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Abstract—Autonomous vehicles (AVs) promise substantial
gains in safety, reliability, and decarbonization, yet safe and
efficient interaction in dynamic, heterogeneous traffic remains a
key barrier to large-scale deployment. Deep reinforcement learn-
ing (DRL) has emerged as a data-driven approach for learning
adaptive decision policies that handle complex, unpredictable
environments better than rule-based methods. However, different
scenarios impose distinct requirements, necessitating scenario-
specific algorithms. This survey systematically reviews DRL for
four typical scenarios (highways, on-ramp merging, roundabouts,
and unsignalized intersections), summarizes road features and
recent advances, and evaluates methods using five criteria:
driving safety, driving efficiency, training efficiency, unselfishness,
and interpretability (DDTUI). Each DDTUI criterion is analyzed
with respect to the reviewed algorithms. In addition, a dedicated
scenario-centric learning transferability analysis is introduced
that systematically evaluates whether each reviewed method
demonstrates scene-specific learning improvements and assesses
how effectively their designs transfer across the four scenarios.
Finally, the challenges for future DRL-based decision-making
algorithms are summarized.

Index Terms—Interactive autonomous driving, decision mak-
ing, deep reinforcement learning, typical scenarios, rationale
evaluation.

I. INTRODUCTION

UTONOMOUS vehicles (AVs) face major challenges in
making reliable decisions when interacting with human
driven vehicles (HDVs), largely because HDV intentions are
difficult to predict. Road crashes cause millions of deaths and
severe injuries worldwide, and since 2021 more than 900 Tesla
crashes involving driver assistance systems have been reported
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Fig. 1. Autonomous driving in different scenarios.

[1]. Despite unresolved safety issues, the AV fleet is projected
to exceed 50 million by 2024 [2], which underscores the
urgency of safer decision making. Robust decision systems
can reduce crashes caused by human error, such as fatigue,
distraction, and delayed reactions [3].

Typical driving scenarios include highways, on ramp merg-
ing, roundabouts, and unsignalized intersections, each with
distinct road features and requirements, as in Fig. 1. For exam-
ple, on ramp merging requires completing lane changes before
any obstructed roadway, while roundabout navigation requires
exiting at the intended point. Meeting such requirements
depends on precise and timely decision making in real time.
Operational decision support follows the perception, planning,
and control pipeline. Perception uses onboard sensors and
processes the data with detection algorithms such as YOLO
methods [4], [5]. The planning module selects maneuvers, and
produces feasible trajectories. The control module converts
these trajectories into control commands.

In the control stage, common controllers include PID,
Linear Quadratic Regulator (LQR), Model Predictive Control
(MPC), Pure Pursuit Controller (PPC), Fuzzy Logic Control
(FLC), and the Stanley controller. PID reduces steady state
error and damps oscillations but adapts poorly to rapidly
changing conditions [6]. LQR minimizes a quadratic cost to
balance tracking and control effort via optimal state feedback;
it is often used for yaw control but is limited by linear
model assumptions [7]. MPC predicts over a finite horizon and
optimizes commands, which is effective under uncertainty and
constraints [8]. PPC uses a simple kinematic model to compute
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Fig. 2. Rear-end accident conditions between ADS and HDV: (a) Rear-end
accidents that HDV hit an ADS from behind; (b) Rear-end accidents that ADS
hit an HDV from behind [15].

early steering targets [9]. FLC encodes expert rules when
accurate models are unavailable [10]. The Stanley controller
combines lateral cross track and heading errors to refine
steering [11].

Interactions between AVs and HDVs are complex, so vehi-
cles must make continuous decisions such as lane changes and
braking. Common approaches include model based control,
simple guidance strategies, and learning based methods.

Model based approaches fall into four groups. (1) Intention
or trajectory prediction relies heavily on rule based classifica-
tion. For example, [12] predicts within a fixed window, which
may be shorter than an actual lane change. (2) Robust control,
such as time varying min max MPC, addresses nonlinearities
[13] but acts on worst case assumptions that are rare in
practice and can degrade driving quality through overly slow
behavior. (3) Game theory, including cooperative and non
cooperative games, depends on equilibrium models that do not
capture uncertainty and irregular interactions in real traffic.
(4) Collision avoidance and Voronoi diagram methods [14]
struggle to respond safely to movable objects. Real world
crash data involving vehicles with ADS indicate that 79 %
of accidents involve HDVs striking AVs and 21 % involve
AVs striking HDVs [15], as in Fig. 2. Therefore, model based
methods alone are insufficient for interactive driving with
HDVs. achieving collision-free interactions with HDVs are
still to be addressed.

Simple guidance methods are attractive because they avoid
predicting HDV intentions and avoid overly cautious assump-
tions [16]. A common example is the artificial potential
field based on attractive and repulsive forces. However, it
often treats surrounding risk as uniform and ignores target
reachability, whereas in practice the front of a vehicle is more
dangerous and not all targets are reachable [17].

Learning-based methods enhance collision-free interaction
by exploring actions under uncertainty and diverse HDV
behaviors. Within machine learning [18], supervised learning
enables tasks such as classification [19] but requires costly
labeling, unsupervised learning avoids labels but often gener-
alizes poorly in dynamic traffic, and reinforcement learning is
well suited to sequential decision making, allowing agents to
acquire safe control policies in changing environments [20].

Deep reinforcement learning (DRL) combines deep learning
[21], [22] with reinforcement learning. By using deep neural
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Fig. 4. Example scenarios of autonomous driving: (a) highway; (b) on-ramp
merging; (c) roundabout; (d) unsignalized intersection.

networks to approximate value functions and policies, DRL
learns directly from sensory inputs and handles complex, real
time decision making better than classical RL. For example,
[23] applies DRL to collision free path planning in the
presence of surrounding obstacles.

Fig. 3 shows the DRL loop for autonomous driving. The
agent observes the environment, selects actions, and the envi-
ronment returns new states and rewards. The reward function
reflects safety, efficiency, and driving rules, and this feedback
guides the policy toward better driving behavior.

DRL has shown strong capability in emergency handling,
a critical requirement for real-world driving. For example,
[24] demonstrates that DRL can learn collision avoidance
under sudden changes. Recent work covers many scenarios
[25], [26], [27], [28], [29], [30], but each setting poses
different demands. Highways emphasize collision avoidance
while keeping high speed, whereas ramps contain blocked
regions not present on highways (Fig. 4). Scenario-specific
algorithms are therefore needed, and evaluations should reflect
the priorities of users, manufacturers, and broader traffic
systems to ensure meaningful progress.

Multi-agent reinforcement learning (MARL) extends single-
agent RL to Markov games [31], enabling more collaborative
behaviors. This leads to more efficient merging and lane
changing with lower collision risk [32], as well as signal-

Authorized licensed use limited to: University of Glasgow. Downloaded on June 25,2026 at 17:44:12 UTC from IEEE Xplore. Restrictions apply.



TIAN et al.: EVALUATING SCENARIO-BASED DECISION-MAKING FOR AUTONOMOUS DRIVING

free intersection management where vehicles negotiate right
of way [33]. Viewing traffic as a collaborative multi-agent
game enables distributed decisions and implicit coordination,
reducing deadlocks and improving safety and flow [34].

DRL offers strong potential for complex decision making in
autonomous driving, but it often converges more slowly than
classical control. The delay stems from iterative interaction
and gradient optimization over deep networks, with higher
computational cost [35]. Biologically inspired architectures
can model nonlinear dynamics and learn from raw data,
with low interpretable decision-making [36]. Efficiency can be
improved by simplifying network designs, such as replacing
recurrent models with compact convolutional structures [37]
and removing unnecessary parameters, since excess attributes
add computation [38]. Larger hidden layers and oversized
networks further raise complexity [39].

This survey reviews DRL based algorithms for autonomous
interactive driving, organized by four scenarios: highways,
on ramp merging, roundabouts, and unsignalized intersec-
tions. The adaptation to real world conditions using five
factors—driving safety [40], [41], driving efficiency [42],
training efficiency [29], unselfishness [43], [44], and inter-
pretability [45], [46] (DDTUI) has been accessed. A consistent
protocol has been applied: a factor is credited only when the
algorithm both incorporates it and verifies it experimentally;
for example, safety requires evidence such as fewer collisions
or consistently maintained safe distance d;. In addition, this
paper introduces a standalone scenario-centric chapter on
learning and transferability (SCLT). For each of the four
scenarios and for every reviewed method, the chapter records
whether the framework contains scene-specific learning
improvements. Scenario-specific improvements are examined
through tailored state representations, specialized objectives
beyond weight tuning, and scenario-focused learning mecha-
nisms that are validated experimentally. Cross-scenario trans-
ferability is evaluated by analyzing structural dependencies in
topology, rules, and dynamics. Learning advances are distin-
guished from domain-specific heuristics through four summary
tables and transfer analysis, with design generalization being
clarified across highways, merging zones, roundabouts, and
intersections.

To guide future work, methods have been grouped into
four families that reflect properties of DRL and autonomous
driving: network structure improved DRL and policy improved
DRL (rooted in DRL design), and robust control assisted
DRL and traffic model assisted DRL (rooted in control theory
and traffic modeling). The remainder of the survey is orga-
nized as follows: Section II describes scenario features and
driving tasks; Section III explains the rationale for DDTUI;
Sections IV to VII evaluate methods for the four scenar-
ios using DDTUI; Section VIII provides conclusions and
discussion.

