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Abstract 

This paper presents a hierarchical reinforcement learning (HRL) framework 1 
for autonomous racing that integrates macro-action planning with resource 2 
management, focusing on tire wear and fuel consumption. Our model 3 
utilizes a two-layer architecture: a high-layer for strategic decisions such as 4 
pit stops, and a low-layer for direct vehicle control. By incorporating 5 
typically omitted physical constraints, our framework improves the realism 6 
and strategic depth of race simulations. The model's effectiveness is 7 
demonstrated through superior performance and resource optimization in 8 
simulated environments, compared to human benchmarks. Code is available 9 
at: https://github.com/ghssx19/RL-Project-Gym?tab=readme-ov-file 10 

1 Introduction 11 

Autonomous racing and driving are a field where the majority of efforts are concentrated at the 12 

intersection of deep learning and automobiles. Furthermore, Autonomous racing has led to 13 

community projects such as F1Tenth, A2RL, AWS DeepRacer, and the Nvidia JetRacer Project. 14 

The solutions proposed by its competitors in the aforementioned projects and challenges are 15 

especially useful within game design, pre-race motorsport simulations, and motorsport real-time 16 

decision-making support systems. However, previous work has overtly omitted factors such as 17 

tyre wear, energy consumption, and physical restraints of a vehicle such as battery or breaking 18 

system temperatures. The omission of these factors which we will refer to as physical constraints 19 

leads to simplified decision making and omits strategic decision-making. Therefore, the developed 20 

works are not well-suited for decision support systems or accurate motorsport simulations. 21 

Moreover, research such as [1], which has addressed the constraint to some degree is difficult to 22 

reproduce due to confidentiality limitations which make it difficult for the research community to 23 

progress.  24 

The choice of model to address the problem of autonomous racing has been primarily 25 

reinforcement learning (RL), and Deep RL (DRL), where an agent in control of the car learns 26 

directly from experiences collected in a simulation environment. The simulation environments 27 

used to train and deploy these models are often proprietary such as AWS DeepRacer, or packages 28 

such as Gazebo, OpenAI Gym, or Ansys. The omission of the physical constraints can be justified 29 
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thus far as simulation platforms lacked parallelization capabilities until the introduction of 30 

IsaacLab and therefore it would lead to increased computational overhead to include the physical 31 

constraints, while the problem of autonomous racing itself was relatively unexplored at the time.   32 

Thus far only one paper has incorporated macro actions which are temporally extended actions 33 

which are constituted of a series of primitive actions each last one single timestep[1]. Simply put 34 

macro actions refer to strategic decisions such as deciding to take a pit stop, maintain current 35 

position in race, or overtake in the race an agent can mitigate the effects of physical constraints to 36 

grant itself an age over other competitors, during race time, where each of these actions consists of 37 

low-level agent actions such as directional movement. This additional aspect of making high-level 38 

strategic decisions is often referred to as macro action planners and have been applied in 39 

Wearhouse delivery [2].  40 

In this paper, we introduce a Hierarchal RL-based multi-agent racing approach that accounts for 41 

physical constraints, namely 1) tire wear, and 2) fuel consumption. Our unique contributions are 42 

the development of a multi-agent Hierarchical RL project which can be expanded on by other 43 

researchers with the objective of advancing macro action planning in the area of autonomous 44 

racing called Hierarchical -RL Racing Model.  45 

2 Related work  46 

Existing autonomous racing and driving methods can be categorized as: 1) Hierarchical control 47 

[3], [4], [5], [6], [7], [8], [9], or 2) single model control [10], [11], [12], [13], [14].  48 

