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results suggest that the construction and generalization of 
novel representations through bootstrapped learning may 
benefit from REM sleep, and more specific object learning 
may also benefit from aW. We discuss these results in the 
context of shared electrophysiological and neurochemical 
features of aW and REM sleep, which are distinct from 
QW and non-REM sleep.
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Introduction

a central question in vision science involves understand-
ing how we segment and recognize novel objects, espe-
cially when camouflaged by a similar looking background. 
this ability is essential for infants learning about their 
new world, for animals searching for food, and predators 
seeking their prey. When explicit cues from motion and 
color are available, the calculation of an object bound-
ary becomes relatively easy (Gegenfurtner and Rieger 
2000; therriault et al. 2009). Using these explicit cues 
or other regularities that define shape contours and bor-
der ownership, the visual system quickly and opportun-
istically assembles features into an object percept (Brady 
and Kersten 2003). alternatively, bootstrapped learning 
occurs under conditions of deep camouflage in which 
objects share the same image cues as their background, 
and the visual system must reassign new functional roles 
to existing image statistics in order to group continuities 
for detection and segmentation of object boundaries. this 
bootstrapped learning process is stimulus dependent and 
requires extensive task-specific training (Brady and Ker-
sten 2003).

Abstract  how do we segment and recognize novel 
objects? When explicit cues from motion and color are 
available, object boundary detection is relatively easy. 
however, under conditions of deep camouflage, in which 
objects share the same image cues as their background, the 
visual system must reassign new functional roles to existing 
image statistics in order to group continuities for detection 
and segmentation of object boundaries. this bootstrapped 
learning process is stimulus dependent and requires exten-
sive task-specific training. Using a between-subject design, 
we tested participants on their ability to segment and rec-
ognize novel objects after a consolidation period of sleep 
or wake. We found a specific role for rapid eye movement 
(REM, n = 43) sleep in context-invariant novel object 
learning, and that REM sleep as well as a period of active 
wake (aW, n = 35) increased segmentation of context-
specific object learning compared to a period of quiet wake 
(QW, n = 38; p = .007 and p = .017, respectively). Per-
formance in the non-REM nap group (n = 32) was not dif-
ferent from the other groups. the REM sleep enhancement 
effect was especially robust for the top performing quartile 
of subjects, or “super learners” (p = .037). together, these 
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Opportunistic and bootstrapped learning mechanisms 
differ in several ways, including distinct patterns of brain 
activity and time courses of learning (Zhang and Kourtzi 
2010). Opportunistic learning can occur during a sin-
gle, 1-h training session, whereas bootstrapped learning 
requires days of training. Brady and Kersten (2003) exam-
ined the time course of these learning models by generating 
a set of objects that shared the same image cues (Fig. 1a). 
When one object was placed in the foreground of a scene 
composed of other, similar objects, it became entirely cam-
ouflaged. When the target object contained color or motion 
cues, recognition was immediate. however, when all the 
objects were grayscaled and static, recognition and segmen-
tation emerged slowly over days of exposure. similar time 
courses of learning have been shown on other bootstrapped 
learning tasks (Zhang and Kourtzi 2010). although the 
mechanism underlying bootstrapped learning is unknown, 
it is possible that this slow process, which emerges over 
days of training, may require sleep to successfully reassign 
new functional roles to image statistics.

sleep plays an important role in consolidation of per-
ceptual learning, which is the long-term improvement 
of performance on a task that is specific to the physical 

features of the trained stimulus. For example, post-training 
improvement on a texture discrimination task is (1) specific 
to the retinotopic location and orientation of the texture; 
(2) develops after at least 6 h of nocturnal sleep; and (3) 
depends on the combination of slow wave sleep (sWs) and 
rapid eye movement (REM) sleep (aeschbach et al. 2008; 
Gais et al. 2000; Karni and sagi 1991; Karni et al. 1994; 
stickgold et al. 2000). Importantly, perceptual learning 
improvements following a nap are equivalent to those fol-
lowing a full night of sleep. however, naps with sWs alone 
are not sufficient to facilitate perceptual learning; rather, 
naps that contain both sWs and REM are necessary for 
perceptual learning to occur (Mednick et al. 2003). taken 
together, previous studies suggest a functional significance 
for sleep, particularly REM sleep, during consolidation of 
perceptual learning.

