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Fig. 1. Visualizations of Gaussians, camera-view and overall occupancy on nuScenes. We provide the input RGB images and their
corresponding camera-view occupancy in the upper part. And we visualize the predicted 3D Gausians (left), the semantic occupancy in the
global view (middle), and in the bird’s eye view (right) in the lower part.

A. Video Demonstration
Fig. 1 shows a sampled frame of our video demonstration
included in the supplementary material for 3D semantic oc-
cupancy prediction on the nuScenes dataset [2]. We note
that the camera-view occupancy visualizations align well
with the input RGB images. Moreover, each instance is
sparsely described by only a few Gaussians with adaptive
shapes, which demonstrates the efficiency and the object-
centric nature of our model.

B. Visualizations on KITTI-360
We provide visualization results of Gaussians and occu-
pancy on the KITTI-360 dataset [4] in Fig. 2. We observe
that our GaussianFormer-2 is able to predict both intricate
geometry and semantics of the 3D scene. Furthermore, the
3D Gaussians in our model are adaptive in their scales ac-
cording to the specific objects they are describing, com-
pared with isotropic spherical Gaussians with maximum
scales in GaussianFormer [3].

C. Comparison with Other Efficient Methods
In this section, we provide a quantitative comparison be-
tween the 3D Gaussian representation and other sparse

methods in Tab. 1. In summary, sparse-voxel-based meth-
ods are limited by predefined grid patterns and cannot rep-
resent fine-grained structures. Point-based models assume
a homogeneous influence on the neighborhood, resulting in
less expressiveness.

Tab 1. Comparisons with other methods on SurroundOcc.

Method Representation Resolution mIoU IoU

SparseOcc [5] Sparse voxels 32000 16.14 28.20
OPUS [6] Points 76800 16.67 24.02

GaussianFormer-2 3D Gaussians 12800 20.82 31.74

D. Further Analysis
D.1. Multiplication Theorem of Probability
We explain the effectiveness of the probability multiplica-
tion theorem in modeling the geometry structure in Fig. 3.
First, the inequality 1 > α(x) > α(x;Gi) > 0 holds for
any Gaussian Gi, which implies the confidence of x being
occupied would be large enough (α(x) → 1) if any single
Gaussian is close to it (α(x;Gi) → 1). Second, the gra-
dient of α(x) w.r.t. α(x;Gi) writes

∏
j ̸=i(1 − α(x;Gj)),

which produces adaptive gradients according to the differ-
ent contributions of Gaussians, making each Gaussian focus
on its local neighborhood. In contrast, the additive form is
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Fig. 2. Visualizations of Gaussians and occupancy on KITTI-360. Our method captures both the intricate geometry and semantics of
the scene with shape-adaptive Gaussians.
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Fig. 3. Illustration for advantages of the multiplicative form.

unbounded and equally encourages all Gaussians to overlap
with uniform gradients.

D.2. Gaussian Mixture Model for Semantics
Since GaussianFormer does not normalize the semantics,
we compare our method with an adapted version of Gaus-
sianFormer with semantic normalization to further verify
the effectiveness of the probabilistic design. We have ob-

served suboptimal performance in Tab. 2 if we simply nor-
malize semantics without geometric probabilistic modeling.

To provide further analysis on semantic modeling, the
final normalized logits for point x writes e(x;G) =∑

i p(Gi|x)c̃i as in Eq. (6). Since c̃is are irrelevant to spa-
tial overlap, we can regard them as constants. The cross-
entropy loss will maximize p(G∗|x) corresponding to the
largest c̃yx

∗ = max(c̃yx

1 , ..., c̃yx

P ), where yx denote the label
of x. Maximizing p(G∗|x) will then pull closer G∗ and
push away other Gaussians.

In addition, the geometry and semantic predictions are
one-stage. And we think they are complementary and or-
thogonal because in essence, geometry and semantic pre-
dictions focus on optimizing α(x;Gi) and c̃i, respectively.
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