-existing point cloud
representations, neglecting reconstruction. Early efforts to
integrate reconstruction with open-vocabulary scene under-
standing primarily leverage Neural Radiance Fields (NeRF).
LERF (Kerr et al. 2023) embeds multi-scale CLIP features
into NeRF for consistent 3D scene understanding, while
3DOVS (Liu et al. 2023) aligns CLIP and DINO features
via Relevancy-Distribution and Feature-Distribution Align-
ment losses to enable 3D open-vocabulary querying. How-
ever, NeRF-based methods are limited by implicit 3D repre-
sentations, resulting in costly training.

3D open vocabulary understanding based on 3DGS aims
to improve the quality of queried object segmentation
and significantly reduce the time required for optimizing
scene representation. Feature 3DGS (Zhou et al. 2024) out-
lines a high-dimensional semantic feature rendering process
and speed-up approach leveraging a parallel N-dimensional
Gaussian rasterizer and a convolutional speed-up module,
enabling efficient feature field distillation guided by 2D
foundation models. A quantization scheme proposed by
LEGaussians (Shi et al. 2024) compresses semantic features
into a compact feature space, and the spatial frequency of
semantic features is reduced based on learned uncertainty
values. LangSplat (Qin et al. 2024) learns hierarchical se-
mantic language features from SAM (Kirillov et al. 2023)
in the scene-specific latent space through a scene-wise au-
toencoder to reduce memory cost and point ambiguity is-
sues. However, these 3DGS-based works do not consider the
generalization capability for novel views and require a large
number of images and camera views to train the field, which
is unavailable under stringent data conditions in practical ap-
plications.

Novel View Synthesis from Sparse Training Views

The task of novel view synthesis utilizes a small number
of training views to train 3D scene representations, aim-
ing to achieve high-quality novel view synthesis. Existing
works using NeRF (Deng et al. 2022; Roessle et al. 2022)
and 3DGS as the 3D representation model introduce depth
cues to explicitly regularize the geometry of 3D Gaussians,
achieving more realistic novel view RGB image synthesis. A
optimization strategy (Chung, Oh, and Lee 2024) improves
the quality of 3D scene reconstruction with limited image
input through depth guidance and unsupervised smooth con-
straints. Other approaches (Li et al. 2024; Zhang et al. 2024;
Paliwal et al. 2025) attempt to address the issue of geo-
metric degradation in 3D Gaussian Splatting by introducing
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Figure 2: We present the pipeline of our SOVGaussian. From the left: SOV Gaussian starts with random initialization. Language
and color features of each 3D Gaussian primitive are queried using the learnable position. From the right: The sparse-view
(i.e., 3 views) RGB input images are processed by CLIP and SAM to extract dense language feature maps, and by a monocular
depth estimator to obtain dense depth maps. During optimization, the learnable parameters of the primitives are optimized using
language feature loss, color loss, and depth loss through Language-Aware Depth Distillation (LAD). Additionally, Language-
Guided Outlier Pruning (LOP) is used to remove outliers that exhibit language-geometry inconsistencies.

regularization and normalization. These works provide valu-
able insights into explicitly regularizing the geometry of 3D
Gaussians. However, the constructed 3D scene representa-
tions are limited to synthesizing RGB images. Our paper fo-
cuses on constructing a 3D language field from sparse-view
input, which leverages the intrinsic correlation between lan-
guage features and geometry to achieve high-quality open-
vocabulary querying and synthesis in novel views.

Method

Previous open-vocabulary scene understanding methods are
limited by the necessity of all training views of a scene to
train the scene representation. Our proposed method aims
to use sparse-view RGB images (i.e., 3 views) as training
inputs to obtain a 3DGS-based scene representation with
advanced generalization capability for novel views. Figure
2 provides an overview of our method. In this section, we
first introduce our depth-constrained neural language field.
Subsequently, we will introduce a Language-Aware Depth
Distillation module and a Language-Guided Outlier Pruning
strategy, tightly coupling the intrinsic correlation between
language feature and geometry to reshape the language field.

Depth-Constrained Neural Language Field

To construct a 3D language field from sparse-view input im-
ages {I; | i = 1,2,..Ny,I; € R¥>*H*W1 (eo Ny = 3),
a pipeline that extracts dense, pixel-level language features
from 2D images is required. We utilize SAM and CLIP to
construct hierarchical dense language features from sparse
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input images. Mathematically, the obtained dense language
features:

Hi(z) = LB f§ (@) (1
where f§,,,(z) is the | semantic level (i.e., “subpart”,
“part”, ”whole”) mask region at pixel # generated by SAM,
and forrp(+) represents image encoding by CLIP.

