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This work studied biped walking with single (one-leg) support and balance control 

using reinforcement learning.  The proposed Q-learning algorithm makes a robot learn to 
walk without any previous knowledge of dynamics model.  This balance control with 
single support shifts the Zero Moment Point (ZMP) of the robot to a stable region over 
walking sequences by means of learned gestures.  Hence, the proposed method could be 
applied to biped walking on either plain or sloping surfaces with the help of sensory inputs.  
The reinforcement learning mechanism was used as the position control of the robot joints.  
While the robot was walking, it continuously adjusted its gaits via learning and finally 
formed gaits that were as stable as when it walked on the level surface.  After the robot 
had learned to walk on an even terrain, it could learn to climb an inclined surface faster 
using its newly acquired knowledge.  Experiments of biped walking on an even terrain 
and a seesaw were performed to show the validity of the proposed reinforcement learning 
mechanism.    
 
Keywords: biped robot, reinforcement learning, robotics, walking robot, Zero Moment 
Point (ZMP)  

1. INTRODUCTION 

The interest in studying biped walking has been aroused with the research and devel-
opment of humanoid robots.  Many structures of robots, such as robot wheels and robot 
arms, lack flexibility.  For humanoid biped robots to simulate the activities of human be-
ings, they need to have human-like motions.  A biped robot is in a stable state when it 
stands on the ground with two feet.  When a robot is in the process of walking, the robot 
can easily fall down if it cannot keep a dynamic balance.  In past decades, most of the 
basic topics have been related to how bipeds can walk steadily in a manner of static balance.  
Recently, some research has studied bipedal locomotion by trajectory planning [1], and 
some researchers have used a mathematical model to construct a dynamic equation of a 
biped [2].  

There are several approaches to design a stable walking gait pattern.  One of simplest 
approaches is the applied inverted pendulum model to balance control.  The humanoid 
robot is modelled as a double inverted pendulum.  A lot of research is actively conducted 
towards the development of humanoid robots with an emphasis on the development of an 
improved control system.  When designing online controllers for a biped, making sure 
the biped does not fall and tip over is important so the designed motions and controllers 
need to be sufficient to ensure the biped's stability.  A biped is stable if the only contact 
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between the biped and the floor is recognized with the soles of the foot or feet.  The Zero-
Moment Point (ZMP) can be regarded as the dynamical equivalent of the Center of Mass 
(CoM) projected on earth.  The ZMP criterion does take dynamic forces and static forces 
into account.  Therefore, researchers have proposed methods for walking stability based 
on ZMP criterion [3][4].  If the control is able to appropriately keep the position of ZMP 
within the scope of the soles, it will facilitate the robot to walk steadily. 

Moreover, some researchers have proposed methods for optimal walking gaits based 
on ZMP criterion [5][6].  Applying appropriate walking gaits to biped walking will make 
the robot walk more stably, and the walking postures will be more like that of a human.  
Therefore, one of the most frequently used methods is to elaborate a control on tracking 
stable walking patterns in terms of a planned ZMP trajectory.  An analytic method, intro-
duced in [7], generated the real time trajectories of the CoM for given ZMP patterns.  The 
whole walking process was divided into transient and periodic walking phases.  For each 
phase of walking, the analytic solution of the CoM for the given ZMP based on the inverted 
pendulum model was computed.  The inverted pendulum model (IPM) has been used as 
a dynamic model for humanoid robots, where ZMP constraints of robots are analyzed in 
the IPM motion, and the CoM motion of IPM is used to approximate the CoM motion of 
robots [8]. 

To enhance the robustness of biped robots' walking, learning methods on biped walk-
ing have been studied [9][10][11].  The agent collects the training experiences and up-
dates the learning policy through the interaction in the environment.  The learning process 
uses trial and error methods to get the walking policy instead of using training experiences 
in advance.  To determine whether a robot is in a stable state and prevent the robot from 
falling down, some researches analyze the feedback position of ZMP, which the biped 
should maintain within a support polygon defined as the convex hull formed by all contact 
points on the floor. After long-term learning, the system will get a walking policy that is 
suited to the present environment.  In [12], a two-mode Q-learning was developed for 
biped balance, based on the stabilizing ZMP of a biped in standing posture.  In the two-
mode Q-learning, the experiences of both success and failure of an agent are used for fast 
convergence.  However, the two-mode Q-learning cannot be applied to a walking robot 
if it cannot determine an appropriate ZMP trajectory over walking phases. 

