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Abstract

This paper presents a skill learning model CLARION. Different from existing models of mostly
high-level skill learning that use a top-down approach (that is, turning declarative knowledge into
procedural knowledge through practice), we adopt a bottom-up approach toward low-level skill
learning, where procedural knowledge develops first and declarative knowledge develops later. Our
model is formed by integrating connectionist, reinforcement, and symbolic learning methods to
perform on-line reactive learning. It adopts a two-level dual-representation framework (Sun, 1995),
with a combination of localist and distributed representation. We compare the model with human data
in a minefield navigation task, demonstrating some match between the model and human data in
several respects. © 2001 Cognitive Science Society, Inc. All rights reserved.

1. Introduction

The acquisition and use of skill constitute a major portion of human activities. Naturally
the study of skill learning is a major focus of research in cognitive science. The most widely
studied in cognitive science is cognitive skill acquisition (e.g., VanLehn, 1995), which refers
to learning to solve problems in intellectually oriented tasks such as arithmetic, puzzle
solving, elementary geometry, and LISP programming (Anderson, 1982, 1993; VanLehn,
1995; Rosenbloom et al., 1993). However, skills vary in complexity and degree of cognitive
involvement. They range from simple motor movements and other routine tasks in everyday
activities to high-level intellectual skills. Therefore, besides studying highly intellectual
tasks, it is also important to study “lower”-level cognitive skills, which have not received
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sufficient research attention in cognitive modeling. Our goal in this paper is to develop a
computational model of low-level cognitive skill learning, which differs from existing work
markedly.

One type of task that exemplifies what we call low-level cognitive skill is reactive
sequential decision making (Sun et al., 1996). It involves an agent selecting and performing
a sequence of actions to accomplish an objective on the basis of moment-to-moment
information (hence the term “reactive”). An example of this kind of task is the minefield
navigation task developed at The Naval Research Lab (see Gordon et al., 1994). In the task,
an agent is required to navigate through a minefield to reach a target (see Fig. 1). The agent
is provided with only limited sensory information—short-range rudimentary sonar readings
that allow it to see a small section of space in front of it. The agent has to reach the target
in a limited amount of time (see section 3.1 for details). This kind of task setting appears to
tap into real-world skills associated with decision making under conditions of time pressure
and limited information. Thus, the results we obtain will likely be transferable to real-world
skill learning situations. Yet this kind of task is suitable for computational modeling given
the recent development of machine learning techniques (Watkins, 1989; Barto et al., 1996;
Sun et al., 1996; Sun and Peterson, 1997, 1998, 1998b).

Fig. 1. Navigating through mines.
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Another motivation for this work is to model learning that does not require a large amount
of a priori knowledge (in the form of instructions or examples). Most existing models of skill
learning are “top-down” (Sun et al., 1996; Sun and Peterson, 1997, 1998): they generally
assume that individuals learn generic, verbal, declarative knowledge first and then through
practice, turn such knowledge into specific, usable procedural skill (Anderson, 1983, 1993;
Ackerman, 1988). However, when individuals are not provided a sufficient amount of a
priori knowledge relevant to a task, learning may proceed differently. We believe that it is
likely that some skills develop prior to the learning of declarative knowledge, with explicit
declarative knowledge being constructed only after the skill is at least partially developed.
We believe that we can capture this type of “bottom-up” learning in low-level skill domains.

In the remainder of this paper, we will first develop a skill learning model and its detailed
implementation and discuss its rationale (section 2). We will then present some comparisons
between human experiments and computational simulations using the model (section 3).
Discussions will follow, which further elaborate the model and compare it to related work
(section 4). Note that this work develops a broad model that is meant to be generic but can
be tailored to specific tasks. Generality is emphasized rather than extremely fine-grained
modeling. Our results show some support for the model.

2. Developing models

2.1. Background

To justify the model development, we will discuss (1) the distinction between procedural
and declarative knowledge, (2) the on-line nature of skill learning, and (3) the bottom-up
learning that proceeds from procedural to declarative knowledge.

Procedural vs. declarative knowledge.The distinction between procedural knowledge and
declarative knowledge has been made in many theories of learning and cognition (for
example, Anderson, 1976, 1983, 1993; Keil, 1989; Damasio et al., 1994; Sun, 1994). It is
believed that both procedural and declarative knowledge are essential to cognitive agents in
complex environments. Anderson (1983) proposed the distinction based on data from a
variety of skill learning studies ranging from arithmetic to geometric theorem proving, to
account for changes resulting from extensive practice. For Anderson, the initial stage of skill
development is characterized by the acquisition of declarative knowledge (i.e., explicit
knowledge of how to perform the task). During this stage, the learner must attend to this
declarative knowledge in order to successfully perform the task. Through practice, a set of
specific procedures develop that allows aspects of the skill to be performed without using
declarative knowledge. When the skill is proceduralized, it can be performed with almost no
access to declarative knowledge and often even without concurrent conscious awareness of
the specific details involved. Similar distinctions have been made by other researchers based
on different sets of data, in the areas of skill learning, concept formation, and verbal informal
reasoning (e.g., Fitts and Posner, 1967; Keil, 1989; Sun, 1994).

Several other distinctions made by researchers capture a similar difference between
different types of processing. For example, Smolensky (1988) proposed a distinction be-
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tween conceptual (publicly accessible) and subconceptual (inaccessible) processing. In this
framework, the use of declarative knowledge is based on conceptual processing and the use
of procedural knowledge is based on subconceptual processing (and thus inaccessible). The
inaccessibility of procedural knowledge is accepted by most researchers and embodied in
most computational models that capture procedural skills, including Anderson (1983, 1993)
and Rosenbloom et al. (1993). Dreyfus and Dreyfus (1987) proposed the distinction of
analytical and intuitive thinking, and believed that the transition from the former to the latter
is essential to the development of complex cognitive skills (on the basis of phenomenological
analyses of chess playing at different stages of learning chess). This transition is very similar
to the declarative-to-procedural transition as advocated by Anderson (1983, 1993), although
they are not exactly identical. In addition, the distinction between conscious and unconscious
processing (cf. James, 1890; Reber, 1989; Lewicki et al., 1992) fits this framework in that
declarative knowledge is potentially accessible to consciousness whereas procedural knowl-
edge is not. Taken together, the distinction between declarative knowledge and procedural
skills is well supported in many ways.

Procedural knowledge can be highly efficient once it has been developed and can work
independently without involving declarative knowledge in many cases (e.g., Anderson, 1982,
1983, 1993; Dreyfus and Dreyfus, 1987). However, declarative knowledge is also advanta-
geous in many situations: Declarative knowledge can speed up the learning process when
constructed on-line during skill learning (Mathews et al., 1989; Sun et al., 1996), declarative
knowledge can facilitate the transfer of skills (Willingham et al., 1989; Sun and Peterson,
1997, 1998, 1998b) by speeding up learning in new settings, and declarative knowledge can
help in the communication of knowledge and skills to others.

On-line learning.As demonstrated by Dominowski (1972), Dominowski and Wetherick
(1976), Medin et al. (1987), Nosofsky et al. (1994) and others, human learning, is often
gradual, on-going, and concurrent (with task performance). Although their data and theories
are mostly concerned with concept learning, the point applies equally well to skill learning.
This view has been implemented in existing top-down learning models such as Anderson
(1982, 1983) and Rosenbloom et al. (1993). Thus, our attempts at modeling skill learning
must also be able to capture this feature. To allow an individual to learncontinuouslyfrom
on-going experience in the world, both procedural and declarative knowledge should be
acquired in a gradual, on-going and concurrent way.

Bottom-up learning.As mentioned earlier, most of the work in skill learning that makes
the declarative/procedural distinction assumes a top-down approach; that is, learners first
acquire a great deal of explicit declarative knowledge in a domain and then through practice,
turn this knowledge into a procedural form (“proceduralization”), which leads to skilled
performance. In Anderson (1982), proceduralization is accomplished by converting explicit
declarative knowledge from instructions into production rules, which are subsequently
refined through practice. In Anderson (1993), this is accomplished by maintaining explicit
memory of instances, which are utilized in performance through analogical processes, and by
creating production rules from these instances after repeated use. In Rosenbloom et al.
(1993), the equivalent of proceduralization is accomplished through “chunking” (i.e., com-
bining production rules; see section 4.3 for details). In Jones and VanLehn (1994), proce-
dural skills are developed through modifying conditions of a priori given rules based on
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statistical information collected during practice (whereby no procedural/declarative distinc-
tion is made; see also Drescher, 1989). These models have been applied to a range of
domains, for example, in skill learning of theorem proving, text editing, LISP programming,
arithmetic, and many other tasks. However, these models were not developed to account for
skill learning in the absence of, or independent from, preexisting explicit domain knowledge.

Several lines of research demonstrate that individuals may learn to perform complex skills
without first obtaining a large amount of explicit declarative knowledge (e.g., Berry and
Broadbent, 1988; Stanley et al., 1989; Lewicki et al., 1992; Willingham et al., 1989; Reber,
1989; Karmiloff-Smith, 1986; Schacter, 1987; Schraagen, 1993; Posner et al., 1997). In
research onimplicit learning, Berry and Broadbent (1988), Willingham et al. (1989), and
Reber (1989) expressly demonstrate adissociationbetween explicit knowledge and skilled
performance, in a variety of tasks including dynamic control tasks (Berry and Broadbent,
1988), artificial grammar learning tasks (Reber, 1989), and serial reaction tasks (Willingham
et al., 1989). Berry and Broadbent (1984) argue that the psychological data in dynamic
control tasks are not consistent with exclusively top-down learning models, because subjects
can learn to perform the task without being provided a priori declarative knowledge and
without being able to verbalize the rules they use to perform the task. This indicates that
procedural skills are not necessarily accompanied by explicit declarative knowledge, which
would not be the case if top-down learning is the only way to acquire skill. Nissen and
Bullemer (1987) and Willingham et al. (1989) similarly demonstrate that procedural knowl-
edge is notalwayspreceded by declarative knowledge in human learning, and show that
declarative and procedural learning are not necessarily correlated. There are even indications
that explicit knowledge may arise from procedural skills in some circumstances (Stanley et
al., 1989). Using a dynamic control task, Stanley et al. (1989) finds that the development of
declarative knowledge paralleled but lagged behind the development of procedural knowl-
edge.1 Reber and Lewis (1977) makes a similar observation. Even in high-levelcognitive
skill acquisition(VanLehn, 1995), Schraagen (1993) reports that learning in the domain of
designing psychological experiments often involves generalizing specific knowledge to form
generic schemas/rules (which is, in a sense, bottom-up) in addition to specializing general
knowledge to specific knowledge. Rabinowitz and Goldberg (1995) shows that there can be
parallel learning at the declarative and procedural levels, separately.

Similar claims concerning the development of procedural knowledge prior to the devel-
opment of declarative knowledge have surfaced in a number of research areas outside the
skill learning literature and provide additional support for the bottom-up approach.Implicit
memoryresearch (e.g., Schacter, 1987) demonstrates a dissociation between explicit and
implicit knowledge/memories in that an individual’s performance can improve by virtue of
implicit “retrieval” from memory and the individual can be unaware of the process. This is
not amenable to the exclusively top-down approach.Instrumental conditioningalso reflects
a learning process that is not entirely consistent with the top-down approach, because the
process can be non-verbal and non-explicit (without awareness; William, 1977) and lead to
forming action sequences without a priori explicit knowledge.2 It should be pointed out that
conditioning may be applied to simple organisms as well as humans (Thorndike, 1927;
Wasserman et al., 1993; Gluck and Bower, 1988). Indevelopmental psychology, Karmiloff-
Smith (1986) proposes the idea of “representational redescription.” During development,
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low-level implicit representations are transformed into more abstract and explicit represen-
tations and thereby made more accessible. This process is not top-down either, but in the
opposite direction.3

In sum, there are data and theories available that indicate that learning can proceed from
procedural to declarative knowledge (as well as the reverse). Thus, the study of bottom-up
skill learning can be justified on both empirical and theoretical grounds.

