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A “ Conciousness’ -Based
Architecturefor
aFunctioningMind

Stan Franklin
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Abstract

Here we describe an architecture for an autonomous software agent
designed to model a broad spectrum of human cognitive and affective
functioning. In addition to featuring “ consciousness,” the architecture
accommodates perception, several forms of memory, emotions, action-
selection, deliberation, ersatz language generation, several forms of
learning, and metacognition. One such software agent, IDA, embodying
much of this architecture, is up and running. IDA’s “ consciousness”

module is based on global workspace theory, allowing it to select relevant
resources with which to deal flexibly with both exogenous and endogenous
stimuli. Within this architecture, emotions implement IDA’s drives, her}
primary motivations. Offering one possible architecture for a fully
functioning artificial mind, IDA constitutes an early attempt at the exploration
of design space and niche space. The design of the IDA architecture spawns
hypotheses concerning human cognition and affect that can serve to guide
the research of cognitive scientists and neuroscientists. One such hypothesis
is that consciousness is discrete.
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| ntroduction

Whatisamind?l have maintainedfor years, and still do, that the most useful way
tolook at amindisasacontrol structure for an autonomous agent (see the next
section). The continuing task of amind isto produce the agent’ s next action, to
answer the only really significant question there is—what shall | do next
(Franklin, 1995). Any theory specifying how to go about answering thisquestion
isatheory of mind.2 A theory iscomputationally plausibleif it can beimplemented
or modeled onacomputer, very likely onavirtual machinerunning onacomputer
(Sloman & Chrisley, 2003). If our theory isto be implemented or modeled on a
computer, we must have in hand a computationally plausible architecture with
which to implement or model it. If we have succeeded in implementing our
architecture on a computer so that it supports our theory of mind on an
autonomous agent, we have produced an artificial mind.

This chapter is devoted primarily to the description of one such, complex,
functioning==stificial mind, and to someof the hypothesesabout human affect and
cognition t| “arederived fromit. Thisartificial mind isthe control structure of
an autonomous software agent, IDA (Franklin, Kelemen, & McCauley, 1998;
Franklin, 2001). IDA’s architecture implements global workspace theory, a
theory of mind (Baars, 1988, 1997, 2002). It can be seen asan early contribution
to the exploration of design space and niche space (Sloman, 1998).

Autonomous Agents

Artificial intelligence pursuesthetwin goal sof understanding humanintelligence
and of producingintelligent software and artifacts. Designing, implementing, and
experimenting with autonomous agents furthers both of these goals in a
synergistic way (Franklin, 1997). An autonomous agent (Franklin & Graesser,
1997) is a system situated in, and part of, an environment, which senses that
environment, and actsonit, over time, in pursuit of itsown agenda. In biological
agents, this agenda arises from evolved drives and their associated goals; in
artificial agentsfromdrivesand goalsbuiltinby itsdesigner. Suchdrivesthat act
as motive generators (Sloman, 1987) must be present, whether explicitly
represented or expressed causally. The agent also acts in such a way as to
possibly influencewhat it senses at alater time. In other words, it isstructurally
coupled toitsenvironment (Maturana, 1975; Maturanaet al., 1980). Biological
exampl esof autonomous agentsinclude humansand most animals. Nonbiol ogi cal
examplesinclude somemobil erobotsand variouscomputati onal agents, includ-
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ing artificial life agents, software agents, and many computer viruses. We will
be concerned with autonomous software agents designed for specific tasks and
“living” inreal-world computing systems, such asoperating systems, databases,
or networks.

Such autonomous software agents serve to spawn hypotheses about human
cognition and affect that can serve to guide the research of cognitive scientists
and neuroscientists. Each design decisiontaken for theagent translatesinto such
a hypothesis about human cognitive or affective functioning (Franklin, 1997).
Thus, inaddition to their practical function, such agentscan further theinterests
of science.

Roboticists often claim that autonomous software agents are not embodied in
that they typically do not have to deal with the physics of thereal world (Prem,
1997). However, some software agents, including our IDA, negotiate with
humansinareal-world environment. They both causally affect thereal, physical
world and are affected by it. For this to happen, they, in some sense, must be
embodied.

Global Workspace Theory

The material in this section relates to Baars' two books (1988, 1997) and
superficially describes his global workspace theory of consciousness. In this
theory, Baars, along with many others (for example, Minsky, 1985; Ornstein,
1986; Edelman, 1987; Jackson, 1987), postul atesthat human cognitionislargely
implemented by a multitude of relatively small, special-purpose processes,
almost always subconscious. (It is a multiagent system.) Communication be-
tween them is rare and over a narrow bandwidth. Coalitions of such processes
findtheir way into aglobal workspace (and thusinto consciousness). Thislimited
capacity workspace serves to broadcast the message (contents) of the coalition
to all the subconscious processorsin order to recruit other processorstojoinin
thehandling of the current novel situation or insolving the current problem. Thus,
consciousness in this theory allows us to deal with novelty or problematic
situations that cannot be dealt with efficiently, or at all, by automatized,
subconscious processes. I n particular, consciousness provides access to appro-
priately useful resources, thereby solving the relevance problem, that is, the
problem of identifying those resourcesthat are relevant to the current situation.

All of thistakes place under the auspices of contexts: goal contexts, perceptual
contexts, conceptual contexts, and cultural contexts. Baars uses goal hierar-
chies, dominant goal contexts, a dominant goal hierarchy, dominant context
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hierarchies, and lower level context hierarchies. Each context is a coalition of
processes. Though contexts are typically subconscious, they strongly influence
CONSCiOUS Processes.

Baars postulated that learning results simply from conscious attention; that is,
that consciousnessis sufficient for learning. There is much moreto the theory,
including attention, action selection, emotion, voluntary action, metacognition,
and asense of self. | think of it asahigh-level theory of cognition and of affect.

