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77 Association s and dissociation s 
betwee nn direc t and indirec t 

measure ss of sequenc e learnin g 

Abstract t 

Thee (free) generation task in sequence learning is usually administered at the end of 
thee learning phase. In the current experiment an online version of the free generation 
taskk is used that allows comparison of free generation performance and reaction time 
performancee throughout the experiment. Hidden Markov models are used to analyze 
freee generation data so as to provide detailed information about subjects' knowledge 
off  grammatical rules in sequence learning. The results show a close correspondence 
betweenn reaction time performance and free generation performance implying the 
existencee of a common knowledge base for improvement on both measures. How-
ever,, generation performance continues to improve after the reaction times cease to 
decrease.. Verbal reports show that subjects have conscious knowledge of parts of 
thee grammar underlying the sequence of stimuli. Using hidden Markov models it 
iss possible to quantitatively compare verbally reported knowledge with knowledge 
expressedd in the generation data. Anticipatory responses were analyzed and they 
weree found to correspond closely with generation performance. 

7.11 Introduction 

Sequencee learning has become the paradigm of choice in studying implici t learning. 
I tt has been used by many researchers in the last 15 years (Nissen and Bullemer, 
1987;; Lewicki et al., 1987, 1988; Cleeremans and McClelland, 1991; Perruchet and 
Amorim,, 1992; Frensch et al., 1994; Jimenez et al., 1996; Seger, 1997; Shanks and 
Johnstone,, 1999; Jimenez and Mendez, 2001). In sequence learning, subjects are 
presentedd with a sequence of stimuli that is, unbeknownst to them, manipulated 
suchh that the order of presentation is not random. Subjects' task is simply to 
reproducee the stimulus, i.e. they type a unique key for each different st imulus. 
Thee behavioral effect of this manipulat ion is a decrease in reaction times (RT) as 
comparedd to a control condition in which the order of the stimuli is random. 

Inn order to gain better insight into the kind of knowledge that is formed during 
sequencee learning, a number of addit ional tasks and tests have been proposed and 
used.. Reber (1967) uses verbal reports to assess subjects' awareness of the structure 
off  the presented sequences. Since subjects failed to express any knowledge about 
thee presented material, Reber concluded that the learning process and the result ing 
knowledgee are implici t or unconscious. Later researchers argue that verbal reports 
aree not sensitive enough to bring out explicit knowledge (Perruchet and Amorim, 
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1992;; Jimenez et al., 1996; Shanks and Johnstone, 1999) and hence propose other 
tests.. Among these are the recognition and generation tasks. In the generation 
task,, instead of having to reproduce the current stimulus, subjects are asked to 
predictt the next stimulus. Nissen and Bullemer (1987) require their subjects to 
guesss the next stimulus at each trial and subjects continue guessing until they 
guesss the correct stimulus. Using this generation task, Cleeremans and McClelland 
(1991)) found that subjects score above chance level, but only slightly so. In their 
experiment,, they did not compare generation and RT performance directly so that 
itt is impossible to conclude whether there is either a dissociation or association 
betweenn these measures. The present chapter has two aims. The first aim is to 
designn an experiment that makes it possible to compare generation performance and 
RTT performance throughout the experiment. Second, to introduce a new method of 
analyzingg generation data that allows for quantification of the amount of knowledge 
expressedd in generation data. The same method is used to analyze knowledge 
expressedd in verbal reports. 

7.1.17.1.1 The generation task and explicit knowledge 

Thee generation task has a number of problems and shortcomings. First, generation 
taskss have hitherto been administered only after the learning phase was completed 
(cf.. Perruchet and Amorim, 1992; Cleeremans and McClelland, 1991; Jimenez et al., 
1996;; Nissen and Bullemer, 1987). A disadvantage of this is that there is no means 
off  assessing sequence knowledge in the early phases of training. Second, in the 
generationn task, subjects are, at least sometimes, made aware of the fact that there 
iss a regularity in the sequences, which they saw during the RT task, and are then 
askedd to reproduce it. In the experiment by Nissen and Bullemer (1987) subjects 
aree told that the accuracy of their responses is more important than the speed of 
responding.. As a result of such instructions, subjects may adopt a different strategy 
inn responding to the task as compared to the RT task. Also, memory requirements 
aree different in the generation task as compared to the RT task. The memory of 
previouss stimuli has to be used to make correct predictions, but it is disrupted by 
feedbackk and incorrect responses (see Shanks and Perruchet, In press, for a similar 
discussion). . 

Perruchett and Amorim (1992) introduced the free generation task in which 
subjectss are instructed to generate a sequence of trials that resembles the sequence 
thatt they are trained on before. Using this procedure, they find a close corre-
spondencee between free generation performance and improvement in RT as support 
forr "the assumption that there is common knowledge base for RT improvement 
andd introspective knowledge" (Perruchet and Amorim, 1992, p. 789). Using a ten 
triall  repeating sequence, they find that substantial explicit knowledge is present 
afterr only 200 trials. In this free generation task, the problems associated with 
feedbackk and memory requirements are avoided. However, Perruchet and Amorim 
(1992)) administer the task only after the learning phase, so that a comparison of 
RTT performance and generation is only possible at the end of the learning phase. 

