FLPRZH 2 5 A, 2023 4F, 542 % 85 12 1, 4 1344-1352 B

IR e'E
Research Article

E F Transformer 45325 #1 Nanopore #{#E /) DNA 5- B E i 1%
0E {3L == Fou il

WAL R

1 ERA AN A IR SR R R 2%, TR AR fr R S HOR Y BE, BT, 5300045 2 TP RAETFRAL S B
TAEESBE, M7, 530004;

# JBHEVEE , llchen@gxu.edu.cn

W E  DNA ##9 5-W I %% % (5-methylcytosine, SmC) & @ 3T DNA Wﬁﬁ?%@ﬁﬁﬂﬂ ERESANAREF EFENE LN
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4 (Oryza sativa) StAE AL AT Y A0 3K, 46 KK, AR 4% 4 AR I SmC L & By B ERAE, AR % SmC 60 & 8 Tl
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Abstract 5-methylcytosine (5SmC) in DNA is produced by covalently binding a methyl group on the fifth carbon atom of the cytosine
ring by DNA methyltransferase, and it is widely present in different tissues, and plays an important role in various biological processes.
It is a common method to study the corresponding methylation modification through the methylation site. Therefore, the accurate identi-
fication of the SmC site is crucial for a deep understanding of its biological function. With the rapid development of artificial intelli-
gence, deep learning has become an important analytical tool in bioinformatics, and more and more biological problems have been
solved through deep learning. Transformer is a deep learning model based on the attention mechanism. In this paper, features are ex-
tracted based on the third-generation gene sequencing technology Nanopore sequencing data, and then the features are encoded by the
Transformer encoder, and finally input into the bidirectional long short-term memory (LSTM) to predict the 5SmC site. We trained and
tested the model using Nanopore sequencing data from Arabidopsis thaliana and Oryza sativa, and the results showed that our model can
effectively extract the latent features of SmC site, thereby improving the predictive power of SmC site.

Keywords 5-methylcytosine; Deep learning; Nanopore sequencing; Transformer encoder; Bidirectional long short-term memory
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AT EEN AT BE, 7 DR A 45 R DR 2H RS E
hREEREEN (R 5, 2020) , I AEY)
Hh, 5-H 3L g 5 E (5-methylcytosine, SmC) j& DNA
H LA FEAFEIE R, SmC LIS A CpG ., CHG
CHH =FhEA (H ARHIE A, C. T), TESHW T,
KEB I3 B B g A e Ab & AR 7R CpG A s, TIAEFES)
i, CpG., CHG, CHH {3 s ¥ R] Z A= Tz 1 W 54k
(VB 45, 2011) , =B SmC 7EA= Yy A
W EAEE AR AVER (Zhang et al., 2018; Domb
et al., 2020) ,

