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Abstract With the in-depth advancement of informational education and the rapid development of
online education, a large amount of fragmented educational data are generated during the learning
process of students. How to mine and analyze these educational big data has become an urgent
problem in the education and the knowledge engineering with big data fields. As for the dynamic
education data, knowledge tracing models trace the cognitive status of students over time by analyzing
the students’ exercising data generated in the learning process, so as to predict the exercising
performance of students in the future time. In this paper, knowledge tracing models in educational big
data are reviewed, analyzed, and discussed. Firstly, knowledge tracing models are introduced in detail
from the perspective of their principles, steps, and model variants, including two mainstream
knowledge tracing models based on Bayesian methods and deep learning methods. Then, the
application scenarios of knowledge tracing models are explained from five aspects: student
performance prediction, cognitive state assessment, psychological factor analysis, exercise sequence,
and programming practice. The strengths and weaknesses in Bayesian knowledge tracing models and
Deep Knowledge Tracing models are discussed through the two classic models BKT and DKT.

Finally, some future directions of knowledge tracing models are given.
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Fig. 1 Mind map of knowledge tracing models in educational big data
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Fig. 2 Toy model of educational system
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Table 1 Notations and Descriptions in Knowledge Tracing

F1 NARBEERPPROFSRER
Notation Range of Parameters Definition
S i€{1.2,.1} The i-th student, where the number of students is I.
i t€{1,2,,T} The ¢-th time step, where the number of time steps is T.
KC, (€ (1,2,.Q) ;I;)lzzpi:i;iniw;'dge component, where the number of knowledge
Notations E! i€{1,2,,1},t€{1,2,++,T} The item of student S; at time step ¢.
in Section 1 yi i€{1,2,,1},t0€{1,2,+-,T}) The observation item score of student S; at time step ¢.
y It 1€{1,2,,1} The prediction item score of student S; at time step T+ 1.
b t€{1.2,,T},i€{1.2,-,1}, The cognitive statefor knowledge components ¢ of student S; at time
o q€{1,2,.Q} step ¢.
K: KiS{KC,}.q€{1,2,-++.,Q} The set of knowledge components related to the item Ef.
k. q€{1,2,,Q},t€{1,2,-+,T}) Latent variables of knowledge component ¢ at time step ¢.
Vo g€ {1.2,+-.Q}.t€{1.2,--,T} Observation variables of knowledge components q at time step ¢.
P(Ly).P(Ly) Probability of learned state at time step 0 and ¢, respectively.
P(T),P(G),P(S) Transition, guessing, and slipping probabilities, respectively.
i An item.
) ) j A student.
Ng::zzszm dyg.i qg€{1,2,.,Q},i€{1,2,---,1} Difficulty of item i related to knowledge component q.
0q.; q€{1,2,,Q},j€{1,2,-+,]} Ability of student j related to knowledge component q.
g g€{1.2,.Q}.t€{1.2,-, T} Affect component of knowledge component ¢ at time step ¢.
by q€{1.,2,.Q},t€{1,2,---,T} Engagement component of knowledge components ¢ at time step ¢.
a,d Parameters to personalize the guessing and slipping probabilities.
cl.03% Variances drawn from an inverse-Gamma-distributed conjugate prior.
Vieskiso, t€{1,2,---.T} Input, hidden, and output vectors at time step ¢, respectively.
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’ o ! ! ! ! i ! Time Step | Time Step 2 - Time Step ¢ - Time Step 7'
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StudentS, 'y, —» y; > >y >, : Student S, Sub_model M, ! Student S, kl‘,z —> klz,, e — kl’,; — _>le,;
b 1 I
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& \ 1 . . g N
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KC Set N g4 ; Other Modeling | Student S, ! i
(KC:Knowledge Component) KC,, KC,, **+, KC,, **+, KCy 1 Methods 1 : . .
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Fig. 4 Framework of knowledge tracing (assuming that a student answers only one item at a time step)
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Table 2 List of Public Datasets
xk2 AFHBEBENE

Dataset Website Author
Heffernan
ASSISTmentsData https://sites.google.com/site/assistmentsdata/home K .
Worcester Polytechnic Institute
Datashop https://psledatashop.web.cmu.edu/ Carnegie Mellon University

Anonymizeddata

Synathetic

https://code.org/research

https://github.com/chrispiech/DeepKnowledge Tracing/tree/ master/data/synthetic

Code.org

Piech et al.

ASSISTmentsData s& Heffernan # % A B\ 2>
TR A AR 2 2 B0t 4R 2 h U R S AR /)
SR S B A A 2 L 2 HRT A T TN AT
E AT A R i B 42 ASSISTmentsData 24 T
3 %% :1)2009—2010 ASSISTment Data 44 £
4% Skill builder %# (401 757 42 B0 %)
1 Non skill builder 4 (603129 &% 4 AE % id 5%)
2 TR 4 H A, Skill builder (955 Ul . #5542
AR R W JE e — SR A (I S E AR 3 IR
TZPR SR S 1 2 8D R R 3227 A4 © R I MR
Fs TS 23 5 45 122 A 1 12 R TR R0 B A O )
2)2012—2013 School Data with Affect % #E 45 &
6123271 A% A AE &0 3 o, Affect™ 193 X
R PR S A AR D B R A O 4 A R AE
Average _confidence (FRUSTRATED) , Average _
confidence CCONFUSED), Average _ confidence
( CONCENTRATING ), Awverage _ confidence
(BORED).3)2015 ASSISTments Skill Builder Data
B & 708 632 SRFAEMEBF LR ZEIEE N
2015 I8 1 Skill builder $4.

Datashop J2& 5 K 1927 2] 58 H AR A7 6t 122 (k28
BEAEIZI A ORI RN G BB AR O
g 5255 4% BN EAL AV . Datashop Hh 6 45 %
AL W S iE DUR S 2 T TIRFR M 2] 28 AL
i L ) ) B R 1969—2018 4F Ho 48 2 W8 L &4~

B A 0 B R AE AN AR [ (5t , Datashop Xf T
A A5 R B U AE A ) OR R B TAE R
oy A SR

Anonymizeddata AFH T 2 Wi 5B AL 4 72 Pk %
(Hoc4 Fl Hocl8) By J 7 22 H. K 45 45 , i) 18] 5 2 2y
2013-12-—2014-03. 3}, Hoc4 #1 Hocl8 43 il 4 &
509405 424 1138506 YR AC 1L 5% 5263 569 4~
A2 .1263 360 AR ITIL K.

