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Abstract

3D Semantic Occupancy Prediction is fundamental for
spatial understanding, yet existing approaches face chal-
lenges in scalability and generalization due to their re-
liance on extensive labeled data and computationally in-
tensive voxel-wise representations. In this paper, we in-
troduce GaussTR, a novel Gaussian-based TRansformer
framework that unifies sparse 3D modeling with foundation
model alignment through Gaussian representations to ad-
vance 3D spatial understanding. GaussTR predicts sparse
sets of Gaussians in a feed-forward manner to represent
3D scenes. By splatting the Gaussians into 2D views
and aligning the rendered features with foundation mod-
els, GaussTR facilitates self-supervised 3D representation
learning and enables open-vocabulary semantic occupancy
prediction without requiring explicit annotations. Empir-
ical experiments on the Occ3D-nuScenes dataset demon-
strate GaussTR’s state-of-the-art zero-shot performance of
12.27 mloU, along with a 40% reduction in training time.
These results highlight the efficacy of GaussTR for scalable
and holistic 3D spatial understanding, with promising im-
plications in autonomous driving and embodied agents. The
code is available at https://github.com/hustvl/
GaussTR.

1. Introduction

The pursuit of artificial general intelligence has under-
scored 3D spatial understanding as a cornerstone en route
to higher levels of autonomy, empowering autonomous sys-
tems to perceive, reason about, and interact with complex
3D environments for applications in autonomous driving
and embodied agents. While Vision Foundation Models
(VEMs)—such as CLIP [38], DINO [7, 35], and EVA [14,
15]—have pushed the boundaries of 2D visual perception,
their extension to self-supervised 3D spatial understanding
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Figure 1. Comparative performance of self-supervised 3D oc-
cupancy prediction methods. GaussTR achieves a 2.33 mloU
(23%) improvement over other counterparts while reducing train-
ing time by approximately 40%, using merely 3% of the scene rep-
resentation parameters (e.g., voxels or Gaussians). Marker sizes
are proportional to the logarithm of scene representation parame-
ters.

remains relatively uncharted due to the inherent gap be-
tween 2D vision and 3D spatial intelligence.

3D Semantic Occupancy Prediction aims to generate
comprehensive spatial cognition by predicting voxel-wise
occupancy and semantics, forming a fundamental task for
spatial understanding. While prevalent supervised meth-
ods [23, 26, 29, 59] have attained superior performance,
they heavily depend on extensive 3D annotations, which are
costly and labor-intensive to acquire. Besides, dense voxel
representations impose substantial computational overhead
and struggle with capturing high-level contextual relation-
ships attributed to excessive granularity. Recent self-
supervised approaches [17, 24, 48, 57], inspired by Ren-
derOcc [36], have sought to alleviate the data constraints by
leveraging temporal image reprojection consistency [18] to
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provide geometric supervision. However, their reliance on
pre-computed 2D segmentation pseudo-labels restricts their
ability to learn generalizable representations, leaving them
prone to out-of-distribution scenarios in real-world applica-
tions.

Drawing inspiration from the emerging 3D Gaussian
splatting (GS) [27] for scene reconstruction, we propose
GaussTR, a novel Gaussian-based TRansformer that inte-
grates sparse 3D modeling with foundation models through
Gaussian representations to facilitate self-supervised 3D
spatial understanding. GaussTR models scenes as sparse,
unstructured sets of Gaussians, predicted through a series of
Transformer [46] layers in a feed-forward manner. Specif-
ically, GaussTR aggregates multi-view VFM features for
individual Gaussians with deformable cross-attention [62],
followed by global self-attention across Gaussian queries
for effective 3D modeling. The resultant Gaussian param-
eters are regressed via MLPs within a dedicated Gaussian
head.

Exploiting the consistency of Gaussian splatting across
2D and 3D modalities, GaussTR renders Gaussians back
to 2D views and enforces feature alignment with foun-
dation models. GaussTR thus learns versatile 3D rep-
resentations enriched with broad visual priors, enabling
open-vocabulary occupancy prediction by similarity mea-
surement with target categories without explicit annota-
tions. Optionally, auxiliary segmentation supervision from
Grounded SAM [28, 39] is incorporated to further refine
rendered Gaussian boundaries.

