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Abstract

Legged robots are of great interest to the robotics community, due to their capacity for

agile movements in diverse environments. Much of the recent research on legged robots

focuses on developing locomotion capabilities in challenging terrain, and autonomous deci-

sion making. Although impressive locomotion and autonomous decision making has been

demonstrated, existing approaches generally do not leverage human domain knowledge

or support interactions with people for collaborative decision making. This highlights an

important gap between human domain knowledge—encompassing locomotion gaits, com-

monsense reasoning, and spatial awareness—and the current legged robotics literature. In

an effort to close this gap, our research adopts a human-in-the-loop approach for loco-

motion gait design, collaborative decision making applications, and floor plan navigation.

To this end, our research innovates in three directions. First, we leverage human domain

knowledge in quadruped locomotion to facilitate the learning of customized locomotion

behaviors. Second, we develop a robotic guide dog system supporting bi-directional com-

munication with a visually impaired human, who directly interacts with a robot. Third, we

leverage existing floor plans designed by humans for planning and autonomous navigation

tasks. These contributions help bridge the gap between existing work in legged robotics,

and real-world applications involving human knowledge and decision making capabilities.
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1 Introduction

A commonly stated goal of robotics is to accomplish “dangerous, dirty, and dull” tasks,

in order to improve the safety and productivity of society. The development of legged

robots is necessary for making progress towards such a goal, due to the various types of

challenging terrains in the world in which wheeled robots cannot traverse, such as steep

slopes, uneven surfaces, or stairs. In order to maximize the potential of legged robots,

they must be equipped with robust and energy-efficient locomotion controllers, alongside

high-level decision-making capabilities. Unfortunately, the problem of developing such

locomotion and decision-making capabilities sufficient for real-world applications is non-

trivial.

Over the past few decades, significant research has been conducted in developing ro-

bust and energy efficient locomotion controllers for legged robots. Such controllers are

commonly achieved either through model-based approaches [1, 2], or learning-based ap-

proaches [3, 4, 5, 6, 7, 8, 9, 10]. Model-based approaches assume knowledge of a dynamics

model, which can predict the next world state given the current state and action. The dy-

namics model can be used in a constrained optimization problem which can be solved

to generate control signals. Different from model-based approaches, learning-based ap-

proaches leverage Reinforcement Learning (RL) to learn from trial-and-error experiences

1
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Figure 1.1: Our research leverages different forms of human knowledge, and robotic sen-
sors and algorithms in order to develop human-inspired legged robotic systems. We lever-
age knowledge in animal kinematics, commonsense knowledge, and spatial knowledge in
this dissertation. Our human-inspired legged robot systems include rule-based locomotion
gait design, a robotic guide dog tugging interface, and floor plan parsing for navigation
tasks.

without explicitly modeling the dynamics. Policies are then directly deployed on hardware

which realize the learned locomotion gait. Impressive results have been achieved through

both methods, each of which have demonstrated stable locomotion gaits on quadruped and

biped robots.

Aside from locomotion control, legged robots must also be able to perform high-level

decision making, including autonomous navigation capabilities. Such autonomous naviga-

2



tion is typically implemented through the use of Lidar and/or camera sensors for mapping

and localization, and path planners to generate desired navigation trajectories. In order to

address the unique demands of autonomous navigation for legged robots, existing work

has focused on traversability estimation for path planning [11, 12], in order for the robot

to generate efficient navigation plans based on the surrounding terrain. Aside from navi-

gation tasks, other tasks requiring multi-agent coordination [13] or behavior trees for skill

composition on complex quadruped manipulation tasks [14] have demonstrated impressive

decision making capabilities.

Advancements in autonomously developing locomotion and high-level decision-making

capabilities have pushed the field of legged robotics forward. While such advancements are

important, the integration of human knowledge in existing legged robot systems is limited.

However, humans possess expert domain knowledge, commonsense reasoning, and spa-

tial awareness beyond the capabilities of current robotic systems In order to expand upon

the existing autonomous capabilities of legged robots, this dissertation focuses on the in-

tegration of human knowledge in such systems. More specifically, we leverage human

knowledge in three directions.

First, we learn diverse legged locomotion gaits specified through simple logical rules

over desired foot contacts. But why is it important for humans to specify the locomotion

gait? Humans have studied legged animals for centuries, and have obtained vast amounts

of expert domain knowledge on their locomotion strategies. Integrating human domain

knowledge in legged locomotion training pipelines can expand the spectrum of legged

robot locomotion behaviors. Our contributions in specifying arbitrary locomotion gaits

through desired foot contact sequences enables human domain knowledge to be explicitly

3



encoded in the learned policies. These policies can then be used as priors in order to achieve

more complex tasks, such as intelligent gait switching for efficient locomotion in varying

environments.

Second, we develop a communication interface to facilitate bi-direction human-robot

communication in the robotic guide dog setting. In this setting, the visually impaired hu-

man is generally aware of their global location, and makes high-level navigation decisions

(i.e. turn left at the intersection). The robot dog is aware of its immediate environment,

and must navigate around nearby obstacles. Thus, the human leverages common-sense

knowledge about the environment to decide on the navigation route to take, while the

robot leverages its perception capabilities for local path-planning which guides the hu-

man around nearby obstacles. Specifically, we develop a leash tugging interface which

enables human-to-robot communication for global directional cues. Robot-to-human com-

munication occurs through the forces felt through the leash during autonomous navigation.

Such human-robot communication is crucial for leveraging the complementary strengths

of humans (common sense knowledge) and robots (perception) in this setting.

Third, we leverage readily available floor plan maps of buildings to facilitate autonomous

indoor robot navigation. This avoids the need for manual teleoperation of the robot to ob-

tain an occupancy grid, and also provides semantic information relevant for navigation

tasks. Vision-Language Models (VLMs) are leveraged to automatically parse the map for

navigation plan generation, and the robot localizes itself directly on a copy of the floor

plan map. We find that existing human knowledge in the form of floor plans serves as an

effective map representation for planning and navigation in indoor environments.

The motivation of our research discussed in this dissertation is to advance legged robot

4



systems by adopting a human-in-the-loop approach in low-level locomotion gait design,

collaborative human-robot decision making, and map parsing for navigation. Figure 1.1

provides an overview of our research.

1.1 Dissertation Outline

The remainder of this dissertation discusses the advancements we make in research

related to the development of human-inspired legged robot systems. We organize as de-

scribed below.

Chapter 2 discusses background information relevant to our research presented in the

remaining chapters. In this chapter we discuss legged robots, RL and its application to loco-

motion learning, learned state estimators for legged robots, Reward Machines (RMs) [15],

and robotic guide dog systems. This section is intended to concisely describe background

information necessary for understanding the remaining chapters.

Chapter 3 presents our research in diverse quadruped locomotion gait learning. In order

to leverage human domain knowledge in learning quadrupedal locomotion skills, we learn

a diverse set of highly customized gaits via RMs. The gaits are specified via automatons

over simple logical rules which define target foot contact sequences. Aside from learning a

diverse set of gaits, we also leverage RMs to specify gait frequency, which can be dynam-

ically adjusted during policy execution. We learn six different gaits over a range of gait

frequencies, evaluate the sample-efficiency of our policies, and demonstrate each gait on

hardware.

Chapter 4 presents our research in force responsive robotic guide dog navigation. In

order to develop a system for direct human-robot interactions which incorporates human

5



decision-making, we design a robotic guide dog system to help visually impaired people

with navigation tasks. In this system, a human holds a leash directly connected to a robot

which is autonomously navigating. We concurrently train a force tolerant locomotion con-

troller, and a force detection model, to enable robust locomotion and human-robot commu-

nication. The locomotion controller tracks velocity commands, while the force detection

model determines the direction the human is tugging. This tug direction is used to decide

on the global navigation path, while a local path planner avoids immediate obstacles. We

demonstrate this system on hardware for the task of blindfolded navigation.

Chapter 5 presents our research in floor plan parsing via VLMs. In order to leverage hu-

man knowledge for autonomous navigation and planning, we parse readily available floor

plans with VLMs. Floor plans include valuable semantic room labels (i.e. “Bathroom”,

“Elevator”) which we leverage to generate navigation plans. The floor plan also contains

information about the geometry of the floor, which we use for robot localization and path

planning. We explore the application of VLMs for floor plan parsing, and find generated

plans to be surprisingly accurate. With simple modifications to the original floor plan im-

age, we find significant improvements in the accuracy of the generated navigation plans.

We additionally find the geometric information from the floor plan sufficient to serve as an

occupancy grid, and demonstrate autonomous navigation via floor plans on a legged robot.

Chapter 6 concludes this dissertation with a summary, and directions for future work.
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2 Background

In this chapter, we discuss some of the important building blocks relevant to our re-

search presented in later chapters. This consists of a brief introduction to legged robotics,

followed by Reinforcement Learning (RL), legged locomotion control, and state estimation

for learning-based legged locomotion approaches. Next, we introduce Reward Machines.

Finally, we discuss robotic guide dog systems.

2.1 Legged Robots

The advancement of legged robots is essential for achieving a comprehensive spectrum

of autonomous capabilities. Compared to wheeled robots, legged robots have a unique

advantage in traversing complex and uneven terrain. An early example of such a robot is

BigDog [16], which was developed by Boston Dynamics to efficiently transport payloads

over challenging terrains. Since then, there has been significant advancements in legged

robot hardware and control, resulting in impressive behaviors [17] and more affordable

legged robot platforms [18].

There exists many different areas of study in legged robotics. Significant efforts in pro-

ducing stable locomotion gaits in challenging terrain has resulted in model-based and data-

driven approaches, both of which are further discussed below. Some researchers leverage

7



perception capabilities via vision and lidar to more effectively interact with the environ-

ment. Machine learning methods are a crucial part of much of the legged robotics research,

including sample-efficient reinforcement learning methods, lightweight vision models, and

common-sense reasoning from large language models to name a few. Aside from this, ad-

vancements in physics simulation, sensor accuracy, and other hardware improvements are

key areas of research in legged robot systems.

2.2 Reinforcement Learning

Reinforcement Learning (RL) refers to a machine learning paradigm in which a model

is trained in an environment via trial and error experiences. This model, commonly referred

to as a policy or agent, is trained for the purpose of completing tasks involving sequential

decision making. Different from planning algorithms, RL agents do not have knowledge

of the world dynamics, and must directly learn which actions to take based on observation

and reward signal.

Formally, RL agents are trained over a Markov Decision Process (MDP), which is de-

fined as a tuple (S,A,T,R,γ). S refers to the state space, which represents all relevant

information about the environment. A refers to the action space, which defines the set of

actions the agent can take. T : S×A×S → [0,1] is the transition function which outputs the

probability of reaching state s′ given state s and action a, R : S×A× S → R is the reward

received by taking action a from state s and ending up in state s′, and γ is the discount fac-

tor which determines how valuable future reward should be considered in comparison to

immediate reward. The goal in RL is to learn a policy π : S → A which selects actions that

maximizes expected future discounted reward, given a state. Note that the Markov property
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holds in an MDP, meaning the next state and reward depends only on the current state and

action. Thus, optimal actions are determined only from the current state, and knowledge of

state histories is not necessary.

Various RL algorithms have been developed to learn policies through trial-and-error

experiences. RL algorithms fall under two categories: policy gradient methods and value-

based methods. Both methods encourage selecting actions which maximize expected dis-

counted future reward. Value-based approaches tries to learn the optimal value function

that satisfies the Bellman Optimality Equation:

V ∗(s) = max
a

(
R(s,a)+ γ ∑

s′
P(s′|s,a) ·V ∗(s′)

)

In order strike a balance between taking actions that we know lead to reward, and

explore new actions, exploration strategies such as ε-greedy are used. ε-greedy will take a

random action during training with probability ε . Common value-based approaches include

Q-learning [19] or DQN [20].

