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Abstract— The effective reasoning of integrated multimodal
perception information is crucial for achieving enhanced end-
to-end autonomous driving performance. In this paper, we
introduce a novel multitask imitation learning framework for
end-to-end autonomous driving that leverages a dual atten-
tion transformer (DualAT) to enhance the multimodal fusion
and waypoint prediction processes. A self-attention mechanism
captures global context information and models the long-term
temporal dependencies of waypoints for multiple time steps.
On the other hand, a cross-attention mechanism implicitly as-
sociates the latent feature representations derived from different
modalities through a learnable geometrically linked positional
embedding. Specifically, the DualAT excels at processing and
fusing information from multiple camera views and LiDAR
sensors, enabling comprehensive scene understanding for mul-
titask learning. Furthermore, the DualAT introduces a novel
waypoint prediction architecture that combines the tempo-
ral relationships between waypoints with the spatial features
extracted from sensor inputs. We evaluate our approach on
both the Town05 and Longest6 benchmarks using the closed-
loop CARLA urban driving simulator and provide extensive
ablation studies. The experimental results demonstrate that our
approach significantly outperforms the state-of-the-art methods.

I. INTRODUCTION

The end-to-end autonomous driving paradigm [1]–[4] has
recently garnered significant attention due to its capacity
to collectively optimize perception, prediction, and planning
tasks, substantially reducing the amount of required comput-
ing resources. Camera-LiDAR fusion technology can yield
more comprehensive and robust perception information for
autonomous vehicles, enhancing the subsequent prediction
and planning tasks. Many previously developed approaches
[5]–[7] achieve feature alignment through the transformation
of geometric projections between the image space and the
LiDAR projection space, such as bird’s-eye-view (BEV).
The geometric projection establishes a hard one-to-one as-
sociation between sparse point clouds and dense image
pixels, which not only leads to the loss of numerous image
features but also heavily depends on high-quality calibra-
tion between the two sensors. However, achieving accurate
calibration is often challenging due to the inherent spatial-
temporal misalignment problem [8]. Furthermore, CNN-
based methods are limited to aggregating the multimodal
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Fig. 1: The agent needs to obtain multimodal global per-
ception information to effectively handle complex traffic
scenarios. Our DualAT can integrate the capture of global
context information and the fusion of LiDAR and multiview
camera data, providing comprehensive and robust perception
information for safe navigation.

features contained within a local neighborhood [9]. However,
in complex traffic scenarios, the ego agent must be capable
of attending to multiple regions, such as traffic lights above
and other dynamic agents ahead. Attention mechanisms [10]
are naturally suitable for global context reasoning. In this
paper, we introduce a dual attention transformer (DualAT)
to achieve enhanced agent perception. As shown in Fig. 1,
self-attention captures the global context, enabling agents to
process various informational elements in complex traffic
scenarios, such as intersections with traffic lights. Further-
more, cross-attention merges the features derived from two
distinct modalities in the BEV space by establishing a soft
association using a learnable geometrically linked positional
embedding. This innovative approach effectively addresses
the misalignment issue stemming from the hard associations
formed by sensor calibration.

In end-to-end autonomous driving cases [4], [9], [11],
[12], a common waypoint prediction method involves using
a gated recurrent unit (GRU) [13] network to predict a
series of waypoints. The network is initialized with a low-
dimensional feature, which is obtained by extracting the
sensor input through a backbone network. However, this
approach may result in the loss of perception information
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related to small objects, such as pedestrians and bicycles.
In this paper, we propose a novel waypoint prediction
architecture based on a transformer model. Unlike previously
developed autoregressive waypoint prediction frameworks
based on GRUs, our model generates all future waypoints
in parallel by utilizing masked self-attention to model the
long-term temporal dependencies of waypoints. Additionally,
cross-attention is utilized to query perception features that are
more pertinent to waypoint prediction, which can produce
intermediate attention maps that aid in interpreting how
planning decisions are generated. Note that we perform
cross-attention calculations on the high-resolution perception
features obtained by deconvolution layers, these calculations
do not impose a computational resource burden since way-
point queries are small and fixed, and the computational com-
plexity of attention scales linearly with the feature resolution.
The contributions of this paper are summarized as follows.

