2026 IEEE International Conference on Robotics and Automation (ICRA 2026)

June 1-5, 2026. Vienna, Austria

Trailer-aware End-to-end Autonomous Driving for Tractor-Trailers
with Deep Reinforcement Learning

Congfei Li, Yang Li, Peigen Liu, Rongqi Gu, Zuolei Sun, and Yuxiang Sun

Abstract— End-to-end autonomous driving has been greatly
advanced in recent years. However, most of existing work
focuses on small vehicles (e.g., cars). Driving articulated trucks,
such as tractor-trailers, still remains less being explored.
The underactuated nature and extended wheelbase of tractor-
trailers pose considerable driving challenges, especially when
navigating narrow roads. For example, when a left-hand-drive
tractor-trailer makes a right turn on a two-way two-lane narrow
road, the tractor usually needs to encroach some spaces in
the opposing lane. Otherwise, the trailer may have insufficient
spaces to turn right and strike curbside objects. To provide
a solution to this problem, we employ deep reinforcement
learning to train an end-to-end autonomous driving policy
with a trailer-aware reward function. Through planar rigid-
body kinematics analysis, we locate the reference points on the
tractor and the trailer. We also build a tractor-trailer model
for CARLA. Experimental results demonstrate the effectiveness
and superiority of our method in CARLA.

I. INTRODUCTION

In recent years, end-to-end autonomous driving has at-
tracted great interest from both academia and industry [1]—
[11]. Many effective networks have been proposed. However,
most of them are designed for driving small vehicles (e.g,
cars). Driving articulated trucks, such as tractor-trailers, still
remains a challenge, especially at road intersections with
small turning radii. Different from driving small vehicles,
where the focus is mainly on aligning the vehicle with road
centerline, driving articulated trucks at interactions requires
careful consideration of the trailer. If the trailer’s behaviors
are neglected, the trailer may encroach into sidewalks or
collide with roadside infrastructure.

Fig. 1 shows the swept area depicted by the bicycle model
[12] for a tractor-trailer turning at an interaction. When the
tractor follows the blue centerline, the trailer encroaches into
the inner side of the interaction. Smaller turning radii could
further increase the risk of the trailer striking curbside ob-
jects. To ensure safety, dedicated road markings are usually
printed on roads to indicate dangerous areas. Fig. 2 shows
a typical scenario. We can see that a yellow area marked
with “DANGER ZONE” warns pedestrians not to stand in
this area. In addition, a no-stopping area with cross markings
(highlighted in red) is used to warn vehicles not to stop at this
area, because tractor-trailers may need larger turning radii
when turning right, and hence encroach into this area.
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Fig. 1.
turn. The tractor starts from the right side and turn right following the
road center line. The blue and red dashed lines represent the trajectory of
the tractor’s front axle center and the trajectory of the trailer’s rear axle,
respectively. The yellow solid lines represent road boundaries. The yellow
dashed lines represent guidance lines. The encroached area by the trailer is
highlighted by the green ellipse.

The envelopes of a tractor-trailer when the tractor makes a right

Fig. 3(a) and Fig. 3(b) show video snapshots capturing two
tractor-trailers with human drivers turning right in real-world
road intersections. Unlike small vehicles, the tractor refrains
from making a sharp turn upon entering the intersection
to avoid encroaching into the danger zone. Instead, the
tractor postpones the turning until the trailer’s rear wheels
have fully entered the interaction, thereby minimizing the
encroachment. During the final phase of the turning, the
tractor encroaches into the no-stopping area and straighten
its trajectory. The two examples illustrate that navigating
tractor-trailers requires not only avoiding collisions between
the trailer and the roadside, but also managing the often
unavoidable encroachment into the opposing lane during
right turns.

To provide a solution to this problem, in this paper, we
propose a trailer-aware reward function to train a autonomous
driving policy with deep reinforcement learning. The contri-
butions of this work are summarized as follows:

o We design a novel trailer-aware reward function that
enables a policy to safely navigate interactions.

o We investigate the influence of the reference points
placement on both the tractor and the trailer.

e We build a tractor-trailer vehicle model for CARLA
[13], and conduct closed-loop comparative experiments.
Our code and model are publicly available'.

nttps://github.com/lab-sun/Trailer—aware-AD
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Fig. 2. Typical road markings to ensure safe right turns for tractor-trailers.
The blue highlighted area indicates a dangerous zone, warning pedestrians
to avoid standing in this area. The red highlighted area indicates a no-
stopping zone, prohibiting vehicles from stopping in this area. It can be
observed that the stop line @ has been redrawn to @. This likely reflects a
response to increased traffic involving tractor-trailers, that is, their presence
may have been few initially, prompting a later revision of the stop line
to accommodate more frequent turnings of tractor-trailers. The photo was
captured in Shenzhen, China. Please zoom in for details.

