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Problem

® Model-based vs model-free
o AlX]

e Can a model-free agent be optimal in general environments?



Related Work

® Feature RL

e Optimal Direct Policy Search

o Self-AlXI



Background

Policy 7 interacts with environment v to create history A, .,

h.,=ae ...ae,

V" (h1.t) == m(a1) v(er|ar) - - w(arlh<t) v(eg|heray)

Percept e, contains observation o, and reward r,



Background

Given discount factor 0 <y < 1,

Value functions are expected returns:
Vz/ﬂ(h<t) :

QZ(h<t7 at) c=

L7 | Ry | hepay]

Optimal policy z* is a policy with maximum possible value.



AlXI

Mixture environment &, given w(v) over v € M :

E(et|lharay) : Z w(v|h<t)v(et|h<tar) with posterior w(v|hi.t) := w(v|h<t)

h<tat)

h<tat)



AlXI

AIXI is the optimal policy 71? in £. It is Bayes-optimal by design.

A straightforward (finite horizon) implementation:

a, = argmaxz ... max z (r,+ ...y ""r, )¢, |l a,.,|h.)
a; e, A e



Universal Al with Q-Induction (AIQI)

Overview

At every time step,
1. Predict (distribution of) returns given history /_, and action q,
2. Pick action a, with largest expected return, a.k.a. Q-value

+ e-greedy exploration



Universal Al with Q-Induction (AIQI)

H-step return

H—1
RtH — 1— Z’Ykrt+k
k=0

Discretized (H-step) return

MRy | 1 M —1

2t «—

] Zt621: {O,

M M,..., M



Universal Al with Q-Induction (AIQI)

How do we predict z, 7



Universal Al with Q-Induction (AIQI)

How do we predict z, 7
Sequence prediction with

.. 0t_32t-3€¢t_30¢_22t—2€¢t_20¢_12t—1€¢t—10¢

doesn't work. (Why?)



Universal Al with Q-Induction (AIQI)

How do we predict z, 7
Sequence prediction with

.. At_32¢t-3€t_30t_22¢t—2€t_20¢t_12¢t—-1€+—10¢
doesn’'t work. (Why?)

Instead we use the periodically augmented history

oo At 2NZt—2N€t—2N - - - Ut _NLt—NEt—N ... Ar-1€t_10¢



Universal Al with Q-Induction (AIQI)

A phase n return-predictor ¢ maps phase n augmented history
ajey ... a,7,€, ... A, iy
to distribution over returns Z,_ ;-

Given a hypothesis class &, of phase n return-predictors and a prior @, over them,
we can define the phase n mixture return-predictor v, .



Universal Al with Q-Induction (AIQI)

We thus have N mixture return-predictors y,,.
We can define a single, unified return-predictor y
V(Zt | h<tar) == Yn(2: | aug,(h<t)at)

with which we make the Q-value estimate

Qlhetyar) = Y 7 - (3 | hesay)

~

ZitEZ



Universal Al with Q-Induction (AIQI)

AlQI chooses largest Q-value action, with random exploration 7

A

m(a|het) =1 —7)lla=a"|+7/|A|, wherea* = argmax, Q(h<:,a)

Intuitively, we need the exploration so that return-predictor becomes accurate for all
actions a, not just for a*.



Universal Al with Q-Induction (AIQI)

Parameters:
- Horizon H
- Return discretization level M

- Period N

- Exploration 7



Theoretical Results

Grain of truth

Recall that v, is a mixture of return-predictors ¢ € &,

S, should contain the true return-predictor ¢p* induced by AIQI policy 7z, which
depends on &, .



Theoretical Results

Policy 7 is strong asymptotically e-optimal in A if:
Forall v € M,

limsup V) (h<t) — V] (h<t) <€, V"-a.s.

{— 00

With the right parameters H, M, N, 7, y, AlQIl is strong asymptotically e-optimal. (Theorem
4.6)

1 — 10 1 —
£( y),M> H=H(;7)with;7§€( y),N2H+logy§

T < > ,
10 (1l —y) 10




Proof

With Blackwell-Dubins theorem, we can show that the mixture return-predictor
converges to the true return-predictor. (Lemma 4.2; grain of truth is used here)

Z V(2 | hetar) — V™ (2t | hat ay) becomes small
2, €2



Proof

With Blackwell-Dubins theorem, we can show that the mixture return-predictor
converges to the true return-predictor. (Lemma 4.2; grain of truth is used here)

Good return-predictor = good value prediction (Lemma 4.3)

A

Q(h<tar) — QF (hetay)] becomes small



Proof

With Blackwell-Dubins theorem, we can show that the mixture return-predictor
converges to the true return-predictor. (Lemma 4.2; grain of truth is used here)

Good return-predictor = good value prediction (Lemma 4.3)

Good value prediction = “one-step optimal” action choice (Lemma 4.4)

01(h<t) ;= max Q7 (h<s,a) — VI (het) becomes small



Proof

With Blackwell-Dubins theorem, we can show that the mixture return-predictor
converges to the true return-predictor. (Lemma 4.2; grain of truth is used here)

Good return-predictor = good value prediction (Lemma 4.3)
Good value prediction = “one-step optimal” action choice (Lemma 4.4)

One-step optimal = globally optimal (Lemma 4.5)

Oco(h<t) ==V (h<et) — V) (h<t) becomes small



Theoretical Results

AlQI is asymptotically e-optimal in £. (Theorem 4.8)

limsup V¢ (h<t) — V¢ (h<t) < € holds both {-a.s. and, for allv € M, v™-a.s.

{— 00

Also, any infinite repeated game of AlQIs converges to e-Nash equilibrium.



Theoretical Results

AIQI is similar to on-policy Monte Carlo control.

AlQI does not do well on off-policy histories, unlike AIXI.



Theoretical Results

Selt-optimizing w.r.t. historic policy ', environment class

For any v € /.,

/

lim V:(h<t) — Vyﬁ-(h<t) — O, V" o-a.s.

{— 00

AlXI is self-optimizing w.r.t. 7/, / if there is such a policy.



Theoretical Results

There exist 7/, /4 that admits a self-optimizing policy but AIQI is not even
e-self-optimizing (Theorem 4.10)

Basic idea:
START
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Experimental Results

Under a computational budget, AIQI-CTW outperforms MC-AIXI-CTW

Biased Rock Paper Scissors Kuhn Poker 4x4 Grid
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Future Work

e Better exploration, e.g., Thompson sampling
® TD learning (also related to self-optimizing property)

® Extension to semi-measures