In terms of robotic dynamics, because ZMP is complicated to calculate, a measure-
ment method on ZMP by arranging triangularly force sensor on the back of each foot is 
introduced [13].  In [14][15][16], the values of the sensors on the robot's feet were used 
to calculate the ZMP.  Then, using the ZMP value as the input, the fuzzy controller soon 
adjusted the postures of the robot to maintain balance. 

Most of these existing researches attempt to control a biped robot to follow pre-pro-
grammed gait patterns without considering the limitations of a robot's kinematics.  The 
proposed approach targets the problems where a robot is asked to generate the motions 
from a coarse gait pattern set which may not take the robot’s limitations into consideration.  
A biped robot uses an analytic skeleton to decide corresponding joints for its motion learn-
ing by means of a simple reinforcement learning framework, Q-learning, to generate quasi-
static walking, instead of applying precise motion controllers.  Reinforcing signals, based 
on where the ZMP is sensed on the sole, were used to adjust the policy and the biped's 
postures.  Furthermore, with sufficient torques generated by motors, the biped tends to be 
capable of responding to an abrupt change on the terrain. 
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The objective of this work is to learn a policy which will acquire a statically stable 
gait by adjusting a humanoid robot’s gesture complying with the constraints of keeping its 
ZMP within a restricted region.  In other words, the proposed method simplifies the prob-
lem of walking balance into one of statically stable gaits where ZMP is shifted intentionally 
to a designated position, especially for the single support.  For learning an efficient policy, 
continuous dense reward function is designed so as to shorten the learning cost on balance 
control.  This paper is organized as follows.  The following section presents the research 
background.  Section 3 describes the reinforcement learning for biped balance control.  
Sections 4 and 5 discuss the simulation and experimental results, respectively.  Conclu-
sions are in the final section. 

2. BACKGROUND 

Reinforcement learning, which is a sub-area of machine learning, concerns how the 
agent takes actions in an environment so as to maximize the long-term reward.  Further-
more, reinforcement learning results in an optimal policy that determines the agent's ac-
tions, which could facilitate the process of getting better rewards.  The on-line perfor-
mance focuses on how to find a balance between exploration (of uncharted territory) and 
exploitation (of current knowledge).  The trade-off problem between exploration and ex-
ploitation in reinforcement learning has been mostly studied through the multi-armed ban-
dit problem [17].  The environment is typically formulated as a finite-state Markov deci-
sion process (MDP), and reinforcement learning algorithms for this context are highly re-
lated to dynamic programming techniques. 

The relationship between parts in reinforcement learning is represented in Figure 1.  
S denotes the set of states; A denotes the set of actions; and R denotes the set of rewards.  
An agent updates the Q-value by state st and reward rt.  Then, the agent observes state st 
at step t, st ∈ S, decides on an action at at step t, at ∈ A(st), interacts with environment at 
discrete time steps, gets resulting reward rt+1 ∈ R and then enters the next state st+1.  Some 
relevant and contributed characteristics, or in terms of state variables, are used to represent 
or model the environment.  The agent makes a decision to take action depending on the 
state and the experience, and then this action will lead the agent to the next state within the 
environment and send the reward back to the agent at the same time.  The agent accumu-
lates experience from the feedback of rewards as a reference for the next decision.  After 
repeating this sequence circularly, the agent will make the most appropriate decision and 
take the best action for the current situation.  Reinforcement learning is applied to get an 
optimal strategy in the current environment so that the agent can work efficiently.  
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Figure 1. The architecture of reinforcement learning. 

