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Trends towards learning-based robotics




Reinforcement Learning
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What about Robotics? RL doesn’t work because it uses lots of experience.
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Simulators




Learning dexterity




24 joints:
20 actuated

4 under actuated
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Rotating a block

Challenges
RL in real world

high dimensional
control

noisy and partial
observations

manipulating multiple
objects.




Approach




Reinforcement Learning
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Domain Randomization



Reinforcement Learning

REWARDS . STATE
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action; = policy(state;)

score = E reward(state;, actiony )
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Reinforcement Learning

Proxiinal Poliey Optimization Algoritlins
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Policy

finger joint positions

fingertip positions object pose




Distributed training with Rapid

Rollout Workers Optimizers
6,000 CPU Cores 8 GPUs

Policy Parameters






Domain Randomization

= Sadeghi,Levine (2017) 4.5X SPEED

Tobin et al. (2017)

PFCTrg NS
Peng et al. (2018)




Physics Randomizations

object dimensions

object and robot link masses
surface friction coefficients
robot joint damping coefficients
actuator force gains

joint limits

gravity vector









Train in Simulation

.

Observed
Robot States Actions

Object Pose




Transfer to the Real World

Fingertip
Locations

Actions

Object Pose










RANDOMIZATONS

All

All

None

OBJECT TRACKING

Vision

Motion tracking

Motion tracking

Results

MAX NUMBER
OF SUCCESSES

46

50

MEDIAN NUMBER
OF SUCCESSES

1.5

15



Consecutive Goals Achieved
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FINGER PIVOTING SLIDING FINGER GAITING
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Visit opensa

FOLLOW @OPENAI ON TWITTER



http://openai.com