Policy gradient approaches directly learn parameters of a policy which maximize the

expected discounted cumulative reward:

J(θ) = Eτ∼πθ

[
T

∑
t=0

γ
tRt

]

The gradient of J(θ) w.r.t to the parameters can then be derived:

∇J(θ) = Eτ∼πθ

[
T

∑
t=0

∇θ logπθ (at |st) ·A(st ,at)

]
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After a set of trajectories are collected from running the policy in the environment, the

gradients are estimated and parameters are updated via gradient ascent. Common policy-

gradient approaches include REINFORCE [21], or more recently TRPO [22] and PPO [23].

RL algorithms can be classified as either on-policy or off-policy. On-policy algorithms

perform policy updates based on data generated from the current policy, while off-policy

algorithms can update the policy from data not produced by the current iteration of the

policy. Off-policy approaches typically use a replay buffer to store experiences from past

policies, and perform updates based on random batches from the replay buffer.

2.3 Legged Locomotion Control

Approaches for developing legged locomotion controllers fall under two categories:

model-based approaches or data-driven approaches. We introduce both methods in this

section.

2.3.1 Model-based approaches for Legged Locomotion

Model Predictive Control (MPC) [24] is a common approach used to determine con-

trol signals while satisfying a set of constraints. Systems using MPC need the following

components:

• Dynamics model which can predict the next state, given the current state and control

signal.

• Cost function which assigns a cost to trajectories.

• Set of constraints for the state space and control signals.
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MPC systems will use numerical optimization methods to predict trajectories of states

and control signals which minimize cost while satisfying the given constraints. In order to

alleviate compounding errors due to an inaccurate dynamics model, MPC systems predict

trajectories over a limited horizon. After each control step is taken, a new trajectory is

predicted based on the updated state. Note that there is a trade-off in selecting the desired

trajectory length to predict. Short trajectories can be computed quickly, but can also lead

to sub-optimal, or even infeasible trajectories which violate the given constraints. Longer

trajectories lead to more optimal behaviors, but require more compute.

MPC is a common approach used for control of legged robot systems [1, 2, 25]. Ex-

isting systems have demonstrated stable locomotion in a variety of environments. Despite

its success in legged robot control, significant efforts must be taken in order to achieve

desired behaviors. Such efforts include accurate dynamics modeling, cost function design,

constraint selection, and parameter selection such as prediction time horizon. MPC-based

approaches are particularly challenging to implement for locomotion in extreme environ-

ments such as steep slopes or rocky terrains, where it is difficult to explicitly model the

dynamics.

2.3.2 Data-Driven approaches for Legged Locomotion

The application of RL for legged locomotion has been a topic of interest since the early

2000s [3]. The idea is to learn locomotion controllers from many trial and error experiences

in a physics simulator [26, 27] or directly on hardware [3, 28]. This has the advantage of

learning desired locomotion behaviors without the need of dynamics models, which are

necessary for the MPC-based approaches described above [1, 2, 25].
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Imitation learning is another data-driven approach leveraged for locomotion learning [5,

28]. This involves capturing motion data from real dogs or artist generated motions, and

training a policy which learns to imitate the given motions. The reward function is designed

to reward motions similar to the given reference. While effective in providing a dense

reward signal, the policy has less room for exploratory actions which deviate from the

provided references.

In recent years, learning legged locomotion policies from simulation has seen much

success [29, 4, 5, 30, 31, 6, 32, 7, 8, 9, 33, 34, 10], in part due to advancements in GPUs

and sample-efficient RL algorithms [23, 35]. Training in simulation can be beneficial when

compared to training directly on hardware, because it allows the policy to quickly explore

millions of actions encompassing the full range of robot motion. Meanwhile, training on

hardware takes longer to collect samples, requires an episode reset mechanism, and can

lead to dangerous actions which can damage the robot.

Legged locomotion training environments generally share common features. In order

for the policy to access relevant information for locomotion, the state space typically in-

cludes joint angles and joint velocities. The action space of nearly all learning-based legged

locomotion controllers (with one notable exception [36]) consists of target joint angles.

While reward functions across works vary based on the desired behavior, they typically

follow a form similar to the following:

R = exp(−∥vc −v∥)− τ · q̇

In this reward function, v and vc corresponds to base velocity and commanded base
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velocity, while τ and q̇ correspond to motor torques and joint velocities. The first term

encourages the robot to follow the velocity command, while the second term encourages

minimizing energy consumption.

Achieving the target joint angles output by the policy is non-trivial. In order to get the

joints to move, it’s necessary to send control signals to the motors in the form of torque

commands. Proportional-Derivative (PD) control is used to convert target joint angles to

motor torques:

τ = Kp(q∗−q)+Kd · q̇

where Kp and Kd are the proportional and derivative gains, q∗ are the desired joint

angles, and q are the current joint angles. The first term minimizes the absolute error

between target and current joint angles, while the second term ensures the error changes

smoothly to avoid overshooting the target. Torque commands are commonly sent at a

higher frequency than the policy is queried. Thus, per each assignment of target joint

angles, multiple control signals are sent to the motors.

Policies that are trained in simulation are challenging to deploy on hardware, due to the

differences in the simulation environment and the real world, known as the sim-to-real gap.

Closing the sim-to-real gap is commonly addressed through domain and dynamics ran-

domization [37, 38, 8], adaptation modules [6, 39], or teacher-student training setups [31,

9, 33]. In our research, we use domain randomization to close the sim-to-real gap, which

expands the range of environments we train on through varying environment variables such

as friction or external forces. We additionally add noise to the state during training, to sim-
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ulate sensor noise. We find this sufficient in aligning the simulation environment and real

world for our research.

2.4 State Estimation for Learning-Based Legged Locomotion

In order to deploy locomotion policies on hardware, it is necessary to accurately esti-

mate the state of the robot. As mentioned above, the state space commonly includes joint

angles and joint velocities. These quantities can be directly estimated from sensors on the

robot. Unfortunately, it’s not the case that every component of the state space can be di-

rectly estimated via sensors on hardware. For example, base linear and angular velocity are

commonly used components of the state space, as they are typically relevant components

of the reward function. There is no sensor on the robot that can directly estimate such vari-

ables. Thus, some approaches have used motion capture systems or forward kinematics [5]

to estimate these quantities.

Although such estimates have been successfully integrated with locomotion controllers,

they oftentimes require extensive equipment and manual effort, or have large errors. If a

new variable needs to be estimated (e.g. foot height), then a potentially new estimation

technique must be implemented for this new variable. To mitigate the above mentioned

issues, a learned state estimator has been used with much success [7, 40]. Under this

paradigm, a state estimator is learned via supervised learning, concurrently with the policy.

The simulation environment has ground-truth knowledge of the variables of interest, which

are used as labels to train the state estimator, which uses the remainder of the state as input

to predict such variables. When deployed on hardware, the robot inputs sensor readings

into the state estimator, which predicts the other components of the state.
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In our research, we use a learned state estimator to estimate base velocity, foot heights,

and external forces. More details are provided in later chapters.

2.5 Reward Machines

A Reward Machine (RM) is typically used in settings where there is a set of “milestone”

sub-goals to achieve in order to complete some larger task. Reward functions which do not

encode these subgoals are oftentimes too sparse, while reward functions which explicitly

reward sub-goal completion can be non-Markovian. An RM allows for specification of

these sub-goals through an automaton, which can be leveraged to construct an MDP. Thus,

through an RM, the reward function can give positive feedback for completing sub-goals,

while also defining an MDP with a Markovian reward function.

Formally, an RM is defined as the tuple (U,u0,F,δu,δr) [41], where U is the set of

automaton states, u0 is the start state, F is the set of accepting states, δu : U ×2P →U ∪F

is the automaton transition function, while δr : U × 2P → [S×A× S → R] is the reward

function associated with each automaton transition. This RM definition assumes the exis-

tence of set P, which contains propositional symbols that refer to high-level events from the

environment that the agent can detect. A labelling function L : S×A×S → 2P determines

the truth values of each symbol in P at each environment step. Then, the agent evaluates

which automaton state transition to take via δu, and receives reward via δr.

An example referenced in the RM journal paper [15] presents a grid-world which con-

tains a set of propositional symbols including “coffee”, “mail”, “office”, and “decorations”.

The goal of the agent is to deliver the coffee and mail to the office, while avoiding the deco-

rations. A sparse reward is received when the task is complete, otherwise there is no reward.
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This reward function is non-Markovian when the agent only has knowledge of its location

within the grid. A five state RM encourages the agent to select the coffee and mail in any

order, followed by going to the office. The Cartesian product of the environment state and

RM state (agents grid cell, and current automata state) makes the problem Markovian, and

facilitates efficient learning of the task. Improved sample-efficiency is possible in some

settings through CRM and HRM algorithms [15] which leverage counterfactual experience

and the options framework respectively.

In Chapter 3, we leverage RMs in order to easily specify and learn diverse quadruped

locomotion gaits.

2.6 Robotic Guide Dog Systems

Worldwide, it is estimated that there are 43.4 million people who are blind or visually

impaired as of 2020 [42]. This inspired different forms of navigational aids which have

been used to help visually impaired people perform different navigation tasks. Such aids

include a smart cane with a camera and haptic feedback [43], mobile devices worn on a

belt [44], and an augmented reality system [45]. Guide dogs are another type of naviga-

tional aid which has been effective at increasing the independence, confidence, compan-

ionship, and mobility of visually impaired people [46].

Although the above mentioned aids are useful in different aspects of guided naviga-

tion, they suffer from several limitations. Canes require the visually impaired person to

actively sense the environment by physically moving the cane, which might not facilitate

fluid navigation in crowded or unfamiliar environments. Mobile devices and augmented

reality systems lack the ability to guide a person via physical forces from the environment,
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and rely solely on audio and haptic feedback. Meanwhile, real guide dogs are expensive

to train [47] with a low training success rate, and require substantial effort to take care of

(such as daily walks). Guide dogs additionally have fundamental limitations in language

and perception capabilities.

Robotic guide dogs have the potential to address the above mentioned issues with exist-

ing navigational aids. Such devices can physically traverse the environment alongside the

human, even in the presence of steep slopes, stairs, or sudden drop-offs. The robot can be

equipped with cameras, Lidar, microphones, and other sensors which can enable smooth

obstacle avoidance, scene understanding, and bi-directional communication. Compared to

real guide dogs, a robot guide dog is easier to maintain, and can be purchased without the

need for a long and expensive training process.

To this end, research has been conducted in developing robotic guide dog systems,

which perform human-robot co-navigation tasks where a human holds a taut leash or rigid

connection to the quadruped robot. Some of these systems only support unidirectional

robot-to-human communication via the forces the human feels from the leash [48, 49, 50].

The robot avoids nearby local obstacles, and navigates to a pre-determined goal location,

while the human follows the robot based on leash forces. Other robotic guide dog sys-

tems allow for bidirectional human-robot communication, such that the human can indi-

cate desired navigation directions via buttons [51] or predefined voice commands [52, 53].