the present study investigates the role of REM sleep 
in bootstrapped learning of novel objects using a nap 
paradigm. Nap studies (1) eliminate circadian confounds; 
(2) provide a high level of experimental control [com-
parisons with active wake (aW) or quiet wake (QW)]; (3) 
allow titration of sleep stages by modulating the duration 
and time of day of the nap; and (4) show the same sleep-
dependent learning benefits as nocturnal sleep (Mednick 
et al. 2003). We tested four experimental groups: naps 
with REM sleep (REM), naps with non-REM sleep only 
(NREM), QW, and aW. the two non-sleep groups allowed 
for two levels of control of interference. QW was a low-
interference condition in which subjects remained awake 
while quietly resting in a dark room with their eyes closed 
with electroencephalographic (EEG) monitoring to confirm 
wakefulness, whereas the aW group went about their daily 
routine with no control for daytime interference. Based on 
the previous literature suggesting REM-dependent percep-
tual learning, we hypothesized that REM sleep would facil-
itate segmentation and recognition on the object learning 
task compared to NREM sleep and wake.

Methods

subjects

a total of 148 (107F) native English speakers between the 
ages of 18–35 with no personal history of neurological, 
psychological, or other chronic illness gave informed con-
sent to participate in the experiment, which was approved 
by the Institutional Review Board at the University of cal-
ifornia, san Diego. subjects were asked to maintain their 
usual sleep–wake schedule during the week prior to the 
experiment and to refrain from consumption of caffeine, 
alcohol, and all stimulants for 24 h prior to the begin-
ning of the experiment as well as throughout the study 

Fig. 1  a a digital embryo with and without background. Digital 
embryo scenes mimic aspects of nature’s extreme forms of camou-
flage. b segmentation task tracing example. the subject traced a seg-
ment in light blue. the tracing was color coded by the experimenter. 
correct segments were coded green, extraneous were coded red, and 
yellow were missing in the subject’s original trace
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day. heavy caffeine users were not enrolled to exclude 
the possibility of significant withdrawal symptoms dur-
ing the experiment. subjects completed sleep diaries for 
5–7 days before the experiment and wore actigraph wrist-
watches (actiwatch-64, Respironics) the night before the 
experiment to provide subjective and objective measures 
of sleep–wake activity, respectively. We also assessed trait 
daytime sleepiness with the Epworth sleepiness scale 
(Johns 1991) and evaluated circadian phase preference 
for morningness or eveningness with the horne–Östberg 
Morningness–Eveningness Questionnaire (horne and Ost-
berg 1976).

stimuli

stimuli, adapted from Brady and Kersten (2003), were 3D 
shapes derived from “digital embryos” rendered using com-
puter graphics (Fig. 1a). these objects appear to be organic 
forms but do not resemble a familiar class of organism. When 
grouped together, they create a strong camouflage. stimuli for 
the segmentation task were presented using adobe Photoshop 
Elements 7, and the recognition task was presented using 
E-Prime software (Psychology software tools Inc.).

segmentation task

During session 1, subjects were shown a scene of objects in 
which a target object was situated in the foreground. sub-
jects were given no hints or guidance, but simply instructed 
to find an object located in the foreground. although there 
was always a specific target object present, subjects were 
naïve to the task and could choose anything they considered 
an object. subjects used the mouse to trace a line around the 
boundaries of what they thought might be a possible object. 
they performed this task for three separate scenes each con-
taining a different object (objects a, B, and c). In session 2, 
subjects were presented the same three objects in the same 
scenes and again asked to trace the foreground object. the 
same exact instructions were given in session 2 (e.g., no 
guidance except to find an object located in the foreground).

Object training

Following the segmentation task, and immediately prior to 
object training, subjects were oriented to the type of objects 
they would be asked to identify. subjects were shown three 
highlighted examples of objects embedded in a scene of 
other similar objects. these examples were never used in 
the actual experiment.

During session 1, subjects were trained on target objects 
a, B, and c. training consisted of sequentially showing 
objects a, B, and c for 10 s each and then repeating a, B, and 
c until each object appeared 10 times for a total of 30 trials. 