“Conscious’ Software Agents

A "conscious" software agent is defined to be an autonomous software agent that

implements global workspace theory. (No claim of sentience or phenomenal

consciousness is being made, hence, the scare quotes.) | believe that "conscious"

software agents have the potential to play a synergistic role in both cognitive
theory and intelligent software. Minds can be viewed as control structures for
autonomous agents (Franklin, 1995). A theory of mind constrains the design of
a “conscious’ agent that implements that theory. While a theory is typically
abstract and only broadly sketches an architecture, an implemented, computa-
tional design provides a fully articulated architecture and a complete set of
mechanisms. This architecture and set of mechanisms provides a richer, more
concrete, and more decisive theory. Moreover, every design decision taken
during animplementation furnishes ahypothesisabout how human mindswork.
These hypotheses may motivate experiments with humans and other forms of
empirical tests, thereby providing directionto research in cognitive science and
neuroscience. Conversely, theresultsof such experimentsmotivate correspond-
ing modifications of the architecture and mechanisms of the software agent. In
thisway, the concepts and methodol ogies of cognitive science and of computer
science will work synergistically to enhance our understanding of mechanisms
of mind (Franklin, 1997).

“Conscious’ Mattie

“Conscious’ Mattie (CMattie) wasour first “conscious’ software agent. Sheis
a clerical agent devoted to publicizing mostly weekly seminars on various
subjectsin aMathematical Sciences Department (McCauley & Franklin, 1998;
Ramamurthy etal., 1998; Zhang et al., 1998; Bogner et al., 2000). She composes
and e-mails weekly seminar announcements, having communicated by e-mail
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with seminar organizers and announcement recipientsin natural language. She
maintainsher mailing list, remindsorganizerswho arelatewiththeir information,
and warnsof space andtimeconflicts. Thereisno humaninvolvement other than
these e-mail messages. CMattie’' s cognitive modulesinclude perception, learn-
ing, action selection, associative memory, “consciousness,” emotion, and
metacognition. Her emotions influence her action selection. Her mechanisms
include variants and extensions of Maes' behavior nets (1989), Hof stadter and
Mitchell’ sCopycat architecture (1994), Jackson’ s pandemonium theory (1987),
Kanerva's sparse distributed memory (1988), and Holland’ s classifier systems
(Holland, 1986).

CMattiewill play only aminor roleinwhat follows. The brief description above
isincluded for two reasons. Several of the references given in the context of
IDA’ smoduleswill, infact, describesimilar modulesin CMattierather than IDA
modules. In these cases, the descriptions therein will be mostly accurate when
applied to the corresponding IDA module. Second, CMattie constitutes an
instructive examplerelating to the exploration of design space (Sloman, 1998).
CMattie's cognitive processes are reactive and metacognitive without being
deliberative, demonstrating that this combination is possible if only in an
impoverished way.

IDA

IDA (Intelligent Distribution Agent) is a*“conscious’ software agent that was
developed for the U.S. Navy (Franklin et al., 1998). At the end of each sailor’'s
tour of duty, he or she is assigned to a new billet. This assignment process is
calleddistribution. TheNavy employssome 280 people, called detailers, full time,
to effect these new assignments. IDA’s task is to facilitate this process by
automating the role of detailer.

IDA’s task presents both communication problems and action selection prob-
lems involving constraint satisfaction. It must communicate with sailorsviae-
mail and in natural language, understanding the content and producing lifelike
responses. Sometimes IDA will initiate conversations. shf=Tust access a number
of databases, agai n understanding the content. Sher==yst iat the Navy’ sneeds
are satisfied, for example, the required numbel_Z sonar technicians on a
destroyer with the required types of training. In doing so, IDA must adhereto a
number of Navy policies. Sh st hold down moving costs. And, IDA must cater
to the needs and desires of sailors as well as is possible. This includes
negotiating with the sailor via an e-mail correspondence in natural language.
IDA’ sarchitecture and mechanismsare largely model ed after those of CMattie,
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though they are more complex. In particular, IDA employs deliberative reason-
ing in the service of action selection, where CMattie was able to do without.

Before going further, it is important that we distinguish between IDA as a
computational model and as a conceptual model. The computational IDA isa
running piece of Javacode, an actual softwareagent. The conceptual IDA model
includeseverythinginthecomputational model with relatively minor changes. It
alsoincludes, however, additional functionality that hasbeen designed but not yet
implemented. In what follows, | will try to carefully note capabilities not yet
implemented. Unlessotherwisestated, descriptionswill be of thecomputational
model.

As we hypothesize that humans also do, the IDA model runs in a rapidly
continuing sequence of partially overlapping cycles, called cognitive cycles
(Baars & Franklin, 2003). These cycleswill be discussed in detail below, after
the IDA architecture and its mechanisms are described.

“Conscious’ Software Architecture
and M echanisms

Thel DA architectureispartly symbolicand partly connectionist, at [east in spirit.
Although there are no artificial neural networks as such, spreading activation
abounds. The mechanismsused inimplementing the several modules have been
inspired by a number of different new Al techniques (Hofstadter & Mitchell,
1994; Holland, 1986; Jackson, 1987; Kanerva, 1988; M aes, 1989; Minsky, 1985;
Valenzuela-Rendon, 1991). The architectureis partly composed of entitiesat a
relatively high level of abstraction, such as behaviors, message-type nodes,
emotions, etc. (all discussed in this chapter), and partly of low-level codelets.

Each codeletisasmall pieceof code performing asimple, specialized task. They
correspond to Baars' processors in global workspace theory (1988). Most
codeletsare, likedemonsin an operating system, alwayswatching for asituation
toarise, makingit appropriateto act. Codel etscomein many varieties. perceptual
codel ets, information codel ets, attention codel ets, behavior codel ets, expectation
codelets, etc. (all described in this chapter). Though most codelets subserve
some high-level entity, many codelets work independently. Codelets do almost
all thework. IDA can almost be viewed asamultiagent system, though not inthe
usual sense of the term.

