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Chapter 2

Effects of grammar complexity

Abstract

Implicit learning has been viewed as a processattimatically abstracts any
regularity present in the environment. The proeesslid be especially suited for
complex regularities that are difficult to figuratantentionally (Reber, 1989). The
present study investigated whether or not impléarning of artificial grammars is
influenced by the complexity of the grammars. Idiidn, it was examined whether
complexity affected the type of knowledge acquifBeh artificial grammars of
varying complexity were studied either implicitly explicitly. The results showed
better performance after implicit than after exipliearning. However, implicit
learning was hampered by increasing complexityddition, there was an effect of
complexity on the type of knowledge acquired: fostier dependencies were learned
for all grammars, whereas the acquisition of seamiér dependencies was
negatively affected by complexity. These resultstiast with an automatic

abstraction view of implicit learning.

I ntroduction

When people are presented with exemplars of alsistpicture, they may
intentionally try to grasp the regularities and dree aware of the knowledge they
acquire. In addition to this explicit way of leangi Reber (1976, 1989) proposed that
structures can also be learned implicitly; withany intention to learn and without
complete awareness of the acquired knowledge. $eruob implicit structure
learning, a minimum level of complexity of the stilinis required (Lee, 1995; Reber,
1976). Therefore, complex artificial grammars hbeen introduced as a means to
study implicit learning (Reber, 1976, 1989).

Reber (1976) also claimed that implicit learniagspecially suited to
complex structures. While explicit learning woulel lbampered by increasing
complexity, the implicit learning process would tiooe to automatically abstract any
structure present in the environment. This countettive suggestion has gone

virtually unaddressed in the literature on art#lg@rammar learning (AGL). The



present study will investigate whether or not AGlaffected by the complexity of the
grammar. In addition, the influence of complexifyttee grammar on the type of
knowledge acquired will be examined.

Learning and complexity

Various studies have indicated that implicit arglieit learning are
differentially affected by the complexity of thewstture to be learned. For example,
Reber (1976) found that a complex artificial gramwauld better be learned
implicitly than explicitly. In the induction phase# the experiment, the implicit
learning group was instructed to memorize lettengs without being informed that
they were generated by a grammar. The explicinlagrgroup received the additional
instruction to look for rules underlying the exeamsl Subsequently, when all
participants had been informed about the existehti®e grammar, they were
instructed to judge whether or not new exemplangweammatical. Participants who
had learned implicitly were more often correct tipanticipants who had learned
explicitly.

For simple materials, in contrast, there are sitlieations that implicit
learning is less efficient than explicit learnifdgathews et al. (1989) showed that a
finite state grammar could best be learned impficithereas explicit learning was
more successful with a biconditional grammar. Jamesand Shanks (2001)
replicated this finding and suggested that theedkffit results for the two types of
grammar might be due to differences in complexityey argued that biconditional
grammars are less complex than finite state grasynsarce they consist of a smaller
number of rules. In addition, Reber (1989) poirgeatithat, in the few studies in
which explicit learning of a finite state grammaed lto better results than implicit
learning, the complex pattern had been structuwethe participants. Regularities
were made salient by making the pattern meaniragfoly presenting together those
strings that followed the same rule. This suggegtsexplicit learning is successful
when complexity is reduced.

These AGL-studies suggest that implicit learngpetter suited to complex
structures than explicit learning, whereas explaairning is more efficient for simple
materials. In addition, Reber (1993) noted in aeenof his work that variations in
the complexity of finite state grammars above el required to observe implicit
learning have little effect on performance. Howeveese studies do not support firm

conclusions on the effects of structure compleaitymplicit and explicit learning,
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because complexity has not been systematicallypnéaied. The lack of such a study
in the domain of artificial grammar learning is smiat surprising, as the possibility
that highly complex patterns can be learned imipfitias been questioned by
researchers on natural grammar learning (Gold, ;1R®iker, 1989).

