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General-purpose robots must be able to manipulate the
physical world with the flexibility, precision, and robustness
of human hands. While robots have achieved remarkable
success in structured environments, dexterous manipulation
in unstructured settings remains a critical bottleneck. Despite
advancements in massive data collection [7]], computation,
and low-cost hardware [32]], robots still struggle to perform
intricate tasks that require rich physical contact, fine motor
coordination, and robust adaptation.

My research aims to advance generalizable robot dexter-
ity: the ability to interact with the physical world with human-
level adaptability and robustness. In principle, anthropomor-
phic robot hands have the potential to provide the flexibility
needed for such interactions [5, 16, 18, 22]. However, such
flexibility also presents a fundamental trade-off. While multi-
fingered hands enable complex contact-rich behaviors, they
introduce significant algorithmic challenges, including data
scarcity in high-dimensional action spaces, perception uncer-
tainty during physical interaction, and difficulty transferring
learned policies from simulation or humans to the real world.

To address these challenges, my research establishes multi-
sensory learning and transfer as a foundation for robot dexter-
ity. First, I develop methods for scalable multisensory skill
acquisition, leveraging large-scale physical simulation to learn
complex dexterous behaviors and transfer them to the real
world [13}[14]]. Second, I develop hardware and algorithms for
multisensory human-to-robot transfer, including wearable
tactile gloves [31] that capture contact-rich human demonstra-
tions and Aria smart glasses that enable scalable egocentric
data collection in everyday environments [11]]. These systems
reduce the embodiment gap and enable learning from human
demonstrations with little robot data. Third, I develop methods
for real-world policy refinement, using rich sensory feedback
that is difficult to simulate [16]. Together, these directions form
a path toward robot dexterity that learns, feels, and adapts.

A. Scalable Multisensory Skill Acquisition

A primary challenge in achieving generalizable dexterity
is acquiring data for contact-rich interactions at scale. For
instance, collecting teleoperation data for in-hand manipula-
tion is significantly harder than for pick-and-place tasks with
grippers [2]. Classical planning methods can produce precise
contact-rich behaviors, but often rely on accurate contact
or geometry models that limit generalization [10, 21, 26].
Learning-based approaches offer greater flexibility, but scaling
them to dexterous manipulation remains difficult due to sample
inefficiency on hardware and sim-to-real gaps in contact-rich
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Fig. 1. Scalable Skill Acquisition in Simulation. Abstracting visual
and tactile inputs into transferable representations bridges the sim-
to-real gap, enabling in-hand rotation of diverse objects.

interaction [23]]. My research addresses this challenge by using
simulation as a scalable source of experience while abstract-
ing raw sensory inputs into intermediate representations that
transfer robustly to the real world.

My work introduces the first framework for general in-hand
object rotation conditioned explicitly on vision and touch [14]]
(Figure |[1| A, B). We use a two-stage learning pipeline. First,
we train a policy using ground-truth 3D point clouds [25],
showing that explicit 3D geometry improves performance on
complex shapes. Second, we infer this shape from depth and
tactile signals to bridge the sim-to-real gap. Because raw
camera images and tactile deformations are difficult to simu-
late faithfully, we abstract vision into object depth and touch
into sparse contact locations. During deployment, we extract
object depth using pretrained vision models [18] and map
tactile feedback to contact locations via fingertip sensors [19].
This representation reconstructs object shape while resolving
perception ambiguities during contact-rich manipulation. We
recently extended this framework to bimanual dexterous ma-
nipulation for a lid-twisting task [20]. This extension suggests
that transferable visual and tactile abstractions can scale to
higher-dimensional contact spaces.

B. Multisensory Human-to-Robot Transfer

Leveraging multifingered hands allows robots to learn
from human demonstrations, one of the most scalable data
sources [17, 28]. However, existing methods face two key
limitations: scalability, due to cumbersome motion capture or
VR setups, and sensory fidelity, due to limited tactile feedback.
My research addresses these limitations through two portable
systems and algorithms for multisensory human-to-robot
transfer: OSMO for contact-rich tactile demonstrations and
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Fig. 2. Human to Robot Skill Transfer (A) OSMO minimizes the
visual and tactile embodiment gap with a shared wearable glove. (B)
AINA uses lightweight smart glasses and 3D policy learning to scale
human demonstration collection. Together, they enable robot policy
learning from human demonstrations without physical robot data.

AINA for scalable egocentric demonstrations.

