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Fig. 1: Iustration of our proposed GaussianPretrain. A simple, innovative, and efficient framework for vision pre-training
with 3D Gaussian splatting representation. Benefits from our effective pre-training diagram, downstream application for
3D perception tasks achieved great improvement, including 3D object detection, HD-map construction, and Occupancy

prediction.

Abstract— Self-supervised learning has made substantial
strides in image processing, while visual pre-training for
autonomous driving is still in its infancy. Existing methods
often focus on learning geometric scene information while
neglecting texture or treating both aspects separately, hindering
comprehensive scene understanding. In this context, we are
excited to introduce GaussianPretrain, a novel pre-training
paradigm that achieves a holistic understanding of the scene
by uniformly integrating geometric and texture representations.
Conceptualizing 3D Gaussian anchors as volumetric LiDAR
points, our method learns a deepened understanding of scenes
to enhance pre-training performance with detailed spatial struc-
ture and texture, achieving that 40.6% faster than NeRF-based
method UniPAD with 70% GPU memory only. We demonstrate
the effectiveness of GaussianPretrain across multiple 3D per-
ception tasks, showing significant performance improvements,
such as a 7.05% increase in NDS for 3D object detection,
boosts mAP by 1.9% in HD map construction and 0.8%
improvement on Occupancy prediction. These significant gains
highlight GaussianPretrain’s theoretical innovation and strong
practical potential, promoting visual pre-training development
for autonomous driving. The source code is available at https:
//github.com/Public-BOTs/GaussianPretrain

I. INTRODUCTION

With the development of autonomous driving technology,
vision-centered solutions have gradually attracted widespread
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attention. Many studies focus on extracting bird’s-eye view
(BEV) features from multi-view input images to address
various downstream applications. While supervised methods
dominate current research, their reliance on accurate ground
truth labels presents a significant bottleneck due to the high
cost and difficulty of acquisition. Conversely, the abundance
and accessibility of unlabeled data offer a promising avenue
for improving performance. However, effectively harnessing
this unlabeled data remains a significant and ongoing chal-
lenge in the field.

The core idea of self-supervised pre-training technology is
to learn meaningful representations from abundant unlabeled
data by leveraging carefully designed proxy tasks. Several
approaches have been developed to explore this topic, meth-
ods like UniScene [1] and ViDAR [2] focus on predicting 3D
occupancy or future LiDAR point clouds, effectively captur-
ing geometric information but neglecting texture. Conversely,
Self-Occ [3] and UniPAD [4] reconstruct 3D surfaces and
RGB pixels from image-LiDAR pairs, thus capturing texture
but relying solely on depth maps for geometric insights
and focus on 2D appearance. Although this aids in texture
learning but limits their ability to represent the detailed struc-
ture within occupied space. OccFeat [5], combines feature
distillation with occupancy prediction to effectively capture
both texture and geometry, but it introduces the complexity of
an additional image foundation model and incurs significant
pre-training costs.

Compared to Neural Radiance Fields (NeRF) methods, 3D
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Fig. 2: Comparison of UVTR [7] model performance on
the nuScenes dataset with different pre-training framework:
ImageNet, UniPAD [4], and our GaussianPretrain.

Gaussian Splatting offers a powerful representation for scene
reconstruction, encoding geometric and texture information
through attributes like position, color, rotation, scaling, and
opacity. Notably, 3D-GS has the advantage of both compu-
tational consumption and efficiency, particularly addressing
key limitations in various tasks in robotics applications.
While the NeRF-based method UniPAD[4] currently leads
in 3D pertaining tasks, the potential of 3D-GS remains
unexplored. In this work, we aim to investigate its perfor-
mance and feasibility in 3D pre-training and verify it in the
autonomous drive scene.

