Combined Model & Task Learning

1. Prosand Cons: Use Both.
2. Inhibition is also an Important Bias.

3. Generalization & Deep Networks.
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Functional: Pros and Cons
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Hebbian autonomous, myoplc,

(local) reliable greedy
Error-driven | task-driven,  co-dependent,
(remote) cooperative  lazy

Error-driven = Left-wing, Hebbian = Right-wing
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Combining Error-driven + Hebbian

Get bene ts of both:

Wjj hebbt  err (1)

hebb= €aj(aj wj )

err = el(ai"a")  (aja)]

wij = (khebt) hebbt (1 khebt( err) (2)



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)



2. Distributed

Representations

5. Error-driven
Learning

The Whole Enchilada

1. Biological realism

3. Inhibitory
Competition

4. Bidirectional
Activation
Propagation

6. Hebbian
Learning
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Generalization

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

nust

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

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 a

internal
reps
input G
a) Elemental reps b) Conjunctive reps
(good combinatorial (bad combinatorial
generalization) generalization)

Hebbian & inhibition: produce elemental, combinatorial reps.



Sims: Generalization



Deep Networks

Need many hidden layers to achieve many stagesof
transformations (dramatically re-representingthe problem).

But then the error signals are very remote & weak.

Need to add constraints and self-organizing learning:

a) b)
Gyroscopes Self-organizing
Learning
Flexibility

Limits Constraints



Example: Family Trees
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Sequential & Temporally-Delayed Learning

1. The Problem.
2. Sequential Learning & Context.

3. Temporally-delayed Learning & Reinforcement.



The Problem

Currently: networks learn immediate consequenceof a given input.

What if current input only makes senseas part of atemporally-
extended sequenceof inputs?

What if the consequenceof this input comeslater in time?
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Sequencelearning

How do we do it?
For example:

My favorite color is purple.
Purple my color favorite is.
Is my purple color favorite.
Is purple my color favorite.

The girl picked up the pen.
The pig raced around the pen.

We representthe context, not just the current input.

In language, social interactions, driving (who goesat a 4-way stop?)



Representing Context for SequencelLearning

How doesthe brain do it?
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Representing Context for SequencelLearning

How doesthe brain do it?
How would we get our models to do it?

Add layers to keep track of context (prefrontal cortex).
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Representing Context for SequencelLearning
1

q Outpu
— 1

Hidden

Context

Simple Recurrent Network (SRN;Elman, Jordan).
¢(t) hi(t 1)+ ¢(t 1)

¢ (t) = fmnighj(t 1) + fmprvg (¢t 1)



An Example Task
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BTXSE
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BTSXXTVVE
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Which of the following sequencesare allowed?:
BTXXTTVVE

TSXSE

VVSXE

BSSXSE
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An Example Task

BTXSE,BPVPSE BTSXXTVVE,BPTVPSEBTXXTTVVE
TSXSEVVSXE,BSSXSE

We implicitly learn such grammars (e.g.,pressing buttons faster to
letters that follow grammar).



The Network
Hidden
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Input Context

Randomly choosesone of two possible next states.

Hidden/context units learn to encode states,not labels.



Time & Seguences

Currently: networks learn immediate consequenceof a given input.

What if current input only makes senseas part of atemporally-
extended sequenceof inputs? (context)

What if the consequenceof this input comeslater in time?
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need to “span the gap”.



Temporally-delayed Learning & Reinforcement

Reinforcement often delayed from the action(s) that lead to it:
need to “span the gap”.

Key ideas: We want to predict rewards consistently over time. This
processleads us to learn what events are associatedwith rewards,

earlier and earlier back in time.

We use the Temporal Differences(TD) algorithm (Sutton).



Reinforcement Biology

a) Basal Ganglia b) Frontal Cortex

Striasomes Matrisomes Ventromedial Dorsal

A L

Midbrain dopimanergic (DA) systemsmodulate cortex & basal
ganglia: SubstantiaNigra (SN) & Ventral-Tegmental Area(VTA).

SN & VTA are controlled by other cortical/BG areas.

Theseother areasare like an “Adaptive Critic” (AC), which
evaluates stimuli & actions for their rewarding value..



Actual Recorings from Actual Neurons

Leaming Established

"5 0 05 10s 05 0 05 10 o i 2s
¥ movement
Reward Reward Instruction  Trigger

VTA ring moves from responding to reward to anticipating it at
the instruction.



The Equations

Value function, sum of discounted futur e rewards:
V() = MOr(t) + vir(t+ 1) + 2r(t+ 2) .. (3)
Recursive de nition:
V(t) = br(t) + AV(¢t+ 1) (4)

Error in predicted reward:

5(t) = (r(t) + AP+ 1)) V(1) (5)



Network Implementation
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Model: CSatt=2, USatt=16
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Phase-basedmplementation
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Plus phase: AC settlesvia weights = expectedreward at t+1 (or r).
Minus phase: AC clamped to previous plus phasevalue (0 at start).

Learning goes“backwar ds in time” to affect previous time step..



Exploration

Input &
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time

CSCinput (Complete Serial Compound): a unique unit for each
stimulus at eachtime point.

Not realistic, but good for demonstration.



