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Abstract
This research presented a novel approach to optimize powered landing control on 

reusable rockets by using Softmax Double Deep Q-Networks (DDQN). We combined the 
advantages of Double DQN with Softmax exploration and curriculum learning to achieve 
precise and efficient landing control. Through extensive experiments in a specially devel-
oped 2D simulation environment, our method achieves improved landing accuracy by 37% 
(reduced final position error from 2.4 m to 1.5 m), better fuel efficiency by 28% (reduced 
average fuel consumption from 850 kg to 612 kg per landing), and improved adaptabili-
ty to initial conditions (improved successful landing rate from 76% to 94% across a wide 
range of altitudes and initial orientations) compared to traditional PID control methods. 
The results showed that the curriculum learning method significantly outperformed the 
non-curriculum approach, achieving 27% higher average awards (11.97 vs. 8.61) and 60% 
better performance consistency as measured by standard deviation (0.92 vs. 2.29). Both 
Softmax and ε-greedy exploration strategies proved effective with curriculum learning, with 
ε-greedy DDQN achieving the highest average award of 11.97. This approach allows for 
higher precision rocket landings while reducing operational costs through. 

Keywords: Softmax Double Deep Q-Networks; Landing Control Optimization; Curriculum 
Learning, Fuel Efficiency, Reusable Rockets. 

Nomenclature 

= vertical position of the rocket, m

= vertical velocity, m/s

= Horizontal velocity, m/s

= Angular velocity (rad/s)

= Angle for the vertical axis (rad)

1. Introduction
The development of reusable rocket technology has opened a new chapter in space 

exploration and satellite deployment, offering the potential for significant cost savings and 
increased launch frequency. Performing precise, powered landings that enable the recovery 
and reuse of the rocket’s first stage is a critical component of this technology (Gülhan et 
al., 2022). However, the consistent and efficient execution of powered landings represents 
a complex control problem, characterized by highly dynamic and nonlinear systems oper-
ating under strict temporal and fuel-based constraints(Sagliano et al., 2022). 

Traditional control approaches for rocket landing, including proportional-integral-de-
rivative (PID) controllers and model predictive (MPC) control, have demonstrated restricted 
flexibility in accommodating diverse initial states and environmental perturbations(Bene-
dikter et al., 2022; J. Wang et al., 2019). These limitations have stimulated the exploration 
of more flexible and resilient control methodologies, with reinforcement learning presenting 
itself as a viable and promising approach.
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Reinforcement learning, particularly deep reinforcement learning techniques, has 
demonstrated great potential in tackling complex control challenges across a diverse array 
of applications, including robotics (Tai et al., 2016), game-playing systems(Haarnoja et al., 
2018), and autonomous vehicle control(Saj et al., 2022). The utilization of reinforcement 
learning methodologies in aerospace applications presents distinctive obstacles stemming 
from the high dimensionality and continuity of the state spaces involved, the safety-critical 
nature of the operations, and the necessity for sample-efficient learning approaches(Brittain 
et al., 2024).

Figure 1-1: brief task demonstration of rocket landing control

Recent advancements in deep reinforcement learning algorithms, such as Deep Q-Net-
works (DQN) and their variants, have shown potential to address these challenges. Double 
Deep Q-Networks (DDQN)(van Hasselt et al., 2015). in particular, have exhibited enhanced 
stability and efficacy compared to conventional DQN by mitigating the overestimation bias in 
their action-value estimations.

Despite these advancements, the exploration-exploitation dilemma remains a critical 
challenge in reinforcement learning, especially in tasks with sparse rewards such as rocket 
landing. The commonly used ε-greedy exploration strategy can be inefficient in high-dimen-
sional action spaces and may lead to suboptimal policies.

This study presents a novel methodology for optimizing the powered landing control of 
reusable rockets, utilizing Softmax Double Deep Q-Networks. Our approach integrates the 
benefits of DDQN with a Softmax exploration strategy to enable more efficient and focused 
exploration of the action space. Furthermore, we implement a curriculum learning approach 
that gradually increases the complexity of the landing task, promoting more stable and effi-
cient learning. 

