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Abstract

Automated vehicle control using reinforcement learning (RL) has attracted significant attention
due to its potential to learn driving policies through environment interaction. However, RL agents
often face training challenges in sample efficiency and effective exploration, especially in complex
driving scenarios with delayed rewards, making it difficult to discover an optimal driving strategy
that can escape myopic behaviors. To address these issues, we propose guiding the training of the
RL driving agent with a demonstration policy that need not be a highly optimized or expert-level
controller. Specifically, we integrate a rule-based lane-change controller, which embeds human-like
driving heuristics, with the Soft Actor-Critic (SAC) algorithm to enhance exploration and learning
efficiency. The suboptimal controller is employed both as a soft constraint during the early stages
of policy training and as an additional source of training samples when populating the replay
buffer. We demonstrate this approach in a multi-lane highway trap escape overtaking scenario
with challenging traffic patterns that create strong exploration barriers, presenting results that
consistently outperform a number of standard RL algorithms.

Keywords: Reinforcement Learning, Automated Driving System, Vehicle Control, Complex Traf-

fic Scenarios, Optimization

The results presented in this report have been accepted for publication in the IEEE Open Journal
of Intelligent Transportation Systems [1], a peer-reviewed archival technical journal.

The source code for the work presented in this report and in [1] is available from:
https://github.com/Zhang1998-06 /suboptimal.
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Chapter 1

Introduction

The emergence of autonomous vehicles has introduced an innovative trajectory in the narrative of
highway driving. Autonomous highway driving, as studied in this project, pertains to the decision-
making and vehicle control processes through which autonomous vehicles navigate and interact
within highway environments. A typical high-level pipeline for the vehicle sensing and control
architecture is shown in Figure 1.1. It represents the convergence of cutting edge technologies
and involves the integration of advanced artificial intelligence and control algorithms, sensors and
sensor fusion, and real-time data processing to enable vehicles to make informed choices, such as
lane changes, merging, overtaking, and responding to intricate and dynamic traffic conditions [2,3],
promising enhancements in traffic management, safety, and overall efficiency [4]. The goal is to
ensure safe, efficient, and reliable autonomous travel on highways by enabling vehicles to analyze
complex scenarios, anticipate potential hazards, and execute actions that align with traffic rules
and user preferences [4-7]. Yet, despite remarkable strides, the task of crafting autonomous vehicles
with the capability to make discerning decisions remains a formidable obstacle. This complexity
emanates from the complicated amalgamation of diverse disciplines and the intricacies of real-world
scenarios, necessitating profound innovation and interdisciplinary collaboration [4,7-9].

In the rapidly evolving field of automated driving systems, three fundamental methodolo-
gies have emerged as essential strategies for addressing the complex challenge of decision-making
[7,9].The first approach, characterized as conventional, embraces a modular framework that gov-
erns the decision-making process within highway scenarios [3,10-15]. Within this paradigm, distinct
modules, often rule-based or model-based, are meticulously crafted, and each is responsible for ad-
dressing specific aspects of decision-making. These modules encompass specific behaviors such as
lane changes, merging, overtaking, and other maneuvers crucial for highway navigation. Ultimately,
the amalgamation of these modules along with a behavior planning and selection algorithm culmi-

For highway driving
Vehicle Perception and Scene Path Planning and Vehicle Control
Sensing Localization Representation Decision Making
Input Output

Figure 1.1: A pipeline of vehicle control process.
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Figure 1.2: RL agent interacts with the environment and learn from the environment.

nates in a cohesive decision-making system, which then interfaces with vehicle control mechanisms.
This approach, while promoting transparency and interpretability in decision processes, demands
the meticulous integration of diverse driving factors. It necessitates a comprehensive understanding
of adapting to an array of driving scenarios while accounting for diverse safety considerations.

Conversely, data-driven methodologies, exemplified by supervised learning, take a different path
towards decision-making refinement [16-20]. This approach simplifies the process by using machine
learning methods to replicate expert driving behavior. Developing such a controller entails con-
currently gathering and correlating sensor data with the respective steering, brake, and throttle
actuator actions performed by human drivers. However, a notable caveat of this method is its
demand for extensive data collection.

Finally, reinforcement learning emerges as another compelling paradigm, aiming to equip au-
tonomous systems with decision-making capabilities [2,21,22]. Through simulated interactions with
the environment, the self-driving agents accumulate data and experience, facilitating the acquisition
of driving strategies as illustrated in Figure 1.2. However, DRL controllers often rely on exploring
the environment in the early stages of their training. Insufficient exploration might hinder the
DRL controller from discovering better decision-making behaviors, which are essential for coping
with more complex traffic environments [10]. Moreover, existing studies gravitate towards simpler
traffic scenarios, restricting the generalizability of their findings when facing more intricate and
unpredictable real-world conditions [23,24].

One of the primary challenges in RL is achieving sufficient exploration of the environment while
maintaining sample efficiency. Despite methods such as maximum entropy DRL algorithms that
promote continuous exploration during training, agents still struggle to identify optimal policies in
complex environments that require long-term planning and effective handling of delayed rewards [25,
26].

In our previous study, we found that traditional online RL driving agents can encounter dense
traffic bottleneck situations where multiple steps of undesirable rewards discourage exploration and
prevent the discovery of long-term beneficial solutions [27]. Consequently, this limited exploration
can cause the agents to converge on suboptimal policies and overly conservative driving strategies
such as cruising behind slow vehicles. To address this issue, we propose a novel approach that
incorporates a demonstration controller to guide RL agents. This auxiliary demonstration controller
need not be carefully designed to ensure optimal performance, but it can help RL agents to overcome
exploration barriers and converge on an optimal driving policy by providing plausible and human-
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like behavior that is less obvious and more difficult to discover. Thus, an effective suboptimal
demonstration policy should encourage the learning of less obvious behaviors without being overly
complex or comprehensive.

Our contributions can be summarized as follows:

1. We present a driving-oriented bootstrapping paradigm for RL-based driving agents. Our
proposed approach systematically integrates imperfect demonstrations to break exploration
barriers and steer the learned policy toward higher optimality.

2. We introduce a multi-lane highway trap escape overtaking scenario as a case study to stress-
test RL driving agents under strong exploration barriers. This scenario also demonstrates
how our bootstrapping paradigm can be used to accelerate learning in challenging driving
settings.

1.1 Related Work

Prior research on RL-based autonomous driving primarily focused on a driving environment with
sparse traffic and predictable traffic patterns to manage complexity [7,23,24,28-30]. Within these
simplified domains, RL agents effectively learn driving policies by repeated interactions with a sim-
ulated environment. Although these approaches have demonstrated success in basic tasks, such as
lane-keeping and straightforward car-following scenarios, they often encounter significant challenges
related to exploration efficiency and sample inefficiency in some critical driving scenarios. Agents
frequently settle into suboptimal behaviors, particularly in complex and safety-critical scenarios
involving delayed reward feedback and long-horizon decision-making.

To address these challenges and enhance sample efficiency, researchers have incorporated prior
domain knowledge into RL frameworks for driving. This prior knowledge commonly originates from
rule-based or model-based methods, as well as from human expert demonstrations.

Rule-based and model-based methods have been widely explored for providing structured guid-
ance to RL training. One strategy uses rule-based or model-based methods as soft and hard con-
straints throughout the entire training process [21,31]. Although these methods provide structured
guidance and accelerate learning, they often lack flexibility in assessing dynamic traffic conditions
and vehicle dynamics. Consequently, RL agents can become overly dependent on fixed rules or
waypoint trajectories, severely limiting their ability to adapt to real-time uncertainties or rapidly
changing driving environments. Such dependence can cause failures in scenarios that require imme-
diate deviation from planned trajectories due to sudden obstacles or unexpected events. Alterna-
tively, some integration methods embed RL within a rule-based or model-based driving framework,
using RL to optimize the framework’s tunable parameters [32-34] or adopt hierarchical designs
in which RL is applied to high-level decision-making modules [35-37]. These hybrid strategies
offer a balanced trade-off between interoperability and adaptability. However, their effectiveness
still heavily depends on the accuracy and reliability of the underlying rule-based or model-based
components. Overly restrictive rules might also hinder the discovery of an optimal driving strategy.

Human expert demonstrations represent another critical source of prior knowledge for online RL
training. These demonstrations leverage the expertise of experienced human drivers, either through
real-time human-in-the-loop interactions or through offline expert datasets [38]. In interactive RL
scenarios, a human expert actively provides immediate corrective feedback during training, improv-
ing learning efficiency and minimizing undesirable exploratory behavior. However, this approach
requires substantial human effort and continuous online supervision, making it labor-intensive and
potentially difficult to scale. In contrast, offline learning methods, including imitation learning or
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Figure 1.3: We leverage the suboptimal policy in two ways: (1) as a soft constraint on the RL policy
during initial training stages, and (2) as a source for populating the replay buffer with additional
training samples.

offline RL, enable agents to efficiently bootstrap policy training by mimicking expert behaviors
extracted from high-quality driving datasets [16-20]. Although this approach is more scalable in
principle, collecting comprehensive, high-quality datasets can be costly.

