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Simple statistical regularities presented during sleep are detected but 
not retained 
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A B S T R A C T   

In recent years, there has been growing interest and excitement over the newly discovered cognitive capacities of 
the sleeping brain, including its ability to form novel associations. These recent discoveries raise the possibility 
that other more sophisticated forms of learning may also be possible during sleep. In the current study, we tested 
whether sleeping humans are capable of statistical learning – the process of becoming sensitive to repeating, 
hidden patterns in environmental input, such as embedded words in a continuous stream of speech. Participants’ 
EEG was recorded while they were presented with one of two artificial languages, composed of either trisyllabic 
or disyllabic nonsense words, during slow-wave sleep. We used an EEG measure of neural entrainment to assess 
whether participants became sensitive to the repeating regularities during sleep-exposure to the language. We 
further probed for long-term memory representations by assessing participants’ performance on implicit and 
explicit tests of statistical learning during subsequent wake. In the disyllabic—but not trisyllabic—language 
condition, participants’ neural entrainment to words increased over time, reflecting a gradual gain in sensitivity 
to the embedded regularities. However, no significant behavioural effects of sleep-exposure were observed after 
the nap, for either language. Overall, our results indicate that the sleeping brain can detect simple, repeating 
pairs of syllables, but not more complex triplet regularities. However, the online detection of these regularities 
does not appear to produce any durable long-term memory traces that persist into wake – at least none that were 
revealed by our current measures and sample size. Although some perceptual aspects of statistical learning are 
preserved during sleep, the lack of memory benefits during wake indicates that exposure to a novel language 
during sleep may have limited practical value.   

1. Introduction 

Sleep is characterized by a loss of consciousness and the inability to 
interact with the outside world. However, despite appearances to the 
contrary, the sleeping brain is far from dormant. Information presented 
during sleep can be processed beyond a basic sensory level, engaging 
higher-order cognitive processes such as meaning extraction and se-
mantic analysis (Hennevin et al., 2007). Sleeping participants show a 
differential EEG responses to their own name compared to others’ names 
(Perrin et al., 1999), to semantically related versus unrelated words 
(Bastuji et al., 2002; Brualla et al., 1998; Ibáñez et al., 2006), to arith-
metic violations compared to correct arithmetic solutions (Strauss and 
Dehaene, 2019), and to informative speech versus meaningless speech 
(Legendre et al., 2019). When engaged in a semantic or lexical catego-
rization task, the sleeping brain can even categorize and prepare an 
appropriate covert motor response to spoken words (Andrillon et al., 

2016; Kouider et al., 2014). Another line of evidence for the brain’s 
continued ability to process information during sleep comes from studies 
of targeted memory reactivation, which have demonstrated that present-
ing learning-related cues during sleep can boost memory performance 
upon awakening (e.g., Antony et al., 2012; Oudiette and Paller, 2013; 
Rasch et al., 2007; Rudoy et al., 2009). For example, in one study, 
participants learned the spatial locations of various items paired with a 
related auditory cue (e.g., cat – meow) and then took an afternoon nap, 
in which half of the auditory cues were covertly presented. Upon 
awakening, participants’ recall performance was better for the cued 
items compared to the uncued items (Rudoy et al., 2009). In sum, 
meaningful information that is presented during sleep can be catego-
rized according to high-level concepts, can trigger the preparation of 
relevant actions, and can reactivate existing memories. These findings 
highlight the remarkable preservation of at least some cognitive abilities 
during sleep. 
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These relatively recent demonstrations of the sleeping brain’s ca-
pacity for information processing have reignited interest in an age-old 
and tantalizing question: can humans learn new information during 
sleep? From the 1950s and on, a number of well-controlled studies 
rigorously refuted the idea that sleep-learning is possible (Bruce et al., 
1970; Emmons and Simon, 1956; Simon & Emmons, 1955, 1956; Wood 
et al., 1992). For example, participants presented with verbal informa-
tion during sleep showed no ability to recall or recognize this informa-
tion upon wake (Emmons and Simon, 1956), nor did they show any 
evidence of implicit memory for the sleep-presented material (Wood 
et al., 1992). Nonetheless, more recent work indicates that some forms 
of sleep-learning can in fact occur. Arzi et al. (2012) presented sleeping 
participants with pleasant and unpleasant odors paired with different 
tones. During both sleep and subsequent wake, participants sniffed more 
strongly for tones associated with the pleasant odors, and also sniffed in 
response to the tones alone, despite having no awareness of the learning 
process. These behaviours demonstrate that sleepers implicitly learned 
the novel associations between tones and odors. Further, this type of 
olfactory conditioning during sleep can exert long-term impacts on 
behaviour, such as reducing cigarette smoking when cigarette odors are 
paired with unpleasant odors during sleep (Arzi et al., 2014). 

Sleep-learning has also been recently demonstrated in the auditory 
domain. Züst et al. (2019) presented sleeping participants with 
pseudoword-word pairs (e.g. “tofer-house”). Upon awakening, partici-
pants performed an implicit memory task in which they were asked to 
guess whether each pseudoword designated a large or small object. 
Guessing performance was above chance, though only when the second 
word of the pair had been presented during an ongoing slow oscillation 
peak. This result suggests that relational binding between a perceptual 
word form and word meaning may occur during sleep, though only 
during “windows of opportunity” when synaptic potentiation is high. In 
another demonstration of sleep-learning, Andrillon et al. (2017) found 
that sleepers who were exposed to repeating noise sequences during 
light non-REM (NREM) and REM sleep were faster to identify these se-
quences, relative to continuous white noise, during subsequent wake. 
However, exposure to the stimuli during deep NREM sleep produced 
impairments in performance. While these findings further underscore 
the heterogenous nature of sleep with respect to sleep-learning out-
comes, they also contribute to growing evidence that some forms of 
sleep-learning are possible, at least under certain conditions (see Ruch 
and Henke, 2020). 

As highlighted above, memory traces that are acquired during sleep 
appear to be exclusively implicit in nature (Ruch and Henke, 2020) – 
they are not accessible to awareness and thus cannot be directly probed 
using standard recall or recognition tasks. This observation raises the 
possibility that the sleeping brain may also be capable of other forms of 
implicit learning, perhaps even more sophisticated forms of learning 
than previously demonstrated. One candidate type of learning is statis-
tical learning, which is widely considered to be a form of implicit learning 
(Batterink et al., 2019; Christiansen, 2018; Perruchet and Pacton, 2006; 
Turk-Browne et al., 2005). Statistical learning refers to the process of 
becoming sensitive to repeating, hidden patterns in environmental 
input, such as embedded words in a continuous stream of speech (e.g., 
Saffran et al., 1996; Saffran et al., 1997; Saffran et al., 1996). The first 
demonstrations of statistical learning showed that after a brief period of 
passive exposure to a continuous speech stream made up of nonsense 
words, infants, children and adults were able to discriminate words from 
foil items, suggesting that learners can extract wordlike units from 
speech based solely on the statistical patterns between speech sounds 
(Saffran et al., 1996a,b; Saffran et al., 1997; Saffran et al., 1996). 
Importantly for our current purposes, statistical learning occurs simply 
as a result of passive exposure to input, in the absence of explicit in-
struction, effort or conscious attempts to extract the patterns (Fiser and 
Aslin, 2001, 2002; Saffran et al., 1997, 1999; Turk-Browne et al., 2005). 
Further, at least in the auditory domain, a number of studies have found 
that statistical learning can occur even when attention is directed 

elsewhere to a competing task (Batterink and Paller, 2019; Fernandes 
et al., 2010; Saffran et al., 1997); though see also Palmer and Mattys 
(2016); Toro et al. (2005))for studies finding an effect of attention on 
statistical learning). While statistical learning paradigms typically pro-
duce both explicit and implicit knowledge in adult learners, these 
different types of memory can be dissociated, and robust evidence of 
implicit knowledge is observed even in participants who have no explicit 
knowledge of the underlying patterns (Batterink et al., 2015). Alto-
gether, these results suggest that statistical learning emerges an oblig-
atory consequence of exposure to input, without requiring top-down 
resources such as attention or effort, and produces knowledge that is 
implicitly expressed. These features of statistical learning make it a 
promising target for further investigation of human learning abilities 
during sleep. 

1.1. Assessing statistical learning during sleep 

As alluded to above, statistical learning has most commonly been 
studied in the context of speech segmentation. In the classic adult 
paradigm (Saffran et al., 1997; Saffran et al., 1996), participants listen 
passively to a continuous stream of repeating trisyllabic nonsense words, 
without any pauses or other acoustic cues to indicate word boundaries 
(e.g., babupupatubitutibu …). Participants are then asked to discriminate 
between words (e.g. babupu) and foil items (e.g., batipa) using a 
two-alternative forced choice recognition task. Above-chance perfor-
mance on this recognition task provides evidence that participants have 
become sensitive to the statistical probabilities between neighbouring 
syllables, leading to the segmentation of the words from the stream. 
However, given that information presented during sleep is generally not 
consciously accessible in the awake state (Ruch and Henke, 2020), we 
would expect that statistical learning—to the extent that it does occur 
during sleep—would be more likely to produce implicit rather than 
explicit knowledge. As such, the classic 2AFC recognition task is likely 
not an ideal measure to assess to statistical learning during sleep. 
Therefore, in the current study we rely on two alternative measures to 
assess whether statistical learning occurs during sleep: (1) an EEG 
measure of neural entrainment during exposure to the speech stream, 
while participants are asleep, and (2) a reaction-time-based measure of 
implicit statistical knowledge, completed during subsequent wake. 

