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ABSTRACT. Reinforcement learning (RL) has demonstrated remarkable success in mas-
tering complex tasks, particularly within the realm of video games, like the intelligent
non-player characters (NPCs) and adaptive difficulty levels enhance player experience,
providing more realistic and engaging gameplay. RL excels in training agents to engage in
gameplay, generally, it is necessary to train distinct agents for each new game, this pro-
cess needs considerable time costs for training and some training is redundant, especially
for games of similar types. To address this challenge, transfer learning (TL) emerges
as a promising solution. By leveraging knowledge acquired from one gaming scenario, a
pre-trained agent can be fine-tuned or directly applied to a new game, this approach signif-
icantly reducing the training time required. However, when dealing with multiple games,
determining which game serves as the source environment and which games serve as the
target environment to achieve great TL results is a notable drawback which needs to be
solved. In order to solve the aforementioned issues, we propose an innovative TL opti-
mization algorithm. This algorithm can concurrently execute multiple games and screen
out which game is suitable as the source environment and target environment based on
the reward of different epoches. Agents trained on the source environment can be directly
or fine-tuned and applied to new games. Meanwhile, the proposed algorithm can proceed
a comparative analysis of various RL algorithms consequently obtaining the optimal RL
algorithm for TL. In the experiment, we leverage two video games and utilize six classical
RL algorithms as input. The results demonstrate through our proposed approach, the TL
performance in the target environment attains an impressive reward equivalent to 99.98%
of the RL reward.

Keywords: Reinforcement learning, Deep learning, Transfer learning, Markov decision
process, Actor-critic methods

1. Introduction. Reinforcement learning (RL) stands as a paradigm within the broader
field of machine learning that has garnered significant attention for its remarkable ability
to enable intelligent agents to learn optimal decision-making strategies in dynamic and
complex environments [1, 2]. Unlike traditional supervised learning, where explicit ex-
amples guide the model, RL relies on agents interacting with an environment, receiving
feedback in the form of rewards or penalties, and autonomously learning optimal actions
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through trial and error [3]. The background of RL is inspired by the way humans and
animals learn from their experiences. RL agents explore their environment, take actions,
receive feedback, and continuously refine their strategies to maximize cumulative rewards
over time. This process of learning from interactions is particularly potent in realm where
explicit rules are challenging to define, and the optimal strategy may evolve with chang-
ing environments. One of the characteristics of RL is its applicability to a wide range of
realms, including robotics, finance, healthcare, and notably video games.

Video games provide a complex and controlled environment ideal for testing and improv-
ing RL algorithms. They offer a diverse range of challenges that necessitate sophisticated
decision-making and strategic planning. By training and testing RL algorithms in game
settings, researchers can observe algorithm performance, identify potential issues, and
enhance overall efficacy. The real-time feedback inherent in game environments further
facilitates the rapid adjustment and optimization of RL strategies, significantly advanc-
ing the state-of-the-art in algorithm performance. Video game environments also serve
as fertile grounds for theoretical exploration and validation in RL. They present complex
decision-making problems that are instrumental in studying multi-agent collaboration,
autonomous learning, and other advanced concepts. Moreover, the reward mechanisms
in games offer valuable insights into the design and optimization of reward functions,
which are crucial for the development and fine-tuning of RL algorithms. Thus, games
not only test existing theories but also drive the evolution of new theoretical frameworks
in RL. The dynamic and challenging nature of games stimulates the exploration of new
algorithms and techniques. This includes advancements in deep reinforcement learning,
meta-learning, and other cutting-edge approaches. The interdisciplinary nature of RL
research in gaming fosters innovation by integrating knowledge from computer science,
neuroscience, cognitive science, and other fields. This cross-pollination of ideas accelerates
the development of novel methodologies and fosters a collaborative research environment.
The application of RL in gaming also yields significant social and economic benefits.
In the gaming industry, intelligent non-player characters (NPCs) and adaptive difficulty
levels enhance player experience, providing more realistic and engaging gameplay. These
advancements not only meet the growing market demand for sophisticated gaming experi-
ences but also drive economic growth within the industry. Furthermore, the technologies
and methodologies developed through gaming research often transfer to other sectors,
generating broader economic impacts.

The ability of RL agents to master complex tasks within video games has showcased the
potential for this approach to achieve impressive performance in strategic decision-making
and adaptability. While RL has achieved notable success, several issues still need to be
explored, such as the substantial training time and the requirement to retrain agents for
different tasks or environments. In response to these challenges, researchers have explored
innovative solutions with transfer learning (TL) emerging as a particularly promising
avenue [4].

Unlike traditional learning approaches that start each task from scratch, TL lever-
ages knowledge acquired from one environment called source environment to enhance the
learning process in a related but different environment [5]. This approach holds signifi-
cant promise in accelerating the adaptation of models to new tasks, reducing the need for
extensive data, and fostering more efficient learning across a range of applications. The
fundamental idea behind TL is inspired by the observation that knowledge gained from
mastering one environment can be beneficial in improving performance in a different but
related environment. In essence, TL seeks to capitalize on the inherent relationships and
commonalities between environments to facilitate a more seamless transition of knowl-
edge and skills [6]. The applications of TL span various fields, from computer vision and
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natural language processing to robotics and video games. By enabling models to build
upon existing knowledge, TL addresses the challenge of insufficient data, particularly in
environments where data collection is expensive, time-consuming, or impractical. This
not only enhances the adaptability of models but also contributes to the development of
more robust and generalized artificial intelligence systems [7].

