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RÉSUMÉ

Ascento Robotics, une entreprise de sécurité, utilise un robot à roues et à pattes pour effectuer
des patrouilles de sécurité dans de vastes espaces extérieurs. Actuellement, Ascento est ca-
pable de naviguer sur un terrain plat et est robuste face à de légers obstacles. Cependant,
une limitation critique du système actuel est l’incapacité du robot à monter des escaliers, ce
qui limite sa fonctionnalité dans les environnements à plusieurs étages. Ce mémoire propose
une nouvelle méthode pour surmonter cette limitation, en utilisant l’Apprentissage par Ren-
forcement (RL) pour apprendre un contrôleur en simulation. L’approche proposée adopte
une formulation de tâche RL basée sur la position, en contraste avec les contrôleurs existants
basés sur la vitesse. Elle exploite la structure asymétrique acteur-critique pour utiliser des
informations privilégiées provenant du simulateur pendant l’entraînement, tout en éliminant
le besoin d’avoir accès à ces données pendant le déploiement. Cette approche simplifie consid-
érablement les exigences opérationnelles du robot, car elle ne repose sur aucune information
de capteur extéroceptif. Une nouvelle observation booléenne introduite dans le contrôleur
sert de mode d’escalade d’escalier pouvant être activé ou désactivé. Cette recherche présente
également les résultats du processus de transfert de la simulation au monde réel, en util-
isant des techniques telles que la randomisation de domaine, ainsi qu’une généralisation de
la méthode présentée et son application à d’autres robots. Le contrôleur résultant, qui ne
nécessite pas d’informations de capteur ni de système de positionnement externe, permet au
robot de monter avec succès des marches de 15 cm, une tâche qui était auparavant impossible
pour le robot Ascento. Cette avancée élargit le champs opérationnel du robot, améliorant
son potentiel dans les applications de sécurité.

Mots-clés: Robotique, Locomotion à pattes, Robots à roues et à pattes, Apprentissage par
renforcement, Apprentissage automatique.
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ABSTRACT

Ascento Robotics, a security company, utilizes a wheeled-legged robot to do security patrols
in large outdoor areas. Ascento currently has the capacity to navigate flat terrain and is ro-
bust to minor obstacles. However, one critical limitation of the current system is the robot’s
inability to climb stairs, limiting its functionality in multi-story settings. This thesis pro-
poses a novel method to overcome this limitation, employing Reinforcement Learning (RL)
to train a controller in simulation. The proposed approach adopts a position-based RL task
formulation, contrasting with the existing velocity-based control. It leverages the asymmet-
ric actor-critic structure to utilize privileged information from the simulator during training
while eliminating the need for this data during deployment. This approach significantly sim-
plifies the operational requirements of the robot, since it does not rely on any exteroceptive
sensor information. A new boolean observation introduced to the controller serves as a stair-
climbing mode that can be activated or deactivated. This research also presents findings
from the sim-to-real transfer process, using techniques such as domain randomization. The
resultant controller, which does not require sensor information or a positioning system, suc-
cessfully enables the robot to climb 15 cm steps, a task that was previously impossible for
Ascento. This advancement broadens the operational terrain for the robot, enhancing its
potential in security applications.

Keywords: Robotics, Legged locomotion, Wheeled-legged robots, Reinforcement Learning,
Machine Learning.
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CHAPTER 1 INTRODUCTION

Mobile ground robots have been widely studied and used for various applications, such as de-
livery, inspection, manufacturing, and exploration [1]. One such application that stands out
is in the realm of security, where robotics is in the process of redefining traditional practices.
In this sector, Ascento Robotics has made a notable contribution through the development of
a wheeled-legged security robot [2]. Traditionally, there are two main types of mobile robots:
wheeled robots and legged systems. Wheeled robots are efficient at traveling long distances,
but lack the agility to traverse obstacles such as stairs, while legged systems are more agile,
but have limited battery life and are harder to control [3]. By leveraging the strengths of
both wheeled and legged systems, Ascento has the potential to perform complex tasks in real-
world environments. Figure 1.1 shows the Ascento robot. It has two legs, with three degrees
of freedom each. We refer to the joints as the hip, knee, and wheel for each one of the legs.
This robot, equipped with the ability to navigate flat terrain and small obstacles, has been
significantly useful in a wide array of security scenarios. Despite these notable strengths, the
existing system presents a challenge when deployed in multi-level environments. Specifically,
the robot’s inability to climb stairs is a key limitation that reduces its effectiveness in these
settings. This constraint emphasizes the need for innovative approaches that can overcome
this limitation and expand the robot’s operational versatility.

Figure 1.1 Ascento Robot: Latest version of the Ascento robot patrolling an outdoor site.
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With this in mind, our research aims to address this gap by proposing a controller method
that employs Reinforcement Learning (RL) to equip the robot with stair-climbing capabilities.
Our approach represents a shift from the current velocity-based control to a position-based
task formulation. The introduction of an asymmetric actor-critic algorithm is another key
aspect of our methodology. This approach enables the efficient use of privileged information
from the simulator during training. Additionally, our study introduces a new boolean obser-
vation to the controller. This innovative feature serves as a mode switch for stair-climbing,
thereby allowing a good performance on both regular terrain and stair ascent with the same
control policy. We also present the findings from our efforts to bridge the sim-to-real gap,
incorporating techniques such as domain randomization as well as some preliminary results
regarding parameter estimation. The end result is a more versatile controller that operates
without the need for exteroceptive sensor information or a positioning system, enabling the
robot to climb stairs. This advancement not only overcomes a key limitation of the existing
system but also significantly expands the operational scope of the robot.

1.1 Contributions

Our main contributions are the following:

1. We present an RL task formulation to train policies capable of climbing stairs with a
wheeled-legged balancing robot.

2. Our proposed system can successfully climb 22cm steps in simulation and 15cm steps
in the real world, previously impossible with the Ascento robot.

3. Our method does not require any perceptive data or a positioning system such as
Simultaneous Localization and Mapping (SLAM) or Global Positioning System (GPS),
making it easily integratable into a standard control stack.

4. We study how our method generalizes to other robot morphologies such as the Unitree
Go1 quadruped robot, the bipedal robot Cassie, and the wheeled-legged robot ANYmal
on Wheels.

1.2 Thesis Structure

The subsequent chapters of this thesis are structured as follows:

• Chapter 2 contains an overview of the relevant literature and explains how it relates
to this work.
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• Chapter 3 presents our proposed methodology in detail, including how it works both
during training and deployment.

• Chapter 4 shows our experiments and results, both in simulation and in the real world.

• Chapter 5 presents our generalization results using other robot morphologies.

• Chapter 6 concludes this thesis, summarizing our contributions and giving an outlook
on future work directions.
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CHAPTER 2 LITERATURE REVIEW

Hybrid wheeled-legged systems have been developed to harness the advantages of both tech-
nologies, but these systems pose significant challenges for control due to their complex dy-
namics [4]. Recently, RL has emerged as a promising technique for developing control policies
for these complex robotic systems. In particular, interesting results have been achieved us-
ing RL to develop controllers for wheeled-legged quadrupeds [5, 6]. In this chapter, we first
give an overview of RL for robotics control, then cover previous work on legged locomotion,
hybrid wheeled-legged locomotion, and sim-to-real transfer.