This paper makes several key contributions to the field of rocket landing optimization. 
First, we have developed a Softmax Double Deep Q-Network (DDQN) algorithm specifically 
tailored for the rocket landing problem, demonstrating enhanced sample efficiency and im-
proved landing performance compared to traditional ε-greedy DDQN approaches. Second, we 
have designed a comprehensive curriculum learning framework that progressively increas-
es task difficulty, thereby enhancing learning stability and generalization. Third, this study 
provides an in-depth investigation of the rocket landing process within a custom-developed 
2D simulation environment, offering a detailed analysis of landing accuracy, propellant effi-
ciency, and adaptability to various initial conditions. Finally, we conduct ablation studies to 
quantify the individual contributions of Softmax exploration and curriculum learning to the 
overall performance of our approach, further validating the effectiveness of our method.

2.	 Methodology
2.1. Related Works

This section examines previous research on control methods for rocket landing, the 
application of reinforcement learning in aerospace engineering, and advancements in deep 
reinforcement learning algorithms and exploration strategies. The powered landing of rockets 
has been an active research area since the early stages of space exploration. Traditional ap-
proaches have primarily utilized classical control theory and optimization-based techniques 
to address this challenge.
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Meditch’s pioneering research on fuel-optimal trajectories for soft lunar landings (Med-
itch, 1964) laid the foundation for subsequent advancements in powered descent guidance. 
Building upon this seminal work, Açıkmes¸e et al. (2008) proposed a convex optimization 
method that enabled fuel-efficient landing while adhering to strict constraints, a technique 
later adopted in NASA’s Mars Science Laboratory mission. Extending this research, Ardesh-
na et al. (2023)developed a method to handle non-convex constraints and demonstrated its 
application to precision landing on Mars. These classical control methods have demonstrated 
effectiveness in numerous situations; however, they typically necessitate precise models of 
the system dynamics and environmental factors, which can be problematic to acquire or may 
lack the capacity to generalize adequately across diverse conditions. 

Reinforcement learning has become increasingly popular for aerospace control prob-
lems due to its ability to adapt to complex, nonlinear systems and uncertain environments. 
Previous research has utilized deep reinforcement learning to enhance aerospace control per-
formance. For example, researchers leveraged deep reinforcement learning to enhance the ro-
bustness of spacecraft rendezvous and docking, compared to traditional approaches (Gaudet 
et al., 2020). Deep Q-learning has also been used to improve small spacecraft attitude control 
in the presence of external disturbances (Hovell & Ulrich, 2021). Additionally, a deep deter-
ministic policy gradient algorithm has been employed to optimize fuel consumption during 
aircraft landing scenarios (Zhang et al., 2021).

The existing research highlights the promise of reinforcement learning approaches in 
aerospace applications but also identifies challenges related to sample efficiency and the sta-
bility of learning within continuous action domains. Mnih et al. (2015)research in introducing 
Deep Q-Networks represented a significant advancement in the field of reinforcement learn-
ing, as it enabled the application of this paradigm to high-dimensional state spaces. Subse-
quently, numerous variants of the original DQN algorithm have been proposed to address its 
inherent limitations.

Van Hasselt et al. (2016) introduced Double DQN, which aims to mitigate the overesti-
mation bias in action-value estimates, resulting in more stable learning and enhanced perfor-
mance. Z. Wang et al. (2015) proposed the Dueling DQN architecture, which separately esti-
mates state values and action advantages, enabling more efficient learning across a range of 
tasks. Additionally, Schaul et al. (2016)developed Prioritized Experience Replay, a technique 
that facilitates more efficient utilization of stored experiences, thereby improving the learning 
speed of DQN algorithms.These advancements have enhanced the applicability of DQN to 
more complex control tasks, making it a promising candidate for rocket landing control.

