- 1  -

                                                                         Canonical Task Environments for Social Simulation

Scott Moss

Centre for Policy Modelling

Manchester Metropolitan University

s.moss@mmu.ac.uk

http://www.cpm.mmu.ac.uk/~scott

1  Introduction

                                       The purpose of this paper is to propose and describe an alternative to an

overarching theor y for social simulation research.  There are a number of reasons wh y

some general framework will be useful.

                                       One is that the social simulaton community seems to produce a bespoke model

for ever y situation or issue modelled. The evidence is not hard to find. The onl y

attempt explicitly to relate models to one another was reported b y Axtell et al . [1] .

The results reported in that paper were achieved by means of a collaboration between

Axtell and Epstein at Brookings and Axelrod and Cohen at Michigan to demonstrate

that their respective models yield the same results when applied to the same social

situations.

                                       One reason for aligning  models in this way is that, informally, we have more

confidence in results obtained from a wide range of model specifications than we

would if different models gave contradictor y results. To the extent that we want to

search for results that are robust with respect to the social situation or with respect to

the particular representaton of agent cognition in a given social situation, then it is

clear that the accumulation of model alignments in this way is essential in all

circumstances where analytical results are not available.

                                       A second reason is to be able to determine when or whether agent

representations of modelling techniques used in the anal ysis of one issue can be used

in the anal ysis of others.  In extending domains of application of models, is it

necessar y to change representations of cognition channels of interaction among agents

and, if so, how?

                                       In summar y, an important guide to the direction of social simulation research

and application would be some means of situating models relative to one another and

relative to domains of application.

- 2  -

                                       While the procedures and results reported in [1]  represent an important step in
this direction, the effort involved seems to have been considerable, involving large
amounts of programming and personal visits between the two institutions. The result
was a useful and impressive demonstration of the possibilities of ^docking~ or

^aligning~ models developed in different software environments for different
purposes.  Moreover, those authors were interested in determining one relationship
among models: subsumption or what econometricians call nesting.  This means that
one model is a special case of the other.

                                       The development of what are called below provides a basis for model alignm ent
and situating which can be more general than subsumption and which is a much more
economical approach than that used b y Axtell et al.

2  Canonical task environments

                                       In mathematics, canonical matrices are effectivel y matri ces of a standard form
and there are transform ations which can be performed on other matrices to show that
they can be m ade into canonical matrices. All matrices which, b y m eans of allowable
operations, can be transformed into a canonical matrix have the properties of the
canonical matrix.

                                       So a canonical task environment in social simulation will naturall y be defined as
an abstract form with known properties that can be used to represent environments
and the effects of cognitive behaviour in such a way that models with particular
domains of application can be mapped unambiguousl y into models set in canonical
task environments.

                                       The virtues of canonical task environments will be demonstrated b y using it to
capture three computational models of organizational behaviour. These are the

Carle y-Svoboda [3]  model in which workers in an organization have the task
collectivel y to recognize the modal di git in a digit string; the Moss [8]  model of the
resolution of critical incidents b y an environmentall y sensitive organization and the
virtual design team (VDT) model [7]  in which agents have to cooperate in order to
achieve a desi gn task. The C arle y-Svoboda model incorporat es a recognition task; the

Moss model an independent action task and the VDT model a cooperative acton task.

The Moss and VDT models are distinguished in this regard b y latter´s incorporation
of a critical path model to describe the necessar y work programme for the desi gn task

- 3  -
while, in the Moss model, any sequence is possible and effective sequences emerge as

a result of agent cognition and behaviour.

                                       All of these models are intended to capture elements of agent cognition in

organizations. The Carley-Svoboda model relates organizational structure to effective

agent cognition; the Moss model relates communication among agents to effective

organizational performance and the VDT model relates both organizational structure

and communication to performance. So, although the models are implemented in

different wa ys and represent cognition differentl y, the y are clearl y in the same

domain. The verbal description of their areas of application suggests that the Carle y-

Svoboda task environment is nested in the task environment of the Moss model which

in turn is nested in the task environment of the VDT model.

                                       One purpose of this paper is to state that set of nesting (or subsumption)

relationships anal yticall y. This is done by showing that both the Moss and VDT task

environments map directly into the Carle y-Svoboda specification of the task

environment. This, for reasons to be considered in the section following, is the

starting point for the canonical task environment developed below. In order to

maintain as much comparability as possible among the implementations of the three

models, a single base representation of cognition will be employed, although some

differences in implementation are required for each model. These differences and the

reasons the y are required are themselves informative in relating these models to one

another. Finally, although a simple matrix-based set of relations among the aspects of

the environment and the relationships among actions and aspects of the environment

is implemented here, generalization of the techniques to arbitrarily complex

relationships among aspects of environmental states and agents´ actions will be

described though not implemented here.

3  Developing a canonical task environment

                                       The customar y form of reporting models and results is as if a problem were

identified and the model used to analyse that problem appeared like the 7
th
 Cavalry

riding to the rescue. In this case, an account of the development of the suggested

canonical form of task environment robot will itself help to demonstrate its canonicit y

and to suggest an approach to the development of canonical task environments in

general.

- 4  -

                                       The inspiration for the model described here is a set of models b y Kathleen

Carle y and her colleagues which represent the environment as a digit string and model
agents with the objective of recognising certain characteristics of that string such as
whether it contains more 1s or 0s. The ke y paper here is by Carle y and Svoboda [3] .

This model has much the same content as the Radar-Soar model [15]  in which radar
station analysts were observing airplane characteristics in order to determine whether
they were friendl y, neutral or hostile. The airplanes had nine observable
characteristics each of which could take values of low, medium or high. Agents were
either anal ysts or managers. In both cases, cognition was represented in Soar, the
computer architecture manifestation of Alan Newell´s [12] unified theory of cognition.