2.2. The CLARION model

An outline of the model and its motivations.Reber (1989), based on psychological data,
hypothesized that the primary difference between declarative and procedural knowledge lies
in the form of their representations. Declarative knowledge is represented explicitly and thus
consciously accessible whereas procedural knowledge is represented implicitly and thus
inaccessible (Anderson, 1983; Ackerman, 1988; Reber, 1989; LaDoux, 1992). This view is
incorporated in our model. First of all, in our model, the features of procedural knowledge
can be captured by a “subsymbolic” distributed representation such as that provided by a
backpropagation network (Rumelhart et al., 1986), because representational units in a distributed
representation are capable of accomplishing tasks but are generally uninterpretable and subsym-
bolic (see Sun, 1994).4 (A symbolic representation could be used to represent procedural
knowledge, but this would require an artificial assumption that some symbolic representa-
tions are not accessible while other similar representations are accessible. Such an assump-
tion seems arbitrary and is not intrinsic to the media of representations. See e.g., Cleeremans
(1997) or Sun (1997) for more analyses.)

Procedural representation can be modular; that is, a number of small backpropagation
networks can exist with each adapted to a specific modality, task, or input stimulus type. This
is consistent with the well known modularity claim (Fodor, 1983; Karmiloff-Smith, 1986;
Cosmides and Tooby, 1994), and is also similar to Shallice’s (1972) idea of a multitude of
“action systems” competing with each other.

The learning of procedural knowledge can be captured in a number of different ways. In
the learning setting where correct input/output is provided, straight backpropagation (a
supervised learning algorithm) can be used for each network. Such supervised learning
procedures require the a priori determination of a uniquely correct output for each input. In
the learning setting where there is no input/output mapping externally provided, reinforce-
ment learning (in the AI sense, as developed by Sutton, 1990; Watkins, 1989 and others) can
be used. This is preferred in skill learning, because often there is no uniquely correct action
although feedback is usually available. Using reinforcement learning, we can measure the
goodness of an action through a payoff/reinforcement signal, ranging from, say, 1 to21 (with 1
being extremely good and21 being extremely bad and many other possibilities in between). An
adjustment can be made to some weights to increase the chance of selecting the actions that
receive positive reinforcement and to reduce the chance of selecting the actions that receive
negative reinforcement. The process can be based on local weight updating.

In contrast, declarative knowledge can be captured in computational modeling by a
symbolic or localist representation (Clark and Karmiloff-Smith, 1993), in which each unit
has a clear conceptual meaning (i.e., a semantic label). The links connecting such nodes
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consequently have clear meanings also. This captures the property of declarative knowledge
being accessible (through crisp representations in individual nodes) and declarative infer-
ences being performed explicitly (through crisp, articulable links connecting crisp represen-
tations of concepts) (Smolensky, 1988; Sun, 1994).5 Declarative knowledge can be learned
in a variety of ways. This learning is different from the learning of procedural knowledge.
Because of the representational difference, one-shot learning is performed. We mainly learn
through utilizing procedural knowledge acquired in the bottom level and acquire declarative
knowledge on that basis (i.e., the bottom-up learning; Stanley et al., 1989; Reber and Lewis,
1977; Siegler and Stern, 1998). As with procedural knowledge, we dynamically acquire a
representation and modify it as needed, to reflect the dynamic on-going nature of skill
learning tasks.

This hypothesis of the two different learning processes is consistent with some highly
plausible interpretations of relevant findings in the literature (see Sun et al., 1996). Berry and
Broadbent (1988) demonstrated this difference using two dynamic control tasks that differed
only in the degree to which the pattern of correct responding was salient to the subjects.
Results suggested that subjects learned the two tasks in different ways: Subjects in the
non-salient condition learned the task implicitly while subjects in the salient condition
learned the task more explicitly (as measured by tests of resultant explicit declarative
knowledge). Reber (1989) described a similar situation in artificial grammar learning. When
complex hierarchical relations were needed in order to judge grammaticality, subjects tended
to use implicit learning (improving performance but without generating explicit declarative
knowledge). When only pair-wise relations were needed, subjects were more likely to use
explicit learning through inducing an explicit rule. Mathews et al. (1989) essentially dem-
onstrated the same point as well. Although there may be other possible explanations for these
findings, it is plausible that the differences above reflect the contrast between two separate
learning processes.

The differences in representation and learning between declarative and procedural knowl-
edge lead naturally to “two-level” architectures (see Sun and Bookman, 1994; Sun, 1995),
which consist of two main components: the top level encodes explicit declarative knowledge
and the bottom level encodes implicit procedural knowledge (in neural networks as pre-
scribed before). Many existing theories support such a two-level architecture (see Anderson,
1993; Bower, 1996; Reber, 1989; Logan, 1988; Posner and Snyder, 1975; Seger, 1994; Sun,
1995).

The relative contributions of the two levels (in learning or performance) may be manip-
ulated experimentally to some degree. Performance can be affected when an agent is
influenced to engage in more or less explicit processing. For instance, when an individual is
forced to be more explicit, his/her top-level mechanisms may be more engaged and thus the
performance may be enhanced to some extent or unaffected depending on circumstances (the
effect may be similar to that of a deeper level of processing; Craik and Lockhart, 1972; see
also Challis et al., 1986; Stanley et al., 1989; Willingham et al., 1989; Gagne and Smith,
1962; Ahlum-Heath and DiVesta, 1986; Squire and Frambach, 1990; Sun et al., 1996). When
an individual is forced to be overly explicit, his/her top-level mechanisms may be fully
engaged but the bottom-level mechanisms may be hampered because of that (as has been
observed by, e.g., Reber (1989); see section 3 for details) and thus the performance may be
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worsened (Reber, 1989; Schooler et al., 1993; Berry and Broadbent, 1984; see section 3). On
the other hand, when an individual is distracted by a secondary (explicit) task, his/her
top-level mechanisms may be less active in relation to the primary task (i.e., he/she becomes
more implicit, because this manipulation affects explicit processes more than implicit
processes; Stadler, 1995; Nissen and Bullemer, 1987; Szymanski and MacLeod, 1996; see
section 3).

In addition to the two levels, we also include an instance (or episodic) memory which
stores recent experiences in the form of “input, output, result” (i.e., stimulus, response, and
consequence) that are recency-filtered (see section 3.2 for further details of this memory used
in experiments). This memory can also be used for learning.6 This view of separate instance
(episodic) memory and declarative knowledge differs from that of Bower (1996) and
Anderson (1993), in both of which instance (episodic) memory is included as part of
declarative knowledge.

Here is a summary of the basic model hypotheses:

Y Representational difference: The two levels employ two different types of representa-
tions and thus have different degrees of accessibility.

Y Learning difference: Different learning methods are used for the two levels, although
learning is online for both levels.

Y Bottom-up learning: When there is no sufficient a priori knowledge available, the
learning is bottom-up.

Y Separability: The relative contributions of the two levels (in learning or performance)
can be experimentally manipulated and thus studied (by using the dual task or the
verbalization manipulation).

Y A separate instance (episodic) memory.

These hypotheses together form our basic model (Sun et al., 1996; Sun, 1997). See Fig.
2.

The implementation of the model.A high-level algorithm that describes the model CLAR-
ION, which stands forConnectionist Learning with Adaptive Rule Induction ON-line, is as
follows:

1. Observe the current statex.
2. Compute in the bottom level the “value” of each of the possible actions (ai ’s)

associated with the statex: Q( x, a1), Q( x, a2), . . . , Q( x, an).
3. Find out all the possible actions (b1, b2, . . . , bm) at the top level, based on the

perceptual informationx (which goes up from the bottom level) and the existing action
rules in place at the top level.

4. Choose an appropriate actiona stochastically, based on combining the values ofai ’s
(at the bottom level) andbj ’s (which are sent down from the top level).

5. Perform the actiona, and observe the next statey and (possibly) the reinforcementr .
6. Update the bottom level in accordance with theQ-Learning-Backpropagationalgo-

rithm (to be explained later), based on the feedback information.
7. Update the top level using theRule-Construction-Refinementalgorithm (for construct-

ing, refining, and deleting rules, to be explained later).
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8. Go back to Step 1.

In the bottom level, a Q-value is an evaluation of the “quality” of an action in a given state:
Q( x, a) indicates how desirable actiona is in statex. We can choose an action based on
Q-values. At each step, given the inputx, we first compute the Q-values for all the possible
actions (i.e.,Q( x, a) for all a’s). We then use the Q-values to decide probabilistically on an
action to be performed, which is done by a Boltzmann distribution of Q-values:

p~aux! 5
eQ~ x,a!/a

Oi eQ~ x,ai!/a
(1)

Here a controls the degree of randomness (temperature) of the decision-making process.
(This method is also known as Luce’s choice axiom (Watkins, 1989). This method is
cognitively well justified: it is found to match psychological data in a variety of domains.)

The calculation of Q-values for the current input with respect to all the possible actions
is done in a connectionist fashion through parallel spreading activation and is thus highly
efficient. Such spreading of activation is assumed to be implicit as, e.g., in Hunt and Lansman
(1986), Cleeremans and McClelland (1991), and Bower (1996). We use a four-layered
connectionist network (see Fig. 3), in which the first three layers form a (either recurrent or
feedforward) backpropagation network for computing Q-values and the fourth layer (with
only one node) performs stochastic decision making. The network is internally subsymbolic
and uses implicit representation in accordance with our previous considerations of repre-
sentational forms. The output of the third layer (i.e., the output layer of the backpropagation
network) indicates the Q-value of each action (represented by an individual node), and the
node in the fourth layer determines probabilistically the action to be performed based on the
Boltzmann distribution.

Fig. 2. The CLARION architecture.
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To acquire the Q-values, supervised and/or reinforcement learning methods may be
applied (as mentioned earlier). A widely applicable option is theQ-learning algorithm
(Watkins, 1989), a reinforcement learning algorithm. In the algorithm,Q( x, a) estimates the
maximum discounted cumulative reinforcement that the agent will receive from the current
statex on:

max S O
i50

`

gi r iD (2)

Fig. 3. The Q-learning method implemented in a connectionist network. The first three layers constitute a
backpropagation network. The output nodes produce Q-values. The fourth layer performs stochastic decision
making from all the Q-values.
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where g is a discount factor that favors reinforcement received sooner relative to that
received later, andr i is the reinforcement received at stepi (which may be none). The
updating ofQ( x, a) is based on minimizing

r 1 ge~ y! 2 Q~ x, a! (3)

whereg is a discount factor,y is the new state resulting from actiona in statex, ande( y) 5
maxb Q( y, b). Thus, the updating is based on thetemporal differencein evaluating the
current state and the action chosen: In the above formula,Q( x, a) estimates, before action
a is performed, the (discounted) cumulative reinforcement to be received if actiona is
performed, andr 1 ge( y) estimates the (discounted) cumulative reinforcement that the
agent will receive, after actiona is performed; so their difference (the temporal difference in
evaluating an action) enables the learning of Q-values that approximate the (discounted)
cumulative reinforcement. Using Q-learning allows sequential behavior to emerge in an
agent. Through successive updates of the Q-values, the agent can learn to take into account
future steps in longer and longer sequences.7

Applying Q-learning, the training of the connectionist backpropagation network is based
on minimizing the following error at each step:

erri 5 H r 1 ge~ y! 2 Q~ x, a! if ai 5 a
0 otherwise (4)

wherei is the index for an output node representing the actionai. Based on the above error
measures, the backpropagation algorithm is applied to adjust internal weights (which are
randomly initialized before training). (Or, when a correct input/output mapping is available
for a step, backpropagation can be directly applied using the error measure of the desired
output minus the actual output.) This learning process performs both structural credit
assignment (with backpropagation), so that the agent knows which element in a state should
be assigned credit/blame, as well as temporal credit assignment (through temporal difference
updating), so that the agent knows which action in a sequence leads to success or failure. This
learning process (using Q-learning plus backpropagation) enables the development of pro-
cedural skills potentially solely based on the agent independently exploring a particular
world on a continuous and on-going basis (without a priori knowledge).

