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ABSTRACT. We implement a reinforcement learning model for quadruped robot locomotion in this project. Learning-based
controllers with some traditional approaches, such as MPC and LQR, are compared in this project. The implementation only
uses imitation learning with PPO in the beginning. As the initial trained model faces reward sparsity, we introduce a 3-stage
curriculum to address this issue. The trained model is then tested on four different unseen terrains. The reward data generated
when testing is recorded and analyzed.

1. INTRODUCTION

Legged robots have better performance overall on challenging terrains than tracked and wheeled robots, thanks to
their structural advantages. Among legged robots, the optimal choice considering stability, mobility and ease of control
is the quadruped robot [[16]. Trajectory optimization and traditional model-based controllers have been widely applied
for controlling legged robots. Improvements in numerical methods and models keep making progress on handling the
optimization[7]. However, with limited computational resources, the traditional methods are brutal to respond to large
perturbations or handle high dynamic motions [24].

This project aims to create a robust quadruped robot controller using a data-driven, physics-based approach by
utilizing reinforcement learning (RL) techniques. Unlike the traditional method, our controller was trained in a physics-
based dynamic environment with demonstrations generated by reference gait cycles in multiple learning cycles. The
controller is trained based on a 3-stage curriculum. It uses observations given by the simulation environment, high-level
user input and estimations of the robot’s attitude through reward functions to learn the optimal control policy in response
to the feedback. Through Deep Reinforcement Learning (DRL), the controller gains the ability to adapt and recover
from unseen environments and scenarios.

1.1. Contributions. The purpose of the project is for us to explore the techniques of developing a robust controller for
quadruped robots through RL. In this project, we implemented

e a physics-based controller for quadruped robot that is trained by applying imitation and curriculum on DRL
that can adapt to unseen terrains with various surface properties
o while being able to respond to high-level navigation inputs for easy high-level navigation module integration

2. BACKGROUND

A quadruped robot refers to a mobile robot with four legs. It has a unique advantage compared to wheeled and
tracked robots due to its excellent exploration ability on various terrains, which is from the biological imitation of
structures of quadruped animals and insects. While keeping the stability, the quadruped is also easy to be developed and
controlled compared with robots that have more legs [16]]. Many commercial quadruped robots are available, such as
Spot from Boston Dynamics, which let us be interested in implementing the controller for quadruped agents.

The environment of the quadruped robot was built using Unity, which is a game and physics simulation engine. This
project primarily used Unity ML-Agents with PyTorch for training the intelligent agent[1]. The specific quadruped
robot chosen for the training is Spot for its good real-world performance and availability [6].

The implementation of this project primarily uses Proximal Policy Optimization (PPO), a policy-based RL algorithm
where policy is updated explicitly in the policy gradient method. Compared to the vanilla policy gradient method, PPO
addresses the convergence problem and the scalability problem of natural policy gradient [10]. PPO performs well
while being simple to implement and tune. Imitation learning and curriculum learning are also implemented on top of
PPO to alleviate the problem of reward sparsity.
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3. RELATED WORK

Motions are initially computed by trajectory optimization, which utilizes numerical optimization. This method aims
at minimizing defined objectives and considering nonlinear dynamics. However, the intense computation required by
this method makes online implementation hard to achieve[17]].

Model Predictive Control (MPC) can be used as an online motion generation scheme mostly for relative motion
between the contact point and the center of mass. MPC relates to the artificial synergy synthesis approach, which
manages the dynamic constraints by assignment of degrees of freedom, allowing the relative Independence of the
remaining. Many modern robot control can be traced to MPC. It can be robust and versatile [17], but still requires
considerable computation power, and it relies on modeling the dynamics of the environment, which often requires
human expertise.

Linear Quadratic Regulators (LQR) are similar to MPC as they are both expressions of optimal control, but they are
different from schemes of setting up optimal cost. The length of the time window differentiates MPC and LQR[12].
MPC uses a moving time window that is limited and relatively small to mitigate the effect of changing environment on
the optimality of the solution. In contrast, LQR considers the entire time window[19]]. LQR presents some advantages
to MPC but suffers from the assumption of linearity and many drawbacks of model-based controllers as MPC.

