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Abstract

Two learning mechanisms have been suggested to underlie sta-
tistical learning: computation of transitional probabilities and
chunking. It remains an open question though what determines
which mechanism is used. In this study, we examined whether
learning mechanisms are exploited differentially depending on
the structure of the input to be learned. More specifically, we
investigated whether the strength of the relationships between
elements in the input structure and the presence of higher-
order relationships influence the employment of the mecha-
nisms. Participants were presented with three different input
structures. We measured reaction times in a self-paced statisti-
cal learning task and created Bayesian models that formalised
different learning mechanisms. The results show that the em-
ployment of the learning mechanisms indeed depends on the
input structure. Further studies will need to examine a more
specific mapping between the input structures and the learning
mechanisms.

Keywords: statistical learning; structural input features;
chunking model; transitional probabilities model; hybrid
model

Introduction

Humans are very skilled at navigating different environments,
and to do so, they need to be able to learn quickly about the
structure of their environment. A seminal study demonstrated
that humans can indeed detect statistical patterns in a continu-
ous stream of sensory input after only a relatively short period
of exposure and in the absence of any instruction or feedback
(Saffran, Aslin, & Newport, 1996). Since then, the ability for
statistical learning has been thoroughly examined and it has
been shown to exist for different sensory modalities and to be
present from early in life (Hunnius, 2022; Perruchet, 2019;
Saffran & Kirkham, 2018).

Computing transitional probabilities and chunking
as learning mechanisms

Different mechanisms have been proposed to underlie sta-
tistical learning. One idea is that statistical structure in the
environment is extracted by forming pairwise associations
between elements in the input and representing their transi-
tional probabilities (Fiser & Aslin, 2001; Kirkham, Slemmer,
& Johnson, 2002; Perruchet, 2019). Transitional probability
(TP) models learn statistical relations between adjacent ele-
ments in a sensory stream and can hence predict an upcoming
element based on the preceding element in a sequence. An-
other mechanism that has been proposed to underlie statistical
learning is chunking. Chunking extracts frequently occurring,
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statistically-coherent units from the input without computing
TPs between their elements (Fiser, 2009; Orban, Fiser, Aslin,
& Lengyel, 2008; Perruchet, 2019; Slone & Johnson, 2018).
It assumes economy of representation because sub-units are
progressively forgotten as bigger chunks are learned.

Different factors influence the employment of
learning mechanisms

Twenty years after the seminal study on statistical learning
(Saffran et al., 1996), it remains unclear whether humans use
one learning mechanism or whether they flexibly use several
mechanisms. Various factors have been proposed to influ-
ence the employment of learning mechanisms and the nature
of statistical learning, such as availability of temporal cues
in sequences — which promote chunking; dips in distribution
of the sequences — which are best detected by TP models
(Franco & Destrebecqz, 2012); time of exposure — with TP
models being better predictors of initial learning outcomes
and chunking models being better predictors of learning after
longer exposure to the statistical patterns (Slone & Johnson,
2018); and input modality — with hippocampus, basal ganglia
and thalamus being involved across all modalities (Batterink,
Paller, & Reber, 2019; Frost, Armstrong, Siegelman, & Chris-
tiansen, 2015) and certain brain areas being modality specific
(Conway, 2020; Frost et al., 2015). A particularly relevant
factor whose effect on the deployment of the learning mecha-
nisms has been rarely investigated is the structure of the sen-
sory input itself.