We propose a DRL-based autonomous driving framework specifically designed to address critical
driving scenarios. Unlike previous approaches that rely heavily on expert demonstrations or optimal
control methods, our framework utilizes a suboptimal controller as guidance [22,38-40]. This
suboptimal controller, while not optimal in performance, encapsulates human-like driving heuristics,
effectively guiding the RL exploration toward practical driving behaviors. Compared to optimal
control designs, developing a heuristic controller significantly reduces design complexity and costs
while simultaneously enhancing sample efficiency aligned with human driving strategies. As shown
in Figure 1.3, we integrate driving heuristics into the RL framework as a soft constraint and as an
additional source of training samples. The incorporation of heuristic guidance balances structured
insights from human expertise with the necessary flexibility, enabling the RL agent to efficiently
explore and ultimately identify better driving policies.
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Chapter 2

Problem Formulation

We formulate the highway driving problem as a Markov Decision Process (MDP)
M= (S, A P, r ) (2.1)

where S is the set of states, A is the set of possible actions, P represents the state transition
dynamics, r : § x A — R is the reward function, and v € (0, 1) is the discount factor. Our goal is
to learn a policy 7w(a | s) that maximizes the expected cumulative discounted reward

max E[Z'ytr(s(t), a(t))}, at) ~ (- | s(t)). (2.2)
t=0

2.1 Ciritical Driving Scenarios

A common “Trap” situation

Ego-vehicle Trap vehicle 1 :
......... @ 0 s O W e
R e | Vo
. D, | I )
: — I I — Slow vehicle
-------------- B S
| D, - : |
| | Trap vehicle 2 I — : .i'.7 Traffic vehicle
77777777777777 L77777777777777777777777777777!777777777 | . ' —_—————— - Ve N
| R
I
Set atrap | End of trap

Figure 2.1: A highway “Trap” situation is represented by two vehicles moving slower than the
typical traffic, forcing the ego vehicle to reduce speed to avoid a collision. The agent’s objective
is to maneuver out of this “Trap” formed by slow-moving traffic and subsequently accelerate to a
desired speed. D1 and D5 indicated the initialization distances of the trap vehicles relative to the
ego vehicle.

We utilize a critical driving scenario for which finding an effective driving strategy is notably
challenging for standard DRL agents. As illustrated in Figure 2.1, upon entering the main road, the
ego vehicle encounters two! slower vehicles ahead, maintaining relatively short headway distances

1See Section 4.7 for additional scenario variants with more surrounding vehicles.
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Table 2.1: Simulation settings

Description Value
Vehicle length om
Vehicle width 2m
Road width 4m

D;: Initial longitudinal distance to trap veh 1  [14.80,16.44]m
Dy: Initial longitudinal distance to trap veh 2 [4.06, 7.43]m

D1 and Ds. These slower vehicles create a traffic ”trap” by driving significantly slower than the
surrounding traffic and below the ego vehicle’s preferred cruising speed. To successfully overtake
the trap vehicles, the ego vehicle must exploit the backward gap. This strategy is intuitive for
human drivers but challenging for RL agents because the delayed rewards obtained after escaping
the trap must outweigh the short-term rewards of remaining trapped. The higher benefit is not
evident until the maneuver is completed, which creates an exploration barrier.

Our simulated traffic scenario consists of trap vehicles intentionally driving at lower speeds
and regular traffic vehicles controlled by the Intelligent Driver Model (IDM) [14] and Minimizing
Overall Braking Induced by Lane Changes (MOBIL) [15]. Additional dynamic traffic vehicles
prevent overfitting to a fixed pattern and require the agent to combine overtaking with adaptive
maneuvering. The simulation settings used for training and testing are identical and are listed in
Table 2.1. Detailed traffic-vehicle configurations follow our previous work [27].

2.2 State

The observation contains 26 features describing the ego vehicle and four surrounding vehicles. Each
state s € S encodes both the ego vehicle’s motion and local traffic context as defined by

s = (pev l,e’ ye7 Uleon7 Uleam de?
(2.3)
{pn7 A:Cna Aynv AUITZ)IU Avﬁxt}i=1>

where p® denotes the presence of the ego vehicle, z€, y¢ is the ego vehicle’s longitudinal and lateral
position, v ,vf, is the ego vehicle’s longitudinal and lateral velocity, d° is its lateral offset from
the lane center, p” € {0, 1} indicates the presence of the n-th traffic vehicle, and Axz"™, Ay", Avp ,
and Avl, denote the relative position and velocity of the n-th surrounding vehicle with respect to
the ego vehicle in both the longitudinal and lateral directions.

2.3 Action

We employ a discrete action space consisting of 9 potential actions. Each action A consists of an
acceleration and steering pair (a, 6):

a€{-1,0,1} m/s* (2.4)

0 € {—n/50,0,7/50} rad. (2.5)

Thus, the automated driving agent operates with nine discrete actions as shown Figure 2.2.
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Figure 2.2: Action space for Single-level DRL controller.
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Figure 2.3: Speed Reward Function in a Highway Environment: The vehicle’s speed is categorized
into four distinct zones for effective management. These are: 1) Dangerous Low Speed Zone, for
speeds significantly below the optimal range; 2) Low Speed Zone, for speeds moderately below the
ideal; 3) Ideal Speed Zone, representing the optimal speed range for safety and efficiency; and 4)
Over Speed Zone, for speeds exceeding the safe upper limit.

2.4 Reward

We define four reward components: speed, lane centering, steering, and a penalty for critical
failures. A critical failure occurs when the ego vehicle stops dangerously on the highway, leaves
the drivable road surface, or collides with another vehicle. An episode terminates upon a critical
failure or when the maximum number of time steps is reached.

Speed reward

e~ (v=15)* ,0 > 15
So—-1 125<wv<15

r=9% 5 2.6
T 2v-2 5<w<125 (26)
0 ,0<5H

As shown in Figure 2.3, the speed reward is structured around four distinct zones: the Danger-
ous Speed Zone (v € [0,5]m/s), the Low Speed Zone (v € (5,12.5|m/s), the Ideal Speed Zone
(v € (12.5,15]m/s), and the Over Speed Zone (v € (15,00)m/s). The Dangerous Speed Zone is

10
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characterized by speeds too low for highway safety, posing a risk of traffic accidents. The Low
Speed Zone, while not hazardous, represents suboptimal vehicle speeds. Our target lies within the
Ideal Speed Zone, with a specified speed of 15m/s. If the ego vehicle’s speed drops below this
threshold, the controller encourages acceleration back to 15m/s. Conversely, the Over Speed Zone
denotes speeds exceeding the limit, which are discouraged.

Lane-centering reward
Ty = g~ L5 (2.7)

As shown in Figure 2.4, the lane-centering reward encourages the vehicle to remain near the
lane center, which is important for safe and efficient driving, especially on curves [41]. Here, Ad is
the lateral distance to the center of the current lane.

ane Lenlerning reward

1a -
d ™,
F LY
r "
'] !
L
Bas
=
[ '-
3 N,
g os . Y
F ,
azd A
rd ,
- S
.--""’J ) S
aaq — ——
a i fu 4 :|-:| .- - ¥ -o
il an & e o @niber of The Lane
Leftlane I -
Right lane
Centerlane
+———»
Lane width: 4 m

Figure 2.4: Lane Centering Reward: This reward mechanism is designed to ensure that the vehicle
maintains proximity to the lane’s center while cruising.

Steering reward
ro = —|sin(0)] (2.8)

The steering reward aims to prevent excessive steering, promote smoother driving, and reduce
the risk of overcorrection.

11
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Penalty for accident

S woFuwp Ty if no critical failure (2.9)
—10 if a critical failure occurs

Successful Completion

We define successful completion in terms of the ego vehicle’s ability to overtake the leading slow-
moving traffic, referred to as “Trap Vehicle 1” in Fig. 2.1. Specifically, a trial is considered successful
if the ego vehicle overtakes “Trap Vehicle 1”7 and remains ahead of it for the remainder of the episode.
If the ego vehicle has an accident or departs from the lane after overtaking “ITrap Vehicle 17, the
episode is still marked as a successful escape. However, such critical failures are accounted for
separately under the collision rate metric in the safety evaluation.

Each of these reward terms is assigned a specific weight factor, which helps to balance their
influence on the vehicle’s learning process. Additionally, the model imposes a significant penalty
of -10 for critical failures such as crashes, driving out of the lane, or stopping in the lane. Specific
weight values can be found in Table 2.2.