TL in RL has demonstrated significant success across various games. One notable ex-
ample is the application of deep reinforcement learning, specifically Deep Q Networks
(DQN), to play Atari 2600 games [8]. In 2016, DeepMind’s research team achieved impres-
sive results by training agents on simpler games and transferring the learned knowledge to
more complex ones. This approach significantly accelerated the learning process, allowing
agents to attain high-level performance across a range of games. In real-time strategy
games such as StarCraft II, TL techniques have been employed to leverage knowledge
gained from one game to expedite the learning process in another. This adaptability is
crucial in mastering the intricate strategies and skills required in such dynamic environ-
ments. Similarly, in open-world environments like Grand Theft Auto V [9], TL has been
applied to train agents for tasks such as driving and navigating urban landscapes. The
insights gained from one scenario enable the agent to quickly adapt and excel in diverse
environments, showcasing the versatility of TL. Even in seemingly simple games like Flap-
py Bird [10], TL has proven effective. Agents trained on one instance of the game can
generalize their flying skills to perform well in similar games, illustrating the broad appli-
cability of TL across different gaming contexts. However, despite these successes, existing
examples often do not specify the methods or optimized algorithms used to determine
the source and target environments. They lack detailed explanations on how many games
are used for training in the source environment and how many in the target environment.
Normally, there are four types approaches to selecting source environment [11].

e Implicit: This approach is only used within the same domain, such as tasks with
the same action and state spaces, but possibly different goals. Therefore, it is usually
possible to reuse the source task without worrying about negative transfer.

e Human-Specified: The agent assumes that the source task is manually selected
and provided as input to the transfer method; hence, a human user/designer is
required to perform the source task selection.

e Human-Assisted: A human provides some information to help estimate the simi-
larity between tasks. The source task selection is then performed automatically based
on this information.

e Autonomous: The agent estimates the similarity between tasks without additional
information and autonomously selects the most promising source tasks.

In the approaches described above, the selection of source environments and target en-
vironments is still primarily based on human subjective choice and intuition. For simple
tasks, this approach is feasible, but for complex tasks such as large-scale games, it is
better for the agent to automatically select the source and target environments. However,
optimizing the selection of source and target environments requires an optimization algo-
rithm to determine the best choices. In this paper, we propose a general TL optimization
algorithm for RL applied to video games. This algorithm can concurrently execute mul-
tiple games and screen which game is suitable as the source environment and which as
the target environment based on the reward across different epochs. The proposal opti-
mization algorithm compares the cumulative reward values of different RL algorithms in
different epochs to select the optimal source and target environments, as well as the opti-
mal RL algorithm. This optimization not only streamlines the process but also conserves
resources, making it a valuable contribution to the field.
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The rest of this paper is organized as follows. Section 2 introduces related work in
literature. Section 3 introduces a summary of necessary knowledge for RL and TL. Sec-
tion 4 presents the details of the proposed TL optimization algorithm. Section 5 presents
the experiment environment, scenario and results. Section 6 presents the conclusion and
future work.

2. Related Work.

2.1. RL for video game. In recent years, many researchers explored RL applied to
video games, and most of them obtained significant progress. In [12], Lample and Chap-
lot introduce an architecture for deep reinforcement learning in 3D first-person shooter
(FPS) games, addressing decision-making in partially observable states, unlike previous
works that mainly dealt with fully observable 2D environments. The authors propose an
approach to augmenting models with game feature information, such as the presence of
enemies or items, during the training phase, alongside minimizing a Q-learning objective,
which significantly improves training speed and agent performance. However, the model
relies on internal variables provided by the game engine during training, which is limited
in practical applications. At the same time, the model performs well on the ViZDoom
platform, its generalizability to other FPS games or more complex environments has not
been verified. In [13], Vinyals et al. introduce SC2LE (StarCraft II Learning Environ-
ment), a reinforcement learning environment based on the game StarCraft II. StarCraft
IT is a real-time strategy (RTS) game that combines fast-paced micro-actions with the
need for high-level planning and execution. The paper outlines the observation, action,
and reward specifications for the StarCraft II domain and offers an open-source Python-
based interface for communication with the game engine. In addition to the main game
maps, a suite of mini-games focusing on different gameplay elements is provided. Initial
baseline results for neural networks trained on this data to predict game outcomes and
player actions are presented. The paper concludes with initial baseline results for canon-
ical deep reinforcement learning agents applied to the StarCraft I domain. However, the
high complexity of the environment makes it difficult for existing algorithms to be direct-
ly applied. Meanwhile, even the basic mini-games present a high learning challenge for
current reinforcement learning algorithms. In [14], Torrado et al. describe the interfacing
of the General Video Game Al (GVGAI) competition and its associated software frame-
work with the OpenAl Gym environment, a widely used interface for connecting agents to
reinforcement learning problems. The authors evaluate the performance of several widely
used implementations of deep reinforcement learning algorithms on a number of GVGAI
games and analyze the results to indicate the relative difficulty of these games in com-
parison to each other and to those in the Arcade Learning Environment (ALE) under
similar conditions. However, there is a significant variation in the performance of learning
algorithms across different games, with some games showing good performance and others
not. At the same time, training and testing on the GVGAI framework require substantial
computational resources. On the other hand, the GVGAI framework, written in Java and
communicating with Python through a local port, results in slower training compared
to ALE. In [15], Rajeswaran et al. introduce a new framework that casts model-based
reinforcement learning (MBRL) as a game between 1) a policy player, which attempts to
maximize rewards under the learned model and 2) a model player, which attempts to fit
real-world data collected by the policy player. A near-optimal policy for the environment
can be obtained by finding an approximate equilibrium for the aforementioned game, and
two families of algorithms are developed to find the game equilibrium by drawing upon
ideas from Stackelberg games. Experimental studies suggest that the proposed algorithms
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achieve state-of-the-art sample efficiency, match the asymptotic performance of model-free
policy gradients, and scale gracefully to high-dimensional tasks like dexterous hand ma-
nipulation. While the algorithmic framework is proposed, the actual implementation is
complex and requires fine-tuning. Meanwhile, Although the algorithms perform well in
experiments, their generalization ability across a broader range of environments or tasks
needs further validation.

