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Summary (1)

/ Basic recurrent attractor network module
s@‘?" Shows multiple attractor states

L The Ersatz Brain is constructed
' from manysmall attractor

() ()
DX XTXTIXTXT Network of networks (modules, based on
(LA SLSALALALALTA LA LA Networks ,
N Y S SR S with modute cortical columns) sparsely
T LA RIR I assembi - -
aeacs ! ,};: S0t g Interconnected into a
I A o Sy Assembly Networks of Networks.

shows
multiple

erexcing 1L IS Capable of performing
setes specific cognitive tasks

It has both aliscreteand a
continuousset of control
e of structures capable of
SR LE T further performing these specific
fopicast fevelsofselt tasks through explicit,

groups. teachable cognitive
programs.
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R Summary (2
R ummary (2)
‘!-.F,gfj‘»,d Basic recurrent attractor network module
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\ W& E¥  Shows multiple attractor states

Processing moves in scale from:
AV A Inflexible but highly

XTXTX imi

Sedele network of optimized, sensors
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with module

ey, A Throughsparse module
Assembly assembliedormed by learning

shows

multiple. In a single array of modules.

X :': TXIRD A To flexible programs,
T Involving learning and large
dynamical systemsvorking at
etmorksof multiple spatial scales

22 networks

egesees alowfuther  The resulting hierarchical

(e o)
Oraggcooo |evels of self-

oxiting computation igast, parallel,
and highly integrative.
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Y
{?5'//45‘.0‘) Basic recurrent attractor network module
s@‘{‘ Shows multiple attractor states

Network of
Networks
with module
assembly.

Assembly
shows
multiple
self-exciting
() states.

Groups of
networks of
29 networks
°:§§ allow further
poooo |eyels of self-
exciting
groups.

Summary (3)

Will discuss examples of
problems and
computational techniques
well suited to a bratfike
computer:

In A Single Array:
A ldentity and Symmetry

A Vowel Formant Invariant
Representation

In Multiple Arrays:

Memory Filter Applications:
A List Scanning

A Disambiguation

A Anomaly Detection



The Ersatz Brain Approximation:
The Network of Networks.

Conventional wisdom says neurons are the basic
computational units of the brain

The Ersatz Brain Project is based on a different
approximation.

The Network of Networks model was developed in
collaboration with Jeff Sutton then at Harvard
medical school, now at NSBRI.

Cerebral cortex contains Intermediate level
structure . between neurons and an entire
cortical region.

Intermediate level brain structures are hard to
study experimentally because they require
recording from many cells simultaneously.



Network of Networks Approximation

We use the  Network of
Networks [NofN]
approximation to
structure the hardware
and to reduce the number
of connections.

The basic computing units
are not neurons |, but
small (10 4 neurons)
attractor networks

Basic Network of Networks
Hardware Architecture

A 2 Dimensional arrays of
modules (dynamical
systems)

A Locally connected to
neighbors

Network of Networks Modular Architecture



Cortical Columns: Minicolumns

T, PR IOl oty B N

AiThe basic unit of cc%# ﬂni’i’*lﬁﬁ:%
minicolumné 1t contai ns st iee
of 80-100 neurons except in the Jop b p e B g;w'"’i
primate striate cortex, where the ?:“5 :g i ’&';__:?'Eg‘_; 5‘4{‘-
number is more than doubled. The R TS § LA
minicolumn measures of the order of PhAa g e TR ey
40-50nm in transverse diameter, RrK IR ?ﬁ}lﬁ:ﬁ LS,
separated from adjacent minicolumns N |
by vertical, cedls par se zones
minicolumn is produced by the RIS Vo RO
iterative division of a small number of Al BT R
progenitor cells in the e r VAN .
neuroepithelium o ( Mountcast i’*fi ;;'l.- é.l” 20001

IR AL Ao SO TR

VB Mountcastle (2003). Introduction [to a special 4 o : 5 _.‘;?;-' i g w8
issue ofCerebral Cortexon columns]. !: i ¥ % 12
Cerebral Cortex13, 2-4. ELERER A i" I

Figure: Nissl stain of cortex planum
temporale.

