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Abstract:A walking bipedal is a kind of humanoid which 

resembles human. Bipedal are programmed for some specific 

tasks. The work studied biped walking with ZMP to control 

balance mechanism using reinforcement learning(RL). The 

proposed forgetting Q-learning algorithm helps the bipedal 

to learn to walk without any prior knowledge of dynamics 

model of the system.  In this work, the study is carried out to 

examine improvement to reinforcement learning(RL) 

algorithm in order to successfully relate with the 

continuously changing environment. The bipedal navigation 

is studied by implementing forgetting mechanism in the 

traditional Q-learning algorithm. Simulations were 

performed on each of the six joints of both legs of bipedal to 

evaluate the feasibility study of the proposed algorithm. The 

optimal policy for navigation was evaluated. Incorporating 

forgetting mechanism improves the learning time of the RL 

agent to a certain extent in a dynamic environment. The 

learning architecture was developed to solve complex control 

problems. It uses different modules that consists of simple 

controllers with RL forgetting Q-learning algorithm. 

  

Index Term/Keywordss: Bipedal, Reinforcement Learning, 

Q-Learning Algorithm, Walking Robot, Optimal Policy, 

Forgetting Mechanism. 

 

I. INTRODUCTION 

The bipedal walking has been an active action area of 

research after the developed of humanoid robots. Many 

robotic structures: wheeled robots[7-9], hexapod[1-3], 

quadruped[4-6] lacks flexibility and adaptability to the 

environment. The bipedal walking mimics human 

characteristics and so was selected to simulate movements 

and actions of human. Bipedal robots are assumed to operate 

with much greater efficiency than any other type of robot in a 

human environment [10]. Bipedal can perform tasks which 

are risky for human being. These can be any dangerous 

environmental conditions such as fire rescue operation, 
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explosives and can also assist in other more complex and 

complicated tasks. 

At present, the most basic issue for humanoid biped robot is 

how to walk steadily in uncertain and continuously changing 

environment. Many researchers has controlled the ZMP 

position for walking stability[11-13]. 

A.  Reinforcement Learning(RL)  

Reinforcement Learning(RL) seeks to maximize the numeric 

reward signal. In supervised learning method, we exploit the 

correct actions which are known prior to the execution. RL 

methods uses trial and error methods i.e. achieve learning by 

trying almost all the feasible actions and learning which of 

those actions produce the maximum value of  reward. RL 

algorithm are used to solve those problems in which RL agent 

learns through interaction with its dynamic and uncertain 

environment. Reinforcement Learning(RL) or Self Learning 

technology is usually considered as a goal-oriented method 

for solving problems in uncertain and dynamic environment. 

A RL model consists of : an RL agent, dynamic environment 

in which RL agent operates, a method of action selection, a 

method to determine the immediate reward of each action 

taken and a method of estimate delayed reward of action 

taken.[14] (Figure 1) RL methods provide solution of many 

diverse problems.  

 
Figure 1.  Architecture of RL 

 

Application designers of RL methods faces drawback of very 

slowly learning which results in poor performance in 

uncertain and dynamic environment. Another drawback of 

RL method is tradeoff between exploration and exploitation. 

The RL agent has to exploit i.e. has to use previous 

knowledge in order to get reward and to reach goal as soon as 

possible(Exploitation).  
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The RL agent has to explore i.e. for making better action 

selections depending upon the value of reward and to learn 

more about their environment in order to enhance future 

performance (Exploration)[15].  

B.  Bipedal Navigation  

Several ways exists to design a stable walking gait pattern. 

