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Abstract—Some psychologists have criticized computational 
cognitive architectures on the basis of model complexity and 
parameter tweaking. This paper addresses these criticisms by 
using a well established cognitive architecture, CLARION, and 
extracting its core theory to explain a wide range of reasoning 
(and other) data. The resulting model provides principled, almost 
parameter-free explanations for psychological “laws” of plausible 
reasoning. This paper concludes with a discussion of the 
implication of this approach for cognitive science and psychology. 
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I.  INTRODUCTION  
Developing psychologically realistic cognitive theories or 

models from empirical data is a difficult task. Vastly different 
theories or models may be used to explain the same phenomena 
observed in experimental psychology. This problem may be 
alleviated by applying significantly more constraints on 
theories. The general approach toward adding constraints to 
any scientific theory is collecting more data. As argued in [1], 
much more data could be used to constraint a theory if the 
theory was designed to explain a wider range of phenomena. 
Such ‘integrative’ theories have taken the form of 
computational cognitive architectures, and some of them have 
been successful at explaining a wide range of data in a (more or 
less) unified way (e.g., [2]-[3]).  

However, on the down side, cognitive architectures tend to 
be complex, including multiple modules and many parameters. 
The problem of complexity has been recognized and discussed 
in [4], which argued that a cognitive architecture should be 
minimal. Minimality needs to be attained in two senses. First, a 
cognitive architecture should have only minimal initial 
structures. Second, the internal structures and representations 
should also be kept to a minimum while capturing human data. 
In this article, we show how the CLARION cognitive 
architecture [3] [5]-[7] can be condensed to its core theory 
while maintaining its ability to account for many psychological 
phenomena. In this article, due to space limitation, we 
specifically focus on some prominent phenomena in plausible, 
uncertain reasoning. The reader is referred to many other 
publications for other psychological phenomena accounted for 
by CLARION. 

The remainder of this article is organized as follow. First, 
Section II introduces the core theory of the CLARION 

cognitive architecture. Then, the core theory is used to provide 
principled (and almost parameter-free) explanations of 
uncertain reasoning phenomena: heuristics (Section III) and 
induction (Section IV). This article concludes with a short 
discussion of the implications of research. 

II. THE CLARION COGNITIVE ARCHITECTURE 
CLARION is a cognitive architecture that is, in part, based 

on two basic assumptions: representational differences and 
learning differences of two types of knowledge: implicit versus 
explicit [3] [5]-[7]. These two types of knowledge differ in 
terms of accessibility and attentional resource requirement. The 
top level of CLARION (as in Fig. 1) contains explicit 
knowledge (easily accessible, but requiring more attentional 
resources) whereas the bottom level contains implicit 
knowledge (harder to access, but mostly automatic). Sun et al. 
[5]-[7] have shown that the results of top- and bottom-level 
processing need to be integrated in order to capture the 
interaction of implicit and explicit processing in humans.  

CLARION is further divided into subsystems, mainly the 
Action-Centered Subsystem and the Non-Action-Centered 
Subsystem. The Action-Centered Subsystem (with both levels) 
contains procedural knowledge concerning actions and 
procedures (i.e., procedural memory), while the Non-Action-
Centered Subsystem (with both levels) contains declarative 
knowledge (i.e., declarative memory, both semantic and 
episodic; [7]). The Non-Action-Centered Subsystem is 
controlled by the Action-Centered Subsystem. The Non-
Action-Centered Subsystem is used for various types of 
reasoning [5] [8]. 

The second assumption in CLARION concerns the 
existence of different learning processes in the top and bottom 
levels [6]-[7]. In the bottom level, implicit associations are 
learned through gradual trial-and-error learning. In contrast, 
learning of explicit rules in the top level is often “one-shot” and 
represents the abrupt availability of explicit knowledge 
following “explicitation” of implicit knowledge or new 
acquisition of verbal (or otherwise explicit) information. The 
inclusion of and the emphasis on bottom-up learning (i.e., the 
transformation of implicit knowledge into explicit knowledge) 
are, in part, what distinguishes CLARION from other cognitive 
models [9]. 

 



A. The Action-Centered Subsystem 
The Action-Centered Subsystem (ACS) is the major 

subsystem of CLARION [6]-[7]. In addition to being a 
procedural memory, the ACS is also used to capture some 
executive functions (i.e., the control of some other subsystems). 
As such, the ACS receives inputs from the environment, and 
provides action recommendations. The description of the ACS 
in the present paper is conceptual, because technical formalities 
are not needed to account for the range of phenomena covered 
in this paper. (Readers interested in the technical details of the 
ACS are referred to [6]-[7].) 

1) Top Level: In the top level of the ACS, explicit 
knowledge is represented based on condition chunks and action 
chunks. Condition chunks can be activated by the environment 
(e.g., a stimulus) or other CLARION subsystems. Action 
chunks can represent motor programs or command/queries to 
other CLARION subsystems. In particular, an action 
recommendation of the ACS can be used to query the Non-
Action-Centered Subsystem with a round of reasoning (as 
detailed later). In this case, the Non-Action-Centered 
Subsystem can return chunks resulting from the round of 
reasoning, which can be used in the ACS as action 
recommendations or as conditions for computing action 
recommendations.  

Chunks returned from the Non-Action-Centered Subsystem 
are accompanied by their internal confidence levels, which 
capture the confidence in the answers returned to the ACS. The 
ACS can use a threshold (i.e., ψ) on the internal confidence 
level to decide on accepting/rejecting the results of NACS 
processing.  

Condition and action chunks are individually represented 
by chunk nodes at the top level in a connectionist network and 
have clear conceptual meanings (i.e., localist representations). 
The chunk nodes in the top level are linked to implement 
explicit rules of the form “Condition chunk node  Action 
chunk node”. These rules can be represented by connections 

weights between chunk nodes, thus forming a linear 
connectionist network. These explicit procedural rules, and the 
chunk nodes involved, can be learned bottom-up (via the Rule-
Extraction-Refinement algorithm; [6]), by explicit hypothesis 
testing (via the Independent Rule Learning algorithm), or be 
fixed (e.g., from experimental instructions). In all cases, top-
level rules are learned in a “one-shot” fashion [3]. 

2) Bottom Level: The bottom level of the ACS uses 
(micro)feature-based distributed representations to capture 
implicit procedural knowledge. Each top-level chunk node is 
represented by a set of (micro)features in the bottom level (i.e., 
distributed representations). The (micro)features (in the bottom 
level) are connected to the chunk nodes (in the top level) so 
that they may be activated together through bottom-up 
activation (when the features are activated first) or top-down 
activation (when the chunks are activated first). 

In the bottom level, the (micro)features are connected using 
several specialized nonlinear connectionist networks. Each 
network can be thought of as a highly efficient routine (once 
properly trained) that can be used to accomplish a particular 
task. Training of the bottom-level networks is iterative and 
done using backpropagation implementing Q-learning [6]. 

B. The Non-Action-Centered Subsystem 
The Non-Action-Centered Subsystem (NACS) of 

CLARION is a “slave-system” used to capture declarative 
(both semantic and episodic) memory [3]. The inputs and 
outputs of this subsystem usually come from and go to the 
ACS. The NACS is used to capture many forms of reasoning 
[5] [8]. A technical description of the core processes of the 
NACS is provided below. (The reader interested in the 
complete description is referred to [3].) 

1) Top Level: In the top level of the NACS, explicit 
knowledge is represented by chunk nodes (same as in the ACS 
top level). However, unlike in the ACS, NACS chunks are not 
divided into condition and action chunks; all chunk nodes 

Fig. 1. The CLARION architecture. ACS stands for the action-centered subsystem, NACS the non-action-centered 
subsystem, MS the motivational subsystem, and MCS the meta-cognitive subsystem.



represent concepts. Each chunk node can be activated by: (a) 
an ACS query, (b) its association with another chunk node (via 
an associative rule), or (c) its similarity to another chunk (via 
similarity matching). When a NACS chunk node is activated 
by an ACS query, its activation is generally set to 1 (i.e., sj

ACS = 
1). However, the other two sources of activation can have 
smaller (positive) values. 

NACS chunk nodes may be linked to represent 
‘associative’ rules. In the simplest case, representing 
associative rules using connection weights, the top level of the 
NACS can be a linear connectionist network: 

                              
s j

r = si
i
∑ × wij

r

 (1) 

where sj
r is the activation of chunk node j following the 

application of an associative rule, si is the activation of chunk 
node i, and wij

r is the strength of the associative rule from 
chunk node i to chunk node j (by default, wij

r = 1/n, where n is 
the number of chunks in the condition of the associative rule).1 
The application of (1) is referred to as rule-based reasoning 
[10]. 

NACS chunks are also related through similarity, which 
enables reasoning by similarity. In CLARION, the activation of 
a chunk due to its similarity to other chunks is termed 
similarity-based reasoning. Specifically,  

                            icc
s
j sss

ji
×= ~  (2) 

where sj
s is the activation of chunk node j due to its similarity to 

other chunks, sci~cj is the similarity from chunk i to chunk j, and 
si is the activation of chunk node i. The similarity metric (sci~cj) 
is defined later (see (6) below).  