2.2. Transfer learning approach. In [16], Lazaric focuses on developing methods to
transfer knowledge from a set of source tasks to a target task, thereby improving the
performance of learning algorithms. The author provides a formalization of the gener-
al transfer problem, identifies the main settings, and reviews significant approaches to
transfer in RL. However, the paper lacks practical application cases, which would not
be conducive to readers applying the theory to practice. Although it presents a variety
of transfer methods, it does not delve into the specific implementation details of each
method. In [17], Zhao et al. provide a systematic review of the challenges and methods
associated with transferring deep reinforcement learning (DRL) policies from simulated
environments to real-world robotics applications. It underscores the significance of DRL
in robotic control, the challenges of real-world data collection, and the role of simulation
in robotic training while highlighting the negative impact of the discrepancy between
simulation and reality on policy transfer performance. Although it provides an overview
of various methods, it does not offer enough comparative analysis to show the relative
advantages and disadvantages of each approach. Meanwhile, the article does not cover
all possible transfer learning scenarios, such as applications in different types of robots
or tasks of varying complexity. In [18], Varghese and Mahmoud provide a comprehensive
overview of the advancements in multi-task learning within deep reinforcement learn-
ing, comparing key approaches such as DISTRAL, IMPALA, and PopArt, and discussing
challenges like scalability, distraction dilemma, and catastrophic forgetting. While offer-
ing valuable perspectives on different methods, the paper lacks in-depth technical details
and comparative analysis between the methods and does not cover all possible applica-
tion scenarios. In [19], Ng et al. delve into the theory of policy invariance when rewards
are transformed and its practical application in reward shaping. It presents experimental
results in grid worlds of varying sizes to demonstrate how policy invariance can be main-
tained through reward shaping techniques under changes to the reward function, with
results visually displayed in charts. While the paper offers deep theoretical analysis and
valuable insights, it have limitations in the scope of experimental design and the breadth
of practical application, not fully showcasing the applicability and effectiveness of policy
invariance across a range of tasks or complex environments. In [20], Wiewiora et al. dis-
cuss the incorporation of expert knowledge into reinforcement learning in a structured
manner, especially as we scale up to real-world tasks. The paper presents a method for
integrating arbitrary advice into the reward structure of a reinforcement learning agent
without altering the optimal policy. This approach extends the potential-based shaping
method proposed by Ng et al. [19] to shaping functions based on both states and actions,
allowing for more specific guidance for the agent in choosing actions, without requiring
the agent to discover this from the rewards on states alone. While the paper offers in-
depth theoretical analysis and valuable insights, it have limitations in experimental design
and the breadth of practical application, not fully demonstrating the applicability and
effectiveness of policy invariance across a variety of tasks or complex environments.

2.3. Application of TL in RL. In [21], Sinapov et al. present a framework for selecting
source tasks to improve the performance of target tasks in reinforcement learning without
having samples from the target task. It uses metadata associated with each task to learn
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the expected benefit of transfer between tasks. Tested through large-scale experiments
in the Ms. Pac-Man domain, where an agent played over 170 million games across 192
variations of the task, the method successfully selected appropriate source tasks for pre-
viously unseen target tasks. While the study has achieved certain results without target
task samples, it mainly considered the transfer from a single source task and did not delve
into the scenario of transferring from multiple source tasks. In [22], Isele et al. introduce a
lifelong learning approach that integrates task descriptors with coupled dictionary learn-
ing for zero-shot knowledge transfer, enhancing the performance of learned task models.
By using task descriptors as feature vectors, the method enables rapid initiation of the
learning process for new tasks without the need to collect training data on the actual
tasks. However, shortcomings of the paper include a strong reliance on the choice and
quality of task descriptors, as inaccurate or incomplete descriptors could affect learning
efficacy. Furthermore, while the experiments show the method’s effectiveness on dynamic
control problems, its generalizability to other types of tasks or more complex scenarios
needs further validation. In [23], Braylan and Miikkulainen introduce a transfer learning
approach in the domain of video games to address the challenge of training game agents
with limited data. By decomposing games into objects, learning object models, and trans-
ferring models from known to unfamiliar games to guide learning, the method has shown
improved prediction accuracy and more efficient exploration over a comparable control,
thus accelerating the training of game agents. However, shortcomings of the paper include
insufficient discussion on the strategy for selecting source objects in the transfer learning
process and a lack of in-depth analysis on the generalizability and applicability of the
transfer method across different types of games. In [24], Fitzgerald and Bullard explore a
situated mapping approach for transfer learning, addressing the object mapping challenge
when transferring task models from a source to a target environment with potential nov-
el objects. It proposes an interactive mapping by demonstration method that leverages
guidance from a human teacher to predict the remaining object mappings based on a
limited number of correspondences provided by the teacher. The approach was evaluated
in both simulation and two physical tasks, sorting and assembly, demonstrating that an
agent can quickly infer correct object mappings with minimal human assistance. How-
ever, shortcomings of the paper include a high dependency on perception systems and
knowledge bases in real-world tasks, which could limit the universality and scalability of
the approach.

