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This article addresses the division of memory systems in relation to an overall cognitive
architecture. As understanding the architecture is essential to understanding the mind,
developing computational cognitive architectures is an important enterprise in computational psychology (computational cognitive modeling). The article proposes a set of
hypotheses concerning memory systems from the standpoint of a cognitive architecture, in
particular, the four-way division of memory (including explicit and implicit procedural
memory and explicit and implicit declarative memory). It then discusses in detail how
these hypotheses may be validated through examining qualitatively the literature on
memory. A quick review follows of computational simulations of a variety of quantitative
data (which are not limited to narrowly conceived “memory tasks”). Results of accounting
for both qualitative and quantitative data point to the promise of this approach.
Ó 2011 Elsevier Ltd. All rights reserved.

1. Introduction
Human memory systems have evolved in the process of
coping with the world (like other parts of the mind; Clark,
1997; Dreyfus, 1992; Klein, Cosmides, Tooby, & Chance,
2002; Sun, 2002; Vicente & Wang, 1998). Thus, memory
systems have resulted from the informational needs of
cognitive agents in their coping with the world; this point
has been extensively argued before (e.g., Hirschﬁeld &
Gelman, 1994; Klein et al., 2002; Sun, 2002; Vicente &
Wang, 1998). Consequently, memory systems serve the
purpose of supplying useful information relevant to the
current activities of the cognitive agent in a pertinent and
timely manner. A characteristic of memory is more likely to
exist if it contributes to the essential activities of an agent,
and is less likely if it does not. Moreover, different activities
of agents may require different memory properties and
therefore possibly different memory systems to provide
corresponding properties. In this regard, a non-memorycentered way of looking at memory is needed in order to
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better understand it from the standpoint of cognitive
agents’ essential activities (Dreyfus, 1992; Klein et al., 2002;
Sun, 2002). That is, we need a broader perspective (e.g., from
the standpoint of a cognitive architecture; Newell, 1990).
As some researchers have argued on the basis of empirical data (e.g., Klein et al., 2002; Schneider, 1993), multiple
memory systems have co-evolved to function in a complementary (and often inter-locking) way. For example, when
a generalization is retrieved from semantic memory,
exceptions may be retrieved from episodic memory to
provide complementary information. For another example,
dissociations among memory systems may exist under some
circumstances, so that different memory systems may serve
different purposes, but dissociations may not exist under
some other circumstances, so that multiple memory systems
may be brought together to bear on one task. Dissociation
may also lead to synergy when memory systems are properly
integrated (e.g., Sun, Slusarz, & Terry, 2005).
Each memory system solves some speciﬁc problems
that cognitive agents encounter in the course of evolution.
Investigating the problems faced by each memory system
may help to achieve a better understanding and delineate
the design features of each memory system. In other words,
we may achieve a clearer mapping of functions to systems
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in this way (speciﬁcally with regard to memory). As pointed
out by Klein et al. (2002), “agnostically cataloging arbitrary
samples out of the inexhaustible set of everything
a memory system is capable of doing is not likely to lead to
knowledge of its function”. A system of any kind may be
capable of doing an endless series of things that it was not
designed to do. Therefore, we cannot simply study memory
by exhaustively testing what it is capable of. That is, we
need to take a look at memory systems from a nonmemory-centered, broader perspective. On that basis,
a cognitive architecture needs to be speciﬁed so as to
structurally situate a variety of ecologically realistic or
plausible memory systems. Note that memory systems
may, alternately, be viewed either as functional modules or
as physiological modules (for more discussions of this and
other distinctions, see Fodor, 1983; Sun, 2009). However,
my main focus here is on functional modules.
As we know, a cognitive architecture is the essential
structures and processes of cognition in the form of
a broadly-scoped, (more or less) domain-generic computational model, used for a broad, multiple-level, multipledomain analysis of behavior. A cognitive architecture
provides a concrete framework for more detailed modeling
of cognitive phenomena, through specifying essential
structures, divisions of modules, relations among modules,
and a variety of other aspects (Sun, 2004). Cognitive architectures are believed to be essential in advancing understanding of the mind (Anderson & Lebiere, 1998; Newell,
1990; Sun, 2002, 2004). Therefore, developing cognitive
architectures has been an important enterprise in cognitive
science. We can beneﬁt a great deal from utilizing cognitive
architectures for the following reasons. First of all, a cognitive architecture provides a functional division of modules.
Second, cognitive architectures are functionally comprehensive (relatively speaking and to a certain extent). Third,
cognitive architectures are generic (domain-general) to
a large extent. Correspondingly, the analysis of memory
systems through cognitive architectures can be performed
at the computational, or functional, level, on the basis of
empirical data. Based on the data, hypotheses concerning
memory systems can be tested through simulating a wide
range of data, not just from traditional “memory tasks”, but
also from other psychological tasks that rely on memory in
various ways, perhaps better reﬂecting cognitive agents’
everyday interaction with the world.
Many issues need clariﬁcation in this process. For
example, it is far from clear what essential subsystems of
memory are and how memory should be divided up
functionally. Some other issues concern essential dichotomies in cognition. Various cognitive dichotomies have been
proposed before: implicit versus explicit, procedural versus
declarative, automatic versus controlled, and so on. What
are the essential dichotomies? How should we analyze
them in a process-based (computational, mechanistic) way,
and thereby develop cognitive architectures on that basis?
Many other issues exist as well. See, for example, Anderson
and Lebiere (1998), Newell (1990), and Sun (2004) for some
of these other issues. In this article, I will focus mainly on
functional-structural issues (that is, issues such as essential
cognitive dichotomies, modularity, memory systems/
modules, and so on).

In this work, I try to shed light on some of these issues
with the help of computational modeling. As pointed out
by Hintzman (1990), “the common strategy of trying to
reason backward from behavior to underlying processes
(analysis) has drawbacks that become painfully apparent to
those who work with simulation models (synthesis). To
have one’s hunches about how a simple combination of
processes will behave repeatedly dashed by one’s own
computer program is a humbling experience that no
experimental psychologist should miss” (p. 111). “A simple
working system that displays some properties of human
memory may suggest other properties that no one ever
thought of testing for, may offer novel explanations for
known phenomena, and may provide insight into which
modiﬁcations that the next generation of models should
include” (p. 111). The importance of computational
perspectives should not be under-estimated.
In the remainder of this article, I will ﬁrst, in Section 2,
present an overview of a frameworkda synthesis in the
form of a cognitive architecture and the memory systems
within. Section 3 details the empirical support for this
framework of memory systems, synthesizing empirical
research. Section 4 provides a general discussion, and
concludes this article.
2. Overview of memory systems in CLARION
CLARION is an attempt in the afore-mentioned direction. It speciﬁes various functional modules (“subsystems”
and modules within), with their corresponding memory
systems, in an overall architectural framework (Sun, 2002,
2003), in accordance with an ecological-functional
perspective (Sun, 2002, 2004).1 Although CLARION has
been described in bits and pieces in psychological and
cognitive science journals before, a synthesis as in the
present work is necessary.
CLARION, as a computational model, allows more
precise, mechanistic (i.e., computational) speciﬁcations of
memory systems, which are (at least) algorithmically
clearer, more consistent, and working. Let us ﬁrst review
some general ideas regarding CLARION.
2.1. Overall structure
Overall, CLARION is an integrative cognitive architecture
consisting of a number of distinct “subsystems”, with a dual
representational memory structure in each subsystem
(implicit versus explicit representations; see Cleeremans,
Destrebecqz, & Boyer, 1998; Reber, 1989; Seger, 1994; Sun
et al., 2005). CLARION is intended for capturing all the

