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A P P E N D I X

chapter 2 : fmtp

appendix b : subjective hazard model

The subjective hazard model fits described in the main text gave rise
to an interesting prediction for the inverse model with discrete FP
distributions: We observed ‘relaxation bumps’ in between the discrete
FPs slowing down preparation (Figure 2.7 and 2.8). One important aspect
to consider is that the data in our simulations come from experiments in
which the presentation of S2 occurred at discrete time points. Therefore,
the PDF of the FP distribution f (t) that served as input into Equation
2.2 were discrete. As shown in Figure 2.7 and 2.8 in the main text,
this discrete PDF results in ‘relaxation bumps’ in the RT-FP function
for shorter FPs in between the data points. Such ‘relaxation bumps’
were not apparent in previous studies using the subjective hazard model
(Grabenhorst et al., 2019; Janssen & Shadlen, 2005) where continuous FP
distributions were used. For completeness, we ran additional simulations
with a continuous PDF for the uniform FP distribution (Figure A2.1,
first row). The effect of the temporal uncertainty on the PDF (subjective
PDF) is displayed in the second row of Figure A2.1. The visualization
of the inverse of the discrete subjective PDF, reveals the inverse PDF
to peak at the shortest FP as temporal uncertainty is low, but to reach
a minimum in between the two shortest FPs as for these time points
there is no density mass. This shape gives rise to the ‘peak’ in between
the two shortest FPs when mapping the hazard inversely on RT (Figure
A2.1, third row). As displayed in the second column of Figure A2.1 this
does not occur for the underlying continuous PDF. In this case, the PDF
has mass at each time point. The difference in the qualitative shape of
the ‘discrete’ and ‘continuous’ hazard requires hazard models to specify
whether the underlying FP distribution density function is of discrete
or continuous nature. Note that such a specification is not necessary for
f MTP.
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Figure A2.1: Subjective Hazard Model. PDF (first row), subjective PDF (second
row), and hazard rates mapped onto RT (third row) for the uniform FP dis-
tribution. Left column: subjective hazard computation based on a discrete FP
distribution; right column: based on a continuous uniform FP distribution. The
resulting subjective PDF and the fit to RT are displayed for both the linear and
inverse transformation. Note that the estimated θ, reflecting the amount of
temporal uncertainty, differed between the ‘linear’ (θ = 0.50) and the ‘inverse’
model (θ = 0.29).

appendix c : experimental details of section

‘reassessment gaussian fp distribution’

material and methods

Participants. As explained in the main text, participants in Experiment
1 were dived in two groups: one group ran an experiment replicating the
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original design of Trillenberg et al. (2000), and another group completed
the same task but without a dial (‘Clock’ and ‘No Clock’ groups). Exper-
iment 2 consisted of a single participant group that ran an experiment
closely resembling a ‘standard’ FP paradigm.

For Experiment 1, we collected data from 42 participants, and excluded
two based on preset criteria for overall accuracy and RT (one had less
than 90% correct responses, one responded overall more than 2.5 SD
from the group mean). For Experiment 2, 21 participants were tested, of
which two were excluded (again one for each criterium). This selection
left us with 20 participants in each of two groups of Experiment 1 (33

Female, Mean age = 21, SD = 7.6), and 19 participants in Experiment
2 (14 Female, Mean age = 25.6, SD = 7.9). All participants reported
normal or corrected-to-normal vision. Informed consent was obtained
before participation, and the experimental procedure was conducted in
accordance with the Helsinki declaration, and approved by the ethical
review board of the Faculty of Behavioural and Movement Sciences of
the Vrije Universiteit Amsterdam.

Materials Participants were seated in a dimly lit cubicle at 70 cm
distance from a computer monitor (2” Samsung Syncmaster 2233RZ, 120

Hz, 1680 x 1050px). Experiment 1 was coded in OpenSesame 3.2 (Mathôt
et al., 2012) and Experiment 2 was coded in E-prime 2.0 (Psychology
Software Tools, 2012).

