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Robot See, Robot Do: On the Development of Robust and Adaptive
Imitation Learning for Robots

Shaunak A. Mehta

(ABSTRACT)

As robots transition from isolated industrial settings to working in close proximity to humans

in dynamic environments, their ability to learn and adapt to human feedback and unseen

circumstances becomes crucial. Imitation learning offers a promising paradigm for robots to

learn complex tasks by mimicking human behavior. However, traditional imitation learning

approaches face key challenges in integrating diverse feedback types, managing noisy and in-

consistent inputs, and maintaining stability in learning. In this thesis, we develop imitation

learning approaches that advance the capabilities of robots and enable them to efficiently

learn from humans and adapt to unseen data in diverse environments.

This research is structured around four key contributions. First, we consider the scenario

where a human is readily available to provide high-quality feedback to the robot. We de-

velop a learning algorithm to enable robots to learn from diverse sources of optimal human

feedback: demonstrations, corrections, and preferences. Demonstrations provide high-level

task overviews, corrections fine-tune specific motions, and preferences rank robot behaviors

for task improvement. By incorporating these active and passive feedback sources under a

unified reward learning framework we enable robots to infer task objectives more effectively

and optimize their trajectories using constrained optimization techniques.

Second, we explore scenarios where the human feedback is noisy or biased due to task com-

plexity or physical constraints. We model the robot’s learning rule as a dynamical system

and apply Lyapunov stability analysis to derive conditions of convergence. Leveraging these



conditions, we modify the robot’s learning rule to expand the basins of attractions around

the possible tasks (equilibrium points) in the environment. This approach enables the robot

to infer the correct task representations from a wider range of human inputs making the

learning robust to suboptimal feedback without destabilizing the robot behavior.

Next, we consider imitation learning settings where a human is not available to provide addi-

tional feedback. In such scenarios, imitation learning algorithms are often prone to covariate

shift when they encounter data not seen during training. To tackle this challenge, we develop

Stable Behavior Cloning (Stable-BC), a stability-driven imitation learning algorithm. This

algorithm ensures that robots maintain reliable performance by encouraging policy stability

around demonstrated behaviors without the need for additional training data or complex

reinforcement learning methods.

Finally, we look at the problem of imitation learning from the users’ perspective and aim to

reduce the time and effort required to teach the robot. We propose L2D2, a sketching inter-

face and imitation learning algorithm where humans can provide demonstrations by drawing

the task. L2D2 leverages vision-language segmentation to autonomously vary object loca-

tions and generates synthetic images of the environment for the human to draw upon. By

collecting a few physical demonstrations from the users, L2D2 then grounds these diverse

2D drawings in the real world. This approach reduces the time and effort required to teach

the robots by enabling the users to rapidly provide a large set of diverse demonstrations.

The findings from this research highlight the importance of adaptability and stability when

robots and autonomous agents work around and interact with humans in diverse environ-

ments. This research contributes to the broader field of robot learning by offering scalable,

adaptable, and user-friendly solutions for imitation learning and human-robot interaction,

paving the way for more intuitive and robust robotic systems in human environments.
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Imitation Learning for Robots
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(GENERAL AUDIENCE ABSTRACT)

As robots move beyond factory floors and start working alongside people in homes and

workplaces, it becomes important for them to learn from human instructions and handle

unexpected situations. One way robots can learn is by observing and copying human ac-

tions, similar to how children learn by watching adults. This approach is called imitation

learning. While promising, it has challenges: robots need to handle different types of hu-

man instructions, deal with unclear or messy guidance, and keep their learning stable over

time without making errors. This research focuses on creating smarter and more adaptable

learning methods for robots to address these challenges.

This research is organized around four main contributions. The first part of the research

looks at situations where humans are available to give helpful guidance to robots. We de-

velop a method that allows robots to learn from three types of human input: demonstrations

(showing how to do a task), corrections (fixing mistakes), and preferences (choosing which

robot action is better). By combining these types of input, robots can better understand

what humans want and adjust their actions to complete tasks successfully.

In the second part, we explore situations where human instructions are not perfect, perhaps

due to the complexity of the task or physical limitations that affect their inputs. Sometimes,

humans make mistakes or provide unclear feedback. To address this, we treat the robot’s

learning process as a system that needs to stay balanced and stable, even when the guidance

is noisy. We develop a method that helps the robot understand the correct task from a wider



range of human inputs without misinterpreting the inputs or becoming unstable.

Next, we consider cases where a human isn’t available to provide additional guidance during

the robot’s learning process. In such cases, robots often struggle when they face situations

they haven’t seen before. This can lead to the robot taking incorrect actions resulting in

errors that get worse over time. To solve this problem, we create an approach called Stable

Behavior Cloning, which helps robots stay consistent and perform reliably without needing

additional training or complex trial-and-error learning.

Finally, we think about the problem from the human user’s point of view and try to make it

easier and faster to teach robots. We introduce L2D2, a tool where people can teach robots

by simply drawing what they want the robot to do. L2D2 uses advanced computer vision

and language techniques to create different versions of the task environment automatically,

so people can quickly provide many different examples. This makes teaching robots faster

and less work for the user.

This research shows that adaptability and stability are essential for robots to work safely

and effectively alongside humans in diverse, real-world environments. The findings of this

research help us move closer to building robots that are easier to use, safer, and more helpful

in everyday life.
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these images to convey the desired task using our interface in Figure 6.3. We

then use a task-agnostic mapping to convert the 2D points in each sketch

to 3D positions in the real world. This ultimately results in a dataset D̃R

of state-action pairs (s̃, ã) reconstructed from the drawings ξP ∈ DP . The

bottom row outlines our training process. We first train a policy on the

reconstructed data using behavior cloning and roll out this policy in the envi-

ronment. If this policy makes any errors, users physically correct the robot’s

motion. These corrections result in a small dataset DR of accurate physi-

cal demonstrations. We first use this physical data to refine our 2D-to-3D

mapping and improve the quality of demonstrations reconstructed from the

sketches. Then we leverage both these datasets to fine-tune the robot’s policy

and ground the robot’s actions in the real world. Together, the diverse set of

sketches and a few precise physical demonstrations result in an accurate and

generalizable robot policy. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112
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user. We report the success rate for both tasks averaged over 10 independent

rollouts with varying object locations. The error bars show the standard error

around the mean (SEM), and ∗ denotes statistical significance (p < 0.05). For

the push task, L2D2 achieves a higher success rate than L2D2-D and S2S,
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Chapter 1

Introduction

Traditionally, robots were designed to perform repetitive and labor-intensive tasks in con-

trolled environments, such as manufacturing and assembly lines, where they operated in

isolation from humans. Over time, these robots and autonomous agents have evolved, tran-

sitioning from controlled environments to human-centric settings where they work in close

proximity to people. Examples of such environments include household tasks [7, 8], collabo-

rative activities where humans and robots jointly accomplish goals [9], and driving alongside

human users[10, 11]. As robots increasingly integrate into these dynamic spaces, their ability

to learn and adapt to new tasks becomes essential for successful deployment. This raises

a fundamental question: How can robots efficiently learn to perform such diverse tasks in

dynamic, human-centered environments?

To explore this question, we can draw inspiration from how humans learn. Imagine a child

learning to pick up a cup. While there are many ways to grasp the cup, some methods—such

as holding it upside down—may cause the contents to spill. Typically, an adult demonstrates

the correct method, and the child attempts to imitate these actions to perform the task

successfully [12, 13]. If the child makes a mistake when performing the task, the adult can

intervene and correct them. This illustrates that one effective way to learn diverse tasks is

through imitation of an expert by incorporating their feedback. Similarly, robots can learn

from human experts by mimicking their actions and behaviors [14].

Imitation learning has emerged as a foundational paradigm in robot learning, enabling robots

1



to acquire complex skills by imitating human-provided demonstrations. This approach is par-

ticularly appealing due to its intuitive nature: humans demonstrate the desired task, and

robots learn by replicating the observed behavior. For instance, a robot or an autonomous

agent can be taught to perform tasks such as driving, assembling parts, playing interactive

games, or navigating dynamic environments through demonstrations. However, despite its

promise, imitation learning faces significant challenges in effectively learning from diverse

human inputs in real world. Overcoming these challenges requires a shift in focus from

traditional approaches to develop more robust, adaptive, and versatile frameworks to ac-

commodate diverse feedback modalities, imperfect human inputs, and unseen task scenarios.

One of the major challenges in imitation learning is real-time learning from diverse forms

of human feedback. As robots interact with humans, their behavior is often guided or

corrected on the fly through physical interventions [15, 16], gestures [17], or verbal feedback

[18, 19]. While imitation learning traditionally relies on a single form of feedback, real-

world human-robot interaction (HRI) often demands that robots adapt their behavior in

real time from diverse forms human inputs. For example, a robot delivering objects in a

cluttered environment may receive corrections to avoid specific obstacles or feedback about

user preferences for delivery paths. Such inputs require the robot to incorporate feedback

quickly and generalize from it to improve future performance.

Another challenge faced by imitation learning is learning from diverse qualities of the human

provided inputs. Since humans are not perfect, their inputs itself are often noisy, inconsis-

tent, or suboptimal [1]. Humans may over-correct a robot’s motion, provide conflicting

instructions, or unintentionally introduce errors in their guidance. Traditional imitation

learning methods lack mechanisms to distinguish and stabilize learning under such con-

ditions, leading to unpredictable behavior or failures to converge to the desired outcome.

The inability to robustly integrate imperfect feedback into the learning process limits the



effectiveness of robots in collaborative or dynamic settings.

When a human is not available to provide corrections or additional feedback to the robot,

imitation learning is constrained by its reliance on limited and often incomplete training

datasets. Robots trained through demonstrations are constrained by the scope and vari-

ability of the examples that are provided. When encountering states that fall outside this

dataset during execution, their learned policies often fail, leading to errors that compound

over time. Known as covariate shift, this phenomenon is particularly problematic in dynamic

environments where unexpected situations are inevitable [20, 21]. Efforts to mitigate this

issue by expanding datasets [22, 23] or involving humans in real-time corrections [16] are

resource-intensive and do not guarantee comprehensive coverage of possible states.

While these approaches aim to learn robust policies from diverse human inputs, they often

require repeated physical interactions of the user with the robot or its environment while

providing demonstrations. This makes the process of teaching robots expensive in terms of

human time and effort. To tackle this, recent approaches facilitate information-rich demon-

strations without direct physical contact, such as through remote teleoperation leveraging

physical twins [24, 25] and virtual reality [26], or by video-based task recordings [27, 28].

However, these approaches still require full task execution and environment resets, constrain-

ing data collection efficiency. In contrast to these solutions, an emerging alternative involves

providing demonstrations via drawings on images of the environment [29, 30], thereby sig-

nificantly reducing human effort. However, this approach inherits challenges common to

traditional imitation learning, including ambiguity in interpreting sketches and difficulty in

ensuring coverage of relevant state variations.

In this thesis, we tackle these fundamental challenges in imitation learning to equip robots

with the tools needed to operate reliably in dynamic, human-centered environments. Our

primary focus is enabling robots to learn from diverse forms of human feedback in real



time, improving stability when learning from suboptimal, noisy, and incomplete datasets,

and reducing the physical burden on users during teaching. Through this work, we strive

to advance the capabilities of robots, fostering their successful integration into complex,

real-world applications. Overall, this thesis makes the following contributions:

Unified Learning from Demonstrations, Corrections, and Preferences during

Physical Human-Robot Interaction. We present a learning approach to physical in-

teraction that unifies demonstrations, corrections, and preferences. Our approach is based

on the insight that the human’s inputs are better than the alternatives: e.g., the human’s

demonstrated trajectory should receive higher reward than noisy perturbations of that same

trajectory. Our learning approach automatically generates trajectory deformations of the

human’s physical interactions, and then learns to assign higher rewards to the human’s ac-

tual behavior. We incorporate learning from both active and passive sources of feedback into

a flexible reward learning framework. In a setting where the human may use multiple forms

of feedback to teach the robot, we also enable the robot to actively prompt the human by

eliciting their preferences. We identify a method for generating preference trajectories that

— when ranked by the human — minimizes the robot’s uncertainty over its learned reward.

This approach results in an end-to-end model of the human’s reward function. We then har-

ness off-the-shelf optimization techniques and the robot’s underlying kinematics to convert

this learned reward function into a desired robot trajectory. We compare our approach to

state-of-the-art baselines across experiments with real robot arms and simulated and real

human users. First, we consider approaches for physical human-robot interaction that learn

from either demonstrations and corrections or demonstrations and preferences, and show

that our method more accurately learns the human’s task (particularly when this task is

new or unexpected). Second, we perform a user study with imitation learning baselines that

synthesize multiple forms of human feedback. Here we show that participants prefer working



with robots that learn using our approach, and that our approach learns trajectories that

better align with the human’s intended tasks. This paper has been published in [31]

Stabilized and Robust Online Learning from Humans. We write real-time learning

from human feedback as a dynamical system where the human’s true preferences are the

equilibrium point. We then apply Lyapunov stability analysis to derive the conditions for

converging to this equilibrium. We introduce an approach that modifies the robot’s learning

rule to be more robust-by-design. Given a prior over human preferences and/or a human

model, the robot shapes the learning rule to increase the basins of attraction and converge

under a larger set of human inputs. We refer to the resulting algorithm as StROL: Stabilized

and Robust Online Learning. We perform simulations and a user study across scenarios with

robot arms and autonomous driving. We demonstrate that the learning rules produced by

StROL are more robust to noisy and suboptimal humans than state-of-the-art alternatives.

This work has been published in [32]

Controlling Covariate Shift with Stable Behavior Cloning. We write covariate shift

as a linearized dynamical system. We then use these error dynamics to derive model-based

and model-free stability conditions. These conditions bound the covariate shift in the robot

state as a function of the covariate shift in the environment state. We leverage our analysis to

develop Stable-BC, a behavior cloning algorithm that encourages policy stability around the

dataset. Two key advantages of our approach are (a) it is easy to implement and (b) it does

not alter the training data. As such, Stable-BC can be applied independently or alongside

existing on-policy or off-policy methods. We conduct simulated experiments in interactive,

nonlinear, and visual environments. We also perform a real-world study where human users

teach a robot arm to play a simplified game of air hockey. Across all experiments, we find

that Stable-BC results in more robust and effective policies than state-of-the-art baselines.

This work has been published in [33]



Robot Learning from 2D Drawings. We create an interface that people can use to

provide information-rich sketches to teach the robot. This interface presents a third-person

image of the environment, and enables users to draw the robot’s trajectory, annotate where

the robot should rotate, open or close its gripper, and also highlight environment features

that may vary at test time. We analyze the process of decoding task sketches into real

robot trajectories using Principal Component Analysis (PCA). We model the information

loss as a function of the viewpoint from which we capture the images that users draw on.

Leveraging this model, we propose a strategy for optimally placing the camera to minimize

information loss, and establish an upper bound on this loss when we use non-linear mappings

between 3D robot trajectories and 2D sketches. Given the importance of varied examples in

imitation learning and the difficulty of collecting them physically, we leverage vision-language

models to synthetically augment the data collection process. Specifically, we enable users to

identify relevant features (e.g., target objects) through text prompts and autonomously vary

those features with each drawing, resulting in a diverse training dataset without physically

manipulating the environment. Recognizing that sketches themselves are not sufficient to

learn dynamic, high-dimensional tasks due to information gaps in static, low-dimensional

sketches, we utilize a few physical corrections to ground the synthetic sketches in the physical

environment to learn the dynamic task interactions more precisely. Our resulting approach,

L2D2, integrates drawings and physical feedback in a way that amplifies their complementary

strengths: using physical corrections to improve sketch accuracy, resulting in data that is

both varied and reliable. We conduct real-world experiments with expert and novice users to

compare our approach to state-of-the-art approaches in learning from drawings and standard

baselines that learn from physical demonstrations. Our results show that the data collected

by L2D2 enhances the robot’s task performance compared to alternative sketching methods,

while requiring significantly less time and effort as compared to traditional teleoperation

approaches. This work has been accepted for publication [34].



Chapter 2

Review of Literature

In this chapter, we provide an overview of the existing research and discuss state-of-the-

art approaches that tackle different challenges in the broad domain of imitation learning

— learning from diverse forms of physical feedback, robust online learning from humans,

stability in imitation learning, and learning from drawings. For each domain, we summarize

prior works, highlight their limitations, and describe how our proposed approaches build

upon or diverge from existing methods to tackle the identified challenges. First, in Section

2.1, we review recent methods for physical human–robot interaction and approaches that

combine multiple sources of physical feedback. Section 2.2 focuses on real-time learning from

humans, examining how to model human–robot interaction as a dynamical system to better

capture human preferences. In Section 2.3, we summarize the recent methods for robust

behavior cloning, as well as works that apply stability analysis in similar imitation learning

settings. Finally, Section 2.4 explores different interfaces and data augmentation techniques

that reduce the effort required to provide rich demonstrations, including approaches that

leverage drawings as a form of feedback.

2.1 Learning from Diverse Forms of Physical Feedback

Control Responses for Physical Interaction. Although we will focus on learning, we

recognize that prior research has also explored control theoretic responses to physical interac-
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tion [35, 36, 37, 38, 39, 40, 41, 42]. Works on impedance control and shared control arbitrate

leader-and-follower roles between the human and robot: when the human intervenes and

applies large forces to the robot, the robot reduces its control feedback so that the human

backdrives the arm. Intuitively, the robot can also pause, move away from the human, or

follow the human’s motion during physical interaction [39]. These control responses are an

important step towards safety, and we will leverage shared control throughout Chapter 3 to

enable close physical interaction.

Learning Rewards during Physical Interaction. Recent work has enabled robots to

learn from physical human-robot interaction [43]. Here the human physically pushes, pulls,

and twists the robot arm, and the robot attempts to infer why the human is applying

these forces so that it can update its behavior accordingly. Some works directly map the

human’s forces and torques to changes in the robot’s desired trajectory [44, 45, 46, 47]. But

more relevant here is research that infers a reward function from physical interaction: these

approaches assume that the human has in mind an objective, and the human’s interactions

are observations of this latent reward function [48, 49, 50]. The learned reward is then used

to identify the robot’s desired trajectory.

In practice, these approaches often take advantage of physical human corrections [1, 2, 3,

51, 52, 53]. Using the insight that the human’s applied forces and torques are an intentional

improvement — i.e., the human is going out of their way to show the robot a better way

to perform the task — the robot learns to give the human’s behavior higher rewards and

propagate those changes the next time the robot repeats this task. In Chapter 3 we leverage

a similar insight to derive our learning algorithm. However, while prior works for physical

human-robot interaction focus on a single input modality (e.g., physical corrections), we will

develop a framework that incorporates the different aspects of physical feedback.

Combining Multiple Feedback Modalities. Outside of physical interaction several



methods have been proposed to learn from different types of human feedback. For ex-

ample, interactive imitation learning approaches can synthesize demonstrations and cor-

rections [15, 16, 54, 55]. Consider a human watching a mobile robot: first the human

might teleoperate the robot throughout several laps of the building, and then the human

may jump in and correct the robot only when it makes a specific mistake. Alternatively,

methods that learn from suboptimal humans often combine demonstrations and preferences

[56, 57, 58, 59, 60, 61]. Imagine that you are teaching a simulated robot to play an Atari

game. After you do your best to provide a demonstration — and score as high as possible

— you can rank the robot’s autonomous performance to indicate when it is performing well

and when it is making mistakes. Most relevant to our research are [62] and [4], where the

authors unite different types of human feedback to learn a single reward model.

When applying these existing approaches to physical human-robot interaction we are faced

with two problems. On the one hand, methods like [4, 62] require prior knowledge about the

human’s reward function — as we will show in our analysis and experiments, these methods

fall short when the human wants to teach the robot a new or unexpected task. On the other

hand, approaches like [56, 57, 58, 59, 60, 63] use reinforcement learning to convert the reward

function into robot behavior. But reinforcement learning is time consuming and requires trial

and error — which may not be possible (or safe) when humans are physically interacting with

robot arms. Accordingly, in Chapter 3 we introduce a formalism that unites demonstrations,

corrections, and preferences without the need for pre-defined tasks or reinforcement learning.

2.2 Robust Online Learning from Humans

Continual Learning from Human Inputs. Online learning explores how robots can infer

preferences from humans in real-time. Prior works have applied online learning from human



feedback to autonomous vehicles [15], assistive exoskeletons [64], and robot arms [65]. But

to enable rapid adaptation, online learning often requires simplifying assumptions. Relevant

works like [2, 5, 6, 31, 45, 47, 66, 67] maintain a point estimate of what the human wants,

and update this estimate using gradient descent. Unfortunately, the approximations needed

for online learning also make the system sensitive to suboptimal human inputs. When the

user inevitably makes a mistake (and incorrectly intervenes) the robot may learn the wrong

preferences [5] or misrepresent the human’s true intentions [6]. Instead of thinking of this as

a learning problem, we instead treat this as a control problem: how should robots modify

their learning rule to ensure effective performance across suboptimal human inputs?

Learning from Humans as a Dynamical System. As a step towards fast and seamless

adaptation, we will model online robot learning from humans as a dynamical system. Recent

works have found different ways to incorporate learning mechanisms into dynamics models

of human-robot interaction. This includes shared control settings where the robot adjusts

its desired trajectory based on applied forces and torques [40, 46], jointly learning a model

of the human policy and physical dynamics [68], modeling the human’s learning process as

a dynamical system [69], and dynamic movement primitives that react to human behaviors

[70]. Across many of these previous works, the authors propose a learning rule, and then

apply control theory to check if the resulting dynamics are stable. In Chapter 4 we take

the opposite perspective. We first identify the conditions for stability, and then modify the

learning rule so that it satisfies these conditions for as many human inputs as possible (i.e.,

we use control theory to design the learning rule).

Priors over Human Preferences. A core idea for our approach is that — even when

the robot is learning in continuous spaces — there are distinct modes of human preferences.

Think back to our motivating example: there is a continuous spectrum of distances between

the robot and pitcher that the human could prefer. However, at a high level, the space



of preferences can be divided into two distinct preference modes: avoiding the pitcher or

ignoring it altogether. Research in cognitive science and machine learning suggests that

humans have strong priors over how other people with act [71, 72] and what sort of behaviors

are reasonable [73, 74]. Robots can often obtain these priors from data: recent works have

shown that large language models accurately predict the different actions a human might take

[75]. Building on these works, we leverage intuitive, multimodal priors over the continuous

preference space to shape the robot’s learning rule, yielding more robust and efficient learning

from human data.

2.3 Stability in Imitation Learning

Off-Policy Approaches. Within behavior cloning [76], the robot is given a dataset of

expert state-action pairs and learns a policy to match this dataset. One way to enhance the

robustness of the learned policy is leveraging Offline-RL [77, 78], which trains a policy to

optimize a reward function in addition to matching the human demonstrations. However, a

reward function in addition to the human demonstrations may not always be available. In

the absence of a reward function the robustness of the learned policy can be enhanced by

improving the quality of the original dataset. For example, some off-policy methods inten-

tionally perturb the human when they are providing demonstrations, and then record how

the human corrects the robot in response to those disturbances [79, 80]. Other approaches

synthetically augment the dataset provided by the human to enhance the diversity and quan-

tity of training data [22, 23, 81, 82, 83]. For example, Ke et al. [22] learn a dynamics model

from the data, and then use that model to generate new state-action pairs that align with

the expert’s demonstrations.

On-Policy Approaches. The robot can also iteratively gather new data by executing its



policy in the environment, and then asking the human to provide expert guidance when the

robot makes mistakes [16]. Recent works in interactive imitation learning explore when to

query the human for additional data, and how to best leverage that data to fine-tune the

learned policy and accelerate the robot’s learning [15, 31, 54, 55, 84, 85, 86]. For example, in

Menda et al. [84] the robot maintains an ensemble of behavior cloned models; the robot asks

for human guidance when it encounters a state where the models disagree over which action

to take. , while in Zhang et al. [85] the robot pretrains a policy with offline demonstrations

followed by online fine-tuning.

Overall, both off-policy and on-policy methods focus on the data used to train the behavior

cloned agent. This is orthogonal to our approach, where we will only consider the control

theoretic properties of the learned policy.

Stability-Centric Approaches. Multiple related works have applied stability analysis to

imitation learning. For example, safety filters [87, 88, 89] monitor the robot’s real-time error

(e.g., covariate shift), and revert to a given or learned backup policy when that error exceeds

some threshold. Other methods structure the robot’s policy like a dynamical system, and

ensure that this system converges towards a goal state [32, 90, 91]. The robot can also take

advantage of the stability of the human teacher: Pfrommer et al. [92] train the robot’s

behavior cloned policy to match the higher order derivatives of the human’s demonstrations.

Our approach is most similar to recent research by Kang et al. [93]. In [93] the authors seek

to prevent distribution shift in learned policies by formulating the entire training distribution

as an equilibrium point. However, [93] focuses on model-based reinforcement learning — by

contrast, in Chapter 5, we study local stability for behavior cloning.



2.4 Learning from Drawings

Data in Imitation Learning. A widely used imitation learning method in robotics is

behavior cloning (BC) [33, 76] in which the robot is leverages a dataset of observation-action

pairs to learn a policy for some task. A key factor in the effectiveness of these approaches

is the quality and variety of human data [94]. For example, to learn how to pick up a

cup from various locations, the robot must be shown how an expert performs the task in

at least a few different positions. But obtaining this data can require significant human

effort in setting up the environment and demonstrating the task [95]. Previous research

has attempted to address this problem from different angles: making it easy for humans to

demonstrate the task [96], synthetically augmenting the human’s data [97], and developing

data-efficient learning algorithms [98]. Additionally, parameterized task learning has been

explored to enable the robot to generalize to different task conditions by leveraging the

task-specific parameters to learn diverse robot behaviors [99, 100, 101]. In Chapter 6, we

utilize existing learning rules and investigate frameworks for obtaining the required training

examples with novel interfaces and data augmentation techniques.

Interfaces for Providing Demonstrations. Humans can demonstrate their desired task

by guiding the robot through the task [25, 26, 31, 102, 103] or by performing the task

themselves [27, 104]. Each approach has its own advantages; while performing the task

directly is more natural for humans, controlling the robot results in data that is easier for

the robot to learn from. Below, we discuss these approaches in more detail.

Traditional approaches for guiding the robot include kinesthetically moving the robot [43]

or teleoperating the robot using a joystick [9, 102] or a space mouse [103]. While these

interfaces are easily accessible, they are not always intuitive to use when controlling high-

dimensional robots. To make this process more intuitive, recent works have developed in-



telligent mappings for existing interfaces [105] as well as new tools like dexterous robot arm

copies [24, 25, 96]. Some works have also explored the use of virtual reality systems for

teleoperating the robot from an egocentric view [26, 106, 107] and to enable the end-users

to demonstrate the tasks without access to a physical robot [108, 109].

Humans do not need to consider these interfaces when performing the task themselves.

Robots can learn to perform diverse tasks by observing the human’s behavior from a third-

person camera [27, 28, 110, 111]. However, since this data does not include observations and

actions from the robot’s viewpoint, it needs to be processed to extract relevant data. For

this reason, other approaches have developed reacher-grabber tools equipped with onboard

cameras that humans can hold to perform tasks from the robot’s perspective [104, 112, 113].

A limiting factor of both these teaching modalities is that they require humans to either

directly or vicariously interact with the physical environment. Further, despite the method

employed to obtain demonstrations, humans still need to manually vary the environment in

order to introduce diversity in the training data.