1
As variously discussed in Sun (2002, 2004), the major tenets of the
ecological-functional perspective may include: (a) taking the role of
function as a starting point, (b) considering evolution seriously, (c) paying
particular attention to the ecological niche (at present or evolutionarily),
(d) focusing on routine everyday activities that are most representative of
the ecological niche, (e) basing theories on the notion that cognitive
characteristics are functional, that is, useful in some way for routine
everyday activities within the ecological niche, (f) basing theories on the
notion that cognitive characteristics are often selected based on costbeneﬁt tradeoffs, at present or evolutionarily.
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essential cognitive processes within an individual cognitive
agent in its routine, everyday activities (Dreyfus, 1992;
Heidegger, 1927), in accordance with the ecologicalfunctional perspective (Sun, 2002, 2004). Accordingly, its
subsystems include the action-centered subsystem (the
ACS), the non-action-centered subsystem (the NACS), the
motivational subsystem (the MS), and the metacognitive
subsystem (the MCS). The role of the ACS is to control
actions (based on procedural knowledge), regardless of
whether the actions are for external physical movements or
internal mental operations. The role of the NACS is to
maintain general (i.e., declarative) knowledge (ultimately
in the service of action decision making by the ACS). The
role of the MS is to provide underlying motivations for
perception, action, and cognition. The role of the MCS is to
monitor, direct, and modify the operations of the other
subsystems, for the sake of better performance. Each of
these subsystems, in an ecological-functional sense, serves
a unique function, and together they form a functioning
cognitive architecture. See Fig. 1 (see Sun, 2002, 2003 for
computational details and demonstrations).
The more information a cognitive agent encodes, the
more difﬁcult it is to devise a system that can deliver the
right information at the right moment (and do so without
overwhelming it with less relevant or irrelevant materials;
Klein et al., 2002). Modularization of memory such as the
division above (see more discussions below) is therefore of
importance (see Coward & Sun, 2004 regarding issues of
modularization). Similarly, different informational needs of
an agent may require different memory processes and
different memory characteristics, and therefore likely
different memory modules/systems. Memory systems and
characteristics that have little or no impact on an agent’s
actions and activities likely will not be evolutionarily
selected. Therefore, the issues of memory modules/systems
should be approached with the “adaptive” functions of the
different memory systems in mind within the overall
cognitive architecture.
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2.2. Two levels
Each of these subsystems consists of two “levels” of
representation (i.e., two memory modules/systems), which
together constitute a dual representational (dual memory)
structure. See Fig. 1. Generally, in each subsystem, the top
“level” encodes explicit knowledge (explicit memory) and
the bottom “level” encodes implicit knowledge (implicit
memory). This distinction has been argued for amply
before (see Cleeremans et al., 1998; Reber, 1989; Seger,
1994; Sun, 2002; Sun et al., 2005), and we will further
justify it later (see the later section on accounting for
memory phenomena qualitatively).
The relatively inaccessible nature of implicit knowledge in
implicit memory may be captured by subsymbolic, distributed representation provided, for example, by a backpropagation network (Rumelhart, McClelland, & the PDP
Research Group, 1986). This is because distributed representational units in the hidden layer(s) of a backpropagation
network are capable of accomplishing computations but are
subsymbolic and generally not individually meaningful
(Rumelhart et al., 1986; Sun, 1994). This characteristic of
distributed representation, which renders the representational form less accessible, accords well with the relative
inaccessibility of implicit knowledge (Cleeremans et al.,
1998). In contrast, explicit knowledge in explicit memory
may be captured (in computational modeling) by symbolic or
localist representation, in which each unit is more easily
interpretable and has a clearer conceptual meaning. This
characteristic of symbolic or localist representation captures
the characteristic of explicit knowledge being more accessible and more manipulable (Sun, 1994).
Accessibility here refers to the direct and immediate
availability of mental content for the major operations that
are responsible for, or concomitant with, consciousness,
such as introspection, forming higher-order thoughts, and
verbal reporting.
The dichotomous difference in the representations of
the two different types of memory leads naturally to a twolevel structuring within each subsystem, whereby each
level (module) uses one kind of representation and
captures one corresponding type of memory process
(implicit or explicit).
In relation to the ecological-functional perspective,
there have been some indications that one level (the
explicit level) is evolutionarily newer than the other (the
implicit level) (see, e.g., LeDoux, 1996). Beside this evolutionary difference, the juxtaposition of the two levels is also
functional. It is functional (and thus evolutionarily advantageous), especially because, as I have extensively argued in
prior work, the interaction between the two levels may
lead to synergy in the form of better, more accurate, and/or
faster performance in a variety of circumstances (see Sun,
2002; Sun, Merrill, & Peterson, 2001, Sun et al., 2005 for
details). Therefore, such a division between the two levels
may conceivably be favored by natural selection.
2.3. Multiple memory systems

Fig. 1. The subsystems of the CLARION cognitive architecture. The major
information ﬂows are shown with arrows. See Sun (2003) for full technical
details.

In the main, within the action-centered and the nonaction-centered subsystem, a four-way partitioning of the
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major memory systems (modules) is as follows: implicit
procedural (action-centered) memory (in the ACS), explicit
procedural (action-centered) memory (in the ACS), implicit
declarative (non-action-centered) memory (in the NACS),
and explicit declarative (non-action-centered) memory (in
the NACS). (For the time being, I ignore the memories
within the motivational and the metacognitive subsystem,
as well as working memory and so on.)
However, declarative (non-action-centered) memory
may be further partitioned into semantic memory and
episodic memory (Tulving, 1985; with the implicit-explicit
distinction in each as will be discussed later). Semantic
memory is used for storing general (non-action-centered)
knowledge that is not tied to speciﬁc experiences, while
episodic memory is for storing experience-speciﬁc information. The distinction between episodic memory and
semantic memory in CLARION is justiﬁed, in an ecologicalfunctional sense, based on the need to separate knowledge
that is concerned with speciﬁc experiences and knowledge
that is more generic and thus not experience-speciﬁc (see,
e.g., Klein et al., 2002 for justiﬁcations along this line),
although some memory researchers did not make such
a distinction (e.g., Hintzman, 1986).
In addition to long-term memory systems (explicit or
implicit) as enumerated above, note that there is also
a working memory in CLARION, which is for storing information temporarily for the purpose of facilitating action
decision making (roughly along the line of Baddeley, 1986).
In particular, sensory information store, a part of the
working memory in CLARION, is for storing sensory input
information temporarily. Goal structures, a special case of
the working memory in CLARION, are for storing goal
information speciﬁcally (e.g., Anderson & Lebiere, 1998).
This module is justiﬁable in an ecological-functional sense
from the description above (Sun, 2002).
Thus, Table 1 presents the taxonomy of memory modules
in CLARION. Fig. 2 presents a diagrammatic sketch of the four
major long-term memory systems interacting with each
other (within the ACS and the NACS of CLARION), whereby
declarative memory is further partitioned into semantic and
episodic memory. See Sun (2003) for technical details. Note
that modularity implies certain information encapsulation:

Table 1
A proposal concerning the taxonomy of memory according to CLARION.
Long-term memory:
Explicit:
Procedural
memory
Implicit:
Procedural
memory

