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Reasons for Building a Brain-Like Computer.

1. Engineering.

Computers are all special purpose devices.  

Many of the most important practical computer applications of the next few decades will be cognitive in nature:

· Natural language processing.

· Internet search.

· Cognitive data mining.

· Decent human-computer interfaces.

· Text understanding.

We feel it will be necessary to have a cortex like architecture to run these applications efficiently.  (Either software or hardware.)

2. Science:  

Such a system, even in simulation, becomes a powerful research tool.  

It leads to designing models with a particular structure to match the brain-like computer.  

If we capture any of the essence of the cortex, writing good programs will give insight into the biology and cognitive science.

If we can write good software for a vaguely brain like computer we may show we really understand something important about the brain.

3. Personal:  It would be the ultimate cool gadget.

My technological vision:

In 2050 the personal computer you buy in Wal-Mart will have two CPU’s with very different architecture:

First, a traditional von Neumann machine that runs spreadsheets, does word processing, keeps your calendar straight, etc. etc.  What they do now.

Second, a brain-like chip 

· To handle the interface with the von Neumann machine, 

· Give you the data that you need from the Web or your files (but didn’t think to ask for).

· Be your silicon friend and confidant.

History
The project grew out of a DARPA grant to Brown’s Center for Advanced Materials Research (Prof. Arto Nurmikko, PI).

Part of DARPA’s Bio/Info/Micro program, an attempt to bring together neurobiology, nanotechnology, and information processing.

My job was to consider the nature of cognitive computation and its computational requirements.

Ask whether it would be possible to perform these functions with nanocomponents.  

Started thinking about 

· the technical issues involved in such computation,

· how these issues related to the underlying neuroscience, and 

· whether nanocomponents were well suited to do them. 

Technology Projections

One impetus for our project was a visit last spring by Dr. Randall Isaac of IBM.

Dr. Isaac is one of those who prepare IBM’s 10 year technology predictions.

A few key points:

· Moore’s Law (computer speed doubles every 18 months) is 90% based on improvements in lithography.

· Moore’s Law is probably going to slow down or stop in the next 10 years or so.

· Therefore improvements in computer speed will come from improved or new architectures and software rather than from device speed.

· The most important new software in the next decade will have a large “cognitive” component.  

· Examples:  Internet search, intelligent human-computer interfaces, computer vision, data mining, text understanding.

But we know from our cognitive research that most of these tasks run inefficiently on traditional Von Neumann architectures.

Therefore let us build a more appropriate architecture.

History: Technical Issues

Many groups for many years have proposed the construction of brain-like computers.  

These attempts usually start with 

· massively parallel arrays of neural computing elements 

· elements based on biological neurons, and 

· the layered 2-D anatomy of mammalian cerebral cortex.  

Such attempts have failed commercially.  

It is significant that perhaps the only such design that placed cognitive and computational issues first, 

the early connection machines from Thinking Machines, Inc., (W.D. Hillis, The Connection Machine, 1987) was most nearly successful commercially and is most like the architecture we are proposing here.

Let us consider the extremes of computational brain models.

First Extreme: Biological Realism.

The human brain is composed of on the order of 1010 neurons, connected together with at least 1014 neural connections.  

These numbers are likely to be underestimates.  

Biological neurons and their connections are extremely complex electrochemical structures.

They require substantial computer power to model even in poor approximations.  

There is good evidence that at least for cerebral cortex a bigger brain is a better brain.  

The more realistic the neuron approximation. the smaller the network that can be modeled. 

Projects have built artificial neurons using special purpose hardware (neuromimes) or software (Genesis, Neuron).

Projects that model neurons with a substantial degree of realism are of scientific interest.

They are not large enough to model interesting cognition.  

Neural Networks.
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The most successful brain inspired models are neural networks.  

They are built from simple approximations of biological neurons: nonlinear integration of many weighted inputs.  

Throw out all the other biological detail.

Neural Network Systems
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Use lots of these units.

Units with these drastic approximations can be used to build systems that 

· can be made reasonably large, 

· can be analyzed mathematically, 

· can be simulated easily, and 

· can display complex behavior.

Neural networks have been used to model successfully important aspects of human cognition.  

Network of Networks.

An intermediate scale neural network based model we have worked on here at Brown is the Network of Networks.  

