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Abstract—We introduce Yielding Universal Bidigital Interface
(YUBI), a finger-aligned gripper designed to enable intuitive,
ergonomic, and scalable data curation for bimanual dexterous
manipulation. While handheld data collection systems such
as Universal Manipulation Interface (UMI) have lowered the
barrier for in-the-wild data collection, their bulky pistol-grip
designs can present ergonomic and usability challenges for fine-
grained, dexterous manipulation tasks. To address this limitation,
YUBI presents a distinct design principle: yielding, finger-driven
actuation that directly maps human finger movements to gripper
jaw motion, allowing the jaws to naturally follow the operator’s
grip. This intuitive interface bridges the gap between human
intent and robotic execution, facilitating more precise fingertip
motor control. Furthermore, compared to SLAM-based tracking
used in the original UMI, our system enhances the fidelity of
6 DoF gripper tracking via a rig-based operation setup integrated
with VR systems. We validate the system’s efficacy by providing
an unprecedented UMI-based dataset, comprising 2730 hours
of interaction data across 300K episodes and 40 distinct tasks.
Our experiments demonstrate that YUBI offers advantages over
the original UMI gripper in versatility for complex bimanual
tasks, dexterity, and operational efficiency. Collectively, the YUBI
framework establishes a foundation for massive, high-fidelity data
acquisition toward robotic foundation models.

I. INTRODUCTION

Scaling data collection is fundamental to the progress of
robotic foundation models. As demonstrated by the success of
large multimodal models, the performance and generalization
of Vision-Language-Action (VLA) policies are bounded by
the volume and diversity of their training data [1], [2]. This
requirement is particularly evident in complex, dexterous, real-
world manipulation scenarios such as assembly, which demand
massive amounts of high-quality demonstrations.

However, conventional data collection systems struggle to
keep pace. Traditional leader-follower teleoperation, while
precise, is cost-prohibitive and requires significant operator
expertise, resulting in low data throughput [3], [16], [20].
Conversely, imitation learning from human demonstrations
offers a more scalable alternative. While raw human demon-
stration data (e.g., via web videos or wearable sensors) are
available at scale [6], [13], [14], they introduce the challenge
of a fundamental embodiment gap between human hands and
robotic hardware. Recently, handheld interfaces like Universal
Manipulation Interface (UMI) [5], [11], [21] have emerged
as a pivotal medium between humans and robots. These
UMI systems enable bridging the embodiment gap by having
operators guide a gripper mechanically identical to the robot’s
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Fig. 1. Yielding Universal Bidigital Interface (YUBI): Our lightweight,
finger-aligned gripper offers intuitive control by mirroring human digital
kinematics for dexterous manipulation. Leveraging high-precision VR-based
tracking, YUBI facilitates the curation of a large-scale, high-quality bimanual
dataset to advance robotic foundation models.

end-effector, eliminating the need for a physical robot during
data collection. The resulting data enable direct policy learning
from the gripper trajectories and wrist camera streams. Such
UMI-based systems provide a cost-effective and embodiment-
agnostic pathway for large-scale data collection.

Despite the success of initial handheld designs, scaling to
increasingly complex tasks reveals ergonomic and functional
bottlenecks, as shown in Table I. Most existing UMI frame-
works use a pistol-grip design, which introduces a mechan-
ical offset between the operator’s fingers and the gripper’s
pinch-point. This offset, combined with the heavy and bulky
shell, often obstructs natural hand movements, limiting the
manipulability and dexterity of the gripper. Furthermore, the
gripper’s tracking fidelity remains a hurdle. Unlike SLAM-
based tracking in [5], [9]-[11], recent systems [18], [19]
have incorporated Virtual Reality (VR) systems for high-
fidelity gripper tracking by mounting VR controllers. However,
reliance on wearing the headset introduces substantial phys-
ical strain on the neck, which limits the session length and
operational efficiency (up to 30 min of continuous use [12]).