2.1 Hierarchical RL for autonomous driving and racing  49 

Hierarchical RL methods for autonomous driving and racing separate the macro and micro actions 50 

that an agent can take and delegate it to its respective deep learning model or algorithm. More 51 

specifically hierarchical methods either use a higher level model to 1) generate way points for the 52 

lower level model to drive to [4], [6], [7], 2) is used to identify the current state of the environment 53 

and delegates the agent’s actions to the expert model or algorithm developed for the agents current 54 

state [5], [8], [9].  55 

Furthermore, the method by which the high level RL model is embedded with the low level model 56 

is either 1) interconnected, where the outputs from the higher level model are used as an output to 57 

the lower level model which allows both components to learn simultaneously and increase the 58 

adaptability of the framework [3], [5] . Or 2) where the inputs to the lower level model are strictly 59 

from the environment observation space and there is no communication between the two models 60 

[4], [6], [8], [9]. In the latter case a series of if/else statements are used to select the correct expert 61 

model for the current state of the environment based on the high-level model’s output.  62 

2.2 Single model control  63 

Single model RL methods used in autonomous racing are generally applied to the problem of 64 

optimizing the racing line. In single model RL architectures, the reward functions are carefully 65 

hand crafted to extract as much complex information from the environment as possible and 66 

address a specific issue, for example minimizing time around the track given physical constraints 67 

such as friction, maximum speed, maximum turning radius and etc.… The single model control 68 

architectures are often then adopted in hierarchical RL approaches to serve as the expert models 69 

for the different cases possible in the environment. Some of the common models trained and tuned 70 

with hand crafted reward function for autonomous driving and racing include PPO [10], Soft 71 

Actor Critic [10], twin delayed deep determinist policy gradient  [11], Deep Deterministic Policy 72 

Gradient [12], Deep Q-Network [13], and Probabilistic Inference for Learning Control [14] 73 

2.3 Summary of limitation 74 



   

 

   

 

In summary, there has been a significant amount of research done in applying models such as 75 

Hierarchical Program Triggered Reinforcement Learning (HPRL) [9] and Soft Twin Delayed 76 

Deep Deterministic Policy Gradient (Soft-TD3) [11] in applying single model control to different 77 

aspects of autonomous driving such as optimizing the path taken around a given track, or in road 78 

situations or maneuvers such as changing lanes or merging onto traffic. As regards to hierarchical 79 

approaches the majority of the work done is based around either 1) generating waypoints or areas 80 

which the lower level model should navigate to or 2) selecting an expert model best suited for a 81 

given environment's conditions, such as if the objective is to make a left turn the higher level 82 

model will apply the model trained for the task of making a left turn.  83 

To the authors’ knowledge hierarchical control for making strategic decisions has only been done 84 

once in a non-reproducible manner in [3], our aim with this project is to allow the community to 85 

have a maintained and working code base which they can use to address the problems introduced 86 

in the next section.  87 

3 Hierarchal -RL racing methodology  88 

In this section, we define the autonomous racing problem and present our Hierarchical DRL-based 89 

Racing model architecture. Figure 1 shows the overall model architecture. 90 

 

 

Figure 1: Model Architecture 

3.1 Problem definition 91 

The autonomous racing problem involves a vehicle V navigating a racetrack while considering 92 

key resource constraints: gas volume (𝑣𝑔 ) and tire wear condition (𝑡𝑤 ). The racetrack is 93 

represented as a continuous path within an environment characterized by sharp turns. Within the 94 



   

 

   

 

simulation we can observe gas volume and tire wear per time step. The rate of consumption for 95 

these resources are dependent on factors such as periods of acceleration, deacceleration, and the 96 

turning radius.  97 

The objective is to minimize 1) the total amount of supplies (gas, tire thread) used, and 2) the lap 98 

time shown in Eq. (1). Therefore, we need to maximize the speed of the car at any given time 99 

around the track. The aforementioned recursion and the fact that a 15-second 1 pitstop can only be 100 

taken at a brief section of the track lead to the complexity of creating a model for predicting 101 

pitstops. In this paper, we aim to start preliminary work which can serve as a platform for future 102 

researchers to address the defined problem. Moreover, we will also focus on minimizing the 103 

frequency of pit stops, contributing to the overarching goal of optimizing race performance. 104 

