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ABSTRACT

The development of generalist robots—capable of performing a wide range of tasks in
diverse environments—requires large-scale datasets of robot interactions. Unlike language
or vision domains, where data can be passively collected at scale, robotic data collection
remains costly, labor-intensive, and constrained by physical hardware. This thesis explores
two complementary directions to overcome this challenge. First, we examine the limitations
of training robots from scratch using reinforcement learning (RL). While RL has achieved
promising results in simulation, its scalability is hindered by a largely overlooked bottleneck:
environment shaping. Designing suitable rewards, action and observation spaces, and task
dynamics typically requires extensive human intervention. We formalize environment shaping
as a critical optimization problem and introduce tools and benchmarks to study and eventually
automate this process, a necessary step toward general-purpose RL. Second, we introduce an
alternative paradigm for robot data collection that does not rely on real-world robots. Using
the Apple Vision Pro, we develop DART, an augmented reality (AR) teleoperation platform
that streams human hand motions to cloud-hosted robot simulations. This setup enables
scalable, low-latency collection of high-quality robot demonstrations without the overhead of
physical setup or maintenance. Our user studies show that DART more than doubles data
collection throughput while reducing operator fatigue, and policies trained in simulation using
this data successfully transfer to the real world. Together, these contributions address two
key bottlenecks in robot learning: the human e!ort required for RL environment design, and
the dependence on physical robots for data. They lay the groundwork for scalable, accessible
approaches to training generalist robot models.

Thesis supervisor: Pulkit Agrawal
Title: Professor of Electrical Engineering and Computer Science
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Chapter 1

Introduction

For decades, the idea of creating a generalist robot – one capable of human-level performance
across diverse physical tasks – has lived in the realm of science fiction. But today, with the
remarkable progress in language and vision models demonstrating human-like proficiency in
solving diverse problems, this once-distant dream of roboticists is beginning to feel within
reach.

The key to realizing this vision lies in building large-scale datasets, akin to those that
catalyzed breakthroughs in language and vision. For robots, however, this presents a unique
challenge. Collecting robot datasets with real robots is costly, labor-intensive, and, most
critically, requires robot hardware. Unfortunately, robots are not widely deployed enough in
our daily lives yet. Data collection methods that strictly require robot hardware thus create
a classic chicken-and-egg problem: to make robots smarter, we need a fleet of robot hardware
collecting diverse datasets at scale, but deploying such a fleet worldwide requires robots to
already be smart enough to appeal as consumer products!

This chicken-and-egg problem has historically pushed most large-scale robot data collection
e!orts toward centralized approaches: a few research institutions investing substantial
resources to purchase and setup artificial fleets of robots, setting up controlled environments,
hiring dedicated data collectors and collecting datasets.

While the outcome of such e!orts—decently sized datasets like [1–3]—has benefited
the community, these approaches face fundamental scalability limitations. The reliance on
physical robots as a prerequisite for data collection creates bottlenecks in terms of hardware
costs, maintenance requirements, and geographical constraints, making it impractical to
achieve the scale needed for training truly generalist robots.

The community thus started to explore alternative paths: robot training methods that do
not require physical robots, and democratized, non-invasive, crowd-sourceable interfaces for
robot learning. This thesis explores two such directions.

The first direction addresses the unspoken bottlenecks in reinforcement learning from
scratch. While sim-to-real reinforcement learning (RL) o!ers a promising path to scalable
robot training, its success critically depends on environment shaping: the manual design
of observations, actions, rewards, and dynamics that make learning tractable. In practice,
researchers spend far more e!ort shaping the training environment than tuning RL algorithms.
My first paper argues that automatic environment shaping is an underexplored frontier and
presents a formal framework and benchmarks to study this challenge. Without automating
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this step, scaling RL to diverse real-world tasks remains elusive.
The second direction investigates data collection without physical robots. My recent work

presents tools and platforms that leverage mixed-reality devices—such as the Apple Vision
Pro—to intuitively teleoperate robots in simulation. By rendering simulated robots and scenes
directly in the user’s physical space using AR, and streaming hand tracking via lightweight
protocols, we show that data can be collected faster, with less fatigue, and at significantly lower
cost. My final paper introduces DART, a platform enabling cloud-based AR teleoperation
and crowdsourced robot demonstrations, achieving over 2× higher data throughput compared
to traditional teleoperation setups. All demonstrations are automatically stored in a shared
public database, paving the way toward internet-scale robot data collection.

Together, these e!orts point toward a more scalable future for robot learning: one that
sidesteps the limitations of physical hardware, reduces the human burden in environment
design, and opens the door to broad participation in data collection. By combining innovations
in RL infrastructure and AR-based human interfaces, this thesis aims to reimagine how we
train generalist robots.
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Chapter 2

Background

2.1 Large-Scale Robot Data Collection E!orts

Addressing the need for large-scale datasets in robotics, there have been two primary ap-
proaches within the community. The first approach, as exemplified by projects like [4],
focuses on gathering existing datasets from various robotics institutes worldwide into a single
place. These initiatives involve a central team overseeing the data gathering, post-processing,
and release. The second approach involves teams actively collecting large-scale datasets
themselves by teleoperating robots in real-world environments. For example, [5] collected
110k trajectories for diverse tasks through real-world teleoperation with the help of volunteer
participants. Similarly, [6] created a dataset of 60k trajectories using a low-cost robotic arm.
Most recently, [3] have released 76k demonstrations across 564 scenes using a Franka Panda
attached to a mobile platform. These e!orts all unanimously highlight the value of large
datasets in improving the performance of trained policies.

However, we argue that relying on disconnected, project-level e!orts to create such
datasets is not a scalable solution for the robotics community. The episodic, labor-intensive
collection e!orts seen in these examples fail to mirror the organic growth of language and
vision datasets on the internet. Furthermore, these datasets are limited in scope, primarily
focused on single-arm robots with parallel jaw grippers, neglecting the richness of bimanual
or dexterous manipulations. Finally, these datasets are collected exclusively in real-world
settings, overlooking the significant potential of simulation as a data source. Simulation allows
for the refinement and augmentation of human-collected – and therefore possibly suboptimal
– datasets through online reinforcement learning using massively parallelizable simulation
environments [7]. Such refinement can address the potential performance saturation often
observed on policies trained only with supervised learning [8–11].

2.2 Collecting Robotic Dataset in Simulation

Using simulation as an alternative environment for collecting demonstrations has been
explored in the community. For example, [12] utilized webcams attached to laptops to allow
users to teleoperate various robot morphologies in simulation. [13] employed a VR interface
where humans control simulated dexterous hands, while specialized exoskeletons capture
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their hand movements. More recently, with advancements in VR devices, [14, 15] have
demonstrated similar technical stacks that no longer require external hand trackers, but
instead utilize the built-in capabilities of modern VR/AR devices to capture hand movements.
All aforementioned systems use stereo rendering streams as a source of visual feedback.
However, relying on raw visual streams of simulated renderings inevitably creates a noticeable
latency in network communication, forcing designers to trade-o! visual fidelity and latency
to maintain real-time performance. The use of Augmented Reality (AR) objects instead
as a visual scene representation, on the other hand, has not yet been thoroughly explored
as a solution to this problem. Finally, no existing platform has fully leveraged simulation’s
potential by making data collection widely accessible and available to the general public
– particularly to those without specialized knowledge in robotics or the ability to set up
simulation servers.

2.2.1 Augmented Reality for Robot Data Collection
Augmented Reality (AR) has been explored as a valuable tool to support the data collection
process for robots. For instance, [16] leveraged mobile device AR capabilities to develop a
waypoint-based teaching pendant using a virtual robot. Similarly, [17] used AR renderings to
provide visual cues of robot behaviors while recording human motions in the real world. [18]
also employed AR-rendered robots to guide the teleoperation process for real-world robots.
However, none of these works fully leveraged AR’s potential to teleoperate virtual robots in
simulation through a tightly integrated control-sensory feedback loop, particularly with an
emphasis on large-scale, crowd-sourced data collection.
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Chapter 3

Environment Shaping Problem for
Reinforcement Learning

3.1 Introduction

The advent of foundation models for speech, vision, and language processing has revolutionized
Artificial Intelligence. It is widely believed that robotics is the next frontier, and the race
to develop a foundation model for robotics is ongoing. The critical challenge in this pursuit
is the limited availability of robotic data: trajectories of observations and robot actions.
This starkly contrasts with computer vision and natural language processing, where large
amounts of readily available internet data can be used. One way to gather robotic data is
to deploy robots for many tasks in diverse environments. However, such deployment is only
feasible if robots create value, i.e., successfully solve the task often enough. The result is
a chicken-and-the-egg situation – robots need to be useful to be deployed, but for them to
be useful requires collecting enough data to train a controller that creates value. The real
question, therefore, is bootstrapping data collection.