3. Background.

3.1. Markov Decision Process. A Markov Decision Process (MDP) is a mathemat-
ical framework used to model decision-making problems where an agent interacts with
an environment over a sequence of discrete time steps. The key feature of an MDP is
the Markov property, which states that the future state of the system depends only on
the current state and action, and not on the sequence of events that preceded them.
This property simplifies the modeling of complex systems by focusing on the most recent
information [25]. The MDP is defined by the tuple (S, A, P, R) where

e S is the set of states.

e A is the set of actions.

e P is the state transition probability function: P(s|s,a) represents the probability of
transitioning to state s’ given the current state s and action a.

e R is the reward function: R(s,a,s’) represents the immediate reward obtained after
taking action a in state s and transitioning to state s'.
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3.2. Reinforcement learning. Reinforcement learning (RL) is a branch of machine
learning that focuses on how an agent learns to make a sequence of decisions to maximize
cumulative rewards through interaction with an environment. In RL, the agent learns
by interacting with the environment, observing its states, taking actions, receiving re-
wards, and learning how to maximize cumulative rewards over time. RL can be seen as
a framework that utilizes MDP to model decision-making problems. MDP provides the
formalism for RL problems, defining the structure of the environment, possible actions,
and the consequences of those actions. RL algorithms, such as Q-learning and policy gra-
dient methods, operate within the MDP framework to learn the optimal policy. The core
concepts in RL are as follows [26]:

e State (s): represents a specific configuration or situation in the environment.

e Action (a): represents the possible actions the agent can take in a given state. The
action set is denoted by A, including all possible actions.

e Policy (7): represents the probability distribution of taking specific actions in a given
state. Denoted by 7, where m(als) is the probability of taking action a in state s.

e Reward (r): represents the immediate feedback the agent receives from the environ-
ment after taking an action.

e Value function: there are two types of value function.

The first type is the state value function (V(s)): represents the expected cumu-

lative reward starting from state s under policy 7. The equation is shown as follows.

Zytrt S0 = S] (1)

The second type is action value function (Q,(s,a)): represents the expected cu-
mulative reward starting from state s, taking action a under policy w. The equation
is shown as follows.

Qr(s,a) =E,

Vi(s) = Er

Z V7
t=0
The goal of RL is to find an optimal policy 7* that maximizes the expected cumulative
reward. This is achieved by maximizing the value functions:
V*(s) = max, Vy(s) (3)
Q*(s,a) = max,Q(s,a) (4)

where V*(s) and Q*(s, a) represent the optimal state value and action value under the
optimal policy.

So = 8,ap = a] (2)

3.3. Transfer learning. The integration of TL into RL aimed at adapting knowledge
from a source environment to utilize it in a target environment. One crucial aspect is the
consideration of the source and target domains, each characterized by its own state and
action spaces, reward, and dynamics. This transition necessitates addressing the distribu-
tional differences between the two environments, often expressed through mathematical
representations like the Kullback-Leibler (KL) divergence, denoted as

DKL(PsourceHPtarget) (5)

where Pyource and Piarget are the probability distributions in the source and target envi-
ronments, respectively.

TL in RL often involves the transfer of policies between environments. The mathemat-
ical formulation for policy transfer aims to minimize the disparity between the source and
target policies, typically expressed as
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DKL (Wsource| |7Ttarget) (6)
where Tyource and Target represent the policies in the source and target environments,
respectively. This KL divergence quantifies the difference in the probability distributions
of actions under the two policies. Incorporating Equation (5) and Equation (6) can achieve
the trained model of the source environment directly or fine-tuning applying to the target
environment.

4. Overview of TL and TL Optimization Algorithm.

4.1. Workflow of TL. The workflow of TL is shown in Figure 1, which consists of three
essential parts: input layer, intermediate layer, and output layer. The input layer plays
a pivotal role in data input, and it can accept n games synchronously. The intermediate
layer is dedicated to transferring knowledge from the source environment to the target
environment. The determination of optimal RL algorithm, source and target environments
are determined by the TL optimization algorithm proposed in this paper. The output layer
serves the purpose of assessing the TL performance by using the optimal RL algorithm
for the given TL scenario. The details of the workflow of TL are shown as follows.

1) Prepare n games for the input layer (n > 2).

2) Input all games to the TL optimization algorithm in the intermediate layer. Following
this algorithmic procedure, the optimal RL algorithm, source and target environments
can be determined.