Overall, the activation of each chunk node in the top level 
of the NACS is equal to the maximum activation it receives 
from the three previously mentioned sources, that is: 

sj = max(sj
ACS

, β1 × sj
r
, β2 × ss

j ) (3) 

where sj is the overall activation of chunk node j, and β1 and β2 
are scaling parameters quantifying the weights of rule-based 
and similarity-based reasoning respectively.2 (By default, β1 = 
β2 = 1.) 

Regardless of the activation source, chunks that are inferred 
(activated) in the NACS may be sent to the ACS for 
consideration in action decision-making. Every chunk sent 
back to the ACS is accompanied by an internal confidence 
level. 

                                                           
1  It should be noted that all rules fire in parallel in the NACS of 

CLARION. As such, a chunk node can receive activation by more than one 
associative rules. In this case, the maximum rule-based activation is used. 

2 It should be noted that, mathematically, β1 and β2 add a single degree of 
freedom to the model. However, separate parameters were used here to 
facilitate the interpretation of the parameter values. 

When only one chunk is to be returned to the ACS, a chunk 
is stochastically selected using a Boltzmann distribution: 

                         

P(chunk j) = es j α

esi α

i
∑

  (4) 

where P(chunk j) is the probability that chunk j is selected to be 
returned to the ACS, sj is the activation of chunk node j (as in 
(3)), and α is a free parameter representing the degree of 
randomness (i.e., temperature). This normalized activation is 
used as the internal confidence level.  

In addition to the above-mentioned activation, each chunk 
node has a base-level activation defined as: 

                           
bj

c = ib j
c + c tl

−d

l=1

n

∑
 (5) 

where bj
c is the base-level activation of chunk node j, ibj

c is the 
initial base-level activation (by default, ibj

c  = 0), c is the 
amplitude (by default, c = 2), d is the decay rate (by default, d 
= 0.5), and tl is the lth use of the chunk node. This measure has 
an exponential decay and corresponds to the odds of needing 
chunk j based on past experiences [11]. When the base-level 
activation of a chunk falls below a “density” parameter (dc), the 
chunk is no longer available for reasoning (rule-based or 
similarity-based), capturing forgetting. 

Like in the ACS, chunks in the NACS (and corresponding 
chunk nodes) can be learned by explicitly encoding given 
information or by explicitly encoding knowledge learned 
bottom-up from the bottom levels (of both the ACS and the 
NACS). In addition, each item experienced has probability p of 
being encoded in the NACS as a chunk at every time step (for 
details, see [3]). 

2) Bottom Level: As in the ACS, the bottom level of the 
NACS uses (micro)feature-based representations to encode the 
chunks with distributed representations [5]. The 
(micro)features are connected to the corresponding top-level 
chunk nodes so that, when a chunk node is activated, its 
corresponding bottom-level feature-based representation (if 
exists) is also activated and vice versa. (Alternatively, any 
bottom-level feature in the NACS can be directly activated by 
an ACS query.)  

    The connections between top-level chunk nodes and their 
corresponding bottom-level feature-based representations allow 
for a natural computation of similarity (as in (2)): 

                           

sci ~c j
=

nci ∩c j

f nc j( )

=
wk

c j hk ci,c j( )
k
∑
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c j

k
∑
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⎝ 
⎜ 
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⎠ 
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  (6) 



where wk
cj is the weight of feature k in chunk j (by default, wk

cj 
= 1 for all k’s), hk(ci, cj) = 1 if chunks i and j share feature k and 
0 otherwise, and f(x) is a slightly super-linear, monotonically 
increasing, positive function (by default, f(x) = x1.1). So by 
default, nci∩cj counts the number of features shared by chunks i 
and j (the feature overlap) and ncj counts the total number of 
features in chunk j. However, the feature weights can be varied 
due to prior knowledge or context. Similarity-based reasoning 
in CLARION is naturally accomplished using (a) top-down 
activation by chunk nodes of their corresponding bottom-level 
feature-based representations, (b) calculation of feature overlap 
between any two chunks (as in (6)), and (c) bottom-up 
activation of the top-level chunk nodes (as in (2)). 

Feature nodes in the bottom level of the NACS may be 
connected using, for example, a synchronous Hopfield-type 
network that allows for learning continuous-valued patterns 
[12]. The transmission within the network is as follows: 

                            
xi t +1[ ] = g wij x j t[ ]

j=1

N

∑
⎛ 

⎝ 
⎜ ⎜ 

⎞ 

⎠ 
⎟ ⎟ 
 (7) 

  

g y( ) =

+1                            ,  if   y > 1

(δ +1)y −δy 3           ,  if  -1≤ y ≤1

−1                             ,  if   y < −1

⎧ 

⎨ 
⎪ 

⎩ 
⎪ 

            (8) 

where N is the number of nodes in the network, xi[t] is the state 
of node i in the network at time t, δ > 0 is a free parameter 
representing the slope of the transmission function (by default, 
δ = 0.4), and wij is the weight from j to i. 

 Weights may be learned online using, for example, 

                       
wij k +1[ ] = ζwij k[ ] + η x ix j − xi p[ ] x j p[ ]( )               (9) 

where wij[k] is the connection weight between nodes i and j at 
time k (wij[0] = 0), xi[p] is the activation of node i after p 
applications of (7) and (8) (by default, p = 1), η is the learning 
rate (by default, η = 0.001), ζ is a memory efficiency parameter 
(by default, ζ  = 0.9999), and ix  is the output of the vigilance 
module (for details, see [13]). Learning is online; that is, 
learning occurs each time a stimulus is presented to the model. 

III. PLAUSIBLE REASONING WITH HEURISTICS 
In real-life reasoning, people are often unsure about the 

validity of their conclusions [14]. Still, conclusions must be 
drawn, as long as they are plausible. Such plausible reasoning 
is ubiquitous for humans [15].  

Below are four important phenomena and heuristics along 
with the explanations of them from the CLARION accounts. 
Two parameters were varied (i.e., α, the temperature in the 
decision process; and wk

cj, the weight of feature k in chunk j). 

A. Representativeness heuristic 
It has been shown empirically that human subjects have the 

tendency of using the representativeness heuristic (see, e.g., 
[15]). That is, the probability of a situation is often estimated to 
be positively related to how well the situation represents (is 
similar to) stored prototypical situations.  

CLARION provides a computational explanation for this 
phenomenon. In CLARION, each prototypical situation is 
represented by a chunk in the NACS (due to prior experiences). 
Each top-level chunk node is linked to a set of (micro)features 
in the bottom level. When a new situation is encountered, a 
chunk representing this new situation may not be present in the 
NACS (therefore the corresponding chunk node may not be 
present at the top level), but the corresponding (micro)features 
in the bottom level are activated by the stimulus. These features 
activate existing chunk nodes at the top level representing 
chunks related to the new situation (by similarity-based 
reasoning, as in (6)). All the activated chunks are sent back to 
the ACS along with their internal confidence levels 
(normalized chunk activations, which are used for probability 
estimations). This similarity-based bottom-up activation within 
the NACS is responsible for the representativeness heuristic, as 
it generates representative (similar) instances as a basis for 
further reasoning.  

The representativeness heuristic has been used to account 
for several known biases in human reasoning (for a review, 
[15]). Some of the most well known biases are described 
below. 

Base-rate neglect. In a normative sense (as prescribed by 
Bayes’ theorem), when estimating the probability that a 
fictional character, Steve, is a librarian or a farmer, the total 
number of librarians and farmers should be considered. 
However, in many cases, human subjects do not consider this 
base-rate information and only rely on the representativeness 
heuristic [15] – that is, is the description of Steve more 
representative of librarians or farmers? If Steve is more 
representative of librarians, the estimated probability that Steve 
is a librarian is higher than the estimated probability that Steve 
is a farmer (notwithstanding the actual probabilities). 

In CLARION, the mechanism used to account for the 
representativeness heuristic accounts for the base-rate neglect. 
In relation to the example above, ‘Steve’ may not be 
represented by a top-level chunk node in the NACS, but its 
description can be used to activate a set of (micro)features in 
the bottom level. The feature similarity between Steve’s 
description and the chunks representing ‘farmer’ and ‘librarian’ 
activate the two corresponding chunk nodes bottom-up: 

sf = sc s ~c f
=

ncs ∩c f

f (ncf
)   

sl = scs ~cl
=

ncs ∩cl

f (ncl
) 

where sf is the activation of the ‘farmer’ chunk node, and sl is 
the activation of the ‘librarian’ chunk node. These two chunks 
are sent back to the ACS along with their internal confidence 
levels (i.e., normalized activations). The probability judgments 



made by the ACS are based on the internal confidence levels, 
which represent chunk activation through similarity-based 
reasoning. Base rates are not considered in the estimations 
above (note that the feature activation in the bottom level, in 
this case, was not processed by the settling procedure of an 
attractor neural network). Hence, CLARION displays base-rate 
neglect (when no elaborate implicit processing using, e.g., an 
attractor neural network, is performed). 

