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Abstract

We introduce ShelfGaussian, an open-vocabulary multi-
modal Gaussian-based 3D scene understanding frame-
work supervised by off-the-shelf vision foundation models
(VFMs). Gaussian-based methods have demonstrated su-
perior performance and computational efficiency across a
wide range of scene understanding tasks. However, ex-
isting methods either model objects as closed-set seman-
tic Gaussians supervised by annotated 3D labels, neglect-
ing their rendering ability, or learn open-set Gaussian
representations via purely 2D self-supervision, leading to
degraded geometry and limited to camera-only settings.
To fully exploit the potential of Gaussians, we propose
a Multi-Modal Gaussian Transformer that enables Gaus-
sians to query features from diverse sensor modalities, and
a Shelf-Supervised Learning Paradigm that efficiently op-
timizes Gaussians with VFM features jointly at 2D im-
age and 3D scene levels. We evaluate ShelfGaussian on
various perception and planning tasks. Experiments on
Occ3D-nuScenes demonstrate its state-of-the-art zero-shot
semantic occupancy prediction performance. ShelfGaus-
sian is further evaluated on an unmanned ground vehi-
cle (UGV) to assess its in-the-wild performance across di-
verse urban scenarios. Project website: https://lunarlab-
gatech.github.io/ShelfGaussian/.

1. Introduction

3D scene understanding plays a crucial role in autonomous
driving and robotic navigation. Among various tasks, 3D
semantic occupancy prediction is particularly challenging,
as it requires a fine-grained, joint semantic and geomet-
ric understanding of the surroundings [64, 65, 70]. Tradi-
tional semantic occupancy frameworks [26, 40, 72, 86] em-
ploy a dense voxel-based scene representation that is com-
putationally and memory-intensive and unsuitable for on-
board real-time deployment. Recently, 3D Gaussian Splat-
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Figure 1. We propose ShelfGaussian for Gaussian-based 3D
scene understanding under open-vocabulary, multi-modal and
multi-task scenario. (a) Our model is able to assist a robot in pre-
dicting open-set occupancy from any sensor modalities with the
help of VFMs. (b) Compared to existing Gaussian-based methods,
ours provides a generalizable solution for 3D scene understanding.

ting (3DGS) [34] is naturally extended into an efficient and
expressive scene representation for occupancy prediction,
leveraging its object-centric modeling and high-fidelity ren-
dering capabilities. Some work [11, 19, 75] retains vox-
els as the scene representation and use Gaussian render-
ing to improve feature learning. However, they inherit the
fundamental limitations of voxel-based representations. In
contrast, GaussianFormer family [28, 29, 59, 87, 93] di-
rectly adopts Gaussians as an alternative to voxels but still
trains Gaussians to predict predefined semantics in a fully-
supervised manner, which is limited to closed-set scenarios.

This closed-vocabulary constraint is a bottleneck for
real-world deployment. Autonomous vehicles inevitably
encounter semantics beyond a predefined set and lead to
unpredictable behaviors. The reliance on fully-supervised
training also impedes model’s ability to scale with data.
These challenges have spurred a significant push towards
self-supervised, open-vocabulary 3D scene understanding.
VFMs such as CLIP [57] and DINO [8, 52, 58], demon-
strate superior performance in open-set 2D visual percep-
tion, making them key enablers for extending this success
to 3D. However, effectively leveraging 2D VFMs for 3D
scene understanding remains challenging due to fundamen-
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tal data and representation discrepancies between domains.
Recent attempts, such as GaussTR [32] and Gaussian-

FlowOcc [4], learn feed-forward open-vocabulary Gaus-
sians from camera-only information by using outputs from
VFMs for 2D self-supervision. While these methods estab-
lished a VFM-enabled self-supervised pipeline for 3D oc-
cupancy prediction, a significant performance gap remains
compared to fully-supervised ones. These observations mo-
tivate us to explore stronger supervision signals and com-
plementary input modalities beyond 2D images to fully un-
lock the expressiveness of Gaussian-based scene represen-
tations for open-vocabulary 3D scene understanding.

However, effectively learning open-vocabulary Gaussian
features directly from unannotated 3D data is non-trivial.
One bottleneck is the lack of an efficient, general Gaussian-
to-voxel splatting module to support high-dimensional fea-
ture gradient backpropagation from voxel-based supervi-
sion. Another limitation is the absence of a systematic
mechanism to bridge Gaussians with data from different 3D
input modalities. Driven by these opportunities and chal-
lenges, we dig deeper into the application of feed-forward
Gaussians for 3D scene understanding under multi-modal,
open-vocabulary, and multi-task settings, and propose a
ShelfGaussian framework. Our contributions are:
• We propose a multi-modal Gaussian transformer archi-

tecture that queries features from different sensor modal-
ities to predict feed-forward 3D Gaussians, supporting
camera-only, LiDAR-only, LiDAR-camera, camera-radar
and LiDAR-camera-radar sensor input.

