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Abstract

The perception system for autonomous driving generally re-
quires to handle multiple diverse sub-tasks. However, cur-
rent algorithms typically tackle individual sub-tasks sepa-
rately, which leads to low efficiency when aiming at obtain-
ing full-perception results. Some multi-task learning meth-
ods try to unify multiple tasks with one model, but do
not solve the conflicts in multi-task learning. In this pa-
per, we introduce M3Net, a novel multimodal and multi-
task network that simultaneously tackles detection, segmen-
tation, and 3D occupancy prediction for autonomous driving
and achieves superior performance than single task model.
M3Net takes multimodal data as input and multiple tasks
via query-token interactions. To enhance the integration of
multi-modal features for multi-task learning, we first propose
the Modality-Adaptive Feature Integration (MAFI) module,
which enables single-modality features to predict channel-
wise attention weights for their high-performing tasks, re-
spectively. Based on integrated features, we then develop
task-specific query initialization strategies to accommodate
the needs of detection/segmentation and 3D occupancy pre-
diction. Leveraging the properly initialized queries, a shared
decoder transforms queries and BEV features layer-wise,
facilitating multi-task learning. Furthermore, we propose a
Task-oriented Channel Scaling (TCS) module in the de-
coder to mitigate conflicts between optimizing for different
tasks. Additionally, our proposed multi-task querying and
TCS module support both Transformer-based decoder and
Mamba-based decoder, demonstrating its flexibility to differ-
ent architectures. M3Net achieves state-of-the-art multi-task
learning performance on the nuScenes benchmarks.

Code — https://github.com/Cedarch/M3Net

Introduction
The perception module is important for autonomous driving
system, which aims to accurately perceive the environment
around the self-driving vehicle. To ensure reliable driving,
the perception task is divided into different sub-tasks, in-
cluding detection, map segmentation, occupancy prediction,
etc. However, current algorithms generally tackle individual
sub-tasks and thus require deploying multiple independent
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models to obtain full-perception results. This practice poses
notable challenges: 1) It overlooks task similarities, leading
to redundant computations, and 2) it impedes the mutual en-
hancement between the multiple sub-tasks. Therefore, a uni-
fied model that can simultaneously tackle multiple percep-
tion sub-tasks holds significant promise.

However, integrating multiple tasks on a fully shared
backbone often results in low performance. This is because
the feature representations required by different tasks vary,
leading to gradient conflicts when training the network. Var-
ious approaches have been developed to tackle the conflicts
in multi-task learning, including shared feature representa-
tions (He et al. 2017; Borsa, Graepel, and Shawe-Taylor
2016), task-specific layers (Wallingford et al. 2022), and at-
tention mechanisms (Goncalves et al. 2023; Liu, Johns, and
Davison 2019), etc. Shared feature representations involve
sharing a backbone to utilize shared knowledge. Some meth-
ods (Li et al. 2024; Liu et al. 2023a) utilize the query as a
unified representation across tasks to get multi-task results.
Task-specific layers equipped with attention mechanisms fa-
cilitate task-specific learning and enable the model to handle
task-relevant information. Although these strategies perform
well in 2D perception tasks, challenges arise in the context
of 3D tasks in autonomous driving.

Specifically, tasks of object detection and map segmen-
tation can be effectively tackled using Bird’s Eye View
(BEV) features, whereas 3D occupancy estimation requires
computational-intensive 3D features for achieving dense 3D
prediction. Most previous methods use BEV features to
unify the representation of multiple tasks. However, they
have difficulties in effectively tackling occupancy prediction
and semantic conflicts from the compression of the height
dimension in the BEV space. For example, a vehicle may
share features with both the trees above it and the road be-
low it. Consequently, the network struggles to learn features
to handle multiple classes simultaneously. In response to this
challenge, Univision (Hong et al. 2024) maintains both 3D
and BEV features and successfully handles detection and
occupancy prediction tasks simultaneously, but it comes at
the cost of efficiency. Other methods, such as MetaBEV (Ge
et al. 2023) and BEVFusion (Liu et al. 2023b), try to han-
dle multi-task learning in one model but overlook the im-
portant 3D occupancy prediction task. They only focus on
BEV-related tasks, including detection and map segmenta-
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tion, through task-specific modules such as Mixture of Ex-
perts (MoE) and unshared decoders. Despite the efforts, the
performance of multi-task learning for autonomous driving
perception still falls short of single-task learning.

In this paper, a unified Multi-Modal and Multi-task learn-
ing network, named M3Net, is proposed which can handle
multiple perception tasks in autonomous driving, including
3D objection detection, BEV map segmentation, and 3D oc-
cupancy prediction, and yields superior performance to in-
dependently trained single-task models.

