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‘ Artificial General Intelligence

(General) Intelligence Is an acgient
ability to efficiently achieve goals in a
wide range of environments with
insufficient knowledge and resources

Pel'Wang, Beboertze] MarcusHutter, etc.




‘ Subfields and Approaches

ADeep Learning

ACognitive Architectures
AProbabilistic Models

AUniversal Algorithmic Intelligence
AReinforcement Learning




‘ Discriminative and Generative Models




‘ FFNNs as Discriminative Models
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‘ Critique of Deep Learning

AWeak generalization

ARequirellarge training-sets; no ene
shot learning

ACannot/learninvariants
AVulnerable:torAdversarial.examples

ADifficulties withtransfer.and
unsuperviseddearning

AFrom AGl perspective

e
AEncode higheorder statistics, v, e
but not causal|logical, spatio e ’,, ,3
temporal relations } :»thes: L
ABad in‘higHevel reasoning and e e, Y,
planning, etc. j—Networ_k. Conv I\_lgtwork: DI‘V| Atari

Images from: Szegedy, C. et al. Intriguing properties of neural networks. arXiv 1312.6199 (2013).
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Generative Models: Graphical Models

ACurse-of dimensionality
AChainrule decompasition
AConditional independence

N
P(x1:N) = P(Xq)P(X2|xq).. P(Xn [X1:n- 1) = O p(XgXp(s)
=1

ABayesian networks
AMarkov networks O—=
AFactor graphs  POw-)=3 Oycle) O
APlate models; etc.




‘ Graphical CA Hypothesis: Sigma

AGraphical'Architecture Hypothesis
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ADeconstruction-of all cognitive ~
functions withithe use of facter
graphs-as a-general cognitive

firmware Working Memory

] . Perception Motor
AReasoning: Message Passing
ALearning: Gradient Descent

Rosenbloom, P., Demski, A. & Ustun, V. (2017). The Sigma Cognitive Architecture and System: Towards
Functionally Elegant Grand Unification. Journal of Artificial General Intelligence, 7(1), pp. 1-103.

Long-Term Memory




Generative Models

AProducex from z
Aln oppesiteddirectio
P(Xz)P(z) _ P(X2)P(2)

P == "3 PX2)P@)

ADifficulties withrmarginalization

ARBM simplest-nortrivial probahbilistic

graphicalrmodel
P(x) =4 P(x,2) = % 3 Doz Wz

7 Z
a o)
P(zj =1|x) = sgi wi X + CI8
ADifficulties withttraining ¢




‘ Probabilistic Models: Discriminative
and Generative

Mapping A mapping from the task A mapping from the

to its solution space solution space to data
P(y|x) z~P(2), x~P(x|z)
Pros AEfficient AFlexible
ALess assumptions of AUn/semi-supervised
data distribution learning
Cons AOne-way inference only AAdditional
AOnly supervised assumptions of data
learning distribution

AComputationally

Inefficient inference
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‘ Probabilistic Models: Variational Bayes

APosteriors-are!difficultto compute P@ g4 )
P(z |x;,q) = P,z |9 _ P,z |9) Pq(XZ)E 3 o

P(xj @)  AP(xj,z|a)dz
AL-& GrQa ki ALIINBE AY et 0 KSYL N\
computable Qzx;,j) |
ACriterion: Kullback eibler divergence / variationaif
lower bound for:ithe -marginal/likelihood (evidenct:!

logP(x{|q) = Dy (A2 i )||P(Zxi.))+L(aj [xi)

P(zx;,9)2 L(ai Ix:) = i i 2 P(Xi’z‘q)?ﬂ
x|y @1 ki) = i Ndog s i

e
Dy (Q|P) =- fiQ(zx; )gOQ

11



‘ Probabilistic Models in Deep Learning:
Variational Autoencoders
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https://arxiv.org/abs/1312.6114



‘ Probabilistic Models in Deep Learning:
Generative Adversarial Networks

minmaxV(q) ) = Ex~p, . (x)[l0g D(XU N+E-p

q ] mode(Z)[IOg(l' D(G(X|Q)V )]

ADoes not construct variational ! Gt &t D
'1‘ ..}’ ‘ i

approximation-of-aposterior

| > —
distribution Qé - % E
ADirectly estimates the quality of a by b iy ;;

generativermarginal distribution | -
ANo sampling; just gradient-desce 6*'3 o D

ASDI vboEn 2D b ZoAl, Db ZveXon GAA D! b 2

https://arxiv.org/abs/1406.2661 13



Is It enough?