Inn the present study a novel version of the free generation task is introduced, 
whichh is administered online. Subjects are required to generate short sequences of 
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trialss which are alternated with sequences of RT trials. No feedback is provided 
onn the generation trials. Hence, this setup provides detailed information about the 
acquisitionn of sequence knowledge. Also, the acquisition process and associations 
andd dissociations between generation performance and RT performance can be 
studiedd online. In several studies large associations have been found between 
generationn performance and RT performance (Perruchet and Amorim, 1992; Shanks 
andd Johnstone, 1999). These authors have argued that such associations should be 
viewedd as evidence for the hypothesis that sequence knowledge is in fact explicit 
knowledge.. In the next section, we argue that the standard model for implicit 
learning,, the simple recurrent network model, predicts perfect associations between 
RTT performance and generation performance without invoking a notion of explicit 
knowledge. . 

7.1.27.1.2 The simple recurrent network 

Cleeremanss and McClelland (1991) showed that the simple recurrent network (SRN) 
cann model RT performance very well in a sequence learning experiment. In order to 
derivee RTs from the trained network, they assumed that RTs were inversely related 
too the activities of the output units. When provided with a sequence of stimuli, 
thee network is trained to predict the next stimulus. The activities of the output 
unitss are normalized and interpreted as a probability distribution over the symbols 
fromm the stimulus sequence. The inverted probabilities were used as predictors in a 
regressionn analysis. They were shown to explain about 80 % of the variance in the 
RTss (Cleeremans and McClelland, 1991). 

Visserr et al. (2001b) argued that one can also predict generation performance 
fromm the simple recurrent network. From the probability distribution of the next 
stimulus,, which is generated by the SRN, a prediction of the next stimulus can be 
derivedd by randomly choosing one of the stimuli according to the distribution. As 
aa consequence, RT performance and generation performance should be inversely 
related.. Visser et al. (2001b) show that this is indeed the case for single predicted 
stimuli.. In a regression analysis, prediction responses accounted for 95 % of the vari-
ancee in RTs. Similarly, for series of free generation trials, such as those gathered in 
thiss study, high correlations are expected between generation and RT performance 
onn the basis of the simple recurrent network. 

Anotherr novel aspect of this study concerns the analysis of free generation data. 
Hiddenn Markov models are introduced here as a means of directly comparing the 
ruless that underly the sequence of stimuli presented to subjects and the gener-
atedd sequences. Before presenting the experiment, a concise description of hidden 
Markovv models is provided. 

7.22 Generation data and hidden Markov models 

Thee analysis of generation and free generation data can be done in several ways. 
Nissenn and Bullemer (1987) compute the percentage correct for single generation 
trialss and compare this with chance level (see also Cleeremans and McClelland, 1991; 
Jimenezz et al., 1996). Perruchet and Amorim (1992) compare triples of generated 



86 6 ASSOCIATIONSS AND DISSOCIATIONS 

sequencess between a group that is trained on structured stimuli and a group that 
iss trained on random sequences. Another possibility is to compare the number 
off  generated triples of the presented sequence and of a transfer sequence (Shanks 
andd Johnstone, 1999). In many studies on implicit learning, finite state automata 
(FSA)) are used to generate sequences of stimuli (Reber, 1967, 1976; Cleeremans 
andd McClelland, 1991; Jimenez et ah, 1996; Seger, 1997; Jimenez and Mendez, 
1999,, 2001). Hence, it would be interesting to know in such experiments how much 
off  the FSA subjects have learnt during the experiment. In none of these papers 
thatt use FSAs, subjects' performance on generation tasks is compared directly to 
thee grammar. Mostly, generation data are compared with chance level or with a 
controll  group. Using hidden Markov models (HMM) it is possible to compare in 
detaill  subjects' knowledge expressed in the free generation task and the structure 
off  the grammar. Instead of analyzing pairs and triples of symbols separately, using 
HMMs,, pairs, triples, quadruples, et cetera, are analyzed simultaneously, resulting 
inn a model of subjects' knowledge that can be compared quantitatively with the 
FSAA that is used to generate the stimuli. 

HMM ss can be described in two important ways, first, as Markov models with 
aa probabilistic response function, and second, as stochastic finite state automata. 
Thiss latter way of representing HMMs is important when applying them to sequence 
learningg (for an introduction to HMMs see Rabiner, 1989). We first describe HMMs 
inn the formal manner in which they are derived from Markov models and then 
comparee them to finite state automata. 

