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Abstract— Monocular Semantic Occupancy Prediction aims
to infer the complete 3D geometry and semantic information
of scenes from only 2D images. It has garnered significant
attention, particularly due to its potential to enhance the 3D
perception of autonomous vehicles. However, existing methods
rely on a complex cascaded framework with relatively limited
information to restore 3D scenes, including a dependency
on supervision solely on the whole network’s output, single-
frame input, and the utilization of a small backbone. These
challenges, in turn, hinder the optimization of the framework
and yield inferior prediction results, particularly concerning
smaller and long-tailed objects. To address these issues, we
propose MonoOcc. In particular, we (i) improve the monocular
occupancy prediction framework by proposing an auxiliary
semantic loss as supervision to the shallow layers of the
framework and an image-conditioned cross-attention module
to refine voxel features with visual clues, and (ii) employ a
distillation module that transfers temporal information and
richer knowledge from a larger image backbone to the monoc-
ular semantic occupancy prediction framework with low cost
of hardware. With these advantages, our method yields state-
of-the-art performance on the camera-based SemanticKITTI
Scene Completion benchmark. Codes and models can be
accessed at https://github.com/ucaszyp/MonoQcc.

I. INTRODUCTION

3D scene understanding serves as a foundation for au-
tonomous driving systems, exerting a direct influence on
downstream tasks such as planning, navigation, VR [1], [2],
map construction [3], [4]. The past years have witnessed
the rapid development and significant impact of lidar-based
algorithms [5]-[9] in outdoor 3D scene understanding. Nev-
ertheless, they are often considered expensive in terms of
hardware for autonomous vehicles. Consequently, monocular
scene understanding [10]-[15] has garnered considerable
attention from the robotics community due to its cost-
efficiency and rich visual information. A popular topic in
this domain is Semantic Occupancy Prediction, also denoted
as Semantic Scene Completion (SSC) [16]. Its objective is
to predict the semantic occupancy of each voxel throughout
the entire scene, encompassing both visible and occluded
regions, while relying solely on monocular observations.
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Fig. 1.  Quantitative results of semantic occupancy prediction on Se-
manticKITTI [16] test set compared with the state-of-the-art VoxFormer-
S [17] and OccFormer [18]. Note that our method outperforms the latter
methods in the SSC mloU, while also achieving a significant boost on
both small objects (bicycle, motorcycle, traffic-sign) and long-tailed objects
(truck, other-vehicle, other-ground). Compared with VoxFormer-S, the rel-
ative percentage increase of our method on average performance, small
objects and long-tailed objects are denoted by green, yellow and orange,
respectively.

The existing cutting-edge method, VoxFormer [17], pro-
poses a sparse-to-dense architecture, which aggregates 2D
features to voxel space with depth-based queries and com-
pletes the entire scene conditioned on the feature of queries.
It should be emphasized that the inaccuracies of depth
estimation affect the accuracy of the query, leading to an
increase in the difficulty of subsequent completion and
semantic parsing. Besides, all of the existing methods such
as [10], [17], [19] rely solely on the supervision of 3D
ground truth to train the deep cascaded architecture, includ-
ing the 2D image backbone, 2D-3D view transformer, and 3D
completion network, bringing challenges to the optimization
of heterogeneous sub-modules. Additionally, these methods
only utilize visual information from a single frame input,
resulting in poor performance, particularly causing failures
in predictions for small objects and long-tailed objects (see
Fig.1).

