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1 Introduction001

Behavior cloning, a form of imitation learning,002

enables the replication of human-like decision-003

making in autonomous systems. This approach004

involves training models on demonstrations of hu-005

man performance, capitalizing on the nuanced un-006

derstanding humans have of complex tasks. Prior007

research in this domain has yielded significant in-008

sights, particularly in replicating intricate human009

behaviors in machine learning models. However,010

behavior cloning also presents challenges, particu-011

larly in its susceptibility to domain shift and vari-012

ations in state spaces during testing. While not013

always suitable for dynamically changing environ-014

ments, it offers considerable potential in fine-tuning015

and enhancing model performance under specific016

conditions. This study focuses on applying be-017

havior cloning to the "CarRacing-v2" environment018

from OpenAI Gym (Brockman et al., 2016), a task019

known for its complexity and requirement for nu-020

anced control, to explore the efficacy and limita-021

tions of this approach.022

Research questions023

How does behavior cloning perform in024

the ’CarRacing-v2’ environment from025

OpenAI Gym beyond training data?026

2 Behavior cloning027

Behavior cloning (BC) is the simplest of IL strate-028

gies, essentially reducing the problem to that of029

traditional supervised learning. BC assumes access030

to a data set:031

D = {(sn, an)}Nn=1, at ∼ πE(a|st) (1)032

where πE is the human expert’s policy. These state-033

action pairs do not have to be sequential in time.034

BC then fits a policy πθ(a|s) to this dataset using035

traditional supervised learning:036

θ̂ = argmin
θ∈Θ

N∑
n=1

ℓ(an, πθ(·|sn)) (2)037

Behavior cloning (BC) in machine learning faces 038

several distinct limitations. Firstly, training a policy 039

using BC is disconnected from the model’s underly- 040

ing Markov Decision Process (MDP), meaning the 041

policy does not interact with states that it generates 042

itself. Secondly, the success of BC heavily relies on 043

comprehensive coverage of the state space. Lastly, 044

even if the policy demonstrates good performance 045

in supervised learning tasks, this does not automat- 046

ically translate to effective performance under the 047

MDP. 048

It has been theorized that even with minimal su- 049

pervised learning errors, the policy can still exhibit 050

significant errors in terms of reward optimization. 051

Therefore, BC appears to be most effective when 052

used for fine-tuning already high-performing poli- 053

cies. 054

In light of these considerations, our research 055

aims to investigate the influence of training data 056

volume on the agent’s performance and the policy’s 057

ability to adapt to different domains. Specifically, 058

we explore questions like how training data quan- 059

tity affects the agent and the challenges of domain 060

adaptation. 061

3 Related work 062

In exploring behavior cloning (BC) for autonomous 063

driving, the research by (Codevilla et al., 2019). 064

and the study on BC using Convolutional Neural 065

Networks (CNNs) provide foundational insights. 066

This work highlights the strengths of BC in com- 067

plex driving scenarios and its potential scalabil- 068

ity, but also underscores inherent challenges like 069

dataset biases and overfitting. Their proposed 070

benchmark for BC emphasizes its capability in ex- 071

ecuting maneuvers in novel environments. 072

Complementing this, the study on BCNet (Farag 073

and Saleh, 2018), a seventeen-layer CNN designed 074

for safe driving and smooth steering, demonstrates 075

the effective use of deep learning in behavior 076

cloning. This research shows promising results in 077
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cloning driving behaviors through extensive train-078