In existing methods requiring full-view data, the training
process emphasizes overfitting to the input images. There-
fore, the optimal language embedding is a low-dimensional
representation derived from high-dimensional discrete fea-
tures through one-to-one dimensionality reduction quantiza-
tion (Shi et al. 2024; Wu et al. 2024). However, this quan-
tized representation is undesirable in the case of sparse train-
ing views because the low-dimensional index itself does not
contain semantics. In the scenario of sparse training views,
the inevitable semantic inconsistencies in training images
can lead to completely incorrect index generation during
novel view synthesis. To prevent this issue, rather than dis-
cretizing original CLIP feature, we use an autoencoder (Qin
et al. 2024) to reduce the dimensionality of the original high-
dimensional (i.e., 512-dimensional) CLIP feature space into
a low-dimensional (i.e., 3-dimensional) Hilbert space:

Ei = fautoencoder (Hi) (2)

R3*HxW s the final language embeddings for

ferip(

where E! ¢
I,.

We next use monocular depth cue to explicitly supervise
the language field and color field reconstrction, thereby re-
ducing erroneous primitives used for overfitting the training



views. We directly generalize the monocular depth estima-
tor DPT (Ranftl, Bochkovskiy, and Koltun 2021) for depth
supervision, without introducing additional manually anno-
tated data. To tackle the issue of numerical inaccuracies at
the global scale of the estimated monocular depth, we fur-
ther propose a Language-Aware Depth Distillation module
(LAD); see the next subsection.

Simple spatial domain fitting method (e.g., SH coeffi-
cients in Vanilla 3DGS) is not robust and can lead to se-
vere color distortion under sparse view conditions (Liu et al.
2024; Chen et al. 2024). This may be due to the under-
determined optimization problem caused by the sparse-view
constraints. Previous works (Lee et al. 2024; Jiang et al.
2024) prove that neural renderer contributes to enhancing
color generalization for novel views, which inspires us. In-
stead of simply embed language features in primitives like
previous works, we exploit hash grids (Miiller et al. 2022)
to query each primitive’s language and color features. We
input positions into hash grids to query color features and
language features. Formally, the view-dependent color and
view-independent language features of the primitive at posi-
tion p; are:

cj = MLPC (hcolo’r (pja 9>7 d) (3)

&' = MLPL (B4 guage (P53 0)) (4)

where 6 denotes the parameters of the neural field, A(-; )
is tensor indexing operation, and d is the view direction. c;
and gbé are the color and the [-th language feature of the j-
th primitive. The objective function of neural language field

optimization is:
Lrp = Z Z |E; — @}
o

where ®! € R3*H*W i the rendered language feature map
through rasterizer. The grid-based structure of the hash grids
allows for the optimization of shared multi-resolution corner
features when optimizing each primitive, enabling different
primitives to deform coherently during optimization and en-
hancing the regional consistency of the language field.

&)

Language-Aware Depth Distillation

Monocular depth estimators theoretically lack the capabili-
ties to recover depth with accurate numerical values, lead-
ing to conflicts in the optimization, undermining its effec-
tiveness on reshaping geometry. Even the estimated relative
depth maps can exhibit inaccuracies at the global scale. As
depicted in Figure 2, the estimated relative depth maps lack
precision. For novel view querying, incorrectly positioned
Gaussian primitives can become artifacts like floaters, sig-
nificantly degrading integrity of object mask, especially on
detail-rich object surfaces. This is detrimental to our object-
centric open-vocabulary querying.

To solve this problem, we propose Language-Aware
Depth Distillation (LAD) module to make the position cor-
rection process of the primitives more robust and detail-
focused. We believe that the depth ordering within local re-
gions of the estimated relative depth maps is accurate, but

5346

the numerical values may not be. We distill the depth map by
segmenting it according to the object masks output by SAM
and normalize the relative depth map within each mask:

D(x) — min(D(fiap(x)))
maz(D(f§ (7)) = min(D(féAM(x)))@

where D € R1HXW g the depth map. Since then, rendered
depth map and pseudo ground truth both are modify to the
same object scale. By focusing on the relative depth at the
object scale, we mitigate the numerical inaccuracies of the
estimated global relative depth map within the region mask.

