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Abstract Knowledge tracing is an important research direction in the field of educational data mining.
The goal is to determine the degree of students’ mastery of knowledge by establishing a model of
students’ knowledge changes over time and to mine potential learning rules from their learning
trajectories. Fulfilling this goal means personalized guidance to students from the achievement of
assisted education through artificial intelligence. Due to its powerful feature extraction capabilities,
deep learning has been proven to significantly improve the performance of knowledge tracing models
and has attracted more and more attention. Starting from the most basic deep knowledge tracing
model, this paper comprehensively reviews the research progress in this field and provides both the
technical improvement and an evolutionary map. The 3 main technical improvement directions have
been elaborated and compared: 1) improvement of interpretable problems, 2) problems of long-term
dependence, and 3) improvement for lack of learning features. At the same time, the existing models
in the field have been classified, the public data sets have been sorted out, and the main areas of
application are investigated for researchers. Finally, the future research direction of knowledge tracing

based on deep learning is explored.
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Fig. 1 Publication of DLKT related literatures in

recent five and a half years
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Fig. 2 Architecture for DKT model
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Huang % AN 1 B EKT #8124 7 EERNN
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Fig. 6 The feedforward prediction path and the backpropagation path for interpreting its prediction results
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1) Hop-LSTM

Abdelrahman 2 A" {#i H1 T Hop-LSTM 3k
— 39K LSTM B 751 2% 2] %5 5. Hop-LSTM J& —
ek ) ST M., AT LA AR 4% B 5 T 22 (8] 1) AH 0% o4
AT Bk R e & 7 PR . Hop-LSTM i & T /Y
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Fig. 7 Hop-LSTM schematic diagram
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H,=Attention(Q,; ,K,;,V,)=So ftmax [QIK[[)V, ,
Jd
29

Horpod i A ) 5 0 4R B IR 2 Sl ek — A T 5t R
248 2R — A Sigmoid W 1 Ze v J2 15 3 3
4R

F=ReLU(H yusW:+b)W,+b,,
y, =Sigmoid (F,W-+b).
2) SAINT (separated self-attention neural KT)
Choi % N9 A 9 SAKT #5580 1) i 3 1 )2 K
. H QK. V IRy k= 206 38 R R I T
SAINT FEHY LA gk 2 A ] .
P 9 Fr 7R . SAINT F2 2 i 4 % &% (encoder)
F i fith 2% (decoder) P 43 41 B 9 5 445 %) g A
A AR Q=(q, .92+ +q,)»q HEH iR AR
P8 R TE A5 B 05 A% DL g B s 19 4 o DL & nl
BMANEIE A= (a,.a,..a,) N A G525 5 i
fith i R I 22 3k 1 ) AR B I 1t e 2 2% i 2H
AN A Z AL AE TR 4 & T 2 AN s, DL
— DR H 5 & Z AR 4 R,
F:=Encoder (),
Fp=Decoder(A,Fg).

(30)

3D

BEE T s |

. fu. .

| e |

s f |

e L] e e
[ wmmgms | | ;l PE— |

| MT . i ¢/ .;w FS i
----- F ¥ \ F

(o] [x] [v]

I A
[ o]
Fig. 9 Architecture for SAINT model
K9 SAINT BRI L5y R

Y (ORS8N SE B SAKT M), e 4,
e nyt i Fo 203 —A Sigmoid G L% 2
145 3] fre 2 1) T 45 SR

TE SAINT w4 () W ge &m0 T 4 2, 5250
SEHAUEN], 2SN R R DUA RS R AUC
) TR, AR A5 B A A 0 7 e

3) DKT+ Transformer

Pu % APV g ik T Transformer B 4544, 78 H
HOIAT R I A5 A (E SR Y I ] A R ek
JEi i) Transformer #  £5 ¥ 5 SAINT K 2 AH [H] ,
HB HH 2 i g AR 28 4, EEXINE T AEET
iR
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Fy=Encoder (X .t'),
FD:Decoder(Q st Fg),
;H\:IT‘ ’t/:(tl slo ,"'at,,>ﬂﬂﬂﬁl‘ﬂ§ﬁ{§%\»ﬁf€j}m?ﬁﬂ
IR