To this end, we first propose an image-conditioned cross-
attention module, aiming to refine inaccurate voxel features
brought by depth estimation with the extra information from
image features and introduce an auxiliary semantic loss as
supervision to the shallow layers of the small framework,
facilitating more efficient optimization. Secondly, we em-
ploy a large pre-trained image backbone instead of small
models trained on benchmark datasets as the former arts
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used to assist in SSC. Recent research (e.g., [20], [21]) has
demonstrated that large image backbones can significantly
enhance the adaptability and generality of 2D image semantic
segmentation. However, how to efficiently utilize these mod-
els in the SSC task has not been explored. Considering the
efficiency and resource constraints in real-world applications,
we propose to use model distillation to get more compact yet
efficient models that can approximate the behavior of larger
models. As shown in Fig. 2, we denote the larger model as a
privileged branch, inspired by the idea of privileged learning
which is widely recognized in the robotics community [22],
[23]. This branch is designed to take temporal image frames
as inputs, thus mitigating uncertainty in occluded areas. As
illustrated in Fig. 1, the comparison between SOTAs’ SSC
results and ours on SemanticKITTI [16] test set demonstrates
that our method achieves a significant gain on general, small
and long-tailed objects.

For easy reference, we summarize our contributions below.

e We propose an image-conditioned cross-attention mod-
ule and semantic auxiliary loss to improve the perfor-
mance of Monocular SSC.

e We propose a privileged branch with pre-training a
larger backbone and employing a cross-view trans-
former to acquire more visual cues from temporal
frames.

e We propose a distillation module to transfer knowledge
from the privileged branch to the monocular branch.

e We achieve SOTA performance on SemanticKITTI
benchmark [16] and release our codes and models.

II. RELATED WORKS

Camera-based 3D Perception. In recent years, there
has been a growing interest in camera-based 3D sensing
techniques [24]-[27], primarily driven by the advantages
of richer visual information, ease of deployment, and cost-
effectiveness offered by cameras. Recent research in camera-
based 3D perception focuses on constructing BEV fea-
ture representations and subsequently performing various
downstream tasks in the BEV space. The Lift-Splat-Shoot
(LSS) method [28], along with its subsequent advancements
[26], [29], serves as the archetypal technique for forward
projection. LSS projects image features into 3D space and
aggregates them into the BEV space, incorporating depth
uncertainty through predicted pixel-wise depth distributions.
BEVFormer [24] represents one of the backward projection
methods, utilizing deformable attention-based spatiotempo-
ral transformers to construct BEV queries and aggregate
corresponding 2D features from multiple frames into the
BEV space. Given that 3D occupancy representation contains
richer spatial information compared to BEV representation,
it plays a crucial role in the perception and planning abilities
of self-driving cars. Consequently, there is a noticeable shift
towards employing camera-based solutions in 3D Semantic
Occupancy Prediction.

Camera-based 3D Semantic Occupancy Prediction.
After the introduction of SemanticKITTI dataset [16], an
abundance of outdoor Single-View 3D Semantic Occupancy

Prediction (synonymous with Semantic Scene Completion)
techniques have emerged. MonoScene [10] is the pioneering
method for monocular semantic occupancy prediction, which
proposes 2D-3D feature projections along the line of sight
to generate voxel features and utilizes the 3D UNet to
process the volumetric data. TPVFormer [30] introduces a
simple yet efficient tri-perspective view representation as an
alternative to the BEV representation, enabling the capture of
3D structural intricacies. OccFormer [18] devises dual-path
transformer blocks comprising local and global transformers
to decompose the 3D processing. VoxFormer [17] replaces
BEV queries with depth-based proposal queries to aggregate
features from images and introduces an MAE-like design to
achieve dense occupancy completion with sparse queries.

III. METHOD

An overall framework of MonoOcc is illustrated in Fig. 2

We briefly describe the sparse-to-dense monocular 3D
semantic occupancy prediction pipeline of a baseline method
in section III-A. Two innovations, including an image-
conditioned cross attention and a 2D semantic auxiliary loss,
are proposed to improve the current framework in section
III-B. To promote the performance of small objects and
long-tailed objects, we further propose a privileged branch
by pre-training a larger image backbone and introducing a
cross view transformer to enhance temporal view features
in section III-C. Finally, we propose a distillation module
to transfer the knowledge from the privileged branch to the
monocular branch, making a trade-off between performance
and efficiency in section III-D.