• We propose a DualAT sensor fusion network, where
a cross-attention mechanism learns to map features
from multiple camera views to the BEV, employing
a learnable geometrically linked positional embedding.
Additionally, a self-attention mechanism captures the
global context of multimodal features.

• We propose a novel DualAT-based waypoint predic-
tion network, which combines temporal relationships
between waypoints with spatial features extracted from
sensor input. Furthermore, we visualize the intermediate
attention map of DualAT to improve the interpretability
of end-to-end predictions.

• We demonstrate the state-of-the-art performance of our
approach on the Longest6 and Town05 benchmarks
and provide extensive ablation studies to verify the
effectiveness of the proposed modules.

II. RELATED WORKS

A. End-to-End Autonomous Driving

In end-to-end autonomous driving, there are generally two
forms of learning driving policies: direct control actions and
trajectories/waypoints. CIL [14] and CILRS [15] utilize dis-
tinct action prediction branches based on various high-level
commands to accomplish navigation tasks in urban envi-
ronments. LBC [16] employs knowledge distillation to train
sensor agents that are capable of imitating the driving actions
of privileged information agents. The advantage of waypoint-
based prediction lies in its consideration of relatively long
time horizons in the future, which can effectively reduce the
risk of collisions. Transfuser [9] employs a GRU network
to autoregressively generate a series of waypoints, and this
method has gained popularity in the waypoint prediction
domain. TCP [17] utilizes a dual-branch GRU network that
not only predicts waypoints but also employs them to guide
action predictions across multiple time steps. Interfuser [12]
integrates a transformer module before the GRU to avoid the
loss of perception feature space information caused by the
pooling operation.

B. Sensor Fusion for Autonomous Driving

Deepfusion [18] employs cross-attention to match mul-
tiple image pixels with a LiDAR voxel and merge their
features. Transfusion [19] conducts cross-attention at the
object level to combine corresponding image features for
objects predicted in BEV. GuideFormer [20] has developed
two SwinT [21] architecture branches, employing a cross-
attention mechanism within a local window to guide the
completion of sparse depth images using complementary
semantic information derived from RGB images. LAV [4]
uses pointpainting [22] to incorporate the RGB features
from the image into the original point cloud. Transfuser [9],
[11] employs a CNN-transformer architecture to integrate
multimodal features at multiple scales. Similar to DETR [23],
Interfuser [12] implements a transformer-based encoder-
decoder architecture to handle multiview camera and LiDAR
features. ThinkTwice [24] employs LSS [25] to transform 2D
images into BEV space and concatenate them with LiDAR
BEV features.

C. Multitask Learning

Supervising a model with additional tasks can enhance its
learning ability and accelerate its training process by lever-
aging shared features. MT-CILRS [26] extends the CILRS
framework by incorporating an independent convolutional
block attention module(CBAM) [27] for each vision task.
NEAT [28] obtains a BEV representation for joint trajectory
planning and BEV semantic prediction by iterating the
intermediate attention map multiple times. LP2 [29] applies
a joint design philosophy to the tasks of localization, per-
ception, and prediction to alleviate the effects of localization
errors. TransMEF [30] employs a transformer-based frame-
work for multiexposure image fusion, completing three self-
supervised reconstruction tasks through multitask learning.
BEVFusion [31] is a versatile framework for multitask and
multisensor perception that fuses multiview cameras and
LiDAR sensors in a shared BEV space, enabling multitask
3D perception.

III. METHOD

The overall architecture of our method is shown in Fig.
2. In this section, we provide overviews of its two im-
portant components: the multimodal fusion-based masked
transformer and the multitask learning module.

A. Multimodal Fusion-Based Masked Transformer

Given a set of n = 3 monocular views (Ik,Kk, Rk, tk)
n
k=1

consisting of an input image Ik ∈ RH×W×3, intrinsic camera
rotation Kk ∈ R3×3, extrinsic rotation Rk ∈ R3×3, and an
offset tk ∈ R3 between the origins of the camera and ego-
vehicle coordinate systems. In addition, FI ∈ RNI×C and
FB ∈ RNB×C refer to the flattened image and BEV feature.

