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We are driven to build robots that operate outside specialized factories and automate
precision-critical tasks with sub-millimeter accuracy, such as assistive homecare, surgery,
harvesting, and agile manufacturing. We ask, how to enable general-purpose robots to
learn, adapt, and improve �ne motor skills in uncontrolled environments?

Current robotic systems tend to be either precise or general, but rarely both. Robots
designed for speci�c use cases rely on controller environments and speci�c tooling to
o�er high precision, but are costly to deploy to novel tasks in less structured settings.
Conversely, the learning methods for developing general systems have not demon-
strated necessary granularity for sub-millimeter accuracy. Challenges for robots to
generalize to high precision tasks can come from both the robot and the data: inaccuracy
in execution, scarcity of data and suboptimality of demonstrations. We emphasize the
need for general-purpose robots capable of �ne manipulation in diverse and uncon-
trolled environments.

This dissertation describes three steps that sought to make more practical and gener-
alizable robotic �ne manipulator by developing data-driven algorithms and systems.
The �rst part introduces a general-purpose robot platform for �ne manipulation and
uses it as a testbed to characterize the challenge. The second project learns from ex-
pert data via imitation learning but concerns the compounding errors problem - small
execution or prediction mistakes accumulate along trajectory, leading to increasingly
signi�cant deviations from expert data. The third project explores learning beyond
expert data in a data-e�cient manner to address di�cult tasks whose complexity limits
the data quantity and quality.

An emergent theme through these works is that, while we aim to develop data-driven
methods to address �ne manipulation challenges in a general way, leveraging structures
and priors, such as dynamics and constraints, signi�cantly enhances the e�ciency and
robustness of the learning process. We conclude with a conceptual analysis of moving
data-driven robotics forward - as models and data keep improving, what key challenges
would likely persists and what structures can be useful.
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The sky soars high, the earth stretches wide,
revealing the endless expanse of the universe;
Through joy and sorrow,
one comprehends the cyclical nature of gain and loss.

Bo Wang, 649 - 676 A.D.
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1
I N TRODUCT ION

Robots can alleviate human burdens by performing intricate tasks that can be di�cult
even for humans. We focus on the challenge of �ne manipulation, which involves
meticulous movements to address precision-critical tasks like handling delicate or
small objects. Fine manipulation tasks are prevalent in modern life—clasping necklace
chains, cutting �ngernails, assembling miniature puzzles, and conducting surgery on
patients’ bodies. Robotic �ne manipulation can have broad applications in diverse
�elds such as healthcare, scienti�c development, manufacturing, and service industries.
This dissertation focuses on pushing the boundary of robotic �ne manipulation via
data-driven approaches.

Existing approaches to �ne manipulation work well in controlled settings but can be
costly or infeasible to generalize to less structured environments. Traditional industrial
robots are designed for repetitive tasks, demanding speci�c tooling and structures for
alignment and precision, and lack the �exibility to handle tasks outside their dedi-
cated environments. Conversely, tasks such as assembling small electronic components,
performing surgical procedures, or assisting individuals with disabilities require adapt-
ability. Despite the possibility of adding an incredible amount of structures to control
the environment, some features could be impossible to control. Achieving generalizable
�ne manipulation in robotics necessitates dexterous adaptation strategies to work
amidst unstructured environments.
Conversely, general-purpose learning methods have not demonstrated �ne manip-

ulation capability at sub-millimeter accuracy with reliability on par with industrial
solutions. Bene�ting from the recent progress in large language and visual models,
robots could use language instructions to ground their actions in real-world tasks or
a relatively small amount of data to achieve success on tasks. However, it remains a
question how to build general-purpose robots to achieve the necessary granularity and
robustness for sub-millimeter accuracy required in �ne manipulation tasks.
We preview the challenge of building generalizable systems for robotic �ne ma-

nipulation that stem from hardware and data. Low-cost hardware often comes with
limitations such as actuator backlash and sensor noise, which can signi�cantly hinder
their capability for precise control. The challenge of �ne manipulation tasks leads to a
scarcity of high-quality data. Scaling data-driven methods can be resource-intensive
and may not always capture the full range of variability seen in real-world tasks. Robots
need to generalize from limited training data to a wide range of tasks and environments,
making it di�cult to achieve the desired level of precision and reliability.
Addressing these challenges requires a holistic approach that integrates hardware

platforms, sophisticated decision-making algorithms, and robust and sample-e�cient
machine learning techniques.

This dissertation makes the following contributions:

1
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• Chapter 2 presents our Hardware Platform, an accessible platform built from
o�-the-shelf actuators to use as a test bed for data-driven algorithms and robotic
�ne manipulation tasks.

• Chapter 3 presents a Human Study that characterizes human manipulation
strategies and evaluates data collection methods.

• Chapter 4 proposes Practical modi�cation to behavior cloning to learn �ne
manipulation skills from only expert demonstrations.

• Chapter 5 proposes the Continuity-based Corrective Imitation Learning
Framework to address the compounding errors challenge in imitation learning.

• Chapter 6 presents the CherryBot Reinforcement Learner Framework to
e�ciently learn beyond a given subset of data with limited coverage and quality
of the task.



Part I

HARDWARE TE ST BED AND HUMAN ST UDY



2
HARDWARE TE ST BED

Robotics is fundamentally grounded in real-world experiments. For our research in �ne
manipulation, we �rst built a hardware platform to serve as a test bed for developing
algorithms and evaluating autonomous systems. This platform integrates o�-the-shelf
actuators and components, creating an accessible and reproducible setup. We choose
chopsticks as the robot end e�ector, leveraging their simplicity and natural use in
�ne manipulation tasks. To leverage human familiarity, we designed a teleoperation
interface to enable data collection.
An overview of our hardware platform is shown in Fig. 2.1.

(a) Robot (b) Motion capture (c) Teleoperation

Figure 2.1: Overview of our system

2.1 �������� ��� �������

We build a hardware platform which includes a 6-DOF robot arm equipped with a
pair of chopsticks as its end e�ector (Fig. 2.1a). The robot arm is assembled from HEBI
Robotics components (HEBI Robotics n.d.). Each joint contains built-in controllers for
position, velocity, and torque control that operate at a loop rate of 1KHz.

We observe the state of the robot arm and command itsmotion via the end-e�ector(EE)
poses. They are 8D vectors containing (1) the x-y-z position of the bottom chopstick tip,
(2) a quarternion representation of the rotation of the chopsticks, and (3) the opening
angle of the last joint. Each application might request additional information (e.g.,
regarding the pose of an object to interact with, or an RGB image of the scene). To apply
end-e�ector pose command, we �rst use an Inverse Kinematics solver to translate the
EE pose to joint positions and send the positional command to the PID controller on
board of each joint.

4
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2.2 ���������� ��� ������ �����

Fine manipulation necessities a �ne end e�ector. Roboticists have used both complex
tools (such as universal grippers (Brown et al., 2010), vacuum suction tools (Robertson
and Paik, 2017), and anthropomorphic hands (Kontoudis et al., 2015; Zhe Xu and
Todorov, 2016)) and simple ones (such as parallel-jaw grippers and forks (Bhattacharjee
et al., 2019; Mason, Srinivasa, and Vazquez, 2011; Melchiorri and Kaneko, 2016;
Monkman et al., 2007; Odhner et al., 2014; Rhodes and Veloso, 2018; Rodriguez, Mason,
and Srinivasa, 2014; Yamazaki et al., 2010; Zisimatos et al., 2014)) for manipulation.
Complex tools can be customized, while simple tools impose less hardware burden and
scale easily, but require adaptive manipulation strategies for di�erent usage scenarios.
We focus on chopsticks, a simple tool that many humans are already familiar with.

Chopsticks have widespread use in �ne manipulation. Billions of people use chopsticks
everyday, demonstrating their versatility and e�ectiveness in manipulating a variety of
objects, from food items to small, rigid objects. One wily and dexterous human even
used chopsticks to pick-pocket cellphones (Picking Cellphones with Chopsticks n.d.). This
makes chopsticks an ideal tool for studying �ne manipulation in robotics, providing
a simple yet challenging benchmark for developing and testing new techniques. Re-
searchers have adopted the general design of chopsticks for various applications, such
as meal assistance (Chang et al., 2007; Yamazaki and Masuda, 2012), surgery (Sakurai,
Kanno, and Kawashima, 2016), micro-manipulation (Ramadan et al., 2009), repetitive
pick-and-place (Pastor et al., 2011; Vassileva and Boiadjiev, 2009) and articulated-hand
design (Chepisheva, Culha, and Iida, 2016; Sugiuchi, Morino, and Terauchi, 2002;
Wang and Stephanou, 1988). A chopsticks-wielding robot has a potentially versatile
use case to pick up objects of diverse shape, size, weight distribution, and deformation.
The design of chopsticks can be easily extended and its versatility may apply to other
robots, e.g., a surgical robot with a chopsticks-shaped end e�ector may e�ortlessly
switch between grasping, moving and rotating various shapes of tissues with di�erent
deformability without switching hardware (Sakurai, Kanno, and Kawashima, 2016).

Further, studying the dexterity humans demonstrate in using chopsticks could help
us extract insights for developing autonomous manipulators with comparable �exibility
to humans.

2.3 �������� ��� �����������

We document how we build a model for the robot and improves the modeling. Ini-
tially, the average EE position error was 10mm. Controllers had low success rates
for reproducing their success of picking up small items placed at �xed position, even
just replaying successful trajectories. We highlight one example of inaccuracies in
general-purpose gear-based actuator: joint backlash. Since the robot is assembled from
parts with joints that are not strictly rigid, inaccuracies can accumulate along robot
links. The kinematic model for our joint is not highly accurate and the position errors
range from 1 mm to 6 mm meausred at the robot’s end e�ector.
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We built a simulation model for the robot via kinematic modeling and system identi-
�cation procedure. We explain how we used a neural network to predict the residual
backlash to achieve position errors < 3 mm at the robot’s end e�ector.

��������� ��� ���������� Performing such �ne-motor skills requires a care-
fully calibrated kinematics model that re�ects the hardware setup in the real world.
The robot manufacturer provides a kinematics model, but this (a) does not account
for the chopsticks end-e�ector, and (b) is not tuned to the degree of accuracy that we
require. Therefore, we employ data-driven calibration pipelines that allow us to achieve
highly accurate position estimates from joint angles.
The Optitrack cage provides precise and accurate pose information, which we can

leverage as ground truth data. When we mount a pair of chopsticks to the robot end-
e�ector, one of them is �xed (“primary” chopsticks) and the other one can be rotated
by the end e�ector joint (“moving” chopsticks). By placing a tracker on the tip of the
primary chopstick, we can measure the end-e�ector position in the 3D space.

First, we need to measure the robot’s base position and orientation on the table. We
spin the base joint of the robot for several rotations in both directions. This causes the
tracker to trace out a circle several times. By measuring the position and inclination of
the circle, we can determine the tilt and position of the robot on the table.

We then, using teleoperation, control the robot to move inside the workspace, record-
ing the end-e�ector position and the robot joint angles. Later we can then use this
data with either a black-box or gradient-based optimizer (using the factory defaults as
the initial guess) to solve for a set of accurate parameters for the kinematics model by
minimizing the FK loss. To regularize the optimization, we �nd that it is important to
penalize deviating too far from the manufacturer-given kinematics model. We observed
the kinematic error being 1.2 � 3 mm at the end e�ector tip in the task space we tested.

�������� ���������� �� ������� ���������� To combat inaccuracies in
our kinematics, particularly due to backlash in the arm joints, we train a model to
predict the backlash in each joint of the arm as a function of the current joint angles.
The intuition behind this is that in certain orientations the backlash of the joints may
induce errors that are predictable. These dynamics wouldn’t be able to be captured
by the DH parameters that parameterize the arm kinematics, but a nonlinear function
approximator like a neural network would be able to predict this.

The residual estimator network is trained on a dataset of joint angles and ground truth
positions (as determined by the mocap cage) collected in and around the workspace.
Additionally, the predicted backlash is constrained to be at most 10% more than the
�gure listed by the manufacturer, to prevent deviating too far from the kinematic model.
In practice, we found that this approach reduced the average position error from 1.8mm
to 1.5mm, about a 17% reduction, which is signi�cant given the high-precision nature
of the task.

������ �������������� To build a simulator with dynamics as close to real as
possible, we also employ an optimization-based to �t the dynamic transition in our
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(a) Teleoperation (b) Example Demonstration

simulator to the real world Using recorded trajectories of the robot in and around
the workspace, we optimize the environment’s parameters (centers of mass of joint
bodies, friction coe�cients, contact solver parameters, etc.) in order to minimize the
divergence of simulated rollouts from the ground truth recording. Again, we regularize
this optimization by penalizing the divergence of the simulator parameters from the
initial guess.

To run the optimization program e�ciently, the code leverages the fast computational
speed of Julia and the LyceumMuJoCo wrapper. We do not expect that this optimization
pipeline will result in a simulator that matches reality exactly because of the limitation
of the simulator: e.g., the shape of the chopsticks and contact parameters are simpli�ed.
But it does yield good enough parameters so as to enable simulator pre-training.

2.4 �������������

We designed a pair of chopsticks for motion-capture (“MoChop") and an interface for
users to teleoperate a robot holding chopsticks (“TeleChop"). Both were adapted from
normal chopsticks (“Chop"). See Fig. 2.2a. All methods used the same consumer-grade
titanium chopsticks that di�er only in colors.

2.4.1 MoChop

We 3D printed �ve light-weight, ball-shaped markers, wrapped them in re�ective ma-
terial and mounted them onto MoChop. To ensure users could still hold the chopsticks,
we placed the markers near the tips and tails of chopsticks at di�erent positions on
each stick. Note the markers changed the weight distribution and added constraints to
�nger positions, e.g. users cannot hold the chopsticks at the tail.

To track the motion of MoChop held by users, we used the OptiTrack motion capture
system (OptiTrack n.d.) with 11 cameras (Fig. 2.1b). The system uses optical re�ection
to track the position of markers. Its tracking error is up to 0.4mm, and the tracking
updates at 100Hz. From the tracked markers’ positions, we extracted MoChop’s pose.
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2.4.2 TeleChop

We custom built a 6-DOF robot manipulator, assembled from components provided
by HEBI Robotics (HEBI Robotics n.d.). We attached the TeleChop to this robot’s end-
e�ector. TeleChop has an actuated pair of chopsticks. The two chopsticks operated on
the same plane: one was �xed at the actuator’s body, and the other is attached at the
actuator’s output shaft. We used HEBI’s X-Series actuators (HEBI Robotics n.d.) since
they provide built-in controllers for position, velocity, or torque control, running at a
loop rate of 1KHz.

2.4.3 Teleoperation Interface

To initiate teleoperation, users held MoChop to match TeleChop’s orientation. During
teleoperation, users moved MoChop (leader) to teleoperate the robot mounted with
TeleChop (follower). This further constrains chopsticks’ movement because of the
motion-retargeting problem induced by the di�erence between the human arm and
the robot arm. We designed a controller that guide TeleChop to smoothly mimic
MoChop’s pose. Depending on how the user held MoChop, the two chopsticks may be
on di�erent planes. We projected the two chopsticks in MoChop onto the same plane
to ensure TeleChop could follow the projected pose. This became the target pose that
our controller tracked.
Our controller translated MoChop poses to joint commands for the robot. Upon

receiving the desired pose, the controller �rst computed an Inverse Kinematics solution.
However, since smooth chopstick trajectories for humans could require jumps in
the robot’s joint space, we applied a convolution smoother to get the joint position
command, e�ectively enabling tremor cancelling. We used a position PID controller to
follow the joint position command. To add smoothness to the robot’s movement, we
also supplied a torque command based on gravity compensation and passed it through
a torque PID controller. 1 We added both PID controllers’ PWM outputs to compose
the �nal command.

1 The amount of torque commanded was based on the mass of the robot as speci�ed on the manufacturer’s
datasheet (HEBI Robotics n.d.)



3
HUMAN ST UDY

Human familiarity with �ne manipulation opens up the possibility of easily collecting
expert demonstrations. Despite the wide range of applications involving chopsticks, we
are not aware of any prior e�orts to learn from human demonstrations for chopstick-
based robot manipulation tasks. To this end, we analyze how di�erent interfaces and
user expertise levels a�ect the quality of demonstrations by comparing three data-
collection methods (Fig. 2.2a): normal chopsticks (“Chop”), motion captured chopsticks
(“MoChop”), and a teleoperation interface (“TeleChop”). We conduct a within-subjects
user study with 25 participants and examine how human factors a�ect the success rate
of picking up everyday-life objects.

Figure 3.1: Subjects teleoperating a robot holding chopsticks using a motion-capture-marker
instrumented chopstick to pick up di�erent objects.

Overall, we make the following contributions:

1. An analysis of human factors underlying user demonstrations in chopstick-based
telemanipulation.

2. A comparative evaluation of three di�erent technologies for chopstick-based
manipulation across a series of grasping tasks of varying di�culty: normal
chopsticks, motion-captured chopsticks, and teleoperated chopsticks.

3. A novel teleoperation interface featuring a custom-built, inexpensive 6-DOF
robot manipulator, equipped with a pair of chopsticks attached to its end-e�ector

9
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and the ability to partially �lter vibrations arising from users’ grips or motion
tracking.

Humans successfully teleoperated our robot to complete a challenging manipulation
task: picking up a slippery glass ball with slippery metal chopsticks, without haptic
feedback. We believe that teleoperation could be the preferred interface to yield on-
hardware demonstrations for robots to learn from (Billard, Calinon, and Dillmann,
2016).

Name Foam Chip Nut Pencil Ball
L ñ W ñ H (mm) 50ñ25ñ20 65ñ45ñ15 25ñ10ñ3 86ñ7ñ6 14ñ14ñ14

Texture rough rough slippery slippery slippery
Geometry curved curved �at long spherical

Deformation compliant brittle hard hard hard

Table 3.1: Di�erent objects to pick up.

3.1 �����������

We conducted an in-lab user study with human subjects in which participants per-
formed a series of pick-and-place manipulation tasks using chopsticks on a variety of
objects. These experiments aimed to compare human performance on pick-and-place
manipulation tasks using TeleChop, MoChop and Chop. We also wanted to explore
how humans adapted to di�erent interfaces during this process. Our object set (foam,
chip, nut, pencil and ball) for the manipulation tasks included objects with varying
levels of chopstick grasping di�culty. See Table 3.1. The user study was conducted in
accordance with our University’s Institutional Review Board (IRB) review.

3.1.1 Participants

We recruited 25 human participants (13 male, 11 female, 1 non-binary of age� = 27.28,
�� = 7.89) for our human-subject studies. The participants had various amount of
experience using chopsticks (� = 14.44, �� = 8.79 years of experience). Fourteen out
of 25 subjects reported having experience with teleoperation, but none were previously
exposed to our system. To o�set individual di�erences among subjects, we chose a
within-subjects design, where all subjects performed the same set of grasping tasks
under the same conditions with di�erent orders of tasks.



3.1 ����������� 11

3.1.2 Experiment Procedure

Before beginning the experiments, participant signed a consent form and reported
demographic information (procedure approved by the IRB review of the University of
Washington). They were informed that the experiment was intended to evaluate their
interactions with all three grasping methods. Prior to the recorded trial, participants
went through a training procedure. First they held the Chop and then the MoChop,
trying to open and close them. They watched the researcher demonstrate how to use
TeleChop and then tried to initiate the teleoperation by matching the orientation of
MoChop and TeleChop. During training, subjects interacted with Chop, MoChop and
Teleop but not with any object in the recorded trials. The subjects �nished training by
picking up a piece of broken foam just once using TeleChop.

Subjects then proceeded to the formal trials to be recorded. All subjects tried to pick up
�ve di�erent items using all three methods for grasping. Participants manipulated Chop
and MoChop to directly pick up items; for TeleChop, they held MoChop to teleoperate
the robot, who was holding TeleChop, to pick up items. For each combination of item
and method, they had three trials. Each subject therefore contributed 45 trials in total
(5 objects ñ 3 methods ñ 3 trials).