Although these systems have demonstrated successful guided navigation with blindfolded

participants, several advancements are needed to make this technology feasible for the

public. In Chapter 4, we develop a robotic guide dog system which supports human-robot

communication through a tugging interface.
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In this chapter, we present background information relevant to our research presented

in later chapters. This consists of topics including legged robotics, RL, legged locomotion

control, state estimation for learning-based legged locomotion, RMs, and robotic guide dog

systems. In the next chapter, we discuss rule-based locomotion gait design with RMs.
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3 Learning Quadruped Locomotion Policies Using

Logical Rules

3.1 Introduction

Legged animals are capable of performing a variety of locomotion gaits, in order to

move efficiently and robustly at different speeds and environments [54]. The same can be

said of legged robots, where different locomotion gaits have been shown to minimize en-

ergy consumption at different speeds and environments [32, 55, 56]. Still, leveraging the

full diversity of possible locomotion gaits has not been thoroughly explored. A larger vari-

ety of gaits can potentially expand a quadruped’s locomotion skills or even enable travers-

ing terrains that are not possible before. Unfortunately, learning specific quadruped lo-

comotion gaits is a challenging problem. To accomplish this, it is necessary to design a

reward function which can express the desired behavior. Commonly used reward functions

for quadruped locomotion encourage maximizing velocity command tracking, while min-

imizing energy consumption [4, 6]. While training over these types of reward functions

oftentimes yields high quality locomotion policies, they do not specify any particular gait.

In order to incentivize the agent to learn a specific gait, the reward function must be

encoded with such gait-specific knowledge. It is possible to design a naive reward function

which explicitly encourages specific sequences of milestone foot contacts, which we refer
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Trot Bound

Pace

Walk

Three-One Half-Bound

Figure 3.1: Snapshots of important poses of each of the six gaits learned with six different
RMs. Specifying and learning the gaits require defining an automaton with no more than
five automaton states (only two for half of the gaits). Red circles are around feet making
contact with the ground.
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to as poses. Unfortunately, this breaks the Markov property, because historical knowledge

of previous poses within the gait is necessary to know which pose should be reached next

in order to adhere to the specified gait. Quadruped locomotion controllers are commonly

run at 50 Hz or more [6, 9], which generates a long history of states between each pose of

a gait. Thus, naively satisfying the Markov property would require including all of these

historical states in the state space, and would make the learning process more challenging

as the policy would need to figure out which portion of this history is relevant.

Some researchers have taken advantage of motion priors in order to encode gait-specific

knowledge in a reward function. One popular method for encoding such knowledge in a

reward function is to maximize the similarity between the robot’s motion and a reference

trajectory [5, 28]. While this approach has been successfully demonstrated on real robots, it

requires significant manual effort to obtain reference trajectories, and constrains the robot’s

motion to the given trajectory.

In this chapter, we alleviate the above mentioned problem of gait specification by lever-

aging Reward Machines (RMs) [15], which specify reward functions through deterministic

finite automatons. RMs have been applied to various domains for guiding RL agents [57,

58, 59, 60]. In this chapter, RM serves as high-level specifications of gaits for low-level

locomotion policy learning. The RM transition function is defined through propositional

logic formulas, which in our case specify foot contacts. Thus, changing the automaton state

corresponds to reaching the next pose within the gait. The reward function is Markovian

when considering the low-level state (robot sensor information), along with the current

automaton state, because the automaton state encodes the relevant gait-level information

needed to determine the next pose. This approach enables us to easily specify and learn
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diverse gaits via logical rules, without the use of motion priors.

We refer to our approach as RM-based Locomotion Learning (RMLL), and train poli-

cies for six different gaits in simulation without the use of reference trajectories. Each

policy is trained over a range of gait frequencies, which we can dynamically adjust dur-

ing deployment. The reward function of each gait is defined through an automaton over

desired foot contacts. We conduct an ablation study to evaluate the sample efficiency of

RMLL in training the six different gaits, measure energy consumption and stability of each

gait in different terrains, and deploy all gaits on a real Unitree A1 quadruped robot (see

Figure 3.1). We compare RMLL to three baselines, each of which is designed to evaluate

whether knowledge of the automaton state during training is actually beneficial in terms of

sample efficiency. Results show that RMLL improves sample efficiency over its ablations

for all gaits, more substantially for more complex gaits.

3.2 Related Work

In this section, we discuss prior work on RMs (beyond their introduction in Chapter

2), and legged locomotion via Reinforcement Learning (RL). We then focus on existing

methods of gait specification and learning for legged locomotion, with and without motion

priors.

3.2.1 Reward Machine

Since the introduction of Reward Machines (RMs) [41], there have been various new

research directions such as learning the RM structure [57], RM for partially observable

environments [61], multi-agent intention scheduling [62], and probabilistic RMs [60] to
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name a few. While these works primarily focused on RM algorithmic improvements and

theoretical analysis, their applications did not go beyond toy domains. RMs have also

been used for simulated robotic arm pick-and-place tasks, which learn RM structures from

demonstrations [59]. However, their approach was not implemented or evaluated in real-

world robotic continuous control problems with high-dimensional action spaces. A recent

journal article formally described the RM framework as well as a few algorithms for RM-

based reinforcement learning [15]. We use RMs for robot locomotion learning in this

chapter.

3.2.2 RL-based Locomotion Learning

There are numerous works on applications of RL for quadruped robot locomotion pol-

icy learning [4, 6, 28, 8, 9, 10]. Approaches of this type often lead to robust locomotion

gaits, some of which can transfer to real robots. However, the above mentioned approaches

generally focus on learning robust locomotion policies, and do not support the specification

of particular gaits. Other works that support diverse locomotion gaits are described next.

3.2.3 Diverse Locomotion Gaits

With Motion Priors: Various works have learned diverse locomotion gaits for quadruped

robots with the use of motion priors. For example, trajectory generators [29] and motion

references [28, 5] have been leveraged for learning specified gaits. Obtaining these pri-

ors require extensive human (and sometimes even animal) effort, and restricts the robot

to following the specified trajectory with little variation. While motion references can be

generated, it requires highly tuned foot trajectory polynomials and phase generation func-
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tions [63]. Our approach does not require such motion priors and can easily specify differ-

ent gaits via a few logical rules. Our policies also have freedom to explore variations of the

specified gait on its own and is not restricted by a predefined trajectory.

MPC-based: Various MPC-based approaches have successfully demonstrated diverse lo-

comotion gaits without the use of motion priors [1, 2]. However, these methods require

accurate dynamics models, and significant manual tuning for each gait.

Emergent Gaits: Different gaits can naturally emerge through minimizing energy [32],

or selected from a high-level policy which selects foot contact configurations or contact

schedules [55, 56]. More generally, diverse exploration strategies have been shown to

improve policy performance and encourage learning different behaviors [64]. While these

approaches lead to diverse locomotion gaits and behaviors, it does not provide the ability

to learn any arbitrary gait or gait frequency specified beforehand.

Most Similar to ours: There are recent works that aim to learn locomotion gaits based

on high-level gait descriptions – RMLL (ours) shares the same spirit. LLMs have been

leveraged to specify and perform diverse locomotion behaviors [65, 66]. While the work

of Tang et al. is useful in converting natural language to low-level control on hardware, they

require extensive prompt engineering, and additional manual effort in defining a random

pattern generator for each desired gait. Thus, this approach has only been demonstrated

on two-beat gaits, and can be less effective to uncommon gaits, while our RMLL approach

supports specifying and learning the two novel gaits of Three-One and Half-Bound. Other

similar works involve specifying and learning diverse locomotion gaits through explicitly
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defining swing and stance phases per leg [30, 34]. The former approach is designed for a

bipedal robot, while the later only supports two-beat quadruped gaits. In contrast, RMLL

only needs foot contact sequences (instead of leg-specific timings), and can specify and

learn arbitrary quadrupedal gaits well beyond the set of two-beat gaits.

The main contribution of this research is a novel paradigm for gait specification. We

focus on demonstrating the complete pipeline of this new paradigm using a real robot.

This research paves the way for future research, e.g., on improving the efficiency of policy

learning, developing novel gaits for quadrupedal robots, intelligently transitioning between

gaits, and facilitating human-quadruped co-navigation e.g., for robotic guide dogs for the

visually impaired [67].

3.3 RM-based Locomotion Learning

We present our RM-based reinforcement learning approach for learning quadruped lo-

comotion policies below. Figure 3.2 presents an overview of how we use RMs to specify a

diverse set of quadruped locomotion gaits and facilitate efficient policy learning.

3.3.1 Reward Machines: Concepts and Terminologies

As defined in chapter 2. RMs are formally defined as the tuple (U,u0,F,δu,δr) [41],

where U is the set of automaton states, u0 is the start state, F is the set of accepting states,

δu : U ×2P →U ∪F is the automaton transition function, while δr : U ×2P → [S×A×S →

R] is the reward function associated with each automaton transition. This RM definition

assumes the existence of set P, which contains propositional symbols that refer to high-level

events from the environment that the agent can detect. A labelling function L : S×A×S →
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Figure 3.2: Overview of RM-based Locomotion Learning (RMLL). We consider proposi-
tional statements specifying foot contacts. We then construct an automaton via proposi-
tional logic formulas for each locomotion gait (left side). To train gait-specific locomotion
policies, we use observations which contain information from the RM, proprioception, ve-
locity and gait frequency commands, and variables from a state estimator (right side).

2P determines the truth values of each symbol in P at each environment step. Then, the

agent evaluates which automaton state transition to take via δu, and receives reward via δr.

Reward machines are defined alongside state space S, which describe the low-level

observations the agent receives after each step in the environment. In order to construct

an MDP from the non-Markovian reward defined by the RM, the agent considers its own

observations from S, along with its current RM state from U . Training over state space

S×U no longer violates the Markov property, because knowledge of the current RM state

indicates which sub-goal was previously completed. The inclusion of this subsection is

simply for completeness. More details are available in the RM article [15].
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3.3.2 RM for Quadruped Locomotion

We use RMs to specify the sequence of foot contacts expected of the gait. In our do-

main, we consider P = {PFL,PFR,PBL,PBR}, where p ∈ P is a Boolean variable. These

indicate whether the front-left (FL), front-right (FR), back-left (BL), and back-right (BR)

feet are making contact with the ground. Labelling function L evaluates whether a foot

makes contact with the ground via the foot force sensors on the robot. Automaton states in

U correspond to different poses in the gait, where u0 corresponds to the last pose. Mean-

while, δu changes the automaton state when the next pose in the gait is reached. We define

δr as:

δr(ut ,a) =


Rwalk(s)∗b δu(ut ,a) ̸= ut

Rwalk(s) otherwise

where Rwalk encourages maximizing velocity command tracking while minimizing energy

consumption [8], and is fully defined in Table 4.1. Reward function δr encourages taking

RM transitions which correspond to the specified gait, because Rwalk is scaled by bonus b

when such transitions occur. We leave F empty for all gaits, as quadruped locomotion is

an infinite-horizon task.

We define our state space S = (u,φ ,q, q̇,at−1,cx,cω ,c f , v̂, f̂), where u is the current RM

state, φ is the number of time steps which occurred since the previous RM state changed, q

and q̇ are the 12 joint angles and joint velocities respectively, at−1 is the previous action, cx

and cω are base linear and angular velocity commands respectively, c f is the gait frequency

command, and v̂, f̂ is estimated base velocity and foot heights. The RM state is encoded as
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Term Description Definition Scale
Linear Velocity x exp(−∥cx −vx∥2/0.25) 1.0
Linear Velocity z vz

2 −2.0
Angular Velocity x,y ∥ωx,y∥2 −0.05
Angular Velocity z exp(−(cω −ωz)

2/0.25) 0.5
Joint Torques ∥τ∥2 −0.0002

Joint Accelerations ∥(q̇last − q̇)/dt∥2 −2.5e−7
Feet Air Time ∑

4
f=1(tair,f −0.5) 1.0

Action Rate ∥alast −a∥2 −0.01

Table 3.1: All terms of Rwalk. v refers to base velocity, c refers to commanded linear and
angular base velocity, ω refers to base angular velocity, τ refers to joint torques, q̇ refers to
joint velocities, tair refers to each foots air time, and a refers to an action.

a one-hot vector, making the dimensions of S ∈ [49,52] based on the number of RM states

defining the gait.