M3Net first leverages the well-established backbone of
BEVFusion to encode BEV features from camera and Li-
DAR sensors. Based on the BEV feature, M3Net then uni-
fies multiple tasks into the form of query-token interactions
and proposes to utilize 3D and BEV queries in a shared BEV
feature decoder for multi-task learning. To accommodate the
representation differences between the 3D occupancy pre-
diction and BEV-based detection and segmentation, we pro-
pose a task-specific query initialization strategy for different
tasks. For detection and segmentation tasks, we choose spe-
cific features from the BEV feature map as the initial queries
and utilize their positions as the queries’ position embed-
ding. For occupancy prediction, each voxel in the 3D space
can act as an occupancy query, with its corresponding

Although utilizing the proposed query initialization strat-
egy, a powerful BEV feature that fully exploits the advan-
tages of different modalities is still crucial for multi-task
learning. For example, LiDAR point clouds are more suit-
able for detection tasks due to their precise geometric struc-
ture, while images contain more dense semantic informa-
tion and thus perform better on segmentation tasks. To this
end, we propose a Modality-Adaptive Feature Integration
(MAFI) module. This module enhances the fusion of multi-
modal features by allowing single-modality features to pre-
dict channel-wise gating weights for their proficient tasks.
Specifically, the MAFI module initially fuses two modal-
ities’ features using a simple convolution layer, similar to
the operation in BEVFusion. Subsequently, LiDAR and im-
age BEV features independently predict lidar-adaptive and
camera-adaptive weights to perform transformations on the
initial fused features, resulting in modality-adapted multi-
modal features respectively. Finally, these adapted features
are added to form the final integrated BEV features. Fur-
thermore, the integrated BEV features still face challenges
of gradient conflicts between the tasks during optimization.
To address this challenge, we propose an effective and ef-
ficient Task-oriented Channel Scaling (TCS) mechanism,
which dynamically predicts channel scaling weights of the
shared BEV features for different tasks from the same input.
Subsequently, these weights are multiplied with the shared
BEV features to derive task-specific BEV features. Through
the proposed TCS, the queries of different tasks selectively
gather information from the shared BEV feature and effec-
tively mitigate conflicts between multiple tasks. Following
several decoder layers, each task’s queries are fed into dif-
ferent task heads. With our MAFI and TCS modules, M3Net
better integrates multi-modal features and tackles multiple
perception tasks in a lightweight manner.

Our proposed M3Net supports both transformer-based

and mamba-based decoders, featuring an attention mecha-
nism with linear complexity, which demonstrates M3Net’s
flexibility and the effectiveness of the mamba mechanism in
autonomous driving perception tasks.

In a nutshell, our contributions are four-fold: 1) We intro-
duce a unified, multi-modal, and multi-task learning network
M3Net, which can simultaneously tackle multiple percep-
tion tasks for autonomous driving. 2) We propose a simple
and effective modality-adaptive multi-modal BEV feature
integration module to effectively leverage the strengths of
different modality features. 3) We propose the task-oriented
channel scaling mechanism to alleviate gradient conflicts be-
tween different tasks during optimization, allowing M3Net
to obtain higher performances than single-task models. 4)
Our framework is compatible with both transformer and
mamba decoders, demonstrating its flexibility and mamba
decoder’s capability in 3D perception tasks.

Related Work
3D Object Detection and Semantic Map Segmentation.
3D detection involves locating and classifying objects in
the 3D world, while map segmentation entails classifying
regions within a map, such as drive areas or pedestrian
crossing lines. Methods in this field can be categorized
into single-modal and multi-modal approaches based on
their input data. For single-modal methods, BEVDet (Huang
et al. 2021), BEVFormer (Li et al. 2022a) and BEVseg-
former (Peng et al. 2023) transform images from surround-
view cameras into a single BEV feature map for 3D de-
tection and segmentation. LiDAR-based methods (Shi et al.
2020; Chen et al. 2022, 2023) mainly focus on 3D detection
from single-frame or multi-frame point clouds. Multi-modal
approaches (Liu et al. 2023b; Ge et al. 2023) utilize inputs
from multiple sensors and fuse them in BEV space, adopting
strategies similar to LiDAR-based methods for 3D detection
and map segmentation.
3D Occupancy Prediction. Occupancy prediction involves
making judgments about whether a position in a 3D scene
is occupied and identifying the occupation category. Early
methods in this domain, such as (Song et al. 2017; Cai
et al. 2021), relied on vision-based approaches utilizing im-
ages and additional geometric information to perform oc-
cupancy prediction. Recently, TPVFormer (Huang et al.
2023a) improves the representation by introducing the Tri-
Perspective-View (TPV), which enriches the BEV with Z-
axis information for a more detailed scene understanding.
OccFormer (Zhang, Zhu, and Du 2023) proposes a dual-
path transformer network tailored to processing 3D volumes,
specifically targeting semantic occupancy prediction tasks.
VoxFormer (Li et al. 2023) proposes a transformer-based
two-stage network, where the first stage focuses on a sparse
set of visible and occupied voxels, and the second stage
generates dense 3D voxels from the sparse ones. Addition-
ally, OpenOccupancy (Wang et al. 2023), Occ3D (Tian et al.
2024), and SurroundOcc (Wei et al. 2023) have also con-
tributed by devising pipelines dedicated to generating high-
fidelity dense occupancy labels.
Multi-Task Learning. Multi-task frameworks aim to ef-
ficiently manage various tasks within a singular net-
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Figure 1: The overall architecture of our proposed M3Net as well as the detailed design of (a) Modality-adaptive Feature
Integration module and (b) BEV-based multi-task query initialization.

