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Abstract. Reinforcement learning (RL) has made significant progress about 
solving continuous control and discrete space issues. Each algorithm 
contains different properties so that they are applicable to various issues. 
This paper conducts a comparative analysis of three widely used RL 
algorithms, Proximal Policy Optimization (PPO), Deep Q-Network (DQN), 
and Deep Deterministic Policy Gradient (DDPG) to explore and evaluate 
their performance in the continuous control Pendulum-v1 environment. This 
work implements each algorithm using standardized hyperparameters and 
analyzes its overall performance, convergence speed, and training stability 
using the same experimental setup. The results show that PPO performs 
better than DDPG and DQN in terms of stability, while DDPG exhibits the 
fastest convergence speed among the three. DQN performs poorly in 
continuous control due to its dependence on Q-maximization and discrete 
action enumeration, causing the large fluctuations during the convergence 
process. This work emphasizes the significance of environment-algorithm 
compatibility and offers experimental support for algorithm selection in 
continuous control applications 

1 Introduction 
One important branch of machine learning, reinforcement learning (RL), uses agent-
environment interactions, trying to identify the best ways to maximize cumulative returns or 
accomplish certain objectives [1]. In contrast to supervised learning, which uses labeled 
datasets, reinforcement learning (RL) is a trial-and-error method in which the agent learns by 
being rewarded or penalized according to its behavior. When dealing with high-dimensional 
states and action spaces, traditional reinforcement learning techniques frequently encounter 
difficulties like dimensional catastrophe [2]. Exploring every potential state and action is 
computationally impossible in complex systems due to the exponential growth of the state 
and action spaces. It is time-consuming that conventional RL methods require careful feature 
engineering to represent states and actions effectively. Because of Deep Learning's (DL) 
quick progress, researchers have created Deep Reinforcement Learning (DRL) via the 
integration of DL with reinforcement learning [3]. DRL has produced impressive results in 
the domains of gaming and robot control by leveraging the feature extraction and 
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representation capabilities of neural networks to tackle the decision-making problem in high-
dimensional state and action spaces [4]. 

In DRL, a variety of algorithms have been proposed, such as Proximal Policy 
Optimization (PPO), Deep Q-Network (DQN), and Deep Deterministic Policy Gradient 
(DDPG). These algorithms show their respective advantages and limitations in different 
application scenarios. For example, by approximating the Q-value function with neural 
networks, the DQN, which was suggested by Mnih et al., addresses the drawbacks of 
conventional Q-Learning in high-dimensional state spaces and is mostly utilized in discrete 
action spaces [5]. DDPG combines deterministic policy gradients with deep learning based 
on the Actor-Critic architecture, and was created by Lillicrap et al. specifically for solving 
problems in continuous action spaces [6]. Schulman et al proposed the PPO, which simplifies 
the policy optimization process, and introduced the clip policy, which works with both 
continuous and discrete action spaces, to increase algorithm's stability and efficiency [7]. 
Although the above algorithms have been applied in respective domains, there are still some 
differences in their performance in different tasks and environments. This paper will do a 
comparative performance analysis of the three algorithms, PPO, DQN, and DDPG so that the 
nature of the algorithms can be better understood [8]. Using a continuously controlled 
environment, Pendulum-v1, to assess the three algorithms' relative stability and rate of 
convergence [9]. Research anticipates that the experimental results will enhance theoretical 
research and practical application scenarios, enabling better decision-making when choosing 
and utilizing DRL algorithms. 

2. Materials and Method 
This section introduces the principles and formulas of the PPO, DQN and DPPG algorithms, 
and the environment Pendulum-v1 used in the experiment. 

2.1 Proximal Policy Optimization 

A policy gradient-based reinforcement learning method called Proximal Policy Optimization 
(PPO) was created to reduce the size of policy updates and enhance training stability [10]. 
By implementing a clipped surrogate target that halts significant policy changes, PPO aims 
to stop performance degradation. In particular, PPO ensures that the policy changes within a 
defined range by minimizing the differences between the previous and current policies [11]. 

PPO avoids the instability problems that are frequently present in conventional policy 
gradient approaches while combining the benefits of policy gradient methods by optimizing 
a clipped objective function to update policy parameters. And PPO uses an Actor-Critic 
architecture, in which the Critic network estimates the state value function to assist in 
computing the advantage function, while the Actor network creates the action policy [12]. 

