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Summary

The world around us is a complex environment filled with useful data for learning as well as a lot
of noise. In a simple, common setting such as a living room at home, there is a large amount of
information. For example, there is visual information that includes the shapes and colors of
furniture and movement of other people in the household, as well as auditory information such as
parents talking to each other, the television playing, or birds chirping outside. The learner faces
the challenging task of extracting relevant information in order to make sense of the world. This
learning problem is especially acute for infants who have had very little exposure to their
environment: how do they filter out irrelevant information and form representations of the world
so quickly? For example, when infants hear a continuous stream of sounds from their parents
with little knowledge of how language works, how are they able to parse that stream into words
and map meanings onto these words? When a child sorts their toys into groups of animals, how
do they know what perceptual information defines each category so they can form the categories
and generalize to new animal toys? Substantial research has strived to answer these questions,
providing evidence that from infancy on, many statistical learning mechanisms work in tandem
to help young learners learn about the world. Statistical learning in development often refers to
the implicit process of extracting structure from the environment. The research literature
reviewed here explores statistical learning purely from exposure or observation without any
explicit instruction, feedback, or reward. Over the past several decades, much work has explored
a variety of different robust statistical learning mechanisms, each involving different and distinct
computations. These mechanisms enable quick, efficient learning in a variety of different
domains, such as category learning, language learning, causal learning, and learning about
people and their preferences and goals. In this review, statistical learning and statistical inference
mechanisms throughout the course of development, with a focus on the first few years of life, are
discussed.
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Correlation Learning

Many studies have explored one important statistical learning mechanism in infancy and
early childhood — correlation learning. Historically, correlation learning was the first statistical
learning mechanism explored across development. Most work on correlation learning focuses on
simultaneous feature correlations, or that the presence of one feature simultaneously coincides
with the presence of one or more other features, i.e., first-order correlations (Younger & Cohen,
1983). For example, animals with feathers typically also have beaks and wings, whereas animals
with fur typically do not have those attributes. This indicates that the features of feathers, beaks,
and wings are more highly correlated than fur, beaks, and wings. Love et al. (2004) provide a
model that well fits category learning mechanisms based on correlations in infants and adults.
Several studies have explored whether infants are able to form categories based on detecting
feature correlations.

Between 4 1/2 and 7 months of age, infants begin to display an ability to represent
correlations under specific circumstances (Mareschal et al., 2005; Younger & Cohen, 1986). By
10 months of age, infants are reliably able to perceive basic correlations between visual features.
Younger and Cohen (1983) presented infants with various drawings of animals with several
visual features that were correlated, such as the type of body, tail, and feet, as well as several
features that were not correlated. When presented with novel animal exemplars with
combinations of the same features as presented previously that either preserved previous feature
correlations, violated previous correlations, or had completely novel features, thus serving as a
test of generalization of these feature correlations and not purely recognition of the exact same
stimuli, 10-month-old infants looked longer at animals that violated previous correlations or had

completely novel features than to animals that preserved previous correlations, though 4- and 7-



month-olds failed to distinguish between animals that preserved previous correlations and

animals that violated those correlations.

Figure 1. Depiction of First- and Second-Order Correlation Learning Tasks

A. Example of Correlation Learning Design

Habituation Phase

o~ e

Giraffe body always
presented with feathered
tail and webbed feet

Cow body always
presented with fluffy
tail and clubbed feet

*Type of ears and number of feet not correlated with anything

Test Phase
Correlated Uncorrelated Novel

Familiar features
but violating
feature correlations

Familiar features with
same correlated
features as habituation

Entirely new animal
with features not
seen before

B. Example of Second-Order Correlation

Familiarization Phase

Test Phase
Consistent Inconsistent Part Switch Novel

Note: A) Depiction of design from Younger & Cohen (1986) correlation learning paradigm. B)

Depiction of Yermolayeva & Rakison (2016) second-order correlation paradigm.

Not only are infants able to perceive correlations, but infants’ correlational learning

abilities are quite robust. By 10 months of age, infants are able to use correlational information to

form categories (Younger, 1985) and are also sensitive to these correlations among features that

may be useful in forming natural object categories, such as different types of animal tails and

ears or antlers in photographs instead of drawings (Younger, 1990). Additionally, infants by 14

months are able to recognize form-function correlations (Madole & Cohen, 1995), such that,

when shown objects that adhere to form-function correlations, such as an object with rubber

black wheels that always function and spin whereas an object with yellow plastic wheels that



never function, 14-month-old infants looked longer at a new object with rubber black wheels that
were nonfunctional. Between 14 and 18 months, infants were able to detect correlations between
different kinds of dynamic (e.g., two objects producing two distinct patterns of motion) and static
features (Rakison & Poulin-Dubois, 2002).

Most recently, some research has suggested that infants can learn even more complex
correlations, such as correlations between features that, in contrast to first-order correlations
where features are presented simultaneously, are not observed simultaneously, commonly
referred to as second-order correlations. Yermolayeva and Rakison (2016) familiarized seven-
and 11-month-old infants to numerous 3D objects correlating the body of an object with external
parts. Most importantly, multiple external parts correlated with the same body are never seen
together during these trials, such as Part A appearing on Body 1 and Part B appearing on Body 1,
but Part A and B never appearing on Body | simultaneously. During the test phase, multiple
external parts were then presented simultaneously on a novel body, with some objects containing
external parts that were previously correlated with the same body (e.g. Part A and Part B on
Body 3 simultaneously) and some objects containing external parts that were previously
correlated with different bodies (e.g. Part A from Body 1 and Part C from Body 2 appearing on
Body 3). Both 7- and 11-month-olds (but not 9-month-olds) showed evidence of learning these
second-order correlations by looking longer at objects with uncorrelated parts than objects with
correlated parts.

Around 20 months of age, infants can learn second-order correlations between static and
dynamic features, but only in category contexts (Rakison & Benton, 2019). That is, when
correlating two static features (e.g. various red objects and a white cross) and separately

correlating a static and dynamic feature (e.g. red objects move rectilinearly), infants looked



longer when viewing a novel object that violates those correlations (e.g. a pink object with a
white cross moving curvilinearly) compared to when viewing a novel object that preserves those
correlations (e.g. a pink object with a white cross moving rectilinearly). However, infants
struggle with this task when objects are presented in a non-category context, i.e., when presented
with only one exemplar of a static and dynamic feature correlation.

Later in development, children are also able to learn second-order correlations between
an objects’ features and their causal efficacy. Benton et al. (2021) explored whether children are
able to do this using a blicket-detector paradigm. In this paradigm, children are presented with a
blicket-detector that lights up and plays music when either a specific object or specific
combinations of objects are placed on the machine, thus establishing that some objects have
causal powers to start the machine whereas others do not. Benton et al. (2021) presented two-
and three-year-old children with two differently colored and shaped blocks (e.g. red cube and
green cylinder), each with a different sticker placed on the front (e.g. yellow circle or purple
diamond). Separately, children were also shown two new blocks as seen previously but without
the stickers and demonstrated that only one of the blocks made a blicket detector machine light
up and play music. When presented with two new blocks only differing in the attached stickers
(i.e. yellow circle or purple diamond presented initially), both two- and -three-year-olds were
able to correctly learn the second-order correlation and identify the block that had causal powers,
provided that they correctly remembered the initial sticker-block pairings.