ing and simulations, using data from front-facing079

cameras and experienced drivers. Both studies col-080

lectively contribute to the understanding of BC’s ef-081

fectiveness and limitations, informing our approach082

in the "CarRacing-v2" environment. These works083

underscore the significance of comprehensive train-084

ing data and robust architectures in achieving effec-085

tive behavior cloning in autonomous systems.086

Incorporating the human component in self-087

driving tasks is crucial for human-in-the-loop ma-088

chine learning. This integration is essential for sev-089

eral reasons. Firstly, human judgment can provide090

valuable insights into complex scenarios where au-091

tomated systems may not be fully reliable. Sec-092

ondly, human intervention is crucial for safety,093

ensuring that decisions made by the vehicle are094

checked and balanced by human understanding and095

ethics. Lastly, human feedback can significantly096

improve the learning and adaptation of these sys-097

tems, particularly in unpredictable and dynamic098

driving environments. Therefore, the human ele-099

ment not only enhances the reliability and safety100

of self-driving systems but also plays a vital role in101

their continuous learning and development.102

Starting with the OpenAI Gym, a simpler envi-103

ronment, is beneficial for understanding and mas-104

tering the fundamentals required for real-world105

self-driving tasks. This approach allows for the106

development and testing of algorithms in a con-107

trolled, risk-free environment. Lessons learned108

here about behavior cloning, model training, and109

handling dynamic situations can then be applied to110

more complex, real-world scenarios. This step-by-111

step progression ensures a solid foundation is built112

before tackling the intricate challenges of actual113

self-driving technology.114

4 Human data115

We collect states and actions from the 2D top-down116

v2 car racing environment by the gym library 1, see117

figure 1. This approach allows for track generation118

based on specific seed values. The primary data119

for training the behavior cloning models includes120

96x96x3 pixel images from the track, paired with121

corresponding human actions. However, the nature122

of this game makes it less suitable for learning with123

multiple annotators, due to the challenging control124

mechanics and the need for a strong grasp of the125

1https://gymnasium.farama.org/environments/
box2d/car_racing/

game. While it is possible to employ filtering based 126

on a reward-per-step baseline to manage data qual- 127

ity, this process is time-consuming and requires 128

additional resources. Therefore, relying on a sin- 129

gle, expert annotator is deemed more practical and 130

efficient for this specific application. 131

4.1 States 132

The environment state consits 96x96 pixels with 133

the car starting at rest in the center of the road. The 134

game settings allow for continuous In continuous 135

setting there are 3 actions: steering (-1 is full left, 136

+1 is full right), gas, and breaking. In a discrete 137

setting there are 5 actions: do nothing, steer left, 138

steer right, gas, brake. For all the experiments the 139

default continuous state space was used. 140

Some indicators are shown at the bottom of the 141

window along with the state RGB buffer. From 142

left to right: true speed, four ABS sensors, steering 143

wheel position, and gyroscope. 144

4.2 Metric 145

The evaluation of model performance in the 146

’CarRacing-v2’ environment hinges on a nuanced 147

rewards system. Each frame incurs a small penalty, 148

while successfully navigating track tiles yields sub- 149

stantial points. This scoring framework, therefore, 150

becomes a crucial indicator of the model’s effi- 151

ciency in mimicking human-like driving. 152

The reward is −0.1 every frame and +1000/N 153

for every track tile visited, where N is the total 154

number of tiles visited in the track2. 155

Training data is captured as 96x96x3 pixel rep- 156

resentations of the track, paired with correspond- 157

ing human actions. This approach simplifies the 158

task into a supervised learning paradigm, enabling 159

the use of standard accuracy metrics to compare 160

the model’s output with human decisions. Such 161

a setup is instrumental in quantitatively assessing 162

the model’s ability to replicate complex driving 163

behaviors under varying track conditions. 164

The setup simplifies the task into a supervised 165

learning framework, where human actions serve as 166

the ground-truth labels. This allows for direct com- 167

parison of the model’s predictions against actual 168

human decisions, using standard accuracy metrics 169

to evaluate performance. This method is essen- 170

tial for assessing how closely the model’s behavior 171

aligns with human actions under the given condi- 172

tions, on a single frame level. 173

2For example, if you have finished in 732 frames, your
reward is 1000 - 0.1*732 = 926.8 points.
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Figure 1: Original track Figure 2: Pre-processed track

5 Method174

"The method employed involves an initial step of175

data transformation. The raw state images from the176

OpenAI Gym environment are first pre-processed.177

This pre-processing includes converting the images178

to grayscale, adding padding, and cropping out ir-179

relevant information such as speed and acceleration180

indicators. The final step in the data preparation181

process is normalizing the image pixel values to a182

range between 0 and 1, ensuring consistency and183

improved model performance.184

5.1 Models185

For the model architecture, we use a standard se-186

quential design comprising alternating layers of187

Conv2d and BatchNorm, interspersed with non-188

linear activation functions. The architecture culmi-189

nates in a linear layer that maps to the predefined190

action set. Detailed specifications and configura-191

tions of the model are provided in the Appendix192

10.193

5.2 Practise194

A significant challenge arises from the model’s in-195

ability to account for dynamic factors such as the196

speed and rotation of the race car. This limita-197

tion complicates the task, particularly in situations198

requiring nuanced control, such as corner naviga-199

tion—a task that poses difficulty even for human200

players. To mitigate these challenges, the model’s201

braking and acceleration parameters are carefully202

adjusted. This adjustment is crucial to avoid ex-203

cessive acceleration in straight sections, which can204

lead to understeering and the consequent failure to205

execute turns effectively.206

6 Results 207

To evaluate the effectiveness of behavior cloning in 208

the "CarRacing-v2" environment, we conducted a 209

series of experiments using human demonstration 210

data. The primary focus was to assess the perfor- 211

mance of the trained agent in replicating human- 212

like driving behaviors and adapting to new track 213

configurations. 214

6.1 Minimum dataset influence 215

The study investigated the impact of the volume 216

of training data on the performance of the trained 217

agent. We employed varying proportions of the 218

demonstration data , specifically 10%, 20%, 50%, 219

and 100%, to train the model and then evaluated its 220

performance on a baseline track (seed4). 221

The results, as summarized in table 1, indicate 222

a clear trend: as the percentage of the training set 223

used increases, there is a significant improvement 224

in the maximum reward achieved by the agent in a 225

single run. Starting from an inability to score any 226

points with just 10% of the data, the model’s perfor- 227

mance enhances notably with more data, reaching 228

a peak performance when the entire dataset is uti- 229

lized. This trend underscores the importance of the 230

quantity of training data in behavior cloning, par- 231

ticularly in complex environments like ’CarRacing- 232

v2’, where nuanced control and adaptability are 233

crucial for success. 234

Percentage of training set 10% 20% 50% 100%
Max reward during 1 run 12 110 357 782

