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ABSTRACT
This study investigates a hierarchical reinforcement learning approach to achieve human-like walking in
bipedal robots while following marked footsteps. Traditionally, state machines and model-based methods
were used for this task, ensuring stability and safety but lacking natural human-like motion. Our approach
utilizes a two-level architecture: a high-level policy trained specifically for following footsteps and a low-
level policy distilled from motion capture data to generate natural gaits. Experiments demonstrate that this
hierarchical approach significantly outperforms training a single network, particularly for complex tasks on
human-sized robots.

The low-level network plays a crucial role, substantially reducing joint torques and speeds while
achieving stable walking. However, a current limitation is the inability to follow footsteps on stairs. We
observed that both general and locomotion motion capture datasets achieved similar results in following
footsteps, but the locomotion dataset generated more visually natural human-like walking, especially for
forward walking.

Future work will aim to improve the robot’s walking robustness for navigating uneven terrains like
stairs and slopes. Our findings suggest that low-level networks pre-trained on motion capture data are a viable
approach for achieving human-like walking gaits in real-world, human-sized robots. This research paves the
way for developing bipedal robots with efficient and natural walking capabilities.

Accompanying videos1 and code2 are available online.

Keywords. Bipedal locomotion, deep reinforcement learning, hierarchical networks, human-like motion,
motion capture.

1https://www.youtube.com/watch?v=QlcFHNlCwUA
2https://github.com/mrojasanchez/paper_rojas_werner_2024_ieeeral_walkingmocapact
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CHAPTER 1. INTRODUCTION

1 | Introduction

Legged locomotion has long been one of the central topics in robotics, as it incorporates the appeal of
replicating biological-like movements and, on the other hand, is a formidable technical challenge. The
progress in the development of hardware and control techniques has allowed the creation of numerous robotic
platforms, both quadrupedal and bipedal (1, 2, 3, 4).

Initially, conventional motion planning and linear control techniques were utilized. Nevertheless,
these methods are insufficient for scenarios where the environment constantly changes or the system is quite
complex. As a result, there has been a shift towards more sophisticated and adaptable approaches. Advanced
model-based control techniques tackle mainly the problem of stable and balanced locomotion, optimization
of energy consumption, adaptation to different terrains, and coordination of complex movements in legged
robots. Currently, the use of model predictive control (MPC) techniques is a subject of extensive study since
it allows the generation of trajectories in a non-linear domain, considering kinematic ranges, torque limits,
and to some extent, is robust to perturbations by frequently doing motion replanning. However, this versatility
is possible at a high computational cost since it is necessary to solve a discontinuous and highly dimensional
optimization problem (5).

Researchers are diligently addressing these challenges, leveraging multidisciplinary approaches to
augment the capabilities of legged robots. The ultimate goal is to make these robots functional and capable
of moving in a manner that mirrors the agility of their biological counterparts. As the demand for legged
robots in various real-world applications continues to grow, from search and rescue missions to industrial
applications (6, 7, 8), the need for more versatile and adaptable control techniques becomes increasingly
urgent (9).

In the field of learning-based methods, Deep Reinforcement Learning (DRL) is a new paradigm that is
revolutionizing robotics. This method allows robots to obtain a controller, in this context called policy, which
changes iteratively through rewards and observations that the environment gives it every time it executes
actions on it. Ultimately, this allows them to learn complex behaviors autonomously.

Nowadays, DRL research has captured the attention of fields such as computer graphics and simulated
control applications. There are notable examples of successful implementation of complex behavior, like
the emergence of motor skills through simple rewards (10, 11) and the coordination of multiple agents in
cooperative tasks (12, 13).

Regarding learning-based legged locomotion, quadruped robots have made significant strides in
walking with minimal data, whether in a simulated or real-world environment. They have successfully
transferred the knowledge acquired from simulations to reality. This could be attributed to their configuration,
which provides them greater stability and resilience to external perturbations (14, 15, 16).

In contrast, bipedal locomotion with human-sized robots has made some progress. However, it still
needs to improve the level of agility seen in quadruped robots, seeing works where the control is limited to
only the leg’s joints, which reduces the system’s complexity when training a policy. Thus, the generated
motions are far from human-like, as reported in (17, 18). Success cases with human-like robots on real
hardware appear on the same page, but these cases are limited to small-size robots with few degrees of
freedom (19, 20, 21).
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CHAPTER 1. INTRODUCTION

On the other hand, many advances in motion generation use motion capture, but the uses focus
on computer graphics applications (22, 23, 24). In addition, it could be infeasible to apply these learned
controllers in real robots since the movements generated go beyond their mechanical capabilities (25,
26).

One task a real robot must perform is the ability to follow the user’s marked footsteps, which indicates
where the robot has to place each foot along a path. In this scenario, the controller must be able to adapt to
different walking modes and environments.

The classic method to accomplish this task is to use model-based controllers and a finite state machine,
which indicates the step plan to be followed by the controller, whether moving forward, backward, going
in curves, or standing in place. This architecture, linear controller plus state machine, produces a safe and
predictable behavior applicable to real robots. However, the resulting movement is far from what one could
consider normal human walking.

Can a humanoid robot be trained to follow marked footsteps while maintaining a human-like mo-
tion?

In this study, we investigate the impact of employing hierarchical networks, which incorporate a
pre-trained low-level network with motion captures, for the task of following marked footsteps. Our findings
demonstrate that:

1. Integrating a pre-trained low-level network with motion captures accomplishes the task of following
marked footsteps.

2. It produces human-like movement by not restricting to only joint legs.

3. The quality of the generated movement is dependent on the size and actions comprising the motion
capture dataset.

The proposed architecture exhibits versatility in executing various walking modes, including straightforward,
backward, sideways, curved walking, and maintaining a stationary position. The results consistently highlight
the effectiveness of the hierarchical network in achieving a broad range of walking behaviors.
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CHAPTER 2. RESEARCH METHOD

2 | Research Method

2.1 Hypothesis
“It is possible to generate a human-like motion on a human-sized robot by integrating a low-level policy based
on motion capture to follow marked footsteps.”

2.2 Objectives
The main goal of the “Adapting bipedal neuro-motor policies on planned footsteps” thesis is:

1) Develop a hierarchical reinforcement learning approach for bipedal walking robots to follow marked
footsteps.

2) Leverage motion capture data to create a low-level policy for natural walking gaits.

3) Compare the effectiveness of a single-network vs. a two-level hierarchical network for complex walking
tasks.

2.3 Methodology
The methodology to complete each objective consists of:

1. High-level policy training:

• Employ a Multi-layer Perceptron (MLP) architecture for actor and critic networks.