work. These methods are primarily categorized into two
groups (Huang et al. 2023c): optimization techniques (Chen
et al. 2018; Mordan et al. 2021; Zhou et al. 2019; Wang
et al. 2019) and network architecture enhancement(Ruder
et al. 2019; Guo, Lee, and Ulbricht 2020). FULLER (Huang
et al. 2023c) proposes a multi-task optimization method to
balance the loss weights of different tasks during training,
preventing one task from dominating another. On the other
hand, LidarMTL (Feng et al. 2021) and LidarMultiNet (Ye
et al. 2023) utilize a shared network for tasks encompassing
3D detection, segmentation, and road understanding based
on point cloud data. Meanwhile, (Wang et al. 2024) focuses
on vision-centric (only using camera feature) multiple per-
ception tasks in autonomous driving. In this paper, M3Net
aims to use multimodal data within a unified architecture to
address multiple tasks in autonomous driving.

Methodology
Overview
M3Net takes LiDAR point cloud and surrounding-view
camera images as input and tackles the perception tasks of
3D object detection, BEV map segmentation, and 3D occu-
pancy prediction simultaneously. To tackle multi-task learn-
ing, M3Net unifies the multiple perception tasks into the
form of query-token interactions and adopts task-specific
queries through a shared BEV feature decoder so that dif-
ferent perception tasks can be unified in one model.

As illustrated in Fig. 1, M3Net comprises four sequen-
tial sub-networks: a multimodal BEV feature encoder, a
modality-adaptive feature integration module, a multi-task
query initialization network, and a multi-task decoder.

Modality-adaptive BEV Feature Integration
We unify both detection, segmentation, and 3D occupancy
prediction into the BEV feature space, considering its effi-
ciency, which is different from Univision (Hong et al. 2024)
utilizing both BEV and 3D features for multiple tasks. To
obtain BEV features, we utilize the feature backbone of
BEVFusion to process inputs from LiDAR and cameras and
get corresponding BEV features, i.e., F lidar

bev and F cam
bev . Sub-

sequently, we introduce the Modality-adaptive Feature Inte-
gration (MAFI) module to optimally leverage the strengths
of diverse modalities. As illustrated in Fig. 1 (a), the in-
tegration module begins with an initial fusion of F lidar

bev
and F cam

bev features using a convolution layer, getting Finit.
Then, we employ an adaptive gating mechanism to inte-
grate the advantages of LiDAR features in the detection task
and the efficacy of image features in the segmentation task.
Specifically, F lidar

bev and F cam
bev BEV features predict LiDAR-

adaptive gating weights Glidar and camera-adaptive gating
weights Gcam through linear layers followed by a sigmoid
activation function, respectively.

These weights enable distinct gating transformations on
the initially fused features, resulting in adapted features. The
final modality-adapted BEV features are formulated as:

Fbev = Glidar ⊙ Finit +Gcam ⊙ Finit. (1)

