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AAbstract 36 

Predictive-coding theories assume that perception and action are based on internal models derived 37 

from previous experience. Such internal models require selection and consolidation in order to be 38 

stored over time. Sleep is known to support memory consolidation. We hypothesized that sleep 39 

supports both consolidation and abstraction of an internal task model that is subsequently used to 40 

predict upcoming stimuli. Human subjects (of either sex) were trained on deterministic visual 41 

sequences, and tested with interleaved deviant stimuli after retention intervals of sleep or 42 

wakefulness. Adopting a predictive-coding approach, we found increased prediction strength after 43 

sleep, as expressed by increased error rates to deviant stimuli, but fewer errors for the immediately 44 

following standard stimuli. Sleep likewise enhanced the formation of an abstract sequence model, 45 

independent of the temporal context during training. Moreover, sleep increased confidence for 46 

sequence knowledge, reflecting enhanced metacognitive access to the model. Our results suggest that 47 

sleep supports the formation of internal models which can be used to predict upcoming events in 48 

different contexts. 49 
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SSignificance Statement 50 

To efficiently interact with the ever-changing world, we predict upcoming events based on similar 51 

previous experiences. Sleep is known to benefit memory consolidation. However, it is not clear 52 

whether sleep specifically supports the transformation of past experience into predictions of future 53 

events. Here, we find that when human subjects sleep after learning a sequence of predictable visual 54 

events, they make better predictions about upcoming events compared to subjects who stayed awake 55 

for an equivalent period of time. In addition, sleep supports the transfer of such knowledge between 56 

different temporal contexts (i.e. when sequences unfold at different speeds). Thus, sleep supports 57 

perception and action by enhancing the predictive utility of previous experiences. 58 
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IIntroduction 59 

In a world of constant change, internal models are essential to efficiently interact with our 60 

environment. This is the central notion in current theories of hierarchical predictive coding, which 61 

postulate top-down prediction signals that ‘explain away’ predictable (model-congruent) information, 62 

and bottom-up prediction-error signals of unexplained (model-incongruent) events that are used to 63 

update predictions of future sensory inputs (Gregory, 1980; Mumford, 1992; Rao and Ballard, 1999; 64 

Friston, 2012; Rauss and Pourtois, 2013; Rauss and Born, 2017). Thus, adequate internal models 65 

should facilitate the detection of unexpected events (Vinken et al., 2017), while at the same time re-66 

normalizing behavior as soon as the environment again unfolds as predicted. There is ample evidence 67 

that our brains implement principles of predictive coding (Summerfield et al., 2006; Alink et al., 2010; 68 

Smith and Muckli, 2010; Kaposvari et al., 2016; Vinken et al., 2017). However, it remains largely 69 

unclear how predictions are distilled from previously encoded information and how they are 70 

maintained over extended periods (Hinton et al., 1995).  71 

 In the present study, we addressed to what extent sleep contributes to the formation, 72 

consolidation, and abstraction of simple task models obtained from sequences of visual stimuli (Nissen 73 

and Bullemer, 1987). From a predictive-coding perspective, successful formation of sequence 74 

knowledge involves the acquisition of a stable internal model representing the rules that govern the 75 

sequence. This should yield informed behavioral responses (Fiser et al., 2010), i.e. correct predictions 76 

of upcoming stimuli, as expressed in reduced error rates and reaction times; conversely, unexpected 77 

stimuli would induce prediction-errors, as expressed in higher error rates and/or increased reaction 78 

times (Stadler, 1995; Peigneux et al., 2000; Robertson, 2007). Given the known benefits of sleep for 79 

memory consolidation (Rasch and Born, 2013), we hypothesized that sleep after sequence learning 80 

promotes the formation of internal sequence models, thereby strengthening error detection as well as 81 

re-normalizing behavior after unexpected events. 82 

 We trained a group of healthy humans on deterministic sequences of visual stimuli. We used 83 

long sequences to ensure learning would remain implicit (Robertson et al., 2004; Song et al., 2008; 84 
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Song and Cohen, 2014; Rosenthal et al., 2016), and short Response-to-Stimulus Intervals (RSIs; 200  85 

50 ms) to ensure that stimuli are clearly perceived as a sequence. Given our predictive-coding 86 

approach, we focused the analyses on error rates for deviant stimuli, and those immediately following 87 

deviants. Such so-called “follower standards” have been shown to initially elicit behavior that is more 88 

similar to deviant than standard stimuli (Kaposvari et al., 2016). If sleep supports consolidation of an 89 

internal sequence model, we reasoned that sleep compared to wakefulness should increase the 90 

number of errors in response to model-incongruent deviants, reflecting stronger prediction errors in 91 

the presence of a more consolidated sequence model. Conversely, sleep subjects should display 92 

reduced error rates in response to follower standards, reflecting a more adequate sequence model 93 

that allows them to bridge the gap between two standard stimuli separated by a random deviant. Our 94 

results confirm this hypothesis. 95 

 Additionally, we examined whether sleep also supports the emergence of a more abstract task 96 

model that is independent of the original training context (Witt et al., 2010). Focusing on temporal 97 

aspects, we find that sleep boosts prediction strength when training was performed with longer 98 

intervals between stimuli than testing. 99 
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MMaterials and Methods 100 

Participants 101 

In total, 128 young healthy adults (64 females) participated in the experiment (mean age: 25 years; 102 

range: 20 – 37). Four different groups (nRSI = 32 each) were tested, each consisting of two subgroups 103 

(nsleep/wake = 16): one subgroup was tested before and after normal night-time sleep (Sleep groups); the 104 

other subgroup was tested once in the morning and once in the evening of the same day (Wake 105 

groups) (FFigure 1). Subjects did not take any medication, did not report any neurological or 106 

psychological disorders, had a normal sleep-wake cycle (i.e., they usually went to bed between 2200 107 

and 2400 hours, and got up between 0700 and 0900 hours), were right-handed, and had normal or 108 

corrected-to-normal visual acuity. They were not allowed to ingest caffeine or alcohol during the days 109 

of the experimental sessions. Musicians or professional typists were excluded from the study. Eleven 110 

subjects were excluded from analysis due to them being outliers on tests for explicitness of the trained 111 

regularity (i.e. more than two standard deviations above the group mean for free recall (both liberal 112 

and conservative) or triplet completion, meaning that they displayed high explicit knowledge). Thus, 113 

117 subjects were included in the final analyses (31 in the Short-to-short group, 29 in the Short-to-114 

long group, 28 in the Long-to-short group, and 29 in the Long-to-Long group; see EExperimental Design 115 

and Procedure). However, results remain largely equivalent when taking into account all subjects 116 

disregarding their explicitness scores. All subjects gave written informed consent and were paid for 117 

participation. The experiment was approved by the ethics committee of the Medical Faculty at the 118 

University of Tübingen and conducted in accordance with the approved guidelines. 119 

 120 

Stimuli and Task 121 

We used visual stimuli, with the layout consisting of a central fixation cross and six peripheral stimulus 122 

locations. Subjects saw sequences of grayscale Gabor gratings tilted either at an angle of 45° or 135° 123 

(stimulus size: 5° of visual angle, eccentricity: 7.5° of visual angle [span: 5° to 10° of visual angle], 124 

spatial frequency: 1.5 cycles per degree) (FFigure 1b). We chose a Response-to-Stimulus Interval (RSI) of 125 
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either 200 ± 50 ms (short RSI) or 2000 ± 500 ms (long RSI), depending on group and session (before vs. 126 

after sleep/wake retention). 127 

Subjects saw Gabor gratings displayed at six peripheral locations on a computer screen. Their 128 

task was to indicate the position of each Gabor grating with an appropriate button press, while fixating 129 

the cross in the middle of the screen at all times. Specifically, subjects used the left/right outermost 130 

keys on the lower row of a standard keyboard (Left-CTRL/Right-CTRL) with their ring fingers to respond 131 

to the uppermost left/right stimulus locations; the next keys towards the center (Left-WIN/Task keys) 132 

with their middle fingers for stimuli positioned at the horizontal meridian on the left/right; and the 133 

next keys towards the center (Alt/Right-WIN) to respond to the lower left/right stimuli with their index 134 

fingers (FFigure 1a). We encouraged subjects to respond as fast and as accurately as possible. 135 