Several alternative formulae were applied to relate the characteristic values to the

^actual~ status of the airplane as friendl y, etc. There is no anal ytical difference
between representing an airplane as a list of tokens from the set {low, medium, high}
on the one hand or a list of digits from the set {0, 1, 2} on the other. In fact,
converting the tokens into numbers was one of the steps involved in calculating the
status of the aircraft.

                                       This gives us an initial representation of the environment for a canonical model:

the digit string. In all of these models, organizational structure is represented b y
specif ying agents that observe subsets of charcteristics or, equivalently, positions in
the digit string and the agents to which the observing agents report and the agents to
which the y report, and so on. Decision-making within that structure is imposed b y the
modeller or at random or, in the latest version, b y a special agent (the CEO) who
periodicall y modifies the organizational structure as a cognitive act. In all of these
cases, the function of the organization is correctl y to recognize some characteristic of
the digit string. In the radar model, the recognition task is in practice to recognize in
which of three ranges la y the value of a function of the elements of the digit string and
in the Carle y-Svoboda model to recognize whether a bit string contained more 1s or

0s.

                                       A canonical task environment that is restricted to the representation of
recognition tasks is clearly too limited to provide a focus for the issues of concern to
the social simulation community as represented b y, sa y, recent conference volumes in
the field such as [5]  and [6] . To extend the model to allow for agents to act is
therefore a natural step.

- 5  -

                                       In order to support social simulation modelling of real institutions and systems,

it is essential to demonstrate that a canonical task environment supports application

models of such institutions and systems in its domain. For this reason, the elaboration

of the radar and digit string models to include action b y agents entailed a mapping

from a model of the organizational structure and systems involved in the management

of critical incidents in an environmentall y sensitive industry˙the UK water and

treatment industry. The model was based on interview and documentar y data provided

by North West Water P LC [8] .

                                       The relevant characteristics of the model are the representation of operating

sites as non-cognitive agents that communicated by telemetr y with the central

systems. The telemetr y data included alarm states for intruders, fires, floods, leaks of

various kinds, pump failures, and so on. There was also information provided b y the

public concerning publicly observable events such as mains collapses or dead fish in

the rivers. In each case the event could be occurring or not. So far, this application is

not essentially different from the radar problem. The occurrence of an event is

represented b y a 1 and the non-occurrence b y a 0. Ordering the 1s and 0s b y operating

site and event t ype (intruder, fire, mains collapse, chlorine leak, etc.) yields a digit-

string representation of the environment. In addition, each of these critical events has

associated with it a corrective action such as remove intruder, extinguish fire, repair

leak. The simplest extension to the Carley-Svoboda model that will capture the

possibilities for action to resolve critical incidents is a bit string s  implemented as a

vector and another bit string a , also a vector, of the same length as s and in which a 1

represents taking the action such as remove intruder at a particular operating site and a

0 indicates that the action is not being taken at that site. The effect of a 1 in a given

position in the action string a changes the value of the corresponding digit of s from a

1 to a 0, unless it is alread y 0.

                                       This gives us a straightforward difference equation for the state string:

(1)  Ia
                                      s

                                                              -

                                                 =

                            D

                                       The North West Water engineers allow for probabilities that action taken to

resolve one event might create another so that, as a fictional example, in repairing a

pump it is possible that a fire will be started. This implies that the coefficient matrix

of equation (1) might have off-diagonal elements. Consequently, we require a more

general form of the coefficient matrix: an action-state-change matrix (ASCM), to be

denoted b y A where [ a

ij

] is the effect of the unit action at the ith digit of the action

- 6  -

string on the jth digit of the state string. The notion of a probability or observed
frequenc y distribution of such events is captured in the usual wa y b y a probability
matrix P where [ p
ij

] is the probability that a change in the i th digit of the action string
will have the specified effect on the j th digit of the state string

                                       A further effect is that of ^snowballing~. One event might trigger another
without any actions having been taken. The ^snowballing~ or state-state-change
matrix (SSCM) will be denoted by S . There is no reason not to allow for each link in
the sequence of state-state interaction to be subject to an observed frequenc y
distribution and if that is the case we define an appropriate probability matrix.

                                       While the SSCM will naturally be a square matrix of size equal to the length of
the state digit string, we would not expect in general that there will be an action to
affect ever y aspect of the environment or, in the present context, as many rows as
columns of the ASCM. So if there are a  actions and s  defined aspects of the state of
the environment, the ASCM will by an a

´
s  matrix. So, ignoring snowballing, instead
of equation (1) the change in state digits due to actions will be

(2)

                                                                                                 1
                                                                                            -

                                                      =

                           D

                                                                                        t

                                             t

                                                                     Aa

                                      s

                                       In keeping with the evidence from North West Water, we assume that a change
in a state digit at one period will affect the values of a some state digits at the next
period so that, ignoring for the moment constraints on the values of the digits,

(3)

1

                                                                                                 1 -
                                                                                            -

D

                                                                                                          +

                                                      =

                           D
t

                                                                                        t

                                             t

s

                                                                                                                        S

                                                                     Aa

                                      s

                                       Substituting recursivel y into the second term on the right,

(4)

)

1

(

1

1

                                                                                           0

+

-

+

-

                                                                                      =

D

+

                                                      =

                           D

                                                                               å

T
t

T
t

                                                                                     T

                                             t

s

S

                                                                                                                     a

                                                                                                    S

                                                                     A

                                      s

                                                                                t

                                                                                                              t

                                       At period 0, the change from the ^previous~ period is 0 and so at period t , the
change in the state string is