1.2. Neural entrainment as an index of statistical learning 

Neural entrainment refers to the temporal alignment between neural 
activity and regularities in a stimulus stream, such as speech (Obleser 
and Kayser, 2019), and can be measured using EEG or MEG. In the 
context of statistical learning, measuring listeners’ neural entrainment 
to the continuous speech stream provides a window into the statistical 
learning process, independent of later behavioural recognition perfor-
mance. To leverage neural entrainment as a measure of statistical 
learning, individual syllables in the speech stream can be presented at a 
steady rate (e.g., every 300 ms), such that the trisyllabic pseudowords 
consequently also occur at a fixed rate (e.g., every 900 ms). As partici-
pants listen to the repeating words in the speech stream, clear peaks at 
the syllable and word frequencies (3.3 and 1.1 Hz, in this example) can 
be observed in the power spectrum of their neural responses. Thus, 
entrainment at these two frequencies can be used as a “tag” to index 
processing at the syllable and word level. This frequency-tagging 
approach has been increasingly used in recent years as a tool to inves-
tigate statistical learning (Batterink, 2020; Batterink & Paller, 2017b, 
2019; Buiatti et al., 2009; Choi et al., 2020; Elmer et al., 2021; Farthouat 
et al., 2017, 2018; Getz et al., 2018; Henin et al., 2021; Kabdebon et al., 
2015; Ordin et al., 2020; Zhang et al., 2021). Collectively, these studies 
have shown that neural entrainment can track the time course of 
learning, predict performance on subsequent behavioural measures of 
SL, distinguish between different groups of learners (e.g. typical and 
dyslexic readers), and provide insight into different computational 
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mechanisms that may be used to support SL. 
A number of studies have also used a measure known as the Word 

Learning Index (WLI), which quantified participants’ relative preference 
or bias towards tracking composite words relative to raw syllables (WLI 
= neural entrainmentword/neural entrainmentsyllable) (Batterink and 
Paller, 2017a,b, 2019; Chen et al., 2020; Choi et al., 2020; Elmer et al., 
2021). An advantage of this measure is that it captures an individual’s 
sensitivity to the words in the speech stream while controlling for raw 
sensory-level processing. During the exposure period, the WLI (and/or 
word entrainment alone) has been shown to increase over time, 
reflecting a gain in sensitivity to the words over the exposure period that 
is presumably driven by the accumulation of word knowledge through 
statistical learning (Batterink and Paller, 2017a,b, 2019; Chen et al., 
2020; Choi et al., 2020; Getz et al., 2018; Henin et al., 2021; Kabdebon 
et al., 2015). In addition, the WLI has been shown to predict perfor-
mance on subsequent behavioural tasks of statistical learning (Batterink 
and Paller, 2017a,b, 2019; Choi et al., 2020). Further, an increase is the 
WLI can be interpreted as a direct signature of statistical learning. In 
contrast, a mere peak in the neural power spectrum at the word fre-
quency may—in principle—be accounted for by stimulus acoustics 
(Har-shai Yahav and Zion Golumbic, 2021; Pinto et al., 2021); in a 
structured speech stream of repeating nonsense words, each individual 
syllable is consistently presented in the same position in order to form 
the repeating trisyllabic words, which produces a peak at the word 
frequency in the modulation spectra of the stimulus stream. Thus, a peak 
in the power spectrum at the word frequency—in and of itself—is not 
sufficient to establish the presence of statistical learning, as it may be 
driven by the auditory response to the stimuli. However, because the 
acoustics of the speech stream are similar over time, the increase in the 
WLI across the exposure period cannot be driven by acoustics, and may 
be considered a specific marker of statistical learning. 

This neural entrainment approach has recently been leveraged to test 
whether statistical learning of tone sequences can occur during sleep 
(Farthouat et al., 2018). Participants’ MEG activity was recorded while 
they were exposed to a continuous stream of pure tones grouped into 
repeating triplets, during both sleep and subsequent wake. At the indi-
vidual tone frequency, a peak in the power spectra was observed during 
sleep and wake, providing evidence of sensory processing of the stimuli 
across wakefulness conditions. In contrast, at the triplet frequency 
(analogous to the “word” frequency in linguistic statistical learning 
studies), a peak was observed only in wake, and not during sleep. In 
addition, the neural triplet response increased over the first 5 min of 
exposure during wake, but showed no significant changes across expo-
sure during sleep. Thus, counter to the results show for basic types of 
associative learning (Andrillon et al., 2017; Arzi et al., 2012, 2014; Züst 
et al., 2019), these results suggest that statistical learning of tone se-
quences does not proceed during sleep. 

However, it would be premature to conclude that the findings for 
statistical learning of tone sequences—showing a lack of sleep learning 
during sleep—generalize to all forms of statistical learning. There is 
growing evidence that statistical learning is not a unitary mechanism but 
differs considerably depending on both sensory modality and stimulus 
materials (Van Hedger et al., 2020; Siegelman et al., 2017, 2018; Sie-
gelman and Frost, 2015). Relative to non-linguistic statistical learning, 
statistical learning of speech sounds in particular might be more likely to 
proceed during sleep. Speech sounds are biologically relevant commu-
nication signals, whereas pure tones are not. Speech processing engages 
unique neural mechanisms (Moore, 2000), and certain neural regions 
respond preferentially to speech and other vocal stimuli, relative to 
non-vocal sounds (Belin et al., 2000; Meyer, 2018; Poremba et al., 
2013). The ecological relevance of auditory input presented during sleep 
influences whether this information is gated or further processed (e.g., 
Formby, 1967), and thus could impact whether stimuli in a structured 
stream are admitted for further processing. Another potential factor is 
task difficulty, with statistical learning of tones possibly being more 
difficult than for syllables, and thus less likely to proceed during sleep. In 

Farthouat and colleagues’ (2018) study, participants’ recognition per-
formance was at chance even after wake exposure to the tones, with 
similar chance-level performance also reported by two other statistical 
learning studies using tones (Farthouat et al., 2017; Paraskevopoulos 
et al., 2012). Finally, the possibility that statistical learning of speech 
sounds may be possible during sleep is also supported by event-related 
potential evidence in sleeping newborns (Teinonen et al., 2009). 

1.3. Current study 

In the current experiment, we applied the neural entrainment 
approach to investigate whether statistical learning of trisyllabic words 
can occur during sleep. Sleeping participants were exposed to a stream 
of repeating nonsense words while their EEG was recorded, providing an 
index of neural processing at both the syllable and word frequency. This 
approach is especially well-suited for investigating statistical learning 
during sleep because (1) the syllable-level response can be used to 
confirm basic auditory processing of the input stream during sleep, a 
clear prerequisite for successful statistical learning and (2) this approach 
provides way to probe for statistical learning during the exposure phase, 
independent of participants’ later behavioural responses. 

In addition to assessing statistical learning during the exposure phase 
using neural entrainment, we also probed for long-term memory rep-
resentations during subsequent wake by using an implicit test of statis-
tical learning – the speeded target detection task (Batterink et al., 2015). 
This task requires participants to respond to target syllables within a 
continuous stream of speech, and is sensitive to implicit knowledge 
acquired during SL. If participants have acquired knowledge about the 
statistical structure of the speech stream, they are expected to respond 
more quickly to more predictable, final positions syllables, relative to 
syllables occurring at word onsets. Importantly for our purposes, 
learners who fail to demonstrate evidence of explicit knowledge may 
still show implicit priming effects on the target detection task (Batterink 
et al., 2015). In addition, participants completed a familiarity rating task 
of words and foil stimuli, assessing explicit knowledge of the speech 
stream. Finally, participants listened to the artificial language again 
during wake, allowing us to quantify neural entrainment responses to 
the speech stimuli under conditions of full consciousness. 

If statistical learning can proceed during sleep, we predicted that the 
WLI should increase over exposure, as has been found during wake, 
reflecting a gradual increase in sensitivity to the words in the language 
due to statistical learning. We also predicted that sleep-exposure to the 
speech stream may produce implicit knowledge that can be recruited 
during subsequent wake, as reflected by performance on the speeded 
target detection task. Based on prior findings (Ruch and Henke, 2020), 
we further hypothesized that no explicit memory of the novel words 
would be acquired during sleep, as reflected by a lack of significant 
sleep-exposure effects on the explicit rating task. 

2. Methods 

2.1. Participants 

A total of 32 participants (20 female, 8 male; mean age = 20.0 years, 
age range = 18–29 years; 4 participants’ age/sex data not available) 
completed the protocol. All participants reported normal hearing and no 
history of neurological or sleep-related disorders. Participants were 
randomly assigned to be sleep-exposed to one of four artificial language 
streams (described below). A total of 12 participants were not success-
fully sleep-exposed, either because insufficient slow-wave sleep pre-
vented exposure from being attempted (n = 9) or because exposure 
attempts resulted in arousals (n = 3). The remaining 20 participants 
were successfully exposed to least one stimulation block consisting of 
800 syllables (~4.5 min), meeting our threshold for inclusion. This 
criterion was selected based on our previous findings in awake partici-
pants, which demonstrate that 600–800 syllables is sufficient to produce 
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a robust neural entrainment response to both syllables and words 
(Batterink and Paller, 2017; Choi and Batterink, 2020; see also Batterink 
& Choi, 2021). One participant was excluded from all EEG analyses due 
to poor EEG signal quality. Thus, we analyzed behavioural data from 20 
participants and EEG data from 19 participants. Of these participants, 10 
participants (EEG n = 9) were exposed to the “triplet” language during 
sleep and 10 participants were exposed to the “pair” language during 
sleep, as described in more detail below. This sample size, though 
relatively small, is in line with previous research in this area (Farthouat 
et al., 2018), which examined neural entrainment to sequences of 
structured and random tones during sleep in a sample of 9 participants. 