Extensive experiments on the Occ3D-nuScenes [45]
dataset demonstrate that GaussTR achieves state-of-the-art
zero-shot performance of 12.27 mloU—a 23% improve-
ment over previous methods—while simultaneously reduc-
ing training time by 40%, as shown in Fig. 1. Ablation
studies further validate the efficacy of our design choices.
These results underscore the synergistic benefits of our pro-
posed Gaussian-based 3D modeling and foundation model
alignment, charting a scalable pathway for generalizable 3D
spatial understanding.

In summary, our contributions are as follows:

* Scene Representation as Sparse Gaussians. GaussTR
introduces a novel Gaussian-based 3D modeling method
through feed-forward Transformer prediction, eliminat-
ing dense voxel grids and alleviating computational over-
head.

e Foundation Model Alignment for Self-Supervised
Learning. GaussTR learns generalizable 3D represen-
tations aligned with foundation models via differentiable
splatting, facilitating self-supervised open-vocabulary oc-
cupancy prediction without requiring explicit labels.

o State-of-the-Art Zero-Shot Performance.  GaussTR
achieves 12.27 mloU on Occ3D-nuScenes, outperform-
ing previous methods by 23% alongside a 40% reduction

in training time, underscoring the efficacy of Gaussian-
based 3D modeling and foundation model alignment.

2. Related Works

2.1. 3D Semantic Occupancy Prediction

3D Semantic Occupancy Prediction, formerly known as 3D
Semantic Scene Completion (SSC) [42], aims to predict
the occupancy and semantics for each voxel grid within a
3D scene volume. By providing spatial awareness, 3D oc-
cupancy is crucial for applications such as navigation and
obstacle avoidance in the fields of autonomous driving and
embodied agents. Prevalent approaches have explored 2D-
to-3D projection mechanisms [5, 22, 29, 30], efficient scene
representations [23, 25, 26, 31, 40, 55], and architectural ad-
vancements [10, 29, 32, 33, 45, 59]. Despite their contribu-
tions, these supervised methods depend on detailed voxel-
wise annotations, which are costly to obtain and constrain
their scalability.

RenderOcc [36] alleviates this constraint by leverag-
ing volume rendering [34] to derive 3D supervision ex-
clusively from 2D semantic and depth labels. Following
RenderOcc, several self-supervised methods [20, 24, 57]
have been proposed, treating occupancy volumes as radi-
ance fields and using the temporal consistency of rendered
or reprojected images [6, 18, 49] to provide geometric su-
pervision. While reducing the need for voxel-wise anno-
tations, these approaches still rely on open-vocabulary seg-
mentation models to generate semantic pseudo-labels, mak-
ing them struggle with generalizing to out-of-distribution
scenarios. Besides, they suffer from the computational
overhead of dense voxel-wise modeling and volume render-
ing. DistilINeRF [48] and OccFeat [41] enhance 3D rep-
resentation learning by distilling volumetric radiance fields
with VFMs including DINO [7, 35] and CLIP [38]. Gaus-
sianOcc [17] improves training efficiency by replacing vol-
ume rendering with Gaussian splatting. POP3D [47] and
LangOcc [3] align spatial representations with linguistic
feature spaces for open-vocabulary predictions.

Our proposed GaussTR diverges from prior works in two
key aspects: (1) it adopts sparse, feed-forward 3D Gaussian
splatting as an alternative to dense voxel-wise modeling for
generalizable representation learning and computational ef-
ficiency, and (2) it enables knowledge alignment with foun-
dation models for open-vocabulary 3D semantic occupancy
prediction, mitigating the need for explicit labels.

2.2. 3D Gaussian Splatting

3D Gaussian Splatting (GS) [27] has recently emerged as
a promising technique for 3D reconstruction, where learn-
able Gaussians serve as scene representations and improve
training and rendering efficiency over voxel-based repre-
sentations, such as Neural Radiance Fields (NeRF) [34].
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Figure 2. Architectural overview of the GaussTR framework. The GaussTR framework initiates with extracting multi-view features
with pre-trained foundation models. A series of Transformer layers then predict sparse sets of Gaussian queries to represent the 3D scene.
During the training phase, predicted Gaussians are rendered via differentiable splatting into source 2D views, enforcing alignment with
2D depth and features from foundation models. At inference, Gaussian features are converted into semantic logits by measuring similarity
with text-embedded category vectors, followed by voxelization to produce volumetric predictions.

Specifically, 3D GS dynamically adjusts Gaussian prop-
erties, including density and covariance, through iterative
optimization based on backward gradients. Recent de-
velopments in 3D GS have focused on enhancing ren-
dering quality [19, 56], temporal modeling for dynamic
scenes [50], scene generation [51, 52], and feature render-
ing [37, 61, 63].