II. ROAD FEATURES AND DRIVING TASKS

This section provides the road features and driving tasks
for AVs in the scenarios of highways, on-ramping merging,
roundabouts, and unsignalized intersections.
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A. Highways

1) Road Features and Driving Tasks: Highways support
long-distance travel with minimal interruption and are built for
safety, efficiency, and reduced environmental impact. Safety
is aided by wide lanes and clear signage, efficiency by lane
layouts that smooth traffic flow, and environmental impact by
careful routing. The U.S. Interstate Highway System provides
nationwide mobility and economic connectivity [47], while
Germany’s Autobahn, including sections without speed limits,
shows that high-speed travel can still be managed safely [48].

2) Example Highway Scenario: Fig. 4(a) illustrates a three-
lane highway where the AV travels in lane 3 and interacts
with HDVs across all lanes. With no external disturbances
considered, safety risks mainly result from potential collisions.
In car following, the AV adjusts acceleration to maintain
headway, but overly conservative behavior reduces efficiency.
When headway becomes limited, the AV may change lanes
to maintain throughput, which introduces interaction risks.
The central challenge is therefore to avoid collisions while
sustaining a consistently high speed.

B. On Ramp Merging

1) Road Features and Driving Tasks: Ramps connect sur-
face streets to highways and manage the transition between
different speed regimes. Key design goals are safety, efficiency,
and compact space use. Vehicles must accelerate or decelerate
smoothly, merge with limited disruption, and fit within con-
strained urban layouts, supported by designs such as cloverleaf
interchanges and HOV ramps [49], [50].

2) Comparison With Highways: Highways enable sustained
high-speed travel on long, mostly straight multi-lane segments,
while ramps handle speed changes and merging on shorter,
often curved sections. As a result, interactions on ramps
require earlier maneuver commitment than on highways.

3) Example Ramp Scenario: Fig. 4(b) shows a three-lane
setting with two mainline lanes and one ramp lane. The AV
must merge into the mainline before the ramp ends, while
interacting with HDVs and avoiding a static obstruction that
blocks the ramp. Waiting for large gaps increases safety but
reduces efficiency and ramp capacity. The task is to avoid the
conflicts while maintaining reasonable speed.

C. Roundabouts

1) Road Features and Driving Tasks: Roundabouts are
designed to improve flow and safety by reducing approach
speeds and eliminating severe conflict points. Examples range
from the roundabout with Folon’s obelisk, featuring a central
island and circulating lanes [51], to the large multilane junction
at Place Charles de Gaulle in Paris, where twelve avenues
converge around the Arc de Triomphe [52].

2) Example Roundabout Scenario: Fig. 4(c) shows an AV
entering from EB4 with three possible exits: O1, O2, and O3.
For O1, the AV can stay in the outer lane. For O2, it may either
remain in the outer lane for a safer but longer route or move
to the inner lane for a shorter path while managing interaction
risks with circulating vehicles. For O3, the AV must merge
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Fig. 5. The importance and necessaries of achieving DDTUI in real-world
autonomous driving.

to the inner lane early and then return to the outer lane near
the exit. The main challenge is balancing safety and efficiency
while navigating circular trajectories among HDVs.

D. Unsignalized Intersections

1) Road Features and Driving Tasks: Unsignalized inter-
sections are key points where two or more roads meet without
traffic signals. They manage flows from different directions
by assigning priority and organizing movements to reduce
congestion and enhance safety. A representative design is the
Diverging Diamond Interchange (DDI) [53].

2) An Example of an Unsignalized Intersection: Fig. 4(d)
shows a three-lane unsignalized intersection serving moderate
to heavy traffic. Vehicles approach from all four directions,
each with dedicated lanes for different movements. The sur-
rounding area is open grassland, and the central space where
the roads meet is wide enough to support turning maneuvers
from any direction. This central zone helps prevent bottlenecks
and maintains smooth traffic flow.

III. RATIONALE OF THE EVALUATION FACTORS

To evaluate adaptation to real-world driving, we consider
five rational factors: driving safety, driving efficiency, training
efficiency, unselfishness, and interpretability. As shown in
Fig. 5, safety and efficiency form the foundation of any
autonomous driving system. Training efficiency supports rapid
convergence and deployment. Unselfishness reflects socially
compliant interaction with HDVs, and interpretability enables
trust, diagnosis, and accountability.

A. Driving Safety

Driving safety is essential for autonomous vehicles [54],
[55]. We assess safety mainly through collision frequency with
surrounding vehicles [56], [57]. Collision avoidance depends
on relative speed, distance, and trajectory to estimate risk [58].
Some approaches search for decisions that avoid collisions
while maintaining efficiency [59], [60], while others use rule-
based commands under unsafe conditions, such as stopping
when interaction zones or stop lines are detected [61].

Recent progress includes Bayesian calibration for improving
IDM fidelity [62], a reference driver model for highway
merging safety assessment [63], a “reasonable driver” standard
for evaluating automated vehicle behavior [64], and a survey
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on explainable AI for transparency and trust [65]. These
advances enhance model calibration, scenario-specific safety
assessment, standardized evaluation, and interpretability.

B. Driving Efficiency

Driving efficiency refers to an AV’s ability to maintain high
average speed while adapting to traffic. Its influence extends
to road capacity, user experience, and energy use. Efficient
operation increases throughput and reduces congestion [66],
[67], [68], shortens travel time and improves comfort [69],
[70], [71], and lowers energy consumption [72], [73].

Recent advances improve efficiency through better routing
and flow control. A DRL framework reduces distance and turns
to produce near-optimal routes and shorter travel time [74].
A stability-informed artificial potential field uses a Lyapunov
threshold to adjust repulsion, avoiding local minima and gen-
erating smoother, shorter paths in congestion [75]. Sparse AV
control shows that even a small proportion of AVs can damp
stop-and-go waves and raise average speed in mixed traffic
[76]. For roundabouts, an evolutionary coordination method
balances mainline and merging flows to reduce queues and
delay [77]. These studies demonstrate how advanced decision
strategies can enhance driving efficiency.

C. Training Efficiency

Training efficiency directly affects the time and resources
needed to develop a fully functional autonomous driving
system. Faster training shortens development cycles and allows
more effort to be spent on fine-tuning and extensive testing.
Many studies improve training speed by adding auxiliary
training mechanisms or simplifying network structures [29],
[78], [79], [80]. Higher efficiency also reduces computational
load, which lowers hardware wear and maintenance needs.

D. Unselfishness

Unselfishness reflects an AV’s willingness to consider the
intentions of surrounding HDVs and supporting coopera-
tive flow. It measures how well the AV anticipates others
and balances its own progress with the needs of nearby
drivers. Intention recognition is central to cooperative behav-
ior. Reviews of interaction-aware driving highlight predictors
for tasks such as car following and lane changing [81],
[82], [83]. Although much prior work optimizes only the
ego vehicle [84], [85], evidence increasingly supports policies
that yield, create gaps, or modulate speed to reduce conflicts.
Such cooperation avoids both aggressive and overly cautious
behavior, smooths traffic, and improves safety and efficiency
for all road users.

E. Algorithm Interpretability

Interpretability is essential because DRL policies must make
decisions that are logical and explainable [45], [46]. Clear
structure improves transparency and supports safety assurance.

Common tools include behavior and policy visualization
[86], [87] and surrogate models that provide human-readable
explanations [88], [89], [90]. Rule-based evaluations such
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as FAST examine fairness, accountability, sustainability, and
transparency [91]. Structure-adapted methods use standard-
ized benchmarks and sanity checks to validate explanations
[92], [93], [94], [95], and some approaches modify network
architectures to improve clarity [96], [97]. Human-grounded
studies explore how easily people understand the reasoning
behind decisions [98]. Incorporating traffic models and explicit
mathematical structure can also enhance interpretability.

Recent work integrates large language models to attach
rationales to actions and align policies with traffic rules.
Examples include an LLM-guided driving policy, DriveMLM,
which generates decisions with textual explanations [99], and
DriveGPT4, which predicts controls and answers queries in
real time [100]. Other recent developed models inject domain
knowledge by a chain of instructions, or couple Teacher LLM
with an attention-based Student DRL policy using risk metrics
and retrieved scenarios. Evaluations on CARLA [101] and
nuPlan [102] show that these frameworks make DRL policies
more explainable for autonomous driving.

IV. DEEP REINFORCEMENT LEARNING-BASED
DECISION-MAKING ON HIGHWAYS

A. Single-Factor Methods for Highway Driving

Many studies address only one of the five key factors. For
example, [103] integrates a Double Deep Q-Network (DDQN)
with two safety modules: a handcrafted module based on
safety rules that maintain a distance (d;), and a learned module
that extracts safety patterns from driving data. Combining
these modules strengthens the policy’s safety.

Moreover, deep deterministic policy gradients (DDPG) have
been used to improve driving efficiency by overtaking sur-
rounding vehicles in [104]. The overtaking-oriented training is
achieved by adding a high reward for overtaking maneuvers.
The reward function for overtaking is formulated as [104]:

Roverla.king = Rlaneikeeping + 100 x (I’l - RacePos) (1)

where Riane keeping 18 the reward for lane-keeping, n is the
total number of vehicles in a given episode, and RacePos
reflects the number of vehicles in front of the AV. Therefore,
the larger the RacePos, the smaller the Royertaking. Although
safety rewards are applied, the collision rate increases with
the frequency of overtaking.