AExample: Adversaridlutoencoders

ATraining-sets: all digits.except 4 were rotated-by: all angle
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‘ Universal Algorithmic Intelligence:
Solomonoff Induction

AUniversal priors p(m =2 '™
> ¢ programs| (binary strings) for-Universal Turing-Machine

AMarginal probability — m )= &2'™M
muU (m)=x*

APrediction My (Y1X) = My (xy) /M (X)

In 2
EQea(Q<x.+1—1|xl.) Ry(%41 =11%)) u¢”—Ku<Q>

AOptimal prediction for-any (computable) data source
Ab 2 oy 20 FNBS 't dzy OK GKS2NBYEH
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Universality of the algorithmic space

3.1415926535 8979323846 2643383279 5028841971 6939937510 5820974944 5923078164 0628620899
8628034825 3421170679 8214808651 3282306647 0938446095 5058223172 5359408128 4811174502
8410270193 8521105559 6446229489 5493038196 4428810975 6659334461 2847564823 3786783165
2712019091 4564856692 3460348610 4543266482 1339360726 0249141273 7245870066 0631558817
4881520920 9628292540 9171536436 7892590360 0113305305 4882046652 1384146951 9415116094
3305727036 5759591953 0921861173 8193261179 3105118548 0744623799 6274956735 1885752724
8912279381 8301194912 9833673362 4406566430 8602139494 6395224737 1907021798 6094370277
0539217176 2931767523 8467481846 7669405132 0005681271 4526356082 7785771342 7577896091
7363717872 1468440901 2249534301 4654958537 1050792279 6892589235 4201995611 2129021960
8640344181 5981362977 4771309960 518707211349 99999 éeéé

Int a=10000,b,c=8400,d,e,f[8401],0;

main() {for(;b-c;)f[b++]=a/5;

for(;d=0,9=c*2;c-=14, printf("%.4d",e+d/a),e=d%a)
for(b=c;d+=f[b]*a,f[b]=d%--g,d/=g--,--b;d*=Db);}

By D.T. Winter
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Is DL that bad?

ARNNinstead of
finite state machine
AExternal memory
with soft addressing
AEndto-end
differentiable
algorithms

ANeural differentiabie-computer) NeuralPGPWU;UNeural
programmerinterpreter, Differentiable-Earthrinterpreter;tetc.
AMemory augmentedNNs includingddeeiRL

Image from: https://deepmind.com/blog/differentiable-neural-computers/ 17
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AApparentitrentttowards: universal dnductiontwithin DL

Image from: https://deepmind.com/blog/differentiable-neural-computers/ 18



Is DL that bad?

ARNNinstead of
finite state machine
AExternal memory
with soft addressing
AEndto-end
differentiable
algorithms

ANeural differentiabie-computer) NeuralPGPWU;UNeural
programmerinterpreter, DifferentiablerEarthrinterpreter;tetc.
AMemory augmentedNNs includingddeeiRL
AApparentitrentttowards: universal dnductiontwithin DL
ABut gradient-deseent iscnotenough ite:learnalgorithms

Image from: https://deepmind.com/blog/differentiable-neural-computers/
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‘Whatﬁs about pro

AGraphical models in computer vision,
knowledge representations, etc.

AProbabilistic programming
AProbabilistic models of cognition

Intermediate Iterations Final Inferred Image

FEes JVbg h |

dn

// Units in arbitrary, uncentered renderer coordinate system.

ASSUME road_width {(uniform discrete 5 8)

ASSUME road_height {uniform discrete 70 150)

ASSUME lane_pos_x (uniform continucus -1.0 1.0)

ASSUME lane_pos_y (uniform continuocus -5.0 0.0)

ASSUME lane_pos_z (uniform continuous 1.0 3.5)

ASSUME lane_size (uniform continucus 0.10 0.35)

ASSUME eps (gamma 1 1)

ASSUME port 8000 // External renderer and likelihocod server.

ASSUME load image (load remote port "load image")

ASSUME render_surfaces {load remocte port "road_ renderer")

ASSUME incorporate_stochastic_likelihood (load remote port "likelihood")

ASSUME theta_left (list 0.13 ... 0.4

ASSUME theta_right (list 0.03

ASSUME theta_road (list 0.05 ... 0.

ASSUME theta_lane (list 0.01 ... 0.

ASSUME data (load image "frameZ(0l.p

ASSUME surfaces (render_surfaces 13
road_width road_height lane_size)

OBSERVE (incorporate_stochastic_1li
theta road theta lane data surfad

s @Ybg h
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Images from: Mansinghka, V., Kulkarni, T., Perov, Y., Tenenbaum, J.: Approximate Bayesian Image Interpretation using 20
Generative Probabilistic Graphics Programs. Advances in NIPS, arXiv:1307.0060 [cs.Al] (2013).