In each trial, the background objects and the target object 
location were changed. sounds that mimicked three dis-
tinct birdcalls were systematically played with each object’s 
appearance, so as to imitate a natural object learning scenario 
where an object may emit a sound which helps to identify it.

Recognition task

subjects were tested on their ability to recognize the 
trained objects in camouflaged scenes during session 2. 
test stimuli consisted of a target or novel object embed-
ded in a background of other objects. Each trial was a four 
alternative forced choice response, where the choices were 
a, B, c, or novel. No sounds or segmentation clues were 
provided, and the background objects and the target object 
location changed with each trial. there were 30 trials in 
total, with 5 trials per target object and 15 novel trials.

Experimental timeline

the experimental timeline is shown in Fig. 2. On the 
experimental day, subjects reported to the laboratory 
for sleep and Behavioral Neuroscience at the san Diego 
Veterans affairs Medical center. at 9:00 a.m., subjects 
completed the segmentation task, followed by object 
training. subjects were then randomly assigned to one of 
four groups: 60-min nap, 90-min nap, QW, or aW. sub-
jects assigned to the nap conditions took a nap recorded 
with polysomnography (PsG) at 1:30 p.m. Given that 
shorter naps have less REM sleep than longer naps, the 
use of two nap durations increased the likelihood of hav-
ing a significant number of subjects in both the REM and 
NREM groups. after the completion of the experiment, 
sleep stage scoring was used to assign subjects to either 
the REM (n = 43/30F, naps containing one or more min-
utes of REM sleep) or NREM (n = 32/25F) groups. Of the 
35 subjects originally assigned to the 90-min nap group, 
25 obtained REM sleep. Eighteen subjects originally 
assigned to the 60-min nap group also obtained REM sleep 
and were included in the REM group for all future analy-
ses. all other nap subjects comprised the NREM group; 
six of these subjects did not display sWs. subjects in the 
QW condition sat in a recliner listening to classical music 
with PsG monitoring (n = 38/25F) to ensure wakefulness, 
whereas the aW group (n = 35/27F) carried out their nor-
mal daily activities but were instructed to abstain from caf-
feine, alcohol, and napping. Wakefulness in the aW group 
was monitored using actigraphy. at 4:00 p.m., subjects 
completed the segmentation and recognition tasks. Imme-
diately prior to each testing session, subjects’ momentary 
state of alertness/sleepiness was measured with the Karo-
linska sleepiness scale (Kss) at 9:00 a.m. and 4:00 p.m. 
(Åkerstedt and Gillberg 1990).
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Polysomnography

at 12:30 p.m., electrodes were attached for standard PsG 
recording. subjects were in bed by 1:30 p.m. Depending 
on their random group assignment, subjects were allowed 
to nap for a maximum of either 60 or 90 min, but given 
no more than 120 min in bed. all subjects napped at the 
same time of day to control for circadian effects on sleep 
architecture.

all PsG data were collected using astro-Med Grass 
heritage Model 15 amplifiers and Grass Gamma software. 
scalp EEG and EOG electrodes were referenced to unlinked 
opposite mastoids (c3/a2, O1/a2, c4/a1, O2/a1, lOc/
a2, and ROc/a1), and muscle tone EMG electrodes were 
attached under the chin. PsG data were digitized at a sam-
pling rate of 256 hz and visually scored in 30-s epochs 
according to the sleep staging criteria of Rechtschaffen and 
Kales (1968). the variables examined from these PsG data 
were sleep latency (sl), wake after sleep onset (WasO), 
minutes and percentage of stage 1, stage 2, sWs, REM, 
total sleep time (tst), and sleep efficiency.

statistical analyses

Experimental nap sleep variables were compared between 
NREM and REM nap groups with independent-samples t 
tests. the relationship between specific sleep variables and 
behavioral performance was examined by computing bivar-
iate Pearson correlations. Kss (state subjective sleepiness) 
scores were analyzed using a repeated-measures analysis of 
variance (aNOVa) with time (9:00 a.m./4:00 p.m.) as the 
within variable and condition (aW/QW/NREM/REM) as 
the between variable.