HAT, SmC H BEALAR I i 32207 102 AR R
ERMFE (Miura et al., 2012) , 5 F) 0 6 iR
SR A R K A ALY C iR 4R U B
5, HEREA W REBEMR C WX H, SR,
B R S ER AL B 1 A 2 P HOREL DNA Wi, i
JERTAE | SRR A BE R 4 09 o3 AT A8 45 B2 2% (Simp-
son et al., 2017) , FfEH IoiksHr 8 & 1 3 R 20 X 35,
5 =X Nanopore I J¥* 45 AR T LB 4 %5 DNA Ml 7 1Ml
Toita Fe e s 4T PCR 74, WA DNA b i) i 5E
BAHHEAE T B IHLS (Davis et al., 2013; Xu and Se-
ki, 2020) ., #5528, Nanopore Ml ¥ 1 4 B3 45 5 i
DNA H (1) i 5 & 1 8% (Laszlo et al., 2013;
Schatz, 2017) , B iLH I EAL SmC A7 1 S R HLAE
55 E AT SR AR R AR B AR AL s B AR S S TR
P, AT LASE S BE i 0 15 5 KL PR 20 06 8 1) DNA
FAk (Schreiber et al., 2013; Liu et al., 2019a) , Bk
ez hh, B Z AT AL~ I FE A Nano-
pore I 5 £ PE #E 4T DNA F L AL AG I, Simpson 55
(2017) & 1 —Fh 2 T B2 5 /R B K482 AU (hidden
Markov model, HMM) 53, 1% 77 ¥ 7] LA M\ Nano-
pore reads 1A I K AT T ( Escherichia coli) F1 A
( Homo sapiens ) CpG H ) SmC fii si, Rand %
(2017) 1#i Ff 43 )2 Dirichlet i3 #2 () HMM 23871 T K
AT T h = AR B RE (C. SmC, ShmC) , L
LA T6] By Be B9 Ne6-H1 i i I % ( N6-methylade-
nosine, 6mA ), I K%L 4L N AE signalAlign £,
Liu %5 (2019a) ) DeepMod F1 Ni 45 (2021) Y Deep-
signal-plant #BFH 2] T HAT K i #1242 19 B 1) 33 15
P25 W 4% ( bidirectional long short-term memory, Bil-
stm) 4z DNA & 4fi ( Hochreiter and Schmidhuber
1997) , H:H | DeepMod ffi i Nanopore il 7 X A28
FL K 20 HX1 A1 3 B 4K 3 ( Chlamydomonas rein-
hardtii) HEPRIZHFEATINT , AR5 X = AR i L
H (KRB, KW AR BEMA) SEAT VAN, X T

5mC i 55, DeepMod X A T 7= A= (1) Fil Ji 45 48 1 19
EXINE BE AR A B T 99% , DeepSignal-plant 7] LL M
FEH) 1 S 4 Nanopore reads H R A5 iy A 28 1 1Y
SmC, JF HWNGBERITF R T — 4> LM, ffifg
DeepSignal-plant S22 76 T A 15 &L T 5 W61 R & 3
DU S B SmC ARSI ) v A OGP

SR, Z 10 90T 55 I B A7 78 4 1) A 2] Nanao-
pore W F B 418 (14 77 ) R AR 5 AR, JF B AR TE 42
WURFIE S B A2 2% | SO SR ICEI AL s i GBS R | AR
RUTGUIN ) BE AN 8 5 O 55 1) L, 3 3 S0 X 26 Jy T
A AT RESE B 4r i I PE e, A BFSRIF K T —F
M Nanopore reads H #il ] SmC By F 2 Y H IE AL A7
SR B %2 2 J7 1% Nanoformer, N T R ] i - B
5mC S AR IRE B, E 3K Nanopore reads HY i
IR HLE S Fl DNA JPHIE M A, i i Transformer
il g dmfiy ( Vaswani et al., 2017) , 2RJ5{# H Bil-
stm HEATREAS e 2 fa A B 4 3% bl 28 I 4% rh D T
I AR . (AU T (Arabidopsis thaliana)
FIKFE (Oryza sativa) FEHZLEAEXT Nanoformer i
117 VA, WS R R AR DNA SmC {37 53 9
b R R

1 &5

1.1 IR

Transformer J& Google 7E 2017 4F 6 H#&H fi)—
FhIET ARG 2 M 4%, 78 H IR TH 5 b3
( natural language processing, NLP) il i £ 4T 5%
ARG TR A RRCR A LT AR T
USRI R AT Aeis 1y, LR 20 i 25 I 28 T RE A 30,
AL FRFF 51 2Z (8] IR A G 28 . % T Transformer 7E
NLP 453 B2 A K DNA T80 FlE SR8 5 /AR AU
P, AT Transformer 2% #% FH T DNA 5mC 1/
ST, Transformer F9 1 7 1 ML 68 0% $2 B 2 7 271)
TR GRS B, JRU A 6 A E B S&HE, AATT
A REARAT B AP TN PR RE