2.2. Stimuli 

A total of four artificial language streams were created, each con-
structed of a pool of 12 syllables. Syllables were originally recorded by a 
male English speaker and spliced into individual sound files of 300 ms 
each. Two pools of “high-pitched” and “low-pitched” syllables were then 
derived from these 12 original syllables by using sound editing software 
to raise and lower the original pitch by 4 semi-tones, respectively. These 
high-pitched and low-pitched syllables were organized into pseudo-
words in order to create two different languages (designated the “triplet” 
language and “pair” language). This produced a total of 4 artificial 
languages, following a 2 × 2 design (high pitch triplet, low pitch triplet, 
high pitch pair, low pitch pair). For the triplet language, syllables were 
grouped into four trisyllabic words (mefuri, nigeta, sufepu, and kotiru). 
For the pair language, syllables were grouped into six disyllabic words 
(mepu, funi, suta, feko, reti, and geru). In both languages, transitional 
probabilities were higher within words (1.0) than between words (0.33 
for triplet language, 0.2 for pair language). For example, for a word like 
mefuri, the transitional probability of 1.0 within the word meant that me 
was always followed by fu and fu was always followed by ri. However, a 
transitional probability of 0.33 between words meant that ri had an 
equal chance of being followed by ni, su, or ko. To form the two artificial 
language streams, words from a given language were concatenated 
together in a predetermined, pseudorandom order, with the constraint 
that words were never repeated consecutively. 

As alluded to above, the languages were designed such that each 
language can be considered to have a maximally distinct “opposite” 
language, which differs both in word structure (triplet versus pair) and 
pitch (high versus low). For each participant, one of the four languages 
was assigned as the “sleep-exposed” language and presented during 
sleep, with the opposite language designated as the “unexposed” or 
control language. This design was intended to maximize distinctiveness 
between each participant’s sleep-exposed and unexposed languages, so 
that any potential sleep-learning of the exposed language would not in 
any way facilitate learning of the designated unexposed language. 
Behavioural tasks after the nap utilized these designated sleep-exposed 
and unexposed languages for comparison purposes. This design also 
kept syllable identities consistent across languages in order to control for 
any idiosyncratic syllable-specific effects on our outcome measures of 
learning. Language assignment to sleep-exposed condition (exposed 
versus unexposed) was counterbalanced across participants. 

Language streams were presented during sleep and again during 
subsequent wake, such that each participant served as their own wake 
control. During both sleep and wake, syllables were presented at an 
isochronous rate every 333 msec (3.0 Hz). During sleep, a maximum of 
2400 syllables were presented, divided into 3 blocks of 800 syllables 
each, which corresponds to approximately 13 min of auditory stimula-
tion in total. During subsequent wake, each participant’s designated 
sleep-exposed and unexposed language streams were presented. The 
language streams presented during wake each contained 1200 syllables. 
Wake streams contained only half the maximum number of syllables as 
the sleep stream, in order to keep the experimental session a manageable 
length, and because our previous findings show that exposure to 1200 
syllables during wake is sufficient to produce a robust neural 

entrainment response (Batterink & Paller, 2017b, 2019; Choi et al., 
2020). 

2.3. Procedure 

The general procedure is summarized in Fig. 1. Prior to the study 
day, participants were instructed to wake up at 8:00 a.m. or an hour 
earlier than their usual wake-up time (whichever of the two was earlier) 
and to avoid caffeine to increase their propensity to sleep during the 
study. The experimental session typically began between 1 and 2 p.m., 
though several sessions began somewhat earlier in the day for sched-
uling reasons. Participants first provided informed consent. Following 
electrode application for EEG analysis and standard sleep EEG 
recording, participants then reclined on a comfortable bed with a pillow 
and blankets in a quiet, darkened room to sleep for 90 min. The speech 
stream began once stable indications of slow-wave sleep (NREM3) were 
observed, and was paused if the participant showed signs of arousal or 
transitioned out of slow-wave sleep. If the participant remained in 
consistent slow-wave sleep, each exposure block was separated by 
approximately 5 min. As mentioned previously, a minimum of 1 block of 
exposure (~4.5 min) during sleep was required for participant inclusion. 
Participants included in the final EEG analyses were exposed to an 
average of 2004 syllables (SD = 520 syllables). The number of presented 
syllables did not differ significantly between the pair language (mean =
1968 syllables, SD = 543) and triplet language conditions (mean = 2043 
syllables, SD = 524; t (17) = 0.31, p = 0.76). The speech stream was 
presented at a volume of 40 dB, which was selected as it was the 
maximum volume that could be presented without waking most par-
ticipants in pre-study testing. 

After the 90 min nap period, participants were awoken if still 
sleeping, and then given a brief 5-min break to reduce sleep inertia. 
Participants then completed a sequence of post-nap tests designed to 
assess whether they had acquired any knowledge (either implicit or 
explicit) related to the statistical structure of the sleep-exposed speech 
stream, as described in more detail below. 

2.3.1. Post-nap behavioural tests 
Testing order was the same for each participant. This allowed us to 

always administer the same task first – the implicit target detection task 
in the triplet language. This task represents our primary behavioural test 
of whether sleep-learning had occurred. By prioritizing this task, we 
avoided any potential interference or contamination from the other 
tests, allowing for a direct between-participants test of prior sleep- 
exposure on task performance. In addition to our primary behavioural 
measure of sleep-learning, participants also completed three additional 
behavioural tests in order to thoroughly characterize statistical learning 
performance on both the designated exposed and unexposed languages. 
However, we note that because each participant completed these three 
tasks after completed after other tasks involving exposure to the 
“opposite” language, performance is susceptible to inference effects. 
These tasks thus potentially represent a less direct or pure measure of 
statistical during sleep compared to our primary behavioural measure. 

Target Detection Task – Triplet Language. The target detection 
task is a reaction-time based task that requires participants to detect 
target syllables within continuous speech streams. Successful statistical 
learning is indexed by progressively faster reaction times (RTs) to more 
predictable targets (i.e., those occurring in later syllable positions), 
reflecting prediction of upcoming syllables due to knowledge of the 
statistical structure of the stream (Batterink et al., 2015). We selected 
this task as our primary behavioural test of sleep learning, as it is a 
highly sensitive measure of statistical learning that can capture implicit 
statistical knowledge even in the absence of any explicit knowledge. 

Participants responded to targets embedded in continuous speech 
streams made up of the same words as the triplet language. Each speech 
stream contained 48 syllables but was otherwise the same as the original 
language stream. Each of the 12 syllables in the syllable inventory 
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served as a target 3 times, yielding a total of 36 streams. Each stream 
contained 4 target syllables, yielding a total of 48 targets per syllable 
position (first, second, third). Prior to the presentation of each stream, 
participants were instructed to detect a specific target syllable (e.g., 
‘‘me’‘) within the continuous speech stream. The syllable stream was 
then initiated, and participants were asked to hit “Enter” on the 
keyboard every time they heard a target syllable. Both speed and ac-
curacy were emphasized. 

Given that statistical learning can occur very rapidly (Batterink, 
2017), we expected that both triplet-language-exposed and 
pair-language-exposed participants would show a significant RT facili-
tation effect, reflecting online learning during the target detection task 
itself. More importantly, we were interested in whether the RT facili-
tation effect was significantly greater for triplet-language-exposed par-
ticipants compared to pair-language-exposed participants, which would 
reflect a benefit of language exposure during sleep. 

Target Detection Task – Pair Language. Next, participants 
completed the target detection task in the pair language, in which the 
continuous speech streams were made up of the same words as the pair 
language. As in the triplet version, there were 48 total targets per syl-
lable position (first and second). Because there were only two syllable 
positions in the pair language, each of the 12 syllables served as a target 
twice, yielding a total of 24 streams. The procedure was otherwise 
identical to that described for the triplet language. 

Familiarity Rating Task—Triplet Language. Participants next 

completed the familiarity rating task as a measure of explicit memory. 
For each trial, participants were presented with either a word from the 
triplet language (e.g., mefuri), a part-word (two consecutive syllables 
from the language plus a syllable from a different word, e.g., mefuni), or 
a non-word (three syllables from the language that never occurred 
consecutively, e.g., tafuko). For each trial, participants rated on a scale of 
1-4 for how familiar the stimuli sounded to them (1 = very unfamiliar; 2 
= somewhat unfamiliar; 3 = somewhat familiar; 4 = very familiar). In 
total, 12 trials were presented: 4 words, 4 part-words, and 4 non-words. 