Data Augmentation. To acquire sufficient data with only a few physical interventions,

robots can leverage open-source videos of humans performing the task [114] or large-scale

cross-domain robot datasets [115, 116, 117], and then transfer their knowledge to the desired

task [98, 118, 119, 120]. Recent advances have also utilized large language models to facilitate

this transfer through contextual language prompts [121, 122, 123]. Alternatively, robots can

collect a small amount of data from humans and augment it synthetically — either by adding

noise to human actions and then taking corrective actions to return to the demonstrated

states [79, 124], or by introducing semantic variations in the robot’s observation [125, 126,

127], or both [97]. For instance, robots can employ pre-trained vision-language models to

segment out regions of interest in images of the environment, and in-paint those regions with

different objects and backgrounds to make the policy robust to scene changes [126].



While these approaches help the robot generalize to unseen but familiar tasks and adapt

to minor changes in behaviors and visual scenes, they do not generate new expert data.

For example, the robot may learn to pick the cup from the same position across visually

different environments, it would not be able to pick the cup from a new location that requires

a distinct motion.

Learning from Sketches. In Chapter 6, we propose leveraging sketches to quickly generate

diverse data for training robots. Upcoming research in imitation learning has explored

collecting demonstrations in the form of sketches of the desired behavior [29, 30, 128, 129,

130, 131]. In these approaches, users see an image of the environment and provide drawings

that demonstrate the task. These drawings are then mapped to real robot trajectories [130]

or used to condition the robot’s behavior [30]. For instance, [29] collects 2D trajectories

drawn on images taken from two viewpoints and generates the corresponding 3D trajectory

using a pre-trained autoencoder framework, while [30] uses the drawing as input to the

robot’s policy and outputs the actions for rolling out the trajectory in the real world.

While sketches offer an intuitive way for humans to demonstrate the desired task without

physically interacting with the environment, previous work has limited users to drawing on

only real-world images, requiring them to reset the environment and collect new images

before providing new sketches for the task. In Chapter 6, we recognize the potential of

using sketches to rapidly generate large amounts of diverse training data and apply insights

from data augmentation to synthetically create varied images of the task. We then obtain

expert drawings on these synthetic images, capturing distinct task behaviors. Recognizing

the limitations of sketches in conveying precise and dexterous motions, we ground them

with a small number of physical demonstrations to produce a dataset that is both varied

and high quality to enable the users to teach the robot more efficiently as compared to the

state-of-the-art approaches for learning from drawings.



Chapter 3

Unifying Demonstrations, Corrections

and Preferences for Robot Learning

First, we consider the case where the robots learn online from human feedback. This scenario

is particularly relevant when the human and robot are working in close proximity or a human

needs to teach a task to the robot where the human needs analyze the robot’s behavior and

provide inputs to correct or improve its behavior. In such settings, the flexibility to choose

the type of feedback — demonstrations, corrections or preference queries — can help the

human to effectively convey the correct task to the robot. In this chapter, we introduce

an algorithm that can combine these multiple sources of human feedback under a unified

framework. This formulation enables the human user to provide relevant inputs to the robot

while also enabling the robot to query the human in parts of task where it is uncertain, thus

leading to a successful learning of the task.

3.1 Introduction

Imagine teaching a robot arm on a factory floor (see Figure 3.1). You know what task you

want the robot to perform — attaching a chair leg — but you do not know how to program

the robot to perform this task. Instead, you physically interact with the robot. Perhaps

you start by kinesthetically guiding the robot across a full demonstration of the task. Next

16



Figure 3.1: Human teaching a robot arm to assemble a chair. The robot does not have any
prior information about this task, and must learn from the human’s physical interactions. We
recognize that these interactions can take multiple different forms, including demonstrations,
corrections, and preferences. To unify each type of input under a single framework, we train a
reward model to assign higher scores to the human’s behavior (ξR) than to nearby alternatives
(ξA). The robot then optimizes this reward model to find its desired trajectory.

you deploy the robot, and notice it is attaching the chair leg at the wrong angle: here you

physically intervene and correct just that part of the arm’s motion. Finally, as the robot

gets closer to understanding your task, you might rank the robot’s behavior, indicating times

where it gets it right and times where it messes up. Throughout this process it does not

make sense for you to be constrained to only a single type of interaction (e.g., only ever

showing demonstrations of the task). Instead, you should be able to exploit all the avenues

of physical human-robot interaction to convey your intent.

As robots increasingly share spaces with human partners, physical interaction between hu-

mans and robots becomes inevitable. Within this chapter we focus on robot arms that

perform manipulation tasks. Here we can harness physical interaction as a channel for com-

munication; when the human kinesthetically guides a robot arm throughout their desired

task, the human is providing a demonstration; when the human pushes, pulls, or twists the

robot to fix a part of its motion, the human is showing a correction; and when the human



physically observes the robot and ranks its performance, the human is indicating their pref-

erence. Demonstrations, corrections, and preferences all communicate information about

how the human wants the robot to behave. But we recognize that these modalities provide

different — and often complementary — types of information: demonstrations provide an

outline of the high-level task, corrections hone-in on fine-grained aspects of the robot’s mo-

tion, and preferences provide a ranked comparison between various repetitions of the same

task. The right type of interaction (e.g., demonstration, correction, or preference) depends

on the task, the user, and what the robot has learned so far.

Recent research on physical human-robot interaction develops separate approaches for each

type of human feedback. Robot arms can learn manipulation tasks only from demonstra-

tions [43], only from corrections [1], or only from preferences [2]. Moving beyond phys-

ical human-robot interaction, there is also work that unites combinations of these data

sources: for instance, learning from demonstrations and preferences [4, 56, 57, 58, 59], or

from demonstrations and corrections [15, 16, 54, 55]. But to learn from multiple sources

of human feedback the robot must either (a) have prior information about the tasks the

human has in mind [4, 62] or (b) apply reinforcement learning to identify the optimal tra-

jectory [56, 57, 58, 59, 61]. These constraints present practical challenges during physical

human-robot interaction: intuitively, we seek robots that learn new and unexpected tasks

in real-time, without stopping to perform reinforcement learning through trial and error.

In this chapter we propose a formalism for learning from physical interaction that unites

demonstrations, corrections, and preferences. We recognize that these different types of

interactions provide different types of data about the human’s desired task. To ground each

feedback type within the same learning framework, our hypothesis is that:

We can unite physical demonstrations, corrections, and preferences under a single

framework to learn a reward model that assigns higher scores to the human’s input



trajectories as compared to any modified alternatives.

Applying this insight we develop a two-step algorithm. First, we observe the human’s phys-

ical interactions with the robot and learn a reward model from scratch. Second, we exploit

the underlying structure of manipulation tasks by applying constrained optimization to map

the learned reward into a robot trajectory. This process is iterative and free-form: at every

iteration the human can provide demonstrations, corrections, or preferences, and the robot

updates its reward model and identifies an optimal trajectory in real-time. We emphasize

that the reward model is a neural network that does not require any a priori knowledge

about the human’s potential rewards, and thus the current user is able to teach the robot

arbitrary manipulation tasks. Returning to our running example, imagine that the robot

has never assembled a chair before: but because the robot learns from the human’s feedback

to assign higher rewards to states where the chair legs are upright, the robot solves for a

desired trajectory that carries the legs vertically.

3.2 Problem Statement

Going back to our motivating example from Figure 3.1, the human wants to teach their

robot arm how to perform a manipulation task. To teach the robot the human exploits

physical interaction: the human kinesthetically guides the robot through the process of

attaching a chair leg, modifies specific sections of the robot’s trajectory, and ranks the robot’s

autonomous behavior across repeated interactions. In this section we formulate the problem

of learning from each of these different types of physical interaction. We explain how existing

approaches combine demonstrations, corrections, and preferences when the robot has prior

knowledge about the tasks it will perform, and then highlight the shortcomings of these

assumptions. Finally, we define our proposed reward model: we highlight that this approach



can take advantage of the assumptions from previous works, but is also capable of learning

new tasks that the robot does not know about beforehand.

Task. We formulate the task that the human wants the robot to perform as a Markov

decision process: M = ⟨S,A, T, r,H⟩. Here s ∈ S is the state of the robot and a ∈ A

denotes the robot action. For instance, in our motivating example the robot’s state s consists

of its joint position and the position of objects in the scene, and the robot’s action a is its

joint velocity (e.g., a change in joint position). At timestep t the robot transitions to a new

state based on the dynamics st+1 = T (st, at). The task ends after a total of H timesteps.

Remember that — although the human knows what task the robot should perform — the

robot may be uncertain about the correct task. We capture this objective using the reward

function r : S → R. The reward function maps robot states to scalar values (where higher

scores indicate better states). To complete the task successfully the robot must maximize

the reward function; we will enable the robot to learn this reward function from physical

interaction.

Trajectory. During each iteration of the task the robot moves through a sequence of H

states. We refer to this sequence as a trajectory ξ ∈ Ξ such that ξ = (s0, s1, . . . sH).

Demonstrations. The first way that the human can physically communicate with the

robot arm is by providing demonstrations (see Figure 3.2). During a demonstration the

human kinesthetically backdrives the robot throughout a trajectory ξd. We refer to the set

of demonstrations as D = {ξd1 , ξd2 , . . .}, where each element of D is an H-length trajectory

that shows the entire task.

Corrections. During demonstrations the robot is passive throughout the entire interaction.

But when the robot attempts to perform the task autonomously, the human may intervene

to correct just a snippet of the robot’s motion. Let ξr ∈ Ξ be the trajectory that the



Figure 3.2: Different types of physical feedback. (Left) Humans can convey information
to robot arms by kinesthetically guiding the robot through a demonstration of the task.
Demonstrations provide high-level information about the entire trajectory. (Middle) To
refine a specific part of the robot’s motion humans may make physical corrections. These
corrections fine-tune the robot’s behavior. (Right) Over repeated interactions the human
will observe multiple robot trajectories. Humans can rank these trajectories (i.e., give their
preferences) to indicate when the robot is making a mistake. We note that preferences are
not physical — in the sense that the human does not apply forces or torques — but preference
feedback naturally emerges when humans and robots occupy the same space and the human
can physically observe the robot’s behavior.

robot is autonomously executing, and let ξc ∈ ΞC ⊂ Ξ be the human’s correction. We

emphasize that ξc includes fewer than H timesteps, and the human only physically intervenes

to push, pull, and guide the robot during ξc. Let the set of human corrections be written as

C = {(ξr1 , ξc1), (ξr2 , ξc2), . . .}. Each correction consists of both the robot’s initial trajectory

and the human’s modification.

Preferences. For demonstrations and corrections the human is physically in contact with

the robot arm. But the human and robot are also sharing the same space: and thus the

human can observe the robot’s trajectories and provide feedback about its behavior. Hence,

the final way that the human conveys information to the robot is through preferences. We

define a preference query as a set of k trajectories ranked in order by the human: Q = {ξ1 ≻

ξ2 ≻, . . . ,≻ ξk}. Put another way, the human thinks ξ1 better aligns with the task’s reward

than ξ2. We group the human’s preferences into a set Q = {Q1, Q2, . . .}, where each element

of Q is a set of k ranked trajectories.



3.2.1 Preliminaries: Learning Rewards with Known Features

In order to formulate our problem we first need to explain how other methods learn rewards

from demonstrations, corrections, and preferences. Remember that we defined the reward

function r as an arbitrary mapping from states to scores. Related works such as [1, 4, 48, 62,

132] introduce structural bias by assuming that the reward function is a linear combination

of features:

rθ(s) = θ · ϕ(s) (3.1)

Here ϕ : S → Rn is the feature vector and θ ∈ Rn is a weight vector. Features capture

metrics that are potentially relevant to the current task. Within our running example from

Figure 3.1, features could include the robot’s distance from the chair, the angle of the chair

leg, and the orientation of the chair. The robot is given these features a priori and must

determine which features are important to the human; i.e., the robot is given ϕ and must

learn θ. Sticking with our running example, the robot should learn to assign higher weight

to the angle of the leg and lower weight to the orientation of the chair.

If we assume that the robot has access to the task-relevant features — and thus the reward

is structured as in Equation (3.1) — we can use Bayesian inference to learn the correct

weights θ. Let P (θ | D, C,Q) be the probability of weights θ given the human’s previous

demonstrations, corrections, and preferences. Applying Bayes’ rule, and recognizing that

each type of feedback is conditionally independent, we reach:

P (θ | D, C,Q) ∝ P (D | θ) · P (C | θ) · P (Q | θ) · P (θ) (3.2)

Here P (θ) is the prior distribution over θ, and the P ( · | θ) terms capture the likelihood of

the observed demonstrations, corrections, or preferences given that the human has reward

weights θ. Previous works have found expressions for these likelihood functions [62]. For



instance, we can model humans as approximately optimal, so that human inputs with higher

rewards are increasingly likely [132]: P (ξd | θ) ∝ exp(
∑

s∈ξd θ · ϕ(s)). What is important

here is that — if we assume access to the task-relevant features — inferring θ simplifies to

Equation (3.2).

This preliminary approach makes sense if robots have access to all their reward features

a priori. In practice, however, robots will inevitably face tasks they did not expect and

features that were not pre-programmed [3]. Consider our motivating example: when we

first bring this robot arm onto the factory floor, will the robot understand the features of

chair orientation or leg attachments? Human users should not be forced to hand-engineer

features for each new task and environment; when the features are available, the robot arm

should make use of their structure — but when the human’s physical interactions are not

aligned with any known feature, the robot should not be constrained to misspecified feature

spaces [6]. Instead, we will develop robots that can learn reward functions without requiring

predefined features.

3.2.2 Problem: Learning Arbitrary Rewards from Physical Inter-

action

Our goal is (a) to learn the task reward function from demonstrations, corrections, and pref-

erences and then (b) to leverage this learned reward to identify an optimal robot trajectory

that performs the task autonomously. To remove the reliance on features — and enable

the robot to learn arbitrary task rewards — we will model the reward function as a neural

network:

Rθ(ξ) =
∑
s∈ξ

rθ(s) (3.3)



Here θ is the weights of the neural network, rθ(s) is the learned reward at state s, and Rθ(ξ)

is the cumulative reward along trajectory ξ. If features are available we can incorporate

them within this formulation. Define s =
(
s, ϕ(s)

)
as an augmented state vector which now

includes both the system state and the features ϕ(s). Returning to Equation (3.3), we learn

a reward model rθ that maps this augmented state to reward values: cases where the task

reward simplifies to θ · ϕ(s) are a special instance of our more general formulation.

We have chosen to learn a reward function because it provides an avenue to unify demon-

strations, corrections, and preferences. In the next section we will develop an algorithm to

train this reward function from each different type of physical interaction.

3.3 Unifying Demonstrations, Corrections, and Prefer-

ences

Our learning approach is based on comparisons. Recall that our underlying hypothesis is

that the human’s inputs — whether they are demonstrations, corrections, or preferences —

are intentional improvements to the robot’s behavior. Put another way, the reward model

in Equation (3.3) should assign higher scores to human trajectories than to nearby alterna-

tives. In this section we apply our insight to develop a unified learning algorithm. First, we

explain how to generate trajectory deformations that we can compare against the human’s

inputs. Next, we train the reward function to score the human’s demonstrations, correc-

tions, or preferences higher than these noisy alternatives. Finally, we leverage constrained

optimization to convert our learned reward model into a robot trajectory. Throughout this

section we consider both passive communication (where the human chooses how to physi-

cally intervene) and active information gathering (where the robot prompts the human to



uncover the correct reward function). We emphasize that our resulting approach is flexible,

and humans can teach the robot using whichever physical feedback modalities they prefer.

3.3.1 Learning the Reward Model

Generating Trajectories for Comparison. Given an input trajectory ξ we first seek to

generate a nearby alternative ξ̂. The intuition here is that the human chose to input ξ and

not ξ̂ — and thus the robot should assign higher rewards to ξ as compared to ξ̂.

To create alternatives we propagate noisy perturbations along the input trajectory following

the approach outlined in [133, 134]:

ξ̂ = ξ +Mλ (3.4)

Here λ ∈ RH is a noise vector that the designer selects andM ∈ RH×H is a symmetric positive

definite matrix that defines a norm on the trajectory space. Our approach is not tied to any

specific choice of M or λ; however, for our experiments we selected the acceleration norm



Figure 3.3: Generating trajectories for comparison. In this example the human moves a
2-DoF point mass robot along a sine wave. We record the initial trajectory ξ, and then
apply Equation (3.4) to generate smooth perturbations ξ̂. Our learned reward model should
score ξ as a better trajectory than any of the alternatives ξ̂.

[133, 134] in order to get smooth trajectory deformations of ξ:

M = (ATA)−1, A =
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(3.5)

Each deformation uses the same M and a new vector λ. In our experiments we sampled λ

from a zero-mean Gaussian distribution, and for every sampled λ we generated the corre-

sponding ξ̂ — to visualize this process, we show an example ξ and the generated alternatives

ξ̂ in Figure 3.3.

Learning from Demonstrations. Now that we have a way to generate nearby trajectories,



we will learn the reward function by comparing these alternatives to the human’s inputs. We

start with demonstrations. Assuming that the human provides near-optimal demonstrations,

the robot should learn to match each demonstration ξd ∈ D. More formally, the robot

should learn a reward model such that R
(
ξd
)
> R

(
ξ̂d
)
, where ξ̂d is a deformation found

using Equation (3.4).

Let P (x ≻ y | θ) be the likelihood — from the robot’s perspective — that trajectory x has

higher total reward than trajectory y given that the robot has learned reward weights θ.

Inspired by prior work on human decision making and Luce’s choice axiom [135, 136, 137],

we write this probability as a softmax-normalized distribution:

P
(
ξd ≻ ξ̂d | θ

)
=

expRθ

(
ξd
)

expRθ

(
ξd
)
+ expRθ

(
ξ̂d
) (3.6)

Remember that we want the robot to assign higher rewards to ξd as compared to ξ̂d. When

this happens we have that P
(
ξd ≻ ξ̂d | θ

)
→ 1 in Equation (3.6). Accordingly, to drive the

probability P
(
ξd ≻ ξ̂d | θ

)
→ 1, we train the reward model to minimize the cross entropy

loss [3, 56, 57, 61]:

LD(θ) = −
∑
ξd∈D

Eξ̂d∼ξd

[
logP

(
ξd ≻ ξ̂d | θ

)]
(3.7)

Note that in Equation (3.7) we sum the cross entropy loss across every demonstration ξd ∈ D,

and for each demonstration we sample a set of nearby trajectories ξ̂d. Reward models that

minimize Equation (3.7) will assign higher scores to trajectories that are like the human’s

demonstrations, and lower scores to trajectories that are different from these demonstrations.

Learning from Corrections. During demonstrations the human backdrives the robot

throughout the entire task; but during corrections, the human only fixes a snippet of the

robot’s trajectory. Given the robot’s initial trajectory and the human’s correction of this

snippet — i.e., (ξr, ξc) ∈ C — we recognize that R
(
ξc
)
> R

(
ξ̂r
)
, where ξ̂r is the segment of



the robot’s trajectory that the human has intentionally modified. More generally, we assume

that the human’s correction shows the robot the right way to perform this part of the task.

We therefore have R
(
ξc
)
> R

(
ξ̂c
)
, where ξ̂c is a deformation of just the human’s correction.

Following the same derivation that we applied for demonstrations, we reach the following

loss function for corrections:

LC(θ) =
∑

(ξr,ξc)∈C

− log
expRθ

(
ξc
)

expRθ

(
ξc
)
+ expRθ

(
ξ̂r
)−Eξ̂c∼ξc

[
log

expRθ

(
ξc
)

expRθ

(
ξc
)
+ expRθ

(
ξ̂c
)] (3.8)

Minimizing Equation (3.8) encourages the robot to learn a reward function that classifies ξc

as a better trajectory than both the original segment ξ̂r and perturbations ξ̂c of the human’s

correction.

Learning from Preferences. As a final form of feedback the human operator can rank

the robot’s physical trajectories. Consider the robot arm in Figure 3.1: each time the robot

attempts to add a chair leg, the human onlooker might score the robot’s performance, and

mark whether trajectory ξi is better or worse than trajectory ξj. We emphasize that these

preferences provide a direct comparison between pairs of trajectories. Here we cannot assume

that the human’s preference is better than any other alternative; since the human’s feedback

only indicates that ξi ≻ ξj, the reward model should learn R
(
ξi
)
> R

(
ξj
)
. Summing across

the preferences Q ∈ Q, we obtain the loss function:

LQ(θ) = −
∑
Q∈Q

∑
(ξi≻ξj)∈Q

log
expRθ

(
ξi
)

expRθ

(
ξi
)
+ expRθ

(
ξj
) (3.9)

where (ξi ≻ ξj) is any pair of human-ranked trajectories from preference Q. Intuitively,

Equation (3.9) trains the reward model to rank the robot’s trajectories in the same order as

the human operator.



The human may passively provide these rankings over the course of repeated interactions.

Alternatively, the robot can actively prompt the human by rolling out a set of trajectories

and asking for the human’s preference. The goal of these active prompts is to reduce the

robot’s uncertainty about the correct task reward. To formalize this uncertainty we train

an ensemble of m rewards with weights E = {θ1, θ2, . . . , θm}. Each of these reward models

is a separate instantiation of Equation (3.3), and is trained using the same demonstrations,

corrections, and preferences. Let x and y be two robot trajectories. If all reward models

agree on the relative scores of these trajectories — e.g., if Rθi(x) > Rθi(y) for each θi ∈ E

— then the robot is confident that x ≻ y. But in cases where the reward models disagree

— for example, if Rθ1(x) > Rθ1(y) while Rθ2(x) < Rθ2(y) — then we do not know which

trajectory is better at the task. At times when the reward models disagree the robot needs

additional human feedback to resolve its uncertainty.

To actively learn about θ we will query the human by physically showing two robot tra-

jectories, ξ1 and ξ2, and asking the human to choose which option they prefer. Humans

may indicate that ξ1 ≻ ξ2 or ξ2 ≻ ξ1. Remember that we do not know beforehand how the

human will respond to the robot; accordingly, we select ξ1 and ξ2 such that — no matter

which option the human chooses — the robot maximizes the information it gains about the

unknown task reward θ:

(ξ∗1 , ξ
∗
2) = arg max

ξ1,ξ2∈Ξ
I
(
θ; ξi | (ξ1, ξ2)

)
(3.10)

Here (ξ∗1 , ξ∗2) is the greedily optimal query, ξi is the human’s preferred trajectory, and I is the

information gain [138]. Following the derivation in [4], we find that the expected information



gain from query (ξ1, ξ2) across the ensemble E of reward models becomes:

I
(
θ; ξi | (ξ1, ξ2)

)
=

1

m

∑
ξi∈Q

∑
θ∈E

P
(
ξi ≻ ξ−i | θ

)
log2

(
m · P

(
ξi ≻ ξ−i | θ

)∑
θ′∈E P

(
ξi ≻ ξ−i | θ′

)) (3.11)

where ξi is the trajectory the human prefers, ξ−i is the other trajectory, and P
(
ξi ≻ ξ−i | θ

)
is

the softmax-normalized distribution from Equation (3.6). In practice, Equation (3.11) looks

for a query where (a) each reward model in the ensemble is confident about the relative

scores of ξ1 and ξ2, but (b) some reward models think that ξ1 ≻ ξ2, while other reward

models think ξ2 ≻ ξ1. We note that this active learning step is entirely optional. The

robot still uses Equation (3.9) to learn from human preferences regardless of whether they

are obtained passively or actively. However, as we will show in our experiments, actively

selecting prompts using Equation (3.10) accelerates the robot’s reward learning and resolves

uncertainty across the ensemble of reward models.

Putting It All Together. We have identified loss functions that train the reward model to

match the human’s demonstrations, corrections, and preferences. For each of these interac-

tion modalities we have a common theme: the human’s inputs should be scored higher than

the alternatives. Our final step is to unite Equation (3.7), Equation (3.8) and Equation (3.9)

into a single loss function:

L(θ) = LD(θ) + LC(θ) + LQ(θ) (3.12)

We note that Equation (3.12) is our parallel to the Bayesian inference from Equation (3.2).

We outline the implementation procedure for our approach in Algorithm 1. By controlling

the number of comparisons for each feedback type (Nd, Nc and Np), we can adjust their

relative weight. Within our experiments we assign an equal importance to each of the



Algorithm 1 Learning from Multiple Forms of Feedback
1: Randomly initialize the ensemble of reward models with weights E i = {θi0, θi1, · · · θim}
2: Initialize the Demonstration, Correction and Preference buffers D, C,Q
3: Initialize the number of noisy alternatives for D, C and Q: Nd, Nc, Nq

4: for i = 0, 1, 2, · · · do
5: Initialize the rankings buffer B
6: if i = 0 and Demonstration Provided then
7: D ← ξd
8: else if Correction Provided then
9: C ← ξc

10: else if Preference Provided then
11: Q ← Q
12: end if
13: for j = 1, 2, · · ·Nd do
14: Generate noisy alternative ξ̂jd for ξd ∈ D ▷ see eq. 3.4
15: B ← (ξjd ≻ ξ̂d)
16: end for
17: for j = 1, 2, · · ·Nc do
18: Generate noisy alternatives ξ̂jc for ξc ∈ C ▷ see eq. 3.4
19: B ← (ξjc ≻ ξ̂c)
20: end for
21: for j = 1, 2, · · ·Nq do
22: Sample a preference qj ∈ Q
23: B ← qj

24: end for
25: Update the reward models E i
26: end for

feedback types. For our approach, the users can choose to provide any form of feedback to

the robot by indicating their choice on a user interface. Previous work has proved that it

is optimal to start with passive forms of feedback (e.g. demonstrations) before collecting

active feedback (see Theorem 2 in [4]). Following this, the default order for our simulations

and user study is demonstrations, then corrections, followed by preferences.

Given the human’s inputs, we train an ensemble of reward models that minimize L(θ). Each

reward model is a fully connected network with two hidden layers and leaky rectified linear

activation units. The output of the reward model is bounded between −1 and +1 using



tanh(·). Our ensemble includes three independently trained reward models: each model

optimizes its weights using the Adam learning rule with an initial learning rate of 0.001

[139]. To compute the reward of a state s we take the average score from rθ1(s), rθ2(s), and

rθ3(s). We retrain the reward models after each new demonstration, correction, or preference

from the human.

3.3.2 Optimizing for Robot Trajectories

The first half of our formalism is learning a reward function (or ensemble of reward functions)

from the human’s physical interactions. In the second part of our approach we convert this

reward model rθ into a robot trajectory ξr. Related approaches use reinforcement learning

to identify the trajectory that maximizes rθ [56, 57, 58, 59, 60, 61]; however, we recognize

that reinforcement learning may not be appropriate for physical human-robot interaction.

Here the human and robot are occupying the same space, and it becomes time consuming

or unsafe for the robot to test multiple trajectories through the trial-and-error process of

reinforcement learning.

Recall that our intended application is manipulation tasks for robot arms. Within this

setting we take advantage of the underlying robot kinematics to solve for the optimal robot

trajectory. More formally, we leverage constrained optimization to convert the reward model

into a robot trajectory:

ξr = argmax
ξ∈Ξ

∑
θ∈E

∑
s∈ξ

rθ(s) s.t. ξ(0) = s0, ξ(H) = sH (3.13)

Here s0 is the start position of the robot arm (e.g., its current position) and sH is a desired

goal position. In practice, the goal position may not be known or there might not be

a goal in the first place; in this case we leverage Equation (3.13) without the constraint



ξ(H) = sH . Recent research on trajectory optimization has developed several approaches

for Equation (3.13) [140, 141, 142]. Our formalism does not rely on any specific optimizer;

in our experiments we use sequential quadratic programming to solve Equation (3.13) and

identify the optimal robot trajectory ξr.