• Use of curriculum learning for gradually increasing walking difficulty.

• Train the high-level policy using the PPO (Proximal Policy Optimization) reinforcement learning
algorithm.

2. Low-level policy based on motion capture:

• Leverage the use of the MoCapAct dataset which provides motion capture data and pre-trained
low-level networks.

• Integration of the low-level network’s decoder as part of the environment for the high-level policy.

3. Evaluation:

• Evaluate different walking modes including forward, backward, sideways, and curved walking on
flat terrain.

• Comparison of training performance (mean episode duration and reward) between single and
hierarchical networks.

• Analysis of foot velocities, contact forces, joint torques, and maximum speeds during walking.

Universidad Técnica Federico Santa María, Departamento de Electrónica 3



2.3. METHODOLOGY CHAPTER 2. RESEARCH METHOD

• Visual comparison of walking gaits generated using different motion capture datasets (general vs
locomotion).
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CHAPTER 3. RELATED WORK

3 | Related work

3.1 RL on two-legged robots
In (27), a single controller is trained to walk on marked footsteps on the Cassie robot. During the training
phase, rewards are designed to promote cyclic walking by encouraging it to follow a two-phase clock signal
in conjunction with randomized footsteps. The controller is an LSTM network that delivers the setpoints
of each joint to a PD controller inside the Cassie robot. The observation comprises proprioceptive data, the
two-phase clock signal, and randomized footstep commands indicating where to place the foot. Building on
their previous work, in (28), they demonstrate controlled walking using a hierarchical 1-step control policy
and a reachability prediction model. This hierarchical policy comprises a low-level feed-forward network
that aims to receive the step commands, the two-phase signals, and a latent space from an LSTM network
that receives the robot’s proprioceptive states. Note that the control of this type of robot is less problematic
than a humanoid robot since they have many more degrees of freedom, and their mechanical characteristics
do not allow them to be agile.

Figure 3.1: Hierarchical policy for the Cassie robot for the task of following marked footsteps (28).
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3.2 Locomotion policies for humanoids
Studies, where the policy is composed of a single network for a given task, can be seen in works like in (17),
where they study the impact of using different action spaces, i.e., position-based or torque-based, to control
the human-sized TOCABI robot. The former uses a hierarchical architecture, where the high-level controller
is a neural network that generates the desired position, which is fed to a low-level PD controller in charge
of generating the torque commands. On the other hand, their proposed architecture uses only a network
in charge of generating the torque commands. However, it needs a pre-training step based on imitating a
whole-body controller to allow it to remain standing.

Figure 3.2: Control framework for the TOCABI robot using a single policy (17).

Similarly, in (18), a hierarchical model to follow marked footsteps is applied to the HRP-5P and
JVRC-1 humanoid robots. The high-level policy receives information about the current state of the robot, two
clock phase signals, and the next two steps to be reached from an external planning stage. The output of the
high-level network is added to the robot’s joint positions corresponding to the "half-sitting" position. These
positions are converted to torque commands by the low-level PD controller, achieving the walk-on marked
footsteps. However, the trained network is limited to controlling the legs’ joints, leaving the trunk, head, and
arm joints fixed, making the movement look unnatural.

Figure 3.3: HRP-5P control framework. A single policy es trained to follow marked footsteps (18).
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Lastly, in (19), using the small-sized OP3 robot directly in real scenarios, they study the emergence of
walking behaviors using only proprioceptive information, including RGB vision. Then, in (20), they train on
individual skills, compose them, and apply them in a 1v1 soccer game end-to-end. Although their results
are encouraging, the policies learned in these studies have yet to apply to human-sized robots since their
movements are unstable and unnatural.

Figure 3.4: OP3 robot framework. Using off-policy training, the robot can explore its environment on the real hardware
(19).

Our work is closely related to (21), where they employed imitation learning to train a hierarchical
network using motion captures from dogs and humans for the ANYmal and OP3 robots. The low-level
network was extracted, and a new high-level network was trained for a specific task involving performing
actions smoothly and tracking a ball within an area. However, unlike our work, they did not specify which
subset of motion captures they used; instead, they only mentioned that the low-level network was trained
from walking and turning clip behaviors. Our work, on the other hand, aims to investigate how different
subsets of the motion capture dataset impact the ability of a human-sized robot with 56 degrees of freedom to
achieve human-like motion while following marked footsteps provided by a planning stage.

Universidad Técnica Federico Santa María, Departamento de Electrónica 7



CHAPTER 4. BACKGROUND

4 | Background

4.1 Reinforcement Learning Framework
Reinforcement learning is centered around solving a task through the agent’s actions over the environment.
The robot’s behavior is influenced by the rewards (positive or negative) it receives over time. Thus, the agent’s
goal is to maximize its cumulative reward over many interactions with the environment.

Formally, the problem is stated as a discrete Markov Decision Process (MDP), composed by the tuple
⟨S , A,R, P, ρ0⟩ where S ∈ Rn is the set of valid states, A ∈ Rm the set of valid actions, R : S × A × S → R
the reward function, P : S × A→ P(S ) an unknown a priori state-transition probability function and ρ0 the
initial state distribution.

Agent

Environment

action

Rt+1

St+1

RtSt
rewardstate

At

Policy

Optimization 
algorithm

Policy
update

Figure 4.1: Agent-environment interaction loop (29). Depending on the optimization algorithm used, this diagram could
get more elaborate.

When the agent interacts with the world, for each time step t, it receives a representation of the state
of the environment st ∈ S , executes an action according to a policy at ∈ A, receiving in return a reward rt ∈ R,
and next state st+1 ∈ S according to the dynamics of the environment P(st+1|st, at) ∈ P.

A policy can be deterministic at = µθ(st) or stochastic at ∼ πθ(−|st), where θ is a set of parameters.
In DRL, this parameterized policy usually comprises neural networks that can be adjusted to change their
behavior through optimization algorithms.

A trajectory is a series of state-action pairs τ = (s0, a0, s1, a1, . . . ) an agent makes according to a policy,
where the initial state follows a distribution s0 ∼ ρ0(−) and the following transitions can be deterministic
st+1 = f (st, at) or stochastic st+1 ∼ P(−|st, at).

The reward is a function that depends on the current state, the action taken, and the next state,
rt = R(st, at, st+1), although it is usually simplified to depend only on the state, rt = R(st), or on the
state-action pair, rt = R(st, at).

In the case of an infinite horizon, the agent’s objective is to learn a policy that maximizes the
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cumulative discounted return over a trajectory, i.e:

R(τ) =
T∑

t=0

γtrt. (4.1)

Where γ ∈ (0, 1). The γ parameter in equation 4.1 encourages the agent to seek immediate rewards
instead of future rewards, and mathematically, allows the infinite sum (if T → ∞) to converge.