Stimuli and trial setup Figure 2.9a in the main text illustrates the
conditions of Experiment 1 and 2. The ‘Clock’ condition in Experiment 1

(top) was recreated from Trillenberg et al. (2000). Stimuli were presented
on a black background. Participants saw a grey ring (13.2 diameter)
with a clearly visible black dial spinning clockwise at a constant speed,
completing a full rotation in 3900 ms.

A new trial started whenever the dial reached the 6 o’clock position,
accompanied by the onset of a small yellow triangle (an arrowhead:
width 1.9, height 1.3) at the center of the screen, pointing to the left or
the right with equal probability. The direction of this triangle indicated
the correct response key (‘Z’ for left and ‘M’ for right). Participants were
to press this key as soon as the arrowhead changed color to red, which
could happen at one of three critical moments: after 1300 ms (FP1, dial at
10 o’clock), 1950 ms (FP2, 12 o’clock) or 2600 ms (FP3, 2 o’clock). Upon a
correct response, the arrowhead disappeared until the start of the next
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trial. In the case of an erroneous or premature response, or in the case
of a catch trial, the arrowhead stayed on screen until 3250 ms (4 o’clock)
had passed within the trial. The ‘No Clock’ condition (Figure 2.9a) was
programmed in exactly the same manner, with the exception that the
dial color matched the grey color of the ring, and was thus not visible.

In Experiment 2, stimuli were black presented on a white background.
Trial onset was signaled by the appearance of a fixation dot (the S1;
diameter 0.6) in the center of the screen. After the variable FP of 1300,
1950, or 2600 ms a square (the S2) appeared with equal probability
either to the left or to the right of the central stimulus (sides 1.2 at
1.9 eccentricity). Participants responded to the location of the square,
pressing ‘Z’ or ‘M’ for left or right, respectively. Upon responding, the
square and fixation dot disappeared, and the trial ended. On catch trials,
no square appeared, and after 3250 ms the fixation dot disappeared,
marking the end of the trial. The intertrial interval was 750 ms.

In both experiments, participants first completed a practice block with
16 trials following a uniform FP distribution, followed by 8 blocks of 64

trials each, following the 1:5:1:1 Gaussian FP distribution.

analyses

Because the experiments were designed to assess a set of earlier results,
analyses were preplanned (though not preregistered) and targeted the
specific contrast between FP2 and FP3. Analyses were conducted in R
3.4.2 (R Core Team, 2017). In the Supplementary Material (available at:
https://osf.io/eu7sd/) we offer a detailed step-by-step overview of all
analyses and model selection procedures.

First, we excluded trials with incorrect responses and trials with RTs
outside the range 150 - 800 ms as outliers (following Trillenberg et al.,
2000). Due to the nature of the Gaussian FP distribution, the critical
conditions (FP2 and FP3) have very different trial numbers, and because
of the skew in RT distributions, this could lead to biased estimates
of participant level effects when considering only mean RT. Therefore,
our main analyses are based on linear mixed models (LMMs; Baayen
et al., 2008; Bates et al., 2015). We first defined a model specification
and data transformation that best described the entire RT distribution
for these two critical conditions, where we followed Lo and Andrews
(2015) to justify data transformations, and used randomized quantile

https://osf.io/eu7sd/
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residuals (Dunn & Smyth, 1996) to compare model fits across different
transformations. We found that the data were best described by an
LMM of inverse response time (1/RT) with a random intercept per
participant and a random slope for the effect of FP. All subsequent
statistical inference was based on models with this structure. We assessed
the contribution and significance of fixed effects of interest (primarily
FP and Clock Visibility) by means of model comparisons based on
likelihood ratio tests. In addition, we report approximate Bayes Factors
derived from BICs (Wagenmakers, 2007).

results

The results display in Figure 2.9b of the main text replicated the critical
finding of Trillenberg et al. (2000) with faster responses for FP2 than for
FP3 in the ‘Clock’ condition of Experiment 1: 11.5 ms difference, similar
to the 15.8 ms difference of Trillenberg et al. (2000). However, for the
‘No Clock’ group, this difference was much more moderate (3.0 ms).