Input structure can vary in several ways, including the
number of preceding elements needed to predict an upcom-
ing element (Gomez, 1997), the strength of a relationship be-
tween two elements (probabilistic vs. deterministic) (Wilson
et al., 2013), the size of sequences to be learned, the pres-
ence of higher-order patterns (Fiser & Aslin, 2001; Fitch &
Friederici, 2012; Fitch & Martins, 2014) and non-adjacent
relationships (Gomez, 2002; Remillard, 2008). These struc-
tural features could be mapped on a continuum, with deter-
ministic, adjacent, and linear dependencies between elements
at the one end, and probabilistic, non-adjacent, and higher-
order dependencies at the other (Conway, 2020). One end
of the continuum is mediated by implicit processing and pro-
ceeds automatically, engaging posterior brain regions. The
other end is mediated by more explicit processing and de-
mands more attention, engaging frontal brain regions (Con-
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way, 2020; Fuster & Bressler, 2012). The above reason-
ing was taken by some as possibly suggesting that humans
have different learning mechanisms to learn different input
structures (Bahlmann, Gunter, & Friederici, 2006; Conway,
2020; Conway & Christiansen, 2001; Uddén & Bahlmann,
2012). Additionally, there are certain kinds of higher-order
patterns in the environment such as conjunctive relationships
that are not learned well by chunking and TP models yet both
adults and children can learn them (Lucas, Bridgers, Griffiths,
& Gopnik, 2014). Hence, additional learning mechanisms
might exist — ’hybrid mechanisms” — that are grounded in ex-
isting TP and chunking mechanisms but combine features of
the two in ways that allow them to learn higher-order relation
such as conjunction.

The effect of input structure on the employment of
learning mechanisms

These studies provide first valuable insights into the differ-
ences in input structures and their possible impact on sta-
tistical learning. Building on this, we investigated whether
humans utilise other statistical learning mechanisms than TP
learning and chunking and whether the structure of the input
determines which learning mechanism is employed. Specifi-
cally, we explored whether the strength of the relationships
between elements in the input structure (i.e., more proba-
bilistic vs. more deterministic) and the presence of higher-
order relationships (in particular conjunctive relationship) de-
termine the mechanism used by the learner. We created three
3-element input structures placed at different positions along
this continuum (see Table 1 and Figure 1b). For example,
Input structure 1 consisted of only probabilistic relationships
between its elements and required learning a higher-order re-
lationship. This relationship stipulated that only the combina-
tion of the first two elements could predict the third one. On
the other hand, Input structure 2 was situated at the opposite
end of the complexity continuum. It contained a higher-order
relationship that could be learned but was not necessary to
predict the final element and it included one deterministic re-
lationship. Finally, Input structure 3 occupied an intermediate
position between these two extremes, with only probabilistic
relationships and no requirement to learn a higher-order rela-
tionship.

Table 1: The three input structures and their characteristics.

Input Probabilistic Higher-order

Structure relationships relationships

2 + - (present, learning
not required)

3 ++ -

1 ++ +
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Bayesian models as implementations of learning
mechanisms

To investigate the effect of the input structures on the employ-
ment of learning mechanisms, we devised an experimental
self-paced task (based on (Siegelman, Bogaerts, Kronenfeld,
& Frost, 2018)), measured reaction times (RTs) (which we
assumed reflected prediction error), created Bayesian models
that formalised different learning mechanisms, and compared
the measured RTs with the models’ predictions to determine
which model best described learning of each input structure.

As we wanted to explore a wide range of structural rela-
tions that have not been necessarily well captured by the tra-
ditional TP and chunking models we complemented the ex-
isting chunking and TP models with three additional learning
models (see Figure 2) which are either enhancements or com-
binations of the two existing models.

Materials and Methods
Participants

Forty-eight healthy adult participants took part in our study
and forty-four were included in the final analysis (14 males,
30 females, mean age = 28.0 years, SD =9.2). One participant
was excluded for not following instructions, and three were
excluded for taking significantly longer to complete the task.

The Ethics Committee of the Faculty of Social Sciences
(ECSS) of Radboud University Nijmegen, The Netherlands,
approved the study (approval number ECSW2016-0905-396)
and all participants gave written informed consent. Partic-
ipants received either a monetary compensation or course
credit for participating in the experiment.

Materials, task, and procedure

Three input structures were created from 21 different shapes,
each with a unique colour (see Figure 1a). The input struc-
tures differed in the strength of the relationships between
elements in the input structure (i.e., more probabilistic vs.
more deterministic) and in whether they required learning of
higher-order conjunctive regularities (see Figure 1b). There
were four versions of each input structure, and each consisted
of different shapes. Shapes for each version of the input struc-
ture were constant within participants but varied between par-
ticipants. During the task, there were 22 repetitions of each
input structure version in a random order. All participants
were exposed to all three input structures. The self-paced task
(Siegelman et al., 2018; Siegelman, Bogaerts, Armstrong, &
Frost, 2019) was structured such that the shapes would appear
on the screen one after another with one shape at a time being
present on the screen (Figure 1c¢). To advance from one shape
to the next, participants needed to press the letter ’K’. RTs of
each "K’ press after the stimulus presentation were recorded
and used as input for the Bayesian models in the main analy-
sis.

