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Artificial General Intelligence
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(General) intelligence is an agentôs

ability to efficiently achieve goals in a

wide range of environments with

insufficient knowledge and resources

Pei Wang, Ben Goertzel, Marcus Hutter, etc.



Subfields and Approaches
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ÅDeep Learning

ÅCognitive Architectures

ÅProbabilistic Models

ÅUniversal Algorithmic Intelligence

ÅReinforcement Learning



Discriminative and Generative Models
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P(y|x)

z~P(z)y

x~P(x|z)

x



FFNNs as Discriminative Models
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softmax

Feed forward network

Hidden Layer    Hidden Layer   Hidden Layer

Input Layer (X)

Output Layer (Y)

Direct approximation of P(y|x)



Critique of Deep Learning
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ÅWeak generalization

ÅRequire large training sets; no one-
shot learning

ÅCannot learn invariants

ÅVulnerable to Adversarial examples

ÅDifficulties with transfer and 
unsupervised learning

ÅFrom AGI perspective

ÅEncode higher-order statistics,
but not causal, logical, spatio-
temporal relations

ÅBad in high-level reasoning and
planning, etc.

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

Gary Marcus. Keynote @ AGI-16



Generative Models: Graphical Models
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ÅCurse of dimensionality

ÅChain-rule decomposition 

ÅConditional independence

 

P(x1:N )=P(x1)P(x2 x1)...P(xN x1:N-1)= p(xs xp(s))
s=1

N

Ô

ÅBayesian networks

ÅMarkov networks

ÅFactor graphs

ÅPlate models, etc.

 

P(x1,...,xN )=
1

Z
yC(xC)

CÍC

Ô



Graphical CA Hypothesis: Sigma
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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.

ÅGraphical Architecture Hypothesis

ÅFour desiderata:

Ågrand unification

Ågeneric cognition

Åfunctional elegance

Åsufficient efficiency

ÅDeconstruction of all cognitive 
functions with the use of factor-
graphs as a general cognitive 
firmware

ÅReasoning: Message Passing

ÅLearning: Gradient Descent



Generative Models
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ÅProducex fromz
ÅIn opposite direction?

ÅDifficulties with marginalization X
Z

ÅRBM: simplest non-trivial probabilistic 
graphical model

ÅDifficulties with training
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Probabilistic Models: Discriminative 

and Generative
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Discriminative Generative

Mapping A mapping from the task 

to its solution space

P(y|x)

A mapping from the 

solution space to data

z~P(z), x~P(x|z)

Pros ÅEfficient

ÅLess assumptions of 

data distribution

ÅFlexible

ÅUn/semi-supervised 

learning

Cons ÅOne-way inference only

ÅOnly supervised 

learning

ÅAdditional 

assumptions of data 

distribution

ÅComputationally 

inefficient inference
10



Probabilistic Models: Variational Bayes
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ÅPosteriors are difficult to compute

Å[ŜǘΩǎ ŀǇǇǊƻȄƛƳŀǘŜ ǘƘŜƳ ǿƛǘƘ ǎƻƳŜ Ŝŀǎƛƭȅ 
computable

ÅCriterion: Kullback-Leibler divergence / variational 
lower bound for the marginal likelihood (evidence)

 

logP(xiq)=DKL Q(zxi ,j) P(zxi ,q)( )+L(q,jxi )

 

DKL(Q P)=-Q(zxi ,j)ñ log
P(zxi ,q)

Q(zxi ,j)

è 

ê 
é 

ø 

ú 
ù dz

 

L(q,jxi )= Q(zxi ,j)ñ log
P(xi ,zq)

Q(zxi ,j)
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ù dz

 

P(zi |xi ,q)=
P(xi ,zi |q)

P(xi |q)
=

P(xi ,zi |q)

P(xi ,z |q)ñ dz

 

Q(zxi ,j)

Z

X

 

Qj(zx)

 

P(z)

 

Pq(xz)