Importantly, stimuli were presented until subjects made a correct button press, i.e. their reaction time 136 

depended largely on their error rate. Subjects were not informed about the fact that stimuli were 137 

ordered regularly in terms of a repeating 12-item sequence. Note that each subject was only trained 138 

on one single, individual sequence. This sequence fulfilled the following conditions: (1) stimuli 139 

occurred equally often at each of the six locations; (2) stimuli at a given location were always followed 140 

by at least two stimuli at other locations before the first location was stimulated again (no triplets; e.g. 141 

1-4-2-1, not 1-4-1-2); (3) stimuli did not occur at more than two neighboring locations in a row (no 142 

runs; e.g. not 1-2-3 or 6-5-4); and (4) stimuli at a given location did not predict stimuli at any of the 143 

other locations more than once within the sequence (no double predictions). Thus, stimuli at a given 144 

location always predicted two other locations within the sequence. In this context, another 145 

requirement was that (5) if a stimulus at a given location predicted stimuli at two other locations, 146 

these other locations never predicted the first one (i.e. one-directional predictions). This goes beyond 147 

the no-triplet requirement described above because each location was stimulated twice within the 148 

sequence. As a consequence, our location sequence followed a second-order conditional (SOC) rule 149 

(Rosenthal et al., 2016), i.e. a stimulus at a given location can fully and only be predicted by a 150 

combination of the two preceding stimulus locations. To reinforce learning, stimulus orientation was 151 
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linked to the position of the stimulus within the sequence, with the constraints that (1) the same 152 

orientation must not be linked to the same location more than once; and (2) the same orientation 153 

must not occur more than twice in a row. When including these orientation rules, the sequences can 154 

be considered first-order deterministic, in that the combination of a stimulus’ location and orientation 155 

is sufficient to predict the next stimulus. Sequences were selected randomly for each subject, but the 156 

same set of sequences was used in all Sleep and Wake subgroups. Thus, from a pool of 228 sequences 157 

fulfilling the above conditions (grammar: a-c-d-f-b-e-d-b-a-e-c-f; of which each letter (a-f) can be 158 

substituted by a screen location (1-6); FFigure 1c), 16 were randomly drawn and then allocated to one 159 

subject per subgroup (Sleep vs. Wake groups), such that each sequence was re-used eight times. Each 160 

experimental block consisted of 108 trials (i.e. eight repetitions of the 12-item sequence plus two 161 

randomly split pieces of one sequence at the beginning and the end of each block, to minimize the risk 162 

of subjects becoming consciously aware of the sequence). During training and test phases, there were 163 

30-sec breaks between blocks. In the test phases, irregularities were introduced in terms of stimuli 164 

that deviated from the original location sequence (i.e. deviants), but did not differ in any other regard. 165 

There was one deviant per sequence repetition (i.e. eight deviants per block). Standard stimuli 166 

immediately following deviants are different from normal standards and, here, referred to as ‘follower 167 

standards’ (Kaposvari et al., 2016). Like deviants, these stimuli occurred only once per sequence 168 

repetition (i.e. eight follower standards per block). We constructed two possible deviant sequence 169 

combinations (A and B) of six deviant sequences each, differing in four sequence positions. These two 170 

combinations emerge through four substitution possibilities that cancel each other out (i.e. ‘b’ 171 

substituted by ‘c’ and ‘c’ substituted by ‘b’). Half of the subjects was assigned to deviant sequence 172 

combination A, the other half was assigned to combination B. Given that we had eight deviant 173 

sequences per block and three blocks per test, we additionally assigned two of the six possible deviant 174 

sequences to each block, such that in sum, each deviant sequence was repeated four times during 175 

each test phase. Importantly, the introduction of deviants did not violate any of the above constraints. 176 
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Stimulus presentation was performed using Presentation® (Neurobehavioral Systems, Inc., Berkeley, 177 

CA, USA; RRID:SCR_002521). 178 

 179 

EExperimental Design and Procedure 180 

To test our hypotheses, we used a mixed design, with between-subjects factor Sleep/wake, and 181 

within-subjects factors Pre/post (pre-retention vs. post-retention test) and Stimulus type (standards 182 

vs. deviants vs. follower standards). Each experimental session consisted of blocks that were either 183 

presented in a short temporal context, i.e. with an RSI of 200 ± 50 ms, or in a long temporal context, 184 

i.e. with an RSI of 2000 ± 500 ms. In the “Short-to-short” and “Long-to-long” groups, subjects were 185 

trained and tested in the same temporal context, i.e. with short and long RSIs, respectively; in the 186 

“Long-to-short” and “Short-to-long” groups, subjects were trained and tested in different temporal 187 

contexts. 188 

Subjects came to the laboratory at 2100 h (Sleep groups) or 0900 h (Wake groups). Before the 189 

start of the experiment, we tested their visual acuity (Freiburg Vision Test, FrACT (Bach, 2007); 190 

RRID:SCR_016439), ocular dominance (Dolman method; Chaurasia and Mathur, 1976; Cheng et al., 191 

2004), vigilance (Diekelmann et al., 2013), and sleepiness (Stanford Sleepiness Scale; Hoddes et al., 192 

1972). The training phase started with a short warm-up of 20 random trials to familiarize subjects with 193 

the experimental task. This was followed by five structured blocks comprising only regular standard 194 

stimuli. After a break of 30 min, during which subjects listened to relaxing music, sleepiness was tested 195 

again, followed by a first test of three blocks (pre-retention test), containing regular standard stimuli, 196 

deviants and follower standards. After the first experimental session, subjects in the Sleep groups 197 

went home to sleep in their familiar environment. This was controlled by actigraphy (Actiwatch 2®, 198 

Philips Respironics, Murrysville, PA, USA). The following morning, subjects from the Sleep groups 199 

completed a questionnaire on sleep quality (SF-A/R). Subjects in the Wake groups left the laboratory 200 

to engage in their everyday wake activities. They were instructed not to take any daytime naps during 201 

the retention interval, which was also controlled by actigraphy. They were further encouraged to 202 
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refrain from strenuous activities as far as possible and especially not to engage in any other learning 203 

activities. Additionally, their daytime activities were recorded via a questionnaire. Subjects then came 204 

back to the laboratory at 0900 h (Sleep groups) or 2100 h (Wake groups). First, they completed a 205 

series of initial tests. Specifically, we assessed their chronotype (Morningness-Eveningness 206 

Questionnaire Self-Assessment Version, MEQ-SA; Horne and Ostberg, 1976), handedness (Edinburgh 207 

Handedness Inventory; Oldfield, 1971), as well as their vigilance and sleepiness. After another short 208 

warming-up of 20 random trials, subjects were tested in a post-retention test of three blocks, again 209 

including standards, deviants and follower standards. The post-retention test took place either in the 210 

same (Short-to-short and Long-to-long groups) or in the other temporal context (Short-to-long and 211 

Long-to-short groups). Afterwards, subjects were asked increasingly specific questions regarding their 212 

knowledge of any regularity in the task, including a paper-and-pencil based free recall task where they 213 

should write down any sequential regularity they noticed. If they had profound knowledge of the 214 

sequential pattern, they were marked as potentially explicit. All subjects were then informed about 215 

the presence of a 12-item sequence, and subsequently performed three computerized tests in which 216 

their knowledge about the sequence was further investigated: first, in a free recall task, subjects were 217 

asked to reconstruct the sequence twice with 12 inputs each by using the same buttons as in the main 218 

task (this free recall task was repeated in the end of the session). Second, in a triplet-recognition task, 219 

subjects watched sequences of three stimuli that were either part of the sequence (correct) or not 220 

(foils) (12 triplets each). They were then asked to indicate for each sequence whether they found it 221 

familiar or not. After each response, they were additionally asked to indicate how confident they were 222 

of their choice, on a four-point scale from 1 (very unsure) to 4 (very sure). Finally, in a triplet-223 

completion task, subjects were asked to watch sequences of two stimuli (all of which were correct) 224 

and then complete the subsequent stimulus location. All possible triplets had to be completed twice 225 