As noted above, most of IDA’s various entities, both high-level entities and
codelets, carry and spread some activation. Such activation typically hopes to
measure some sort of strength or relevance. Unless told otherwise, it is safe to
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assumethat every activation decaysover time. Finally, notethat though the IDA
architectureis conveniently described in terms of modules, itis, in fact, tightly
connected. Like the brain, the IDA architecture is both modular and highly
interconnected.

Per ception

IDA perceives both exogenously and endogenously (Zhang et al., 1998). The
stimuli of her single sense are strings of characters. We use Barsalou's
perceptual symbol systems as a guide (1999). The perceptual knowledge base
of this agent, called perceptual memory, takes the form of a semantic net with
activation called the glipnet. The name is taken from the Copycat architecture
that employs a similar construct (Hofstadter & Mitchell, 1994). Nodes of the
slipnet constitute the agent’s perceptual symbols, representing individuals,
categories, and higher-level ideas and concepts. A link of the slipnet represents
a relation between its source node and its sink node (see Figure 1).

Anincoming stimulus, say an e-mail message, is descended upon by ahoard of
perceptual codelets. Each of these codel etsislooking for some particular string
or strings of characters, say one of the various forms of the name of the city of
Norfolk. Upon finding an appropriate character string, the codel et will activate
an appropriatenodeor nodeintheslipnet. Theslipnet will eventually settledown.
Nodes with activations over threshold and their links are taken to be the
constructed meaning of the stimulus. Pieces of the slipnet containing nodes and

Figure 1. A portion of the Sipnet
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links, together with perceptual codelets with the task of copying the piece to
working memory constitute Barsalou’ s perceptual symbol simulators.

Memory

Both CMattieand IDA employ sparse distributed memory (SDM) astheir major
associative memories (Anwar, Dasgupta, & Franklin, 1999; Anwar & Franklin,
2003). SDM is a content addressable memory that, in many ways, is an ideal
computational mechanism for use asalong-term associative memory (Kanerva,
1988). Content addressable means that items in memory can be retrieved by
using part of their contents as a cue, rather than having to know the item’s
address in memory.

Theinner workingsof SDM rely onlargebinary spaces, that i s, spacesof vectors
containing only zeros and ones, called bits. These binary vectors, called words,
serve as both the addresses and the contents of the memory. The dimension of
the space determines the richness of each word. These spaces are typically far
too large to implement in any conceivable computer. Approximating the space
uniformly with somemanageable number of actually implemented, hardlocations
surmounts this difficulty. The number of such hard locations determines the
carrying capacity of the memory. Features are represented as one or more bits.
Groups of features are concatenated to form a word. When writing a word to
memory, acopy of theword is placed in all close enough hard locations. When
reading aword, aclose enough cuewould reach all close enough hard locations
and get some sort of aggregate or average out of them. As mentioned above,
reading is not always successful. Depending on the cue and the previously
written information, among other factors, convergence or divergence during a
reading operation may occur. If convergence occurs, the pooled word will bethe
closest match (with abstraction) of the input reading cue. On the other hand,
when divergence occurs, thereis no relation, in general, between the input cue
and what is retrieved from memory.

SDM ismuch like human long-term declarative memory. A human often knows
what he or she does or does not know. If asked for a telephone number | have
once known, | may search for it. When asked for one | have never known, an
immediate “| don’t know” response ensues. SDM makes such decisions based
on the speed of initial convergence. The reading of memory in SDM is an
iterative process. The cueis used as an address. The content at that address is
read as a second cue, and so on, until convergence, that is, until subsequent
contents look alike. If it does not quickly converge, an “I don’t know” is the
response. The “on the tip of my tongue phenomenon” corresponds to the cue
having content just at thethreshold of convergence. Y et another similarity isthe
power of rehearsal, during which an item would be written many times and, at
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each of these, to a thousand locations—that is the distributed part of sparse
distributed memory. A well-rehearsed item can be retrieved with smaller cues.
Another similarity is interference, which would tend to increase over time as a
result of other similar writes to memory. The IDA conceptual model uses
variants of SDM to implement both transient episodic memory and declarative
memory (Franklin et al., in review; Ramamurthy, D’Mello, & Franklin, to

appear).

“Consciousness’

The* consciousness” modulesin CMattie and IDA are almost identical. In both
architectures, the processors postulated by global workspace theory are imple-
mented by codel ets, small piecesof code. These are specialized for somesimple
task and often play therol e of ademon waiting for an appropriate condition under
which to act. The apparatus for producing “consciousness’ consists of a
coalition manager, aspotlight controller, abroadcast manager, and acollection
of attention codelets that recognize novel or problematic situations (Bogner,
1999; Bogner et al., 2000). Each attention codel et keeps awatchful eye out for
some particular situation to occur that might call for “conscious” intervention.
Upon encountering such a situation, the appropriate attention codelet will be
associated with thesmall number of information codel etsthat carry theinforma-
tion describing thesituation. Thisassociation shouldlead to the collection of this
small number of codel ets, together with the attention codel et that collected them,
becoming a coalition. Codelets also have activations. Upon noting a suitable
situation, an attention codelet will increase its activation as a function of the
match between the situation and its preferences. Thisallowsthe coalition, if one
is formed, to compete for “consciousness.”

The coalition manager is responsible for forming and tracking coalitions of
codelets. Such coalitions are initiated on the basis of the mutual associations
between the member codelets. During any given cognitive cycle, one of these
coalitions findsits way to “consciousness,” chosen by the spotlight controller,
who picks the coalition with the highest average activation among its member
codelets. Global workspace theory calls for the contents of “consciousness” to
be broadcast to each of the codel ets. The broadcast manager accomplishesthis.