AWFFEAE EE T — A5 T Transformer 4 5 &5 Fil
Bilstm FTR B 24 S HEZE | £y 45 A Nanoformer, Q11[&] 1
IR, BN A RRIE 2 B motif A7 5 1Y B 7 51
ORI LA 5 45 6 T B A R0 TR I A4 i 2
[batch, k_len, f_nums], H:H1 batch /R E— K i
AFEARRE R, k_len /R kmer KJEF, {_nums FrnEE
AN YRR AE AN B, BRINCH [ 256, 41, 12], K
Transformer #ifhes %8 T 2RELS, AE&MEE
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B, B ELERPRCIRAR A SIS 2 A, 73 AR AE

AL B 465 (position encoding)

Nanofrmer 434 3 43, Input feature 1550 FFHE A AL AE S HFELH A 10 A ; Encoder A Transformer it #%, JEEUCH 1;

Decoder f1 3 JZXUA] LSTM F1 2 JZ2 4 A0 4 45 4

Nanofrmer can be divided into three parts, and input feature is composed of sequence features and electrical signal features;

Encoder is Transformer encoder with 1 layer; Decoder is composed of 3 layers of bidirectional LSTM and 2 layers of fully con-

nected neural network.

B 1 Nanoformer &5+ &
Figure 1 The structure chart of Nanoformer

A AT B G % i 1) %08k i A 3 Transformer 2
2, Transformer 2% J2 /& H1 n AN AH TR 19 P2 1
HEBMIRL (AP n=1) , BAHREEH X —5r R
PNTE, Hh, B —-RBEE-AZLAanEN)Z
(muti-head attention) , RJ LB A B WL 24 4F
fEF23 6], A By PARAHHHER A AE] 28 [ RIE G
F, FIEIARIE B Z AT 2 TR ; 5 )20
— MR FT B JZ (feed forward) , i E AT
Relu WU BRI 2422 1 Bl IR AR BE R KA
WK, B—NTIEZ AT T2 %8 (residual
connection) FlJZIH—1L (layer normalization) ,

Zo3d Transformer ZiA%)2 5 , P44 2 A ) 09 £008E
i A% Bilstm "PHE{FA#R, Bilstm AEASEZI DNA J3
SIPAS T 15 R, I AR A e A2 53 ok iE )
i 5 52w AR ZE A DAARAS RS RRAE . BRJS 22
W0 24 1 2 ) 28 Tl — A softmax BT 2R 556 H 1% 007
KA SmC AL HESE

1.2 AEHBARXERLLR

T B3 E Nanoformer Zifidh 77 X A 2Pk, A
FERE 5 R R FIE R R A g i A R AR
VEFFIE GRS BB R REIEAT 1 LLHR, AN 2 B,
BEARARIE SmC 2R AR BRIE BN w3, T LA
2], FERIEE T FUK RSG5 I, i Sequence +
Signal it A5 B B AR RS2 dwe i 119, 20 IR B T
0. 940 F10. 983, JLUE: Signal Hithh, I 22 19 /2
Sequence i, A fE CHH 25819 SmC v & b,
Sequence Ji i AL EZLAL T Signal 4 fihJf H 42
T F Sequence +Signal gt X~ 45 K UL B 018 &
Sequence iy it J& Signal Fifth, ARELAL T4 H B —
SRR, T BB A PO M BE AR E, T Signal +Se-
quence Bl T RS T Sequence #l Signal BARAE
X b 77 ARERS K 5 — S i 7 A RRAE AR B A,
AT 2 25 i i RS T i A 28 SmC Aoz 5 PP RE

Sequence s ARV ERE AT gt Signal ZFon RS SR TS, Both TP N IEgISAH G

Sequence indicates that only sequence features are used for encoding, Signal indicates that only electrical signal features
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are used for encoding, and Both indicates that two feature encodings are combined.
B2 AEHEAXEBERILE
(A) B FTHRERELLE; (B) KEHRERRILE

Figure 2 Accuracy comparison of different encoding methods

(A) Accuracy comparison in Arabidopsis thaliana; (B) Accuracy comparison in Oryza sativa

