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Analysis and Study for Appropriate Deep Neural Network Structures and
Self-Supervised Learning-based Brain Signal Data Representation Methods
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ABSTRACT

Recently, deep learning technology has become those methods as de facto standards in the area of medical data
representation. But, deep learning inherently requires a large amount of training data, which poses a challenge for its
direct application in the medical field where acquiring large-scale data is not straightforward. Additionally, brain signal
modalities also suffer from these problems owing to the high variability. Research has focused on designing deep neural
network structures capable of effectively extracting spectro—spatio-temporal characteristics of brain signals, or
employing self-supervised learning methods to pre-learn the neurophysiological features of brain signals. This paper
analyzes methodologies used to handle small-scale data in emerging fields such as brain—computer interfaces and brain
signal-based state prediction, presenting future directions for these technologies. At first, this paper examines deep
neural network structures for representing brain signals, then analyzes self-supervised learning methodologies aimed at
efficiently learning the characteristics of brain signals. Finally, the paper discusses key insights and future directions for
deep learning—based brain signal analysis.
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Table 1. Convolution neural network structures for
electroencephalogram signal representation

Shallow/Deep ConvNet[4] = CNN

Hybrid ConvNet[4] CNN + Hybrid

EEGNet[6] CNN

MSNNI[1] CNN + Multi-Scale

Santamaria-Vazquez[7] CNN + Inception

SSFRI9] CNN + Spatial filtering

Jeon[8] CNN + Mutual information
+ ion +

EEGSym([13] C,\;{,\ésidtljr;(l:e:c?r?rrection

31 A7H-AE s WHE
AF-AE g5 golEol gl d
of 2L dolHAlE AGstaL olE |
2¢] AbA 8H5(Pretraining) ol AF&38H=E
AdubE o2 golEo] gl Eﬂol Zk= Q}Eﬁ}ﬂ o &2
of AREHW, ARt

0
42 9 49 45 o %—?fs& H5e wal

o
o,
O
)
oo
ol

140

e 2ol A-AE WY S el dAA 9
Z](Relative positioning) 714 ¥WH-S Ho|E 7} 714
I 3e FA ARE FEebed T2 AJITHI0N
g A, HAE AT 54 FREo] FojAH,

o5 Aole) ATA WAS Erjz I 54L o
v

saty o9} < & (Temporal
shuffling) & A% A59 A7HA A5 o
St st A7F-A % 8y W o] B0

ok olyel, HAHE AMEE vhxF (Masking), F
+(Noise) Bl3}7] 59 ohst Aoz MEAz &
H| a4 &<5(Constastive learning) S E3] 233t &
45 58 7 ULF v AHAE UHE &4
SheH11].

o= AT A5 AR A EAo] 7]uk

shef AR C‘]‘j(Pretext task) 2 AAG= ATE A
e lom, ohFet syl HAE AEoA fe
Hg s F53 }‘55}[14].

32 HAE E4& A% A/H-A= ‘i}%

F:ro] A7-AR g 7 s AE FE A
T 2E YA A4A, A4 (Spontaneous)
A A5 sfdel FF=o] it Banville 52 E
g~ (Triplet-order) 718t 8h<5 A =fS #8350
o]9] 7 (Anchor) AZlA w2 FojE Aol
EAsE MES %A (Positive) ME, 18R &
S S (Negative) ME=E *éxéﬁ}oi BAA
St AskATHI0L o] ¥
2 IS 78?}01]"1 O $T8E 9

Jiang 52 2 714 A5 W3 WP EI} I Ha
= 1}7} AL gF YA IE AFsIATHILL Al

918 (Time warping), 7H-A1¢F &5 F7HAdding
Gau331an noise), &% ¥ ¥ 7](Horizontal flipping),
2 AlE ZA27](Cutout), A& Alo]= 3K Resizing)
< o]&3te] FH A oFE AP

Mohsenvand 52  wk=%(Masking), =AY
(Scaling), #5F# ©]%5(DC value shifting)¥} 22 Al
2 25 #g AS ASkele] AT-AE Ty =
AAYAE AAsg o, FH A ¢S5 dY A,
AR dE 5 gt Ayl HAE 2E 74

gelak 3l eH3].



9 d vEYAY 4% P2 YL AAE

Yang 52 WA gy 7|Nke] A7b-Aw B S
ARbelAt) o] dAgE HolHAle WA FAAE
At A FEE oSkt

Ou 52 Temporal Rearrangement Motor Imagery
Network(: TRIMNet)o|2l= AMZE AR dF5 A
AstGed, HAIE AZE AHe= AuE
(Rearrangement)ate] 1efek MEE& -#at= A7t
A% g5 Wi olth. TRIMNetS &
s ejrielel AFgE o AT W

o ol
AA

Tang < U0 =
(Next perioed)E d&3l= AV/HA% g5 W
Arste] HAZ Fape] W2S o SslE YFolA
o 2 x =
[e)

1T

Ko 5 HA% A&e 43484 54 3¢
=

oL
tlo
I

o A2 AP AFE ARSI TH14] o] el A
= 74 W= o =(Stopped band prediction) U=
T3 HAE NS AEFNA E T 9GS 9
Zote AHAR Sgs Bd W owE UEYZVE
T BEAS & SEIlESE Stk Ewk oy,
N7+ A8 o Z(Temporal trend identification)
A5 o] gste] HHE 2z F7hd AFghol 7t
Ae ALE dSslEs sto | wE WES A
T, AGH A BEAS & 5T ¢ JEE A
At o, ekt HAx s frpelolA] 1 &
FAE dFstarh
2 HEE S EHE L AVHXE &5

Table 2. Self-supervised learning methods for
electroencephalogram signal representation

Banville[10] Relative positioning, Time shuffling
Jiang[11] Contrastive learning
Mohsenvand[3] Contrastive learning
Yang[2] Contrastive learning
TRIMNet[15] Temporal rearrangement
SleepDPC[12] Contrastive learning
Tang[16] Next period prediction
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