During each trial, participants were asked to pick up a speci�ed object and hold it
statically in the air for 1 second to show the grasp was �rm. We de�ned success strictly
as procuring the object in the �rst attempt. If the chopsticks moved the object without
procuring it, or the object immediately slipped away from chopsticks after being picked
up, the trial failed. But the subjects were allowed to re-try the task until procuring the
object or 20 seconds elapsed. We chose 20 seconds as the maximum trial length because
we wanted to (1) give subjects an opportunity to learn from interacting with the object,
and (2) to control the total trial time so the subject would be less likely to feel tired or
frustrated.

Each subject worked with a randomized order of objects. For each object, the subject
used all three methods. They completed all methods for one object before moving on
to another. The subject might have gained more experience dealing with the object by
the �nal method. We therefore randomized the order of methods for each object per
person to ensure that each method’s data is not skewed. Upon �nishing all tasks for
one object, the subject rated the di�culty and comfort of each method on a 5-point
Likert scale.

Upon completing all trials, participants responded to an open-ended post-task ques-
tionnaire. Samples of all questionnaires (pre-task, during-task, post-task) are available
in (Questionnaire n.d.).

3.1.3 Data Acquisition

We recorded all trials using two RGB cameras and collected written questionnaires from
subjects. We tracked and recorded MoChop movements during both MoChop’s and
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TeleChop’s trials. We recorded joint commands and robot states during teleoperation
trials.

Figure 3.2: Success rate for each method. Error bars indicate 95% con�dence interval. No sig-
ni�cant variance was observed across the three methods for all objects (� = 0.44).
However, for each individual object, we observed signi�cant variance across meth-
ods (� < 0.05 in ANOVA). The most successful method for each object is highlighted
with high saturation color.

3.2 ��������

We evaluated how participants’ performance varied by 1) object, 2) control interface and
3) chopstick expertise. We studied how participants adjusted manipulation strategies for
di�erent objects, methods and after failures. We also compared the subjective ratings
with the objective success rate for each method and object.

3.2.1 What factors a�ected the success of grasping?

���������� ������ �� ������ ���������� ������� ��������� ����
���� ���� In Fig. 3.3, the variation in participants’ success rates shows that the
selected set of tasks presents a full spectrum variance of di�culty (ANOVA F=38.49,
� < 0.001), ranging from very easy (foam) to very di�cult (ball). The ranking derived
from subjective ratings of di�culty roughly correlates with the corresponding ranking
of performance, with the only exception being the order between the nut and the pencil.
Paired-T tests on subjective ratings across objects were all signi�cant (� < 0.0001).
Paired-T test on success rates across objects were all signi�cant (� < 0.01) except
between nut and pencil (� = 0.65).

��������� �������� ������� �������� ��� ������� ���� ���
���� ������ Fig. 3.2 depicts the success rate per method and how performance
varied per method for each object. Overall performance was similar (F=0.8256, p=0.44)
between the grasping methods, although TeleChop performed slightly better.

However, for each individual object, we observed statistically signi�cant di�erences
across methods (� > 3, � < 0.04). Chop and MoChop were signi�cantly better (� <
0.005) at picking up foam, while TeleChop was signi�cantly better at picking up a nut
(� < 0.05). Foam was the simplest task and participants had 100% success rate when
directly using Chop and MoChop. They were probably familiar with the environment,
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Figure 3.3: Success rate (gray bar) and subjective rating (multicolor bars) of di�culty for each
object. From left to right, objects were easy to di�cult.

and more speci�cally, the interaction between chopsticks and objects; unfamiliarity
with teleoperation might explain the drop in success rate for this object. A nut, on the
other hand, is a �at and slippery item that required a �rm grasp after being picked up.
Failures occurred mostly because the nut slipped from chopsticks after being lifted up,
possibly because users were tired of supplying a concentrated force on their �ngers.
Teleoperation could alleviate this problem by o�ering a �rm grasp without participants
supplying force. More analysis on TeleChop’s force output is in Sec. 3.2.4.

Figure 3.4: Success rate over trials

������������ �������� ����������� ������ 3 ������ Howquickly
did subjects learn to adapt to the use of chopsticks for these trials? We looked at the
change in success rate over the three trials as a proxy for estimating the e�ect of
learning on participants’ performance. For each task (5 in total) and each method
(3 in total), each subject attempted 3 trials. Fig. 3.4 depicts the success rate per trial
number. As the trial count increased, performance increased, suggesting the existence
of a learning e�ect (F=5.47, p< 0.001). The variance in performance across trials was
signi�cant for Chop and TeleChop methods (� = 3.79, � = 0.027, and � = 3.6, � = 0.032
respectively), suggesting that subjects had an easier time adjusting to these twomethods
through trials. Additionally, subjects signi�cantly increased performance over trials
when picking up a nut and pencil. For the nut, they might have realized the need to
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supply a �rm grasp after failed trials. For the pencil, subjects might have mastered
a more e�ective grasping point that was closer to CoM after experiencing failures.
Further qualitative examination of how participants adjust their manipulation strategies
is in Sec. 3.2.2.

Figure 3.5: Success rate and chopstick expertise.

���� ��������� ����� ’� ����� �������� ��������� We identi�ed
expert subjects by choosing individuals that achieved higher than median success
rates when using Chop to pick up items (SRexpert > 60%). Based on this standard,
our sample consisted of 11 expert and 14 non-expert subjects. Fig. 3.5 depicts the
performance of expert and non-expert chopstick subjects. Both cohorts had statistically
signi�cantly di�erent success rates when using Chop (� < 0.001) but not when using
MoChop or TeleChop (� = 0.06, 0.89 respectively). Non-experts had a statistically
signi�cant improvement using TeleChop relative to using Chop (� < 0.01). We suspect
that non-expert participants may have had less stable and precise control of chopsticks,
which would be critical in directly picking up a nut. However, teleoperation removed
this requirement and therefore enabled non-experts to perform better. This suggests
that teleoperation can be a desirable interface for future data collection, especially for
collecting data on certain challenging tasks for humans, such as prolonged grasping,
as researchers can improve both hardware and controllers to alleviate the burden of
controls from users.

����� ������� �� ������ ����� � ������ ����� , ����������� ����
���� ����� ��� ��������� �� ����� 75% ���� ��� ��� ���� ����
������ ���� Many robotics grasping tasks evaluate success based on one-shot
grasping, i.e., whether the robot successfully grasps the object in one try. However,
humans learn from and adapt to failures (Bhattacharjee et al., 2019). In our experiment,
we let subjects re-try a task after a failed trial, even though the �rst failed attempt might
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Figure 3.6: Given chances to re-try, subjects achieved greater success within 20 seconds.

(a) Nut versus Chip (b) MoChop versus TeleChop

(c) Adapting to failures

Figure 3.7: Subjects adjusted their manipulation strategies conditioned on (a) objects, (b) meth-
ods, and (c) adapting to failures. Each set of pictures shows the same user.

have changed the object’s con�guration. We evaluated re-try success rates based on
whether subjects could pick up the same object within 20 seconds (see Fig. 3.6.) We see a
signi�cant boost in the success rate where, within 20 seconds, subjects managed to pick
up the most di�cult item (glass ball) with a 79.1% success rate even though their initial
success rate at �rst try was only 26.2%. Humans demonstrated an impressive robustness,
which suggest that alternative metrics for evaluating manipulation performance might
consider allowing successive tries.
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3.2.2 How did participants adjust their manipulation strategies?

�������� ������� ��������� ���������� ��� ��������� ������ ��
������� For a �at object like nut, almost all subjects held the chopsticks parallel to
the nut from the top view, as shown in Fig. 3.7a. To adapt to the curved surface of chips,
21 of 25 subjects rotated the chopsticks to procure the object. Some subjects changed
the rotation of the chopsticks several times without touching the object, as if trying to
�nd the optimal approach angle through visualizing the alignment. Visual information
could play an important role in this adaptation.

��� ��������� ������� , ������������ ���� ��������� �������
���� ��� ��� ���� ������ Fig. 3.7b shows a subject using MoChop to pick
up the nut from a di�erent angle than was used via TeleChop. Intuitively, holding chop-
sticks from the vertical angle could allow subjects to supply the strong force needed to
pick up the Nut, whereas TeleChop could output the required force from any angle.
We observed similar phenomena for chips: many participants used TeleChop to grip
the chip on one pressure point and used MoChop and Chop to lock the chips between
chopsticks. And for the glass ball: subjects needed to �rst grip the ball and then lift it
up while retaining grasp strength. However, the glass ball frequently slipped during
lifting. When using TeleChop, subjects seemed to pay more attention to gripping the
ball and less to keeping the grip �rm. These di�erent strategies might also contribute
to the performance di�erence.

������������ ������� ���������� ����� ������� As shown in Fig.
3.7c, the long pencil shape made it tricky to pick up. Most subjects tried to grip its center.
Because some did not estimate the CoM accurately, the pencil rotated and dropped.
After failure, many subjects adjusted the gripping point on the pencil and the contact
point on the chopsticks. In this process, subjects also slowed down the manipulation
motion, perhaps having realized that a rushed pick-up attempt made the pencil prone
to rotate and drop. Interestingly, some had a di�erent adaptation strategy when using
TeleChop: 23 out of 26 subjects gripped the pencil at its geometry center, adjusted how
much to close the leader chopsticks (and how much force TeleChop to output) until the
robot could grasp the pencil �rmly.

The round slippery glass ball is among the most challenging object for chopsticks to
pick up. Conceptually, picking up the ball is straight-forward: one need to close the
chopsticks around the diameter of the ball. But placing the chopsticks exactly across
the diameter of the ball was challenging. Many subjects went through a trial-and-error
process, slightly lifting up the chopsticks and closing them around the ball, observing
whether the ball was being picked up and adjusting the next grip accordingly. It allowed
subjects to succeed at picking up the ball eventually, achieving an astonishing success
rate of 79% when allowed re-try.
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3.2.3 Subjective Ratings

Participants rated teleoperation as the least comfortable and the most di�cult to use
(� < 0.0001), except when to pick up the ball. Participants explained that the negative
ratings came from the sense of indirection added by the teleoperation interface, lack of
haptic feedback and the misalignment between the robot arm and human arm. We also
observed that subjects took signi�cantly longer time on TeleChop’s trial than Chop
and MoChop.

However, participants’ performance using teleoperation was empirically better than
using other methods to pick up 3 out of the 5 objects chosen (chips, nut and ball shown
in Fig. 3.2). Possible reasons of such a contradiction include (1) teleoperation alleviated
the burden of �rm and stable control from the subject for certain tasks, (2) subjects
found a strategy for teleoperation method that could achieve higher success rate but
required more e�ort, and (3) subjects, feeling that the teleoperation interface was more
di�cult and less comfortable, spend more e�ort and concentration using this method.
We found qualitative evidence supporting these hypotheses: (1) 15 of 25 subjects in the
post-task questionnaire reported that TeleChop simpli�ed grasping because it “(was)
easier to maintain a constant grip," “(required) less e�ort on my hand to grip the object
between the chopsticks," and “(users) only need to care about the motion of chopsticks
without, considering how much force to exert" , (2) 19 of 25 subjects developed a
di�erent strategy for TeleChop compared to the other two methods for grasping the
same object, and (3) some subjects commented on how they adapted to work with the
TeleChop: “I started focusing on the robot joints and how to move my arm in a way that
translated to the robot joint, the placement tasks became easier." and “It takes a little
time to learn and be familiar with the movement (of TeleChop)". Therefore, the subjects
adaptation to the robot and TeleChop’s stable force output enable the teleoperation to
achieve higher success rate on certain tasks but made it uncomfortable regardless.

3.2.4 Position as a proxy for force

(a) Foam (b) Chips (c) Nut (d) Pencil (e) Ball

Figure 3.8: Displacement between commanded position and observed position. The X-axis
shows commanded position. The Y-axis shows observed position. (unit rads). A
smaller number means closing chopsticks. The displacement is proportional to the
torque output between chospticks.
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Onemain bene�t of our teleoperation interface is its ability to collect force commands
without needing specialized force measurement devices. We achieved this by using
position as a proxy for force. Subjects could close the leader chopsticks to direct
TeleChop to close. However, TeleChop could hold a ball between its tips rather than
closing the chopsticks as instructed. The error between the commanded and the actual
position incurred a proportional torque output from our PID controller. To pick up
any object that requires gripping, this mechanism is necessary. Fig. 3.8 shows the
recordings of displacements, which indicate the generation of forces. Note that the
clear displacement gaps for the Nut and Ball correspond to subjects gradually closing
leader chopsticks to add force to �rmly grip those objects. On post-task questionnaires,
subjects commented on how �rm the TeleChop grasp and that “(they) didn’t have to
squeeze that hard to increase the tension." This might explain why TeleChop achieved
highest success rate on the Nut and Ball. It also suggested that teleopeartion could be
more helpful in picking up hard, small, and heavy pieces.

3.3 ����������

3.3.1 What interface is the best for collecting demonstrations?

MoChop and Chop were better at picking up the foam and the pencil whereas TeleChop
achieved the highest success rate picking up the chip, nut, and ball. Although TeleChop
might be the most unintuitive and uncomfortable to use, subjects in our study demon-
strated impressive �exibility and used teleoperation to achieve, overall, a comparable
success rate to the other methods.
TeleChop has proved to be more helpful in picking up small, hard and slippery

items that demanded precision and stability in control than soft, compliant, lightweight
objects. This might be related to motor noise in human movement control. (Jones,
Hamilton, and Wolpert, 2002) proposed that higher muscle force generally comes with
higher force variability. For tasks requiring strong and stable force output, e.g., surgical
operation, teleoperation might allow for lower muscle forces, avoid muscle tremors,
and could be the preferred method.
The subjective feedback suggested that the teleoperation interface tire out users at

a faster rate than other methods, raising the question of whether the teleoperation
interface can collect large amounts of demonstrations. Collecting data via motion-
tracking could be less tiring and can perhaps capture more a realistic re�ection of how
humans use chopsticks. One possible remedy for this is to collect data in short-burst
batches.
However, an advantage of using teleoperation is that recorded trajectories can be

replayed on the robot to accomplish the task. Transforming and replaying motion-
captured data is similar to open-loop control, whereas replaying teleoperation data
is closer to closed-loop control as the human demonstrator serves as the closed-loop
controller for the robot during recording. This feature can be critical for approaches
like learning from demonstrations.
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All things considered, we would recommend using a teleoperation interface to collect
demonstrations for robotics manipulation with chopsticks.Teleoperation superiority
on certain tasks—even though it takes away haptic feedback and introduces additional
delays—implies that teleoperation could boost human performance, e.g., o�ering tremor
canceling in robotic surgery, supplying stronger force output in exoskeletons, or aiding
people with disabilities.

3.3.2 Can we learn from human adaptation to a robotic arm?

Human subjects have demonstrated an impressive capability to serve as the controller of
imperfect hardware that is not precise to control, counters their intuition during usage,
and lacks the haptic feedback that they are familiar with in challenging manipulation
tasks.

During human study, we observed multiple learning e�ects happening. The subject
learned about di�erent chopsticks methods, the robot interface, the object dynamics,
and the manipulation strategies they used. We highlight how non-expert subjects
using TeleChop could achieve comparable success rates to expert subjects using Chop.
We quantify the subjects’ improvement by studying the change in success rate over
three trials, noting a marked increase in success. More importantly, humans recognize
their mistakes immediately and alter their manipulation strategies during the course
of a single task, achieving a median success rate of over 93% but not on the �rst try.
Therefore, recognizing the short-term learning factors in humans and formalizing them
in algorithms may boost robotics manipulator’s robustness.

3.3.3 Limitations

Our teleoperation interface allows successful demonstrations of chopsticks manip-
ulation, but it can be counter-intuitive and uncomfortable to use. It would be more
bene�cial to design the teleoperation robot to use a parallel con�guration to human
arms, have more stable movement, and enable more advanced tremor canceling. We
used a simple controller and haven’t tuned our system to completely eliminate the
control noise. A smoother and more precise teleoperation system could improve the
human experience and reduce the cognitive load.
Nevertheless, our work brings out the potential of involving chopsticks in robotic

manipulation and demonstrates how a teleoperated robot with chopsticks can pick-up
challenging items without relying on a complicated end-e�ector. We intend to extend
this work by learning from the demonstrations we collected and building a skillful
robot at using chopsticks autonomously.



Part II

LEARN ING FROM EXPERT DATA



4
IM I TAT ION LEARN ING FOR F INE MAN I P ULAT ION

We hope to derive an autonomous policy from expert demonstrations and study imita-
tion learning (Dyrstad et al., 2018; Ho, Gupta, and Ermon, 2016; Pastor et al., 2009;
Zhang et al., 2018).

We have access to demonstration data but not to the expert’s policy function or the
environment’s transition model. Under these conditions, supervised learning methods
like behavior cloning (Pomerleau, 1989) learn a policy function by matching the expert’s
action distribution. Minimizing action distribution divergence, however, does not nec-
essarily guarantee the recovery of parsimonious states that lead to task success (Osa
et al., 2018). A learned agent can su�er from covariate shift (Quionero-Candela et al.,
2009), i.e., compounding errors in the action space that lead the agent to unseen states
during test time. This problem can be especially detrimental for �ne manipulation, the
success of which critically depends on a few steps that usually occur near the end of a
trajectory.

Figure 4.1: Fine manipulation using chopsticks.

To remedy covariate shift, researchers have proposed interactive imitation learning
methods, such as DAgger (Ross, Gordon, and Bagnell, 2011) and DART (Laskey et al.,
2017), to query an expert online for corrective labels. DAgger rolls out a learned agent
and asks the expert for labels on learner visited states, which can be computationally
expensive and unnatural on a teleoperation interface (). DART injects noise during data
collection, disturbs expert teleoperation, and forces the expert to provide corrective
labels. However, injecting noise during data collection can burden the expert: adding

21
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a small amount of random noise for our �ne manipulation task, as DART suggests,
would require the expert to spend 43% more time on collecting data.1

These challenges prompt us to address covariate-shift in model-free imitation learn-
ing in a non-interactive setting, where we have access to demonstration data but not
to an interactive expert. Since covariate shift results from the interplay of single-step
errors and their accumulation over time, our key ideas are to (1) increase data support to
address single-step errors, and (2) provide corrective labels to address the accumulation
of errors. Speci�cally, we provide:

• Enhanced data support by transforming the data to an object-centric frame that
preserves the relative transformation between the end e�ector and object, while
making training data denser around the critical region for grasp success.

• Corrective labels by injecting noise into the collected state, assuming the same
action may serve as the corrective label for the deviated state. Thus, we implicitly
enforce smoothness to the learned policy and tell the agent how to recover from
deviated states.

• Corrective labels by choosing a combination of parametric and non-parametric meth-
ods that improve matching of the action distribution at unseen states. Because
of our problem structure, a better match in action distribution leads to a higher
likelihood of matching the state distribution, preventing error accumulation.

4.1 �������

4.1.1 Transform: Increasing Data Support

Our goal is to develop an agent that can generalize from demonstration data to predict
an action for any query state. However, we lack data support for some states (e.g., the
“unseen state” during rollout). We propose to apply an invariant operator to transform
the data, making it denser around the region of interest and thus increasing the data
support.

In manipulation, changing the frame of reference can signi�cantly change the distri-
bution of trajectories (Fig. 4.2). We could choose a robot-centric frame, where the robot
base is the origin, or an object-centric frame (Mason, Srinivasa, and Vazquez, 2011),
where the object location is the origin. The change of frame preserves the relative
transformation between the end-e�ector and the object and is therefore an invariant
operator. We propose that using an object-centric frame can reduce the covariate shift
and improve the policy generalization, especially for �ne manipulation. The transfor-
mation to an object-centric frame would result in a denser distribution of trajectories
near the origin where the object is located, increasing data support for this critical
region that determines grasping success. Using an object-centric frame also allows

1 We injected an independent Gaussian noise to each joint. Though 95% of the noise resulted in at most
0.35� deviation per joint, it lowered the expert success rate by 18% and forced the expert to spend more
time completing each trajectory.
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(a) Robot-centric frame. (b) Object-centric frame.

Figure 4.2: Visualizing the end-e�ector positions for all demonstrations under di�erent coordi-
nate frames. Each black dot is an xyz-position of the end e�ector in one step. We
highlight one trajectory, which starts with red dots and ends in blue.

the policy learned to be invariant to the translation of object location. This makes the
learned policy more sample e�cient when generalizing to novel object locations.

4.1.2 Noise: Generating Synthetic Labels

(a) Covariate shift: A learner
roll out (black) deviates from
the demonstration (red) and
error accumulates.

