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The SAL cognitive architecture is a synthesis o0b twell-established
constituents: ACT-R, a hybrid symbolic-subsymbol@ognitive
architecture, and Leabra, a neural architecturees&@hcomponent
architectures have vastly different origins yet grgl a surprisingly
convergent view of the brain, the mind, and beha®arthermore, both
of these architectures aiernally pluralistic, recognizing that models
at a single level of abstraction cannot capturerdugiired richness of
behavior. In this paper, we offer a brief princplalefense of
epistemological pluralism in cognitive science amtficial intelligence,
and elaborate on the SAL architecture as an exaofgew pluralism
can be highly effective as an approach to resdarchgnitive science.
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1. Introduction
“The road up and down is one and the same.”
- Heraclitus(Freeman 1983)

One can study and describe cognition in many wayka varying
levels of detail and description. Beyond the entyiCartesian chasm
between mind and brain we have, for example, bimists studying the
details of protein channels; neuroscientists wheeaech synaptic
potentiation in individual neurons and small netkgyr cognitive
neuroscientists who attempt to understand the hets\function of
various brain regions, and cognitive psychologigt® study behavior.



Paralleling this experimental hierarchy are the utation fields of
computational neurochemistry, computational neuense,
computational cognitive neuroscience, computatiomelychology,
machine learning, and artificial intelligence. Bay those two
scientific traditions of experimental and compuiaél investigations lie
other areas related to cognitive science, such mthrapology,
education, linguistics, philosophy and human-corapinteraction.

Despite the fact that all these fields in one wawpmother attempt to
understand and/or replicate some or all of thetfans of the same 1.3
kg organ, the participants rarely collaborate axrbsundaries. The
authors believe that this separation of the larfyeld of cognitive
science into research silos is not merely unfoteiraut is likely to
obscure the answers to the deepest theoreticalig®s Newell (1973)
described the perils of dividing a domain into ipeiedent subdomains,
and our claim might be viewed as a coarser, heder@gus extension of
those concerns. Unlike some physical sciences,itbogrscience may
not be amenable to this kind of reductionist areangnt of the field.

In this paper, we provide a brief principled deferg pluralism in
cognitive science, arguing that theories at diffiedevels of detail and
from different perspectives are mutually informati@nd constraining,
and furthermore that no single level can captuee fthl richness of
cognition. We then explore this perspective by fhmg details of two
relatively successful cognitive architectures, ARTAnderson, 2007;
Anderson et al, 2004; Anderson & Lebiere, 1998) bedbra (O’'Reilly
& Munakata, 2000), each of which embodies theamtesultiple levels
of description yet have been successfully impleeerds integrated
software simulation environments. Finally, we dssuthe further
integration of these multi-level theories into tBAL (Synthesis of
ACT-R andLeabra) architecture, and show that even in early an
simple tests it has demonstrated capabilities thaither of the
component architectures can provide alone; andusdr show that
the collaboration itself has led to insights at the critical boundary
between the architectures.

2. An argument for pluralism

Physics was perhaps the most successful fieldiehee in the first
half of the twentieth century, consequently a grdaal of recent
philosophy of science centers on examples fromfiblak Furthermore,
as a field, physics tends to have a deeply reduistiwiew of the world,



always seeking out the smallest and most basicticeersts of physical

reality. It might therefore be surprising that @llism is an important

part of physics:
...psychologically we must keep all the theoriesuin heads, and
every theoretical physicist who is any good knowsos seven
different theoretical representations for exadtly same physics.
He knows that they are all equivalent, and thatodghis ever
going to be able to decide which one is right at tavel, but he
keeps them in his head, hoping that they will diwa different
ideas for guessing. (Feynman 1965)

Superficially this is uncontroversial. Many sciastsiwould agree with
Feynman that having different descriptions of tleene phenomena
helps to move the science forward and has numgnagsical benefits.
At a deeper level, though, most scientists (whetimerphysics or
cognitive science) also believe that there is needessone description
that is ontologically privileged the one that captures the way things
really work. Indeed, this is what many scientists seetheir research.
Consequently, a typical perspective is that, wthike theories of others
may beusefu] mine istrue. A special case of this perspective is that of
the strict reductionist and his sidekick, the efiative materialist, for
whom only thesmallestfeatures are real, and all else is epiphenomenal.

The notion that there is an ontologically privildgdescription of a
given phenomenon is an unsurprising outgrowth ofbelief in
metaphysical identity. If there is a way that tlsraye, then there must
be one right or true way to describe it. But thizesl not follow. A
description of a phenomenon is neither the phenomar an instance
of it; in particular, a description is astraction Any finite description
must omit some details in favor of others thatragee predictive, more
revealing, more important for our current purposdsus for any such
description, there is another that elects to inom@® some of the
omitted details and leave out others that wereipusly included; this
second description is no lesge — it merely has differergriorities:

...one is likely to commit the common fallacy of assng that
the finer [more granular] theory is always moreetthhan the
coarser theory. The finer theory fails completelyaccounting
for qualitative features easily described by tharser theory. In
this case, there is an epistemic loss when ongatssbneself to
the finer theory. Truth is here established by corresporeléac
different cognitive levels, each making its own trdoution. It
follows that the qualitative character of the coarser theory



demands recognition in its own righespite the knowledge of
the finer theory (Rohrlich 1988).

A simple concrete example of this plural validigythe behavior of
liquid water. At a fine descriptive level there avater molecules; at a
much coarser level there are waves. It is easyew the practical
benefits of the two different representations. Weztuctionist instincts
encourage a view that the water molecules are agitally privileged.
Alas, if one knew only of the water molecules aneirt micro-behavior,
one would neither predict nor expect any such pimamomn as waves.
The motion of even three particles, let alone duil§i, is not susceptible
to analytic solution, and leaving aside the comfputal intensity of a
simulation, it is unlikely that the description aodderstanding of the
water molecules, absent a prior knowledge of wawesuld be
sufficiently accurate that such higher-level pheeramwould arise in a
simulated model. The description of water molecihssead prioritizes
explanations for slightly coarser phenomena sucioras solution and
cohesion. The only way that waves would arise frrsimulation of
water molecules is if we were tmnstrainthe characterization of the
water molecules in plausible ways, find those thetually produced
wave behavior, and then determine empirically which these
constrained characterizations actually comporté whe physics of the
water molecules. Such an approach can provide rmureelictions and
refinements at both levels of description; buticaity for the present
discussion, it illustrates that waves and wateretules are merely two
different, incomplete descriptions of a unity ofypltal behavior.

