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Abstract

Agile Legged Robots through Reinforcement Learning and Optimal Control

Yuxiang Yang

Chair of the Supervisory Committee:
Byron Boots

Computer Science & Engineering

This thesis addresses the challenge of developing agile legged robot controllers capable

of high-speed, precise, and rapidly adaptive behaviors in real-world scenarios. While re-

cent advancements have demonstrated impressive hardware capabilities of legged robots in

controlled environments, deploying these controllers in complex, real-world environments re-

mains a significant challenge. Traditional optimal control methods, which rely on predefined

physics models to optimize motor commands, can precisely track desired motions but cannot

plan for complex, long-horizon trajectories due to computational constraints. On the other

hand, reinforcement learning frameworks offer the potential to learn versatile, perception-

integrated motion policies end-to-end. However, they often lack the precision and robustness

of optimal control methods and require extensive tuning in reward shaping and sim-to-real,

for effective real-world application. In this thesis, we propose a hierarchical framework that

merges the versatility of reinforcement learning with the precision of optimal control for

enhanced agility of legged robots. We explore key challenges in training and deploying this

framework and suggest methods to extend it to novel environments and tasks.

We introduce the proposed hierarchical learning-control framework in three stages. First,

we develop an early version of this framework for learning energy-efficient gait transitions

in high-speed locomotion, with a high-level gait policy and a low-level centroidal controller.

We then expand the interface between the high-level policy and the low-level controller



for advanced control of continuous jumping motions, and restructure the low-level optimal

control problem for GPU-accelerated training. Lastly, to achieve real-world terrain-aware

jumping, we integrate perception into the framework and redesign critical components for

robust real-world performance. With this final version of our framework, we achieve high-

speed, animal-like jumping on challenging terrains such as stairs and stepping stones.

Next, we extend the proposed hierarchical learning framework to novel terrains and tasks.

By incorporating semantic information into the perception pipeline, we enable the legged

robot to navigate quickly and safely through complex offroad terrains such as rocks, mud,

or vegetation. Furthermore, we increased the capabilities of quadrupedal robots from basic

locomotion to versatile loco-manipulation, with a novel lightweight gripper design and a

restructured hierarchical framework optimized for teleoperation.

This thesis presents general-purpose algorithmic frameworks for perception-integrated,

highly dynamic motion control of legged robots, as well as open-source implementations

that can be readily deployed or further developed by the broader robotics community. To

demonstrate their robustness and applicability, the methods proposed have been rigorously

tested in standard real-robot benchmark tests and in diverse, complex real-world scenarios.
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1

Chapter 1

INTRODUCTION

Legged robots offer the promise of traversing some of Earth’s most challenging terrains,

from steep mountain roads to muddy, deformable landscapes. The ability to navigate these

terrains at high speed can bring immense benefits, from rapid search-and-rescue operations

to remote explorations in dangerous areas. In such scenarios, an agile legged robot must

move quickly and precisely, and adapt rapidly to fast-changing environments. Achieving

this level of agility necessitates a comprehensive integration of efforts across many fields in

robotics, including mechanical design [1, 2], control systems [3, 4], sensor integration [5, 6],

and machine learning techniques [7, 8, 9]. While significant advancements have been made

in many of these areas, today’s legged robots still cannot achieve the same level of agility as

their biological counterparts.

Historically, researchers have achieved significant success in developing agile legged loco-

motion using optimal control (OC) frameworks. By constructing a dynamic model of the

robot and optimizing control inputs to follow desired trajectories, these controllers enable

reactive and precise tracking of highly dynamic movements, even under severe external per-

turbations [10, 3, 4, 11]. However, these frameworks encounter several bottlenecks when

scaling to real-world complexity. Firstly, the high computation demand that these systems

can only plan a few steps ahead, which isn’t always sufficient for challenging tasks with long

periods of under-actuation [12, 13, 14, 15]. Moreover, these frameworks often struggle in

complex terrains with limited choices for foot placement, not only due to the challenges of

perception integration [6] but also because of the increased complexity in solving the opti-

mal control problem [12]. Therefore, it can be challenging to use standard optimal-control
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methods for agile robot locomotion in challenging real-world environments.

Learning-based frameworks offer a promising alternative to traditional optimal control for

agile legged locomotion. These frameworks develop policies that directly map from sensor

inputs to motor outputs, and train these policies through extensive environment interac-

tions. [7, 8, 16, 9, 17, 18]. Although these frameworks can learn versatile behaviors and

seamlessly integrate perception in an end-to-end manner, they face notable challenges to

learn smooth, real-world deployable policies. Without explicit knowledge about the robot

structure or physics properties, these frameworks can often get stuck in suboptimal or even

infeasible motions, and require additional effort in reward shaping [8], curriculum design [19],

or action-space parameterization [20] to learn smooth and deployable trajectories. Another

bottleneck for these approaches is the ’sim-to-real’ gap [7], where policies trained extensively

in simulation overfit to simulation settings and fail to perform as-well in real-world settings.

This gap is particularly evident for agile tasks, which push the hardware to its limits and

are highly sensitive to even small sim-to-real discrepancies.

An effective framework for agile legged locomotion, capable of fast, precise, and adaptive

movements, must combine the strengths of both structured and learning-based approaches. It

should incorporate prior physical knowledge to ensure reliable and accurate motion tracking,

while also leveraging learning algorithms for versatile, perception-integrated behaviors. This

requirement motivates the core research statement of this thesis:

A hierarchical combination of reinforcement learning and optimal control is crucial for

enabling agile legged robots with fast, precise, and adaptive motions.

Guided by key research questions arising from this central principal, this thesis develops

a hierarchical framework that combines reinforcement learning with optimal control. The

framework enables a wide range of agile behaviors on quadrupedal robots, such as high-speed

running with energy-efficient gait transition and continuous and terrain-adaptive jumping.

We address key challenges in designing such a framework, including environment configura-

tion, training acceleration and perception integration. Additionally, we extend the concept

of agility by broadening the testing environments from traditional urban or laboratory set-
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tings to rugged off-road terrains, and by broadening the scope of tasks from locomotion to

versatile loco-manipulation.

Next, we provide an overview of works presented in this thesis:

A Hierarchical Framework for Agile Legged Locomotion

We start by establishing the main hierarchical learning-control framework introduced in

this thesis. We first show how a preliminary version of this framework can learn to specify

gaits to a low-level optimal controller. We then expand the scope of this framework for con-

tinuous, long-distance jumping, and redesigned the low-level controller for GPU-accelerated

training. Lastly, we incorporate perception into this framework to learn high-speed, animal-

like jumping on challenging terrains like stairs or stepping stones.

Chapter 3 introduces the initial version of our hierarchical learning-control framework.

Motivated by the challenge in planning through contact [21], we introduce a high-level gait

policy to learn contact references to a low-level locomotion controller based on model pre-

dictive control (MPC), and train this gait policy end-to-end with the low-level controller

using reinforcement learning. The resulting policy learns a wide variety of gaits for different

locomotion speeds, from low-speed crawling to high-speed fly-trotting, and can seamlessly

switch between the gaits based on velocity command.

Chapter 4 advances this hierarchical learning-control framework to the task of continuous,

omni-directional jumping. For these motions, the high-level policy not only need to specify

an adequate contact timing, but also need to carefully plan a body trajectory for precise take-

off and landing. For this purpose, we augment a heuristically designed body pose planner

with a learned residual policy. Working together, the robot can learn stable, continuous

jumping in multiple directions as well as jump-turns.

Chapter 5 redesigns this hierarchical learning-control framework for efficient training of

general locomotion gaits. In this work, we refactored the high-level policy to output the

gait timing, reference body motion, and reference foot trajectory simultaneously, so that

the policy can coordinate a wide variety of locomotion patterns, from standard walking to

long-distance bounding. In addition, we reformulated the low-level optimal control problem
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so that it can be solved in parallel on GPU. This reformulation speeds up the training by

an order of magnitude, and enables the policy to learn most locomotion gaits in less than 20

minutes on a single GPU.

Building on top of this general framework, chapter 6 adds perceptual input into the high-

level policy and achieves continuous, high-speed, animal-like jumping on discontinuous ter-

rains like stairs or stepping stones. To increase the robustness of the low-level controller, we

further integrated a velocity-based feedback controller together with the optimization-based

feedforward controller, so that the low-level controller can prepare for future trajectories

while actively counter against dynamics shifts. To encourage policy exploration in feasible

regions, we include the cost of the low-level optimal controller as part of the reward function,

so that the policy is aware of the underactuated nature of the robot. Lastly, the perceptual

information is introduced into the policy via a heightmap predictor, which runs a recurrent

neural network to estimate terrain heights from consecutive egocentric depth images. With

this framework, a quadrupedal robot can jump up stairs in animal-like high-speed bounding

gaits, and crosses two steps in each jumping cycle. In addition, we achieve state-of-the-art

performance in jumping over single discontinuities like gaps or steps.

Extending the Scope of Agility for Legged Robots

While the proposed hierarchical learning-control framework achieved unprecedented per-

formance in agile locomotion, the works mentioned so far primarily focused on indoor envi-

ronments and standard locomotion tasks. In the second part of the thesis, we aim to extend

the scope of agility by demonstrating the effectiveness of this framework in new environments

and new tasks.

In chapter 7, we look into extending the performance of agile legged locomotion in com-

plex off-road terrains. While most prior works focused on the geometry of the environment,

such as obstacle location and terrain shapes, we find that the terrain semantics, such as

deformability and contact properties, provide valuable information for off-road locomotion.

As it is challenging to accurately recreate these semantics information in simulation, we

learn a semantics-conditioned high-level locomotion policy directly in the real world from
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human demonstrations. With a pre-trained perception embedding, we train a generalizable,

terrain-aware locomotion controller using less than 60 minutes of demonstration data, and

find that the resulting policy can perform fast and safe locomotion in a variety of offroad

terrains.

Finally, in chapter 8, we extend our scope from standard locomotion to loco-manipulation,

where the robot not only moves but also interacts with the environment. Unlike prior works

that use an additional top-mounted robot arm for loco-manipulation, we mount two light-

weight, custom-designed grippers on the front legs of the robot, and use the leg’s build-in

motors in addition to the gripper motors for versatile manipulation. The resulting hardware

supports multiple manipulation modes, such as single-arm grasping or bi-arm collaboration.

We design a similar hierarchical framework to control this framework, where the high-level

framework collects motion references from human teleoperation and the low-level controller

tracks the motion reference.
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Chapter 2

A BRIEF OVERVIEW OF LEGGED ROBOTS

In this chapter, we provide a brief overview of the history of legged robots, with a par-

ticular focus on hardware and controller design. We then focus on quadrupedal robots for

the rest of the thesis. We review standard control frameworks for quadrupedal robots, in-

cluding optimal control based controllers and reinforcement learning based controllers. The

hierarchical framework proposed in this thesis builds on top of these frameworks for agile

and adaptive locomotion.

2.1 Legged Robot Hardware

Figure 2.1: Examples of passive walking mechanisms. From left to right: the mechanical knight

[22] and mechanical lion [23] conceptualized by Leonardo da Vinci (1495), the Passive Dynamic

Walker (1990) [24], and Strandbeest (2020) [24].

Researchers have had a long history developing legged mechanisms that mimic the walking

behaviors of humans and animals (Fig. 2.1). Even without active sensing or actuation, pio-

neers like Leonardo da Vinci conceptualized mechanical systems that could emulate human

locomotion, as illustrated by his designs for passive automata ([23, 22]). Recent efforts have

brought such passive walking mechanisms to life. Notable examples include Tad McGeer’s
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passive dynamic walker [24], which can autonomously walk in downward slopes without any

external power, and the Strandbeest robots [25] that uses wind power for walking. These

early examples demonstrated the potential of legged robots and paved ways for later devel-

opment of active legged robots.

Figure 2.2: Examples of early legged robot designs that use hydraulic actuators. From left to right:

the GE Walking Truck (1969) [26], the Raibert Hopper (1983) [27], the Big Dog (2005) [28], and

the Hydraulic Atlas (2016) [29]

.

Due to the low power density in early designs of electrical motors, initial developments

of active legged robots typically rely on hydraulic motors for high performance locomotion

(Fig. 2.2). With carefully designed controllers, these hydraulically actuated robots can per-

form highly dynamic motions such as single leg jumping [27], running [28], and backflipping

[29]. However, the bulky size and weight of these actuators, as well as the high maintenance

cost, makes it difficult to deploy in real-life scenarios.

Recent development in electric motors and batteries have paved ways for small-size,

lightweight legged robots that can be easily deployed in the real world (Fig. 2.3). Built with

a compact design and lightweight materials, these robots can perform complex tasks like goal-

kicking [30], dancing [31], running [32] and hiking [2] for hours within one battery charge.

The adoption of electric powers have also unified the mechanical design of legged robots. For

example, many recent quadrupedal robots [31, 32] feature a similar 12-motor design with
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Figure 2.3: Examples of recent legged robots with batteries and electrical actuators. From Left to

Right: the Honda ASIMO Robot [30], the Spot [31], Unitree Go1 [32], and the Anymal Robot [2].

backward knees, and recent humanoid robots [33, 34, 35] feature similar design of thigh and

hip motors. This unified hardware design also paved ways for unified control frameworks

for different legged robots [36, 37], where researchers design universal, hardware-agnostic

controllers for different legged robots.

2.2 Model-based Optimal Control for Legged Locomotion

In this section, we review popular optimal-control based frameworks for legged robots, with

a specific focus on those frameworks that enable high-speed, dynamic behaviors. We will

discuss the dynamics modeling of quadrupedal robots, as well as techniques for high-speed

real-time optimization of controller commands under these dynamics models.

2.2.1 Dynamics Model for Legged Robots

We describe two most commonly used dynamics models for legged robots, the centroidal

dynamics model and whole body dynamics model. While more simplified models, such as

the pointmass model or the spring-loaded inverted pendulum (SLIP) model are popular

in earlier designs of optimal controllers, recent optimal control frameworks with improved

computational power tend to adopt these two models for higher accuracy.

At a high level, quadrupedal robots use their foot to manipulate their body through foot

contacts. By pushing the ground, each contact foot generates a ground reaction force GRF,
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Stance Leg Control

Figure 2.4: Diagram of a quadrupedal robot.

which moves the robot body in desired directions.

Notation We use standard letters (e.g. x) to denote scalars, bold letters (e.g. x) to denote

vectors, and capitalized bold letters M to denote matrices. We use In to denote the n × n

identity matrix. [·]× convertsa a 3D vector into a 3 × 3 skew-symmetric matrix for vector

cross products, such that a× b = [a]×b.

We use the following notation to describe the state of a quadrupedal robot with 12 joints

(Fig. 2.4). We denote the robot state as q = [qf , qj] ∈ R18, where qf = [px, py, pz, ϕ, θ, ψ] ∈

R6 is the position and orientation (euler angles) of the floating base in world frame, and

qj ∈ R12 is the position of all robot joints. The base velocity is represented as q̇f =

[vx, vy, vz, ωx, ωy, ωz], which includes the linear and angular velocities of the floating base.

Each contact leg i ∈ {1, 2, 3, 4} can generate a ground reaction force fi ∈ R3. We concate-

nate them together and represent as fr = [f1,f2,f3,f4] ∈ R12.

Whole-body Dynamics The whole body dynamics equation [10] of a quadrupedal robot

can be written as:

M(q)q̈ +C(q, q̇)q̇ + g(q) =

 0

τ

+ J⊤fr (2.1)

Here M(q) ∈ R18×18 represents the generalized mass matrix, C(q, q̇) ∈ R18×18 represents

centrifugal and Coriolis force, and g(q) ∈ R18 represents gravitational forces. τ ∈ R12

represents the applied joint torques, and 0 is a placeholder vector representing zero external
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force directly applied to the robot base. J ∈ R18×12 is the foot jacobian, and fr ∈ R12 is the

ground reaction forces. This dynamics equation can be derived using standard rigid body

dynamics, and the terms can be computed automatically by a rigid body simulator. We

refer the readers to the book by Featherstone [38] for a detailed tutorial. The parenthesis

in M, C, g highlights that these terms are time-varying and depend on the position and

velocity of the robot, which is one of the main challenges in accurate modeling the dyanmics

of quadrupedal robots. For simplicity, we omit these parentheses for the rest of the thesis.

We can decompose the terms into blocks, M =

 Mff Mfj

Mjf Mjj

, C =

 Cff Cfj

Cjf Cjj

,

g =

 gf

gj

, J =
(

Jf Jr

)
, where the subscript (·)f picks the first 6 dimensions to

represent the body, and (·)j picks the last 12 dimensions to represent the legs. The cross

terms Mfj,Mjf ,Cfj,Cjf represents the interaction between the robot and its legs, such as

the ability to adjust the body pose through leg movements during free-falling without foot

contacts.

To better understand this dynamics equation, let us omit these off-diagonal blocks, and

approximately decompose the whole body dynamics equation (Eq. 2.1) into the body and

joint degree of freedoms:

Mf q̈f +Cf q̇f + gf = J⊤
f fr (2.2)

Mjq̈j +Cjq̇j + gj = τ + J⊤
j fr (2.3)

Intuitively, Eq.2.2 states the relationship between the ground reaction forces fr and the base

acceleration q̈f , and Eq. 2.3 states how the ground reaction forces fr can be controlled from

joint torques. Based on this intuition, we can further derive the centroidal dynamics model.

Centroidal dynamics With the adoption of electrical actuators, most modern quadrupedal

robots center most of its components (battery, motor, etc.) around its body, and use

lightweight materials for legs. For example, the torso and upper thigh joints of the Uni-

tree Go1 [32], Unitree A1 [39], Mini Cheetah [3], and the Spot [31] all take up over 70% of
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their total weight. Because of that, we can approximate the robot as a single rigid body

with massless legs. Under these assumptions, we can rewrite the base (Eq. 2.2) and joint

dynamics (Eq. 2.3) as:

Mf q̈f + gf = J⊤
f fr (2.4)

0 = τ + J⊤
j fr (2.5)

where Eq. 2.4 represents the dynamics of ground reaction forces, and Eq. 2.5 represents the

relationship between joint torque and end effector force in quasi-static situations.

We can now write Eq. 2.4 in a more compact form:

q̈f = Afr − gf (2.6)

where

A = M−1
f J⊤

f =

 I3/m I3/m I3/m I3/m

I−1
base[r1]× I−1

base[r2]× I−1
base[r3]× I−1

base[r4]×

 (2.7)

is the generalized inverse inertia matrix. The ris denote the position of the ith foot in the

body frame of the robot.

2.2.2 Optimal Control Frameworks

At a high level, optimal control frameworks assume a pre-defined foot contact schedule and

use different control strategies for swing and stance legs. For swing legs, these frameworks

generate a reference swing foot trajectory by interpolating key waypoints, and tracks this

reference trajectory using joint-space or task-space PD control. For stance legs, these frame-

works solve an optimization problem to find the optimal ground reaction forces fr to track

a reference body trajectory qref
f . Note that both the whole-body dynamics (Eq. 2.1) and

the centroidal dynamics (Eq. 2.6) are linear in terms of control inputs. Therefore, most of

these frameworks formulate the stance foot control as a quadratic program (QP) for efficient

solving.
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Swing Leg Control

Figure 2.5: Example of a swing foot trajectory that interpolates between the liftoff, mid-air and

landing positions.

Swing Leg Control To find the reference swing foot trajectory, a controller usually in-

terpolates between a few key predefined key frames. A common choice of key frames include

the lift-off position plift-off, the mid-air position pair, and the landing position pland. The

lift-off position is the recorded foot position when the leg first switches into the swing mode.

The mid-air position is a fixed distance above the leg’s neutral standing position pref. The

landing position is determined by the Raibert Heuristic [27]:

pland = pref + vCoMTstance/2 (2.8)

which ensures equal forward and backward swings of the leg in the next contact phase.

One-step Optimal Control Given a reference body acceleration q̈ref
f , we can set up the

following quadratic program (QP) to solve for motor control commands:

min
fr

∥q̈f − q̈ref
f ∥U + ∥fr∥V (2.9)

subject to: (Mq̈f +Cq̇f + g)[:6] = J⊤
f fr or q̈f = Afr + gf (2.10)

fi,z = 0 if i is a swing leg (2.11)

fmin ≤ fi,z ≤ fmax if i is a stance leg (2.12)

− µfi,z ≤ fi,x ≤ µfi,z, −µfi,z ≤ fi,y ≤ µfi,z i = 1, . . . , 4 (2.13)
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U and V are diagonal weight matrics. Eq. 2.10 represents the whole-body dynamics or

the centroidal dynamics, Eq. 2.11 specifies contact schedule, Eq. 2.12 represents the actuator

limit in normal forces, and Eq. 2.13 represents approximated friction cone. Given the relative

small size of the problem, this QP can typically be solved in less than 1ms on a modern CPU

(e.g. Intel I9-9900K or Apple M1 Pro).

Multi-step MPC While the one-step optimal controller provides an efficient way for foot

force optimization, it requires an accurate reference acceleration q̈ref
f , which can be difficult

to compute for complex tasks. For example, a galloping gait might require the robot to

slow down slightly during landing, and accelerate quickly when its about to take-off. Such

intricate motions can be difficult to capture using a constant reference or a standard PD

controller. One way to solve this problem is to extend the one-step optimal controller into

a receding horizon model predictive control (MPC) problem, and solve it using the same

framework [4, 3]. Given the high efficiency of modern QP solvers, it is typically possible to

solve a 5 to 10-step QP in less than 5ms, which is feasible for real-time torque control. With

an appropriately selected timestep and plan horizon, an MPC framework can plan for more

sophiscated trajectories with small periods of under-actuation, such as fly-trotting [40] or

bounding [3].

Combination of MPC and WBC Despite the long planning horizon of MPC, note that

MPC-based controllers inherently provides lower-quality control solutions compared to the

one-step controller. Firstly, to speed up the optimization problem, these controllers typically

use the simplified centroidal model and a large timestep, which leads to inaccurate dynamics

estimation in long horizons. Moreover, because the both dynamics models are time-varying,

the MPC controller have to rely on estimated foot positions to set up dynamics equations

beyond the first step. Even with rapid replanning, these inaccuracy can lead to poor-quality

solutions. To combine the long planning horizon of MPC with the accuracy of WBC, one

can warm-start the WBC solver with the solution of MPC, which has proved effective for a
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variety of agile tasks [10].

Additional Kinematics-based Feedback Another common problem for optimal control

based controllers is that they only compute a feedforward term based on robot dynamics to

accurately track future trajectories, and do not actively counter against unexpected dynamics

shifts or perturbations. For example, without prior knowledge about foot sliding, these

controllers can keep pushing a sliding leg backwards, and further accelerate this sliding leg.

One common way to fix this problem is to add another kinematics-based feedback controller

[10]. Assuming static foot contact, one can compute the reference position (and velocity)

for the contact foot from the reference body position (and velocity), and further convert

that to reference joint positions (and velocities). This joint-space reference can provide an

additional feedback torque on top of the feedforward controller, and stabilize the robot in

unexpected situations.

2.2.3 The Computation Bottleneck

Despite the success of OC-based controllers, the computation bottleneck for real-time replan-

ning limits the performance of these frameworks in complex long-horizon behaviors, especially

those requiring careful motion coordination. We highlight a few common problems below:

Short Planning Horizon Due to the requirement for real-time torque optimization, opti-

mal control based frameworks typically adopt a short planning horizon, and cannot plan for

longer trajectories (e.g. jumping with extended periods of air phase) or more complex ter-

rains (e.g. limited choices for foot placement). For example, even with solver warm-start and

mixed-precision models [12], it can be still difficult to achieve a real-time planning horizon of

longer than 2 seconds. One way to resolve this limitation is to pre-plan the entire trajectory

offline [13, 14, 41]. However, these methods typically assume prior knowledge about the

terrain and the task, and require additional effort in trajectory interpolation [41, 5, 42] for

real-time behavior adaptations.
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Foot Placement in Complex Terrains Due to the same computational bottleneck,

most optimal control frameworks use the aforementioned Raibert Heuristics [27] for swing

foot placement, and cannot plan for swing foot placements together with stance foot forces.

Therefore, these frameworks face significant challenges in terrains with scarce footholds,

such as stepping stones or wide gaps, where the solver can face significant challenges solving

complex foot placement and body motion optimization problems in real time.

Fixed-Gait Assumption Due to the challenge in joint optimization of discrete contact

sequences and continuous contact forces, most optimal control frameworks assume a fixed

gait pattern and only outputs the desired foot forces according to that pattern. However, for

more dynamic behaviors like jumping, it is important to optimize for foot forces and contact

sequences simultaneously. Because the complexity of such optimization scales exponentially

with the planning horizon, solving such optimization problem in real time is computationally

intractable.

2.3 Reinforcement Learning for Legged Locomotion

In this section, we provide a brief overview of the reinforcement learning (RL) framework,

popular RL algorithms, and existing results in applying RL to legged locomotion.

2.3.1 Reinforcement Learning Problem

Problem Formulation The RL problem is represented as a Markov Decision Process

(MDP), which includes the state space S, action space A, transition probability p(st+1|st, at),

reward function r : S×A 7→ R, and initial state distribution p0(s0). We aim to learn a policy

π : S 7→ A that maximizes the expected cumulative reward over an episode of length T , which

is defined as J(π) = Es0∼p0(·),st+1∼p(·|st,π(st))
∑T

t=0 r(st, at).

In the context of robot control, it is common to design the state space to include all robot

proprioceptive information (i.e. q and q̇), in addition to potential perception inputs. The
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action space typically corresponds to motor or foot position commands, which is converted

to torque using a PD controller.

2.3.2 Solving the RL Problem

Here we review the two common frameworks to solve RL problems, which are adopted in

this thesis. At a high level, RL algorithms operate by exploring different actions in the

environment, and gradually building a preference towards higher-reward actions.

Policy Gradient Based Algorithms As a classic reinforcement learning algorithm, pol-

icy gradient (PG) collects trajectories of the current policy, derives a gradient of the policy

parameters to maximize the expected cumulative reward, and improves the policy in the

direction of that gradient. To reduce the variance of this gradient estimation, actor-critic

based methods learn an additional value model, known as the critic, that estimates the ex-

pected cumulative reward of the current action. This critic can stabilize the policy update

and lead to more stable learning processes.