(5)

                                                                               å

                                                                                      =

=

                                                      =

                           D

                                                                                      t
t

                                             t

                                                                                                                      a

                                                                                                    S

                                                                     A

                                      s

                                                                                           0
                                                                                t

t

                                                                                                               l

                                       Planning issues become important when the value of coefficients in the A  matrix
are larger in magnitude than the differences between current and target values of the
state string digits the y affect. Reaching the target values can onl y be done indirectl y
by changing related state string digits or by an indirect route of increasing the
discrepanc y from the target values in order to converge in some other wa y. This kind
of planning is a natural application for representations of cognition both as modelling

- 7  -
and as formal logics of an y of the intelligent planning algorithms and to investigate

how the efficiencies of these various approaches relates to organizational structures.

4  Action in the canonical task environment

                                       In this section, the environments from two further models are mapped into the

canonical task environment to demonstrate how to allow for agents to take actions to

influence the environment. Moss´ North West Water model [8]  is concerned with

actions that can be taken independentl y of ever y other. The VDT model captures

certain features of critical path models including the requirement that some results

require several actions to be completed in parallel or in a certain order. The Moss

model gives to individuals independent control tasks while the VDT model gives to

individuals some co-operative control tasks. In this section, we demonstrate that the y

are both in the domain of the same augmentation of the recognition task environment

4.1  Recognition task environment.

                                       The Carle y models as noted do not represent action by agents ˙ only

observation, reporting and formulating h ypotheses about the implications of the

observations. In terms of the canonical model, the action string contains all 0s and

equation (4) becomes

(6)

                            D
                                      s

                                            t

                                                     =
                                                                    0

                                       In this model, nothing would ever change without some exogenous perturbation

of the digit string.  In order to represent changes in organizational forms and to

anal yse the effectiveness of different assumed structures in the recognition task, states

in this model are changed b y random mutations in the digits of the state string so that,

in the recognition task model, the state change equation is

(7)

t

                                                                                              t

                                             t
m

                                                                                       s

                                                                    S

                                      s

                                                                                                                +

                                                                             D

                                                       =

                            D

                                                                                                  - 1

                                       This yields the usual sort of geometric progression so that

(8)

0

                                                                                0
s

S

                                                                                                                   m

                                                                                        S

                                      s
t

                                                                           t

t

                                             t

D

×

+

                                                                                                             ×

                                                       =

                            D

                                                                    å

                                                                          =

-

                                                                    t
t

                                                                                                  t

                                       Since the value of

D
s

0

 = 0 b y construction, the change in the state string at an y

time t  is simply

(9)

                                                                    å

                                                                          =

-

                                                                                                             ×

                                                       =

                            D

                                                                           t

t

                                             t

                                                                                                                   m

                                                                                        S

                                      s

                                                                                0

                                                                    t
t

                                                                                                  t

- 10  -

                                                                                                          actions which is equivlent to setting the edge matrix equal to the identity matrix.  To

                                                                                                          reduce the task environment further to the recognition task environment, we simply

                                                                                                          allow there to be no non-zero values of the actions.  This will reduce either of the

                                                                                                          more general task environments to the recognition task environment.

The relationship among models whereb y one is reduced to another b y setting

                                                                                                          individual parameters to specific values is known in econometrics as nesting and is, I

                                                                                                          believe, what Axtell et al.  had in mind by subsumption.  Consequently, the argument

                                                                                                          of this section indicates that the co-operative action environment subsumes the

                                                                                                          independent action task environment which in turn subsumes the recognition task

                                                                                                          environment.

Figure 2 : Relationships among the three canonical task environments

)

(

0

t

T
t

m

E

A

S
s
+

Å

×

=

D
å

=

t
t

t
a

)

(

0

å

=

-

+

=

D

T
t
t
t

m

Aa

S
s
t

t

t
å

=

-

×

=

D

t
t
t

m

S
s

0
t

t

t

E = I

0

=

- t

a
t

(all
t

)

 at -t =0 (all
t)

                                                                                                          5  The scope of simulation results

While it is important to investigate relationships such as subsumption among

                                                                                                          models and the canonical task environments will certainly facilitate such

                                                                                                          investigations, it is also important to determine the scope of the results obtained from

                                                                                                          individual models.  By scope of the results, I mean the range of canonical

                                                                                                          environments over which a set of results will be replicable.  For example, Carle y and

                                                                                                          Svoboda obtained a number of results about organizational structure in the recognition

                                                                                                          task environment.  Those results are themselves clearl y more robust if the y are also

                                                                                                          found in the independent and cooperative action environments.  Moreover, and

- 11  -
perhaps more importantly, if we find that results obtained in the recognition task

environment typically can be replicated in the more complicated task environments,

there will be obvious computational economies to be had in simulation experiments.

                                       In order to identif y those results that are dependent on the task environment, it is

obviously important to implement the other features of models in common wa ys.

Clearly there will have to be some differences.  Agents in the recognition task

environment will not require the capacity to act and agents in the independent action

task environment will not require the capacity to co-operate while action and

co -operation both are required in the co-operative action task environment.  In order

to minimize the differences in results due to implementations of agents, the agent

specifications will have to be nested in a manner corresponding to the nesting of the

task environments.

                                       Accordingl y, the three canonical forms of the task environment are

implemented in SDML, using its object oriented features to ensure that these are

nested in the manner identified in section 4 .  The purpose is to investigate the scope of

the results obtained in the original models that inspired the canonical representations

of the task environment in the first place.