To assess whether clock visibility (CV) modulated the effect of FP
from FP2 to FP3, we first compared a full model (FP x CV) and an
additive-only model (FP + CV). This revealed significant support for
an interaction effect (χ2(1) = 3.88; p = 0.048), although Bayesian model
comparisons preferred the simpler model excluding the interaction
(∆BIC = -5.9; 1/BF = 19.6)4. Post-hoc assessment of this interaction by
means of Tukey HSD tests revealed that RTs were significantly faster on
FP2 than on FP3 in the ‘Clock’ group (t(40.08) = 4.24; p < 0.001) but not
in the ‘No Clock’ group (t(40.07) = 1.38; p = 0.174).

We then analyzed the effect of FP (i.e. FP2 to FP3) in the three experi-
mental groups from both Experiments separately (i.e. ‘Clock’, ‘No Clock’,
and ‘Standard FP’). In the ‘Clock’ group, we found significant evidence
for an effect of FP (χ2(1) = 11.85; p < 0.001; ∆BIC = 2.69; BF = 3.84), but
in the ‘No Clock’ group model comparisons supported its absence (χ2(1)
= 2.05; p = 0.152; ∆BIC= -7.1; 1/BF = 3.84). In the ‘Standard’ Experiment

4 Inference based on BIC or Bayes Factors is typically more conservative than likelihood
ratio tests. If one follows the Bayesian test, further model comparisons suggest that
there is an overall main effect of FP in Experiment 1 (χ2(1) = 12.27, p < 0.001, ∆BIC
= 2.41, BF = 3.35). However, for all other subsequent (planned) comparisons, both
approaches yield the same conclusions.
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2, there was, similarly, strong support for the absence of an effect of FP
(χ2(1) < 0.01; p = 0.986; ∆BIC = -9.1; 1/BF = 94.67).

These findings show that FP2 and FP3 only differed in the ‘Clock’
group. This supports the hypothesis that the task with a visible dial
has a different nature than more standard temporal preparation tasks.
Planned follow up analyses suggested that this ‘clock effect’ could be
attributed to Simon interference (see Supplemental Material). When
response (in)congruence between the clock dial position and the re-
sponding hand was taken into account, we found strong evidence that
there was no difference between the two groups of Experiment 1 (∆BIC
= -9.4; 1/BF = 109.96) and that in both groups there was no significant
difference between FP2 and FP3 on ‘congruent’ trials (t(45.9) = 1.84, p =
0.167).

chapter 3 : temporal statistical

learning

questionnaire

Figure A3.1 displays the self-report measure to assess participant’s
awareness of the temporal regularity. As displayed, in question 1 we
first encouraged participants to report anything they might have found
‘remarkable’ in the experiment, thereby stimulating false-positive re-
sponses. Only ∼4 % of the participants reported the presence of the
regularity in this open question. In question 2, we explicitly informed

Exp1 Exp2

M Median SD min, max M Median SD min, max

Regular 0.998 0.850 0.706 0.059, 2.75 0.983 0.870 0.673 0.095, 2.75

Irregular 0.964 0.870 0.648 0.071, 2.75 0.978 0.870 0.669 0.094, 2.75

Table A3.1: Descriptive Summary of the ISI Distributions of Experiment 1
(Exp1) and Experiment 2 (Exp2). Mean (M), median, standard deviation (SD),
and minimum and maximum ISI (min, max), all displayed in seconds.
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participants about the regularity, and asked them whether they had no-
ticed this. In question 3, participants were asked to indicate the location
of the regular target. In this way, we assessed whether participants that
indicated in question 2 to be aware of the regularity could also correctly
locate the regularity.