(24 triplets in total). After each input, subjects were again asked to indicate confidence about their 226 

response. Note that we chose a fixed sequence for the sequence knowledge tests to minimize the risk 227 

of subjects noting any regularity in tests providing relatively more sequence information (e.g. the 228 
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triplet-completion task, given that it contains only correct sequences of two stimuli) that may have 229 

improved subjects’ performance on tests providing relatively less sequence information (e.g. the free 230 

recall task, given that it provides no sequence information whatsoever). We further note that given 231 

this fixed sequence, we are not able to tease apart potential order effects and thus cannot exclude 232 

transfer between the sequence knowledge tests. After debriefing, all subjects performed a last test in 233 

the originally trained temporal context. In the end, we tested the subjects’ visuo-spatial memory span 234 

as well as their supra-span. These tests were adopted from Corsi (Corsi, 1973) and implemented in 235 

The Psychology Experiment Building Language (PEBL; RRID:SCR_014794). During all training and test 236 

phases, subjects were given feedback of their mean reaction time per block to enhance motivation. 237 

Subjects did not have any prior knowledge about the number of blocks and the number of trials within 238 

blocks, to reduce effects of anticipatory self-motivation. 239 

 240 

SStatistical Analysis 241 

Predictive sequence coding was analyzed based on subjects’ error rates and reaction times to 242 

standards vs. deviants vs. follower standards. A trial was defined as erroneous when subjects made a 243 

wrong button press (i.e. a button press corresponding to a location where the current stimulus was 244 

not presented). The error rate was then calculated as the amount of error trials divided by the total 245 

number of trials per block. Note that for the control analyses on reaction times, we included all trials, 246 

no matter if they were correct or erroneous. Reaction times were measured from stimulus onset until 247 

correct button press. For the main analysis, we performed mixed ANOVAs with between-subjects 248 

factor Sleep/wake, and within-subjects factors Pre/post (pre-retention vs. post-retention test) and 249 

Stimulus type (standards vs. deviants vs. follower standards). For control analyses on individual 250 

stimulus types, we conducted separate Sleep/wake x Pre/post ANOVAs for each stimulus type. 251 

Additionally, we calculated a prediction-strength index based on our hypothesis that better 252 

consolidation of an internal sequence model should lead to high error rates for model-incongruent 253 

deviants, and low error rates for model-congruent follower standards. The prediction-strength index 254 
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was defined as a simple subtraction of error rates for deviants minus error rates for follower 255 

standards. To control for possible effects of sequence repetition on prediction strength, we further 256 

performed mixed ANOVAs including the within-subjects factor Block. 257 

For analysis of prediction-informed errors, we calculated joint probabilities for committing 258 

errors in accordance with the trained sequence. This was done separately for pre- and post-retention 259 

test sessions as well as Sleep and Wake groups, according to the formula: 260 

, 261 

where  is the probability of errors following deviants;  is the conditional probability of a 262 

response corresponding to the predicted location given that a deviant error has been committed; and 263 

i denotes session (1 = pre-retention, 2 = post-retention). To further test if the number of prediction-264 

informed errors exceeded chance-level, we calculated the joint probability  265 

, 266 

where  is the probability of errors following deviants in the pre-retention test (i.e. the baseline 267 

error rate following deviants before the sleep/wake manipulation), and  is the conditional 268 

chance probability of making a prediction-informed button press given that a deviant error has been 269 

made (i.e., one out of five possible erroneous buttons press; ).  270 

For the paper-and-pencil based free recall task, we evaluated the rate of correct continuous 271 

items. For the computerized free recall task, we calculated both ‘conservative’ and ‘liberal’ measures, 272 

referring to the maximum number of correct continuous items from the first button press or from any 273 

given button press, respectively. For analysis of sleep effects in the triplet-recognition task, we 274 

focused on the recognition index d’ for high-confidence trials (i.e. trials for which subjects indicated to 275 

remember them with a confidence rating of 3 or 4 on a four-point scale), as previously established 276 

(Wagner et al., 1998; Henson et al., 2000; Macrae et al., 2004; Rimmele et al., 2011, 2012; Sterpenich 277 

et al., 2014; Lutz et al., 2017). To test for sleep effects on confidence levels in the triplet-completion 278 

task, we performed a mixed ANOVA with between-subjects factor Sleep/wake and within-subjects 279 

factor Trial type (correct vs. incorrect). 280 
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Since there was only one deviant and one follower standard per repetition of the 12-item 281 

sequence in the test sessions, we wanted to rule out effects due to differences in trial number sizes 282 

and associated differences in variances. We thus re-analyzed our data in R (R Project for Statistical 283 

Computing, RRID:SCR_001905) using 1000 iterations of random standard samples that matched the 284 

number of deviants and follower standards in each block (92 standards vs. eight deviants and eight 285 

follower standards per block in the main analysis). Samples were taken from eight bins of standard 286 

stimuli comprising 11 to 12 stimuli each (i.e. one standard stimulus was taken per bin), to ensure equal 287 

stimulus distribution over the course of each block. 288 

We further collected eye tracker data throughout the measurements (The Eye Tribe Tracker, 289 

The Eye Tribe ApS, Copenhagen, Denmark). For the eye tracking analysis, data was separated into 290 

single events and then split into eye blinks and fixations. Regions of interest (ROIs) were defined as the 291 

area around the fixation cross (central fixation) as well as the respective stimulus location (stimulus 292 

gazing). Percentage of gaze time was then calculated as the number of fixations within each ROI 293 

divided by the number of eye tracking data points per event. Finally, these data were averaged for 294 

each subject across events and measurements. 295 

To assess if and how subjects slept during the experimental night (Sleep groups) or day 296 

(Wake groups), we collected actigraphy data and used additional questionnaires (see EExperimental 297 

Design and Procedure for more details). Subjects were asked to press a marker on the Actiwatch when 298 

switching off the lights in the evening and getting up in the morning. In the subjective questionnaires, 299 

subjects should indicate the time they switched off the lights, the time when they fell asleep, how 300 

often and how long they were awake during the night, as well as the time when they got up. Time in 301 

bed (TiB) was calculated as the time between lights off and getting up; sleep period was calculated as 302 

the time between falling asleep and waking up; sleep onset latency (SOL) was calculated as the 303 

difference between lights off and the time falling asleep; and wake after sleep onset (WASO) was 304 

calculated as the time being awake after falling asleep. Congruence between actigraphic and 305 

questionnaire data was calculated using correlations as well as simple ratios for each parameter. For 306 
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raw data analysis of the actigraphy data, we used a standard algorithm as implemented in Respironics 307 

Actiware 5 (RRID:SCR_016440), with a medium threshold for the estimation of wake phases (40 308 

activity counts/epoch for epoch lengths of 15 sec), and a detection algorithm of sleep intervals based 309 

on min of inactivity (10 min of inactivity were set as threshold for the estimation of start and end 310 

phases of a sleep interval). 311 

Two-tailed tests were chosen for all statistical analyses. The level of significance was set to p = 312 

0.05. Mixed ANOVAs as implemented in the GLM module of SPSS 24 (RRID:SCR_002865) were used, in 313 

combination with follow-up t-tests. Greenhouse-Geisser correction of degrees of freedom was applied 314 

when the assumption of sphericity appeared to be violated. We report original degrees of freedom 315 

and corrected p-values in these cases. Analysis of covariance was used to exclude differences in 316 

vigilance as a potential confound. ANCOVA results are reported when the inclusion of vigilance values 317 

post retention led to significant improvements of the statistical model. This was only the case for the 318 

post-retention test in the Long-to-short group, for both error rates (p = .042) and reaction times (p = 319 

.038).  320 
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RResults 321 

Sleep strengthens predictive sequence coding 322 

Subjects (n = 31) were trained on a deterministic 12-item sequence of visual stimuli with short 323 

Response-to-Stimulus Intervals (RSIs; 200 ± 50 ms). The subjects’ task was to react as fast and as 324 

accurately as possible by pressing keys corresponding to the locations of the stimuli (Nissen and 325 

Bullemer, 1987). The next stimulus only appeared after correct user input, i.e. subjects had to correct 326 

their input until they made the right choice. In this context, reaction times for correct(ed) responses 327 

heavily depend on error rates. Accordingly, the latter reflect a more sensitive measure of prediction, 328 

and will be used as our main variable of interest (for reaction-time results, see CControl Analyses). 329 

