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Abstract
Imitation learning relies on high-quality demonstrations, and tele­
operation is a primary way to collect them, making teleoperation 
interface choice crucial for the data. Prior work mainly focused on 
static tasks, i.e., discrete, segmented motions, yet demonstrations 
also include dynamic tasks requiring reactive control. As dynamic 
tasks impose fundamentally different interface demands, insights 
from static-task evaluations cannot generalize. To address this gap, 
we conduct a within-subjects study comparing a VR controller and 
a SpaceMouse across two static and two dynamic tasks (𝑁 = 25). 
We assess success rate, task duration, cumulative success, alongside 
NASA-TLX, SUS, and open-ended feedback. Results show statisti­
cally significant advantages for VR: higher success rates, particu­
larly on dynamic tasks, shorter successful execution times across 
tasks, and earlier successes across attempts, with significantly lower 
workload and higher usability. As existing VR teleoperation sys­
tems are rarely open-source or suited for dynamic tasks, we release 
our VR interface to fill this gap.

CCS Concepts
• Human-centered computing → User studies; • Computer 
systems organization → Robotic control.
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1 INTRODUCTION
Imitation learning is an effective approach for learning robot poli­
cies from user-provided data, and teleoperation is one of the most 
common ways to collect such demonstrations [1, 17, 27]. The choice 
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of teleoperation interfaces therefore plays an important role in in­
fluencing the resulting data [12, 22], as it impacts how operators 
express their actions during control.

The demonstrations collected via teleoperation span a range of 
tasks, which can be grouped into static and dynamic tasks. Static 
tasks involve discrete, segmented motions, such as pick–and-place 
or reaching. Dynamic tasks, by contrast, require reactive, con­
tinuous control with time-sensitive adjustments [19, 23], such as 
flipping an object in a pan. As these two task types place fundamen­
tally different demands on human control, an interface effective for 
static tasks may not necessarily perform well on dynamic ones.

Despite this distinction, prior evaluations of teleoperation in­
terfaces have focused primarily on static tasks [5, 15, 18, 25]. As a 
result, existing insights do not directly clarify how well commonly 
used interfaces, such as VR controllers and SpaceMouse [15, 21], 
support dynamic tasks. In this work, VR refers solely to the use of a 
VR controller for 6-DoF tracking rather than a virtual environment. 
This gap makes it important to examine how different interfaces 
affect user task performance across both task types.

While several VR teleoperation systems have been used to collect 
high-quality demonstrations [6, 18, 24, 25], many are not publicly 
available, limiting systematic comparison across interfaces. To ad­
dress this, we introduce an open-source VR teleoperation interface 
and conduct a within-subjects comparison of VR and SpaceMouse 
across static and dynamic tasks. Our contributions are:

• A systematic user study comparing VR and SpaceMouse 
(both 6 DoF) across static and dynamic tasks, evaluating user 
task performance and user experience.

• An open-source VR teleoperation interface that supports 
demonstration collection in dynamic settings.

2 RELATED WORK
2.1 Teleoperation Interface Comparisons
VR controllers [6, 18, 24, 25] and SpaceMouse devices [4, 30] have 
become the dominant teleoperation interfaces for collecting demon­
strations in imitation learning. Prior comparisons across input de­
vices [5, 18] and direct VR–SpaceMouse studies [15, 25] report 
differences in usability, workload, and policy learning outcomes. 
However, these works focus almost exclusively on static or quasi-
static manipulation, where motion is discrete and segmented.

This creates a key gap: static tasks cannot reveal how interfaces 
behave under reactive, continuous motion, nor how pose-based and 
velocity-based control differ when timing and momentum matter. 
Our work extends these comparisons to dynamic tasks, where 
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Figure 1: Overview of the study design, including the two teleop­
eration interfaces (VR, SpaceMouse), four randomized tasks (two 
static and two dynamic), and evaluated measures of user task per­
formance and user experience.

these distinctions become clearer in how they influence user task 
performance and experience.

2.2 Dynamic Manipulation and Data Collection
Dynamic manipulation involves exploiting inertia and rapid motion 
rather than purely quasi-static control [19]. Recent systems such 
as ALOHA [29] and HiLSERL [16] successfully collect high-quality 
demonstrations on dynamic tasks through teleoperation, yet they 
provide limited analysis of how interface choice influences user 
experience. Moreover, these systems typically rely on a single input 
device, which makes cross-interface comparisons difficult.

