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Abstract—Reinforcement learning algorithms have been
widely applied in the field of autonomous driving. However, the
choice of policy during the reinforcement learning process
significantly impacts learning outcomes. Existing stochastic
policy methods lack flexibility, preventing autonomous vehicles
from quickly learning optimal strategies in complex traffic
environments. This paper proposes a model that simulates the
regulatory mechanism of the Anterior Cingulate Cortex (ACC)
to balance exploration and exploitation. The model observes
through the Medial Prefrontal Cortex (MPFC) module,
evaluates using graph convolutional neural networks, and
transmits dopamine signals of reward errors to the ACC
module. Feedback neurons compute vigilance, and the LPFC
adjusts action probabilities based on vigilance and action values.
Experimental results validate that this approach achieves a
balance in action selection strategies for autonomous vehicles,
thereby improving the quality of actions taken by the agent.
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1. INTRODUCTION

In recent years, traffic accidents caused by human errors
have become a serious global issue [1]. The emergence of
autonomous driving vehicles is seen as an effective solution
to mitigate driver burden and has garnered widespread
attention worldwide [2]. The decision-making system of
autonomous driving systems is responsible for considering
interactions with other traffic participants to select optimal
actions, ensuring safe driving while completing tasks
efficiently. The quality of these decisions directly impacts the
safety and efficiency of vehicle operations.

The advancements in reinforcement learning (RL) have
greatly propelled the development of autonomous driving
decision-making technology. RL, based on Markov decision
processes (MDP), employs closed-loop learning, utilizing
reward functions as incentives and employing exploration-
exploitation strategies for autonomous iterative learning [3],
gradually improving decision-making capabilities. In
complex traffic scenarios, RL can explore environments,
extract feature information, and abstract hidden mappings of
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optimal strategies, particularly showing immense potential in
situations where complete environmental observation or
explicit scene representation is not feasible. Therefore, RL
plays a crucial role in the field of autonomous driving
decision-making.

Reinforcement learning (RL) commonly utilizes
stochastic policies such as greedy policy [4] and e-greedy
policy [5]. The greedy policy is a deterministic policy where
the agent selects the action with the highest action value,
assigning a probability of 1 to the action with the maximum
value and 0 to all others. On the other hand, the e-greedy
policy is widely used to balance exploration and exploitation.
With probability 1-g, the agent selects the best-known action,
while with probability €, it chooses a random action to explore
potentially better options. This policy has shown effective
results in deep reinforcement learning. However, during the
exploration phase, e-greedy policy assigns equal probabilities
to all actions, potentially leading to negative impacts on
overall performance when the agent selects poorly performing
actions.

To overcome these shortcomings, this paper proposes a
novel neurophysiological motivation model to address the
trade-off between exploration and exploitation in Q-learning.
The model simulates the regulatory function of the Anterior
Cingulate Cortex (ACC) between the Medial Prefrontal
Cortex (MPFC) and Lateral Prefrontal Cortex (LPFC). It
employs graph convolutional neural networks to extract scene
topological information and uses an actor-critic framework to
evaluate states. During feedback, the ACC calculates
prediction errors to update internal models, driving learning in
the LPFC. When making decisions, individuals continuously
weigh the likelihood of utilizing existing options versus
exploring other options, aiming to select the optimal action.

II. METHODS AND PRINCIPLES

A. Neurophysiological Basis

Reference [6] indicates that the Anterior Cingulate Cortex
(ACC) plays a crucial role in goal-directed behavior. The
ACC integrates information based on signals received from
other modules, calculating the cognitive control costs and
expected rewards of cognitive control to select actions that



maximize expected rewards. Substantial evidence suggests
that ACC activity responds to increases in unsigned prediction
errors and error detection. Hence, the ACC error likelihood
theory has been developed.

The error likelihood model was proposed by Brown and
Braver [7] in 2005. This model suggests that the Anterior
Cingulate Cortex (ACC) is involved in calculating the
likelihood of errors, even in situations without actual errors or
response conflicts. According to this theory, the ACC
responds to activity in other brain regions and sends warning
signals to them. These signals prompt those regions to perform
error detection, and their magnitude depends on the level of
prediction error in the given environment. This determines
whether cognitive control needs to be implemented.

The prediction error signals of the ACC are driven by the
LPFC learning [8], while the LPFC regulates specific
predictions [9] generated by the MPFC/ACC. The LPFC
primarily maintains representations of stimuli that coincide
with prediction errors in working memory, whereas the
MPFC/ACC generates these prediction errors, similar to TD
errors in computational temporal difference learning. As noted
by Botvinick [10] et al., "the occurrence of pain and the
indication of error feedback are signals of the same category,
all of which indicate that the current distribution of attention
has failed to prevent negative outcomes." In other words, as
cognitive conflicts and erroneous outcomes increase, the ACC
becomes active due to the need for behavioral adjustments.
This increased activation of the ACC leads to increased
activity in the dorsolateral prefrontal cortex (LPFC), which is
primarily responsible for executing cognitive control to adjust
behavior.