In the top level (see Fig. 2), declarative knowledge is captured in a simple propositional
rule form. To facilitate correspondence with the bottom level (and to encourage uniformity
and integration; Clark and Karmiloff-Smith, 1993), we chose to use a localist connectionist
model for implementing these rules (e.g., Sun, 1992; Towell and Shavlik, 1993), in accor-
dance with our previous considerations. Basically, we translate the structure of a set of rules
into that of a network. Assume that an input statex is made up of a number of dimensions
(e.g., x1, x2, . . . , xn). Each dimension can have a number of possible values (e.g.,v1,
v2, . . . , vm).8 Rules are in the following form:current-state3 action, where the left-hand
side is a conjunction of individual elements each of which refers to a dimensionxi of the
(sensory) input statex, specifying a value or a value range (i.e.,xi [ [vi, vi] or xi [ [vi1,
vi2]), and the right-hand side is an action recommendationa. (Alternatively, the rules can be
in the forms ofcurrent-state3 action new-stateor current-state action3 new-state.) Each
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element in the left-hand side is represented by an individual node. For each rule, a set of links
are established, each of which connects a node representing an element in the left-hand side
of a rule to the node representing the conclusion in the right-hand side of the rule. If an
element is in a positive form, the link carries a positive weightw; otherwise, it carries a
negative weight2w. Sigmoidal functions are used for node activation (which is an obvious
choice; other functions are also possible):

2

1 1 e2SOi
i,w2tD (5)

The thresholdt of a node is set to ben p w 2 u, wheren is the number of incoming links
(the number of the elements in the condition leading to the conclusion represented by this
node), andu is a parameter, selected along withw to make sure that the node has activation
above 0.9 when all the elements of its condition are satisfied, and has activation below 0.1 when
one or more elements of its condition are not met. Activations above 0.9 are considered 1, and
activations below 0.1 are considered 0. So rules are in fact discretized and thus crisp (binary).9

Among other algorithms that we developed, we devised an algorithm (theRule-Construc-
tion-Refinementalgorithm) for learning declarative knowledge (rules) using information in
the bottom level, to capture a bottom-up learning process. The basic idea of this algorithm
is as follows: If an action decided by the bottom level is successful (i.e., if it satisfies a certain
criterion) then the agent constructs a rule (with its action corresponding to that selected by
the bottom level and with its condition specifying the current sensory state), and adds the rule
to the top-level rule network. Then, in subsequent interactions with the world, the agent
refines the constructed rule by considering the outcome of applying the rule: if the outcome
is successful, the agent may try to generalize the condition of the rule to make it more
universal (“expansion”); if the outcome is not successful, then the condition of the rule
should be made more specific and exclusive of the current state (“shrinking”).10 Specifically,
we do the following forRule-Construction-Refinement:

1. Update the rule statistics (to be explained later).
2. Check the current criterion for rule construction, expansion, and shrinking (to be

detailed later):
2.1. If the result is successful according to the current criterion, and there is no rule

matching that state and that action, then performconstructionof a new rule: state
3 action. Add the constructed rule to the rule network.

2.2. If the result is unsuccessful according to the current criterion, revise all the
matching rules throughshrinking:

2.2.1. Remove the matching rules from the rule network.
2.2.2. Add the revised (shrunk) version of the rules into the rule network.
2.3. If the result is successful according to the current criterion, then generalize the

matching rules throughexpansion:
2.3.1. Remove the matching rules from the rule network.
2.3.2. Add the expanded rules to the rule network.11
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Let us discuss the details of the operations used in the above algorithm (including rule
construction, shrinking, and expansion) and the criteria measuring whether a result is
successful or not (which are used in deciding whether or not to apply some of these
operators). The criteria were mostly determined by aninformation gainmeasure (which
compares the quality of two candidate rules).

To calculate the information gain measure, we do the following. At each step, we examine
the following information: (x, y, r , a), wherex is the state before actiona is performed,y
is the new state after an actiona is performed, andr is the reinforcement received after action
a. Based on that, we update (in Step 1 of the above algorithm) the positive and negative
match counts for each rule condition and each of its minor variations (i.e., the rule condition
plus/minus one possible value in one of the input dimensions), denoted asC, with regard to
the actiona performed: that is,PMa(C) (i.e., Positive Match, which equals the number of
times that an input matches the conditionC, actiona is performed, and the result is positive)
andNMa(C) (i.e., Negative Match, which equals the number of times that an input matches
the conditionC, actiona is performed, and the result is negative). Here, positivity/negativity
is determined by the following inequality: maxb Q( y, b) 2 Q( x, a) 1 r . threshold, which
indicates whether or not the action is reasonably good (Sun and Peterson, 1997, 1998b). Each
statistic is updated with the following formula:stat ;5 stat1 1 (wherestatstands forPM
or NM); at the end of each episode, it is discounted by:stat;5 statp 0.90.12 Based on these
statistics, we calculate the information gain measure; that is,

IG~ A, B! 5 log2

PMa~ A! 1 1

PMa~ A! 1 NMa~ A! 1 2
2 log2

PMa~B! 1 1

PMa~B! 1 NMa~B! 1 2

where A and B are two different conditions that lead to the same actiona. The measure
compares essentially the percentage of positive matches under different conditions A and B
(with the Laplace estimator; Lavrac and Dzeroski, 1994). If A can improve the percentage
to a certain degree over B, then A is considered better than B. In the algorithm, if a rule is
better compared with the match-all rule (i.e., the rule with the condition that matches all
possible input states), then the rule is considered successful (for the purpose of deciding on
expansion or shrinking operations).13

We decide on whether or not to construct a rule based on a simple success criterion which
is fully determined by the current step (x, y, r , a):

Y Construction: if r 1 ge( y) 2 Q( x, a) . threshold, wherea is the action performed
in statex andy is the resulting new state [that is, if the current step is successful],
and if there is no rule that covers this step in the top level, set up a ruleC3 a, where
C specifies the values of all the input dimensions exactly as inx.14

On the other hand, the criterion for applying theexpansionand shrinking operators is
based on the afore-mentioned information gain measure. Expansion amounts to adding an
additional value to one input dimension in the condition of a rule, so that the rule will have
more opportunities of matching inputs, and shrinking amounts to removing one value from
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one input dimension in the condition of a rule, so that it will have less opportunities of
matching inputs. Here are the detailed descriptions of these operators:

Y Expansion: if IG(C, all) . threshold1 and maxC9 IG(C9, C) $ 0, whereC is the
current condition of a matching rule,all refers to the match-all rule (with regard to the
same action specified by the rule), andC9 is a modified condition such thatC9 5 C
plus one value (i.e.,C9 has one more value in one of the input dimensions) [that is, if
the current rule is successful and an expanded condition is potentially better], then
setC0 5 argmaxC9IG(C9, C) as the new (expanded) condition of the rule.15 Reset all
the rule statistics. Any rule covered by the expanded rule will be placed in its children
list.16

Y Shrinking: if IG(C, all) , threshold2 and maxC9 IG(C9, C) . 0, whereC is the
current condition of a matching rule,all refers to the match-all rule (with regard to the
same action specified by the rule), andC9 is a modified condition such thatC9 5 C
minus one value (i.e.,C9 has one less value in one of the input dimensions) [that is,
if the current rule is unsuccessful, but a shrunk condition is better], then setC0 5
argmaxC9 IG(C9, C) as the new (shrunk) condition of the rule.17 Reset all the rule
statistics. Restore those rules in the children list of the original rule that are not covered
by the shrunk rule. If shrinking the condition makes it impossible for a rule to match
any input state, delete the rule.

Note that although the accumulation of statistics is gradual, the acquisition and refinement of
rules is one-shot and all-or-nothing.

In the overall algorithm, Step 4 is for making the final decision on which action to take
at each step by incorporating outcomes from both levels. Specifically, we combine the
corresponding values for an action from the two levels by a weighted sum; that is, if the top
level indicates that actiona has an activation valuev (which should be 0 or 1 as rules are
binary) and the bottom level indicates thata has an activation valueq (the Q-value), then the
final outcome isw1 p v 1 w2 p q. Stochastic decision making with Boltzmann distribution
(based on the weighted sums) is then performed to select an action out of all the possible
actions.w1 andw2 are automatically determined through probability matching (periodically).
To justify this cognitively, as shown by Willingham et al. (1989), generic declarative
knowledge can influence procedural performance in humans. It allows different operational
modes: e.g., relying only on the bottom level, relying only on the top level, or combining the
outcomes from both levels weighing them differently. These operational modes roughly
correspond to the folk psychological notions of the intuitive (reactive) mode, the deliberative
mode, and mixtures of the two.

Fig. 4 shows the two levels of the model. The combination of multiple learning algorithms
in this model is similar to numerous machine learning models/systems that utilize hetero-
geneous learning algorithms and techniques (such as Maclin and Shavlik, 1994; Gelfand et
al., 1989; Sun and Bookman, 1994; Sun and Peterson, 1997, and multi-module approaches
involving combining decision trees, backpropagation networks and other algorithms). How-
ever, in the present work, the justification for such a combination is cognitive, rather than
empirical or mathematical as is the case with most hybrid learning models.
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3. Comparative study

We will present below a comparison between human data and model data. We assessed
the performance of the model against human performance, with respect to several cross-level
manipulations. The comparison provides some support for the model, although the human

Fig. 4. The implementation of CLARION. The top level contains localist encoding of propositional rules. The
bottom level contains backpropagation networks. The information flows are indicated with arrows.
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data do not uniquely support this model. This comparison is the first step toward verifying
and developing this generic model. (We did not verify the learning process at the level of
individual rules or decisions, because of the serious methodological difficulty discussed in
the next section.)