Transitional Probabilities

Statistical learning has often been considered synonymous with the detection and usage

of transitional probabilities, an important mechanism that has been studied extensively. In

contrast to correlation learning, where correlated elements are typically presented



simultaneously, transitional probabilities typically refer to the probability between successive
elements (Saffran et al., 1996), such as syllables in language. The computation for transitional
probabilities can be defined as

probability of Y|X = (frequency of XY) / (frequency of X)

These probabilities exist in language, such that some syllables are more likely to occur
together within words, and thus have a higher transitional probability, than across word
boundaries, which have lower transitional probabilities. For example, in a phrase such as
Sfluffy#bunny, the co-occurrence of syllables within each word, such as flu and fy or bu and ny,
have greater transitional probabilities than syllable combinations that span across word
boundaries, such as fy#bu. In the last few decades, a rich body of research has explored the
ability to extract statistical patterns based on temporal transitional probabilities throughout
development in language and a variety of other domains (see Saffran & Kirkham, 2018 for a
review).

Transitional Probabilities in Language Learning

Word Segmentation. Some of the first work on statistical learning explored word

segmentation in the domain of language. A study by Saffran et al. (1996) investigated whether
infants could use transitional probabilities to segment words in a continuous stream of speech.
Infants heard continuous streams of speech consisting of three-syllable nonsense words (e.g. bi-
da-ku, pa-do-ti). The transitional probabilities of syllables varied, such that syllables within the
same nonsense word formed pairs that always occurred together (e.g. bi-da, da-ku) and thus had
a transitional probability of 1.0, whereas other syllable pairs spanning across nonsense words
only sometimes occurred together (e.g. ku-pa) and thus had a lower transitional probability. After

listening to this continuous speech stream, 8-month-old infants listened longer to lower-



transitional probability triplets and completely novel syllable triplets that never occurred together
than the higher-transitional probability triplets, suggesting they were able to distinguish between
‘words’ and ‘non-words’ based on transitional probabilities. Furthermore, Aslin et al. (1998)
confirmed infants’ abilities to use transitional probabilities in word segmentation and ruled out a
confounding variable of frequency of syllable triplets. Additionally, Pelucchi et al. (2009a) found
that English-learning 8-month-olds are also sensitive to transitional probabilities from
naturalistic Italian speech. Estes and Lew-Williams (2015) found that 7- to 8-month-old and 10-
to 11-month-old infants were able to segment words based on transitional probabilities when
there were multiple speakers. Another study tested newborn infants in a similar paradigm using
EEG and found that sleeping 3-day-olds can distinguish between ‘words’ and ‘non-words’ based
on their transitional probabilities (Flo et al. 2022).

Fiigure 2. Example of Saffran et al. (1996) Transitional Probability Manipulation

Familiarization Phase

Tri-syllabic nonsense words: bi — da — ku — pa — do — ti — g0 — la— bu — bi — da— ku - pa ...

\ S AP AT AVASAS AU LU A LT A A

Transitional Probability= 1.0 1.0 .33 10 10 .33 10 1.0 .33 1.0 1.0 .33

Test Phase
“Words” “Non-Words”
bi—-da-ku ku-pa-do
U\ I\
Transitional Probability= 1.0 1.0 .33 1.0

Other studies have explored the use of different types of transitional probabilities.
Perruchet and Desaulty (2008) explored the role of backwards transitional probabilities on word

segmentation. Adult participants listened to structured continuous speech streams consisting of



12 different syllables, with streams varying such that either backwards transitional probabilities
within and across syllable pairs were kept constant (e.g. syllables A-C were always followed by
syllable X, transitional probability of A, B, or C preceding X is .33) and forwards probabilities
varied, or forwards transitional probabilities were kept constant (e.g. X always followed by A-C,
transitional probability of A following X is .33) and backwards probabilities varied. Participants
who listened to the speech stream varying backwards transitional probabilities were better able to
distinguish high from low transitional probability pairs than participants who heard the speech
stream varying forwards transitional probabilities. Similar patterns of results have also been
found with infants: 8-month-old infants also displayed the ability to segment words based on
backwards transitional probabilities alone (Pelucchi et al., 2009b).

Limitations in Word Segmentation. Although statistical learning is a powerful

mechanism for word segmentation, several studies have also found constraints and limitations on
statistical learning abilities. For example, the complexity of the language and structure may
hinder statistical learning. When varying the number of syllables per nonsense word, such as
some words containing two syllables and others containing three, both 5.5- and 8-month-old
infants failed to show evidence of proper word segmentation (Johnson & Tyler, 2010).
Additionally, word segmentation based on statistical learning may be restricted by the number of
syllables per word. Benjamin et al. (2023) explored word segmentation in adults and neonates
using four-syllable nonsense words instead of tri- or di-syllabic words. Despite previous studies
demonstrating successful word segmentation based on transitional probabilities in adults and
neonates (Flo et al., 2022), both age groups failed to distinguish previously heard words from
part-words (words spanning boundaries) or shuffle-words (words with the order of syllables

shuffled). However, adults’ performance increased when pauses between words when listening



to the initial continuous stream could be used as a facilitating cue, though neonates’ performance
did not improve.

Role in Language Acquisition. Although there may be limitations on statistical learning,

it is clear that even from a young age, infants are sensitive to transitional probabilities of
syllables in language. However, transitional probabilities and statistical learning seems to play a
differing role across the course of language acquisition.

Previous findings suggest that the use of statistical learning may be critical for language
acquisition specifically. Saffran (2001) first habituated infants to continuous speech streams
consisting of tri-syllabic nonsense words. Infants were then presented with either English or
entirely nonsense sentences ending with either a high-transitional probability nonsense word or a
low-transitional probability nonsense word heard in habituation. Infants who were presented with
English sentences listened longer when sentences were completed with high-transitional
probability nonsense words than low-transitional probability words, whereas infants who heard
entirely nonsense sentences listened equally to both types of words. These findings suggest that
infants’ sensitivity to statistical properties in speech are useful for language acquisition and not
merely for detecting properties of sound sequences.

Other work has extended these findings to explore whether meanings can be mapped onto
words segmented through statistical learning. A study by Estes et al. (2007) first presented 17-
month-olds with continuous speech streams consisting of two-syllable nonsense words varying
in transitional probabilities. Then, infants were habituated to novel 3D objects paired with two
verbal labels comprised of either high transitional probability, low transitional probability, or
completely novel syllable pairs from the continuous stream. During the test phase, only infants

who were presented with high-transitional probability word labels for objects looked
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significantly longer when object-label pairings swapped compared to when they were consistent
with habituation, suggesting infants may have more ease mapping meanings onto words with
stronger transitional probabilities. However, this advantage of high transitional probabilities on
mapping meanings to words may be short-lived. A study by Lany et al. (2024) found that by 22
months of age, infants no longer displayed a difference in mapping word meanings onto high-
versus low-transitional probability words. Additionally, they found that infants with smaller
parent-reported vocabularies continued to demonstrate a high-transitional probability advantage,
whereas infants with larger vocabularies learned low- and high-transitional probability words
similarly.

Transitional probabilities in other domains

Statistical learning using transitional probabilities is not only limited to language
learning. This mechanism can also be used to segment other domains, such as non-linguistic
auditory sequences. Saffran et al. (1999) found that both adults and infants could successfully
segment continuous streams of musical tone sequences using transitional probabilities. Jonaitis
and Saffran (2009) additionally found that adults could learn statistical regularities of novel
musical styles that had never been heard before.

Furthermore, many studies with adults have investigated visual statistical learning
abilities. Fiser and Aslin (2001) presented adults with scenes consisting of base pairs of two
shapes with high internal transitional probabilities (shown simultaneously), whereas the
transitional probabilities between shapes across base pairs were weaker. They found that after
this training exposure, adults rated high transitional probability pairs as more familiar than pairs
with lower transitional probabilities when frequency was controlled for. Additionally, Fiser &

Aslin (2002a) familiarized adults with triplets of shapes shown sequentially, like in word

11



segmentation statistical learning tasks. They found that adults reliably selected the triplets with
high transitional probabilities as more familiar compared to the triplets with lower transitional
probabilities.