Because of the better utilization of the advantages of
single-modal features, the dense 3D Occupancy prediction
task, which combines the information of both foreground de-
tection and background segmentation, can also benefit from
our MAFI module. With Fbev in hand, the multi-task queries
can be better initialized from the integrated feature.
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BEV-based Multi-task Query Initialization
Query initialization is vital for query-based networks to
achieve satisfactory performance. Our experiments show
that randomly initialized queries do not carry explicit se-
mantic features and lead to inferior performance. To this
end, we propose query initialization strategies based on mul-
timodal BEV features to take advantage of the semantic and
location information encoded in the BEV feature map.
Occupancy query initialization. We generate a 3D voxel
feature space of dimensions (H × W × Z). Each voxel
in this space serves as a query, amounting to a total of
H × W × Z C-dimensional occupancy queries. We em-
ploy a Multi-Layer Perceptron (MLP) to encode 3D posi-
tions into their corresponding C-dimensional position em-
beddings. Given that most 3D occupancy queries are un-
occupied, we utilize LiDAR point location information to
categorize 3D occupancy queries into two groups: definitely
occupied (with LiDAR points in the voxel) and uncertainly
occupied (without LiDAR points in the voxel). Then dif-
ferent initialization strategies are adopted for them. Specif-
ically, we project the 2D BEV feature to their correspond-
ing 3D positions as the initial feature of the definitely occu-
pied queries. Note that queries at the same 2D position but
of varying heights share the same BEV-feature queries but
with different positional embeddings. On the other hand, for
uncertainly occupied queries, a shared and learnable embed-
ding is employed as their initial feature. At last, we add the
queries’ initial features and positional embedding to obtain
the final initialized occupancy queries.
Detection and segmentation query initialization. We
choose corresponding features from the integrated mul-
timodal BEV feature map, which are added with posi-
tional embeddings, as the initial queries for the detection
and segmentation tasks. Such queries are naturally better
aligned with the BEV feature map and would be later used
in the decoder’s cross-attention blocks to perform task-
specific transformations. To select better locations to gen-
erate queries from the BEV feature map, we employ a
unified segmentation approach to predict confidence maps
for both object centers and map segmentation. Specifically,
we first randomly initialize 16 category embeddings, in-
cluding 10 detection categories and 6 segmentation cate-
gories, and then construct a detection embedding map and
a segmentation embedding map. Subsequently, following
Mask2Former (Cheng et al. 2021), we apply the dot-product
between each category embedding and the corresponding
embedding map to obtain the confidence maps. With these
confidence maps, for the detection task, we employ nd BEV
features by selecting top-nd candidates from the H×W×10
confidence space as detection queries. For the segmentation
task, considering the distribution of LiDAR points varies
significantly along the forward direction of the vehicle, we
introduce a distance-based segmentation query initializa-
tion strategy. Specifically, we partition the confidence map
evenly into S blocks (corresponding to different distance
ranges) along the forward direction of the vehicle. Within
each block, for each segmentation class, the BEV feature
with the highest confidence is selected as the query, result-
ing in a total of ns = S × 6 segmentation queries. To this

DSA
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Figure 2: The detailed architectures of our transformer-
based and mamba-based decoder layer with the task-
oriented channel scaling module. DSA, DCA and VSS2D
denote deformable self-attention, cross-attention and the
VSS2D block from Vmamba (Liu et al. 2024).

end, queries of different blocks are tasked with segmenting
the map within its corresponding distance range.

Decoder with Task-oriented Channel Scaling
Following query initialization, the decoder iteratively up-
dates the multi-task queries and BEV features in a layer-by-
layer manner. Notably, only the definitely occupied occu-
pancy queries, detection queries, and segmentation queries
are input into the decoder. The uncertainly occupied occu-
pancy queries subsequently interact with the definitely oc-
cupied occupancy queries via attention in the occupancy
prediction head, jointly predicting the dense 3D occupancy
volume. Our decoder supports both transformer-based and
mamba-based attention mechanisms for multi-task learning.
Transformer-based Decoder. As shown in Fig. 2 (a), in
each layer of the transformer-based decoder, we utilize the
deformable self-attention layer (Zhu et al. 2020) to propa-
gate information between all features in the BEV space, so
that each BEV feature can obtain long-range semantic rela-
tions in the whole context. After the updating of the BEV
features, task-specific queries can aggregate richer informa-
tion from the BEV space through a cross-attention layer.
However, conflicts are inevitable when queries attempt to
aggregate task-specific information from the shared BEV.
To this end, we introduce a Task-specific Channel Scaling
(TCS) operation to obtain task-specific BEV features.
Task-oriented Channel Scaling. We propose the Task-
oriented Channel Scaling (TCS) mechanism to perform
channel scaling of the shared BEV features so that task-
specific queries can selectively gather different information
to alleviate conflicts between multiple tasks. Specifically,
taking the BEV feature Fbev derived from an FFN mod-
ule as input, we employ n separate Linear layers followed
by an activation function to obtain n task-specific embed-
dings, where n is the number of tasks and is 3 in our exper-
iments. Then, these embeddings are forwarded into n dif-
ferent linear layers to obtain n task-specific channel scaling
weights W i ∈ RH×W×C , where i = 1, . . . , n. Multiplying
the shared BEV features by these scaling weights:

F i
bev = W i · Fbev, for i = 1, . . . , n. (2)
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Subsequently, task-specific queries can perform cross-
attention from corresponding tasks’ F i

bev .
Mamba-based Decoder. The Mamba (Gu and Dao 2023)
network introduces State Space Models (SSMs) to man-
age attention computations with linear complexity, cap-
turing long-range dependencies while preserving compu-
tational efficiency. We adopt the design of Vmamba (Liu
et al. 2024) to scan each BEV feature from different di-
rections. For each BEV location, we scan information from
its surrounding positions in four different directions: top,
bottom, left, and right. Subsequently, we merge the fea-
tures scanned from these directions to update the current
position’s feature. Utilizing the scan and merge operation,
the Vision Selective Scan 2D (VSS2D) block, proposed in
Vmamba, can perform spatial information propagation in
BEV features, Fmbev = VSS2D(Fbev). Then, similar to
the transformer-based decoder, we use TCS operation to ob-
tain the task-specific BEV feature F i

mbev . Then multi-task
queries can interact with F i

mbev to update their features, as
shown in Fig. 2 (b). Specifically, we adopt the index oper-
ation to obtain BEV features from the corresponding posi-
tions of different queries to update their feature, expressed
as qi = qi + Index(F i

mbev), where qi means task-specific
queries and i ∈ {1, · · · , n}. After updating queries and BEV
features within one layer, we stack several layers to gradu-
ally complete multi-task learning for both transformer-based
and mamba-based decoders.

Multi-task Heads and Losses
For the detection task, we use the center-based head (Bai
et al. 2022a) and the detection loss is composed of the clas-
sification loss Lcls and the regression loss Lreg ,denoted as
Ldet = λ1 · Lcls + λ2 · Lreg , where λ1, λ2 denote hyper-
parameters. For the segmentation task, the same operation
for the map segmentation confidence prediction is adopted.
We utilize the segmentation-specific BEV feature F i

bev from
the last decoder layer as the embedding and we dot-product
this embedding with segmentation queries, obtaining map
segmentation results. Following BEVFusion, we use the
standard focal loss (Lin et al. 2017) as segmentation loss,
denoted as Lseg. For the 3D occupancy prediction task, we
first merge the updated definitely occupied queries with un-
certainly occupied queries to derive the initial voxel features
F3D ∈ RH×W×Z×C to obtain dense 3D voxel features.
Subsequently, we employ a transformer or mamba block
to refine the voxel features. After obtaining refined voxel
features, we upsample it and project it to the output space
to get the final results (the same shape with ground truth)
O ∈ RH

′
×W

′
×Z

′
×(M+1), where M + 1 denotes M seman-

tic classes and one empty class. We follow the loss setting
in OpenOccupancy (Wang et al. 2023), denoted as Locc. The
total loss is formulated as: L = λdet · Ldet + λseg · Lseg +
λocc · Locc, where λdet, λseg, λocc denote hyper-parameters.

Experiments
Dataset and Implementation Details
Dataset. For detection and segmentation, we evaluate
M3Net with the nuScenes (Caesar et al. 2020) dataset, a

large-scale multimodal dataset designed for 3D detection
and map segmentation. It encompasses data from various
sensors, including 6 cameras, one LiDAR, and five radars.
We resize the input views to 256 × 704 resolution and vox-
elize the point cloud to 0.075m for detection, occupancy
prediction, and segmentation tasks. For 3D detection eval-
uation, we employ the standard nuScenes Detection Score
(NDS) and mean Average Precision (mAP). Additionally,
for BEV map segmentation evaluation, we utilize the Mean
Intersection over Union (mIoU) metric across all six cat-
egories, following the setting of BEVFusion (Liu et al.
2023b). For occupancy prediction, we evaluate M3Net on
OpenOccupancy (Wang et al. 2023) dataset. The dataset
conducts occupancy annotation on the observed scene using
multimodal input from the nuScenes dataset.
Implementation Details. The implementation of M3Net is
built upon the OpenPCDet framework (Team et al. 2020).
For optimization, M3Net employs the AdamW (Loshchilov
and Hutter 2017) optimizer and cycle learning rate (lr)
schedule with max lr setting to 0.0008. To save training
resources, we initially train the detection and segmenta-
tion tasks for 12 epochs with CBGS sampling (Zhu et al.
2019) and then integrate the occupancy prediction task for
the next 15 epochs’ joint training without CBGS sampling.
For hyper-parameters, We use nd = 200 detection queries,
ns = 30 segmentation queries, and 180×180×5 occupancy
prediction queries. The channel of all queries is 256. We set
the number of decoder layers to 6 and the shape of the BEV
feature is 180×180×256. The proposed transformer-based
and mamba-based M3Net share the same training setting.
Performance for Detection and Segmentation
Table 1 shows the detection and segmentation results of
state-of-the-art methods on nuscenes datasets. We present
the performances of M3Net based on both transformer and
mamba decoders. For transformer-based M3Net, it shows
consistency performance enhancements across detection
and segmentation tasks, compared to independently trained
BEVFusion (Liu et al. 2023b), achieving improvements of
0.5%, 1.0%, and 7.7% in mAP, NDS, and IoU, respec-
tively, which demonstrates that M3Net better utilizes the
information of BEV features. Meanwhile, compared with
BEVFusion-MTL (Liu et al. 2023b), with two separate
BEV encoders, named BEVFusion-MTL (sep), M3Net sig-
nificantly exceed it by 3.2%, 2.6%, and 11.9% in mAP, NDS,
and IoU, proving the effectiveness of our multi-task learn-
ing strategy. Moreover, the substantial enhancement in seg-
mentation tasks further demonstrates the effectiveness of our
strategy in unifying detection and segmentation tasks into
query representation, contrasting with BEVFusion’s strategy
that adopts separate query-based detection and convolution-
based segmentation heads. When compared to the state-
of-the-art multi-task learning method MetaBEV (Ge et al.
2023), which also uses the backbone of BEVFusion, our ap-
proach surpasses its shared encoder version by 3.4%, 2.9%,
and 3.1% in mAP, NDS, and IoU metrics, respectively. Fur-
thermore, even when compared to the separate encoder ver-
sion, our method still outperforms it by 3.6%, 2.6%, and
3.5% in mAP, NDS and IoU metrics. These results demon-
strate the effectiveness of our MAFI module in better inte-
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Methods Modality MTL mAP(val) NDS(val) Drivable Ped.Cross Walkway Stop Line Carpark Divider Mean