In the Serial Reaction Time (SRT) paradigm (Nis&dBullemer, 1987),
several studies have manipulated the complexithestructure participants were
exposed to. Some of these studies have indeed sthaivaxplicit learning is
hampered by increasing complexity of the structwt@le implicit learning is not.
When a fixed sequence determined the successiagdos on a computer screen
where a stimulus appeared, the reaction timesnitgmnts who had to press a key
corresponding to the stimulus’ location decreasespective of whether or not they
performed the additional task of trying to discotler sequence. However, when
complexity of the sequence was increased by alieqaredictable locations with
random ones, only participants who were not trymdiscover the sequence
demonstrated learning (Fletcher et al., 2005) nlexperiment of Reed (reported in
Reed & Johnson, 1998) the location of each stimdépended on the background
colors of the locations. This relationship was deteed by one, two or four rules.
Explicit learning decreased with increasing comipeaf the relationship, whereas
implicit learning did not.

However, other SRT-studies provided evidenceithpticit learning, too, is
negatively affected by increasing complexity. Poample, Stadler (1992) used
sequences with various levels of statistical stmecand found that the implicit
learning effect decreased with decreasing predliabf the sequences. Similarly, a
study by Soetens, Melis and Notebaert (2004) shana@ implicit learning for
sequences containing first-order dependenciesftiaequences containing at least
second-order dependencies. The contrasting findihggese SRT-studies may well
be due to differences in the definitions and malaigions of complexity that have
been used. As it is, these studies do not allowrembiguous conclusion on the
relationship between complexity and implicit leaigni Therefore, the present study
will further investigate the effects of the comptgof a structure on implicit and
explicit artificial grammar learning.

Measures of complexity
As noted above, previous studies on implicit leagrhave used various ways

to measure the complexity of the structure thattbduke learned. Firstly, a relatively
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simple measure of the complexity of artificial graars can be found in the work of
Johnstone and Shanks (2001). They used the nurhbges a grammar consists of as
an indication of its complexity. This number is afjto the number of letters that
could be added to a string at each transition batvireternal nodes of the grammar
plus the number of letters that can terminateiagstit each end node (Johnstone &
Shanks, 1999). If the end node of the grammarnsidered to be equivalent with the
initial node, this comes down to the number of dimk the grammar. As discussed
before, the number of rules has also been usedeby Reported in Reed & Johnson,
1998) to vary the complexity of the regularitieatthad to be learned in an SRT-task.

At another level of description, Perruchet andt®iir{1998) noted that
learning may be influenced by the number of assiocis that has to be acquired. For
example, a structure that can be described usieg digrams (i.e. two-letter chunks)
repeatedly is simpler than a structure that cap baldescribed by many unigue
bigrams. The number of bigrams required to desaibtucture can therefore be
viewed as a second measure of complexity.

A third measure can be found in the SRT-paradighere/the complexity of a
structure is often related to its predictabilityg(eCohen, Ivry, & Keele, 1990; Reed &
Johnson, 1994; Soetens et al., 2004; Stadler, 189f)e simplest case, a stimulus at
a certain location on the screen is always followg@ stimulus at one other location.
Knowing the location of the present stimulus istlefficient to predict where the
next will appear. The structure becomes more compleen the next stimulus can
appear at several locations, depending on theitocat the stimulus before the
present one. In this way, the number of previoamehts required to predict the next
can be used to measure the complexity of a strictur

Finally, Bollt and Jones (2000) proposed topolabentropy as a specific
measure of the complexity of finite state grammaArdetailed explanation of the
computation of topological entropy is provided ippendix A. In short, the
complexity of an artificial grammar is defined &e growth rate of the number of
unique exemplars of a given length that the grangeaerates as string length goes
to infinity (Bollt & Jones, 2000). The authors exjol that, for most grammars, the
number of different exemplars that can be genermgiteds exponentially as
exemplars of greater length are considered. Topabgntropy is a measure of the

exponent with which the number of possible exensplacreases. Put simply: the
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complexity of a grammar increases according tortteasure as it generates more
different exemplars of any given length.