Synathetic & % B A J0ER B2 A B DKT #94E &
Piech % AN F g i) BEUBOHE 475 4 000 A4S 2% A
50 220 T3 Ak A A R 3R

AT A A ZEN IR BRI bR 0 A TR 8L
i 5 A ) Hi A 4R 1 IR ASE B8 5 fE A T A [ A0 5
T LUAR R AIF 58 N 2 s AN [a) 1) B 4
1.4 AXERFREEXA

AT A AR AR G LRk I i 5
A S X

TA R BR B E  J F  AE AR DR AR S S )
HP 2 A AR A A OC 25 3R It S 504 DL 2 AR A AR Oy Xof
S INHNR R A R Sy 1 AL, R X AT R 48
28R 53 B SCHR[40-43 102 56 T 2% A BERY (1 £ 34 . SC
BRL40 ] [l 28 & fig i 5 R 4 (intelligent tutoring
system, ITS) Y2 A SR IT SCRR 41 M BIE 4%
AR HY B A 2 A B, A4S S AR R Coverlay
modeD) . ¥l 28 %% 2 (machine learning) . I\ &1 B i&
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(cognitive theories) , B 2% 2 B 8 (fuzzy student
modeling) | D1 -3} 2% (Bayesian network) 5. 3C ik
CA2 VR4 B3R T 7R I 1 55 T J ey 16 462 A B R
[ 1) 0, % I e 25 AR 92 3 B th T R RE B9 A5 7 ).
SCHRLA3 I PURZS GARIAT O (I IR R i & 2K
AL A4 ATy TR 25 A AL HEAT T 3L 3 4 SRR U
B TA KBRS A5 Y 1) N 2 D T AR SCHE T 3L L
PL BRI HT L R I AR L N AR A [ ) 4 FE T
YA 1IN R AR A

P FR AT AT AT DA R SR AR AR [ 25 R AT S
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BT T DN R0 B B A AR 7 B0 b 4 7 P A 3 SR
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GE R4 T A BRI LA T AN [) A AR 12 1 A R R B
R,

T3 A s —BeAE AR S SR A 41 T IA R B A
T LA AL R 1 X b 43 B I L Sk [ 44 T80
SRR R R 55 R Y B AL X B 59 (randomized
controlled trial, RCT) 2% > 43 fi# (learning decom-
position) #EAT A, 43 il ML R ) H 1Y i A AR
e 3 A5 1 AT VEAL L SCHR (45 T4 DA 1 IR A 75
5F I EH K 4 1 (performance factor analysis,
PFA) J5 i IS B2 A1 2 800 & B 2 J7 T 4T
VO 5 [F) I I 58 AN [ 1 2 504005 O 125 ORI 8
(expectation maximization, EM) 5 F1 BF (brute
force) 77 35 WA MR B A KT + EM 5 KT + BF
o PERE 45 58 & Bl KT +EM kgL T KT +BF.
SCHR[46 A 2% A 1 25 32 B0 T 5 T L 45 T I R
BRRRL 5 PEA J7 5. SCHRLA7 1K DA R B A 10 1
REHE 3 28 G0 b &8 08 P % 32 82 TE A ol 7 R AT T S
Xof b SCHR[44-47 T3 2o #E98 GiE WY 85 52 56 43 1 7 X
AE DT R B AR T 55 A A DG 1Y 2 AR A R R AT HL R
o R 0 BT A R R B A g A R A5 L A T
D1 B 2 B0 55 5 T A9 28 3. 1T 4% S U] 3% 498 i A
AT NN R R AR 1 e R P AR AR BY A N H L LA
AN [ AR T A A ) I e R O X R ke 1 WF 5T O
AT T R,

2 BT NMET A R8N R ER A B

AT S 4 T DU 7 3 B AR ER AR L

JefRRE T 2 DL T A B R AL A BRT 14 Jit B AN
AR N BKT 58S 1 A G SCRR2F A7 hi 385 SR )5 A 4
T HABKE T BKT 97 iy DI r A a0 B 5 5 20 | JF
=N /NG R T

2.1 BKT###

1994 4E Corbett 28 A 2 H BKT #8172 4F
R RSB b dE A ACT
Programming Tutor % ## )7 i 5 & 4t # 17 Lisp 18
SRS, ET HMMUO Hy 2 2 A= A R 245 748
A BB Mo 0 A T 22 A 2 4R 0 PR A R

HMM $ii 34 & 8onf [ )5 5 E R0 Y =
(Visyosrsyestsyr) s BRI TRURE T X =
s FdL Y BR S OU I E A
(observation) , X #% 4 Fa R A (hidden state), Y 5
X ¥ REBUT S FRomiEE] 25 BV )25 ¢ 5 00
Ty, R, AR x, By, MBERN KT
& (emission probability) , it h P (y, | z,). ) I [8]
B 1~T BREFIIN o) BLEFEBE 20 AT E—
ABFRE BRIR S 2, = — B 2P 0 Bk A
T, BR R B ME % (transition probability), it N
Pz, la).

WP 5 Ca) IR BKT K Bf 2 A AR 25 R B 51
AE SR HMM AR e (8 0000 5 371 O Rz 15 Ca) H Y
BF 52 (59 B ) 5 2 A= 0k R S RDIR S 5 SO HMM
LA e ) gtk 28 COF R L 5 Ca) Y R 91 52 (B B8
P (LRI ¢ B2 4 PR FRUA g AR,
P (L) 3R )46 W 1] 2D i) 2 A B 48 HAH R g 1A
FANE S5 D) iR ARZ RIAFAE IEH” (correct) Fl
“HE 1R (incorrect) 2 B UM R & 5 () H g 2 A4
L) s INVALRZS B9 BUE A7 6 2 IR 287 (learned
state) fil “ K FE 48 IR A7 Cunlearned state) 2 F HU{H
WL 5 (Ch) W iy 2 ANV FEIE) . P (G) J2& 55 T A%
BB RNTEF A BN ARE L TR E R R, 22
AEREZ RN IER R P (S) RIEM R, &
MRS A BN AR S AL T 48 RS i), 22 2R AR
BRI A AIER IR P (T) AR, 455
A B TA HEIR A DA A 2 41 R AR 748 i 2 4R R AR
T B BKT 3T 3 s B AT A

D) B Gk — SRR G

2) WA A A TA R 35 A TR R A A X TR Y
INHVIRZS AT LA R RS 5 B B RIR AR,
B Z 3N 0;

(l‘l s XLgs **e X, s 0
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Time Step (¢-1)

Time Step 1 Time Step ¢

Time Step (¢+1)

Time Step T

(a) Framework of BKT

(b) Cognitive states and observations
in the framework of BKT

Fig. 5 Model of BKT!™
5 BKT #AH7

3) S BRI R P (T)RARN, G A R 2%
T A IEIRET K.

BKT i AL BRI+ .

Stepl. ¥ —A2FAERXF 1 A0S A0 1R 24 5
BN E 5 B R By BKT #i80.