The PPO objective function is defined as Equation (1) 
 

𝐿𝐿𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶(𝜃𝜃) = 𝔼𝔼𝑡𝑡[min(𝑟𝑟𝑡𝑡(𝜃𝜃)𝐴̂𝐴𝑡𝑡, clip(𝑟𝑟𝑡𝑡(𝜃𝜃), 1 − 𝜖𝜖, 1 + 𝜖𝜖)𝐴̂𝐴𝑡𝑡)] (1) 
 

Where, 𝑟𝑟𝑡𝑡(𝜃𝜃) = 𝜋𝜋𝜃𝜃(𝑎𝑎𝑡𝑡|𝑠𝑠𝑡𝑡)
𝜋𝜋𝜃𝜃old(𝑎𝑎𝑡𝑡|𝑠𝑠𝑡𝑡)  is the probability ratio between the new and old policies, 

representing the ratio of the probability of selecting action 𝑎𝑎𝑡𝑡  under the current policy 
parameters 𝜃𝜃 to the probability under the old policy parameters old 𝜃𝜃old. 𝐴̂𝐴𝑡𝑡 is the advantage 
function. 𝜖𝜖 is a hyperparameter that controls the range of policy updates (typically 0.1 or 
0.2).clip(𝑟𝑟𝑡𝑡(𝜃𝜃), 1 − 𝜖𝜖, 1 + 𝜖𝜖) is the clipping function that restricts 𝑟𝑟𝑡𝑡(𝜃𝜃) to the interval [1−
ϵ,1+ϵ]. 
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2.2 Deep Deterministic Policy Gradient 

An algorithm for off-policy reinforcement learning is called Deep Deterministic Policy 
Gradient (DDPG) [13]. It combines the advantages of Deep Q-Networks (DQN) and 
Deterministic Policy Gradient (DPG) [14]. The two primary parts of DDPG's Actor-Critic 
architecture are the Critic network, which assesses the Q-value of state-action pairs, and the 
Actor network, which learns a deterministic policy to produce actions. DDPG stabilizes 
training by using target networks for the Actor and Critic. These networks are updated by 
soft updates, and experience replay is used to eliminate data correlations. And maximizing 
the Q-value that the network of Critic predicts is the goal of the network Actor. 
 

𝐽𝐽(𝜃𝜃𝜇𝜇) = 𝔼𝔼𝑠𝑠∼𝒟𝒟[𝑄𝑄(𝑠𝑠, 𝜇𝜇(𝑠𝑠|𝜃𝜃𝜇𝜇))] (2) 
 

Where, 𝜃𝜃𝜇𝜇 are the Actor network's parameters, 𝜇𝜇(𝑠𝑠|𝜃𝜃𝜇𝜇) is deterministic action output by 
the Actor, 𝑄𝑄(𝑠𝑠, 𝜇𝜇(𝑠𝑠|𝜃𝜃𝜇𝜇)) is Critic network's anticipated Q-value. 
 

MSE between the target and predicted Q-values is minimized by the Critic network. 
 

𝐿𝐿(𝜃𝜃𝑄𝑄) = 𝔼𝔼(𝑠𝑠,𝑎𝑎,𝑟𝑟,𝑠𝑠′)∼𝒟𝒟[(𝑄𝑄(𝑠𝑠, 𝑎𝑎|𝜃𝜃𝑄𝑄) − 𝑦𝑦)2] (3) 
 

Where, 𝜃𝜃𝑄𝑄  are the Critic network's parameters, 𝑦𝑦  is the target Q-value, computed as 
Equation (4) 
 

𝑦𝑦 = 𝑟𝑟 + 𝛾𝛾𝛾𝛾′(𝑠𝑠′, 𝜇𝜇′(𝑠𝑠′|𝜃𝜃𝜇𝜇′)|𝜃𝜃𝑄𝑄′)            (4) 
 

Where, the discount factor is 𝛾𝛾, the target Critic and Actor networks are 𝑄𝑄′ and 𝜇𝜇′ . 
 
To stabilize training, a soft update rule is used to the target networks. 
 

𝜃𝜃𝑄𝑄′ ← 𝜏𝜏𝜃𝜃𝑄𝑄 + (1 − 𝜏𝜏)𝜃𝜃𝑄𝑄′ (5) 
 

𝜃𝜃𝜇𝜇′ ← 𝜏𝜏𝜃𝜃𝜇𝜇 + (1 − 𝜏𝜏)𝜃𝜃𝜇𝜇′ (6) 
 

Where, 𝜏𝜏 is the soft update coefficient (typically a small value, e.g., 0.001). 
 
