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Abstract. In developing autonomous agents, one usually emphasizes only (situated) procedural knowledge, ignor-
ing more explicit declarative knowledge. On the other hand, in developing symbolic reasoning models, one usually
emphasizes only declarative knowledge, ignoring procedural knowledge. In contrast, we have developed a learning
model Clarion, which is a hybrid connectionist model consisting of both localist and distributed representations,
based on the two-level approach proposed in [40]. Clarion learns and utilizes both procedural and declarative
knowledge, tapping into the synergy of the two types of processes, and enables an agent to learn in situated contexts
and generalize resulting knowledge to different scenarios. It unifies connectionist, reinforcement, and symbolic
learning in a synergistic way, to perform on-line, bottom-up learning. This summary paper presents one version of
the architecture and some results of the experiments.
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1. Introduction

We will present a hybrid connectionist model that uni-
fies connectionist, symbolic, and reinforcement learn-
ing into an integrated and coherent architecture. The
model is named Clarion, which stands forConnec-
tionist Learning with Adaptive Rule Induction ON-line.
In this summary paper, we will emphasize the motiva-
tions for developing this architecture, summarize some
experimental results, and discuss the advantages of the
model.

We will focus on reactive sequential decision tasks,
which involve selecting and performing a sequence
of actions to accomplish an objective on the basis of
moment-to-moment perceptual information (hence the
term “reactive”). In general, there is an agent (or a
set of agents) that can select (from a finite set of ac-
tions) an action to perform at each time step (in either

a discrete or a continuous sense). The selection deci-
sion is (mainly) based on the current state of the world.
The world is presented to the agent, through sensory
input, as a state vector which contains various pieces of
information (with some correlated and some uncorre-
lated). The world changes either autonomously or as a
result of some action by an agent. Thus, over time, the
world is presented to an agent as a sequence of states.1

At certain points in a sequence, the agent may receive
payoffsor reinforcementsfor their actions performed at
or prior to the current state. Thus, the agent may need
to performcredit assignmentin learning, to attribute
the payoffs/reinforcements to actions at various points
in time (the temporal credit assignment problem; [1]),
in accordance to various aspects of a state (the struc-
tural credit assignment problem). There is in general
no teacher input. The agent starts with little or no a
priori knowledge.
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Figure 1. Navigating through a minefield.

One example involves learning to navigate through
mines (see Fig. 1; [2]). There is one agent and a target
to be reached. Between the agent and the target there
are many mines that can destroy an agent on contact.
The agent has only local sensory information—short-
range rudimentary vision that allows 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. Another example
is learning to navigate a maze (see Fig. 2; [3]). An
agent has to start in one cell of the maze and navigate
to reach another, predesignated destination cell. It has
limited sensory input consisting of local information
about adjacent cells. The agent has no knowledge of
its actual current location and previous locations. It

Figure 2. Running a maze.

can move forward, turn left or turn right, based on its
current input.

While performing this kind of task, the agent is un-
der time pressure: Often a decision has to be made in a
fraction of a second; it cannot do much of “information
processing”, and falls outside of Allen Newell’s “ratio-
nal band” (i.e., cognitive processes that take minutes
or hours to complete, which is what AI traditionally
deals with; [4]). As in humans, the agent may also
be severely limited in other resources, such as mem-
ory, so that memorizing and analyzing all the previous
episodes in detail is impossible (although some form
of episodic memory may exist).2 The perceptual abil-
ity of the agent may also be limited (as in humans), so
that only local information is available. In addition,
learning in such tasks is an experiential, trial-and-error
process; the agent develops skills, concepts, and rules
tentativelyon an on-going basis, because it cannot wait
until the end of an episode (a sequence) before making
a decision and starting to learn.3 In general, as pointed
out by Nosofsky et al. [5] and others, human learning
is mostly gradual, on-going, and concurrent (on-line),
which is especially true in this type of task. Goals may
not be explicit and a priori to an agent either. They
may be implied in reinforcements/payoffs received and
pursued by an agent as a side-effect of trying to max-
imize payoffs (for example, an agent can maximize
the average or total payoffs/reinforcements received,
or maximize a recency-weighted total.)

The characteristics of a world need not be stationary
from the viewpoint of the learning agent—the world
may be “drifting”. It can be nonstationary in several
ways: (1) the world can change over time; thus, the re-
vision of knowledge learned by an agent may be nece-
ssary (if changes are substantial enough). (2) Even
when the world per se is stationary, it may still seem
uncertain and evolving to an agent learning to cope with
the world, because different regions of the world may
exhibit different characteristics and thus require the re-
vision of concepts over time [6]. In general, there is
no preselected set of (positive and negative) instances
(and a closed world assumption) that provide a fixed
view of the world. (3) Once a knowledge structure is
revised, the agent has to view whatever it experienced
before in new ways (because knowledge provides a “fil-
ter” through which the agent sees the world), and thus
the experience may seem different and the world non-
stationary. (4) In experience-driven learning based on
reinforcement, there is a lack of a clear and steady crite-
rion for learning. Payoffs may be received sporadically,
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and it is up to the agent to decide what to make of them.
The agent has to assign credits/blames on the basis of
what is already known, which is constantly changing.
So the learning criterion is a moving target, and the
learning process becomes nonstationary.

To acquire low-level specific skills in these tasks,
there are some existing methods available. Chief
among them is the temporal difference method [7],
a type of reinforcement learning that learn through
exploiting the difference in evaluating actions in suc-
cessive steps and thus handling sequences in an in-
cremental fashion. This approach has been applied to
learning in mazes, navigation tasks, and robot control
[8–12]. Another approach, genetic algorithm [13], can
also be used to tackle this kind of task [2, 14, 15].
They handle the temporal credit assignment problem
and “drifting” worlds. But they do not distinguish be-
tween procedural and declarative knowledge.