We calculated two performance measures for the recog-
nition task—proportion correct [as reported in Brady and 
Kersten (2003)] and a d prime (d′) discrimination sensitiv-
ity index.

Proportion Correct

= {(Correct ‘target object’ identification)

+ (Correct ‘novel object’ identification)}/

Total number of trials

Fig. 2  Experimental timeline. at 9:00 a.m., subjects were shown 
three separate scenes and asked to trace a line around the boundaries 
of what they thought might be a possible foreground object (segmen-
tation task). Immediately following, subjects completed object train-
ing of target objects a, B, and c. training consisted of sequentially 
showing objects a, B, and c for 10 s each and then repeating a, B, 
and c until each object appeared 10 times for a total of 30 trials. 
three distinct birdcall sounds were systematically played with each 

object’s appearance. subjects either napped or remained awake from 
1:30 to 3:30 p.m. at 4:00 p.m., subjects were tested on their ability to 
recognize the trained objects on a four alternative forced choice task 
(a, B, c, or novel?). the recognition test was 30 trials in total—15 
novel trials and 5 trials per target object. subjects were again shown 
three scenes and asked to trace a line around the boundaries of the 
foreground object (segmentation task)
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Each trial of the recognition task had a four alterna-
tive forced choice response. chance performance on this 
task is .25 for an observer who guesses at all choices with 
equal probability, or .5 for an observer who always guesses 
“other,” which is the upper bound of any guessing strat-
egy. We first assessed overall novel object learning in each 
group using one-sample t tests, comparing proportion cor-
rect to the .5 chance level criterion.

hits and false alarms were calculated for each of the 
three target objects separately. For each object, there was 
a maximum of five hits (e.g., respond a to object a) and 
a maximum of 15 false alarms (e.g., respond a to a novel 
object). We averaged the hit rate and false alarm rate for all 
three objects and then calculated an overall d′.

tracing errors on the segmentation task were of two 
types, missed contour segments and extraneous tracing (see 
Fig. 1b). tracings were scored by combining tracing path 
lengths as follows:

at trace score = .5, the amount of correct tracing equals 
the amount of tracing error. a difference score was calcu-
lated to measure improvement on the tracing segmentation 
task from session 1 to session 2.

Group differences on both tasks were examined using 
one-way aNOVa with four levels of the between-subject 
variable condition (aW/QW/NREM/REM). Post hoc t tests 
further specified differences between groups. For the rec-
ognition task, “super learners” (75th percentile and above; 
aW: n = 16/12F, QW: n = 6/4F, NREM: n = 10/9F, REM: 
n = 16/8F) and “weak learners” (25th percentile and below; 
aW: n = 8/7F, QW: n = 17/8F, NREM: n = 12/8F, REM: 
n = 14/11F) were identified by splitting participants into 
quartiles based on recognition proportion correct performance 
(as previously done in Brady and Kersten 2003). One-way 
aNOVa and post hoc t  tests were repeated to examine the 
effect of sleep/wake conditions within each of these groups.

Results

Experimental nap variables and other sleep characteristics

We found no group differences on any non-experimental 
sleep variable examined in this study: (1) prior nocturnal 
sleep (p = .596); (2) trait subjective sleepiness (p = .372); 
(3) morningness versus eveningness preference (p = .723); 
or 4) nap habits (p = .737). these results confirm that nap 
assignment was not confounded by any of the above sleep 
characteristics.

d
′ = Zhit rate− Zfalse alarm rate

Trace Score = (Trace Correct)/{(Trace Correct)

+ (Trace Missing) + (Trace Extraneous)}

table 1 contains a summary of the experimental nap 
sleep variables. By design, tst differed between the 
NREM and REM groups (t(73) = 6.30, p < .001). Min-
utes to sleep onset (sl) and minutes of WasO were 
both increased for NREM compared to REM naps [sl: 
t(73) = 5.47, p < .001; WasO: t(73) = 2.43, p = .017]. 
accordingly, REM naps had greater sleep efficiency 
compared to NREM naps [t(73) = 4.86, p < .001]. there 
were no detectable differences in minutes or percent of 
stage 1 or sWs. REM naps had more minutes of stage 
2 [t(73) = 4.04, p < .001], but there was no difference in 
stage 2 percent. Within the NREM group, six of the naps 
did not contain sWs.