Step2. ¥4k P(L,).P(T),P(G),P(S)iX
4SO EUE B D =1,

Step3. MRHEHF AL ¢ BWMAE v, . T3 2P
t— IR EREFME PL, [y, %
v,.. =Correct, M

P(L,_,ly,.,=Correct) =
P(L, )(1—P(S)

P(L, (—PSHI—PL, PG ¥
# v,.=Incorrect, Ul
P (L, l\yq_,:Incorrect):
P{L, HP(S)
- )

P(L,_)PS)+O—PL, -, )0 —PG))’
Stepd. IR 2L ¢ —1 @ % ME=% P (L, |
Vo) HFTIS ] 25 ¢ 22 A PRI R P (L),
P(L)=PL, |y, )+
(=P, |y, . )OP(T). (8
Step5. HH 4 MSEINE .. =1+ 1.
Step6. iR Al Step3, HEM A4 =T, 43 5] 4 4>
SR .
Step7. iR [l Step2, H % 5 21k & . 15 5
BKT i,
TEAR B 4 DS H) E A5 BIATPEAl 22 A 1Y
INFLRAS Y 2 A MR IE B 22 A B RDIR S
P(L,ly,.,=Correct) =P (L )(1—P(S))+
(1—=P(L D) XPG). (9
M2 MR R RET 2 A AN AR Ry
P(L,ly,.,=Incorrect) =P (L,)P(S)+
(I—PL)H))XA—PG)). 1o

B T PP Al 25 AR B IR A L 38 1T DL T 2 A A
N — A AR R B BT 2R AR A T — R
S TE AR VR ) A

P(y,,,-1=Correct) =P(L,,1)(1—P(S))+
(1—P(L,, . )OPG). an

FE M, %t 20 (6) ~ (1) AT 1 41 ife o -

B HMM 5, 25 1 s ] 25 iR S A5 2 i
s ] 25 B U8 485 2R Ko b — B[] 28 A R A O, TR it
FIR] 2D ¢ B2 AR XU g B4R AR P (L O Ry
Bt 8) Ko,y KR YT ) 2D ¢ A UL I 2%
H.v,.€{Correct,Incorrect} ; P(L,_, \yq,, YERE
— I ] 20 ) AR AR SRR L — P (L, [ y,.0)
RoRTE SR/ A 2D ¢ BN 25 2R b — i ] 20 R %
PTRYMER; P (T) R R E R RESH B 2 E R
AR A OFH P, |y, .y, € {Correct,
Incorrect} BT (6) (7).

O THRAE BT[] 25 ¢ A O8I0 (B Ay 1 28 1E i 1Y
THOLT SIE 2D ¢ —1 B AR SR SR P (L, |
¥4 = Correct) F3EE R BT 25 ¢ LI EL Sy 1 257 1E B 1
JA TG OLRIRE R Z F: D BRI ¢ — 1 272 4R AR
FEAEXNZ I IR 2 B R ¢ —1 #E WA
FAR RIS H 2R AR ) U I E R 43 R 2
T B0 B )25 ¢ — 1 28 A SR A A T I E . [ Ut
K& P(L,—, |y, =Correct).

K DOIFEAERRID ¢ B9 A Ay 1R 28 1R 1 1
DUT IR ¢ — 1 B9 AR R R A PE R P (L, |
Vg = Incorrect). [d] 20 (6) , 43 &F Jy s (8] 25 ¢ 0L 000 {F
B R T I ORI AE SR 2 R D IR E] 2P — 1
2 AR R L AR X S BT R 2) B[R] 2P
¢ — 1 S AR O AR R R LA A X 2 T A
GrF R IR 2 BB E D ¢ —1 2R AR R AR
JHE R R RS P (L, | y,., =Incorrect).

QO TR ] 25 ¢ 2% A 48 2 R R A %
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P (L) F5I 2 Fifis Bl AR 2Z A . 1) 3 T [A] 2 ¢
(08 DU A1 50 BE D 2D 0 — 1 2 AR 8 R N
2)He T ]S ¢ BOULINAE S A0 T i) 25 — 1 22 R
[REEE £ PN APSNIUE R R 4 R D LY AN N
5 P(L).

D TEMF AL ¢ 2 AR IE B RS O T L Al
A NADIRES BV I 18] 25 ¢ 2 A R 280 1E 0 1 1 00
T A R AR P (L, |y, = Correct)
HULTR 2 Rl LB BE AR Z F . 1) 2 TR ] 25 ¢ 3
22 A R HL X% o UG R 3% 5 2) = A A I () 2 ¢
AR 2 R R R HOX i ) W OE AL B O oK A
P(L,|y,..=Correct).

KAOTEM ]2 ¢ A A AR RN BT, 21
fli 2z Az N FAR A BDTE IS 18] 25 ¢ 22 AR AR 2 3 R 1Y 1
WTF.FEERZMNGAWME P L, |y, =
Incorrect) A LLR 2 Flif Bl A AE 28 22 1. 1) 2 A 8 B
6] 25 ¢ B4R 2 P HORZ ) U R AR 2) A e
I IE] 2D ¢ A 4R 3% R0 AR A HL XS 3% ) 8 A . B ot
k1 P(L,ly,.,=Incorrect).

L) AT RATIUI i[] 25 ¢ 41 22 A2 TE g 4R 2% >
BUMER P (y,..+1 = Correct) B LA 2 Fh i i /Y #E
R DFERTE D ¢+ 1 2 FE RN IR A Bk
B 2 TR [A] 2D £+ 1 27 A R AR 12 R s HLR I e
W N sRE P (y4.+1="Correct).

2.2 BKT #EEH S

BKT B H UM R G S b KRR H
AR 22 T BKT B 280 M g 5 45
T W AT T HAR S A AR N BKT #5280 19 2 500y
B BT A5 A4 1 H 3] 7 ) 20 R4 AL IR Ak ] 0, BK'T
Y (8 B0 43 A 3 A O T AT A L
2.2.1  BKT BEI S8t

TEAE T BKT 580 3E 47 0 HOR S VR AG I, 7T &8
S 2 R ITAL : 1) — A2 A SRR R
R N HDIR S FNBEIEAl S ERRAE7  iX Fh 4
WEHR R BEFRAR” (false positives) ;2) — A~ A2 51
o 2 4 S R A R 25 B0 A D R R R
A7 X PG AR N AL BE AL (false negatives)™',
NGRS bR URVTAL 1Y & A TR — AN AR (R
A o AR TR B R B MR AR OR T O T B UK
AR IZ NP AR ZS A Ry B 42 5 75 DR Ry ok 2 4R
Fean, @ A B A 0,95, 8 — A2 A 4 — AN H1HR
SR AL 0.97 , )34 i 2 AR X 32 R R R Y

TEIR 4 H2F 5 MOOC 764k 2= 3] 3 5t R,
A e 2 17 A8 2 A W — 26 S 3H B A AR o B A7 B ) 15
OLSCHERL7A R T 242 A R R S8 P (L O AR &
BRI I 0 (A P (L) = 0.9) A IR i i = 80 ik
THMERE - S92 50 25 5L 1 7R 5 i I 10 A AR 5 S B00AG 1
RIS,
2.2.2 BKT ALHY [y U3 [ 150 ASE 7R 3R Ak ] 0

