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Abstract—Humans routinely wield tools, swap grasps, and
reposition objects within a single hand, seamlessly orchestrating
contact transitions that span in-hand translation, reorientation,
and finger gaiting. Endowing robot hands with this level of in-
hand dexterity through teleoperation requires precise control
of object motion via dynamic hand-object contact, yet current
teleoperation systems remain far from this capability. We take
a major step toward human-level dexterous teleoperation by
introducing TELEDEXTER, a hand-object co-tracking controller
that maps operator intent into learned low-level contact ex-
ecution. The controller is trained on consecutive co-tracking
subgoals derived from human reference motions, using a hy-
brid reward that couples sparse subgoal objectives with dense
tracking signals to learn diverse interaction modalities rather
than rigid frame-wise imitation. The entire pipeline requires
only single-stage Reinforcement Learning (RL) and, through
random action masking and domain randomization, transfers
zero-shot to the real robot. Across seven challenging dexter-
ous tasks spanning object reorientation and long-horizon tool
use on two dexterous hands, TELEDEXTER achieves a 75%
average success rate where all baselines consistently fail. The
collected demonstrations further train autonomous policies via
behavioral cloning, marking a concrete step toward human-
level dexterous teleoperation. The project page is available at

I. INTRODUCTION

Everyday manipulation demands human-level dexterity: the
ability to dynamically reorient, translate, and regrasp objects
within a single hand by continuously coordinating complex
finger—object contacts [3, 4]. While such agility is effortless
for humans, it remains far beyond the reach of current robots.
Teleoperation lets a human teach the robot in the loop [25,
30, 42]. Yet achieving human-level in-hand dexterity through
dexterous teleoperation remains an open challenge.

Existing dexterous teleoperation systems fall short of this
goal. One dominant line employs kinematic retargeting to
map human hand motion directly onto robot topologies, using
vision-based tracking [7, 9, 13, 30] or wearable gloves [11, 39,
41, 43]. While this provides an intuitive, low-latency interface
that faithfully captures the operator’s kinematic intent, it
ignores hand—object contact forces and object inertia. Con-
sequently, high-acceleration maneuvers, non-prehensile inter-
actions, and continuous finger gaiting remain highly unstable,
frequently causing object slippage or drops.

An alternative paradigm [40] learns a dexterous action
prior in simulation to map coarse teleoperation commands to
contact-rich hand actions, improving local contact robustness.
However, it relies on synthetically generated grasp transitions
that often lack physical feasibility, and encoding the prior
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into a generative model introduces compounding trajectory
drift and covariate shift during closed-loop execution, severely
degrading long-horizon real-world performance.

To overcome these limitations, we introduce TELEDEX-
TER, a hand-object co-tracking controller designed for
human-level dexterous teleoperation. Instead of mapping hand
joints in isolation, the operator specifies explicit, synchronized
geometric targets for both the fingertip positions and the object
pose; a low-level controller, trained entirely in simulation with
RL, then resolves the multi-contact physics needed to realize
these dual goals in real time. This separates what the operator
wants from how the robot makes and switches contacts. The
key technical designs of TELEDEXTER are three-fold:

o Consecutive subgoal co-tracking. Rather than enforcing
frame-by-frame imitation, we decompose human reference
motions into a sequence of synchronized fingertip and
object-pose subgoals. Training the policy to reach these
consecutive targets, instead of copying exact configurations,
grants the flexibility to discover feasible contact-switching
strategies, all optimized in a single-stage RL pipeline that
couples sparse subgoal rewards with dense tracking rewards
and removes the need for task-specific reward engineering.

+ Geometry-aware co-tracking construction. We translate
unscripted human hand—object demonstrations into physi-
cally grounded reference motions via a two-stage retargeting
that, beyond pure kinematic mapping, incorporates object
meshes to enforce contact-surface attraction and penalize
interpenetration, yielding synchronized fingertip-and-object
subgoal sequences for the low-level controller.

« Sim-to-real robustness. We introduce random action mask-
ing as a strong action-space regularizer that, combined with
systematic domain randomization, prevents the policy from
overfitting to perfectly synchronized simulated actuation and
enables zero-shot deployment on real robots.