Furthermore, non-linear model predictive control (NMPC)
has been integrated with DDQN to maintain safe highway driv-
ing in [105]. NMPC inherently incorporates vehicle dynamics
as constraints into its optimization, ensuring that the control
inputs from the DRL agent remain within safe and feasible
bounds [105]:

min

T
/ (e)T Qe + ré* (1) + ru’ () dt
x(1),u(r) 0
s.t. x() = f(x(®), u(?)),

Cypin < €y(l) < gy
6min < 6(0 < 6max’

eymin < ey(t) < eymax’

Umin < M](l) < Umax (2)

where T is the prediction horizon, e(?) is the error vector to
be regulated to zero, and Q = diag(q;, ¢») is a diagonal matrix
of tracking weights. The control effort weight is denoted by

1713

r. The steering angle is represented by d(¢), and the control
input is u(¢). The state vector is x(f), and f represents the
system dynamics. e(f) and e,(?) are the lateral position error
and heading angle error, respectively. The variables e . , ey,
Chmins Climas Omins Omaxs Umin, aNd Upyay are the minimum and
maximum admissible values for the lateral position error,
heading angle error, steering angle, and control input, respec-
tively. NMPC improves the interpretability of safe control by
providing a clear mathematical formulation that integrates the
system’s constraints with the agent’s decision-making [106],
[107], [108].

In [109], a policy gradient method with hard constraints
ensures highway safety by keeping the vehicle away from risky
boundaries. Cooperative lane changing improves unselfishness
in [110]. Interpretability is enhanced by combining DRL
with imitation learning that uses expert demonstrations [111].
Training efficiency increases when a spatial attention module
is integrated into a deep Q network [112].

B. Dual-Factor Methods for Highway Driving

Additionally, two of the five considered factors are inte-
grated in some recent studies. The Intelligent Driver Model
(IDM) [113] has been incorporated into the DDQN for high-
way driving in [114]. The IDM prevents collisions during
car-following and therefore, the integration of DDQN with
IDM enhances both the driving safety and interpretability in
highway driving. The IDM is formulated as [114]:

4 2\ 2
UIDM = Umax |:1 - (Vlle) - (gg) i| (3)

where Ui is the maximum acceleration of the AV, v, is the
expected velocity, and g is the gap between the AV and the
HDV. The desired gap g* between the AV and the front HDV
is formulated as [114]:

VAvAV
2 VUmaxb
where T, is the expected time gap, Av is the velocity difference
between the AV and the front vehicle (FV), and b is the
comfortable deceleration.

The reward function of DDQN has been adapted to improve
driving safety and efficiency in [115]. Specifically, a penalty is
applied when the vehicle goes off-road or the time-to-collision
(TTC) falls below a threshold [116]. The reward for driving
efficiency is formulated as [115]:

g* =ds+vavT, — 4

R= 2

&)

Vmax
where v, is the maximum velocity, and vy is the current
velocity. This reward function helps maintain a relatively high
driving velocity, thus increasing driving efficiency. Moreover,
driving safety and altruism have been achieved using a level-
k game-based DQN in [117]. The level-k game models the
reasoning interaction between AVs and HDVs, promoting
unselfish decision-making. A crash penalty is implemented
in the DQN to prevent frequent collisions between AVs and
HDVs. Additionally, unselfishness and training efficiency have
been considered in [118]. Unselfishness is achieved through a
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cooperative multi-goal credit function-based policy gradient
(PG). This adapted PG accounts for the goals of all vehicles,
optimizing overall performance during training. Training effi-
ciency is improved by a multi-agent reinforcement learning
(MARL) curriculum, which reduces the number of trainable
parameters and lowers computational costs.

Unselfishness and driving efficiency on highways are
achieved in [119]. Unselfishness is promoted through MARL
by considering each vehicle’s state. Driving efficiency is
enhanced by a reward function that selects actions to increase
the average velocity of all vehicles. Driving safety and driving
efficiency have been achieved using multi-objective approxi-
mate policy iteration (MO-API) in [120]. Driving safety is
ensured by monitoring collisions, while driving efficiency has
been assessed by comparing the vy with the v,. In [121],
driving efficiency and unselfishness are considered in highway
driving. Driving efficiency is achieved by a reward based on vy,
Vmax» and viin. Unselfishness is achieved by penalizing unnec-
essary lane changes to reduce disturbances to HDVs. Driving
safety and training efficiency have been addressed in [122].
Safety is maintained by ensuring a d; between vehicles using
rule-based constraints, while training efficiency is improved
by incorporating a multi-head attention mechanism.

C. Three-Factor Methods for Highway Driving

Furthermore, three of the five considered factors are com-
bined in a few recent papers. Driving safety, interpretability,
and driving efficiency have been improved in [123]. Driving
safety and interpretability are enhanced by using a collision
penalty and the IDM. Driving efficiency is ensured by a reward
based on the velocity difference between vp.x and vy. The
reward at time step ¢ is formulated as [123]:

R, = —Collision — 0.1 x (v',, = vi) = 0.4 x (L—1)*>  (6)

max

where Collision, v}, , and v{, are the occurrence of a collision,

maximum velocity, and current velocity at time ¢, respectively.
L represents the relative position the target lane, where L = 1
indicates that the vehicle has successfully reached the target
lane. A collision results in a negative reward, and a larger
difference between vy and v, also leads to a negative reward.
Additionally, if the vehicle does not drive in the target lane, a
penalty is applied.

A multi-reward-based DQN has been proposed to achieve
safe, efficient, and unselfish driving in [124]. Three rewards
are combined: speed reward, limited lane-changing reward,
and overtaking reward. The speed reward is a normalized
reward based on the current speed relative to the minimum
and maximum speed limits [124]:

R, = (Vo = Vinin) * Iy 7
Vmax — Vmin

where R, represents the reward for speed, encouraging higher
speeds within safe limits. vy, is the minimum speed of the
agent vehicle, and 7, is the base reward for speed. The limited
lane-changing reward function is designed to minimize the
number of lane changes, promoting safer driving and reducing
the disturbance to surrounding vehicles:

R; = —r; if lane-change occurs, otherwise 0 (8)
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where —r; is the penalty value for a lane change. The overtak-
ing reward function encourages the agent vehicle to overtake
more vehicles, improving driving efficiency:

R, = r, if an overtaking occurs, otherwise 0 9)

where r, is the reward value for overtaking.

Interpretability, driving safety, and driving efficiency have
been achieved in [125]. Safety and efficiency are enhanced
by penalizing frequent lane changes and tracking the desired
velocity vy, respectively. Interpretability is achieved through
a car-following process using a proportional-derivative (PD)
controller with transparent mathematical formulation [125]:

(10)
Y

where dges,; is the desired following distance for the i-th
vehicle, o/ is a sensitivity parameter with random values from
N(1.3,0.02), v{‘H is the speed of the leading vehicle in the
(j + 1)-th lane, a; is the acceleration command, K, and K,
are the proportional and derivative gains, and x/ *1and x] are
the positions of the leading and i-th vehicles, respectively.

In [126], safety and efficiency are promoted by penalizing
collisions and rewarding high average velocity, while inter-
pretability is provided by a risk potential field that models and
visualizes surrounding risk. In [127], adaptive cruise control
achieves safety and interpretability by maintaining the head-
way d, with explicit formulations, and efficiency by rewarding
high speed states. In [128], safety uses a collision penalty,
efficiency uses the gap between vy and vy, and training
efficiency is improved with a long short term memory assisted
DDQN. Compared with [123], which rewards efficiency via
vmax — Vo and integrates safety and interpretability through
collision penalties and lane deviation, and [125], where a PD
controller offers clear mathematical transparency, the approach
in [128] is distinctive for faster convergence but may warrant
further study of robustness and stability under diverse traffic
given the added complexity of the long short term memory
component.

_ i,
dges,i = a;Vv;

i ) i1 )
Acf; = K[,()Cl] - )Cl]) + Kd("; - v,j)

D. Four-Factor Methods for Highway Driving

Moreover, four of the five considered factors have been
included in some studies. Driving safety, driving efficiency,
training efficiency, and interpretability have been considered
in [129]. Driving safety and driving efficiency are achieved by
a reward function that maintains a d; from the leading vehicle
while tracking the v,. Interpretability is ensured through
safety-based driving rules [129]:

U = I0f{E 21> 200 = V5, ) Aan, ),
tbmin = lnf{ rir> 2(vhlargel - V)/admax}
win = MUR{V =) p/2, (v = V)1 /2,

Adtargel = minf|xay — x fm,ge[L lxav — xblurgel“

dtarget
(12)

where f. and 1, are the minimum safe time intervals
between the AV and the vehicles in front and behind in the
target lane, respectively. v is the speed of the AV; vy and
Vb are the speeds of the front and behind vehicles in the
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target lane, respectively. a4, is the maximum deceleration.
drarget,;, 18 the minimum distance between the AV and the FV
in the target lane, and Adi,e; is the actual distance between
the AV and the nearest vehicle in the target lane. xav, xj,..
and xp,,. represent the horizontal coordinates of the AV, the
front target vehicle, and the vehicle behind in the target lane,
respectively. By implementing these safety rules, the decision-
making of the AV becomes more transparent and interpretable.
Training efficiency is achieved through the potential-based
reward shaping function. The total reward function and reward
shaping function are given by [129]:

R =R(s,a,s") + BF(s,a,s") (13)
F(s,a,s5") = yp(s') — ¢(s) (14)
F(s,a,s',t,t") = yo(s',t') — ¢(s,1) (15)

where R’ is the new reward criterion, R(s,a, s") is the original
reward function, B8 is a weighting factor, F(s,a,s’) is the
potential-based reward shaping function, s and s’ are the
current and next state, respectively, a is the action taken,
and vy is the discount factor. ¢(s) is the potential function
mapping the state to a real number, and ¢ and ¢ are the
time corresponding to s and s, respectively. (16) combines
the original reward function with an additional shaping term.
(17) defines the shaping function as the difference between the
discounted potential of the next state and the current state. (18)
extends (17) by including time as a parameter and therefore
allows for dynamic potential functions.