1) BEV masks: The BEV grid involves the combined
FOVs of multiple cameras. We intend to split the BEV grid
into different views based on the BEV masks, each of which
corresponds to the FOV of a single camera. A perspective
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Fig. 2: The overall architecture of the DualAT. For the image branch, we utilize three cameras (left, front, and right),
with each camera possessing an input image resolution of 224×300 and a receptive field of 60◦. This configuration provides
a total coverage of 180◦. In the LiDAR branch, we transform the acquired LiDAR point cloud data into a histogram on a
2-dimensional 192×192 BEV grid. This grid provides a resolution of 4 pixels/m, which is equivalent to 48 m in front of
the ego vehicle and 24 m on each side. We employ a pretrained ResNet-34 [32] for the image encoder and ResNet-18 for
the BEV encoder. Both decoders consist of 5 deconvolutional layers with 2x upsampling operations. Note that we utilize
the features following the second deconvolutional layer as the inputs of the waypoint prediction network.

transformation from the ego-vehicle coordinate to the image
coordinate can be described as follows:

dcP
(I) = KkRk(P

(E) − tk), (1)

where P (E) = (x, y, z) represents any ego-vehicle coordi-
nate. P (I) = (ui, vi, 1), and dc represents the depth value of
each image pixel (ui, vi) in the camera coordinate system.
Denote P (B) = (ub, vb, z) as the BEV coordinate system,
which represents the location of the BEV grid. z represents
the height value of each BEV pixel (ub, vb), which can be
considered a constant since we only consider the 2D BEV
grid and set z = 1 in this work. P (B) and P (E) can be
mutually transformed through simple rotation and translation
operations. A corresponding mask can be constructed for the
BEV grid based on the pixel range of each camera:

Mask(B)(ub, vb) =

{
1 ui ∈ Wk, vi ∈ Hk

0 other
, (2)

where Wk = [wmin
k , wmax

k ) and Hk = [hmin
k , hmax

k ) repre-
sent the width and height ranges of camera k, respectively.
We visualize the BEV masks as shown in the bottom-left
corner of Fig. 2. When sensor fusion is completed, the split
views are integrated back into a joint view.

2) Geometrically linked positional embeddings: The sig-
nificant discrepancy in feature distribution between the RGB
and 3D point cloud poses a challenge for the transformer
in accurately establishing correlations between these two

distinct modalities. In this work, we utilize learnable geo-
metrically linked positional embeddings to establish latent
spatial connections between the two modalities. In cross-
attention, we project the ego-vehicle coordinate onto the
image coordinate system, thus creating soft associations in
the perspective space between the features derived from
two modalities to guide attention learning. In self-attention,
to align with cross-attention, we reverse-project the image
coordinates into the ego-vehicle coordinate system, enabling
soft associations among the image features in the BEV
space. These two positional embeddings E(I) ∈ RNI×C ,
E(B) ∈ RNB×C are computed as follows:

E(I) = softmax(L(FI))⊙ L(R−1
k K−1

k dcP
(I) + tk), (3)

E(B) = softmax(L(FB))⊙L(KkRk(P
(E)−tk)/dc), (4)

where L(·) represents the linear projection operation. The
BEV space lacks the height dimension, while the perspective
space lacks the depth dimension. Inspired by [25], [33], we
lift both the Z-axis and D-axis to supplement the missing
dimensions. Finally, we integrate the features of the comple-
mentary dimensions through a weighted averaging operation.
Note that our model does not rely heavily on depth or height
estimation but provides additional information for attention
learning by encoding spatial relationships into positional
embeddings. The bottom-right corner of Fig. 2 illustrates the
calculation process of positional embeddings in detail.
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Fig. 3: Illustration of the waypoint prediction network.
We introduce a novel waypoint prediction network based on
a transformer. This network utilizes masked self-attention to
capture long-term temporal dependencies in trajectories and
employs cross-attention to fuse critical perception informa-
tion for guiding the waypoint generation process.