In terms of learning declarative knowledge or rules
for such tasks, however, the afore-identified character-
istics of the task render most existing algorithms in-
applicable, because they require either preconstructed
exemplar sets [16–18], incrementally given consis-
tent instances [19–22], or complex manipulations of
learned structures when inconsistency is discovered
(which is typically more complex than the limited time
a reactive agent may have; [23]).4 “Drifting” as an-
alyzed above is clearly more than noise and incon-
sistency as considered by some learning algorithms
(e.g., [24]), because it involves changes over time and
it leads to radical changes in learned knowledge. It
often requires extra dedicated mechanisms [6]. Above
all, most of the rule learning algorithms do not handle
the learning of sequences which necessarily involves
temporal credit assignment.

In the remainder of this paper, we will highlight a
hybrid model, Clarion, for this type of task (in Sec-
tion 2). Then we will discuss briefly several sets of
experiments using the model, which demonstrate the
advantages of the model (Section 3). Clarion is then
compared with other models (Section 4). Some con-
cluding remarks end the paper (Section 5).

2. Hybrid Models

Below we will first discuss (in Sections 2.1–2.2) the
motivations for the model (parts of which have been
published before; see e.g., [25, 26]). Then, in Sections
2.3–2.7, we will discuss some details of the model,
which mainly involve a rule learning algorithm that is

different from the previously published algorithms for
the model (cf. [25, 26]).

2.1. Procedural and Declarative Knowledge

How can an agent develop a set of skills that are highly
specific (geared towards particular situations) and thus
highly efficient but, at the same time, acquire suffi-
ciently general knowledge that can be readily applied to
a variety of different situations and be communicated to
others? Although humans seem to possess such abilities
and be able to achieve an appropriate balance between
the two sides, existing systems fall short. What appears
to be missing is the duality and coexistence of both
procedural and declarative knowledge (or both specific
skills and generic knowledge). There has been a great
deal of work demonstrating the difference between pro-
cedural knowledge and declarative knowledge: e.g.,
[27–32]. It is believed that a balance of the two is es-
sential to the development of complex cognitive agents.
This is based on two lines of argument. First, there are
ample psychological data that support the distinction
between procedural and declarative knowledge and the
need for both. Anderson [33] initially proposed the
distinction between declarative and procedural knowl-
edge based on such data; Fitts and Posner [34], Keil
[30], and Sun [32] subsequently made similar points
based also on psychological data. Second, there are
many philosophical arguments for making this distinc-
tion and achieving an appropriate balance of the two.
Dreyfus and Dreyfus [35] proposed the distinction of
analytical and intuitive thinking; Smolensky [36] pro-
posed the distinction between conceptual (publicly ac-
cessible) and subconceptual processing; in addition,
the distinction between conscious and subconscious
processes, although controversial, is well known [37,
38]. The inadequacy of systems that ignore these points
in dealing with the full range and complexity of in-
telligent behaviors lends additional support for these
arguments.5

Declarative knowledge has some advantages which
make it indispensable to a learning agent despite the
fact that procedural skills are more efficient or easier
to learn.

• It helps to guide the exploration of new situations,
and reduces the time (i.e., the number of trials) nece-
ssary to develop specific skills in new situations. In
other words, it helps the transfer of learned skill (as
shown psychologically by Willingham et al. [39]).
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• It can help to speed up learning. If properly used,
declarative knowledge that is extracted on-line dur-
ing skill learning can help to facilitate the learning
process itself.
• Declarative knowledge can also help in communi-

cating learned knowledge and skills to other agents.

Because declarative knowledge is usually easily ac-
cessible, it constitutes the conceptual knowledge base
in an agent. On the other hand, procedural knowledge,
or specific skills, is usually not conceptually acces-
sible (i.e., impenetratable): there is generally a lack
of conceptual-level thinking in performing procedural
skills; details of such skills are in general inaccessi-
ble to self introspection (consciousness), as acknowl-
edged by most leading researchers, including Anderson
[28, 33] and Rosenbloom et al. [4]; thus it constitutes
the subconceptual knowledge base in an agent. This is
consistent with the framework of Sun [32, 40].

2.2. Two Levels

A two-level hybrid model seems to provide the needed
framework for representing both types of knowledge.
There have been various two-level architectures pro-
posed, e.g., [32, 41–45].

Let us discuss the two levels in detail based on the
idea of Sun [32, 40]. Existing evidence shows that the
difference between the two levels lies mainly in their
representations [46]. First, how do we capture proce-
dural knowledge? In terms of representation, we pre-
fer a subsymbolic distributed representation, such as
that provided by a backpropagation network. This is
because of the implicit nature of procedural skills (inac-
cessibility). A distributed representation naturally cap-
tures this property of procedural skills [32, 40], with
representational units that are capable of accomplish-
ing tasks but are in general uninterpretable (subsym-
bolic). (A symbolic representation may be used, but
then we would have to artificially assume that these
representations are not accessible, while some other
similar representations are accessible—the distinction
is arbitrary and not intrinsic to the media of representa-
tions; cf. [4, 28].) In terms of learning, we would like
to use reinforcement learning (i.e., the temporal differ-
ence method, which can handle sequential decision sit-
uations; [7, 11]. This is because in a reactive sequential
decision-making situation (such as navigation), there
is seldomly any uniquely correct action. In general,
for each situation, there are various possible responses

that are roughly equally good; thus, supervised learn-
ing procedures do not seem applicable. However, for
each situation, there are indeed good actions and bad
actions; we measure the goodness of actions through a
payoff/reinforcement signal from the world; thus, we
can adopt the reinforcement learning paradigm. In such
learning, an adjustment can be made to some parame-
ters to increase the chance of selecting the actions that
will lead to positive reinforcement and to reduce the
chance of selecting the actions that will lead to nega-
tive reinforcement.

Second, how do we capture declarative knowledge?
In terms of representation, we prefer a symbolic or lo-
calist representation, in which each unit has a clear con-
ceptual meaning or interpretation, because declarative
knowledge is highly accessible and inferences are per-
formed explicitly at the conceptual level [32, 36, 40].
Because of the reactive nature of the tasks, the sym-
bolic representations that we need are relatively sim-
ple. We thus focus on propositional rules. There are
a number of ways symbolic representations can come
into being. As pointed out before, those learning al-
gorithms (either incremental or batch) that assume a
stationary world are not suitable for use here. Some
other algorithms are also not suitable because of non-
concurrent updating, which does not bode well with
related cognitive phenomena. Developing a suitable
algorithm means going beyond these learning algo-
rithms. We can make use of the other level—the net-
work that is trained with reinforcement learning and
capable of specific procedural skills, and there is thus
no need for a completely separate learning mechanism
for the top level. We can extract information from the
bottom-level and thereby form rules (i.e., bottom-up
learning).6 In addition, we should dynamically acquire
rules and modify rules in subsequent encounters when
necessary. Human learning is often on-line and grad-
ual, which is especially true in rule learning as specifi-
cally discussed by Dominowski [47], Medin et al. [48],
Nosofsky et al. [5] and others.

