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Abstract 

Reinforcement Learning is one of the most contemplated topical areas within the realm of artificial intelligence (AI). The concepts of 
reinforcement learning are being implemented for applications requiring sequential decision making. Such applications include industrial 
automation, robotics, predictive maintenance, autonomous vehicles, and games. A key component of reinforcement learning is termed 
reward system. In this paper, we provide a brief overview of possible methods for designing a general reward system which optimizes the 
efficiency of different reinforcement learning models and leads to more standardized AI applications. This review paper briefly describes 
the theoretical and applied research work being done for the creation of the above-mentioned general reward system. 
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1. Introduction  

Reinforcement Learning is a topical area of artificial intelligence which enables an agent to learn in an environment using 
feedback from its own actions and experiences [1]. It emphasizes the maximization of expected benefits. The agent 
performs an action to get reward from the environment and adjusts its policy based on the reward [2]. So, the agent’s task is 
to determine a policy, mapping states to actions, that maximizes some long-run measure of reinforcement [3]. The 
reinforcement algorithms can keep adapting to the environment over time, if necessary, in order to maximize the reward in 
the long term. In reinforcement learning, the reward system is responsible for steering the agent in the “right” direction. 
This reward function can be set up by the researcher or it can be manually debugged offline. In order for the agent to take 
the right action, the reward function of the system must accurately capture what the researchers want. Reinforcement 
Learning is known for the tendency to set rewards that cause overfitting resulting in unexpected results, such as, the Cobra 
Effect. Overfitting occurs when a model learns the detail and noise in the training data to the extent that it produces an 
adverse/negative impact on the performance of the model on new data [4]. The Cobra Effect occurs when an attempted 
solution to a problem makes the problem worse due to unintended consequences [5]. As described in [6], the key technique 
for avoiding the Cobra Effect is to stay away from linear or sequential thinking. Although, it looks as if the linear thinking 
is the most instinctive process for solving a problem, it is often not the right one. 

2. Brief Overview of Reward Systems 

It enables agent to use the feedback of its own actions and experience as reward and punishment to learn independently 
from the complicated environment through trials. Setting positive and negative feedback parameters in the reward system 
leads to the learning efficiency of reinforcement learning model. However, for every new problem to be solved, the model 
has to be retrained which could cost a lot of time and computing resources. 

In reinforcement learning, when rewards from the environment are scant, then internal rewards can become critical [7]. In a 
new environment that is different from the training model, it will be difficult or even impossible for agents to get the reward 
needed for reinforcement learning from the outside environment. For this problem, curiosity can be used as an internal 
reward to enable agents to explore and learn from the new environment. In Curiosity-driven Exploration, the reward system 
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consists of two subsystems:  the reward generator and the policy. The former produces an inherent incentive driven by 
curiosity, while the latter produces a series of behaviors used to maximize the incentive signal. Besides, agents can 
selectively receive some external rewards from the environment. In this way, the reward system provides a general solution 
for the reinforcement learning model, thus avoiding the trouble of resetting reward parameters when an agent is going to the 
new environment. 

It is often very difficult to manually designate specific reward parameters for a task in a new environment because it takes a 
lot of time and computing resources. Considering this problem, researchers use Automate Reinforcement Learning 
(AutoRL) to automate a reward search. AutoRL is at a more advanced level than normal reinforcement learning. Automatic 
reinforcement learning can greatly reduce the manual intervention of reward parameters in reinforcement learning. It 
enables the use of hyperparameter optimization to adjust reward and trains reinforcement learning agent groups to find the 
reward for optimizing the target value [8]. A very effective application aspect of AutoRL is for robotics control tasks 
because many tasks, such as manipulator grasping and gait adjustment, use complex reward parameters to guide 
reinforcement learning training, which requires lengthy manual adjustments. 

Multi-task learning, that is, giving an agent the ability to learn to solve multiple different tasks, is a long-term development 
goal of artificial intelligence. One problem for achieving multi-task learning by reinforcement learning is that the rewards 
that designers used for reinforcement learning agents to estimate to estimate success are usually different, and this would 
cause the agent to focus on where the reward is highest and ignore other low reward tasks. This results in the agent having 
better performance for some tasks and worse performance for others. In [9], the researchers propose to automatically adapt 
the contribution of each task to the agent’s updates so that all tasks have a similar impact on the learning dynamics. 

3. Conclusion 

Reinforcement learning has made great progress since its birth, and it will have a broader impact in the future. The reward 
system is the core of reinforcement learning, which makes it possible for the agent to adapt to the new environment and 
perform multi-tasks. In this manuscript, different approaches for designing the reward system for reinforcement learning are 
briefly described. The design of the reward system in reinforcement learning is rapidly evolving and there is a room for a 
future breakthrough in its structure and design. 
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