                                       SDML supports three hierarchies with object oriented features.  Two of these

hierarchies support multiple inheritance and one supports  simple inheritance.  The

top-level hierarch y is the module  hierarch y.  Within each module is a hierarch y of

types . The t ype hierarch y entails the definition of containers  and a hierarchie of

agents containing other agents.  The module and t ype hierarchies support multiple

inheritance and the container hierarch y supports simple inheritance.

                                       Models in SDML are associated with modules.  The modules associated with

models for the various task environments will require either to contain or inherit both

the functionality required for the task environments and the representations of agents

with cognitive capacities relevant to their respective task environments.

5.1  The module hierarchy

                                       The module hierarch y for the development of the task environments is

reproduced in Figure 3 .  The top-level module, standard , contains the essential

functionality of SDML and cannot be modified b y the user.  All of the other modules

must be submodules of standard  and, so, inherit the essential SDML functionality.

- 12  -

                                       The two modules, Endorsing  and Cognition  implement a represent ation of
decision-making and mental modelling that has been used in a large number of
models including those reported b y Moss (1998), Moss and Sent (1998), Moss and

Dautenhahn (1998),  and Moss, Ga yl ard, Wallis and Edmonds (1997).  The Endorsing
module contains the implementation of a development from Paul Cohen´s (1985)
endorsements scheme.  Agents endorse information, other agents, mental models,
rules of behaviour, information sources or other obj ects of the model.  The
endorsements are mnemonic tokens whi ch have positive values if good or negative
values if bad.  The m agnitude of the value associated with each endorsement token
indicates its class of importance.  This is used to calculate the overall endorsement
value of one object in order to compare it with the endorsement values of other
objects.

                                                                                                              Figure 3 : The task environment module hierarchy
stan dar d

En dor sing

Cogn ition

Can onical

Action Model

                                                  Recogn ition Model

                                                                      In depen den tAction Model

          In depen den tHuman s In depen den tRobots

Coop er ativeAction Model
vdtModel Coop er ativeRobotsM odel

                                       Ever y endorseable t ype of object (rules, mental models, et c .) has associated with
it an endorsement scheme  which defines the endorsement tokens and values as well as
a number base for calculating the values of all endorsements of an obj ect.  If the
number base is b , the endorsement valueof an obj ect will be

- 13  -

(15)

                                                                                                                    å

                                                             å

<

                                                                     ³

                                                                                                      -

                                              =

0

                                                                           0

                                                                                                                       i
i

                                                                 i

                                                                                              i

                                                                                                                   e
e

                                                            e

                                                                                         e
b

                                                                                b

                               E

where e

                                                         i

                                                              is the value of the i th endorsement token.  Clearl y, the value of an

endorsement token in class n  is b  times as important as a token in class ( n -1).  The

finer the grain of endorsement values, the closer b  is to 1.

                                       An example of an endorsement scheme is reproduced in Figure 4  from the

SDML rule setting up the endorsement scheme for the workers in organizations in the

action models.

                                                                                   Figure 4 : SDML rule setting up plan endorsement scheme

and

   = ?grai n 1.3\

   =  ?endorsem entVal ues

[[pl anSuccessf ul  3]

 [pl anOnTrack 2]

 [pl anOffTrack -1]

 [pl anW rongInDi recti on -2]]

perm anent

   (endorsem entSchem eDef i ni ti on

pl anEndorsem entSchem e

?endor sem entVal ues

?grai n)

                                       The grain of the endorsement scheme ( b  in equation (15) ) is 1.3.  The variable

?endorsmentValues  is set equal to the list of tokens and their respective values.

The object planEndorsementScheme is then asserted to the permanent database so

that each worker in the model can access it at an y time during a simulation run.

                                       Because this rule is defined for the cognitive element of agents of t ype Worker

in the ActionModel module, all agents of that t ype in ever y task environment

providing for agent actions will have the same endorsement scheme for plans of

action.

                                       The Cognition module implements a representation of agent cognition taken

from Soar and ACT-R at the computational end of cognitive science.  This is based on

a problem space architecture with a set of tasks being associated with each problem

- 14  -

space.  The problem spaces are alarm , noPlanExists  and communicate .  In other
models, the problem space architecture has been considerable more elaborate.  A cut-
down version is used in the models reported here in order to maintain the issues
assoicated with canonical task environments in the sharpest possible relief.

                                       The problem space alarm arises when a worker notices that the value of the state
string at a position observed b y that agent differs from some target value.  The
objective of the agent is then to change the value of the state string digit to its target
value.  The first question is whether the agent has a plan defined that will be
applicable in the current circumstances and which has as a goal the change in the
value of the state string at the specified position.  If not, then the agent enters the
problem space noPlanExists  and then has a number of rules to guide the creation of a
plan.  If there is an appropriate plan, or once one is defined, the agent is no longer in
the noPlanExists  problem space and the problem space communicate  becomes
apposite.  In that problem space, the worker communicates with a superior in the
organization to inform that superior of the action taken or that no action could be
taken but that the observed digit of the state string is not at its target value.  The
possible components of the plans will differ with the model but the problem space
architecture and the plan endorsement scheme will not.  If there are several possible
plans, the chosen plan will be one with the highest endorsement value.

                                       Inspection of the module hierarch y will confirm that the extent of such common
properties of the various models is substantial.  The problem space architecture and
the endorsements mechanism have been defined in this wa y because the y are
compliant with Soar and ACT-R cognition as used in social simulations by Ye and

Carle y (1995) and Moss (1998) and because the y allow for the specification of the
problem spaces and associated tasks as well as the endorsements and their values on
the basis of data supplied b y domain experts.  The expert input is not relevant in this
case but it is by no means inconsistent with the canonical task environments.