stimulus sequences

Experiment 2 was a direct, more stringent replication of Experiment 1,
and was conducted because we found that the inter-stimulus interval
(ISI) in Experiment 1 differed for regular versus irregular targets. To rule
out that the observed effects might have been driven by this higher-order
dependency, we replicated Experiment 1 with a more stringent random-
ization procedure for the stimulus sequences. In order to minimize ISI
differences in conditions while otherwise maintaining the randomiz-
ation procedure as unconstrained as in Experiment 1, we generated
stimulus sequences for each participant for each block in the experiment
and assessed the ISI distributions for regular and irregular targets by
means of the Kullback-Leibler (KL) divergence. That is, for each stimulus
sequence we estimated the ISI distributions for both conditions using
a Gaussian kernel density estimation with a fixed bandwidth of 0.2,
and computed the KL-divergence as a measure of how one probability
distribution (regular) diverges from a second probability distribution
(irregular). A sequence was only accepted as an experimental sequence
if the KL-divergence between the two ISI distributions was lower than
0.001 (for comparison, in Experiment 1 the KL-divergence was ∼0.1).
Table A3.1 provides a descriptive summary of the ISI distributions in
both experiments. The code used to generate these sequences is included
in the OSF-repository (https://osf.io/9fp43/).

chapter 4 : addendum : temporal

statistical learning

https://osf.io/9fp43/
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We would like to ask you whether you
think anything was “noteworthy” in the way the targets 

were presented. If yes, please clearly state (in Dutch or English) 
what that is. If not, you can leave this question unanswered.

Question 1

Could you please click the target that consistently appeared 
every 3 seconds? If you don't know, please make a guess.

Question 3

Throughout the games you have played one of the targets
 consistently appeared every 3 seconds. Did you notice this? 

Please indicate your answer by thicking one of the boxes.

Question 2

Yes
No

Figure A3.1: The Complete Questionnaire. Assessing participants’ awareness
of the regularity after the implicit phase, as presented to the participants with
phase order: ‘implicit → explicit’. The group ‘explicit → implicit’ saw the same
questions except that question 2 was phrased: ‘Although, we told you that the
temporal regularity would be removed in the second part of the experiment, there was
still one target consistently presented every three seconds. Did you notice this?’

reanalysis of experiment 2

Here, we report the outcome of the reanalyses of Experiment 2, which
led to similar conclusions as Experiment 1 (Figure A4.1).

anticipating irregular targets

As in Experiment 1, we created a new addendum-model by adding FP as
a continuous predictor and its interaction with ‘phase’ to the best 2021-
model reported in Salet et al. (2021). The best 2021-model included the
predictor ‘regularity’ (regular versus irregular), ‘phase’ (explicit versus
implicit), and their interaction, both for RT and HR.
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Figure A4.1: Temporal Preparation in Experiment 2. Plotted as in Figure
Figure 4.1 of the main text.

temporal statistical learning an illusion?

Again, we found the best addendum-model of both RT and HR to
improve the fit compared to the 2021-model (∆BIC > 28, BF > 1000).