Q-learning is a form of model-free reinforcement learning method based on stochastic 
dynamic programming.  It provides robots with the capability to learn to act optimally in 
a Markovian environment, so it is a way to solve reinforcement learning problems [3].  
The Q-learning algorithm is shown in Figure 2.  Q(s,a) is the Q-value, computed by (1), 
of executing action a in state s; r is the reward; s' is the possible state that state s will 
transfer; a' is the decided action according to state s'; ε-greedy is the policy; α is the learning 
rate; and γ denotes the discount rate.  The values of learning rate and discount rate are 
between 0 and 1.  Reinforcement learning uses Q-value to accumulate the experience 
from each action the agent has taken.  Each Q-value will approach the optimal Q-value, 
Q*, after the learning procedures are completed. 

 
initial Q(s,a) arbitrarily; 
initialize s; 
repeat for each episode 
  repeat for each step in an episode 
     choose a from A in s using policy derived from Q; // e.g. ε-greedy 
     take action a; 
     observe r, s'; 
     update Q-value by (1); 
     s ← s'; 
  until the number of steps is reached;  
until the number of episodes is reached;

Figure 2. The Q-learning algorithm.   
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However, long-term learning is needed to approach the Q* such that the Q-value will 

be more reliable in each state.  The information of the environment is translated into the 
type of state.  Reward function is used to calculate the reward value which is based on 
the current state.  After getting the reward and state s', the Q-value will be updated by 
equation (1), and then the agent chooses the optimal action a' under the current environ-
ment.   
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3. BIPED BALANCE CONTROL 

The agent chooses an action under the current state st of the environment to control 
the ZMP of a biped.  After the biped implements the action at, the ZMP of the biped 
changes to next state st+1, and the biped gets a reward rt+1 based on the situation (good or 
bad) of the next state st+1.  In long-term learning, the agent constantly updates the table 
of Q-value by (1).  Finally, the agent gets a policy suited to the environment.  The learn-
ing procedure of the proposed system is shown in Figure 3.  To reach the goal of biped 
balance control by reinforcement learning, the designs of state space, action space, and 
reward are described as follows. 

 

 
Figure 3. The Q-learning procedure for biped balance control. 

 

3.1 State Space 

The situation of learning process is obtained by sensing the current environment.  
When the sensors perceive the environment, a large amount of sensory data causes a huge 
state space.  To solve this problem, the system collects information from sensors as sys-
tem input signals and then transfers this useful sensory input into a state space.  The size 
of the state space will affect the learning quality and time.  That is, if the state space is 
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sophisticated, the learning policy will be appropriate and convergence rapid; relatively, the 
complex state space results in a greater learning time.  

The proposed approach used the sensory regions of the biped foot to represent state 
space instead of the overall sensing data.  As shown in Figure 4, the humanoid robot had 
four force sensors installed on each foot.  It used the four sensor values f1, f2, f3, and f4 to 
evaluate the ZMP coordinate (x, y) of the robot.  According to [18], it used the concept 
of torque to calculate the location of ZMP.  Therefore, the ZMP coordinate (x, y) could 
be computed by equation (2), where W denotes the width and L denotes the length of a 
biped foot, respectively. 
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Figure 4. Locations of force sensors arranged in one foot of a biped. 

3.2 Action Space 

The design of action space is a critical issue concerning the state transition.  A sys-
tem evaluates all the Q values and outputs an action, which maps to the optimal Q under 
the current state, to the environment.  The learning will be efficient under the appropriate 
action space.  Moreover, the number of actions will affect the learning time.  Therefore, 
the system must locate the appropriate action in a limited action space.  By simplifying 
the operation of 18 servos into 7 action angles, it makes the robot motion control more 
convenient and simple.  The action angle set is expressed as { hip, legr, legl, armr, arml, 
shoulderr, shoulderl }; hip denotes the angle of inclination of the hip; legr and legl represent 
the right and left leg's swinging angles of forward-swing or backward-swing, respectively; 
armr and arml denote the right and left arm's swinging angles of forward-swing or back-
ward-swing respectively; and shoulderr and shoulderl indicate the right and left shoulder's 
expanding angles, respectively.  The elements of action angle set are relative angles, 
shown and explained in Figure 5.  Furthermore, a join action is composed of 7 action 
angle elements.  In the action space, there are 24 join actions shifting the ZMP positions 
to 24 distinct actions, as shown in Figure 6.  For example, the join action "↘", which 
controls the biped moving along the southeast direction with the shortest distance, can be 
expressed as { -10.5, -13, 0, 20, 0, 25, 0 } and it can make the ZMP move toward the right 
and rear side.  The ZMP can be shifted by the biped along eight directions with three 
magnitudes along each direction that is calibrated beforehand.  The example shifted the 
ZMP with the shortest distance in the southeast direction and the angle was positive when 



A WEB-BASED AUTHORING AND CONTROL PLATFORM FOR ROBOT SHOWS 

7 

shifted counter-clockwise, shown in Figure 7.  The relative angles of legl, arml, and shoul-
derl are zero when the ZMP moves toward the right and rear side. 