In a computation resource-constrained environment, Central Pattern Generators (CPG) are often used to take
elementary control inputs, including angle and speed, and create synchronized quasi-cyclic motion patterns. Hopf
oscillators have been used to introduce CPG in legged robots. However, essentially the CPG belongs to open-loop
motion generators. Although a feedback loop is often implemented, it is weak in response to large perturbation[17]].
Although it has drawbacks, it is helpful to generate a demonstration sequence for the imitation learning phase. We used
a simple harmonic oscillator to generate the gait cycle for the robot.

Physics-based, model-free methods with DRL mitigated many of the drawbacks above. It has been shown that
DRL performs well with good versatility and robustness in various problems with a continuous action space, including
robot control problems in the real world. However, RL suffers from the problem of reward sparsity[23]]. This project
implemented curriculum learning and imitation learning using behavior cloning to mitigate this issue.

4. APPROACH

Although our final approach is applying imitation learning and curriculum learning on RL, initially, the approach is
only to directly train the model using behavior cloning and the PPO algorithm. The demonstration for behavior cloning
is generated using a simple harmonic oscillator[18]]. The differential equation for the harmonic motion applied on each
leg is shown as the equation below, where A is the amplitude, ! is the angular velocity of the joint, and t is the time:

X(t) = Acos(1t)

When recording the demonstration, the lower and upper joints on each leg are fixed, and only the shoulder joint is
allowed to move. Although plenty of literature uses the Hopf oscillator to generate demonstration, the harmonic
oscillator is adequate in our scenario since the motion is simplified to one degree of freedom on each leg.

FIGURE 1. Joints FIGURE 2. Training Scene

The rewards are set up with inspiration from [26], where s is the tunable strength parameter and p is the tunable
exponential parameter:
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e Inclination Reward, where hy is the robot height, and h is the current height of the robot:
R; = s;(hg — 0:5h)?:
Height Reward, where h is the current robot height, and h is the average robot height:
R, =su(1—|h—h[)P"
Walking Direction Reward, where ,, is the walking direction of the robot:
R =Sull — (uw— rarger))”
Looking Direction Reward, where ., is the looking direction of the robot, we want to robot to look ahead:
Ri=si(1— )"

Speed Punishment, where V is the velocity, return the normalized velocity:

R’U = _SUHV - Vta'rget”

The environment is a flat terrain for the agent. Speed, walk and look directions are the three inputs to the agent.
During training, the agent is given a set of random inputs every 10 seconds. As Figure 2 shows, nine agents are placed
and trained on separate terrain in the environment simultaneously to speed up the training process.

However, the trained model from this approach is unusable on the quadruped robot in the simulation environment.
The unusable model might result from reward sparsity, which is an inherent problem in RL. Although imitation learning
is already a mitigation to this problem, additional countermeasures need to be implemented.

Therefore, we adjust the approach and divide it into a 3-stage curriculum to guide the training process inspired by
[L1]. The rewards are the same as the previous approach for all three stages. The purpose of the first stage is to let
the agent learn from the demonstration. In the first stage, the environment is the flat terrain that is the same as the
previous approach. The agent is controlled by fixed speed, walk and look directions. Behavior cloning is applied using
the demonstration generated from the oscillator with 0:5 strength. The strength of the extrinsic reward signal is set to
0:1. The first stage is executed for 10 million steps to learn from the demonstration while avoiding overfitting. The
purpose of the second stage is to adapt to dynamic speed. In the second stage, the environment is still flat terrain. The
demonstration is removed, and the strength of the extrinsic reward is set to 1. The agent is trained for 25 million steps
in this stage. The purpose of the third stage is to adapt to different terrain structures and dynamic directions. In the third
stage, the terrain is now more challenging and unstable instead of the previous flat terrain. Moreover, the input speed,
walk and look direction are random variables that refresh every 10 seconds. The agent is trained for 30 million steps in
this stage.

In this project, all the training sessions are performed on PC specs of i7 and RTX 3080 with 16GB VRAM.

5. EXPERIMENTAL RESULTS

As we mentioned in the previous section, initially, the model is trained using demonstration, rewards, and other
conditions altogether. Although training the model using the initial approach looks good from the Tensorboard plots,
such as the plot of cumulative reward during training in Figure 3, when testing it in the environment after training,
the quadruped robot is not even able to move. As the plot of testing rewards at each step in Figure 3 shows, the agent
receives a nearly constant negative reward on speed, indicating that it does not move.

(A) Cumulative Reward During Training (B) Testing Rewards in Each Step
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FIGURE 3. The Result of Initial Approach
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