(b) Inject noise into the col-
lected states and reuse the
collected action as synthetic
corrective labels.

(c) Use non-parametricmethods
(like a k-NN) to return the
agent to proper region when
deviations occur.

Figure 4.3: Prevent error escalation in imitation learning.

Although the transformation technique we use improves the agent’s success rate, we
still observe signi�cant deviations during test time that result in task failure (Fig. 4.3a).
This is understandable because machine learning algorithms generally need exponen-
tially more data for progressive improvement (Laskey et al., 2017). Instead of naively
collecting more data, we introduce corrective action labels that can help the agent
recover from deviations. For example, Venkatraman et al. (Venkatraman, Hebert, and
Bagnell, 2015) rolled out trained agents, collected their deviation states and used model-
predictive control to generate corrective labels to go back to the demonstrated trajectory.
Unfortunately, models su�ciently accurate for �ne manipulation can be challenging to
build.

We propose to generate synthetic corrective labels by injecting noise into the collected
demonstration states (“deviated state”) and reusing the collected action (“corrective
labels”), thus not requiring access to an expert or a model. Unlike DART and DAgger,
which emphasize collecting corrective labels for the states that the agent will visit during
rollout (test state distribution), we hypothesize that we do not need tomatch the deviated
states’ distribution accurately. Instead, we need to collect enough corrective labels to
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cover the deviated states’ distribution. Since we can generate labels for free without
burdening an expert, we choose to generate labels for randomly sampled deviated
states, thus simplifying the selection of states for which to generate synthetic corrective
labels. Fig. 4.3b shows an example where we sample states around a demonstrated state
and reuse the demonstrated action as synthetic corrective labels.
Researchers have injected noise (Bishop, 1995) into problems that reduce a high-

dimensional input to a low-dimensional output, e.g., for classi�cation (Sietsma and
Dow, 1991) and object recognition in visual and language domains (Shorten and Khosh-
goftaar, 2019). In these works, such tasks are invariant under a wide variety of trans-
formations (Goodfellow et al., 2016). However, our robotic manipulation task has
low-dimensional states and actions, where the mapping learned may not be invariant to
the noise. We provide two insights to justify why injecting noise can still be desirable.
First, we apply a small amount of additive Gaussian noise to the demonstration

state instead of a large amount that could pollute the data by mapping a state to
a detrimental action. Inspired by (Poole, Sohl-Dickstein, and Ganguli, 2014), which
showed the e�ectiveness of noise injection for autoencoders by carefully tuning the
magnitude of the noise, we generate Gaussian noise � � N (0,�) to add to the collected
states, where � is the covariance of the noise. For simplicity, we correlate the noise size
� with the variance of the data.
Second, because of the structure of our problem, the collected action can serve as

the corrective label for the noise-injected deviated state. Our state and action repre-
sentations both include the end-e�ector pose. Therefore, when an agent starts drifting
from a demonstrated trajectory and enters a deviated state, our algorithm can teach it
to return to the original trajectory by reusing the same action label. Injecting noise can
also ensure the learned policy is smooth, which is desired since we assume the actions
are Lipschitz continuous w.r.t the states.

4.1.3 Ensemble: Following the Expert Advice

We can reduce error accumulation at unseen states by choosing methods that more
e�ectively recover the action distribution independent of the states. A neural network’s
optimization objective is limited to its training data and will not necessarily generalize
well to unseen inputs (Russell and Norvig, 2009). In contrast, non-parametric methods
generate test outputs by combining the training data, their predictions must come
from the training data and are therefore constrained (Altman, 1992). e.g., a k-nearest
neighbor (k-NN) agent will not cause the robot to move its joint positions beyond the
interpolation of its training data.

As an example, we use k-NN in conjunction with behavior cloning (BC). Speci�cally,
our agent follows the k-NN predicted action if the query state deviates from the training
data (Fig. 4.3c).
By using the k-NN method, we are forcing a known action to a new unseen state

during test time to ensure the action distribution during training and testing will match.
For our manipulation task, the state and action both include the robot’s end-e�ector
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(a) Training Objects and Evaluation Coverage.

Figure 4.4: Experiment setup.

pose. Sending a known action is equivalent to sending the agent to a known state,
implicitly reducing the agent’s deviation from training data, thus reducing covariate
shift. However, nonparametric method’s performance is subject to its distance function,
which can be di�cult to design for high-dimensional data.

The distance function for non-parametric methods serves two purposes: (1) to evalu-
ate the proximity of a query to the stored data points; and (2) to weight and combine
the expert labels. Our key observation is that (1) requires only a rough estimate of the
distance to decide whether a query state is far from the training data, and (2) needs
a carefully tuned distance function to assign weights to expert labels. Therefore, we
propose to use a simple decision tree to invoke a k-NN agent only when the distance of
the query state is far from its nearest neighbors and invoke a behavior cloning neural
network agent otherwise. By invoking k-NN only when the agent is far away, we bypass
the need to carefully design a distance function for it, favor BC’s scalability with data
when we are inside the training data distribution, and rely on k-NN to correct the agent’s
deviation when we are outside the training data distribution. We only explore k-NN to
serve as an example and believe that other non-parametric methods that select actions
from data-supported states could work similarly well.

4.2 �����������

4.2.1 Experimental Setup

Our agent assumes access to the tracked location of the objects and the robot’s end-
e�ector pose. We de�ned success as grasping the objects using chopsticks, lifting them
above the workstation, and holding them in the air for 1 s.We evaluated the performance
of each method on each object by computing the success rate over 25 trials. During
evaluation, we divided the square workstation plate into a 5 ñ 5 grid (Fig. 4.4a) and
placed the object in the center of each grid cell to ensure e�ective coverage over the
entire workspace.
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(a) k-NN+ObjC versus
BC+ObjC.

(b) BC+ObjC versus
BC+ObjC+Noise.

(c) Ensemble versus
BC+ObjC+Noise.

Figure 4.5: Comparing the state distributions as a proxy of covariate shift for trained agents.
Each dot is a state in the agent’s roll out. Green states are farther away from the
demonstrations (purple), indicating that their corresponding agent su�ers frommore
covariate shift than the yellow agent.

�������������� We collect the demonstration at 100 Hz to match the test sce-
nario. Each trajectory contains an average of 600 (state, action) pairs. The state is a
11-D vector containing the robot’s state and the object’s tracked x-y-z position. The
action is the target end-e�ector pose. During each trajectory, we initiate the robot
around a �xed home con�guration and place the object at a random location across the
workstation. One expert user collect all trajectories to reduce multi-modal behavior
that might interfere with learning (e.g., picking up object using di�erent strategies).
We remove failed trajectories and keep only the 500 successful ones.

4.2.2 Experimental Procedure

We compared our methods in Section 5.3 with human demonstrations during teleopera-
tion (Expert) and a replay of the successful demonstrations (Replay). Replay tests the
repeatability of our hardware. We chose successful demonstrations, placed objects at
exactly the same locations used during data collection, and replayed the demonstrations
to see if the robot could pick up the objects.
We used two baselines. The �rst is a parametric method, BC+RobotC, a neural-

network based behavior cloning agent that uses the default robot-centric frame. The
second is a non-parametric method, k-NN+RobotC, which is a k-nearest-neighbor agent
that also uses the robot-centric frame.

We evaluated three methods as described in Section 5.3: (1) using the object-centric
frame to train behavior cloning and the k-nearest neighbors agents, BC+ObjC and
k-NN+ObjC, respectively, (2) injecting a small amount of Gaussian noise into the be-
havior cloning agent, BC+ObjC+Noise, and (3) combining the parametric method
BC+ObjC+Noise and non-parametric method k-NN+ObjC via a decision tree model,
denoted as Ensemble.
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Method Cube Ball�20mm Ball�14mm All

Expert 100 80 68 82.7
Replay 100 80 80 86.7

BC +RobotC 84 16 12 37.3
BC +ObjC 92 16 24 44.0
BC +ObjC+Noise 92 76 48 72.0

k-NN +RobotC 64 28 8 33.3
k-NN +ObjC 84 64 12 53.3

Ensemble 96 84 60 80.0

Table 4.1: Percentage success rates evaluated over 25 trials.

4.3 �������

4.3.1 Success Rates for Fine Manipulation

The experimental results are shown in Table. 4.1, and the best performers in each col-
umn are highlighted. Our parametric method baseline, BC+RobotC, and nonparametric
method baseline, k-NN+RobotC, had relatively low success rates. However, the causes of
their failures di�er. BC+RobotC has di�culty picking up objects that are placed farther
away from the robot. The agent tends to reach towards the wrong location after moving
over a long distance to approach the object, highlighting the covariate shift’s impact. In
contrast, the k-NN+RobotC agent’s poses look more similar to expert demonstrations.
However, its trajectories are not smooth and sometimes end abruptly on top of the
object without picking it up. This occurs because k-NN does not guarantee a smooth
policy function; even after careful tuning of the distance function, it was challenging
to eliminate the jerky motions. k-NN’s sudden stops are due to direct imitation of the
training data. During demonstration, the human expert often slowed or even paused
their movements around the object, adjusting the approaching pose before closing the
chopsticks and lifting the object. The distance function we chose fails to select and mix
the more relevant action labels. This con�rms the sensitivity of k-NN to its distance
function.

Transforming to the ObjC frame improved the success rates for k-NN and BC by 20%
and 6.7%, respectively. k-NN becomes less likely to generate jerky motions or stop since
it bene�ts from the increased data support. BC still su�ers from covariate shift, but
the agent has a higher likelihood of reaching towards the object due to denser data
distribution near it.
Injecting noise to BC+ObjC during training increases its success rate by 28%. When

the items are close to the robot, the agent has an almost 100% success rate picking up
even the most challenging item. For objects that are far away, the robot sometimes
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picks up the object by successfully reaching the location; at other time, it ends up
merely rotating the chopsticks.

Using a decision tree to combine our best parametric method (BC+ObjC+Noise) and
non-parametric method (k-NN+ObjC) yields the highest performing agent that achieves
near-expert performance. During test time, if a state’s distance to its nearest neighbors
exceeds a threshold, the agent triggers the non-parametric method to bring the state
back. We observe that almost all rollouts trigger the non-parametric method at least
once. We observed that the Ensemble agent can reach an object in a way similar to
poses demonstrated by the expert, no matter how far it is placed. Failures occasionally
occur as the agent misses the grasping point by some sub-mm error.

4.3.2 Covariate Shift Across Methods

To gauge the covariate shift for di�erent agents, we visualize the distributions of their
test states. We collect 25 rollouts from each agent, record the robot-visited states, and
plot the state distribution after dimensionality reduction using Principal Component
Analysis (PCA), as shown in Fig. 4.5. First, we observe that BC encounters more covariate
shift than k-NN, i.e., that states visited by k-NN are closer to the demonstrated states,
con�rming that a better matching of action distribution will lead to a better match of
state distribution. Second, injecting noise into BC results in less covariate shift than
no noise, verifying that noise injection can provide e�ective correcting labels. Third,
the Ensemble model that combines BC with k-NN has less covariate shift than using
BC alone.

4.3.3 Noise Injection: Validation through MuJoCo Environments

We apply the noise injection method to MuJoCo simulated environments (Todorov,
Erez, and Tassa, 2012b) to test the method’s generality. We use demonstration data
from (University of California Berkeley CS 285: Deep Reinforcement Learning n.d.), train 5
behavior cloning agents under consecutive random seeds as baselines, and train another
5 agents with noise injection for comparison. Figure 4.6 compares performances before
and after noise injection. A paired T-test shows that � < 0.05 for all environments.
There is strong evidence that, on average, noise injection improves the imitation learner.

Though the performance gains for some simulated environments are not as signif-
icant as those we see for our real robot, we think the di�erence may be due to the
demonstration source. We use “real” human data for our robot experiment versus the
“synthetic expert demonstration” generated by a reinforcement learning (RL) agent
for the MuJoCo tasks. Human experts are known to exhibit multi-modal behaviors
during demonstrations, whereas trained RL agents tend to have single modes in their
reaction (Ke et al., 2020a). Given that noise injection improves the success rate for our
physical robot task by a considerable 28%, further inquiry is needed to determine if
noise injection is better at enhancing learning from multi-modal demonstration data.
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Figure 4.6: Performance comparison before and after noise injection. For each MuJoCo en-
vironment and each condition, (before or after noise), we trained 5 agents using
consecutive random seeds. The performance di�erence is statistically signi�cant
under paired T-tests.

4.4 ����������

We leave some topics for future work. During noise injection, for simplicity, we experi-
ment only with independent multivariate Gaussian noise with a �xed size of covariance.
It is worth exploring how to formalize the bounded noise and analyzing how di�erent
task domains may bene�t from di�erent noise shapes. For the ensemble model, future
work could explore an alternative way to switch between k-NN and BC agents in the
Ensemble model, perhaps by learning a threshold condition from the data.

Our work critically depend on two key assumptions. First, to increase data support
by applying an invariant operator, we assume the existence of a critical region that
demands more data support. Second, to reuse collected action labels and leverage a
nonparametric method to generate corrective labels, a more accurate match of action
distribution should lead to a more accurate match of the states. The assumption holds
if a part of the state and action representation is directly connected, e.g., the robot state
contains its joint position, and the robot command accepts the target joint position.
The assumption does not hold, for example, if the robot is torque-controlled; in these
cases, further exploration on how a learner can generate synthetic corrective labels is
needed.

Nevertheless, our proposals do not assume access to a model or an interactive expert
and are therefore more easily applicable to �ne manipulation tasks. Compared to
DAgger and DART, which collect corrective labels from experts, we can generate
synthetic corrective labels for free. Because of the relatively lower cost of doing so,
we generate labels for randomly sampled state distributions that cover the deviated
state distribution without accurately matching it. Though our proposals focus on a
non-interactive setting, they can directly transfer to an interactive one.
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We choose model-free imitation learning because an accurate model for �ne manip-
ulation is rare. However, it remains to be seen how to leverage an inaccurate model
in imitation learning. This is but a �rst step towards exploring general-purpose au-
tonomous �ne manipulation using simple tools.



5
MODEL �BASED CORRECT I VE IM I TAT ION LEARN ING

Previously we motivate the choice of model-free imitation learning due to the di�culty
of building precise models. It can take tremendous e�orts to create simulator models to
achieve the level of precision required in �ne manipulation tasks (Billard and Kragic,
2019; Cutkosky, 2012) because of repeatability, actuator backlash and hard-to-model
and hard-to-control dynamics. However, here we explore how to construct and leverage
a dynamics model that is not necessarily precise across the global state and action
space.
For general applicability, we still focus on imitation learning (IL) that rely solely on

expert demonstrations. We propose a method to enhance robustness of IL by generating
corrective labels for data augmentation. We recognize an under-exploited feature of
dynamic systems: local continuity. Despite the complex transitions and representations
in system dynamics, they need to adhere to the laws of physics and exhibit some level
of local continuity, where small changes to actions or states result in small changes in
transitions. While realistic systems may contain discontinuities in certain state space
portions, the subset exhibiting local continuity proves to be a valuable asset.

Armed with this insight, our goal is to synthesize corrective labels that guide an agent
encountering unfamiliar states back to the distribution of expert states. Leveraging
the presence of local continuity makes the synthesis of these corrective labels more
tractable. A learned dynamics model with local Lipschitz continuity can navigate an
agent from unfamiliar out-of-distribution states to in-distribution expert trajectories,
even extending beyond the expert data support. The local Lipschitz continuity allows
the model to have bounded error in regions outside the expert data support, providing
the ability to generate appropriately corrective labels.

We propose a mechanism for learning dynamics models with local continuity from
expert data and generating corrective labels. Our practical algorithm, CCIL, leverages
local Continuity in dynamics to generate Corrective labels for Imitation Learning. We
validate CCIL empirically on a variety of robotic domains in simulation. In summary,
our contributions are:
• Problem Formulation:We present a formal de�nition of corrective labels to en-
hance robustness for imitation learning. (Sec. 5.3.1).

• Practical Algorithm: We introduce CCIL, a framework for learning dynamics
functions, and leveraging local continuity to generate corrective labels. Our method
is lean on assumptions, primarily relying on availability of expert demonstrations
and the presence of local continuity in the dynamics.

• Theoretical Guarantees: We showcase how local continuity in dynamic systems
would allow extending a learned model’s capabilities beyond the expert data. We
present practical methods to enforce desired local smoothness while �tting a dynam-
ics function to the data and accommodating discontinuity (Sec. 5.3.2). We provide a

31
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Figure 5.1: Our proposed framework, CCIL. To enhance the robustness of imitation learning, we pro-
pose to augment the dataset with synthetic corrective labels. We leverage the local continuity
in the dynamics, learn a regularized dynamics function and generate corrective labels near
the expert data support. We provide theoretical guarantees on the quality of the generated
labels. We present empirical evaluations CCIL over 14 robotic tasks in 4 domains to show-
case CCIL improving imitation learning agents’ robustness to disturbances.

theoretical bound on the quality of the model in this area and the generated labels
(Sec. 5.3.3).

• Extensive Empirical Validation: We conduct experiments over 4 distinct robotic
domains across 14 tasks in simulation, ranging from classic control, drone �ying,
high-dimensional car navigation, legged locomotion and tabletop manipulation.
We showcase our proposal’s ability to enhance the performance and robustness of
imitation learning agents (Sec. 5.4).

• In-depth Study of Real-World Applications: We perform extensive evaluation
on a real robotic platform for �ne manipulation, demonstrating CCIL ’s capability
to improve the performance of imitation learning with limited data availability.
Through comprehensive ablations, we also analyze how design choices and hyper-
parameters impact CCIL, providing practical guidance on choosing appropriate
parameters for maximum e�cacy.

5.1 ����������

Imitation Learning (IL) and Data Augmentation. Given only the expert demon-
strations, Behavior Cloning (BC) remains a strong empirical baseline for imitation
learning (Pomerleau, 1988a). It formulates IL as a supervised learning problem and has
a plethora of data augmentation methods. However, previous augmentation methods
mostly leverage interactive expert (Ross, Gordon, and Bagnell, 2011) or some form of
invariance in the action space (Bojarski et al., 2016; Florence, Manuelli, and Tedrake,
2019; Ke et al., 2021b; Spencer et al., 2021; Venkatraman, Hebert, and Bagnell, 2015;
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Figure 5.2: The three tasks we consider for validating CCIL in real-world �ne manipulation,
GearInsertion, GraspCoin, and GraspCube, along with our three task objects: a coin,
a Lego gear, and a small cube.

Zhou et al., 2023a), which is a domain-speci�c property. Speci�cally, Ke et al. (2021)
explores noise-based data augmentation for position-control, but lacks principle for
choosing appropriate noise parameters. Block et al. (2024) constructs a stabilizing
controller around expert demonstrations, conceptually similar to our own approach,
but relies on suitably parameterizable low-level stabilizing controllers, which may
be di�cult to formulate. Park and Wong (2022) learns a dynamics model for data
augmentation, similar to our approach, but learns an inverse dynamics model and lacks
theoretical insights. In contrast, our proposal leverages local continuity in the dynamics,
is agnostic to domain knowledge, and provides theoretical guarantees on the quality of
generated data.
Mitigating Covariate Shift in Imitation Learning. Compounding errors push

the agent astray from expert demonstrations. Prior works addressing the covariate shift
often request additional information. Methods like DAGGER (Ross, Gordon, and Bagnell,
2011), LOLS (Chang et al., 2015), DART (Laskey et al., 2017) and AggrevateD (Sun et al.,
2017) use interactive experts, while GAIL (Ho and Ermon, 2016), SQIL (Reddy, Dragan,
and Levine, 2020) and AIRL (Fu, Luo, and Levine, 2018) sample more transitions in the
environment to minimize the divergence of states distribution between the learner and
expert (Ke et al., 2021a; Swamy et al., 2021). O�ine Reinforcement Learning methods
like MOREL (Kidambi et al., 2020) are optimized to mitigate covariate shift but demand
access to a ground truth reward function. Reichlin et al. (2022) trains a recovery policy
to move the agent back to data manifold by assuming that the dynamics is known.
MILO (Chang et al., 2021) learns a dynamics function to mitigate covariate shift but
requires access to abundant o�ine data to learn a high-�delity dynamics function. In
contrast, our proposal is designed for imitation learning without requiring additional
data or feedback, complementing existing IL methods. We include MILO and MOREL
as baselines in experiments.

