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Abstract. The evolution of Automated Driving Functions (ADFs) is contingent 

upon the effective implementation of Decision-Making (DM), context percep-

tion, and predictive vehicle control. Conventional Deep Reinforcement Learning 

(DRL) methodologies frequently prove inadequate in dynamic settings, largely 

due to their inherent limitations in addressing real-time DM and assigning long-

term credit. DRL via sequence modeling represents a promising avenue for ad-

dressing these challenges by combining the strengths of Attention-based archi-

tectures, such Transformer, and DRL. The integration of self-attention mecha-

nisms with offline DRL enables long-term credit assignment, fine-tuning and pre-

vent continuous interaction with the environment, mitigating risks related to real-

world simulations and trial-and-error approaches. This paper examines the po-

tential of Decision Transformer (DT) within the AD domain. A DT model was 

implemented and trained within the highway-env simulation environment. To do 

so, an offline RL dataset was constructed using a pre-trained Deep Q-Network 

(DQN) agent. The model was evaluated by comparing its performance against 

that of the pre-trained DQN and a random agent. Results demonstrated that the 

DT model exhibited superior DM capabilities, with higher average returns and 

longer episode durations than DQN. These findings highlight the potential of 

Transformer-based DRL in AD. 

Keywords: Automated Driving, Deep Reinforcement Learning, Decision 

Transformer, Driving Simulator, Decision-Making, High-speed Maneuvers, Of-

fline Reinforcement Learning. 

1 Introduction 

The application of Deep Learning (DL) is key in the advancement of Automated Driv-

ing Functions (ADFs), with the potential to enhance Decision-Making (DM) [1], con-

text perception [2, 3], and predictive vehicle control [4, 5] tasks. Among them, DM is 

of paramount importance for the vehicles navigation [6] and maneuvers execution [7, 

8]. 
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Traditional DL approaches are not suitable for DM tasks because they lack the ability 

to adapt to dynamic environments, thus they fall short in handling the real-time DM 

and optimization required in such tasks. In contrast, Deep Reinforcement Learning 

(DRL) offers a promising solution by combining the strengths of DL with the trial-and-

error mechanism typical of Reinforcement Learning (RL). This hybrid approach allows 

for continuous interaction with the environment, enabling the system to learn and real-

time DM, thereby effectively addressing the challenges associated with DM tasks. 

There are two primary types of DRL: online and offline. Online DRL involves con-

tinuous interaction with the environment, where the model learns and updates its strat-

egy based on real-time feedback. This approach is highly effective in environments 

where data can be generated continuously and the system needs to adapt to new infor-

mation instantly. However, it can be resource-intensive and may not always be feasible, 

especially in scenarios where real-time data collection is impractical or too costly. On 

the other hand, offline DRL uses pre-collected datasets to train the model. This method 

allows the model to learn from a fixed set of experiences, which can be advantageous 

in controlled environments or situations where gathering real-time data is challenging. 

Offline DRL provides a more stable and less resource-intensive training process, mak-

ing it suitable for scenarios where real-time interaction with the environment is not 

possible or desirable. Also, fine-tuning in offline RL is made possible by continuing to 

train on new or existing data subsets. Both RL paradigms must tackle two main chal-

lenges: learning effective representations of observations (i.e., inputs) and determining 

how actions (i.e., outputs) influence future returns [9]. Attention-based models, partic-

ularly Transformers [10], are inherently capable of addressing long-term credit assign-

ment via self-attention. They have achieved significant success in NLP [11, 12] and CV 

[13, 14] and have been employed in AD tasks such as object detection and scene rep-

resentation.  

Despite the widespread use of these architectures in perception tasks within AD, 

their application in DM remains a challenging area of research, despite promising out-

comes. In light of the constraints of DRL in AD [9], famously high number of agent-

environment interactions and risky data collection, researchers are investigating the po-

tential of Transformer-based architectures to enhance DRL tasks. Research suggests 

that Transformer-based methods demonstrate superior performance in both offline [15] 

and online [16] DRL, likely due to their advanced sequence representation learning and 

enhanced long-term credit assignment capabilities. 