Conjunction fallacy. In experiments, subjects were asked 
to estimate the probability that Linda is a bank teller, and the 
probability that she is a feminist bank teller [16]. The results 
showed that they estimated the former to be less probable than 
the later, even though the first category (i.e., bank teller) 
includes the second (i.e., feminist bank teller). According to 
Tversky and Kahneman [16], this results from the application 
of the representativeness heuristic, because Linda’s description 
was more similar to (more representative of) a feminist bank 
teller then a (regular) bank teller. 

The explanation for this phenomenon, according to 
CLARION, is similar to that for the base rate neglect. Although 
Linda may not be represented by a chunk node in the top level 
of the NACS, separate top-level chunk nodes exist representing 
the concepts ‘bank teller’, ‘feminist’, ‘feminist bank teller’, and 
so on (due to prior experiences). The description of Linda 
activates a set of (micro)features in the bottom level, which is 
used to compute the similarity between Linda and ‘bank teller’ 
and between Linda and ‘feminist bank teller’, and activate the 
corresponding two chunk nodes bottom-up: 

st = scl ~ct
=

ncl ∩ct

f (nct
)   

sft = scl ~c ft
=

ncl ∩c ft

f (ncft
)  

where st is the activation of the chunk node ‘bank teller’, and sft 
is the activation of the chunk node ‘feminist bank teller’. Both 
chunks are sent back to the ACS along with their respective 
internal confidence level. If Linda is more similar to ‘feminist 
bank teller’ than ‘bank teller’, the ‘feminist bank teller’ chunk 
node should have a higher activation, thus yielding a higher 
estimate than ‘bank teller’. This process explains the 
conjunction fallacy. 

B. Availability heuristic 
It has been shown in many human experiments that subjects 

estimate the probability of an event based on the ease with 
which similar events can be retrieved from memory [14]-[15]. 

CLARION provides a computational explanation for this. 
In CLARION, the NACS is the declarative memory that can be 
probed by the ACS. As explained in Section III.A, stimuli that 
are more similar to existing chunks in the NACS yield higher 
chunk node activation for these existing chunks. The chunk 
node activations are turned into a Boltzmann distribution and 
one of the chunks is stochastically chosen to be sent back to the 
ACS (i.e., retrieved from declarative memory). In general, 
higher chunk node activation makes a chunk easier to retrieve 
because it increases the probability that it is chosen in 

stochastic selection. This process is repeated a number of 
times, and the subject’s subjective probability is estimated 
based on the frequency of such retrieval. This provides an 
intuitive explanation for the availability heuristic.  

The availability heuristic has been used in the literature to 
account for several known biases in human reasoning [15]. 
Two of the most well known cases are presented below. 

Retrievability of instances. In experiments, subjects were 
read a list of man and woman names, and asked to judge if 
there were more man names or more woman names on the list 
[15]. The results showed that when famous man names were 
included in the list, subjects estimated that there were more 
man names on the list (notwithstanding the actual number of 
man names on the list). According to the availability heuristic 
hypothesis, participants tried to recall names from the list and 
made an estimate on that basis (i.e., if they could remember 
more man names, they assumed that there were more man 
names in the list). Famous names are easier to retrieve from 
memory. 

CLARION accounts for this phenomenon. In CLARION, 
every time a name is seen or used, it is (re)learned by the 
bottom-level attractor neural network within the NACS (9). 
Famous names are learned more often (e.g., by seeing them 
more often from media sources). As discussed earlier, the 
bottom level of the NACS is affected by training frequency, 
because each time a name is encountered, it is (re)learned and 
thus strengthened. Therefore, generally, attractors representing 
famous names have larger attractor fields [13].  

According to CLARION, memory search that is not 
initiated by a cue (i.e., free recall) is initiated by random 
activation in the bottom level [5], and attractors with larger 
attractor fields are more likely to be settled into, and thus 
retrieved and sent back to the ACS (after normalization and 
stochastic selection as described before) [13]. Therefore, 
famous names are more likely to be retrieved and thus the 
corresponding category (“man names”) yields a higher 
estimate. 

Effectiveness of search set. Cues can improve memory 
search [17], and some cues are better than others. According to 
Tversky and Kahneman [15], subjects tended to make 
probability estimates by trying to recall as many examples as 
possible from memory and choose the response that 
corresponds to the cue that led to more recalls. For instance, the 
first letter of a word is a much better cue to recall the word than 
its third letter. Hence, if trying to decide whether more words 
start with the letter ‘r’ or have an ‘r’ in the third position, 
subjects try to recall words with  ‘r’ in first and third positions, 
and tend to respond (incorrectly) that there are more words 
with an ‘r’ in the first position because they can retrieve more 
such words [15]. 

In CLARION, cued recall can be seen as a special case of 
similarity-based reasoning. Items in the NACS (including 
stored words) are represented by chunk nodes at the top level. 
The bottom-up activation of a chunk node may be proportional 
to the number of its (micro)features that are activated in the 
bottom level. However, some (micro)features are more closely 
associated with the chunk and constitute better cues for recall 



(i.e., they have higher cross-level weight values; see (6)). Thus, 
when features with higher weights to a chunk node are 
activated by the cue, the activation of the corresponding chunk 
node is higher. As in the preceding explanations, this activation 
is normalized using a Boltzmann distribution and a chunk is 
stochastically chosen to be sent back to the ACS (as the 
recalled item). Chunks that are more highly activated are more 
likely to be selected. Therefore, some cues are better than 
others and subjects choose the response that corresponds to the 
better cue.  

C. Simple estimates of probability 
In some psychological experiments, the response 

frequencies of subjects tend to match the frequency of their 
prior exposure to the stimuli associated with these responses 
(i.e., probability matching: [14]). For instance, if the subjects 
are asked which of two lights is going to be turned on next, the 
probability of choosing the first light corresponds to the 
relative prior frequency of this light being turned on in the 
experiment. 

CLARION explains this computationally. In the bottom 
level of the CLARION NACS, the attractor neural network 
(implicitly) encodes (i.e., summarizes) past experiences with 
the lights (with each light corresponding to a different attractor, 
as explained before). Previous work has shown that this 
network accurately estimates the underlying probability 
distribution of the environment [13].  

In the absence of cues, memory search in the bottom level 
is initiated using random activations [5], and the bottom-level 
attractor neural network is given time to settle. The probability 
of the network settling into each attractor corresponds to the 
network’s prior training schedule [13]: The more frequent an 
item is seen, the larger the corresponding attractor is, and 
consequently the more likely it is to settle into that attractor, 
matching roughly the prior frequency. Then the final settled 
state of the bottom level activates a chunk node bottom-up, 
which initiates the corresponding response (as described 
before). This explanation provides an account of the human 
tendency to behave as probability matchers. 

D. Over/under confidence in assessment of performance 
In many uncertain reasoning experiments, it has been 

observed that subjects tend to be over-confident in highly 
probable responses and under-confident in unlikely responses 
[14].  

CLARION explains this phenomenon computationally. In 
the NACS, after a reasoning cycle, some chunk nodes are 
activated and their activations are normalized using a 
Boltzmann distribution (4). One of the chunks is stochastically 
chosen and sent back to the ACS to produce a response. The 
internal confidence level is based on the normalized activation 
of the chunk returned to the ACS. When the temperature 
parameter (α) is low, the differences between the normalized 
activations of the chunks tend to be exaggerated and 
CLARION is both over-confident in highly activated responses 
and under-confident in responses that have a low activation. 
Low α values are typical in CLARION simulations and have 
been shown to match human performance in many tasks [5]. 

Thus, CLARION can simultaneously display both over- and 
under-confidence (under proper parameter settings; i.e., low α 
values). 

IV. INDUCTIVE REASONING 
Induction is an essential cognitive process that generates 

general conclusions from observation of instances [18]. While 
this form of reasoning can be error-prone, it allows humans to 
function in their environment by making predictions and 
planning their actions accordingly [19].  

According to CLARION, this form of reasoning relies on 
retrieval from declarative memory (the NACS), and the 
retrieval is very much similarity-based. Here, we examine a 
few essential phenomena observed, along with their 
explanations based on the NACS of CLARION. In this 
subsection, only one numerical parameter was varied to 
account for these phenomena (i.e., wk

cj, the relative weight of 
feature k in chunk j). 

A. Similarity between the premise and the conclusion 
It has been observed that human inductive reasoning is 

clearly affected by the similarity between the premise and the 
conclusion, not just based on logic [20]-[21]. For example, 
subjects make stronger inference from rabbits to dogs than 
from rabbits to bears [18].  

