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Abstract—Sleep staging is a key challenge in diagnosing and
treating sleep-related diseases due to its labor-intensive, timeconsuming, costly, and error-prone. With the availability of largescale sleep signal data, many deep learning methods are proposed
for automatic sleep staging. However, these existing methods
face several challenges including the heterogeneity of patients’
underlying health conditions and the difficulty modeling complex
interactions between sleep stages. In this paper, we propose a
neural network architecture named DREAM to tackle these issues for automatic sleep staging. DREAM consists of (i) a feature
representation network that generates robust representations for
sleep signals via the variational auto-encoder framework and
contrastive learning and (ii) a sleep stage classification network
that explicitly models the interactions between sleep stages in
the sequential context at both feature representation and label
classification levels via Transformer and conditional random field
architectures. Our experimental results indicate that DREAM
significantly outperforms existing methods for automatic sleep
staging on three sleep signal datasets.
Index Terms—deep learning, domain invariant, contrastive
learning, sleep staging, sleep dynamics, EEG analysis

I. I NTRODUCTION
Sleep is a vital process for humans that significantly affects
brain function. High-quality sleep benefits humans’ physical
and mental health, and sleep disorders such as insomnia
and sleep apnea can affect functions of the immune system,
memory, and metabolism [1]. Sleep stage identification, used
in the diagnosis and treatment of sleep disorders, has therefore
become a critical task for reducing this burden and enhancing
life quality. Sleep specialists often rely on polysomnography (PSG) studies, which include physiological signals such
as electroencephalography (EEG), electrooculography (EOG),
electrocardiogram (ECG), or electromyography (EMG) to
identify the sleep stages of sleep segments (i.e., 30-second
intervals) [2]. However, the manual classification of these sleep
segments is highly challenging: it is labor-intensive, timeconsuming, costly, and prone to human errors–especially in
the current big data era in which at-home and mobile wearable
devices are popular.
Recently, automatic sleep staging–in which machine intelligence assists sleep specialists in labeling sleep segments–
has gained significant attraction. In particular, many deep
learning architectures have been proposed to automatically
extract meaningful features from raw signals to identify the
* The first two authors contributed equally to this work.

stages of sleep [3]–[8]. Although promising results have been
reported in their experiments, existing methods have not sufficiently addressed some critical challenges, thereby hindering
the prediction performances. These challenges are as follows:
C1. Physiological signals vary significantly across subjects
due to the differences in subjects’ underlying health conditions
(i.e., each subject can be considered as one domain whose
physiological signal values are generated by a distinct distribution). Capturing sleep-relevant and subject-invariant features
is key to generalizing prediction performances of automatic
sleep staging systems to new subjects.
C2. Sleep stages are known to have a strong transition [9].
The incapability of existing methods to capture the dynamics
of sleep stages at both the feature representation and label
classification levels can lead to inaccurate results.
To tackle these challenges, we propose a new neural network-based framework named Domain invaRiant and
contrastivE representAtion for sleep dynaMics (DREAM).
DREAM consists of two main components: (i) the feature
representation network leveraging variational auto-encoder
(VAE) and contrastive learning (which addresses C1) and (ii)
the sleep stage classifier constructed from Transformer and
conditional random field (CRF) [10] architectures (which addresses C2). Specifically, the physiological signal (i.e., EEG)
of each sleep segment from the dataset is entered into the
VAE-based model to learn the disentanglement representation
in which the subject- and sleep-specific information can be
separately captured. The contrastive objective functions are
also incorporated into the VAE-based model to enhance the
robustness of the representations. The trained encoder from
this step is used as the feature representation network for training the sleep staging classification network. Given the sleep
signal sequence, the feature representation network is used
to extract a sleep-relevant and subject-invariant representation
sequence. Then, the Transformer model with a multi-head
attention mechanism is utilized to capture the dependencies
between these representations. Rather than separately finding a
label for each sleep segment, the contextualized representation
learned from the Transformer is entered into a CRF model to
find the best overall label sequence for the input sleep signal
sequence. In summary, our contributions are as follows:
• We design a neural network architecture (DREAM) that
learns robust representations for sleep signals and models
the dynamics of sleep stages for accurate prediction.