 
Figure 5. The elements of action angle set. 

 
Figure 6. 24 actions of ZMP shifts 

  

(a) Relative angle of hip (b) Relative angle of leg 

  

(c) Relative angle of arm (d) Relative angle of shoulder 

Figure 7. The example of join action "↘" of a biped robot with regards to the rela-
tive angles. 

3.3 Reward Function 

When the biped is in a periodic gait, the gait can be divided roughly into four phases 
– two single support phases and two double support phases: pre-swing and post-swing, as 
depicted in Figure 8.  The green triangle represents the leg to be moved forward and is 
called the rear foot.  The other foot, represented by yellow, is called the front foot. 
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Figure 8. Phases of walking gaits for a biped robot. 

 Single support phase: only one foot is fully supported by the floor, and the other foot 
swings forward, as depicted in the middle models of Figure 8.   

 In the reinforcement learning framework, the function of reward is used to determine 
double support phase which both feet are fully supported with the floor. 
 Pre-swing phase: the heel of the rear foot is lifting from the floor, but the biped is 

still in double support due to the toes of the rear foot still being on the floor, as 
depicted in the leftmost model of Figure 8. 

 Post-swing phase: the rear foot is on the floor, and the toe of the front foot is de-
clining towards the floor.  The biped is also in double support, as depicted in the 
rightmost model of Figure 8.  

 
In the reinforcement learning framework, the function of reward is used to determine 

whether an action is good or bad in the current state.  The agent decides an action based 
on the learning policies during the learning process.  In the long-term learning, the agent 
can optimize accumulated reward values (state/action values), and the system hence can 
be provided with an optimal policy.  When a biped robot is walking, it is more unstable 
with single support than with double support.  Hence, this study focuses on the topic of 
keeping balance with single support, where the biped has only one contact surface with the 
floor.  This situation occurs when the biped is supported with only a stance foot. The 
agent learned how to maintain the ZMP of the robot with single support in a stable state.  
If the ZMP was in the ideal state, biped walking would be more stable.  As shown in 
Figure 9, the robot could keep balance with one leg in phases 2, 3, 5, and 6.  The ideal 
state is the red dot that is located within the scope of the sole.  The biped walking se-
quence was from phase 1 to phase 7, and then from phase 2 to phase 7, circularly.  In 
phase 4 and phase 7, the robot transferred the ZMP from one leg to the other leg.  Because 
the robot stood with two legs in these two phases, the robot solely executed the paradigm 
motions for transferring the ZMP.  These two phases were not joined to the learning pro-
cess. 



A WEB-BASED AUTHORING AND CONTROL PLATFORM FOR ROBOT SHOWS 

9 

 
Figure 9. ZMP position of a biped walking sequence. 

For biped walking, when the robot is standing with one leg, the ideal ZMP position is 
designed with two parts–center of a foot and front end of a foot, as shown in Figure 10.  
Therefore, the proposed system designed two kinds of reward functiondiscrete reward 
and continuous rewardto analyze the learning efficiency and performance. 

 Discrete reward 
In the balancing by discrete reward, the ideal ZMP position, ZMPideal, is set as 

the center and front end of a foot, as shown by the red square in Figure 10 (a) and (b).  
Based on the application of discrete reward, the discrete reward function, DRF, can 
be described by (3).  The reward is set to -10 to have a distinct effect on penalty 
such that the biped might pay more endeavor not to fall down.  