5.2  The type hierarchy

                                       Type hierarchies are augmented b y modules but all types and their subt ypes
defined higher in the module hierarch y are inherited.  In the present case, there is one
type hierarch y defined in the Canonical module (see Figure 3 ).  In the t ype hierarch y
are two t ypes which can be changed b y users and for which subt ypes can be defined.

These are the t ypes Object  and Agent .  In fact, Agent is a subt ype of Object.  Its added

- 15  -
functionality is in having rulebases and databases and the abilit y to access them.

Similar type hierarchies to that implemented for the models set in canonical task

environments have been reported several times previously ( e.g.  in Moss (1998)).

                                       The segment of the t ype hierarch y starting with t ype Agent and including its

subtypes that are relevant to the substance of the models set in canonical task

environments is reproduced in Figure 5 .  The t ypes in boldface are defined in the

module Canonical.  The types CognitiveAgent and CogSimModel are defined in the

module Cognition.  The other t ypes are primitive to SDML and are inherited from the

module standard.

                                                             Figure 5 : Segment of type hierarchy from the Canonical module

Agent

                                                                                          T askGenerator Loopi ngAgent

OrganizationModel

OpsContainer

CogSim Model

Com posi teAgent

Seri al Com positeAgent

Paral l el Com posi teAgent

                                                                                Cogni tiv eAgent

                              WorkerMeta CEO

                                                                                          MetaAgent

          Worker

Industry Organization

                                       In the lower left corner of  Figure 5  are the type MetaAgent and its subtypes.

Instances of t ype MetaAgent are unique agents in that they have not onl y their own

databases and rulebases but, in addition, they can treat the rulebases of certain other

agents as databases.  That is, instances of t ype MetaAgent and its subt ypes can read

the rules on certain rulebases and the y can also write rules on those rulebases.  In all

of the models reported here, each agent of type Worker contains  an instance of type

WorkerMeta.  The instance of WorkerMeta devises mental models and, on the basis

of those mental models, devises plans of action.  These plans of action comprise

sequences of actions and the conditions in which those actions will be taken.  The

- 16  -

actions are actuall y taken b y the containing instance of Worker because the conditions
and actions are written as rules to the rulebase of the Worker instance.

                                       In general, an y agent can contain a meta agent and any meta agent can read
from and write to the rulebase of its containing agent, or container .   Instances of the
type CEO are the mea agents of instances of Organization.  Each organization
contains one CEO instance which, following Carley and Svoboda (1996), reorganizes
the structure of the organziation periodicall y in order to improve its effectiveness.

                                       Instances of LoopingAgent and its subtypes function over nested iterations
corresponding to time levels.  The instances of ParallelCompositeAgent and its
subtypes contain subagents that fire their rules in parallel at each time period.  The
instances of SerialCompositeAgent and its subt ypes contain agents that fire their rules
in a specified order.

                                       The combination of parallel and serial behaviour with time levels is most easily
seen in relation to the container hierarch y.

5.3  The container hierarchy

                                       The outermost container in SDML is alwa ys universalAgent  which is the only
instance of t ype Universe .  Usually it contains onl y a single subagent which is an
instance of a user defined t ype of model.  The container hierarch y defined by the
types in module Canonical is reproduced in Figure 6 .

                                       The model has two active subagents: taskGenerator  and industry .  Industry
can contain an arbitrar y number of organizations.  In all of the models reported here,
there was onl y one industry but, in Figure 6 , two are shown to indicate better the
capacity of the setup.  Each organization contains a ceo  and an operations container
called opsContainer .  The rulebases of ceo  are active before the rules of
opsContainer  and its subagents.  The rulebases of the workers contained by
opsContainer  become active effectivel y in parallel.  That is, no worker can ^see~ the
actions or consequences of an y actions of an y other worker in the current time period.

                                       At the start of each task cycle, taskGenerator  collects all of the actions taken
in the previous task c ycle and calculates the consequential changes in the state string,
incorporating an y mutations which it also determines.  After the state has been
updated, the industr y becomes active and the organization rulebases are activated in
parallel.  So the model c ycles in this way over taskcycles .  There are three taskCycles
per day .  The only effect of the distinction is that, at the start of each day , the ceo  of

- 17  -
each organization considers the need for reorganization on the basis of conflicting

actions by workers in the organization observed during the previous day .  The ceo  has

no other function and it has no active rulebases except at the start of the day .

                                                                             Figure 6 : Container hierarchy defined in module Canonical

                                                organizationModel

                                                          taskGenerator
industry

organization-2

ceo
ops-

Container

w-1

w-2

  .

  .

w-n~
organization-1

ceo
ops-

Container

w-1

w-2

  .

  .

w-n´

                                      day

taskCycle

                                       In order to allow for communication among agents in the determination of

actions, opsContainer  in each organization cycles over a time level called

decisionCycle .  This enables agents to decide to refer some decision up to a superior

or to issue an instruction to a subordinate so that the communication is received

during the same task c ycle.  The need for this additional time level follows from the

parallel nature of the actions of each worker in the organization.  Consequently, one

worker will ^sa y~ something to another worker (b y asserting a clause to the receiving

worker´s database) but the recipient of the message will not be able to observe it until

the following time period ˘ in this case the following decision cycle.

                                       Before each worker activates its rulebases, its meta agent (if an y) is activated.

In the representation of cognition used here, each meta agent c ycles over time level

elaborationCycle  during which it moves among its problem spaces to get as far as

possible in deciding on the approapriate rules of action for its containing worker.  This

is explained more fully by Moss et al.  (1997).