Familiarity Rating Task—Pair Language. For each trial, partici-
pants were presented with either a word from the pair language (e.g., 
mepu) or a non-word (two syllables from the language that never 
occurred consecutively, e.g,. mesu). A total of 6 words and 6 nonword 
trials were presented. The procedure was otherwise identical to that 
described for the triplet language. 

2.3.2. Wake language exposure 
Following the post-nap behavioural tests, all participants were pre-

sented with both language streams during wake. The purpose of 
exposing participants to the languages during wake was twofold. First, 
we evaluated whether prior exposure to a language during sleep in-
fluences subsequent wake processing of the language, as assessed by 
neural entrainment. Second, the wake data serves as an important 
control, allowing us to confirm that participants show the expected 
neural entrainment response during wake (i.e., peaks at the word and 

Fig. 1. Experimental protocol for sample participant. 
During NREM sleep, this sample participant was 
sleep-exposed to the triplet language presented in the 
high voice, with the pair language presented in the 
low voice designated at the “opposite” language, and 
not presented during sleep. Upon awakening, all 
participants completed the same experimental tasks 
in the same fixed order (triplet language followed by 
pair language for each task). Each task is completed 
twice, once in the designated sleep-exposed language 
(depicted here by the purple outlined box), and once 
in the designated “opposite” language, which was not 
previously sleep-exposed (differing in both structure 
and voice from the sleep-exposed language). This task 
design allowed us to probe for benefits in behavioural 
performance as a function of prior sleep exposure. 
Sleep-exposed language assignment was counter-
balanced across participants. (For interpretation of 
the references to colour in this figure legend, the 
reader is referred to the Web version of this article.)   
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syllable frequency), as in our previous studies (Batterink and Paller, 
2017a,b, 2019; Choi et al., 2020). 

Participants passively listened first to a block of the triplet language, 
followed by second block of the pair language. The presentation order 
for the two languages was again kept consistent across participants in 
order to ensure that any interference effects from the triplet language on 
the pair language was kept constant across participants. The consistent 
order allowed for a clean between-participants test of sleep-exposure on 
subsequent neural entrainment during wake. 

2.4. Rating task – triplet language and pair language 

Following wake re-exposure to both languages, participants 
completed a second familiarity rating task for the triplet language, fol-
lowed by the pair language. This final task provided a brief behavioural 
measure of statistical learning for both languages, and was designed to 
confirm that both languages were learnable during wake. A technical 
issue prevented us from analyzing data for three participants, resulting 
in a sample size of 17 participants for this analysis. 

2.4.1. Post-task questionnaire 
Upon completion of all experimental tasks, participants were 

verbally questioned by the experimenter as to whether they had heard 
any sounds while sleeping, and if so, to describe them. While most 
participants reported that they had not heard anything while sleeping 
(or described irrelevant sounds from the lab environment), five partic-
ipants in the final sample reported hearing something that could 
approximately describe the presented language (e.g. “mumbling whis-
per sounds” or “random word-like sounds”). As the experimenter 
monitored participants’ EEG continuously and paused the audio at the 
first sign of any arousal, these reports likely reflect brief periods of 
wakefulness just prior to pausing the audio that may have allowed the 
participant to catch a few words or syllables. 

2.5. EEG recording and analysis 

For the sleep analyses, data from a total of 19 participants was 
analyzed. For the wake re-exposure analyses, data could not be analyzed 
for 3 of these 19 participants (1 participant removed cap immediately 
upon wakening and did not have wake EEG data recorded, 1 partici-
pant’s wake data was not saved properly, and 1 participant’s data was 
excluded due to poor signal quality). The remaining 16 participants each 
contributed 2 wake datasets (one for each language). Thus, there were a 
total of 19 datasets for the sleep analyses, and 32 datasets for the wake 
analyses. 

EEG was recorded continuously during the nap period and during 
subsequent wake re-exposure using a 64-channel Brain Products system. 
Two external electrodes were placed beside each eye to collect elec-
trooculogram (EOG) data, and an additional two electrodes were placed 
on the chin to collect electromyogram (EMG) data. EEG was recorded at 
a sampling rate of 500 Hz, referenced online to the built-in reference 
electrode (near Cz). 

All EEG analyses were carried out using EEGLAB (Delorme and 
Makeig, 2004). For each individual dataset, continuous EEG data were 
band-pass filtered from 0.1 to 30 Hz. Next, nonoverlapping epochs of 
4.0 s were extracted, timelocked to the onset of a word in the language 
and corresponding to the first of every 12 syllables. Thus, in the case of 
the triplet language, each epoch contained 4 words, while in the case of 
the pair language, each epoch contained 6 words. Epochs that did not 
contain a full set of 12 syllables (e.g., those occurring just prior to a 
break in auditory stimulation) were excluded. Data were then examined 
visually. Bad channels were identified and interpolated, and noisy 
epochs containing large artifacts were identified and manually removed. 
Each participant contributed an average of 163 epochs (SD = 44.6) to 
the analysis, with no significant difference in number of epochs between 
language condition (triplet language mean epoch number = 166 epochs, 

SD = 45.7; pair language mean epoch number = 160 epochs, SD = 45.8; 
t (17) = 0.28, p = 0.78). The data were then re-referenced to the average 
of all 64 scalp channels. 

Next, we quantified neural entrainment by measuring inter-trial 
coherence (ITC) across all epochs in each dataset. ITC is a measure of 
event-related phase locking that ranges from 0 to 1, with 0 indicating 
purely non-phase-locked activity at a given frequency band, and 1 
indicating strictly phase-locked activity (i.e., oscillations perfectly in 
phase across all epochs). To calculate ITC for each dataset, the fast 
Fourier transform (FFT) was applied to the individual EEG epochs, 
yielding a 0.25 Hz frequency resolution. The phase component at each 
frequency was then used to compute ITC, which is the sum (absolute 
value) of the phases across trials. This procedure was carried out for all 
63 scalp channels. Given the auditory nature of the task, and based on 
our prior results (Batterink and Paller, 2017, 2019; Choi et al., 2020), we 
expected maximum entrainment effects over frontocentral scalp regions. 
For all subsequent statistical analyses, we selected a region of interest 
that included 14 frontocentral electrodes where neural entrainment ef-
fects were maximal (see Fig. 2 for precise electrode locations). ITC 
values for each electrode within this region were averaged together to 
produce an estimate of phase-locking at each frequency. 

Statistical Evaluation of Neural Entrainment During Sleep and 
Wake. Statistical analyses focused on our two frequencies of interest: 
the syllable frequency (corresponding to 3.0 Hz) and the word frequency 
(corresponding to 1.0 Hz for the triplet language, and 1.5 Hz for the pair 
language), during both sleep and wake. To evaluate whether there was 
significant neural entrainment at these frequencies during sleep and 
wake, we carried out a surrogate analysis following the general pro-
cedure described by Kabdebon et al. (2015). In this analysis, we 
generated surrogate data to assess ITC across frequencies under the null 
hypothesis of non-entrained oscillatory activity. Only observed values 
(from the actual data) that depart significantly from this null distribu-
tion can be considered as revealing the presence of neural entrainment. 
For each participant and each dataset (sleep, wake triplet language, 
wake pair language), we built 25 “surrogate” datasets. Each surrogate 
dataset was constructed of 4 s epochs whose onsets were each jittered by 
a random interval occurring between − 1000 and 1000 msec from the 
actual epoch onsets. This procedure removes the consistent relationship 
between the EEG signal and the auditory speech stream, while preser-
ving each epoch’s general timing within the nap and its corresponding 
sleep stage. Thus, each surrogate dataset contained the same number of 
epochs as the participant’s actual dataset, of equal duration, extracted 
from the same continuous data, but with random time onsets (±1000 
msec) relative to the auditory stimuli. ITC was then computed as on the 
real data, resulting in a surrogate ITC for each electrode and frequency 
of interest. This procedure was repeated 25 times, resulting in a total of 
25 surrogate ITCs per participant/dataset. These 25 surrogate ITC values 
were then averaged to build a stable estimate of ITC at the frequencies of 
interest to surrogate (i.e., random-onset) data. 

Our statistical analyses involved four separate tests, evaluating the 
presence of significant neural entrainment at the (1) syllable and (2) 
word frequencies in the sleep data, and at the (3) syllable and (4) word 
frequencies for the wake data. For each of these tests, we extracted ITC 
values for the real and surrogate data at each electrode identified as part 
of our region of interest, and averaged these values across electrodes. 
For the sleep data, for each frequency (word, syllable), a repeated- 
measures ANOVA was conducted with ITC values as the dependent 
measure, with condition (real versus surrogate) as a within-subjects 
factor and language (triplet versus pair) as a between-subjects factor. 
To additionally evaluate whether prior sleep-exposure influenced neural 
entrainment during subsequent wake, a second repeated-measures 
ANOVA was conducted, with condition (real versus surrogate) and 
language exposure condition (sleep-exposed language versus unexposed 
language) as within-subjects factors. 

Where relevant to our main hypotheses, we also report Bayes factors 
(BF01) in the assessment of evidence for or against the null hypothesis of 
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no significant learning during sleep. The BF is a ratio that contrasts the 
likelihood of the data arising from the null hypothesis compared to the 
alternative hypothesis (e.g., see Jarosz and Wiley, 2014). Larger BF01 
values indicate stronger relative evidence for the null hypothesis of no 
significant learning during sleep, over the alternative hypothesis of 
significant learning during sleep. Because our alternative hypothesis 
involves a directional prediction (e.g. a positive effect of exposure dur-
ing sleep), we used a one-side Bayes factor test. 