As a specific type of actor-critic algorithm, Proximal Policy Optimization (PPO) [43] in-

troduces several key advancements over standard actor-critic for stable and efficient training.

The overall idea is to keep the updated policy close to the old policy, and prevent drastic

policy changes that make the learning process unstable. As a very popular algorithm, PPO

has been deployed in many RL applications in areas such as robotics, natural language pro-

cessing, game agent design. One unique benefit of PPO is that its data collection process

can be performed in parallel. Therefore, its training time can be significantly reduced when

using parallelized simulators.

Evolutionary Strategies As an alternative to policy-gradient algorithms, evolutionary

strategies (ES) do not rely on the MDP structure of the RL problem, and optimizes policies

end-to-end directly through trial-and-errors. More specificaly, ES-based algorithms start

with an initial policy in the environment, slightly perturb the policy parameters, and col-
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lects the total reward achieved by these perturbed policies. It then estimates a direction of

improvement through the collected reward signals, and improves the policy in this direction.

As a notable example, Augmented Random Search (ARS) [44] introduced a few improve-

ments to stabilize this process, and proves effective in a number of reinforcement learning

benchmarks.

Since ES-based methods do not estimate a value function or assume the underlying MDP

structure, they can be particularly effective in non-Markovian environments with partial

observability or action delays. However, these methods are typically more effective for smaller

networks with less than 10,000 parameters, and may not work effectively on large recurrent

or convolutional networks.

2.3.3 Common techniques for Legged Locomotion Application

In the long history of designing RL-based locomotion controllers, researchers have developed

a few important techniques for effective learning of real-world deployable locomotion policies.

Massively-Parallel Simulation One common concern for RL algorithms is the lack of

sample efficiency. For example, to learn a simple blind walking policy, model-free RL algo-

rithms like PPO may require hours or even days of data [20, 7, 45], which is cumbersome

to collect in the real world. Therefore, most RL algorithms use simulation as a source of

low-cost data collection. Recently, GPU-parallelized simulators like Isaacgym [46] signifi-

cantly reduced the RL training time with massively parallel data collection. With these

frameworks, researchers have demonstrated learning deployable locomotion policies in less

than 20 minutes [19], which enables rapid design iterations for RL-based frameworks.

Domain Randomization One bottleneck for RL policies trained in simulation is the

sim-to-real gap, where the policy overfits to the simulation environment and fails to perform

as-well in the real world [7]. While several techniques like domain adaptation [47, 48] and

automatic system identification [49] have been proposed to cross this gap, the most commonly
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adopted technique is domain randomization. This technique trains the policy in randomly

generated simulation environments with different dynamic parameters (e.g. body mass,

friction coefficient, motor strength), and aims to learn a policy that is robust against these

randomizations. Policies that have undergone such training tend to perform more robustly

in the real world [7] with a small sim-to-real gap.

Teacher-Student Approach Since domain randomization aims to learn a single policy

that performs well in all randomized environments, the learned policy can become overly

conservative or even completely fail to function in heavily-randomized environments. As an

alternative, recent works [8, 50, 18] adopt a teacher-student approach to learn policies that

are adaptive to these dynamics shifts. The overall idea is to first train a teacher policy using

RL, which takes in ground-truth information about the randomized dynamics so that the

policy has sufficient information to make dynamics-aware decisions. That is, the body mass,

motor strength, foot friction coefficient, etc. are all included in the state space of the teacher

policy.

Once the teacher policy is trained, a student policy is then distilled from this teacher

policy using imitation learning. Without access to the ground-truth dynamics information,

these student policies will either learn to infer these parameters (or an embedding of these

parameters), or directly learn to imitate the action of the teacher policy. The student policy

can then be directly deployed to the real world. Similar frameworks have been adopted for

the policy to learn dynamics-aware or terrain-aware policies, and have proved effective in a

range of challenging locomotion tasks [].

2.3.4 Problems

Lastly, we summarize a few challenges remaining for RL-based locomotion controllers.

Sim-to-Real While techniques like domain randomization and teacher-student training

have significantly reduced the sim-to-real gap of RL-based policies, this gap is still quite
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dominant in highly-dynamic tasks such as jumping [51, 52] or running [53]. Due to inherently

unmodeled or under-modeled real-world sim-to-real differences, such as motor characteristics

and collision forces, the real world presents a qualitatively different environment that is out-

of-distribution from the simulated environments. This is particularly evident for more agile

tasks, where the robot need to make full use of the motor capability and the foot contact

forces to prepare itself for highly dynamic motions.

Local Optima Another common problem for RL-based frameworks is that the policy

can frequently become stuck in local optima. Since the RL algorithm does not have prior

knowledge about the robot, it executes an ”uniform” exploration across all possible actions

in the action space, which may lead to a lot of infeasible action choices. For example,

without proper turning, an RL algorithm might learn to propel the robot forward using

high-frequency foot oscillations, which is not feasible in the real world. One way to alleviate

this problem is to carefully craft a reward function to penalize these edge cases [8]. However,

one usually needs to design a complex reward function with around 10 different terms to

”regularize” the RL training process [8], which can be time-consuming, especially given the

long iteration time of RL. Another way to alleviate this problem is to inject action priors. For

example, Iscen et al. [20] introduced cyclic motion references to warm-start the RL training,

which has proved effective in learning smooth, real-world deployable policies.
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Part I

HIERARCHICAL LEARNING-CONTROL FOR AGILE
LEGGED LOCOMOTION
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In the first part of the thesis, we develop a general-purpose, hierarchical learning-control

framework for agile legged locomotion. We start by designing a hierarchical framework for

energy-efficient gait optimization, where a high-level gait policy outputs gait parameters from

velocity inputs, and a low-level centroidal controller performs motor control based on the

contact information. This is the first, general purpose hierarchical framework that effectively

combines the expressiveness of reinforcement learning with the robustness of optimal control.

We then focus on the task of continuous, long-distance jumping, which requires careful

coordination of the body motion, foot placement and contact timing. We present three

works in this direction. For the first work, we learn a high-level residual policy on top of

a heuristically design motion planner, and achieves stable, versatile, and omni-directional

jumps on the real robot. Building on top of this result, we redesign the high-level policy

to directly coordinate all aspects of body motion, and refactored the low-level controller so

that the entire framework can be trained under GPU acceleration. Compared to previous

frameworks, this work reduces the training time by at least an order of magnitude, and

learns well-coordinated long-distance bounding gaits with large foot clearances. Lastly, we

add perception to this framework, so that the robot can coordinate its jumping motions

based on perceived terrain information.

While we primarily focus on jumping tasks in this part, note that this hierarchical frame-

work can be extended to general locomotion gaits including crawling, trotting, and running.

The perception component can also be used in confunction with arbitrary locomotion gaits.
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Chapter 3

A HIERARCHICAL FRAMEWORK FOR FAST AND ENERGY
EFFICIENT LOCOMOTION

3.1 Introduction

Fast and energy efficient locomotion is crucial for legged robots to accomplish tasks that

traverse long distances. In the natural world, quadrupedal animals demonstrate a wide

variety of distinctive locomotion patterns known as gaits [54], such as walking, trotting,

bounding and galloping. Each gait is characterized by a unique foot contact schedule in a

locomotion cycle. To lower their energy consumption, most quadrupedal animals switch to

a preferred gait at each different speed range [54, 55]. While many locomotion gaits have

been implemented on quadrupedal robots [3, 56], gait timing is often hand-engineered, and

the switch between gaits is based on ad-hoc user commands. Can quadruped robots learn

energy efficient gaits and natural gait transitions automatically?

In this work, we devise a learning framework in which energy-efficient locomotion con-

trollers emerge automatically. The learned controllers naturally switch between different

gaits at different speeds to maximize energy efficiency. Learning speed-adaptive locomotion

gait controllers is challenging. Although reinforcement learning (RL) has been used to train

policies end-to-end for a wide variety of continuous control tasks [44, 57, 58], these policies

are often difficult to deploy safely on real robots without additional sim-to-real effort such as

reward shaping [59], domain randomization [7, 60], or meta learning [48, 61]. Alternatively,

optimal control based controllers have demonstrated robust performance on a number of

quadruped robots [3, 4]. However, since gait patterns involve discrete contact events, it is

difficult to optimize them together with other continuous forces. Therefore, most optimal

control based controllers assume fixed, pre-selected gait timings.
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To address the above challenges, we devise a hierarchical framework that combines the

advantages of both RL and optimal control. This hierarchical framework consists of a high-

level gait generator and a low-level convex MPC controller, which decouples the locomotion

task into gait generation and motor control. Instead of directly outputting motor commands,

the gait policy functions as part of the gait generator and specifies key gait parameters,

which determines the contact schedule for each leg. Based on this contact schedule, the

convex MPC controller then determines which legs are in contact, and computes the optimal

motor command for each leg. We formulate the high-level gait policy learning as a Markov

Decision Process (MDP), design a simple reward function based on velocity tracking and

energy efficiency, and train the gait policy using evolutionary strategies (ES). We formulate

the low-level convex MPC controller using model-predictive control with simplified dynamics

[3].

With this hierarchical framework and the simple reward function, the gait policy au-

tomatically learns distinctive gait patterns at different locomotion speeds, including slow

walking, mid-speed trotting and fast fly-trotting. Moreover, the policy automatically tran-

sitions from one gait to another to generate the most efficient gait at all speeds. Thanks

to the robustness of our hierarchical framework, the learned gait policy can be deployed

successfully on a Unitree A1 robot [39] in various environments (e.g. carpet, grass, short

obstacle) without additional data collection and fine-tuning.

The main contributions of this paper include:

• A hierarchical learning framework effectively combines RL with optimal control, which

can automatically learn fast and efficient locomotion controllers;

• The learned controllers switch gaits across a wide range of locomotion speeds, similar

to those demonstrated in the animal kingdom;

• The learned controller can be deployed directly to the real world, and performs robustly

in various environments.
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Figure 3.1: Our system consists of a high-level gait generator and a low-level convex MPC controller.

3.2 A Hierarchical Framework for Gait Optimization

3.2.1 Overview

To learn fast and efficient locomotion, we build a hierarchical framework with a high-level

gait generator and a low-level convex MPC controller (Fig. 3.1). The high-level gait gen-

erator includes a learnable gait policy and a phase integrator. To generate a gait, the gait

policy outputs gait parameters, such as frequency, to the phase integrator. Based on these

parameters and the robot’s clock, the phase integrator increments the phase for each leg and

determines its contact state. In each locomotion cycle, the phase progresses from 0 to 2π

as the foot goes from liftoff to touchdown to the next liftoff. The low-level convex MPC

controller consists of separate controllers for swing and stance legs, and controls each leg

differently based on its contact state. Additionally, we implement a Kalman Filter-based

state estimator for the torso velocity, which cannot be measured directly using onboard sen-

sors and is used by both the gait generator and the convex MPC controller. We run the

high-level gait generator at 20Hz to avoid abrupt changes of gait commands, and the low
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SwingStance

Figure 3.2: We use phases to represent the state of each leg. Each leg is assigned with an inde-

pendent phase variable ϕ ∈ [0, 2π]. ϕswing is the phase threshold that a leg switches from swing

to stance. In the figure above, front-right (ϕ1) and rear-left (ϕ4) legs are in swing, while front-left

(ϕ2) and rear-right (ϕ3) legs are in stance.

level controllers at 500Hz for fast replanning and stable torque control.

3.2.2 High-Level Gait Generation

A locomotion gait is determined by a contact schedule, the time and duration that each

leg is in contact with the ground. To generate foot contact schedules, the phase integrator

maintains a set of phase variables ϕ1,...,4, one for each leg. The phase ϕi ∈ [0, 2π) denotes the

leg’s progress in its current gait cycle (Fig. 3.2). Each leg i starts with swing at the beginning

of a gait cycle (ϕi = 0). As ϕi increases monotonically, it switches to stance after a threshold

ϕi > ϕswing. After ϕi reaches 2π, it wraps back to zero, and starts a new gait cycle in the

swing phase. The propagation of phase variables, as well as the transition from swing to

stance, are controlled by three key parameters, including stepping frequency f , swing ratio

pswing and phase offsets θ2, θ3, θ4, which are specified by the gait policy. We choose such

parameterization because it is expressive enough to represent a rich set of locomotion gaits.

We now describe these parameters in detail:

Stepping Frequency As a notable feature in locomotion, the stepping frequency

is usually adjusted as a trade-off between speed and efficiency. While a high stepping fre-
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quency allows the robot to run faster, stepping unnecessarily fast can cause additional energy

consumption due to excessive leg swing. In our setup, the gait policy outputs the desired

leg frequency f ∈ (0Hz, 4Hz], which is used to increment the phase variable in the phase

integrator. Specifically, at each control step, the phase is advanced by:

ϕ[n]← ϕ[n− 1] + 2πf∆t (3.1)

where ∆t is the time step of low-level controller (0.002s).

Swing Ratio Another important characteristic of gaits is the proportion of swing time

in each gait cycle. For example, while a walking gait is usually characterized by spending

less than 50% of a gait cycle in swing phase, a running gait typically requires a much longer

swing time. To model this, we define another variable, pswing ∈ (0, 1), which controls the

switching point in phase ϕswing = 2πpswing between swing (ϕ < ϕswing) and stance (ϕ ≥ ϕswing)

in each gait cycle. Assuming that a leg moves at constant frequency, a larger pswing means

that it will spend more time in air in a gait cycle, which usually results in a more dynamic

gait.

Phase Offsets Apart from careful design of individual gait cycles, careful coordination

among legs is another critical component for efficient locomotion. While we use the same

f and pswing across all legs, we allow each individual leg to have a different phase offset.

Let θi ∈ [0, 2π] denote the phase offset of leg i compared to first leg (the front-right leg);

then the phase of leg i is ϕi = ϕ1 + θi. Note that the order of legs is [front-right, front-left,

rear-right, rear-left], or [FR, FL, RR, RL] for short. For example, setting θ4 = 0 would make

the rear-left leg in sync with the front-right leg, which is frequently seen in trotting gaits.

3.2.3 Low-level Optimal Control

The low-level convex MPC controller computes and applies torques for each actuated degree

of freedom, given the leg phases from the high-level gait generator. Our low-level convex

MPC controller is based on Di Carlo et al. [3]. We briefly describe the controller here for

the completeness of the paper. Please refer to the Section. 3.7.1 for more details.
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Stance Leg Control In the stance leg controller, we model the robot dynamics based on

the Centroidal Dynamics Model [3], where the full robot is simplified as a rigid-body base

with massless legs. Each stance leg can generate ground reaction force at the contact point,

subject to torque limit and friction cone constraints. These ground reaction forces are solved

as a short-horizon MPC problem whose objective is for the robot base to closely track a given

reference trajectory. We generate the reference trajectory based on user-specified velocity

commands. The optimized contact forces f are then converted to motor torques using the

Jacobian transpose method: τ = JTf . In our MPC setup, we re-optimize for ground reaction

forces every time step (2ms), and only apply the first command in the optimized sequence.

Swing Leg Control The swing leg controller calculates the swing foot trajectories and uses

Proportional-Derivative (PD) controllers to track these trajectories. The swing trajectory

is computed by fitting a quadratic polynomial over the lift-off, mid-air and landing position

of each foot, where the lift-off position is the foot location at the beginning of the swing

phase, the landing position is calculated using the Raibert Heuristics [27], and the mid-air

location is set to ensure the minimum ground clearance. Please refer to Appendix 3.7.1 for

more details. Given the position in the swing trajectory, we convert it to the desired motor

position using inverse kinematics, and apply motor torques using PD controllers.

3.3 Learning Gait Policies for Fast and Energy Efficient Locomotion

Since locomotion gait involves discrete contact events, it is difficult to model and optimize

them together with other continuous forces. Instead, we formulate a Markov Decision Process

and apply Evolutionary Strategies (ES) to discover the most energy efficient gaits at different

speeds.

3.3.1 Preliminaries

The reinforcement learning problem is represented as a Markov Decision Process (MDP),

which includes the state space S, action space A, transition probability p(st+1|st, at), reward
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function r : S × A 7→ R, and initial state distribution p0(s0). We aim to learn a policy

π : S 7→ A that maximizes the expected cumulative reward over an episode of length T ,

which is defined as:

J(π) = Es0∼p0,st+1∼p(st,π(st))

T∑
t=0

r(st, at) (3.2)

3.3.2 MDP Formulation

In our MDP formulation, we only learn the gait policy in the high-level gait generator, and

consolidate the other components, including phase integrator, the convex MPC controller,

and the robot dynamics, into the environment. At each step, the gait policy outputs gait

parameters and receives a reward, which is based on energy consumption and speed-tracking

performance.

State and Action Space Since we aim to optimize the gaits based on the current and

desired speed, we only include the desired and actual linear velocity of the base in the state

space s = [v̄base, vbase]. We do not include prioperceptive information, such as joint angles

and IMU readings, because the detailed control of balance and locomotion, which consumes

these information, is delegated to the low-level controller. The action space is a 5-dimensional

vector a = [f, pswing, θ2, θ3, θ4], as defined in Section 3.2.2.

Reward Design We design the reward function as a linear combination of survival bonus,

speed-tracking penalty, and energy penalty:

r = c− wv

∥∥∥∥ v̄base − vbasev̄base

∥∥∥∥2

︸ ︷︷ ︸
Speed Penalty

−we

∑12
i=1 max(τiωi + ατ 2i , 0)

mgv̄base︸ ︷︷ ︸
Energy Penalty (Cost of Transport)

(3.3)

The survival bonus c prevents the learning algorithm from falling into the local minima

of early termination. The speed penalty is the L2 norm of the relative error between the
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desired (v̄base) and actual speed (vbase) of the base. The energy penalty estimates the Cost of

Transport (CoT), a standard metric for measuring the efficiency of locomotion [62, 63, 64].

The numerator estimates total power consumption in all 12 motors based on the angular

velocity (ωi) and torque (τi) of each motor, and the motor parameter (α = 0.3). (See

Appendix 3.7.2 for details.) The denominator consists of the mass of the robot (m = 15kg),

and gravity constant (g = 9.8m/s2). In each episode, the desired velocity v̄base starts at 0

m/s, increases linearly to 2.5m/s at 1m/s2 and stays at 2.5m/s for the rest of the episode.

We use the same weights c = 3, wv = 1, we = 0.37 for all of our experiments.

Early Termination on Infeasible Gaits Despite the robustness of low-level whole body

controller, the robot can still lose balance if the gait is infeasible, such as standing with one

leg for an extended amount of time. To avoid unnecessary exploration in suboptimal gaits,

we terminate an episode early if the robot falls (i.e. orientation deviates significantly from

the upright pose, or the robot’s height becomes too low).

3.3.3 Policy Representation and Training

We represent our policy as a neural network with one hidden layer of 256 units and tanh

nonlinearities. We chose this network architecture because it is sufficiently expressive to

learn different gaits, and structurally compact to be efficiently optimized by our learning

algorithm. We train our policies using Covariance Matrix Adaptation Evolution Strategy

(CMA-ES) [65], a simple, parallelizable evolutionary algorithm that has been successfully

applied to locomotion tasks [66, 67, 68]. Compared to other RL algorithms, CMA-ES per-

forms exploration in the policy parameter space and does not require accurate value function

estimation at every step [69, 70], which is well-suited for our complex hierarchical system.

3.4 Results

We design experiments to validate that our framework can learn fast and efficient locomotion

controllers. Particularly, we aim to answer the following questions:
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Figure 3.3: Robot gait during acceleration. Dark blue indicates foot contact. The robot switches

from low-speed walking, to mid-speed trotting, to high-speed fly-trotting and increases the stepping

frequency f and swing ratio pswing.

Freq (Hz) Swing Ratio Phase

Walk 2 0.3 [0, π, 1.5π, 0.5π]

Slow Trot 2 0.5 [0, π, π, 0]

Rapid Trot 4 0.5 [0, π, π, 0]

Fly Trot 4 0.6 [0, π, π, 0]

Table 3.1: Parameters of hand-tuned gaits shown in Fig. 3.4. The order of leg phases is [FR, FL,

RR, RL].

1. Does our framework enable the robot to learn energy-efficient locomotion controllers?

2. Does the gait switching behavior, which is widely observed in animals, emerge naturally

in the learning process?

3. Can the gait policy learned in simulation be deployed on real robots?

4. What are the advantages of our hierarchical framework and what are important design

decisions?
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Figure 3.4: Cost of Transport (CoT) of hand-tuned gaits and our learned gait policy at different

speeds. The CoT of learned gait is averaged over 5 random seeds. The standard deviation is too

small to be visible in the figure.

3.4.1 Experiment Setup

We use the Unitree A1 robot [39], a small-scale, 15kg quadruped robot with 12 degrees of

freedom. We use PyBullet [71] to simulate the robot dynamics. We implement the state

estimation and high-level policy inference in Python, and the low-level Centroidal Dynamics-

based Convex MPC Controller in C++. We use a Mac-Mini with M1 processor as our on-

board computer, which runs the high-level gait generator at 20Hz and low-level convex MPC

controller at 500Hz.

3.4.2 Emergence of Energy-Efficient Gaits

To demonstrate that our framework can learn efficient locomotion controllers, we evaluate

the learned gait policy under different speed commands, and compare the Cost of Transport

(CoT) with four carefully-designed, animal-inspired gaits: Walk, Slow Trot, Rapid Trot and

Fly Trot. To find the parameters of these gaits, we first choose the phase offsets and swing-

ratio based on the characteristics of each gait, and then perform grid search on stepping

frequency to maximize the reward (Eq. 3.3) at different speed ranges. The parameters

of these manually-designed gaits are summarized in Table. 3.1. We plot the CoT of each

manually-designed gait and our learned controller (averaged over 5 random seeds) in Fig. 3.4.
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Figure 3.5: Real world deployment of the learned policy. The robot moves at different speeds with

different gaits.

Clearly, the learned policy consistently achieves the lowest energy consumption at most of

the speeds.

A closer look at Fig. 3.4 reveals that walking gait is the most efficient when the speed

is below 0.8m/s, the slow and rapid trotting gait are the most efficient between 0.8 and

2m/s, and the fly-trotting gait is the most efficient when the speed is above 2m/s. We

execute the learned gait policy on an accelerating speed profile, and are glad to find that

the policy switches gaits at similar boundaries (Fig. 3.3). At low speeds (less than 0.9m/s),

the policy exhibits a four-beat walking gait by moving one leg at a time in the order of [RR,

FL, RL, FR]. At intermediate speeds (between 0.9 and 1.8 m/s), the policy synchronizes

the diagonal legs and exhibits a trotting gait. At the highest speeds (1.8m/s or above), the

policy exhibits a fly-trotting gait, with noticeable “airborne-phases” when all legs lift from

the ground (characterized by pswing > 0.5).

Compared to gaits observed in quadrupedal animals, our gait policy discovered similar

behaviors at low and mid-range speeds (walking and trotting). However, at high speeds,

many animals would gallop. To understand why our method does not automatically learn

galloping at higher speeds, we reproduced a galloping gait in our framework by limiting the

range of phase offsets. However, we found the learned galloping gait to be actually 30% less

efficient than the flying trot on our robot, in contrast to animals [54]. This difference between

animals and robots has been noted in [63], and it was hypothesized that such difference could

result from differences in morphology, kinematics limits and joint actuation.
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Figure 3.6: Deployment of gait policy to novel scenarios not encountered during training.

3.4.3 Validation on the Real Robot

We deploy our hierarchical controller, including the learned gait policy and the low-level

model-based controllers, to the real robot (Fig. 3.5). Please watch the accompanying video.

In contrast to many RL works that focus on sim-to-real transfer [7, 48, 61], our gait policy,

learned entirely in simulation with PyBullet, can be directly deployed to the real world

without additional data collection or fine-tuning. Similar to the simulation results, as the

robot accelerates, it dynamically switches between walking, trotting and fly-trotting gaits,

and eventually reached the speed of 2.5m/s, or 5 body lengths per second.

We test the generalization of our learned controller in a number of novel scenarios that

were not seen during training. Although the policy is only trained using a slowly accelerating

desired speed profile, the robot remains stable with abrupt changes of the desired speed,

such as sharp acceleration and braking (Fig. 3.6a). The learned controller also generalizes

to new terrains, including walking over an 8-cm step (Fig. 3.6b) and on grass (Fig. 3.6c).

This excellent generalization is attribute to our hierarchical setup with a robust low-level

convex MPC controller, which has demonstrated proven robustness on a wide variety of robot

systems [3, 72, 73].
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Figure 3.7: Gaits and speed-tracking performance of learned non-hierarchical policies that directly

output motor commands. Left: The E2E policy falls into the local minima and stands in-place

without moving. The PMTG policy moves forward using three legs. Right: Both policies do not

track the desired speed as well as our hierarchical framework.

3.4.4 Comparisons with Non-Hierarchical Policies

To demonstrate the importance of the hierarchical setup, we compare the performance of

our hierarchical framework with two non-hierarchical baselines: E2E and PMTG. E2E is a

fully-connected end-to-end policy that directly maps from state to motor actions. PMTG

implements the Policies Modulating Trajectory Generator [20], which simplifies learning by

incorporating cyclic motion priors, and is widely used in the locomotion learning literature

[74, 17, 45]. Following the prior work [75], we expand the state space to include IMU readings

and motor angles, and modify the action space to be desired motor positions. Additionally,

we carefully tuned the reward function in each baseline for optimal performance. We train

all policies using the same CMA-ES algorithm.

We find that E2E only learns to stand, while PMTG learns an unnatural gait of using 3

legs, and cannot track the desired speed well (Fig. 3.7). This is likely due to the optimization

landscape of the flat policy parameterization being more jaggy and the optimization con-

verges to one of the bad local optima. While additional reward shaping could yield better

results, our hierarchical system provides a simple alternative to effectively learn locomotion

policies.
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3.4.5 Comparisons with Different Learning Algorithms

Using Evolutionary Strategies (ES) to train our hierarchical controller is a critical design

decision. To understand its importance, we compare CMA-ES with other state-of-the-art

methods, including PPO [43], SAC [58] and ARS [44] in training the hierarchical controller.

Since both PPO and SAC can benefit from more comprehensive state information, we also

run these algorithms with an extended observation space, which includes IMU readings,

motor angles and gait phases, in addition to current and desired velocities.