Summarizing our Algorithm. At the start of the i-th interaction the robot has an ensem-

ble of reward models with weights E = {θ1, θ2, . . . , θm}. The robot applies Equation (3.13)

to identify the optimal trajectory under the learned rewards, and then uses shared control

to track this desired trajectory ξr. The human onlooker may intervene to kinesthetically

guide the robot through the task, physically correct the robot’s motion, or rate the robot’s

overall behavior. We add this human feedback to the dataset of demonstrations D for the

first interaction (i.e. if i = 1), and to the dataset corrections C, or preferences Q for all

other interactions (i > 1).The robot then updates its reward models to minimize the unified

loss function in Equation (3.12) — the robot leverages these updated rewards to the start of

interaction i+ 1.

3.4 Simulation 1: Learning from Multiple Forms of In-

teraction

Now that we have developed a unified learning framework for physical human-robot inter-

action, we will compare different versions of our approach to the state-of-the-art baselines.

As discussed in Section 2, several approaches learn from humans using physical interactions.

Some of these approaches learn end-to-end models that capture the user’s preferences for the

task and learn a policy from the feedback provided, while others assume some knowledge

over the features in the environment. In the latter, the features capture the task-specific



concepts and are assumed to be prior knowledge of the tasks that the robot may need to

perform. In this section, we perform a detailed comparison of various physical interaction

approaches that learn from demonstrations, corrections and preferences, and their various

combinations.

Independent Variables. We test eleven algorithms that learn from physical interactions.

Among these eleven algorithms, seven are different versions of Our approach, i.e. using only

demonstrations (Ours (D)), only corrections (Ours (C)), only preferences (Ours (P)),

demonstrations + corrections (Ours (DC)), demonstrations + preferences (Ours (DP)),

corrections + preferences (Ours (CP)) and demonstrations + corrections + preferences

(Ours (DCP)). We include three baselines that learn end-to-end networks without us-

ing any predefined features – human-gated behavior cloning (BC) [141], adversarial inverse

reinforcement learning (AIRL) [143] and a method for learning from demonstrations and

preferences developed for Atari games (Atari) [56]. We also use one baseline that assumes

prior knowledge of the features in the environment and learns from a combination of demon-

strations, corrections and preferences (RRIC) [62].

During BC, the robot learns a policy from the human’s initial demonstrations. The robot

then shows the trajectory to the human and the human can intervene to physically cor-

rect and improve the robot’s behavior at any point in the trajectory. AIRL utilizes the

demonstrations and corrections provided by the human to recover a reward function. The

robot then optimizes that reward function to generate new behaviors, and compares them to

the human’s original inputs. We used the repository from [59] to implement AIRL. Atari

uses a two-step approach. First the robot leverages the human’s demonstrations to learn a

policy using imitation learning methods. The robot then shows the human sample trajec-

tories generated using the learned policy, and the human indicates their preferences. These

preferences are then used to learn a reward function that we optimize by applying the soft



actor-critic algorithm and generating queries in Atari. Finally, in RRIC the robot assumes

full knowledge of the features in the environment and the reward function is modeled as a

linear combination of these features. Based on the demonstrations, corrections and prefer-

ences provided by the human, feature weights are updated using Bayesian Inference. Ours

directly learns a mapping from states to reward values and generates a trajectory to optimize

that reward.

Procedure. The simulated human and a simulated robot performed two tasks (Table and

Laptop) with each algorithm (see Fig. 3.4). For each of these tasks, the simulated human is

teaching the robot to carry a cup of coffee to a goal position. In Table, the human wants the

robot to carry the cup of coffee close to the table; in Laptop, the human wants the robot to

avoid going over the laptop while moving to the goal location. For this experiment we used

a 7-DoF Franka-Emika Panda robot arm. The robot did not have access to the task reward

function. The simulated human knew their reward function and provided demonstrations,

corrections, and preferences to optimize that reward and teach the robot.

Within this experiment we kept the number of interactions between the simulated human

and the robot constant for each method. For BC and AIRL, the simulated human provided

6 demonstrations. For Atari the human first provided 2 demonstrations and then asked for

4 preferences to the human. RRIC received an even split for each feedback type: 2 demon-

strations, 2 corrections and 2 preferences. Similarly, all different versions of Ours received

an even split for each feedback type that version is meant to incorporate. For example, Ours

(D) was given 6 demonstrations and Ours (DC) used 3 demonstrations and 3 corrections.

Dependent Variables. The simulated human worked with the robot to provide feedback

across 6 interactions, and the robot optimized its learned reward to produce its final trajec-

tory. We measured the performance of the robot by computing the regret of this learned



Figure 3.4: Experimental results for simulated humans paired with a Franka Emika robot
arm. (Left) we compare different versions of our approach to state-of-the-art end-to-end
learning baselines as well as a feature-based approach that combines multiple forms of feed-
back. (Center) 15 simulated humans perform each task (Laptop and Table) using all the
end-to-end learning algorithms. (Right) The simulated humans perform each task with a
feature-based learning algorithm. We record the performance of the robot after learning
from each approach in the form of regret and report the average regret and standard error.
Ours (DCP) significantly outperforms all other versions of our approach (p < .05). Ours
(DCP) has a significantly lower average regret as compared to the end-to-end learning meth-
ods (p < .05) and performs at par with RRIC. We emphasize that RRIC has access to all
relevant features in the environment, while Ours learns the reward function from scratch.

trajectory:

Regret(ξ) =
∑
s∈ξ∗

rθ∗(s)−
∑
s∈ξ

rθ∗(s) (3.14)

where rθ∗ is the true reward function for the task, ξ∗ is the optimal robot trajectory for the

task, and ξ is the robot’s learned trajectory. Regret quantifies how much worse the robot’s

learned behavior is than the ideal behavior: lower values of regret indicate better robot per-

formance.

Hypothesis. For this simulation, we had the following hypotheses:

H1: Our proposed approach with demonstrations, corrections, and preferences, Ours (DCP),

will outperform our approach with only one or two types of feedback.



H2: Ours (DCP) will outperform the end-to-end learning baselines.

H3: The performance of Ours (DCP) will match RRIC with known features.

Results. Our results for this simulation are summarized in Fig. 3.4. Performing a repeated

measures ANOVA test (Normality of data verified using Q-Q plots) with a Greenhouse-

Geisser correction, we found that the robot’s learning algorithm had a significant effect on

the regret (F (1.818, 140) = 61.939, p < 0.05). By contrast, we found that the task did not

have a significant effect on the regret (F (1, 14) = 3.073, p = 0.101). Thus, we report the

combined regret for both the tasks in our results.

From the regret plots in Fig. 3.4 (Center), we observe that by combining all three forms

of feedback our approach outperforms all other versions of Ours where we use only one or

two forms of feedback (p < 0.05). This provides support for our hypothesis H1. We also

observe that Ours (C) and Ours (DC) have a lower regret compared to Ours (D), Ours

(P), Ours (DP) and Ours(CP). This is a result of the iterative nature of the corrections

as compared to the demonstrations, where the human provides all inputs at once before the

robot updates its reward model.

We also notice that the end-to-end learning approaches perform at par with or better than

some versions of Ours when only one or two types of feedback are available to our approach.

While Atari and Ours (DP) receive the same forms of feedback, the regret for Atari is

higher owing to the limited amount of data available for training. We observe that BC

has a lower regret than Ours (D), but performs at par with Ours (C). This suggests

that the performance of Ours improves when it receives incremental feedback from humans.

However, when all three forms of feedback are made available to our approach, Ours (DCP)

significantly outperforms all the end-to-end learning models (p < 0.05). This suggests that

learning from multiple types of feedback is more effective than learning from just one or two

types of feedback. Here, we find support for H2.



Finally, we compare Ours (DCP) to RRIC, which has access to the features in the envi-

ronment and learns using all three forms of feedback within a Bayesian inference framework

(see Fig. 3.4 (Right)). We observe that the performance of Ours (DCP) is comparable

to RRIC (p = 0.548). This suggests that Ours — an approach that learns the reward

end-to-end without any features — can perform as well as a Bayesian Inference approach

that requires prior knowledge of all the features. Here we find support for our hypothesis

H3.

3.5 User Study: Multiple Forms of Physical Interac-

tion

So far we have evaluated our method in controlled experiments with simulated human users.

In this section we will test our unified approach on actual participants. These participants

physically interact with a 7-DoF robot arm by applying forces and torques, and communicate

their intended task to the robot through demonstrations, corrections, and preferences. We

compare our algorithm to interactive learning baselines that combine multiple types of human

feedback. Here we explore scenarios where the robot must learn the task from scratch: our

method and the baselines have no prior knowledge of the features or the tasks that the

participants want to complete. Users must communicate their desired tasks through physical

interaction. Videos of our user study are available at https://youtu.be/FSUJsTYvEKU.

Independent Variables. We tested four different algorithms that learn from physical

interaction. Similar to Section 3.4, our baselines include human-gated behavior cloning (BC)

[16], adversarial inverse reinforcement learning (AIRL) [143], and a method for learning from

preferences and demonstrations developed for Atari games (Atari) [56]. Ours leverages the

https://youtu.be/FSUJsTYvEKU


Figure 3.5: Learned trajectories and objective results from our in-person user study. (Top)
Participants physically interacted with a 7-DoF robot arm that had no prior knowledge
about the tasks. The robot learned from physical interactions using our approach and
imitation learning baselines that combine multiple feedback modalities. (Middle) The final
trajectories the robot learned with each method. Five users taught the robot the Table task,
five users taught the Proximity task, and five users taught the Cup task. During each task
the robot needed to reach a goal position within the white rectangle. We trace the xyz
position of the robot’s end-effector; within the Cup task the robot also needed to maintain
specific orientations. (Bottom) The regret between the robot’s learned trajectory and ideal
trajectory. Lower values of regret indicate that the robot completed the task correctly, and
the error bars plot standard error of the mean. Ours outperforms AIRL and Atari on the
Table and Cup tasks (p < .05), and Ours has a lower regret than all the baselines for the
Proximity task (p < .05).



unified algorithm introduced in Section 3.3. We emphasize that each of these approaches

learns without pre-defined features. The implementation of each of these approaches follows

the procedure described in Section 3.4.

Experimental Setup. Participants physically interacted with a 7-DoF Franka Emika robot

arm. During the user study humans tried to teach this robot three tasks (see Figure 3.5). In

Table the robot had to reach the goal while carrying a cup close to the table; in Proximity the

robot had to move to a goal region while staying away from the user. Note that the nature

of these two tasks is similar to that of the experiments performed in Section 3.4. In this

user study we introduce a new task, Cup, where the participants teach the robot to complete

a scooping action and then pour the cup at the goal position. We asked participants to

mark their goal at the start of each interaction. To encourage more diverse human inputs,

participants were instructed to change their goal position within a marked region between

interactions.

Participants and Procedure. For our user study we recruited 15 participants from the

campus community (5 female, average age 25± 4 years). Participants gave informed written

consent prior to the start of the experiment under Virginia Tech IRB #22-308.

The participants were divided into three groups of five people. Each group of participants

performed a single task (i.e., participants only taught the table task, the proximity task, or

the cup task). Importantly, users taught this task with all four of the robot learning algo-

rithms. The order of the algorithms was counterbalanced using a Latin square design: e.g.,

some participants began with Ours, and others began with BC. For each learning algorithm

the human and robot started over from scratch: the robot had no prior information, and the

human provided new demonstrations, corrections, or preferences to convey their task.



For BC and AIRL the human provided 6 demonstrations1. With Atari the participant first

provided 2 demonstrations and then the robot asked for 4 preferences (to reach a total 6

interactions). Finally, observing the result from Section 3.4, that multiple forms of feedback

enable a better learning, we provide our approach with all three forms of feedback. We

divide Ours evenly between each type of physical feedback: users gave two demonstrations,

corrections, and preferences (to maintain a total of 2 + 2 + 2 = 6 interactions).

Dependent Variables. After participants finished providing their inputs, the robot lever-

aged its learning algorithm to identify a final trajectory. We measured how effectively this

final trajectory completed the intended task. More specifically, we applied 3.14 to quantify

the regret between the robot’s actual behavior and the ideal task behavior.

We also administered a 7-point Likert scale survey [144] to assess the participants’ subjective

responses to each learning condition. Our survey questions were organized into four multi-

item scales: how easy it was to physically provide feedback to the robot, whether the robot

learned to perform the task correctly, how flexible the robot was to different types of physical

interaction, and if they would prefer using this method in the future. Every participant

completed this survey four times: once after they finished working with each robot learning

algorithm.

Hypothesis. For our user study we had the following hypotheses:

H4: Robots using our unified learning approach will perform the task better after the same

number of physical human interactions.

H5: Participants will subjectively prefer our learning algorithm as compared to the baselines.

Results. The objective results from our user study are presented in Figure 3.5, and the
1For BC and AIRL we gave users the option of providing corrections that only modify a segment of the

robot’s behavior. However, since the robot’s learned behavior after two demonstrations was far from the
user’s intended task, participants chose to keep demonstrating the entire trajectory. Note that neither BC
or AIRL can learn from preferences.



Table 3.1: Questions on our Likert scale survey. We grouped questions into four scales
and tested their reliability using Cronbach’s α. We explored whether providing feedback
to the robot was easy, the robot learned the task, if the users liked the flexibility of using
different feedback forms, and if they preferred to use the method in future. Computed p-
values indicate if users preferred our approach to the baselines, where ∗ denotes statistical
significance.

Questionnaire Item Reliability F(3,42) p-value
BC AIRL Atari

—It was easy to provide feedback to the robot. 0.863 1.707 0.486 0.7 0.185—Providing feedback to the robot was challenging.
— The robot learned to perform the task correctly. 0.911 11.982 p <0.05* p <0.05* p <0.05*— The robot’s motion did not align with what
I was trying to teach the robot.
—I liked showing different types of feedback. 0.789 0.225 0.689 0.571 0.427—I preferred just showing one type of feedback repeatedly.
— I would use this method in the future. 0.806 4.263 0.353 p <0.05* p <0.05*— I would prefer another approach that I tried
if I was to do this again.

Figure 3.6: Subjective results from our in-person user study. Higher ratings indicate user
agreement (e.g., a score of 7 indicates that it was easier to provide physical feedback). Error
bars show standard error of the mean, and an ∗ denotes statistical significance (p < .05).
After watching the final trajectory learned by each approach, participants rated Ours as a
better learner than the baselines. Users also preferred Ours to AIRL and Atari.



subjective responses are summarized in Figure 3.6. Let us start with the objective results:

After verifying the normality of the data using Q-Q plots and performing a repeated measures

ANOVA test on our results, we found that the robot’s learning algorithm had a significant

main effect on regret (F (3, 12) = 6.942, p < .05). Looking at Figure 3.5 we notice that the

regret for Ours is consistently lower than the baselines. Here lower regret is better — this

indicates that the robot learned trajectories better matched the human’s intended task. We

can directly observe this trend from the final trajectories shown above: notice that Ours

consistently moves to the goal region and completes the task, while the alternatives produce

noisy, inconsistent motions. Post hoc comparisons confirm that Ours outperformed AIRL

and Atari on the Table and Cup tasks (p < .05), and that Ours had an overall lower regret

than all baselines for Proximity task (p < .05). We observe that given the limited amount of

data (only 6 interactions), Ours has lower average regret with a low variance across all three

tasks. On the other hand, Atari and BC fail to learn the task representations accurately

from the same limited amount of data, and thus have a higher variance in their performance.

Overall, the results shown here and in the video submission indicate that our unified learning

approach was best able to synthesize the human’s physical inputs and learn the correct task

from scratch.

Next we consider the results from our Likert scale survey in Figure 3.6 and Table 3.1. After

confirming that the scales were reliable (Cronbach’s α > 0.7), we grouped each scale into a

single combined score and performed a one-way repeated measures ANOVA on the results.

When users watched the robot’s final learned behavior they perceived Our approach as a

better learner than the baselines (F (3, 42) = 11.982, p < .05), and when they considered

their experience teaching the robot they preferred to use Ours over the AIRL and Atari

approaches (F (3, 42) = 4.263, p < .05). One confounding factor here is the about of time

it took for the robot to learn from human’s demonstrations. With Ours and BC the en-



tire process from teaching the robot to autonomously completing the task took roughly 10

minutes, while with AIRL and Atari it took more than 15 minutes on average (this addi-

tional time was needed to train the robot’s policy). Participants may have preferred Ours

and BC in part because they completed the training process more quickly. However, our

overall results support hypothesis H5 and suggest that participants subjectively perceived

our unified approach as a better learner from demonstrations, corrections, and preferences.

3.6 Simulation 2: Learning with Known and Unknown

Features

Now that we have tested our approach against baselines that learn end-to-end models, we will

compare our approach to state-of-the-art baselines that use the knowledge about the features

in the environment to learn the reward weights. As we discussed in Section 3.2.1, several

related works learn from combinations of demonstrations, corrections, and preferences by

assuming that the reward function is based on features. These features capture task-relevant

concepts (e.g., the orientation of the chair leg) and are programmed using prior knowledge of

the tasks the robot will need to perform. Here we consider situations in which the robot must

learn expected tasks — i.e., cases where the features apply — as well as unexpected tasks

where the pre-programmed features are insufficient. We conduct these experiments with

simulated humans that provide inputs to real robot arms. Overall, we break this section

down into two parts: (a) a comparison to physical interaction approaches that learn from

demonstrations and corrections, and (b) a comparison to learning approaches that combine

demonstrations and preferences.



3.6.1 Learning from Demonstrations and Corrections

Independent Variables. We consider two baselines for learning from physical demonstra-

tions and corrections: Coactive [1, 2] and FERL [3]. In Coactive the robot assumes that

it knows all the features for the current task; based on the human’s inputs, the robot builds

a reward function from these features and then selects the optimal trajectory. By contrast,

in FERL the robot recognizes that it may be missing some task-related features. Here the

robot leverages the feature demonstrations (feature traces) provided by the human to first

learn the unknown features — once it has a model of these features, it then applies the same

method as Coactive to build the reward function. Remember that our proposed approach

(Ours) does not rely on features. Instead, we learn a mapping directly from states to re-

wards; for cases where the features are given, Ours can incorporate those features in the

augmented state to be used as an input to our reward model (for learning and execution).

Note that here, our reward model has the same information about the features as the other

approaches (i.e. if Coactive and FERL have information about only 1 feature, Ours also

has information about only one feature).

Procedure. The simulated human and real robot performed three tasks with each learning

algorithm (see Figure 3.7). For all three tasks the human is teaching the robot to reach

a goal position. In Table the human wants the robot arm to move close to the table; in

Laptop the human wants the robot arm to avoid passing above a laptop; and in Cup the

human wants the robot arm to carry a cup upright so that it does not spill. Each task has

two potential features: the goal that the robot should reach (e.g., distance to the goal) and

the way the robot arm should move towards that goal (e.g., height from the table, distance

from the laptop, or orientation of the cup). For these experiments we used a 6-DoF UR10

robot arm. This robot did not know the task reward function. To teach the real robot in

a controlled setting, we used a simulated human: the simulated human knew the correct



reward, and provided demonstrations or corrections that optimized this reward.

We seek to understand how our approach compares to baselines both when the robot has

prior knowledge about the task and when the task is new or unexpected. Accordingly, we

tested three different conditions: (a) when the robot knows all task-related features, (b)

when one task-related feature — Laptop, Table or Cup — is missing, and (c) when the robot

does not know any features of the task.

Dependent Variables. The simulated human worked with the real robot to provide 20

inputs (i.e., demonstrations and corrections) over repeated interactions. For Coactive and

Ours the first input is a task demonstration, and the remaining interactions are corrections.

For FERL the type of input depends on the number of unknown features. When all the

features are given, FERL also starts with a task demonstration followed by corrections.

But when any feature is missing, the human first provides 10 feature demonstrations per

missing feature. After these offline demonstrations (which are meant to teach features to

the robot), the human provides one task demonstration and corrections similar to Coactive

and Ours. Thus, each method receives one task demonstration and 19 corrections to learn

the task (the feature demonstrations are not included as part of the 20 interactions). After

each interaction we measured the performance of the learning robot using equation 3.14.

Hypothesis. For this experiment we had the following hypotheses:

H6: Our method will match the baselines when all the features are known.

H7: Our method will outperform both Coactive and FERL when one or more features are

missing.

Results. Our results are visualized in Figure 3.7. Note that this figure is a grid: the columns

are the tasks, and the rows are the amount of prior knowledge that the robot has about the

tasks. To analyze the results we first verified the normality of our data using Q-Q plots and



Figure 3.7: Experimental results for simulated humans paired with a UR10 robot arm.
(Left) We compare our approach to two existing algorithms that learn from physical inter-
action. Coactive [1, 2] assumes that the reward is composed of pre-programmed features,
and FERL [3] learns features from human demonstrations before constructing a reward
function from those features. (Right) Over repeated interactions 10 simulated humans input
demonstrations and corrections to teach the Table, Laptop, and Cup tasks. The columns
correspond to the tasks, and the rows capture the prior information the robot has about
each task. In the first row the robot is given all task-related features, in the middle row
the robot is missing one feature, and in the bottom row the robot has no prior information
about the task. The plots show regret (the difference in reward between the ideal trajectory
and the learned trajectory), and the shaded regions show the standard error. At the end
of all 20 interactions Ours performs similar to or worse than Coactive and FERL when
all features are known. If one or more feature is missing, however, Ours outperforms both
baselines.



then performed a repeated measures ANOVA with Greenhouse-Geisser correction. We found

that the robot’s learning algorithm had an effect on regret across all tasks and conditions:

F (1.040, 18) = 29.063, p < 0.05.

To understand this result we next explored how the robot’s performance changed based on

the amount of prior information available to the learning algorithm. In the first row of

Figure 3.7 we consider scenarios where all the task-related features are known. For example,

during the Table task the robot knows that the reward is a function of the distance from the

goal and the height of the end-effector. Overall, we found that — when all features are given

— Ours performs on par with or worse than the baselines by the end of all 20 interactions.

Post hoc tests revealed that for the Table task Ours matched the alternatives (Coactive:

p = 0.788, FERL: p = 0.790). During Laptop our method performed similarly to Coactive

(p = 0.117) but had higher regret than FERL (p < 0.05). Finally, within Cup both FERL

and Coactive outperformed our approach at the last interaction (p < 0.05) These results

partially support hypothesis H6: when the robot is given prior information about all the

features, existing methods leverage this structure to accurately learn the human’s reward.

Our approach starts with worse performance because it does not make assumptions about

the reward function and must learn to focus on the given features.

However, the relative performance changes once the robot encounters new or unexpected

tasks. In the second row of Figure 3.7 we test settings where the robot knows one feature

(distance to the goal) but does not know the other task-related feature. Because Coactive

assumes that all the features are given, it treats each human input as an observation about

the correct distance to the goal (and never realizes that the human’s inputs may be com-

municating something else). FERL takes a step towards resolving this problem by trying

to learn the missing feature from the first four interactions. But post hoc tests reveal that

our proposed learning approach matches or outperforms the feature-based alternatives. For



the Table task there are no statistically significant differences between Ours andCoactive

(p = 0.074), but Ours has a lower regret than FERL (p < 0.05). On the other hand,

during Laptop and Cup our method leads to less regret than both the baselines by the end

of the physical interactions(p < 0.05). This trend continues in the final row of Figure 3.7

where the robot has no prior information about the task reward. Here Ours outperforms

both baselines across all three tasks (p < 0.05). Overall, these results suggest that when the

robot encounters situations where it has incomplete information, our unstructured reward

learning approach is better able to capture the correct task than baselines that depend on

task-related features. We therefore find support for H7 when the robot is learning from

physical demonstrations and corrections.

3.6.2 Learning from Demonstrations and Preferences

Independent Variables. So far we have compared our approach to baselines developed

specifically for physical interaction when learning from demonstrations and corrections.

Next, we turn our attention to alternate approaches that learn from demonstrations and

preferences [56, 57, 58, 59, 62]: although these methods are not designed only for physical

interaction, they can be applied to our setting. Here we compare Ours to DemPref [4],

a recent approach that combines both demonstrations and preferences to build a model of

the human’s reward function. Like Coactive in the previous experiment, DemPref as-

sumes that the reward function is composed of features, and the robot knows all the relevant

features for the current task. In this experiment, we aim to study the trade-off between

our proposed approach and approaches that utilize Bayesian inference to learn the task

representation from human feedback.

The DemPref algorithm has two parts. First, the robot gets demonstrations from the



human to learn a rough estimate of the reward function; next, the robot actively queries the

human to elicit their preferences and fine-tune the learned reward. Recall from Section 3.3

that under our proposed approach the robot can collect human preferences passively or

actively. We will therefore consider two different versions of Ours: one where the robot

gets the human’s preferences from randomly chosen trajectories, Ours (Passive), and one

where the robot applies Equation (3.10) and Equation (3.11) to select preference queries

that will maximize the information the robot gains about θ, Ours (Active). To make the

comparison as fair as possible, we have given both DemPref and Ours the same dataset of

1000 trajectories from which to choose their preference queries. Each query in this dataset

was sampled by choosing a random goal in the robot’s workspace followed by generating two

noisy trajectories to the goal. Finally, to show that obtaining human preferences improves

the performance of our approach, we also include Ours (Demo), a baselines where the robot

learns from only one demonstration (without ever considering the human’s preferences).

Procedure. We perform this experiment in a controlled environment by pairing simulated

humans with a 7-DoF Franka Emika robot arm (see Figure 3.8). The environment has three

features: the distance of the robot from the bowl, the height of the robot from the table,

and the distance between the robot and the ball. For each learning algorithm we simulated

500 humans with randomly selected reward functions that depend on these three features.

Put another way, every simulated human assigns a different relative importance to the task

features following Equation (3.1). The robot does not know the human’s reward function a

priori. Over repeated interactions, the robot attempts to identify the correct reward (and the

corresponding optimal trajectory) from the demonstrations and preferences of the current

human user. Each simulated user selects their inputs to noisily optimize their internal reward

function.

This experiment is designed similarly to the simulation in Section 3.6.1. We want to explore



how our approach compares to DemPref in situations where the robot encounters a familiar

task and settings where the robot is faced with new or unexpected tasks. We therefore

compare Ours to DemPref (a) when all the features are known and (b) when one feature

is missing. Recall that the task has three potential features. For case where one feature is

missing, we performed separate trials where we removed either the first feature, the second

feature, or the third feature; we then report the average across these runs. Our approach

was never given any information about the features (i.e., Ours had no prior information

about the task).

Dependent Variables. The simulated human worked with the real robot over 11 inter-

actions. During the first interaction the human provides a demonstration, and during the

next 10 interactions the robot collects preferences. After each interaction the robot solves

for its best guess of the task trajectory: we measure the performance of the robot learner

using regret as defined in 3.14.

Hypothesis. For this experiment we had the following hypotheses:

H8: Our method will outperform DemPref when the robot does not know all the task-related

features.

H9: Our method will converge to the correct trajectory more rapidly when choosing active

preference queries as compared to passively collecting preferences or ignoring preferences

altogether.

Results. We summarize the results from this simulation in Figure 3.8. Remember that lower

regret scores are better: After testing for the normality of data using Q-Q plots, a repeated

measures ANOVA with Greenhouse-Geisser correction revealed that the learning algorithm

had a significant main effect on regret by the end of the interactions (F (1.994, 1996) =

366.897, p < .05).



