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Abstract

In this paper, we introduce ProtoOcc, a novel 3D occupancy
prediction model designed to predict the occupancy states
and semantic classes of 3D voxels via a deep semantic un-
derstanding of scenes. ProtoOcc consists of two main com-
ponents: the Dual Branch Encoder (DBE) and the Prototype
Query Decoder (PQD). The DBE produces a new 3D voxel
representation by combining 3D voxel and BEV represen-
tations across multiple scales using a dual branch structure.
This design combines the BEV representation, which offers a
large receptive field, with the voxel representation, known for
its higher spatial resolution, thereby improving both perfor-
mance and computational efficiency. The PQD employs two
types of prototype-based queries to expedite the Transformer
decoding process. Scene-Adaptive Prototypes are generated
from the 3D voxel features of the input sample, while Scene-
Agnostic Prototypes are updated during training using an Ex-
ponential Moving Average of the Scene-Adaptive Prototypes.
Using these prototype-based queries for decoding, we can
directly predict 3D occupancy in a single step, eliminating
the need for iterative Transformer decoding. Additionally, we
propose Robust Prototype Learning, which introduces noise
into the prototype generation process and trains the model to
denoise during the training phase. This approach enhances
the robustness of ProtoOcc against degraded prototype fea-
ture quality. ProtoOcc achieves state-of-the-art performance
with 45.02% mIoU on the Occ3D-nuScenes benchmark. For
the single-frame method, it reaches 39.56% mIoU with 12.83
FPS on an NVIDIA RTX 3090.

Code — https://github.com/SPA-junghokim/ProtoOcc

1 Introduction
Vision-based 3D occupancy prediction is a critical task for
comprehensive scene understanding around the ego vehicle
in autonomous driving. This task aims to simultaneously es-
timate occupancy states and semantic classes using multi-
view images in 3D space, providing detailed 3D scene infor-
mation. The typical prediction pipeline of previous methods
comprises three main components: 1) a view transformation
module, 2) an encoder, and 3) a decoder. Initially, backbone
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Figure 1: Comparisons of the mIoU and runtimes of differ-
ent methods on the Occ3D-nuScenes validation set. ⋆ indi-
cates results reproduced using publicly available codes. In-
ference time is measured on a single NVIDIA RTX 3090
GPU.

feature maps extracted from multi-view images are trans-
formed into 3D spatial representations through a 2D-to-3D
view transformation. An encoder network then processes
these 3D representations to produce high-level semantic spa-
tial features, capturing the overall scene context. Finally, a
decoder network utilizes these encoded 3D spatial features
to predict both semantic occupancy and class for all voxels
composing the scene.

Existing works have explored enhancing encoder-decoder
networks to improve both the accuracy and computational
efficiency of 3D occupancy prediction. Various attempts
have been made to optimize encoders using 3D spatial rep-
resentations. Figure 2 (a) illustrates two commonly used
3D representations, including voxel representation (Li et al.
2023a; Wang et al. 2023; Wei et al. 2023) and Bird’s-Eye
View (BEV) representation (Hou et al. 2024; Yu et al. 2023).
Voxel-based encoding methods (Zhang, Zhu, and Du 2023;
Cao and De Charette 2022) used 3D Convolutional Neural
Networks (CNNs) to encode voxel structures. However, the
large number of voxels needed to represent 3D surroundings
results in high memory and computational demands. While
reducing the capacity of 3D CNNs can alleviate this com-
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Figure 2: Overall structure of ProtoOcc. (a) Dual Branch Encoder combines voxel and BEV representations to efficiently
model the large receptive fields while minimizing computational demands. (b) The Prototype Query Decoder utilizes prototypes
to generate Scene-Aware Queries, enabling rapid inference without the need for iterative query decoding. (c) Our ProtoOcc
framework combines the Dual Branch Encoder with the Prototype Query Decoder to enhance 3D occupancy prediction.

plexity, it also reduces the receptive field, which may com-
promise overall performance.