A natural way to collect data is by teleoperating a robot to perform diverse tasks. However,
this paradigm is challenging to scale as the human e!ort grows linearly with the amount of
data that needs to be gathered. To ease data collection, recent works have made teleoperation
more capable and easier [19, 20], but it doesn’t change the linear scaling. At some point
in the future, it is plausible that we will have enough data to train a large model that will
reduce the number of demonstrations required to learn a new task and make the human
e!ort sub-linear. However, we are far from that point. The primary reason is that policies
obtained via supervised learning on a small dataset of demonstrations (i.e., learning from
demonstration) have limited robustness and generalization and, therefore, cannot be used to
collect data autonomously in more diverse settings.

In theory, given a reward function or by inferring a reward function from the demonstra-
tions, autonomous data collection is possible using reinforcement learning (RL). It has been
hard to realize this promise of RL because training in the real world often requires babysitting
the robot to ensure safe operation, ensuring the reward function is not hacked, performing
resets, and the data ine"ciency of RL algorithms means they run for a long time before
useful behaviors are discovered. Real-world RL training is an active area of research [21], and
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recent work has shown the plausibility of learning locomotion behaviors from real-world RL
training [22, 23]. However, real-world RL is yet to achieve state-of-the-art robotic controllers,
which means the data it generates is sub-optimal.

A related line of work bypasses the di"culty of training in the real world by training with
RL in simulation and then successfully deploying policies in reality (i.e., sim-to-real RL).
Such training has achieved state-of-the-art behaviors across many robot morphologies and
complex tasks involving legged locomotion [24–29], dexterous manipulation [30–33], drone
racing [34, 35] and others. A single general-purpose RL algorithm, PPO [36], has powered
these successes. Consequently, one might believe that a recipe for scaling to diverse tasks
and collecting a sizeable high-quality dataset of trajectories exists. However, the reality
is that immense manual task-specific modeling and engineering are required – something
we call environment shaping (a generalization of the term reward shaping to include other
environment choices to ease optimization) – to make things work, which is the primary
bottleneck in our opinion. Although the environment shaping bottleneck is highly relevant
to robotics, it exists in any domain where reinforcement learning is applied to real-world
problems, including transportation systems [37], autonomous driving [38], finance [39], and
power management [40].

We expand the previous usage of the term environment shaping [41] to include all
choices such as designing reward function, curriculum, observation/action spaces, initial state
distribution, reset functions performed manually to make training possible. These issues have
been individually studied for a long time [42–45], but a holistic and critical analysis of the
human e!ort required to make these choices even with the latest algorithmic advances has
not been made.

Using examples from recent applications of RL to robotics, this position paper argues
that the primary bottleneck for scaling up reinforcement learning is its need for
manual environment shaping. Specifically, this is a call to action for the RL research
community:

• Distinguish modeling from shaping design choices in RL environments. Many works
describe the final shaped environment but not a repeatable procedure that can transfer

Sample 
Environment 

Modeling

Environment
Shaping dd  

Optimal Control Solver

Evaluation and Reflection

Figure 3.1: Flowchart of a typical behavior generation pipeline using reinforcement learn-
ing with simulation, illustrating four distinct subtasks of sample environment modeling,
environment shaping, RL training, and outer feedback loop with behavior evaluation and
reflection. We highlight the manual, task-driven environment shaping as a key, yet often
overlooked, bottleneck in generalizing the success of RL. We thus advocate for automating
the environment shaping process to broaden RL’s applicability.
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the same shaping to a new robot or task.

• Prioritize research into automatic environment shaping as a pathway to generalize
domain-specific successes in RL.

• Prioritize benchmarks that measure the total expense of applying reinforcement learning
to real-world robotics tasks, by including environments with ‘unshaped’ versions and
corresponding human-shaped baselines. The point being that existing benchmarks have
already performed environment shaping (i.e., hide the true problem) and, therefore do
not serve as good candidates for further research into better algorithms. 1

3.2 Robotic Behavior Generation with RL

To support a precise definition of environment shaping, we first describe a typical workflow
for generating robotic behaviors using reinforcement learning (RL) in simulation (Figure 3.1).

We decompose behavior generation into four subtasks; sample environment generation
(Sec 3.2.1), environment shaping (Sec 3.2.2), RL training (Sec 3.2.3), and the outer feedback
loop with behavior evaluation and reflection (Sec 3.2.4). In delineating these substages, we
pinpoint typical human e!orts involved in the process.

3.2.1 Modeling Sample Environments
Consider p̂(e) as the oracle distribution of the target environment we want to deploy our
robots in. Our goal is to generate behavior that is performant (with respect to objective J)
and robust under p̂(e),

max
ε

Eê↑p̂(e)J(ω; ê)

The target environment can either be a specific real-world environment that already exists
(e.g. kitchen at a specific location) or a generic concept (e.g. typical household kitchen).

Unfortunately, it’s extremely di"cult to model this oracle distribution either way; it
requires comprehensive knowledge of all possible environmental variables and conditions,
which is often infeasible due to the complexity, variability, and limited observability in the real
world. Innate vagueness of generic concepts is often an issue as well. Just imagine modeling
a true oracle distribution of a chaotic real-world dishwasher in simulation! (Figure 3.2)

In contrast, modeling a single sample environment, ê, a specific instance drawn from
oracle environment distribution,

ê ↑ p̂(e),

and importing that to a simulation is much more feasible. This is why robotics practitioners
typically start the behavior generation process by first designing a single sample environment:
(a) modeling and importing robots and necessary assets in simulation, and (b) manually
placing them in their default poses. We often generate a set of those sample environments to
kick things o!. This is what practitioners do for the first blue box in Figure 3.1.

1 https://auto-env-shaping.github.io/
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Figure 3.2: Example of environment complexity: an overloaded and disorganized real-world
dishwasher.

Such a set of sample environments actually serves a purpose: it is a useful representative
testbed environment that can be used to estimate the behavior performance under the true
oracle distribution p̂(e). Combined with any form of task specification r [46], we define a
simulated testbed E

test where the trained behaviors can be evaluated.

Definition 3.2.1 (Test Environment) Let {ê1, · · · , ên} be a set of n sample environments
each independently drawn from oracle environment distribution p̂(e). The simulated counter-
parts are denoted as êsim,i. Given a task specification r, a test environment E test is defined as
a set of tuples:

E
test = {↓êsim,i, r↔}i=1,··· ,n,

where the generated behavior ω will be evaluated in.

Meanwhile, to prevent the behavior from overfitting to a few sample environments within
E

test, one can maintain two sets of sample environments; the test environment can be strictly
held out from the rest of the behavior generation pipeline, letting it serve the sole purpose of
behavior evaluation. A distinct set of sample environments then can be used to e!ectively
guide the remaining design choices. We call that a reference environment, E ref, as illustrated
in Figure 3.1.

Definition 3.2.2 (Reference Environment) A Reference Environment Eref is a distinct
set of sample environments that provides useful context to the shaping algorithm. Trained
behaviors will not be evaluated here to avoid overfitting.

For instance, when designing a robotic behavior for unloading a dishwasher, sample
environments would include multiple instances of dishwashers loaded with varying config-
urations of dishes and utensils. Sampled configurations then could be split into a set of
reference environments for guiding the shaping and a set of held-out test environments for
evaluation. This diversity in configurations provides the shaping algorithm with a broad
context, incentivizing it to infer the underlying distribution of object placements. The goal is
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for the reinforcement learning (RL) trainer to sample from this inferred distribution during
training, ensuring that the generated behaviors are robust and adaptable to various real-world
scenarios without overfitting to a specific set of environments.

3.2.2 Shaping Reference Environments
A straightforward subsequent step of behavior generation might be to directly use the reference
environments E ref as an RL environment, with the expectation that algorithms like Proximal
Policy Optimization (PPO) [36] will find performant and generalizable behaviors. However,
this approach often falls short due to the inherent sparsity of these environments.

