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Review of Knowledge Tracking Research Based on Deep Learning

WANG Danping, WANG Zhong, LIANG Hongtao

(School of Information Science and Technology, Qingdao University of Science and Technology, Qingdao 266061, China)

Abstract: With the continuous development of artificial intelligence and education, knowledge tracking has broad application
prospects in the field of smart teaching. Deep learning is widely used in the field of knowledge tracking with its powerful feature ex-
traction ability, the deep learning knowledge tracking model is taken as the starting point, and its improved model as the main line,
this paper comprehensively reviews the research progress of the knowledge tracking model, briefly introduces the characteristics and
shortcomings of the traditional model in the field of knowledge tracking, expounds the principle and limitation of the knowledge track-
ing model based on deep learning, and comprehensively sorts out and analyzes the problems of interpretability, lack learning feature,
memory enhancement network, graph neural network, based on the improvement model of five aspects of attention mechanism, the
comparative analysis of public data set, evaluation indicator and model performance commonly used in the field of knowledge tracking
is sorted out, and finally the application of the knowledge tracking in smart teaching and the current research status and future re-
search direction of this research field are summarized and discussed.
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Observable data c °

P(G) P(G) P(6)
P(S) P(S) P(S)

Bl 1 BKT #5873 A
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HHHIR AR (MS-BKT, multistate-Bayesian knowledge trac-
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T 25T 2 70 DU 30 R G8 B  E  B R TR
AL, BKT Bl Al B T — @ sk, (HJg BKT 4!
MR B AR R AR M, R KC Z [a] To kAR E) L ——XF
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AR B . 78 DRKT SR iy kpy A= (D,
(2) Fros, o, Wi W 43 5k i AR i L A AR I
W St HACE S B, 0, b, 43 5] A B J2 i B R0 i 2
TR .

h, = tanh(W,x, +W,h,_, +b,) [@D)
v =W h,+0) (2)

DKT #8119 46 B bR 58 B0 /D ik R R 6 B2 B HL T B
¥ (SGDM,  stochastic gradient descent on minnbatch-
es). AR (3 P

L= D> Lus(y6(qi)an) 3
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ST DKT BRI E 20 e T 1548 BKT £l
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D BEREAL . T L b fif ok MR 28 B AE AT A R 1 )
B, Lee 450 42 W T — Bl A9 50 R 2 1) R 45 BE R (KQN,
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By Gt A Ay 0 TR A 0 B Il i, B RB 1) S R B AR 5 R
W FG B T 55 R B B RE B A S BB R R OK . f KQN B
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Pt A DKT BRI f . Hooshyar 254935 GameDKT fE7 ,
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PEAE RN 2 ) 22 B

2) MAIZHE . Wang 550 $ A A SE il 5 55 5
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P 2 OmiR R (DHKT, deep hierarchical knowledge
tracing) A, GEL A AN EEERH K Chinge loss)
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B AR APUR S . TE S A R B SR A R T
ST 4 A SR 1 A S

Tong 450 # H — Fh 3 F 45 #9 A9 51738 B (SKT,
structure knowledge tracing) HEZR, HTHNLEHF L E
R Z NS M 2 [ 1 5 T A% RE AT AR, X TR M R (A
KFD) . R AL 1 T vk 5 W 7E AR 48 A & 2 1) XL 1) f%
B MTEMRR GRXEFR). RAREEHE %, ¥
Wi SR PR 1] b DA BT AT A B 2 J5 2k, R A, R T4 R BCE
BT S AR B IR 23 1) AR A . Pu ST AR RN B A
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TACALHE M . RERE 2 o o AR b Rl RS AE v A, 4R
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T P SCRENEAT @A Z 3 MANN BRI S &, 2
Bt s XEMEIEIZ M % (DKVMN, dynamic key-value
memory networks)™*', AR B FE Y FE R A . xR
GRS P R L R TN PuN=3: & REWN [ F i S e 2
AR, B AR X S R AR

DKVMN A& 6 frs, = H M. 2T
FORMMAE R SR, RUE S AU R T R
PR Z B AL, B AR BGE R, BRI 24 2R
YRR > Y XE S A B R AR R 0 FOIR 25 Y AKOT B 2
T, LA RAE AL, BIEZ 8 %A 5
W B AR A, DKVMN 65 i 45 38 40 F s .
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6 DKVMN fi# &

D A q SIAKEEFA G ES WSk, M

M B — B FE A — A IR . R MP AR IR

&, TR, Kk SRR (BF MY B —51D N

I, JE 3 Softmax MBS . ME— I BAHANE, EE

HNEW,, = @ R

W, = So ftmax (kM*(i)) 4

2) WIBEEINEW, HHEFEM #7RMEH . B
FAX g MERRE. A G PR

ro= > w,(OM; (D) (5)