To enable the depth loss to directly correct the positions of
primitives during backpropagation, we employed hard depth
regularization and soft depth regularization (Li et al. 2024).
Specifically,

Dhard(‘r) = Z :Uf(]- - M)j—lg]?D(x) ”pj - 0”2

JENg

DZSA(CU) =

)

where Dpaqg € RVHXW s the rendered depth map, p is

hard opacity that is close to 1 (e.g., 0.99), o denotes the cam-
era center, and Q?D is the projected 2D Gaussian from 3D
Gaussian G; of the j-th primitive . Similarly,

Dys(z) = Y a(l —af 'GP (@) Ip; — ol

JENg

(®)

where « is the original opacity of G;.
The total loss function L£p of depth constraint is defined
by:

Lsa= Z HDivt,SA _D;La’l“d,SAHQ +
1

DL sa—Dlosisall, O

Lar = IDgt.cr — Dhara,crll, +

||Dgt,GL *Dsoft,GL”Z (10)

Lp=Msa+ Lar (11)

where D. g, is global nolmalization.

Language-Guided Outlier Pruning

During optimization, some 3D Gaussian primitives appear
in non-occupied areas to fit the training views. Sparse in-
put views do not provide sufficient constraints for the opti-
mization process to remove these outlier primitives. These
floating primitives significantly hinder novel view synthe-
sis, forming artifacts. Previous few-shot 3D Gaussian splat-
ting methods, limited by 2D supervisions, could not elimi-
nate these erroneous primitives. Proposed Language-Guided
Outlier Pruning (LOP) strategy incorporates language fea-
tures and densities of primitives to identify these floating
outliers, constraining the geometry of the 3D Gaussian field.
Specifically, we first obtain the prototypes of the ground
truth language embeddings for all primitives:

PRO' = {E\(z) | 1<z < HW,1<i<N;} (12
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Figure 3: Qualitative comparisons of open-vocabulary querying accuracy in novel views on the 3DOVS dataset. We visualized
the relevance maps of two novel views for each of the ”sofa” and "room” scenes.

where EL(z) € R3, all unique E!(x) constitute PRO"' =
{P! } representing the set of [-level language features. Then,
we retrieve all primitives in the 3D Gaussian field and match
the prototype corresponding to each of them:

Tl =

; (13)

argmin [P}, — o}
where Ijl- is the corresonding prototype index of the j-th
primitive.

Our goal is to identify outliers within these primitives by
treating those with the same prototype as a basic group. Con-
sidering that they exhibit a multi-center distribution in the
spatial domain, a suitable and significant characteristic for
distinguishing floating outliers from normal primitives is the
density of primitive because primitives in the same group
should have similar densities. The LOP calculates the Local
Outlier Factor (LOF) of each primitive to determine whether
it is an outlier:

2.6, eKNN(G,) LRD(Gu)
S.t.

I, =1, (4
where KNN(-) denotes y-nearest neighbors, and v is a

hyper-parameter. The local reachability density is:

_ v
ZguGKNN(gm) [P — Pull2

LRD(Gn,) (15)
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If G, is in a sparser region compared to its neighbors, the
LOF score will be greater than 1, indicating that p is an out-
lier. We set an outlier ratio 7 to compute the outlier mask:

Mouttier = arg topk(LOF(gm), T) (16)

With the outlier mask, we prune the floating primitives to
prevent them from being used for overfitting the training
views and from deteriorating the generalization of novel
views.

Optimizing Details

Our model is trained end-to-end, with the overall loss di-
vided into three components: color loss L¢, language fea-
ture loss L, and depth loss Lp:

L=Lc+Lrr+Lp 17
where Lo = L1 + Lp_gsr is the basic color supervision
(Kerbl et al. 2023). The L, is designed to only backpropa-
gate to the hash grids features, without generating gradients
for other optimizable parameters of the primitives. We set
the interval for LOP to 1000 iterations, thus the total time

overhead introduced by it is negligible. We empirically set v
to 20, 7 = 5% for LOP, and \ = 0.1 for the loss function.