3) The trained agent from the source environment is applied in the target environment.
The trained agent can be directly utilized or fine-tuned.

Input Layer

Game 1 Game 2 cee Game n-1 Game n

| | | |
| 1 1 !
| | | | |
I I . [
| Game I |:> 1 to n-1 Games | |
I | | I
| 1 1 !
| 1 1 1

Source Environment

|

|

|

I .

| Evaluation Results
|

|

|

Ficure 1. Workflow of TL
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4) Evaluate TL performance using multiple different RL algorithms and confirm the pro-
posed TL optimization algorithm is effective.

In the input layer, all input games must belong to the same or similar category, because
diverse categories exhibit variations in operations, environments, and scoring mechanisms.
Our research concentrates on TL within games of the same or similar category. Addition-
ally, a minimum of two input games is required, as TL necessitates at least one source
environment and one target environment.

Algorithm 1: TL Optimization Algorithm

Require: n, games (n, > 2), n, RL algorithms, n. epochs

e e e e e e e

DN ON N NN NN N
© 0D TE W N =

)
T2

Initialize T} < n./3, Ty < 2n./3, T3 < ne, A < n./2
Randomly select one RL algorithm a; from n,
if a; not in tabu then
Put q; in tabu
else
Goto 2
end if
Put q; in tabu
Run ny games in parallel
for 7 in n, do
if 7 equals 7T then
Put scoreyi in RTy
end if
if 7 equals T, then
Put scoregi in RT5
end if
if 7 equals T3 then
Put scoregi in RT3
end if
if i equals A then
Put scoreyi in RA
end if

: end for
. if len(tabu) is not equal len(n,) then

Goto 2

. end if

: Normalize(RT, RT5, RT3)

: ngt add 1 <= argmaxRT}, ngt add 1 < argmaxRT5, nyt add 1 < argmaxRT3
: Normalize RA

30:
31:

(max — argmaxRA in argmaxn,yi
return ngi game, apax

Ensure: Source environment, Target environment, Optimal RL algorithm

4.2. Procedure of TL optimization algorithm. The procedure of the proposal TL
optimization algorithm is shown in Algorithm 1, and the necessary symbols are defined
as follows:

e n,: represents input games.
® n4i: represents single game in ngy, used for voting.
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ng.: RL algorithms which are utilized to train agent.

ne: training epoch of RL algorithms.

scoregi: represents accumulative rewards obtained for ne.

tabu: saves selected RL algorithm, and ensure that no duplication of RL algorithms
in the tabu list.

T;: represents different epochs, each T; represents n./3 (i = 1,2, 3).

RT;: saves scoregi of T; (i =1,2,3).

A: represents n./2 epochs.

RA: saves scoregi of A.

Gmax: optimal RL algorithm.

The procedure of the TL optimization algorithm can be delineated into three main
parts. The first part spans from line 1 to line 9 of Algorithm 1. It is responsible for
handling input data and initializing parameters. The input includes games, RL algorithms,
and epochs, where epoch means the iteration number of training. In line 1, the epoch
n. is divided into one-third epoch, half epoch, two-thirds epoch and epoch itself. These
values are assigned to Ty, A, T, and T3, respectively. After the initialization of the
parameters, the algorithm proceeds to randomly select an RL algorithm. Subsequently, it
checks whether the selected algorithm is already used. If not, the algorithm puts it into
the tabu set. Following these operations, n, games begin to execute.

From line 10 to line 26, the core optimization logic of the TL optimization algorithm is
implemented. The algorithm enters a loop that iterates with n., within this loop, a “voting
mechanism” is proposed in the main logic, where the entire epoch is subdivided into four
phases: T, Ty, T3, and A. These phases correspond to one-third of the epoch, two-thirds
of the epoch, the entire epoch, and half of the epoch, respectively. As introduced in
Section 1, intelligent agents in RL learn correct actions based on the reward values they
receive. Different learning strategies can influence whether agents prioritize current or
future rewards. For an optimal intelligent agent, we hope the goal is to maximize rewards
both in the present and the future. To achieve this, the algorithm calculates cumulative
reward values for each game during phases T, T5, and T3 and stores them in the list RT},
RT, and RTj5. If the algorithm still has unused RL algorithms, proceed to line 2 and
continue executing other algorithms.

From line 27 to line 31, the algorithm screens out the maximum values of RT7, RT5,
and RT3 and increments the corresponding ngi for the game that achieves the maximum
value by 1. When the training epoch reaches A, the algorithm saves the score,i RA. The
logic for determining the termination of the algorithm is presented in this part. If all
RL algorithms have been executed, the maximum value in RA can be output, indicating
which RL algorithm has the highest score across the maximum n,i game. Finally, the
algorithm returns which game should be the source environment, which games should be
the target environment and which is the optimal RL algorithm.

Due to the different levels, stages, and reward mechanisms of different games, even
games from different generations in the same series may have slight differences. In order
to ensure a unified standard is used for comparison, we used min-max normalization in
the algorithm to scale the score. The normalized formula is as follows.

X - Xmin

Xnorma ized — &~
fized Xmax - Xmin (7)

where:

o X, ormalized: the normalized score.
e X: the original score.
e X, in: the minimum value in score.
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e X .. the maximum value in score.

