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Dy, e DAVERA A RO S I P300 15 S HFIE. Ak, ALK T
PR AR, DA BERR MF T, HIBRS P300 AN HUE 5 IR
fER.

AR (FT) SeiF AR B IE SRR AR R R A AR BRI f(2) WTEA
FIRN

Flw) = / F(tye e ©)
BN AFAE,  f AR ] BT, L H:

/_OO |f(t)|dt < o0 (10)

SR, AEH 6 BB AR AN SE A rl AR R 8 (ot R TR 50 iAR 3. 24
RN T R AR BN, e AR B AE AT AN B SR, 1A A
1/T 155 B kv 4 e

SIS HL AR (DFT) 2 (d B 46 (1) 2 e 2 A BRI [R] P SR 1)
BRHH I 8] 3240 {2(0), 2(1), ..., 2(N — 1)} € X, o(t) I8 HusE B 28 8 5808 «

X(k)=) a(n)e@™N =01, ,N-1 (11)
n=0
N T T RIEA, SO W
W = e 20/ (12)
X FAME S INATA] LAAG 3 .
N-1
X(k)=) z(n)Wwm (13)
n=0
X I PRI R A 300 i F AR 4 (IDFT):
1 N-1
x(t) = v X(k)w—n* (14)

B
Il

0

PR AR B AR 78 o A T B U AR e (DFT) 1A A Fe 5 1 pr A
A IR FRE TR R BAVE T, 6k AT SR X S 4G A A N ) DET JE T4 2404, %
2 & DFT 14 f5 DFT #7318 55, 16 ..., 1593 FFT 5535, Mk 214 B &
SirE, webdekiz SRS B I, 3T T U AR

A FFT f AR 4 IFFT %F b g 8 2i AT b2, nf DLdE—20 487t
B i . DL IR PUFMIGIE Butterworth JEUE 2541 7455 charl4 @18 1 JEW 5 12X
P A, 20 FFT AbRR 5 n] DLt — 20 L BB o T-Pume ms, B o8 hn 13 i 5
s WE4-13F7R .

4.3 HAREHRE R

2ok BN, RIS 54 1) Butterworth JEV UL A FFT ¥ 5, £ida
FiEAF R TR T BNk, AN SR AN B S 1 B ST AR o S P T 1 A
Ptk
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BE, ASCHE 5:1 BENLRI > DI R SE MBS UFELE, EF% T 2 N C 41745 (char01(B),
char07(S)) YENIUFEEL I, T4 10 NFERAE NGS5, ST e 3
10 x 5 x 12 = 600 NMINZFEAR, LA 2 x5 x 12 = 120 NMRAFFEA . W TH—4

17



4-14  Fr/HIN bR IRARF

WL S, RN AT 24N TR (CRIFR AT A N AT 10 4
0 FRZE (HA 10 MTAIFD, IEFFEARLLHI A 5:1. BT I i s I ke A b
BIAS A 101, WS B R IX S B AT A o0 2N i, AR afi DL S MEAff b 2%
RPNl P ]S T

Ht, ARSCRH T REARPREE VA S, KPR 1 IMFEARE & RAEHIX, fE
30 FREEAT 1 FRESIILLAEI A 1210 LUFRF charO1(B) A, K REAbREE P-4 S g
Ja, MR 12 DMFEAREHE (1N VATEEAR, 1AV 8 BIREARLL K 0/\/\*
ITHIIREAD TR 4 N3 1 ATFEART 4 A28 8 JIFEAR W NARZEAN 1),
IFREARZHE 12 DN 780 204> (5 AN LATREAR, 5 /N5 8 FIIFEALL A 10 /I\E
SATHIIFEA) |0 BREEFN 1 bRZHHE ELl Ay 1:1,

4.4 FBRIEST

o o o B N W = VAL B € ST D B 2 0 N i T S = VA Y i I I
AFESCFF BN (SVM). SIEMZE ML (DNN). KR RHAZM %% (LSTMD.
— YR 4% (1D CNND.

4.4.1 ZFHEHL (SVM)

IS RN AT SR AR, ASCGEMARZYE SVM BT8R 7325 H L,
AHARLAESE O () Ky AR X WS B iy 8] H, AIMPREZerE SVM ) 21
JELerE SVM. 3 EIAEZE SVM 2328285 7T LU F AR

f(x) =wid(x)+b (15)
Hodr, JFIGEEE X 2R, (Bt de M () B8 2011 & (x) 24kt

1o

S AR S, B, SVM R3] T SEUX AN KR IR Rl
HPPSZ S5l 1R = oo i) 6 TR € il w7/ ST DS U B = 240 S 1 D A5 2 NES
e ST EIETER AR

1 l
min J(w,§) = S[w|* +C D & (16)
i=1
T AL ARG

18



1l networks with

due to difficulty The output layer activation function needs to be chosen

rovements mad
efficient trainin
tail later in th
er of computel
orithms on larg
phical processc
rk 1s successfull
ywever it is rarel
hanical systen

.

1 of deep neuri
e their eligibilit
ical system froi
is platform, th

le
g
S
S
e
DT

y

y
1S

al

y
m

1€

(LT—¢€ 7)

differently for accomplishing a classification task. In a multi-
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DNN M 25 Wi4-17H7 75

—
0
—! reshape y FCl y FC2 / ot A
) (3200) ReLU (2048) ReLU G0 softmax .

(20,160) )

Kl 4-17 DNN &4ty

BN RST A (20,160) FI%HE, 160 2R PHIK RS, 20 AEIELH ; K
A reshape f—N—4E[F ik &, 5Kk (3200); #F reshape J& 7K 5 A £ 2
AR AR A, AR R B H RS04 (2048) F1(30), 0 BRHCK H
ReLU AR£eMhib sl . /o, SRl fn )2 softmax G &, Hnd—A

TR
4.4.3 KEMICIZME (LSTMD)

RSB R AE PR IR SIS A BTl s I F B B A5 5, A% ] s KA A
}%?{EH@NI‘@?% Jit, ASCHEH LSTM M 25 S B 4t < 1a) 60 7 1 Bk i
XS

LSTM 2 —FhRp ik R IR AR ZE I 4% o 2 T 4G 024k, 38w DL ) Bl [l 1)
KHAAG A5 5 [5]o LSTM Al iR (PRI AT Lol 1 v R it e A A0t 1) f8E, AT e e
KT BN LR FE (46 B 3 2R A S A i)

LSTM &% A DU AR LR, Dh—Fp i e ik i) 5 SN AT 48 5, ani&14-18

No

Bl 4-18 LSTM /) o &2 fidhe

LSTM O A0 MRS, AKPEAE B BT S o iar. iR T1%
AT . BHARAEREANEE FigdT, KA/ m g rAl B . LSTM ks O st (1)
BERRR “117 (G5 Rk 2 Bl s BRI Bks . TR —FhvoeF B AR
W7, S A sigmoid #H1ZE M 4% 2 I — N4 A (K e 8 4F . Sigmoid 2
B o 21 2 EE, 0GR “AVHEMEEE”, 1 HtiE “ RvHMEREET .

LSTM H 28 — 0 2y 7 2 A RS v BT A . XA doe &l
AR T TE U o 1T T bt — 1) By, B —ANE 0 21 1 2 18] (AR {E 45 41
MRS Cit — 1).

fi=0 (W x[Cio1, hy—1, 2] + by) (18)
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Fiti, LSTM g EAE cell PAAEMBLSE S B — 7, Wit — A
'] (input gate), R %5 HTFLEAE

it =0 (Wl . [htfl,l’t] + bz) (19)

Ty U7, R —AMEEE I (cell): Ct — 1), ZJaa AT IR AL
{E A, ORI Y E ORI AR

C; = tanh (W - [hy_1, 2] + be) (20)

ZJa, LSTM BURrANRA Ct — 1) hy Gy, fy s Ct — 1) AR EL L 5733
EE‘]{%/%\O C ){é‘;% Z.t ’fﬁ?%ﬂ%?‘@{ﬁmicpgﬁ%ﬁia’f\fﬂq{%/%o

c,=Jft-Cia+ 1 ét (21)

W5, ML LSTM sl 4 . bW BRI AN T (output gate),
Yes B RS .

O =0 (Wo [htfh xt] + bo) (22)
ht = Ot * tanh (Ct) (23)
[— S
reshape 0
—i ™ —! b y e y _ou
y y (3200) ReLU (2048) softmax 1

(20,160) (20,160) @

4-19 LSTM M4k

5 DNN W%%—F¢, 8RN 5>, #1 LSTM M 4% 25t As
% . WE4-19F78. B AT (20,160) B, 160 & RAERFHE, 20 K4
HEEH; B AL—4 LSTM ZH#EE 5 B 5, $#4rH reshape ili—A4>—
Yefrok g, JRE ST (3200); ¥4 reshape J& 5K B BI4AE R 2, SR
2B RS (2048), BOE B ECR ] ReLU JE& M ium s ¥ &)n, Firgd
2 A0 softmax PG R, it — AN 2Reh L

4.4.4 —FEHBRHLEML (1D-CNN)

BRI Z 2% (Convolutional Neural Networks, CNN) & —2R40, & &5
HEFRE SR Rt 4 M 4% (Feedforward Neural Networks) , & V4 5 % )
(deep learning) MK HIEZ —. 1D CNN AJ LIR L 3b 3 A% S8 BOds i st 1)
P50 530 CLEanBE A s s v 2D, AR T AR It F 40 1 B A [
KRGS 8ds (bnEiifE . RG-S, K420 T —NEA 3
A~ CNN F&uil )21 2 AN FMLP B )2 11 1D CNN M 4%,

1D CNN ¥ &4 1 LA 88 S 2080 1«

(1) CNN F1 MLP Z 1B 2 R 2 oo icm, H T 3evtk g i BARgE ) .

(2) #E)Z CNN 1 jess (kernel) K/, HTs2BlGRIs4 .

(3) A2 CL S0 bR I L
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Output
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=l
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Figure 5: A sample 1D CNN configuration with 3 CNN and 2 MLP layers.