2.6. Time course analysis of neural entrainment 

If statistical learning occurs during sleep, a key prediction is that the 
WLI should increase over time, reflecting the gradual acquisition of 
word knowledge and increased sensitivity to the words over time. To 
evaluate this hypothesis, we carried out a fine-grained time course 

analysis following the general approach we have used previously (Bat-
terink and Paller, 2019; Moser et al., 2021). We used a sliding time 
window analysis to characterize the progression of neural entrainment. 
The neighbouring epochs were grouped into overlapping “bundles” of 
20 epochs each (e.g., epoch 1–20, epoch 2–21, epoch 3–23, etc., corre-
sponding to syllables 1–240, 13–252, etc). Thus, each bundle corre-
sponds to 80 words in the triplet language condition, and 120 words in 
the pair language. ITC was then computed within each bundle, following 
the same procedure as in our main analysis of neural entrainment across 
all epochs. The WLI within each bundle was then computed from these 
ITC values, reflecting the progression of learning across the exposure 
period. 

Linear mixed-effects modeling was used to test the hypothesis that 
the WLI will increase as a function of exposure, reflecting the progres-
sion of learning over time. The WLI for each bundle was classified ac-
cording to participant, language, and word presentation number, 
corresponding to the first word of the bundle. Language and word pre-
sentation number were included as fixed effects, and participant was 
included as a random intercept. Although participants could be exposed 
to a maximum of 2400 syllables during sleep (corresponding to 179 
bundles), we included only the first 64 bundles for this analysis 
(capturing entrainment data for approximately the first 1000 syllable 
presentations; approximately 5.5 min of exposure), because (1) this 
corresponds to the maximal exposure duration for which all 19 partic-
ipants contributed data and (2) we expected maximal gains to occur 
earlier in exposure, with plateaued or variable word entrainment 
occurring after the first several minutes (Batterink and Paller, 2019; 
Chen et al., 2020; Choi et al., 2020; Getz et al., 2018). As in our prior 
studies, the first bundle was excluded in order to avoid word onset ef-
fects. To fully characterize the progression of neural entrainment, the 
same model as described above was also conducted with ITC at the word 
and syllable frequencies as the dependent variables. If SL occurs during 
sleep, our prediction was that ITC-word should increase and ITC-syllable 
should decrease as a function of exposure, which would logically lead to 
an increase in the WLI. 

2.7. Relation between stimulus presentation and slow oscillation cycle 

Our final stimulus-related EEG analysis examined the relation be-
tween syllable duration and slow oscillation phase, allowing us to test 
the idea that only disyllabic words—and not trisyllabic words—fit 
within the ideal half cycle of a slow oscillation. To test this idea, we 
carried out an event-related analysis, time-locked to word onsets 
occurring at or near the ideal slow oscillation phase. First, for each 
participant’s final epoched dataset (n = 19), we band-pass filtered the 
signal with a Butterworth IIR filter in the slow oscillation band, using a 
low bound of 0.4 Hz and a high bound of 1.4 Hz (van Poppel, 2016). We 
then used the Hilbert transform to obtain the instantaneous analytic 
signal phase. Next, we classified all words by whether or not their onset 
had occurred at the ideal phase of the slow cycle – that is, the 
negative-to-positive transition of the EEG slow oscillation potential (e. 
g., Göldi et al., 2019; van Poppel et al., submitted), which corresponds to 
a phase angle of 0◦. We allowed for a ±30◦ range around this center 
value (Goldi et al., 2019). After correction for the 90-degree phase shift 
induced by the Hilbert transform, words with onsets that occurred at an 
estimated slow wave phase of 270◦ (±30◦) were considered to be 
“ideal.” In order to fully visualize the ERP from − 1000 to 1000 ms 
relative to word onset, we subselected and then plotted the grand 
average of all words that occurred during this specified ideal phase 
range and that also occurred between 2000 and 3000 ms within each 
4000 ms epoch. This analysis allowed us to visualize the relationship 
between the stimulus presentation and the average slow oscillation cycle 
in our data. 

2.7.1. Sleep staging 
For sleep staging, data from EEG and EOG channels were filtered 

Fig. 2. Neural entrainment results during sleep exposure. A. Topographies of 
the ITC difference values, reflecting entrainment to the auditory signal, 
computed by subtracting the surrogate ITC values from the actual, real ITC data 
for each participant. Across all 19 participants, significant entrainment was 
observed at the syllable frequency (right) but not at the word frequency (left). 
However, word entrainment interacted significantly with language, indicating 
higher word entrainment for the pair language. The darker dots on the upper 
left scalp plot indicate the frontocentral electrode region of interest used in all 
analyses. (B) Topographies of the ITC difference values (real – surrogate data) 
for participants in the pair language condition (n = 10). Significant entrainment 
was observed at both the word frequency and the syllable frequency in this 
group. (C) ITC as a function of condition (real versus surrogate data) in the pair 
language condition, across the 14 frontocentral channels of interest. Significant 
ITC peaks are observed specifically at the word (1.5 Hz) and syllable (3.0 Hz) 
frequencies. 
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with a bandpass from 0.5 to 30 Hz, and EMG data were filtered from 10 
to 62 Hz. Sleep staging was conducted offline using standard criteria 
recommended by the American Academy of Sleep Medicine, with 30-s 
EEG epochs scored as wake, Stage 1, 2, SWS or REM. 

3. Results 

3.1. During sleep, neural entrainment occurs to syllables in both 
languages, and to words only in the pair language 

Average sleep parameters across the 90-min nap opportunity are 
shown in Table 1. Across the frontocentral electrodes of interest, sig-
nificant neural entrainment at the syllable frequency was observed 
(Fig. 2, F (1,17) = 9.19, p = 0.008; ŋ2p = 0.35), reflecting sensory 
processing of the speech stream during sleep. The effect showed a 
fronto-central distribution, typical of auditory-related EEG signals. This 
syllable entrainment effect was not significantly different between the 
two languages (triplet versus pair; F (1,17) = 0.063, p = 0.80). 

At the word frequency, no significant overall effect of neural 
entrainment was observed (F (1,17) = 3.23, p = 0.090). However, 
somewhat unexpectedly, the word entrainment response interacted 
significantly with language (Condition x Language: F (1,17) = 17.4, p =
0.001; ŋ2p = 0.51; Fig. 2). Interestingly, participants exposed to the pair 
language showed a significant word entrainment response (F (1,9) =
21.6, p = 0.001; ŋ2p = 0.71), whereas participants exposed to the triplet 
language did not show a significant word-level response (F (1,8) = 2.32, 
p = 0.17). At a minimum, this result suggests that auditory encoding of 
the speech stream was sufficient in the pair language condition to sup-
port detection and parsing of the pseudowords during sleep. However, as 
described earlier in the Introduction, the mere existence of a peak at the 
word rate is not, in and of itself, an indication of statistical learning 
(Pinto et al., 2021; Zion Golumbic et al., 2013). 

3.2. During sleep, word entrainment increases over time only in the pair 
language 

Next, we evaluated whether the WLI significantly increased over 
time. Supporting the idea that participants gradually became more 
sensitive to the words over the course of exposure, there was a signifi-
cant increase in the WLI as a function of epoch across all participants 
(Epoch number parameter estimate = 0.0040, SE = 0.00076; F (1,1191) 
= 26.1, p < 0.001). This increase interacted with presented language 
(Language x Epoch: F (1,1191) = 7.13, p = 0.008), reflecting a larger 
increase in the Pair language relative to the Triplet language. Critically, 
participants in the Pair Language condition showed a significant WLI 
increase over time (epoch number parameter estimate: 0.0059, SE =
0.00096; F (1,626) = 37.4, p < 0.001). This increase corresponded to 
both an increase in Word-ITC (epoch number parameter estimate: 
0.00035, SE = 0.00012; F (1,626) = 8.14, p = 0.004) and a decrease in 
Syllable-ITC (epoch number parameter estimate: − 0.00076, SE =
0.00013; F (1,626) = 36.7, p < 0.001). In contrast, participants in the 
Triplet Language condition did not show a significant increase in the 
WLI over time (epoch number parameter estimate: 0.0018, SE = 0.0012; 
F (1,565) = 2.42, p = 0.12). Correspondingly, while Syllable-ITC 
showed a significant decrease over time (epoch number parameter es-
timate: − 0.00039, SE = 0.000131; F (1,564) = 8.61, p = 0.003), Word- 

ITC did not increase significantly in this group (epoch number param-
eter estimate: − 0.000053, SE = 0.000147; F (1,564) = 0.13, p = 0.71). 
In sum, participants exposed to the pair language showed evidence of 
increased sensitivity to words over time, while participants exposed to 
the triplet language did not. 

3.3. No subsequent behavioural benefit of language exposure during sleep 

Next, we examined whether exposure to the speech stream during 
sleep produced any evidence of long-term memory formation, as 
assessed by behavioural tests of statistical learning completed after the 
nap period. 