In this paper, we explore the application of offline DRL using sequence modeling 

methods within the AD domain. Specifically, we detail the training of a Decision Trans-

former (DT) [15] model within the highway-env AD simulator [17] from Farama Foun-

dation Gymnasium [18]. Our evaluation of this approach demonstrates the significant 

potential of attention-based DRL in advancing the capabilities and effectiveness of AD 

systems. The results highlight the promise of integrating advanced sequence modeling 

techniques to improve DM processes in AD. 



3 

2 Methodology 

In this section, we describe the methodologies used in our research to explore the ap-

plication of DT within the AD domain. We begin by outlining the creation of an offline 

RL dataset, followed by the description of the training process of the DT model. Lastly, 

we present the evaluation metrics and results obtained from comparing our DT model 

with a traditional Deep Q-Network (DQN) [19] agent. 

2.1 Offline Reinforcement Learning Dataset Creation 

Simulation tests offer a controlled and safe environment for the evaluation of AD sys-

tems, obviating the risks associated with real-world testing. We chose the well-estab-

lished highway-env [17] (Fig. 1) as our highway DM environment. The compatibility 

with DRL state-of-the-art libraries makes this framework a valid starting point for pro-

totyping architectures and methodologies. 

Offline RL dataset must be composed of Markov Decision Process (MDP) trajecto-

ries, (i.e. states, actions, and rewards) to reconstruct RL transitions. State consists in a 

kinematic observation, a V (i.e. observed vehicles) × F (i.e. features to observe) matrix. 

Each observation comprises 7 features per vehicle, namely presence, horizontal and 

vertical coordinates, longitudinal and lateral speed, and the two trigonometric headings. 

We chose 10 as the number of vehicles to observe over 15 total vehicles for each epi-

sode, hence each observation consists in a 10 × 7 matrix.  

The action set we used is the default discrete action space provided by the frame-

work, already described by other works that exploit the same simulation environment 

[6, 20]. Such action space consists in the following actions: right, left, idle, faster, or 

slower.  

 
Fig. 1. Snapshot from highway-env. The Ego Vehicle (EV), namely the learning agent, is col-

ored in green; Non-Player Vehicles (NPVs) are light-blue. 

The rewards we chose to employ are the default highway-env values, and are resumed 

in Table 1. 

Table 1. Employed rewards 

Reward Description Type Weight 

Collision Reward assigned whenever the EV crashes with a vehicle Sparse -1 

Right-most 

Lane 

Reward used to encourage the EV to stay in the right-most 

lane, if possible 
Dense 0.3 
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High-speed 

Reward provided to the agent to prevent it to drive too 

slow. The speed range we consider when we give the EV 

such  value is [30,36] m/s 

Dense 0.3 

 

We then trained a DQN [19] agent on a 3-lane highway environment over 250,000 

training steps. Each episode includes a total of 15 vehicles and has a maximum duration 

of 30 simulated seconds. After training the model, we collected 150,000 episodes, for 

a total of 3.86M trajectories. Statistics of the dataset are listed in Table 2. 

Table 2. Dataset statistics 

Min re-

turn 

Max re-

turn 

Avg re-

turn 

Trajecto-

ries 

Epi-

sodes 

Min dura-

tion 

Avg dura-

tion 

7.6 23.2 11.32 3.86M 150K 10 23.06 

2.2 The Decision Transformer Architecture 

In accordance with prior research [15], we employ return-conditioned upside-down RL 

via a cross-entropy loss to predict subsequent actions in an autoregressive manner. We 

feed DT with the final context length (CL) timesteps, for action, state, and return-to-go 

values respectively. CL refers to the number of preceding timesteps that the model con-

siders when making a prediction. In essence, it defines the number of past observations 

and actions that the model incorporates to predict the subsequent action. As depicted in 

Fig. 2, each value is embedded into specific tokens. Then, an embedding for each 

timestep is obtained and incorporated into each token. This differs from the standard 

positional embedding employed in Transformers [10], as one timestep corresponds to 

three tokens. Tokens are finally processed by a GPT-2 model [21], which predicts fu-

ture action tokens via autoregressive modelling. 
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Fig. 2. Diagram describing the original DT architecture and how we used within highway-env. 