SCHRC75 148 H BKT #5580 S R mT 30510 14, /Xt
F BKT 0 4 S50 AT B S EBORE 44 7T e
SIORH [7) 1) VE 250 T30 245 5, ahb 1) Rk kS 18 031) 44 (1) R
(identifiability problem) . i3 4 2 TA i1 B i A A4 o
Z3 OGRS AR T 1 8 1) R M ), A 2 A AT LA
A /NSEON AR R A5 8] SCHR 76 ]k BB X 2 8 %
AR B S BRI T RSN T S8
4 2% 7 ], TP Ml AR B S5 A0 . SCHR 77 1% BKT #
R 2 A [ DA R 23R 20 X HE AT 4 VL GIE B T AR AR AR
Z R TR P (G PG S50 P (L) B BUE
ATRE , ff B T 1R 0 P TR B R AL A, SR
[78-79 ]R3k 1 BKT A& AU (1% 18 Jil Pk [a] 8. 5 92 531
P 1) REURA 52 A7 AE L 250X BKT A5 Y 50 37 2 57 58 1)
BRI PEAN b 7

SCHR (80 JFR /R FEAT & S bR A% &L 1Y 25 48 7 . BKT
R AT R 50 B, BIGA S BKT B8 R 77 78 35 31
[A) BB, 3% SC Mk 3 1 0 AR A0 5R fB (semantic model
degeneracy) [ # , Bl #£ BK'T #5481 rpr, 5K fiff i) 1570 2
B B AR IR AR 1N — B % Il R E BKT A
BRI G b i 2.1 50, BKT BERVE A 2 RAE
1) HMM #1480 . 15 34755 1% HMM 8 2 80k
fiff 5 AELJZ X 4 T ARE %6 L 3R E R L G R M R 1 e A
it fp R N 5 fe 0 1 BT A58 B0 418 58 K 58 42 — 30 3¢
HR [80 Ny 43 A 455 8 3R Ak 1) >F YRR J2 oA Sk B 52 1Y
— AN B ). TG Ve R U TR R 3 R R AR Ak [R)
R, AR S RT3 W 2 A 3 A A 2 B0 A0 A ) 3 R R
J7 1 T HEAT 2 A A HUIR ZS Al T TR 28 R B Y
e,
2.2.3  BKT B8 iy %54k 70 tr

£ BKT BRI, S0k 2552 i BKT B 17Ah
PERE  (H R T80 B A B A L 2 e O i T REATS G
T A B AL B IS RO 33X P A O B RR O R AR iR
77 (sampling error)™®*' SCHk [82 ] i 52 46 15 5] 4%
W T RN 0 (02 1508 L 1 J2: Fe AR N 5
TE AR RRASE A2 SCHR A FH 1) 2 A 40U B30 B0 30E A7 52 560, R ok
A8 P L S B0 Ak SR R AT
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UL R 7 280 A0 2 i B A R B B A ) £
FA 232 A P DL 0 36 i BT A58 28 ) i
SICPE )R SR 84 JBF 5T T J& 5 AT LA IX 4 — 4> 4K
Y 4 S AR A i 2 L SN L 0 B T R UL RO S
FLSOM I = 1) B AR U DR OR B AT LA ghiR
oA DL s R S B Al 1 Bk

2.3 BKTHIF R

H 1994 4 BKT BRI 5, F & TN A
[ 5 DA TR) Y 38 B[R] 3 55 45 ff BE X BK'T
ORI AT e A SO BKT B9 R R 2 o 3 2K,
DEEBE B AE Y JRBA 2R G ik e
BORD 5 3) JLA AT AY 4 R AT AU () XF LE ik 3 T

Table 3 Comparison of the Variants of BKT Model
&3 BKT ¥ REZHXLL

Method Sub- Skill

Learning

Model Year Features Combined Skills*  Hierarchy " State Reference

BKT 1994 Ref [7]
BKT-ST 2014 Ttem Similarity Ref [20]
Multi-Grained-BKT 2016 N/ Ref [22]
Historical-BKT 2016 Temporal Difference Ref [22]
Template-Videos 2015 Help Ref [85]
EEG-KT 2014 Student Mental States Ref [86]
Affective BKT 2015 Student Mental States Ref [87]
Spectral BKT 2015 N Ref [16]
MS-BKT 2019 N, Ref [15]
Intervention-BKT 2016 Instructional Interventions Ref [88]
FAST 2014 General / Ref [89]
TD-BKT 2018 Temporal Difference Ref [13]
DBN 2014 DBN N/ Ref [90]
TLS-BKT 2018 Three-Way Decisions N Ref [17]

KT & IRT Combined 2014 Item Difficulty & Student Ability IRT Ref [91]
KAT 2014 Gaming Behavior HMM-IRT Ref [92]
Hybrid LF-KT 2014 Ttem difficulty & Student Ability LFM Ref [93]

Note: ~/ means that the reference does includes the corresponding aspect.

2.3.1 S HE IRy R AR

SR AR SA S s AR R S A R R R A R
XEEHCH B A R R fE BT AR
BKT # 8 R A2 4 1 i AR B A Bl (] 22 1k g 90 1wl
5B T2 T RO o AR R AR B, 22 A
S50 B B T A A R RRIE £E BB HE BKT B9 i
BRI 1) 355 25 5 PR A0 R E B9 7 R A R R 245 5 3
SR (RISENEY: SitR

D Z5 5 PR ACRHE i I AR Y

BT AR 6] B — 1P 5 A ol 703 5 2 ) 3R
JEASE R L SRR 5~ S TR ASE TR g OB A i o R
R A R ) ) B RORHL Bl A 2 L 4 )

@D https://www.coursera.org/

RUAHUIR S VT4 1) 1 B 5 G 2R 2 A= 7E Ab 3 — A 1R
SOGHR Y 3% 22 JLAE > B 43 AR BL . P RE 23 1S 0 1% 2
A S T BAR R0 2 A R R, Sk
[20 42 BKT-ST £, 78 BKT #5581y ZLaify [ %
JE T 2 2] R[] ) A RL A TR) 8, T 3 A A A i S AR
7 22 TE AR RL T RS LR 0 RE R R L IR R AR
VEZ R AR 4

k2217 MOOC & 1) Coursera® 5T,
B BKT #5274 20 W R o5 22 8] =F 5 45 4 0 DG Bk
4 T 0, 5 PR B8 90 X I ) o R A 04 5L A 2
Y B0 ) R PE B Multi-Grained-BKT 5 # Fil
Historical-BKT i SCHR[85 18R IT T AL #H & +
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L AL %o S AR T K E ) A P AR 2 R — ) v
KB T H 8 AT, 3% G T g skl i T H Oy
125 B ST IR 7 2 AR 2502 ) RN WL A 32 e AL
BTN 2 A2 1) ) A2 P2 A2 32 ). Template-Videos )
FH 5 > 8 ey AR O B9 R AL A B4R = T BKT B A
AT 0 B A P fig. i 18] Celectroencephalography,
EEG) B & 1] LU RN 27 A 0 0 BOR A 2 2
T ) SOk [86 1B EEG J7 ik 51 A X 2% 4 A
HUR S W EAG L 32 1 B EEG-KT SRR & T
BKT #7000 4 6. SCHR [ 87 1 2% 4= 10 “ R &
(affective state) QN IR 2K JCHI 4% A ol i 13 55 PN 25 Al
A BKT BRI 32 Affective BKT B85 -4 HL ) ]
] S I PP A 2 AR AR S I B BE 2 LA A,

