ViHaTeleop: A Low-Cost, Lightweight Visual-Haptic Teleoperation
System for Dexterous Manipulation Learning

Abstract— Learning from demonstration is a promising ap-
proach for dexterous manipulation, but collecting high-quality
contact-critical demonstrations remains difficult with low-cost
teleoperation hardware. We present ViHaTeleop, a lightweight
(0.7 kg), low-cost ($550) visual-haptic teleoperation system with
SLAM-based wrist tracking, camera-based hand tracking, and
finger-wise vibrotactile feedback through Linear Resonant Ac-
tuators (LRA). The system includes several design choices (LED
illumination, fisheye hand camera, and tactile-aware retargeting
constraints) and is deployed on Franka + LEAP Hand + 9DTact
in both real and simulated environments. Under matched
with/without-haptic conditions with nine participants across
six contact-critical tasks, haptics improved success rates across
all tasks (+2.2 to +15.6 percentage points), while completion-
time effects were task-dependent. Subjective ratings showed
significant gains in contact clarity and grasp confidence in
both simulation and real-world settings (Wilcoxon signed-rank,
p < 0.05). We also integrate a lightweight depth-camera-based
tactile proxy in Isaac Sim, enabling a full pipeline from multi-
modal demonstration collection to visual-tactile policy training.
Preliminary downstream validation by training visual-tactile
policies from collected demonstrations shows tactile cues benefit
contact-critical subtasks (peg-in-hole: +17 percentage points
over vision-only).

I. INTRODUCTION

Large-scale robot manipulation data is critical for embod-
ied Al with teleoperation-based data collection playing an
increasingly important role [1], [2], [3], [4], [5]. However,
current teleoperation systems face a fundamental limita-
tion: expensive systems (>$10k) provide haptic feedback
for contact-critical manipulation, while affordable systems
(<$1Kk) lack haptic feedback entirely. This gap particularly
hinders data collection for fine-grained manipulation tasks
requiring delicate force control—such as grasping fragile
objects (e.g., potato chips) or performing precise assem-
bly—where haptic feedback is essential for operator aware-
ness and performance.

In this paper, we define contact-critical tasks as tasks
where (i) success depends on detecting contact onset and
maintaining stable contact, and (ii) errors are strongly cou-
pled to interaction forces (e.g., slip, breakage, jamming,
or insertion failure). Visual constraints are treated as an
evaluation context rather than part of the definition.

Our primary research question is whether low-cost vibro-
tactile feedback measurably improves contact-critical teleop-
eration quality in a matched vision-based setup. While sev-
eral systems incorporate haptic feedback [6], [7], the impact
of low-cost vibrotactile actuators has not been systematically
quantified under matched with/without-haptic conditions. In
our current 9-participant study, haptic feedback improved
success rates across all tasks, with larger gains on several

(a) System Overview

(b) Robot Motion
Control

Haptic

Feedback ) Teacker

Pose

Hand
Detect =

Mapping

Tactile
Sensors

Fig. 1. Hardware overview and control architecture of ViHaTeleop. (a)
The system consists of two bimanual wrist and hand configuration tracking
modules. Each module uses a VSLAM+IMU tracker (HTC Vive Ultimate)
for wrist pose tracking and a fisheye camera for hand configuration detection
in real-time. LRA ring on each finger provides vibrational haptic feedback.
(b) The captured wrist and hand configurations are mapped and retargeted to
control a robotic arm (Franka) with a dexterous hand (LEAP Hand). Tactile
sensors (9DTact) on the robot fingertips provide touch sensory feedback to
the operator.

delicate tasks, while completion-time effects were mixed
across tasks. As a secondary objective, we evaluate whether
demonstrations collected with this system are usable for
downstream visual-tactile imitation learning.

