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Abstract 
The biggest feature of Augmented Reality (AR) technology is that it can simultaneously express reality and virtuality in one place. AR 
technology allows real-world users to interact with virtual objects, which creates complex user experiences that were limited to real or 
virtual space. This paper uses a hand-based interaction technique to enrich user experience in augmented reality, and reinforcement 
learning is conducted to allow objects in augmented reality to learn hand movements and take specific actions. By the reinforcement 
learning, the complex interactions between users and virtual objects in augmented reality can be achieved. This paper shows that the 
hand movements of users can control the behaviors of virtual objects in various ways. 
Keywords: Augmented Reality, Object Interaction, Reinforcement Learning, Learning Environment. 

1. Introduction 

Augmented reality (AR) is an interactive experience of a real-world environment where the objects that reside in the real 
world are enhanced by computer-generated perceptual information, sometimes across multiple sensory modalities, including 
visual, auditory, haptic, somatosensory and olfactory [1]. The application of AR technology, which is widely known to 
people through Pocketmon Go, is expanding across different sectors [2]. Recently, there has been an increase in the 
application of AR in various fields such as architecture and interior design [3]. Furthermore, studies have been carried out to 
integrate AR to enhance the game experience [4]. 
 
Recently, the need for interaction with augmented objects has been increasing, and a lot of interaction studies have been 
underway [5]. Of the many interactive methods, the most intuitive is using the hand. The hand, along with the eyes, is one of 
the most frequently used body parts and functions to share emotions or induce specific behaviors through interactions such 
as grabbing, stroking, or touching objects. For example, petting a dog makes a dog wag its tail and pointing to a certain sign 
leads people to look at the sign. 
 
In this paper, hands, the easiest and most effective way to interact in augmented reality, were used as a medium for 
interaction. We augment the hands of the real world to represent them as physical objects in the virtual environment and 
implement them so that the hands of the real person can directly access the augmented reality to experience the manipulation 
of virtual objects. In order to express a person's hand in a virtual environment, a part of an open source game produced 
using Google's MediaPipe was used [6]. Google's MediaPipe is an open-source program that helps you easily extract the 
shape of your hand from an image [7]. 
 
Reinforcement learning refers to the method in which the computer learns to maximize rewards by observing specific data in 
a given environment rather than to artificially designed behavior [8]. It does not force people to take specific actions in the 
process of reinforcement learning. The actions the machine learns by itself act as an active action on the situation in the 
environment. This active action enables interaction with the machine using the designed input and allows it to feel two-way 
communication with the machine. We aim to take advantage of the interaction aspects of these reinforcement learning. In 
this paper, we implemented reinforcement learning using Unity's ML-agent package [9]. It is designed to observe the value 
of the hand position vector in reinforcement learning so that the interacting object can learn in a way that rewards the 
movement of the hand.  
 
This paper is organized as followings: Section 2 describes the learning environment of reinforcement learning including the 
observation, behavior and reward system of learning targets. It also presents the learning progress method and augmented 
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reality system implemented. Section 3 shows the experimental methods and results. Finally, the conclusions and future 
research directions are described in Section 4. 

2. Design of Reinforcement Learning and Augmented Reality System 

In augmented reality, hand behavior is used as input. In response to this input, the interaction in which the animal performs a 
specific motion is tested. Reinforcement learning is used to learn the performance of animal movements corresponding to 
hand movements. Figure 1 shows the process of constructing an augmented reality environment by applying reinforcement 
learning. 
 

Fig. 1 System design process 

Reinforcement learning is conducted by creating objects for hand and receiving commands within the game environment 
using the Unity game engine. After the learning to be implemented is completed, Unity's AR Foundation 3.1.3 and ARCore 
3.1.3 packages are used to convert the game environment into an augmented reality environment [10]. Afterwards, 
augmented reality camera was made to recognize the hand object. When the recognized hand object clicks on one of the 
command objects, the hand and the command object are augmented. 

2.1 Reinforcement Learning Design 

2.1.1 Design of Learning Environment 

 

Fig. 2 Learning Environment of hand and command objects 
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Reinforcement learning design is largely divided into two parts: 1. learning environment and 2. design for observation, 
behavior, and reward of objects to be learned. In order to recognize the hand when augmented reality is applied, information 
about the hand must be generated in the learning environment in advance. To learn hand information, we create a cube with 
a physical engine and tag it ‘Hand’. The animal to interact with using hands is a cat. In order to teach the cat three 
commands: sleeping, running, and sitting, three cube objects larger than the “Hand’ object are prepared. If a cube with the 
‘Hand’ tag contacts an object for a specific command, the corresponding integer value of 1(sleeping), 2(running), and 
3(sitting), respectively, is stored in the ‘order number’ variable, and in other cases, 0 is stored. The learning environment is 
shown in Figure 2. There are three command box of red, green, and blue and also a cat. When a colored box is touched by 
hand in the actual AR environment, the red box is set to run, the green box is set to sleep, and the blue box is set to sit. 