BKT J&—Fl 2 R4 i 4 A 0-17 HUED
) — B HMM , A5 BR B AL T — A~ Jo M & BR 855 v S
mk[16 42 By Spectral BKT & 7Y B F 45 Ak 4422
R MG, (6 3-gram 4035 J5 4R 9 “0-17 UL I
{E QUL AR A 0-17 UL , 7 > AR 25 3 B O 5
BRIECIE AT, g5 8 Bl O I WL A, IO 7E 1% 42
BKT #E8 2 M IAFPRZS (R 2808 #0-17 U fE . 3£
RN HPIRZS AR RS 5 B R R ) Z 1) Y
T 2 AR AR TR A U Pk B MS-BK T
AL G 2 ASARDRSY Rl 21 A 15 A A
A LS S b Al AR T WL R 81 A4 R OR 28 BKT 1Y
P AR BT HMM, B ] fif Bk o 09 2
S TR] I B AT P R A o A B o o) R AR RN
A AFE G WS e R B BKT S50 i R Pk
P s IR I MS-BK T AL 2 B8 2%
2B AT 2R S 2] I RNR AU R I AR X
PR 27 2] AR WO T BN AL 23 R W] 5
RS o ) R L f ] 3h 25 2 S R AT A RS AG
TR

2) Z55 0 IR IE R R A

2.3.1 WA A MY BB 25 G A A SRR AT AR
e —Jr a3 Ak BB ROCR BT RE AR 5
SN2 B — 1 R BR AR R R R A A A G
FRAE A4 REASLTY , G2 i 1 A B 1Y Jay IR 1 ) et

SCHR[88 4 HY Intervention-BKT A8 I, TA Jy 4%
T 2 Y 1) 207 T PUAT O 52 0 27 A A RDIR 2SS S 5
SRR A BRI PE R T GE ) BKT f AL,
AT T 3 LAY 0 R W A A 3 b SCHRE89
SR TS HON EM B L A 2R AR 28 5 WL )
AR IURRAE 0] &L JF 08 LR MOP B S 8O Fr

AiF 1e) 2 19 PR, FR 42 FAST (feature aware student
knowledge tracing) B SCER[ 13 J#&H T —Fh 3 F
IR SR allINE Y €1 R DR E I A N 22 S VR €17
R B 2215 B 0T 5 i 2205 B A 2 DA IR R A
Airh 42 TD-BKT BRI 181 2 A LI 4 40 1
[R5 1 A DR 25 PP Ak i RS B2

2.3.2 RBIIEY A

ARG ARG G HA D7 E 1 BKT 37 AR B AL
Gen) BKT A& B OR 25 i AN [) 1 TR A 22 i) A 5 16 1
SCHiR [ 90 48 2 45 DU it 17 B 2% (dynamic Bayesian
network, DBN) ARG 1 FH 8 1 2 R, Lk
S5 5 S IR R 7 B ) R IR R E GOC R L AT DL
BKT (% 7000 K B 42 &5 10%. Zhang % A7 Z 3] =
SRS & TLS-BKT B8, 4 BKT 8%k
2 WA 2T BRI AT B0 K A R R RS
FEPRAR S O R R AR 2T R A R R
A7 HGSR TR AR [ R M A0 P SCRR95 ]
N FAAY 7 v [ %8 JT 3 #2 (weighted Chinese restaurant
process, WCRP) 2 H % F & F b5 v 7 58 /9 A A 52
AE F 3l A BT k.

PRI AL BE L 38 7 SCHCKE BKT #4285 IRT
(item response theory), LEM (latent factors model)
BT A A5 R A R R B AR AR e T AR A
VRS B PEAR L AR AN [6] 25 A FUAS (] )l 1) 22 S 7
AL T IR'T AT A HE AN [ 27 A= BE 7 > 70X B8 110 A
YRGB R 2 A A AR AR Sk (91 14
BKT 5 IRT Z5 & (A K AR ARy KT & IRT
combined BRD) , f£ B T BKT 44 g4 (4 4 4, i
it IRT J7 k4 THAR Y DA IR 25 D7 Al 79 K5 B2 5 SCHik
[92 14 BKT 5 al RLPEAf 24 28 0 B R ) HMM-
IRTYY 454, #2 1 KAT (knowledge and affect tracing)
FERL ] F 27 A= 1 R 25 3 BT 43 B 2% A 1Y i X AT
s k9314 454 LFM 5 KT 9 Hybrid LF-
KT BEAS 78 2 Uk DL i $ir 5 2 rpofig 2 > 4 i 1) 2 g
2P (temporal dynamics of learning) 52442 F1 3]
LY 22 SR AR 4 A LTI 27 2R 0 1R 2 AR L.

BKT,KT & IRT combined, KAT,Hybrid LF-
KT FBERLR T 23 5 AP 6 () ~ (D FrR. [ 6
Ak I 52 (8] Bl 3 7 A B v i1 [ A2 | B 52 (6 el 7 HE 3%
7 B o O A L T 6 (h) ~ (D H i S B AE
FoRP B AL 58 BKT #8188 fin i 35 43, B4R
o SORE R 7R ER 4
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Variances drawn from an
inverse-Gamma-distributed
___________ Difficulty conjugate prior
|
Latent i 1 d ol > 0
Variable | | o
1 1
1 |
1 | .1e
i i Ability Engagement
Observation ! ! 0 Component o’ >«
Variable ! ! !
i Time Step 7 1
Affect
Component

(a) BKT (b) KT & IRT combined

Fig. 6

(c) KAT

(d) Hybrid LF-KT

Models of BKT'", KT &. IRT combined™ ', KATM", and Hybrid LF-K T

B 6 BKTY!,KT & IRT combined* ,KATY!" , Hybrid LF-KT* f& %

24 FEIERESQAFIED

R AR T S T4 27 A B A BUAS , Chang 55
T DU ) 2% 40 BNT® BE A5 9 8, 75 31 BNT-
SM T. HAZ.BNT-SM 3 i B 5 K 5 43 14 18 A I 25
DBNs 9 Zm 5 4 -y, A58 2l LU & 3 T2 4
AR R) ST AT 5 33 4 BNT-SM T2 =L, 8 2 1 4

FILL XML ST A 3% T B2 % AR S I 25 i E
fli ALY BN'T MatLab R85, i 25 58 19 K/ 2
WA KRNG5 45 . BNT-SM K 5 19 25 A 4 50 5 5%
AL T R G R0 0 R AR A i TR
DAL 5T 25 M L e Ak o 3% 4 28 13 40 35 7 DL i 3y
% DA HT R R AR TR 0 T A P i

Table 4 Open Source Codes of KT Models Based on Bayesian Method
F4 ETFUHETAEAANREENAFIEBY *