Figure 3.8: Experimental results for simulated humans paired with a Franka Emika robot
arm. (Left) We compare our approach to DemPref [4], a method for learning from demon-
strations and preferences that assumes the robot has access to all task-related features.
(Right) 500 simulated humans attempt to teach the robot their desired task: each user pro-
vides one demonstration followed by 10 preferences. In DemPref (All) the robot knows
all three task-related features, in DemPref (Two) the robot is missing one feature, and in
Ours (Demo) the robot only observes a single demonstration. We compare these baselines
to our approach when the robot chooses preference queries at random, Ours (Passive), and
when the robot asks questions to gain as much information as possible, Ours (Active). The
shaded region is the standard error. Our approach outperforms DemPref when a feature
is missing and the robot must learn an unexpected task.



In settings where the robot encounters an expected task — i.e., when all the features of

the environment are pre-programmed into the robot arm — DemPref (All) outperforms

our proposed approach; Ours (Passive): p < .05 and Ours (Active): p < .05. However,

when the robot is missing a task-related feature DemPref (Two) becomes confused by the

human’s feedback. Looking at Figure 3.8, we notice that DemPref (Two)’s performance

decreases as the the human provides additional preferences: this occurs because the robot is

misinterpreting the human’s inputs as feedback about the two known features (instead of the

one missing feature). By the end of the physical interactions our proposed approach better

understands the unexpected task than the baseline; Ours (Passive): p < .05 and Ours

(Active): p < .05. Overall, the results here agree with hypothesis H8. From this result,

we conclude that when the robot has access to the environment features, Bayesian inference

approaches perform on par with or better than our proposed reward learning approach.

However, in more open-ended cases where information on reward functions is missing, Ours

is more suitable for robot learning.

We next compared different versions of our learning algorithm. First, we find that learning

from both demonstrations and preferences provides more information about the task than

learning only from the human’s initial demonstrations. Post hoc tests show that Ours

(Demo) has significantly higher regret than Ours (Passive) (p < .05) and Ours (Active)

(p < .05). Next, we tested to see whether actively selecting preference queries would lead

to faster adaptation than passive human feedback. Remember that for Ours (Active) the

robot asked questions using Equation (3.10), while for Ours (Passive) the robot chose

preference queries at random. We observe that Ours (Active) has significantly better

performance than Ours (Passive) across 500 users (p < 0.05). We conclude that hypothesis

H9 is supported when robots learn from demonstrations and preferences.



3.7 Conclusion

In this chapter we developed an alternate formalism for learning from physical human-robot

interaction that unifies demonstrations, corrections, and preferences. When humans and

robots share spaces, physical interaction is inevitable. Robots should leverage this interaction

to learn from the human and improve their own behavior. But physical interaction takes

many forms: humans can kinesthetically guide the robot throughout an entire task, fine-

tune snippets of the robot’s motion, or indicate which robot trajectories they prefer. Existing

methods either learn from one of these interaction modalities, or combine multiple modalities

by assuming prior information about the human’s task. Instead, we introduce an end-to-end

framework that (a) learns a reward function from scratch and then (b) optimizes this reward

function to obtain robot trajectories.

Our key technical insight was that we can unite demonstrations, corrections, and preferences

within the same framework by learning to assign higher rewards to these human inputs than

to nearby alternatives. We first described a way to generate trajectory modifications. Next,

we derived loss functions for learning from demonstrations, corrections, and preferences, and

used these loss functions to train an ensemble of reward models. We also enabled robots to

actively prompt the human and gain information about the correct task behavior. Finally, we

converted the robot’s learned rewards to robot trajectories using constrained optimization.

Our framework was specifically developed for robot arms performing manipulation tasks:

through simulations and a user study we compared our approach to multiple state-of-the-art

baselines. Our results indicate that — when the robot knows what tasks to expect — our

learning approach is comparable to existing methods that rely on pre-programmed features.

However, when the robot encounters unexpected tasks (or when the robot must learn a new

task from scratch), our method outperforms the interactive reward learning and imitation



learning baselines.

Limitations and Future Works. Our work is a step towards seamless communication

between humans and robot arms. Because our system can learn new behaviors, one prac-

tical concern is safety: we must ensure that the robot learns trajectories that are safe for

shared human-robot spaces. For instance, in our running example the robot arm should

never learn to swing towards the human or run into the table. If the designer knows these

safety constraints a priori we can embed them within our approach. Specifically, designers

could augment Equation (3.13) to constrain the robot to have a certain workspace or speed

thresholds. However, if designers do not impose any limits, we currently cannot guarantee

that our robot will learn human-friendly behaviors.

One assumption throughout our work is that the human’s inputs are noisily optimal. We

assume that — when the human provides a feedback — on average their input is better

aligned with their underlying reward function than the alternatives. However, in some

settings and modalities the human’s inputs may have a persistent bias, leading to suboptimal

demonstrations, corrections, or preferences. Imagine a person teaching a robot to move

across the table: if this human teacher cannot reach the opposite side of the table, all

of their demonstrations may only move the robot part of the way to their intended goal.

Existing works have explored methods for extrapolating from suboptimal demonstrations

to reach performance that exceeds the given feedback [58, 145, 146]. We hypothesize that

these methods could be combined with our reward learning approach by leveraging the

diverse types of human feedback. For example, the user may have a persistent bias in their

demonstrations but not their preferences (e.g., in our example the human cannot reach across

the table but they can compare two trajectories that do so). Hence, we envision an iterative

solution where the robot uses our approach to build a reward model from different types of

feedback while identifying which of these modalities are biased and which are reliable.



Chapter 4

Stable and Robust Online Learning

from Humans

In the previous chapter, we introduced an approach that can combine multiple forms of

feedback when learning online from human. One assumption in that approach was that

the human is noisily optimal and can always convey their desired feedback to the robot

successfully. However, the human’s actions can be biased, i.e. the human may not always be

able to provide accurate feedback. If we have some knowledge of the tasks that the human

may want to teach the robot, we can stabilize the robot’s learning rule around these known

tasks. In this chapter, we propose an approach that makes the robot’s learning rule robust-

by-design. This approach enables the robot to converge to the correct task representation

under a larger set of human inputs.

4.1 Introduction

Modern robots can learn end-user preferences in real-time from human feedback. For in-

stance, in Figure 4.1 a user physically corrects the robot arm to keep it away from a pitcher.

Based on this human input, the robot should learn to consistently carry cups farther from

pitchers. State-of-the-art paradigms for real-time learning apply online gradient descent,

where the robot updates a point estimate over the human’s preferences given the human’s
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Figure 4.1: Human physically correcting a robot arm to convey their reward parameters
θ∗. The robot learns online, and updates its point estimate θ after each human action.
(Left) When the human takes noisy or suboptimal actions, the given learning dynamics can
become unstable and fail to converge to θ∗. (Right) We learn how to modify these dynamics
to expand the basins of attraction and increase robustness to imperfect human inputs.

feedback [2, 5, 6, 45, 47, 66, 67]. While this learning approach is effective if the user pro-

vides clear and unambiguous feedback (e.g., perfectly correcting the robot’s motion), these

approximate learning rules can be highly sensitive to noisy, biased, and suboptimal humans,

leading to unstable robot learning [5]. In Figure 4.1, a human that over-corrects the arm

causes the robot to oscillate between avoiding and approaching the pitcher, continually in-

teracting without ever converging to the human’s true preference. This raises the question,

how can robots leverage online learning algorithms while ensuring robustness to suboptimal

human feedback?

Instead of maintaining a fixed learning rule, and relying on the human’s feedback to align

with that learning rule:



We propose a control-theoretic approach that modifies the robot’s learning rule to be more

robust-by-design.

Specifically, we model the robot’s learning algorithm as a dynamical system in the continuous

space of preference parameters. This formulation enables us to apply Lyapunov analysis to

robot algorithms that learn online from human inputs. We derive the basins of attraction, i.e.,

the range of human inputs that will cause the learning system to converge to the human’s true

preferences. We then introduce StROL, an algorithm that modifies the robot’s learning rule

to expand the basins of attraction, causing the robot’s estimate to converge to the human’s

true preferences under a larger set of human inputs. Designers can leverage StROL to shape

online learning rules to different users, tasks, and settings, enabling fast convergence despite

suboptimal human feedback. Returning to Figure 4.1, with StROL the human can provide

unintended forces — e.g., accidentally push too hard — and still convey their intended

preference.

4.2 Problem Statement

We consider interactive scenarios where robots learn from humans in real-time. This in-

cludes settings where the robot performs a task and the human is purely a teacher (e.g.,

a human physically correcting a robot arm), or settings where the human and robot are

both performing a task in the same environment (e.g., an autonomous car driving near a

pedestrian). In both settings the human has a task that they want to perform, and the

robot is trying to learn this task from the human’s actions. Here we formulate real-time

human-robot interaction as a dynamical system with two parts: state dynamics and robot’s

learning dynamics. We assume the state dynamics are known, and the robot is given some

initial learning dynamics (i.e., the designer provides the robot with a baseline learning rule).



Physical Dynamics. Let x ∈ X denote the system state. In our experiments x can be

the joint position of a robot arm, or the combined pose of an autonomous car and human

pedestrian. At each timestep t the human takes action uH ∈ UH and the robot takes action

uR ∈ UR. The system state transitions according to the known state dynamics:

xt+1 = f(xt, ut
H, u

t
R) (4.1)

The interaction ends after a total of T timesteps. We emphasize that the human and robot

only collaborate for a single interaction; the robot does not repeatedly work with the same

human across multiple, separate interactions.

Unknown Parameters. During interaction the robot optimizes its reward function. There

may be some aspects of this reward that the robot already knows— e.g., the robot arm should

carry water across the table. However, there are also parameters the robot does not know

— like whether the robot should avoid moving over the pitcher. Let the true objective be

R(x, θ∗) → R, where θ∗ ∈ Rd is a d-dimensional vector of correct reward parameters (e.g.,

the task that the robot should optimize for). Returning to our motivating examples, θ∗ could

capture how the robot arm should carry a glass, or where and when the pedestrian will cross

the road. The robot does not know θ∗ and must learn these parameters from human data

— specifically, observations of human actions.

Prior. Although the robot does not know θ∗ a priori, we assume the robot is given a prior

P (θ) over the continuous space of reward parameters. This prior captures which reward

parameters θ are likely and unlikely. For instance, in Figure 4.1 the prior could be a bimodal

distribution where it is likely that either (a) the human wants the robot to avoid the pitcher

or (b) the human does not care about moving over the pitcher. In our experiments we hand-

designed the priors as uniform or multi-modal distributions. More generally, these priors



could be gathered from human demonstrations, teleoperation data or pre-trained policies

[147], obtained from data driven models of human state occupancy [148], or queried from

large language models [75].

Learning Dynamics. The robot is trying to learn the true reward parameters θ∗. For

tractable, real-time learning, the robot maintains a point estimate of these true reward

parameters: this point estimate is the robot’s best guess of θ∗. Let θt denote the robot’s

point estimate at timestep t, where θ ∈ Θ lies in a continuous Euclidean space.

Building on the state-of-the-art in online learning from human feedback [2, 5, 6, 45, 67, 149],

we use gradient ascent to capture the deterministic dynamics of the point estimate:

θt+1 = θt + α · g(xt, ut
H, u

t
R, θ

t) (4.2)

Here α ≥ 0 is the learning rate and g(x, uH, uR, θ) → Rd is a function that determines how

the point estimate changes in response to human action uH. We can think of Equation (4.2)

as a dynamical system where θ is the “state” that updates at every timestep. We use the

term learning dynamics to refer to Equation (4.2) and g interchangeably. The choice of g is

up to the designer; in our analysis, the only requirement is that g in Equation (4.2) must

depend on human action uH.

Example. Below we list one common choice of learning rule. Let xH = f(x, uH, uR) be the

next state if the human takes action uH, and let xR = f(x, 0, uR) be the next state if only

the robot acts. Related works [2, 5, 6, 45] update the point estimate to increase the reward

for the human’s corrected state xH as compared to the default state xR:

g = ∇θ

(
R(xH, θ)−R(xR, θ)

)
(4.3)



We will use Equation (4.3) in our experiments. However, our underlying method is not tied

to this specific instantiation.

Perturbations. We have formulated human-robot interaction as a dynamical system with

state dynamics for x in Equation (4.1) and learning dynamics for θ in Equation (4.2). Ideally,

the estimate θ should converge towards the human’s preferences θ∗ so that the robot learns

the correct reward function. This could be straightforward if the human’s inputs uH exactly

aligned with the robot’s learning algorithm. Consider our motivating example of a human

teaching a robot arm how to carry a cup: if the human physically corrects the robot such

that g(uH) causes θt+1 → θ∗, then the robot will learn the correct task. But what if the

human is not a perfect teacher? We recognize that humans are suboptimal agents [150, 151],

and thus the dynamical system must be robust to perturbations in the human’s actions.

4.3 Shaping the Learning Dynamics to

Enlarge Basins of Attraction

In this section we present a control theoretic approach that modifies the learning dynamics

to be more robust-by-design. Our proposed method is based on stabilizing the learning

dynamics around the equilibrium θ = θ∗. More specifically, we leverage Lyapunov stability

analysis in Section 4.3.1 to derive the condition under which the error between θ and θ∗

is asymptotically decreasing. This condition defines the basins of attraction, i.e., the set

of human inputs that cause the robot’s point estimate θ to move towards the equilibrium

θ∗. Next, in Section 4.3.2 we introduce StROL, an algorithm that modifies the learning

dynamics to expand the basins of attraction. Given a prior over θ∗ and/or a model of the

human, StROL learns a correction term offline that is then added to the robot’s original
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Figure 4.2: Example of how StROL autonomously generates robust-by-design learning rules
that expand the basin of attraction. (Left) The robot does not know how it should carry a
cup near a laptop. When θ = +1 the human wants the robot to move straight to the goal,
and when θ = −1 the human wants the robot to avoid moving above the laptop. (Right)
Plots of the robot’s estimate θ as a function of the human’s action uH at the start state.
With the original learning dynamics g the learning is inconsistent and gradual (i.e., nearby
actions can convey either ignoring or avoiding the laptop). But StROL outputs the modified
learning dynamics g̃ to expand the basin of attraction, so that nearby actions teach the robot
the same parameters.

learning dynamics. We conclude with an example of our approach in Figure 4.2.

4.3.1 Deriving a Stability Condition

Humans do not always provide perfect, consistent inputs. Rather than assuming the human

selects a single optimal choice of uH to teach the robot, we are instead interested in the set

of human actions that convey θ∗. Put another way, under what conditions does the human’s

action uH cause the robot’s estimate θ to converge to θ∗?

To answer this question, we first introduce the modified learning dynamics g̃. Under these

new dynamics the robot’s estimate θ updates according to:

θt+1 = θt + α · g̃(xt, ut
H, u

t
R, θ

t) (4.4)



where Equation (4.4) matches Equation (4.2) with g̃ replacing the original term g. At this

point we do not know what to choose for the robot’s new learning dynamics. However,

our choice of g̃ should cause the robot’s estimate θ to converge towards the human’s true

reward parameters θ∗. Define et = θ∗− θt as the error in the robot’s estimate at the current

timestep, such that the equilibrium occurs when e = 0 and θ = θ∗. To identify the set of

human actions that cause the robot’s estimate to converge towards this equilibrium, we will

apply Lyapunov stability analysis.

Let the Lyapunov candidate function be V t = ∥et∥22. Note that this function is positive

definite and radially unbounded, i.e., the function cannot be 0 at any point except for the

equilibrium (θt = θ∗) and V t →∞ as et →∞. The time derivative of the candidate function

is:

V̇ ≊ V t+1 − V t = ∥et+1∥22 − ∥et∥22 (4.5)

For global asymptotic stability of the system around the equilibrium, according to Lya-

punov’s Direct Method we need that V̇ < 0 [152]. Substituting this condition into Equa-

tion (4.5), the sufficient condition for convergence becomes ∥et+1∥2 < ∥et∥2. Plugging in et

and the modified learning dynamics from Equation (4.4), we reach:

∥θ∗ − θt − α · g̃t∥22 < ∥θ∗ − θt∥22 (4.6)

Expanding this inequality and rearranging the terms, the sufficient condition for global

asymptotic stability is:

α2∥g̃t∥22 − 2α(et · g̃t) < 0 (4.7)

Equation (4.7) defines the basins of attraction as a function of the robot’s new learning rule

g̃(xt, ut
H, u

t
R, θ

t). Any human action uH which satisfies Equation (4.7) will cause the robot’s

estimate θ to converge to the true parameters θ∗. These stable human actions lie within



the basins of attraction. Conversely, any human action uH for which Equation (4.7) does

not hold will cause the magnitude of the error to increase and drive θ away from θ∗. This

set of unstable human actions lies outside the basins of attraction. We emphasize that the

stability condition derived in Equation (4.7) depends on how g̃ maps the human’s actions

to changes in θ: a given human action may satisfy Equation (4.7) for one choice of learning

dynamics g̃ but not for another. We also note that a more negative value in this constraint

means that the human action uH is causing θ to converge more rapidly.

4.3.2 StROL: Learning the Correction Term

Our Lyapunov analysis indicates that to enlarge the basins of attraction we need modified

learning dynamics g̃ that satisfy Equation (4.7) across a wider range of human inputs. We in-

stantiate these modified learning dynamics as the sum of the original term g and a correction

term ĝ:

g̃ = g + λĝ (4.8)

where g is short for g(xt, ut
H, u

t
R, θ

t), ĝ is short for ĝ(xt, ut
H, u

t
R, θ

t) and λ is a hyperparameter

that regulates the relative weights of these terms. The designer provides the original learning

rule g; our proposed StROL algorithm will autonomously generate the correction term ĝ.

More specifically, ĝ is a neural network that StROL learns offline so that the resulting g̃

satisfies Equation (4.7) for as many human inputs as possible.

In practice, if we are going to train ĝ using Equation (4.7), we must be able to evaluate

Equation (4.7) for different choices of g̃ = g+ĝ. This means sampling true reward parameters

θ∗ (to get the error e) and sampling human actions uH (to get g and ĝ). Under our proposed

approach the robot samples these values from the prior over reward parameters and a nominal

human model.



Prior. Within Section 4.2 we defined P (θ) as the prior over the human’s reward parameters.

Here we apply this prior to sample preferences θ∗ ∼ P (·). Intuitively, by learning ĝ across

parameters sampled from P (θ), we are training the modified dynamics to more rapidly

converge to reward parameters that are likely under the given prior.

Human Model. In addition to the prior, we assume access to a nominal human model.

This human model inputs reward preferences θ∗ and outputs actions uH the human might

take to teach those reward preferences. For example, an optimal human always takes actions

u∗
H that align with the original learning dynamics and drive the robot’s estimate θt → θ∗.

Offline, we can sample these optimal actions u∗
H by solving:

u∗
H

t = min
uH∈U

θ∗ − (θt + αgt), θ∗ ∼ P (θ) (4.9)

In practice the human’s actions are noisy and suboptimal. Without loss of generality, we

write the actions of a suboptimal human as uH = u∗
H + δ, where δ represents the noise, bias

or any other factor that perturbs the human. The choice of δ is up to the designer: StROL

is not dependent on any specific human model. For example, in our experiments we set

δ ∼ N (ϵ, σ), where σ is the variance from the optimal actions and ϵ is a consistent bias.

One limitation of StROL is that it requires the designer to provide a prior and human model.

Our experiments suggest that increasing the accuracy of both components will improve

StROL’s performance. However, neither component is strictly necessary: we find that StROL

outperforms the baselines when given an accurate prior but inaccurate human model, and

when given no prior but an accurate human model.

Offline Learning. We outline the offline training process for StROL in Algorithm 2. The

robot first generates a synthetic dataset D containing reward parameters θ∗ and human

actions uH. This dataset is generated using the prior and nominal human model. Next, the



Algorithm 2 StROL: Stabilized and Robust Online Learning
1: Define original learning dynamics g ▷ see Equation (4.3)
2: Randomly initialize correction term ĝ
3: for i = 1, 2, · · · do
4: Initialize the empty training dataset D
5: for j = 1, 2, · · · , N do
6: Sample (x, θ, θ∗) tuple, where θ∗ ∼ P (θ)
7: Get optimal actions u∗

H using Equation (4.9)
8: uH ← u∗

H + δ
9: Update the training dataset D ← (x, uH, θ

∗, θ)
10: end for
11: Compute the loss L using Equation (4.10)
12: Update ĝ to minimize L
13: end for

robot evaluates the stability condition in Equation (4.7) across the synthetic dataset:

L =
∑

θ∗,uH∈D

α2∥g̃t∥22 − 2α(et · g̃t) (4.10)

where loss function L is formed from the left side of Equation (4.7). The neural network ĝ is

then trained to minimize this loss function. Minimizing L optimizes the correction term ĝ so

that as many human actions from the dataset as possible lie within the basins of attraction

and cause the robot’s estimate θ to converge to the true parameters θ∗. As a result, StROL

outputs new online learning dynamics g̃ = g + ĝ which are autonomously designed to be

robust to suboptimal human inputs and enlarge the basins of attraction.

Example. In our experiments ĝ is a fully connected 5 layer multi-layer perception with a

rectified linear unit activation function. The output of ĝ is bounded by a tanh(·) activation

function such that ∥ĝ∥ ≤ ∥g∥. This prevents the correction term ĝ from overpowering the

original learning dynamics g. In Figure 4.2 we show an example of how our corrective term

modifies the learning dynamics to expand the basins of attraction. We first trained ĝ offline

using StROL (Algorithm 2). We next measured the estimate θ that the robot learned with



the original learning dynamics g and the modified learning dynamics g̃ = g + ĝ. In this

example ĝ expands the basin of attraction so that one region of human actions teaches the

robot to avoid the laptop (θ → −1), and the opposite region of human actions causes the

robot to ignore the laptop (θ → +1).

4.4 Simulations

In Section 4.3 we presented StROL, and approach for learning robust-by-design learning dy-

namics. In this section we perform controlled simulations to examine how StROL compares

to state-of-the-art baselines. We consider two simulated environments: (a) a multi-agent

driving scenario where the robot car needs to learn the human’s driving style to avoid a

collision, and (b) a household setting where the human physically corrects a robot arm.

In both environments we simulate suboptimal humans whose actions are sampled with in-

creasing levels of noise and bias. We also perform simulations to evaluate the sensitivity of

StROL to the hyperparameter λ and to test the performance of StROL when simulated hu-

mans change their reward preferences midway through the task (see A. For implementation

details, see our repository here: https://github.com/VT-Collab/StROL_RAL.

Independent Variables. We compare our proposed algorithm (StROL) to four baselines

that update θ using gradient-based learning rules. Gradient descent (Gradient) directly uses

Equation (4.2) with learning dynamics g. Users who provide clear and unambiguous feedback

can coordinate with Gradient to convey their reward preferences. But for suboptimal users,

the robot’s learning may be unstable and learn the wrong parameters. One-at-a-time (One)

[5] modifies these learning dynamics to account for noisy and imprecise humans: instead of

updating each element of θ at every timestep, the robot only changes the element of θ that

best aligns with the human’s action. The advantage of this approach is that it can help

https://github.com/VT-Collab/StROL_RAL


filter suboptimal human inputs. However, one downside is that the robot only ever learns

one reward parameter at a time, slowing down the overall learning. Misspecified Objective

Functions (MOF) [6] also modifies the learning dynamics in Equation (4.2) to accommodate

unexpected human behaviors. Specifically, here the robot ignores — and does not learn from

— human actions uH that are not aligned with any of the parameters in θ. Similar to One,

MOF helps the robot filter out accidental and suboptimal human inputs. However, because

the robot only learns from inputs that are optimal or close to optimal, this approach can

cause the robot not to learn anything (i.e., keep θ constant) when interacting with very noisy

humans.

Finally, we test an ablation of our proposed approach that we refer to as End-to-End (e2e).

In StROL the robot’s learning dynamics g̃ are the sum of the original dynamics g and

the corrective term ĝ. We hypothesize that g provides an important starting point (i.e., the

designer’s knowledge) about the correct learning dynamics. In e2e we test whether including

g is really necessary by setting g̃ = ĝ, and training the robot’s learning rule completely from

scratch. e2e uses the exact same network architecture for ĝ as StROL.

Environments. We tested two settings: a multi-agent Highway environment and a col-

laborative Robot environment.

In Highway a robot car is driving in front of a human car on a two-lane highway. We

simulate both vehicles in CARLO [153]. The cars start at randomized positions in the left

lane with the human behind the autonomous car. Both the human and robot cars have

two-dimensional action spaces. For this simulation, we consider three features, (a) distance

between the cars, (b) speed of the robot car and (c) heading direction of the human car

indicating whether the human will change lane. The robot’s goal is to minimize the distance

travelled and avoid any collisions. To train the corrective term ĝ in StROL and e2e we

assume a bimodal prior: either (a) the human car will change lanes and then pass the robot
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Figure 4.3: We compare StROL to state-of-the-art baselines in a multi-agent Highway en-
vironment (Top) and a collaborative Robot setting (Bottom). In Highway, the robot car
takes turns interacting with 250 simulated human cars and tries to predict whether it should
change lanes. We measure the Error between the robot’s learned estimate θ and the simu-
lated human’s objective θ∗. In Robot, 100 simulated humans teach a 7 DoF Franka-Emika
robot arm to reach for or avoid two stationary objects (also see Figure 4.2). We measure the
Regret over the robot’s learned behavior. For both environments we simulate humans with
different levels of noise and bias. During offline training, e2e and StROL expected 10%
noise in Highway and 25% noise in Robot. The left column corresponds to this training
setting. The other columns compare each method as the simulated human’s noise, bias,
and prior over θ∗ deviates from the training data. An ∗ represents statistical significance
(p < 0.05). A tabular version of these results is presented in our GitHub repository.

car (i.e. the human car does not care about distance but has a preference for speed and

change lane), or (b) the human will follow the robot until the robot switches lanes (the

human car does not want to change lane and maintains a minimum distance with the robot

car). Both the agents choose their actions using a model predictive controller.

In Robot a simulated human corrects a collaborative robot arm. The robot’s action space

is its 3-DoF linear end-effector velocity. The environment includes two objects: a cup and

a plate. The robot is not sure whether it should reach or avoid each object, and learns the

human’s preferences θ based on the human’s corrections. When training the corrective term

ĝ, the robot is randomly initialized in the environment and we assume that the human has



a bimodal prior over the features. The human likely prefers to either (a) reach the plate and

avoid the cup or (b) go to the cup and avoid the plate. During each interaction the simulated

human corrects the robot’s behavior over the first 5 timesteps. After each timestep the robot

updates its preferences θ and recomputes its trajectory to optimize for the learned reward

function.

For both simulation environments we set the robot’s initial estimate θ0 as the mean over the

prior P (θ). We also provided Gradient, One, and MOF with all the features of the task

as a part of their learning rule g from Equation (4.3).

Dependent Variables. We measured the accuracy of the robot’s learned estimate θ in both

environments. In Highway we recorded the Error between the learned parameters θ and

the true parameters θ∗, where Error = ∥θ∗ − θ∥. In the competitive, multi-agent highway

environment, error is especially important because if the robot incorrectly estimates θ, the

actions taken by the robot car can lead to a collision.

In the collaborative Robot setting, we explore whether the robot’s learned behavior aligns

with the human’s preferences. We measure the Regret across the robot’s learned trajectory:

Regret(ξ) =
∑
x∈ξ∗

R(x, θ∗)−
∑
x∈ξθ

R(x, θ∗) (4.11)

Here ξ∗ is the optimal trajectory for reward weights θ∗ and ξθ is the robot’s learned trajectory

(i.e., the trajectory that optimizes reward parameters θ. Regret quantifies how much worse

the robot’s trajectory is compared to the human’s ideal trajectory: lower values indicate

better performance.

