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This study explores the application of deep reinforcement learning (DRL) 

to solve the control problem of a single swing-up inverted pendulum. The 

primary focus is on investigating the impact of discount factor 

parameterization within the DRL framework. Specifically, the Deep 

Deterministic Policy Gradient (DDPG) algorithm is employed due to its 

effectiveness in handling continuous action spaces. A range of discount 

factor values is tested to evaluate their influence on training performance 

and stability. The results indicate that a discount factor of 0.99 yields the 

best overall performance, enabling the DDPG agent to successfully learn 

a stable swing-up strategy and maximize cumulative rewards. These 

findings highlight the critical role of the discount factor in DRL-based 

control systems and offer insights for optimizing learning performance in 

similar nonlinear control problems. 
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1. INTRODUCTION 

Designing control systems for complex and nonlinear dynamical systems traditionally requires a high 

level of system understanding, including precise physical and configuration models [1]. These conventional 

approaches often demand strict assumptions and detailed mathematical modeling, which can be challenging 

for systems with unpredictable behaviors. In contrast, Reinforcement Learning (RL) offers a model-free 

approach that enables agents to learn control strategies through direct interaction with the environment [2]. RL 

requires minimal prior knowledge of the system and is particularly well-suited for nonlinear control problems. 

The fundamental goal of RL is to learn a policy that maps states to actions in a way that maximizes the expected 

cumulative reward over time [3]. Unlike traditional supervised learning, the agent is not explicitly told which 

action to take but must instead discover an optimal strategy through trial and error [4]. 

Over the past decade, RL has increasingly been integrated with deep learning techniques, giving rise to 

Deep Reinforcement Learning (DRL), which is capable of handling high-dimensional input spaces [5]. One of 

the widely used DRL algorithms is the Deep Deterministic Policy Gradient (DDPG) [6], which is particularly 

effective in continuous action spaces. In this study, we employ DDPG to address the control problem of a 

swing-up inverted pendulum, a classic benchmark in nonlinear and underactuated control systems. This 

problem is significant due to its unstable dynamics and serves as a valuable testbed for evaluating the 

performance of learning-based control strategies. 

A further contribution of this study is the investigation of the role of the discount factor (𝛾) in deep 

reinforcement learning and its influence on the convergence of the learning process. Prior studies have shown 

that the choice of discount factor can significantly impact the learning performance. For instance, [7] 

demonstrated that adjusting the discount factor affects the quality of the learning process. While [8] discuss 

Deep Q-Networks (DQN) [8], which operate in discrete action spaces. In contrast, our work focuses on DDPG, 

which supports high-dimensional, continuous control tasks [9]. 

Additionally, research such as [10] has explored the use of the discount factor as a regularization term in 

Recurrent Neural Network-based RL algorithms, while [11] analyzed its effect on convergence in discrete DRL 

and found that a value of 𝛾 =  0.990 led to optimal performance. The relationship between learning rate and 

convergence in discrete RL control was also addressed in [12]. 

While these studies provide useful insights, there is a lack of comprehensive analysis regarding how the 

discount factor influences learning stability and performance in continuous control tasks using DDPG. 

Therefore, this research aims to fill that gap by evaluating the impact of the discount factor on learning 

convergence and control performance in the swing-up inverted pendulum scenario. 

To summarize, this paper contributes by: 

1. Applying the DDPG algorithm to solve the continuous control problem of a swing-up inverted pendulum. 

2. Investigating how varying the discount factor affects convergence speed and policy performance in 

DDPG-based control. 

The rest of this paper is organized as follows: Section II discusses the proposed methodology. Section III 

presents simulation results and analysis. Finally, Section IV concludes the study and outlines future directions. 

 

2. RESEARCH METHOD 

2.1. Single Swing Up Inverted Pendulum 

The single swing-up inverted pendulum is a classical control problem widely used to evaluate the 

performance of control algorithms, particularly in nonlinear and underactuated systems. This system consists 

of a rigid rod with a mass at the end (bob), capable of rotating about a pivot point. The pendulum starts in a 

downward vertical position, and the objective is to apply torque at the pivot to swing the pendulum upward 

and balance it in the unstable upright position. 