Action Selection

CMattie and IDA depend on an enhancement of Maes' behavior net (1989) for
high-level action selectionintheserviceof built-indrives(Song & Franklin, 2000;
Negatu & Franklin, 2002). Each has several distinct drivesoperating in parallel
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and implemented inthe IDA conceptual model by feelings and emotions. These
drives vary in urgency as time passes and the environment changes. The goal
contexts of global workspace theory are implemented as behaviorsin the IDA
model. Behaviors are typically mid-level actions, many depending on several
behavior codeletsfor their execution. A behavior net is composed of behaviors
andtheir variouslinks. A behavior looksvery much likeaproductionrule, having
preconditionsaswell asadditionsand del etions. A behavior isdistinguished from
aproduction rule by the presence of an activation, which isanumber indicating
somekind of strengthlevel. Each behavior occupiesanodein adigraph (directed
graph). Thethreetypesof links of the digraph are compl etely determined by the
behaviors. If a behavior X will add a proposition b, which is on behavior Y's
preconditionlist, then put asuccessor link from Xto Y. Theremay beseveral such
propositions, resulting in several links between the same nodes. Next, whenever
yOu put in asuccessor going one way, put in apredecessor link going the other.
Finally, supposeyou have aproposition mon behavior Y’ sdeletelist that isalso
a precondition for behavior X. In such a case, draw a conflictor link from X to
Y, which isto be inhibitory rather than excitatory.

Asinconnectionist models, thisdigraph spreadsactivation. Theactivation comes
fromfour sources: from activation storedinthebehaviors, fromtheenvironment,
from drives (through feelings and emotionsin the IDA conceptual model), and
from internal states. The environment awards activation to a behavior for each
of itstrue preconditions. Themorerelevant it istothe current situation, themore
activation it isgoing to receive from the environment. This source of activation
tends to make the system opportunistic. Each drive awards activation to every
behavior that, by being active, will satisfy that drive. This source of activation
tends to make the system goal directed. Certain internal states of the agent can
also send activationto thebehavior net. Thisactivation, for example, might come
from a coalition of behavior codelets responding to a “conscious” broadcast.
Finally, activation spreadsfrom behavior to behavior along links. Along succes-
sor links, onebehavior strengthensthose behaviorswith preconditionsthat it can
help fulfill by sending them activation. Along predecessor links, one behavior
strengthens any other behavior with an add list that fulfills one of its own
preconditions. A behavior sendsinhibition along a conflictor link to any other
behavior that can delete one of its true preconditions, thereby weakening it.
Every conflictor link is inhibitory. A behavior is executable if all of its
preconditions are satisfied. To be acted upon, a behavior must be executable,
must have activation over threshold, and must have the highest such activation.
Behavior nets produce flexible, tunable action selection for these agents.

Behaviors in these agents almost always operate as part of behavior streams,
which correspond to goal context hierarchies in global workspace theory.
Visualize a behavior stream as a subgraph of the behavior net, with its nodes
connected by predecessor links (Figure 2). A behavior stream is sometimes a
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Figure 2. Behavior stream
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sequence, but not always. It can fork in either aforward or backward direction.
A behavior stream can be usefully thought of as a partial plan of action.

Constraint Satisfaction

At the heart of IDA’s task of finding new jobs for sailors lies the issue of
constraint satisfaction. Not only must | DA consider the preferencesof thesailor,
she must also see that the requirements of an individual job are met, and
simultaneously adhere to the policies of the Navy. Taking such issues into
consideration, IDA’s constraint satisfaction module is designed to provide a
numerical measure of the fitness for a particular job for a particular sailor.

Given aspecified issue such asasailor preference, aparticular Navy policy, or
specificjobrequirement, afunctionisdefined that providesanumerical measure
of the fitness of this job for this sailor with respect to this particular issue.
Computationally, thesefunctionsarediverseand often nonlinear. Most taketheir
input from information from the sailor’s personnel record or from the job
requisition list that has already been written to IDA’ s working memory.

To find acommon currency for these variousissues, we laboriously found a set
of weights for the issues, measuring their relative importance (Keleman et al .,
2002). With these weights in hand, the weighted sum over the various issues
formsalinear functional that providesthe desired numerical measure of fitness.
Thecalculating of suchafitnessvaluerequiresseveral of IDA’ scognitivecycles
(see the following) to process each term in the linear functional.
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Figure 3. IDA’s cognitive cycle
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Thisis an oversimplified account; for example, there are multiplicative terms
dealing with hard constraints. | chose not to describe IDA’ s constraint satisfac-
tion modulein more detail, becauseit is so restricted to her particular, practical
domain. In some other application of the IDA architecture, the constraint
sati sfaction module would not likely appear.

Deliber ation

Action selection viathe behavior net suffices for CMattie due to her relatively
constrained domain. IDA’ sdomainismorecomplex and requiresdeliberationin
the sense of creating possible scenarios and partial plans of actions and then
choosing between them. For example, suppose | DA is considering aranked list
of several possiblejobsfor agiven sailor produced by her constraint satisfaction
module, all seemingly suitable. IDA must construct ascenario for at |east one of
these possible billets. In each scenario, the sailor leaves his or her current
positionduring acertaintimeinterval, spendsaspecified length of timeonleave,
possibly reportsto atrainingfacility onacertaindate, and arrivesat thenew bill et
within agiven time window. Such scenarios are judged on how well they fit the
temporal constraints and on moving and training costs.