We develop a feature representation network based on
VAE architecture and contrastive learning to effectively
extract sleep-relevant and subject-invariant information
across diverse subjects from the dataset, resulting in robust representations that generalize well to new subjects.
• We introduce a sleep stage classification network composed of Transformer and CRF models to explicitly
captures the dependencies between sleep stages in the
sleep signal sequence at both the feature representation
and label classification levels.
• We demonstrate the effectiveness of DREAM compared
to a wide range of existing approaches to automatic sleep
staging.
The remainder of the paper is organized as follows. Section
II summarizes related works. Section III describes the technical details of the proposed model (DREAM). Section IV
presents experimental results and discussions. Finally, Section
V concludes the paper.
•

robust representation. This method can be applied for both
supervised [14] and unsupervised [15] settings. In our study,
we leverage the contrastive objective function to learn more
robust representations for sleep signal segments from the
labeled dataset.
III. M ETHODOLOGY
In this section, we use upper-case and bold letters (e.g., X)
for matrices, lower-case and bold letters (e.g., x) for vectors,
and lower-case letters (e.g., x) for scalar.
A. Definitions for automatic sleep staging
•

II. R ELATED W ORKS
Automatic sleep staging. The availability of large-scale
public datasets about sleep stages creates chances for applying
machine learning methods to automatically identify sleep
stages from physiological signals. Deep learning paradigms are
mostly based on convolutional neural networks (CNNs) [3]–
[5] and recurrent neural networks (RNNs) [6]–[8] for automatic sleep staging. The combinations of CNNs and RNNs in
which CNNs are used to extract features from sleep segments
and RNNs are used to model temporal relation between them
are also popular architectures for this task [11]–[13]. The
advantage of these models is that they can automatically
extract meaningful features. However, these existing models
cannot (i) explicitly model subject-invariant and sleep-relevant
features to help them can be generalized well in the new
subjects and (ii) capture the transition between sleep stages
at both feature representation and label classification levels.
Robust machine learning in data shift. Most machine
learning models rely on the strong assumption about data
distribution in which data points are independently and identically distributed for both training and testing environments.
However, this over-simplified assumption is often violated in
practice where machine learning models need to deal with
the out-of-distribution problem (e.g., data distribution of train
and test subjects are different due to their different underlying
health conditions) resulting in significant performance drops in
the testing environment. Many methods have been proposed to
guarantee the robustness of machine learning models under the
change of environment in different scenarios including transfer
learning, domain adaptation, and domain generalization. In
our study, we design the model for the domain generalization
scenario so that it can successfully generalize its sleep stage
predictions to the new testing subjects based on information
from subjects in the training set.
Contrastive learning. Contrastive learning constructs a
representation space in which similar sample pairs stay close
to each other while dissimilar ones are far apart to learn

•

•

Sleep signal sequence: The sleep signal (EEG) sequence is divided into 30-second segments in sleep
staging identification problem. ith segment of the k th
sequence in the dataset is denoted by xk,i ∈ RN where
N = 30 × F is the number of signal values in the
segment xi and F is the number of samplings per second.
Then the sleep signal sequence can be represented as
Xk = [xk,1 , xk,2 , · · · , xk,T ] where T is the number of
segments in the sequence.
Sleep stage: According to the American Academy of
Sleep Medicine (AASM) standard, the sleep segment can
be divided into three main groups: Wakefulness (W),
rapid eye movement (REM), non-rapid eye movement
(NREM). NREM can be further divided into N1, N2,
N3, and N4. Due to the infrequency of N4, we merge it
into N3. The final sleep stage set Y used in our study
includes W, REM, N1, N2, and N3.
Automatic sleep staging: Given the sleep signal sequence Xk = [xk,1 , xk,2 , · · · , xk,T ], the goal of automatic
sleep staging is finding the function f : RT ×N → Y T
that maps from Xk to the sequence of sleep stages
yk = [yk,1 , yk,2 , · · · , yk,T ]