2.3. An Outline of the Model

These desiderata lead to Clarion, which is similar to
the model developed in [40] but is specifically designed
for reactive sequential decision making. It consists
of two levels: The bottom level contains procedural
knowledge [33] and the top level contains declarative
knowledge in the form of propositional rules. An over-
all pseudo-code algorithm that describes the operation
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of Clarion is as follows:

1. Observe the current statex.
2. Compute in the bottom level the Q-values ofx as-

sociated with each of all the possible actionsai ’s:
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 inputx and the rules in
place.

4. Compare the values ofai ’s with those ofbj ’s, and
choose an appropriate actionb.

5. Perform the actionb, and observe the next statey
and (possibly) the reinforcementr .

6. Update the bottom level in accordance with Q-
Learning.

7. Update the rule network with Rule-Extraction-
Revision.

8. Go back to Step 1.

Below we will describe the details of one version
of the architecture: the deterministic rule learning ver-
sion, which is the simplest version but illustrates the
basic idea of the architecture (see [25, 26] for details
of the statistical rule learning versions).

2.4. The Bottom Level

A Q-value is an evaluation of the “quality” of an ac-
tion in a given state:Q(x,a) indicates how desirable
actiona is in statex (which consists of sensory input).
We choose an action based on Q-values. To acquire the
Q-values, we use the standard Q-learningalgorithm (a
temporal difference reinforcement learning algorithm
as determined earlier). For details of Q-learning, see
[49] as well as more recent developments, [11, 12,
50–52]. The Q-learning algorithm is implemented here
using Backpropagation neural networks [10, 53, 54].7

(See Appendix A.1 for a brief review of Q-learning and
its implementations in the bottom level of the model.)

In a nutshell, such a learning process performs (in an
approximate manner) 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 (with Q-learning),
so that the agent knows which action leads to success or
failure (in terms of reinforcement received). The com-
bination of Q-learning and backpropagation enable the
development of procedural knowledge solely based on
the agent exploring the world on-line (on a continu-
ous, on-going basis). It requires no external teacher or

a priori knowledge and it allows “drifting”. (For more
explanations of the working of the bottom level, see
our previous publications, such as Sun and Peterson
[25, 26].)

2.5. The Top Level

Declarative knowledge is captured in a simple proposi-
tional rule form, in accordance with the previous con-
siderations. Although we can use directly a symbolic
rule representation, to facilitate correspondence with
the bottom level and to encourage uniformity and inte-
gration, we chose to use a localist connectionist model
instead. Basically, we connect the nodes representing
conditions of a rule to the node representing the con-
clusion. That is, we translate the structure of a set of
rules into the structure of a network. See e.g. [55–58]
for details (see Appendix A.2 for a quick review).

As discussed earlier, we devised a different rule
learning algorithm because of the differing character-
istics of our tasks: concurrent (on-line) learning, re-
activity, lack of teacher input and a priori knowledge,
“drifting” environments, and requisite revisions. The
basic idea for our algorithm is as follows: if some action
decided by the bottom level is successful (here, being
successful could mean a number of different things; the
details are specified later), then the agent extracts a rule
that corresponds to the action selected by the bottom
level and adds the rule to the rule network. Then, in sub-
sequent interactions with the world, the agent verifies
the extracted rule by considering the outcome of apply-
ing the rule (when it is applied): if the outcome is not
successful, then the rule should be made more specific
and exclusive of the current case; if the outcome is suc-
cessful, the agent may try to generalize the rule to make
it more universal. Specialization and generalization is
done based on actually encountered situations, and thus
search is minimal. Below we will present some details,
which are necessary to convey the essense of our model.

2.5.1. Rule Extraction. We perform rule extraction at
each step, which is associated with the following infor-
mation:(x, y, r,a), wherex is the state before actiona
is performed,y is the new state entered after an actiona
is performed, andr is the reinforcement received after
actiona. Rules are of the following form:conditions
→ a, wherea is an action andconditionsare made
up of the conjunction of individual conditions each of
which refers to the value of an element in the (sensory)
input statex. Three different criteria can be used for
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Figure 3. Three phases in rule extraction.rt , s2, ands3 are threshold parameters.

rule learning at each step: (1) direct reinforcement(r )
received at a step, (2) temporal difference (as used in
updating Q-values), and (3) maximum Q-values in a
state. The first criterion is an indication of whether or
not an action taken in a given state isdirectlybeneficial,
but it fails to take into account sequences of actions.
The second criterion indicates if further improvement
in a Q-value is possible. The third criterion concerns
whether the Q-value of an action is close enough to the
maximum Q-value in that state, indicating the optimal-
ity of the action. We adopt a three-phase approach, with
each phase lasting for a certain number of episodes.8

The three criteria are applied in their respective phases
(in Fig. 3, each criterion is listed with its appropriate
phase and the corresponding test to be used). At each
step, we apply the current-phase criterion to determine
whether we should construct a rule. If so, a rule is wired
up in the rule network.