 

 

(a) Center of a foot (b) Front end of a foot 

Figure 10. The ideal ZMP position for discrete reward. 
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 Continuous reward 
In the balancing by continuous reward, the ideal ZMP position, ZMPideal, is set 

as the center and front end of a foot, as shown by the red circle in Figure 11 (a) and 
(b).  In the phase of the center of a foot, (x0, y0) is set at the center of the sole, as 
show in Figure 11 (a).  However, in the phase of the front end of a foot, (x0, y0) is, 
instead, located at the center of upper rectangular region of the sole as show in Figure 
11 (b).  Based on the application of continuous reward, the continuous reward func-
tion, CRF, can be described by (4).  The reward is set to -10 to have a distinct effect 
on penalty such that the biped may pay more endeavor not to fall down.   is set to 
0.35 in this work.  The magnitude of penalty, except the biped falls down, depends 
on how far the ZMP from ZMPideal.     
 

  

(a) Center of a foot (b) Front end of a foot 

Figure 11. The ideal ZMP position for continuous reward. 
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4. SIMULATIONS AND DISCUSSIONS 

To evaluate the validation of the proposed approach, which keeps the biped walking 
balance with one leg support, three scenarios – balancing with one leg support, balancing 
when walking on the plain, and balancing when walking on the seesaw, were simulated.  
The commercial 3D robot simulator, Webot 5.5.2, was adopted as the simulation tool and 
platform [19].  The Webot simulator provides the detailed settings of a real environment, 
designing various types of robots, devices, scenarios, and physical parameters. 

The simulation environments of plain and seesaw are shown in Figure 12.  The size 
of the plain is 6m×8m with no tilt, where the latticed materials are used only to make it 
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easier to observe.  The seesaw is composed of one board and three balls, and its size is 
1.8m×0.8m.  Since a big vibration from hitting the ground would cause the robot to fall 
down easily, the inclination of the seesaw was set to about 2.5 degrees.   

 

  

(a) Plain (b) Seesaw 
Figure 12. Simulation environment. 

In order to construct a simulated robot model, information about the coordinate sys-
tem and parameters of mechanism must be used.  The Bioloid robot, as shown in Figure 
13 (a), was used as the simulated robot, since the coordinates of each motor can be obtained 
by analyzing the robot's structure.  This robot is actuated by 18 RC servo motors.  Each 
arm has three degrees of freedom (DOF), and each leg has six active DOF.  In addition, 
each foot is installed with four force sensors, as shown in Figure 13 (b). 

 

  

(a) Bioloid (b) Robot with sensors 
Figure 13. Simulation robots. 

4.1 Balancing with One-Leg Support 

The purpose of simulating for balancing with one leg is to adjust 24 join actions so 
that the robot can effectively control the locations of ZMPs.  The initial state for the robot 
was set randomly to one of eight distinct postures, such as the one shown in Figure 14.  
The agent would learn to take actions, which make the ZMP return to the central area of 
the foot.  In the simulation, an episode denoted a round of simulation, and one learning 
episode had 100 steps (actions).  If the robot did not fall down, it would take 100 actions 
for an episode. 

 

 

(a) Bioloid (b) Robot with 200g item 
Figure 14. The balancing posture for a robot standing with one leg. 
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Table 1 lists the simulation parameters.  The ZMP positions during the 1000 epi-
sodes are shown in Figure 15.  It can be obviously observed that the ZMPs always devi-
ated from the center of the sole initially.  After a long term learning, ZMPs can be kept 
in the central area of the foot, as shown in Figure 16.  Consequently, the robot could con-
trol ZMP efficiently by the actions learned from the proposed Q-learning approach. 

Table 1. The simulation parameters for balancing with one leg support. 
Parameter Value 

Discount Rate γ 0.9 
Learning Rate α 0.9 
Episode e 1~1000 
Step S 100 

 

 
Figure 15. The ZMP positions in a foot area (1000 episodes) (╳ denotes ZMP posi-

tion, ▲ denotes initial ZMP position). 

 
Figure 16. The ZMP positions in a foot area for episodes 996~1000 (╳ denotes 

ZMP position, ▲ denotes initial ZMP position). 
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In order to test the robustness of the proposed biped balance method, the robot was 
equipped with a 200g item, as shown in Figure 14 (b), and then its initial state was also set 
to one of eight distinct postures randomly.  The agent would still learn to take actions 
which make the ZMP return to the central area of the foot.  The ZMP positions during the 
1000 episodes are shown in Figure 17.  After 1000 learning episodes, the ZMP of the 
robot was still effectively controlled, as shown in Figure 18.  Hence, it can be shown that 
the actions were able to control the positions of ZMP.  In Figure 16 and Figure 18, foot 
area has 100 ZMP labels.  If the ZMP position was transferred to center of one foot, the 
robot would no longer take any actions that would cause the ZMP position to deviate from 
the central area of the biped's foot. 