B. Proposed model
The proposed framework DREAM consists of two main
networks: (i) the feature representation network that transforms the input sleep segment into sleep-relevant and subjectinvariant feature representations and (ii) the classification network that captures the dependencies between sleep segments
in the sequential context to find the best corresponding sleep
stage sequence. Figure 1 visualizes the overall architecture of
DREAM and the details of this model are described as follows.
a) Feature representation network: We leverage VAE
framework to learn sleep-relevant and subject-invariant representations for each sleep segment. This approach is based on
an assumption about the sleep segment generation process in
which x is generated from two latent vectors zd and zy that
only capture information about the subject and sleep stage,
respectively. Then under this assumption, zy is sleep-relevant
and subject-invariant representations. The training process for
the feature representation network is as follows. For dataset
|D|
D ≡ {(xk , yk , dk )}k=1 where dk is subject id, we apply
two data augmentation methods including (i) randomly split
the sleep segment into chunks then randomly permute these

Fig. 1: Overall architecture of DREAM. This model consists of two main components: feature representation network and
sleep stage classification network. We apply a 2-stage training process for DREAM. First, the feature representation network
is trained on the labeled dataset, then the trained feature representation network is used in the training of the classification
network.
chunks, (ii) randomly crop the sleep segment and resize it
to the original size with linear interpolation to create two
augmented examples b
x2k and b
x2k+1 for each xk . This process
n
o2|D|
b ≡
b
results in the augmented dataset D
xk , ybk , dbk
k=1

where yb2k = yb2k+1 = yk and db2k = db2k+1 = dk . Then,
we maximize the ELBO with two latent variables zdk and zyk
as a surrogate function for augmented data log-likelihood as
follows.


LV AE = EQϕ (zd |bxk ),Qϕ (zy |bxk ) Pθ b
xk |zdk , zyk
y
k
d
k



− β KL Qϕd zdk |b
xk ∥ Pθd zdk |dbk

− β KL Qϕy (zyk |b
xk ) ∥ Pθy (zyk |b
yk )
Qϕd and Qϕy are the two encoder networks constructed
from ResNet-50 architecture [16] that map input b
xk to latent
representations zdk and zyk , Pθ is the decoder (i.e., 2-layer
feed-forward network followed by 3 transposed convolutional
layers) that reconstructs input b
xk from its latent representations
zdk and zyk , Pθd and Pθy are the two prior networks (i.e.,
3-layer feed-forward networks) for zdk and zyk , KL is the
KL-divergence between two distributions, and β is a weight
that controls KL-divergence constraints. Motivated by β-VAE
model [17], a larger value of β forces each dimension of zdk
and zyk captures one of the conditionally independent factors
in x. To force the disentangled representations zdk (resp. zyk )
only capture information about dbk (resp. ybk ), we utilize two
classifiers Hωd and Hωy (i.e., 1-layer feed-forward networks)
that predict dbk from zdk and ybk from zyk respectively, and

Algorithm 1: Two-stage training process for DREAM
Input: Dataset D
Output: feature representation network Qθy , sleep
stage classification network f
1 Procedure Feature_Learning
2
for epoch = 1 to E do
|b|
3
for batch b = {(xk , yk , dk )}k=1 in D do
b by data
4
Generate augmented batch b
augmentation;
5
Optimize Lf eature in Eq. (1);
6 Procedure Classification_Learning
7
for epoch = 1 to E do
|b|
8
for batch b = {(Xk , yk )}k=1 in D do
9
Optimize Llabel in Eq. (2);