By the Markov property, and assuming that the transition function of the environment and the policy
are stochastic, the probability of realizing a T-step trajectory is defined as:

P(τ|πθ) = ρ0(s0)
T∏

t=0

P(st+1|st, at)πθ(at |st). (4.2)

Then, using (4.1) and (4.2), the expected return is as follows:

J(πθ) =
∫
τ

P(τ|πθ)R(τ) = Eτ∼π[R(τ)] (4.3)

The goal is to optimize this cost function by finding the optimal policy:

π∗ = arg max
π

J(πθ) (4.4)

The optimization is done iteratively by doing stochastic gradient ascent over the cost function (4.3) with
respect to the current parameters θk.

θk+1 = θk + α∇θJ(πθ)|θk . (4.5)

4.2 Value functions
Value functions play a critical role in guiding an agent’s decision-making process. They act as estimates of the
long-term expected reward an agent can accumulate by taking a specific action in a given state, considering
future rewards received along the way. These estimates are crucial for the agent to navigate the environment
and learn optimal behavior.

There are four main types of value functions:

1. State-value function, Vπ(s): This function represents the expected discounted future reward an agent
can receive starting from state ’s’ and following the current policy ’π’. In simpler terms, it estimates
how good it is for the agent to be in a particular state, considering the potential rewards it can gather in
the long run if it adheres to its current course of action (policy).

Vπ(s) = Eτ∼π[R(τ)|s0 = s]

2. Optimal State-value function, V∗(s): Which gives the expected return if you start in state s and act
according to the optimal policy in the environment, i.e:

V∗(s) = max
π
Eτ∼π[R(τ)|s0 = s]

3. State-action value function, Qπ(s, a): This function goes a step further by estimating the expected
discounted future reward the agent can expect by taking action ’a’ in state ’s’ and following the current
policy ’π’. It essentially tells the agent how good it is to take a specific action in a specific state,
considering the immediate reward for that action and the potential future rewards it can lead to.

Qπ(s, a) = Eτ∼π[R(τ)|s0 = s, a0 = a]

Universidad Técnica Federico Santa María, Departamento de Electrónica 9
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4. Optimal State-action value function, Q∗(s, a): Which gives the expected return if you start in state s,
take an arbitrary action a, and then forever after act according to the optimal policy in the environment,
i.e:

Q∗(s, a) = max
π
Eτ∼π[R(τ)|s0 = s, a0 = a]

By estimating these values, the agent can learn to choose actions that maximize its long-term reward
within the environment. It essentially explores different state-action combinations, appraising each based on
the value functions, and refines its policy over time to prioritize actions leading to higher expected rewards in
the long run.

4.3 Bellman equations
The Bellman equations are fundamental concepts in reinforcement learning (RL) that describe the relationship
between the value of a state or a state-action pair and the expected future rewards obtained from that state or
action. They essentially provide a recursive formula for calculating these values.

There are four main Bellman equations, each focusing on a different aspect of value:

• Recursive state-value function, Vπ(s):

Vπ(s) = Ea∼π,s′∼P[r(s, a) + γVπ(s′)]

• Recursive optimal state-value function, V∗(s):

V∗(s) = max
a
Es′∼P[r(s, a) + γV∗(s′)]

• Recursive state-action value function, Qπ(s, a):

Qπ(s, a) = Es′∼P[r(s, a) + γEa′∼π[Qπ(s′, a′)]]

• Recursive optimal state-action value function, Q∗(s, a):

Q∗(s, a) = Es′∼P[r(s, a) + γmax
a′

Q∗(s′, a′)]

Where s′ ∼ P is a shorthand for s′ ∼ P(·|s, a), indicating that the next state s′ is sampled from
the environment’s transition rules; a ∼ π is a shorthand for a ∼ π(·|s); and a′ ∼ π is a shorthand fora′ ∼
π(·|s′).

The Bellman equations provide a theoretical foundation for various reinforcement learning algorithms.
These algorithms leverage iterative techniques to solve the Bellman equations and estimate the value functions
(V(s) or Q(s, a)) for each state or state-action pair. By understanding the value of each state or state-action
pair, the agent can learn which actions lead to the highest long-term rewards within the environment.

Some remarks about the bellman equations:

• The difference between the Bellman equations for the on-policy value functions and the optimal
value functions, is the absence or presence of the max over actions. Its inclusion reflects the fact that
whenever the agent gets to choose its action, in order to act optimally, it has to pick whichever action
leads to the highest value.

• The discount factor (γ) plays a crucial role in balancing the importance of immediate rewards vs. future
rewards.

• Solving the Bellman equations exactly can be computationally expensive for complex environments.
However, RL algorithms utilize various techniques to approximate the value functions effectively.

The Bellman equations offer a powerful framework for understanding and implementing reinforcement
learning algorithms. By leveraging these equations, agents can learn to navigate complex environments and
make decisions that maximize their long-term rewards.
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4.4 Policy optimization
Policy optimization is a powerful approach which refers to a family of algorithms that make use of the
gradient of a parameterized policy (which maps states to probabilities of taking different actions) in order
to improve its performance. These types of algorithms works directly on the agent’s policy and are often
referred to as on-policy methods.

Unlike value-based methods that focus on estimating state or action values, policy optimization
directly update a policy function (through gradient descent or similar techniques) in a way that increases the
expected future reward the agent receives.

Recalling equation (4.5), we want to obtain an expression for the policy gradient which we can
numerically compute

∇θJ(πθ) = ∇θEτ∼πθ [R(τ)]

= ∇θ

∫
τ

P(τ|πθ)R(τ)

=

∫
τ

∇θP(τ|πθ)R(τ)

Using the fact that the derivative of log(x) is 1/x, then, when rearranged and combined with the chain rule,
we get:

∇θJ(πθ) =
∫
τ

P(τ|πθ)∇θ log(P(τ|πθ))R(τ)

= Eτ∼πθ [∇θ log(P(τ|πθ))R(τ)]

By expanding the transition function, we can eliminate terms that has no dependance on θ, thus:

∇θJ(πθ) = Eτ∼πθ

∇θ log

ρ0(s0)
T∏

t=0

P(st+1|st, at)πθ(at |st)

R(τ)


= Eτ∼πθ

((((((((
∇θ log ρ0(s0)R(τ) +

T∑
t=0

(
((((((((
∇θ log P(st+1|st, at) + ∇θ log πθ(at |st)

)
R(τ)


∴ ∇θJ(πθ) = Eτ∼πθ

 T∑
t=0

∇θ log πθ(at |st)R(τ)

 .
This last expression allows us to compute the gradient assuming that we have a policy π represented

by a set of parameters θ which are able to run on the environment and allow us to calculate ∇θ log πθ(a|s).
Then, the expectation can be estimated as a sample mean if we collect a set of trajectories and store them as a
datasetD = {τi}i=1,...,N , i.e.:

∇θJ(πθ) =
1
|D|

∑
τ∈D

T∑
t=0

∇θ log πθ(at |st)R(τ).