Simulated Humans. We simulated humans with different priors and increasing levels of



suboptimality. More specifically, our simulated human chose actions according to:

uh = u∗
H + δ, δ ∼ N (ϵ, σ), θ∗ ∼ P (θ) (4.12)

where σ is controls the Noise and ϵ is the Bias. When training StROL and e2e we assumed

a given level of noise and zero bias. When training in the Highway environment we set

σ = 10% of the magnitude of the largest action, and in Robot we set σ = 25% of the

magnitude of the largest action. For Highway, the the correction term ĝ was trained offline

for 1000 Epochs (i.e. generating dataset D and updating ĝ 1000 times), while for Robot,

ĝ was trained offline for 500 Epochs. We then performed online simulations with increasing

levels of noise and bias, and with changing priors P (θ). Hence, the simulated human’s

behavior deviated from the training behavior that our approach expected.

Hypothesis. We had the following two hypotheses:

H1. StROL will outperform the baselines when the human’s behavior is similar to the

training behavior.

H2. When humans act in unexpected ways, StROL will perform better than or comparable

to the baselines.

Results. Our results are summarized in Figure 4.3. First we will breakdown these re-

sults for the Highway environment. Across all trials and conditions, a repeated measures

ANOVA found that the robot’s learning algorithm had a significant effect on learning error

(F (4, 996) = 32.1, p < 0.05). Looking at the error plots in Figure 4.3 (Row 1, Columns

2-3), when the human actions at test time are similar to the human actions during training,

StROL significantly outperforms all the baselines (p < 0.05). As the noise and bias in the

human’s actions increase (Row 1, Column 4), each algorithm performs similarly: StROL is

not significantly different from Gradient (p = 0.051), MOF (p = 0.98), or e2e: (p = 0.80).



The same trend occurs when the human’s θ∗ are sampled from an unexpected prior (Row 1,

Column 5). Put together, these results suggest that — when the human driver behaves sim-

ilar to the designer’s given model — StROL leads to robust robots that accurately predict

θ. In the worst case — where the human significantly deviates from prior and human model

— StROL is on par with existing methods.

We found similar trends when analyzing the Robot results. A repeated measures ANOVA

with a Greenhouse-Geisser correction (ϵ = 0.552) revealed that the choice of learning algo-

rithm had a significant effect on the regret (F (2.2, 218.5) = 1287.1, p < 0.05). The plots in

Figure 4.3 (Row 2, Columns 2-3) show that the robot’s regret is significantly lower when the

robot uses StROL (p < 0.05). As the humans become increasingly random, the regret for

StROL increases, but it is still lower than the baselines (p < 0.05). On the other hand, if

StROL is trained with an incorrect prior, StROL performs on par with the baselines, with

no significant differences (Gradient (p = 0.40), One (p = 0.30), and MOF (p = 0.31)).

Interestingly, we observed that the relative performance of e2e changed between Highway

and Robot. This may have occurred because of the complexity of the learning rule e2e

needed to recover. In Highway the autonomous car can estimate the human’s θ based purely

on how the human changes lanes. By contrast, in Robot the system needs to account for

both the robot’s position and the human’s inputs to recover θ. This suggests that we can

learn the learning rules from scratch in simple settings, but as the environment becomes more

complex, incorporating the original learning dynamics g becomes increasingly important.

4.5 User Study

To evaluate our approach in real-world environments, we next conducted an in-person user

study where participants interacted with a 7-DoF Franka-Emika Panda robot arm. During



each trial users attempted to teach the robot their desired reward by applying forces and

torques to the robot arm. We compared StROL to state-of-the-art approaches that learn

online from human interventions [5, 6]. Implementation details and videos of our user study

are provided here: https://github.com/VT-Collab/StROL_RAL

Independent Variables. We trained StROL offline using Algorithm 2. Similar to the

simulations in Sections 4.4, our baselines include One [5] and MOF [6].

Experimental Setup. A 7-Dof Franka-Emika robot arm carried a cup across a table that

contained a plate and a pitcher of water (see Figure 4.1). The robot started each trial by

following a trajectory generated using randomly initialized feature weights θ0. Users then

physically intervened to correct the motion of the robot arm to teach it three different tasks.

For Task 1 users taught the robot to carry the cup to the plate, while keeping the cup close

to the table and away from the pitcher. Task 2 was similar to Task 1, with the addition

that the users had to teach the robot to carry the cup at the correct orientation. Finally,

in Task 3 the users taught the robot to move away from all objects while keeping the cup

upright. Task 1 had three features (θ ∈ R3) while Tasks 2 and 3 had four features (θ ∈ R4).

These manipulation tasks with physical human corrections were similar to the user study

environments used in [6] and [5]. When training StROL offline the robot’s multimodal prior

included Task 1 and Task 2, but Task 3 involved a new region of reward parameters that

the learner did not expect.

Participants and Procedure. We recruited 12 participants from the Virginia Tech com-

munity (6 female, average age 23.5± 3.08). Participants gave informed consent prior to the

start of the experiment under Virginia Tech IRB #22− 755.

The participants performed all three tasks with each learning algorithm. The order of the

learning algorithms was counterbalanced using a Latin square design (e.g., some participants

https://github.com/VT-Collab/StROL_RAL
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Figure 4.4: Objective and subjective results from the user study in Section 4.5. Participants
physically interacted with a 7-DoF robot arm (see Figure 4.1) to teach it three different
tasks. The robot used StROL or other online learning methods [5, 6] to infer the human’s
reward parameters in real-time. (Left) The time users spent correcting the robot and the
regret across the robot’s learned trajectory averaged over all three tasks. (Middle) For each
individual task and participant (3 tasks × 12 participants) we plot their regret vs. correction
time. (Right) The average user ratings from our 7-point Likert scale survey. Error bars show
SEM and an ∗ denotes statistical significance (p < 0.05). A tabular version is presented in
our GitHub repository.

started with StROL, others started with One, etc.). Before each task the robot played the

ideal trajectory for that task (i.e., the robot showed the behavior that the participant should

teach to the robot). Between each trial the robot reset from scratch: the robot did not carry

over what it learned about θ from one trial to another.

We trained StROL offline to shape the learning dynamics. During training we used the

noisy human model in Equation (4.12) with σ = 25% of action magnitude and ϵ = 0. The

multimodal prior P (θ) used during training consisted of 3-4 modes; these modes includes the

desired behaviors for Task 1 and Task 2, but not for Task 3. We emphasize that StROL

was trained offline with simulated human data, and then deployed online to perform zero-

shot learning with real humans and improve the overall robot performance.

Dependent Variables. To analyze how accurately the robot learned, we measured the

robot’s Regret according to Equation (4.11). To analyze how rapidly the robot learned, we

measured the total amount of time the human spent correcting the robot arm (Correction



Time). We also administered a 7-point Likert scale survey to access the participants’ sub-

jective responses. Our survey questions were organized into two multi-item scales: whether

the users thought the robot learned to perform the task correctly, and how intuitive it was

for participants to teach the robot.

Hypothesis. We had the following hypotheses for this study:

H3. With StROL users will teach the robot more quickly (shorter correction time) and

accurately (lower regret).

H4. Participants will find StROL to be a more intuitive learner as compared to the baselines.

Results. We first explore hypothesis H3, and refer to the objective results portrayed in

Figure 4.4 (Column 1-3). A Repeated Measures ANOVA revealed that robot’s learning

algorithm had a significant effect on the correction time (F (2, 22) = 5.602, p < 0.05) and

regret (F (1.332, 14.651) = 9.108, p < 0.05). Post hoc comparisons showed that StROL had

significantly lower correction time and regret as compared to the baselines (p < 0.05) (see

4.4 Column 1-2). Column 3 in Figure 4.4 shows how a scatter plot of how the regret for

each learning algorithm varied with the correction time. Across all participants and tasks,

we observed consistently lower regret with StROL. But with One and MOF, there were

some cases where the teacher spent a long time correcting, and the regret remained high.

With One and MOF we also observed cases where the participants gave up teaching after

a few corrections, leading to a short correction time and high regret.

To explore hypothesis H4 we refer to the Likert scale survey in Figure 4.4 (Column 4).

After verifying that the scales used for the survey were reliable (Cronbach’s α > 0.7), we

grouped the responses for each scale into a combined score. A repeated measures ANOVA

(F (2, 70) = 21.301, p < 0.05) suggested that the users perceived StROL to be significantly

more intuitive than the baselines (p < 0.05). Similarly, a repeated measures ANOVA with

a Huynh-Feldt correction (ϵ = 0.807, F (1.6, 56.5) = 18.1, p < 0.05) revealed that after



observing the robot’s final behavior, the users thought StROL learned better than the

baselines (p < 0.05).

4.6 Conclusion

In this paper we presented a control-theoretic approach to learn robust-by-design online

learning rules for human-robot interaction. We introduced StROL, an algorithm that mod-

ifies the robot’s original learning dynamics to enlarge the basins of attraction and cause the

robot’s estimate θ to converge to the human’s true preferences θ∗ under a wider range of

human actions. Our simulations and user study show that robots can apply the modified

learning rules produced by StROL to more accurately and rapidly infer the preferences of

noisy, suboptimal, and real-world users.

Limitations. Our proposed approach augmented the initial learning dynamics g with a

correction term ĝ to reach the modified learning rule g̃ = g + ĝ. The relative weights of

g and ĝ must be tuned by the designer. If ĝ is unbounded, the learned correction term

may override g and constrain the robot learner into the basins of attraction, preventing the

human from teaching reward parameters θ that lie outside of these basins. Conversely, if the

designer constrains ĝ to be too small, then StROL will not have a significant effect on the

robot’s learning. In general, we recommend using a smaller value for λ when the robot does

not have access to a reliable prior or nominal human model. One possible way to tackle this

limitation and automatically tune the relative weights of g and ĝ could be inspired by [154].

During interaction the robot could infer how close-to-optimal the human teacher is using

Bayesian inference. For near optimal humans the robot could increase the weight of g so

that the human’s teaching is not adjusted by StROL. Conversely, for increasingly suboptimal

humans the robot could increase ĝ and leverage the robust learning facilitated by StROL.



Chapter 5

Controlling Covariate Shift with

Stable Behavior Cloning

So far we have explored scenario of online learning, where the human is available to provide

feedback to the robot to correct and improve its behaviors. But, a human may not always

be available to provide feedback. In such scenarios, the robot has to learn from the demon-

stration dataset that is provided. However, there may be states that the robot does not

observe in this dataset but encounters during task execution. In such situations, the robot

policy may take incorrect actions that may lead to unexpected outcomes. In this chapter,

we propose a behavior cloning algorithm that leverages local stability analysis to encourage

policy stability around the states seen in the demonstration dataset, without the need for

additional data or data augmentation.

5.1 Introduction

Behavior cloning enables robots to learn new tasks by imitating humans. Consider the air

hockey game in Figure 5.1. Here a human might show the robot arm a few examples of how

to block the puck. With behavior cloning, the robot learns to match the human’s actions,

so that — if the robot sees the puck moving like it did in one of the examples — the robot

mimics how the human expert blocked that puck. But what happens when the puck moves in

77



a new way (e.g., with a previously unseen angle or velocity)? This is an instance of covariate

shift, a difference between what the robot observes at training time and what the robot

encounters when executing its learned policy [20, 21, 155]. Covariate shift is a fundamental

problem for behavior cloning because it can lead to compounding errors: a small change

in the puck angle or velocity may cause the robot to take the wrong action, resulting in a

larger covariate shift and increasingly incorrect robot behavior (i.e., the robot misses the

puck entirely).

Existing research tries to prevent compounding errors and learn robust policies by focusing

on the data (i.e., the human examples) used during behavior cloning. For instance, when the

human provides initial demonstrations of their desired behavior, off-policy methods perturb

the human to collect more diverse examples [79, 80], or synthetically augment the human’s

demonstrations to gather a larger dataset [22, 82, 83]. Similarly, as the robot executes what

it has learned in the environment, on-policy methods encourage the human to correct the

robot when it makes mistakes, and then add these new examples to the robot’s dataset

[16, 31, 55, 84, 85, 86]. In either case, a core idea within existing works is that — if the robot

has sufficient and relevant data — it will return to the desired behavior when it encounters

novel states and situations.

In this chapter we introduce an alternate viewpoint for robust behavior cloning. Instead of

enhancing the data used to train the robot, we will focus on the control theoretic properties

of the robot’s learned policy. We hypothesize that:

Behavior cloned policies are robust when they stick to

what they know, i.e., when the robot remains close to the example motions that the expert

demonstrated.

Our intuition here is that compounding errors occur when the robot drifts away from its
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Figure 5.1: Robot playing air hockey by behavior cloning demonstrations D. The robot can
successfully hit the puck when it moves at an angle and velocity observed during training
(∈ D). However, when the puck moves at new angles or velocities (/∈ D), standard behavior
cloning (BC) misses the puck entirely because of covariate shift. To address this problem we
introduce Stable-BC, a variant of BC that encourages the system state to evolve similarly
to the expert’s demonstrated behaviors.

training distribution, and so we can avoid these errors by intentionally attracting the robot

back towards the dataset. We apply this hypothesis to formulate covariate shift as a dy-

namical system, and derive stability conditions that cause the robot to converge towards

behaviors the human has demonstrated. In practice, this results in a behavior cloning algo-

rithm with two loss functions. First, the standard loss that causes the robot policy to match

the human’s behavior, and second, a stability loss that makes the expert dataset a basin of

attraction. Robots that execute this learned policy are inherently robust to covariate shift:

e.g., when the puck’s angle and velocity in Figure 5.1 deviates from the dataset, the robot

extrapolates from the expert examples while still remaining similar to these demonstrated

behaviors.



5.2 Problem Statement

We consider settings where a robot is learning to imitate human behaviors. This includes

scenarios where the robot is acting in isolation (e.g., a robot arm reaching a goal position), as

well as interactive tasks where the robot must reason over other agents (e.g., an autonomous

vehicle at an intersection with a human-driven car). Offline the robot is provided with a

dataset of state-action pairs, and the robot applies behavior cloning to learn its policy. Our

objective is for the robot to extrapolate from the dataset to the learned policy, so that online

— when the robot executes this policy — the system is robust to covariate shift.

Robot. Let x ∈ X ⊂ Rm be the state of the robot and let u ∈ U ⊂ Rn be the robot’s

action. For instance, within our air hockey example from Figure 5.1, x is the position of the

paddle and u is the robot’s end-effector velocity. The robot’s state evolves according to the

dynamics ẋ(t) = f
(
x(t), u(t)

)
. We assume that the robot can observe its state x, and that

the robot has an accurate model of its own dynamics f .

Environment. During each task the robot interacts with its environment. This environ-

ment could consist of static goals, dynamic objects, or even other agents. We separate the

state of the environment from the state of the robot: let o ∈ O ⊂ Rd be the environment’s

state. Returning to our air hockey example, o could be the angle and velocity of the puck

the robot is trying to block. The environment state o updates according to its dynamics

ȯ(t) = g
(
x(t), o(t), u(t)

)
. We assume that the robot can observe the environment state o, but

we do not assume that the robot has access to the environment dynamics g. For instance,

when the robot arm moves to block the puck, the robot does not know how the angle and

velocity of the puck might change after collision.

Behavior Cloning. The robot is given a dataset D of N state-action pairs. Here the overall

system state (x, o) consists of both the robot’s state and the environment’s state. Hence,



the offline dataset is: D = {(x1, o1, u1), . . . , (xN , oN , uN)}.

Based on this dataset, the robot should learn a policy π that maps from system states to

robot actions: π(x, o) → u. We instantiate this policy as a neural network with weights

θ. Within standard behavior cloning algorithms the robot learns θ such that the policy’s

actions match the human’s actions across states in the dataset. More specifically, the robot

learns θ to minimize the loss function:

LBC(θ) =
∑

(x,o,u)∈D

∥πθ(x, o)− u∥2 (5.1)

Although the resulting policy is designed to mimic the human at states within dataset D, it

may fail to match the human when it encounters states outside of this dataset.

5.3 Stable Behavior Cloning

Our objective is to learn a robot policy that maintains the correct behavior despite covariate

shift. Here we return to our hypothesis: behavior cloning is robust when robots stick to what

they know, i.e., when robots remain close to the example motions the expert has demon-

strated. We will apply this hypothesis to introduce Stable-BC, a control theoretic approach

for behavior cloning. Stable-BC is based on the error dynamics between the system’s current

state and the states in dataset D. We define these error dynamics in Section 5.3.1, and derive

the stability conditions under which the error locally converges to zero. In practice, robot

policies that satisfy these stability conditions update the robot’s state to converge towards

behaviors in the dataset, mitigating the effects of covariate shift. We next apply our stability

analysis to derive new loss functions for behavior cloning when the robot has access to a

model of the environment (Section 5.3.2), and when the environment dynamics are unknown



(Section 5.3.3).

5.3.1 Error Dynamics and Stability Analysis

We start by formulating the error dynamics between the current state of the system and

the states observed during training. Let (x′, o′) be the current state, and let (x, o) ∈ D

be a labeled state from the training dataset. In order to remain close to behaviors that

the human expert has demonstrated, the robot should take actions so that a trajectory

starting at (x′, o′) converges towards a trajectory starting at (x, o). Recall that the robot

state x updates according to the dynamics ẋ = f(x, u), and the environment state o updates

according to dynamics ȯ = g(x, o, u). Utilizing these equations, the overall error dynamics

become:

ẋ′ − ẋ = f
(
x′, u′)− f

(
x, u
)

(5.2)

ȯ′ − ȯ = g
(
x′, o′, u′)− g

(
x, o, u

)
(5.3)

Compounding errors occur when (x′, o′) diverges from the dataset (x, o) ∈ D, i.e., as the

error grows over time. To mitigate compounding errors we therefore want to design the

robot’s policy such that Equations (5.2) and (5.3) converge to zero. Substituting u = π(x, o)

into the above equations, where π is the robot’s policy, and applying a first order Taylor

Series approximation around (x, o) ∈ D, we reach:

ẋ′ − ẋ =
(
∇xf +∇uf · ∇xπ

)
(x′ − x)

+
(
∇uf · ∇oπ

)
(o′ − o)



ȯ′ − ȯ =
(
∇xg +∇ug · ∇xπ

)
(x′ − x)

+
(
∇og +∇ug · ∇oπ

)
(o′ − o)

It is important to recognize that these equations are coupled. The covariate shift in the

robot state x is a function of the covariate shift in the environment state o, and vice versa.

This coupling is reflected in our motivating example from Figure 5.1: if the puck moves with

a new angle or velocity such that o′ is dissimilar from any o in the dataset (i.e., ∥o′ − o∥

is large), then this could cause the robot’s position x′ to increasingly diverge from labeled

states x.

Below we write the coupled system in standardized form:

ż = Az (5.4)

where z is the augmented error state, and A is a square matrix that captures the coupled

error dynamics:

z =

x′ − x

o′ − o

 , (5.5)

A =

∇xf +∇uf · ∇xπ ∇uf · ∇oπ

∇xg +∇ug · ∇xπ ∇og +∇ug · ∇oπ

 (5.6)

Ideally, we want the error dynamics ż = Az to be stable about the equilibrium z = 0. If

we achieve this stability, then the the behavior starting at the current system state (x′, o′)

will converge towards the demonstrated behavior starting at a labeled state (x, o). This

mathematically formalizes our original hypothesis: stabilizing Equation (5.4) encourages

the robot to take actions that remain close to the examples the expert has demonstrated.



Because matrix A is a local, linearized approximation of the error dynamics, we conclude

that ż = Az is locally stable if and only if matrix A is stable, i.e., if all eigenvalues of A

have negative real parts [156] (Theorem 7.1). When A is stable the system locally converges

towards z = 0. The rate of convergence is determined by the eigenvalues of matrix A, where

more negative eigenvalues result in faster convergence [156] (Theorem 7.2).

5.3.2 Stable-BC for Model-Based Settings

Overall, our analysis from Section 5.3.1 indicates that we can mitigate errors between the

system’s current behavior and the expert’s demonstrated behaviors by ensuring that matrix

A is stable. Inspecting Equation (5.6), we find that A depends upon the robot dynamics

f , the robot policy π, and the environment dynamics g. In this section we will focus on

model-based settings where the robot has access to all of these terms. Put another way,

here we assume that the robot not only knows its own dynamics f(x, u), but it also has an

accurate model of the environment dynamics g(x, o, u).

Stability vs. Performance. Within model-based settings the robot can directly compute

the A matrix. Accordingly — in order to make the matrix A locally stable — we simply need

to train the robot’s policy π such that all the eigenvalues of A have negative real parts across

each state (x, o) ∈ D. But just ensuring that A is stable does not mean that the robot has

learned to perform the task correctly. In fact, this stability can conflict with performance;

for instance, when A is stable the robot may converge to z = 0, and then remain at rest at

that local equilibrium instead of continuing to complete the task. In practice, we resolve this

theoretical conflict between stability and performance by training the robot to match the

expert’s demonstrations (standard behavior cloning loss) while also penalizing the robot’s



policy when A is unstable (our proposed addition). This leads to the loss function:

L(θ) =
∑

(x,o,u)∈D

[
∥u− πθ(x, o)∥2

+ λ
∑

σi∈eig(A)

ReLU(Re(σi))

] (5.7)

The first term in Equation (5.7) matches the original behavior cloning loss function from

Equation (5.1). Within the second term, σi∀i ∈ {1, 2, · · · } are the eigenvalues of A, Re(σ)

represents the real part of eigenvalue σ, and ReLU is the Rectified Linear Unit activation.

The constant λ > 0 is a hyperparameter set by the designer that determines the relative

weight of the two loss terms. In our model-based experiments, we choose λ = 10−4. Intu-

itively, a robot policy that minimizes Equation (5.7) mimics the expert’s actions across the

dataset D, while also shaping its policy to converge towards the demonstrated behaviors.

We directly use this loss function to train Stable-BC policies in model-based settings where

the robot has an estimate of g.

5.3.3 Stable-BC for Model-Free Settings

In practice, often robots do not have a model of how their actions will impact the envi-

ronment around them. In this section we therefore consider model-free settings where the

robot is not given the environment dynamics g(x, o, u). Model-free settings are challenging

because, without a model of g, the robot can only compute the top row of the A matrix in

Equation (5.6). In general, if we have no information about the environment dynamics g or

state o′, we cannot make guarantees about the overall stability of matrix A.

Bounded Stability. To resolve this issue we define ∥o′ − o∥ as the magnitude of the

environment’s covariate shift. In many settings it is reasonable to assume that this magnitude



is bounded, i.e., the environment in which the robot is performing its task is similar to

the environments seen during training. Moving forward, we will therefore assume that the

magnitude of the environment’s covariate shift has some upper bound ∥o′ − o∥ ≤ ϵ. Let

A1 = ∇xf + ∇uf · ∇uπ and A2 = ∇uf · ∇oπ. Substituting these terms in Equation (5.6),

the first row of the A matrix can be written as:

ėx = A1ex + A2eo, ex = x′ − x, eo = o′ − o (5.8)

Integrating both sides of this ordinary differential equation, we obtain: ex(t) = ex(0)eA1t +∫ t

τ=0
A2eo(τ)eA1(t−τ)dτ . Taking the matrix norm of the result, and substituting in the upper

bound for ∥eo∥ ≤ ϵ, we obtain an upper bound on the covariate shift in the robot’s state:

∥ex(t)∥ ≤ ∥ex(0)eA1t∥+ ∥A2∥ϵ
∫ t

τ=0

∥eA1(t−τ)∥dτ (5.9)

Intuitively, Equation (5.9) provides an limit on how far the robot state at test time, x′, could

diverge from the robot states during training, x. Similar to our approach from Section 5.3.1,

our goal here is to minimize the upper bound on this error and cause ∥ex∥ to converge

towards zero.

In order to minimize the right side of Equation (5.9) we propose to design the robot’s policy

π such that matrix A1 is stable. This causes ∥ex(0)eA1t∥ → 0, and thus Equation (5.9)

simplifies to ∥ex(t)∥ ≤ ∥A2∥ϵ
∫ t

τ=0
∥eA1(t−τ)∥dτ . Next, leveraging the properties of matrix

exponentials, we have that ∥eA1t∥ ≤ e∥A1∥t, where ∥A1∥ is the induced 2-norm of matrix A1.

Substituting this inequality back into the equation and solving the integral, we finally reach:

∥ex(t)∥ ≤
∥A2∥ · ϵ
∥A1∥

·
(
e∥A1∥t − 1

)
(5.10)



Algorithm 3 Stable-BC
1: Given: state-action pairs D and robot dynamics f
2: Initialize: robot policy πθ(x, o) with weights θ
3: for i ∈ 1, 2, · · · do
4: if g is available then
5: Compute loss L(θ) using Equation (5.7)
6: else
7: Compute loss L(θ) using Equation (5.11)
8: end if
9: Update robot policy θ ← θ − α∇θL(θ)

10: end for
11: return Trained robot policy πθ(x, o)

Equation (5.10) offers a useful upper bound on the robot’s state error. Provided that the

change in the environment state is bounded by ϵ, Equation (5.10) shows that the covariate

shift in the robot’s state is also bounded, and the magnitude of that bound depends on the

off-diagonal matrix A2. For instance, if we design the matrix A such that ∥A2∥ → 0, then

the upper bound on ∥ex(t)∥ also converges towards zero, and the robot’s behavior at test

time will remain similar to the examples given at training time.

Stability vs. Performance. To summarize our analysis, in model-free settings we cannot

directly stabilize matrix A. Instead, we enforce an upper bound on the covariate shift in the

robot’s state by designing policy π such that:

1. All eigenvalues of matrix A1 (the top left component of A) have negative real parts

2. The magnitude of matrix A2 (the top right component of A) is minimized

We note that the robot can compute both A1 and A2, since neither term depends on the

environment dynamics g.

Examining these two conditions we again find a conflict between stability and performance.



Specifically, if ∥A2∥ → 0, then ∇oπ → 0 and the robot’s policy no longer depends upon

the environment state o. From a stability perspective, this is desirable because ∥A2∥ = 0

means that the equations in Equation (5.4) are decoupled, and thus any error o′ − o will

not impact x′ − x. From a performance perspective, however, this is undesirable because

we often need the robot to make decisions based on its environment state. Consider our air

hockey example: to successfully hit the puck, the robot’s policy must reason over the state

of that puck. Similar to Section 5.3.2, we practically resolve this conflict by training a robot

policy that trades-off between mimicking the expert’s actions and satisfying the two stability

conditions. Our loss function for Stable-BC in model-free settings is:

L(θ) =
∑

(x,o,u)∈D

[
∥u− πθ(x, o)∥2 + λ1∥A2∥

+ λ2

∑
σi∈eig(A1)

ReLU(Re(σi))

] (5.11)

where σ are the eigenvalues of the sub-matrix A1. The first term in Equation (5.11) matches

the original behavior cloning loss function from Equation (5.1). The other terms enforce

our two conditions for bounded stability, and λ1 and λ2 are hyperparameters selected by the

designer. For our model-free experiments, we choose the relative weights of λ1 : λ2 = 1 : 100.

We note that this result for the model-free case is weaker than in the model-based case.

Within Section 5.3.2 we provided conditions for local asymptotic stability in both ex and eo;

by contrast, here we can only ensure bounded stability for ex assuming an upper bound on

the magnitude of eo.