Model Language Website
Python https://github.com/yemao616
Python https://github.com/doneria-anjali/student-performance-predictor
i Python https://github.com/karthickarya09/student-bkt
et C++ https://github.com/IEDMS/standard-bkt
CH+ https://github.com/myudelson/hmm-scalable
MatlLab https://github.com/ CAHLR/xBKT
S Python https://github.com/Ritesh17/WCRP
WeRE C++ https://github.com/robert-lindsey/ WCRP
FASTL#9] Java https://github.com/ml-smores/fast

3 BETREFIFEMNANRERER

TR B 2 o] DRHC 8 R 19 R A1 AR 0 9k A 45 2R 0F
GEH L IR TR BE S 2] 5 vk B D B A R B v TR
S5 A H R S TR )R B A YT A 4 40 TR R DN TR
PEALR DKT, IR BB DKT (9 B 8 R H A 5T
TR % > (AU AR B A AR

@ http://bnt.sourceforge.net
@ http://www.cs.cmu.edu/ ~listen/ BNT-SM

3.1 DKT #%!

NI R HAT KAR A I &2
% 118y D) 246 &5 ey Ay e DA R B B A A0 O 53 L AR T IR
WEFER 22 B0 T HA 7™ 4% 29 o1 ek B — B HMML
Piech 4F A\FY T 2015 4R 42 Hy DKT B8 076 36 b 22
M 2& (recurrent neural network, RNN) L T 1A H1 IR
S ) R, FE NG B4 bR 21 R R 2 R 1 L
T BRI T 158 BKT B AR R B0 9 1 fig.



27 B 45 < ORS00 2535
RNN J&—Fhid 0 i s SRR, HOY AR B2 T s — D E 22 (0, 1, e s ) 9 22 A2 AR 25 R BT 51

D s AE B Y Er AL 5 HMM A L, RNN HAT &
A | S (0 VAR AL 1 2R s N I RNIN A Ak B T
V7 9] TR) R A 0 A ) 1 AR G 1) B8 A A R B A TR AR

(Yosyuseeeay, ) B AR A B 8] 25 ) 22 28 A 2 3 B
Yoor s AT B — A I ] PR 81 ) L BE R ) RNIN &5
MR s 7 s

Time Step 1 Time Step (1-1)

Time Step ¢

Time Step (#+1) Time Step T

Fig. 7 Mode of DKTFV
& 7 DKT g0

(y1syossyr)s(koskyyrskr),(0,,05,",
o) 73 XS RNN H i i A2 | BeUE 2 F i )2
HIAZ(yosyisenyr ) BB 1~T W22 41
SRR R T H A2 M BAR S UL one-hot %
NV BN Y W Y SUPRLLIY S LY
R BRI TCHIE s (ko sk y e s k) 430 R B[] 25 1~
T (1 B 50 0. 5 2 (010000 o0 s 00 R B[] 25
1~T W}, IE B A1E 2 B — T8 > 8 A8 6. [ 52 [ e
ENCESETNRE A S E NS i v N
o0 225 1) i 114 . G 3 B AT LA I 4 Y SC A2 BT A7 i
& Py SRR TR BT AT AR B 7 Al L g — S
[ 25 v A2 A5 S, T B )2 B 1) A% Jek L g — > I
[ 2 H I B oe A 15 5L 1) i 1 )2 B ey £ 0, B —A>
P 1] 20 B 50T 4 £ 5 1 4 T I I 200 Y B B T
[ii) A% 366 . FHY O RT A5 > R () 25 A B 50 5T P D B B
JECERLTT S AT I T 20 A A R PR S 2 I R 2D
4 B B TTASCER Y I A () 2D Y B B T R RE

i N2 AR B R BT A 5 A RS
R CIEH” R TR o ) R R AR A A 2 Fb
] i 78 J7 75 one-hot R 15N R R 45 I8 H R
P AR A 1 2 R OCHE N ST Q A

1) one-hot /R IE. AL E —DEEID 1,8 X
— RN 2Q W= 1m) &y, DUAF Gl 1% I ] 2D B9 27
A AR S IR R 1 I (R] 25 I 2 A AR 2 Y ) S R
Fq ORI R A0 A 25 12 8, DR [ iy, Y5
Q+q ik 1, HRMRHR 045 =AM IRIER X
R UL ) 5 5 g AL 1 R 0.DA I
e RIAT A5 4 A2 1 BT A ] 6 7 24 0P i 4L

HAR KB, 8 ] one-hot &7 1k 7R 1Y ] £ 7 53 , A
WM 5 X o) i AT 4

2) FE 4R I8N R vk Gl b B 2 AR AR R I A T
B 1g2Q 1Bl HIL =5 307 i A 1] 125 R K5 At 2 115

i EE 2 Ry e A AE AR 25 A T e Y A AR )
F. B~ URCH Dy T 0 R A A R Dy T X T
EE—DEEIE 0, = (ol 0l s+ s0l 0y 0] )0l
INEARERRAE A R G R

DKT B 58 3o SR FH /AL U Bl AL A B8 1 o ko
(stochastic gradient descent on minibatches, SGDM)
YE R TT ¥ 0 T — A2 A TR AR NI ] 25
0 ZIF D ¢ W28 SURAR B Z F0 L A4k B AR

min L = > [Co, + 6(q.i1)sa,).  (12)

Horr, 0 (O RIRAS AR REL (qoova, ) FNTE
85+ 1 BPRID AR AR S B g, B AR
BIEFVEZIZ T BIIFREE a0 26 (g, D TR 1 +1
B ) 20 2 A AR A 2T R g Y one-hot Fa Bt ] .

ALl ad DKT A, /] DIARHE (0, 1, -+ )
)20 e A VR R BT B Cyo s yrseer s y DI BIE ¢
AN TE] 2 (8 ) BOE VR B ME R ) o, ARAEES ¢+ 1
A0 ) A 1 225 19 ) A5 B 0E i AR 25 i R A R
Py, oilxisxss o sx,).
3.2 DKT ¥ EB#&EH

DKT #70H RNN L A 2] DA A0 B g 58 78 o, 9
AR 7R By TINRG BE L, 32 B T A AT T ORI
AN AR B F AR AR B 26 T 2 28
DKT §" i Al 3£ 5 2 AT A AW T A DKT ¥ &
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Table 5 Comparison of the Variants of DKT Model
®5 DKT ¥ RERHITLEL
Model Year Features Method Combined Skill Hierarchy * Reference
DKT 2015 Ref [31]
DKT-t 2019 Time-Gap Ref [14]
PDKT-C 2018 Skill Relationship J Ref [101]
DKTS 2019 Question Relationship Ref [38]
E2E-DKT 2018 Student Performance Logs Ref [102]
DKT-DSC 2018 Student Level K-Means Ref [103]
Classifier-based DKT 2018 Heterogeneous Features Tree-Based Classifiers Ref [104-105]
Adaptive DKT 2017 Question &. Student Level Auto Encoder Ref [34]
DKT+ 2018 Regularization Ref [37]

Note: ~/ means that the reference does includes the corresponding aspect.