With |D| = N, the number of trajectories made with the current policy.

Universidad Técnica Federico Santa María, Departamento de Electrónica 11



4.4. POLICY OPTIMIZATION CHAPTER 4. BACKGROUND

4.4.1 Reward-to-go and baselines
It is possible to show that the policy gradient can also be expanded as:

∇θJ(πθ) = Eτ∼πθ

 T∑
t=0

∇θ log πθ(at |st)
T∑

t′=t

R(st′ , at′ , st′+1).

 (4.6)

Where R̂t �
∑T

t′=t R(st′ , at′ , st′+1) is the reward-to-go from timestep t onward. In this form, actions are only
reinforced based on rewards obtained after they are taken.

Lemma 4.4.1 (Expected Grad-Log-Prob). Suppose that Pθ is a parameterized probability distribution over a
random variable, x. Then:

Ex∼Pθ [∇θ log Pθ(x)] = 0

Proof. Recall that all probability distributions are normalized:∫
x

Pθ(x) = 1

Take the gradient of both sides of the normalization condition:

∇θ

∫
x

Pθ(x) = ∇θ1 = 0

Using the log derivative trick we get:

0 = ∇θ

∫
x

Pθ(x)

=

∫
x
∇θPθ(x)

=

∫
x

Pθ(x)∇θ log Pθ(x)

∴ 0 = Ex∼Pθ [∇θ log Pθ(x)].

□

Lemma 4.4.1 show us that for any function b which only depends on the state, then:

Eat∼πθ [∇θ log πθ(at |st)b(st)] = 0.

This property allows us to add or subtract any term in equation (4.6), without changing the expected value,
then:

∇θJ(πθ) = Eτ∼πθ

 T∑
t=0

∇θ log πθ(at |st)
( T∑

t′=t

R(st′ , at′ , st′+1) − b(st)
) . (4.7)

Where b(s) is called the baseline. Empirically, a common choice is to use the state-value function
Vπ(st), because it has the desirable effect of reducing the variance of a sample estimate for the policy gradient,
which in turn results in a faster and more stable policy learning. This also has the conceptual implication for
an agent, which is that the agent should "feel" neutral if it gets what it is expected.

In practice, Vπ(st) is approximated by a neural network, Vϕ(st), which is updated by the current policy
using a mean-squared-error objective:

ϕk = arg min
ϕ
Est ,R̂t∼πk

[(
Vϕ(st) − R̂t

)2]
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4.4. POLICY OPTIMIZATION CHAPTER 4. BACKGROUND

4.4.2 Generalized policy gradient
Equation (4.7) can be expressed in a general form:

∇θJ(πθ) = Eτ∼πθ

 T∑
t=0

∇θ log πθ(at |st)Φt

 .
Where Φt may be one of the following:

•
∑∞

t=0 rt: total reward of the trajectory.

•
∑∞

t=t′ rt′ : reward following action at.

•
∑∞

t=t′ rt′ − b(st): baselined version of previous formula.

• Qπ(st, at): state-action value function.

• Aπ(st, at): advantage function.

• rt + Vπ(st+1) − Vπ(st): Temporal Difference (TD) residual.

Where:

Vπ(st) B Est+1:∞, at :∞ [
∞∑

l=0

rt+l] and Qπ(st, at) B Est+1:∞, at+1:∞ [
∞∑

l=0

rt+l]

Each variant of Φt has advantages and disadvantages, but within all the options, the advantage function
offers the lowest variance of all. This can be further discussed in more depth in (30).

4.4.3 Advantage function
The advantage function act as a refinement tool for the agent’s decision-making process. While value
functions estimate the long-term expected reward from a state or state-action pair, the advantage function
offer a relative measure of how much better or worse a specific action is compared to the average action
within a particular state. Mathematically is formulated as:

Aπ(s, a) = Qπ(s, a) − Vπ(s)

By focusing on the relative advantage rather than absolute values, advantage functions help the agent
distinguish between good and bad actions within the same state, providing more nuanced information for
efficient learning.

Some of the key points on using the advantage function are:

1. Faster convergence: By focusing on the differential reward between actions, the learning process can
converge on the optimal policy more efficiently compared to solely relying on absolute value functions.

2. Reduced variance: The advantage function can help address the issue of high variance in Q-value
estimates, leading to more stable and reliable learning.

3. Improved sample efficiency: It can allow the agent to learn effectively even with limited data compared
to methods solely relying on absolute value functions.

In conclusion, the generalized formulation of policy gradients with advantage functions is very
common in algorithms like "Vanilla Policy Gradient" (VPO), "Trust Region Policy Optimization" (TRPO),
and "Proximal Policy Optimization" (PPO).
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4.5. PPO ALGORITHM CHAPTER 4. BACKGROUND

4.5 PPO algorithm
Proximal Policy Optimization (PPO) is a popular reinforcement learning algorithm used for training agents to
perform tasks in environments where the agent interacts with the environment and receives feedback through
rewards. PPO belongs to the family of policy gradient methods, which directly optimize the policy function
to maximize cumulative rewards.

Overall, PPO balances exploration and exploitation by updating the policy stably and efficiently. It has
been widely used in various applications, including robotics, game-playing, and autonomous systems.

Algorithm (1) gives a basic implementation used in this work.

Algorithm 1 Pseudo-code for the PPO-clip algorithm

Require: Initialize policy network parameters θ0 and value network parameters ϕ0.
Require: Initialize environment and set hyperparameters.

1: for each iteration k = 0, 1, 2, . . . do
2: Collect set of trajectoriesDk = {τi} using the current policy πk = π(θk) in the environment.
3: Compute rewards-to-go R̂t.
4: Compute advantage estimates, At (using any method of advantage estimation) based on the current

value function Vϕk .
5: Normalize advantage estimates.
6: for each epoch j = 0, 1, 2, . . . do
7: Shuffle and batch trajectories.
8: for each batch l = 0, 1, 2, . . . do
9: Compute ratio

rt(θ) =
πθ(at |st)
πθold (at |st)

10: Compute clipped surrogate objective
Lclip(θ) = Et[min(rt(θ) · At, clip(rt(θ), 1 − ϵ, 1 + ϵ) · At)]

11: Compute value function loss
LVF(ϕ) = Et[(Vϕ(st) − R̂t)2]

12: Compute total loss
Ltotal = Lclip(θ) − c1 · LVF(ϕ) + c2 · H

13: Update policy network using gradient descent
θk+1 = θk − α∇θk Ltotal

14: Update value network using gradient descent
ϕk+1 = ϕk − α∇ϕk Ltotal

15: end for
16: end for
17: end for

In the pseudo-code above:

• R̂t is the empirical return (also called "Reward-to-go"), which is the sum of rewards from time step t
onwards discounted by a factor γ, i.e., R̂t =

∑T
i=t γ

i−tri where ri is the reward at time step i, T is the
total number of time steps, and γ is the discount factor.