Effective exploration remains a crucial challenge in reinforcement learning, especially 
in continuous or high-dimensional discrete action spaces.The ε-greedy exploration approach 
may be suboptimal for high-dimensional action spaces, as it can compromise the learning 
process and lead to suboptimal policies (Gupta & Srivastava, 2022). In contrast, Softmax ex-
ploration, based on the Boltzmann distribution (Chen et al., 2023), enables a more balanced 
exploration-exploitation tradeoff. However, its use in deep reinforcement learning has been 
limited. Researchers have proposed alternative exploration strategies, such as randomized 
value functions (Osband et al., 2017) and NoisyNets (Fortunato et al., 2017), which have 
shown improved performance in sparse reward environments.While various exploration strat-
egies have been proposed, the optimal approach often depends on the specific problem at 
hand, underscoring the need for thoughtful consideration when addressing the challenge of 
rocket landing control. 

Curriculum learning, which is inspired by how humans learn, has helped improve the 
efficiency and effectiveness of reinforcement learning. Bengio et al. (2009)] introduced the 
concept of curriculum learning in the context of machine learning, demonstrating its benefits 
in training neural networks. Narvekar et al. (2020) provided a comprehensive survey of curric-
ulum learning in reinforcement learning, discussing various approaches to task sequencing 
and progression. Furthermore, Florensa et al. (2017) applied reverse curriculum generation to 
robotics tasks, showcasing improved sample efficiency and performance. Curriculum learning 
may help address the challenges of sparse rewards and complex dynamics in rocket landing 
control.
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2.2. Problem Definition

	 The rocket landing problem is formulated as a Markov Decision Process, which is char-
acterized by a tuple consisting of the state space (S), action space (A), transition probability 
function (P), and reward function (R). The state space S in our rocket landing problem is 
continuous and five-dimensional, representing the key physical attributes of the rocket at 
any given time.  Thus, each state is represented as a 5-dimensional vector. The action space 
A in our rocket landing problem is discrete, consisting of four possible actions. Each action 
represents a specific combination of thrust level and engine gimbal position. This discretiza-
tion enables a simplified control scheme while still providing sufficient flexibility to achieve 
precise landings. In Our 2D rocket landing simulation, these dynamics are governed by the 
laws physics, particularly Newton’s laws of motion and rigid body dynamics.

The rocket model used in this study represents a medium-lift reusable launch vehicle 
designed for reliable payload delivery and successful vertical landings. Table 2-1` presents the 
key physical and performance characteristics of the rocket.

Table 2.1: Main Physical and Performance Characteristics of the Rocket
Parameter Category Specification Value Unit 
Physical Dimensions Total Height 47 meters 

Body Diameter 3.7 meters 
Wingspan 4.6 meters 
Landing Leg Span 8.2 meters 

Mass Properties Dry Mass 4.0 x 105 kg 
Propellant Mass 0.5 x 105 kg
Total Mass 4.5 x 105 kg 
Center of Mass Height 16 meters 
Moment of Inertia 2.15 x 106 kg · m2 

Propulsion System Maximum Thrust 7.6 x 106 N 
Specific Impulse 282 Seconds 
Engine Gimbal Rnage ±0.2 Seconds

Performance Maximum Payload Capacity 22.800 Kg 
Landing Burn Duration 20-45 Seconds 
Maximum Landing Speed 12 m/s
Nominal Landing Speed 2 m/s

The rocket features a cylindrical body with deployable landing legs that provide stability 
during touchdown. The propulsion system includes a single gimbaled engine capable of pre-
cise thrust vectoring within a ±0.2 radian range. This configuration allows for both attitude 
control and deceleration during the landing phase. The relatively high moment of inertia and 
the placement of the center of mass were chosen to enhance stability during the powered de-
scent phase.

(2-1)

Figure 2-1:Free-body diagram of the rocket.
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Given a constant time step size ∆t, the rocket’s mass m, gravitational acceleration g, 
horizontal velocity Vx, vertical velocity Vy, and a unit vector along the longitudinal axis of the 
rocket l, the new position in the x and y axes can be calculated using the following approach. 
Current state  of the rocket given by Eq. (2-1) and action a, the next state s’ is determined by 
Eq. (2-2) until Eq. (2-5), where  is time step 0.02 second and  and are the vertical 
and horizontal accelerations.  

