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• A humanoid 5-fingered hand 

• A human hand is a universal        

end-effector 

• Long standing unachieved goal 

for classical robotics

Dexterous In-Hand Manipulation



• High-dimensional control 

• Real-world hardware 

• Noisy and delayed sensor readings 

• Partial observability 

• Hard to simulate 

Dexterous In-Hand Manipulation

24 joints 

20 actuators
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Transfer



Simulation

Task: reorient the object in-hand





Shadow Dexterous Hand



PhaseSpace tracking
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Sim2Real

Transfer ?



Domain Randomization



Sadeghi & Levine (2016)

Domain Randomization



Tobin et al. (2017)

Domain Randomization



Physics Randomization

Physics randomization No randomizations

Peng et al. (2017)



Learning Dexterity



We train a control policy using reinforcement learning. 

It chooses the next action based on fingertip positions 

and the object pose.

B

We train a convolutional neural network to predict the 

object pose given three simulated camera images. 
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Observed

Robot States Actions

Object Pose

Distributed workers collect 

experience on randomized 

environments at large scale. 
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Object Pose

Fingertip

Locations

We combine the pose estimation network 

and the control policy to transfer to the real world.
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LSTM

Actions

CONV

CONV

CONV

Transfer to the Real World



Appearance Randomizations



object dimensions 

object and robot link masses 

surface friction coefficients 

robot joint damping coefficients 

actuator force gains 

joint limits 

gravity vector

Physics Randomizations

noisy observations 

noisy actions
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Action Distribution Joint angles

LSTM

Fully-connected ReLU

Normalization

Noisy Observation Goal
Fingertips positions 

Object pose

Policy Architecture



Policy Parameters

Optimizers
8 GPUs

Rollout Workers
6,000 CPU Cores

Distributed Training with PPO



fingertip positions 

object pose 

target orientation 

hand joints angles 

hand joints velocities 

object velocity
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Emergent Behaviors



RANDOMIZATONS OBJECT TRACKING POLICY

NUMBER OF SUCCESSES

MEDIAN MAX

None Motion tracking LSTM 0 6

All Motion tracking LSTM 13 50

All Vision LSTM 11.5 46

All Motion tracking FF 3.5 15
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Distribution of environments 

+ 

Memory  

= 

Meta-Learning



Thank You!
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