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Abstract
Infants possess sophisticated learning strategies. Nevertheless, it is still un-
known to what extent infants differ in these strategies and the cognitive fac-
tors underlying them. In this paper, we propose a Bayesian cognitive model
to infer individual differences in infants’ learning and attention from their
looking behavior. Using this model, we replicated previous findings showing
that infants tailor their attention depending on the learning progress offered
by environmental stimuli. However, limitations in our data did not allow
us to find individual differences in infants’ cognitive abilities. We conclude
that the current model holds promise to find individual differences if coupled
with richer eye-tracking measures.

Keywords: individual differences, statistical learning, curiosity, learning
progress, Bayesian cognitive modelling

Introduction

In the first year of life, infants must learn an incredible amount of information from the
world around them. From birth, infants possess simple heuristics to guide their attention
towards certain informative features in their environment. For instance, they are better
able to detect objects and perceive their shapes because their gaze is pulled toward areas of
high contrast (Salapatek & Kessen, 1966). Along similar lines, detecting animacy is helped
by a bias towards motion onset (Aslin & Shea, 1990). Furthermore, infants are helped in
picking up social information and cues that guide language learning from faces (Baldwin,
1993) by an innate bias to orient towards asymmetric, face-like stimuli (Farroni et al., 2005;
Johnson, Dziurawiec, Ellis, & Morton, 1991). However, to go from these rudimentary biases
to advanced and complex forms of social, linguistic and high-order cognitive abilities, infants
require powerful learning mechanisms

Recent developmental work is starting to uncover these mechanisms (e.g., Pelz, Pi-
antadosi, & Kidd, 2015; Kidd, Piantadosi, & Aslin, 2012; Addyman & Mareschal, 2013;
Poli, Serino, Mars, & Hunnius, 2020). In a study by Poli, Serino, Mars, and Hunnius
(2020), it was demonstrated that infants attend to stimuli in a way that maximizes their
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learning. The authors found that infants were more likely to look away once the presented
stimuli offered little to no learning progress. This can be an effective strategy which allows
infants to avoid spending time on stimuli they already know or are (at that moment) too
complicated to learn more about. Although learning progress was the strongest predictor
of infant’s look-away, stimulus surprise and predictability also played a role in determining
infants’ looking behaviour. These results support the idea that infants possess sophisticated
learning strategies.

Yet, these findings might not tell the complete story. Like most of the studies on
infants, these results were solely analyzed on the group-level. That is, statistical procedures
were used to make inferences from the full group to generalize to the population but did
not focus on infants individually. This approach is sensible because it is often difficult to
obtain sufficient data from infants, as the data collection is greatly limited by their reduced
attention span, occasionally interrupted by non-compliance or stopped altogether due to
fuzziness. As a consequence, data is often very noisy which might hinder the detection of
individual differences. In fact, under these conditions, even if individual differences might
be present, statistical tests would be unlikely to find them.

However, detecting individual differences in infants’ cognitive abilities would be highly
beneficial, as they could be early predictors of later cognitive performance and possibly
psychosocial wellbeing. For example, a vast number of studies found that it is possible to
predict later IQ from measures of habituation in the first year of life. Relations have been
found between the speed of habituation (Bornstein & Columbo, 2012) as well as attention
to a novel stimulus and later cognitive development (Rose & Wallace, 1985). Correlations
between habituation and IQ were spanning over 25 years (Fagan, Holland, & Wheeler,
2007) and explaining as much as 40% of the variance in cognitive performance (Fagan &
McGrath, 1981). Moreover, studies on adults showed that depression and anxiety can be
inferred from their performance in learning tasks (Mukherjee, Filipowicz, Vo, Satterthwaite,
& Kable, 2020; Browning, Behrens, Jocham, O’Reilly, & Bishop, 2015). The authors were
able to characterize learning differences related to psychosocial wellbeing, using a Bayesian
model.

Related developmental work has already applied Bayesian modelling to infer individ-
ual cognitive abilities (Piantadosi, Kidd, & Aslin, 2014). In contrast to their work, we will
focus on finding, rather than disproving, differences in these estimates. Thus, this paper
will analyse the results from Poli et al. (2020) using Bayesian cognitive modelling to assess
individual differences in infants’ early attentional and learning skills .