Although the measures discussed above are sertsitdiferent aspects of
complexity, they are highly inter-correlated. Thlisecause each measure is sensitive
to different effects of adding links to a grammyadding a link by definition increases
the number of rules and it can also allow for teaayation of additional unique
exemplars, increasing topological entropy. At thms time, the new link may create
a new bigram, increasing the number of bigramsireduo describe the structure.
Alternatively, the new link may cause an existingrém to occur at another location
in the grammar. This may increase the number ofipus elements that have to be
taken into account to predict which letters carceed the bigram. (See Appendix A
for an additional explanation of the correlatiomvizen topological entropy and the
number of elements required to predict the nexpld@ 1 illustrates the inter-
correlatedness of the measures. The correlatienisaesed on the scores of the ten
artificial grammars used in this study on eactheffour measures of complexity (see

Table 2 on page 16).

Table 1
Correlations and partial correlations between foeasures of complexity
NR NB NE TE

r partialr r partialr r partialr r partialr
NR 1.000 1.000 .994**  926** 520 -471 81 .418
NB 1.000 1.000 570  .126 .757* -.058
NE 1.000 1.000 .965** .993**
TE 1.000 1.000

Note. NR = number of rules; NB = number of bigrams; &lBumber of elements
required to predict the next; TE = topological ep¥.
* p<.05. **p<.01.

The partial correlations in Table 1, indicating tuerelation between two
measures when the contributions of the other twasmess have been removed,
reveal that the four measures of complexity, in, faasure two different aspects. On
the one hand, the number of rules and the numbeigcdms seem to measure the

number of associations that have to be learnedntieber of elements required to
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predict the next and topological entropy, on theeohand, seem to measure the
length of the dependencies that have to be leaffffenumber of bigrams and
topological entropy are more fine-grained thanrtheunterparts. As they are
probably the most sensitive, these two measureédbwvilised in the present study to
investigate whether or not these aspects of contplaiect artificial grammar
learning.

The type of knowledge acquired in AGL

Interestingly, one of the aspects of complexist thill be examined in this
study, the length of the dependencies that habe fearned, is often discussed in the
context of the type of knowledge that is actuatiyuared in AGL. There is an
ongoing debate on whether participants learn f{tsgrams), second- (trigrams) or
higher-order dependencies. In this debate, thegensral agreement that participants
can learn first-order dependencies. Kinder (2060\&d that participants’
grammaticality judgments of different types of tesemplars mainly depended on the
legality of the bigrams in the exemplars. In additiPerruchet and Pacteau (1990)
showed that knowledge of bigrams could be sufficierexplain performance in an
AGL-experiment. Participants who studied a lisbiframs in the induction phase
performed as well on the grammaticality judgmesktas participants who studied
complete exemplars.

However, Gomez and Schvaneveldt (1994) showedptrétipants who
studied complete exemplars acquired more knowléume participants who studied
bigrams. In their experiment, half of the ungramo@test exemplars contained an
illegal bigram and the other half contained a ldggtam at an illegal location (i.e. an
illegal trigram). Participants who had studied bigs only recognized exemplars with
an illegal bigram as ungrammatical, whereas paditis who had studied complete
exemplars also discarded illegal trigrams, dematiay knowledge of second-order
dependencies.

Acquisition of even higher-order dependenciesh®en shown in studies
controlling for chunk strength: i.e. the frequeméyccurrence in the induction phase
of the bigrams and trigrams composing the test @k (Knowlton & Squire,

1994). In studies lacking this control, grammaitggudgments can both be based on
the familiarity of bigrams and trigrams and on kitedge of higher-order
dependencies. Studies in which chunk strength eatimaticality were varied

orthogonally or in which chunk strength was equdtedjrammatical and
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ungrammatical strings have shown that both typdsiofvledge are acquired
(Knowlton & Squire, 1996; Lieberman, Chang, ChiBopkheimer & Knowlton,
2004; Meulemans & Van der Linden, 2003).

The research discussed above indicates that gtifiammar learning can
result in knowledge of first-, second- and highetes dependencies. However, some
studies suggest that longer dependencies are rificeltito learn implicitly. For
example, Meulemans and Van der Linden (1997) shahesdparticipants acquired
knowledge of higher-order dependencies when theg weesented with a large
number of exemplars, whereas they only acquireaviettge of bigrams and trigrams
from presentation with a small number. In additithrere is some evidence that only
first-order dependencies can be learned withoutewess. Participants who were
sensitive to violations of second-order dependesnaiea grammaticality judgment
test also showed explicit knowledge of trigramsaaecognition test (Gomez, 1997).
If implicit learning is hampered by increasing cdaxaty and higher-order
dependencies are indeed more difficult to learen thve would expect this type of
knowledge to be particularly affected by increagingplexity.