- 20  -

6.3  Co-operative task environment

                                       Two sets of experiments are required here. The first is to replicate the task
environment of the VDT model itself and the second to compare results in the
cooperative action task environment with the results obtained in experiments with the
other task environments.

                                       The purpose of the VDT model was to represent a design problem. That is, the
relevant ^environment~ was, for example, a space launch vehicle which did not exist
and the task was to create a vehicle with specified characteristics.  In effect, the space
launch vehicle had no characteristics at the start of the design process and had a
specified set of requisite characteristics at the end.  If we consider each digit in the
state string to represent the absence (if 0) or presence (if 1) of a characteristic, then the
initial state string would contain all zeroes and the target state string would contain all

1s and the actions would change the state string over the course of the simulation from
the initial to the target string. The first set of experiments demonstrate that the
specification of cognition and the process of organization restructuring implemented
in this model supports the achievement of all design objectives.  One question of
interest here is how robustly effective the organizational structuring process is with
respect to the complexity of  inter-relationships among the design features (SSCM-
based complexity).

                                       The second set of experiments relates the co-operative action task environment
back to the previousl y considered environments b y taking the target state to be the
initial state with random perturbations.  The effect of both t ypes of complexity in the
cooperative action environment can then be compared with the effects of complexity
in the independent action task environment.

7  Experimental results

7.1  Recognition task environment

                                       The recognition task environment model was run with three configurations in
which different state string lengths and different degrees of connectivity among states
were set.  The agents were adaptive but no changes in organizational structure or
reporting arrangements were allowed.  The cumulative percentage of correct
assessments of the modal digit value b y the top-most manager is reported in Figure 8 .

These results are representative of the outputs from the runs conducted with these

- 21  -

                                                                                                          models.  There are nine observer-agents who report their views of the modal digit

                                                                                                          value to their managers who, in turn, report to the top-most manager.  If the state

                                                                                                          string is of length nine, then as Carle y and Svoboda pointed out, a majority voting rule

                                                                                                          will correctl y identif y the modal digit value.  However the rule used b y managers in

                                                                                                          this model was to take the views of the majority positivel y endorsed subordinates.

Figure 8 : Recognition task environment: results with three configurations

0

0.2

0.4

0.6

0.8

1

1.2

17131925313743495561677379859197103109115121127133139145151157163169175181187193

elapsed task cycles
cumulative % correct guesses

length=12;conn= 0.05

length=36;conn= 0.05

length=36;conn= 0.4

With a nine-digit state string, accurac y was perfect.  The 12-digit and 36-digit

                                                                                                          state strings gave more interesting results and these are reported in Figure 8 .  B y

                                                                                                          inspection, the effect of the initial conditions ceases to dominate the series by the 50
th

                                                                                                          task cycle.  The average cumulative percentage of correct guesses over the remaining

                                                                                                          149 task c ycles was just over 92.5% while for the two runs with 36-digit state strings,

                                                                                                          the averages were just under 79% and just over 79.5%.  There is no chance in that

                                                                                                          period of either a t ype I or a t ype II error in correctly assigning an observation to

                                                                                                          simulation run with a 12-digit or a 36-digit state string.

If we take the same interval of task cycles to distinguish between the two runs

                                                                                                          with 36-digit state strings but different degrees of connectivit y among states, then

                                                                                                          formally the series with the higher degree of connectivit y (0.4) has the lower average

                                                                                                          of correct assessments of the modal digit value than does the series with the lower

                                                                                                          degree of connectivity (0.05).  However this result is spurious since, eliminating the

- 22  -

last 30 observations from the series (that is from the point where the two time series
cross), the series reflecting the hi gher degree of connectivit y shows the hi gher average
of correct assessm ents ( 0.793) than does the series reflecting the lower degree of
connectivit y (0.798) also with hi gh levels of confidence (at least 99.9% in all cases).

                                       The conjecture that arises naturall y from these results is that complexit y of
relations among the di gits of the state string has no unambi guous effect while
increasing the length of the state string reduces accurac y of organization judgement.

It is simpl y noted for further investi gation that the results with the longer string are
remarkabl y close to the level of the cumulative correct estimates found b y Carl e y and

Svoboda for the nine-di git state string at 76.14% for the case where individuals learn
but there is no structural change in the organization.

7.2  Independent action task environm ent

                                       The measure of organizational efficienc y used in the models with action task
environments was the number of task c ycles that elapsed between the time the value
of a digit was changed from its target value until the time it was returned to its target
value.  The results of four simulation runs, collected in Fi gure 9 , indicate that the
results are more sensitive to the length of the state string that to the complexit y of the
relations among the di gits of the state string or, in this case, the complexit y of
relations among actions and state-string digits.

                                       All of the simulation runs were conducted over two hundred event c ycles in 50
days. At the start of each da y, the CEO could change the manager to which an y agent
reported but not the fundam ental organizational structure.

                                       The forward-most row on the y-axis of the chart in Fi gure 9  is obtained from a
simulation run in which the state string had 12 di gits while in all other runs the state
string had 36 di gits.  As indicated along the x-axis, giving the intervals of event
durations, a considerabl y higher proportion of the events in the 12-digit simulation
were resolved within two event c ycles than in an y of the 36-di git simulations
including the 36-di git simulation which was otherwise identical to the 12-digit
simulation.

                                       In none of the simulation runs were there man y episodes lasting more than 10
event c ycl es although even that number was reduced to zero b y either hi gher degrees
of interaction among states (SSCM-connectivit y) or between actions and states

- 23  -

                                                                                                          (ASCM- connectivity).  These effects of SSCM- and ASCM- connectivity are more

                                                                                                          easily seen in Figure 10 .