First, we will elaborate on the experimental paradigm used to collect the data. Next,
we describe our Bayesian model and inference. Then, we apply it to the acquired data to
assess individual differences. Lastly, we will discuss our results and their implications.

Methods

Participants

Eighty-five 8-month-old infants (M = 7.97, 42 females) were recruited for the study
from a database of volunteer families. These included all participants from Poli et al. (2020)
and 35 more. Infants had to carry out at least 20 trials to be included in the analysis. Fifteen
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infants failed to reach this threshold and were hence excluded from the analysis. The final
sample consisted of 70 infants (M = 8.0, 34 females).

Experimental Paradigm

The experiment consisted of a visual statistical learning task in which all infants were
shown in total sixteen sequences of cue-target trials. In each sequence, the cue consisted
of a simple shape appearing in the middle of the screen. The target was the same shape
appearing in one of four screen quadrants around the cue location. See figure C1 for an
example of such a trial. The shape (e.g. a trefoil or a star) was the same across all
trials of the sequence but changed across sequences. Four out of the sixteen sequences
were deterministic, as the target always appeared in the same location. The other twelve
sequences were probabilistic: the target could appear in any location, but one location was
more likely than the others. Infants could, therefore, learn to predict the most likely target
location of each sequence.

The sequences were shown one after the other. When the infant looked away from
the screen for one second or more, the sequence was stopped. When the infant looked back
to the screen, the following sequence was played. The experiment lasted until the infant
had watched all sixteen sequences or became fussy. Parents were instructed not to interact
with their child, unless infants sought their attention and, even in that case, not to try to
bring infants’ attention back to the screen. During the experiment, the looking behaviour
of the infant was monitored using a Tobii X300 eye-tracker. For a more detailed description
of the experimental paradigm, see the supplementary materials of Poli et al. (2020).

From the data obtained in this setup, we aim to infer individual differences in infants’
early attentional and learning skills using a Bayesian cognitive model.

Model

Our model aims at detecting whether infants use different strategies to allocate their
attention during learning. In this model we assumed that they could either use surprise or
learning progress or a combination of both. In addition, the model allows for individual
variation in attentional and learning skills. First, infants might differ in their baseline
attention. Say infant one is more easily distracted than infant two and thus consistently
looks away from the screen sooner. Second, they might vary in the extent to which they
integrate new information. Infant one might have a high learning rate and rely heavily on
new information, whereas infant two might have a low learning rate and prioritize older
information instead.

A graphical depiction of the model, following guidelines of Lee and Wagenmakers
(2013), can be found in figure 1. The shaded node A denotes the look away data, i.e.
for each sequence of every participant at what trial they looked away. The model can
predict this using a categorical distribution, with an estimate of the probability of looking
away for every trial of that sequence (depicted by PA). These probabilities are obtained by
transforming the result of a linear regression to a value between 0 and 1 using an inverse
logit function. Adhering to the linear effects reported in Poli et al. (2020), this regression
uses Shannon Information (I) quantifying surprise and Kullback-Leibner Divergence (Dkl)
quantifying learning progress with predictor weights βI and βD for I and Dkl and intercept
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Figure 1 . A graphical depiction of the proposed Bayesian cognitive model, following guide-
lines of Lee and Wagenmakers (2013).

β0. We argue that β0 can be interpreted as a measure of baseline attention as it influences
the trial of look away, regardless of the stimuli.

To calculate surprise and learning progress, the model first predicts the probability
of the stimulus appearing in each of the locations (PS). Using a learning rate (α), these are
updated every trial depending on the location x in which the next target appears. A table
summarizing the parameters and their meanings can be found in table 1.

Table 1
Parameters
parameter meaning

α Learning rate
β0 Baseline attention
βI Linear predictor weight of surprise
βD Linear predictor weight of learning progress

Inference

To find individual differences, we have to fit our data to the model and learn about
the latent parameters (α, β0, βI and βD). This process is referred to as Bayesian inference.
Unlike classical approaches, this will provide us with a probability distribution (called the
posterior distribution) over these parameter values. The more these distributions differ
between participants, the more (cognitively) different the infants are shown to be.