As shown in Table. 3.2, algorithms based on Evolutionary Strategies (ES), CMA-ES and

ARS, significantly outperforms other algorithms. When using the original observation space,

both PPO and SAC fail to complete the task, which is likely due to the lack of sufficient

information to accurately estimate the value function. With the extended observation space,

SAC learns to walk forward, but fails to track the speed closely, and consumes more energy,

compared to ES-based algorithms. We hypothesize that the poor performance of these two

popular reinforcement learning algorithms is because the low-level convex MPC controller is

a black box to the RL agent, which is not fully-observable and make the environment less

Markovian.

Algorithm Success? CoT Avg Speed Tracking Error

PPO No 2.29± 0.96 0.080± 0.092

PPO (extended obs) No 3.60± 1.05 0.15± 0.17

SAC No 2.22± 0.47 0.069± 0.025

SAC (extended obs) Yes 1.19± 0.04 0.030± 0.025

ARS Yes 0.87 ± 0.0073 0.0082 ± 0.00034

CMA-ES (ours) Yes 0.84 ± 0.017 0.0083± 0.00075

Table 3.2: Cost of Transport (CoT) and speed tracking error (Eq. 3.3) for gait policies trained by

different algorithms. Error bar shows 1 standard deviation.
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3.5 Related Works

Quadrupedal animals demonstrate a wide variety of gaits [76]. Hoyt and Taylor [54] showed

empirically that horses minimize their energy consumption when using the preferred gait at

each speed. Alexander and Jayes [55] generalized this result by providing a unifying theory of

gait transitions for quadrupedal animals. A wide variety of these gaits have been implemented

in quadrupedal robots, including walking [77], trotting [3], pacing [56], bounding [78] and

galloping [79]. In these works, model-based controllers [3, 80] optimize for motor commands

at a high frequency. These controllers usually assume a pre-defined contact sequence to keep

the optimization problem tractable, which does not allow gait transitions. Alternatively,

contact implicit optimization [21, 81, 82] optimizes contact forces and sequences together,

but is not feasible for real-time use due to high computation cost. Using manually designed

heuristics, Boussema et al. [83] achieved online gait transition by computing the Feasible

Impulse Set for each leg, at a speed up to 0.6m/s, or 1 body length/s. Owaki and Ishiguro

[62] also demonstrated online gait transition on a 2kg quadruped robot using foot-force

heuristics. Compared to these approaches, our learning-based approach requires less manual

tuning, achieves more agile motions (up to 2.5m/s, or 5 body length/s) on a larger robot

(15kg).

Recently, reinforcement learning became a popular approach to learn locomotion policies

for legged robots [7, 49, 84]. Since policies are often learned in simulation, extra effort is

usually required to transfer the learned policies to the real robot, including building more

accurate simulation [7, 49], dynamic randomization [7, 60], motion imitation [85, 86] and

meta learning [48, 61]. Inspired by the periodicity of locomotion behaviors, several methods

have been proposed to make the learned policy more predictable and safer for real robot

deployment, such as cyclic trajectory generators [20], phase-functioned neural networks [87]

and state machines [88]. In contrast to these previous works, our learned policy achieves zero-

shot sim-to-real transfer, and the controller is robust in multiple real-world environments.

Compared to directly learning an end-to-end controller, hierarchical learning [89] can
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improve data efficiency, and achieve complex tasks. The low-level controller can be a learned

policy [74, 90, 60], or a hand-tuned controller [91, 92, 93]. Li et al. [92] uses a learned policy to

modulate objectives of the low-level MPC controller, with a fixed contact sequence. Recently,

Da et al. [91] looked into learning hierarchical controllers for gait control in quadrupeds,

where the low-level controller is model-based and high-level policy selects from a fixed set of

gait primitives. We use a similar hierarchical setup as Da et al. [91]’s, but extend the high-

level policy to search a continuous range of gaits with arbitrary gait changes, and achieve

significantly faster walking.

3.6 Discussion

We present a hierarchical learning framework that can automatically learn fast and efficient

gaits for quadrupedal robots. Our framework combines a high-level gait generator with a

low-level convex MPC controller, where a gait policy is trained using evolutionary strategies

with a simple reward function. Through learning, distinctive gaits and natural transitions

between gaits emerge automatically. More importantly, the policy learned in simulation can

be successfully deployed to the real world, thanks to the hierarchical setup. Observations

in our robotic experiments agree well with prior bio-mechanical studies, which showed that

quadrupedal animals switch gaits at different speeds to lower their energy expenditure. Our

hierarchical control framework is general, and can be extended to modulate not only the gait

patterns, but also other parts of the low-level controller, such as foot placement positions and

desired base pose, to enable more agile and versatile locomotion skills. We plan to further

develop this hierarchical framework through the lens of bi-level optimization, and apply it

to other robotic platforms.
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Stance Leg Control

(a) The stance controller optimizes ground re-

action forces f1,...,4 to track a desired base tra-

jectory.

Swing Leg Control

(b) The swing controller tracks the leg on

a quadratic curve, which is fitted using

(plift-off,pair,pland).

Figure 3.8: Our low-level convex MPC controller uses different controllers for stance (left) and

swing (right) legs.

3.7 Appendix

3.7.1 Details of the Low-Level Convex MPC Controller

Stance Leg Controller

The stance leg controller optimizes for the ground reaction forces using Model Predictive

Control (MPC) (Fig. 3.8a), where the objective is for the base to track a desired trajectory.

The robot is modeled using the simplified centroidal dynamics model. We now describe our

setup in detail:

Notation We represent the base pose of the robot in the world frame as x = [Θ,p,ω, ṗ] ∈

R12. Θ = [ϕ, θ, ψ] is the robot’s base orientation represented as Z-Y-X Euler angles, where

ψ is the yaw, θ is the pitch and ϕ is the roll. p ∈ R3 is the Cartesian coordinate of the base

position. ω and ṗ are the linear and angular velocity of the base. rfoot = (r1, r2, r3, r4) ∈ R12

represents the four foot positions relative to the robot base. MPC optimizes for the ground
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reaction force f1,...,4 at each foot, which we denote as u = (f1,f2,f3,f4) ∈ R12. In denotes

the n × n identity matrix. [·]× converts a 3d vector into a skew-symmetric matrix, so that

for a, b ∈ R3, a× b = [a]×b.

Centroidal Dynamics Model Our centroidal dynamics model is based on [3] with a few

modifications. We assume massless legs, and simplify the robot base to a rigid body with

mass m and inertia Ibase (in the body frame). The rigid body dynamics in world coordinates

are given by:

d

dt
(Iworldω) =

4∑
i=1

ri × fi (3.4)

p̈ =

∑4
i=1 fi

m
+ g (3.5)

where g = [0, 0,−9.8]T is the gravity vector. To simplify Eq.3.4, note that when angular

velocity is small, we can omit the Coriolis forces and write the left hand side as:

d

dt
(Iworldω) = Iworldω̇ + ω × (Iworldω) ≈ Iworldω̇ (3.6)

Given the robot the orientation matrix in the world frame R ∈ SO(3), the world-frame

inertia is:

Iworld = RIbaseR
T (3.7)

When the robot is close to upright (θ, ϕ ≈ 0), the relationship between the angular

velocity and the change rates of Euler angles can be written as:

Θ̇ =


ϕ̇

θ̇

ψ̇

 ≈


cos(ψ) sin(ψ) 0

− sin(ψ) cos(ψ) 0

0 0 1

ω = Rz(ψ)ω (3.8)



40

With the above simplifications, we get the linear, time-varying dynamics model:

d

dt


Θ

p

ω

ṗ


︸ ︷︷ ︸

ẋbase

=


03 03 Rz(ψ) 03

03 03 03 13

03 03 03 03

03 03 03 03


︸ ︷︷ ︸

A


Θ

p

ω

ṗ


︸ ︷︷ ︸

xbase

(3.9)

+


03 . . . 03

03 . . . 03

I−1
world[r1]× . . . I−1

world[r1]×

I3/m . . . I3/m


︸ ︷︷ ︸

B


f1

f2

f3

f4


︸ ︷︷ ︸

u

+


0

0

0

g



We then discretize the continuous time dynamics equation, which we use in our MPC

formulation.

xt+1 = A′xt +B′ut + g′ (3.10)

where A′, B′, g′ are the discrete time counterpart of A, B and g in Eq. (3.9).

Reference Trajectory Generation Given the desired linear velocity of the base v̄base,

we compute a desired trajectory x̄t for the next T timesteps, where T is the MPC planning

horizon. In each reference state, we set ¯̇p to v̄base and set p̄ to numerically integrate v̄base for

speed-tracking, and set the desired orientation Θ̄ and angular velocity to ω̄ to 0 to ensure

stable walking.

MPC Formulation Given the reference trajectory x̄1,...,T , we solve for the ground reaction

forces u1,...,T by solving the following Quadratic Program (QP):
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min
u1,...,T

T∑
t=1

∥xt − x̄t∥Q + ∥ut∥R (3.11)

subject to xt+1 = A′xt +B′ut + g′ Eq. (3.10)

f z
i,t = 0 if leg i is a swing leg at t

fmin ≤ f z
i,t ≤ fmax if leg i is a stance leg at t

− µf z
i,t ≤ fx

i,t ≤ µf z
i,t ∀i, t

− µf z
i,t ≤ f y

i,t ≤ µf z
i,t ∀i, t

where Q, R are diagonal weight matrices. The constraints include the centroidal dy-

namics, the contact schedule of each leg and the approximated friction cone conditions.

The optimized contact forces are then converted to motor torques using Jacobian transpose:

τ = JTf .

Swing Leg Control

The swing leg controller calculates the swing foot trajectories and uses Proportional-Derivative

(PD) controllers to track these trajectories (Fig. 3.8b). To calculate a leg’s swing trajectory,

we first find its lift-off, mid-air and landing positions (plift-off,pair,pland) (Fig. 3.8b). The

lift-off position plift-off is the foot location at the beginning of the swing phase. The mid-air

position pair = pref + (0, 0, zdes) is a fixed distance above the normal standing position pref.

We use the Raibert Heuristic [27] to estimate the desired foot landing position:

pland = pref + vCoMTstance/2 (3.12)

where vCoM is the projected robot’s CoM velocity onto the x − y plane, and Tstance is the

expected duration of the next stance phase, which can be calculated using the stepping

frequency and swing ratio from the gait policy (Section 3.2.2). Raibert’s heuristic ensures

that the stance leg will have equal forward and backward movement in the next stance phase,

and is commonly used in locomotion controllers [56, 3, 4].
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Figure 3.9: Schematic drawing of DC motor model.

Given these three key points, plift-off,pair, and pland, we fit a quadratic polynomial, and

computes the foot’s desired position in the curve based on its progress in the current swing

phase. Given the desired foot position, we then compute the desired motor position using

inverse kinematics, and track it using a PD controller. We re-compute the desired foot

position of the feet at every step (500Hz) based on the latest velocity estimation.

3.7.2 Modeling Motor Power Consumption

DC Motor Model

We model a DC motor circuit as in Fig. 3.9, which includes a motor with internal resistance

r and torque constant k. To apply a torque τm, the motor controller applies a voltage v to

the motor, which generates a current i. As the motor rotates with angular velocity ωm, it

also generates a back-emf voltage vemf. We aim to express the battery power consumption

p = vi in terms of the motor velocity ωm and applied motor torque τm. If we ignore motor

inductance and only consider steady-state behaviors, the circuit characteristic can be written

as:

τm = ki (3.13)

vemf = kωm (3.14)

i =
v − vemf

r
(3.15)

where Eq.3.13 and Eq.3.14 models steady-state motor behavior, and Eq.3.15 is derived
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Figure 3.10: Characteristic curve for A1 motors [39] from robot manufacturer. The angular velocity

and output torque are measured at the motor level without gear reduction.

from Ohm’s law. Solving for v in terms of τm, ωm and motor constants k, r, we get:

v = kωm +
τmr

k
(3.16)

The power supplied by the battery can be computed by:

p = vi =
(
kωm +

τmr

k

) τm
k

= τmωm +
r

k2
τ 2m (3.17)

Note that the first term is the mechanical power delivered by the motor, and the second

term is the extra heat dissipation in the motor circuit. Since Unitree’s battery management

system does not support regenerative braking, we lower-bound the power consumption by 0,

and get:

pactual = max
(
τmωm +

r

k2
τ 2m, 0

)
(3.18)
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Power Consumption of A1 motors

Based on the motor characteristic curve of A1 (Fig. 3.10), at τm = 4Nm and the output

power is approximately 400w, with an efficiency of approximately 50%. Therefore, τmωm ≈
r
k2
τ 2m ≈ 400w. We can then deduce that r

k2
≈ 25 and express power consumption as:

pactual ≈ max(τmωm + 25τ 2m, 0) (3.19)

The motor of A1 have a gear reduction ratio of 9.1. Therefore the joint velocity and joint

torque (τ, ω) can be expressed in terms of motor velocity and motor torque (τm, ωm) as:

τ = 9.1τm

ω =
ωm

9.1

Substituting into Eq. 3.19, we can express the power consumption in terms of joint torque

and velocity:

pactual ≈ max

(
τω +

25

9.12
τ 2, 0

)
≈ max(τω + 0.3τ 2, 0) (3.20)
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Chapter 4

VERSATILE JUMPING WITH LEARNED ACTION
RESIDUALS

4.1 Introduction

Jumping can greatly extend the capabilities of legged robots. Compared to walking, jumping

exhibits a long ”air phase”, where all legs leave the ground at the same time. This air phase

enables the robot to traverse through large areas without making contact, which is essential

for difficult terrains with large gaps or abrupt height changes. While recent works have

greatly improved the speed [3, 10, 53] and robustness [8, 18, 94] of legged robots, most of

them focused on standard walking behaviors with continuous foot contacts. Meanwhile,

long-distance jumping is still a difficult task, and usually requires manual trajectory design

[95, 5] as well as long periods of offline planning [96, 13].

In this work, we present a hierarchical learning framework for quadrupedal robots to jump

continuously, where the jumping direction and distance can be specified online. Continuous

jumping has long been a difficult task for legged robots due to complex robot dynamics and

frequent, abrupt contact changes. On the one hand, while optimal control based controllers

have achieved robust walking in many quadruped platforms [3, 77], they usually assume a

simplified dynamics model for computation efficiency [3], and cannot control the robot pose

precisely in highly dynamic motions like jumping [96]. On the other hand, despite recent

success in learning for locomotion [8, 53, 94], reinforcement learning (RL) based controllers

still require careful reward tuning [86] and extended training times to learn jumping motions,

due to the non-smooth reward landscape created by abrupt contact changes. Therefore, it

can be difficult to use standard control or learning techniques for the jumping task.

Our framework addresses the challenges above, and learns continuous, versatile jumping
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motions that can be transferred directly to the real world. The core of our framework is a

stance controller, which computes desired body pose by summing over the outputs from a

manually-designed acceleration controller and a learned residual policy. Our design of the

stance controller has two major benefits. Firstly, warm-starting the policy training with

the acceleration controller reduces noises in the reward landscape, so that training process

converges smoothly and efficiently. Secondly, with the residual policy trained, the robot

performance is no longer limited by the simplified dynamics model used by the acceleration

controller, and therefore can better stabilize the robot throughout the entire jumping episode.

In addition to the stance controller, we also implemented a low-level whole-body controller to

convert the body pose command to motor actions. By combining the acceleration controller,

the residual policy and the low-level whole-body controller, our framework learns continuous,

versatile jumping motions automatically.

We train our framework on a simulated environment of the Go1 quadruped robot from

Unitree [32], and test the trained policy directly on the real robot. The trained framework

enables versatile jumping motions for the robot, including jumping at different directions

and distances (up to 50cm high, 60cm forward), and jump-turning (up to 90 degrees). We

then conduct detailed analysis on the behavior of our overall framework, and verify that the

combination the acceleration controller and residual policy can learn more stable jumping

motions than each individual method. Additionally, we compare our method to end-to-end

RL and find that our method is at least 1 order-of-magnitude more data efficient, thanks to

the hierarchical setup and the smooth reward landscape from the acceleration controller.

In summary, the contributions of this paper include the following:

1. We propose a hierarchical framework that combines optimal control and reinforcement

learning to learn continuous, versatile jumping for quadrupedal robots.

2. The trained framework can be directly transferred to the real robot and achieves con-

tinuous jumping motions at substantial height (50cm) and distance (60cm).
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3. Our experiments show that the combination of controller and residual policy can learn

more stable jumping motions than using either method individually.

4.2 Learning a Residual Policy for Continuous Versatile Jumping

4.2.1 Overview

State
Estimator

Residual Policy

Acc. Controller

Whole-Body
Impulse Controller

Motor Command

Base Height, Base Velocity, Foot Position

Stance Controller Whole-Body Controller

Contact
Scheduler

Swing Leg Controller

Base Height

Base Velocity

Desired Foot Position

Desired Base Pose

Swing Controller

Landing Pose

Figure 4.1: Our hierarchical learning framework controls the jumping of the Go1 robot from two

different levels.

We design a hierarchical framework to learn continuous robot jumping (Fig. 4.1). The

timing of each jump is regulated by an open-loop time-based contact scheduler, which subse-

quently specifies the desired state of each leg (swing or stance). We adopt the pronking gait,

where all legs enter and leave the ground at the same time, and set the duration of each jump

to be 1 second, which consists of 0.5s of stance time and 0.5s of swing time. Based on the

output from the contact scheduler, we use separate control strategies for swing and stance

legs, where the stance controller controls the desired body pose and swing controller controls

the foot positions. At the low level, a whole-body controller converts the pose command from

the swing or stance controller to motor commands. We also implemented a Kalman Filter
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based state estimator to estimate the position and velocity of the robot. We run the entire

pipeline at 500Hz so that the robot can respond quickly to external perturbations.

As a critical component of the entire control process, the stance controller needs to

achieve sufficient lift-off speed for each jump, while maintaining body stability throughout

the entire jump. To achieve that, we compute the pose command of the stance controller as

the sum of a manually designed acceleration controller and a learned residual policy, where

the acceleration controller computes base acceleration to ensure sufficient lift-off velocity

based on simplified robot dynamics, and the residual policy fine-tunes the controller’s action

to ensure stability. Since the robot is underactuated in the air, we use a simple trajectory

controller for swing legs, which computes the desired landing position of each feet according

to the Raibert Heuristic [27].

4.2.2 Low-level Whole-body Controller

At the low-level, we use a whole-body controller (WBC) to convert the body and foot pose

commands into motor actions. Our implementation is based on the work by [10] with a few

modifications. We briefly summarize the controller design here. Please refer to the original

work for further details.

Interface with Stance Controller In summary, WBC takes in a 18-dimensional vector

that specifies the desired pose pbody, velocity vbody, and acceleration abody for each of the 6

DoFs of the robot body, as well as the foot swing positions pfoot. The foot swing positions

pfoot is directly specified by the swing controller (Section. 4.2.1). The stance controller

(Section. 4.2.4) specifies 4 out of the 6 dimensions for the base accelerations abody (3 linear

accelerations and angular accelerations around the z axis), as well as 2 out of the 6 dimensions

of the base pose pbody (roll and pitch). For the remaining pose commands, we set the desired

body pose pbody to be the current body pose, the desired linear body velocity to the current

velocity, the desired angular body velocity to 0, and the desired angular acceleration around

the x, y axis to 0.
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Computation of Motor Commands WBC computes an impedance command that spec-

ifies the desired position q̄, velocity ¯̇q and torque τ̄ for each motor. The applied torque τ is

the sum of the desired torque plus the PD feedback:

τ = kp(q̄ − q) + kd(¯̇q − q̇) + τ̄ (4.1)

where q, q̇ is the current position and velocity of each motor, and kp, kd are fixed gains. To

compute the motor command, WBC first applies an inverse kinematics algorithm, which

computes the desired position q̄ and velocity ¯̇q for each motor, in order to move the robot to

the desired body position pbody and velocity vbody. After that, WBC computes the additional

motor torque τ̄ required to achieve the desired base accelerations abody, based on the full

rigid-body dynamics model of the robot.

4.2.3 Manually-designed Acceleration Controller

Due to the discrete contact change, the reward landscape in the jumping environment can

be highly non-smooth with local minima, which makes it challenging to learn using standard

exploration strategies in RL algorithms. To facilitate learning, we manually design an ac-

celeration controller as the base policy for the environment, and uses reinforcement learning

to learn residual actions to finetune the policy’s performance. The acceleration controller

models the robot body as a single point mass, computes the desired lift-off velocity based on

contact timing, and tracks this lift-off velocity using simple heuristics.

Computing the Lift-off Velocity The acceleration controller computes the desired lift-

off velocity vliftoff = (vx, vy, vz, vyaw) based on the desired landing displacement px, py, pyaw

and the swing time tswing. The planar velocities, vx = px
tswing

, vy = py
tswing

, vyaw = pyaw
tswing

, is the

average flying speed required for the robot to land at the desired position and orientation.

The vertical velocity, vz =
1
2
gtswing, is the minimum vertical velocity for the robot to maintain

the desired swing time, where g is the gravity constant.
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Integrate
Current Pose:


Desired Acceleration:       

Remaining Stance Time:           

Expected Liftoff Position
Kinematics 

Limit
Yes

No

Is liftoff position within
kinematics limit?

Accelerate as desired.

Go to prep pose.

Figure 4.2: The acceleration controller decides whether to execute the desired acceleration command

ades based on the estimated lift-off position, which is computed by numerical integration. If the

lift-off position (dark red dot) is within the approximated kinematics limit (dashed square), the

controller executes the ades. Otherwise the controller moves the robot to a low-standing preparation

pose.

Tracking the Lift-off Velocity To track the desired lift-off velocity vliftoff, the acceleration

controller computes the desired acceleration ades = vliftoff−v
t

based on the remaining time

in the stance phase t, the desired liftoff velocity vliftoff and the current CoM velocity v.

The acceleration controller then either executes this acceleration ades, or moves the robot

to a preparation position, based on an estimation of the lift-off position (Fig. 4.2). More

specifically, the acceleration controller assumes the robot as a point-mass, and computes the

body’s CoM position at lift-off time based on the current pose and desired accelerations. If

the lift-off position violates kinematics limits (e.g. if the base is so high that foot contact

cannot be maintained), the controller computes an alternative acceleration that moves the

robot to a low-standing preparation position. Otherwise, the controller outputs the desired

acceleration ades. To simplify computation, we approximate the feasible CoM positions as a

bounding box around the robot’s current CoM.
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4.2.4 Reinforcement Learning for Action Residuals

Environment setup We design our environment so that the robot can jump in several

directions within each episode. More specifically, each episode consists of 5 jumps, where the

robot jumps in-place, 1m forward, 0.5m backward, 0.2m to the left, and 0.2m to the right,

in that order. Before each jump, the environment records the robot’s current position and

computes the desired landing position based on the jumping directions. This information

is then supplied to the residual policy to compute the desired pose commands, which is

subsequently sent to the low-level whole-body controller. The details of our environment are

as follows:

State Space The state space includes the robot state and task information. More specifi-

cally, the robot state includes the position, orientation, linear velocity, and angular velocity

of the base, as well as the foot positions. The task information includes the robot’s distance

to the desired landing position, and the remaining time in the current locomotion cycle.

Action Space Since the low-level whole-body controller is effective for precise tracking

of the body pose [10], we directly command the desired body pose in our environment.

In the original work by [10], the whole-body controller takes in an 18-dimensional vector

specifying the position, velocity, and acceleration for each of the base’s 6 DoFs. To reduce

the search dimension, we design the action space to specify one command for each DoF of the

base, and computes the other two dimensions of each DoF heuristically. More specifically, the

action space specifies the desired linear acceleration (3-dimensional) and angular acceleration

around the z axis (1-dimensional), so that the policy can directly control the planar and

vertical movements of the body, as well as turning, which can change rapidly within each

jump. The action space specifies the desired position for the remaining two DoFs, namely

the body roll and pitch, to avoid unnecessary body oscillations. The remaining commands

for each DoF is specified heuristically. See section. 4.2.2 for more details.
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Reward We design the reward function as the linear combination of alive bonus, distance

penalty, orientation penalty and contact consistency penalty:

r = ralive + wp · rposition + wo · rorientation + wc · rcontact (4.2)

where the alive bonus, ralive = 4, is a fixed constant that makes the total return positive.

The position reward, rposition is the squared distance between the robot’s current position

and the desired landing position, normalized by the total desired jumping distance. The

orientation reward, rorientation = −(roll2 + pitch2) encourages the robot to stay upright. The

contact consistency reward rcontact =
∑4

i=1 1(ci ̸= ĉi) is the sum of 4 indicator functions

about the contact situation of each leg, where ĉi ∈ {0, 1} is the desired contact of foot

i according to contact scheduler (Section. 4.2.1) and ci ∈ {0, 1} is the actual contact of

foot i. Intuitively, the contact consistency reward ensures that the robot jumps according

to the desired schedule without significant mismatch in lift-off and touch-downs. We use

wp = 1, wo = 5, wc = 0.4 in all our experiments.

Early Termination To prevent the learning algorithm from unnecessary explorations in

suboptimal regions, we terminate an episode early if the robot falls (i.e. when the base height

is lower than 8cm, when the cosine distance between body’s upright vector and the gravity

direction is less than 0.6, or when any body parts came in contact with the ground).

Policy Training To improve the performance of the acceleration controller, we train a

policy to add an action residual to the acceleration controller’s outputs. We represent our

policy as a neural network with 1 hidden layer of 256 units and tanh activation. We train

our policy using Augmented Random Search (ARS) [44], a simple, parallelizable evolutionary

algorithm that has been successfully applied to locomotion tasks [20, 66, 67, 68]. We chose

ARS because it explores in the policy parameter space and does not directly inject noise in

action outputs. Moreover, ARS evaluates policies require accurate estimation of the value

function, which can be challenging for hierarchical tasks [40] due to its non-Markovian nature.
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4.3 Results

4.3.1 Experiment Setup

We test our framework on a Go1 robot from Unitree [32], which is a small-scale, 15kg

quadrupedal robot with 12 degrees of freedom. We build the simulation environment of

Go1 using Pybullet [71], and implement the entire control pipeline, including the the state

estimator, low-level WBC, the jump controller and the residual policy in Python. We train

the residual policy on a desktop computer with a 16-core CPU, where the training takes

around 3 hours to complete.