Highway studies addressing multiple DDTUI factors show
several common patterns. [130] and [131] jointly consider
safety, efficiency, unselfishness, and training efficiency: both
embed safety and efficiency into the reward function, use
MARL to promote cooperative behavior, and improve training
efficiency through experience sharing (single-agent reuse in
[130] and dynamic coordination graphs in [131]). Reference
[132] similarly covers all four factors by penalizing collisions
and road departures, rewarding overtaking, using MARL for
cooperation, and employing parameter sharing to accelerate
learning.

Some works incorporate interpretability alongside other
factors. Reference [133] improves safety, efficiency, and
unselfishness through reward shaping, while enhancing inter-
pretability with an autonomous emergency braking module.
Reference [134] combines safety, efficiency, interpretability,
and training efficiency via a safety layer, speed-ratio features,
an SVM for explainable boundaries, and spatial attention for
faster learning.

Other works cover four factors without interpretability.
Reference [135] uses collision penalties, speed ratios, and
MARL to improve safety, efficiency, and cooperation, and
increases training efficiency with a distributional DQN. Ref-
erence [136] enhances safety, efficiency, and unselfishness via
reward design and improves interpretability through rule-based
constraints on unsafe lane changes.

E. Five-Factor Methods for Highway Driving

Additionally, all the five factors are addressed in some
studies, such as [137]. Driving safety and efficiency, and
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unselfishness are achieved by reducing collisions, increas-
ing speed, and minimizing lane-change frequency through
rewards. Training efficiency is improved through a con-
volutional neural network-based LSTM. Interpretability is
enhanced by using spatio-temporal image representations for
HDVs, which increase the interpretability of the inputs. The
DRL-based decision making methods in highway driving
based on DDTUI are summarized in Table I and categorized
in Table II.

V. DEEP REINFORCEMENT LEARNING-BASED
DECISION-MAKING IN ON-RAMPING MERGING

A. Single-Factor Methods for On-Ramping Merging

Driving efficiency has been considered using Q-learning in
[138]. The remaining time of AV on the ramp lane is reduced
by optimizing the reward function, thus promoting fast lane-
changing to the main lane. The reward function is formulated
as [138]:
w<0 (16)

1= uv + g, u>0,

where 7, represents the reward after taking action a;; ¥, denotes
the average speed in the merging area during time step f; g,
indicates the average queue length at the on-ramp during time
steps ¢ and ¢+ 1; u is a positive weight assigned to the speed
reward, and w is a negative weight for the queue length reward.
These rewards help balance the trade-off between enhancing
vehicle mobility on the mainline and reducing delays at the
on-ramp. Driving efficiency has also been improved in [139]
by reducing the total travel time reward (Ryrr), represented
by the summation of the total number of vehicles at each
time step. Driving safety has been achieved through a safety
factor in [140]. The safety factor is a negative reward when
the relative distances between AV and HDV are small. Driving
safety has been achieved in [141], by giving rewards for each
state having a d, and penalties for collisions.

B. Dual-Factor Methods for On-Ramping Merging

Driving efficiency and unselfishness have been considered
in [142]. Driving efficiency is achieved by using the average
velocity of AVs as part of the reward, and unselfishness is
achieved using MARL to maximize general profits. Inter-
pretability and driving efficiency have been addressed in [143].
Interpretability is achieved by using DDPG to tune a traditional
controller’s parameters, keeping the traditional controller as
the main system to ensure transparency. Driving efficiency is
enhanced by reducing the error state, which reflects the gap
between actual and critical traffic density. A smaller error state
leads to higher traffic flow and average speed.

C. Three-Factor Methods for On-Ramping Merging

Several merging studies address three DDTUI factors. Ref-
erence [144] improves efficiency with a travel-time reward
and enhances training efficiency through a teacher—student
framework, where traditional control supervises the DQN
policy. Reference [145] improves efficiency via interval-based
speed rewards and gains both unselfishness and interpretabil-
ity by integrating ramp metering with Q-learning. Reference
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TABLE I

EVALUATION OF THE DRL-BASED DECISION MAKING IN HIGHWAY DRIVING

Reference Safety Efficiency Training Efficiency Unselfishness Interpretability
[103] Safety modules - - - -

[104] - Overtaking reward - - -

[105] NMPC constraints - - - -

[109] Hard constraints - - - -

[110] - - - Local interactions -

[111] - - - - Imitation learning
[112] - - Attention module - -

[114] IDM integration - - - IDM integration
[115] TTC threshold Velocity reward - - -

[117] Crash penalty - - Level-k game -

[118] - - MARL curriculum Cooperative function -

[119] - Average velocity - MARL -

[120] Collision monitoring  Velocity comparison - - -

[121] - Velocity reward - Lane change penalty -

[122] Rule-based - Attention mechanism - -

[123] IDM & collision Velocity difference - - IDM integration
[124] Speed-limit reward Overtaking reward - Lane-change limit -

[125] Lane change penalty Velocity tracking - - PD controller
[126] Reward function Reward function - - Risk potential field
[127] Adaptive cruise High-speed reward - - ACC formulations
[128] Collision penalty Velocity difference LSTM-DDQN - -

[129] Safety rules Reward function Reward shaping - Safety rules
[130] Reward function Reward function MARL reuse Joint policy -

[131] Reaction time Lane-changing point DCG efficiency MARL -

[132] Collision penalties Overtaking reward Parameter sharing MARL -

[133] Collision rewards Velocity ratio - Lane change limit =~ Emergency braking
[134] Safety layer Velocity ratio Attention mechanism - SVM boundaries
[135] Collision rewards Velocity ratio Distributional DQN MARL -

[136] Collision rewards Velocity difference - Lane change penalty Rule-based
[137] Collision reduction Speed increase CNN-LSTM Lane change limit Representations

5

-’ indicates that the corresponding factor was not explicitly addressed in the study.

TABLE I
CATEGORIZATION OF DRL BASED APPROACHES FOR HIGHWAY DRIVING

Category References & Analysis

Network structure improved DRL

[112], [128], [135], [137]. Architectural changes aim to enhance spatio—temporal representation and sampling efficiency. Attention [112]

and LSTM-based models [128] improve temporal reasoning, while distributional DQN [135] and CNN-LSTM hybrids [137] strengthen

sample efficiency and interpretability.

Policy improved DRL

[104], [109]-[111], [115], [117]-[121], [123], [124], [130]-[132]. These works optimize policies through reward shaping, objective

design, imitation learning, and MARL. Examples include overtaking and safety rewards [104], [115], imitation-guided policies [111], and
cooperative strategies using level-k or multi-agent reasoning [117], [130].

Robust control assisted DRL

[103], [105]-[109], [125], [127], [129], [133], [134], [136]. Classical control principles (e.g., NMPC [105], PD control [125]) and

rule-based or safety-layer mechanisms help enforce dynamic feasibility and safety. Some combine handcrafted safety rules with learned

modules for robustness [103].

Traffic model assisted DRL

[113], [114], [123], [126]. Traffic models such as IDM support realistic car-following [113], [114], and risk potential fields assist in

modeling surrounding dynamics for safer planning [126].

[146] targets safety, efficiency, and unselfishness: safety is
encouraged through penalties for small headways, efficiency
by maintaining appropriate gaps, and unselfishness through
cooperative MARL.

D. Four-Factor Methods for On-Ramping Merging

Four-factor methods provide more comprehensive designs.
In [147], DDPG-assisted ramp metering and speed lim-
its improve efficiency and training efficiency, while the
transparency of these controls supports unselfishness and
interpretability. Reference [148] offers a balanced four-factor
solution: an APF module improves safety and interpretabil-
ity by quantifying and visualizing risk, and MPC-DDQN

integration enhances both efficiency and training efficiency.
Compared with this, [144] achieves efficiency and training
efficiency but lacks risk visualization, while [145] improves
efficiency and interpretability through RM but provides weaker
safety mechanisms. Reference [146] strengthens safety and
efficiency via headway management and promotes cooperation
through MARL, though it provides neither MPC-level control
nor interpretable risk modeling. Reference [149] addresses
efficiency, training efficiency, and unselfishness by combining
driver-intention modeling with DDPG. Finally, [150] achieves
safety, efficiency, training efficiency, and interpretability via
reward design and an IDM module, with independent PPO
improving training speed.
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TABLE IIT
EVALUATION OF THE DRL-BASED DECISION MAKING IN ON-RAMPING MERGING
Ref. Safety Efficiency Training Unselfishness Interpretability
Efficiency
[138] - Reward - - -
function
[139] - Travel time re- - - -
ward
[140] Safety factor - - - -
[141] Collision-free - - - -
driving
[142] - Average veloc- - MARL -
ity reward
[143] - Error state re- - - Traditional
duction controller
[146] Distance penalty Distance minimization - MARL -
[144] - Trip time dif- Teacher- - Traditional
ference student model control
[145] - Speed compari- - Ramp metering Ramp metering
son
[147] - DDPGe-assisted DDPG RM and VSL RM and VSL
RM
[148] APF MPC with MPC with - APF
DDQN DDQN
[149] .. Stop maneuver . HDV
Collision penalty penalty DIM with DDPG intentions -
[150] Safety reward Efficiency IPPO - IDM
reward
[151] Crash evaluation Stable speed Safety. MARL Rule—bqsed
assessment supervisor constraints
[152] Collision Velocity ratio Adversarial Nash-based transparent
rewards constraints game game process
[153] DRAC Velocity ratio Multi-state rep. Vehicle coop. DRAC
reward
TABLE IV
CATEGORIZATION OF DRL BASED APPROACHES FOR ON RAMP MERGING
Category References & Analysis

Network structure improved DRL

Policy improved DRL

No reviewed work explicitly modifies the network architecture for ramp merging.