2.1 Overview of RL for Robotics Control

RL is a widely used machine learning framework that has shown promising results in solving
complex robotic control tasks [7]. In this framework, an agent learns to perform a task by
interacting with an environment and receiving feedback in the form of rewards or penalties.
The agent aims to learn a policy, which is a mapping from states to actions, that maximizes
the cumulative reward over time. Robotic applications are a natural fit for RL algorithms
since they often involve complex tasks that are difficult to program explicitly. RL has been
applied to a wide range of robotic tasks, such as locomotion, manipulation, and navigation
[8–10]. Mathematically, the goal is to find a policy π that maximizes the expected cumulative
reward J(π) given by:

J(π) = Eπ

[
T∑

t=0
γtrt

]
, (2.1)

where Eπ denotes the expected value under policy π, γ is a discount factor that prioritizes
immediate rewards over future rewards, rt is the reward received at time step t, and T is the
final time step of an episode. One type of RL algorithm that has gained significant attention
in recent years is policy gradient methods [11]. These methods directly optimize the policy
parameters by estimating their gradient, and they have been shown to be effective in high-
dimensional and continuous action spaces. The goal is to update the policy parameters
ϕ to increase the expected cumulative reward J(π), which can be achieved by performing
stochastic gradient ascent on the objective function:

∇ϕJ(π) = Eπ [∇ϕ log π(at|st)Qπ(st, at)] , (2.2)
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where ∇ϕ log π(at|st) is the log-derivative of the policy π with respect to its parameters ϕ, and
Qπ(st, at) is the action-value function, which gives the expected cumulative reward starting
from state st, taking action at, and following policy π thereafter. One popular policy gradient
algorithm is Proximal Policy Optimization (PPO), which has been shown to achieve state-of-
the-art performance on a variety of tasks, including robotic locomotion [12]. It uses a clipped
surrogate objective to prevent large policy updates. The clipped surrogate objective is given
by:

Lclip(ϕ) = Et [min(rt(ϕ)At, clip(rt(ϕ), 1 − ϵ, 1 + ϵ)At)] , (2.3)

where rt(ϕ) = πϕ(at|st)
πϕold (at|st) is the likelihood ratio between the new policy and the old policy,

At is the advantage function, which measures the advantage of taking action at in state st

compared to following the current policy, and ϵ is a hyperparameter that controls the extent
of the clipping.

In summary, policy gradient methods update the policy parameters using stochastic gradient
ascent on the objective function, and PPO uses a clipped surrogate objective to prevent large
policy updates. These methods have shown great promise in developing control policies for
robotic locomotion tasks.

2.2 Legged Locomotion using RL

Traditional control methods, such as Model Predictive Control (MPC) and trajectory op-
timization were previously used for legged locomotion problems. However, these methods
require a detailed dynamic model of the robot, which is never perfectly accurate. Further-
more, they are complex for high dimensional systems, such as quadrupeds, and can’t take
into account sensor data. Recently, RL has emerged as a promising alternative to these tra-
ditional methods for controlling legged systems.

Multiple recent works have successfully tackled locomotion for the ANYmal robot [13] using
RL. In 2019, Hwangbo et al. [14] proposed an RL control policy using Trust Region Policy
Optimization (TRPO) [15], and an actuator network to model the motors more accurately
in simulation. The policy is goal-conditioned with the desired linear and angular velocities
of the base and outputs position targets for the joints. The actuator network uses this as an
input plus the joint state history to compute torques. The policy is trained in RaiSim [16],
and the actuator network is trained using supervised learning with data from the real robot.



6

Another work, presented by Lee et al. [17], builds on this method and proposes a teacher-
student architecture to include exteroceptive information about the environment during the
training procedure. A teacher policy is trained using RL and privileged information from the
simulator to output joint position targets. The student policy is then trained via imitation
learning from the teacher policy and uses only proprioceptive data as input. Finally, in 2022,
Miki et al. [18] proposed a controller that uses proprioceptive and exteroceptive information
to navigate rough terrain more efficiently. A key component of this method is the belief
encoder learned by the student network. It allows the agent to reconstruct a latent repre-
sentation of the state of its surroundings only from its own state history and sparse sensor
readings. Overall, the result of these works is a very robust controller capable of navigating
rough terrain reliably. However, one downside of these methods is the training time needed to
learn a policy. Recently, Rudin et al. [19] proposed a new environment capable of simulating
thousands of robots in parallel using a single Graphics Processing Unit (GPU). Using this
framework, and a standard PPO implementation to learn a locomotion policy, they achieve
stable results that transfer to the real world in under 20 minutes of training.

Furthermore, others have been able to use RL to allow robots to achieve complex maneuvers
that require more dynamic behaviors than regular locomotion. For instance, Fu et al. [20]
presented a unified policy for whole-body control of a legged quadruped and a manipulator
using RL, addressing the limitations of standard modular control pipelines. Their method
allows the legged manipulator system to achieve dynamic and agile behaviors across various
tasks such as opening doors and picking up objects by coordinating the control of the base
and the arm. Additionally, Rudin et al. [21] proposed an end-to-end policy for local naviga-
tion in challenging environments such as steep stairs and large gaps in terrain, overcoming
the limitations of traditional path planning and locomotion control. The main contribution
is the task formulation they propose, which gives the agent a position goal to reach by the
end of the episode instead of a continuous velocity profile to track. This allows for a more
flexible path and locomotion gait selection. The approach enables robots to learn complex
behaviors such as jumping, resulting in improved energy efficiency and higher success rates.
This work is very relevant as we use a similar formulation for our position-based task. How-
ever, we have constructed our observations differently such that the robot does not need any
perceptive information at deployment.

Moreover, recent works have leveraged RL to develop agile controllers capable of perform-
ing dynamic tasks while interacting with their environment. For example, DribbleBot [22]
demonstrates a legged robotic system capable of dribbling a soccer ball under real-world
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conditions, using RL in simulation and including image observations from a camera into the
control loop. In another study, quadruped robots are trained to perform tasks such as wall
climbing, button pressing, and object interaction using a combination of locomotion and ma-
nipulation skills. A high-level behavior tree is employed to create a robust, long-term plan
that can be executed in both simulation and real-world scenarios, and the low-level policy
is learned with RL [23]. Additionally, Ji et al. [24] proposed a hierarchical framework to en-
able quadrupedal robots to perform precise soccer shooting skills using RL. This framework
trains a robust motion control policy alongside a planning policy to decide the desired kicking
motion, resulting in the successful deployment of a robot capable of accurately shooting a
soccer ball to random targets in real-world conditions. Finally, recent works have also pro-
posed methods to control bipedal robots using both RL and traditional methods, allowing
them to stand, walk, and even ride a segway [25,26].

In this work, we study the problem of stair-climbing. This is particularly difficult for bipeds
since it requires a very dynamic movement where the robot keeps balance on only one point of
contact while stepping up. We propose a method to climb stairs by developing step reflexes
using privileged terrain information in an asymmetric actor-critic setup [27]. Interesting
reflex behaviors have been achieved on quadrupeds, presented by Lee et al. [17]. Siekmann
et al. have also shown that it is possible to blindly traverse stairs with the robot Cassie [28].

2.3 Hybrid Wheeled-Legged Locomotion

Hybrid wheeled-legged robots aim to combine the agility benefits of legged robots with the
efficiency of wheeled robots. Wheeled ANYmal, for instance, is a wheeled quadruped robot
developed by researches from ETH and one of the first of its kind. There has been a lot
of work in the last few years to develop control algorithms for this robot using MPC and
other methods such as trajectory optimization [29–31]. However, these methods are very
challenging to develop due to the complex nature of the highly nonlinear system dynamics at
play. RL has shown very promising results as an alternative method. In 2022, Lee et al. [5]
proposed a model-free RL approach trained in simulation to learn a velocity-based controller.
The controller receives a target velocity for the robot base and outputs commands for the
joints and wheels. This work shows promising results, with the policy effectively learning
to dynamically transition between driving and walking modes based on user command and
terrain conditions. Furthermore, Vollenweider et al. [6] proposed a framework to learn com-
plex motions such as standing up on two wheels and sitting back down using motion priors
and RL. They also demonstrate the ability of the robot to balance on two wheels and follow
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velocity commands while maintaining this configuration.