Target Detection Task – Triplet Language. As described, our pri-
mary behavioural test of whether sleep-learning had occurred was the 
target detection task in the triplet language. As expected, across all 
participants, RTs showed a decrease for later syllable positions (Effect of 
Position: F (2,36) = 10.1, p < 0.001, ŋ2p = 0.36; linear contrast: F (1,17) 
= 20.8, p < 0.001, ŋ2p = 0.54; Fig. 3A). This result indicates that, at a 
minimum, participants showed online statistical learning as a function 
of exposure to the triplet language during the target detection task itself. 
Critically, there was no significant difference in RT effect on this task as 
a function of prior exposure during sleep (Position x Language Exposure 
Group: F (2,36) = 0.61, p = 0.54). Bayes analysis indicated moderate 
support for the null hypothesis, indicating no benefit in SL performance 
as a result of prior sleep-exposure to the triplet language (BF01 = 4.48). 
Participants performed well on this task, detecting 84.6% of targets 
(standard deviation = 10.8%) and making an average of 11.2 false 
alarms (standard deviation = 12.2). 

Target Detection Task – Pair Language. As previously described, 
interpretation of results on the remaining tasks is somewhat complicated 
by possible interference effects from the previously-administered tests. 
Counter to our prediction, RTs were not statistically different between 
the first and second syllable positions (Effect of Position: F (1,18) = 0.60, 
p = 0.45; Fig. 3B). This null effect for online learning of the pair lan-
guage may possibly be attributed to interference from the triplet lan-
guage, given the testing order (Fig. 1). Alternatively, it may be that RT 
facilitation does not occur robustly to embedded pairs (or at least, to the 
words in the pair language used in the current study), as the stimuli are 
less predictable overall compared to the triplet language, and/or 
because the time interval between the onset of the first syllable target 
and more predictable targets is shorter on average. The RT effect was not 
modulated by prior language exposure during sleep (Position x Lan-
guage Exposure Group: F (2,34) = 0.31, p = 0.58). Bayes analysis 
indicated weak support for the null hypothesis of no benefit as a result of 
sleep-exposure (BF01 = 1.67). Participants performed well on the task, 
detecting 86.3% of targets (standard deviation = 5.62%) and making 
11.3 false alarms (standard deviation = 8.12). 

Familiarity Rating Task – Triplet Language. Participants demon-
strated significant evidence of statistical learning on the rating task 
(Word Category effect: F (2,36) = 12.0, p < 0.001, ŋ2p = 0.40; linear 
effect of word category: F (1,18) = 21.6, p < 0.001, ŋ2p = 0.55; Fig. 3B). 
Words were rated as most familiar, followed by part-words, with non- 
words rated as least familiar. There was no significant effect of prior 
exposure during sleep on ratings (Word Category x Language Exposure 
Group: F (2,36) = 0.08, p = 0.91). Bayes analysis indicated weak support 
for the null hypothesis, in favour of no benefit in SL performance as a 
result of prior sleep-exposure to the triplet language (BF01 = 2.19). 

Familiarity Rating Task – Pair Language. Across all participants, 
there was no evidence of learning of the pair language, counter to our 
expectations but converging with results from the target detection task 
(Word Category effect: F (1,18) = 1.56, p = 0.23; Fig. 3). That is, words 
were not rated as more familiar than nonwords. There was also no sig-
nificant interaction between language group and the rating effect (Word 
Category x Language Exposure Group: F (1,18) = 4.14, p = 0.057). 

Table 1 
Average sleep parameters during the 90 min nap opportunity (n = 19). Reported 
values are mean minutes (standard deviation).  

Recording 
Time 

Time 
Awake 

Total 
Time 
Asleep 

Time in 
Stage 1 

Time in 
Stage 2 

Time in 
SWS 

Time 
in REM 

88.2 (6.2) 12.0 
(4.5) 

76.3 
(7.5) 

6.0 
(4.0) 

38.2 
(11.0) 

27.4 
(11.2) 

4.7 
(6.7)  
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Fig. 3. Behavioural results during wake, 
following the sleep exposure phase. No sig-
nificant effect of sleep exposure was found 
for any measure. (A) Our primary measure 
of sleep learning was the target detection 
task in the triplet language. Both groups 
showed a significant reaction time reduction 
for later, more predictable syllables, pre-
sumably reflecting online learning due to 
exposure to the triplet language during the 
task itself. There was no significant interac-
tion with group (pair language versus triplet 
language). (B) Behavioural results as a 
function of group on the target detection 
task in the pair language (left), on the fa-
miliarity rating task for the triplet language 
(middle), and on the familiarity rating task 
for the pair language (right). No significant 
group interactions were observed on any 
task, although there was a marginal effect of 
sleep-exposure on the pair language rating 
task (at right).   

Fig. 4. Neural entrainment results during wake 
exposure. (A) ITC as a function of condition (real 
versus surrogate data) in the pair language and the 
triplet language, across the 14 frontocentral channels 
of interest (n = 16 in each plot). In both languages, 
significant ITC peaks are observed specifically at the 
word and syllable frequencies. (B) Topographies of 
ITC difference values (real – surrogate data), collapsed 
across both languages. Note that difference scales are 
used for the word and syllable frequency plots. For 
reference, the 14 frontocentral channels of interest are 
denoted in the upper plot.   
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3.4. During wake, neural entrainment is observed to syllables and words 
in both languages 

Next, we examined neural entrainment during wake, which serves as 
an important control condition. As expected, across both languages, 
robust peaks in intertrial coherence were observed at both the syllable 
and word frequencies (Condition effect: Syllable Frequency: F (1,15) =
39.9, p < 0.001, ŋ2p = 0.73; Word Frequency: F (1,15) = 21.9, p <
0.001, ŋ2p = 0.59). As shown in Fig. 4, the effects were widespread with 
a maximum around frontocentral electrodes. There was no effect of 
language (triplet versus pair) on neural entrainment at either frequency 
(Syllable Frequency: Condition x Language: F (1,15) = 1.60, p = 0.23; 
Word Frequency: Condition x Language: F (1,15) = 2.34, p = 0.15). In 
addition, whether a language was previously exposed during sleep did 
not significantly impact neural entrainment to either syllables or words 
during subsequent wake (Effect of Exposed Language: Syllable Fre-
quency: F (1,15) = 0.25, p = 0.62; Word Frequency: F (1,15) = 1.29, p =
0.27). In other words, there was no measurable benefit of sleep-exposure 
on subsequent neural entrainment to words during wake. 

Note that we do not report the time course of learning during wake 
re-exposure because our study design was not optimized to capture this 
effect. Given that increases in the word frequency response are robust for 
only the first several minutes of exposure, prior exposure to the language 
(as a result of completing the target detection task) would be expected to 
dampen or eliminate the increase in the word-frequency response over 
time in the present study. 

3.5. Final behavioural rating task demonstrates confirms that both 
languages are learnable during wake 

After the wake exposure phase, participants completed one final 
familiarity rating task, which demonstrated significant behavioural ev-
idence of learning for both languages. For the triplet language, words 
were rated as most familiar, followed by part-words, with non-words 
rated as least familiar (Word Category effect: F (2,30) = 24.4, p <
0.001, ŋ2p = 0.62; linear effect of word category: F (1,15) = 35.1, p <
0.001, ŋ2p = 0.70; Fig. 5). For the pair language, words were rated as 
more familiar than foils (F (1,15) = 9.56, p = 0.007, ŋ2p = 0.39; Fig. 5). 
There was no significant effect of prior exposure during sleep on ratings 
for either task (Word Category x Language Exposure Group, both p 
values > 0.4). This result confirms that both languages were learnable. 

4. Discussion 

Sleeping participants were exposed to a continuous speech stream 
made up of repeating nonsense words while their EEG was recorded. In a 
between-subjects design, one group was exposed to a language made up 
of embedded syllable pairs (e.g., mepu; known as the “pair” language) 

while another group was exposed to a language made up of syllable 
triplets (e.g., mefuri; “triplet” language). We probed for evidence of 
statistical learning during sleep by measuring neural entrainment to the 
embedded words in the speech stream. Participants in both language 
conditions showed robust neural entrainment to individual syllables 
during sleep, confirming sensory-level processing of the speech stream. 
At the word frequency, there was a significant interaction with lan-
guage: participants exposed to the pair language showed neural 
entrainment to the embedded words, whereas participants in the triplet 
language condition did not. Moreover, there was also a significant 
interaction between language and the time course of neural entrainment 
over the course of exposure. In the pair language condition, the WLI— a 
relative measure of word sensitivity –increased significantly over time, 
whereas in the triplet language condition, no such increase occurred. 
This result suggests that sleeping participants exposed to the pair lan-
guage became increasingly sensitive to the embedded regularities pre-
sented in the speech stream. 

We further assessed whether exposure to the speech stream during 
sleep benefited later wake performance on both implicit and explicit 
memory tasks. No significant differences between the two language 
groups were observed on any behavioural task, indicating that sleep 
exposure to a given language did not produce any clear behavioural 
benefits during subsequent wake. Finally, during wake, participants 
were exposed (or re-exposed) to both the triplet and pair languages. As 
expected, a robust neural entrainment response was observed at both the 
syllable and word frequencies in both languages. However, whether a 
given language had been previously presented during sleep did not 
modulate this neural entrainment response. Taken together, these re-
sults indicate that while the sleeping brain may detect embedded pairs of 
syllables as they are presented moment-by-moment, the detection of 
these regularities does not appear to produce substantial or durable 
long-term memory traces, as assessed during subsequent wake. 