1.3 ARREZERIEBASHEEILER

i T E W] Nanoformer JIT FH T & 27 >J B4 Y (1) )
e, AR 7] G A 45 F0 A A 25 1 205 1k RE AT
T s, WK 3 s, Transformer A1 Bilstm FYJ =Fh
FAVH S TEAU R I FUK R i 2 B Ay 268 SmC iz
SN ) 32 388 TAEHRAE (receiver operating charac-
teristic, ROC) #h£k, "TLAAE R, it & T ik &
7KFH, Nanoformer 3 H A7 & =5 Y ROC M £k T 1 1

(area under curve, AUC) 18, 7E CpG i &5, H AUC
Gy 1iAE] 0.975 F110.995, fEHAF A, ]
Bilstm 52 5 i P BE B A i, AUC {EH 2051 3k 2 T
0.951 A1 0.988, {HJE7E Bilstm HYJE Al _EmA T
Transformer RS es gmiS )5, AUC ¥ Frdd s, X4
2E R K B, Transformer Zi i 4% A8 0% A 2 #2 B 2
SmC o7 A5V ZERRAE DT HE Bl ASE AR B vy e 2 1)
TN RE

3 AEREFIHEHE ROC HEILE

(A)#UEIF CpG I ; (B) I CHG IS

(C) @7 CHH fii/&; (D) 7k#8 CpG i ;

(E) 7kf& CHG iz ; (F) /K8 CHH fi =
Figure 3 ROC curve comparison of different deep learning combination methods
(A) CpG sites in Arabidopsis thaliana; (B) CHG sites in A. thaliana; (C) CHH sites in A. thaliana;
(D) CpG sites in Oryza sativa; (E) CHG sites in O. sativa; (F) CHH sites in O. sativa

1.4 S50BFENEREILE

AMWEFEXT Nanoformer Fl Deepsignal-plant #£47 T
LL#2 . Deepsignal-plant & H Aif 4 1k e & £ 1Y, W
JER B 0 1) 5L F Nanopore U K6 I 36 AT 4 SmC
PLRAIREE 2] T H . o T B A,

Y%k Nanoformer A [F] () £t 4 #5112k T Deepsignal-
plant, HAERH R AFHR FERF {H, AUC 4
5 MEREFEFRXT L ANEE 1 FF7 , Nanoformer 78U e 5T
FUKFRI = FPEAY SmC A7 T b P RE AR 2B A0
T Deepsignal-plant [, FLUERGAE | RGHER | H MR
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F,{H. AUC 7SI IF P23 B SF- 248 TH T 4.53% . 94887171 3.20% | 4. 15% . 2.34% | 3.26% . 1.25%
6.07% . 3.35% . 4.79% . 2.78% , TE/KFGH 43 I F

% 1 Nanoformer #1 Deepsingal-plant P &E 3T Eb

Table 1 Performance comparison between Nanoformer and Deepsingal-plant

Yifh e 95d Ttk HERf =R KR FEEES FfE ROC Hh4k F i fa
Species Motif Methods Accuracy Precision Recall F | -score AUC

R IT CpG Deepsingal-plant 0.8899 0.8552 0.918 9 0.8859 0.945 4
Arabidopsis thaliana Nanoformer 0.930 4 0.9116 0.947 2 0.929 1 0.973 4
CHG Deepsingal-plant 0. 898 8 0.857 1 0.935 1 0.894 4 0.957 2

Nanoformer 0.943 5 0.9252 0.960 3 0.942 4 0.982 8

CHH Deepsingal-plant 0.886 5 0.857 8 0.910 0 0.883 1 0.949 0

Nanoformer 0.937 1 0.9153 0.957 0 0.9357 0.978 9

IKFE CpG Deepsingal-plant 0.9379 0.9322 0.943 0 0.937 5 0.983 2
Oryza sativa Nanoformer 0.971 6 0.967 1 0.9759 0.9715 0.996 0
CHG Deepsingal-plant 0.941 0 0.921 3 0.959 0 0.939 8 0.980 5