Object recognition task

all four groups showed significant novel object learning 
with proportion correct significantly greater than the .5 
chance level criterion [aW: t(34) = 5.04, p < .001; QW: 
t(37) = 2.41, p = .021; NREM: t(31) = 3.70, p = .001; 
REM: t(42) = 5.42, p < .001].

there was an effect of condition on recognition task pro-
portion correct [F(3,144) = 3.13, p = .028]. Post hoc t tests 
demonstrated significantly greater recognition performance 
in the aW [t(71) = 2.45, p = .017] and REM [t(79) = 2.79, 
p = .007] groups compared to the QW group (Fig. 3a). We 
repeated the same analysis for d′ and also found a signifi-
cant effect of condition [F(3,144) = 2.78, p = .043]. Post 

Table 1  Experimental nap sleep variables as measured with poly-
somnography

asterisks represent a statistically significant difference between 
NREM and REM nap groups

* p < .05

** p < .01

NREM
M (SD)

REM
M (SD)

total sleep time (min)** 51.2 (17.4) 76.0 (16.4)

sleep latency (min)** 9.6 (5.0) 4.8 (2.5)

Wake after sleep onset (min)* 17.2 (15.6) 9.8 (10.9)

sleep efficiency (%)** 66.4 (20.1) 83.9 (10.8)

Minutes

 stage 1 7.3 (5.1) 8.5 (6.0)

 stage 2** 28.8 (11.3) 39.7 (11.8)

 sWs 15.1 (14.1) 13.6 (13.8)

 REM 0 14.1 (9.8)

Percent (% tst)

 stage 1 16.3 (13.5) 12.2 (10.4)

 stage 2 57.9 (16.3) 52.4 (11.7)

 sWs 26.0 (21.6) 17.4 (16.8)

 REM 0 18.1 (11.0)
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hoc t tests demonstrated significantly greater d′ in the REM 
[t(79) = 2.60, p = .011] group compared to the QW group 
(Fig. 4a). 

however, not all observers can learn to recognize and 
segment objects following limited training (Brady and 
Kersten 2003). We next examined recognition perfor-
mance within the top and bottom quartiles of performers 
based on proportion correct (Fig. 3b, c). super learners 

had a mean recognition score of .76 ± .09 (M ± sD), 
whereas weak learners performed significantly worse 
(p < .001) with a mean recognition score of .45 ± .05, 
which is right below the .5 chance criterion level. Inter-
estingly, super learners benefited most from REM sleep 
[F(3,44) = 3.09, p = .037]. Within the super learners, 
the REM group learned better than aW [t(30) = 2.20, 
p = .036], QW [t(20) = 2.23, p = .037], and NREM 

Fig. 3  Recognition task 
performance as measured by 
proportion correct. the dotted 
line indicates chance perfor-
mance for an observer who 
always guesses “novel,” which 
is the upper bound of any 
guessing strategy. a all four 
groups performed significantly 
better than chance. Recognition 
performance was greater for 
active wake (aW) and REM nap 
groups compared to quiet wake 
(QW). b For super learners 
(75th percentile and above), 
recognition performance was 
significantly greater follow-
ing REM naps than aW, QW, 
or non-REM (NREM) naps. c 
Weak learners (25th percentile 
and below) performed below 
chance level and did not show 
any group differences in recog-
nition performance. *p < .05, 
and **p < .01

Fig. 4  Recognition task 
performance as measured by 
d prime (d′). a Recognition 
performance was greater for the 
REM nap group compared to 
quiet wake (QW). b For super 
learners (75th percentile and 
above), recognition perfor-
mance was significantly greater 
following REM naps than aW 
or non-REM (NREM) naps. c 
Weak learners (25th percentile 
and below) did not show any 
group differences in recognition 
performance. *p < .05
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[t(24) = 2.29, p = .031] groups. there were no group dif-
ferences for the weak learners [F(3,47) = 1.32, p = .280]. 
similarly for d′, there were differences within the super 
learners [F(3,44) = 3.35, p = .027] and no differences 
in weak learners [F(3,47) = .531, p = .663] (Fig. 4b, c). 
super learners in the REM group had greater d′ compared 
to the aW [t(30) = 2.22, p = .034], QW [t(20) = 2.00, 
p = .059, marginal], and NREM [t(24) = 2.17, p = .04] 
groups.