2.4 Work on Balancing Robot Control

In 2021, Chen et al. [32] proposed a planning and control system for a jumping wheeled-legged
balancing robot. They introduce a new model called the Wheeled-Spring-Loaded Inverted
Pendulum (W-SLIP) to facilitate planning using quadratic programming. Furthermore, the
system employs a Linear Quadratic Regulator (LQR) based wheel controller and a task-space
whole-body controller for the other joints. They demonstrate achieving feasible jumping tra-
jectories in simulation but do not conduct any real-world experiments on a physical robot.
Other work has investigated the control problem of a wheel-legged balancing robot specifi-
cally in scenarios where an accurate dynamic model is absent [33]. Their proposed strategy
leverages RL and adaptive dynamic programming (ADP) to derive a learning-based solution
for adaptive optimal control. They demonstrate that suboptimal controllers can be learned
directly from input-state data collected along the robot’s trajectories. However, this work is
limited to balancing in place and does not tackle locomotion. Finally, Zhu et al. [34] proposed
an RL-based hierarchical control framework for path tracking of a wheeled bipedal robot.
The system is structured into three levels of control: A high-level RL policy, a middle-level
Lyapunov-based non-linear controller used to track a desired line, and a low-level Proportional
– Integral – Derivative (PID) controller for balancing and velocity tracking. This method
shows good results for locomotion on flat terrain with no obstacles or other disturbances.

2.5 Ascento Robot

The Ascento robot is a two-wheeled and legged balancing robot, which was first introduced in
2019 by Klemm et al. [2]. In 2020, a whole-body controller approach was presented to control
the robot. The work incorporates the modeling of the linkage mechanisms used for the two
legs and proposes a trajectory optimization method to find feasible non-smooth trajectories
for tasks such as jumping up steps. An LQR-based controller is proposed for trajectory
tracking. The work includes real-world experiments, demonstrating the robot’s ability to
traverse steps, drive up ramps, jump, and stand up. While this work shows impressive results,
the method needs perfect information about the terrain before computing the trajectories.
For this reason, it is not a suitable method for deployment outside of the lab without human
guidance. Furthermore, since the first iteration of Ascento, a few changes have been made.
Figure 2.1 illustrates these differences, the most notable being that the linkage system of
the legs was replaced by direct drive joints at the hips and knees. This design change adds
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degrees of freedom to the system, unlocking new possibilities, such as climbing stairs with
different motions. For example, with the previous system, it was not possible to move the
legs unsymmetrically without inducing a yaw motion. With the new robot, it would be
possible to perform a step motion, with one leg going up an obstacle before the other, while
maintaining a stable base orientation.

Figure 2.1 Ascento Robot evolution: The previous version (on the left) had a linkage
system for each leg. The new version has pseudo-direct drive motors at the hips and knees,
introducing additional degrees of freedom and allowing for more complex maneuvers.

More recently, a method for standing up from different ground configurations has been pre-
sented for Ascento by Salzmann [35]. In this work, an agent is trained using RL to directly
output motor commands from a proprioceptive input to perform a stand-up maneuver. The
method also works to develop a velocity-based controller for the robot. The controller has
demonstrated robust results in slightly rough terrain and small obstacles but is incapable of
traversing bigger steps such as stairs. In fact, this method is trained to follow base linear
and angular velocity commands. This is not optimal for a task such as climbing a step, since
the optimal velocity profile for this is not known a priori. Figure 2.2 shows a picture of the
Ascento robot attempting to climb a step using the aforementioned controller as well as its
velocity profile. A video of this experiment is also presented in our results video [36] at 0:05.
We can see that the controller tries to track a commanded velocity of 1m/s, but fails to
overcome the 15cm obstacle. We will present how we propose to overcome this problem in
this thesis.
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Figure 2.2 Stair climbing attempt with current velocity controller: Images of the
Ascento robot attempting to climb a 15cm step with a constant velocity of 1m/s (left) and
its corresponding linear velocity profile during the attempt (right).

2.6 Sim-to-Real Transfer

In this section, we discuss different techniques used in the literature to successfully transfer
RL policies trained in simulation to the real world.

Domain Randomization: Domain randomization is a technique used in RL and robotics
to make policies more robust [37]. The idea is to expose the model to a wide variety of
environments during training so that it becomes more robust to changes in the environment
during deployment. The concept behind domain randomization is that we know that the
simulator used for training does not perfectly model the real world. Therefore, generating a
wide range of possible scenarios during the training process is a way to make it more robust
to these discrepancies. The scenario variations include randomization in whatever environ-
mental factors are important for the specific task. For example, in the case of a perception
task, one could vary object sizes, textures, lighting conditions, and more. In our case, we are
dealing with locomotion, so we focus on physical parameters such as masses, forces, friction
coefficients, etc. By doing this, the model can learn to generalize from its training and adapt
to new, unseen conditions. This is particularly useful in robotics, where the robot must
operate in the real world and handle a wide range of scenarios that might not have been
explicitly included in the training data. It would also be very impractical to train in the real
world since RL methods are very data expensive.

Parameter Encoding Techniques: Kumar et al. [38] proposed Rapid Motor Adaptation
(RMA), a method to overcome sim-to-real challenges specifically for quadruped robots. In
this work, they use an adaptation module in addition to the learned locomotion policy in
simulation. The goal of the adaptation module is to infer the physical parameters of the
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real-world robot, or a latent encoding representing them, from a history of proprioceptive
information at runtime. The inferred parameters are fed to the policy so it can adapt its
behavior. This method allows for more aggressive domain randomization since the goal is not
for the policy to be robust to all variations with the same behavior, but to learn to modify its
behavior depending on the changes. They demonstrate that this method allows the policy to
adapt to situations such as changes in friction coefficients of the terrain or changes in payload
or robot mass. This technique has shown promising results and has been subsequently used
for legged manipulator systems, among others [20].

Actuator Modeling: One approach that has been particularly useful for work on the
ANYmal quadruped robot is actuator modeling [14]. This method tackles specifically the
discrepancies between the actuator response for a given command in simulation versus the
real world. The proposed method to overcome this problem is to collect real-world data from
robot trajectories and use supervised learning to train an actuator network to estimate torque
at the joints given a history of position errors and velocities. This data can be collected using
any existing controller for the robot, it is then used during RL training to mimic the behavior
of the actuators. This could be considered to be a real-to-sim technique, which aims to make
the simulation training more realistic to improve performance of the learned controller once
deployed in a real environment.
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CHAPTER 3 METHODOLOGY

In this chapter, we present the methodology used to develop a controller for stair-climbing
with the Ascento robot. Figure 3.1 presents an overview of the proposed architecture while
figure 3.7 presents how the system works during deployment, which is explained further in
section 3.6. At a high level, we use a standard RL formulation, where an agent, or algo-
rithm, interacts with an environment. At every timestep, the environment provides the state
of the robot to the agent and the agent outputs an action. The action is applied to the
environment, which then produces the next state, and so on. In the following sections, we
will present each of these components in detail. We will present the simulation environment
used for training, the RL task formulation, the training procedure, the learning algorithm,
our sim-to-real transfer efforts, as well as deployment details.

Figure 3.1 System overview during training: We present an overview of the complete
training setup. An agent interacts with the simulated environment and is trained using an
asymmetric version of the PPO algorithm. The observation and privileged information are
retrieved from the Isaac Gym simulator and provided to the agent, which in turn outputs an
action.
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3.1 Simulation Environment

For this thesis, we used Isaac Gym [39], a physics simulation environment developed by
NVIDIA, as the training platform for our RL-based controller. Isaac Gym is specifically de-
signed for RL applications in robotics and other domains, offering unparalleled training speed
and scalability by fully leveraging GPU resources. Isaac Gym is built on top of the NVIDIA
PhysX engine, and one of its main advantages is its seamless integration with popular deep
learning frameworks such as PyTorch, which is the framework we use, facilitating rapid de-
velopment and deployment of RL agents. Additionally, the simulator is highly customizable,
allowing for the creation of diverse environments and tasks, as well as importing custom
robot models. Isaac Gym supports domain randomization techniques, which can enhance
the robustness of RL agents by introducing variations in the environment during training,
thus aiding in the transfer of learned policies from simulation to the real world. This will be
further discussed in section 3.5.

