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Abstract. Deep Q-learning Network (DQN) is an algorithm that combines Q-learning and deep
neural network, its model can adopt high-dimensional input and low-dimensional output. As a
deep reinforcement learning algorithm proposed ten years ago, its performance on some Atari
games has surpassed all previous algorithms, even some human experts, which fully reflects
DQN’s high research value. The tuning of hyperparameters is crucial for any algorithm,
especially for those with strong performance. The same algorithm can produce completely
different results when using different sets of hyperparameters, and suitable values can
considerably improve the algorithm. Based on the DQN we implement, we test on number of
episodes, size of replay buffer, gamma, learning rate and batch size with different values. In each
round of experiments, except for the target hyperparameter, all others use default values, and we
recorded the impact of these changes on training performance. The result indicates that as the
number of episodes continues to increase, the performance improves steadily and degressively.
The same conclusion is also applicable to the size of replay buffer, while other hyperparameters
need to be given values to have optimal performance.

Keywords: DQN, performance, hyperparameters, comparison.

1. Introduction

Deep Q-Learning Network (DQN) is a deep reinforcement learning algorithm that combines Q-learning
and deep neural network [1]. Since DQN algorithm can adopt high-dimensional state inputs and produce
low-dimensional action outputs, it is frequently used to perform human-level control and even better
than human, a common example is playing Atari games [2-3]. To optimize performance, some variants
of DQN have been developed in the past ten years. However, appropriate tuning of hyperparameters is
necessary for any variant, since hyperparameters control the actions of training algorithm directly and
significantly affect the performance of deep RL models. At present, the relevant research is insufficient,
S0 we conduct the experiment.

© 2024 The Authors. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
(https://creativecommons.org/licenses/by/4.0/).
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In this research, we compare the results from training with different hyperparameters such as number
of episodes, size of replay buffer and gamma, then analyze how they affect the performance of the
algorithm in the environment of OpenAl Gym’s CartPole-v1. CartPole-v1 is one of the most classic
environments for reinforcement learning, it has maximum scores of 500 instead of 200 from the older
version and only has simple actions to take which is informative for producing intuitive training results.

2. DQN

DQN is a reinforcement learning algorithm that combines Q-learning and deep neural network. As an
improved version of Q-learning, DQN uses Q function Q(state, action | 8 ) which is designed to
approximate real Q(state, action), but originally it suffered from problems such as training is unstable
and cumulative reward does not converge when deep neural network is applied [4]. Thus, the concept
of using experience replay to train the agent was proposed. When training neural network without
experience replay, it is usually assumed that data are distributed independently and identically, but data
have strong correlation, instability of neural network can occur if these they are used for sequential
training. However, experience replay can break the correlation between data effectively, as it allows
agent to store learned data into a database with certain capacity and train its neural network by randomly
taking samples from database.

The DQN updates the Q-function using the Bellman Equation:

Ve =Tk +7-Q (Sk' m (Sk' ak|5Q/ )) ¢Y)

Moreover, soft update is also applied to our DQN algorithm to ensure that the target network updates
for every episode. More specifically, target network’s parameter 8; uses current network’s parameter

6, to update according to the following equation:
01 =0 —-¢)-67 +¢-6 (2)
which can be simplified to:
0y =67 +&-(6;—6;) (3)

where 0 < &€ « 1. By using soft update, DQN algorithm keeps stabilized, even though the target
network updates for every episode. Similarly, as the soft update interval £ decreases, the stability
increases, the speed of convergence decreases. Thus, an appropriate soft update interval ¢ makes
training not only more stable but also faster. Our team sets ¢ = 0.005 as default value.

3. Experiments

3.1. Details

To conduct the experiment, we implemented a DQN algorithm and used CartPole-v1 from OpenAl Gym
0.15.7 as training environment. Compared to CartPole-v0, CartPole-v1 has higher maximum scores,

which offers space for improved algorithms to present. Furthermore, we chose Python 3.8 and PyTorch
1.13.1 to build code because of better stability. CartPole is shown in Figure 1.

Figure 1. CartPole from Atari.
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3.2. Performance comparison and analysis

3.2.1. Number of episodes. The number of episodes is a hyperparameter that determines how many
times the DQN agent plays the game to train itself. Each episode consists of a sequence of states,
actions, and rewards, and always ends with a terminal state. In our DQN algorithm, an episode ends if
the pole falls, the cart reaches the edge, or the agent achieves a score of 500.

In supervised learning, a potential problem is overfitting, which occurs when a model learns the
training data too well and performs poorly on new, unseen data. In deep reinforcement learning,
overfitting can be a problem if the training environment is significantly different from the testing
environment. However, since both environments in CartPole-v1 are the same, DQN algorithm should
be well-fitted to the training data so that it can excel in this game [5].