All subjects included in the analysis had normal night-time sleep (Sleep group, n = 15) or did 330 

not sleep during daytime (Wake group, n = 16), as monitored by actigraphy and subjective 331 

questionnaires (for a comprehensive analysis, see CControl Analyses). Whereas training contained only 332 

standard stimuli, pre- and post-retention tests also contained deviant stimuli that differed from the 333 

standard location sequence (see FFigure 1d). Given that subjects first encountered deviant stimuli in 334 

the pre-retention test session, sleep should not only stabilize the associations between standard 335 

stimuli, but also immunize performance against interruptions by irregular deviants. To test this idea, 336 

we included standard stimuli immediately following deviants (i.e. follower standards) as an additional 337 

factor level into our analyses (Kaposvari et al., 2016).  338 

An initial analysis across both groups (Sleep/wake), pre- and post-retention tests (Pre/post), 339 

and the three stimulus types (standards, deviants and follower standards) indicated that the different 340 

stimulus types induced different numbers of errors (Stimulus type, F(2,58) = 20.07,  = 0.41, p < .001, 341 

mixed ANOVA; FFigure 2a). Importantly, this effect depended on sleep (vs. wakefulness) as indicated by 342 

a significant Sleep/wake  Pre/post  Stimulus type interaction effect (F(2,58) = 4.22,  = 0.13, p = 343 

.026, mixed ANOVA). To unravel this interaction, we calculated separate analyses for the pre- and 344 

post-retention tests. Error rates during the pre-retention test followed a specific linear pattern that 345 

was independent of group assignment (standards < follower standards < deviants, F(1,29) = 22.21,  346 
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= 0.43, p < .001, linear contrast; Sleep/wake x Stimulus type, F(2,58) = 0.47,  = 0.02, p = .580, mixed 347 

ANOVA). In contrast, during the post-retention test, this linear pattern across groups was overlaid by 348 

group-specific processing of the different stimuli (Sleep/wake x Stimulus type, F(2,58) = 6.78,  = 349 

0.19, p = .004, mixed ANOVA). Specifically, sleep subjects committed more errors in response to 350 

deviants than wake subjects (Sleep/wake, t(29) = 2.44, Cohen’s d = 0.87, p = .021, independent-351 

samples t-test). Post-hoc tests indicated that after sleep, the error rates in response to follower 352 

standards and regular standards were highly similar (indicating similar processing of these two 353 

stimulus types) (t(14) = 0.48, Cohen’s d = 0.09, p = .640, paired t-test), whereas after wakefulness, 354 

subjects committed more errors in response to follower standards than standards (t(15) = 2.189, 355 

Cohen’s d = 0.65, p = .045, paired t-test). The inverse dissociation was seen in the comparison of 356 

deviants and follower standards, with fewer errors in responses to follower standards committed after 357 

sleep (t(14) = 3.69, Cohen’s d = 0.95, p = .002, paired t-test), but not after wakefulness (t(15) = 0.45, 358 

Cohen’s d = 0.11, p = .657, paired t-test). 359 

 We calculated a “prediction-strength index” (deviants minus follower standards; FFigure 2b) to 360 

summarize how well the data fit our hypothesis of high error rates for deviants and low error rates for 361 

follower standards. As suggested by the preceding analyses, this prediction-strength index evolved 362 

differently in the two groups (Sleep/wake x Pre/post interaction, F(1,29) = 6.08,  = 0.17, p = .020, 363 

mixed ANOVA). Post-hoc tests showed that the prediction-strength index was significantly enhanced if 364 

the retention period contained sleep compared to wakefulness (t(29) = 3.27, Cohen’s d = 1.16, p = 365 

.003, independent-samples t-test), whereas there was no such difference in the pre-retention test 366 

(t(29) = 0.12, Cohen’s d = 0.04, p = .909, independent-samples t-test). Additionally, the prediction-367 

strength index was significantly different from zero after sleep (t(14) = 3.69, Cohen’s d = 0.95, p = .002, 368 

one-sample t-test), but not after wakefulness (t(15) = 0.45, Cohen’s d = 0.11, p = .657, one-sample t-369 

test; note that these tests are equivalent to the comparison of deviants vs. follower standards above), 370 

whereas it was not significant before the retention interval in either group (Sleep: t(14) = 1.45, 371 

Cohen’s d = 0.37, p = .169; Wake: t(15) = 2.00, Cohen’s d = 0.50, p = .064; one-sample t-tests). 372 
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If sequence knowledge is used to actively predict upcoming stimuli, errors following deviants 373 

should not be random, but reflect a bias towards the standard stimuli which would have occurred in 374 

the trained sequence (Fiser et al., 2010). To analyze such prediction-informed errors (i.e. responses to 375 

deviant stimuli with button presses corresponding to the predicted stimuli), we calculated joint 376 

probabilities for both groups before and after the retention interval (FFigure 3; see MMaterials and 377 

Methods for a detailed description of analysis). We found that the number of prediction-informed 378 

errors depended on both consolidation and group assignment (Sleep/wake  Pre/post interaction 379 

(F(1,29) = 4.54,  = 0.14, p = .042, mixed ANOVA). There were no main effects of Sleep/wake (F(1,29) 380 

= 0.93,  = 0.03, p = .342, mixed ANOVA) or Pre/post (F(1,29) = 0.77,  = 0.03, p = .387, mixed 381 

ANOVA). Post-hoc tests indicated a higher number of prediction-informed errors after sleep compared 382 

to wakefulness in the post-retention test (t(29) = 2.13, Cohen’s d = 0.76, p = .042, independent-383 

samples t-test), with no such difference in the pre-retention test (t(29) = 0.34, Cohen’s d = 0.12, p = 384 

.736, independent-samples t-test). Additionally, while prediction-informed errors showed at least a 385 

trend for being above chance before the retention interval (Sleep, t(14) = 1.96, Cohen’s d = 0.44, p = 386 

.071; Wake, t(15) = 3.14, Cohen’s d = 0.85, p = .007, paired t-tests comparing prediction-informed 387 

error rates with individual baseline error rates as described in the ‘Statistical Analysis’ section of the 388 

Materials and Methods), this effect was conserved only in the Sleep group at the post-retention test 389 

(t(14) = 2.40, Cohen’s d = 0.75, p = .031, paired t-test), whereas it disappeared in the Wake group 390 

(t(15) = 0.35, Cohen’s d = 0.12, p = .731, paired t-test). Together, these findings show that 391 

deterministic associations between stimuli were encoded equally well in both groups. However, sleep-392 

associated consolidation processes are required to transform these associations into lasting memory 393 

traces which are then used to predict future stimuli and prepare appropriate motor responses. 394 

We did not observe significant differences between Sleep and Wake groups on either error 395 

rates for standard stimuli during initial training (Sleep/wake main effect, F(1,29) = 1.03,  = 396 

0.03, p = .318, or Sleep/wake x Block interaction, F(4,116) = 1.00,  = 0.03, p = .397, mixed ANOVA) 397 

or error rates for the three stimulus types during the pre-retention test (see analyses above). 398 
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Moreover, there were no differences between Sleep and Wake groups on any of the control tests 399 

during both pre- and post-retention sessions (see CControl Analyses and TTable 1). Thus, it is unlikely that 400 

our results can be explained by circadian effects during either training or test sessions. 401 

 402 

Sleep improves predictive sequence coding across temporal contexts 403 

We investigated whether sleep contributes to the emergence of an abstracted internal task model 404 

which can be used in modified contexts (Witt et al., 2010). For this, we manipulated the interval 405 

between stimuli (i.e., the RSI between a response and the presentation of the next stimulus) between 406 

pre- and post-retention sessions. In the standard group (reported above), RSIs were short (200 ± 50 407 

ms) both during training (including the pre-retention test) and post-retention test (“Short-to-short” 408 

group). In the “Long-to-long” group (nsleep = 15, nwake = 14), RSIs were increased by a factor of 10 (2000 409 

± 500 ms) during training and post-retention test. Correspondingly, in two additional groups (“Long-to-410 

short”, nsleep = 14, nwake = 14, and “Short-to-long”, nsleep = 16, nwake = 13), RSIs differed at training and 411 

post-retention test.  412 

We found that with long RSIs, the prediction-strength index was distinctly lower than with 413 

short RSIs (F(1,232) = 8.87,  = 0.04, p = .003, for an ANOVA across all groups and retention tests; see 414 

Control Analyses for reaction-time results). In fact, the prediction-strength index was not significantly 415 

different from zero when using long RSIs. This was true both in the pre-retention test (t(56) = 1.45, 416 

Cohen’s d = 0.19, p = .151, one-sample t-test) and in the post-retention test (t(57) = 0.27, Cohen’s d = 417 

