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ABSTRACT

Among various driving scenarios, car-following (CF) is the most fundamental and frequent behavior in traffic and is crucial
for maintaining traffic stability. Thus, designing a human-like car-following-model for automated driving is essential, as
it enables other road users to better understand, predict; and-accept the behavior of such vehicles in mixed traffic
environments. In this study, we developed a Generative Reinforcement Proximal Optimization (GRPO) model to imitate
human drivers’ decision-making processes. Experimental results demonstrate that the GRPO model more effectively
captured human-like following behavior compared to traditional physical and reinforcement learning (RL) models in two
datasets from two countries (NGSIM and CN-truck dataset). This research is the first to apply the novel GRPO framework
to CF modeling. The results demonstrate that the superior performance of the GRPO as compared to baseline models and

indicate its feasibility to generate human-like CF behaviors in mixed traffic environments.
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1. INTRODUCTION

With the rapid advancement of intelligent transportation technologies, the commercialization of autonomous vehicles
(AVs) isaround the corner. Many countries have begun pilot operations or enacted regulatory frameworks to facilitate the
deployment of AVs. Despite these advancements, AVs remain relatively unfamiliar to most drivers '], and drivers may
take different strategies to interact with AVs on the road %, which may affect the safety and efficiency of the mixed traffic
consisting of AVs and human-driven vehicles (HDVs). Such a difference in HDV’s strategies may stem from the different
strategies AVs take I3 Therefore, enhancing the behavioral similarity between AVs and human drivers is important for

improving the safety and efficiency of mixed traffic.

Among various driving behaviors, car-following (CF) behavior is one of the most fundamental and frequent driving tasks
in traffic . Thus, various CF models have been designed to replicate human driving behaviors. Among these, the Imitation
Learning (IL) has been widely used, as it can imitate expert trajectories to recover complex car-following strategies with
minimal manual modeling. However, previous IL methods can suffer from demonstration bias and distribution shift when
encountering unseen states. Thus, in this study, we adopted a new approach of IL, the Group Relative Policy Optimization

(GRPO)PI, to capture nuanced human-like decision-making patterns in CF events. Specifically, the GRPO optimizes the
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car-following policy by comparing each sample to a group baseline, which helps reduce bias and improve generalization

to unseen situations.

To comprehensively evaluate model performance, we compare the GRPO-based CF models against several widely used
baselines, including Intelligent Driver Model (IDM) !, Proximal Policy Optimization (PPO) "], Soft Actor-Critic (SAC)
81 and Generative Adversarial Imitation Learning (GAIL) ©.. To more comprehensively evaluate the model performance,
two datasets—NGSIM from the United States ['! and a self-collected highway traffic dataset from China (CN-Truck

Dataset)—were used for training and evaluation.

2. METHODS
Problem Formulation

The CF process can be recognized as an MDP. [!'] In MDP, the object we aim to control is called an agent, which is
influenced by an environment. The interaction between the agent and the environment is called the action. Five elements
can describe an MDP: i) state, S, which is a description of the environment. ii) action, A, which is a collection of all
possible movements (a) that an agent can perform in each state. iii) transition probability;. P(s'|s, @); which describes the
probability of moving to the next state s’, given the current state s and the action a performed. iv) Reward, R, measures
the benefit of an action taken by the agent in the<environment. v) and discount factor, y, which is between 0 and 1,

describing the importance of future rewards.

In our study, the agent of the reinforcement learning (RL) model is the ego-vehicle, and the agent's action included
acceleration and deceleration. The states (S) can be defined as a vector. [4y,,, V., v}, AV, ], composed of relative distance
Ay,, between lead vehicle (LV) and ego-vehicle, ego-vehicle velocity v,, LV velocity v, and the relative speed Av,,
between LV and ego-vehicle. According to Newton's kinematic laws, the physical relationships among these parameters

follow the equations:

v, (t+ 1) =v,(t) +.a(t) X AT (1)

Velt + 1=y, (&) + 5[ () + v (t + D] x AT @)
v, (t+ D) =v(t+1)—v,(t+1) (3)
Ay (t+1D) =y, (t+1D —y(t+1) )

GRPO

Building upon the Proximal Policy Optimization (PPO) [ framework, the GRPO P! algorithm extends policy learning to
multi-agent or grouped environments by introducing a group-relative advantage term. The objective function of GRPO

can be expressed as:

argmaxgEs ymoEqry(is) [% Yo, min (ri,t(Q)A‘ig”’ (s,a;),clip(r;1(0),1 — &, 1+ £)AT"P (s, ai))] (5)
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Where 1;,(6) is ne(alsi, denoting the probability ratio between the updated and old policies, and 47" (s, a;) is

mr(als

A;(s,a;) — %2}1:1 Aj (S, aj), which represents the group-relative advantage.

