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Abstract 

Robot’s posture control ability in the air is required when 
designing advanced robots that can run, jump and land, 
which can perform tasks in workplaces where ordinary 
robots cannot go. Using such a robot could afford human 
safety as well as cost reduction. In this paper, we describe 
the control method of robot’s posture in its falling for the 
safe landing using reinforcement learning (RL). The 
posture control ability for safe landing is inspired by cats. 
Although a cat is dropped from the upside down posture, 
she can flip her body so that she can land on her feet. The 
robotic cat that we simplified from the real cats consists of 
two rigid columns and has two actuators at the joint to 
assert torque inputs. The controller is obtained via Sarsa. 
Based on simulation results, we concluded that the posture 
control ability of a two column robot can be realized using 
RL. 

1 Introduction 

When a cat is dropped down from a upside down posture, 
she is able to rotate her body so that she can land on her 
feet. Basically, this research is inspired from the posture 
control ability of cats. Robot’s posture control ability in the 
air is required when designing advanced robots that can run, 
jump and land, which can perform tasks in workplaces 
where ordinary robots cannot go. In addition, when space 
robots operate in the space, it is hard for them to rotate the 
desired direction because there is no external forces. if the 
space robot has cat’s rotating ability, it can easily rotate its 
orientation. Using such a robot could afford human safety 
as well as cost reduction. From the end of 19th century, 
people started to try to understand how cats rotate their 
body in the air. Xin-Sheng introduced the history of the 
explanation of this phenomenon [1]. Among them, the 
recent and simple explanation was given by Kane and 
Scher [2]. According to their explanation, a cat’s rotation is 
caused by curving her spine. It means that a cat can rotate 
simultaneously her front body and rear body in the same 
direction without twisting the lower body, and Montgomery 
proved this [3]. Using this dynamics of robotic cat, many 

researchers proposed a good method of controlling the 
robotic cat in the air. One of them is Weng’s work [4]. He 
developed the final-state controller of the robot and showed 
it works well. Previous algorithms relied on dynamics 
equations, so if the robot system is complex or its dynamics 
changes in time, the computation complexity will be 
increased. This problem drove us to research the more 
flexible controlling method. There are many flexible 
control methods, intelligent control methods, that can be 
applied to robotics problem. Especially, RL has successful 
robotics applications, such as quadruped robot [5], biped 
robot [6], and inverted helicopter hovering [7]. The reason 
why we chose to use RL among many intelligent control 
algorithms is that the property of the problem is similar to 
the basic idea of RL. If we consider the control problem of 
a falling robot, we should find appropriate actuator inputs 
to change its posture at each sampling time step. In general, 
there are many states that the robot can have, and it is very 
hard to know the correct action inputs for each state. The 
information which is available throughout the learning is 
only the critics. We evaluate if the robot did well or not, if 
it landed with their feet, we say the robot did well and 
otherwise we say the robot did bad. 
 
In this paper we propose the simpler control method for the 
falling robot problem, which uses RL. In the previous 
research, they considered only the simple shape of robot, 
which consists of only two rigid bodies, but we use 10 rigid 
bodies in this paper. In addition, two bodies are not in the 
straight line, therefore the structure has asymmetry. This 
robot system is too complex to apply classical control 
method directly. When the robot learns to rotate using the 
proposed method, it does not use any dynamics information, 
and it is designed to learn easily even if the robot system 
has complex shape. To show our idea, firstly, we introduce 
robotic cat model which has asymmetry in its structure, and 
describe how to design controller using RL. Before 
depicting algorithm, we will provide preliminary section to 
explain the fundamentals of RL. We programmed robotic 
cat simulator to verify our controller design, which is 
discussed in the last section.  

2 Robot Model 

The robotic cat used in this research is shown in Fig. 1. 
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The whole robot has body and legs. The robot body 
consists of two rigid bodies, the upper and the lower one. 
Each leg has two parts and they are connected with fixed  

 
Figure 1: Robotic cat 

 
joint, so they have no movement. The waist joint, which 
connects two bodies, has two servomotors so it has two 
degree of freedom. When designing the waist joint, we 
considered the real world joint of physical robot which will 
be built in the future. Usually when just the simulation is 
considered the joint with two degree of freedom is modeled 
as ideal universal joint for the structural simplicity. But we 
designed the joint as if we are using two real servomotors. 
Because of this modeling, the robotic cat has asymmetry 
between the upper and lower body, as Fig. 1 shows. Each 
upper and lower body has 10cm long and 100g weight 
hexahedron with its width and height are all 1cm.Each leg 
has two identical hexahedron with 2cm long and 10g 
weight. (See Fig. 2) The whole robot system has 
approximately 4cm height, 7cm width, and 19cm length, 
and 280g weight.  