• We introduce a novel shelf-supervised learning
paradigm to optimize Gaussians using off-the-shelf
VFMs at both 2D image and 3D scene levels. A highly
efficient, CUDA-accelerated Gaussian-to-Voxel (G2V)
splatting module is designed to enable high-dimensional
VFM feature distillation and speed up training.

• ShelfGaussian achieves state-of-the-art zero-shot per-
formance on semantic occupancy prediction on nuScenes
dataset, superior performance on Bird’s-Eye-View (BEV)
segmentation, and reduced collision rate in trajectory
planning when integrated into our Gaussian-Planner.

• We further test ShelfGaussian on an unmanned ground
vehicle (UGV) across diverse urban scenes, demonstrat-
ing its superior in-the-wild performance.

2. Related Work

2.1. Open-Vocabulary 3D Scene Understanding

Open-vocabulary 3D scene understanding typically in-
cludes 3D semantic segmentation [13, 15, 16, 38, 53, 55,
78], 3D instance segmentation [20, 30, 36, 48, 50, 51,
53, 60, 61, 71, 73, 74, 76, 79, 81], 3D object classifica-
tion [25, 30, 85, 92], and 3D object detection [30, 35, 49,
92]. For outdoor driving scenarios, open-vocabulary occu-

pancy prediction is particularly prominent due to its fine-
grained voxel-level output. OVO [63], Veon [88] and POP-
3D [67] are pioneers in distilling CLIP [57] features into 3D
voxels to enable open-set querying abilities. Building on the
success of 2D self-supervision in semantic occupancy pre-
diction [18, 27, 54], recent works such as OccNeRF [84],
DistillNeRF [69], and LangOcc [5] leverage volume render-
ing to align voxel features with foundation models, thereby
enabling open-set occupancy prediction. CAL [62] and
LOcc [83] propose a CLIP-based 3D pseudo-labeling en-
gine and leverage it to supervise occupancy networks.

2.2. 3D Gaussians for Occupancy Prediction

3D Gaussian Splatting [34] demonstrates superior recon-
struction and rendering quality, and has been extended to
semantic occupancy prediction. GaussianFormer [28, 29]
models scenes as dense semantic Gaussians supervised by
closed-set voxel-wise labels. This representation is fur-
ther extended by GaussianWorld [93] to temporal fusion
and by GaussianFormer3D [87] to multi-modality scenar-
ios, respectively. GaussianOcc [19], GaussRender [11],
and GaussianPretrain [75] all employ a voxel-based rep-
resentation and enhance voxel features through Gaussian
rendering. GaussTR [32] learns sparse 3D Gaussians as
the scene representation by aligning Gaussian renderings
with 2D vision foundation features. GaussianFlowOcc [4]
further incorporates a temporal module for Gaussians to
model scene dynamics, achieving improved performance.
To the best of our knowledge, our proposed ShelfGaussian
is the first framework that unifies open-vocabulary, multi-
modality and Gaussian-based scene completion.

3. Method

This section detailed the proposed ShelfGaussian frame-
work, with an overview illustrated in Fig. 2.

3.1. Preliminary: Scene as Sparse 3D Gaussians

Inspired by generalizable 3D reconstruction methods [12,
82] which predict Gaussian parameters in a feed-forward
manner, we utilize sparse feed-forward Gaussians to repre-
sent the scenes, akin to the Gaussians employed in previous
work [4, 32]. Each Gaussian G is parameterized by its 3D
mean mego ∈ R3 in ego space, a 3D covariance matrix Σ
composed of a rotation quaternion r ∈ R4 and a scaling fac-
tor s ∈ R3, an opacity α ∈ [0, 1], and a high-dimensional
feature vector f ∈ RCf . For initialization, we first assign a
2D pixel location m2D

c = (u, v) and retrieve its correspond-
ing depth value d from a monocular estimated depth map D,
which can be optionally refined by LiDAR projected depth.
These are combined into a 3D mean m3D

c = (u, v, d) in the
image frame, and then transformed to the ego frame using
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Figure 2. Overview of ShelfGaussian. ShelfGaussian employs off-the-shelf VFMs to extract depth and DINO feature maps from multi-
view images, and trains LiDAR and radar backbones to extract related features. These are then fed into our multi-modal Gaussian trans-
former to predict sparse sets of 3D Gaussians to represent the scene. During training, Gaussians are rendered into camera views for VFM-
based 2D supervision, while being converted into voxels via our CUDA-accelerated G2V module for 3D supervision. The shelf-supervised
Gaussians support zero-shot semantic occupancy prediction, BEV segmentation, and are further evaluated for trajectory planning.