Gait Frequency: Aside from gait specification, we also leverage RMs to specify gait

frequency. Our definition of δr naturally encourages high frequency gaits, because max-

imizing the number of pose transitions maximizes total accumulated reward. Thus, we

introduce gait frequency command c f , which denotes the minimum number of environ-

ment steps which must be taken until the agent is allowed to transition to a new RM state.

When the agent maximizes the number of RM transitions it takes, while being restricted

by c f , then the commanded gait frequency is followed. Adding c f on its own would cause

the reward function to be non-Markovian, because the agent needs to remember how many

environment steps have occurred since the RM state last changed. Thus, we also add tim-

ing variable φ to our observations, which keeps track of how many environment steps have

occurred since the RM state has changed last. At every environment time step, we compare

φ with c f , and do not allow an RM transition to take place if φ < c f . Adding c f and φ to
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start

Figure 3.3: Reward Machine for Trot gait, where we want to synchronize lifting the FL leg
with the BR leg, and the FR leg with the BL leg. Trot is one of the six gaits considered in
this chapter.

the state enables gait frequency to be dynamically adjusted during policy deployment, and

is demonstrated on hardware.

Illustrative Gait: We now discuss specifying a well known quadruped locomotion gait,

Trot, via RM. Figure 3.3 shows the RM associated with this gait. In this Trot automaton,

we want to synchronize lifting the FL leg with the BR leg, and the FR leg with the BL leg.

Propositional logic formula PFL ∧¬PFR ∧¬PBL ∧PBR evaluates to true when only the FR

and BL feet are in the air simultaneously, while ¬PFL ∧PFR ∧PBL ∧¬PBR evaluates to true

when only the FL and BR feet are in the air simultaneously. The two RM states correspond

to which combination of feet were previously in the air. If the agent is in state q1, then

PFL ∧¬PFR ∧¬PBL ∧PBR must have been evaluated as true at some point earlier. Note that

when the agent does not achieve the desired pose, then the agent takes a self-loop to remain

in the current RM state. 1

Remark It is an intuitive idea of training a gait-specific locomotion policy via RM, be-

cause along with low-level sensor information, the policy also has access to the current

1We provide the RMs for all other gaits we trained in Supplementary Materials, which can be downloaded
on the project page https://sites.google.com/view/rm-locomotion-learning/home.
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RM state, which is an abstract representation of the historical foot contacts relevant to the

current pose in the gait. Rather than attempting to learn this from a long history of world

states, the RM state explicitly encodes the previously reached gait pose. Thus, the pol-

icy can learn different gaits in a sample-efficient manner, because at each time step it can

reference the RM state to indicate which pose within the gait to reach next.

3.4 Reward Machines for Other Gaits

In this section, we present the reward machines for the five gaits not already shown:

Bound, Pace, Walk, Three-One, and Half-Bound.

start

Figure 3.4: Bound gait synchronizes front feet and back feet
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Figure 3.5: Pace gait synchronizes left feet and right feet

start

Figure 3.6: Walk gait lifts one foot at a time
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Figure 3.7: Three-One gait alternates three feet with one of the front feet.
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Figure 3.8: Half-Bound gait alternates the front feet with one of the back feet. State qr
discourages extraneous contacts with the wrong back foot, by setting all current and future
reward to 0 when reached.
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3.5 Experiments on Rule-Based Legged Locomotion Gaits

We train six different locomotion gaits via RMLL in simulation, and perform an ab-

lation study to evaluate whether knowledge of the RM state improves sample efficiency

when compared to ablations which do not access the RM state during training. After that,

we compare energy consumption and stability of each gait across different terrains. Finally,

we demonstrate all learned gaits on a Unitree A1 robot.

3.5.1 Training Details

State, Action, Reward We estimate base velocity v̂ and foot heights f̂ concurrently with

the policy, via supervised learning [7]. Note that during training we only consider a foot

in the air if it is higher than 0.03 meters. Actions include the target joint positions of

each joint. These are input to a PD controller which computes the joint torques. The PD

controller has a proportional gain Kp = 20 and derivative gain Kd = 0.5. The policy is

queried at 50 Hz, and control signals are sent at 200 Hz. We set bonus b = 1000 in δr for

all gaits.

Figure 3.9: Isaac Gym simulation environment.
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Environment Details We use the Isaac Gym [27] physics simulator and build upon a

legged locomotion environment [8] to train our policies. We use a terrain called ran-

dom uniform terrain, which includes hilly perturbations on the surface (see Figure 3.9).

The robot traverses more challenging versions of this terrain based on a curriculum which

increases terrain difficulty after the robot learns to traverse flatter versions of the terrain.

Each episode lasts for 20 seconds, and ends early if the robot makes contact with the ground

with anything other than a foot, if joint angle limits are exceeded, or if the base height

goes below 0.25 meters. After each training episode, we sample a new velocity and gait

frequency command for the robot to track. To facilitate sim-to-real transfer, we perform

domain randomization over surface frictions, add external pushes, and add noise to obser-

vations [8].

Model Training We train our policy via PPO [23], with actor and critic architectures

as 3-layer multi-layer perceptrons (MLPs) with hidden layers of size 256, and the same

loss function. Each policy is trained for 100 million time steps (except for Half-Bound),

where parameters are updated every 100,000 time steps. Data is collected from 4096 agents

running simultaneously.

3.5.2 Ablation Study

We run an ablation study to determine whether knowledge of the RM state actually

improves sample efficiency. We design the following baselines which we compare RMLL

against:

1. No-RM: Remove the RM state from the state space, keeping everything else the
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same.

2. No-RM-Foot-Contacts: Remove the RM state from the state space, and add a

boolean vector of foot contacts.

3. No-RM-History: Remove the RM state from the state space, and add a boolean

vector of foot contacts. Expand the state space to include states from the past 12 time

steps.

Comparing against No-RM indicates whether the RM state is useful at all. Compar-

ing against No-RM-Foot-Contacts indicates whether RM state is only useful because it

contains information about foot contacts. Comparing against No-RM-History indicates

whether the information provided by the RM state can be easily learned when given suffi-

cient history.

It should be noted that there are no existing methods supporting the specification and

learning of arbitrary gaits without using motion priors, dynamics models, or significant

manual efforts such as prompt engineering and random pattern generators. Furthermore,

highly customized gaits such as Three-One and Half-Bound are new to the literature, and

to the best of our knowledge, there are no existing methods which support learning such

gaits. Thus, we focus on evaluating how knowledge of the RM state contributes to the

overall performance of RMLL.

We experiment over six different locomotion gaits: Trot, Pace, Bound, Walk, Three-

One, and Half-Bound. Gaits Trot, Bound, Pace, Three-One, and Half-Bound sample

linear and angular velocity commands from [-1, 1] meters per second, and a gait frequency

command from [6, 12] time steps. Meanwhile, Walk samples from [-0.5, 0.5] meters per
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second and [5, 10] respectively. This is because quadruped animals naturally use Walk gait

for slower locomotion speeds.

For each approach (ablation or not), we trained over five different random seeds per

gait. For each training run, we save the policy after every 5 million steps. We then deploy

each of those saved policies for 100 episodes, and average the accumulated reward over

the five runs per approach. We report the resulting reward curves in Figure 3.10, where the

shaded region indicates the standard deviation of the total accumulated reward across the

five training runs.

The results indicate that knowledge of the RM state improves sample efficiency for

all gaits when compared with the ablations. We believe this is the case, because the RM

state can efficiently inform the policy of gait-relevant historical foot contacts, whereas the

ablations either do not have access to historical foot contacts, or must learn the relevant

contacts from a history of world states.

The results also show that No-RM-History does not perform better than the other ab-

lations without history, indicating that it is challenging to learn gait-relevant information

directly from 12 time steps of historical states. We also notice that No-RM performs simi-

larly to No-RM-Foot-Contacts, which indicates No-RM learns to implicitly estimate foot

contacts from the state. Finally, we notice a large performance gap between RMLL and all

other ablations for Half-Bound. We believe this is the case due to the additional complexity

in the RM structure of this gait.
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Figure 3.10: Reward curves for all gaits. RMLL more efficiently accumulates reward for
each gait, particularly for the gaits with more complex foot contact sequences Walk, Three-
One, and Half-Bound.
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Flat Uphill

Downhill Stones

Figure 3.11: Visualization of each terrain we measured energy consumption and stability
on.
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Gait Flat Uphill Uphill (S) Downhill Downhill (S) Stones

Trot
E 2165.04 2628.88 5232.26 2137.38 2606.82 3149.81
S 0.00 1.49 5.51 0.10 6.35 2.30

Bound
E 4657.94 4962.13 5118.81 4091.22 3187.78 5099.17
S 0.00 3.09 5.70 2.77 6.79 2.16

Pace
E 2998.95 3023.70 3489.12 2811.13 2243.44 3493.30
S 0.00 1.65 3.09 0.69 5.02 1.33

Walk
E 4271.82 4828.25 6048.98 3747.29 2828.21 4354.12
S 0.00 0.70 2.73 0.56 4.54 1.28

Three-One
E 3145.81 3573.74 4118.70 3096.75 2509.71 3871.34
S 0.00 1.45 3.22 1.79 5.27 1.89

Half-Bound
E 4873.29 5568.86 5935.81 4399.62 3594.13 5308.95
S 0.00 3.56 7.87 3.18 6.76 3.25

Table 3.2: Comparing average energy consumption per meter (rows labelled as E) and
stability (rows labelled as S) across different gaits and terrains.

3.5.3 Gait Comparisons

In order to further motivate learning different gaits, we compare energy consumption

and stability for each gait across different terrains. We deploy each of our trained policies

in simulation, over four different types of terrains: {Flat, Uphill, Downhill, Stones} (See

Figure 3.11). We also experiment with a version of Uphill and Downhill with steeper

slopes, referred to as Uphill (S) and Downhill (S) respectively. Each policy (five policies

over five random seeds per gait) is run for 20000 seconds per terrain type, and samples a

base velocity command from [0.5, 1.0] meters/second ([0.25, 0.5] meters/second for Walk)

and gait frequency command from the same range used during training. We measure energy

consumption by multiplying motor torques by motor velocities, in the same manner as

related work [32, 34]. Stability is reported as the average number of falls over all random

seeds. We consider the robot to have fallen over when the base touches the ground, and

reset the episode on a fall. Results are reported in Table 3.2. We find that Trot consumes the
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least energy on most terrains, although Pace consumes the least energy on steeper slopes.

Meanwhile, Walk is the most stable on all terrains except for Downhill, where Trot is the

most stable.

3.5.4 Qualitative Results

Foot Contacts In order to better highlight the behavior of each of the six gaits we learned,

we report foot contact plots for each gait. In simulation, we deploy each of our six gaits

at a constant linear velocity, while setting c f = 6 for all gaits. We record the foot contacts

of each gait in Figure 3.12, which shows that each of our gaits follows the expected foot

contact sequence and gait frequency. For example, green and orange bars in Trot are

synchronized, indicating BR/FL feet are coordinated.