ViHaTeleop (illustrated in Fig. 1) consists of an off-the-
shelf VSLAM+IMU-based tracker (HTC Vive Ultimate [8])
for capturing wrist motion, a fisheye camera (160-degree
field of view, $11) for detecting hand configuration, and LRA
rings ($1.4 each) for generating vibrational haptic feedback.
The camera is wrist-mounted, moving together with the
hand—similar to ACE [9]—but with significantly reduced
mass and torque. During operation, we capture the tracker
pose and hand configuration in real-time. The tracker pose
is mapped to the robot arm end-effector pose to control the
Franka [10] arm via inverse kinematics with joint position
commands. The hand configuration is retargeted to the LEAP
Hand[11] joints using the method from [12]. The 9DTact [13]
sensors (a low-cost, open-source tactile sensor) mounted on
the LEAP Hand fingertips capture real-time tactile signals,
which are converted to PWM control signals for the LRAs
via a driver board mounted on the operator’s wrist. We im-
plement ViHaTeleop to teleoperate a Franka + LEAP Hand +
9DTact platform both in reality and simulator. In simulation,
we additionally provide a lightweight 9DTact approximation
in Isaac Sim 5.0 [14] using a depth-camera—based proxy.

As shown in Table I, ViHaTeleop achieves a favorable
balance across cost, weight, haptic feedback, and occlusion
robustness compared to recently proposed systems. Through



TABLE I
COMPARISON OF TELEOPERATION SYSTEMS

System Cost  Wearable Haptic Occlusion
(USD) Burden (kg) Feedback Robust
NuExo [6] >10k Heavy (5.2) v v
BunnyVP [7] 4k  Light (0.65)* v X
DexCap [15] 3.6k  Light (1.8) X v
AnyTeleop [12] 50 None X X
ACE [9] 600 Medium X 4
Ours 550 Light (0.7) v v

*Vision Pro headset weight. TFull backpack system; glove portion is lighter.
targeted design improvements (LED lighting for varied il-
lumination, a fisheye camera to reduce mounting lever arm
and torque, intuitive tactile feedback, and retargeting con-
straints for flat-surface tactile sensors), ViHaTeleop provides
a practical operating point for contact-critical data collection.

While ViHaTeleop builds upon established teleoperation
techniques, we summarize our key contributions as follows:

1) Primary: controlled evaluation of low-cost vibrotactile
feedback under matched with/without-haptic condi-
tions across contact-critical tasks (user study).

2) A complete haptic integration pipeline: tactile-aware
retargeting constraints (enabling multi-modal data
quality), multi-fingertip 9DTact sensing, and LRA vi-
brotactile feedback mapping, on a low-cost ($550),
lightweight (0.7 kg) platform.

3) A simulation-integrated pipeline covering the full loop
from multi-modal data collection to policy evaluation:
Isaac Sim task environments, a lightweight depth-
camera-based 9DTact proxy, and multi-fingertip tactile
point cloud registration for the LEAP Hand. Prelimi-
nary validation using an extended 3D-ViTac architec-
ture (first applied to >20-DoF dexterous manipulation)
demonstrates usable visual-tactile demonstrations for
downstream imitation learning.

The scope of this paper is primarily the teleoperation sys-
tem study; the imitation-learning section is included as a
constrained downstream feasibility validation rather than a
standalone algorithmic contribution.

II. RELATED WORK
A. Dexterous Teleoperation

Hand Teleoperation: Dexterous hand teleoperation en-
compasses diverse approaches, each presenting distinct trade-
offs. Vision-based methods using a single camera only [12],
[16] or VR headsets [17], [7] are low-cost and lightweight
but struggle with occlusion issues. Optical tracking systems
[18], while more accurate, remain costly, non-portable, and
still susceptible to occlusion despite multi-camera setups.
Wearable sensor approaches [15], Manus®, Dexmo®, Sense-
Glove®—circumvent occlusion entirely by directly measur-
ing joint angles. However, they are expensive and difficult
to add customization for other feedback. Custom exoskele-
tons [19], [20], [21] physically replicate robot kinematics,
enabling intuitive control at the expense of substantial design
effort, limited cross-platform generalizability, and consider-
able operator burden—particularly when human and robot
morphologies differ. With the anti-occlusion improvement

from [9], and hand detecting algorithms [22], [23] and
efficient retargeting algorithm [16], [12], [7] mapping human
hand configuration to various anthropomorphic robot hands
(LEAP Hand[11], etc), the vision-based method works as a
promising method for teleoperating dexterous robot hands to
meet mass data collection purposes. DexPilot [16] introduced
distance-dependent projection mechanisms for precise finger-
tip control, which we adopt as our retargeting foundation. We
extend this framework with tactile-aware constraints tailored
for flat-surface sensors (Sec. III-D).