Algorithm Summary. Given a dataset of state-action pairsD = {(x1, o1, u1) . . . (xN , oN , uN)}

and robot dynamics f , the robot uses the procedure outlined in Algorithm 3 to learn a be-

havior cloned policy that is locally stable around the expert demonstrations. We refer to

this approach as Stable-BC. If the robot has access to the environment dynamics g, then
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Figure 5.2: Simulation results from interactive driving. (a) An example rollout using BC and
Stable-BC. With BC the autonomous car gets stuck in the middle of the intersection. By
contrast, when using Stable-BC the autonomous car lets the human pass and then crosses
afterwards, resulting in a lower cost. (b-d) Average cost over 100 trials as a function of
the number of expert demonstrations. In (b) the testing environment matches the training
environment. In (c) the human agent ignores the autonomous car, and in (d) the autonomous
car starts from initial states outside of its training distribution. Shaded regions show SEM.
Ideal cost is the best-case scenario where the autonomous car’s learned policy exactly matches
the policy of the human teacher. In the bottom row we plot Stable-BC (solid orange) and
CCIL + Stable-BC (dashed orange).

we use Equation (5.7) as the loss function. Alternatively, if the environment dynamics are

unknown, the robot leverages Equation (5.11) as the loss function.

5.4 Simulations

In Section 5.3 we presented Stable-BC, our method for shaping behavior cloned policies

such that they have stable error dynamics. Next we will perform controlled simulations

that compare Stable-BC to standard behavior cloning and recent off-policy variants. We



consider three different tasks: (Section 5.4.1) an interactive driving environment where an

autonomous car and human vehicle are trying to cross an intersection, (Section 5.4.2) a single-

agent quadrotor environment where drone with nonlinear dynamics must safely navigate 3D

spaces, and (Section 5.4.3) a simple visual setting where a point mass uses RGB images

to estimate its goal position. The code for implementation can be found here: https:

//github.com/VT-Collab/Stable-BC

5.4.1 Interactive Driving

In our first simulation an autonomous car learns to cross an intersection while avoiding a

human driver (see Figure 5.2). This environment is challenging for the autonomous car

because it is interactive: even if the autonomous car matches the demonstrated behavior,

changes in how the human drives during policy execution can lead to covariate shift.

Environment. The autonomous car’s state x ∈ R2 is its position, and action u ∈ R2 is the

autonomous car’s velocity. State x updates with the known linear dynamics ẋ = u. During

each interaction the autonomous car tries to reach a static goal position on the opposite side

of the intersection while maintaining a safe distance from a human driver. Here o ∈ R2 is the

position of the human’s vehicle, and o evolves with unknown and nonlinear dynamics g(x, o).

The autonomous car is given a dataset D of offline demonstrations. In each demonstration

two simulated humans show how both vehicles should navigate the intersection. The initial

car positions x and o are uniformly randomly sampled from regions on the left and bottom of

the intersection. Then one simulated human expert drives the autonomous car while noisily

https://github.com/VT-Collab/Stable-BC
https://github.com/VT-Collab/Stable-BC


optimizing the following cost function:

Cost(x, o, c) = ∥x(t+∆t)− c∥ − ∥x(t)− c∥+

0.75 · ∥x(t)− o(t)∥ − 0.75 · ∥x(t+∆t)− o(t)∥ (5.12)

where c is the constant goal position. The first two terms of Equation (5.12) encourage

the car to move towards goal c, and the final two terms penalize actions that get closer to

the other vehicle o. Simultaneously, a second simulated human controls the human-driven

car while optimizing the same cost function (where x and o are switched). Each individual

demonstration results in 20 state-action pairs (x, o, u).

Methods. The autonomous car learns from these demonstrations using four different meth-

ods. We start with standard behavior cloning (BC) trained using Equation (5.1). Next, we

implement CCIL [22]: CCIL is a state-of-the-art off-policy approach that builds a dynam-

ics model from the dataset, and then leverages that model to synthetically increase the

number of expert state-action pairs. We compare these baselines to our approach applied

independently (Stable-BC), as well as our approach applied alongside CCIL. In CCIL +

Stable-BC we first use CCIL to enhance the offline dataset, and then train Stable-BC on

this augmented dataset.

We also compare Stable-BC to an Offline-RL algorithm CQL [78]. The detailed imple-

mentation of CQL and results for this comparison are provided in our GitHub repository.

Results. Our results are summarized in Figure 5.2. We report the autonomous car’s

total cost across an interaction, where the cost at the current timestep is computed using

Equation (5.12). In the top row we compare BC to Stable-BC, and in the bottom row

we compare CCIL and CCIL + Stable-BC. We also plot Stable-BC in the bottom row for

reference.



To evaluate the robustness of the learned policies, we executed each trained policy in three

different testing environments. We started with a testing environment that exactly matched

the training environment (left column). Next, we modified the dynamics g of the human-

driven car (middle column). Instead of moving to avoid the autonomous car with dynamics

g(x, o), now the simulated human was self-centered, and only reasoned over their own state

using dynamics g(o). Finally, we sampled the autonomous car’s initial state x(0) from regions

outside of the training distribution (right column). The human again used the training

dynamics g(x, o), but the autonomous car had to navigate around that human from new

regions of the workspace.

Summary. Across all testing environments, our results indicate that Stable-BC outperforms

BC and CCIL. This result suggests that the change in performance is not because Stable-BC

is overfitting to the training data, as evidenced by its performance in out-of-distribution en-

vironments. We also observe that the differences between Stable-BC and CCIL + Stable-BC

are negligible. This is a positive result because it suggests that our approach is more robust

to covariate shift in interactive settings, and that off-policy data-augmentation methods may

not be necessary when applying Stable-BC.

5.4.2 Nonlinear Quadrotor Navigation

In this simulation, we assess the performance of Stable-BC within a more complex, nonlinear,

high-dimensional (3-D) system. Specifically, we consider a quadrotor that must navigate

across a room populated with spherical obstacles (see Figure 5.3). The quadrotor’s state

x ∈ R6 includes its position (px, py, pz) and velocity (vx, vy, vz), and the quadrotor’s action

u ∈ R3 includes its acceleration uT , roll uϕ, and pitch uθ. State x evolves with nonlinear
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Figure 5.3: Simulation results for nonlinear quadrotor navigation. (a) An example trajectory
of the quadrotor flying around the 3D obstacles to reach its goal position. (b) Average success
rate with constant obstacles positions. (c) Average success rate when obstacle positions
change across interactions. We trained the system end-to-end 10 separate times, and then
performed 100 test rollouts with each trained model. Shaded regions show SEM.

dynamics:

ṗx = vx, ṗy = vy, ṗz = vz

v̇x = ag tanuθ, v̇y = −ag tanuϕ, v̇z = uT − ag

We examine two scenarios: (1) static obstacles and (2) randomly positioned obstacles in

each episode. For the first case, the quadrotor’s control depends only on its state x. Here,

the obstacle positions are implicitly contained in x, as both the environment layout and

target location remain constant. In the case of dynamically placed obstacles, we explicitly

introduce an environment state o ∈ R14, representing the obstacles’ positions in the yz-

plane. At the start of each episode, the quadrotor is initialized randomly on one side of

the room, aiming to reach a fixed target on the opposite side while avoiding seven obstacles.

The episode concludes successfully if the quadrotor reaches within 0.5 units of the target or

terminates in failure upon colliding with an obstacle or room boundary.



Methods. For both cases, we compare Stable-BC to two baselines: BC and DART [79].

DART is a state-of-the-art data collection approach that perturbs the expert while they

provide demonstrations to increase dataset diversity. As the robot collects expert demon-

strations offline, DART iteratively estimates the errors between the expert’s actions and

its current policy. DART then injects noise based on these errors when collecting new

demonstrations from the expert; this causes the expert to show the robot more diverse and

corrective behaviors. BC and Stable-BC are trained using the same offline dataset that does

not include DART’s perturbation procedure. To test the robustness of the learned policies

and simulate real-world conditions, we inject Gaussian noise into quadrotor’s actions at test

time.

Results. Our results are summarized in Figure 5.3, where we report the success rate,

defined as the fraction of trials in which the quadrotor reached its goal without colliding.

For all methods, the success rate increases when the robot is given more expert demonstra-

tions. In both scenarios, we observe that Stable-BC achieves a higher success rate with fewer

demonstrations as compared to the baselines. Specifically, while DART relies on perturbed

expert demonstrations to collect more diverse data, Stable-BC converges to best-case per-

formance more rapidly using only the original offline dataset. These results demonstrate

that Stable-BC can be effectively applied to nonlinear systems.

5.4.3 Point Mass with Visual Observations

Our final simulation examines whether Stable-BC extends to visual settings. Here a point

mass robot attempts to reach a 2D goal location. The robot’s state x ∈ R2 is its position,

and x updates with linear dynamics ẋ = u. In each interaction the start and goal position

are uniformly randomly sampled. However, the robot is not given direct access to the goal;
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Figure 5.4: Simulation results for visual observations. (a) The robot is trying to reach a
goal. At each timestep the robot observes image o where the goal position is marked by a
white pixel; here we show an example of one of these images. The goal position and robot
position are randomly sampled at the start of each new interaction. (b) Average distance
between the goal and the robot’s final position over 25 trials. Shaded regions show SEM.

instead, the robot observes an image o that displays the goal location in pixel space (see

Figure 5.4). The robot must learn a policy that moves towards this goal based on its current

position x and the visual observation o.

Methods. The images that the robot receives have 21 × 21 pixels. Offline, a simulated

expert shows the robot what actions to take in respond to these images: each demonstration

consists of a (x, o, u) pair (i.e., at state x, if the robot observes image o, it should take

action u). After collecting the set of these demonstrations, we first train an autoencoder

that embeds images o into a 10-dimensional latent space using the encoder E(o). We then

apply BC and Stable-BC to learn policies of the form π(x, E(o)). Both methods are trained

using the same demonstration data.

Results. In Figure 5.4 we plot the distance between the robot’s position at the end of



each interaction and the goal state (i.e., Final State Error). If the robot moves completely

randomly, the expected Final State Error is 10 units. Our results from this proof-of-concept

simulation suggest that Stable-BC can be applied to settings where o consists of visual

observations; we find that Stable-BC outperforms standard BC when given the same amount

of training data.

5.5 Air Hockey Experiment

In this section we evaluate Stable-BC in a real-world environment with user-provided train-

ing data. Specifically, we conduct imitation learning experiments where participants teach a

7-DoF Franka Emika robot arm to play a simplified game of air hockey. We compare Algo-

rithm 3 (Stable-BC) to standard behavior cloning (BC). Videos of our air hockey experiments

are available here: https://youtu.be/ZC3BjY1k18w

Experimental Setup. The robot’s task is to hit the hockey puck so that it bounces off the

opposite side of the table and returns to the robot (see Figures 5.1 and 5.5). The robot’s

state x ∈ R2 is the position of its end-effector on the surface of the air hockey table, and

action u ∈ R2 is the robot’s end-effector velocity. A camera is mounted directly above the

table to track the position of the hockey puck at a frame rate of 20 Hz. The environment

state o ∈ R4 is the current and previous position of the puck in this camera frame; o evolves

with unknown dynamics g(x, o, u). Because the robot does not have access to g, in this

experiment we applied the model-free version of our proposed Stable-BC algorithm.

Training Data. We recruited 10members of the Virginia Tech community to provide offline

training data. Participants gave their informed consent under IRB #23-784. We first gave

the participants 2 minutes to practice controlling the robot and hitting the puck. Once this

practice was complete, each participant teleoperated the robot to repeatedly hit the puck

https://youtu.be/ZC3BjY1k18w


against the opposite side of the table for ∼ 2.5 minutes. This resulted in ∼ 3000 state-action

pairs per user. We kept each user’s data separate, so that we obtained 10 different datasets

D1 . . .D10 that we used to test our approach.

Testing Procedure. Given the expert datasets D1 . . .D10, we trained robot policies using

BC and Stable-BC. We varied the amount of data the robot had access to during training —

e.g., we trained robot policies with 15, 60, and 120 seconds of expert data. For each amount

of training data we learned 10 different policies (one for every user’s dataset), and then we

tested the performance of each policy across 10 independent rollouts. The proctor started

every trial by pushing the puck towards the robot, and then the robot executed its policy to

autonomously and repeatedly hit the puck.

We quantified the performance of the robot learner by measuring the average number of

times that the robot consecutively hit the puck against the opposite side of the table without

missing it (Number of Successful Hits). If the robot successfully hit the puck 25 times in a

row, we terminated the trial there; i.e., 25 was the maximum possible number of successful

hits. However, successfully hitting the puck does not capture the quality of the robot’s

motion. To evaluate the quality of the robot’s motion, we also measured the Number of

Direction Changes per successful hit. A direction change was defined as a difference between

actions ut and ut−1 of more than 10 degrees.

Hypothesis. We had the following two hypotheses:

H1. Given the same training data, Stable-BC will achieve a higher number of successful hits

as compared to BC.

H2. Stable-BC will learn policies that output actions with fewer direction changes.

Results. Our results are summarized in Figure 5.5. A repeated measures ANOVA revealed

that both the robot’s learning algorithm (F (1, 9) = 19.03, p < 0.05) and the amount of
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Figure 5.5: Results for the air hockey experiment in Section 5.5. (a) Participants teleoperated
a 7 DoF robot arm to hit the puck. We collected their demonstration data offline, and then
used this data to train BC and Stable-BC policies. (b) We measured the number of successful
hits with different amounts of training data. Ideally, a robust robot policy will repeatedly hit
the puck, even when that puck travels with previously unseen angles and velocities. Both BC
and Stable-BC eventually converged to equivalent performance, but Stable-BC reached that
performance with a smaller amount of training data. (c) To qualitatively assess the learned
behavior, we also measured the number of direction changes per successful hit. Stable-BC
produced policies that were more smooth and consistent, with fewer direction changes than
BC. Error bars show SEM and ∗ denotes statistical significance (p < 0.05).



training data (F (2, 18) = 50.79, p < 0.05) had significant effects on the number of successful

hits. For 15, 60, and 120 seconds of training data, Stable-BC resulted in more robust

policies that had a higher number of successful hits than BC (p < 0.05). As expected, the

performance of both imitation learning algorithms increased in proportion to the amount of

training data. But Stable-BC was able to converge to ideal performance with less data than

BC: under Stable-BC, the number of successful hits with 120 seconds (2 minutes) of data

was only marginally less than the number of successful hits with 1200 seconds (20 minutes)

of training data. Both BC and Stable-BC converged to similar performance when given 1200

seconds of data — i.e., the combined data across all 10 users — indicating that Stable-BC

is as effective or more effective than BC across all data levels. Overall, these results support

hypothesis H1.

We next explored the smoothness of the robot’s learned policy. As before, a repeated mea-

sures ANOVA found that the robot’s learning algorithm (F (1, 9) = 59.65, p < 0.05) as well

as the amount of training data (F (2, 18) = 9.62, p < 0.05) had significant effects of the

number of direction changes. Post-hoc analysis confirmed that across all levels of learning

data, Stable-BC produced policies with significantly fewer direction changes (p < 0.05) than

BC. We even observed that Stable-BC had fewer direction change when trained on the com-

bined dataset with 1200 seconds of data (t(9) = 4.681, p < 0.05). Viewed together, these

results support hypothesis H2 and suggest that not only does Stable-BC lead to more robust

policies, but these policies are qualitatively more consistent.

5.6 Conclusion

In this paper we presented a behavior cloning approach to reduce covariate shift. Instead

of focusing on the training data, our method explored on the error dynamics between the



robot’s current behavior and the expert’s demonstrated behaviors. By performing control

theoretic analysis on these dynamics, we derived model-based and model-free stability con-

ditions for shaping the learned policy to bound covariate shift. Our resulting algorithm,

Stable-BC, is an easy to implement extension of standard behavior cloning that can be used

independently or alongside existing data-centric approaches. Multiple experiments across

interactive, nonlinear, visual, and real-world environments suggest that Stable-BC produces

more robust policies than state-of-the-art baselines given the same training data.

Future Works. Moving forward, we plan to explore how this work can be extended to

Offline-RL settings. We recognize that Offline-RL has access to reward functions when

learning from human demonstrations. Further work is needed to understand how the reward

information can be leveraged in the stability analysis and how it would affect the stability

conditions of our approach.



Chapter 6

Robot Learning from 2D Drawings

In the previous chapters, we have discussed how can we make it easier for the robots to learn

robust policies from human demonstrations. However, in all of these approaches, the user

needs to provide demonstrations, either by physically guiding the robot through the task

or by performing the task themselves. While doing so, the user needs to provide multiple

demonstrations ensuring that numerous task scenarios are covered in order for the robot to

generalize to the diverse task settings. This makes the process of collecting demonstrations

tedious and expensive. In this chapter, we look at the problem of imitation learning from

the users’ perspective and develop an algorithm that enables the users to teach the robot

by providing drawings on the images of the environment. This approach of teaching using

drawings makes the process of providing demonstrations faster and easier, while minimizing

the users’ physical interactions with the environment.

6.1 Introduction

Robots can learn new tasks by imitating human examples. In general, as humans provide

more examples of a task, and the more diverse those examples are, the robot will learn to

perform that task more effectively. Consider the task depicted in Figure 6.1, where the

robot must scoop cereal from a bowl. One common way for humans to teach this task is

by physically demonstrating it, i.e., kinesthetically backdriving the robot’s joints through
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Figure 6.1: Human demonstrating a scooping task to the robot using different teaching
paradigms. When using traditional methods to teach the robot, the user needs to manually
reset the environment by changing the bowl position and provide demonstrations by physi-
cally guiding the robot through the task. We propose L2D2, an approach that synthetically
generates diverse environment settings and enables the human to demonstrate the task by
drawing a trajectory on the artificial images of the environment. If the robot makes a mistake
when executing the learned task, the user provides a few physical corrections to fine-tune
the robot’s learned behavior. Our proposed approach reduces costly physical interactions
and enables humans to teach robots efficiently.

the process of reaching the bowl and rotating the spoon. The robot can simply copy this

motion if the bowl always stays in the same place. But for the robot to learn how to scoop

cereal when the bowl is moved, the human needs to demonstrate the task for various bowl

positions. This process of teaching the robot can not only be challenging — the human needs

to carefully orchestrate the motion of the robot — but is also time-consuming. Each time

the human wants to show another example, they will have to reset the robot, place the bowl

in a new spot, and demonstrate the task again. So how can we make it easy for humans to

provide these diverse examples?



Recent works have explored methods that simplify the teaching process by enabling humans

to conveniently provide informative demonstrations. For example, humans can control the

robot via remote teleoperation, making the process as intuitive as performing the task with

their own hands [9, 102, 103]. Alternatively, humans can take a video where they perform

the task themselves and provide language descriptions that explain their actions [27, 28, 110,

111]. These works follow a general trend: 1) making it easier for humans to perform the

task and 2) accurately capturing the task complexities through real-world demonstrations.

However, for these existing approaches to work, the human still needs to perform the task

either vicariously or with their own body while physically changing the environment for every

example they demonstrate. Because each iteration of providing an example is laborious, this

fundamentally limits how much these approaches can accelerate data collection. Additionally,

since these approaches require physical interactions with the system, the human teachers

need to have access to the system in order to demonstrate the tasks.

We want to make it easier for humans to teach the robot, while reducing dependence on the

access to the physical system. Building on the recent trends, we envision a system where

the human can teach the robot by drawing the desired task on an image of the environment.

Humans can generate drawings rapidly, and — because they are not actually performing

the task — the human teacher is not constrained by the physical speed of the learner or the

burden of resetting the environment between demonstrations. Since drawings allow the users

to demonstrate tasks without interacting with the robot or its environment, it would enable

large-scale asynchronous data collection without the need for a physical system. However,

we also recognize that drawings as a form of demonstration are themselves limited: when

using drawings the human is potentially trying to convey a complex, high-dimensional task

on a 2D image of the environment. To bridge the gap between the low-cost, easy to provide

drawings and information-rich demonstrations, we hypothesize that:



Robots can rapidly learn new tasks by

combining diverse canonical drawings with a few high-dimensional demonstrations.

We propose L2D2: Learning from 2D Drawings, a three-step approach for learning from

human teachers. First, the robot takes an image of the environment, and the human an-

notates task-relevant objects or features that can vary between task iterations. Next, the

human teacher iteratively draws the task on the images provided by the robot: at each

iteration, we leverage vision and language models to artificially manipulate the positions of

the objects in the image and adjust the features that the human highlighted. This approach

quickly results in a large dataset of diverse demonstrations. For instance, in our user study,

in the time it takes to provide 10 physical demonstrations, users were able to provide ∼20

drawings.

In the final step, the robot extracts high-dimensional demonstrations from the drawings,

trains a control policy, and then attempts to perform the task in the real world by rolling

out the learned policy. If the human teacher sees that the robot is making a mistake when

performing the task, they can physically correct the robot to refine its behavior. These

corrections help the robot ground the drawings in reality and fill any gaps in information.

Returning to our motivating example in Figure 6.1, after observing the diverse drawings,

the robot may learn to reach the cup but may not learn to precisely rotate the spoon. The

human teacher can demonstrate this rotation at run-time to correct the robot’s motion, thus

reinforcing the learned policy.

6.2 Problem Statement

We consider settings where a robot learns manipulation tasks from a human teacher. We

assume that the robot is equipped with a static camera that can take images of the entire



task environment. Using our proposed approach, users can convey their desired task to

the robot by drawing on the image of the environment (using a tablet or a similar device).

Below, we identify key differences between learning from drawings and learning from real-

world demonstrations. First, the human’s drawings are 2-dimensional, but the robot needs

to learn manipulation tasks in the 3-dimensional world. Second, in drawings, the robot

cannot actually interact with objects in the environment (e.g., the robot cannot pick up a

block in a drawing). Viewed together, these differences result in an information gap that

our approach must resolve to successfully learn to perform tasks in the real world using the

human’s 2D drawings.

Setup. Before collecting the human’s demonstrations, an RGB camera is placed in the

environment. The camera is fixed throughout the training and evaluation process. The

camera should be carefully positioned such that it can view the robot arm and its work

environment, and the information loss in representing the robot states with 2-dimensional

images is minimized (see Section 6.3.2 for further details). Accordingly, we limit our exper-

iments to learning manipulation tasks where the robot’s movements lie within the camera’s

field of view. These manipulation tasks still cover a wide array of object-centric motions

like reaching, grasping, pushing, pulling, pick-and-place, pouring, scooping, etc., as well as

combinations of these primitive motions.

Robot. A robot arm interacts with the environment to perform the task. At each step of the

task, the robot reads the state of its arm sR ∈ Rd and receives an image of the environment

from our fixed camera. Consistent with the related works, we leverage language feedback

from the users and vision models to extract task-relevant features from the images of the

environment [157, 158]. The extracted features o ∈ Rk form the state of the environment.

The overall state of the system comprises of the state of the robot and the observed features

in the environment, represented as s = (sR, o). Returning to our motivating example, sR



may be the position and orientation of the robot’s end-effector as well as the configuration

of its gripper, and o could specify the location of the bowl the robot is trying to reach.

When the robot performs a task in the environment, it takes an action a ∈ Rd, and the

state transitions according to system dynamics T (s, a). We do not assume that the robot

has access to these transition dynamics.

Drawings. The human is provided with an image of the environment taken from the fixed

camera. Let p ∈ R2 be a 2D point on this image. The human draws on this image to demon-

strate their desired behavior to the robot. This drawing is provided by the human in the

form of a trajectory in the 2D space, and comprises a sequence of points ξP = [p1, p2, · · · , pn],

overlaid onto the initial image of the environment (see Figure 6.3).

When the human provides a drawing, they are not only thinking about the 2D trajectory (i.e.,

the path they draw on the image), but also about the analogous d-dimensional trajectory that

the robot should follow in the real world (e.g., reaching the bowl and rotating the spoon).

We denote this corresponding trajectory in the robot’s state-space as ξ = [s1, s2, · · · , sn].

Moving from drawings ξP to the real-world trajectories ξ suffers from two fundamental

challenges: 1) Since there are an infinite number of mappings from a low-dimensional to

a high-dimensional space, the robot does not know a priori how to map the trajectories

drawn on the image to their real-world counterparts, and 2) the drawings do not capture

how the state of the environment changes throughout the task. In other words, while the

human’s drawings provide information about the trajectory the robot should follow, i.e.,

ξR = [sR1 , sR2 , · · · , sRn ], they do not convey how the environment state o should evolve.

Objective. Given these challenges, our objective is to develop an interface that enables

users to efficiently provide a diverse set of drawings that convey their desired task, and an

associated algorithmic framework that can leverage these drawings to learn robot policies.



As a first step towards this goal, we need a procedure for collecting drawings in a variety

of task settings while minimizing physical interactions with the environment. We must

then convert the drawings provided by the user to real-world robot demonstrations. These

demonstrations should be in the form of state-action pairs (s, a), capturing how the system

state s changes when the robot takes an action a. In other words, we want to convert the

drawings ξP provided by the human on images of the environment to a corresponding dataset

of demonstrations in the real world D = {(s1, a1), (s2, a2), · · · , (sn, an)}.

The robot can then leverage this dataset to learn a policy πθ(a|s) that imitates the behavior

that the human demonstrated in their drawings. Our proposed approach is not tied to

any specific method for learning from demonstrations; but in our experiments, we leverage

Behavior Cloning [76] within our learning framework. Behavior Cloning matches the actions

predicted by the policy in states s to the corresponding actions a in the dataset D by

minimizing the following loss function to learn the policy parameters θ:

LBC(θ) =
∑

(s,a)∈D

∥πθ(s)− a∥2 (6.1)

Given a dataset of diverse and accurate demonstrations, we expect the robot to generalize

the learned policy to new environment configurations. In the next section, we introduce our

interface for obtaining diverse drawings and present our method for closing the information

gap between these drawings and real-world demonstrations to ensure accurate learning.

6.3 L2D2

Our aim is to make it easy for humans to teach robots by enabling them to convey the desired

task through sketches. In particular, we want to minimize the need for physical interactions
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Figure 6.2: Block diagram highlighting the steps in the L2D2 framework. We first start
by selecting an optimal camera position in the environment. Using this camera placement,
we learn a mapping that maps pixels in the 2D images to the high-dimensional robot state.
The arrows in blue color indicate the flow of information in this first step of the process.
In the second step (highlighted with orange arrows), an image from this camera position is
then passed on to the drawing interface to manipulate the images and collect diverse user
drawings. These drawings are then converted to the trajectories in robot’s workspace and
used to learn an initial policy. The user may then provide physical corrections to the robot
which are used to refine the reconstructed demonstrations and ground the policy learned
using drawings with the real world information. Green arrows show the steps and flow of
information in this stage of L2D2.

with the real world and efficiently collect diverse training data by synthetically generating

new task configurations. As detailed in the previous section, we recognize the challenges

that come with operating on 2D images instead of the 3D world. In this section, we present

our approach for addressing these issues and learning a robust robot policy. First, in Section

6.3.1, we describe our interface for obtaining a diverse set of drawings. Next, we explain

how these sketches can be accurately mapped to high-dimensional demonstrations in the

real world (see Section 6.3.2). Lastly, in Section 6.3.3, we propose how policies learned from

the diverse drawings can be grounded with a few real-world demonstrations to bridge the

fundamental gap between static images and dynamic physical interactions. Figure 6.2 shows

the progressive relationship between these sections and provides a logical chain of flow from

optimizing camera placement to collecting diverse drawings to finally learning a policy using

drawings.
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Figure 6.3: Interface for demonstrating tasks by sketching robot trajectories. We present this
interface to users on a touch-screen device. Users begin by drawing a line starting from the
end-effector of the robot on the environment image shown on the left. This line represents
the trajectory that the robot’s end-effector will follow during the task. Users then specify
how the end-effector should rotate by first selecting a point on the line and then selecting the
orientation at that point using the rotx, roty, and rotz sliders. We provide a visualization
of the gripper orientation to help users identify their desired angles. In the same way, users
can specify when the gripper should open or close by selecting a point on their line and then
choosing the appropriate button.