Reference environments often present a challenging optimization landscape for RL algo-
rithms due to their sparse nature. For example, it might be rare to obtain nonzero rewards
or the observation space might be dominated by spurious features that encourage poor
local minima. To mitigate these challenges, human engineers typically go through a process
of shaping the elements of E ref. This modification, aimed at enhancing the learnability of
the environment, includes introducing denser learning signals and additional modifications
encouraging e!ective exploration. The resulting shaped environment [41] then used as a
training ground for the subsequent optimal control solver.

Definition 3.2.3 (Shaped Environment) A Shaped Environment E
shaped is a modifica-

tion of a reference environment, i.e., E shaped = f(Eref). The transformation f incorporates
design choices specifically optimized for learning performance, smoothing the optimization
landscape enabling the solver to find better solutions with maximal performance in E

test. The
transformation function

f : Eref
↗ E

shaped (3.1)

is defined as shaping function.

The shaping process for a robotics environment usually involves manually explored design
choices, including shaping the reward [43, 44], modifying the action space [47, 48], designing
curricula on the environment dynamics, initial state distributions, and goal distributions
[42, 49–51], crafting the state space [52], and shaping the right failure conditions for early
termination [41]. We describe details of common shaping operations in Sec 3.3.1.

3.2.3 RL Training
Once the shaped environment is obtained, the next step of behavior generation is to use
RL algorithms, i.e., PPO [36], to find a behavior ω that best performs on the shaped
environment E

shaped. Formally, the algorithm aims to find an optimal behavior ω for the
following optimization problem:

max
ε

Eϑ↑ε

[
T∑

t=0

εtrt(st, at))

]

s.t. st+1 ↑ p(st, at; E
shaped).

(3.2)

21



While the RL training process also requires a range of design decisions, such as algorithmic
choices and hyperparameter adjustments, these areas are relatively well-researched and
documented [53, 54].

However, we note that in a pratical context of robotic behavior generation, tuning the
RL setting (e.g. neural architecture search for policy or hyperparameter tuning) is often
underprioritized compared to the e!ort put into environment shaping. In IsaacGymEnvs [7],
for instance, simple Multilayer Perceptron (MLP) networks are employed, and o!-the-shelf
RL algorithm implementations are utilized with their default configurations. This shows that
algorithms like PPO and their default settings are capable enough when paired with ideally
shaped environment.

3.2.4 Optimizing Environment Shaping via Iterative Behavior Eval-
uation and Reflection

Once an optimal behavior ωω is obtained via RL training, the behavior is evaluated on the
test environment E

test and reflected by human engineers. Denoting the reflection process as
H of analyzing the generated behavior ωω in test environment E

test and coming up with a
better environment shaping f ,

H : fk → J(ωω
k; E

test) ↗ fk+1, (3.3)

robotic behavior generation process can be formally defined as an iterative optimization
process over the environment shaping function f ,

fk+1 = H
(
fk, J(ω

ω
k; E

test)
)

where ωω
k = argmax

ε
J(ω; E shaped

k ),

E
shaped
k = fk(E

ref), f0 = Iidentity

(3.4)

which aims to find an optimal shaping function f ↘ F for the following bi-level optimization
problem:

max
f↓F

J(ωω; E test)

s.t. ωω
↘ argmax

ε
J(ω; E shaped), E

shaped = f(E ref).
(3.5)

After shaping is applied, the new environment may not reflect the original task; therefore,
note that the outer level of the bilevel optimization maximizes J(ω↔; E test) which is the return
evaluated in the original test environments without any shaping. If the inner level optimizes
a shaped environment well, but with poor correspondence to the original task, it will be
dispreferred by the outer loop.

3.3 The Current State of Environment Shaping

Having established the role of environment shaping operations in successful behavior genera-
tion, we now probe deeper into the unique challenges that the problem of environment shaping
and its optimization procedure presents. Specifically, we make the following arguments with
supporting experiments and analysis:
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1 def shaped_action_space(self):
2 # scale the targets by the joint limits
3 self.cur_targets = scale(self.actions ,
4 self.shadow_hand_dof_lower_limits ,
5 self.shadow_hand_dof_upper_limits)
6
7 # compute the moving average of targets
8 self.cur_targets = self.alpha * self.cur_targets +
9 (1 - self.alpha) * self.prev_targets

10 self.cur_targets = tensor_clamp(self.cur_targets ,
11 self.shadow_hand_dof_lower_limits ,
12 self.shadow_hand_dof_upper_limits)
13 self.prev_targets = self.cur_targets [:]
14
15 # compute the torques according to PD control law
16 torque = 3 * (self.cur_targets - self.shadow_hand_dof_pos) - 0.1 * self.

shadow_hand_dof_vel
17
18 # apply torques
19 self.gym.set_dof_actuation_force_tensor(self.sim , gymtorch.unwrap_tensor(torque))

1 def unshaped_action_space(self):
2 # directly apply the prediction action as torques
3 self.gym.set_dof_actuation_force_tensor(self.sim , gymtorch.unwrap_tensor(self.actions))

Figure 3.3: Action space shaping: (Top) Original shaped action space with task-specific
features. (Bottom) Unshaped action space consisting of joint torque commands. Some
shaped code has been slightly modified from the source to increase brevity and clarity while
preserving the original logic.

• Popular RL benchmark environments are artificially made easy for RL with task-specific
environment shaping. We should benchmark our algorithms in unshaped environments
if we want them to solve new problems without task-specific environment shaping step.
(Section 3.3.1)

• Shaping multiple attributes of the environment at once (reward, observation space,
action space, etc.) is a tricky, non-convex optimization problem (Section 3.3.2).

• Reward shaping is not the only problem. Existing automation e!orts focus too narrowly
on rewards (Section 3.3.3).

3.3.1 RL Benchmarks for Robotics are Artificially Easy
Benchmark environments for robot reinforcement learning include task-specific environment
shaping to make it feasible to help baseline RL algorithms perform reasonably well. However,
these modified environments might not fully assess how RL algorithms progress towards
solving various control problems independently, treated as a black-box, without needing
task-specific adjustments.

In this section, we outline the common task-specific design choices associated with di!erent
aspects of environment shaping, while formally defining what an unshaped counterpart —
one with minimal or no human engineering required — would look like. We consider a case
study of the IsaacGymEnvs task suite [7].
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AllegroHand Reward Change

all shaped 38777 –

sparse reward 0 ≃ 38777
unshaped action space 21530 ≃ 17247
unshaped observation space 2114 ≃ 36663
no early termination 0 ≃ 38777
single initial state 0 ≃ 38777
single goal state 141155 ⇐ 102378

Humanoid Reward Change

all shaped 7554 –

sparse reward 5237 ≃ 2317
unshaped action space 67 ≃ 7487
unshaped observation space 0 ≃ 7554
no early termination 705 ≃ 6849
single initial state 5735 ≃ 1819

Anymal Reward Change

all shaped ⇒45 –

sparse reward ⇒2789 ≃ 2744
unshaped action space ⇒2499 ≃ 2454
unshaped observation space ⇒2656 ≃ 2611
no early termination ⇒43 ⇐ 2
single initial state ⇒17 ⇐ 28
single goal state ⇒2516 ≃ 2470

Table 3.1: Impact of environment shaping on policy optimization. Removing
task-specific design choices in the reward, action space, state space, early termination, or
initialization incurs performance reductions. Top row: environment with original shaped
design choices. Each subsequent row shows performance after training with a corresponding
unshaped design choice. The performance of all policies is evaluated in a fully unshaped
environment.

Action Space.

How would an unshaped action space look, and how shaped is the action space in the case
environments? For a typical robot in rigid multibody simulation, the unshaped action space
would be the motor torques: passing in the policy output a directly to the motor as a torque
ϑ — no scaling or transforming the outputs, no gains to be tuned.

