
Networks

1. Biology: The cortex

2. Excitation:

� Unidir ectional (transformations)

� Local vs. distributed representations

� Bidir ectional (pattern completion, ampli�cation)

3. Inhibition: Controlling bidir ectional excitation.

4. Constraint Satisfaction: Putting it all together.



Laminar Structure of Cortex
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The Cortex

Two separate populations of neurons:

� Excitatory (glutamate): Pyramidal, Spiny stellate.

� Inhibitory (GABA): Chandelier, Basket.



The Neuron and its Ions
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Networks

1. Biology: Cortical layers and neurons

2. Excitation:

� Unidir ectional (transformations)

� Local vs. distributed representations

� Bidir ectional (pattern completion, ampli�cation)

3. Inhibition: Controlling bidir ectional excitation.

4. Constraint Satisfaction: Putting it all together.



Excitation (Unidir ectional): Transformations
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� Detectors work in parallel to transform input activity pattern
to hidden activity pattern.

� Emphasizessomedistinctions, collapsesacrossothers.

� Function of what the detectors detect (and what they ignore).



Emphasizing/Collapsing Distinctions: Categorization
NoisyDigits Pattern: 0
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Emphasizing/Collapsing Distinctions: Categorization
NoisyDigits Pattern: 0
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Emphasize distinctions: Dif ferent digits separated,even though
they have perceptual overlap.



Emphasizing/Collapsing Distinctions: Categorization
NoisyDigits Pattern: 0

Y

X
0.00

2.00

4.00

6.00

8.00

10.00

12.00

14.00

16.00

18.00

20.00

22.00

24.00

26.00

28.00

30.00

0.00 5.00 10.00 15.00 20.00

7
7
7

9
9
9

2
2
2

5
5
5

3
3
3
8
8
8

1
1
1

4
4
4

0
0
0
6
6
6

Hidden_Acts Pattern: 0
Y

X
0.00

2.00

4.00

6.00

8.00

10.00

12.00

14.00

16.00

18.00

20.00

22.00

24.00

26.00

28.00

30.00

0.00 0.50 1.00

0
0
0
1
1
1
2
2
2
3
3
3
4
4
4
5
5
5
6
6
6
7
7
7
8
8
8
9
9
9

a) b)

Emphasize distinctions: Dif ferent digits separated,even though
they have perceptual overlap.

Collapse distinctions: Noisy digits categorized assame,even
though they have perceptual dif ferences.



Emphasizing/Collapsing Distinctions

3

5

8
2

6

0 9

7

1

4

0 1 2 3 4 5 6 7 8 9

Input

Hidden



Emphasizing/Collapsing Distinctions
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Other (more interesting) examples?...



Detectors are Dedicated, Content-Speci�c
Letters Pattern: 0
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Distributed vs Localist Representations

Localist = 1 unit responds to 1 thing (e.g.,digits, grandmother cell).



Distributed vs Localist Representations

Localist = 1 unit responds to 1 thing (e.g.,digits, grandmother cell).
Distributed = Many units respond to 1 thing, one unit responds to
many things.



Digits With Distributed Representations

Input
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Advantages of Distributed Representations



Advantages of Distributed Representations
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Continuous Dimension

Ef�cienc y: Fewer total units required.

Similarity: As a function of overlap.

Generalization: Can use novel combinations.

Robustness: Redundancy.

Accurac y: By coarse-coding.

Learning: Bootstrapping of small changes.



Networks

1. Biology: Cortical layers and neurons

2. Excitation:

� Unidir ectional (transformations)

� Local vs. distributed representations

� Bidir ectional (pattern completion, ampli�cation)

3. Inhibition: Controlling bidir ectional excitation.

4. Constraint Satisfaction: Putting it all together.



Networks: Bidir ectional Excitation
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Networks: Bidir ectional Excitation

. . .

. . .

1. Top-down processing(“imagery”).

2. Pattern completion.

3. Ampli�cation/bootstrapping.



Word Superiority Effect

Identify secondletter in:

NEST (faster)

DEST(slower)



Word Superiority Effect

Identify secondletter in:

NEST (faster)

DEST(slower)

Weird! You have to recognize the letter before you can recognize
the wor d, so how can the wor d help letter recognition?



Networks

1. Biology: Cortical layers and neurons

2. Excitation:

� Unidir ectional (transformations)

� Local vs. distributed representations

� Bidir ectional (pattern completion, ampli�cation)

3. Inhibition: Controlling bidir ectional excitation.

4. Constraint Satisfaction: Putting it all together.



Inhibition

� Controls activity (bidir ectional excitation).

� Competition -> selection (Darwin!).



Inhibition

� Controls activity (bidir ectional excitation).

� Competition -> selection (Darwin!).

1. Biology: Feedforward and Feedback.

2. Critical Parameters.

3. KWTA Simpli�cation.



Types of Inhibition
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Critical Parameters

Input

InhibHidden

Feed-
Forward

Input

InhibHidden

a) b)
Feedback

� Inhib conductance into hidden units (g_bar_i.hidden )

� Inhib conductance into inhib units (g_bar_i.inhib )

� Strength of feedforwar d weights to inhib (scale.ff )

� Strength of feedback weights to inhib (scale.fb )



k-Winners-Take-All (kWTA) Appr oximation

Computationally expensive to simulate inhibitory interneur ons:

� Extra units and connections.
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k-Winners-Take-All (kWTA) Appr oximation

Computationally expensive to simulate inhibitory interneur ons:

� Extra units and connections.

� Slower rate constants (dt) required to avoid oscillations
(many cyclesof updating to processinputs).

Thus, we approximate inhibition by only activating k units.

Appr oximates set point behavior: thermostat setting.

Compute gi such that k units are above threshold, rest below.



kWTA Idea
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KWTA Appr oximation: Simple
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KWTA Appr oximation: Average-Based
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Networks

1. Biology: Cortical layers and neurons

2. Excitation:

� Unidir ectional (transformations)

� Local vs. distributed representations

� Bidir ectional (pattern completion, ampli�cation)

3. Inhibition: Controlling bidir ectional excitation.

4. Constraint Satisfaction: Putting it all together.
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Constraint Satisfaction

Processof trying to satisfy various constraints (from environment,
connection weights, activations).



Constraint Satisfaction

Processof trying to satisfy various constraints (from environment,
connection weights, activations).

1. Attractor Dynamics.

2. Energy Function.

3. Noise.



Attractor Dynamics

A network will settle into a stable stateover time: the attractor .

attractor state
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Maximize harmony given inputs and weights.



The Energy Function
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Falling things are minimizing their potential energy: nature always
seeksto minimize the energy of a system.

If we can write an expressionfor the energy of a network, will the
“natur e' of the network minimize it?

Yes!
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Harmony biggest when activations consistent with the weights!
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The Necker Cube

a) b) c)

Ambiguous, bistable stimulus.



The Role of Noise

How might noise be useful in your brain?



The Role of Noise

How might noise be useful in your brain?

Local Minimum

Global Minimum



The Role of Inhibition
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