3.2.1 ZEGHBEEAGFEY R
SCHR 34 T3 5 51 A > 802 T A2 AR 2 T i o 2
FRAE 5 B9 R DKT 8 (A SCFR Z 2 Adaptive
DKT) . BT [ 2 55 15 28 J2 6 i A 5 48 il A1 48 5 1iE
T g, 9/ T AR R I 5 B ) D R B ) SR [ 14 ]
3L 44T Fuutoot & (— A~k Ak (1 H 38 B 2% >
T AR B 2 A B 2 A 22 VE 28 2 A4S 20 B
e PR AT e 2 Thal 1d, 5% 1 /8. Lalwani £ A
[ 14 e Bsf ] 18] B 5 20 A DKT B ) — A~ 5 1iF 2
i, $2 1 DKT-o AL, 5250 % 3 DKT-t A& A1 ] £2 &
DKT 5 1 5% 750 44 BE  Ta] s 38 7] AR 35 2 £F A [A] 14 4
28 P B BN IR A5 B B 2 A ) gt ok il 2k

2 BN (0 A B 0] B — L ) DA R R A A
F1%) ALK FEE RN ASE 7 4T 2% . Chen 58 A1 IA S AN
TR T 78 3 AR T R S R A B DG R A B T
fift e L A BCHE A w0 L SC Rk [ 101 ]38 th PDKT-C
FERD 3 L 51 AHIR S A SE D 06 3R 8 AR
AU ) — S 29 50, A4S o A58 A0 oG B2 SCHERL38 Tl
> R 2 8] A TE AR 26 56 &R (side relations). Foln 2 >
> RO I B R A 2 ) B AR ARL G R B B O
FBAIX 2 A 2T UL SR AFAE A O OG R 3K BB A OC 5%
F 0] LI R — A~ S R 1 3% AT SR A g R
R B AR SN T E AR {E B R, Wang 45 A 4
th DKTS B8 ) 82 1] ¢ R I RHIE (S B G 2
DKT A1 e 48 T 7 450 R % Tt 4 B

k102 4 o 7% FR S 45 % B end-to-end
iR E2E-DKT, il i 2% £ /R 2 2 e % 19 A &
H 3l12% > 2] B3R S 1) S i AL SE B R B T X
TR 2 S (4 1] F it A DKT A9 1 66 B A {24 1.
3.2.2 IRAREH

SCHRC103 R 27 > 58 Jy AL I 2 AE Ry — A

FER, BT K-Means k4 T DKT-DSC ##
R4 T DRT AR A M Ak i oA 0 B 5 e g . Sk
[104-105 ] 51 A% AR $0 408 19 5 M R AE L 23 30l 245 5 TR 3R
B BEHLAR A  GBDT iX 3 Flb I 20 2 5 Fl i =7 A= 19
VEZ: 2 R SCRRIZ D7 R Classifier-based DKT).

Yeung %5 AT &3 DKT A& R 7E T30 2% A (1) A
K- AT BE 2 2 X — A T PR AR 25 R BT
RT3 I0 45 5 BT e s RIS VR 35N Sk 27 2 A IR
Az bifi A5 I [R) 1) HE B B T AR L T A 2 7R E RS
R B2 R Z 0] 5 B A8 4 O ik e B 3d 2 AN Ta) Rt
SCHRL37 J42 Y DKT + B A, 5@ ST “ 8 M 5 iR
(reconstruction error) Fl “ ¥ 3 #E W 7 ( waviness
measures) {fE Jy 1E W Ak 451 2% o8 BOR 58 DKT 5 A
18 Ji b 45 2K R
33 ETREFEIFENHMER

DKT ALK RNN L H] T IA J BR g 45k, F 15
TIRBE R 2] B Z U B L 6 AT A 4
18 B T T BE 2 2] 5k 1 A A R B A B 1) X L )
P T 4 R Ay B T IR B AE 2 i A R R R A
T RS R ik

TR R 28 B2 2 v 2 e g e A ) el o 2
B2 E B2 DR H G 2774 2 W
ANETEL AR XX R B, Huang 86 AP0 25 & T AR
A R S B T — S U 3K Bl (data-driven) HE
8 CKM-HSC, 1A B 52 A4 B B2 RN AR,

SCHRCTO7 48t 7 — ol mT fige s i) AR 32 1 I B )
IR 2 B  (knowledge proficiency tracing, KPT),
Bt T — A M 3850 [ o3 A HE 20 2 A N ) 80 5
TR SE G Rk MR~ 2R 1 R R AR B O o 5
YR T KPT A9 RbE AneT fg B Su % N %
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Table 6 Comparison of Other Deep-Learning-Based KT Models
F6 HRREFS KT RBHIL

Model Year Features Method Skill hierarchy* Reference

CKM-HSC 2016 Skill Relationship Data-Driven Techniques N Ref [21, 106]
KPT 2017 Q-matrix Prior Matrix Factorization Ref [107]
EERNN 2018 Question Feature RNN Ref [19]
EKT 2019 Question Feature RNN NG Ref [10]
DKVMN 2017 MANN Ref [108]

Note: ~/ means that the reference does includes the corresponding aspect.

Table 7 Open Source Codes of KT Models Based on Deep Learning Methods
7 ETREZIMNANDNRERBEAFIFELIR

Type Model Language Website
Lua https://github.com/chrispiech/DeepKnowledgeTracing
DK T Python https://github.com/jiangxinyang227/dkt
DKT and
,Fm Python https://github.com/mmkhajah/dkt
Its Variants
DKT+H37] Python https://github.com/ckyeungac/deep-knowledge-tracing-plus
DKT-DSCL03] python https://github.com/Songlielie/ DK T-DSC
Other Deep- Python https://github.com/jennyzhang0215/DKVMN
Learning- DKVMNC]
’ I; d Python https://github.com/yjhong89/DKVMN
ase
Methods KTMLE106] Python https://github.com/jilljenn/ktm

LSTM 23] 3] [5i{= B 0 9 5, $2 i} exercise-enhanced
recurrent neural network(EERNN)HEZY ; [A] Aif #&
2 Fh T UK M. FE T Markov 4 P B9 EERNNM
(EERNNM with Markov property) #1318 & S HL
1) EERNNA (EERNNA with attention).{H 1% fE 48 %t
SR AR ZS SR Y Be ) 8 3R, J0VE s BRI 4
BN HUIR A, B Huang 28 A 3 — 25 42 4
EKT (exercise-aware knowledge tracing) fE%2 , 2 i
X A 3 T B L DA DR 5 B

i pe DKT JG ik & 7R BRI 2 2 X6 A — A
B R K TR A, SCHR (108 14 2 ) MANN
(memory-augmented neural networks) i f§ F KT
[A] 805 38 33 5] A key-value £7 i %80, 2 f DKVMN
(dynamic key-value memory networks) HEZ2 L & i
BRI N 2T ) U A A TRORE A | R R A A X R TR AT
fINALR & DKVMN H DKT H A 8K 4 & 1 4
PR AT 2 8], PR e 8 B/ 1) 240