Following the normalization process, all the score ranges within the interval of [0, 1].
Through this approach, all results can be compared using a unified standard.

5. Experiment.

5.1. Experiment environment and parameters. In Table 1, we show the experiment
environment and parameters. About experiment games, we choose Sonic the Hedgehog
series [33]. Sonic the Hedgehog is a classic video game series developed by SEGA [34].
The initial version was first released in 1991. The series features Sonic, a super-fast blue
hedgehog as the main character. The objective of the game is typically to collect golden
rings, avoid enemies and obstacles, and ultimately defeat the enemies. In this paper, we
choose the most classic two generations as the experiment game: Sonic the Hedgehog
1 and 2. These two generations due to their continuity have similar game styles, types,
and operations, making them suitable as experimental subjects for TL. To achieve more
comprehensive experimental results, we also choose six classic RL algorithms for training
game agents and utilize Algorithm 1 to obtain which is optimal RL algorithm for TL. Each
algorithm will be trained on 5 different training epochs and the results will be outputted
optimal RL algorithms, source and target environment.

TABLE 1. Experiment environment and parameters

Parameter Value Meaning
Games Sonic the Hedgehog Input data
RL algorithms A2C, PPO, DQN, DDQN, Rainbow, PG [27-32] = RL algorithms
Epoch 1 x10°, 2 x 10°, 3 x 10°, 4 x 10°, 5 x 10° Training iterations

5.2. RL algorithm results. From Table 2 to Table 5, we present the intermediate results
of various RL algorithms applied to Sonic the Hedgehog 1 (Sonic 1) using the proposed
TL optimization algorithm. In terms of horizontal analysis, both DQN and Double Deep
Q-Network (DDQN) exhibit increasing scores as epochs progress. However, Advantage
Actor-Critic (A2C) algorithm shows intermittent fluctuations, notably experiencing a
significant decrease at 3 x 10° and 4 x 10° epochs of T;. Proximal Policy Optimization
(PPO) demonstrates a decrease only at 5 x 10° epoch of A, while Rainbow only decreases
at 5 x 10° epoch of Ts. On the other hand, Policy Gradient (PG) shows fluctuation at
4 x 10° and 5 x 10° epochs.

Examining the results from the vertical analysis, PPO achieves optimal performance at
1x10% epoch of T} with a score of 2,458.63, while DDQN and PPO consistently outperform
in the remaining epochs. At 2 x 10° epoch, PG attains optimal performance across 1} to

TABLE 2. RL algorithm results of T} epoch for Sonic 1

RL algorithms 1 x10° 2 x 10° 3 x 10° 4 % 10° 5 x 10°

A2C 1,383.89  4,076.92  4,177.28 3,959.68  28,666.81

PPO 2,458.63 2,578.79  2,708.07 7,705.94 8,103.85

DQN 1,269.72  3,685.68  6,015.58 9,878.13  11,290.45
DDQN 1,858.94 4,877.01 11,367.71 22,480.48 26,213.17
Rainbow 1,358.6  4,646.18  7,474.38  11,525.17 12,923.11

PG 453.68  5,781.49 12,976.74 6,702.92 6,409.7
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TABLE 3. RL algorithm results of 75 epoch for Sonic 1

RL algorithms 1 x 10° 2 x 10° 3 x 10° 4 x 10° 5 x 10°

A2C 3,760.53 13,677.03  8,037.66  8,661.37  55,768.74
PPO 700845 12,888.43 16,827.81 20,740.84  32,935.34
DQN 5081.92 14,456.61 21,134.35 34,867.58  39,864.53
DDQN 8,209.46 17.727.62 32,687.72 52,945.63 62,917.06
Rainbow 5,997.36  16,317.14  27,738.7  39,100.13  40,028.94
PG 5197.33 22,298.27 28.410.27 13,464.63  12,460.56

TABLE 4. RL algorithm results of T5 epoch for Sonic 1

RL algorithms 1 x 10° 2 x 10° 3 x 10° 4 % 10° 5 x 10°
A2C 5,476.08  22,093.89 11,898.05 13,378.91  86,428.19
PPO 13,336.25  19,654.84 25,733.81  39,374.32  46,253.04
DQN 11,979.52  29,301.55 42,511.34  58,924.42  66,214.35
DDQN 14,715.15 33,122.45 55,865.27 85,232.75 101,222.52
Rainbow 12,427.91  32,269.74 50,803.82 67,982.86  64,652.61
PG 11,768.01 43,993.10 51,071.78 19,153.23  18,464.46

TABLE 5. RL algorithm results of A epoch for Sonic 1

RL algorithms 1 x 10° 2 x 10° 3 x 10° 4 x 10° 5 x 10°

A2C 2,006.13  8,102.70  6,107.47  6,307.47 44,537.54
PPO 5,626.85 6,880.29  7,328.32  19,196.91  18,609.94
DQN 2,660.47  7,725.51  12,409.71 20,864.84  24,8290.27
DDQN 4,285.99  10,632.38 21,694.10 37,369.07 44,234.41
Rainbow 3,349.27  9,383.75  16,536.36  23,652.28  24,946.18
PG 2,053.32 11,151.88 1929259 10,621.14  9,429.98

A. At 3 x 10° epoch, PG shows optimal performance at 7}, and DDQN shows optimal
performance at the remaining epochs. At 4 x 10° epoch, DDQN shows superiority across
all epochs. Finally, at 5 x 10° epoch, A2C stands out with optimal performance at T} and
A, whereas DDQN dominates in the remaining epochs.