Figure 3.2 Different training terrains. Rough terrains used during training in addition
to the stairs environments. From left to right: smooth pyramid, rough pyramid, discrete
obstacles, smooth slope.

Compared to other widely-used simulators such as Raisim [16], MuJoCo [40], and Gazebo [41],
Isaac Gym’s GPU-accelerated architecture enables significantly faster simulations and train-
ing of agents, thanks to its high parallelization. We were able to simulate 4096 robots in
parallel in a single GPU. While Raisim and MuJoCo offer accurate physics simulations, they
can be more computationally demanding and do not scale as efficiently as Isaac Gym in
parallel environments. Gazebo, on the other hand, provides a comprehensive simulation
framework with support for various sensors and plugins but typically suffers from slower sim-
ulation speeds. In fact, we used Gazebo for sim-to-sim validation as a stepping stone toward
real-world deployment. As the real robot software stack runs under the Robot Operating
System (ROS), we were able to test the complete pipeline in simulation using Gazebo and
validate performance.
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3.1.1 Terrains

To construct our training environment, we use multiple types of different terrain. The en-
vironment is 60 meters wide by 120 meters long and is divided into 10m × 10m terrains.
There are six columns for six types of terrain and twelve rows for increasing curriculum dif-
ficulty. We have noted that the policies are more robust when exposed to a bigger variety of
obstacles. These are all the types of terrain that we use:

• Stairs: Since the main goal is to learn a controller capable of climbing stairs, two out
of the six columns are composed of stairs terrains. The stairs columns are divided into
two sections. The first half, i.e. six rows, are terrains with only one step of gradually
increasing height. The height ranges from 5cm to 17cm. There is some space before
the step and some space after. These terrains are meant for the agent to learn the basic
motion of going up a step before tackling continuous stairs terrains. The second half
of the rows contain normal stairs terrains. These have stairs flights of five steps. Step
height increases gradually from 12cm to 20cm, while step width decreases gradually
from 1m to 35cm. Figure 3.3 shows an example of a single-step terrain and a staircase
terrain.

• Smooth slopes: Smooth slopes are simply slanted planes. These environments are
important to reduce drift. In fact, since we use a balancing robot, training it to reach
a precise goal on a slope forces it to maintain balance while holding a stable position.
The slopes range from 0 degrees to 8.5 degrees.

• Discrete obstacles: The discrete obstacle are random rectangular obstacles that are
created on flat terrain. Their height goes up to 10cm and their dimensions in length
and width vary between 1m and 2m. This environment simulated small obstacles that
the robot may encounter in the real world such as debris.

• Smooth & rough pyramid slopes: These environments are pyramids with a flat
platform in the middle, which is where the robot spawns at the beginning of an episode.
Their inclination goes from 0 to 8.5 degrees just like the slopes. In the case of the rough
pyramids, they have randomized noise in the terrain height of up to 5cm, which gives
them a bumpy surface. This helps the robot learn to remain stable in rough terrains
such as gravel or grass.
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Figure 3.3 Stairs terrains: Single step terrain (left), and staircase terrain (right).

3.1.2 Robot Model

In order to train the RL controller in Isaac Gym, we need a model of the robot to simulate its
behavior. In this work, we use the same model as presented by Salzmann [35] as we use the
same robot. In summary, the model was obtained from the computer-aided design (CAD)
of the robot. The contact geometries for interaction with the environment were simplified
to reduce simulation time and memory usage. Joint limitations, such as velocity and torque
limits, were modeled to match real-world operation ranges. The dimensions, inertia, masses,
and motor limitations were based on the CAD model and verified on the real system after
its assembly.

3.2 Task Formulation

We formulate our RL task as a position-based navigation task. The robot spawns in the
environment, and a goal position is sampled. The episodes last 6 seconds, and to solve the
task, the robot’s base needs to be at the goal location before the end of the episode. For the
step and stairs terrains, the robot always spawns at the bottom of the steps roughly facing
them (±0.1rad). The goal is sampled at the top and also has a heading within the same range.
For the other terrains, the robot spawns in the middle of the terrain and a goal is sampled
somewhere within a 1m radius of the robot with a random orientation. Figure 3.4 illustrates
the setting of our RL task in a step environment. Our position-based task formulation is
inspired by the work of Rudin et al. [21], however, the observation we provide to our RL
agent differs in order to avoid the need for exteroceptive information during deployment.
This difference will be explained in more detail in the following sections.
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Figure 3.4 Task setup: Example for one of the 4096 simulated robots during training. The
robot spawns in the environment and a goal pose is sampled. The goal pose is marked in
green and red. The yellow dots represent the terrain height measurements which are part of
the privileged information about the terrain.

3.2.1 State

Because we use an asymmetric actor-critic structure, we divide our state into two: an obser-
vation, to which both the actor and critic have access, and privileged information, which only
the critic can access during training. Table 3.1 presents the observations used by the actor
during training and deployment. These values were scaled by the normalization coefficients
presented in the table as a pre-processing step before being used for training and inference
by the neural networks to keep them in a reasonable range. During training, we add noise to
this observation to make the agent more robust during deployment. We choose the scale of
the noise according to how reliable these measurements are on the real robot. For example,
commanded values do not require noise, since they will be provided by the user. Moreover,
joint positions are very accurate, so the scale of noise applied is low. On the other hand,
joint velocities can have very noisy measurements, as they are measured numerically from
position variations. The agent should not learn to rely on these values being very precise, so
we add a high level of noise to them.

The privileged observations are presented in table 3.2. First, the critic gets the linear veloc-
ity and base height of the robot. These values are not straightforward to obtain on the real
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Table 3.1 Observation: This table presents the observation given to our agent. It also
presents the normalizing coefficient used as well as each input dimension and percentage of
noise applied during training.

Symbol Observation Units Coeff. Size Noise (%)
⃗̇θ Angular velocity rad/s 0.25 3 ±20
γ⃗ Projected gravity N/A (unit vec) 1.0 3 ±5
⃗gdir Direction to goal N/A (unit vec) 1.0 2 ±0

θerr Heading error rad 1.0 1 ±0
htarget Base height command m 1.0 1 ±0
b Terrain boolean N/A 1.0 1 ±0
q⃗ Joint positions rad 1.0 4 ±1
⃗̇q Joint velocities rad/s 0.05 6 ±150
⃗alast Last action rad & rad/s 1.0 6 ±0

robot, which is why they are not included in the actor’s observation. The critic also gets
the goal relative position in x, y, z instead of only a 2D direction in x, y coordinates. Finally,
we also provide some ground truth information from the simulator, such as terrain height
measurements, contact forces, and friction coefficient of the terrain the robot is currently in.
The height measurements are sampled from a 1.6 × 1.0m grid around the robot and spaced
equally. The contact forces are filtered using a sliding window with a window of 5 timesteps,
equivalent to 0.1 seconds.

Table 3.2 Privileged information: This table presents the privileged information given to
the critic during training. This information is only available in simulation. We present the
normalizing coefficient applied to each input as well as their dimension. There is no noise
applied to this data, as it will not be used during deployment.

Symbol Observation Units Norm. Coeff. Size
vx Linear velocity m/s 0.25 1
h Base height m 1.0 3
g⃗rel Relative goal position m 1.0 3
Hterrain Terrain height m 5.0 187 (17 × 11)

⃗fwheels Contact forces N 0.01 6
µ Friction coefficient N/A 1.0 1
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3.2.2 Actions

The actions are composed of a vector with six values, which are directly interpreted as
commands for all the joints. The first four actions are joint position targets for the joints of
the hips and knees, and the last two actions are angular velocity targets for the wheels. The
actions are scaled by a 0.5 factor and then used as targets for PID controllers for each of the
joints. However, for the articulated joint commands, we have an additional post-processing
step before using them as position targets. We clip the angular position commands to be
within ±π of the current joint positions. In fact, without this clipping, it would be impossible
to know which way the motor should turn to reach the desired position, which makes an
important difference in the robot’s behavior. By clipping the values, we can then simply find
the closest angle from the current position to the desired position, since it will never be more
than half of a complete rotation. For PID control, the articulated joints use only a P gain of
20.0, while the wheel controllers have a P gain of 20.0 and a D gain of 2.0. These values are
the same in the simulation and the real robot.