7 year old human.



Columns: Functional

Groupings  of minicolumns seem to form the
physiologically observed functional columns
Best known example is orientation columns in
V1.

They are significantly bigger than minicolumns,
typically around 0.3 -0.5mm.

Mountcastl eds summati on

AnCortical columns are formed by 1t
minicolumns by common input and short range horizontal connections.
€ The number of minicolumns per
80. Long range intracortical projections link columns with similar
functional properties. o (p. 3)

Cells in a column ~ (80)(100) = 8000



Module Behavior



The activity of the non
linear attractor
networks ( modules)
dominated by their
attractor states

Attractor states may be
built in or acquired
through learning.

We approximate  the
activity of a module
as a weighted sum of
attractor states.That
Is: it forms an
adequate set of basis
functions

Activity of Module:

X = Eca
wherethe a, arethe

attractor states.

Elementary Modules

Single Module n ‘
H =

—
L SA

A Single Module Can Have Multiple Stable States




The Single Module: BSB

The attractor
network we
often use
for the
individual
modules Is
the BSB
network
(Anderson,
1993).

It can be
analyzed
using the
eigenvectors
and
eigenvalues
of its local
connections.




Interactions between Modules

Generic Network of Networks Module

Es—.—> Output pattern
Input sum of Stage 1 Stage 2 from module
states from =S Weighted Restpfnse —)
other modules ZSTMP\ sum of states, sate
electio
ZsAMPN S
State interaction Attractor Network
matrices, M Dynamics

Interactions between modules are described by state
interaction matrices, M -

The state interaction matrix elements give the contribution
of an attractor state, S;, in one module to the activity
of an attractor state in a connected module.

In the BSB linear  region

X(t+1) = E Ms, + f(t) + gx(t) + gain
weighted sum  input ongoing control
from other modules activity



Computational Constraints



Sparse Connectivity

The brain is sparsely connected . (Unlike many
abstract neural nets.)

A neuron in cortex may have on the order of 100,000
synapses. There are more than 1010 neurons in the
brain. Fractional connectivity is very low: 0.001%.

May be a major computational limitation of the brain.
Implications:

A Connections are expensive  biologically since they
take space, use energy, and are hard to wire up
correctly.

A Connections are valuable.
A The pattern of connection IS under tight control.
A Short local connections are cheaper than long ones.

Ersatz approximation makes extensive use of local
connections for computation.



An associative Hebbian
learning event will tend
to link f with g through
the local connections.

There Is a speculative
connection to the
Important binding
problem of cognitive
science and
neuroscience.

The larger groupings will
act like a unit.

Responses will be stronger
to the pair f,g thanto
either f or g byitself

Binding Module

Patterns Together.

Two adjacent modules interacting
Hebbian learning will tend to bind
responses of modules togethet if
andg frequently ceoccur.

=

b (1) =LIMIT (ah+ety) £ E (1) =LIMIT (Bu+n+y) g

X A

oAf Af f+g Bg Bug
linked inputs



Interference Patterns

Interference Pattern

e

Lateral Spread of Patterns

We are using local transmission of (vector) patterns

not scalar activity
Patterns good, scalars bad . patterns allow selectivity
We have the potential for traveling pattern waves

using the local connections.

Lateral information flow has the potential for
formation of feature combinations In the
Interference patterns where two patterns collide.



Learning the Interference Pattern

Formation of New States from Combinations of Previous States

_> 4—
_> ‘—
_> <—
_> <—
_> 4—
State 1 | State 2
1 o) 1
2 3 2
3 4 3
4 5 4
5 6 5
6 7 6
New combination state 7 is generated from the non-linear
interaction of basic states 1 and 2 received from neighbors.
The individual modules are nonlinear learning networks.
We can form  new attractor states when an interference

pattern forms when two different patterns meet at a
module.



Module Assemblies

Small numbers of active
selective modules in a
network of networks
array became I
associatively linked 0 0 _0 0 970 O O O

through learning. ooc&) 0°6%626%°%%

. o O O O O O O O
Module assembliesan é

form through learning

selfexciting

groupingsthat can

represent integrated

iInformation.