M2BEV(Xie et al. 2022) C ✗ 41.7 47.0 77.2 - - - - 40.5 -
BEVFormer(Li et al. 2022b) C ✗ 41.6 51.7 80.1 - - - - 25.7 -
BEVFusion(Liu et al. 2023b) C ✗ 35.6 41.2 81.7 54.8 58.4 47.4 50.7 46.4 56.6
X-Align(Borse et al. 2023) C ✗ - - 82.4 55.6 59.3 49.6 53.8 47.4 58.0

PointPillars(Lang et al. 2019) L ✗ 52.3 61.3 72.0 43.1 53.1 29.7 27.7 37.5 43.8
CenterPoint(Yin, Zhou, and Krahenbuhl 2021) L ✗ 59.6 66.8 75.6 48.4 57.5 36.5 31.7 41.9 48.6
BEVFusion(Liu et al. 2023b) L ✗ 64.7 69.3 75.6 48.4 57.5 36.4 31.7 41.9 48.6

PointPainting(Vora et al. 2020) L+C ✗ 65.8 69.6 75.9 48.5 57.1 36.9 34.5 41.9 49.1
MVP(Yin, Zhou, and Krähenbühl 2021) L+C ✗ 66.1 70.0 76.1 48.7 57.0 36.9 33.0 42.2 49.0
TransFusion(Bai et al. 2022b) L+C ✗ 67.3 71.2 - - - - - - -
FULLER (Huang et al. 2023c) L+C ✗ 67.6 71.3 - - - - - - 62.3
BEVFusion(Liu et al. 2023b) L+C ✗ 68.5 71.4 85.5 60.5 67.6 52.0 57.0 53.7 62.7
X-Align(Borse et al. 2023) L+C ✗ - - 86.8 65.2 70.0 58.3 57.1 58.2 65.7

FULLER (Huang et al. 2023c) L+C ✓ 60.5 65.3 - - - - - - 58.4
BEVFusion-MTL(Liu et al. 2023b) (share) L+C ✓ - 69.7 - - - - - - 54.0
BEVFusion-MTL(Liu et al. 2023b) (sep) L+C ✓ 65.8 69.8 83.9 55.7 63.8 43.4 54.8 49.6 58.5
MetaBEV (Ge et al. 2023)(share) L+C ✓ 65.6 69.5 88.7 64.8 71.5 56.1 58.7 58.1 66.3
MetaBEV (Ge et al. 2023) (sep) L+C ✓ 65.4 69.8 88.5 64.9 71.8 56.7 61.1 58.2 66.9
M3Net (mamba) L+C ✓ 68.5 71.8 90.6 69.1 75.8 62.5 65.3 61.7 70.8
M3Net (transformer) L+C ✓ 69.0 72.4 90.3 69.6 75.8 63.4 62.3 61.1 70.4