Unlike voxel representations, BEV representations
project 3D information onto a 2D BEV plane, significantly
reducing memory and computational requirements. After
encoding the BEV representation using 2D CNNs, it is
converted back into a 3D voxel structure for 3D occupancy
prediction. However, this approach inherently loses detailed
3D geometric information due to the compression of the
height dimension. Although incorporating additional 3D
information (Hou et al. 2024; Yu et al. 2023) can enhance
BEV representation, its performance remains limited by
the inherent constraints of representing 3D scenes in a 2D
format.

Another line of research focuses on enhancing the de-
coders. As illustrated in Figure 2 (b), two main decod-
ing strategies exist: 1) CNN-based decoders (Cao and
De Charette 2022; Zhou et al. 2024; Xu et al. 2024; Zhang
et al. 2024) and 2) query-based decoders (Zhang, Zhu, and
Du 2023; Tang et al. 2024; Liu et al. 2023). CNN-based de-
coders employed lightweight 3D CNNs to extract semantic
voxel features, while query-based decoders iteratively de-
coded a query using the 3D representation obtained from
the encoder. Although query-based decoders achieved better
prediction accuracy, they required processing through mul-
tiple decoding layers, leading to increased inference time.
Therefore, it is crucial to reduce this complexity while re-
taining the performance benefits of query-based decoders.

To address the aforementioned challenges, we introduce
ProtoOcc, an efficient encoder-decoder framework for a 3D
occupancy prediction network. As shown in Figure 1, Pro-
toOcc achieves state-of-the-art performance while achieving
relatively fast inference (i.e., 77.9 ms) on a single NVIDIA
RTX 3090 GPU.

As shown in Figure 2 (a), ProtoOcc utilizes a Dual Branch

Encoder (DBE) with a dual-branch architecture. The voxel
branch uses 3D CNNs with small kernel sizes to reduce
computational complexity, while the BEV branch applies
2D CNNs with large kernel sizes to capture scene seman-
tics with a larger receptive field. To combine the strengths
of both representations, BEV and voxel features are fused
across multiple scales to generate Comprehensive Voxel Fea-
ture. This dual encoding approach effectively captures fine-
grained 3D structures and long-range spatial relationships
across various scales.

Query-based decoding typically demands high compu-
tational complexity due to processing across multiple de-
coding layers. To overcome this, we propose the Proto-
type Query Decoder (PQD), which accelerates the decoding
process by utilizing prototype-based queries and eliminat-
ing the need for iterative decoding. PQD generates Scene-
Adaptive Prototypes by utilizing class-specific masks to ag-
gregate features for each class from the Comprehensive
Voxel Feature. While these prototypes can represent the se-
mantic classes present in the input, challenges arise when
certain semantic classes are absent in the input sample.
To address this, we introduce Scene-Agnostic Prototypes,
which are generated by accumulating Scene-Adaptive Pro-
totypes across samples using an Exponential Moving Aver-
age (EMA) during training. By combining Scene-Adaptive
and Scene-Agnostic Prototypes together, PQD forms Scene-
Aware Queries, enabling efficient 3D occupancy prediction
in a single iteration.

We also develop a novel training method for enhancing
the performance of the proposed decoder. Since the proto-
types are directly utilized for 3D occupancy prediction with-
out an iterative query decoding, the quality of the prototypes
significantly impacts the overall performance. To ensure ro-
bust predictions, we devise the Robust Prototype Learning
framework that injects noise into the prototype generation

4285



process and trains the model to counteract this noise during
the training phase.

We evaluated ProtoOcc on the challenging Occ-3D
nuScenes benchmark (Tian et al. 2024). ProtoOcc achieves
an mIoU of 39.56%, surpassing the performance of all ex-
isting single-frame methods, while operating at a processing
speed of 12.83 FPS on an NVIDIA RTX 3090. Combined
with multi-frame temporal fusion, ProtoOcc also achieves
state-of-the-art performance among the latest multi-frame
methods, with an mIoU of 45.02%.