Designing a shaped action space for a robot is thus equivalent to the problem of choosing
a low-level controller (and its corresponding parameters) that converts a policy output a with
di!erent physical meanings into an executable motor torque ϑ that can drive the actuators.
The low-level controller can implement a prior like whether to resist or comply to external
forces. Examples include proportional-derivative control, di!erential inverse kinematics
controller, operational space control [55], or impedance control [56]. These are projections
of the policy outputs onto a strict subset of the space of possible torque commands. The
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1 def shaped_observation_space(self):
2 root_states = rigid_bodies [:, self.root_handle]
3 base_quat = root_states [:, 3:7]
4 # base linear velocity (from local frame)
5 base_lin_vel = quat_rotate_inverse(base_quat , root_states [:, 7:10]) * lin_vel_scale
6 # base angular velocity (from local frame)
7 base_ang_vel = quat_rotate_inverse(base_quat , root_states [:, 10:13]) * ang_vel_scale
8 # transformed base orientation
9 projected_grav = quat_rotate(base_quat , gravity_vec)

10
11 # scaling/normalizing values
12 commands_scaled = scale(commands ,
13 [lin_vel_scale , ang_vel_scale ])
14 dof_pos_scaled = dof_pos_scale *
15 (dof_pos - default_dof_pos)
16 dof_vel_scaled = dof_vel_scale * dof_vel
17
18 # concatenate the relevant features
19 obs = torch.cat([ base_lin_vel , base_ang_vel ,
20 projected_grav , commands_scaled ,
21 dof_pos_scaled , dof_vel_scaled ,
22 actions], dim=-1)

1 def unshaped_observation_space(self):
2 # include entire unprocessed simulator state
3 obs = torch.cat([dof_pos ,
4 dof_vel , torques ,
5 rigid_bodies.reshape(num_envs , -1),
6 rigid_body_force.reshape(num_envs , -1),
7 commands , actions], dim = -1)

Figure 3.4: State space shaping: (Top) Original shaped state space with task-specific features.
(Bottom) Unshaped state space contains the entire raw simulator state.

choice of action space can significantly influence the performance of learning algorithms in
the environment [47].

In IsaacGymEnvs, there are multiple distinct cases of shaped action spaces. AllegroHand
uses joint position targets with moving average smoothing as its action space (See Figure 3.3
for example code). For Anymal, the relative joint position target is used as an action space
with proportional-derivative controller. For Humanoid, scaled joint torques are used. Table
3.1 empirically shows that removing these shaping operations on action space largely impacts
the training performance.

Observation Space.

What is an unshaped observation space, and how did IsaacGymEnvs shape the observation?
Crafting a shaped observation space involves strategic selection and transformation of variables
from an unshaped observation — the entire state in simulation that’s been exposed to the
user. The process, integral to optimizing policy learning performance, includes (a) useful
transformation of the unshaped variables (i.e., features) and (b) discarding unnecessary
variables. Figure 3.4 shows the details of the shaped state space in the IsaacGymEnvs Anymal
environment.

Di!erent choices of observation space shaping can substantially impact robot performance.
In the setting of quadrupedal locomotion, [52] found that di!erent aspects of the task
(robustness, performance) are sensitive to di!erent features included in the observation space.
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Table 3.1 shows our findings agreeing that observation shaping has a significant impact on
training performance. For Humanoid, for instance, using an unshaped observation space
makes the task completely unlearnable.

Reward.

The unshaped reward represents the true objective function we actually wish to optimize,
often defined as extrinsic reward [44, 57] or task-fitness function [58].

Shaping the extrinsic reward into a more informative intrinsic reward to make it more
conducive to RL algorithms is a well-studied topic in the community [43, 57, 59, 60]. The
shaping procedure is usally designed to provide denser learning signals and to prevent the
policy from overly exploiting the innate vagueness of extrinsic reward, i.e., reward hacking. It
typically involves a few commonly used strategies. One popular strategy is to reward progress
towards the goal by adding distance metrics measuring how close the agent is to reaching it.
If some attributes of successful behavior are known beforehand, those terms can be added to
the shaped reward [61, 62]. If a trajectory of a successful behavior is known, one can also
compute a similarity between the generated behavior and the trajectory and try to maximize
the similarity [63]. O!ering bonuses for exploring new states [64] is also known to facilitate
RL training. Table 3.1 shows that shaping reward has significant impact on the training
performance.

It’s worth noting, however, that defining the extrinsic reward itself poses its own set
of challenges, which is well addressed in [46]. The task fundamentally requires translating
human intentions and goals into numerical values that an algorithm can optimize, often
posing significant challenges. In the scope of this position paper, we presume the task has
been defined and consider the challenge of learning a policy to perform it.

Initial/Goal State.

Let’s consider a concrete example: how would you shape an initial state of a dishwasher to
make the behavior robust under the chaotic randomness typically exhibited in real-world
(Figure 3.2)? Where would you even start shaping things from? How would an unshaped
counterpart look like for initial/goal state shaping?

A reasonable unshaped intial/goal state to start with are the nominal states defined in
reference environment – manually designed sample environment with every actors (robots
and assets) staying in its nominal pose. We often assume such nominal pose to be a mean of
its underlying distribution, commonly assumed as Gaussian or Uniform distribution. This
is indeed the most simple yet common technique of designing initial state distribution for
many robotics tasks – we just randomly perturb robot joints and assets around its nominal
(reference) pose!

When the task gets more complex, however, this simple approach starts to break quickly.
Imagine randomly perturbing a single nominal state of a dishwasher, or randomly perturbing
the nominal pose of a quadruped standing on a rough terrain; dishes and ladles, feets and
terrain will be in penetration most of the time. Doing rejection sampling can be a stopgap
solution, but it might end up rejecting most of the samples, making the approach nearly
unusable.
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In practice, robotics engineers thus take a clever, but heavily heurstic, task-dependent
approach to shape initial states. To randomly initialize a quadruped on a rough terrain,
for instance, people make the robot walk o! a small region of flat ground [65], letting the
simulation engine figure out the phsyics constraints. To generate random initial states for
cluttered bin-picking tasks, we often drop objects from height in random order. To obtain
initial states to train a fall-recovery policy for humanoid, we drop the humanoid from height
[63]. For in-hand manipulation tasks, to obtain a diverse set of downward-facing initial grasps
to start with, we first train a grasping policy and execute it to generate diverse initial starting
configurations that does not drop the object immediately [66]. The task-specific nature of
such strategies poses challenges in automating this shaping operation.

Moreover, designing how we sample from the shaped initial/goal distribution can naturally
set up a learning curriculum that progresses from simpler to more challenging tasks. Take
the example of training a quadruped to run at high-speed. Training only with high-speed
commands could hinder the learning process. Instead, shaping a goal distribution to be
a wider distribution then the actual target speed, and designing the sampling strategy to
begin with slower ones and gradually increasing, can facilitate more e!ective learning of fast
running behaviors [67].

Terminal Condition.

A strict definition of unshaped terminal condition might be to never terminate, resembling
how the real world never terminates and never gets a chance to reset from the beginning.
However, since this poses quite challenging problem for most learning algorithms, one more
common choice of unshaped terminal condition that is fairly environment agnostic is to set a
predefined episode time limit.

Shaping the terminal condition thus corresponds to deploying strategies of early termina-
tion, which is known to significantly improve training performance [41]. In IsaacGymEnvs,
Anymal terminates when non-foot bodies contact the ground, Humanoid terminates when
the torso falls below a certain height, and AllegroHand terminates when the object falls o!
from the hand. Table 3.1 shows that early termination significantly improves the training
performance in all three tasks.

3.3.2 Shaping the Entire Environment is Harder than Shaping One
Component

In the previous section, we saw that policy learning can be highly sensitive to each individual
aspect of environment shaping (Table 3.1) and that the shaping choices in IsaacGymEnvs
vary qualitatively depending on the task. This motivates that, to promote the development
of truly automatic behavior generation, we should consider benchmarking against a suite
of unshaped environments. If an algorithm can learn policies in unshaped environments, it
should be applicable to newly defined tasks and environments without requiring additional
manual shaping on those environments. The unshaped environments are an appropriate
benchmark for methods that couple automatic environment shaping with RL, or to directly
attempt to solve by improving RL algorithms.
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What kinds of methods might we try using to optimize an entirely unshaped environment?
If we aim to accomplish this by introducing shaping, we may have to search over not just one
aspect but all aspects of shaping. To understand the optimization landscape, suppose we have
access to an oracle that proposes the human-designed environment shaping as a candidate,
and we use this to perform a hill-climbing search in one aspect of the environment at a time:
first, optimize the observation space, then the action space, then the reward function, and
repeat until convergence. Figure 3.5 illustrates the consequence of this strategy in three
environments from IsaacGymEnvs. Each node represents a shaped version of the environment.
The node’s color indicates the trained policy’s performance on the shared test environment
(unshaped). Edges indicate environments that di!er by one type of change (state space,
reward, etc.), and the bold arrows indicate the path taken by decoupled hill-climbing on one
change at a time. We found that each environment has multiple local maxima where the hill
climbing would get stuck in a suboptimal configuration. These local maxima di!er in at least
two (as many as four!) types of shaping. This suggests that the environment shaping design
space is non-convex in the di!erent types of shaping. Therefore, we should aim to develop
techniques that consider shaping all parts of the environment jointly.