Wrist Teleoperation: Fixed kinematic linkages [24], [25]
provide stable and accurate tracking but lack portability.
Wearable exoskeletons [26], [27], [9] improve portability but
introduce considerably greater weight compared to tracker-
based alternatives. Recent evaluation of SLAM-based tracker
HTC Vive Ultimate [28] demonstrates performance compet-
itive with or superior to low-cost kinematic systems using
3D-printed components and encoders, while maintaining
minimal operator burden and high portability.

Teleoperation with Haptic Feedback: Integrating haptic
feedback to improve teleoperation and the sense of tele-
existence is a long-standing research area. Various mech-
anisms have been explored. Vision-only proxies for touch
[29], [30] can help collect delicate manipulation data; how-
ever, extended reliance on visual perception alone is cogni-
tively demanding and less intuitive for operators. Motorized
force-feedback devices [31], [32], [19]—including off-the-
shelf options such as Dexmo® and SenseGlove®—provide
richer cues but are too expensive and too heavy. Elec-
trotactile methods [33], [34] offer high spatial resolution,
yet their fabrication processes are not mature enough for
mass production. By contrast, low-cost, robust vibrotactile
feedback [7] can improve performance without increasing
operator burden. Moreover, a proper ring-mounted design is
compatible with vision-based methods. We further conduct
a user study to validate the haptic feedback integrated into
our system, using thorough objective and subjective metrics.

While systems like NuExo [6] and ACE [9] provide
valuable capabilities, each presents distinct limitations for
large-scale data collection: NuExo’s weight (5.2 kg) and
cost (>$10k) hinder prolonged use and mass deployment,
while ACE’s exoskeleton adds considerable weight, and its
mobile version suffers from unstable end-effector mapping
due to a non-tracked floating base. We adopt ACE’s hand-
tracking approach but replace the exoskeleton with SLAM-
based tracking, providing a fixed-origin reference frame for
more intuitive and stable mapping. Importantly, ViHaTeleop
maintains interface consistency with ACE [9], enabling po-
tential extension to other robotic platforms beyond Franka +
LEAP Hand.

B. Visual-Tactile Policy Learning from Human Demonstra-
tions

Though still under-explored, visual-tactile policy learning
from human demonstrations is gaining increasing attention,
with several recent works integrating tactile modality along-
side vision [29], [30], [19], [18]. When combined with



high-DoF dexterous hands [11] and high-resolution tactile
sensors [35], [13], policy learning becomes a challenging
high-dimensional problem. The imitation learning method
3D-ViTac [30] offers a promising approach by integrating
visual and dense-array tactile data into a unified 3D point
cloud representation, demonstrating strong potential for dex-
terous hand manipulation. Given the high-quality, contact-
critical, long-horizon manipulation data collected by our
teleoperation system, we extend 3D-ViTac as a downstream
learning module to evaluate our complete pipeline from data
collection to policy execution.

III. SYSTEM DESIGN

The primary design targets are low cost (<$550 using
off-the-shelf components), lightweight wearable (0.7 kg via
hollow 3D-printed linkages and fisheye camera), robustness
(LED lighting for varied illumination), portability (mod-
ular snap-fit assembly in minutes), and haptic feedback
integration—all essential for scalable contact-critical data
collection.

A. Hardware Design

The hardware consists of four primary modules (Fig. 2):
(1) Tracker module: HTC Vive Ultimate tracker for 6-DoF
wrist pose tracking via VSLAM and IMU, communicating
wirelessly over Wi-Fi; (2) Camera module: OV5647 with
160° fisheye lens for hand configuration detection, connected
via USB; (3) LED module: Ring-mounted LEDs powered
through USB for illumination enhancement; (4) Haptic mod-
ule: LRA rings on each finger driven by a custom PCB with
ESP32 microcontroller, connected via USB. We designed a
custom detachable connector for the bottom-left interface of
the Vive Tracker, enabling quick, tool-free attachment to the
3D-printed mount. The connector ensures stable fixation and
accurate pose alignment while allowing easy removal for
charging or reconfiguration. Combined with magnetic snap-
fit joints between printed parts, all ViHaTeleop submodules
can be detached and reassembled within minutes, enhancing
portability and user convenience.