Rushworth and Kolling [11], among others, applied an
optimal foraging model from ecology to humans, known as
the foraging value theory (FVT). Inspired by behavioral
ecology, FVT posits that many natural situations differ from
common binary choice tasks in laboratories, as they do not
involve two clearly defined options. In such contexts, FVT
suggests that individuals continuously weigh the value of
persisting in ongoing actions against the potential for
switching to foraging opportunities. The ACC is involved in
evaluating foraging values in the environment, rather than
simply utilizing current resource areas.Electrophysiological
recordings in non-human primates and neuroimaging studies
in humans have shown that ACC activity increases when there
is a need to shift from exploitation of the environment to
exploration. These findings support the theory that the ACC
monitors the value of alternative actions and compares them
with current actions, indicating that switching to exploring
other options may be more valuable than exploiting existing
ones (such as default options).

These functions can be mapped to the learning processes
of artificial agents. Therefore, in this study, we simulate ACC
regulatory mechanisms to design a decision system for
autonomous vehicles that balances between exploration and
exploitation.

B. Problem Formulation

We employ an undirected graph to model the interaction
scenario, where each node represents a vehicle, and the edges

convey interaction information between pairs of vehicles.
Specifically, this undirected graph can be denoted as
G ={N,E}, which serves as our model input data, where

N ={n,n,,.,n,} » E={e,ije{l2. n}} , ndenotes the

number of vehicles. The output action space consists of
discrete lane-change instructions.

a = [left, straight, right) (1)

Markov Decision Processes are a classic method for
modeling intelligent agents in complex environments. The
experiments in this paper are conducted using the SUMO
simulation platform, where the environment is fully
observable. Therefore, the decision problem of autonomous
vehicles in dynamic environments can be modeled as an MDP.
An MDP is typically represented by a tuple (S, A, P, R, y),
where S is the state space, A is the action space, P is the
transition probability function, R is the reward function, and y
is the discount factor. In this environment, the agent selects
actions based on the current state. When the agent performs
an action in the environment, the environment updates its state
in the next time step and provides a single-step reward. This
process repeats until the task is completed or terminated.
Modeling the lane-changing problem in simple scenarios and
applying it to autonomous vehicles has shown promising
results [12]. Moreover, this process exhibits similarities to the
neural mechanisms introduced in Section 2.1.

C. ACC Neural Modulation System

Based on the above principles, we designed an ACC neural
modulation system that operates between the MPFC and
LPFC, as illustrated in Fig. 1. Information from the
environment is observed by the vehicle and input to the
MPFC, which makes a state judgment. Subsequently, the
ventral tegmental area (VTA) in the midbrain receives a
reward r, and the VTA calculates a reward error 6 based on r.
Meanwhile, the feedback neurons in the ACC module
calculate vigilance B* based on 6. The LPFC then uses

vigilance to determine the action probabilities P, which
represent the probability of selecting each action.

Within the MPFC, environmental observation involves
primarily graph convolution processes, where the constructed
node matrix and adjacency matrix are input to the Graph
Neural Network (GNN) module. This module comprises fully
connected layers and graph convolution layers.

This process can be described as:

G, =9¢°"(N,E,) 2)

Where N, represents the node matrix, E denotes the

adjacency matrix, and ¢ represents a neural network with
graph convolutional layers.

The graph convolutional features are fed into the DRL
(Deep Reinforcement Learning) module to obtain the Q-

values for lane-changing actions. The derivation process of the
Q-values is as follows:

Q(s,.a,)=¢"" (G, €)
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Fig. 2. The neural modulation system network model of the ACC

Where @*represents the policy neural network of Deep
Reinforcement Learning.

After the agent selects an action, the Q-values are adjusted
based on the reward, calculating the reward prediction error

o():

5(t) = 7; + 7maaxQ(s, b at ) - Q(St—l > at—l) (4)

Where 1, represents the real-time reward obtained from

interacting with the environment, and y represents the discount
factor.