Inspired by the success of 3D-GS in effective scene repre-
sentation and MAE [6] in 2D image self-supervised learning,
we propose a novel pre-training approach GaussianPretrain,
which combines 3D-GS with MAE method for pre-training
tasks in 3D visual learning. Our approach incorporates two
key innovations: (i) LIDAR Depth Guidance Mask Genera-
tor. To enhance the efficiency of our approach, we only focus
on learning the Gaussian information from a limited number
of valid masked patches within the multi-view images or
point clouds. These patches are identified by an MAE-like
strategy and further filtered to include only those with LIDAR
depth supervision. (ii). Ray-based 3D Gaussian anchor
Guidance Strategy: For each LiDAR-projected pixel, a ray-
casting operation into 3D space to sample the points within
the voxel. We introduce a set of learnable Gaussian anchors
of these points to guide the learning of Gaussian properties
from the 3D voxel as volumetric LIDAR points and predict
the relevant attributes (e.g., depth, opacity). This enables the
model to simultaneously understand the geometry and texture
information of the scene through 3D Gaussian Splatting
representation. Finally, we reconstruct the RGB, depth, and
occupancy attributes solely within the valid masked patches
by decoding the Gaussian parameters.

To demonstrate the effectiveness and generalizability of
our GaussianPretrain, we conduct extensive experiments
on various downstream vision tasks using the large-scale
nuScenes[8] dataset. As shown in Figure 2, for 3D object
detection, our pre-trained model significantly outperforms
the ImageNet pre-trained of UVTR baseline, achieving the

gain in 8.99% mAP and 7.05% NDS, which surpasses the
previous state-of-the-art method, UniPAD [4] by 0.97% mAP
and 1.05% NDS. Furthermore, we extend the experiments
on HD-Map construction and occupancy prediction tasks.
GaussianPretrain surpasses the HD map construction method,
MapTR [9] by 1.9% in mAP. For occupancy prediction,
our approach achieves a 0.8% improvement in mloU over
PanoOCC[10], setting a new SOTA performance. Notably,
compared to NeRF-based methods like UniPAD, our Gaus-
sianPretrain offers lower training time costs and memory
consumption, while providing a better understanding of the
scene’s representation. By combining these advantages, our
GaussianPretrain enables to perform an effective and efficient
self-supervised pre-training paradigm. Further details are
provided in Section IV.

To summarize, our main contributions are as follows:

o We introduce GaussianPretrain, a novel pre-training
framework that integrates 3D Gaussian Splatting tech-
nology with a unified Gaussian representation. To the
best of our knowledge, this is the first work to leverage
3D-GS for the pre-training paradigm, representing a
novel contribution to this field.

e We propose a simple yet effective framework by
leveraging 3D Gaussian anchors as volumetric LiDAR
points, combined with Ray-based guidance and MAE
strategy. Providing an efficient solution for visual pre-
training, significantly reduces time consumption and
GPU memory costs without sacrificing detail.

o The comprehensive experimental results demonstrate
the superiority and generalizability of GaussianPretrain,
showcasing significant improvements across various 3D
perception tasks, including 3D object detection, HD-
map construction, and Occupancy prediction. These
advancements set new performance standards and un-
derscore GaussianPretrain’s transformative potential in
visual pre-training tasks for autonomous driving appli-
cations.

II. RELATED WORK
A. Pre-training for Autonomous Driving.

Pre-training on 2D images has been highly successful,
mainly using contrastive learning and masked signal mod-
eling to capture semantic and texture information. However,
pre-training for visual autonomous driving demands accurate
geometric representation, introducing additional challenges.
Several works are currently exploring this area. For instance,
UniScene [1] and OccNet [11] leverage occupancy prediction
for pre-training, while ViDAR [2] predicts future LiDAR
data from historical frame images. Although these methods
are effective at capturing geometric information, but without
detailed texture information. Conversely, methods like Self-
OCC [3], UniPAD [4] and MIM4D [12] use NeRF to
render RGB images and depth maps, learning texture but
with limited geometric information. OccFeat [5] employs
knowledge distillation to transfer texture information from
an image foundation model during occupancy prediction but
incurs high pre-training costs.
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Fig. 3: The architecture of proposed GaussianPretrain. Given multi-view images or point clouds, we first extract valid mask
patches using the mask generator with the LiDAR Depth Guidance strategy. Subsequently, a set of learnable 3D Gaussian
anchors is generated using ray-based guidance and conceptualized as volumetric LiDAR points. Finally, the reconstruction
signals of RGB, Depth, and Occupancy are decoded based on the predicted Gaussian anchor parameters.