CLARION explains this phenomenon. In CLARION, the 
similarity between chunks i and j is a function of the number of 
overlapping features.  Specifically, 

s j
s = sci ~c j

× si

= si

f nc j( ) × nci ∩c j

 
where sj

s is the strength (activation) of chunk node j  (from 
similarity-based reasoning (6)), si is the strength (activation) of 
the premise chunk node i, nci∩cj is the feature overlap of chunks 
i and j, and ncj is the number of features in chunk j. Assuming 
that the strength (activation) of the premise is unvarying, the 
first term is a constant. Therefore, the strength of the 
conclusion chunk is a positive function of the number of 
overlapping features between the premise and the conclusion 
(i.e., a positive function of the similarity between the two 
chunks). Therefore, CLARION naturally captures the similarity 
effect in inductive reasoning. 

B. Multiple premises 
It has been observed that the number of premises affects the 

strength of the conclusion in human induction experiments [20] 
[22]. For example, the argument: 

Hawks have sesamoid bones. 

Sparrows have sesamoid bones. 

Eagles have sesamoid bones. 

All birds have sesamoid bones. 

is stronger than the argument: 



Sparrows have sesamoid bones. 

Eagles have sesamoid bones. 

All birds have sesamoid bones. 

      CLARION provides a computational explanation for this 
phenomenon. In the NACS of CLARION, the activation of 
chunks is monotonic and non-decreasing (due to Max). Adding 
more premises can only increases the strength of the 
conclusion. The strength of conclusion chunk j following a set 
of premise chunks {i1, i2, …, ik} is: 

s j
s = Max

k
scik ~c j( ) × sik[ ] 

where sj
s is the strength of the conclusion chunk node, sik is the 

strength of the premise chunk node ik, and scik~cj is the similarity 
between chunk ik and j. The result of the Max operation cannot 
be decreased by adding new arguments (because it is a 
monotonic and non-decreasing function with regard to number 
of arguments). Hence, adding premises maintains or increases 
the strength of the conclusion, as in human data. 

C. Unequal properties 
In human induction, some properties are more projectable 

than others [18]. For instance, subjects in [22] were unwilling 
to generalize that all Barratos (members of a certain tribe) are 
obese based on one observation. However, they were more 
inclined to generalize skin color to all members of the tribe 
based on one observation. This difference can be explained by 
prior knowledge, which provides different explanations for 
obesity and skin color. Not all properties are treated equally for 
generalization. 

CLARION provides an account of this phenomenon. For 
simplicity, in CLARION, the bottom-level (micro)features of a 
chunk may be weighed equally in similarity calculation, but 
this needs not always be the case (6). As discussed earlier, 
different features may be given different weights in similarity 
calculation to represent prior knowledge or context. Hence, if 
the prior knowledge or the context emphasizes a particular 
subset of features, these features may be given more weights 
(by applying meta-cognitive filtering as described in [23]), and 
the strength (activation) of the conclusion chunk may be 
increased accordingly.  

In the example above, obesity can be given a weight of, for 
example, 0.1 while skin color could be given a weight of, for 
example, 1. Both of these two features are present in the 
feature-based representation of the premise chunk and the 
conclusion chunk. However, the latter feature would 
significantly strengthen the conclusion chunk, whereas the 
former would not affect much the strength of the conclusion 
chunk.  

D. Functional attributes  
Although, as has been discussed, similarity generally 

increases inductive strength, it is not always that simple [24]. 
Compare the following two cases: 

Chickens have a liver with two chambers 

Hawks have a liver with two chambers 

is stronger than 
Tiger have a liver with two chambers 

Hawks have a liver with two chambers 

This is because chickens and hawks are more similar to each 
other than tigers and hawks, as was described earlier. However, 
consider the following two arguments: 

Chickens prefer to feed at night 

Hawks prefer to feed at night 

and 
Tigers prefer to feed at night 

Hawks prefer to feed at night 

In this case, the second argument is judged to be stronger [24]. 
This may be explained by feeding habits being more similar 
between hawks and tigers (because they are both predators) 
than between hawks and chickens. This phenomenon was 
referred to as “exception to similarity due to functional role” 
[18]. 

The literature on categorization suggests that it is unclear 
what constitutes a feature. However, functional attributes, such 
as feeding habits, can be readily incorporated as features in 
CLARION. These functional features [25] may be given large 
weights when they are emphasized by the context (e.g., through 
meta-cognitive filtering as described in [23]). In turn, in 
CLARION, functional attributes are part of the similarity 
computation and affect the strength of the conclusion being 
reached (especially when they are given large weights), without 
any additional assumptions or mechanisms.  

Specifically, let chunk i represent ‘chicken’, chunk t 
represent ‘tiger’, and chunk j represent ‘hawk’. If all the 
features are weighed equally: 

si ×
nci ∩c j

f (nc j
)

> st ×
nct ∩c j

f (nc j
)
⇒ si ×

wk
c j hk ci,c j( )

k
∑

f wk
c j

k
∑
⎛ 

⎝ 
⎜ 

⎞ 

⎠ 
⎟ 

> st ×
wk

c j hk ct ,c j( )
k
∑

f wk
c j

k
∑
⎛ 

⎝ 
⎜ 

⎞ 

⎠ 
⎟ 

 
where hk(ci, cj) = 1 if chunks i and j share feature k and 0 
otherwise, and wk

cj is the weight of feature k in chunk j. The 
denominators are the same so they can be dropped. Also, let 
feature k = 0 represent the functional attribute of feeding habit. 
We thus have the following: 

si × w0
c j × h0 ci,c j( ) + wk

c j hk ci,c j( )
k>0
∑

⎡

⎣ 
⎢ 

⎤ 

⎦ 
⎥ > st × w0

c j × h0 ct ,c j( ) + wk
c j hk ct ,c j( )

k>0
∑

⎡ 

⎣ 
⎢ 

⎤

⎦
⎥
 

Because k = 0 represents feeding habits, h0(ci, cj) = 0 and h0(ct, 
cj) =1. So we have: 

si × wk
c j hk ci,c j( )

k>0
∑ > st × w0

c j + wk
c j hk ct,c j( )

k>0
∑

⎡ 

⎣ 
⎢ 

⎤

⎦
⎥
 

The expression above represents a regular case of similarity 
(as described Section IV.A). What is the condition to reverse 
this inequality and create an exception to similarity? We need 
to have: 



si × wk
c j hk ci,c j( )

k>0
∑ < st × w0

c j + wk
c j hk ct,c j( )

k>0
∑

⎡ 

⎣ 
⎢ 

⎤

⎦
⎥

⇒ w0
c j > si

st

× wk
c j hk ci,c j( )

k>0
∑ − wk

c j hk ct ,c j( )
k>0
∑

 
That is, an exception to the similarity effect can be observed 
when the weight of a property is consistent with the inequality 
above. In this way, CLARION accounts for exceptions to 
similarity in induction. 

V. DISCUSSION AND CONCLUSION 
This article explored the reduction of the complexity of a 

cognitive architecture while maintaining its generality. Here, 
we used the core theory of CLARION [3] [5]-[7] to explain 
cognitive/psychological phenomena in human plausible 
reasoning. These phenomena were explained based on the Non-
Action-Centered Subsystem (NACS) of CLARION, and only 
some general constraints on parameters were involved. Many 
other phenomena have also been explained with the core theory 
of CLARION (see, e.g., [26]).  

This exercise in minimality is important, because cognitive 
architectures have generally avoided the question of model 
complexity by responding with generality criteria (e.g., [2]-
[3]). On the other end, simpler cognitive/psychological models 
are usually applicable only to a very limited set of tasks, which 
can lead to the potential problem of complex tasks being 
explained by an aggregate of several simple models that are 
mutually incompatible. This work is a step in bridging the gap 
between mathematically simple models and general cognitive 
architectures. It should be noted that detailed simulations based 
on CLARION have been previously carried out in various 
domains (see, e.g., [5], [7], [8], [27]). 

Future work should expand the scope of the principled 
CLARION explanations to a much larger set of psychological 
phenomena, although so far many other phenomena have 
already been similarly accounted for (as reported elsewhere, 
e.g., [26]). Deeper explorations of finer grained details of 
psychological phenomena should also be addressed. Such 
explorations should also link up with and/or be compared to 
other existing theories and models for these phenomena as well 
as existing detailed CLARION simulations (e.g., [3]). 

ACKNOWLEDGMENT 
This research was supported in part by the ONR grant 

N00014-08-1-0068. For further details of CLARION, including 
the implemented code libraries in several languages, see: 
http://sites.google.com/site/clarioncognitivearchitecture/, as 
well as http://www.cogsci.rpi.edu/~rsun/clarion.html.  

REFERENCES 
[1] A. Newell, Unified Theories of Cognition. Cambridge: Harvard 

University Press, 1990. 
[2] J. R. Anderson and C. Lebiere. The Atomic Components of Thought. 

Mahwah: Erlbaum, 1998. 
[3] R. Sun. Duality of the Mind: A Bottom-Up Approach Toward Cognition. 