0.04, p = .786, one-sample t-test). On the other hand, the prediction-strength index was positive for 418 

short RSIs in both sessions (pre-retention, t(59) = 2.69, Cohen’s d = 0.35, p = .009; post-retention, t(58) 419 

= 3.63, Cohen’s d = 0.47, p = .001, one-sample t-tests). To examine whether sleep fosters the 420 

formation of an abstracted internal model, we thus restricted our analyses to the prediction-strength 421 

index in the Long-to-short group. Testing the difference between Sleep and Wake groups at the post-422 

retention test indicated higher prediction-strength index values after sleep compared to wakefulness 423 

(F(1,25) = 5.32,  = 0.18, p = .030, ANCOVA; FFigure 4). The prediction-strength index was again 424 
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significantly different from zero after sleep (t(13) = 3.14, Cohen’s d = 0.84, p = .008, one-sample t-425 

test), but not after wakefulness (t(13) = 0.24, Cohen’s d = 0.06, p = .812, one-sample t-test). Finally, we 426 

also found prediction-informed errors to be significantly above chance only after sleep (t(13) = 2.32, 427 

Cohen’s d = 0.62, p = .037, paired t-test), but not after wakefulness (t(13) = 1.52, Cohen’s d = 0.41, p = 428 

.153, paired t-test). However, in the Long-to-short group we failed to find a significant difference for 429 

prediction-informed errors after sleep compared to wakefulness (t(26) = 1.15, Cohen’s d = 0.44, p = 430 

.260, independent-samples t-test). 431 

Comparisons across Short-to-short and Long-to-short groups additionally indicated that 432 

prediction strength in both groups was significantly enhanced after the retention interval for subjects 433 

who slept (main effect of Sleep/wake, F(1,55) = 11.54,  = 0.17, p = .001, ANOVA), and this effect was 434 

independent of training RSI (RSI x Sleep/wake, F(1,55) = 1.58,  = 0.03, p = .214, ANOVA). Moreover, 435 

the prediction-strength index was again significantly different from zero after sleep (t(28) = 4.11, 436 

Cohen’s d = 0.76, p < .001, one-sample t-test), but not after wakefulness (t(29) = 0.62, Cohen’s d = 437 

0.11, p = .541, one-sample t-test). When testing across both groups, prediction-informed errors were 438 

significantly higher after sleep compared to wakefulness (F(1,55) = 5.26,  = 0.09, p = .026, ANOVA), 439 

and this effect was again independent of training RSI (RSI x Sleep/wake, F(1,55) = 0.36,  = 0.01, p = 440 

.549, ANOVA). Additionally, prediction-informed errors were again above chance only after sleep 441 

(t(28) = 3.40, Cohen’s d = 0.63, p = .002, paired t-test), but not after wakefulness (t(29) = 1.12, Cohen’s 442 

d = 0.20, p = .272, paired t-test). 443 

 444 

HHigher confidence in triplet recognition after sleep 445 

Importantly, none of the subjects included in our analyses reported full explicit knowledge of the 446 

trained sequence. To probe for explicit knowledge of the sequence model after retention, we had 447 

subjects perform a paper-and-pencil based free recall task, a computerized free recall task, where 448 

they should reconstruct the 12-item sequence; a triplet-recognition task, where they were asked to 449 

indicate for triplets of stimuli (either correct or foil) whether they were part of the sequence or not, 450 
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and a triplet-completion task, where they were asked to complete stimulus triplets by indicating the 451 

position of the last stimulus given information about the two previous ones. In the latter two tasks, 452 

subjects additionally rated their confidence after each trial, on a four-point scale from 1 (very unsure) 453 

to 4 (very sure). Given that we had subjects perform the computerized free recall task twice (once 454 

after the post-retention test and once in the very end of the post-retention session) and analyzed this 455 

task in a liberal as well as a conservative way (see MMaterials and Methods), we had seven measures of 456 

sequence knowledge per group. There were no significant differences between Sleep and Wake 457 

subgroups on any of these measures (p ≥ .088, for 28 independent-samples t-tests across all groups). 458 

Interestingly, however, on the triplet-recognition task we found a significantly higher recognition index 459 

d’ specifically for high-confidence trials (confidence rating ≥ 3) after sleep compared to wakefulness in 460 

the Short-to-short group (t(29) = 2.09, Cohen’s d = 0.38, p = .045, independent-samples t-test; FFigure 461 

5a). Furthermore, on the triplet-completion task, the same subjects showed higher confidence ratings 462 

for correct trials compared to incorrect trials after sleep (t(14) = 3.12, Cohen’s d = 0.81, p = .008, 463 

paired t-test), but not after wakefulness (t(15) = 0.47, Cohen’s d = 0.12, p = .644, paired t-test; 464 

Sleep/wake x Trial type interaction, F(1,29) = 5.41,  = 0.16, p = .027, mixed ANOVA); FFigure 5b). 465 

Assuming that confidence ratings are a more sensitive measure to detect conscious access to implicit 466 

sequence knowledge (Rosenthal et al., 2016), these findings suggest that sleep promotes 467 

metacognitive access to implicitly learned regularities, without leading to full conscious awareness. 468 

 469 

Control Analyses 470 

Control for Different Numbers of Trials 471 

As there was only one deviant and one follower standard per repetition of the 12-item sequence in 472 

the test sessions, the relationship between standards, deviants and follower standards was 10:1:1. To 473 

rule out effects due to the difference in trial numbers, we re-analyzed the main results (cf. SSleep 474 

strengthens predictive sequence coding) using 1000 iterations of random samples of standard stimuli 475 

that matched the number of deviants and follower standards. The pattern of results for these control 476 
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analyses is virtually identical to those reported in the main text: we found significantly different 477 

stimulus type patterns after sleep compared to wakefulness in the post-retention test (95% 478 

confidence interval: p = [.004; .004], mixed ANOVA), but not in the pre-retention test (p = [.659; .687], 479 

mixed ANOVA; Sleep/wake x Pre/post x Stimulus type interaction, p = [.035; .037], mixed ANOVA). 480 

Specifically, error rates for follower standards did not differ from regular standards after subjects had 481 

slept (p = [.524; .558], paired t-test) in comparison to the Wake group (p = [.027; .033], paired t-test). 482 

Results for comparisons between deviants and follower standards, which constitute the prediction-483 

strength index, remain unchanged, as random samples were only taken from the pool of standard 484 

stimuli. 485 

 486 

Individual Analysis of Stimulus Types 487 

Individual analyses for each stimulus type across sessions in the Short-to-short group further showed a 488 

trend for group-specific processing of deviants (Sleep/wake x Pre/post, F(1,29) = 3.31,  = 0.10, p = 489 

.079, mixed ANOVA), which was driven by a numerical increase in error rates for deviants over sleep, 490 

and a numerical decrease over wakefulness (both changes not significant, p ≥ .146). This interaction 491 

was not significant for follower standards (F(1,29) = 1.68,  = 0.06, p = .206, mixed ANOVA). 492 

However, we found a significant group-specific change for the standard stimuli (F(1,29) = 6.86,  = 493 

0.19, p = .014), which was driven by a decrease in errors committed after wakefulness (F(1,15) = 6.34, 494 

 = 0.30, p = .024, mixed ANOVA), and no change over sleep (F(1,14) = 1.42,  = 0.09, p = .254, 495 

mixed ANOVA). These findings are in accordance with the notion that sleep benefits sequence-specific 496 

learning, whereas an equivalent period of daytime wakefulness may lead to an improvement of 497 

general skill knowledge (i.e. an improved visuo-motor and motor-motor coordination;  Cohen et al., 498 

2005; Pace-Schott and Spencer, 2013). 499 

 500 

Analysis across Sessions and Blocks 501 
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Since subjects saw each deviant sequence four times during each test session, we tested for possible 502 

effects of sequence repetition on prediction strength in the Short-to-short group. A 2 x 2 x 3 mixed 503 

ANOVA with between-subjects factor Sleep/wake and within-subjects factors Pre/post and Block 504 

revealed no evidence that the prediction-strength index evolves differently across Pre/post sessions 505 

(Pre/post, F(1,29) = 0.38,  = 0.01, p = .578; Pre/post x Block, F(2,58) = 2.03,  = 0.07, p = .141; 506 