B. 3D Gaussian Splatting and NeRF.

Neural Radiance Fields (NeRF) [13] achieve impressive
rendering quality by implicitly representing scenes of color
and density with volume rendering techniques. Follow-up
works [14], [15], [16], [17] have successfully extended
NeRF to various tasks. However, these methods still require
extensive per-scene optimization, limiting their efficiency
due to slow optimization and rendering speeds. In contrast,
3D Gaussian Splatting [18] explicitly represents scenes with
anisotropic Gaussians, enabling real-time rendering via dif-
ferentiable rasterization. For example, GPS-Gaussian [19]
performs epipolar rectification and disparity estimation from
image pairs, relying on stereo images and ground-truth
depth maps. Similarly, Spatter Image [20] focuses on single-
object 3D reconstruction from single views. Both methods
are often constrained by inefficiencies, limited to object
reconstruction, and dependent on specific input formats such
as image pairs or single views. In this paper, we extend 3D
Gaussian Splatting into visual pre-training tasks, overcoming
limitations related to the number of views and the necessity
of depth maps by presetting fixed-position 3D Gaussian
anchors in 3D space, marking a novel application of 3D-
GS.

III. METHOD

The pipeline of our GaussianPretrain, a simple, innovative,
and efficient framework for vision pre-training using 3D-GS
representation, is illustrated in Figure.3. Given multi-view
images with valid masked patches, our goal is to reconstruct
the signals, including RGB, Depth, and occupancy by decod-
ing Gaussian parameters { (g, &j,Z;,¢;)},_; for each scene,
where u;, o, X; and c; are the 3D Gaussian’s position,
opacity, covariance, and color information, and K denote the
max number of Gaussian Anchors.

In this section, we first detail the generation of valid
masked patches under MAE method and Depth guidance in

Section III-A and introduce the initialization of 3D Gaussian
anchors through Ray-based Guidance in Section III-B. Sub-
sequently, we review the process of converting multi-view
images into a 3D voxel space in Section III-C and present the
process of the Gaussian decoder part in Section III-D. The
reconstruction task and the loss functions of GaussianPretrain
will be presented in Section III-E.

e Gaussian Anchor

D

»  Lidar Point

¢

®

Valid Masked Patch

Fig. 4: Process of generating valid mask patches.

A. LiDAR Depth Guidance Mask Generator

Inspired by MAE [6], we apply random patch masking to
multi-view images or point clouds, denoted as M. For image,
sparse convolution is used to replace traditional convolutions
in the image backbone, as implemented by SparK [21]. The
valid areas of point clouds are obtained by filtering the non-
masked region. For computational efficiency and generaliza-
tion, we only focus on learning Gaussian parameters from a
limited set of valid masked patches.

Additionally, for input images, we double-check the mask
region by verifying the presence of LiDAR points within
a certain depth range. As illustrated in Figure 4, if a set
of points project into the masked patch M; in the images
and their depth falls within the range of [a, b], the mask
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region will be marked as valid, M. The process is outlined
as follows:

M"._| =valid,if Proj(Set(pc)) € {[a,b],M} (1)

where n represents the number of valid masked patches,
with n < m. This strategy ensures that our model concen-
trates on the foreground, avoiding unnecessary attention to
irrelevant background elements like the sky.