H

32

QK b X ;1)
T Jd
Horp b X (ey — ¢ 273 I [ () B i . 00t ol ik
x; 5 x, ZIa) A T B T Ok I 8% R O AL, 78
SR A << DARIEAS 232 2] J5 T ] 8] (4 A .
2.2.3 /N4

AT VR4 T DLKT 40 38 5T % 4 44K 86 ]
R TT I B E Sy AT LSTM W7 i 5 46
Transformer P75 W& £ —EBE LY 8 T RNN
J7 91 2 2 WG BE B R IF A AR AS | i e 0] . )
HAAFTEAS AR ) B, (H 2l 2k T RNN X7
G AR A RE T 67 B i AT E SIE B 5 i B2
B AMSE.

2.3 EHXTER/D S S A iE) 7R AY B

B Xof e /D> 2 ) R AE [] T A SO b, AR A R AR S
77 AR w1 LA A3 ik AT 2 40 2K oK B B 4
14 3 T 5 k.

2.3.1 AT

T A ZUHR B 2 2 RRAE S o 2 A 9 4 A A
I v, B ARSI TS T i A B R
i 77 =L

1) DKT-FE(DKT with feature engineering)

Zhang % N\ SR FRFAIE T.#% (feature engineering)
77 2 A8 TN T 23 B 8 5 R AE O B Hfe. A 10

Vi, 33

6 /

0 O

O o

O O ox!
© T O] Eéﬁ%ﬁ%%‘%
O O )
O O
L @

® o

@] 191~

O] .

O one-hotRiGH 10 @ one-hotwfiZH iK1 @ FIRITE

Fig. 10 Concatenate feature vectors and reduce

dimensions

P10 R 1m0 O R 2

JIE R S b B (R RFAE (225 R [R]85 R BORI 5 1 A
FE(HE IR ME LR EEF RO EL T
one-hot i 5 538 HAR A x, EEH: 0 x| R IGFIH
A 3l % 5 2§ Cauto-encoder) P [ 2 3/ B LSTM
B4 A o DL 20 55 78 )1 2k 5[] Suragani 25 A7
5 AR TR B TAE.

2) DKT-DT(DKT with decision trees)

Yang % AP0 DKT-FE Ff F§ A T4 #r
FEAE Y 7 AT 2 B UM AR R RRAE , Ho 23R AR
i 2 9 2 1 T DKT-DT LA f# e X A n] 5.
DKT-DT # A i T 7328 5 [8] I3 B (classification
and regression trees, CART) Xf one-hot 4% (19 %
HMEFAE ChR AR, 28 88 K 28 Ut 8] o, R AT T4k 3.
CART i i fie /MBS X 2% 2] T R 90 43 28500, 72
W% e, f, i CART BUALBR 35— Rla T2
ANFHIEE R f1 . f) #E—55 HAl % 2 52 AR B
A AFE A LSTM A

x, =[x D a]. (34)

3) DKVMN-DT(DKVMN with decision trees)

Sun % AP T DKVMN AR R IAFAE | $2 H
T DKVMN-DT (DKVMN with decision trees) f&
ALHAFH T 5 DKT-DT 15 A9 )5 3 . R 2R,

4) DKT+forgetting

Nagatani % A 78 DKT BRI in AT 88 i 4
fEAEZE 1T 3 s A5 B 5 2% AR st S A0, il 11
JIE 7 5 43 ) S A TR 0 5 B[] (i) iy o 408 A0 15 B[] i)
FE H Iy s 25 ) EL

AR AR H 7] 17 RE)

_ JoRoN No

e

A

<

AR 15 R P IR) i
@ O #rRAFRBH

A4

Fig. 11  Three measures of forgetting

P11 s A 3 R

fdi ] one-hot Z % i 5 35t B2 3 M IA &R L AR5
HA%E 5 ] — 4 multi-hot 4 A% B 8 B H T ¢, AN F
12 fiv 7R o 380055 1A S A8 B9 AR A0 L 53 0] 5 28 Bk
A x, MRS b, B5.
x¢{=Aggregate™(x,.c,) ,

