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Abstract— Learning from demonstrations is effective for
robotic manipulation, but collecting sufficient task-specific data
remains a major bottleneck. Under distribution shift, small
errors compound, performance degrades, and expert time is
often spent on redundant, low-value corrections instead of the
few critical failure cases.

We present VR-DAGGER, a human-in-the-loop framework
centered on an immersive VR application for: dexterous
teleoperation, demonstration collection, and selective policy
correction. The VR client provides intuitive hand control with
synchronized scene visualization, while a backend workstation
runs simulation and learning, enabling autonomous rollouts
without continuous operator oversight. We use Monte Carlo
(MC) dropout to score uncertainty during Isaac Lab rollouts
of a diffusion policy and select informative failure segments for
correction. These segments are replayed in VR as clips, where
the operator selectively labels and corrects the policy’s behavior,
concentrating supervision where uncertainty is highest without
full-rollout monitoring or a separate intervention classifier.

We evaluate on three dexterous manipulation tasks (Pan
pick-and-place, Drawer opening, Valve turning) with a 10-DoF
XHand under standard and challenging initial configurations.
Active labeling consistently improves over behavioral cloning
across all tasks, with gains of up to 23 percentage points.
Compared to unguided human-in-the-loop inspection, VR-
DAGGER reduces per-sample collection time by approximately
40% by focusing review on selected segments rather than full
rollouts. We will release the full framework as open source to
support the community in building on this work.

I. INTRODUCTION

Imitation learning is a practical approach for robotic
manipulation, allowing policies to be learned from demon-
strations without dense reward engineering. Recent large
behavior models such as RT-X [1] and Octo [2] leverage
massive multi-task datasets, yet reliable performance still
demands substantial task-specific data, and collecting this
data remains a dominant bottleneck.

This bottleneck has two compounding components. First,
real-world demonstration collection is slow and operationally
heavy: scene setup, object placement, and post-failure resets
often dominate wall-clock time [3], while safety constraints,
operator oversight, and wear-and-tear make rapid trial-and-
error expensive across robotic platforms. Second, simply
collecting more demonstrations exhibits diminishing returns.
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Fig. 1: VR-DAGGER: portable, uncertainty-guided VR data col-
lection. A task-agnostic VR application integrates directly with any
Isaac Lab scene, providing immersive dexterous teleoperation. The
policy rolls out autonomously; MC dropout uncertainty selects the
most informative failure segments as short snippets for the operator
to review and correct in VR, without full-rollout monitoring.

Behavioral cloning performs best near the demonstrated
state distribution, but small prediction errors compound over
time, pushing the robot into underrepresented regions where
failures become likely [4]. Addressing only one component
is insufficient: accelerating collection without targeting infor-
mative states wastes human effort, while smarter selection
without an efficient collection medium leaves the human
bottleneck intact.

Simulation alleviates the first component: resets are in-
stantaneous, hardware risk is removed, and rollouts can
run unattended. However, simulation alone does not resolve
the second component: which interactions should a person
correct, and when should they intervene.

Existing approaches only partially address this trade-off.
Many VR-based data collection pipelines emphasize offline
demonstration collection [5], which can still consume sub-
stantial operator time on redundant or low-information states.
On-policy human-in-the-loop methods reduce compounding
error by collecting corrections on the learner’s rollouts, but
they often either (i) require synchronous human oversight
during execution [4], or (ii) rely on a separately trained
intervention signal, such as a failure or risk classifier [6],
which adds task-specific training overhead.

We therefore seek a supervision loop that decouples ex-
ecution from human attention: the policy should explore
autonomously, including failures, and the operator should
only be involved in short, high-value correction episodes. For
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dexterous manipulation, immersive VR is a natural interface
for this setting, as tracked hand motion can be mapped
directly to high-DoF robot hands while preserving intuitive
spatial control.