7.2.17.2.1 Markov and hidden Markov models 

HMM ss consist of a number of states Si, i = 1 n with probabilities P(Si|52). 
denotedd here as a,ij,i,j = 1 , . .. , n, governing transitions between states. The states 
andd the transition matrix A = {a^}  together form a Markov chain (see Wickens, 
1982,, for an overview of the use of Markov models in psychology). Markov chains 
havee been applied in many areas including recall and recognition (Kintsch and 
Morris.. 1965), paired associate learning (Nicolson. 1982) and conservation learning 
(Brainerd,, 1979). In HMMs, the observations are categorical. They are denoted 
heree as 03, j — 1, .. . , m. Such observations are also called observation symbols or 
responses.. In the present study, the observation symbols of the HMMs to be fitted 
aree the responses generated by subjects in the free generation task. The states and 
observationn symbols are linked by observation probabilities, alternatively called a 
responsee function, bl3,i = 1 . . .. , n, j = 1 , . .. , m. The parameter bij represents 
thee probability of observing symbol Oj in state Si. In a normal Markov model, 
thatt is not hidden or latent, the matrix B is the identity matrix. In that case, 
theree are as many observation symbols as states and each observation symbol is 
coupledd uniquely with a state. If there is no unique mapping from observation 
symbolss to states, an observation symbol does not uniquely identify the state of the 
Markovv process, hence the state is hidden or latent. In addition there are initial 
statee probabilities 7Tj, that represent the probability of starting in state Si. All 
parameterss together are denoted by A = (A, B, n). 
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(a)) Finite state automaton used to generate (b) H i d d e n Markov representation of the same 
FSA A stringss for the experiment. 

Figuree 7.1: Finite state automaton and hidden Markov model for the same 
grammar.. In both figures the thickness of the arrows represents the probability 
off  going from one state to the next where the probabilities of arcs leaving a 
statee sum to one. See the text for further details. 

Rabinerr (1989) describes a version of the EM algorithm for optimization of the 
parameterr matrices A and B and initial state vector IT given an observed sequence of 
responsess Ot, t— 1 , . .. , T or multiple sequences 0\ ,tk = 1 , . .. , Xfc, k = 1 , . .. , P 
withh P the number of sequences. In the analysis of generation data the sequences 
aree the responses of different subjects on the generation trials of the experiment. 

7.2.27.2.2 Finite state automata and hidden Markov models 

Inn the present experiment an FSA is used to generate stimuli for sequence learning. 
Thiss FSA is depicted in Figure 7.1(a). Sequences are generated using this FSA by 
movingg from state to state, starting and eventually terminating in state # 1 / 7. For 
example,, the sequence ADBD is a grammatical sequence that passes through states 
1,, 3, 4, 6 and 7. 

Finitee state automata can also be represented as HMMs (by shifting from a 
vertexx representation to an edge representation, that is, instead of having labeled 
arcs,, HMMs have labeled states (see e.g. Lind and Marcus, 1995, for different 
representationss of FSAs)). In Figure 7.1(b) the grammar is represented as hidden 
Markovv model. The generation of strings in the HMM is very similar to the 
generationn procedure in FSAs: starting in a given state, which provides the first 
letter,, one leaves the state via one the present arcs to arrive at the next state, 
whichh provides the next letter, et cetera. Again it can be seen that ADBC is a legal 
sequencee as it is in the FSA, but BAC is not; there is no sequence of nodes with 
thee labels B, A and C that are connected in that particular order. 

Inn order to classify free generation data, HMMs are used in the following way. 
HMMss are fitted to sequences of responses generated by subjects. This can be 
donee using the sequences of individual subjects, or using generation data from all 
subjects.. This results in a model of a grammar that a subject, or a group of subjects, 
hass learned. The fitted model is then compared to the HMM representation of 
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thee grammar which is used to generate the stimuli. This is done by computing 
aa distance measure between the true grammar and the learned grammar. This 
distancee measure, which is formally defined in the results section, indicates how 
muchh of the grammar has been learned. If sequence learning has an effect on 
subjects'' ability to generate grammatical sequences, the distance between the fitted 
HMM ss and the grammar is expected to decrease. The simple recurrent network 
forr sequence learning predicts that the decrease in distance is expected to correlate 
highlyy with the decrease in RTs as argued in the introduction. 

7.33 Experiment 

Too assess the relation between free generation and RT performance a sequence 
learningg experiment is carried out, in which series of RT trials are alternated with 
seriess of free generation trials. The goal of the experiment is to have concurrent 
repeatedd measurements of free generation performance and RT performance such 
thatt these can be compared in each phase of the experiment. 

7.3.17.3.1 Method 

Subjectss were given a 4-choice reaction time and free generation task consisting of a 
totall  of 12000 trials. Trials were administered in four sessions of approximately one 
hourr each; subjects did two sessions a day on two consecutive days. On each day, 
subjectss had a break of 15 minutes in between sessions. Each session comprised 6 
blockss of 500 trials. After each block there was a break of two minutes. At the end 
off  each block subjects' performance and financial rewards were presented on the 
computerr screen. 

Subjects Subjects 

Subjectss were 8 undergraduate psychology students from the University of Ams-
terdam.. They were given course credits for their participation in the experiment. 
Subjectss also received financial rewards for fast and accurate responding. There 
wass no financial reward for generation performance. The maximum reward was 
aboutt 50 Dutch guilders (about 20 US dollars) for participation in the experiment. 