3.1. Experimental methods

We will describe the experiments with human subjects first. In all of the experiments,
subjects were seated in front of a computer monitor that displayed an instrument panel
containing several gauges that provided current information (see Fig. 5). At the bottom of the
screen, the sonar gauges showed how close the mines were at each step, in 7 local areas in
front of the vessel that the subjects were supposed to steer, ranging from 45 degrees to the
left of the vessel to 45 degrees to the right. Right above the sonar gauges, the bearing gauge
showed the direction of the target from the present heading of the vessel. Above and to the
left, the fuel gauge showed how much time was left before fuel ran out. To the right was the
range gauge, which showed the distance to the target. Subjects used a joystick to navigate the
vessel and decided (1) how much to turn and (2) how fast to move. Subjects were given 25
seconds (equivalent to 200 steps), so they were under severe time pressure. The subjects

Fig. 5. The navigation input. The display at the upper left corner is the fuel gauge; the vertical one at the upper
right corner is the range gauge; the round one in the middle is the bearing gauge; the 7 sonar gauges are at the
bottom.
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could either (a) reach the target (a success), (b) hit a mine (a failure), or (c) run out of fuel
(a failure). The following instruction was given to explain the setting:

I. Imagine yourself navigating an underwater submarine that has to go through a minefield
to reach a target location. The readings from the following instruments are available:
(1) Sonar gauges show you how close the mines are to the submarine. This information

is presented in 8 equal areas that range from 45 degrees to your left, to directly in
front of you and then to 45 degrees to your right. Mines are detected by the sonars
and the sonar readings in each of these directions are shown as circles in these boxes.
A circle becomes larger as you approach mines in that direction.

(2) A fuel gauge shows you how much time you have left before you run out fuels.
Obviously, you must reach the target before you run out of fuel to successfully
complete the task.

(3) A bearing gauge shows you the direction of the target from your present direction;
that is, the angle from your current direction of motion to the direction of the target.

(4) A range gauge shows you how far your current location is from the target.
II. At the beginning of each episode you are located on one side of the minefield and the

target is on the other side of the minefield. You task is to navigate through the minefield
to get to the target before you run out of fuel. An episode ends when: (a) you get to the
goal (success); (b) you hit a mine (failure); (c) you run out of fuel (failure).

III. Here is the way to control this submarine. (Experimenter: explain the use of the
joystick.)

The above sparse instruction was necessary to inform subjects about the basic setting
(including the goal of the task). But to encourage bottom-up learning, we avoided providing
detailed information abouthow to accomplish the task. Because of severe time pressure and
the sparseness of the instruction, subjects had to be reactive in decision making. It was
unlikely that subjects had time for instance (episodic) memory retrieval during decision
making. However, subjects might use instance (episodic) memory off-line to continue
learning (e.g., through memory rehearsal and consolidation).

A random mine layout was generated for each episode. Thus subjects were forced to take
into account varying environments and learn only general rules of navigation rather than
rules that were specific to a particular layout. This setting isstochastic: because subjects can
only see a small segment in front, they cannot predict exactly what will turn out (e.g.,
whether there will be a mine in front or not). The setting is alsonon-Markovian: what will
likely turn out may be dependent stochastically on what happened earlier. Five training
conditions were used:

Y The standard training condition. Subjects received five blocks of 20 episodes on each
of five consecutive days (100 episodes per day). In each episode the minefield
contained 60 mines. The subjects were allowed 200 steps to navigate the minefield.

Y The verbalization training condition. This condition was identical to the standard
training condition except that subjects were asked to step through slow replays of
selected episodes and to verbalize what they were thinking during the episode.18 One
group of subjects verbalized for five of the first 20 episodes and five of the last 20
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episodes on the first, third, and fifth days, while another group verbalized on the fifth
day only. They could take as long as they wanted to step through the episodes.

Y The over-verbalization training condition. In this condition subjects were required to
perform verbalization on 15 of the 25 episodes that they received during one session
of training. Replay of an episode occurred immediately after the subject finished the
episode. (The exact episodes replayed varied across subjects. However, this manipu-
lation had no discernible effect and was not used in the analysis.)

Y The dual-task condition. Subjects performed the navigation task while concurrently
performing a category decision task. In the category decision task, subjects were read
a series of exemplars from five semantic categories at the rate of one every three
seconds (on average). One category was designated the target category each day and
subjects had to respond verbally when an exemplar of the category was presented.

Y The transfer conditions. Subjects were trained in 30-mine minefields until they reached
the criterion of 80% success on two consecutive blocks. One group was trained under
the single task condition, while the other under the dual task condition (as described
earlier). Then they were both transferred to the 60 mine fields (without the dual task).

The rationale for the design of these experiments was to manipulate training settings so as
to allow differential emphases on the two levels in human subjects, in order to better understand
the interaction of the two levels in them. The effect of these manipulation can be predicted as
follows: (1) With verbalization, subjects may be forced to be more explicit, and thus their
top-level mechanisms more engaged and their performance enhanced (to some extent, as shown
by Stanley et al., 1989; Willingham et al., 1989). (2) With over-verbalization, subjects were
forced to be overly explicit and their top-level mechanisms may be even more engaged, which
may hamper the bottom level, and thus their performance may be worsened (as demonstrated in
Reber, 1989; Schooler et al., 1993; Berry and Broadbent, 1984).19 (3) When subjects were
distracted by a secondary explicit task in the dual task condition, their top-level mechanisms may
be less available to the primary task (because such a secondary task affects explicit processes
more than implicit processes; see Stadler, 1995; Nissen and Bullemer, 1987; Szymanski and
MacLeod, 1996), which led to worsened performance (Dienes and Fahey, 1995; Nissen and
Bullemer, 1987). (4) When subjects were trained under the dual task condition (even to the same
criterion level as under the standard training condition), their transfer performance will be
worsened (because learning is more implicit under the dual task condition and implicit learning
leads to more limited transfer; see, e.g., Dienes and Berry, 1997).

3.2. Model setup

The CLARION model was specifically tailored to the setting of the above experiments. Our
analysis of the task led us to believe that there were three kinds of learning processes: motor
learning, perceptual learning, and response selection learning (Proctor and Dutta, 1995).
Based on subjects’ verbal comments and the fact that most subjects had played video games
with joysticks extensively, we determined that the motor learning component was negligible.
Thus, we omitted motor learning from the current model. Perceptual learning appeared to
reflect the learning of which gauge to attend to at various stages in the performance of the
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task. Perceptual focusing was treated as part of subjects’ overall decision making
process. In CLARION, this process was carried out at both levels, at the bottom level
through (learned) differential weight settings (i.e., input units that acquired high weights
through learning matter more than those that acquired low weights—the focus was implicit), and
at the top level through (generalized) rule conditions that identified relevant dimensions. Re-
sponse selection learning involved learning to decide what to do at each moment. This was
assumed to be the main part of subjects’ decision making process, which was carried out at the
two levels of CLARION. In this work, we modeled performance on the basis of this decision
making process.20

As input, in CLARION each gauge was represented by a set of nodes that corresponded to
what human subjects would see on screen. In the discrete input case, generally each node
represented one value of a gauge. The number of nodes used to represent each gauge was as
follows: One node was used to for “fuel” (which has two values:a lot anda little), one node
for “range” (which has two values:far andnear), six nodes for “bearing” (which represent
far left, left, straight ahead, right, far right, andright behindrespectively), and five nodes for
each of the seven sonars (each ranging fromvery far to very close). This input setup yielded
a total of 43 primary perceptual inputs. Thus, there were more than 1012 possible input
states.21,22

Also in correspondence to the human experimental setting, the action outputs consisted of two
clusters of nodes (Maguire et al., 1998): one cluster of five nodes represented five different values
of “turn” ( left, slightly left, straight, slightly right, andright), and the other cluster of four nodes
represented four different values of “speed” (very fast, fast, slow, andstandstill).23

Reinforcements for an agent were produced from two sources. One was the gradient
reward, which was proportional to the change in the distance to the target.24 The other was
the end reward, which was determined by how successful the agent was at the end of an
episode. The end reward was 1 if the agent reached the target within the allotted time, and
was inversely proportional to the distance (from the target) if the agent ran out of time or
exploded.25 These reinforcement signals are simple and can be justified cognitively in terms
of the fact that human subjects were aware of the necessity of moving closer to the target,
avoiding explosion, and reaching the target.

Although some have identified serious problems that may result from a non-Markovian
setting and proposed solutions for them (for example, by using a recurrent backpropagation
network that uses hidden layers as memory states; Whitehead and Lin, 1995), we believe that
a feedforward network can work despite the stochasticity and non-Markovianness. The
CLARION model used in the experiments was a simplified version in which one feedforward
backpropagation network was used (without multiple modules and without recurrent con-
nections). Q-learning was used to perform reinforcement learning at the bottom level. In the
top level, rules were in the form of “state3 action.” Seven hidden units were used in the
backpropagation network, the learning ratea was 0.03, the momentum parameter was 0.7,
network weights were randomly initialized between20.01 and 0.01 (thus, Q-values were
randomly initialized as well because they were calculated based on network weights), the
Q-value discount rateg was 0.95, and the randomness parameter for stochastic decision
makingt was set at 0.01. We setthreshold5 0.08,threshold1 5 4.0, andthreshold2 5 1.0.

Since the effect of the dual task was mainly in hampering top-level activities (see e.g.,
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Stadler, 1995; Nissen and Bullemer, 1987; Szymanski and MacLeod, 1996), this effect was
captured in CLARION by increasing rule learning thresholds so that less activities could occur
at the top level. The rule construction thresholdthresholdwas increased to 0.15, and the rule
expansion thresholdthreshold1 to 6.0.26 The effect of (regular) verbalization was posited
(Stanley et al., 1989; Gagne and Smith, 1962; Ahlum-Heath and DiVesta, 1986; Sun et al.,
1996) to stem from heightened explicit (rule learning) activities and to a lesser extent, from
rehearsing previous episodes/instances. Thus for the model, we used reduced rule learning
thresholds (to encourage more rule learning) and also instance memory replay (Sutton,
1990). The rule construction thresholdthreshold was reduced to 0.06, and the rule
expansion thresholdthreshold1 to 2.0. An instance memory of size 200 was used; each
encountered step has a 60% probability of being entered into the memory, with random
replacement; at each step, a randomly selected step from the instance memory was used
for training agents.27 To capture the effect of over-verbalization, it was hypothesized
earlier that too much verbalization caused an agent to engage in overly heightened rule
learning activities (that is, itin effectswitched to a completely explicit mode of learning,
as a result of the over-engagement of the top level; Reber, 1989; Schooler et al., 1993;
Berry and Broadbent, 1984). This hypothesis was adopted in CLARION: To further
encourage more rule learning at the top level, we reduced the rule construction threshold
threshold to 0, the rule expansion thresholdthreshold1 to 1.0, and the rule shrinking
thresholdthreshold2 to 22.0.

The model started out with no more a priori knowledge about the task than a typical
human subject, so that bottom-up learning could be captured. The bottom level contained
randomly initialized weights (within a fixed backpropagation network topology). The top
level started empty and contained no a priori knowledge about the task, either in the form of
instructions (Anderson, 1982) or instances (Anderson, 1993). The interaction of the two
levels was not determined a priori either: there was no fixed weight in combining
outcomes from the two levels (the weights were automatically set based on relative
performance of the two levels on a periodic basis). There was no pre-designed decision-
making hierarchy or other similar structures (cf. the hierarchies of problem spaces in
Rosenbloom et al., 1993, and hierarchies of reinforcement learners in Singh, 1994),
because we considered it unlikely that such hierarchies were built-in in humans and more
likely that they emerged through interacting with the world. The instance memory was
empty at the beginning (alternatively, it might contain some information provided in the
instruction given to the subjects). There was no supervised learning (i.e., no teacher
input). The reinforcement signals were set as described above, which embodied some a
priori notions regarding getting close to the target and avoiding explosion that were also
provided to human subjects through instructions. The learning algorithm with all the
requisite parameters was pre-set, presumably reflecting the learning mechanisms of
humans. We posited that similar parameters in humans might be tuned by a long
evolutionary process that resulted in a near optimal setting. Note that in this set of
experiments, these were not free parameters in the sense that they could not be varied to
match varying human performance across different training conditions. They were fixed
throughout the experimental conditions.28
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3.3. Comparing human and model performance

10 human subjects were compared to 10 model “subjects” in each condition. For model
subjects, we randomly set the seeds for the random number generators used (in initializing
weights and in decision making), analogous to random selection of human subjects. Thus we
did comparisons of two groups of subjects (model vs. human), but not curve fitting in the
usual sense. We obtained performance data for each subject separately. These were divided
into blocks of 20 episodes each.