In its rest state, the pendulum returns to its stable equilibrium due to gravitational force. When displaced 

and released, the gravitational torque causes oscillatory motion around the equilibrium. The dynamics of the 

system exhibit nonlinearity and instability, making it a suitable benchmark for evaluating RL-based control 

strategies. The dynamics of the pendulum can be described using Newton’s second law. Assuming the pivot is 

actuated, and friction is present, the nonlinear differential equation governing the pendulum’s motion is given 

by: 

 𝑚𝑙2𝜑̈ =  𝑢 − 𝑐𝜑̇ + 𝑚𝑔𝑙 sin 𝜃 (1) 

Where 𝜑, 𝜑̈, 𝑚, 𝑙, 𝑔, 𝑢, 𝑐 are the angular displacement of the pendulum, the angular acceleration, the mass of 

the pendulum bob (1 kg), the length of the rod (1 m), the gravitational acceleration (9.81 m/s²), the applied 

torque (control input), and a damping coefficient representing friction at the pivot, respectively. 
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Equation (1) captures the interaction between torque input, gravity, and damping in the pendulum system. 

This formulation is used as the simulation model within the MATLAB environment. A schematic 

representation of the single swing-up inverted pendulum is shown in Figure 1. This pendulum system presents 

a challenging control problem due to its nonlinearity, instability, and under-actuation, making it ideal for testing 

the capabilities of reinforcement learning algorithms such as DDPG. 

 

 
Figure 1. A Single Swing Up Inverted Pendulum 

 

2.2. Reinforcement Learning 

RL is a branch of machine learning focused on solving sequential decision-making problems, particularly 

in environments where the system dynamics are unknown or partially known. RL is commonly formalized 

using the Markov Decision Process (MDP) framework, which models an environment in which an agent makes 

decisions to maximize cumulative rewards over time [13]. 

An MDP is defined as a 5-tuple (𝑺, 𝑨, 𝑷, 𝑹, 𝛾), where, 𝑺 is a set of possible states, 𝑨 is a set of possible 

action, 𝑷(𝑠𝑡+1|𝑠𝑡 , 𝑎𝑡) is a transition probability function, 𝑹(𝑠𝑡 , 𝑎𝑡) is the reward function, 𝛾 ∈ [0,1] is a 

discount factor for future rewards. 

In fully observable environments, the observation at time t is equal to the state: 𝑜𝑡 = 𝑠𝑡 [14]. When the 

agent is in state 𝑠𝑡, it takes an action 𝑎𝑡, resulting in a new state  𝑆𝑡+1 according to the transition probability 

𝑃(𝑠𝑡+1|𝑠𝑡 , 𝑎𝑡). The agent also receives a reward, 𝑅(𝑠𝑡,𝑎𝑡), or optionally 𝑅(𝑠𝑡,𝑎𝑡,𝑠𝑡+1), depending on the design 

[15]. The objective in RL is to learn an optimal policy that maximizes the expected cumulative reward (also 

called return) over time. The agent improves its decision-making capability by continuously interacting with 

the environment, as illustrated in Figure 2. 

The main components of an RL system are, State (s) is the current condition or situation of the agent in 

the environment, Action (a) is the choice made by the agent to influence the environment. Reward (r) is the 

feedback signal used to evaluate the agent's performance. Observation (o) is the Information received from 

the environment, which may or may not fully represent the current state. 