Local Lipschitz Continuity in Dynamics. Classical control methods often assume
local Lipschitz continuity in the dynamics to guarantee the existence and uniqueness
of solutions to di�erential equations. For example, the widely adopted C2 assumption
in optimal control theory (Bonnard, Caillau, and Trélat, 2007) and the popular control
framework iLQR (Li and Todorov, 2004). This assumption is particularly useful in the
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context of nonlinear systems and is prevalent in modern robot applications (Kahveci,
2007; Sarangapani, 2018; Seto, Annaswamy, and Baillieul, 1994). However, most of these
methods leveraging dynamics continuity are in the optimal control setting, requiring
a pre-speci�ed dynamics model and cost function. In contrast, this work focuses on
robustifying imitation learning agents by learning a locally continuous dynamics model
from data, without requiring a human-speci�ed model or cost function.
Learning Dynamics using Neural Networks. Fitting a dynamics function from

data is an active area of research (Hafner et al., 2020; Kaufmann et al., 2023; Wang
et al., 2022). For continuous states and transitions, Asadi, Misra, and Littman (2018)
proved that enforcing Lipschitz continuity in training dynamics model could lower
the multi-step prediction errors. Ensuring local continuity in the trained dynamics,
however, can be challenging. Previous works enforced Lipschitz continuity in training
neural networks (Arjovsky, Chintala, and Bottou, 2017; Bartlett, Foster, and Telgarsky,
2017; Miyato et al., 2018), but did not apply it to dynamics modeling or generating
corrective labels. Shi et al. (2019) learned smooth dynamics functions via enforcing
global Lipschitz bounds and demonstrates on the problem of drone landing. Pfrommer,
Halm, and Posa (2021) learned a smooth model for �ctional contacts for manipulation.
While this work is not focusing on learning from visual inputs, works such as Khetarpal
et al. (2020); Zhang et al. (2021); Zhu et al. (2023) are actively building techniques for
learning dynamics models from high-dimensional inputs that could be leveraged in
conjunction with the insights from our proposal.

5.2 �������������

We consider a �nite-horizon Markov Decision Process (MDP),M = {S ,A, � , �0}, whereS is the state space, A is the action space, � is the ground truth dynamics function
and �0 is the initial state distribution. A policy maps a state to a distribution of actions
� � � � � � �. The dynamics function � can be written as a mapping from a state ��
and an action �� at time � to the change to a new state ��+1: � (�� , ��) = ��+1 � �� . Following
the imitation learning setting, the true dynamics function � and reward are unknown,
and we only have transitions drawn from the system dynamics.
We are given a set of demonstrations D� as a collection of transition triplets: D� =

{(��� , �
�
� , �

�
�+1)}� , where ��� , ���+1 � S , ��� � A. We can learn a policy from these traces via

supervised learning (behavior cloning) by maximizing the likelihood of the expert
actions being produced at the training states: argmax �� E��� ,�

�
� ,�

�
�+1�D� log( ��(��� � ��� )).

In practice, we can optimize this objective by minimizing the mean-squared error
regression using standard stochastic optimization.
In this paper, we consider the local continuity of the dynamics function of the

environment, which we formally de�ne as the local Lipschitz continuity.

De�nition 2.1 (Local Lipschitz Continuity). A function � is locally Lipschitz continuous
around (�, �) with coe�cient � if there exists a neighborhood of (�, �) of size � such
that for every ( ��, ��) where �(�, �)� ( ��, ��)� � �:

�� (�, �)� � ( ��, ��)� � � �(�, �)� ( ��, ��)�. (5.1)
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5.3 ���������������� ���������� ������

Our objective is to enhance the robustness of imitation learning methods by gen-
erating corrective labels that bring an agent from out-of-distribution states back to
in-distribution states. We �rst de�ne the desired high quality corrective labels to make
imitation learning more robust in Sec. 5.3.1. Without the ground truth dynamics, we
discuss how this can be done using a learned dynamics model. Importantly, to generate
high-quality corrective labels using learned dynamics functions, the dynamics need to
exhibit local continuity. We present a method to train a locally Lipschitz-bounded dy-
namics model in Sec. 5.3.2, and then show how to use such a learned model to generate
corrective labels (Sec. 5.3.3) with high con�dence, beyond the support of the expert
training data. Finally, in Section 5.3.4, we instantiate these insights into a practical
algorithm - CCIL that improves the robustness of imitation learning methods with
function approximation.

5.3.1 Corrective Labels Formulation

To robustify imitation learning, we aim to provide corrections to disturbances by
bringing the agent back to the “known" expert data distribution, where the policy
has been trained and is likely to be successful. We generate state-action-state triplets
(�G, �G, ��) that are corrective: executing action �G in state �G can bring the agent back
to a state �� in support of the expert data distribution.
[Corrective Labels]. (�G, �G, ��) is a corrective label triplet with starting state �G,

corrective action label �G and target state (in the expert data) �� � D� if, with respect
to dynamics function � ,

�[�G + � (�G, �G)]� ��� � �� . (5.2)

This de�nition is trivially satis�ed by the given expert demonstration (��� , �
�
� , �

�
�+1) �D�. We aim to search for a larger set of corrective labels for out-of-distribution states.

If the policy has bounded error on not just the distribution of expert states but on a
distribution with larger support, Support(���

) < Support(��aug), it is robust against
a larger set of states that it might encounter during execution. However, without
knowledge of the true system dynamics � , we have only an approximation �� of the
dynamics function derived from �nite samples.

De�nition 3.1. [High Quality Corrective Labels under Approximate Dynamic
Models]. (�G, �G, ��) is a corrective label if �[�G + �� (�G, �G)] � ��� � �� , w.r.t. an ap-
proximate dynamics �� for a target state �� � D�. Such a label is “high-quality" if the
approximate dynamics function also has bounded error w.r.t. the ground truth dynamics
function evaluated at the given state-action pair �� (�G, �G)� �� (�G, �G)� � ���.

The high-quality corrective labels represent the learned dynamics model’s best guess
at bringing the agent back into the support of expert data. However, an approximate
dynamics model is only reliable in a certain region of the state space, i.e., where the
predictions of �� closely align with the true dynamics of the system, � . When the
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dynamics model is trained without constraints, such as in a maximum likelihood
framework, its performance might signi�cantly degrade when extrapolating beyond
the distribution of the training data. To address this challenge, we will �rst describe
how to learn locally continuous dynamics models from data. Subsequently, we will
outline how to utilize these models for high-quality corrective label generation beyond
the expert data.

5.3.2 Learning Locally Continuous Dynamics Models from Data

Our core insight for learning dynamics models and using them beyond the training
data is to leverage the local continuity in dynamic systems. When the dynamics are
locally Lipschitz bounded, small changes in state and/or action yield small changes in
the transitions. A dynamics function that exhibit locally continuity would allow us to
extrapolate beyond the training data to the states and actions that are in proximity to
the expert demonstration - a region in which we can trust the learned model.
We follow the model-based reinforcement learning framework to learn dynamics

models from data (Wang et al., 2019). Essentially, we learn a residual dynamics model
�� (��� , �

�
� ) � ���+1 � ��� via mean-squared error regression (MSE). We can use any function

approximator (e.g., neural network) and write down the learning loss:

argmin
��

E��� ,�
�
� ,�

�
�+1�D� ��

�� (��� , �
�
� ) + ��� � ���+1�� (5.3)

Amodel trained with theMSE loss alone is not guaranteed to have good extrapolation
beyond the training data. Critically, wemodify the above learning objective to ensure the
learned dynamics model to contain regions that are locally continuous. Previously Shi
et al. (2019) used spectral normalization to �t dynamics functions that are globally
Lipschitz bounded. However, most robotics problems involve dynamics models that
are hybrids of local continuity and discontinuity: for instance, making and breaking
contacts. In face of discontinuity, we present a few practical methods to �t a dynamics
model that (1) enforces as much local continuity as permitted by the data and (2)
discards the discontinuous regions when subsequently generating corrective labels.
Due to space limit, we defer the reader to App. 5.8.4 for a complete list of candidate
loss functions considered. Here, we show an example of a sampling-based penalty of
violation of local Lipschitz constraint.

Local Lipschitz Continuity via Sampling-based Penalty. Following (Gulrajani
et al., 2017), we relax the global Lipschitz constraint by penalizing any violation of the
local Lipschitz constraint.

argmin
��
���� ,��� ,���+1�D� �MSE + � � � �� �(��� , �

�
� ) > ��� (5.4)

�� �(��� , �
�
� ) � E���N �

� �� (��� + �� , ��� )� �� (��� , �
�
� )�

���� �
(5.5)
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Figure 5.3: Generating corrective labels from demonstration. Given expert demonstration
state �� and action �� that arrives at ������ . BackTrack Labels: search for an alternative
starting state �G that can arrive at expert state �� if it executes expert action ��.
DisturbedAction Labels: search for an alternative starting state �G that would arrive
at ������ if it executes a slightly disturbed expert action �G = ��� + �, where � is a
sampled noise.

We use samples to estimate the local Lipschtiz continuity �� �(��� , �
�
� ), by perturbing

the data points with small sampled Gaussian noises �� � N . Alternatively, one can
compute the Jacobian matrix to estimate the local Lipschitz continuity. The penalty term
weighted by � enforces the local Lipschitz constraint at the speci�c expert datapoint.
Doing so ensures that the approximate model is mostly � Lipschitz-bounded while
being predictive of the transitions in the expert data. This approximate dynamics model
can then be used to generate corrective labels.

5.3.3 Generating High-Quality Corrective Labels

We employ learned dynamics models to generate corrective labels, leveraging local
continuity to ensure the generated labels have bounded error in proximity to the expert
data’s support. When the local dynamics function is bounded by a Lipschitz constant
w.r.t. the state-action space, we can (1) perturb the dynamics function by introducing
slight variations in either state or action and (2) quantify the prediction error from the
dynamics model based on the Lipschitz constant. We outline two techniques, BackTrack
label and DisturbedAction label, to generate corrective labels (Fig. 5.3).

�������� 1: ��������� . Assuming local Lipschitz continuity w.r.t. states, given
expert state-action pair ��� , ��� , we propose to �nd a di�erent state �G��1 that can arrive at
��� using action ��� . To do so, we optimize for a state �G��1 such that:

�G��1 + �� (�G��1, ��� ) = ��� (5.6)

The quality of the generated label (�G, ��� , ��� ) is bounded and we present the proof in
Appendix 5.8.1.1.

Theorem 3.2. When the dynamics model has a training error of � on the speci�c data
point, under the assumption that the dynamics models � and �� are locally Lipschitz
continuous w.r.t. state with Lipschitz constant �1 and �2 respectively, if �G� is in the
neighborhood of local continuity, then

�
�
�
� ��

G
� , �

�
�+1� � �� ��

G
� , �

�
�+1�

�
�
�
�

�+ (�1 + �2)
�
�
�
�G� � ���+1

�
�
�
.

(5.7)
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�������� 2: ��������������� . Assuming local Lipschitz continuity w.r.t.,
state-action, given an expert tuple (��� , ��� , ���+1), we ask: Is there an alternative action �G
that slightly di�ers from the demonstrated action ��� , i.e., �G = ��� +�, that can bring an
imaginary state �G to the expert state ���+1? We randomly sample a small action noise �
and solve for an imaginary previous state �G� :

�G� + �� (�G� , ��� + �) � ���+1 = 0. (5.8)

For every data point, we can obtain a set of labels (�G� , ��� + �) by randomly sampling
the noise vector�. We show that the quality of the labels is bounded (proof in App. 5.8.2).

Theorem 3.3. Given ���+1 � �� (�G� , ��� + �)� �G� = 0 and that the dynamics function � is
locally Lipschitz continuous w.r.t. states and actions, with Lipschitz constants �� and ��

respectively, then
||� (�G� , ��� + �) � �� (�G� , ��� + �)|| �

��||�|| + (1 + ��)||�||.
(5.9)

������� ��� ������������ ������� �� ���������� ������ Both our
techniques need to solve root-�nding equations (Eq. 5.6 and 5.8). This suggests an opti-
mization problem: argmin�G ||�G + �� (�G, �G)� ��|| given �� and �G, ��. There are multiple
ways to solve this optimization problem (e.g., gradient descent or Newton’s method).
For simplicity, we choose a fast-to-compute and conceptually simple solver, Backward
Euler, widely adopted in modern simulators (Todorov, Erez, and Tassa, 2012b). It lets us
use the gradient of the next state to recover the earlier state. To generate data given
�G, ��, Backward Euler solves a surrogate equation iteratively: �G � �� � �� (��, �G).

����� ����� . Theorems 3.2 and 3.3 show that the error of the labels generated
with these techniques are bounded. If we can compute this bound, we can individually
determine the quality of each generated label. To do so, we �rst consider how to
compute the local Lipschitz coe�cient of the learned dynamics model.

Remark 3.4. Consider a function � (�, �) that is locally Lipschitz-continuous around
(�, �) with coe�cient � . Letting �� notate the jacobian of � , then:

� � ��� (�, �)�2 (5.10)

Note that we can easily compute the jacobian of our learned dynamics using auto-
di�erentiation libraries. Then, with some suitable approximations, we can use our
derived error bounds to calculate the error of each generated label.

De�nition 3.5 (BackTrack Label Error). Consider Theorem 3.2. We can assume � � 0
by only generating labels for data points with low model error, and also that �2 � �1.
We de�ne the BackTrack label error to be

EBT = �� �� (�
�
� , �

�
� )�2 � ��

G
� � ��� � (5.11)
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De�nition 3.6 (DisturbedAction Label Error). Consider Theorem 3.3. We can assume
�� � �� ��� (�

�
� , �

�
� )�2 and �� � �� ��� (�

�
� , �

�
� )�2, where � ��� and � ��� are the Jacobians of �� with

respect to actions and states, respectively. We de�ne the DisturbedAction label error to
be

EDA = �� ��� (�
�
� , �

�
� )�2 � ��� + (1 + �� ��� (�

�
� , �

�
� )�2) � ��

G
� � ��� � (5.12)

����� ��������� . Now that we can calculate the quality of each generated label,
we can reject labels that result in a large error bound, as de�ned by De�nitions 3.5 and
3.6. In practice, we calculate the label error for all generated labels, and �lter out some
fraction of the labels with highest associated error. By setting the label error �ltering
threshold as some quantile, we can directly control the size of the error bound.

5.3.4 CCIL: Continuity-based Corrective Labels for Imitation Learning

We instantiate a practical version of our proposal, CCIL (Continuity-based data aug-
mentation to generate Corrective labels for Imitation Learning)with three steps: (1) �t
an approximate dynamics function that exhibit local continuity, (2) generate corrective
labels using the learned dynamics, and (3) use rejection sampling to select labels with
the desired error bounds. To use the generated data �G, we simply combine it with
the expert data and train policies using standard behavior cloning on the augmented
dataset. We evaluate the augmented agent to empirically test whether training with
synthetic corrective labels would help imitation learning.

5.4 ������� : ���������� �����������

As a warm-up to real-world robot experiments, we evaluate CCIL over 4 simulated
robotic domains of 14 tasks to answer the following questions:
Q1. Can we empirically verify the theoretical contributions on the quality of the
generated labels;
Q2. How well does CCIL handle discontinuities in environmental dynamics;
Q3. How would training with CCIL-generated labels a�ect imitation learning agents’
performance.

We compare CCIL to standard Behavior Cloning (BC) (Pomerleau, 1988a), NoisyBC (Ke
et al., 2021b), MILO (Chang et al., 2021) andMOREL (Kidambi et al., 2020) using the same
model architecture across all methods, over 10 random seeds. Note that MOREL requests
additional access to reward function. Appendix. 5.8.7 contains details to reproduce the
experiments.
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(a) The Discontinuous Pendulum (b) Example generated labels (c) Performance Comparison

Figure 5.4: Evaluation on the Pendulum and Discontinuous Pendulum Task.

5.4.1 Analysis on Classic Control of Pendulum and Discontinuous Pendulum

We consider the classic control task, the pendulum, and also consider a variant, The
Discontinuous Pendulum, by bouncing the ball back at a few chosen angles, as shown
in Fig. 5.4a.
Verifying the quality of the generated labels (Q1). We visualize a subset of

generated labels in Fig. 5.4b. Note that the generated states (red) are outside the expert
support (blue) and that the generated actions are torque control signals, which are
challenging for invariance-based data augmentation methods to generate. To quantify
the quality of the generated labels, we use the fact that ground truth dynamics can
be analytically computed for this domain and measure how closely our labels can
bring the agent to the expert. We computed the empirical error using the average L2
norm distance and obtained 0.02367, which validates our theoretical bound of 0.065:
�1|�|+ (1 + �2)|��� � ��� | = 12 � 0.0001 + 13 � 0.005 (Equation 5.7).

The Impact of Local Lipschitz Continuity Assumption (Q2) To highlight how
local discontinuity in the dynamics a�ects CCIL, we compare CCIL performance in the
continuous and discontinuous pendulum in Fig. 5.4c: CCIL improved behavior cloning
performance even when discontinuity is present, albeit with a smaller margin for the
discontinuous Pendulum. In an ablation study, we also tried generating labels using a
naive dynamics model (without explicitly assuming Lipschitz continuity) which per-
formed slightly better than vanilla behavior cloning but worse than CCIL, highlighting
the importance of enforcing local Lipschitz continuity in training dynamics functions
for generating corrective labels.
CCIL improved behavior cloning agent (Q3). For both the continuous and dis-

continuous Pendulum, CCIL outperformed behavior cloning given the same amount of
data (Fig. 5.4c).

5.4.2 Driving with Lidar: High-dimensional state input

We compare all agents on the F1tenth racing car simulator (Fig. 5.5a), which employs a
high-dimensional, LiDAR sensor as input (Fig. 5.5b). We evaluate each agent over 100
trajectories. At the beginning of each trajectory, the car is placed at a random location
on the track. It needs to use the LiDAR input to decide on speed and steering, earning
scores for driving faster or failing by crashing.
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(a) F1tenth (b) LiDar POV

Method Succ. Rate Avg. Score

Morel 0.0% 0.001 ± 0.001
MILO 0.0% 0.21 ± 0.003
BC 31.9% 0.58 ± 0.25
NoiseBC 39.3% 0.62 ± 0.28
CCIL 89.6% 0.95 ± 0.08

(c) Performance on Racing

CCIL can improve the performance of behavior cloning for high-dimensional
state inputs (Q2, Q3). Table. 5.5c shows that CCIL demonstrated an empirical advan-
tage over all other agents, achieving a higher success rate and better score while having
fewer crashes. Noticeably, LiDar inputs can contain highly-complicated discontinuities
and impose challenges to model-based methods (Morel and MILO), while CCIL could
reliably generate corrective labels with con�dence.

5.4.3 Drone Navigation: High-Frequency Control Task and Sensitive to Noises

(a) Drone Flying Tasks

Method Hover Circle FlyThrough

BC -1.08E8 -9.56E7 -1.06E8
NoisyBC -1.13E8 -9.88E7 -1.07E8
Morel -1.25E8 -1.24E8 -1.25E8
MILO -1.26E8 -1.25E8 -1.25E8
CCIL -0.77E8 -3.49E7 -0.41E8

(b) Performance on Drone

Drone navigation is a high-frequency control task and can be very sensitive to noise,
making it an appropriate testbed for the robustness of imitation learning. We use
an open-source quadcopter simulator, gym-pybullet-drone (Panerati et al., 2021) and
consider three proposed tasks: hover, circle, �y-through-gate, as shown in Fig. 5.6a.
Following Shi et al. (2019), we inject observation and action noises during evaluation
to highlight the robustness of the learner agent.
CCIL improved performance for imitation learning agent and its robustness

to noises (Q3). CCIL outperformed all baselines by a large margin.