ProcedureProcedure and stimulus material 

Theree were four experimental sessions comprised of six blocks of 500 trials each. Of 
thee 500 trials in each block, about 95 were free generation trials, the others were 
RTT trials. Each 6th block consisted of random order trials, the others consisted of 
grammaticall  trials. The sequence of trials for the grammatical blocks was produced 
byy generating a sequence of 500 symbols from the grammar in figure 7.1(a). The 
sequencess were produced by this grammar in the following manner. The generation 
processs starts in state #1 /7, then an arc departing that state is selected randomly 
andd the letter corresponding to that arc is noted. This process is repeated in the 
nextt state, et cetera. Note that in some states there is only one arc leaving that 
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statee so that that arc is necessarily taken when moving to the next state. For the 
grammaticall  blocks, sequences of 500 trials were generated from the grammar and 
thenn split into runs of RT trials and free generation trials according to the following 
scheme.. The sequences were split into alternating subsequences of different lengths. 

Eachh block consisted of consecutive runs of RT trials of length 17 to 23, alter-
natedd with runs of free generation trials of length 3 to 7. That is, runs of generation 
trialss had a mean length of 5 trials. There were 19 such runs, resulting in a mean 
numberr of 95 generation trials per block. Each block began and ended with a run 
off  RT trials, resulting in a total of 20 runs of RT trials. The sequence of trials in the 
lastt block of each session was random (not generated by the grammar). To ensure 
thatt grammatical blocks and random blocks were as comparable as possible, the 
randomm blocks also included runs of free generation trials alternated with runs of RT 
trials.. The only constraint in the random series was that there were no repetitions 
off  identical stimuli, as is common in sequence learning experiments (Cleeremans 
andd McClelland, 1991; Nissen and Bullemer, 1987). This last random block of each 
sessionn is used as a control in the assessment of the decrease in RTs. That is, 
thee decrease of RTs is partially due to non-specific training at the task. In the 
grammaticall  sequences, an additional decrease of RTs is expected due to subjects1 

growingg sensitivity to the contingencies inherent in the sequence. 

Display Display 

Inn Figures 7.2(a) and 7.2(b) the displays are shown, which are used for the RT trials 
andd for the generation trials, respectively. At RT trials a cross was placed in one of 
thee four quadrants of the screen and subjects had to press the key corresponding 
too the quadrant the cross was in. The response keys were the keys 1. 2. 4, 5 on 
thee numerical keypad of a keyboard. Subjects were required to use only their index 
fingerr in pressing the keys. At generation trials a cross was placed in the quadrant 
off  the previous trial (or in the quadrant of the previous generation response if the 
previouss trial was also a generation trial). In the other quadrants question marks 
weree shown to indicate that this was a generation trial. Subjects were required to 
presss any of the three keys corresponding to the quadrants in which the question 
markss were shown. The rationale for indicating the previous response or trial at 
generationn trials is that in the sequence of RT trials no repeating trials occur. In 
previouss studies it was found that subjects become aware of this very quickly in 
thee RT task (Visser et al., 2001b). In this experiment subjects were told in the 
instructionn that this was the case to prevent the generation of two or more identical 
responsess in a row. 

Instructions Instructions 

Subjectss were told that both accuracy and speed were important in this task. 
Subjectss were instructed that at free generation trials they should "continue pressing 
att approximately the same rate as during the RT trials". This was done so as to 
makee the generation trials as similar as possible to the RT trials. They were told 
nott to stop and think, but instead just type the response that seemed appropriate, 
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A A 

D D 

B B 

X X 

C C 

(a)) Computer display for the RT trials. 
Subjectss have to press the key corre-
spondingg to the quadrant of the screen 
wheree the X is shown. The letters in the 
top-leftt corner of the quadrants were not 
partt of the actual display. 

A A 

? ? 

D D 

? ? 

B B 

X X 

C C 

? ? 

(b)) Computer display for the generation 
trials.. All but one quadrants contain 
aa question mark and subjects have to 
choosee the quadrant in which they expect 
thee next stimulus to appear and press the 
correspondingg key. 

Figuree 7.2: Displays for RT and generation trials. 

orr to guess when they felt there was no appropriate response. Subjects were also 
madee aware of the fact that in the RT trials no repetitions occurred and that at 
thee free generation trials they should not produce consecutive identical responses. 

Post-experimentalPost-experimental interviews 

Subjectss were interviewed following the last session to check how much knowledge 
theyy could verbalize. They were asked a series of increasingly specific questions. 
First,, they were asked whether they had any idea what the experiment was about. 
Second,, they were asked if they noted anything particular about the stimuli. Third, 
theyy were asked whether they found or saw any regularity in the stimuli. Fourth, 
afterr the subjects were told that there was regularity in the sequences, they were 
askedd whether they could reproduce sequences that they thought they had seen. 
Fifth,, if they produced fragments of the sequence, they were asked at which point 
duringg the experiment they first became aware of this. Finally, subjects were asked 
whetherr they had used their knowledge in generating sequences at free generation 
trials. . 