We introduce VR-DAGGER (Fig. 1), an immersive VR
framework for dexterous data collection and interactive pol-
icy refinement in Isaac Lab. It supports both direct teleopera-
tion for demonstration collection and replay-based review of
autonomous policy rollouts for targeted correction. During
rollouts, we use MC dropout [7] as a lightweight uncer-
tainty estimate to identify informative segments of failed
trajectories. These are replayed after the rollout as short VR
snippets, which the operator reviews and corrects through
an additional demonstration. This allows the same interface
to serve both as a general-purpose data-collection tool and
as an uncertainty-guided supervision mechanism that focuses
human effort on informative failure cases, without continuous
rollout monitoring or a separately trained intervention model.
The system is implemented as a standalone OpenXR-based
client connected to a host machine running Isaac Lab. Unlike
approaches that rely on full stereo rendering of the simula-
tion, our interface does not require headset-specific stereo
visualization, making it lighter-weight and easier to deploy
across XR devices. The resulting demonstrations are aggre-
gated to iteratively refine the policy. We evaluate on three
dexterous manipulation tasks, Pan (pick-and-place), Drawer
(drawer opening), and Valve (valve rotation), with the 10-
DoF XHand under standard and challenging initial configu-
rations, studying the benefit of uncertainty-guided correction
over unguided human-in-the-loop supervision across multiple
rounds of active relabeling.

In summary, this work contributes:

1) An immersive VR teleoperation environment compatible
with arbitrary Isaac Lab scenes, enabling safe data
collection and supporting both demonstration collection
and interactive supervision.

2) An active uncertainty-guided labeling method that uses
MC dropout uncertainty from the policy itself to surface
high-uncertainty snippets for targeted human correction,
avoiding full-rollout monitoring and eliminating the
need to train a separate intervention classifier.

3) Experimental validation on three dexterous manipula-
tion tasks demonstrating that uncertainty-guided correc-
tion improves success rate by up to 23 percentage points
over behavioral cloning while requiring approximately
40 % less collection time per sample than unguided
human-in-the-loop supervision.

We will release the framework publicly to facilitate adoption
and further research.

II. RELATED WORK

Imitation Learning with Diffusion Policies. Behavioral
Cloning (BC) remains a dominant paradigm for robotic
manipulation, achieving strong performance when the test-
time state distribution matches the demonstrations. However,
in long-horizon tasks, compounding errors induce covariate
shift, causing performance to degrade [4]. Recent Large

Behavior Models (LBMs), such as RT-X [1] and Octo [2],
mitigate this issue through massive multi-task datasets that
improve generalization. Despite being effective at scale,
these models rely largely on offline and static datasets, and
lack mechanisms to actively acquire corrective supervision
in bottleneck or underrepresented states encountered during
deployment. This limitation motivates interactive imitation
learning methods [4], [8] that adaptively query the expert
in states where the policy is most likely to fail, thereby
directly addressing the distribution mismatch between expert
demonstrations and policy rollouts.

To capture the multimodality of demonstration data and
corrective actions provided during interventions, we employ
Diffusion Policies [9], which represent the policy as a con-
ditional denoising diffusion process. Unlike explicit policies
(e.g., Gaussian mixture models) that impose a fixed number
of modes and scale poorly to highly multi-modal action
distributions, diffusion policies can express complex, contin-
uous action distributions and exhibit high training stability.
These models have been shown to outperform the standard
BC and LSTM-GMM baselines in robotic manipulation
tasks [9], [10].

Human-in-the-loop Corrections. Interactive IL reduces su-
pervision cost by querying the expert only in states visited
by the learned policy. The seminal DAgger algorithm [4]
requires an expert to continuously label states visited by
the policy, which places a heavy burden on the human
supervisor. To reduce this cost, variants like HG-DAgger
(Human-Gated DAgger) [8] and ThriftyDAgger [6] introduce
mechanisms where the human or a risk-estimator decides
when to intervene. Shared autonomy approaches further
attempt to blend human and robot control, often minimizing
interventions to only the most critical states [11].
Automatic Credit Assignment. Identification of portions of
a trajectory that induce task failure is a central challenge
in the selective querying of human experts for intervention.
This problem is particularly challenging in long-horizon
tasks, where manually annotating step-by-step supervision
is impractical. Prior work such as EnsembleDAgger [12]
approximates a Gaussian Process using an ensemble of
neural networks and leverages predictive variance as a con-
fidence metric to determine when to trust the learned policy.
To facilitate deployment in safety-critical systems, expert
controllers based on robust control barrier functions (CBFs)
have been proposed to enforce safety constraints during IL,
providing formal safety guarantees for IL policies. However,
such methods are ill-suited for tasks where safety constraints
are difficult to specify analytically and failure modes are
task-dependent.