In contrast to conventional 3D GS that optimizes Gaus-
sians independently for each scene, generalizable recon-
struction methods [54] predict Gaussian parameters condi-
tioned on image inputs in a feed-forward manner, enabling
the learning of structural priors across multiple scenes. Pix-
elSplat [8] pioneered generalizable 3D GS by sampling
Gaussians from predicted probability distributions. Later
studies [9, 43, 44, 60] typically utilize pre-trained depth
estimation networks and predict Gaussian properties in a
pixel-wise manner. GeoLRM [58] introduces volumetric
occupancy grids for scene modeling and generates Gaus-
sians from them.

Our proposed GaussTR shares conceptual similarities
with generalizable 3D GS approaches but differs in its

focus on reconstructing high-level 3D scene occupancy
rather than RGB images. By leveraging Gaussian splatting,
GaussTR enforces feature alignment with foundation mod-
els for scalable spatial understanding.

3. Methodologies

This section presents a comprehensive elaboration of the
GaussTR framework. It commences with outlining the
model architecture for feed-forward prediction of Gaussian
representations in Sec. 3.1. We then delve into the details of
the self-supervised training paradigm in Sec. 3.2 and the
zero-shot open-vocabulary inference process in Sec. 3.3.
An overview of the GaussTR framework is depicted in
Fig. 2.

3.1. Feedforward Gaussian Splatting

GaussTR first extracts multi-view feature maps F' and depth
maps D from input images using pre-trained VFMs such
as CLIP [38] and Metric3D V2 [21, 53]. We integrate
MaskCLIP with FeatUp to enhance the granularity of CLIP
features, or Talk2DINO [2] to extend linguistic alignment
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for DINO V2 [35]. The core of GaussTR revolves around
learnable Gaussian queries ¢ € R, paired with re-
spective pixel positions pop € RN*2 at initialization.
Here, N denotes the number of Gaussian queries and C rep-
resents the embedding dimension.

Each Gaussian G is parameterized by a set of properties
including a 3D center point (mean) p3p € R3, a 3D covari-
ance matrix ¥ decomposable into scaling factors S € R3
and a rotation quaternion R € R*, a density term « € [0, 1],
and a feature vector fo € R replacing the spherical har-
monics (SH) in conventional GS. Mathematically, this pa-
rameterization is expressed as:

G:{MSDaSaRaa,fG} (1)

The 3D positions p3p are initialized via camera-to-
world transformation based on depth prediction D, camera
intrinsics K and extrinsics E:

13p = Teow(p2p, dg, K, E) (2)
= E"'K'(dg - pap) 3)

where d¢ is the z-depth coordinate sampled from D at
Gaussians’ 2D positions pop. The initial scale Sy is ini-
tialized proportional to dg to comply with perspective prin-
ciples, and the initial rotation Ry is initialized orthogonal to
camera views derived from E.

Through subsequent Transformer decoder layers,
GaussTR aggregates multi-scale 2D features from F' with
deformable attention [62], conditioned on projected 2D
positions psp:

qc = DeformAttn(qg, pop, F) )

Self-attention [46] across Gaussian queries is then em-
ployed for sparse 3D modeling and capturing contextual se-
mantics across the scene, where 3D positional encodings
PE of Gaussian means i3 p are incorporated into the queries
and keys within the attention computation.

qc = Attn(ge + PE(usp), g + PE(usp),qq)  (5)

Finally, Gaussian properties are predicted from the
Gaussian queries g¢ using MLPs within a dedicated Gaus-
sian head:

{Apsp, AR, AS,a, fc} = MLP(q¢q) (6)

Sigmoid activations and linear transformations are applied
to map parameters to appropriate ranges. The Gaussian pa-
rameters psp, R and S are iteratively refined after each
Transformer layer based on predicted deltas Ausp, AR,
and AS, respectively.

3.2. VFM-Aligned Self-Supervised Learning

GaussTR bridges 2D visual priors and 3D spatial under-
standing through Gaussian splatting, thus facilitating self-
supervised learning of generalizable 3D representations.
The predicted Gaussian representations are rendered to
source views and aligned with features and depth maps ex-
tracted from foundation models. The Gaussian distribution
is described as:

G(z) = e~ 3@ @) @)

Here, the covariance matrix ¥ encodes the spatial extent
and orientation of each Gaussian, which consists of scaling
factors S and rotation quaternions R:

Y = RSSTRT (®)

To optimize feature splatting efficiency, Principal Com-
ponent Analysis (PCA) [1] is applied to reduce the dimen-
sionality of Gaussian features fg. Specifically, we decom-
pose the VFM features I’ to obtain the principal component
Vi, € REr*C where Cr represents the reduced feature
dimensionality. F' and f¢ are then projected onto the prin-
cipal components V.