4.1. During sleep, neural entrainment occurs to pair words in the pair 
language only 

Importantly, across both languages, our findings indicate the pres-
ervation of basic auditory processing of the syllables during sleep. Par-
ticipants showed a robust and significant neural entrainment response at 
the syllable frequency, which had a frontocentral distribution consistent 
with a typical auditory EEG response (e.g., Snyder et al., 2006). In 
addition, neural entrainment to syllables did not differ between the two 
languages, indicating that sensory processing occurred to a similar depth 
across the two languages. Overall, this result provides assurance that the 
speech stream was processed at a basic sensory level, an obvious key 
prerequisite for auditory statistical learning. The finding that the sylla-
bles were processed at a basic sensory level is also consistent with pre-
vious reports that auditory-evoked responses in low-level auditory 
cortex is at least partially and sometimes fully preserved during sleep 
(Issa and Wang, 2008; Nir et al., 2015; Peña et al., 1999; Portas et al., 
2000; Schabus et al., 2012). 

At the word level, neural entrainment showed a significant interac-
tion with language, such that only participants who were exposed to the 
pair language showed significant neural entrainment to the embedded 
words; participants in the triplet language condition showed no signif-
icant word-level entrainment. As described in the Introduction, a peak in 
the neural response at the word rate may, in principle, be derived from 
the acoustics of the stimulus alone, without necessarily reflecting 
detection and parsing of the composite words (Pinto et al., 2021; Zion 
Golumbic et al., 2013). However, a previous statistical learning study 
that carefully controlled for the acoustics of the speech stream found 
that the neural entrainment response to embedded words additionally 
reflects higher-level statistical learning processes, such as detection of 
word boundaries, that occur over and above the acoustic responses 
(Pinto et al., 2021). Thus, it is plausible that the present observed 
entrainment peak at the word frequency in the pair condition also 

Fig. 5. Behavioural results for the final familiarity rating task, administered 
after the wake exposure period. Evidence of behavioural learning is found for 
both language across all participants. Performance does not significantly 
interact with group (triplet exposed versus pair exposed). 
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reflects both auditory responses as well as statistical learning. None-
theless, because we did not employ an acoustic control condition in the 
current study, the most conservative interpretation of this peak is that it 
reflects an auditory response, similar to neural entrainment at the syl-
lable level—a prerequisite for statistical learning, rather than a direct 
index of learning itself. 

Critically, in addition to the significant peak in entrainment to the 
pair words, an interaction between language and an increase in the WLI 
was also found, such that only participants in the pair language condi-
tion showed a significant increase in the WLI (as well as word-level 
entrainment) over time. The WLI increase over time cannot be attrib-
uted to stimulus acoustics (which did not change systematically 
throughout the exposure period), but must be derived from a change in 
neural processes over time. In line with our prior studies (Batterink, 
2020; Batterink et al., 2017, 2019; Choi et al., 2020), we interpret this 
increase to reflect a gradual gain in sensitivity to the words in the speech 
stream, accompanied by a shift in perception from raw syllables to 
composite words. 

In contrast to the entrainment response in the pair condition, in the 
triplet condition there was no significant entrainment peak to the words, 
nor an increase in the WLI over time. Although this interaction with 
language was unexpected a priori, one interpretation of this finding is 
that the sleeping brain successfully gains sensitivity to syllables pairs 
over time, but fails to pick up on syllable triplets. One possible expla-
nation for this result is that the physiology of slow-wave sleep—in 
particular, ongoing slow oscillations—may constrain which types of 
regularities can be encoded, with shorter items being more readily 
encoded than longer one. Slow oscillations consist of alternations be-
tween “silent” states of neural hyperpolarization and “active” states of 
depolarization and neural excitability, with neuronal processing limited 
to the depolarizing active state (Rasch and Born, 2013). Previous evi-
dence suggests that when a stimulus is presented during slow wave 
sleep, the extent to which it is processed critically depends on where it 
falls within a slow oscillation cycle. For example, by presenting verbal 
information during slow-wave sleep, Zust and colleagues (2019) found 
that new semantic associations between a novel word and existing word 
(e.g., tofer – house) were formed successfully only when the presenta-
tion of each word coincided with the peaks of neighbouring slow os-
cillations. This result suggests slow oscillation peaks serve as “windows 
of opportunity” for encoding verbal information, with sleep encoding 
unable to occur outside of these windows. Converging evidence from 
simultaneous EEG/fMRI indicates that the brain is more responsive to 
stimuli presented during the positive-going slow oscillation slope, with 
tones presented during these windows eliciting greater activation in 
higher cortical regions, such as the superior temporal gyrus (Schabus 
et al., 2012). Further, learning-related auditory cues presented during 
the optimal phase of an ongoing slow oscillations are more likely to 
trigger memory reactivation compared to cues presented elsewhere in 
the cycle (Batterink et al., 2016; Göldi et al., 2019). Taken together, 
these results suggest that information that is more likely to be deeply 
processed if it is presented within ideal half-cycle of a slow oscillation. 

In the context of the current study, the presentation of a syllable pair 
(total duration = 666 ms) fits roughly within the positive going phase or 
half wave of a typical slow oscillation, which has an endogenous fre-
quency in humans of ~0.8 Hz (duration of ~1250 ms; (Achermann and 
Borbély, 1997; Born and Wilhelm, 2012; Mölle and Born, 2011). This 
idea is confirmed by the results of our event-related analysis, in which 
we plotted the average ERP to words that begin at or near the ideal slow 
oscillation phase (as described in Methods). As shown in Fig. 6, this 
analysis demonstrates that disyllabic words that onset at the ideal slow 
oscillation phase coincide with the slow wave upstate, when sensory and 
memory-related processing preferentially occur (e.g., Züst et al., 2019; 
Göldi et al., 2019). For these disyllabic words that are optimally aligned, 
the two syllables may be encoded together, leading to the formation of a 
weak association between the two syllables. As these syllables are 
repeatedly presented together, this association may become 

strengthened, leading to the formation of a unitized representation. 
Over time, this would eventually produce a change in the neural 
response to the word, reflected by increased entrainment at the word 
frequency. In contrast, the presentation of a syllable triplet (duration =
1000 ms) extends beyond a typical half-wave slow oscillation, which 
may prevent binding of all three syllables into a single unit. That is, for 
words in the triplet language that onset at the ideal phase, the final 
syllable of a trisyllabic word occurs during the slow oscillation down--
state—as shown in Fig. 6—when sensory processing of incoming stimuli 
would be attenuated. This may prevent processing the trisyllabic word 
as an entire, cohesive unit. While pairs of syllables within a triplet (e.g., 
“mefu” from “mefuri”) may still be encoded within the same oscillation 
cycle, the formation of a triplet representation would require an addi-
tional processing step (e.g., whereby “mefu” and “furi” are linked to 
form “mefuri”). This type of more complex learning might not be 
possible during slow-wave sleep. This interpretation is in line with 
previous evidence that violations of local regularities continue to be 
detected during sleep, whereas violations of global regularities go by 
undetected (Strauss et al., 2015). Overall, these results suggest that 
during sleep, information may be integrated over shorter but not longer 
time windows. 

While this is an interesting potential explanation, it is also possible 
that less interesting technical or methodological factors could account 
for word entrainment differences between the two languages. One 
possibility is that the lack of a clear word frequency peak in the triplet 
condition (as well as the lack of a significant increase in the WLI) could 
simply be due to the technical difficulty of obtaining reliable phase es-
timates at lower frequencies, which is particularly challenging during 
sleep. In other words, it is possible that participants in the triplet con-
dition also became sensitive to the embedded words during sleep, but 
that our neural measure of entrainment failed to capture this learning. In 
the current study, words in the triplet condition had a presentation 
frequency of 1.0 Hz, while words in the pair condition had a faster 
frequency of 1.5 Hz. For EEG data segments of a fixed length, FFT phase 
estimates at higher frequencies will be more stable than for lower fre-
quencies, given that the higher the frequency, the greater the number of 
cycles captured. In addition, ongoing slow oscillations during NREM 
sleep, as well as the intrinsic 1/f spectral activity of EEG recordings, may 
increase the noisiness of phase estimates at lower frequencies of interest. 

Fig. 6. Relation between stimulus presentation and slow oscillation phase in 
the current dataset. The plot shows the grand average event-related potential 
(n = 19) to words that occurred at the beginning of a slow oscillation upstate. 
The approximate duration and relative timing of individual syllables making up 
the words in both languages are illustrated by the filled rectangles. As shown, 
the final syllable of a trisyllabic word in the triplet language occurs outside the 
up-state of the slow oscillation; in contrast, both syllables of a disyllabic word in 
the pair language fit within the up-state. 
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In this context, it is also important to note that our sample size is rela-
tively small. Thus, we cannot exclude the possibility that neural 
entrainment effects to the triplet language are simply small in magni-
tude and/or somewhat difficult to estimate, but would reach signifi-
cance in a larger sample. Because it remains possible that future studies 
using a larger sample size may successfully demonstrate significant 
neural entrainment effects to more complex triplet regularities, our re-
ported null entrainment effects for the triplet language may be consid-
ered preliminary. 