Pl 4-20 1D CNN MR iiPel [4]
As in the conventional 2D CNNS, the input layer is a passive layer that receives the raw 1D signal and the output
layer is a MLP layer with the number of neurons equal to the number of classes. Three consecutive CNN layers of a 1D

NN are ;;j:ezt@amﬁ@r% DASNIN fidi i} @4%@?’@%@1@?@#@@1@ a@&y@@%qtor&

through %m&%? f(%\!w}j gﬂ %&fﬂ%)cgigl"hls)k ﬂdﬁm %‘@ﬁi% 3?:%

1D andfﬁD:Cﬁﬁﬂ#ﬂM&]}: DlﬁQt}pce rﬁ@&}h’ﬁp@e e mhps é’@ﬁ’ﬁé‘kmp,

layers {ar00 15@%‘@5“1‘1‘%@@ %@ﬁ@?ﬁ“ﬂ@ﬁ@ %5 “S%@@@W%m}%@%o
l?’h’is i

%
it can Pé%ﬁ T E&Lﬁﬁ%ﬁ?@%ﬁﬁ?ﬁﬂ B RS ﬁ%i@%E

also resﬁf (Hﬂ co b a%m%mty since the only operation with a significant cost is a sequence of 1D
convolutions which are simply linear weighted sums of two 1D arrays. Such a linear operation during the Forward and
Back-Propagation operations can effectively be executed in parallel.

— —" . -’! |
—T Ml)ﬁi leg» La—’ “’f hape g E Fayer (I+1iy  ou 0
ReLY — : 400) 1 R (30 softmax
_’ 5 ) - kth neuron p+ :
)

(20,160)

=g G | TEpee

#-21 CNN g%
4.4.5 [ED}“&[EE
R SVNI I m ﬁ%aﬂ IR R 25 RV 22 1) 4%
(1D-C %%& j-Batch FA g4 batch
AT HE B Z8AE 200 /1~ epoch, i

?IX_XI%EE@(IEUE‘P t epo;:h?:'ElO8Ot1J:E’Jl)|l ?HTIEUDQ o YIZ5 Loss KX

ﬂ% iyh’u] ;b\ %Igum%—ﬁsecunve hidden CNN layers of a 1D CNN [56].
This is also an adaptive implementation sinc tp ]\§N  topol 415 w the tlons in the input layer dimen, )
in such a way that the sub-sampling factor o sitput CNN, m ely The details related to F or\Q %
and Back-Propagation in CNN layers are presented in the next sub- sectlon
23 FanErapatd B R T N Bk 1 q 735 22 I 4 1 45 SR B 253 softmax
In each ﬁﬁﬁ%@&ﬁ% %\@r%mpagation (1D-FP) is expressed as follows:

BN 25K H Adam HVRH T, l_ﬁii‘lﬁ})i [ A% 48 SRR R o B Zg
A~ epoch, i FH 6 kAR et R AR A V£
i=

4.5 BERIMEREDEAL

J T VRN BT S AN ﬁ%ﬁiﬁﬂ*ﬁ?ﬁl‘ﬁﬂ (R 6 25 3, AN Sk FH AR () A B 49 931
WIZEAIMER T SVM. DNN. LSTM LL A CNN PUAS TR AR Y, 45570 () 000 K o 3
M HAER AR EA TR MER R AT VR,
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(EAS TR, INZRB A B e Bk I TR 1 12 N B A2 A/ 4L
Pa, HA R EHE 6 I EI 2 A CAN TR EEE, I ZRBHE R NI ZR8E I
10 NEATFREE . EWUEEE L, TN ) H bR L 2SR
W 4 5T BT AE AT B P T AR R T IR AT B 71, RIS, YIZRB & 1%
WA R AR R N TR P B, R FRAESEIAE SR AR ELE N 121, A PR T A
TIPEAS IR MERAYE o

SVM. DNN. LSTM LA CNN PYASFiili s £ 500k 42 bR vErf % (=
I RWERE) IR,

K1 AR BB L o R e &

TOU A 7Y CNN | LSTM | DNN SVM
TV RUER I | 77.87% | 73.44% | 71.12% | 68.17%

4.6 Z5FRMM
4.6.1 MREL R

2EA IR T, ANHE A BRAS S T ST R TR A TR e L R H A AT AR )
ATECE SIS 7o X B A1 70 o] CLE AR AL T H AR A5 467 T — A7 8 R —
YIINER, Aok, RT3 —AT 80— P R R w1215 0 A&l
P N 2% 1 softmax i H 43 211 .

IR ST T FF charl3 My, 756 1 3K+, fhE 2 KI4-20417 54
BRI Bk K 8,10,6,12,11,4,5,7,9,2.3,1, Hdr 1~6 fLEAT, 7T~12 18K, F
F 22 mr i ) i 5 R4 R 7k, BRATTAT DR 55— 525 Hh R 2B 1 (5 5 &
530 124 P300 {5 5, 51X 12 MTEGIEAERT Y. . #7083 S1 B 5EE 2
8 A, BEHPEE S 2 XN P300 A AUE R ONEITETITF GG 160 JCRAFE I [A]
BEN NS (S ) ME A PR (N, i T BT S O TR AR AR 2 2 4280, A
It softmax JZ &5 H —A 0~1 Z B0V AL 10 4 ardT e 5 i 45 4y o [H]
B, #ORE S1 2 G/ BRI 11 AMTEE VIR, EEIX-—FE, winl DLRAF I
1TaE TN AR5y o ABORE MR Lsegt—5, ATSILAI LI 2] 12
AT 0~ 1 Z AN TINS5

B30I 12 AN AT AV AT o3 25 HE 7, W RTKE 1~6 47 X6 B (1) Tl
3003 KANHE, B HE A3 03 B s AT, W LA S A A A 3k o Pl
FH AR FETAERIAT o [FEE, OB 7~12 B N A I A 40 3 0 N AT HE S, IR
Pk AR dee s A, K R ok A S IR P e 2 I 1) H bR -4 A (K 41
WA, FEASERE R AN ARG ) A5 AT 2R 5 %6, Ak 5 Bk~
XK, BATEHE] 5 MEDEE AT S M Eem . i TR 2 8l
TN G IR DL S AMAE 2 2R 3, A0 P300 B s e i £ R, ikl
FE 5 E RN ORE M b, WERANEER 5 MR IR B s 1R A A i
Ja FEATIAR . Bk, 25 2R 0 H AN I A o e 5 B E
BATBILEGR] 5 x 5 =25 MI AT, LA 5 x 5 =25 M3 m s,

ST 2E R B, FRATIAr AN 25 AN 03 B i DA T RN B A S S IR Bt v
FIAT RIAIAE Jy 24 R P00 45 T AE AT A8 o | T 4EAR R, T B A AT A
Htal UBE S R IC 25, Rk, FeATT ] AR Pkt H i s AT Fl et o8 e B
RV F45 . B, XFFF%F charl3, 78 25 M0t 47 H BRI
JEH 3T, AE 25 M B A R S s PSS 7 81, ] 4-20mT 4,
REFUI) H bR 7550 Mo
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TH X B BEAT 20 IRE VIR AT, FeATrT ORI AL _F AR5 1)
20 ANTRINSE SR, AT RS, B 20 R S S TR AR 4E R B T R A S0k
0 BT RN T () 45, 20 RS A3 BAR R A el 5 5, S e AN 1
BRSBTS S (Bl 18 ek 19 il g5 W K [l — N 725F, R
1~2 IR EE BN e 77, R T Geit2r 5 B, FeAl Tl LUAf & R 4 E 1
01 Myl 5. B, FATHRZTM H WAL charl3~char22 B4 R 45]"M,
F, 52 I, T, K, X, A, 0°, inK2f/R~. Kk, FRATEIXATGN 5 A H S
FZEE R, F T RIT S U0 YOG TR TERR R (R 520, M A PRI P00 YR Ay 26 P 1
IR B 2D BN S UK

*2 pmEsR

SUMIESPS SRR

charl3 charl4 charl5 charl6 charl7 charl8 charl9 char20 char21 char22

Bl s
member 1
member 2 T
member 3 THiill
member 4 Tl
member 5 Tl

T2 KK
s BLe s e s HLe 5 B o
PRV VU
NN NN
H 4 43 43 4
~ A~ ARA
KooK X X X
> > > > >

gk
EES
gk
ES

=

4.6.2 HTIMEREPER DT

FE BN AT AL B, AR SCRE— DA T IS R L T YR A 4 1)
MIER . BAKYL, ASC IR TSI e R 1~5 I, PN 2 e it 4E E
RITI 45 RATEL 1576 S5 R R A . O 136 S s iR e i B LR 22, X 148
NSRRI, ASCHRESR AT 20 U, JFTHEL TR TERG R, P 2
TFE L TR R 2 [ (R R MRS PR e AMERIL, S X0 5 1, M
2% (KPR PR AE AR R 28 97 %o R, AR IUDLI —FE IR, 0 4 1P~ 2 TUI 4 1
FAAT 41.5%. (AT RIS, RIAE R HEAT 2 B0k, A SCHIT i 57 (0 Tt A 2 A7
AEIL 2 82.5% (TR AERAAR, IXAG5 R P IRIAIE T A SCHT 5 ) FAR 2 (145 2%
PEAAERA L o

3 AR RCIABAE T 125 4 RN 4

MRS IR 1 2 3 4 5
FRFPUAER R | 41.5% | 82.5% | 85% | 86% | 97%

AT ST E M EEREAN R S g A8 T B R, T 1 4-22 0181 4-23 73 31 Jig
ANRBFE IR 1~5 I8, 20 R S B (KIAT RIS PR TR0 HE A 0 55~ 22 T o Aff %<
Ferb, 20 FAr AR 20 IR SR, FRIRIE R AR b don s e Ik, LAk
PRI 20 IREER S AT RIS )P Ry TR 5 o 18]4-24387 20 IREER S04 1
(7 AR 545 1) SN A Al 3 AT B T A
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5.2.1 FEEDVUHIEEFEE

JH TE YR R 7 AL 3 ek 3 sk o) 2% A0 0 P AR P R AT AR AE, W] RAIX 2 AN [R)RRAE
TG E R, SR AN A AT 45 184 5 il 4k AN ) (R e, -t R R AT 30E
AT R R, IR 2% i) B2 )3 4 SR A Gk B hn e 5 A T
o S PRFAE I 4 e FHRFAE o

