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ABSTRACT

Legged robots have long been envisioned as a means of expanding robotic capabilities
beyond structured environments, yet achieving high-agility locomotion remains a fundamental
challenge. This thesis presents a model-based framework for parkour-style locomotion,
enabling robots to execute highly dynamic maneuvers such as jumps, rolls, and flips with
precision and robustness. A key challenge in planning these motions is selecting an appropriate
dynamic model that balances computational efficiency with physical accuracy. To address
this, a model assessment strategy is introduced to determine the simplest model capable
of capturing task-relevant dynamics. Even with well-chosen models, solving long-horizon
trajectory optimization problems for dynamic motions is computationally demanding. This
thesis introduces graduated optimization techniques, which improve solver efficiency and
reliability by generating high-quality initial guesses through progressively refined problem
formulations. Additionally, a novel formulation of rigid-body dynamics algorithms for systems
with kinematic loops accelerates trajectory optimization and simulation. Finally, two control
strategies are proposed to execute planned motions on hardware: a model-based tracking
controller for real-time adjustments and an imitation learning policy trained on optimal
trajectories to enhance robustness. Extensive experiments on hardware validate the framework,
demonstrating the successful execution of complex, high-impact locomotion behaviors. By
integrating advanced planning, optimization, and control techniques, this work establishes
a foundation for high-agility legged locomotion, pushing beyond conventional automation
toward real-world, dynamic robotic movement.

Thesis supervisor: Sangbae Kim
Title: Professor of Mechanical Engineering
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Chapter 1

Introduction

Legged robots, particularly humanoid robots, have seen a massive surge in interest and
investment in recent years. The growth is driven by the expectation that, combined with
recent advancements in Al, legged robots will transform labor markets by taking on dull,
dirty, and dangerous" jobs, addressing labor shortages, and rede ning in-home assistance.
Most of the tasks that legged robots are expected to automate are routine for humans
and require minimal athletic ability. Examples include working on automotive assembly
lines, performing last-mile deliveries, and handling household chores such as washing dishes.
However, legged robots are not inherently limited to such tasks. Unlike humans, they can be
designed with power-to-weight ratios that far exceed biological limits and constructed from
high-strength materials capable of withstanding substantial impacts.

Despite these advantages, optimism about the viability of legged robots for highly dynamic,
parkour-style activities remains far lower than for routine automation. This skepticism stems
from the fact that the research community has yet to demonstrate robust solutions to the
underlying planning and control challenges required for such motion. However, if these
challenges can be addressed, legged robots could unlock new applications beyond traditional
automation. This thesis presents a framework for enabling parkour-style locomotion in

legged robots, advancing their capabilities beyond routine automation and toward dynamic,

15



high-performance movement.

1.1 Motivation for Parkour-Enabled Legged Robots

To understand the motivation behind parkour-enabled legged robots, it is useful to imagine
a world where such robots exist. While, to date, much of the focus on legged robots has
centered on routine automation such as assisting in factories or homes high-agility robots
capable of navigating complex, unpredictable environments would open entirely new frontiers.
These applications fall into two broad categories: practical, real-world problem-solving and

entertainment.

(a) Aftermath of the magnitude 7.8 earth- (b) Aftermath of the category 5 Hurricane
quake that hit the Turkey/Syria border in Milton that swept across the Carribean Sea
2023. and Gulf of Mexico in 2024.

Figure 1.1: Natural disasters resulting in dangerous conditions requiring search and rescue.

Consider a collapsed building in the aftermath of an earthquake. Unlike factory jobs, where
the primary risks stem from repetitive strain or heavy lifting, search-and-rescue operations
in disaster zones present immediate and severe danger. Unstable structures, shifting debris,
and inaccessible spaces make human intervention both di cult and hazardous. In contrast
to routine automation, where humanoid legs are a convenience for navigating human-built
environments, in a disaster setting, legs become a necessity. The robot must make real-time
decisions about where to place its feet, dynamically adapt its gait, and, in many cases, leap
or climb to reach critical locations. Unlike structured settings, where a prede ned walking

pattern is su cient, a parkour-enabled robot must be capable of executing a wide range of

16
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