B. 3D Gaussian Anchor Initialization with Ray-based
Guidance

To enable the model to simultaneously understand the
geometry and texture information of the scene, we intro-
duce a series of learnable Gaussian anchors in 3D space.
These anchors guide the learning of Gaussian properties
derived from the 3D voxel grid, treated as volumetric LIDAR
points. Consider the LiDAR-projected pixel denoted by u =
(u1,up,1) which corresponds to a ray R that extends from
the camera into 3D space. Along this ray, we sample D
ray points {p; =ud;|j =1,..D, dj < dj;1}, where d; is
the corresponding depth along the ray. Each sampled ray
point p in the valid mask region M’ can be immediately
unprojected to 3D space using the projection matrix summary
as 3D Gaussian Anchors, %Iﬂ”l() This strategy not only
eliminates the need for full image rendering, significantly
reducing memory usage, but also enables simultaneous the
RGB, depth, and occupancy reconstruction, a capability that
has yet to be achieved by prior methods.

C. Voxel Encoder

For images, view transformer is typically used to generate
Bird’s Eye View (BEV) features. In our baseline model,
UVTR [7], we employ the lift-splat-shoot (LSS) [22] and
VoxelNet [23] to generate image or points 3D voxel features,
respectively. We extend the channel dimension to incorporate
a height dimension for image, producing V € RE*Z*XH>W
where C, H, W, and Z represent the channel number, dimen-
sions along the x, y, and z axes, respectively. Additionally,
for each LiDAR-projected pixel, we perform a ray-casting
operation to extract N, sampled target voxel where exists
Gaussian Anchors V; from 3D voxel grid V.

D. Gaussian Parameter Decoder

As shown in Figure 3, by conceptualizing %Iﬁw as 3D
Gaussian anchors, this unified representation enables the ef-
ficient capture of high-quality, fine-grained details, providing
a more comprehensive understanding of the scene.

Specially, each 3D Gaussian anchor is characterized by
attributes ¥ = {x c R®,c c R}, r e R* s ¢ R}, ¢ € R!} and
the proposed Gaussian maps G are defined as:

G (x) = {Me(x), M (x), AM(x), Mo (%) } )

where x is the position of a Gaussian anchor in 3D space,
My, My, My, My represents Gaussian parameters maps of
color, rotation, scaling and opacity, respectively.

Due to the overlapping areas in the multi-view images,
the pixel-by-pixel prediction of Gaussian parameters may

lead to ambiguity due to overlapping splats. In contrast, we
argue that predicting Gaussian parameters in a feed-forward
manner directly from 3D voxel features is a better choice.
Given voxel features V and center coordinate x , we employ
trilinear interpolation to sample the corresponding feature
f(x) as follows:

f(x) =Trilnter(V,x) 3)

The Gaussian parameter maps are generated by prediction
heads, defined as h = MLP(-), which consist of multiple
MLP layers. Each prediction head is specifically designed to
regress a particular parameter based on the sampled feature
f(x). For the parameter of color and opacity, we employed
the sigmoid function for a range of [0,1] as follows:

M (x) = Sigmoid(h.(f(x)) 4)
Mo (x) = Sigmoid (he(f(x)) (5)

where h., hy denote the head of color and opacity.

Before being used to formulate Gaussian representations,
the rotation map should be normalized since it represents a
quaternion to ensure unit magnitude while the scaling map
needs activations to satisfy their range as follows:

My (x) = Norm(h(f(x)) (6)
My (x) = Softplus(hs(f(x)) 7

where h,, hy represents the rotation head and scale head.

E. Supervise by Reconstruction Signals

To facilitate a better reconstruction of the masked re-
gion under the MAE strategy, we supervise the learning
process with different reconstruction signals derived from
the Gaussian representation. Specifically, the RGB, Depth,
and Occupancy signals are decoded based on the predicted
Gaussian anchor parameters within the valid mask patches.

a) RGB Reconstruction: Since we do not need to
reconstruct images of arbitrary perspectives, we directly
predict fixed viewpoint RGB instead of using Spherical
Harmonics (SH) coefficients. After predicting the parameters
of the Gaussian anchor, we decode the color information with
the C(p) =YY, ciou7 to render the RGB values map of the
image, for each target reconstruct pixel. Specifically, the ¢;
value in the equation is replaced by the predicted RGB, ¢; is
the opacity-related influence of this Gaussian to the current
pixel and 7 = ;_:11 (1 —«;) is the transmittance.