Uncertainty-Guided Credit Assignment. We address credit
assignment through an uncertainty-guided supervision loop
based on Monte Carlo dropout [7]. During autonomous
rollouts, the learner identifies high-uncertainty trajectory
segments and extracts them as short demonstration snippets
for human correction. This decouples execution from super-
vision: the policy can explore asynchronously, while operator
attention is reserved for the few bottleneck states where it
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Fig. 2: VR-DAGGER system overview. A client-server architecture decouples interactive VR teleoperation from simulation and learning.
The server runs Isaac Lab, policy inference, and MC dropout uncertainty estimation; the Meta Quest client streams hand and head tracking
for retargeting and visualizes the live scene state. After each failed rollout, the highest-uncertainty segment is extracted and presented as
a short snippet for the operator to review and correct via VR teleoperation. The resulting corrective demonstration is appended to the

training dataset before the next training round.

fails or becomes uncertain.

Unlike approaches that mitigate the data demands of
imitation learning by collecting a single demonstration and
algorithmically expanding it into a synthetic dataset [13],
[14], VR-DAGGER targets distribution shift by requesting
corrective input precisely at the policy’s failure modes.
Systems such as DexHub [5] show that large-scale simulated
datasets collected via immersive interfaces can yield robust
policies, but these approaches primarily emphasize offline
data collection and open-loop training. They do not address
the online corrective loop in which a deployed policy is mon-
itored and selectively intervened upon during execution. In
contrast, VR-DAGGER closes the loop by using uncertainty
to decide when to request supervision and which moments to
label. We posit that this targeted intervention paradigm yields
higher-quality corrective demonstrations while improving
data efficiency during policy refinement.

VR/AR Teleoperation. VR and AR teleoperation systems
provide an intuitive interface and enhance the spatial aware-
ness required for rapid corrective interventions, making
them well suited for delivering the short corrective snippets
required by our supervision loop. Recent advances in VR
and AR teleoperation for robot learning can be broadly
categorized into two paradigms: direct control of physical
robots and manipulation of simulated digital twins. The for-
mer leverages immersive headsets to directly stream human
movements to real-world robots in real-time, allowing oper-
ators to perceive the environment and gather demonstrations
directly on the target hardware [15], [16], [17]. In the latter
paradigm, systems overlay a virtual robot or digital twin
onto the real world environment [18], [19] or utilize fully
simulated virtual spaces [14]. This allows human operators
to control the simulated asset with their hands or AR/VR
controllers, capture high-quality kinematic data and generate

demonstration datasets without requiring access to a physical
robot [18], [19], [14]. To ensure that the collected data are
physically executable, ARCap [20] actively predicts physical
collisions and kinematic constraints, augmenting user percep-
tion through visual cues in the headset and controller-based
haptic feedback during the manipulation of a simulated dig-
ital twin. Similarly, to enhance interaction awareness during
the direct teleoperation of real robots, Bunny-VisionPro [17]
integrates finger cots with vibration actuators to provide
the operator with localized tactile feedback. While prior
systems focus on teleoperation and demonstration capture,
our work repurposes immersive interfaces as a supervisory
layer to provide targeted corrective demonstrations during
policy evaluation.

III. METHOD

VR-DAGGER is a human-in-the-loop imitation learning
framework for manipulation that combines immersive VR
teleoperation with uncertainty-guided active labeling. The
system follows an iterative loop: a visuomotor policy is
trained on collected demonstrations, rolled out in simulation,
and on failure, the most uncertain segments are identified and
shown to a supervisor for correction. The resulting corrective
demonstrations are added to the dataset and training contin-
ues. Fig. 2 gives an overview of the full pipeline.