A. Sparse-to-dense Monocular 3D Semantic Occupancy
Prediction

Image Feature Extractor. To extract 2D feature maps
F?P ¢ R¥*'*w from corresponding RGB images I;, an
image feature extractor ®; is constructed by employing
ResNet-50 [31] as backbone and FPN [32] as neck, where
d and (h,w) represent the dimension and resolution of the
image feature, respectively. Later we will leverage a stronger
image feature extractor pre-trained on a bunch of diverse
autonomous driving datasets.

Depth-based Query. Following VoxFormer [17], we gen-
erate a total of Ny queries (4 based on the depth map
predicted by a pre-trained depth network. Specifically, we
utilize pixel-wise depth to unproject pixels into 3D space,
and then obtain initial occupancy by voxelizing these points.
Afterward, we acquire a tractable number of basically rea-
sonable initial queries ()4 by correcting initial occupancy
with an occupancy prediction network (LMSCNet [33]).

Voxel Feature Generator. Following VoxFormer [17], the
process of generating voxel features F20 € R**¥*#xd yith
resolution (z,y, z) can be divided into two steps:

1) We acquire O3 € RNa*d the feature of visible
regions, by utilizing Qg to aggregate 2D feature F?P into
3D space with deformable cross-attention mechanism (DCA)
[34]:

0P = DCA (Qa, FP) . 1)
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For a set of temporal view features F{QtDt 1. € RIVxdxhxw

with a valid quantity of N, O3P is obtained by an average
of aggregated feature:

1 2D
- NDCA (QdaF{t,tfl,m}) : @

2) We acquire initial voxel features FgP € R2Xyx=xd of
the whole scene by filling the occluded regions with mask
token M € R and then update F 3P to F 3D with deformable
self-attention mechanism (DSA) [34]:

F3P =DSA (F2P, F3P).

3D
Or

3)

Semantic Voxel Map. The predicted semantic voxel map
Y; € R¥XY*ZXC ig obtained by up-sampling and linear
projection of F 3P where (X, Y, Z) denotes the resolution of
the 3D volume, C' represents the number of classes, including
non-occupied.

B. Improved Architecture for Monocular Semantic Occu-
pancy Prediction

Image-Conditioned Cross-Attention. VoxFormer [17]
treats semantic occupancy prediction as a generative task.
The MAE-like transformer hallucinates the occluded scene
conditioned on the visible scene. Mathematically, given the
features of the visible region O2P and the initial voxel
feature F3D the refined features of the entire scene F3D
can be acqulred by:

= Complete (FgD 03P, “4)

where Complete(-|-) means complete the former conditioned
on the latter. Reviewing the generation of O3, the inac-
curacy of depth estimation introduces inaccurate geometric
information, bringing uncertainty to the completion of the
entire scene. We believe that the features from the input
image can help correct the inaccuracies as they can provide

I
I
|
I

Sparse-to-Dense Occupancy Prediction

The architecture of our proposed framework (see section III for details)

semantic clues. Thus, we complete the scene conditioned on
O3P and F?P:

F30 = 5)

This can be naturally achieved through the deformable cross-
attention mechanism. Specifically, we treat the FgD as the
query, F2P as the key and value, and leverage deformable
cross attention to obtain the corrected image-conditioned
voxel features from the refined feature:

F3P = DCA (FgD, FED) . ©6)

2D Semantic Auxiliary Loss. The occupancy prediction
network is a long cascaded framework with components of
different domains including a 2D feature extractor, 2D-3D
cross-attention, 3D completion self-attention, and occupancy
head, which increases difficulties of optimization. To address
this problem, we propose a 2D auxiliary semantic loss as
deep supervision to the feature extractor. It provides a shorter
path for backpropagation, enabling better optimization of the
feature extractor, which serves as the source of features for
the entire framework.

Regarding the implementation of 2D semantic loss, we
first employ a semantic decoder ®, composed of convolu-
tional layers and a fully connected layer to predict semantic
map Sem?P from image feature F72P:

o, (FZP). (7

Then we project point clouds with semantic labels to corre-
sponding images to generate sparse ground truth. Finally, we
employ cross-entropy loss Le,, between ground truth and
Sem?P to directly optimize the feature extractor.