Block, F(2,58) = 0.03,  = 0.04, p = .334; linear and quadratic contrasts for Block, p ≥ .172; mixed 507 

ANOVA) or within sessions (pre-retention: Block, F(2,58) = 1.27,  = 0.04, p = .288; linear and 508 

quadratic contrasts, p ≥ .210; post-retention: Block, F(2,58) = 2.02,  = 0.07, p = .142; linear and 509 

quadratic contrasts, p ≥ .123; mixed ANOVAs). This suggests that there was no effect of sequence 510 

repetition on prediction strength. 511 

 512 

Reaction Times 513 

Subjects in the Short-to-short group were successfully trained on the sequence, as also seen by a 514 

significant decrease in reaction times during training (main effect of Block, F(4,116) = 69.11,  = 0.70, 515 

p < .001; linear contrast, F(1,29) = 116.68,  = 0.85, p < .001; quadratic contrast, F(1,29) = 6.53,  = 516 

0.18, p = .016; mixed ANOVA), and different reaction times for the three stimulus types (F(2,58) = 517 

44.97,  = 0.61, p < .001, mixed ANOVA) (FFigure 6a). In contrast to the error rates, for reaction times 518 

we did not find a significant Sleep/wake x Pre/post x Stimulus type interaction (F(2,58) = 1.02,  = 519 

0.03, p = .365, mixed ANOVA). Hypothesis-driven post-hoc analyses, however, revealed significantly 520 

different reaction time patterns for the stimulus types between the Sleep and the Wake groups in the 521 

post-retention test (Sleep/wake x Stimulus type interaction, F(2,58) = 3.81,  = 0.12, p = .036, mixed 522 

ANOVA), but not in the pre-retention test (F(2,58) = 0.52,  = 0.02, p = .598, mixed ANOVA), which 523 

replicates our findings on error rates in the Short-to-short group (cf. SSleep strengthens predictive 524 

sequence coding). Specifically, we found significantly longer reaction times for deviants compared to 525 

follower standards after sleep (t(14) = 3.41, Cohen’s d = 0.88, p = .004, paired t-test), but not after 526 

wakefulness (t(15) = 0.60, Cohen’s d = 0.15, p = .559, paired t-test). This was further reflected by a 527 
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significantly higher reaction time-based prediction-strength index after sleep compared to 528 

wakefulness in the post-retention test (t(29) = 2.30, Cohen’s d = 0.42, p = .029, independent-samples 529 

t-test), but not in the pre-retention test (t(29) = 0.88, Cohen’s d = 0.16, p = .385, independent-samples 530 

t-test) (FFigure 6b). Additionally, this reaction time-based prediction-strength index was significantly 531 

different from zero after sleep (t(14) = 3.41, Cohen’s d = 0.88, p = .004, one-sample t-test), but not 532 

after wakefulness (t(14) = 0.60, Cohen’s d = 0.15, p = .559, one-sample t-test), whereas this difference 533 

was not significant before the retention interval (Sleep: t(14) = 2.00, Cohen’s d = 0.52, p = .065; Wake: 534 

t(14) = 0.95, Cohen’s d = 0.25, p = .358, one-sample t-tests). However, the respective Sleep/wake x 535 

Pre/post interaction term failed to reach significance (F(1,29) = 1.66,  = 0.05, p = .208, mixed 536 

ANOVA). 537 

 In addition to the results on short (200 ± 50 ms) vs. long RSIs (2000 ± 500 ms) for the error-538 

based prediction-strength index (cf. SSleep improves predictive sequence coding across temporal 539 

contexts), we further found the reaction time-based prediction-strength index to be distinctly lower 540 

with long RSIs as compared to short RSIs (F(1,232) = 14.54,  = 0.06, p < .001, for an ANOVA across all 541 

groups and retention tests). The prediction-strength index was again not significantly different from 542 

zero when using long RSIs, either in the pre-retention test (t(56) = 0.32, Cohen’s d = 0.04, p = .747, 543 

one-sample t-test) or in the post-retention test (t(57) = 0.08, Cohen’s d = 0.01, p = .939, one-sample t-544 

test), whereas it was positive for short RSIs (pre-retention, t(59) = 2.84, Cohen’s d = 0.37, p = .006; 545 

post-retention, t(58) = 4.54, Cohen’s d = 0.59, p < .001; one-sample t-tests). 546 

 547 

Speed-accuracy Tradeoff 548 

Interestingly, subject responded more slowly to stimuli in long RSI conditions as compared to short RSI 549 

conditions (F(1,232) = 6.56,  = 0.03, p = .011, for an ANOVA across all groups and retention tests), 550 

while at the same time, they committed fewer errors in long vs. short RSI conditions (F(1,232) = 4.62, 551 

 = 0.02, p = .033, for an ANOVA across all groups and retention tests). Hence, our results support 552 

the notion of a speed-accuracy tradeoff. Slower responses to stimuli in the long RSI conditions, 553 
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together with lower error rates might be the result of longer but less precisely timed preparation for 554 

responses to upcoming stimuli. Such effects are likely to play a role in stimulus type-specific 555 

processing, as discussed by  Willingham et al. (1997). 556 

 557 

Sleep Parameters 558 

Sleep data was collected via actigraphy and subjective sleep questionnaires. Specifically, time in bed 559 

(TiB), sleep period, sleep onset latency (SOL) and wake after sleep onset (WASO) were collected. 560 

Actigraphic data has previously been demonstrated to show high sensitivity and high accuracy, but low 561 

specificity when compared to EEG-based polysomnography, i.e. they are good at scoring sleep as 562 

sleep, but bad at scoring wake as wake (Marino et al., 2013). Here, congruence between actigraphic 563 

and subjective sleep data was very high (mean ± SEM: 94 ± 3% for TiB, 94 ± 3% for sleep period, and 564 

82 ± 7% for sleep onset latency), as also shown by significant correlations between subjective and 565 

objective measures for TiB (r = .979, p < .001) and sleep period (r = .969, p < .001). We also found a 566 

trend for a correlation between subjective and objective SOL (r = .312, p = .082). Congruence between 567 

actigraphic and subjective data was very low for WASO (mean ± SEM: 27 ± 3%), reflecting the low 568 

specificity of actigraphic sleep recordings. However, we still found a significant correlation between 569 

these measures (r = .469, p < .001).  570 

The Sleep groups showed normal sleep patterns with a TiB of (mean ± SEM) 439.55 ± 10.35 571 

min, a sleep period of 397.46 ± 10.09 min, and a sleep onset latency of 14.96 ± 2.26 min. Sleep 572 

subjects reported rare wake phases during the night (mean ± SEM: 7.13 ± 1.51 min), which was also 573 

confirmed by the actigraphy data (WASO = 27.06 ± 2.10 min). Careful analysis of daytime activities 574 

questionnaires and actigraphy data obtained in the Wake groups were performed to rule out that any 575 

of the subjects slept during the retention interval. Importantly, none of the Wake subjects reported 576 

daytime naps. This was largely confirmed by the actigraphy data, with some reported inactivity phases 577 

(e.g. watching TV) estimated as sleep in four subjects (mean ± SEM for sleep period: 6.82 ± 4.23 min). 578 

 579 
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Eye Tracking 580 

To ensure that our results are not influenced by oculomotor learning (Albouy et al., 2006), subjects 581 

were asked to fixate the center of the screen at all times during the measurements (FFigure 1a). This 582 

was controlled with eye tracking. Central fixation during stimulus presentation was high with 77 ± 2% 583 

at 5° of visual angle around the fixation cross and only 6 ± 1% direct stimulus fixation. 584 

 585 

Control Tests 586 

Before training as well as before the post-retention test, all subjects were tested on a vigilance task 587 

(Diekelmann et al., 2013) and a subjective sleepiness questionnaire (Stanford Sleepiness Scale, SSS; 588 

Hoddes et al., 1972). They further performed tests of their visuo-spatial memory span and supra span 589 

(Corsi, 1973), as well as their chronotype (Horne and Ostberg, 1976). In the Short-to-short group, 590 

there were no significant differences between Sleep and Wake subgroups for any of the control 591 

variables pre-retention (all p > .2, independent-samples t-test) or post-retention (all p > .3, 592 

independent-samples t-tests) (see TTable 1). In the Long-to-short group, the Sleep subgroup had a 593 

greater block span (t(26) = 3.73, Cohen’s d = 0.72, p = .001, independent-samples t-test) and supra 594 

span (t(26) = 2.21, Cohen’s d = 0.43, p = .036, independent-samples t-test), in comparison to the Wake 595 

subgroup. In the Short-to-long group, in the post-retention session, subjects who slept reported to be 596 

less sleepy than subjects who stayed awake (t(27) = 2.16, Cohen’s d = 0.41, p = .040, independent-597 

samples t-test), which was confirmed by objective vigilance values (t(27) = 2.41, Cohen’s d = 0.46, p = 598 