3 Controller 

3.1 Preliminary 

1) Sarsa: RL is one of learning methods that tries to 
maximize reward value. A learner doesn’t know which 
action will give good reward at first, but it gets to know 
which action will give maximum reward while interacting 
with environment. The object that can learn and make a 
decision is called the agent. The agent takes action in the 
environment and the environment gives the reward to the 
agent. The agent and environment interact continuously. At 
each time t, the agent has state, st ∈ S, where S is the set of 
possible states. And the agent selects an action at ∈ A(st), 
where A(st) is the set of actions available in the state st. One 
time step later, the agent receives a numerical reward,  
rt+1 ∈ R, and the state is change to the new state, st+1. At 
each time step, the agent selects an action among possible 
actions based on a agent’s policy. The policy is a kind of 
mapping from the state to the action and denoted πt, where 
πt(s, a) is the probability that at = a if st = s. From the 
agent’s experience, it changes its policy. 
  
In the RL, value function is used to get expected return that 
represents how good it takes an action in a given state. The 
notion of ”how good” is defined in terms of future rewards 
that can be expected. The value of taking action a in the 
state s under policy π is denoted in Equation 1. 

  

 
Figure 2: Size of the robotic cat 

We call Qπ
 the action-value function for policy π 

One of the popular RL technique is Sarsa. The Sarsa 
continually estimates Qπ

 for the behavior policy, and at the 
same time change π greedily with respect to Qπ [8]. A 
procedure of Sarsa algorithms is shown in the Table I. 

3.2 RL Controller Design 

1) States: To evaluate robot’s action, we need to have 
measurements, and this is called states. There are two kinds 
of state to measure how much the robot is inclined. (See 
Fig. 3) The angle from the Z-axis is ψ and the angle from 
the X-axis is θ. Defining the boundaries of the possible 
state space of the robot system is necessary to apply RL. 
The initial condition of the robot is upside down 
configuration, 180°, so the boundary for each angle state 
should be from -180°to 180°. 
 

  
 
The state space is in continuous domain, and we need to 
make them to be discrete to apply Sarsa algorithm. We 
divided each state into 32 grids, so the state space has 1024 
possible states. This setting was done by several trials, 
because the trade-off between state space size and 
performance should be made. Too many states will make 
learning longer, while too small number of state will give 
bad performance. The following pairs are the action space. 
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Table 1 

 
 
2) Actions: The desired angle for each servomotor is used 
as the RL actions, the control inputs, as Fig. 4 shows. The 
left body (in Fig. 4) rotates along the y-axis and the amount 
of rotated angle is defined as u1. In the same way, the right 
body rotates along the z-axis and the angle is u2. The 
servomotors take voltage as an input, and the input voltage 
can be considered as velocity of the motor. It is natural to 
use a voltage value as an input signal, because it is an easy 
and intuitive way to model a motor. But when the input 
values are jittering at some periods, the controller tries to 
give abruptly changing input to the servomotor, which 
might cause bad effect for the motor. For this reason, the 
RL controller is designed to give high level commands to 
the robot, the target angles, and the robot will generate low 
level inputs, the velocity value. It uses the PD controller to 
execute low level inputs. The constants for PD controller 
are chosen through experiments. They are KP = 18,LD = 0.1. 
We divided each two kinds of action into five segments. 

 
We have 25 different action pairs in the action space. 

 
 
3) Reward Function: We don’t know which action is 
correct during falling. The only information we know is if 
the robot land well or not (landing angle). To use Sarsa, we 
need to have reward function that gives information about 
how good the robot took actions. Basically, the reward 
function is simple, because the critic is obvious. The 
smaller the landing angles (ψandθ) are the bigger reward 
will be given to the robot, and the bigger the landing angles 

(ψandθ) are the smaller reward will be given to the robot. 
We formulate the reward function with this idea.  

 

 
Figure 3: RL states 

 
Figure 4: RL actions 

4) Policy Search: We used Sarsa[8] to search optimal 
policy. 