A separate line of work learns dynamic manipulation directly 
from human videos [3, 9, 10, 28]. These approaches bypass teleop­
eration altogether, but they lack real-time human feedback, leaving 
open questions about how different teleoperation interfaces support 
data collection for dynamic tasks.

Another direction studies dexterous in-hand manipulation [7, 13,
20, 26], which centers on fine-grained finger motions rather than 
the larger, faster movements in arm-level dynamic tasks. Our study 
complements these efforts by examining interface effects in a more 
accessible setting.

3 METHODOLOGY
For VR teleoperation, we use the Oculus Quest 3 controller for 
6-DoF tracking, while the headset is only used to capture motion 
and button inputs. Hand motion is mapped to robot end-effector 
commands via pose tracking [14]. At each control cycle, the con­
troller pose is transformed into the robot frame to obtain the hand 
rotation and position (𝑅ℎ𝑎𝑛𝑑𝑡 , 𝑃ℎ𝑎𝑛𝑑𝑡 ).

Teleoperation is activated when the user presses any button, 
which records the current hand pose and the robot end-effector 
pose as references. End-effector motion is then generated from 
incremental hand motion. The positional command is computed 
from frame-to-frame displacement,

𝑎𝑝𝑜𝑠𝑡 = 𝛼 (𝑃ℎ𝑎𝑛𝑑𝑡 − 𝑃ℎ𝑎𝑛𝑑𝑡−1 ) , (1)

and applied to update the end-effector position.

Figure 2: Workflow of our VR teleoperation interface. Controller 
pose is tracked and mapped to incremental end-effector commands, 
with button inputs handling gripper control and calibration.

Rotational motion is obtained from the relative hand rotation,

𝑎𝑟𝑜𝑡𝑡 = 𝛽 ⋅ Log(𝑅ℎ𝑎𝑛𝑑𝑡 (𝑅ℎ𝑎𝑛𝑑𝑟𝑒𝑓 )−1) , (2)

and applied through a quaternion update for numerical stability.
A calibration step is included to prevent VR drift: pressing the 

trigger resets the hand reference pose and its corresponding robot 
reference. This allows users to re-center their hand at any time 
without affecting the robot’s current pose. 

4 EXPERIMENTAL SETUP
4.1 Ethics Statement
The study was approved by the Research Ethics Review Committee 
of the Faculty of Science, Vrije Universiteit Amsterdam (Ref. 25-045).

4.2 Hardware and Tasks
We use a 7-DoF Franka Emika Panda robotic arm controlled via the 
Cartesian impedance controller in panda-py [8]. We use the Oculus 
Quest 3 controller for VR teleoperation. For SpaceMouse, we use a 
3Dconnexion SpaceMouse Compact, and its six-axis velocity input 
is mapped to end-effector pose deltas via a scaling factor.

We choose stacking three cubes as the training task, which is a 
classic manipulation task that allows participants to practice the 
basic skills required by both interfaces: moving, rotating, grasping, 
and controller calibration (for VR).

We select four tasks as our testbed (Figure 3), covering both static 
and dynamic tasks. For dynamic tasks, the action must be completed 
in a single continuous motion; slow or stop-and-go movements do 
not count as success. This structure allows us to compare user 
performance across task complexity and generalization.

The task order is in a constrained counterbalancing scheme. The 
two static tasks (T1, T2) and the two dynamic tasks (T3, T4) are 
randomly permuted separately. All participants complete the static 
pair before the dynamic pair, maintaining counterbalancing while 
providing a smooth transition from discrete to reactive actions.

4.3 Participants
We recruited 25 participants for a within-subjects study (17 male, 8 
female, 0 other; mean age 24). Their prior experience with robots 
was mostly low, with 7 participants reporting no experience, 10 
limited, 7 moderate, and 1 extensive. Prior gaming experience was 
generally higher, with 2 reporting no experience, 4 limited, 8 mod­
erate, and 11 extensive. All participants completed both conditions.
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Figure 3: 4 Tasks used in our study, including success criteria. T1 
and T2 are static tasks. T3 and T4 are dynamic tasks requiring 
continuous motion.

Participants were recruited via on-campus posters. The experi­
ment followed the ethical guidelines of our faculty’s research ethics 
board and and received its approval. Informed consent for partici­
pation and data collection was obtained before participation. Each 
participant received a €10 gift card as compensation upon finishing.