5.4.4 Locomotion and Manipulation: Diverse Scenes with Varying Discontinuity

Manipulation and locomotion tasks commonly involve complex forms of contacts,
raising considerable challenges for learning dynamics models and for our proposal.
We evaluate the applicability of CCIL in such domains, considering 4 tasks from Mu-
JoCo locomotion suite: Hopper, Walker2D, Ant, HalfCheetah and 4 tasks from the
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MetaWorld manipulation suites: Co�eePull, ButtonPress, Co�eePush, DrawerClose.
During evaluation, we add a small amount of randomly sampled Gaussian noise to the
sensor (observation state) and the actuator (action) to simulate real-world conditions
of robotics controllers and to test the robustness of the agents.
CCIL outperforms behavior cloning or at least achieves comparable perfor-

mance even when varying form of discontinuity is present (Q2, Q3). On 4 out
of 8 tasks considered, CCIL outperforms all baselines. Across all tasks, CCIL at least
achieves comparable results to vanilla behavior cloning, shown in Table. 5.1, indicating
that it’s a e�ective alternative to behavior cloning without necessitating substantial
extra assumptions.

Table 5.1: Evaluation results for Mujoco and Metaworld tasks with noise disturbances. We list the expert
scores in a noise-free setting for reference. In the face of varying discontinuity from contacts,
CCIL remains the leading agent on 4 out of 8 tasks (Hopper, Walker, HalfCheetah, Co�eePull).
Comparing CCIL with BC: across all tasks, CCIL can outperform vanilla behavior cloning or at
least achieve comparable performance.

Mujoco Metaworld

Hopper Walker Ant Halfcheetah Co�eePull ButtonPress Co�eePush DrawerClose

Expert 3234.30 4592.30 3879.70 12135.00 4409.95 3895.82 4488.29 4329.34

BC 1983.98 ± 672.66 1922.55 ± 1410.09 2965.20 ± 202.71 8309.31 ± 795.30 3552.59 ±233.41 3693.02 ± 104.99 1288.19± 746.37 3247.06 ± 468.73
Morel 152.19±34.12 70.27 ± 3.59 1000.77 ± 15.21 -2.24 ± 0.02 18.78±0.09 14.85±17.08 18.66± 0.02 1222.23± 1241.47
MILO 566.98±100.32 526.72±127.99 1006.53±160.43 151.08±117.06 232.49± 110.44 986.46±105.79 230.62±19.37 4621.11±39.68

NoiseBC 1563.56 ± 1012.02 2893.21 ± 1076.89 3776.65 ± 442.13 8468.98 ±738.83 3072.86 ± 785.91 3663.44±63.10 2551.11± 857.79 4226.71± 18.90
CCIL 2784.45 ± 188.56 3724.89 ± 558.01 3546.32 ± 338.84 9057.13 ± 425.47 3949.54 ± 252.34 3827.60±24.37 2551.18± 770.02 4187.90± 44.40

5.4.5 Summary

We conducted extensive experiments to address three research queries. For Q1, we
veri�ed the proposed theoretical bound on the quality of the generated labels on the
Pendulum task. For Q2, we tested that CCIL is robust to environmental discontinuities,
improving behavior cloning in both continuous (Pendulum, Drone) and discontinuous
scenarios (Driving, MuJoCo). For Q3, CCIL emerged as the best agent on 10 out of 14
tasks. In the rest of tasks, it achieved comparable performance to behavior cloning,
demonstrating its cost-e�ectiveness and e�ciency as an alternative approach without
requiring signi�cant additional assumptions.

5.5 ���������� ���������� ������

5.5.1 Motivation

We see that the CCIL framework shows notable success in various simulation domains.
However, its application to real-world scenarios hinges on several critical questions:

Local Continuity in Dynamics and Real-World Application CCIL relies on local
Lipschitz continuity in system dynamics, yet real-world robotic tasks often involve
discontinuities due to physical contact. Can this foundational assumption be validated
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in realistic domains? Can CCIL still enhance imitation learning agent performance
amidst such challenges?

Data Scarcity andAugmentation Impact Limited real-world robot demonstrations
highlight the importance of e�cient data augmentation. While abundant data typically
guarantees better outcomes, the critical question lies in the low data regime: How
e�ectively can CCIL address data scarcity, and what data volume is required to observe
a tangible impact?

Sensitivity to Hyperparameters Tuning imitation learning algorithms on physical
robots is logistically challenging. Direct execution on robots, while being the most
reliable evaluation method, risks unpredictable behaviors and necessitates numerous
real-world trials to achieve statistical signi�cance. How sensitive is CCIL to hyperpa-
rameter variations? Can we o�er guidelines for its real-world application to mitigate
the high evaluation and tuning costs?

5.5.2 Hypotheses

We explore the following hypotheses:

• H1: CCIL can improve imitation learning policies in real-world �ne-manipulation
tasks. This improvement is statistically signi�cant, especially in low-data regimes.

• H2: Real-world tasks with complex contacts and discontinuities in dynamics can
still exhibit local Lipschitz continuity to justify CCIL’s assumptions.

• H3: The performance of CCIL is highly sensitive to the label rejection hyperpa-
rameter, which determines the acceptable error bound for generated labels.

• H4: The performance of CCIL exhibits relative robustness to variations in the
local Lipschitz constraint enforced during the training of the dynamics model.

For H.1, we compare the success rate of a BC agent trained with and without CCIL-
generated labels. We vary the amount of demonstration data to investigate the impact
of data quantity on these methods.
For H.2, we measure the local Lipschitz continuity of the trained dynamics model

for tasks with complex discontinuity. We also vary the hyperparameter of the upper
bound on the local Lipschitz constant.
For H.3 and H.4, we run ablation studies varying the hyper-parameter of label

rejection threshold and Lipschitz constraint to investigate (1) their impact on the
success rate of CCIL and (2) the interplay between these hyper-parameters.

5.5.3 Tasks and Data Collection

We consider three �ne manipulation tasks (Fig. 5.2) that require a millimeter level of
precision.
• GraspCube - Grasp and lift a tiny 1cm cube above the table. Despite being the easiest
of all three tasks, the task is non-trivial with scarce-data (e.g., 100 trajectories).
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• GearInsertion - Inspired by industrial assembly (Gubbi, Kolathaya, and Amrutur,
2020), we design a mini-gear insertion task. The agent needs to insert a Lego gear
into a hole on a board. Proper insertion leaves a gap less than 0.2 mm.

• GraspCoin - Using chopsticks to grasp and lift a metal coin lying �at on the table.
The coin’s round shape and slippery texture makes it hard even for human experts
to pick up using chopsticks.
For all tasks, we vary the initial positions of the object. To collect demonstrations, we

use a mix of heuristic controllers and human teleoperation. For GraspCube and GearIn-
sertion, we designed heuristic controllers and collected 500 trajectories for GraspCube
and 100 trajectories for GearInsertion. Note that the heuristic controllers did not have
perfect success rates and we �ltered out failed demonstrations. For GraspCoin, it was
non-trivial to design a heuristic controller due to the di�culty of the task, we instead
used successful demonstrations from an expert teleoperation. Due to the di�culty of
the task, we only obtained 200 trajectories.

5.5.4 Training

For each task we train two behavior cloning agents, with and without CCIL-generated
labels. Noticably, we formulate the action loss for our hardware and detail the parameter
tuning procedure.
Loss Formulation To train a policy using behavior cloning, we need to design an

action loss �(��, ��). We denote the action � for our hardware as (� , �, �) representing
the end e�ector xyz location, orientation, and chopstick angle. Given the target action
�� = (� , �, �) and the predicted action �� = ( �� , ��, ��), the action loss is:

�(�, ��) = �1�� � ���2 + �2�2 + �3(� � ��)2 (5.13)

Where � is the angle between the orientations � and ��, and �1, �2, �3 weights each
component of the loss function. In our experiments, we use �1 = 10, �2 = 1, �3 = 10.
Parameter Tuning Applying CCIL introduces two key parameters: the Lipschitz

constraint for training the dynamics model and a threshold for �ltering the generated
labels. The Lipschitz constraint, � (Eq. 5.4), upper bounds the Lipschitz continuity of
the learned dynamics model. A loose upper bound makes the training process easier
and more likely to yield low training error. Conversely, a tighter bound is more likely
to yield a dynamics model with lower Lipschitz coe�cients, enabling CCIL to generate
higher-quality corrective labels. The label error bound is de�ned in De�nitions 3.5 and
3.6, and the threshold � controls the acceptable bound.

To set the Lipschitz constraint � , we �rst train an unconstrained model and analyze
the distribution of local Lipschitz coe�cients on the learned model. If the distribution
of coe�cient suggests that the learned model has limited local Lipschitz continuity, we
choose a tighter Lipschitz constraint.
To set threshold �, we �rst generate corrective labels without �ltering and analyze

the distribution of label errors. Based on the distribution, we choose a label rejection
quantile (between 0 to 1, where 0 means to �lter out all generated labels) that �lters
out outliers or long tails.
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(a) CCIL generally provides a performance boost over BC, especially in low-data
regimes.

(b) CCIL is robust to Lip-
schitz.

Figure 5.7: (a) As the amount of data increases, CCIL provides a smaller boost over BC. We use
asterisks to denote statistical signi�cance: * p < 0.1, ** � < 0.05, *** � < 0.01, and
**** � < 0.001. �� denotes � � 0.1. (b) Mean and middle 95% of the local Lipschitz
coe�cients of the learned dynamics model across the demonstration dataset as the
Lipschitz constraint increases. As the enforced constraint increases, the distribution
of coe�cients converges.

5.5.5 Evaluation

We test each agent’s success rate by conducting 48 trials per agent to establish statistical
signi�cance. To ensure fairness, for each task we select 16 �xed initial conditions (i.e., for
grasping agents, we place the object to grasp at 16 �xed positions across the workplace).
For each initial condition, we test the learned policy for 3 trials. For each trial, we
denote the success as a binary variable. To report the statistical signi�cance of the
empirical results, we compare the success rates between the two policies by performing
two-proportion z-tests.

5.6 �������

Across three tasks, we trained 36 agents and tested their success rate in the real world
(Fig. 5.7a). For ablation, we further evaluated 33 agents on the GraspCube task.

5.6.1 Corrective labels’ improvement to imitation learning

H.1 investigates whether CCIL can improve imitation learning performance in real-
world �ne-manipulation tasks. These tasks involve complex contact dynamics between
objects, end-e�ectors, and the workspace, making it unclear if CCIL’s assumptions
hold.
CCIL yields an increase in performance for BC. Fig. 5.7a shows that training

with labels generated by CCIL generally improves the performance of BC over all
three tasks, as measured by success rate. We validated the statistical signi�cant of the
improvement. The performance boost is signi�cant at the � < 0.05 level for the cube
grasping and coin grasping tasks.
CCIL boost is signi�cant in low-data regime. The empirical performance gain

from applying CCIL is statistically signi�cant in low-data regimes, as shown in Fig. 5.7a.
CCIL could boost BC performance from 23% to 83% (using 100 GraspCube trajectories),
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(a) CCIL (top) grasps the
cube while BC (bottom)
knocks it over.

(b) CCIL (top) inserts the
gear while BC (bottom)
misses the hole.

(c) CCIL (top) picks up the
coin while BC (bottom)
misses.

Figure 5.8: Comparison of CCIL (top) and BC (bottom) across �ne-manipulation tasks.

from 6% to 17% (using 20 GearInsertion trajectories) or 58% to 72% (using 100 GearIn-
sertion trajectories) and from 17% to 48% (using 200 GraspCoin trajectories). These
limited-data regimes face signi�cant challenges from covariate shift due to limited data
support from expert demonstrations. CCIL demonstrated promising results to alleviate
this problem.
Remark Our experiments validate how CCIL can be applied to complex �ne ma-

nipulation tasks in the real world, despite the presence of discontinuity in the contact
dynamics.

5.6.2 CCIL’s Assumptions on Local Lipschitz Continuity

H.2 investigates whether CCIL’s local continuity assumptions are valid and realistic to
be applied to real-world �ne manipulation tasks.
Real-world tasks contain local Lipschitz continuity that can be realized by

learning dynamics models. In training the dynamics model, we experiment with
di�erent Lipschitz constraints, measure the resulting models’ local Lipschitz coe�cient
and plot the average of the coe�cient in Fig. 5.7b. With a large upper bound on the
Lipschitz constraint (loose constraint), the local coe�cients increase but converge to
that of an unconstrained model. These �ndings imply that our environments exhibit
local continuity that the learned dynamics models are �tting to, even without explicitly
enforcing the Lipschitz continuity coe�cient.
The learned dynamics model and generated labels have varying continuity

that correlates with the real world. For each generated label, we can measure the
local Lipschitz coe�cients using the learned dynamics model (“Local L”). We generate
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(a) Clusters reveal dynamics
regimes.

(b) High label rejection clusters
around contact.

(c) Mix quality labels can hinder
learning.

Figure 5.9: The 20% dataset for the GraspCube task reveals two distinct clusters of corrective
labels (a). The green cluster mostly corresponds to labels where the cube is being
manipulated, and the blue cluster mostly corresponds to arm free space motion (b).
Policies trained using just the blue cluster (low label rejection threshold) are more
successful when compared with those trained with the green cluster or both (high
label rejection threshold (c).

Figure 5.10: Policy performance when �ltering out varying fractions of the generated labels by
label error.

a scatterplot for the generated labels in Fig. 5.9a. We see two clusters (green and blue).
We then sample some of the labels for visualization and plot them along an expert
trajectory in Fig. 5.9b. We see the green cluster correspond to labels generated near
the cube and the blue labels are mostly in free space when the robot moves without
collision. Intuitively, the learned model and generated label have higher errors for the
green group that contains discontinuity.
We test how the policy performance changes as we incorporate (1) blue labels, (2)

green labels, and (3) both labels into the demonstration dataset, as shown in Fig. 5.9c.
Training with blue labels improved the agent’s success rate. However, training with
the green labels associated with contact-rich states and higher errors is not as useful.
Such labels actually hinder performance. This highlights how label quality can impact
CCIL performance and the signi�cance of �ltering generated labels.
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5.6.3 Impact of Quality of Generated Labels

The label �ltering threshold controls what generated labels are used for when training
a policy. It is crucial to understand its e�ects and how to tune it properly. We proposed
a practical way to enforce �ltering threshold via label rejection quantile, H.3 explores
how this design choice a�ects CCIL’s performance.

We choose the GraspCube task with 100 trajectories. We evaluate running CCIL with
di�erent label rejection quantiles and report the success rate in Fig. 5.10. The rejection
quantile controls how many generated labels are used (25%, 75%, etc) based on their
computed error bound.
Low-quality labels can harm policy performance. Using all generated labels

(choosing a quantile close or equal to 1) makes the performance of CCIL similar to BC
or worse. With this quantile, the generated labels have high error bounds and could
be incorrect under the true dynamics. If these labels are included when training the
policy, they could potentially hinder policy performance.
Need to balance label error and usefulness for CCIL to succeed. Labels with

lower error bounds are more trustworthy. However, these labels tend to be closer to
the demonstration data (small label distance). Including labels with conservative error
bounds may fail to expand the data support. Conversely, a label that is further from
the demonstration data can expand the data support while potentially introducing a
higher associated error. Fig. 5.10 shows intermediate values of the label error quantile
achieving a higher success rate, indicating that one needs to balance between label
accuracy and usefulness to maximize CCIL’s performance.

5.6.4 Impact of Continuity Constraint

Figure 5.11: Hyperparameter ablation for CCIL, varying the Lipschitz constraint and the label
rejection quantile. Green cells indicate a performance boost over BC, while red
cells are worse. Crossed out cells are not signi�cant at the � < 0.05 level, while the
others are.

H.4 asks how enforcing Lipschitz continuity for training the dynamics model impacts
CCIL’s performance.
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We train the dynamics model using di�erent Lipschitz constraints; For each model,
we generate labels and test the performance of CCIL with various label error quantiles.
All hyperparameters other than those ablated upon are �xed. We illustrate the resulting
success rate in Fig. 5.11 and cross the cells whose performance are not statistically
signi�cant compared to BC.
CCIL is robust to di�erent Lipschitz constraints. Interestingly, we see that for

each Lipschitz constraint, there is a label rejection quantile that achieves a signi�cant
boost in performance over BC. This indicates that CCIL could work well for a wide
range of constraints, making it robust to this parameter.

CCIL can work with an unconstrained dynamics model. Surprisingly, even us-
ing an unconstrained dynamics model, indicated by the Lipschitz constraint of�, CCIL
still achieves good performance with certain quantile. We investigate this phenomenon
in Fig. 5.7b and observe that the unconstrained model still exhibits local continuity over
the demonstration data, as shown by the relatively small local Lipschitz coe�cients
across the dataset. Interestingly, we observe that as the Lipschitz constraint increases,
the distribution of local Lipschitz coe�cients converges to that of the unconstrained
model.

These �ndings together imply that in environments with su�cient local continuity,
explicit Lipschitz constraint enforcement may be unnecessary and tuning label rejection
quantile can be more critical. When applying CCIL to new environments, one can start
with unconstrained dynamics model for their simplicity.

5.7 ����������

In this work, we introduce a novel framework that leverages local continuity in en-
vironmental dynamics to train dynamic functions from expert demonstrations and
generate corrective labels. These generated labels encourage imitation learning agents
to stay within the support of the demonstration data. Our key insight is to exploit
local continuity which provide theoretical guarantees on where to trust the learned
the dynamics models beyond the data support. We demonstrate the e�cacy of our
approach across diverse simulation tasks with varying state representations and action
spaces, and conduct extensive evaluations and ablations on multiple �ne-manipulation
tasks on a real robotic platform. Our experiments empirically validate that teaching
agent to correct their actions can have larger improvement than only teaching them to
accomplish the tasks.
However, our method is not without limitations. One challenge is to train better

dynamics models from expert demonstrations, which is an open research frontier.
Another challenge is applying our core assumption of local Lipschitz continuity in the
dynamics to domains with highly discontinuous representations, such as pixel-based
image spaces. Finally, we have yet to explore whether our generated labels can augment
imitation learning agents that use highly expressive policy classes like transformer or
di�usion policies. Despite these limitations, our work paves the way for many exciting
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avenues of future research in model-based imitation learning, aiming to overcome these
challenges and expand the scope of CCIL.

5.7.1 Learning Dynamics Models for Imitation Learning

We are not the �rst to use learned dynamics models to combat covariate shift in o�ine
imitation learning. Other works such as Chang et al. (2021) mark a family of methods
that aim to leverage model learning to aid in the imitation learning setting. We, however,
have the added complexities of learning a continuous model, while also relying solely
on expert demonstrations, which have very limited coverage.
Whereas prior works have used additional o�ine demonstrations to increase data

coverage and therefore accuracy of the learned model, we seek to exploit structure
in the environment instead of requiring extra data. We reason that continuity in the
environment can provide similar bene�ts as the supplemental o�ine dataset, due to
our derived label error bounds. We have shown that a relatively simple method of
model learning, namely a MLP architecture with Lipschitz regularization, works well
and generates accurate labels near the expert data, but future work could increase the
accuracy of learned models even further from the training data, which would allow
CCIL to increase state coverage even more.

Beyond our usage of corrective labels, e�ciently learning accurate dynamics models
from o�ine data remains an opportunity for exciting new avenues of research. Learned
models allow data-driven methods to build an understanding of the environment, which
we can exploit to build powerful and robust robotic agents. Further development on
o�ine model learning can unlock powerful methods with minimal requirements and
assumptions, greatly increasing robotic capabilities in the real world.

5.7.2 Highly Discontinuous State

CCIL works well in real robotic tasks by exploiting local continuity in system dynamics.
However, its key assumption relies on having access to a state representation with
locally continuous properties. Images and other high-dimensional representations can
exhibit varying discontinuities with respect to the dynamics, which can limit CCIL’s
applicability to these problem settings.
We posit that there can exist local continuity in the underlying system dynamics

despite the representation being discontinuous. If we can extract a latent representation
with su�cient local continuity from the raw observation, it would enable the application
of CCIL on the latent space. For example, learning embeddings for image-based robotic
tasks have been widely studied (Nair et al., 2022; Radford et al., 2021) and one can
employ similar strategies for extracting latent representations. However, prior methods
do not consider local continuity with respect to the system dynamics which would be
critical for CCIL.

Learning a latent dynamics model while enforcing local continuity remains an open
research question. Solutions can enable the application of CCIL and greatly increase its
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applicability. Additionally, it would further our understanding of learning dynamics
models for complex environments with highly discontinuous dynamics where low-
dimensional states cannot be easily estimated, paving the way for other model-based
methods (Chang et al., 2021; Kidambi et al., 2020) to make robotics learning algorithms
more robust and e�cient.