B. Pose Estimation

The operator’s wrist pose is captured by the tracker via
VSLAM and IMU sensing, providing 6-DoF tracking. Hand
images from the wrist-mounted fisheye camera are undis-
torted using pre-calibrated intrinsic parameters and processed
with MediaPipe [23] to detect 21 hand keypoints in real-
time. Integrated LED lighting activates under suboptimal
illumination conditions. Figure 4 shows qualitative robust-
ness improvements in challenging scenarios (direct light
toward camera and low-light environments), helping stabilize
pose estimation without controlled lighting. A dedicated
quantitative tracker/camera accuracy benchmark is left for
future work.

C. Robot Arm Control

The tracker provides both position and orientation. We
map the tracker motion to a robot end-effector target pose
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Fig. 2. Hardware Components.

using relative pose mapping: the operator’s initial wrist pose
defines a reference frame, and subsequent wrist motion is
computed as a relative transform. To handle workspace mis-
match, we clamp target translation to a predefined workspace
box in the robot base frame. The target pose is executed
through inverse kinematics with joint limits; if IK fails or
violates limits, we hold the last valid command to avoid
discontinuities. The initial robot configuration is set to a
fixed nominal pose, and the initial tracker pose is used as
the teleoperation reference.

D. Robot Hand Motion Retargeting

DexPilot retargets human keypoints to LEAP Hand
joint angles via optimization, encouraging fingertip geom-
etry matching while regularizing joint motion. A distance-
dependent projection/weighting increases fingertip emphasis
as the thumb approaches a finger to improve pinch preci-
sion. We smooth this schedule because abrupt thresholding
can cause discontinuous intermediate grasp configurations
(“snapping”).

Tactile-Aware Parallelism Constraint: To maximize
contact quality with flat-surface tactile sensors (e.g., 9DTact
[13], GelSight [35]), we extend DexPilot’s framework by
introducing a fingertip parallelism constraint. Standard retar-
geting optimizes for position matching but does not enforce
orientation alignment, often resulting in edge contact that
limits tactile sensing effectiveness. We augment the cost
function with an alignment term:

Lparallel = Wp - Z Hnthumb -+ 1H2 (1)
jEF
where F = {index, middle, ring}, and n; denotes the

outward surface normal of fingertip j computed from auxil-
iary URDF links. To prevent abrupt “snapping” in standard
DexPilot projection, we extend its projection mechanism
with adaptive functions that smoothly interpolate based on
thumb-to-finger distance d:

d—d
W(d) = Thmin + 70(77max - 77min)
dmax - dO
_ (2)
(d) _ . Amax — d ( B ) )
w = Wmin Ao — dmin Wmax — Wmin

where 7)(d) controls projection distance and w(d) modulates
retargeting strength. For the LEAP Hand, we set dpyi, =
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Fig. 3. Comparison of standard DexPilot retargeting vs. our tactile-
aware extension on two manipulation tasks. (a) Soft tube grasping, (b)
Egg grasping. Standard retargeting (left column) produces edge contact
with negligible sensor signals, while our constraint (right column) enforces
parallel fingertip alignment, enabling effective tactile sensing. Blue insets
show tactile sensor heatmaps from thumb and index fingertips.
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Fig. 4. Hand skeleton detection in challenging lighting: (a) direct glare
toward camera; (b) low-light scene. LED illumination stabilizes detection.

dy = 30mm, dp,.x = 50mm, Ny = 0.1mm, Npax = dmax,
Wmin = 1.0, Wmax = wp = 200. The parallelism weight
w,, activates when d < dpax, enabling smooth fingertip
approach with intermediate grasp configurations.

The parallelism constraint can be toggled on/off be-
fore teleoperation based on task requirements—enabled for
contact-critical tasks (pinching, rolling) and disabled for
tasks requiring varied finger configurations (power grasps,
hook grasps). As shown in Fig. 3, standard position-only re-
targeting produces edge contact that yields negligible tactile
signals, while our tactile-aware constraint enforces parallel
alignment that enables effective tactile sensing. Tactile sensor
heatmaps (blue insets) confirm this improvement: standard
retargeting shows minimal sensor activation, whereas our
extension achieves robust contact engagement across both
soft tube and egg manipulation tasks.