Given the difference in recognition performance 
between the two nap groups, sleep variables were corre-
lated with performance for each group separately. Recog-
nition task performance, neither proportion correct nor d′, 
was not correlated with any experimental nap sleep vari-
able, including tst in either NREM (r = .114, p = .533) 
or REM (r = −.068, p = .665) nap groups. therefore, it is 
unlikely that the REM sleep benefit was due to increased 
tst in the REM group.

segmentation task

there were no session 1 baseline differences between 
groups on the segmentation task [F(3,143) = 1.17, 
p = .324]. We found a between-group difference in the 
trace difference score [F(3,139) = 2.93, p = .036], which 
quantified improvement on the segmentation task from 
session 1 to session 2. the aW [t(70) = 2.71, p = .009] 
and REM [t(76) = 2.07, p = .042] groups showed greater 
performance improvement compared to QW (Fig. 5). seg-
mentation task performance was not correlated with any 
experimental nap sleep variable in either group, includ-
ing tst (NREM: r = .057, p = .765; REM: r = .134, 
p = .405).

state subjective sleepiness (Kss)

We examined subjects’ momentary state of sleepiness/
alertness immediately prior to each testing session and 
found a time × condition interaction [F(3,143) = 6.33, 
p < .001], but no main effects of time or condition (Fig. 6). 
though there were no differences in sleepiness at 9:00 a.m. 
(p = .786), significant differences emerged in the afternoon 
(4:00 p.m.) after the nap [F(3,143) = 6.497, p < .001]. 
specifically, the aW group was sleepier than the NREM 
[t(65) = 3.13, p = .003] and REM [t(76) = 4.10, p < .001] 
groups.

to determine whether performance could have been 
driven by differences in subjective sleepiness, we corre-
lated the 4:00 p.m. Kss scores with behavioral task perfor-
mance. Despite group differences, there were no significant 
correlations between subjective sleepiness and performance 
on either segmentation (r = −.120, p = .156) or recogni-
tion performance (r = −.010, p = .903).

Discussion

In the present study, we demonstrate that the process 
of learning to segment and recognize novel objects is 
enhanced during offline consolidation periods contain-
ing both wake and sleep. however, not all states of wake 
and sleep lead to improved performance. as predicted, we 
found that naps with REM sleep were beneficial for boot-
strapped learning as observed in both the recognition and 
segmentation tasks. surprisingly, aW also facilitated object 
learning in the segmentation task, compared to QW. Fur-
ther, REM sleep, more so than aW, QW, and NREM, gave 
some subjects an even greater advantage, as measured in 
super learners who performed in the top quartile. simi-
larly, Brady and Kersten (2003) showed that super learn-
ers benefitted from training on this task across multiple 
days, whereas weak learners did not improve across days. 

Fig. 5  segmentation task performance. the trace difference score 
quantified improvement on the segmentation task from session 1 to 
session 2. Naps with REM sleep and active wake (aW) produced 
greater tracing performance improvements compared to quiet wake 
(QW). *p < .05, and **p < .01

Fig. 6  subjective sleepiness rating interaction. there was no differ-
ence in sleepiness ratings between groups at 9:00 a.m. however, fol-
lowing the nap at 4:00 p.m., the active wake (aW) group was sleepier 
than the non-REM (NREM) and REM nap groups. **p < .01, and 
***p < .001
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the present findings suggest that super learners, compared 
with weak learners, are better able to utilize the REM sleep 
benefits during consolidation to speed up the time course 
of bootstrapped learning. thus, we found that an optimal 
offline state for consolidation of bootstrapped object learn-
ing is REM sleep and that some learning can also occur 
during aW, whereas QW and NREM states are not condu-
cive to learning.

