sim2real domain adaptation

for effecient robotic grasping
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"Learning Hand-Eye Coordination for Robotic Grasping with
Deep Learning and Large-Scale Data Collection” Levine et al
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P(success | images, command)

why not tr(images) — command ?



P(success | images, command)

training

random grasps (images, commands, success)



P(success | images, command)

training
random grasps (images, commands, success)

testing

at inference time though we only have images

run quick optimisation to find command to maximise P(success | images, command)






"Using Simulation and Domain Adaptation to Improve
Efficiency of Deep Robotic Grasping” Bousmalis et al.
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Grasp Success in the Real World
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Datasets

https://sites.gooqle.com/site/brainrobotdata/home

Includes

- grasping, pushing, pouring
- 100,000s RGBD images + robot info (camera calibration,
arm poses, etc)


https://sites.google.com/site/brainrobotdata/home

"Deep Reinforcement
Learning for Vision-Based
Robotic Grasping: A
Simulated Comparative
Evaluation of Off-Policy
Methods" Quillen et al.



