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Diverse Robots Designed to Support Human Activities

©"Agility Robotics



Transition to Data-Driven Approaches
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« Task-specific programming « Learning behaviors directly from data
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Learning Robotic Skills
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Highly coupled to the robot platform




Developing Generalizable Skills




Scaling through Extensive Data
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Learning structural differences
from data
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Scaling through Extensive Data
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Structural Priors in Robot Systems

0% modifiable hardware design
L structured control architecture

behaviors structured by representation

Robot system structure need
not be rediscovered from data




Embodiment-Aware Skill Learning
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Designing Robot Hardware for a Unified Interface
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[DexMachina, Zhao et al. 2025] [UMI, Chi et al. 2024]

Vv skill transfer across robot hardware Vv data collection within easier domains

< poor generalization to new robots ' custom hardware per robot




Hardware Design for Consistent Physical Interaction

embedded
tactile sensors
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shared handheld
capability envelope for tool delicately handling
diverse robots fragile objects

M. Seo, et al., RA-L 2025
S. Shang, M. Seo, et al., RA-L 2026



Hardware Design for Consistent Physical Interaction
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Integrating a Tool as Part of the Embodiment

serving as a capability envelope







LEGATO: Learning with a Handheld Grasping Tool
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LEGATO: Learning with a Handheld Grasping Tool
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Hardware Design for Consistent Physical Interaction
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Enhancing Capabilities by Using Tools

providing new sensing modalities



FORTE: Fragile Object Grasping with Tactile Sensing
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Summary |: Hardware Design for Consistent Physical Interaction

LEGATO FORTE
learning with transferrable skills extending tactile perception
with handheld grasping tool via embedded fluidic sensors

M. Seo, et al., RA-L 2025

Part | S. Shang, M. Seo, et al., RA-L 2026




Developing a holistic, embodiment-aware approach
for learning generalizable skills across diverse robots
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Bridging Control and Skill Learning Algorithms

Instruction: Bring me the rice chips from the drawer.
Current s'}({ep: pick up the rice chips

[DRC, Krotkov et al. 2017] [RT-1, Brohan et al. 2022]

9:13:59 05/06/2015 N

v advanced robot hardware v complex behaviors

£ controlled settings £ simple morphologies



Bridging Control and Skill Learning Algorithms
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Control algorithms provide abstractions that simplify visuomotor policy learning.



Bridging Control and Skill Learning Algorithms

¥ % human demonstrations ',a autonomous policy

M. Seo, et al., Humanoids 2023
M. Seo, et al., ICRA 2023



Bridging Control and Skill Learning Algorithms
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TRILL: Teleoperation and Imitation Learning for Loco-manipulation
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TRILL: Teleoperation and Imitation Learning for Loco-manipulation
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TRILL: Teleoperation and Imitation Learning for Loco-manipulation
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TRILL: Teleoperation and Imitation Learning for Loco-manipulation
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TRILL: Teleoperation and Imitation Learning for Loco-manipulation
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Bridging Control and Skill Learning Algorithms

simulation

# % human demonstrations ',@" autonomous policy

M. Seo, et al., Humanoids 2023
M. Seo, et al., ICRA 2023



PRELUDE: Perceptive Locomotion Under Dynamic Environments
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PRELUDE: Perceptive Locomotion Under Dynamic Environments
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PRELUDE: Perceptive Locomotion Under Dynamic Environments
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Summary ll: Bridging Control and Skill Learning Algorithms

TRILL PRELUDE

learning dexterous manipulation developing agile perceptive locomotion
with model-based control with learning-based control

M. Seo, et al., Humanoids 2023

Part Il M. Seo, et al., ICRA 2023



Developing a holistic, embodiment-aware approach
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Learning Embodiment-Aware Representation

same task, different behavior across embodiments



Learning Embodiment-Aware Representation
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J. Li, ..., M. Seo, et al., CoRL 2024
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Learning Embodiment-Aware Representation
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Capturing Task Intent from Demonstration

Collect human videos in many scenes

Actions from flow-conditioned diffusion policy

4 W

Rendered robot + inpainting (no real robot data)

[Phantom, Lepert et al. 2025] [Im2Flow2Act, Xu et al. 2024]

V' enforced observation consistency across embodiments V' object-centric trajectory representations

A manual post-processing of demonstration data ' |ack of embodiment awareness



OKAMI:

Object-aware Kinematic Retargeting for humanoid Manipulation Imitation
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OKAMI:

Object-aware Kinematic Retargeting for humanoid Manipulation Imitation
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Learning Embodiment-Aware Representation
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sample-based planners i

& narrow-passage, high dimensionality

optimization-based planners (3]

( dependence on seed trajectories, local minima

generative models (4]
V data-driven trajectory sampling priors

& poor constraint handling, weak generalization

[1] N. Kavraki, et al., Probabilistic roadmaps for path planning in high-dimensional configuration spaces, 1996

[2] S. LaValle, et al., Rapidly-exploring random trees: A new tool for path planning, 1998

[3] J. Schulman, et al., Motion Planning with Sequential Convex Optimization and Convex Collision Checking, 2013
(4]

4] M. Janner, et al., Planning with Diffusion for Flexible Behavior Synthesis, 2022



PRESTO:

Planning with Environment Representation, Sampling, and Trajectory Optimization
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PRESTO:

Planning with Environment Representation, Sampling, and Trajectory Optimization
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PRESTO:

Planning with Environment Representation, Sampling, and Trajectory Optimization
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PRESTO:

Planning with Environment Representation, Sampling, and Trajectory Optimization
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PRESTO:

Planning with Environment Representation, Sampling, and Trajectory Optimization
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PRESTO:

Planning with Environment Representation, Sampling, and Trajectory Optimization
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PRESTO:

Planning with Environment Representation, Sampling, and Trajectory Optimization
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PRESTO:

Planning with Environment Representation, Sampling, and Trajectory Optimization
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PRESTO:

Planning with Environment Representation, Sampling, and Trajectory Optimization
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PRESTO:

Planning with Environment Representation, Sampling, and Trajectory Optimization
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Summary lllI: Learning Embodiment-Aware Representation
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Future Research Agenda
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Future Research Agenda
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Q@ﬁ Designing Hardware for Task Diversity

: GRASP TAXONOMY
POWER PRECISION
PRIS+ATIC CIRCULAR PRISMATIC CIRCULAR FINE PRECISION L air channels
I f ’

Heavy Wrap Medium & Light Wrap Disk ere ingers is ere Fingernail

transducer

Thumb - Index Finger

! |

9
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Thumb - Index Tool Single-Nail Edge

differential pressure

Heavy Weight Light 2 Finger

. grasp taxonomies and sensor placement for learning dexterous skills

. universal multi-finger hands with integrated tactile sensing

D. Kang, A. Kim, M. Seo, et al., 2026
A. Kim, D. Kang, M. Seo, et al., 2026
S. Shang, M. Seo, et al., RA-L 2025
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ﬁ Devising Principles of Control for Skill Learning

. theoretical and empirical principles underlying control methods in skill learning

. co-design of control architecture and skill learning algorithms

M. Seo, et al., RA-L 2025
J. Lee, M. Seo, et al., ICRA 2023
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%‘* Scaling Knowledge Sharing with Embodiment Awareness
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pre-training post-training robot deployment
[y, Physical Intelligence. 2024

. extending embodiment-aware learning to diverse long-horizon tasks

. cost-efficient data-collection for robotic foundation models
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