The most common and simplest approach is the applied 

inverted pendulum model(IPM) for balance control 

mechanism. The humanoid is modeled as a double inverted 

pendulum i.e. one for thigh and one for calf and the joints 

considered are hip , knee and ankle. While designing online 

controllers for bipedal, the bipedal does not fall or tip over is 

assured. The motions are so designed that the controllers 

need to be sufficient to ensure the stability of bipedal. The 

Zero Movement point(ZMP) considers both the static and 

dynamic forces. Therefore, many researchers have proposed 

ZMP methods for stable walking of Bipedal [11,16].  When 

the control designed keeps the ZMP position within the limit 

of the soles, then the robot have steady walk. (Figure 2) 

Biped robots learning methods for walking is studied to 

increase the robustness of the existing proposed 

algorithm[17-19]. Training experiences is collected by RL 

agent and the learning policy is updated through interaction 

in dynamic environment. To determine stable state of a robot 

and to prevent them from drop down, researchers have 

analyzed the feedback position of ZMP. ZMP of biped should  

be maintained  within a support polygon defined as the 

convex hull formed by all  floor contact points. After carrying 

out a long learning process, the system gets an efficient 

walking policy that is suitable for present uncertain and 

dynamic environment. 

 

 
Figure 2. ZMP position of a biped walking sequence. 

II. PROPOSED ALGORITHM 

This section deals with proposed solution which overcomes 

the difficulties of applied RL based learning system for 

autonomous navigation problem in dynamic environments.  

A.  Incorporating Forgetting Mechanism in 

Traditional Q- learning 

The RL agent when interacting with the dynamic 

environment may make use of the previously learned 

knowledge which is now outdated as the dynamics of the 

environment has changed. This difficulty usually is due to the 

tradeoff dilemma between exploration and exploitation. It is 

proposed in this paper that a forgetting mechanism be 

incorporated into traditional Q-learning algorithm to 

mitigate the effect of using outdated knowledge. In 

deterministic environment, the next state following an action 

is already known, which simplifies the Q-learning process. 

The Q-learning process in deterministic environment stores 

only values associated with each state instead of each 

state-action pair. In dynamic environment, state-action pair 

has to be stored along with the dynamic reward calculated on 

the fly. 

 

 
Figure 3. Q-Learning Algorithm by Watkins (1989): 

Single step algorithm[20] 

 

The state value function maintains a reward function for a 

given state which keeps a record of total penalty/reward 

which the RL agent has to pay for being in that specific state. 

Initialize the state-value function with zeros. As the RL agent 

explores the dynamic environment, it learns and records the 

reward gained in each state. The Q-value function for the 

visited state is updated after each time step. (Figure 3) 

 

B.  Action Selection Policy 

Action policy depends on random number generation 

between(0,1). For the first run, if value is in between (0,0.5) 

we exploit i.e. choose an action which is chosen maximum 

times and if it's between (0.5,1) we explore i.e. randomly 

select any action from the action set. For the subsequent runs, 

the range of the exploitation changes from (0,ε*ε-decay) and 

for exploration changes from (ε*ε-decay,1). This shows that 

the random actions are chosen more frequently so it favors 

exploration rather than exploitation which results in 

randomness in environment. It trains the agent, to avoid to 

stuck in the same action again and again. 

This epsilon(ε) controls the policy update extent which is 

based on the value of the next state. Large value of ε denotes 

that the domain is very much dependent on the values of the 

next state. Smaller value of ε indicates that function/policy is 

more dependent on the state to state transition reward. The 

value of ε is usually a positive value between (0,1). If value of 

ε is taken very close to 1 little forgetting takes place in the 

algorithm and it behaves similar to traditional Q learning 

algorithm. If value of ε is taken close to 0 almost all the 

penalties/rewards are forgotten between the episodes.  
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This results in exploration of the dynamic environment by RL 

agent in each episode. Assumed ε=0.5 for current work. After 

each episode it is updated as ε=ε* ε-decay. 

III. METHODOLOGY USED 

A.  Proposed Algorithm 

The steps of proposed algorithm are :   

1. The environment parameters are initialized: learning 

rate(α),  

       epsilon(ε), epsilon decay, discount factor(λ). 

2. Q matrix is initialized to zero. 

3. Do for each episode - 

A. Initial state is selected (initially stated and then after 

evaluated by the proposed algorithm). 