• At is the advantage function, in RL represents the "advantage" of taking a particular action in a given
state compared to the average action value in that state, specifically At(st, at) = Q(st, at) − Vϕ(st).

Alternatively, the advantage function can also be calculated using the returns R̂t (or the discounted
rewards), i.e., At(st, at) = R̂t − Vϕ(st).
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4.6. IMITATION LEARNING BY MOTION CAPTURE CHAPTER 4. BACKGROUND

• rt(θ) represents the ratio between the probabilities of actions taken under the new and old policies.

• clip(·) is a function that clips the ratio rt(θ) to lie within the range [1 − ϵ, 1 + ϵ].

• ϵ is the clipping parameter

• c1 and c2 are coefficients controlling the trade-off between the clipped surrogate objective and the value
function loss.

• H is an "entropy bonus," which is an optional term added to encourage exploration.

4.6 Imitation Learning by motion capture
Training controllers for humanoid robots that can not only perform tasks but also exhibit natural, non-
idiosyncratic behaviors remains a significant challenge. Motion capture (mocap) data offers a valuable tool in
this pursuit, providing a rich source of kinematic information to guide the robot’s movement towards desired
behaviors. This chapter delves into the application of motion capture data within the framework of imitation
learning for humanoid robots.

Developing controllers for complex tasks like walking, running, or manipulating objects presents
a unique challenge for humanoid robots. While achieving the desired task outcome is crucial, the robot’s
movement should also appear natural and human-like. This avoids creating jerky, robotic motions that can be
inefficient or even unsafe.

Traditional reinforcement learning approaches often struggle to achieve this balance. While a robot
may learn to complete a task through trial-and-error, the resulting movements might be highly idiosyncratic
and unnatural. This is because the reward function typically focuses solely on task success, neglecting aspects
like movement style or energy efficiency.

Motion capture data offers a powerful solution to address this challenge. By capturing the detailed
kinematics of human movements, mocap data serves as a valuable reference point for the robot’s controller.
The captured information includes joint positions, orientations, and velocities throughout the movement,
providing a comprehensive picture of how a human achieves a specific task.

Integrating this information into the robot’s learning process allows the controller to not only focus on
task completion but also strive to replicate the natural human-like movement observed in the mocap data.
This can be achieved through various imitation learning techniques.

Several imitation learning techniques have been successfully employed to leverage motion capture
data for training humanoid robots. Here are some prominent approaches:

• Reinforcement Learning with Imitation Loss: This approach combines the strengths of reinforcement
learning and imitation learning. The robot learns a policy that maximizes task reward while also
minimizing the difference between its movements and the movements observed in the motion capture
data (15, 22).

• Adversarial Imitation Learning: This method utilizes a generative adversarial network (GAN)
framework. One network (generator) aims to produce robot movements that mimic the motion capture
data, while another network (discriminator) tries to distinguish between the generated movements
and real human movements. This adversarial training encourages the robot to generate highly natural
movements (25, 26, 31).

These techniques demonstrate the effectiveness of using motion capture data to bridge the gap between task
completion and natural movement in humanoid robots
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CHAPTER 5. PROPOSAL

5 | Proposal

5.1 Control structure
To test our proposal, that is, to follow marked footsteps with human-like motion, we reuse "CMU Humanoid"
in the dm-control environment. The "CMU Humanoid" is a 56-degree of freedom (DoF) designed to resemble
an average human body; it can deliver a wide range of internal and custom observations st, including an
egocentric camera (not used in this task).

Our control framework consists of a hierarchical policy running at a control rate of 20 Hz. The
high-level policy learns to incorporate desired footsteps and root directions from a previous planning stage in
addition to the signals coming from the robot’s sensors.Also, to further guide the high-level policy for the
task, recent approaches [18, 32, 33, 34] define a phase signal ϕ ∈ [0, 1] that instantiates the cyclic locomotion
transitions from Double Support (DS) to Single Support (SS) and vice-versa. This phase signal ϕ also helps
synchronize the rewards given to promote or demote the foot forces and velocities on different time steps to
generate the cyclic motion.

The low-level policy aims to receive a latent vector zt and is responsible for predicting the desired
joint angles of the humanoid a, which are internally converted to joint torques by a predefined PD controller.
This low-level network is not trainable, as it comes from a previous stage of imitation learning following the
work done in (35).

The overall structure can be visualized in Figure 5.1. The environment consists of the simulator (robot
in the scene) plus the low-level network (πdec), since the low-level network has fixed parameters. Therefore,
the high-level network (πtask) is what is trained using some optimization algorithm.

Figure 5.1: Proposed architecture. The hierarchical network is composed of a low-level policy (πdec) previously trained
from MoCap clips, and the high-level policy (πtask) is trained to follow marked footsteps.
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5.2 Policy parameterization

5.2.1 Observation space
The state st as defined in Table 5.1 comprises the humanoid’s internal and external signals. The internal
signals are composed of proprioceptive sensors such as angle and angular velocity of the joints, θ and
θ̇ respectively, desired joint angles a which are converted to joint torques by a predefined PD controller
internally, height of the robot hroot measured from the waist to the floor, a vector z proot which represents the
projection of the z-axis on the robot w.r.t the world frame, a root orientation vector qroot, an end-effector
position vector x,y,z phands, f eet, and the same vector as above but including the head position x,y,z phands, f eet,head.
It should be noted that these last two vectors are not helpful for the current task, but they are necessary since
the low-level network was trained with the complete proprioceptive observations vector. However, these
vectors may be beneficial in future work in which the network needs to be transferred to a different humanoid
robot since they are model-agnostic observations and serve as signals for some imitation training algorithms
using adversarial networks as described in [31].

The kinematics sensors comprise a 3-axis gyro ωroll,pitch,yaw, a 3-axis velocimeter v, and a 3-axis
accelerometer a, measured at the root of the humanoid. On the other hand, the Dynamic Sensors are composed
of joint torques τ and binary contacts b.