min𝑇𝑡𝑜𝑡𝑎𝑙 = min [𝑇𝑑 +∑𝑇𝑝𝑖𝑡

𝑛𝑝𝑖𝑡

] (1) 105 

where 𝑇𝑡𝑜𝑡𝑎𝑙  denotes total race time, 𝑇𝑑 denotes total time spent driving on the track and 𝑇𝑝𝑖𝑡  106 

denotes time spent in the pit stop, lastly 𝑛𝑝𝑖𝑡 denotes total number of pits stops. Specifically, this 107 

paper focuses on minimizing the frequency of pit stops, contributing to the overarching goal of 108 

optimizing race time. 109 

3.2 Autonomous racing architecture 110 

The proposed hierarchical RL racing architecture consists of two distinct layers: (1) a high-layer 111 

RL that handles strategic decision-making, and (2) a low-layer RL responsible for low-level 112 

vehicle control on the racetrack. This separation allows the architecture to efficiently divide 113 

complex tasks into manageable sub-tasks, where the high-layer RL focuses on task-specific 114 

optimization (Macro actions) [4], [15], and the low-layer RL specializes in directly interacting 115 

with the environment and producing control actions (Micro actions) [31]. The following sections 116 

describe the architecture’s key components in detail. 117 

3.2.1 Pit stop model 118 

The Pit Stop RL module forms the high-layer RL and is responsible for strategic decision-making 119 

regarding whether the vehicle should continue driving or take a pit stop for refueling or tire 120 

replacement. This decision is critical in optimizing the race performance while adhering to 121 

resource constraints, such as tire wear (𝑡𝑤) and fuel volume (𝑣𝑔). The module is implemented 122 

using Proximal Policy Optimization (PPO) [16], [17], [18]] with policy. 123 

PPO is an advanced gradient method designed to improve the stability and efficiency of policy 124 

updates during training. It addresses the limitations of earlier methods such as Trust Region Policy 125 

Optimization (TRPO) [19]by using a clipped objective function to constrain policy changes within 126 

a trust region, thus preventing overly large updates that may destabilize training. 127 

The clipped surrogate objective in PPO is defined in Eq. (2). 128 

𝐿𝐶𝐿𝐼𝑃(𝜃) = 𝐸𝑡[min(𝑟𝑡(𝜃)𝐴𝑡 , 𝑐𝑙𝑖𝑝(𝑟𝑡(𝜃), 1 − 𝜖, 1 + 𝜖)𝐴𝑡)] (2) 129 

where: 𝑟𝑡(𝜃) is the ratio of new to old policy probabilities, 𝐴𝑡  is the estimated advantage 130 

function, 𝜀  is a clipping parameter (e.g., 0.2), which limits the extent of policy updates. 131 

This clipped objective ensures that updates are neither too small (inefficient learning) nor too large 132 

(destabilizing), leading to a more robust and sample-efficient training process.  133 

The advantage function 𝐴𝑡 is computed in Eq. (3). 134 

𝐴𝑡 = 𝛿𝑡 + (𝛾𝜆)𝛿𝑡+1 + (𝛾𝜆)
2𝛿𝑡+2 +⋯ (3) 135 

Where: 136 

𝛿𝑡 = 𝑟𝑡 + 𝛾𝑉(𝑠𝑡+1) − 𝑉(𝑠𝑡) (4) 137 



   

 

   

 