Semantic
memory
Semantic
memory

Episodic
memory
Episodic
memory

Working memory:
Sensory input
Goal structure
Other temporary
info
Memory type
Implicit
memories
Explicit
memories

Representational
entity
Connectionist
networks
Rules and chunks

Type of representation
Distributed representation
Symbolic/localist
representation

in CLARION, modules only operate on certain kinds of inputs,
and they operate relatively independently. Information
coming into and going out of a module is relatively limited.
Dissociations may thus follow as a result.
This view of memory systems is certainly not parsimonious. We need to be aware of the limitations of any
parsimony argument. The human mind/brain has evolved
incrementally over a long period of time. New systems are
often the results of mutations of old systems (not of
completely new design), and often function on top of (or
along with) existing systems. In addition, different mutations of an old system may lead to several different (but coexisting) new systems. The multiple systems that result
from mutations may exhibit signiﬁcant differences, but
may overlap in functionality and be complementary to each
other (Klein et al., 2002; McClelland, McNaughton, &
O’Reilly, 1995; Sun, 2002). Schneider (1993) made
a similar argument in relation to visual systems, and
pointed out that “it is likely that the biology of memory is
analogously composed of multiple overlapping memory
systems that are optimized for different classes of information storage” (p. 184).
Note that this division of memory systems is very
different from some existing views that have been well
entrenched. For example, ACT-R has been adhering to
a procedural-declarative dichotomy, and it is often claimed
that procedural memory in ACT-R is implicit and in
declarative memory explicit and implicit information is
tightly coupled item by item (more on ACT-R later; see
Anderson & Lebiere, 1998). CLARION is also distinguished
from other existing frameworks (such as SOAR;
Rosenbloom, Laird, & Newell, 1993). See also Logan (2002)
and Ratcliff and McKoon (1998).

2.4. Multiple learning processes
Given the partitioning of memory systems above,
learning in these memory systems need to be mentioned
(also in accordance with the ecological-functional
perspective). First, there is the learning of implicit knowledge at the bottom level of a subsystem (i.e., in implicit
memory). One way of implementing a mapping function to
capture implicit knowledge in implicit memories is to use
a multi-layer neural network (e.g., a three-layer backpropagation network). Adjusting parameters of this function to change input/output mappings (that is, to learn
implicit knowledge) may be carried out in ways consistent
with the nature of distributed representation, through
trial-and-error interaction with the world (in keeping with
the ecological realism consideration; Sun, 2002). For
instance, reinforcement learning (as developed in machine
learning) may be appropriate for capturing human learning
of implicit action-centered knowledge, especially Qlearning (Watkins, 1989), implemented using backpropagation networks (Sun et al., 2001). Such implicit
learning may be justiﬁed from the ecological-functional
perspective: For instance, Cleeremans (1997) argued at
length that implicit learning could not be captured by
symbolic models but neural networks; Sun (1999, 2002)
made similar arguments.
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Fig. 2. The essential memory modules of the CLARION cognitive architecture. The leftmost lines show the input information to and output actions from the ACS.
The lines between the modules show the information ﬂows (the working memory, goal structure, and sensory information store are used to facilitate the ﬂows
but are omitted above for the sake of simplicity). Note that the memory modules are relatively encapsulated, and information ﬂows, as indicated by arrows, are
limited between modules. See Sun (2003) for full technical details.

Explicit knowledge at the top level of a subsystem (i.e.,
in explicit memory) can also be learned in a variety of ways
(in accordance with localist/symbolic representation used
there). Because of its representational and other characteristics, one-shot learning (e.g., based on hypothesis
testing) may be appropriate during the interaction with the
world (see, e.g., Bruner, Goodnow, & Austin, 1956; Sun et al.,
2001). With such learning, a cognitive agent dynamically
acquires explicit representations and modiﬁes them as
needed (in keeping with the ecological realism consideration; Sun, 2002).
The implicit knowledge already acquired in the bottom
level (i.e., in implicit memory) may be utilized in learning
explicit knowledge at the top level (in explicit memory),
through “bottom-up learning” (Sun et al., 2001). That is,
implicit information accumulated through interacting with
the world is used for extracting and then reﬁning explicit
knowledge. This is a kind of “rational reconstruction” of
implicit knowledge at the explicit level. Other types of
learning of explicit knowledge in explicit memory are also
possible, such as explicit hypothesis testing without the
help of the bottom level. Conversely, once explicit knowledge is established at the top level (in explicit memory), it
may be assimilated into the bottom level (implicit
memory). This often occurs during the novice-to-expert
transition in instructed learning settings (Anderson &
Lebiere, 1998; Dreyfus & Dreyfus, 1987). The assimilation
process, termed “top-down learning” (as opposed to
“bottom-up learning”), may be carried out in a variety of
ways (see Sun, 2002, 2003 for details).
Memory systems in CLARION, as in humans, are there to
serve the need of coping with everyday activities: They
actively “participate” in the activities of the agent through
meeting the informational needs of the agent arising from
such activities. Learning in these memory systems as

described above should be seen in this light (in accordance
with the ecological-functional perspective).

2.5. Major hypotheses
To summarize the major hypotheses regarding memory
systems from the CLARION cognitive architecture:
 Hypothesis I: the distinction between implicit and
explicit memory;
 Hypothesis II: the distinction between action-centered
(procedural) and non-action-centered (declarative)
memory, which is hypothesized to be orthogonal to the
ﬁrst distinction above;
 Hypothesis III: the distinction between semantic and
episodic memory (within declarative memory), which is
also hypothesized to be orthogonal to the ﬁrst distinction above.
Below, evidence related to these hypotheses will be
evaluated. (Details of these hypothesized memory systems
have been described in bits and pieces in Hélie & Sun, 2010;
Sun, 2003; Sun et al., 2005.)
With a computational perspective, the present work
introduces a number of new ideas, including the four-way
division of memory (including explicit and implicit procedural memory and explicit and implicit declarative
memory), as well as other auxiliary memory modules.
These memory modules are signiﬁcantly different from
other existing cognitive architectures (such as ACT-R, as
detailed later). Another distinction unique to CLARION is
bottom-up versus top-down learning through the interaction between implicit and explicit memory modules (see,
e.g., Sun, 2002; Sun et al., 2001 for details; more later).