The contributions of this study are summarized below:

• We introduce ProtoOcc, a novel 3D occupancy prediction
model that integrates a dual-branch encoding and query-
based decoding to enhance both computational efficiency
and accuracy for complex 3D environments.

• We propose an enhanced 3D representation for the en-
coder that jointly aggregates voxel and BEV representa-
tions through dual branch pipelines. This DBE method
efficiently allocates resources, forming the largest recep-
tive field with minimal computational cost.

• We propose a computationally efficient decoder perform-
ing 3D occupancy prediction in a single pass. This PQD
generates queries representing each class from the en-
coded 3D spatial features and directly predicts semantic
occupancy without a decoding process, thereby signifi-
cantly reducing the computational complexity.

• ProtoOcc achieves state-of-the-art performance, with a
45.02% mIoU on the Occ-3D benchmark. It also achieves
a 39.56% mIoU at a processing speed of 12.83 FPS.

2 Related Works
3D Encoding Methods for Occupancy Prediction
3D occupancy prediction (Tong et al. 2023) has attracted
considerable interest in recent years due to its ability to
reconstruct 3D volumetric scene structures from multi-
view images. These approaches primarily utilize two widely
adopted 3D representations, voxel and BEV, to encode
3D spatial information. MonoScene (Cao and De Charette
2022) bridged the gap between 2D and 3D representations
by projecting 2D features along their line of sight and encod-
ing voxelized semantic scenes with a 3D UNet. OccFormer
(Zhang, Zhu, and Du 2023) introduced a dual-path trans-
former that independently processes voxel and BEV repre-
sentations, dividing voxel data into BEV slices to decom-
pose heavy 3D processing. FastOcc (Hou et al. 2024) re-
duced computational cost by replacing high-cost 3D CNNs
in voxel space with efficient 2D CNNs in BEV space.

3D Decoding Methods for Occupancy Prediction
Recent studies (Zhao et al. 2024; Cao, Dai, and de Charette
2024; Liu et al. 2023; Tang et al. 2024) have introduced
query-based decoders that capture scene-adaptive features
by interacting with voxel features. OccFormer (Zhang, Zhu,
and Du 2023) adopted masked attention in 3D space to itera-
tively decode query embeddings, thereby extracting seman-
tic information from voxel features. COTR (Ma et al. 2024)

introduced a coarse-to-fine semantic grouping strategy, di-
viding categories into semantic groups based on granularity
and assigning distinct supervision for each group to address
class imbalance.

2D Encoding Methods with Large Receptive Fields
Transformer-based models, such as ViT (Dosovitskiy et al.
2020) and Swin Transformer (Liu et al. 2021), have gained
significant popularity in the field of computer vision. Re-
cent studies (Luo et al. 2016; Yan et al. 2021) have shown
that large receptive fields are a crucial factor in the suc-
cess of these models. Recent research on CNN-based models
has demonstrated that models with large receptive fields can
achieve competitive performance with Transformer-based
architectures. ConvNeXt (Liu et al. 2022) achieved com-
petitive performance by modifying ConvNets with design
principles from vision Transformers, including 7×7 depth-
wise convolutions. RepLKNet (Ding et al. 2022) scaled
up convolutional kernels to as large as 31×31 utilizing re-
parameterization. LargeKernel3D (Chen et al. 2023) pro-
posed spatial-wise partition convolutions, achieving a large
receptive field in 3D while reducing computational costs.

3 ProtoOcc Method
Overview
The overall architecture of ProtoOcc is illustrated in Fig-
ure 2 (c). Initially, a 2D-to-3D view transformation gener-
ates both 3D voxel and BEV features from multi-view cam-
era images. DBE then combines these features across mul-
tiple scales to produce Comprehensive Voxel Feature. Next,
PQD produces class-specific Scene-Aware Queries from the
Comprehensive Voxel Feature and utilizes them to predict
3D occupancy in a single pass.