Instead of optimizing each agent’s advantage (4;) independently, GRPO encourages the policies to be better than their
peers, rather than merely improving upon past versions. This relative optimization enhances inter-agent coordination,
robustness, and learning stability in both cooperative and competitive settings. As shown in Figure 1, GRPO can be adapted
to CF scenarios by treating different driving samples as a group. In this context, the group-relative-advantage measures
how well the ego-vehicle’s policy performs relative to the average behavior across comparable situations. Consequently,
GRPO enables the ego-vehicle to learn driving strategies that are not only individually effective but also robust and
relatively superior across various CF contexts. During training, the stability of the learning process was evaluated by
measuring the discrepancy between generated and real-world trajectories, which was treated as the reward in GRPO:

r = log (%) — 1000 x ¢ (©6)
Where V., was the true driving speed of ego-vehicle in the CF segment, V,,, was the velocity of the ego-vehicle

generated by the model, and ¢ was 1 if a collision occurred (otherwise 0). This equation was also the reward function for

all the reinforcement learning in this paper.
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Fig. 1. The structure of GRPO:in the CF scenarios. In the figure, the reference model is the old policy from the

previous round of training, the reward model is described in Eq. 6, and KL is the Kullback—Leibler divergence.

Benchmark models
A. Intelligent Driver Model

Microscopic CF models have long been used to simulate individual driver behavior in the presence of LVs, of which the
Intelligent Driver Model (IDM) ! is one of the most used:

an(®) = (1 - (29 - (59)7) ™

n(®) Sn(®)
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S ) =S™ +max| 0,V,(OT,(t) + _Vn®avn® ®

Jam 2[ )
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In Eq. 7 and 8, a™_ s the maximum acceleration, V,(t) is the desired speed, S, (t) is the desired gap, 8 is usually

max

St

setas 4, S,

is the minimum standstill gap, V},(t) is the current speed, and a,(t) is the acceleration.

B. Proximal Policy Optimization

The PPO algorithm ! improves policy gradient methods by constraining the size of policy updates. Instead of making
large, unstable changes to the policy, PPO uses a clipped objective function to keep the new policy mg(a | s) close to the
old policy m,(a | s). This balances exploration and stability, ensuring efficient and reliable learning by maximizing the

expected advantage, while preventing overly aggressive policy shifts. The objective equation for PPO is shown below.
argmaxgEs ,moEq ry(s) [min (rirt(e)A”B (s,a),clip (ri_t(e), 1—¢1+ e)A""k (s, a))] 9

In Eq. 9, 6 is the trainable policy parameter, v(™0) is the state-visitation distribution induced by thé current policy,
A™o)(s,a) is the advantage under the current policy, A("‘*k)(s, a) is the advantage under the previous policy, and ¢ is
the clip rate, which was set as 0.2 in this paper.

C. Generative Adversarial Imitation Learning

The Generative Adversarial Imitation Learning (GAIL) ! is based on the Generative Adversarial Network (GAN) [12],
GAN consists of two main components: a.generator and a discriminator. These two networks compete with each other
through adversarial learning to improve the performance of the generator model: When using GAIL, firstly, a real-world
trajectory from the dataset was randomly selected, and the‘state of the trajectory was initialized. Then, the initial state and
LV data were input into the generator, and the PPO algorithm generated a trajectory based on this data. The discriminator
optimized itself by discriminating between the generated trajectory and the real-world trajectory. The loss function of the

discriminator was as follows:

L) = ~Epn[logDy (s, @)] + Eye [log (1 — Dy(s,0))] (10)

The pseudo-rewards that the discriminator provides were: Rgyu, = —logD(s,a). Y is the parameter of the
discriminator network, Dy, (s, a) is the discriminator’s estimated probability that a state-action pair comes from the
expert, p, is the occupancy measure induced by the policy to be learned, and pg is the occupancy measure of the
expert demonstrations.

D. Soft Actor-Critic

Soft Actor-Critic (SAC) B is a policy gradient algorithm based on Maximum Entropy Reinforcement Learning (Maximum
Entropy RL) 3], aiming to enhance the cumulative return while maintaining the randomness of the policy, thereby

achieving better exploration and stability. The objective equation for SAC is shown below.

J(m) = E[Ztr(str a,) + a’H(T[(' |St))] (11)
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In the equation, 7(s;, a;) isthe reward obtained by taking action a, instate s;, H(m(:| s;)) is the entropy of the policy

at state s;, and «a is the temperature coefficient that balances reward maximization and exploration.

3. DATASETS FOR MODEL EVALUATION
NGSIM Dataset and CN-Truck Dataset

NGSIM is a dataset on public transportation in the United States, collected by the U.S. Department of Transportation
Intelligent Transportation Systems Joint Program Office (JPO) in 2005-2006 4], It is the largest and most widely used
highway traffic trajectory dataset globally and was recorded by installing seven cameras on a 30-story building near a
highway. The data used in this paper were collected at Interstate 80 (I-80) in Emeryville, CA, which covers a 500m-long
high-occupancy vehicle (HOV) lane.