3.2.3 Rewards

All the rewards and their weighting coefficients are presented in table 3.3. In this section, we
explain how each of these rewards is important and contributes to learning a good behavior.
The rewards are separated into two categories. Rewards #1 to #3 are the main task-specific
rewards, whereas rewards #4 to #13 are manually tuned dense rewards and penalties to en-
courage or discourage some behaviors. This second category of rewards was carefully tuned
to obtain smoother and improved behaviors once the rough motion was discovered using the
main rewards after training some agents and analyzing preliminary results.

The main idea behind our position-based task formulation is to give more freedom to the
actor to explore different strategies to climb steps and find a good solution that might have
been difficult to obtain by crafting it manually. Therefore, the main reward of our task,
reward #1 only comes into play during the last 2 seconds of the episode (Tr = 2s). This
reward encourages the robot to be at the goal location at the end of the episode but does not
add any further constraints. However, this makes it very difficult for convergence. Therefore,
we introduce rewards #2 and #3. Reward #2 is a temporary reward that is only given to
the agent until it reaches half of the best possible performance for reward #1. It gives an
incentive for the robot to have a linear velocity toward the goal. This is exactly what we
want to avoid because it would encourage high velocity throughout the whole episode, which
is why it is only temporary to accelerate convergence. Reward #3, on the other hand, pe-
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Table 3.3 Rewards: This table presents all the reward terms used for training our stair-
climbing agent with the Ascento robot as well as their respective coefficients. Rewards #1
to #3 are task-specific, while rewards #4 to #13 are used to obtain a smooth motion and
penalize undesired behaviors.

# Reward Formula Coefficient

1 rposition
1

Tr

1
1+∥x⃗− ⃗goal∥2 if t > T − Tr 10.0

2 rpos_bias
˙⃗x·( ⃗goal−x⃗)

∥ ˙⃗x∥∥ ⃗goal−x⃗∥ 1.0

3 rstall −1 if ∥ ˙⃗x∥ < 0.1m/s and ∥x⃗ − ⃗goal∥ > 0.5m 1.0

4 rface_goal −∥θ − θgoal∥ if ∥x⃗ − ⃗goal∥ > 0.5m 0.1

5 rwheel_forces_xy − ∑ ∥ ⃗fwheels_x + ⃗fwheels_y∥ 0.01

6 rbase_height exp (−4 · (h − htarget)) 1.0

7 rorientation − ∑(γ⃗xy)2 0.2

8 rdef_pos − ∑ ∥q⃗ − ⃗qdefault∥ 0.1

9 rdof_acc − ∑ ⃗̈q 2.5e-7

10 raction_rate − ∑ ∥a⃗ − ⃗alast∥2 0.014

11 rlin_vel_z −v2
z 1.0

12 rang_vel_z −ω2
z 0.1

13 rang_vel_xy − ∑
ω⃗xy

2 0.5

nalizes stalling unless the robot is already close to the goal. This reward is kept throughout
the training process since it does not have any undesired effects.

Then, we have rewards #4 to #13. These rewards can be separated into different categories.
First, rewards #4 and #5 help shape how we want the robot to go up the steps. Reward #4
encourages the robot to locomote forward and not backward, always facing the goal, while
reward #5 penalizes forces on the wheels in the xy to discourage the robot from going full
speed and relying only on friction with the steps to go up. Second, rewards #6 to #8 are
used to maintain the base in a stable position. Reward #6 encourages a good base height,
measured from the ground. The target base height is sampled from the operating range of the
robot, which for the Ascento robot is between 45cm and 65cm. Rewards #7 and #8 penalize
deviating from a stable base rotation and deviating from the default joint configuration of
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the legs respectively. Finally, rewards #9 to #13 are penalties to ensure smooth motions.
They penalize action variation rate to avoid jerky movements, as well as linear velocity along
the vertical axis, and angular velocities of the base.

3.3 Curriculum

Figure 3.5 Training curriculum: Different training terrains, progressively harder from
left to right. The stairs terrains, where the terrain boolean is set to 1 during training, are
delimited in green. In the other terrains, this observation is set to 0.

As mentioned in section 3.1, we use a mix of stairs terrains and rough terrains of gradually
increasing difficulty to train our policy. The use of a curriculum has proven to help with
sample efficiency and convergence in the field of machine learning in general [42], and is
particularly useful in RL, where the agent learns from interactive experience. By presenting
easier terrains to the robot in the beginning, we facilitate convergence towards a stable policy
before facing more challenging obstacles. Furthermore, for the stairs environments, we start
with a single step so the robot can learn the general motion needed to climb stairs. In the
second half of the curriculum, we introduce continuous staircases of increasing difficulty. In
this work, we use a curriculum inspired by the one proposed in the work of Rudin et al. [19].
At the beginning of training, 4096 robots are spawned in the environment, all starting in
the easiest terrains of each type. Every time an episode ends, either because of reaching the
time limit, or because of a terminal state such as a fall, we evaluate the performance of the
robot and decide if it should progress in the curriculum, regress, or remain at the same level.
If the robot is within 20cm of the goal, we move it one level up, and if the robot is more
than 50cm away from the goal, we move it one level down, unless it is already at the lowest
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level. If a robot reaches the highest level of its terrain, it is randomly assigned a new level
to start from. By doing this shuffling after the final level, we make sure that easier levels are
still visited later on during training to avoid catastrophic forgetting. Figure 3.5 illustrates a
top view of the environment when the agent already masters all the levels and the robots are
equally distributed.

3.4 Learning Algorithm

We used the RL algorithm PPO, with an asymmetric actor-critic structure. This concept was
first introduced by Pinto et al. [43] in 2017 for robotics control. It is a variant of the standard
actor-critic algorithm in RL, where the actor and critic use separate networks, allowing them
to update independently [44]. This setup enables more efficient and stable learning as the
two components can evolve at different rates, reducing the risk of oscillations or divergence.
The asymmetric version means that the actor and critic do not share the same observations.
In our case, we provide the actor only proprioceptive information and commands, while the
critic has access to privileged information. Privileged information refers to additional data
or observations that are not typically accessible during the deployment or execution of the
learned policy, but accessible from the simulator during training. By incorporating this extra
information into the critic network’s learning process, the algorithm can improve its value
estimation and guidance to the actor, resulting in better policy updates and more efficient
learning. The use of privileged information by the critic network can be particularly advanta-
geous in scenarios where such information aids in understanding the environment dynamics,
task structure, or long-term consequences of actions. While the actor is constrained to learn
a policy solely based on the observable state, the critic’s access to privileged information can
enhance its ability to guide the actor towards better decisions, leading to improved overall
performance. In our case, providing terrain information helps to locate the stairs in the
environment and provides better guidance to the actor. We also feed the critic with contact
forces, friction coefficients, and velocity measurements, which are not available during de-
ployment.

In this work, we use the open-source PPO implementation published by the Robotics Systems
Lab (RSL) from ETH [19] 1. This implementation is highly parallelized and is specifically
designed to be used with the Isaac Gym simulator using large batch sizes. We simply remove
the bootstrapping element from this implementation, since we deal with a finite horizon task
formulation, while their implementation is meant for infinite horizon tasks such as tracking

1https://github.com/leggedrobotics/rsl_rl
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velocity commands. Our policies are capable of solving all the levels of the curriculum after
5k learning steps, and we train them for a total of 20k learning iterations. For all of our
training and experiments, we used a single GPU, an Nvidia DGX A100 with 16 GB of
memory. The PPO parameters we used are presented in appendix A.