In addition to using statistical learning to segment visual sequences, transitional
probabilities are also used to segment continuous action sequences. Using the general methods of
Saffran et al. (1996), Baldwin et al. (2008) found that adults used transitional probabilities in
judging the familiarity of action sequences. Stahl et al. (2014) found that 7- to 9-month-old
infants also used transitional probabilities to segment continuous visual action events. Monroy et
al. (2019) found neural evidence of infants’ abilities to segment continuous visual action
sequences using transitional probabilities, finding increased motor activity in 18-month-olds in
anticipation only of familiar action sequences but not random sequences, suggesting infants seem
to predict future actions based on learned statistical sequences. Monroy et al. (2017) found that
19-month-olds can use their learned knowledge from visual statistical learning of action
sequences to perform those sequences themselves when playing with a toy requiring specific
action sequences to produce causal effects (e.g. lights and music).

Some work has also explored statistical learning in the tactile domain. Conway and
Christiansen (2005) explored tactile statistical learning, finding that adults segmented vibration
sequences using transitional probabilities. Interestingly, when conducting the same experiment
but converting the sequences from the tactile domain to visual and auditory domains, they found
that participants performed better in the auditory task than in the tactile or visual tasks, and
performance did not differ between the latter two.

Changes Across Development

12



Although much work suggests statistical learning abilities emerge very early in
development, other work suggests that there may be differences in sensitivity to transitional
probabilities across development, particularly in the visual domain. Kirkham et al. (2002) first
presented 2-, 5-, and 8-month-old infants with a continuous stream of single shapes with shape
pairs defined only by their transitional probabilities. When presented with either high transitional
probability pairs in isolation or lower transitional probability pairs, they found that all three age
groups looked significantly longer at the low-transitional probability pairs of shapes. Thus, by
two months of age, infants show a sensitivity to transitional probabilities in visual sequences.
Fiser and Aslin (2002b) conducted an additional study with 9-month-old infants, finding
sensitivity to transitional probabilities when frequency of pairs was controlled for. In addition to
using visual shapes, Mermier et al. (2022) found that 12-month-old infants could extract
statistical regularities from sequences of faces expressing various emotions.

However, infants’ visual statistical abilities may still be developing throughout this time.
Both Kirkham et al. (2002) and Fiser and Aslin (2002b) only measured infants’ statistical
learning abilities when manipulating either temporal or spatial dimensions, never both. Kirkham
et al. (2007) found that when objects appeared in a continuous stream of three structured location
pairs (e.g. circle appeared on top middle of 2x3 grid, always followed by top left), only 11-
month-old infants, not 8-month-olds, looked longer at a novel sequence than a familiar sequence.
When color and shape were added as an aiding cue, 8-month-olds, but not 5-month-olds,
displayed longer looking times to novel sequences. Furthermore, a study by Marcovitch and
Lewkowicz (2009) showed that 4.5- and 8.5-month-old infants, but not 2.5-month-olds, were
able to distinguish between pairs of shapes with differing frequency but similar transitional

probabilities as well as pairs with differing transitional probabilities but similar frequencies.
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Lastly, Bulf et al. (2011) tested newborn infants and found they could compute transitional
probabilities with two but not three pairs of visual shapes. Therefore, even newborns have some
sensitivity to transitional probabilities in the visual domain, though their abilities are quite
limited.

Non-Adjacent Dependencies

In addition to the large body of work on transitional probabilities between different types
of items that are adjacent to one another, there has also been much work exploring transitional
probabilities of non-adjacent elements. Although work on transitional probabilities typically
refers to the probability of an element occurring given an immediately preceding or successive
element (i.e. adjacent to one another), transitional probabilities also exist between elements that
are non-adjacent. For example, in language, these probabilities often occur between auxiliaries
and verb suffixes, such that the co-occurrence between the word is in English with the verb
suffix -ing is frequent and thus has a relatively high transitional probability. However, unlike
with the previously discussed transitional probabilities, these elements are separated by an
intermediary element that varies and is unrelated to the transitional probability between the non-
adjacent elements (e.g. is eating, is walking). Various studies have explored this type of
transitional probability, typically referred to as non-adjacent dependencies (see Wilson et al.
2020 for a review).

A study by Gomez (2002) explored infants’ and adults’ abilities to learn non-adjacent
dependencies within a continuous stream of artificial language. Infants and adults were first
familiarized to a stream of sequences each containing three nonsense words following the form
AXB. Elements 4 and B always occurred together within the same sequence, whereas element X

would vary. This produces a transitional probability of 1.0 for elements 4-B, but lower
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transitional probabilities between elements A-X and X-B, as well as the B element of one word
and the 4 element of the following word. Listening times were measured for infants and adults
were asked to identify whether new strings violated or conformed with the order. They found
that both 18-month-old infants and adults were able to extract non-adjacent dependencies. Other
studies have extended these findings to exploring learning of non-adjacent dependencies in
natural language instead of artificial languages. Friederici et al. (2011) showed that non-Italian-
learning 4-month-old infants learned non-adjacent dependences in Italian.

Figure 3. Example of Gomez (2002) Non-Adjacent Dependencies

Training Phase Test Phase
Example Structures and Sequences Example Structures and Sequences
------------------------------ “Grammatical” “Ungrammatical”
TP=1.0 pel wadim  rud | ML M
1 [ I} 1
I'4 Y [ TP=1.0 ' TP=0 !
a-X- d pel kicey  rud : : : :
] f ‘ | I ] ( \ 1
P= 33 .33 pel puser rud : a - X — d : : a - X - e :
: 1 [ 1
------------------------------ ! pel wadim rud ! pel wadim jic
= 1 [ ] ]
=10 vot wadim jic L P L . !
b-X-e vot kicey jic
s N
TP= .33 .33 VoL RLSo iC
TP=1.0 dak wadim tood
c - x — f dak kicey  tood
(AN
TP= .33 .33 dak  puser tood

Other work has explored whether these findings extend beyond the linguistic
domain.Creel et al. (2004) found that adults could simultaneously learn both adjacent and non-
adjacent dependencies in sequences of musical tones when additional perceptual cues, such as
timbre or octaves, could be used to facilitate learning. Other work has additionally found that

adults could learn non-adjacent dependencies in sequences of varying non-linguistic non-musical
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noises, such as chirps, beeps, and purrs (Gebhart et al., 2009). There have also been several
studies exploring non-adjacent dependencies in the visual domain. A study by Bettoni et al.
(2021) presented 9- to 12-month-old and 13- to 15-month-old infants with stimuli modeled after
Gomez (2002), but replacing linguistic nonsense words with visual geometric shapes and arrays
of dots. They found that the older age group displayed longer looking times to ungrammatical
sequences. Extending these findings, Lu and Mintz (2021) showed that 9-month-old infants
could extract non-adjacent dependencies in visual action sequences. A study by van den Bos et
al. (2012) further suggested that simultaneously presenting visual cues along with auditory cues
may aid with complex non-adjacent dependency learning in adults.
Changes Across Development

Although infants from a young age display some sensitivity to non-adjacent
dependencies, various studies have found notable changes in these sensitivities across
development. Culbertson et al. (2016) explored non-adjacent dependencies between subjects and
verbs in French. Their results showed that 15-, 18-, 21-, and 24-month-old French-learning
infants distinguished between grammatical and ungrammatical sentences, although the different
age groups showed either a familiarity or novelty preference, perhaps due to rapid changes in
robustness of perceptual representations in infants. Gomez and Maye (2005) also found that
although 17-month-olds could learn non-adjacent dependencies in artificial speech streams and
showed a novelty preference for ungrammatical strings than grammatical, 15-month-olds showed
evidence of learning non-adjacent dependencies but through a familiarity preference for

grammatical strings!, and 12-month-olds failed at the task. With 2- and 3-year-old children, van

! There are several factors that may contribute to whether infants show a novelty or familiarity preference, such as
the complexity of stimuli and experiment length. See the Caveats and Other Related Research section for a more
thorough discussion of the influence of these methodological factors.
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der Kant et al. (2020) found a shift in neural correlates of non-adjacent dependency learning,
such that neural evidence suggested that 2-year-olds were sensitive to linguistic non-adjacent
dependencies, though 3-year-olds were not. Interestingly, they found the opposite pattern with
non-linguistic stimuli, with 3-year-olds displaying evidence of learning non-adjacent
dependencies, though 2-year-olds did not.