7.3.27.3.2 Results 

AccuracyAccuracy data and outliers 

Thee first trial after each run of free generation trials proved to be prone to errors 
andd subjects responded much slower on these trials than on other trials. These trials 
weree therefore discarded for further analysis. The RTs on the remaining trials were 
judgedd to be outliers, if the RT deviated more than three standard deviations from 
thee mean. Outlier detection was done for each subject and block separately. In 
total,, 75 trials were detected as outliers from a total of 96000 trials. The mean 
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Figuree 7.3: Mean reaction times for each experimental block. Bars around 
thee means indicate standard errors. Every sixth block is a block with random 
sequences,, indicated by the filled dots. 

accuracyy in the RT trials was 97 %, ranging between 96 % and 98 % over the 24 
experimentall  blocks. 

ReactionReaction times 

Inn figure 7.3 the mean reaction times for each of 24 blocks of trials are shown. 
Everyy sixth block is a block with random sequences. As can be seen, there is 
aa large difference between mean RTs in the random sequences and those in the 
grammaticallyy structured sequences. The difference is larger in later sessions. To 
comparee the mean RTs obtained in the grammatical and random blocks an ANOVA 
wass run on the last two blocks of each session, that is, the last grammatical block 
andd the random block. The two-way ANOVA with repeated measures (grammatical 
versuss random by 4 levels of practice) revealed significant main effects for practice, 
F(3,5)) = 17.685, p < 0.005, and for grammaticalness, F ( l , 7) = 41.056, p < 0.001. 
Mostt important, there was a significant interaction between practice and grammati-
calness,, F(3, 5) = 42.421, p = 0.001, confirming that RTs in the grammatical blocks 
decreasedd significantly more than did RTs in the random blocks. 

Ourr next objective was to show at which point in the experiment RTs ceased to 
decreasee in the grammatical sequences. To test this, a repeated measures ANOVA, 
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whichh included Helmert contrasts, was done on the RTs in the grammatical blocks 
.. Again, the main effect of practice is significant, F(19.133) = 20.563, p < 0.001. 
Thee Helmert contrasts show in which block learning ceases to have an effect on RTs 
byy comparing the mean of a given block with the means of the subsequent blocks, 
thatt is, block one versus later blocks, block 2 versus later blocks et cetera. The 
resultss are clear and in agreement with the RT plot in Figure 7.3: the effect of 
practicee is significant at every level until block 11 at the end of the second session. 
Afterr that, none of the contrasts reaches significance indicating that practice has 
littl ee effect on the RTs after approximately 6000 trials. 

GenerationGeneration data 

Too be able to compare the results with an earlier prediction experiment by Visser 
ett al. (2001b), the responses on the first trial of each run of generation trials were 
analyzedd to see whether subjects were able to predict the next trial in a sequence. 
Trialss were scored as correct if they were predicted according to the sequence used 
too generate the trials, and incorrect otherwise1. The mean percentages correct 
weree computed for each two consecutive blocks of trials (percentages for single 
blockss would be very inaccurate due to the small number of datapoints involved). 
Predictionn accuracy increased from 39 % (sd=11.0 %) in the first two grammatical 
blockss to 61 % (sd=7.6 %) in the last two grammatical blocks. Note that the 
baselinee accuracy is 33 % since there are four choices but repetitions do not occur 
andd subjects were made aware of this in the instructions. In the first block, subjects 
hadd 35 % correct predictions on the first trial of each run of generation trials. A 
repeatedd measures ANOVA with ten levels of practice (for two consecutive blocks 
att a time) reveals that the increase in prediction ability is significant. F(9, 63) = 
9.938.. p < 0.001. The results agree well with earlier findings where the percentage 
correctt on single predictions increased from 36 % to 52.2 % over a total of 4800 
trialss Visser et al. (2001b). 

FittingFitting hidden Markov models In order to gain insight into the rules that subjects 
followw during the generation trials, hidden Markov models are used to analyze 
thee generated sequences. The procedure is as follows. Generated sequences were 
analyzedd for each block separately. The generated sequences of all subjects in a 
singlee block forms one data set, resulting in a total of 24 data sets to be analyzed. 
Too be able to compare the fitted models to the grammar, the fitted models must 
containn all the transitions between states that are part of the grammar. As a basis 
thee HMM representation for the grammar in Figure 7.1(b) is used. In the HMM 
representationn of the grammar, many transition probabilities are zero. For example, 
theree is no direct transition from the leftmost D to the rightmost A, nor the other 
wayy around from A to D. Of course, subjects do not follow all the rules of the 
grammarr so the model has to be able to accommodate arbitrary sequences. This 
iss achieved by setting all the transitions between states to non-zero values at the 

11 Note that in most states of the grammar, there are two possible continuations of the sequence. 
Hence,, the way of scoring the generated trials is conservative, but it does make the analysis 
comparablee with Visser et al. (2001b). 
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startt of optimization. The observation parameters are fixed at the values from the 
grammar.. Furthermore, the transitions in the HMMs that occur in the grammar 
weree constrained such that they could not become zero in the optimization of the 
models2.. This is necessary because for a model in which transition probabilities 
betweenn states are zero, it is impossible to compute the distance between the fitted 
modell  and the grammar. The reason for this is explained below. 