KI5-1 R T — AN T H0 s I 4 A5 A0 BB 3 i i WLk Ay, oy
BRI T 2R E A FE LR AP IR

F,. (W)

X U F, () ~ [ ———— T
—/ 1x1xC 1x1xC \

o' F,. H Fycate )

c’ C
Fig. 1. A Squeeze-and-Excitation block. I§| 5-1 ﬁiﬁ' Mjﬁ)ﬁﬁ'ﬂ‘%ﬁ;ﬂﬁm@ [10]

ture (Section 6.6)] WiSlque el f%@%@ﬁ ST e e TBombe lefrming and
is genenﬁf?ljﬁi f&]ﬁgt’v@erf%ﬁﬁ m rs representational properties of deep networks.

throughout the netWOfk In earlier a yers it excites infor- An alternative, but closely related line of research has
mative features in a class- agnostlc manner, strengthemng focusﬁ meethods to lmprove the functional form of
the shared low-level representations. In later layers, the SE 1the 1 elements contained with network.
blocks become increasingly specialise?d; a_nci? Hn to m %17021 have proven to be ;?[:Sc)pular ap-
ferent inputs in a highly class-specific manner (Section 7: proa@h:IOVﬂicreasmg the cardinality of learned transforma-
As a consequence, the benefits of the feature recahbratlon tions [18], [19]. More flexible compositions of operators can

performef |3, MoqspRali iy reumgiadedatosgifife T@@@ﬁw@ﬁ@l@fﬂ%ﬁﬂﬁ%@(@@ﬁﬁ ), 161, 1201
The dEJ] gﬁdjéi\l ﬁ;éngg 9113%1 @Nﬁ%&%pg QJ}ng) rc{ %lgj\ é}{r Irgrior @Jﬁ E?Ergés—i el correlations

is a diffidklp efhigi ey iﬁg?ﬁe séic entures, ei-

lection of Sani e M@mw@qﬁ @@%&@nf@%ﬂi%ﬁhrﬂﬂﬁﬁéﬁ@ﬁ%%ﬂm@&@@e (221 2or jointly

tions. By ﬁ% structure of the SE block is simpleand by using standard convolutional filters [24] with 1 x 1
can be usett t

1y iR existing stafe-of-the-art architec ures og‘volutlo e% fth1 ese 2 entrated on the
by replacing co' nECHathQACTH m%\l e off 11 and»% ;Eﬂ%t%&ua lledmplexity,

the performance can be effectively enhanced SE blocks are reﬂectmg an assumptlon that channel relationships can be

also computationally lightweighg a,ndFlny}Egsw)l}La Sl @%tl Wr)ryuﬂat@d(w @c(w?gl)})n of instance- agm(gg)functlons

increase in model complex1ty and Computatlonal burden with local receptlve fields. In contrast, we claim that provid-

sEnets ah T G t&@ﬁ&f fofton heemoid SRR Bkn ¢ %‘ﬁﬁéﬂﬁéﬁﬁiﬁﬁ
geNet dat@le?@ W(./\l &ﬁna@ﬁ}%l? E’E&ﬂ% %ﬁg rh&'ﬁg fﬁﬁﬁi ﬁnZ ignificantly
that mdlﬁ%iﬂ@‘-*éﬁwe%%ﬁ%ﬁ APRIDAGHany, JF)@E eniigineg Wesrepiequitkadnll pimpral felirey pik.

tricted ki
;?1\1{;: Qﬁ}ﬁiﬁt‘%ﬁﬁﬁﬁ% ilnglﬁliz(;(?n Algorithmic Architecture Search. Alongside the works

competltl n ‘z‘ %% %f nsemble achieves a 2.251% dhescrlbed ab;)ve there 151 alsc})1 a rich I:llstory ofdresearcg
top-5 error ot g% is represents roughly a 25% t at aims to forgo manual architecture design and instea

iy e G R G R AT
PR AT CR 2 4 A o o e

ERP))
A, for searching across network topologies with evolutionary

2 RELATED(WORN £ i A 12 (053 ] R oL cuch b o o et edles which
Deeper me&)&@ﬂﬁﬂ fﬁliﬁzﬁlﬁﬁ&%éméﬁﬂ ﬁﬁliﬂlﬂﬁe—fﬁa g Eﬁ@f@%&ﬁdé}@ﬁ#ﬁueﬁ@ models
s [ SMW%@%@@%H@@%@E@%@OW*%@%@Weﬁﬁ%@mm‘mﬁ o lange

significa ﬁ%‘?@ e goal of re-
it was ¢ i}’ Iatm 15 T titational burden of these methods, efficient

of the mputs tQQeACEﬁﬁe Nibak t}ﬁ'ﬁ @ @ﬁﬁgﬁwﬁ’e =) M@Iﬁg based on
s i e M AR50 iﬁmarc[%{ﬁ@J%%a%%ﬁmm@ghmre

and produced smoother optimisation surfaces [12]. Building ~ search

on these works, ResNets demonstrated that it was pos- By formulating architecture search as hyperparameter
sible to learn considerably deeper and stronger networks, optimisation, random search [34] and other more sophis-
through the use of identity-based skip connections [13], [14].26ticated model-based optimisation techniques [35], [36] can
Highway networks [15] introduced a gating mechanism to also be used to tackle the problem. Topology selection
regulate the flow of information along shortcut connections. as a path through a fabric of possible designs [37] and
Following these works, there have been further reformula- direct architecture prediction [38], [39] have been proposed
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EIf i) =, 2% FERI7E P300 IN-HLE: 1 RS, SREIZRIR I BT 75 AR 24
TEAT 75 ZE PARACIN TR], ASSCEvt 77— e B 2 > Bk M A7 PR 45 H
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W) FEE ) B AR 2 &5 R e A A, kI uE Tz IR A S B e S
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1 LB B e Bt 22 70 1) 3000 2 ANFEABEAL R 2 o)l e 5 R 4E .

T3 A FR R K A3 R I B AL 58 2 Hﬁiﬁﬁ\%mﬁ%/\/\%ﬁi@ EMMH
Wbk, ASCRF 3000 ZAMHIEIIFEATZ 4. 1 BIELBIBERLRIZ> T 100 ¥k, s34 mk
T 100 AAF 2R S MR R 150, T K T 2 A AE AN R 43
PﬁﬁTEﬁ/\;&{&Eﬁi B A AP 3 MR 2 T 1 100 (X & SEG 1)
Yy gk LA 201

7.3 RBFHIMIE
7.3.1 PR ABEYLARAR

PLERE 2, W (DT) 2 H s fl i) 2 (e 2 —, AR K2
G JE S BAL L R AR o BRI R, B9 X
EAR AR I A rTRERYJRAEAE,  RFAS & i JUDRE R MARTY i 22 1Y s Bl 22
DI AR P 7s R B o RS A S H e o 2 AR AT L, BT I RIS AN 2
AETRR I TR REATIRAN, PR B B AN KIS, R SR S0 H AT W] 2 (A
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éoﬁw,%TW%ﬁ%%%%mﬁ%K HASAHE R, HARI 1Sk

PSR AR I I FE — R 50 3 AR5, A AR R IR . YRSy 2L P= e o
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(1) FRIEERE: FRIEIERER IR IR Z (PR AE A IR B — AR IEAE A 25015 0 4>
B bRAE, WA FERFAEAT AR ) B VP AL i, AT AE AN IR SR SR,
ID3 CGERE B EPRRAAE ) C4.5 G5 B35 Lk #4545 ). CART Gl
&mhﬁﬁ%%ﬁ>£ H IS R e B 4 R 2y 2 5, S5 AR 2t
BRI 0w R B R AR A 4G v, R BRARE AN e

(2) PRI A AR B R AE VP Al v, 2 N3 U b AR il 74 A,
BB AN 0] 43 A5 b R S A LE AR IS R S B gl A 5 il R
P DU PRI AR E AN DB P s B X 40 el B s, AN e AT S /NI AR ML R o X 1
YT SRRy, # A SR AR R 4 2 SR A T AR R 2l
=1, AN E RN

(3) YR IIFEYT : PR 25 2 i fU A, DRI — M i 2 B R ke 4 /N &5 ) R
(TS (SO () CE

YL PR B W 7-1 7R

Pel 7-1  Pesfepns i

7 GBM JATHT, WHTE H HBEYLARM (Random forests) X FhHHL#Y 2~ > )7
o AT KR r R G RAATREEE RS, MM — AR 254y, Xk
SERTALARAR 20 AR . BENLARAR oA i 22 BRI a0 R $a e [3]:

U)W%W%ﬁﬁ¢%M,ﬁ?ﬁﬁﬁ%ﬂﬂﬁﬁ@ﬂ%ﬂ%%ﬁﬁo

(2) FHREAMFEARTFFIEEGE N N, FEHLH AL 0 ANRIE,  REOSREEAT 43
ZAIF, MW & FRREAE ol s ARG PR AIE

(3) TR A FF A B AT 2

A, BENLARIR > 252848 sklearn.ensemble % H ) RandomForestClassi-
fier, Z (5 & M : n_estimators=500 AR B S 115 H 4 500) , random_state=0
(BEHLR R4 00, HRSECABINSEL.

