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Abstract. This study simulates a lexical decision task in Korean by
using a feed forward neural network model with a back propagation
learning rule. Reaction time is substituted by a entropy value called
‘semantic stress’. The model demonstrates frequency effect, lexical status
effect and non-word legality effect, suggesting that lexical decision is
made within a structure of orthographic and semantic features. The test
implies that the orthographic and semantic features can be automatically
applied to lexical information process.

1 Introduction

This study proposes a connectionist model to explain the process of word recog-
nition. To simplify the model, the simulated condition is limited to a task to
decide whether a string of letters given is a word or not (lexical decision task:
LDT). The results show several lexical effects that have been repeatedly iden-
tified in the literature, giving validity to the proposed model. The model is
evaluated to have implications on the understanding of the architecture of hu-
man word recognition, input and output representations, learning algorithm, and
comparison methods of simulation data with human data.

2 The Lexical Effects

Before proposing the model, it is necessary to point out the lexical effects shown
in the study. These effects have been repeatedly reported in numerous preced-
ing experiments and are firmly established as characteristics of human lexical
processing.

First of all, the recognition speed of a certain word increases along with the
frequency of the word in the language. This is called word frequency effect and
thought to occur at the lexical access level. The effect implicates that words are
directly represented in the mental lexicon in order of the number of times they
appear in the practical usage of the language [1].
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Secondly, lexical status effect refers to a phenomenon where words are recog-
nized faster than pseudo-words are. While words can be identified in the mental
lexicon, pseudo-words cannot because they are not registered in it [2]. The effect
is also a criterion of the lexical decision task.

Non-word legality effect of the orthography combination occurs when it takes
longer to reject legal non-words than illegal non-words. Legality is given when
a non-word is produced according to the orthographic combinations rules. This
effect implies that orthographic rules exist in combining letters to produce a
word and that we are tacitly aware of them[3].

Finally, it takes longer to reject the non-words that look similar to real words
in terms of the combination of letters than the non-words that do not. This is
word similarity effect and implicates that the lexical decision is carried out based
on the orthographic combination rules and the lexical entity itself [4].

3 The Proposed Computational Model

3.1 Network Configuration

A three layer feed-forward neural network is used with 67 orthographical input
units, 250 hidden units, and 120 semantic output units which are fully connected.
A dot product function is used for the input function and a sigmoid function for
the output function.

Input structure The Korean writing system ‘HanGeul’ is an alphabetic script
where several letters make a syllable. Even though, there is not yet a perfect
input structure[5,6] if, in HanGeul, the input data is restricted to monosyllables,
there is a possible structure that can express every monosyllable without any
generalization problem or overlapping problem.

Therefore, the input structure is constructed on the basis of the HanGeul’s
letter combination property to have a CVC or CV structure and a fixed letter
position. As a HanGeul monosyllabic word only contains less than three letters
within a syllable and each letter has its own position in a syllable, the input
structure can be composed of 67 binary units which is 19 units for the first
position, 21 units for the second position, and 27 units for third position. This
input structure could not only express every letter combination but also avoid
making any generalization problem or overlapping problem.

Output structure Consisting 120 binary units the exact meanings of each
word is not represented in the semantic output structure. However, each word
meaning has the category common features while having its own characteris-
tic features. In detail, fifty randomly created semantic outputs are used as the
category prototypes, where the probability activated in each unit is Pp=0.1.
Under these fifty prototypes, ten exemplars are made each, and the probability
activated in each dimension under the prototypes is Pe = 0.05, producing 500
exemplars. The average number of the activated units for each exemplar word
is 16.8(std. 3.56, min 6, max 27).
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4 Training

4.1 Training Data

The training data is selected from the Sejong corpus(http://www.sejong.or.kr).
Along with usage frequency values, 498 monosyllabic common nouns are selected.
These raw frequencies are compressed on the basis of the logarithm function to
save computational resources as in (1).

P=Klog(N +2) . (1)

In (1), P is the compressed frequency, K is a constant that is set to 0.2065
(where P of the highest frequency word is 0.93), and N stands for the raw
frequency of the word[7]. The training regime is divided into a series of epochs
and P is a chance for each word to be presented. For an example, if P is 0.9, the
word would be trained 9 times during the total 10 times of training. From 500
randomly generated semantic outputs, two are randomly excluded to match the
number of orthographic inputs.