3) DualAT sensor fusion: We fuse multimodal features
using a cross-attention mechanism and capture the global
context using a self-attention mechanism. We operate on
grid-structured intermediate feature maps. Specifically, we
transform a feature sequence F ∈ (FI ,FB) into the query,
key, and value matrices using linear projections as follows:

Q = FMq +E, K = FMk +E, V = FMv, (5)

where Mq,Mk,Mv ∈ RC×C are projection matrices, and
E ∈ (E(I),E(B)) is the positional embedding that was
discussed in Sec. III-A.2. The self-attention is computed as
follows:

S-Attn(Q,K,V) = softmax(
QKT

√
C

)V (6)

For self-attention, the queries, keys, and values (Q,K,V)
are calculated only within a single modality, while cross-
attention is computed between two modalities. The cross-
attention between these modalities is computed as follows:

C-AttnI→B(QB ,KI ,VI) = softmax(
QBK

T
I√

C
)VI (7)

The cross-attention mechanism attends to VI by considering
the cross-modal similarity between QB and KI . Our learning

model can easily identify this similarity because we combine
BEV masks and geometrically linked positional embeddings
as auxiliary information for the attention computation. Fi-
nally, by adding the image features VI to the BEV features
FB through cross-modal dependencies, the LiDAR branch
integrates both geometric and RGB semantic information.
Note that the fusion module is applied at each ResNet layer,
resulting in multimodal fusions at four different resolutions.

B. Multitask Learning

1) Waypoint prediction network: Fig. 3 shows the details
of our proposed waypoint prediction network. Given a series
of n waypoints W(in) = (w0, w1, w2, . . . , wn−2, wn−1), our
goal is to predict n waypoints in the future: W(out) =
(w1, w2, w3, . . . , wn−1, wn). Specifically, we use the previ-
ous waypoints to predict the next waypoint: w0 → w1, w1 →
w2, . . . , wn−2 → wn−1, wn−1 → wn. Note that w0 =
(0, 0) is fixed and represents the origin of the ego-vehicle
coordinate system. The learning model must account for
the correlations among waypoints. We use a self-attention
mechanism to model these long-term temporal dependencies.
Moreover, we use a Mask(W ) to prevent the model from
receiving ground-truth waypoints during the training phase.
The masked self-attention (MSA) is calculated as follows:

MSA(Q,K,V) = softmax(
QKT

√
C

+Mask(W ))V, (8)

Mask(W )(i, j) =

{
0 j ≤ i

−∞ j > i
, (9)

where Q,K,V ∈ Rn×C are the C-dimensional waypoints
embedding obtained by encoding the 2-dimensional way-
points using a shared MLP layer. Mask(W ) ∈ Rn×n ensures
that the tth waypoint can only calculate attention weights
with itself and the previous t − 1 waypoints (1, 2, ..., t −
1). Immediately afterward, all waypoint embeddings utilize
cross-attention(Eq. 7) to query their corresponding interme-
diate image and BEV features.

2) Semantic segmentation and BEV map: For semantic
segmentation, we consider seven classes: (1) unlabeled, (2)
vehicles, (3) roads, (4) red lights, (5) pedestrians, (6) lane
markings, and (7) sidewalk objects. For the BEV map, we
consider four classes: (1) unlabeled, (2) vehicles, (3) roads,
and (4) lane markings.

3) Loss function: We train the waypoint prediction net-
work using the L1 loss:

Lpt =

n∑
t=1

||wt −wgt
t ||1, (10)

where wgt
t represents the ground-truth waypoint for time

step t acquired from the expert. We utilize the cross-entropy
loss for semantic segmentation and the focal loss [38] for
BEV map prediction. We train the end-to-end network by
calculating the weighted average of all losses:

L = λptLpt + λSegLSeg + λMapLMap, (11)
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TABLE I: Performance on the Longest6 benchmark. * denotes the main metric, and ↑ means that higher values are
better. Expert denotes the distillation from privileged agents’ outputs or features. Seg and Depth denote the 2D semantic
segmentation and depth estimation. Box denotes the LiDAR 3D object detection.