In summary, the present study will address two ties. Firstly, we will
investigate the relationship between complexityhef grammar and performance on
an AGL-task under implicit and explicit learningstructions. Secondly, we will
examine whether complexity of the grammar influenite acquisition of first- and
second-order dependencies. We predict that, ifiainparning is affected by

complexity, the negative effect will be strongest$econd-order dependencies.

M ethod
Participants

Sixty-one undergraduate students of Leiden Uniye20 male, 41 female,
18-41 years of age) participated in the experimEmey received either course credits
or € 4.50 for their participation. The data fronegrarticipant had to be discarded,
because, as a non-native speaker of Dutch, hedtauneto be unable to understand
the instructions.
Design

The experiment consisted of an induction phaseaaedt phase. In both
phases, exemplars were presented in random ordere Tvere three independent

variables. Firstly, the instruction for the inductiphase was varied between
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participants. One half of the participants wasringed to memorize the exemplars.
The other half was informed that the exemplarsiesh generated according to
certain rules and received the instruction to seéocthese rules.

A second between-subjects variable was the contpleithe grammar, as
measured by its number of bigrams and its topoédgaatropy. Ten artificial
grammars were used to vary complexity. This langmlper was chosen, because the
research questions were directed at a continudaisoreship between grammar
complexity and performance, rather than at a diffiee in performance on two
particular grammars. The ten artificial grammarseneach studied by three
participants under each instruction, providing a@dooints per group for the
regression analyses.

Finally, type of test exemplar was varied as &iisubjects factor to
examine the type of knowledge participants acquifguart from grammatical
exemplars, there were different types of ungranoabéixemplars containing various
violations. The relative importance of knowledgdirdt- and second-order
dependencies in detecting the violations variedHerdifferent types of exemplars.
Therefore, differences in performance on thesestygbexemplars indicated
differences in the extent to which knowledge ddtfeind second-order dependencies
had been acquired. The dependent variable wasehe proportion of test exemplars
correctly classified as grammatical or ungrammaticeaddition, participants

provided confidence ratings for their grammatigglitdgments.

Table 2
Scores on four measures of complexity for eacheigrammars used in this study
Grammar NR NB NE TE

a 20 30 2 5543
b 21 33 3 1.2038
c 22 36 3 1.3506
d 22 36 4 2.0496
e 23 38 2 7131
f 24 41 4 2.2454
g 24 40 3 1.5173
h 25 44 4 2.4122
i 26 45 3 1.6898
i 27 47 4 2.5761

Note. NR = number of rules; NB = number of bigrams; &lBumber of elements required to

predict the next; TE = topological entropy.
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Materials

The stimuli in this experiment were exemplars friem finite state grammars
(See Figure 1 on page 18). All grammars used thme $etters: J, M, N, P, Q, R, S, T,
W, X, Z and consisted of the same 11 states. Honv#wese states were connected in
different ways and by a varying number of linkptoduce different scores on the
complexity measures. The scores on four complerggasures are provided in Table
2 for each of the grammars.

A computer program generated a set of 120 uregqeenplars for each
grammar. Each exemplar was generated by movingdtenarrows from the initial
state (0) to the end state (0) of the graph, wadiding the corresponding letter to the
exemplar. The length of the exemplars varied betvéeand 11 letters. Of each set,
60 exemplars were assigned to the induction phag&@ to the test phase, balanced
over the paths of the grammar. Five of the remgieixemplars were used on practice
trials in the test phase; the rest was discardled.stimuli for practice trials in the
induction phase consisted of number strings uredlad the grammars.