2.5.2. Rule Revision. After rules are extracted, at
each step, the algorithm reexamines the rules match-
ing the current step to decide if each of them should
be kept, revised, or discarded. A number of operations
are used for this purpose (in each of the 3 phases):

• Expansion: when a rule is successfully applied (ac-
cording to the criterion in the current phase), the
value range of a condition is expanded by one in-
terval (randomly selected).9 Generally speaking, we
can expandj different conditions of a rule (selected
randomly); we can do that fork times resulting ink
rules. When a condition is expanded to the full range
of its value, then in effect the condition is dropped
from the rule. (This is similar in some way to [59],
different from temporal abstraction such as [12, 52].)
• Shrinking: when a rule leads to unsuccessful results

(as judged by the criterion in the current phase), we
reduce the value ranges of some or all conditions
(cf. [59, 60]). In general, we can selectu conditions
to shrink; the selection can be random, or based on
recency. We can perform a shrinking operation on

the same rule forv times and thus createv shrunk
rules.
• Deletion: remove a rule from the rule network when

a counter example to the original setting(x, y, r,a)
from which the rule was extracted is encountered
(according to the current-phase criterion).
• Merge: when the conditions of two rules are close

enough, the two rules may be combined so that a
more general rule can be produced. We require that
corresponding conditions of the two rules must over-
lap (for up to two conditions) or be identical in their
value ranges. We combine the range of each corre-
sponding pair of conditions of the two original rules,
so a new rule covers the union of the two original
rules and more.

Such rule learning is not guaranteed, in a formal
sense, to find a generic rule whenever it exists. The
process is tentative and heuristic. “Backtracking”, in
the sense of reextracting a rule and testing other gene-
ralizations, may happen.

2.6. Combination

In the overall algorithm, Step 4 is for making the fi-
nal decision on which action to take by incorporating
outcomes from both levels. (To justify this cognitively,
as shown by Willingham et al. [39], declarative know-
ledge can influence procedural performance.) It allows
different operational modes: e.g., relying only on the
top level, relying only on the bottom level, or combin-
ing the outcomes from both levels weighing them dif-
ferently. These operational modes roughly correspond
to the folk psychological notions of the intuitive (reac-
tive) mode, the deliberative mode, and the various mix-
ture of the two with a different percentage of each [35].

Several methods of combining outcomes from the
two levels were tried. For example, in thestochastic
method, we combine the corresponding values for an
action from the two levels by a weighted sum; that is,
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Figure 4. The detailed Clarion architecture.

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 activa-
tion valueq (the Q-value), then the final outcome is
w1 ∗ v+w2 ∗q [61]. Stochastic decision making with
Boltzmann distribution (based on the weighted sums)
is then performed to select an action out of all the pos-
sible actions. (See [39] for psychological justifications
of this combination method.)

2.7. The Whole Model

Putting the two levels together, implemented in a con-
nectionist fashion, we now have the whole model (see
Fig. 4).

We can contrast the characteristics of the two lev-
els. The top level is discrete, all-or-nothing, rigorously
verified (through experience), and without random ex-
ploration, and it learns through trial-and-error in a one-
shot fashion. The bottom level is continuous, graded,
statistical in nature (i.e., not rigorously verified), and
with random exploration, and it learns in a gradual
and cumulative fashion. Thus they complement each
other. Note also that the generalization of rules com-
plements the generalization in the bottom level: While
the bottom level generalization is continuous/graded,
rule generalization at the top level is discrete/crisp,
thus capturing different kinds of regularities. Because
they possess different characteristics, each level tends
to learn differentially; thus a combination of the two,
through stochastic “averaging”, is likely to result in
improved performance [61, 62].

The necessity of having a two-level architecture can
be summed up as follows:

• Without the bottom level, the agent will not be able to
represent procedural skills sufficiently. Such skills
may involve graded, uncertain knowledge and au-
tonomous stochastic exploration (with numeric cal-
culation and probabilistic firing). Thus they may not
be captured by simpler mechanisms (such as those
in [33]).
• Without learning in the bottom level, the agent will

not be able to learn from experience, and therefore
will not be able to dynamically acquire either pro-
cedural skills in the bottom level (cf. [63]) or rules
in the top level (as in the current model). The bot-
tom level also captures the gradual learning of skills,
different from one-shot rule learning.
• Without the top level, the agent will not be able to (1)

represent generic, easily accessible, and crisp know-
ledge and (2) explicitly access and communicate that
knowledge to other agents (i.e., the explanation ca-
pability, which is absent in e.g., [8, 63]; but see [64]).
When novel situations are encountered and/or when
precision, crispness, consistency, and certainty are
needed, declarative knowledge is preferred. Explicit
access and explanation is also important in facilitat-
ing cooperation among agents.
• Without rule learning, the agent will not be able to

acquire quickly and dynamically declarative know-
ledge for the top level, and therefore have to resort
to externally given declarative knowledge.
• Moreover, without rules (and rule learning), the per-

formance of the bottom level alone will be signifi-
cantly worse, as analyzed earlier and has been shown
in experiments.

3. A Sketch of Some Experiments

We will sketch two sets of experiments, which suggest,
respectively, (1) the performance advantage of the two-
level model (in addition to the previously mentioned
advantages) and (2) its cognitive validity. (We believe
that it is important to highlight some empirical results
for a summary paper like this. These two experiments
have not been published in journals before.)

3.1. Experiments with Navigation

We tested Clarion on the simulated navigation task
as shown in Fig. 1. Developed by Naval Research
Lab, the task is complex and realistic ([65]). The
agent has to navigate an underwater vessel through
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Figure 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 seven
sonar gauges are at the bottom.

a minefield to reach a target location. The agent re-
ceives information only from a number of instruments.
As shown in Fig. 5, the sonar gauge shows how close
the mines are in seven equal areas that range from 45
degrees to the left of the agent to 45 degrees to the
right. The fuel gauge shows how much time is left
before fuel runs out. The bearing gauge shows the
direction of the target from the present direction of the
agent. The range gauge shows how far the target is
from the current location. Based only on such infor-
mation, the agent decides on (1) how to turn and (2)
how fast to move. The agent, within an allotted time
period, can either (a) reach the target (a success), (b)
hit a mine (a failure), or (c) run out of fuel (a failure
again). The agent is under severe time pressure, so it
has to be reactive in decision making.

A random environment is generated for each
episode, so that there is no repetition of experience
for the agent throughout the experiment. Learning is
thus difficult because the agent has to take into account
varying environments. The reinforcements for an agent

Figure 6. Learning: the numbers of successful episodes.

are produced based on how successful the agent is at
the end of an episode [25, 26].

3.1.1. Learning Speeds. In this experiment, the mine-
field contains a given number of mines, which in this
case is 10 or 30. The mines are randomly placed be-
tween the starting point of the agent and the target. The
target location is also randomly selected each time. The
time allotted to the agent for each episode is 200 steps.