As in humans, deliberation is mediated by the “consciousness’ mechanism.
Imagine IDA in the context of a behavior stream with a goal to construct a
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scenario to help evaluate a particular job for a particular sailor. She must first
decide on a departure date within an allowable window, the first event of the
scenario. Then, events for travel time (often in more than one segment), leave
time (occasionally in several segments), training time (with specified dates), and
arrival date must be decided upon, again within an appropriate window. If the
first try does not work, IDA typically starts over with a suitably adjusted
departure date. If still unsuccessful after several tries, IDA will give up on that
particular job and go on to another. When successful, the job in question is so
marked inworking memory and becomesacandidatefor voluntary selection (see
below) to be offered to the sailor. Each step in this process will require several
cognitive cycles, as described below. Thus, IDA is capable of temporal
deliberation.

Voluntary Action

Deliberation is also used in IDA to implement voluntary action in the form of
William James' ideomotor theory as prescribed by global workspace theory
(Baars, 1988, Chapter VII). Suppose scenarios have been constructed for
several of the more suitable jobs. An attention codelet spots one that it likes,
possibly dueto thiscodelet’ s predilection for, say, low moving costs. The act of
an attention codelet’ s bringing one of these candidates to consciousness serves
toproposeit. ThisisJames' ideapoppinginto mind. If no other attention codel et
brings an objection to consciousness or proposes a different job, a timekeeper
codelet assigned the particular task of deciding will conclude, after a suitable
time having passed, that the proposed job will be offered, and startsthe process
by whichitwill be so marked inworking memory. Objectionsand proposals can
continue to come to consciousness, but the patience of the timekeeper codelet
dampens as time passes. Also, the activation of a given attention codel et tends
to diminish after winning acompetition for consciousnessin any given cognitive
cycle. Thislessening makesit lesslikely that thisparticul ar attention codel et will
be successful in proposing, objecting, or supporting in the near future. This
diminishing of patienceand activation serveto prevent continuing oscillationsin
the voluntary action selection process.

Language Generation

IDA’s language generation module follows the same back and forth to “con-
sciousness’ routine carried out over anumber of cognitive cycles. For example,
in composing a message offering a sailor a choice of two billets, an attention
codelet would bringto“ consciousness’ theinformation that thistype of message

Copyright © 2005, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of Idea Group Inc. is prohibited.



194 Franklin

wasto be composed and the sailor’ sname, pay grade, and job description. After
the “conscious” broadcast and the involvement of the behavior net as described
above, a script containing the sal utation appropriate to asailor of that pay grade
and job description would be written to the working memory. Another attention
codel et would bring thissal utationto* consciousness,” along with the number of
jobsto be offered. The same processwould resultin an appropriateintroductory
script being written below the salutation. Continuing in this manner, filled in
scripts describing the jobs would be written, and the message would be
completed. Notethat different jobs may require different scripts. The appeal to
“consciousness’ results in some version of a correct script being written.

The mediation by the “consciousness’ mechanism, as described in the previous
paragraphs, is characteristic of IDA. The principle is that IDA should use
“consciousness” whenever a human detailer would be conscious in the same
situation. For example, IDA could readily recover all the needed items from a
sailor’s personnel record subconsciously with a single behavior stream. But, a
human detailer would be conscious of eachitemindividually. Hence, according
to our principle, so must IDA be “conscious’ of each retrieved personnel data
item.

This completes our description of the IDA computational model, which imple-
ments small parts of what is described below as part of the IDA conceptual
model. We now have more than enough of the architecturein hand to discussthe
cognitive cycle that derives from the IDA model.

| DA Cognitive Cycle

As noted above, the primary question facing the control system (mind) of any
autonomous agent at any moment is, “What do | do now?’ IDA answers this
guestioninamoment-to-moment fashion by means of acontinuing repetition of
her cognitive cycle.® One can usefully decompose this cognitive cycle into the
nine steps described just below. We choose to follow the computer science
fashion (input, processing, output) and the psychological fashion (stimulus,
cognition, response) by beginningthecyclewith perceptionandendingitwithan
action. Note that many, if not most, of our actions aim at choosing the next
sensory experience, suggesting that thecycle might well beregarded abeginning
with an action. This is also true of some of IDA’s actions, particularly her
consultation of various Navy databases. Because we hypothesize that we
humans employ just such a cognitive cycle (Franklin et al., In review), our
description will include elements postulated for humans that are not present in
IDA. Thesewill benoted. Thedescriptionwill also mention asyet unimplemented
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capabilities from the IDA conceptual model (see the following). Here is the
description of IDA’s cognitive cycle (Baars & Franklin, 2003):

1. Perception. Sensory stimuli, external or internal, are received and
interpreted by perception assigning meaning. Note that this stage is
subconscious.

a) Early perception. Input arrivesthrough senses. Specialized perceptual
codelets descend on the input. Those that find features relevant to their
specialty activate appropriate nodesintheslipnet (Perceptual Memory),
asemantic net with activation. (For example, acodel et finding the string
Norfolk would activate a Norfolk node.)

b) Chunk perception. Activation passes from node to node in the slipnet
(for example, from Norfolk to L ocation). Theslipnet stabilizes, bringing
about the convergence of streams from different senses (in humans)
and chunking bits of meaning into larger chunks. These larger chunks,
represented by meaning nodesintheslipnet, constitutethe percept. (For
example, Preference for a Particular Location.)

2. Percept to preconscious buffer. The percept, including some of the data
plus the meaning, is stored in preconscious buffers of IDA’s working
memory. Inhumans, these buffersmay involvevisuospatial, phonological,
and other kinds of information. (For example, inthe computational IDA, a
percept might include a nine-digit number tagged as a social security
number, or atext string tagged as alocation, or the recognition of a stated
preference for a particular location.)