Figure 9 : Distribution of event durations (independent actions)

n=<2

2<n=<5

5<n=<10

10<n=<30

30<n

{12; 0.05; 0.15}

{36; 0.05; 0.15}

{36; 0.05;0.3}

{36; 0.25; 0.15}

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Figure 10 : Scatters of event durations over time (independent action)

                                                                                                          Length=12; SSCM -conn=0.05; ASCM-co nn=0.15

                                                                                                                        0

                                                                                                                     10

                                                                                                                     20

                                                                                                                     30

                                                                                                                     40

                                                                                                                     50

                                                                                                                     60

                                                                                                                     70

                                                                                                                     80

0 20 40 60 80 100 120 140 160 180 200

elapsed task cycle
duration

Length=36; SSCM -conn=0.05; ASCM-co nn=0.15

0

10

20

30

40

50

60

70

80

0 20 40 60 80 100 120 140 160 180 200

elapsed task cycles

                                                                                                              Length=36; SSCM -conn=0.05; ASCM-co nn=0.3

                                                                                                                       0

                                                                                                                     10

                                                                                                                     20

                                                                                                                     30

                                                                                                                     40

                                                                                                                     50

                                                                                                                     60

                                                                                                                     70

                                                                                                                     80

0 20 40 60 80 100 120 140 160 180 200

elapsed task cycles

Length=36; SSCM -conn=0.25; ASCM-co nn=0.15

0

10

20

30

40

50

60

70

80

0 20 40 60 80 100 120 140 160 180 200

elapsed task cycles

- 24  -

                                       All of the scatter diagrams in Figure 10  are on the same scales of elapsed task
cycles (the x-axis) and event durations (the y-axis).  Each point corresponds to the
elapsed task c ycle at which an event ended (x) and the duration of the event ( y).  In
the top row, are the scatters for two runs with low SSCM- and ASCM-activity.

Clearly, although a larger proportion of events are resolved within two event c ycles in
the 12-digit simulation, there is also a higher volatility of the durations as indicated b y
the dots scattered up to 80 task c ycles as well as their distributions in the upper
reaches of the chart through the simulation.  The scatter in the upper reaches of  of the
upper right hand chart is less pronounced, though again it is not related in any wa y to
the passage of time.  It appears from the two lower charts that either a higher degree
of ASCM-connectivity or of SSCM connectivity provides enough information to the
agents and the CEO to forestall the longer durations of events.  The longest duration
in either case was seven event c ycles as opposed to 80 and 60 event c ycles,
respectivel y, in the lower-connectivity runs.

                                       The purpose of this paper is not to enter into detailed anal ysis of the reasons for
these changes but, rather, to identify the questions that require more complicated
models if they are to be answered b y means of simulation experiments.  Nonetheless,
one possibility for the cause of these differences is that the CEO will have had more
information resulting from conflicting actions by agents in the higher connectivity
runs and, so, was adjusting the reporting relations among workers and managers more
activel y.  If so, the activities undertaken within the organization and the conditions in
which the y are undertaken are important influences on managers´ ability to modif y
organizational structure in order to improve organizational performance.  This
conjecture is entirel y consistent with Alfred Chandler´s (1962) historical anala ysis of
the development of, for example, the multi-divisional firm.

7.3  Co-operative action task environment

                                       The experiments with the co-operative action task environment were set up
identically to the experiments with the independent action task environment except
that the critical path model was specified in addition.  Apart from that difference, the
effects of which are the subject of interest here, experiments were run with 12- and

36-digit strings and the same parameter values for generating the ASCM and the

SSCM.  In keeping with the purpose of the VDT model, a series of experiments was
run in which the ASCM was the identity matrix of rank equal to the length of the state

- 25  -
string and the initial state string contained only 0s while the target state string

contained onl y 1s.

                                       The critical path network was generated b y setting

                                       ·
                                                the maximum path length from an atomic action to a final action that

                                                                determined the value of a digit in the a -string,

                                       ·
                                                the number of further actions that an y action in the network could support

                                                                and

                                       ·
                                                the maximum number of supporting actions for each action.

                                       In ever y experiment, the maximum path length was 7, the maximum number of

supported actions b y an y action was 3 and the maximum number of supporting

actions for an y action was 4.  The network was generated  b y creating a sump of

actions defined b y the maximum number of branches from the action, the maximum

number of branches to the action and the maximum length of an y path to the action.

For each action in the sump, each of the three parameters were chosen at random from

the interval [1, m ] where m  was the globally defined maximum number of supported or

supporting actions or path length, respectivel y.

                                       In the test runs, conforming as much as possible to the VDT model, the number

of task c ycles in which the state string digits were all converted from 0s to 1s was in

ever y case the minimum possible ˘ i.e. , the longest path length in the network.  This

indicated that the representation of cognition implemented in the model used for this

series of simulations was efficient in the absence of an y ASCM or SSCM complexity.

                                       The equivalent of Figure 9  for the co-operative task environment is Figure 11 .

While there looks to be greater variability among the results from different

configurations of the simulation runs, we observe once again that the experiments

with the longer state strings all entail a smaller proportion of the lowest event

durations than the experiment with the shorter state string.  Of course, in all cases, the

durations tended to be a little longer because the shortest possible duration was the

length of the longest action path required to effect the relevant final action.

                                       The scatters of event durations over the simulation runs are again in the pattern

observed in the independent action task environment experiments.