In contrast to Experiment 1 (main text), the addendum-model included
the interaction between ‘phase’ and ‘regularity’. Importantly, however,
the outcome of the post hoc Tukey’s HSD test of this interaction was in
stark contrast with our 2021 report (Salet et al., 2021), revealing better
performance for the regularity only in the explicit phase (RT: z = 8.76, p
< 0.001; HR: z = -10.7, p < 0.001), but not in the implicit phase (RT: z =
1.3, p = 0.210; HR: z = -1.67, p = 0.095). This was further supported by
Bayesian model comparisons of models separately fitted to data from
the explicit (∆BIC > 35, BF > 1000 in favor of a regularity effect) and the
implicit phase (∆BIC > 4, BF > 7 against a regularity effect).
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These results indicate, for Experiment 2, an effect of regularity on
top of preparation, although this was limited to the explicit phase.
This effect is illustrated in Figure A4.1b and A4.1d. In the explicit
phase, performance was better for regular versus irregular targets, even
when accounting for temporal preparation (FP = 3000 ms in Figure
A4.1b and A4.1d). This might suggest that participants, when explicitly
instructed, keep track of the 3 s regular interval and use it to predict
when to act, while at the same time preparing for irregular targets.
Alternatively, instead of tracking the 3 s interval, explicit knowledge
about the regularity might have led participants to prioritize this regular
target over irregular targets, in a manner independent of their timing.
Of note, we did not find an effect of ‘regularity’ in the explicit phase of
Experiment 1. However, indications for a similar trend are present in
Figure 4.1b and 4.1d (main text).

chapter 5 : statistical learning emerges

from temporal preparation

appendix a : full statistical report

Here, we provide all details of the statistical procedure for the model
selection of the (General) Linear Mixed Models (G)LMM to analyze
response time (RT) and hit rates (HR). Statistical evidence for or against
an effect of interest was quantified by comparing the best statistical
model (in terms of BIC) with this effect against the best model without
this predictor term. For some comparisons, this means that the compared
models can differ in terms of other predictors as well. In the R-notebooks
on our OSF repository (https://osf.io/2ca8h/) we list full tables with all
possible models ranked by BIC, which determines which models were
compared.

middle bias

As documented in our preregistration (https://osf.io/3b78x), we sus-
pected a ‘middle bias’ in the ‘action’ and ‘location’ conditions. That is,
we hypothesized there would be a benefit of (1) detecting targets in

https://osf.io/2ca8h/
https://osf.io/3b78x
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the middle location, which was in the center of the screen and (2) a
facilitation of middle finger responses compared to the index and ring
finger responses. For this reason, these responses were never associated
with any regularity by design.

Model comparisons indeed revealed a middle bias: RT was lower and
HR higher for middle finger responses (∆BIC = 13.4, BF = 801.0) and for
responses towards the middle location (RT: ∆BIC = 51.0, BF > 1000; HR:
∆BIC = 114.3, BF > 1000). Only for the HR of the middle finger responses,
evidence for such a bias was inconclusive (∆BIC = 1.6, BF = 2.2). The
best RT models also included a random slope for the effect of ‘middle
action’ and ‘middle location’ for each participant. For this reason, all
analyses in the main text exclude targets presented at the central location
or requiring a middle finger response. We note, however, that analyses
including those ‘middle’ responses yielded the same conclusions.

regularity benefit

Questionnaire. At the end of the experiment, participants answered a
questionnaire (see Materials and Methods) to assess their awareness of
the regularity. In the open question, none of the participants reported
to be aware of the regularity. In the forced-choice yes/no questions,
5.5% (‘action=location’ condition) and 13.0% (‘action’ and ‘location’
conditions) indicated to have been aware of the regularity. However,
only 30.0% (‘action=location’ condition) and 34.0% (‘action’ and ‘location’
conditions) of participants were able to correctly identify the regular
color and/or location, closely in line with a guessing rate of 33.3%. Three
participants were replaced because they both indicated to have been
aware of the regularity, and had correctly identified the regular color
and/or location.