Position update :

Velocity update :

Angular position update:

Angular Velocity Update :

The dynamics of a rocket’s motion can be analyzed by examining the forces acting on it. 
The force due to gravity, , is determined by the rocket’s mass, ( ) kg, and the 
gravitational acceleration (g = 9.81) m/s2 . the thrust force , contribute the rocket’s motion 
and expressed as , where (T) represents the thrust magnitude, 
which is ( ) N, when the engines are active and zero when off. The variable  
denotes the gimbal angle, which can vary by ±0.2 or be zero, depending on the specific action 
required. The net force acting on the rocket ( ), is vector sum of gravitational force and the 
thrust force  . The linear acceleration of the rocket (a), is calculated using formula 

. Additionally, the force induces a torque , given by 
, where (d = 16) m is the distance from the center of mass (CoM)  to the engine gimbal point. 
Thos torque generates an angular acceleration , determined by the relation , where 
(I = ) is the moment of inertia of the rocket. This comprehensive analysis of 
force and acceleration provides insight into how rocket maneuver under varying operational 
conditions.

The reward function  is critical component of our reinforcement learning framework, 
designed to encourage safe and efficient landing behavior. We carefully crafted this function to 
balance multiple objectives: successful landing, fuel efficiency, landing accuracy, and smooth 
control. The reward function is defined in Eq. (2-6) until Eq. (2-11) as follows:

Reward shaping techniques were implemented to enhance the learning process using 
curriculum learning and annealing strategies. Initially, we simplified the reward function by 
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excluding the position penalty, Rpenalty, gradually introducing it as the agent’s performance 
improved. In addition, we annealed the weight of the time penalty, Rtime, starting with a lower 
value and increasing it over time, allowing the agent to focus on mastering safe landing 
techniques before optimizing for speed. Through extensive experimentation and tuning, we 
developed a final reward function that effectively guides the agent in learning a policy for 
achieving landings that are safe, precise, and efficient.

Table 2-2: Summarize the reward components
Component Value Condition

Landing rewards 15 Successful Landing
Time Every time step

Orientation Penalty At landing

Velocity Penalty At landing

Position Penalty Every time step

2.3. Method
	 This section outlines methodology for optimizing powered landing control for reusable 

rockets using Softmax Double Deep Q-Networks combined with a curriculum learning ap-
proach. The problem formulation, the DDQN architecture, the Softmax exploration strategy, 
the curriculum learning approach, and the simulation environment employed in the study are 
presented. 
2.3.1 Double Deep Q-Network Architecture

	 The proposed methodology utilizes a Double Deep Q-Network architecture, which is 
an improvement upon the standard DQN designed to mitigate overestimation bias in the esti-
mation of action values. This section outlines the network structure, training procedure, and 
key implementation specifics.

The DDQN consists of two networks with identical architectures: the online network 
Q and the target network Q’. Each network maps the state space to action-values and is 
structured as follows (1) Input layer: 5 neurons, corresponding to the state space dimension 

 (2) Hidden Layers: Three fully connected layers with 64, 64, and 32 
neurons respectively. Each hidden layer uses ReLU activation functions to introduce non-lin-
earity. (3) Output Layer: 4 neurons, corresponding to the Q-values for each possible action 

A dueling architecture is employed, which separates the estimation of the state value 
V(s) and the action advantage A(s,a). This separation allows for more efficient learning of 
state-action values, particularly in states where actions do not affect the environment in a 
relevant way. The dueling architecture is implemented as follows.
a)	 The last hidden layer (32 neurons) splits inti two streams: 

Value stream: A fully connected layer with 1 neuron (V(s))
Advantage stream: A fully connected layer with 4 neurons (A(s,a) for each action)

b)	 The Q-values are computed as: Q(s,a) = V(s) + (A(s,a) - mean(A(s,a))

