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Our Motto:

We want to build a first-rate,

second-rate brain.
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Summary (1)

The Ersatz Brain is constructed 
from many small attractor 
networks (modules, based on 
cortical columns) sparsely 
interconnected into a 
Networks of Networks.

It is capable of performing 
specific cognitive tasks.

It has both a discrete and a 
continuousset of control 
structures capable of 
performing these specific 
tasks through explicit, 
teachable cognitive 
programs.



Summary (2)

Processing moves in scale from:

Å Inflexible but highly 

optimized, sensors 

ÅThrough sparse module 

assembliesformed by learning 

in a single array of modules.

ÅTo flexible programs, 

involving learning and large 

dynamical systemsworking at 

multiple spatial scales.  

The resulting hierarchical 

computation is fast, parallel, 

and highly integrative. 



Summary (3)
Will discuss examples of 

problems and 
computational techniques  
well suited to a brain-like 
computer:

In A Single Array:

ÅIdentity and Symmetry

ÅVowel Formant Invariant 
Representation

In Multiple Arrays:

Memory Filter Applications: 

ÅList Scanning

ÅDisambiguation

ÅAnomaly Detection



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.

The Ersatz Brain Approximation:

The Network of Networks.



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 :

Å 2 Dimensional arrays of 

modules (dynamical 

systems)

Å Locally connected to 

neighbors



Cortical Columns: Minicolumns

ñThe basic unit of cortical operation is the 
minicolumné It contains of the order 
of 80-100 neurons except in the 
primate striate cortex, where the 
number is more than doubled.  The 
minicolumn measures of the order of 
40-50 mm in transverse diameter, 
separated from adjacent minicolumns 
by vertical, cell-sparse zones é The 
minicolumn is produced by the 
iterative division of a small number of 
progenitor cells in the 
neuroepithelium.ò  (Mountcastle, p. 2)

VB Mountcastle (2003).  Introduction [to a special 
issue of Cerebral Cortexon columns].  

Cerebral Cortex, 13, 2-4.

Figure:  Nissl stain of cortex in planum 
temporale.



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 - 0.5 mm .

Mountcastleôs summation:  

ñCortical columns are formed by the binding together of many 

minicolumns by common input and short range horizontal connections.  

é The number of minicolumns per column varies é between 50 and 

80.  Long range intracortical projections link columns with similar 
functional properties.ò  (p. 3)

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



Module Behavior



Elementary Modules

The activity of the non -

linear attractor 

networks ( modules) is 

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 = Ɇ c
i
a

i

where the a
i 

are the 

attractor 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

Interactions between modules are described by state 

interaction matrices, M i . 

The state interaction matrix elements give the contribution

of an attractor state, s i , in one module to the activity 

of an attractor state in a connected module.  

In the BSB linear region

x( t+1 ) = ɆMi s i +  f( t ) +  g x( 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:

Å Connections are expensive biologically since they 

take space, use energy, and are hard to wire up 

correctly.

Å Connections are valuable.

Å The pattern of connection is under tight control.

Å Short local connections are cheaper than long ones.

Ersatz approximation makes extensive use of local 

connections for computation.



Binding Module 

Patterns Together.

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 than to 

either f or g by itself .

 

Two adjacent modules interacting. 

Hebbian learning will tend to bind 

responses of modules together if f 

and g frequently co-occur. 



Interference 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

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 
associatively linked 
through learning.

Module assembliescan 
form through learning 
self-exciting 
groupings that can 
represent integrated 
information.

Form a useful 
intermediate level 
emergent entity.



Module Dynamics: Deflation Technique

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

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

Suppose ei is dominant module pattern with eigenvalue li. of 
internal connection matrix A.

Get estimates of ei,  li.

Form new matrix, 

Aô = A ïl ei ei 
T (Form is 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.

Can manipulate module properties in a controlled way.



Software 

Generality: Developing software is 

harder and slower than building 

hardware!

A feature of the Ersatz EPU structure.

ÅInformation transmission both local 

and long range can be slow .

ÅIt takes multiple steps (a long time) 

to move data to distant modules.

ÅThis is can be a feature, not a bug.



Implications

Must pay attention to the 

Temporal aspects of module behavior

ÅCommunication times

ÅModule temporal dynamics

ÅThe details of spatial arrangement of data 

affects communication times.  

Consistent with cortical neuroscience.

Implication: One way to ñprogramò the array 

is to use these ñanalogò spatial and 

temporal properties to control computation.



Module Evolution

Module evolution with learning:  

¶ 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 .



Columns: 

Inferotemporal 

Cortex

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.



Active IT Regions for a Complex Stimulus

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 

previous figure 

(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.  

If an 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 106 elementary 

units with about 1011 (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:

ÅSimulate local integration :  Addition 

of inputs from outside, from other 

modules.

ÅSimulate local network dynamics .

ÅCommunications Controller :  Handle long 

range (i.e. not neighboring) 

interactions.

Simpler approximations are possible:

ÅñCellular automatonò. (Ignore local 

dynamics.)

ÅApproximations to local dynamics. 



Physical (Hardware) Module

We assume only 

local 

connections 

for the 

physical 

hardware.

Reason: 

Flexible, 

easy to 

build, easy 

to work with.



Software Based Connectivity

In cortex,more 

connections 

than just 

nearest 

neighbors 

exist.

Can simulate 

these with EPU 

module 

software, using 

the 

Communications 

Controller.



Ersatz Brain Software



Problems and Techniques (1)

Brain software can use mechanisms seen in cognitive 
science.

Cognitive science suggests brain-like computers 
should use unfamiliar techniques. 

Primary ñMindò Computational mechanisms:

ÅDevelopment of useful approximations.

ÅHighly effective destructive data compression

ÅStorage ofgist as opposed to storage of detail

ÅOne cognitive mechanism: concepts, categories

ÅUse of analogy, metaphor, anecdote.

Humans use these approximation techniques very 
effectively.



Problems and Techniques (2)

Limited Computational Resources also require 
skillful  allocation of processing resources.

Examples: 

ÅSegmentation (Figure-ground)

ÅMemory based filters

ÅAdaptation to a known environment

Continuous Control Mechanisms 

ÅArousal (Analog gain parameters)

ÅHebbian learning (strengthen links)

ÅHebbian anti-learning (adaptation, deflation, 
scanning)



Ersatz Program Discussion

Specific programs we will discuss:

Use and development of data representations

ÅComputation of ñidentityòand ñsymmetryò

ÅSpeech: Learning formant ratio invariances for 
vowels.

Memory Access: 

ÅComputing with a short learned list. 

ÅDisambiguation

ÅSpeculative extensions to anomaly detection.



For a programmable 

system we need to work at 

multiple scales.

Module assembliesin 

multiple arrays work 

together in self exciting 

ñarrays of arrays.ò

These levels are  

dynamical systems at 

different scales.



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 

these 

modules 

formed a 

network of 

networks.



Arrays of Modules:

Topographic Computing

Identity and Symmetry



Identity
Consider simple 

identity .

Two sets of (sparsely 
coded) features are 
on a Network of 
Networks array in 
any location.

Are the two sets the 
same?

Note: The ñidentityò 
operation really 
mean to ñvery high 
degree of 
similarityò not 
logical identity.



Pattern Spread

Patterns spread laterally

from their origin.

When two of the same 

patterns meet they add.

The modules at the 

interference pattern 

show a large response. 

These spatio-temporal 

interactions are like 

those inoptics, or 

surface acoustic wave 

filters [SAW].)