From Table 6 to Table 9, we present the intermediate results of various RL algorithms
applied to Sonic the Hedgehog 2 (Sonic 2) using the proposed TL optimization algorithm.
In terms of horizontal analysis, A2C and Rainbow demonstrate an increasing trend in
scores as epochs progress. PPO exhibits notable performance across most epochs, with
the exception of the 3 x 10° epoch of T}. DQN consistently performs well across all epochs.
DDQN shows fluctuations across nearly all at 4 x 10° epoch, excluding T5. PG shows
fluctuations across nearly all epochs at 3 x 10° epoch, excluding T5.

Examining the results from the vertical analysis, DDQN achieves optimal performance
at 1 x 10° epoch of T} with a score of 775.9, while PG consistently outperforms in the
remaining epochs. PPO attains optimal performance across 2 x 10° epoch of T} to A.
A2C attains optimal performance across 3 x 10°, 4 x 10° and 5 x 10° epoch of T} to A.

5.3. TL optimization and TL results. In Section 4, we introduced the vote mecha-
nism utilized by the proposed algorithm to determine the source and target environments
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TABLE 6. RL algorithm results of 77 epoch for Sonic 2

RL algorithms 1 x10° 2 x 10° 3 x 10° 4 x 10° 5x 10°

A2C 351.3  1,115.55 24,075.67 46,326.72 52,606.84
PPO 319.5 13,272.83 12,472.63 15,175.47 48,703.31
DQN 4471 229377 5807.07  10,810.87 17,621.55
DDQN 775.9 239648 421562  3,333.81  9,556.1
Rainbow 43538 2,395.94  5,020.1  11,809.06 20,782.57
PG 417.86  6,732.68  3.217.54  25.303.62 43,272.18

TABLE 7. RL algorithm results of 75 epoch for Sonic 2

RL algorithms 1 x 10° 2 x 10° 3 x 10° 4 x 10° 5 x 10°
A2C 1,130.84  6,678.87 63,214.55 97,728.87 117,703.96
PPO 3,371.19  41,572.68 51,232.60 66,078.21  113,641.91
DQN 1,982.86  10,623.90  25,768.80  40,509.14  61,875.84
DDQN 2,898.48 10,661.30 14,682.39 10,669.16  32,041.16
Rainbow 2,527.22  12,590.54  23,759.37  42,100.68  65,861.74
PG 8,739.04 22,762.84 19,053.98  72,274.69  107,259.93

TABLE 8. RL algorithm results of T5 epoch for Sonic 2

RL algorithms 1 x 10° 2 x 10° 3 x 10° 4 % 10° 5 x 10°
A2C 3.250.97 9.602.83 102,365.73 149,162.48 182,875.46
PPO 12,477.66 70,033.25 89,994.19 116,996.22  178,673.27
DQN 480092 24.867.65 52,32091  78.945.01  113,301.42
DDQN 3,843.86 19,930.43 23,039.98 30,169.20 70,983.92
Rainbow 6,941.76 28,940.52 48,200.03 80,776.83 118,304.04
PG 23,100.14 50,594.96 56,444.29 123,227.54  170,682.90

TABLE 9. RL algorithm results of A epoch for Sonic 2

RL algorithms 1 x 10° 2 x 10° 3 x 10° 4 x 10° 5x 10°

A2C 665.51  3,495.95 43,642.99 72,032.76 85,249.69
PPO 1,275.52 27,411.25 31,780.10 40,624.11  81,164.40
DQN 1,258.96  5,454.41  14,624.78  23,998.62  38,109.70
DDQN 2,224.63  6,739.69  8,665.42  8,052.90  20,322.02
Rainbow 674.04  6,409.12  13433.87 25,280.51  42,053.99
PG 2,556.27 1345821  7,780.84  46,827.98  75,642.74

and Table 10 presents the TL optimization algorithm results. Across ranging from 1 x 10°
to 5 x 10° epoch, except for Sonic 1 and Sonic 2 exhibiting a 1 : 2 voting result at 1 x 10°
and 3 x 10° epochs, the remaining epochs consistently show a 0 : 3 voting results. Conse-
quently, Sonic 2 is determined as the source environment, while Sonic 1 is determined as
the target environment. Based on the analysis in Table 10, it is evident that the optimal
RL algorithms for various epochs are PG, PPO and A2C.
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TABLE 10. TL optimization algorithm results

RL algorithms 1 x 10° 2x10° 3x10° 4x10° 5 x 10°
T Sonic 1 Sonic 2 Sonic 1 Sonic 2 Sonic 2
T Sonic 2 Sonic 2 Sonic 2 Sonic 2 Sonic 2
T Sonic 2 Sonic 2 Sonic 2 Sonic 2 Sonic 2
A Policy Gradient PPO A2C A2C A2C
TL Results at 1x10° Epoch TL Results at 2x10° Epoch
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F1GURE 2. TL results of different RL algorithms at diverse epochs

In Figure 2, we present the TL results based on optimization results in Table 10. Sonic
2 is the source environment, while Sonic 1 serves as the target environment. All TL results
correspond to the optimized results of various RL algorithms listed in Table 10. PG is
the optimal RL algorithm at 1 x 10° epoch, PPO is the optimal RL algorithm at 2 x 10°
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epoch, and A2C is the optimal RL algorithm at 3 x 10°, 4 x 10°, and 5 x 10° epochs. The
experiment iteration is 10,000 rounds.