the camera intrinsics K and extrinsics Ee2c:

mego = E−1
e2cK

−1m3D
c . (1)

The rotation quaternion r is initialized to be orthogonal to
the camera view, while the scaling factor s is adjusted to
be proportional to d based on perspective principles. The
opacity and feature vector are left uninitialized. Thus, 3D
Gaussian primitive can be parameterized and initialized as:

G = (mego, s, r, α, f). (2)

3.2. Multi-Modal Gaussian Transformer
Multi-modal transformer [66] has achieved great success in
learning unified BEV or voxel representations from mul-
tiple sensors (e.g., LiDAR, camera) for 3D object detec-
tion [2, 14, 39, 43, 47, 68, 80]. Motivated by this suc-
cess, we propose a novel and generalizable multi-modal
transformer for Gaussian-based 3D scene understanding.
The learning objectives of our framework consist of a set
of learnable Gaussian queries Q ∈ RNg×Cg and their 3D
mean positions M3D

c ∈ RNg×3 in the image frame, where
Ng and Cg denote the number of Gaussians and the embed-
ding dimension, respectively. We first extract feature maps
from camera, LiDAR and radar data separately. For camera
data, multi-scale feature maps Fc are extracted via a pre-
trained DINO [52, 58] backbone followed by a feature pyra-
mid network (FPN) [44]. For LiDAR data, multi-scale BEV
feature maps Fl are extracted through a 3D backbone SEC-
OND [77] and FPN [44]. For radar data, its BEV feature

map Fr is generated from a 3D backbone PointPillars [37].
We then transform M3D

c into the LiDAR frame using the
camera intrinsics K and extrinsics El2c to obtain 3D posi-
tions of Gaussian queries on LiDAR and radar feature maps:

M3D
l = E−1

l2cK
−1M3D

c . (3)

Afterwards, through a sequence of transformer decoder lay-
ers, we gradually aggregate features from different sensor
modalities via deformable attention [91]:

Qi = DeAttn(Fi,Q,M3D
i ), i ∈ {c, l, r}. (4)

The sampled features are then concatenated and fused via a
multi-layer perceptron (MLP) to update the queries:

Q = Q+ MLP(Qc ⊕Ql ⊕Qr). (5)

After cross-attention to multi-modal features, we further up-
date Gaussian queries through self-attention layers [66] to
interact Gaussian features across the scene:

Q = SelfAttn(Q, PE(M3D
c )), (6)

where PE(·) represents positional encoding. Finally, a
Gaussian-wise nonlinear mapping is applied to further en-
hance Gaussian queries via a feed-forward network (FFN):

Q = FFN(Q). (7)

The query positions M3D
c are subsequently updated via a

MLP by M3D
c = M3D

c + MLP(Q) within the decoder. To
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Figure 3. Overview of DINO-Driven Pseudo Labeling Engine. We teleoperate our UGV through urban scenarios to collect paired
image and point cloud sequences along with trajectories from onboard camera and LiDAR. LiDAR points are then projected to image and
decorated with pixel-wise DINO features. These points are aggregated and voxelized at a customized resolution to be 3D pseudo labels.

obtain other Gaussian properties, a set of MLPs are em-
ployed to regress these attributes based on learned queries:

{∆si, αi, fi} = MLP(Q), i ∈ {1, . . . , Ng}. (8)

The final predicted Gaussians can be passed to different
heads to enable downstream perception and planning tasks.

3.3. Shelf-Supervised Learning for Gaussians
Instead of only aligning 2D Gaussian renderings with VFM
features, we propose to jointly align 2D image-level and 3D
scene-level Gaussian outputs with VFM features to narrow
the performance gap to fully supervised methods.

3.3.1. 2D Image-Level Alignment with VFMs
Leveraging the high-fidelity rendering capability of 3D
Gaussians, we first splat the Gaussians onto source views
and then align the renders with estimated depth maps and
VFM features [32]. To improve rendering efficiency, princi-
pal component analysis (PCA) [1] is used to compress both
the high-dimensional Gaussian features f into f̄ , and the tar-
get feature maps Ftgt into F̄tgt. The rendered depth map D̄
and feature map F̄ are then computed by alpha blending:

F̄ =

N∑
i=1

f̄iαi

i−1∏
j=1

(1− αj), (9)

D̄ =

N∑
i=1

diαi

i−1∏
j=1

(1− αj), (10)

where di denotes the distance of each Gaussian to the
camera along the viewing direction. Afterwards, a cosine
similarity-based feature loss L2D

feat, a L1 depth loss L2D
depth,

and a Scale-Invariant Logarithmic (SILog) depth loss [17]
L2D
SILog are combined for 2D image-level supervision.