Hardware Demonstration We transfer each of our six learned policies from simulation

to a real Unitree A1 robot, without any additional fine-tuning. Each trial is on an outdoor

concrete walkway, where we increase and decrease gait frequency throughout the trial. The

robot is sent velocity commands in real time via a joystick, operated by a human. We find

that RMLL policies from all gaits successfully transfer to hardware, and the intended foot

contact sequence is realized. We also find the robot is capable of dynamically adjusting

gait frequency according to the gait frequency command.
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Figure 3.12: Foot contact plots for each gait learned using RMLL. We report foot contacts
from trials in simulation where we deploy each gait with a constant forward velocity com-
mand, zero angular velocity command, and constant gait frequency command. The colored
horizontal bars indicate when the specified foot makes contact with the ground. The red
highlighted region in each subplot denotes a full cycle of the gait.
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3.6 Discussion

Limitations and Next Steps in Rule-Based Gait Design While the approach discussed

in this chapter can be used to easily specify and learn customized locomotion gaits and

gait frequencies, we have not studied how to optimally leverage these different gaits to ef-

ficiently traverse various terrains, nor have we studied how to smoothly transition between

gaits. In future work, researchers can train a wide variety of gaits, and learn how and

when to transition between gaits and gait frequencies to most quickly or efficiently traverse

different terrains. This can involve a two-stage procedure which trains a high-level pol-

icy to select pre-trained RM policies based on current terrain conditions, or an end-to-end

approach which concurrently trains RM-based locomotion policies and a gait selector. An-

other interesting direction is to specify and dynamically adjust other gait parameters such

as stride length, base height, or foot height. Finally, another avenue for future research is

to investigate extracting descriptions of novel gaits from pre-trained large language mod-

els [66, 65], and to convert the descriptions to formal representations from which RL agents

can learn locomotion policies.

RMLL Summary We leverage reward machines to easily learn and specify different

quadruped locomotion gaits and gait frequencies. This is done via automatons over simple

logical rules which specify desired foot contact sequences. We efficiently train locomotion

policies in simulation which learn these specified gaits over a range of gait frequencies,

without the use of motion priors, dynamics models, or significant manual efforts when

compared to existing work. We demonstrate policies of each of our six gaits on hardware,
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and find that our robot can perform a variety of different gaits, while dynamically adjusting

gait frequency.

In this chapter, we leverage human domain knowledge in the form of logical rules over

foot contact sequences in order to easily specify and learn diverse locomotion behaviors.

In the following chapters, we leverage different forms of human knowledge which we

integrate in legged robot systems.
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4 Robotic Guide Dog Navigation with Force

Responsive Locomotion Control

Before Tug During Tug After Tug

Tug Left

Figure 4.1: Tugs on the robot guide dog are used as navigation cues during blindfolded
navigation.

4.1 Introduction

In the typical guide dog setting, a human holds a rigid handle attached to a harness on a

dog. The dog will safely guide the human around nearby obstacles, while the human can tug

on the dog to indicate which general direction to move in. Thus, the human has some idea

of where they are, and is capable of making high-level navigation decisions, while the dog

can better sense its immediate surroundings for obstacle avoidance and locomotion. Guide
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dogs have been shown to improve the lives of visually impaired people, via increasing

independence, confidence, companionship, and mobility [46]. Unfortunately, guide dogs

need roughly two years of training, and cost over $50,000 USD per dog [68]. Despite

efforts to reduce the production cost of guide dogs [47], their supply is still significantly

lower than demand.

To better meet this demand, and potentially improve performance, robotic guide dog

systems are being developed [48, 49, 50, 51, 69, 52]. There is a growing interest in the

development of systems of this type, which have undergone various human studies in order

to measure the extent to which they are compatible with visually impaired humans, and

their level of societal acceptance [70, 71, 72]. While these robotic guide dog systems

have successfully demonstrated navigation tasks, none of them have considered settings

involving human tugs, which is very common for guide dogs. It’s important for robotic

guide dogs to be robust to human forces, as the human is constantly holding a rigid handle

directly attached to the robot, and large forces can cause the robot to stray from the optimal

path, or even fall over. Furthermore, a typical method of communication between a human

and a real guide dog is through tugs. This makes force estimation useful for a robotic guide

dog, as knowledge of the direction and magnitude of the applied force can be used to better

facilitate navigation according to the human’s intentions (see Figure 4.1).

To address the above mentioned issues in human-robot communication, we develop a

novel robotic guide dog system which is robust to external forces, and estimates the magni-

tude and direction of these forces to determine which navigation actions to take for human-

robot co-navigation. We achieve this by simultaneously training a locomotion controller

via RL, and a force estimator via supervised learning. Our locomotion policy is trained
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over simulated tugs by sampling different base velocities which are suddenly applied to

the robot [8]. These tugs serve as labels for training our force estimator, and are estimated

during deployment.

While the controller is running on a real robot, the force estimator estimates the di-

rection and magnitude of force the human applies. These force estimates are computed

exclusively from sensors onboard the robot (joint encoders and IMU). From force esti-

mates, the robot detects when and in what direction the human tugs occur. This informs the

robot which direction to go at a global level, while a local planner using information from

a LIDAR sensor is used to navigate the immediate environment. Different from existing

robotic guide dog systems that require major hardware upgrades, e.g., customized traction

device [50], or button interface [51], our robotic guide dog system needs is compatible with

any attachable leash or handle.

Our main contributions include the following:

1. The first robotic guide dog system which takes directional cues via human tugs, while

also safely navigating the immediate environment.

2. A force tolerant locomotion controller, jointly trained with a force estimator which

can estimate the magnitude and direction of human forces.

3. Experimental results in simulation and on hardware to evaluate the robustness of our

locomotion controller and accuracy of our force estimator.

4. Demonstration of our robotic guide dog system in an indoor environment with a

blindfolded human.
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4.2 Related Work

Various robotic guide dog systems have been demonstrated for the task of blindfolded

navigation. Among these works, one of them considers an MPC-based motion planner for

a wheeled robot [48]. Another considers an optimization based approach for path planning,

which models a taut or slack leash [49]. A third system designs an adjustable leash, and

optimizes for human comfort during navigation [50]. These works all stray from real-

world guide dog settings, in part because they assume the robot has full knowledge of

the destination beforehand, and that the human does not need to communicate with the

robot during navigation. In real-world settings, the human must decide on which high-

level navigation actions to take, and communicate these actions to the robot.

More similar to our work, other approaches consider settings where the human com-

municates high-level directions to the robot during navigation [51, 69, 52]. However, the

medium of communication in these works are either a custom designed handle with but-

tons [51], predefined directional actions prior to navigation [69], or verbal commands [52].

In our work, the human communicates directional cues via tugging, and is compatible with

any rigid connection to the robot. Additionally, none of these works consider human forces

being applied to the robot, making their systems unresponsive or susceptible to failure upon

navigation under human forces.

Numerous quadruped locomotion controllers have been developed, many of which are

robust to external forces [3, 1, 4, 6, 36, 73, 34, 9, 8, 33, 10, 74]. These works do not

explicitly estimate the applied forces, as the focus of these works is to develop controllers

that are generally robust to varying environments. In our work, we explicitly estimate forces
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Figure 4.2: Overview of our approach. Our locomotion controller (circled in red) contains
a velocity estimator, force estimator, and locomotion policy, all of which are trained in
simulation. The base velocity estimator and force estimator are trained via supervised
learning, using privileged information from the simulator as labels. The locomotion policy
is trained via RL, and outputs target joint angles to a PD controller which converts them to
joint torques which are directly applied to the robot. During deployment, our locomotion
controller estimates external force at each time step. Force direction is derived from peaks
in the estimated force signal. The direction of force determines the next local navigation
goal for our navigation system to take, which returns velocity commands to our controller.

to the robot generated by human tugs, in order to communicate the human’s navigation

intentions with the robot.

4.3 Robotic Guide Dog System

In this section, we present our robotic guide dog system that is robust and responsive

to external forces from human tugs. Figure. 5.2 presents an overview of how we train our

locomotion controller, and deploy for guided navigation.

4.3.1 Locomotion Controller

We train our locomotion controller via RL, which models environments as a Markov

Decision Process (MDP). An MDP is defined as M = (S,A,T,R,γ), where S is the set of
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Table 4.1: All terms of the reward function our locomotion policy is trained on. v refers
to base velocity, c refers to commanded linear and angular base velocity, ω refers to base
angular velocity, τ refers to joint torques, q̇ refers to joint velocities, tair refers to each foots
air time, a refers to an action, and dt refers to the simulation time step.

Term Description Definition Scale
Linear Velocity x,y exp(−∥cx,y −vx,y∥2/0.25) 1.0dt
Linear Velocity z v2

z −2.0dt
Angular Velocity x,y ∥ωx,y∥2 −0.05dt
Angular Velocity z exp(−(cω −ωz)

2/0.25) 0.5dt
Joint Torques ∥τ∥2 −0.0002dt

Joint Accelerations ∥(q̇last − q̇)/dt∥2 −2.5e−7dt
Feet Air Time ∑

4
f=1(tair,f −0.5) 1.0dt

Action Rate ∥alast −a∥2 −0.01dt

states, A is the set of actions, T : S×A×S → [0,1] is the transition function which outputs

the probability of reaching state s′ given state s and action a, R : S×A×S →R is the reward

function which returns feedback from taking action a from state s and ending up in state s′,

and γ ∈ [0,1] is the discount factor which determines how valuable future reward should be

considered in comparison to immediate reward.

We define a robot state at time t as xt = (c, v̇,q, q̇,at−1), where c = (cx,cy,cω) is the

commanded base linear and angular velocity, v̇ is the base acceleration, q and q̇ are the joint

angles and velocities respectively, and at−1 is the action taken at time t − 1. Actions are

target joint angles, which are converted to torques via a PD controller. The reward function

encourages tracking commands c while minimizing energy consumption and large action

changes [8] – fully defined in Table 4.1.

Our locomotion policy also takes the base velocity and external force vector as input,

to more easily learn to track commands c and respond to external forces. These variables

are not easily estimated through robot sensors. Thus, we train state estimators via super-

vised learning over privileged information, which has been shown to be more effective than

50



classical methods, e.g., Kalman Filters [7]. It is a common setting to learn with privileged

information in simulation, and insert a corresponding state estimator in real-world deploy-

ment. In line with those systems, we train a velocity estimator and force estimator for the

real robot to bridge the sim-to-real gap in locomotion policy learning. These estimators

are trained jointly with the locomotion policy, where v = (vx,vy,vz) is ground truth base

velocity, and F = (Fx,Fy,Fz) is ground truth external force, both obtained as privileged

information from the simulator.

Two variations of forces are applied to the robot during training. One variation is small

and frequent backward pushes, which are designed to simulate a human following the robot

with a taut leash, where a human incidentally applies frequent small backward forces on the

robot as they are being guided. The other variation is larger, less frequent pushes occurring

in any direction. These pushes are designed to simulate human directional tugs, in which

the human intentionally tugs the robot to communicate the direction they want to move

in. The force estimator is only trained on data from the second variation of tugs, as we do

not want to detect the small, incidental backward tugs which naturally occur during guided

navigation.

The base velocity estimator is a multilayer perceptron (MLP), whose parameters are

updated over the same data as the locomotion policy. To estimate forces, we find it helpful

to access a history of states, to better capture the robot’s behavior over the duration of the

applied force. Thus, similar to training adaptation modules [6], our force estimator uses

1-D convolutional layers to capture temporal relationships between states. Force estimator

parameters are updated less frequently than the base velocity estimator and locomotion

policy, because most time steps do not include external forces. Thus, most of the labels
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for our force estimator includes zero vectors, indicating that no force was applied at those

time steps. This causes imbalanced training data, which we resolve by only training the

force estimator when the training data contains nonzero forces. We then further re-balance

this to ensure at most 20% of the force estimator’s training samples include zero vectors as

labels.

4.3.2 Robotic Guide Dog Navigation

To perform navigation tasks with our robotic guide dog, we need to estimate when and

in what general direction a force is being applied. This is done by running peak detec-

tion [75] on the previous 200 time steps of the estimated force signal Fy, at a rate of 2Hz. In

this work, we only analyze Fy, to determine whether a left or right tug has occurred. A peak

in the signal indicates that the force estimator detected a significant external force applied

to the robot. Thus, if a peak is detected within the past 50 time steps, then we consider it as

a recent tug applied by the human. Positive peaks correspond to left tugs, while negative

peaks correspond to right tugs.