In contrast to physics, psychology and artificiateiligence have
sometimes had an anti-reductionist view. Althoughk has abated in the
past decade, with the rise of “biologically insplitetechniques in
machine learning and the use of fMRI, ERP, andlsingll recording
techniques in psychology, it is still necessary amue that the
microstructure of cognition is relevant to largedscproblems such as
educational issues (e.g., Anderson, 2002), and mackearning
practitioners are often heard to point out “you 'toeed to know how
birds fly to design an airplane.” At first glandag position appears to
be more pragmatic than philosophical;, the claimthat reductive
theories are irrelevant, not unreal. But a claiat #ntheory is irrelevant
implies that it is epiphenomenal, thus that it rgobogically inferior.
The error is fundamentally the same.

It is important to see that pluralism is not thensaas relativism. First,
it is not the case that juahytheory is valid: it must be consistent with



the facts. Note that this is not the same as being consistéhtall the
data — no theory meets that standard, due to nesasuat error,
experimental confounds, and the like (Kuhn, pp.-148; Feyerabend
p. 39). Second, even if there are several diffedsdcriptions of a
phenomenon, all of which are consistent with tretsfait is not the case
that all of them are equallgood Although we intend to discredit
ontological privilege, descriptions can clearly keistemologically
privileged One standard for this Earsimony which in very broad form
can be characterized as a preference for desergptlmat explain more
phenomena with fewer conceptual categories; anatheertical and
horizontal coherence(Rohrlich & Hardin 1983). Furthermore, when
working within a particular theoretical context, i# essential to the
economy of thought topportunistically reifythe entities and categories
of the theory. What pluralism demands is merely timee recognize this
as an act of reification, rather than as an esfaient of ontological
privilege, and not that one must constantly givéceao alternative
theoretical constructions. In essence, pluralismais extension of
instrumentalism, adding to it the claim that difflet systems of
concepts and theories can describe the same phaapmeéthout
contradiction, but having different aims or empbasi

The apparently subtle distinction between ontolalgicand
epistemological privilege has major consequenceshi® sociology of
science, and in particular for pluralism. Despite’s best efforts to see
value in the work of others in the same or periphé&elds, from the
perspective of ontological privilege it is diffituto avoid a thinly
disguised contempt for their “epiphenomenal” resulf instead we
have a viewpoint of epistemological privilege ortlyen pluralism is to
be embraced. Without abandoning any beliefs we hese about he
underlying nature of reality, we can recognize iteffability of those
beliefs. Thus we can end what is in essence aigefigwar over the
metaphysically true, embrace the insights and caimé$ generated by
other approaches, and thereby hopefully enhanceweniapproach.

3.ACT-R

ACT-R is a cognitive architecture whose initial deapment was
driven by modeling phenomena from the psychologgodatory.
Numerous successful models have been developedl iode range of
tasks involving attention, learning, memory, prablsolving, decision
making, and language processing. Recent years de®re a significant



and relatively successful effort to embed ACT-R miednto simulation
environments and apply them to the performancehaflenging real-
world tasks. Examples of these applications inclddeing (Salvucci,

2006), aircraft maneuvering (Byrne & Kirlik, 2005imulated agents
for computer-generated military forces (Best & lexb, 2006), and
tutoring systems of academic skills, particularlyighh school

mathematics (Anderson & Gluck, 2001).

The history of the ACT-R theory is a case studythie value of
pluralism. ACT-R has its roots in the HAM (for Humassociative
Memory) theory of human memory of Anderson & Bow@®73),
which represented declarative knowledge as a pitopasl network.
HAM was implemented as a running computer simutaiioan attempt
to handle complexity and to precisely rather tharbally specify how
the model applied to the task, thus overcomingntlagor limitations of
the mathematical theories of the 1950s and 19@%e could view the
departure from concise mathematical equations wwacollection of
computational mechanisms applied to complex datactsires to be a
first foray into pluralism.

The next step was the introduction of the firstanse of the ACT
(Adaptive Control of Thought) theory, ACTE (Andensol976). It
combined HAM'’s theory of declarative memory with paoduction
system implementation of procedural memory, thesigely specifying
the process by which declarative knowledge wastedeand applied.
Production systems were then becoming increasingbpular in
cognitive science and artificial intelligence (e jewell, 1972, 1973a).
Their combination with a theory of human memory wtaslf a form of
pluralism by integrating mechanisms focused on diffgrent levels: a
broad and powerful functional replication of hun@apabilities on the
one hand, and an attention to relatively small aobtle behavioral
patterns on the other. At a theoretical level, whihe distinction
between procedural and declarative knowledge hae fupport at the
time, it has found increasing popularity and suppmom recent
neuroscience evidence pointing at a dissociatiomwd®n declarative
and procedural memories. This ability of new nearence findings to
illuminate long-standing debates in cognitive sceeiis one source of
our confidence in its guidance in developing ouegnation of the SAL
architecture, as will be discussed later.