Table 1: Impact of variation in data. Used 5000 training
instances for 100%

The table with varying percentages of the train- 235
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ing set and corresponding max rewards during a236

single run clearly demonstrates the positive corre-237

lation between the amount of training data and the238

performance of the behavior cloning model.239

Domain adaptation240

The model receives a training annotation dataset241

of 5 laps around the same track (seed of 4) and is242

trained for 100 epochs, see figure 5 in appendix243

B. Figure 3 shows the resulting test of racing on244

tracks that either fall within the training data (track245

4) or lie beyond the training data (different tracks246

and corners). Most test laps on different tracks fail247

earlier and never make the full track indicating that248

the model only learns corners and cases specific to249

the trained track and does not generalize well.250

Figure 3: Reward over time. Trained on track 4 only.

To test whether B.C. works in general cases, we251

trained and tested on different tracks and plotted252

total reward over time in figure 4. Using the 15000253

instances of all different tracks and thus different254

corners and more cases to learn from, we model255

performs nearly just as good on tracks it has never256

seen before.257

Figure 4: Reward over time. Trained on different tracks.

7 Conclusion 258

In conclusion, this study on behavior cloning in the 259

"CarRacing-v2" environment from OpenAI Gym 260

illuminates the intricacies of autonomous system 261

training. The results underscore the critical role of 262

human-in-the-loop interaction, enhancing model 263

adaptability and performance. However, the ex- 264

periments also reveal challenges, such as domain 265

adaptation and managing dynamic scenarios. The 266

varying effectiveness of the model based on train- 267

ing data quantity suggests a need for more robust 268

training methodologies. These insights are invalu- 269

able for future research, especially in refining au- 270

tonomous systems for real-world applications and 271

improving their adaptability to new environments. 272

8 Discussion 273

It’s evident that using accuracy as a metric for 274

evaluating behavior cloning models in dynamic 275

environments like "CarRacing-v2" is inadequate. 276

Training improvements in frame-by-frame accu- 277

racy don’t necessarily translate to enhanced per- 278

formance on tracks, partly due to the human-like 279

gaming strategy of relying on memory of previous 280

frames. This can be seen in figure 6 where high 281

accuracy does not directly correlate with mastery 282

in different tracks. Additionally, the models tend to 283

miss critical edge cases, like excessive acceleration 284

on straights without adequate braking before turns, 285

and the inability to distinguish forward from back- 286

ward movement. The models’ struggle to adapt to 287

new tracks not seen during training underscores the 288

necessity for more sophisticated training methods. 289

Employing active learning, particularly focusing 290
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on complex track segments, could significantly im-291

prove model performance and generalization.292

9 Future work293

Exploring the use of advanced multimodal net-294

works like GPT-4V could offer significant improve-295

ments in behavior cloning models. These networks,296

with their enhanced visual and contextual under-297

standing, might provide more nuanced and adapt-298

able responses in complex environments. Addition-299

ally, incorporating metrics such as time taken to300

complete tracks could encourage more balanced301

strategies, moving beyond the ’slow but steady’302

approach. Further research could also delve into re-303

fining training techniques, exploring more diverse304

datasets, and enhancing the model’s ability to han-305

dle unpredictable scenarios.306

10 Code and sources307

Most of the code is based on the github308

below, except for the experiments, eval-309

uation and human annotation https:310

//github.com/tayalmanan28/Behaviour_311

cloning/tree/main. Sources for other ap-312

proaches: https://github.com/zalkikar/313

behaviorCloning_CarRacingv0/tree/main314

and https://notanymike.github.io/315

Solving-CarRacing/316

Additionally, it should be highlighted that this317

paper has been thoroughly reviewed and refined318

using Chat-GPT to improve readability and clar-319

ity throughout all sections, which is particularly320

relevant given the focus of this course on human-321

in-the-loop systems.322
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A Model 337

Layer Filters Kernel Stride
Conv2d 1 32 8, 4

BatchNorm2d 32 - -
ELU - - -

Dropout2d - - 0.5
Conv2d 32 64 4, 2

BatchNorm2d 64 - -
ELU - - -

Dropout2d - - 0.5
Conv2d 64 64 3, 1

ELU - - -
Flatten - - -

BatchNorm1d 64 * 7 * 7 - -
Dropout - - -
Linear 64 * 7 * 7 120 -
ELU - - -

BatchNorm1d 120 - -
Dropout - - -
Linear 120 Actionset -

Table 2: Neural Network Architecture based of code
from tayalmanan28

B Training logs 338

This is a section in the appendix. 339
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Figure 5: Training only on track 4

Figure 6: Training on bigger dataset with different tracks
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