2D-to-3D View Transformation. The 2D-to-3D View
transformation process converts multi-view camera inputs
into 3D features in both voxel and BEV formats through
Lift-Splat-Shoot (LSS) method (Philion and Fidler 2020).
2D feature maps are extracted from multi-view images using
a backbone network such as ResNet (He et al. 2016). These
features are then fed into a depth network to predict depth
distributions. Frustum features are generated by computing
the outer product between 2D feature maps and depth dis-
tributions. The voxel-pooling method transforms these frus-
tum features into a unified 3D voxel feature Fvox. Finally,
the BEV feature FBEV is reshaped from Fvox along the Z
axis, changing from (D,X, Y, Z) to (D×Z,X, Y ), where
D denotes the channel dimension and (X,Y, Z) represents
the volume scale.

Dual Branch Encoder
The structure of DBE is depicted in Figure 3 (a). DBE con-
sists of two main components: the Dual Feature Extractor
(DFE) and the Hierarchical Fusion Module (HFM). The
DFE module captures fine-grained 3D structures in the voxel
domain and long-range spatial relationships in the BEV do-
main, extracting features across multiple scales. The HFM
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Figure 3: Details of Dual Branch Encoder. (a) DBE consists
of DFE and HFM. DFE extracts multi-scale features using
the dual encoders in the voxel and BEV domain. HFM ag-
gregates these features from low to high scales to generate
Comprehensive Voxel Feature VCVF. (b) The Large-Kernel
BEV Block comprises a large kernel depth-wise convolu-
tion, 1x1 convolutions, and layer normalization.

module hierarchically aggregates features from each do-
main, generating comprehensive context representations at
various levels of detail.

Dual Feature Extractor. DFE consists of a voxel branch
with 3D CNNs and a BEV branch with 2D CNNs designed
for distinct spatial representations. The voxel branch aims
to efficiently extract fine-grained features by utilizing small
kernels to minimize computational complexity. Fvox is pro-
cessed through 3D CNN residual blocks and downsam-
pling layers, generating multi-scale voxel features Vvox =
{V vox

i ∈ RDi×Xi×Yi×Zi}Si=1, where i denotes the scale in-
dex and S represents the total number of scales.

The BEV branch is designed to capture long-range spa-
tial relationships by utilizing 2D CNNs with larger kernel
sizes, which effectively expand the receptive field. This ap-
proach avoids the high computational burden required by
3D CNNs. Multi-scale BEV features BBEV = {BBEV

i ∈
RD′

i×Xi×Yi}Si=1 are extracted from FBEV through a series of
2D CNN residual blocks followed by a downsampling layer.

Hierarchical Fusion Module. HFM integrates multi-
scale voxel and BEV representations to generate the Com-
prehensive Voxel Feature. This process involves hierarchi-
cal aggregation of features from both domains through a se-
quence of upsampling layers and a 3D CNN. In each layer,
the BEV feature BBEV

i at the i-th scale is voxelized into
V BEV
i ∈ RDi×Xi×Yi×Zi through a reshape operation, align-

ing it with the voxel feature space. Subsequently, the fused
voxel feature V fused

i is derived by combining the voxel fea-
ture V vox

i , the voxelized BEV feature V BEV
i , and the upsam-

pled fused voxel feature Up(V fused
i−1 ) from the previous layer
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Figure 4: Details of prototype generation. AdaPG gener-
ates Scene-Adaptive Prototypes by sampling and averaging
Comprehensive Voxel Feature for each class based on class-
specific masks. AgnoPG generates Scene-Agnostic Pro-
totypes by computing Scene-Adaptive Prototypes through
the EMA method. Finally, Scene-Adaptive Prototypes
and Scene-Agnostic Prototypes are combined into Scene-
Adaptive Queries.

as follows

V fused
i =

{
Conv(Up(V fused

i−1 ) + V BEV
i + V vox

i ) for i > 1

Conv(V BEV
i + V vox

i ) for i = 1
,

(1)
where Up denotes upsampling layer by trilinear interpolation
and Conv denotes a 3D convolution layer with a small kernel
size. After processing through S upsampling layers, DBE ends
up with Comprehensive Voxel Feature VCVF = V fused

S .