The next major step in the evolution of the ACTatyewas the ACT*
system (Anderson, 1983), which added a neural-ltedculus of
activation to declarative memory that determined functional



properties. The addition of this new subsymbolwxelewas driven by
the need to capture the soft, graded, probabilistiture of human
cognition. To each symbolic propositional node datalled a “unit,”
and later called a “chunk” in subsequent ACT-R w&#1s) in memory
corresponded a real-valued activation that detexdhiis availability,
from its probability of being retrieved correctlg the latency of the
retrieval. The two levels are tightly integratedh activation level is
meaningless without the symbolic node to whichsiaitached, and a
node without its activation cannot make precisentjtetive behavioral
predictions. This pluralistic integration of a plyreymbolic cognitive
theory with subsymbolic mechanisms was successfulmproving
correspondence to psychology laboratory results, ibualso had
profound architectural implications. The requiretsenf integration
placed constraints on both the subsymbolic mechenig.e., not just
any set of mechanisms produce the necessary highiehavior) and
the symbolic organization (i.e., equivalent repnégtons will have
significantly different subsymbolic consequencesith the result that
the new theory was not really a hybrid but ratheymthesis of theories
of cognition at two different levels of descriptiofoday, ACT-R
modelers sometimes speak purely in terms of chanklsproductions,
and at other times they express the progressivagesain terms of
subsymbolic quantities. The appropriate level cfadigtion depends on
the modeler’'s immediate purposes.

Important to the history of ACT-R was the ratiorahalysis of
cognition (Anderson, 1990) inspired by Marr's thearf information-
processing levels (Marr, 1982). The general prilecipf rationality
states that the cognitive system operates at rakgito optimize the
adaptation of the behavior of the organism. Thisomnality hypothesis
does not imply that human cognition is perfectitimopl. Rather, it
helps explain why cognition operates the way itsdakthe algorithmic
level, given its physical limitations at the biologl level and the
optimum defined by the rational level that it atsto implement.
This analysis provides very strong guidance on rihetevelopment,
because given a particular framework (say, an aintin-based
production system) it tightly constrains the sepogsible mechanisms
to those that satisfy the rational level. As forrNWmtheory, this type of
analysis is inherently pluralistic because it reungs that the same
system can be analyzed at different levels: from ftmctions that it
computes to the algorithms that it uses to the ildetaf their
implementation.  Moreover, it implies that a systezannot be



understood at any single one of these levels bat thstead the
interaction between the constraints originatingmfreeach level is
critical. While we initially conceived of the rahal analysis as an
alternative to mechanistic accounts, we later zedlithat the two
approaches were in fact complementary. Neverthelassy use this
same framework to argue for the primacy of the aataponal level and
a justification for ignoring the “implementationdétails” — a move that
is very reasonable in the domain of computer allgov$ on standard
serial computers, where indeed the implementatiamstinctions are
largely irrelevant. The recent popularity of vaisoforms of hardware
parallelism, and more exotic forms of computatiachs as quantum
computing, have perhaps helped people appreciateathlevels really
are tightly intertwined and equally important.

Constrained by this rational analysis, a new versialled ACT-R
(the R standing for Rational) provided a more fdrrhasis to the
subsymbolic level in terms of Bayesian statisticsl @&xtended it to
procedural memory in the form of a utility calcultlsat determines
production selection (Anderson, 1993). Reflectinge t growing
influence of neuroscience constraints, Lebiere &dénson (1993)
attempted to implement the architecture using staha@donnectionist
constructs.  Although the resulting system, ACT-RMas not of
practical use, this connection between symbolic@mhectionist levels
had a fundamental impact on the development othkitecture. New
mechanisms were added to capture some key conmisttproperties.
For instance, Lebiere et al (1994) introduced atigdamatching
mechanism for declarative memory. This mechanidostiated that
connectionist properties can be abstracted atuhsysbolic level, for
example, by reducing distributed representationsirtolarities that are
then combined with activation to yield semanticalijwen retrievals.
Also, many complex symbolic constructs that weranfb to be too
difficult to implement and thus neurally implauslWere removed from
the architecture. These changes resulted in a-§reened, more
constrained version of the architecture (Andersoriébiere, 1998),
which can be viewed as embodying another form ofglism between
its computational nature, its mathematical andistieal roots in the
rational analysis, and the neural constraintslitmted its complexity.

The most recent version of the ACT-R theory (Andarst al, 2004)
has integrated more granular theories along ardiitedimension, that
of architectural organization. Under the pressdraccommodating the
wide range of tasks mentioned above, the architedtas added fairly



detailed modules that represent perceptual attentmd motor
programming. To accommodate new knowledge from fMRd other
neural techniques regarding the functioning andawigation of the
brain (Anderson, 2007), it has adopted a highly umhadstructures to
incorporate these new capabilities, as well as twdutarize long-
standing capabilities such as long-term declaratiwemory, goal
processing, and procedural competence (see Figuiiehé& information
processing in each of these modules is largelyaiedl from the
information processing in others. They communicaité one another
by putting information into limited-capacity bufferand production
rules coordinate their action by recognizing patiein the buffers and
making further requests of the modules. A majorefiienf this modular
approach is that the architecture has becdymamicallypluralistic, by
facilitating the integration of a variety of mods)eoften borrowed from
other architectures. For example, development ef ghrceptual and
motor modules (including more specifically the dkwand manual
modules illustrated in Figure 1) was heavily infiaged by the EPIC
architecture (Meyer & Kieras, 1997). In additiohetmodules have
mappings to brain regions, and this has enabledusieeof cognitive
neuroscience data, particularly brain imaging, tddg the further
development of models and the architecture. Onaagxtending the
architecture to incorporate more granular theohias provided strong
constraints for productive development at both higher and lower

levels.
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Figure 1. Overview of the ACT-R architectural orgation



4. Leabra

Development of the Leabra framework also grew dua aesire to
reproduce laboratory results in simulation, bubfran entirely different
starting point. Beginning with fundamental neuraamanisms, Leabra
integrates into one coherent framework a set oifcbasural learning
and processing mechanisms (O'Reilly, 1996; O’'Reill998; O'Reilly
& Munakata, 2000; O’Reilly, 2001) that have beehentvise separately
investigated in the neural modeling community.