Several studies revealed several limitations in infants’ ability to learn non-adjacent
dependencies. Gomez (2002) found that although infants were able to succeed in learning non-
adjacent dependencies, they could only do so when there was sufficient variability in the X
element in the AXB order. Adults also learned non-adjacent dependencies better with more
variability, suggesting that learning of adjacent versus non-adjacent dependencies may depend
on what statistical information is most salient.

Other research has also suggested that performance may depend on facilitating perceptual
cues. Marchetto and Bonatti (2013) explored whether infants could discriminate words from
possible morphological syllable combinations. They first presented infants with an artificial
speech stream of three-syllable words following an AXB order but manipulated the frequency of
words, resulting in some words with equally high adjacent and non-adjacent transitional
probabilities and other words with low adjacent but high non-adjacent transitional probabilities.
When presenting infants with test items consisting of both types of words, they found that 18-
month-olds listened longer to words with high non-adjacent transitional probabilities and low
adjacent probabilities, whereas 12-month-olds only did so when words in the training speech
stream were separated by pauses. Indeed, even adults have difficulty with non-adjacent

dependencies without these facilitating cues such as pauses (Wang & Mintz, 2018).
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Additionally, other research has suggested phonological properties may interfere with
non-adjacent dependency learning. Gonzalez-Gomez and Nazzi (2012) showed that 10-month-
olds were more sensitive to the non-adjacent dependencies in streams consisting of words with
more frequent phoneme order. Onnis et al. (2005) similarly found English-speaking adults were
more likely to rate words with low non-adjacent transitional probabilities but frequent English
phonological properties as familiar than words with high non-adjacent transitional probabilities
but infrequent phonological properties. Lastly, Newport and Aslin (2004) found that adults were
sensitive only to some non-adjacent regularities: they were better at learning non-adjacent
dependencies between consonants or vowels than full syllables.

Adjacent vs. Non-Adjacent Dependencies

Several studies have also investigated whether adjacent and non-adjacent dependency
learning can occur concurrently and whether they are governed by different mechanisms. When
adults are presented with pseudowords, they are able to learn both adjacent and non-adjacent
dependencies concurrently (Vuong et al. 2016; Romberg & Saffran, 2013; Frost & Monaghan
2016). Interestingly, knowledge of adjacent dependencies may also facilitate non-adjacent
dependency learning. A study by Lany and Gomez (2008) presented 12-month-old infants with
an artificial language consisting of nonsense two-word phrases with either high or low adjacent
dependencies, followed by the same artificial language but with two-word phrases separated by a
novel third element (i.e. dependencies between non-adjacent elements). After habituating to
these languages, when presented with new sequences violating non-adjacent dependencies,
infants initially exposed to the language with high adjacent dependencies showed stronger
evidence of learning the subsequent non-adjacent dependencies.

Cross-Situational Word Learning
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Research has also suggested that learners can use statistical information across situations
to map meanings onto words, what is commonly referred to as cross-situational word learning or
cross-situational statistical learning. Similarly to correlation learning, this mechanism tracks
correlations between features, though, in contrast to correlation learning, between features that
occur sequentially rather than simultaneously. Taking the perspective of an infant learning
language, there is a great deal of ambiguity in determining the referent of a heard word. If a
parent says a novel word, “rabbit”, and points generally to a scene of a backyard containing
chairs, grass, flowers, trees, rabbits, and more, there are a number of possible meanings of that
could be mapped onto that word, such as any of the individual objects in the scene (e.g. flower,
tree), the entire scene itself, parts of individual objects (e.g. flower petal, rabbit’s ear), etc. Cross-
situational learning mechanisms address this issue and allow for tracking of statistical
regularities across multiple situations to facilitate these word-meaning mappings. For example,
after hearing the word “rabbit” in the backyard context, if an infant subsequently hears that same
word in a new context, such as in a petting zoo, the infant could track the co-occurrences of the
word and referent across situations to form the correct mapping.

A more straightforward example may be seeing images of a ball and a rabbit on a
computer screen and hearing the words “ball” and “rabbit” for the first time. The word-meaning
mappings are ambiguous in this scenario, since either word could map onto either referent.
However, after subsequently seeing images of a rabbit and a mug and hearing “rabbit” and
“mug”, the co-occurrence of “rabbit” and the image of a rabbit can be calculated and is more
frequent than any other word-referent pairing (i.e. “rabbit” and ball image), thus allowing the

learner to make the correct mapping.
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Although this is rather complex, various studies have found that infants, children, and
adults use this mechanism to learn word-meaning mappings across situations (see Roembke et al.
2023 for a review). Yu and Smith (2007) presented adults with consecutive sets of four pictures
and heard four nonsense words referring to the images, but without any information as to the
specific word-picture pairings other than cross-situational statistics across trials. Adults were
able to learn these word-referent mappings using cross-situational statistics. They also presented
infants with several trials consisting of images of two objects simultaneously presented, followed
by an audio stating two words. Both 12-month-olds and 14-month-olds looked longer towards
the target referent corresponding with the verbal label, suggesting that cross-situational word
learning develops early in infancy (Smith and Yu, 2008). Furthermore, by 12 months of age,
infants and adults showed evidence of learning the meanings of minimal pairs with little phonetic
discrimination between pairs (e.g. BON, DON) (Escudero et al, 2016a; 2016b), and preschool
children can retain words learned through cross-situational word learning tasks (Vlach &
DeBrock, 2019).

Figure 3. lllustration of Smith & Yu (2008) Paradigm

Familiarization Phase

“Bosa”, “Manu”

3k ¢

“Colat”, “Manu”

P(‘manu”|-4-) | P(bosa”| 4-) | P(colat’] 4
+ 1 P(‘manu”3k) § P(“bosa”|3k) T Plcolat’zk) |
P(manu”|ly ) | P(bosa”| ) | P(ecolat’ ) §

P(“manu”| -§- ) =P(“bosa”| -’-)

P(“manu”| 3 ) = P(“bosa”| 3k
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However, there also seem to be developmental changes in cross-situational word learning
abilities. Vlach and Johnson (2013) found that 16-month-olds were less successful in cross-
situational word learning than 20-month-olds, and especially when word-object pairs were
interleaved. Yu and Smith (2011) probed further the mechanisms that underlie successful cross-
situational word learning. Their findings suggest that infants who succeed at cross-situational
word learning only store correct word-referent co-occurrences and form robust associations only
for these pairs, whereas infants who have more difficulty with this task form weaker associations
and split their attention between incorrect and correct pairs.