Differences between the segmentation and the recog-
nition task may provide insight into why aW facilitated 
learning in one versus the other. First, the segmentation 
task presented subjects with the identical scene (same 
background objects and same target object location) in  
sessions 1 and 2, whereas target objects were presented in a  
different location in front of different background objects in 
each training and test trial of the recognition task. thus, the 
segmentation task required learning of specific contexts, 
which may be facilitated by both aW and REM sleep, 
whereas the recognition task required context-invariant 
generalization to novel scenarios. Generalization of learn-
ing has been associated with REM sleep in other studies 
(cai et al. 2009; McDevitt et al. 2013; smith and smith 
2003; stickgold et al. 1999). In the present case, we have 
shown that REM sleep appears to benefit generalization by 
increasing invariance in object recognition.

What are some possible sources of similarity between 
aW and REM, and do QW and NREM also share similar 
features? answers to these questions may come from stud-
ies examining functional changes associated with differ-
ing mental states. aW is an exploratory state during which 
task-dependent increases in cerebral blood flow are found 
in brain areas associated with the maintenance of arousal, 
stimulus processing, motivation, and decision-making. 
similarly, during REM sleep, cerebral blood flow and 
metabolism are also increased in areas relevant to arousal, 
as well as areas associated with visual processing, emo-
tions, and rational cognitive functions (Braun et al. 1997, 
1998; Maquet et al. 2000; Koike et al. 2011; larson-Prior 
et al. 2009). REM sleep is also characterized by increased 
low voltage, fast activity EEG patterns, and high arousal 
levels that are similar to active waking (tononi et al. 1998). 
In addition, levels of intrahemispheric temporal coupling of 
fast EEG activity in perceptual regions (i.e., occipital, pari-
etal, and temporal sites) observed during wakefulness are 
maintained during REM sleep (corsi-cabrera et al. 2003; 
Pérez-Garci et al. 2001).

a different network of brain areas becomes active once 
the subject is no longer engaged in a particular task (e.g., 
QW), referred to as the default mode network (Buckner 
et al. 2008). During the default mode state, the mind is 
occupied by task-independent introspection or self-referen-
tial thought (andrews-hanna 2012), and brain metabolism 
exhibits a circuit of correlated activity patterns in areas 

relevant to information integration (Koike et al. 2011), 
mind-wandering and unconstrained thought (Mason et al. 
2007), internal mentation, and autobiographical memory 
(svoboda et al. 2006; Buckner et al. 2008). Interestingly, 
a common network of brain areas appears to be active dur-
ing the default mode and NREM sleep, although these two 
states of consciousness are not equivalent and are distinct 
in many other ways. a study using simultaneous high-den-
sity EEG and functional magnetic resonance imaging dem-
onstrated no measurable change in functional connectivity 
as subjects moved from QW to NREM sleep (larson-Prior 
et al. 2009).

REM and aW also share neuromodulatory features asso-
ciated with synaptic plasticity that are distinct from QW 
and NREM. For example, acetylcholine (ach) is a neuro-
transmitter important for plasticity and memory that shows 
significant fluctuations across aW, QW, NREM, and REM 
sleep. Microdialysis studies report that ach levels are 
higher when the animal is exploring during aW than dur-
ing QW, when the animal is immobile, eating, or grooming. 
ach levels fall to 1/3 of waking levels during NREM sleep, 
but rise to levels above aW during REM sleep (Jasper and 
tessier 1971; Kametani and Kawamura 1990; Marrosu 
et al. 1995; hasselmo and McGaughy 2004).

high levels of cholinergic transmission during aW 
and REM set the neural dynamics for increased synaptic 
plasticity. Much evidence shows that the cholinergic sys-
tem can regulate the induction of long-term potentiation 
(ltP), the leading model of synaptic plasticity (luo et al. 
2008; segal and auerbach 1997; Blitzer et al. 1990; Patil 
et al. 1998). thus, ltP is easily initiated during aW and 
REM sleep (Buzsáki 1989; hasselmo 1999; hasselmo and 
Bower 1993; Matsukawa et al. 1997), whereas ltP may be 
reduced during NREM sleep (Jones leonard et al. 1987, 
however see chauvette et al. 2012). QW is also a state 
of low synaptic plasticity as it is by definition a period of 
reduced encoding and low sensory input (Mednick et al. 
2011).