Figure 2-2 : DDQN Architecture for Rocket Landing Control 

	 Several key implementation details contribute to the effectiveness of our DDQN; (1) 
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State Normalization: Input states are normalized to have zero mean and unit variance 
based on statistics collected over initial random trajectories. This helps in faster and more 
stable learning. (2) Target Network Soft Updates: Instead of hard updates every N steps, 
we use soft updates for the target network: θ_target = τ * θ_online + (1 - τ) * θ_target where 
τ = 0.001. This results in more stable training. (3) Double Q-Learning: To reduce overesti-
mation bias, we use the online network to select the best action and the target network to 
evaluate it: y = r + γ Q’(s’, argmax_a Q(s’,a)). (4) Prioritized Experience Replay: We imple-
ment prioritized experience replay, where transitions are sampled with probability propor-
tional to their TD error. This focuses learning on the most relevant experiences. (5) N-step 
Returns: Instead of using single-step TD targets, we use n-step returns (n=3) which can 
help propagate rewards faster and potentially lead to faster learning.
	 The DDQN training process involves the following key steps; (1)  Experience Replay: 
We use a replay buffer D of size 100,000 to store transitions (s, a, r, s’). This allows for 
efficient use of past experiences and breaks correlations between consecutive samples. (2) 
Target Network: The target network Q’ is used for estimating target Q-values. It is peri-
odically updated with the weights of the online network Q every N = 1000 steps. (3) Loss 
Function: We use the Huber loss to update the online network Q. For a given transition (s, 
a, r, s’), the loss is computed as: L = Huber(y - Q(s,a)) where y = r + γ Q’(s’, argmax_a Q(s’,a)) 
The Huber loss is less sensitive to outliers compared to mean squared error, providing 
more stable learning. (4) Optimization: We use the Adam optimizer with a learning rate of 
0.001 to update the network weights. (5) Batch Normalization: Applied after each hidden 
layer to normalize the inputs, which helps in faster and more stable training. (6) Gradient 
Clipping: We clip gradients to a maximum norm of 10 to prevent exploding gradients.

2.3. Softmax Exploration Strategy
In this reaserch, we adopt the Softmax exploration strategy as an alternative to the 

more commonly used ε-greedy strategy. The Softmax strategy allows for a smoother and more 
controlled exploration in the action space, which is crucial for precision control tasks such as 
rocket landing

The Softmax exploration strategy uses the Boltzmann distribution to select actions. The 
probability of choosing action a in state s is given by:

The temperature parameter τ plays a crucial role in controlling the balance between 
exploration and exploitation. τ is high : Produce a more uniform probability distribution, en-
couraging more exploration. And τ is low : Makes the distribution more ‘sharp’, encouraging 
exploitation of actions with the highest Q-values Softmax’s exploration strategy, combined 
with DDQN’s architecture and curriculum learning, allows our agents to effectively explore 
complex action spaces in rocket landing tasks, resulting in smoother and more accurate con-
trol policies. 

2.4. Curriculum Learning
In this study, we applied the Curriculum Learning approach to improve the efficiency 

and effectiveness of our DDQN agents’ learning process in rocket landing tasks. Curriculum 
Learning is inspired by the way humans learn, starting from simple tasks and gradually in-
creasing to more complex tasks.

Rocket landing is a complex task with a wide state space and complicated dynamics. 
Starting learning directly from a full landing scenario can result in Inefficient exploration, 
Slow convergence, Trapped in suboptimal local optima. Curriculum Learning helps address 
these issues by breaking down tasks into easier subtasks and progressively increasing their 
complexity. We designed a three-phase curriculum that gradually increased the complexity of 
the landing task:
•	 Initial Phase (Episodes 0-199): Fixed initial height: 1 meter , No random initial rotation , 

No reward for horizontal speed control . Focus: The Agent learns to land vertically from 
low altitude. 
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•	 Intermediate Phase (Episodes 200-1099): Random starting height: 1-1 meter, increasing 
over time, Random start rotation enabled , Award for horizontal speed control introduced. 
Focus: The agent learns to handle variations in initial height and orientation. 

•	 Advanced Phase (Episode 1100+): Full of random starting heights: 1-10 meters , Random 
start rotation, Full reward structure including position control.Focus: Agents face a full 
landing scenario.

Curriculum learning offers several advantages in training AI agents. It begins with sim-
ple tasks, building fundamental skills before tackling full complexity. The curriculum limits 
the initial exploration space, allowing agents to discover basic solutions more quickly. Skills 
learned in simplified scenarios can be transferred to more complex situations. The gradual 
increase in complexity helps prevent divergence during the learning process. Often, agents 
trained with curriculum learning achieve better final performance compared to direct learning 
on the full task. This approach provides a structured path for agents to develop their capabil-
ities, leading to more robust and efficient learning outcomes.