In Leabra, individual neuron behavior is governgdalpoint-neuron
activation function that uses simulated ion chasmn&l update a
membrane potential, with a nonlinear, thresholdedput to other
neurons. While this function is substantially siifiptl over detailed
neurochemistry simulations, it is behaviorally eclthan more abstract
neural networks, and produces results that caneateplicated in its
absence (e.g., shunting inhibition, which itselfcigical for balancing
inhibitory competition with distributed represembats, as described
below). Similarly, Leabra incorporates three d#ér learning
mechanisms: small increments of Hebbian learningsuastantial
component of error-driven learning, and in someesa®inforcement
learning, which together produce better overaltrigsy than any one
mechanism alone (O'Reilly, 2001; O’Reilly & Munakat 2000;
O'Reilly & Frank, 2006; O’'Reilly, Frank, Hazy, & Wa, 2007).

Importantly, all three mechanisms are organizedccdaaespond to
biologically plausible formulations. Hebbian andhet forms of
associative learning are well established as hawngoiological
foundation (Lisman et al 2003). The error-drivemponent is based on
post-synaptic calcium dynamics (Jilk, Cer, & O’Reil2003) and
bidirectional excitatory connectivity, yet providegsults that are
provably similar to those of backpropagation (OlReil996). The
Leabra theory of reinforcement learning depends ancomplex
architectural arrangement called “PVLV” that mapsosely to
subcortical neural structures (O’'Reilly, Frank, Ha& Watz 2007).

Thus at its most granular level, Leabra posits eoyn of neuron
function and learning that is both consistent wiit& known biology and
comparable in effectiveness with machine learniaghmiques. This
theory attempts to isolate those biological factbeg are essential to the
computational result at both a neural and netwevkll These mutually
constraining factors from two very different fieldere essential to the
development of the framework.



Leabra also provides a theory of how such neurammect and
interact in networks. First, it includes both snedale and regional
inhibitory fields, which both maintain overall agty at desirable levels
and induce representational specialization of neurand groups of
neurons. Critically, the inhibition is such that ltiple neurons within a
functional area can be active, providing all thedd#s of distributed
representations, in contrast with the more prevaemle winner-takes-
all (WTA) algorithms, which produce only localisepresentations
(O'Reilly, 1998, O'Reilly & Munakata, 2000). Leabsaapproach to
inhibition is guided by the anatomy and behavior iohibitory
interneurons in the brain, but the actual impleragon in a k-winners-
take-all (kWTA) function is via a computational &fastion, reflecting a
pragmatic, pluralistic approach. Second, Leabrdudes bidirectional
connectivity among regions, which is a strikingtéea of the brain’s
anatomy. In a simulated network, bidirectional aectrons result in
dynamic constraint satisfaction between top-dowrd dwottom-up
influences, which is critically important to penfoing cognitive tasks
such as interpretation of ambiguous stimuli or &g attention in
relation to current goals. They also cause strotigachor states, a
crucial representational feature, to develop dulk&agning.

The large-scale architectural organization of LaalfFigure 2)
includes three major brain systems: the postenaeg, specialized for
perceptual and semantic processing using slowgratiee learning; the
hippocampus, specialized for rapid encoding of howfermation using
fast, arbitrary learning; and the frontal cortes#tlaganglia complex,
specialized for active and flexible maintenance gofals and other
context information, which serves to control or shi@grocessing
throughout the system. This latter system also rpm@tes various
neuromodulatory systems, such as dopamine, nommine, and
acetylcholine, that are driven by cortical and subcal areas (e.g., the
amygdala, ventral tegmental area, substantia mpgra compacta, and
locus ceruleus) involved in emotional and motivadilo processing.
These neuromodulators are important for regulatveyall learning and
decision-making characteristics of the entire syste



{active maintenance}

Frontal Cortex

w

Basal Ganglla

{actlon selection)

Posterior Cortex Hippocampus
(sensory representations) (episodic memory)

Figure 2. Overview of the Leabra architectural orgation.

Demonstrating the importance of pluralistic velticgéegration in the
Leabra theory, this large-scale specialization &k tcognitive
architecture is suggested by basic neural mechaniBor example, a
single neural network cannot both learn generdlssitzal regularities
about the environment and quickly learn arbitragywnnformation such
as new facts or names of people (McClelland, McM&uy &
O'Reilly, 1995; O’Reilly & Rudy, 2001; O'Reilly & Mrman, 2002).
Specifically, rapid learning of arbitrary new infoation requires sparse,
pattern-separated representations and a fast ngamate, whereas
statistical learning requires a slow learning rated overlapping
distributed representations. These properties spored nicely with
known biological properties of the hippocampus aneocortex,
respectively. A number of empirical studies, spealfy motivated by
Leabra computational modeling work, have tested @dirmed these
and other more detailed properties (e.g., Bakkat 8008, Maviel et al
2004).

Similar reasoning applies to understanding theiapeed properties
of the frontal cortex, particularly the prefrontadrtex, relative to the
posterior neocortex and hippocampal systems. Tuetff in this case
involves specializations required for maintainingformation in an
active state (i.e., maintained neural firing, supg®d by the frontal
cortex) relative to those required for performirggnantic associations
and other forms of inferential reasoning (suppongdthe posterior



cortex). The prefrontal cortex system also requaesadaptive gating
mechanism (Braver & Cohen, 2000; O'Reilly & Frar#Q06), to be
able to rapidly update certain new information,hsas a new subgoal,
while simultaneously maintaining other informaticthat remains
relevant, such as a super-ordinate goal. The lgasejlia have the right
neural properties to provide this function (Frab&ughry, & O’Reilly,
2001).

The Leabra framework has been and continues to pipdied to
modeling a wide range of cognitive phenomena icg@ion, attention,
learning and memory, language, and higher-levelnitiog, thereby
testing and validating the synthesis of its cossrants.

