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Abstract

This study uses the behavior data generated during the Long Short Term Memory (LSTM) model
analysis learning process to predict the classroom performance in the next stage, which will en-
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able teachers to take more refined learning interventions for students. Considering that the tradi-
tional LSTM-Attention model pays attention to the insufficient optimization space of the calcula-
tion method of layer parameters, resulting in the low performance of the model. In this paper, a
Long Short Term Memory (MYA-LSTM) classification model based on the improved MFO algorithm
to find the parameters of the attention layer is proposed. Firstly, the attention mechanism is in-
troduced before the LSTM network. Secondly, we propose a MYMFO algorithm that adds chaos
strategy in the population initialization stage and introduces Cauchy mutation in the later stage of
optimization. Finally, MYMFO is used to optimize the parameters of the attention layer. By analyz-
ing the simulation results of 12 benchmark test functions, the optimization accuracy of MYMFO
algorithm compared with MFO algorithm has been effectively improved. At the same time, in the
prediction experiment of classroom behavior performance, MYA-LSTM compared with the MA-LSTM
model, which uses the improved MFO algorithm to find the attention layer parameters, has increased

T

the F1 values of “class enthusiasm”, “class participation” and “knowledge mastery” in three class-
room behavior performances by 3.66, 3.77 and 3.14, respectively, compared with LSTM-Attention,
MYA-LSTM increased the F1 value of three classroom behaviors by 4.53, 4.46 and 4.56 respectively,
which fully proves the effectiveness of MYA-LSTM model.
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AT I FH B2 104 A 40 22 X 4% (BP), 3688 VA A 228 19 28 (RNIN) TR S 3919017 (LS TM) 25 R0 4% SR sz BT . el T
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VERJIHUHRRYR T0 NSRS BB 7T 18], KT, BAE H AAE 5 AL BE(NLP) SRS T BRI [19],
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FH B 22 () 20 RO TR 280 PO AR 2R 05 B 280 B T I 0 RO (22 DR R 20 1)
W FT R AT D (1
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3) ERABESHOTEITE R — BRI A
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2. HXTI1E
2.1.LSTM

BP #2245t Rumelhart #1 McClelland T 1986 “F4gH, FA BRI HELE P B 58 7R R 1% 1 19 2%
45K9[23]. W14y, BP FRER MR FURI N R R, FBE B AN RN 24], (RAE AL BRI (8] 41 £idhs
JTHIFRA R Z NS

B3 LSTM (&, I [a]Fp A O Fi 45 2 7 S arthfg e . fEYIZRd RE g, LSTM AU AN
AATREE MR, M HIEF IFEARSFFEC A )RR, RIRHEM RS> . HEl, LSTM Al
(6] 3 21 (R BIE S0 AN B A5 A0 )02, Tl AR e 55 (251, W& g [26], REFEANETH[27] [28] [29].
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R, Z5RERH, MFO HF SRR RN R RS HR AR E A H([33]. IBFER, ZHEZREHTZ
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3. MYA-LSTM {&E8I4ESE

B IHEIR T LSTM MK (It feJEH B 30] [31], HEHESHOHEITER —, SAEAR. &K
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ANTHREMIH: TR . HRAE. BE. Wt ERSHRILE.

-
_____ B

|
| ( R ]: :_ SHIRE |
| @ @ Ezj | | > P |
e s O o i
| c, c, c, - | |
| ‘ LSTM, LSTM, 72 E:Eg@ : : |

—
A 4
MYMFO
lgg::::::::::lﬁﬁHT]|
.

| o = — = |
N s ettt WA o
|?Mbﬂ)§' | L — J

L BRI RS ) |

Figure 1. Model structure of MYA-LSTM
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SHMMERNERTZE R, AT IRGERE R PSS EL gt s . B s
MYMFO Sk e A7 547 P R 1 4 [l S FOUEAf P, 1 009 26t AN BRIt o B HH 1 FLAELAE N
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3.2. MFO BELL SRR