Figure 6 shows the difference between Clarion and
the bottom level alone (trained with pure Q-learning)
in terms of learning effectiveness, which is measured
by the number of successful episodes out of a total
of 1000 episodes during training (averaged over 10
runs). In the figure,Stoc.zrefers to the stochastic com-
bination of the two levels with rules being weighted at
w1 = z% (andw2 = 1−w1). The symbolgenindicates
that generalization/revision is performed; otherwise,
generalization/revision operations (such asexpansion
andshrinking) are omitted. For Clarion, we show
only the performance ofStoc.20andStoc.20.gen, be-
cause different methods for combining the two levels
do not make much difference. However, we varied the
temperature (randomness) parameter (in stochastic de-
cision making), and examined learning in minefields
consisting of either 10 or 30 mines. The superiority of
Clarionover the bottom level alone (with Q-learning)
is statistically significant in all the cases (witht-tests,
p<0.05), except forStoc.20in the 10-mine case with
temperature= 0.01.

3.1.2. Transfer. Transfer is defined here loosely as
the performance improvements of an agent when tested
in a new setting after it was pre-trained in a different
setting, relative to an agent who had no similar pretrain-
ing. To assess transfer, after training various models
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Figure 7. Transfer: the percentages of successful episodes in a new
setting.

on 10-mine minefields for 1000 episodes each (using
a randomly generated minefield for each episode), we
applied these models to new minefields that consisted
of 30 mines. Figure 7 shows the differences in trans-
fer, where transfer is measured by the percentage of
successful episodes in the new setting by the trained
models (each trained model was applied to 30-mine
minefields for a total of 20 episodes; the data was aver-
aged over 10 runs). As indicated by the table, Clarion
outperforms the bottom level alone (trained with only
Q-learning) in transfer. The difference between the best
of the bottom level (37.8%) and the best of Clarion
(48.0%) is statistically significant.10

3.2. Matching Human Data

Let us look into the match between the performance of
the model and the performance of the human subjects
whom we tested. Although these results have never be-
fore been published in journals, some details regarding
the human experiments can be found in [66, 67].

Three training conditions were used in human ex-
periments:

• The standard training condition. Subjects received
five blocks of 20 episodes on each of five consecutive

Figure 8. The learning curves in terms of success rates in the standard condition. The right side is the human data and the left side is the model
data.

days (100 episodes per day). In each episode the
minefield contained 60 mines.
• The verbalization training condition. This condition

was identical to the standard training condition ex-
cept that subjects were asked to step through slow
replays of selected episodes and to verbalize what
they were thinking during the episode.
• The 30-to-60 transfer condition. This condition was

also identical to the standard training condition ex-
cept that subjects performed the task with 30 mines
on the first two days of training and switched to 60
mines starting the third day.

The results of the experiments were as follows.

• The standard training condition. We averaged the
data over 10 human subjects. We also averaged 10
model runs in correspondence with human experi-
ments (each model run was initialized with different
random number sequences and thus produced dif-
ferent results). These data are presented in Fig. 8.
Both sets of data were best fit by power functions
(for failure rate). The degree of similarity is evident.
A Pearson product moment correlation coefficient
was calculated. The analysis yielded a high positive
correlation (r = 0.82), indicating a high degree of
similarity between human subjects and model runs
(although there is some disimilarity in the initial seg-
ments of the curves).
• The verbalization training condition. Obviously,

we could not require verbalization from the model.
However, we posited that much of the effect of
verbalization on learning was associated with re-
hearsing previous steps and episodes (although there
may be additional factors involved). Thus for the
model, we used episode memory playback [10], in
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Figure 9. The learning curves in terms of success rates in the verbalization condition.

Figure 10. The 30-to-60 transfer data in terms of success rates.

an attempt to capture this effect.11 In this case, the
data from 5 human subjects was compared to that of 5
model runs (see Fig. 9). Again, both sets of data were
highly similar and both were best fit by power func-
tions. We also calculated a Pearson product moment
correlation coefficient, which yielded a high positive
correlation (r =0.84).

We also compared the changes in performance due
to verbalization for the human subjects and the model
runs. This was done by averaging failure rates across
blocks separately for each human subject and for
each model run and subjecting that data to a 2×2
ANOVA. The result indicated the both groups ex-
hibited a significant increase in performance due to
verbalization (p<0.01), and that the changes due
to verbalization for the two groups were not signifi-
cantly different.
• The 30-to-60 transfer condition. Subjects were first

trained on 30-mine minefields, and then transferred
to 60-mine minefields. The model was tested under
the same condition. Both human and model data were

averaged over 10 subjects. Comparing the human
and model data (see Fig. 10), we noticed that both
learned well at 30 mines, although human data was
slightly better. When transferred to 60 mines, both
exhibited a significant drop in performance, although
the model exhibited a deeper drop.12

The afore-sketched comparison (see [66, 67]) de-
monstrates, to a certain extent, the cognitive validity
of the model, in the sense of being a reasonable inter-
pretation of the data (although, of course, it does not
uniquely proves the model).

3.3. Other Experiments

There are many other experiments with the architec-
ture that have been published in other journal articles
and so will not be repeated here. For example, Sun
and Peterson [25, 26], contain details of experiments
using alternative versions of the Clarion architecture
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(the statistical rule learning versions). Sun and Peterson
[25] contain details of computational experiments in
another domain, a maze domain. These results also
demonstrate the performance advantages of the archi-
tecture.

3.4. Discussions of Experiments

3.4.1. Verifying Predictions. Several earlier predic-
tions (made in Section 2.1) have received empirical
support. We have shown (see also [25, 26]) that (1) rule
learning helps to speed up learning (as shown earlier);
(2) rule learning sometimes helps to improve trained
performance (as shown in [25]); (3) rule learning helps
to facilitate transfer (as shown earlier), and sometimes
learned rules transfer better than the whole system (see
[25]). (Note that these results serve only as existence
proofs, not a proof of the necessity of the model ad-
vantages.)