The effect of the dual task condition on learning.We conjectured that the effect of the
dual-task condition was mainly in interfering with the performance of the top-level explicit
learning in human subjects (section 2), due to the highly explicit nature of the secondary task,
which interfered more with the explicit process than with the implicit process (Stadler, 1995;
Nissen and Bullemer, 1987; Szymanski and MacLeod, 1996). Through this manipulation, we
expected to obtain a slowed-down learning curve (Nissen and Bullemer, 1987; Dienes and
Fahey, 1995) that reflected more the working of the implicit process when compared with the
standard condition. We compared the standard and the dual task condition. In each condition,
we obtained performance data over 500 episodes per subject. The 500 episodes were divided
into 25 blocks of 20 episodes each. Fig. 6 shows the data averaged over the 10 human
subjects and the 10 model subjects, respectively (the averaging minimized the impact of
individual differences and helped to focus on essential features of learning in this task). To
compare human and model performance under single vs. dual task training, 23 2 ANOVA
(human vs. model3 single vs. dual task) was performed (with success rates averaged over
human or model subjects in each condition), which indicated a significant main effect for
single vs. dual task (p , 0.01), but nointeraction between groups and task types, indicating
similar effects of the dual task condition on the learning of human and model subjects. The
single task condition led to significantly better performance than the dual task condition. The
results support the point that the explicit process and declarative knowledge at the top level
help to improve learning.

The effect of the dual task condition on transfer.To further explicate the effect of the dual
task condition, we compared the transfer performance after training with the standard vs. the
dual-task condition. We hypothesized that declarative knowledge obtained could help to

Fig. 6. Single vs. dual task training. The left panel contains averaged human data, and the right averaged model
data.
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improved the transfer of learned skill (as mentioned in section 2). Thus we expected the
dual-task transfer to be worse than single-task transfer. The comparison of the average
CLARION and human curves under these two conditions is shown in Fig. 7. Our analysis
showed that single task transfer was significantly better than dual task transfer. 23 2
ANOVA (human vs. model3 single vs. dual task) revealed a significant main effect of
single vs. dual task (p , 0.05), and nointeraction between groups and task types, indicating
similar effects of the dual task condition on the transfer of human and model subjects. This
comparison supports the point that declarative knowledge obtained at the top level can help
to improve the transfer of learned skill.

The effect of verbalization.Verbalization was expected to improve learning, as observed
by Stanley et al. (1989) in a dynamic control task under a similar verbalization setting, and
also consistent with Willingham et al. (1989), which showed that the subjects verbalized
better performed better too. This is because the verbalization condition, compared with no
verbalization, tends to reflect more of the working of the explicit process in the subjects (a
higher degree of contribution from the top-level process; Ahlum-Heath and DiVesta, 1986;
Squire and Frambach, 1990; Stanley et al., 1989), and can thus lead to an improved learning
curve (Sun et al., 1996; Sun and Peterson, 1998). This effect can be best revealed by
comparing the respective performance of the two groups of verbalization subjects: one
started verbalization on the first day and the other on the fifth day.29 In each group, we
obtained performance data over 500 episodes per subject. The 500 episodes were divided
into 25 blocks of 20 episodes each. Fig. 8 shows the average success rates of the human and
the model subjects for each block. The first four days were used to examine the effects of
verbalization. We averaged success rates across each of these 4 days for each subject, and
subjected the data to a 4 (days)3 2 (human vs. model)3 2 (verbalization vs. no
verbalization) ANOVA. The analysis indicated that both human and model subjects exhib-
ited a significant increase in performance due to verbalization (p , 0.01), butthat the
difference associated with the effects of verbalization for the two groups (human vs. model)
was not significant.

The effect of over-verbalization.A more stark contrast to the standard condition was
obtained under the over-verbalization condition. Compared with the standard condition, in
the over-verbalization condition, virtually all subjects were performing at floor at the end of

Fig. 7. Single vs. dual task transfer. The left panel contains averaged human data, and the right averaged model
data.
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their 25 episodes of training.30 This presumably shows a strong interference by the top level
on the implicit learning at the bottom level in the subjects (section 2): This is because if the
bottom level is working correctly, the learning performance should generally be much better
(see the human performance under the dual-task condition, which presumably reflects mostly
the bottom-level implicit learning performance). In contrast, the explicit learning process in
the subjects cannot learn well such sequential tasks (as, e.g., demonstrated in an extreme case
by Lewicki, 1991);31 thus, the much worsened performance can only be accounted for by the
effect of the overly engaged top-level process. This is consistent with a similar hypothesis by
Stanley et al. (1989), for explaining their findings regarding the difficulty their subjects had
in learning a dynamic control task after being given instructions that encouraged them to be
explicit. Reber (1989) observed similar phenomena in the artificial grammar tasks. Schooler
et al. (1993) also reported that requiring verbalization impaired subjects’ ability to solve
problems that required “insight,” by forcing them to be overly explicit. CLARION captured this
effect through the aforementioned reduction of the rule learning thresholds: as a result of too
much rule learning activities in the top level, the model failed to learn, the same way as
human subjects in this condition.

In addition, we compared the human and model subjects under the standard, the verbal-
ization (starting the first day), and the dual-task condition. They were highly similar. The
model data were within the standard error of the human data. Two corresponding sets of data
in each condition were both best fit by power functions. A Pearson product moment
correlation coefficient was calculated for each pair, which yielded high positive correlations
(r ranged from .82 to .91), indicating a high degree of similarity between human and model
subjects in how practice influenced human and model performance in each condition.

In sum, through these manipulations, we experimentally tested the model, especially in
terms of the relative contributions of the two levels. Given that it is impossible to completely
separate the respective effects of the two levels in human experiments, the above compar-
isons of the human and model performance serve to illustrate the effects of the two levels in
an indirect way, and thus verify the model indirectly.

Fig. 8. Verbalization vs. no verbalization. The left panel contains averaged human data, and the right averaged
model data.
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3.4. Verbalization indicating bottom-up learning

The verbalization data we collected from the subjects (under the verbalization training
condition) were consistent, in an informal sense, with our assumption of bottom-up learning
being prominent in this task setting, as exemplified by the following segments.

S: I thought about it after I started doing it. I said, look at me . . .look what I’m doing.
I didn’t start thinking about it until I started doing it. I figured out that it started
helping me and that’s when I started doing it myself. (subj.38)

The subject at first performed the task on an “instinctual” basis, without conscious awareness
of any particular rules or strategies. Gradually, through “doing it” and then looking at the
results, the subject was able to figure out the action rules explicitly. The segment suggested
implicit procedural learning at the bottom level and the gradual explication of implicitly
learned knowledge.

S: When I started off . . . I didn’t understand at all . . . I couldn’t grasp the whole sonar
concept at all. (subj.38)

S: So, basically what I do—not thinking about driving a submarine or mine. (subj.38)

This is an instance of bottom-level implicit decision making: Having a conceptual (explicit)
understanding of sonars, submarine, or mines seemed unnecessary to performing the task.

S: When you get in a situation like this, where there are gaps, it’s purely instinctual.
(subj.37)

S: That’s pretty much I’ve done the whole game [being instinctual], with the exception
of a couple of patterns I’ve started to recognize. (subj.37)

This segment is a confirmation of the earlier point: Learning and decision making were
mainly done implicitly at the bottom level (at the beginning). There also existed the gradual
shift from implicit to explicit learning and decision making.

S: Straight . . . going straight . . . I veer left . . . straight . . . straight . . . veer left again-
. . . veer to the opening . . . [There were 5 pages of this, on the 1st day] (subj.jc)

This particular subject seemed unable to utter anything but action statements. This seemed
to be an indication of the lack of conceptual (explicit) thinking in performing this task, and
thus the dominance of bottom-level implicit decision making.

S: I moved back and forth—I didn’t understand what to do. I was really confused.. . . I
do not know what I did here. (subj.s3)

E: But it looks like you learned a crucial way, which you showed over here.

Although the experimenter noticed that the subject learned in “a crucial way,” the subject had
no explicit knowledge of it. This indicated the separation of the two levels (as in CLARION)
and the significant role of bottom-level learning.

In sum, the verbalization by the subjects suggested that some degree of bottom-level
(implicit) learning/decision making and gradual bottom-up learning existed. Performance is
often determined by implicit procedural learning, which cannot be easily verbalized, while
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verbalized explicit knowledge is often nonspecific and has relatively minor impact during
learning. This is the kind of learning CLARION was meant to capture.

3.5. Further analysis

Matching model and human trajectories.We noticed that human and model trajectories
were similar in many ways. First, some mine layouts were easier than others, for both human
subjects and the model. Both groups exhibited the same pattern—that is, easy layouts were
easy for both and hard ones were hard for both. This indicated, to some extent, that
performance of CLARION and human subjects was the result of similar processes. Second,
both groups preferred a straight path (in the direction of the goal) before entering the
minefield and after exiting—indicating again a similar approach. Third, both human subjects
and the model seldom reverse course. Once an initial trajectory was launched into the
minefield, they continued forward32 until blown up or time ran out. There was a similar bias
in both groups.

Matching rule learning with human data.We thus far could not verify in sufficient detail
the rule construction and refinement process of the model with that of human subjects in the
navigation domain. This is due to the lack of methodologies accurate enough for the type of
low-level skill task that we deal with. Although approaches exist for protocol analysis in
high-level cognitive skill domains, they are not applicable to our domain, because in
low-level domains (such as navigation), more implicit learning is involved and it is much
more difficult to verbalize given the subtle instrumental readings and the minutely different
actions (which are not very symbolic; see Chan, 1992; Dienes and Berry, 1997 for discus-
sions of this issue). During verbalization, a great deal of re-wording took place in most
subjects that transformed a detailed, partially implicit, instrument-based decision process to
a higher-level coarse-grained explanation in natural language terms, which shed very little
light on actual declarative knowledge. Verbalization is an interpretive process that involves
inference, transformation, and intrusion of implicit knowledge (Nisbett and Wilson, 1977).
Such verbalization does not reveal, in clear enough terms, the distinction between declarative
knowledge andpost hocrestatement of procedural knowledge (in accordance with our
notions of declarative and procedural knowledge; section 2.2). Without such a distinction,
little analysis can be performed to verify declarative knowledge.33 In addition, although
declarative knowledge is accessible, some part of it may not be accessed during verbaliza-
tion, due to a variety of factors. In sum, we need better methodologies in order to verify the
model in a more detailed fashion (which will be our future objective). In this work, we are
focused on theeffectof verbalization rather than the content of verbalization.