3) TR AT UME D) R AN TR, o B R 1) K,

X AR LT, RGO, i A HZE A Tanh
TR, 1520 2% AR R AR R R Z B4R > i XERERD £,
R AKX 6 PrR:

f, = TanhW{[r, ,k, ]+ b)) (6)

4) il Sigmoid WG 4% B BN A MIEE R v,
AR (D PR

y, = Sigmoid(W; f, + b,) D)

BT DKVMN 580 2 0% T > 5 B R 2 2E 14T D FRAE
AL FEAR T OME A R A R 2 R R A (DKVMIN-
CA, dynamic key-value memory networks concept-aware) ,
B UK AL E I W TR A I RS, TE
DKVMN BEAY B fil b W5 08 T R o — Ml 5 ¢
Fo HEEEEI BRI, VE& SR n ¥ T
BOHTAITURES .

Sun 4570 fF DKVMN KR SE Rl B, $H — R 25 547k
FRIE S 2% 2 68 J1 i F IR BR B2 5 3% (DKVMN-LA,  dynamic
key-value memory networks learning ability) , DKVMN-LA
B AR I R 2 Al O B @ R B A B
MR RE S, SIS EE A=A RNA, A
25 RE S FRAE Bt T DKVMN, 75 2% 3 o 8 v Il 1 2 A AT
IFFEAREUE B, $R e T B R B

Abdelrahman %573 T (SKVMN, sequential key-
value memory networks) &, @ i< 34 00 (B 1E B ok 1
SRAEAS I 20 A UIR S W RN BB ). JF HOBE SR IBUT 41 oA A
I 220 09 RS =2 TB) AR D¢ AR, RO BB b 1 T
A BRE LSTM, FI T = £ 5 )& BE R B R > 8 2 [a] 19 I
PO OC A 5 o T8 3 4 2 1) AR S 9k ST AR I A ok
T DKVMN 5 AR, LUE BT 47 i 32 7R 17 6 15 58 {8 7 77
TR RS .

Chaudhry %% $2 H— > AT 55 1014 14 30 0% i 2 ) B Al
(MTEM, multi-task memory enhances deep learning) 5k
B TN £k R AR BOM AN R PR AT 45, O ST R, R T
P FREL L RIRMBM AR . Minn S5 —FH =T
iCfZ M i sh 524 02k (DSCMN, dynamic student clas-
sification on memory networks,) # %, 8 o i $& 5 4 &4
B T () o A B A 300 2 T e AR o 108 2 2 B8 ok 4 e A8 B 11 T
kS B
2.2.4  [EIP0Z LT

AFIEGE B3 450 04 B 25 M e ROR A T LUK PR AR 2
Ffl— 18 B DKT 68 R 25 I Rl 78 19 181 4544 . Nak-
agawa ZE0S & p 25 W 4% (GNN, graph neural network)
BN F A BRI, $R T T GNN 8y B A 1S BR
8 (GKT, graph-based knowledge tracing)., & 7 fif
NP SRS R Ok 2 s R €< P E S O VA /e i DO A
B FR N Ey B R GE BR AT 55 1R I 8] 7 5155 5 953 2K 1)
A, GKT #EAR ) BRI RP JRANTE
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BHES S B IR TE, E. € R iR ARG A RN
NI RE, E € RY 2 AMAESERGIWIERE, E. (&) {3
E. (W% kAT, e MR AR/,

D s RIS B A AL 0 A0 B 45 4 T RO 7S

2

(8

Fear(h) (k=1

my = o . ) D)
Socignbor (RS sh) (R £ 1)
mi = g, (my™) 1))
= g, (iR 11

i (9 ~ (1) FroR. fu Kon 2R EA &
(MLP), g WM, guwrel 1EIGFHHAIT (GRU) [T,
S aciebbor 32— 1) FH G 55 mAE 46 (1 BB

2) T s A AEAE T — B 2R ) R I I A
T

yi = oW ki + b)) 12

Forb: W BITA W AGE M ACEH I, b 28k 1Y
2251, o J& Sigmoid ¥, I FRIZAEL LA WL & Y 67 %
R (NLL) /M.