Other work with adults has also explored mechanisms underlying cross-situational word
learning. Trueswell et al. (2013) aimed to explore whether adult learners consider a set of
hypotheses regarding word meanings from one instance of learning to another, or whether they
form only a single hypothesis and carry only that hypothesis forward. They found that adults’
performance was only above chance when participants had previously guessed the correct word-
referent mapping, but random when they had performed incorrectly on the previous instance,
suggesting that indeed adults seem to form and carry forward only a single hypothesis for each
potential word meaning. Yurovsky and Frank (2015) found that the degree to which learners can
succeed at cross-situational word learning depends on the complexity of the task. When there
were more possibilities for potential word meanings, participants encoded very little about
candidate meanings other than the currently favored one, whereas when there were fewer
possible meanings, they encoded information about other candidates as well.

Various studies have also explored the impact of other factors on cross-situational
learning abilities. Suanda et al. (2014) explored the impact of contextual diversity of cross-

situational word learning in children. They presented 5- through 7-year-olds with a standard
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cross-situational word learning task but manipulated the number of distractor items. They found
that children could learn the meanings of words under all conditions of contextual diversity,
though performance was better with increased contextual diversity. Dautriche and Chemla
(2014) also explored the impact of context on mapping meanings to words through cross-
situational word learning. They presented adults with a standard cross-situational word learning
task with additionally introducing categories to facilitate word learning, such as presenting only
distractor items from the same object category as the target (e.g. all clothes) or presenting some
category distractors and some non-category distractors. They found that category information
may serve as a guide for participants and aid in encoding word meanings, though it may also
mislead participants to incorrectly select a same-category distractor as a word meaning. Another
study by Fitneva and Christiansen (2017) explored the impact of initial accuracy on cross-
situational word learning across development by presenting 4-year-olds, 10-year-olds, and adults
with two images and asked them to identify which object corresponded with each label. They
found that 4-year-olds benefited the most from initially accurate mappings and a greater number
of accurate mappings, 10-year-olds benefited from any amount of initial accurate mappings, and
adults benefited most from inaccurate initial mappings.

Several other studies have suggested that other cognitive systems may be related to cross-
situational learning. Vlach and Debrock (2017, 2019) explored whether language and memory
abilities predicted preschool children’s cross-situational learning performance. In addition to
presenting children with a standard cross-situational word learning task, children also completed
several memory tasks, including object recognition, word recognition, and picture recognition
tasks, as well as a vocabulary measure. They found that children’s performance on both the

language and memory tasks better predicted cross-situational learning performance than age,
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suggesting that other cognitive abilities may contribute to children’s cross-situational learning
abilities.

Previous studies have also found that cross-situational word learning is not limited to
count nouns and objects. Scott and Fisher (2012) found that 2.5-year-olds formed correct action-
label pairs using cross-situational statistics. Monaghan et al. (2015) also revealed that adults
could learn noun-object pairings, verb-motion pairings, as well as both simultaneously through
cross-situational word learning. Thus, they are capable of learning word meanings across
multiple grammatical categories through cross-situational word learning. Rebuschat et al. (2021)
found that adults could simultaneously learn noun, verb, and adjectives through cross-situational
word learning, though they struggled to learn other grammatical categories. Lastly, Wang and
Trueswell (2019) presented children with a set of novel images and asked children to select all
the images that corresponded with a label at both the basic-level and subordinate-level. They
found that children were able to learn subordinate level meanings for novel labels, though only
when exemplars were from the same semantic domain (e.g. dalmatian vs. three other dogs) or
when provided additional linguistic support.

Several studies have also explored whether cross-situational learning mechanisms are still
effective when there is referential uncertainty. Smith et al. (2011) presented adults with multiple
sets of six images and heard a nonsense word. Results suggested that when subsequently
presented with 15 images, adults learned the correct word-object mappings. Vouloumanos and
Werker (2009) explored whether infants were also capable of cross-situational word learning
under uncertainty. Infants were presented with labeling events: some objects and labels always

occurred together whereas others shared labels, with one label occurring at a high frequency and
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the other at a low frequency. Their results suggest that infants were able to learn word-referent
pairs, and that they also kept track of low-frequency mappings.

Studies have also found that the presence of social cues may facilitate cross-situational
word learning in scenarios with uncertainty. Macdonald et al. (2017) presented adults with sets
of images and novel words, and also manipulated gaze cues, i.e., an agent stating the novel word
either looked reliably or unreliably towards one of the objects. When eye gaze was reliable,
adults used it to learn word meaning and stored less information about alternative word
meanings. Furthermore, Frank et al. (2013) found that social or attentional cues, such as eye gaze
or hand positioning, did not disambiguate between possible referents. Rather, they found that the
combination of social cues and discourse continuity, or that a speaker continues to speak about
the same thing as in their previous utterance, may be more useful than cross-situational statistics
in some contexts.

Additionally, Yu and Ballard (2007) provide a statistical model for cross-situational
learning, accounting for a set of words (w) and a specific number of words (N), a set of meanings
(m) and a specific number of meanings (M), and learning situation (S) and number of learning
situations (s):

Sy (M W, S, 55

M SS_ (M Wi, S, 59

p(mpy|wy) =

To demonstrate this procedure, take four utterances as four learning situations, such as
“here is a cat”, “here is a dog”, “you like cat”, and “here is it”, and two objects with three
possible referents across situations—cat, dog, and NON, which accounts for the possibility that a
word may not have an extralinguistic referent. Taking the first learning situation, “Here is a cat”
while presenting a toy cat, assuming none of these words have been heard before, the prior

(P2

probabilities of the four possible word-referent mappings (i.e., “here”—cat, “is”—cat, “a”—cat,

24



“cat”—cat) are considered to be uniform (.25). However, after the next learning situation, “Here is
a dog” while presenting a toy dog, the probabilities are recalculated based on co-occurrences,
such that “here”, “is”, and “a” have all co-occurred with both the cat referent and dog referent,
thus resulting in a lower probability of each of those word-referent pairs. On the other hand,
“dog” has only occurred with the dog referent and “cat” only with the cat referent, thus
increasing the probability of those word-referent pairs. This process is repeated across situations

to determine the highest probability word-referent pairs to determine the correct mappings.

Rule Learning

Rule learning is often contrasted with statistical learning, but rule learning mechanisms
depend on the learner tracking distributional information in the input and extracting high level
variables in order to generalize these abstract rules to novel exemplars. Not only can infants
make inferences based on statistical information and learn statistical regularities in sequences of
items, but they are also able to learn and generalize abstract rules. In contrast to transitional
probabilities, rule learning refers to a more algebraic-like mechanism that allows for substitution
of items that follow the same pattern, even if those items were never experienced before (Marcus
et al., 1999). One common rule used to investigate this topic is an ABA rule. For example, one
element, such as the syllable wo, may take the place of A in the sequence in one occurrence, and
another element, fe may take the place of B in one occurrence (i.e. wo-fe-wo). However, an
unlimited number of other elements could replace those same items in another occurrence yet
still follow the same rule (e.g. bu-pa-bu, to-di-to, etc.). The transitional probabilities of entirely

novel elements would be unknown since they were never experienced together and thus could
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not be used to determine statistical regularities, whereas rule learning allows for extraction of a
more abstract, generalizable pattern to accommodate these substitutions.