Prototype Query Decoder
As illustrated in Figure 4, PQD comprises two components: the
Scene-Adaptive Prototype Generator (AdaPG) and the Scene-
Agnostic Prototype Generator (AgnoPG). The AdaPG gener-
ates Scene-Adaptive Prototypes to capture the unique features
of each class in the current scene. AgnoPG produces Scene-
Agnostic Prototypes across diverse scenes using the EMA
method (Polyak and Juditsky 1992), mitigating challenges aris-
ing from missing certain classes and capturing comprehensive
features for each class. Finally, PQD predicts semantic occu-
pancy for all voxels through a single step operation that lever-
ages the Comprehensive Voxel Feature and the prototype-based
queries.

Scene-Adaptive Prototype Generator. AdaPG aims to
generate Scene-Adaptive Prototypes that encapsulate class-
specific features extracted from Comprehensive Voxel Fea-
ture of the current scene. First, the AdaPG uses a shallow
3D CNN classifier to produce voxel-wise class probabilities
Os ∈ RC×X×Y×Z , where C denotes the number of semantic
categories, including the empty class. These probabilities are
utilized to construct class-specific binary masks Mcls

c for each
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class c ∈ {1, . . . , C}, as follows

Mcls
c (x, y, z) =

1 if argmax
c̃∈{1,...,C}

Os(x, y, z) = c

0 otherwise
. (2)

The resulting Mcls
c is used to sample the voxel features for

the c-th class. Subsequently, the Scene-Adaptive Prototypes
Pd={P d

c ∈ RD}Cc=1 are derived by aggregating the sampled
voxel features for each class through average pooling in both x,
y, and z domains

P d
c =

1

Nnz
c

∑
(x,y,z)

(Mcls
c (x, y, z)⊗ VCVF(x, y, z)), (3)

where Nnz
c denotes the number of non-zero voxels in Mcls

c and
⊗ is the element-wise product. When Nnz

c is zero, P d
c is set to

a zero vector. The resulting Pd are delivered to the AgnoPG for
query generation process.

Scene-Agnostic Prototype Generator. While AdaPG ef-
fectively captures class-specific features within the current
scene, the absence of sampled features for certain classes re-
sults in incomplete prototypes. To address this, the AgnoPG
generates Scene-Agnostic Prototypes Pg by applying the EMA
(Polyak and Juditsky 1992) method to Pd, continuously inte-
grating features across diverse scenes. That is, for each itera-
tion, Pg is updated as

Pg(t) = α ·Pd(t) + (1− α) ·Pg(t− 1), (4)

where t denotes the iteration index and α is the EMA coef-
ficient. This process ensures the generation of comprehensive
prototype features encompassing all classes.

Prototype-Driven Occupancy Prediction. Scene-Aware
Queries QSA ∈ RC×D are generated by combining Pd from
AdaPG and Pg from AgnoPG through summation. Notably,
the occupancy prediction results are obtained directly from
the Scene-Aware Queries, eliminating the need for iterative
Transformer decoding. The Scene-Aware Queires are processed
through MLP layers to predict semantic logits pc and mask em-
bedding εmask

c for each class c. Subsequently, the occupancy
masks Mocc

c are generated by performing a dot product between
the Comprehensive Voxel Feature and the mask εmask

c along the
channel dimension, followed by the application of a sigmoid
function to normalize the resulting masks. Finally, the 3D se-
mantic occupancy prediction Os is obtained

Os =

C∑
c=1

pc ·Mocc
c . (5)

Our approach simplifies the decoding process by processing
prototype-based queries in a single step.

Training
Robust Prototype Learning. Scene-Adaptive Prototypes
Pd are determined by the class-specific masks Mcls obtained
from AdaPG. However, when these masks are inaccurately es-
timated, features from voxels of incorrect classes may be erro-
neously included in the prototypes Pd, resulting in a decline in
overall Occupancy prediction performance.