The 50 exemplars assigned to the test phase wiedévigled into two subsets.
One subset consisted of unaltered grammatical eleesppvhereas the other consisted
of exemplars that were made ungrammatical by switctwo adjacent letters;
excluding the first and last. Switching letters lcoresult in a violation of a first-order
dependency: a bigram that cannot occur accorditigetgrammar. Alternatively, it
could result in a violation of a second-order dejggrty: a trigram that cannot occur
according to the grammar. Switching two inner Istaf an exemplar always affects
three transitions, thus producing one of four giestombinations of violations: three
first-order violations, two first and one second@rviolation, one first and two
second-order violations or three second-order tiaia. These combinations were
introduced into the ungrammatical test sets acogrth their probability of
occurrence in the complete set of 120 strings geedrby each grammar. As the
probability of three second-order violations waspew in most grammars, only
three types of ungrammatical exemplars were digckeimthis study: exemplars with
3 first-order violations, exemplars with 2 firstcah second-order violation and
exemplars with 2 or more second-order violations.

All stimuli were displayed on a computer moniteridack text (Arial 18,
bold) against a white background. Participants vgegged in front of the computer

monitor at a distance of about 50 cm. They reabyegressing keys on a keyboard.
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Grammar a Grammar b

Grammar ¢ Grammar d

Grammar e Grammar f

Grammar g Grammar h
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Grammar i Grammar j

Figure 1. The ten artificial grammars used to gateethe stimuli for this study.

Procedure

Participants were tested individually in a dimttést booth. At the beginning
of the experiment, they were informed that it wocdshsist of two parts and would
involve studying letter strings for a subsequest. t®ne half of the participants
received the additional information that the exeamplvere generated according to a
complex set of rules. Their instruction was to sbdor these rules. The other
participants were only told to memorize the indiatiexemplars.

All participants were presented with 5 practigal$rand 60 experimental
trials. Each trial started with a fixation crosgagring in the middle of the screen.
After 1 second the cross was replaced by an exeropidered at the fixation point.
The exemplar was displayed for 5 seconds. Theircgemts with the ‘memorize’-
instruction were prompted to reproduce the exemplarticipants with the ‘look for
rules’-instruction were prompted to enter a patthef exemplar that they thought was
important. After pressing the enter-key, particigamere again presented with the
original exemplar for 2 seconds so that they cahleck their answer. Finally, the
screen turned blank for 1 second before the niatltegan.

In the second part of the experiment, all paréinig were informed that the
letter strings presented in the first part had lgErerated according to a complex set
of rules. They were instructed to judge whethemairnew letter strings followed the
same rules. Participants were required to pres$-key (for ‘ja’: ‘yes’) if they
thought that an exemplar followed the rules andrih&ey (for ‘nee’: ‘no’) if they
thought that an exemplar did not follow the rulesaddition, they were required to
indicate their confidence in each judgment on d&esitam 1 (very little) to 5 (very

much) by pressing one of the number keys on thbdaayl.
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Participants were presented with 5 practice tf@lewed by 50 experimental
trials. Each trial began with a fixation cross apey in the middle of the screen.
After 1 second the cross was replaced by an exeropldaered at the fixation point.
When the participant pressed the ‘j’ or ‘n’-keye tbcreen turned blank for 1 second.
Subsequently, the confidence scale was presentédhenparticipant pressed a
number from 1 to 5. A final blank screen separ&aaconsecutive trials by 1 second.
When participants had completed all trials, theyentbanked for their participation.
The experiment took about 30 minutes.

Analyses

The effect of complexity on performancein AGL. Linear regression analyses
(enter method) were performed to determine whettggammar’s complexity affects
how well artificial grammars are learned. The dej@et variable was the proportion
of correct classifications in the test phase; tiegligtors were the two measures of
complexity: number of bigrams and topological epyroThe three regression models
that can be built with two predictors (includingnmioer of bigrams, including
topological entropy, and including both) were conggisto determine how the
proportion of correct classifications could bespbedicted. Separate analyses were
performed for the group instructed to memorizegkemplars and the group
instructed to look for the underlying rules. An épétndent samplegest was
performed to examine the effect of instructionha induction phase on the
proportion of correct classifications in the telsape over all grammars.