In our experimental setup, we undertook the task of exploring the relationship between episodes and
reward. Figure 2 depicts the outcome of this analysis, which also suggests that in the early stages of
episode progression, the reward grows at a rapid pace and eventually stabilizes at later stages [6-7]. This
pattern can be attributed to the fact that our network has been designed to learn from past experiences
and continually improve its actions based on them.

As the network interacts with the environment and explores different scenarios, it gains a deeper
understanding of the actions that lead to higher rewards and those that should be avoided. During the
initial stages of training, the network may not have acquired sufficient knowledge to determine the
optimal actions in every situation, which could result in lower rewards. However, as the network
continues to learn and refine its actions and policy, its performance gradually improves, leading to higher
rewards over time.

In summary, this experiment demonstrates that the network’s ability to learn and adapt is a critical
factor in maximizing the rewards it can achieve. By continuing to explore and refine its actions, the
network can achieve optimal performance in a given environment.
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Figure 2. Mean Reward based on Total Number of Episodes.

3.2.2. Size of replay buffer. The replay buffer in a DQN network serves as a memory storage to store
experience data generated from the agent's interaction with the environment. The replay buffer is then
used to randomly select a subset of the stored experience data for training the DQN network. The
primary functions of the replay buffer include reducing data correlation, improving data utilization
efficiency, increasing sample diversity, relenting overfitting, and so on.

One of the primary advantages of using a replay buffer is that it reduces data correlation by removing
temporal dependencies between consecutive samples. This allows for better utilization of data and
prevents the DQN network from becoming biased towards certain types of experiences. Additionally,
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the replay buffer increases the diversity of samples by randomly selecting experiences, which helps
prevent the DQN network from being stuck in local optima.

Another advantage of using a replay buffer is that it prevents overfitting by training the network on
a random subset of the stored experience data rather than the entire dataset. This improves the
generalization ability of the network and prevents it from memorizing the training data.

At the beginning, we set the size of replay buffer to 1000, and the agent didn’t perform well. As a
result, we started to train the agent with larger replay buffer such as 5000, 10000, 20000, and 40000.
Mean rewards for all training were recorded and used for comparison.

As shown in Figure 3, the reward increases as the replay buffer increases because more historical
experience is stored to learn, and the agent can choose actions more accurately in a certain state to obtain
greater rewards. However, when the replay buffer reaches a certain size, the reward tends to stabilize.
This is because the historical experience in the replay buffer is sufficient enough for the agent to learn
the environment, in which case, the learning effect on new experience is no longer significant. At this
time, increasing the replay buffer does not significantly affect the network’s performance. An
excessively large replay buffer will also bring storage and computational problems, leading to lower
efficiency during training [8].
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Figure 3. Mean Reward based on Buffer Size.

3.2.3. Gamma. In a DQN network, the y value is a crucial hyperparameter that determines the trade-
off between immediate and future rewards when validating an agent's performance. A higher y value
emphasizes future rewards, while a lower value emphasizes immediate rewards. Specifically, the y
value serves to discount future rewards, allowing the agent to balance the importance of immediate
and short-term rewards against long-term rewards.

Typically, the y value ranges from 0 to 1. When the y value is close to 1, the agent gives
greater weight to future rewards, which can lead to long-term planning and potentially better
performance over the course of many steps. On the other hand, when the y value is close to 0,
the agent focuses more on immediate rewards, which may lead to a more reactive and
opportunistic strategy. The discounted reward can be calculated by the following equation:

G =Yl R @)
k=0 '\t+k

It is important to select an appropriate y value based on the problem, as the optimal value
may vary depending on the specific task or environment. Additionally, as the y value increases,
the agent may shift from being too focused on immediate rewards to being overly focused on
future rewards, which may negatively impact training performance. Therefore, finding the right
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balance between immediate and long-term rewards is key to achieving optimal performance in
a DQN network [9].

As depicted in figure 4, as the y value increases, the mean reward generally increases, and
the maximum reward is achieved at y=0.97. However, when the y value is too small, the agent
may focus too much on immediate rewards, resulting in a short-sighted strategy that easily falls
into local optimal solutions. As 7y increases, the importance of long-term rewards is better
accounted for, leading to a corresponding increase in the reward. However, there is a point
where excessive emphasis on future rewards due to the large discount factor can lead to
excessive exploration, resulting in poorer training performance [10]. Therefore, as the y value
continues to increase beyond this point, the reward will rapidly decrease. This experiment
shows the importance of carefully selecting an appropriate y value for the specific problem to
achieve optimal training performance.