Author's personal copy
232

R. Sun / New Ideas in Psychology 30 (2012) 227–240

3. Accounting for memory phenomena qualitatively
3.1. Validating the hypotheses
The three major hypotheses of CLARION are examined
below in relation to available empirical evidence.
3.1.1. Evidence in support of hypothesis I
We ﬁrst examine the distinction between implicit and
explicit memory. The theoretical distinction between
implicit and explicit processes, as well as its ecologicalfunctional signiﬁcance, has been variously argued in the
past in many empirically-based theories and models, for
example, in Reber (1989), Seger (1994), as well as in Sun
(1994, 2002).
First of all, the distinction of implicit and explicit
processes has been empirically demonstrated in the
implicit memory literature (Roediger, 1990; Schacter, 1987).
For example, the work on amnesics in the 60s and 70s
showed that they might have intact implicit memory while
their explicit memory was severely impaired. Warrington
and Weiskrantz (1970) demonstrated that amnesics’
memory using implicit measures was as good as normals
while their memory using explicit measures was worse
than normals. The explicit measure they used included free
recall and recognition, while the implicit measures they
used included word fragment naming and word completion. It might be argued that their implicit measures reﬂected unconscious (implicit) processes because amnesic
patients were usually unaware that they knew the materials. The results, while surprising in the 70s, have been
replicated many times since then.
Jacoby (e.g., 1983) demonstrated that implicit and
explicit measures might be dissociated among normal
subjects as well (see also Dunn & Kirsner, 1988). Three
study conditions were used: generation of a word from
a context, reading aloud a word in a meaningful context,
and reading aloud a word out of context. The dependent
measures were recognition (from a list of words) and
perceptual identiﬁcation (from fast presentations of
words). Their results showed that using the explicit
measure (recognition), generated words were remembered
the best and words read out of context were remembered
the least. However, using the implicit measure (perceptual
identiﬁcation), the exactly opposite pattern was found.
Other similar cross-over dissociations were also found from
other manipulations (Roediger, 1990). Toth, Reingold, and
Jacoby (1994) further devised the inclusion-exclusion
procedure, which provided even stronger indications of
the dissociation of implicit memory from explicit memory.
The distinction of implicit and explicit processes has
also been empirically demonstrated in the implicit learning
literature (e.g., Berry & Broadbent, 1988; Cleeremans et al.,
1998; Reber, 1989; Seger, 1994). There have been three
common tasks used in implicit learning research. For
example, serial reaction time tasks (Willingham, Nissen, &
Bullemer, 1989) probe learning of a repeating sequence. It
was found that there was a signiﬁcant reduction in
response time to repeating sequences (relative to random
sequences). However, participants might not be able to
explicitly report the repeating sequence, and were often

unaware that a repeating sequence was involved (see, e.g.,
Lewicki et al., 1987). Similarly, process control tasks (Berry
& Broadbent, 1988) examine learning of a relation between
the input and the output variables of a controllable system,
through interacting with the system dynamically. Although
they often did not recognize the underlying relations
explicitly, participants reached a certain level of performance in these tasks. Likewise, in artiﬁcial grammar
learning tasks (Reber, 1989), participants were presented
with strings of letters that were generated in accordance
with a ﬁnite state grammar. After memorization, participants showed an ability to distinguish new strings that
conformed to the artiﬁcial grammar used to generate the
initial strings from those that did not, although participants
might not be explicitly aware of the underlying grammar
(except for some fragmentary knowledge possibly). In all,
these tasks share the characteristic of implicit performance
(at least to a signiﬁcant extent).
There are many other tasks that are similar in this
regard, such as various concept learning, reasoning,
automatization, and instrumental conditioning tasks (see
Sun, 2002 for a review; see also Evans & Frankish, 2009).
Together, they demonstrated the distinction between
implicit and explicit processes. Although some researchers
have disputed the existence of implicit processes based on
the imperfection and incompleteness of tests for explicit
knowledge (e.g., Shanks & St.John, 1994), there is an overwhelming amount of evidence in support of the distinction
between implicit and explicit processes (Sun et al., 2005).
Several other theoretical distinctions made by other
researchers capture some similar differences between two
different types of cognitive processes. Dreyfus and Dreyfus
(1987) proposed the distinction of analytical and intuitive
thinking, and believed that the transition from the former
to the latter was essential to the development of complex
cognitive skills, on the basis of phenomenological analysis
of different stages of learning to play chess. Similar
distinctions have been proposed by other researchers based
on different empirical or theoretical considerations. See, for
example, Evans and Frankish (2009) for a collection of such
theories. Taken together, the distinction between explicit
and implicit processes may be supported in many ways
(although details of some of these proposals might be
different or even contradictory to each other in some way).
Now the question is whether these different types of
memory reside in separate memory systems (modules) or
not. There have been debates (see, e.g., Roediger, 1990), and
differing views exist. Squire (1987) proposed that memory
be divided into declarative and procedural memory, with
the former further divided into episodic (working) and
semantic (reference) memory and the latter into skills,
priming, classical conditioning, and other memory stores.
According to Squire (1987), declarative memory is explicit
while procedural memory is implicit. Tulving and Schacter
(1990) incorporated some features of the one-system view
(e.g., the transfer-appropriate-processing view), while
preserving the separation of explicit and implicit memory.
They proposed that there should be multiple priming
systems in the implicit memory, so that dissociations
among different implicit measures could be accounted for
(e.g., the priming system should be divided into the
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perceptual and the structural description system). This
proposal addressed some of the objections raised by the
proponents of the one-system view. Sun (2002) and Sun
et al. (2005) provided some theoretical interpretations of
existing learning data (related to process control, serial
reaction time, and other tasks), based on a multiple
memory systems view.
It is worth noting that in social psychology, there have
been a number of dual-process models that are in fact
roughly based on the co-existence of implicit and explicit
memory systems (see, for example, Chaiken & Trope, 1999;
see also Evans & Frankish, 2009).
I will show later that this division is indeed functional
(in accordance with the ecological-functional perspective;
in the Sections 3.2.1 and 3.2.2). The idea is that the separation of the two types of information enables the application of each type of information separately as appropriate
for different types of situations. For example, highly
complex situations may be better handled by using information in implicit memory, while information in explicit
memory may be better for more clear-cut situations
because such information may be used in a more precise
way (see Sun, 2002; Sun & Mathews, 2005). Furthermore,
the interaction of the two separate types of information
may lead to overall better performance, that is, synergy
between the two types, under proper circumstances (as
demonstrated in, e.g., Mathews et al., 1989; Sun et al., 2001,
2005). So the separation and the interaction of these two
types of memory may be cognitively advantageous
(Sun, 2002).
3.1.2. Evidence in support of hypothesis II
I now turn to the distinction between procedural and
declarative memory (action-centered and non-actioncentered memory in the ACS and the NACS, respectively)
in CLARION and its orthogonality with the implicit-explicit
distinction (the latter might be more controversial).
First, the distinction between procedural and declarative memory has been proposed by Anderson (1983),
Squire (1987), and others (although some details vary
across these proposals). Procedural memory contains
knowledge that is speciﬁcally concerned with actions (and
action sequences) in various circumstances, that is, how to
do things. Declarative memory contains knowledge that is
not speciﬁcally concerned with actions (or action
sequences), but more about objects, events, and so on in
generic terms (i.e., the “what”, not the “how”). The major
factor that distinguishes procedural and declarative
memory seems to be the action-centeredness or the lack
thereof (or in other words, the procedural versus nonprocedural nature of knowledge).
Evidence in support of this distinction includes voluminous studies of skill acquisition in both high- and lowlevel skill domains (e.g., Ackerman & Kanfer, 2004;
Anderson, 1983; Anderson & Lebiere, 1998; Kanfer &
Ackerman, 1989; Sun et al., 2001; and so on; see also
Proctor & Dutta, 1995). These studies include both experimental work on human subjects, as well as modeling/
simulation and other work aimed at theoretical interpretations. They showed that making this distinction provides
useful insight in interpreting a range of data and
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phenomena. For instance, Anderson (1983) proposed this
distinction to account for changes in performance resulting from extensive practice, based on data from a variety of
skill learning studies (ranging from arithmetic to
geometric theorem proving). For Anderson, the initial
stage of skill development is characterized by the acquisition of declarative knowledge (explicit knowledge concerning a task). During this stage, the learner must
explicitly rely on this knowledge in order to successfully
perform a task. Through practice, implicit procedures
develop that enable the performance of the task without
explicit declarative knowledge, and often without
concurrent conscious awareness of details involved. By any
measure, this distinction is well established (Proctor &
Dutta, 1995).
Let us examine the relationship between the
procedural-declarative distinction and the implicit-explicit
distinction. In Anderson (1983), declarative knowledge in
the declarative memory is assumed to be consciously
accessible (i.e., explicit): Subjects can manipulate and
report on such knowledge. Procedural knowledge in the
procedural memory is not: It leads to action without
explicit subjective accessibility. Thus, in Anderson (1983),
the two dichotomies were merged into one.
In ACT-R as described by Anderson and Lebiere (1998),
on the other hand, each individual piece of knowledge, be it
procedural or declarative, involves both subsymbolic and
symbolic representation. Symbolic representation is used
for denoting semantic labels and structural components of
each concept, while subsymbolic representation is used for
expressing its activation and other numerical factors. One
theoretical interpretation is that the symbolic representation is explicit while the subsymbolic representation is
implicit (either for declarative knowledge, or for both
declarative and procedural knowledge). This view constitutes another take on the relationship between the two
dichotomies.
According to the ﬁrst view above, the difference in
action-centeredness (i.e., the procedural versus nonprocedural nature) seems the main factor in distinguishing the two types of knowledge in the two different
memory systems, while accessibility (i.e., implicitness
versus explicitness) is a secondary factor. We believe that
this view unnecessarily confounds two aspects: actioncenteredness and accessibility, and can be made clearer
by separating the two dimensions. There are sufﬁcient
reasons to believe that action-centeredness does not
necessarily go with implicitness (inaccessibility), as shown
by, for example, the experiments of Stanley, Mathews, Buss,
and Kotler-Cope (1989), Sun et al. (2001), or Willingham
et al. (1989). Likewise, non-action-centeredness does not
necessarily go with explicitness (accessibility) either, as
shown by conceptual priming and other implicit memory
experiments (e.g., Moscovitch & Umilta, 1991; Schacter,
1987) or by the experiments demonstrating implicit
statistical information (Hasher & Zacks, 1979; Nisbett &
Wilson, 1977). Note that some researchers might group
all implicit memory (including semantic, associative, and
conceptual priming) under procedural memory (e.g.,
Squire, 1987), but such views confound the deﬁnition of
“procedural” and are thus not adopted here. Therefore, I
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distinguish these two separate dimensions when theorizing on memory.
The alternative ACT-R view that each individual piece of
knowledge (either procedural or declarative, or both)
involves both implicit and explicit processes is also problematic. Such a framework entails a close-coupling
between implicit and explicit processes that is highly
questionable. The underlying assumption that every piece
of knowledge (either declarative or procedural, or both) has
an explicit part contradicts the fact that some knowledge
may be completely implicit (see, e.g., Cleeremans et al.,
1998; Lewicki et al., 1987). This contradiction raises the
question of whether a tight coupling or a more separate
organization, for example, by having these two types of
knowledge in separate memory modules/systems, makes
better sense.
Squire (1987) proposed that memory should be divided
into declarative and procedural memory, with the former
being further divided into episodic (working) and semantic
(reference) memory and the latter into skills, priming,
classical conditioning, and other memory stores; declarative memory is explicit while procedural memory is
implicit. However, this view would have trouble accounting
for implicit declarative memory (which is clearly not
procedural; e.g., conceptually driven priming; Roediger,
1990). Explicit procedural memory is also not accounted
for in this view (see Sun, 2002; Sun et al., 2005).
As a more natural and more intuitively appealing
alternative to those views above, in CLARION, I would
propose the separation of the two dichotomies: I would
treat them as logically separate from (i.e., orthogonal to)
each other (Sun, Zhang, & Mathews, 2009). Arguments in
favor of this view can be found in the literature. For
example, Willingham (1998) argued based on empirical
data that motor skills (a kind of procedural knowledge)
consist of both implicit and explicit processes. Rosenbaum,
Carlson, and Gilmore (2001) argued based on empirical
data that both intellectual skills and perceptual-motor
skills are made up of implicit and explicit knowledge. In
other words, procedural knowledge (action-centered
knowledge), ranging from high-level intellectual skills to
perceptual-motor skills, may be divided into implicit and
explicit procedural memory.
Similarly, declarative knowledge (non-action-centered
knowledge) may also be divided into implicit and explicit
memory (Tulving & Schacter, 1990). Functionally, there is
no reason to believe that all implicit knowledge is procedural (as advocated by some of the afore-mentioned
views). Some of the implicit knowledge may in fact be
declarative (non-action-centered). Furthermore, in terms
of functional consideration, having separate implicit and
explicit declarative memory allows different tasks to be
tackled simultaneously in these two separate memory
stores (e.g., while thinking explicitly about one task, letting
intuition work on another). Sun (1994) and Sun and Zhang
(2007) showed that, through dividing declarative memory
into explicit and implicit modules, similarity-based
reasoning data could be naturally and succinctly accounted for. Furthermore, Hélie and Sun (2010) showed that this
division accounted well for creative problem solving
(which otherwise would be difﬁcult to account for).