Marcus et al. (1999) investigated whether infants can learn algebraic-like rules for which
items can be substituted. They first familiarized infants to a two-minute sample of speech
repeating three-word sentences that followed a specific rule (e.g. ABA - wo fe wo; ABB - wo fe
fe). Then, they presented infants with entirely novel words that were never heard before either
following the same rule as previously heard or following a new rule. They found 7-month-old
infants looked longer towards sentences following a new rule, suggesting infants can learn rules
and generalize them to novel elements. Gerken (2006) also explored whether rule learning
depends on the distribution of category elements in exemplars that defines these rules. Similarly
to Marcus et al. (1999), 9-month-old infants were first familiarized to speech samples of
repeating three-word sequences following a specific rule. However, critically, some infants were
first familiarized to syllable sequences that were generalized across varying exemplars, such as
AAB sequences that all contained different elements but still adhered to the underlying pattern
sequencesthat were narrower in scope, such as AAB sequences that all ended with the same
syllable (e.g., leledi, wiwidi, jijidi, dededi) where either a generalized underlying pattern (i.e.
AAB pattern) could be extracted or a narrower pattern (i.e. sequences end with syllable dfi).
Results from this study found that when infants were presented with test sequences that
contained entirely novel syllables, only infants who were first familiarized to the generalized
sequences showed evidence of distinguishing novel test sequences that violated the underlying
rule presented in the familiarization phase from novel test sequences that adhered to this rule.

Figure 4. Example of Gerken (2006) and Marcus et al. (1999) Stimuli
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Familiarization Phase
Example of AAB Sequences

B elements

lelewe

wiwidi wiwije wiwili wiwiwe

jijidi jijije jijiti jijiwe

Aelements

dededi dedeje dedeli | dedewe

= Gerken (2006) Diagonal “Generalized” Condition
& Marcus et al. (1999) AAB Sequence

= Gerken (2006) “Narrow” Condition

Following this, several studies have explored whether infants can learn rules outside of
speech. Saffran et al. (2007) presented 7-month-olds with sequences of color photographs of
different dog breeds following one of two different sequences (e.g. malamute, cattle dog,
malamute). When presented with new dog breeds either adhering to or violating the original
sequence, 7-month-olds looked longer to the novel pattern than the familiar pattern, suggesting
that infants were able to detect rules in these non-linguistic stimuli. Further, these results suggest
that rule learning is not limited to language or speech. Bulf et al. (2015) also found that when
presenting sequences of faces following specific patterns (e.g. face A, face B, face A), 7-month-
old infants were able to generalize this pattern to a new set of faces and looked longer when the
sequence of faces followed a new pattern compared to a previously observed pattern. In

contrast, Johnson et al. (2009) presented visual sequences of shapes to 8- and 11-month-olds
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following several different patterns, and only 11-month-olds showed evidence of learning and
distinguishing these patterns.

Dawson and Gerken (2009) additionally found conflicting evidence of rule learning in
non-linguistic domains. They presented 4- and 7-month-old infants with continuous sequences of
three-chord phrases following one of two different patterns. When presented with either new
sequences that followed the previous pattern or followed a novel pattern, they found 4-month-
olds looked longer to sequences that followed a novel pattern than a familiar pattern, though 7-
month-olds failed to do so.

Another study by Marcus et al. (2007) presented 7.5-month-old infants with sound
sequences, consisting of either sung syllables, musical tone sequences, or animal sounds. Infants
only distinguished between familiar and unfamiliar patterns with syllables. But when infants
were first familiarized to patterns in speech, they were able to generalize the learned rule to new
stimuli consisting of non-speech sounds, suggesting speech may facilitate rule learning to new
domains that infants may previously have had difficulty with. Rabagliati et al. (2012) sought to
explore whether the advantage of speech in rule learning may stem from the communicative
nature of speech compared to other sound or visual elements that are not communicative. Instead
of presenting speech sequences to infants, they presented videos of a person performing sign-like
gestures in specific patterns. Notably, infants were able to extract some rules in sign-like
gestures, though failed to do so in others, suggesting that the sensitivity to patterns in speech may
not be due to its communicative quality.

Statistical Inference/Probabilistic Inference
Although statistical learning often refers to the use of transitional probabilities, other

forms of probabilistic information are also present in everyday life. For example, when buying a
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bag of mixed-flavor candies at the market, one might select the bag with the most amount of
their favorite flavor visible, since this would have the highest probability of containing more of
their desired flavor compared to the other less desirable flavors and to the ratio of flavors in other
bags. This can be defined by the following formula, with P(E) representing the probability of an
event occurring, n(A4) representing the number of favorable outcomes and n(S) representing the

number of total possible outcomes in the sample:

n(kE)
n(s)

P(E) =

This may seem intuitive, though this ability to extract probabilistic information, specifically
making inferences about samples from populations and vice versa, and use this information is a
powerful tool. Previous work has suggested that infants, children, and adults are sensitive to
these types of statistical information and can utilize this information in statistical learning
mechanisms. For example, much research to date has explored infants’ and children’s sensitivity
to probabilistic information and their abilities to make judgements based on this information (see
Denison & Xu, 2019 for a review).

Several studies have explored infants’ abilities to make inferences about populations
from the statistical information of a randomly drawn sample of objects. Xu and Garcia (2008)
investigated whether 8-month-old infants were able to make predictions about a population of
items based on a small sample. Infants were first familiarized with a large box containing either
mostly red or mostly white ping pong balls visible to the infant. Then, with the contents hidden
to the infant, five balls were randomly drawn from a similar box, drawing either a majority of red
balls or majority of white balls. Lastly, the contents of the box were revealed to the infant.

Results suggested that 8-month-olds looked longer when the randomly drawn sample of balls

was improbable based on the revealed population of balls inside the box (e.g. if the sample was
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majority red but the box contained mostly white) than when the sample and population were
consistent, indicating that these infants were able to make predictions about a population of items
based on a randomly drawn sample. Additionally, Xu and Garcia (2008) found that infants were
able to make predictions in the opposite direction, about a sample based on a population.
Denison et al. (2013) explored the development of this ability and found that 6-month-olds, but
not 4.5-month-olds, exhibited the same pattern of longer looking to improbable than probable
populations given a randomly drawn sample.

Figure 5. Depiction of Probabilistic Inference Paradigms

A. Base Rate Probability Paradigm B. Posterior Probability Paradigm

Sampling Phase Prior Probability/Base Rate

1. () 2 -
N Overall higher
probability of
— drawing a black

shape than a
3. ) 4, ﬁ white shape
Posterior Probability
= =)

Higher probability
I . ‘ ‘ of drawing a white
square within the
. ‘ subset of squares

“I feel that it is a square”

Note: A) Denison and Xu (2019) illustration of Xu and Garcia (2008) paradigm B) example of
posterior probability task from Girotto and Gonzalez (2008).

Infants can also make predictions about single events based on probabilistic information.
A study by Téglas et al. (2007) presented 12-month-old infants with a ‘lottery machine’,
containing three yellow objects and one blue object, and found that the infants looked longer
when a blue object exited the machine (the improbable outcome) than when a yellow object did
so (the probable outcome). Teglas and Bonatti (2016) provided further evidence that infants can

reason about single-event probabilities, expecting a ball to exit from the probable side of a
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container (with three exits) than the improbable side (with one exit). Denison and Xu (2010b)
found infants can also make predictions about single events with large set sizes. Given two
locations, one of which is more likely to contain their preferred object randomly drawn from a
population of two types of objects, 12- to 14-month-old infants searched more often at that
location. This basic probabilistic reasoning ability does not seem to depend on formal education,
e.g., Maya adults and children succeeded in probabilistic reasoning tasks as robustly as Italian
children (Fontanari et al. 2014).