To address these limitations, we propose YUBI (Yielding
Universal Bidigital Interface), a novel finger-aligned gripper
for intuitive and sustained data collection in bimanual dex-
terous manipulation. As shown in Figure 1, YUBI introduces
vielding, finger-driven actuation, where the gripper aperture
follows the operator’s natural pinch motion, eliminating the



TABLE I
COMPARATIVE ANALYSIS OF UMI-BASED RESEARCH

Method UMI [5] ActiveUMI [19] YUBI
FastUMI [21] exUMI [18] (Ours)
Gripper Pistol-grip Pistol-grip Finger-driven
Weight 780¢g (=905¢g) 319¢g
Ergonomics @ (bulky) O (heavy HMD) @ (haptic 1)
Dexterity o o [ J
Tracking ~ SLAM VR VR
Tracking prec. Q@ o [ J
Data size (hrs) 12/(60)  -/5 730
#Tasks 4 /22 6/9 40

@®: Superior, @: Moderate, O: Limited. / Parenthesized values are estimates.

mechanical offset caused by pistol-grip UMI designs and
offering intuitive haptic feedback to the fingers.

Combined with the gripper redesign, the YUBI system in-
tegrates high-frequency VR sensors directly into each gripper.
This ensures high-fidelity gripper trajectory tracking while
mitigating the tracking drift common in SLAM-based systems.
We further improve data collection throughput via a decoupled
configuration that mounts the VR headset on a stationary
camera rig rather than mounting it on the operator’s head,
thereby eliminating physical load. This camera rig is addi-
tionally equipped with a stereo camera to provide a top-view
visual stream for stable workspace monitoring. Collectively,
our system enables the sustained, high-fidelity data collection
sessions necessary for training robotic foundation models.

Leveraging this framework, we provide the largest UMI-
based dataset for bimanual dexterous manipulation, compris-
ing 2730 hours of data across 300K episodes and 40 tasks. Our
user study finds YUBI adaptable to diverse tasks from daily to
industrial scenarios, while exhibiting measurable gains in both
operational efficiency and task success rates. We will open-
source the YUBI hardware and the dataset upon publication.

Our contributions are summarized as follows:

« We propose YUBI, a novel finger-aligned gripper with
yielding jaw actuation designed to collect massive, high-
quality data for bimanual dexterous tasks.

« We present a decoupled operation setup that mounts the
VR headset on the rig and the VR controller on the
gripper, enabling high-fidelity and long data collection.

« We offer a large-scale dataset for diverse bimanual dex-
terous manipulation tasks, comprising 2730 hours of
interaction data with 300K episodes and 40 tasks.

« We demonstrate the system’s efficacy through a compar-
ative user study with the original UMI device, suggesting
improved dexterity and operational efficiency.

II. METHOD

YUBI is designed to curate massive, high-quality UMI-
based data for bimanual dexterous manipulation tasks. This
section presents the design principles of YUBI (Section II-A),
our operation setup with an integrated camera and VR rig
(Section II-B), and data processing details (Section A).

A. YUBI Design

The design of YUBI aims to shift from the conventional

pistol-grip interaction used in prior UMI works [5], [9]-[11]
to yielding, finger-aligned actuation, enabling more intuitive
operation and supporting data collection for dexterous manip-
ulation.
Limitation of prior UMI grippers: Although the existing
UMI gripper provides a portable platform for in-the-wild data
collection [5], it has critical limitations in real-world scenarios:
limited adaptability to dexterous manipulation tasks and long-
duration sessions due to its bulky and heavy interface.

The conventional pistol-grip interface introduces a mechan-
ical offset between the operator’s fingers and the gripper’s
pinch-point, significantly reducing haptic transparency [15].
This lack of tactile feedback causes operators to apply ex-
cessive gripping force (overcompensation), while mechanical
backlash in the gears further hinders fine motor control.

For the gripper tip design, previous works adopt Fin-
Ray type designs [5], [8], [10], enabling soft, compliant
grasping; however, their deformation characteristics result in
poor positional repeatability and insufficient gripping force
for heavy-object handling (= 2kg) [7], [17]. These limitations
are particularly critical for real-world assembly tasks, which
demand both precise handling of small components (e.g., nuts)
and the ability to handle heavy industrial parts.