HY TR0 AR B R R R A TE S T R 2 S R T A
FEREMER, Tong F57 48 W T — i 2 9% P A0 LB B3 AE 42
(HGKT, hierarchical exercise graph for knowledge tracing)
R R ZHBTEMZ R R, I AR R 208
BRME-DFENGETRE, ZRERERSFET 428
B AN B SRR A L 35, B0 T NGB ER R T

Yang 5570 T — B R T P00 R R 2R g LR A
(GIKT, graph interaction knowledge tracing), #|H &%
0o 2% 3 3o i AABRESE T B A5 0T T R R — HCRB AR G, S,
GIKT 2 A X > RUIY 5 42 A8 J2 A4 O 24 A 242 42 > i R
A DiEZIL . HARRBIE, DL RAH G H BE. Song 0T
BT G R LR BRR A BeZ AT R R
B T 6 BRI 2% 19 B B A1 2% (Joint knowledge tracing,
JKTY, Jead 0 5 8ol A “ 25> — & /Y J5tdn o6 & k47
WREEAM, 4AMET “%J—%3” M “ME - %
MZYE R TR TR T,

B TR B I AFHGE B B, e g A3 QTR R AT
HUR K e J2 15 B, . Song SFFS T — Fif 3k XU X L
L BHRIE B (Bi-CLKT, bi-contrastive learning knowl-
edge tracing) ., &It T “ZH %" (E2E) XRTEME
XPEA 2 T 58, W KB B R T R O B A T LR S 2
2 YRR DA R B g% b A 2] LR AR M A i X R 3RO
SLE R LT AL SRR
2.2.5 JETUHE IS

Su S TR R AU R TR A I 2
9 #2225 HE 2R (EERNNA, exercise-enhanced recurrent
netural network), BEIE UE 7 s, B 2409 D Szl
YRAL AN > B i St . B T A LSTM, M2 B 42

W) il AR, A R LS 0 i R SE R ik ) 7
EERNNA HEZE AR, HBBAR 1 1y i D2 I3 3l ) L

?(1 hau @

1
1
1
1
! 0 5 i
_______________ - Attention

I

|

L

I
I
T

Kl 7 EERNNA £ 5

Sy fife DR B B8 1) [ T, Pandey 45U 4R 1 3 3R B A0
HiBEE (SAKT, self -attention knowledge tracing), M 2
A T S 2 ST A0 SR AR BB R AR A3, JF HEAT 3B B B0 A AR Y
TR 3R, Ghosh % —Fp L AILBER (AKT, at-
tentive knowledge tracing) HEZE, FI| FH— B2 09 80 )9 1 =
FIBLHL . He D3 s ARl 3R PEA TR) Y A 3R SR T il R
PERETIZE G, TR 7 B R 48 B0 08l R0 T ST A A X
PR B MEAT TR O . X AL N IR g A HEAT IE W AL, 4R
AR [ AR 8 > B[] 1) 2 >0 AR 2 5

JUE B 0GR B AL A R HRI R
JRFRE, DI B Y T )2 R, TG A L B O [m) AT A A
INHVREFFEMNE KR . HIL Choi Y #E  — A3 T8
FEAR 09 73 85 A R BRER LAY (SAINT,  self-attentive
neural knowledge tracing), SAINT fH — 4> % i 4% 1 — > fi#
AN B2 m L2 H R R, 2k ARk
RIS AT 08 P2 2H . FR RN R, M A R a2
KEENZHM, SR LE 8 frR.

Pandy %" 42 tH 7 — BB 9 8% 0 A R T R A
(RKT, relation knowledge tracing), 7T —7&H LT
XEBMRRBAMMARTERENZ, BETIHEXLAFL
AR RS R . I 5 A ST AR B I R BRI T
BRI NER. Guo I T — M X4l 4k AT 1
KT 5 (ATKT, adversarial training knowledge tracing) ,
B e T BU S . I IR0 R G 128 B A B AR R
BoRBl, BEENT BT AT, Guo FHH & E
B -lstm BAUE N KT W8 T, A& LSS E 5 822> R
N EE NS

g BTk, BT E S ST AR GE B AR R [ T AR
R R U IR, SR IREFEINRB S E
FUEWBLR . R A RNN B D022 A i A FAR 25 LA B #8002
S FR. B ARG B TR B AR ) Y R0 TR B BR R R B R R
T, EEZREE NI R, B RRAE, S RE
WCACMZ . &M 4. 51 A E 7 HLHI S T T i AT 5 A
[ &N
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3 ot B G RO AR (R 5 R R SR AR AR 1 TR,
LA 3 FARYE T F S N 2 B AT IR R 3 M BUE £

3.2 B

ke L 5 UG — B\ 5 LT 4 A B 0
——— vValue fig, RESRHLTFILF: W HRIREZE (RMSE, root mean

_F — square error) . fRFEIE 5 HMME Z B0 22086, 377 R (B8R

G, DU Y off: B BB . TR AR ) MR AT O A X R 22
Multi-head Attention
N
Multi-head Attention

—— > Query

(MAE, mean absolute error) . Fill U FF (ACC), HH#k
Tr;l;;gltlllar;pel;%k M ER R s ROC HIZE M g L (AUC, arer under the
SN roc curve) , FCAEBE, AR A BE B

N : : , FAAMIHE AR HE 2 BiR. Hd. right {43 > B
with Upper Multi-head Attention .