Mahwah: Lawrence Erlbaum Associates, 2002. 

[4] R. Sun, “Desiderata for cognitive architectures,” Philosophical 
Psychology, vol. 17, pp. 341-373, 2004. 

[5] S. Helie and R. Sun, “Incubation, insight, and creative problem solving: 
A unified theory and a connectionist model,” Psychological Review, vol. 
117, pp. 994-1024, 2010. 

[6] R. Sun, E. Merrill, and T. Peterson, “From implicit skills to explicit 
knowledge: A bottom-up model of skill learning,” Cognitive Science, 
vol. 25, pp. 203-244, 2001. 

[7] R. Sun, P. Slusarz, and C. Terry, “The interaction of the explicit and the 
implicit in skill learning: A dual-process approach,” Psychological 
Review, vol. 112, pp. 159-192, 2005. 

[8] R. Sun and X. Zhang, “Accounting for a variety of reasoning data within 
a cognitive architecture,” Journal of Experimental and Theoretical 
Artificial Intelligence, vol. 18, pp. 169-191, 2006. 

[9] S. Helie, R. Proulx, and B. Lefebvre, “Bottom-up learning of explicit 
knowledge using a Bayesian algorithm and a new Hebbian learning 
rule,” Neural Networks, vol. 24, pp. 219-232, 2011. 

[10] R. Sun, Integrating Rules and Connectionism for Robust Commonsense 
Reasoning. New York: John Wiley and Sons, 1994. 

[11] J. R. Anderson, The Adaptive Character of Thought. Hillsdale: Erlbaum, 
1990. 

[12] S. Chartier and R. Proulx, “NDRAM: A Nonlinear Dynamic Recurrent 
Associative Memory for learning bipolar and nonbipolar correlated 
patterns,” IEEE Transactions on Neural Networks, vol. 16, pp. 1393-
1400, 2005. 

[13] S. Hélie, S. Chartier, and R. Proulx, “Are unsupervised neural networks 
ignorant? Sizing the effect of environmental distributions on 
unsupervised learning,” Cognitive Systems Research, vol. 7, pp. 357-
371, 2006. 

[14] A. Garnham and J. V. Oakhill, J.V. Thinking and Reasoning. Oxford: 
Blackwell, 1994.  

[15] A. Tversky and D. Kahneman, “Judgment under uncertainty: Heuristics 
and biases,” Science, vol. 185, pp. 1124-1131, 1974. 

[16] A. Tversky and D. Kahneman, “Extensional versus intuitive reasoning: 
The conjunction fallacy in probability judgment,” Psychological Review, 
vol. 90, pp. 293-315, 1983. 

[17] M. H. Ashcraft, Human Memory and Cognition. Glenview, IL: Scott, 
Foresman and Company, 1989. 

[18] E. Heit, “Properties of inductive reasoning,” Psychonomic Bulletin & 
Review, vol. 7, pp. 569-592, 2000. 

[19] S. Jain, D. Osherson, J. S. Royer, and A. Sharma, A. Systems That 
Learn. 2nd Edition. Cambridge: MIT Press, 1999. 

[20] D. N. Osherson, E. E. Smith, O. Wilkie, A. Lopez, and E. Shafir, 
“Category-based induction,” Psychological Review, vol. 97, pp. 185-
200, 1990. 

[21] L. J. Rips, “Inductive judgments about mental categories,” Journal of 
Verbal Learning and Verbal Behavior, vol. 14, pp. 665-681, 1975. 

[22] R. E. Nisbett, D. H. Krantz, C. Jepson, and Z. Kunda, “The use of 
statistical heuristics in everyday inductive reasoning,” Psychological 
Review, vol. 90, pp. 339-363, 1983. 

[23] R. Sun, X. Zhang, and R. Mathews, “Modeling meta-cognition in a 
cognitive architecture,” Cognitive Systems Research, vol. 7, pp. 327-338, 
2006. 

[24] E. Heit and J. Rubinstein, “Similarity and property effects in inductive 
reasoning,” Journal of Experimental Psychology: Learning, Memory, 
and Cognition, vol. 20, pp. 411-422, 1994. 

[25] P. Schyns and L. Rodet, “Categorization creates functional features,” 
Journal of Experimental Psychology: Learning, Memory and Cognition, 
vol. 23, pp. 681-696, 1997. 

[26] S. Helie and R. Sun, “How the Core Theory of CLARION Captures 
Human Decision-Making,” Proceedings of the International Conference 
on Neural Networks, San Jose, 2011, pp. 173-180. 

[27] S. Helie and R. Sun, Creative problem solving: A CLARION theory. 
Proceedings of the 2010 International Joint Conference on Neural 
Networks, Barcelona, Spain. pp.1460-1466. IEEE Press, Piscataway, NJ. 
July,2010.

