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Self-organizing Learning

� What kind of human learning might be explained through a
self-organizing learning process?

� What kind of learning can't be explained in this way, and
might require additional learning mechanisms?



Learning

� Tuning detectors locally to achieveglobal results.

� Two main types:

– Learning internal model of environment (Ch 4)

– Learning to solve a task (produce output from input) (Ch 5)

– Doing both at the sametime (Ch 6)
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ThreeInput/Output Mappings

Easy Hard

Event_0 Event_1

Event_2 Event_3

Event_0 Event_1

Event_2 Event_3

“Imposs”

Event_0 Event_1

Event_2 Event_3



Sims: Hebbian for Task Learning
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Task Learning: Good News/Bad News

Bad News: Hebbian can't learn arbitrary input/output mappings.

Good News: Error-driven delta rule can,using discrepancy
between actual and target outputs (error).



Where the Target ComesFrom

a) Explicit Teacher b) Implicit Expectation
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What is Target? Activation Phases

Input Input

a) Minus Phase
    (expectation)

b) Plus Phase
    (outcome)

target
output

� wik = � ( o+
k � o�

k ) si (1)



Credit/Blame Assignment

. . .

a) b)

. . . � wik = � ( o+
k � o�

k ) si

Input activation = caloric content of food.
Weight = how much you eat of that food.



Credit/Blame Assignment

. . .

a) b)

. . . � wik = � ( o+
k � o�

k ) si

Input activation = caloric content of food.
Weight = how much you eat of that food.

If your weight is too high, what do you do?



Credit/Blame Assignment

. . .

a) b)

. . . � wik = � ( o+
k � o�

k ) si

Input activation = caloric content of food.
Weight = how much you eat of that food.

If your weight is too high, what do you do?
(eat lessof the high calorie inputs!)



Credit/Blame Assignment

. . .

a) b)

. . . � wik = � ( o+
k � o�

k ) si

Input activation = caloric content of food.
Weight = how much you eat of that food.

If your weight is too high, what do you do?
(eat lessof the high calorie inputs!)

If your weight is too low, what do you do?



Credit/Blame Assignment

. . .

a) b)

. . . � wik = � ( o+
k � o�

k ) si

Input activation = caloric content of food.
Weight = how much you eat of that food.

If your weight is too high, what do you do?
(eat lessof the high calorie inputs!)

If your weight is too low, what do you do?
(eat more of the high calorie inputs!)



Sims: Delta Rule
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Task Learning: Good News/Bad News

Bad News: Hebbian can't learn arbitrary input/output mappings.

Good News: Error-driven delta rule can,using discrepancy
between actual and target outputs (error).

Bad News: The delta rule is fundamentally limited: no hidden
units.

Good News: Backpropagation trains hidden units.

Bad News: Biology doesnot support backpropagation.

Good News: GeneReccan compute error in biologically plausible
way asdif ferenceof two activation states.
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Re-representing and Hidden layers

Dif �cult tasks becomeeasierwhen you re-representusing
intermediate representations:

� Memorize digits using digit chunks.

� Read in terms of wor ds, not letters.

� “Thinking outside the box.”

Hidden layers enable this re-representation!
(multiple levels of transformations).

Delta rule can't do this.



GeneRec:Biologically Plausible Bp

Use bidir ectionally-connected network with 2 phasesof settling:
a) Minus Phase b) Plus Phase
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Biological Implementation

Plus Phase
x+

i ; y+
j � 0 x+

i ; y+
j � 1

Minus Phase Err CPCA Combo Err CPCA Combo
x�

i ; y�
j � 0 0 0 0 + + +

x�
i ; y�

j � 1 – 0 – 0 + +

Just like CPCA except when you make an error:
x �

i ; y�
j � 1 then x+

i ; y+
j � 0.

LTD here comesfrom moderate amount of Ca2+ in minus phase.
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Sims: GeneRec



A Brief History/Derivation of Backprop

Not essentialto know all the details..