3.2.1. JRIHKEE

TEAES MFO Bk, WIGAFIRERBEHLAE B SR1T, ASERAR BT UG P 2 A 2 5o m B35 1 3R
RE EEFISIORFE . 56 B RIBENUANE, TR BENLAIRT & TR S, 1 P mT AR ORI s pi i
(12 BEPE[37] [38]0 AR SCRH IE 5% Bt 5 s A2 pRIRTHAR &, 38 i VR i AR BT ah 10 Ok o Vi yol ke 55 R4 46y
bR 1 B R I 0 BN A SRQ2)FI3):

z, = random(—l,l) (D
Zi = sin(nzl.) 2
M, =z, *upper 3)

Hor z, FORE8 | MRIEMUIME,  “upper” TR RX BN ER, M, ZRVIEFRE 5 0 X IR, 7E
WA AR, J8d A DAE[-1, 1] 8] P Bl LA R 5 30 A A ) 4 500 28 — AR AR &, g A 5K
QERCT —ARIRMEAR R, e R 2 2(3) 10 20 T BB A — AR T AR B WA 2148 2R X R 45 2 R AR 4k
FhEE
3.22. AIBAER

PLB) HEWE S i TR R R AL A T B BTEAR S ] DL AR BRI R AP K, Al T R4 AR R g
71, SEMREESY 5 AN 530 S AR S SR BRBR39] [40]. ASCHINE, MREATE S HIBk B RS .
IIORTPE AR e fe,  Rod it 2 2(4) R HdE AT 58T

M, :(Dl, # " *cos27tt+Fj)*(1+cauchy(0,l)) 4

Horh D, RORHS jOKJARIEE | A R EE S, b 28 O BRI AR E 2, ¢ 21, 1P IBENLEL,
cauchy (0,1) F~A] 75 7347 o
4. IRERE

ARSZIG AT NPHER 5 o B 55, A0 AT 1 B3R A MFO S92 A% 48 MFO S32: 70 36 Ik B8 85 b i s e 45 31
Hk, SO T A 2K 5 SVM. BP. LSTM. LSTM-Attention. MA-LSTM LA MYA-LSTM #%
HULE R R I EHE 4 b1 23 2T R o

4.1. MFO %5218

4.1.1. B3RS
N TR TR SR RO Y SR AR X BV PR RE RO, AR B T PN IR SR MFO (Rl MFO);
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CHMFO (AR SEEE ¥ MFO Hi%); KCMFO (A ]8I RAZ K MFO #3%); MYMFO (A #7653 1)
TR SRS 1) MFO $3%). 7ESEEGH, EELT 12 AN F T2 R L 0 v M ek 2. e FH ARk o
HHeFE AR WE 1R,

RSB UM AL AL S0 N T AR, o 2 4B R e B 60, DU BVE IS B0 e A I«
FIBER/NEEE A 30, S RIERIRECH 500, FANFIRMALIZLT 20 K. iZFIRMPERE MR IR &
PAR T35 1E (Ave_pre)FIEE 100 VLA A F 35 1E (Ave_pre100). 230t AR(S)FIA 2 (6)Fin:

YL () 1(X,)

t

Zizl‘f<Xiwo ) _f(vaf)

t

Ave pre=

6))

Ave prel00 = (6)