Importantly, ltP is a likely mechanism of synaptic 
plasticity in perceptual learning (sale et al. 2011). Percep-
tual learning was reduced by blockade of either NMDa or 
aMPa glutamatergic receptors during a sleep period, fol-
lowing training on the texture discrimination task (Gais 
et al. 2008). additionally, many studies have shown per-
ceptual learning increases following a consolidation period 
with ach-rich REM sleep (Karni et al. 1994; Mednick 
et al. 2003). also consistent with this, pharmacologically 
enhanced ach increased the magnitude and specificity of 
perceptual learning for both motion and texture discrimi-
nation tasks (Rokem and silver 2010, 2013; Beer et al. 
2013 ). taken together, these studies indicate that both aW 
and REM sleep are periods of ach-associated plasticity, 
whereas QW and NREM sleep are periods of decreased 



Exp Brain Res 

1 3

plasticity, with correspondingly low levels of ach. thus, 
although the brain is asleep during REM, it appears more 
similar to aW functionally, electrophysiologically, and 
neurochemically than either QW or NREM.

Returning to the present behavioral results, we found 
that aW and REM sleep facilitated object learning more so 
than QW and NREM sleep. considering the task, subjects 
learned to integrate discontinuities into coherent contours 
for segmentation and recognition of non-traditional object 
boundaries. sleep periods containing both NREM and 
REM sleep stages have been shown to facilitate abstrac-
tion and integration of learning on other tasks as well, such 
as statistical learning (Durrant et al. 2011), the integration 
of new information into existing associative networks (cai 
et al. 2009), generalization of motion direction discrimina-
tion learning (McDevitt et al. 2013), and language learning 
in infants (however, sleep was not measured in this study) 
(Gómez et al. 2006). Interestingly, aW also appears to 
facilitate this integration process.

although aW and REM are similar states in terms 
of plasticity, they are differentiated by the fact that REM 
sleep is a period of low interference from the environ-
ment. similarly, NREM and REM groups are similar in 
regard to reduced external interference, but are differenti-
ated by different levels of plasticity. Our findings suggest 
that the unique combination of high plasticity (possibly due 
to heightened ach) and limited external interference (due 
to sleep) found during REM sleep is the optimal state for 
the construction of novel object representations through 
bootstrapped learning. REM sleep especially boosted per-
formance in super learners, who demonstrated increased 
magnitude of learning. although NREM sleep, specifically 
sWs, most likely plays a beneficial role for object recog-
nition and perceptual learning, sWs alone is not enough 
to produce this benefit. Rather, these data add to a grow-
ing body of literature, suggesting that the combination of 
sWs and REM sleep is critical for learning and memory 
improvements.

Importantly, these performance differences were not 
related to differences in sleepiness across the four groups. 
although the aW group showed the greatest levels of 
sleepiness in the afternoon, they could identify more 
objects than the other groups who showed less sleepiness. 
Furthermore, although naps with REM sleep were longer 
than NREM naps, tst was not correlated with perfor-
mance. thus, we do not think that the data can be explained 
by either of these factors.

Future studies directly measuring functional activ-
ity and ach levels and/or manipulating ach via drug 
intervention may help to define a more robust relation-
ship between aW and REM sleep. also, considering aW 
proved beneficial for segmentation of novel objects spe-
cifically, a more controlled aW period would allow for 

a clearer picture of what specific waking activities may 
facilitate this type of object learning. additionally, our 
interpretation of recognition performance changes was 
limited because we did not have a baseline measurement 
for the recognition task. Future studies should include an 
immediate recognition test following training, in order to 
specifically measure memory gains or losses across offline 
consolidation periods.

While the present findings advance our understanding of 
bootstrapped learning, many questions remain. First, what 
is the mechanism by which we utilize periods of increased 
plasticity for object identification and recognition? second, 
do REM and aW enhance learning by similar or distinct 
mechanisms (i.e., context invariant vs. context specific)? 
third, what is the pattern of brain activity underlying these 
benefits? Fourth, what is the role of REM sleep in infant 
object learning? While much remains to be learned, this 
study identifies two distinct states of consciousness (REM 
and aW) that can elicit similar memory benefits despite 
(and possibly due to) increased plasticity during offline 
consolidation.
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