3.5 Sim-to-real Transfer

Table 3.4 Domain randomization: This table presents the physical parameters that were
randomized during training to facilitate sim-to-real transfer.

Parameter Operation Range Units

Friction N/A [0.2, 1.0] N/A

Base mass Addition [-1.0, 1.0] kg

Leg links mass Multiplication [0.9, 1.1] N/A

Base CoM Addition [-0.02, 0.02] m

Push robots N/A [-0.5, 0.5] m/s

Delay N/A [0, 20] ms

During training, we use domain randomization to facilitate transfer to the real world [45,46].
First, we randomize friction with the terrain as this parameter is very important to our task.
We noticed that if friction is too high, the robot learns to use its grip between the wheels
and the step to go up. While this strategy works in simulation with perfect collisions and
friction, it does not transfer to the real world because of slippage due to the wheel momen-
tarily losing contact with the step. Furthermore, we randomize masses and center of mass
placement to remain robust to slight mass changes on the real robot. We also apply a random
“push” to the robot, which is simulated by assigning a random base linear velocity sporadi-
cally throughout training. This helps with overall robustness to disturbances and deviations
from desired trajectories. Finally, we randomize delays in the control loop [47]. In fact, the
controller in simulation always runs exactly at the desired frequency, which is not the case
in the real world due to computing, sensing, and actuation delays. The control loop runs at
50Hz, so we choose to add random delays between 0 and 20ms. This is a very important part
of our sim-to-real process, and we highlight its effect in section 4.3. In practice, we introduce
delays by randomly using old states (from the last time step) to compute actions. Table 3.4
presents a summary of our randomizations.
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Figure 3.6 Stair climbing motion in Gazebo: This figure presents the robot going up a
step in the simulator Gazebo. We use this simulator as a sim-to-sim validation tool before
deploying policies on the real robot.

Next, as a validation step before deploying our policy on a real robot, we use the simulator
Gazebo2 to evaluate sim-to-sim transfer. We have found that Gazebo seems to better match
the real-world behavior of our real robot. Moreover, Gazebo integrates easily with ROS,
which we use as a framework for the onboard software stack on the robot. Therefore, during
this validation step, we run exactly the same code that will run on the robot hardware.
Figure 3.6 shows the results of our policy going up a 20cm step in Gazebo. This is also
demonstrated in our video [36] at 1:20.

3.6 Deployment

During deployment, we no longer need the privileged information nor the critic. To control
the robot with the learned policy, i.e. the actor network, we simply need to reconstruct the
observation:

• Proprioceptive state: The proprioceptive state includes joint information as well as
orientation information. The joint positions are measured from the encoders, and the
joint velocities are calculated numerically from joint position change during the last
control iteration. Angular velocities and projected gravity are calculated from Inertial
Measurement Unit (IMU) data.

• Commands: We also need to provide the agent with commands as part of the obser-
vation. These include goal direction, base height target, heading error, terrain boolean,
and last actions. For our experiments, we use a remote controller to provide these com-
mands. We map the x component of the goal direction to the vertical axis of a joystick,
and the heading error to the horizontal axis of the same joystick, while the y compo-
nent of the goal direction component is always 0. In practice, this behaves similarly

2https://gazebosim.org/home
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to controlling a velocity-based controller in terms of user experience, with the added
benefit that the robot can slightly deviate from the commands to successfully overcome
obstacles. The base height command is simply kept constant to a stable height but can
be changed through buttons The terrain boolean is also mapped to a button for ease of
use, and the last actions are internally stored from the previous iteration. While we use
a remote controller for our experiments, these commands could be sent by a high-level
planner.

Figure 3.7 shows an overview of the full system.

Figure 3.7 System overview during deployment: We present an overview of the complete
deployment setup. The trained agent interacts with the real environment and is composed
only of the actor-network. The observation is retrieved directly from proprioceptive sensors
on the robot and provided to the agent, which in turn outputs an action.
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CHAPTER 4 EXPERIMENTS & RESULTS

In this chapter, we present the results of our method in simulation and on the real robot.
Overall, the trained policy was able to develop good motions for the Ascento robot to climb
stairs. Different motions can be achieved by shaping the rewards and applying different
weights to each reward term. In simulation, the robot was able to climb staircases with steps
of up to 22cm of height and down to 35cm of width. As for the real robot, we show that it
is able to climb steps of up to 15cm. In the following sections, we discuss these results and
highlight some important components of our method through our experiments.

4.1 Simulation Results

We present our simulation results in our video [36]. At 0:18, we can see different behaviors
that can be obtained from different tuning of the reward coefficients. In the first clip, we
can see that the robot developed a jumping motion and goes up with its two wheels at once.
In the second clip, we can see the robot performing a step motion that is slower and steps
up with one leg at a time. Between these two clips, the difference is that we remove the
wheel contact force penalty for the first one, and increase it for the second one. Without this
penalty, the robot can pick up more linear velocity and use its friction against the step to
move up, while with a heavier penalty, it learns to stop and step up vertically to avoid a higher
contact force with the step. Our final policy is an in-between, using the coefficients presented
in section 3.3, shown in our video [36] at 0:30. In the following subsections, we highlight the
importance of the position task formulation as well as the terrain boolean observation we
introduced.

4.1.1 Position Control Analysis

Figure 4.1 shows the velocity profile of our policy when going up a 20cm step in the simulation.
In contrast to the velocity controller shown in figure 2.2, we can see that the controller adopts
a very different velocity profile. We notice that the robot accelerates at the beginning of its
trajectory to approach the goal that is in front of it. However, when it reaches the step, it
decelerates and performs the learned step-up motion, before accelerating again to reach the
goal. This would not have been possible with a velocity-based task formulation, where the
robot is constrained to follow a specific velocity. Here, we only provide a direction toward
the goal and the robot is free to adjust its velocity to overcome the step that is in the way.
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Figure 4.1 Step motion: This figure presents an overlaid illustration of the Ascento robot
at different stages of the step-up motion. We also present its velocity profile.

Additionally, it is important to keep in mind that the controller does not use any perception,
and it has no knowledge of the exact location of the goal. The detection of the step happens
only through proprioception. The robot learns to advance with one leg slightly in front of
the other, which allows it to infer the presence of the step once it bumps into it.

4.1.2 Terrain Boolean Importance

Our proposed terrain boolean observation is a very important component of our method.
In fact, it allows the robot to learn specialized knowledge for stair-climbing skills without
compromising performance on rough terrain. In our video [36], we highlight the importance
of this observation at 0:45. First, we analyze our final policy by modifying its observation.
We notice that if we turn the boolean off and test the robot in a step terrain, it is not able
to overcome it. However, the robot remains stable and does not fall. It presses against the
step and leans forward since it continuously keeps receiving a goal direction commanding
it to go forward. Once we turn the terrain boolean back on, the robot is able to go up
the step. Second, we show the robot getting to a goal in flat terrain containing no steps
with the terrain boolean turned on. This is an interesting experiment allowing us to better
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understand what the robot learned from this observation. We notice that the robot gets to
the goal position successfully, but it adopts a different locomotion strategy. It showcases a
leg split, a position allowing it to better detect a step if it encounters one. This locomotion
style is less smooth, and not ideal for terrains that do not contain stairs. Finally, at 1:07,
we show an ablation where the policy was trained without the terrain boolean concept. We
notice that his policy always adopts a locomotion strategy with a leg split, similar to our
proposed policy when the terrain boolean is turned on, but it is not as good at climbing
steps, failing to overcome a 20cm step. Overall, this shows that when trying to combine
stair-climbing skills and all-around robustness, the policy needs to make compromises and
performance decreases for both tasks. Having a distinction through our proposed boolean
observation allows it to specialize and achieve better performance.