3.3.2. 3D Scene-Level Alignment with VFMs
Current Gaussian-based approaches are supervised by ei-
ther 2D feature maps or 3D closed-set labels, which present

a trade-off and cannot achieve high efficiency and superior
performance simultaneously. To alleviate this, we propose
a DINO-Driven Pseudo Labeling Engine to automatically
generate high-fidelity 3D occupancy pseudo labels, and a
CUDA-Accelerated Gaussian-to-Voxel Splatting module to
enable highly efficient Gaussian-to-voxel splatting, capable
of supporting both forward and backward propagation of
3D Gaussians with high-dimensional features.
DINO-Driven Pseudo Labeling Engine. As shown
in Fig. 3, the pseudo labeling engine begins by collecting
paired RGB image and LiDAR point cloud sequences using
onboard sensors (e.g.: LiDAR, camera) on a driving vehicle
or mobile robot. DINO [52, 58] is then employed to deco-
rate the raw LiDAR point clouds via point-to-image pro-
jection, i.e., points are projected onto 2D image plane to re-
trieve their corresponding VFM features. Notably, we apply
a visibility mask to filter out points outside of the camera’s
field of view. Afterwards, LiDAR points of key frames are
then accumulated for scene reconstruction. Lastly, the com-
pleted scene with DINO features is voxelized into pseudo
occupancy labels at customized resolution. Our proposed
pipeline can be inserted into any occupancy framework for
automatic and high-quality 3D VFM feature labeling.
CUDA-Accelerated Gaussian-to-Voxel Splatting. An ef-
ficient Gaussian-to-Voxel splatting module can significantly
reduce overall training time. However, PyTorch-based im-
plementations in GaussTR [32] remain computationally ex-
pensive, and the CUDA-based implementation in Gaussian-
Former [28] is primarily designed for probability compu-
tation with a small set of semantic categories and only
supports operations for Gaussians centered within a fixed
voxel-space range. As a result, Gaussians that are located
outside this range while still overlapping with target vox-
els are ignored, leading to inaccurate G2V conversion. In
contrast, our approach is able to accurately and efficiently
account for contributions from all Gaussians, regardless of
their spatial locations. To this, we implement an efficient
computation strategy based on a dual Compressed Sparse
Row (CSR) [6] structure for mapping between Gaussians
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offsets per tile, and indices record Gaussian IDs obtained by sort-
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and tiles, where each tile is defined as a block of 4× 4× 4
voxels. As illustrated in Fig. 4, for the forward, based on
Tile-to-Gaussian CSR, we assign one tile to each CUDA
block for parallel voxel accumulation, which optimizes L1
cache usage and reduces redundant access. For the back-
ward, based on Gaussian-to-Tile CSR, we assign one Gaus-
sian per block to propagate gradients without atomic opera-
tions, thereby improving computational efficiency.
3D Shelf-Supervision. For 3D supervision, based on
learned Gaussian properties and embeddings, ShelfGaus-
sian first predicts occupancy densities ρ ∈ RNv×1 and cor-
responding VFM features O ∈ RNv×Cv , where Nv and Cv

denote the number of voxels and feature dimension. An
MLP is then adopted to regress binary occupancy logits
via o = MLP(ρ), and a predicted binary occupancy mask
ôpred ∈ RNv×1 is obtained by ôpred = o > τ , where
τ is an empirical threshold. By multiplying ôpred with
pseudo binary occupancy label ôpseudo and camera visibil-
ity mask ôvis, we derive the final feature supervision mask
ô. The final predicted occupancy features are formed by
Opred = ô×O. A binary cross entropy loss L3D

bce between
o and ôp, and a cosine similarity-based feature loss L3D

feat

between Opred and pseudo feature label Opseudo are ap-
plied for 3D supervision. Finally, by combining 2D and 3D
losses, we train the model with the overall loss as follows:

L = L2D
feat + L2D

depth + L2D
SILog + L3D

bce + L3D
feat. (11)

3.4. Multi-Task Evaluation
3.4.1. Zero-Shot 3D Scene Understanding
We evaluate the learned VFM-aligned Gaussian representa-
tions on zero-shot semantic occupancy prediction and BEV

map segmentation. During inference, we first leverage pre-
trained models from Talk2DINO [3] or DINO.txt [33] to
map the CLIP [57] text embeddings of open-set queries into
the DINO feature space, denoted as ftxt ∈ RNc×Cf , where
Nc is the number of semantic categories. Then we mea-
sure the cosine similarity between Gaussian features f and
text embeddings ftxt to calculate the semantic logits for the
Gaussian by s = Softmax(f · fT

txt). Finally, we voxelize the
Gaussians into a target resolution for zero-shot semantic oc-
cupancy prediction and BEV segmentation via Gaussian-to-
voxel and Gaussian-to-BEV splatting separately.