Lastly, the device weight induces early fatigue on the

operator’s wrist; ~780¢g in the original UMI gripper and
>900g when integrated with the VR controller [18], [19].
Such physical stress introduces trajectory noise and drift in
demonstrations, undermining the dataset quality.
Shift to a yielding finger-aligned design: To address the
above limitations, we introduce a yielding, finger-driven ac-
tuation design into YUBI (see Figure 3). Specifically, one
gripper jaw is actuated by the thumb, while the opposing
jaw is driven by the coordinated motion of the index and
middle fingers. Each jaw yields directly to its driving finger,
so the gripper aperture follows the operator’s natural pinch
motion without motor-driven resistance. This configuration
mitigates control mismatch and improves haptic transparency,
enabling operators to directly leverage their inherent dexterity
in manipulation tasks.

To preserve the precision of finger-driven actuation while
supporting loads of up to 2kg, YUBI employs a dimensionally
stable gripper design. An integrated support grip serves as
a mechanical fulcrum; while the index and middle fingers
actuate the jaws, the remaining fingers stabilize the grip to
distribute loads across the entire hand. Additionally, finger
geometry is optimized to balance reach against load capacity.
By minimizing the moment arm, YUBI ensures the structural
stiffness required for heavy objects without sacrificing acces-
sibility to confined spaces.

To mitigate wrist fatigue caused by previous heavy designs
(780-900 g), YUBI adopts a miniaturized gripper architecture
and a lightweight camera module, reducing the handheld mass
to approximately 319 g (200 g gripper + 119 g controller). This
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Fig. 2. Overview: To ensure massive, high-quality robot manipulation data for scalable robot learning, we collect bimanual YUBI-based demonstrations at
20 desks in parallel from 104 operators. Our operation setups feature (i) a stereo top-view camera for stable workspace observation, (ii) a rig-mounted VR
system for 6 DoF gripper tracking where the VR controllers are attached to the YUBI gripper, and (iii) foot pedal-based action segmentation for hands-free
control. The collected dataset features diverse 40 tasks that require various skills including assembling bricks and paper boxes, insertion, writing and erasing,

folding clothes, and tightening nuts and bolts.
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Fig. 3. Exploded view of the YUBI gripper: The bidigital mechanism
utilizes internal gears to actuate the jaws, all supported by an ergonomic
grip and flap. A fisheye camera is attached for task observation. The Quest
controller is integrated to provide high-frequency 6-DoF trajectory tracking.

reduction in weight burden enables sustained demonstrations
over long-duration sessions.

Overall, YUBI’s finger-aligned design resolves the trade-
off between dexterous manipulation and heavy-object handling
while reducing operator fatigue for sustained data collection.

B. Operation Setup

As shown in Figure 2, we design an operation setup tailored
for sustained, bimanual manipulation tasks where the operator
grasps one YUBI device in each hand. For the sake of data
quality, we adopt a fixed desktop setup rather than a fully
portable setup. The stationary setup is integrated with VR
systems (Quest) for 6 DoF controller tracking, a top-view
stereo camera (RealSense) for workspace monitoring, a task
user interface (UI) on a laptop and a foot pedal. These visual

observations, trajectories, and gripper signals are transmitted
to the laptop in real time.

YUBI: Two YUBI devices are installed on the desk to be
used with each hand. Each YUBI device is equipped with
an onboard wrist camera, a Quest controller, and a magnetic
encoder to measure the gripper aperture, tracked at 100,
80, and 100 Hz, respectively. Design details are found in
Section II-A.

VR-based gripper tracking: We use the Quest 3S to track
the 6 DoF trajectory of the controller mounted on YUBI,
yielding higher tracking fidelity than SLAM-based systems,
which are prone to drift, scale ambiguity, and failure under fast
motion or textureless environments. Unlike the head-worn VR-
based UMI systems (e.g., ActiveUMI [19] and exUMI [18]),
our setup mounts the heavy headset on the fixed rig. This
reduces neck fatigue while ensuring tracking coverage of the
controllers from the mounted headset.