(35)
hi=Aggregate® (h,.c,. ).
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5) EERNN(exercise enhanced RNN)
Su AN REREH SO A TS
FE L I B LSTM # M SCAS 4 38 1 18 X FF
FE AT R 13 Jir s 8 B 0 SCA 348 1 36 78 oy B3]
JP 813 i FH Word2 Vec ™ 4 % 4k hy 1] 1 )3 51 (w,
wyseeesw, ) AE NI LSTM i AR5 22
J& EREAT RS G R, &) — BT R 1 i
FRMALERAE A5 B e A 118 LRIR et LRRAEN
BUH B A 5% RS BUB I S 5k AL AE R
LSTM fy#i A.

hl 1
(coe000) (0000] 0000
x/:(q”a/) [ Cri

O one-hotZwiG 1110 @ one-hotwiLH 1 @ [MIEICH

Fig. 12 The addition of forgetting features
K12 35 Rk s

Fig. 13 The bidirectional LSTM is used to extract
semantic features

B 13 fdi F A LSTM 2 BUE T

6) AKT (adaptable KT)

Cheng % AN"9 e A1 AKT T 5
EERNN #5107 46 ] 1) SCA R AF 32 B %, O ifF —
A R H 3 SCRRAE P 42 4 1 2% A A 45 DU (4 T
KC #I%A7 2 %08 B Fk i@ Qg E 48 KC HZEX T
BEDATH.

T2 AKT 5500 g, Rk s, 23 5 502 ph 42
o 2% LA
s,=S(e,),g,=GC(e,). (36)
s, 5 g, B HEAZLHMA x, EH 2
LSTM 13 BBk b, SRIGHE s, . g, o b, E%éﬁé
VRS B
h, :fLSTM(SI@g[@x, ),
h,=0—s)Oh,+g,O©(0—h,),
Horp, frssn 3R LSTM BERL, O £ I8 R . i
Jei o 5L TR AR AR o POBR 285 Ak T
AN AKT s B 13l #8519 JEAR 38 i
AN H IS N — o B EE b U T B R [R) A AR
Fe g AL GRS Ry s B S 2 Ak
7) EHFKT (exercise hierarchical feature enhanced

(37

KD

Tong 4 AU fE H KL A& EHFKT i fl T
BERT® M F ) SCA i 148 P52 30T R A1 i X
AR ME BE 2545 B AN 181 14 s, EHFKT & 5%
ffiFl BERT EEEJZIZIKT’H?EE’JH"*/\[?EJJ‘F% ST
4y At B &R 4t (knowledge distribution extraction
system, KDES) . it 3 ## ik & HU & 4¢ ( semantic
feature extraction system, SFES) Fl8 H Xt & £ B
Z 4t (difficulty feature extraction system, DFES)
ﬁ%’]iﬁi%ﬂl S3 AT TR SCRFE LS H OEFE .3 AN FEAE

B R 43t LSTM H i A H .

BERT J

Fig. 14  Architecture for EHFKT
Kl 14 EHFKT 4558554 &

8) LSTMCQ(LSTM based contextualized Q-
matrix)

Huo 25 A" 75 HFE R LSTMCQ Hi il 7 —
it A B R SCIE B H G iy g BROR UL, B %G
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4 & RFoh g — R Q5 M Q HAFiE T
5 KC #X R E &L 3% B B @ LUK KC
AR A5 B HL A — A [n] Y B A AR AR R 1,48
FACERE Q. f )5 s MAZA n FEH m LRI

.
-

1 N M
6& (qu i O> 7m2 Ermnqnzk ’ (38>

n=1m=1

Hr, N M 5350 k22 A FUEH U .q . HREH m
HKC & 7 b AU (AR HE RS Q 45 m 172 £ 51
MMED .6, RARFHTEE FRFHRAIME S 5 qm
I A5 3 T 46 FF CQ (contextualized Q-matrix) %
IVAIORIERE

CQ.,.. =01 Xq . 39

Bl CQ mE T EFFER, K —17Rm—
ASEH K CQ R — AT B4R B R, B R Al
A B SUE B E G,

9) DKT-DSC ( DKT with dynamic student
classification)/DSCMN (dynamic student classification
on memory networks)

Minn 4& ANN0 4 T — RO 4R A8 ) 4y 84
A I 25 W 2R A N R Y 7 0 L A 2 TR
B A R b A T AR BT
DKT 5 DKVMN, 73 5l # & DKT-DSC il DSCMN.

