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General Reinforcement Learning
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[Hutter, 2005]:

AIXI = Solomonoff Induction + Expectimax search



The Arithmetical Hierarchy
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Computability of Optimal Policies

[Leike and Hutter, 2015b]
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Optimal Agents

v

AIXI is not asymptotically optimal [Orseau, 2013]

v

Bad priors cause AlXI to misbehave
drastically [Leike and Hutter, 2015a]

Weak Asymptotic Optimality [Lattimore and Hutter, 2011]:

v

t
(V/Zw _ \/:/‘) — 0 p-m-almost surely as t — oo
k=1

v

BayesExp is weakly asymptotically optimal [Lattimore, 2013]
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Solomonoff Induction



Computability of Solomonoff Induction
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Computability of Solomonoff Induction

M(x) := 21 Mogrmn (%) 1= Muopmn () —02)__
p: xg(p) > bex M(xb)
M(x) := lim 3~ M(xy) Moomm(x) = I/\\/Iﬂ((:))

yexn



Computability of Solomonoff Induction

_ M(xa)
M(X) = Z 2 Pl Mnorm(xa) = Mnorm(X)—
p:xCU(p) 2pex MOD)
—_ - M(x)
M(x) := lim M(xy) Myorm(Xx) == =
nﬁooy;" M(G)
P P(x)>q  Ply[x)>gq
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Knowledge-Seeking
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Information-Seeking and Entropy-Seeking

> 2.t =aie1...ar_16:_1 is the history
» m:(AxE) — Ais my policy
» m € N is the horizon
Entropy-Seeking Value Function [Orseau, 2014]:
Vﬁ(£<t) = Z_gnorm(el:m | €<t H al:m) |0gfnorm(el:m | €<t || al:m)
€t:m

where a; := m(e<;) for all i > t.
Information-Seeking Value Function [Orseau et al., 2013]:

(2 . 2 : 2 : v(ermllaim) log v(ermle<tllarm)
<t : fnorm(e<t||3<t) gnorm(el m|e<tH31 m)
et:m vEM




Knowledge-Seeking is Limit Computable

Model Optimal e-Optimal
Entropy-Seeking A A
Information-Seeking A A

(for finite horizon)
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Limit-Computable BayesExp

Effective horizon:
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Limit-Computable BayesExp

Effective horizon:

Zi:oé—&-k 7.(/) < 5}
2z (7)
Theorem. If H¢(e) € o(t), then there is a limit-computable policy

that is weakly asymptotically optimal in the class of all computable
stochastic environments.

He(c) := min {k |

BayesExp: if V[* > ; then execute 7} for H:(e¢) steps
else execute 712‘ for 1 step



Limit-Computable BayesExp

Effective horizon:

Z(i)%?kﬁy.(i) Sff}
2 iz (7)
Theorem. If Hi(¢) € o(t), then there is a limit-computable policy

that is weakly asymptotically optimal in the class of all computable
stochastic environments.

He(2) == min {k |

BayesExp: if V] > &; then execute 7} for Hy(et) steps
else execute 7r? for 1 step
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