3. Local associations. Using theincoming percept and the residual contents
of the preconscious buffers as cues, local associations are automatically
retrieved from transient episodic memory (Taylor, 1999; Conway, 2001;
Donald, 2001, p. 137) and from long-term declarative memory. The
contents of the preconscious buffers together with the retrieved local
associations from transient episodic memory and long-term associative
memory. Together, these roughly correspond to Ericsson and Kintsch’'s
long-term working memory (1995) and Baddeley’s episodic buffer
(Baddeley, 1993).

4. Competition for consciousness. Attention codelets, with the job of
bringing relevant, urgent, or insistent eventsto consciousness, view long-
term working memory. Some of them gather information, form coalitions,
and actively compete for access to consciousness. (For example, in the
computational IDA, an attention codelet may gather into a coalition an
information codel et carrying therateand name A S1 Kevin Adams, another
carrying the location Norfolk, and yet another, the idea Preference for a
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Particular Location.) The competition may also include attention codel ets
from a recent previous cycle. The activation of unsuccessful attention
codelets decays, making it more difficult for them to compete with newer
arrivals. However, the contents of unsuccessful coalitions remain in the
preconscious buffer and can serve to prime ambiguous future incoming
percepts. The sameistrue of contents of long-term working memory that
are not picked up by an attention codelet.

5. Conscious broadcast. A coalition of codelets, typically an attention
codelet anditscovey of related information codel etscarrying content, gains
access to the global workspace and has its contents broadcast. (For
example, IDA may become “conscious” of AS1 Kevin Adams preference
for being stationed in Norfolk.) This broadcast is hypothesized to corre-
spond to phenomenal consciousness* in humans. The current contents of
consciousness are also stored in transient episodic memory. At recurring
times, not part of a cognitive cycle, the contents of transient episodic
memory are consolidatedintolong-term associative memory (Shastri, 2001,
2002). Transient episodic memory is an associative memory with a
relatively fast decay rate (Conway, 2001). It is to be distinguished from
autobiographical memory, a part of long-term declarative memory.

6. Recruitment of resources. Relevant behavior codelets respond to the
conscious broadcast. These are typically codelets with variables that can
be bound from information in the conscious broadcast. If the successful
attention codel et was an expectation codelet calling attention to an unex-
pected result from aprevious action, the responding codel ets may be those
that can help to rectify the unexpected situation. Thus, consciousness
solves the relevancy problem in recruiting resources.

7. Setting goal context hierarchy. Some responding behavior codelets
instantiate an appropriate behavior stream, if asuitable oneis not already
in place. Using information from the conscious broadcast, they also bind
variables and send activation to behaviors. (In our running example, a
behavior stream to find jobs to offer Kevin Adams might be instantiated.
Hispreferencefor Norfolk might beboundtoavariable.) Here, we assume
that there is such a behavior codelet and behavior stream. If not, then
nonroutine problem solving using additional mechanismsiscalled for.®

8. Action chosen. The behavior net chooses asingle behavior (goal context)
and executesit. This choice may come from the just instantiated behavior
stream or from a previously active stream. The choice is affected by
internal motivation (activation from goals), by the current situation, by
external andinternal conditions, by therel ationship between thebehaviors,
and by the activation values of various behaviors. (In our example, IDA
would likely choose to begin extracting useful data from Kevin Adam’s
personnel record in the Navy’'s database.)
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9. Action taken. The execution of a behavior (goal context) resultsin the
behavior codelets performing their specialized tasks, which may have
external or internal consequences. ThisisIDA taking an action. Theacting
codelets also include an expectation codel et (see Step 6) with the task of
monitoring theaction and tryingto bringto consciousnessany failureinthe
expected results.

The IDA Conceptual M odel

In addition to the IDA computational model that is now a successfully running
software agent, several different additional capabilities for IDA have been
designed and, sometimes, described. Onefelicitousfeature of the IDA architec-
tureisthat it hasbeen possibleto design and add one new capability after another
withliterally no changeinthebasic processing structure of the systemasoutlined
in the description of IDA’ s cognitive cycle just above. This makes us think we
must be doing something right.

Some of the new capabilities are in the process of being implemented, while
othersawait sufficient time, energy, and funding. Thissectionisdevotedtothese
new capabilities, including feelings and emotions, nonroutine problem solving,
automi zation, transi ent epi sodic memory, metacognition, and several varietiesof
learning.

Feelings and Emotions

We view feelings and emotions as often suitable mechanisms for primary
motivations (drives) in autonomous agents, including humans and many other
animals(Sloman, 1987). Following Johnston, we conceive of emotionsas special
kinds of feelings—those with a necessary cognitive component (1999). While
the computational IDA has directly implemented drives, IDA’s predecessor,
CMattie, had an implemented emotional apparatus (McCauley & Franklin,
1998). The newly designed feelings and emotionsfor IDA play apervasiverole
in her entire cognitive process, asthey doin humans (Damasio, 1999; Panksepp,
1998; Rolls, 1999). Here we will trace the many roles of feelings and emotions
in the various steps of the cognitive cycle (Franklin & McCaulley, 2004).

InStep 1, IDA’ sperceptual memory, her slipnet, will have nodesfor thevarious
feelings, including emotions, aswell aslinks connecting them to and from other
nodes. Thus, the percept written to working memory in Step 2 may contain
affective content. Thisaffective content will serve aspart of the cueusedin Step
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3toretrievelocal associations from transient episodic (see below) and declara-
tive memories. The local associations so retrieved may contain accounts of
affect associated with past events, aswell asdetail s of the event and of the action
taken.

During the competitionfor “ consciousness” in Step 4, attention codel ets gather-
ing information from long-term working memory will be influenced by affect.
Thestronger the affect, the higher the average activation of the coalition, and the
morelikely itistowinthecompetition. Duringthebroadcast in Step 5, thevarious
memories are updated, including the storing of affectiveinformation. In Step 6,
variousbehavior codeletsrespondtothe broadcast, andin Step 7, they instantiate
behavior streams, bind variables, and activate behaviors. In addition to environ-
mental activation, and based on feelings and emotions, these codelets will also
activate behaviors that satisfy drives, thus implementing the drives. Those
actions selected in Step 8 and performed in Step 9 are heavily influenced by the
cumulative affect in the system.