optimize the classification losses as follows.
h

i
LdV AE = −EQϕ (zd |bxk ) log Hωd dbk |zdk
k
d


yk |zyk )
LyV AE = −EQϕ (zy |bxk ) log Hωy (b
y
k
To further force the robustness of the latent representations,
we apply self-supervised contrastive learning [15] for zdk and
supervised contrastive learning [14] for zyk . The main idea is to
construct an embedding space in which similar representations
stay close to each other while dissimilar ones are far apart.
For subject-relevant representation zdk , its similar representation is the one generated from the same sleep segment
while for sleep-relevant representation zyk , its similar ones
are representations that have the same corresponding sleep
2|D|
stages. In particular, given the set {zdk }k=1 , the self-supervised

contrastive objective function is applied for a similar pair {zdk ,
zdi } as follows

 
exp sim ψd zdk , ψd zdi /ρ

 
LdCL = − log P
d
d
/ρ
j∈A(k) exp sim ψd zk , ψd zj
where ψd is the function that maps zdk to the embedding
space, A(k) ≡ {1, 2, · · · , 2|D|} \ {k}, sim(u, v) is the cosine
similarity of two vector u, v in the embedding space, and ρ
denotes the temperature parameters. For zyk , we optimize the
supervised contrastive objective function as follows
1
×
|P (k)|
 
X
exp sim ψy (zyk ) , ψy zyp /ρ

− log P
y
y 
/ρ
j∈A(k) exp sim ψy (zk ) , ψy zj

LySCL =

p∈P (k)

where P (k) ≡ {p ∈ A(k) : yp = yk } is the set of indices of
all positives in the data batch distinct from k and |P (k)| is its
cardinality. In sum, we optimize
Lf eature = −LV AE +αd LdV AE +αy LyV AE +γd LdCL +γy LySCL
(1)
where αd , αy , γd , γy are hyper-parameters that control the relative importance of LdV AE , LyV AE , LdCL , LySCL , respectively,
compared to the LV AE .
After training the VAE architecture with Lf eature , the
trained network Qϕy is used as the feature representation
network which generates sleep-relevant and subject-invariant
inputs for the classification network.
b) Classification network: Instead of considering one
sleep segment as input as in the feature representation network,
the classification network generates predictions in the sequen|D|
tial context. Specifically, given the dataset D = {(Xk , yk )}k=1
where Xk = [xk,1 , xk,2 , · · · , xk,T ] is the sleep signal sequence,
yk = [yk,1 , yk,2 , · · · , yk,T ] is the corresponding sleep stage
sequence, and T is the number of elements in Xk and yk , first
we transform Xk to the sequence of features as follows.
Zk = [zk,1 , zk,2 , · · · , zk,T ]


= Qϕy (xk,1 ), Qϕy (xk,2 ), · · · , Qϕy (xk,T )
Then the 4-layer encoder network of Transformer model
with 8 attention heads for each layer is used to learn the
contextualized representations for Zk as follows.
b k = [bzk,1 , bzk,2 , · · · , bzk,T ] = Transformer Encoder (Zk )
Z
Explicitly, each attention head in Transformer Encoder
generates the contextualized representation sequence Z for its
input sequence X as follows


QKT
Z = softmax √
V
m
where the three matrices Q, K, V ∈ RT ×m is the query,
key, value matrices calculated from X and m is the dimension of the embedding space. Then the output of each
Transformer Encoder layer is concatenated from the outputs
of attention heads in that layer. To generate accurate prediction

b k , we leverage the
from the contextualized representation Z
CRF model to find the best overall sleep stage sequence
instead of predicting the sleep stage for each sleep segment in
the sequence independently. In particular, CRF considers the
correlations between sleep stages in neighborhoods and jointly
decodes the best chain of stages for Xk . It will be beneficial for
automatic sleep staging in the sequential context. For example,
it is not likely that the N3 stage follows W or REM stages (this
constraint is not trivial to capture and can be violated if the
model predicts the sleep stage independently). Formally, the
CRF model is used to calculate the probability of the output
sleep stage sequence yk as follows.