First, we introduce OSMO [31]] (FigureE]A), an open source
wearable tactile glove. It features 12 magnetic three-axis
tactile sensors across the fingertips and palm [3} 4], designed
to work seamlessly with modern hand tracking [24]]. By
putting the identical glove on both the human and the robot,
OSMO minimizes the visual and tactile embodiment gap and
allows continuous shear and normal forces to be transferred
directly. A robot trained exclusively on human demonstrations
collected with OSMO successfully accomplishes contact-rich
tasks. Second, we develop AINA [11] (Figure B), an
algorithmic framework for collecting human demonstrations
with Aria smart glasses. Unlike bulky VR headsets, these
lightweight glasses allow users to collect demonstrations in
everyday environments. By lifting human videos to approxi-
mate 4D representations, AINA repurposes 3D policy learning
to predict future hand keypoints and deploy the same policy
on a dexterous robot hand. Operating in a shared space of
3D hand keypoints and 3D object point clouds reduces the
human-robot domain gap, enabling 3D point based closed
loop policies trained exclusively on human demonstrations.
Collectively, AINA scales visual data collection across diverse
environments, whqile OSMO captures the multisensory contact
signals needed for contact-rich tasks. Together, they enable
generalizable policies for both vision-dominated and contact-
rich manipulation without using physical robot data.

C. Closing the Sim2Real Gap via Multisensory Refinement

While the frameworks developed in the previous sections
provide strong foundational policies, they cannot fully capture
the physical uncertainties of real-world deployment. Complex
tool use, such as operating a screwdriver or fastening nuts and
bolts (Figure [3), is a critical milestone for robot manipulation.
These tasks rely on rich tactile interactions that are difficult
to simulate faithfully. While my first thrust abstracts tactile
feedback into sparse contact locations, tool use requires con-
tinuous tactile signals to regulate force, detect slippage, and
maintain stable contact. This motivates a secondary multisen-
sory refinement phase for highly sensitive, contact-rich tasks.

To address this challenge, I propose DexScrew [16], a
framework that bridges the sim-to-real gap through real-
world tactile fine-tuning. The pipeline operates in three stages.
First, we train reinforcement learning policies in simulation
to learn robust finger gaits. Next, operators use these base
policies as skill primitives for teleoperation, collecting real-
world demonstrations with tactile and proprioceptive feedback.
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Fig. 3. Tactile Guided Pollcy Refinement. DexScrew brldges the
sim-to-real gap for complex tool use by incorporating real-world
tactile feedback. The closed-loop policy executes screwdriving and
fastening with strong generalization across diverse geometries.

Finally, we train a behavior cloning policy that directly in-
corporates this multisensory feedback. This framework dele-
gates complex finger coordination to simulation-trained poli-
cies while capturing real-world sensory observations during
contact-rich manipulation. As a result, DexScrew generalizes
to diverse nuts and screwdrivers, even under external perturba-
tions. Beyond tactile modalities, real-world refinement could
also address rigid-body dynamics mismatches in highly agile
tasks, such as our learning-based method for continuous pen
spinning [29] and piano playing [30].
D. Future Research

My future work will move from learning individual dexter-
ous skills toward building continually improving systems for
contact-rich manipulation:
Structured World Models and Continual Learning. How
can robots continuously update their understanding of an
object’s physical properties during active manipulation? My
work on NeuralFeels [27] showed that posed Signed Distance
Fields (SDFs) unify multisensory perception. I will extend this
toward structured world models that encode geometry, contact
state, and physical properties from continuous tactile signals
and RGB-D inputs. These models will enable model-based
planning for long-horizon tasks and online adaptation to novel
objects through continual learning [12].
Automating the Sim2Real Loop. How can we systematically
generate simulation environments that reflect complex real-
world contact dynamics? While DexScrew bridged the sim-
to-real gap via teleoperation refinement, my future work will
study how to automate this loop. I will investigate using
Vision-Language Models (VLMs) and real-world demonstra-
tions from the AINA pipeline to infer task structure, object
affordances, and approximate physical parameters. These sig-
nals can guide targeted domain randomization and reward
design, shifting sim-to-real transfer from manual tuning toward
a scalable, data-driven process.
Composing Multisensory Skills via Language. How can
high-level semantic planners ground their decisions in low-
level, continuous tactile feedback? Long-horizon manipula-
tion requires composing contact-rich skills while monitoring
whether each skill is physically succeeding. I will build hier-
archical systems where Large Language Models (LLMs) [}
9] sequence libraries of low-level multisensory skill primi-
tives [L5]], while tactile and proprioceptive feedback provide
grounded signals for execution, failure detection, and recovery.
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