Vi, = PCA(F) ©)
F'=FV] (10)
fa=feVi (11)

The rendered feature £ and depth D for each pixel are
computed by alpha-blending over all Gaussians, replacing
the conventional color terms:

N i—1
F=3fla [0 -ay) (12)
i=1 j=1

Through Gaussian splatting, GaussTR establishes the
consistency of 3D Gaussian representations with 2D VFMs
by rendering supervision. The rendered features are super-
vised by a cosine similarity loss:

Lfear =1 —cos(F', F) (13)

Depth supervision combines Scale-Invariant Logarith-
mic (SILog) loss [13] and L1 loss:

Laepth = L5110g(D, D) + BLL1(D, D) (14)

. 1 1
Lsinog(D, D)= > 07— (3 6)* (1)

6 = log(D;) — log(D;) (16)
with 8 = 0.2 weighting the terms.
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SelfOcc [24] 45.01 9.30/0.15 0.66 5.46 12.54 0.00 0.80 2.10 0.00 0.00 8.25 55.49 26.30 26.54 14.22 5.60
OccNeRF [57] 22.81 9.53/0.83 0.82 5.13 12.49 3.50 0.23 3.10 1.84 0.52 3.90 52.62 20.81 24.75 18.45 13.19
DistillNeRF [48] 29.11 8.93|1.35 2.08 10.21 10.09 2.56 1.98 5.54 4.62 1.43 7.90 43.02 16.86 15.02 14.06 15.06
GaussianOcc [17] - 9.94(1.79 5.82 14.58 13.55 1.30 2.82 7.95 9.76 0.56 9.61 44.59 20.10 17.58 8.61 10.29
GaussTR (FeatUp) 45.19 11.70(2.09 5.22 14.07 20.43 5.70 7.08 5.12 3.93 0.92 13.36 39.44 15.68 22.89 21.17 21.87
GaussTR (Talk2DINO) |44.54 12.27(6.50 8.54 21.77 24.27 6.26 15.48 7.94 1.86 6.10 17.16 3698 17.21 7.16 21.18 9.99

Table 1. Quantitative performance of self-supervised 3D occupancy methods on the Occ3D-nuScenes [45] dataset. For brevity,
the IoU scores for the “others” and “other flat” classes are excluded due to universally zero values across all methods. “Cons veh.” is
abbreviated for construction vehicle and “drive. surf.” is for drivable surface. Results are highlighted with the bold & underlined style for

the best performance in each column and bold for the second-best performance.

Additionally, segmentation supervision S by Grounded
SAM 2 [39] is optionally adopted to refine the semantic
boundaries. An auxiliary segmentation head composed of
MLPs predicts segmentation maps upon the rendered fea-
tures S = MLP(F'), which are supervised with a cross-
entropy loss:

Eseg :ECE(S7S) (17)

The overall loss is formulated as £ = Lfcqt + Laepth +
Lseq, With L., optionally applied based on specific train-
ing configurations.

3.3. Open-Vocabulary Occupancy Prediction

After acquiring Gaussian representations aligned with
foundation models, GaussTR enables zero-shot open-
vocabulary occupancy prediction leveraging their inherent
vision-language consistency. During the inference phase,
text prototype embeddings are generated via corresponding
text encoder for specified semantic categories (e.g., “car,”
“vegetation™), represented as fr € RNVc*C where N¢ de-
notes the number of categories. Semantic logits for each
Gaussian are computed by measuring the similarity be-
tween Gaussian features and text features, as given by:
lg = Softmax(fc - f7.) (18)
The resultant logits are then voxelized to produce vol-
umetric occupancy predictions, enabling flexible 3D se-
mantic comprehension across arbitrary categories. Notably,
when auxiliary segmentation supervision is employed, the
categories for mask generation are decoupled from infer-
ence categories, while the segmentation head is deactivated
during inference, retaining GaussTR’s capability for zero-
shot, open-vocabulary predictions.

