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Over the past 30 years, studies of learning in humans and 
other animal species have revealed powerful mechanisms 
that extract structured information from exposure to stimuli 
without the need for immediate reward or feedback. These 
implicit learning mechanisms are referred to as statistical 
learning because they are sensitive to the distributional in
formation present in the ambient environment. Here we review 
the historical roots of statistical learning research as it evolved 
from the psychological and linguistic literature, later incorpo
rating computational and cognitive neuroscience methods 
with the goal of fleshing out underlying mechanisms. We 
emphasize that statistical learning must be constrained by 
evolutionary and/or learning biases to function effectively and 
efficiently in a given context. We also discuss the component 
processes involved in statistical learning and how they may be 
implemented in the brain. Finally, we highlight the utility of 
studying statistical learning in early development. Immature 
neural systems lend themselves to an examination of their 
underlying components, which are more difficult to tease apart 
once they are consolidated as parallel interactive circuits in 
the mature brain.
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Introduction
The brains of every species — from bees [1] to birds [2] 

to primates [3] — must acquire information from their 

environment and store that knowledge to efficiently and 

effectively guide their future behavior. The process by 

which information is acquired varies substantially across 

different contexts. At one extreme is a social context in 

which a teacher instructs a novice learner by providing 

explicit feedback to convey both positive and negative 

instances of information. At the other extreme there is 

no teacher, no feedback, and no immediate conse

quences. Regardless of the context, the naı̈ve learner is 

confronted with the challenge of selecting the relevant 

information and filtering out the irrelevant, via some 

combination of evolutionary biases and constraints 

on learning.

The canonical paradigm for studying learning is to bring 

the animal under experimental control — that is, placing 

the animal in a context in which the experimenter 

knows precisely which independent variables are 

affecting the animal’s behavior. A powerful tool for 

manipulating the animal’s behavior is reward, whether 

positive or negative, because the causal role of a given 

independent variable can be confirmed quickly and 

more definitively than by observing the effects of mul

tiple variables that are often partially confounded. Thus, 

learning in a reward context — reinforcement learning — has 

been the dominant paradigm in experimental psychol

ogy and neuroscience for the past century [4].

However, there is no question that a substantial amount 

of learning occurs in less well controlled contexts in 

which reward is either absent or irrelevant. For example, 

foraging bumblebees engage in a preliminary survey of 

their surroundings so that once a rich source of pollen is 

discovered they can efficiently return to the hive and 

convey that information to their fellow foragers [5]. 

There is no immediate reward provided by this pre

liminary aerial survey. Female hatchling Zebra finches 

exposed to the songs of their fathers (the mothers do not 

sing) never produce that song, and yet these naı̈ve 

learners acquire knowledge of this song template so that 

months later, once mature, they can affiliate and mate 

with conspecific males [6]. Juvenile chimpanzees who 

observe an older chimpanzee use a stick to capture 

termites from an underground nest are able to mimic 

that tool-use to forage for termites on their own, despite 

no immediate reward during observational learning [7]. 

Thus, across different contexts in the natural ecology of 

all species, unsupervised learning is a powerful mechanism 

for acquiring knowledge and deploying that knowledge 

to solve particular tasks. The key distinction between 

supervised and unsupervised learning is that the former 

relies on feedback from the environment — via reward 

Available online at www.sciencedirect.com

ScienceDirect
Current Opinion in

Neurobiology

www.sciencedirect.com Current Opinion in Neurobiology 2025, 95:103124

Delta:1_given-name
Delta:1_surname
mailto:richard.aslin@yale.edu
http://www.sciencedirect.com/science/journal/18796257/vol/issue
https://doi.org/10.1016/j.conb.2025.103124
https://doi.org/10.1016/j.conb.2025.103124
http://crossmark.crossref.org/dialog/?doi=10.1016/j.conb.2025.103124&domain=pdf


and/or labeled input — whereas the latter extracts 

structure from the environment without either type of 

feedback [8].