Local navigation goals are then selected based on the robot’s location, orientation, and

tug direction. A domain expert manually labels a map with decision points, where the

human must decide which direction to go in next, based on the direction they came from,

and their tug direction. A labelled map of the hallway domain we demonstrate our system

on can be seen in Figure 4.3.

The local navigation goal is then sent to our navigation system, which uses a LIDAR

sensor to localize itself on the map via AMCL [76], and compute local plans via DWA [77].

The local planner returns velocity commands c to our controller, which our controller

52



Start
End

Navigate 
through narrow 
doorway

Move around 
person

Turn left

Figure 4.3: Map of our navigation environment. Yellow circles correspond to decision
points, where the human needs to decide which direction to move in via tugging. The blue
lines indicate the path the human took in our demonstration.

tracks.

4.4 Implementation Details

We use Isaac Gym [27] physics simulator, and train our controller with 2048 robots

in parallel [8]. Our locomotion policy is trained via PPO [23], while our base velocity

estimator and force estimator are trained via supervised learning, with Mean Squared Error

loss. Our locomotion policy and base velocity estimator are both MLPs with three and

two hidden layers respectively, while our force estimator is a convolutional neural network

with three 1-D convolutional layers, which makes predictions over the past 25 time steps.

The PD controller converts target joint angles to torques with proportional gain set to 20

and derivative gain set to 0.5. The policy is queried at 50Hz, and control signals are sent

at 200Hz. New velocity commands are sampled after each episode, where cx, cy, and cω
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are sampled uniformly from [-1,1]. An episode terminates when any link other than a foot

touches the ground, the base height is below 0.25 meters, or the episode has lasted 20

seconds.

To better facilitate sim-to-real transfer, we train over RANDOM UNIFORM TERRAIN

which increases in difficulty based on a curriculum [8]. We also include noise in observa-

tions, and domain randomization over different surface frictions.

We add random external forces in our environment, to improve robustness of our loco-

motion policy and collect data to train our force estimator. The small and frequent back-

ward pushes occur every 0.6 seconds, have a duration of 0.1 seconds, and sets the base ve-

locity to 0.25 m/s backward. Meanwhile, the large and infrequent pushes used to train the

force estimator occur every 3 seconds, have a duration sampled from [0.24, 0.48] seconds,

and sets the base velocity to a vector sampled from Fx ∈ [−0.75,0.75], Fy ∈ [−0.75,0.75],

and Fz ∈ [0,0.1]. Note that forces from F are implemented as spontaneous updates in base

velocity.

4.5 Experiments on Force Tolerance and Accuracy

We design experiments to evaluate the robustness of our locomotion controller, and ac-

curacy of our force estimator. Although we are able to learn a force estimator in simulation,

we could not directly evaluate it in the real world due to the missing ground-truth values.

Instead, we chose to evaluate tug detection (LEFT, RIGHT, and NONE) on the real robot,

where the participants followed our instructions, and hence ground truth was available. We

then demonstrate our full robotic guide dog system via guiding a blindfolded human.
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4.5.1 Force Tolerance Evaluation

To evaluate whether our learned force controller is actually robust to external forces,

we run experiments in simulation where we apply random forces to the base of the robot.

In each trial, a single force in a random direction is applied, whose duration is sampled

from [0.25, 0.5] seconds, and strength is sampled from [25, 100] Newtons. Meanwhile, the

robot is commanded to walk forward at 0.5 meters/second, for a duration of five seconds.

We run this experiment on three different types of locomotion controllers, for 1000

trials each. The controllers include a commonly used MPC controller [78], a variant of

our learned controller which does not consider estimated force in its state (referred to as

Learned No Est), and our controller described in Section 4.3.1 (referred to as Learned Est).

All controllers are deployed in PyBullet [26].

We measure how frequently the robot fell across all trials (Proportion Fell), and how

far the external force caused the robot to drift from its current trajectory on average (Drift

from Trajectory). We consider a robot to have fell if a non-foot part of the robot touches the

ground. Results are reported in Table 4.2, which indicate that our learned controllers fell

significantly less frequently, and better maintained velocity tracking under external forces

than the MPC controller. Including estimated forces in the state appears to marginally

improve robustness. Note that for our two types of learning-based controllers, we train

over five different random seeds each and average the results.

4.5.2 Force Estimation Evaluation

We evaluate the accuracy of our force estimator through experiments in simulation, and

on hardware.
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Table 4.2: Our learned controllers fell significantly less frequently, and better tracked
velocity commands under external forces when compared to an MPC controller. Including
the output of the force estimator in the state marginally improved robustness. The large
variance in drift is caused by the large range of force strengths and directions we sample
from.

Controller Proportion Fell Drift from Trajectory
MPC 0.5990 1.1256±0.5908

Learned No Est 0.1904 0.6824±0.5447
Learned Est 0.1762 0.6790±0.5309

Simulation

We deploy our learned controllers in PyBullet with a velocity command of 0.5 meter-

s/second, and a single external push per trial, for 1000 trials. Each push has a force whose

x-component is sampled from [-50, 50] Newtons, and a y-component which is at a fixed

magnitude, and random direction (either left or right). There are three possible classes the

force estimator can predict over: {LEFT, RIGHT, NONE}. Each trial includes 150 time

steps and takes 3 seconds. In each trial, the force estimator is queried every 25 time steps,

or six total queries per trial. Thus, in each trial, the force estimator makes a total of six

predictions. A trial is deemed correct if one of the six queries matches the force direction

being applied in the simulator.

In order to evaluate whether force direction can be estimated through only a history of

base velocities, we train a baseline force estimator which only makes force estimates based

on a history of ground-truth base velocity and base velocity commands. We refer to this

baseline as only vel, while our force estimator trained over the full state and described in

Section 4.3.1 is referred to as full state.

In Figure 4.4, we report the accuracy and false positive rates of our force estimators

over varying force strengths. Accuracy is computed by dividing the number of trials in
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Figure 4.4: We report the accuracy and false positive rate of our force estimators, given
forces of varied strength. The shaded region indicates the standard deviation between the
five policies trained over five different random seeds.

which the force estimator predicted the correct force direction at any of the six queries in

the trial, by the number of total trials. Computing accuracy alone in this manner is not

informative enough, because it is possible to achieve high accuracy by predicting LEFT at

one point in the trial, and RIGHT at a different point within the same trial.

Thus, we also consider the false positive rate, which we compute by dividing the num-

ber of extra forces (LEFT or RIGHT predicted when ground truth is NONE) predicted

during the trial, by the number of times the force estimator is queried (every 25 time steps).

A high false positive rate corresponds to the force estimator oftentimes predicting forces

when they do not occur. As force strength increases, our estimators achieve a higher accu-

racy while maintaining a relatively low false positive rate. Results indicate that knowledge

of the full state is significantly beneficial in estimating force direction, when compared to
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Figure 4.5: Measured acceleration (top) and estimated force (bottom) during a single trial.
Tugs are denoted by red boxes.

a force estimator which is only trained over base velocity information.

Hardware

When a human tugs our robotic guide dog with sufficient force, the base of the robot will

momentarily accelerate in the direction of the tug. Thus, one might wonder why we do not

consider accelerometer signals to detect tug direction, rather than train a force estimator.

In this sub-section, we validate the usefulness of our estimated force signals, which we

compare to accelerometer readings.

In this experiment, we command a real Unitree A1 robot to move forward at 0.5m/s,
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while a human participant tugs left after a few seconds of forward locomotion, followed by

a right tug after another few seconds of locomotion. This trial is performed by four human

participants, three of which have no prior experience in operating this tugging interface.

Each participant is a robotics researcher in a university lab. The three participants with no

prior experience with this system were given a demonstration of an example trial, before

completing their own trials. In total, 42 trials were conducted, and data was collected from

40 trials (two trials were removed due to the robot falling over and data not being saved).

Of these 40 trials, each participant performed ten of them.

Forces are detected every 25 timesteps, and can be predicted as one of three classes.

We compute the accuracy and false positive rate for force detectors using the estimated

force signal, compared to force detection using the signal directly from the accelerometer

on the robot. Accuracy is computed as the percentage of trials which contain a LEFT force

prediction before the halfway point of the trial, and a RIGHT force prediction after the

halfway point of the trial. False positive rate is the average percentage of false positive

forces being predicted across all trials. A force prediction is considered as a false positive

if it is either LEFT or RIGHT, and does not correspond to the first expected LEFT force or

later expected RIGHT force.

Results are reported in Table 4.3, where we find the force estimator more accurately

predicted the correct forces, with fewer false positives compared to predictions from raw

accelerometer signals. Both methods of detecting tug direction (accelerometer and force

estimator) perform worse for beginner participants, indicating that adding diverse tugging

styles is important for a more complete evaluation of force estimators.

In Figure 4.5, we plot the raw signals from the accelerometer and force estimator from

59



Table 4.3: Force estimation via accelerometer readings vs force estimator signal.

Participant Type Method Accuracy False Positive Rate

Expert (10 trials)
Accelerometer 0.20 0.2149

Force Estimator 1.00 0.0442

Beginner (30 trials)
Accelerometer 0.13 0.1906

Force Estimator 0.70 0.0498

a single trial. We find the accelerometer signal is more noisy than the estimated force

signal, which we hypothesize is because the force estimator has access to other sensor

information along with accelerometer readings. Note that our force estimator is co-learned

with the locomotion policy. The locomotion policy takes the estimated force as input during

training, and the states generated from the policy are used to train the force estimator. We

believe this co-learning mechanism leverages the additional sensor information to help the

force estimator outperform the tug detection from raw accelerometer readings.

4.6 Hardware Demonstration

We demonstrate our full robotic guide dog system on a Unitree A1 robot, in an indoor

hallway environment (see link in Abstract). Our locomotion policy and force estimator are

deployed on hardware without any additional fine-tuning.

In this demonstration, a human is blindfolded, and holding a taut leash attached to

the robot. The human desires to reach some particular goal location, and chooses the

rout to take by tugging the robot at decision points, while the robot autonomously avoids

obstacles (including boxes, narrow doorways, and another human) along the way. Decision

points occur at intersections in the hallway, where the human needs to decide in which

direction they want to go. Similar to the setting in [51], the blindfolded human is not

familiar with localizing himself without vision, so another sighted human verbally indicates
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when a decision point is approaching.

This demonstration indicates that our locomotion policy and force detector are transfer-

able to hardware, and can cooperate with a local planner to enable blindfolded navigation.

Thus, successful human-robot communication occurred, such that the human avoided all

obstacles while the robot navigated to the desired goal location through detecting human

tugs at decision points.

4.7 Discussion

Limitations and Next Steps in Robotic Guide Dog Development While our robotic

guide dog system can avoid obstacles and select routes at a course level in indoor hallway

environments, real guide dog settings include outdoor environments, and situations with

many possible directions to navigate in. In future work, researchers can leverage methods

to determine which paths are traversable [12], and train force detectors which can estimate

the direction of force at a finer level. Another future direction is to incorporate intelligent

disobedience, which refers to rejecting a human’s navigation decision if unsafe [79]. Ad-

ditionally, The evaluation can be further improved by replacing sighted people with those

with visual impairments in the experiments. Finally, our robot’s locomotion speed is rela-

tively low. It might be the human tugs, the learned locomotion policy, or both causing the

low speed. Further investigation into those factors can potentially lead to very interesting

future research and higher-speed robotic guide dog systems.

Force-Responsive Robotic Guide Dog Summary We train a locomotion controller which

is tolerant to human tugs, and can estimate the direction of external forces. We evaluate
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the robustness of our controller, and accuracy of our force estimator through experiments

in simulation and on hardware. Finally, we demonstrate our controller on a real robot for

the task of blindfolded navigation, where a blindfolded human is successfully guided to a

destination, while giving directional cues through tugging on the robot.