3.3.3 Existing Automation Focuses Narrowly on Rewards
There have been prior attempts to partially automate the process of environment shaping.
However, most of the e!orts have focused on the subtask of reward shaping. The concept of
reward shaping was formalized by [43] and the idea of automated reward shaping through
evolutionary search was advanced by [44, 57]. Recent works have formulated the problem
of reward shaping as bilevel optimization with the environment design at the top level and
policy learning at the bottom level and used LLMs [68–70] or gradient-based methods [71] to
generate candidates.

LLM-based methods can benefit from prior knowledge about coding and robotics derived
from internet training data to act as an e"cient sampler for generating candidate shaped
rewards expressed as code. Since other aspects of the environment shaping can also be
expressed as code, it is straightforward to test how these methods extend. We evaluated the
LLM-based reward shaping algorithm Eureka [69] at the task of designing the observation
and action space for the Anymal IsaacGymEnvs environment. As in the original application
to reward shaping, we generated five generations of 16 parallel candidate shaping functions
using GPT-4, including the best performing candidate from each generation in the prompt for
the next generation. Eureka succeeded in designing e!ective observation and action spaces
for this environment (Table 3.2) while all other aspects of the environment were pre-shaped.

Motivated by Section 3.3.2, we also tested whether Eureka can jointly optimize multiple
aspects of the environment. We found that performance drastically drops when Eureka is
tasked to jointly optimize multiple environment aspects, i.e., shaping both the reward and
observation, even though it could optimize each individually. This suggests that shaping
multiple environment aspects jointly is yet an open problem.
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Figure 3.5: Local optima in environment shaping problems. Each node represents a
shaped training environment. Edges connect environments that are separated by modifying
one type of shaping (action space, state space, reward function, initial state, goal, or terminal
condition). Bold arrows represent optimal choices for hill climbing. Each environment is
shown to have multiple local optima corresponding to the top row of nodes.

3.4 Paths Forward to Automated Environment Shaping

Today, no algorithm can solve diverse unshaped tasks, although we know them to be solvable
with environment shaping by human designers. How can we fix this and generalize successes
in RL for robotics? There are a few possibilities:

Scale up computation.

Existing bi-level search techniques like [69] can be extended to design environment shaping
and run with more compute resources to search over a greater number of candidate shaping
designs. Massively parallel simulation has led to realistic robotics environments that can
train quickly [7, 65]; However, some state-of-the-art sim-to-real methods take weeks to train
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shaping component Eureka
[69]

Human Design
[7]

Automation
Performance

ωreward 0.986 0.973 ⇐ 0.013
†observation 0.967 0.973 ≃ 0.006

†action 0.982 0.973 ⇐ 0.009
→reward → observation 0.196 0.973 ≃ 0.777

→reward → action 0.536 0.973 ≃ 0.437
→reward → observation → action N/A 0.973 N/A

Table 3.2: Evaluating [69] for ωreward shaping, †shaping di!erent components, and →coupled
shaping. Anymal task [7] is used as an environment. Automation performance is measured
by the relative gain obtained by automating the shaping process, compared to design
choices made by humans [7]. Behavior is evaluated with the following task specification:
r = exp (negative distance to command). 5 iterations of outer loop for Eureka. Used latest
GPT-4 model. Note that GPT-4 failed to generate working code for results labeled N/A.

a single policy due to high data requirements or expensive subroutines [29, 31]. This would
make performing much more outer-loop search impractical.

Improve priors.

If we can’t search over more candidates, a better way is to generate higher-quality candidates
more quickly. One possibility is that improved foundation models will zero-shot generate
better candidate shaped environments [72, 73]. However, it’s hard to predict how much
this will help. Another good idea is to mechanistically understand the strategies of human
designers. By what mechanism does the choice of observation space or curriculum improve
performance? [41] proposed a holistic view of environment shaping (‘Ecological Reinforcement
Learning’) and studied the impact of stochasticity, goal distribution, and early termination
design on learnability. [52] examined the impact of observation space on learning quadruped
locomotion and o!ered an explanation of how di!erent observations can work better for
di!erent subtasks. [45] surveyed a number of works across applied reinforcement learning,
comparing practitioners’ design choices. [47] analyzed a set of common action spaces for robot
control and [48] developed metrics to explain the performance gap. [74] found that constraints
require less tuning than rewards to transfer across diverse robots. If more understanding
is documented in these areas, improved biases could be implemented as a prior, e.g., in an
LLM’s context.

Shape online.

Instead of iteratively improving on the environment shaping f across training runs, can
we improve it dynamically within a RL training loop? If, for example, multi-objective
reinforcement learning or bilevel optimization can trade o! the coe"cients of multiple reward
terms [57, 75, 76], then perhaps the LLM search can be performed only over the form of the
di!erent reward terms, and their relative weighting can be optimized at runtime. In other
aspects of the environment, an analogous approach would be to generate a parameterized
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shaping operator and automatically tune its parameters. For example, the scale of the
observation or the termination height could be assigned as parameters for online optimization.

A Robotics Benchmark for Environment Shaping. Instead of evaluating RL
algorithms on environments pre-shaped to work with PPO, the community should evaluate
them on unshaped environments. These environments will be too hard to solve with existing
RL algorithms. Thus, it will be necessary to (a) study how to modify aspects of the
environment to make it e"ciently solvable with RL and / or (b) develop better RL algorithms
that can handle such challenging sparse environments.

We modified the environments in IsaacGymEnvs to use unshaped design choices to provide
a good proxy for the task-agnostic output from procedural environment generators. To facili-
tate environment shaping research, our code exposes an API for modifying the environment
code, which allows the optimizer to transform the reward, observation space, action space, etc.
by editing Python functions at runtime. The API is designed so that any language models
can be easily integrated to perform such transformations. Our implementation also facilitates
faster evaluation of multiple environment shaping choices by training multiple policies in a
single process, leveraging parallel simulation.

3.5 Conclusion

Reinforcement learning has long promised to solve decision-making problems in a task-
agnostic manner. It has found great success in solving challenging but narrowly-scoped tasks
in robotics. In this position paper, we argued that the key bottleneck for scalability of RL
is a limited mechanistic understanding of task-specific engineering (environment shaping)
that transforms environments to be solved more easily and is universal across domains and
benchmarks. We proposed a formal definition of environment shaping as an optimization
problem and identified instances of shaping in robotic tasks. Finally, we identified key
steps forward such as developing computationally e"cient search over environment shaping;
improving our tools for implementing such shaping and understanding its impact on learning
dynamics; and defining benchmarks for this problem. We hope this will motivate an increased
focus in RL research on communicating and evaluating environment-shaping measures that
impact performance rather than solely emphasizing the impact of the learning algorithm or
policy architecture.
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Chapter 4

Using AR Devices to Control Robots and
Collect Data

4.1 Introduction

Apple Vision Pro (AVP), a virtual/augmented reality (VR/AR) device recently released
by Apple, tracks various movements of the user wearing the device. Wrist and finger
movements, for instance, are constantly tracked and used as its primary interface for user
interaction; sensors included in the device are optimized to provide an accurate tracking of
human movements. Such tracking capability makes the device particularly appealing for
many robotic applications: AVP can be used to (1) record the navigation and manipulation
behaviors of humans in real-world environment, and can also be used to (2) teleoperate a
robot with intuitive human motions. The device’s virtual and augmented reality capabilities
also opens up new avenues for immersive experiences during robotic teleoperation.

This repository thus aims to provide diverse array of tools for using AVP in robotics
applications, starting with an easy-to-use library with minimal dependencies that can stream
the tracking data from the Vision Pro to any client device connected to the same network.

Figure 4.1: The app streams human movements to robots connected to the same network.

33

https://github.com/Improbable-AI/VisionProTeleop


4.2 Tracking Streamer: VisionOS App

Tracking Streamer is an VisionOS app that you can install from the App Store. The code is
also open-sourced in the repository. The app serves two primary purposes: (a) tracking the
human movements, and (b) streaming the tracking data over network.
Retrieving Tracking Data The app uses Apple’s ARKit as its core library to track every
movements of the user wearing AVP. There are three main movements that are being tracked
by the ARKit: (a) head, (b) wrist, and (c) fingers. Note that AVP also tracks user’s eye
movements, but Apple restricts developer’s direct access to the tracking data due to privacy
concerns.