Form a useful
Intermediate level
emergent entity.




Module Dynamics: Deflation Technique

Module behavior (for us) is characterized by eigenvectors,
eigenvalues of an internal connection maix

Recurrent feedback enhances amplitude of dominant
eigenvector. (Power method.)

Suppose @s dominant module pattern with eigenvalyeof
Internal connection matriA.

Get estimates ofe ;. |
Form new matrix,
A0 ¥I| ee’ (Formis that of Hebbian Anti-learning)

The eigenvalue spectrum has now changed to decrease the
previously dominant eigenvector which will now have a
small eigenvalue.

Retrieved attractor will be different.
Canmanipulate module properties in a controlled way.



Software

Generality: Developing software Is
harder and slower than building
hardware!

A feature of the Ersatz EPU structure.

A Information transmission both local
and long range can be slow .

A It takes multiple steps (a long time)
to move data to distant modules.

A This is can be a feature, not a bug.



Implications

Must pay attention to the

Temporal aspects of module behavior
A Communication times

A Module temporal dynamics

A The details of spatial arrangement of data
affects communication times.

Consistent with cortical neuroscience.

| mpl i cation: One way to P

Il s to use these nanal og
temporal properties to control computation.

nNpr og
O Spaé



Module Evolution

Module evolution with learning:

l

From an initial repertoire of basic
attractor states in the modules (as
dynamical systems)

to the development through slow
lateral pattern movement and
associative learning of specialized
pattern combination states unique to
each module.



Biological Evidence



Biological Evidence:
Columnar Organization in Inferotemporal
Cortex

Tanaka (2003)
suggests a columnar
organization of
different response
classes in primate
Inferotemporal
cortex.

There may be
Internal structure
In these regions:
for example,
spatial
representation of
the orientation of
the image in the
column.




IT Response Clusters: Imaging

Tanaka (2003) used
Intrinsic visual
Imaging of cortex.
Train video camera
on exposed cortex,
cell activity can
be picked up.

At least a factor of
twenty higher
resolution than
fMRI .

Size of response is
around the size of
functional columns
seen elsewhere:
300- 400 microns




Responses of a
region of IT to
complex images
Involve  discrete
columns.

The response to a
picture of a fire
extinguisher shows
how regions of
activity are
determined.

Boundaries are where
the activity falls
by a half.

Note: some spots are
roughly equally
spaced.

Columns:
Inferotemporal
Cortex

K Tsunoda, Y Yamane, M Nishizaki, and M Tanifuji (2001).
Complex objects are represented in macaque inferotemporal

cortex by the combination of feature columns. Nature Neuroscience,
4, 832-838.



Active IT Regions for a Complex Stimulus

K Tsunoda, Y Yamane, M Nishizaki, and M Tanifuji Nature Neuroscience, 4, 832-838

Note the large number of roughly equally distant
spots (2 mm) for a familiar complex image.



Histogram of Distances

We plotted
histograms of
distances in
published IT
Intrinsic images
of complex
figures.

Distances computed
from data In

. . 0 1 2 3
previous figure millimeters

(Dimitriadis)



Back - of - the - Envelope
Engineering
Considerations



Engineering Hardware Considerations

We feel that there is a size, connectivity, and
computational power sweet spot at the level of the
parameters of the network of network model.

Ifan  elementary attractor network has 104 actual
neurons , that network might have 50 attractor
states. Each elementary network might connect to 50

others through state connection matrices

A brain - sized system might consist of 10°% elementary
units  with about 10 (0.1 - 1 terabyte) numbers
specifying the connections.

If 100 to 1000 elementary units on a chip gives a
total of 1,000 to 10,000 chips In a cortex sized
system. Well within the upper bounds of current

technology.



Modules
(Ersatz Processing Units:EPUS)

Function of EPU Modules:

A Simulate local integration . Addition
of inputs from outside, from other
modules.