4.3.2 Continuous, Versatile Jumping

We test the performance of our learned framework on a series of jumping tasks, where

each task specifies either a different desired jumping direction, or a desired turning rate

(Fig. 4.3). Although we train the framework in only 4 jumping directions, the resulting

controller interpolates between them and jumps in intermediate directions (fig. 4.3a). The

framework also enables the robot to jump and turn simultaneously, and achieves an average

turning rate of about 3.5 rad/s (fig. 4.3b). For omni-directional jumping, we also notice that

the controller tends to overshoot for forward jumps, and undershoot for backward jumps.

This is likely due to the asymmetric leg designs of the robot platform, which generates higher

accelerations in the forward direction than in the backward direction.

4.3.3 Transfer to the real robot

We deploy the learned residual policy directly to the real world without additional finetuning.

Thanks to the robustness of the low-level WBC, our framework can complete several high

jumps in the real world, including jumping in multiple directions and turning (Fig. 4.4).

Please visit the website for videos. The robot achieves a maximum jumping height of around

50cm, a forward jumping distance of around 60cm, and a maximum turning rate of 90 degrees

per jump. Note that this jumping performance in the real world is slightly lower than the
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Figure 4.3: Different jumping skills learned by our framework. Left: Omni-directional jumping.

Lines show birds-eye view of CoM trajectory, where the robot starts facing positive x direction.

Crosses show desired landing positions. Colors show whether the direction is seen during training.

Right: Continuous jump-turn. Plot shows the z-component of angular velocity (approximately the

change rate of yaw angle). Shaded area indicates foot contact.

robot’s performance in simulation. We hypothesize this as a result of unmodeled motor

saturation, and plan to investigate further in future works.

4.3.4 Comparison with baseline policies

To further validate our design choices, we conduct an ablation study by removing either

the residual policy or the acceleration controller from our pipeline. We also compare our

framework with an end-to-end RL policy that directly outputs motor position commands.

The result is summarized in figure. 4.5.

Acceleration Controller Only We test the performance of the manually designed ac-

celeration controller without learned residual policy on the same jumping task. While the

controller completes all the jumps without falling over, it achieves a lower reward without the

residual policy (Fig. 4.5). We also find that the residual policy increases the overall success
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Figure 4.4: Footages of the Go1 robot completing several jumps in the real world.

rate of the robot in the real world (Table. 4.1). To further understand the effectiveness of the

residual policy, we perform a backward jump with and without the residual policy, and plot

the base pitch angle in Fig. 4.6. While the acceleration controller maintains the body pitch

closer to reference in the stance phase, it causes significantly larger pitch angle deviations

in the swing phase. This is because the acceleration controller approximates the robot as a

point-mass, and cannot account for changes in body orientations. In contrast, the residual

policy learns to correct this pitch angle deviation by slightly shifting the body pitch in stance

phase, which results in lower overall pitch deviations throughout the entire jump.

Policy Only Without the acceleration controller, the residual policy gets stuck in a local

minima, and achieves a low reward (Fig. 4.5). The resulting policy does not achieve sufficient

height for each jump, and keeps legs in contact most of the times (Fig. 4.7a). We hypothesize

this as a result of the frequent contact changes in the environment, which can create a noisy

reward landscape for the algorithm to optimize. In contrast, the policy trained with the

controller achieves consistent, high flight times for each jump (Fig. 4.7a).
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Figure 4.5: Learning curves of our framework compared with baseline methods. Error bar shows 1

standard deviation.

End-to-End RL Lastly, we compare our method to a baseline, where we train an end-to-

end reinforcement learning policy that directly outputs motor position commands. Similar

to previous works [8, 94, 7], we reduce the control frequency to 50Hz to avoid high-frequency

motor oscillations. We use the same state space and reward function in the environment

design, and train the policy using the same ARS algorithm. We find that the E2E policy

learns significantly slower, and requires around 10 times more training episodes (Fig. 4.5).

The policy also achieves the lowest overall reward compared to the other policies. While

additional efforts in reward shaping and imitation learning [86] can improve the performance

of the E2E policy, our method creates a simple, data-efficient alternative that does not require

pre-recorded demonstration trajectories.

4.4 Related Works

Learning Agile Locomotion Recently, researchers have made significant progress in ap-

plying reinforcement learning (RL) for quadrupedal locomotion. Using reinforcement learn-

ing, the legged robots can adapt to the environment [8, 94] and learn diverse skills such

as self-righting [49, 97], high-speed walking [53], goal-keeping [98]. However, for successful

real-robot deployment, RL-based controllers usually require significant effort in imitation

learning[86], reward shaping [8] and sim-to-real [7, 49, 47], especially for more agile tasks

such as jumping. Compared to the end-to-end RL approaches, we re-design the RL task to
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Task Controller Controller

+ Policy Only

Forward 100% 20%

Backward 80% 0%

Left 100% 80%

Right 100% 60%

Jump-Turn 100% 0%

Table 4.1: Success rates (over 5 trials) with or

without the residual policy. A jump is success-

ful if it does not trigger the early termination

condition (Sec. 4.2.4).
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Figure 4.6: Robot pitch angle during a back-

ward jump using different controllers. Shaded

area shows stance phase.

learn the residual action [99] that adds to a manually-designed acceleration controller. As a

result, the training process consumes significantly fewer data and does not require complex

reward specification. More over, the learned policy can be deployed directly to the real world

without additional fine-tuning.

Optimal Control for Locomotion With recent advancements in actuator design and

numerical optimization, optimal-control based controllers have enabled high-speed and ro-

bust locomotion [3, 10, 77] for legged robots. For computation efficiency, these controllers

usually simplify the robot dynamics model, such as the single rigid body model with massless

legs [3, 95, 100], so that the optimization can run in real-time. However, these simplified

models usually cannot capture the robot’s orientation dynamics accurately, especially when

the robot is in the air. Therefore, it can be difficult to use them for jumping tasks with

long periods of air time. To optimize for more precise jumps, controllers usually need to pre-

compute the entire jumping trajectory offline using higher-fidelity models [96, 13]. Compared

to these approaches, our method does not require offline optimization, jumps continuously,
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Figure 4.7: Foot contacts for controllers trained without and with the jump controller. Dark area

indicates foot contact.

and can respond to different landing positions and orientations.

Combining control and learning for legged locomotion Recently, a number of works

have proposed to use reinforcement learning and optimal control jointly for robust and ver-

satile locomotion. A common approach is to set up the controller hierarchically, where a

high-level policy outputs intermediate commands, which are converted by a low-level con-

troller into motor actions. While such hierarchical approaches have enabled the robot to

walk more efficiently [40, 91] and conquer difficult terrains [101], they are not yet demon-

strated on more agile tasks such as jumping. We use a similar hierarchical setup, but uses a

different whole-body controller in the low-level for precise tracking of body acceleration, and

achieves continuous, versatile jumping on the real robot. Another common approach is to

use RL to finetune the controller’s outputs. Recently, [102] demonstrates that deep RL can

improve the quality of a single jump in simulation. Our work extends their result by using

RL to optimize for the controller’s performance in the real world, and achieves continuous,

omni-directional jumping on the real robot, as well as jump turns.
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4.5 Discussion

In this work, we present a hierarchical framework to for continuous quadruped jumping,

which consists of a manually designed acceleration controller, a learned residual policy, and

a low-level whole-body controller. The trained framework can be transferred directly to the

real world, and is capable of continuous jumping at arbitrary angle and distances according

to user specification, as well as jump-turning. One limitation of our work is that it currently

only supports the pronking gait, where all 4 legs leave or touch the ground at the same time.

Supporting more versatile gaits such as bounding or galloping can potentially increase the

height and distance of the jump, which we plan to investigate in future work. Another future

direction is to integrate perception into our framework, so that the robot can use its jumping

skills to traverse through difficult terrains autonomously.



60

Chapter 5

CONTINUOUS ADAPTIVE JUMPING WITH
MASSIVELY-PARALLEL RL

Figure 5.1: Compared to the pronking gait (left), the bounding gait can jump over wider terrain

discontinuities under the same body movement.

While the work proposed in the previous section enables continuous jumping in multiple

directions, the robot’s behavior is limited to the pronking gait with synchronized foot con-

tacts. This contact pattern can be inefficient for long-distance traversal, as the length of the

robot body needs to be subtracted from the robot’s total jumping distance (Fig. 5.1). In this

work, we redesign the high-level policy to learn general jumping gaits, including bounding,

so that the robot can jump continuously over long distances.

5.1 Introduction

Legged robots possess a unique capability to navigate some of the earth’s most challenging

terrains. By strategically adjusting their foot placement and base pose, legged robots can

negotiate steep slopes [103, 104, 105], traverse uneven surfaces [17, 106], and crawl through
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tight spaces [107]. However, for terrains with scarce contact choices, such as gaps or stepping

stones, the capability of legged robots remains somewhat limited. This limitation primarily

stems from the fact that most legged robots rely heavily on walking gaits with continuous

foot contacts. As such, options for foot placement are confined to within one body length

from the robot’s current location. Jumping offers a compelling solution to this problem.

By enabling “air phases”, a jumping robot can traverse through long distances without

terrain contacts. Such a capability could markedly enhance a legged robot’s versatility when

dealing with challenging terrains. In addition, a robot capable of continuous, adaptive and

long-distance jumps could further boost its speed and efficiency during terrain traversal.

Compared with standard walking, jumping is a significantly more challenging control

task for both optimization-based [72, 3, 10, 108, 109, 107, 14, 110, 13] and learning-based

controllers [7, 106, 19, 111, 112]. Optimization-based controllers, despite proving robust in

challenging terrains, face computational limitations that prevent them from planning for long

jumping trajectories in real time. Typically, these controllers circumvent this issue by first

solving an intricate trajectory optimization problem offline, then utilizing simplified model

predictive control (MPC) to track this predetermined fixed trajectory online. Consequently,

existing works tend to be restricted to non-adaptive, single jumps [107, 14, 110, 13]. On the

other hand, RL controllers have the potential to learn more adaptive and versatile locomotion

skills, but they require substantial effort in reward design and sim-to-real transfer [113, 7, 8,

17], particularly for dynamic and underactuated tasks such as jumping. Therefore, achieving

continuous jumping over long distances can be a significant challenge for existing methods.

In this paper, we present CAJun (Continuous Adaptive Jumping with a Learned Cen-

troidal Policy), which achieves continuous long-distance jumpings with adaptive distances

on the real robot. Our framework seamlessly combines optimization-based control and RL

in a hierarchical manner. Specifically, a high-level RL-based centroidal policy specifies the

desired gait, target base velocity, and swing foot positions to the leg controller, and a low-

level leg controller solves the optimal motor commands given the centroidal policy’s action.

Our framework effectively integrates the benefits of both control and learning. First, the
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RL-based centroidal policy is able to learn versatile, adaptive jumping behaviors without

heavy computational burden. Second, the low-level quadratic-programming-based (QP) leg

controller optimizes torque commands at high frequency (500Hz), which ensures reactive

feedback to environmental perturbations and significantly reduces the sim-to-real gap. Fi-

nally, to resolve the common training speed bottleneck in hierarchical methods [101, 40, 114],

we reformulated the QP problem in the leg controller to a least-squares problem with clipping

so that the entire stack is 10 times faster and can be executed in massive parallel [19].

Within 20 mins of training in simulation, we deploy CAJun directly to a Unitree Go1

robot [32]. Without any fine-tuning, CAJun achieves continuous, long-distance jumping,

and adapts its jumping distance based on user command. Moreover, using the alternating

contact pattern in a bounding gait, the robot is capable of crossing a gap of 70cm, which

is at least 40% larger than existing methods (Fig. 5.5 and Table 5.2). To the best of our

knowledge, CAJun is the first framework that achieves continuous, adaptive jumping with

such gap-crossing capability on a commercially available quadrupedal robot. We further

conduct ablation studies to validate essential design choices. In summary, our contribution

with CAJun are the following:

• We present CAJun, a hierarchical learning and control framework for continuous, adaptive,

long-distance jumpings on legged robots.

• We demonstrate that jumping policies trained with CAJun can be directly transferred to

the real world with a gap-crossing capability of 70cm.

• We show that CAJun can be trained efficiently in less than 20 minutes using a single GPU.

5.2 Method Overview

In order to learn continuous, long-distance, and adaptive jumping behaviors, we design

CAJun as a hierarchical framework consisting of a high-level centroidal policy and a low-

level leg controller (Fig. 5.2). To specify a jump, The centroidal policy outputs three key
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Figure 5.2: Overview of the hierarchical framework of CAJun.

actions to the low-level controller, namely, the stepping frequency, the swing foot residual,

and the desired base velocity. The modules in the leg controller then convert these actions

into motor commands. Similar to previous works [3, 10, 91, 40, 101], the leg controller adopts

separate control strategy for swing and stance legs, where the desired contact state of each leg

is determined by the gait generator. We design the gait generator to follow a pre-determined

contact sequence with timings adjustable by the high-level centroidal policy. For swing legs,

we first find its desired position based on a heuristically-determined reference trajectory and

learned residuals, and converts that to joint position commands using inverse kinematics.

For stance legs, we first determine the desired base acceleration from the policy commands,

and then solves an optimization problem to find the corresponding Ground Reaction Forces

(GRFs) to reach this acceleration. We run the low-level controller at 500Hz for fast, reactive

torque control, and the high-level controller at 100Hz to ensure stable policy training.

5.3 Reparameterized Low-level Controller for Massively-Parallel GPU Simu-
lation

The gait generator determines the desired contact state of each leg (swing or stance) based

on a pre-defined contact sequence and the timing information from the centroidal policy.
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Figure 5.3: The contact sequence and default timing of the pronking (left) and bounding (right)

gait.

To capture the cyclic nature of locomotion, we adopt a phase-based gait representation,

similar to prior works [40, 20]. The gait is modulated by a phase variable ϕ, which increases

monotonically from 0 to 2π in each locomotion cycle, and wraps back to 0 to start the next

cycle. The propagation of ϕ is controlled by the stepping frequency f , which is commanded

by the centroidal policy:

ϕt+1 = ϕt + 2πf∆t (5.1)

where ∆t is the control timestep. The mapping from ϕ to the desired contact state is pre-

defined. We adopt two types of jumping gaits in this work, namely, bounding and pronking,

where bounding alternates between the front and rear leg contacts, and pronking lands and

lifts all legs at the same time (Fig. 5.3). Note that while the sequence of contacts is fixed,

the centroidal policy can flexibly adjust the timing of contacts to based on the state of the

robot.

5.3.1 Stance Leg Control

The stance leg controller computes the desired joint torque given the velocity command

from the centroidal policy. Since jumping is mostly restricted to the sagittal plane, the policy

specifies the velocity in the forward and upward axis (vx, vz), as well as the rotational velocity

vθ, and the velocity for the 3 remaining DoF is set to 0. We compute the desired torque

following a 3-step procedure. First, we compute the desired CoM acceleration q̈ref
f ∈ R6

using a PD controller . Next, we optimize for the GRF f = [f1,f2,f3,f4] ∈ R12 to track

this desired acceleration, where fi is the foot force vector of leg i. Lastly, we compute the
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motor torque command using τ = J⊤f , where J is the foot Jacobian. When training a

hierarchical controller with a low-level optimization-based controller, a major computation

bottleneck lies in the GRF optimization [101, 40, 114]. As such, we re-design this optimization

procedure to significantly speed up the training process.

QP-based GRF Optimization To optimize for GRF, prior works typically solve the

following quadratic program (QP):

min
f
∥q̈ − q̈ref

f ∥U + ∥f∥V (5.2)

subject to: q̈ = Af + g (5.3)

fi,z = 0 if i is a swing leg (5.4)

fmin ≤ fi,z ≤ fmax if i is a stance leg (5.5)

− µfi,z ≤ fi,x ≤ µfi,z, −µfi,z ≤ fi,y ≤ µfi,z i = 1, . . . , 4 (5.6)

Eq. (5.3) represents the centroidal dynamics model [3], where A is the generalized time-

variant inverse inertia matrix, and g is the gravity vector. Eq. (5.5), (5.4) specifies the

contact schedule, as computed by the gait generator. Eq. (5.6) specifies the approximated

friction cone constraints, where µ is the friction coefficient. U,V ≻ 0 are positive definite

weight matrices.

Unconstrained GRF Optimization with Clipping QP-based GRF optimization would

require an iterative procedure (e.g., active set method or interior point method), which can

be computationally expensive and difficult to scale up in parallel in GPU. Instead of using

the QP formulation, CAJun relaxes this optimization problem by solving the unconstrained

GRF first and clipping the resulting GRF to be within the friction cone. Since Eq. (5.3) is

linear in f , if we ignore the constraints in Eq. (5.6) and (5.5) and eliminate the variables for

non-contact legs, the optimal f can be solved in closed-form:

f̂ = (A⊤UA+V)−1A⊤U(q̈ref
f − g) (5.7)
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Next, we project the solved ground reaction forces into the friction cone, where we first

clip the normal force within actuator limits, and then clip the tangential forces based on the

clipped normal force:

fi,z = clip(f̂i,z, fmin, fmax), (fi,x, fi,y) = (f̂i,x, f̂i,y) ·min(1, µfi,z/

√
f̂ 2
i,x + f̂ 2

i,y) (5.8)

We design this projection to minimize the force disruption in the gravitational direction, so

that the low-level controller can track height commands accurately.

Note that our unconstrained formulation not only reduces computational complexity,

but also makes the solving procedure highly parallelizable. Therefore, when paired with

GPU-accelerated simulator like Isaac Gym [19], CAJun can be trained efficiently in mas-

sive parallel, which significantly reduced the turn-around time. Additionally, while our

unconstrained formulation may yield sub-optimal solutions when the least-squares solution

(Eq. (5.7)) finds a GRF outside the friction cone, the high-level centroidal policy would

observe this sub-optimality during training, and thereby compensating for it by adjusting

the desired CoM velocity commands. In practice, we find the policies trained using the

constrained and unconstrained optimization to perform similarly (see Sec. 5.5.6 for details).

5.3.2 Swing Leg Control

We use position control for swing legs, where the desired position is the sum of a heuristically

constructed reference trajectory [3, 27] and a residual output from the centroidal policy.

Similar to prior works [40, 101], we generate the reference trajectory by interpolating between

key points in the swing phase. On top of the heuristic trajectory (ps in Fig. 5.2), the

centroidal policy adjusts the swing foot trajectory for higher foot clearance and optimal foot

placement by outputting a residual in foot position (pr in Fig. 5.2). Once the foot position

is determined, we convert it to desired motor angles using inverse kinematics and execute it

using joint PD commands.
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5.4 Learning A Centroidal Policy for Jumping

Environment Overview For maximum expressiveness, we design the environment such

that the centroidal policy directly specifies the contact schedule, base velocity and swing foot

position for the low-level controller. To focus on continuous jumps, we design each episode

to contain exactly 10 jumping cycles, where termination is determined by the gait generator

(Section. 5.3). Additionally, we normalize the reward so that total reward within each

jumping cycle is agnostic to its duration. In order to learn distance-adaptive jumping, we

sample different jumping distances uniformly in [0.3m, 1m] before each jump, and compute

the desired landing position, which is included in the state space.

State and Action Space We design the state space to include the robot’s proprioceptive

state, as well as related information about the current jump. The proprioceptive information

includes the current position and velocity of the robot base, as well as the foot positions in

the base frame. The task information includes the current phase of the jump ϕ (Sec. 5.3) and

the location of the target landing position in egocentric frame. The action space includes

the desired stepping frequency f , the desired base velocity in sagittal plane vx, vz, vθ, as well

as the desired swing foot residuals, which are specified to different modules in the low-level

controller.

Reward Function We design a reward function with 9 terms. At a high level, the reward

function ensures that the robot maintains an upright pose, follows the desired contact sched-

ule, and lands close to goal. We provide the detail about each term and its corresponding

weight below:

1. Upright (0.02) is the projection of a unit vector in the z-axis of the robot frame onto the

z-axis of the world frame, and rewards the robot for keeping an upright pose.

2. Base Height (0.01) is the height of the robot’s CoM in meters, and rewards the robot for

jumping higher.
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3. Contact Consistency (0.008) is the sum of 4 indicator variables:
∑4

i=1 1(ci = ĉi), where

ci is the actual contact state of leg i, and ĉi is the desired contact state of leg i specified by

the gait generator. It rewards the robot for following the desired contact schedule.

4. Foot Slipping (0.032) is the sum of the world-frame velocity for contact-legs:
∑4

i=1 ĉi
√
v2i,x + v2i,y,

where ĉi ∈ {0, 1} is the desired contact state of leg i, and vi,x, vi,y is the world-frame velocity

of leg i. This term rewards the robot for keeping contact legs static on the ground.

5. Foot Clearance (0.008) is the sum of foot height (clipped at 2cm) for non-contact legs.

This term rewards the robot to keep non-contact legs high on the ground.

6. Knee Contact (0.064) is the sum of knee contact variables
∑4

i=1 kci, where kci ∈ {0, 1} is

the indicator variable for knee contact of the ith leg.

7. Stepping Frequency (0.008) is a constant plus the negated frequency 1.5− clip(f, 1.5, 4),

which encourages the robot to jump at large steps using a low stepping frequency.

8. Distance to goal (0.016) is the Cartesian distance from the robot’s current location to the

desired landing position, and encouarges the robot to jump close to the goal.

9. Out-of-bound-action (0.01) is the normalized amount of excess when the policy computes

an action that is outside the action space. We design this term so that PPO would not

excessively explore out-of-bound actions.

Early Termination To speed up training and avoid unnecessary exploration in sub-

optimal states, we terminate an episode early if the robot’s base height is less than 15cm, or

the base orientation deviates significantly from the upright pose.

Policy Representation and Training We represent policy and value functions using

separate neural networks. Each network includes 3 hidden layers of [512, 256, 128] units

respectively with ELU activations [115]. We train our policy using Proximal Policy Opti-

mization (PPO) [43]. Please see Table. 5.1 for the detailed configuration.
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Parameter Value

Learning rate 0.001, adaptive

# env steps per update 98,304

Batch size 24,576

# epochs per update 5

Discount factor 0.99

GAE λ 0.95

Clip range 0.2

Table 5.1: Hyperparameters used for PPO.

5.5 Results and Analysis

5.5.1 Experiment Setup

We use the Go1 quadrupedal robot from Unitree [32], and build the simulation in IsaacGym

[19, 46]. To match the GPU-accelerated simulation environment, we implement the entire

control stack, including the centroidal policy and the leg controller, in a vectorized form in

PyTorch [116]. We adopt the PPO implementation from rsl rl [19]. We train CAJun on

a standard desktop with an Nvidia RTX 2080Ti GPU, which takes less than 20 minutes to

complete.

5.5.2 Continuous and Adaptive Jumping

To verify that CAJun can learn continuous, dynamic jumping with adaptive jumping dis-

tances on the real robot, we deploy the trained pronking and bounding controllers to the real

robot. For each gait, we run it continuously for at least 6 jumps, where the desired jumping

distance alternates between 0.3 and 1 meter. We put LEDs on the base and feet of the robot

and capture the robot’s trajectory using long-exposure photography (Fig. 5.4).

We find that both the pronking and the bounding controller can be deployed successfully
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Figure 5.4: Long-exposure photos visualizing base (green), front foot (blue) and rear foot (red)

trajectories of the robot when jumping with alternating distance commands. White lines show the

foot positions during each landing (contact phase for pronking, mid-air phase for bounding). Time

shows the duration of “air phase” (Fig. 5.3) in each jump when all legs are in the air.

Figure 5.5: Using the bounding gait, the robot can jump over a 60cm-wide yoga mat without

making foot contact.

to the real robot, and achieve continuous jumping with long jumping distances. Both the base

and the foot trajectories exhibit clear periodicity, which demonstrates the long-term stability

of the jumping controller. Moreover, the policy responds to jumping distance commands well,

and results in alternating patterns of further and closer jumps. A closer look at the duration

of each air phase shows that in both the bounding and pronking gait, the centroidal policy

reduces the air time by approximately 20% when switching from longer to shorter jumps.

This is achieved by the stepping frequency output (Section. 5.3) of the centroidal policy. As

demonstrated in previous works [40, 117], such gait adjustments can potentially save energy

and extend the robot’s operation time.
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Method Jumping Style Widest Gap Crossed

TWiRL [113] Single 0.2m

Barkour [105] Single 0.5m

Margolis et al. [118] Continuous 0.26m

Walk-These-Ways [111] Single w/ Acceleration 0.6m

CAJun (ours) Continuous w/ Adaptive Jumping Distance 0.7m

Table 5.2: Comparison of gap-crossing capability on controllers deployed to similar-sized robots.

5.5.3 Jumping over Wide Gaps

While both the pronking and bounding gait can jump with at least 70cm of base movement

in each step, we find that the bounding gait offers a unique advantage in traversing through

gaps. As seen in the foot trajectories in Fig. 5.4, the alternating contact pattern in bounding

enables the front and rear of the robot to land closely in the world frame, so that the robot

can utilize the entire jumping distance of 70cm for gaps. To further validate this, we place

a yoga mat with a width of 60cm in the course of the robot, and find that the robot can

jump over it with additional buffer space before and after the jump (Fig. 5.5). To the best

of our knowledge, CAJun is the first framework that achieves continuous jumping with such

gap-crossing capability on a commercially-available quadrupedal robot (Table. 5.2).

5.5.4 Validation on Robustness

We design two experiments to further validate the robustness of CAJun. In the first experi-

ment, we add a leash to the back of the robot and actively pulled the leash during jumping

(Fig. 5.6). While both the pronking and bounding gait experienced a significant drop in

forward velocity during the pull, they recovered from the pull and regained momentum for

subsequent jumps. In the second experiment, we test the robot outdoors, where the robot

needs to jump from asphalt to grass (Fig. 5.7). The uneven and slippery surface of the grass

perturbed the robot and broke the periodic pattern in pitch angles. However, both policies

recovered from the initial perturbation, and resume stable, periodic jumps after around 2



72

0 1 2 3
Time/s

1
0
1
2

Sp
ee

d/
(m

/s
)

Pronking

0 1 2
Time/s

1
0
1
2

Sp
ee

d/
(m

/s
)

Bounding
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Pronking Bounding

Sim Real Sim Real

E2E 4.17±0.01 1.67±0.18 4.61±0.03 3.47±0.15

CAJun (ours) 4.98±0.02 4.76±0.11 4.27±0.05 4.34± 0.17

Table 5.3: Total distance after 6 jumps achieved by end-to-end RL and CAJun.

jumping cycles. The robustness of CAJun can be likely attributed to the high control fre-

quency of the low-level leg controller, which enables the robot to react swiftly to unexpected

perturbations, and the online adjustment of the learned centroidal policy.