In this chapter, we integrate human common-sense knowledge and global spatial aware-

ness knowledge for collaborative decision making for navigation tasks in human-robot

teams. In the next chapter, we further leverage human spatial knowledge in the form of

floor plan maps for task planning and navigation.
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5 Vision Language Models Can Parse Floor Plan

Maps

5.1 Introduction

A key to mobile robotics is a deep understanding of the geometric configuration of the

world that mobile robots live in. As a result, many mobile robots need some forms of a

map for localization, obstacle avoidance and navigation. To build such maps, the robots

use a predefined data structure, e.g., an occupancy grid [80] or visual features [81], and

then perform simultaneous localization and mapping (SLAM). Human beings have a long

history of building and using maps. These days one can easily read floorplan maps of

airports and shopping centers, and figure out a plan for navigation. By comparison, robots

can hardly reach comparable competency in map reading and task planning. It is a non-

trivial task for the robots due to the many labels in the map, their ambiguous associations

to different areas, and complex geometric configurations. As a result, there is no existing

method for addressing the map parsing problem, i.e., computing a navigation plan given a

map image and a goal text, which motivated this research.

For complex navigation tasks, a robot needs to compute a task plan, i.e., a sequence

of navigation actions, and continuous trajectories for realizing those actions. Example

actions can be entering an area and going through a door. Extensive engineering efforts
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Figure 5.1: Quadruped robot executing a VLM-generated plan (current action highlighted
in red) to complete a navigation task while localizing directly on a floor plan image.

are needed to realize such navigation systems, from building the map itself to labeling areas

of the map. At the same time, professional architectural drafters have generated blueprints

that accurately reflect the geometric configurations, which unfortunately cannot be used by

current robots. From an application perspective, this research aims to leverage the readily

accessible floorplan maps in human environments to fulfill the robots’ need of maps for

navigation.

Vision language models (VLMs) are foundation models that learn from and reason

about both images and texts, supporting a variety of downstream tasks from visual ques-

tion answering to image captioning. VLMs have demonstrated impressive successes in a

variety of applications [82, 83, 84] including those in robotics [85, 86]. We, for the first

time, apply VLMs to the novel task of map parsing and evaluate its performance in nav-

igation, a foundational problem in mobile robotics. Our approach is simple and intuitive.

A floorplan map and a problem description, including the start and goal positions, are pro-

vided to a VLM, and the task is to compute a plan (i.e., an action sequence) to achieve the
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goal. Despite the straightforward idea, the results are surprisingly good. Navigation plans

generated by VLMs which can require a sequence of nine actions are generated correctly

up to 90% of the time on some floorplans.

The main contribution of this research includes the introduction of the map parsing

problem, evaluations of VLMs on this problem, practical suggestions that paves the way

for future research on VLM-based map parsing, and a complete demonstration of real-robot

system.

There are limitations in this research that can be addressed in future work. One is

that we still need to slightly edit the map image, such as thickening walls and removing

architectural annotations, to produce the best performance. Such steps can be automated

in future work. Another is that the robot needs to stand close and forward-facing when

capturing the map image. This can be a challenge to small robots because most floorplan

maps are placed at human heights. In this chapter, we focus on highlighting the remarkable

performance of VLMs on map parsing, and leave those topics to future work.
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Figure 5.2: Overview of our method. A robot takes a raw image of a floor plan, which is
then enhanced with labels and door indicators. The enhanced floor plan, along with a text
prompt specifying the start and goal locations is given to a VLM. The VLM generates a
navigation plan to reach the goal location, and the plan is executed on a mobile robot.

5.2 Related Work

In this section, we discuss existing work in autonomous navigation for mobile robots,

VLM prompting strategies, and integrating large pre-trained models in robotics. We high-

light how our work differs from existing works in each of these categories.

5.2.1 Existing Map Representations and Navigation

Existing works demonstrating autonomous navigation on mobile robots usually require

generating an occupancy grid [87, 88, 89, 67], or leveraging vision-based methods for si-

multaneous localization and mapping (Visual SLAM) [81, 90, 91, 92, 51]. While such map

representations have proven to be effective for autonomous navigation tasks, generating an

accurate map is oftentimes labor-intensive. For instance, in vision-based settings, the robot

has limited knowledge of the global environment, either leading to lengthy exploration, or

navigational commands from a human. In this work, we greatly reduce the effort of gener-
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ating accurate maps while still leveraging detailed information of the environment through

the use of existing, and potentially in situ, floor plans.

5.2.2 VLM Prompting Strategies

The output of a large pre-trained model largely relies on the way it is prompted. Strate-

gies like chain-of-thought [93] and in-context learning [94] are leveraged on LLMs to im-

prove performance. Similar to language prompts, image prompting strategies can improve

VLM outputs. Set-of Mark prompting, which segments and labels objects in an image has

shown to improve VLM responses [95]. In our work, we design a new visual prompting

strategy designed for obtaining a spatial understanding of floor plan images.

5.2.3 Large Models in Robotics

To improve the common-sense reasoning capabilities of robots, large pre-trained LLMs

and VLMs have been integrated in robots for various tasks like housekeeping [96], object

rearangement [97], navigation [98, 99, 100, 101, 102], and quadruped locomotion [65, 66]

to name a few. Alignment of the large model with the environment and robot’s skills is

critical to perform tasks in the real world [103]. Various approaches have demonstrated

planning capabilities [104, 105] and uncertainty estimation [106] of large models. Various

visual prompting strategies designed for different robotic manipulation tasks have also been

developed [85, 86]. In line with recent works that leverage large models to incorporate

common-sense knowledge on robots, we generate feasible navigation plans directly from

an image of a floor plan.
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5.3 Methodology in Floor Plan Parsing

In this section, we present our approach for leveraging Vision-Language Models (VLMs)

to interpret floor plan images and generate navigation instructions. We discuss the two key

aspects of our approach: visual prompting strategy, and VLM-based plan generation.

5.3.1 Visual Prompting Strategy

Our study uses floor plan images that include detailed architectural layouts for vari-

ous building types. To generate accurate plans from a VLM, it’s important to design a

visual prompt which can facilitate learning the structure of the floor plan. Unfortunately,

raw floor plan images tend to contain various markings (i.e. windows, furniture symbols,

non-uniform wall thickness) which can potentially confuse the VLM in understanding the

general layout of the floor plan. Thus, we remove such markings to produce a cleaner map

which can be better leveraged by a VLM.

We find that removing extraneous details from the floor plan is insufficient for the VLM

to understand the map layout. In particular, we find the VLM has limited spatial awareness

for sparsely labelled rooms with lots of open space, and near key decision points like doors

and intersections. To alleviate this, we add duplicate room labels in open spaces and near

doors and intersections. This provides the VLM with further guidance in understanding the

general structure of the floor plan. We later demonstrate the importance of such additional

labels in Section 5.4. In this work, we manually remove extraneous markings and add ad-

ditional room labels for visual prompt construction. We leave automated floor plan editing

as future work.
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Map enhancement with dense labeling: A key finding in this research is the importance

of dense labeling in map enhancement. We apply a methodology in which rooms are la-

beled strategically at decision points (e.g., near doors or intersections). We later show that

such label placement brings a considerable performance boost, which is particularly sig-

nificant in complex environments where navigation paths can involve multiple rooms and

transitions. This process can be automated (though not in this chapter) to make it scalable

for broader applications without manual intervention.

5.3.2 VLM-Based Plan Generation

In our VLM-based framework, as shown in Fig. 5.2, VLMs formulate navigation plans

based on a floor plan image and a text prompt. This method leverages an instruction-

based text prompting strategy, which involves providing the VLM with explicit and detailed

guidelines for the navigation task, along with the floor plan image. We now elaborate on

the prompting strategy and the resulting output format.

The text prompt given to the VLM is shown in Fig. 5.3. The prompt explicitly defines

the starting point and the destination. This allows the VLM to understand the required

navigation path and objectives clearly. It provides detailed instructions on interpreting the

floor plan and managing door interactions. These guidelines include specific protocols for

door operations and decision-making processes.

A key aspect of this prompt is the request for all door and room connections. By

generating this information at the start, we speculate that the VLM integrates it with the

floor plan image to produce an accurate navigation sequence. We believe this step helps the

VLM better understand the spatial relationships in the map, leading to accurate navigation
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I am a robot that cannot go through walls and must use doors to navigate. This 
is the floor plan of the building I am in right now (provided as an image).
You are a navigation agent, and your task is to give me a detailed, efficient 
navigation plan that strictly follows a sequence of actions to achieve the 
navigation task: Begin in <location A> and arrive at <location B>. The only 
doors which exist are represented as yellow rectangles and labeled with  'D(N)' 
distinct positive integers(1,2,3...N). A plan consists of a sequence of the 
following actions:
 
ApproachDoor(x): Move in front of door x.
OpenDoor(x): Open door x.
GoThrough(x): Move through open door x to the location on the other side.

Include only the necessary doors that are part of the path being used, and do 
not mention doors that won't be traversed even if they are in the path.

Explicit Room and Door Descriptions: Alongside the image, make a clear 
list of all rooms and doors with their connections - which is to be used for the 
navigation task.

Remember that the door symbol can overlap with the boundaries or common 
spaces. Remember to only use the generated door room connections for 
making the action plan.  Double-check if each action is necessary and correct 
for traversal to the end goal. Common spaces (eg Hall) and larger rooms may 
have multiple instances of the same labels to help you understand their 
boundaries.

Important: The doors close after every GoThrough(x) action. Carefully 
inspect the floor plan image to ensure the correct correspondence between 
doors and rooms. Prioritize providing a correct path over the shortest path. 
Make sure the path avoids any unnecessary doors or rooms. If any 
unnecessary doors or rooms are included, silently correct the plan before 
providing the final sequence. Give the final path in a json format.

Remember to make explicit connections for each door, then make a step by 
step solution for each navigation step and ONLY use the door-room 
connections to generate the final navigation plan.

Figure 5.3: Text prompt input to VLM to generate navigation plans. We define the starting
and ending locations, action types, and ask for explicit room and door connections to gain
insights as to how the VLM understands the map.
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path planning.

Based on the text prompt and floor plan image, the VLM generates a sequence of actions

required to navigate from the initial to goal location. This sequence includes specific steps,

e.g., approaching, opening, and passing through doors.

The output from the VLM is a detailed sequence of actions formatted as follows:

• ApproachDoor(x): Move in front of door x.

• OpenDoor(x): Open door x.

• GoThrough(x): Move through open door x to the location on the other side.

The final navigation plan is output in JSON format, specifying each action. This structured

format facilitates easy interpretation and execution of the navigation instructions. This plan

is then parsed and executed by the robot.
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Figure 5.4: Three maps used in our experiments for evaluating the performance of VLMs
in map parsing and plan generation.
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Figure 5.5: Example of a doubled map.
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5.4 Experiments in VLM-Based Floor Plan Parsing

In order to evaluate whether the VLM produces accurate navigation plans, we design

and run experiments over a dataset of floor plans. The experiments are designed to measure

the effect of floor plan size, task difficulty, and label density on the VLM’s plan accuracy.

5.4.1 Experimental Setup

Our study uses floor plan images from a publicly available dataset CVC-FP [107],

which includes detailed architectural floor plans for various building types. Three floor

plans were randomly selected from those that contain 9-11 rooms and clear labels. Those

maps are referred to as “original maps” and are shown in Fig. 5.4. Our experiments use

two state-of-the-art VLMs: GPT-4o [108] and Claude-3.5 Sonnet [109].