The possibility of a one-level model.Can a one-level model capture the above human
data? Although it is conceivable that a one-level model may be designed so as to capture the
data, we failed in our experiments to do so. Specifically, we tested the following possibilities
using only the bottom level (with the top level removed). First of all, without the top level,
the performance of the bottom level is significantly worse than the human performance in the
standard condition, thus generating a poorer match with the human data (despite all possible
adjustments of parameters). To capture the dual task condition, we added noise, which did
generate worsened performance (compared with the simulation data without noise, which
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corresponded to the standard condition). To capture the oververbalization condition, we used
instance memory replay (rehearsing), which led to worsened performance also (through
drastically increasing the amount of replay). However, the replay process failed to produce
sufficient improvements in the performance of the bottom level for modeling the verbaliza-
tion condition (that is, replay in this situation is not sufficient to improve model performance
in a statistically significant way, compared with the simulation without replay, which
corresponded to the standard condition). SeeAnalysis of Synergyfor analyses of some other
possibilities.

Still, it is possible that some one-level models may work. The human data does not
unambiguously point to our model. However, it is seldom, if ever, the case that human data
can be used to demonstrate theuniquevalidity of a model. We need to rely on converging
evidence from various sources, including theoretical accounts (such as those outlined in
section 2), to justify a model. By such a standard, this model fares well.

Analysis of synergy.Why are there two separate (although interacting) components? There
need to be more reasons than simple redundancy (e.g., for the sake of fault-tolerance). We
hypothesize that in general there may be a synergy between explicit and implicit learning/
performance at the two respective levels. Such a synergy may show up, under right
circumstances, by speeding up learning, improving learned performance, and facilitating
transfer of learned skills (as demonstrated in the dual task and the verbalization condition).
This is because each level has a different make-up and is thus potentially complementary to
the other (see the componential analysis later).34

There is psychological evidence in support of this hypothesis. In terms of speeding up
learning, Willingham et al. (1989) found that those subjects who acquired full explicit
knowledge learned faster than those who did not have full explicit knowledge in a serial
reaction time task. Stanley et al. (1989) reported that subjects’ learning improved if they were
asked to generate verbal instructions for other subjects along the way during learning. That
is, a subject was able to speed up learning through an explication process that generated
explicit knowledge. Mathews et al. (1989) also showed that learning was improved when
both implicit and explicit processes were involved.

In addition, in terms of learned performance, Willingham et al. (1989) found that subjects
who verbalized while performing tasks were able to attain a higher level of performance than
those who did not verbalize, probably because the requirement that they verbalized their
knowledge prompted the formation and utilization of explicit knowledge. In high-level skill
acquisition, Gick and Holyoak (1980) found that good problem solvers could better state
rules that described their actions in problem solving. This phenomenon may be related to the
self-explanation effect reported in the cognitive skill acquisition literature (Chi et al., 1989):
Subjects who explained examples in their physics textbooks more completely did better in
solving new problems. In all of these cases, it is likely that the explication process and the
use of explicit knowledge helped performance.

In terms of facilitating transfer of skills, Willingham et al. (1989) obtained some sugges-
tive evidence that explicit declarative knowledge facilitated transfer. They reported that (1)
subjects who acquired explicit knowledge in a training task tended to have faster response
times in a transfer task; (2) these subjects were also more likely to acquire explicit knowledge
in the transfer task; and (3) these subjects who acquired explicit knowledge responded more
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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 new task.
In high-level domains, Ahlum-Heath and DiVesta (1986) also found that the subjects who
were required to verbalize while solving Tower of Hanoi problems performed better on a
transfer task after training than the subjects who were not required to verbalize (see also
Gagne and Smith, 1962; Squire and Frambach, 1990).

Such synergy effects are not universal; they depend on particular experimental settings
(for example, when there were too much top-level activities due to over-verbalization, there
was a detrimental effect instead). However, we did demonstrate that the interaction of the
two levels could be profitably explored (given the right settings). We showed that it was also
possiblethat CLARION exhibited analogous synergy effects in learning, performance, and
transfer (at least in some settings, e.g., by comparing the standard and the dual task condition,
or by comparing the standard and the verbalization condition). (For more experiments with
the model that clearly demonstrated the synergy effects in the model, see Sun et al., 1996 and
Sun and Peterson, 1997, 1998, 1998b.) Similar synergy effects were also observed in
CLARION in a different task, the maze running task (Sun et al., 1996; Sun and Peterson, 1998),
which further attested to the synergy hypothesis.

Componential contributions.We analyzed the source of synergy in the model in a variety
of ways. First of all, we tested to see if performance improvement could be attributed to the
absence of hidden units in the top level (Sun and Peterson, 1998b). We tried the removal of
hidden units at the bottom level. Our results indicated that in this way the model as a whole
or the bottom level alone had great difficulty in learning the task (see Tesauro, 1992 for
similar results). In relation to this, we also tested to see if making activation functions of the
nodes at the bottom level more discrete by increasing the steepness of the sigmoid function
and adding a threshold term (as in the top level) could improve the performance. Our results
indicated otherwise. On the other hand, when we added hidden units to the top level and
made other nodes there less discrete (i.e., turning the top level into a backpropagation
network as in the bottom level), the performance deteriorated, which indicated the impor-
tance of discrete localist representations at the top level. In addition, simply removing one
level or the other from the model also led to much worsened performance (Sun and Peterson,
1998b).35 Taken together, the results indicated the need for complementary representations
in the two levels. See Sun and Peterson (1998b) for the detailed and systematic analysis
(which, due to its length, will not be repeated here).

We tested to see if one-shot rule learning at the top level was the source of performance
improvement. We compared different frequencies of rule learning in CLARION. A readiness
parameterready determines how many times a rule construction/refinement criterion (as
explained before) has to be satisfied before a rule can be constructed. We variedreadyfrom
0 through 4, for either construction or refinement (or both). The results indicated there was
no significant performance difference. However, when we extendedreadyto higher values,
the performance of the model deteriorated significantly. This indicated that (nearly) one-shot
rule learning supplementing backpropagation learning might also be a partial explanation for
the synergy.

The synergy also depended on the setting of the rule learning parameters (thresholds). If
the parameters were set too high, there would be too little rule learning to be effective (as in
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the simulation of the dual task condition). If the parameters were set too low (as in the
simulation of over-verbalization), too many erroneous rules would be learned that led to
worsened performance, instead of synergy.

We also tested to see if the rule learning criterion was the source of the synergy. We tried
two other criteria: the amount of direct reward received by an agent at each step (that is, “if
r . threshold”), and the maximum Q-value at a state (that is, “ifQ( x, a) . maxb Q( x, b) 2
«”). The former criterion is an indication of whether or not an action taken in a given state
is directlybeneficial, but it fails to take into account sequences of actions. The latter criterion
concerns whether the Q-value of an action is close enough to the maximum Q-value in that
state, indicating the optimality of the action. Our experimental results showed that adopting
either of these two criteria led to significantly worse performance.

We also investigated other possibilities, such as randomness in the bottom level (con-
trolled by the temperature parameter), the gradient reward used, direct action representation
at the top level (as opposed to graded Q-value representation at the bottom level), and so on.
It was clear that none of these accounted for the power of the model in generating the
synergy. Therefore, the explanation rests on the following factors (identified earlier): (1) the
complementary representations of the two levels: discrete vs. continuous; (2) the comple-
mentary learning processes: one-shot rule learning vs. gradual Q-value approximation; and
(3) the proper bottom-up rule learning criterion used in CLARION.

4. Discussions

4.1. Bottom-up vs. top-down

Let us examine CLARION in terms of the bottom-up and top-down distinction. The
advantage of bottom-up learning is that it does not have to rely on existing, externally given,
verbally imparted knowledge (cf. Anderson, 1983, 1993; Rosenbloom et al., 1993). Devel-
oping bottom-up learning models broadens the scope of computational modeling of skill
learning, complementing existing models.

There may also be top-down processes involved in many kinds of essentially bottom-up
skill learning. For example, it may be necessary for a subject to understand instructions (e.g.,
in the minefield navigation task), to follow examples (e.g., in learning to swim), or to acquire
rules of the game (e.g., in learning to play chess or to drive). In such circumstances, it is
necessary to interpret instructions, internalize examples, or memorize rules at the start.
General world knowledge and other a priori knowledge would likely be used in these
processes. Correct and proper a priori knowledge (examples, mental models, or theories) can
get an individual started in the right direction, and then bottom-up learning processes as
described here can take over. Improper a priori knowledge about a task, though, may get the
individual off in the wrong direction and thus hamper subsequent bottom-up learning (as
reported by Stanley et al., 1989).

To capture these processes, CLARION can make use of a priori knowledge when it is
available. When external instruction in the form of rules is given, the model can wire them
into the rule network in the proper place and connects them to existing representations.
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Wiring up external instruction may require operationalization, that is, turning instructions
into a form compatible with internal representations. Gordon and Subramanian (1993)
described how operationalization of instruction might be performed, using terminological
mapping (mapping into the terminology used by the agent), qualitative-to-quantitative
mapping, and factual knowledge of task domains. It may also involve the recoding of given
knowledge in an internal form (Maclin and Shavlik, 1994). Alternatively, supervised learn-
ing of the rule network can be performed (Towell and Shavlik, 1993), with, e.g., backpropa-
gation for slow tuning of the rules. Furthermore, CLARION can performrule assimilation, the
process by which rules (given externally and wired up in the top level) are assimilated into
the bottom level and thus become procedural and more effective (Anderson, 1982; Dreyfus
and Dreyfus, 1987; Gelfand et al., 1989). Assimilation is done either using explicitly
supervised learning in which the top level serves as the teacher or through gradual practice
guided by the top-level knowledge.

4.2. One level vs. two levels

One may argue that if a one-level model can account for data (potentially), then there is
no need for the second level. Our view is different: Intuitively and commonsensically, there
is the distinction between explicit and implicit thinking (or roughly, conscious and uncon-
scious processes). Furthermore, there are numerous philosophical arguments and psycho-
logical data that support this point. The best explanation for this well-established distinction
is, by nature, a system that has these two corresponding components, rather than a system
that is contrived to implement both types of knowledge in a one-level architecture.

In addition, it is not completely clear that one-level models are always simpler than
two-level models. It depends on factors such as parameters, manipulations, and internal
structural complexity that are needed to get a one-level model to do the same as a two-level
model. For example, the synergy effects (Mathews et al., 1989; Sun and Peterson, 1998b; see
also section 3.5) cannot be easily generated without (at least) two components. There is no
known explanation of the synergy effects without two (or more) components, although such
explanations can conceivably be constructed with some complex mechanisms. In this case,
a two-level model is an inherently simpler way to capture them than constructing a one-level
model to handle both types of knowledge through complicated manipulations. Note that
structurally speaking, CLARION is a relatively simple two-level model.

In sum, if we can assume that there are indeed two different types of knowledge that need
to be captured (which many theorists have suggested to be the case), then a two-level model
seems to be essentially the simplest model.