At each timestep 𝑡, the agent: 

1. Observes the environment’s state𝑠𝑡, 

2. Select an action 𝑎𝑡, 

3. Receives a reward 𝑟𝑡, 

4. Transitions to a new state 𝑠𝑡+1, 

5. Continue learning from the feedback loop. 

This agent–environment interaction forms the basis for learning in RL. A more comprehensive discussion 

on RL fundamentals can be found in [4], which explores value functions, policy learning, exploration strategies, 

and convergence guarantees. 
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Figure 2. Reinforcement Learning 

 

2.3. Deep Deterministic Policy Gradient (DDPG) 

The DDPG algorithm was first introduced in [19]. DDPG is an RL method characterized as a free, online, 

and off-policy model. It adopts an actor-critic architecture to learn an optimal policy that maximizes the 

cumulative reward over time [20]. In general, an RL agent consists of two main components: a policy and a 

learning algorithm. The policy maps observations from the environment to actions, typically approximated by 

a parameterized function. The learning algorithm updates these parameters based on the feedback—i.e., 

actions, observations, and rewards—received from the environment. The ultimate goal is to learn a policy that 

maximizes long-term cumulative reward [21]. 

DDPG builds upon the Deterministic Policy Gradient (DPG) algorithm, which utilizes both an actor 

function and a critic function. These are parameterized as follows: 

 𝑄′(𝑠, 𝑎|𝜃𝑄′
) (2) 

 𝜇′(𝑠|𝜃𝜇′
) (3) 

Where, 𝜃𝑄 is Q-network, 𝜃𝜇 is deterministic policy function, 𝜃𝑄′
 is target Q network, 𝜃𝜇′

is target policy 

network [1][2]. The actor function specifies the current policy by specifying a state mapping to a specific action 

[3]. DPG algorithm gets the exact value of action at each moment toward the policy function [4][5]. 

The actor represents the policy function that maps states to actions as: 

 𝑎 =  𝜇(𝑠) (4) 

The critic is trained using the Bellman equation, analogous to Q-learning as: 

 𝑦𝑖 = 𝑟𝑖 + 𝛾𝑄′(𝑠𝑖+1,𝜇
′(𝑠𝑖+1|𝜃𝜇′

)|𝜃𝑄′
) (5) 

The critic network is optimized by minimizing the mean squared error (MSE) between the target 𝑦𝑖  and the 

current Q-value prediction as: 

 𝐿 =  
1

𝑁
∑ (𝑦𝑖

𝑖
− 𝑄(𝑠𝑖, 𝑎𝑖|𝜃𝑄))2 (6) 

In DRL, both the actor and critic are modeled using nonlinear function approximators such as neural networks 

[26]. The actor is trained using the policy gradient, computed from the expected return as: 

 ∇𝜃𝜇𝐽 = 𝐸𝑠𝑡~𝜌𝛽[∇𝑎𝑄 (𝑠, 𝑎|𝜃𝑄|𝑠=𝑠𝑡,𝑎=𝜇(𝑠𝑡)∇𝜃𝜇
𝜇(𝑠|𝜃𝜇)|𝑠=𝑠𝑡

) (7) 

Here, 𝜌𝛽 is the state visitation distribution, which is often omitted for simplification. According to [27], this 

leads to a practical policy gradient formulation. To stabilize learning and improve performance, experience 

replay is employed. Transitions of the form (𝑠𝑡 , 𝑎𝑡 , 𝑟𝑡 , 𝑠𝑡+1)  are collected into a replay buffer and sampled in 

minibatches. The weights of the target actor and critic networks are updated using a soft update mechanism: 

 𝜃𝑄′
← 𝜎𝜃𝑄 + (1 − 𝜎)𝜃𝑄′

 (8) 
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 𝜃𝜇′
← 𝜎𝜃𝜇 + (1 − 𝜎)𝜃𝜇′

 (9) 

Where 𝜎 ≪ 1 , ensuring slow updates for stability [22]. 

 

2.4. System Design 

The system designed in this study aims to establish an interface between a single swing-up inverted 

pendulum and an RL algorithm. The swing-up inverted pendulum is modeled as a frictionless system, initially 

positioned in the downward (hanging) state, defined at an angular position of 𝜋 rad. The objective of the agent 

is to apply torque to balance the pendulum in the upright position, defined as 0 rad. Torque acts as the action 

taken by the agent and operates in a continuous action space within the range [-𝜏max,𝜏max], specifically from −2 

to 2 Nm. Through this interaction, the agent receives observations and rewards based on the consequences of 

its actions. On the environment side, each time the agent takes an action, it returns a new observation and a 

reward. The observation vector comprises continuous, unbounded variables: sin 𝜑, cos 𝜑, and 𝜑̇, where  𝜑 is 

the angular displacement of the pendulum and 𝜑̇ is its angular velocity. As the system is fully observable, it 

holds that 𝑜𝑡 = 𝑠𝑡. 

