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1 Summary

This paper gives a very brief and schematic overview of our research into a system model

of the primate brain [Bond, 1999).
We first will outline a computer science approach to describing the brain.

We use a distributed modular parallel architecture and a predicate logic representation

of data and process.

We implemented an initial brain model and demonstrated simple social behaviors using

social plans.

We then extended the model to do simple problem solving behavior, for the Tower of
Hanoi problem. We implemented the standard problem solving strategies observed for

humans.



We have a design for a sentence recognition mechanism, based on an existing psycholin-

guistic model due to Gerard Kempen and coworkers [Vosse and Kempen, 2000].

We are now working on an episodic memory learning mechanism, which is intended to

learn the standard sequence of problem solving strategies for the Tower of Hanoi.

2 The model

2.1 Our computer science approach

Our approach uses key computer science concepts as a basis.

Concept of data, separate from concept of processing on that data

Concept of data type

Use of logic programming description of data and process

e Mathematical theory from computer science theory

Use of more than one level of description of a system, each with different description

methods
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Figure 1: Layered representations



2.2 Correspondence of our initial brain model to the brain

Our model consists of modules corresponding to cortical areas, with corresponding inter-
connections. Data items are sensed, flow around the system, may be stored in modules,
and are output to effectors. These data items are represented as logical literals. The pro-
cessing within a module is described by a set of parallel rules, whose activations compete.
The model works on a discrete time scale, with one time unit corresponding to about 20
milliseconds for the brain. In a unit time interval, all rule instances in all modules are
executed, and then resulting data items are transmitted between modules.
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Figure 2: Our initial brain model and its correspondence to the brain



This diagram shows the correspondence of my initial model to the primate neocortex.
Note that the goal module corresponds to an area on the inner (medial) surface, namely

the anterior cingulate.

2.3 Perception-action hierarchy
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Figure 3: How a perception-action hierarchy works

This figure diagrams how a perception-action hierarchy works. Information continuously
enters the system at the bottom of the perception hierarchy, on the left hand side, and

is processed up this hierarchy. The action hierarchy on the right hand side elaborates



an abstract plan into a detailed stream of motor commands which continuously exit the

system at the bottom.

Planning modules may send information laterally to corresponding perception modules,
requesting information and this information is sent back, thereby modifying the elabo-

ration.

In our system, we drove the p-a hierarchy with a stream of goals from a goal module.

3 Social behaviors

3.1 Grooming sequence

This figure gives four frames from a movie automatically generated for the grooming

scenario.

Each primate has a social plan in four phases, which we call orientation, approach, prelude
and grooming. One primate selects the groom social plan the other the be_groomed social

plan.

In each phase, certain rules fire at each level of the action hierarchy, triggered by percep-
tion of the situation. The set of firing rules constitutes a distributed plan process, whose

stability is maintained by confirmation signals among the modules.

The goal to affiliate is generated by an affiliation store which maintains information on
affiliation, which attenuates with time and creates greater strength goals to maintain
affiliation. When grooming is perceived to be occurring, this updates the affiliation store

and the strength of the affiliative relationships.



Figure 4: Grooming sequence



3.2 ocial plans

We developed a notion of plan suitable for social action.

so ial plan is a set of oint steps, with temporal and causal ordering constraints, each
step specifying an action for every primate collaborating in the social plan, including the

sub ect primate.

The way a plan is executed is to attempt each step in turn, and during a step to verify
that every collaborating primate is performing its corresponding action and to attempt

to execute the corresponding individual action for the sub ect primate.

We made most of the levels of the planning hierarchy work with social plans, the next to
lowest, works with a selfplan which specifies action only for the sub ect primate, and
the lowest with concrete motor actions. However, the action of these two lowest levels

still depended on information received from the perception hierarchy.

3.3 essons learned from implementing social beha iors

e [t was possible to obtain social behaviors with this model.

e In order to stabili e timings, We used ramp up and attenuation of strengths of data

items.

e In order to stabili e distributed processes, We came up with the confirmation mech-

anism.

o We eventually developed an efficient confirmation mechanism using time-dependent

data.

e We developed the notion of viable state, which is where an animal is perceiving



what it expects to perceive and acting accordingly. n animal will tend to move
into a viable state.  set of animals will tend to move into a mutually viable state

where each perceives the others as compatible with its social plan.

e Graphics was taking 40 of our time and even then was barely acceptable.

roblem solvi

We selected the Tower of Hanoi problem as it is by far the most studied problem used
in cognitive psychology (with the possible exception of the Wisconsin card sort test). It

has the most experimental data, and the strategies used by humans have been described.