5.7.3 Application to Other Policy Classes

Recent works (Chi et al., 2023; Zhao et al., 2023) have explored imitation learning
policies that use transformer or di�usion policies to output sequences of actions (“chunk-
ing”) under the assumption of positional control. Applying CCIL to these novel policy
architectures and output spaces could be valuable for understanding how CCIL can
enhance data e�ciency and robustness for these methods.
However, most of these works assume a speci�c action space that provides some

form of invariance: position control. Under this action space, small perturbations to the
input state can directly reuse the positional action label. These stronger assumption
enable prior works to come up with alternative strategies to boost robustness. CCIL
does not make this assumption and is compatible with this action space, so it remains a
question whether its use could further improve the agent performance.
It is therefore a valuable avenue for future research to investigate how CCIL can

be used in conjunction with observation and action chunking, and how much it is
impacted by the use of a position-control action space. Answering these questions
will further our understanding of CCIL’s generalizability, and how it �ts in with other
state-of-the-art imitation learning methods and techniques.
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5.8 �������������

5.8.1 Proofs

5.8.1.1 Proof of Theorem 3.2

Notation. Let � be the ground truth 1-step residual dynamics model, and let �� be the
learned approximation of � . Given a demonstration (���+1, �

�
�+1), we have generated a

corrective label (�G, ���+1).
Assumptions:

1. The estimation error of the learned dynamics model at the training data is
bounded.
�� (���+1, �

�
�+1)� �� (���+1, �

�
�+1)� � �.

2. �� is locally �1-Lipschitz in a neighborhood �� around (���+1, �
�
�+1). i.e., for �

G
� � �� :

� �� (�G� , ���+1)� �� (���+1, �
�
�+1)� � �1��

G
� � ���+1�

3. � is locally �2-Lipschitz in a neighborhood � around (���+1, �
�
�+1). i.e., for �

G
� � � :

�� (�G� , ���+1)� � (���+1, �
�
�+1)� � �2��

G
� � ���+1�

4. �G� is within the region of local continuity around ���+1 for both � and �� :
�G� � ����+1 �

�����+1 .

Proof:

�� (�G� , ���+1)� �� (�G� , ���+1)�
= �� (�G� , ���+1)� � (���+1, �

�
�+1) + � (���+1, �

�
�+1)� �� (���+1, �

�
�+1) + �� (���+1, �

�
�+1)� �� (�G� , ���+1)�

� �� (�G� , ���+1)� � (���+1, �
�
�+1)� + �� (���+1, �

�
�+1)� �� (���+1, �

�
�+1)� + � �� (���+1, �

�
�+1)� �� (�G� , ���+1)�

� �+ (�1 + �2)��
G
� � ���+1�

Remark Our assumption (1) about the error of the learned dynamics model is not
a global constraint but simply requires the model to have a small prediction error at
the speci�c data point. Our assumptions (2) and (3) about the size of the local Lipschitz
continuity is not a requirement on the global Lipschitz continuity in the dynamics,
but simply requires space near the expert support to exhibit local continuity. Our proof
leverages simple triangle inequality and is valid only near expert data support.

5.8.2 Proof of Theorem 3.3

Notation. Let � be the ground truth 1-step residual dynamics model, and let �� be the
learned approximation of � . Given a demonstration (��� , �

�
� , �

�
�+1), we have generated a

corrective label (�G, ��� + �, ���+1).
Assumptions



5.8 ������������� 53

1. � is locally ��-Lipschitz in state in a neighborhood �� around (��� , �
�
� ).

i.e., for �G� � �� :
�� (�G� , ��� )� � (��� , �

�
� )� � ����

G
� � ��� �.

2. � is locally ��-Lipschitz in action in a neighborhood �� around (�G� , ��� ).
i.e., for ��� + � � ��:
�� (�G� , ��� )� � (�G� , ��� + �)� � �����.

3. Using rejection sampling, we can enforce ��G� � ��� � � ���� .

4. Given that the generated labels come from a root solver:

���+1 � �� (�G� , ��� + �) � �G� = ���� where ���� � 0

��� + � (��� , �
�
� )� �� (�G� , ��� + �) � �G� = ����

� (��� , �
�
� )� �� (�G� , ��� + �) = �G� � ��� + ����

5. The corrective label is within the neighborhood of local Lipschitz continuity of
� :
�G � �� and ��� + � � ��

Proof

�� (�G� , ��� + �) � �� (�G� , ��� + �)�

= �� (�G� , ��� + �) � � (�G� , ��� ) + � (�G� , ��� )� � (��� , �
�
� ) + � (��� , �

�
� )� �� (�G� , ��� + �)�

� �� (�G� , ��� + �) � � (�G� , ��� )� + �� (�G� , ��� )� � (��� , �
�
� )� + �� (��� , �

�
� )� �� (�G� , ��� + �)�

� ����� + ����
G
� � ��� � + ��G� � ��� � + ||���� ||

� ����� + (1 + ��) � ��
G
� � ��� � + ||���� ||

When the root solver yields a solution with ||���� || � 0 and we apply rejection
sampling to enforce ��G� � ��� � � ���� , we have the error bounded by �����+ (1+��) � ����

5.8.3 Details for CCIL

Our proposed framework for generating corrective labels, CCIL, takes three steps:
1. Learn a dynamics model: �t a dynamics model �� that is locally Lipschitz

continuous.
2. Generate labels: solve a root-�nding equation in Sec. 5.3.3 to generate labels.
3. Augment the dataset and train a policy:We use behavior cloning for simplicity

to train a policy.

5.8.4 Learning a dynamics function while enforcing local Lipschitz continuity

There are many function approximators to learn a model. For example, using Gaussian
process can produce a smooth dynamics model but might have limited scalability when
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dealing with large amount of data. In this paper we demonstrate examples of using
a neural network to learn the dynamics model. There are multiple ways to enforce
Lipschitz continuity on the learned dynamics function, with varying levels of strength
that trade o� theoretical guarantees and learning ability. In Sec. 5.3.2 we discuss a
simple penalty to enforce local Lipschitz continuity, here we provide a few alternative
methods, including the one used by (Shi et al., 2019) and the one inspired by (Gulrajani
et al., 2017).
Global Lipschitz Continuity via Spectral Normalization. Using spectral norm

with coe�cient � provides the strongest guarantee that the dynamic model is global
� -Lipschitz. Concretely, spectral normalization (Miyato et al., 2018) normalizes the
weights of the neural network following each gradient update. (Shi et al., 2019) used this
method to train a dynamics function for drone navigation. Parameterizing �� as a �-layer
neural network with weight matrices �1,… ,��, the learning objective becomes:

argmin
��
���� ,��� ,���+1�D� [MSE] while �� �

��

max(����2,���)
� ��� (5.14)

Local Lipschitz Continuity via Sampling-based Penalty. Following (Gulrajani
et al., 2017), we can relax the global Lipschitz continuity constraint by penalizing any
violation of the local Lipschitz constraint. This objective is stated in Eq. 5.4, which we
reiterate here.

argmin
��
���� ,��� ,���+1�D� �MSE + � � � �� �(��� , �

�
� ) > ���

�� �(��� , �
�
� ) � E���N �

� �� (��� + �� , ��� )� �� (��� , �
�
� )�

���� �

(5.15)

To estimate the local Lipschitz continuity, we can use a sampling-based method,
E���N max � �� �(��� +�� , ��� )� � , 0�, which is indicative of whether the local continuity
constraint is violated for a given state-action pair. The sampling-based penalty perturbs
the data points by some sampled noise and enforces the Lipschitz constraint between
the perturbed data and the original using a penalty term in the loss function.

Doing so ensures that the approximate model is mostly � Lipschitz-bounded while
being predictive of the transitions in the expert data. This approximate dynamics model
can then be used to generate corrective labels.

Local Lipschitz Continuity via Slack-variable. We can allow for a small amount
of discontinuity in the learned dynamics model in the same way that slack variables
are modeled in optimization problems, e.g., SVM (Hearst et al., 1998) or max-margin
planning with slack variables (Ratli�, Bagnell, and Zinkevich, 2006). With these insights
in mind, we can reformulate the dynamics model learning objective as learning models
that maximize likelihood (MSE) while minimizing the Lipschitz constant �(��� , ��� ).
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argmin
��

E��� ,�
�
� ,�

�
�+1�D� MSE + �� � �(��� , �

�
� ) + ||�� � ��||0

where ||�� � ��||0 � 1� exp (��|�� � ��|)

and �(��� , �
�
� ) = E���N max � �� �(��� + �� , ��� )� � , 0�.

(5.16)

To account for small amounts of discontinuity, we introduce a state-dependent
variable �� to allow violation of the Lipschitz continuity constraint. We minimize the
number of non-zero entries in the slack variables (as noted by the L0 norm, ||�� � ��||0)
to ensure the model is otherwise as smooth as possible besides small amounts of local
discontinuity. Building on Oliveira, Batista, and Seara (2021), we can use a practical,
di�erentiable approximation for the L0 norm method, since the L0 norm itself is non-
di�erentiable. Equipped with these locally continuous learned dynamics models, we
can then generate corrective labels for robustifying imitation learning.

Local Lipschitz Continuity via Weighted Loss. Since we are optimizing a contin-
uous function approximators, if the data contain subsets of discontinuity, such regions
are likely to induce high training loss. We can create a slack variable for each data
point, �� , to down-weight the on those regions. To do so, we reformulate Eq. 5.14 to
add a slack penalty. Taking � as the Sigmoid function:

argmin
��

E��� ,�
�
� ,�

�
�+1�D� ��(�� ) �MSE +��(�� )� while �� �

��

max(����2,���)
����

(5.17)
Intuitively, we expect that spectral normalization tends to work better for simpler

environments where the ground truth dynamics are global Lipschitz with some reason-
able �, whereas the soft constraint should be better suited for data regimes with more
complicated dynamics and discontinuity. It remains a research question how best to
train dynamics function for each domain and representation with di�erent physical
properties.

5.8.5 Generating corrective labels

In Sec. 5.3.3 we discuss two techniques to generate corrective labels. Depending on
the structure of the application domain, one can choose to generate labels either
by backtrack or by disturbed actions. Both techniques require solving root-�nding
equations (Eq. 5.6 and Eq. 5.8). To solve them, we can transform the objective to an
optimization problem and apply gradient descent.
Eq. 5.6 speci�es the root �nding problem for backtrack labels.

��� � �� (�G��1, ��� )� �G��1 = 0.

Given ��� , ��� and the learned dynamics function �� , we need to solve for �G� that satis�es
the equation. We can instead optimize for

argmin
�G��1

||��� � �� (�G��1, ��� )� �G��1|| (5.18)
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Similarly, we can transform Eq. 5.8 to become

argmin
�G�

||�G� + �� (�G� , ��� + �) � ���+1|| (5.19)

With access to the trained model �� and its gradient � ��
��G� , one can use any optimizer.

For simplicity, we use the Backward Euler solver that apply an iterative update �G� �

�G� � � � � ��
��G� where � is a step size. We repeat the update until the objective is within a

threshold ||�G� + �� (�G� , ��� + �) � ���+1|| � ���� .

5.8.6 Using the generated labels

There are multiple ways to use the generated corrective labels. We can augment the
dataset with the generated labels and treat them as if they are expert demonstrations.
For example, for all experiments conducted in this paper, we train behavior cloning
agents using the augmented dataset. Optionally, one can favor the original expert
demonstrations by assigning higher weights to their training loss. We omit this step
for simplicity in this paper.

Alternatively, one can query a trained imitation learning policy with the generated
labels and measure the di�erence between our generated action and the policy output.
This di�erence can be used as an alternative metric to evaluate the robustness of
imitation learning agents when encountering a subset of out-of-distribution states.
However, for a query state, our proposal does not necessarily recover all possible
corrective actions. We defer exploring alternative ways of leveraging the generated
labels to future work.

5.8.7 Simulation Warm-Up Experimental Details

We provide details to reproduce our simulation warm-up experiments, including envi-
ronment speci�cation, expert data, parameter tuning for our proposal and details about
the baselines. We will also open-source the code and the con�guration we use for each
experiment, once the proposal is published.

5.8.8 Environment and Task Design

We warmed up by conducting simulation experiments on 4 di�erent domains and 8
robots, including the pendulum, a drone, a car, four robots for locomotion and one
robot arm for manipulation. We consider 14 tasks: the pendulum, a modi�ed pendulum
swing task with discontinuity, three drone navigation tasks (�y-through, circle, hover),
one LiDar racing task on F1tenth, four MuJoCo tasks (Hopper, HalfCheetah, Ant,
Walker2D) and 4 MetaWorld tasks (co�ee-pull, button-press-topdown, co�ee-push,
drawer-close). The F1tenth, MuJoCo andMetaworld environments are from open source
implementations, and the drone environment is from a slightly modi�ed open source
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implementation, discussed below. We will also describe how we set up the Pendulum
environment and how we modify it to test our method with discontinuity.

�������� ����������� . The pendulum environment asks a policy to swing a
pendulum up to the vertical position by applying torque. The properties of the system
are controlled by the constants � , the gravitational acceleration, and �, the length of the
pendulum. In all experiments, we take � = 9.81 and � = 1.

A pendulum’s state is characterized by �, the current angle, and ��, the current angular
velocity. To avoid any issues regarding angle representation, we do not directly store � in

the state representation; instead, we parameterize the state as � = �sin � cos � ���
�
. A

policy can control the system by applying torque to the pendulum, which we represent
as a scalar �, which is clamped to the range [�3, 3].
The continuous-time dynamics function is given by:

��
��

= � (�, �) =

�
�
�
�
�

�� cos �

� �� sin �

� �
� sin � + �

�
�
�
�
�

.

This continuous dynamics model is then discretized to a timestep of 0.02 seconds using
RK4. Additionally, although not required by the algorithms we study, we create the
following reward function. where � is the normalized pendulum angle in the range
[0, 2�) to metricize policy performance:

�(�, �) = �
1
2

�
�
�
�
��

� � �
�� �

�
�
�
�
�

2

2

�
1
2
�2.

������ ����������� ��� �������� . We formulate the expert policy using
a combination of LQR and energy shaping control, where LQR is applied when the
pendulum is near the top and energy-shaping is applied everywhere else. Note that the
LQR gains were calculated by linearizing the dynamics around � = �, along with the
cost function �(�, �) = ��(�, �). So, the expert policy has the form:

��(�) =

���
����

�20.11(� � �)� 7.08 �� if |� � � | < 0.1

� �� � 12
��2 � 9.81 cos � � 9.81� otherwise.

������������� �������� . We create a wall in the Pendulum environment to
create local discontinuity. When the ball hits the wall, we negate its velocity, creating a
discontinuity in the dynamics.

����� . The drone environment used in our experiments is from a slightly modi�ed
fork of the original gym-pybullet-drones project. There are two notable modi�cations.
Firstly, we added the circle task, where the agent aims to move in a circular trajectory.
Second, we removed the �oor, which better simulates a completely airborne drone and
reduces training complexities caused by crashing into the �oor.
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Environment Trajectories

Pendulum 50
Discontinuous Pendulum 500

F1tenth Racing 1
Drone hover 5
Drone circle 30

Drone �y-through 50
MuJoCo - Ant 10

MuJoCo - Walker2D 20
MuJoCo - Hopper 25

MuJoCo - HalfCheetah 50
MetaWorld, all tasks 50

Table 5.2: Number of expert demonstration trajectories used in our experiments. We limit the
amount of expert data to avoid making the task trivially solvable by naive behavior
cloning.

5.8.9 Demonstration Data

To feed expert data to train imitation learning agents, we design expert policies for the
pendulum. For all other environments, we use the expert data from the D4RL dataset (Fu
et al., 2020). For drone environments, we �rst generate a bunch of via points alongside
the target trajectories and then use a low-level PID controller to hit the via points one
by one.
We note that it is possible to solve most tasks with naive behavior cloning if we

feed them with a su�cient number of demonstrations. We thus limit the number of
demonstrations we use for all tasks, as shown in Table. 5.2.

5.8.10 Baselines

We evaluate the following algorithms to gain a thorough understanding of how our
proposal compares to relevant baselines.

• E�����: For reference, we plot the theoretical upper bound of our performance,
which is the score achieved by an expert during data collection.

• BC: a naive behavior cloning agent that minimizes the KL divergence on a given
dataset.

• N����BC: a modi�cation to naive behavior cloning that injects a small disturbance
noise to the input state and reuses the action label, as described in (Ke et al.,
2021b).
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• M����: Morel (Kidambi et al., 2020) trains an ensemble of dynamics functions
and uses the learned model for model-based reinforcement learning. It uses the
variance between the model output as a proxy estimation of uncertainty to stay
within high con�dence region. We use the author implementation.

• MILO: MILO (Chang et al., 2021) learns a dynamic function from given o�ine
dataset in an attempt to mitigate covariate shift. We use the author’s implemen-
tation in our experiment. MILO traditionally requires a large batch of o�ine
dataset to train a dynamics function, we use only the expert demo dataset to
train a dynamics function.

• CCIL: our proposal to generate high-quality corrective labels.
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RE IN FORCEMEN T LEARN ING FOR DYNAM IC F INE TASKS

How can we automate the task of picking cherries from a tree branch that is blowing
in the wind, causing the branch to shake and the cherries to tremble? This scenario
is an example of �ne grasping without rigid-surface support, and its challenges are
two-fold. First, for �ne manipulation of small objects, perception errors and sensor
noise dominate, making it di�cult to grasp the objects precisely (Cutkosky, 2012; Ke
et al., 2021b). Second, the problem is inherently dynamic since any contact with the
object might set the entire scene into motion, which is complicated to model (Billard
and Kragic, 2019; Mason and Lynch, 1993). Similar challenges arise in our everyday
interactions, from mundane tasks such as removing broken shells from gelatinous egg
whites to surgical tasks that detach clots from deformable organs. Given the ubiquitous
nature of these tasks, developing robotic solutions to automate them holds immense
practical and economic value.

For a predetermined, speci�c task, it is possible to invest in dedicated hardware (Marohn
and Hanly, 2004; Yuan, Dong, and Adelson, 2017), specialized tools (Bhattacharjee
et al., 2019; Li et al., 2019; Zeng et al., 2022), and elaborately designed systems (Hwang
et al., 2022; Lynch and Mason, 1999) to solve these challenges. However, this research
investigates a more universal solution: assuming that �ne manipulation is required,
inaccuracy is unavoidable and real-time reaction is necessary, can we enable dynamic
�ne grasping without stable support? An ideal agent should be:

• Precise enough to increase the likelihood of task success.

• Robust to perception errors and sensor noises that are likely to arise in the �ne
manipulation domain.

• Reactive to hard-to-model dynamic scenarios, external perturbations, and changes
caused by its own movements.

• Generalizable to objects with di�erent sizes, shapes and textures.

Priorwork constructed analyticmodels (Hogan and Rodriguez, 2020; Kumar, Todorov,
and Levine, 2016; Mordatch, Todorov, and Popovi’c, 2012) or motion primitives (Schaal,
2006) for manipulation tasks with rich contacts. Instead, we choose reinforcement learn-
ing (RL) to circumvent some of the complexity of building accurate models for contacts,
dynamics, di�erent objects, or external disturbances. Despite their impressive potential
for generalizability (Kalashnikov et al., 2018), applications of RL remain limited for
real robots due to, for example, sample e�ciency (Zhu et al., 2019) and the costs of
resetting (2020). Though careful system design has enabled successfully deployed RL
systems to learn on locomotion and dexterous manipulation tasks (Peng et al., 2020;
Zhu et al., 2019), the characteristics of our problem, i.e., �ne manipulation with precise

61
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Figure 6.1: The CherryBot system generalizes to various scenarios of dynamic �ne manipulation: blowing
wind, sliding grape cluster, moving water, and swinging string.

Figure 6.2: The dynamic grasping task is challenging: any contact with an object might set it into motion,
which is di�cult to model. This challenge is exacerbated when �ne manipulation is required,
especially in the presence of sensor noise and perception errors.

contact and hard-to-model dynamics, raise additional challenges in robustness and
reactivity.
It is tempting to bypass modeling entirely and directly deploy a model-free RL

algorithm for training in the real world. While this approach may eventually learn, it
often necessitates tremendous human e�ort for supervision and resets and is likely
to be too ine�cient. To make the training more practical, we propose CherryBot, an
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RL system that combines pre-training in an imprecise simulation with �ne-tuning in
the real world. With an external state estimation module, CherryBot can be deployed
across various scenarios and ful�lls the aforementioned requirements:

• E�ciency: To enhance sample e�ciency for real-world manipulation, we lever-
age imperfect information readily available to most robots, such as an inaccurate
simulator and a heuristic-based baseline policy.