Nonroutine Problem Solving

Ashumans, we havetheability to devise unexpected, and often clever, solutions
to problems we have never before encountered. Sometimes they are even
creative. According to global workspace theory, one principal function of
consciousnessistorecruit theresourcesneeded for dealing with novel situations
and for solving nonroutine problems. Though IDA’ s* consciousness’ moduleis
designedtodeal intelligently with novel, unexpected, and problematic situations,
the computational IDA is currently expected to handle only novel instances of
routine situations. One message from asailor asking that ajob be found ismuch
like another in content, even when received in natural language with no agreed
upon protocol. Similarly, findinganew billet for onesailor will generally require
much the same process as for another. Even the negotiation process between
IDA and a sailor promises to be most frequently arelatively routine process.
However, we expect IDA to occasionally receive messages outside of this
expected group. Can IDA handle such a message intelligently by virtue of her
“consciousness’ mechanism alone? We do not think so. Additional mechanisms
will berequired.

Onetypical way for anonroutine problem to arise isfor some expectation to be
unmet. | flip the switch, and the light does not turn on. In the IDA model, such
an unexpected situation would likely be brought to “consciousness’” by a
particular type of attention codelet, an expectation codelet. In such a situation,
behavior codelets responding in Step 6 may have no suitable behavior streams
to instantiate (or one or more may be tried over several cycles and all fail). In
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thiscase, abehavior streamisinstantiated that implementsavariant of apartial-
order planner (Gerevin & Schuber, 1996). Thisplanner behavior stream operates
inadeliberative (virtual) mode.

The start-state for the plan described here isthe current state as reported by the
contents of consciousness. The goal-state is chosen so as to satisfy the failed
expectation. The backward-chaining planner uses asitsinitial set of operators
the behavior codel ets that responded to the broadcast during the cyclein which
the planner behavior stream was implemented. The first (backward from the
goal-state) step in the plan is chosen and is then written to working memory as
IDA’s action during the current cycle. On subsequent cycles, additional steps
are added to the plan until the start-state is reached. The completed plan
becomes a behavior stream that is saved and that islikely instantiated on some
forthcoming cycle for trial. This process may be repeated as necessary.
Nonroutine problem solving in IDA is a type of procedural learning. The
collection of behavior stream templates, together with the behavior codelets,
constitutes IDA’s long-term procedural memory.

Automization

In this subsection, we briefly describe a mechanism by means of which a
software agent can learn to automatize a skill that is a sequence of actions so as
to performit without “ conscious” intervention (Negatu, McCauley, & Franklin,
inreview). Typically, whenan action planislearnedfor thefirst time, conscious-
ness plays a major role. As the action plan is executed repeatedly, experience
accumulates, and parts of the action plan eventually are automatized.

M otivated by pandemoniumtheory (Jackson, 1987), whenever any two codel ets
are active together in the IDA computational model, the association between
them becomes stronger (or weaker if thingsare not going well). ThisisHebbian
learning (Hebb, 1949). Suppose an attention codelet, say AC1, belongs to the
winning coalition, bringingwithit theinformationthat will eventually trigger the
start of agiventask. When thecontent of the coalitionishbroadcast to all behavior
codelets, suppose a behavior codelet, say BC1, that responded instantiates a
behavior stream appropriate for thetask. IDA’ s behavior net eventually picksa
particular behavior, say B1, for execution, and its underlying behavior codel ets
become active. For simplicity’s sake, let us assume that each behavior in the
stream has only one behavior codelet, and that B1 has its codelet, BC1, active.
If the action of BC1 attracts attention codelet AC2 and its coalition to “con-
sciousness,” then its content is broadcast. Similarly, suppose some behavior
codelet, say BC2, under behavior B2 responds to this broadcast, and that B2 is
chosen for execution, and BC2 becomes active.
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Note that the codelets in the sequence BC1-AC2-BC2 are all overlappingly
active together during arelatively short time period. Suppose our hypothetical
task is executed repeatedly, producing the sequence BC1-AC2-BC2 repeti-
tively. As automatization builds, the associations BC1-AC2, BC2-AC2, and
BC1-BC2 increase. When the association BC1-BC2 is over threshold, the
automatization mechanism allows BCL1 to spread activation directly to BC2,
causing it to become active without the intermediary of AC2. At the sametime,
the strong associations BC1-AC2 and BC2—-A C2 diminish the attention codel et
AC2's activation so that it has less probability to make it to “consciousness.”
Thus, the sequence BC1-AC2-BC2, which involves* consciousness,” istrans-
formed by IDA’s automization mechanism into the subconscious action se-
quence BC1-BC2.

Transient Episodic Memory

Transient episodic memory is an unusual aspect of the IDA conceptual model.
It is an episodic memory with a decay rate measured in hours. Though a
“transient memory store” is often assumed (Panksepp, 1998, p. 129), the
existence of such amemory has rarely been explicitly asserted (Donald, 2001,
Conway, 2001; Baars & Franklin, 2003, Franklin et al., in review). In the IDA
conceptual model, transient episodic memory is updated during Step 5 of each
cognitive cycle with the contents of “consciousness.” At thiswriting, wearein
the process of expanding and testing our implementation of an experimental
transient episodic memory using aternary revision of sparsedistributed memory
allowing for an “1 don’t care” symbol (Ramamurthy, D’ Mello, & Franklin, to

appear).