Nl equence of problem sol ing strategies

The n aiand imon strategy learning sequence | n ai and imon, 19 9.
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.2 Programming problem sol ing strategies in the model
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Figure 6: Programming a problem-solving strategy on the brain model

We programmed each of the three n ai and imon strategies on the brain model

[ imon, 19 5].

The general approach is to map the strategies onto planning, perception and motor
modules. Instead of using the goals module for all goals, we used what we call working

goals which are new data types in the planning module.
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3 essons learned from implementing problem sol ing

Lessons learned from extending the model to do problem solving

e [t was much easier to use working goals in the plan module, distinct from the main
goals. ince this may correspond to working memory in the frontal lobes, which
presumably has a fixed si e, we allowed for storage of one working goal only at any

time.

e We could use an episodic memory for events instead of a goal stack, which would

have been biologically implausible.

e We had to make the data in each module coherent before transmitting information
to other modules. We therefore repeated the rules until quiescence, i.e. no more

changes, within each processing cycle.

e This has some correspondence to the computation of a fixed point, and it may
be possible to view a brain module as a deductive database, which continually
reestablishes its own integrity. The computation of a fixed point corresponds in

this case to the construction of a (minimal) model.
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a ua e rocessi

Gerard Kempen and coworkers at Leiden and Ni megen have developed psycholinguistic
models of sentence recognition and sentence generation. They have implemented them
as computer programs, however their model does not have any claimed correspondence

to neuroanatomy.

d he empen psycholinguistic model

The model uses a lexicon containing lexical frames for each word. These frames are
selected and moved to a unification space module where they are assembled into a parse
tree for the sentence. The basic operation which links nodes is the unification of features

for the two nodes.

13
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.2 Competiti e construction of parse tree

The construction of parse trees is competitive.
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Figure : Competitive unification in the construction of parse tree
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3 essons learned from designing sentence recognition

Lessons learned from attempting to extend the model for natural language

e The mechanisms used in the Kempen-Vosse model partition into two kinds. One
kind is the lexical frame representation, the other kind is the competitive fitting
and final representation as a tree. This second kind of mechanism is probably a
general cortical mechanism. It can be viewed as model construction where there

are alternatives with strengths which compete to construct the best model.

e It seems the model could be represented by three modules which correspond to

known brain regions.

e The conceptual level will correspond to the long term episodic memory store.

16



ear 1

d eparate learning mechanisms

We take most of learning to occur in speciali ed learning modules, corresponding the the
hippocampal formation and the basal ganglia. Learning in the cortex mainly concerns

storage, priming and the long term adaptation of data types.
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Figure 9: eparate learning mechanisms and their relation to the cortex
.2 pisodic memory mechanisms

Episodic memory consists of records of events, and these records are distributed over

differen brain modules, with an event harness in an event store.
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3

essons learned from attempting to e tend the model to do

learning

The episodic learning module (hippocampus) must have greater functionality than
usually discussed. It must for example store the memory of very recent events,

which would be associated allowing some deduction of ordering in time.

It is this recent event memory that is accessed in many recall tasks. It could also
be used for goal stacking, since pushing a goal would be simply marking it in this

recent event memory and popping would be recalling from recent event memory.

The hippocampus is structured a certain way. It has two sets of buffers which are
regular 6-layer cortex, and then two loops of sequences of 3-layer cortex. Ideally, a
model should have this same structure, and rule sets for 3-layer cortex should be

simpler than for 6-layer cortex.

The representation of rules should be altered to be explicit data items which are

based on representations of events formed by learning.

The system should evoke multiple event contexts which can combine to form new

learned events.

The underlying machine would now become a universal process for executing events.
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Summary a d co clusio s

1. The architecture of the brain is

(a) a real-time perception action hierarchy with some plasticity

(b) there are separate learning modules which learn episodes, routines and re-

warded action

(¢) there are subcortical control systems for survival, control of the body and

interfacing to the environment. These are adaptive but relatively unplastic.

2. The perception-action hierarchy has a sequence of representations of increasing
power of modeling. The highest level is a dynamic autobiographical memory of
events, their causal and temporal structure, and generali ations, semantic knowl-

edge, plans and scripts.

3. This type of computer can be represented as a set of modules with associative

memory, support for data structures and parallel logical rules.

4. This class of computer systems has applications as intelligent agents, in intelligent

robotics and in virtual reality and human-computer cooperation.
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