3.4.2. Concept Formation and Symbolic Reasoning.
While learning rules, Clarion forms concepts. Al-
though there are available the distributed (feature) re-
presentations in the bottom level for specifying rule
conditions, a separate node is instead set up in the top
level to represent the conditions of a rule, that connects
to the feature representations. So along with the in-
duced rules, localist representations are formed. This
kind of conceptual representation is basically aproto-
type model[68, 69]. Localist nodes serve as identifica-
tion and coding of features, in a bottom-up direction.
Localist nodes also serve to trigger relevant features in
a top-down direction once a concept is brought into at-
tention. They can also facilitate inheritance reasoning
based on features [32, 40].

Concepts formed in this way are context-dependent
and goal (task)-oriented because they are always
formed with regard to the tasks at hand while exploit-
ing environmental regularities. A concept is formed as
part of a rule, which is learned to accomplish a task in
a certain environment. The task context and the expe-
rience can help an agent to determine which features in
the environment need to be emphasized, which kind of
object should be grouped together, and thus what con-
stitute a separate category of objects (that is, a concept).
Therefore, the acquired concepts are functional.

We can combine both learning and (complex) rea-
soning in Clarion (see [70]). The rules need not to
be in the “state→action” form. Rather, rules can be
in the “state→action result” form (which constitute

schemasas they are often called; [71]); this form can
be easily incorporated into all the aforementioned ex-
periments. This simple addition allows some power-
ful operations from traditional AI, such as backward
chaining reasoning, means-ends analysis, and counter-
factual reasoning, to be performed. These operations
can be used either to speed up learning or to help with
post-processing, such as providing explanations and
facilitating communication among agents.

4. General Discussions

4.1. Situated Cognition

The above dealing with reactive sequential decision
tasks is consistent with the situated cognition view,
in the sense that coping with the world means act-
ing in an environmentally driven fashion and dealing
with moment-to-moment contingencies. The “reac-
tive” approach embodied in this work reflects such a
view through a focus on reacting to the current state of
the world. Also in line with the situated cognition view,
learning in this work is tied closely to specific situations
as experienced, with learning reflecting and exploiting
environmental contingencies and regularities.

But there are some obvious differences too. The sit-
uated cognition view claims that there should not be
any elaborate model of the world or elaborate repre-
sentation (including goals). However, instead of being
antithetical to the representationalist view and avoiding
abstract/generic rules and models, we take a more in-
clusive approach: we show that declarative knowledge
canbe constructed on the basis of situated learning by
situated cognitive agents, thus unifying the two contra-
dictory views through a bottom-up process.

4.2. Rule Learning in AI

Though it learns rules, Clarion tackles tasks that
differ from what is usually dealt with by traditional
rule learning algorithms. Most of the supervised con-
cept/rule learning algorithms (such as AQ and ID3;
[16, 72]) require consistent data and pre-classification,
which is not available to Clarion. As “batch” algo-
rithms, they require the agent to obtain all data before
learning starts, which means higher space complexity,
slow start in learning, and no “drifting” (without ex-
tra mechanisms). They cannot be applied directly to
sequential decision tasks because they do not perform
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temporal credit assignment. There is also the incre-
mental variety of supervised learning (e.g., the version
space algorithm of [19] and also [22]). Although incre-
mental, they require labeled, complete, and consistent
descriptions of instances (no “drifting”), which is not
available to Clarion. They do not handle sequences
either.

Rule learning algorithms might be able to avoid the
problem of sequences by evaluating the values of states
and/or actions statically (in isolation). Such static eval-
uation must assume a lot of a priori knowledge about
the task on the part of the agent and thus changes the
nature of the learning problem. In contrast, we assume
minimum a priori knowledge in the agent.

Unsupervised rule/concept learning algorithms,
such as [73–75], are also unsuitable for our type of
task, in that (1) in our task there is feedback available
(reinforcements or payoffs) although there is no direct
supervision; barring static evaluation of states, such
feedback must be taken into consideration in order to
achieve successes; (2) a complete description of in-
stances on which a system can base its decisions are
usually not available; (3) temporal credit assignment is
necessary.

Some recent work, such as [70, 76], tried to incor-
porate reasoning into learning agents, which is also
what Clarion strives for. Learning and reasoning are
inseparable in cognition. For example, [77] demon-
strated how reasoning (“theory”) interacts closely with
concept learning. [78] showed that even categorization
does not rely on just similarity but also reasoning from
rules. However, these above systems did not utilize
a principled dichotomy of conceptual/subconceptual
processing.

4.3. Connectionist Rule Extraction

Fu [56] proposed a search-based algorithm to extract
conjunctive rules from perceptron networks. To find
rules, the learner first searches for all the combina-
tions of positive conditions that can lead to a con-
clusion; then, in the second phase, with a previously
found combination of positive conditions, the learner
searches for negative conditions that should be added to
guarantee the conclusion. In the case of three-layered
networks, the learner can extract two separate sets of
rules, one for each layer, and then integrate them by
substitution. Towell and Shavlik [58] used rules of an
alternative form, theN-of-M form: If N of the M

conditions, a1,a2, . . . ,aM , is true, then the conclu-
sion b is true. (It is believed that some rules can be
better expressed in such a form, which more closely
resembles the weighted-sum computation in connec-
tionist networks, in order to avoid the combinatorial
explosion and to discern structures.) A four-step pro-
cedure is used to extract such rules, by first group-
ing similarly weighted links and eliminating insignifi-
cant groups, and then forming rules with the remaining
groups. However, these rule extraction algorithms are
meant to be applied at the end of the training of a net-
work. Once extracted, the rules are fixed; there is no
modification on the fly, unless the rules are reextracted
after further training of the network. On the other hand,
in Clarion, an agent can extract and modify rules dy-
namically. Connectionist reinforcement learning and
rule learning can work together simultaneously; thus
we utilize the synergy of the two algorithms to im-
prove learning. Dynamically extracting and modifying
rules is computationally less expensive. It also helps the
agent to adapt to changing environments, by allowing
the addition and the removal of rules at any time. For
more recent work on rule extraction, see the collection
[79].