3.4.2. Gaussian-based Trajectory Planning
Most existing methods adopt BEV [23, 24, 31, 42] or
voxel [45, 65, 89] representations for end-to-end trajectory
planning. Recent frameworks such as GaussianFusion [46]
and GaussianAD [90] adopt a Gaussian representation sim-
ilar to that in GaussianFormer [28], trained with auxil-
iary perception loss based on closed-set human-annotated
labels. In contrast, we propose a simple yet effective
Gaussian-Planner framework to directly apply our shelf-
supervised open-vocabulary Gaussians to open-loop trajec-
tory planning. To illustrate, we first initialize an ego query
Qego ∈ RNego×Cego as a learnable embedding, where Nego

and Cego denote the number of ego queries and query di-
mension, respectively. We then perform cross attention [66]
between ego query and learned Gaussian embeddings Q to
update the ego query. Finally, the trajectory is predicted
by decoding the updated ego query with a MLP. The ego
status (e.g., velocity, acceleration) can be concatenated to
the ego query optionally for further enhancing vehicle self-
awareness and motion feasibility. The prediction of future
trajectory X ∈ RNstep×2 can be formulated as follows:

X = MLP(CrossAttn(Qego,Q)). (12)

An L1 loss between predicted and ground-truth trajectories
is adopted for supervision.

4. Experiment
4.1. Datasets and Metrics
Datasets. NuScenes [7] dataset provides 1000 sequences
of driving scenes collected with 6 surrounding cameras, 1
LiDAR, 5 radars and 1 IMU. Occ3D [64] offers seman-
tic occupancy annotation across 18 classes for nuScenes
dataset within the range of [−40m, 40m]× [−40m, 40m]×
[−1m, 5.4m] with a voxel resolution of 0.4m. To evaluate
the in-the-wild performance, we built a Custom Dataset by
collecting paired monocular RGB images and LiDAR point
clouds across diverse urban scenes using a Clearpath Jackal
robot. We use a ZED 2i stereo camera to collect images
and a combination of Velodyne VLP16 and Hesai XT16 Li-
DARs for point clouds. Our custom dataset consists of 2638
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Supervised by 2D Image

SimpleOcc [18] C - 7.05 0.00 0.67 1.18 3.21 7.63 1.02 0.26 1.80 0.26 1.07 2.81 40.44 0.00 18.30 17.01 13.42 10.84
SelfOcc [27] C 45.01 9.30 0.00 0.15 0.66 5.46 12.54 0.00 0.80 2.10 0.00 0.00 8.25 55.49 0.00 26.30 26.54 14.22 5.60

OccNeRF [84] C 22.81 9.53 0.00 0.83 0.82 5.13 12.49 3.50 0.23 3.10 1.84 0.52 3.90 52.62 0.00 20.81 24.75 18.45 13.19
DistillNeRF [69] C 29.11 8.93 0.03 1.35 2.08 10.21 10.09 2.56 1.98 5.54 4.62 1.43 7.90 43.02 0.00 16.86 15.02 14.06 15.06
GaussianOcc [19] C - 9.94 0.00 1.79 5.82 14.58 13.55 1.30 2.82 7.95 9.76 0.56 9.61 44.59 0.00 20.10 17.58 8.61 10.29

LangOcc [5] C 51.76 11.84 0.00 3.10 9.00 6.30 14.20 0.40 10.80 6.20 9.00 3.80 10.70 43.70 2.23 9.50 26.40 19.60 26.40
GaussTR [32] C 44.54 12.27 0.00 6.50 8.54 21.77 24.27 6.26 15.48 7.94 1.86 6.10 17.16 36.98 0.00 17.21 7.16 21.18 9.99

Supervised by 3D Pseudo Label or Temporal Information

VEON-B [88] C - 12.38 0.50 4.80 2.70 14.70 10.90 11.00 3.80 4.70 4.00 5.30 9.60 46.50 0.70 21.10 22.10 24.80 23.70
GaussianFlowOcc [4] C 46.91 17.08 0.00 6.75 9.68 18.98 17.15 4.19 11.78 9.27 10.30 1.83 12.33 61.03 0.00 31.17 34.78 14.66 12.40