The reward prediction error 6 not only affects the Q-values
of actions but also influences a group of feedback-like neurons
in the ACC (Anterior Cingulate Cortex) module. When the
reward prediction error & is less than 0, the ERR neurons
respond, whereas the COR neurons respond when 9 is greater
than 0. This is specifically represented as:

8.()=6(0), if 5120
{+() (®), if o(t) )

5 (H)=8(), if 5(t)<0

After receiving feedback, this module transmits a
vigilance signal #” to the LPFC (Lateral Prefrontal Cortex),

simulating how strongly the human brain reacts to current
actions. This sensitivity is crucial for the module's
responsiveness to behavior. The computation process of
vigilance B is as follows:

B ()« B (O)+u,6,()+ud.(t)y (6

v ]
QG.a) COR
LPFC ACC
ERR
3 8./8.
Ventral Tegmental
MEFC (s1) Area (VTA)
5 o ®
- 4 P &
- 5 L
S./16 ™
COR ERR .
ACC LPFC
a
Where 0< ff*<1, u, and g represent the update

rates.

After receiving vigilance, the LPFC computes the
exploration rate B as follows:

p= )
1+exp(e [1- 1+ @)

(7

Here >0, @l, @2 and @, are constants.

LPFC adjusts the probability of selecting an action based
on the size of the exploration rate:

exp(B-Q(s.2,)
3 exp(B-Q(sa)

{J

P(a)= (8)

where n represents the total number of actions available in
state s, and p (a,) is the probability of selecting action a, .

The neural modulation system network model of the ACC
is illustrated in Fig. 2. This model achieves a balance between
exploration and exploitation for the agent during policy
selection. When the exploration rate B is low, it significantly
influences the Q-values of each action, resulting in similar
overall action values and nearly equal probabilities for each
action to be chosen. In this scenario, the agent tends to explore
the environment more. Conversely, when the exploration rate
B is high, the influence of each action's intrinsic value on its
overall value increases. This leads the agent to favor selecting
the optimal action, thus exploiting the environment
effectively.



III. EXPERIMENTAL RESULTS

In this study, experiments were conducted using greedy
policy, e-greedy policy, and ACC-adjusted policy. Initially,
the agent employed a completely exploratory approach, and
after training for a period, the agent was trained using the three
strategies. The training rewards during the training process in
the highway scenario are shown in Fig. 3. It can be observed
from the graph that the reward curve obtained using the ACC-
adjusted policy is slightly higher than that of the greedy policy
and policy. The average rewards during training were 3289.64
for the greedy policy, 3302.55 for the e-greedy policy, and
3429.51 for the ACC-adjusted policy. During testing, the
average rewards were 3277.84 for the greedy policy, 3298.17
for the e-greedy policy, and 3436.82 for the ACC-adjusted
policy. Both during training and testing, the ACC-adjusted
policy yielded the highest rewards, indicating that it can
effectively achieve a balance between exploration and
exploitation.

Given that the distribution of vehicles in the highway
scenario is relatively sparse and the environment changes are
relatively smooth, this paper further verifies the robustness
and generalization of the model by conducting new training
and testing in a dense intersection scenario. The performance
is then compared with the better-performing strategies. The
two strategies are combined with the widely used A3C, PPO,
and DDPG algorithms. The training rewards in the roundabout
intersection scenario are shown in Fig. 4. From the reward
curves, it can be observed that for the same algorithm, the
reward values of algorithms using the ACC-adjusted policy
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Fig. 3. The training rewards in the highway scenario
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Fig. 4 The training rewards in the roundabout intersection scenario

are higher than those using the regular policy. Among the
algorithms using the same policy, the DDPG algorithm
performs the best, followed by the PPO algorithm, with the
A3C algorithm performing the worst.

The experiments in the two scenarios demonstrate that the
ACC-adjusted policy effectively accomplishes the action
selection tasks for autonomous vehicle decision-making.
Unlike traditional strategies that adjust action selection
probabilities in a fixed manner, the ACC-adjusted policy is
closer to human thinking, as it continuously and dynamically
adjusts the selection policy to respond to changing
environments. Compared to traditional strategies, this
approach is less likely to fall into local optima and exhibits
better adaptability in complex environments. However, the
policy shows significant fluctuations in the early stages of
training, which may be due to the high sensitivity of the policy
to the numerous uncertainties present in the initial phase.

IV. CONCLUSION

Based on the neural modulation mechanism of ACC, this
paper proposes a method to balance exploration and
exploitation. This method enables the agent to dynamically
transition between exploring and exploiting the environment
in autonomous driving scenarios. Compared to conventional
greedy and e-greedy policy approaches, training and testing
results demonstrate that this method achieves higher rewards
and better learning effectiveness. It can enhance data quality
to a certain extent, thereby enabling autonomous vehicles to
make more accurate decisions. This policy can not only be
widely applied in the field of autonomous driving but also
combined with other deep reinforcement learning models,
potentially extending its use to other areas of artificial
intelligence beyond autonomous driving. However, the
model's training is not very stable in the early stages,
necessitating further refinement of the policy. Future research
will focus on improving the policy and exploring the
integration with studies on the prefrontal cortex, which is
closely related to this module.
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