BLRR U, 15 38 5 1 — > ) [R] R 22
791 53 B s 75— i ] [ B, 3827 A A KC 1Y
B R FRVE R A JF 4 I 2 18] 1 22 (B3 A o B
)i, IR AR BE )

i N 4 ==1
correct (x5) = 2 N

J

b

) . N q;, ==0
incorrect (x5) = E s
i=1 ]t

N (40)
r(x;) =correct(x;) —incorrect(x;),
d:=r (2 (x3)sar(x3)).
FOof,w FR IR DB L N 2R 0 A I 1] ] B
g, WRIOUR.d: PR i [ 5 g
SRIE K HIHCK-means) 5905 0 25 1 4 i
BT
cluster (i ,2) :ageg(lr‘?liwn;dsg(‘[ ld: —p, |2,
4D
o, B LA m 9Dk C, 192 3 RE T
B BRR 52 P 5O 452 WS [ 1 43 AL e A8 o
Y12

2.3.2 51K pRBURR
5 R o BRI i 4 R A5 D 14 27 2T RRAEAE S BR ] %
17 4 Tt 3 451 2 v B i =KL
1) Colearn
Chaudhry %8 NS 38 T 22 2 58 H R G 2
H: R 4R 7R #5 B Chint-taking) 17 24, 3B HoAE b #0118
BER W FAE S 3T — A 2 AE 55 BEA Colearn.
Colearn 3 F DKVMN #£#1, i AN 6] #9 )& , Colearn
TE B A PUR S M Bt BN I T g, (F8R
BEMEH TR A (¢, .a, g, H one-hot
IS A mE f,.Colearn M A 2 4>, & X 1y R
y g R$E s R y, .
vy, =Sigmoid W' « f,+b),
Y...=Sigmoid (W} « f,+b,).
Xof o7 L, 455 AU A 453 % R B R R G R AT 55 A
PERAR AT 55 2 T A IS o, p V1
I

(42)

L =a ZLBCE(p, NIIRED) +B2LBCE(pg.1 s g ).

(43)

2) PDKT-C (prerequisite-driven DKT with
constraint modeling)

Chen 5 AN KC Z MM LGP R RTIAT
JIHAE R AR T PDKT-C BB LA P G,y =1
FoRFA R Z e AR KC & BHESR B £ ok,
TEAESIR F R R B KC Z 8] ) 56 R B A e X
CIRYE V)|

P(m,,bz,,z:l)gp(m,-,kl,,l:1). (44)

XAH AR AR T — AN S A
U RSS2 o S Ok St Bk PR XL 7R 2 (45) By 29 3R
T 4t IS, PDKT-C A58 14 458 2% ok 50k

m{ngZlogP(f;,,\s;,@)Jr

a D, 2022786 X [log PGmiy, ) —

iokyky ot 1y
log P(m;.,.,)0 15 (45)

Horbs, #oR%4 0 %P 5.0 #5180 GRU 192
B fo d8m2eAs i FEBT 2 ¢ JR A 28 T )5S 1 3
SN EKRAIRRE S [, = [, B 0O =177
WK 0 R~V S R 5 A Y S 40

3) DKT-S(DKT with side information)

Wang % N8 T DKTS #6858 i 78 i A
— IR P H Z 7] ¢ R B Side Layer, K & H
ZIA) YOG R AN 22 A FFUIR S e A
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Wang %5 AUk, BA 20 KC i [n) 2
TEAH & B 3X Bl P 7E 5 Z 0T LU B 3R, Hop ol 2
BUH A2 A E S AR KC, W B AT Z H A7 7
— &N H - E B A RoR T
XA, Side Layer WAl Hitk AJZ & i T
Kl A B0 LINEVY A Node2 Ve ™ L5 21 44 #5
iH xR ER AN, Side Layer A6 1 4~ 1F