The reward function is defined as: 

 𝑅𝑡 = −(𝜑𝑡
2 + 0.1𝜑𝑡

2̇ + 0.001𝑢𝑡−1
2 ) (10) 

where 𝜑𝑡  is the displacement from the upright position, 𝜑𝑡̇   is its time derivative, and 𝑢𝑡−1 is the control signal 

(torque) applied at the previous time step. 

The DDPG algorithm is employed as the learning agent. The DDPG framework consists of two neural 

networks: an actor network and a critic network. The actor network receives the observation as input and 

outputs a continuous action. This action is then passed to both the environment and the critic network. The 

actor network is trained using a deterministic policy gradient approach.  

The architecture and parameters of the actor network are as Table 1. The critic network (Table 2) takes 

the state (observation) and the action (from the actor) as inputs and outputs a Q-value representing the expected 

return. The critic network is used to guide the actor network during the policy update. 

 

Table 1. Actor Network 
Name Actor 

Input Layer Observation 

1st fully connected layer 400 neurons 

2nd fully connected layer 300 neurons 

Output Layer Action 

Optimizer ADAM 

Learning Rate 1.10−4 

Gradient Threshold 1 

L2 Regulation 1.10−4 

 

Table 2. Critic Network 
Name Actor 

Input Layer State and Action 

1st fully connected layer 400 neurons 

2nd fully connected layer 300 neurons 

1st fully connected layer (Action) 300 neurons 

Output Layer Q-value 

Optimizer ADAM 

Learning Rate 1.10−3 

Gradient Threshold 1 

L2 Regulation 1.10−4 

 

Figure 3 illustrates the structure of the critic network. To achieve optimal performance, several 

hyperparameters in the DDPG algorithm need to be carefully tuned. One of the critical hyperparameters is the 

discount factor 𝛾, which determines the importance of future rewards in the learning process. 

The discount factor 𝛾 ∈  (0.1) influences the agent's balance between short-term and long-term rewards 

and plays a key role in convergence during training [28]. Although the original DDPG paper did not specify a 

fixed value for 𝛾, various studies have used different values based on task complexity: 

• 𝛾 = 0.999: Used in [29] to control a 6-DOF robotic arm, 

• 𝛾 = 0.980: Applied in [30] for a 7-DOF robotic task involving pushing and pulling doors, 
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• 𝛾 = 0.990: Used in [31] for bipedal walking control. 

However, [32] argues that for continuous control benchmarks, the discount factor may not significantly 

affect performance. In this study, we explore three different values of 𝛾: 0.900, 𝛾: 0.990, and 𝛾: 0.999. These 

values are evaluated on the single swing-up inverted pendulum task. Controlling the inverted pendulum is 

inherently challenging because its natural equilibrium point lies in the downward position. The agent must 

learn to apply torque effectively to swing the pendulum upwards and maintain balance at the unstable 

equilibrium point. 

 

 
Figure 3. Critic Network [6] 

 

3. RESULT AND DISCUSSION 

3.1. Hyperparameter Setting and Training Configuration 

The training process of the DDPG agent begins with setting key hyperparameters, including the target 

smoothing factor, mini-batch size, and discount factor. These parameters influence learning stability and 

convergence. Table 3 presents the chosen hyperparameters. 