4.2 Real World Results

During the hardware experiments, our policy was able to climb 15cm steps with the Ascento
robot. Figure 4.2 illustrates its behavior step by step, and we also show two successful climbs
in our video [36] at 2:00. We can see that the robot drives toward the step with a slight
leg split and some speed. The left wheel initially makes contact with the step and, with
some grip, starts moving up. There is some slippage between the wheel and the step, but
as the robot infers the presence of the step from its proprioceptive state and the fact that
the terrain boolean is turned on, it lifts the left leg up. Then, the right leg follows and the
robot stabilizes at the top of the step. These results prove that our method is promising for
complex tasks such as stair-climbing, as the Ascento robot was previously unable to overcome
steps of this height. During our experiments, we noticed that it is important to compromise
between encouraging a behavior that uses velocity and grip with the step, versus a behavior
that relies only on stepping up one leg at a time. In fact, a policy that adopts the formerly
described behavior will fail due to slippage. Colliding with the step causes a momentary loss
of contact, therefore making it impossible to go up. Collisions and friction with the edge of
the step are not perfectly modeled in simulation, which makes it hard for the robot to learn
how to overcome these challenges. On the other hand, a behavior relying only on stepping up
one leg at a time fails due to the sim-to-real gap in actuation response. This will be discussed
further in section 6.1.
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Figure 4.2 Real world results: Ascento robot going up a 15cm step with our learned policy.
Images are taken at a 0.25-second interval.

4.3 Sim-to-real Transfer

In this section, we highlight the importance of adding random delays during training our
policy. As discussed in section 3.5, when deploying our policy in the real robot, there are
some delays that are not captured by the simulation. These could be due to sensor delays,
actuation delays, or even computing delays. This is especially important for the purpose of
climbing steps because it is a very dynamic motion where timing is crucial. In our video [36],
at 1:30, we show that policies learned without accounting for this sim-to-real gap and omitting
delays in the simulation are very unstable. They are not robust to disturbances and have very
jerky behavior when going up a step. When climbing a 10cm step, the joints exhibit high-
frequency oscillations and some joint velocities reach a peak of 15 rad/s. After adding the
delay randomization, we can see that the policies are more robust and smoother, successfully
climbing the same step without any joint exceeding a velocity of 1.5 ras/s. This is shown at
1:42 in our video [36].
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CHAPTER 5 GENERALIZATION OF THE METHOD

In this chapter, we study the generalization of our method to other legged and wheeled-legged
robots. In fact, although it was designed for the Ascento robot, we believe it is applicable to
other robot morphologies with minor adaptations.

Figure 5.1 Different robots: This figure presents the robots used for evaluating the gen-
eralization capabilities of our method. Top: Cassie, Ascento Robot, ANYmal on Wheels
(Biped). Bottom: ANYmal on Wheels (Quadruped), Unitree Go1.
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5.1 Robots & Method adjustments

We evaluate our proposed method on four different robots: The Unitree Go1 quadruped [48],
the bipedal robot Cassie [49], the wheeled-legged balancing robot Ascento [2] and the wheeled-
legged quadruped ANYmal on Wheels [29], illustrated in figure 5.1. For ANYmal on Wheels,
we conduct experiments in quadruped mode and biped mode. Our method is applicable
without any modifications, except for the reward function. We conserve reward terms #1 to
#3 from table 3.3, but the others were specific to the Ascento robot. Appendix B presents
the different additional rewards for each robot.

5.2 Results & Discussion

We evaluate our method on all robots and conduct an ablation study to showcase the im-
portance of the asymmetric actor-critic structure using privileged information as well as the
terrain boolean observation. Table 5.1 shows the success rate obtained for each robot for
climbing a single step. For each experiment, 2000 trials are conducted per robot. First, we
conclude that the privileged information is critical for successfully learning the task. We
attribute this mainly to the terrain information, which helps guide the actor to a terrain-
cautious behavior. On the other hand, the proposed boolean observation is particularly
important for bipedal robots because it allows them to learn distinct skills for stair-climbing
while learning a robust general policy to navigate the other terrains. All the trained robots
achieve a success rate higher than 75% on standard height steps of 18cm with our method.
Similarly to the Ascento robot, the other robots also showcase gaits capable of detecting and
traversing the steps through proprioception information only. We present successful runs
with our method in a supplementary material video [50].

Finally, the importance of the terrain boolean observation for the proposed method can be
especially seen when applied to bipeds and wheeled-legged robots. In fact, it allows the robots
to learn specialized knowledge for stair-climbing skills without compromising performance on
rough terrain. Table 5.1 shows that Cassie, Ascento, and ANYmal on Wheels achieve a higher
success rate when on stairs in the Bool On experiment than the No bool ablation, whereas
the Bool Off variant outperforms it in other terrains. The same policy successfully learns
these two behaviors conditioned on the boolean observation. For example, we notice that
our learned policy for Cassie adopts a slower gait with higher strides when the terrain bool is
present. It allows it to maintain more stability and climb over the steps when its feet collide
with it. When we turn the bool off, it adopts a quicker gait which is more efficient in the
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other terrains. Similarly, Ascento showcases a bigger leg split when in stair mode, a position
allowing it to lift its front leg when detecting a step through proprioception. When omitting
the terrain boolean in the No bool ablation, a compromise has to be made to maximize
performance on all terrains, which results in a less specialized policy. On the other hand,
the boolean is not essential for the Go1, as all experiments, except the No priv. ablation,
achieve a good policy. This is easier because of its four legs, providing more stability when
traversing steps. Lastly, the ANYmal on Wheels also exhibits interesting behavior. In both
quadrupedal and bipedal modes, it learns to mostly use its wheels to locomote and step
when encountering a step. This behavior is not developed without the boolean, hence the
low success rates. We conclude that our task formulation as well as the use of privileged
terrain information during training are the key components to discover this behaviour.
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Table 5.1 Simulation results for step climbing: This table presents the results of our
method on different robots. For each robot, we test our method with the boolean observation
set to 1 and 0, as well as two ablations. We Each experiment is conducted for 2000 episodes.

Robot Exp. Success Rate (%)

Step height 14cm 18cm 22cm 26cm 30cm Other
terrains

Unitree
Go1

Bool on 99.7 99.7 98.5 43.1 *0.0 97.7
Bool off 98.8 98.3 93.5 19.1 *0.0 98.6
No bool 100.0 99.8 99.6 56.4 *0.0 98.7
No priv. 15.4 12.9 8.8 3.9 *1.0 95.3

Cassie

Bool on 100.0 100.0 99.7 99.0 98.3 98.8
Bool off 97.4 92.2 87.8 78.2 64.7 98.1
No bool 99.2 97.2 90.6 79.6 74.3 69.4
No priv. 0.0 0.0 0.0 0.0 0.0 22.3

Ascento

Bool on 87.6 82.3 69.4 *31.4 *1.4 97.7
Bool off 23.2 18.6 9.6 *0.1 *0.0 98.1
No bool 87.9 82.5 47.9 *4.4 *0.0 62.5
No priv. 0.0 0.0 0.0 *0.0 *0.0 80.2

ANYmal
on Wheels
(Quadruped)

Bool on 93.2 93.8 90.2 61.1 18.7 95.9
Bool off 73.8 40.8 18.9 4.8 0.5 97.7
No bool 34.3 37.9 26.4 34.4 14.8 20.9
No priv. 0.3 0.0 0.0 0.0 0.0 62.7

ANYmal
on Wheels
(Biped)

Bool on 93.9 92.8 93.6 93.6 93.4 85.0
Bool off 71.0 45.4 27.8 14.2 6.2 94.9
No bool 68.9 70.0 58.2 35.0 34.4 85.7
No priv. 0.0 0.0 0.0 0.0 0.0 78.8

Experiments: Bool on: Our proposed method with terrain bool set to 1.
Bool off: Our proposed method with terrain bool set to 0.
No bool: Ablation trained without a terrain boolean observation.
No priv.: Ablation trained without privileged information.
Legend: Success means the robot reached the goal ±20cm.
*Note: This height exceeds the step height the robot was trained on.
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CHAPTER 6 CONCLUSION

The goal of this thesis was to overcome a critical limitation in the deployment of Ascento’s
wheeled-legged robot in multi-story settings. The inability of the robot to traverse stairs con-
strained its usefulness in security patrols across a variety of terrains. To overcome this, we
proposed a method using RL to train a controller that equips the robot with stair-climbing
capabilities. Our proposed methodology diverged from the traditional velocity-based task
formulation during the training phase, favoring a position-based RL task. We used an asym-
metric actor-critic structure, allowing the critic network to leverage privileged information
during training, and removing the need for this data during deployment. Furthermore, we
introduced a boolean observation that served as a mode switch for the stair-climbing skill,
a feature that proved instrumental to achieve good results at this task while remaining ro-
bust in other types of terrain. The application of these techniques and methodologies led
to the creation of a “blind" controller that does not require exteroceptive sensor information
or a positioning system. Our method allowed Ascento to climb 15cm steps, an achievement
previously impossible with the current iteration of this robot. These advancements, once in-
tegrated into the robot control stack, will significantly enhance the robot’s operational range.
Finally, we evaluated our proposed method on different robot morphologies and showed that
it can be generalized. In the following section, we discuss the limitations of our method and
possible directions for future work.