Table 2.2: Experimental parameters

Parameters value

speed reward weight w, 1.5
steering reward weight wy 0.05
lane centering reward weight w, | 0.05
Training episodes 3000
Training episode duration 150

2.5 Traffic Vehicle Control

We employ the IDM [14] for longitudinal car-following dynamics and the MOBIL model [15] for
lane-change decisions. IDM calculates the desired longitudinal acceleration by considering the
current velocity of the vehicle, the distance to the lead vehicle, and the relative speed. Specifically,
given a gap s, a speed v, and a speed difference Av with respect to the vehicle ahead, the IDM
acceleration a is defined as

1) * 2
a = Amax [1 — < v > — (8 (U, Av))
Vdesired S

where amayx 18 the maximum acceleration, vgesired is the desired cruising speed, and § is an exponent
value. The desired gap s* captures the minimum distance required to maintain safety and is
computed as

, (2.10)

v Av
2v/amax b ’
where sg is the minimum standstill gap, T is the desired time headway, and b is the comfortable

deceleration. This formulation balances free-flow acceleration and collision avoidance within traffic
streams.

s*(v,Av) =so+T v+ (2.11)

12
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For lateral movements, the MOBIL model triggers lane changes when the overall benefit, ac-
counting for both the ego vehicle and its neighbors, exceeds a threshold. The incentive criterion is
expressed as

Aaego +p (Aarear + Aafront) > Qth, (212)

where Aaeg, is the ego vehicle’s acceleration gain, Aarear and Aagyony denote changes in acceleration
of the affected trailing and leading vehicles in the target lane, p is a politeness factor, and ag is
the acceleration threshold. A safety criterion further ensures no vehicle is forced to brake beyond a
comfortable limit. By combining IDM and MOBIL, we capture realistic traffic interactions: vehicles
maintain sensible headways and make lane-change decisions that balance individual and collective
benefits. Traffic vehicle parameters can be found in Table 2.3.

Table 2.3: Traffic vehicle parameters

Symbol Description Value
Amax Maximum acceleration 0.5m/ s?
Udesired ~ Desired cruising speed 12.5m/s
S0 Minimum standstill gap ~ 10m

T Desired time headway 1.5s

b Comfortable deceleration 0.5m/s?
ath Acceleration threshold 0.2m/ 52
P Politeness factor 0.5

) Exponent value 4

2.6 Reinforcement Learning Foundations

We use the MDP formulation introduced at the beginning of this chapter and summarize the online
and offline RL methods used in the experimental comparisons.

We adopt two complementary deep-RL algorithms to learn highway-driving policies: Soft
Actor—Critic (SAC) for online interaction and Conservative Q-Learning (CQL) for offline learn-
ing [25,42]. Below we summarize their objectives and optimization mechanisms.

2.6.1 Online Reinforcement Learning

SAC optimizes a stochastic actor policy 7y by maximizing the discounted return augmented with
an entropy bonus:

Jsac(mo) = B [ S22 7 (r(se ar) + a Hma(- | 51)]) ], (2.13)

where the temperature o > 0 trades off task reward against the Shannon entropy 7‘[[7‘(‘¢(' \ st)]
of the actor [25]. Entropy regularization encourages broad exploration in early stages and guards
against premature convergence to deterministic, sub-optimal strategies. Two action-value critic
functions @y, and @y, are trained with the soft Bellman backup operator. Taking their minimum
mitigates the positive bias caused by overestimating action values.
Rather than hand-tuning the temperature parameter o, SAC adjusts it online by solving the
dual problem
a* = argggig E(s,.a0)~8 (= logmg(as | s:) — H)], (2.14)
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where B is the replay buffer and # is the target entropy, set to —1 in this study. This adaptive
mechanism is especially useful in discrete action spaces whose utilities can vary sharply across
states, as is the case in highway navigation.

Because SAC is off-policy, each transition stored in the replay buffer can be reused for many
gradient updates. The algorithm therefore achieves high sample efficiency, an essential property
when interacting with a simulation environment that enables continuous data collection without
real-world risk. The pseudocode and training hyperparameters are presented in Algorithm 1 and
Table 2.4, respectively.

Table 2.4: SAC hyper-parameters used in this study.

Symbol Meaning Value

~y Discount factor 0.8

N Learning rate (actor network) 5x 1074
nQ Learning rate (critic network) 1x1073
B Batch size 64

|D| Replay buffer size 50,000
I5} Initial offline ratio 0.6

H Target entropy -1

Qinit Initial entropy coeflicient 0.01

Moy Entropy coefficient learning rate 1 x 1073

Algorithm 1 Soft Actor—Critic for Discrete Action Spaces

Require: Environment &, replay buffer D
Require: Learning rates 71g, 7x, 7q, discount -, target-mix 7
1: Initialise actor 7y, critics Qg,, @,
2: Initialise target critics 6; < 6; (i = 1,2)
3: while training not converged do
4:  Observe state s and sample a ~ 74 (- | 5)
5. Execute a in &, receive (1, s',d)
6:  Store (s,a,r,s,d) in D
7. for all gradient steps do
8:
9

Sample mini-batch B C D
: Vi(s') 3y mo(a'|s") [min, Qp,(8',a") — alog mg(a'|s')]
10: yr+y(1—d)Vz(s)

11: 07, — 07, - TZQVGZ-%(Q&(S,@) - y)2 (7’ = 1’ 2)

12: ¢ d—n=Vg>.,me(als) [a log mg(als) — min; Qo, (s, a)}
13 o a—1aVad,Tg(als)[—a(logms(als) + H)]

14: §i<_7-0i+(1_7')§i (i:1,2)

15:  end for
16: end while

2.6.2 Offline Reinforcement Learning

Offline RL forbids further interaction with the environment and must learn solely from a fixed
dataset D = {(s,a,r,s',d)} collected under unknown behavior policies, where d is the terminal
indicator. Standard Q-learning tends to overestimate unseen state and action pairs, causing ex-

14
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trapolation error and catastrophic policy degradation when deployed. CQL [42] combats this failure
mode by penalizing Q-values that are large for actions not observed in D, thereby inducing a pes-
simistic critic that stays within the support of the dataset.

Let QY9 denote the parametric critic and let Lpp be the usual temporal-difference loss with a
target network #. CQL augments this loss with a conservative regularizer that lowers any Q-value
which the dataset does not support:

Loqr(0) = L1p(0) + AEgup IIOgZ exp Qy(s,a) — Equp()s)[Qa(s, a)]] ; (2.15)
acA

where the log sum expectation term upper-bounds the maximum Q over all actions and the second
term anchors the estimate to actions actually present in D. The trade-off coefficient A > 0 controls
conservatism, with larger values imposing stronger pessimism on unsupported actions.

Once @y is updated, a stochastic actor 7y is improved by minimizing the Kullback-Leibler
divergence between 74 (- | s) and the Boltzmann distribution induced by the conservative Q-values:

min E.p [KL(%(- | 5) || softmax(Qg(s, ) /oz))}, (2.16)

where « is the SAC entropy temperature. The resulting actor is discouraged from selecting unsup-
ported actions because its update is shaped by the conservative critic.

CQL is well suited to highway-navigation logs containing safety-critical maneuvers. Its conser-
vative value estimates reduce optimistic extrapolation for actions that are poorly represented in
the dataset, although they do not by themselves guarantee safe behavior. The pseudocode and
training hyperparameters are presented in Algorithm 2 and Table 2.5, respectively.

Table 2.5: CQL hyper-parameters used in this study.

Symbol Meaning Value

~y Discount factor 0.99

N Actor learning rate 1x107°
nQ Critic learning rate 5x107°
N Entropy-coefficient learning rate 5 x 107
T Target-network soft update 0.005

H Target entropy -1

B Batch size 64

|D| Fixed dataset size 200,000
T Gradient-update steps 2000
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Algorithm 2 Discrete CQL built on SAC

Require: Fixed dataset D
Require: Actor 7y, critics Qg,, Qa,
Require: Hyperparams: v, 7,19Q, Nx, Na
Require: CQL weight ), target entropy H
1: Initialise target critics 0; < 6;
2: while training not converged do
3:  for all gradient steps do
Sample mini-batch B C D
Vi(s') =0 mg(d']s") [min; Qg (s', @) — aclog g (a'|s")]
y 1+ (1 - d) Vy(s')
MSE < £(Qq, (s, a) — y)? for i=1,2
CQLTerm < A [logza, exp Qop, (s,a’) — Qo, (s, a)]
0; < 0; — ngVe,[MSE + CQLTerm]
10: ¢ ¢ — 1=V >, ms(als)[alogms(als) — min; Qp, (s, a)]
11 a4 a—naVa Y, ms(als)[—a(logmy(als) + H)]
12: 9i<_7'9i+(1_7')6i
13:  end for
14: end while

2.7 Behavior Cloning Methods Formulation

BC treats imitation learning as supervised learning: given a demonstration log D = {(s,a)} gath-
ered from a demonstrator, a parametric policy 7 is fitted by minimizing the negative log-likelihood
of demonstrated actions,

m(gn Lpc(mg) = E(s ayup [~ logmg(a | 5)]. (2.17)

Although BC attains low prediction error on the dataset, it is prone to covariate shift: small
test-time deviations from expert trajectories compound over time, leading to off-distribution states
that the policy cannot handle. We therefore complement BC with a distribution-matching method
that retains the ability to reason about unseen states.

Generative Adversarial Imitation Learning (GAIL) casts imitation as a two-player minimax
game between a policy 7, (generator) and a discriminator D, that distinguishes expert state-action
pairs from those produced by the policy [43]:

m(gn max E (s 0) w108 Dy (s,a)] + E(s,a)~ﬂ¢[log(1 — Dy(s,a))] — AH(my). (2.18)
Here, mp denotes the expert state—action distribution and A is the entropy-regularization weight.
The optimal discriminator delivers a learned reward signal 7y (s,a) = —log(1 — Dy(s,a)) that is
large for expert-like behavior and small otherwise. Policy improvement is achieved with any RL
optimizer.

