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Abstract: To address the problems of weak interpretability of knowledge state vectors, lackness of the semantic fea-
ture of historical sequence data, and failure to consider the influence of historical sequence data on performance prediction
in existing deep knowledge tracking models, this paper proposes a predictive model C&RM-MAKT (Cognitive & Response
Model-Multi-head Attention Knowledge Tracing) integrating cognitive diagnostic theory with multiple attention mecha-
nisms. C&RM-MAKT uses Word2Vec and BiLSTM (Bi-directional Long Short-Term Memory) networks to transform the
time series data into low-dimensional continuous real vectors, and applies C&RM to pre-train the interpretable parameters
for student state modeling, and extends the knowledge state vectors into a knowledge state matrix at the model mechanism
level. C&RM-MAKT utilizes multiheaded attention mechanism to estimate the influence degree of historical exercises on
the performance prediction to improve the interpretability and accuracy of the model. The prediction experiment results
show that C&RM-MAKT performs the best on datasets HNU_SYS1, HNU_SYS2, Math1, and Frcsub. Especially on datas-
et HNU_SYS2, C&RM-MAKT improves the existing knowledge tracking models by 4.3%, 3.6%, and 5.9% in terms of
AUC (Area Uder the Curve), ACC (ACCuracy), and F, (F,-Measure), respectively. In addition, according to the interpret-
ability analysis on dataset HNU_SYS2, the internal parameters of the C&RM-MAKT model are highly interpretable, which
alleviates the “black box” characteristics of the deep model to a certain extent.
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TREAPUB A (Deep Knowledge Tracing, DKT)
RE NS KRR B 1 S B 2 AR S B 15, 78
3 2 R i 1) e A5 R FE A O & SR TE Y [R]
INF BE % 45 1 60 H A IR) A O OC &R . 4k DKT )5, 36 T
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SRR R AR BER R dy dy g oo 5
52 A KL R TR IE S5 1A GE I PR FE 2
55X ESE0. DRGNS Wik R A — A~ 206
R A HUE 1.7
IR P 28 ) B4R R, 2 5 % o0 3T 0 kY
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3.1 FREERESEEEX

AR E RS 1 AR o 2R A P sl S R L A
HEEREGFRRAU={u, uy, - uy, ou, b, CAEE RS
KIRNE={e, ey, e, et FHEMELEERERR
INHR={r |, ry, - ry oo ey b FITHRIE BEA R AR I8y A %L
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FOR z=1, ---, itertion
|II(Z+ l), 0(:+ 1)’ Q(:+ h_ MCMC(T(”, 0(2>,‘Q(Z))
END FOR
au= C&RM(W(” 1)’ 0+ 1)’9(“ 1))
FOR ¢, € E
X,=BIiLSTM(e,) //> B AR 1k
s,=multi-attention(e, /34535 T 2] 51 ) AL
END FOR
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A BB B R . O Tl N X — 248, C&RM-
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ZH a S EL p RS h R SR AR AR S8, =X
(D~(6)&SEZ BRI LR A, RFENZ24500.v.Q
HATRIR , RS o p VT AHAER . AR SCR IR
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3.2.3 HESLFIRNNHNSIERMUEITE
AT I AL B 3 B TR R 22 B0 1 Y R R R
i, U1 Cosine' ™, Jaccard ™', ZAL T > HIE SUFHE , 32 5]
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TURRFREE . 223k AL B a5 I &L 5 B .
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N DU AR P 90 1 P B AR O R . A Sl A =X
(16) 5 1] 5t x, 7565 n A3 B2 7 S % 0 1 5 1) 1) &
q" EE )k AE e
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q =x WO k" =xW"H v =x W (16)
Hr,w, @ w,© w5 5 kA i) ) & 5 ) LR )
WSS n MERE IS B BRI E
S BN P Fas ). Horr, | e A (17)
HATART R ARIB 5

. qk”
attention(q, k, v) = softmax(-——)v (17)
Vd

A S =Sk R L 2 2] 2 e -2 () v )
FEARLEE A5 B s, B 22 ) B R[] 25 (8] R A7 2 AL
HHATPHE A B 2 I HLEIT 2 8 5w >
HARRLEE s, WX (18) AN (19).