LOcc [83] C - 18.62 0.00 14.21 0.90 27.21 32.61 3.09 2.06 8.67 1.74 1.96 21.45 71.22 0.00 38.18 33.32 30.68 29.32

ShelfGaussian

C 63.25 19.07 0.36 2.96 10.84 30.20 30.20 11.34 18.93 14.49 6.54 9.47 17.77 60.02 0.14 29.66 21.62 29.63 30.08
L 66.10 19.34 0.23 3.70 4.17 31.25 29.87 15.12 8.65 24.34 2.87 14.62 22.06 53.34 0.06 23.97 18.63 36.02 39.96

C+R 62.84 19.42 0.51 2.77 11.72 31.15 30.46 12.40 19.56 15.35 6.60 11.19 19.28 58.89 0.15 28.17 21.36 29.58 31.01
L+C 69.24 21.52 0.60 3.08 11.80 36.36 31.40 14.71 21.04 18.57 6.62 14.44 22.85 58.43 0.15 28.45 22.88 35.34 39.11

L+C+R 69.45 21.78 0.58 3.30 12.16 34.20 31.62 14.59 21.84 20.88 7.06 14.24 22.89 59.91 0.14 29.14 22.77 35.35 39.64

Table 1. Zero-shot semantic occupancy prediction performance of ShelfGaussian on Occ3D-nuScenes [64] dataset. C, L and R
denote camera, LiDAR and radar for simplicity. Mod. denotes the modality input during inference. The best is in bolded and the second
best is underlined. Ours achieves the state-of-the-art performance with least number of scene queries, and works for any modality as input.

Method Mod. IoUGT Sup. Vehicle Pedestrian Drivable Area

LSS [56] C ✓ FS - 15.0 72.9
FIERY [21] C ✓ FS 35.8 17.2 -

BEVFormer [41] C ✓ FS 35.8 - 80.1
PointBeV [10] C ✓ FS 38.7 18.5 72.5

GaussianBEV [9] C ✓ FS 41.6 21.2 82.6

ShelfGaussian C ✗ ZS 21.1 6.2 38.4

Table 2. Performance of ShelfGaussian on zero-shot BEV map
segmentation on nuScenes [7] dataset. GT: ground-truth. Sup.:
supervision. FS: fully-supervised. ZS: zero-shot. Results of other
methods are reported in [9].

Method L2 (m) ↓ CR (%) ↓
1s 2s 3s Avg. 1s 2s 3s Avg.

ST-P3 [23] 1.59 2.64 3.73 2.65 0.69 3.62 8.39 4.23
UniAD* [24] 0.20 0.42 0.75 0.46 0.02 0.25 0.84 0.37

VAD-Base* [31] 0.17 0.34 0.60 0.37 0.04 0.27 0.67 0.33
OccWorld [89] 0.52 1.27 2.41 1.40 0.12 0.40 2.08 0.87

OccNet [65] 1.29 2.13 2.99 2.14 0.21 0.59 1.37 0.72
GaussianAD(5f) [90] 0.40 0.64 0.88 0.64 0.09 0.38 0.81 0.42

BEV-Planner(4f)* [42] 0.16 0.32 0.57 0.35 0.04 0.29 0.94 0.42

Gaussian-Planner* 0.16 0.32 0.58 0.35 0.00 0.18 0.78 0.32

Table 3. Performance comparison of open-loop trajectory
planning methods on nuScenes [7] dataset. (xf) and * denote
the number of past frames and ego trajectory in usage, respec-
tively. L2 error and CR are computed the same way as ST-P3 [23].

training and 294 testing frames, collected in garden, street,
park and grassland scenarios. Pseudo occupancy labels are
generated at 2Hz in a range of [0m, 20m]× [−10m, 10m]×
[−1m, 4m] with a voxel resolution of 0.2m.
Metrics. Intersection-over-Union (IoU) and mean IoU
(mIoU) across all classes are used for evaluation of our
model on zero-shot semantic occupancy prediction and
BEV map segmentation. L2 error and collision rate (CR)
are reported to assess the trajectory planning performance.
L2 error is defined as the mean Euclidean distance between
predicted and ground-truth trajectories while CR is the per-
centage of the planned trajectory intersecting an obstacle.