6.3.1 Obtaining Diverse Drawings

We first present our interface design and explain how users can draw on our interface to

teach the robot. To learn new tasks using imitation learning, the robot needs a dataset of

state-action pairs (s, a) covering a variety of task configurations. Instead of asking users to

provide these demonstrations in the real world, we use the interface shown in Figure 6.3 to

obtain as much of this information as possible from trajectories drawn on images of the task.

Sketching Interface. Our interface consists of three parts, each designed to convey a

specific aspect of the robot’s state sR. The first part displays an image of the robot and the

environment. Users draw on this image to indicate the path the end-effector should follow to

perform the task. Each point p on this line maps to some 3D end-effector position pR. The



second part features three sliders for changing the orientation r of the end-effector about the

robot’s axes. Because our images are static, it can be difficult for users to imagine how the

robot rotates as they move these sliders. To make the interface more intuitive, we provide

a 3D visualization of the end-effector that rotates in real-time with slider input. The final

part of the interface includes two buttons that open and close the robot’s gripper g.

Overall, each sketch specifies a trajectory ξP . We update our definition of ξP from Section 6.2

to include the end-effector rotation r ∈ R3 about the robot’s axes and a binary gripper

state g ∈ {0, 1} with the 2D pixel points p at each step of the trajectory. Put together,

ξP = [(p1, r1, g1), (p2, r2, g2), · · · , (pn, rn, gn)].

With this interface, users can demonstrate different manipulation tasks. For example, in our

motivating scenario of scooping cereal from a bowl, users will draw a path from a spoon held

in the robot’s end-effector to the center of the bowl. Then they will select points on this

path where they want to rotate the end-effector and use the sliders to specify the starting

and ending orientations. Our interface then linearly interpolates between these angles to

capture the scooping motion. Similarly, for the task of picking a cube and dropping it into a

basket (see Figure 6.4), users will draw a trajectory from the robot’s gripper to the cube and

then to the basket, and then select points where they want to close and open the gripper.

Diverse Images. Our interface allows users to demonstrate the task without performing

it in the real world. But to learn the task effectively, the robot needs demonstrations in

various task configurations (e.g., different bowl positions in the scooping task). Rather than

having users physically change the environment, we leverage existing vision-language models

to digitally alter the images and create new scenarios as follows.

When the robot captures an initial image of the environment, the interface asks users to

specify the relevant objects through language prompts. We feed the object prompts to a



vocabulary-based object detector, Detic [157] that extracts object locations o in the image,

and segments out the object masks. We use these masks to generate new environment images

by changing their position in the image and inpainting the area where the objects were moved

from (see Figure 6.4).

In our experiments, we found that moving objects to random image locations introduces

sufficient variety for learning the task. For each generated image, users provide a drawing

as described earlier. These drawings are related because they show the same task, but

each drawing is unique since the way that task is performed changes. This way, the robot

can efficiently obtain a diverse dataset of m trajectories DP = {ξP1 , ξP2 , . . . , ξPm} without

requiring users to physically interact with the robot or environment.

6.3.2 Converting Drawings to Robot Trajectories

Now that we have a dataset of drawings DP , we need to translate these drawings into state-

action pairs that the robot can use to learn a control policy. We know that each drawing ξP

corresponds to a real-world robot trajectory ξ that the user has in mind. However, when the

user projects the trajectory from a high-dimensional robot state space into a low-dimensional

image space, we inevitably lose some information. In this section, we theoretically quantify

this information loss, and propose a solution for mapping the 2D pixel points back to the

3D world with minimal reconstruction error.

Information Loss. We start by formalizing the fundamental gap between drawings and

real robot states. In our motivating example, the robot state sR includes the end-effector

position pR, orientation r, and gripper state g. Our drawings provide direct rotation r and

gripper g information, but when we take an image of the environment, the 3D robot positions

pR = [xR, yR, zR] are reduced to 2D pixel points p = [xp, yp] on the image plane. To model
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Figure 6.4: Proposed approach for Learning from 2D Drawings (L2D2). The top row outlines
our procedure for collecting diverse sketching data. Our approach takes an initial image
of the environment as input and creates multiple synthetic images covering a variety of
task configurations. We achieve this by detecting relevant objects mentioned by the user
using vision-language models (VLMs) and then randomly repositioning those objects in
the scene. Users draw on these images to convey the desired task using our interface in
Figure 6.3. We then use a task-agnostic mapping to convert the 2D points in each sketch
to 3D positions in the real world. This ultimately results in a dataset D̃R of state-action
pairs (s̃, ã) reconstructed from the drawings ξP ∈ DP . The bottom row outlines our training
process. We first train a policy on the reconstructed data using behavior cloning and roll
out this policy in the environment. If this policy makes any errors, users physically correct
the robot’s motion. These corrections result in a small dataset DR of accurate physical
demonstrations. We first use this physical data to refine our 2D-to-3D mapping and improve
the quality of demonstrations reconstructed from the sketches. Then we leverage both these
datasets to fine-tune the robot’s policy and ground the robot’s actions in the real world.
Together, the diverse set of sketches and a few precise physical demonstrations result in an
accurate and generalizable robot policy.

this projection, we first map the states to the camera frame C:

[pC 1]T = TCR · [pR 1]T (6.2)

Here TCR is a homogeneous transformation from the robot’s reference frame R to the camera

frame C and pC is the position of the robot in the camera frame. Then, we project the

states pC = [xC , yC , zC ] onto the image by dropping the z coordinate, and scaling the x−y



coordinates based on the dropped zC (which is their depth) and the camera’s focal lengths

(fx, fy) to account for perspective [159].

p =

[
xC

fx
zC

, yC
fy
zC

]
(6.3)

The transformation and scaling steps preserve all information — we can retrieve the robot

states sR given their distance zC along the camera’s z-axis. Therefore, we only lose infor-

mation when we discard zC to project the states onto the image. Note that a depth camera

would not be helpful in this case, since users still provide a drawing in 2D. For example, the

user can show how the robot moves left or right in the image plane, but not how far into the

frame the robot should go.

We quantify this loss as the proportion of the total variance explained by the z-coordinate

of all robot states pC ∈ PC expressed in the camera frame [160]:

Iloss(C) =
V ar(zC)

V ar(xC) + V ar(yC) + V ar(zC)
(6.4)

The more the robot states vary along the direction that the camera faces, the higher the

information loss when representing these states with a 2D sketch.

Camera Placement. We want to minimize this information loss so that the robot can

accurately reconstruct the states from the points drawn by users on the camera image. Prior

approaches address this gap by obtaining additional information with each drawing in the

form of distance inputs [30] (i.e., users need to manually specify the depth or height) or

complementary sketches on images taken from orthogonal viewpoints [29] (i.e., users draw

the same task from multiple perspectives), both of which increase the user’s burden. Instead

of seeking extra inputs, we propose leveraging our analysis in Equation (6.4) to find a new



camera placement that minimizes the variance along the z-axis of the image plane:

C∗ = argmin
C

Iloss(C) (6.5)

We can derive the optimal solution for the above objective using Principal Component Analy-

sis (PCA) [160]. In PCA, we compute the directions of maximum variance (i.e., the principal

components) as the eigenvectors of the covariance matrix ΣC of robot states.

ΣC =
PCP

T
C

n− 1
(6.6)

Here PC is a matrix of uniformly sampled robot states represented in the camera frame. Let

Λ = [λ1, λ2, λ3] be the eigenvalues of the covariance matrix arranged in decreasing order of

magnitude and V = [v1, v2, v3] be an orthonormal matrix of corresponding eigenvectors. The

first principal component v1 represents the direction of maximum variance in robot states,

while the last component v3 captures the least variance. To minimize the reconstruction

error, we want the z-axis of the camera to be aligned with the last eigenvector and the x−y

image plane to be parallel to the plane formed by the first two principal components. This

arrangement will result in the least information loss I∗loss given by:

Iloss(C
∗) =

λ3∑3
i=1 λi

(6.7)

Our analysis thus far quantifies the data loss for projecting 3D robot states to 2D pixel

points and proposes mitigating this loss through an improved camera setup. We do not

assume any prior knowledge of the tasks that the human wants to teach, and consider the

entire robot state space in our calculations. However, when performing tasks in the real

world, the robot may operate in a more restricted subset of states W ⊂ PC . For instance,



the robot’s workspace may be confined by an adjacent wall or be limited to a table that it

is mounted on. In practice, we leverage knowledge of this working region W to compute a

more domain-specific covariance matrix usingW instead of PC in Equation (6.6) and further

improve the camera position.

With the camera held fixed, we now shift our focus to how the robot can accurately map

the points p drawn on the image to the corresponding robot positions pR.

2D to 3D Mapping. According to our camera model, the 3D robot positions are linearly

projected on the 2D image plane, followed by a nonlinear scaling. When retrieving the posi-

tions from the pixel points, we can combine all inverse transformations into a single mapping

f : p→ pR. Prior work has shown that non-linear mappings can encode and extract informa-

tion more effectively than PCA projections [161, 162, 163, 164]. Building on this insight, we

model f as a non-linear function represented by a neural network fϕ(p) with parameters ϕ.

We train this network on a new calibration dataset Dmap = {(p1, pR1), (p2, pR2), . . .}, where

each robot position pRi
is uniformly sampled from the spaceW and projected onto the image

using Equation (6.2) and Equation (6.3) to get the matching pixel point pi. Note that this

data is task-agnostic and is automatically generated before collecting the task-specific user

drawings. That is, the data, while being specific to the robot’s workspace, does not contain

information about any specific task trajectory, gripper actuation or orientations of the robot.

We minimize the following reconstruction loss function to learn the mapping from 2D points

to 3D robot states using Dmap:

Lmap(ϕ) =
∑

(p,pR)∈Dmap

|| fϕ(p)− pR ||2 (6.8)

We expect the mapping fϕ trained on the Lmap to find non-linear manifolds that better fit the

state distribution than linear principal components, leading to more accurate reconstructions.



Algorithm 4 2D to 3D Mapping
1: Given: Workspace W , Camera positions C
2: Find camera placement C∗ = minC∈C Iloss(C)
3: Initialize Dmap = {}
4: for position pR ∼ W do
5: Get pixel point p with Eq. 6.2 and Eq. 6.3
6: Dmap ∪ (p, pR)
7: end for
8: Initialize fϕ with random ϕ
9: for (p, pR) in Dmap do

10: Compute loss Lmap(ϕ) using Eq. 6.8
11: Update weights ϕ to minimize Lmap

12: end for
13: return Reconstruction function fϕ

In practice, this can help us further reduce the information loss [163], such that:

Inonlinearloss (C) ≤ Iloss(C) (6.9)

Algorithm 4 summarizes our proposed approach for bridging the gap between 2D paths

drawn on images and corresponding robot trajectories in the 3D world. In the next part of

our approach, we describe how we apply the learned mapping fϕ to convert the sketch data

DP collected by our interface into real-world demonstrations that can be used to train the

robot.

6.3.3 Learning from Drawings

Following our outline in Figure 6.4, we have obtained a diverse dataset of sketches DP with

our interface and learned a task-agnostic function fϕ(p) that maps 2D image points p to 3D

robot positions pR with minimal information loss. To train the robot policy, we now need

to convert the drawings into a dataset of state-action pairs (s, a) that capture the desired



behavior. In what follows, we describe our procedure for extracting this data using the

learned mapping fϕ, and then present our core idea of grounding the drawing data with a

few real-world demonstrations to fill in any remaining gaps in information and learn robust

robot policies.

Data Aggregation. We begin by aggregating the data collected by our interface. Here we

apply the mapping learned in Section 6.3.2 to convert each drawing ξP ∈ DP to a sequence

of robot states ξ̃R = [(p̃R1 , r1, g1), (p̃R2 , r2,

g2), . . . , (p̃Rn , rn, gn)] by reconstructing the positions.

fϕ(p) = p̃R

The accent ˜ denotes the approximate reconstruction we get when moving from a 2D to

a 3D space. The tuple (p̃R, r, g) defines the robot’s state s̃R, but it does not include the

environment state oR. In general, the user’s drawings do not provide any information about

other objects in the environment; the robot only observes the initial environment image

and does not see how it will evolve when rolling out the drawn trajectory. For example, in

Figure 6.4, users do not sketch the cube’s motion. Without this feedback, the robot will go

to the basket even if it fails to grasp the cube, since it does not know that the cube should

move with its gripper.

One way we can address this problem is by simulating how the object state evolves through-

out the task. In our implementation, we approximate object dynamics based on the object

locations o detected in the initial image of the environment (from Section 6.3.1) and the

reconstructed trajectory ξ̃R using the following rule: First we leverage our learned mapping

fϕ to convert the pixel locations o to 3D object positions õR = fϕ(o). Then, to model how

the objects move during the task, we change their positions along with the end-effector po-



sitions p̃R whenever the gripper g is closed within a pre-specified distance from the objects.

While we apply this practical simplification, it is not central to our approach; practitioners

may instead employ physics-induced image manipulation [165] or video generation from task

descriptions [166] to simulate object dynamics.

Once we have the simulated object positions õR, we combine them with the reconstructed

robot state s̃R to get the complete task state s̃ = (s̃R, õR). To create the training dataset, we

now need to know what actions the robot should take in these states to achieve the sketched

task in the real world. We do that by setting the robot’s actions to be the difference between

consecutive robot states in the reconstructed trajectory:

ãt = s̃Rt+1 − s̃Rt

With this final piece of information, we can construct the training dataset D̃R = {(s̃1,

ã1), (s̃2, ã2), . . .}. Despite our efforts in accurately reconstructing the robot state and simu-

lating object dynamics, this data can be imperfect due to the inherent lack of information

in low-dimensional sketches and static images. That said, while this data lacks in accuracy,

it compensates for it with a rich variety of task configurations.

In the final part of our approach, we present our idea for improving the accuracy of this

diverse dataset and training a robot policy that can account for dynamic interactions that

are absent in our drawings.

Grounding with Physical Demonstrations. We use the reconstructed data to train a

preliminary robot policy πθ(s) → a that maps task states to robot actions. Let πθ̃ be the

policy trained on D̃R using the behavior cloning objective in Equation 6.1. In tasks involv-

ing simple physical interactions, this initial policy alone may be sufficient for successfully

completing the task.



However, when learning contact-rich tasks, we enable humans to refine the robot’s behavior

with a small dataset of accurate real-world demonstrationsDR = {(s1, a1), (s2, a2), · · · }. This

data can be collected by executing the task according to πθ̃ and asking users to correct the

robot’s trajectory, or by obtaining new demonstrations through user teleoperation. While DR

may not cover as many scenarios as in D̃R, it precisely grounds the synthetic observations in

the real world. Our insight is that these data sources are complementary. Below, we describe

how we can best utilize both datasets to train an accurate and generalizable policy.

Our approach does not simply merge the two sets like DAgger [16]. Rather, we utilize the

real-world demonstrations to ground the robot policy in two steps: (i) recalibrating the

data derived from user drawings, and then (ii) refining the robot policy using both the real-

world and drawing datasets. In the first step, we recall that our 2D to 3D mapping fϕ was

trained on positions uniformly sampled from a task-agnostic spaceW (see Section 6.3.2). By

contrast, DR only includes states that are specific to the desired task, which may or may not

be represented inW . To address this mismatch, we adapt our mapping to the user’s task by

creating new training pairs (p, pR) with real robot positions in DR. With these task-specific

pairs, we fine-tune our pre-trained mapping fϕ. Specifically, we update its weights ϕ with

gradients from the loss in Equation (6.8) computed over the new states:

ϕ′ ← ϕ− α∇ϕLmap using (p, pR) ∼ DR (6.10)

The updated mapping fϕ′ captures task-specific information and should thus provide a more

precise 2D to 3D mapping for the task at hand. Now that we have this improved mapping,

we reapply it to the original user drawings DP to construct a more accurate dataset of

reconstructed trajectories D′
R.

In the second step, we leverage this new dataset of demonstrations D′
R extracted from draw-



ings and the physical demonstration data DR to retrain the robot policy. Here we highlight

that besides task-specific state information, DR also contains rich object interactions. For

instance, users may demonstrate grasping the cube multiple times if they fail during initial

tries. These interactions offer valuable feedback that can help the robot adapt to real-world

outcomes, e.g., learning not to lift the cube until it is successfully grasped.

To incorporate this knowledge in training the robot’s policy, one may simply try to combine

the two datasets. But in practice, due to the imbalance between the sizes of the real-world

and drawing data, the learned policy becomes biased towards the trajectories in D′
R and

ignores the contact-rich information in DR [167]. In our implementation, we mitigate this

bias by sequentially training the robot’s policy on each dataset using the standard behavior

cloning loss from Equation (6.1):

θ′ ← θ − β∇θLBC using (s′, a′) ∈ D′
R

θ′′ ← θ′ − β∇θ′LBC using (s, a) ∈ DR

(6.11)

Here θ′ denotes the intermediate policy parameters after training on D′
R. These parameters

capture behaviors across various task settings. We then fine-tune θ′ on DR to obtain the final

grounded policy πθ′′ . This final training phase helps the robot extrapolate the real-world

knowledge to the diverse settings illustrated in our drawings.

Overall, our training procedure enables the robot to not only adapt to different task config-

urations — because of the diverse drawings collected by our interface — but also realize the

physical consequences of its actions and compensate for any inaccuracies in 3D reconstruction

and simulation of object dynamics.



Algorithm 5 L2D2

1: Given: Drawings DP , Mapping fϕ

2: Initialize D̃R = {}
3: function LearnFromDraw(DP , fϕ)
4: for ξP in DP do
5: // Data Aggregation from Drawings
6: for (pt, rt, gt) and pt+1 in ξP do
7: Convert p̃Rt ← fϕ(pt)
8: Convert p̃Rt+1 ← fϕ(pt+1)
9: Robot state s̃R = (p̃R, r, g)

10: Compute action ãt = s̃Rt+1 − s̃Rt

11: Get object state õR from image
12: D̃R ∪ (s̃R, õR, ãt)
13: end for
14: end for
15: Initialize πθ with random θ
16: for (s, a) in D̃R do
17: Compute loss LBC(θ) using Eq. 6.1
18: Update weights θ to minimize LBC

19: end for
20: return Robot policy πθ

21: end function
22: // Learning initial robot policy from drawings
23: πθ̃ ← LearnFromDraw(DP , fϕ)

24: Collect real-world demonstrations DR

25: // Fine-tuning the reconstruction function
26: for (p, pR) in DR do
27: Compute loss Lmap(ϕ) using Eq. 6.8
28: Update weights ϕ to minimize Lmap

29: end for
30: Task-specific mapping fϕ′

31: // Learning intermediate policy parameters
32: πθ′ ← LearnFromDraw(DP , fϕ′)

33: // Fine-tuning robot policy
34: for (s, a) in DR do
35: Compute loss LBC(θ

′) using Eq. 6.1
36: Update weights θ′ to minimize LBC

37: end for
38: return Grounded robot policy πθ′′



6.3.4 Algorithm Summary

Our proposed approach for Learning from 2D Drawings: L2D2, is summarized in Algorithms

4 and 5. Our code is available here: https://github.com/VT-Collab/L2D2

We first apply PCA to find an optimal camera placement C∗ for taking images of the

environment, and learn a 2D to 3D mapping fϕ following the lines 8−12 in Algorithm 4.

This mapping reconstructs the real-world positions corresponding to the points in images

taken from C∗. We then leverage vision-language models [157] to synthetically generate

images of varying task configurations and ask users to convey their desired task by drawing

on these images using our interface in Figure 6.3. This creates a diverse dataset of drawings

DP .

To learn from these drawings, we use our mapping fϕ to create a dataset of reconstructed

state-action pairs (s̃, ã) ∈ D̃R as outlined in Algorithm 5. With this data, we train an initial

robot policy πθ̃. Since this policy is learned from static drawings, it may fail to capture

dynamic real-world interactions. We bridge this gap by grounding the policy with a few real-

world demonstrationsDR. This process involves two steps: First, we improve our mapping fϕ′

using task-specific states from the real-world data (lines 26−30) and reconstruct the drawing

demonstrations D′
R. Second, we leverage both D′

R and DR to sequentially train a grounded

robot policy πθ′′ (lines 32−38). The diverse drawings enable the robot to generalize across

various task configurations, while the real-world data teaches it to account for environment

dynamics.

Although ours is not the first approach for learning from sketches, it introduces two key

advances: synthetically generating diverse drawings and grounding them with real-world

demonstrations. In the following section, we evaluate how these advances enable humans to

teach robots more efficiently and accurately than prior sketch-based learning approaches.

https://github.com/VT-Collab/L2D2


6.4 Real-World Experiments

In Section 6.3, we presented L2D2, an interface-based approach for teaching robots with

task sketches. We now evaluate our proposed approach through real-world experiments.

Specifically, we compare L2D2 to state-of-the-art methods for learning from drawings, as

well as standard approaches for learning from physical demonstrations. We break down our

experiments into three parts. First in Section 6.4.1, we evaluate the performance of L2D2

on short manipulation tasks with data provided by expert users. Next, in Section 6.4.2, we

conduct an in-person study to assess whether novice users can leverage our approach to teach

robots efficiently. Finally, in Section 6.4.3, we test if expert users can apply our approach

for teaching robots to perform longer manipulation tasks.

Independent Variables. We compare L2D2 to three state-of-the-art baselines that lever-

age different feedback mechanisms for teaching manipulation tasks to a robot arm: using

teleoperated demonstrations (Teleop), using sketches to condition the robot policy (RT-

Traj) [30], and using sketches in two camera images to reconstruct the 3D demonstrations

(S2S) [29]. We also compare against two ablations of our proposed approach. In the first

ablation, we evaluate the performance of L2D2 when it only has access to drawings collected

using our interface (L2D2-D). In the second ablation, we evaluate the performance of our

approach when it is trained with just the small set of physical corrections that we collect to

ground the drawings (Teleop-min). Below, we describe these approaches and their training

and operating procedures in detail:

• Teleop: In Teleop, users directly control the position and orientation of the robot’s

end-effector, and actuate the robot’s gripper using a joystick. With this approach, users

can provide physical demonstrations that accurately capture their desired behavior in

the real-world environment.



• RT-Traj: In this approach, users draw the robot’s trajectory on a camera image.

Unlike L2D2, RT-Traj does not get rotational inputs, instead, it asks users to specify

the real-world heights for key points along the sketched trajectory. This sketch is used

to condition a pre-trained transformer that outputs robot actions. So for each sketch,

we roll out these actions to record the corresponding physical demonstration (that we

use to train the robot policy).

The transformer model used to map the 2D sketches to the 3D world is trained on large

multi-task data. To reduce this data requirement, we simplify its implementation by

directly giving it the sketched trajectories rather than images of the sketch as in the

original paper [30]. In our experiments, we collect 160 task-specific demonstrations to

train this mapping. These demonstrations are different from those used to train the

robot policy.

• S2S: This is another sketching approach that takes images of the environment, but

from two orthogonally placed cameras instead of one. Users draw on both camera

images to convey a single corresponding real-world demonstration. So users need to

imagine how the same robot trajectory would appear from two different viewpoints.

Similar to RT-Traj, S2S does not obtain rotational inputs from users and requires a

pre-trained autoencoder network to convert the paired 2D sketches into one real-world

trajectory. We use the same 160 task-specific demonstrations that we collected for

RT-Traj to train the mapping for S2S following the procedure in [29]. However, unlike

RT-Traj, S2S directly maps the sketches to real-world demonstrations without the need

for rolling out the sketches in the real world.

For all baseline methods, users need to physically interact with the environment to vary

the task scenarios, which they do not need to do with L2D2. We also do not require large

task-specific datasets to learn a 2D to 3D mapping. Instead, we use a task-agnostic mapping



fϕ and a few real-world demonstrations to ground the diverse drawings collected by our

interface.

Experimental Setup. In all our experiments, we use a 6-DoF Universal Robots UR-10

robot arm equipped with a two-finger Robotiq gripper. All the tasks are performed on the

table on which the robot arm is mounted. We leverage the procedure in Section 6.3.1 to

position the camera as best as we can to minimize the information loss when learning from

2D drawings. The same camera position is used to collect drawings for all sketch-based

methods and all the tasks in the experiments. In addition to this camera, we place a second

camera almost orthogonal to the first one for the S2S baseline.

During each interaction, the user first resets the environment by physically changing the

positions of task-relevant objects. This happens automatically before each drawing for L2D2

and L2D2-D. Then they provide a sketch or a teleoperated demonstration in the current

scenario to convey their task to the robot.

6.4.1 Short Horizon Tasks

We start by evaluating the performance of all methods in short-horizon manipulation tasks

like lifting or pushing objects placed on a table. Here we provide the same amount of expert

demonstrations (sketched or physical) to each approach and test how well the resulting policy

performs the demonstrated task.

Task Descriptions. In this experiment, expert users taught two tasks to the robot arm:

Lift and Push (shown in Figure 6.5). In the Lift task, the expert’s goal was to teach the

robot to reach a red cube placed on the table, close its gripper, and lift the object above a

specified height threshold. In the Push task, the expert had to teach the robot to reach for

a bowl and move it to the center of the table. For the Lift task, the experts were instructed
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Figure 6.5: Results for short-horizon tasks with expert data. (Left) The user is trying to
teach the robot to push the bowl to the center of the table (blue region) by drawing the
trajectory for the task on the image of the environment. (Right) The robot is learning to
pick up a block from the drawings provided by the user. We report the success rate for
both tasks averaged over 10 independent rollouts with varying object locations. The error
bars show the standard error around the mean (SEM), and ∗ denotes statistical significance
(p < 0.05). For the push task, L2D2 achieves a higher success rate than L2D2-D and S2S,
while for the Lift task L2D2 performs similar to Teleop and outperforms all other baselines.

to randomly vary the cube’s position to uniformly cover the entire table, and for the Push

task, they were asked to ensure that the random bowl placement was away from the table’s

center.

Data Collection and Training. We fix the total number of demonstrations that the

experts provide for each method. Specifically, they provided a total of 60 demonstrations

to the robot per task. When using Teleop, the experts gave 60 physical demonstrations.

For RT-Traj, they drew 60 sketches, while for S2S, they made 120 drawings (one in each

camera frame per demonstration). Finally, for L2D2, the experts provided 50 drawings and

10 physical demonstrations.

Once we have the data for all methods, we use the same network architecture to train

their respective policies. Specifically, we use a multi-layer perceptron (MLP) that takes the

end-effector state and object features as input and outputs the end-effector velocities.



Dependent Variables. We evaluate the performance of each approach in terms of success

rate for completing 10 different instances (i.e., initial object positions) of each task. In

each instance, we compute success by breaking down the task into smaller segments and

measuring the fraction of segments that were completed successfully. For the Lift task, we

divide the task into reaching and lifting segments to measure success. For example, if the

robot reaches the block but fails to grasp and lift it, we have 50% success. Whereas if the

robot successfully grasps and lifts the block, the success is 100%. Similarly, we divide the

Push task into two segments: reaching the bowl and pushing it to the center, each accounting

for 50% of the task success. In addition to the success rate for the tasks, we also measure

the time that the experts spend in providing drawings and physical demonstrations to the

robot.