• Precision and Robustness: We introduce a challenging task that involves a
single hard-to-grasp object with diverse dynamics for real-world �ne-tuning.
While this intensi�es the di�culty of the task and training, it minimizes the need
for human intervention and promotes the learning of robust policies that are
resilient to disturbances.

• Reactiveness: We carefully design the action space to strike a balance between
tractable learning (low-frequency control, slow response, short horizon) and
responsiveness (high-frequency control, fast response, long-horizon reasoning).
This design optimizes the system’s ability to react swiftly while ensuring e�ective
learning.

• Generalizable: Our system supports the plug-and-play integration of an exter-
nal state estimation module even if it introduces certain inaccuracies, allowing
deployment across various downstream tasks.

Our work contributes a system that, given only 30 minutes of interaction in the real
world, achieves superhuman reactiveness on a dynamic, high-precision task: using
chopsticks to grasp a slippery ball swinging in the air. We demonstrate the e�ectiveness
of our system in a variety of evaluation conditions: operating under dynamic distur-
bances by human or environmental factors, varying perception noise, and changing
object shapes and sizes, for which it outperforms a heuristic-based controller that re-
quires hours of tuning. We conduct extensive ablations in a simulator and the real world
to provide empirical evidence about how our design choices a�ect sample e�ciency for
deploying RL systems in the real world and to verify the robustness of our proposal.

6.1 ������� �����

Dynamic �ne grasping. From precondition grasping like DexNet (Mahler et al., 2016)
and TransporterNet (Zeng et al., 2021) to a closed-loop, vision-based controller like
Qt-Opt (Kalashnikov et al., 2018), most prior works grasped palm-sized objects in a
quasi-static table-top setting (Calli et al., 2017). In our work, objects are much smaller.
Even if the agent intends to grasp across the center of the cherry, for example, the
execution alone demands a sub-millimeter precision. Several previous works addressed
�ne grasping (Hwang et al., 2022; Ke et al., 2021b) but are limited to static scenarios with
rigid surface support. In contrast, we examine a dynamics scene in which failed grasps
can potentially move the object. Researchers in the �eld of dynamic manipulation have
developed highly capable systems (Hashimoto, Namiki, and Ishikawa, 2001), although
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these systems comewith the drawback of relying on expensive dedicated vision systems.
In our approach, however, we prioritize the use of generic and accessible hardware,
which is more susceptible to making mistakes. Consequently, it becomes crucial to
develop a reactive agent that can e�ectively recover from such errors. We modify the
common evaluation criteria for grasping to allow an agent that fails to get a �rm grasp
in one shot to continue the trial until it achieves a successful grasp, similar to how
humans address dynamic grasping challenge (Ke et al., 2020b).

Reinforcement learning. Despite its wide successes in simulator and locomotion
(Haarnoja et al., 2018a; b; Zhu et al., 2019), RL has limited real world applications
in manipulation. The few successes of applying RL to dexterous manipulation came
at the cost of sample ine�ciency, which has not made it a preferred choice over
model-based control or a hand-designed controller. (Kalashnikov et al., 2018) depends
on the large scale of a robot arm farm; (W"uthrich et al., 2020) requires scalable and
dedicated hardware. Previous works focused onmodel-free RL while our work leverages
practical assumptions, including inaccurate simulation (Peng et al., 2020), imperfect
demonstration (Rajeswaran et al., 2017), and normalization techniques (Chen et al.,
2021; Smith, Kostrikov, and Levine, 2022) to boost sample e�ciency for RL and show
it is practical on real robots and can achieve superhuman reactiveness.

O�line reinforcement learning (ORL). The recently emerging �eld of ORL (Lange,
Gabel, and Riedmiller, 2012; Levine et al., 2020) has shown some potential for leveraging
o�ine datasets for RL training (Fujimoto, Meger, and Precup, 2018; Kidambi et al.,
2020; Kostrikov, Nair, and Levine, 2021; Kumar et al., 2020; Peng et al., 2019; Zhou
et al., 2023b). However, whether doing online �ne-tuning on top of pre-trained ORL
agents could keep improving the performance remains an open question (Hong, Kumar,
and Levine, 2022).

Visual Servoing (VS).VS controls a robot using real-time visual feedback (Chaumette
and Hutchinson, 2006; Hutchinson, Hager, and Corke, 1996). It usually requires estimat-
ing the pose of the object in the Cartesian space and deriving a control law, such as PID
control, directly in the 3D space (Sanderson andWeiss, 1983). Due to the requirement of
precision, it is natural to apply VS to �ne manipulation tasks. We follow this protocol in
the design of our heuristic controller. However, it would require a tremendous amount
of expert knowledge and gain-tuning to make the controller generalize across di�erent
scenarios or be robust to disturbance and noise. Our baseline controller took hours of
gain-tuning but still fails due to disturbances, exemplifying how VS can be sensitive to
unexpected dynamics.

6.2 ������

To address �ne manipulation problems in dynamic scenes, we propose a comprehensive
framework for e�cient training of real-world RL and build a high-performance robotic
system.We train a policy to enable a robot equippedwith chopsticks to conduct dynamic
�ne-grasping tasks with non-rigid support. Following established practices in visual
servoing (Garrett et al., 2021; Zhang et al., 2022), we incorporate a separate perception
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Figure 6.3: An overview of the learning framework. The system �rst pre-trains in simulation and then
�ne-tunes in the real world. We carefully design the training paradigm to ensure sample
e�ciency and learning robustness.

module, using estimated robot and environment states as input to the policy. Notably,
our policy includes a hierarchical controller (Hier) to balance reactivity to dynamics
and tractability of learning. At test time, we consider �ne grasping of small objects
(size 1 � 8 cm) with varying shapes and textures in a dynamic scene: objects might
have unstable support and can be moving (e.g., initial velocity, or wind disturbance).
We present a system overview in Fig 6.3. Initially, we employ pre-training in an

approximate simulator with domain randomization (SimR), leveraging sub-optimal
demonstrations (Demo). Subsequently, we �ne-tune the system in the real world on
a task with a single object (Proxy) that presents dynamic challenges but simpli�es
perception and allows for easy and stochastic reset (StoRe). To further enhance training
e�ciency, we incorporate asynchronous updating (Async) and appropriately regularized
o�-policy RL (LN). During testing, the policy integrates an external perception module
(Vis) to achieve generalization across di�erent objects and scenes.

Our contribution lies in instantiating distinct system components to address the
combined challenges of real-world RL and dynamic �ne manipulation. We outline
these challenges in Table 6.1 and note how each system component addresses them.
To ascertain the impact of each design choice, we conduct ablation studies to measure
sample e�ciency in both simulation and the real world, where all studies are conducted
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using 5 consecutive random seeds (Refer to Appendix. 6.6.1 for details). While individual
components may have been the subject of previous studies, the combination presented
in our work is novel. Our system can grasp a diverse set of small objects in varying
dynamic scenarios in the real world, demonstrating the robustness and generalizability
to novel objects and disturbances, which could generalize to other tasks with dynamics
or requiring �ne manipulation.
In this section, we delve into the speci�cs of our design decisions, grouped into

three categories: controller interface design, simulator pre-training and real-world
�ne-tuning.

RL challenges Task challenges

E�cient Reset Robust Reactive Precise General

Hier �

Demo �

SimR � �

Proxy � � � � �

StoRe � �

Async �

LN �

Vis � �

Table 6.1: Some challenges inherent to training RL algorithms for dynamic �ne manipulation and the
design decisions we make to address them.

6.2.1 Hierarchical controller of mixed control frequency to balance tractability of learning
and reactivity

Previous research on dynamic tasks has favored the development of 1000Hz con-
trollers (Chi et al., 2022; W"uthrich et al., 2020) and vision systems (Okumura, Oku,
and Ishikawa, 2011). However, as demonstrated in Fig 6.4a, high-frequency control can
negatively impact task horizon and sample e�ciency for robotic learning. Real-life RL
manipulations commonly employ controllers operating at 5 � 15 Hz for quasi-static
tasks (Zhou et al., 2023b; Zhu et al., 2019).
To address this challenge, we adopt a hierarchical controller framework, enabling

the RL policy to function at a higher level with a moderate control frequency of 20 Hz,
while interpolating commands to a high-frequency (1000Hz) controller. Our system
demonstrates that such a controller is capable of solving dynamic tasks and, combined
with coherent exploration, makes the learning of a reactive policy tractable.

Furthermore, in the real world, sensor readings su�er from latency and latency
can adversely a�ect reactivity. While (Peng et al., 2018) demonstrated the advantages
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Figure 6.4: Analysis of using hierarchical mixed-frequency controllers in simulation. Left: Impact of
di�erent control frequencies on learnability. A hierarchical hybrid-frequency strategy helps
balance learnability and policy reactivity. Right: Impact of (simulated) latency on perfor-
mance.

of latency randomization in simulation pre-training for a quasi-static task, our own
experiments (Fig 6.4b) revealed that even a small simulated latency (� 0.005 s) can
harm our task’s reactivity to dynamics. Consequently, we made the deliberate decision
to exclude simulating latency or latency randomization in simulator training.

Insight: Learning medium-frequency hybrid controllers can e�ectively balance
policy reactivity with the tractability of learning.

6.2.2 Leveraging practical information: Approximate simulator SimR and sub-optimal
o�ine data Demo

An RL agent initialized from scratch in the real world makes random movements,
frequently encounters safety constraints, and spends a signi�cant portion of training
time waiting to be reset. To counter these challenges, we turn to the paradigm of o�ine
pre-training followed by real-world �ne-tuning. Where should the data for pre-training
actually come from? Since human data collection is expensive for our dynamic �ne
manipulation task, we instead rely on relatively cheap and abundant, but imperfect,
sources of supervision, i.e., approximate simulators and data from heuristic controllers.

Choosing an appropriate o�-policy algorithm. We �rst consider an appropriate
RL algorithm that can e�ciently learn from o�ine data, simulation samples and online
�ne-tuning. Although various o�ine RL methods (Kostrikov, Nair, and Levine, 2021;
Kumar et al., 2020) have been proposed to conduct �rst pre-training and then �ne-
tuning, we found that standard online RL algorithms (such as soft actor critic (SAC)
(Haarnoja et al., 2018b)) are far more e�ective for �ne-tuning than targeted o�ine RL
methods, as Fig 6.5 shows. In our work, we used variants of soft actor critic (b) for both
pre-training and �ne-tuning. Our modi�cations are described below.
Leveraging imperfect data from the simulation. Simulation can provide an

appealing source of information since sampling is cheap. However, our task depends
heavily on precise contacts and dynamics, but our hardware has varying degrees of
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Figure 6.5: Analysis of the choice of an o�-policy RL algorithm that can learn from o�ine data while
continuing to improve e�ciently during �ne-tuning.

kinematic and dynamic errors, making it challenging to construct a precise simulator
and making direct simulation-to-reality transfer di�cult.

We constructed an approximate simulator, as described in Sec. 6.3. To best leverage
such a simulation that is de�nitely mismatched with reality, we randomize the dynamics
of the physical simulation (Peng et al., 2018), exposing the agent to a wide distribution
of possible physics parameters. Unaware of the changing dynamics of the environment,
the agent needs to develop a robust strategy that is conservative to variations in the
world dynamics, making it more amenable to real-world �ne-tuning. Speci�cally, we
train a Q-function and policy networks with samples from our simulator and then use
the networks to initialize the �ne-tuning phase. Without pre-training, an RL agent
could not improve its task performance even after hours of real-world training, as
shown in Fig 6.6a.
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Figure 6.6: Analysis of the impact of pre-training for �ne manipulation. (Left) Having pre-trained in
simulation enabled real-world �ne-tuning to make progress. (Right) Inclusion of o�ine data
collected from a heuristic controller enabled simulator pre-training to succeed on the task
in the simulator using many fewer samples. Both techniques signi�cantly aid with learning
e�ciency.
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Leveraging sub-optimal o�line data. Beyond simulation data, it is useful to
provide the agent access to real-world data with su�cient state-action coverage. While
it may be expensive to solicit data from a human supervisor or to generate optimal
demonstration, it is relatively easy to design a heuristic policy that is sub-optimal but
can provide useful state action coverage. In this work, we design a simple heuristic
controller that contains a state machine with closed-loop control (see Appendix 6.6.3).
Though this controller has limited reactivity and is not robust to noise, we found that
seeding the replay bu�er of our RL agent with this sub-optimal data helps with both
asymptotic performance and sample e�ciency (Fig. 6.6b).

Insight: Pre-training using standard o�-policy RL methods with imperfect prior
data from heuristic controllers and simulation can signi�cantly help with sample
e�ciency for real-world �ne-tuning.
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Figure 6.7: We measure sample e�ciency in simulation by training epochs but in the real world by
training time. Combining the asynchronous update, high Update-To-Data (UTD) ratio and
LayerNorm regularizer greatly improves the speed of training during the real-world �netuning
stage.

6.2.3 Fine-tuning in the real world: Proxy task and e�cient reinforcement learning

Although pre-training can signi�cantly aid with data e�ciency, it is unlikely to achieve
optimal performance without further training in the real world. To enable practical
�ne-tuning in the real world, we focus on two questions: (1) what real-world training
setup allows for both ease of training and robust learning, and (2) how do we make
this process more e�cient?
Pragmatic �ne-tuning via a single proxy task. Conventional wisdom might

suggest training the RL agent directly on a large variety of test scenarios. However, a
real-world training setup would require a prohibitively large number of objects and
scenarios to be instrumented, which can be laborious and expensive. Instead, we posit
(1) to isolate the perception challenge and control challenge, and (2) �rst address the
control challenge via a Proxy task that is appropriately dynamic and di�cult, such that
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(a) Hardware overview. (b) Proxy
task.

(c) Assembled robot. (d) MuJoCo simulation.

Figure 6.8: The CherryBot hardware system.

it can yield a policy that generalizes to a variety of dynamic scenarios without actually
being explicitly exposed to them during training. We identify the criteria needed to
set up a proxy task as follows: (1) representative of the motion and strategies involved
in a broader family of tasks, (2) reset-friendly, or having largely autonomous reset, (3)
learnable but not trivial, and (4) yields a policy that is robust. For our dynamic �ne
grasping problem, we de�ne the following proxy task: �rmly grip a ball swinging in
the air, as Fig 6.8b shows. We attach a ball to a thin �shing line to hang it in the air to
allow a swinging motion. The task naturally provides a reset since the string resets the
ball around its static position due to gravity, obviating the need for a human supervisor
to reset the scene.

Exposing the agent to varying initial conditions enables developing a more
robust policy: stochastic reset.While waiting for a long period to allow the object
to come to rest would yield a static reset, we show, surprisingly, that resuming sam-
pling with a randomly moving object enables learning of more dynamic and adaptive
behaviors. By embracing this type of stochastic reset (StoR), we construct a harder-to-
learn task, i.e., the agent must react to di�erent initial positions and velocities, so it
experiences a larger diversity of conditions during training. As a result, the learned
policy becomes more robust to varying dynamic conditions, improving skill transfer to
novel disturbances and objects (see Appendix. 6.6.1 for quantitative ablation).

Insight: Designing appropriate proxy tasks to train the agent can simplify the
training infrastructure. Additionally, training with stochastic reset can improve the
robustness and generalizability of learned policies.

E�cient �ne-tuning: Improving gradient throughput with asynchronous
updates and regularization

To improve training e�ciency in the real world, we care about not only the sample
e�ciency but also the wall clock time e�ciency. In the simulation, operations (e.g.,
sampling step, resetting hardware) are almost instant. In the real world, however, idle
time is unavoidable and adversely a�ects the speed at which we collect samples: for
every second of samples collected, our system spends 4 seconds waiting for a reset. We
replace the common training paradigm in simulation, which takes one gradient update
after collecting one environment step. We instead perform asynchronous RL updates
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up to the limit of our computer alongside robot operation. This greatly increases our
gradient throughput, e�ectively committing 10 to 20 updates per data point collected
(Update-To-Data, UTD).

Most o�-policy RL methods lower their UTD ratios because additional gradient
updates lead to unbalanced training of policy/value functions (i.e., exploding actor /
value losses). In this work we �nd that this problem can be signi�cantly mitigated
by using appropriate regularization. By using a standard technique such as layer
normalization (Ba, Kiros, and Hinton, 2016), we are able to avoid over�tting and take
signi�cantly more gradient steps per data point. As shown in Fig 6.7, the combination
of asynchronous updates and LayerNorm regularization achieve moderately faster
training in simulation but, during �ne-tuning on the real robot, signi�cantly boosts the
e�ciency of learning in terms of wall-clock time.

Insights. Improving gradient throughput by leveraging asynchrony and more
gradient steps per data point with regularization can make �ne-tuning e�cient
enough for practical real-world use.

6.3 �������� ������ ������ ��� ���������

We combine the preceding design decisions and insights into a single system, CherryBot
(Fig 6.3), that can handle challenging dynamic �ne manipulation tasks in the real world.
Below, we describe the hardware infrastructure and concrete implementation details.

Reset mechanism.At the end of every sampled trajectory in the real world (average
length is about 80 timesteps or 4 seconds), we conduct a �xed trajectory for reset. We
(1) slowly raise the robot arm to a set position, (2) touch the string in the proxy task,
expecting to constrain its motion and reduce system entropy, and (3) return the robot
arm to a �xed start pose and restart the task. The reset process takes about 16 seconds,
during which our policy and value networks keep sampling experiences from the replay
bu�er and conducting RL updates. Notably, the reset leaves the object in a dynamic
condition, introducing the dynamism we need for learning robust policies.
Simulation. As described in Section 6.2.2, we leverage simulation for pre-training

value functions and policies. We construct the simulation in MuJoCo (Todorov, Erez,
and Tassa, 2012a) and perform our best possible system identi�cation procedure, yet
we acknowledge that inaccuracies and mismatch still persist.

Perception.We use di�erent perception modules for training and testing. At training
time, we use a motion capture system, Optitrack, to obviate many perception challenges
and yield an accurate position for the single object to grasp used in the proxy task (error
� 0.01mm). At test time, accurate state estimation may not be available. Our system
instead accepts any external perception module that can estimate the object’s center of
mass, following common practice in visual servoing (Garrett et al., 2021; Zhang et al.,
2022). Noticeably, our system does not necessitate a highly precise estimation module
w.r.t. the �ne manipulation tasks.
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Figure 6.9: We deployed our system to generalize to a wide variety of objects with di�erent shapes and
textures.

Utilizing an external perception module allows our system to be deployed in various
downstream tasks. For illustration, we demonstrate our system using (1) a simple
segmentation method with smoothing and (2) an o�-shelf detection system, YOLO
(both documented in App. 6.6.1). When the object is static, easy to recognize and the
scene is clean, our in-house module detects the object with little error. However, our
scenes can have occlusions and can be changing (e.g., cherry shaking in the wind
partially occluded by the leaves), and the perception error could reach �5mm. In our
experiment, we will also inject noise to the perception module’s output to demonstrate
the robustness of our proposal to perception noise.
Additional hardware for dynamic disturbance evaluation. The goal of our

�ne grasping policies is to �rmly grasp the object, despite dynamic disturbances. It is
challenging to test this type of robustness without additional machinery to introduce
disturbances. To this end, we design a motor disturbance mechanism to systematically
inject dynamic disturbance so we could evaluate the robustness of agents. As shown in
Fig 6.10a, the motor perturbs the motion of the ball by rotating the motor’s arm and
dragging the string attached to it. By varying the string’s hanging point, the object can
be pulled with di�erent sizes of disturbance (from smaller disturbances to bigger ones,
denoted as 20 � 100).

(a) Motor for more dynamic disturbance. (b) Human disturbance.