To examine whether or not the instruction to mereexemplars had induced
implicit learning, the ‘guessing criterion’ (Dien&sAltmann, Kwan & Goode, 1995)
was used. Dienes and Berry (1997) proposed thatvlkedge can be implicit in the
sense that people are unaware of possessing ihen meta-knowledge is lacking.
According to the guessing criterion, people possapéicit knowledge if they
perform significantly above chance while they cldaorbe guessing. Knowledge
classified as explicit according to this criterioais been shown to be affected by
divided attention, while knowledge classified aglicit was not (Dienes et al., 1995),
suggesting that the criterion makes a meaningstirdition between implicit and
explicit knowledge. Therefore, the proportion ofreat grammaticality judgments
was computed for trials on which participants retéd (very) little confidence in
their judgment. Participants’ scores were submitteal one-sampletest. Scores that

were based on less than three trials were exclfrdedthe analysis.
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The effect of complexity on the type of knowledge acquired in AGL. To
determine whether or not complexity affects theetgpknowledge acquired in
artificial grammar learning, separate linear regj@s analyses were performed for
each type of test exemplar (grammatical, 3 firskeowiolations, 2 first and 1 second-
order violation, 2 or more second-order violatiofi$)e dependent variable was the
proportion of correct classifications in the tesape; number of bigrams and
topological entropy were the predictors. Againtiggrants’ scores were only
included in the analysis if they were based on ntloae two trials. The analyses were
performed separately for the group instructed tonoréze the exemplars and the

group instructed to look for the underlying rules.

Results
The effect of complexity on performance in AGL

For the group instructed to look for rules undedythe exemplars, none of
the regression models was significgmt€ .272), indicating that neither the number
of bigrams nor topological entropy was a good pediof the overall proportion of
correct classifications in the test phase. Fogtioeip of participants who had been
instructed to memorize exemplars in the inductibage, in contrast, all models
reached significance. The model including onlyribenber of bigrams accounted for
14.1% of the variance in the overall proportiorcofrect classificationd=(1,28) =
4.601,p = .041). The model only including topological ey accounted for 19.8%
of the varianceR(1,28) = 6.931p = .014) and the model including both predictors
accounted for 20.2% of the variané€Z,27) = 3.415p = .048). Adding the number
of bigrams was no significant improvement to thedalancluding only topological
entropy, howeverHuange(1,27) = .118p = .734), indicating that topological entropy
was, by itself, the best predictor of proportiomreot in the test phase. The negative
relationship is illustrated by Figure 1 on page\#Rich shows the predicted and
observed scores per instruction for each measureroplexity.

One samplé-tests on the participants’ scores over all triatBcated that the
mean proportion correct (see Table 3 on page 28)sigmificantly above chance,
both for participants who had memorized exemplg29) = 8.764p <.001) and for
participants who had looked for the underlying suté29) = 4.305p < .001).
However, the proportion correct was higher aftenmogzing than after looking for
rules €(58) = 3.126p = .003).
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For trials on which participants had rated littinfidence in their judgments,
one-sample-tests showed that the proportion correct was Bagmitly above chance
for participants who had memorized exemplds=(.627,SD = .169;t(25) = 3.847p
=.001), but failed to reach significance for papants who had looked for ruleld &
.554,3D = .158;1(26) = 1.775p = .088). So, participants in the memorize group
acquired a significant amount of implicit knowledgenich could not be
demonstrated in the look for rules group. This gsggthat the two instructions

succeeded in inducing different learning modes.
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Figure 1. Predicted and observed proportions akcbigrammaticality judgments after

memorizing and looking for rules in the inductidmage as a function of topological entropy.

The effect of complexity on the type of knowledge acquired in AGL

For the memorize group, none of the regressionetsosas significant for the
grammatical exemplarp &= .407), the exemplars with 3 first-order violasop >=
.395) or the exemplars with 2 first and 1 secordkowiolation p >=.115). For the
proportion of exemplars with 2 or more second-ordelations, however, the
regression model including only topological entrapgiched significancé-(1,22) =
5.885,p =.024), accounting for 21.1% of the variancehi@ proportion of correct
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classifications. The relationship was negative,ctsuggests that participants in the
memorize condition recognized exemplars contaisengeral illegal trigrams as
ungrammatical when they worked with simple grammiaws lost this ability as
complexity increased. For the other types of teetrglars, one sampteests
indicated that overall performance was significaatbove chance on grammatical
exemplarst(29) = 9.280p < .001) and exemplars with 3 first-order violasqt{29)
=5.911,p<.001), but not on exemplars with 2 first and losetorder violation

(t(29) = -.396p = .695). The mean proportions of correct grammaditicjudgments

for each type of exemplar are shown in Table 3.

