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Figure 2. Trajectories of the base height (cm) on different grounds. X-axis
denotes the phase angle, from front-left swing [0, 0.5π] to rear-left swing
[1.5π,2π].

Figure 3. Walking on elastic ground with a 5 cm sinking depth

Figure 1. (a) The joint structure of the robot model. Yellow curves denote the
trajectories of the base and the foot determined by the learned policy. (b) Our
model for the flat elastic ground. Each tile is connected to the floor by a spring-
loaded prismatic joint
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A. Construction of Elastic ground
The ground model that we design is a flat elastic ground consisting of a matrix of
tiles that can move up and down passively when a robot’s foot pushes the tile,
as shown in Fig. 1 (b). Each tile, of which width and length being 20 cm each, is
connected to the flat rigid base via a prismatic joint with a spring. The stiffness
of the spring is adjusted to control the amount of sinking.

B. Reinforcement Learning Components
A single locomotion cycle includes four phases: In each phase (0.75 sec), one
foot takes off and lands while all other feet maintain contact with the ground.
Action: Three 3D cubic Bezier curves are used as shown in figure 1 (a): the base
position, the base orientation, and the swing foot. As a control signal, the
desired angle for each joint is generated approximately every 4 milliseconds by
dividing created Bezier curves.
Observation and Reward: 1)The height, orientation, pitch angle, linear and
angular velocities of the base. 2)The history of the four end-effector positions in
its base frame at the start of three previous phases, 4 and 8 milliseconds before
the current time step, and at the current time step. 3)The velocities of the four
end-effectors. 4) The direction and position of the goal. 5)Current phase was
used for the observation. Goal distance and orientation reward, minimum
height reward, torque minimize reward, and roll angle reward were used as
reward terms.

Deep reinforcement learning (DRL)-based methods have shown significant
advances in quadruped locomotion tasks, such as walking with faster speed [1],
recovery from falling [2], manipulation [3] and walking on diverse terrains [4].
Our question was whether quadruped can walk on the elastic ground without
information of the ground as our real-life environment includes deforming
terrains. As so, we develop a framework that allows quadruped locomotion on
elastic dynamic ground. Advantages of our method are, 1) we use intuitive Bezier
curves for trajectory generation 2) we observe that memorizing the history of
end-effector positions with some time interval and the end-effector velocity are
crucial 3) we construct an elastic ground model for easy training.

(a) (b) 

Figure 3 shows locomotion on 5 cm sinking depth. Figure 2 shows the
trajectories of the base height from the ground on the diverse tested ground.
The terrain of sinking depths from 2 cm to 5 cm, and a rigid ground changes
every 2 meters in 𝑇𝑣2 when training. Ave, 2cm, 5cm, means the base height on
mixed, 2 cm constant, 5 cm constant environment when tested in 𝑇𝑣2. The
crucial component of our framework is the history of end effector positions.
Locomotion fails without this term. It provides the memory of the robot state
at four time steps (3 seconds) at the start of each phase, which seems to help
the robot cope with the bounciness of the terrain as well. We can see the
difference in base height depending on the ground configuration through figure
2. The base descends then ascends during the front leg swing phases ([0,0.5]
and [,1.5]) and descends during the rear leg swing phases overall cases.

- A framework that can generate quadruped locomotion on flat elastic terrain
that consists of a matrix of tiles moving up and down passively when pushed
by the robot’s feet.

- A trained robot with 55cm base length can walk on terrain that can sink up
to 5cm.

- Our method is not agilely interactive to the ground because the motion is
planned only once per phase while the terrain is dynamically moving when
pushed by the feet.
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