E. Vibrotactile Haptic Feedback

The haptic feedback system converts tactile signals into
vibrotactile cues through the following processing pipeline.
For each fingertip 7, let 5 denote the maximum deforma-
tion depth measured by the 9DTact sensor array. The PWM
command u; for the corresponding LRA is computed as:

o — 5min

5max - 5min

u; = LPF (PWMmaX :

where [0min, Omax| are pre-calibrated deformation thresh-
olds, and LPF denotes a first-order low-pass filter for signal
smoothing. This mapping is monotonic in deformation depth
and provides an intuitive contact-intensity cue; proportional-
ity to force holds only approximately under an elastic-contact
assumption.

We mount LRAs on ring fixtures on the finger (rather
than on the fingertip) to avoid interfering with fingertip
contacts and vision-based tracking, while maintaining con-
sistent placement and comfort. Despite the offset from the
fingertip, users can localize finger-wise vibration due to
spatial separation of stimulation sites.

We drive each LRA with a fixed carrier frequency set to
the actuator’s resonance (from its datasheet) and modulate
perceived intensity via PWM duty cycle. The parameters
(PWM,,..x and depth thresholds) are chosen via short pilot
trials to ensure perceptible but comfortable feedback and to
avoid saturation during typical contacts.

IV. EXPERIMENTS
A. Evaluation Overview

We evaluate ViHaTeleop through two complementary
studies: (1) a controlled ablation comparing teleoperation
performance with and without haptic feedback, and (2)
imitation learning experiments assessing whether collected
demonstrations support downstream policy training. Our
experiments focus on contact-critical manipulation tasks.

B. Implementation

Real Robot Setup. Franka FR3 (7-DoF) equipped with
LEAP Hand (16-DoF) and 9DTact tactile sensors on three
fingertips (thumb, index and middle fingers). An Intel Re-
alSense D455 RGB-D camera is mounted in front of the
workspace. Control runs at 20 Hz.

Simulation Setup. Isaac Sim 5.0 [14] with both single-
arm and dual-arm Franka FR3 configurations. A depth-based
proxy approximates 9DTact tactile feedback for efficient
simulation.

C. User Study: Haptic Feedback Ablation

Participants. Nine volunteers (A-I) participated in the
study. The sample included six males and three females, aged
22-31 years (mean = 26.3, SD = 3.39). Eight participants
were right-handed. Regarding prior teleoperation experience,
two reported extensive experience, one reported limited ex-
perience, and six reported no prior experience. Demographics
are summarized in Table II.

We determined our sample size based on effect sizes
observed in comparable haptic teleoperation studies. A priori
power analysis (G*Power 3.1, Wilcoxon signed-rank test,
two-tailed, « = 0.05, power = 0.80) indicated that nine
participants provide adequate power to detect large effects
(Cohen’s d > 0.8), which are typical in haptic feedback
ablation studies where differences are perceptually salient.

Tasks. We selected tasks to cover common contact-critical
subskills: fragile grasping (egg, chip), insertion/contact on-
set (peg-in-hole), multi-contact manipulation (stacking), and



Fig. 5. Experimental tasks for user study. Numbers indicate key stages in task progression. Real-world: (a) egg transfer to bowl, (b) fragile chip grasping.
Simulation: (c) peg-in-hole insertion, (d) three-cube stacking, (e) fruit pick-and-place, (f) bimanual bottle handover.

TABLE II
PARTICIPANT DEMOGRAPHICS (N=9)

Attribute Summary

Age 22-31 (mean=26.3, SD=3.39)

Gender 6M (A-E, I), 3F (F-H)

Handedness 8R, 1L (C)

Experience  Experienced: B, D; Some: A; None: rest

bimanual coordination (handover). Real-robot tasks are per-
formed co-located with direct line-of-sight, while simulation
uses a fixed monitor view to emulate camera-based demon-
stration collection in embodied-Al data factories. Six contact-
critical manipulation tasks requiring precise force modulation
(Fig. 5):

Real World (operator standing beside robot):

o Egg transfer: Pick up an egg and place it into a bowl

o Chip transfer: Pick up a fragile potato chip and place it

into a tube container

Simulation (operator viewing Isaac Sim GUI on monitor):

o Peg-in-hole: Extract a tube from one peg hole and insert
it into another peg hole

o Cube stacking: Stack three cubes sequentially to form
a tower

« Fruit pick-and-place: Pick an orange and place in bas-
ket, then pick a lime and place in the same basket

o Bimanual handover: Transfer a liquid container from
right hand to left hand

Protocol. After a 10-minute tutorial and practice session
with ViHaTeleop on both real and simulated platforms,
participants practiced each task until achieving at least one
successful trial to avoid floor effects. They then performed
10 experimental trials per task: 5 without haptic feedback
and 5 with haptic feedback, presented in randomized order
to control for learning effects.

