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Claim

-

Development of a universally Al model

Universal = parameterless, unbiased, model-free

Optimal = No other program can learn or solve the task
faster
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Background

f # Decision Theory T

# Solves the problem of rational agent behaviour in uncertain
worlds given an environment

» Known prior probability distribution x over the environment

® Solomonoff’s Universal Induction

» Solves the problem of sequence prediction for an unknown prior
distribution

» Predict the continuation z,, of a given binary sequence z1...x,_1

w(zxy ... xy)
w(T<n)

o |

A Theory of Universal Artificial Intelligence — p.4/18

pan|z<n) =



Background
-

o Solomonoff’s result:
» 1 expected Euclidean distance between £ and u is finite

33 i) € arloa) — plarle<)? £ Hn2- K

k=1x1.x

» Convergence

Jiﬂgof(xn|x<n) — p(Tn|T<n)

» ¢ is the Universal Probability Distribution

s £(z) > 275K0) . p(a)
o &(x) =27 K@)te K (x) is the Kolmogorov Complexity of x
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Key Concepts

f The Cybernetic or Agent Model T
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® p: X" =Y ||y = p(z<s)

# p is partial function / chronological Turing machine
® q:Y" = X" || 216 = q(y1x)

# ¢ is partial function / chronological Turing machine
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Key Concepts
-

o History :

Y<kl <l “— Y1T1Y222Y3T3 . . . Yp_1Tk—-1

o Probability of input given the history

p(ylzkxlzk)
P(y<k$<k)

p(Tk|Y<kT<ryr) =

P(YLkT1E) = Pk |Y<kT<k¥k) P(Th—1|Y<k—1T<k-1Yk—1) - - -

o p(z2ly<az<2y2)p(z1|Y1)
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The Al Model in Functional Form

o N

o Task: Derive p* which maximizes the total credit over a
predefined lifetime(T)

For a known deterministic environment ¢

® Vim(p,q) == 3210, (@)
» Optimal policy

*

p* = argmazVir(p,q) = Vir(p*,q) > Vir(p,q) Vo
D

For a prior distribution over environments (q)

o LetQyp:={q:qy<r) = Z<1} be the set of all environments that
pr()duces the hiStory y<k5b<k = Y1L1Y2TL2 -« - Yb—1Tk—_1

\— ® Vi (0li<ri<k) == 3 4e0, #@)Vim(p, ) J
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The Al Model in Functional Form

o N

# Alu maximizes expected future reward over the next
hi = my — k + 1 (horizon) cycles
» Optimal policy
7}

p,*; = argmax Vkm(p‘y<kfb<k)
P:Pp(T<k|Y<k)=VU<kYk

P*(fb<k|y<k> F= pZ(¢<k|pZ_1($<k—1| . pT)

Best output g := argmax max Vk% (PlY<rT<k)
p

Yk

® p*is computable if X,Y and m,; are finite
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The Al Model in Recursive Form

o N

o Task: Derive expected reward sum in cycles £ to m
using expected reward sum in cycles £+ 1 to m
® Vi (U<kt<ryr) =D, [r(zr) + Vk*ﬁ,m(yl;kw'lzk)]u(fﬁk|Z§/<k:$°<kyk)
» Optimal expected reward

Vk*nl;(y<kfi7<k) c= "@%ka%(y<k$<kyk)

Vk*ylri<y.<kj7<k) = ﬂ?:/kaLZIZ ka [T(:l?k) + Vk*_ffl,m(y<kjf<ka?kyk)]u(xk|y<ka°3<kyk)

# PBest output

Y 1= afr'gmaa:Vk“m (Q<kj3<kyk)
Yk

» Expectimax sequence

Uk :=argmaz ), maxry . ...mazx) . [r(xg)+ ... +7(Tm)]
Yk Ye+1 +1 Ym m

M(wk:m|y<k$<kyk:m) ‘
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The Al Model in Recursive Form
- -

Functional Al = Recursive Alyu



The Universal AL Model

o N

o Task: Replace the true but unknown prior probability u
with ¢

# In the Functional Al; model

Uk 1= argmaxr  mar > @) Vim(p,q)
Yk PP(T<k|V<k)=U<r ¥k o .
:9(Y<k)=T<k
Y
Y 1= argmazr mazx Z o~ K(9) Viem (P, @)

. PP(T<k|V<k)=U<kVk . .
Y :9(Y<k)=T<k

o |

A Theory of Universal Atrtificial Intelligence — p.12/18



The Universal AL Model

o N

o Task: Replace the true but unknown prior probability u
with ¢

# In the Recursive Al¢ model

U 1= argmax Zmax Z .- Mz Z[r(mk) + ..+ ()]

Y +1
Yk Tk LTk41

ﬂ(xknAy<k$<kyth
Y
/L 1= argmax max ... max r(rg) +...+r(rmy,
i = argmaz  Jmaz 3 .max 3 [r(r) (2m)]

Ye+1
Yk Tl LTk+1

é(xknJy<k$<kyth
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The Universal AL Model

o N

o Task: Show the convergence of Al¢ to Al

» Utilize the Solomonoff’s result generalized from N = 2 to an
arbitrary alphabet

& 1y, are pure spectators

+ 1
Z Z,u L1 k‘yl -k l’k:|33<ky<k:) ($k|$<ky<k:)) §Z7L2 K(M)
k=1x1.x

ltm §(xk |$<ky<k) — ,Lb(l‘k |$<ky<k)
k— o0

o Outputs ;. of the Al¢ model converge to the outputs v,
of the Alu model atleast for the bounded horizon
hy=m-—k+1
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Example Constants and Limits

o N

1 < Uy <k T < |YxX|

<
1 < g1 <b< 924 % 932 % 965536

d

b

) The agents interface is wide
)
c) The death is far away
)

(
(b) The interface can be sufficiently explored
(
(

d) Most input/output combinations do not occur

These limits are never used in proofs but . ..
... we are only interested in theorems which do not degenerate
under the above limits
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Application

o N

o Sequential Decision Theory (MDP)

» Bellman equation for optimal policy

p*( —argmaa:ZMaU* (i) =R —I—maxZM“U*

# Apply the Al model

S=¥ xX), A=Y, a=yp, M = p(zr|y<rT<ryr)
i =Y<kT<k, B() =7r(rp—1), U(1) = Vi_q,mW<kz<k) = 1(@k-1) + Vi (Y<k®<k)

J = Y1:kT1:k, R(J) — T(mk)a U* (.7) — Vk*m(yl:kxl:k) = T(xk) + Vk*+1,m(y1:kw1:k)
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Application
-

o QObservations
» We use the complete history as the environment state

o The Aly model does not assume
& Markovian property
& stationary environment
& accessible environment
o Other applications
» Game Playing
o Function Minimization

® Supervised Learning

# Bold Claim: Al is the most general model

o |
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Conclusion

-

A parameterless model of Al based on Decision Theory
and Algorithmic Probabillity is presented

Makes minimal assumptions about the environment
Is the Al¢ model computable?

Future Work

o Derive value and reward bounds for Al¢ model

o Apply Al¢ model to more problem classes

|
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