  

 
Figure 17. The ZMP positions in a foot area when the biped carries a 200g item 

(1000 episode) (╳ denotes ZMP position, ▲ denotes initial ZMP position). 

 
Figure 18. The ZMP positions in a foot area for episodes 996~1000 when the biped 

carries a 200g item (╳ denotes ZMP position, ▲ denotes initial ZMP position). 

4.2 Balancing When Walking on the Plain 

In the process of a robot walking on the plain, the robot first learned to keep the ZMP 
in the ideal state, and then it carried out the paradigm motions that led the walking sequence 
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into the next phase.  In terms of the reward function, discrete reward was taken into con-
sideration first, and then the continuous reward function was applied.  When the agent 
took an action, it should have followed the ε-greedy policy.  A constant epsilon of 0.05 is 
set for the discrete one.  For the continuous one, the epsilon is computed by (5), which 
could accommodate an adaptive percentage for exploration.  The E, 3000, denotes maxi-
mum episode and T denotes temperature factor, which is set to a constant 500.  The value 
of Rand(0,1) is a random number generated within [0,1].  If Rand(0,1) is less than the ε, 
the agent takes a random action, otherwise the agent takes a greedy action.  When T is a 
constant, the value of epsilon decreases gradually over time so that the more greedy actions 
are taken by the agent.  The corresponding parameters used in this simulation are de-
scribed in Table 2. 

TEe1

1
1

/
  (5) 

Table 2. The simulation parameters for balancing when walking on the plain. 
Parameter Value 

Discount Rate γ 0.9 
Learning Rate α 0.9 
Episode E 3000 

Epsilon 
In discrete reward: 0.05 

In continuous reward: computed by (5)
Step S 100 
Temperature T 500 

 
In a learning episode, if the robot did not fall down, the time step could be sustained 

for 100 steps (actions).  Figure 19 to Figure 21 show the mean results of 20 simulated 
cases.  From the results represented by blue solid line in Figure 19, it can be observed 
that the robot fell down frequently in the initial stage.   However, after periods of learn-
ing, the robot would walk smoothly and steadily, as shown after 2600 episodes in Figure 
19.  Moreover, the robot's walking distance increased over the number of episodes, as 
shown by the blue solid line in Figure 20.  After learning, a robot's walking speed could 
be at a rate approaching 0.9 meters per minute. 

 
Figure 19. The learning process of a robot walking on the plain using different re-

ward modes. 
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Figure 20. The walking distance of a robot walking on the plain using different re-

ward modes. 

 
Figure 21. The 100-step walking distance for the robot walking on the plain. 

To shorten the learning time of the robot's walking balance control, an alternative 
reward function has been proposed, as shown in equation (3) and (4).  Through more 
diversified and continuous rewards, different states have more distinguishable reward val-
ues.  Consequently, it is easier to learn a proper action in the current state.  As shown in 
the dotted line of Figure 19, it can be observed that the learning process of utilizing con-
tinuous rewards is much better than when using discrete rewards.  Because the balance 
learning made use of continuous rewards, the agent would take more appropriate actions 
than when using the discrete rewards.  The simulated results also show that the walking 
balance learning is quicker and more stable.  Concerning the robot walking distance, be-
cause the robot would take fewer actions to achieve the purpose of balance control, those 
using continuous rewards also have longer walking distance than those using discrete re-
wards, as shown in the dotted line of Figure 20.  Hence, with the same time steps, using 
continuous reward for learning results in a better performance than that when using discrete 
reward. 

During the learning process of walking balance, the robot would easily fall down be-
fore the 900th episode, as shown in Figure 21, so the walking time could not persist for 
100 steps.  However, the walking steps could be maintained for more than 100 steps after 
2200 episodes for the continuous reward mode and 2600 episodes for the discrete reward 
mode.  The walking distance was also increased gradually after the 900th episode. 