Nonetheless, while technical factors cannot be entirely ruled out, it is 
worth noting that we also observed no significant entrainment effect at 
the second harmonic of the word frequency (2 Hz) in the triplet condi-
tion. If word parsing occurs in the triplet condition, we would expect to 
see a peak in entrainment at both the word rate and its harmonics (Zhou 
et al., 2016), as we have found in our prior studies during wake (Bat-
terink and Paller, 2017, 2019; Choi et al., 2020). This prediction is 
further confirmed by the wake condition in the current study, as par-
ticipants exposed to the triplet language during wake indeed show a 
clear peak at the second harmonic, which is even more robust than the 
peak observed at the word frequency itself (Fig. 4). This peak at the 
second harmonic in the triplet condition is also larger than the peak 
observed at the word frequency in the pair language (Fig. 4). Given that 
our word entrainment measure was sensitive in the pair condition even 
during sleep, this finding speaks against the idea that the absence of 
word entrainment in the triplet condition during sleep is simply due to a 
lack of sensitivity. Thus, in spite of the noted limitations, the overall 
pattern of results points to a clear advantage for processing of paired 
items over triplet items during sleep. 

Our preliminary conclusion that statistical learning of triplets does 
not proceed during sleep converges with the study conducted by 
Farthout and colleagues (2019), who showed no evidence of statistical 
learning of tone triplets during sleep. However, unlike the current study, 
Farthout et al. did not include a “pair” condition, where the stimulus 
stream is composed of embedded pairs rather than embedded triplets. 
Thus, at present, which stimulus dimension(s) –the linguistic nature of 
the stimuli, the complexity of regularity (e.g., pairs versus triplets), or 
some other feature – are the key determiners of learning is not yet 
known. It is conceivable that statistical learning to tone pairs may also 
occur during sleep, just as we found for syllable pairs. Alternatively, as 
we had originally hypothesized, it may be that the use of speech stimuli 
rather than tones more strongly captures the attention of the sleeping 
brain, and possibly facilitates statistical learning computations. Such a 
notion is consistent with the proposal that the sleeping brain enters a 
“standby” (Legendre et al., 2019) or “sentinel” (Blume et al., 2017) 
processing mode, in which the external environment continues to be 
monitored, with additional neural resources engaged if meaningful or 
relevant stimuli are detected. 

Interestingly, as we noted in the Introduction, one prior study did 
find evidence of statistical learning of triplet pseudowords, though in 
sleeping newborns rather than adults (Teinonen et al., 2009). Sleeping 
neonates who were exposed to a speech stream of repeating pseudo-
words showed a larger event-related potential negativity to syllables in 
the first position of each word, relative to the second and third syllables. 
This result suggests that the sleeping infants became sensitive to the 
statistical structure of the speech stream, which diverges from the cur-
rent findings showing no significant statistical learning of syllable trip-
lets. However, the arousal state of these infants may not be directly 
comparable to the adult NREM sleep state targeted in the present study. 
Sleep changes markedly throughout development, and is quite different 
from adult sleep particularly in the first 6 months of life (Huber and 
Born, 2014). In addition, Teinonen and colleagues targeted “active” 
sleep (analogous to adult REM sleep) rather than NREM sleep, which 
was based on the behavioural state of the infant rather than through 
EEG. Thus, the possibility that some exposure occurred during brief 
periods of wake in the infants cannot be ruled out. Another possibility is 
that statistical learning may occur during REM sleep, but not NREM 

sleep, in both infants and adults. This suggestion is speculative, but it 
supported by Andrillon and colleagues’ (2017) finding that REM expo-
sure to auditory patterns improves subsequent wake detection perfor-
mance, while NREM exposure impairs it. In this context, it is also worth 
noting that we targeted slow-wave sleep for stimulus presentation, 
rather than NREM2 sleep. Given previous demonstrations that slow 
waves during deep sleep may actively suppress relevant signals 
(Andrillon et al., 2017; Legendre et al., 2019), it remains possible that 
some degree of statistical learning in the triplet condition may occur 
during comparatively lighter NREM2 sleep. 

4.2. No evidence that sleep-exposure produces long-term memory benefits 

Although our neural entrainment measure indicated that partici-
pants became sensitive to the embedded “pair” words as they were 
presented during sleep, this learning process did not result in any 
observable long-term memory benefits, as assessed by our post-nap 
tasks. To recap, upon awakening participants first completed the 
target detection task in the triplet language, which was our primary 
behavioural measure of sleep-learning. Given that learning during sleep 
appears to produce exclusively implicit memory traces (Ruch and 
Henke, 2020), we prioritized this task because it captures implicit 
knowledge accrued during statistical learning, and is a sensitive measure 
of learning even in cases where participants fail to show evidence of 
explicit knowledge (Batterink et al., 2015). In contrast to our hypothe-
ses, participants in both sleep-exposure groups showed a similar RT 
priming effect, presumably reflecting online learning during the target 
detection task itself. This result indicates that prior sleep-exposure to the 
triplet speech stream did not result in a functional benefit for processing 
this same speech stream during subsequent wake. 

After completing our primary behavioural measure of sleep-learning, 
participants also performed three other behavioural tasks. On the rating 
task for the triplet language, we again found no impact of language 
exposure during sleep on performance. This finding was expected, given 
many previous findings that sleep-learning produces no explicit memory 
traces (Andrillon et al., 2017; Andrillon and Kouider, 2016; Arzi et al., 
2012; Ruch and Henke, 2020; Züst et al., 2019). However, in contrast to 
our expectations, participants showed no significant evidence of 
learning for the pair language, on either the target detection task or on 
the subsequent rating task. Given that the transitional probabilities be-
tween syllables in the two languages conflicted with one another, this 
poor learning of the pair language may potentially be explained by 
interference from the triplet language. This interpretation is consistent 
with previous work showing that when two artificial languages are 
presented in succession, learning is weaker for the second language 
presented (Franco et al., 2011). Alternatively, the pair language may 
have been more difficult to learn, as it contained a greater number of 
words in the inventory (6 rather than 4) and contained a less predictable 
structure overall. Nonetheless, performance on the final rating task 
(administered after the wake exposure phase) confirms that the pair 
language was indeed learnable after sufficient exposure. 

We previously proposed that statistical learning can be conceptual-
ized as containing at least two dissociable components: (1) a perceptual 
process, involving the transition from the perception and encoding of 
raw individual stimulus elements (i.e., syllables) to that of larger inte-
grated units (i.e., words) and (2) a memory storage process, in which 
extracted representations are stored in long-term memory (Batterink 
and Paller, 2017b). Taken together, our EEG and behavioural results 
suggest that during sleep, the perceptual transformation from individual 
syllables to word composites may be maintained, at least for simple pairs 
of items. In contrast, this secondary memory storage process appears to 
be largely abolished during sleep. 

While the overall picture points to no clear behavioural benefit of 
sleep-exposure, as we noted previously, one limitation of the current 
study is that our sample size is relatively small (n = 20 in total, with 10 
participants in each language condition), which limits our power to 
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detect small effect. Thus, as with the null neural entrainment effects that 
we found in the triplet language condition, we cannot exclude the pos-
sibility that a small behavioural advantage of sleep-cueing may truly 
exist, but that were simply unable to detect this effect given our limited 
power. We included Bayes Factors for all behavioural results to allow the 
reader to better evaluate these null results. Still, given the current data, 
we can conservatively conclude that any long-term behavioural 
advantage of sleep-exposure to a novel artificial language is likely to be 
extremely modest, if it exists at all. 

4.3. Neural entrainment to words and behavioural evidence of learning in 
both languages during wake 

As expected based on our prior studies (Batterink and Paller, 2017, 
2019; Choi et al., 2020), during wake exposure to both the triplet and 
pair languages, a strong neural entrainment response was observed at 
both the syllable and word frequencies. This result confirms that the lack 
of word entrainment to the triplet language during sleep cannot be 
attributed to poor processing or learning abilities in this particular group 
of participants, or to the particular stimulus materials used in the current 
study. We also found no impact of sleep exposure on subsequent neural 
entrainment effects during wake. That is, participants’ neural entrain-
ment response to a given language did not differ based on whether they 
were listening to the language for the first time or had been previously 
exposed to that same language during sleep. Again, these results support 
the general idea that exposure to the artificial language streams did not 
produce changes in long-term memory or discernably benefit later 
processing. 

Finally, after the wake exposure phase, participants completed the 
familiarity rating task for each language a second time. Rating scores 
indicating significant learning for each language, providing converging 
evidence that both languages were indeed learnable. 

5. Conclusions 

Overall, our results provide evidence that statistical learning may 
occur during sleep, albeit under limited conditions—specifically, when 
the regularities to be learned consist of two associated elements, but not 
three. However, while the brain can track these regularities during 
sleep, this online sensitivity does not appear to produce any durable 
long-term memory traces. While pre-existing memories acquired during 
wake may be reactivated during sleep to effectively boost aspects of 
language learning (Batterink et al., 2017; Batterink and Paller, 2017a; 
Schreiner & Rasch, 2015, 2015, 2017, 2015), the current findings sug-
gest that sleep-exposure to a completely novel language may be of 
limited real-world value. More generally, our results indicate an upper 
boundary of the learning capacities of the sleeping brain. 
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Peña, J.L., Pérez-Perera, L., Bouvier, M., Velluti, R.A., 1999. Sleep and wakefulness 
modulation of the neuronal firing in the auditory cortex of the Guinea pig. Brain Res. 
816 (2), 463–470. https://doi.org/10.1016/s0006-8993(98)01194-9. 
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