[138]-[142], [146], [152]. Policies are refined mainly through reward shaping and decision logic. Q-learning optimizes remaining ramp

time [138] and travel time [139]. Safety is strengthened by penalizing small gaps [140], [141], and MARL encourages cooperative merging

[142], [146], [152].
Robust control assisted DRL

[143]-[145], [147]-[149], [151], [153]. Classical control supports learning by improving stability and constraint handling. Examples

include tuning controller parameters [143], teacher—student supervision [144], and integrating ramp metering, VSL, APF, or MPC to
guide safe and efficient merging [145], [147]-[149], [151], [153].

Traffic model assisted DRL

[150]. Traffic flow models such as IDM are embedded to represent realistic ramp dynamics and improve safety and efficiency.

E. Five-Factor Methods for On-Ramping Merging

In [151], driving safety and efficiency have been achieved
through collision and stable speed assessment rewards, respec-
tively. Training efficiency is improved by using a safety
supervisor, filtering detectable collision cases. Interpretabil-
ity is enhanced through rule-based safety constraints, and
unselfishness is achieved using MARL to maximize general
profits. Similarly, all factors have been addressed in [152],
where driving safety and efficiency are achieved via collision
rewards and a velocity ratio, respectively. Training efficiency
is enhanced by adversarial constraints, while unselfishness
and interpretability is enhanced through a transparent Nash-
based game that considers HDV’s profits. Finally, in [153],
driving safety and interpretability have been achieved using
the deceleration rate to avoid a crash (DRAC), which has a
detailed mathematical formulation and is transparent. Driving

efficiency is improved by using (5) as an efficiency reward.
Unselfishness is addressed by considering the cooperation
intentions of other vehicles, and training efficiency is improved
using multi-state representations to enhance the agent’s learn-
ing capabilities. The DRL-based decision making methods
in on-ramp merging based on DDTUI are summarized in
Table III and categorized in Table IV.

VI. DEEP REINFORCEMENT LEARNING-BASED
DECISION-MAKING AT ROUNDABOUTS

A. Single-Factor Methods for Roundabout Driving

Driving efficiency in roundabout driving has been improved
using soft actor-critic (SAC) with higher peak rewards in
[154]. Training efficiency has been achieved through action
repeat and asynchronous advantage in [155]. Action repeat
improves efficiency by allowing the agent to repeat the same
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action for several time steps, decreasing the frequency of
making new decisions. Asynchronous advantage enables each
agent to share its interaction experience with others. Training
efficiency has been further improved by embedding the opera-
tional design domain (ODD) into DQN in [156]. ODD guides
the training to more targeted scenarios, reducing unnecessary
exploration and accelerating convergence.

B. Dual-Factor Methods for Roundabout Driving

Dual-factor methods typically target efficiency, safety, train-
ing efficiency, or interpretability. Reference [157] improves
efficiency and training efficiency via the Conditional Repre-
sentation Model, which classifies states as safe or unsafe to
guide learning. Reference [158] enhances training efficiency
and interpretability by using expert-labeled data for supervised
guidance. Reference [159] improves safety and efficiency
using rewards based on desired speed and allowable relative
distance.

Training efficiency and interpretability are jointly improved
in [160] through optimization-embedded DRL, which provides
transparent model-based updates. Reference [161] improves
safety and unselfishness using collision and off-road penalties
with MARL to promote cooperative behavior. Reference [162]
achieves safety and interpretability via collision penalties and
a gradual training curriculum that progresses from sparse to
dense traffic.

C. Three-Factor Methods for Roundabout Driving

Three-factor approaches mainly combine safety, efficiency,
and training efficiency. Reference [163] achieves this using
dedicated safety and efficiency rewards and accelerates con-
vergence through trust region policy optimization (TPRO).
Reference [164] enhances safety and efficiency through non-
collision lane-change and velocity-based rewards, while train-
ing efficiency improves through LSTM-enhanced actor—critic
networks. Reference [165] strengthens training efficiency via
reward normalization and boosts safety and efficiency using
multi-environment training, which increases success rates and
reduces crashes.

D. Four-Factor Methods for Roundabout Driving

Four-factor methods provide the most comprehensive cover-
age.Reference [166] addresses safety using d, efficiency using
a velocity-ratio reward, training efficiency through synthetic
representations, and unselfishness through MARL.Reference
[56] covers safety, efficiency, interpretability, and training
efficiency using crash penalties, high-speed rewards, IDM
for transparent car-following, and an interval-prediction mod-
ule to reduce training cost.Reference [167] integrates safety,
efficiency, training efficiency, and interpretability through
collision and stop penalties, hybrid DDPG-DQN-NMPC
training, and NMPC-based transparent decision mechanisms.

Relative to these, [167] offers the strongest overall balance:
it provides interpretable control via NMPC, fast convergence
through hybrid learning, and robust safety—efficiency trade-
offs. Three-factor methods such as [163], [164], and [165]
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achieve competitive performance but lack the explicit inter-
pretability provided by NMPC in [167]. Similarly, while [56]
and [166] cover four factors, their interpretability and training-
efficiency mechanisms are less cohesive than those in [167].
Overall, [167] stands as a strong baseline for roundabout
driving due to its balanced treatment of all four dimensions.

E. Five-Factor Methods for Roundabout Driving

All five factors have been considered in [107], where
driving safety and interpretability are ensured by a rule-
based action inspector. Driving efficiency is enhanced via
high-speed rewards. Training efficiency is achieved through
a Kolmogorov-Arnold network-enhanced DQN. Unselfishness
is promoted through rule-based route planning that considers
the varying distributions of HDVs on the roundabout. The
DRL-based decision making methods in roundabouts based
on DDTUI are summarized in Table V and categorized in
Table VI.

VII. DEEP REINFORCEMENT LEARNING-BASED
DECISION-MAKING AT UNSIGNALIZED INTERSECTIONS

A. Single-Factor Methods for Intersection Driving

Traffic efficiency has been improved by using the difference
between vy and v, as a reward in [168]. Additionally, a penalty
is applied when the velocity drops below a threshold, further
boosting traffic efficiency. In [169], driving efficiency has been
achieved by applying a constant penalty as long as the AV has
not reached the target exits.

B. Dual-Factor Methods for Unsignalized Intersection
Driving

Dual-factor methods for intersections focus mainly on com-
binations of efficiency, interpretability, training efficiency, and
unselfishness.

Driving and training efficiency are improved in [170] by
using total waiting time (TWT) in the reward and accelerating
learning through a background-removal ResNet. Several works
combine efficiency with interpretability: [171] uses a velocity-
difference reward for efficiency and IDM for transparent
car-following; [172] enhances efficiency with a velocity-based
reward and interpretability through rule-based safety poli-
cies; [173] improves efficiency using safe-distance rewards
and gains interpretability via a model-based TD3 structure;
[174] promotes efficiency with a speed-ratio reward and inter-
pretability through gridded coordination-zone representations.

Driving and training efficiency are also addressed in [175]
using DQN with shared and task-specific submodules to
enable knowledge transfer across tasks. Training efficiency
and unselfishness are improved in [176] through incentive
communication-assisted MARL, where agents exchange cus-
tom messages to coordinate and maximize collective benefit.
Reference [177] enhances efficiency and training efficiency
using an adaptive D2-TSP module with DDQN to optimize
bus speeds and reduce passenger waiting time. Similarly,
[178] improves both factors through cooperative intersection
management combined with DQN and vehicle connectivity.
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TABLE V
EVALUATION OF THE DRL-BASED DECISION MAKING AT ROUNDABOUTS
Ref. Safety Efficiency Training Unselfishness Interpretability
Efficiency
[154] - SAC with - - -
higher peak
rewards
[155] - - Action repeat, - -
asynchronous
advantage
[156] - - ODD- - -
embedded
DQN
[157] - CRM CRM - -
[158] - - Expert - Expert
guidance guidance
[159] Allowable rela- Vg - - -
tive distance
[160] - - Optimization- - Model-based
embedded optimization
DRL
[161] Collision - - MARL -
penalties
[162] Collision - - - Gradual train-
penalties ing
[163] Safety rewards Efficiency TPRO - -
rewards
[164] Non-collision Velocity differ- LSTM- - -
rewards ence rewards embedded
actor-critic
[165] Fewer crashes Higher success Reward - -
rates normalization
[166] Safety distance Velocity ratio Synthetic rep- MARL -
resentation
[56] Crash penalties High-speed re- Interval predic- - IDM
wards tion
[167] Collision Vehicle-stop DDPG, DQN, - NMPC
penalties penalties NMPC integra-
tion
[107] Rule-based in- High-speed re- KAN-DQN Rule-based Rule-based in-
spector wards planning spector
TABLE VI

CATEGORIZATION OF DRL BASED APPROACHES FOR ROUNDABOUT DRIVING. SOME REFERENCES CONTRIBUTE TO MULTIPLE CATEGORIES

Category References & Analysis

Network structure improved DRL

[107], [156], [157], [164]. Architectural changes enrich features or guide training: embedding the operational design domain into DQN

to focus on targeted scenarios [156]; a conditional representation model for state characterization [157]; adding LSTM to the actor critic
to capture temporal dynamics [164]; a Kolmogorov Arnold network enhanced DQN for improved feature mapping [107].