To address this, RPL injects noise into class-specific masks
Mcls to generate Noisy Scene-Adaptive Prototypes P̂d. These
prototypes are then combined with the Scene-Agnostic Proto-
types Pg to form Noisy Scene-Aware Queries Q̂SA. Subse-
quently, Q̂SA is concatenated with the original Scene-Aware
Queries QSA, and these queries are used separately to predict
the occupancy and class labels.

RPL introduces two types of noise to enhance the infer-
ence robustness of ProtoOcc: scaling noise and random flipping
noise. Scaling noise enlarges or shrinks Mcls by a random ratio
based on the ego vehicle’s position, while random flipping noise
randomly reallocates voxel grid classes. By injecting these per-
turbations, the model is trained through RPL to effectively de-
noise and predict occupancy. This ensures robust predictions
even when the class-specific masks Mcls are inaccurately es-
timated during inference. This approach improves prediction
robustness during inference while maintaining computational
efficiency, as RPL is applied only during training.

Training Loss. The total loss Ltotal is given by

Ltotal = Ldepth + LAdaPG + Locc + LRPL, (6)

where Ldepth is for depth estimation, LAdaPG is for class-
specific mask prediction in AdaPG, Locc is for query-based
occupancy prediction, and LRPL is for the Robust Prototype
Learning. Specifically, Ldepth employs cross-entropy (CE) loss
using LiDAR point clouds projected onto the image. LAdaPG

includes Lovasz (Berman, Triki, and Blaschko 2018) and Dice
(Sudre et al. 2017) losses for class-specific mask prediction
used in Scene-Adaptive Prototypes generation. Note that Locc
is computed without employing a bipartite matching process,
as the prototypes are directly assigned to each class. This loss
combines cross-entropy (CE) loss for classification with focal
loss (Lin et al. 2017) and dice loss for mask prediction. Sim-
ilarly, LRPL applies the same functions as Locc to the Q̂SA

introduced in RPL.

4 Experiments
Experimental Settings
Dataset and Metrics. We conducted the experiments on the
Occ3D dataset (Tian et al. 2024), which evaluates the mean In-
tersection over Union (mIoU) across 17 classes. Additionally,
we measured the latency of our model.

Implementation Details. We utilized ResNet-50 (He et al.
2016) for the image backbone network. In DBE, the voxel
branch uses a kernel size of 3 for 3D convolution, while the
BEV branch employs a kernel size of 7 for 2D convolution. Our
model was trained for 24 epochs with a total batch size of 16 on
4 NVIDIA RTX 3090 GPUs. The AdamW optimizer was used
with a learning rate of 4×10−4 for single-frame and 2×10−4

for multi-frame.

Performance Comparison
Table 1 presents a detailed comparison of single-frame meth-
ods on the Occ3D-nuScenes validation set, demonstrating
our method’s superior performance. ProtoOcc, utilizing the
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Method Venue Image Backbone Image Size mIoU (%) Latency (ms)
MonoScene(Cao and De Charette 2022) CVPR’22 ResNet-101 928 × 1600 6.06 830.1
TPVFormer(Huang et al. 2023) CVPR’23 ResNet-101 928 × 1600 27.83 320.8
Vampire(Xu et al. 2024) AAAI’24 ResNet-101 256 × 704 28.30 349.2
CTF-Occ(Tian et al. 2024) NIPS’23 ResNet-101 928 × 1600 28.53 -
SurroundOcc(Wei et al. 2023) ICCV’23 ResNet-101 800 × 1333 34.40 355.6
BEVDet(Huang et al. 2021) arXiv’21 ResNet-50 256 × 704 19.38 -
OccFormer(Zhang, Zhu, and Du 2023) ICCV’23 ResNet-50 928 × 1600 21.93 349.2
COTR∗ (Ma et al. 2024) CVPR’24 ResNet-50 256 × 704 37.02 168.9
FB-Occ(Li et al. 2023b) ICCV’23 ResNet-50 256 × 704 37.39 129.7

Ours - ResNet-50 256 × 704 39.56 77.9

Table 1: Comparison of different single-frame 3D occupancy prediction methods when evaluated on the Occ3D-nuScenes
validation set. Latency is measured on a single NVIDIA RTX 3090 GPU. - denotes that the results are not in public. † indicates
that the latency was measured on an NVIDIA V100 GPU. ∗ indicates results reproduced using publicly available codes.

