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Unsupervised Supervised

Can we develop an integrated theory of
learning, in computational, behavioral
and neural terms? e fg 5
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The really hard problems
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Two cultures

“Nature”

Innate structured
representations

Grounded in cognition

Versus

“Nurture”

Statistical learning,
plasticity

Grounded in the brain



Recent causes for optimism

 New models from machine learning, Al

— Structured statistical models

Probabilities defined over structured representations:
graphs, causal networks, grammars, predicate logic.

— Multilevel (hierarchical) statistical models

Inference at multiple levels of abstraction and multiple
timescales.

— Flexible statistical models
Hypothesis spaces grow as new data are encountered.

 New technologies
— “Supercomputers” on the desktop, grid computing
— Life-size datasets for modeling cognitive development
— Mainstream functional MRI



“Universal Grammar” Hierarchical phrase structure
grammars (e.g., CFG, HPSG, TAG)
l P(grammar | UG)

G S > NPVP
fammar NP —> Det [Adj] Noun [RelClause]
RelClause — [Rel] NPV
VP - VP NP
P(phrase structure | grammar) VP — Verb
+subject > -subject
M s +pronoun > -pronoun
+actor > -actor
Phrase structure R
P +animate > -animate
/\ +definite/specific > -definite/specific
P(utterance | phrase structure) ‘P i i
Pronoun Verb Article Noun
1 1 1 1
UtteranCe | shoot the wumpus

l P(speech | utterance)

Speech signal “WMW"MW‘”



Probabilistic scene parsing

type Alrcraft; type Blip:

scene

random R&eVector State(Alircraft, Maturallum);
random R3Vector ApparentPos (Blip);:

rule nenrandom NaturalNum Pred(NaturalNum) = Predecessor;

parsing graph
G

generating Alrecraft Scurce (Blip);
generating NaturalWum Time (Blip); BLOG

#hlrcraft ~ HumkircrafeDistribi();

state(a, t) (Bayesian

if £ = 0 then ~ Initstate() .
else ~ StateTransition{State(a, Pred{t))); Loglc)

surfaces

#Blip: (Source, Time) -»> (a, t}
L ~ DetectionDistrib(State{a, t));

configuration ‘W
C Z ; #Blip: (BlipTime) -> (t)

v L 4 ~ NumFalseAlarmsDistrib();
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ApparentPos ()
/ if (BlipScurce(r) = null) then ~ FalsehAlarmDistrik()
else ~ ObsDistrib(State(Scurce(r), Time(r)));
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Probabilistic scene parsing
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Learning domain structures

- fOrm Tree with objects at leaf nodes
| P(structure | form) pine
plant
palm
S: structure iving thing
mouse
animal

mammal
P(data | structure) gorilla

D: data




Learning domain structures
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Learning causal theories

AbStraCt Objects can activate Machines
I I Activation requires contact
PrInCIpleS Machines are (near) deterministic

Classes: {R, D, S} (Risks, Diseases, Symptoms)
Causallaws: R—>» D, D—» S
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Patient 1: Stressful lifestyle
Chest Pain

Patient 2: Smoking
Coughing

Patient 3: Working in factory
Chest Pain




Learning the laws

of magnetism

Learning regulatory
modules in genetics
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Mean payoff

Learning to act
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The grand challenge

Cognitive science of Design of artificial
human learning learning systems

N/

Brain structures and
mechanisms that
support learning
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