Method Cameras LiDAR Auxiliary Losses Reference DS*↑ RC↑ IS↑

WOR [34] 1 ✗ Expert ICCV 2021 17.3± 3.0 43.5± 3.0 0.54± 0.06
NEAT [28] 1 ✗ Map ICCV 2021 24.1± 3.3 59.9± 0.5 0.49± 0.02
TCP [17] 1 ✗ Expert NeurIPS 2022 42.9± 0.6 61.8± 4.2 0.71± 0.04
LAV [4] 4 ✓ Expert+Seg+Map+Box CVPR 2022 48.4± 3.4 80.7± 0.8 0.60± 0.04

Transfuser [11] 3 ✓ Dep+Seg+Map+Box TPAMI 2022 47.3± 5.7 93.4±1.2 0.50± 0.06
InterFuser [12] 4 ✓ Map+Box CoRL 2022 47.0± 6.0 74.0± 1.0 0.63± 0.07

Perception PlanT [35] 3 ✓ Dep+Seg+Map+Box CoRL 2022 57.7± 5.0 88.2± 0.9 0.65± 0.06
CaT [36] 3 ✗ Expert+Map CVPR 2023 58.4± 2.2 78.8± 1.5 0.77±0.02

DualAT 3 ✓ Seg+Map Ours 67.2±2.3 89.5± 3.9 0.76± 0.05

TABLE II: Performance on the Town05 Long benchmark.

Method DS*↑ RC↑ IS↑

CILRS [15] 7.8± 0.3 10.3± 0.0 0.75± 0.05
LBC [16] 12.3± 2.0 31.9± 2.2 0.66± 0.02

Transfuser [11] 31.0± 3.6 47.5± 5.3 0.77 ±0.04
Roach [37] 41.6± 1.8 96.4 ±2.1 0.43± 0.03

LAV [4] 46.5± 2.3 69.8± 2.3 0.73± 0.02
TCP [17] 57.2± 1.5 80.4± 1.5 0.73± 0.02

InterFuser [12] 51.6± 3.4 88.9± 2.5 0.59± 0.05

DualAT (Ours) 60.7 ± 3.0 91.8± 3.6 0.66± 0.02

where λ is the weight of each task and is adjusted by
observing the validation errors of multiple experiments.

IV. EXPERIMENTS

A. Experimental Setup

1) Dataset: We implemented our approach using the
open-source CARLA simulator [39] (version 0.9.10.1),
which covers 8 towns and 21 different weather conditions.
We use an expert agent with access to privileged information
from the CARLA simulator to collect a dataset consisting
of 253K frames across all kinds of towns and weather
conditions, captured at a rate of 2 FPS.

2) Benchmark: To validate the ability of a sensor-only
agent (without HD maps) to effectively manage congested
traffic scenarios and extend its applicability to unseen towns,
we evaluate our approach using the Longest6 [11] and
Town05 Long [9] benchmarks. The Longest6 benchmark
contains 6 towns, each of which includes 6 routes, totaling 36
routes, with an average length of 1.7 km. The Town05 Long
benchmark consists of 10 long routes ranging from 1000 to
2000 m. On the Longest6 benchmark, we use all towns for
training. On the Town05 Long benchmark, we retain Town05
for evaluation purposes and use all other towns for training.

3) Metrics: Three official metrics from the CARLA
Leaderboard are used. Route completion (RC) denotes
the completed percentage of the total route distance. The
infraction score (IS) is the weighted route completion score,
which is computed by accounting for infractions made along
the route. The main metric is the driving score (DS), which
is calculated as the multiplication of the route completion
and infraction scores.

TABLE III: Ablation for the waypoint decoder. Veh
denotes collisions with vehicles, and Red denotes red light
infractions.