4 Simulation 

4.1 Simulator Design 

To verify designed RL controller, we implemented a 3D 
dynamic simulator with the Open Dynamics Engine [9] and 
the OpenGL [10]. The structure of the simulator is shown 
in Fig. 5. The RL controller sends an action input to the 
robot, and the robot’s next movement is calculated and the 
next state is returned by the Open Dynamics Engine. The 
OpenGL shows the result on the screen with 3D graphics. 
The screen shot of the simulator is shown in Fig. 6. The 
simulation environment is the same as real world except 
that the gravity in the simulator is g/4. We were using small 
gravity to watch how the robot moves in detail. If we use g 
as it is, the robot will fall down quickly, and we can’t see it 
well. The sampling time for the simulator is 0.02s and the 
RL controller’s sampling time is 0.1s. 

4.2 Simulator Result 

There are two modes in our simulator, the learning mode 
and the demo mode.  
 
The learning mode is that the robot learns appropriate 
actions through many trials.When it is in demo mode, the 
simulator shows how the robot’s action is improved using 
its knowledge acquired from the training The objective of 
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this paper is to control the robot that it can land on its feet, 
when dropped from upside down posture.  To achieve this 
goal, we started from the case where the initial posture is 
just 45°. After we verified it works well with the small 
initial angle, the 180°case was considered, which is more 
complex one. The result graphs for the 180°case were 
given in Fig. 7. 

 
Figure 5: Robotic cat simulator 

 
Figure 6: Screen shot of the simulator 

Fig. 7 (c) shows angles of the robot’s posture. We want 
them be close to zero, and the graphs shows that it goes to 
around zero as time goes by. Although it goes to zero, if we 
take a careful look at them, they are not actually zero. At 
the landing moment, ψ is 3.6°and θ is -30.5°. This is a 
local solution. Having local solution is the one of 
weaknesses that intelligent control method usually have. 
We know that the optimal solution exists, but what the 
simulation shows is it is not the optimal. Even if the 
solution is not optimal, we know that the error is small 
enough to neglect. (See Fig. 8.) 
 
Fig. 7 (a) is RL actions (target angle at each step), and (b) is 
the actual motor inputs calculated from the PD controller. 
We see that the input values are frequently changed in an 
up and down manner. This phenomenon occurred, because 
we made states discrete. We divided continuous states into 
equal size grid. If the states distribute non uniformly, that 
could cause a problem. For example, for some states, they 
would be sparse, while other states would be dense.  There 
are many studies dealing with this problem, for example, 

generalization and function approximation techniques [8]. 
 
The comparison of landing posture among the unlearned 
robot, the learned robot and a real cat is in Fig.8                                   
 
After we trained the robot with initial angle 180_, we tested 
if it works with the other initial values. (See Table II) 
According to the test, as we expected, the result is not 
always good. We considered only the angle, when 
designing RL states, so the robot works only around the 
trained initial condition. 

Table 2: Initial conditions 

 
But this is expected result and we could fix this by adding 
angular velocity terms in the RL states and this will make 
the agent robust. The purpose of this research is not 
robustness of the various initial conditions, but the initiative 
of new control technique. Therefore the goal is achieved. 
 

5 Conclusions and Future Works 

5.1 Conclusions 

We achieved our goal which is RL could be a good solution 
for the falling robot problem. Here are the summery of 
what we did in this paper. 
 

 We proposed a new method for posture control 
problem of a falling robot. The case where the initial 
degree is 180_was considered and it successfully 
rotates to land on its feet. 

 We presented the robotic cat model that can be 
implemented by hardware. 

 We built the simulator to simulate the falling robotic 
cat. 
With some modifications of the proposed method, one 

can build a landing robot like a cat. The possible 
modifications are discussed in the next section. 

5.2 Future works 

In the simulation result section, we discussed some 
problems and their solutions. Here are the summery of 
them. 
 

 One needs to consider how to deal with a large state 
space, because we need more state variables to model 
angular velocity terms. By considering angular 
velocity terms, the learned robot will work at any 
dropping angle. 

 One needs to verify if this approach works in the robot 
system which dynamics changes in time. When the 
robotic cat moves its legs then the dynamics of the 



 

87 

robot will be changed. So different controller is 
required, if classical approach is considered. But the 
same RL controller could deal with this system 
without changing the controller. 

 One needs to use continuous value function rather 
using tabular one. 

 

 
Figure 7: Simulation result 
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Figure 8: Landing posture comparison 

 
 