(b) A bird-eye view of an articulated truck making a right turn.

Fig. 3. Video snapshots capturing two different tractor-trailers turning
right in two different real-world road intersections. The numbered snapshots
depict the turning sequence as follows: (1) the tractor enters the interaction;
(2) the trailer follows into the interaction; (3) the tractor-trailer reaches the
midpoint of the interaction; (4) the tractor begins to exit the interaction; (5)
the trailer initiates its exit; and (6) the whole tractor-trailer has fully cleared
the interaction.

II. RELATED WORK
A. End-to-end Autonomous Driving

There are mainly two training frameworks for end-to-
end autonomous driving: reinforcement learning (RL) [14]—
[18] and imitation learning (IL) [19]-[24]. Since this pa-
per employs reinforcement learning, we focus on methods
using reinforcement learning. Most of the existing end-to-
end methods are proposed for small vehicles. For example,
Coelho et al. [25]. integrated RL with IL through online
expert demonstrations, thereby improving data sample ef-
ficiency. Peng et al. [26]. further refined an IL-pretrained

policy using RL, effectively leveraging the data efficiency of
IL and the generalization capability of RL to enhance policy
reliability. Huang et al. [14]. incorporated a pre-trained
Vision-Language Model (VLM) as a reward function model,
circumventing the need for complex reward shaping. Liu et
al. [27]. designed a novel Transformer-based scene repre-
sentation learning framework that significantly enhanced the
performance of RL-based decision-making systems.

B. Autonomous Driving for Articulated Trucks

To achieve autonomous driving for articulated trucks,
existing methods could be generally divided into traditional
rule-based methods and deep learning-based methods. Many
research efforts has been devoted to the former, primarily
focusing on motion planning [28], [29] and trajectory opti-
mization [30]-[32]. These methods often rely on static maps
and incorporate collision avoidance constraints to ensure safe
navigation.

For deep learning-based methods, Zhang et al. [33]. pro-
posed a semi-supervised learning-based path planner that
minimizes the swept area while ensuring collision avoidance.
Wang er al. [34]. developed a decision making module
trained with Double Deep Q-Network (DDQN), which de-
termines whether to keep on the current lane or perform a
lane change based on the surrounding environment. Attard et
al. [35]. equipped an articulated truck with 29 range sensors
to perceive the surrounding environment. The trained policy
successfully enables the vehicle to safely navigate round-
abouts with varying radii. Yan et al. [36]. designed a reward
function based on an optimized reference trajectory to guide
the agent in mimicking the behavior of a trajectory optimizer,
enabling automatic reversing for articulated trucks. Attard et
al. [35]. formulated a reward function using the distance from
the truck to the road centerline, while incorporating distances
to surrounding obstacles as part of the environmental state,
allowing the agent to navigate roundabouts of various sizes
without collisions. Kang et al. [37]. employed the Proximal
Policy Optimization algorithm to train a trajectory-tracking
policy for articulated trucks, which improves computational
efficiency compared to traditional model-based controllers.

III. THE PROPOSED METHOD
A. Preliminaries

1) Markov Decision Process: RL learns to make optimal
decisions by interacting with an environment using reward
signals as feedback. The theoretical foundation of RL is
mainly formalized by Markov Decision Process (MDP). A
canonical MDP is defined by a tuple (S, A, P, R), where S is
state space, A is action space, P is state transition probability,
and R is reward function. State s; € S is a complete
description of the environment at the time step ¢. The future
state and reward depend only on the present state and
action, independent of history: P(s¢11,7¢|S¢, Gy, ..., S0, Go) =
P(s¢41,7¢|8t,a¢). Action a € A is an operation that the
agent can execute in a given state. The state transition prob-
ability P is the probability that the environment transitions
to state s;4; given the current state s; and action a;, denoted
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Fig. 4. Since there is no tractor-trailer model available in CARLA, we build
a tractor-trailer model, named QTruck, by following the method outlined
in [38].