However, obtaining these posterior distributions is not an easy task. For many models
there is no simple analytical solution and therefore some sort of approximation has to be
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Table 2
Group Results

α β0 βI βD

HDI min 0.00 -2.39 -0.45 -26.74
HDI max 6.48 -0.87 0.96 0.57

BF 6.14 280.18 0.17 17.44

used. A common approximation method in Bayesian inference is called Markov Chain Monte
Carlo (MCMC). MCMC encompasses drawing many samples from a posterior distribution
to approximate it. By taking a biased random walk across the parameter space, it uncovers
the range of likely parameter values. It favors spaces of high probability, but also visits areas
of low probability such that, in the limit, it correctly samples from the full distribution.

For our analysis we use JAGS (Plummer, 2003), a program that implements slice
samplers, a subtype of MCMC. We ran the model for 300.000 iterations of which 150.000
burn-in, drawing a sample every ten steps on eight chains. We assessed convergence visually
and using the Rhat statistic.

In our analysis we will focus on determining the presence of individual differences.
First, we will determine the group effect of surprise and learning progress using highest
density intervals and Bayes Factors using the Savage-Dickey method. Following that, we
will show the individual differences for all relevant variables using the same methods.

Results

Figures 2 to 5 show the 95% Highest Density Intervals (HDI) and Bayes factors for
the inferred parameters visually. Note that here the Bayes factors are shown on a log scale,
to aid visual inspection. Furthermore, the group and individual level estimates can be
found numerically in tables 2 as well as C2 and C3, respectively. Specifically, we obtain
HDI [-0.45, 0.96] and Bayes factor 0.17 for surprise and HDI [-26.74, 0.57] and Bayes factor
17.44 for learning progress on the group level.

Judging from the individual estimates visualized in sub figures B and D, we do not
seem to find any individual differences in the cognitive capacities of infants. With the
biggest difference in HDI of [0.01, 5.16] and [0.04, 7.27] for α we find no clear distinction.
The same also applies for β0 with [-2.58, -1.28] and [-2.00, -0.68] and βI with [-0.57, 0.64]
and [-0.11, 1.01] as well as βD with [-27.34, -0.16] and [-25.96, 0.78]. Interestingly, the plots
show wide distributions which we address in the discussion.

Discussion

In this paper, we developed a Bayesian Cognitive model to detect individual differ-
ences in infants’ learning and attention. We allowed for differences in the use of surprise
and learning progress as well as the learning rate and sustained attention.

The results found on the group level are similar to those found in Poli et al. (2020).
The posteriors show a negative relation between the probability of look away and learning
progress. The linear effect of learning progress is supported with strong evidence by the
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(A) (B)

(C) (D)
Figure 2 . Estimates for alpha, the learning rate parameter.

(A) (B)

(C) (D)
Figure 3 . Estimates for β0, the intercept or sustained attention.
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(A) (B)

(C) (D)
Figure 4 . Estimates for βI , the predictor weight of surprise.

(A) (B)

(C) (D)
Figure 5 . Estimates for βD, the predictor weight of learning progress.
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Bayes factor (see table C1). However, there is also moderate evidence against the relation
between the probability of look away and surprise.

Despite our efforts, the task and the analysis used did not allow us to detect individual
differences.

A simple explanation would be that infants do not differ cognitively. However, that
would contradict much literature (e.g. Rankin et al., 2009; Colombo, 1993) and there is
good evidence that the cognitive differences do exists between infants but that we were not
able to find them. Here we will address several potential causes regarding data collection
and our methods. Whenever possible, we will also supply improvements for future research.

As stated in the introduction, infant data is greatly limited. Furthermore, our data
might show a lack of individual differences because of a biased sample. We have, for example,
no high-risk infants in this sample. Additional data collection, specifically from high-risk
infants, would test this alternative hypothesis.

Regarding our Bayesian model, we have used look away as the sole dependent variable.
Reducing rich eye-tracking data to this single numerical measure per sequence might greatly
reduce our explanatory power. This exemplification is also supported by the large Highest
Density Intervals found in the estimates. To overcome this limitation, more and richer
measures of looking behaviour might be added to the model. Following Poli et al. (2020)
for example dwell time and saccadic latencies could be used.

Lastly, one might expect individual differences to be shrouded by a pooling effect. This
seems sensible because by specifying group level priors on the parameters, the estimates for
these parameters are pulled towards a group mean (Gelman & Hill, 2006). Even so, Stein’s
paradox illustrates the flaw in this reasoning. Stein’s paradox states that the best estimate
of a person’s true ability is not their own performance, but an adjusted measure that
brings an individual’s performance estimate more in line with the observations for all other
individuals (Pharrell & Lewandowski, 2018). Thus, rather than pooling, limitations in our
data are likely to conceal individual differences.