4.2 Training Procedure

The matched orthographical inputs and semantic outputs are trained considering
the compressed frequency with a back-propagation algorithm that uses a cross
entropy value as an error term. Using LENS as a simulator, the learning rate
is 0.1, the momentum 0.9, and Doug’s momentum is used [8]. In the case of
overtraining, the best trained point is determined[9]. On the base of frequency
effect, the highest correlation between the semantic stress and the compressed
frequency values is selected as the best trained point(the 3950th trained state,
r=0.738 (p<0.01), total error 536.85, error for one input 0.630 in average).

5 Experiment

5.1 Methods

For the experiment, two non-trained data sets are used. One set has 100 non-
words where letter combinations existed in the Korean language usage, and the
other set has another 100 non-words, where letter combinations do not exist in
the Korean language usage.

The output values from the semantic layer are analyzed with semantic stress
values [10]. The semantic stress value(.S7) is a kind of entropy value which reflects
the error value based on the output value(sj) shown in (2). It is showed that the
value could be a good criterion to replace the reaction time reported in human
experiments where time factor could not be considered|[7,11]. That is, higher error
value implicates longer reaction time, and lower error value implicates shorter
reaction time.

§j = sjlogy (s7) + (1 — sj) logy (1 — s7) — log, (0.5) . (2)
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5.2 Results

To simulate frequency effect, the correlation between the compressed frequency
and semantic stress has to be statistically significant. The results show that the
correlation coefficient between the compressed frequency and semantic stress
values is 0.738 (p<0.01) (Fig. 1.). Therefore, it could be indicated that the
model simulates frequency effect.

Semantic stress value

Compressed frequency

Fig. 1. Semantic stress values and compressed frequency values at the 3950th epoch

As a word set 200 words from the trained data set are randomly selected and
as a non-word set 100 words each from the non-trained data set are chosen. If
the semantic stress values from the word set show higher values than the non-
word set, it can be inferred that the model shows lexical status effect. Moreover,
checking the errors between the two conditions can tell the performance degree
of the lexical decision task. Results show that the two conditions are significantly
different(t[345.65]=30.587, p<0.01, where 0.937 for the word condition and 0.847
for the non-word condition in average). What is more, if the decision criterion 3
is set to 0.905, the error rate in the word condition is 0.95(19/200) and the error
rate in the non-word condition is 0.65(13/200), which are not big error rates and
resemble the human data. Therefore, it could be said that the proposed model
simulates the lexical status effect and performs the lexical decision task naturally
(Fig. 2.).

In the present study the non-word legality effect and the word similarity
effect are regarded as the same, considering that the matter is the legality in
the letter combinations[12]. To know whether the model simulates the effect,
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Fig. 2. Distribution of the semantic stress values of word and non-word.

semantic stress values of the two non-word data sets should be compared. The
results show that the illegal non-words has the semantic stress value of 0.854
and the legal non-words has the semantic stress value of 0.84 in average which is
statistically significant(t[198]=3.0, p<0.01). Thus, it can be concluded that the
model simulates non-word legality effect (or word similarity effect).

6 Conclusions

The frequency effect is explained by the correlation between semantic stress val-
ues and compressed frequency values which is caused by the learning procedure.
Moreover it reveals that the frequency effect occurs by the difference of the
experience on words in the real world.

The lexical status effect is simulated by the difference of the semantic stress
values between the word condition and the non-word condition which comes
from the difference between the strength of the two conditions. Since the word
condition is learned by the network, the strength(the connection values) of the
letter combination is strong, whereas the non-word condition is not learned by
the network so the strength of the letter combination is weak. This implies that
there is a letter combination rule in words and though we do not know the
explicit rule of it, we learn it tacitly by learning the word itself.

Non-word legality effect or word similarity effect could be explained by the
interruption or competition of the word combinations. Letter combinations that
are used in words have strong weight values. However, eventhough non-words
with legal combinations resemble the letter combination of the word’s letter
combination they do not have the exact combination. This leads to unclear out-
put and make low semantic stress values. On the other hand, the non-words
that use illegal letter combinations do not resemble the word’s letter combina-
tion. Consequently, illegal combination non-words are less interrupted by the
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weight values that were made by the words in the learning procedure leading
higher semantic stress values.

The present model also shows that the process of lexical decision occurs

with a structure with orthographic and semantic feature unlike several former
studies[7]. However, the model only could simulate monosyllabic words which
did not reflect the variety of the language usage. Therefore, further study should
be taken using novel input structures. Moreover, delicate networks which could
deal with time should be proposed to simulate time concerned effects like word
context effect.
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