as P(st41]|St,a+). The reward function R is the immediate
numerical feedback signal received from the environment
after taking an action, expressed as r; = R(s¢, at, S¢+1). Ina
partially observable setting, the agent cannot access the full
state s, but instead receives an observation o; correlated with
the state. Such problems are generally modeled as Partially
Observation MDP (POMDP). The overall goal of RL is
to learn a policy mg(alo) that maximizes the cumulative
future reward, known as the expected return G;. The return
is defined as the summation of discounted future rewards:
G = Eiozo’ykRH—k-H-

2) Soft Actor-Critic: The Soft Actor-Critic (SAC) al-
gorithm is an off-policy actor-critic method based on the
maximum entropy reinforcement learning framework [39].
The core idea is to simultaneously maximize expected
cumulative returns and the entropy of the policy. There
are five networks in a typical SAC framework, an actor
network (policy network 74), two critic networks Cy,, Cpy,
and two target critic networks Cfl, C§2. The double critic
networks are learned by optimizing the soft Bellman residual
‘C‘@k = ]Eotyat70t+1~8[(c‘9k (Ot’a't) - yt)2]’k =12 y =
Tt +7[krgiln2 ng ($t+1, at+1) —B lOg 7r¢,(at+1 |St+1)], where k
is the index of two critic networks, k = 1, 2, y is the discount
factor, B is the replay buffer, 3 is the temperature parameter,
“~” means sampling {0, at, 011} from the replay buffer B
and E represents expectation. The policy network is updated
to maximize the expected future return plus entropy Ly =
EOtNB [ﬂ log 7'('(0,25 |St) - 1611111112 C9k (St7 at)]'

B. SAC with Imitation Learning

During training, we adopt the SAC framework with im-
itation learning [25]. An online expert 7* produces expert
action ay at the time step ¢. Therefore, the replay buffer stores
the tuple o:,a, ay,rt,0041. The same batch of transitions
used by RL is used to create a Gaussian distribution py. The
log-likelihood of the expert action a* is maximized under
the policy distribution £3:

E:; = _]Eot,ajwl)[logp¢(ar‘3t)]- e
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Fig. 5. The parameters used in the kinematic analysis of a tractor-trailer

system. Point J denotes the hinge joint connecting the tractor and the trailer.
Points Ry and Rp respectively represent the reference points on tractor
and trailer for tracking their corresponding waypoints. The distances from
R; and Rs to point J are respectively denoted as di and da. L1 and Lo
represent the lengths of the tractor and the trailer, while W1 and W5 denote
their widths. The vector v represents the tractor velocity. The coordinate
frames {771} and {72} are right-handed coordinates, fixed on R; and Ra
respectively. Their X-axises are aligned with the heading directions of the
tractor and the trailer. 71 Q? denotes the i-th waypoint of the tractor in frame
{T1}. 2P’ denotes the i-th waypoint of the trailer in frame {73}. The
angle 6 denotes the orientation of the tractor with respect to the world frame
{W}, and ¢ represents the articulation angle between the tractor and the
trailer. €1 and «a are respectively the lateral distance and angle deviation
between the tractor and its waypoints. 2 and oo are respectively the lateral
distance and angle deviation between the trailer and its waypoints.

The expert policy 7* is allowed to access privilege infor-
mation, such as road information and surrounding vehicles
states. Readers could refer to [25] for more details about the
expert, which is implemented as a set of simple heuristics.
Beyond their roles in training, expert actions also aid in
exploration. This is achieved by having the expert action
override the policy’s action whenever the policy’s uncertainty
is too high, ensuring safe and effective exploration.

C. Observation and Action

The observation o; at time t is formulated as a con-
catenation of information from two most recent time steps:
Oy = {(It,h Ptfl, Mtfl), (It, Pt, Mt)}, where:

e Iis a3 x 256 x 256 RGB image from a front-facing

camera.

e P is a set of 10 upcoming 2D waypoints (in the ego
truck’s coordinate frame) from the global planner.

e M is the whole articulated truck state vector, which
includes the truck’s velocity, steering angle, and the
relative angle between the truck and its trailer.

The action space is a continuous 3 X 1 vector: a =

[athrottlea abrakevasteer]Ta where agyrote € [07 1]’ Qbrake € [07 1]’
and ageer € [—1,1].