Other studies found that perceptual cues may influence infants’ ability to reason about
single-event probabilities, e.g., the total number of objects of each type in a scene, the physical
distance of objects to the exit opening, as well as the duration that the contents of containers
were occluded (Téglas et al. 2011). Lawson and Rakison (2013) similarly found that perceptual
cues may impact infants’ sensitivity to base rate information, or the probability of an event
occurring. Their results suggest that 8-month-olds were more sensitive to congruency of outcome
and its surrounding ball colors at the time of exit over probabilistic information, though this bias
seems to subside by 12 months. Additionally, Teglas et al. (2015) found that 12-month-olds
could only make probabilistic judgements for large set sizes when they could also use physical
cues to assist their reasoning (e.g., distance to the exit and sizes of objects).

Although infants from an early age can make inferences based on statistical evidence,
these abilities are still developing throughout early and later childhood. Teglas et al. (2007)
found that 3- to 5-year-olds were able to predict that a ball was more likely to exit a 3-hole side
than a 1-hole side of a container. Yet, Girotto et al. (2016) found that only 5-year-olds, but not 3-
and 4-year-olds, were able to make correct predictions based on probabilistic information, even

when all age groups succeeded in the task with deterministic information. A study by O’Grady

31



and Xu (2020) provides additional evidence of children’s emerging probabilistic reasoning
abilities. When presenting 6- through 12-year-olds with bags containing different populations of
marbles and asking children to select the bag that would yield a desired outcome, children were
overall able to make quick and accurate predictions based on probabilistic information. However,
performance varied across ages depending on other cues, such as area (e.g. an undesired color of
marbles covering a larger area than desired marbles) or numeric cues (e.g. lower probability
population containing larger number of desired marbles than higher probability population).
Furthermore, other more complex forms of probabilistic reasoning emerge in early
childhood, such as posterior probabilities, or base rates that are updated based on new given
information. Girotto and Gonzalez (2008) presented children with a bag of chips varying in
shape (e.g. squares and circles) and color (e.g. black or white) and asked children to guess the
color of a randomly sampled object. If children can reason about posterior probabilities, when
told the shape of the sampled object, they should be able to incorporate this additional
information into their probabilistic judgment. For example, if the majority of square chips are
white despite the majority of the total population being black, children’s judgments should shift
upon learning this new information. Results suggest that 6- to 7-year-old children are able to
successfully integrate this new information to form a posterior probability, though younger
children failed to do so.
Probabilistic reasoning across domains

Physical and Psychological Reasoning. Although there are some constraints on infants’

abilities to make probabilistic predictions, statistical inference/probabilistic reasoning
mechanisms are quite robust, with infants and children being able to integrate other physical and

psychological variables when making these judgments. Research has shown that infants can
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integrate physical properties of objects in their statistical inferences. Teglas et al. (2007), Teglas
et al. (2011), and Denison and Xu (2010a) found that infants can integrate physical properties of
objects in their probabilistic inference (e.g., if an object is blocked by a barrier; excluding objects
who are not moveable from the computation).

Infants are also able to use statistical information to make inferences about the social
world. Attisano and Denison (2020) and Xu and Denison (2009) explored whether infants’
inferences differ when sampling is intentional versus random. Both 6- and 11-month-old infants
integrated an agent’s preference and their visual access to the population from which the sample
was drawn in making predictions about which samples were probable.

Several studies focused on using non-random sampling to infer an agent’s preferences.
Wellman et al. (2016) found that infants infer preferences from statistical information. Infants
either viewed an agent pull five blue balls from a box either containing a majority red balls or a
majority blue balls. When the same agent was given the opportunity to choose between either a
new bowl of entirely blue balls or new bowl of entirely red balls, 10-month-old infants only
looked longer when the agent selected the bowl of red balls when they had previously selected
all blue balls from a box where blue was the minority color. Using a similar method, Kushnir et
al. (2010) introduced preschoolers and 20-month-olds to a puppet who selected five toys from a
box, with the box containing either 18%, 50%, or 100% of the toys the puppet liked. Their
results revealed that children’s inferences regarding the puppet’s preferences were graded:
stronger for the 18% than the 50% than the 100% condition.

Ma and Xu (2011) investigated whether non-random sampling may teach infants to
understand subject preference earlier. 16-month-olds and 2-year-olds initially assumed that the

experimenter shared their preference for a more interesting type of toy. After watching the
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experimenter sample the boring type of boy from a jar (consisting of 13% boring toys and 87%
interesting toys), they inferred that the experimenter liked the boring toy better even though they
themselves continued to prefer the interesting toy. Two-year-olds succeeded in this task more
robustly than 16-month-olds, suggesting that this ability to infer subjective preferences based on
statistical evidence develops over time.

Other studies have also suggested that verbal framing may influence young children’s
ability to infer preferences from statistical information. When presenting 4- and 5-year-old
children with an emotion-framed scenario (e.g. “some toys make her happy”) compared to an
action-framed scenario (e.g. “she gets some toys”), preschoolers were able to use statistical non-
randomness to infer an agent’s preference only when verbal framing was emotion-related
(Garvin & Woodward, 2015). Children are also able to make even more sophisticated social
inferences from statistical information. A study by Diesendruck et al. (2015) explored whether
children can generalize preferences to others of the same group based on statistical information,
finding that children could generalize preferences but only with sufficient statistical and social
cues (e.g., multiple agents demonstrated the same preference that violated random sampling).

Not only are children able to make social inferences about preferences from probabilistic
information, but they are also able to infer emotional states. Schlottmann (2001) found that
children as young as 6 years of age judged that a puppet would be happier in response to a
desired, improbable outcome than when the result was more probable, and, similarly,
Schlottmann and Anderson (1994) found that children as young as 5 years correctly identified
that a puppet would be happier playing a game with a higher probability of a desired outcome
than a lower probability. Doan et al. (2018) investigated whether children could use probabilistic

information to attribute surprise to others in response to an outcome. They presented children
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with two characters receiving gumballs from their respective gumball machines, one with a
majority desired gumball or and one with a majority undesired gumball distribution. When asked
which character was more surprised when receiving a desired outcome, 7-year-olds were reliably
able to use probabilistic information to attribute surprise, 6-year-olds were inconsistent in their
responses but able to use probabilistic information when given facilitating prompts, and 4- and 5-
year-olds failed to do so. Other work has found infants can also make inferences in the opposite
direction, with 12- through 18-month-olds looking longer when a probable outcome was
revealed than an improbable outcome after an experimenter had initially exhibited surprise to the
hidden outcome (Wu et al., 2024). Another study by Doan et al. (2020) found that by 5 years of
age, children inferred an agent would be happier with a desired, improbable outcome than a
desired, probable outcome.

Children can also infer goals from probabilistic information. Using a similar paradigm to
Doan et al. (2018), Doan et al. (2022) again presented children with two gumball machines
varying in their distributions of colored gumballs (either majority red or majority purple). When
a character chose to press the machine with majority red, 3-year-olds inferred that her goal was
to get a red gumball.

Probabilistic information can also be used to infer social relationships. Sehl et al. (2023)
presented participants with diagrams of two people and their friendships with others in a group.
They manipulated the number of friends each target person had, as well as the proportion of
mutual friends between the two target people (e.g. three of nine friends were mutual, three of
four friends were mutual, etc.). They found that both 5- to 7-year-olds and adults used the

proportion of mutual friends between the two targets to infer the likelihood of them being
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friends, suggesting that from an early age, children can infer social networks using probabilistic
information.

Causal Learning. Other research has suggested children are also able to make causal

inferences from probabilistic information. Gopnik et al. (2001) presented 3- and 4-year-old
children with a blicket-detector machine that illuminated and played music when blickets were
placed on top. When children were shown two novel objects, with one object activating the
detector 100% of the time and the other object only activating the detector 66% of the time, they
identified both objects as being blickets, suggesting that they could draw causal conclusions even
when observed evidence was probabilistic instead of deterministic.