At each iteration we (i) generate roll-outs with the current policy, (ii) update D, via stochastic
gradient ascent on (2.18), and (iii) update m, by maximizing the expected, shaped reward ry (s, a)
under a trust-region constraint. Because D, is trained on both expert and policy data, the reward
automatically adapts to the policy’s current occupancy measure, alleviating the covariate-shift
pathology of plain BC.
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Highway feature multi-modal decisions (e.g. yield, merge, or overtake) and sparse, hard-coded
rewards are difficult to design. GAIL circumvents manual reward shaping and instead derives
a dense, informative signal from expert demonstrations. The adversarial objective encourages
the learned occupancy measure to approach that of the demonstrations, but it does not by itself
guarantee safe behavior outside the demonstrated state distribution.

Algorithm 3 Generative Adversarial Imitation Learning

Require: Expert dataset Dg, initial policy mg,, discriminator Dy, entropy weight A
while not converged do
(Generator) roll out 7y to collect trajectories 7,

1:

2

3:  (Discriminator) update ¢ via V []ETE[log Dy] +E,, [log(1 — D¢)H

4:  Compute rewards 74 < — log(l — Dy (st, at))

5 (Policy update) perform a TRPO step on 7y with reward r; and entropy bonus AH
6 0 TRPO(@, V@JRL)

7: end while

17
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Chapter 3

Proposed RL Bootstrapping
Framework

We integrate a suboptimal rule-based controller into the RL framework to enhance learning effi-
ciency and guide exploration. Specifically, we leverage the suboptimal policy in two ways: (1) as a
soft constraint on the RL policy during initial training stages, and (2) as a source for populating
the replay buffer with additional training samples.

3.1 Rule-based Heuristic Suboptimal Controller

We introduce a rule-based suboptimal controller p™°(s) designed specifically for overtaking sce-
narios, as illustrated in Algorithm 4. The controller utilizes an overtaking decision flag Ogec, which
indicates whether an overtaking maneuver is permitted and is safe. Specifically, the flag is set to
true only when the following safety conditions are satisfied:

e The ego vehicle will not rear-end a slower vehicle in the target lane after the lane change.
e The ego vehicle will not be rear-ended by a faster vehicle already in the target lane.

In our current scenario, there are no following vehicles in either the current or target lane. Traffic
vehicles are spawned 25-32 m ahead of the frontmost trap vehicle and are never slower than the trap
vehicles, so the trap-traffic gap does not shrink and the ego can overtake without being blocked by
front traffic. Within this setting, the flag can be safely set to true to allow the overtaking behavior.
If overtaking is enabled (Ogec = true), the controller may change lane to the target lane index
ltarget, otherwise the ego vehicle remains in its current lane lcyrrent-

To ensure safe lane-changing decisions, we employ a unified safety-distance metric, denoted as
dgs, which represents the minimum required separation distance to the preceding vehicle to perform
overtaking maneuvers to the target lane. This safety distance is calculated as follows:

ds = (Uleon — min{ v_current Ul _target }) tsafe

(3.1)
+ A% current — Axljarget

where v}, represents the speed of the ego vehicle, V) current and v targer denote the speeds of the
current preceding vehicles in the current lane and the speed of the new preceding vehicle in the target
lane, respectively, Az current and Ay target denote the longitudinal distance of the current preceding
vehicle and the new preceding vehicle with respect to the ego vehicle, Az current — A1 target indicates
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Algorithm 4 Suboptimal heuristic overtaking algorithm

Require: Environment state s(t), overtaking decision flag Ogec, target lane index liarget
1: while Oge. = true do

2:  if (ds — A%l current) > 0 then

3 (U7 l) <~ (Utargeta ltarget)

4: else

5 ('U7 l) <~ (Utargety lcurrent)

6 end if

7: end while

8: Output: Target speed and lane index (v,[)

the longitudinal distance between the current preceding vehicle and the new preceding vehicle, and
teafe is the safety time distance to the preceding vehicle.

The target speed for the ego vehicle, denoted by vtarget, is selected as the maximum feasible
speed from the predefined set

1—1 )
V= {Umin+TH(Umax_Umin) 1= 17"'7”}- (32)
Specifically,
Vtarget — Max {Ui eV | v; < min (Ul,currenta fULtarget)} ) (33)

where vpin = 6 m/s, vmax = 15 m/s, and n = 5. This selection ensures that a safe distance is
maintained from the trap vehicles during the overtaking maneuver.

In conclusion, the controller initiates the overtaking maneuver by identifying the new preceding
vehicle in the target lane and maintaining a safe overtaking distance from the current preceding
vehicle. The actual lane change is then executed by tracking the designated target speed and lane
index, which are subsequently handled by the lower-level rule-based controller [27].

3.2 Low-level Motion Planner

The target speed and lane index (v,1) generated by Algorithm 4 are converted into the low-level ac-
celeration and steering commands (0, §). The acceleration command is obtained using proportional
speed tracking,

0 = clip[Ky (v — Vego) , —1, 1], (3.4)

where K, = 0.6 is the longitudinal control gain.

For steering control, the target lane index [ identifies the corresponding target-lane centerline.
Let e; denote the signed lateral displacement of the ego vehicle from this centerline, and let
denote the heading of the target-lane centerline at a look-ahead position. The steering command

is generated by
-K
Yref = 1y + clip [Sin_l (m) T 77} ’
Vego 44

zLref = Kw Wrap[—wm] (wref - wego) 5

; 3.5)
Lo (
B =sin~! (clip [w, -1, 1]) ,
2Vego

f = clip [tan_1(2 tan 3) , —510, 5%] ,
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Target .| Speed motion planner (based . Acceleration
speed on proportional controller )

Taraet Steering motion planner (based :

|an2 "l on proportional controller ) - Steerlng ang!e

Figure 3.1: Speed and steering motion planner

where K; = 0.3 and Ky, = 2.0 are the lateral-position and heading-control gains, respectively; t,ef
is the desired reference heading; tego is the current ego-vehicle heading; veg, is the current ego-
vehicle speed; ¢ref is the desired yaw rate; § is the intermediate slip angle; L is the vehicle length;
clip[z, a,b] bounds z to [a,b]; and wrap|_, -(-) maps an angular difference to its equivalent angle
in [—m, .

3.3 Bootstrapping RL Methodology

3.3.1 Soft Constraint through KL Divergence

Instead of directly imitating the rule-based policy, we apply a Kullback-Leibler (KL) penalty to
nudge the learned policy 7 toward the suboptimal strategy during initial training [39]. Specifically,
we modify the entropy-regularized RL objective as

Z’yt(r(st,at) + aH(r(- | st))

t=0

max E,
™

(3.6)
_ SDKL<7T(' | se) || 7 | St)) )]

where 7 = (sg, ag, S1,a1,...) denotes a trajectory generated by m, a > 0 trades off reward maxi-
mization against policy entropy H(7), and € > 0 controls the strength of the KL term. Here, 77
denotes a stochastic version of the rule-based policy as defined below. During early training, a
higher £ ensures the agent’s policy stays near the suboptimal policy, but over time this value will
be relaxed so that m surpasses the demonstrator’s performance. Specifically, we parameterize ¢ as
a function of the entropy coefficient «, setting & = 200 - & to maintain a balance between imitation
and exploration throughout training.

Our rule-based policy p™¢(s) is inherently deterministic, outputting a single best action from
a discrete set of |A| = 9. To introduce uncertainty, we construct 7#*¢(- | s) by assigning a high
probability to the deterministic output and small probabilities to other actions. Specifically, if a,ye
is the chosen action, we let

P, if a = urule s),
ﬁrule(a ‘ S) — ( )

(3.7)

AT otherwise,
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As shown in Figure 4.7d, we set p = 0.9 to maximize the average episodic return.

Introducing stochasticity serves two purposes. First, it aligns action distributions: since SAC
policies are inherently stochastic, introducing stochasticity into the suboptimal controller yields a
more compatible distribution. This alignment makes KL-based regularization both meaningful and
numerically stable. Second, it mitigates over-reliance on the suboptimal controller and promotes
robust exploration. By incorporating stochasticity, the agent avoids overfitting to the demonstration
policy and is exposed to a broader range of action options. This exposure enables the agent to
generalize more effectively and discover improved policies beyond the limitations of the initial
suboptimal demonstrations.

3.3.2 Integration of Suboptimal Demonstrations

To guide the agent toward heuristic driving strategies and provide safe reference actions during
the early stages of learning, we enrich the replay buffer with demonstration data generated by
the suboptimal rule-based controller 7€, We collected 200 episodes of demonstration transitions
(8, Grule, 7(5, Grule), 8') by running 7™ in the simulated environment. As illustrated in Figure 1.3,
during training both offline demonstrations and online experience are sampled according to an
annealed ratio 3, which decays from 0.6 to 0 over the first 1000 episodes. This ensures early
guidance without constraining policy improvement in the long term.

We evaluate two strategies for integrating these demonstrations into learning. The comparison

results are presented in Section 4.5.

Q-Value Regularization via Action Margins

This strategy explicitly regularizes the Q-values by enforcing a margin between the demonstrator’s
action and all others [44-46]. The margin supervised loss for each demonstration (s, ag) is

Jp(Q) =max [Q(s,a) + l(ag,a)] — Q(s,ag), (3.8)

acA

where [(ag,a) is a margin function defined as

0, ifa=ag,
llag,a) = (3.9)
1, otherwise.