Method Venue Image Backbone Image Size mIoU
BEVFormer ECCV’22 ResNet-101 928×1600 26.88
FastOcc ICRA’24 ResNet-101 640×1600 39.21
PanoOcc CVPR’24 ResNet-101 864×1600 42.13
BEVDet4D arXiv’21 ResNet-50 384×704 39.25
FB-Occ ICCV’23 ResNet-50 256×704 40.69
COTR CVPR’24 ResNet-50 256×704 44.45

Ours - ResNet-50 256×704 45.02

Table 2: Comparison of different multi-frame 3D occupancy
prediction methods when evaluated on the Occ3D-nuScenes
validation set.

ResNet-50 backbone, achieves a performance of 39.56% mIoU,
outperforming all other methods (Zhang, Zhu, and Du 2023;
Huang et al. 2023; Wei et al. 2023; Xu et al. 2024), includ-
ing those employing the larger ResNet-101 backbone. Notably,
ProtoOcc achieves an inference time of 77.9 ms, demonstrating
a 1.7× faster speed compared to the previous state-of-the-art
method, while also achieving a remarkable performance im-
provement of 2.17% in mIoU. These results demonstrate that
ProtoOcc achieves both high efficiency and superior accuracy,
making it well-suited for real-time applications.

We also adopt multi-frame methods for ProtoOcc, fus-
ing eight consecutive voxel features over time. Following
BEVDet4D (Huang et al. 2021), these voxel features are con-
catenated along the channel dimension and processed through
a residual block followed by a 1 × 1 × 1 convolution layer to
reduce the channel dimensionality. Table 2 provides a perfor-
mance comparison with other multi-frame methods evaluated
on the Occ3D-nuScenes validation set (Tian et al. 2024). Pro-
toOcc establishes a new state-of-the-art performance, exhibit-
ing substantial improvements over existing methods (Li et al.
2022; Hou et al. 2024; Wang et al. 2024; Huang et al. 2021;
Li et al. 2023b) and surpassing the previous best model, COTR
(Ma et al. 2024), by 0.57% in mIoU.

Ablation Study
We performed an ablation study to evaluate the contributions of
the components proposed in ProtoOcc. We trained on a quarter
of the dataset for 24 epochs and evaluated the entire validation

DBE PQD RPL mIoU Latency (ms)

34.18 60.0
✓ 35.87 (+1.69) 75.7

✓ 35.63 (+1.45) 61.1
✓ ✓ 37.05 (+2.87) 77.9

✓ ✓ ✓ 37.45 (+3.27) 77.9

Table 3: Ablation study for evaluating the main components
of ProtoOcc.

set using a ResNet-50 backbone (He et al. 2016) with a 256 ×
704 resolution and a single frame.

Contributions of Main Components. Table 3 shows the
impact of our main modules. The first row denotes a baseline
employing 3D CNNs with small kernel sizes for both the en-
coder and the decoder. When adding DBE into the baseline, we
demonstrate a notable 1.69% increase in mIoU. This improve-
ment shows that DBE effectively integrates long-range spatial
relationships by expanding the receptive field in the BEV do-
main while capturing fine-grained 3D structures in the voxel do-
main. We integrated PQD into the baseline, achieving a 1.45%
mIoU improvement while maintaining latency. This demon-
strates that PQD effectively captures class distributions through
prototypes, enhancing performance without iterative query de-
coding. Incorporating both DBE and PQD surpasses the base-
line by 2.87% in mIoU. RPL improves the mIoU by an addi-
tional 0.4%, reducing the impact of inaccurate class-specific
masks.