ML L, =y Ly JErfs L JRFEE A 1 B

R T O 3T ) a5 T A T A — S ELBE 2R 1 X
AU 5 AR RL A R D) 2 AR A R X 2 AR H Y
ME AR 1% 2 AR L. DKTS 19 45 2% e B0 & 2 &8
43+ B A2 XU 81 2k R Side Layer 15 W 0, fifi FH #6
0 o 42 1) 2 U ) AR

L= Lux(p,san) +ali. (46)

t=ty

4) DHKT (deep hierarchical KT)
Wang 55 N7 S S] T 8 2 8] 1 )23 0k 45 8 6
Z 40T DHKT BE8L 58 i KC i A RS H %
A Z 8] 1 N AR 8% 45 2% Chinge loss) SR X2 IR & &
AL H e, 5 KC k; Z[] BB UR E Uh
o max(0,1—elk;), ¢;; =1,
Liiee = - U
max(0,1+elk;), ¢, ;=0.
Hr,e,,=1%me Sk, tHE, RZIXK.
TEASE R () YN G B v, [ I i /) A T 45 2% AN
BCHERK

‘T
L= Lue(psarn) +a ) > Lie. (48)

5) qDK'lf(question—cemric DKT)

f1 & FAE KC 1@ B 2Z 8] 77 7245 22 5, i T 3X
LB R TR 25 19 5T MR R AN W] . T XA X
$e9% 5, Sonkar G AN ER T DKT BEAL, ff H GE
D) TR R H 2 8] Y 22 S R A

diff (€)=, 21G.j) » (c; —¢;)% (4D

Hrbie=(c, ,cg,uwcj,)@é‘?TE?ﬁ n A H Y IE
B AR Gl g B 2 50 R g0 g B Rl — AN
PRI 1G5 =1, 75 0 Sy 0.3 A I D] 15T 45 Jon 1) A
T A48 2K R K0 AR g BR ) <

14:214L’,(‘E(p77af+1)+a ’dlff<C> (50)

t=1t,

2.3.3  Hidty
TG K A T Il T AR R A5 A o A
REAE N AR T 5 A v Y 7

1) GKT(graph based KT)

Nakagawa % N7 & 7 GKT A58, 58 i ¥
KC M RYRR LR F 1A 1w &L R GE B AT 55 5
R T B 2 W 2% (graph neural network, GNN)
rh R I [R] 90 T S R 2R R A W B G = (VL E,
AV R (R KOV ={v,,0,, 0oy ) L
(FR KC ZHMKFOESV XV RSB 1M 4 (G X
KAMMEEIACRY N E L.

1E GKT MR8 % A 78 B A4S I 210 ¢ X 554>
W v, #A A A BUIRES s = (siev . 2% 4 0]
BEEMEE o MBI H L EH o, K5 o, B
TR X R B HT PR A s Rl sten, LN, FoR
5 o, BRI PURES I X T 8 o, 5%
TS A S EN, MAPRERE
Lsi,a'E.], [=1i,
{[si,Ek(l)], [#i.
Hi E,  E, 535 258 A KC iR AFEFELE, (D) 3R
N E, B9 LA R S5 R TR A TRARAS

(S L=

e {f‘neigmmr(sﬁ’ 80y LF i

m;'=G.,(mi""),

[

t

GD

(52)

sV =Geru (i) s,

Hrp, f W ZZEANL G, DKVMN A H 1y
BRI INHLE . Goro B GRU BLHL, £ o B — A
BE TR S5 A0 A5 2 ) SR HE Y AL 4 1 R AL

2) CKT(convolutional KT)

Shen % A H2 1 T CKT B8, 3R e 76 10
ERGUEH T BB S M4 R 15 Bis . 7E CKT
A 1 Qe FRERAE R Q R IR o) FRARE

| x, |
e oo :
H ! | Vus | ] | Vire I D | Vere | '
S 1
o| I I |
N el
AN !
‘Y Yy
L] l
GLU @
B
: -m - YRR R
o e @ > K