Per ceptual Memory

As described above, IDA’s perceptual memory, including the slipnet and the
perceptual codelets, is afully implemented part of the running IDA computa-
tional model. Thel DA conceptual model addslearning tothisperceptual memory
with updating during the broadcast (Step 5) of each cognitive cycle (Franklin et
al., in review). New nodes and links are added to the slipnet as needed, while
existing node and links have their base-level activations and weights updated,
respectively.
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M etacognition

IDA’s predecessor, CMattie, had an impoverished metacognition module that
prevented oscillationsin her processing and tuned the parametersof her behavior
net to make her more or less goal oriented or more or less opportunistic, etc.
M etacognition in CM attie was implemented as a separate B-brain with its own
decidedly different mechanism (Zhang, Dasgupta, & Franklin, 1998) that looked
down on what the rest of CMattie was doing (Minsky, 1985) and interfered as
needed.

Being dissatisfied with metacognitionin CMattie, nonewasimplementedin I DA.
However, we have a back-burner project in mind to add a more powerful
metacognitive capability to IDA using only her current architecture. Thiswould
be part of adding a reporting self to IDA, the subject of a different article.
M etacognition would beimplemented by a set of appropriate behavior codel ets,
behaviors, and behavior streams, together with suitable attention codel ets.

Learning

ThelDA model isalsointended tolearnin several different ways. Inadditionto
learning viatransient episodic and declarative memory asdescribed above, IDA
also learns via Hebbian temporal association, as discussed in the section on
automization. A coalition that comesto“ consciousness’ substantially increases
the associ ations between the codel ets that form the coalition. The same istrue,
to a lesser extent, when they are simply active together. Recall that these
associations providethe basisfor coalition formation.

Step 5 of the cognitive cycle, the broadcast step, al so describes the updating of
IDA’s perceptual memory, the slipnet, using the contents of “consciousness.”
Procedural learninginthel DA conceptual model al so occursduring Step 5, with
“conscious’ contents providing reinforcement to actions of behaviors. These
two forms of learning use a similar mechanism, abase-level activation, thefirst
for nodes (and weightson links), and the second for primitive behavior codelets.

Y et another form of learning in the IDA conceptual model is chunking. The
chunking manager gathers highly associated coalitions of codeletsinto asingle
supercodelet in the manner of concept demons from pandemonium theory
(Jackson, 1987) or of chunking in SOAR (Laird et al., 1987).
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Hypotheses

Each design decision as to architecture and mechanisms taken in constructing
the IDA conceptual model translates directly into a hypothesis about human
cognition for cognitive scientists and neuroscientists (Franklin, 1997). In this
section, we highlight afew of these hypotheses (Franklin et al., in review):

1. The cognitive cycle. Much of human cognition functions by means of
cognitivecycles, continual interactionsbetween consciouscontent, various
memory systems, and the action selection mechanism. The IDA model
suggests that consciousness occurs as a sequence of discrete, coherent
episodes separated by short periods of no conscious content (see also,
VanRullen & Koch, 2003).

2. Transient episodic memory. Humans have a content-addressable, as-
sociative, transient episodic memory with adecay rate measured in hours
(Conway, 2001). In our theory, a conscious event is stored in transient
episodic memory by aconscious broadcast. A corollary to this hypothesis
say's that conscious contents can only be encoded (consolidated) in long-
term declarative memory viatransient episodic memory.

3. Perceptual memory. A perceptual memory, distinct from semantic
memory but storing much the same contents, existsin humans and playsa
central role in the assigning of interpretations to incoming stimuli. The
conscious broadcast begins and updates the processes of learning to
recognize, to categorize, and to form concepts, all employing perceptual
memory.

4. Procedural memory. Procedural skills are shaped by reinforcement
learning operating through consciousness over more than one cognitive
cycle.

5.  Voluntary and automatic attention. In the Global Workspace/IDA
model, attention is the process of bringing contents to consciousness.
Automatic attention occurs subconsciously and without effort during a
singlecognitivecycle. Attention may al so occur voluntarily inaconsciously
goal-directed way, over multiple cycles.

Conclusion

Here | hope to have described an architecture capable of implementing many
human cognitive, including affective, functionswithin the domain of an autono-
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moussoftwareagent. | would hesitateto claimthat thisarchitecture, asis, isfully
functioning by human standards. Even the conceptual model lacks, for instance,
the typical human senses of vision, olfaction, audition, etc. Its contact with the
world isonly through strings of characters. Thereisonly the most rudimentary
sensory fusion by the agents. They lack selves, self-awareness, and the ability
to report internal events. There is much work left to be done.

Nonetheless, the IDA conceptual model, together with its architecture and
mechanisms, does answer, for the agent, the question of what to do next. Thus,
it constitutesatheory of mind. Thel DA model seemsto satisfy therequirements
of anartificial mind asoutlinedintheintroduction above. Something of thisview
may also be ascribed to Owen Holland, who wrote as follows (2003):

In many ways, Stan Franklin’s work on “ conscious software” offers a real
challenge to functionalists. If consciousness is what consciousness does,
then his systems may well exceed the requirements, in that they not only
mimic successfully the outcomes of conscious processes in some humans
(naval dispatchers [sic]) but they do it in the way that the conscious human
brain appears to do it, since their functional components are explicitly
modeled on the elements of Baars' global workspace theory.... (p. 3)
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Endnotes

! My use of feminine pronouns when speaking of IDA simply seems more
comfortablegiventhat she seemsindependent, intelligent, and capable, and
that the acronymisacommon English femininename. Nothing moreshould
beread into it.
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2 Nottobeconfused withthe phrase*“theory of mind” asused by ethol ogists.
3 Theterm “cognitive” is used herein a broad sense so asto include affect.

4 Wemakenoclaimthat IDA isphenomenally conscious. Ontheother hand,
we know of no convincing argument that she is not.

5 Though part of the IDA conceptual model, the material on nonroutine
problem solving has not yet been published.
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