A. VR System Overview

VR-DAGGER adopts a client-server architecture that de-
couples interactive VR teleoperation from compute-intensive
simulation and learning. The client is an OpenXR application
built on top of [21] and running on a Meta Quest head-
set, providing the user interface, hand/head tracking, and a
synchronized visualization of the task environment. Unlike
existing VR teleoperation systems which stream only stereo
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Fig. 3: VR client interface. The server runs the Isaac Lab envi-
ronment, scene control (recording, pause, reset), hand retargeting,
and diffusion policy inference. The client is a native Unity VR
application on a Meta Quest headset that receives scene state
via UDP and sends hand and head tracking from the OpenXR
runtime. The system is compatible with any Isaac Lab environment
consisting of rigid bodies, as the scene USD is used to synchronize
the environment.
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rendering [22] or portions of the scene [15], the standalone
client can ingest and synchronize any USD scene. This
lightens the load on both the network and the server PC,
freeing up more resources for training. Instead the imported
USD scenes are linked to the simulated environment via
lightweight object and robot poses As a result, the VR front-
end is not tied to a specific backend and is compatible
with other simulators, provided they (i) accept the required
action interface (e.g., end-effector deltas and/or joint targets)
and (ii) stream the poses of the robot and relevant scene
objects. The system likewise supports a variety of end-
effector morphologies, from dexterous multi-finger hands to
parallel-jaw grippers (Fig. 4).

In our implementation, the server runs Isaac Lab [22]
together with retargeting, policy inference, logging, and
(asynchronous) training and relabeling jobs. For real-time
state exchange, we use ROS 1/UDP as the primary data
plane, streaming tracked poses to the server and return-
ing robot/scene state for visualization; we also support
ROS 2 and direct UDP streaming. A REST interface serves
as the control plane for simulation commands (e.g., re-
set/pause/record), episode summaries, and training dash-
boards. This separation keeps the headset loop responsive
while enabling headless, parallel simulation rollouts and
server-side diffusion policy training.

B. Teleoperation and Data Collection

The operator interacts with the system in three modes:
(i) teleoperation, where tracked hand motion is retargeted to
robot commands; (ii) intervention, where the policy executes
actions and the operator temporarily overrides control at
critical failure points; and (iii) active labeling, where the
system queries the operator for targeted annotations or cor-
rective segments selected from policy rollouts (e.g., based on
uncertainty or failure cues), without requiring the operator to
supervise entire episodes synchronously.

In all modes, the backend logs time-aligned observations
and executed actions at each timestep, including rendered
RGB views (wrist-mounted and external cameras), robot

proprioception (joint positions), commanded end-effector
deltas and/or joint targets, and episode metadata (mode,
timestamps, and labeling state) for aggregation and training.
To reduce invalid demonstrations and allow for easy
human takeover, we continuously monitor the alignment
between the tracked human hand and the robot end-effector
pose used for retargeting. The headset displays a green/red
overlay and we pause recording when the mean keypoint
error exceeds a threshold 7 (15 cm in all experiments).
Finally, we optionally provide vibrotactile feedback
through a wearable glove [23] by mapping simulated con-
tact signals (e.g., per-fingertip contact force magnitude) to
actuator amplitudes, supporting precise manipulation during
teleoperation and interventions. These tactile signals are
supplemented with color indicators on each finger indicating
the intensity of the signal.
Motion Retargeting. Following prior work [24], [25], [26],
we formulate retargeting as an optimization problem that
maps tracked human hand motion to the robot hand despite
differing kinematics and joint limits. Previous approaches
decouple finger retargeting from wrist tracking, typically
using the wrist pose estimate from the hand pose estimator
directly. In contrast, we jointly optimize the robot joint
positions q; and a global wrist pose T; = (R;,t;) € SE(3).
We introduce anchor keypoints that ground the wrist pose
in a shared reference frame (e.g., the headset/camera or world
frame), since relative keypoint vectors alone are translation-
invariant. Let K/, € R® denote the 3D position of the j-
th tracked human anchor keypoint at time ¢ in this shared
frame, and let Kf(ql) € R3 denote the corresponding robot
anchor keypoint position obtained via forward kinematics,
expressed in the robot wrist frame. The global wrist pose T,
maps robot-frame anchor points into the shared frame via
R, Kf (q;) +t,. At each time step 7, we solve:

min Z?/:l wi

2
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where v/ is the i-th human relative keypoint vector, vF(gq,) is
the corresponding robot relative keypoint vector in the wrist
frame, and qy,q, are joint limits. The weights w; emphasize
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Fig. 4: Supported end-effectors. Our VR teleoperation app and
retargeting pipeline support a variety of gripper morphologies,
enabling data collection and policy learning across different robot
configurations.
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Fig. 5: Real-time GPU-based retargeting pipeline. Tracked hu-
man keypoints KIH and task-space key vectors V,H are mapped
to their robot counterparts K?(q) and vX(q), computed via for-

ward kinematics. Desired joint targets q¢ are obtained by solv-

ing a weighted least-squares objective with joint-limit constraints
(Eq. (1).

task-relevant keypoints (e.g., fingertips). The anchor term
aligns M designated keypoints (e.g., palm center and selected
fingertips), coupling wrist pose and finger retargeting.