4.4. Hybrid Models

Let us now turn to the form of the model. Hy-
brid models (connectionist and symbolic, reactive and
deliberate, rules and non-rules, representation and
non-representation, etc.) have become popular. These
models include [32, 40–44, 80–82], among others.
However, some have objected to such an approach,
claiming that such research will “most likely be frus-
trated by its lack of a consistent conceptual frame-
work”. In our view, hybridness can be consistent or
even principled. From a cognitive perspective, the two-
level architecture is principled, as it is based on the the-
ories concerning the dichotomy of the conceptual and
the subconceptual. In the experiments reported here,
we see that there can also be a performance advantage
in combining declarative knowledge/rule learning and
procedural skills/reinforcement learning.

Similarly, adopting multiple learning methods in hy-
brid models has been dubbed the “kitchen sink ap-
proach”. We insist that the present model is not a mere
“kitchen sink”. This is because itunifiestwo different
learning methods in an integrated architecture, so that
their synergy is explored. Moreover, it can be viewed
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as an extension of Q-learning, because rule learning
here is distinct from existing algorithms and specifi-
cally designed to help with Q-learning.

Some other hybrid connectionist models try to im-
plement all types of knowledge (symbolic and non-
symbolic) in one particular kind of connectionist
network or another; for example, [55, 83–85] try to
implement knowledge in localist networks, and [43,
80, 86, 87] try to implement knowledge in distributed
networks. Clarion, among others such as [40, 42,
45, 82], takes a different tack and attempts to develop a
principled dichotomy of the conceptual vs. the subcon-
ceptual in architectures. Among those models that in-
corporate such a dichotomy, some tend to simply juxta-
pose the two sides of the dichotomy. Instead, Clarion
attempts to explore their synergy.

Some existing hybrid models do not or cannot per-
form learning, such as [40, 44, 83, 88, 89], although
their representations are more complex and sophisti-
cated. Others perform learning in a batch fashion, such
as [45, 80], although their learning task may be quite
difficult. Instead, Clarion performs on-line (concur-
rent) learning [42, 90]. Clarion is thus more cogni-
tively plausible and more ecologically realistic in this
regard (see e.g. [5, 49]). Clarion is also capable of
integrated learning (that is, developing connectionist
and symbolic representation along side of each other),
which is unlike any of the existing models. In addition,
most of the existing learning models explore mainly
top-down learning (including advice taking), in which
externally given declarative knowledge is turned into
procedural knowledge through practice [28, 29, 33, 42,
90, 91]. Instead, Clarion explores bottom-up learn-
ing, to demonstrate how conceptual/symbolic knowl-
edge can emerge in interacting with the world through
the mediation of subconceptual procedural knowledge.

4.5. Cognitive Modeling

The major difference between Clarion and other
cognitive architectures is the fact that Clarion uti-
lizes a combination of two processes and two repre-
sentations, and exploits synergy of them (see [45]).
Both representations are acquired through autonomous
exploration by the learner, instead of being externally
given or requiring a large amount of a priori knowledge
to begin with. This is in sharp contrast to well known
cognitive architectures such as ACT [27–29, 33] and
SOAR [4].

In [92] an architecture was developed 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 con-
ditions identified and tuned through statistical means
based on relevance. It can also build abstractions out of
primitive actions. However, the model does not make
the dichotomatic distinction of procedural vs. declara-
tive knowledge and thus does not account for the dis-
tinction of implicit vs. explicit learning [46, 93].

The process difference in the two levels of Clarion
resembles those in some other psychological models of
learning: for example, (1) the difference between the
strategies of look-ahead vs. table lookup as proposed by
[93] for explaining the difference between explicit and
implicit learning; (2) the difference between algorithms
vs. instance retrieval as proposed by [94] for accounting
for the difference between initial trials and later skill-
ful performance in the course of skill learning; (3) the
difference between mental models/theories vs. experi-
ences as proposed by [95] in relation to the difference
between explicit verbalization and implicit skill. The
former type in each dichotomy is slower (more serial)
and more deliberate, while the latter is relatively effort-
less and automatic. It appears that such a mechanistic
difference may be applicable in modeling a variety of
cognitive processes. It has been applied in some of our
previous cognitive models (see [32, 40, 44]).

4.6. Relations to Consciousness

As having been discussed in Sun [38], the crucial link
between this model of procedural/declarative know-
ledge and the conscious/unconscious distinction in
humans was in the psychological work on implicit
learning (e.g., [39, 46, 95]). Such work showed the dis-
sociation between conscious and unconscious learning.
That is, human knowledge, and its acquisition process,
could be partially or completely unconscious. The con-
nection from such data to our model laid in the ability
of the model to account for some of the most important
characteristics of human implicit/explicit learning, as
described in [38]. The Clarion model explained con-
sciousness by accounting for phenomena in psycholog-
ical literature in terms of the two levels in the model
and their associated mechanisms. Moreover, the model
readily accommodated important features of existing
models of consciousness (see [38]).
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4.7. Extensions

In order to further explore the performance of the
model, experiments are needed in a variety of differ-
ent domains, especially more complex domains. We
shall consider the following tasks: (1) tasks in which
location information is available [8], which makes it
more difficult to extract generic rules, in order to ex-
tend the transfer ability of the model; (2) tasks in which
even more sensory information is available so that the
learning space is even larger; (3) tasks in which the
environment is more noisy or more probabilistic, and
the probability distribution changes over time.

We shall also further investigate concept formation
by an agent embedded in a task environment, to develop
concepts automatically that are pertinent and beneficial
to the task at hand, through exploring the task environ-
ment. There are a variety of other learning techniques
that can be used in Clarion. We need to try out, and to
explore the interplay of, these different learning tech-
niques.

Another extension is incorporating top-down learn-
ing, in addition to bottom-up learning, by accepting
external advice and assimilating it internally (see [28,
29, 33, 96]). In addition, we shall also look into imple-
menting a variety of subconceptual, intuitive processes
in the bottom level, such as constraint satisfaction and
similarity-based (analogical) reasoning and categoriza-
tion [40].

5. Conclusions

In this paper, we focused on an example of a hybrid ar-
chitecture. Its learning was reactive, experience-driven,
and on-line, developing both subsymbolic and sym-
bolic representations. Clarion was able to learn au-
tonomously, and to develop both procedural skills
and declarative knowledge, in a bottom-up direction,
through exploring the world.

