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The challenges of task- and environment-centric learning

Task-centric extrinsic reward
We propose < + fixed ds — britt| : [ tasks }
representational empowerment Narrow tasks + fixed rewaras rittle agents
1 Away from external objectives: that know what to do only when we tell them. externalenvironment

control over its environments or | Environment-centric Intrinsic motivation

mastery of specific tasks Curiosity (novelty, information gain, etc.) still W
-l Towards the capacity to shape | jos |earning to this environment, so agents state/reward . °

one’s own knowledge, ad.ne.vmg over-fit the world they were born in.
better preparedness distinct

from  direct  environmental | To meet truly unforeseen challenges we must
influence. shift the locus of learning inward, from {

task-centric to agent-centric.
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Controllability as preparedness for future tasks
Two perspectives: endless adaptation & instrumental convergence

Challenge: Since we cannot simulate all possible worlds, the current learning paradigm makes it hard to achieve broadly
applicable intelligence -- a high level of preparedness for unforeseen challenges.

Empowerment Representational empowerment
Where in this environment should | go to maximize How should | structure my knowledge to be best prepared for any future
my future influence? challenge?
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Limitation: When the environment changes, previous Limitation: Dependent on the choice of primitives, the kernel for the
high-empowerment states might become useless. representation space, and the approximation of emp calculation.

Different representation forms
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