In CLARION, procedural and declarative knowledge
reside separately in procedural and declarative memory
respectively, which are representationally different.
Procedural knowledge (in the ACS) is represented by either
action rules (explicit) or action neural networks (implicit),
both of which are centered on situation-action mappings.
Declarative knowledge (in the NACS), on the other hand, is
represented by either associative rules (explicit) or associative neural networks (implicit), in both of which
associative knowledge is represented in a non-actioncentered way.
As mentioned before, in a similar fashion but orthogonally, implicitness/explicitness is also distinguished based
on representation. Implicit memory can be represented
using connectionist distributed representation (such as in
the hidden layer of a backpropagation network), which is
(relatively speaking) less accessible to cognitive agents
possessing it (Sun, 2002, 1999), whereas explicit memory
can be represented using symbolic/localist representation,
which is relatively more accessible to cognitive agents
possessing it (Kirsh, 1990). Implicit and explicit memory
thus reside in two different modules with different representations. Moreover, in this way, the two dichotomies are
completely separate from each other: That is, there are both
implicit and explicit procedural (action-centered) memory,
and both implicit and explicit declarative (non-actioncentered) memory.
This four-way division is functional in accordance with
the ecological-functional perspective, because of (1) the
division of labor between explicit and implicit memory
(while one is for storing explicit information that is more
crisp, the other is for storing implicit information that is
more complex), and (2) the division of labor between
declarative and procedural memory (while one is for
storing general information, the other is for storing information oriented speciﬁcally towards action decision
making). The divisions of labor led to both the separation
and the interaction of these different types of knowledge.
The separation ensures that different types of information
may be found separately and thus relatively easily, while
the interaction among different types of memory helps to
bring together different types of information when needed
(Klein et al., 2002; Sun & Zhang, 2004, 2007; Sun et al.,
2009), to ensure better performance and even “synergy”
as mentioned before and as will be discussed later (see
Sections 3.2.1 and 3.2.2; see also Sun et al., 2001, 2005).
Furthermore, the separation allows different memories to
work on different tasks possibly simultaneously and thus
enhances the overall functionality. Thus, the four-way
division is in keeping with the ecological-functional
considerations.
The orthogonality of the distinction between procedural
and declarative memory and the distinction between
implicit and explicit memory will be further argued for
next, along with the issue of semantic versus episodic
memory.
3.1.3. Evidence in support of hypothesis III
I now turn to the distinction between episodic and
semantic memory within the NACS of CLARION, and its
orthogonality with the implicit–explicit distinction.