Inn fitting the model to each data set, 300 sets of starting values for the pa-
rameterss were generated and the resulting HMMs were optimized. From those 
3000 models the best model was selected using an adjusted Bayesian Information 
Criterionn (BIC). The BIC is defined as: BIC = -21ogL + log(T)p, where L is the 
likelihoodd of the model, T the number of data points used in fitting the model and 
pp the number of freely estimated parameters (see Bozdogan, 2000, for an overview 
off  different model selection criteria). The number of parameters p in the BIC is 
usuallyy the number of freely estimated parameters. In this case that would be all 
thee parameters of the transition matrix A and all the initial state parameters iti. 
Sincee the model has 7 states and each row of the transition matrix sums to one, 
thee transition matrix has 7 x (7 — 1) = 42 free parameters. The seven initial state 
parameterss also sum to one and so 6 parameters remain to be estimated. The 
observationn matrix parameters were all fixed and hence they do not contribute to 
thee number of parameters to be estimated. In total that would result in 48 free 
parameters.. In general, in fitting HMMs to data generated by finite state automata 
orr similar processes, many parameters are expected to be zero, and a parameter 
thatt is zero provides important information for interpreting the model. In the HMM 
representationn of the grammar only 10 transition parameters are non-zero. In the 
modelss fitted in this chapter these 10 transition parameters can never become zero. 
Eachh fitted models has these 10 parameters and additional transition parameters 
iff  needed. When counting all the parameters in the transition matrix this would 
resultt in an overestimation of the true number of parameters. Here an adjusted 
BICC is used employing the number of non-zero parameters instead of the number 
off  free parameters. In simulation studies it is found that this criterion works very 
welll  in selecting the correct model (Visser et al., 2001a). 

Thee resulting fitted HMMs were compared to the HMM representation of the 
grammarr by computing a distance measure between the fitted model and the 
grammar.. The expectation was that the distance between subjects' models and the 
grammarr would decrease due to learning. The distances are computed as follows: 

DD__ logP(Ot\Xf)- logPjOtM  ̂ ( 7 1 ) 

wheree Ot, t = 1 . .. T is a sequence generated by the true model, that is, the gram-
mar,, T is the length of the sequence, log P(Ot\Xt) is loglikelihood of the sequence Ot 

givenn the parameter values of the true model Xt (i.e. the HMM representation of the 
grammar)) and logP(Ot|A/) is loglikelihood of the sequence Ot given the parameter 

2I nn particular those parameters were constrained to be no smaller than 0.002. Since each data 
sett contains just under 500 datapoints a transition probability smaller than 1/500 means that the 
transitionn does not in fact occur in the data. This implies that the transition probability, if i t 
reachess this value, is not significantly different from zero. 
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Figuree 7.4: Distances from fitted models to the grammatical model. For the 
grammaticall  blocks, distances are averaged over two consecutive blocks. The 
randomm blocks are represented by filled dots. 

valuess of the fitted model A ƒ. This distance measure indicates how well the fitted 
modell  can describe data that are generated from the grammar in comparison with 
howw well the grammar itself does so. The distance measure can be interpreted as a 
cross-entropyy between the models (see e.g. Whittaker, 1990, for an introduction to 
entropyy and information distance measures)3. 

ModelModel fits In the analyses described here, subjects' data were pooled within each 
block.. That is, the free generation data of all subjects from block one formed the 
firstt data set, the data from block two the second, et cetera. This was also done 
forr the generation data in the random blocks. HMMs were fitted on the resulting 
244 data sets and distances from the fitted models to the grammar were computed 
ass shown in equation 7.1. The resulting distances are plotted in Figure 7.4. 

3Notee that the distance measure used here is not symmetric. It measures the distance from the 
grammarr to the fitted model but not vice-versa. In this case that would be impossible because 
inn general the fitted model allows for ungrammatical sequences that can not be modeled by the 
grammarr and hence the log-likelihood that occurs in the equation would be infinite. 
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Thee pattern of results for the distances is similar to the results for the RTs that 
aree shown in Figure 7.3. The correlation between the mean RTs for each block and 
thee distances for each block is 0.835 (p < 0.0001). When the random blocks are left 
out,, this correlation is 0.814 (p < 0.0001). There is a large effect of learning in the 
firstfirst two sessions, the distance drops from .619 to .485, which is consistent with the 
dropp in RTs during those sessions. After that, in sessions three and four, the RTs 
hardlyy decrease as confirmed by the Helmert contrasts. The distances, however, 
decreasee from 0.499 to 0.371 in sessions three and four. A regression analysis of 
distancee on block number confirms that the drop in distance within session three 
iss significant, R = —.888, p < 0.05. The similar regression for session four did not 
reachh significance, R = —.750, p = 0.144. Within the grammatical blocks of the 
fourr sessions, the correlation between distances and mean RTs are 0.646, 0.518, 
0.5477 and -0.074 respectively, showing a decreasing association between RT and 
freee generation performance as learning continues. In Figure 7.5 the best fitting 
modelss are shown for the first grammatical block of the first session and for the last 
grammaticall  block of the fourth session. 

(a)) Model for the first block (b) Model for the last block 

Figuree 7.5: Fitted models for block 1 and block 23. The solid lines with 
arrowss are connections that occur in the grammar; the dashed lines are 
connectionss that are ungrammatical. The thickness of the lines correspond 
withh the transition probabilities between states. Non-grammatical arrows with 
aa probability of less than 0.1 are left out for clarity of the picture. 