b x FERNRIAR, X RIEERRE, X0FRE 100 WEARARIR, | REEOEE
UK. AR T S A B AT B e A 5 B S R 2 22 0 P, IO, B 4R
MR,

Table 1. Information of benchmark function

=L AENKRBER

M FRIL & S35 YL wALE
sin’(x* —x2)-0.5
fi(x)=05+ L j) = [~100, 100] 2 0
[140.001(x +x7) |
1+cos(12 x]2+x22) C5.12.5.02] 5 |
_ -5.12, 5. -
£ (x) 0.5(x +x7)+2
f3(x)——20exp[—0.2 /Cllixf]—exp(;icos(ZTin)J+20+exp(l) [-32,32] 60 0
Si(x)=20 " [1.1] 60 0
fi(x)=X1 [ ~10c0s(2mx, ) +10 | [-5.12,5.12] 60 0
fi(x)=X" " [-10, 10] 60 0
£ (x)=>" ix? [-10, 10] 60 0
filx)=3" |x)] [-100, 100] 60 0
sin’ (cos|xl2 —x22|)—0.5
fo(x)=05+ 5 [~100, 100] 2 0
[140.001(x +x7) |
fo(x)=3" (x,-1)’ [-5.12,5.12] 60 0
S (x)=x+2x; —0.3cos(3mx, ) — 0.4 cos (4mx, ) +0.7 [-100, 100] 2 0
fa(¥) = (3 +2x,-7) +(2x +x,-5) [-10, 10] 2 0
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Table 2. Experimental results of benchmark function

2. BENR R B SRS R

' - BRI £
PSS
A J2 NE Ja
MFO Ave_prel00 1.247e-03 3.869¢-01 2.003e+01 5.226e-01
Ave_pre 0.000e+00 3.869¢—01 1.993e+01 4.513e—06
Aver_prel00 7.816e—04 3.507¢—01 1.634e+01 2.438¢—03
CHMFO
Ave_pre 0.000e+00 0.000e+00 8.313e+00 2.024e—06
Ave_prel00 1.096e-03 3.761e-01 1.686e+01 6.069¢—03
KCMFO
Ave pre 0.000e+00 0.000e+00 7.824¢+00 3.109¢-10
Ave prel00 0.000e+00 6.661e-15 1.422¢+01 3.484¢-03
MYMFO
Ave_pre 0.000e+00 0.000e+00 1.768e+00 4.038¢—12
Table 3. Experimental results of benchmark function
3. BN BB EIEER
y . BRI
AN E i
S5 Js fr Js
MFO Ave_prel00 7.480e+02 1.655¢+10 2.709¢+04 1.856¢e+03
Ave_pre 5.412e+02 2.501e+09 8.211e+03 5.324e+02
Aver_prel00 4.345¢+02 2.770e+08 5.700e+03 8.141e+02
CHMFO
Ave_pre 3.891et02 2.571e+06 5.456e+02 2.155e+01
Ave prel00 4.204e+02 3.418e+08 6.908¢+03 8.269¢+02
KCMFO
Ave pre 1.593e+02 2.777e+04 7.172e+01 1.294e+02
Ave prel00 4.009¢+02 2.354e+08 4.101e+03 4.569¢+02
MYMFO
Ave pre 8.686e+01 1.374¢ +03 1.022¢+01 7.849¢+00
Table 4. Experimental results of benchmark function
4. EEMXRHEIEER
; _ BRI AL
PSS LA
Fy Sio S Si2
MFO Ave_prel00 2.360e-03 2.881et02 5.551e—12 7.478e—19
Ave pre 1.622¢-03 7.067e+01 0.000e+00 3.993e-18
Ave_prel00 1.844e-03 7.067e+01 0.000e+00 3.993e-18
CHMFO
Ave pre 1.722e-03 3.334e+01 0.000e+00 0.000e+00
Ave_prel00 2.267¢-03 7.180e+01 0.000e+00 6.785¢—19
KCMFO
Ave pre 1.567e—04 2.842e+01 0.000e+00 0.000e+00
Ave_prel00 1.606e—04 4.056e+01 0.000e+00 1.118e—21
MYMFO
Ave pre 1.266e-06 1.822e+01 0.000e+00 0.000e+00