Table 3
Mean proportions correct and standard deviationslifeerent types of exemplars by
instruction.

Memorize Look for rules

M D M D

All strings 612%* .070 555%* .070
Grammatical B72%* 102 587+ .148
3 first-order violations B73** 161 612* .187
2 first, 1 second-order violations .488 170 .507 .146
2 or more second-order violations .520 220 411 .257

Note. * p< .05. ** p< .01.

For participants who had looked for rules undedyihe exemplars in the
induction phase, none of the regression modelssigasficant for the grammatical
exemplarsi§ >= .797), the exemplars with 2 first and 1 secordkr violation p >=
.096) or the exemplars with 2 or more second-ovd#ations p >=.732). One
sample t-tests indicated that overall performasee (Table 3) was above chance on
grammatical exemplar$(29) = 3.201p = .003), but not on exemplars with 2 first and
1 second-order violatiori(9) = .244p = .809) and exemplars with 2 or more
second-order violation$(R3) = -1.693p = .104). For exemplars containing 3 first-
order violations, however, all regression modedehed significance. The model
including only the number of bigrams accounted2®16% of the variancd-(1,28) =
8.196,p = .008), the model only including topological ey accounted for 25.6% of
the varianceR(1,28) = 9.620p = .004) and the model including both predictors
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accounted for 27.6% of the varian€€4,27) = 5.148p = .013). However, adding the
number of bigrams was no significant improvemerthtomodel including only
topological entropyRchange(1,27) = .759p = .391). Interestingly, the relationship
between topological entropy and proportion corveas$ positive, indicating that more
exemplars with 3 first-order violations were reciagd as ungrammatical by

participants who had looked for rules as complexityeased.

Discussion
The effect of complexity on performancein AGL

The first aim of this study was to examine whetbrenot performance on an
AGL-task would be affected by increasing complexityhe grammars. Two different
learning modes were induced by instructing pardiotp either to memorize exemplars
(implicit grammar learning) or to look for rulesdarlying exemplars (explicit
grammar learning). The effect of increasing comipyewas examined for both
learning modes to test Reber’s (1993) suggestianekplicit learning would be
hampered by increasing complexity, while implieiaining would not.

After explicitly looking for rules in the inductiophase, participants were
overall less accurate in judging the grammaticaiftpew exemplars than after
memorizing. In addition, explicit learning was rdtected by complexity of the
grammar, irrespective of whether it was measureitisbyumber of bigrams or by its
topological entropy. As previous studies indicateat explicit learning was more
efficient than implicit learning for simple matdggJohnstone & Shanks, 2001; Lee,
1995), this suggests that an improvement in peidoga may occur at lower levels of
complexity. For the range examined in the presemlys performance after explicit
learning was significantly above chance, but lothan after implicit learning. The
latter finding is in line with Reber’s (1976) claitmat complex materials can better be
learned implicitly than explicitly. However, suppdor this claim is refined by the
findings discussed below.

For implicit learning, the results of the preserperiment showed that
performance on the test task was affected by cotplef the grammar, as measured
by its number of bigrams and topological entroplye Tegression analysis indicated a
significant negative relationship: an increaseamplexity caused the proportion of
correct grammaticality judgments to decline. Onrtiast complex grammar, implicit

learning did not lead to more correct grammatigalidlgments than explicit learning.
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Although the findings of the present AGL-study trast with some results
obtained with the SRT-paradigm (Fletcher et alg®2@Reed & Johnson, 1998), they
are in line with the results of other SRT- studi@tadler, 1992; Soetens et al., 2004),
providing converging evidence that implicit leamiis affected by complexity. These
findings are at odds with a view of implicit leangias a process that automatically
abstracts any structure present in the environniather, implicit learning, like
explicit learning, seems to be limited in scope.il/ktructures of moderate
complexity may well be acquired implicitly, the pess is increasingly hampered in
acquiring structures of higher complexity.