Policy improved DRL

[154], [155], [158]-[163], [165]. Studies refine the learned policy via reward design and training strategies: higher peak rewards with

SAC to promote efficiency [154]; action repeat and asynchronous advantage style updates to boost training efficiency [155]; expert
guided labeling and imitation [158]; safe driving criteria embedded in rewards [159]; optimization embedded DRL to tailor behavior for

roundabouts [160]-[163], [165].
Robust control assisted DRL

[166], [167]. Conventional control is combined with learning to enforce constraints and stabilize training: DRL with NMPC and related

controllers for safe decisions under physical limits [167]; rule based action inspectors and synthetic representations to improve robustness

[166].
Traffic model assisted DRL

[56]. Established traffic models improve safety and interpretability; IDM guides car following aligned with realistic dynamics.

C. Three-Factor Methods for Unsignalized Intersection
Driving

In [179], driving efficiency, unselfishness, and training effi-
ciency have been addressed. Driving efficiency is enhanced
by penalizing each low-speed state, while unselfishness is
achieved through MARL for maximizing overall profits. Train-
ing efficiency is improved with multi-agent DQN, which offers
faster convergence than baseline algorithms. In [180], driving

efficiency, training efficiency, and interpretability have been
integrated. Driving efficiency is increased by rewarding each
high-velocity state, and training efficiency is achieved by com-
bining deep Q-learning with transfer learning. Interpretability
is improved by using the IDM for safe vehicle following.

In [181], driving safety, driving efficiency, and training
efficiency have been incorporated. Driving safety is promoted
through collision penalties, and driving efficiency is enhanced
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by rewarding velocities higher than a baseline. Training effi-
ciency is improved by using a spatial and temporal attention
module with SAC. In [182], all three aspects have also been
addressed. Driving safety and efficiency are improved by
rewarding goal attainment and penalizing collisions. Training
efficiency is enhanced using a randomized prior function
(RPF) for each ensemble member, leading to a better Bayesian
posterior [185]. Compared with this approach, [179] empha-
sizes driving efficiency by penalizing low speed states and
promotes unselfishness with multi agent reinforcement learn-
ing, while training efficiency is improved via multi agent
DQN. However, its safety mechanism is less explicit and
does not adopt the goal oriented reward strategy in [182].
Likewise, [180] raises efficiency by rewarding high velocity
states and speeds training by combining Q learning with
transfer learning; interpretability is provided by IDM based
following, but it lacks the robust uncertainty handling enabled
by the randomized prior function in [182]. Furthermore, [181]
improves safety and efficiency through collision penalties and
velocity based rewards and uses a spatio temporal attention
module with SAC to enhance training efficiency, yet it focuses
on standard scenarios and does not explicitly address edge
cases where RL may exploit reward loopholes. Overall, while
each method has strengths, [182] offers a more balanced
integration of safety, efficiency, and training efficiency, largely
due to its use of a randomized prior function for uncertainty.

D. Four-Factor Methods for Unsignalized Intersection
Driving

In [33], driving safety, driving efficiency, training efficiency,
and unselfishness have been incorporated. Driving safety
is enhanced through autonomous intersection management
(AIM), and driving efficiency is improved by applying a
constant penalty until the AV reaches the exits. Training
efficiency is improved by embedding AIM and LSTM into
the learning, and unselfishness is achieved through MARL.
In [183], driving safety, driving efficiency, training efficiency,
and interpretability have been integrated. Driving safety is
promoted through collision penalties, and driving efficiency
is enhanced by rewarding goal attainment. Training efficiency
is improved through the Mix-Attention Network, synthetic
representation mechanism, and replay memory mechanism.
The interpretability is ensured by using the IDM.

E. Five-Factor Methods for Intersection Driving

In [184], driving safety has been promoted through collision
penalties, while driving efficiency is enhanced by penalizing
each state with velocity lower than the vp,;,. Training efficiency
is improved using value decomposition-based multi-agent deep
Q-learning. Unselfishness is achieved by employing MARL to
minimize joint profits, and interpretability is ensured through
the IDM. The DRL-based decision making on unsignalized
intersections based on DDTUI is summarized in Table VII,
while these methods are categorized in Table VIII.
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VIII. SCENARIO-CENTRIC LEARNING AND
TRANSFERABILITY ANALYSIS

This section provides a systematic evaluation of scenario-
centric learning improvements and cross-scenario transfer-
ability for DRL-based autonomous driving methods across
the four investigated scenarios. The SCLT framework dis-
tinguishes genuine scene-specific learning advances from
domain-specific heuristics by analyzing framework-level evi-
dence rather than relying on heterogeneous evaluation metrics.

The SCLT evaluation methodology employs a comprehen-
sive multi-dimensional assessment framework. For scenario-
specific learning improvements, each method is evaluated
across three critical dimensions: (i) Tailored State Represen-
tations: whether the approach incorporates scenario-specific
environmental features beyond generic vehicle dynamics,
such as merging gap analysis, circular trajectory encoding,
or intersection conflict mapping; (ii) Specialized Learning
Objectives: whether the algorithm extends beyond standard
reward tuning to include scenario-focused mechanisms, such
as yield-priority protocols, gap acceptance strategies, or multi-
exit navigation optimization. For cross-scenario transferability
assessment, the analysis examines structural dependencies
across multiple levels: topology dependencies, such as adap-
tation to different road geometries from linear highways to
circular roundabouts; rule dependencies, such as algorithmic
reliance on scenario-specific traffic rules versus univer-
sal driving principles; and dynamic dependencies, such as
adaptability to varying interaction patterns from high-speed
merging to low-speed intersection negotiations. Each reviewed
method receives a systematic scoring across these dimensions,
enabling quantitative comparison of learning advancement
levels and transferability potential. The framework further
groups methods into learning tiers and transferability classes
based on their cumulative scores. Tables IX—XII summarise
the SCLT assessments for highways, on-ramps, roundabouts,
and unsignalised intersections.

A. Highway Scenario Learning Analysis

Highway scenarios offer structured multi-lane settings with
longitudinal and lane-change decisions. The SCLT analy-
sis shows differing levels of scenario-specific learning gains
across methods.

1) Scenario-Specific Learning Assessment: Several high-
way methods demonstrate genuine scenario-specific learning
adaptations. The spatio—temporal image representations in
[137] provide tailored state representations for multi-lane
highways by encoding lane structure and vehicle formation
patterns. Its CNN-LSTM architecture introduces specialized
learning objectives that capture the temporal dynamics of
highway interactions.

The IDM integration approaches [114], [123] embed cal-
ibrated car-following models for high-speed longitudinal
control, tuning parameters such as time gaps and deceleration
to highway conditions. However, they offer little bespoke state
representation beyond standard vehicle-dynamics features. The
safety-based driving rules in [129] provide both tailored states
and specialised objectives: minimum time gaps and lane-
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TABLE VII
EVALUATION OF THE DRL-BASED DECISION MAKING AT UNSIGNALIZED INTERSECTIONS

Ref. Safety Efficiency Training Unselfishness Interpretability
Efficiency
[168] - Velocity differ- - - -
ence reward
[169] - Time penalty - - -
[170] - Total  waiting Background re- - -
time moval ResNet
[171] - Velocity differ- - - IDM
ence reward
[172] - Velocity-based - - Safety-based
reward rule policy
[173] - Safe distance - - MPC with TD3
reward
[174] - Velocity ratio - - Gridded coor-
reward dination zone
[175] - Goal DQN with sub- - -
attainment tasks
reward
[176] - - Incentive com- MARL -
munication
[177] - D2-TSP DDQN - -
[178] - CIM-enhanced CIM-enhanced - -
DQN DQN
[179] - Low-speed Multi-agent MARL -
penalty DQN
[180] - High-velocity DQL with - IDM
reward transfer
learning
[181] Collision High-velocity SAC with at- - -
penalties reward tention
[182] Collision Goal RPF - -
penalties attainment
reward
[33] AIM Constant time AIM and MARL -
penalty LSTM
[183] Collision Goal Mix-Attention - IDM
penalties attainment Network
reward
[184] Collision Low-velocity VD-MADQL MARL IDM
penalties penalty
TABLE VIII

CATEGORIZATION OF DRL BASED APPROACHES FOR UNSIGNALIZED INTERSECTION DRIVING

Category References & Analysis

Network structure improved DRL [170], [175], [181]-[183]. Architectural enhancements aim to improve convergence and feature extraction, including background-removat
ResNet [170], shared and task-specific DQN branches [175], spatial-temporal attention with SAC [181], ensemble priors [182], and mix-

attention networks [183].

Policy improved DRL [168]1, [169], [171]-[174], [177]-[180], [184]. These works refine reward shaping and decision policies: differential velocity rewards
for efficiency [168], [169], waiting-time or distance-based incentives for coordination [171]-[174], [177], [178], and transfer learning or
MARL to accelerate convergence and encourage cooperation [179], [180], [184].

Robust control assisted DRL [33], [183]. Classical control is integrated to enhance safety and stability, for example through AIM-style scheduling or controller-based

decision refinement.

Traffic model assisted DRL [171], [172], [174], [180], [183], [184]. Traffic models such as IDM and rule-based safety policies guide DRL toward realistic following

and coordinated movement at intersections.

distance metrics encode highway-specific spatial relations,
while potential-based rewards target typical highway lane
changes. Some methods show partial scenario-specific adap-
tation. The overtaking-oriented training in [104] introduces
specialized learning objectives through rewards that prioritize
position advancement, a key metric for highway efficiency, but
lacks tailored state representations.

Most methods, including [103], [115], [117], [118], show
limited scenario-specific learning gains, relying on generic
rewards and standard multi-agent mechanisms without mod-
elling highway-specific structures or interactions.