B. Do while the desired goal state of RL agent is not 

reached. 

a) Select any one actions from the available 

action set for present state using random 

value generator (Exploit/Explore). 

b) Using this possible action calculate the 

random reward. 

c) Using this possible action, find the 

following(next) state. 

d) Maximum Q value is found for this next 

state based on all possible available 

actions. 

e) Compute value of Q(s,a). 

f) Data stored in excel file for the 

intermediate results, present state, next 

state, action taken, time taken and reward. 

g) For each episode, a new excel sheet should 

have the intermediate results. 

      end do  

 C. Data stored in new excel file for the final Q-matrix, 

the optimal policy, mean random value, total 

reward, total time taken.  

D. For each episode, a new excel sheet should have 

the final result. 

4. Store the value of each episode and the number of 

iterations took to reach goal state along with total 

duration for each process in the third excel file. 

5. Plot the graphs for: Total time in each episode, Total 

reward in each episode, Mean random value in each 

episode. 

B. Characteristics of the Designed System 

On considering a dynamic environment with following 

constraints: 

1. States have been uniformly distributed between Start 

state and Goal state(known set). 

2. The action considered are (0,1) degree 

movement(known set). For some cases also taken as 

(-1,1) . 

3. The environmental parameters are initialized to 

following values. 

Learning rate (α)= 0.9     Discount Factor(λ) 

=0.9 

Exploration probability(ε) = 0.5    (ε to explore

 and 1- ε  to exploit) 

4. Epsilon decay(ε-decay) =0.98 (the forgetting factor ). 

5. Reward/Penalty given to the RL agent depends on the 

gap between present state and goal state 

reward/penalty = exp(-α *( goal state of RL agent - 

present state of RL agent ) 

6. Tradeoff  between Exploitation and Exploration- 

 Exploitation respond slowly to the 

environmental changes. 

 Exploration achieves flexibility. 

 Our system is encouraging exploration which is 

more effective for dynamic environment. 

Key Points of the developed system :- 

 Storing and maintaining the number of states, action 

taken and next state individually, reduces the 

memory space.  

 When agent explores it learns the reward earned in 

each state, the value function approximates for that 

state. 

 After each step  

A. Actions are selected depending on random 

value generated. 

B. Reward/penalty is calculated. 

C. Next following state is evaluated from 

present state and reward calculated. 

D. Q-value (Policy) for the visited state is 

updated. 

E. Epsilon is recalculated by epsilon*epsilon 

decay.  

F. Total rewards/penalty calculated. 

G. Total Time for execution calculated. 

H. Gap between present state and goal state is 

evaluated i.e. distance between them. 

I. How far is the agent from goal state is 

tracked. 

 On exploration, the states far from goal state 

approach maximum values where as nearby states 

approach minimum values. The values are a function 

of distance between present state and goal state. 

 

IV. EXPERIMENTAL FINDINGS 

Experimental results are stored and shown in two ways. The 

first form is the graphical representation of the results in the 

form of graphs and the second form is to store the data 

evaluated in the excel files for the future use. 
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A. Simulation Results  

Case I- Random value generated between (0,1) 

The algorithm has characteristics as- 

1. Updating rule for Q(s,a). 

2. Evaluating function for Action. 

3. Mechanism of Forgetting being incorporated. 

4. Randomness in reward/penalty depending on present 

state of the agent and goal state. 

Goal is to utilize exploratory behavior to enhance the 

performance in dynamic and uncertain environment. 

Due to the  exploratory behavior a larger set of possible 

solution has to be maintained in comparison to kept by 

traditional Q-learning algorithm. 