.023, independent-samples t-test). Finally, in the Long-to-long group, subjects in the Sleep subgroup 599 

were more sleepy than subjects who stayed awake before the retention interval (t(27) = 2.74, Cohen’s 600 

d = 0.52, p = .011, independent-samples t-test). However, vigilance performance did not differ 601 

(t(27) = 0.19, Cohen’s d = 0.04, p = .850, independent-samples t-test). Importantly, we did not find a 602 

significant difference between Sleep and Wake subgroups regarding their chronotype in any group (all 603 

p > .5, independent-samples t-tests), excluding substantial chronobiological effects on our results. 604 
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DDiscussion 605 

Our results demonstrate that sleep improves predictive sequence coding. While sleep-dependent 606 

consolidation of sequence knowledge increased the number of errors in response to deviants, it 607 

improved performance for stimuli immediately following deviants. Thus, sleep after acquisition of 608 

sequence knowledge helps putting performance back on track after unpredictable disturbances. 609 

Moreover, when training and testing occurred in different temporal contexts, sleep supported the 610 

transfer of sequence knowledge to the new context. 611 

The present study was inspired by theories of hierarchical predictive coding. In this 612 

framework, our findings imply that during training, the strong statistical regularities in our stimulus 613 

sequences are extracted from bottom-up input and lead to the formation of an internal model of the 614 

trained sequence (Gregory, 1980; Friston, 2012). The following process of memory consolidation 615 

during sleep strengthens this model, rendering it more powerful for predicting how the sequence 616 

unfolds when it is later re-encountered. Subjects who slept after training are therefore able to provide 617 

better predictions about the sequence based on top-down memory templates derived from the 618 

sequence model. This leads to characteristic changes in behavioral responses to different stimulus 619 

types: a boost of prediction errors for unpredictable, model-incongruent deviants, in combination with 620 

quick recovery for predictable, model-congruent follower standards (Mumford, 1992). 621 

While an increase in errors to deviant stimuli (i.e. a decrease in performance) after sleep may 622 

appear counterintuitive, it indicates that sleep consolidated sequence knowledge, with decremental 623 

consequences on post-retention performance if the number of errors is considered in isolation. A 624 

more fine-grained analysis based on different error types supports this interpretation: following sleep, 625 

subjects were more prone to respond to a deviant stimulus with a button press corresponding to the 626 

stimulus which should have occurred. This increase in prediction-informed errors corroborates that 627 

sleep enhanced implicit knowledge of the trained sequence. At the same time, performance improved 628 

for a different set of stimuli: following irregular events, subjects who slept were quicker to catch up 629 

with the trained sequence, as shown by decreased error rates for follower standards. Taken together, 630 
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this pattern indicates that sleep improved knowledge of the sequence model as a whole, rather than 631 

simply reinforcing the links between individual items within the sequence. Since deviants were 632 

introduced before the retention interval, our findings can be explained by a sleep-induced 633 

enhancement of the knowledge that deviants occur from time to time, but that the underlying 634 

sequence is never disrupted for more than one item. 635 

Recent research indicates that sleep does not simply reinforce memories, but rather supports 636 

their abstraction from the concrete learning context (Payne et al., 2009; Diekelmann et al., 2010; 637 

McKeon et al., 2012; Pardilla-Delgado and Payne, 2016; Lutz et al., 2017). Witt et al. (2010) 638 

demonstrated a beneficial effect of sleep in generalizing extrinsic sequence information from one 639 

hand to the other in a finger tapping task, suggesting sleep-dependent consolidation of effector-640 

independent representations. In order to test whether sleep also supports temporal abstraction of 641 

sequence knowledge, we manipulated the temporal distance between sequence items. We found that 642 

with long intervals between stimuli (RSIs), neither error rates nor reaction times could be used to 643 

assess the presence of a predictive sequence model. This agrees with previous findings (Willingham et 644 

al., 1997) and probably reflects masking of predictive behavior when subjects are given enough time 645 

to prepare their responses during the RSI. Nevertheless, when subjects were trained with long 646 

intervals between stimuli, they showed enhanced prediction strength when tested with short intervals 647 

post-retention. Crucially, this temporal abstraction was sleep-dependent: we found significant 648 

differences in prediction strength after sleep compared to wakefulness, and prediction strength was 649 

different from chance only after sleep. This suggests that a functionally equivalent model emerges 650 

when sequence knowledge is acquired in a different temporal context. This aspect is particularly 651 

important given the variability of stimulus parameters in natural environments (Fiser et al., 2010). 652 

In the context of sequence learning, our study helps to clarify the conditions under which 653 

sleep benefits may occur. Previous findings have remained largely inconclusive concerning the role of 654 

sleep especially in implicit sequence learning (Robertson et al., 2004; Fischer et al., 2006, 2007; 655 

Spencer et al., 2006; Song et al., 2007a; Nemeth et al., 2010; Song and Cohen, 2014), possibly because 656 
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tasks and analyses were not focused on the predictive aspects of sequence learning. We used a 657 

modified version of the serial reaction time task (SRTT), and find that sleep does affect sequence 658 

learning. Our use of strongly predictable deterministic sequences may have added to the emergence 659 

of robust sleep effects. Training on deterministic perceptual sequences likely results in stronger 660 

hippocampal involvement than training on probabilistic sequences (Curran, 1997; Poldrack et al., 661 

2001; Schendan et al., 2003; Song et al., 2007a; Turk-Browne et al., 2010) or purely motor sequences 662 

(Rose et al., 2011). While sleep benefits have been demonstrated also for procedural tasks with little 663 

hippocampal engagement, hippocampal involvement might increase this benefit. A recent review by 664 

King et al. (2017) suggests that even for procedural tasks, sleep benefits may depend on hippocampal 665 

engagement. Hippocampal processing may further have been fostered by the use of a spatially 666 

demanding two-dimensional stimulus layout, in contrast to the horizontal layout used in most SRT 667 

studies (Nissen and Bullemer, 1987; Giesbrecht et al., 2013). We also note that interleaving frequent 668 

standard stimuli and rare deviants may have improved sensitivity for detecting differences between 669 

predictable and unpredictable events compared to block-based designs (Willingham et al., 1997). 670 

Finally, in a series of debriefing tests assessing explicit sequence knowledge, we observed 671 

higher confidence levels for correct choices after sleep compared to wakefulness. This may indicate 672 

that strengthening of newly formed sequence models during sleep promotes metacognitive access to 673 

learned stimulus associations (Rosenthal et al., 2016), in agreement with findings of sleep-dependent 674 

conversion of implicitly learned regularities to explicit knowledge (Fischer et al., 2006; Yordanova et 675 

al., 2017). Although sequence learning can operate outside conscious awareness (Song et al., 2007b), 676 

clear-cut sleep effects have only been demonstrated following explicit sequence learning (Robertson 677 

et al., 2004; Spencer et al., 2006; Song et al., 2007a; Janacsek and Nemeth, 2012). A presumed 678 

increase of hippocampal involvement in our protocol as discussed above may have prompted 679 

improved metacognitive access after sleep (Marshall and Born, 2007). 680 

 In summary, we show that sleep improves predictive coding of implicitly learned visual 681 

sequences. An increase in prediction-informed errors and quicker recovery from deviants suggest that 682 
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sleep supports the emergence of a more holistic internal sequence model. This in turn provides better 683 

prediction of upcoming stimuli, and improved transfer of sequence knowledge across temporal 684 

contexts. Sleep also increased confidence for sequence knowledge compared to wakefulness, 685 

presumably reflecting enhanced metacognitive access to the processes supporting decision-making 686 

during explicitness tests, rather than explicit sequence knowledge per se. 687 
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FFigure legends 814 

Figure 1. Task and experimental design. (aa) Subjects sat in front of a computer screen at a distance of 815 