Figure 2-3 : Curriculum Learning vs Standard Learning

Figure 2-3 shows the learning curve comparison between curriculum learning and 
standard learning approaches. It can be seen that curriculum learning results in a faster 
increase in rewards and achieves higher final performance. Through the implementation of 
curriculum learning, we successfully improved the learning efficiency and final performance 
of our DDQN agents in this challenging rocket landing task.

2.5. Simulation Environment
For this research, we developed a custom 2D simulation environment that models 

the dynamics of rocket landing (Figure 2-4). This environment is designed to provide a 
realistic yet computationally efficient representation of the vertical rocket landing problem. 
The lunar lander simulation incorporates key elements to create a realistic and engaging 
learning environment. It operates in 2D, modelling vertical and horizontal movements as well 
as rotation, providing a simplified yet effective representation of the landing challenge. The 
simulation applies Newton's laws of motion, including gravity and thrust forces, to accurately 
represent the physics involved in lunar descent. Following the OpenAI Gym paradigm, the 
interface is designed for compatibility and ease of use, allowing researchers and developers 
to seamlessly integrate the simulation into their reinforcement learning experiments and 
algorithms. 
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Figure 2-4 : Visualization of the environment

Table 2-3 : DDQN Algorithm
Main Algorithm DDQN Algorithm 

Initialize physical constants:
GRAVITY = 9.81  
…

Initialize Rocket state: 
	 position = [x,y] 

…
Initialize environmental boundaries: 
	 HEIGHT_LIMIT = 100 m 
	 ….
Simulation Step Function (step)

action ∈ {LEFT, MIDDLE, RIGHT, NOTHING}
	 Calculate the thrust force based on the action:
	
If action == NOTHING: thrust = 0 gimbal_angle = 0 

	 ….
Position Update: 

 
Update angle and angular velocity: 
	  
	 …

Check the boundary conditions:

….

 
Return : (New State, reward, done and additional info)

Reset Function
….

2.4. Experimental Setup
In this study, a series of comprehensive experiments was conducted to assess the 

effectiveness of the Softmax Double Deep Q-Network (DDQN) integrated with a Curriculum 
Learning approach for vertical rocket landing tasks. The experiments were designed using a 
custom 2D simulation environment to capture both vertical and horizontal dynamics, ensuring 
a robust evaluation of landing performance. The DDQN architecture was carefully structured, 
comprising an input layer of 5 neurons, three hidden layers (with 64, 64, and 32 neurons), 
and an output layer with 4 neurons. During the training process, the Adam optimizer was 
employed with a specific learning rate and batch size, and a Softmax exploration strategy was 
implemented to facilitate effective learning over 2000 episodes.

Performance metrics such as landing success rate, accuracy, fuel efficiency, smoothness, 
and stability were rigorously evaluated across 10 independent trials. The results were 
analyzed statistically to compare the effectiveness of our proposed method against baseline 
techniques. The use of Tensorboard for real-time logging and visualization provided valuable 
insights into the training dynamics and qualitative analysis of landing trajectories. Overall, 
the experiments indicate that the Softmax DDQN with Curriculum Learning significantly 
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enhances performance in vertical rocket landing tasks, demonstrating improved outcomes 
in multiple key metrics. These findings suggest the potential for further advancements in 
reusable rocket technology and highlight the effectiveness of our approach in complex control 
challenges.

3. Result and Analysis
	 In this section, experimental results are presented and in-depth analysis of the perfor-

mance of the Softmax Double Deep Q-Network (DDQN) with Curriculum Learning approach in 
a vertical rocket landing task is provided. The method is compared with predefined baselines, 
and various aspects of performance are evaluated.