Nanoformer 0.969 6 0.964 0 0.974 9 0.969 4 0.994 7

CHH Deepsingal-plant 0.954 8 0.941 6 0.967 2 0.954 2 0.988 7

Nanoformer 0.988 5 0.988 5 0.988 6 0.988 5 0.999 1

N T #E—HF B Nanoformer B, 233 HHCH, 45 R K 4 Fr 75, Nanoformer 7F = Ff
FH 9 x 19 $L g JF 1 6 x [ 7K # Nanopore reads 76 5SmC H JE Ak AV 5 F0I (14 B JE Ak 7K O 7 7K 38h A 56 1
Nanoformer il Deepsingnal-plant I #£47 5mC H & %5 T Deepsingnal-plant B, FIZR 1 09 GE X
AEAr g, A BS-seq HBEALIKF 19 B2 7R b g R — 3L

r N BRI SE R B
r is Pearson correlation coefficient.
4 Nanoformer 5 Deepsignal-plant Fill SmC i & Bk 7K 3F Bz /R #h 48 K 1 X Bk
(A) Nanoformer FilI3lE3F CpG SmC fii s ; (B) Nanoformer Fiil7k#8 CpG 5mC fii 5 ;
(C) METFREMKTELLE; (D) KEBREMLKELLE
Figure 4 Comparison of Pearson correlation between Nanoformer and Deepsignal-plant
to predict the methylation level of SmC sites
(A) Nanoformer prediction of Arabidopsis thaliana CpG 5mC sites; (B) Nanoformer prediction
of Oryza sativa CpG 5mC sites; (C) Comparison of methylation levels in Arabidopsis thaliana;
(D) Comparison of methylation levels in Oryza sativa
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1.5 EYFhitee

H T #E—2E7E4E Nanoformer W ES W) FIPERE,
AL RE I FK AR EC R X B R AT 1 28 SO, 3t
SEANE S Frn, AR SmC {7 5% AUC {E1E
I T AR Rh 0 B AT DS 28— o B B 1Y
TR, A BRI, Hoh, KRR A
SRR SR THIN 480 B I SmC 7 A R AUC {9 7
0.939 AL, i FH4BL A I A% AR D1 25 114 455 280 f i 0 7K
& SmC ¥ 514 AUC fHI7E 0. 976 V) I, X251
B Nanoformer E. 45 — & 5 ¥ B K Il 5mC A 5 1Y

&b
He JJ o

5 Nanoformer B4 88K
Figure 5 Cross-species performance

testing of Nanoformer

2 iR 54iE

DNA 5mC A o — b H 22 A 2 W0 358 14 18 1fii
T, 2 AR A KRR B B v i 3 G
MR, BEAE BILAS 27 > FITR B 27 2] SEHOR AN T &
&, Rk T AT TV 2B Tk S R R
It F S0 RS DNA F 36 4L, Hft, Nano-
pore F LI FPH A Y H B8 Ry B AF -5 5t h KR
B, AR AS A I DNA &4 £2 {1 7 % St i pl &
(Liu et al., 2019b) , BRI 747 A AT DL H2 52 U
> DNA 73 T B 751, GBS DX 50 AN [A] ) B 25 A1 DNA
B, 45 SmC H Ak,

BET R AP FEAR T — P A IR o
>J 77 ¥ Nanoformer & #f 7 DNA 5SmC 1 &5 #i il
Nanoformer 4 Nanopore Ul 545 19 546 7 51) FlH £
SEEEEEN R A, X R A R IR AR LT
R 9 s AR ok, BB S 21 SmC {7
SIBTERR R, XBRIMEREA BT 42 71, 1AM, Nano-
former {1 ] Transformer 2% 2% 3E47 45 1F 9w 52 " 1£458