D. Reward Shaping

In this section, we analyze the motion of articulated
truck during right-turning maneuvers with planar rigid-body
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The sub-figures (a) and (b) respectively show the tractor and trailer trajectories, as well as their envelopes with changed d; and da. The values

in [-, -] in the legends are d; and da. For clarity, the trailer trajectories are not displayed.

kinematics. The primary motivation of the reward design is
to encourage the tractor to follow a trajectory that avoids the
trailer from colliding with the right roadside. One potential
approach is to apply trajectory optimization methods [35]
that incorporate obstacles as constraints to find an optimal
path for the tractor to track. However, such optimization-
based techniques are computationally intensive [40], leading
to prohibitively long training times. A solution is to use
inverse kinematics for articulated trucks, though this involves
complex algebraic computations [41].

Note that the reward function is not to enforce strict path
tracking of a precomputed trajectory, but to shape the policy’s
action distribution towards desirable behaviors. So, in this
work, we propose a simple yet effective reward function
based on the planar rigid-body kinematics, which is designed
to guide the articulated truck to navigate the interaction
safely.

1) Motion Analysis: Based on our analysis in Fig. 3, the
motion control of a tractor-trailer should be trailer-aware,
that is, the trailer should follow the centerline of the road to
ensure sufficient clearance on both sides. Therefore, using the
trailer as the reference frame, we derive the target waypoints
for the tractor with the planar rigid-body kinematics.

As shown in Fig. 5, we respectively choose a reference
point, namely R; and Ry, from the tractor and trailer to
track their waypoints. At the connection between the tractor
and trailer, pivot points JJ and J' are attached to the trailer
and tractor, respectively. The other geometric parameters are
described in Fig. 5.

Given N waypoints of the trailer in the world coordinate
frame, denoted as YYP € RV*2, they are transformed into
the trailer’s body coordinate frame to obtain 72P: 72P =
™Ry (MWP)T]T, where 2Ry, € R2*? is the rotation
matrix representing the orientation of the trailer relative to

the world coordinate frame. The requirement that the trailer
follows the road centerline implies that the reference point
Rs on the trailer moves along the spline curve formed by
T:P. Specifically, Ry coincides with a point on this spline,
and its direction of motion aligns with the tangent direction
at that point. Using the cubic spline interpolation, the heading
direction 720 corresponding to each waypoint in the trailer’s
body frame is derived. The waypoints of the pivot point J in
the trailer’s body frame can be computed as:

2Py = 2Ry (VP)T]T + Do, 2)

where DQ = [dz, 0; ceey dz, 0]N><2.

Consistent with earlier computations, the heading direction
720y is derived using the cubic spline interpolation. Since
points J and J' coincide, 2Py = 2Py and 720y = 720;. 720y
is the articulated angle between the tractor and the trailer.
Through another coordinate transformation, the waypoints
of the reference point Ry on the tractor in the tractor’s body
coordinate frame are derived as:

Q= ["Rp("Wy)")" + Dy, 3)

where 7'R7, € R?*2 is the rotation matrix representing
the orientation of the tractor relative to the trailer coordinate
frame, and Dy = [d;,0;...; d1, 0] y x2. Once more, the cubic
spline interpolation is applied to obtain the heading direction
of the tractor in the tractor’s body frame, 71@p,. At this
stage, the reference waypoints and heading angles for both
the trailer and the tractor in their respective local coordinate
frames have been derived.

The selection of reference points is crucial for driving
the behaviors of articulated trucks during turning at an
interaction. We choose different combinations of [dy, ds] for
the reference points and plot the enveloping regions of both
the tractor and trailer, as shown in Fig. 1, to analyze the
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influence of R; and Ry positions on the truck’s driving
behaviors during right-turning maneuvers.

As displayed in Fig. 6(a), the swept envelope of the trailer
remains consistent when ds is fixed, while changes in d;
have only a marginal effect on the tractor’s envelope. As
displayed in Fig. 6(b), a reduction in dy from 7.0 to 4.0
causes the trailer tail to sweep across the left lane boundary
when initiating a turning maneuver, which increases the
risk of collision with vehicles from the opposing lane.
Meanwhile, the tractor envelope shifts toward the inner side
of the interaction, resulting in reduced encroachment into the
opposing lane.