Reaction Time. Model comparisons revealed that there was an
interaction between ‘condition’ and ‘regularity’ (∆BIC = 75.7, BF > 1000).
This interaction entailed that in the ‘action=location’ condition RT was
lower for regular compared to irregular targets (∆BIC = 15.8, BF >
1000); in the ‘location’ condition RT did not differ (∆BIC = 8.9, BF
= 83.6); and in the ‘action’ condition we found an inconclusive trend
indicating higher RT for regular targets (∆BIC = 1.1, BF = 1.7). In addition,
there was support for the fixed effect ‘condition’ (∆BIC = 213.6, BF >
1000). Figure 5.3 in the main text, indicate that RT was lower in the
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‘action=location’ blocks. However, we did not perform post-hoc tests to
further explore their differences. Finally, there was support for predictor
‘previous response’ (hit/miss) (∆BIC = 142.1, BF > 1000). The coefficient
of ‘previous response’ entailed that RTs were higher when the preceding
trial (n − 1) was missed compared to when it was a hit. Of note, for all
following reports of the ‘previous response’ predictor, the direction of
the effect was in the same direction: RT was higher and HR lower when
n − 1 was a miss. The random effects structure of the model included a
random intercept for each participant and random slopes for the effect
of ‘regularity’, ‘condition’, and ‘practice effects’ (time-on-task indexed
by block number).

Hit Rate. Model comparisons indicated that HR was overall higher
for regular than for irregular targets (∆BIC = 28.2, BF > 1000), but we
found no interaction between regularity and condition (∆BIC = 7.3, BF =
38.4). Besides support for ‘regularity’, as reported in the main text, we
found support for ‘condition’ (∆BIC > 1000, BF > 1000) and ‘previous
response’ (∆BIC = 449.6, BF > 1000). The random effects structure of the
best model contained only a random intercept per participant.

temporal preparation

In addition to the support for the fixed effects reported in our article
(‘FP’ and removal of ‘regularity’), there was support for an interaction
between ‘condition’ and ‘FP’ (RT: ∆BIC = 172.4, BF > 1000; HR: ∆BIC
= 100.9, BF > 1000) and ‘previous response’ (hit/miss) (RT: ∆BIC =
142.1, BF > 1000; HR: ∆BIC = 213.6, BF > 1000). The interaction between
‘condition’ and ‘FP’ entails that the preparation curves have different
slopes (see Figure 5.4 main text). However, we did not perform post-hoc
tests to explore this interaction further. The random effects structure of
the best RT model included, besides an intercept for each participant, a
random slope for the interaction between ‘regularity’ and ‘condition’,
and the effect of ‘practice effects’ (uncorrelated). The HR model only
included an intercept for each participant.

where and what is next

Besides the support for the fixed effects ‘FPA’, ‘FPL’, (main text) and ‘ISI’
(reported below), there was support for an effect of ‘previous response’
(RT: ∆BIC = 27.1, BF > 1000; HR: ∆BIC = 393.5, BF > 1000). The random
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effects structure of the RT model included, besides an intercept for each
participant, a random slope for the effect of ‘previous response’ and
‘ISI’ (uncorrelated). The HR model only includes an intercept for each
participant.

interstimulus interval

As mentioned in the main text, we analyzed the effect of ISI on behavior
(Figure 5.3d). Similarly to FPs, it might be that longer ISIs result in
speeded responses (Figure A5.1). Indeed, model comparison supported
including ISI as an additive predictor (RT: ∆BIC = 72.3, BF > 1000; HR:
∆BIC = 99.4, BF > 1000). We did not find evidence that ISI interacted
with either of the two FP types (RT: ∆BIC = 19.3, BF > 1000; HR: ∆BIC
= 14.2, BF > 1000), implying that ISI and both FPs independently affect
preparation.

Taken together, these results suggest that, on top of both FPA and FPL,
ISI drives preparatory behavior. However, ISI effects might not only be
caused by preparation over time. As displayed in Figure A5.1, the effect
of ISI on RT and HR is mainly driven by ISIs shorter than 1000 ms (first
two data points of FigureA5.1). Whenever the ISI is below 1000 ms, it
reflects a situation where multiple targets are on screen simultaneously,
and responses to the second of two overlapping targets are likely affected
by the resulting conflict.