The intermediate and final data of the algorithm is saved 

in two different excel files along with the header for the 

future use. The intermediate file contains the state, 

action transitions along with penalty/reward, random 

value generated in each episodes along with the time 

required to run each episode and the distance between 

present state of the agent and goal state which RL agent 

has to reach. The final data  excel file has the mean value 

of the random values generated to reach goal state from 

the starting state, the final Q(s,a), the optimal policy 

obtained along with the actions selected in optimal 

policy, the total reward/penalty to reach the initial state 

to goal state along with the total time.(Figure 4 and 

Figure 5) The graph are plotted for- 

1. Target state - present starting state of agent in each 

episode. 

2. Target state - next state in each episode. 

3. Mean random value and random value of each 

episode. 

4. Distance between present state and goal state. 

5. Reward earned in each episode. 

6. ε value (ε* ε-decay) in each episode incorporation 

forgetting mechanism. 

 

 
Figure 4.  Case - I Reached Goal State in 36 Iterations   

 

 Figure 5.  Case I- Reached Goal State in 12 Iterations 

 
CASE II When the range of random number generation 

is fixed (0.4 to 0.6), with the same previously defined 

state set and action set (known set),all parameters are 

same as the previous simulation. We observed that it 

runs the maximum number of episodes but does not 

reach goal state but get stuck in between start state and 

goal state. This is due to the reason that we are 

considering an action of 0 degree due to which it remains 

in the state for infinite duration. (Figure 6) 

 

 

 

Figure 6. Case II - Does not reach goal state even after 

excecuting 100 episodes  

 

CASE III - When considering action deg(0) does not 

reach goal as it is stuck in the same state loop. Without 

considering action deg(0) the algorithm converges fast 

and it explores more as compared to exploit and does not 

fully exploit decay factor (forgetting mechanism). (Figure 

7) 

 
Figure 7. Case III - Reaches Goal State in 8 Iterations 

 

 



International Journal of Innovative Technology and Exploring Engineering (IJITEE) 

ISSN: 2278-3075, Volume-8 Issue-7, May, 2019 

1786 

Published By: 

Blue Eyes Intelligence Engineering 

& Sciences Publication  Retrieval Number G5312058719/19©BEIESP 

Data Saved in excel Files for future use  

The results found after the simulations are stored in excel 

files. Each episode stores its value in different sheet and the 

final result of each episodes are stored for future use. (Figures 

8 - 13)  

V. RESULTS AND FINDINGS 

Results are analyzed according to the case considered above. 

Case I : The number of episodes in which RL agent reaches 

goal state is not fixed as shown in two results in one it reaches 

in 36 episodes and in the other it reaches in 12 episodes, 

accordingly the total reward and total time varies  

Case II: The action of  deg(0) is exploited more as compared 

to exploration of other actions. The experiment uses 

exploitation and not exploration. 

Case III :This approach converges very fast and encourages 

exploration. 

This approach converges very fast and encourages 

exploration. 

 
Figure 8. Case I Final Result Sheet  

 

 

Figure 9. Case I Intermediate Result Sheet  

 

 
  

Figure 10. Case II Final  Result Sheet  

 
 

Figure 11. Case II Intermediate Result Sheet  

 

 
 

Figure 12. Case III Final Result Sheet 

 

 
 

Figure 13. Case III Intermediate Result Sheet  

VI. CONCLUSION 

This paper proposes solution for performing biped navigation 

by using RL algorithm in dynamic environment. The 

proposed algorithm has been presented and analyzed. 

Forgetting mechanism in Q-Learning is proposed for 

improving performance in dynamic and uncertain 

environment by considering the possible options of 

navigation which may not be acceptable by traditional 

Q-learning. This mechanism was implemented as a decay 

factor which helps in reducing unvisited state values which is 

result of higher exploration tendency, resulting in increased 

performance in dynamic environment.  
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The proposed algorithm architecture is tested on real time 

control on robot walking. The RL agent learn to choose an 

appropriate action in this state to maintain the ZMP of the 

biped in the restricted region. When robot is in single support 

condition ZMP is intentionally shifted to a designated 

position. For learning an efficient optimal policy, a dynamic 

and continuous reward function is designed in order to reduce 

the learning cost on balance control.  
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