b) Depth Reconstruction: Inspired by the depth imple-
mentation in NeRF-style volume rendering, we integrate the
depth of each splat in a manner similar to RGB reconstruc-
tion and approximate each pixel z-depth from the 3D-GS
parameters. The process is as: D = Y"  diy H;;'l(l =)
where n is the number of Gaussian anchors, d; is the "
Gaussian anchor z-depth coordinate in view space, enabling
efficient depth rendering with minimal computational over-
head. D is the depth map of the image. Notably, the ground
truth of depth is from sparse depth projected by LiDAR.
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Methods | Backbone | CBGS | NDST mAPt | mATE] | mASE | | mAOE] | mAVE| | mAAE|
LiDAR-base
CenterPoint [24] V0.075 v 65.3 56.9 0.285 0.253 0.323 0.272 0.186
UVTR-L [7] V0.075 v 67.7 60.9 0.334 0.257 0.300 0.204 0.182
TransFusion-L [25] V0.075 v 70.1 65.1 - - - - -
UVTR-L+UniPAD' [4] V0.075 v 70.2 64.6 0.283 0.252 0.263 0.230 0.185
UVTR-L+GP V0.075 v 70.5 65.1 0.289 0.252 0.244 0.229 0.189
Camera-base
UVTR-C [7] R101 441 37.2 0.735 0.269 0.397 0.761 0.193
BEVFormerV2 [26] V299 46.7 39.6 0.709 0.274 0.368 0.768 0.196
CMT-C [27] V299 46.0 40.6 - - - - -
UVTR-C+UniPAD' [4] ConvNeXt-S 46.4 41.0 0.671 0.277 0.382 0.867 0.211
UVTR-C+GP ConvNeXt-S 47.2 41.7 0.676 0.278 0.394 0.815 0.200
StreamPETR" [28] R50 47.9 38.0 0.686 0.280 0.622 0.303 0.217
StreamPETR+GP R50 48.8 38.6 0.671 0.273 0.593 0.307 0.206
Camera + LiDAR

FusionPainting[29] V0.075-R50 v 70.7 66.5 - - - - -
BEVFusion[30] V0.075-swint v 714 68.5 - - - - -
UVTR-M V0.075-R101 v 70.2 65.4 0.332 0.258 0.268 0.212 0.177
UVTR-M+UniPAD' [4] | V0.075-R101 v 72.8 69.4 0.276 0.253 0.236 0.233 0.189
UVTR-M + GP V0.075-R101 v 73.7 70.7 0.267 0.258 0.218 0.234 0.196

TABLE I: 3D Object Detection. We compare with SOTA methods without test-time augmentation on the nuScenes val set.
+: denotes our reproduced results based on MMDetection3D [31]. C, L, M denotes the experiment under the setting of

Camera, LiDAR and both sides.

c) Occupancy Reconstruction: The opacity attribute of
3D-GS point is inherent to vision perception, particularly
for occupancy prediction tasks. Unlike GaussianFormer [32],
which uses opacity for semantic logits, we directly interpret
opacity as an indicator of occupancy. A Gaussian anchor with
full opacity signifies the presence of an occupied location at
x. Formally, for each target voxel, we take the maximum
opacity value among Gaussian anchors within the voxel to
represent the occupancy probability, denoted by O. This
direct mapping of opacity to occupancy provides a natural
and effective way to leverage 3D Gaussian Splatting for
occupancy prediction.

0= max(///a( ) | xeV; (8)
i

where k is number of Gaussian anchors in a target voxel V;.
d) Loss Function: In summary, the overall pre-training
loss function consists of color, depth and occupancy loss:

ARGB Z }C C | + ;LDepth N”

l‘
where C,, D are the GT of RGB, depth for each ray. O;
denotes GT of occupancy which is considered occupied if it
contains at least one lidar point. N/ and N, are the counts
of target pixels of P and target voxels of V;, respectively.
Note that, Aggp=0 if only the LiDAR branch exsits.