For each floor plan, we generate five pairs of start and goal locations. To account for

the stochastic nature of VLM responses, we run each VLM ten times per navigation task,

resulting in a total of 50 navigation trials per floor plan. We evaluate performance based

on the correctness of the generated plans. A plan is considered correct if it uses only

those actions defined in the text prompt, includes feasible actions, and leads a sequence of

transitions from the start location to the goal. Example infeasible actions include navigating

to a room that is not connected to the current room and opening a door that belongs to a

distant room.

Our experimental design focuses on three key dimensions:

1. Map Size: We hypothesize that increasing the map size will result in a decrease in

VLM’s map parsing performance. This hypothesis is based on the assumption that
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larger maps introduce greater complexity.

2. Task Difficulty: We hypothesize that when the start and end locations are far away

(based on number of rooms required to traverse), the VLMs will have a low accuracy

in map parsing and plan generation.

3. Label Density: We hypothesize that a densely labelled floor plan map will facilitate

accurate navigation plan generation from VLMs.

Next, we describe our experiment setup for evaluating each of the three hypotheses.

Map Size

To examine the impact of map size on navigation performance, we developed two types

of maps: Original Maps that are enhanced versions of the maps selected from the CVC-FP

dataset, and Doubled Maps that were created by connecting two copies of an original map

through an additional door. Fig. 5.5 presents an example of a doubled map. A door denoted

as D10 is added to establish connectivity, thereby forming the final doubled map.

Task Difficulty

We design two types of navigation tasks to evaluate model performance across two

levels of difficulty. Easy Tasks are the navigation tasks that can be completed by navigating

from Room A to Room B without traversing any intermediate rooms. Hard Tasks are those

that require a robot to navigate through at least two intermediate rooms before the goal can

be achieved. As a result, an optimal solution of hard tasks will involve four rooms in total.
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Figure 5.6: Comparison of GPT-4o results for map size, task difficulty and label density.
We used original maps in the “label density” experiment. To accommodate hard tasks, we
used doubled maps in the “task difficulty” experiment.
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Figure 5.7: Comparison of Claude Sonnet 3.5 results for map size, task difficulty and label
density. We used original maps in the “label density” experiment. To accommodate hard
tasks, we used doubled maps in the “task difficulty” experiment.
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The increased complexity introduces more decision points and possible paths, producing a

more challenging task.

Label Density

We evaluated the impact of label density on model performance by implementing two

labeling schemes. Sparse-Labeled maps are those where each room was labeled with a

single label, usually placed at the center. This minimalistic approach offered fewer cues

for the model to base its navigation decisions on. Dense-Labeled maps include multiple

labels for each room, where the placement is described in Section 5.3.1.

5.4.2 Experimental Results

Hypothesis 1 (Map Size)

The first hypothesis explores how the size of the map influences the model’s accuracy.

We compared the performance between original maps and doubled maps over hard tasks to

assess the same.

The results indicate that accuracy decreases as map size increases in the overall domain

analysis, with the VLMs performing better in smaller maps. The difference is significant,

as a T-test on trials with GPT-4o revealed a drop in accuracy (t = 6.13, p < 0.0001). This

supports our hypothesis that accuracy decreases as map size increases. The results are

reported in Fig. 5.6 and 5.7. Both GPT and Claude exhibit a similar pattern of performance

decline with larger maps.
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Hypothesis 2 (Task Difficulty)

The second hypothesis investigates how task difficulty impacts accuracy. Easy tasks in-

volve straightforward navigation between rooms, while hard tasks, require traversing mul-

tiple intermediate rooms, making the tasks more complex. We compared the performance

between doubled maps over easy tasks and hard tasks.

The accuracy of the GPT-4o models generally decreased with increased task difficulty,

as more complex tasks led to lower accuracy in two out of the three maps. For example,

a T-test on doubled map 2 indicated a drop in accuracy with t = 2.88 and p = 0.0047.

The results from both VLMs generally support our hypothesis that more complex tasks lead

to lower accuracy, as navigating through multiple rooms introduces additional challenges.

One example task is detailed in Table 5.1.

Table 5.1: An example navigation plan generated by GPT-4o in Map 1 shown on the left of
Fig. 5.4. The initial location is “Terrrasse Couverte” and the goal location is “Chambre 1”.
This navigation task requires a sequence of nine actions. GPT-4o achieved 0.96 success
rate in this map on similar hard navigation tasks, which demonstrates great promises for
VLM-based map parsing research.

Number Action
1 ApproachDoor(D8)
2 OpenDoor(D8)
3 GoThrough(D8)
4 ApproachDoor(D7)
5 OpenDoor(D7)
6 GoThrough(D7)
7 ApproachDoor(D4)
8 OpenDoor(D4)
9 GoThrough(D4)
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Figure 5.8: The robot localizes directly on the floor plan image and performs a navigation
task. The occupancy grid map that the robot used for localization and navigation was also
derived from the floor plan map captured by the robot. We manually removed the labels
that would otherwise be interpreted by the robot as obstacles. From right to left, the robot
was performing 1) Going through Door N09, 2) Approaching Door N00, 3) Opening Door
N00, and 4) Approaching Door T01.

Hypothesis 3 (Label Density)

The third hypothesis examines the impact of label density on accuracy. This is evaluated

by comparing the performance of original maps from sparse-label and dense-label datasets

over hard tasks. Dense labels provide more contextual information, while sparse labels

offer minimal context, making the navigation task more challenging.

The accuracy of the GPT-4o models significantly improved with dense labels compared

to sparse labels across all maps. For instance, a T-test on original map 1 showed a sig-

nificant improvement with t = 10.72 and p < 0.0001. This result indicates that dense labels

substantially enhance accuracy, supporting our hypothesis that dense labels provide crucial

contextual information, enabling the models to navigate more effectively. The improve-

ment in accuracy with dense labels was consistent across all maps for GPT-4o, highlighting
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the importance of label density in successful navigation.

These findings suggest that our approach can effectively handle a range of navigation

challenges while demonstrating the critical importance of label density, task difficulty, and

map size in determining overall performance.

5.5 Hardware Demonstration

Our VLM-based planning and navigation system is demonstrated on a DEEPRobotics

Lite3 quadruped robot. An image of the floor plan of a building on a college campus is

captured from the robot’s camera. This image is then edited as described in Section 5.3 to

make it suitable for the VLM query. Another version of the raw image with space whited

out is directly used for robot localization, as seen in Fig. 5.8. The VLM is then queried with

the edited photo, and a navigation plan consisting of a sequence of navigation and door

opening actions is generated. The robot executes this navigation plan, to move from the

robotics lab (room N09), to a classroom (room T01). The robot localizes itself directly on a

grayscale version of the floor plan, without the need for generating an accurate occupancy

grid via SLAM. The robot successfully avoids the obstacles not present on the floor plan,

asks for doors to be opened as needed, and achieves the desired navigation goal.

5.6 VLM-Based Floor Plan Parsing Summary and Next Steps

In this chapter, we introduce a novel task, named map parsing, that is unexplored in

the VLM literature while pointing to the foundation of mobile robotics. We demonstrate

remarkable performance of two VLMs on map parsing tasks, as applied to robot navigation.

We develop a VLM-based planning system that generates navigation plans directly from a
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floor plan image and validated our approach through experiments on a floor plan dataset

and on hardware, demonstrating the feasibility of VLM-driven navigation across different

environments.

While our results show that this approach is viable, several challenges remain, opening

up avenues for further research. The process of modifying floor plans to optimize VLM

performance is still a manual task. Future research could investigate leveraging segmen-

tation models [110, 111] or other techniques to automate map refinement. Also, we can

investigate strategies to improve the VLM’s ability to handle larger and more complex

maps, e.g., outdoor environments [112]. Another direction is that VLMs (and all trans-

former based autoregressive models) have a host of known issues, such as hallucinations

and biases [113, 114, 115, 116] that can be addressed in robot planning. We anticipate

that this work will inspire further studies that expand upon the ideas on VLM-based map

parsing in this chapter.
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6 Conclusions and Future Work

This dissertation studies the integration of human knowledge for legged robot systems

and human-robot collaboration [117, 67, 118]. Logical rules and floor plans are leveraged

to learn low-level locomotion controllers, and high-level decision making in navigation,

respectively. Robotic guide dogs serve as an important application domain that showcases

the integrated decision-making and human-robot collaboration skills.

Additional work has focused more broadly on machine learning, including interpretabil-

ity of relational models, and various applications. Explanations for the predictions of Graph

Neural Networks and other relational models are obtained through learning a local approx-

imation model and optimizing a mask over a local computation graph [119]. Energy con-

sumption signals from homes are disaggregated into appliance energy signals through the

use of deep learning models [120]. Response times for non-emergency service calls are

predicted with probabilistic graphical models [121].

One way human knowledge is integrated in legged robot systems is through the in-

corporation of logical rules defining foot contact sequences for policy learning. The rules

capture human domain knowledge about quadruped animal locomotion, which are encoded

into a reward function via the Reward Machine framework. The policy then learns to sat-

isfy the human-defined logical rules in order to learn the desired locomotion gait. Gait
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frequency can be dynamically adjusted based on the gait frequency command. Following

this framework, human knowledge in the form of simple logical rules is encoded into low-

level quadruped locomotion policies, which leads to the learning of diverse locomotion

behaviors.

We also leverage human spatial knowledge and enable human-robot collaboration through

the development of a robotic guide dog system. A locomotion controller and force estima-

tion module is concurrently trained in simulation. A tug interface which leverages the force

estimation module is developed to facilitate communication through high-level directional

tug commands from a visually impaired human, based on their spatial knowledge of the

building, and commonsense navigational knowledge. The robot leverages its perception

capabilities and path planning algorithms to help the human-robot team to avoid nearby

obstacles.

Human spatial knowledge is also represented in floor plans, which are commonly avail-

able in many buildings. Such floor plans include geometric information on the structure

of the rooms and halls, and also semantic labels for each room. Floor plan information

is leveraged in this dissertation in order to generate plans and perform autonomous navi-

gation tasks. We find that Vision Language Models can directly parse floor plan images,

and can accurately generate navigation plans with limited image edits for visual prompting.

The floor plan can be directly used for robot localization, avoiding the need to manually

generate a cost map.

An important direction of future work is to leverage other sensing modalities of legged

robots such as vision to further expand the scope of rule-based knowledge, beyond foot

contact sequences. This can allow for new propositional symbols, such as terrain type,
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which can help further encode human domain knowledge for intelligent locomotion and

decision making capabilities across diverse environments. A limiting assumption in this

dissertation is that propositional symbols defining logical rules are perfectly detected. Real

world environments are partially observable, and we can hardly expect to always obtain

correct truth values of propositional symbols - especially considering modalities beyond

foot contacts. In order to relax this assumption, new learning algorithms must be developed

which can deal with uncertainty in rule satisfaction. One possible formulation can be to

learn over a belief state over reward machine states.

Another direction of future work is to better leverage robot perception and human com-

monsense reasoning to further develop robotic guided navigation systems. This can include

the introduction of dialog capabilities, scene verbalization, intelligent disobedience, and so-

cial navigation to name a few. Additional skill learning is also required, such as guided stair

climbing and door opening. Each of these improvements require an understanding of the

human’s intentions, along with the environment, to perform safe and accurate navigation

as a human-robot team.

In this dissertation, we focus on four-legged quadruped robots. However, other legged

robot forms such as humanoid robots, or wheeled-legged robots have been recently gaining

popularity due to their potential for manipulation capabilities, or more efficient locomo-

tion. In order to further develop locomotion and decision making capabilities for these new

robotic platforms, it is necessary to incorporate human knowledge. For example, humans

might have domain knowledge on which surfaces might be more suitable for the use of

wheels, and which surfaces require lifting the legs. On the other hand, humanoids might

be a suitable alternative robot form for guided navigation tasks, due to their potential to
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open doors and perform other manipulation tasks during navigation. In future work, we

can further develop the capabilities of different forms of legged robots.
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