s,=concat(s", s, s® W (18)
s = attention(¢"”, k™, v ), n=1,2,3 (19)
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AY=LSTM(x®, h", ) (21)
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4.1 HIEENA

B HNU_SYSI M HNU_SYS2 J& 7 3¢ [ %k 4
£ R IET K2 MOOC - & E IR B K245
55 R B AEAIL R . B 2 BRI T 2018
AERK 2 2019 4R Bk 227 0T A 27 2] AR 5k, B
P v Vet R B BR T AEZIE /N T S A il k. Bk
WA H R 2 AR R A B iR W A5 R 11 40 5O ek 12
BYELE Fresub 5 P A2AAE A 806 45 Math1. 258088 52
H AR B L3 2.

®2 BEERER

Hdla e HNU_SYSI | HNU_SYS2 | Mathl | Fresub
2 R 466 770 4209 536
> 90 221 15 20
PR R 6 50 11 8
R C AL 21 450 84 320 63515 | 10720

4.2 FMNHIERR

FGE AT 55 1 8 VAL $E AR A ROC 4R 54k
ol 6] % LI 1) 18T FH (Area Under the Curve, AUC) |1
1% (ACCuracy, ACC) .M F A . 15 2400 (27) ~
(29) 7 . Horfr TP 7R WUl A7 A X, S bR/ st iy A
AKR, PN R O 2% AR 2B A, S By AR B I RE AR L,
FP R TN A7 AR 28X, S A 2B R I RE AR

TP

Recall= TP+ FN (27)
. TP
Precision = TPLFP (28)
2 x Recall x Precision
F= Recall + Precision (29)

4.3 HBhILIE

h T RUE S ) s N2 S 2R ER
FIALH AR AL T P BE (R . ARG T T SR
THRELSEES B R > B AR A “CD” R A Al
WL, A" Fon 23R EE I HLHIA . se Ak, E e
A HNU_SYS! A1 HNU_SYS2 U4 7 ) 5 i e A {5 L
Fresub A1 Math1 088 RUIES BCAER . A THET
TF R ) 80 m) b B B 0 3 R SE 5 AR SC Ik B A
HNU_SYS2 484 b EA 7 mhSe 50, ELAARZE S 3% 3.

MFE 3T LA A SO C&RM-MAKT i
> ) AR N2 WL DL R 22 3 1 B PLA
PR B B T B BE AR R A PR . 2N G L R
30%~80% B}, S L — A Y AUC{H AT ACC R34 Lh 3
WEREAY DKT AL .

ATRLE Y, 23k T T ML B B AR be At A B Xof
AL TN 1 B A B TSR B B, i, 7E 70% I AT,
“DKT+A”J5 ¥ L “DKT+CD” J5 B 76 AUC 8 b5 L4 TH T
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3 HNU_SYS2##EEE FiHmKIGER
. o P4 Lo fo
30% 40% 50% 60% 70% 80%
DKT 0.720 0.724 0.729 0.737 0.744 0.732
DKT+E 0.726 0.728 0.739 0.743 0.749 0.746
AUC DKT+CD 0.727 0.731 0.735 0.742 0.746 0.747
DKT+A 0.746 0.740 0.747 0.756 0.769 0.753
DKT+E+CD+A 0.755 0.757 0.759 0.763 0.787 0.786
DKT 0.768 0.770 0.764 0.772 0.777 0.769
DKT+E 0.772 0.778 0.779 0.779 0.782 0.783
ACC DKT+CD 0.773 0.777 0.780 0.779 0.780 0.782
DKT+A 0.777 0.783 0.783 0.784 0.786 0.790
DKT+E+CD+A 0.786 0.789 0.797 0.806 0.813 0.818
DKT 0.861 0.862 0.860 0.877 0.865 0.858
DKT+E 0.862 0.863 0.865 0.870 0.876 0.875
F, DKT+CD 0.864 0.870 0.869 0.873 0.877 0.875
DKT+A 0.886 0.881 0.872 0.875 0.896 0.887
DKT+E+CD+A 0.890 0.901 0917 0.923 0.924 0917
2.3%, “DKT+A” 77 ¥ L “DKT+E” 77 ¥4 7+ 1 2.0%. 1t HO-DINA : % J& T %2 2] % H B G J1REAE X HTHIK