2) Reward Function: The reward function is designed
based on the lateral distance and angle deviation between
tractor and trailer and their corresponding waypoints. The
reward function consists of four components:

T = CTp trailer + CT6,trailer T ACTp tractor + ACT gractor, ~ (4)
where:

Tparailer = {[2P! — 0] x [2P% —T2 P1]}2 (5)

rpaacor = 17Q' = 0] x [MQ* =T Q']}2,  (6)

70 trailer = arctan[T2 P;/BPi], @)

70 tractor = zaurctan[T1 Q,}J/T1 Qll, ()

c is a penalty weight that discourages deviation from the ref-
erence waypoints, and \ represents the ratio of the tractor’s
penalty weight to that of the trailer. The subscript x and y
denote the x-component and y-component of the waypoint,
respectively.

IV. EXPERIMENTAL RESULTS AND DISCUSSIONS
A. Experimental Setup

This work addresses the challenge in enabling articulated
trucks to safely navigate narrow interactions. Therefore, our
primary focus is on avoiding collisions between the truck
(both the tractor and trailer) and road sides. So, we adopt a
simplified version of the no-crash benchmark, in which both
training and testing are conducted in the absence of pedestri-
ans and other dynamic objects. We use CARLA 0.9.15, and
train and evaluate our policy in TownO1. The roads are all
two-lane two-way in both train and test processes, and the
width of single road is 3.5m. The evaluation metrics include
success rate (SR), success rate with no crash (SRNC), route
completion rate (RCR), number of tractor collisions with
layouts (e.g., traffic lights, street lights, pavements, green
belts and etc.) per kilometer (CL-tractor), number of trailer
collisions with layouts per kilometer (CL-trailer).

B. Comparative Analysis

To verify whether autonomous driving policies designed
for small vehicles could also safely drive the tractor-trailer,
we first test Transfuser++ (TF++) [42] with its pre-trained
weights to control the tractor with trailer. Then, we test
RLfOLD [25]. Since the original RLfOLD policy does not
provide pretrained weights, we re-implement RLfOLD and
train a policy using only the tractor model. This reproduced

TABLE I
QUANTITATIVE RESULTS OF THE COMPARATIVE EXPERIMENT. THE BEST
RESULTS ARE HIGHLIGHTED IN BOLD.

Policy SR SRNC RCR CL-trailer CL-tractor
% % % #/Km #/Km
RLfOLD 98.00 28.00 98.92 4.03 0.05
RLfOLDwWT 100.00 46.00 100.00 3.07 0.09
TF++ 24.00 0.00 54.21 10.73 7.74
ToR 90.00 42.00 96.31 4.63 0.21
TGT 100.00 84.00 100.00 1.90 0.00

policy is then evaluated on the whole tractor-trailer. Ad-
ditionally, we propose an enhanced policy, RLfOLD with
Trailer (RLfOLDwT), which is trained on the full tractor-
trailer system and incorporates an additional collision penalty
specifically for the trailer. Finally, we develop another policy,
named Trailer on Road (ToR), using the whole tractor-trailer
with a reward function designed specifically for the tractor-
trailer, as described in [35]. This reward encourages both the
trailer and the tractor to closely follow the road centerline.
Our proposed policy is named Trailer Guides Tractor (TGT).
The results are displayed in Tab. I.

Since TF++ was trained with small vehicles, its policy
tends to replicate the driving behaviors typical of small
vehicle drivers, including control patterns in speed, turning
and braking. With TF++ controlling the tractor-trailer, the
truck exhibits high speed (about 60 Km/h) during straight-
line driving, and brakes too late before turning to reduce the
speed to a safe value. This results in a very low SR for TF++,
failing to complete routes without collisions. In contrast,
for RLfFOLD, RLfOLDwT, and ToR, a desired speed of 4
Km/h was specified during training, significantly improving
stability during turning and increasing the SR.

Adding the trailer collision penalty, RLFOLDwT improves
SRNC by 64.3% compared to RLfOLD as shown in Tab. 1.
The number of collisions per kilometer between the trailer
and the layout is also decreased by 23.8%. For ToR, adding a
reward function about trailer following road centerline does
not improve SRNC. This indicates that for wide turns (e.g.,
left-hand-drive tractor-trailers turning left), trailer collision
penalties allow the policy to learn how to pass through
without collisions. However, tight turns (e.g., left-hand-drive
tractor-trailers turning right on two-way two-lane roads),
even with both collision penalties and the “Trailer on Road”
reward, the policy fails to learn how to traverse the current
intersection without collisions.

C. Ablation Study

To further verify the effectiveness of the proposed reward,
we conduct ablation studies on different combinations of the
reference points from the trailer and the tractor [dy, ds], as
well as on the penalty weight ratio A.