5.5.5 Comparison with End-to-End RL

To demonstrate the effectiveness of CAJun’s hierarchical setup, we compare it to an end-

to-end RL baseline, where the policy directly outputs motor position commands. We use a

similar MDP setup as CAJun (section. 5.4) for the end-to-end RL baseline. More specifically,

we use the same gait generator as CAJun to generate reference foot contacts, and include

stepping frequency as part of the action space so that the policy can modify the gait schedule.

However, unlike CAJun, this reference gait is only used for reward computation, and does

not directly affect leg controllers. For reward, we keep the same reward terms and weights.

However, since the initial exploration phase of end-to-end RL can lead to a lot of robot

failures with negative rewards, we add an additional alive bonus of 0.02 to ensure that the

reward stays positive.

In both simulation and the real world, we run each policy for 6 jumps with a desired
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Figure 5.8: Comparison of total jumping distance under increased payload.

distance of 1 meter per jump, and report the total CoM displacement in Table. 5.3. While

CAJun and end-to-end RL achieves comparable performance in simulation, CAJun faces a

significantly smaller sim-to-real gap and outperforms e2e baseline for both gaits in the real

world (25% further in bounding, 185% in pronking). While additional efforts such as domain

randomization [7], system identification [16] or teacher-student training [8] could improve the

robustness and reduce the sim-to-real gap for E2E methods, the hierarchical framework of

CAJun offers a simple and efficient alternative that can be deployed zero-shot to the real

world.

Sim-to-Sim Transfer To better understand the robustness of CAJun and end-to-end

RL (E2E) under different dynamics, we conduct a sim-to-sim transfer experiment, where

we test the performance of CAJun and E2E under increased body payloads. The result is

summarized in Fig. 5.8. While the distance of E2E drops quickly with increased payload,

CAJun maintains a near-constant distance even with a 4kg payload, thanks to the robustness

of the low-level centroidal controller.

5.5.6 Ablation Study

We design a set of ablation studies to validate the design choices of CAJun. We summarize

the results here. For each baseline, we report its total reward and CoM displacement over 6

consecutive jumps with a desired distance of 1m per jump (Fig. 5.9a). We train each baseline
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using 5 random seeds and report the average and standard deviations. We also report the

wall-clock training time in Fig. 5.9b.

No Gait Modulation The stepping frequency from the centroidal policy is essential for

the stability of the robot. In no-gait, we disable the stepping frequency output and adopt

a fixed stepping frequency of 1.66Hz for both the pronking and bounding gait, which is the

average stepping frequency output from CAJun. While the baseline can achieve a similar

reward, the learning process is noisy with frequent failures. Since the heuristically-designed

gait might not match the capability of the robot, it is important for the policy to adjust the

gait timing to stabilize each jump.

No Swing Leg Residual The swing residuals play a critical role in achieving long-distance

jumps. To validate that, we design a baseline, no-swing, where we disable the swing residuals

so that swing legs completely follow the heuristically-designed trajectory from the swing

controller. We find that the baseline policy cannot jump as far as CAJun, and achieves a

lower reward for both gaits.

No Swing Leg Reference The reference swing leg trajectory improves the overall jumping

performance. In NoSwingRef, we train a version of CAJun where the centroidal policy

directly specify swing foot position without reference trajectory. While NoSwingRef performs

similarly to CAJun for the pronking gait, it jumps significantly shorter and achieves a lower

reward for the bounding gait, because the bounding gait requires more intricate coordination

of swing legs.

CAJun-QP The clipped QP in GRF optimization significantly reduced training time with-

out noticeable performance drops. To validate this design choice, we compare the training

time and policy performance of CAJun with a variant, CAJun-QP, where we solve for GRFs

using the complete QP setup, where the approximated friction cone is imposed as constraints.

We adopt the QP-solver from qpth [119], an efficient interior-point-method-based solver that
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Figure 5.9: Reward curve and training time of CAJun compared to the ablated methods.

supports GPU acceleration. For both the pronking and bounding gait, we find that CAJun

achieves a similar reward compared to CAJun-QP. However, because CAJun-QP needs to

iteratively optimize GRF at every control step, its training time is almost 10 times longer,

which is consistent with prior observations [101].

5.5.7 Extension to Other Gaits

While we focus on jumping gaits in this work, CAJun is a versatile locomotion framework

that is capable of learning a wide range of locomotion gaits. By adopting a different contact

sequence for the gait generator (Fig.5.3), CAJun can learn a wide variety of other locomotion

gaits such as crawling, pacing, trotting and fly trotting. With GPU-parallelization, all these

gaits can be trained in less than 20 minutes. Please check our website for videos.

https://sites.google.com/view/continuous-adaptive-jumping/home
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5.6 Related Works

Optimization-based Control for Jumping Using optimization-based controllers, re-

searchers have achieved a large variety of jumping behaviors, from continuous pronking and

bounding [72, 3, 10, 108, 109] to large single-step jumps [107, 14, 110, 13]. By optimizing

for control inputs at a high frequency, these controllers can execute robust motions even

under severe perturbations [3, 10]. However, due to the high computation cost, they cannot

plan ahead for a long horizon during online execution. Therefore, they primarily focus on

high-frequency jumps with a short CoM displacement per jump [10, 108, 109]. One way to

overcome this computation limit is to pre-compute a reference trajectory offline using tra-

jectory optimization (TO) [107, 14, 110, 13], which can greatly extend the height [14] and

distance [110] of each jump. However, it can be challenging to generalize beyond the reference

trajectories towards continuous, adaptive jumping [41, 5, 42]. Notably, using a multi-level

planner, Park et al. [5] achieved continuous bounding with fixed gait and adaptive height

to jump over hurdles. Compared to these approaches, our framework adopts a more general

formulation, where the policy can adjust the gait timing, base pose, and swing foot position

simultaneously.

Learning-based Control for Jumping In recent years, learning-based controllers have

significantly improved the capability of legged robots, from rapid running [53] to traversing

over challenging terrains [106]. While standard walking gaits can be learned from scratch

using reinforcement learning (RL), more dynamic behaviors such as jumping usually require

additional setup in the learning process, such as motion imitation [113, 112, 111], curriculum

learning [19] and multi-stage training [105, 120]. Another challenge for learning-based con-

trollers is sim-to-real, especially for dynamic underactuated behaviors like jumping [118]. To

overcome the sim-to-real gap, researchers have developed a suite of tools such as domain ran-

domization [7], system identification [16] and motor adaptation [8]. Recently, Smith et al.

[113] used motion imitation and transfer learning to jump over a gap of 20cm (0.4 body
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length) on a Unitree A1 robot, and Caluwaerts et al. [105] used multi-stage training with

policy synthesis to jump over a gap of 50cm (1 body length) on a custom-built quadrupedal

robot. Compared to these works, CAJun’s hierarchical setup can jump over wider gaps

(70cm / 1.4 body length) continuously, and can adapt its landing position based on user

command.

Hierarchical RL for Legged Robots Recently, there has been increasing interest in

combining RL with optimization-based control for legged robots [40, 91, 101, 114, 121, 102].

These frameworks typically follow a hierarchical structure, where a high-level RL-trained

policy outputs intermediate commands to a low-level leg controller. The RL policy can give

several forms of instructions to the low-level controller, such as gait timing [40, 91], CoM

trajectory [101, 102, 118, 121] and foot landing positions [114, 122, 123, 124, 125]. Our

approach uses a similar hierarchical setup but adopts a general action space design where

the policy specifies the gait, CoM velocity and swing foot locations simultaneously. One

bottleneck of the hierarchical approaches is the slow training time because every environment

step involves solving the optimization problem in the low-level controller. We overcome this

bottleneck by relaxing the constraints in foot force optimization [126, 127, 128], so that foot

force can be solved efficiently in closed form. Compared to existing frameworks which can

take hours or even days to train, CAJun can be trained in 20 minutes using GPU-accelerated

simulation [19].

5.7 Discussion

In this work, we present CAJun, a hierarchical learning framework for legged robots that

consists of a high-level centroidal policy and a low-level leg controller. CAJun can be trained

efficiently using GPU-accelerated simulation and can achieve continuous jumps with adaptive

jumping distances of up to 70cm. One limitation of CAJun is that, while it can adapt to

changes in jumping distances, it can not land accurately at the desired location yet. This

inaccuracy might be due to a number of factors such as unmodeled dynamics and state
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estimation drifts. Another limitation of CAJun is that it does not make use of perception,

and only adjusts its jumping distances based on ad-hoc user commands. In future work, we

plan to extend CAJun to incorporate perception and achieve more accurate jumps, so that

the robot can demonstrate extended agility and autonomy in challenging terrains.
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Chapter 6

HIGH-SPEED CONTINUOUS JUMPING OVER
DISCONTINUOUS TERRAINS

6.1 Introduction

Jumping can greatly extend the capabilities of legged robots. While the standard walking

gait is sufficient for relatively smooth terrains, a carefully coordinated jumping gait with a

long air-phase can enable a robot to cross terrains with large discontinuities, such as wide

gaps and high steps, as demonstrated in recent works [52, 51, 107, 102, 41, 129, 105, 14,

130]. However, for more complex terrains with repeated discontinuities, such as stairs and

stepping stones, traversing these terrains requires a sequence of carefully coordinated jumps,

with precise planning in contact timing, body motion and foot placement, as well as rapid

adaptation to newly perceived terrain information [41]. Because of these reasons, achieving

continuous jumping over these challenging terrains with repeated discontinuities remains a

central challenge in legged robots.

In this work, we present a hierarchical learning-control framework that achieves high-

speed continuous jumping on real-world terrains with challenging discontinuities. Compared

with single-step jumping, continuous, perceptive jumping on these challenging terrains intro-

duces several unique challenges. Firstly, while the continuous jumping task requires precise

body and foot motions, the highly dynamic nature of the task leads to an amplified sim-to-

real gap [7, 49], where even small dynamics mismatches can lead to significant discrepancies

in resulting trajectories. Therefore, the controller needs to be robust to handle these dis-

crepancies effectively. Moreover, the robot is constantly underactuated throughout the entire

jumping process [13, 15], making it difficult to control all aspects of body movements simul-

taneously. As a result, standard reinforcement learning (RL) algorithms that are unaware of
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Figure 6.1: Our framework enables a quadrupedal robot to jump continuously over real-world stairs

and steps.

this underactuation may learn to exploit this underactuation and learn behaviors that can-

not be transferred to the real world. Lastly, continuous jumping requires rapid and accurate

hand-eye coordination [51, 52, 129], where the complexity of real-time perception and mo-

tion planning can be overwhelming to learn with a single end-to-end network. Due to these

challenges, most existing works focus on single-step jumps [51, 14, 102, 105] or continuous

jumps on flat terrains [130, 41].

Our framework addresses all the challenges mentioned above, achieving continuous jump-

ing on challenging terrains with repeated discontinuities for the first time. Building on top

of our prior work [130], our framework consists of a heightmap predictor to process depth

images, a motion policy to coordinate body and foot motions, and a low-level leg controller

for motor control. We adopt a two-staged training approach [8, 18, 106, 51], where we first

train the motion policy using reinforcement learning with ground-truth terrain information,

and then train the heightmap predictor using supervised learing to estimate the terrain infor-

mation. We redesigned key components of our framework to achieve the task of high-speed,

perceptive jumping. To reduce the sim-to-real gap, we augmented the low-level feedforward

optimal controller with a velocity feedback [10, 72, 11]. This increases the controller’s ro-

bustness against dynamic shifts while maintaining effective long-horizon trajectory tracking.

To account for the underactuated nature of the robot, we included the final cost of the low-
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level optimal control problem in the reward function for policy training, and encourages the

policy to learn feasible actions. To reduce the complexity of perception and control, we learn

a separate heightmap predictor and use it together with the RL-trained motion policy. This

modular approach allows us to inspect each component individually, from carefully identify-

ing camera latencies to evaluating the tracking performance of the motion policy, ensuring

the high performance of the resulting system.

We deploy our trained framework on a Unitree Go1 robot [32], and test it on a variety

of challenging terrains in the real world (Fig. 6.1). With the continuous jumping gait, our

robot jumps over a human-sized staircase with 14 steps in less than 4.6 seconds, traversing

2 stair steps in each jumping cycle. To the best of our knowledge, this is the first time any

quadrupedal robot has achieved such high-speed traversal on stair cases. In addition to stair

jumping, our framework also learns to jump continuously on horizontal stepping stones, and

crosses one gap in each jump. Our framework also achieves state-of-the-art performance

in jumping over single horizontal discontinuities (up to 80cm horizontally, 60cm vertically)

[51, 52]. Thanks to the RL training, the motion policy learns versatile jumping behaviors

through environment interaction, and can plan accurate jumping trajectories based on terrain

perception. We further conduct an ablation study to validate important design choices.

In summary, our contributions in this paper are as follows:

1. We extended the hierarchical learning-control framework [130] for continuous, percep-

tive jumping on challenging discontinuous terrains.

2. We deploy the framework for real-world jumping tasks, and achieve continuous, high-

speed jumping on stairs and stepping stones for the first time.

3. We validate that our framework can learn diverse jumping skills with high-performance

single-step jumps.



82

6.2 Method Overview

6.2.1 The Hierarchical Learning-Control Framework
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Figure 6.2: Block Diagram

In order to learn high-speed, continuous jumping motions over challenging discontinuous

terrains, we design a hierarchical learning-control framework (Fig. 6.2), which includes a

Heightmap Predictor to process perceptive information, aMotion Policy for high-level motion

planning, and a Leg Controller for low-level motor control. At the perception level, the

Heightmap Predictor takes in consecutive depth images and estimates a 1D heightmap in

the front-back axis of the robot. The Motion Policy then uses this estimated heightmap, as

well as robot proprioceptive information, to coordinate the jumping motions. This motion

policy outputs three key actions to the Leg Controller, which includes the stepping frequency

f , the swing foot residuals pr, and the desired base velocity vx, vz, vθ. The Leg Controller

then converts these actions into motor commands, with separate control strategies for swing

and stance legs [40, 130, 3, 10]. The switch between swing and stance legs is managed by a
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gait generator, which maintains a fixed contact sequence but allows flexible contact timing

based on the stepping frequency. f The swing leg follows a reference trajectory, which is the

sum of a nominal trajectory ps determined by Raibert Heuristics [27] and a swing residual

pr from the policy output. We design the stance leg controller to include both a feed-forward

foot-force optimizer and a feed-back velocity tracker, which tracks the trajectories accurately

and prepares the robot for unexpected perturbations. We run the leg controller at 500Hz

for responsive torque control, and the motion policy and heightmap predictor at 100Hz for

smooth policy output.

6.2.2 Two-staged Policy Training with Explicit Heightmap

Similar to prior works [8, 52, 51], we train the Motion Policy and Heightmap Predictor

separately in two stages. In the first stage, we train the Motion Policy through reinforcement

learning, and feed the policy with ground-truth heightmaps. We parallelize the entire control

loop, including heightmap generation and the low-level controllers, on GPU to reduce training

time. In the second stage, we train the Heightmap Predictor through imitation learning

[131], where we alternate between data collection and model fitting to iteratively improve

the predictor’s accuracy.

6.3 Low-level Leg Controller with Feedback

Similar to prior hierarchical frameworks [130, 40, 101], the low-level leg controller of our

framework adopts separate control strategies for swing and stance legs, where the contact

state of each leg is determined by the gait scheduler. Each module in the leg controller is

directly modulated by the actions from the centroidal policy.

6.3.1 Gait Generation

While multiple jumping gaits have been studied for quadrupedal robots [121, 113, 105], we

focus on the bounding gait in our framework (Fig. 6.3), a gait that has been known for
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Front Contact Mid Air Rear Contact Air

Figure 6.3: The contact sequence and default timing of the bounding gait.

long-distance jumps [113, 105]. Each bounding cycle consists of 4 contact modes, namely,

the front-contact, mid-air, rear-contact, and air. The robot prepares for the jump in the first

three modes, and performs long horizontal or vertical jumps in the air phase. We represent

the robot’s progress between contact modes with a phase variable ϕ ∈ [0, 2π). ϕ increases

monotonically within each cycle and wraps back to 0 as the new cycle begins. The gait

generator modulates the progress of each cycle by advancing the phase ϕ at each timestep:

ϕ← ϕ+ 2πf∆t (6.1)

where f is the stepping frequency from the centroidal policy, and ∆t is the control timestep.

6.3.2 Stance Leg Controller with Feedforward and Feedback

For fast and reactive response in dynamic jumping tasks, the stance foot controller needs to

effectively prepare for future trajectories, while reacting dynamically to unexpected perturba-

tions. Therefore, unlike the prior work that only includes the feedforward optimal controller

for stance foot control, we introduce an additional feedback controller on top of the feedfor-

ward controller for improved robustness. Given the reference CoM velocity vrefx , vrefz , ωref
y from

the centroidal policy, the stance foot controller sums over the feedforward torque τff and the

feedback torque τfb as the final joint torque command.

Feedforward Optimal Control The feedforward optimal controller first computes a

reference CoM acceleration aref based on the reference CoM velocity vrefx , vrefz , vrefθ , and then

optimize for ground reaction forces (GRF) to track this reference acceleration. We compute
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the CoM acceleration using CoM PD Control:

aref = kp(p
ref − p) + kd(v

ref − v) (6.2)

where p = [px, py, pz, ϕ, θ, ψ] is the body pose with Euler angle orientation representation,

v = [vx, vy, vz, ωx, ωy, ωz] is the body velocity. At the position level, we only track a reference

roll angle of 0, and set the gain Kp to be 0 in other dimensions. At the velocity level, we set

vref = [vrefx , 0, vrefz , 0, vrefθ , 0] to track the commands from the motion policy.

Given the reference CoM acceleration aref, we then optimize for ground reaction forces

(GRFs) by solving a quadratic program (QP):

min
f
∥a− aref∥U + ∥f∥V (6.3)

s.t. a = Mf + g (6.4)

fi,z = 0 if i is a swing leg (6.5)

fmin ≤ fi,z ≤ fmax if i is a stance leg (6.6)

− µfi,z ≤ fi,x, fi,y ≤ µfi,z i = 1, . . . , 4 (6.7)

Eq. (6.4) represents the centroidal dynamics model [3, 130, 40], where M is the generalized

time-variant inverse inertia matrix, and g is the gravity vector. Eq. (6.6), (6.5) specifies the

contact schedule, as computed by the gait generator. Eq. (6.7) specifies the approximated

friction cone constraints, where µ is the friction coefficient. U,V ≻ 0 are positive definite

weight matrices. To reduce training time, we compute a closed-form approximate solution

of the QP during training [130]. During deployment, we compute the exact solution for

improved robustness. Finally, we convert the GRFs into motor torques using τff = J⊤f ,

where J is the foot jacobian.

Feedback Velocity Tracking Control While the feedforward (FF) controller considers

robot dynamics and is effective for long-horizon trajectory tracking, it may struggle with

unexpected dynamics shifts and perturbations. To ensure robust and precise motion control,

we introduce an additional feedback (FB) controller to provide real-time corrections [10, 11]
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to the feedforward controller. The feedback controller tracks the desired foot velocities based

on the base reference velocities vrefx , vrefz , vrefθ .

Assuming static foot contacts, we can compute the reference foot velocities from these

reference CoM velocities:

vref
foot = −vref

CoM − ωref
CoM × pfoot (6.8)

where vref
CoM,ω

ref
CoM is the reference CoM velocity, and and pfoot is the position of the foot in

body frame.

We can then convert the reference foot velocities to the reference joint velocities via

Jacobian inverse:

q̇ref = J−1vref
foot (6.9)

Finally, we compute the feedback torques based on the refernce joint velocities:

τfb = kd(q̇
ref − q̇) (6.10)

We set kd = 1 to provide effective feedback while not causing significant interference with

the feedforward controller.

6.3.3 Swing Foot Control

Similar to prior work [130], we use position control for swing legs, where the desired foot

position is the sum of a reference position ps computed by the Raibert Heuristic [27] and a

residual pr from the Centroidal Policy. Given the reference position, we then convert this

task-space reference position into joint space using inverse kinematics (IK), and tracks the

desired joint positions using joint-level PD control.

6.4 Two-staged Training of Perception and Motion Planning

To speed up training and improve the interpretability of our framework, we separate the

high-level policy into a heightmap predictor for heightmap estimation and a motion policy for

motion coordinaton. We first train the motion policy using reinforcement learning (RL), and
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Component Dimensions

Gait phase 2

Base Height (pz, ϕ, θ) 3

Base Velocity (vx, vy, vz, ωx, ωy) 5

Foot Position 12

1D Heightmap (-0.4m-0.8m) 30

Table 6.1: The observation space of Centroidal Policy.

then train the motion policy using supervised learning, where the trajectories are collected

using the trained motion policy.

6.4.1 Low-level Aware Reinforcement Learning

We train the motion policy with reinforcement learning (RL). The RL problem is represented

as a Markov Decision Process (MDP), which includes the state space S, action space A, tran-

sition probability p(st+1|st, at), reward function r : S ×A 7→ R, and initial state distribution

p0(s0). We aim to learn a policy π : S 7→ A that maximizes the expected cumulative reward

over an episode of length T , which is defined as J(π) = Es0∼p0(·),st+1∼p(·|st,π(st))
∑T

t=0 r(st, at).

Environment Overview Similar to prior work [130], we design the environment to learn

continuous, terrain-adaptive jumps. Each episode starts with the robot in the front-contact

mode of the bounding cycle (Fig. 6.3), and terminates when the robot has finished exactly 10

cycles, or when the robot has fallen. Since each episode can be of variable length depending

on the stepping frequency, we additionally normalize the reward by the stepping frequency

to reduce the bias on low-frequency gaits.

State and Action Space As detailed in Table. 6.1, the observation space of the cen-

troidal policy includes the phase of the current gait cycle, robot proprioceptive information,

and an 1-D heightmap. The 1-D heightmap samples the terrain uniformly along the x
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Component Dimensions

stepping frequency (f) 1

desired CoM velocity (vrefx , vrefz , ωref
y ) 3

swing residuals (pr) 6

Table 6.2: The action space of the centroidal policy.

(forward-backward) axis of the robot body, and spans from -0.4m behind the robot to 0.8m

ahead of the robot. The action space consists of the stepping frequency f , the desired CoM

velocity vrefx , vrefz , ωref
y , and the swing residuals pr, which modulates components of the low-

level controller (Table. 6.2). Since the bounding gait primarily involves movements in the

sagittal plane with symmetrical leg movements, the centroidal policy only specifies swing

residuals for the left legs, and mirrors these residuals for the right legs.

Low-level Aware Reward Design Due to the alternating landing between front and

rear legs, the robot is consistently under-actuated throughout the bounding gait and cannot

track arbitrary body velocities at all times. For instance, when the front leg is in contact,

achieving a large vz inevitably induces a large torque in the y direction, making it difficult to

maintain a small ωy However, since this information is not directly available to the motion

policy, the RL algorithm might explore a lot of infeasible actions during training, which

causes unstable body tracking in the low-level controller with large tracking errors. To

alleviate this issue and make the centroidal policy aware of this physical constraint, we

introduce the cost of the final QP (Eq.(6.3)) as part of the reward function during policy

training, which encourages the policy to output feasible velocities. The rest of the reward

terms were adopted from the reward function in the prior work [130], which encourages the

robot to follow the contact schedule, remain stable, and jump over long distances.

Terrain Design and Curriculum For the robot to gradually master complex jumping

skills, we design the four different terrains in the with horizontal and vertical discontinu-
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Figure 6.4: The environment includes four different terrain types for the robot to learn versatile

jumping skills.

Terrain Curriculum

Stairs Step Height: 0.05m → 0.3m

Stepping Stones Gap Width: 0m → 0.6m

Pit Height: 0m→0.7m

Gap Width: 0m → 1m

Table 6.3: The terrain curriculum introduces a set of horizontal and vertical jumping tasks with

increasing difficulty.

ities (Fig. 6.4), which encourages the robot to learn continuous, long-distance jumps with

precise foot placements. Each terrain type comes with a curriculum of increasing difficulty

(Table. 6.3). Similar to prior work [19, 51, 52], the robot starts in the initial curriculum level

at the start of training, and advances to the next level when it can jump sufficiently far in

the current level. Within each level, the robot starts in a random position in a randomly-

selected terrain type. To simulate the diversity of environments in the real world, we further

randomize the step width of stairs and stepping stones within each curriculum level.

Policy Representation and Training Since the motion policy receives the ground-

truth heightmap of the surrounding environment, its observation space has sufficient infor-

mation for decision making. Therefore, we represent the centroidal policy as a MLP without

memory, which contains 3 layers of [512, 256, 128] units each with ELU activation [115]. We

train our policy using Proximal Policy Optimization (PPO) [43] for 8000 gradient steps,
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where each gradient step samples 24 timesteps from 4096 parallelized environments.

6.4.2 Supervised Learning for Heightmap Prediction

Once the motion policy is trained, the next step is to convert this policy with privileged

ground-truth heightmap into a policy that uses inputs from on-board sensors. To achieve

that, prior works have proposed to train a student policy using imitation learning, where the

goal is to imitates either the action or a learned embedding of the teacher policy. We adopt

a similar two-staged approach to train our framework. However, unlike these approaches, we

train decouple the task of perception from motion planning, and train the ”student policy”

to explicitly estimate the heightmap in the second stage. This modular design improves

the interpretability and generalizability of our framework, and leads to more robust terrain

estimation under real-world noises.

To effectively fuse past depth information, we design the heightmap predictor as a small 3-

layer convolutional network for depthmap processing followed by a 1-layer GRU for memory-

based terrain reconstruction. To ensure accurate heightmap estimation around the relevant

trajectories, we train the heightmap predictor iteratively using supervised learning, similar to

DAGGER [131]. The training loop alternates between rolling out the trajectories using the

latest heightmap predictor and the centroidal policy, and training the heightmap predictor

on the trajectories collected.