7.3.2 GBDT F1 CatBoost

FRIESETIH (GBDT), & NLARIAR B2t 2] 85, LU boost A HESR K Ik
BRG] o AENLAS A 20, BURBRAUT TP B MR . i &, 1k
PR BB RV REY . DRI, mﬁ%ﬁ&%mﬁb%u@@%ﬁfﬁﬁTV
MBS PERE . GBDT FEILIEAL B, BT 06 CAf R ek O 1)
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77 (LS)s GBDT &E—AN 1745 fi A3 28— AN e, i TiiE & & T4
AT ARSI .. I Rk 55 28— feature [ T R 4 5 4 1 4>
H 5

2014 4F, XGBoost WA=, # 72 N HTHLER2E S 565E, HE 2016 8 %Kﬂi
GBM (BRJEFRTH L) A s k. 2017 45, kL T LightGBM
Pl 2K 2 Bt XGBoost =1 1) GBM 53k, [A4E, R 2 1 116 W9 48 2R 5 45 )\ 1)
Yandex 2 T CatBoost g — R Zx AR I (8] 20 . RS SO a2 |
25K B 1 R T L XGBoost L) GBM 572,

CatBoost 7128 JIRFAE IR AE AL 7 A AR A 37 20 (1) 2R 1E: 7
4 3 xiiehtingaradient Biags i £ 51 LA i 2 B BEHLHEZIINT . SRIG %4 E—ANF
G, AR EZE A ) T S P REAAE . TR DL 2 OB R R 5 6 0 %

CatBoost as well as all standard gradlent boosting implementations, builds each new tree to approx-
imate the gradients of the current Towever all classical P)ostmg algorithms suffer from
overfitting caused by the pro fem ofbiaséd p@lnth gréldle t estimates. Gradients used at e gl?)
step are estimated using the saﬂ‘le data p@& thi;gurpenk del gvas built on. This leads to a shift
the distribution of estimated gradlents in ailly nain of ature space in comparison with the true

trllﬁl}ﬂ:}m of jgrajefits it to overﬁtyl%lg_T@hdea of :Qms)ed %ehen?s

%% @%%?Sﬁéte@ﬁ%ﬁ%ﬁ c ?*Ve—p@’fd TN leﬁ?

@mp—m Dl %é‘&%%@ﬁ%& o8 IBiedy @dﬁ%mﬁuw
i m%&@@ﬁb@ﬁ% g %@%ﬁﬁ&ﬂ%wf%ﬁ %t%c@l;tf UG st TSk AT

Eﬁﬁfh\eﬁ %ﬂ&u@‘dﬁ ﬁsettlng values in leafs after the tree structure is fixed. To choose the best

tree 3ty eZalg W% Eljt%blm %t{:g its ﬁtﬁ%
SRR R T,
A ﬁ@ﬁfbﬂiﬁﬁ hidifbrfal GEBT sqfieteRbdiforthE ﬁ%h@é@%ﬁr& mﬂﬁ@%ﬁ&ﬂﬂ 73

1 A et astisth bRl bAoA em il ida R aha KA R PRnaIy b b ABt R 5 -
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RPN reledsnﬁ gﬁég %jgr E I'F A after build-
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'ftifﬁgﬁﬁ@wng@ilmpresent the pseudo code that explains how this trick can be performed Let
Loss(y, a) be the optimizing loss function, where y is the label value and a is the formula value.

Algorithm 1: Updating the models and calculating model values for gradient estimation

input : {(Xy, Ys)}r—; ordered according to o, the number of trees I;
M; < 0fori=1..n;
for iter < 1to I do
for i < 1ton do
for j < 1toi—1do
L gj < %Loss(yjaa)‘a:]tli(xj);

M < LearnOneT'ree((X;,g;) forj =1..i — 1);

7 M; < M; + M,

BoR W N =

N

8 return M ... My; M1 (X1), M2(X2) Mn(X,)

Note that M; is trained witho the le )ﬁﬁj lementation uses the following
relaxation of this idea: all M; %ﬂ]? miﬁg) O @% f{

In CatBoost We enerate s random ermutatlons of our tralmng dataset. We use several permutatlons
CaiBoest éﬁ\tﬁ’é%é HafuGacB anséblasspiatients
on its basis. These are the same permutatlons as ones used for calculating statistics for categorical
features. We use different permutations for training distinct models, thus using several permutations
does not lead to overfitting. For each permutation o, we train n different models M, as shown above.
That means that for building one tree we need to §@re and recalculate O(n?) approximations for each
permutation o: for each model M;, we have to update M;(X1), ..., M;(X;). Thus, the resulting
complexity of this operation is O(sn?). In our practical implementation, we use one important trick
which reduces the complexity of one tree construction to O(sn): for each permutation, instead of
storine and updatine O(n2) values M. (X ;). we maintain values M/ (X.).i=1.. . .. Nogs(n)]. 1 <




BB N loss_function="MultiClass’,learning_rate=0.1,depth=6 (P IFJEELEE) | iter-
ations=1000 (%), HRSEMHEINSEL.

7.4 L PEREXT L

AN T AR 43 2R 28 M HEAR 2 JHHERf %, JFE— D TH 51 13
AN FARFAE AR AN RIS o) 73 FUE R 2R (R DR B o RIS, AS/NATIEA I T I Z54E
HTIAR AL 73 EE A0 43 2 DR At 2 1K) S 1
7.4.1 AFESFRIFHHERERT

EEXTR) DY, R T #5€ S D0 IR HIERR 23 31 40 28 4, AR STt JF AT T 100 40
Sy, AR, AT 3000 ZANAHIEIFEAZ 4: 1 B ECBIBEHLRI 2 T 100
W, BIARCT 100 AR 2RSS MR R A5 O, 553 A T 25 HEAR 43
W3 IR AAE 100 AL ERFIIERIZA (Accuracy). #EAfi# (Precision) Hi4
[F[Z (Recall), R HWIRS. ROFron. BT-3ER T AR 732885 1 4 R
o3 IHAER

X8 BARBICFRMERR. ok

R ) i BRI () MR T (4 TR SRR (5 MR RN (6) WM S R IIT

o

SVM 0.7826 0.6131 0.5454 0.5526 0.7105 0.65
BEHLARK 0.9749 0.9289 0.9396 0.906 0.9643 0.943
CatBoost 0.9624 0.9451 0.921 0.9399 0.9818 0.9506

%9 B RENPE MR

1 o
_— fiks IRIENCIT (2) ARl BRI I (3D AR MR 1 (4 AR PudiRsh (5 Al% B (6) A%
R

I
et

SVM 0.7894 0.6774 0.1791 0.7777 0.9
BEHLARbK 0.9638 0.9338 0.8597 0.959 0.9882
CatBoost 0.9766 0.9171 0.9252 0.9579 0.9733

7.4.2 AR BT

AT IS UE A ST A R T o PR AE R A R, A SCRE— 2B T R AR 13
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FEFIHEFE MeanEnergy F1 In Ejs .
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D3R, {EBEHLARMR S ZEA8 T, s £ 42 h s 20 Pl 5 S A 5 sy v ik IR R
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AR, A SO A 12 H R BRIV 08T T SVM 232848 0 13 AN HLARFAE IR
TR, OGN 2 SR A A v vk R AE Productygs,Product,gs,Ep,Es
Eﬁ,ll’l Ealpha o

K 7-6 &7~ T AR N HLARFAE T CatBoost HY-~T- XA HEERIR 23 JHEAf %

ANHER I, AEASF] B3 A, B FURFAE () B AR AN . SR, TG
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o IR (2) MERRE BRI T (3D RTINS L) (4 METRE  BOEIREIN (5 MERRER EEND (6) MEFRE S FRAMIRER TR
BT o7 L

0.2 0.9624 0.9451 0.921 0.9399 0.9818 0.9506
0.3 0.9486 0.9009 0.8476 0.8878 0.9694 0.9122
0.4 0.9325 0.8354 0.819 0.8798 0.9395 0.8842
0.5 0.9132 0.8227 0.7808 0.8106 0.9493 0.8573
0.6 0.8887 0.7771 0.7365 0.7678 0.9214 0.8206

Pl 7-7 AR ZHa e XI5 LE BT CatBoost 1y fi il R
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PSR A #P3EXTELSCIE (FHRESCIE)

1.1 REEN B S XHBLEDRS B ) Sk

KT HRBIGIERERAERAS S, AL RAER BEAK S S A8 RURE B (1) 5% 1) 512
R o RAERTBASEELL 40 25 AN 80 MR IE 2 240, M 45K H 1D-CNN,
AL gk F Adam LAk #s, ikt 4 0d Butterworth A1 FFT AbB J5 s . 5E
e RN NERPERATLUE T, SRR BOEREZHIT05 1 160 4K AE
s EAE CRPIEIN B Ky 640ms) .

KN AFERAEHO BT 5m0

KR B RE 80 120 160 200 | 240
IFEEVERI % | 55.60% | 71.74% | 77.87% | 75.14 | 73.89

1.2 NFEACEIS AN B R W SL i

Az M 2% I AR AL de ot T 2 I ZRAT e IR M . 538 R AL T LU 4R
WIS, 4 YIRIN Ta) R s B RV BE « ASC2p 9 R A SGD 92 . Momentum
AN Adam FIEAR G X ARAERS , SREFAR L E 160 ANRAF AL, Bk 4
if Butterworth A1 FFT ALBE 5 (8E . SER AT RUTRI12P7R . WRH SR LA
th, Adam Ak g PERER A .