4.4 Procedure
The experiment began with the VR controller condition. Partici­
pants first completed a training task that required one successful 
demonstration, with up to three minutes allowed. Participants who 
could not complete the task within this period were dismissed.

After training, participants performed four tasks. The order fol­
lowed the constrained counterbalancing scheme: two static tasks 
followed by two dynamic ones, each internally randomized. For 
each task, participants had one minute to explore and up to five 
attempts, with each attempt capped at two minutes. A task ended 
once a single successful attempt was achieved. Attempts exceeded 
the time limit or failed the success criterion were recorded as fail­
ures. Object placements remained identical across all participants.

After the VR condition, participants filled out the NASA-TLX [11] 
and the System Usability Scale (SUS) [2]. After a one-minute break, 
they repeated the same procedure using the SpaceMouse interface. 
The fixed VR-SpaceMouse order was adopted for safety, as pilot 
observations showed that starting with VR would reduce early-stop 
issues by providing initial task familiarity.

At the end of the study, participants completed an open-ended 
questionnaire covering demographics, prior experience with robots 
and gaming, and subjective feedback.

4.5 Metrics
4.5.1 User Task Performance. We measure user task performance 
using success rate, task duration, and cumulative success. For each 
participant, we record the number of attempts until their first suc­
cessful trial, whether they succeeded at all, and the duration of each 
demonstration. Success is labeled manually based on predefined 
criteria. The detailed definitions of these metrics are as follows:

• Success rate: ratio of successful attempts to total attempts.

Figure 4: User task performance across four tasks. A: Average 
success rate for VR and SpaceMouse across tasks. B: Average 
completion time across tasks under both interfaces. C: Cumu­
lative success rate over the five allowed attempts for each task. 
VR consistently achieves higher success rates, yields significantly 
shorter completion times, and reaches successful completion earlier 
across static and dynamic tasks. Significance levels are indicated 
as: ∗ 𝑝 < .05, ∗ ∗ 𝑝 < .01, ∗ ∗ ∗ 𝑝 < .001.

• Task duration: duration of the successful attempt, or the 
average duration across attempts for participants who do 
not succeed.

• Cumulative success: at each attempt number, the propor­
tion of participants who have achieved at least one successful 
completion.

4.5.2 User Experience. User experience is assessed through work­
load, usability, and open-ended feedback. We use an unweighted 
version of NASA-TLX to measure mental demand, physical demand, 
temporal demand, perceived performance, effort, and frustration, 
on a 1–7 scale. Perceived usability is evaluated with the standard 10-
item SUS, scored on a 0–100 scale. Participants also give open-ended 
feedback on interface preference, perceived strengths, difficulties, 
and suggestions for improvement.

5 RESULTS AND DISCUSSION
5.1 User Task Performance
Success rates decrease across tasks, with T3 being the most difficult 
(Figure 4A). In the two static tasks, VR and SpaceMouse show no 
significant difference. Static manipulation relies on slow, incremen­
tal adjustments, and under such conditions both interfaces support 
similar success behavior (T1: 94.0% vs. 84.0%; T2: 77.7% vs. 76.7%).

Dynamic tasks present a sharply different pattern. Statistical 
tests show clear differences in both T3 and T4: VR outperforms 
SpaceMouse with a large gap in T3 (31.2% vs. 0%, 𝑝 < .001) and a 
smaller but significant difference in T4 (50.9% vs. 33.3%, 𝑝 < .05). 
The shift from static to dynamic tasks thus reveals where the two 
interfaces begin to diverge in success behavior.

T3 shows the strongest contrast. Flipping requires an impulsive 
wrist rotation that changes momentum abruptly. VR’s pose-delta 
input turns this motion into a sharp, high-acceleration command, 
while SpaceMouse outputs smoothed velocity, flattening impulsive 
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Figure 5: User subjective feedback. A: SUS scores. B: NASA-TLX 
scores. C: NASA-TLX scores for each individual dimension. VR 
shows higher usability and significantly lower workload across 
both static and dynamic tasks.

input into uniform motion. This makes the required impulse hard 
to produce, explaining the low SpaceMouse success rate.

T4 results in low success for both interfaces, but for different 
reasons: participants often manage to pull the paper but trigger 
the robot’s velocity-limit safety via VR, while they frequently acti­
vate self-collision protection before reaching the paper with Space­
Mouse. These distinct failure modes further demonstrate how the 
two interfaces behave differently under dynamic demands.