57 cm, while visual stimuli were presented in a sequential order. Their task was to indicate as fast and 816 

accurately as possible at which of six possible locations each stimulus was presented, by pressing 817 

corresponding buttons on a computer keyboard. Subjects were instructed to fixate a cross in the 818 

middle of the screen at all times during the measurements. Stimulus sequences consisted of 12 items 819 

and contained 10 predictable standard stimuli (shown as white circles) and one unpredictable deviant 820 

stimulus (deviating from the standard location sequence; shown as a black circle). Note that stimuli 821 

immediately following deviants are different from normal standards and called follower standards 822 

(shown as a grey circle). Shown is an example deviant sequence containing all three stimulus types. (bb) 823 

The stimulus layout consisted of six locations, oriented in a circle around the center of the screen. 824 

Greyscale Gabor gratings of 5° of visual angle were displayed one after another in two different 825 

stimulus orientations (tilted at an angle of 45° or 135°, respectively). (cc) Example standard and deviant 826 

sequences. In the latter, one stimulus deviates from the standard location sequence and is 827 

immediately followed by a follower standard (for more information, see MMaterials and Methods). (dd) 828 

Subjects were trained on only the standard stimuli either in the evening (Sleep group) or in the 829 

morning (Wake group) and tested after 30 min (pre-retention test). Following sleep vs. wakefulness, 830 

subjects came back in the morning of the following day (Sleep group) or the evening of the same day 831 

(Wake group) and were tested again (post-retention test). Individual deviant stimuli that deviated 832 

from the sequence of standard stimuli were pseudo-randomly shown during both pre- and post-833 

retention tests.  834 

 835 

Figure 2. Sleep improves predictive sequence coding. (aa) After sleep, subjects showed high error rates 836 

for unpredictable deviants and re-normalization of performance for predictable follower standards. In 837 

contrast, after wakefulness, error rates were low for deviants and not significantly different from 838 

follower standards. (bb) These results are further supported by analysis of a prediction-strength index 839 
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(deviants minus follower standards), which was significantly higher after retention periods containing 840 

sleep compared to wakefulness. Importantly, this prediction-strength index was above zero only in the 841 

Sleep group, but not in the Wake group after retention. Mean ± SEM are shown. **p < .01; *p < .05; 842 

(*)p < .1. N = 15 and 16 in the Sleep group and the Wake group, respectively. 843 

 844 

FFigure 3. Higher prediction-informed error rate after sleep. After sleep, subjects displayed significantly 845 

higher rates of prediction-informed errors than after wakefulness, i.e. they were more likely to press 846 

the button corresponding to the predicted stimulus on a deviant trial. This difference was further 847 

reflected in performance compared to chance level (i.e. only the Sleep group performed above chance 848 

in the post-retention test), and could not be seen in the pre-retention test. Mean ± SEM are shown. 849 

**p < .01; *p < .05; (*)p < .1. N = 15 and 16 in the Sleep group and the Wake group, respectively. 850 

 851 

Figure 4. Sleep improves predictive sequence coding across temporal contexts. (aa) Even though 852 

subjects were trained with long Response-to-Stimulus Intervals (RSIs, 2000 ± 500 ms), when tested 853 

with short RSIs (200 ± 50 ms) they showed high error rates for unpredictable deviants and re-854 

normalization of performance for predictable follower standards. In contrast, after wakefulness, error 855 

rates were low for deviants and not significantly different from follower standards. (bb) The prediction-856 

strength index (deviants minus follower standards) was significantly higher after retention periods 857 

containing sleep compared to wakefulness when subjects were tested with short RSIs. Importantly, 858 

the prediction-strength index was different from zero only in the Sleep group, after retention. Mean ± 859 

SEM are shown. **p < .01; *p < .05, (*)p < .1. N = 14 in both Sleep and Wake groups. 860 

 861 

Figure 5. Higher confidence in triplet recognition after sleep. (aa) In a triplet-recognition task, we found 862 

a significantly higher recognition performance (in terms of d’) for high-confidence trials (i.e. trials for 863 

which subjects indicated to remember them with a confidence rating of 3 or 4 on a 4-point scale) after 864 

sleep compared to wakefulness. These results are in line with those of a triplet-completion task (bb), 865 
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where subjects gave significantly higher confidence ratings for correct trials than for incorrect trials 866 

after they slept, whereas there was no difference between the two trial types after an equivalent 867 

period of wakefulness. Mean ± SEM are shown. **p < .01, *p < .05. N = 15 and 16 in the Sleep group 868 

and the Wake group, respectively. 869 

 870 

FFigure 6. Sleep improves predictive sequence coding: analysis of reaction times. (aa) Subjects were 871 

successfully trained on the sequence, as seen by a significant decrease in reaction times during 872 

training and different reaction times for the three stimulus types. After sleep, subjects showed longer 873 

reaction times for deviants in comparison to follower standards. In contrast, after wakefulness, 874 

reaction times for deviants were not significantly different from follower standards. (bb) These results 875 

are further supported by analysis of a reaction time-based prediction-strength index (deviants minus 876 

follower standards), which was significantly higher after retention periods containing sleep compared 877 

to wakefulness. Mean ± SEM are shown. Importantly, this prediction-strength index was above zero 878 

only in the Sleep group, but not in the Wake group after retention. Mean ± SEM are shown. **p < .01, 879 

*p < .05, (*)p < .1. N = 15 and 16 in the Sleep group and the Wake group, respectively. 880 

 881 

Table Legends 882 

Table 1. Control tests. 883 

Asterisks denote significant differences between the Sleep group and the Wake group (**p < .01, *p < 884 

.05, (*)p < .1). Mean ± SEM are shown. Vigilance is measured as reaction time (ms). Chronotype is 885 

measured based on the MEQ and ranges from 1 (definitely evening type) to 5 (definitely morning 886 

type). The Corsi block span is a measure for the number of visual items that can be remembered in 887 

sequence; the supra span test examines the number of repetitions needed until a sequence of visual 888 

items is learned implicitly. SSS, Stanford Sleepiness Scale (7-point-scale on sleepiness). N = 31 for the 889 

Short-to-short group, 29 for the Short-to-long group, 28 for the Long-to-short group, and 29 for the 890 

Long-to-long group. 891 















 

 1 

TTable 1. Control tests.  

  Short-to-short group Long-to-short group Short-to-long group Long-to-long group 

  Sleep group Wake group Sleep group Wake group Sleep group Wake group Sleep group Wake group 

Pre-retention 

session 

Vigilance 458.73±14.56 471.00±9.81 452.14±9.07 445.07±9.23 431.63±12.23 459.69±12.85 442.90±13.01 446.93±10.48 

SSS 2.82±0.20 2.52±0.13 2.93±0.23 2.54±0.13 2.67±0.19 2.35±0.20 3.27±0.26 2.43±0.15* 

Post-retention 

session 

Vigilance 444.33±13.84 460.38±10.64 439.14±5.55 423.43±5.69(*) 425.47±11.15 461.15±12.18* 433.30±8.39 437.64±10.48 

SSS 2.63±0.21 2.78±0.28 2.64±0.20 2.86±0.23 2.28±0.19 2.96±0.26* 2.73±0.21 2.79±0.35 

 Chronotype 3.00±0.14 2.88±0.15 2.93±0.13 2.86±0.10 3.13±0.20 3.00±0.30 2.93±0.12 2.93±0.07 

 Corsi (block span) 6.47±0.32 6.56±0.30 7.21±0.30 5.86±0.21** 6.73±0.32 6.58±0.40 6.00±0.37 6.69±0.36 

 Corsi (supra span) 3.73±0.71 4.81±0.91 5.21±0.73 3.14±0.59* 4.19±0.90 5.15±0.96 3.80±0.76 3.64±0.80 

Asterisks denote significant differences between the Sleep group and the Wake group (**p < .01, *p < .05, (*)p < .1). Mean ± SEM are shown. Vigilance is measured as reaction time (ms). 

Chronotype is measured based on the MEQ and ranges from 1 (definitely evening type) to 5 (definitely morning type). The Corsi block span is a measure for the number of visual items that can 

be remembered in sequence; the supra span test examines the number of repetitions needed until a sequence of visual items is learned implicitly. SSS, Stanford Sleepiness Scale (7-point-scale 

on sleepiness). N = 31 for the Short-to-short group, 29 for the Short-to-long group, 28 for the Long-to-short group, and 29 for the Long-to-long group. 

 