IV. EXPERIMENTS

L=

A. Datasets and Evaluation Metrics

nuScenes dataset [8] contains 700/150/150 scenes for train-
ing, validation, and testing, respectively. Each sequence is

Z|D D|+lOzcupacyZ‘O 0|

captured at 20Hz frequency with 20 seconds duration. Each
sample contains RGB images from 6 cameras with 360°
horizontal FOV and point cloud data from 32 beam LiDAR
sensor, and five radars. For HD-map task, perception ranges
are [—15.0m,15.0m] for the X-axis and [—30.0m,30.0m]| for
the Y-axis. We calculate the AP; under Chamfer distance
with several thresholds (t € T,T = {0.5,1.0,1.5}).
Occ3D-nuScenes [39] occupancy scope is defined as —40m
to 40m for X and Y-axis, and —1m to 5.4m for the Z-axis.
The voxel size is 0.4m x 0.4m x 0.4m for the occupancy
label. Occ3D-nuScenes benchmark calculates the mean In-
tersection over Union (mloU) for 17 semantic categories
(including ‘others’). Besides, it also provides visibility masks
for LiDAR and camera modality.

B. Implementation Details

Our code implementation is based on MMDetec-
tion3D [31], and all models were trained on 8 NVIDIA A100
GPUs. Unless otherwise specified, the input image resolution
is set to 1600x900 by default. The scale factors for Aggp and
Aocc are maintained at 10, while Ap, is set to 1. During the
pre-training phase, we applied the mask to the input images
with a size of 32 and a ratio of 0.3. LiDAR specific depth
range for generating the valid mask is [0, 50]. The model is
pre-trained for 12 epochs using the AdamW optimizer, with
an initial learning rate of 2e-4 and a weight decay of 0.01.
In the ablation studies, unless explicitly stated, fine-tuning is
conducted for 12 epochs on 50% of the image data.
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Method Modality Backbone Pretrain Epochs | mAP  AP,.;  APaiider  APhoundary
HDMapNet C Effi-BO ImageNet 30 23.0 14.4 21.7 33.0
HDMapNet L PointPillars[33] ImageNet 30 24.1 10.4 24.1 37.9
HDMapNet C&L Effi-BO & PointPillars  ImageNet 30 31.0 16.3 29.6 46.7
VectorMapNet C R50 ImageNet 110 40.9 36.1 473 39.3
VectorMapNet L PointPillars ImageNet 110 34.0 25.7 37.6 38.6
VectorMapNet C&L R50 & PointPillars ImageNet 110 45.2 37.6 50.5 47.5
MapTR-tiny" C R50 ImageNet 24 49.9 52.0 453 52.4
MapTR-tiny" +GP C R50 Ours 24 51.8 54.9 45.8 54.9

TABLE II: HD-Map construction. Comparisons with state-of-the-art methods on nuScenes val set. “C” and “L” respectively
denotes camera and LiDAR. The APs of HDMapNet [34] and VectorMapNet [35] are taken from the paper of MapTR [9].

GP presents GaussianPretrain framework.