Thee distances of the models shown in Figure 7.5 are 0.619 and 0.371 respectively. 
Figuree 7.5 shows the improvement clearly. Connections that also occur in the 
grammarr have a higher probability (indicated by thicker lines) and connections 
thatt do not occur in the grammar are less pronounced or absent in the model from 
thee last block. In the model for block 1, there are 11 ungrammatical transitions, 
whereass in the model for block 23 there are only 8 ungrammatical connections, 
whichh have smaller probabilities. 

PostPost experimental interviews 

Inn the exit interviews subjects were asked a series of increasingly specific questions 
too elicit their explicit knowledge about the sequence. At the third or fourth question, 
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sevenn of the eight subjects mentioned some sequences that they thought occurred 
moree often than others. Six of these seven subjects mentioned sequences of length 
33 and the seventh mentioned two sequences of length four. Of course, subjects 
couldd only point out sequences on the screen or keyboard since they did not know 
thee labels from the grammar. The triples that were mentioned by more than one 
subjectt were DAD and ABC. The latter triple of symbols corresponds to the loop 
onn the right-hand side of the grammar in Figure 7.1(b). All subjects said they did 
nott make use of this knowledge in the generation task. Two subjects said they tried 
too do so at some stage, but found it '"easier and less tiring" to trust their 'feeling' 
orr 'intuition'. 

Inn order to establish how much knowledge the mentioned sequences represent, 
ann HMM was fitted on all the sequences that subjects mentioned, in the same way 
ass described before with the free generation data. Again the distance from the 
fittedd model to the grammar was computed. The result is a distance of .706 which 
iss larger than the distance of the models fitted to the sequences generated in the 
randomm blocks. It is in fact close to the baseline for the pooled distance measure, 
whichh equals .72. This baseline distance is computed by first generating a random 
sequencee without repetitions, then fitting an HMM to this sequence and computing 
thee distance to the grammar4. The conclusion from this is that, although subjects 
cann point out some sequences of the grammar, the knowledge that they can verbalize 
iss very limited in comparison with the knowledge expressed in the generation task. 

AnticipatoryAnticipatory responses 

Anotherr statistic that can be used as a measure of explicit knowledge is the number 
off  sub-threshold responses, or fast guesses, that occur in the RT data. At some 
trialss subjects wil l produce extremely fast responses which clearly could not have 
beenn reactions to the stimuli because they could not have seen them (see Luce, 1986. 
forr minimal RTs to visual stimuli). Note that in the current experiment, there is 
fixedfixed response-stimulus interval. As a consequence subjects know when the next 
stimuluss will be presented. Some of the fast guesses are produced by accident which 
resultss in a large probability of an incorrect response. Hence, when the response is 
correctt it is likely to be an anticipatory response, i.e. a response to a stimulus which 
iss anticipated by the subject. The following percentages of anticipatory responses 
weree computed using a threshold of 100 ms. When using thresholds between 80 ms 
andd 150 ms the percentages are hardly different. 

Inn the first two sessions of the experiment, the mean number of anticipatory 
responsess was less than 3 %. This percentage was due to one subject who had many 

44 We should remark here that the definition of chance level for free generation data is not 
straightforward.. Usually, chance level is taken to be the performance of a random generator, 
possiblyy with the added assumption that no repetitions occur in the stimuli and that subjects do 
nott produce these either. However, from the literature on the subject, we know that people are 
veryy bad random generators. As a consequence, the base level performance, i.e. actual performance 
off  subjects that have been trained on random sequences or subjects that have had no training at 
all,, may be very different from what is usually taken as chance level. In fact, when comparing 
generatedd stimuli with a grammar, base level performance can be much worse than chance level. 
Thiss runs counter to our intuition on what chance level performance should mean. 
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anticipatoryy responses, especially in the second session. Leaving out this subject, 
resultedd in a percentage of 0.3 %. In the third and fourth sessions the number of 
anticipatoryy responses increased rapidly from 3 % to 9.4 % in the last grammatical 
blockk of session four. Three subjects did not show any or very littl e (less than 
11 %) anticipatory responses in any block. When leaving out these subjects, the 
percentagee of anticipatory responses was 14.8 % in the last grammatical block. In 
contrast,, in the random blocks, the number of anticipatory responses was below 
11 %. The accuracy remained high throughout these blocks. In fact, there is a small 
(non-significant)) negative correlation between the number of errors and the number 
off  correct sub-threshold responses. If subjects had been fast guessing at those trials, 
thee expected percentage correct of those trials would be between 25 % and 33 %, 
butt in fact there were over 75 % correct fast responses. The number of anticipatory 
responsess in sessions three and four correlates highly with the distances of the 
fittedd HMMs with correlations of -.980 for session three (p < 0.005) and -0.695 
(p(p = .226, ns) in session four. The correlations between number of anticipatory 
responsess and RTs are much lower in these sessions, -0.570 and -0.319 respectively 
(bothh non-significant). 