Fig. 15  Architecture of CKT model
15 CKT Bi#I 4544
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W D d A% SR 2E 2] 8 5T Sy A e
JCE I GLUY AR et s 50, e B BUZ 1)
i HRy 2 A 1T B ) 32 T BIL A A o R R AR A
P RS S S R A 2, TR AR
TURA, TR GE B3 0 B AT: 55
y, =Sigmoid(z, * e, ). (53)
ik Q W% 2] 28 HJF %1 (learning interaction
sequence, LIS) | Jj 52 #H & # I Chistorical relevant
performance, HRP) 1 KC ¥ 1E #i 3 ( concept-wised
percent correct, CPC) 7E& 1 2 J5 4t GLU #ioc™
ZH A .
H =V sV o@DV epe »

(54)
Q:(H M W1+b1)®(H ° W2+b2).
H ,OFRRIBEITCE BT Ve »Vere TR N
r. (i) =Masking (e; » e,),
w, (1) =Softmax (r, (i),
t—1
VHRP,,(t):Ew,(i)x” (55)

Vere. (q” ) =

count(q Z T

Hor, Masking J RS 4E, H 092 HEBR 5 22 1) Z)
E"J%gﬁdﬁaq A5 KC k KB H . count (¢")
R q" BIE R YR

3) SKVMN (sequential key-value memory
networks)

Abdelrahman % A" #E SKVMN 41 AU rf fifi F
=B E K (triangular membership function)
KAt 5 KC Z [ A AR S

/x(x)Zmax(min[lia,671),()], (56)

b—a ¢—b

Hrba,c BE =ML 0 B E =ML g,

AR OGP FH 2R i — 20 11 588 B (8] Y 0 44 1 5C
A AN Hop-LSTM By 23T, #2 il 5 B 76 e B Y
Bk IR % 4%, KL 7 FR.

4) DeepFM( (deep factorization machines)

Vie'™ 554 DeepFM 5 3E R 1 2 AR B

7 45 i"jie,\ﬁﬁdﬂﬁﬂ:ﬂ%ﬁgf fiE 19 %5 A 5 F
DeepFM i FM FI DNN (deep neural network) ZH
T 5 I 1) Ry

2wf+ E x:x;<v;sv;>, (57)

I<i<j=N

ﬁtfjvwi j‘jﬂﬁﬁﬁvl\/ %‘%T*%:‘?Fﬁivf, %%/T‘EFJZ
A v, RARAZBUEMEV 5§ 4 i . O FRoRm
AR

DNN 2 —A> N JZ2 M a5 i 2 9 46, ok i o
e =(v, v, s ev, )
"' =ReLUW'e"+b").n€[0.N], (568
Yoy =ReLU WYNe™ +bV),
Horpr,e 28! DeepFM BTN i 2 #0045 1551 .
y=Sigmoid (y .yt (59)
5) KTM-DLF (knowledge tracing machine by
modeling cognitive item difficulty and learning and
forgetting)
Gan 58 NPT — R 25 42 2 3 AR 01 N
T MERE | 2% ) s T SRR i Ry iR R
KTM 7 & 4 b e A X SEHRAE, B4 Hh A A BB o
DKM-DLF.
HARKE, Gan 5 N0y 80 H X B2 AL 6 3
AT T Hﬁﬁ@?@é’“ﬁ‘] KC BYMERE 5 2] & 1 AR
BV H MR RLLE X 3 AR H M S
AN EII H MEE (cognitive item difficulty, CID).i%
Be 7 KC k WA MER 6, 8 H 4R 5, KC ()
SH AL R B A AR S0 Ok D L X T
Ok FERE] AR RYRE OOk TE, H CID 2

dG.j.)= 08, + >, B+

— )
kEKC()
Part-1 ;,j_/

Part-2

Z W:,k.z
kEKC() . (60)

| KCG) |

0, ;. +0,

Part-3

iR 3 ANHEER A XS R Part-1,2,3. Hfp, T e
[0 e MURMERE I ¢ +1 DAY T Z T2 B A iy ]
BAS DRI
‘I’,.v,z\u:aj.m -

|:ai.,v::OO;z ( D
el b L L L N
N lo.