6.1 Limitations & Future Work

While the implementation and successful real-world application of our RL controller provides
a strong foundation for further improvements and extensions, some limitations remain. First,
although our method does not require any precise information about its surrounding terrain,
it does need access to the terrain boolean observation that we introduced. This is already a
great advancement in reducing the perception complexity requirements to traverse obstacles
compared to other locomotion methods, which require a complete elevation map of the en-
vironment for locomotion [51,52]. An interesting direction for future work could explore the
possibility of inferring this simple boolean observation from perceptive data, such as image
or depth information. This could potentially be achieved using supervised learning.

Furthermore, another direction would be to improve the sim-to-real gap. Transferring the
learned skills from simulation to reality continues to be a challenge for our method and the



34

field of RL in general. For example, it was possible to learn policies that would climb con-
tinuous staircases in simulation using very low velocities and going up one leg at a time.
However, these were not successful when deployed on the real system, as actuation responses
were too different from the simulation. In fact, the controller learned to provide very aggres-
sive commands to the robot joints when stepping up the step. In simulation, this behavior
worked well, allowing the robot to climb steps of up to 22cm while maintaining a smooth
motion and respecting the joint velocity limits of 10 rad/s. In the real system, however, a
high overshoot in the commands caused some of the joints to reach velocities of up to 25
rad/s, which is unsafe and triggers a soft e-stop on the robot. Techniques such as modeling
the actuators with real-world data have been successful to improve sim-to-real transfer for
quadruped locomotion [14]. This would likely be beneficial for the Ascento robot as well.

Finally, another interesting approach that would be interesting to explore to improve sim-
to-real transfer is encoding the randomized parameters during training and inferring them
at deployment. Methods of the sort, such as RMA, have been successfully used for different
articulated robots [20, 38]. This could even potentially allow the learned policies to be used
across different robots of the same morphology.
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APPENDIX A LEARNING ALGORITHM PARAMETERS

In this section, we present the parameters used for training our PPO agent.

Table A.1 PPO learning parameters: Training hyperparameters for the PPO algorithm.

Parameter Value

Actor hidden layers [512, 256, 128]

Critic hidden layers [512, 256, 128]

Activation layers ELU

Initial noise std. 1.0

Value loss coefficient 1.0

Clipping parameter 0.2

Entropy coefficient 0.2

Number of learning epochs 5

Number of parallel environments 4096

Number of steps / environment 24

Number of mini-batches 4

Mini batch size 24576

Learning rate 0.01

Discount factor 0.99

Generalized advantage estimation parameter 0.95

Desired KL coefficient 0.01

Max. gradient norm 1.0
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APPENDIX B REWARD SHAPING REWARDS FOR DIFFERENT
ROBOTS

In this appendix, we present the rewards used to train the Unitree Go1 robot, Cassie, and
the ANYmal on Wheels both in biped and quadruped modes. These rewards are used in
addition to rewards #1 to #3 from table 3.3 to encourage smooth behaviors.

Table B.1 Unitree Go1 shaping rewards: Similar shaping rewards to those presented in
table 3.3. The only new term introduced is reward #10, encouraging feet air time to learn a
policy that does not drag its feet too close to the ground.

# Reward Formula Coefficient

1 rface_goal −∥θ − θgoal∥ if ∥x⃗ − ⃗goal∥ > 0.5m 0.1

2 rbase_height exp (−4 · (h − htarget)) 1.0

3 rorientation − ∑(γ⃗xy)2 0.2

4 rdef_pos − ∑ ∥q⃗ − ⃗qdefault∥ 0.1

5 rdof_acc − ∑ ⃗̈q 2.5e-7

6 raction_rate − ∑ ∥a⃗ − ⃗alast∥2 0.014

7 rlin_vel_z −v2
z 1.0

8 rang_vel_z −ω2
z 0.1

9 rang_vel_xy − ∑
ω⃗xy

2 0.5

10 rfeet_air_time
∑(tair − 0.5) 1.0
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Table B.2 Cassie shaping rewards: Similar shaping rewards to those presented in tables
3.3 and B.1. Additionally, reward #7 penalizes motor torques, and reward #9 penalizes
lifting both feet off the ground for the bipedal robot Cassie to maintain good balance.

# Reward Formula Coefficient

1 rface_goal −∥θ − θgoal∥ if ∥x⃗ − ⃗goal∥ > 0.5m 0.1

2 rorientation − ∑(γ⃗xy)2 0.2

3 rdef_pos − ∑ ∥q⃗ − ⃗qdefault∥ 0.1

4 rdof_acc − ∑ ⃗̈q 2e-7

5 rlin_vel_z −v2
z 0.5

6 rang_vel_xy − ∑
ω⃗xy

2 0.2

7 rtorques − ∑
τ⃗q

2 5e-6

8 rfeet_air_time
∑(tair − 0.5) 5

9 rno_fly −1 if not cl_foot or cr_foot 0.25

Table B.3 ANYmal on Wheels (quadruped) shaping rewards: Combination of shaping
rewards from tables 3.3, B.1, and B.2 used to learn a policy from the ANYmal on Wheels in
quadruped mode.

# Reward Formula Coefficient

1 rface_goal −∥θ − θgoal∥ if ∥x⃗ − ⃗goal∥ > 0.5m 0.1

2 rorientation − ∑(γ⃗xy)2 0.2

3 rdef_pos − ∑ ∥q⃗ − ⃗qdefault∥ 0.1

4 rdof_acc_legs − ∑ ⃗̈qlegs 3e-7

5 rdof_acc_wheels − ∑ ⃗̈qwheels 1e-7

6 raction_rate − ∑ ∥a⃗ − ⃗alast∥2 0.02

7 rlin_vel_z −v2
z 0.5

8 rang_vel_xy − ∑
ω⃗xy

2 0.5

9 rtorques − ∑
τ⃗q

2 5e-6
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Table B.4 ANYmal on Wheels (biped) shaping rewards: Combination of shaping
rewards from tables 3.3, B.1, and B.2 used to learn a policy from the ANYmal on Wheels in
biped mode.

# Reward Formula Coefficient

1 rface_goal −∥θ − θgoal∥ if ∥x⃗ − ⃗goal∥ > 0.5m 0.1

2 rorientation − ∑(γ⃗xy)2 0.2

3 rdef_pos − ∑ ∥q⃗ − ⃗qdefault∥ 0.1

4 rdof_acc_legs − ∑ ⃗̈qlegs 3e-7

5 rdof_acc_wheels − ∑ ⃗̈qwheels 1e-7

6 raction_rate − ∑ ∥a⃗ − ⃗alast∥2 0.02

7 rlin_vel_z −v2
z 0.5

8 rang_vel_z −ω2
z 0.2

9 rang_vel_xy − ∑
ω⃗xy

2 0.5
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