Author's personal copy
R. Sun / New Ideas in Psychology 30 (2012) 227–240

First of all, we look into the distinction between episodic
and semantic memory. Quillian (1968) originally proposed
the idea of semantic memory for the sake of storing and
organizing information for semantic processing (including
information about word meanings and information about
the world in general). However, this notion has been
generalized to include all general knowledge that is not
directly related to speciﬁc experiences (that is, not episodic
in nature) and not action-centered (i.e., not procedural).
Tulving (1972, 1983), for example, expounded on the
difference between semantic and episodic memory. See
Norman, Detre, and Polyn (2008) and Rogers (2008) for
various models of semantic and episodic memory
respectively.
In line with the ecological-functional perspective (Sun,
2002), Klein et al. (2002) pointed out that “episodic and
semantic memory systems evolved to solve many different
problems and that they are accessed by many different
kinds of decision rules”. However, whereas some tasks may
require information from episodic memory alone or from
semantic memory alone, other tasks may require information from both memory systems (Klein et al., 2002).
Dissociations between memory systems may not be absolute; one may ﬁnd independence for some tasks and joint
activation for others. The extent to which one ﬁnds functional independence between memory systems may reﬂect
the informational requirements of the activities that the
cognitive agent engages in. The division of episodic and
semantic memory can thus be functional.
To establish the orthogonality of the implicit-explicit
distinction and the semantic-episodic distinction, ﬁrst,
the distinction between implicit and explicit semantic
memory needs to be argued. On the one hand, explicit
semantic memory is well established. Ever since the days of
Quillian (1968), semantic memory has been portrayed as
largely explicit and conceptual, consisting of explicit
concepts and conceptual relations among them. Collins and
Loftus (1975), for instance, advocated such a view. On the
other hand, implicit semantic memory may require some
explanations. What distinguishes implicit semantic
memory from explicit semantic memory is that implicit
semantic memory involves implicit connections among
memory contents (whereby the existence of these
connections is outside of conscious awareness). One notion
that is important for implicit semantic memory is priming.
As deﬁned by Tulving (1985), priming is a mechanism
designed to facilitate the identiﬁcation of the same or
similar object(s) on a subsequent occasion, in the sense that
the identiﬁcation of the object(s) requires less stimulus
information or occurs more quickly than it does in the
absence of priming (Nelson, McKinney, Gee, & Janczura,
1998). Priming often occurs in the absence of conscious
awarenessdvoluminous data from implicit memory
research point to this interpretation (see, e.g., Roediger,
1990; Schacter, 1987; Toth et al., 1994; and so on).
Furthermore, Tulving and Schacter (1990) suggested that
conceptual priming (including conceptual priming without
conscious awareness) involved semantic memory, hence
indicating the possibility of implicit semantic memory. It is
reasonable to assume that the implicit semantic memory is
separate from its explicit counterpart, on the basis of many
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dissociations between explicit and implicit memory tests
(that is, the fact that certain priming affects certain implicit
tests but not explicit tests). Such dissociations (especially
the “reversed dissociations” discussed in the literature)
suggest the possibility of separate implicit and explicit
semantic memory systems (Dunn & Kirsner, 1988). See also
other arguments earlier regarding the separation of
implicit and explicit memory. There have certainly been
debates regarding whether dissociations point to different
processes or difference systems (see, e.g., Hintzman, 1990;
Schacter, Wagner, & Buckner, 1998). However, as pointed
out by Hintzman (1990), “once the model has been spelled
out, it makes little difference whether its components are
called systems, modules, processes, or something else; the
explanatory burden is carried by the nature of the proposed
mechanisms and their interactions, not by what they are
called” (p. 121).
Note that in Schacter’s (1987) scheme, there were
multiple co-existing implicit memory systems, some of
which were declarative and semantic according to the
CLARION framework. As added support for this view, Sun
and Zhang (2007) showed how the division of implicit
and explicit semantic memory might account for categorical inferences where similarity-based processes played
a signiﬁcant role; Hélie and Sun (2010) showed in detail
how the division of implicit and explicit semantic memory
might explain the processes of creative problem solving.
Second, to establish the orthogonality of the explicitimplicit distinction and the episodic-semantic distinction,
the distinction between implicit and explicit episodic
memory also needs to be addressed. Explicit episodic
memory is, relatively speaking, well established (Tulving,
1983). It stores information concerning prior experiences
in an explicit and individuated form. It includes spatial and
temporal information about events and activities. It
constitutes an explicit personal memory (or “self-referential
memory”; Tulving 1983). On the other hand, implicit
episodic memory may be used for keeping statistics
extracted from actual experiences stored in explicit episodic
memory (e.g., Hasher & Zacks, 1979). It is a derived memory
system in the sense deﬁned by Klein et al. (2002), which is
formed through transforming available information in
a way that enables rapid supply of needed information in
appropriate circumstances and reduces or even eliminates
further processing, so that rapid decision making is made
possible. Some may argue that implicit episodic memory
should be categorized as a semantic memory, but such
a debate would not be very meaningful as it would merely
be about a label. For example, what was termed “semantic
trait memory” by Klein et al. (2002) is an implicit episodic
memory according to the CLARION framework. In general,
implicit episodic memory in CLARION can be understood in
this light.
In line with the ecological-functional perspective,
according to Klein et al. (2002), derived memory is formed
on the basis of (a) predictabilitydit should lead to
successful anticipation of likely future use of information,
(b) importancedthe cost of derived memory should be
justiﬁed by the value of the prediction, (c) urgencydthe
information may need to be accessed in a rapid fashion, (d)
economydthe number of judgments supported by the
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derived memory should be large enough compared with
the size of the memory (Klein et al., 2002; Schneider, 1993).
Pre-stored summaries in implicit episodic memory reduce
on-line computation and therefore speed up retrieval, but
they require additional representational structures and
extra storage. Memory systems may have evolved to
address such tradeoffs. The division of implicit and explicit
episodic memory is functional in this sense.
3.2. Accounting for memory-related cognitive phenomena
Below I show how the framework of, as well as the
perspective embodied by, the CLARION cognitive architecture enables us to account for a number of interesting
memory phenomena qualitatively (i.e., conceptually).
3.2.1. Accounting for synergy between implicit and explicit
procedural memory
The CLARION framework predicts that there may be
a synergy between implicit and explicit procedural
(action-centered) memory, resulting from their interaction
in learning and in action decision making (see Sun et al.,
2005 for details). From an ecological-functional perspective, there is no surprise that the interaction of these two
memory systems may be synergistic. We naturally expect
that this division of memory (between implicit and
explicit procedural memory) should be functional and
thus expect some beneﬁts. Judging from the empirical
literature, such a synergy may show up, under right
circumstances, by speeding up skill learning, improving
learned skill performance, and facilitating transfer of
learned skills.
There is some empirical evidence in support of this
prediction (Sun et al., 2005). In terms of speeding up
learning, Willingham et al. (1989) found that those participants in serial reaction time tasks who acquired more
explicit knowledge (in explicit procedural memory)
appeared to learn faster. It appeared that their explicit
procedural memory supplemented their implicit procedural memory. Stanley et al. (1989) reported that, in
a process control task, participants’ learning improved if
they were asked to generate verbal instructions for other
participants during learning. That is, a participant was able
to speed up his/her own learning through an explication
process that generated explicit procedural knowledge (in
explicit procedural memory; in addition to implicit procedural knowledge in implicit procedural memory). Sun et al.
(2001) showed a similar effect of verbalization in a mineﬁeld navigation task, and Reber and Allen (1978) in an
artiﬁcial grammar learning task. Mathews et al. (1989)
showed that a better performance could be attained if
a proper mix of implicit and explicit learning was used (in
their case, through an experimental condition in which ﬁrst
implicit learning and later explicit learning was
encouraged).
In addition, in terms of learned skill performance,
Stanley et al. (1989) found that participants who verbalized
while performing process control tasks were able to attain
a higher level of performance than those who did not
verbalize, likely because the requirement that they
verbalized their knowledge prompted the formation and