= = 2 = 2 :
. S T % 2 38 Z 2 !
© B § 2 £ Z g 5 % s 5 : 5§ E %
s 2 2 : ¢ 5 E T OE R g 5 % 2 B E %
Input Image I h - b
Method Modality| Backbone mloU| W | | ] | | | [ | [ |
MonoScene Camera |R101-DCN| 6.06 | 9.38 4.93 426 7.23 7.65 567 398 3.01 590 445 7.17 1491 632 792 743 101 1.75
BEVDet Camera |[R101-DCN|[11.73]12.97 4.18 0.0 15.29 1526 1.35 0.0 043 0.13 6.59 6.66 52.72 19.04 26.45 21.78 14.51 2.09
TPVFormer Camera |[R101-DCN|[27.83(45.90 40.78 13.67 38.90 16.78 17.23 19.99 18.85 14.30 26.69 34.17 55.65 35.47 37.55 30.70 19.40 7.22
BEVFormer Camera |R101-DCN|23.67[41.09 34.41 9.98 38.79 14.46 13.24 16.51 18.50 17.83 18.66 27.70 48.95 27.73 29.08 25.38 15.41 5.03
BEVFormer+GP| Camera |[R101-DCN|24.21|39.18 36.55 6.95 34.88 18.16 11.88 16.62 16.93 17.1 13.83 27.03 54.09 32.36 33.02 27.05 20.39 5.53
PanoOCC Camera |R101-DCN|[41.60(54.78 45.46 28.92 49.82 40.10 25.20 32.93 28.86 30.71 33.87 41.32 83.18 45.00 53.80 56.10 45.11 11.99
PanoOCC+GP | Camera |R101-DCN|42.42(55.21 49.88 28.81 49.30 42.54 22.27 31.30 29.42 30.37 34.29 42.05 84.06 47.76 55.90 58.13 48.20 11.58

TABLE II: 3D Occupancy prediction performance on the Occ3D-nuScenes dataset. The results of MonoScene [36],

BEVDet [37] and TPVFormer[38], is reported in Occ3d [39].

C. Main Results on Different Vision Task

a) 3D Object Detection: We compare our GaussianPre-
train with previous SOTA methods of different modalities, as
shown in Table I. We adopt UVTR as our baselines. Benefits
from the effective 3D-GS representation pre-training, Gaus-
sianPretrain consistently improves the baselines, UVTR-C,
UVTR-L, and UVTR-M by 4.7%, 2.8%, and 3.1% NDS,
respectively. Even compared to the previous NeRF-based
pre-trained method, our approach achieves additional gains
of 0.8, 0.3, and 0.5 NDS over UniPAD-C, UniPAD-L, and
UniPAD-M, respectively, reaching the level of existing state-
of-the-art methods without any test time augmentation.

b) HD Map Construction: As shown in Table II, we
evaluate the performance of our pre-training model on the
nuScenes dataset for the HD map construction task. This
task requires the model to understand road topology and
traffic rules, necessitating a detailed understanding of the
scene’s texture information. We utilize MapTR [9] to assess
the ability of GaussianPretrain to capture this information.
Benefiting from our effective pre-training of Gaussian rep-
resentation, MapTR achieves a 1.9% improvement in mAP.

¢) 3D Occupancy Prediction: The opacity attribute of
Gaussian anchor is inherently suited for occupancy predic-
tion tasks. In Table III, we conduct the experiments of 3D
occupancy prediction on the Occ3D-nuScenes. The perfor-
mance of the SOTA methods in the table is reported in the
work of Occ3d [39]. We implement our framework on BEV-
Former [40] and PanoOCC [10], achieving an improvement

of 0.6% mloU over BEVFormer and a further improvement
of 0.8% mloU over the SOTA method, PanoOCC. This also
highlights the effectiveness of our pre-training diagram.

D. Comprehensive Analysis on Ablation Studies

RGB-Loss | Depth-Loss | OCC-Loss | NDSt mAPt | mloU
X X X 25.23 23.00 15.1
v 26.84 25.73 16.3
v v 29.20 26.54 17.2
v v v 32.28 31.99 19.3

TABLE IV: Ablation study on different supervised losses.