G PP 28 R 28 AL R 7 51 I 25 iyt BASH 32 T 2R
R KE R [R) 8T, 1] Transformer it #8id i 3 # &H
( self-attention ) HLH T L2 > 2] 341 v g4 AR 1 56
2, DA e 50 F0 ) ERR P . 505, Nanoformer
{8 Bilstm #47 SmC 3 55 A 245025, Bilstm HA
] Fi A0 ) 5 P [l AR B R ), X R A T RS
FFHET S SCH AR B A7 HE A 500, 3 % T4 5
SmC {75 DNA JFFISEUE, ] Bilstm JEH A1

AWFEAE T 48 FE ST FZK RE ) Nanopore I 75 4%
X =FhAHY SmC AL AT TR, 45 R R Y
Nanoformer E#%/ERA 0481 B 7T FZK R 1 % SmC Az
FUFEE 5mC A58, FeIA 138 TPl 2T 9 7 iR HL
15T LR ERE . HEAh, XX PSP A ) 28 SR IE
W], Nanoformer A7 5 4 A 1000 /Y fiE 71, P I,
Nanoformer A DA = 4= 5 PR 41 26 W3t 1% 2= 43 #r, IF
TEASK AT Z YR FE R 2 A By Fn il

3 MBRIEFE

3.1 HUIEE

ARSI T Ni 25 (2021) & % 480 IF F1oK
FEiY Nanopore I %54 FIGH N ) IV A7 R &8 ( Bisul-
fite) W BCPE, 12 Ko diE v 76 NCBI ™ 3 (http://
www. ncbi. nlm. nih. gov/) Y5 H PRINA764549
1 SRA ¥ i) SRP337810 T4

Bisulfite I J5° J& DNA F Ak A0 5 45 I 1) 43 b
W, AR5 Bismark v0.23. 1 ( Krueger and An-
drews, 2011) #/4FHET Bisulfite U 7 54, 42 B
PRIZH r s A B 1 Y e Ak RNl Y Bk . fdE
Guppy v4. 0. 11 % Nanopore Ml J¥* ) fast5 SCAFEA 766k
FAR G basecalling, H &8 5L U5 HEL {5 5 5% 1k 0 il
L), SR J5 {# F Tombo v1.5.1 ( Stoiber et al.,
2016) H A LS S WU B S 5 3N A

AT 43531 N HEL RS ST A 7K R Y Nanopore il 5 %%
PaBEPLE S T 29 9xH1 6 X[ Nanopore reads, % 2
MK AE RN R I reads H & IR ) 5 7 037 i 450 o
fRE. WTRURBL, e BT FUKRE b, AR AR
P e o W ) 2650 o 2 2 iy T F R A i s E )
&, JHEAE CHG A1 CHH 288U 3L 7, 4 T4
PSRN I | BEMLIESE I —E J7 2% kmer VE R A5
YILRAMR I REA , AR — A T R KB
TESL R 5 Prac SLEIE SR PEAE Nanoformer P4
AE, R 6:2 289 LU BRI J3 I 2 4R | 6 ik 4R A
AR



1350  FEH 4 2% 5 N A

F2 WMEFTFHKEEEE SmC (LEHE ST

Table 2 Statistics on the number of various types of SmC sites in Arabidopsis thaliana and Oryza sativa

Yy Er9hd RAE PSR PRI IR S
Species Motif State Number of motif sites Total number of sites Number of training samples
IR I CpG Ak 1 166 241 9 334 495 1 000 000

Arabidopsts Methylated
thaliana KA 2463 471 20 427 512 1 000 000
Unmethylated
CHG B 124 516 966 529 966 529
Methylated
A H AL 1 344 336 11 142 868 966 529
Unmethylated
CHH I 46 235 372 315 372 315
Methylated
K H AL 1 154 896 9 652 391 372 315
Unmethylated
KA CpG IR Y 14 672 955 80 528 848 1 000 000
Oryza sativa Methylated
K AL 6 859 055 39 482 554 1 000 000
Unmethylated
CHG Y 4302 311 23 214 826 1 000 000
Methylated
A H AL 9 292 069 53 685 174 1 000 000
Unmethylated
CHH GIE- 14 317 055 1799 310 1 000 000
Methylated
A HHAL 5 350 947 31 100 690 1 000 000
Unmethylated
3.2 45fE4RAS TR AR TR R 4 B JRah A OC R A T 1 =