A suitable domain for investigating the role of unsu

pervised learning in humans is the acquisition of lan

guage — a complex system of vocal sounds (or manual 

signs) that conveys information from one person to 

another. Information in language is hierarchically orga

nized such that sound elements (phonemes) are com

bined to form words (and morphemes that are parts of 

words) that convey meanings, both by themselves and in 

combination with other words which are organized ac

cording to a set of sequencing rules called grammar or 

syntax [9]. Due to the inherent constraints on studying 

infants and young children, much of what we know 

about language learning is based on naturalistic obser

vations of parental language input and child language 

production [10,11]. Classic studies have confirmed that 

reinforcement learning is not the primary means by 

which children acquire their native language — parents 

rarely provide negative feedback when their child makes 

a grammatical error [12], although contingent social 

responsiveness to infant vocalizations can shape their 

speech productions to match the properties of parental 

speech [13]. Moreover, children acquire the phonemic 

categories of their native language by 12 months of age 

by merely listening to the speech sounds in their 

ambient environment [14]. Thus, it has long been 

assumed that humans must acquire language, especially 

in the early phases of language learning, by mere expo

sure — in other words, by unsupervised learning. How

ever, it was unclear what kinds of unsupervised language 

learning tasks infants could perform, and the nature and 

complexity of the kinds of information that infants 

could track.

Statistical learning in human infants
In the early 1990s, our group (Jenny Saffran, Elissa 

Newport, Richard Aslin) embarked on a test of unsu

pervised learning with 8-month-old infants [15]. Around 

this age, infants must begin to solve a key problem in 

language learning: determining where one word ends 

and the next begins when confronted with fluent multi- 

word speech. This is not a trivial task because there are 

no reliable pauses or other acoustic markers at word 

boundaries [16]. Moreover, simple low-level solutions to 

this task of word segmentation are unlikely. For example, 

single-word utterances by parents to infants are rare 

[17], but even if they were common, it would never

theless be unclear to the child whether a single multi

syllable word spoken in isolation was one word or 

multiple words. Similarly, while some languages provide 

prosodic cues to word boundaries [18] (e.g., stress pat

terns in multi-syllabic words), these cues are language- 

specific and thus must themselves be learned.

Of course, nothing in science proceeds de novo, but 

rather builds on earlier work in both the same general 

discipline and in related disciplines. We benefitted from 

earlier work in linguistics and computer science, as well 

as three seminal behavioral studies with adults and in

fants, described below. Linguists analyzing an unfamiliar 

language can chart the patterning of sounds across a 

corpus of that language and make inferences about its 

structure, even without access to native-speaking in

formants [19]. These connections between the distri

butions of sounds/words and underlying structure were 

applied by structural linguists in the mid-20th century 

to successfully unravel the hierarchical structure of un

familiar languages [20].

In computer science, statistical approaches to clustering 

and pattern learning have been used for decades [21], 

but these computational approaches, like that of struc

tural linguists, were applied to large datasets in a 

“batch” manner, in which the algorithm was not under 

real-time pressure to make inferences about the un

derlying information structure. This situation contrasts 

with the task facing the infant, who hears fluent speech 

at the daunting rate of 3—4 syllables per second. Given 

the known limitations on sensory encoding and working 

memory in young infants [22], it seemed implausible 

that the rapid sequential structure contained in fluent 

speech could be extracted by infants.

However, behavioral evidence from adults suggested 

that structural properties of sound sequences could be 

learned by mere exposure. Hayes and Clark [23] created 

sequences of tones whose pitch varied in seemingly 

random ways but whose actual ordering was highly 

constrained within subunits in the sequence. Adults 

successfully distinguished familiar sequences from 

novel sequences formed from the same tones after a few 

minutes of passive listening. And we knew from prior 

work that infants can recognize a target word when 

embedded in a multiword utterance [24] and that 

detection of the target word is facilitated by the statis

tical structure of that utterance [25].

With the Hayes and Clark study as a model, we replaced 

their tones with speech syllables. The syllables were 

concatenated into “words” (golabu, padoti, etc.), and the 

words were randomized into a continuous stream of 

syllables. After just several minutes of passive listening, 

adults and infants judged familiar syllable sequences as 

different from the same syllables in novel orders. We 

hypothesized that learners successfully discriminated 

familiar from novel syllable sequences by extracting the 

transitional probabilities of syllable-pairs, and not the 

relative frequency of those syllable-pairs. Subsequent 

studies [26] confirmed this hypothesis, although the 

relative frequency of syllable-pairs can also be used, 
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illustrating the multiple levels of statistical information 

present even in simple corpora. Given a 1996 compu

tational linguistics monograph by Eugene Charniak [27] 

entitled Statistical Language Learning, we borrowed that 

term to describe our behavioral results.

