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Observation Learned policy Environment interaction

Complex tasks can be solved by end-to-end policy learning



Training environment Test environment

Generalization across different environments is hard
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Test environment

Generalization across different environments is hard



We can randomize elements that we expect to vary at test-time

Domain Randomization for Transferring Deep Neural Networks from Simulation to the Real World (2017). Tobin et al.



Factors of variation

Training difficulty e Color

e Texture

e (amerapose

e Mass
e Friction
e etc..

Size of training distribution

Larger training distribution = harder problem to solve
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Deploy

Training environment Test environment

Can we instead adapt to new environments during deployment?



Challenges:

e No data prior to deployment

e Potentially no reward signal

Test environment

Can we instead adapt to new environments during deployment?



Challenges:

e No data prior to deployment

e Potentially no reward signal

Solution:

e Online adaptation

e Self-supervised training signal .
P 318 Test environment

Can we instead adapt to new environments during deployment?



Algorithmic overview
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Algorithmic overview
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Algorithmic overview

next step
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1. Take action 2. Observe environment 3. Augment data 4. Update policy




Algorithmic overview

action rotation

time t time t+1 0° 90° 180° 270°
Inverse dynamics model Rotation prediction

Unsupervised Representation Learning by Predicting Image Rotations (2018). Gidaris et al.



Algorithmic overview

action rotation
timet time t+1 180° 270°
Inverse dynamics model Rotation prediction

Choice of self-supervised task is task-dependent

Unsupervised Representation Learning by Predicting Image Rotations (2018). Gidaris et al.



Training environment

We evaluate generalization to 100+ environments



Training environment Direct transfer PAD (ours)



k G Nu;;:;er o.:{:bser‘::ahl:on:w
Training environment Direct transfer CURL PAD (ours) Cumulative reward

CURL: Contrastive Unsupervised Representations for Reinforcement Learning (2020). Srinivas et al.
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Training environment Direct transfer CURL PAD (ours) Cumulative reward

CURL: Contrastive Unsupervised Representations for Reinforcement Learning (2020). Srinivas et al.



Adapting to the real world

pElec

Simulation Default transfer



Adapting to the real world

Deploy

Simulation Default transfer Disco lights Tablecloth



Training environment Direct transfer PAD (ours)

Our method improves generalization in sim2real



Training environment Direct transfer PAD (ours)

Our method improves generalization in sim2real
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For more information:

https://nicklashansen.github.io/PAD


https://nicklashansen.github.io/DMC-GB
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