We improve temporal smoothness by regularizing joint and
pose increments using &, = log(T, ! T,) € R® (with separate
scale factors for translation and rotation components), and
parameterize R; with a continuous 6D rotation representa-
tion [27]. We warm-start from (q,—;,T,—;) and solve with
a fixed iteration budget on GPU using NVIDIA Warp to
maintain real-time rates (Fig. 5).

C. Policy Learning

The imitation learning policy predicts a horizon-H trajec-
tory of hand joint and end-effector pose commands in the
current end-effector frame from a short history of observa-
tions:

TrarH ~ T (T | Ot—nh:t)7 (2

where o, ,,; contains the last n,=2 steps of RGB images
and proprioception (hand joint positions and 6D end-effector
pose expressed in the current end-effector frame), and H=16.
Orientations are represented with a continuous 6D rotation
parametrization [27]. We adopt a DDPM-style diffusion ob-
jective: at each training step a diffusion timestep is sampled,
Gaussian noise is added to the ground-truth trajectory, and
the model is trained to minimize the MSE between predicted
and true noise residual €. We use the Diffusion Policy
framework [9] throughout.

D. Uncertainty-Guided Active Relabeling

A key limitation of standard human-in-the-loop ap-
proaches is that the supervisor must watch full rollouts to
identify where to intervene, which is slow and cognitively
demanding. VR-DAGGER replaces this with a principled
active relabeling step that automatically identifies the most
uncertain segment of a failed episode and presents it to the
human as a short snippet for correction.

Uncertainty estimation via MC dropout. After each roll-
out, we estimate policy uncertainty at every timestep using
Monte Carlo dropout [7]. We perform N = 10 stochastic
forward passes through the diffusion policy with dropout
enabled at inference time (all layers that use dropout during
training), yielding N trajectory samples {%t(lt) LYY, at each
timestep ¢. The uncertainty score is the mean predictive

variance across action dimensions, computed in the same
normalized action space used for training:

1 2 (i
=13 d; Var; [r,ﬂ H , 3)

where D is the action dimensionality. This gives a scalar
uncertainty trace {u,} over the full episode.

Segment selection and human correction. Active relabeling
is invoked only for failed episodes. For each failed rollout,
we compute an uncertainty score u, at every timestep and
select the three peak timesteps #; € Top-3;u;. For each t},
we extract a short context window of 2s centered at #;
and present the resulting snippets to the supervisor as 2D
playback videos inside the VR interface. The supervisor
reviews the three candidate snippets and selects the segment
that appears most in need of correction, without watching
the full trajectory. Starting from the selected timestep, the
supervisor provides a corrective demonstration by taking
over teleoperation control for the remainder of the episode.
The resulting corrective segment is appended to the training
dataset, after a pre-defined number of data samples (50) the
policy is retrained.

IV. RESULTS
A. Tasks and Evaluation Environments

We evaluate VR-DAGGER on three manipulation tasks of
varying complexity (Fig. 6). Pan is a long-horizon pick-and-
place task in which a dexterous hand must grasp a pan from
a cluttered surface and place it onto a target burner, requiring
precise grasping and object repositioning. Drawer requires
a dexterous hand to identify and pull open a drawer on a
multi-drawer cabinet, involving contact-rich interaction with
a prismatic joint. Valve is a revolute joint manipulation task
in which a dexterous hand must apply controlled rotational
force to a wall-mounted valve. All three tasks are evaluated
on the 10-DoF XHand under two difficulty levels: Default,
with standard initial configurations, and Hard, with greater
variation in object placement and initial hand pose.

B. Experimental Setup

Data collection protocol. For each task, we collect an
initial set of 50 demonstrations via VR teleoperation. We
then run two rounds of uncertainty-guided active relabeling,
adding 50 corrective segments per round, for a maximum
total of 150 demonstrations (50 initial + 100 corrective)
per configuration. Crucially, all data collection and active
relabeling is performed exclusively under Default difficulty;
no corrective labels are collected under Hard configurations.
Hard difficulty results therefore reflect the policy’s ability
to generalize beyond the demonstrated distribution to more
challenging initial conditions.