Experiments
Settings

Datasets We evaluate our method on the 3DOVS (Liu
et al. 2023) and DTU datasets (Aanas et al. 2016). The



Method sofa bed room lawn bench Overall
cthods mlOU mAcc | mIOU mAcc | mIOU mAcc | mIOU mAcc | mIOU mAcc | mIOU mAcc
3DOVS 19.9 30.0 13.1 20.0 233 333 13.3 26.7 10.8 28.6 16.1 27.7
LEGaussians | 24.2 40.0 25.9 50.0 26.1 53.3 34.7 60.0 51.2 68.6 324 54.4
LangSplat 39.0 83.3 30.2 86.7 54.9 93.3 31.2 66.7 54.6 97.1 42.0 854
Ours \ 69.3 99.2 48.4 90.0 72.4 99.2 75.9 98.3 63.7 98.6 65.9 97.1

Table 1: Performance of semantic querying in novel views on the 3DOVS dataset. We report the mloU? scores (%) and local-

ization mAcct.

3DOVS dataset comprises a collection of scenes featuring
long-tail objects captured from different views, designed for
open-vocabulary scene understanding and object localiza-
tion. We follow the LangSplat evaluation protocol and con-
duct assessments on the same scenes for mean IoU and lo-
calization accuracy. The resolution is set at 1440 x 1080,
consistent with the original LangSplat. We further employ
the DTU dataset, which is widely used for evaluating meth-
ods for sparse-view input. Given that the original DTU
dataset does not provide open-vocabulary semantic anno-
tations, we select 7 complex scenes and manually annotate
them to facilitate model evaluation. The resolution is main-
tained at 1440 x 1080 to control for variables.

Baselines We compare our method against several state-
of-the-art models, including LangSplat, LEGaussians, and
3DOVS. Different from their vanilla pipelines that use all
views (i.e., 35 for 3DOVS and 49 for DTU) for training, we
use only 3 views and evaluate generalization on novel views.
To ensure fair comparison, all methods are trained following
the same sparse-view protocol as ours, using the same 3 in-
put views, camera poses, and test views. It is worth mention-
ing that the baselines are based on publicly available source
codes and papers, with modifications made to the dataset
splits to enable sparse-view training. We further control hy-
perparameters such as learning rate and density increment
percentage to enhance the baselines’ performance.

Implementation Details Our approach is based on 3DGS
(Kerbl et al. 2023) and implemented by PyTorch. We mod-
ifiy the rasterization pipeline to simultaneously obtain ren-
dered depth maps and language feature maps. Our method
does not require separate training for scene geometry and
the language feature field. Instead, it achieves a single train-
ing process for a scene. We train for 20,000 iterations on the
3DOVS dataset and 6,000 iterations on the DTU dataset us-
ing a single RTX 3090, requiring approximately 1 hour and
25 minutes, respectively, using around 4GB of memory. To
address low co-visibility issues that may cause COLMAP
(Schonberger et al. 2016) to fail, we initialize with a ran-
dom point cloud. View selection follows uniform sampling
for 3DOVS and the protocol in (Li et al. 2024) for DTU.

Comparisons on The 3DOVS Dataset

Quantitative Results Tabel 1 presents the cross-metric
comparisons of our method with other approaches on the
3DOVS dataset, covering the localization accuracy and
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ind Truth

3DOVS

Figure 4: Visual quality comparison of novel view synthesis
results on 3DOVS dataset. Our method demonstrates signif-
icantly better novel view synthesis capability.

mlIOU for open-vocabulary queries. Our observations show
that SOVGaussian achieves an overall mIOU of 65.9%, sig-
nificantly outperforming the latest methods, with a margin of
23.9% mIOU (+56.9%) over LangSplat and 33.5% mIOU
(+103.4%) over LEGaussians. The baselines primarily fo-
cus on overfitting to the training views, while they fail to
leverage sparse training views to construct a geometrically
consistent language field, leading to poor performance on
novel views. Our method is designed to align with prac-
tical application conditions, emphasizing generalization to
novel views. By incorporating the proposed LAD and LOP,
we enhance the geometric quality of the language field and
suppress floaters that cause artifacts in novel views, thereby
improving the model’s generalization.

Qualitative Results We visualize the qualitative results
in Figure 3 and Figure 4. Our observations show that
SOVGaussian achieves more precise and less holey query
masks in novel views, maintaining clear object boundaries.
Specifically, 3DOVS almost fails to locate the queried ob-
ject’s position, likely caused by the significant degrada-
tion of NeRF-based implicit representations under sparse-
view constraints. Moreover, LEGaussians and LangSplat
produce query masks with lower precision and more holes,
attributable to their constructed language fields exhibiting
chaotic geometric structures and being severely affected by
floaters.

