
On the Computability of Solomonoff Induction
and Knowledge-Seeking

Jan Leike and Marcus Hutter

http://jan.leike.name/

ALT’15 — 6 October 2015

http://jan.leike.name/


Outline

General Reinforcement Learning

Solomonoff Induction

Knowledge-Seeking

Main Result

References



Reinforcement Learning

agent environment

action at

percept et = (ot , rt)

Goal: maximize
∑∞

t=1 rt

[Hutter, 2005]:

AIXI = Solomonoff Induction + Expectimax search
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The Arithmetical Hierarchy
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Computability of Optimal Policies

[Leike and Hutter, 2015b]

Model Optimal ε-Optimal

Computable Env ∆0
2 ∆0

1

Semicomputable Env ∆0
3, Π0

2-hard ∆0
2, Σ0

1-hard

AIXI ∆0
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Optimal Agents

I AIXI is not asymptotically optimal [Orseau, 2013]

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

I Weak Asymptotic Optimality [Lattimore and Hutter, 2011]:

1

t

t∑
k=1

(V πµ
k − V ∗µk )→ 0 µ-π-almost surely as t →∞

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

M(x) :=
∑

p: xvU(p)

2−|p|

Mnorm(xa) := Mnorm(x)
M(xa)∑

b∈X M(xb)

M(x) := lim
n→∞

∑
y∈X n

M(xy) Mnorm(x) :=
M(x)

M(ε)

P P(x) > q P(xy | x) > q
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Information-Seeking and Entropy-Seeking

I æ<t = a1e1 . . . at−1et−1 is the history

I π : (A× E)∗ → A is my policy

I m ∈ N is the horizon

Entropy-Seeking Value Function [Orseau, 2014]:

V π
H (æ<t) :=

∑
et:m

−ξnorm(e1:m | e<t ‖ a1:m) log ξnorm(e1:m | e<t ‖ a1:m)

where ai := π(e<i ) for all i ≥ t.
Information-Seeking Value Function [Orseau et al., 2013]:

V π
I (æ<t) :=

∑
et:m

∑
ν∈M

wν
ν(e1:m‖a1:m)

ξnorm(e<t‖a<t)
log ν(e1:m|e<t‖a1:m)

ξnorm(e1:m|e<t‖a1:m)
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Knowledge-Seeking is Limit Computable

Model Optimal ε-Optimal

Entropy-Seeking ∆0
3 ∆0

2

Information-Seeking ∆0
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2
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Limit-Computable BayesExp

Effective horizon:

Ht(ε) := min

{
k |
∑∞

i=t+k γ(i)∑∞
i=t γ(i)

≤ ε
}

Theorem. If Ht(ε) ∈ o(t), then there is a limit-computable policy
that is weakly asymptotically optimal in the class of all computable
stochastic environments.

BayesExp: if V π
I > εt then execute πI for Ht(εt) steps

else execute πξ for 1 step
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