C. Privileged Branch

Pre-training Scaled-Up Feature Extractor. Increasing
the size of the model is an effective strategy to improve

Complete (Fg’D|O?§D7 FtQD) .

Sem2D
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the accuracy of dense prediction tasks. However, due to the
limited training samples in SemanticKITTI [16] which only
contains about 12K images, using a larger image backbone
would lead to overfitting. Moreover, SemanticKITTI not only
lacks dense semantic labels but also contains multiple long-
tailed classes such as other-vehicle (0.20%), truck (0.16%),
and other-ground (0.56%) which only have very limited label
points as supervision, making it ineffective to train a larger
backbone.

To cope with these two problems, we pre-train the larger
image backbone with more data of the driving scenario. And
we employ the InternImage-XL [20] loading the pre-trained
model as the visual backbone ®,, for the privilege branch to
extract 2D features from multiple frames of images:

F{zt,Dt—l,...} =0, (1{23‘,—1,...}) ) (3)

where ¢ represents the ¢-th frame image arranged in chrono-
logical order. More details about pre-training are elaborated
in section I'V-B.

Cross View Transformer. Previous work [17], [35], [36]
has demonstrated that temporal information boosts down-
stream 3D scene perception. When aggregating 2D features
into 3D with deformable cross-attention, only the centroid
of voxels are projected to the image as reference points.
Limited by the voxel resolution, the deviation between the
real position of objects in 3D space and the voxel centroid
can affect the occupancy prediction of a single frame, which
can be alleviated by involving more viewpoints. To acquire
as much visual information as possible, we adopt multiple
frames as the inputs of the privileged branch.

To further enhance the features of temporal views, we
introduce the Cross View Transformer (CVT) [37] to inte-
grate knowledge across multi-views, which is proved to be
effective on dense prediction tasks such as depth estimation
[37], optical flow estimation [38], [39], and map-view seman-
tic segmentation [40]. In particular, we first add positional
encoding to the independently extracted temporal features.
Then, we input pairs of adjacent features in chronological
order into the CVT for feature enhancement. The enhanced
features are lifted to the voxel space through the deformable
cross-attention mechanism (DCA).

D. Distillation Module

In the previous subsection, we adopt a temporal view as
input and scale up the image backbone to acquire visual
clues as rich as possible. However, the usage of multiple
frames as input and the scaling up of the 2D backbone sig-
nificantly increase computational costs, affecting deployment
in autonomous driving systems. To address this, inspired by
privilege learning [23], we propose a distillation module,
composed of a privileged teacher branch and a monocular
student branch. The module aims to transfer the knowl-
edge from the privileged branch, which has richer clues of
temporal information and a larger backbone prior, to the
monocular branch, resulting in performance improvement
for the monocular branch. Specifically, inspired by Frustums

Proportion Loss from MonoScene [10], we use Kullback-
Leibler Divergence as the loss function to provide the cues
from teacher to student:

Laistin = KL(FFP||FEP). ©)
E. Training Loss

Reviewing the training process, we employ multiple loss
functions to supervise varying depths of the network.

e For the feature extractor, we introduce 10ss Lgen,.

e For the completion network, we propose temporal dis-
tillation loss L g;stil1-

e For the final output semantic grid map, we utilize Loss

functions Ly, £57, and £7°7) from MonoScene [10].

The total loss function can be represented as follows:

L= Alﬁsem + A2£d1’,st1’,ll + )\SESS(:
+ A4£567n + /\5[,960

scal scal?

(10)

where A1, A2, A3, A4, and A5 are hyper-parameters.