In terms of the magnitude of change, when the value of y increases in the two intervals [0.9,
0.91] and [0.93, 0.97], the reward increases very quickly. When the y value is between 0.91
and 0.93, although the reward also shows an increasing trend, the magnitude of increase is
obviously not as large as in the other two intervals. However, when y changes in the interval
[0.97, 1.0], the reward declines rapidly at an equally fast rate. The experimental results in the
interval [0.91, 093] should not differ so much from those in the other two intervals theoretically,
suggesting that this may be related to the specific task environment.
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Figure 4. Mean Reward Based on Different Values of y

3.2.4. Learning rate. Learning rate is a hyperparameter, acting like the stride length, to control the rate
at which the algorithm learns and updates the parameters during the training process. If the learning
rate is large, the model will be quickly modified in the beginning since each point is new to it.
However, walking too fast means it may well ignore the minima and vibrate around it, thus being hard
to converge. If learning rate is low, each step is too small to learn, so it will take longer time to descent
and find the minimum value.

To better illustrate the performance, this paper used the concept of moving average reward, for
example, average of the last hundred elements from rewards. Since the ADAM optimizer, which is an
adaptive optimizer, is employed in our codes, we changed several values of its parameter, learning rate,
including 0.00005, 0.0001, 0.0005. In figure 5, a comparatively high learning rate, 0.0005, seems to
perform well at start with few samples, but as the problem becomes more complicated, the model fails
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to converge. By contrast, the learning rate of 0.00005 is too small to get a good outcome within 600
episodes. It is reasonable to assume a preferable learning rate is around 0.0001 in our DQN algorithm.
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Figure 5. Comparison among the Moving Average Rewards of different Learning Rates.

Studies have found that even if ADAM optimizer is a kind of adaptive optimizer, some experiments
show that adaptive approaches generalize more poorly than adaptive counterparts [6]. It may not be
universally useful with problems with convergence to an optimal solution [4].

To study more about how learning rate affects DQN's performance, this paper also tests another
strategy to adjust it. A common choice to manually adjust the learning rate is to decay it. The memorizing
of noisy data is reduced by an initial high learning rate, while the acquisition of complex patterns is also
enhanced by a subsequent declining learning rate [7]. In our algorithm, Cosine Annealing is employed
to achieve that. However, figure 6 shows that it is not suitable to combine decaying learning rate with
the ADAM optimizer in this algorithm. Researchers are advised to turn to some variant ADAM with
long-term memory of previous gradients [4], or preferably, control the various parameters of the
optimization iteration with a deeper understanding of the specific data and environment.
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Figure 6. Comparison among the Moving Average Rewards of fixed Learning Rates and decaying
Learning Rates.

3.2.5. Batch size. Batch size is the number of data samples captured in one training run. If the batch
size is too small, it takes much time to train the model and potentially causes dramatic vibration. These
updates need fewer calculations when the number of samples is modest. If the batch size is too large,
different batches share similar gradient direction, thus easily falling into the local minima. However,
with necessary dynamic adjustments, good generalization can be shown with big batches [1].

A method of updating this parameter with better performances in deep learning is to modify it
proportionally to the quantity of data in Replay buffer [5]. The strategy can be transformed into the
following equations:
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len

max

batchSize = k - basicSize

()

(6)

Where k is the scale factor, len is the current size of replay, max is the max size of replay buffer and

basicSize is a predetermined value from which the batch size starts to be adjusted.

We compared the performances of a model using a fixed batch size of 128 and a model with that of
256, as well as one with a dynamically adjusted batch size whose basic size is 128. In figure 7 we can
see that, with fixed batch size of 128, the moving average reward fluctuates despite the initial rise, while
the other two converge to nearly 500. Besides, compared with using a constant big batch size of 256,
proportionally adjusting it from 128 to 256 lessens calculations in the beginning but offers good overall

performance.
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Figure 7. Comparison between Moving Average Rewards of fixed Batch Size and increasing Batch

Size.

Furthermore, we compared several values of the basic batch size in figure 8, including 32, 64, 128,

256, 512. It demonstrates that 256 is a preferable choice in terms of basic batch size.
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Figure 8. Mean Reward Based on Different Basic Batch Sizes.
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4. Conclusion

This paper reconstructed the DQN algorithm codes according to previous work on classic DQN and soft
updating. We trained it in the environment of CartPole-v1 with different hyperparameters and analyzed
the performance. According to the testing results, the number of episodes and the size of replay buffer
play important roles in the DQN algorithm. The more episodes, the better the performances. Expanding
the replay buffer can contribute to the improvement until it exceeds 10000. In addition, gamma can
improve our agent's performance most when its value is 0.97. In our environment, learning rate should
not be too big or too small, a preferable choice being 0.0001, as decaying is of no necessity to be
combined with the ADAM optimizer for better outcomes. What's more, the batch size is advised to be
adjusted or increased in proportion to the current size of replay, where the basic size can be 256.
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