The external signals are designed for the task, which is to follow marked footsteps. We leverage the
work done in [18], where they use two-phase clock signals that represent the timing of the walk. The phase of
the sinusoidal signals is controlled by a cyclic parameter ϕ, which changes at each timestep and is normalized
by a total number of phase steps L.

Additionally, the closest footstep T1 and the next closest footstep T2 are given. These signals comprise
their 3D positions (x, y, z) and root yaw orientation θ.

5.2.2 Action space
The high-level policy outputs the mean and diagonal covariance of a Gaussian distribution over a 60-
dimensional vector that compresses the state st to a "motor intention" zt. Then, the fixed low-level policy
converts the motor intention zt and current state st to a 56-dimensional vector where each action is the mean

Table 5.1: Agent observations

Observation Dim.

Propioceptive
sensors

Joint angles θ 56
Joint velocities θ̇ 56
Actuator activations a 56
Body height hroot 1
End-effector positions x,y,z phands, f eet 12
Appendages positions x,y,z phands, f eet,head 15
Inclination w.r.t. world z-axis z proot 3
Orientation qroot 9

Kinematic
sensors

Gyro ωroll,pitch,yaw 3
Velocimeter v 3
Accelerometer a 3

Dynamic
sensors

Torque τ 6
Binary contacts b 10

External
Clock signals

sin
(

2πϕ
L

)
cos
(

2πϕ
L

) 2

Footsteps Ti = [xi, yi, zi, θi] with i ∈ {1, 2} 8
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of a Gaussian distribution over actions with a standard deviation of 0.1. Note that we are only training the
high-level network and the low-level network is formulated as part of the environment.

5.3 Reward definitions
Equation 5.1 defines the total reward at each time step. This reward seeks to direct the robot to follow planned
footsteps as defined in [18]. The corresponding equations are shown in Table 5.2:

r = w1rgr f + w2rspd + w3rstep + w4rorient + w5rheight + w6rupper + w7raction + w8rtorque. (5.1)

Table 5.2: Reward functions definitions

Reward Weight (wi) Function

rgr f 0.15 Igr f
le f t(ϕ)||Fle f t || + Igr f

right(ϕ)||Fright ||

rspd 0.15 I spd
le f t(ϕ)||S le f t || + I spd

right(ϕ)||S right ||

rstep 0.45 khit · exp( d f oot

0.25 ) + (1 − khit) · exp( d f oot

0.25 )

rorient 0.05 exp(−10 · (1 − ⟨qroot, q̂root⟩
2))

rheight 0.05 exp(−40 · (hroot − ĥroot)2)

rupper 0.05 exp(−10 · ||x,y phead −
x,y proot ||

2)

raction 0.05 exp(−5 ·
∑
|a − aprev|/56)

rtorque 0.05 exp(−0.25 ·
∑
|τ − τprev|/6)

Where the reward rgr f regulates the normalized ground reaction forces Fright/le f t applied at the feet,
with phase indicator functions Igr f

right/le f t(ϕ) ∈ [−1, 1], rspd is the reward that regulates the normalized body

speeds S le f t/right at the feet, with phase indicator functions I spd
right/le f t(ϕ) ∈ [−1, 1], rstep is the reward which

promotes the robot to place any of its feet and root orientation according to the desired step plan indicated
by the variable T1, and rorient is a reward to encourage the root body to align with the desired orientation
according to the step plan, rheight, rupper, raction and rtorque are the rewards that regulate a desired root height
above ground, a desired upright posture, and penalties for applied action and torque respectively.

To guide the robot to perform a symmetrical walk, that is, to transition from a double support (DS)
phase, where both feet are in contact with the ground, to a single support (SS) phase, where only one foot is
in contact while the other is swinging, it is necessary to provide information that has a cyclic pattern. For this,
we follow the approach done in (18, 32), which adapts the reward so that a walking cycle consists of two DS
phases and two SS phases of fixed time.

Figure 5.2 shows the waveform corresponding to the functions (from top to bottom); foot speed
indicator I spd

right/le f t(ϕ), ground reaction force indicator Igr f
right/le f t(ϕ), and phase indicator ϕ, the latter being the

one that regulates the reaction and velocity indicators, for the left and right foot.

5.4 Initialization and ending conditions
Training an agent in a single, fixed environment can lead to policies that are brittle and perform poorly
when deployed in slightly different settings. Domain randomization addresses this issue by introducing
variations within the training environment. By exposing the agent to a wider range of conditions during
training, domain randomization encourages it to learn more robust policies that can adapt to unseen variations
when transferring the policy to the real world (36).
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SS SSDS DS

SS SSDS DS

SS SSDS DS

one gait cycle

Figure 5.2: (From top to bottom) Feet velocity, ground reaction forces, and phase indicators vs environment steps; these
three functions regulate the rewards rgr f , rspd at each time step. Additionally, ϕ is implicitly added as an observation to

the agent by the clock signals.

Using this knowledge, we randomize the robot’s spawn position, root yaw orientation, and joint
angles according to Table 5.3. Unlike the "half-sitting" posture used extensively in humanoid robots, the
CMU-humanoid robot starts at a specific mocap frame which is close to a standing pose but far from being
stable. Thus, a random fraction (±q0 × 0.02) is added to the initial q0. On the other hand, since the global
yaw angle of the robot’s root is observed by the policy, it is important to randomize the initial heading of the
robot. Finally, the initial value of the phase variable ϕ can be 0 or 0.5.

Table 5.3: Domain randomization variables

Parameter(a) Unit Range
Spawn position (x, y) mts ±2.5
Spawn yaw angle rad ±π
Joint angles rad ±q0 × 0.02(b)

Initial phase ϕ rad 0 or 0.5
(a) All parameters are sampled from a uniform distribution
(b) q0 is a 56D vector of default joint angles

Episodes define the beginning and end of an interaction sequence between the agent and the envi-
ronment. Properly defining termination conditions ensures the agent learns from complete interactions and
avoids getting stuck in unproductive loops. Thus, the episode ends when the root height from the lowest point
of foot-floor contact is less than a threshold (60[cm]), and a self-collision condition. Finally, the episode ends
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after a fixed number of environment steps (800 steps) or when any of the previously mentioned conditions are
met.

5.5 Footstep generation
Footstep generation in robotics refers to the process of planning and determining the placement of a robot’s
feet during locomotion. This is a crucial aspect of robot motion, particularly for legged robots like bipedal
walkers, quadrupeds, or even robots with more complex leg configurations.

In this work, each footstep corresponds to a 4-dimensional vector, where the first three indices
correspond to the desired 3D position that a foot should reach, and the last index indicates the desired root
yaw orientation of the robot’s base. By adding orientation to the footstep plan, it is possible to enable the
robot to perform walking modes such as turning in place, walking sideways, or backward (37).