IV. EXPERIMENTS
A. Dataset

We evaluate our method on the SemanticKITTI dataset
[16], which provides dense semantic occupancy annotations
of all lidar scans from the KITTI Odometry Benchmark [41].
Each lidar scan of SemanticKITTI covers a range of [0 ~
51.2m, —25.6 ~ 25.6m, —2 ~ 4.4m]| ahead of the ego car.
The ground-truth semantic occupancy is represented as 256 x
256 x 32 3D voxel grids through voxelizing aggregated lidar
scans with 0.2m resolution. Each voxel is annotated with
20 classes (19 semantic classes and 1 free). The official split
for train, validation, and test sets is employed. We report our
main result (Table I) on the test set and do ablation studies
(Table II, III) on the validation set.

Evaluation metrics. Following common practices, we re-
port the mean intersection over union (mloU) of 19 semantic
classes for the Semantic Occupancy Prediction task.

B. Implementation Details

We provide two versions of MonoOcc, namely MonoOcc-
S and MonoOcc-L. As shown in Fig. 2, MonoOcc-S employs
ResNet50 as the image backbone of the monocular branch,
while MonoOcc-L replaces the ResNet50 with our pre-
trained larger backbone. For training, we set the hyper-
parameters as follows: Ay = 4.0, Ao = 3.0, A3 = 2.0,
A4 = 1.0 and A5 = 0.5. We train MonoOcc-S on 4 GeForce
3090 GPUs and MonoOcc-L on 4 A100 GPUs for 20 epochs.

To pre-train the larger backbone, we choose the
Internlmage-XL [20](350M parameters) as our backbone,
and we process approximately 200K training data from open-
source autonomous driving datasets including Mapillary Vis-
tas [45], KITTI-360 [46], BDD100K [47], Cityscapes [48],
and nulmages [49]. Based on the open-source pre-trained
model of Internlmage-XL, we first train on the Mapillary
Vistas dataset, which includes 124 semantic categories with
detailed annotations of road elements and long-tailed ob-
jects, effectively enhancing the model’s understanding of the
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TABLE I
SEMANTIC SCENE COMPLETION RESULTS ON SEMANTICKITTI [16] TEST SET.

Semantic Occupancy Prediction
s _ & g ¢ g - 2
= S s S S o 2 S s £ 2 S

S = = £ 3 s 8 ) o 8 & s 3 2 g s

S 2 S 2 3 g £ 32 2 g % < S35 3§88

< 3 2 ¥ £ § S 8 g = T £ = g £ F > <

o [} .% 3 g < S > 2 5} o) =i B 2 > i) Q k) =

: % &2 % 3§ £ 8 g ¥ E 5 EZEE & 7o
Method Pub Input | @ W ] u HE §E B = H B B B |mloU
LMSCNet* [33] 3DV 2020 |Camera|46.70 19.50 13.50 3.10 10.30 14.30 0.30 0.00 0.00 0.00 10.80 0.00 10.40 0.00 0.00 0.00 5.40 0.00 0.00| 7.07
3DSketch* [42] CVPR 2020 | Camera [ 37.70 19.80 0.00 0.00 12.10 17.10 0.00 0.00 0.00 0.00 12.10 0.00 16.10 0.00 0.00 0.00 3.40 0.00 0.00| 6.23
AICNet* [43] CVPR 2020 | Camera [ 39.30 18.30 19.80 1.60 9.60 15.30 0.70 0.00 0.00 0.00 9.60 1.90 13.50 0.00 0.00 0.00 5.00 0.10 0.00| 7.09
JS3C-Net* [44] AAAI 2021 | Camera [47.30 21.70 19.90 2.80 12.70 20.10 0.80 0.00 0.00 4.10 14.20 3.10 12.40 0.00 0.20 0.20 8.70 1.90 0.30| 8.97
MonoScene [10] CVPR 2022 | Camera | 54.70 27.10 24.80 5.70 14.40 18.80 3.30 0.50 0.70 4.40 14.90 2.40 19.50 1.00 1.40 0.40 11.10 3.30 2.10|11.08
TPVFormer [30] |CVPR 2023 | Camera |55.10 27.20 27.40 6.50 14.80 19.20 3.70 1.00 0.50 2.30 13.90 2.60 20.40 1.10 2.40 0.30 11.00 2.90 1.50|11.26
VoxFormer-S [17] |CVPR 2023 | Camera |53.90 25.30 21.10 5.60 19.80 20.80 3.50 1.00 0.70 3.70 22.40 7.50 21.30 1.40 2.60 0.00 11.10 5.10 4.90|12.20
VoxFormer-Tt [17] | CVPR 2023 | Camera | 54.10 26.90 25.10 7.30 23.50 21.70 3.60 1.90 1.60 4.10 24.40 8.10 24.20 1.60 1.10 0.00 13.10 6.60 5.70|13.41
OccFormer [18] ICCV 2023 | Camera |55.90 30.30 31.50 6.50 15.70 21.60 1.20 1.50 1.70 3.20 16.80 3.90 21.30 2.20 1.10 0.20 11.90 3.80 3.70|12.32
SurroundOcc [19] | ICCV 2023 | Camera|56.90 28.30 30.20 6.80 15.20 20.60 1.40 1.60 1.20 4.40 14.90 3.40 19.30 1.40 2.00 0.10 11.30 3.90 2.40|11.86
MonoOcc-S(Ours) — Camera | 55.20 27.80 25.10 9.70 21.40 23.20 5.20 2.20 1.50 5.40 24.00 8.70 23.00 1.70 2.00 0.20 13.40 5.80 6.40|13.80
MonoOcc-L(Ours) — Camera | 59.10 30.90 27.10 9.80 22.90 23.90 7.20 4.50 2.40 7.70 25.00 9.80 26.10 2.80 4.70 0.60 16.90 7.30 8.40|15.63
* represents the results adapted for RGB inputs and reported in MonoScene [10].
T represents the result with temporal inputs.
The best and second-best performances are represented by bold and underline respectively.