Comparisons on The DTU Dataset

Quantitative Results To validate the generalizability of
our method across different datasets, we numerically com-
pare our method against the baselines on the DTU dataset,
as shown in Table 2. Once again, our method achieves an
overall superior mIOU of 71.7% than other approaches.



menthods mIOU
21 31 38 41 55 103 110 Overall
3DOVS [27.5 8.8 39.636.6194 F 187 215
LEGaussians|38.4 20.4 44.1 184 1.9 0.5 250 21.2
Langsplat |38.4 56.6 61.0 58.3 45.0 68.8 40.7 52.7

Ours  |46.5 67.2 72.6 90.2 68.9 83.9 72.4 71.7

Table 2: The semantic querying mIOU? in novel views of
7 scenes. Annotations are used solely for evaluation and are
not visible during training. 3DOVS fails in scan103 since it
is unable to query objects that only appear in partial views.

Ground Truth Ours

scan4l

scan31

Figure 5: Qualitative comparison of our method and
LangSplat. Top to bottom: query words “metal bucket with
painted patterns”, “concrete block”, ”cardboard box of Lip-
ton green tea”, “metal can of baked beans”. The red points
indicate the model’s predictions, while the black dashed

bounding boxes represent the annotations.

Qualitative Results Figure 5 illustrates the qualitative re-
sults of our method. In the scan41 scene, we query “metal
bucket with painted patterns.” Our method responds with
a complete object mask, featuring clear object edges. The
peak response is located in the area with painted patterns,
indicating that our method effectively constructs a language
field with robust generalization capabilities for novel views.

Ablation Study

Here, we conduct ablations on the 3DOVS dataset to eval-
uate the performance increment contributed by each com-
ponent, including open-vocabulary querying accuracy and
synthesis quality from novel views. The quantitative results
are presented in Table 3. In Case #3, without using the depth
cue, all metrics are significantly lower than those of the full
model. Case #1 demonstrates the effectiveness of the LOP
by ablating it individually. In Case #2, we observe perfor-
mance improvements attributed to the LAD’s enhancement
of scene geometry. In Case #4, replacing the hash grids of
language features with 3-dimensional embeddings results in

Ours w/o LOP w/o Lg

Figure 6: We visualized the query relevancy for “hand” in
the novel views (top part) and the rendered feature maps of
the highest responsive level (bottom part), with all of them
at the ”part” level.

Case mIOUT mAcct PSNRtT SSIMf

#1 w/oLOP 61.8 953 16.57 0.4661
#2 w/oLAD 634 95.5 17.14 0.4743
#3 wloLp 462 88.2 15.00 0.4281
# wlo ¢; 64.5 95.3 17.52 0.4854

#5 Ours 65.9 971 17.63 0.4872

Table 3: Quantitative results of ablation experiments in novel
views.

relatively unchanged novel view synthesis capabilities but a
decline in querying accuracy.

In Figure 6, we further visualize the effects of the depth
cue and LOP. When the depth cue is ablated, the degra-
dation of the language field’s geometry leads to rendered
novel view with severe object language features distortion.
However, thanks to the LOP, artifacts are suppressed. When
the LOP is disabled, the rendered novel view language fea-
ture maps exhibit numerous floaters, significantly impacting
querying accuracy, although the depth cue enhances the in-
tegrity of the object features.

Conclusion and Limitation

To the best of our knowledge, we are the first to tackle
open-vocabulary scene understanding from sparse-view in-
put. We propose SOVGaussian, a method that constructs
a 3D language field from few-shot inputs, enabling pre-
cise open-vocabulary querying and high-fidelity novel view
synthesis. By integrating a monocular depth estimator and
hash grids, SOVGaussian builds a depth-constrained neu-
ral language field, enhancing geometry reshaping and lan-
guage optimization. We further introduce Language-Aware
Depth Distillation (LAD) to address depth inaccuracy and
propose Language-Guided Outlier Pruning (LOP) to im-
prove geometric precision by mitigating floaters caused by
overfitting. Experiments demonstrate SOVGaussian’s supe-
rior novel view generalization over state-of-the-art methods.
However, SOVGaussian relies on static primitives and ex-
cludes dynamic scenes.
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