4.2. Implementation Details
We evaluate our method with DINOv2 [52] and DI-
NOv3 [58] ViT-B models, and image resolutions are set
as 378× 672 and 432× 768, respectively. The DINO fea-
ture dimension is compressed to 128 via PCA [1]. Met-
ric3Dv2 [22] is used for depth supervision. SECOND [77]
and PointPillars [37] serve as the 3D backbone for LiDAR
and radar, respectively. Talk2DINO [3] and DINO.txt [33]
are utilized for vision-language alignment. The number of
Gaussians per view is set as 1000 in our main experiments.
The Gaussian embedding dimension is set to 256. We train
our perception model for 24 epochs on 8 Nvidia L40S GPUs
with a learning rate of 2 × 10−4 and a batch size of 8. The
planning model is further trained for 12 epochs on 8 Nvidia
V100 GPUs with a learning rate of 1×10−4 and a batch size
of 32. Please see supplementary material for more details.

4.3. Quantitative Results
Zero-Shot Semantic Occupancy Prediction. We demon-
strate zero-shot semantic occupancy prediction perfor-
mance of ShelfGaussian in Tab. 1. Ours outperforms all ex-
isting self-supervised and weakly supervised methods, es-
pecially on vehicles (e.g., bus, car, trailer), dynamic agents
(e.g., bicycle, motorcycle, pedestrian), and unstructured
surfaces (e.g., manmade, vegetation), due to Gaussians’ su-
perior object-centric modeling property. Notably, ours sur-
passes the SOTA method LOcc [83] in most metrics with
only 15% of its number of queries (i.e., 6000 vs. 40000).
As more sensor modalities are fused, our model exhibits
steady performance gains, with ShelfGaussian-LCR yield-
ing +6.2 IoU and +2.71 mIoU over CO, demonstrating the
effectiveness of our multi-modal Gaussian transformer.
Zero-Shot BEV Map Segmentation. Existing BEV seg-
mentation models rely heavily on ground-truth labels and
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Figure 5. Qualitative results of ShelfGaussian on nuScenes dataset. The figure demonstrates the predicted semantic occupancy queried
by semantic classes in Tab. 1, ground-truth labels from Occ3D [64] and occupancy of open-set queries from ShelfGaussian-LCR model.
Best viewed on screen and color bar is given in Tab. 1.
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✓ 61.03 13.27 1.21 3.28 7.33 23.41 35.01 17.78 8.54 3.03 8.82 14.06 12.58 55.82 1.05 0.03 13.97 7.29 12.36C
✓ 63.25 19.07 0.36 2.96 10.84 30.20 30.20 11.34 18.93 14.49 6.54 9.47 17.77 60.02 0.14 29.66 21.62 29.63 30.08

✓ 69.24 15.41 1.05 4.15 8.63 26.31 39.76 25.12 10.84 3.65 11.61 22.22 14.97 54.17 1.22 0.08 14.52 8.72 14.99L+C
✓ 69.24 21.52 0.60 3.08 11.80 36.36 31.40 14.71 21.04 18.57 6.62 14.44 22.85 58.43 0.15 28.45 22.88 35.34 39.11

Table 4. Ablation on alignment with different VFMs. DINOv3 [58]: ViT-B/16, 432 × 768 image input. DINOv2 [52]: ViT-B/14,
378× 672 image input. Better results with DINOv2 and DINOv3 are highlighted in orange and cyan colors, respectively.

Mod. 2D Loss 3D BCE Loss 3D Feat. Loss IoU mIoU

✓ 47.26 12.39
✓ ✓ 59.92 14.49

✓ ✓ 58.64 18.41C

✓ ✓ ✓ 63.25 19.07

Table 5. Ablation on shelf-supervision loss.

Method 18k Gauss. w. 1024D 9k Gauss. w. 768D
FW(s) BW(s) Mem.(GB) FW(s) BW(s) Mem.(GB)

GaussTR [32] 14.1 596.7 22.3 12.4 446.4 14.8
GaussianFormer [28] 5.4 13.4 12.9 1.9 4.2 7.7

ShelfGaussian 0.5 2.7 4.9 0.2 1.0 3.7

Table 6. Comparison of G2V splatting module on one Nvidia
L40S GPU. FW / BW: Forward / Backward time. Mem.: memory.

require separate training for each semantic class (e.g., ve-
hicle, pedestrian). In contrast, ours eliminates the need for
human annotation and requires only a single training pro-
cess. As shown in Tab. 2, ShelfGaussian achieves competi-
tive performance compared with existing SOTA methods.
Gaussian-based Trajectory Planning. As shown in Tab. 3,
Gaussian-Planner performs on par with existing top-
performing methods while reducing the average CR to
0.32%, benefiting from the intrinsically object-centric char-
acteristics of Gaussian representations. These results vali-
date the effectiveness of our shelf-supervised Gaussians in

vehicle trajectory planning and demonstrate their potential
to mitigate collision risk in real-world autonomous driving.