R 12 AR ZRREORORE L i) 52 M

JEP T Sgd | Momentum | Adam
IFSEVERRE | 7732% | 76.93% | 77.87%

1.3 JEEEPRAL B B X B RO BE 10 SE

i L SR B B IR PRI ST T, A A 5 e By ik Ak
B ASCERR T BB R ARG FE IR 500, IR I3RS L ()50 . ] DL
2, AR BHEIEP T I P 2% I RO MR i R 19 2% B 1R e

K13 AN IR B AL BEELRG L M

TEW TJeUED: | Butterworth | Butterworth+FFT
ISIFEEUERIR | 66.27% | 74.64% 77.87%
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fiisk B K
(1) FE R AU main.py

from trainer import Trainer
import numpy as np
from tgdm import tgdm

Char = [[lA', 'B" 'Cl, lDl, 'E" 'Fl]’
['Gl, IH', II', 'Jl, lKl, IL'],
['Ml, 'Nl, |O|’ 'P" 'Ql, IRI]’
['Sl, IT', IU', 'Vl, 'W', IX'],
['Yl, 'Zl, |l|’ '2" '3', |4|]’
['5', |6', 17', '8', |9l, IO']]

def get ave result(p,skip22 12 = False):
global char
a = np.array(p)
b = a.reshape(5,10,5,2)
b = b.transpose(0,2,1,3)
count i1 = np.zeros([6,10])
count j = np.zeros([6,10])

for i,bl in enumerate (b) :
for j,bll in enumerate (bl) :
for char i in range(10):
if 1 in [1,2] and char i==9 and skip22 12:
continue
count i[bll[char i,0],char i]+=1
count j[bll[char i,1],char i]+=1
index i1 = count i.argmax(axis=0)
index J = count j.argmax(axis=0)
for i,j in zip(index i, index 3j):
print (char(i]l [j])

if name == "' main ':
#data root:'data mat' 'data mat revised/'
s =[]
p = [I
r =[]
epoch = 100
attention = []
for member in range(1l,6):
model =
Trainer(member,data_root='dataimatirevised/',opti='adam')
mean _acc = []
mean loss = []
with tgdm(total=epoch) as t:
acc = []
loss = []
for i in range (epoch):
train loss,train _acc = model.trainA (i)
val loss,val acc = model.valA (i)
t.set description('Member %i' % member)
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t.set postfix(loss='{:.3f}"'.format (val loss),\
acc="'{:.2f}%"'.format (100*val acc))

t.update (1)
if epoch - i<10:
loss.append(val loss.cpu() .item())
acc.append(val acc)
acc = np.mean (np.array(acc))
loss = np.mean(np.array(loss))
attention.append (\
np.array (model.model.atten.cpu() .detach()))

mean_acc.append (acc)

mean loss.append(loss)
series,predicts,result = model.predictA()
r.append (result)

p.append (predicts)

loss = np.mean(np.array(mean loss))

acc = np.mean(np.array(mean_acc))

r = np.mean (np.array(r),axis= 0)

print ('test:\nchar acc:{:.2f}% \n row acc:{:.2f}% \n col

acc:{:.2f}%"'".format (*1ist (r*100)))
print ('mean val acc:{:.2f}%"'.format (float (acc*100)))
print ('mean val loss:',loss)
get ave result (p,True)
# import pickle
# with open('atten.pkl',6 'wb') as f:
# pickle.dump (attention, f)

(2) LAY net.py

import torch

import torch.nn as nn

import torch.nn.functional as F
import numpy as np

class FullyConnected (nn.Module) :
def init (self,seq length=None):
super (FullyConnected, self). init ()
if seqg length == None:
seq length = 160
self.seq length = seqg length
self.fcl = nn.Sequential (
nn.Linear (20*seq length,2048),
nn.Dropout (0.5),
nn.RelU ()

self.fc2 = nn.Sequential (
nn.Linear (2048, 30),
nn.Dropout (0.5),
nn.ReLU ()

)

self.out = nn.Sequential (
nn.Linear (30, 2),
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nn.Dropout (0.5),
nn.Softmax ()

self.atten = torch.tensor ([0])

def forward(self, x):

b,c,s = x.shape
x = x.view (b, -1)
x = gself.fcl (x)
x = self.fc2(x)
x = self.out (x)

return x, 0

class CNN(nn.Module) :
def init (self,seqg length=None):

super (CNN, self). init ()
self.atten = torch.zeros([1])
if seqg length == None:

seq_length = 240

self.attention = nn.Sequential (
nn.Linear (seq length*20,20),
nn.Sigmoid ()

self.conv = nn.Sequential (
nn.Convld (20, 5, 5, padding=2),
nn.MaxPoolld (2),
nn.RelLU ()

self.fc = nn.Sequential (
nn.Linear (5*seq length//2, 30),
nn.Dropout (0.5),
nn.RelLU ()

self.out = nn.Sequential (
nn.Linear (30, 2),
nn.Dropout (0.5),

nn.Softmax (dim 1)

def forward(self, x,use attention = 0):

b,c,s = x.shape

if use attention==1:
x atten = x.view(b,c*s)
self.atten = self.attention(x _atten) # (b, 20)
# x = x.view (b, s, c)
atten = self.atten.repeat (240,1,1)
# print (atten.shape)
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atten = atten.permute(l,2,0)
# print (atten.shape)

X = atten*x
elif use attention==2:
self.atten np.zeros ([b,c,s])

for 1 in [ O, 1, 2, 3, 4, 6, 7, 8, 9, 10, 11, 13, 1e,

19]:

self.atten[:,1i,:] =1
self.atten =

torch.tensor (self.atten,dtype=torch.float32) .cuda ()
x = self.atten*x

elif use attention==3:
self.atten = np.zeros([b,c,s])
for i in (1, 3, 4, 7, 8, 9, 10, 11, 13, 19]:

self.atten[:,1i,:] =1
self.atten =

torch.tensor (self.atten,dtype=torch.float32) .cuda ()
x = self.atten*x

elif use attention==4:
self.atten = np.zeros([b,c,s])
for 1 in [1,9,19]:
self.atten[:,1,:] = 1
self.atten =
torch.tensor (self.atten,dtype=torch.float32) .cuda /()
x = self.atten*x
elif use attention==5:
self.atten = np.zeros([b,c,s])
for i in [5,12,14]:

self.atten[:,1i,:] =1
self.atten =
torch.tensor (self.atten,dtype=torch.float32) .cuda ()
x = self.atten*x
#(b,240,20)

X = self.conv(x) #(b,240,20) -> (b,240,5) -> (b,120,5)
fc = self.fc(x.view(x.size(0), -1)) #(b,600) -> (b,30)
x = self.out (fc) #.squeeze () # (b, 2)

return x, fc

class LSTM(nn.Module) :
def init (self,seqg length=None):

super (LSTM, self). init ()

if seq length == None:
seq_length = 160

self.seq length = seq length

self.rnn = nn.LSTM( # LSTM % ZEW nn.RNN() H£ 7T
input_size=20, # H A&7 HRERE X
hidden size=64, # rnn hidden unit
num layers=1, # % JLE RNN layers
batch first=True, # input & output £#&J\ batch size

K — S E AL E e.g. (batch, time step, input size)
)

self.atten = torch.tensor([0])
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self.fc = nn.Linear (seq length*64, 64)
self.out = nn.Linear (64, 2) # 4 E

def forward(self, x):

x = x.permute(0,2,1)

r out, (h n, h ¢) = self.rnn(x, None) # None k7 hidden

state 2F40H state

# B®HGRE—/NHE S r_out i

# XB r outl:, -1, :] WEHLZ h n HE
x = self.fc(r_out.contiguous() .view(-1,self.seq length*64))
out = self.out (x)

return out, O

(3) YA trainer.py

import torch

import torch.nn as nn

import torch.optim as optim

from torch.utils.data import DatalLoader

import numpy as np

import hiddenlayer as hl

import torch.onnx as onnx

from Dataset import Trainset, Testset

from train valid split import train valid split
from Model import CNN,LSTM, FullyConnected

class Trainer (object):
def init (self,member = 1,data root =

'data mat/',train batch = 64,val batch =
80, opti="adam', seq_length = None,model='CNN') :

self.member = member
self.device = torch.device('cuda' if
torch.cuda.is available() else 'cpu')

if model=="CNN':
self.model = CNN(seq length =
seq length) .to(self.device)
elif model=="'LSTM':
self.model = LSTM(seq length =
seq length) .to(self.device)
else:
self.model = FullyConnected(seq length =
seq length) .to(self.device)

self.random seed = np.random.seed(666)
self.trainsethA, = train valid split(Trainset ('A',\

member,data root=data root,seqg length = seqg length),\
random seed=self.random seed)
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self.valsetA, = train valid split(Trainset('B',\
member,data root=data root,seq length = seq length), \
random seed=self.random seed)
# testset, valsetB = train valid split(Test('B',1),
random_ seed=random_seed)

self.train loaderA = DataLoader (
dataset=self.trainsetA,
batch size=train batch,
shuffle=True,

self.valid loaderA = DataLoader (
dataset=self.valsetA,
batch size=val batch,
shuffle=True,

self.test loaderA = DatalLoader (
dataset=Testset ('A',member,data root=data root,seq length
= seqg_length),
shuffle=False

self.mse criterion = nn.MSELoss ()
self.cross_entropy criterion = nn.CrossEntropylLoss ()
if opti == 'sgd':
self.optimizer = optim.SGD (self.model.parameters(),
lr=5e-4, momentum=0.9,
weight decay=le-4)
else:
self.optimizer = optim.Adam(self.model.parameters(),
lr=5e-4,weight decay=le-4)

def trainA(self,ep):
self.model.train ()
total loss = 0
total acc = 0
for step, (x, y) in enumerate(self.train loaderA):
data, target = x.to(self.device),
y.to(self.device) .long ()
output, = = self.model (data)

self.optimizer.zero grad()

loss = self.cross entropy criterion(output, target)
total loss += loss

loss.backward()

self.optimizer.step ()

predict = output.data.max (1) [1]
acc = predict.eqg(target.data) .sum()
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total acc += acc.item() / self.train loaderA.batch size

avg loss = total loss / len(self.train loaderA)

avg _acc = total acc / len(self.train loaderA)

# print ("Epoch: {} Loss: {}, Acc: {}".format(ep, avg loss,
# avg_acc))

if ep == 499:

torch.save ({
'epoch': ep,
'model state dict': self.model.state dict(),
'optimizer state dict': self.optimizer.state dict(),
'loss': total loss,
'acc': total acc

}, './vallina cnn A'")

return avg loss,avg acc

def valA(self,ep):
self.model.eval ()
total loss = 0
total acc = 0
all acc = []

with torch.no grad() :
1i=0
for step, (x, y) in enumerate(self.valid loaderA):
data, target = x.to(self.device),
y.to(self.device) .long ()
output, = self.model (data)

loss = self.cross_entropy criterion(output, target)
total loss += loss

predict = output.data.max (1) [1]

acc = predict.eg(target.data) .sum()

total acc += acc.item() / len(predict)

ii=step

all acc.append(float(acc.item() / len (predict)))