Conclusion

Using Bayesian Cognitive modelling, we have replicated the effect of learning progress
on look-away and found moderate evidence against a linear effect of surprise. Furthermore,
we have been unable to identify individual differences. We have identified limitations in
our data and our model as possible causes. Most notably, our conclusions were limited by
having look away as the single dependent variable. Our proposed improvements thus do not
only limit themselves to additional data collection but focus on including more and richer
measures of looking behaviour.
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Appendix A
Mathematical model definition

Following the example of Dijkstra, Hinne, Bosch, and van Gerven (2019), we construct a
Bayesian hierarchical model as follows. For i participants, s sequences with t trials we define
the likelihood

counts0 = [1, 1, 1, 1]
countst = countst−1[xt] + αi

PSt ∼ Dirichlet(countst)
It = − log2 PSt,xt

Dkl
t = PSt ∗ log2

(
PSt
PSt−1

)
θt = ilogit(β0

i + βIi ∗ It + βDi ∗Dkl
t )

PAt =


θt ∗

∏t−1
x=1 1− θx if WATCHED(t− 3, . . . , t)

1−
∑t−1
x=1 θx if t = 16

0 otherwise
As ∼ Categorical(PA)

(1)

From WATCHED(t − 3, . . . , t) it can be seen that only trials after the third one that the
infant has observed can be predicted by the model. Furthermore t = 16 exemplifies no
look away. For the exact details of the implementation, the code is available from the first
author.

As is common practice, we center the prior distribution for each participant-level
parameter on their population level equivalent to introduce hierarchy. In mathematical
terms,

αi ∼ Gamma(rα, λα)

β0
i ∼ Gaussian(µβ0

, σβ
0)

βIi ∼ Gaussian(µβI
, σβ

I )

βDi ∼ Gaussian(µβD
, σβ

D )

(2)
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For the population-level parameters we formalize the subsequent (hyper-)priors. We
formalize the subsequent (hyper-)priors for the population-level parameters.

rα ∼ Gamma(3, 1)
λα ∼ Gamma(2, 1)

µβ
0 ∼ Gaussian(0, 0.0001)

σβ
0 ∼ Gamma(1, 1)

µβ
I ∼ Gaussian(0, 0.0001)

σβ
I ∼ Gamma(1, 1)

µβ
D ∼ Gaussian(0, 0.0001)

σβ
D ∼ Gamma(1, 1)

(3)

All being vague, possibly with the exception of rα and λα.

Appendix B
Bayes factor calculation

Bayes factors were calculated using the Savage-Dickey method (Wagenmakers, Lodewyckx,
Kuriyal, & Grasman, 2010). For this method, we approximated both the posterior as well
as the prior model probabilities and computed the ratio of these densities at the null value,
i.e.:

BF10 = p1(D)
p0(D) = p1(φ = φ0)

p1(φ = φ0 | D) (4)

Appendix C
Supplementary figures and tables
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Figure C1 . A trial of the learning task. The cue looms in the center of the screen and the
target rotates in one of the four quadrants. ITI=Inter-Trial-Interval; ISI=Inter-Stimulus-
Interval.

Table C1
Interpretation of Bayes factors (BF) according to Jeffreys
(1961) and Lee and Wagenmakers (2013)
Adapted from (Dijkstra et al., 2019)
BF log(BF) Strength of evidence

> 100 4.6 Extreme evidence for H+
30− 100 3.4− 4.6 Very strong evidence for H+
10− 30 2.3− 3.4 Strong evidence for H+
3− 10 1.1− 2.34 Moderate evidence for H+
1− 3 0− 1.1 Anecdotal evidence for H+
1 0 No evidence for H0 or H+
1/3− 1 −1.1− 0 Anecdotal evidence for H0
1/3− 1/10 −2.3−−1.1 Moderate evidence for H0
1/10− 1/30 −3.4−−2.3 Strong evidence for H0
1/30− 1/100 −4.6−−3.4 Very strong evidence for H0
< 1/100 < −4.6 Extreme evidence for H0
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