Metrics.

e Objective: (1) Success rate per condition (successful

trials out of 5); (2) Completion time for successful trials.

o Subjective: Post-condition 5-point Likert scale ratings

TABLE III
USER STUDY: SUCCESS RATES

Task w/o Haptic w/ Haptic A P
Real World

Egg transfer 66.7% 80.0% +133% .172

Chip grasping 46.7% 48.9 % +22% 516
Simulation

Peg-in-hole 42.2% 51.1% +8.9% 250

Cube stacking 24.4% 28.9% +4.5%  .500

Fruit placement 46.7% 57.8% +11.1%  .531

Handover 51.1% 66.7 % +15.6% .125

TABLE IV

USER STUDY: COMPLETION TIMES (SECONDS)

Task w/o Haptic w/ Haptic A D
Real World

Egg transfer 27.1 23.6 -128% 742

Chip grasping 26.9 28.5 +5.9%  1.00
Simulation

Peg-in-hole 355 31.3 -12.0% .078

Cube stacking 55.0 62.6 +13.8% .359

Fruit placement 379 39.6 +4.4% 887

Handover 21.6 30.4 +40.2% 297

(1=strongly disagree, 5=strongly agree) for three dimen-
sions:
— Ease of manipulation: “It was easy to manipulate
objects using the teleoperation system.”
— Contact clarity: “I could clearly tell when the robot
hand made contact with an object.”
— Grasp confidence: “1 felt confident that the object
was securely grasped in the robot hand.”

Statistics:  Paired comparisons use the two-tailed
Wilcoxon signed-rank test (significance at p < 0.05).Per-
task statistical power is limited at n = 9; we report p-values

for transparency rather than claiming per-task significance.
D. User Study Results

Success Rates. Table III shows descriptive success-rate
trends across all tasks. In this 9-participant dataset, haptic
feedback increased success rates on all six tasks, with
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Fig. 6. User study experimental setup and subjective ratings. (a) Experimental snapshots showing teleoperation in real-world (top) and simulation (bottom)
environments. (b) Subjective ratings comparing without and with haptic feedback across nine participants. Error bars indicate standard deviation. Statistical
comparisons use two-tailed Wilcoxon signed-rank tests; detailed values are reported in Sec. IV-D.

TABLE V
SIMULATION CUBE SUCCESS RATE ABLATION: DEFAULT VS.
PARALLELISM CONSTRAINT

Haptic Cube Default Parallelism A

wlo Blue 35.0% 50.0% +15.0%
Yellow 5.0% 10.0% +5.0%

w/ Blue 55.0% 75.0% +20.0%
Yellow 5.0% 5.0% 0.0%

gains ranging from +2.2 to +15.6 percentage points. The
largest gains were observed in simulation handover (+15.6
points) and real-world egg transfer (+13.3 points), while chip
grasping showed a small gain (+2.2 points).

Completion Times. Table IV shows task-dependent ef-
fects on completion time. Completion time decreased for
egg transfer (27.1s — 23.6s, —12.8%) and peg-in-hole (35.5s
— 31.3s, —12.0%), but increased for chip grasping (+5.9%),
cube stacking (+13.8%), fruit placement (+4.4%), and han-
dover (+40.2%). Notably, single-contact tasks (egg transfer,
peg-in-hole) showed both faster completion and higher suc-
cess, while multi-stage tasks (cube stacking, fruit placement,
handover) showed higher success at the cost of increased
time. We analyze this task-dependent pattern in Sec. IV-F.

Parallelism-Constraint Ablation. Table V reports a fo-
cused ablation on the simulation cube task using a subset
of four participants (F-I). We compare default retargeting
and retargeting with the fingertip parallelism constraint under
otherwise identical conditions. The parallelism constraint
improved blue-cube success in both conditions (w/o haptic:
35.0% — 50.0%, +15.0 points; w/ haptic: 55.0% — 75.0%,
+20.0 points). For yellow-cube attempts, performance im-
proved from 5.0% to 10.0% without haptics and remained
unchanged at 5.0% with haptics. These results are consistent
with the intended benefit of parallel fingertip contact align-
ment for contact-critical grasp stages.

