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Intermittent Reinforcement Learning

* Drawbacks of existing learning mechanisms: My s Ve b (B0

Intermittent Reinforcement Scheduling Triggers (IRST)

» Continuous data sharing — -

» Over utilization of communication channels Actitor
> Vulnerability to attacks |

* Intermittent Data Sharing Schemes

* Central nervous system
* Q-learning + Intermittency )
 Error based triggers in update e

* Key Impact Points:

. . _®
* Can we inform autonomous agents to operate in e Atacker
human-centric environments and increase their
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learning capabilities”? Can we be model agnostic? - Component
e Can we mimic learning in humas? Can we e L RaE
generalize transferrable learning mechanisms oo

between different components of CPS? Can we
learn from other agents, humans or otherwise, by
observation?

* Can we leverage sate policies that are deployed
intermittently to enforce secure learning in the
presence of adversaries?




Intermittent Reinforcement Learning
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» Critic intermittency 0c(t) = DA SE
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* B. F. Skinner’s operant conditioning
1deation

* Schedules of intermittent rewards: / / J\
» Fixed interval schedule P
> Variable interval schedule M e
» Fixed ratio schedule / / My \
> Variable ratio schedule = L L Neae

(b) Skinner’s response for variable/fixed reinforcements
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Intermittent Learning with Sparse Rewards
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Sensing system breakdown, under the effect .
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IL vs QL Control Input in Time

— |L control inputs
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Intermittent Model-Free Learning-based Motion Planning

*Intermittent transmission of control 1nputs to
minimize communication overhead

*A relaxed exploration technique 1s employed to
improve the convergence speed of the intermittent
Q-learning

\

By limiting the squared norm
error with a calculated
threshold, the intermittent
control policy guarantees
stability Ofgilaaesaiiibiasia:
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computati,
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Obstacle Augmentation Terminal State Evaluation Robust Intermittent Q-Learning
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