5.6 Curriculum learning
Curriculum training is a widely used methodology today, as it avoids the problem of getting stuck in a local
minimum when starting training due to its high difficulty, focusing on maintaining balance so that one does
not fall at first (38).

Initially, the training of the high-level policy is exposed to each sequence of steps on flat terrain. After
a certain number of environment steps, the height of each step is increased linearly according to the following
formula:

pz =


0, step < 30 · 106.

kc · 0.1 · (step − 30 · 106/80 · 106), 30 · 106 ≤ step < 80 · 106.

kc · 0.1 step ≥ 80 · 106.

Where kc = −1, 1 is a random variable that determines if the steps are ascending or descending. Thus,
increasing or decreasing the height of the boxes (which serve as staircases) as the training progresses. This
aims to encourage the agent to initially focus on standing up and then follow the step planner’s T1 and T2
variables.
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6 | Baseline Comparison Methods

To test the hypothesis that using a low-level network based on motion capture generates more human-like
motion, we conducted a study where we trained three different architectures. All three architectures were
designed to receive the robot’s internal state vector, two-phase signals, and the two next-step positions to be
followed as described by Table 5.1. Its output is a 56-dimensional vector corresponding to the desired joint
positions, which are then converted to torque by an internal PD controller in the robot.

6.1 Simple Policy
In the first case, our baseline test architecture consists of using a simple network with no prior training,
e.g., using some imitation learning algorithm or an on-policy RL algorithm. Figure 6.1 shows the baseline
architecture.

Robot

trainable = 

Figure 6.1: Baseline architecture. πtask network is trained using the PPO algorithm.

Additional details like network hyperparameters and training of the policy πtask are described in
Chapter 7.

6.2 High-Level Policy + Low-Level Locomotion Policy
The second architecture consists of a trainable high-level network. The high-level network receives the
complete state vector and generates a latent vector at its output. This latent vector is then used as input to
the low-level policy, which generates a 56-dimensional vector of desired joint angles, similar to the simple
policy.

This architecture has the advantage of learning a hierarchical representation of the movement, where
the high-level policy captures the overall structure of the movement, and the low-level policy generates the
detailed motion. Note that the low-level policy was trained in a previous stage using a subset of the motion
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capture dataset, specifically the locomotion subset, corresponding to about 40 minutes of running, walking,
and standing actions.

6.3 High-Level Policy + General Low-Level Policy
Lastly, the third architecture follows the same approach as the second architecture. However, the low-level
network was trained with the complete MoCap dataset, corresponding to 4.2 hours of various activities,
including the locomotion subset. This architecture has the advantage of learning a more general representation
of the movement, as it was trained using a more extensive and diverse dataset.

Figure 6.2 represents the second and third architectures. In both cases, πtask (high-level policy) is
trained using the PPO algorithm, while πdec (low-level policy, fixed) comes from previous training, using an
imitation learning algorithm further explained in (35).

Robot

(fixed), locomotion dataset = 
(fixed), general dataset = 

or, 

trainable = 

Figure 6.2: Proposed hierarchical policy. This work studies the effect on motion generation when the low-level policy is
distilled using different subsets of the MoCap dataset, namely, the General and Locomotion subsets introduced in (39).
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7 | Experimental approach

The following section describes the parameters used during the high-level policy training. These parameters
were carefully chosen to ensure the model was optimized for the task at hand. Then, the use of the MoCapAct
dataset is explained. Their work provides a detailed description of the motion capture dataset used to train
the low-level policy. This dataset (and trained models) were selected for its ability to accurately capture
the movements required for the task, ensuring that the high-level policy could learn from the low-level
policy.

7.1 Network architecture
The high-level policy (πtask) is based on the MLP architecture with three hidden layers for actor and critic
networks. Each layer has 1024 units with Hyperbolic Tangent activation function. During training, each
episode lasts 800 steps until a buffer of 57600 steps is reached for policy optimization with a learning rate of
0.0001. This buffer is divided into mini-batches of 9600 steps with four epochs per minibatch. The training
lasts 100 million steps with 32 workers running in two Intel Xeon E5-2630 v4, 252GB of RAM, and a Tesla
PC100 12GB graphics card, although most training is done on CPU. Additional hyperparameters are listed in
Table 7.1 following the work done in [39].

Table 7.1: Hyperparameters for High-level policy training

Total environment steps 100 million
Curriculum learning start step 30 million
Curriculum learning end step 80 million
Number of workers 32
Episode steps 800
Env. steps per policy optimization 57600
PPO epochs 4
PPO minibatch size 9600
PPO clipping range (ϵ) 0.2
Target KL divergence (early stopping) 0.3
l2 gradient norm clipping value 1.0
GAE λ 0.95
Discount factor γ 0.99
Entropy coefficient 0.0
Reward & observation normalization True
Learning rate 1e-4
Initial standard deviation 2.5
Max. per-element action magnitude 3.0
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7.2 MoCapAct Dataset
The MoCapAct Dataset [39] is a compound of expert agents that can track over three hours of motion
capture (MoCap) data, performing different actions (e.g., walking, running, jumping, among others) in the
physics-based environment called the dm_control [40]. This dataset also includes observations, actions, and
rewards generated from rolling out these experts. They show the usefulness of this dataset by training a
single hierarchical policy, as shown in Fig. 7.1 that can track the entire MoCap dataset within the dm_control
environment. They also found that the learned low-level policy can be reused to learn downstream high-
level tasks by constraining the humanoid’s behaviors, speeding up the learning process. Finally, they use
MoCapAct to train an autoregressive GPT model that can control a simulated humanoid to perform natural
motion completion given a motion prompt.

Figure 7.1: Multi-clip tracking policy architecture used in (39). We leverage the low-level network (πdec) for a
downstream high-level task.

In this work, we leverage the hierarchical-level policy using only the low-level network. This network
follows the architecture realized in (35), which is composed of an encoder network πenc(zt |st, s

re f
t , zt−1) whose

objective is to follow the references sre f
t coming from the MoCap, generating at the output an embedding

zt representing the "motor intention." The decoder network πdec(at |st, zt), in turn, receives the embedding zt

together with the current state st, generating an action at.

For downstream tasks, by reusing the πdec decoder network as part of the environment, the motor
intention z is the new action the environment receives. Then, a high-level policy network πtask(z|s) is trained
using a reinforcement learning algorithm to guide the low-level policy to maximize the reward for the
specified task, as shown in Fig. 5.1.
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8 | Results

Figure 8.1 illustrates the various walking modes employed to train the high-level network, including forward,
backward, sideways (left or right), and curved. Moreover, curriculum training was implemented for the
forward walking mode, gradually increasing each step’s height until a randomly generated ascending or
descending staircase was formed. This staircase’s height between steps could go up to ±0.1[m].