We evaluate TELEDEXTER on seven challenging dexterous
teleoperation tasks across two hand embodiments, ranging
from in-hand reorientation to long-horizon tool use with a
hammer, screwdriver, brush, and light bulb. TELEDEXTER
achieves a 75.2% average success rate, whereas baselines
consistently fail. The demonstrations it collects directly train
fully autonomous policies via behavioral cloning, executing
long-horizon dexterous tasks without a human in the loop.
Together, these results establish TELEDEXTER as a scalable
foundation for collecting rich in-hand manipulation data and
a viable path toward human-level robotic dexterity.


https://bigai-dex.github.io/blog/teledexter
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Dexterous Teleoperation transfer human dexterity to roboti¢eleoperation, gis built from real-time captured hand-object
hands [10, 15, 17, 26, 42]. The dominant approach, kinemaReSes; casting teleoperation as co-tracking: the goal prescribes
retargeting, translates the human hand con guration to robgpat the hand and object should achieve, while the learned
joint positions via vision-based tracking [7, 9, 13, 30, 38]gontroller decides how to make and switch contacts.

wearable or exoskeleton gloves [11, 34, 41, 43], or Iearn%\d Learning a Co-tracking Controll
neural mappings [39]. It offers an intuitive, low-latency inter- " g i g ~ontrofler
face but lacks a dynamics prior, making contact-rich actionsWe train the controller in simulation via RL so that it
such as in-hand reorientation, nger gaiting, and tool usgcquires a dynamic hand—object action prior through simulated
unreliable. To address this, DexGen [40] learns a generatk@ntact, rather than copying kinematic trajectories.

dexterous action prior that maps coarse commands to fensecutive Subgoal Co-tracking Each reference trajectory
hand actions, but its synthetic grasp transitions lack physicalfyconverted into a sequence of co-tracking subgoals sampled
feasible and its generative rollout accumulates compoundiftvarying intervals. The policy must reach each subgoal in
error during real execution. In contrast, we directly train an Rerder before advancing to the next, while freely discovering
controller guided by human hand—object reference motioris own contact strategy in between. For a subgqal=g
providing physically grounded goals that cover diverse in-harf@,” ; T2), the tracking errors areI;g = pi‘? I‘('pf X
modalities; the learned controller directly serves as a robugbs _ o _ S

low-level teleoperation policy for diverse in-hand dexterity. tk — kx? Ricky, and éokt = Log QE Ry 2 A subgoal
Learning Dexterous Manipulation via RL in simulation is reached once ma>e[;k < tips € < pos, and € <

has driven rapid progress, from grasping [18-20, 36] ah@ld for Nsay consecutive frames, after which the policy
in-hand reorientation [1, 2, 5, 14, 23, 28, 37] to dynamigdvances. This preserves the order of the human demonstration
nger-gaiting skills [29, 35], typically via task-speci ¢ reward but leaves the contact strategy to the policy.

engineering. Recent work mitigates this using human hanbiybrid Reward Design The dominant learning signal is
object data as reference motions to guide RL, enabling diveggnsecutive goal reaching, augmented with a small dense
skills without per-task reward design [6, 18, 21, 22]. Howevelfacking reward for early exploration and a time penalty:

these methods mostly learn one policy per trajectory and rarely )
achieve in-hand skills such as reorientation or nger gaitiné.t B ][reaCh (t)WSfi’ ®r SC"“?(ti * | dense {i’ensea} C|F{‘2.e}’

We attribute this to their dense frame-wise tracking formula- sparse subgoal dense tracking time

tion, which prevents exploring dynamic contact strategies be- o . )

yond basic grasping. We instead introduce a consecutive sifiere the indicator dac (f) res when the active subgoal
goal tracking formulation that learns from human reference§, '€ached, wep weights the bonus by the inter-subgoal step
yielding diverse, dynamic in-hand skills within a single RLSiZ€, and the subgoal scorgde measures how well the hand
stage; combined with random action masking and systemaifed object match the active subgoal. The dense tegier
domain randomization [5, 27], the policy transfers zero-sh@PPlies the same per- nger and object tracking kernels at every

to the real robot as a dexterous teleoperation controller.  Step, providing a small dense signal during early training.
Curriculum Learning We progressively increase three di-