2.1.2 Design of Observation, Behavior, and Reward of Objects 

The cat 3D model of the Unity Store was used as the object to be learned, and additional animations of sleeping, running, 
and sitting were used. The behavior of the cat is related to a total of eight values such as triggers that activate sleep, run, sit 
motions, a Boolean value that verifies the execution of animation, the ‘order number’ variable, and x, y, and z coordinate 
values of the ‘Hand’ object. The location values for the ‘Hand’ object are used to determine whether the object touches the 
command objects. In the case of cat behavior, if the animation execution state is False, it is possible to take one of four 
actions: sleeping, sitting, running, and staying still.  
 
For the reward system of the reinforcement learning, if the ‘order number’ value is 1, i.e., the box for sleeping command is 
touched, the reward system gives 1 point reward when the sleeping animation is executed and –0.1 point reward if other 
actions are taken. The same reward value is applied to the ‘order number’ value 2 (running) and the value 3 (sitting). It was 
designed to give 0.2 point reward for executing the staying still animation when the order number is zero and –0.1 point 
reward for other actions. The reason why the compensation for staying still was designed low to 0.2 is to induce the natural 
movement of the cat by setting it up to perform various actions without instructions. 

2.1.3 Learning Progress and Parameter Design 

The Boolean value, which can indicate whether the cat’s animation is executing or not, is activated six seconds after the 
animation was executed and induced not to simultaneously execute the animation by command. The object with “Hand” tag 
was allowed to contact command-inducing objects with the 3/7 probability every 7 seconds and were placed in other areas 
with the 4/7 probability. If the ‘Hand’ object contacts a box that gives instructions, it is programmed to contact any random 
inner part of the box set at 5cm so that it can recognize whether there is contact or not. The learning process is designed to 
facilitate the PPO algorithm [11] that is simple compared to other algorithms. The total step of reinforcement learning is 
more than 3 million times, and the hyperparameters used for reinforcement learning are as follows.  
 

Hyperparameter  
 batch size : 128 
 buffer size : 1024 
 learning late : 0.0003 
 beta : 0.01 
 epsilon : 0.2 
 lambd : 0.95 
 num epoch : 3 

 learning rate schedule : linear 
 
Figure 3 shows a snapshot of the learning process in the developed learning game environment. 

2.2 Implementation of Augmented Reality 

The objects of the Unity game environment in Figure 2 where reinforcement learning was conducted are produced as Prefab 
so that they can be used as objects in an AR environment. (Prefab is a concept used in Unity and means a finished assembly.) 
These Prefab objects are used to construct our AR environment. 
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Fig. 3 The snapshot of the learning process in the learning game environment 

AR Foundation and ARCore packages are imported to the development environment to build an interactive AR environment 
using hands. Then, we create AR Session Origin with AR Camera as a sub-component to identify the location where AR can 
be configured. AR Session Origin has a coordinate value of (0, 0, 0) in the augmented reality environment. Afterward, an 
AR Session is created to manage state changes, such as frame rates for image recognition of augmented reality, to configure 
an environment in which AR can operate. 
 
In order to become a desired augmented reality, a virtual environment in which reinforcement learning has been conducted 
must be added to the actual image shown through the camera. To this end, a plane in which a virtual environment may be 
installed on the displayed image must be selected. When AR Camera recognizes a plane, visualization is performed so that 
users can check whether the recognized plane through AR Point Cloud is able to be used for the ground of the virtual 
environment. When the user clicks on the recognized plane, Prefab, which was produced in the game environment where 
reinforcement learning was conducted, and Prefab, the shape of the hand using Google's Media Pipe, are implemented on 
the real view of AR camera. 

3. Experiment Method and Result 

 

Fig. 4 The augmented reality environment for experiment 

The experiment was conducted with a Samsung Galaxy 8 smartphone model that uses the Android operating system. The 
developed augmented reality appears on the camera display and recognizes the hand for interaction. The experiment used 
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two methods: not giving commands for more than 10 seconds and giving commands every 3 to 10 seconds. In the first 
experiment method, if the command was not issued for 10 seconds, it was seen that the cat basically was motionless and 
randomly ran, slept, or sat down. Figure 4 shows the experimental screen of the first method. For the second method, if the 
green box was touched, i.e., instructed to sleep, the actual sleeping action was performed, and if the other box was touched 
within a short time less than six seconds, the following instructions were not carried out. However, if user touched another 
box with user’s hand after more than six seconds, it would function normally. It can be seen from the data of TensorBoard in 
Figure 5, which shows the results of reinforcement learning, that the actual learning took place normally. 
 

Fig. 5 The result of reinforcement learning  

4. Conclusions 

The purpose of this study is to incorporate reinforcement learning into augmented reality technology to enable people to 
interact with digital objects and have a better user-experience. In the previous researches, reinforcement learning and 
augmented reality have not often been used at the same time because of their different purposes and directions. However, in 
terms of interaction, augmented reality with visual representation as to its main function and reinforcement learning, which 
entrusts autonomous selection to machine behavior, are interlinked fields that can narrow the gap between people and 
machinery. 
 
This paper confirmed the possibility of linking augmented reality with reinforcement learning in terms of interaction. In 
future studies, visually improved interactions can be expected by utilizing the function of the Lidar sensor or the function of 
recognizing the depth of augmented reality. In addition, it is expected that a more natural user experience can be derived by 
applying various algorithms used for reinforcement learning. 
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