4.3. Implicit vs. explicit plans

In addressing sequential decision making in this work, we are mainly concerned with
temporal credit assignment using Q-learning, which is a form of implicit “planning”: making
decisions based on current information in accordance with a “policy” that implicitly takes
into account future steps, and such a “policy” is learned through repeated exposure to various
possible sequences in prior experience. However, sometimesexplicit planning as studied in
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more traditional models may also be needed in order to fully capture human learning and
decision making in skill acquisition (cf. Maguire et al., 1998). Explicit planning involves
mapping out a sequence of steps explicitly ahead of the time, taking into consideration
possible interactions of these steps. This has been discovered in the minefield navigation
task, as exemplified by the following segments of verbalization:

S: I could go forward and I wouldn’t get hit by the mine until it gets bigger and I can
turn a little bit until there was a smaller or no mine in the middle box. (subj.38)

S: I figured out if they’re really close . . . if I moved just a little bit, eventually one of
them is going to disappear and I can shoot through it. (subj.38)

S: Basically, just going straight ahead waiting for clear spots to appear . . . andchanging
my course to get to the clear spot. (subj.38)

S: Ok. I want to start . . . I should have started breaking back to the right, but instead
what I think I did, if this is one of my trials, it was so wide open I thought I could
get around the back, shoot forward and then come back around. (subj.jc)

S: I’m just thinking—ok I’m trying to find the smallest mine in the middle and I’m
trying to go toward it and that’s . . . so as you can seeright here, I found it and I’m
starting to go towards it. As it got bigger, I would start turning to where there is no
mine at all. (subj.38)

These segments showed several basic elements of explicit planning. They involve plans,
goals, and predictions. For example, complex plans were devised: “get around the back,
shoot forward and then come back around,” or “find the smallest mine in the middle . . . go
toward it . . . as it gotbigger . . . start turning.” Predictions of consequences of actions were
also made: a mine “is going to disappear,” or a subject is “waiting for clear spots to appear.”
The goals for actions were also verbalized: “I am trying to find the smallest mine.” (Note,
however, that these segments are from retrospective verbalizations and thus may involve post
hoc rationalization. Thus the existence of explicit planning is yet to be fully explored. As
shown by Gardner and Rogoff (1990), explicitness of planning can vary according to settings
and instructions.)

CLARION does not yet incorporate such explicit planning. This might partially explain
some performance differences observed between the model and the human subjects. How-
ever, explicit planning is compatible with the basic framework of CLARION: The bottom level
not only provides the necessary information for the construction of rules but it also provides
the probabilistic information with regard to what is the best rule to apply in each situation.
Constructed rules that include the prediction of new states can be used in forming explicit
plans through an explicit search of possible sequences, guided by the probabilistic informa-
tion.

4.4. Comparisons

Skill learning.A number of models have been proposed in low-level skill domains such
as navigation, dynamic control, and sequence learning. John et al. (1994) modeled learning
as well as expert performance in a Nintando game with production rules (with the subgoaling
and chunking mechanism in SOAR, as will be discussed later; Rosenbloom et al., 1993). A
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large amount of prior knowledge was required in the model. Gelfand et al. (1989) proposed
a model for robot skill learning that codes all the knowledge in an explicit form and through
practice the knowledge is assimilated into a neural network (using backpropagation). In the
end, the network is able to capture in an implicit procedural form the skill for performing the
task (see also Gordon and Subramanian, 1993). Schneider and Oliver (1991) described a
hybrid connectionist model that learns skills for judging logic gates. A deliberate calculation
is performed first but through repeated trials, an automatized (implicit) process takes over.
In these models, skill learning is presented as a top-down process.

There are also many models developed for higher-level skill domains (i.e., cognitive skill
acquisition, which is often also concerned with carrying out a sequence of steps in accom-
plishing a certain goal; VanLehn, 1995). Most of the high-level skill learning models are also
top-down and rule-based. One of the earliest investigated domains is chess, which has been
studied by Herbert Simon and associates based on search in a state space in which means-
ends strategies are used. Another frequently explored domain is learning elementary arith-
metic, in which Anderson (1982) proposed that learning amounts to turning declarative
knowledge obtained from instructions and examples into arithmetic procedures that could be
readily used (see also Fitts and Posner, 1967). Some of these approaches adopt the distinction
between declarative and procedural knowledge, but they mainly focus on learning from
instructions/examples and turning them into procedural skills. This focus may reflect the
symbolic nature of the chess and arithmetic domains. There are even some indications that
such domains are not susceptible to implicit learning.

There are also instance-based theories of skill learning (Logan, 1988; Stanley et al., 1989),
which generally have more of a bottom-up flavor. For example, Logan (1988) showed that
skill learning (or more specifically, the automatization of skilled performance) can be
captured by the acquisition of domain specific past instances in individuated representational
forms (Hintzman, 1986). When a situation is encountered, relevant past instances are
retrieved (implicitly) and a response is selected based on the instances. However, when a
novel situation is encountered where there is no relevant instance, explicit inferences can be
performed to select a response. Stanley et al. (1989) also described implicit learning/
performance as mainly the result of relying on (implicit) memory of past instances. These
instances were utilized by comparing a current situation with them and through similarity-
based analogical processes they were transformed into a response to the current situation. At
first glance, these theories may seem at odds with CLARION. However, upon closer exami-
nation, we see that backpropagation networks used in the bottom level of CLARION can be
either exemplar-based (i.e., essentially storing instances; see Kruschke, 1992) or prototype-
based (i.e., summarizing instances). The similarity-based analogical processes alluded to in
these theories can be performed (to some degree) in these backpropagation networks, which
have been known to excel in similarity-based processes. The instance-based theories, how-
ever, do not handle the learning of generalized rules (beyond specific instances).

There are existing models that do acquire more than just instances and learn skills from
scratch. But they are not bottom-up in the sense used here because they only learn implicit
knowledge. For example, there are a number of connectionist models of implicit learning of
sequences. Cleeremans and McClelland (1991) used a recurrent network model to capture
qualitatively variance in human data of sequence learning, taking account of gradually
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widening temporal contexts, priming, and attention effects. Dienes (1992) used a simple
one-layer network with either Hebb or Delta learning rules, and performed detailed modeling
of sequence learning to obtain a match with human data. These models and results do not
easily generalize to bottom-up skill learning in general, though.

There are models that learn more explicit rules but they are usually not cognitively
motivated. Grefenstette (1992) and Schultz (1991) developed a model SAMUEL for learning
navigation in a simulated two-dimensional world, using GA-based search to find reactive
rules. Maes and Brooks (1990) and Sutton (1990) developed reinforcement based models for
learning similar skills. Shrager (1990) dealt with “instructionless learning” (which was
cognitively motivated), but he used a large amount of a priori knowledge to begin with (see
also learning in SOAR as discussed later).

The process difference in the two levels of CLARION resembles to some extent those in
some other psychological models of learning: for example, (1) the difference between the
strategies of look-ahead vs. table look-up as proposed by Broadbent et al. (1986) for
explaining the difference between explicit and implicit learning; (2) the difference between
algorithms vs. instance retrieval as proposed by Logan (1988) for accounting for the
difference between initial trials and later skillful performance in the course of skill learning;
(3) the difference between mental models/theories vs. experiences as proposed by Stanley et
al. (1989) in relation to the difference between explicit verbalization and implicit skill; (4)
the difference between central processing vs. spreading activation proposed by Posner and
Snyder (1975) to handle conscious and unconscious memory processes (see also Hunt and
Lansman, 1986 for a similar view related to attention); (5) the difference between episodic
type-2 associations and pre-existing type-1 associations proposed by Bower (1996) for
explaining dissociated memory measures. The former type in each dichotomy is more
deliberate and more crisp, while the latter is more vague and more automatic. It appears that
such a mechanistic difference may be applicable in modeling a variety of cognitive pro-
cesses. It has been applied inCONSYDERR(Sun, 1994), a two-level model for everyday
commonsense reasoning using a combination of rule-based and similarity-based processes.
Another model applying the dual representation framework wasCONSPIRE(Sun, 1994b),
which was designed to investigate introspective reasoning through the interaction of two
levels via a variety of top-down and bottom-up connections. CLARION is a further extension
of these models.

Concept learning models.We also compare CLARION with successful psychological mod-
els of concept learning such as Nosofsky (1994) and Ahn and Medin (1992). A commonality
is that their idea of rule-plus-exception is essentially the same as the rule-plus-network
architecture of CLARION. One obvious difference compared with our bottom-up approach to
skill learning is that these models are designed for learning that involves a small number of
features (or dimensions) and they cannot deal with sequential skills in any obvious way.

Our approach also has some remote resemblance to AI work on rule learning and concept
formation (for example, ID3 in Quinlan, 1986 and AQ in Michalski, 1983). However, as
“batch” algorithms, they are not directly usable for on-line bottom-up learning; they require
teacher input which is not available here. In addition, they do not perform temporal credit
assignment and thus cannot handle sequential skill learning tasks. Some incremental, unsu-
pervised learning models, such as COBWEB (Fisher, 1987), also differ from our approach

234 R. Sun et al. / Cognitive Science 25 (2001) 203–244



in that (1) we have sparse feedback available although it may be delayed, and (2) we usually
do not have a complete description of each instance to base decisions on (because of partial
observability).

Recently there have been many models combining multiple heterogeneous learning
algorithms or techniques for supervised concept learning, such as combining decision trees,
backpropagation networks and other algorithms. Although these approaches bear some
similarity to the present work, they are aimed at different tasks and they are not cognitively
motivated. See Sun and Peterson (1998, 1998b) for more comparisons.

Cognitive architectures.CLARION can be compared to existing cognitive architectures. In
CLARION, as in many of these architectures, different modules are incorporated and elaborate
mechanisms are developed. Similar to some architectures, CLARION integrates both symbolic
and connectionist methods. Somewhat different from these architectures is the fact that
CLARION utilizes a combination of reinforcement-backpropagation learning and rule induc-
tion, and exploits synergy of the two. In addition, in CLARION, representations (both explicit
and implicit ones) are acquired through autonomous exploration by the agent, instead of
being externally given.

Let us compare CLARION with a few architectures in detail. (Note that each of these
architectures has advantages that our approach is not designed to capture, although we will
only focus on their limitations.) ACT* and ACT-R (Anderson, 1982, 1983, 1993) utilize the
distinction between procedural and declarative knowledge. ACT* is made up of a semantic
network (for declarative knowledge) and a production system (for procedural knowledge).
Productions are formed through “proceduralization” of declarative knowledge, modified
through use by generalization and discrimination (i.e., specialization), and have strengths
associated with them which are used for firing. ACT-R is a descendant of ACT*, in which
procedural learning is limited to production formation through mimicking and production
firing is based on log odds of success. CLARION succeeds in explaining two issues that ACT
does not address. First, while ACT relies mostly on top-down learning (from declarative
knowledge to procedural knowledge), CLARION can proceed completely bottom-up (from
procedural to declarative knowledge); CLARION is able to learn on its own without an external
teacher providing correct exemplars or instructions of any form. Second, in ACT both
declarative and procedural knowledge are represented in an explicit, symbolic form (i.e.,
semantic networks plus productions), and thus it does not explain, from a representational
viewpoint, the differences in accessibility between the two types of knowledge. CLARION

accounts for this difference based on the use of two different forms of representations. The
top level of CLARION is symbolic/localist and thus naturally accessible/explicit, while the
bottom level contains knowledge embedded in a network with distributed representations and
is thus inaccessible/implicit. Thus, this distinction in CLARION is intrinsic instead ofassumed
as in ACT.36

The SOAR (Rosenbloom et al., 1993) architecture is based on the ideas of problem spaces,
states, and operators. When there is an outstanding goal on the stack, different productions
propose different operators and operator preferences for accomplishing the goal. Learning
consists ofchunking, the creation of a new production that summarizes the process leading
to achieving a goal, so as to avoid impasses subsequently (a form of explanation-based
learning). SOAR does not distinguish between the two types of knowledge; chunking is used
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to account for skill improvement. In terms of the difference in conscious accessibility, it
(arbitrarily) assumes the inaccessibility of the working of individual productions, so as to
distinguish deliberate and automatized processing with the difference of multiple productions
vs. a single production. Also, SOAR requires a large amount of initial (a priori) knowledge
about operators and their preferences to begin with; hence the process of learning is not
bottom-up.