X TR AL, SEHCL s E Sy vty KB
N A1 Y kmer VEN—DFEA il H0—> CpG ALY
kmer (X2 K) ATLUHIAZ(1) 2R

Koo = XXy Xy CCX oy X o Xy s (1)

H, X, e (A, G, C, T}, 4 kmer 75 MIFh R
fiE, BIFFHVRHE RS SRR AR, Ho b P 51 AR AR R
R EFERY one-hot ZiA%, A=(1,0,0,0), G=
(0,1,0,0),C=(0,0,1,0), T=(0,0,0, 1),
[FIEE, R FE S 12 B AR5 (D)5 7= A2 1)
BAIEE G5 D RO A SRR, B AL R
XA 12 ASHAE S, X TR E/NT 12 fRFE
#5%) , IF EXTHAF S HA TR e AL B
WM HER
RSH T 6 Bl TP O S 5
I 5 HA v 7 He g, A3 )& R R (accuracy ) |
FEUESR (precision) . 1% (recall) | F, {H (K HER
FUE R A A3 ) | AUC DL 7 JR A G R 2
(Pearson correlation coefficient) , FH AUC 42 ROC
it 5 A prfh R AR, ROC 22 R4l — R 5
AR 532607 0, LR BRI AL bR, BB

3.3

Nanoformer FIV A7 R & 0 77 (9 Y JE Ak 7K S B9 #H 56
R Afabri A= 0E Lunr .

T, + Ty
A= , (2)
T, + Ty + F, + Fy
TP
P=——— (3)
T, + F,
TP
R= 0, (4)
T, + Fy
2xPXxR
Fo=t (5)
+ R

Hor A FoREFER, P FRREIER, R FoR R,
Tp. Ty Fyp A1 Fy 530378 IERA T ) SmC A s B
B, IE R0 A AE SmC 7 5 B, F R T Y
SmC o7 a5 S ECRES BR T Y SmC 7 5 %K,

3.4 LHERBRSHIEE

A S AR S 32 17 K T Python 3.6. 13 Al
Pytorch 1. 4.0 SEH; #AE RS A CentOS 7.5, Fif
B 25 A ZE NVIDIA Tesla T4 GPU b iEAT,
WA N 32 G, i Adam (Kingma and Ba, 2014) Ff
JE TN BRSNS SO T B A, S T B kAR Y
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LA, 7 Bilstm 2RI 2 & Z3 A T Dropout JZ
(Srivastava et al., 2014) Jf Hfiff H 5 {5 R 1% ( Wei
et al., 2019)

Ry TASAR AR PE e Ok B Fe i, 75 ZEX) Nanoformer
TS BON R, R 3 B SEONRELE R, Hb Ir
IR 2R batch size RN E— LRI ZR I REEA
B, num_layers_t 7~ transformer Zit5 #8240, n_
head K78 223k TE R AL B, fidim _t 7R A 22
L5 HE B | num_layers_1 378 Bilstm 1)2%0, h_
size_| 7~ Bilstm P2k 219 YE R signal _len AN
ABEERT I HL A S AR

®3 BSHAEER
Table 3 Results of hyperparameter tuning

SRR ZHGEH RIS
Prameter name Parameter range Optimal parameters
Ir 0.01, 0.001, 0.000 5, 0.000 01 0.000 5
batch size 128, 256, 512, 1 024 256
num_layers_t 1,2,3,4 1
n_head 1,2,4,8 1
ffdim_t 64, 128, 256 128
num_layers_| 1,2,3,4 3
h_size_l 64, 128, 256 128
signal_len 1~16 12
{E& STk
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