𝑟𝑡 is the reward at time t. 𝛾 is the discount factor, controlling how far into the future rewards are 138 

considered. 𝜆 is the GAE (Generalized Advantage Estimation) decay parameter, balancing bias 139 

and variance in the estimation. 𝑉(𝑠𝑡) is the value function estimate for state 𝑠𝑡. The advantage 140 

function quantifies the relative quality of the chosen action 𝑎𝑡 in state 𝑠𝑡 , aiding the policy in 141 

learning which actions are advantageous. 142 

The MLP policy is trained to maximize this clipped objective. The multi-layer perceptron (MLP) 143 

policy consists of: 1) Input Layer: Two state variables (𝑣𝑔, 𝑡𝑤). 2) Hidden Layers: Fully connected 144 

layers with non-linear activation functions (ReLU) [20], designed to capture complex state-action 145 

relationships such as trade-off between tire wear and speed. 3) Output Layer: A SoftMax [21] 146 

layer that outputs the probabilities of each high-level action (𝑎ℎ). If 𝑎ℎ = 1, then pit stop is 147 

needed. If 𝑎ℎ = 0, then continue driving. The policy is trained to maximize cumulative rewards, 148 

where the reward function reflects race performance metrics, pit stop efficiency, and resource 149 

utilization. 150 

3.2.2 Vehicle control model 151 

The low-layer RL module is responsible for low-level vehicle control, ensuring the vehicle 152 

navigates the racetrack effectively and adheres to the high-layer RL’s strategic decisions. Unlike 153 

the high-layer RL, which determines macro-level strategies, the low-layer RL focuses on 154 

continuous control tasks such as steering, throttle, and braking to maintain the vehicle’s optimal 155 

trajectory and speed. To improve efficiency and reduce training overhead, the low-layer RL 156 

module leverages a pre-trained model. This model, based on PPO combined with a Long 157 

Short-Term Memory (LSTM) architecture [22], is specifically designed for controlling vehicles in 158 

continuous action spaces. The architecture combines the advantages of PPO’s robust policy 159 

optimization with LSTM’s ability to capture temporal dependencies, making it well-suited for 160 

tasks requiring sequential decision-making in dynamic environments. 161 

The pre-trained model is composed of several key components. The first component is the 162 

Observation Encoder, which processes the image-based observation space provided by the 163 

environment. The input consists of 64×64×3 RGB frames that capture a bird’s-eye view of the 164 

racetrack and the vehicle’s surroundings. A convolutional neural network (CNN) [23] is used to 165 

encode these images into compact, high-level feature representations, allowing the model to 166 

extract meaningful spatial and contextual information essential for understanding the racetrack 167 

layout and obstacles. 168 

 The encoded features are then passed through a Recurrent Layer implemented as a LSTM 169 

network. This layer is designed to maintain a memory of past states, enabling the model to account 170 

for temporal dependencies that are critical in vehicle control tasks. For instance, the LSTM allows 171 

the model to anticipate upcoming turns or adjust speed in response to approaching obstacles. By 172 

maintaining hidden states over time, the LSTM ensures that decisions are informed by both 173 

current observations and historical context, improving the model’s ability to navigate dynamic 174 

environments. 175 

The Policy Network translates the output of the LSTM layer into actionable control commands for 176 

the vehicle. Specifically, it maps the processed features to a continuous action space comprising 177 

three control parameters: steering angle, throttle, and braking. The steering angle determines the 178 

direction of the vehicle, while the throttle and braking control acceleration and deceleration, 179 

respectively. These outputs are represented as probability distributions, which allow for stochastic 180 

exploration during training and deterministic execution during deployment, balancing learning 181 

efficiency and real-time performance. 182 

 Finally, the model includes a Value Function network, which estimates the expected return from 183 

a given state. This component is essential for the PPO algorithm used in the pre-trained model. By 184 

providing an estimate of future rewards, the value function reduces the variance in the reward 185 

signal and stabilizes the policy-gradient optimization process. Together, these components enable 186 

the pre-trained model to perform robust and efficient control in the continuous action space of 187 

autonomous racing. 188 



   

 

   

 

3.2.3 Reward function 189 

The reward function is designed to guide the vehicle’s decision-making process, with the objective 190 

of minimizing pit stop frequency while ensuring optimal performance based on the vehicle's 191 

resource conditions, specifically fuel volume (𝑣𝑔) and tire wear (𝑡𝑤). The rewards and penalties 192 

are carefully assigned to incentivize appropriate actions under different scenarios, as described in 193 