Table 1: Performance comparisons on nuScenes val set. “share” means multi-task heads share one BEV encoder and “sep”
means task heads have separate encoders. M3Net is built upon the backbone of of BEVFusion.
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MonoScene (Cao and de Charette 2022) ✗ C ✗ 6.9 7.1 3.9 9.3 7.2 5.6 3.0 5.9 4.4 4.9 4.2 14.9 6.3 7.9 7.4 10.0 7.6
TPVFormer (Huang et al. 2023b) ✗ C ✓ 7.8 9.3 4.1 11.3 10.1 5.2 4.3 5.9 5.3 6.8 6.5 13.6 9.0 8.3 8.0 9.2 8.2
AICNet (Li et al. 2020) ✗ C&D ✗ 10.6 11.5 4.0 11.8 12.3 5.1 3.8 6.2 6.0 8.2 7.5 24.1 13.0 12.8 11.5 11.6 20.2
3DSketch (Chen et al. 2020) ✗ C&D ✗ 10.7 12.0 5.1 10.7 12.4 6.5 4.0 5.0 6.3 8.0 7.2 21.8 14.8 13.0 11.8 12.0 21.2
LMSCNet (Roldao, de Charette, and Verroust-Blondet 2020) ✗ L ✓ 11.5 12.4 4.2 12.8 12.1 6.2 4.7 6.2 6.3 8.8 7.2 24.2 12.3 16.6 14.1 13.9 22.2
JS3C-Net (Yan et al. 2021) ✗ L ✓ 12.5 14.2 3.4 13.6 12.0 7.2 4.3 7.3 6.8 9.2 9.1 27.9 15.3 14.9 16.2 14.0 24.9
CONet (Wang et al. 2023) (LR) ✗ C&L ✓ 15.1 14.3 12.0 15.2 14.9 13.7 15.0 13.1 9.0 10.0 14.5 23.2 17.5 16.1 17.2 15.3 19.5
CONet (Wang et al. 2023) (HR) ✗ C&L ✓ 20.1 23.3 13.3 21.2 24.3 15.3 15.9 18.0 13.3 15.3 20.7 33.2 21.0 22.5 21.5 19.6 23.2

M3Net (transformer) ✓ C&L ✓ 23.3 27.5 19.3 23.6 27.0 15.5 28.5 34.1 19.1 17.7 23.0 27.8 16.1 22.0 21.0 24.1 26.5
M3Net (mamba) ✓ C&L ✓ 24.1 28.7 20.1 23.1 27.3 15.1 28.6 34.6 20.5 18.0 23.0 28.3 21.7 22.5 22.0 24.7 27.2

Table 2: Performance comparison on nuScenes-Occupancy val set. The C,D,L denotes camera, depth, LiDAR and MTL
means Multi-Task Learning. LR means low resolution feature and HR denotes high resolution feature.

grating multimodal features and our TCS operation in mit-
igating conflicts of multi-task learning, outperforming the
MoE strategy utilized by MetaBEV.

For mamba-based M3Net, it shows similar performance
to our transformer model and surpasses the MetaBEV (sep),
by 3.1%, 2.0%, and 3.9% in terms of mAP, NDS, and IoU,
demonstrating the flexibility of M3Net to different attention
mechanisms. Meanwhile, the mamba model has fewer pa-
rameters than the transformer-based one by removing FFN.
Performance for 3D Occupancy Prediction
Table 2 shows the results of 3D occupancy prediction
of different methods on the nuScenes-based OpenOccu-
pany (Wang et al. 2023) dataset. Our transformer-based and
mamba-based M3Net significantly surpass the state-of-the-
art method CONet (HR) by 3.2% and 4.0% respectively in
terms of mIoU. Thanks to the joint training with the detec-
tion task, M3Net has achieved great improvements in occu-
pancy prediction of foreground objects, especially small ob-
jects. For example, mamba-based M3Net significantly sur-
passes CONet (HR) by about 12% and 16% on motorcy-
cle and pedestrian, respectively, proving the superiority of
multi-task learning. On the other hand, the resolution of our
adopted 3D feature space is much lower than that of CONet
(HR), which utilizes the resolution of 512 × 512 × 40 (the

same as ground truth’s resolution). However, M3Net works
on a 3D feature space of resolution 180 × 180 × 5, and ob-
tains the 512× 512× 40 prediction results via up-sampling,
which greatly reduces the computational load.

Ablation Studies
We conduct ablation studies to verify the effectiveness of
each component of M3Net. To save the training cost, we ini-
tially train M3Net for 6 epochs for detection and segmenta-
tion, and then add the occupancy prediction task to jointly
fine-tune the three tasks for another 10 epochs. All experi-
ment results are trained on the transformer-based M3Net.
Multi-task model vs. single-task models. As shown in
the 3rd to 5th rows of Table 3, we independently train the
M3Net-based single-task models using the same training
epochs of multi-task learning. Then we train M3Net with-
out our proposed TCS module and MAFI module but with
our proposed multi-task query initialization, named M3Net
multi-query, to perform multi-task learning, as shown in the
6th row in Table 3. Without TCS and MAFI modules, al-
though different tasks are assigned to task-specific queries,
conflicts between tasks still exist on the shared BEV fea-
tures, resulting in the detection and segmentation tasks per-
formance loss of 0.8%, 0.6% (total 1.4%) in terms of NDS
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Method Det Seg Occ △ MTL
NDS IoU mIoU

BEVFusion detection-only 71.4 * * *
BEVFusion segmentation-only 62.7 * *
M3Net detection-only 72.0 * * *
M3Net segmentation-only * 66.3 * *
M3Net occupancy-only * * 15.7 *
M3Net multi-query 71.2 65.7 21.7 +4.6
M3Net multi-query + MAFI 71.5 66.3 22.1 +5.9
M3Net multi-query + MAFI + TCS 72.2 66.7 22.4 +7.3

Table 3: Performances of M3Net based single-task models
and different multi-task learning methods. △ MTL repre-
sents the sum of the improvements of the proposed method
over the independently trained single-task models.