Let a, denote the action selected by the current policy. We apply a Q-filter to prevent the
agent from strictly imitating suboptimal actions using

Jg(@) _ JE(Q): if Q(S,CLE) > Q(S’aﬂ)v (3‘10)
0, otherwise.

This filter ensures that supervision is only applied when the demonstrator’s action is at least as
good as the agent’s current estimate.

Demonstration-Guided Reward Augmentation

As an alternative to explicit supervision, we implement reward shaping by adding a bonus to
demonstration actions [47]
r'(s,ag) =r(s,ap) +c (3.11)

21



Structured Exploration: Bootstrapping RL for Autonomous Driving in Complex Traffic Scenarios

where ¢ = 2 is a constant value. This method implicitly increases the Q-values of demonstrated
actions and produces effects similar to large-margin regularization. Empirical study shows that
reward shaping yields better long-term performance and generalization, especially when the goal is
to surpass or recover from imperfect demonstrations [47].
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Chapter 4

Experimental Evaluation

As described in Section 2.1, the simulation is initialized with trap vehicles, followed by traffic vehi-
cles governed by IDM and MOBIL models. The environment is implemented using the highway-env
platform [48]. The simulator runs at 15 Hz, while the discrete policy selects an action at 2Hz. All
experiments are conducted on an Ubuntu system with an NVIDIA GeForce RTX-3070Ti GPU.

We report the mean and standard deviation over five initialization seeds (1, 2, 3, 4, 5) for
cross-scenario generalization, and we use the same protocol for all testing analyses and training
figures. The only exception is the hyperparameter ablation in Section 4.5, where we report results
over three seeds (1, 2, 3) due to the substantially higher computational cost of the sweep.

For each test episode k = 1, ..., Niest, the episode lasts for 150 time steps, and the performance
metrics are accumulated at each policy update. In addition to standard performance metrics,
including episode reward, average speed, and distance traveled, we report safety and task-specific
metrics to better characterize policy behavior.

Accident rate: Let C®) € {0,1} indicate whether the ego vehicle collides with any traffic vehicle
in episode k (geometric overlap), and let O®) € {0, 1} indicate whether the ego vehicle leaves the
drivable road surface in episode k (road excursion), i.e., its footprint exits the union of all lanes
in the road network. Either event terminates the episode. We define A®*) = max(C'¥), O%*)) and
report the accident rate as Accident = ﬁ Z;ﬂv:ft AR,

Road excursion rate: We report the road excursion rate separately as

o), (4.1)
k=1

RoadExc =

Ntest

which isolates off-road events from collisions with other vehicles.

Overtaking success rate: An episode is counted as a successful trap escape overtake if the ego
vehicle overtakes the foremost trap vehicle and remains ahead of it until the end of the episode.
Let E®) ¢ {0,1} denote this event for test episode k, and let Niest be the number of test episodes.

We report Overtake = Ntlest chvfft E®),

Minimum headway: Let z;®° and 71 be the longitudinal positions of the ego vehicle and the
lead vehicle in the ego lane at time ¢. The headway is h; = 2124 — 278 with h; > 0. The per-episode
(k) _

i = ming hgk) and we report its mean and standard deviation over test

minimum headway is h
episodes.

Minimum TTC: Using the same lead vehicle, let v;%° and v}®! be the longitudinal velocities and
define v/ = 1% — v}, When h; > 0 and v} > 0, TTC; = h;/vi®". The per-episode minimum
TTC is TTCgfi)n = ming, o1 TTCik) and we report its mean and standard deviation over test
episodes.
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Table 4.1: Testing comparison with rule-based methods, imitation learning, offline RL, and
demonstration-augmented RL baselines (reported as mean + stddev)

Category ~ Method Reward Velocity [m/s] Distance [m] Accident [%] Overtake [%] Road Excursion [%] Min Headway [m] Min TTC [s]
Rule-based Suboptimal 25.0 £ 0.5 115+ 0.1  1731.8 £ 9.1 0.0 £ 0.0 100.0 £ 0.0 0.0 £0.0 13.1 £ 1.0 133+ 14
IDM+MOBIL 34.2 &+ 29.9 12.2 £ 0.9 1554.5 4+ 491.0 38.0 &+ 49.0 0.0 £0.0 0.0 £0.0 15.6 £ 19.2 203.3 & 306.6
Imitation BC 9.0+ 14 10.2 £ 0.6 211.0 &£ 145.0 100.0 & 0.0 0.0 £0.0 42.3 £18.1 125 £45 974 £ 221.1
GAIL 22.0 £4.0 10.0 £ 0.0 1478.6 &£ 89.7 6.5 & 24.7 0.0 £0.0 3.3 123 16.1 £ 0.5 74.0 £ 4.2
Offine RL BCQ 41.0 &£ 24.0 12.1 &£ 0.6 1684.5 & 305.0 36.6 & 48.2 91.4 £ 28.0 16.5 &+ 23.5 14.7 £ 25 6.4+19
IQL 222 £ 21 11.4 £ 0.1 1628.0 £ 65.2 8.0+£56 656+ 129 0.1£0.2 11.7 £ 0.6 13.3 £ 0.8
AWAC 20.7 £ 3.2 11.3 £ 0.1 15494 £ 141.1 148 £13.3 60.2 £ 14.5 0.5+08 113+ 1.1 332+ 269
CQL 94 +1.1 10.0 £ 0.5 140.7 £ 111.0 100.0 £ 0.0 0.0 £ 0.0 39.8 £ 20.2 129 £45 67.7 £ 103.2
TD3+BC -7.6 £4.7 10.3 £ 0.6 224.5 £ 361.0 100.0 £ 0.0 0.0 £ 0.0 442 £10.6 141+ 34 173 £10.7
DARL DDPGID 50.6 £ 14.3 12.1 £ 1.0 1791.8 £ 147.8 4.8 £8.6 80.0 £40.0 24 +43 143+ 14 13.7+ 0.9
DAPG 339+ 39 12.0 £ 0.1 1783.8 £ 25.1 1.2+ 1.0 96.0 £ 2.8 02£04 128 £ 0.2 13.7 £ 0.5
SQIL 141+ 25 11.1 £ 0.7 1356.7 &£ 35.5 79.2 & 12.0 58.0 £ 43.7 34.0 £ 12.7 13.0 £ 1.0 18.6 £ 7.6
Ours 104.8 + 4.3 13.7 £ 0.1 2056.5 £+ 20.5 0.0 £ 0.0 100.0 £ 0.0 0.0 £0.0 13.9 £ 0.9 9.5 £+ 3.0

For episodes with C*) = 1, the physical headway and TTC at impact are zero. Since evaluation
is discrete-time, we compute headway and TTC from pre-impact states, while collision occurrence
is captured by the accident indicator.

4.1 Rule-Based Suboptimal Demonstrator Policy

We first evaluate the rule-based suboptimal controller in the trap scenario and summarize the
testing results in Table 4.1. This demonstrator is intentionally simple to implement and provides a
suboptimal strategy that an RL agent is unlikely to discover from scratch. It serves as a practical
and easily implemented source of imperfect demonstrations while encoding longer-horizon, human-
like driving heuristics. Because the rule-based controller does not explicitly address corner cases,
its task completion can degrade in more complex overtaking scenarios, as shown in Section 4.7.
Starting from these demonstrations, the RL agent further optimizes the driving policy through
online interaction with the simulated environment and learns to handle common driving scenarios.

Table 4.1 confirms that the suboptimal controller is substantially below the learned policy. It
achieves a much lower episode reward, lower average speed, and shorter distance traveled. We
also include IDM+MOBIL as a classical rule-based baseline. For a fair comparison, IDM+MOBIL
controls all traffic vehicles, and the ego vehicle follows the same policy with a higher desired speed of
15m/s. We use the highway-env IDM+MOBIL implementation and set its steering and acceleration
ranges to match our discrete action space.

Overall, this comparison motivates the use of suboptimal rule-based demonstrations as a boot-
strapping signal. They provide safe and structured behavior for early-stage learning, but their
limited performance and strategy coverage make them insufficient as a standalone solution.

4.2 Imitation Learning Baselines

Table 4.1 compares our method with two imitation-learning baselines, Behavior Cloning (BC)
and Generative Adversarial Imitation Learning (GAIL). Both baselines are trained on the same
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demonstration dataset collected using the rule-based suboptimal controller. All demonstration
trajectories in this dataset successfully overtake the frontmost trap vehicle, so BC and GAIL have
access to successful demonstrations during training.
BC: BC [49] is a supervised learning baseline that directly fits a policy to demonstrator actions
using state—action pairs from the continuous-control version of the demonstration dataset. It is
implemented as an MLP that predicts acceleration and steering by minimizing a regression loss.
GAIL: GAIL [43] leverages adversarial training to learn policies that mimic expert behaviors
from demonstrations without explicitly defining reward functions. GAIL utilizes a discriminator to
distinguish between expert and learned behaviors, guiding the policy toward human-like actions.
BC performs the worst, with negative rewards and high collision rates. GAIL achieves a higher
reward than BC and reduces accident frequency on average. However, it fails to overtake the front-
most trap vehicle in every trial and yields low speeds. Overall, Table 4.1 indicates that imitation
alone is not sufficient for the trap scenario, even when the demonstrations are consistently success-
ful. This motivates integrating demonstrations with online interaction and reinforcement learning
updates to correct compounding errors and to improve performance outside the demonstration
distribution.