Eq. (5). 194 

𝑟 =

{
 
 

 
 50,            𝑎ℎ = 1, 𝑣𝑔 > 0.1, 𝑡𝑤 > 0.1 

−1000,   𝑎ℎ = 1, 𝑣𝑔 ≤ 0.1, 𝑡𝑤 ≤ 0.1 

200,       𝑎ℎ = 0, 𝑣𝑔 ≤ 0.1, 𝑡𝑤 ≤ 0.1

−40,      𝑎ℎ = 0, 𝑣𝑔 > 0.5, 𝑡𝑤 > 0.5

(5) 195 

𝑎ℎ = 1 means pit stop action. 𝑎ℎ = 0 means continue driving action. For the pit stop action, the 196 

model is penalized with a reward of -40 when resources are in a healthy state (𝑣𝑔>0.5 and 197 

𝑡𝑤>0.5), discouraging unnecessary pit stops. Conversely, a reward of 200 is assigned if the pit stop 198 

action is taken under critical resource conditions (𝑣𝑔 ≤0.1 and 𝑡𝑤≤0.1), encouraging the agent to 199 

take corrective measures when resources are nearly depleted. 200 

For the continued driving action, the model receives a reward of 50 when resources are sufficient, 201 

promoting uninterrupted progress on the track. However, a substantial penalty of -1000 is applied 202 

if the model continues driving under critical conditions ( 𝑣𝑔 ≤0.1 and 𝑡𝑤 ≤0.1), strongly 203 

discouraging risky behavior that could lead to failure.  204 

 

 

Figure 2: Pseudo code of the Hierarchical Model 



   

 

   

 

4 Training 205 

The Hierarchal-RL Racing model was trained in simulated racing environments using the PPO 206 

algorithm. Each training environment represents a racetrack with dynamic elements such as 207 

varying friction and obstacles. To simulate realistic race conditions, the environment incorporates 208 

both sharp turns and straight sections, requiring the agent to learn diverse driving strategies. The 209 

training framework uses a time-step-based episodic structure, where each episode ends when the 210 

vehicle completes a lap or exhausts its resources. 211 

The PPO model was configured with the following hyperparameters: a learning rate of 7 ×212 

10−5, 𝑛𝑠𝑡𝑒𝑝𝑠 = 2048, batch size of 64, and 𝑛𝑒𝑝𝑜𝑐ℎ𝑠 = 40. A discount factor (𝛾) of 0.99 was used 213 

to prioritize long-term rewards, while the Generalized Advantage Estimation (GAE) parameter 214 

(𝜆 ) was set to 0.95 to reduce variance in the advantage function. The clipping range for PPO’s 215 

surrogate objective was 0.2, and the entropy coefficient was set to 0.01 to encourage policy 216 

exploration. The value function coefficient was set to 0.5, and the gradient clipping threshold was 217 

fixed at 0.5 to ensure stable updates during training. 218 

The policy network utilized MLP architecture with customized policy keyword arguments 219 

designed for efficient feature extraction. The MLP policy employed leaky ReLU as the activation 220 

function for all layers except the output layer, ensuring smooth gradient propagation. The training 221 

was performed over 250,000 episodes with an experience batch size of 16. The PPO agent was 222 

trained using the cumulative reward as feedback, balancing strategic decision-making in the 223 

high-layer RL with low-layer control optimization. 224 

Training was executed over approximately 28 hours. The pseudo code for the model simulation 225 

and training is in Figure 2. Figure 3,4 is the plot showing total reward per testing epoch, while 226 

figure 4 is the accumulation of the rewards during training. 227 

 

 

Figure 3: Reward per testing epoch 

 

Figure 4: Accumulation of rewards during training 



   

 

   

 

5 Simulated experiments  228 

The simulated experiments include a comparison study to evaluate the performance of 229 