- 26  -

Figure 11 : Distribution of event durations (co-operative actions)
n=<2

2<n=<5

5<n=<10

10<n=<30

30<n

{12; 0.05; 0.15}

{36; 0.05; 0.15}

{36; 0.05;0.3}

{36; 0.25; 0.15}

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

Figure 12 : Scatters of event durations over time (co-operative action)

                                                                                                          Length=12; SSCM -conn=0.05; ASCM-co nn=0.15

                                                                                                                    0

                                                                                                                  10

                                                                                                                  20

                                                                                                                  30

                                                                                                                  40

                                                                                                                  50

                                                                                                                  60

                                                                                                                        0 20 40 60 80 100 120 140 160 180 200
elapsed task cycles

duration

Length=36; SSCM -conn=0.05; ASCM-co nn=0.15

0

10

20

30

40

50

60

0 20 40 60 80 100 120 140 160 180 200
elapsed task cycles

                                                                                                              Length=36; SSCM -conn=0.05; ASCM-co nn=0.3

                                                                                                                        0

                                                                                                                     10

                                                                                                                     20

                                                                                                                     30

                                                                                                                     40

                                                                                                                     50

                                                                                                                     60

0 20 40 60 80 100 120 140 160 180 200
elapsed task cycle

Length=36; SSCM -conn=0.25; ASCM-co nn=0.15

0

10

20

30

40

50

60

0 20 40 60 80 100 120 140 160 180 200
elapsed task cycle

The same pattern of results is apparent in Figure 12  as in Figure 10  insofar as

                                                                                                          either higher SSCM connectivity or higher ASCM connectivity is associated with the

                                                                                                          absence of extreme values of the duration of events.  It is also clear from a

                                                                                                          comparison of Figure 11  with Figure 9  that there is more variability among the

- 27  -
durations of events corresponding to the various simulation runs with 36-digit state

strings in the co-operative activity task environment than in the independent activity

task environment.

7.4  Comparison

                                       It is important to recognise that the comparisons made here are not based on

significant amounts of experimental data.  A few simulations have been run and the

reported results are t ypical of those runs.  The purpose remains that of illustrating the

role of canonical task environments in specif ying questions and establishing a

framework that substitutes for closed-discipline theor y in relating models to one

another and to problem domains.

                                       The clear difference observed here between the recognition task environment

and the action task environments is that an increase in state string length reduces the

efficienc y of an organization in identifying the modal digit value while it increases the

efficienc y with which agents are able to identif y and act on deviations of actual from

target digit values.  The latter result is found for both independent and cooperative

action task environments.

                                       It has alread y been noted that the effect of connectivity or complexity either

between actions and state aspects or among different aspects of the environmental

state are associated with an absence of events of long duration whereas the absense of

such connectivit y is associated with a scattering of events of extreme duration.

8  Conclusion

                                       The results obtained in the reported simulation experiments indicate that agents

that can act on their environments are more efficient in richer environments while

agents that seek onl y to recognize a pattern in their environment are less efficient in

richer environments.  The richer environment gives the agents more information and

the ability to act enables them to test their understanding of relationships in that

environment.  The endorsement schemes used to represent the consequences of

experience for agents enabled them to construct and retain models of their

environments which were validated b y the correctness of their predictions.

Consequently, the richer the environment, the finer the relationships that can be

identified and the ability to act gave the agents information about changes in the states

of their environments as well as information about the states themselves.  In effect,

- 30  -

[5]  Conte, Rosaria, Rainer Hegselmann and Pietro Terna (1997), Simulating Social

                                       Phenomena  (Berlin: Springer-Verlag, Lecture Notes in Economics and

                                       Mathematical S ystems)

[6]  Gilbert G.N. and R. Conte (1995), Artificial Societies , (London: UC L Press).

[7]  Jin, Y. and R. Levitt (1996), "The Virtual Design Team: A computational

                                       Model of Project Organizations", Computational and Mathematical

                                       Organization Theory , v. 2, pp. 171-195.

[8]  Moss, Scott (1998). ^Critical Incident Management: An Empirically Derived

                                       Computational Model~, Journal of Artificial Societies and Social Simulation ,

                                       1 (4), http://www.soc.surre y.ac.uk/JASSS/1/4/1.html

[9]  Moss, Scott and Kerstin Dautenhahn (1998),  ^Hierarchical Organization of

                                       Robots: A Social Simulation Studỹ (Manchester: Centre for Polic y Modelling

                                       Technical Report 98-36) < http://www.cpm.mmu.ac.uk/cpmrep36.html >.

[10]  Moss, Scott and Esther-Mirjam Sent (1998), "Boundedl y versus  Procedureall y

                                       Rational Expectations"  in Andrew Hughes-Hallett and Peter McAdam (eds),

                                       Analyses in Macro Modelling  (Amsterdam: Kluwer Academic Publishers), in

                                       press.

[11]  Moss, Scott ,  Helen Ga ylard, Steve Wallis and Bruce Edmonds (1998), SDML:

                                       A Multi-Agent Language for Organizational Modelling, Computational and

                                       Mathe maticalOrganizat ion Theory  4 , (1), 43-70.

[12]  Newell, A.(1990), Unified Theories of Cognition , (Cambridge MA: Harvard

                                       University Press).

[13]  Terna, 1997, ^A Laborator y for Agent Based Computational Economics: The

                                       Self-development of Consistenc y in Agents’ Behaviour~ in [5] , pp. 73-88.

[14]  Tol, R. S.J. (1996), A decision-analytic treatise of the enhanced greenhouse

                                       effect , (Amsterdam: Vrije Universit y).

[15]  Ye, M. and K.E. Carle y (1995), "Radar Soar: towards an artificial organization

                                       composed of intelligent agents", Journal of Mathematical Sociology , 20 , pp.

                                       219-246.