Before the task, participants were told that they would be
shown a sequence of shapes, that some shapes tended to fol-
low one another and that their task was to find patterns. Pat-



terns could be of different lengths and could be structured in
different ways. They were also told that the experiment would
take between 20 and 30 minutes, after which they would be
asked to report any patterns they observed during the study.
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Figure 1: Task materials and task presentation. (a) Input
structures and input versions. (b) Statistical patterns underly-
ing the three input structures. Each input structure consisted
of three shapes (i.e., S1, S2, S3) and differed in TPs between
the shapes. On the left are TPs between adjacent and non-
adjacent pairs and on the right is a TP between the conjunc-
tive pair and the third shape. Left and right representation are
both about the same input structure, they just focus on differ-
ent aspects represented in individual input structure. (c¢) Task
presentation. Input structures followed one after another in a
random order (1c, above) and participants saw one imagine at
a time on the screen (1c, below).

Formal Bayesian models

We constructed and implemented five Bayesian models that
represent five different learning mechanisms (see Figure 2).
We wanted to explore a wide range of structural relations that
have not been necessarily well captured by the traditional TP
and chunking models, therefore we complemented the exist-
ing chunking and TP models with three additional learning
models which were either enhancements or combinations of
the two existing models.

Chunking model: The chunking model learns the distri-
bution over a compound variable P(S15253). This model is
distinct from other models because updating of the distribu-
tion occurs only after shapes S1,52 and S3 have been seen.

TP model: This model learns the probability of Sm,
P(Sm), and the probability of Sn given Sm, P(Sn|Sm). Sub-
scripts m and n denote two consecutive shape positions in a
stream of shapes.

TP-connected model: This model differs from the chunk-
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Chunking model
TP model

TP-connected model TP-disconnected model
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Figure 2: Graphical representation of formal Bayesian mod-
els. At the two ends of the continuum are (bolded) the two
main models: the TP model, which learns the dependency
between Sm and Sn, and the chunking model, which learns
the joint probabilities for each combination of S/, S2, and
S3. In between the two main models are enhanced TP mod-
els (TP-connected and TP-disconnected model) and the hy-
brid model that is a combination of the chunking and the TP
model. The TP-connected model learns the dependency be-
tween S/ and S2 and between S2 and S3 as well as the depen-
dency between S7 and S3. The TP-disconnected model learns
the dependency between S/ and S2 and the dependency be-
tween S/ and S3, but not the dependency between S2 and S3.
The hybrid-conjunctive model learns the joint probability of
S1 and S2 and the relation between the combined S/, S2 and
S3.

Hybrid-conjunctive model

ing model, as it represents three separate probability distri-
butions: the probability of S1, P(S1), the probability of S2
given S1, P(S2|S1), and the probability of S3 given S1 and
S2, P(S3|S1,82). As a consequence, the TP-connected model
learns both, adjacent and non-adjacent TPs and thus can be
seen as an enhanced version of the traditional TP model.

TP-disconnected model: The TP-disconnected model is
another enhanced version of the TP model. Like the TP-
connected model, the TP-disconnected model learns the prob-
ability of S1, P(S1), and probability of S2 given S1, P(S2|S1).
However, in the TP-disconnected model S3 is only predicted
based on S1, but not S2, so P(S3|S1). As such, the TP-
disconnected model is more parsimonious when it comes to
predicting the final element of the input structure, but it omits
the last connection.

Hybrid-conjunctive model: The conjunctive model
learns the distribution over a compound variable P(S1S2),
and the probability of S3 given the distribution over a com-
pound variable of S1 and S2, P(S3|S152). As the combined-
conjunctive model learns the first and the second element as
a chunk and then learns the connection between the second
and the third element as a TP, it is a hybrid of chunking and
TP models.