Extensions, interpretations, and challenges 
for statistical learning
Our initial infant statistical learning results [15] have 

been cited over 7700 times in the past 30 years and 

spawned a huge variety of extensions and clarifications. 

The temporal ordering of elements was extended from 

speech syllables to visual objects [28], and visual objects 

were clustered spatially to define scenes [29], thereby 

extending the importance of transitional probabilities in 

time to conditional probabilities in space. Other studies 

revisited the tones of Hayes and Clark to explore sta

tistical learning in music [30] and extended the use of 

visual objects to letters [31] to explore the relevance of 

statistical learning to reading. These extensions have 

raised the possibility that statistical learning is domain- 

general, although the encoding of information is clearly 

domain-specific [32]. These extensions have also raised 

the possibility that statistical learning proceeds in the 

absence of overt attention (i.e., conscious awareness), 

although overt attention clearly facilities the speed of 

learning [33]. In summary, there is no question that 

statistical learning is an example of unsupervised 

learning that occurs by mere exposure (with or without 

instruction or explicit attention), and that it is ubiqui

tous across domains, sensory modalities, and spe

cies [34].

The challenge of too many statistics
Despite the growing body of literature focused on sta

tistical learning, understanding its role in the natural 

environment faces several significant challenges. First, 

there is an infinite number of statistics that could 

characterize information in any domain, and yet naı̈ve 

learners manage to find, at minimum, the subset of 

statistics required to solve a particular task. How do they 

do that efficiently without conducting an exhaustive 

search of all possible statistics? Evidence accumulated 

over the past 40 years supports a multi-layered repre

sentational system in which the input to statistical 

learning at any given moment is influenced by the cur

rent knowledge state of the learner [35]. For example, 

consider the hierarchical structure of language. A naı̈ve 

learner might start out representing the input as a 

sequence of syllables, whereas a learner who has already 

acquired words would have access to a new level of 

statistical regularities — sequences of words. As learners 

iterate through the input, there would be an ongoing 

process of encoding the elements being perceived, 

detecting extant statistical regularities, and making 

decisions about how to use those statistics to solve a 

particular task. Priors, in the form of previous learning 

and other aspects of the learning context, constrain what 

regularities must be considered each step of the way. 

Figure 1 illustrates these hierarchical properties in a 

general framework that begins with sensory input, forms 

perceptual primitives constrained by top-down feed

back, extracts low-level statistics constrained by limited 

cognitive resources, and formulates hierarchical struc

tures that enable generalization beyond the specific 

inputs received by the learner.

The challenge of generalization
Early considerations of statistical learning focused on 

the extraction of information contained in the environ

ment to which the learner was directly exposed (i.e., 

learn and remember the input). For example, Saffran, 

Aslin, and Newport [15] examined learning and memory 

for specific exemplars (trisyllabic “words”). But many 

other studies, beginning with Marcus et al. [36], have 

shown that infants can also generalize beyond the ex

emplars to which they were exposed. Moreover, infants 

who fail to generalize a pattern in a “difficult to learn” 

context can be primed by exposure to a related pattern 

in an “easy to learn” context [37,38]. Importantly, the 

scope of generalization is licensed by the distributional 

properties of the learning corpus [39]. For example, if 

very few exemplars of a pattern are present in the input, 

generalization tends to be restricted, whereas when 

many different exemplars are present in the input, broad 

generalization is more likely. These same principles that 

modulate the scope of generalization in infants also hold 

for learning much more complex grammatical structures 

in adults [40] and children [41] and may help to explain 

how learners hone in on the right statistics (computa

tions and units over which to perform those computa

tions) for a given learning problem. Thus, it is perhaps 

not surprising that, depending on the context and the 

complexity of the task, many different neural systems 

are activated during statistical learning.

The challenge of linking statistical learning to the 
brain
The neural mechanisms that support statistical learning 

appear to be widespread in the brain rather than 

concentrated in a particular focal substrate, such as the 

superior colliculus/tectum for sensory integration [42]. 