Drescher (1991) developed an architecture that attempted to implement the Piagetian
constructivist view of child development. The learning mechanism is based on statistics
collected during interaction with the world. New schemas (i.e., rules) are created and their
conditions identified and tuned through statistical means based on relevance (see also Jones
and VanLehn, 1994). It can also build abstractions out of primitive actions. However, the
model does not make the dichotomous distinction of procedural vs. declarative knowledge
and thus does not account for the distinction of implicit vs. explicit learning. The model deals
only with low-level procedural learning (motor interaction).

5. Conclusions

In this work, we discussed an approach to bottom-up skill learning, and a hybrid
connectionist model as a demonstration of the approach. The model consists of two levels for
capturing both procedural and declarative knowledge and allows the acquisition of
procedural knowledge prior to or simultaneous with the acquisition of declarative
knowledge, which differs markedly from most existing models. We believe that the
implicit learning and performance at the bottom level is primary and essential, at least
in low-level skill domains, and the explicit process at the top level is secondary.
Furthermore, the implicit/explicit difference is explained by the representational differ-
ence between the two levels of the model (or in other words, the implicit/explicit
difference is reduced to the symbolic/subsymbolic difference in the model and thus they
are no longer separate dichotomies).

The model we developed suggests the possibility of alternative ways of skill learning
different from existing accounts, and highlights an approach that has been largely neglected.
Comparisons with existing learning models (in AI and psychology) showed that our ap-
proach has some unique characteristics that other approaches or models did not capture, most
notably the bottom-up development and continuous interaction of declarative and procedural
knowledge (different from top-down learning, and beyond separate, parallel learning of the
two types of knowledge). In addition, we experimentally compared the model and human
performance in the minefield navigation task, which demonstrated the relative contributions
of the two levels in an indirect way through various experimental manipulations. The match
between the model and the human data is significant (although the data does not unambig-
uously support the model). The shortcoming of the work is the lack of a more detailed match
with human subjects, which needs to be addressed in the future with the development of
better experimental methodologies.

For more details of the CLARION model, see http://www.cecs.missouri.edu/;rsun/
clarion.html
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Notes

1. The distinction between implicit and explicit learning is not universally accepted and
there are alternative explanations for these findings (Shanks and St. John, 1994).
However, the distinction does seem to hold up for low-level cognitive tasks (e.g.,
Lewicki et al., 1992) and thus pertinent to the present work.

2. We want to point out that although instrumental conditioning without awareness has
been controversial, it has nevertheless been demonstrated in laboratory settings under
appropriate conditions (e.g., Williams, 1977).

3. This idea can be traced back to Piaget’s idea ofrestructuring, and has also been
proposed in various forms by other developmental psychologists (e.g., Vygotsky,
1986; Keil, 1989; Mandler, 1992).

4. There are alternative views regarding explicitness and verbalizability of knowledge in
backpropagation networks. Explanations also vary according to domains. These
different views do not directly contradict our view because we allow the possibility
of indirect verbalization of knowledge in the networks through some more elaborate
transformation process. See section 3.5 for more analyses of this issue.

5. For arguments that more than distributed representation is needed for modeling
explicit processes, see e.g., Cleeremans and McClelland (1991), although they them-
selves adopted distributed representation (for modeling implicit learning but not
explicit learning).

6. The hypothesis is that the use of instance memory may enhance learning because it
provides (at least) additional opportunities for practicing.

7. In terms of both simplicity and performance, Q-learning is the best among similar
reinforcement learning methods (Lin, 1992; Sun et al., 1996). Some learning conver-
gence proofs can be found in Watkins (1989).

8. Each dimension is either ordinal (discrete or continuous) or nominal. In the following
discussion, we focus on ordinal values; nominal values can be handled similarly. A
binary dimension is a special case of a discrete ordinal dimension.

9. In addition, if there is more than one rule that leads to the same conclusion, an
intermediate node is created for each such rule: all of the elements on the left-hand
side of each rule are linked to the same intermediate node, and then all the interme-
diate nodes are linked to the node representing the conclusion. For more complex rule
forms including predicate rules and variable binding, see Sun (1992). Such rules can
be learned using more complex ILP techniques (see Lavrac and Dzeroski, 1994).

10. In this algorithm, specialization and generalization is done based on actually encoun-
tered situations, and thus search is minimal. The algorithm is a depth-first specific-
to-general search algorithm according to Mitchell (1982). The learning is imple-
mented symbolically.

11. We alsomerge rules whenever possible: If either rule construction, shrinking or
expansion is performed at the current step, check to see if the conditions of any two
rules are close enough and thus if the two rules may be combined: If one rule is
covered completely by another, put it on the children list of the other. If one rule is
covered by another except for one dimension, produce a new rule that covers both.
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12. The results are time-weighted statistics, which are useful in nonstationary situations.
13. This is a commonly used method, especially in Inductive Logic Programming, and

well justified on the empirical ground; see e.g., Lavrac and Dzeroski (1994).
14. Potentially, we might use attention to focus on fewer input dimensions, although such

attention is not part of the current model.
15. Hereargmaxx f( x) is the standard notation that denotes the value of the parameterx

that maximizes the functionf.
16. The children list of a rule is created to keep aside and make inactive those rules that

are more specific (thus fully covered) by the current rule. It is useful because if later
on the rule is deleted or shrunk, some or all of those rules on its children list may be
reactivated if they are no longer covered.

17. We should havethreshold2 # threshold1 to avoid oscillation. In our experiment, we
set threshold5 0.08, threshold1 5 4.0, andthreshold2 5 1.0.

18. Concurrent verbalization was not possible, because only extremely limited time was
allowed for each episode.

19. Here the model predicts that there is an inverted U curve. However, we cannot predict
precisely the shape of the curve (i.e., how much verbalization is too much) a priori,
without matching human data. No model ever can. For example, there is no such a
priori prediction in relation to the well-known inverted U curve of learning verb past
tense.

20. We did not attempt to model response time. The current interface of the simulation
software did not allow us to model response time (Gordon et al., 1994).

21. Thus the model had to deal with the problem of high dimensionality. As a result, a
lookup table implementation for Q-learning at the bottom level was not possible
(Tesauro, 1992; Lin, 1992). A functional approximator such as a backpropagation
network must be used. The setting is comparable in complexity to many important
reinforcement learning applications in AI such as Tesauro (1993) and Mahadevan and
Connell (1992).

22. We tried both discrete and analog input encoding. In the analog case, each gauge was
represented by one node that accepted real-valued inputs (which were used in the
bottom level; the discretized inputs as described earlier were still used for the
top-level rules). We compared the discrete input encoding with the analog one and did
not find any significant performance difference.

23. We used two sets of outputs in the model: one for situations in which the agent was
not currently in the minefield and the other for situations in which the agent was in
the minefield.

24. When the agent is going toward the target, the reinforcement isgr 5 1/c p (( x2 2
x1)/x)4, wherec 5 7.5,x2 2 x1 is the distance traveled in the target direction in one
step, andx is the maximum distance possible (which is 40). When the agent is going
away from the target, the reinforcement isgr9 5 20.5 gr.

25. When the agent runs out of time, the reinforcement iser 5 500/(5001 x) 2 1,
wherex is the distance to the target. When the agent gets blown up, the reinforcement
is er 5 1/ 2 p 500/(5001 x) 2 1. This reward measures how successful the agent
is by how close it managed to get to the target, regardless of what happened at the last
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step (an explosion, e.g., can be attributed solely to the mistake committed at the last
step and has little to do with what happened before that).

26. Alternatively, we can achieve the same effect through adding noise (which was also
a common approach; Cleeremans and McClelland, 1991) at the top level. Noise was
added in the following way: In calculating the activation of each node at the top level
(which was either 0 or 1), there was a 50% chance of a random value being adopted
as its activation. The results of these two alternatives were practically the same.

27. Both mechanisms were employed in an effort to faithfully capture all the major effects
of verbalization on human subjects. Performance-wise, instance memory replay was
not necessary. We could generate similar performance without such replay.

28. In other words, they were fixed part of the model specification (not to be adjusted).
We varied training conditions of the human subjects and correspondingly the rule
learning thresholds of the model to match the subjects, while keeping these param-
eters fixed. They do not contribute to the degree of freedom that we have in the model
to match thechangeof performance across different training conditions by the human
subjects.

29. Because the verbalization setting was different from the standard training setting, due
to the camera setup and the difference in the instructions given, the comparison
between the standard and the verbalization condition was not performed.

30. Overall, these subjects achieved a 10% success rate, whereas the subjects in the
regular verbalization condition achieved a success rate of 33%. If we eliminate the
one subject who performed at 60% in the over-verbalization condition, the remaining
subjects achieved a success rate of approximately 3%. We did not run the experiment
longer because of the extremely time-consuming nature of this experiment, which was
due to an excessive amount of verbalization.

31. Note that in CLARION, the top-level learning mechanism, when disconnected from the
bottom level, has trouble learning sequential tasks, because of its lack of a temporal
credit assignment process (comparable in power to Q-learning) and its all-or-nothing
learning process. On the other hand, in the bottom level, the distributed network
representation and learning process that incorporates gradedness and temporal infor-
mation can handle complex sequences.

32. Even when they were blocked by mines, they would fan back and forth looking for
a hole rather than turn around.

33. Some may claim that this is not a problem because rule learning itself is an inter-
pretive process. But these two processes are different—one is for internal decision
making and the other for verbal, inter-personal communication (Nisbett and Wilson,
1977).

34. Mathews et al. (1989) had a similar hypothesis. Cleeremans and McClelland (1991)
and Gibson et al. (1997) touched upon the need for explicit processes as well.

35. The top-level learning mechanism in CLARION had trouble learning sequential tasks
without the bottom level, due to the lack of a temporal credit assignment process
(comparable in power to Q-learning) and its all-or-nothing learning process. Although
the bottom level could handle sequences, it performed worse without the help of the
top level due to the inherent inaccuracy of backpropagation networks (i.e., the
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blurring effect of their generalization abilities, which might be partially alleviated
when a crisp top level was added). See Sun and Peterson (1998b).

36. The newer versions of the ACT models (Anderson, 1993) posited a dichotomy of
exemplars vs. rules (cf. Logan, 1988; Hintzman, 1986). However, in these models,
exemplars are assumed to be explicit and production rules implicit, which is the
opposite of CLARION.
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Appendix A. Rules learned by CLARION

Below is a set of rules which were obtained at the end of a training session of 500 episodes
on the navigation task. Note that we had to re-word (and aggregate) the rules to avoid the use
of sonar readings and so on in order to make the rules intelligible. We hypothesized that a
similar re-wording process occurred in subjects during verbalization (although the exact
nature of it was unknown).

The rules can be aggregated into 3 groups:

Y The first group recommends to turn “slight right” if the bearing is straight or slightly
right and the right side has a low mine density.

Y The second group recommends turning right if the bearing is straight or slightly right
and the right side has the lowest mine density.

Y The third group recommends going left if the bearing is straight to left and the lowest
density side is the left.

In this particular run, incidently, no rule concerning going straight is learned. “slight right”
acts as “straight”—in actuality, they are very similar. This “slight right” preference may lead
to drifting right over the long run. The drift is corrected/compensated by the left turn policy
in the third group of rules (because this group of rules is more general and thus very likely
applied). Overall, the three groups of rules, especially the first and the third, work together
to avoid hitting mines while going in the general direction of the target.
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