4.1.2. EEMEESR 4

Wik 2~4 Fron, AILUEH, MFO il CHMFO E##3 1 £, fi M A, WA R &RE, 1 KCMFO il

MYMFO B% 1 fi» fuy 1 fio IANEIRE] T f 4R fE -
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MEF 100 VOEAC R TP EIMERE, 5 MFO MEL, CHMFO £ R IR BR AL £, LA HAR IR 2R %
FHEEA BRI, FRRENREE LS, fo fo fo Soo fo M fue XA TR, AEATRMSRIS AT 4A
FPHE 52t BE T II R AL BE D T AT 7 2. (A —48 102, £ KCMFO 5 MFO B, AR
KCMFO [k Bt T MFO, {HI&ZE T CHMFO. Xt B R 448 S5 78 pi i e Se m Sk ik e /1, (E
HABCR AR UM N . 5 F MYMFO, Lt/ 5 MFO, CHMFO it/& KCMFO #Et, HPEREHRER] T %
REERTE, ZAEMREE S £ for fro Soo Sor Sroo fro TARBIE, FRATIANJGIX I Vil SEME 5 4] 76 SR AR AH HL
TEF 45 S

MERAL AR ¥k &, CHAO. KCMFO £l MYMFO [J1ERE 28T MFO. 454 LA EXT 55 100 &
SRR R 0PSB 0BT, FRATRT LA, o8 S VR Tl SR A Al G 5, e AT I Sy AR Ak g Ao 3 T
FFETEANM R, ARRTRIHEEH. M, AT LA 2] KCMFO [ §E# &= T CHMFO,
PG, BRATTAT AAR i, RV TRV SR s AN ] 7 S AR 7E BN 2 R p g s 7 SR IR Ak BE . AT
1 EZAE A BORAEIN . TR TE R, AT P R A . AT EEM MR RGE R, A
T R s St 2 (] 2), Horr R 4R BN YA S dE s . O T E T X st 2, A
SO BB gE AT T XTI, £ o [0 foo Sr )0 FT I, TR SRENE AT LA SR AT IAOLALRE 77, EREIG S
W R R EE, AT 78 SRAR K 5 BAOR AL e J1 I T i 5 WL, [RIEE, ASCER X MFO B4 H 1
AN SCE SR W AR A 0 A R
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Figure 2. Convergence curve of benchmark function

B 2. i R A e 2 (B

T T T
60 120 180

4.2. {TARARIFAN LIS

4.2.1. BiEiE S48
ARG SRR TR AT 2018~2019 4 7 TTARHRRR IS SIAT N . X Lo Hodid i 2 e

FEHTGRE, M 460 LA, OIRELT I MEGREAT N W IREE AL, FEFTRY
BAREN 7 MTRHE, AL GIRE N B2 6 MTOURAE. BAAUHIILE 5 A 6.

Table 5. Behavior characteristics and instructions for preview

= 5. WM BRI T AHERIREA

AT NFHE 4 g
) LT B
TR TSRS AAR BT A 18] (A (LA 23 B
TSI PRSI RPEEIN R (LA B O B L)
BRIFSERER R ppt BRI TUECS BT LR, (EYE [0, 1]
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EPLIES WA SRR 2, TR0, 1]
FHIESE  EEIEZE, BUEIEEO, 1]

(EZES P g B R S I LE S, ETE0, 1]

Table 6. Behavior characteristics and instructions in the classroom

= 6. IREM AT AFHERREA

1T RIS Eiiipay
£t} HETRE S
RSB YERD 5 2 A A YRR 2 [ I 8] 8] R

S o
Vs EA S FEUR E AR S S i

s BRI AR, BR[O, 1]
BEEME  EEIERR, B0, 1]

A% B RS A RS, BUETEEO, 1]

SRR 735 s A5 FH DY =5 0 90 WA T D9 B AN AT = 5 B PR AT D9 B R T 2 DY = PR B AT ORI, N
TAEHEA B A D B AR R e, AT AR S A 5 3] TP ASCEDRT AL A T N T A PR AT
Ny RIEARIE SE RS DU B B kAT 3. Horh, off “IREEZNGY” 5 “UEEER” ML a3
“REZHE” , “FHIESR” A /R SiaB/a “FiRERE” , “ZREET EAN LR
B o ARAGITABIRBEILIGN, EBSHE 7, Wl LRBERAABEMBE ST, ARE T IRE
RIHAEEE, CIE 2244 DA REAE, IF HRE T L A 73 S
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