Another study by Schulz and Gopnik (2004) similarly explored whether children could
make causal inferences from independent and dependent probabilities of events. They presented
3- through 5-year-old children with various flowers either individually or in pairs, with pairs
causing a puppet to sneeze either 100% of the time (e.g. flowers A and C together; flowers B and
C) or 0% of the time (e.g. flowers A and B; though sneezing occurred with each flowers A and B
66% of the time), and individual flowers causing sneezing 100% of the time (e.g. flower C) or
66% of the time (e.g. flower A, flower B). Their results suggest that children who were presented
with the flowers simultaneously most often selected the correct flower as causing the puppet to
sneeze, whereas children who were only shown each flower individually selected all flowers at
equal rates. This suggests that children were able to use conditional probabilities to make causal
inferences.

Waismeyer et al. (2015) found that even younger children have this ability: 2-year-olds
selected a toy that activated the machine 66% of the time more often than a toy that activated the

machine 33% of the time. Kushnir and Gopnik (2005) explored whether children could infer the
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strength of causal relations based on probabilistic information. They presented 4-year-old
children with a detector machine and provided either consistent evidence of which blocks
activated the machine (e.g. Block A alone activated machine 100% of time, Block B alone only
33%), ambiguous evidence (e.g. Block A alone 100% of time, Blocks A and B together 66%), or
conflicting evidence (e.g. Block A alone 100% of time, Block B 66%). Results suggested that
children who were presented with consistent or ambiguous evidence were most likely to
correctly identify the block with the highest probability of activating the machine, suggesting
children could infer strength of causal powers from probabilistic information.

Kushnir and Gopnik (2007) also found that children’s initial assumption about how to
activate a machine — by placing a block on top of it — can be overridden with probabilistic
information. That is, they choose a block with higher probability of activation when held above
the machine over a block with lower probability of activation when placed on top of the
machine. However, children sometimes struggle to use probabilistic information to infer causal
structures under certain conditions. Kushnir et al. (2009) found that when children observe
another person’s action, they correctly infer causal relationships based on the strength of the
evidence, but they rely more on their own actions (self-agency bias) and override probabilistic
evidence in their inferences about causal structures.

Caveats and Other related research

It is important to note that several methodological differences may have contributed to
failure or developmental differences in performance on these tasks exploring different
mechanisms, especially for infants. For example, a meta-analysis conducted by Isbilen and
Christiansen (2022) suggested that the specific type of tasks used to measure statistical learning

mechanisms in children and adults significantly impacted effect sizes, with processing-based
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tasks (i.e. tasks that tap more directly into statistical learning mechanisms, such as variants on
reaction time tasks) led to larger effect sizes than reflection-based measures (i.e. tasks that
require participants to reflect on learned material, such as 2AFC tasks).

Similarly, there are also methodological variations for infant studies. With standard
looking time measures used to test infants, vast majority of the time the prediction is that infants
should show a novelty preference and look longer towards the novel stimulus than the familiar
stimulus. However, infants sometimes look longer towards the familiar stimulus. One plausible
explanation is that with complex stimuli may take more time to process so if infants are tested
while they are still processing the stimli, they will show a familiarity preference. For example,
Hunter et al. (1983) found that infants who were interrupted during a habituation phase
continued to display a familiarity preference for a toy only if the toy was complex relative to the
infants’ age, whereas infants were not interrupted during the habituation phase shifted to a
novelty preference. It is possible that using less complex stimuli, such as reducing the number of
elements in the mini-corpus of stimuli elements, may have resulted in success for several of these
tasks where infants failed to show evidence of sensitivity to statistical patterns.

Relatedly, with the habituation-dishabituation paradigms that many of studies employ,
infants tend to shift their preference from familiar stimuli to novel stimuli with increased
exposure to the familiar stimuli. It is possible that infants who failed to show evidence of
distinguishing between stimuli based on statistical structures may begin to show a difference in
preference with increased exposure to the stimuli. Additionally, much work has suggested that
infants have rather poor working memory (see Reynolds & Romano, 2016 for a review). Many
studies require infants to engage their working memory abilities to hold elements in memory in

order to extract the underlying statistical structures. Thus, it is possible that infants’ failure to
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show evidence of statistical learning in these paradigms may be due to limitations on working
memory rather than limitations on statistical learning abilities.

Finally, there are several related research topics that are beyond the scope of this review.
For example, research has explored learning of speech categories based on the statistical
distribution of speech sounds. Maye et al. (2002) familiarized 6- and 8-month-old infants to
speech streams consisting of speech sounds on a continuum between voiced and voiceless
consonants (i.e. voiceless [t] vs. voiced [d]), with those voiced and voiceless consonants as the
endpoints. Importantly, some infants were presented with speech streams that were bimodally
distributed, such that speech sounds closer towards the endpoints were presented more frequently
than sounds between those points, whereas other infants were presented with a unimodal
distribution, with the endpoint sounds presented less frequently than the sounds between those
points. During test trials, two different types of streams were presented, with one stream
repeatedly playing only one single sound whereas the other stream alternated between two
different sounds. Only infants familiarized to the bimodally distributed speech stream showed
evidence of distinguishing between the two speech sound categories, suggesting they are
sensitive to the statistical distribution of sounds when forming speech categories. Several other
studies have expanded upon this work (Maye et al., 2002; Maye et al., 2008; Teinonen et al.,
2008) and have developed computational models of this mechanism (McMurray et al., 2008;
Schatz et al., 2021; Vallabha et al., 2007).

Additionally, a large body of work has expanded on rule learning to more complex forms
of grammar learning. For example, Gomez and Gerken (1999) constructed an artificial grammar,
with specific rules imposed on nonsense words such that only some nonsense words could follow

others in sentences. Although this is similar to rule learning, these artificial grammars extend

39



beyond single rules (e.g. AAB) to larger, more complex structures. Their results suggest that 12-
month-old infants showed evidence of extracting grammatical structures that could also be
generalized to novel exemplar. Other work has further explored grammar learning across
development (see Gomez & Gerken, 2000 for a review). Additional work has explored adults’
ability to extract generalizable grammatical structures based on statistical distributional
information purely from exposure to an artificial grammar composed of nonsense words and
categorize novel exemplars into these grammatical categories (Reeder et al., 2013).

Lastly, there is additional work exploring the role of memory and chunking in statistical
learning (see Thiessen, 2017 for a review; Isbilen et al. 2020). These studies focused on how
cognitive processes such as memory may significantly affect statistical learning.

Summary and Conclusions

In summary, a large number of statistical learning mechanisms enable infants, children,
and adults to find regularities and structure in order to acquire knowledge of various domains
and to understand their environment. Although statistical learning has traditionally been
synonymous with learning based on transitional probabilities, various other mechanisms fall
under the broader category of statistical learning, such as correlational learning and statistical
inference. Our review provides an overview of the seminal and recent findings. These
mechanisms are robust and explain learning in a vast array of domains, from language and visual
sequences to emotion attribution.

From this review, several unexplored questions regarding statistical learning mechanisms
have emerged. First, future work should continue to clarify the role of statistical learning in
language acquisition across development, such as how transitional probabilities used in word

segmentation may relate to word or syntax learning and how this may change with age. Second,
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future work should seek to determine how early in development these processes emerge. Third,

future research may investigate further whether young learners understand other aspects of

probabilistic inference. Lastly, future work should continue to explore the limitations of these

statistical learning mechanisms, how they are used over the course of development, and how they

interact with world knowledge that learners accumulate over time.
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