1) Ablation on Reference Points: Tab. 1 displays the
results of ablation study on the reference points. As we can
see, large values of dy and ds (e.g., d; = 1.0, do = 8.0) cause
the trailer to enter the interaction too late, making the tractor
prone to colliding with the layout on the opposing lane.
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TABLE II
THE RESULTS OF THE ABLATION STUDY ON DIFFERENT COMBINATIONS
OF REFERENCE POINTS. THE NUMBERS IN [, -] ARE [d1, d2]. THE BEST
RESULTS ARE HIGHLIGHTED IN BOLD.

(1, da)] SR SRNC RCR CL-trailer CL-tractor
’ % % % #/Km #/Km
1.0,8.0 0.00 0.00 23.15 4.58 105.72
0.6,8.0 28.00 18.00 46.82 99.76 27.35
0.2,8.0 36.00 24.00 52.07 182.61 30.79
1.0,6.0 88.00 28.00 93.63 4.20 0.59
0.6,6.0 98.00 70.00 98.11 2.23 448
0.2,6.0 60.00 46.00 72.63 3.40 15.85
1.0,4.0 100.00 84.00 100.00 1.90 0.00
0.6,4.0 100.00 72.00 100.00 1.88 0.12
0.2,4.0 70.00 54.00 83.6 9.07 1.18
TABLE III

THE RESULTS OF THE ABLATION STUDY ON DIFFERENT PENALTIES
WEIGHTS ON TRACTOR. THE BEST RESULTS ARE HIGHLIGHTED IN BOLD.

Penalty SR SRNC RCR CL-trailer CL-tractor
Weight A % % % #/Km #/Km
0.0 100.00 80.00 100.00 1.91 0.00
0.3 98.00 84.00 98.67 1.52 0.48
0.6 98.00 82.00 98.43 1.77 0.10
0.9 98.00 64.00 97.74 1.93 0.29
12 78.00 40.00 88.64 2.83 2.48

This issue is significantly alleviated with reduced dy or ds.
However, when dy remains at 8.0 and only d; is decreased,
the tractor successfully navigates out of the interaction, but
the trailer retains a deviation angle from the lane direction,
resulting in a collision with the roadside layouts.

As dy decreases, all metrics are improved. Our policy
achieves the best overall performance with do = 4.0 and
dy = 1.0, though the number of collisions between the trailer
and the layout is not the best. This is because, during left
turning, the tractor-trailer cannot perceive the surrounding
environment, leading to collisions with the layout on that
side.

2) Ablation on Penalty on Tractor: Tab. III displays the
ablation study results on penalty weight. We can see that
the variations in the penalty weight have little effect on SR.
However, SRNC decreases as the penalty weight increases,
while the route completion metric remains largely consistent
with SR. Moreover. Higher penalty weight imposed on
deviations of the tractor from the waypoints increases CL-
trailer.

D. Qualitative Demonstrations

Fig. 7 demonstrates two typical scenarios of the tractor-
trailer performing left-turning and right-turning. During left-
turning, the tractor initiates the interaction earlier than the
calculated waypoints to prevent the trailer’s rear from col-
liding with the obstacles on the right. However, this causes
the left side of the trailer to encroach into the opposing lane.
While this turning can be safely performed in the absence
of other traffic participants, it poses a collision risk when
other vehicles are present. During right-turning, the tractor
intentionally encroaches into the opposing lane to increase

(b) Bird-eye view of our tractor-trailer making a right turn on a narrow
road.

Fig. 7.  Qualitative demonstrations of our policy during left and right
turnings for the tractor-trailer. The images are captured from a camera
mounted on the trailer in CARLA.

its turning radius, thereby keeping the trailer aligned with the
lane center and avoiding collisions with surrounding layouts.

V. CONCLUSIONS AND FUTURE WORK

We proposed here a method toward trailer-aware au-
tonomous driving for tractor-trailers, demonstrating the ef-
fectiveness of combining deep reinforcement learning with
kinematic insights to achieve safe and efficient driving behav-
iors. Through ablation studies, we verified the effectiveness
of the reference points combinations and the penalty weight.
The comparative experiments among various policies further
showcase our superiority. However, this work still exhibits
limitations. Our study focuses solely on scenarios without
other road users. Since driving in dynamic traffic environ-
ments is a required capability in real-world applications, we
will focus on designing policies with interactions with other
road users in the future.
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