4. Theoretical Convergence

When the ACT-R and Leabra research teams beganngaidgether
in 2006, they came to a startling realization: tWe theories, despite
their origins in virtually opposite paradigms (th&ymbolic and
connectionist traditions, respectively) and widelifferent levels of
abstraction, were remarkably similar in their viest the overall
architecture of the brain. Furthermore, they disted that the
underlying subsymbolic mechanisms in ACT-R haveceptual and
even mathematical similarity to the behavior of egeet
representations in Leabra. Finally, they recogntbhedl each architecture
reflects an explicit commitment to theoretical plism, both vertically
(coarse vs. granular) and horizontally (e.g., regddle modules in
ACT-R, multiple learning mechanisms and strategidseabra).

At the level of large-scale systems, the theorktagreement is
evident in Figure 3. Both architectures refleceateal role for the basal
ganglia in receiving converging input from a widenge of cortical
processing areas, which then drives the performahapecific motor
or cognitive actions. Anatomically, the basal g@ngsend output
primarily to the frontal cortex, which is assocthtevith active
maintenance of task relevant information in Leabmad with the
homologous buffers of ACT-R. Similarly, both ar@wtures highlight
the importance of the declarative/episodic memgsfesn supported by
the hippocampus and related anatomical structtiieally, both adopt
specialized sensory and motor processing pathwegshtive been well
characterized in posterior cortex. In the Leabrahigecture, the
processing differences among these systems areregy distinct
neural specializations in the basal ganglia, hippgaus, and cortex,



while in ACT-R they are supported by distinct maiyl
representational structures, and processing amdihgamechanisms.
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Frontal &

Prefrontal

Declarativel
Memory
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Figure 3: Overlap of the ACT-R and Leabra architegltorganization

At the cognitive level, a division into procedurahd declarative
components is shared by both frameworks. This raistn and
dissociation has clear cognitive validity: peopln cpossess abstract
declarative knowledge of how to do something, yetpsocedurally
incapable of doing so (e.g., driving a car or plgygolf), and vice-versa
(e.g., touch typists often cannot recall wherekiins are located).

Although dissociable, the procedural and declagasiystems interact
intimately in any complex cognitive process. In ART the firing of
productions is driven by the active contents ofdkelarative and other
information buffers, and the result of productioimfj is the updating of
these buffers and the creation of new declaratieenary chunks. In
Leabra, the basal ganglia procedural system iglyidgimked with the
prefrontal cortex, which maintains task-relevaridimation in an active
state over time. One of the primary functions & basal ganglia in the
brain is to drive the updating of these prefromtetive memory states.
These prefrontal areas then influence activati@testthroughout the
rest of the cortex via strong top-down excitatorgjg@ctions. Each area
of posterior cortex has an associated prefrontd,anith which it has
strong bidirectional excitatory connectivity. Thuse associate the
buffers of ACT-R with these prefrontal represemtiasi of corresponding
posterior cortical areas. While some buffers hagenbassociated with
activation of posterior cortical areas as well asfrpntal areas (e.g.,
Anderson 2007), those attempts do not specificallgcriminate



between the activation of buffers and the modul#gb which they are
associated.

Reinforcement learning is a central behavioral elehof human and
animal procedural cognition. The basal ganglia esysin Leabra is
strongly modulated by a model of dopamine, whignals reward and
punishment information. Positive reward reinforcesssociated
procedural actions, while negative feedback redukeslikelihood of
producing associated actions. A similar, more alostrform of
reinforcement learning is present in the ACT-R prhaal system,
where the integrated history of past success ane-tost are the major
determinants in selecting which production wilkfiiStochastic noise in
guantities learned by reinforcement learning thamtiol procedural
selection plays an important role in both framework modulating
maximizing tendencies, and suggests similar saistito issues of
exploration vs. exploitation.

The implementation of declarative memory in the t@ohitectures
stands in contrast to that of reinforcement leagnifhe neural
properties of the hippocampus have been shown @& ltkabra
framework to be critical for the rapid learning ofw arbitrary
information without interfering with existing knoedge. The
declarative system in ACT-R integrates both of ¢hpsoperties: new
chunks of knowledge, encoded as combinations aftiegi chunks, can
be rapidly formed and accessed unambiguously; chtinkt are used
more frequently over time gain higher levels of iation and
correspond to more expert knowledge; similaritiesy de defined
between symbolic chunks to drive semantic genexiidim to related
situations.

Both architectures also make use of associativaileg mechanisms
to modulate the strength of representations in adatiye memory.
Subsymbolic declarative quantities in ACT-R areed according to
Bayesian statistical algorithms, while new declaeatepresentations in
Leabra are learned using a combination of erroretriand Hebbian
learning. Such learning mechanisms are based onhisiery of
activation of the information stored in declarativeemory, but,
critically, not on the success, failure, or codta particular action taken
using that memory, as in procedural reinforcemeatring. In terms of
processing information already stored in declaeatmemory, the
concept of spreading activation is critical to batbhitectures. In ACT-
R, activation spreads among declarative chunksrapgstion to their
associative strength and similarities between chud&termine the



degree of match. In Leabra, a similar activatiomeagding dynamic
emerges, in that coarse-coded distributed reprasems in posterior
cortical areas cause associated representatioredap and share
activation states.

The two architectures, however, reached differehit®ns regarding
the existence of complementary declarative syst&itsle Leabra had
to assume separate systems with distinct propeeiféescting those of
the hippocampus and posterior cortex because naalheylausible
learning rules could produce the properties of lsygtems, ACT-R was
able to adopt a unified approach to declarative orgniThe ability to
create arbitrary combinations of existing symbaittunks into new
structures provides the rapid learning typicalhe hippocampus, while
the slow accumulation of activation and strengthassociation reflects
the slow, statistical learning of posterior corticareas. More
specifically, it was ACT-R’s commitment to an intated hybrid
symbolic-subsymbolic approach that enabled it tdyuseparate areas
into a single one. The result is that commitments different
mechanistic levels allows on the one hand for asketstanding of the
function of separate subsystems, but on the ottrethe unification of
their underlying functions. Each level of the gystthus makes distinct
contributions to our scientific understanding.