Normative modelling — Bayesian models learning
the input structures

We formalised learning as the Bayesian updating of Dirichlet
distributions (Castillo, Hadi, & Solares, 1997). In our case,
the categorical distribution defined the probability distribu-
tion over the possible shapes. For each separate conditional
probability distribution within the models there was a corre-
sponding Dirichlet distribution. Prior to any evidence, each
possible distribution over the shapes was equally likely.



Normative modelling — Relationship between
models’ prediction errors and RTs

Each Bayesian model processed the observations of the
current shapes and generated predictions of the upcoming
shapes, where both predictions and observations were proba-
bility distributions over all the possible shapes. As the mod-
els did not generate direct information on RTs, we derived
predicted RTs from what the models predicted and what was
observed as follows.

It is well known that RTs are slower after erroneous pre-
dictions than after correct predictions (Steinborn, Flehmig,
Bratzke, & Schroter, 2012). This effect is known as the post-
error slowing effect (Laming, 1979) and is particularly large
in self-paced tasks (Jentzsch & Leuthold, 2006). Erroneous
predictions, resulting from the divergence between the pre-
dicted and observed stimulus, can be cast as prediction er-
ror (e.g., (Friston, 2009)). We modelled prediction error as
Kullback-Leibler Divergence which measures how much one
probability distribution Q is different from another probabil-
ity distribution P and can be defined as follows (e.g., (Géron,

2022)):

where P is the observation and Q is the (stochastic) predic-
tion made by the model.

P(x)

D (P||Q) = Y P(x)log, o)

xeX

Statistical modeling — Model fitting

Prior to fitting the participant RTs to the models, the data was
cleaned. We removed RTs higher than 3 SD from the par-
ticipant’s mean and lower than 100 ms (cf. (Dahan, Bennet,
& Reiner, 2019; Siegelman et al., 2019)). Then, RTs were
log-transformed and normalised using a z-transformation.

Note that in addition to Bayesian models, we also fit-
ted a baseline model to the participants’ data. The baseline
model always predicts a uniform distribution across all possi-
ble shapes. This model does not learn and as such will always
experience the exact same surprise from any observed shape.
The inclusion of the baseline model allowed us to better asses
the absolute rather than relative fit of the Bayesian models.

The goodness of fit was determined based on the posterior
probability of each model given the input structure. Because
we had no reason to assume that one model would be best,
we defined a uniform prior probability distribution P(M) over
our normative models. To calculate the posterior probabilities
for each model, we defined a likelihood function of the par-
ticipant’s RTs given the predicted RTs generated by a model
M. To that end we first modelled the participant’s RT given a
single shape as the predicted RT plus independent noise. We
assumed that this noise was drawn from a normal distribution
with O as the mean and a standard deviation of 1. Thus, a
participant’s RT was defined as:

Ve =Xt +7\£(0> 1)
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where x; represented the predicted RT and y, the participant’s
RT. Since adding a constant to a normal distribution is equal
to adding that constant to the mean of the normal distribution,
this equation is equivalent to:

yi = N(x,1)

To find the likelihood of a particular participant’s RT given
the predicted RT, we looked at the density height of this nor-
mal distribution at the participant’s RT:

L(yilx:) = N (]2, 1)

The likelihood of the entire series of the participant RTs
given the predicted RTs is given by:

L(ylx) = HL(yt|xt)

To determine the model that best explains participant RTs,
we equate a particular model m € M with the predicted RTs
X, it generates, such that m = x,,,. We calculated the posterior
probability over the models by applying Bayes’ rule:

P(Mly) e L(y|M) x P(M)

This provides us with the posterior probability over differ-
ent models for a single participant. Since we were interested
in the average posterior probability of the models across par-
ticipants, we averaged the individual posterior probabilities
for each model. To determine which of the models was the
best fit for a particular input structure, we calculated the pos-
terior for each input structure separately.