QT
b


i=1 Sφ yk,i−1 , yk,i , Zk
bk =


Pφ yk |Z
P
QT
bk
Sφ y ′ , y ′ , Z
′
T
y ∈Y



i=1

i−1

i



b k is the potential function conwhere Sφ yk,i−1 , yk,i , Z
structed from 1-layer feed-forward network that captures the
b k . In the training,
correlation between yk,i−1 and yk,i given Z
we minimize the negative conditional log-likelihood which is
given as


bk
Llabel = − log Pφ yk |Z
(2)
while in the inference, the Viterbi algorithm [18] is used to find
the best label sequence with the highest conditional probability


bk
y∗k = arg maxPφ y′ |Z
y′ ∈Y T

c) Optimization: To train the proposed model DREAM,
we use a 2-stage optimization process as follows. First the
feature representation network Qϕy is trained by minimizing
Lf eature . The weights of the trained network Qϕy are fixed
and then used in the training of the classification network
f in which Llabel is minimized. The details of this 2-stage
optimization process are shown in Algorithm 1.
IV. E XPERIMENTS
In this section, we evaluate the performances of DREAM
on three sleep staging datasets and compare its results with
existing models to demonstrate the effectiveness of our method
for automatic sleep staging.
A. Datasets
We conduct our experiments on three sleep staging datasets
including SleepEDF-20, SleepEDF-78 (i.e., expansion of
SleepEDF-20) [19], [20] and SHHS [21], [22]. SleepEDF
datasets include PSG studies for healthy subjects aged from
25 to 101 to investigate age effects on sleep. According
to previous works [12], [23], [24], we extract data from
single-channel EEG (Fpz-Cz), which is easy to collect and
contains the most information about the sleep stage, with a
sampling rate of 100 Hz. SHHS is a multi-center cohort study
used to investigate the effect of sleep-disordered breathing on
cardiovascular diseases. We only selected the subjects who are
considered to have regular sleep by the studies [23], [25], so
329 of 6,441 subjects were finally selected to construct the

TABLE I: Comparison of prediction performance measured by accuracy, F1 M F1 , and k scores on three sleep staging datasets.
We report the average scores and their corresponding standard deviation between folds under the cross-validation setting.
Method