IIl. TELEDEXTER mensions of dif culty during training: gravity is annealed from

We formulate dexterous teleoperation as hand—object @educed to full, easing initial contact establishment; the sub-
tracking: the operator speci es hand and object pose targegsal tolerances (p ; pos; rot) are tightened from permissive
while a learned low-level controller resolves the multi-conta¢t strict; and the inter-subgoal step size grows from small to
dynamics that physically realize them. As shown in Fig. large, so the policy rst masters ne-grained local tracking
we rst formulate the co-tracking problem over a set of handand later handles longer-horizon goal jumps. Episodes are
object reference motions and present a single-stage RL frarmatialized at random frames, and successful traversal of one
work for training the controller (Sec. llI-A), then describdrajectory resets the environment to another (cross-trajectory
how the reference motions are constructed (Sec. IlI-B) anelset), enabling continuous learning across the full set.
how the learned policy is deployed for real-world teleoperatiddim-to-Real Robustness To transfer zero-shot, we apply
(Sec. llI-C). Full implementation details in Appendix C. domain randomization over object and hand dynamics, ex-
Problem Formulation All quantities are expressed in theternal perturbations, and sensing noise and latency [5], and
wrist frame, and the arm tracks the human wrist independenggditionally introduce random action masking as a strong
via inverse kinematics (IK). Given a set of hand—object refeaction-space regularizer. Given the policy actignwae sample
ence motions (Sec. IlI-B), our goal is to learn a co-tracking binary mask m 2 f0;1g"«" and executea; = m
policy a; =  (o¢; g) that drives the robot hand and thea; + (1 m ) &1 , freezing the masked dimensions at
manipulated object toward poses prescribed by a co-trackitigir previous command for a randomly sampled duration.
goal g. Here q encodes the current hand—object state amy forcing the policy to succeed even when subsets of joints
previous action, a 2 R"® are target joint positions, andretain stale commands, this regularization prevents over tting
the goal g = (Q?p ; ‘f‘to) speci es target ngertip positions to simulation actuation.




Fig. 1. Method overview of TELEDEXTER. Human hand—object references de ne consecutive co-tracking goals; a single-
stage RL controller learns to reach them and deploys zero-shot for real teleoperation.

Single-stage RL Training Each controller is trained in a
single RL stage, with no skill decomposition or task-specic
reward engineering. We use Isaac Gym [24] with all reference
motions for one object loaded simultaneously, and optimize
with SAPG [32] over 62;000 parallel environments; training
converges within 10!° environment steps. Being reference-
driven, the framework scales to new objects and hands.

B. Hand-Object Reference Motion Construction

We record human hand-object interaction trajectories with
a MoCap system, spanning in-hand translation, in-hand rogijg. 2. Task descriptions. Zoom in for stage details. 3
tation, and free-play motions, and retarget them into robot
hand references through geometry-aware retargeting. The feleoperation beyond representative baselines (Sec. IV-A),
stage follows vector-based retargeting [13, 30], optimizinghether the demonstrations it collects can train autonomous
robot joint angles to match human hand pose. A secof@licies (Sec. IV-B), and how its key designs contribute
geometry-aware stage re nes the result using the objd&ec. IV-C). All experiments run on a Franka FR3 arm
mesh, adding contact-surface attraction, mesh-interpenetratigift two hand embodiments—the 16-DoF four- nger Leap-
and self-collision penalties, and a Curobo [33] temporaHand [31] and the 22-DoF ve- nger SharpaWave—using a
smoothness term. The resulting trajectories ,f(@°)gr, NOKOV motion-capture system to track the operator's hand

yield the co-tracking goals used above, with ngertip targe@nd the object's 6D pose in real time at 30Hz. Detailed
PP = FK 4p (q,) and object targetéﬂo =TO. implementations are provided in Appendices B and D.

C. Real-world Teleoperation Deployment A. Dexterous Teleoperation Evaluation

The learned co-tracking controller deploys zero-shot as theWe compare TELEDEXTER against DexRT [13, 30], which
teleoperation policy. A real-time system captures the operatongps hand motion to the robot hand by kinematic retargeting;
wrist, ngertip, and object poses; the arm tracks the wrist videoRT [39], a learned neural retargeter with geometric ob-
IK, while the ngertip and object poses form the co-trackingectives; DexGen [40], a learned generative action prior; and
goal. For contact initialization, kinematic retargeting [13] harsimToolReal [16], an object-centric sim-to-real tool-use policy
dles pre-grasp positioning, after which the operator switchesttat, while not a teleoperation method, serves as a strong refer-
the co-tracking controller for dexterous in-hand manipulatioence for learned dexterous tool use. The seven tasks in Fig. 2
span three in-hand reorientation tasks over symmetric, corner-
rich, and irregular geometries, and four long-horizon tool-use

We conduct a systematic real-world evaluation dabsks requiring functional grasp transitions, nger gaiting, and
TELEDEXTER, asking whether it enables dexterous in-handbol use. We run 15 trials per task and report success rate (SR),

IV. EXPERIMENTS
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