# print ("Valid Epoch: {} Loss: {}, Acc: {}".format (ep,
total loss / (ii+1l),

# total acc /
(1i4+1)))

return total loss/(ii+l),total acc / (ii+l)

def predictA(self):

char = [['A', 'B', 'C', 'D', 'E', 'F'],
['¢', 'H', 'I', 'J3', 'K', 'L'],
['M', 'N', 'O', 'P', 'Q', 'R'I],
['s', 'T', 'u', 'v', 'W', 'X'],
(0%, vat, vill, 12y, Ui, vAL],
['s', '6', '7', '8', '9', '0']]
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char2index = {'A': (0, 0),'B': (0O, 1),'C': (0, 2),'D': (O,
3),'E': (0, 4),'F': (0, 5),
'¢': (1, O0),'H': (1, 1),'T': (1, 2),'J3': (1,

series = []
real a = '"M'"*5+'F'*54'5"*5+"'2"*5+"'I'*5
real index = [char2index[i] for i in real a]
index predicts = []
self.model.eval ()
with torch.no grad():
for step, (cols, rows) in enumerate(self.test loaderA):
col pred set = []
row _pred set []
# print ("™ 0 - 6")
for line in range (6) :
data = cols[:, line, :, :].to(self.device)
output, = self.model (data)
col pred set.append(output.data.cpu() .numpy())
# print (" 7 - 12")
for line in range (6) :
data = rows[:, line, :, :].to(self.device)
output, = self.model (data)
row_pred set.append(output.data.cpu() .numpy () )
col pred set = np.array(col pred set) .squeeze ()
row _pred set = np.array(row pred set) .squeeze ()
col pred = np.argmax(col pred set, axis=0) [1]
row pred = np.argmax(row pred set, axis=0) [1]
series.append(char[col pred] [row pred])
index predicts.append([col pred,row pred])
series = ''.Jjoin(series)
for i in range(13,23):
print ("char ({}):{}".format (i,series[5* (1-13) :5*(i-12)1]))
counter = 0
for i in range(len(real a)):

if real a[i] == series[i]:
counter += 1
i counter = 0
j counter = 0
for (i _t,j t), (i,J) in zip(real index,index predicts):
if 1 t ==i:
i counter+=1
if j t ==j:

J_counter+=1
print ('char acc:',counter / len(real a))
print ('i acc:',i counter / len(real a))
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print('j acc:',j counter/len(real a))

return series,index predicts, [counter /
len(real a),i counter /
len(real_a),j_counter/len(real_a)]

(4) Hs A gen_mat.py

import
import
import
import
from t
import
from t
import
import
import
from s
from s
from s
from s
from s
import
import

sheet?2
'ch
'ch
'ch
'ch
'ch
'ch

'ch
'ch

'ch

def ge
tes
tes
for

pandas as pd

numpy as np

torch

matplotlib.pyplot as plt

orch.utils.data import Dataset, DatalLoader
torch

orch import nn

torch.nn.functional as F

time

Sys
klearn.metrics import accuracy score

klearn.metrics import fl score
klearn.metrics import precision score
klearn.metrics import recall score

klearn.metrics import precision recall curve
0os
scipy.io as scio
label = {
ar01(B)':[1,8],
ar02(D)':[1,1071,
ar03(G)':[2,7],
ar04(L)':[2,1271,
ar05(0) ':[3,91,
ar06(Q)':[3,111,
ar07(s)':[4,7],
ar08(v)':[14,101,
ar09(z)':[5,81,
ar10(4)':[5,12],
arll(7)':[6,9],
arl2(9)':[6,11]
t test datas(test data files,test label files):

t datas = []

t labels = []

train data file,train label file in

zip(test data files,test label files):

trainval data = pd.read excel(train data file,sheet name =
None, header=None)

trainval label = pd.read excel (train label file,sheet name
= None, header=None)

test data = dict()
for i,key in enumerate (trainval data.keys()):
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tmp = np.array(trainval datalkey])

tmp min = tmp.min(axis=0) .reshape(1l,-1)
tmp max = tmp.max(axis=0) .reshape(l,-1)
tmp = (tmp-tmp min)/ (tmp max-tmp min)
test datalkey] = tmp

test label = dict()
for i,key in enumerate(trainval label.keys()):

if 1 $ 6 != 0:
test label[key] = np.array(trainval labellkey]) [1:]
else:

test label[key] np.array (trainval labell[key]) [1:]
test labels.append(test label)
test datas.append(test data)
return test datas,test labels

def test write mat like norm putinplace (datas,labels,file =
'test like norm place.mat', length = 50):
data out = np.zeros([12,240,20,length],dtype=np.float32)
label out = np.zeros([1l2,length],dtype=np.float32)
j3 =0
for key in datas.keys () :
for stimulate,line in labels[key]:
if stimulate<=12:
tmp = datas[key] [line:1ine+240, :]

tmp min = tmp.min (axis=0) .reshape(1l,-1)
tmp max = tmp.max(axis=0) .reshape(l,-1)

tmp = (tmp-tmp min)/ (tmp max-tmp min)
data out[stimulate-1,:,:,3j] = tmp
label out[stimulate-1,33] = 0

else:
Jj+=1

data numpy = np.array(data out)

label numpy = np.array(label out)

scio.savemat (file, \
{"responses":data numpy,"is stimulate":label numpy})

return data numpy, label numpy

def get trainval datas(train data files,train label files):
train datas = []
train labels = []
val datas = []
val labels = []
for train data file,train label file in
zip(train data files,train label files):
trainval data pd.read excel (train data file, sheet name =
None, header=None)
trainval label = pd.read excel (train label file,sheet name
= None, header=None)

train data = dict()
val data = dict()
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for i,key in enumerate(trainval data.keys()):
tmp = np.array(trainval datalkey])
tmp min = tmp.min(axis=0) .reshape(1l,-1)
tmp max = tmp.max(axis=0) .reshape(l,-1)

tmp = (tmp-tmp min)/ (tmp max-tmp min)
ifi % 6 !'=0:

train datalkey] = tmp
else:

val datalkey] = tmp

train label = dict()
val label = dict()
for i,key in enumerate(trainval label.keys()):

if i $ 6 !'= 0:

train label[key] = np.array(trainval labell[key]) [1:]
else:

val label[key] = np.array(trainval label[key]) [1:]

train labels.append(train label)
train datas.append(train data)
val labels.append(val label)
val datas.append(val data)
return train datas,train labels,val datas,val labels

def write mat like norm putinplace (datas,labels,file =
'"train like norm place.mat',6length = 50):
data out = np.zeros([12,240,20,length],dtype=np.float32)
label out = np.zeros([12,length],dtype=np.float32)
jJ =0
for key in labels.keys():
for stimulate,line in labels[key]:
if stimulate<=12:
tmp = datas[key][line:1ine+240, :]

tmp min = tmp.min(axis=0) .reshape(1l,-1)
tmp max = tmp.max (axis=0) .reshape(1l,-1)

tmp = (tmp-tmp min)/ (tmp max-tmp min)
data out[stimulate-1,:,:,3jj] = tmp
label out[stimulate-1,jj] = 1 if stimulate in
sheet2label [key] else 0
else:
Jj+=1

data numpy = np.array(data out)

label numpy = np.array(label out)

scio.savemat (file, \
{"responses":data numpy,"is stimulate":label numpy})

return data numpy,label numpy

def main(root in = './data/',root out = './data mat/',6K rangel =
1, range2 = 6):
test data files =
[root in+'/S{}/S{} test data.xlsx'.format(i,i) for i in
range (rangel, range?2) ]
test label files =
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[root in+'/S{}/S{} test event.xlsx'.format(i,i) for i in
range (rangel, range?2) ]

train data files =

[root in+'/S{}/S{} train data.xlsx'.format(i,i) for i in
range (rangel, range?2) ]

train label files =

[root in+'/S{}/S{} train event.xlsx'.format(i,i) for i in
range (rangel, range?2) ]

test datas, test labels =

get test datas(test data files,test label files)

train datas,train labels,val datas,val labels =

get trainval datas(train data files,train label files)

for i in range(5):

print (i+1)

test write mat like norm putinplace (

test datas[i],test labels[i],\

file = root out+str(i+l)+'test like norm place.mat', length
= 50)

write mat like norm putinplace (

train datas[i],train labels[i],\

file =
root out+str(i+l)+'train like norm place.mat',6 length =
50)

write mat like norm putinplace (

val datas[i],val labels[i],\

file = root out+str(i+l)+'val like norm place.mat', length
= 10)
#main ('./origin data/','./data mat/'")
main('./data revised/','./data mat revised/')

(5) A hn# A Dataset.py

import torch

from torch.utils.data import Dataset
import numpy as np

from scipy.io import loadmat

class Trainset (Dataset):
def init (self,subject name, fileindex,data root =

'data mat/',seq_length = None,halfdata = False):
if seq length==None:
seq length = 240
if subject name == 'A':
raw _data = loadmat (data root+str (fileindex)+\
'train like norm place.mat')
else:
raw data = loadmat (data root+str (fileindex) +\
'val like norm place.mat')

signals = raw datal'responses']
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def

label = r

data = []
target =

self.half
for 1 in
for j
if

dat
tar

self.data
self.targ

self.seq

len (

num=1

if self.h
num =

return se

aw _data['is stimulate']

[]

data = halfdata

range (signals.shape[0]) :

in range(signals.shape[3]):
label[i, j] == 1:
data.append(signals]|
target.append (label [
data.append(signals[i, :,
target.append (label [i
[
[
[
[

1r %y
i,
1

4
data.append(signals[i, :,
target.append(label[i, J])
data.append(signals[i, :,
target.append(label[i,

a.append(signals[i, :, :, JI

get.append(label[i, J1)
= np.array (data)

et = np.array(target)
length = seq length
self):

alfdata:
2

1f.target.shape[0]//num

def getitem (self, index):
lf.data[index, :self.seq length,
:].astype (np.float32).T,
self.target[index] .astype (np.float32)

return se

class Testset (Dataset) :

j].reshape (-1,
j].reshape (-1,
j].reshape (-1,

j].reshape (-1,

fileindex,data root =

20))

20))

20))

20))

.reshape (-1, 20))

def init (self,subject name,
'data mat/',seq length = None):
if seq length==None:
seq length = 240
self.seq length = seq length
assert subject name == 'A'
raw_data = loadmat (
data root+str(fileindex)+'test like norm place.mat')
# else:
self.signals = raw _data['responses']
def len (self) :

rggurn 50
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def getitem (self, index):
col = self.signals[:6, :self.seq length, :,
index] .astype (np.float32) .transpose ([0, 2, 1])
row = self.signals[6:, :self.seq length, :,
index] .astype (np.float32) .transpose ([0, 2, 1])
return col, row