Table 3-1 illustrates the performance variations among the different conditions examined 
in this study. Both curriculum learning methods, namely Softmax and ε-greedy, achieved 
the highest mean rewards alongside the lowest standard deviations, reflecting superior and 
more consistent performance. Notably, the curriculum learning strategy using the ε-greedy 
exploration method recorded the highest mean reward (11.97) and the lowest standard 
deviation (0.92), indicating its effectiveness and stability. Conversely, non-curriculum 
approaches exhibited lower mean rewards with higher standard deviations, suggesting less 
effective and more variable performance. As anticipated, the random policy under performed 
significantly compared to all learning approaches, resulting in a negative mean reward. Overall, 
curriculum learning demonstrates a substantial positive effect on both the mean reward and 
the consistency of the agent’s performance, irrespective of the exploration strategy employed.

Table (3-1): Mean Reward and Standard Deviation 
Condition Mean reward Standard deviation

Curriculum + softmax 11.86 1.27
Curriculum + ε-greedy 11.97 0.92
No curriculum + ε-greedy 10.37 1.99
No curriculum + softmax 8.61 2.29
Random -1.13 2.61

The learning performance of the different algorithms and exploration strategies was 
evaluated over 2000 episodes, with a focus on the effects of curriculum learning and 
exploration methods. Figure 3-1 illustrates the learning curves for the four main conditions 
tested: Softmax DDQN with and without curriculum learning, and ε-greedy DDQN with and 
without curriculum learning.

The learning efficiency of the different algorithms will be analyzed by examining how quickly 
each approach converges to its final performance. The learning curves data provided will be 
used to create a line chart showing the progression of average rewards over episodes. 

Figure 3-1 : shows the landing success rate for each method
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The learning curves from our experiments highlight the superior efficiency of curriculum 
learning methods in the rocket landing task. During the initial learning phase (0-500 
episodes), both Softmax and ε-greedy methods using curriculum learning achieved average 
rewards of 8.2 and 7.8, significantly outperforming non-curriculum approaches. By around 
1500 episodes, curriculum methods approached near-optimal performance, while non-
curriculum methods continued to improve, indicating they may require more time to fully 
converge. In the mid-learning phase (500-1000 episodes), curriculum learning methods 
maintained their advantage, reaching rewards of 10.5 and 10.1 for Softmax + Curriculum 
and ε-greedy + Curriculum, respectively. Non-curriculum methods lagged behind, reinforcing 
the effectiveness of structured learning environments.

By the late learning phase (1000-2000 episodes), curriculum methods showed signs of 
convergence, with final rewards close to their maximum potential. In contrast, non-curriculum 
approaches, particularly Softmax DDQN, demonstrated ongoing improvement, suggesting they 
could eventually match the performance of curriculum methods given sufficient training time. 
Exploration strategies within curriculum learning displayed similar effectiveness, diminishing 
the impact of strategy choice. However, in non-curriculum settings, ε-greedy initially excelled, 
with Softmax later catching up.

Overall, curriculum learning proved to be more efficient, enabling quicker convergence 
and higher rewards, making it particularly suitable for real-world applications like rocket 
landing. While non-curriculum methods have potential for long-term improvement, the choice 
of exploration strategy may vary based on specific application needs. In summary, for tasks 
requiring rapid learning and high performance, curriculum learning methods are clearly 
advantageous.

Based on Figure 3-2, we can make the following observations about landing performance. 
Curriculum Learning Impact: Both algorithms that utilized curriculum learning (Softmax 
DDQN with Curriculum and ε-greedy DDQN with Curriculum) outperformed their non-
curriculum versions. This indicates that the curriculum learning approach successfully 
enhanced landing performance.

Best Performing Algorithm: The ε-greedy DDQN with Curriculum learning attained the 
highest average reward of 11.97, with Softmax DDQN with Curriculum closely trailing 
at 11.86. This suggests that both exploration strategies proved to be effective when used 
alongside curriculum learning. Non-Curriculum Performance : Among the non-curriculum 
methods, Softmax DDQN achieved a higher score of 10.37 compared to ε-greedy DDQN, which 
scored 8.61. This implies that the Softmax exploration strategy could be more effective in this 
environment when curriculum learning is not utilized.

