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* Efficient 3D Voxelization is critical for camera-based 3D Occupancy Prediction (3DOP).

* While reducing voxel query size speeds up inference, it often sacrifices performance by missing fine-
grained spatial details.

* To overcome this challenges, we integrate comprehensive visual contexts into low-resolution voxel

queries, enabling accurate and efficient 3DOP.
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Contributions

* Introducing ProtoOcc as an exemplar in 3DOP by using computationally efficient low-resolution voxel

gueries

* A prototype-aware view transformation and multi-perspective decoding strategy for enhancing the

representations of low-resolution voxel queries.

* Demonstrating clear improvements over previous state-of-the-art methods in two major benchmarks,

along with detailed analyses.
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We introduce ProtoOcc, a novel occupancy network leveraging image prototype representations in view

transformation for low-resolution context enhancement.

1. Prototype-aware View Transformation 2. Multi-perspective Occupancy Decoding
* Prototype Mapping * Multi-perspective View Generation

* Prototype Optimization * Scene Consistency Regularization



Prototype-aware View Transformation
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Prototype-aware View Transformation
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Prototype-aware View Transformation

* Prototype Optimization
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 We introduce pseudo-2D supervision to guide cluster learning absent in

standard 3DOP. R~
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Multi-perspective Occupancy Decoding

* Multi-perspective view generation

* Introduce feature-level and spatial-level voxel augmentation to generate diverse context views.

* Shared kernel yields diverse scene view from local voxel variants.

* Scene Consistency Regularization

* Enforce semantic consistency via GRAND by minimizing L2 distances between augmented predictions and their average.
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* We train and evaluate our method on two representative tasks in 3D scene understanding: 3D occupancy

prediction (3DOP) and 3D semantic scene completion (3DSSC).

e Benchmark Datasets:

* (Occ3D-nuScense

* SemanticKITTI



Quantitative Results

Below table indicates the quantitative results on the Occ3D-nuScenes and SemanticKITTI validation set.

Not only does ProtoOcc stand out in its category, but also by comparing the results within the same color marks.
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It is apparent that ProtoOcc can overcome query deficiencies, performing on par even with higher-resolution counterparts.
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Size Model mloU | W | | | O [} | [ | [ |
CTF-Occ [36]
TPVFormer [12] 2469 24.66
SurroundOee [47]
Base OccFormer [51] 45,84 5027 2400 3194 3813 50.83 46.41 40.15
BEVFormer® [22] 44.06
PanoOce® [45] 38.11 | 9.75 22.45 27.35 25.17 B1.74 4229 5480
ProtoOee (Ours) | 39.01 | 9.75 46.08 2434 46.09 5245 2421 28.11 2472 3290 40.50 85229 43.02 5247 5594 4246 38.13
BEVFormer® [22] 41.67 4197 4849 22.19 39.04
Small PanoOce® [45] 3578 | .18 20.79 21.87 2342 1929 2971 36.10 B1.20 4000 4922 5394 34.83
ProtoOce (Ours)® | 37.80 | 9.28 43.64 2230 44.72 50.07 23.68 2523 2277 19.66 30.43 3873 82.05 42.61 5168 5584 41.91 38.05
BEVFormer [22]
Tiny PanoOce [45] 3399 | 697 3960 1880 4067 4563 1819 2143 1910 1653 2599 3515 8060 3844 4902 52.11 36.81 3287
ProtoOce (Ours)® | 35.68 | 8.33 40.55 19.84 4295 48.08 2031 2278 21.21 17.00 28.22 36.60 $1.42 4132 50.16 53.82 38.63 35.35

Model Pub. IoU mlolU
MonoScene [3] CVPR 22 36.86 11.08
TPVFormer [12] CVPR 23 35.61 11.36
OccFormer [51] ICCV 23 36.50 13.46
HASSC [43] CVPR 24 44.82 13.48
VoxFormer-5 [21] CVPR 23 43.10 11.51
+ ProtoOcc - 43.55 (+0.35) 12.39 (+0.88)
VoxFormer-B [21] CVPR 23 44.02 12.35
+ ProtoOcc - 44.90 (+0.85) 13.57 (+1.22)
Symphonies-5 [14] CVPR 24 41.67 13.64
+ ProtoOcc - 43.02 (+1.35) 14.50 (+0.86)
Symphonies-E [14] CVPR 24 41.85 14.38
+ ProtoOcc - 4212 (+0.27) 14.83 (+0.45)
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Qualitative Results

e Our proposed ProtoOcc enables to capture the long-range objects and occluded objects.
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Ablation Study

* We conduct ablation studies to analyze the impact of augmentation and prototype settings.