Utilizing a principled dichotomy, Clarion was
able, at least in some circumstances, to learn faster,
perform better, and transfer more effectively than mod-
els that neglect such a dichotomy. Experiments in vari-
ous different tasks demonstrated in the three aspects the
potential for such advantages (some experiments in the
navigation domain was presented). They suggested
that the combination of the two types of knowledge
could yield synergistic results.

Moreover, Clarion was able to match human
skill learning data to a certain extent. This matching

demonstrated the cognitive validity of the architecture
(to the extent that it accounted for human data to a
certain degree of accuracy).

A. Appendix

A.1. Q-learning at the Bottom Level

In the Q-learning algorithm,Q(x,a) estimates the
maximum discounted cumulative reinforcement that
the agent will receive from the current statex on:
max(

∑∞
i=0 γ

i r i ), whereγ is a discount factor that fa-
vors reinforcement received sooner relative to that re-
ceived later, andri is the reinforcement received at step i
(which may be 0). The updating ofQ(x,a) is based
on minimizing

r + γe(y)− Q(x,a)

whereγ is a discount factor,y is the resulting state, and
e(y) = maxa Q(y,a). Thus, the updating is based on
the temporal differencein evaluating the current state
and the action chosen.13 Through successive updates of
theQ function, the agent can learn to take into account
future steps in longer and longer sequences notably
without explicit planning [49].

To implement Q-learning, we chose to use a four-
layered network (see Fig. 11), in which the first three
layers form a backpropagation network for computing
Q-values and the fourth layer (with only one node)
performs stochastic decision making. The network is
internally subsymbolic as decided earlier. The output
of the third layer (i.e., the output layer of the backpro-
pagation 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 a Boltzmann distribution [49]:

p(a | x) = e1/αQ(x,a)∑
i e1/αQ(x,ai )

Figure 11. The Q-learning method.
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Hereα controls the degree of randomness (tempera-
ture) of the decision-making process.

The training of the backpropagation network is based
on minimizing the following:

erri =
{

r + γe(y)− Q(x,a) if ai = a

0 otherwise

wherei is the index for an output node representing
the actionai . The backpropagation procedure is then
applied as usual to adjust weights.

The lookup table implementation of Q-learning is
out of question here because of the (likely) continuous
input space and when discretized, the resulting huge
state space (e.g., in the minefield navigation task there
are more than 1012 states). Some kind of function ap-
proximator has to be used that can generalize from
some states to others [8–10, 53]. But as a result the
convergence of learning is not guaranteed.

A.2. Rule Encoding

There are a number of previous proposals of rule en-
coding in connectionist networks (e.g. [55–58]) that
we can draw upon. For each rule, a set of links can be
established, each of which connects a concept in the
condition of a rule to the conclusion of the rule. So
the number of incoming links to the conclusion of a
rule is equal to the number of conditions of the rule. If
the concept in the condition is in a positive form, the
link carries a positive weightw; otherwise, it carries a
negative weight−w. Sigmoidal functions are used for
node activation (as an obvious choice; other functions
are also possible):

1

1+ e
∑

i i iwi−τ

The thresholdτ of a node is set to ben ∗ w − θ ,
wheren is the number of incoming links (the number of
conditions leading to the conclusion represented by this
node), andθ is a parameter, selected along withw to
make sure that the node has activation above 0.9 when
all of its conditions are satisfied, and has activation be-
low 0.1 when some of its conditions are not met. (Ac-
tivations above 0.9 are considered 1, and activations
below 0.1 are considered 0; so rules are crisp/binary.)
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 the concepts in the condition of
one rule are linked to the same intermediate node, and
then all the intermediate nodes are linked to the node
representing the conclusion. For more complex rule
forms including predicate rules and variable binding,
see [55].
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Notes

1. Sequentiality is clearly essential in human intelligent behavior
as work in areas ranging from instrumental conditioning to cog-
nitive skill acquisition has demonstrated [1, 97, 98].

2. An agent might have someinternalstates, such as limited mem-
ory. Usually these internal states can be set and reset by ap-
propriate (internal) actions of the agent [99]. From a formal
view point, these internal states and their related actions are in-
distinguishable from external ones and can be viewed simply
as part of the world. In case multiple agents are present in the
world, to an individual agent, the existence of other agents can
also be viewed as a part of the external world. The actions of
other agents and the resulting change of the world can be simply
viewed as autonomous changes occurred in the external world
over time, and can thus be handled in the same way as described
before.

3. It may not even be clear what constitutes a sequence and how
long it is; the resource limitation may prevent it from remem-
bering sequences.

4. In an “incremental” algorithm based on explicit statistics,
changes can be gradually accommodated [100].

5. Note that we are not aiming to capture all of the above dicho-
tomies. Denoting more or less the same thing, these dichoto-
mies serve as justifications for our main distinction between
declarative knowledge and procedural skills.

6. This two-level framework can be parsimonious, as learning pro-
cedural skills serves a dual purpose.

7. The lookup table implementation of Q-learning is out of question
here because of the (likely) continuous input space and when
discretized, the resulting huge state space.

8. Phase transition can be automatically determined based on the
current performance level of the model.

9. The interval of a condition is determined by the granularity of
the condition. For a binary condition, one expansion will reach
its full range.
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10. The performance of an agent without pre-training (which takes
a lot more steps) is of no relevance and thus not shown here.

11. Episode memory playback involves training the model with
previously performed episodes between blocks of actual trial
episodes in exactly the same manner as in human experiments.

12. Specifically, we compared performance of the last block before
the change in mine density and the first block after the change.
Success rates were 98 and 79% for the human subjects and 83
and 26% for the model runs respectively. The drops were both
statistically significant.

13. In the above formula,Q(x,a) estimates, before actiona is
performed, the (discounted) cumulative reinforcement to be re-
ceived if actiona is performed, andr +γe(y) estimates the (dis-
counted) cumulative reinforcement that the agent will receive,
after actiona is performed; so their difference (the temporal dif-
ference in evaluating an action) enables the learning of Q-values
that approximate the (discounted) cumulative reinforcement.
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