 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /AbadiMT-CondensedLight
    /ACaslon-Italic
    /ACaslon-Regular
    /ACaslon-Semibold
    /ACaslon-SemiboldItalic
    /AdobeArabic-Bold
    /AdobeArabic-BoldItalic
    /AdobeArabic-Italic
    /AdobeArabic-Regular
    /AdobeHebrew-Bold
    /AdobeHebrew-BoldItalic
    /AdobeHebrew-Italic
    /AdobeHebrew-Regular
    /AdobeHeitiStd-Regular
    /AdobeMingStd-Light
    /AdobeMyungjoStd-Medium
    /AdobePiStd
    /AdobeSansMM
    /AdobeSerifMM
    /AdobeSongStd-Light
    /AdobeThai-Bold
    /AdobeThai-BoldItalic
    /AdobeThai-Italic
    /AdobeThai-Regular
    /AGaramond-Bold
    /AGaramond-BoldItalic
    /AGaramond-Italic
    /AGaramond-Regular
    /AGaramond-Semibold
    /AGaramond-SemiboldItalic
    /AgencyFB-Bold
    /AgencyFB-Reg
    /AGOldFace-Outline
    /AharoniBold
    /Algerian
    /Americana
    /Americana-ExtraBold
    /AndaleMono
    /AndaleMonoIPA
    /AngsanaNew
    /AngsanaNew-Bold
    /AngsanaNew-BoldItalic
    /AngsanaNew-Italic
    /AngsanaUPC
    /AngsanaUPC-Bold
    /AngsanaUPC-BoldItalic
    /AngsanaUPC-Italic
    /Anna
    /ArialAlternative
    /ArialAlternativeSymbol
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialMT-Black
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeMS
    /ArrusBT-Bold
    /ArrusBT-BoldItalic
    /ArrusBT-Italic
    /ArrusBT-Roman
    /AvantGarde-Book
    /AvantGarde-BookOblique
    /AvantGarde-Demi
    /AvantGarde-DemiOblique
    /AvantGardeITCbyBT-Book
    /AvantGardeITCbyBT-BookOblique
    /BakerSignet
    /BankGothicBT-Medium
    /Barmeno-Bold
    /Barmeno-ExtraBold
    /Barmeno-Medium
    /Barmeno-Regular
    /Baskerville
    /BaskervilleBE-Italic
    /BaskervilleBE-Medium
    /BaskervilleBE-MediumItalic
    /BaskervilleBE-Regular
    /Baskerville-Bold
    /Baskerville-BoldItalic
    /Baskerville-Italic
    /BaskOldFace
    /Batang
    /BatangChe
    /Bauhaus93
    /Bellevue
    /BellGothicStd-Black
    /BellGothicStd-Bold
    /BellGothicStd-Light
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlingAntiqua-Bold
    /BerlingAntiqua-BoldItalic
    /BerlingAntiqua-Italic
    /BerlingAntiqua-Roman
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BernhardModernBT-Bold
    /BernhardModernBT-BoldItalic
    /BernhardModernBT-Italic
    /BernhardModernBT-Roman
    /BiffoMT
    /BinnerD
    /BinnerGothic
    /BlackadderITC-Regular
    /Blackoak
    /blex
    /blsy
    /Bodoni
    /Bodoni-Bold
    /Bodoni-BoldItalic
    /Bodoni-Italic
    /BodoniMT
    /BodoniMTBlack
    /BodoniMTBlack-Italic
    /BodoniMT-Bold
    /BodoniMT-BoldItalic
    /BodoniMTCondensed
    /BodoniMTCondensed-Bold
    /BodoniMTCondensed-BoldItalic
    /BodoniMTCondensed-Italic
    /BodoniMT-Italic
    /BodoniMTPosterCompressed
    /Bodoni-Poster
    /Bodoni-PosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /Bookman-Demi
    /Bookman-DemiItalic
    /Bookman-Light
    /Bookman-LightItalic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolOne-Regular
    /BookshelfSymbolSeven
    /BookshelfSymbolThree-Regular
    /BookshelfSymbolTwo-Regular
    /Botanical
    /Boton-Italic
    /Boton-Medium
    /Boton-MediumItalic
    /Boton-Regular
    /Boulevard
    /BradleyHandITC
    /Braggadocio
    /BritannicBold
    /Broadway
    /BrowalliaNew
    /BrowalliaNew-Bold
    /BrowalliaNew-BoldItalic
    /BrowalliaNew-Italic
    /BrowalliaUPC
    /BrowalliaUPC-Bold
    /BrowalliaUPC-BoldItalic
    /BrowalliaUPC-Italic
    /BrushScript
    /BrushScriptMT
    /CaflischScript-Bold
    /CaflischScript-Regular
    /Calibri
    /Calibri-Bold
    /Calibri-BoldItalic
    /Calibri-Italic
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-BoldItalic
    /CalistoMT-Italic
    /Cambria
    /Cambria-Bold
    /Cambria-BoldItalic
    /Cambria-Italic
    /CambriaMath
    /Candara
    /Candara-Bold
    /Candara-BoldItalic
    /Candara-Italic
    /Carta
    /CaslonOpenfaceBT-Regular
    /Castellar
    /CastellarMT
    /Centaur
    /Centaur-Italic
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchL-Bold
    /CenturySchL-BoldItal
    /CenturySchL-Ital
    /CenturySchL-Roma
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /CGTimes-Bold
    /CGTimes-BoldItalic
    /CGTimes-Italic
    /CGTimes-Regular
    /CharterBT-Bold
    /CharterBT-BoldItalic
    /CharterBT-Italic
    /CharterBT-Roman
    /CheltenhamITCbyBT-Bold
    /CheltenhamITCbyBT-BoldItalic
    /CheltenhamITCbyBT-Book
    /CheltenhamITCbyBT-BookItalic
    /Chiller-Regular
    /CMB10
    /Cmb10
    /CMBSY10
    /Cmbsy10
    /CMBSY5
    /CMBSY6
    /CMBSY7
    /CMBSY8
    /CMBSY9
    /CMBX10
    /Cmbx10
    /CMBX12
    /Cmbx12
    /CMBX5
    /Cmbx5
    /CMBX6
    /Cmbx6
    /CMBX7
    /Cmbx7
    /CMBX8
    /Cmbx8
    /CMBX9
    /Cmbx9
    /CMBXSL10
    /Cmbxsl10
    /CMBXTI10
    /Cmbxti10
    /CMCSC10
    /Cmcsc10
    /CMCSC8
    /Cmcsc8
    /CMCSC9
    /Cmcsc9
    /CMDUNH10
    /Cmdunh10
    /CMEX10
    /Cmex10
    /CMEX7
    /CMEX8
    /CMEX9
    /CMFF10
    /Cmff10
    /CMFI10
    /Cmfi10
    /CMFIB8
    /Cmfib8
    /CMINCH
    /Cminch
    /CMITT10
    /Cmitt10
    /CMMI10
    /Cmmi10
    /CMMI12
    /Cmmi12
    /CMMI5
    /Cmmi5
    /CMMI6
    /Cmmi6
    /CMMI7
    /Cmmi7
    /CMMI8
    /Cmmi8
    /CMMI9
    /Cmmi9
    /CMMIB10
    /Cmmib10
    /CMMIB5
    /CMMIB6
    /CMMIB7
    /CMMIB8
    /CMMIB9
    /CMR10
    /Cmr10
    /CMR12
    /Cmr12
    /CMR17
    /Cmr17
    /CMR5
    /Cmr5
    /CMR6
    /Cmr6
    /CMR7
    /Cmr7
    /CMR8
    /Cmr8
    /CMR9
    /Cmr9
    /CMSL10
    /Cmsl10
    /CMSL12
    /Cmsl12
    /CMSL8
    /Cmsl8
    /CMSL9
    /Cmsl9
    /CMSLTT10
    /Cmsltt10
    /CMSS10
    /Cmss10
    /CMSS12
    /Cmss12
    /CMSS17
    /Cmss17
    /CMSS8
    /Cmss8
    /CMSS9
    /Cmss9
    /CMSSBX10
    /Cmssbx10
    /CMSSDC10
    /Cmssdc10
    /CMSSI10
    /Cmssi10
    /CMSSI12
    /Cmssi12
    /CMSSI17
    /Cmssi17
    /CMSSI8
    /Cmssi8
    /CMSSI9
    /Cmssi9
    /CMSSQ8
    /Cmssq8
    /CMSSQI8
    /Cmssqi8
    /CMSY10
    /Cmsy10
    /CMSY5
    /Cmsy5
    /CMSY6
    /Cmsy6
    /CMSY7
    /Cmsy7
    /CMSY8
    /Cmsy8
    /CMSY9
    /Cmsy9
    /CMTCSC10
    /Cmtcsc10
    /CMTEX10
    /Cmtex10
    /CMTEX8
    /Cmtex8
    /CMTEX9
    /Cmtex9
    /CMTI10
    /Cmti10
    /CMTI12
    /Cmti12
    /CMTI7
    /Cmti7
    /CMTI8
    /Cmti8
    /CMTI9
    /Cmti9
    /CMTT10
    /Cmtt10
    /CMTT12
    /Cmtt12
    /CMTT8
    /Cmtt8
    /CMTT9
    /Cmtt9
    /CMU10
    /Cmu10
    /CMVTT10
    /Cmvtt10
    /ColonnaMT
    /Colossalis-Bold
    /ComicSansMS
    /ComicSansMS-Bold
    /Consolas
    /Consolas-Bold
    /Consolas-BoldItalic
    /Consolas-Italic
    /Constantia
    /Constantia-Bold
    /Constantia-BoldItalic
    /Constantia-Italic
    /CooperBlack
    /CopperplateGothic-Bold
    /CopperplateGothic-Light
    /Copperplate-ThirtyThreeBC
    /Corbel
    /Corbel-Bold
    /Corbel-BoldItalic
    /Corbel-Italic
    /CordiaNew
    /CordiaNew-Bold
    /CordiaNew-BoldItalic
    /CordiaNew-Italic
    /CordiaUPC
    /CordiaUPC-Bold
    /CordiaUPC-BoldItalic
    /CordiaUPC-Italic
    /Courier
    /Courier-Bold
    /Courier-BoldOblique
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /Courier-Oblique
    /CourierStd
    /CourierStd-Bold
    /CourierStd-BoldOblique
    /CourierStd-Oblique
    /CourierX-Bold
    /CourierX-BoldOblique
    /CourierX-Oblique
    /CourierX-Regular
    /CreepyRegular
    /CurlzMT
    /David-Bold
    /David-Reg
    /DavidTransparent
    /Dcb10
    /Dcbx10
    /Dcbxsl10
    /Dcbxti10
    /Dccsc10
    /Dcitt10
    /Dcr10
    /Desdemona
    /DilleniaUPC
    /DilleniaUPCBold