Results
Group level behavioural findings

To assess whether participants learned to predict the shapes
over time, we tested for decreases in reaction times (RTSs)
across trials. We computed Spearman correlations between
log-transformed RTs and trial number for each input struc-
ture, finding significant negative correlations: Input 1 (r =
—0.76), Input 2 (r = -0.75), and Input 3 (r = -0.73), all
p < .001, n =265. This indicates that participants on average
became faster as the experiment progressed.

Group level modelling findings — model preference
at the end of learning

Based on the posterior probabilities of models in Table 2, we
can conclude that the baseline model was most frequently
employed for learning Input structure 1, P(Mpyseiinelli) =
0.51, closely followed by the TP-disconnected model
P(M7p—gisconnecteall1) = 0.45. The TP-disconnected model
was most frequently employed for learning Input structure 2,
P(M7p_gisconnectea|l2) = 0.58, and the TP-connected model
was most often employed for learning Input structure 3,
P(M7p—connectea|l3) = 0.70.  Our hypothesis that different
input structures should be learned using different learning
mechanisms was mostly supported, as our participants dis-
played RT patterns that fitted best with two different models,
the TP-disconnected and the TP-connected model.



Group level modelling findings — model preference
throughout learning

To gain further insight into how evidence for models was
changing over time we performed an additional, trial-by-trial
analysis (see Figure 3). We can interpret trial-by-trial pos-
terior probabilities as showing how much evidence there was
for each model at each moment in time on a group basis. Pos-
terior probabilities of all models during the first part of the
task were similar, indicating no particular preference for any
model. Then, a clear preference for one model began to form
for all three input structures, and in the last part the posterior
probability of the baseline model increased and approached
(and even exceeded in the case of Input structure 1) the pos-
terior probability of the model that had the highest posterior
probability up to that point.

Individual level modelling findings

We conducted an additional analysis to examine whether par-
ticipants differed in their preferred learning mechanisms (see
Figure 4). Evidence for individual differences would be
present if either (a) each participant consistently relied on a
single model across all input structures, with different par-
ticipants favouring different models, or (b) each participant
used a distinct combination of models across input structures,
suggesting individualized strategies. Overall, the results pro-
vide only limited evidence for individual differences in pre-
ferred learning mechanisms. No participants consistently
favoured a single model across input structures (in contrast to
a), and the majority showed a similar pattern of model usage,
with several models — particularly the TP-disconnected and
TP-connected models — frequently dominating across partici-
pants (in contrast to (b)). This pattern indicates a small degree
of idiosyncrasy, but it is not pronounced or systematic enough
to support strong claims about stable individual differences in
learning strategies.

Discussion and Conclusions

The aim of our study was to investigate whether input struc-
ture plays a role in determining which learning mechanism
is employed. It has been suggested that different structural
features could be mapped on a continuum, with determinis-
tic, adjacent, and linear dependencies between elements at the
one end, and probabilistic, non-adjacent, and higher-order de-
pendencies at the other. Different parts of the continuum have
different cognitive requirements and could also be mediated
by different neural processes, indicating that at least two dis-
tinct learning processes may be involved in statistical learning
(Bahlmann et al., 2006; Conway, 2020).

The results of our study support the hypothesis that the
structure of the input influences the employment of the learn-
ing mechanism which is consistent with previous sugges-
tions that humans might have different learning mechanisms
to learn different input structures (Bahlmann et al., 2006;
Conway, 2020; Conway & Christiansen, 2001; Uddén &
Bahlmann, 2012). Below, we discuss how learning of each

919

input structure might have happened.

For learning the Input structure 1 participants were using
the TP-disconnected model until the very end and in the last
few trials the baseline model took over. Whereas evidence
exists that adults, and even children, are able to recognise
conjunctive relationships where two events together (but not
separately) lead to a third event (Lucas et al., 2014), the fact
that the participants’ data is best described by the baseline
and the TP-disconnected model suggests that they did not
learn the conjunctive relationship in the structure. The em-
ployment of the TP-disconnected model implies that the par-
ticipants learned that there was a connection between the first
and the last element, but failed to learn that the first and sec-
ond element jointly predicted the last element. Ultimately, the
baseline model was the best predictor of participants’ RTs,
which indicates that, in the last few trials, participants were
not learning anymore, probably due to fatigue and boredom.
Although unexpected, this finding can be explained by the
fact that the Input structure 1 was the most complex, as it
contained only probabilistic relationships and a higher-order
relationship.