To get the device’s location (head frame), the app constantly calls queryDeviceAnchor
which returns the SE(3) location of the device with respect to a fixed global frame Tg. Global
frame is initialized when the app is first launched, and is attached to a ground where you’re
in. You can also reset the global frame to current position by long-pressing the digital crown.
The head frame (device location) is then tracked using Apple’s own localization algorithm,
which can accurately locate the user even in large scale environments (Video). The app
also uses HandTrackingProvider to track the user’s wrist and fingers during the session. It
tracks the position and orientation of user’s two wrists (left and right) with respect to the
ground frame, i.e., TgwL ,TgwR , and tracks the pose of 25 finger joints in each hand with
respect to its wrist frame, i.e., Ti

wf.
Communication with gRPC The app then uses gRPC as its network communication
protocol to stream the data to any clients existing in the same network. Use of gRPC
instead of other robotics-oriented communication protocol (e.g. ROS2) allows the data to be
subscribed from wider range of devices including Linux, Mac, Windows machines.

4.3 Python API

Subscribing to the data is easy: users can simply install the Python package:
1 pip install avp_stream

Below code snippet demonstrates how developers can access the data it’s being streamed.
1 from avp_stream import VisionProStreamer
2 avp_ip = "10.31.181.201" # example IP
3 s = VisionProStreamer(ip = avp_ip , record = True)
4
5 while True:
6 r = s.latest # gets the latest tracking data
7 print(r)

4.3.1 Available Data
The tracking data is represented as a dictionary containing the following key/values. Most of
them are raw data streamed from the device, but some are post-processed by the Python
library.
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Figure 4.2: How the axes are defined for head, wrist, and fingers.

• right/left_wrist: SE(3) pose of right/left wrist, measured from ground frame.
np.array with shape (1,4,4)

• right/left_fingers: SE(3) pose of 25 finger joints in right/left hand, measured from
the wrist frame. np.array with shape (25,4,4).

• head: SE(3) pose of the head, measured from the ground frame. np.array with shape
(1,4,4).

• right/left_pinch_distance: distance between thumb and index finger. float.

• right/left_wrist_roll: roll rotation of your wrist. Measures how you rotate your
wrist around your arm axis. float.

4.3.2 Axes Conventions
Figure 4.2 shows how the axes are defined for each components. Note that Apple originally
uses Y_AXIS_UP convention for their tracking. Considering that most robotics applications
use Z_AXIS_UP instead, our python library automatically converts Apple’s representation
following Z_AXIS_UP convention.

4.3.3 Recording Data
If you pass in record = True when initializing the VisionProStreamer class, it will simply
store every streamed data into a list. To access and save the recorded data, simply call:

1 # save the recording when the app finishes
2 torch.save(s.recording , file_path)

4.4 Things to be careful about

During our experiments, we realized couple of scenarios where the app didn’t behave as we
expected. Most of these failure cases actually stemmed from our misunderstanding of how
Apple’s ARKit is designed to work.
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Figure 4.3: AVP fails to track its device location whenever it’s in a moving vehicle (e.g.
elevators, airplanes, cars, trains).

• Don’t use it inside an elevator (or any moving vehicles!) — Apple’s ARKit will
fail to localize the device while you’re in a contained, but moving, environment. That
includes airplanes, cars, and even elevators! That’s why AVP has a separate "airplane"
mode which you can turn it on from control center (perhaps a mode that exclusively uses
visual information for localization). Whenever you’re in those environments without
the mode being turned on, you’ll see this error message (Figure 4.3) and every tracking
will stop.

• If you’re moving downhill, your z will also be decreasing. — Once you opened
the app, the ground will not move. It’ll stay there unless you actively reintialize your
ground frame by long-pressing the digital crown. If you’re moving slightly downhill (or
uphill), for instance, your z will actually decrease (and increase) without you noticing.
This might actually a!ect the robot’s behavior, depending on how you designed to use
the tracking.

• If you put your hands completely down, AVP cannot see your hands. —
When you’re walking normally with your hands around your waist/hip, AVP struggles
to detect your hands. In those scenarios, the hand tracking stream might be a bit
noisy. The library doesn’t do any smoothing or filtering on the streamed data: so you
might have to implement your own post-processing function to filter out those noisy
estimations.
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Chapter 5

DART: Robot Data Collection in Virtual
Reality

5.1 Introduction

A major bottleneck in building a generalist robot is the lack of diverse and high-quality data
appropriate for training robust and generalizable sensorimotor control policies. The dream
is an internet-scale robotics dataset that continually and rapidly grows with data uploaded
from around the world — just like many people upload language, images, and videos online.
Despite many recent e!orts [3–6], we are not there yet. In this paper, we examine and address
many key bottlenecks in achieving this dream.

Consider collecting data to perform a task, such as moving dishes from the sink to the
dishwasher. The data collector’s first challenge is setting up the environment . There are
two options: physically construct a kitchen in the lab around the robot or physically move
the robot to an actual kitchen. Neither is easy to scale as data from many kitchens will be
needed.

Once the environment is set up, operating the robot leads to the second challenge –
observing and understanding the scene. For instance, due to visual occlusions and lack
of tactile feedback, operators may be unable to sense an object’s motion resulting from the
robot’s action. Further, if the teleoperation is remote, it adds additional challenges originating
from network delays, limited field of view, and visual artifacts. Such challenges can slow
down operators and often prevent them from performing dynamic or precise tasks.

If the data collector succeeds at resolving the first two challenges and moves all the dishes
from the sink to the dishwasher to complete the exemplar task, a third obstacle emerges:
all the dishes must be returned to the sink to collect a new trajectory! In addition to
being time-consuming, this resetting is physically and mentally exhausting as operators
must context-switch between robot control and environment setup. Ensuring that each
reset presents the robot with a diverse range of scenarios is also mentally taxing requiring
imagination.

What makes the experience even worse for the operators is the need to repeat the process
of teleoperating and resetting a large number of times. The number of required demonstrations
and the need for diversity in demonstrations scales with the task complexity and the extent
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Figure 5.1: We present DART, Dexterous Augmented Reality Teleoperation system, enabling
intuitive, low-latency teleoperation with cloud-hosted simulation. Through a user study, we
found that DART enables first-time robot teleoperators to achieve 2.1→ faster data collection
throughput with significantly lower physical fatigue than existing real-world teleoperation
platforms. To further support scaling up data collection e!orts in the community, we
also release , a cloud-hosted data hub for robot learning where data collected in DART is
automatically stored. https://dexhub.ai/project

of required generalization. Unfortunately, humans are known to lose focus when performing
a repetitive job [77].

Finally, say the operator has finished collecting a few hundred demonstrations. How
does the recorded data get processed, stored, and used? It is common to store collected
demonstrations on a local machine or a private cloud, which is often not shared to general
publicly unless someone explicitly requests it.

These issues, all combined, make existing data collection methods struggle to scale up
without operator fatigue. Making everything worse, the data collected in real-world has
limited applicability in terms of policy training methods; reinforcement learning, for instance,
cannot be easily applied on top of real-world demonstrations as it lacks a digital twin where
virtual agents can freely explore and self improve its performance. A data collection method
that (a) can be easily parallelized and crowd-sourced with minimal hardware requirements
and (b) wide range of policy training pipelines can be applied can get closer to the needed
scale and diversity of robot data.

To that end, we introduce DART, a Dexterous Augmented Reality Teleoperation system,
enabling anyone in the world to teleoperate robots in simulation with an intuitive, game-
like AR interface. Connected to a cloud-hosted simulation, DART allows users to collect
demonstrations for an unlimited number of scenes in one sitting without having to physically
set up environments or physically move robots to di!erent places. DART’s high-fidelity AR
rendering allows users to observe the scene in great detail with minimal occlusion, enabling
teleoperation of complex tasks. DART also allows users to reset the environment with a click
of a button, removing the taxing process of physically resetting the scene.
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As a result, our user study shows that DART achieves 2.1→ faster data collection
throughput with significantly less physical and cognitive fatigue on tasks requiring fine-
grained control compared to most existing robot data collection pipelines. Our experiments
also highlight the unmatched benefits of collecting demonstrations in simulation over the real
world. Simulation-trained policies achieve higher robustness than real-world trained policies
due to data augmentation and randomization strategies only possible in simulation. Finally,
all robot demonstrations collected through DART are automatically stored and logged to our
public cloud-hosted database, , which serves as an open-sourced data hub for robot learning.