Figure A5.1: Interstimulus Interval. Mean reaction time and hit rate as a
function of ISI (plotted as in Figure 5.4 and 5.5, but now with bin size = 100

ms).
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appendix b : replication

The experiment we discussed in the main text is a follow-up of an earlier
preregistered experiment (https://osf.io/3d6h8). In this experiment, we
presented participants with ‘action’ and ‘location’ conditions. Following
Salet, Schlichting et al. (2022), all targets were arranged in an equilat-
eral triangle, and this experiment did not include an ‘action=location’
condition. In all other respects, the two experiments were identical. As
we found no indication of a ‘regularity benefit’ in either condition of
this experiment, and we ran the experiment in the main text as a follow-
up, reasoning that the absence of a ‘regular benefit’ might have been
a consequence of Simon interference obscuring any small ‘regularity
benefits’.

Here, we assess whether the FP effects reported in the main text could
similarly be identified in the data of this experiment. As displayed in
Figure A5.2, RT and HR in this experiment were also modulated by FPs.
Model comparisons revealed that we replicated all critical effects: We
found an effect for both RT and HR of FPA (RT: ∆BIC = 81.6, BF > 1000;
HR: ∆BIC = 326.9, BF > 1000), FPL (RT: ∆BIC = 130.6, BF > 1000; HR:
∆BIC = 7.2, BF = 37.4), and ISI (RT: ∆BIC = 60.6, BF > 1000; HR: ∆BIC =
22.8, BF > 1000). Additionally, for HR, we found an interaction between
FPA and ISI (∆BIC = 12.5, BF = 614.1). As such, this experiment provides
further support of our findings in the section ‘Temporal Preparation’
of the main text. Finally, we again found support for the fixed effect

Figure A5.2: Replication. Mean reaction time and hit rate as a function of
action and location FP. Plotted as in Figure 5.5b.

https://osf.io/3d6h8
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Figure A5.3: fMTP: Non-specific Implementation. (a) f MTP characterizing
preparation as a non-specific process. Each of the timing circuits projects to the
same motor circuit. (b) Mean simulated RT (arbitrary units, a.u.) as a function
of FP (plotted as in Figure 5.7).

‘previous response’ (hit/miss) (∆BIC = 36.2, BF > 1000; HR: ∆BIC =
98.7, BF > 1000). The random effects structure of the model included a
random intercept per participant and a random slope for ‘FPA’ (for RT
only, not for HR ), ‘previous response’, and ‘ISI’.

appendix c : fmtp, non-specific implementation

All implementation details of the model can be found in the Python
code (https://osf.io/eu7sd/, accompanied by a step-by-step tutorial).
Salet, Kruijne, van Rijn, Los et al. (2022) offers a detailed mathematical
description of f MTP. Here, we only provide a qualitative description of
the models as applied to WAM.

non-specific preparation

In the main text, we characterized preparation in WAM as a specific
process, meaning that each target presentation triggers its associated
timing circuit that projects to a corresponding motor circuit representing
a specific response (Figure 5.6b, main text). Here, we present a version
of the model that characterizes preparation as a nonspecific process
(Figure A5.3a). In this implementation, as for the specific implement-
ation, each target onset still triggers one of three independent, timing
circuits. However, the ‘non-specific’ motor circuit reflects inhibition and

https://osf.io/eu7sd/
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activation of any response. In both versions of the model, simultaneous
activity in the timing and motor circuits drives Hebbian learning. In
the ‘specific’ implementation, such learning only occurred between the
two corresponding timing and motor circuits. The critical difference is
that, since the ‘non-specific’ motor circuit represents preparation for
any response option, such learning happens simultaneously for all three
timing circuits.

simulation

At each target presentation, the three timing circuits affect activity in the
motor circuit. The amount of preparation for this target is determined
as the summed preparation brought forth by the three timing circuits
and directly translated to RT as explained in the main text. Figure A5.3a
shows the model’s predicted RT as a function of FP. Clearly, for this
model, there is no indication that RT decreases as a function of FP as
observed in the data.
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