a) Effect of GaussianPretrain’s losses: To validate the
effectiveness of each reconstructed signal, we conducted
experiments on UVIR and BEVFomer for 3D detection
and occupancy tasks, respectively. The RGB loss guides
the model in learning texture information of the scene,
while the depth loss encourages learning the geometric on a
2D plane which is insufficient for capturing complete 3D
geometry. In contrast, the occupancy loss supervises the
model in learning comprehensive geometric details within
3D space. As shown in Table IV, each component contributes
positively, with the best results achieved when all are used
together. Notably, thanks to the attribute of the opacity of
Gaussian representation which inherently benefits occupancy
prediction, yielding a significant improvement of 2.1% in
mloU. These results underscore the effectiveness of Gaussian
representation to the pre-training framework.
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Method | Decoder | Res. | Param. | Memory | Latency
UniPAD-C NeRF MAE 0.46MB | 1125MB 32ms
GaussianPretrain | 3D-GS 0.45MB | 788MB 19ms
UniPAD-C NeRF 1/4 Full 0.46MB 30.5G 390ms
GaussianPretrain | 3D-GS " 045MB | 9.6G 76ms
UniPAD-C NeRF 1/2 Full 0.46MB OOM -
GaussianPretrain | 3D-GS " 045MB | 519G | 230ms

TABLE V: Comparison of the consumption with the NeRF-
based method. Res. denote “Resolution”

35.78
mAP 31.99

+9.24%

25.74 +8.99%

26.54

+7.56% 23.00

18.18
Training Subset

1/4 1/2 11
36.90

NDS

32.28 +7.70%

26,84 +7.05% 2020

ImageNet
GaussianPretrain

+4.87% 25.23
21.97
Fig. 5: Effect of GaussianPretrain on Fine-tuning. By reduc-
ing annotations from the full training set to a 1/4 subset.

b) Efficiency & consumption: NeRF-based methods
often suffer from slow convergence and high GPU mem-
ory consumption. In contrast, our 3D-GS based approach
offers comparable rendering quality with significantly faster
convergence and superior efficiency for free-view rendering.
In the Table V, we compare the efficiency and memory
consumption of the decoder module between the NeRF-
base UniPAD and ours. Notably, GaussianPretrain obviously
reduces memory usage by about 30%, and decreases latency
by approximately 40.6% under MAE strategy while main-
taining a similar parameter size. At 1/4 full image resolution,
our method achieves a memory usage of 9.6GB with a la-
tency of 76ms, which is 1/3 and 1/5 of UniPAD, respectively.
Notably, for 1/2 full resolution, GaussianPretrain maintains
functionality with 51.9GB memory usage and 230ms latency,
whereas UniPAD-C fails due to an out-of-memory error.
This highlights significant gains in resource efficiency with
the GaussianPretrain approach.

c) Effect of Supervised Pre-training: We demonstrate
the effectiveness of GaussianPretrain in reducing the reliance
on annotations by fine-tuning UVTR, ranging from the full
dataset to a 1/4 subset. As depicted in Figure 5, our approach
surpasses the baseline under full supervision by 5.5% mAP,
with only half of the supervised samples, i.c., 32.0% mAP
vs. 26.5% mAP. This result indicates that GaussianPretrain
can effectively leverage unlabeled data to compensate for
reduced supervision, leading to improved performance even
with fewer annotations.

d) Visualization.: As shown in Figure 6, we rendered
the attributes of RGB, Depth, and Occupancy images from
our pre-trained model. GaussianPretrain exhibits a substantial

Input image

Render image

Render depth

Render Occupancy

Fig. 6: Rendering results, pretrained by GaussianPretrain.

capacity for 3D scene reconstruction by means of Gaussian
splitting. More visualization results on various downstream
tasks are shown on the project page.

V. CONCLUSION AND LIMITATIONS.

In this work, we introduce 3D Gaussian Splatting technol-
ogy into the vision pre-training task for the first time. Our
GaussianPretrain demonstrates remarkable effectiveness and
robustness, achieving significant improvements across vari-
ous downstream 3D vision perception tasks with efficiency
and lower memory consumption.

Limitation. There still exist certain limitations in the current
framework. Notably, it does not explicitly incorporate tem-
poral information for better understanding dynamic objects
or scenes, which is crucial for many autonomous driving
applications. In future work, we plan to extend our Gaussian-
Pretrain to leverage such information and further enhance its
performance and capabilities.
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