A Simulate local network dynamics

A Communications Controller . Handle long
range (i.e. not neighboring)
Interactions.

Simpler approximations are possible:

AfCel l ul ar automatono. (1l gnc
dynamics.)

A Approximations to local dynamics.



Physical (Hardware) Module

We assume only
local
connections
for the
physical
hardware.

Hardware Ersatz Processing Unit (EPU)

Communications

Local
Dynamics

Reason:
Flexible,
easy to
build, easy
to work with.

Controller




Software Based Connectivity

Software Ersatz Processing Unit (EPU)

In cortex,more Simulated Connectivity
connections ooooooOoOoOoooooon oooooo
than just ooOooooooooooooon ooooon
nearest ooooooon oooo oooooo
. OOOEOOmO oono oooooo
neighbors oooowo oooo ooooon
exist. oo O oooo afuB=B B [
oo _._5#__-__!_5—'/_'1—: = oo
oooo _?:::::: === = === (m |
- ooon - ooo ngen=3 1=1°
Can simulate oooEOpOoE00o0onon ooooono
these with EPU wlalals] ful=f Rul=) Rul=l=]= ooooono
module whalal=R=R=0 B=1 R=0=R=R=Q=1= oooooo
. ooOooooooooooooo oooooo
software, using ooooooooooooooon ooooon
the ooOooooooooooooo oooooo

Communications Local EPU Connections Long Range
Controller. EPU Connections



Ersatz Brain Software



Problems and Techniques (1)

Brain software can use mechanisms seen in cognitive
science.

Cognitive science suggests brdtke computers
should use unfamiliar techniques.

Primary fAMiIi ndo Comput at |
A Development ofiseful approximations.

A Highly effectivedestructive data compression

A Storage ofjist as opposed to storagedstail

A One cognitive mechanismoncepts, categories

A Use ofanalogy, metaphor, anecdote.

Humans use these approximation techniques very
effectively.



Problems and Techniques (2)

Limited Computational Resources also require
skillful allocation of processing resources

Examples:

A Segmentation (Figureground)

A Memory based filters

A Adaptation to a known environment
Continuous Control Mechanisms

A Arousal (Analog gain parameters)
A Hebbian learning (strengthen links)

A Hebbian anti-learning (adaptation, deflation,
scanning)



Ersatz Program Discussion

Specific programs we will discuss:
Use and development of data representations
AComput ati on aonfd yifinrdestnrt yi d

A SpeechLearning formant ratio invariances for
vowels.

Memory Access

A Computing with a short learned list.

A Disambiguation

A Speculative extensions to anomaly detection.



For a programmable
system we need to work at
multiple scales.

Module assembliesn
multiple arrays work
together in self exciting

harrays of a

These levels are
dynamical systems at
different scales.
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NE)
!Elf/p‘l/ Basic recurrent attractor network module
& 2% Shows multiple attractor states

Network of
Networks

() with module

assembly.

Assembly
shows
multiple
self-exciting

Groups of
networks of
networks
allow further
levels of self-
exciting
groups.



Modules

The Ersatz Brain has
a natural set of
functional scaling
mechanisms.

Single cortical
columns £ _)
(modules, 10,000
units)are modeled

as a dynamical
system.




Arrays of Modules

Large two
dimensional
arrays of 0'0'0'0'0'0
modules ‘g sty "y "
ID‘C l‘-‘l l‘l D‘Il
formed a "+ 1 1
network of

networ kS ] Network of Networks Modular Architecture



Arrays of Modules:

Topographic Computing
ldentity and Symmetry



Consider simple _
identity. ldentity
Two sets of (sparsely

Identical Fi
coded) features are entical Figures

on a Network of
Networks arrayn |
any location.

Are the two sets the
same?

Not e : idemtiye
operation really
me a n t O
degree of

si mi Inatr i t y—o
logical identity.



Pattern Spread

Patternspread laterally
from their origin.

When two of the same
patternameet they add

The modules at the
Interference pattern
show a large response.

These spatiwemporal
Interactions are like
those inoptics, or
surface acoustic wave
filters [SAW].)