SleepEDF-20

SleepEDF-78

SHHS

F1 -score per class

Overall Metrics
Accuracy

M F1

k

W

N1

N2

N3

R

DREAM

83.91 ± 5.62

75.72 ± 6.06

0.77 ± 0.08

87.94 ± 8.07

37.22 ± 13.77

86.92 ± 6.20

85.32 ± 8.36

81.18 ± 9.15

AttnSleep

81.31 ± 7.36

75.06 ± 7.47

0.74 ± 0.09

85.28 ± 11.07

39.08 ± 13.31

86.69 ± 7.96

88.28 ± 4.51

75.95 ± 11.00

DeepSleepNet

80.75 ± 7.64

74.37 ± 7.45

0.74 ± 0.10

85.38 ± 9.73

37.11 ± 12.69

85.83 ± 9.57

87.92 ± 5.58

75.63 ± 10.69

U-time

78.81 ± 8.34

69.71 ± 8.14

0.70 ± 0.11

80.79 ± 10.83

28.58 ± 10.72

83.45 ± 10.56

84.06 ± 10.82

71.64 ± 16.73

ResNet+LSTM

78.95 ± 7.55

66.92 ± 7.15

0.70 ± 0.10

82.73 ± 9.76

13.15 ± 12.34

84.40 ± 8.60

84.55 ± 7.25

69.75 ± 12.68

ResNet+GRU

78.52 ± 7.46

65.03 ± 7.23

0.70 ± 0.10

81.37 ± 9.99

5.95 ± 8.93

84.53 ± 8.21

83.42 ± 8.47

69.87 ± 12.78

GBM

57.21 ± 6.19

47.66 ± 5.76

0.40 ± 0.08

54.91 ± 11.00

12.34 ± 6.50

66.32 ± 7.69

67.66 ± 12.94

37.10 ± 9.07

DREAM

81.94 ± 2.18

74.79 ± 2.56

0.75 ± 0.03

91.82 ± 2.04

41.77 ± 4.02

84.68 ± 2.81

78.38 ± 5.57

77.32 ± 6.18

AttnSleep

79.09 ± 2.67

73.59 ± 2.75

0.71 ± 0.04

90.92 ± 2.44

43.66 ± 4.11

82.62 ± 4.04

78.71 ± 7.81

72.02 ± 5.97

DeepSleepNet

76.58 ± 4.70

72.65 ± 4.12

0.68 ± 0.06

86.80 ± 5.49

46.49 ± 5.43

79.54 ± 6.79

77.17 ± 6.19

73.26 ± 8.49

U-time

74.84 ± 2.56

63.81 ± 3.34

0.65 ± 0.04

89.19 ± 2.61

20.57 ± 3.42

80.27 ± 3.87

74.03 ± 7.88

55.00 ± 6.34

ResNet+LSTM

78.14 ± 2.59

69.88 ± 2.87

0.70 ± 0.04

89.45 ± 2.55

34.30 ± 4.24

82.60 ± 3.03

76.87 ± 7.94

66.17 ± 6.39

ResNet+GRU

78.11 ± 2.28

69.54 ± 2.92

0.69 ± 0.03

89.86 ± 2.46

33.30 ± 4.85

82.40 ± 3.02

75.72 ± 7.61

66.41 ± 6.50

GBM

57.43 ± 6.73

43.60 ± 11.69

0.38 ± 0.13

68.89 ± 12.37

13.50 ± 7.11

64.76 ± 5.42

48.14 ± 25.13

22.69 ± 11.75

DREAM

83.90 ± 0.78

75.72 ± 1.08

0.77 ± 0.01

85.16 ± 1.68

39.19 ± 2.16

85.78 ± 0.68

82.59 ± 1.35

85.87 ± 1.43

AttnSleep

79.30 ± 2.25

71.25 ± 2.28

0.71 ± 0.03

81.35 ± 2.15

30.00 ± 3.10

84.59 ± 0.54

82.84 ± 2.26

77.45 ± 4.55

DeepSleepNet

76.81 ± 3.15

70.33 ± 2.36

0.68 ± 0.04

76.91 ± 2.93

33.73 ± 4.78

79.63 ± 3.75

79.22 ± 1.94

82.16 ± 3.44

U-time

79.22 ± 1.56

65.33 ± 3.04

0.70 ± 0.02

76.24 ± 3.81

10.47 ± 12.90

83.24 ± 1.02

76.01 ± 1.22

80.67 ± 2.64

ResNet+LSTM

80.56 ± 0.53

65.01 ± 0.61

0.72 ± 0.01

80.83 ± 1.32

0.00 ± 0.00

83.67 ± 0.25

81.59 ± 1.97

78.98 ± 0.87

ResNet+GRU

80.35 ± 0.93

64.72 ± 0.98

0.72 ± 0.01

79.23 ± 2.12

0.00 ± 0.00

83.73 ± 0.48

82.39 ± 0.76

78.27 ± 2.53

GBM

63.80 ± 0.33

51.00 ± 0.36

0.48 ± 0.00

58.68 ± 1.23

2.53 ± 0.24

69.48 ± 0.60

73.05 ± 1.19

51.27 ± 1.61

dataset used in our experiments. We also extract data from the
single-channel EEG (C4-A1) with a sampling rate of 125 Hz.
B. Experimental Setup
Baseline Models. To validate the performance of the
proposed model, we compare it with several state-of-the-art
models. The details of these models are presented as follows.
• Gradient Boosting Machine (GBM). A classical ensemble model whose prediction is the average computed from
predictions of a number of decision tree classifiers.
• ResNet + Gated Recurrent Unit (ResNet+GRU). A
neural network model with ResNet for feature representation and GRU for prediction.
• ResNet + Long Short-Term Memory (ResNet+LSTM).
Similar to ResNet+GRU but using LSTM.
• DeepSleepNet [26]. A neural network model composed
of CNN for feature representation and LSTM for prediction.
• U-time [27]. A neural network model composed of CNN
layers with skip connections. Similar to our proposed
model, this model makes predictions in a sequential
context.
• AttnSleep [23]. A neural network model composed of