 

Table 3. DDPG Hyperparameter 
Parameter Value 

Target Smooth Factor (𝜎) 1.10−3 

Mini Batch Size 128 

Discount Factor 0.900/0.990/0.999 

 

The DDPG algorithm adopts the replay buffer concept from Deep Q-Networks (DQN) [33], which stores 

past experiences to improve learning efficiency. By randomly sampling mini-batches from this buffer, the 

algorithm avoids correlated updates and enhances training stability [34]. The overall DDPG flow is illustrated 

in Figure 4. 
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Figure 4. Flow chart of DDPG [7] 

 

To encourage exploration during training, DDPG uses Ornstein-Uhlenbeck (OU) noise in the action 

selection process [35]. Furthermore, it employs a soft update mechanism for the target network to ensure 

smoother updates. The role of the discount factor is particularly important in computing the target Q-value. As 

described in Eq. (5), if 𝑠𝑡+1 is a terminal state, the target value 𝑦
𝑖
 becomes the immediate reward 𝑟𝑖; otherwise, 

it is computed as the sum of the reward and the discounted future value. The pseudo code of the DDPG 

algorithm for the training process is shown as follows, 

 
DDPG Algorithm for Training 

1. Random initialization of the critic 𝑄(𝑠, 𝑎) with parameter 𝜃𝑄 ; target network 𝑄′(𝑠, 𝑎|𝜃𝑄′
)with 𝜃𝑄′

, where 𝜃𝑄′
← 𝜃𝑄. 

2. Random initialization of the actor 𝜇(𝑠) with parameter 𝜃𝜇 ; target network 𝜇′(𝑠|𝜃𝜇′
)with 𝜃𝜇′

, where 𝜃𝜇′
← 𝜃𝜇. 

3. Initialization of Reply Buffer (R). 

4. For each time step: 

Select action, 𝑎𝑡 =  𝜇(𝑠𝑡|𝜃𝜇) + 𝑁𝑡, where 𝑁𝑡 is OU Noise, for 𝑠𝑡. 

Execute 𝑎𝑡, next observe 𝑟𝑡  and 𝑠𝑡+1. 

Store experience (𝑠𝑡, 𝑎𝑡, 𝑟𝑡 , 𝑠𝑡+1) from R 

Sampling of Minibatch. 

Set 𝑦𝑖 = 𝑟𝑖 + 𝛾𝑄′(𝑠𝑖+1,𝜇
′(𝑠𝑖+1|𝜃𝜇′

)|𝜃𝑄′
) 

Update critic by minimizing loss: 

𝐿 =  
1

𝑁
∑ (𝑦𝑖

𝑖
− 𝑄(𝑠𝑖 , 𝑎𝑖|𝜃𝑄))2 

Update actor policy using sampled policy gradient: 

∇𝜃𝜇𝐽 ≈
1

𝑁
∑ ∇𝑎𝑄(𝑠, 𝑎|𝜃𝑄)| ∇𝜃𝜇𝜇(𝑠|𝜃𝜇)| 𝑠𝑖𝑠=𝑠𝑖.𝑎=𝜇(𝑠𝑖)

𝑖

 

Update target network 

𝜃𝑄′
← 𝜎𝜃𝑄 + (1 − 𝜎)𝜃𝑄′

, 

𝜃𝜇′
← 𝜏σ + (1 − 𝜎)𝜃𝜇′

. 
       End 

 

The training is configured to run for a maximum of 250 episodes, and it is terminated early if the average 

reward surpasses -740. Training results with different discount factor settings are shown in Figure 5. As shown 

in Figure 5(a), training with 𝛾 =  0.900 fails to reach the reference reward, indicating a lack of convergence. 

With 𝛾 =  0.990 in Figure 5(b), the agent successfully achieves the target reward and converges. Similarly, 

training with 𝛾 =  0.999 (Figure 5(c) also converges but less efficiently than 𝛾 =  0.990. The results suggest 

𝛾 =  0.990 as the most effective setting. 
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(a) Training Episode with 𝛾 = 0.900 (b) Training Episode with 𝛾 = 0.990 

 
(c) Training Episode with 𝛾 = 0.999 

Figure 5. Training Episode 

 

3.2. Evaluation of Training Results 

The reward performance per training step is shown in Figure 6. With 𝛾 =  0.900, the accumulated reward 

decreases significantly to -4334 (Figure 6(a)). In contrast, 𝛾 =  0.990 achieves the best cumulative reward of 

-714.28 (Figure 6(b)), while 𝛾 =  0.999 results in a less optimal reward of -2428.4 (Figure 6(c)). 