Subjective Experience. Figure 6b shows subjective
ratings on S5-point Likert scales (l=strongly disagree,
S5=strongly agree) across three dimensions. In simulation,
ease improved from 2.784+0.97 to 3.4440.53 (p < 0.05),
contact clarity improved from 2.78+1.20 to 4.674+0.71 (p =
0.0117), and grasp confidence improved from 2.78£1.09
to 3.89+0.78 (p = 0.0278). In real-world operation, ease
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changed from 3.33+1.00 to 3.56£0.88 (p = 0.3173, n.s.),
contact clarity improved from 3.00£1.12 to 4.224+0.44 (p =
0.0112), and grasp confidence improved from 3.11+£1.17 to
4.0040.71 (p = 0.0276). Overall, the subjective results in-
dicate consistent gains in contact perception and confidence.

E. Imitation Learning Validation

As shown in Fig. 7, the same depth-camera proxy that
drives operator haptic feedback also provides tactile point
clouds for policy learning, enabling a unified pipeline from
data collection to training. We extend 3D-ViTac’s [30]
visual-tactile representation to dexterous hands with multi-
fingertip tactile sensing. The unified point cloud represen-
tation integrates visual and tactile information: each point
contains (z,y,z) spatial coordinates, a one-hot encoding
indicating point type (visual or tactile), and normalized
force/deformation depth from tactile sensors. For dexterous
hands, tactile point clouds from three fingertips are trans-
formed to the global frame via forward kinematics and
concatenated with visual point clouds from RGB-D cameras
(Fig. 7, bottom path). The rest of the policy architecture
(encoder and diffusion decoder) remains the same as 3D-
ViTac.

Training Data. We collected approximately 50 demon-
strations from three tasks: (c) peg-in-hole, (d) cube stacking,



TABLE VI
IMITATION LEARNING POLICY ROLLOUT RESULTS

Task Vision Visual-Tactile A
Peg-in-hole 10% 27% +17%
Cube stacking 27% 36% +9%
Fruit placement 11% 9% -2%
Average 16% 24% +8%

Results from 100 rollout episodes per task.
and (e) fruit pick-and-place using ViHaTeleop. Each demon-
stration includes synchronized RGB-D images, 9DTact tac-
tile data, and robot states and actions all recorded at 20 Hz.

Training Details. All policies were trained for 3,000
epochs. We report results using the final checkpoint for all
methods to ensure fair comparison.

Baselines. We compare two conditions: (1) vision-only
and (2) visual-tactile.

Results. Table VI shows rollout success rates across 100
evaluation episodes per task. Visual-tactile policies achieved
24% average success compared to 16% for vision-only (+8
percentage points), with task-dependent behavior. The largest
improvement appears on peg-in-hole (10% — 27%, +17
points), cube stacking also improved (27% — 36%, +9
points), and fruit placement decreased slightly (11% — 9%,
-2 points). These results suggest tactile cues are most helpful
for contact-critical subtasks in this dataset, while additional
tactile input may provide limited benefit for more vision-
dominant tasks under the current data scale.

F. Discussion

The updated 9-participant study shows mixed objective
outcomes and consistent subjective gains. Success rate in-
creased across all six tasks, but completion time improved
in only two tasks and increased in four. By contrast, subjec-
tive ratings showed statistically significant improvements in
contact clarity and grasp confidence in both simulation and
real-world settings. Within our tested protocol, these results
support that low-cost vibrotactile feedback (<$10 per hand)
can improve teleoperation quality without motorized force-
feedback hardware. The contrast between non-significant
per-task objective tests and significant subjective results is
consistent with statistical power: per-task comparisons use 5
trials per condition per participant, while subjective ratings
aggregate each participant’s holistic experience across all
trials.

Visual-Haptic Sensory Trade-offs. A consistent pattern
in subjective data is that gains were generally larger in simu-
lation than in real-world operation for contact clarity (+1.89
vs. +1.22) and grasp confidence (+1.11 vs. +0.89), while
ease changes were smaller and not statistically significant in
either setting. A plausible interpretation is that the simula-
tion interface imposed stronger visual constraints, increasing
the marginal utility of tactile cues. This interpretation is
hypothesis-consistent with our observations, but it is not a
controlled causal test of visual quality.