Task Learning: Minimizing Error (Gradient Descent)

Task error = Summed-Squared Error:

SSE =
X

t

X

k
( tk � ok) 2 (2)

To minimize the error, take the derivative of the error with respect
to the weights: indicates how error changesasweights change.

Delta Rule minimizes SSE:

� wik = � ( tk � ok) si (3)
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Example: Minimizing y = x2 via derivatives
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How does y changew/changes to x?

Derivative of y wrt x; dy
dx or @y

@x . Derivative of x2 = 2x.

To minimize y, move x opposite the derivative.



Delta Rule in a Simple Network

SSE =
P

t
P
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Derivation of Delta for Linear Units

SSE =
P

t
P

k( tk � ok) 2. Activation: ok =
P

i si wik

@SSE

@wik
=

@SSE

@ok

@ok

@wik
(4)

@SSE

@ok
= � 2( tk � ok) (5)

@ok

@wik
= si (6)

@SSE

@wik
= � 2( tk � ok) si (7)

� wik = � ( tk � ok) si (8)



Delta Rule for BiasWeights

BiasWts: Treat sending unit asalways active at 1:

� � k = � ( tk � ok) (9)
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Summary and Further Issues

We can minimize SSEfor units with linear actsusing delta rule!

1. What about sigmoidal/point neuron activations?

� Use cross-entropy error (CE) = delta rule w/sigmoidal acts.

� Later we'll get to point neuron activations.

2. Delta rule weights are unbounded – need to bound 0-1.



Cross-Entropy Error (vs. SSE)

Cross-Entropy assumestk, ok are probabilities of binary vars:

CE =
X

t

X

k
tk log ok + (1 � tk) log (1 � ok) (10)

Big penalty if ok = 0 and tk = 1:
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CE Cancelsout Derivative with Sigmoidal Units
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(11)
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@wik
= � ( tk � ok) si (15)



Soft Weight Bounding

Keep weights bounded between 0-1 by exponentially slowing
increases,decreasesasthey approach bounds:

� wik = [� ik ]+ (1 � wik ) + [� ik ]� wik (16)

[� ik ]+ = computed weight changeif positive (else0).

[� ik ]� = computed weight changeif negative (else0).

Let's seehow it works!



Error Backpropagation

Propagate error signals to hidden units so they can adjust weights:
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Bp: The Equations
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Bp: The Equations

� wij = � �� j x i (17)
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For output units: � k = � ( tk � ok)
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Bp: The Derivation

Major chain rule:

@CE

@wij
=

X

k

dCE

dok

dok
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d� j

@� j

@wij
(18)

Compare to delta rule:

@CE

@wik
=

@CE

@ok

dok

d� k
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(19)

It took 15-25years (and suffering through Minsky & Papert) to add
those 2 extra chain steps!



The Problem with BP

For hidden units: � j =
� P

k � kwj k

� �
hj (1 � hj )

�

How does that � j get propagated backwards acrossthe synapse,
down the axon, and out the dendrites??

. . .

. . .

. . .Output

Hidden

Input

Targets
tk
ok

hj

si

dk tk - ok )

Dwjk= hjdk

dj =Sdk wjk

Dwij = dj siA
ct

iv
at

io
n E

rror s hj'( )

= -(

-

-

Most psychological models use this learning algorithm.
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GeneRec:Computing Error from Activation Dif ferences
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Technicalities: Symmetry + Midpoint = CHL

Technically, backprop under GeneRecis: � wij = x�
i ( y+

j � y�
j )

Need weights to be symmetric, and why should we use x �
i for the

sending unit activation instead of x+
i ??

Take the averageof the sending and receiving weight updates, and
use the averageof the plus and minus phasesfor the sending unit:

� wij = �
1

2

h
( x+

i + x�
i )( y+

j � y�
j ) + ( y+

j + y�
j )( x+

i � x �
i )

i

= �
h
( x+

i y+
j ) � ( x �

i y�
j )

i
(20)

This is the Contrastive Hebbian Learning rule (CHL) – what we
actually use!