Our key contributions are outlined as follows:

1. In Sec. 5.2, we introduce DART, a novel AR-based teleoperation platform, and detail
its system architecture and supported features. We also showcase the diversity of tasks
we can perform with DART, unlocked by enhanced teleoperation experience.

2. In Sec. 5.3.1, we analyze the impact of di!erent teleoperation interface design choices
through user study. We show that DART enables higher data collection throughput
and lower fatigue than alternatives.

3. In Sec. 5.3.2, we show that policies trained with data collected via DART can be
e!ectively transferred to the real world and are more robust than those trained with
real-world demos.

5.2 System Design

This section details the system architecture of DART and its benefits (Sec 5.2.1). We then
introduce the main features of the platform (Sec 5.2.2), which are designed to maximize the
platform’s capability (Sec 5.2.3) and enhance user experience.

5.2.1 System Architecture
DART’s key components facilitate intuitive, low-latency teleoperation available for anyone
worldwide.

Simulation Assets as AR Objects

Enabled by Apple’s RealityKit, DART presents all assets in simulation environments, including
robots, as photo-realistic AR objects overlayed over each operator’s real-world environment.
Handling visualization locally on the AR device (a) removes unnecessary latency from
transmitting large image data packets and (b) significantly improves the real-timeliness of the
simulation by removing the compute-intensive rendering layer. Variation in latency critically
impacts the user’s data collection throughput and cognitive fatigue, as highlighted by our
user study (See Sec. 5.3.1).
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DART (Ours) Others

Human
↗ Robot

Data Type Hand Tracking Hand and Head
Tracking

25 Hand Keypoints
→ SE(3)

(25 Hand Keypoints
+ 1 Head) → SE(3)

Packet Size 0.7kB 0.728kB

Robot
↗ Human

Data Type Oracle Sim States Stereo RGB image

n joints → float

m objects → SE(3)
2→(480→640→3)

uint8

Packet Size 1.6kB 1843.2kB

Table 5.1: We highlight DART’s 1,000→ reduction in network packet size between robot
and operator’s AR device compared to existing frameworks. n = 58, m = 50 assumed for
DART.

Low-Latency Communication

Communication between the AR device, i.e., Apple Vision Pro, and the cloud-hosted simu-
lation is handled via gRPC, which facilitates low-latency, asynchronous bidirectional data
transfer. The AR device sends hand-tracking data to the simulation, and asynchronously
receives the simulation state. Table 5.1 highlights the reduced network load of our approach
compared to a typical setting where real-world or simulated camera streams are transmitted
over the network. Even in the most adversarial case, where robots have n = 58 joints and
simulation scenes contain m = 50 objects, the data packet size is over 1,000→ smaller than
that required for existing teleoperation frameworks.

Cloud-Hosted Simulation

The robot simulation is powered by MuJoCo [78] and dynamically launched on AWS Elastic
Container Registry (ECR) as users join. Each simulation instance runs in the cloud, enabling
open access and low user setup costs. Due to compact packet sizes (Table 5.1), cloud-hosting
does not critically impact the overall latency of our platform compared to local-hosting, as
evidenced in Table 5.2.

Hand Tracking and Mapping

DART leverages Apple’s ARKit to track poses of hand and wrist keypoints. We use a subset
of detected keypoints, which fully determine the end-e!ector and finger movements, as target
points for robots to track. Specifically, for robot systems with parallel-jaw grippers, we use
the xyz position of 4 finger key points as tracking targets, which fully determine the SE(3)
pose of the robot’s end-e!ector (Fig. 5.2). DART uses di!erential inverse kinematics [79] by
defining position-only tracking costs for each keypoints, e(p). We additionally apply basic
safety constraints, i.e., self-collision avoidance, expressed as d(q). The resulting optimization
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Figure 5.2: 4 finger keypoints used as tracking points for robots with parallel-jaw grippers.

Cloud-Hosted
Simulation

Local Machine
and Local Network

CPU AWS EC2 C7i i9-13900k

Packet Travel Time 15.4 ms 10.3 ms
Simulation Step 1.8 ms 1.6 ms

Total 17.2 ms 11.9 ms

Table 5.2: Comparing the time profile of our system running on the cloud v/s hosted on a
local machine. AWS instance was hosted on us-east-1, connected from Boston.
problem is as follows,

min
v↓c

∑

p↓P

⇑Je(q)v + ϖe(p)⇑2

s.t. vmin(q) ⇓ v ⇓ vmax(q), d(q) > 0.

(5.1)

For dexterous five-fingered hands, we use six position-only keypoints – five from the fingertips
and one from the wrist.

5.2.2 System Features
DART supports a wide range of features to enhance the teleoperation experience while
maintaining low setup costs, allowing anyone to participate in robotics data collection.
Although it is currently developed for Apple Vision Pro, Apple’s AR device, the design
decisions can also be developed and applied for di!erent AR devices.

Multiple Robots and Tasks

Out-of-the-box, DART supports many robots: multiple end-e!ectors (Robotiq 2F-85 gripper,
Panda Hand, Allegro Hand) can be attached to bimanual setup of Franka Research 3. Unitree
G1 and ALOHA [80] are also supported. High-fidelity MuJoCo models of these robots were
provided by [81].

One-Click Reset

DART includes an e"cient task-resetting feature in simulation. Users can reset the environ-
ment with a single click of a button, significantly reducing operator fatigue and increasing
data collection throughput.
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Instant Task Switching

In addition to resetting a single scene, DART enables quick switching between various tasks
and simulation environments. This functionality minimizes the operator’s mental fatigue
that arises from repetitively performing the same task, allowing for a more engaging data
collection experience.

5.2.3 Capability and Task Diversity
DART is capable and versatile. It supports a wide range of tasks, from simple object
manipulation to complex, precise, and dexterous maneuvers, as highlighted in Figure 5.1.
These examples and those below illustrate the platform’s potential to support various research
and practical applications in robotics.

• Fine motor skills: e.g., picking up small objects.

• Household chores: e.g., hanging mugs on a rack.

• Dexterous Manipulation: e.g., solving a Rubik’s cube.

5.3 Experiments

Our experiments address two key questions:

1. How intuitive is DART for robotics novices to use? We conduct a formal user study
to assess the platform’s accessibility to individuals without robotics expertise. (Section
5.3.1)

2. Can the data collected in simulation be e!ectively transferred to real-world robots?
We demonstrate that policies trained on data collected through DART transfer zero-
shot to real environments with simple Sim2Real techniques. We also highlight the
generalizability of DART policies compared to those trained with real-world data.
(Section 5.3.2)

5.3.1 User Study
Through a controlled user study, we analyze the impact of DART’s design decisions on
intuitiveness and usability. Specifically, we compare: (a) the experience of collecting data
in real-world versus simulation environments (Sec 5.3.1), (b) methods of visual perception
(Sec 5.3.1), and (c) control interfaces (Sec 5.3.1). A total of nine participants with no prior
experience in robotics were recruited.

In varying settings, participants spent 7 minutes collecting as many robot demonstrations
as possible. We asked the participants to organize 10 bolts and nuts from a table into
boxes. Participants were responsible for resetting the scene both in simulation and real-world
environments via reset button or manual e!ort, respectively. Participants teleoperated two
ViperX arms with parallel-jaw grippers, and kinematically equivalent teacher devices were
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DART Modulation of
Command Interface

Modulation of
Visual Feedback Design ALOHA [80]

Finger
Tracking

↗
Kinematic

Double

Rendering as
AR Objects

↗
Sim Rendering
(RGB, Stereo)

Rendering as
AR Objects

↗
Sim Rendering
(RGB, Mono)

Active
Viewpoint

↗
Fixed

Viewpoint

Data
Throughput

7.8
parts / min

6.8
parts / min

3.6
parts / min

3.0
parts / min

2.7
parts / min

3.7
parts / min

Table 5.3: Quantitative comparison between di!erent teleoperation setups for two ViperX
arms with parallel-jaw gripper [80]. Users are tasked to organize ten bolts and nuts into
two boxes, and DART allowed users to organize 7.77 parts per minute on average, while
modulation of both command interface and visual feedback settings dropped the performance
significantly. We report percent change in throughput relative to DART averaged across
users.

used as a real-world teleoperation interface [80]. Quantitative results are presented in Table
5.3; further analysis follows.

