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Dopamine

One of the primary role of dopamine is to encode
reward prediction error.

0 = R(s) +yV(s") — V(s)

This serves as a reinforcer for learning.

By optogenetically activate DA neurons, one can
reinforce desired behaviors in the animals
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Distributional RL (quantile)
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(E) cumulative distribution function (F) Inverse cumulative distribution function
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Loss (error) function

(B) Mean squared error
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(1) Variability in RPE encoding
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Distributional TD learning

* In distributional TD learning, one needs to sample the value function from
the distribution

* |t is easy in the quantile code by taking linear combination

* Currently, the performance boost from distributional RL comes from its
benefit on learning the representation. How does knowing a distribution
Involves In decision making Is another question.