Probabilistic Models in Deep Learning:

Variational Autoencoders
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logP(xiq)=DKL Q(zxi ,j) P(zxi ,q)( )+L(q,jxi )

Å[ŜǘΩǎ ƭŜŀǊƴ ǘƘŜ ƎŜƴŜǊŀǘƛǾŜ ƳƻŘŜƭ ŀƴŘ ƛǘǎ 
variational approximation simultaneously

Å[ŜǘΩǎ ǊŜǇǊŜǎŜƴǘ t ŀƴŘ v ŀǎ 5bbǎ

ÅAdd some heuristics

https://arxiv.org/abs/1312.6114



Probabilistic Models in Deep Learning:

Generative Adversarial Networks
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Å5/D!bΣ ²D!bΣ [{D!bΣ Χ .ƛD!bΣ LƴŦƻD!bΣ .ŀȅŜǎƛŀƴ D!b

 

min
q

max
j

V(q,j)=Ex~Pdata(x)[logD(xj)]+Ez~Pmodel(z)[log(1-D(G(xq)j))]

https://arxiv.org/abs/1406.2661

ÅDoes not construct variational 
approximation of a posterior 
distribution

ÅDirectly estimates the quality of a 
generative marginal distribution

ÅNo sampling, just gradient descent



Is it enough?
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ÅExample: Adversarial Autoencoders
ÅTraining sets: all digits except 4 were rotated by all angle

ÅNo generalization of rotation



Universal Algorithmic Intelligence: 

Solomonoff Induction
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ÅUniversal priors

˃ ςprograms (binary strings) for Universal Turing Machine

ÅMarginal probability

ÅPrediction

ÅOptimal prediction for any (computable) data source

Åbƻ άƴƻ ŦǊŜŜ ƭǳƴŎƘ ǘƘŜƻǊŜƳέΗ

 

MU (x)= 2-l (m)

m:U (m)=x*

ä 

P(m)=2-l (m)

 

MU(y x)=MU (xy) /MU (x)

 

EQ Q(xi+1=1| x1:i )-PU(xi+1=1| x1:i )( )
2

i=1
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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 5187072113 4999999 ééé

int a=10000,b,c=8400,d,e,f[8401],g;

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

for(;d=0,g=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*=b);}

By D.T. Winter



Is DL that bad?
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Image from: https://deepmind.com/blog/differentiable-neural-computers/

ÅRNNinstead of 
finite state machine
ÅExternal memory 
with soft addressing
ÅEnd-to-end 
differentiable 
algorithms

ÅNeural differentiable computer, Neural GPU, Neural 
programmer-interpreter, Differentiable Forth interpreter, etc.
ÅMemory augmented NNs, including deep RL
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differentiable 
algorithms

ÅNeural differentiable computer, Neural GPU, Neural 
programmer-interpreter, Differentiable Forth interpreter, etc.
ÅMemory augmented NNs, including deep RL
ÅApparent trend towards universal induction within DL



Is DL that bad?
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Image from: https://deepmind.com/blog/differentiable-neural-computers/

ÅRNNinstead of 
finite state machine
ÅExternal memory 
with soft addressing
ÅEnd-to-end 
differentiable 
algorithms

ÅNeural differentiable computer, Neural GPU, Neural 
programmer-interpreter, Differentiable Forth interpreter, etc.
ÅMemory augmented NNs, including deep RL
ÅApparent trend towards universal induction within DL
ÅBut gradient descent is not enough to learn algorithms



Whatôs about probabilistic models?
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ÅGraphical models in computer vision, 
knowledge representations, etc.

ÅProbabilistic programming

ÅProbabilistic models of cognition

Images from: Mansinghka, V., Kulkarni, T., Perov, Y., Tenenbaum, J.: Approximate Bayesian Image Interpretation using 

Generative Probabilistic Graphics Programs. Advances in NIPS, arXiv:1307.0060 [cs.AI] (2013).