4. Experiments

4.1. Dataset and Metric

Experiments were conducted on the Occ3D-nuScenes [4,
45] dataset, which encompasses 1000 driving scenes with
approximately 40,000 frames. The input consists of multi-
view images captured from 6 cameras, while the target 3D
scene spans a volume of 80 m x 80 m x 6.4 m with a voxel
resolution of 0.4 m, annotated across 18 semantic classes.
Intersection-over-Union (IoU) and mean-IoU (mloU) met-
rics are reported for evaluation in line with standard prac-
tices. IoU assesses the binary classification of empty versus
occupied voxels, reflecting the accuracy of the geometric
reconstruction, whereas the mloU metric, computed as the
average loU across all classes, provides a comprehensive
measurement of semantic understanding and serves as the
primary indicator.

4.2. Implementation Details

GaussTR was trained for 20 epochs, taking approximately
12 hours on 8 NVIDIA A800 GPUs. The training employs
a learning rate of 2 x 10~ and a batch size of 8. In-
put image resolution is set at 504 x 896. We utilize the
ViT-Base [12] model of FeatUp [16] and Talk2DINO [2]
as feature backbone and alignment supervision. Metric3D
V2 [21] and Grounded SAM 2 [39] are employed for depth
and segmentation supervision, respectively. GaussTR in-
corporates 300 Gaussian queries per view, amounting to a
total of 1800 Gaussians to represent an entire scene. The ar-
chitecture comprises 3 GaussTR layers with an embedding
dimension of 256.

4.3. Main Results

The results of self-supervised occupancy prediction are de-
tailed in Tab. | and Fig. 1. GaussTR achieves state-of-
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the-art zero-shot performance of 12.27 mloU, outperform-
ing previous methods by 2.33 mloU while reducing train-
ing time by 40%. GaussTR demonstrates performance su-
periority across diverse foundation models including Fea-
tUp [16] and Talk2DINO [2]. These findings validate
the scalability and generalization of sparse Gaussian-based
3D modeling and foundation model alignment for self-
supervised spatial understanding.

Specifically, GaussTR particularly excels in object-
centric categories, e.g., cars, trucks and manmade structures
(i.e., buildings). However, it struggles with small objects
such as traffic cones, as well as flat surfaces like roads and
sidewalks. This discrepancy arises because while Gaussian-
based 3D representations well fit object-centric modeling,
they encounter challenges in capturing less prominent ob-
jects with sparse representations, and flat surfaces are prone
to occlusion during the splatting-based alignment process.

4.4. Ablation Studies

Ablation on Geometric Alignment. To evaluate the im-
pact of geometric alignment, we isolate the contributions of
Metric3D V2 [21] and FeatUp [16], as shown in Tab. 2. Itis
revealed that training with feature alignment alone fails to
converge, probably attributed to the optimization dilemma
in jointly optimizing spatial positions and features for Gaus-
sian splatting, as also observed in PixelSplat [8]. In con-
trast, Metric3D alone yields a solid geometric performance
of 43.87 IoU, while the integration of feature alignment can
further elevate the IoU score, suggesting their synergistic
effect.

Metric3D  FeatUp ‘ IoU mloU
v not convergent

v 43.87 -
v v 45.19 11.70

Table 2. Ablation on geometric alignment.

Ablation on Feature Alignment. We analyze the gen-
eralizability of GaussTR by comparing foundation models
for feature alignment: MaskCLIP [11] adapts the orig-
inal CLIP to reproduce language-aligned feature maps;
FeatUp [16] is employed upon MaskCLIP to compen-
sate for spatial granularity through feature upsampling;
Talk2DINO [2] aligns DINO V2 [35] visual features with
text embeddings for vision-language reasoning.

As presented in Tab. 3, the introduction of FeatUp with
MaskCLIP boosts the performance by 0.93 mIoU, attributed
to its enhancement of spatial granularity for CLIP features.
Talk2DINO improves mloU by 0.57, showcasing the su-
periority of DINO visual representations. Interestingly,

while auxiliary segmentation supervision benefits FeatUp
alignment by 0.94 mloU by refining semantic boundaries,
it significantly degrades the performance when applied to
Talk2DINO, which we hypothesize reflects the optimization
conflict when representations are already robust.

MaskCLIP FeatUp Talk2DINO Aux. Seg.‘ IoU mloU

v 4245 9.83
v v 44.43 10.76
v v v 45.19 11.70
v v 44.89 11.34
v 44.54 12.27

Table 3. Ablation on feature alignment.