Fixed stereo camera: We use the RealSense D435, rigidly
mounted on the forward-extending frame, to capture the task
workspace. This camera provides a stable top-down view of
the workspace at 30 Hz (RGB + depth). The observations can
be used for additional supervision signals for VLA training,
such as object tracking, fine-grained action annotation, etc.
Task UI: A laptop is also mounted at the center of the frame
wall, serving as the central hub of the system and the user
interface for task instruction. It aggregates all sensor streams,
while displaying real-time observations, tracking signals, and
task information to the operator.

A major challenge in bimanual operation is that both
hands are occupied by the grippers, leaving no free hand to
annotate task transitions and sub-action boundaries through
conventional inputs (e.g., buttons, touchscreens, keyboards).
To address this, we install a foot pedal under the desk to
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Fig. 4. Dexterity test: Pick-and-place success rate on hex nuts M10-M3 for
UMI and YUBLI. Error bars show 95% binomial confidence intervals (Clopper—
Pearson, n=50). YUBI’s advantage widens as nut size decreases.
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start/stop action segments and to accept an episode for storage.
Operators press the pedal to indicate boundaries between
predefined sub-action steps.

III. RESULTS
A. Data Statistics

As shown in Figure 2, we collected YUBI-based manipula-
tion data at scale across 20 desks. The resulting data consist of
2730 hours across 300K episodes and 40 tasks. Data collection
was conducted 24/7 over one month by 104 operators (73
male, 31 female). Our dataset is significantly larger than
previous UMI-based datasets, such as the Fast-UMI data (~ 60
hours and 22 tasks) [21] and the original UMI data (12 hours
and 4 tasks) [5]. Detailed statistical analysis is found in the
appendix.

B. Dexterity Test

To quantitatively evaluate this advantage, we conducted a
user study assessing dexterity in grasping objects of varying
sizes using nuts. Here, operators were instructed to pick up a
nut from a table and place it into a tray. Six standardized hex
nut sizes (M10-M3) were prepared, and operators performed
the pick-and-place task sequentially from the largest to the
smallest. Note that operators had only one attempt per nut. If
they failed to grasp or place it, it was counted as a failure, and
they proceeded to the next size. A total of 10 operators were
recruited with gender balanced, each performing five attempts.

Figure 4 compares the success rates of UMI and YUBIL
On the larger nuts (M8 and M10), both devices approach the
ceiling (= 94%). As the diameter decreases, however, the two
methods diverge. YUBI maintains a clear margin over UMI
at M6 (420 pp) and M5 (410 pp), and the gap widens most
markedly at the smallest size: on M3 nuts, YUBI achieves
a 44% success rate while UMI drops to 14%, a roughly 3x
improvement. The sole exception to this trend appears at M4,
where YUBI’s success rate dips below its own M3 rate. We
hypothesize that a geometric mismatch exists between the nut
diameter and the fingertip curvature, i.e., a size-specific contact
artifact rather than a loss of precision. Indeed, we find that
UMI also exhibits the same dip from M6—MS5, supporting
this interpretation. Overall, these results suggest that YUBI
offers more robust performance for precision tasks than UMI.
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Fig. 5. Operation efficiency. Mean completion time (seconds) on five tasks
for Hand, UMI, and YUBI. YUBI is significantly faster than UMI and narrows
the gap to direct hand operation.

C. Operational Efficiency Test

We further demonstrate that the intuitive design and im-
proved manipulability of YUBI enable faster data collec-
tion compared to existing interfaces. In our experiment, we
measured the time required to complete a task for five
distinct tasks. Each participant was assigned two tasks and
performed them under three manipulation conditions: manual
execution (Hand), UMI [5], and YUBI. For each task-device
combination, operators completed five trials, and the average
completion time was computed across trials. A total of 10
operators were recruited, with gender balanced, resulting in
four operators assigned to each task. To mitigate order ef-
fects, operators were counterbalanced such that half performed
the conditions in the order Hand—UMI—YUBI, while the
remaining half followed Hand—YUBI—UMI.

Figure 5 shows the average task completion time of each
device on the five evaluation tasks. Across all tasks, YUBI
consistently outperforms UMI, with speed-up ratios ranging
from 1.37x on the domino arrangement task to 4.19x on
the phone-charging task. The results demonstrate that YUBI
substantially narrows the efficiency gap toward the human
hand compared with UMI, with clear advantages on tasks that
require fine and dexterous manipulation, such as connector
insertion in the phone-charging task and precise tool control
in the whiteboard-writing task.