In summary, the ACT-R and Leabra frameworks overtapa
considerable degree in their basic claims about nhtire of the
cognitive and neural architecture, despite haviagnbdeveloped from
very different perspectives. Broadly speaking, thasge mutually
coherent theories of the same unity of behaviodifi¢rent levels of
description.

5. SAL

Like all theories, ACT-R and Leabra are incompléthile ACT-R
utilizes subsymbolic mechanisms and can interattt miodules that are
not symbolic, ultimately its inputs and represeaotea must translate to
pure symbols. Leabra argues for a tripartite larcgde architecture, but
this architecture has not yet been implementedninntegrated large-
scale simulation. Neither of the architectures mles much detail
regarding the crucial issue of how symbolic repnéstgons, the feature
of human cognition that makes it unique among alEmarise
organically in the mind and brain, although somi&ahwork on this
issue has begun (Rougier et al, 2005).



Because a philosophy of pluralism is not only iemin the theories,
but also a part of each group’s working style, ¢heeemed to be
promise in collaboration. Thus, the SAL architeeturas born. SAL is
an attempt to integrate and synthesize the Ledteary of neural
function, network behavior and representation, taipdrtite architecture
with the ACT-R theory of symbolic and subsymbolecsion-making,
representational activation and organization, amdiutar architectural
organization. It also is worth pointing out thattimee combined SAL
architecture, most major machine learning techrigae represented,
and grounded in forms that are motivated and inéafnby human
psychology and biology.

For its initial effort, the SAL team built a demdragion model
representing a preliminary synthesis of the twdigectures (Figure 4).
The model performs a straightforward navigation aadrch task. The
integration is of the simplest form, whereby theual module in an
existing ACT-R model of navigation is replaced wihLeabra visual
object recognition model, which is capable of pesteg raw bitmap
images in a way that the ACT-R visual module can8onilarly, extant
Leabra models are not capable of organizing protdeiving behavior
over a period of several minutes, as the ACT-R rhddes in searching
for the target object in a complex environment. §hihis hybrid SAL
model represents a new level of functionality thaes beyond the
capabilities of its constituent architectures.




In the demonstration, the SAL agent is embodiediwiein Unreal
Tournament simulation environment. It is familiar ittw the
environment, in that it has access to navigatiomtpoand object
location points in symbolic form. This simplificati was adopted for
tractability and without much loss of generalitys Best & Lebiere
(2006) demonstrated that one ACT-R model can n&vigdher virtual
or real worlds (controlling a virtual avatar or abotic platform,
respectively) using actual sensors without reqgiripre-arranged
navigation points. Further, its Leabra-based vismadule has been
trained to perceptually identify the possible objeategories from
bitmaps under a variety of viewing angles and dista. An operator
instructs SAL to find the desired target via a typmmand (“find
armor”). SAL then navigates the rooms; views andceegtually
identifies each object; and, when it recognizes desired target,
navigates to it and picks it up (Figure 5).

This straightforward modular integration illustrdtéhat significant
behavioral benefits can arise from the synthedi® @bvious value is
that the SAL model can accomplish a task that eeginchitecture could
perform alone: ACT-R because its visual module oamecognize
objects from bitmaps, and Leabra because it hasdeatonstrated
control properties that allow it to navigate complespatial
environments. However, the model also sheds lightsome basic
theoretical conundrums, such as the symbol-grogngioblem. The
SAL model demonstrates how the architecture cordoh tthe Leabra
visual network to associate images of an objectit$o symbolic
representation, and then use that capability tastip recognize objects
in the environment, extract their symbolic identitgnd use that
information to control complex behavior. While, ag#or the sake of
simplicity, that process was managed by the moslelerthis case, it
would be relatively straightforward to combine itithv ACT-R’s
demonstrated ability to learn from instructionsg(eFu et al, 2006).
This would result in a model that could be showatyes of objects and
told their names, and given arbitrary instructionlving those objects
would be able to interpret and execute them.

Another interesting issue is the degree to whigitdown control of
the visual system by higher-level cognition modesathe bottom-up
processing of visual inputs. In the current mode¢ model picks an
object, focuses the attention of the visual modurethat object, then
requests the visual module to recognize it andivesethe result. A
more natural and efficient organization would beptone the visual



module with the identity of the object being seadththen to allow the
visual module to select the object in the visualdfithat best matches
that description. Integrating a biologically plaulsi visual processing
module with high-level control modules allows fdnet systematic
investigation of those issues in tasks and enviemtmof much greater
complexity than those typically used in purely eaxpental
investigations.

—
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Taatgen et al (2007) showed that a deeper integraan produce more
subtle behavioral features of human performanceci8gally, their
model of attentional blink connected the temporabyying activation
states of internal Leabra visual representationis am ACT-R model of
control. In addition to demonstrating the primariiepomenon of
attentional blink, it also showed subtleties sushraduced control
leading to less blink, and reversed report of lag-trials, neither of
which were captured in prior symbolic or neural ®isd This empirical
match suggests that the coherence and convergenc8Ab, as
described above, is not merely theoretical.

6. Continuing Research

Future work on SAL will proceed along two differardacks. The first
track can be likened to comparative anatomy, in tihe structural and
emergent features of each architecture will be redpp those of the
other, driving deeper understanding of both. Thiapping will be



informed by empirical biological and behavioralalafThe second track
emphasizes achievement of superior functional dhiped through
tighter, principled integration of the two simutatisystems.