Figure 6.10: Dynamic disturbance evaluations we considered. These disturbances test the robustness of
the learned CherryBot policies.
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Marble ball Cherry Gaussian noise Static ball Dynamic ball

Rew. Succ. TTS Rew. Succ. TTS Rew. Succ. TTS Rew. Succ. TTS Rew. Succ. TTS

Our RL 242.3 100% 1.77 321.7 100% 0.92 130.4 90% 2.06 565.3 100% 0.28 512.3 100% 0.48
20HZ VS 64.3 60% 1.12 113.1 70% 1.17 -30.9 50% 2.29 196.2 100% 1.49 183.5 90% 1.38
100HZ VS 48.4 50% 0.93 110.7 60% 0.32 109.3 60% 0.64 535.0 100% 0.49 255.0 90% 0.49

Human - - - - - - - - - -38.8 100% 2.20 -100.2 100% 2.86
Replay - - - - - - - - - -56.9 80% 1.45 -218.4 50% 2.29

BC - - - - - - - - - -354.4 30% 0.58 -487.0 10% 0.48

Table 6.2: Evaluation results, including average reward (Rew.), success rate (Succ.), and time-to-success for
only successful trials (TTS in seconds). Note the RL agent is able to adapt to its mistakes and
would retry after failure rapidly, therefore achieving a high success rate within the allocated 6
seconds.

6.4 ����������

In our experiments, we evaluate our proposal on �ne manipulation challenges (grasping
slippery balls or various small items) and during dynamic disturbances (created using
programmed motor movements or human interference). We intend to answer the
following questions: (1) Can a policy learned by CherryBot be robust and reactive to
dynamic scenarios? (2) Can our policy generalize to di�erent objects? (3) Is our proposal
robust across random seeds? (4) How do our design decisions impact the �nal results
for CherryBot?

6.4.1 Tasks

We test the reactivity, robustness, and generalization of our agent quantitatively and
qualitatively. View the video recordings on our website for visualization of our evalua-
tions.

Reactivity to dynamics in the scene. In natural scenarios, a smBaall object might
be moved by external disturbance, e.g., a leaf �ying in the wind. We simulate this
kind of disturbance by installing a motor that pulls the string that suspends the object
(Fig. 6.10a). Additionally, we introduce a more challenging, more spontaneous source of
external interference—humans. As shown in Fig. 6.10b, a person would drag the string
while the agent tries to grasp and shake the ball attached to it. We provide a qualitative
video on the website reporting the performance of our agent on the latter task.

Robust to perception noise. In the real world, perception errors are inevitable due
to, e.g., lightning conditions or occlusions. We simulate such errors by injecting noise
into the tracked positions of the object, i.e., adding a small Gaussian noise to the output
of our Optitrack system and using this noisy position as the states (Tedrake, 2023).

Generalization. Di�erent objects have varying shapes, sizes, and textures. We �rst
conduct a quantitative evaluation of our system’s generalization ability on grasping
hanging cherries with varying shapes and sizes and a hangingmarble ball with a slippery
surface that made grasping with chopsticks taxing even for humans (Ke et al., 2020b).
Further, we conduct qualitative evaluations on an assortment of objects and dynamic
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scenarios (Fig. 6.9), grasping objects of varying shapes (clip, chess), sizes (duck, puzzles)
and textures (chess, grapes) and with varying non-rigid support (wind disturbance,
�oating water, melting cream, falling sand). We further included experiments using an
o�-the-shelf detection system, YOLO, which empowered our system to grasp objects
with more diverse shapes and colors.

Ablation. During training, we employ a high-accuracy tracking cage that eliminates
perception errors, making it an ideal platform for ablation testing. We �rst place the
tracker ball at a �xed position and ask the agent to grasp the Static ball, examining
how precisely the agent can grasp. Second, we hang the ball and give it a random initial
velocity (Dynamic ball), testing the agent’s reactivity to dynamic scenes.

6.4.2 Baselines

We evaluate our agent on �ve candidate baselines: (1) 20HZ VS, our heuristic-based
controller that we used to collect demonstrations, and (2) 100HZ VS: our heuristic
controller with a di�erent set of gains. Optionally, we test (3) Humans: a human expert
teleoperation the robot, (4) Replay: replaying successful human demonstrations, and
(5) Behavior Cloning (BC): a practical imitation learning algorithm (Pomerleau, 1988b)
trained with our collected data, detailed in App. ??.
For each task and each agent we selected, we test over 10 trials and summarize

performance statistics. In total, we conducted more than 500 trials. For fair evaluation
and to accommodate the slow motion of the human baseline, we use a �xed horizon (6
seconds) at test time.We determine the success of the trajectory by inspecting whether
the robot could securely lift the object and stabilize it at a height of 0.1m in the world
frame.

6.4.3 Reactivity to dynamic disturbance

Fig 6.11 shows the agents’ performance under varying degrees of dynamic disturbance
injected by the motor dragging. We observe that our RL agent outperforms the baselines
by a large margin across all degrees of motor dragging disturbance. In the human
disturbance task, our RL agent succeeded in 17 of 29 trials of human disturbance within
the time limit.

6.4.4 Robustness to noise

As shown in Table 6.2, when Gaussian noise is applied to the sensor, the RL agent
performed the best, achieving a 90% success rate, signi�cantly outperforming the
baseline VSs (20Hz achieved 50% and 100Hz achieved 60% success rates). The noisy
state estimation is fatal to our vanilla VS baselines which took hours of gain tuning, and
it will require further tuning or adding of adaptive modules to improve performance.
In contrast, our agent was naturally robust to those noises due to our design choice of
SimR, Proxy, and StoRe to train the agent on more challenging tasks before deployment.
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Figure 6.11: Success rate under di�erent disturbance. The CherryBot controller’s RL agent is robust to
disturbances that signi�cantly exceed those for baseline methods.

6.4.5 Generalization

Table 6.2 displays our quantitative results on hanging marble balls and cherries, mea-
suring the rewards, success rate and time-to-success on picking up these objects. Our
agent signi�cantly outperforms the baselines; the baselines succeeded in some trials
quickly, but they could not readjust to their failures to complete the task within the
allocated time and instead kept batting the object around.

Task Succ. (%) Task Succ. (%) Task Succ. (%)

Water Cherry 60 (9/15) Puzzle 100 (10/10) Duck 50 (5/10)

Clip 30 (3/10) Cream Cherry 100 (10/10) Sand Cherry 53.3 (8/15)

Chess 80 (8/10) Grapes 70 (7/10) Tree Cherry 40 (4/10)

Table 6.3: Success rates of generalization tasks. CherryBot learned policies and was able to generalize
non-trivially across objects.

We further evaluate our agent on more diverse generalization tasks in Fig 6.9 and
show the success rate in Table 6.3. Our agent’s overall success rate was 64% (of 100
trials), even with our simple perception module. We summarize in four categories the
factors explaining the low success rates on some generalization tasks: (1) the object
has no �rm contact point and keeps slipping out (clip and chess), (2) the object size is
too big (duck), (3) the failure of grasping is fatal (cherry drops in the falling-sand task),
and (4) perception errors due to occlusion (tree cherry-pick).
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6.4.6 Further analysis

We examine the performance of all baselines on our proxy task, which removes percep-
tion noises but tests the agent’s precision and dynamic reactivity. Table 6.2 presents
results on proxy tasks in both static and dynamic modes. In general, our RL agent
outperforms all baselines in success rate, time to succeed, and total rewards. Both the
20Hz and 100Hz VS baselines could also achieve 90 to 100% success rates, respectively,
on the proxy tasks, albeit taking a longer time to succeed than our RL agent. It is worth
noting that our RL agent, which runs at a hybrid control frequency, uses less time to
succeed compared to 100HZ VS. This implies that our hierarchical framework with its
low-frequency learned policy develops a more e�cient strategy for grasping in the
dynamic scene than our hand-designed controller.
Are we cherry-picking a cherry-picking agent? To clarify the reproducibility

of our proposal: we use an open-sourced codebase d3rlpy (Seno and Imai, 2022), with
default implementations and hyperparameters, to run our ablation studies in the simu-
lation and our real-world robotic experiments. We conducted 5 random seed sweeping
in simulator ablation studies and 3 random seed sweeping in real-world �ne-tuning
studies, verifying the the e�cacy and reproducibility of our proposal.

6.5 ����������

We present a system, CherryBot, for learning robust dynamic �ne grasping in unstable
conditions. We provide empirical evidence demonstrating the e�ectiveness of our
proposed system on a low-cost chopsticks-equipped robot and validate its e�ciency,
reactivity, robustness and potential to generalize, showing how reinforcement learning
can be a practical and competitive tool to learn dynamic and precise behavior.
Despite successfully performing a diverse set of grasping tasks in the real world,

there remain signi�cant challenges to address in future work. Expanding our system
to a wider range of tasks, including those with longer time horizons, could broaden
its applicability. Upgrading the current perception module to include object pose and
to have an end-to-end vision-based RL system could enhance its usability and allow
further �ne-tuning after being deployed. Exploring the theoretical reasons behind the
importance of our design decisions, or providing insights into their applicability to
di�erent hardware or domains, would also open fascinating areas of future study.
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6.6 �������������

6.6.1 System Design Ablations

All ablation experiments mentioned in 5.3 were ran with the same experimental design
to make fair comparisons. Unless otherwise speci�ed in the paper, we focus on the
SAC implementation provided by d3rlpy library, using the default hyperparameters
in d3rlpy library, sweeping across the seeds 120, 121, 122, 123, and 124. When run in
simulation, we use the simulator whose tuning process is described in Sec. 2.3, and
real-life experiments are run with the same hardware and perception as described in
Sec. 6.3.
Aside from the ablations studied in depth in Section 5.3, we also performed a few

more experiments validating other design choices.

�������������� ����� The UTD (Update-to-Data ratio) controls the ratio of
gradient steps per environment step. Our system achieves an e�ective UTD=10 20
through asynchronous updates. We illustrate in Fig. 6.12 that higher UTD values of
10 and 20 result in much faster convergence than the traditional choice of UTD=1.
Running more updates for the same amount of data seems to drastically increase the
sample e�ciency and expedite learning. The key takeaway is that a large UTD ratio
can be favored for its practicality in real world training with real time constraints and it
showed empirically improvement to learning speed, making real-world learning more
tractable.

UTD 20
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-800
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500Epoch
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Figure 6.12: Training our RL agent in the simulator with varying values of UTD. Higher values
of UTD converge much faster than lower ones.

���������� ��� ������ ����� ����������� Our proxy task features a ball
swinging from a stringwhich, notably, has a stochastic reset, as described in Section 6.2.3.
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We illustrate the impact of this design choice via an ablation study in the simulator,
training two agents with static or stochastic reset for the same number of epochs.
During the evaluation, we test the two agent’s performance on the static-reset task and
stochastic-reset task. The one trained with stochastic reset yielded an average score of
198.8 on 10 trials, signi�cantly higher than the agent trained with static reset, which
yielded only 127.8. Evidently, the use of stochastic reset, which yields a larger and more
varied initial state distribution, promotes a better-performing policy.

6.6.2 Task Design

To explore the problem of dynamics �ne manipulation, we use a proxy task (as described
in the main paper) as a representative example during our agent’s �ne-tuning stage
and then solve other generalization tasks in zero-shot at deployment time. Instead of
“catching" the moving objects directly, we move the agent to be close to the target �rst
and then manipulate it. Thus, the challenging task was divided divided into two stages:
1) the simple, slow reaching stage and 2) the reactive grasping stage. During the �rst
stage, assuming the position of the moving objects is known, we use a heuristic policy
to approach the object slowly to be within about � 3 centimeters away (as the object
moves, the distance is not guaranteed to be upper bounded). Then, we will use the
learned RL policy or other baseline policies to solve the task in the reactive grasping
stage.

Success criteria: The task is considered successful if the robot is able to �rmly grasp
and lift the correct target object. In the real world, we also used the force torque sensor
on the robot joint (which yielded noisy readings) to judge the success of the grasp.

Reward design Prior RLworks had reported using both sparse and dense rewards for
manipulation tasks to encourage a desired motion (Rajeswaran et al., 2017; Riedmiller
et al., 2018; Zhu et al., 2019). Our reward function also consists of two parts: dense
rewards and sparse rewards. The various dense and sparse terms of the reward function
are described in Table 6.4.

6.6.3 Heuristic controller design

We design our VS(visual servo) controller by following human’s grasping philosophy
in a state-machine manner. First, the robot will align the centroid of the object with the
center of chopsticks tips using PD control in 3 axes. It adjusts its pose until the position
o�set is within a small threshold (1mm), and will then close the chopsticks to attempt
the grasp. After that, it will move the object to the goal position with a proportional
positional controller. If the robot cannot maintain the height o�set within 1 mm during
any state, we will return the policy back to the alignment state. The heuristic-based
VS controllers are sensitive to gain-tuning and precision of the perception. We spent a
reasonable amount of hours tuning the gains of our controller, but there perhaps still
remains room for improvement.
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Dense Rewards

Weight Description

-5 ���2 between object and the chopsticks
-10 ���2 between object and goal
+1 Correctness of distance between chopstick tips
+2 Squeezing torque of chopstick

Sparse Rewards

-5 Object stayed around initial position
+5 Firmly grasp the object and lift to goal
-10 ���2 between object and chopsticks >10cm

Table 6.4: Rewards design

�������������� ����� ��� ����� �������� Our chosen real-world evalua-
tion tasks e�ectively capture our agent’s ability to generalize from the proxy task to
more practical settings. Particularly, these tasks feature real-world complications that
are not present at training time, allowing us to test the agent’s ability to compensate
for it at test time.

• Cherry-Picking: Our agent’s eponymous cherry-picking task is complicated by
noisy perception a�ected by occlusion. The branches and leaves get in the way
of the camera, resulting in biased and noisy estimates of the cherry’s position. In
succeeding, the agent shows its ability to overcome these perception challenges.

• Water Cherry, Cream Cherry, Sand Cherry, and Grape: These tasks’ main de�ning
traits are the presence of new, unmodeled dynamics. In the case of the cherry
�oating in the water, if the cherry is disturbed it will �oat in the direction of
the applied force. The cream cherry is relatively less mobile, but the base upon
which it sits is deformable. Similarly, the cherry atop the sand is resting on a
very unstable surface that is actively falling apart over time. Finally, the grape
is on top of a pile of other grapes which tends to collapse when disturbed. In
all four cases, there are new dynamics that are completely unrepresentative of
conditions at train time. Evidently, the agent is able to generalize to these new
dynamics and successfully solve the task.

• Clip, Chess, Puzzle, and Duck: These tasks showcase the agent’s ability to grasp
objects with completely di�erent shapes. The agent was trained only to grasp
small spheres, but in succeeding in these tasks, it shows that the agent still learns
a grasping strategy that is widely applicable to other types of shapes.

��� �� �������������� � �������������� �����? We used standard, open-
source implementation of RL algorithms, d3rlpy, to run our ablation studies in the
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simulation and our real-world robotic experiments. We use the default implementation
of SAC and IQL in d3rlpy alongside the default hyperparameters. We did not change
the hyperparameters or the algorithms when we ran the experiment. To enable d3rlpy
to run on the real robot: we changed the location of the action normalization function
in d3rlpy to ensure it will be called both for the o�ine dataset and online �netuning
on a real robot.

Prior to running the experiments we �xed the random seed. To verify the signi�cance
of our �ndings in the ablation study, we conducted seed sweeping in simulator, with 5
consective random seed 120 � 124, as shown in 6.7. To verify the reproducibility of our
proposed system in the real world, we trained our whole system including pretraining
and �ne-tuning with seed 121 � 124), the performance showed in 6.6a is summarized
over all random seeds ran in the real world.

����� ����������� ��� ��������� �������� In our early exploration, we
experimented with human tele-operator and simple imitation learning. We noted that,
replay of successful demonstration did not have 100% success rate, suggesting that �ne
manipulation requires a precise and reactive policy to be robust to potential sensor and
actuator errors. Surprisingly, in both static and dynamic ball setups, BC’s performance
is even worse than replay, suggesting that the performance of imitation learning is
heavily dependent on data support. It is hard to apply BC on these �ne manipulation
tasks because a tiny divergence between train and test will shift the agent far from
success, motivating us to seed self-supervised learning method that can learn from trial
and error.



7
CONCLUS ION

This dissertation has explored the challenges and data-driven approaches to robotic
�ne manipulation. Our overarching goal was to develop data-driven methods that
address the complexities of �ne manipulation in a generalizable manner. While our
initial approach focused heavily on leveraging data, we discovered that the integration
of structural priors and leveraging existing knowledge about dynamics and constraints
can make the learning process signi�cantly more e�cient and robust.

For instance, in our work on imitation learning, we found that leveraging structures
within the dynamics of the system allowed us to better mimic expert behaviors. By
understanding and incorporating the underlying physics of the tasks, we were able to
synthesize data with quality guarantees and improve the learned agents. Similarly, in
reinforcement learning, using prior information such as an approximate simulator and
low-quality demonstrations helped bootstrap the learning process, allowing the robot
to explore more e�ectively and learn from its environment more robustly.
A recurring question in data-driven robotics is whether data alone can solve all

challenges. The question of "how much data is enough" is a complex one, and there is
no one-size-�ts-all answer for all tasks. In �elds such as natural language processing,
large datasets and powerful models have led to signi�cant breakthroughs. While the
structures of language are purely a matter of human convention, robotics must contend
with the immutable laws of physics, which imposes additional constraints that data
alone might miss. Our research suggests that while data is critical, it is not the sole
solution.
The physical interactions that robots must navigate are governed by dynamics and

kinematics that require precise modeling and understanding. Thus, purely data-driven
approaches, while powerful, often fall short in scenarios requiring high precision and
reliability. Our work highlights the importance of integrating structural and prior
knowledge into data-driven methods. This integration not only enhances the e�ciency
of learning but also ensures that the learned models are more robust and generalizable
to new tasks and environments.

7.1 ������ ���������

���������� ���������� ������ One of the key takeaways from our research is
the critical role of structural priors in robotic learning. To truly harness the potential of
data-driven methods, it is essential to identify and integrate structures and constraints
into the learning process.
Looking forward, there are several exciting directions. One promising avenue is

the integration of data-driven methods with classical control approaches to provide
robustness and safety guarantees while maintaining the �exibility to generalize to
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novel tasks and environments. This hybrid approach could lead to more reliable and
adaptable robotic systems capable of performing a wide range of �ne manipulation
tasks.

Another intriguing direction is the use of large language and vision models to extract
common sense knowledge and reduce the human burden in specifying tasks for robots.
By leveraging the vast knowledge embedded in these models, we could make data-
driven robotics more e�cient and scalable, enabling robots to understand and perform
complex tasks with minimal human intervention.

���� ���������� ��� ���������� ��������� There is a paramount ques-
tion for any data-driven method: where does the data come from? How could one
characterize the data? For robotics, data is limited. Building a robust data collection
pipeline is thus a critical area for future work. While teleoperation has proven e�ective
for collecting high-quality demonstration data, it is not the end goal. Our vision is
to design robotic systems that can proactively solicit data, continuously learn, and
adapt by requesting data from users or collecting experiences from their interactions
in real-world environments. This paradigm shift from pre-programmed task execution
to autonomous data collection and learning would signi�cantly enhance the scalability
and applicability of robotic systems.
This approach aligns with the goal of creating robots that are not just capable of

performing prede�ned tasks but are also able to learn new tasks after deployment.
Such a paradigm would enable robots to be more versatile and useful in dynamic and
unstructured environments, where manual programming for every possible task is
impractical. This vision could be particularly bene�cial for applications like assistive
homecare for the aging population, where robots need to adapt to a wide variety of
tasks in natural and uncontrolled settings.

���� ������������ �� ������������ , ���������� ������������ The
drive to develop �ne manipulation robots for real-world applications is particularly
pertinent in the context of an aging global population. With over 400 million people
aged 65 and older worldwide, and projections indicating that this demographic will
surpass the number of children in the U.S. within a decade, there is an urgent need for
robotic solutions that can assist with daily tasks, augmenting the dexterity of humans
to enhance the quality of life for the elderly. We are therefore inspired to ground
our research towards concrete applications, hoping to perform tasks such as cooking,
personal care, and medical assistance.

This dissertation has demonstrated the potential of data-driven methods to enhance
robotic �ne manipulation. However, achieving human-like dexterity across all areas
remains a long-term goal. The integration of structural priors, the development of
advanced data collection methods, and the exploration of new learning paradigms will
be crucial in advancing this �eld. Ultimately, the mission is to build �ne manipulation
robots that can operate e�ectively in the wild, accommodating the diverse and dynamic
needs of the aging population and beyond.
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