(6) LRSI ALY EMD.py

from PyEMD import EMD, Visualisation
import pandas as pd

import numpy as np

import matplotlib.pyplot as plt
import scipy.io as scio

f=open('train.csv',encoding='utf-8")
df = pd.read csv(f)
S = np.array (df)

emd = EMD ()

emd.emd (S[:,16])

imfs, res = emd.get imfs and residue ()
# %4 IMF

vis = Visualisation ()

vis.plot imfs (imfs=imfs, residue=res, t=np.arange(0,3117),
include residue=True)

vis.show ()

vis.plot instant freg(t=np.arange(0,3117), imfs=imfs)

vis.show ()

(7) P L2 Hef U FIFFT.m

function [ new data ] = FiFFT( x )
fc = 250; SEFEME250HZ
[a,b] = size(x);
N = a; SR EH
n = 0:N-1;
f = n*fc/N; SHE 77|
Wn = [0.3%2 25%2]/fc; SR EEH 40.5-25Hz
[k,1] = butter (2,Wn);%4M IIREHK &
new data = zeros(N,20);
for 1i=1:20
VarNamel = x(:,1);

result = filtfilt(k,1l,VarNamel) ;
tmp = fft(result);
VarNamel IFFT = 1ifft (tmp);
new data(:,1i) = VarNamel IFFT ;
i=i+1;

end

end

(8) [HEl— SVM 724485 svm.py
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from numpy import loadtxt

from matplotlib import pyplot as plt
import pandas as pd

import numpy as np

from sklearn.metrics import roc auc score, fl score
from sklearn import metrics

from sklearn import svm

import random

from sklearn.utils import shuffle
from scipy.io import loadmat

import pickle

import heapg

sheet2label = {
'char01(B)':[1,8],
'char02 (D) ':[1,101],
'char03(G)':[(2,7],
'char04 (L) ':[2,121,
'char05(0) ':[3,91,
'char06(Q) ':[3,111,
'char07(S)':(4,7],
'char08 (V) ':[4,101,
'char09(zZ)':[5,8],
'charl10(4)':[5,12],
'charll (7)':[6,9],
'charl2(9)':[6,11]

def getDatalLabel (random seed=2,train test split = 0.2 ):
X =]
Y =[]
test X=[]
test Y=T]
for charName,val in sheet2label.items () :
df =
pd.read excel('data/S1/S1 train data.xlsx',sheet name=charName, header=N
df.index = df.index +1
train event =
pd.read excel('data/S1/S1 train event.xlsx', sheet name=charName, header=
for i in train event.index.values:
if train event.loc[i,0]<100:
X.append(df.loc|

(train event.loc[i,1]):(train event.loc[i,1]+125)
, 0 1.values)

if train event.loc[i,0] in sheet2label[charName]:
Y.append (1)

else:
Y.append (0)

X = np.array (X)

Y =np.array(Y)

index = [i for i in range(len (X))]
total num = len (X)

random.shuffle (index)
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X = X[index]
Y = Y[index]
test X = X[ int((l-train test split)*total num):
test Y = Y[ int((l-train test split)*total num):
X = X[ :int((l-train test split)*total num) ,:]
Y = Y[ :int((l-train test split)*total num) ]
print ('hello')

return X, Y ,test X, test Y

def calculate metrics(test Y,pred Y):
true num = np.sum(test Y == pred Y)
accuracy = true_num/ test Y.shape[0]
return accuracy

def getData Label (feature id=None) :
pkl dir = 'sz data/pkl’
with open(pkl dir+'/'+'train.pkl', 'rb') as f:
trainData, trainLabel = pickle.load(f)
with open(pkl dir+'/'+'val.pkl', 'rb') as f:
valData,vallabel = pickle.load(f)

X = trainData
Y = trainLabel
test X = valData
test Y = vallLabel

index = [i for i in range(len (X))]
random.shuffle (index)

X = X[index]

Y Y[index]

index = [i for i1 in range(len(test X))]
random.shuffle (index)

test X = test X[index]

test Y = test Y[index]

X = X.reshape (len(X), -1)

test X = test X.reshape(len(test X),-1)

if not feature id:
print ('hello')
return X, Y, test X, test Y

else:
X = X[:, feature id]
test X = test X[:, feature id]

return X, Y, test X, test Y

if name == "' main
meanAUC=np.array([])
meanAccuracy=np.array ([])
meanPrecision=np.array([])
]

meanRecall = np.array([])

for i in range(0,1):
X, Y ,test X, test Y = getData Label ()
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#SVM
model = svm.SVC (C=10,kernel="'linear')
model.fit (X , Y)

# make predictions for test data

pred Y = model.predict (test X)

pred Y = np.squeeze (pred Y)

accuracy = calculate metrics(test Y,pred Y)

meanAccuracy=np.append (meanAccuracy, accuracy)

fpr, tpr, thresholds = metrics.roc curve(test Y , pred Y)
roc_auc=metrics.auc (fpr, tpr)

meanAUC=np.append (meanAUC, roc_auc)

meanPrecision=np.append (meanPrecision,metrics.precision score (test Y,pred
meanRecall=np.append (meanRecall,metrics.recall score(test Y,pred Y))

print ('test meanAUC= %0.4f'% ( np.mean (meanAUC)))

print ('test meanAccuracy= %0.4f'% ( np.mean (meanAccuracy)))
print ('test meanPrecision= %0.4f'% ( np.mean (meanPrecision)))
print ('test meanRecall= $0.4f'$ ( np.mean(meanAccuracy)))

(9 fi e DY M 73 1AK% Q4.py

from numpy import loadtxt

from xgboost import XGBClassifier

from catboost import CatBoostClassifier

from matplotlib import pyplot as plt

import pandas as pd

import numpy as np

from sklearn.metrics import roc_auc score, fl score
from sklearn import metrics

from xgboost import plot importance

from sklearn import svm

from sklearn.externals import joblib

import random

from sklearn.utils import shuffle

from scipy.io import loadmat

from sklearn.ensemble import RandomForestClassifier
import matplotlib.pyplot as plt

from sklearn.feature selection import RFE

from sklearn.svm import SVR

def getDatalLabel (random seed=2,train test split = 0.2 ):
df = pd.read csv('eegDataZ.csv')
output = 'label'

df ['Theta+Delta'] = (df['Theta'] + df['Delta']) / 100.0
df['Theta*Delta'] = (df['Theta'] * df['Delta']) / 1000.0
df['mean val'] = (df['Alpha'] + df['Beta'] + df['Theta'] +
df['Delta']l) / 4.0
'Alpha+Beta'] = (df['Alpha'] + df['Beta']) / 100.0
'Alpha*Beta'] = (df['Alpha']l * df['Beta']) / 1000.0

df['Delta'].apply(np.log)
df ['Theta'] .apply (np.log)
df['Delta'].apply(np.log)

logTheta']

df [
df [
df['logDelta']
df [
df['logAlpha']
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df['logBeta'] = df['Theta'].apply(np.log)

df.columns.values
np.delete (feature columns, 0).tolist()

feature columns

feature columns
LI |

#AFAE M B

delete fea = [feature columns.index (name) for name in
['mean val'] ]

feature columns = np.delete (feature columns, delete fea)'"'

random. seed (random_seed)

df = shuffle (df)

Index = df.index.values

train num = int((l-train test split) * Index.shape[0])
train Ind= Index[:train num]

test Ind=Index[train num:]

X = df.loc[train Ind, feature columns].values

Y = df.loc[train Ind,output].values

test X = df.loc[test Ind, feature columns].values
test Y df.loc[test Ind,output].values

return X, Y ,test X, test Y, feature columns

def calculate metrics(test Y,pred Y):
true num = np.sum(test Y == pred Y)
accuracy = true_num/ test Y.shape[O]
precisionDict=dict ()
recallDict=dict ()
for i in range(2,7):
true num = np.sum( (test Y==i) & (pred Y==test Y))

precisionDict['precision_%d'%(i)]=true_num/(np.sum(pred_Y==i))
recallDict['recall %d'%(i)]l=true num/ (np.sum(test Y==1i))

return accuracy,precisionDict, recallDict

if name == ' main
meanAccuracy=np.array ([])
meanPrecision=[ [],[1,[],[],[] 1
meanRecall=[ []1,[1,[1,[1,[] 1

for i in range(0,100):
X, Y ,test X, test Y,feature columns =
getDatalLabel (random seed= i ,train test split = 0.2)

# CatBoost
model =
CatBoostClassifier(loss function='MultiClass',learning rate=0.1,
depth=6, iterations=1000)
model.load model ('question4 model/' + 'CatBoost .model')
#model.fit (X, Y, verbose=True)
#model.save model ('question4 model/' + 'CatBoost .model')

Tra

fea = model.feature importances

62



fea name = feature columns

print ('hello')

plt.figure(figsize=(8, 5))

plt.xlabel ('Weights of Feature Importances')
plt.ylabel ('Feature Names')

plt.title('CatBoost Feature Importances')
plt.barh(fea name, fea , height=0.5)
plt.savefig('feature importance.png',dpi=300)"'""'

LI B |

#RF

model = RandomForestClassifier(n estimators=500,
random state=0, n jobs=-1)

model.fit (X, Y)

joblib.dump (model, 'question4 model/' + 'RF .model')

fea = model.feature importances

fea name = feature columns

plt.figure(figsize=(8, 5))

plt.xlabel ('"Weights of Feature Importances')

plt.ylabel ('Feature Names')

plt.title ('Random Forest Feature Importances')

plt.barh(fea name, fea , height=0.5)

plt.savefig ('RF feature importance.png',6dpi=300)

#model = Jjoblib.load('question4 model/' + 'RF .model')'''

LI B |

#SVM

model = svm.SVC (C=10,kernel="'linear"')

model.fit (X , Y)
joblib.dump (model, 'question4 model/' +'SVM .model')
#model=joblib.load ('question4 model/' +'SVM .model')

estimator = SVR (kernel="1linear")
selector = RFE (estimator, n features to select=1l, step=1l)
selector = selector.fit (X, Y)

print (selector.ranking )'"'