IV. CONCLUSION

We present Yielding Universal Bidigital Interface
(YUBI), a novel finger-aligned gripper with yielding jaw
actuation designed to collect massive, high-quality data for
bimanual dexterous tasks. The ergonomic gripper design en-
ables fine control and heavy-object handling while reducing
fatigue for sustained data collection. Our operation setup
also supports high-fidelity gripper tracking with a decoupled
VR system and stable visual observations from the top-view
camera. The resulting dataset is the largest to date, comprising
2730 hours of interaction data across 300K episodes and
40 distinct tasks. Our user study demonstrates the gripper’s
advantages in precise grasping and operational efficiency. By
open-sourcing the hardware configurations and the dataset, our
work contributes to laying the foundations for training general-
purpose robotic foundation models.
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APPENDIX

A. Data Processing

Dataset Structure: Each recording is stored as a single
episode file that includes three synchronized camera streams
(two wrist cameras and RealSense), relative poses expressed
in the wrist frames, and metadata for the task and segmented
sub-actions (avg. 8.66 steps per task). Specifically, we store
the translational components t"€" tf ¢ R3 and rotational
components r'ght pleft ¢ R3 where rotation is represented
as Euler angles. We additionally record the fingertip jaw
angles for each hand, d"&" @ € R. All sensor streams are
initially recorded in rosbag2 format at their native frequencies
and are subsequently converted to the LeRobot format [4],
standardized at 30 Hz, to facilitate downstream VLA training.
Calibration: Since the gripper trajectories have independent
origins across different sessions or desk setups, we align them
to a shared table frame via a dedicated calibration session. We
estimate a rigid transformation between the Quest and table
coordinates, where a calibration board placed on the table is
observed from multiple viewpoints using the wrist-mounted
camera of YUBI. We then compute the relative transformation
between the calibration board (defining the table coordinate
system) and the Quest tracking frame. This transformation
enables all tracked trajectories, including hand and controller
motions, to be expressed consistently in the table-centered
coordinate system.

Data Filtering: We remove defective episodes through a
cascade of detectors as follows. (i) We remove episodes shorter
than a minimum duration that can occur when operators
accidentally press the foot pedal. (ii) Stuck-signal detectors
flag three freeze patterns: full pose freeze—a pose signal
whose standard deviation is at or below numerical precision
over the entire episode; partial pose freeze—a contiguous run
of frames whose per-frame translation |At| stays below a
channel-specific noise floor for longer than a duration thresh-
old; and aperture freeze—a gripper whose jaw-angle variance
is near zero across the episode. (iii) Kinematic-plausibility
detectors additionally drop episodes containing a single-frame
translational jump exceeding an implausible velocity threshold
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Fig. 6. Domain distribution: The figure presents the share of the 40 tasks
across seven categories (industrial, kitchen, toy, desk work, clothing, appli-
ance, personal care), reflecting YUBI’s target scope of precise, heavy, and
everyday object handling.
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Fig. 7. Skill distribution: The figure indicates the share of tasks by primary
skill type, such as placement, insertion, assembly, deformation, sorting, and
writing. Labels reflect each task’s dominant skill; most tasks combine multiple
skills in practice.

given the recording rate, or a rotation increment greater than
90° in either roll or yaw within a single frame.

B. Data Distribution

The detailed dataset statistics are found in Table II. We
show the domain and skill distribution of the recorded tasks in
Figures 6 and 7. Given the high versatility of YUBI for precise
and heavy object handling, we focus primarily on industrial
settings along with daily scenarios, such as kitchen, toy,
desk work, clothing, appliance, and personal care. The skill
diversity is also crucial for general-purpose foundation models.
We intend to cover various skill types including placement,
insertion, assembly, deformation, sorting, and writing. While
each task is categorized based on a major skill type, most
tasks require a composition of different skills. For instance,
a “writing on a whiteboard” task requires pick-and-place of
the whiteboard marker, tactile-sensitive writing and erasing
motions, and insertion of the cap onto the marker.