Teleoperating in Real-World vs Simulation

Our user study comparing DART and real-world teleoperation revealed two key findings.
First, a significant portion of time in real-world data collection is spent physically resetting
the environment and managing unexpected hardware failures (e.g., performing electrical
resets after motor malfunctions) as reported in Fig. 5.4. By contrast, most of the time in
DART is dedicated to actual data collection.

Second, even after accounting for reset times and hardware malfunctions, participants
in real-world teleoperation showed around 2→ lower data collection throughput. For a
comparison experiment with wide range of real-world data collection systems, we used two
di!erent robot systems: dual ViperX arms [80] and RB-Y1 from Rainbow Robotics. Both data
collection system has kinematic double as its teleoperation interface. Total 20 participants
were asked to perform 4 bimanual tasks ranging from relatively simple object rearrangment
task to precise insertion tasks. Figure 5.3 shows the data throughput comparison between
DART and two di!erent real-world robot systems on four di!erent tasks.

Many participants attributed this considerable data throughput gap to a) physical fatigue
during teleoperation and b) their inability to closely observe local contact interactions, which
hindered their ability to perform tasks e!ectively (Table 5.3). This particular attribution
becomes evident with following ablation studies.

E!ect of Visual Observation on Human Operator’s Performance

Our key findings are threefold. First, transmitting images over a network inevitably intro-
duces a tradeo! between latency and decreased visual fidelity, which can negatively impact
teleoperation experience. All methods transmitting simulation renderings over the network
(those with stero and mono rendering) su!ered a significant drop in user’s data collection
throughput compared to DART which transmits only the raw simulation states.
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Figure 5.3: Data throughput comparison between DART and real-world teleoperation systems.
For each robot and task, five participants were asked to teleoperate the tasks as many as
possible for 7 minutes. For real-world teleoperation, kinematically equivalent teacher device,
i.e., kinematic double, was used as a teleoperation interface.

Figure 5.4: DART allows operators to spend more time on actual data collection, rather than
supplementary tasks such as resetting the environment for every task completion or dealing
with hardware failures.
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Figure 5.5: Qualitative comparison between di!erent teleoperation interfaces amongst user
study participants. Participants reported that DART is enjoyable, physiaclly less fatiguing
and allows better visual observation during teleoperation.

Second, we find that mono rendering, which limits the ability to properly perceive depth,
su!ered a performance drop over stereo rendering. Additionally, some participants reported
feeling nauseous (Table 5.3) with stereo rendering – which uses a fixed interpupillary distance
(IPD). By contrast, DART relies on VisionOS’s 1 native rendering engine, which dynamically
adjusts to each user’s IPD [82].

Finally, we found that active perception, where users can explore their surroundings
and adjust their viewpoint by moving their heads, is critical. Teleoperation without active
perception reduces the data collection rate by 21.7%.

Control Method

We compared two methods for operating robots in simulation: a) a kinematically equivalent
teacher device and b) inverse kinematics (IK) using hand tracking keypoints as targets. Our
findings indicate that the kinematic double did not significantly improve task success rate
over its IK equivalent. While the kinematic double provides more direct control over the
robot’s joints, users reported that the intuitive hand tracking o!ered by DART was su"cient,
or even better, due to reduced weight and strain on the operator (Table 5.3).

5.3.2 Sim2Real and Generalizability
Both DART and real-world data collection o!er distinct advantages for real-world policy
training. With DART, roboticists benefit from significantly higher data throughput with

1Apple’s Operating System for AR devices
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(a) Nominal Lab Setting (b) Camera Pose Change

(c) Unseen Distractions (d) Green background

(e) Lighting Change (f) Location Change

Figure 5.6: Six di!erent settings to evaluate the robustness of our RGB vision-based policy
trained with data collected through DART.
reduced physical and cognitive demands, as demonstrated by our user study (Sec. 5.3.1). One
minor downside of using DART is the need to import scenes into the simulation environment.
Fortunately, with modern advances in computer vision [83, 84], scanning 3D objects from the
real world has become incredibly e"cient. The bigger challenge, however, lies in bridging the
potentially large Sim2Real gap. Given these trade-o!s, how does one weigh the benefits of
faster data collection against the challenge of real-world deployment?

Our experimental results suggest that collecting data in simulation o!ers more advan-
tages than drawbacks when paired with a proper Sim2Real pipeline. In particular, we
demonstrate the unique robustness of Sim2Real-transferred policies, enabled by diverse data
augmentation techniques only available in simulation environments.

Specifically, we compare two types of RGB vision policies: (a) a policy trained on real-
world data, and (b) a policy trained on simulation data collected through DART. Both
policies are trained on two tasks with 50 minutes of operator e!ort. Both policies also use
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(a) Real-world Images

(b) Simulation Renderings with Background Augmentations

Figure 5.7: Visual comparison between training images for Real and DART policies. Simula-
tion allows augmentation out-of-the-box, which results in zero-shot Sim2Real and robustness.

a standard ACT [80] implementation at 20Hz. Real-world datasets are augmented with
Gaussian blur and color-jitter. DART datasets were additionally augmented by randomizing
the camera extrinsic and intrinsics, replacing the background with random textures and
images from [85–87], and randomizing the lighting setting in simulation (Figure 5.7).

Inspired by [88], we evaluated policies in six diverse environments in the real world
illustrated in Fig. 5.6. We found that our DART policies not only demonstrate zero-shot
Sim2Real in the nominal setting but also significantly outperform the Real policy in many of
the modified settings (Table 5.4). Our results highlight the benefit of scaling up simulation
data versus real-world data: a single demo in simulation, which can be aggressively augmented,
is more valuable for learning than that collected in real world.
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Task Pick Mug in Basket Sorting Small Items

Trained on data from Real-world DART Real-world DART

Lab Space 65% 80% 45% 60%

with:
Lighting Changes 45% 45% 25% 65%

Background Changes 10% 60% 5% 40%

Cam. Pose Changes 5% 35% 0% 40%

Unseen Distractions 0% 70% 0% 45%

Communal Kitchen 0% 50% 0% 35%

Table 5.4: Success rates for policies trained with 50 minutes of data collection e!ort in the
real-world v/s DART. The results highlight the robustness of policies trained with simulation
data, enabled by diverse data augmentation strategies.
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Chapter 6

Concluding Remarks

6.1 Summary of Contributions

This thesis explored two critical bottlenecks in scaling up robot learning: the di"culty of
environment design in reinforcement learning (RL) and the dependence on physical hardware
for robot data collection. First, we identified that much of the human e!ort in RL does not
go into algorithm tuning, but into environment shaping—designing the rewards, observations,
action spaces, and task dynamics to make learning feasible. We formalized this challenge and
proposed a roadmap toward automating environment shaping, which we argue is essential for
generalizing RL across tasks and robot morphologies.

Second, we developed new tools for robot data collection without real robots. DART, an
augmented reality teleoperation system using the Apple Vision Pro, allows users to intuitively
collect high-quality demonstrations in simulation. Our user studies showed that DART
achieves over 2× the throughput of real-world teleoperation systems while reducing physical
and cognitive fatigue.

6.2 Limitations

Despite these contributions, important limitations remain. For RL, the process of environment
shaping is still heavily task-dependent and challenging to generalize. Automating shaping
across diverse robot morphologies and task types remains an open research problem. While
we proposed benchmarks and tools to support this direction, a fully automatic shaping
framework remains future work.

In the realm of data collection, systems like DART help mitigate physical hardware
bottlenecks but still rely on simulation environments. The fidelity of physics engines, especially
for complex contact dynamics, deformable objects, and sensor modeling, remains a limiting
factor for real-world deployment. Furthermore, while we demonstrated successful Sim2Real
transfer in limited settings, general-purpose transfer remains unsolved.
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6.3 Opportunities and Future Directions

Several promising directions emerge from this work. Automating environment shaping could
be approached as a meta-learning or program synthesis problem, where shaping functions are
learned from prior tasks. On the data side, the continued integration of high-fidelity AR/VR
hardware with cloud simulation infrastructure enables new interfaces for data collection
and model deployment. With wider adoption of wearable and spatial computing devices,
large-scale, crowd-sourced robot datasets may become viable—mirroring the trajectory of
data collection in NLP and computer vision.

Moreover, combining alternative data sources (e.g., human video and simulation) under
a shared representation may unlock new training paradigms. Addressing the Sim2Real
and morphology gaps will require novel alignment techniques and more realistic simulation
capabilities.
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