# make predictions for test data

pred Y = model.predict (test X)

pred Y = np.squeeze (pred Y)

accuracy,precisionDict, recallDcit =
calculate metrics(test Y,pred Y)

meanAccuracy=np.append (meanAccuracy, accuracy)

for i in range(2,7):
meanPrecision[i-2] .append (precisionDict['precision %d'%(i)])
meanRecall[i-2] .append(recallDcit['recall %d'%(i)])

print ('test meanPrecision= ', ( np.mean(meanPrecision,axis=1)
))

print ('test meanRecall= ', (np.mean (meanRecall,axis=1l) ))

print ('test meanAccuracy= %0.4f'% ( np.mean (meanAccuracy)))

(10) /£ drawPics.py

import numpy as np
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import matplotlib.pyplot as plt

import pandas as pd

from matplotlib.pyplot import MultipleLocator
import heapg

def drawPics () :
df = pd.read csv('grid0920.csv')
pic dir = './pics/all data’
for y name in ['chars vote acc', 'row vote acc',
'col vote acc']:
plt.figure(figsize=(10, 10))
axl = plt.subplot(l, 1, 1, facecolor='white')
axl.set title(y name+' VS. turn')
axl.set xlabel('turn')
axl.set ylabel (y name)
x major locator=MultipleLocator (1)
axl.xaxis.set major locator(x major locator)
for epoch in [100, 150, 200, 250]:
for times in [0, 1, 2, 3, 4]:
df curve = df[(df['epoch'] == epoch) & (df['times']
== times) ].loc[:,y name].values
turn list = np.array([1l, 2, 3, 4, 5])
plotl = axl.plot(turn list,df curve ,
linestyle='--"', alpha=0.5,
label="epoch=%d, time=%d'% (epoch, times+1))
mean list = []
for turn in [1, 2, 3, 4,5]:
df bar = df[(df['turn'] == turn)].loc[:, y name].values
mean list.append(np.mean(df bar))
axl.bar (x=[1, 2, 3, 4, 5], height=mean list, label="'mean',
color="steelblue', alpha=0.2,width=0.7)
plt.legend(loc=4)
plt.savefig(pic dir+'/'+y name+' VS.
turn'+'.png',dpi=300,bbox inches='tight')
plt.clf ()

print ('hello"')

def drawPics Q4 models():

svm_acc = [0.7826, 0.6131, 0.5454, 0.5526, 0.7105]
rf acc = [0.9749, 0.9289, 0.9396, 0.9060, 0.9643]
cat _acc = [0.9624, 0.9451, 0.9210, 0.9399, 0.9818]
pic dir = 'pics/Q4'

plt.figure(figsize=(5, 4))

axl = plt.subplot(l, 1, 1, facecolor='white')

axl.set title('precision'+' VS. sleep stage')

axl.set xlabel('sleep stage')

axl.set ylabel ('precision')

turn list=['stage 2', 'stage 3',6 'stage 4','stage 5', 'stage 6']

plotl = axl.plot(turn list, svm acc, linestyle='--',
alpha=0.5, label='SVM'")
plot2 = axl.plot(turn list,rf acc , linestyle='--',

alpha=0.5, label='Random Forest')
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plot3 = axl.plot(turn list, cat acc, linestyle='--',
alpha=0.5, label='CatBoost"')

plt.legend(loc=7)

plt.savefig(pic dir+'/'+'precision'+' VS. sleep
stage'+'.png',dpi=300,bbox inches='tight')

plt.clf ()

def drawPics Q4 splitTest():

split 02 = [0.9624, 0.9451, 0.9210, 0.9399, 0.9818]
split 03 = [0.9486, 0.9009, 0.8476, 0.8878, 0.9694]
split 04 = [0.9325, 0.8354, 0.8190, 0.8798, 0.9395]
split 05 = [0.9132, 0.8227, 0.7808, 0.8106, 0.9493]
split 06 = [0.8887, 0.7771, 0.7365, 0.7678, 0.9214]
pic dir = 'pics/Q4'

plt.figure(figsize=(8, 6.4))

axl = plt.subplot(l, 1, 1, facecolor='white')

axl.set title('precision'+' VS. sleep stage(different test
ratios) ')

axl.set xlabel('sleep stage')

axl.set ylabel ('precision')

turn list=['stage 2', 'stage 3',6 'stage 4','stage 5', 'stage 6']

plotl = axl.plot(turn list, split 02, linestyle='--',
alpha=0.5, label='test ratio=0.2")

plot2 = axl.plot(turn list, split 03, linestyle='--',
alpha=0.5, label='test ratio=0.3")

plot3 = axl.plot(turn list, split 04, linestyle='--',
alpha=0.5, label='test ratio=0.4")

plot4 = axl.plot(turn list, split 05, linestyle='--',
alpha=0.5, label='test ratio=0.5")

plot5 = axl.plot(turn list, split 06, linestyle='--',

alpha=0.5, label='test ratio=0.6")

plt.legend(loc=4)
plt.savefig(pic dir+'/'+'precision'+' VS. sleep
stage (different test
ratios) '+'.png',dpi=300,bbox inches='tight"')
plt.clf ()

def drawPics Q4 featureSelection():

only4 = [0.90757417, 0.78840346, 0.7529841, 0.77944082,
0.92979261]

nomean = [0.94534922, 0.92787586, 0.88894686, 0.88478347,
0.96894546]

noalpha = [0.96746961, 0.90585537, 0.90308763, 0.88163454,
0.95255275]

nobeta = [0.95644995, 0.91385205, 0.88671653, 0.89323518,
0.93668056]

nof3 = [0.93071798, 0.83696177, 0.86884802, 0.83645828,
0.94683229]

allfea=[0.9624, 0.9451, 0.9210, 0.9399, 0.9818]
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pic dir = 'pics/04'

plt.figure (figsize=(8, 6.4))

axl = plt.subplot(l, 1, 1, facecolor='white')

axl.set title('precision'+' VS. sleep stage(different feature
selections) ')

axl.set xlabel('sleep stage')

axl.set ylabel ('precision')

turn list=['stage 2','stage 3',6 'stage 4',6 'stage 5', 'stage 6']

plotl = axl.plot(turn list, only4, linestyle='--', alpha=0.5,
label='original features')

plot2 = axl.plot(turn list, nomean, linestyle='--',
alpha=0.5, label='no mean val')

plot3 = axl.plot (turn list, noalpha, linestyle='--',
alpha=0.5, label='no alpha')

plot4 = axl.plot(turn list, nobeta, linestyle='--',
alpha=0.5, label='no beta')

plotb5 = axl.plot(turn list, nof3, linestyle='--', alpha=0.5,
label="no alphatbetat+mean val')

plot6 = axl.plot(turn list, allfea, linestyle='--',
alpha=0.5, label='all features')

plt.legend(loc=4)
plt.savefig(pic dir+'/'+'precision'+' VS. sleep
stage (different feature
selections) '+'.png',dpi=300,bbox inches="'tight"')
plt.clf ()

def drawAtten (topK num=15) :
df = pd.read csv('atten.csv')
att name = ['att' + str(x) for x in range(0, 20)]
pic dir = './pics/Q2/"'
topK list=list (range(0,20))
for member in [0, 1, 2, 3, 4]:
T
plt.figure(figsize=(5, 4.5))
axl = plt.subplot(l, 1, 1, facecolor='white')
axl.set title('Attention weights of 20 channels (member
sd) ' % (member + 1))
axl.set xlabel ('weight') #¥Ex¥ &M, plt.xlabel
df use = df[(df['member'] == member)].loc[:, att name]
data = df use.values
mean data = np.mean(data, axis=0)
topK index = heapg.nlargest (topK num,
range (len (mean data)), mean data.take)
plt.barh(np.array(att name) [topK index],
mean data[topK index], height=0.5)
plt.savefig(pic_dir+'Attention weights of 20

channels (member %d)' % (member + 1)+'.png',dpi=300)
L B |
df use = df[ (df['member'] == member)].loc[:, att name]

data = df use.values
mean data = np.mean(data, axis=0)

66



topK index = heapg.nlargest (topK num,
range (len (mean data)), mean data.take)
print ('topK index %d'$% (member+l), topK index)
topK list =
list (set (topK list) .intersection (set (topK index)))

print ('topK list: ', np.array(att name) [topK list])

def drawPics Q3():

if

pic dir = 'pics/Q3/'

train num = [500, 813, 874, 916, 977, 993, 996, 1000, 1000,

1000]
all num = [1000-x for x in train num]
val acc = [63.30113306059693, 67.70241900287103,

69.19546324122186, 70.06258898725791,
71.14816301881214, 71.60553802582892, 71.1421054921608,
71.36844175798016,
72.2004581246644, 71.48270246266668] '''
train num = [500, 730, 840, 881, 929, 960, 975, 985, 988, 992]
all num = [1000-x for x in train num]
val acc = [63.13570226074297, 62.82996290564528,
63.41236107701262,
64.05747541680154, 65.36986864901041, 66.82857890163497,
67.10069139956038, 67.82799748945725, 67.29152755884778,
67.23224108653888]

plt.figure(figsize=(5, 4.5))

axl = plt.subplot(l, 1, 1, facecolor='white')
axl.set xlabel('turns')

axl.set ylabel ('sample size')

axl.set ylim(0, 1000)

x major locator=MultipleLocator (1)
axl.xaxis.set major locator(x major locator)

ind = np.arange(l,11)
pl = plt.bar(ind, train num, width=0.35)
p2 = plt.bar(ind, all num, width=0.35, bottom=train num)
plt.legend((pl[0], p2[0]), ('train samples'’,
'unlabeled samples'), loc=3)

ax?2 = axl.twinx ()

ax2.plot (ind, val acc, '--',color='green', label='val acc')
ax2.set ylabel ('val acc')

ax2.set _ylim(60, 74)

ax2.legend (loc=4)

plt.savefig(pic dir + 'resultsl.png', dpi=300)

__name ==
drawPics ()
drawPics Q4 splitTest ()
drawPics Q4 featureSelection ()
drawAtten ()

drawPics Q3 ()

main
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