6.5 Results and Analysis

We design our experiments to validate the capability of our framework in jumping over

challenging terrains. More specifically, we aim to answer the following questions:

1. Can our framework traverse through challenging discontinuous terrains in the real

world?

2. What is the maximum jumping performance of our framework and how does it compare

with existing works?
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3. Can our framework plan body and foot trajectories proactively in response to perceived

terrains?

4. What are the important design choices to facilitate successful sim-to-real in our frame-

work?

6.5.1 Experimental Setup

We test our hierarchical learning-control framework on the Unitree Go1 robot [32], where we

mounted a Intel Realsense D435i camera to capture depth images, and stream the images

to a Mac Mini computer for policy inference. For GPU-accelerated training, we build the

simulation environment in IsaacGym [46], and implemented both the high-level centroidal

policy and the low-level leg controller in PyTorch [116], so that the entire training loop can

be executed on GPU. We train the centroidal policy for 8000 gradient steps using Proximal

Policy Optimization (PPO) [43], which takes about 7 hours on a computer with Nvidia RTX

4090 GPU. We train the heightmap predictor for 30 DAgger steps where each step collects

5000 state-action pairs from the environment, which takes about 1 hour to complete on the

same computer.

6.5.2 Continuous Jumping over Discontinuous Terrains

To test the performance of our framework in continuous, terrain-aware jumping, we deploy

the learned framework in two real-world test terrains (Fig. 6.5). The robot carefully coordi-

nates its body and foot motion and traverses through both terrains at high speeds. In the

first case, the robot completes the 14-step staircase in 4.6 seconds, with an average horizontal

speed of 0.76m/s and vertical speed of 0.61m/s (Fig. 6.5a). Our framework coordinates the

motion of the jumping gait with the stair edges, and crosses the entire 14-step stair cases in

less than 8 jumps, with 2 stair steps per jump most of the time. In the second case, we test

the robot on a stepping stone environment with 4 stepping stones. The robot jumps across

one horizontal gap each time, and traverses the entire terrain in less than 2 seconds.
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(a) Stairs (20cm high, 25cm deep)

(b) Stepping Stones (40cm wide, 30-40cm apart).

Figure 6.5: Our robot traverses real-world discontinuous terrains with continuous jumping gaits.

The selected frames illustrate the ”air phase” of each jumping cycle.

We compare the terrain traversal performance of our framework with a few baselines in

perceptive locomotion (Table. 6.4):

Compared to Perceptive Walking Jumping plays a critical role in the performance of

our robot. While prior works [132, 106] have demonstrated similar stair-climbing performance

on similar-sized robots, these works adopt the walking gait with continuous foot contact, and

can climb up to 1 stair step per foot swing due to kinematics limit. Similarly, robots with

walking gaits cannot cross large gaps between stepping stones, and are mostly limited to

short-distance traversals.

Compared to Single-Step Jumping Another important component of our framework

is the coordination of continuous jumping cycles with terrain adaptation. While prior works

[52, 51] have demonstrated high-performance single-step jumps, these behaviors are not

sufficient for long-distance traversals on stairs and stepping stones, which requires continuous,

well-planned jumping cycles to cross repeated discontinuities.
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Step Gap Stairs Stepping Stones

Egocentric-Vision 0.26m 0.17m 0.17m 0.15m

Robot Parkour [51] 0.4m 0.6m - -

Extreme Parkour [52] 0.5m 0.8m - -

Ours 0.6m 0.8m 0.2m 0.35m

Table 6.4: Comparison of jumping performance between our framework and baselines. Number

shows the maximum step height and gap width achieved by each jump. Note that the baselines

[52, 51] were tested on the A1 robot [39], whose motors are 50% stronger compared to our test

platform.

6.5.3 High-performance Jumping over Single Discontinuity

To further validate the capability of our framework, we test our framework in manually

constructed terrains with a single discontinuity, such as a vertical step or a horizontal gap

(Fig. 6.6a). Our framework handles these terrains well, and can cross horizontal gaps up to

80cm and climb vertical steps up to 60cm. We further visualize the estimated heightmap

at the photo frames in Fig. 6.6b, where we plot the estimated heightmap together with

the robot pose. Using only proprioception and ego-centric depth image, the heightmap

predictor accurately estimates the terrain shape with little penetration or missed contacts.

This heightmap is then utilized by the motion policy to coordinate body and leg movements

for long-distance jumps.

We compare this performance with prior works on similar jumping tasks [52, 51]. Note

that these works were deployed on the A1 robot [39], which is of similar size and weight

compared to our platform, but features stronger motors with up to 150% torque output.

Despite this hardware limitation, our framework makes [full] use of the motor capabilities,

and matches or even exceeds the performance of prior works (Table. 6.4).
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(a) Photo of Jump.

(b) Estimated Heightmap.

Figure 6.6: Our robot can jump over terrains with significant vertical and horizontal discontinuities.

Top: Key frames of robot jumping. Bottom: The motion policy uses robot proprioception (blue)

and heightmap (brown) estimated from depth images to coordinate the jumping motion.

6.5.4 Emergent Foot and Body Motion Planning

As the core component of our hierarchical framework, the high-level motion policy learns

versatile behaviors in body and foot motion coordination. We highlight a few examples here:

Footstep Planning We test the robot’s performance in jumping over horizontal gaps of

different sizes (Fig. 6.7). While the robot prefers the standard one-step jumping over gaps

for smaller gap, it chooses to perform a two-step for wider gaps with an intermediate landing

underneath the gap.

Gait and Body Motion Planning We record the robot’s body pitch trajectory on

vertical jumps of different heights (Fig. 6.8). The body pitch trajectories look qualitatively

similar for different jumps, where the robot first stands up on its rear foot with a negative

pitch angle, jumps up, and slowly increases the pitch angle as it lands on the step. Moreover,
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Figure 6.7: The motion policy plans different foot placements for different jumping widths. Top:

For gaps narrower than 80cm, the robot jumps over the gap directly. Bottom: for wider gaps, the

robot lands on the ground and jumps over the gap again.

the motion policy carefully plans the timing and body pitch trajectory for different steps,

with a larger body pitch variations and longer jumping time for higher jumps.

6.5.5 Jumping over Diverse Staircases in the Real World

To test the generalizability of our framework, we deploy our robot in 5 real-world stairs of

different materials and geometries (top row in Fig. 6.1). We run the robot 5 times on each

staircase and report the average completion percentage, which is defined as the number of

steps traversed by the robot divided by the total number of steps. The result is summarized

in Table. 6.5. While our framework performs well on standard-shaped stairs of different

dimensions (Stair 1 and 2), the performance degrades when the stair’s material (Stair 4)

or geometry (Stair 3 and 5) falls outside the training distribution. More specifically, stair

3 contains protruding steps of up to 5cm, where the horizontal part of each step extends

outward beyond the vertical part. Stair 5 consists of wooden planks stacked together with

noticable gaps between steps. These irregular designs were not seen during training, and

can sometimes confuse the heightmap prediction or trap the swing leg. While stair 4 is

of standard shape, the marble material is significantly more slippery than a concrete stair,

which makes it difficult for the robot to gain sufficient traction for continuous, upwards
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Figure 6.8: The motion policy plans different CoM pitch trajectories for different jump heights.

The markers in each trajectory indicates the air duration, from the departure of the rear leg below

the step, to the landing of the front leg on top of the step.

jumps. We hypothesize that a more diverse stair representation in simulation can improve

the robot’s success rate in these terrains, and plan to inspect into this in future work.

6.5.6 Ablation Study

To validate important design choices, we perform an ablation study and compare the perfor-

mance of our framework with a number of baseline policies. For each policy, we report the

curriculum completion rate achieved on each terrain. The completion rate is defined as a

number between 0 and 1 that corresponds to the the robot’s progression through the terrain

curriculum (Table. 6.3). For example, achieving a difficulty level of 0.7 on the step terrain

means the policy successfully completed 70% of the curriculums on the gap terrain, and can

jump over a maximum step of 0.49m. To evaluate the robustness of the policies under dy-

namics shifts, we test each policy under two scenarios, the original and shifted environment.

We set the original environment to be identical to the training environment, and shift the

robot’s center-of-mass (CoM) backwards by 4.6cm in the shifted environment. We evaluate

all policies in simulation for reproducibility and safety concerns. The result is summarized
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Stair 1 Stair 2 Stair 3 Stair 4 Stair 5

Num Steps 13 6 14 15 10

Material Concrete Concrete Carpet Marble Wood

Stair Geometry Standard Standard Protruding Steps Standard Planked Steps

Step Width (m) 0.33 0.42 0.25 0.33 0.33

Step Height (m) 0.15 0.1 0.2 0.15 0.15

Mean Completion 100% 100% 75% 61.3% 48%

Table 6.5: Performance of our framework on jumping at different staircases in the real world. Bold

font indicates profile outside the training distribution.

Step Gap Stairs Stepping Stones

Original Shifted Origial Shifted Original Shifted Original Shifted

No Feedback 0.6 0.6 0.7 0.4 0.7 0.3 1 0.6

No LL Reward 0.9 0.7 1. 0.8 0.8 0.6 1. 1.

IL 0.5 0.4 0.2 0.1 0.8 0.6 0.4 0.3

Ours 0.9 0.9 1. 1. 0.9 0.7 1. 1.

Table 6.6: We compare the curriculum completion rate of our framework with a number of baselines.

in Table. 6.6.

We compare our framework with the following baselines:

No Feedback We remove the velocity-based foot feedback control from the low-level

controller, and only use the feedforward optimal control in the low level. We find that this

baseline cannot achieve a comparable performance on most terrains, and suffers from larger

performance degrades under dynamics shift. This highlights the functionality of the low-level

feedback controller in stabilizing the robot under highly dynamic tasks.

No LL Reward We remove the optimal control cost from the reward function of the
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centroidal policy, and use the remaining reward terms to train the centroidal policy. In

this case, the policy is not directly aware of the limitations of the leg controller, and can

sometimes overfit to this limitation with un-transferrable actions. Therefore, while this policy

achieves similar performance on the original dynamics in most terrains, its performance drops

significantly under dynamics shift, especially for harder tasks that require jumping over large

discontinuities.

Imitation Learning (IL)We keep the same RL-trained motion policy. However, instead

of learning the heightmap predictor, we choose to directly learn a student policy that imitates

the actions of the motion policy with consecutive depth image inputs. While this student

policy performs well on stairs, it fails to achieve a good performance on other terrains, where

the student policy cannot possess the same level of ground-truth terrain information as the

teacher policy due to camera occlusions. Our framework alleviates this problem by explicitly

specifying the terrain heightmap as the intermediate representation, which coordinates well

between the perception and the motion planning modules.

6.6 Related Works

6.6.1 Optimal Control for Dynamic Legged Locomotion

Researchers have had a long history building optimal-control based controllers for high-speed

dynamic quadrupedal locomotion [3, 10, 4, 11, 124]. By optimizing for motor control inputs

at high frequency, these controllers can accurately track the reference body and foot trajec-

tory, even for high-speed motions like running [3], galloping [10] or jumping [10, 108, 109].

However, due to the constraint for high-frequency real-time control, these frameworks are

typically confined to a short plan horizon, and require additional effort in offline trajectory

optimization [107, 14, 110, 13], dynamics model simplification [41, 133, 12], and optimal con-

trol relaxation [12] to plan for long-horizon jumping motions. Another bottleneck of these

frameworks is the difficulty to operate in terrains with vertical and horizontal discontinuities

[6, 132, 5]. These discontinuities not only requires additional effort in perception and terrain
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segmentation [6], but also increases the complexity of the optimal control problem, making it

difficult to solve in real-time [77, 132]. Using manually-designed terrain perception and mo-

tion adaptation, Park et al. [5] achieved bounding over hurdles with fixed shapes on an MIT

Cheetah 2 Robot. More recently, by classifying step feasibility and formulating it into foot

placement optimization, Grandia et al. [6] achieved low-speed walking on uneven stepping

stones in the Anymal robot. Compared to these works, our framework uses reinforcement

learning for perception and motion planning, and achieves continuous, dynamic locomotion

on terrains with large, repeated discontinuities.

6.6.2 Learning Perceptive Locomotion

Recently, learning-based approaches have emerged as a promising alternative to achieve dy-

namic, terrain-adaptive quadrupedal locomotion [53, 111, 8, 18, 51, 52, 113]. The core idea is

to construct an end-to-end policy that directly maps from perceptual and proprioceptive in-

puts to motor actions, and train the policy using reinforcement learning, usually in simulated

environments [46]. These approaches have enabled legged robots to learn end-to-end locomo-

tion policies in challenging terrains, such as mountain trails [9] or stepping stones [134]. More

recent works have also shown promising results in agile behaviors such as horizontal or ver-

tical jumping[51, 52, 129, 105]. However, due to the high complexity in end-to-end training,

these frameworks usually cannot achieve the same precision as optimal control frameworks,

and face difficulty in more complex tasks such as continuous jumping. In contrast, we de-

compose the control pipeline into perception, motion planning, and low-level motor control,

and train each module independently, and achieve continuous, terrain-adaptive jumping for

the first time in any quadrupedal robot.

6.6.3 Hierarchical Frameworks

One promising direction to combine the benefit of learning-based and optimal-control-based

controllers is to combine them hierarchically, with a learned policy for high-level perception

and motion planning, and an optimal controller for low-level motion control [114, 91, 101, 40,
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130, 121, 102]. While these frameworks can learn generalizable locomotion behaviors with

versatile gait selection [91, 40], foot placement [101, 130, 114] and body motions [101, 130],

it can be computationally expensive to train these frameworks, especially with perceptual

input. Our prior work [130] speeds up the training of such hierarchical frameworks by

relaxing the low-level optimal control problem for GPU-parallelized solving. Building on

top of this framework, we incorporated perception into the high-level policy and re-designed

key components in reward function and low-level controller for continuous, terrain-adaptive

jumping.

6.7 Discussion

In this work, we present a hierarchical learning-control framework for continuous, terrain-

adaptive jumping in discontinuous terrains with stairs and stepping stones. Using our frame-

work, a quadrupedal robot achieved animal-like jumping on continuous terrains like stairs

and stepping stones, and can traverse through these terrains at significantly higher speed

than existing methods. One limitation of our framework is that the robot motion is currently

limited to the sagittal plane, and do not support sideways or turning motions. Another lim-

itation is that our framework only follows a fixed forward velocity command, and does not

strategically plan its forward path to reach a desired destination. In future work, we plan

to address these limitations by expanding the scope of the current training pipeline, and

achieve long-horizon agile locomotion in highly complex terrains.
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Part II

EXTENDING THE SCOPE OF AGILITY FOR LEGGED
ROBOTS
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In the first part of the thesis, we present a hierarchical learning-control framework for

agile locomotion. While this framework demonstrates high-speed and precise motions, the

results are mostly limited to indoor lab environments with rigid objects. In addition, we

primarily focused on improving the mobility of the robot in challenging environment. In the

second part of the thesis, we extend the scope of agility of legged robots in two important

directions. First, we extend the domain of legged robots from indoor, lab environments with

rigid objects to offroad terrains with complex, deformable terrains. In these terrains, we

find that the terrain semantics is crucial in guiding robot behavior, and build a imitation

learning framework to learn semantics-aware locomotion skills from human demonstratins.

In the next work, we extend our focus from locomotion to loco-manipulation, where we

build lightweight custom hardware so that a quadrupedal robot can use its leg for versatile

manipulation tasks. We use a similar unified hierarchical framework to control this robot in

versatile locomotion and loco-manipulation tasks.
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Chapter 7

LEARNING SEMANTICS-AWARE LOCOMOTION SKILLS
FROM DEMONSTRATIONS

7.1 Introduction

To operate in complex offroad environments, it is crucial for quadrupedal robots to adapt

their motion based on the perception of the terrain ahead. When encountering new terrains,

the robot needs to identify changes in key terrain properties, such as friction and deformabil-

ity, and respond with the appropriate locomotion strategy to maintain a reasonable forward

speed without incurring failures. In many cases, information about such terrain properties is

more easily inferred from a terrain’s semantic class (e.g. grass, mud, asphalt, etc.) instead

of its geometric shape (e.g. slope angle, smoothness) [135, 136]. However, recent works in

perceptive locomotion [114, 122, 123, 124, 125, 9, 50] mostly focus on the geometric aspect

of the terrain, and do not make use of such semantic information.

In this work, we present a framework for quadrupedal robots to adapt locomotion behav-

iors based on perceived terrain semantics. The central challenge in learning such a semantic-

aware locomotion controller is the high cost of data collection. On the one hand, while

simulation has become an effective data source for many robot learning tasks, modeling the

complex contact dynamics accurately and rendering photorealistic offroad terrains is not yet

possible in simulation. On the other hand, data collection in the real world is time-consuming

and requires significant human labor. Moreover, the robot needs to remain safe during the

data collection process, as any robot failure can cause significant damage to the hardware and

surrounding environment. Therefore, it is difficult to use standard reinforcement learning

methods for this task.

Our framework addresses all concerns above, and learns semantics-aware locomotion skills
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directly in the real world. To reduce the amount of data required, we pre-train a semantic

segmentation network on an off-road driving dataset and extract a semantic embedding from

the model for further fine-tuning. To avoid policy exploration in real-world environments,

we collect speed choices from human demonstrations and train the policy using imitation

learning [137]. Additionally, inspired by previous results on the relationship between speed

and gait in animals [54] and legged robots [40, 117], we pair the speed policy with a gait

selector to further improve the robot’s stability. With the pre-trained image embedding,

the imitation learning setup, and the gait selector, our framework learns semantics-aware

locomotion skills directly in the real world safely and efficiently.

We deploy our framework on an A1 quadrupedal robot from Unitree [39]. Using only

40 minutes of human demonstration data, our framework learns semantics-aware locomotion

skills that can be directly deployed for offroad missions. The learned skill policy inspects the

environment and selects a fast and robust locomotion skill for each terrain, from slow and

cautious stepping on heavy pebbles to fast and active running on flat asphalts. The learned

framework generalizes well and operates without failure on a number of trails not seen during

training (over 6km in total). Moreover, our framework outperforms the manufacturer’s

default controller in terms of speed and safety. We further conduct ablation studies to

justify the important design choices.

The technical contributions of this paper include the following:

1. We develop a hierarchical framework that adapts locomotion skills from terrain seman-

tics.

2. We propose a safe and data-efficient method to train our framework directly in the real

world, which only requires 40 minutes of human demonstration data.

3. We evaluate the trained framework on multiple trails spanning 6km with different

terrain types, where the robot reached high speed and walked without failures.



105

Convex MPC 
Controller 

Motor Command

Speed 
Policy

Gait 
Selector

Camera Image

Forward 
Speed

Gait 
Parameters

Proprioceptive Data

Turning
Speed

High-Level Skill Policy
(3Hz)

Low-Level Motor Controller 
(400Hz)

Forward 
Speed

Skill Policy

Figure 7.1: Our framework consists of a high-level skill policy and a low-level motor controller.

The skill policy selects locomotion skills (gait and speed) based on camera images. The low-level

controller computes motor commands for robot control.

7.2 Learning Semantics-Aware Locomotion Skills from Human Demonstra-
tions

7.2.1 Overview

Our hierarchical framework (Fig. 7.1) consists of a high-level skill policy and a low-level

motor controller. At the high level, the skill policy receives the RGB image stream from the

onboard camera and determines the corresponding locomotion skill. Each skill consists of

a desired forward speed and a corresponding locomotion gait, which are computed by the

speed policy and gait selector, respectively. We train the speed policy using imitation learning

from human demonstrations and manually design the gait selector to find the appropriate

gait for each forward speed. At the low level, a convex MPC controller [3] receives the

skill command from the skill policy and computes motor commands for robot control. In

addition, the convex MPC controller can optionally receive a steering command from an

external teleoperator, which specifies the desired turning rate.
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Figure 7.2: Architecture of our perception model. We extract a semantic embedding from a pre-

trained semantic segmentation network and use it to learn and predict forward speeds.

7.2.2 Learning Speed Policies

In unstructured offroad terrains, it is crucial for a robot to adjust its speed in response

to terrain changes so that it can traverse through different terrains efficiently and without

failure. To achieve that, we design a speed policy, which computes the desired forward

speed of the robot based on camera images. We train the speed policy using a two-staged

procedure: First, we pre-train a semantic embedding from an offline dataset. After that, we

collect human demonstrations and train the speed policy using imitation learning.

Pre-trained Semantic Embedding To reduce the amount of real-world data required

to train the speed policy, we pre-train a semantic segmentation model and extract a seman-

tic embedding for subsequent finetuning. We implement the model based on FCHarDNet-

70 [138], which is a compact fully-convolutional encoder-decoder architecture with good

real-time performance. We pre-train the model on the RUGD dataset [139], an off-road

driving dataset with pixel-wise semantic labels (grass, dirt, rock, etc.). We choose RUGD

because of its similarity to the images collected by the robot camera.

The next step is to extract an embedding from the pre-trained FCHarDNet [138] model

for finetuning on robot data. Although the pre-trained model performs well on the RUGD

dataset, its predicted segmentation becomes less accurate on robot images due to distribu-
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tion shift. Meanwhile, the output of the hidden layers still provides a continuous semantic

description for each pixel. Therefore, we extract a semantic embedding from the output of

the last hidden layer in FCHarDNet, which assigns a 48-dimensional embedding vector to

each pixel in the input image (Fig. 7.2). We then compute a speed map by feeding the

embedding of each pixel through a fully-connected layer and compute the forward speed by

averaging over a fixed region at the bottom of the speed map, which roughly corresponds

to a rectangular area 1m long, 0.3m wide in front of the robot. The speed map provides a

straightforward and intuitive way to understand the model’s predictions and can be used in

navigational tasks such as path planning.

7.2.3 Speed-based Gait Selector

In addition to speed, the gait of a legged robot, such as its foot swing height, can greatly affect

its traversability, especially on uneven terrains. While the perception policy can output speed

and gait parameters jointly, training such a policy using imitation learning can be challenging,

as it is difficult for the human operator to demonstrate speed and gait choices at the same

time. Meanwhile, previous studies in animal [54] and robot [40, 117] locomotion have revealed

a close connection between speed and gait choices. Inspired by this discovery, we simplify

the demonstration and learning process by designing a heuristic-based gait selector, which

computes the appropriate gait parameters based on desired forward speed.

Gait Parameterization In our design, each gait is parameterized by three parameters,

stepping frequency (SF), swing foot height (SH), and base height (BH). The stepping

frequency (SF) determines the number of locomotion cycles each second. Similar to [40],

we adopt a phase-based parameterization for gait cycles, where each leg alternates between

swing and stance. In addition, we assume a trotting pattern for leg coordination, where

diagonal legs move together and are 180◦ out-of-phase with the other diagonal. The trotting

pattern is known for its stability, thereby being the default gait choice in most quadrupedal

robots [3, 39]. The swing foot height (SH) determines the leg’s maximum ground clearance
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Figure 7.3: The gait selector selects gait parameters (SF, SH and BH) based on desired forward

speed. For example, when the desired speed is 0.5m/s, the speed selector would choose a stepping

frequency of 2.8Hz, a swing foot height of 0.16m, and a base height of 0.29m.

in each swing phase. While a higher swing height improves stability on uneven terrains by

preventing unexpected contacts, a lower swing height is usually necessary for high-speed

running. The base height (BH) specifies the height of the robot’s center-of-mass. While a

low base height gives better stability at high speeds, a higher base height can be beneficial

when traversing through unknown obstacles.

Speed-Based Gait Selection We use empirical evidence to design the speed-based gait

selector, which finds a gait with high traversability for each speed. More specifically, for the

boundary speeds (0.5m/s and 1.5m/s), we first try different SFs with a nominal SH (0.12m)

and BH (0.26m), and find the lowest SF that would still ensure base stability (2.8Hz and

3.5Hz). After that, we sweep over different values of SH and BH to find the highest value of

both that would allow the robot to walk robustly without falling. Lastly, we linearly inter-

polate the parameter values between the boundary speeds to find the gait for intermediate

speeds. See Fig. 7.3 for details.

7.2.4 Low-level Convex MPC Controller

The low-level convex MPC controller computes and applies torques to each actuated degree

of freedom, given the locomotion skills from the skill policy. Our low-level convex MPC
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controller is based on Di Carlo et al. [3] with two important modifications. Firstly, due to

the robot’s small form factor, it needs to constantly re-orient its body on uneven terrains,

such as bumps and potholes. Therefore, we implemented a state estimator to estimate the

ground orientation and adjust the robot pose to fit the ground, similar to Gehring et al. [140].

Secondly, to reduce foot slipping, we implement an impedance controller for stance legs [11].

In addition to the motor torque command computed by MPC, the impedance controller adds

a small feedback torque to track the leg in its desired position. We found both techniques

to improve locomotion quality significantly.

7.3 Results and Analysis

Figure 7.4: The 450m-long test trail consists of multiple terrain types such as deep grass, shallow

grass, gravel, and asphalt. The learned skill policy adjusts the speed and gait based on terrain

semantics and walks faster on easier terrains.

7.3.1 Experiment Setup

We implement our framework on an A1 quadrupedal robot from Unitree [39]. We equip the

robot with an Intel Realsense D435i camera to capture RGB images and a GPS receiver to

track its real-time location. We implement the entire control stack in the Robot Operating

System (ROS) framework [141] and deploy it on a Mac Mini with M1 chip, which is mounted
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on the robot. The convex MPC controller runs at 400Hz, and the speed policy and gait

selector run at 3Hz.

To train the speed policy, we collected 7239 frames of data on a variety of terrains, which

corresponds to 40 minutes of robot operation. The entire process, including robot setup,

data collection, and battery swaps, took less than an hour. We use the FCHarDNet-70

architecture [138], which is obtained from the paper’s open-sourced code base. For pre-

training on RUGD dataset [139], we train the model for 100 epochs with a batch size of

10 using the Adam optimizer and a learning rate of 0.001. For more robust training, we

augment the images from RUGD with random crops and color adjustments. For fine-tuning

on demonstration data, we train the model for 60 epochs with a batch size of 32, using the

Adam optimizer with the same learning rate of 0.001. Both the pre-training and fine-tuning

are conducted on a desktop computer with an Nvidia 2080Ti GPU, where pre-training takes

around 6 hours and fine-tuning takes around 20 minutes.