The CN-Truck Dataset was collected by installing advanced sensing equipment (LiDAR and video cameras) on trucks
running between Wuxi, Jiangsu, and Qingdao, Shandong, with an average one-way distance of 830 km and a duration of
10 hours. The dataset was collected between November 21, 2024, and November 27, 2024, and the perception range of the

sensors was 300 meters at a frequency of 10 Hz.
Extraction of the Car Following Segments

Following previous research !>, we adopted the following criteria to extract the CF segments: 1) lead and ego vehicles
need to be in the same lane; 2) lead and ego vehicles should be within'100m; 3) the speed of both the lead and ego vehicles
should be greater than 10km/h to avoid traffic jams; and 4) the duration of the CF segments should be over 15s.

According to the above criteria, we extracted a total of 999 CF segments. from NGSIM and 354 CF segments from CN-
Truck. When training the data, 70% of each dataset was randomly selected as the training set, while the remaining 30%

was used as the test set.
Heterogeneity of the Datasets

To evaluate whether the models can consistently perform well and mimic diverse CF behaviors, we need to ensure that the
CF behaviors differ between the twodatasets. Thus, we compared CF characteristics in CN-Truck and NGSIM. As
illustrated in Figure 2, substantial differences in driving styles can be observed. This indicates that driving behavior is

region-dependent, underscoring the feasibility of using these two datasets for model evaluation.
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Fig. 2. Driver behavior density heatmap for CF segments. The color intensity represents sample density, with

darker colors indicating a higher density.

4. RESULTS

As shown in Figure 3, the GRPO algorithm converged on both datasets after approximately 100 training epochs, indicating
overall training stability. It is also observed that the average reward on the CN-Truck dataset was slightly higher, primarily

due to the longer duration of its CF episodes, which leads to higher cumulative rewards.

Then, the performance of different models in imitating the ego-vehicle’s speed and spacing strategies is illustrated in
Figures 4 (NGSIM) and 5 (CN-Truck). It can be observed that the GRPO model achieved superior performance in

replicating both spacing and velocity profiles, demonstrating a strong capability for human-like behavior imitation.
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Fig. 3. GRPO model training return change trend

Tables 1 provide quantitative comparisons of the models on the test sets. In the table, MSE spacing and MSE velocity
represent the mean squared errors between the generated and real-world trajectories in spacing and velocity, respectively.
The jerk metric measures the change rate of acceleration, reflecting the smoothness of the driving process and the comfort.

TTC (Time-To-Collision) is a widely used surrogate safety measure, originally introduced by Vogel ['7], and is defined as:

X(t)-Xp(t)-L
TTC(t) = 220 (13)
where X;(t) and Xp(t) denote the positions of the centers of mass of the LV and ego-vehicles; L is the vehicle length;
and V;(t) and Vp(t) are their respective velocities. The results show that GRPO consistently achieved the lowest MSE
in spacing across all datasets, highlighting its effectiveness in reproducing human-like following distances. Further, most
RL-based models exhibited relatively high jerk values, as reflected by the noticeable oscillations in the velocity profiles.
In contrast, the IDM model performed better in terms of smoothness. No difference was observed among the models for

the TTC metric, which aligns with the focus on behavior imitation rather than safety optimization.
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Overall, the findings demonstrate that the GRPO model excelled at capturing driver-like CF behavior. Nevertheless, the
relatively high jerk values suggest that future work should incorporate jerk and TTC into the reward design to achieve

smoother and safer human-like CF models that go beyond merely imitating driver behavior.
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Fig. 4. CF model performance for NGSIM dataset.
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Fig. 5. CF model performance for CN-Truck Dataset.

Table 1 Comparison of model performance on NGSIM and CN-Truck datasets. The bolded texts mean optimal result.

odel Test NGSIM CN-Truck Dataset
standard GRPO GAIL ' IDM PPO SAC GRPO .GAIL IDM PPO SAC

MSE (spacing)  25.73 26.61 30.03. 30.88 3643 33.88 064.14 4795 4373 4257
MSE (velocity) 1.02 2.50 1.98 2.88 3.31 2.56 6.00 1.32 3.35 5.23
Jerk 16.07 18.54  0.06 8.01 15.65 2222 509 0.02 20.69 21.59
TTC 4.70 4.61 4.79 4.99 4.32 6.22 4.54 4.63 7.08 3.05

Note: In the table, the bolded text indicates the best model for the corresponding metric.

5.. CONCLUSIONS

In this study, we revealed the superior performance of GRPO by modeling CF strategies in the well-known NGSIM dataset
and naturalistic driving data collected on Chinese highways. First, by comparing heatmaps of driving behaviors across
different datasets, the differences in CF styles across two countries are revealed. Second, CF models were developed using
the advanced GRPO algorithm and commonly used CF models, aiming to mimic human drivers’ CF behaviors.
Experimental results demonstrated that the GRPO model performed the best in replicating driver-like CF trajectories and
capturing CF dynamics. However, similar to other RL-based approaches (i.e., GAIL, PPO and SAC), the GRPO model
exhibited relatively poor performance in terms of smoothness of speed control (i.e., Jerk). The GRPO still failed to yield
the safest CF patterns in terms of the TTC. Future work should incorporate jerk and TTC metrics into the reward function

to develop more comfortable and safer CF algorithms.
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