It assumes that the basic computational element in brain-like computation is not the neuron but a small network of neurons.  

These small (conjectured to be 103 -104 neurons) networks are nonlinear dynamical systems and their behavior is dominated by their attractor states.  

Basing computation on network attractor states 

· reduces the dimensionality of the system, 

· allows a degree of intrinsic noise immunity, and

· allows interactions between networks to be approximated as interactions between attractor states.  

Biological Basis:  Something like cortical columns.

Problems with Biologically Based Models
Computer requirements for large neural networks are substantial.  

Highly connected neural nets tend to scale badly, order n2 where n is the number of units.  

Little is known about the behavior of more biologically realistic sparsely connected networks.  

There are virtually no applications of biologically realistic networks.  

There are currently a number of niche practical applications of basic neural networks.

Current examples include 

· credit card fraud detection, 

· speech pre-processing, 

· elementary particle track analysis, and 

· chemical process control.

Second Extreme: Associatively Linked Networks.

The second class of brain-like computing models is a basic part of traditional computer science.

It is often not appreciated that it also serves as the basis for many applications in cognitive science and linguistics:

Associatively linked structures.  

One example of such a structure is a semantic network.  
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Such structures in the guise of production systems underlie most of the practically successful applications of artificial intelligence.

Computer applications doing tree search has nodes joined together by links.  

Associatively Linked Networks (2)
Models involving nodes and links have been widely applied in linguistics and computational linguistics.  

WordNet is a particularly clear example where words are partially defined by their connections in a complex semantic network.  

Computation in such network models means traversing the network from node to node over the links.  The Figure shows an example of computation through what is called spreading activation.  

The simple network in the Figure concludes that canaries and ostriches are both birds.
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Associatively Linked Networks (3)
The connection between the biological nervous system and such a structure is unclear.  

Few believe that nodes in a semantic network correspond in any sense to single neurons or groups of neurons.  

Physiology (fMRI) suggests that any complex cognitive structure – a word, for instance – gives rise to widely distributed cortical activation.  

Therefore a node in a language-based network like WordNet corresponds to a very complex neural data representation.

Very many practical applications have used associatively linked networks, often with great success.  

From a practical point of view such systems are far more useful than biologically based networks.

One Virtue:  They have sparse connectivity.  

In practical systems, the number of links converging on a node range from one or two up to a dozen or so in WordNet.

Problems

Associatively linked nodes form an exceptionally powerful and efficient class of models.  

However, Linked networks, for example, the large trees arising from classic problems in Artificial Intelligence,

· are prone to combinatorial explosions,

· are often “brittle” and unforgiving of noise and error

· require precisely specified, predetermined information.  

It can be difficult to make the connection to low-level nervous system behavior, that is, sensation and perception.  

Problems:  Ambiguity

There is another major problem applying such models to cognition.

Most words are ambiguous.  

(Amazingly) This fact causes humans no particular difficulties.  

Multiple network links arriving at a node (convergence) is usually no problem.

Multiple links leaving a node (divergence) can be a major computational problem if you can only take one link.

Divergence is very hard for simple associative networks to deal with.  

Inability to deal with ambiguity limited our ability to do natural language understanding or machine translation for decades.

Engineering Hardware Considerations
We feel that there is size, connectivity, and computational power “sweet spot” about the level of the parameters of the network of network model.  

If we equate an elementary attractor network with 104 actual neurons, that network might display perhaps 50 attractor states.  

Each elementary network might connect to 50 others through state connection matrices.  

Therefore a brain-sized system might consist of 106 elementary units with about 1011 (0.1 terabyte) total numbers involved in specifying the connections.  

If we assume 100 to 1000 elementary units can be placed on a chip then there would be a total of 1,000 to 10,000 chips in a brain sized system.  

These numbers are large but within the upper bounds of current technology.  

Smaller systems are, of course, easier to build.

Proposed Basic System Architecture.

Our basic computer architecture consists of

· a potentially huge (millions) number 

· of simple CPUs 

· connected locally to each other and 

· arranged in a two dimensional array.  
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We make the assumption for the brain-like aspects of system operation that each CPU can be identified with a single attractor network. 

We equate a CPU with a module in the Network of Networks model.