AbHXS T HEE I T B, “DKT+E+CD+A” J A 1E
ACC.AUC . F fEb5 I BURRAEEE R . X2 A
BERLKE DKT H A AR 1) fa 4 i S R A
P NP BRAE A0 R AR R 22 Sk I L fE
A TN 2 AE S BN 1 38 0 b A 3K D7 B0 125 20kt i
W > L) TTRR R L
4.4 XfLERIE

ARSCHEHT 6 A HAARME 1) 3h i A MBS
RV T 6 LS5, 25 Y 6 A X B HE 5 1k 4 i) 2
PMF'?' | HO-DINA'® | FuzzyCDM'" | NeuralCD"®' |
DKT7' \DKVMN""". JAE 5 ik A RS HOL S E

PMF : K 2% Az > 80 e Sk Rl A0 4 32 0 7 ) . L
A 5 ) R R IR ] S Ol 10 4E

SERERICR TR TIANES WY 2 28

FuzzyCDM  $4 FIIRRE T 7K V-2 A BORIEE A 1SR &
J& R T R P IaE BRIAME R A AV E AR

NeuralCD ;& FH #ij 151 #4 28 R &% 27 > 2 AR VR ) i
W 38 Bt e

DKT : i JHAGE IR 28 10 4 b 3 B AT 55

DKVMN : i FH 8 25 BB X 1012 W 25 A7 O T 2
AR SRR .

K6 s T C&RRM-MAKT #5550 b5 3 22 4 i 45 iR
1B B VNS WA D ) 13 25 018 B AR R A PO A 4
£ X HEZE SR

Jorp A 2o B P, T %) Fresub . Math1 25045
A, 2 R AR T A Sy 2, AT HNU_SYST i

B PMF B8 HO-DINA BB FuzzyCDM EE NeuralCD B@ DKT B DKVMN Bl C&RM-MAKT

0.96
0.92

0.92
0.88}

0.88
0.84
4o

& 0,80

.84
o 19

.80
0.76
0.72

0.68

0.64

AUC

ACC  FI
PO TRER

(a) HNU_SYS1

AUC

ACC  FI
RAEEER

(b) HNU_SYS2
&6

0.92 0.92
0.88

0.84
P
19080

0.76

0.72

0.68

0.64 0.64
AUC ACC F1 AUC ACC F1
PR VA TR bR
(c¢) Mathl (d) Fresub

BT RIPUE ERAE AL X HE 4k 2R
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HNU_SYS2 %4l £ , > 8 ] &5 £k 2K FH BiLSTM ¥ 45 1)I|
Y. DO R S 0 I 2R A E 2 1 N 70%. Hov,
NeuralCD . DKT . DKVMN . C& RM-MAKT I Z5 1 £ v &
ARSEVBEE T EREE K (epoch) K 100, b AL BEEY &
(batch_size )14 16, % > Z& (1earning rate ) 47 0.002.
I 6 Z5HAT LA H AR SCHr B R A e I N iR
FRPUEAR . C&RRM-MAKT (PERET LS ik . A ST
PRI DK TTEASHE L ATPERERR A AN 4 iR
AHMEF H CRRM-MAKT il 5 92 7 K s 4 -
(HNU_SYS Z5VBHELE A Math 1 4 ) LT Fresub %X
AR T AP T  FRATA N X T Fresub 28
HRAE Y ) BB/, H Fresub B2 > B SO [ Ak 1Y
A0, C&RM-MAKT PR IHAE SRS EE AR - R EE L.

#4 C&RM-MAKT L DKT B9 1EBEIRF Wi %
. S
ACC AUC F,
HNU_SYSI 3.9 1.5 2.7
HNU_SYS2 3.6 4.3 5.9
Fresub 2.7 1.8 1.6
Math1 5.3 12 5.5

4.5 HRBERFEREMES

T Uk B C&RRM-MAKT f9 A] fif B M, A S
HNU_SYS2 5 dja 8 v e i T — {37 242 19 2T R P 51
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