4.3 Balance when Walking on the Seesaw 

To prove the validation of the proposed learning approach for biped balance control 
in varied inclination planes, the walking terrain in the simulated environment was changed 
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from the plain to seesaw.  The simulated results using different reward modes, as shown 
in Figure 22 and Figure 23, are the average results of 20 cases.  From the simulated results, 
shown in the blue solid line of Figure 22, it can be obviously observed that the robot could 
walk well after 2800 learning episodes.  Furthermore, the simulation also shows that 
when continuous rewards are used, reaching stable walking early is possible.  When the 
biped walked on the seesaw, the balance control was more difficult in the unstable plain, 
so there was not much difference in the walking distance when comparing continuous re-
wards with discrete rewards, as shown in Figure 23. 

 
Figure 22. The learning process of a robot walking on the seesaw using different re-

ward modes. 

 
Figure 23. The walking distance of a robot walking on the seesaw using different re-

ward modes. 

4.4 Policy for Different Environment 

Two action-value functions, Qp(s,a) and Qs(s,a), were derived after the biped learned 
how to walk on the plain and seesaw, respectively.  Furthermore, a policy, which can be 
applied to different environments, was derived from these two action-value functions. 

Using action-value function Qp(s,a), the robot could walk 1 meter, about 300 time 
steps, on the plain, as shown by the red dotted line of Figure 24.  However, the robot fell 
down after about 30 time steps if it walked on the seesaw by using action-value function 
Qp(s,a), as shown by the blue solid line of Figure 24.  These results show that the learning 
results of walking on the plain cannot be directly applied to balance control when the biped 
does not walk on the plain. 
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Figure 24. The walking distance of a robot walking using action-value function 

Qp(s,a). 

Since the action-value function Qp(s,a) could not make the robot walk steadily on the 
seesaw, Qp(s,a) was learned on the seesaw.  After Qp(s,a) had been learned for walking 
on the seesaw, a new action-value function Qp'(s,a) was conducted.  The simulations of 
walking on the seesaw with Qp'(s,a), which was provided with the experience of walking 
on a plain surface in advance, has better learning efficiency, as shown in Figure 25.  Be-
sides, the learning results, walking distance, are not much different from the agent walking 
on the plain, as shown in Figure 26.  In other words, if a policy had accommodated the 
learning experience of another environment in advance, learning efficiency in the current 
environment would be improved.  Figure 27 further shows the plasticity of the biped’s 
leanings.  After how to walk on the seesaw, the robot keeps the ability from the new en-
vironment without losing it has learnt previous experiences, although Qp'(s,a) does not 
outperform Qp(s,a) when the biped walked on the plain. 

 

 
Figure 25. The learning process of a robot walking on the seesaw using different ac-

tion-value functions. 
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Figure 26. The walking distance of a robot in different circumstances with different 

action-value functions. 

 
Figure 27. The walking distance of a robot walking on the plain with different ac-

tion-value functions. 

5. EXPERIMENTS 

The simulated results were further applied to a real robot to prove the validation of 
the proposed learning approach. An 80cm×35cm board was used as the experimental plane.  
This plane was divided into 5cm×5cm grids to help the system calculate the walking dis-
tances and the degree of deviation.  The seesaw was composed of a board and a cylinder.  
The inclination angle of the seesaw was about 2 to 3 degrees, which was similar to the 
settings in the simulation. 