Compared configurations. We evaluate three training con-
figurations that progressively exercise the components of
VR-DAGGER. Behavioral Cloning (BC) trains solely on of-
fline demonstrations collected through our VR teleoperation
interface, with no active relabeling; we evaluate at three
budget levels (50, 100, and 150 demonstrations) to quantify



Fig. 6: Evaluation Environments. Overview of the three manipulation tasks used for policy evaluation. (a) Pan: A long-horizon pick-and-
place task in which a robotic arm must grasp a pan from a cluttered table surface and place it onto a target burner, requiring precise grasping
and object re-positioning. (b) Valve: A revolute joint manipulation task in which a dexterous robotic hand must rotate a wall-mounted
valve, testing the ability to apply controlled rotational force to non-prehensile objects. (¢) Drawer: A task in which a dexterous hand
must identify and pull open a drawer on a multi-drawer cabinet, evaluating generalization to prismatic joint manipulation and contact-rich

interactions.
TABLE I: Policy performance across demonstration configurations, tasks, and difficulty levels. Each row corresponds to a training

configuration defined by the number of initial offline demonstrations and corrective (on-policy) segments. Behavioral Cloning (BC) rows
use only offline data; Corrective rows use VR-DAGGER uncertainty-guided active relabeling; HIL rows use unguided human-in-the-loop
inspection. For each task (Pan, Drawer, Valve) and difficulty (Default, Hard), we report task success rate (%), subtask success rate (%)
and respective standard deviations, evaluated after 1200 training epochs across 256 parallel environments for three different seeds. Subtask
SR measures grasp success for Pan, grasp success for Drawer, and partial valve rotation for Valve.

Demonstrations \ Tasks

Experiment | | Pan on Burner | Drawer | Valve

| Mnitial - Corrective Default \ Hard | Default \ Hard | Default \ Hard

| || Task (%) Subtask (%) | Task (%) Subtask (%) || Task (%) Subtask (%) | Task (%) Subtask (%) || Task (%) Subtask (%) | Task (%) Subtask (%)
BC | 50 = [| 49441 2441 | 18109 38127 || 87116 92493 | 53459 62149 || 84ias 88114 | 54123 59431
BC 100 - 40109 66447 18439 3945 92421 95405 T3 78432 92405 97416 2427 8li16
BC 150 - 50408 70434 30420 64443 93433 97405 79428 84128 Bi16 98121 84441 92435
HIL-Inspection | 50 50 56430 86421 26416 54416 91436 96416 84144 89433 Bi6 99+0.9 83427 89127
HIL-Inspection | 50 100 67450 iy 34,56 682, 97416 ELITN) 92116 95109 99.10.8 10000 98114 98105
Corrective 50 50 54487 76123 22455 54108 97112 98103 86457 9244, 97418 10005 89112 EAFP
Corrective 50 100 72424 92130 36437 65,16 97105 9910, 86406 92,17 97416 1000 9209 95100

the effect of simply scaling offline data. Both Human-
in-the-loop (HIL) and Corrective additionally perform it-
erative on-policy data collection within the VR-DAGGER
framework, differing only in how corrective segments are
selected. Corrective uses our proposed uncertainty-guided
active relabeling (Sec. III-D), presenting high-uncertainty
snippets for targeted correction, while HIL relies on unguided
manual inspection: the supervisor watches full rollouts of
failed episodes and decides where to intervene.

placement detection.

C. Policy Performance

Table I summarizes success rates across all three tasks
and both difficulty levels for the Behavioral Cloning (BC),
HIL, and Corrective configurations. Fig. 9 provides a visual
breakdown including subtask success rates.