7.44 Summary and discussion 

Inn sequence learning, differences in RTs on grammatical and ungrammatical trials 
aree seen as the main indicator of the effect of implicit sequence learning. Other 
measuress of sequence knowledge have been used, but their interpretation is open 
too debate. In particular, generation performance is usually seen as a measure 
off  explicit knowledge in sequence learning experiments. Hence, if implicit and 
explicitt learning are thought to be different processes, dissociations are expected 
betweenn RT performance and generation performance. However, some researchers 
havee found strong associations instead of dissociations, while at the same time 
findingg that their subjects were incapable of verbalizing any detailed knowledge 
(Perruchett and Amorim, 1992; Shanks and Johnstone, 1999; Visser et al., 2001b). 
Moreover,, an association rather than a dissociation is expected on the basis of the 
simplee recurrent model for sequence knowledge. Perruchet and Amorim (1992) 
usedd the free generation task as a measure of explicit knowledge and found a strong 
associationn between free generation and RT performance. From these results they 
concludedd that it is likely that a common knowledge base is effective in producing 
bothh improved RT and free generation performance. 

Inn previous applications, the generation task was always administered after 
sequencee learning was completed. This has two important disadvantages. First, 
afterr the RT phase of the experiment has been completed, subjects receive new 
instructions,, which may suggest to them that the sequences were manipulated. The 
taskk set is therefore quite different from the serial RT task they just completed. The 
instructionss and the new task set may disrupt their memory of the sequences that 
theyy have learned before (Shanks and Perruchet, In press). Second, administering 
thee generation task after the RT task makes it impossible to compare performance 
onn these measures during the time course of learning. For these reasons we designed 
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aa sequence learning experiment in which generation and RT performance were 
measuredd concurrently throughout the experiment. Despite this different design, the 
resultss show that the RT performance is very similar to RT performance in other 
sequencee learning experiments, in which FSAs are used to generate the stimulus 
sequencess (Visser et al.. 2001b; Cleeremans and McClelland, 1991; Jimenez et al., 
1996). . 

Freee generation data are usually analyzed by counting the numbers of triplets 
generatedd by subjects that are consistent with the grammar and by testing these 
numberss against a control group or control condition. For examples of this pro-
cedure,, see Perruchet and Amorim (1992) and Shanks and Johnstone (1999). For 
thee second-order-conditional repeating sequences that these authors use in their 
experiments,, using triplets in the analysis is adequate, because no more than two 
previouss stimuli are needed to predict a subsequent stimulus. In the stimulus 
sequencess produced by finite state automata, however, more previous stimuli are 
necessaryy to correctly predict the next stimulus. Moreover, because the sequences of 
stimulii  from FSAs are probabilistic in nature, at most points in the sequence, there 
iss no unique correct subsequent stimulus. A new way of analyzing free generation 
dataa is introduced here, which is suitable for the type of experiment in which FSAs 
aree used to generate sequences. HMMs can model all the contingencies inherent in 
suchh sequences, not only first- and second-order conditional information. Moreover, 
HMM ss model these contingencies simultaneously, and so provide more accurate 
informationn than that obtained in analyzing conditional dependencies separately 
(e.g.. Cleeremans and McClelland, 1991). Importantly, HMMs allow us to quantify 
differencess between free generation performance and the grammar by computing a 
distancee measure between the fitted HMMs and the grammar. 

Ass can be seen in the distance plot, in Figure 7.4, the improvement in free 
generationn performance follows essentially the same pattern as the RT performance 
forr the entire experiment. This association is confirmed by the correlation of .835 
betweenn the distances and the RTs. The plot also shows that the association 
betweenn RTs and free generations is present in the early stages of learning which 
iss confirmed by the high correlations in these sessions between mean RTs and 
distances.. This association was predicted from the simple recurrent model proposed 
byy Cleeremans and McClelland (1991) for implicit learning. 

Thee distances, however, also show dissociations between RTs and free generation 
performance.. Notably, RT performance does not improve after the second session, 
butt free generation performance does show improvement, especially within sessions 
threee and four. In fact, the improvement of free generation performance from 
sessionn three to four is only slightly smaller than the improvement from session one 
too two. How these dissociations should be interpreted is an interesting issue for 
futuree research. Also the number of anticipatory responses is used as a measure of 
sequencee knowledge. The increase in the number of anticipatory responses agrees 
veryy well with the distance measures in sessions three and four. 

Fromm the exit interviews it is clear that the amount of knowledge that can be 
verbalizedd is much less than the amount of knowledge that can be expressed in free 
generation.. In fact, the amount of knowledge that can be verbalized is close to 
chancee level as it is measured with the distance of the fitted HMM to grammar. 
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Subjectss indicated that only in the third or fourth session they became aware of the 
factt that there were regularities in the sequences. This coincides with the increasing 
numberss of anticipatory responses that are found in these sessions. The present 
studyy shows that early in learning, sequence knowledge can expressed through free 
generation.. Only much later in learning can this sequence knowledge be expressed 
throughh both anticipatory responses and verbalization. In fact, this happens only 
afterr RTs have ceased to decrease. These results are consistent with a common 
knowledgee base for both improvement in RTs and free generation. 
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