Participants’ RTs when learning Input structure 2 were
best described by the TP-disconnected model. It is possible
that the participants first learned the relationship between all
shapes in this input structure as predicted (thus employing the
TP-connected model, which was predominant model between
trials 20 and 35 as seen in Figure 3) before wrongly remov-
ing the connection between the second and the third element
(thus using the TP-disconnected model).

Input structure 3 was best learned by the TP-connected
model. That is, participants have learnt not only the rela-
tions between the adjacent elements (TP model) but also the
relations between the first and the last element (TP-connected
model). This is an unusual finding given that the TPs between
all elements, adjacent and non-adjacent were, were weak.

Importantly, participants were exposed to all three input
structures in a single, fully interleaved stream. Although in-
terleaving can, in principle, create order effects and recruit
mechanisms that differ from blocked learning (Zhou, Singh,
Tandoc, & Schapiro, 2023), three features of the present de-
sign mitigate this concern. First, item order was randomised
for each participant, eliminating systematic sequence con-
founds. Second, RT analyses and Bayesian model fits were
computed separately for each structure — any cross-talk would
have emerged as structure-specific asymmetries, which were
not observed. Third, learning signatures (RT declines and
dominant model posteriors) were highly consistent across
structures, showing that prior exposure neither facilitated nor
impeded subsequent learning. Because interleaving better ap-
proximates real-world input streams, we view it as a strength
rather than a limitation. Nevertheless, future work could con-
trast blocked and interleaved presentation to further isolate
potential order effects.

A general trend that we observe across all input structures
is that the connection between the first and second and the
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Figure 3: Trial by-trial posterior probabilities of different models for the three input structures. TP model: blue, chunking
model: orange, TP-connected model: green, TP-disconnected model: red, hybrid-conjunctive model: purple, baseline model:

brown.
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Figure 4: Individual level posterior probabilities of different
models for the three input structures. Yellow indicates pos-
terior probability of 1.0, i.e., maximal model evidence, and
dark blue indicates posterior probability of 0.0, i.e., minimal
model evidence.

first and last element was always established, anchoring all
subsequent predictions of elements to the first element. This
results in an economic structural representation because it al-
lows participants to represent all elements in one input struc-
ture and to infer the length of an input structure. This might
further suggest that participants prefer to see individual el-
ements as belonging to bigger input structures but individ-
ual relations between the subsequent elements in each input
structure might not be always important to capture. Unfortu-
nately, our study cannot sufficiently answer why some but not
other relations were represented and why different relations
were represented across the input structures. One way to ap-
proach this question would be to investigate utility functions
that evaluate the efficacy of representing different relations,
such as for example trading off between accuracy and com-
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920

plexity (Jefferys & Berger, 1992).

Additionally, our study also does not provide answers as to
how structural input features affect the learning mechanisms.
Several experimental approaches could help elucidate this re-
lationship. First, the exact mapping between learning mech-
anisms and structural input features would need to be estab-
lished by manipulating individual structural input features. In
our study, we combined several features into one input struc-
ture, whereas future studies should create input structures that
vary only one input feature at a time. For example, sepa-
rate experiments could systematically vary the features inves-
tigated in our study: The strength of relationships (from fully
deterministic to increasingly probabilistic), the adjacency of
dependencies (from adjacent to progressively more distant el-
ements) and the complexity of patterns (from linear to vari-
ous types of hierarchical structures). Furthermore, compu-
tational modeling approaches could help identify additional
features of input structures that might drive the selection of
specific learning mechanisms. This could involve developing
formal metrics to quantify structural complexity, information
content, and pattern regularity. Such metrics could then be
used to predict when learners might switch between different
learning strategies.

Whilst many questions remain about how exactly structural
features recruit distinct learning mechanisms, the added value
of our study is in taking the first step toward operationalising
these theoretical distinctions and introducing a novel model-
ing framework to investigate them.
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