(a) Standing. (b) Forward/backward walking. (c) Curved walking.

(d) Lateral walking.

Figure 8.1: Trained walking modes (standing, forward, backward, lateral, and curved).

8.1 Training details
It takes approximately nine days to collect 100 million steps for learning all modes by training the high-level
policy using the parameters described in chapter 7.1. The simulations and optimizations are done entirely on
the CPU. Our experiments demonstrate that a periodic reward composition with a lower-level policy generates
a bipedal gait suitable for realistic gait cycle durations.

To improve the robot’s initial learning process, we modified the episode termination condition. It will
only trigger when the distance between the root’s base and the feet falls below a specific threshold, which
means the robot will not explore states that do not promote an upright posture, which will speed up the
learning process.

It was also important to include the robot’s base posture ωroll,pitch,yaw, which is measured in terms of
roll, pitch, and yaw, in the state vector. Relying solely on the direct gyro sensor information was not enough
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for the robot to accurately determine its orientation with respect to the planned step trajectory.

In conjunction with the low-level policy, the high-level policy demonstrates the ability to follow
marked footstep plans in forward, backward, lateral, and curved directions. However, it is essential to note
that these successes are limited to flat terrains, and so far, the ability to follow marked footsteps on stairs has
yet to be achieved. This limitation may be due to the need for low-level network training with movement
clips that include these actions.

On the same page, the training results are shown in Figure 8.2, which demonstrates the mean episode
duration and mean reward during the training process (500 samples per point). The findings indicate that
a hierarchical architecture that utilizes a low-level policy based on motion captures leads to better results
than training a single network to follow the marked footsteps in a human-sized robot with 56 degrees of
freedom.
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Figure 8.2: Mean episode length (left) and mean reward (right) vs environment steps.

Both the general and locomotion datasets resulted in similar cumulative reward values after training,
indicating that using a more complete motion dataset is not required for the task. Additionally, the motions
generated with the locomotion dataset were found to be visually more similar to human walking, especially for
forward walking, when compared to those generated by the general dataset. You can watch the accompanying
video1 to see the comparison.
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It has been observed that the foot velocities and forces exhibit similar characteristics in terms of
amplitude and shape for both low-level networks trained with the general dataset and those trained with the
locomotion dataset, as shown in Figures 8.3a and 8.3b. This observation is significant as it indicates that the
trained network follows the conditions set by the rewards rgr f , rspd, and rstep, which encourage the production
of stable walking within the marked steps.
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(a) Foot velocities vs Environment steps during forward walking.

(b) Contact forces at the feet vs Environment steps during forward walking.

Figure 8.3: (8.3a) Velocities and (8.3b) Contact forces at both feet for general and locomotion datasets.
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The torques and maximum speeds generated in the leg joints during forward movement are outlined
in Table 8.1. It is evident that by employing a low-level network based on motion captures, these values
can be significantly reduced while still adhering to the constraints set by the rewards rtorque and raction. In
contrast, in the absence of a low-level network, joint speeds reach ten times higher values, and joint torques
double.

Table 8.1: Joints torques and velocities on legs during forward walking

Max Joint Torques [Nm]

Low-level
policy

Leg femur
rx

femur
ry

femur
rz

tibia
rx

foot
rx

foot
rz

toes
rx

General
Left 170.91 17.86 82.61 68.18 69.89 11.30 9.11
Right 101.17 37.96 77.26 36.10 83.12 7.43 3.90

Locomotion Left 140.13 30.24 118.57 48.75 87.12 12.69 9.02
Right 152.90 44.60 71.69 29.25 94.24 18.58 3.74

None
Left 300,00 200,00 200,00 87,25 120,00 47,78 20,00
Right 300,00 200,00 200,00 103,82 120,00 50,00 20,00

Max Joint Velocities [rad/s]

General
Left 4.28 1.58 1.07 9.07 2.93 1.62 4.27
Right 2.75 2.01 0.83 4.85 2.69 3.76 5.52

Locomotion Left 3.65 2.62 1.05 7.84 6.26 2.89 5.56
Right 4.40 2.76 1.43 6.71 2.80 2.90 3.30

None
Left 11,48 20,37 9,82 11,21 14,43 14,44 18,84
Right 11,40 19,98 11,00 7,66 12,94 16,81 18,74

Lastly, Figure 8.4 presents the sequence of a forward walking gait using the general and locomotion
low-level networks. It is observed that the signals generate the cyclic movement pattern, that is, it goes
through the phases of double support (DS), left single support (LSS), double support (DS), right single
support (RSS), and double support (DS). This is consistent with the constraints imposed by the rewards rgr f ,
rspd, and rstep mentioned previously, which are implicitly modulated by the phase indicator ϕ. Furthermore,
the foot sensor waveforms for both walks have similar waveforms, except for small jumps in the signal
generated by the low-level network based on the locomotion dataset. Additionally, the motion of the left leg
presents movements that are not entirely natural to the naked eye. This could be solved by modifying the
default loss function of the PPO algorithm to include a term that promotes mirrored states and actions, as
described in [41].
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Figure 8.4: Foot phases during forward walking. (8.4a) General low-level policy, (8.4b) Locomotion low-level policy.
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9 | Conclusions

In this study, we investigated a hierarchical reinforcement learning approach for bipedal walking robots.
This approach employs a high-level policy trained to follow marked footsteps in conjunction with a low-
level policy based on motion capture data. Our experiments demonstrate that this two-level architecture
outperforms training a single network, particularly for complex tasks like following footsteps on a human-
sized robot.

We examined the influence of the low-level network on the robot’s walking behavior, focusing on
joint-level velocities, torques, and the impact of using different motion capture data subsets. The results
highlight the significant reduction in joint torques and maximum speeds achieved by the low-level network
compared to a single-network approach despite maintaining the desired walking behavior.

While our approach successfully achieves stable and natural walking gaits on flat terrain, a current
limitation is the inability to follow marked footsteps on stairs. We observed that a general motion capture
dataset can achieve similar results to a locomotion-specific dataset. However, the locomotion dataset generates
visually more natural human-like walking, especially for forward walking.

In future work we aim to improve the robot’s walking robustness for navigating uneven terrains like
stairs and slopes. Our findings strongly suggest that low-level networks pre-trained on motion capture data
are a viable approach for generating human-like walking gaits applicable to real-world, human-sized robots.
This research paves the way for more efficient and natural walking capabilities in bipedal robots.
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