Task duration (Figure 4B) shows significant differences across 
all tasks (T2: 𝑝 < .01, T1/T3/T4: 𝑝 < .001), with VR completing 
tasks consistently faster. These results indicate that once partici­
pants identify a solution, VR allows more direct execution, while 
SpaceMouse requires longer, segmented motion.

Cumulative success curves (Figure 4C) suggest that our VR in­
terface supports more accessible onboarding for users. For instance, 
T4 has a low overall success rate, yet 23 out of 25 participants 
eventually succeed by the fifth attempt via VR. This pattern high­
lights a clear trend: VR enables earlier success with fewer attempts, 
especially for dynamic tasks.

5.2 User Experience
The SUS results (Figure 5A) show a clear difference between the two 
interfaces. VR receives a substantially higher usability score (M = 
79.1) compared to SpaceMouse (M = 40.5). A paired t-test confirms 
that this difference is significant (𝑝 < .001).

Similar patterns appear in the raw NASA-TLX scores (Figure 5B, 
5C). VR received lower workload ratings across all six dimensions, 
except for a slight increase in physical demand, likely due to the 
need to hold the VR controller throughout use. VR showed con­
sistently lower perceived workload (M = 2.87) compared to Space­
Mouse (M = 3.91), with the difference highly significant (𝑝 < .001).

For interface preference, 92% participants preferred VR across 
tasks. They frequently described it as “intuitive”. Many felt that its 
spatial mapping matched their hand movements, e.g.,

“VR felt more natural and intuitive. Like I was using 
my own hand.” – P21

A few positive comments were made about SpaceMouse: three 
participants liked its low physical effort and minimal calibration, 
consistent with its common use in teleoperation.

Participants also pointed out limitations for each interface. With 
the VR controller, three participants felt that impulsive hand move­
ments transferred too much momentum to the robot, sometimes 
pushing it to its velocity limit. This reflects both the responsiveness 
of VR and its proneness to momentum-driven errors.

Feedback for SpaceMouse was more critical. Participants found 
its control logic unclear and often struggled to map intended mo­
tions to the robot, especially for rotation, e.g.,:

“The SpaceMouse is limited in how much it can tilt, 
rotate and move up and down.” - P13
“For spacemouse, rotation was very unpredictable.” - P5

indicating the velocity-based input makes rotation cognitively heav­
ier and less transparent to participants.

5.3 Limitations and Future works
This study has several limitations. Some participants noted that the 
transition from static to dynamic tasks was not fully smooth, and the 
difficulty gap may have influenced learning and performance. The 
study also has methodological constraints. The interfaces were not 
counterbalanced, as VR always preceded SpaceMouse, due to safety 
concerns. This fixed order may have introduced limited fatigue 
effects on the SpaceMouse results, despite the inclusion of a rest 
period. Additionally, trajectory data were not logged, which would 
prevent deeper analysis of movement quality, control strategies, 
and error patterns across interfaces.

Future work can address these issues by designing additional 
intermediate dynamic tasks to create a more gradual difficulty 
transition. This would allow a more thorough comparison between 
VR controllers and SpaceMouse on tasks with varying dynamism. 
Logging full end-effector and joint trajectories could also enable 
deeper analysis and support building a dataset for future research.

6 CONCLUSION
In this work, we study how teleoperation via a VR controller and 
a SpaceMouse differs in supporting demonstration collection for 
static and dynamic tasks. Results show that our VR interface yields 
higher success rates, shorter successful durations, and fewer at­
tempts across all tasks, with participants reporting lower workload 
and higher usability. These findings indicate that pose-based con­
trol helps users produce fast or continuous motions, whereas the 
velocity-based SpaceMouse makes such actions harder to perform.

Overall, demonstrations collected with our VR interface are of 
higher quality, especially for dynamic tasks. As existing VR teleop­
eration systems are rarely open-source or suited for dynamic tasks, 
we release our VR interface to fill this gap. A promising direction 
for future work is to add end-effector trajectory logging and use 
the interface to build a dynamic-task dataset for future research.

CODE AND VIDEO
Open-source code and documentation can be found at https://
github.com/ZoExOr/VR2Arm-Proj. A video summarizing the con­
tribution of the work and showing teleoperation examples with 
both interfaces is available through the supplementary material.
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