TABLE II TABLE III

ABLATION STUDY ON THE EFFECTIVENESS OF EACH PROPOSED
COMPONENT ON IMPROVED MONOCULAR BRANCH (VALIDATION SET).

2D Semantic  Distillation Image Conditioned | Train
row Auxiliary Loss ~ Module Cross Attn. MEM mloUT
1 X X X 16G  12.35
2 v X X 16G  13.08
3 X v (L) X 16G  12.88
4 X X v 18G  12.70
5 v v (L) X 16G  13.26
6 v X v 18G  13.14
7 X v (L) v 18G 1335
8 v v (S) v 18G  13.80
9 v V(L) v 18G  14.01

driving scenario. Then, we semantically align the KITTI-
360, BDD100K, Cityscapes, and nulmages datasets, further
training on 19 common road elements specific to driving
scenarios. Finally, We pre-train the backbone on 8§ A100
GPUs for a total of 20k iterations.

C. Quantitative and Qualitative Results

In this section, we compare our method with competitive
baselines on the test split of SemanticKITTI in Table I and
demonstrate qualitative results in Fig. 3. Table I shows the
comparison results with some methods adapted for RGB
input such as LMSCNet [33], JS3C-Net [44] and other
competitive camera-based semantic occupancy prediction
methods such as TPVFormer [30] VoxFormer [17], and
OccFormer [18] on SemanticKITTI. Overall, our method
achieves a significant improvement over the other baselines
in nearly all classes and sets new SOTA. To be specific,
MonoOcc-S and MonoOcc-L achieve a remarkable boost of
1.60 mIoU and 3.43 mloU, respectively, compared to the
baseline method VoxFormer [17]. For the sake of fairness,
in the following, we compare MonoOcc-S with VoxFormer-S
to analyze the advantages of our methods. Delving into the
qualitative results, we find that our algorithm achieves the

ABLATION STUDY ON THE EFFECTIVENESS OF SCALING UP AND
PRE-TRAINING (VALIDATION SET).

Scaling-up Pre-training \ Test MEM mloU?t
X X 8G 12.35
v X 12G 14.09
v v 12G 14.43

expected performance improvement on long-tailed objects
and small objects.