The real biped robot, used in the experiments, had 18 degrees of freedoms (DOFs).  
Each leg had 6 DOFs, and each arm had 3 DOFs.  Its height was about 40.2cm; its weight 
was about 19.1kg; and the size of the foot was 10cm×6cm.  The hardware of the biped 
robot included 18 AX-12A motors (Dynamixel), 8 AS-FS single-point pressure sensors, a 
Bluetooth module, an AGB65-ADC analog to digital converter, and an integrated circuit 
board.  The AX-12A motor was controlled by the serial communication signal that could 
control not only the position but also the velocity of the motor.  Furthermore, for analyz-
ing the stability of the walking gait, 8 pressure sensors equipped under the corner of each 
foot were utilized, as in the settings in the simulation.  The proposed system used the 
AGB65-ADC converter to transform the sensing value of a pressure sensor into digital 
form and transmit the force information to a personal computer (PC), which was the con-
troller of the biped robot, via Bluetooth.   The robot would perform corresponding ac-
tions according to the PC's instructions. 
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The action space, state space, and reward function were set to the same settings as in 
the simulations.  Besides, to improve the efficiency of learning in the experiment, the 
learning system for the real robot was based on the experiences of balancing control in the 
simulation.  To alleviate the errors resulting from the differences between virtual and real 
robots, the basic walking postures and action space were modified slightly.  First, the 
middle value of continuous eight pressure sensing values was taken as the sensing values 
of force sensor.  In consideration of the ZMP shifting alternatively between pre-swing, 
single support, and post-swing on a sole, the regions of the ideal ZMP, denoted by red 
rectangles in Figure 28, was defined respectively as the front end of the foot for pre- and 
post-swing foot in single support, as shown in Figure 28 (a), and the center of foot for both 
single and double supports, as shown in Figure 28 (b). 

 

 
(a) Front end of a foot 

 
(b) Center of a foot 

Figure 28. The ideal ZMP area used in experiments. 

Figure 29 and Figure 30 show the results of the biped walking on a plain floor and 
seesaw, respectively, with continuous rewards functions [20].  When the robot walked on 
the plain, the walking distance was about 30cm for 30 steps by using discrete reward and 
about 42cm for 30 steps by using continuous reward.  Figure 29 shows the experimental 
results for the real robot walking on the plain.  Figure 29 (a) is the initial state; Figure 29 
(b) is the state after the biped walked 15 steps; and Figure 29 (c) is the state after the biped 
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walked 30 steps.  The experimental results for the biped walking on the seesaw are shown 
in Figure 30.  Figure 30 (a), (b), and (c) show the results of initial state, the state after 
walking 15 steps, and the state after walking 30 steps, respectively.  With sufficient tor-
ques generated by motors, the biped tends to be capable of responding to an abrupt change 
on the terrain.  The performance using the continuous reward is better than the one with 
discrete reward when the robot walks on the seesaw.  The biped could learn an efficient 
policy to control balance by one leg and walk steadily no matter on the plain or on the 
seesaw. 

(a) initial state 
(b) state after walking 15 

steps 
(c) state after walking 30 

steps 
Figure 29. Experimental results for the robot walking on the plain when using con-

tinuous reward. 

(a) initial state 
(b) state after walking 15 

steps 
(c) state after walking 30 

steps 
Figure 30. Experimental results for the robot walking on the seesaw when using 

continuous reward. 

6. CONCLUSIONS 

This work proposes a Q-learning based approach to a biped walking balance control 
in a horizontal or inclined plane.  The objective of learning is to search for an optimal 
policy which can persistently select an appropriate action to adjust the robot's gesture, such 
that it can keep its ZMP within the restricted region.  The method simplifies the problem 
of biped walking balance into the control of a statically stable gait, where ZMP is shifted 
intentionally to a designated position in terms of single support.  For learning an efficient 
policy, a continuous dense reward function is designed so as to shorten the learning cost 
on balance control.  The actions asserted in controlled joints of the biped are able to con-
trol the ZMP of the robot and reduce the complexity of the operations, which are involved 
in adjusting 18 servo motors at a time.  From the results shown in the simulations and 
experiments, it has been observed that the robot learned an effective policy to adapt to the 
floor with different slopes based on the learned policy.  After learning, the biped could 
not only walk balanced with one leg, but also adapt to a varied environment.   This ap-
proach was implemented for both a virtual robot model built in a commercial simulator 
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and a real biped robot.  The results from the simulations and experiments show that suc-
cessful walking policies were obtained.  Besides, the learning system works sufficiently 
enough that the robot is able to continually adapt to a terrain that it has never experienced. 

Although the proposed algorithm has successfully solved the problem of static biped 
walking, the learning architecture can be improved by adding a dedicated controller to 
ensure that the learning biped robot is always in a valid state without any deviations that 
are, perhaps, induced by explorative policy of Q-learning.  With that Q-learning compen-
sator, the controller doesn’t need to be accurate owing to the learning architecture that can 
learn to compensate for the errors.  This prospective scheme can be applied to control a 
biped’s dynamic stable walking. 
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