Active relabeling consistently improves performance.
Across all tasks, both Corrective and HIL improve success
rate over Behavioral Cloning. The key mechanism is ex-
posure to the failure regime: on-policy collection, whether
uncertainty-guided or not, naturally surfaces states where the
current policy diverges from the expert distribution — states
that are underrepresented in offline demonstrations. Adding
corrective demonstrations in these states teaches the policy
to recover, closing the loop that BC leaves open. On Default
difficulty, where BC already achieves moderate success (87%

Metrics. For each task and difficulty level, we report three
metrics in Table I: Task Success Rate, the fraction of episodes
completed successfully; Subtask Success Rate, measuring
completion of intermediate milestones (grasp success for
Pan, contact success for Drawer, and partial rotation for
Valve); and Task Completion Time, the mean simulation
time to success across successful episodes. All are evaluated

after 1200 training epochs across 256 parallel environments.
Additionally, we report Data Collection Time, the mean wall-
clock time per collected trajectory in Fig. 8, capturing the
practical cost of each supervision strategy.

Training details. All diffusion policies are trained for 1200
epochs on a single RTX 4090, requiring approximately 14
hours per configuration. An episode is considered successful
if the task is completed within an 8-second time limit.
For the Pan task, which requires precise placement, we
additionally include an external fixed camera to support

on Drawer, 84% on Valve, 49% on Pan with 50 demos),
the gains are meaningful but moderate: Corrective pushes
Drawer Default to 97%, Pan Default to 54% and Valve
Default to 97%.

The effect is also present on Hard configurations, even
though no corrective data is ever collected under Hard diffi-
culty. Hard results measure generalization: the policy, having
learned to recover from failure under Default conditions,
transfers this recovery behavior to harder initial states it
has never been supervised on. On Valve Hard, BC (50
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Fig. 7: Example rollout for the Pan task. Sequence of global simulator frames (top) with the corresponding wrist-mounted frames
(bottom, blue insets) as the robot approaches, grasps, and manipulates the object. During training and inference, the policy integrates both
the third-person global perspective for spatial context and the ego-centric wrist views for fine-grained manipulation.

demos) achieves 54%, while Corrective (50+50) reaches
89% (+35pp). On Drawer Hard, BC achieves 53% and
Corrective 50+ 50 reaches 86% (+33 pp). On Pan Hard, the
same budget yields a modest lift (18%—22%); doubling the
corrective budget to 100 segments raises it to 36% (+18 pp),
underscoring that the long-horizon structure of Pan requires
more extensive failure-regime coverage to generalize.
Corrective vs. HIL. HIL serves as a human upper bound:
a supervisor with full rollout visibility and no budget con-
straint on attention will naturally cover more failure modes.
Accordingly, at lower label budgets (50 +50), HIL remains
competitive. Interestingly, Corrective outperforms HIL on
some conditions (Drawer Default: 97% vs. 91%, Valve
Hard: 89% vs. 83%, Drawer Hard: 86% vs. 84%), showing
that targeted snippet selection is sufficient to approach or
overcome the quality of full rollout supervision. At the larger
budget (50+ 100), HIL achieves 67% on Pan Default and
34% on Pan Hard, slightly below Corrective (72% and 36%).
These differences are modest, and the key takeaway is that
VR-DAGGER approaches the quality of full human oversight
while reducing per-sample collection time by roughly 40%
(Sec. IV-D), making it the more practical choice when
supervisor time is the binding constraint.

Subtask analysis and task difficulty. Subtask success rates
(Fig. 9, Table I) reveal where failures concentrate. For Pan,
subtask SR (grasp success) consistently exceeds final task SR
by a large margin, e.g., BC at 150 achieves 70% grasp but
only 50% full-task success on the Default Pan task, indicating
that failures cluster in the later placement phase rather
than the approach. Corrective relabeling narrows this gap
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Fig. 8: Average Data Collection Effort. Mean collection time
per sample (s/trajectory) across three tasks (Pan, Drawer, Valve)
for Corrective (VR-DAGGER), HIL, and Behavioral Cloning (BC).
Corrective consistently requires less collection time than HIL across
all tasks, as supervisors review only short uncertainty-selected
snippets rather than full rollouts, while remaining comparable to
or slightly above Behavioral Cloning collection times.

Success Rate (%)

more than scaling BC, suggesting that uncertainty-guided
snippets preferentially surface placement failures for targeted
correction. For Drawer and Valve, subtask and task SR track
closely, meaning that initiating contact or rotation is the
primary bottleneck; once that is achieved, task completion
follows reliably. This explains the large Hard-difficulty gains
on Valve (+38pp (corrective), 44pp (HIL)): as the demos
address a single, well-defined failure mode and generalize
effectively. Pan, by contrast, benefits from more budget:
with 100 corrective segments Pan Hard reaches 36%, but
further improvement will likely require dedicated late-phase
corrections.