CNN layers with different kernel sizes and a multi-head
attention mechanism to capture temporal dependencies
between different time steps.
Implementation Details. All neural network-based architectures are implemented by PyTorch. For GBM model, we
use its Python implementations from Scikit-Learn. We use
ADAM optimizer for neural network-based models. Hyperparameters used in the baseline models are from the authors’

implementations. For our proposed model, the batch size is
set as 64 and the initial learning rate is 0.001. For SleepEDF
datasets, αy = 3500, αd = 10500, γd = γy = 20000, β = 1
with KL cost annealing in first ten epochs. For SHHS dataset,
αy = 1000, αd = 3000, γd = γy = 2000.
Evaluation Metric. We conduct experiments under a crossvalidation setting for all three datasets. For SleepEDF-20
dataset which consists of 20 subjects, we conduct 20-fold
cross-validation in which each fold is constructed from one
subject. The ratio for train : dev : test is 15 : 4 : 1. For
SleepEDF-78 dataset, 10-fold cross-validation is conducted
with the ratio for train : dev : test is approximately 62 : 8
: 8 (each fold consists 7 or 8 subjects). For SHHS dataset,
experiments are performed under 5-fold cross-validation with
the ratio for train : dev : test is approximately 197 : 66
: 66. The accuracy, macro-averaged F1 score (M F1 ), and
Cohen’s Kappa (k) are used to measure the performances of
prediction models for automatic sleep staging. Besides overall
evaluations, we also report F1 scores for each sleep stage
category.
C. Results
As shown in Table I, DREAM achieves the best performances compared to other baselines for automatic sleep staging measured by accuracy, M F1 , and k scores. Specifically,
it achieves an accuracy of 83.91%, 81.94%, and 83.90%
on SleepEDF-20, SleepEDF-78, and SHHS datasets, respectively, which is averagely 4% better than the best baseline
model (i.e., AttnSleep). Looking into each sleep stage class,
we also observe that DREAM consistently outperforms other
methods for W, N2, and R on all three datasets. For N1 class,

DREAM achieves the first-, second- and third-best performances on SHHS, SleepEDF-20 and SleepEDF-78 datasets,
respectively. For N3 class, DREAM achieves the secondbest performance on SleepEDF-78 dataset and the third-best
performances on SleepEDF-20 and SHHS datasets. Such
improvements indicate the advantage of DREAM by using (i)
VAE-based architecture and contrastive learning to learn sleeprelevant and subject-invariant feature representation for sleep
segments and (ii) Transformer and CRF models to capture
the dynamics of the sleep stage in sequential context at both
feature representation and sleep stage classification levels.
V. C ONCLUSIONS
Automatic sleep staging is crucial in sleep-related disease
diagnosis and treatment. In this paper, we propose a novel
neural network architecture (DREAM) that leverages EEG
signals to predict sleep stages in the sequential context. To
tackle the issues of existing methods, DREAM learns sleeprelevant and subject-invariant feature representations and then
employs Transformer and CRF models to effectively model
sleep dynamics at both feature representation and label prediction levels. DREAM is optimized by the 2-stage training
process in which its feature representation network is first
trained and then is used in the training of its classification
network. We evaluate the prediction performances of DREAM
on three sleep staging datasets. The experimental results
demonstrate that our proposed model outperforms other stateof-the-art models for automatic sleep staging.
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