Our Method performs better on long-tailed objects.
As shown in Table I, MonoOcc-S shows a significant im-
provement in predicting long-tailed objects compared with
VoxFormer-S, such as the other-ground (0.56%, 5.60 —
9.70), other-vehicle (0.20%, 3.70 — 5.40) and truck (0.16%,
3.50 — 5.20).

Our Method performs better on small objects. As
shown in Table I, MonoOcc-S demonstrates a significant
boost in predicting small objects compared with VoxFormer-
S, such as the bicycle (1.00 — 2.20), motorcycle (0.70 —
1.50) and traffic-sign (4.90 — 6.40).

Qualitative Results. To demonstrate the performance of
our algorithm more intuitively, we also provide the quali-
tative visualization of the predicted semantic occupancy in
Fig. 3. The four rows demonstrate the superiority of our
method on long-tailed objects, and road
segmentation. The red box in the first row shows that
VoxFormer-S cannot estimate the instance of other-vehicle.
The in the second row, third row, and last row
show that our method performs better on small objects like
person, bicycle and pole, respectively. To further demonstrate
the effectiveness of our method, we show the impressive
prediction result of road, a crucial category for autonomous
vehicles to estimate the drivable area, within blue box in the
second row and last row.
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Fig. 3. Qualitative results of our method and VoxFormer on SemanticKITTI dataset

D. Ablation Study

We provide ablations on SemanticKITTI for the designs of
each proposed component. Table II demonstrates the effec-
tiveness of each component individually and in combination
with other components on the single frame branch. In the
column of the Distillation Module, (L) or (S) means distilling
the temporal branch with the large or small backbone to the
single frame branch.

2D Semantic Auxiliary Loss: The effectiveness of 2D
Semantic Auxiliary Loss is shown in row 2 of Table II. It
exceeds VoxFormer-S by 0.73 mloU and scarcely increases
GPU memory cost during training. Since auxiliary loss
makes it possible to optimize the feature extractor in a shorter
path, the performance is largely promoted.

Image Conditioned Cross-Attention: Row 4 of Table
IT shows the advantage of the image-conditioned cross-
attention. The performance of the framework is improved
by 0.35 mloU with minimal extra memory cost (about 2G).
Row 5 and row 9 demonstrate that the cross-attention signif-
icantly improves the performance of the single frame branch
combined with the other two components, by introducing
visual cues for completing occluded regions.

Scaling-up And Pre-training: Table III shows the positive
impacts of scaling-up and pre-training. According to the
comparison between row 1 and row 2, it is clear that
increasing the parameters of the backbone can significantly
improve the performance of occupancy prediction. While
the results in row 2 and row 3 prove that pre-training the
backbone network on driving datasets further improves the
performance of occupancy prediction.

Distillation Module: Row 3, 5 and 7 of Table II demon-
strate the effectiveness of the distillation module. Thanks to
the transfer of knowledge from the privileged branch, the per-

formance of the single-frame branch significantly increases.
In addition, by comparing row 6 with row 8 and row 6
with row 9 of Tablell, it is verified that knowledge from
both multiple frames and large models can be introduced to
the single-frame branch through the distillation module. The
comparison between row 8 and row 9 of the table shows that
scaling up the backbone of the privileged branch can also
enhance the performance of the single-frame branch through
the distillation module.

Table IIT shows the necessity of the distillation module.
Using a larger backbone results in a significant increase in
GPU memory usage during test time (8G — 12G), while
the distillation module can transfer richer knowledge into
the single-frame branch at a low cost.

V. CONCLUSION

In this paper, we present MonoOcc, a high-performance
and efficient framework for monocular semantic occupancy
prediction. We propose a semantic auxiliary loss and an
image-conditioned cross-attention module, improving the ex-
isting 3D semantic occupancy prediction method. By propos-
ing a distillation module to transfer temporal information and
richer knowledge to the monocular branch from a privileged
branch, we increase the performance of the framework
especially on small and long-tailed objects, while striking a
balance between performance and efficiency. Benefiting from
these improvements, MonoOcc achieves SOTA performance
on SemanticKITTI benchmark.
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