4.3 Offline Reinforcement Learning Baselines

This subsection evaluates whether offline reinforcement learning can solve the trap scenario when
training uses the same pre-collected demonstration dataset. We compare several representative
offline RL baselines during training (Figure 4.1) and at test time (Table 4.1).

TD3 with Behavior Cloning (TD3+4+BC): TD3+BC [50,51] is an offline variant of TD3 that
adds a behavior cloning regularizer to the actor objective. The RL objective encourages high-return
actions, while the BC term constrains the policy toward actions observed in the dataset, improving
stability in the low-coverage offline setting.

Batch-Constrained Q-Learning (BCQ): BCQ [52] is an offline RL algorithm that restricts
the learned policy to remain close to the behavior policy by sampling candidate actions from a
learned generative model. By constraining actions to the support of the dataset, BCQ reduces
extrapolation error when evaluating out-of-distribution actions.

Conservative Q-Learning (CQL): CQL [42] is an offline RL algorithm designed for learning
Q-functions from pre-collected datasets without online interaction. Its conservative regularizer
mitigates overestimation errors common in offline RL settings.

Implicit Q-Learning (IQL): IQL [53] is an offline RL method that avoids explicit policy im-
provement over out-of-distribution actions by learning value functions using expectile regression.
It derives a policy through advantage-weighted regression, which biases the policy toward actions
with higher advantages while remaining stable under purely offline training.

Advantage Weighted Actor Critic (AWAC): AWAC [54] learns a value function and then up-
dates the policy using advantage-weighted supervised regression on actions in the dataset. Actions
with larger estimated advantages receive higher weights, enabling the policy to leverage suboptimal
demonstrations while still improving beyond the behavior policy.

Figure 4.1 highlights clear differences in learning dynamics across offline RL baselines. In
Figure 4.1a, some methods rarely learn trap escape overtaking behavior during training, while
others achieve higher escape frequency but exhibit substantial instability across seeds. The reward,
speed, and distance traveled trends in Figure 4.1 show a similar pattern: during training, several
offline baselines plateau early at low performance, indicating that offline optimization struggles to
discover and sustain an effective escape strategy under the trap configuration.
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Figure 4.1: Training performance comparison with other offline RL baseline methods: (a) Average
success rate in overtaking low-speed traffic; (b) Average reward per episode; (c) Average speed per
episode; (d) Average distance traveled per episode.

The testing results in Table 4.1 provide a consistent conclusion. Among the offline RL baselines,
BCQ achieves the strongest task completion signal and the highest reward on average. However,
this gain comes with severe safety degradation, including a high accident rate and a non-trivial road
excursion rate, indicating poor robustness and high sensitivity to distribution shift. This behavior
is consistent with the fact that BCQ relies on an approximate generative model and candidate
action selection; small modeling errors can lead to unsafe action choices even when the nominal
task objective improves.

IQL and AWAC exhibit more conservative performance profiles. They obtain moderate rewards
and moderate overtaking success rates, but both still incur non-negligible accident rates. This
suggests that advantage-weighted style updates can leverage the offline data to some extent, but the
resulting policies remain limited by dataset coverage and cannot reliably maintain safe overtaking
behavior under evaluation-time state distribution shift. Finally, CQL and TD3+BC collapse in
this setting. Both methods yield negative rewards, fail to overtake, and generate accidents in every
episode. They also show strikingly high road excursion rates, indicating severe control instability.
These outcomes reflect a core difficulty of offline RL in this problem: when the learned policy
deviates from the dataset support, value estimation and policy updates can become unreliable, and
the lack of online correction prevents recovery from compounding errors.

Overall, Figure 4.1 and Table 4.1 show that directly optimizing on suboptimal, low-variance
demonstrations in a purely offline manner is insufficient for reliable overtaking with strong safety
performance. Some offline methods partially improve task success but suffer from large safety
costs, while others fail catastrophically. Compared with imitation learning, offline RL still exhibits
a clear advantage in this setting. Unlike BC and GAIL, which fail to overtake in all trials, several
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offline RL baselines achieve non-trivial overtaking success and higher reward. This improvement
suggests that offline RL can exploit the same demonstration data more effectively by optimizing
for long-horizon return through value learning, rather than only matching actions locally. However,
the gains are often accompanied by reduced safety margins or high variance, indicating that purely
offline optimization remains vulnerable to distribution shift and value extrapolation errors.

Learning a robust neural policy from a fixed dataset remains challenging in this trapped-vehicle
scenario. The task depends on a small number of temporally critical decisions, such as when
to slow down, change lanes, and accelerate to escape. These decisive actions occupy only a small
fraction of each trajectory, while most samples correspond to ordinary lane-keeping or car-following
behavior. Therefore, imitation learning and offline RL baselines may reproduce reasonable local
driving behavior but still fail to complete the full closed-loop escape maneuver.

This difficulty is further increased by the threshold-sensitive nature of overtaking behavior. A
learned policy trained only on a fixed dataset may slightly deviate from the demonstrated trajectory
and enter states that are poorly covered by the data. In such off-distribution states, BC and GAIL
do not have an explicit recovery mechanism, while conservative offline RL methods such as CQL,
1IQL, AWAC, and BCQ may prefer common low-risk actions, such as lane keeping or car following,
instead of the decisive maneuver required for escape.

Therefore, the weaker performance of the baselines reflect the difficulty of applying static im-
itation or offline RL methods to this closed-loop, threshold-sensitive trapped-vehicle escape task.
The proposed Suboptimal Bootstrap method improves performance because it uses the subopti-
mal controller as structured training-time guidance, repeatedly exposing the learner to states near
successful escape behaviors instead of relying only on fixed demonstration fitting.

These results motivate integrating demonstrations with online interaction, so that the agent can
correct dataset bias, recover from distribution shift, and refine the escape strategy beyond what is
represented in the offline data.

4.4 Demonstration-Augmented Reinforcement Learning

This subsection compares our approach with representative demonstration-augmented reinforce-
ment learning (DARL) baselines. These methods leverage demonstrations during online RL via
imitation-style regularization, modified replay strategies, or reward shaping. Figure 4.2 and Ta-
ble 4.1 report training curves and test results across multiple evaluation metrics.
Demo-Augmented Policy Gradient (DAPG): DAPG [55] augments the policy-gradient up-
date with an additional behavior-cloning log-likelihood term on demonstration state—action pairs,
pulling the policy toward demonstrated actions during early learning. The demonstration loss
stabilizes early learning and encourages the policy to follow demonstrated behaviors while still
optimizing return through online interaction.
DDPG from Demonstrations (DDPGfD): DDPGD [56,57] extends off-policy actor-critic
learning by injecting demonstrations into the replay buffer and biasing updates toward demon-
strated transitions. This design aims to accelerate learning in sparse or hard-exploration tasks
while retaining the ability to improve online.
Soft Q Imitation Learning (SQIL): SQIL [47] reduces imitation learning to standard off-policy
RL by assigning a constant positive reward to demonstration transitions and zero reward to non-
demonstration transitions. This reward relabeling encourages long-horizon imitation by driving the
policy back toward demonstrated states, and it can be implemented on top of common Q-learning
or off-policy actor—critic backbones.

Demonstration-augmented RL baselines leverage demonstration data to guide learning and can
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Figure 4.2: Training performance comparison with other demonstration-augmented RL baseline
methods: (a) Average success rate in escaping low-speed traffic; (b) Average reward per episode;
(c) Average speed per episode; (d) Average distance traveled per episode.

Table 4.2: Baseline-specific hyperparameters

Algorithm Hyperparameter Value
SQIL Demonstration replay ratio 0.6
DAPG Imitation coefficient 2.0
DAPG Demonstration replay ratio 0.6
DDPG{D Imitation coefficient 1.0
DDPGID Exploration rate 0.1
TD3+BC Policy noise 0.2
TD3+BC Noise clipping bound 0.5
TD3+BC Delayed update period 2
TD3+BC BC coefficient 2.5
CQL Conservative penalty coefficient 1.0
AWAC Advantage temperature 1.0
AWAC Maximum advantage weight 20.0
IQL Expectile parameter 0.7
IQL Policy temperature 3.0
IQL Maximum policy weight 100.0
BCQ Action filter threshold 0.3
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outperform pure imitation or offline imitation-style baselines in our setting. Figure 4.2 shows that
several representative methods eventually acquire non-trivial overtaking behavior during training,
indicating that demonstrations can help the agent reach exploration regimes that are difficult to
achieve from scratch. However, many baselines plateau early and do not consistently converge to
high-return solutions.

These limitations are also reflected at test time. Table 4.1 shows that baseline performance
varies substantially across reward and efficiency metrics, and several methods incur non-negligible
accident rates. Overall, Figure 4.2 and Table 4.1 suggest that while demonstration-guided baselines
provide meaningful gains, their performance remains sensitive to the specific scenario and often
saturates at suboptimal behavior in our driving scenario.