4.4. Ablation Study
Ablation on Alignment with Different VFMs. We per-
form experiments on aligning Gaussians with DINOv2 [52]
and DINOv3 [58], and using Talk2DINO [3] to query se-
mantics. Results in Tab. 4 lead to an empirical finding that
our model with DINOv3 excels DINOv2 on some vehicles
(e.g., car, trailer) and small long-tail classes (e.g., traffic
cone, others) but degrades catastrophically on dynamic road
agents (e.g., motorcycle, pedestrian) and static unstructured
surfaces (e.g., sidewalk, manmade). This indicates that al-
though DINOv3 provides stronger visual representations, it
still faces challenges in urban driving scenarios.
Ablation on Shelf-Supervision Losses. We conduct an ab-
lation study on different supervision losses. As revealed
in Tab. 5, 3D scene-level supervision alone yields more
accurate geometric and semantic understanding than 2D
image-level supervision, with performance gains primarily
stemming from the 3D BCE loss and the 3D feature loss,
respectively. The results also show that combining 2D and
3D supervision achieves the best performance by leveraging
complementary information from both domains.
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Figure 6. Qualitative results of ShelfGaussian on custom dataset collected by a UGV. The figure shows the rendered depth map, DINO
feature map, and occupancy of novel categories from ShelfGaussian-CO model. Best viewed on screen and in color.
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Figure 7. Qualitative comparison of BEV-Planner [42] and
Gaussian-Planner on nuScenes [7] dataset. Red and cyan lines
denote the ground-truth and predicted trajectories separately.

Benchmark of G2V Splatting Module. We benchmark
our G2V spalting module against other open-source meth-
ods [28, 32] in two settings: 18k Gaussians with 1024-dim
features and 9k Gaussians with 768-dim features, with a tar-
get voxel number of 640k. As shown in Tab. 6, our module
achieves 10x faster forward and 5x faster backward passes
than GaussianFormer [28], while consuming only around
40% of the memory. Our G2V module enables Gaussians
to learn high-dimensional open-vocabulary features from
3D data with high efficiency, laying the foundation for gen-
eralizable Gaussian-based 3D scene understanding.

4.5. Qualitative Results

Semantic Occupancy Prediction. Qualitative results of
ShelfGaussian on nuScenes and custom datasets are given
in Fig. 5 and Fig. 6, respectively. In on-road driving
scenarios, as shown in Fig. 5, ShelfGaussian predicts
fine-grained occupancy with accurate semantics and de-

tailed geometry, exhibiting high similarity to the anno-
tated closed-vocabulary ground-truth while being open-
vocabulary. Given a natural language query (e.g., double-
decker bus), our model can localize the target object and
complete its shape precisely. In other urban scenarios,
ShelfGaussian also demonstrates superior open-vocabulary
occupancy prediction capability. For example, as shown
in Fig. 6, given the text query “flower shrubs”, our model
successfully recovers all flower shrub areas, highlighted in
red, despite their sparse features and low texture.
Trajectory Planning. Fig. 7 illustrates a failure case of
BEV-Planner [42] where our Gaussian-Planner successfully
prevents the collision. This indicates the crucial role of
object-centric Gaussian representations in reducing colli-
sion risk for safe, robust vehicle trajectory planning.

5. Conclusion
In this work, we present ShelfGaussian, an open-
vocabulary, multi-modal, Gaussian-based 3D scene under-
standing framework supervised by off-the-shelf VFMs. Un-
like existing methods that align 3D Gaussians with VFMs
only at the 2D image level, ours unlocks the capability of
foundation model alignment at the 3D scene level, achieved
by a DINO-driven pseudo labeling engine and a CUDA-
accelerated G2V splatting module. This 3D alignment ca-
pability significantly improves the model’s zero-shot perfor-
mance, narrowing the performance gap to fully-supervised
methods while alleviating scalability and generalization
limitations. Furthermore, our model is general, supporting
a combination of multi-sensor inputs, and versatile, achiev-
ing superior performance on three downstream tasks. No-
tably, ShelfGaussian achieves SOTA zero-shot performance
on semantic occupancy prediction on nuScenes dataset and
superior in-the-wild performance on a UGV platform.
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Liu, and André Borrmann. Opensu3d: Open world 3d scene
understanding using foundation models. In ICRA, pages
13560–13566. IEEE, 2025. 2

[51] Phuc Nguyen, Tuan Duc Ngo, Evangelos Kalogerakis,
Chuang Gan, Anh Tran, Cuong Pham, and Khoi Nguyen.
Open3dis: Open-vocabulary 3d instance segmentation with
2d mask guidance. In CVPR, pages 4018–4028, 2024. 2

1407



[52] Maxime Oquab, Timothée Darcet, Théo Moutakanni, Huy
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