Waypoint decoder DS↑ RC↑ IS↑ Veh↓ Red↓

MLP+GRU 26.9 65.3 0.51 0.14 0.02
Transformer+GRU 30.3 78.4 0.50 0.13 0.02

DualAT head 43.7 69.8 0.68 0.04 0.01

B. Comparison with the State-of-the-Art Methods

The results are shown in Table I and Table II. On the
Longest6 benchmark, the DualAT achieves the highest RS
and ranks second in terms of the RC and IS metrics. This
indicates that the agent effectively handles nearly all driving
scenarios while maintaining a high infraction score (low
infraction rate), highlighting the robustness of our approach.
On the Town05 benchmark, the DualAT achieves the highest
RS and produces the second-best RC. These are similar to
the results obtained on the Longest6 benchmark. However,
the DualAT performs moderately well in terms of the IS
metric, which is attributed to the omission of stop signs
by our expert agent during the data collection process,
resulting in the models acquired through imitation learning
also disregarding stop signs and thus causing infractions by
directly crossing them. Moreover, some methods [4], [12],
[37] have stop signal training labels, so they perform a stop
operation on the controller when the agent detects a stop
signal. Compared with these methods, our approach have a
natural disadvantage, but we finally obtain the highest DS,
showing that our method performs better on other infractions.

C. Ablation Study

In this section, we conduct ablation studies on three
critical components, the waypoint decoder, attention block,
and multitask learning, using the Town05 Long benchmark.

1) Waypoint decoder: To demonstrate the effectiveness
of our waypoint decoder, we develop a basic perception
module: the sensor inputs undergo downsampling through a
ResNet-34 backbone. We consider the two other most preva-
lent waypoint decoder architectures, MLP+GRU and Trans-
former+GRU(InterFuser [12] head), alongside our newly
proposed DualAT. The results are presented in Table III.
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(a) Self-Attention (b) LiDAR-Camera Cross-Attention (c) Waypoint Attention for Multiple Time Steps

Fig. 4: Visualizations of the dual attention mechanism. The dual attention mechanism in the sensor fusion module is shown
in (a) and (b). Note that the yellow box is the query. The cross-attention in the waypoint decoder is shown in (c). Note that
the white point is the predicted waypoint, and the red point is the target point.

(a) Sensor Inputs (b) Auxiliary Task Prediction (c) Ground Truth

Fig. 5: Visualizations of the auxiliary tasks. We choose two cases to showcase the auxiliary task predictions produced in the
Longest6 (above) and Town05 (below) benchmark evaluations. Note that these static scenes are included in the Longest6
training set but are not included in Town05.

TABLE IV: Ablation for the attention block. Note that
self-attention is applied to a single modality, while cross-
attention achieves multimodal fusion.

Attention Block DS↑ RC↑ IS↑

No Attention 41.8 81.3 0.51

+ Self-Attention
(No sensor fusion)

Image-Only 44.6 94.4 0.49
Image&BEV 48.1 90.2 0.54

+ Cross-Attention
(With sensor fusion)

No Pos. Embd 50.6 91.8 0.56
Default Config 56.4 89.2 0.65

2) Attention block: The DualAT achieves camera-LiDAR
fusion by leveraging the transformer attention mechanism.
We separate the two types of attention and explore the
benefits that they contribute to the overall system. The results
are displayed in Table IV.

3) Auxiliary loss: We consider semantic segmentation and
BEV map as auxiliary tasks in this work. Table V shows the
impact of adding each auxiliary task on driving performance.

D. Visualization

Fig. 4 shows the attention maps in the sensor fusion
module and the waypoint decoder, allowing for a visual
observation of how the model jointly processes multisensor
information and utilizes key perception information to make

TABLE V: Ablation for the auxiliary loss.

Auxiliary Losses DS↑ RC↑ IS↑ Red↓

None 57.7 87.4 0.66 0.04

+ Semantics 59.3 89.6 0.66 0.02
+ BEV map 62.7 90.7 0.69 0.02

reasonable planning decisions. In Fig. 5, we visualize the
prediction results of the auxiliary tasks conducted on the
Longest6 and Town05 benchmarks, demonstrating that the
model can jointly optimize multiple tasks and achieve robust
performance.

V. CONCLUSION

In this paper, we introduce a dual-attention transformer for
end-to-end autonomous driving that is capable of efficiently
processing multisensor information to perform multitask
learning. Our method achieves state-of-the-art results on the
Longest6 and Town05 benchmarks. Predicting the future
motion of other agents is our future work, as this will
enable the ego agent to establish safety constraints and
make more interpretable end-to-end planning decisions. The
DualAT has already demonstrated its ability to predict object
occupancy levels using single-frame sensor inputs. With the
use of historical frames, we believe our model can accurately
estimate the future motion of all agents.
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