At 1 x 10° epoch, PG obtains a score of 11,154.98, while PPO comes in the second with
a score of 8,921.45. At 2 x 10° epoch, PPO obtains a score of 11,277.83, while A2C comes
in the second with a score of 11,150.6. PG exhibits a fine difference from A2C, obtaining
a score of 10,039.32. At 3 x 10° epoch, A2C obtains a score of 11,283.03, while PPO comes
in the second with a score of 10,991.52. At 4 x 10° epoch, A2C obtains a score of 11,267.1,
while PPO comes in the second with a score of 11,112.84. Finally, at 5 x 10° epoch, A2C
obtains a score of 11,260.28, while PG comes in the second with a score of 11,057.5. PPO
shows a fine difference compared to PG, obtaining a score of 10,984.56.

Based on the comprehensive analysis results, A2C, PPO, and PG demonstrated great
performance in TL within the experimental gaming environment. Meanwhile, we know
that the score may not consistently increase with the number of training epochs. In the
context of the game environment discussed in the paper, impressive performance has
already been demonstrated with A2C, PPO and PG. However, it is noteworthy that
DQN, DDQN, and Rainbow did not exhibit remarkable performance in TL. The reasons
are shown as follows.

1) A2C, PPO and PG are policy gradient-based methods that directly optimize the policy
to learn optimal actions. This is in contrast to traditional value function optimization
methods (DQN, DDQN, and Rainbow) that indirectly derive the policy by optimizing
the value function. In TL scenarios, direct policy optimization can be more flexible.

2) Policy gradient methods are generally more robust to changes in the environment.
When there are differences between the source and target environments, policy gradient
methods may adapt more easily because they directly optimize the policy rather than
relying on precise value function estimates.

3) In TL, the efficiency of utilizing samples is crucial for rapid learning in the new en-
vironment. Policy gradient methods often exhibit high sample efficiency because they
can compute gradients with a single sample without the need for iteration or backup.

4) In certain situations, policy gradient methods may have a faster learning speed.

5.4. Contrast experiment. Using the optimal algorithm PG with 1 x 10° epoch as a
case study, we conducted a comparative analysis between the average scores obtained
from 10 TL times on Sonic 1 and the scores from the original RL results. The contrast
experiment iterations are 100, 1,000 and 10,000 rounds, respectively.

In Figure 3, we present the contrast experiment results at 1 x 10° for different rounds.
The results indicate a clear trend of increasing TL scores with the number of rounds, par-
ticularly noticeable at 10,000 rounds. In the 100-round scenario, there is a slight deviation
between TL and original RL results, with the TL score reaching 84.85% of the original
RL score. Progressing to 1,000 rounds, the difference between TL and original RL results
diminishes, and the TL score reaches an impressive 99.91% of the original RL score. Fi-
nally, at 10,000 rounds, the TL score nearly matches the original RL score, achieving
99.98% of the original RL score.

Based on the aforementioned results, it becomes evident that as the agent is trained in
extensive epochs, the TL results progressively converge towards the performance of the
original RL results in the same environment. Ultimately, the TL scores approach parity
with the original RL results.

6. Conclusions. In this paper, we explored the challenges associated with the conven-
tional approach of training agents for video game in the realm of RL. While RL has shown
remarkable success in mastering complex tasks within video games, however, the training
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process for each new game remains a notable drawback. To solve this issue, TL as a solu-
tion can train agents in the source environment and transfer knowledge and reuse policy
to new games is a significant step forward. Nevertheless, how to determine the source and
target environment is also an essential issue that directly influences TL performance.

Our proposed TL optimization algorithm addresses the critical issue of determining the
source and target environments when dealing with multiple games. By executing multiple
games and screening suitable environments based on RL algorithm performance and ac-
cumulative rewards, the proposed algorithm effectively outputs the optimal RL algorithm
and source, target environment for TL. The agents trained on the source environment
can be directly applied to new games. The experiment results demonstrated the practi-
cality and efficiency of our approach. We utilized two video games and six classical RL
algorithms as input and experiment results demonstrated that the TL performance in
the target environment achieves an impressive 99.98% accumulation of rewards compared
to RL results in the same environment, demonstrating the effectiveness of our approach.
However, our proposed method still has the following issues. 1) We only evaluated one
type of video game, and the number of games is not particularly large. 2) The proposed
approach has not been evaluated on larger and complex games. 3) The proposed approach
is mainly based on determining whether a game can serve as a source or target environ-
ment based on the reward values obtained at different epochs, due to the different training
results of different RL algorithms, multiple comparative evaluations are required. Due to
the need for multiple evaluations, the CPU time required will be longer.

In future work, we will attempt to explore the integration of the proposed approach
with deep learning approaches, by extracting different features during game training,
such as state space features, action space features, reward structures, and environmental
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interaction frequencies, to select the source environment and target environment, thereby
addressing the shortcomings of the proposed approach.
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