In addition, the present study gives some indicedif the aspect of
complexity that makes implicit learning of artititigrammars increasingly difficult.
Namely, the regression analyses indicated thaldgpral entropy was the best
predictor of performance. As illustrated by itshhigprrelation with the number of
elements required to predict the next (see Talole jage 13) and as explained in
Appendix A, topological entropy is sensitive to firesence of higher-order
dependencies. The results of the present studgftrersuggest that implicit learning
of artificial grammars is hampered most when lettarnks of increasing size have to
be taken into account to determine whether ormmekemplars are grammatical.
This situation arises when a link is added to tta@rgnar that generates a letter chunk
that could already be generated by an existing Tiitle number of associations that
has to be acquired seems to be a less influesii@ch of the complexity of artificial
grammars.

The effect of complexity on the type of knowledge acquired in AGL

The second aim of this study was to investigatetivdr complexity influences
the type of knowledge participants acquire frondging letter strings. The results of
previous studies suggested that higher-order demeies may be more difficult to
learn implicitly than first-order dependencies (G@n1997; Meulemans & Van der
Linden, 1997). We therefore predicted that, if imiplearning would be hampered by
increasing complexity, second-order dependenciagdame particularly affected. The
analyses showed that, for implicit learning, thrersgest negative effect of increasing
complexity was indeed observed for test exemplansaining several violations of
second-order dependencies. Test exemplars thatontgined first-order violations
were recognized as ungrammatical irrespective@ttmplexity of the grammar. The

results confirm that participants who engage inlioitdearning more easily acquire
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knowledge of first-order dependencies than of sdamder dependencies. In
addition, these results are in line with the sutigeghat the occurrence of higher-
order dependencies makes implicit artificial gramiaarning increasingly difficult.

After explicit learning, participants were ableréxognize the grammaticality
of grammatical test exemplars and the ungrammatiaal test exemplars in which
only first-order dependencies were violated. Ssipgly, performance on the latter
type of exemplar was enhanced by increasing coriiplébhis may be due to
participants' strategies in explicit learning. @a bne hand, participants may restrict
themselves to looking for simple first-order depemeies when they are required to
deal with high complexity. Grammars of lesser ca®fty, on the other hand, may
invite participants to try to discover higher-ordiependencies. So, although explicit
learning of artificial grammars produces a conskavel of performance, this may be
based on different types of knowledge for gramnafirgarying complexity.
Qualifying the effects of complexity

The present experiment demonstrated that impdiaining declined as the
complexity of artificial grammars increased, partély with regard to second-order
dependencies. One might take this as supportdéimslas those of Gold (1967) and
Pinker (1989) that implicit learning cannot undetle acquisition of natural
grammars, which are arguably far more complex tharfinite state grammars used
here (Chomsky, 1957). However, implicit learningyn@ enhanced by some
characteristics of the natural situation. The agitjon of natural grammars has been
proposed to be facilitated by initially focusing fvagments rather than on complete
sentences (Elman, 1993; Kersten & Earles, 2001;d9eiw1990) and by semantic
constraints (Rohde & Plaut, 1999). Nagata (197@y& that the presence of a
semantic reference field enabled participants tuise a more complex artificial
language than they could on the basis of senteaiogs. It would be interesting to
examine whether these factors could eliminate ggative influence of complexity
on implicit learning of the artificial grammars disin the present study.

In addition, the scope of the finding that implieiarning of second-order
dependencies is hampered by increasing compléaxiyld be further investigated.
Certain instructions (Whittlesea & Dorken, 1993hwre extended exposure to
grammatical exemplars (Meulemans & Van der Lind&97) in the induction phase

may enable participants to implicitly acquire sest@nder dependencies and to
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maintain a relatively high performance on a granitadéity judgment task in spite of
increasing complexity of the grammar.

The present study indicates that, with standastiuotions and limited
exposure to grammatical exemplars in the indugtiocaise, the scope of implicit
learning is limited. Although leading to better feemance than explicit learning in
the tested range, implicit learning was negatiadgfgcted by increasing complexity of
the grammars. In addition, our results suggestabatiplexity affects the type of
knowledge acquired from implicit learning. Whersasond-order dependencies may
be acquired for relatively simple grammars, impliearning of more complex
grammars is limited to first-order dependenciessBresults are at odds with
theories of implicit learning that involve autontadibstraction of any structure present

in the environment, regardless of its complexity.
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