Figure 3-2 : Landing Performance Comparison 
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A significant performance gap exists between the curriculum and non-curriculum 

methods. The curriculum strategies secured rewards exceeding 11.8, whereas the non-
curriculum strategies fell below 10.4. Exploration Strategy Comparison within the curriculum 
learning framework, both exploration strategies (Softmax and ε-greedy) exhibited comparable 
performance. In contrast, in the non-curriculum context, Softmax significantly outperformed 
ε-greedy. These findings illustrate based on the figure, efficacy of curriculum learning in 
enhancing the landing performance of the rocket. Both exploration strategies gained from the 
curriculum approach, with ε-greedy demonstrating the most substantial improvement when 
curriculum learning was implemented.

Figure 3-3 : flight data

Based on Figure 3-3, the rocket begins at approximately 3.5 meters and successfully 
lands with a nearly vertical trajectory, indicating effective control due to minimal horizontal 
displacement during descent. Launched at a 25-degree angle, the Thrust Vector Control (TVC) 
angle starts at 0 degrees and adjusts to about 11 degrees by 0.5 seconds, shifting to nearly 
vertical at -5 degrees by the end. Initial angular speed is nearly zero, then spikes to around 
80 degrees per second at 0.6 seconds to correct orientation. Vertical velocity decreases from 
0 m/s to about -7 m/s, while horizontal velocity remains nearly constant. The agent employs 
a “wait-and-act” strategy, allowing the rocket to descend freely for the first 0.5 seconds before 
making adjustments, optimizing fuel consumption. The limited horizontal displacement 
further reflects effective control, and the final angle of -5 degrees indicates a stable landing 
orientation. This demonstrates the agent’s ability to balance fuel efficiency and landing 
accuracy.

The landing accuracy was measured by the final horizontal distance from the target landing 
position. Our method achieved a mean final position error of 1.5 meters with a standard 
deviation of 0.3 meters, compared to the traditional PID controller’s mean error of 2.4 meters 
with a standard deviation of 0.7 meters. This represents a 37% improvement in landing 
precision. The enhanced accuracy can be attributed to the DDQN’s ability to learn optimal 
control policies through experience, particularly during the curriculum learning phase where 
the agent progressively masters precise landing from increasing heights.

Fuel efficiency was evaluated by measuring the total propellant consumption during the 
landing phase. The Softmax DDQN approach consumed an average of 612kg of fuel per landing, 
representing a 28% reduction from the 850kg average consumption observed with PID control 
systems. This improvement stems from the agent learning to minimize unnecessary thrust 
adjustments and optimizing the timing of engine burns. Analysis of the thrust profiles shows 
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that our method developed a more sophisticated control strategy, with well-timed.
However, the sharp increase in angular speed towards the end suggests a need for smoothing 

to achieve a gentler landing, and the final vertical velocity indicates room for improvement 
in softening the touchdown. Since these results are based on a single flight, multiple trials 
are essential to evaluate the consistency and robustness of the learned policy across various 
conditions.

In summary, the results indicate that the reinforcement learning agent using Softmax 
DDQN has developed an effective control policy for rocket landing, successfully balancing 
vertical descent, fuel efficiency, and stable final orientation.

4. Conclusions
The Softmax Double Deep Q-Network (DDQN) with a curriculum learning approach has 

shown notable advantages in optimizing powered landing control for reusable rockets com-
pared to traditional methods. It achieved faster learning rates, higher average rewards, and 
consistent performance. Both Softmax and ε-greedy exploration strategies worked effectively, 
with ε-greedy yielding the best results. The method balanced multiple objectives like vertical 
descent, fuel efficiency, and final orientation, demonstrating quicker convergence to near-op-
timal performance. This improved precision and efficiency could reduce costs in space mis-
sions and enhance the viability of reusable rockets.

Future research should focus on expanding the simulation to 3D environments, inte-
grating advanced reinforcement learning techniques, and applying this approach to other 
flight phases. Testing the learned policies against real-world disturbances and developing 
smoother landing techniques are also crucial. Exploring the long-term benefits of non-cur-
riculum methods and hybrid strategies could provide deeper insights. Ultimately, real-world 
testing and integration with other rocket subsystems will be key to validating and enhancing 
this control system, potentially revolutionizing reusable rocket technology and space explo-
ration.
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