    /DilleniaUPCBoldItalic
    /DilleniaUPCItalic
    /Dingbats
    /DomCasual
    /Dotum
    /DotumChe
    /EdwardianScriptITC
    /Elephant-Italic
    /Elephant-Regular
    /EngraversGothicBT-Regular
    /EngraversMT
    /EraserDust
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /ErieBlackPSMT
    /ErieLightPSMT
    /EriePSMT
    /EstrangeloEdessa
    /Euclid
    /Euclid-Bold
    /Euclid-BoldItalic
    /EuclidExtra
    /EuclidExtra-Bold
    /EuclidFraktur
    /EuclidFraktur-Bold
    /Euclid-Italic
    /EuclidMathOne
    /EuclidMathOne-Bold
    /EuclidMathTwo
    /EuclidMathTwo-Bold
    /EuclidSymbol
    /EuclidSymbol-Bold
    /EuclidSymbol-BoldItalic
    /EuclidSymbol-Italic
    /EucrosiaUPC
    /EucrosiaUPCBold
    /EucrosiaUPCBoldItalic
    /EucrosiaUPCItalic
    /EUEX10
    /EUEX7
    /EUEX8
    /EUEX9
    /EUFB10
    /EUFB5
    /EUFB7
    /EUFM10
    /EUFM5
    /EUFM7
    /EURB10
    /EURB5
    /EURB7
    /EURM10
    /EURM5
    /EURM7
    /EuroMono-Bold
    /EuroMono-BoldItalic
    /EuroMono-Italic
    /EuroMono-Regular
    /EuroSans-Bold
    /EuroSans-BoldItalic
    /EuroSans-Italic
    /EuroSans-Regular
    /EuroSerif-Bold
    /EuroSerif-BoldItalic
    /EuroSerif-Italic
    /EuroSerif-Regular
    /EuroSig
    /EUSB10
    /EUSB5
    /EUSB7
    /EUSM10
    /EUSM5
    /EUSM7
    /FelixTitlingMT
    /Fences
    /FencesPlain
    /FigaroMT
    /FixedMiriamTransparent
    /FootlightMTLight
    /Formata-Italic
    /Formata-Medium
    /Formata-MediumItalic
    /Formata-Regular
    /ForteMT
    /FranklinGothic-Book
    /FranklinGothic-BookItalic
    /FranklinGothic-Demi
    /FranklinGothic-DemiCond
    /FranklinGothic-DemiItalic
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItalic
    /FranklinGothicITCbyBT-Book
    /FranklinGothicITCbyBT-BookItal
    /FranklinGothicITCbyBT-Demi
    /FranklinGothicITCbyBT-DemiItal
    /FranklinGothic-Medium
    /FranklinGothic-MediumCond
    /FranklinGothic-MediumItalic
    /FrankRuehl
    /FreesiaUPC
    /FreesiaUPCBold
    /FreesiaUPCBoldItalic
    /FreesiaUPCItalic
    /FreestyleScript-Regular
    /FrenchScriptMT
    /Frutiger-Black
    /Frutiger-BlackCn
    /Frutiger-BlackItalic
    /Frutiger-Bold
    /Frutiger-BoldCn
    /Frutiger-BoldItalic
    /Frutiger-Cn
    /Frutiger-ExtraBlackCn
    /Frutiger-Italic
    /Frutiger-Light
    /Frutiger-LightCn
    /Frutiger-LightItalic
    /Frutiger-Roman
    /Frutiger-UltraBlack
    /Futura-Bold
    /Futura-BoldOblique
    /Futura-Book
    /Futura-BookOblique
    /FuturaBT-Bold
    /FuturaBT-BoldItalic
    /FuturaBT-Book
    /FuturaBT-BookItalic
    /FuturaBT-Medium
    /FuturaBT-MediumItalic
    /Futura-Light
    /Futura-LightOblique
    /GalliardITCbyBT-Bold
    /GalliardITCbyBT-BoldItalic
    /GalliardITCbyBT-Italic
    /GalliardITCbyBT-Roman
    /Garamond
    /Garamond-Bold
    /Garamond-BoldCondensed
    /Garamond-BoldCondensedItalic
    /Garamond-BoldItalic
    /Garamond-BookCondensed
    /Garamond-BookCondensedItalic
    /Garamond-Italic
    /Garamond-LightCondensed
    /Garamond-LightCondensedItalic
    /Gautami
    /GeometricSlab703BT-Light
    /GeometricSlab703BT-LightItalic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /GeorgiaRef
    /Giddyup
    /Giddyup-Thangs
    /Gigi-Regular
    /GillSans
    /GillSans-Bold
    /GillSans-BoldItalic
    /GillSans-Condensed
    /GillSans-CondensedBold
    /GillSans-Italic
    /GillSans-Light
    /GillSans-LightItalic
    /GillSansMT
    /GillSansMT-Bold
    /GillSansMT-BoldItalic
    /GillSansMT-Condensed
    /GillSansMT-ExtraCondensedBold
    /GillSansMT-Italic
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /GloucesterMT-ExtraCondensed
    /Gothic-Thirteen
    /GoudyOldStyleBT-Bold
    /GoudyOldStyleBT-BoldItalic
    /GoudyOldStyleBT-Italic
    /GoudyOldStyleBT-Roman
    /GoudyOldStyleT-Bold
    /GoudyOldStyleT-Italic
    /GoudyOldStyleT-Regular
    /GoudyStout
    /GoudyTextMT-LombardicCapitals
    /GSIDefaultSymbols
    /Gulim
    /GulimChe
    /Gungsuh
    /GungsuhChe
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /Helvetica
    /Helvetica-Black
    /Helvetica-BlackOblique
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Condensed
    /Helvetica-Condensed-Black
    /Helvetica-Condensed-BlackObl
    /Helvetica-Condensed-Bold
    /Helvetica-Condensed-BoldObl
    /Helvetica-Condensed-Light
    /Helvetica-Condensed-LightObl
    /Helvetica-Condensed-Oblique
    /Helvetica-Fraction
    /Helvetica-Narrow
    /Helvetica-Narrow-Bold
    /Helvetica-Narrow-BoldOblique
    /Helvetica-Narrow-Oblique
    /Helvetica-Oblique
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Humanist521BT-BoldCondensed
    /Humanist521BT-Light
    /Humanist521BT-LightItalic
    /Humanist521BT-RomanCondensed
    /Imago-ExtraBold
    /Impact
    /ImprintMT-Shadow
    /InformalRoman-Regular
    /IrisUPC
    /IrisUPCBold
    /IrisUPCBoldItalic
    /IrisUPCItalic
    /Ironwood
    /ItcEras-Medium
    /ItcKabel-Bold
    /ItcKabel-Book
    /ItcKabel-Demi
    /ItcKabel-Medium
    /ItcKabel-Ultra
    /JasmineUPC
    /JasmineUPC-Bold
    /JasmineUPC-BoldItalic
    /JasmineUPC-Italic
    /JoannaMT
    /JoannaMT-Italic
    /Jokerman-Regular
    /JuiceITC-Regular
    /Kartika
    /Kaufmann
    /KaufmannBT-Bold
    /KaufmannBT-Regular
    /KidTYPEPaint
    /KinoMT
    /KodchiangUPC
    /KodchiangUPC-Bold
    /KodchiangUPC-BoldItalic
    /KodchiangUPC-Italic
    /KorinnaITCbyBT-Regular
    /KozGoProVI-Medium
    /KozMinProVI-Regular
    /KristenITC-Regular
    /KunstlerScript
    /Latha
    /LatinWide
    /LetterGothic
    /LetterGothic-Bold
    /LetterGothic-BoldOblique
    /LetterGothic-BoldSlanted
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LetterGothic-Slanted
    /LetterGothicStd
    /LetterGothicStd-Bold
    /LetterGothicStd-BoldSlanted
    /LetterGothicStd-Slanted
    /LevenimMT
    /LevenimMTBold
    /LilyUPC
    /LilyUPCBold
    /LilyUPCBoldItalic
    /LilyUPCItalic
    /Lithos-Black
    /Lithos-Regular
    /LotusWPBox-Roman
    /LotusWPIcon-Roman
    /LotusWPIntA-Roman
    /LotusWPIntB-Roman
    /LotusWPType-Roman
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSans-TypewriterBoldOblique
    /LucidaSans-TypewriterOblique
    /LucidaSansUnicode
    /Lydian
    /Magneto-Bold
    /MaiandraGD-Regular
    /Mangal-Regular
    /Map-Symbols
    /MathA
    /MathB
    /MathC
    /Mathematica1
    /Mathematica1-Bold
    /Mathematica1Mono
    /Mathematica1Mono-Bold
    /Mathematica2
    /Mathematica2-Bold
    /Mathematica2Mono
    /Mathematica2Mono-Bold
    /Mathematica3
    /Mathematica3-Bold
    /Mathematica3Mono
    /Mathematica3Mono-Bold
    /Mathematica4
    /Mathematica4-Bold
    /Mathematica4Mono
    /Mathematica4Mono-Bold
    /Mathematica5
    /Mathematica5-Bold
    /Mathematica5Mono
    /Mathematica5Mono-Bold
    /Mathematica6
    /Mathematica6Bold
    /Mathematica6Mono
    /Mathematica6MonoBold
    /Mathematica7
    /Mathematica7Bold
    /Mathematica7Mono
    /Mathematica7MonoBold
    /MatisseITC-Regular
    /MaturaMTScriptCapitals
    /Mesquite
    /Mezz-Black
    /Mezz-Regular
    /MICR
    /MicrosoftSansSerif
    /MingLiU
    /Minion-BoldCondensed
    /Minion-BoldCondensedItalic
    /Minion-Condensed
    /Minion-CondensedItalic
    /Minion-Ornaments
    /MinionPro-Bold
    /MinionPro-BoldIt
    /MinionPro-It
    /MinionPro-Regular
    /MinionPro-Semibold
    /MinionPro-SemiboldIt
    /Miriam
    /MiriamFixed
    /MiriamTransparent
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MonotypeSorts
    /MSAM10
    /MSAM5
    /MSAM6
    /MSAM7
    /MSAM8
    /MSAM9
    /MSBM10
    /MSBM5
    /MSBM6
    /MSBM7