Query No. Layout IoU
6 1× 6 65.6

30 5× 6 66.3
60 10× 6 66.4

Table 4: Performance com-
parison of different segmen-
tation query init. strategies.

Method FFN Para.(M)
Tr. Dec ✓ 18.9
Ma. Dec ✗ 9.0

Table 5: Comparison of pa-
rameters for different atten-
tion mechanisms in decoder.

and IoU. However, this performance loss is much lower than
that of BEVFusion, where NDS and IoU decrease by 0.7%
and 8.7% (total 9.4%) respectively. On the other hand, our
M3Net multi-query baseline still achieves comparable de-
tection performance and higher segmentation performance
than independently trained BEVFusion, demonstrating the
effectiveness of our proposed approach of tackling multiple
tasks simultaneously with task-specific query-token interac-
tion in a unified model. For the occupancy, there is a notable
improvement of 6% on mIoU to single-task model because
the occupancy queries can leverage shared knowledge.
Effects of the modality-adaptive feature integration. The
7th row (M3Net multi-query + MAFI) of Table 3, shows the
effects of the MAFI module. The MAFI module brings im-
provements of 0.3%, 0.6%, and 0.4% in terms of NDS, IoU,
and mIoU, respectively, to the multi-query baseline and a
total performance improvement △ MTL of 5.9% for single-
task models. Allowing single-modality features to predict
channel-wise gating weights for their proficient tasks, the
MAFI module better preserves the features that are benefi-
cial to different single tasks during feature integration. As a
result, the 3D occupancy prediction task also benefits from
better-integrated BEV features.
Effects of the task-oriented channel scaling. The results
in Table 3 demonstrate the TCS module’s efficacy in miti-
gating multi-task learning conflicts. Building upon MAFI’s
multimodal feature integration, TCS further elevates perfor-
mance by 7.3% (△ MTL) compared to single-task models.
Specifically, TCS improves NDS by 0.7% in detection, IoU
by 0.4% in segmentation, and mIoU by 0.3% in occupancy
prediction relative to the MAFI baseline. Notably, these met-
rics surpass their single-task counterparts, with occupancy
prediction showing a substantial 6.7% mIoU gain. These im-
provements validate TCS’s effectiveness.
Effects of the segmentation query initialization. Table 4
evaluates our distance-based query initialization strategy
for segmentation. The query layout is represented as (M,

N), where M denotes the number of map blocks and N
indicates the class count. The 6-query configuration as-
signs one query per category for global (100m×100m) seg-
mentation. The 30-query setting divides the range into 5
blocks, with 6 queries per (20m×100m) block. Results show
that the 6-query configuration underperforms due to limited
global semantic representation capacity. The 30-query set-
ting improves performance by 0.7%, validating our distance-
based initialization approach. The marginal 0.1% gain from
60 queries leads us to adopt 30 queries as the optimal
parameter-performance trade-off.
Effects of the segmentation query initialization. Analy-
sis of transformer-based and mamba-based decoders. We
present the parameter amount of transformer-based (Tr. Dec)
and mamba-based (Ma. Dec) decoder of M3Net in Table 5.
The mamba decoder exhibits significantly fewer parameters
compared to the deformable transformer attention, primarily
due to its independence from FFN. Meanwhile, our mamba-
based M3Net achieves comparable performance to the trans-
former for detection task and obtains better results for map
segmentation and occupancy prediction tasks, demonstrat-
ing the potential of using a mamba decoder in addressing
perception tasks for autonomous driving.

Conclusion

In this work, we propose a multi-modal and multi-task net-
work M3Net, which unifies different tasks into a query-
token interaction manner and can tackle 3D objection, map
segmentation, and 3D occupancy prediction simultaneously.
We first propose a modality-adaptive feature integration
module to better combine the advantages of single-modal
features and obtain the modality-adapted multi-modal BEV
feature. Based on the integrated BEV feature, we propose a
BEV-based task-specific query initialization strategy to ac-
commodate the representation disparities for different tasks.
With the initialized queries, we adopt a shared decoder to up-
date queries, facilitating multi-task learning. Furthermore, a
task-oriented channel scaling module is proposed to tackle
the conflicts among tasks. The experiments on nuScenes
datasets demonstrate that our approach effectively integrates
the features of the two modalities and alleviates the conflicts
of different tasks, outperforming state-of-the-art multi-task
learning methods with remarkable margins.
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