The Actor network parameters are updated using the deterministic policy gradient, The 

calculation process is shown in Equation (7). 
 

∇𝜃𝜃𝜇𝜇𝐽𝐽 ≈ 𝔼𝔼𝑠𝑠∼𝒟𝒟[∇𝑎𝑎𝑄𝑄(𝑠𝑠, 𝑎𝑎|𝜃𝜃𝑄𝑄)|𝑎𝑎=𝜇𝜇(𝑠𝑠)∇𝜃𝜃𝜇𝜇𝜇𝜇(𝑠𝑠|𝜃𝜃𝜇𝜇)] (7) 

2.3 Deep Q-Network 

A reinforcement learning algorithm called Deep Q-Network (DQN) uses deep neural 
networks and Q-Learning to identify the state spaces with high dimensions. It approximates 
the Q-value function using a neural network, so it can learn policies in complex environments. 
DQN utilizes two approaches to stabilize training: experience replay stores past experiences 
and samples them randomly to break correlations, and target networks provide stable Q-value 
targets during updates. DQN is particularly effective for discrete action spaces and has been 
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widely used in tasks like playing Atari games [15]. In DQN, the Q value is updated to carry 
out the learning process. Specifically, the value is updated by the following Equations. 

The first step is Q-Learning Update Rule: 
 

𝑄𝑄(𝑠𝑠, 𝑎𝑎) ← 𝑄𝑄(𝑠𝑠, 𝑎𝑎) + 𝛼𝛼 [𝑟𝑟 + 𝛾𝛾max
𝑎𝑎′

𝑄𝑄(𝑠𝑠′, 𝑎𝑎′) − 𝑄𝑄(𝑠𝑠, 𝑎𝑎)] (8) 
 

Where, the learning rate is 𝑎𝑎 , 𝛾𝛾 is the discount factor, 𝛾𝛾max
𝑎𝑎′

𝑄𝑄(𝑠𝑠′, 𝑎𝑎′) is the next state's 
maximum Q-value. 

The second step is DQN Loss Function 
 

𝐿𝐿(𝜃𝜃) = 𝔼𝔼(𝑠𝑠,𝑎𝑎,𝑟𝑟,𝑠𝑠′)∼𝒟𝒟[(𝑄𝑄(𝑠𝑠, 𝑎𝑎|𝜃𝜃) − 𝑦𝑦)2] (9) 
 

Where, the main parameters of network 𝜃𝜃 are modified by reducing this loss. 
The third step is where the target Q-value 𝑦𝑦 is: 
 

𝑦𝑦 = 𝑟𝑟 + 𝛾𝛾max
𝑎𝑎′

𝑄𝑄(𝑠𝑠′, 𝑎𝑎′|𝜃𝜃−) (10) 
 

This ensures that the target 𝑦𝑦  remains stable for a period of time, even as the main 
network's parameters 𝜃𝜃 are updated. 

Finally is Target Network Update: 
 

𝜃𝜃− ← 𝜏𝜏𝜏𝜏 + (1 − 𝜏𝜏)𝜃𝜃− (11) 
 

Where the update method gradually blends the main network's parameters𝜃𝜃into the target 
network's parameters 𝜃𝜃−. 

And 𝜏𝜏 is a small hyperparameter (e.g.,𝜏𝜏=0.001) that controls the rate of blending. This 
approach ensures smoother and more stable updates to the target network. 

2.4 Pendulum v1 

Pendulum-v1 is a continuous control problem. Maintaining equilibrium while swinging a 
pendulum upright is the aim. The environment simulates a basic pendulum hanging from a 
fixed location, and the agent's job is to regulate the pendulum's motion by applying torque. 
The reward function is intended to motivate the pendulum to remain upright with the least 
amount of effort. The state space is made up of the pendulum's angle and angular velocity, 
and the torque given to the pendulum is represented by the action space, which is continuous 
[16]. 

The following differential equation governs the motion of the pendulum. 
 

𝑑𝑑2𝜃𝜃
𝑑𝑑𝑡𝑡2 = 1

𝐼𝐼 (𝑚𝑚𝑚𝑚𝑚𝑚sin(𝜃𝜃) − 𝛽𝛽 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 + 𝑢𝑢) (12) 

 
The purpose of the reward function is to decrease control effort and encourage the 

pendulum to remain upright. 
 

