Combined Model & Task Learning

1. Prosand Cons: Use Both.

2. Inhibition is also an Important Bias.

Biology Says:Both

Plus Phase
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No CaZ* | no learning
Mod Ca?* | LTD
High Ca?* | LTP

Only casedisagreeingw/ Hebb is bottom left quadrant (LTD).
! Low Ca?* : sameasfor Hebb yj=1, xi=0.
I Consistent with data showing LTD from low freq stimulation

Combining Error-driven + Hebbian
Getbene ts of both:
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Hebbian bias helps so that weights are constrained to smaller set of
solutions (otherwise too interdependent in err-driven)

Inhibitory Competition asa Bias

Inhibition:

Causessparse, distributed representations
(many alternatives, only afew relevant at any time).

Competition and specialization: survival of ttest.
Self-organizing learning.

(Often more important than Hebbian bias)

The Whole Enchilada
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@ Generalization

How well do we deal with things we've never seenbefore?

C—=

eachtime you walk into class,eachsocial interaction, eachsentence
you hear, etc.

nust

We're constantly faced with new situations, and generalize
reasonablywell to them.

How do we do it?




Generalization

Distributed reps: novel items are novel combinations of existing
features(combinatorial representations): “nust”

output 0

internal
reps

input e

a) Elemental reps b) Conjunctive reps
(good combinatorial (bad combinatorial
generalization) generalization)

Hebbian & inhibition: produce elemental, combinatorial reps.




15 Sims: Generalization

Hebb:
Sometimesfails to learn the training set
Representsmeaningful “things” in the world (correlations)
Shows good generalization

Error (GeneRec):
Always learns the training set
Representationsare “mushy”
Can show poor generalization

Error + Hebb:
Learns the training set(more quickly than error alone)
Representsmeaningful features

Shows good generalization!

In Transition

from Part I: BasicMechanisms.

to Part Il: Perception, Attention, Memory, Language, Higher
Level Cognition

Summary of Part |I: BasicMechanisms
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Micr o and Macro-Neurocomputomics

Micr o = basic mechanisms common acrossbrain areas.
Macro = organization, dif ferentiation, interactions of brain areas.

Need to consider general principles for macro organization
before we canthink about larger cognitive functions.




Macro Structural Principles

Pathway 1 Pathway 2

Hierar chical sequenceof transformations.

— Emphasize some distinctions, ignor e others

— For objectrecognition you want to ignor e dif ferencesin
location, lighting, size, rotation

— When reaching for objects,you want to emphasize location,
size, and ignore object identity

Macro Structural Principles

Pathway 1 Pathway 2

Specialized pathways.
— Location-invariant objectrecognition vs. recognizing
orientation & location

Macro Structural Principles

Pathway 1 Pathway 2

Inter-pathway interactions.

— Visual attention is an emergent property of interactions
between objectidenti cation & spatial pathways

Macro Structural Principles

Pathway 1 Pathway 2

Higher -level associationareas
— Integration of visual and auditory information

Macro Structural Principles

Pathway 1 Pathway 2

Large-scaleDistributed Representations

— Knowledge is distributed acrossmultiple brain areas
— Multiple areasparticipate in representing a given thing
— Eacharearepresentsmultiple things

— Sameidea asdistributed representation among units for
individual items, but just now acrossmultiple
areas/modalities,etc

Macro Dynamic Principles

Processingasmultiple constraint satisfaction
Attractors, settling dynamics, ampli cation
Inhibitory competition: attention.

Where do constraints come from?
— perceptual inputs (“bottom-up” constraints)

— Also, we have the ability to maintain ring of neurons even
in the absenceof bottom-up stimulation

— Make use of bidir ectional excitatory connections
I Active memory — constitutes an inner mental context




Sheswam from the overturned canoeto the bank.
Shewalked from the post of ce to the bank.

General Functions of the Cortical Lobes

Occipital lobe: vision
Temporal lobe: hearing, speechperception, objectrecognition
Parietal lobe: representing body & external spaces

Frontal lobe: Motor control, cognitive control (planning,
working memory)

Other Areas

Hippocampus (rapid learning).
Thalamus (sensory input, attention).
Amygdala (emotion, affective associations).

Basalganglia (BG) (sequencesmotor control, reward learning,
gating of PFC...).

Cerebellum (motor learning, cognitive role via timing?).

Midbrain neuromods: VTA - dopamine, raphe - seratonin.

Tripartite Functional Organization

N\
7\

# PN\
o SR

PC = posterior perceptual and motor cortex.
FC = prefrontal cortex.
HC = hippocampus and related structures.

De ned by setof functional tradeoffs.

Slow vs FastLearning
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Learning must be slow to capture (statistical) structur e (averaging).

But you also have to be able to learn rapidly .

Tradeoff solved by 2 systems: cortex learns slowly, hippo rapidly .

29 Active Memory vs Overlapping Distributed Reps
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Overlapping distributed representationsare are useful for
capturing information about the world.

But overlap & interconnectivity causespread, which is not useful
for maintaining information over time.

Tradeoff solved by two systems: PC has overlapping distributed
representations, FC is isolated for maintenance.

Active memory needsspecialized updating & maintenance mechs.




Summary

The functional architecture of the brain re ects the need to
simultaneously achieve multiple, computationally
incompatible objectives

To avoid making trade-offs we have evolved specialized
structures

The processof trying to build computational models (that are
compatible with neurobiological and behavioral data) helps us
identify thesetrade-offs