Table 5. Effects of different augmentations and their consistency regularization (C.R.).

Exp. # 1 2 3 4 5 6 7 8 9 10 11
Random Dropout - v - - - v v - v -
Augmentation Gaussian Noise - - e - - - - v v v -
Transpose - - - v - v - v - - v
Flips - - - - v - v v v
mlol w/io C.R. 35.78 36.99 36.46 36.49 36.70 36.95 36.78 36.47 36.72 36.66 36.59
0 w/ C.R. N/A 37.19 36.80 36.86 37.18 3721 37.16 36.90 36.82 37.25 36.78
Table 8. Impact of the granularity level.
Table 6. Sensitivity on the number of 2D prototypes M. Table 7. Effect of pseudo mask quality. 2D prototype M Mask Generator #Pseudo Mask mioU
SEEDS [38] 299 37.07
2D prototype M 1440 (r =2) 350(r=4) 144 (r=6) 91 (r=28) 2D prototype M Mask Generator # Pseudo Mask mloU 91 Segment Anything [16] %) 3721
# Pseudo Mask 299 SEEDS [38] 91 37.14 350 SEEDS [38] 299 37.80
mloU 36.90 37.80 36.95 37.07 350

Segment Anything [16] 92 37.29 Segment Anything [16] 92 37.29




Conclusion
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Abstract

The resolution of voxel gqueries significantly influences
the quality of view transformation in camera-based 3D oc-
cupancy prediction. However, computational constraints
and the practical necessity for real-time deployment re-
quire smaller query resolutions, which inevitably leads to
an information loss. Therefore, it is essential to encode
and preserve rich visual details within limited query sizes
while ensuring a comprehensive representation of 3D oc-
cupancy. To this end, we introduce ProtoOcc, a novel
eccupancy network that leverages prototypes of clustered
image segments in view transformation to enhance low-
resolution context. In particular, the mapping of 2D proto-
types onto 3D voxel queries encodes high-level visual geome-
tries and complements the loss of spatial information from
reduced query resolutions. Additionally, we design a multi-
perspective decoding strategy to efficiently disentangle the
densely compressed visual cues into a high-dimensional 3D
eccupancy scene. Experimental results on both Occ3D and
SemanticKITTI benchmarks demonstrate the effectiveness
of the proposed method, showing clear improvements over
the baselines. More importantly, ProtoOcc achieves com-
petitive performance against the baselines even with 75%
reduced voxel resolution. Project page: https://kuai
lab.github.io/cvpr2025protoocc.

1. Introduction

3D occupancy prediction (3DOP) is the task of determining
which parts of a 3D space are occupied by objects and iden-
tifying their class categories. In particular, view transforma-
tion from 2D to 3D space is an essential step for successful
camera-based occupancy prediction. Prior works employ
various 3D space representation strategies, such as bird’s-
eye-view (BEV) plane, tri-perspective-view (TPV) planes,
and 3D voxel cube, which aim to map multi-view camera in-
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Figure 1. (a) Our ProreQOcc can perform comparably to higher-
resolution counterparts while using 75% less memory. (b-c) Re-
ducing query resolutions in standard view transformation (VT is
required for faster inference, but brings geometrical ambiguity. (d)
Our prototype-aware VT can capture high-level geometric details
while preserving computational efficiency.

formation into corresponding grid cells in a unified 3D space.
Among these, 3D voxels are the most common representa-
tion strategy in the 3DOP task [11, 12, 37, 40, 45, 47, 49, 51],
as they naturally encode visual information into a structured
semantic 3D space. Therefore, the effectiveness of 3D vox-
elization (i.e., voxel queries) plays a crucial role in determin-
ing the prediction performance in camera-based 3DOP.
Trade-offs between computation and performance have
long been a challenge in various deep learning applica-
tions [6, &, 17, 26]. Learning voxel queries also encoun-
ters this dilemma, especially in real-time and safety-critical
vision systems such as autonomous driving and robotics.
As illustrated in Figure 1, utilizing voxel queries with high-
resolution may produce reliable performances, but requires
intensive computation. Accelerating the inference inevitably
necessitates smaller query sizes. However, it results in per-
formance degradation primarily due to its inability to cap-
ture precise high-level details within limited spatial storage,
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