Triangular Mask with Upper MIEF A, Ny n RREZSTEANE, b (7)) fRERE
] Ll A SR T A v R BT A . A B
i L BTG I AUC fE BB A E M #5454 T3 4
g T AR AR AUC 7350 0.5 o B i g

- AR AUC ARG . U0 P A LA

2 3.3 RERMEsEXTLE

E, E, E, R, R, 2% 3 FEH T AR AR B BR AU K AR T M RE R B (DU
B P AUC $547 J 3E40) « 3 TS vE SB35 A0 7E 4
P8 SAINT M SR b O 925 . BOlR 15k T RO S 3R 9 185
B AUC e KA. BKT Wi SER B RAE h 5 %, MR 52
3 REX LS BRI A5 I BB S B M R R R R A
3.1 HIEENG SEBA W, L. RO 19 5 % I K T 9 bR

AN A APE B U R AT R 10 B4R . & =
R BAREA G R T s R

LGRS A oSk P 3 [ 41k
- TSHEVE >, o S sites. . si sda-
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AR 0] L 2] B 4 5 L2 R A B ta/home/assistment-2009-2010
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Bl T EE 4% (R B TEW B . ta/home/2012-13-school-data with-affect
ASSISTments2015 | 19 917 683 801 2015*20\‘16 ?:J*-F llﬁ(% L'l? Bl F Nk £, | https://sites. google. com/sit'e/ass:istmentsda*
(B 2 a8 Al 0, ta/home/2015-assistments-skill-builderdata
ASSISTment TE 20T BUE 42 48 Bk 4 € b SR i B b sk .
686 942 816 - https: hub. Shehan29/FRC-2014
Challenges 5] R R & 1ttps://github. com/Shehan29/ 4
TR P A R A L) o TR A2 1 2] https://psledatashop. web. emu. edu/Dataset-
Statics2011 335 | 361002 | REALA AL IR R D AN A0 A R R AR A T o
) Info? datasetld=507
R .
. . Hy Piech %8 AR T 2 A AR LR AE 25 ) 3L 9% . | https://github. com/ chrispiech/DeepKnowledge
Synthetic-3 4000 | 200 000 o o A A
> 2 [a] B A o6 PR A Tracing/tree/master/data/synthetic
i E AT & 22 . £ Qantg S
EdNet 784 309 131 441 53| FBE ALBEFHEY & Santa B QEL | ithub. com/riiid/ednet

{2 B AR HAR R % .
TEP AR B FEMR A S A I 2 Hd WM | https://psledatashop. web. emu. edu/KDDCup/

KDD Cup 2010 238 120 | 26 666 117

A I 20 2 A AR B ) L VRS R, downloads. jsp
Tunyi 2015 4F4E Junyi Academy Z & T & W4 . % https: //psledatash b du/Datas et
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ACC meLrics o = %rht
MAE metricsyae (X h) = %2 (h(x” — y)*
RMSE MeLrics pse =
3 OB (AUO — 5
AR/ N
Bim | ASSITSments | ASSISTments | ASSISTments |ASSISTment
2009 2012 2015 Challenges
BKT 67.00
DKT 86.00 72.52
DKT-DSC 91.00 87.00 87.00
DKVMN 81.57 72.68
Deep-IRT 81.65 72.88
CKT 82.54 72.91
KQN 82.32 73.40
JKT 79. 80 76.50 74.50
AKT 84.61 72.82 78.28 77.02
DSCMN 81.20 78.50 71.00
SKVMN 83.63 74. 84
ATKT 82.44 80. 45 72.92
Bdls 4/
- N - ~
BKT
DKT 80. 20 75.00
DKT-DSC 81.00
DKVMN 82.84 82.73
Deep-IRT 83.09 82.98
CKT 82.41 82.45
KQN 83.20 82.81
JKT 85. 60 85.90 83.40
AKT 86.06 81.25 81.85 90. 41
DSCMN 86. 00
SKVMN 84.85 84.00 82.67
ATKT 83.25

4 RRMTIET

Wt 5 AU 5 AR SR U S g, HL R R T 1)
AWIRA . G PR R R AR L BT L A 3
WL ARG TS T BN A R PR A, (H H AT
PR B AR AP B B[R RE L AT AR VR 2 )R A A R, fE
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AR EE XA A SR, AR 2 0P AR G UL RE VA e R
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