utilization of explicit knowledge (from explicit procedural
memory), which supplemented their implicit knowledge
(from implicit procedural memory). Sun et al. (2001) also
showed that verbalizing participants were able to attain
a higher level of performance in a mineﬁeld navigation
task. Squire and Frambach (1990) reported that, initially,
amnesic and normal subjects performed comparably in
a process control task and equally lacked explicit knowledge. However, with more training, normals achieved
better performance than amnesics and also better scores on
explicit knowledge measures, which pointed to the possibility that it was because normal subjects were able to learn
better explicit knowledge (in explicit procedural memory)
that they achieved better performance. Consistent with this
interpretation, Estes (1986) suggested that implicit
learning alone could not lead to optimal levels of performance. Even in high-level skill acquisition domains, similar
effects were observed. Gick and Holyoak (1980) found that
good problem solvers could better state explicit rules that
described their actions in problem solving. Bower and King
(1967) showed that verbalization improved performance in
classiﬁcation rule learning. Gagne and Smith (1962)
showed the same effect of verbalization in learning to
solve Tower of Hanoi.
In terms of facilitating transfer of learned skills,
Willingham et al. (1989) showed some suggestive evidence
that explicit procedural knowledge facilitated transfer of
learned skills. They reported that (1) participants who
acquired explicit knowledge (in explicit procedural
memory) in a training task tended to have faster response
times in a transfer task; (2) these participants were also
more likely to acquire explicit knowledge in the transfer
task; and (3) these participants who acquired explicit
knowledge responded more slowly when the transfer task
was unrelated to the training task (suggesting that the
explicit knowledge of the previous task might have interfered with the performance of the transfer task). Sun et al.
(2001) showed similar effects. In high-level domains,
Ahlum-Heath and DiVesta (1986) found that the participants who were required to verbalize while solving Tower
of Hanoi performed better on a transfer task after training
than the participants who were not required to verbalize.
Synergy effects are of course dependent on contexts,
and not universal (Sun, 2002). Under some circumstances,
explicit processes might even hurt performance. Even so, it
should be recognized that explicit processes based on
explicit procedural memory play important cognitive
functions as discussed above. Explicit processes also serve
additional functions, such as facilitating verbal communication, or acting as gatekeepers (e.g., enabling conscious
veto, as suggested by Libet, 1985).
It has been amply demonstrated (see, e.g., Sun et al.,
2005, 2007) that CLARION can account for the synergy
effects described above, through the interaction between
implicit and explicit procedural memory. The synergy
effects may be discerned, in various tasks, through
comparing learning conditions, such as comparing the
verbalization condition and the non-verbalization condition (whereby the verbalization condition encourages
explicit processes), or comparing the dual-task condition
and the single-task condition (whereby the dual-task