For example, neural correlates of statistical learning in 

humans have been reported in inferior frontal gyrus 

[43], striatum [44], anterior cingulate cortex [45], hip

pocampus in both adults [46] and infants [47], as well as 

inferotemporal cortex in monkeys [48], with changes in 

connectivity to many other areas of the brain strength

ened as statistical learning improves [49]. If statistical 

learning does not require a particular region, hub, or core 

neural circuit, then perhaps it is not a computational 

module but rather a ubiquitous neurophysiological pro

cess such as LTP [50]. Moreover, redundant neural 

mechanisms that support statistical learning provide a 
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hedge against loss of function from brain damage as well 

as flexible developmental pathways to maturity.

How might statistical learning be instantiated at the 

neural level, taking into account context-specificity, 

task-complexity, and generalization? First, the specific 

neural mechanisms that support statistical learning un

doubtedly involve populations of neurons [51]. The 

firing rates of these population responses have a mean 

and variance that are proportional to the identity and 

reliability, respectively, of a given stimulus [52]. When 

exposed to a complex set of stimuli, population re

sponses are elicited in parallel by the vast number of 

hierarchically related sources of information. Given 

intrinsic noise and effects of prior learning (e.g., priming 

that entails context memory), some of those population 

responses will “stick out” above the background.

Second, the robust responses that exceed background 

noise must be evaluated for their relevance in solving 

any task, regardless of how those responses are extracted 

by a learning mechanism. For example, the relative 

frequency of stimuli lying along a single dimension could 

form a unimodal or a multimodal distribution, which in 

turn provides evidence for a single or multiple categories 

(i.e., clusters) along that dimension. A decision-making 

process must evaluate the characteristics (i.e., shape) of 

the entire frequency distribution to extract the number 

of categories, and there is evidence in both infants [53] 

and adults [54] of this category-extraction even in the 

absence of reward. In sum, it should not be surprising 

that statistical learning is based on principles of proba

bilistic neural responses across a wide swathe of the 

brain’s computational specializations — sensory encod

ing, decision-making, and memory [55].

Future directions
What, then, is a reasonable path forward to unravel the 

role played by different subcomponents of the brain in 

Figure 1 

Schematic illustration of the hierarchy of levels of analysis operating on environmental input and how predictive feedback at each level enables a 
description of the underlying information structure relevant to solving a particular task via unsupervised learning. The dashed circles at the level of 
statistical learning indicate that it operates within domains (e.g., vision, audition) but that interactions between domains are possible given the influence 
of predictive feedback on learned priors (WM = working memory).
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statistical learning? Our view is that a focus on development 

will be a particularly fruitful avenue for making progress 

on addressing this question. Mature learners have ac

quired enormously complex learning systems that are so 

efficient that it’s difficult to tease apart their underlying 

mechanisms at the behavioral level. And even at the 

neural level, the complex interplay among various sub

components makes it very difficult to assign causal roles to 

these subcomponents, especially if limited to non- 

invasive recordings such as fMRI and EEG/MEG [56]. 

In contrast, immature learners not only have vastly less 

experience, but they also have far less efficient neural 

responses at all levels of the information hierarchy. As a 

result, it is easier to observe the effects of new experi

ences in younger organisms than older organisms. More

over, when new experiences occur, their neural responses 

are typically slower and therefore easier to decompose 

into their component parts, making their emergence with 

age more accessible than later in development when they 

are all functioning in parallel. Clearly, there are ethical 

limitations on conducting invasive neuroscience on 

human infants, and therefore the systematic and coordi

nated combination of non-invasive studies of neural 

development in human infants with invasive studies of 

developing non-human animals are likely to be a pro

ductive approach to understanding the neural mecha

nisms of statistical learning.

Another key aspect of the path forward is to move 

beyond studying isolated learning problems (e.g., sylla

ble triplets) and embrace the complexity of the input 

facing real-world learners. Infants do not perform a 

single learning “task” at one time, like those we give 

them in the lab. Instead, their goal is likely something 

quite different: to make sense of the input [57], to 

represent and encode the input [58], and to make 

predictions based on the input [59]. Moreover, learning 

is dynamic and may change during development [60]. As 

infants learn something new — for example, finding 

words amidst a stream of syllables — that knowledge 

changes how they represent future input [61]. Much as 

contemporary large language models learn from every 

encounter, so do infants [62]. By embracing the 

complexity of the challenges facing naı̈ve learners, we 

may find ourselves with novel answers to long-standing 

questions about the nature of human learning.
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