Hierarchal-RL Racing model with human controlling. 230 

5.1 Comparison study 231 

We evaluated the performance of the Hierarchical RL racing model against human drivers based 232 

on total race time (TRT). The goal of this comparison was to assess how effectively the proposed 233 

model balances resource management and driving efficiency relative to human performance. 234 

5.1.1 Race environment 235 

The evaluation was conducted in a simulated racetrack environment designed to mimic real-world 236 

racing conditions. The track included sharp turns, and straights, requiring adaptive strategies for 237 

both speed optimization and resource management. The model and human participants evaluated 238 

under identical initial resource states (𝑣𝑔  =1.0, 𝑡𝑤=1.0) and environmental settings. These 239 

settings are the following: friction, driving backward, driving forward, on grass, steering, braking, 240 

and speed. These settings are sent to the low-level model as an Image of track (IOT). 241 

5.1.2 Human participants 242 

One human participant controlled the vehicle using a standardized interface with keyboard inputs, 243 

with feedback on fuel and tire conditions displayed in real time. Humans were instructed to 244 

prioritize minimizing total race time while managing resources to complete the race successfully. 245 

5.1.3 Procedure 246 

Once the higher-level model was trained, it was imported into a separate file with the lower-level 247 

model with an instance of an environment. The seed level was fixed so the generated track would 248 

be the same. Another instance of the environment was created for Human with the same seed 249 

value for the same track to be generated. Trials were run by their model and by the human for 10 250 

laps. 251 

5.1.4 Results 252 

Table 1 presents a comparison of tabulated results between two TRT’s: the TRT of the model and 253 

the TRT of the human performance. 254 

 

Table 1: TRT comparison 

Lap number Model TRT (second) Human TRT (second) 

1st Lap 27.61 53.84 

2nd Lap         59.36 77.18 

3rd Lap 28.87 82.81 

4th Lap 18,95 105.38 

5th Lap 25.67 137.54 

6th Lap 27.02 61.56 

7th Lap 26.54 67.89 



   

 

   

 

8th Lap 29.30 63.11 

9th Lap 30.08 31.67 

10th Lap 24.04 48.93 

 

6 Discussions  255 

This work introduces a novel hierarchical reinforcement learning architecture for autonomous 256 

racing, comprising a high-layer RL module for strategic decision-making and a low-layer RL 257 

module for precise vehicle control. The framework advances the state-of-the-art by incorporating 258 

macro-action planning and efficient resource management, addressing critical factors such as fuel 259 

consumption and tire wear that are often overlooked in prior research. The comparison study 260 

demonstrates the model’s ability to outperform human drivers in resource optimization and total 261 

race time, highlighting its effectiveness in minimizing unnecessary pit stops while maintaining 262 

race efficiency. 263 

While the model does not yet achieve the overarching objective of fully optimizing all aspects of 264 

autonomous racing due to time constraints, the hierarchical architecture represents a significant 265 

step toward that goal. The ability to reduce pit stop frequency through strategic decision-making 266 

validates the potential of this approach in addressing real-world racing challenges.  267 

Future work will concentrate on improving the adaptability of the high-layer RL module to handle 268 

a broader range of conditions and developing specialized low-layer RL modules tailored to 269 

dynamic scenarios. It is also important to extend our methodology to real-life racing scenarios to 270 

validate the model's effectiveness under real-world conditions and further enhance its 271 

applicability. Efforts will also aim to bridge the interaction gap between the high-layer and 272 

low-layer RL modules, creating a more integrated learning framework where both layers adapt 273 

based on shared inputs and reciprocal feedback. By establishing a two-way communication 274 

between the top-level and low-level models, mutual learning can be enhanced, leading to greater 275 

control over the system's overall performance. For example, directly linking race time to both 276 

layers allows the low-level model to refine its driving efficiency, while the high-level model 277 

concurrently learns to optimize pit stop strategies based on low-level driving behaviors. These 278 

enhancements will further evolve architecture, contributing to a more comprehensive and robust 279 

solution for autonomous racing challenges. 280 
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