Author's personal copy
R. Sun / New Ideas in Psychology 30 (2012) 227–240

condition discourages explicit processes; see detailed
justiﬁcations in Sun et al., 2005).
3.2.2. Accounting for synergy between implicit and explicit
declarative memory
Similar to the synergy effects between implicit and
explicit procedural (action-centered) memory, the CLARION
framework predicts that there are also synergy effects
between implicit and explicit declarative (non-actioncentered) memory. Such synergy effects are expected from
an ecological-functional perspective: Like other divisions of
memory, this division should be functional also.
Let us examine some experiments with artiﬁcial
grammar learning (Reber, 1989). Recall that in process
control experiments, synergistic results were found
between implicit and explicit procedural memory during
task performance (see the previous subsection and also
Sun et al., 2005). Domangue, Mathews, Sun, Roussel, and
Guidry (2004) investigated the effects of similar training
variables in artiﬁcial grammar learning, examining these
effects in situations involving implicit and explicit
declarative (as opposed to procedural) memory. The
series of experiments in Domangue et al. (2004) (also
Sun & Mathews, 2005) examined implicit training
(encouraging implicit processes), explicit training
(encouraging explicit processes), mixing training across
sessions, as well as integrated training providing simultaneous experience with exemplars (encouraging implicit
processes) and the grammar (encouraging explicit
processes).
The results followed the pattern that encouraging
explicit processing generally led to slower but more accurate responses on the cued-generate test. Encouraging
implicit processing led to faster responses but with lower
accuracy. In contrast, the integrated training achieved
a proper balance: having higher accuracy than implicit
training, and higher speed than explicit training. One
reasonable interpretation within the CLARION framework
is that explicit training in this particular context led to the
encoding of more grammatical knowledge in the form of
explicit rules in explicit declarative memory, while implicit
training led to the encoding of more implicit associative
mappings in implicit declarative memory. This was because
neither implicit nor explicit knowledge in this task was
action-centereddthey likely resided in declarative
memory (explicit or implicit). Often, both kinds of learning
occurred, and the differences among different training
conditions lay in the proportions of, and the interactions
between, the two kinds.
The experimental results above were simulated using
CLARION, based on the interpretation stated above. The
simulation correspondingly demonstrated the synergy
effect of the integrated training, which achieved higher
accuracy than implicit training and higher speed than
explicit training. See Sun and Mathews (2005) for details.
There is also other corroborating evidence pointing to
the synergy between implicit and explicit declarative
memory. For example, Berry (1983) showed in a reasoning
task that verbalization during learning improved transfer
performance. The result appeared to indicate the synergy
between implicit and explicit declarative memory (as well
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as between implicit and explicit reasoning on their basis).
Nokes and Ohlsson (2001) showed related results as well.
This phenomenon may also be related, to some extent, to
the self-explanation effect reported in the literature (e.g.,
Chi, Bassok, Lewis, Reimann, & Glaser, 1989): Participants
who explained examples in physics textbooks more
completely did better in solving new problems. There are
also indications of positive effects of interaction (i.e.,
synergy effects) in alphabetic arithmetic tasks, categorical
inference tasks, and so on. In all these cases, it could be the
use of explicit declarative knowledge (explicit declarative
memory), in addition to the use of implicit declarative
knowledge (implicit declarative memory), that helped the
performance. CLARION has been used to capture data and
phenomena in some of these tasks as well (see, e.g., Sun &
Zhang, 2007; Sun, Zhang, & Mathews, 2009).
In addition, similarity-based reasoning can be naturally
carried out through the interaction of implicit and explicit
declarative memory. The interaction of the two kinds of
memory within the NACS of CLARION is so structured that
the activation ﬂows (from one to the other and then back)
account for important kinds of similarity-based processes
in human everyday reasoning (see Sun, 1994, 2003 for
details). Furthermore, the combination of such similaritybased reasoning and rule-based reasoning (carried out
with implicit and explicit declarative memory) may capture
and explain a wide range of common human everyday
reasoning patterns (as shown by Sun, 1994 and Sun &
Zhang, 2007). Thus, the separation and the interaction of
these two kinds of memory are highly functional.
In sum, there is evidence that the division between
implicit and explicit declarative memory is functional in an
ecological-functional sense (e.g., the synergy effects), and
CLARION was able to capture and explain the effects of this
division.
3.3. A critique of alternative views
There have been other integrated cognitive models
(including cognitive architectures) that contain multiple
memory systems, and they address the relations and
interactions among memory systems (modules). For
example, Anderson’s cognitive architectures, ACT* and
ACT-R (Anderson, 1983; Anderson & Lebiere, 1998), belong
to this category.
ACT* consists of a production (rule-based) system and
a semantic network. The semantic network represents
declarative memory, and the production system represents
procedural memory. The distinction between short-term
and long-term memory is reduced to activation traces as
short-term memory and established nodes and links as
long-term memory. The distinction of semantic and
episodic memory is not dealt with. As mentioned before, in
Anderson (1983), declarative knowledge is assumed to be
explicit: Subjects can manipulate and report on such
knowledge. Procedural knowledge is not: It leads to actions
without much accessibility. In ACT-R (as described by
Anderson & Lebiere, 1998), each individual piece of
knowledge involves both subsymbolic and symbolic
representations. One interpretation is that the symbolic
representation is explicit while the subsymbolic
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representation is implicit (for declarative knowledge, or for
both declarative and procedural knowledge).
As discussed before, the ﬁrst view above unnecessarily
confounds two aspects: action-centeredness and accessibility. This is because action-centeredness does not necessarily go with implicitness, and non-action-centeredness
does not necessarily go with explicitness (as discussed
earlier). The alternative view that each individual piece of
knowledge involves both implicit and explicit representations is also problematic, because this claim contradicts the
phenomenon that some knowledge may be completely
implicit (as discussed earlier). In contrast, CLARION is based
on the separation of the two dichotomies, as there are both
implicit and explicit procedural memory, and both implicit
and explicit declarative memory (see the detailed arguments earlier). In addition, in CLARION, while activations of
rules and chunks may be viewed as short-term memory,
there is also a dedicated working memory for the sake of
facilitating action decision making (see explanations and
justiﬁcations before; see Sun, 2003 for details).
There have also been some models combining implicit
and explicit processes. For example, Cleeremans (1994)
used a simple buffer network to capture the effect of
explicit knowledge, along with a simple recurrent network
for capturing implicit knowledge. However, in more
complex tasks, the buffer network, as is, may be inadequate
for capturing explicit knowledge used in performing these
tasks (e.g., see Sun et al., 2001). Furthermore, in more
complex tasks, implicit and explicit knowledge may have
more complex interactions. While CLARION can accommodate more complex interactions, Cleeremans’ model
may not. The same may be said about Erickson and
Kruschke’s (1998) model. Notably, beside CLARION, there
is thus far no other model that is full compatible with the
review of empirical evidence given earlier.
4. General discussion
In the preceding sections, I have examined a large body
of empirical literature, and compared the memory systems
of CLARION to that literature. The general conclusion was
that there was substantial empirical support for the
CLARION framework. However, it is rarely the case that
empirical evidence points unambiguously to a theory (or
model). It depends on many other factors (for detailed
discussions, see Sun, 2009). The ability to model empirical
phenomena (qualitatively or quantitatively) by a theory/
model is a necessary, but not sufﬁcient, condition for
validity.
In addition to what has been discussed so far, various
simulations have been carried out that provide support for
the CLARION framework. For example, for validating the
distinction between implicit and explicit procedural
memory, serial reaction time tasks, process control tasks,
alphabetic arithmetic tasks, a complex mineﬁeld navigation task, Tower of Hanoi, and other tasks have been
simulated within CLARION. For validating the distinction
between implicit and explicit declarative memory, categorical inference tasks, incubation tasks, insight problem
solving tasks, artiﬁcial grammar learning tasks, similaritybased reasoning, and so on have been simulated. Some of

the tasks also pointed to the orthogonality of the two
dichotomies (implicit versus explicit and procedural versus
declarative). These studies have been reported in various
previous publications (e.g., Hélie & Sun, 2010; Sun et al.,
2001, 2005; Sun & Zhang, 2004, 2007; Sun, Zhang,
Slusarz, & Mathews, 2007; Sun et al., 2009), and therefore
will not be repeated here. Note that, instead of choosing
typical “memory tasks”, we chose to use more general
psychological tasks in our simulation of the effects of
different memory systems and their interactions. The
reason was that we chose to focus on how memory ﬁts into
the everyday activities of cognitive agents and the role of
memory in the overall functioning of cognitive agents. This
is our non-memory-centered way of looking at memory.
However, is it possible that alternative frameworks of
memory systems can be developed and argued for based on
empirical and theoretical considerations comparable to
those summarized in this article? It is certainly possible.
There is no a priori reason to believe that alternative
frameworks can be easily dismissed. However, if one looks
at the totality of my arguments on the basis of both theoretical considerations (including those in Sun, 2002, 2004)
and empirical evidence, my proposed framework should be
a strong contender among other possible proposals
regarding the overall organization of memory systems.
There is currently no other framework that is as comprehensive and well-supported empirically by a wide range of
data and simulations (and I am ready to consider any
emerging alternatives when they are sufﬁciently
developed).
In this article, I focus on the overall architecture of
memory systems, not individual aspects of memory or
specialized models of memory. There have been many
specialized memory models proposed (e.g., Erickson &
Kruschke, 1998; Hintzman, 1986; Metcalfe, 1991; see
Norman et al., 2008 and Rogers, 2008 for reviews). It is also
worth noting that our work is a broad-stroke interpretation
of empirical work, and the CLARION framework is not
a strict derivation from existing empirical data. My
approach starts out with an analysis of memory functions
within the context of everyday activities (Sun, 2002, 2004).
The result is a speciﬁcation of the organization of memory.
The framework succeeded in accounting for a range of
empirical phenomena and data. However, it is important to
note that data matching is not a starting point, but a result
of the analysis.
In all, a major motivation driving this work is that there
is the need to address the issue of an overall framework of
memory systems from the standpoint of cognitive architectures. In this article, a synthesis of memory systems
within a cognitive architecture is presented. Although the
cognitive architecture has been described before (in bits
and pieces in psychological and cognitive science journals),
an overview and a synthesis as in the present paper are
very much needed. My framework included implicit
procedural memory, explicit procedural memory, implicit
declarative memory (including implicit semantic and
episodic memory), explicit declarative memory (including
explicit semantic and episodic memory), as well as auxiliary memory modules. It constituted a set of hypotheses
from the perspective of a cognitive architecture. CLARION
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shows clearly how they ﬁt together in a mechanistic,
process-based way: CLARION reconciles various distinctions to come up with an overall architecture of the mind.
In this article, I explored, in detail, how these hypotheses
might be validated through examining the empirical literature on memory and beyond. Furthermore, some preliminary evaluation of the hypotheses was conducted through
computational simulations of a variety of quantitative data
based on the CLARION cognitive architecture. Results of
both qualitative and quantitative data matching point to
the promise of the proposed framework. Generally I
stressed the need for an examination of memory systems
from a broad, non-memory-centered perspective.
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