How to make computers
work like the brain

(without really solving the brain)
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“a single special machine can be made to
do the work of all. It could in fact be made

to work as a model of any other machine.”
Alan Turing 1937

Mathematics Visual perception
Databases Auditory perception
Communications Somatosensory
Vldeq perception

Imaging Languages

Audio Adaptive behavior
Gaming Planning, thinking,
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® Early Al (1940s to 1970s)

® Program Intelligence

® |gnore what the brain does

® “Airplanes were not made by......”
® No learning

® Commonsense problem
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Intelligence Paradigms

® Neural Networks (1980s and 1990s)

® Back-propagation algorithmf or multi-layer
networks

® Universal learning machines..can fit any function

® The problem of scale
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Number of seconds in a
human’s life: 3153600000



Origins of Language..

Ramachandran and Hubbard, 2001
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Laminar structure
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Figure 13. Niss! stain of the visual cortex reveals the different layers | through VI
quite clearly.




Common cortical algorithm: Supporting evidence

“Seeing in the Sound Zone," by
Michael Merzenich, Nature, Vol.
404, April 20, 2000, pp.
820-821.

"Induction of visual orientation
modules in auditory cortex," by
Jitendra Sharma, Alessandra
Angelucci and Mriganka Sur,
Nature, Vol. 404, April 20, 2000,
pp. 841-847
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A sensorimotor account of vision and visual consciousness,
Kevin O’'Regan and Alva Noe.
Photograph courtesy: P Bach-y-Rita



Neocortex

® Assume that:

® Neocortex uses the same algorithm to
learn different modalities

® Neocortex learns efficiently
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An algorithm’s superiority
comes from the assumptions
that it makes about the problem
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The right question to ask..

® Are there assumptions we can make about the
world that are

|. General enough to be applied to be a large
number of problems

2. Specific enough to make learning possible ??



High-level properties of the
neocortex

Hierarchical organization

® Spatial and temporal
Using time as a supervisor
Ability to make predictions

Sparse Distributed
Representations

Feed-forward and feedback
connections

Sensori-motor



Abstraction levels

Consciousness
Cognitive models
Perception
Connections
High-level anatomical structure
Micro-circuit structure
Neuron models
Dendrites
Learning rules
Synapses
lon channels

Proteins
Glia



Neocortex

Computational

| . Principles
VISU&VAUCII'COI” etc...) Machine Learning/Graphical

Models etc..)

World’s Data




If you are not computationally grounded,
looking into biology is like looking into a religious text.
You will always find what you are looking for.



Temporal learning example
Suppose A-C-D and B-C-E ‘ﬁ‘_"
are frequent in the data ‘ ‘_) '



Temporal learning example
Suppose A-C-D and B-C-E ‘ﬁ‘_"
are frequent in the data ‘ ‘_) ‘

First-order model ‘\»‘/i




Temporal Models

t-| t- |

NA2, but can initialize from Not a scalable way to build
data to create a sparse model higher order models




Variable order sequences

(kN)A2



State-splitting model

First order model ‘\‘/L
s .
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First order model ‘\‘<

Model with replicated
states

Model after further
learning
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Learn first
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Replicate potential

higher-order
states

Learn temporal
statistics on the
new model




State-splitting model

Learn first
order model
Replicate potential

higher-order
states

Learn temporal
statistics on the
new model




oStart with replicated states
*Should be online
*Should still be sparse and efficient



t+|

Which cell in this

column do we
connect to!?







Connection to HMM




HMM and Forward-Backward

® Forward-backward algorithm

® On the restricted HMM, works very well in
finding the higher-order states

® Can be made online by making reducing the look-
ahead

® One step look-ahead works quite well

® /ero look-ahead (pure Hebbian learning) doesn’t
work well.
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Biological implication

Can A know whether B was
successful in firing C?

The answer is YES



#2 © 2000 Nature America Inc. * http:/neurosci.nature.com

articles

Enhancement of presynaptic
neuronal excitability by correlated
presynaptic and postsynaptic spiking

Karunesh Ganguly!-?, Laszlo Kiss? and Mu-ming Poo!»

* Program in Neuroscience, University of California at San Diego, La Jolla, California 92093-0357, USA
< Department of Biology, University of California at San Diego, La Jolla, California 92093-0357, USA
The first two authors contributed equally to this work

Correspondence should be addressed to M.-m.P. (mpoo@ucsd.edu)

Use-dependent modifications, such as long-term potentiation (LTP) of synaptic efficacy, are believed
to be essential for information storage in the nervous system. Repetitive correlated spiking of presy-
naptic and postsynaptic neurons can induce LTP at excitatory glutamatergic synapses. In cultured
hippocampal neurons, we show that repetitive correlated activity also results in a rapid and




related spiking may facilitate the induction ofburstmg llkt
behavior and enhance the reliability of signal transmission”>.
Enhancement of presynaptic neuronal excitability will also affect

the plasticity of ‘upstream’ synapses made onto the presynaptic
neuron by facilitating the initiation of backpropagating action
potentials®*




The idea of replicated states Neocortex
for learning higher order

HMM model. Why one-step

look-ahead is required.
“Predicted” a computational

property of neurons

Computational

| Wor|d§ Data Principles
Nature Of VlsuaI/Audltor etc...) (Machine Learning/Graphical

higher—order Models etc..)
sequences




Recipe for building brain-like computers

® Accept the broad biological constraints

® Hierarchy, time as supervisor, sparse distributed
representations, sensori-motor interactions....

® Have a biological circuit model for the learned system
® Put in biological details you can computationally justify

® Get to the biological circuit model using the most
expedient learning algorithm

® Need not be biological. In fact, being biological can be
a disadvantage.

® Work on a real problem



On to the paper....
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Largel Spatial Scales/ Slow
temporal scales.

Small Spatial Scales/ Fast
temporal scales.




Largel Spatial Scales/ Slow
temporal scales.

Small Spatial Scales/ Fast
temporal scales.
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.IIA{
yi(i) = P("egles(t)) o< [T AV (™) (1)

where coincidence-pattern ¢; is the co-occurrence of r; ' 'th Markov chain
from child 1, »"*’th Markov chain from child 2, - - -, and »"* th Markov
chain from child M.

P(ci(t)|e;(t — 1),

0))P(c;(t = 0)|g,." €g)

( nxr'nn'n‘-, \ / \ {
4 (G ) X E I(c;)Bellc;)

where
. child :
Ile f I, if ¢S is a component of ¢,
’ 1 (). otherwise







(e, gr) = P(Tedei(t)) > Plei(t)lei(t — 1), g )ew—1(cs, gr)
c;(t—1)eC*
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Alex M. Thomson and A. Peter Bannister. Interlaminar .
connections in the neocortex. Cerebral cortex (New Ba—n nister 200 3

York, N.Y. : 1991), 13(1):5-14, 2003.
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Distortions Results
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Lee and Mumford, J.Opt. Soc. America. July 2003
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Thank You
Papers, thesis etc. www.dileepgeorge.com
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