2) Cross-Scenario Transferability Assessment: The trans-
ferability analysis reveals substantial variation across method
categories. Network structure improvements, including atten-
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TABLE IX

SCLT ASSESSMENT FOR HIGHWAY SCENARIO DRL METHODS

Reference Tailored State Rep. Specialized Objectives Learning Level Transferability Primary Adaptation
[137] High High Comprehensive High Spatio-temporal encoding
[129] High High Comprehensive Medium-High  Safety rule formulation
[114] Medium High Partial Medium IDM integration

[123] Medium High Partial Medium IDM + reward design
[104] Low High Partial Medium Overtaking-oriented rewards
[105] Low Medium Partial Medium-High NMPC constraints

[125] Low Medium Partial Medium-High PD controller integration
[126] Low Medium Partial Medium Risk potential field

[112] Low Low Minimal High Attention mechanism
[128] Low Low Minimal High LSTM architecture

[134] Low Low Minimal High SVM boundaries

[103] Low Low Minimal Medium Safety modules

[115] Low Low Minimal Medium Generic rewards

[117] Low Low Minimal Medium Level-k game

[118] Low Low Minimal Medium MARL framework

Learning Level: Comprehensive (both dimensions high), Partial (one dimension high), Minimal (both dimensions low).
Transferability: High (direct application), Medium-High (minor adaptation), Medium (moderate adaptation), Low (major adaptation).

TABLE X
SCLT ASSESSMENT FOR ON-RAMPING MERGING SCENARIO DRL METHODS

Reference Tailored State Rep. Specialized Objectives Learning Level Transferability Primary Adaptation
[148] High High Comprehensive Medium-High ~ APF risk visualization
[144] Medium High Partial High Teacher-student framework
[149] Low High Partial Medium Driver intention modeling
[145] Medium High Partial Medium Ramp metering integration
[147] Medium High Partial Medium RM and VSL control
[153] Medium High Partial Medium DRAC safety assessment
[150] Low Medium Partial Medium IDM integration
[143] Low Medium Partial Medium-High  Traditional controller tuning
[138] Low High Partial Medium Queue length optimization
[146] Low Medium Partial High MARL cooperation
[142] Low Low Minimal High Generic MARL
[151] Low Low Minimal High Rule-based constraints
[152] Low Low Minimal Medium Nash-based game
[139] Low Low Minimal Medium Travel time optimization
[140] Low Low Minimal Medium Generic safety factor
[141] Low Low Minimal Medium Generic collision avoidance
TABLE XI

SCLT ASSESSMENT FOR ROUNDABOUT SCENARIO DRL METHODS
Reference Tailored State Rep. Specialized Objectives Learning Level Transferability Primary Adaptation
[107] High High Comprehensive Medium Rule-based action inspector
[156] Medium High Partial High ODD embedding
[167] Low High Partial High NMPC integration
[56] Medium High Partial Medium IDM and path prediction
[157] Low Medium Partial Medium Conditional representation
[160] Low Medium Partial High Optimization-embedded DRL
[166] Low Medium Partial High Synthetic representation
[163] Low Low Minimal High Trust region optimization
[164] Low Low Minimal High LSTM actor-critic
[165] Low Low Minimal High Multi-environment training
[155] Low Low Minimal High Action repeat mechanism
[154] Low Low Minimal High Peak reward optimization
[159] Low Low Minimal Medium Generic reward design
[161] Low Low Minimal High Generic MARL
[158] Low Low Minimal High Expert guidance
[162] Low Low Minimal Medium Gradual training mode

tion mechanisms [112], [134] and LSTM-based archi-
[137], show high transferability because

tectures

[128],

spatial-temporal attention and sequence modeling are broadly
applicable across autonomous driving scenarios.
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TABLE XII
SCLT ASSESSMENT FOR UNSIGNALIZED INTERSECTION SCENARIO DRL METHODS

Reference Tailored State Rep. Specialized Objectives Learning Level Transferability Primary Adaptation
[174] High High Comprehensive Medium Gridding coordination zone
[33] Low High Partial Medium AIM integration

[177] Low High Partial Medium D2-TSP algorithm

[183] Medium High Partial High Mix-Attention Network
[176] Low High Partial High Communication-assisted MARL
[181] Low Medium Partial High Spatial-temporal attention
[182] Low Medium Partial High Randomized prior function
[178] Low Medium Partial High Cooperative intersection mgmt
[175] Low Medium Partial High Sub-task knowledge sharing
[179] Low Low Minimal High Generic MARL

[180] Low Low Minimal High Transfer learning

[184] Low Low Minimal High Value decomposition
[173] Low Low Minimal Medium Model-based TD3

[171] Low Low Minimal Medium IDM integration

[172] Low Low Minimal Medium Rule-based policy

[170] Low Low Minimal High Background removal ResNet
[168] Low Low Minimal Medium Generic reward design
[169] Low Low Minimal Medium Constant penalty

Policy-level improvements exhibit medium transferability.
Reward shaping and multi-objective formulations can be
adapted with parameter adjustments, but highway-specific
objectives—such as overtaking rewards [104] or high-speed
efficiency metrics—require extensive modification for low-
speed or multi-directional settings like intersections.

Control-integration methods demonstrate medium-high
transferability. NMPC integration [105] and safety-constraint
frameworks [129], [136] provide generalizable mathematical
structures, although the associated safety bounds and con-
straint parameters must be recalibrated for each scenario’s
geometry and operating speed.

Traffic-model integration approaches show medium trans-
ferability. IDM-based methods [114], [123] generalize mod-
erately well because car-following principles apply across
scenarios, but substantial parameter adaptation is required
for environments with different interaction patterns, such as
roundabouts or intersections.

B. On-Ramping Merging Scenario Learning Analysis

On-ramp merging poses challenges involving acceleration,
gap acceptance, and spatial constraints. The SCLT analysis
shows distinct patterns of learning specialisation across the
reviewed methods.

1) Scenario-Specific Learning Assessment: Several meth-
ods show clear merging-specific adaptations. The APF-DDQN
framework in [148] offers tailored states and specialised
objectives: the APF models risk regions for gap assessment
and collision avoidance, while the MPC-DDQN setup adds
temporal decision-making suited to merging.

The teacher—student approach in [144] also reflects mean-
ingful scenario-specific adaptation. It incorporates traditional
merging control strategies as supervisory signals, and its
tailored state representations embed domain knowledge related
to acceleration, gap acceptance, and merging feasibility. The
DIM-based method in [149] offers specialized learning objec-
tives by modeling HDV intentions to support cooperative gap
acceptance, a key requirement in merging contexts. How-
ever, its state representation remains largely generic beyond

standard multi-agent encodings. The RM-based approaches
in [145] and [147] show partial scenario-specific adaptation.
Their learning objectives incorporate traffic-flow optimization
mechanisms designed for ramp environments, addressing spa-
tial constraints and ramp-specific flow patterns, although their
state representations remain limited.

Some methods provide only minimal scenario-specific
improvements. The queue-length optimization in [138] adds
merging-relevant reward terms such as queue length and
merging-zone speed but lacks tailored state representations.
Most remaining approaches, including [139], [140], [141],
[142], rely primarily on generic reward shaping and standard
safety rules without explicitly modeling merging-specific envi-
ronmental features or learning mechanisms.

2) Cross-Scenario Transferability Assessment: Transfer-
ability varies across merging-specific methods. The APF-based
risk visualization approach [148] has medium-high trans-
ferability: its risk visualization can extend to intersections
and roundabouts with geometric adjustments, though spatial
constraints need reconfiguration. The teacher—student learning
framework [144] shows high transferability, as supervisory
controllers can be swapped for diverse scenarios. Traffic flow
optimization through RM and VSL [145], [147] has medium
transferability; the concepts generalize, but models and
parameters require substantial revision outside infrastructure-
regulated settings. Cooperative learning mechanisms in MARL
[142], [146], [151] demonstrate high transferability, with
multi-agent coordination naturally extending to intersections
and roundabouts. The DRAC-based safety assessment [153]
shows medium transferability: its collision-risk formulation
adapts to other scenarios, but thresholds must be recalibrated
for different speeds and interactions.

C. Roundabout Scenario Learning Analysis

Roundabout scenarios demand specialized learning due to
circular topology, multi-exit navigation, and complex yielding.
SCLT analysis shows limited but notable scenario-specific
learning across methods.
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1) Scenario-Specific Learning Assessment: The roundabout
literature contains fewer fully developed scenario-specific
adaptations compared with highway and merging scenarios.
The rule-based action inspector in [107] provides both tailored
state representations and specialized learning objectives. Its
rule-based route planning explicitly handles multi-exit nav-
igation and varying HDV distributions on the roundabout,
representing a strong scenario-specific learning adaptation.

The ODD embedding method in [156] demonstrates special-
ized learning objectives by incorporating roundabout-relevant
operational constraints into a DQN framework. It also offers
tailored state representations by integrating safety and opera-
tional boundaries specific to circular driving environments.

The NMPC-based approaches in [167] introduce specialized
objectives through predictive control tailored for roundabout
navigation. The NMPC module addresses circular-trajectory
planning and multi-exit decisions, though its state represen-
tation remains largely limited to standard vehicle-dynamics
features adapted to circular paths.

The IDM integration in [56] provides specialized objectives
by adapting car-following dynamics to roundabout-specific
behavior. Its interval prediction model for feasible path pre-
computation serves as a tailored state representation that
encodes geometric constraints and multi-exit structure.

Several methods show partial scenario-specific adaptation.
The CRM approach in [157] includes specialized learning
objectives through roundabout-specific safe—unsafe state clas-
sification. However, its state representation remains largely
generic, relying on general safety-encoding mechanisms rather
than explicitly modeling roundabout geometry or conflict
patterns.