Mapping Track

The theoretical issue at the heart of the integnabietween ACT-R
and Leabra is how we think of the mapping betwéeir structures and
representations, most specifically between the ACTBuffers and
production rules, and the Leabra model of workingmury and
cognitive control in the prefrontal cortex and baganglia. Thus the
effort will focus on the issue of neural realizaso of the basic
production-rule cycle in ACT-R (Figure 6), in whit¢he contents of
buffers are consulted, an action is selected, hadtffer contents are
updated. The envisioned resulting dynamic is one goédual
convergence between two different and currentlyommmensurable
levels of description, with each level gaining ftiagality and fidelity,
while receiving guidance toward helping the othehiave its goals.
Specifically, ACT-R will provide a control frameworto guide the
evolution of Leabra, while Leabra will provide apresentation
framework to constrain the evolution of ACT-R. Fat, the final
outcome of this process will result in a comprehensaccount of
cognition that ties behavior at the organism ldeemechanism at the
cellular and sub-cellular level without explanatgaps.
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Figure 6: Mapping Track - neural realization of gireduction rule cycle

In particular, we anticipate that this researchknaill help to address
the following open questions in ACT-R and Leabra:



In ACT-R,how can “partial matching” of production rulesttha
“softens” traditional production conditions operatgthout
producing degenerate behavior?

* How can the learning of utility parameters that tocoin
production selection be grounded in plausible aggioms
about the nature of feedback available?

* How can context influence production matching aal@ion
beyond the explicit specification of precise coiuahs?

* In Leabra, how can new procedural learning piggyback on
prior learning, rather than using trial and error €éach new
behavior?

* How can verbal instructions be integrated and meed?

* How does the system manage the choice betweenratplo
and exploitation, and more generally perform sgiatsearch
through the space of behavioral actions and paltcie

The neural realization approach has informed th& ACarchitecture
throughout its evolution, from an early attempinaplementing ACT-R
in neural network constructs (Lebiere & Andersofi93) to a current
attempt at mapping the details of the productiole ycle onto the
anatomy of the basal ganglia (Stocco, Lebiere & &adn, 2008).
Developing neural realizations of higher-level atige phenomena has
also been at the heart of the Leabra research gmodO’Reilly &
Munakata, 2000), and this effort for the first timigers an intermediate
level of representation that more tightly constsaithese neural
realizations. This history provides a great deal cohfidence that
important new insights will arise from the effort.

Integration Track

As mentioned, the second future research track emiphasize the
development of superior functional capabilitiesotigh a principled
integration of the two systems. A critical featuwerobust systems is
that they have multiple different methods of salviproblems. Those
different methods have complementary strengthsveeaknesses that
prevent catastrophic failures (because when onéadefails, another
can take over) and boost the overall performandbetystem (by both
synthesizing the results of the different methodd allowing some
methods to learn from others). Human intelligentearticular gains
considerable robustness by having both subsymbaiid symbolic
capabilities. O’Reilly (2006) recently charactedzethese two



capabilities in terms of analog and digital compoteal properties that
emerge from computational models based on cogniteeroscience
data.

The division between symbolic and subsymbolic ,(idistributed)
levels corresponds largely to the distinction bemvecontrol and
representation subsystems, respectively. A combimaif the two is
essential in implementing a broadly effective systbut as one would
expect, and as some past efforts have shown, thafispmanner in
which they are combined is a critical determinasitt@a whether the
potential functional benefits of the combinatior aealized. Neurally
realized subsymbolic systems provide a way to aehtee following
properties in processing and representing largeuate®f data:

» Speed: distributed connectionist systems can psoces
information in a few steps by exploiting neural glkalism.

» Capacity: massive parallelism at the cortical ler@bles the
processing of large amounts of data in perceptuginaemory
areas.

* Robustness: unlike symbolic systems, distributpdasentations
generalize naturally to new situations and theifggenance

degrades gracefully in the face of erroneous, igipecor
unexpected information, or damage to the system.

Conversely, advantages of symbolic systems for rothmg the
operations of the system include:
» Tractability: Enforcing sequentiality sacrificeseggl to enable

tractable control over the flow of execution anduee
combinatorial complexity.

* Inspectability: Sequential control steps enabldiexpmemory
of past processing and the metacognitive introspeessential
to avoiding local solution minima (i.e., impasses).

» Efficiency: learning sequential control is conselgy more
efficient for symbolic systems than it is for subygyolic
systems.

Past attempts to develop symbolic/subsymbolic llybyistems (see,
e.g., Wermter and Sun, 2000 for a review) havecslpi not reflected
this division of labor. Instead of applying symlediechniques to control
functions and subsymbolic techniques to representditinctions, they
often use both techniques for both functions. Tdiiates rather than
exploits the benefits of each type of techniqusulteng in systems that
struggle in both control and representation ofitffermation required
for robust cognition.



In SAL there is a simple and obvious mapping of ARTo the
control of the communication paths among brainaesgj and of Leabra
to the subsymbolic representation and computatperérmed within
those regions; the research will emphasize thegngths in these
domains. However, we plan to go beyond a simple ulaod
hybridization scheme toward a deeper synthesisrevblements based
on ACT-R and Leabra principles interact in a magétty coupled and
biologically inspired manner. In brief, we assoei#tte active buffers,
procedural production system, and symbolic reptesens from ACT-
R with the prefrontal cortex and basal ganglia, levhiihe graded
distributed representations and powerful learningcimanisms from
Leabra are associated with the posterior cortexeGithese mappings
and specializations, in the SAL framework the if#ee between
symbolic and subsymbolic elements occurs in theirdgtonal
interactions between the ACT-R elements associatigtl prefrontal
cortex, and the Leabra elements associated wittepas cortex. Thus
the tight integration between ACT-R and Leabra ogaot between
modules, as in our demonstration systemwatitin modules; and in the
process separating the larger subsymbolic modam fits symbolic
buffer interface to the procedural system.

This direction differs substantially from the filsack, in which the
focus is on developing neural realizations of woegkimemory and
cognitive control. Here, ACT-R primarily handlesgoitive control and
Leabra handles representation, and the emphasis tise bidirectional
interface between the two (Figure 7).