States (S), Returns (R), and Actions (A) are embedded taken from our offline RL dataset, and 

positional episodic timestep encoding is added. The obtained tokens are then fed into a GPT 

architecture which uses causal self-attention masking to predict actions. 

2.3 Decision Transformer Training 

We trained the DT model for 500 epochs. We chose the DT hyperparameters to use 

according to Bhargava et al. [22]. The values that differ from this set are the used at-

tention heads (i.e. 4), steps per iteration (i.e. 10,000), and batch size (64). The training 

was performed on a computer equipped with an Intel i9-14900K CPU, 32 GB of RAM, 

and an NVIDIA GeForce RTX 4080. 

2.4 Evaluation and Results 

To assess our work, we compared the trained DT model with the DQN model we em-

ployed to collect data and with an agent that performs actions randomly selecting them 

from the action space. Table 3 illustrates the obtained results. We set the target return 

to the highest return value in the dataset. 

Evaluation took place in the same multi-lane environment that we relied on for train-

ing DQN and DT models. 

Table 4. Obtained results after 300 episodes of evaluation for each agent. Best metrics in bold. 

Agent Type Avg return Avg episode length Avg speed (m/s) Collision rate 

DQN Online 11.35 22.25 21.95 40% 

DT Offline 14.01 22.66 22.56 51% 

Random Heuristic 6.41 13.03 24.02 96% 

 

Our DT model reaches a higher return compared to the DQN agent which, on the 

other hand, manages to follow a safer policy, leading to a 40% collision rate. The higher 

average episode length value implies that the DT agent was able to navigate the envi-

ronment for a longer duration before terminating, which may be indicative of better 

DM capabilities. Our agent was also able to drive faster while still managing to perform 

better in terms of return and episode length. The random heuristic agent had the highest 

average speed of 24.02 m/s (86 km/h), but this came at the cost of a very high collision 

rate, which is understandable given the total random behavior of such agent. 

3 Conclusion and Future Work 

In this work, we tackled the application of DRL via sequence modeling within the AD 

domain. We selected highway-env as our AD environment, which, despite its high level 

of abstraction, serves as an effective starting point for evaluating ML models, assessing 

AD scenarios [23], and investigating impact of various driving factors [24]. The results 
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obtained are promising, demonstrating how sequence modeling can be effectively ap-

plied for DM in AD. We recognize that the DT collision rate is not yet optimal. How-

ever, the performance of the DQN and DT models is inherently interrelated. It is be-

lieved that with a more comprehensive and higher-quality dataset, along with a pre-

trained model exhibiting a higher success rate, the DT performances can be signifi-

cantly enhanced. Improved data collection efforts will provide the necessary foundation 

for more effective training and results. While the DQN, a well-established DRL algo-

rithm in highway-env, resulted in fewer collisions than our model, it yielded a lower 

average return, leading to more conservative driving behavior in terms of speed and 

collisions. We acknowledge that replacing low-level actions with more realistic, struc-

tured, higher-level actions could enhance the realism and safety of the model [6, 24, 

25]. 

To address more realistic situations, it is crucial to employ more sophisticated driv-

ing simulators, such as the state-of-the-art CarLA [26] simulator, which takes into ac-

count vehicle physics, 3D models, and many other factors that highway-env and other 

driving simulators do not focus on. 

Furthermore, we stress the importance of the data quality, as it significantly impacts 

the performance and reliability of ML and DRL models. The quality and diversity of 

the data ensure optimal learning and generalization capabilities for AD scenarios. In 

light of the fact that fine-tuning to learn new tasks is applicable in offline DRL, opposite 

to online RL, it is imperative to consider the prevention of catastrophic forgetting when 

dealing with previously unencountered tasks. Otherwise, the model will forget the pre-

viously learned task. Recent advancements in the literature suggest that Multi-Domain 

DT may be employed to learn more effective representations of trajectories, while 

avoiding catastrophic forgetting [27]. 
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