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Visual Projections Routed to the Auditory Pathway in Ferrets:
Receptive Fields of Visual Neurons in Primary Auditory Cortex
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Widrow and his graduate student Hoff introduced
ADALINE network and learning rule which they called
the LMS(Least Mean Square) Algorithm.
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Widrow-Hoff Learning Rule

LMS(Least Mean Square)
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Activation function
Binary Step
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Single-Layer Linear Network
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Minsky & Papert (1969) offered solution to XOR problem by
AV eitnl combining perceptron unit responses using a second layer of units



Multilayer Neural Network B} RNV V:Va ﬂﬁ.\.ﬁ) -

Multilayer Perceptron( MLP)

sl
539)9




(c..slsl)sl) 3in uoc (SASMH -

33 J103s (;80)8 M) eablms $3)g0 @ B539)9 ©

3 sul slasaly oled @ hd sl jl salg o o
(Cuw) jlaws ya10 (jg) .Cauwl Juois

b yo )y (8A8 Slassly shhad gaises g aawd saas o
A0 godis g il 30

vl ol @y g) ©ULa3) el o

B0 00 (008 @l w)lapg)y siwdlad @G o
AL hape




An introduction to computing with neural nets (Lippmann, R. P. 1987)
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Neural Networks — An Introduction Dr. Andrew Hunter
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"""""""""" Rumelhart, D. E., et al. (1986). *'Learning representations by back-propagating
errors.” Nature 323(6088): 533-536.
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ReLU(rectified linear activation function) —

Biological Cybernetics1975, ICML2010
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Conjugate gradient
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Conjugate gradient -
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Conjugate gradient -
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Conjugate gradient -
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Conjugate gradient -
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Conjugate gradient -
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Conjugate gradient -
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The Forward-Forward
algorithm (FF)




“As a model of how cortex learns,
backpropagation remains implausible
despite considerable effort to invent
ways in which it could be
implemented by real neurons,” Hinton
writes. “There is no convincing
evidence that cortex explicitly
propagates error derivatives or stores
neural activities for use in a
subsequent backward pass.”

“the perceptual system needs to perform inference

and learning in real time without stopping to perform
backpropagation,” Hinton writes.




Backpropagation also doesn’t work if
the computation done in the forward
pass is not differentiable. “If we
insert a black box into the forward
pass, it is no longer possible to
perform backpropagation unless we
learn a differentiable model of the
black box,” Hinton writes.

Unlike backpropagation, the FF
algorithm also works if it contains
black-box modules. Since the
algorithm does not require
differentiable functions, it can still
tune its trainable parameters without
knowing the inner workings of every
layer in the model. %




“"The Forward-Forward algorithm (FF)
is comparable in speed to
backpropagation but has the
advantage that it can be used when
the precise details of the forward
computation are unknown,” Hinton
writes.
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