𝑟𝑟 = −(𝜃𝜃2 + 0.1 (𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑)
2

+ 0.001𝑢𝑢2) (13) 
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Where, 𝜃𝜃2 Penalizes deviations from the upright position, (𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑)
2
 Penalizes high angular 

velocity, 𝑢𝑢2 Penalizes large control actions. 

3 Results 
The study's goal is to evaluate how well the DDPG, DQN, and PPO algorithms perform in 
the pendulum-v1 environment. Based on the experiment results, differences in the algorithms 
can be discovered among convergence speed, stability, and average reward. 

Convergence Speed: As shown in Figures 1,2,3, DDPG demonstrated the fastest 
convergence rate among the three algorithms, followed by DQN, with PPO exhibiting the 
slowest convergence.  

DDPG's direct policy optimization and use of a replay buffer facilitate faster learning 
compared to DQN's value-based approach and PPO's more conservative policy updates. 

Stability: Figure 1,2,3 illustrates the training stability of each algorithm. PPO had the 
most stable learning curve, followed by DDPG, while DQN displayed the highest variance. 
This observation confirms the expectations, as PPO's clipped objective function effectively 
limits policy updates, preventing drastic changes and promoting stable training. The 
utilization of target networks and the replay buffer makes DDPG relatively stable. DQN's 
instability is due to its reliance on value function approximation and the potential for 
overestimation bias. 

Average Reward: PPO achieved the highest average reward across all algorithms, 
although its convergence speed is slow. Its stable update mechanism and exploration ability 
enable it to find better strategies after long-term training, so it can obtain higher average 
rewards.DDPG attained a lower average reward compared to PPO and It can directly 
optimize policies and effectively utilize environment-agent interaction through the Actor 
Critic framework. DQN mainly used for discrete action spaces got the lowest average reward. 

Discussion: Overall, in the Pendulum-v1 environment, PPO has the best performance 
with the stable convergence process and ability to achieve high average rewards, making it 
the most appropriate algorithm among the three for this environment. Its conservative policy 
updates and strong exploration capabilities make it well-suited for continuous control tasks 
where stability and long-term performance are critical. However, DDPG's faster convergence 
speed suggests that it could be a valuable component in a mixed approach. Combining the 
advantages of PPO and DDPG could potentially develop an optimization algorithm that 
converges quickly while maintaining stability and achieving high rewards. In the early phases 
of training, DDPG might be utilized to quickly explore the policy space, followed by PPO to 
refine the policy and ensure stable, high-reward performance. On the contrary, DQN is more 
suitable for environments with discrete action spaces. Its performance is limited and 
extremely unstable in continuous control tasks like Pendulum-v1, which means it is generally 
not the first choice for such problems.  

For tasks in discrete action spaces, DQN is still a very worthwhile algorithm to utilize, 
and its effective use of experience replay and target networks makes it perform well in these 
tasks. 
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Figure 1 Reward of PPO (Picture credit: Original) 

 
 

Figure 2 Reward of DQN (Picture credit: Original) 

 
 

Figure 3 Reward of DDPG (Picture credit: Original) 
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4 Conclusion 
The experiment in this research was carried out in the Pendulum-v1 environment, comparing 
the performance of three reinforcement learning algorithms—PPO, DQN, and DDPG—in 
continuous control spaces. The experiment results demonstrate that DDPG has the feature of 
rapid convergence, so It is suitable for tasks that require high-speed convergence. PPO proves 
to be the most appropriate algorithm for this environment because it maintains a stable 
convergence process and achieves the highest average reward among the three algorithms. 
However, DQN has disadvantages in handling continuous action spaces, which shows that it 
should be applied in discrete action environments. 

This study's primary drawback is that it was only evaluated in a single environment. The 
people could explore more complex tasks and fusion approaches, such as combining the PPO 
and DDPG to develop optimized algorithms in future work. To utilize the stability of PPO 
and fast convergence of DDPG, which could create a more robust and efficient algorithm for 
continuous control tasks. 

This research can make a contribution to a better understanding of RL algorithm selection 
in continuous control applications and provide additional theoretical and empirical support 
for practical applications. Researchers and related staff can make more informed decisions 
when choosing and designing RL algorithms for specific tasks. 
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