Table 4.2 lists only the additional baseline-specific hyperparameters that are not already pro-
vided in Table 2.4.

4.5 Component-Wise Ablation

As previously introduced, we integrate the suboptimal driving policy by applying soft constraints
and integrating a demonstration dataset. Both methods are built on vanilla SAC with a discrete
action space.

SAC: SAC [25] is an off-policy actor-critic algorithm that optimizes a stochastic policy while
maximizing both expected returns and policy entropy. In this project, SAC serves as an off-policy
baseline to illustrate the benefits of bootstrapping online RL with prior demonstration data.

To determine the better strategy for integrating suboptimal demonstration data into RL train-
ing, we conduct an ablation study comparing the two approaches. As shown in Figure 4.3, using
reward augmentation leads to better learning outcomes across all metrics compared with using
margin loss. These results suggest that reward augmentation offers more effective guidance for
suboptimal demonstration integration.

Figure 4.4 and Table 4.3 detail an ablation study examining each approach during training
and testing. They demonstrate that adding a reward-augmented offline replay buffer improves the
success rate in overtaking the trap vehicles, especially during initial training phases, likely due to the
diversity in action distributions introduced early on. However, using the reward-augmented offline
replay buffer alone introduces training instability and increases the risk of potential collisions.
FEmploying SAC with only soft constraints results in slower learning and reduced performance
compared to Backbone SAC. This outcome may occur because soft constraints limit SAC’s actions
to those recommended by the suboptimal policy, reducing exploration potential and adaptability.

The combination of soft constraints with an offline replay buffer appears to better balance
the exploration and exploitation trade-off. Soft constraints guide SAC toward safer behaviors
initially, while the offline replay buffer provides diverse experiences, thus enabling more robust
policy improvement and stable convergence to optimal performance.

Table 4.3: Testing comparison results for different methods of integrating suboptimal demonstra-
tions

Method Overtake [%] Reward Velocity [m/s]  Distance [m]  Accident [%]
SAC 0.0+ 0.0 25.7+£94 10.5 £ 0.3 1536.4 + 125.2  12.0 £ 32.8
SAC + soft constraint 0.0£00 268=*09 10.9 + 0.0 1631.5 £ 3.4 0.0 £ 0.0
SAC + offline replay buffer 100.0 £ 0.0 36.7 £9.7 121 £ 04  1804.4 £ 55.8 5.0 £ 29.7
Ours 100.0 £ 0.0 106.4 £+ 2.6 13.7 £ 0.1  2060.5 £ 18.7 0.0 £ 0.0
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Figure 4.3: Training performance comparison for integrating demonstration data via marginal loss
or reward augmentation: (a) Average success rate in escaping low-speed traffic; (b) Average reward
per episode; (¢) Average speed per episode; (d) Average distance traveled per episode.
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4.6 Effect of Entropy Regularization and Exploration Scheduling

We compare the exploration performance of our proposed method against standard SAC by mea-
suring the average policy entropy and the average effective action count over the course of training.
Policy entropy H,ye quantifies the randomness or diversity in the policy’s action distribution and
is computed from

T
Havg = —% Z Z mi(a)log m(a), (4.2)
t=1 ac A
where T is the episode length and 7, (a) represents the actor’s stochastic distribution over the dis-
crete action set A. Under a uniform policy m:(a) = 1/|.A|, entropy attains its maximum, indicating
maximal exploration.

Figure 4.5 displays the exploration dynamics of the proposed method and vanilla SAC. Both
algorithms begin with broad action distributions. SAC maintains higher entropy and a larger
effective action count for longer, whereas the proposed method reduces entropy more rapidly as
demonstration guidance biases its action distribution toward a smaller subset of actions.

To provide a more intuitive measure of exploration, we calculate the effective number of actions
explored per episode by exponentiating the entropy:

. . H
Effective actions = e™#ve. (4.3)
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Figure 4.5: Comparison of exploration dynamics using (a) policy entropy; (b) effective action count
during training.
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4.7 Generalization to Unseen Scenarios

We evaluate cross-scenario generalization by testing the learned controller under four trap con-
figurations. Figure4.6 and Table 4.4 summarize the simulation settings that differentiate these
scenarios. Scenarios with larger indices typically require the ego vehicle to manage larger longi-
tudinal spacing before committing to an escape maneuver, due to the presence and placement of
additional trap vehicles. Scenario 3 corresponds to the training configuration. Scenarios 1, 2, and
4 are unseen test configurations and therefore serve as out-of-distribution evaluations.

Scenariol Scenario2
Ego-vehicle Trap vehicle 1 Ego-vehicle Trap vehicle 1

ol
I Trap vehicle 2

Scenario3 Scenario4

Ego-vehicle Trap vehicle 1 Ego-vehicle Trap vehicle 1

Figure 4.6: Our method is trained under the trap initialization shown in Scenario 3. To evaluate
generalization to unseen conditions, we test on Scenarios 1, 2, and 4 with different trap initializa-
tions.

Table 4.5 shows that our method transfers well to unseen scenarios. In Scenario 1 and Scenario 2,
our method achieves 100% overtaking success with zero accidents, while maintaining high reward
and high average speed. These results indicate that the learned escape strategy is not overfitted to
the training configuration and can generalize to different trap geometries. Scenario 4 is the most
complicated unseen configuration in this suite in the sense that the ego vehicle typically needs larger
safety buffers and more deliberate spacing management to escape. In this scenario, our method
exhibits a reduced overtaking success rate. Despite the drop in completion rate, it still achieves the
highest reward and distance traveled among all compared methods in Scenario 4. This suggests
that the primary degradation manifests as incomplete overtaking rather than unsafe behavior.

Table 4.4: Simulation settings for four scenarios. D; denotes the initial longitudinal distance
between the ego vehicle and trap vehicle .

Scenario Dy (m) Dy (m) D3 (m)

1 [14.80, 16.44] - -

2 [14.80, 16.44] [14.65, 16.32) -

3 [14.80, 16.44]  [1.13, 4.43] -

4 [14.80, 16.44]  [1.13,4.43]  [9.89, 13.88]
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The baselines further clarify the generalization gap. The suboptimal demonstrator succeeds
in the training configuration and the simpler unseen settings (Scenarios 1-3). Its limitation be-
comes evident in Scenario 4, where the overtaking success rate drops sharply and accidents emerge.
IDM+MOBIL performs poorly as an ego policy across all scenarios, with 0% overtaking success
rate and high accident rates, which is consistent with a controller designed for nominal traffic flow
rather than adversarial trap-overtaking. SAC shows unstable behavior across scenarios and fails to
achieve consistent overtaking success in the unseen configurations, with elevated accident or road
excursion in the more restrictive settings.

Overall, Table 4.5 demonstrates that our method provides the best combination of task comple-
tion and safety across both seen and unseen trap configurations. The performance gap becomes most
pronounced in unseen configurations that require explicit spacing management and longer-horizon
overtaking planning, supporting the conclusion that bootstrapping from suboptimal demonstrations
improves robustness to trap geometries beyond the training setup.

Table 4.5: Testing performance across four scenarios

Scen. index Method Reward Velocity [m/s| Distance [m] Accident [%] Overtake [%] Road Excursion (%] Min headway [m] ~Min TTC [s]

1 Ours 102.3 + 14.6 143 £ 04 21514 £64.7 0.0 £ 0.0 100.0 £ 0.0 0.0+ 0.0 15.1 £ 3.4 11.1 £ 4.5
IDM-+MOBIL 41.1 + 31.8 124 £ 0.9 1682.6 £ 391.2 34.0 479 0.0+ 0.0 0.0+ 0.0 23.5 £ 325  220.6 + 629.2
Suboptimal 28.1 £ 0.1 120 £0.0 1795.6 £ 0.6 0.0 +£0.0 100.0 £ 0.0 0.0 £ 0.0 157 £ 0.4 16.0 £ 0.5
SAC 244+ 155 114 £ 0.4 1378.7 £ 395.0 54.0 504 42.0 £49.9 0.0+ 0.0 12.6 £ 4.5 16.7 £ 17.6

2 Ours 109.0 + 6.6 142 £ 0.2 21253 £ 225 0.0+ 0.0 100.0 £0.0 0.0 £ 0.0 16.0 £ 0.7 122 £ 2.1
IDM+MOBIL  30.9 £ 30.2 12.2 £ 0.9 1563.9 & 417.9  52.0 £ 50.5 0.0 £ 0.0 0.0 £ 0.0 13.3 £15.1 4289 £ 1324.2
Suboptimal 26.5 + 0.6 119+ 01 17881+ 7.5 0.0+ 0.0 100.0 £ 0.0 0.0+ 0.0 13.1 £ 0.8 132+ 14
SAC 299 + 6.4 10.6 £ 0.3 1577.8 £68.6 2.0+ 14.1 0.0+ 0.0 0.0 £ 0.0 152 £ 2.8 10.0 £ 3.7