Ablation on Number of Gaussian Queries. Tab. 4
analyzes performance across varying numbers of Gaus-
sian queries, foundation models, and auxiliary segmenta-
tion. Results indicate that increasing queries generally en-
hances performance, while the higher-performing model
with higher performance can leverage more Gaussian rep-
resentations to achieve optimal results. For FeatUp, per-
formance almost plateaus at 200 in the absence of auxil-
iary segmentation but continues improving until 300 Gaus-
sians when segmentation supervision is applied. In contrast,
Talk2DINO sustains performance gains even at 400 queries,
suggesting its capacity for richer representation spaces.

Notably, FeatUp’s performance degrades after 300
queries, likely attributed to attention dilution in 3D mod-
eling, where excessive Gaussian queries overwhelm the
model’s capacity to focus on critical spatial interactions
among them. This observation also highlights a potential
direction for future research, which is to optimize the se-
quential modeling of 3D scenes to maintain performance
scalability.

FeatUp FeatUp Talk2DINO
#Queries | w/o aux. seg. w/ aux. seg. w/o aux. seg.
IoU mloU | IoU mloU | IoU mloU

100 42.06 10.02 | 41.84 10.53 | 41.83 10.81
200 4425 10.73 | 4432 11.46 | 43.92 11.68
300 44.73 10.76 | 45.19 11.70 | 44.54 12.27
400 4391 10.54 | 44.65 11.52 | 45.66 12.45

Table 4. Ablation on number of queries.

4.5. Visualizations

Fig. 3 illustrates the qualitative visualizations of GaussTR
on Occ3D-nuScenes. GaussTR conducts robust scene un-
derstanding by jointly capturing global geometric coher-
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Figure 3. Qualitative visualizations of GaussTR on Occ3D-nuScenes [45]. GaussTR consistently produces both a coherent global scene

structures and fine-grained local details, offering a comprehensive understanding of the environment. Notably, it excels at modeling object-
centric categories, such as cars and buildings.
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Figure 4. Visualizations of rendered views. The figure illustrates the rendered depth and segmentation maps of Gaussian predictions
derived from camera views. Moreover, activation maps for novel categories are visualized, highlighted in red boxes.

ence and fine-grained object details. These results showcase
the advantages of GaussTR in delineating spatial relation-
ships across global scenes while providing sparse, object-
centric representations. It also sheds light on the distribu-
tion of predicted Gaussians, offering insight into the inter-
nal mechanisms of the sparse Gaussian-based 3D modeling.
GaussTR demonstrates remarkable precision in recognizing
and modeling object categories such as cars, pedestrians,
and buildings, while revealing limitations in reconstructing
flat surfaces, such as roads, due to occlusion-induced am-
biguities during splatting. These observations align with
quantitative results in Tab. 1. The superior performance
of GaussTR can be attributed to its alignment with founda-
tion models and the intrinsic sparsity of its representations,
which facilitate efficient scene interpretation.

In Fig. 4, we further analyze GaussTR’s cross-modal
consistency by visualizing rendered 2D depth and segmen-
tation maps of Gaussian predictions. To improve inter-
pretability, we apply color perturbations to the semantic
maps to highlight the distribution of individual Gaussians
and reveal how they collectively reconstruct the scene lay-
out. Additionally, GaussTR exhibits impressive generaliza-
tion capability to novel and scarce categories, such as traffic
lights and street signs. Owing to its alignment with visual-
language models, GaussTR can seamlessly adapt to these
categories, generating prominent activations in correspond-
ing regions and further validating its versatility.

5. Conclusion

This paper introduces GaussTR, a Gaussian-based Trans-
former framework that aligns with foundation models to ad-
vance self-supervised 3D spatial understanding. GaussTR
represents scenes as sparse Gaussian queries through feed-
forward Transformer prediction, further aligned with pre-
trained VFMs to learn general 3D representations via differ-
entiable splatting. This foundation model alignment facili-
tates open-vocabulary semantic occupancy prediction with-
out explicit annotations, alleviating the scalability and gen-
eralization limitations of prior methods. Empirical experi-
ments showcase GaussTR’s state-of-the-art performance of
12.27 mloU with improved efficiency. Overall, GaussTR
pioneers a novel paradigm that leverages sparse Gaussian
representations and foundation model alignment. We envi-
sion GaussTR as a promising pathway towards scalable and
generalizable 3D spatial intelligence for autonomous driv-
ing, robotics, and beyond.
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