    /MSBM8
    /MSBM9
    /MS-Gothic
    /MSHei
    /MSLineDrawPSMT
    /MS-Mincho
    /MSOutlook
    /MS-PGothic
    /MS-PMincho
    /MSReference1
    /MSReference2
    /MSReferenceSansSerif
    /MSReferenceSansSerif-Bold
    /MSReferenceSansSerif-BoldItalic
    /MSReferenceSansSerif-Italic
    /MSReferenceSerif
    /MSReferenceSerif-Bold
    /MSReferenceSerif-BoldItalic
    /MSReferenceSerif-Italic
    /MSReferenceSpecialty
    /MSSong
    /MS-UIGothic
    /MT-Extra
    /MT-Symbol
    /MT-Symbol-Italic
    /MVBoli
    /Myriad-Bold
    /Myriad-BoldItalic
    /Myriad-Italic
    /MyriadPro-Black
    /MyriadPro-BlackIt
    /MyriadPro-Bold
    /MyriadPro-BoldIt
    /MyriadPro-It
    /MyriadPro-Light
    /MyriadPro-LightIt
    /MyriadPro-Regular
    /MyriadPro-Semibold
    /MyriadPro-SemiboldIt
    /Myriad-Roman
    /Narkisim
    /NewCenturySchlbk-Bold
    /NewCenturySchlbk-BoldItalic
    /NewCenturySchlbk-Italic
    /NewCenturySchlbk-Roman
    /NewMilleniumSchlbk-BoldItalicSH
    /NewsGothic
    /NewsGothic-Bold
    /NewsGothicBT-Bold
    /NewsGothicBT-BoldItalic
    /NewsGothicBT-Italic
    /NewsGothicBT-Roman
    /NewsGothic-Condensed
    /NewsGothic-Italic
    /NewsGothicMT
    /NewsGothicMT-Bold
    /NewsGothicMT-Italic
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NimbusMonL-Bold
    /NimbusMonL-BoldObli
    /NimbusMonL-Regu
    /NimbusMonL-ReguObli
    /NimbusRomDGR-Bold
    /NimbusRomDGR-BoldItal
    /NimbusRomDGR-Regu
    /NimbusRomDGR-ReguItal
    /NimbusRomNo9L-Medi
    /NimbusRomNo9L-MediItal
    /NimbusRomNo9L-Regu
    /NimbusRomNo9L-ReguItal
    /NimbusSanL-Bold
    /NimbusSanL-BoldCond
    /NimbusSanL-BoldCondItal
    /NimbusSanL-BoldItal
    /NimbusSanL-Regu
    /NimbusSanL-ReguCond
    /NimbusSanL-ReguCondItal
    /NimbusSanL-ReguItal
    /Nimrod
    /Nimrod-Bold
    /Nimrod-BoldItalic
    /Nimrod-Italic
    /NSimSun
    /Nueva-BoldExtended
    /Nueva-BoldExtendedItalic
    /Nueva-Italic
    /Nueva-Roman
    /NuptialScript
    /OCRA
    /OCRA-Alternate
    /OCRAExtended
    /OCRB
    /OCRB-Alternate
    /OfficinaSans-Bold
    /OfficinaSans-BoldItalic
    /OfficinaSans-Book
    /OfficinaSans-BookItalic
    /OfficinaSerif-Bold
    /OfficinaSerif-BoldItalic
    /OfficinaSerif-Book
    /OfficinaSerif-BookItalic
    /OldEnglishTextMT
    /Onyx
    /OnyxBT-Regular
    /OzHandicraftBT-Roman
    /PalaceScriptMT
    /Palatino-Bold
    /Palatino-BoldItalic
    /Palatino-Italic
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Palatino-Roman
    /PapyrusPlain
    /Papyrus-Regular
    /Parchment-Regular
    /Parisian
    /ParkAvenue
    /Penumbra-SemiboldFlare
    /Penumbra-SemiboldSans
    /Penumbra-SemiboldSerif
    /PepitaMT
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PerpetuaTitlingMT-Bold
    /PerpetuaTitlingMT-Light
    /PhotinaCasualBlack
    /Playbill
    /PMingLiU
    /Poetica-SuppOrnaments
    /PoorRichard-Regular
    /PopplLaudatio-Italic
    /PopplLaudatio-Medium
    /PopplLaudatio-MediumItalic
    /PopplLaudatio-Regular
    /PrestigeElite
    /Pristina-Regular
    /PTBarnumBT-Regular
    /Raavi
    /RageItalic
    /Ravie
    /RefSpecialty
    /Ribbon131BT-Bold
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Condensed
    /Rockwell-CondensedBold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /Rockwell-Light
    /Rockwell-LightItalic
    /Rod
    /RodTransparent
    /RunicMT-Condensed
    /Sanvito-Light
    /Sanvito-Roman
    /ScriptC
    /ScriptMTBold
    /SegoeUI
    /SegoeUI-Bold
    /SegoeUI-BoldItalic
    /SegoeUI-Italic
    /Serpentine-BoldOblique
    /ShelleyVolanteBT-Regular
    /ShowcardGothic-Reg
    /Shruti
    /SimHei
    /SimSun
    /SimSun-PUA
    /SnapITC-Regular
    /StandardSymL
    /Stencil
    /StoneSans
    /StoneSans-Bold
    /StoneSans-BoldItalic
    /StoneSans-Italic
    /StoneSans-Semibold
    /StoneSans-SemiboldItalic
    /Stop
    /Swiss721BT-BlackExtended
    /Sylfaen
    /Symbol
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Tci1
    /Tci1Bold
    /Tci1BoldItalic
    /Tci1Italic
    /Tci2
    /Tci2Bold
    /Tci2BoldItalic
    /Tci2Italic
    /Tci3
    /Tci3Bold
    /Tci3BoldItalic
    /Tci3Italic
    /Tci4
    /Tci4Bold
    /Tci4BoldItalic
    /Tci4Italic
    /TechnicalItalic
    /TechnicalPlain
    /Tekton
    /Tekton-Bold
    /TektonMM
    /Tempo-HeavyCondensed
    /Tempo-HeavyCondensedItalic
    /TempusSansITC
    /Times-Bold
    /Times-BoldItalic
    /Times-BoldItalicOsF
    /Times-BoldSC
    /Times-ExtraBold
    /Times-Italic
    /Times-ItalicOsF
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Times-RomanSC
    /Trajan-Bold
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /TwCenMT-Bold
    /TwCenMT-BoldItalic
    /TwCenMT-Condensed
    /TwCenMT-CondensedBold
    /TwCenMT-CondensedExtraBold
    /TwCenMT-CondensedMedium
    /TwCenMT-Italic
    /TwCenMT-Regular
    /Univers-Bold
    /Univers-BoldItalic
    /UniversCondensed-Bold
    /UniversCondensed-BoldItalic
    /UniversCondensed-Medium
    /UniversCondensed-MediumItalic
    /Univers-Medium
    /Univers-MediumItalic
    /URWBookmanL-DemiBold
    /URWBookmanL-DemiBoldItal
    /URWBookmanL-Ligh
    /URWBookmanL-LighItal
    /URWChanceryL-MediItal
    /URWGothicL-Book
    /URWGothicL-BookObli
    /URWGothicL-Demi
    /URWGothicL-DemiObli
    /URWPalladioL-Bold
    /URWPalladioL-BoldItal
    /URWPalladioL-Ital
    /URWPalladioL-Roma
    /USPSBarCode
    /VAGRounded-Black
    /VAGRounded-Bold
    /VAGRounded-Light
    /VAGRounded-Thin
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VerdanaRef
    /VinerHandITC
    /Viva-BoldExtraExtended
    /Vivaldii
    /Viva-LightCondensed
    /Viva-Regular
    /VladimirScript
    /Vrinda
    /Webdings
    /Westminster
    /Willow
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /WNCYB10
    /WNCYI10
    /WNCYR10
    /WNCYSC10
    /WNCYSS10
    /WoodtypeOrnaments-One
    /WoodtypeOrnaments-Two
    /WP-ArabicScriptSihafa
    /WP-ArabicSihafa
    /WP-BoxDrawing
    /WP-CyrillicA
    /WP-CyrillicB
    /WP-GreekCentury
    /WP-GreekCourier
    /WP-GreekHelve
    /WP-HebrewDavid
    /WP-IconicSymbolsA
    /WP-IconicSymbolsB
    /WP-Japanese
    /WP-MathA
    /WP-MathB
    /WP-MathExtendedA
    /WP-MathExtendedB
    /WP-MultinationalAHelve
    /WP-MultinationalARoman
    /WP-MultinationalBCourier
    /WP-MultinationalBHelve
    /WP-MultinationalBRoman
    /WP-MultinationalCourier
    /WP-Phonetic
    /WPTypographicSymbols
    /XYATIP10
    /XYBSQL10
    /XYBTIP10
    /XYCIRC10
    /XYCMAT10
    /XYCMBT10
    /XYDASH10
    /XYEUAT10
    /XYEUBT10
    /ZapfChancery-MediumItalic
    /ZapfDingbats
    /ZapfHumanist601BT-Bold
    /ZapfHumanist601BT-BoldItalic
    /ZapfHumanist601BT-Demi
    /ZapfHumanist601BT-DemiItalic
    /ZapfHumanist601BT-Italic
    /ZapfHumanist601BT-Roman
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 1.30
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e5c4f5e55663e793a3001901a8fc775355b5090ae4ef653d190014ee553ca901a8fc756e072797f5153d15e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc87a25e55986f793a3001901a904e96fb5b5090f54ef650b390014ee553ca57287db2969b7db28def4e0a767c5e03300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020d654ba740020d45cc2dc002c0020c804c7900020ba54c77c002c0020c778d130b137c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor weergave op een beeldscherm, e-mail en internet. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for on-screen display, e-mail, and the Internet.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing false
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