Results. Figure 6.5 summarizes our results averaged over the 10 testing scenarios.

We first analyze the success rates for the Push task. A One-way ANOVA revealed that the

teaching method had a significant effect on task success (F (5, 54) = 6.02 and p < 0.05).

Post-hoc comparisons indicated that L2D2 significantly outperformed S2S (p < 0.05) while

being as successful as Teleop (p = 0.67) and RT-Traj (p = 0.67). We found similar results

for the Lift task. A One-Way ANOVA revealed that the choice of the teaching method had

a significant effect on the robot’s performance (F (5, 54) = 11.55 and p < 0.05). Post-hoc

analysis indicated that L2D2 significantly outperformed both S2S and RT-Traj baselines (p <

0.05), while performing similarly to Teleop (p = 0.37). Additionally, during the experiments

we observe that when demonstrating the task using drawings the experts only spent ∼ 50%

of the time that they spent in teleoperating the robot.

This result shows that, while enabling faster data collection and using only 10 real-world

demonstrations, L2D2 was as performant as Teleop, which has access to 60 physical demon-

strations. In contrast, S2S failed to reach the block accurately in many instances. We



hypothesize that this is due to the difficulty of visualizing how the robot’s trajectory would

appear in two different camera frames. Our results for S2S match those reported in [29] for

the tasks involving gripper actuation.

When comparing to ablations of our approach, we found that L2D2 achieves a significantly

higher success rate than L2D2-D in both tasks (p < 0.05). It also outperforms Teleop-min

in the Lift task (p < 0.05) where there is a greater variation in object positions. This

highlights the benefit of grounding the drawings with a few physical demonstrations, while

also showing how the diverse drawings can help the robot perform better under varying task

configurations.

6.4.2 User Study

In the previous section, we demonstrated that our proposed approach can learn short ma-

nipulation tasks effectively with drawings from expert users. These users were experienced

in using the sketching interfaces and were thus able to provide high-quality drawings to the

robot. However, can novice users learn to use our interface effectively, and will they prefer

our proposed approach for teaching robots? Along with improving performance, it is equally

important for a teaching interface to be intuitive for human teachers. Hence, in this section,

we conduct a user study with 12 participants who had never used the drawing interfaces and

assess whether it is easy for these end-users to teach the robot by drawing on our interface.

We evaluate the time they need to provide drawings and the resulting performance of robot

policies learned from their data.

Task Descriptions. In this study, the users were tasked with teaching two tasks: Pick and

Place and Scooping. In the Pick and Place task, the users’ goal was to teach the robot to

pick up a block from different locations in the environment and drop it inside a bin kept at
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Figure 6.6: Objective results for the user study in Section 6.4.2. Participants teach the
robot to perform two tasks in the environment: Scooping and Pick and Place. In each task,
they provide physical demonstrations through teleoperation (Teleop) and drawings using
our proposed approach (L2D2) and two sketching baselines, RT-Traj and S2S. We record
the total time spent by the users in providing demonstrations to the robot and the average
success rate of the learned policy evaluated over 10 rollouts. The error bars in the plots show
the SEM and ∗ signifies that L2D2 had a significantly better performance than the baseline.
Across both tasks, users spend significantly less time providing demonstrations using L2D2,
and achieved a significantly higher success rate as compared to RT-Traj and S2S.

a fixed location. For the Scooping task, the robot started with a spoon in its gripper. The

users’ goal was to teach the robot to reach inside the bowl and rotate the robot’s gripper

such that the spoon scoops the contents of the bowl. For both tasks, users were asked to

randomly place the objects in the environment at the start of each interaction, except when

using L2D2.

Participants and Procedure. We recruited 12 participants (3 female, average age 24.7±

5.1) from the Virginia Tech community. 10 out of the 12 participants in the user study had

prior experience in working with robots. However, none of the users had previous experience

of using drawing interfaces to demonstrate the tasks to the robot. Participants received

monetary compensation for their time and gave written consent prior to the start of the

experiment under Virginia Tech IRB #23-1237.

The participants provided demonstrations with each method for both tasks. We counter-

balanced the order in which the methods were presented to the participants using a Latin



Square design (e.g., three participants started with L2D2, three started with Teleop, etc.).

Before providing demonstrations with each method, the participants were given 5 minutes

to practice using the joystick or the sketching interface to teach the robot. Once the partic-

ipants were familiar with the interface, they provided a total of 5 demonstrations per task.

For Teleop, the participants gave 5 teleoperated demonstrations. For RT-Traj and S2S, they

made 5 and 10 drawings, respectively, while with L2D2, they provided 4 drawings and 1

physical demonstration. After using each method, participants answered a survey to report

their subjective experience of demonstrating both tasks with that interface.

We combine the demonstrations provided by all users to create the training datasets for each

method.

Dependent Variables. Similar to Section 6.4.2, we measure the success rate across 10

task configurations with varying object positions to evaluate the performance of the learned

policies. For the Scooping task, we compute success by breaking the task into two segments:

reaching into the bowl and performing a scooping motion. Each segment accounts for 50% of

the task success. Likewise, for the Pick and Place task, we create three segments: reaching

for the block, grasping and lifting it, and carrying it to the bin, each contributing to a third

of the task success. For example, if the robot managed to pick the block but failed to take

it to the bin, the policy rollout would be 66.6% successful.

In addition to the success rate, we also measure the total time taken by each participant to

demonstrate both tasks with each method, and their subjective responses to a 7-point Likert

Scale survey. The survey questions were arranged into six multi-item scales: how easy it

was to provide the demonstrations, how intuitive the demonstration interface was, and how

much effort was required to teach the robot. At the end of the study, participants were asked

two forced-choice questions: whether they preferred teaching the robot through drawings or

teleoperation, and which of the three sketching approaches they preferred to use.



Hypotheses. We had the following hypotheses:

H1. L2D2 will perform similarly to Teleop, but will outperform other baselines across both

tasks.

H2. The users will require less time to demonstrate the tasks using L2D2 as compared to

the baselines.

H3. Users will perceive that drawings require less effort as compared to physical demonstra-

tions, and will prefer using L2D2 over other drawing approaches.

Results. The results for this user study are summarized in Figure 6.6 and Figure 6.7.

We first evaluate the performance of each method using the data from inexperienced users.

A One-way ANOVA revealed that the teaching method had a significant effect on the success

rate for the Scooping (F (5,

54) = 9.54, p < 0.05) and Pick and Place (F (5, 54) = 14.22, p < 0.05) tasks. Post-hoc

comparisons for Scooping showed that L2D2 outperforms RT-Traj and S2S baselines (p <

0.05), but performs similarly to Teleop (p = 0.69). Likewise, for the Pick and Place task,

L2D2 achieves a similar success rate to Teleop (p = 0.14) and outperforms all other baselines

(p < 0.05), providing support for our hypothesis H1. We also observe that Teleop-min and

L2D2-D have a similar performance across both the tasks. (Scooping: p = 0.433 and Pick and

Place: p = 0.717). This indicates that only drawings or only a few physical demonstrations

were insufficient to accurately convey these tasks to the robot. However, leveraging L2D2

that combines both of these teaching mechanisms, the end-users in our user study were able

to effectively teach the tasks to the robot.

While L2D2 performs on par with Teleop, its benefits become apparent when we com-

pare the total time taken by users to provide the same amount of data with each ap-

proach. A repeated measures ANOVA with Greenhouse-Geisser correction revealed that

the methods had a significant effect on the overall time spent in demonstrating the task
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Figure 6.7: Subjective results from our user study. Higher ratings for Easy and Intuitive
scales represent better subjective experience. On the other hand, for the Effort scale, a
lower rating indicates that the user had to spend less effort in demonstrating the tasks to
the robot. The participants perceived our approach (L2D2) to be as easy and intuitive as
teleoperation, and indicated that it requires significantly less effort than all baselines. The
error bars show the SEM, and ∗ denotes statistical significance (p < 0.05).

(F (1.421, 15.63) = 119.99, p < 0.05). Post hoc analysis also indicated that users spent sig-

nificantly less time demonstrating the tasks using L2D2 than all baselines (p < 0.05). On

average, when providing drawings, the novice users required less than 75% of they time that

they spent in providing phycical demonstrations. This result supports hypothesis H2 and

demonstrates that L2D2 achieves both learning efficiency and task performance by integrat-

ing synthetic drawings with physical feedback.

We next analyze the subjective results from the Likert scale survey summarized in Figure

6.7. After verifying that our scales were reliable (Cronbach’s α > 0.7), we grouped the

responses for each scale. We performed repeated measures ANOVA for each scale with

the necessary corrections for violation of sphericity. The tests indicated that the teaching

method had a significant effect on the ease (F (3, 36) = 11.14, p < 0.05) and intuitiveness

(F (2.01, 24.1), p < 0.05) of providing demonstrations. Post-hoc comparisons revealed that

users fou-nd L2D2 to be as easy and intuitive to use as Teleop, despite not being able to

see the robot and objects move in our interface. Lastly, the test also showed a significant



effect of method on the perceived effort (F (2.2, 26.41) = 13.61, p < 0.05), with post hoc

comparisons indicating that users put significantly less effort for L2D2 than the baselines

(p < 0.05). Analyzing the users’ subjective responses provided in the survey (see Appendix

B.1), we believe that this is because participants had to manually change the positions of

task-relevant objects for all baselines, while our approach leveraged vision-language models

to automatically vary the object positions in the camera images.

Overall, 66.6% of users reported that they preferred using drawings to teach the robot as

compared to using direct teleoperation, and 91.67% of users stated that they would prefer

using L2D2 over other sketching approaches. These subjective results support our hypothesis

H3. Users particularly disliked RT-Traj, stating that “specifying the height of keypoints is

not clear” in their open-ended responses. Due to this ambiguity, users were unable to select

the correct heights, resulting in rollouts where the robot failed to grasp the block or rotate

the spoon. While users did not face the same problem with S2S, the interface did not

allow them to specify end-effector rotation for the Scooping task, and their drawings for the

two camera frames were often misaligned in Pick and Place, leading to poor reconstruction

and task performance. Instead of obtaining heights or drawings from two viewpoints, our

approach used a few teleoperated demonstrations to better reconstruct the robot’s trajectory

from sketches, which made our interface much more intuitive for end-users and resulted in

more accurate learning.

6.4.3 Long Horizon Task

So far, we have demonstrated that our approach works with both expert and novice users.

However, our evaluations have only included short manipulation tasks with a single object in

the environment. This makes it easy to draw paths that go from the robot’s end-effector to
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Figure 6.8: Experimental results for the long-horizon task in Section 6.4.3. The expert’s goal
is to teach the robot to push a bowl to the center of the table, followed by picking up a can
and placing it next to the bowl. (Left) Environment setup and an example of the drawing
provided by the expert. (Right) The success rate of the policies learned from demonstrations
collected using Teleop and L2D2. We observe a similar performance for both approaches.
Error bars show the SEM.

the object of interest. But can our approach work for long-horizon tasks where the robot must

sequentially interact with multiple objects? In this section, we explore whether our sketch-

based approach (L2D2) can be leveraged to teach these long-horizon tasks. Specifically, we

compare the performance of L2D2 to the best-performing baseline from the previous sections

(Teleop).

Task Description. The experts were tasked with teaching a Long Horizon task of setting

up a dining table. Following recent works in long-horizon imitation learning [168, 169, 170],

we formulate our long-horizon task as a sequence of shorter subtasks involving sequential

interactions with two objects in the environment — an empty bowl and a can of food. In

the first subtask, the robot had to move a bowl to the center of the table, similar to the

Push task from Section 6.4.1. Then, in the second subtask, the robot had to pick up the can

and place it next to the bowl. The bowl was randomly initialized on the table while the can

started in a fixed location.

Data Collection. Similar to Section 6.4.1, we conduct this experiment with data collected



from expert users. For this task, the experts provided a total of 125 demonstrations to the

robot. For Teleop, the experts provided a total of 125 physical demonstrations by controlling

the robot’s end-effector velocity using a joystick. On the other hand, for L2D2, the experts

provided 100 drawings and 25 physical demonstrations to the robot.

Dependent Variables. Consistent with the previous sections, we evaluate the performance

of the robot in terms of success rate across 10 independent task settings. We compute the

success rate by breaking each subtask into smaller segments. We divide the first subtask of

moving the bowl into two segments: reaching for the bowl and pushing it to the center of

the table, where each segment accounts for 50% of the subtask success. The next subtask

of shifting the can is broken into three segments: reaching for the can, grasping and lifting

it, and placing it next to the bowl, each representing 33.3% of the subtask success. For

example, if the robot completes the first subtask and reaches the can, but fails to close its

gripper to grasp it, the rollout is considered to be 66.6% successful.

Results. The results for this experiment are summarized in Figure 6.8. An independent

samples t-test did not reveal a significant difference in the success rates of policies trained

with L2D2 and Teleop (t(18) = 11.37, p = 0.441). This indicates that our sketching-based

approach, requiring the expert users to spend ∼ 50% less time in providing drawings as

compared to teleoperation, is also effective in long-horizon tasks, achieving a performance

similar to training with an equivalent dataset of accurate real-world demonstrations.

6.5 Conclusion

In this manuscript we proposed L2D2, a drawing-based interface for imitation learning.

Throughout our work we recognize that teaching robot arms by sketching the desired tra-

jectory brings advantages and disadvantages. The key advantage is the ability to rapidly



collect low-effort human demonstrations (i.e., drawings). The disadvantages stem from the

fundamental gap between drawing the task in a static, 2D image and actually performing

that same task in our dynamic, 3D world.

To maximize the potential of learning from drawings, we leveraged vision and language

models to segment the initial image and generate a corpus of synthetic environments. Human

teachers could rapidly draw on multiple of these images to convey diverse examples of the

intended task (e.g., showing the robot arm how to grasp a block at various positions on the

table). This ultimately resulted in a sketching interface that users seamlessly interacted with

to draw and annotate their desired task. Participants perceived our method for teaching by

drawing to be easier, more intuitive, and less taxing than state-of-the-art baselines.

To minimize the weaknesses that are inherent to drawn demonstrations, we developed a two-

part solution. First, we derived an optimization approach based on Principal Component

Analysis to place the robot’s camera. By drawing on the images obtained from this camera

location, L2D2 mitigated information loss between the user’s 2D sketch and the robot’s

3D workspace. Next, to address the gap between static images and dynamic interactions,

we grounded the human’s drawings by collecting a small set of physical demonstrations.

Using these demonstrations L2D2 refined its understanding of what the drawings meant,

and reached a policy that captured how objects should transition. Our experiments across

different tasks with novice and expert users indicated that L2D2 learned a policy that was

as effective as policies trained with teleoperated data, but required significantly less time for

data collection as compared to physical demonstrations.

Limitations. Our results suggest that the benefits of L2D2 increase as the number of

demonstrations required to teach the robot scales up: with novice users, providing 100

demonstrations takes 20 minutes less with L2D2 than with traditional teleoperation. We

therefore see L2D2 as an important step towards intuitively teaching robot arms to perform



real-world tasks. One limitation with implementation of L2D2 is that it requires access to

data that effectively covers and captures diverse representations of the robot’s workspace

to find an optimal camera location. This limitation can be addressed in most manipulation

tasks if we have access to the robot’s urdf and task environment to compute the robot’s

workspace and inaccessible regions.

Another limitation of L2D2 is that users need to translate the behavior they want the robot to

perform into a drawing — and this can be challenging within long-horizon settings and with

deformable objects that may need force feedback for successful task execution. For instance,

if the robot needs to manipulate multiple objects, the human illustrator may be unsure what

object the robot is currently holding when completing their drawing. Similarly, if two objects

are dynamically coupled in the task (e.g., the robot is pushing a plate with silverware on

top of that plate), the drawing may not fully capture the interactions between these objects.

Our current solutions — including grounding the drawings with real-world data — help to

address this challenge. However, this may not work effectively with deformable objects that

may change shapes during interaction, as we would need more real-world demonstrations

to fill this information gap. Future work should ensure that the visualization of the task

captures object manipulation, and that users understand how the gaps in their drawings

can be corrected through physical interventions. Additionally, future works can explore how

VLMs can be leveraged to generate some intermediate images for the task that the users are

performing. The approach could then transition between these images to make it easier for

the end users to keep track of their actions in long-horizon tasks. This can also enable the

algorithm to adapt to deformable objects and track their intermediate states, which may not

be possible with directly simulating these objects to move with the robot gripper.



Chapter 7

Conclusion

In this thesis, we have explored different aspects of teaching robots to perform diverse tasks

ranging from object manipulation to driving around humans. We focused on imitation

learning algorithms and how robots can leverage these algorithms to learn from human inputs

or available datasets to learn to perform a task successfully. This approach is especially

critical for development of robots capable of working around human users while accounting

for their preferences and adapting to previously unseen changes in the environment.

We first explore online learning scenarios where humans are available to teach and correct

robot behavior. Recognizing the value of different forms of feedback in robot learning,

we proposed an algorithm that unifies demonstrations, corrections, and preferences within

a flexible reward learning framework. By combining passive feedback (demonstrations and

corrections) with active querying (preferences), the robot achieved higher accuracy than with

any single feedback type, showing that diverse forms of feedback allows humans to provide

more accurate guidance, thus enabling the robots to learn the desired behavior efficiently.

Because human feedback can be noisy or biased—due to task complexity or physical constraints—

we next explore online learning from suboptimal passive feedback. We formulate the robot’s

online learning rule as a dynamical system, and leverage Lyapunov stability analysis to de-

rive conditions that lead to convergence. We then leverage the stability conditions to modify

the robot’s online learning rule to expand the basins of attractions and ensure convergence

for a wider range of human actions. This approach improved robustness of online learning
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rules to imperfect human feedback and enabled the robots to more accurately and rapidly

infer the preferences of the users.

We then focus on scenarios where the human is not available to provide additional feedback.

In such scenarios, the policies learned from offline datasets may be prone to covariate shift

when they encounter data that was not seen in the demonstration dataset. We formulate

covariate shift as a linearized dynamical system, derived conditions for stability, and lever-

aged these conditions to develop Stable-BC, an algorithm that ensures local policy stability

around states seen during training. Stable-BC proved effective in diverse domains, includ-

ing autonomous driving, quadrotor navigation, visual learning, and dynamic games like air

hockey, with limited amount of demonstration data.

Finally, recognizing the physical effort required to provide demonstrations, in either online

or offline learning settings, we propose L2D2, an algorithm which enables the novice end-

users to teach the robot by providing sketches on the images of the environment. Using

vision and language segmentation models, we autonomously generate synthetic environment

images with varied object locations to collect diverse demonstration data. We then combine

these drawings with a few real world demonstrations to ground the robot’s learned policy

in the real world. This approach of teaching the robots using a combination of drawings

and physical demonstrations reduced the time and effort spent by the users in teaching the

robot, while also enabling the robot to generalize to diverse task settings.

Overall, our research advances robot learning from humans by considering different types

of feedback, their quality and availability. Collectively, these contributions form a cohesive

framework that enhances stability, adaptability, and efficiency in both online and offline

imitation learning settings. Together, they move us towards development of robots that

integrate seamlessly into human environments, operate reliably under uncertainty, and adapt

to diverse tasks with minimal user burden.



7.1 Possible Directions for Future Works

This thesis introduces approaches in the domain of offline and online imitation learning

from diverse forms of human feedback to enable the robots to learn stable behaviors that

are robust to different scenarios that it may encounter in the real world. However, several

avenues remain open for future exploration. One important direction is the development of

enhanced safety mechanisms to ensure secure interactions between humans and robots in

dynamic environments. Future efforts could focus on adaptive safety constraints that do not

rely on predefined rules but instead evolve with the robot’s learning process.

Another promising extension of this research lies in human-robot collaboration in scenarios

involving multiple users providing simultaneous or even conflicting feedback. Studying such

scenarios could yield insights into group-based learning paradigms and strategies for recon-

ciling diverse inputs. Finally, large-scale real-world deployment and longitudinal user studies

are essential for validating the proposed methods across domains such as industrial automa-

tion, healthcare, and household assistance. These studies would provide critical feedback

to further refine learning models, ensuring they remain robust, adaptive, and user-friendly

over extended operation. By pursuing these directions, the field can advance toward fully

autonomous systems capable of safe, seamless, and efficient collaboration with humans in

diverse, unpredictable environments.
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Appendix A

Additional Experiments for StROL

In our simulation and real world experiments, we test our approach StROL with users with

varying levels of noise and bias in their actions and in situations where the task that the users

wanted to teach the robot was not included in the prior of known tasks provided to the robot.

Here we perform some additional experiments to test the sensitivity of our approach to the

hyperparameters and in scenarios where the users change their intended task preferences

midway through the teaching process.

A.1 Effect of Relative Weight of the Corrective Term

In StROL we augment the original learning rule of the robot g with a corrective term ĝ to

expand the basins of attractions around the prior of known tasks to ensure convergence in

face of noisy and biased human actions using the following equation:

g̃ = g + λĝ (A.1)

where λ is a hyperparameter that determines the relative weight of the two learning rules.

In our simulation and real world experiments we set the value of λ to be 1. That is, both

the original learning rule and the corrective term had the same contribution to the learning

of the robot. But what would happen if we change the value of this hyperparameter and
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Figure A.1: Performance of StROL with varying relative weights of the original learning
dynamics and the correction term. When λ = 0, StROL performs similar to Gradient as the
corrective term has not effect on robot learning. In cases where the prior of known tasks is
provided to the robot, the value of λ has not significant effect on the robot learning. However,
when the robot is not provided with a prior of known tasks, StROL performs similar to the
baelines when 0 < λ ≤ 1.

how would this change affect the robot learning?

We perform simulated experiments to evaluate the effect that the value of the hyperparameter

λ has on the robot’s performance. In this experiment, we evaluate the performane of the

robot on four different values of λ: 0, 0.1, 1, and 10. In addition to varying the value of this

hyperparameter, we consider two learning scenarios: (1) Best Case scenario where the robot

is provided with the prior of known tasks in the environment and tries to learn a the human

trying to teach the robot has a similar amount of noise and bias in their actions as during

training and (2) Worst Case scenario where the robot is provided with an incorrect prior of

known tasks.

The results for this simulation are summarized in Figure A.1. We observe that when λ =

0, our proposed algorithm, StROL algorithm reduces to the Gradient approach (since the

corrective term is multiplied by zero). In the best case scenario, we generally observe that



StROL is not particularly sensitive to changes in λ (when λ > 0). On the other hand, when

the robot has incorrect information about the prior, in the worst case, we observe that as

we increase the value of λ, the performance of StROL is affected and it slowly approaches

the performance of e2e. Intuitively, this occurs because the corrective term dominated the

original learning dynamics. We observe that the relative weight of g and ĝ does not have

a significant effect on the performance of StROL when the simulated human takes actions

according to the prior of tasks. However, if the simulated human tries to teach a task different

from priors, the baselines significantly outperform StROL with when λ = 10. However, when

the relative weight of ĝ is similar to that of g, StROL performs similar to the baselines.

A.2 Effect of Changing Human Preferences

In all of our experiments, we have assumed that the task that the user is trying to teach the

robot remains the same throughout the duration of teaching. However, in reality, the user

may change their task preferences midway while teaching the task. For example, the user

may start teaching the robot to carry to the goal location while avoiding the laptop, but

may later change their preference to moving over the laptop to save some time. How would

the robot adapt to these changing human preferences?

To answer this question, we perform an additional simulation experiment where the user

changes their preferences midway while teaching the task. In this simulation, the user

provides a total of 5 inputs to the robot to teach their desired task. For the first 2 timesteps,

they start teaching one task from the prior of known tasks to the robot. From the 3rd

timestep, they change their task preferences and start teaching a different task from the

prior of known tasks.

The results for this simulation are summarized in Figure A.2. We observe that even when the



Figure A.2: Comparison of StROL with the baselines when the user changes preference for
teaching a task midway through the interaction. The results show that StROL can adapt to
the changing human preferences and learn the task correctly, leading to a lower regret.

simulated human changes the task preferences midway through the task, StROL can adapt

to these changing preferences learn the task correctly. On the other hand, the baselines do

not adapt to the changing preferences of the human in the limited number of interactions

and lead to a higher regret as compared to StROL.



Appendix B

Additional Results for L2D2

B.1 User Study Subjective Responses

In addition to the subjective ratings provided by the users in the Likert scale survey, the users

were given an option to fill out their subjective responses in paragraph format to highlight

their experience in using these different teaching interfaces. These comments provided by

the users for different teaching interfaces are provided in Table B.1.

The comments provided by the users show that they usually felt that teleoperating the robot

(Teleop) was easy and intuitive when they had prior experience in using the controllers.

However, the users without prior experience in using joysticks struggled with the interface.

On the other hand, most users perceived drawing interfaces and easy to learn, and the

process of demonstrating the tasks using drawing quicker than teleoperating the robot. When

working with RT-Traj, the users indicated that while the drawing part made the teaching

process easier, specifying the heights for the robot’s workspace was unintuitive and led to

incorrect task execution. In S2S, the users highlight that even though providing drawings is

easier, providing a trajectory that conveys the same information in different camera frames

was confusing. Finally, using L2D2, the users highlight that they had to spend less effort

in terms of resetting the environment. The users also state that while the process of setting

orientations was confusing at first, with practice they were able to effectively leverage the

interface to demonstrate the tasks to the robot.
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Table B.1: Open-Ended responses from participants in the user study that highlight their
experience in using different demonstration and drawing interfaces to teach the robot.

Method User Responses

Teleop

• ”Teleoperating the robot is simple and i know exactly what my actions were,
but it requires time resetting and operating the robot”

• ”The interface was easy to use and I could quickly show the robot how to do the
tasks. I did have to get up every time to change the environment which wasn’t
too bad but it did feel rather time consuming to repeatedly get up and change
where the object was”

• ”Was not intuitive. I can not use the learning for a new task that easily”
• ”It was pretty intuitive, but easy to mess up. With practice could become second

nature”

RT-Traj

• ”The drawing interface is easy to use, but specifying the height of keypoints is
not clear to me, there also seem to be an offset from the drawings to rollout
which is hard to interpret”

• ”The robot was slow during rollouts and didn’t seem to learn the task. It was
also difficult to figure out exactly where the robot should go in the drawings to
actually pick up or scoop the object on the table”

• ”It was very difficult. Could not get it to work”
• ”The interface was easy to understand but correlating the drawing with the

numbers was a confusing process to visualize.”

S2S

• ”This interface is quick for providing drawings, although it requires me to
physically move the objects, drawing on two cameras is confusing depending on
where the object is placed”

• ”The interface was confusing at times because it was harder to imagine how the
trajectory would look like from diffrerent angles. And for certain trajectories
when drawing the trajectory for the second camera angle it was hard to show in
2D how the trajectory would look”

• ”It was very easy and user friendly. Easier to use than a joystick”
• ”Drawing the paths in the interface was made easier with the additional camera.

It was easier to gauge the trajectory that the robot would take. I found the
interface quite easy to use without much explanation”

L2D2

• ”Providing drawings without having physically reset the environment everytime
saves a lot of time, the interface is fine but the rotation process is a little
unintuitive at first.”

• ”It was quick and easy to provide demonstrations since I didn’t have to get up
to change the environment. The interface was intuitive to use and I didn’t have
to worry about imagining the trajectory from different angles or think too much
about any factors other than the drawings”

• ”I enjoyed my experience using the interface. I found it easy to get comfortable
with and found the task easy to complete after explanation.”

• ”The surface touch screen was not good but the interface design was great. easy
to learn and switch”
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