The effect of discount factor settings on the pendulum's behavior is shown in Figure 7. With γ = 0.900, 

the pendulum fails to reach the upright position (Figure 7(a)). With 𝛾 =  0.990, the pendulum successfully 

swings up and stabilizes near the vertical position (Figure 7(b)). In comparison, 𝛾 =  0.999 causes the 

pendulum to oscillate and overshoot, indicating less stability (Figure 7(c)). Post-training simulation confirms 

the accumulated total rewards, as presented in Table 4. 

 

Table 4. Total Reward 
Discount Factor Total Reward 

0.900 -4334.0 

0.990 -714.4 

0.999 -2428.4 

 
Figure 8 illustrates the pendulum's behavior during the final swing-up simulation. The best performance 

is observed with 𝛾 =  0.990, where the pendulum transitions smoothly to an upright position (Figure 8 (b)). 

With 𝛾 =  0.900, the pendulum fails to swing up (Figure 8(a)), while 𝛾 =  0.999 exhibits excessive oscillation 

(Figure 8(c)). Overall, the choice of the discount factor γ significantly affects the learning efficiency and 

performance of the DDPG agent. In this study, 𝛾 =  0.990 achieves the best trade-off between future reward 

consideration and convergence stability. This confirms that a well-tuned discount factor can improve control 

performance in continuous action tasks like the swing-up inverted pendulum.  

The discount factor plays a critical role in computing cumulative reward and guiding the agent’s foresight. 

It influences how far into the future the agent considers potential rewards when selecting actions. Specifically, 

in DDPG, the agent selects action 𝑎𝑡+1 for state 𝑠𝑡+1using the target actor and receives a reward computed by 
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the target critic. The environment and control task characteristics should influence the selection of 𝛾. In this 

case, 𝛾 =  0.990 proves optimal for balancing immediate and delayed rewards in a continuous action domain 

like the swing-up pendulum. It enables the agent to complete training efficiently and attain a control policy that 

performs with high stability and precision. These findings not only align with standard reinforcement learning 

theory but also emphasize the importance of carefully tuning 𝛾 for control-oriented applications. 

 

  
(a) reward with 𝛾 = 0.9 (b) reward with 𝛾 = 0.99 

 
(c) reward with 𝛾 = 0.999 

Figure 6. Reward of Training 

 

   
(a) Pendulum motion with 𝛾 = 0.9 (b) Pendulum motion with 𝛾 = 0.99 (c) Pendulum motion with 𝛾 = 0.999 

Figure 7. Pendulum Motion 
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(a) Swing up the inverted pendulum 

with 𝛾 = 0.9 

(b) Swing up the inverted pendulum 

with 𝛾 = 0.99 

(c) Swing up the inverted pendulum 

with 𝛾 = 0.999 

Figure 8. A swing-up inverted pendulum 

 

4. CONCLUSIONS 

This study investigates the impact of the discount factor (𝛾) in the DDPG algorithm on learning 

performance in a continuous control task involving a swing-up inverted pendulum. The research highlights the 

importance of tuning this hyperparameter to ensure convergence and improve the quality of the learned policy. 

Through comparative simulation, it was found that a discount factor of 0.990 provides the most effective 

balance between immediate and future rewards, enabling the agent to achieve stable and successful pendulum 

swing-up control with high cumulative rewards. 

The findings contribute to the field of deep reinforcement learning by emphasizing the role of the discount 

factor in continuous control scenarios, which is often overlooked in hyperparameter studies. Practically, this 

insight can be valuable in optimizing DRL algorithms for real-world control systems such as robotic arms, 

balance systems, or autonomous vehicles, where long-term stability and precise action planning are critical. 

For future work, this approach can be extended to investigate other critical hyperparameters in DDPG, 

explore different actor-critic methods, or apply the optimized framework to more complex multi-degree-of-

freedom control environments. Comparative analysis with alternative DRL algorithms may also uncover 

further enhancements in performance. 
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