Contributions of Dual Branch Encoder. Table 4 presents
the results of the ablation study conducted on the Dual Branch
Encoder. We focus on the impact of varying kernel sizes within
the voxel and BEV branches. We tried kernel sizes of 3 and 7
in the voxel branch, as shown in Table 4. Using a kernel size
of 7 in scenario (b) resulted in significant latency increases due
to the high dimensionality of 3D space. In contrast, increas-
ing the kernel size within the BEV domain, as demonstrated
in scenario (d), led to a comparatively minor latency increase
when contrasted with scenario (c). Scenario (b), with its larger
voxel branch kernel size, delivered marginally better perfor-
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Figure 5: Qualitative results on the Occ3D-nuScenes validation set. The regions marked by red ellipses and rectangles empha-
size the superior results generated by our proposed model. The yellow arrow indicates the position and direction of the ego
vehicle.

Branch Model Voxel BEV MS mIoU Latency
Kernel Kernel Fusion (ms)

Voxel Only (a) 3 35.71 60.7
(b) 7 36.14 87.2

BEV Only (c) 3 35.64 52.0
(d) 7 36.07 55.1

(e) 3 3 36.70 71.1
(f) 3 3 ✓ 36.93 74.5Dual Branch

Ours, (g) 3 7 ✓ 37.45 77.9

Table 4: Ablation study for Dual Branch Encoder. MS Fu-
sion indicates the use of multi-scale fusion in HFM.

mance than scenario (d) in the BEV branch.
Further enhancements were observed when the voxel and

BEV branches were combined, as seen in scenarios (e) through
(g). Specifically, setting the kernel sizes to 3 for the voxel
branch and 7 for the BEV branch, and incorporating multi-scale
fusion, not only outperformed scenario (b) in terms of perfor-
mance but also maintained lower latency. The multi-scale fu-
sion alone contributed an increase of 0.23% in mIoU compared
to scenario (e), while our specific configuration provided an ad-
ditional improvement of 0.52% in mIoU.

Impact of the Prototype Query Decoder. Table 5 presents
a comparison of different decoder types, assessing their perfor-
mance in terms of mIoU and latency. While a query-based de-
coder (Zhang, Zhu, and Du 2023) yields higher performance
compared to a CNN-based decoder, it incurs much higher la-
tency due to their iterative decoding process. Conversely, when
utilizing AdaPG and AgnoPG without iterative decoding, not
only do they surpass the query-based decoder by an additional
0.79% in mIoU, but they also achieve a substantial reduction in
latency, amounting to 73.7ms.

Decoder Type AdaPG AgnoPG Iterative mIoU Latency
Decoding (ms)

CNN-based 35.87 76.1

Query-based ✓ 36.66 151.6

✓ 36.87 77.4
PQD

✓ ✓ 37.45 77.9

Table 5: Comparison of different decoder types.

Qualitative Analysis

Figure 5 presents qualitative results on the Occ3D-nuScenes
validation set, comparing the proposed model with FB-Occ (Li
et al. 2023b) and PanoOcc (Wang et al. 2024). ProtoOcc pro-
vides accurate predictions in complex scenes, particularly for
regions with ambiguous boundaries and diverse object types.

5 Conclusions

In this paper, we introduced ProtoOcc, an efficient encoder-
decoder framework designed for 3D occupancy prediction. The
DBE leverages both voxel and BEV representations, capturing
fine-grained interactions and efficiently modeling long-range
spatial relationships to enhance encoder performance. Further-
more, the PQD employs Scene-Adaptive and Scene-Agnostic
Prototypes as queries, which eliminate the need for an itera-
tive decoding process, thereby significantly reducing compu-
tational complexity. We also introduced the RPL to increase
the model’s robustness against inaccuracies in prototypes. Our
method achieved state-of-the-art performance with faster infer-
ence speeds on the Occ3D-nuScenes benchmark.
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