ACT-R:
Symbolic / Control

Bidirectional Interface
New Symbol Learning

Leabra:
Subsymbolic / Representation

Figure 7: Integration track — bidirectionally coeted processes

There are important technical challenges to brigigihe analog/digital
gap at the interface of the posterior and prefloataments of this



model, but we believe that these are the very sam#enges that the
human brain faces in order to exhibit both symbal subsymbolic
abilities. Thus, a major focus of the research lagllon the specific issue
of understanding bidirectional interactions betwegrefrontal and
posterior representations, especially how learnmeyv distributed
representations in posterior cortex can drive theetbpment of new
prefrontal symbolic representations, and how thek talemands
represented in prefrontal cortex provide top-domfiuences that shape
the learning and processing in posterior cortexe Human system
clearly gains considerable power and robustness frobidirectional
synergy between these systems, and we think thaturidg this
dynamic is the key to making SAL more than the sirnts analog and
digital parts. SAL has an advantage in this arear @ast attempts at
hybridization, in that Leabra naturally incorposateidirectional
learning and activation dynamics, and ACT-R is thdy symbolic
architecture that incorporates subsymbolic compmrtat to perform
both bottom-up statistical learning and top-dowasbig of information-
processing functions such as memory retrieval.

Beyond these two primary research thrusts, SAL gplas are
currently being applied in an existing roboticsjpob where ACT-R is
the control system and a variety of machine legrrand algorithmic
perception approaches are used. A Leabra objeogmémon model is
being introduced to work in conjunction with regiofiinterest
detection algorithms to identify objects in thersze Spatial attention
has proved challenging to model successfully, an@ddition to the
functional benefits, we hope that this collabomatiwill illustrate
constraints on how spatial attention must operate.

A pluralistic approach is also being used in a gubjto combine
neural and algorithmic approaches to perception simulated
environments as a replaceable “front-end” to symsbaognitive
architectures. Leabra and ACT-R will serve as theference
implementation, but the project aims to treat thashmodular and
replaceable components, as long as such compofientgthin the
needs and constraints of cognition.

7. Discussion
We have provided considerable detail of the themktoverlap

between ACT-R and Leabra, the previous and plarammoaches to
their integration in SAL, and the theoretical qims we hope to



answer through this effort. This detail shows tet SAL architecture
is explicitly pluralistic, not merely in that its constituentlatectures
exhibit vertical, modular, and mechanistic plumnajsor in the simple
fact that it is a hybrid, but rather that this hgbmaps to dissociable
systems in the human brain, and aims to integtaieet systems in a
manner similar to the brain. In the words of New&890):
A single system (mind) produces all aspects of Wehalt is
one mind that minds them all. Even if the mind hmsts,
modules, components, or whatever, they all mesketheg to
produce behavior. Any bit of behavior has causatiés that
extend back through large parts of the total cogmisystem
before grounding in the environmental situatiorsoime earlier
times. If a theory covers only one part or componéntlirts
with trouble from the start. It goes without sayifgt there are
dissociations, independencies, impenetrabilities, nd a
modularities. These all help to break the web afhehit of
behavior being shaped by an unlimited set of adius. So
they are important to understand and help to mhke theory
simple enough to use. But they don’t remove theessity of a
theory that provides the total picture and explaiesrole of the
parts and why they exist.

On the surface, ACT-R and Leabra are incommenserabhe
operates on discrete chunks and production rulésle whe other is
based on simulated neurons and their interconmextid/hile we hope
to map the theories either mathematically or inutated form, the
incommensurable categories at the various leveldgescription will
remain necessary to explain the full range of phesa (Rohrlich
1988).

The SAL architecture intends to explain a broadaenge of
phenomena, and simulate a larger scope of fundtignéan can either
of the component architectures alone. However, eweit proves
successful, we will continue to view SAL as an tpisologically
attractive description of certain aspects of cagnjt not as an
ontologically privileged theory. Other types of dhies can constrain or
explain SAL in further directions to continue toohden its scope or
improve its performance. For example:

* The SOAR cognitive architecture (Newell, 1990) has
explained aspects of metacognition, including tiesdrmind
and self-assessment. Given that these aspectseatalcto
human social function, how might they constrain the



representations in SAL? Are new architectural Jesg
required in ACT-R to model metacognition? Do mirro
neurons have specialized properties or do they ganeunt of
the representations learned in cognition?

* Machine learning algorithms, such as Bayesian ambres
and reinforcement learning, characterize matheistic
optimal solutions to problems. Homologous featuwweSAL
should approach such optimality, explain why suehtures
are not optimal in a broader cognitive contextjlastrate that
the human system is suboptimal due to unrelatetbdical
factors, in effect extending the rational analy@derson,
1990) to include factors at multiple levels of ahstion.

» Can artificial cognitive systems shortcut tradiabrhuman
learning? Is it possible to “load” a corpus af priori
knowledge, such as the Cyc ontology (Lenat & Gule20),
without an elaborate educational process and withemnantic
loss? If so, can this extend down to motor and qur@l
learning or does it apply only to logical categsriand
relationships?

* New molecules and pathways that are required fog-term
potentiation of synapses, or iof vivo learning, are constantly
being discovered. Which elements of this neurochami
maelstrom produce important computational featur@s@
there simplified mathematical descriptions of thiesgures or
is it necessary to simulate them?

Finally, there have been explicit benefits to théuradistic
collaboration itself. One such benefit is charazeat by the aphorism
“you don't learn it until you teach it.” Becauseetloollaborators must
have a fairly thorough understanding of the compbaechitectures, we
have recognized areas where there theories coaltutber elaboration
or explanation. In attempting to connect the twachaectures
functionally, it became clear that the questiorhoiv symbols arise is
unanswered in both. The very pragmatic process ofing joint
proposals provides insight into the core questitreg collaborators
emphasize and how they sell this to funding orgatrons — thus
allowing one to improve the contextual elementeydasate proposals.

We have found a pluralistic approach to cognitisiersce to be highly
fruitful both within the scope of individual thedieal constructions and
in the context of collaboration. In the spirit dualism, however, we
recognize that others may have a different view.
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