The majority of reviewed methods, including [154], [155],
[159], [160], show minimal scenario-specific learning, relying
on generic rewards, standard training techniques, and con-
ventional multi-agent frameworks without roundabout-specific
adaptations.

2) Cross-Scenario Transferability Assessment: Transfer-
ability varies among roundabout-specific methods. The rule-
based action inspector approach [107] has medium transfer-
ability: its route-planning concepts extend to intersections,
but circular-geometry assumptions need major adaptation
for highways or merging scenarios. The NMPC integration
[167] shows high transferability, as its predictive control
framework can be adapted to other scenarios by adjust-
ing models and constraints, making it broadly applicable
across autonomous driving contexts. The ODD embedding
approach [156] is highly transferable, as incorporating oper-
ational design domains can be applied to any scenario by
specifying scenario-specific boundaries and constraints. The
IDM-based approaches [56] demonstrate medium transferabil-
ity. While car-following principles apply broadly, the interval
prediction mechanisms and path precomputation strategies
require scenario-specific adaptations for non-circular environ-
ments. The MARL coordination mechanisms [161], [166]
has high transferability, as multi-agent cooperation principless
for roundabout scenarios can be effectively transferred to
intersection and merging scenarios. The training efficiency
improvements through action repeat [155] and trust region
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optimization [163] are also highly transferable, as these train-
ing acceleration techniques are scenario-agnostic and broadly
applicable.

D. Unsignalized Intersection Scenario Learning Analysis

Unsignalized intersections are highly complex, demanding
advanced coordination and conflict resolution strategies. The
SCLT analysis reveals limited scenario-specific learning devel-
opments despite this complexity.

1) Scenario-Specific Learning Assessment: The intersection
literature provides relatively few fully developed scenario-
specific learning adaptations. The AIM-based method [33]
targets multi-directional coordination and conflict resolution
but uses standard multi-agent state encoding with limited
scenario-specific representations. The gridding-based coordi-
nation zone method [174] shows both tailored state repre-
sentations and specialized objectives. Its spatial discretization
and matrix-based risk encoding capture intersection-specific
spatial relations and conflict patterns, representing a strong
scenario-focused adaptation. The adaptive D2-TSP inte-
gration [177] provides specialized objectives by modeling
intersection-specific temporal optimization but uses only
generic traffic-flow state representations. The Mix-Attention
Network [183] introduces specialized objectives through atten-
tion mechanisms suited to multi-directional interactions. While
its synthetic representation enhances feature extraction, it
still lacks highly tailored state definitions. Several meth-
ods exhibit partial scenario-specific adaptation. The incentive
communication-assisted MARL [176] incorporates specialized
objectives through custom message creation to support inter-
section negotiation, yet its state representation remains based
on general multi-agent communication formats.

Most methods, including [168], [169], [170], [171], [172],
show minimal scenario-specific learning, relying on generic
rewards, standard velocity metrics, and conventional IDM
integration without intersection-specific features or specialized
learning.

2) Cross-Scenario Transferability Assessment: Transfer-
ability varies across intersection-oriented methods. The AIM-
based approach [33] exhibits medium transferability: although
its coordination principles can extend to roundabouts, the
multi-directional conflict resolution mechanisms require sub-
stantial redesign for linear highway and ramp environments.
The gridding-based coordination zone method [174] also
shows medium transferability. Its spatial discretization can be
adapted to other scenarios with geometric adjustments, but the
conflict-zone formulations remain highly scenario dependent
outside intersection settings. Communication-assisted MARL
[176] demonstrates high transferability. Its custom messag-
ing and negotiation strategies apply naturally to merging,
roundabout circulation, and other multi-agent interactions,
making the framework broadly applicable across driving
scenarios. Attention-based learning approaches [181], [183]
similarly show high transferability. Spatial and temporal atten-
tion modules can be refocused to different risk regions,
enabling adaptation to highways, ramps, and roundabouts.
IDM-integrated methods [171], [180], [183], [184] exhibit
medium transferability. While car-following dynamics are
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TABLE XIII
OCCURRENCE AND RATIO OF EVALUATION FACTORS
ACROSS DIFFERENT SCENARIOS

Scenario  Safety  Eff. Train Eff. Unselfish. Interpret.
Highway 23 (77%) 20 (67%) 11 (37%) 13 (43%) 11 (37%)

Ramp 9 (56%) 14 (88%) 8 (50%) 8 (50%) 9 (56%)
Roundaboutl0 (63%) 11 (69%) 12 (75%) 3 (19%) 6 (38%)
IntersectionS (28%) 17 (94%) 12 (67%) 4 (22%) 6 (33%)

Total 47 (58%) 63 (78%) 44 (54%) 29 (36%) 32 (40%)

Percentages are relative to total studies per factor.

widely applicable, scenario-specific calibration of safety dis-
tances and speed profiles is necessary to accommodate varying
interaction patterns and operational speeds. The training effi-
ciency improvements through value decomposition [184] and
transfer learning [180] demonstrate high transferability, as
these training acceleration techniques are scenario-agnostic
and can be applied universally across autonomous driving
contexts.

IX. DISCUSSION

Table XIII shows the distribution of the five evaluation
factors across four scenarios. At unsignalized intersections,
18 studies (94.4%) prioritize efficiency to reduce delay in
interaction-dense settings. Ramps show a similar trend, with
14 studies (87.5%) emphasizing efficiency to ease congestion.
On highways, safety dominates in 23 studies (76.7%) due
to high-speed operation, whereas intersections incorporate
safety less frequently. Training efficiency is most prominent at
roundabouts (12 studies, 75%) and unsignalized intersections
(12 studies, 66.7%), reflecting the need for sample-efficient
learning in complex environments. Interpretability appears pri-
marily at ramps (9 studies, 56.25%) and highways (11 studies,
36.7%). Unselfishness is overall less common but receives
relatively more attention in highway and ramp settings.

DRL is promising across all scenarios, but deployment
depends on hardware, regulations, and public acceptance, each
shaped by scenario demands. Highways require strong onboard
computing and policies enforcing speed, lane keeping, and
headway, backed by safety evidence. Ramp merging demands
computational resources for precise gap acceptance and strict
rule compliance, validated transparently. Roundabouts need
heavier processing for complex trajectories and multi-agent
interactions, with adaptable controllers and clear decision
explanations. Unsignalized intersections are most challenging,
requiring policies that encode local norms, operate on reliable
hardware for timely responses, and are supported by extensive
testing and open reporting to ensure safety.

SCLT analysis highlights a persistent gap between sce-
nario complexity and scene-specific learning in current DRL
research. Only a few methods achieve comprehensive tai-
loring: 2/25 for highways, 1/16 for on-ramp merging, 1/16
for roundabouts, and 1/18 for unsignalized intersections.
Transferability varies: network-structure improvements are
broadly portable with minimal changes; policy tweaks trans-
fer moderately but require retuning; control integrations
transfer medium-high with scenario-specific calibration; and
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traffic-model integrations are highly variable, depending on
assumptions. Overall, research adapts best to structured high-
ways, while intersections and roundabouts—requiring richer
multi-agent coordination and spatial reasoning—remain under-
explored. Most methods fall into minimal learning, relying on
generic rewards and standard MARL without explicit scene
structure, leaving room for deeper, scenario-specific learning.

X. CONCLUSION AND FUTURE WORKS

This survey provides a comprehensive overview of DRL-
based decision-making for autonomous vehicles across
highways, on-ramp merging, roundabouts, and unsignalized
intersections. Beyond summarizing existing algorithms, we
highlight common research patterns, gaps, and emerging trends
through the lens of the five DDTUI factors. While safety
and efficiency remain widely addressed, recent work increas-
ingly integrates multiple factors within unified frameworks.
Approaches such as MARL and DRL—control integration show
strong potential to enhance unselfishness, interpretability, and
robustness in complex driving environments. Future challenges
and opportunities are summarized below.

1) Balancing all five DDTUI factors in a single frame-
work remains rare.Only 3 of 16 roundabout studies and
1 of 19 intersection studies achieve full coverage. This
underscores the difficulty of designing unified frame-
works that maintain safety, efficiency, unselfishness,
interpretability, and training efficiency together. Future
work should develop architectures that jointly optimize
all five factors.

2) Improving interpretability without sacrificing perfor-
mance remains limited.Fewer than 40% of reviewed
studies address interpretability, typically with a sin-
gle mechanism. While models like IDM provide
interpretable baselines for car-following, many high-
performing DRL policies remain non-transparent mod-
els. Future work should combine multiple interpretabil-
ity tools, such as APF and IDM, to enhance transparency
without reducing performance.

3) Developing richer MARL grounded in human behav-
ior remains a key challenge.About 50% of studies
use MARL to promote unselfish behavior, but real-
world traffic involves high uncertainty. Future work
should incorporate naturalistic driving data, combining
game-theoretic reasoning with learned driving-style clas-
sification. Large language models (LLMs) can provide
contextual understanding and explicit reasoning though
output may be inconsistent. A promising approach is
a hybrid pipeline where LLMs identify constraints and
DRL performs precise policy optimization within them.

4) Advancing scenario-centric learning with stronger
transferability is needed.Only 5 of 75 methods achieve
comprehensive learning across scenarios, showing a
gap between scenario complexity and specialization.
Future work should combine tailored states and special-
ized objectives with modular, transferable components.
Intersections need multi-directional conflict resolution,
roundabouts require circular-trajectory planning with
multi-exit strategies, and both remain underexplored.
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