Comparison at equal total sample budget. Fig. 9 directly
compares BC 150, HIL (50 + 100), and Corrective (50 + 100),
all using 150 total demonstrations. Both on-policy methods
consistently outperform BC on Hard configurations by 6—
14 pp, confirming that on-policy coverage of the failure
regime cannot be replicated by simply collecting more offline
data. HIL has a slight edge on Drawer Hard (92% vs.
86%) and Valve Hard (98% vs. 92%), where full rollout
visibility helps cover more failure modes, while Corrective
leads on Pan Hard (36% vs. 34%). On Default difficulty,
Drawer and Valve performance is largely saturated across all
three methods; Pan remains the exception, where on-policy
collection still yields a meaningful improvement (+22 pp for
Corrective over BC 150).

D. Data Collection Efficiency

Fig. 8 shows mean data collection time per trajctory
across all three tasks for Corrective, HIL. and Behavioral
Subtask SR Task SR

Hard

mmm BC mmm Corrective mmm HIL

Default
120 A

Pan Valve

Valve

Drawer Pan Drawer

Fig. 9: Task and Subtask Success Rates. Darker bars show final
task success rate; lighter bars show subtask success rate (grasp suc-
cess for Pan, contact success for Drawer and Valve), both evaluated
at the end of training (1200 epochs). Results for Behavioral Cloning
(BC), Corrective, and HIL on Medium and Hard difficulty. Error
bars show variability across evaluation rollouts.



Cloning. Corrective and BC requires significantly less time
per trajectory than HIL across all tasks (12.5 vs. 20.5s on
Pan, 9.7 vs. 17.4s on Drawer, 10.1 vs. 19.0s on Valve), a
reduction of roughly 40% on average. This efficiency gain
stems directly from the active relabeling design: rather than
watching full rollouts to identify failure points, the supervisor
reviews only 2-second uncertainty-selected snippets before
deciding where to intervene.

Corrective collection times are slightly higher than Behav-
ioral Cloning across all tasks, which is expected since active
relabeling involves reviewing snippets and taking over from
a mid-episode state, whereas Behavioral Cloning demon-
strations always start from a clean initial configuration.
The overhead is modest (0.7-2.3 s/sample above Behavioral
Cloning, per Fig. 8) and is largely compensated by the
performance improvements reported in Table 1.

V. CONCLUSION

We present VR-DAGGER, a human-in-the-loop imitation
learning framework that combines immersive VR teleop-
eration with uncertainty-guided on-policy data collection.
The framework is built around a modular, task-agnostic VR
application that integrates directly with Isaac Lab. Capable of
collecting data with any USD scene with minimal overhead
from a training server, allowing easy integration with existing
learning stacks. Rather than requiring continuous supervi-
sion, the system decouples policy execution from human
attention: the policy rolls out autonomously in simulation,
and MC dropout uncertainty surfaces the most informative
failure segments as short VR snippets for the operator to
review and correct, concentrating effort precisely where the
policy is most uncertain.

Evaluated on three dexterous manipulation tasks (Pan,
Drawer, Valve) with the 10-DoF XHand, active correc-
tive labeling consistently improves over Behavioral Cloning
across all tasks and difficulty levels. At matched total budget
(150 samples), both on-policy methods outperform BC 150
on Hard configurations by 6-14pp; on Default difficulty,
Drawer and Valve saturate across all methods while Pan
remains the exception, with Corrective yielding a substantial
gain of +22pp. This highlights the sample efficiency of
on-policy correction particularly where performance is not
yet saturated. Beyond accuracy, VR-DAGGER reduces per-
sample collection time by approximately 40% compared to
unguided HIL, as operators review short uncertainty-selected
snippets rather than full rollouts, making it the more practical
choice when supervisor time is the binding constraint.

Our evaluation is currently limited to simulation and a
single dexterous hand embodiment. Future work will pursue
two directions. First, we will use the framework to deploy
policies on physical hardware, transferring learned policies
to real robots and closing the sim-to-real gap. Second, since
all execution runs in simulation, we plan to exploit this
by applying aggressive domain randomization over textures,
lighting, and object appearance to improve generalization at
low additional cost.
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