C s |N1"”‘o;1<5’
H ING o FoRs A BB 20 0 & 8 H
5 KCA# A %7 2] R ARl ok HAEAR R E B @, F

S AME KC WARBE &, R

} N l,,>5,
(61)

LGajot) =Dij+ D) D (62)
EEKC()
Toie I 0 IE 65 5 &R Bl AR i 4R 15
P, . 2 (0,501 log(1+W, )+

0 o.500+2 log(1 4+ F,

617,31u.+3 lOg(l +A,’,1hm‘ ) } ’ (63)

HA Wi 5 F e 70 048 AU R UCBOMNZ B X
WA RN R T o B 22 30K

tww | o, A 5 JEE AN WY 384 DR ) RF 1] 1)
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2 2 AN TR ] B AR 38 RS Y R RE T
KRBT A E LA
f(l sj 1) :0]‘,jedj-] —+
(Qk,k 2 eAk’k +(9]‘,J‘71€A’/'jil. (64)

kEKC()
Hr e HARXEMIK.A Mr R ENHE. A
344y, 5 DKT + forgetting (& 11) = 42 3] 1) %
AAIE AR GE 16 FTs

A/'-rl
Ak Jkc O @ H
. ' Ay AR EIK CHE 1] 17 B
t

A, TR I 1] (R B
A,y ARABAZ ELIN [7) ] By

< >

4

i

Fig. 16 Three measures of forgetting

P16 M m e 3

VAR ALEE ] 00 o Ron P i TEM 20t 1Y
fiE /1. KTM-DLF 5 #1n] LI /R Ky

Sigmoid (P(Y,;, =) =a,, —d({.jst)+

LGyjat)— (g t). (65)

6) DynEMb

Xu 88 NP 256 7 JBE 43 A RNNL 32 T
DynEmb FEY I 23 fiff ik A T RNN X 52 2
SRR, DynEmb 8408 2 #5..

@ QuestionEmb. 45 2% 2 52 ., 4 B 53 i 2
IR AR Q F2E A IR AGEFE S

i
arg min ZL];@;(Sigmoid(Qm « S, +
0.5.b.c

L=t

b, +ec.)an)HaQli+ (S, 66
Horf b e 4300 Ry BB R AR B R B, A R P
@ StudentDyn.f#i ] RNN 4= % 20 25 i 2 4= 17 A
Wil S, AEBF %) — 1, RNN B5 AN HIRA Q,,
A (e, s 1—a, )" P N5 (Kronecker
product) s RNN B UK SR 24 s, M & A
S.....DynEmb FUll T — B 20 2 %5 & 5 =5 .
y. =Sigmoid (Q, * S, . +qu ). (67)
7) BDKT (Bayesian neural network DKT)
Li % A2 T BDKT A6 80, fdi F D1 - 27 4
28 P25 R0 = B Y 2 2] RRAE A BDKT /9 2 80X
oA
PWHp(Y|X,W)
p(Y1X)
Hoh XY 235 AT p (WO RS HW 1

PWI[X,Y)= , (68)

g T P WX YO ENZREX,Y) BRI
At 2 I IR 0 ME LU I — 16 B b 2, R Be BT
TR Z 300 J5 5 4 A BDKT filf F T 4228 43 4 B
(variational inference) ff P& iX 4™ [n] &, 48 43 /3 47
qW)~NW | .0 8 R B IE 1Y )5 58 50 10
PWIX.Y) N (.o ) BRBEFEWERN T ERN
o’ WIEZS . p g ZAIBEES

S qg (W)
KL(q | p)= W) log ——to =
Gl gq( ) ng(W\X,Y)

E [loggW)]—E [logp(W)]—
E,[logp(Y[X . W)]+E,[logp(Y|X)], (69
He E,[logp (YI XD I hH&E.E,[logp (Y| X,
W) Ja] LA M I 5 46 P 45 3] BDK'T 9 4 2% et Il 25 4
KA KL T AE
L=y—y+E,[loggW)]—E,[logp(W)]. (70D
8) Q-Embedding
Nakagawa % A2 H T KC A& (F W
Q Embedding ##1, AT LL A 2% 8 H 5 KC ik A
Q Embedding SR 45 # Q18 17 B, o,
P NHEEFINBH-KC M u, 5v, NEIMAIKR
FZ B 2N RN N Ry 58 LR KC A
Boou,,v, P ELHN
u, =[x, PDx, PJ.
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Table 3 An Overview of DKT Model Improvement Methods
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Fig. 18 Other applications of DLKT model
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