4 AHRERARBYE) M A
DA BRI A AR oF 2 A Y o) A R B AT

BT M H T A NELEF 5 . 1 MOOC F-5 11
Coursera ™, edx""”), MATHESIS Algebra Tutor™""”

S AT A1) H A R B B A 0 3] A AR A AR BRI LA
FARZS PEAL SO B R 23 BT L > U S BIF 52 RRR SE 1Y
i T 25 > v ) N .
4.1 (EERITN

I R B 2 A Y AT AR AE R B A T R R
R 2] 22 A= Y 2T BB 28 3 B L J2 A SR L B A R ) o L
I 22— s A 255 451 5 P

SCHERLILT JH83 T 4 1 J7 5 (ensemble methods)
S AT LLAEAT 02 2] b 8 5 5 iR DU 35 (post-test)
18 TR B 38 3k S 30 e AR B 1 A AR 3 % 1
K BE R 52 T, JF 45 0 1 AT BE A0 A R SCRR (22 3 T
BKT #8255 A A R 5 1 G OC R A5 B2
T Multi-Grained-BKT Hl Historical-BKT 1 %, i
1 SEYGHE W] T 2 T EETE Coursera i) MOOC R 72
KA vb B PO E 4. SCERL 10 ] /8 EERNN AE
ZACT SRR b AR 2 AR T SR K . T Markov 1
) EERNNM F12% F 7 & 1 PLH 9 EERNNALJF
E— 23R EKT HEHE S B T % 24 A A LR 45 19 0F
il R0 2 A A 25 3R B ) T
4.2 NEREIEAR

ARSI AT AR T INRR B AR R AL 2 A AR R
PRI b 60 0 g S B AR 2 SCRR G R e PR AR A
Az BN RIIR S o 2 T S A 25 e B % I L dn SCER
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[10,19,22]; #B43 SCHRH H A9 8L 8 w] DL il 2 A= 1Y
VEZ R FNJCIE VAL 22 A2 BN HLIR S S ansCik[ 31 ].

2450 15 T DA R R B2 S AR AT PF Ak DN IR S B
BLFE 2.1 TR T A BKT BRI A7 A FR S
VEARAT: 55 05 o oy G2 Mg aok 88 REUR R0 ao 88 Y A0 7 ) A
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SE F A LB b AR E AT A Ry — A ] S 8Ok 15
il 2 a8 A A AR AR SR 71 1 2k 2T BL
2P Ao T “2% 2] 7 (learning) L33 ¥ 7 (lag) F1“ i
45 >)” Cover-practice) 3 NI BX . XF X 3 B BL ik
FRAL M, JF B B T BKT A8 dh g A 0 B 5
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LR O AR A A o il e AT AR SCER( 107 J et
T — A P ) R AE AR 25 B 2 AR 2R ST I e R
P IR ER 2 A A I R TR
43 DEEERSH

2 1 S AR & R BN SRR T 22 A X R Y
RGO AN A N AR BE T, i AT AR 2 HoA A
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Xu 85 Nl F B e, 1 152 s DA R 0 2 2 2 2 i
) A LR S S B X AN (] 1) BHUR 80Ks 2 A 1 22 2 Lt
BRI AR RN REENAENSH e T
BRKT 4550 4 F5000 75 BE .

R R B R G 1TS W 2F BB b, K2
BT T AR B A X P TE 38 S 1 L A R A SCHRIE
B I B B2 A & LR S . SCHR (113 ] 5 08 1 s
(forgetting) f1 % 3 (relearning) K &, X 2% 4 K
B2 ) A 44y E 2 Lalwani 25 AU 5@ 33 Fuutoot
BRI EAEZ BRI TTRE R 1 h ek 1d, 5
2 1 A Z A B ARl e Rl B 5 B 97 e DKT
RARY $ th 7 Al DI GE B o AR st Rl 2 19 DR T-t A8,

W4T A (gaming the system) $§ 2% 4= AS W7 i
I 22 G0 19 5 5t B S B ol 3 A5 0 B IE w2 A2
oA, 2 A FE AR 2 22 Tk £ A L I A 1 BT 4k )
BB 58 R BE RS 1 R0 38 1Y BT A3 e 30, A 8 &
A T R R SCRR (115 T4 3 T DA 1 0 i
AT R AN R BE AR Y KTB (knowledge tracing
with behavior) , 22376 | BKT 5 8 #00 ~7 = R
R8I R IR F00I0 2 A A AR AT A

Spaulding 5 A" #4 £ T — A B AE 20 LA
N 3E a3 2 A S 2R B Al T LY BKT
AU 222 B 2 RS AL G 27 A 02 A B IR e

K 48 rp S0 I B S R SR R T T A T e
ARG e 5 R BE UM ML AR A 58 T 2 15 AT
DA B T 22 17 4IRS Y 1) AL
44 NBRFIIHAR
TAH R S AR R v 2 A 3 AR 28 R Al
1510 VU P B s oa S (R s - 1 B O B T I
SR 2D R NI S e AR 2 R .
SCHRC3TJUARA T DKT A AL AT DL 33 2K (13) &
B2 MR R,y GO RRECTH L
— B D2 A IR T 28 0 RO iz 2k
FEX — B R P IE R /E 2 2] B AR, K Ron 2k
VR > FRCH -

]ij:

DA At

&
ES A

yG D

;;y(j\k>

SCHRLL16 10 B A KR 2 R PE RBT (revised
bloom’s taxonomy) ™ AE Sy 2 B R FE MG , BF 58 F
A ARAT TR I R X 2 A AR 25 R B 52 il L {2 2
FEHEATARIZ R AN 25 B AT = 2 R 25, LR T
RN L.
4.5 WL RAIAFIRER

25 T T U I SR T DOk 28 A R A R e
PEAL T 0w A B g R B JE T I kS Al
Zrr iy — T

SCHRL71%F 224 £ ACT Programming Tutor
EREFRE RGEMAT Lisp 155 AR @B
Ty BKT B8R A 2 4 20 ] B P Wik B R O
T 5 A9 fifk DR 2 A IO T OB 7l 4 2 45 4 L e AT 22 /0 22 4
P 2 R UG AR S S [R) A, SCHER (118 42 H = AHTF
f (three-phase measuring) J7 ¥, I T W E %= 4 )
O R DR LI P G R 2 4 o [R) IS 0 FH DL o S 2 o] AR AR
B i A SR G SR L9 128 T il 3 15 15 44 (abstract
syntax tree, AST)#$EH T —Ff oA K0 #RER A AL, 7] L
TEZ5 76 () S 72 25 ) of DF Al 2 2B A DR S 5 T
DKT #5 A1 % AR SCHR (8 4 4 A X727 i A 21—
A RNN v, I 5 T DS 5 ok g 72 25 ) rh 2 24
1) R BLIE .
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5 KB ONERE

UGS 3 SRR €SS RN i 2 i
Ger TR HCE Y AR Dy T R AT )T B N oK
PR S X6 DA R B B A PR 4 RO 5 o 5 AL A A 2 7
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() > L R — A7 4.

ZUNE  HATA 2Rk L VRS RO B S A
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