3 Ours 106.4 £ 2.6 13.7 £ 0.1 2060.5 £ 18.7 0.0 £0.0 100.0 £ 0.0 0.0 £ 0.0 134 £ 1.6 8.5+ 1.6
IDM-+MOBIL 34.2 + 29.9 12.2 £ 0.9 1554.5 & 491.0 38.0 £ 49.0 0.0 £0.0 0.0 £ 0.0 15.6 £19.2  203.3 £ 306.6
Suboptimal 25.0 £ 0.5 11.5 £01 1731.8 £9.1 0.0 +£0.0 100.0 £ 0.0 0.0+ 0.0 13.1 £ 1.0 133 £ 14
SAC 257+ 94 10.5 £ 0.3 1536.4 £ 125.2 12.0 & 32.8 0.0+ 0.0 2.0+99 13.8 £ 3.3 72426

4 Ours 62.3 + 19.2 12.0 £ 0.7 1805.9 £ 110.0 0.0+ 0.0 66.7 £ 50.0 0.0 £ 0.0 151 £ 0.7 27.2 £ 35.0
IDM+MOBIL 345 £ 33.1 12.2 £ 0.9 1570.3 & 446.8 42.0 £ 49.9 0.0 £ 0.0 0.0 £ 0.0 20.6 £ 33.4 1079.6 £ 5275.5
Suboptimal 214 +85 11.1 £ 0.3 1555.5 £ 355.5 10.0 & 30.3 12.0 £ 32.8 0.0+ 0.0 11.6 £ 2.6 11.8 £5.5
SAC 21.2 £ 10.5 9.9 +£ 0.6 1395.1 £ 342.9 18.0 & 38.8 0.0+ 0.0 4.0 £13.7 152 £ 2.5 79 %28

4.8 Ablation on Hyperparameters

As shown in Figure 4.7, we conduct an ablation study on several key hyperparameters in our
bootstrapping framework. We keep the training and evaluation setup unchanged and report the
mean and standard deviation over three random initialization seeds (1, 2, 3). These seeds affect
both network initialization and environment randomness.

As shown in Figure 4.7a, we ablate the magnitude of the KL-divergence coefficient used for
training initialization, £. Varying & changes the average testing reward return, but it has only a
minor effect on the overtaking success rate and the accident rate. This observation is consistent
with the component-wise ablation in Section 4.5. The offline replay buffer has a stronger influence
on safety-related metrics, while the KL-based soft constraint mainly improves driving efficiency and
yields a higher return.
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Figure 4.7: Ablation study of hyperparameters.
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As shown in Figure 4.7b, we ablate the initial offline replay ratio 8, which controls the fraction
of samples drawn from the offline buffer versus the online buffer during early training before the
offline portion is gradually annealed. The results indicate that 8 should not be extreme. If 3
is too small, the method loses the intended bootstrapping effect and behaves similarly to vanilla
online RL, which yields low reward and poor overtaking performance. If 8 is too large, learning
is dominated by suboptimal demonstrations and robustness degrades, which is reflected by worse
reward and sharply worse success and accident statistics. Intermediate S values achieve consistently
strong rewards with high overtaking success rate and low accident rates.

As shown in Figure 4.7¢c, we vary the number of offline trajectories and observe that performance
improves quickly when increasing the dataset from very small to moderate. This improvement
occurs because more trajectories increase coverage over randomized initial traffic configurations and
provide more reliable early guidance. After a moderate dataset size, the episode reward saturates
and the safety metrics remain stable. This trend indicates diminishing returns once the offline data
already provides sufficient behavioral diversity for bootstrapping.

As shown in Figure 4.7d, we study the stochasticity parameter p in the demonstrator distribution
(Eq. (3.7)). In this construction, probability mass p is assigned to the rule-based action and the
remaining mass is distributed over the other actions. The plot shows that a moderate value around
p = 0.9 performs best. If p is too small, the demonstrator distribution becomes too diffuse and the
KL-based guidance is weakened in the initial learning phase. If p is too large, the demonstrator
becomes nearly deterministic and can over-constrain exploration or amplify suboptimal biases.

As shown in Figure 4.7e, we vary the accident penalty used in the terminal reward design. The
plot shows a clear safety-efficiency trade-off. A more negative penalty encourages safer behavior
but reduces average speed. A mild penalty makes the policy less risk-sensitive and increases the
accident rate. A moderate penalty magnitude provides the best balance in our setting, because it
preserves a high overtaking success rate with near-zero accidents while sustaining higher cruising
speed. Overall, the best results occur when the demonstrator is confident but not deterministic.

4.9 Continuous Action-Space Extension

Our main experiments use a discrete 9-action interface with a 2-Hz policy decision rate. To address
whether our approach can also support finer continuous control, we adapt the proposed Suboptimal
Bootstrap framework to a continuous 5-Hz policy with a 15-Hz simulation rate. This experiment
is not introduced as a new algorithm, rather it maintains the same core idea of using a suboptimal
driving strategy as structured guidance, but changes the action interface, policy distribution, critic
input, and KL regularization to match continuous SAC.

To construct this stochastic rule-based policy, the continuous rule-based action is mapped to
the pre-squash action space by

Mrule,pre(st) — atanh <Mrule(8t)> ] (44)

The continuous stochastic rule-based policy is then defined as

ﬁrule(a ‘ St) = N ('urule,pre(st)’ 0—121116[> 9 (45)

where o, = 0.10. This is the continuous counterpart of the discrete stochastic rule-based policy in
Eq. (3.7), and has the same role of converting the deterministic suboptimal controller x™"¢(s) into
a stochastic policy distribution for KL-based soft guidance. Here, atanh(-) is applied elementwise
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Table 4.6: Hyperparameter settings for the continuous action space and 5-Hz policy update exper-
iments.

Symbol  Description Value
v Discount, factor 0.95
& Action-deviation reward-penalty weight 0.05

Orule Rule-based policy standard deviation 0.10

to map the bounded rule-based action to the pre-squash space, a denotes a pre-squash continuous
action, and [ is the identity matrix.
For the continuous 5-Hz experiment, we also apply an auxiliary reward-level action-deviation
penalty,
2
Hai)re - Mrule,pre(st)HQ

2 )
2O-rule

Tt =Tt — fr (46)

where a}"® is the pre-squash action sampled by the learned policy, and &, = 0.05. This penalty is
only used for the continuous 5-Hz experiment. This auxiliary penalty is introduced to stabilize the
continuous-control training. In the 2-Hz discrete-action setting, the policy selects from a small finite
action set, so exploration is strongly constrained. In the continuous-control setting, acceleration and
steering are real-valued commands, which substantially enlarges the action search space and may
lead to overly aggressive actions during early SAC training. The Euclidean action-deviation penalty
provides a fine-grained regularization signal by measuring how far the learned action deviates from
the suboptimal guiding action. It softly discourages large deviations and keeps early exploration
within a physically reasonable region.

The hyperparameters that differ from the discrete RL setting in Table 2.4 are summarized in
Table 4.6.

Table 4.7 shows that the adapted continuous 5-Hz Suboptimal Bootstrap controller retains
strong performance. Compared with the original discrete 2-Hz setting, the continuous 5-Hz im-
plementation shows more decisive escape behavior while maintaining safety. It achieves a higher
average speed, a longer travel distance, and a larger minimum headway, while still maintaining 0.0%
accidents, 100.0% overtaking, and 0.0% road excursions. The lower minimum TTC (5.9 s vs. 9.5 s)
is therefore not an indication of collision-prone behavior; rather, together with the zero-accident
and successful-overtaking results, it suggests a more active and decisive escape maneuver during the
critical interaction window. These results support the extensibility of the bootstrapping principle
to a higher-frequency continuous-action setting and show that the proposed bootstrapping principle
is not limited to the discrete 2-Hz action abstraction. The continuous result should be interpreted
as an adapted version of the same framework rather than a direct one-to-one comparison with the
discrete experiments.

Table 4.7: Testing performance under continuous action space and 5-Hz decision policy updates.

Method Reward Velocity [m/s] Distance [m] Accident [%] Overtake [%] Road Excursion [%] Min Headway [m] Min TTC [s]
Ours (5 Hz, Continuous action space) 3042 £17.1 14.2 £ 0.1 21349 £ 134 0.0 £ 0.0 100.0 = 0.0 0.0+ 0.0 155 £ 0.7 59 +0.7
Ours (2 Hz, Discrete action space) 104.8 + 4.3 13.7 £ 0.1 2056.5 + 20.5 0.0 = 0.0 100.0 = 0.0 0.0 + 0.0 13.9 £ 0.9 9.5 + 3.0
Backbone SAC (5 Hz, Continuous action space) — 60.9 £ 9.3 10.9 £ 0.0 1634.1 £ 3.7 0.0 0.0 0.0 0.0 0.0+ 0.0 15704 348+ 77
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Chapter 5

Conclusion

In this report, we introduced a novel DRL-based autonomous driving framework specifically tailored
to address a critical driving scenario. As opposed to traditional methods that rely on optimal control
or large-scale expert demonstrations, our approach integrates a suboptimal controller that embeds
human-like driving heuristics, effectively guiding the policy toward practical and efficient driving
behaviors. The suboptimal controller is employed both as a soft constraint during the early stages
of policy training and as an additional source of training samples. Experimental results consistently
demonstrated that our framework outperforms standard RL algorithms. These findings highlight
the practical benefits of incorporating structured, heuristic-based guidance to accelerate policy
training, improve sample efficiency, and enhance autonomous driving performance.
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