7.3.2 Fast and Failure-Free Walking on Multiple Terrains

To evaluate the adaptation capability of our framework, we test our framework on an outdoor

trail with multiple terrain types, including deep grass, shallow grass, gravel, and asphalt

(Fig. 7.4). Our controller switches between a wide range of skills as it traverses through the

trail, from slow and careful stepping to fast and active walking, and completes the 450m-long

trail in 9.6 minutes, comparable to the performance of human demonstrations (10 minutes).

We compared our learned framework with the following baselines on the same test trail

(Fig. 7.4), including Unitree’s built-in controllers and variants of our controller with no or

limited adaptation. The result is summarized in Table. 7.1. For each policy tested in the

ablation study, we plot its GPS tracking and failure locations in Fig. 7.5.

Unitree’s built-in controllers We tested two modes of the built-in controller, a normal

mode (Unitree-Normal) that walks up to 1m/s, and a sports (Unitree-Sport) mode that walks

up to 1.5m/s. Both controllers do not include perception and assume a fixed gait at all times.
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Policy Type Speed Gait Params Traversal Time Num. Failures

(m/s) (SF, SH, BH) (min)

Fixed-Slow 0.5 [2.8, 0.16, 0.29] 15 0

Fixed-Mean 0.8 [3.0, 0.15, 0.28] ∞ 3

Fixed-Medium 1 [3.1, 0.14, 0.28] ∞ 4

Fixed-Fast 1.5 [3.5, 0.12, 0.27] ∞ 10+

Speed-Only Adaptive [3.1, 0.14, 0.28] ∞ 9

Gait-Only 0.8 Adaptive ∞ 2

Unitree-Normal Tele-operated N/A 11±0.4 0

Unitree-Sport Tele-operated N/A ∞ 2

Fully-Adaptive (ours) Adaptive Adaptive 9.6±0.2 0

Table 7.1: Performance of different policies on the test trail (450m). Compared to other policies, our

framework completes the entire trail without failure in the shortest time. We repeat the Unitree-

Normal and Fully-Adaptive policies 3 times and report the mean and standard deviation of the

traversal time. We do not repeat the other policies due to excessive robot damage.

Although normal mode completed the entire trail without failure, it walked slower than our

learned framework, especially on asphalts, due to limitations on the maximum speed. On

the other hand, the sports mode controller failed to complete the course and got stuck in

deep grass twice due to insufficient swing foot clearance.

Fixed Skill with No Adaptation For these baselines, we disabled the perception module

and operated the robot with a fixed locomotion skill. We tested four skills, namely slow,

mean, medium, and fast, operating at 0.5m/s, 0.8m/s, 1m/s, and 1.5m/s, respectively, with

the corresponding gait selected according to Fig. 7.3. The slow, medium and fast skills cover

the range of possible speeds achievable by our low-level controller, and the mean skill walks

at speed similar to the average speed achieved by our adaptive policy (0.78m/s). The mean,

medium, and fast skills failed to complete the trail and incurred failures. While the slow
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Figure 7.5: GPS tracks (yellow) and failure locations (red cross) for the policies tested in Table. 7.1

skill completed the trail without failure, its traversal time is 50% longer than our learned

framework.

Adapt Speed or Gait Only In our framework, we design a robot skill to be a combi-

nation of gait and forward speed. To justify this design, we design two policies, where the

robot adapts the gait or the forward speed only. For the speed-only policy, we fix the gait

parameters as if the forward speed is 1.0m/s in Fig. 7.3 and adapt the speed using our frame-

work. For the gait-only policy, we fix the base speed to be 0.8m/s, similar to the average

speed attained by our learned policy, and adapt the gait using our framework. Both policies

failed to complete the trail. For the speed-only policy, we found the fixed gait to only work

well when the base speed was close to 1m/s and frequently failed at either higher or lower

speeds. For the gait-only policy, the robot managed to walk through most of the trail but

slipped twice on rocky terrains.
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Trail 1 Trail 2 Trail 3 Trail 4

Trail Length (km) 0.45 0.41 0.2 0.51

Terrain Type Dirt Mixed Asphalt Mud

Average Speed (m/s) 0.59 0.74 0.94 0.59

Table 7.2: Summary of test trails. Our framework selects different locomotion skills (speed and

gait) based on terrain type.

Figure 7.6: Our framework generalizes to unseen terrain types, such as mud, moss, mulch and dirt.

7.3.3 Generalization to Unseen Terrain Instances

We test the performance of our framework in a number of trails not seen during training.

Please see Table 7.2 for some examples. These trails include a number of terrain types that

are not seen during training, such as mud, moss, mulch, and dirt (Fig. 7.6). Our framework

generalizes well to these terrains and enables the robot to traverse through them quickly and

safely.

0.5m/s 1m/s 1.5m/s0.75m/s 1.25m/sSlow Fast

Figure 7.7: Desired speed computed by the skill policy. The policy prefers faster skills for rigid and

flat terrains and prefers slower skills for deformable or uneven terrains.
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To further demonstrate the skill choices of our framework, we select a few key frames

from the camera images and plot the corresponding speed in Fig. 7.7. Generally, the skill

policy selects a faster skill on rigid and flat terrains and a slower speed on deformable or

uneven terrains. At the time of writing, the robot has traversed through over 6km of outdoor

trails without failure.

7.3.4 Analysis on Speed and Safety

(a) We test our robot on different terrain types.
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(b) Success rate of fixed locomotion skills (blue) and the learned policy (red).

Figure 7.8: Our framework learns fast and safe locomotion skills. Top: We deployed our skill policy

to 4 different terrains. Bottom: Our policy finds a high speed in the safe region of each terrain.

To test the performance of the learned skill policy in terms of speed and stability, we

deploy the learned skill policy on four different terrains, including rock, pebble, grass, and

pebble (Fig. 7.8a). We compare our semantics-aware skill policy with 5 fixed skills, where the

speed linearly interpolates between 0.5m/s and 1.5m/s. For each speed, the corresponding

gait is selected according to Fig. 7.3. For each terrain and skill combination, we repeat the

experiment 5 times and report the success rate, where a trial is considered successful if the

robot does not fall over during the traversal (Fig. 7.8b). By comparing the success rate at
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different speeds, we obtained an approximation of the safe speed range for each terrain. We

then test the performance of our framework by comparing the average speed obtained by

our learned skill policy on each terrain against these safe speed ranges.

The maximum safe speed varies significantly on different terrains. For example, while

the robot can walk up to 1.25m/s without failure on asphalt, it can only walk up to 0.5m/s

on rock, due to unexpected bumps and foot slips on the surface. Although not directly

optimized for speed or robot safety, our learned policy finds a close-to-maximum speed in

the safe region of each terrain after learning from human demonstrations.

We also noted that on pebble and grass, there is a slightly larger gap between the max-

imum safe speed and the speed selected by the skill policy. One reason for this is that the

speed demonstrated by the human operator can be more conservative than the maximum

safe speed.

7.3.5 Ablation Study on Perception Module

We compare our way of training the perception-enabled speed policy with a few baselines,

which either train the policy from scratch without pre-training or extract the pre-trained

embedding directly from the predicted semantic classes. We find that our policy, which is

fine-tuned from the output of the hidden layer, achieves the smallest error on the validation

set and predicts the speed map with high precision.

Baselines As discussed in Section. 7.2.2, we train the speed policy by finetuning on the

pixel-wise semantic embedding, which is extracted from the output of the last hidden layer.

To justify this design choice, we compare our way of training the speed policy with two

baselines. For the model finetuned on class labels, we extract the embedding of each pixel

from the one-hot encoding of the model’s predicted semantic class. For the model trained

from scratch, we train the FCHarDNet from scratch on the demonstration data without

pre-training.
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Finetuned on Hidden Layers Finetuned on Class Label Trained from Scratch

Validation Loss 0.061± 0.002 0.075± 0.003 0.088± 0.013

Table 7.3: Comparison of performance on different ways of training the speed policy.

Speed
(m/s)

Camera Image Trained from Scratch Fine-tuned on Hidden Layer

Figure 7.9: Comparison of different ways to predict the speed map. Left: the camera image

contains multiple semantic classes, including mulch, grass, and trees. Middle: the speed model

trained from scratch has a low resolution and cannot identify different semantic classes. Right:

the speed model fine-tuned from semantic embedding accurately identifies different terrain types

and computes the desired speed for each terrain.

Results We train our method and the baselines on the demonstration data and test the

model’s performance on a small validation set, where the data is collected on a different

trail. For each model, we repeat the experiment 5 times with different random seeds and

report the mean and standard deviation of the loss function (mean-squared loss). The result

is summarized in Table. 7.3. Our method, which is finetuned on the output from the hidden

layer, achieves the lowest error on the validation set. The model fine-tuned on class label

achieves a big loss on both datasets. This is likely due to noisy label prediction, which

results from the distribution shift between the model’s training data (RUGD) and testing

data (robot images). Since the model trained from scratch tunes the entire FCHarDNet on

the small set of demonstration data, it overfits to the training data and does not generalize

well to the validation set. Moreover, a closer look at the models’ predictions shows that the

model trained from scratch predicts a blurry speed map with incorrect speed predictions for
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several regions, compared to our fine-tuned model (Fig. 7.9). This is likely due to the lack of

granularity in demonstration data, which only labels the desired average speed over a fixed

region.

7.4 Related Works

Perception for Legged Robots Creating a perceptive locomotion controller is a critical

step to enable legged robots to walk in offroad, unstructured environments. Most impor-

tantly, it allows robots to detect and react to terrain changes proactively before contact.

Many prior works have focused on understanding terrain geometry from perceptive sensors

[142, 143, 114, 125, 124]. However, such information can be insufficient as it does not reveal

important terrain properties such as deformability or contact friction [9, 50, 144, 145]. To

ameliorate this, recent works proposed to update this geometric understanding of terrain

with proprioceptive information [9, 50, 144]. However, these methods sacrifice proactivity,

as the update cannot happen until after the robot has stepped on the terrain.

Another approach is to infer the terrain properties from its semantics [146, 147, 148,

149] so that the robot can detect changes in terrain property before contact, and select

its locomotion strategies proactively. Recently, Suryamurthy et al. [150] trained models to

predict terrain class and roughness and used the prediction to modulate the height and

navigational path of a wheel-leg hybrid robot in an indoor environment. Our framework

uses a similar semantics-based approach in the perception module and extends the result to

off-road environments with a wide variety of terrains by adapting both the speed and gait

of the robot.

Terrain Traversability Estimation The goal of our perception module is to assess the

traversability of the terrain ahead of the robot. Researchers have proposed a number of

approaches to estimate traversability from perception data, including manually designed

[151], learned from self-exploration [143, 152], or learned from human demonstration [153].

While learning-based approaches provide more flexibility, they usually require large amounts
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of data, which is difficult to collect in the real world. As a result, most approaches rely

on simulation [154] as a source for training data. However, simulation is not feasible for

our task, as it is currently difficult to accurately model the complex contact dynamics and

create photorealistic renderings of off-road environments. Unlike previous approaches, our

framework can be trained directly in the real world and requires only 40 minutes of human

demonstration data.

Motion Controller Design for Perceptive Locomotion Another important question

in perceptive locomotion is the design of a motion controller that effectively makes use of

the perceptive information. A common strategy is to create a low-level motion controller

that plans precise foothold placements based on the perceived terrain [114, 122, 123, 124,

125]. While these methods have shown good results in highly uneven terrains, the high

computational cost required for terrain understanding and rapid planning makes it infeasible

for complex offroad environments. In this work, we devise a novel way to interface between

perception and low-level motion controllers for legged robots, where the high-level perception

model outputs the desired locomotion skills, including forward speed and robot gait, to a

low-level motor controller. With our framework, the robot can select a safe and fast walking

strategy for different terrains, which is crucial for offroad traversal.

7.5 Discussion

In this work, we present a hierarchical framework to learn semantic-aware locomotion gaits

from human demonstrations. Our framework learns to adapt locomotion skills for a variety

of terrains using 40 minutes of human demonstration and enables a robot to traverse over

6km of outdoor terrains without failure. One limitation of our framework is that, while our

robot walks robustly on a variety of off-road terrains, its performance is limited by the low

dimensionality of human demonstrations. For more difficult terrains such as steps or gaps,

the robot will need more agile behaviors such as jumping, which requires a deeper integration

between the perception system and low-level motor controller and learning more skills than
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speed or gait demonstrations. Another limitation is that the perception system assumes that

there is no non-traversable obstacles ahead of the robot and therefore does not adjust the

heading of the robot. In future work, we plan to increase the agility of our controller and

integrate path planning into our framework so that the robot can operate fully autonomously

in challenging off-road environments.
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Chapter 8

LOCOMAN: CONNECTING AGILE LOCOMOTION WITH
DEXTEROUS MANIPULATION

8.1 Introduction: Current State of Loco-Manipulation

Recent advances in the capability of quadrupedal robots have enabled them to traverse

through highly complex terrains [155, 156, 17, 157, 158, 159], perform acrobatic skills [130,

160, 51, 52, 129], and interact with humans [161]. While most of these works focus on

improving the mobility of quadrupedal robots, the manipulation capability of quadrupedal

robots still remains limited and often requires special designs to achieve tasks such as button

pressing [162] and ball kicking [163, 164]. To be effectively deployed in daily life, quadrupedal

robots are required to possess versatile manipulation skills with enhanced dexterity, in ad-

dition to their inherent locomotion capability.

Integrating manipulation into quadrupedal robots proves to be a difficult task. As il-

lustrated in Table. 8.1, without external hardware modifications, quadrupedal robots have

to utilize their legs, head or torso to move or transport objects [162, 164, 165, 166], which

limits their ability to control the 6D poses of the object and perform high-precision tasks. A

popular solution to address this challenge is to use a top-mounted robot arm [167]. However,

this solution often comes at the cost of increased payload and decreased agility, and prevents

the robot from reaching narrow spaces or performing more dexterous tasks such as biman-

ual manipulation. While foot-mounted grippers offer a lightweight alternative to full robot

arms, existing works adopt 1-DoF grippers with limited functionality [168]. Therefore, it can

be challenging to achieve versatile dexterous loco-manipulation using existing manipulator

solutions for legged robots.

In this work, we present LocoMan, a comprehensive solution for versatile and skilled
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(a) Single-Arm

(b) Dual-Arm (c) Loco-Manipulation

Figure 8.1: Equipped with loco-manipulators, LocoMan is proficient in handling versatile manip-

ulation tasks. (a) With a single loco-manipulator, LocoMan not only can perform manipulation

tasks that require precision and stability, but also excels at operating in extremely narrow space

in its compact form. (b) With both loco-manipulators installed on the two front legs, LocoMan is

able to perform bimanual manipulation tasks when standing upright. (c) LocoMan is also capable

of loco-manipulation, e.g. carrying objects with its loco-manipulators while walking.

manipulation with legged robots. To reduce the payload and increase dexterity, LocoMan

mounts two custom-designed, lightweight 3-DoF manipulators to the front calves of the

robot, and uses the existing leg joints in addition to the manipulators for manipulation, as

illustrated in Fig. 8.1. We refer to our designed manipulator as “loco-manipulator”, which

draws conceptual inspiration from the front limbs of animals like great apes and bears, which

are adept at both locomotion and skilled manipulation.

For precise and robust control of LocoMan to perform loco-manipulation tasks, we de-

sign a unified whole-body control framework, which tracks the command kinematically and

dynamically through joint impedance commands. The integration of the loco-manipulator’s

lightweight design with precise whole-body control enables LocoMan to operate in diverse

modes, from reaching an object from narrow-space with single-arm, bimanual manipulation

while sitting upright, to carrying an object while walking. We further design a Finite State
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Machine (FSM) to manage the transitions of these operation modes.

We evaluate the design of loco-manipulator on a Unitree Go1 robot and find that the

added loco-manipulators can significantly increase the robot’s workspace (by 99.01% for

single-arm manipulation and 118.28% for bimanual manipulation) with negligible weight

increase (<2.5%). In addition, the whole-body controller enables precise trajectory tracking

with a mean pose error of 1.89 mm and 0.047 rad. We further validate the capabilities of

LocoMan in a number of real-life manipulation tasks under user teleoperation. In addition

to standard tasks such as cabinet opening and drink pouring, LocoMan can reach narrow

spaces with limited vertical clearance (0.25 m for locomotion and 0.09 m for manipulation).

Thanks to the lightweight design of loco-manipulator, LocoMan can stand on its rear legs in

an upright pose and perform bimanual manipulation tasks such as grasping a pair of socks

simultaneously and hoisting a basket with a rope.

In summary, the contribution of this paper is as follows:

1. We present LocoMan, leg-mounted with two lightweight loco-manipulators to improve

manipulation capability of quadrupedal robots.

2. We design a unified whole-body controller for precise, simultaneous 6D pose tracking

for both the end effectors and the torso.

3. We evaluate that LocoMan is capable of precise trajectory tracking in a large workspace.

4. We demonstrate that LocoMan can perform versatile real-life manipulation tasks, in-

cluding cabinet opening, charger inserting, drink pouring, grasping in narrow space,

and basket hoisting.

8.2 LocoMan: Augmenting Robot Leg for Dexeterous Manipulation

To accomplish versatile manipulation tasks, the robot must be able to reach desired 6D poses

in its workspace. While quadrupedal robots can utilize torso movements to aid manipulation
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Table 8.1: Comparison of the capabilities between robots with different morphology.

Methods [162, 164, 169] [167, 170] [168] Ours

Additional Manipulator None
6DoF Top-

mounted

1DoF Leg-

mounted

3DoF Leg-

mounted

6D Operational Space ✗ ✓✓✓ ✗ ✓✓✓

Narrow Space Manipulation ✗ ✗ ✓✓✓ ✓✓✓

Bi-Manual Manipulation ✗ ✗ ✓✓✓ ✓✓✓

Loco-Manipulation ✓✓✓ ✓✓✓ ✗ ✓✓✓

[169, 168], enabling 6D pose reaching directly from the manipulator can significantly improve

the precision and range of manipulation tasks. Combining the loco-manipulator DoFs with

the existing joint DoFs, each front limb of LocoMan has 6 DoFs in total, and can reach

arbitrary 6D space poses without body movement.

The design of LocoMan is inspired by the anatomy of human arms. As illustrated

in Fig. 8.2(a), we attach custom-designed loco-manipulators to the calf of the front legs

of a quadrupedal robot, and utilize the existing leg joints (q1−3) together with the gripper

joints (q4−6) for 6DoF space manipulation. The original leg joints, q1−3, similar to human

shoulders and elbows, are primarily used for movement and positional tracking. The added

joints of loco-manipulator, (q4−6), similar to human wrist, are primarily used for orientation

tracking. Integrated together, each front limb of LocoMan can reach a large variety of space

poses effectively.

We carefully orient the joints of loco-manipulator to seamlessly integrate with the existing

structure of the original robot. Specifically, we design the first joint (q4) to be aligned with

the calf joint of the front leg, design the last joint (q6) to point towards the gripper, and

design the second joint (q5) to be perpendicular to the other two joints. In this way, the

gripper can reach out to far spaces during manipulation (front-right foot of Fig. 8.2(a)),
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(b) Exploded View of a Right Loco-Manipulator
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Figure 8.2: Design of our loco-manipulator. (a) The joint configuration of the legged-arm. The

legged-arm has six joints including three from the leg and three from loco-manipulator. (b) The

components of a right loco-manipulator shown in an exploded view.

while stay tucked to the calf during standing and walking (front-left foot of Fig. 8.2(a)) with

minimum interference to the locomotion capabilities.

The components of loco-manipulator are lightweight, low-cost and easy to fabricate. As

illustrated in Fig. 8.2(b), for the actuators of a loco-manipulator, we select four Dynamixel

servos, which are compact, highly dynamic, and capable of providing position, velocity, and

torque feedback. The loco-manipulator is mounted on the robot’s calf via two calf connectors,

which are meticulously designed so that their internal structures seamlessly interlock with the
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DoFs 3 (joints) + 1 (gripper)

Dimension [mm3] 179× 61× 42

Weight [g] 147

Cost[$] 370

4 Servos XC330-T288-T

2 Bearings [d×D × h] 5 mm× 8 mm× 2.5 mm

3D Printer Formlabs® Form 3+

Table 8.2: Specifications of a loco-manipulator.

skeletal framework of the robot’s calf. To make loco-manipulator more compact, we designed

the gripper as two pairs of rotating jaws with gear engagement, enabling symmetric opening

and closing of the gripper with a single servo. One pair of jaws is connected to the servo

horns, while the other pair is mounted with two bearings. Except for the servos (label 3 and

label 5 in Fig. 8.2(b)) and the bearings (label 7), the other components of loco-manipulator,

including the calf connectors, joint connectors, bearing holders, and jaws, can be 3D printed

using a standard 3D printer. Integrated together, each loco-manipulator weighs 147g (1.23%

of the robot’s weight), and can be easily fabricated with a material cost of $370 (Table 8.2).

8.3 A Unified Control Framework for Whole-Body Loco-Manipulation

8.3.1 Notation

We denote the state of LocoMan as q = (xtorso, qj) ∈ R24, where xtorso ∈ R6 denotes the

position and orientation of the floating torso base, and qj ∈ R18 denotes the joint angles

of LocoMan, including the legs’ (12 DoF) and the loco-manipulators’ (6 DoF). We denote

xeef = (xeef
left,x

eef
right) ∈ R12 and xfoot ∈ R24 as the cartesian positions and orientations of

two grippers and four feet, which can be computed from the state vector using forward

kinematics. We use the bar notation (·) to denote all desired states.
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Figure 8.3: The unified framework for whole-body loco-manipulation. The robot commander con-

verts the desired action command from user into the standardized robot command based on a

specific operation mode (M). The unified whole-body controller, including whole-body impulse

control and joint-level PD control, computes torques for each joint of LocoMan to track the desired

robot command,

8.3.2 Overview

Effective loco-manipulation requires the robot to complete a large variety of tasks accurately

and robustly, from in-place picking to locomotion while carrying objects. In light of this

requirement, we design a unified control framework for LocoMan (Fig. 8.3), where a robot

commander specifies the desired state of LocoMan based on the action command from user,

and an unified whole-body controller (WBC) tracks the desired state based on LocoMan’s

kinematics and dynamics model. The robot commander supports a variety of operation

modes (Table 8.3), such as locomotion and in-place manipulation, where the mode switch is

governed by a finite state machine (FSM). Within each mode, the FSM launches a mode-

specific mode commander to convert user specified target (e.g. walking speed or gripper

pose) into desired states of the torso (x, ẋ)torso, end effector (x, ẋ)eef, and foot (x, ẋ, c)foot.

We further design a set of mode switchers to smoothly transition between different operation

modes. For robust operation and accurate tracking of the desired state, we extend a whole-

body controller to solve the desired position qj, velocity q̇j and torque τj of each joint
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Operation Mode Task Tracking Hierarchy State Estimation

Single Foot Manipulation Torso Position Position-Based

Torso Orientation

Footm Position

Single Gripper Manipulation Torso Position Position-Based

Torso Orientation

Gripperm Position

Gripperm Orientation

Bimanual Manipulation Gripperl,r Positions Position-Based

Gripperl,r Orientations

Locomotion Torso Velocity Velocity-Based

Torso Orientation

Foots Positions

Loco-Manipulation Torso Velocity Velocity-Based

Torso Orientation

Foots Positions

Gripperl,r Orientations

Table 8.3: Hierarchical tracking objectives and state estimators for the five operation modes. The

subscripts {m}, {s}, {l, r} indicate the end effector in manipulation (m), the feet in swing (s), and

the left (l) and right (r) grippers respectively.

based on the complete kinematics and dynamics model of the robot. Then a joint-level PD

controller computes the final torque τj for each joint at a higher frequency. In addition, we

implement two state estimators to accurately estimate robot state based on sensor feedback.

For operation modes with constant foot contact, such as single and bi-manual manipulation,

we use a position-based state estimator to estimate the 6D body pose from IMU readings

and joint angles. For operation modes with contact changes, such as locomotion and loco-
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manipulation, we use a velocity-based position that estimates the body velocity in the forward

and side directions.

8.3.3 Robot Commander

The robot commander supports five different operation modes (Table 8.3), namely locomo-

tion, locomanipulation, single-foot manipulation, single-gripper manipulation, and bimanual

manipulation. Each mode takes in different user commands from either predefined planners,

human motions, or joysticks, which are converted to desired states by a corresponding Task

Commander.

For single-arm manipulation, the user specifies the desired torso 6D pose, and the desired

gripper 6D pose or foot 3D position. For bimanual manipulation, the user commands the

desired 6D poses for each gripper. The stance feet remain fixed to the ground during the

three manipulation modes. For locomotion and loco-manipulation, the user specifies the

desired velocity, roll, pitch, and height of the robot torso, together with the desired gripper

orientation for the loco-manipulation mode.

To ensure smooth transition between operation modes, the FSM launches a specific mode

switcher during mode transitions. For example, from locomotion mode to single-arm ma-

nipulation mode, LocoMan is commanded to zero velocity until all feet are on the ground,

and then moves the torso to the rear opposite the end effector being manipulated.

8.3.4 Unified Whole-Body Controller

Given the desired states of the torso (x, ẋ)torso, end effector (x, ẋ)eef, and foot (x, ẋ)foot and

foot contact force cfoot, the WBC computes the desired position qj, velocity q̇j and torque

τj of each joint.

Our WBC implementation is based on the two-step implementation from Kim et al. [10]

with additional modeling of the loco-manipulators. In the first step, WBC tracks the desired

states kinematically by computing the desired position qj and velocity q̇j of each joint using

Inverse Kinematics (IK). Since the robot may not have sufficient degrees of freedom to track
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the entire desired state, we assign a objective priority to each component of the desired states

(Table 8.3), and solve objectives in descending priority by projecting low-priority objectives

into the null-space of high-priority ones. In the second step, WBC tracks the desired state

dynamically by optimizing for joint torque commands τj, where the objective is to track the

desired torso acceleration, and the constraints include rigid body dynamics and friction cone

limits. Please refer to the original work [10] for additional details.

8.4 Results and Analysis

8.4.1 Experiment Setup

As illustrated in Fig. 8.1, we install two loco-manipulators on the front legs of Unitree Go1,

a quadrupedal robot. The servos of the manipulators are powered by the robot via an

additional voltage converter (from 24V to 12V). The algorithms of the motion command

and control framework run on a desktop, and the control signals for the quadrupedal robot’s

motors and the loco-manipulators’ servos are sent via cables.