This suggests a practical design direction: in co-located
settings with richer visual cues, haptics may play a com-
plementary role; in constrained-view settings, haptics may
provide larger relative gains. Dedicated experiments that

explicitly vary visual conditions are needed before making
stronger substitution claims.

Speed-Accuracy Tradeoff and Task Structure. The
completion-time results are consistent with the speed-
accuracy tradeoff reported in haptic teleoperation [36], where
richer sensory feedback encourages more deliberate manipu-
lation strategies. However, the tradeoff is not uniform: single-
contact tasks (egg transfer, peg-in-hole) showed both faster
completion and higher success, while multi-stage tasks (cube
stacking, fruit placement, handover) showed higher success
at the cost of increased time. A plausible explanation is that
for single-contact tasks, haptic feedback reduces exploratory
retries by confirming contact onset on the first attempt,
whereas for multi-stage tasks, operators process haptic cues
at each contact transition, accumulating a time cost across
stages even as each stage becomes more reliable. We also
note that completion times are computed only over successful
trials, so the non-haptic baseline selectively reflects fast
attempts that were actually successful—the numerous quick
failures are left out of the time comparison.

Imitation Learning Validation. The policy experiments
indicate that ViHaTeleop can provide multimodal data suit-
able for downstream learning. The largest observed gain was
on peg-in-hole (+17 points over vision-only), indicating that
tactile information can improve contact-critical tasks in our
setup.

The task-dependent patterns reflect modality trade-offs:
tactile benefits contact-critical subtasks (insertion, stacking)
but, with limited training data, may not improve vision-
driven tasks (fruit localization). These results provide pre-
liminary support for the pipeline from haptic teleopera-
tion to multimodal policy learning, while highlighting open
questions about selective modality fusion and data-efficient
multimodal learning. The simulation environments, tactile
proxy, and demonstration datasets will be released to support
future research in visual-tactile dexterous manipulation.

Limitations. We evaluate through controlled ablations
within our system architecture rather than cross-system com-
parisons, which would introduce multiple confounding vari-
ables. Future work could explore comparative benchmarking
across different teleoperation paradigms and systematically
vary visual feedback quality to further characterize the
visual-haptic trade-off. We also note three remaining gaps
for this revision cycle: no dedicated tracker/camera absolute-
accuracy benchmark, no isolated quantitative ablation for
LED/retargeting modules, and a limited participant pool size
(n=9).

V. CONCLUSIONS

We presented ViHaTeleop, a low-cost ($550), lightweight
(0.7 kg) teleoperation system that integrates haptic feedback
into a vision-based platform optimized for contact-critical
manipulation data collection.

Our user study (Sec. IV-C) with nine participants across
six contact-critical tasks showed that haptic feedback in-
creased success rates across all tasks (+2.2 to +15.6 points),
while completion-time effects were task-dependent (Ta-
bles III, IV). Subjective ratings (Fig. 6) showed significant



improvements in contact clarity and grasp confidence in
both simulation and real-world settings, with non-significant
changes in ease.

The haptic integration pipeline—consisting of tactile-
aware retargeting (Fig. 3), multi-fingertip 9DTact sensing,
and LRA feedback mapping (Sec. III-E)—combined with
targeted optimizations (fisheye camera for reduced torque,
LED lighting for illumination robustness) achieves a favor-
able balance across cost, weight, and performance for large-
scale data collection.

Our imitation learning experiments (Sec. IV-E) provided
preliminary pipeline validation from teleoperation data col-
lection to policy execution. Visual-tactile policies trained on
ViHaTeleop demonstrations achieved 24% average success
versus 16% for vision-only (Table VI), indicating potential
benefits of tactile information for contact-critical tasks in this
dataset.

The simulation-integrated pipeline—including task envi-
ronments, a depth-camera tactile proxy, and multi-fingertip
point cloud registration—provides reusable infrastructure for
future visual-tactile research with dexterous hands.

We are committed to open-sourcing the implementation
upon acceptance to lower barriers for dexterous manipulation
research. Future work will scale to larger datasets and extend
to diverse robot morphologies.
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