8.4.2 Workspace Analysis

Non-Prehensile Workspace of Go1 Prehensile Workspace of LocoMan

(a) Single-arm manipulation mode (b) Bimanual manipulation mode

Figure 8.4: Our loco-manipulator turns the original non-prehensile (in orange) workspace of Go1

to a prehensile workspace (in blue) and expand the reachable area by more than 80%.

We compare the workspace of LocoMan with the workspace of the unmodified Unitree

Go1 robot as illustrated in Fig. 8.4. The workspace is approximated by uniformly sampling
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2s 4s

6s 8s

Figure 8.5: The left figure shows trajectory tracking of the end effector position and the torso

orientation when drawing a spatial square. The right figure depicts the corresponding 3D trajectory

tracked by an LED light attached to the gripper.

multiple angles for each joint within its joint limit, recording the joint configurations without

self-collision, and plotting the end effector positions (center of the gripper for LocoMan

and foot for the original robot). With additional loco-manipulators, LocoMan extends the

workspace of the end effector much further from the original foot toes to the prehensile

gripper. Quantitatively, the inclusion of the loco-manipulator expands the workspace volume

by at least 80%: from 0.34m3 to 0.68m3 in the single-arm manipulation mode, from 0.38m3

to 0.83m3 in the bimanual mode, and from 0.63m3 to 1.14m3 in the combined volume.

8.4.3 Trajectory Tracking

We design a set of experiments to evaluate the trajectory tracking performance of LocoMan.

First, we manually design trajectories of the gripper and torso, where the gripper follows a

desired rectangular trace with a spatial bounding box of 0.25m×0.1m×0.25m, and the body

moves towards the direction of the gripper. We evaluate the quality of the tracking using

the Mean Average Error (MAE) of the commanded desired poses and the estimated poses

from the kinematics-based state estimator for the manipulator and the torso. As illustrated

in Fig. 8.5, the whole-body controller can enable the robot to accurately track the desired



131

Trajectories eteef eReef ettorso eRtorso

Gripper-M w/o Torso Motion 1.67 0.045 1.92 0.0075

Gripper-M w Torso Motion 1.89 0.047 2.38 0.016

Foot-M w/o Torso Motion 0.93 - 2.02 0.0078

Foot-M w Torso Motion 1.10 - 2.26 0.017

Standing w Torso Motion - - 1.05 0.014

Table 8.4: Translational and rotational MAEs of end effector and torso in trajectory tracking. Unit

is mm for lengths and rad for angles.

trajectory with tracking MAE of 1.06mm in end effector position and 0.023rad in the torso

orientation.

To further evaluate the tracking performance of the whole-body controller, we define five

tasks using end effector with and without torso movement while standing. For each task, we

define four different intermediate poses for the end effector and the torso. We then generate

an 8-second trajectory with total 3200 target 6D poses using cubic Bezier interpolation from

each start pose to its end pose. As illustrated in Table 8.4, the translational and rotational

MAEs of the gripper are only 1.89mm and 0.047rad respectively even with torso movement,

which are much more accurate than learning-based method for foot manipulation [169] with

translational error of 57mm. On the other hand, we notice that the translational errors of

the torso during manipulation are much larger than those during standing, which may be

due to the uneven deformation of the three stance feet. However, the translational errors

of the manipulator are smaller than the torso translational errors, benefiting from the task

hierarchy of the whole-body controller.
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(b) (c)(a)

Figure 8.6: Low-cost teleoperation platform. (a) The rigid shells worn by palms, thumbs and torso

created by 3D printing. (b) Simultaneous control of the 6D pose of the torso and the end effector

of the quadrupedal robot. (c) Visualization of the estimated corresponding 6D poses of the user’s

right palm, right thumb and the torso using 3D point clouds of AprilTag edges.

8.4.4 Low-cost Vision-based Teleoperation Platform

In LocoMan, the robot torso and end effectors need to be commanded simultaneously, which

would be difficult to teleoperate using a single joystick, keyboard or sensor glove. Therefore,

we develop a low-cost vision-based teleoperation platform to teleoperate LocoMan using

motions of human hands and torso. As illustrated in Fig. 8.6 (a), the core of our teleoperation

platform is a pair of 3D-printed rigid shells worn by palms and thumbs of both hands as

wells as human torso. The shells are densely covered with AprilTags [171] whose corners and

IDs can be robustly detected. Using a method similar to [172, 173], we set up calibrated

high-resolution ZED cameras at multiple views and the 6D pose of the rigid shells can be

obtained by minimizing the re-projection errors of AprilTag corners in the multiple-view

images. The 6D pose of the torso and palm shells are directly used to command the 6D

pose of the torso and end effector of quadrupedal robot, while the relative angles between

the 6D poses of the thumb and palm shells are used to command the opening and closing

of the robot gripper. In this way, the teleoperation users can move their torso and both of
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their hands and fingers to naturally control all motion of the quadrupedal robot. With a few

cameras and mounts, our teleoperation platform is especially low-cost in hardware compared

to previous works, while allowing the users to simultaneously command torso pose, two end

effector poses and two gripper openings of the quadrupedal robot.

8.4.5 Versatile Manipulation in Real-World Tasks

Using our teleoperation platform, we validate LocoMan’s capabilities listed in Table 8.1 by

commanding LocoMan to complete the following real-world robotic tasks using teleoperation:

Manipulation with 6DoF End Effector To validate that LocoMan is capable of per-

forming manipulations in the 6D operational space, we evaluate LocoMan on two challenging

tasks: opening a sliding drawer and the swing door of a cabinet. These two tasks demand

precise control over the robot end effector pose throughout the interaction. As illustrated

in Fig. 8.7 (a), when opening the sliding drawer, LocoMan successfully controls the end ef-

fector to move linearly along the sliding direction of the drawer while maintaining a stable

orientation axis parallel to the movement path. Fig. 8.7(b) demonstrates LocoMan’s capabil-

ity in opening a cabinet swing door, where it maneuvers the end effector in an arc trajectory

and adjusts the gripper orientation to stay perpendicular to the door plane to avoid collision

with the door handle.

Furthermore, we teleoperate LocoMan to perform two additional tasks that require precise

motion control: inserting a charger into a power socket and pouring liquid from one cup to

another. As illustrated in Fig. 8.8 (a), LocoMan can accurately align the charger with the

socket, demonstrating its ability to precisely adjust its end effector position. In Fig. 8.8 (b),

LocoMan pours liquid from one cup to another, which highlights the robot’s ability to stably

modulate the end effector orientation.
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(a)

(b)

Figure 8.7: LocoMan shows its capability of manipulation in 6D operational space in the tasks of

opening two typical types of cabinets under vision-based human motion teleoperation. (a) LocoMan

skillfully opens a sliding drawer. (b) LocoMan adeptly opens a swing door cabinet.

(a)

(b)

Figure 8.8: LocoMan demonstrates its precision and stability in completing two tasks that demand

fine control under joystick teleoperation. (a) Insert a charger with meticulous alignment. (b) Pour

liquid from a cup to another, carefully modulating the pour angle and rate.

Manipulation in Narrow Space

Fetching objects from extremely narrow space is a challenge for quadrupedal robots due to

the limited space for adjusting both the leg and manipulator joint angles. As illustrated

in Fig. 8.9 (a), the task requires LocoMan to walk below a bed to grasp an object located

under a cabinet and then carry it out. This confined environment only offers a 0.25 m

clearance below the bed and an even more constricted 0.09 m height under the cabinet. As

illustrated in Fig. 8.9 (b), LocoMan can walk stably below the vertically restricted space,

avoiding any contact with the bed. This is only possible without additional robot arm
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installed on the top such as the ones in [167, 170]. Thanks to the compact design of loco-

manipulator, LocoMan can deftly maneuver its end effector to extend under the cabinet and

adjust its pose to successfully grasp the object. LocoMan then retrieves its loco-manipulator

while holding the object in the gripper and exits the narrow space.

The successful completion of this challenging task demonstrates LocoMan’s competency

in loco-manipulation within narrow and complex environments. This showcases its potential

for deployment in scenarios such as search and rescue missions, which often necessitate both

agile locomotion and manipulation in cramped spaces.

Bimanual Manipulation

Enabling quadrupedal robots to execute bimanual manipulation significantly broadens the

spectrum of tasks they can undertake. With dual lightweight loco-manipulators installed on

LocoMan’s two front legs, it becomes practical for LocoMan to stand upright and engage in

complex bimanual tasks.

Hoisting objects with a rope is a task that demands precise bimanual coordination to

ensure the rope does not slip back. As illustrated in Fig. 8.10 (a), while maintaining an

upright stance, LocoMan adeptly adjusts the 6D pose of an end effector to securely grasp

the rope and applies a downward pull. Upon reaching the limits of its workspace, the

pulling end effector maintains its grip on the rope, steadfastly holding it in place until the

alternate end effector takes over to continue pulling the rope. The seamless transition and

successful execution of the hoisting operation vividly illustrate LocoMan’s advanced bimanual

coordination capabilities, which showcase the practical versatility and enhanced operational

scope of quadrupedal robots equipped with our proposed loco-manipulators.

Furthermore, as Fig. 8.10 (b) shows, LocoMan can grasp a pair of socks hanged about 1

m high from the ground, which is relatively high compared to the height of the robot torso

during four legs stance.
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Loco-Manipulation

As illustrated in Fig. 8.1 (c), we instruct LocoMan to manipulate a flashlight aimed at a

predetermined orientation trajectory within the world frame, while trotting forward at a

velocity of 0.15m/s and shifting left at 0.05m/s. This necessitates the coordination of its

locomotion and manipulation capabilities. Throughout the execution of this task, we record

the orientation of the end effector, and also the orientation of its conjunct foot for calculating

the vanilla end effector orientation based on their initial relative orientation. As illustrated

in Fig. 8.11, in the loco-manipulation mode, LocoMan can track the desired orientation of

the flashlight significantly better than relying solely on locomotion.

8.5 Related Works

8.5.1 Quadrupedal Loco-Manipulation

Without Additional Manipulators Researchers have had a long history exploring the

manipulation capability of quadrupedal robots. Without an additional manipulator, re-

searchers have designed the robot to use its head [166, 174, 175, 176], torso [165], or

foot [162, 163, 164, 177, 178, 179, 180] to interact with objects in the environment, where

[174, 175, 176] rely on multiple robots to push larger size objects. However, without an addi-

tional mechanism like a gripper, these approaches are limited to relatively simple tasks that

do not require fetching objects, such as kicking balls [163], pressing buttons [162], pushing

boxes [176], opening doors [179], and probing [178].

With Additional Manipulators Many previous works mount a dedicated arm on top

of the quadrupedal robot to perform more complicated manipulation tasks such as pick-and-

place [181, 182], pulling doors [183, 170, 184], tablecloth spreading [185], turning wheels [186],

wiping a whiteboard [167], and collaboratively carrying large objects [187, 188]. On the other

hand, equipping a robot with a dedicated arm typically adds to the mechanical complexity

and power requirements, leading to an increase in both weight and expense. Moreover, such

an addition makes it difficult to operate in a narrow space and reduce quadrupedal robot’s
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agility. Some other works alleviate these problems by installing more lightweight manipula-

tors or grippers on the mouth [189] or foot [168, 169] of the quadrupedal robot. Tsvetkov

et al. [168] propose a novel design of a small-scale quadrupedal robot with manipulators

built into the legs, each requires three additional actuators, where two are used for grasp-

ing. It facilitates single-arm and two-arm manipulation but only supports specifying target

positions in joint space. Arm et al. [169] propose learning-based controller that can track

quadrupedal foot position targets through whole-body motions, and a 2-DoF gripper is at-

tached to the foot to perform tasks like collecting rock samples. However, how to efficiently

reach a specified 6D pose of the end effector on the leg to perform more complex manipulation

tasks is still underexplored. While some hexapod robots [190, 191, 192, 193, 194] use legs as

manipulators where the integrated grippers can fetch objects with high degrees of freedom,

prehensile manipulation with dexterity could be challenging for quadrupedal robots.

8.5.2 Controllers for Leg-Manipulation

To accomplish a wide range of manipulation tasks, the controller of the loco-manipulation

robot need to support a variety of operation modes, including reaching a narrow space with

a single arm, walking while carrying an object, and bi-manual manipulation with upright

pose. While prior works have achieved similar tasks such as grasping [170, 183, 167], object

pushing and kicking [166, 163, 164], and object carrying [193] using optimization-based

[170, 183, 181, 166, 193] or learning-based [165, 163, 164, 167, 162] methods, most of these

controllers are designed for specific tasks, and additional effort is required for multi-task

support. In contrast, LocoMan adopts a unified control framework, which uses the same low-

level whole-body controller [10] for all five operation modes. By tracking desired trajectories

at both the kinematics and dynamics level, our unified framework requires little task-specific

tuning and performs all manipulation tasks at high accuracy.
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8.6 Discussion

In this paper, we present LocoMan, a novel approach that enhances the manipulation dexter-

ity of quadrupedal robots through the integration of designed lightweight loco-manipulators,

expanding their operational workspace and enabling precise control over complex 6D manip-

ulation tasks. Our design effectively combine the mobility of the quadrupedal robots with the

functionality of manipulators, without compromising agility or requiring extensive payload

capacity. The developed unified control framework assures accurate and stable movement

across a spectrum of tasks, illustrating LocoMan’s versatility in environments ranging from

confined spaces to tasks requiring intricate dual-arm coordination. In the future, we would

utilize this platform to train a wider range of quadrupedal loco-manipulation tasks through

imitation learning, and achieve smooth and efficient mode switch by reinforcement learning.



139

0.25m
0.09m

(a)

(b)

(c)

(d)

(e)

Narrow 
spaces: 

locomotion 
and 

manipulation

Crawl
forward

Reach and
grasp the

object

Retrieve the 
object

Crawl 
backward

Figure 8.9: LocoMan demonstrates its locomotion and manipulation capabilities in constrained

environments under joystick teleoperation. (a) The task requires the robot to walk beneath a

crib with a clearance of 0.25 m and grasp the object under the cabinet with a clearance of 0.09

m. (b) LocoMan crawls forward to approach the targeted object. (c) LocoMan extends its loco-

manipulator to reach and grasp the object. (d) LocoMan retrieves the object. (e) LocoMan crawls

backward and exits the crib.
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(a) Hoist a Basket

(b) Grasp a pair of Socks

1m

Figure 8.10: LocoMan is capable of performing challenging bimanual manipulation tasks with its

dual lightweight loco-manipulators. (a) LocoMan collaboratively operates its two grippers to hoists

a basket under vision-based human motion teleoperation. (b) LocoMan can reach 1m high to grasp

a pair of socks under joystick teleoperation.

0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0
Time (s)

0.5

0.3

0.1

0.1

En
d 

Ef
fe

ct
or

 O
rie

nt
at

io
n 

(r
ad

)

Desired eef roll
Vanilla Loco. eef roll
Measured eef roll

Desired eef pitch
Vanilla Loco. eef pitch
Measured eef pitch

Desired eef yaw
Vanilla Loco. eef yaw
Measured eef yaw

Figure 8.11: Vanilla Loco. denotes carrying the flashlight using the vanilla locomotion mode. The

curves indicate that the loco-manipulation mode of LocoMan can consistently track the desired

orientation of the flashlight in the loco-manipulation mode.
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Chapter 9

CONCLUSION

In this thesis, we demonstrated the effectiveness of combining reinforcement learning

(RL) with optimal control (OC) to advance the agility of legged robots. To this end, we

develop an algorithmic framework that can achieve high-speed, terrain-aware locomotion

on quadrupedal robots,and extend the framework to broader applications including off-road

locomotion and loco-manipulation.

First, we used this hierarchical framework to learn speed-aware energy-efficient gait selec-

tions. By designing a smooth gait representation for the high-level gait policy and training

the gait policy with the low-level MPC controller in the loop, our framework learns a wide

variety of gaits with smooth gait transitions. Moreover, the framework retains the robustness

of MPC-based controllers, and can walk robustly under real-world perturbations.

We then focus on the task of continuous jumping using a similar hierarchical learning-

control framework. We start by learning a residual policy in the high level to complement

a heuristically designed motion planner, and then redesigned the high-level policy to output

the contact schedule, swing foot trajectory, and body trajectories simultaneously. Addi-

tionally, we redesigned the low-level optimal controller, so that the entire optimal controller

can be executed efficiently on GPU. Using this framework, we can learn a variety of lo-

comotion gaits, including walking, bounding, and pronking, in less than 20 minutes on a

single GPU. Lastly, we incorporate perception into this hierarchical framework, so that the

robot can adjust its motion plans based on terrain information. We adopt a modular de-

sign with an additional heightmap predictor, and redesigned the low-level controller and the

policy-controller interface to reduce the sim-to-real gap. The final version of our hierarchical

learning-control framework is able to perform high-speed continuous jumping on stairs and
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stepping stones, as well as long-distance horizontal or vertical jumps on terrains with single

discontinuities.

Building on top of the success in continuous jumping, we extend the scope of agile legged

locomotion to more environments and more tasks. In the first work, we train a skill policy to

select different locomotion gaits based on perceived terrain semantics, so that the robot can

achieve high-speed, failure-free locomotion in complex offroad environments. In the second

work, we extend legged robot hardware with custom-built grippers, so that the robot can use

its foot for versatile loco-manipulation. Using a similar hierarchical framework, the robot

can perform versatile tasks including single-arm and bi-manual manipulation.

I would like to conclude this thesis with a remark on the role of optimal control in

”modern” robotics, and discuss a few exciting future directions.

9.1 Optimal Control as an IDEA

While Optimal Control is an important component of ”classical” robotics, and have been

deployed in a variety of robot applications, modern-day robotics tend to shift away from this

paradigm, and pursuit more data-driven, learning-based approaches, with good successes

[195, 196, 197, 198, 199, 200]. As we collect more data and develop better ways (e.g. Trans-

formers) to handle large amounts of data, data-driven approaches will likely enable even

more complex, human-like behaviors on robots. In this case, a natural question to ask would

arise:

What would be the benefit of optimal control in the area of big data and large models?

To me, optimal control is not just a set of methods, it is an important idea in the design

of robot controllers. While optimal controllers can take various forms, the idea of leveraging

domain knowledge, maintaining structure and interpretability, and online re-optimization

explains their effectiveness in robotic applications. Under the guidance of these ideas, we

introduce domain knowledge to the model-free reinforcement learning process, construct

modular hierarchical frameworks, and maintain a robust low-level controller throughout the

works in this thesis, which is the key to achieve agile behaviors on real robots.
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However, this is not to say that the proposed framework has completely integrated these

”ideas” with data-driven approaches. Such a manually designed, hierarchical combination of

learning with optimal control inevitably leads to significant amounts of efforts in the policy-

controller interface design, as well as close monitoring of the training progress. While this

framework does retain a lot of the benefits of optimal control, especially in coordinating

robust and smooth of robot behaviors, designing such a framework can sometimes cost

significant human labor and (at least partially) break the promise of ”autonomous end-to-

end training” of learning-based methods.

So how would we better integrate optimal control with data-driven approaches? While

I cannot identify a clear answer from the current research progress, we can certainly draw

some inspiration from the developments in other fields of machine learning. For example,

”modern” designs of convolutional neural networks and recurrent neural networks mostly

retain the structure of convolutional filters or auto-regressive time series models. These

network architectures retain the idea of hand-designed models, while seamlessly integrate

with machine learning techniques to enable expressive behaviors. In the future, I hope to

see locomotion frameworks that can learn complex, robust and real-world deployable policies

with minimal human effort.

9.2 Future Directions

To conclude this thesis, we would like to outline two exciting directions of future research.

9.2.1 From Quadrupedal Robot to Humanoid Robots

While we have seen rapid developments in both the hardware and the control frameworks of

legged robots, it is important to note the inherent limitations of these platforms. Due to the

lack of passive-standing mechanisms, these robots consume significant energy to stand up

and maintain balance, and can operate for significantly shorter hours compared to a robot

vehicle of similar size and weight. Moreover, to maintain stability, these robots typically

adopt a low body height (< 60cm), and have difficulty reaching common objects in world
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occupied by human. Unless these bottlenecks are resolved, it can be difficult to deploy

quadrupedal robots widely into real-life applications.

Fortunately, years of development in quadrupedal robot hardware has led to exciting

progress of humanoid robots [33, 34, 35, 201], which addresses both bottlenecks mentioned.

Compared to quadrupeds, humanoids can achieve a much larger variety of agile behaviors,

from track-and-field sports to high-speed rock climbing. They also seamlessly integrate

locomotion with manipulation, enabling a versatile range of dexterous behaviors. An exciting

future direction of this thesis is to achieve agile locomotion and dexterous manipulation on

humanoid robots. To achieve that, it would be important to ensure the safety and stability

of the robot, while enabling the robot to learn a diverse range of skills at the same time.

9.2.2 Integrate Foundational Models into Legged Robots

While massive-scale training in simulation and sim-to-real has enabled a wide variety of

robot behaviors, it is important to notice the limitations of such approach when facing

the complexity of the real world. For example, the stair jumping policy mentioned in this

thesis, which are only trained on rectangular-shaped stairs in simulation, can easily scale

to rectangle-shaped stairs in the real world, but faces significant difficulty in scaling to

more complex stair shapes such as planked stairs with no vertical connections. While it is

possible to reduce this sim-to-real gap by simulating a wider range of stairs, the task can

get prohibitively difficult when we try to recreate all real-world discontinuous terrains in

simulation. How do we develop a robot that can handle the complexity of real-world from

limited simulation trainings?

Recent advancements in foundational models provide a lot of insights for this question.

Modern day foundational models, especially visual language models such as GPT4 [] or

LLAMA [] have developed a reasonable understanding about the real world [195, 196, 197].

Such understanding has been shown to provide insights for robots in real-world applications [].

It would be exciting to develop a deeper connection between foundational models and existing

robot controllers, and extend the agility and dexteriy of the robots today into complex,
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everyday scenarios.
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Hwangbo, and Marco Hutter. Dynamic locomotion and whole-body control for

quadrupedal robots. In 2017 IEEE/RSJ International Conference on Intelligent Robots

and Systems (IROS), pages 3359–3365. IEEE, 2017.

[73] Shamel Fahmi, Carlos Mastalli, Michele Focchi, and Claudio Semini. Passive whole-

body control for quadruped robots: Experimental validation over challenging terrain.

IEEE Robotics and Automation Letters, 4(3):2553–2560, 2019.

[74] Deepali Jain, Atil Iscen, and Ken Caluwaerts. From pixels to legs: Hierarchical learning

of quadruped locomotion. arXiv preprint arXiv:2011.11722, 2020.

[75] Xue Bin Peng and Michiel van de Panne. Learning locomotion skills using deeprl:

Does the choice of action space matter? In Proceedings of the ACM SIG-

GRAPH/Eurographics Symposium on Computer Animation, pages 1–13, 2017.

[76] R McN Alexander. The gaits of bipedal and quadrupedal animals. The International

Journal of Robotics Research, 3(2):49–59, 1984.

[77] Ruben Grandia, Farbod Farshidian, René Ranftl, and Marco Hutter. Feedback
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[178] Hendrik Kolvenbach, Christian Bärtschi, Lorenz Wellhausen, Ruben Grandia, and

Marco Hutter. Haptic inspection of planetary soils with legged robots. IEEE RA-L,

2019.

[179] T Turner Topping, Gavin Kenneally, and Daniel E Koditschek. Quasi-static and dy-

namic mismatch for door opening and stair climbing with a legged robot. In ICRA

2017, 2017.

[180] Sunwoo Kim, Maks Sorokin, Jehee Lee, and Sehoon Ha. Human Motion Control of

Quadrupedal Robots using Deep Reinforcement Learning. In Proceedings of Robotics:



168

Science and Systems, New York City, NY, USA, 2022. doi: 10.15607/RSS.2022.XVIII.

021.

[181] Naoki Yokoyama, Alexander William Clegg, Eric Undersander, Sehoon Ha, Dhruv

Batra, and Akshara Rai. Adaptive skill coordination for robotic mobile manipulation.

arXiv preprint arXiv:2304.00410, 2023.

[182] Jia-Ruei Chiu, Jean-Pierre Sleiman, Mayank Mittal, Farbod Farshidian, and Marco

Hutter. A collision-free mpc for whole-body dynamic locomotion and manipulation.

In ICRA 2022, 2022.

[183] Jean-Pierre Sleiman, Farbod Farshidian, and Marco Hutter. Versatile multicontact

planning and control for legged loco-manipulation. Science Robotics, 8(81):eadg5014,

2023.

[184] Mayank Mittal, David Hoeller, Farbod Farshidian, Marco Hutter, and Animesh Garg.

Articulated object interaction in unknown scenes with whole-body mobile manipula-

tion. In IROS 2022, 2022.

[185] Xiangyu Chu, Shengzhi Wang, Minjian Feng, Jiaxi Zheng, Yuxuan Zhao, Jing Huang,

and KW Samuel Au. Model-free large-scale cloth spreading with mobile manipulation:

Initial feasibility study. In 2023 IEEE 19th International Conference on Automation

Science and Engineering (CASE), pages 1–6. IEEE, 2023.

[186] Henrique Ferrolho, Vladimir Ivan, Wolfgang Merkt, Ioannis Havoutis, and Sethu Vi-

jayakumar. Roloma: Robust loco-manipulation for quadruped robots with arms. Au-

tonomous Robots, 47(8):1463–1481, 2023.

[187] Flavio De Vincenti and Stelian Coros. Centralized model predictive control for collab-

orative loco-manipulation. RSS 2023, 2023.



169

[188] Jeeseop Kim and Kaveh Akbari Hamed. Cooperative locomotion via supervisory pre-

dictive control and distributed nonlinear controllers. Journal of Dynamic Systems,

Measurement, and Control, 2022.

[189] Artem Lykov, Mikhail Litvinov, Mikhail Konenkov, Rinat Prochii, Nikita Burtsev,

Ali Alridha Abdulkarim, Artem Bazhenov, Vladimir Berman, and Dzmitry Tset-

serukou. Cognitivedog: Large multimodal model based system to translate vision

and language into action of quadruped robot. arXiv preprint arXiv:2401.09388, 2024.

[190] Arne Roennau, Georg Heppner, Michal Nowicki, and Rüdiger Dillmann. Lauron
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