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Abstract : Knowledge tracing (KT) is an important research problem in intelligent education, which predicts students’
future answering behaviors by analyzing their historical interactions. Existing mainstream KT models only model students
based on their knowledge mastery,neglecting the role of students’ personal abilities in answering questions. Therefore,
this paper proposes a deep knowledge tracing model ( FKA-DKT) that integrates both knowledge and ability. First,we use
the DKT model to construct a Knowledge-based Answer Prediction Network ( KAPN) , which predicts student answer
correctness at the knowledge level. Then, we propose an Ability-based Answer Prediction Network ( AAPN) to model
students’ abilities and predict answer correciness at the ability level. Finally,we linearly combine the predictions from
KAPN and AAPN to integrate both knowledge and ability information for answer prediction. Experimental results on four
publicly available datasets show that compared to existing mainstream methods, FKA-DKT achieves significant
performance improvements in terms of the AUC metric.
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Table 1 Statistics of preprocessed datasets
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Table 2 Performance comparison between FKA-DKT and baselines
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g/ S
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ASSIST09 79.910.21 77.02+0.10 75.85+0.10 76.90+0.15 79.95+0.15 80.93+0.18

ASSISTIS 72.23+0.06 70.40+0.04 70.99+0.08 69.74£0.46 72.06+0.09 72.84+0.06

ASSIST17 69.92+0.14 66.31+0.15 64.26+0.06 67.520.18 70.35£0.27 71.08+0.11

Statics2011 84.26+0.26 80.59+0.24 77.87+0.09 78.67+0.28 83.61+0.26 85.360.20
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3.7 AIF g9tk

AT LI L T A R (8) A1al(9) M5 ATF RYFE I RE | SC0 s an e 4 Fros. B S g 8 ol
. 2(8) 1 ALF REfS B A7 X 2% 2 B AR T B, X R AR LR 45 R R IE IR R 55152, 7 4F
HBRELEAS TURE ) [ S — o PR B 0 1 B st 1A FH X (8) M ALF RRAE AT M BE AL — b 8 A L Z K, 5K
(9) By ATF XHAITE ) 7 A KA S TE S X R PR (9) 19 ALF DA h 224 124 A R AN 25 U T o g
TE R, SXRE ) AR I AR TR, JC T R B LS A 2 2T L

x3 HHNGMEEIEMERERTLE x4 SHIRAEH AIF fER 4R
Table 3 Performance comparison between stepwise Table 4 Performance comparison between 2 AIFs
training and directly training s AUC(%)
B _ AUC/% . = (g)(;ai Oqu (9a; *qu
IS ABIE ASSIST09 80.93+0.18 49.76+1.69
ASSIST09 80.63+0.27 80.93+0.18 oD o=l
ASSIST15 72.1420.13 72.8420.06 ASSISTIS 72.8420.06 >1.77+1.76
ASSIST17 70.76+0.16 71.08+0.11 ASSIST17 71.08+0.11 49.56+0.94
Statics2011 85.11+0.12 85.36+0.20 Statics2011 85.36+0.20 52.67+1.48

3.8 HiR5EE ML S AT

N Y FE— ST FKA-DKT AP ad e, AR SC L ASSIST09 1 ASSIST17 A 5], % 1TR AN AE 7 J2 1 1) 75
WZE AT RTAAL ST, B 11 JROR T WA A AE 5 4 BB AR DG 1Y [l R L 19 2% 2T TP 91, G A A s 3R
BF 20, AR BRI FHTE B8 7 J2 18 A9 FOUIUABE 23 TRUHS S Al A 2 s Xk g s 220 1) 52 BRA R 225 46 5. NIEI b ] LU
P A PR AR B 5 S PR G R AR W) 5 AT, R O DETCFE 9 AR Al A O 96 IE T AR ST 4
. DL 11 (a) B2 0 2 2m AR A [0 I« SR T I IR, 5 < S8 1T A OG0 45 T
(AnitH5ERE Ty HEBRRE 155 ) TEAN T A2 T 7RI 11 (b) b, RIS §205 A i S 22 4 s ) — 3 L, (H B
VERCEE e FAaE , X RN AE SR ) 2 2] s FE vy, 2 2R O RE /K Pl 8 AN & PR, X 5P I A 1 400 —
. XN T FKA-DKT 7545 AL AT A B 5 T 00 O 35, IS 5 A 2 o sl 78 v i) I At B AN ) 1
A,

orvY x vV vV vV VvV VvV VvV 10X X X X X X X X X X X X
0.8 = 0.8}
061 0.6
04| 0.4}
CHIOO0EAAIID
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2 3 4 5 6 1 8 9 2 3 4 5 6 7 8 9 10 11 12 13
(a) BHE4E . ASSIST09; ZiliHs: Estimation (b) H#adlz: ASSIST17; 1S Interpreting-numberline

—— RRGEAREE O fEHICEE
11 RS HEEmHNLE RETRL S
Fig. 11 Visualization analysis of prediction on knowledge and ability aspects

39 BSEAEIR
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(1) H, HUE 5 5 4 i 8 H 20 iR ™48 IEAHOC. ASSIST09, ASSIST15 (48 H £iir #/0, BRI ]
LAEH H, =100 ;Statics2011 (9781 H &4 2, I AT AR H H, = 150 117 7E ASSIST17 I+, o] Bg i1 T 20 14
2R B0CE RV 22 1 225 R B0 BT A 2 A2 0 F- 33 9K FE R 28 K T ASSIST09 Fil ASSIST1S, M -5 5
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ASSIST17 Hrad Z it 544 A B (94 R AMT O (Je i JE I, gl BA4E e 3555 S 3 1, 1) b
B
(2) H, HUES AR A G, T Statics2011 (2R BO S8/ T 3 ANEUIAE , L 7E
Statics2011 R —HUINK) H, BEUE K RIS e LEPERE.
(3)7E ASSIST15 1 ASSIST17 I, N WS ARIUE D 0.7 ;7 ASSISTO9 Fil Statics2011 b, A (SR ALHUE Fy

0.8. XA ] i e 2 AL YA NBE 18 484 20% ~30% Y L], 2 — A 2 2.

%R 5 FKA-DKT 7 4 MURE LB SHUIEETILE R, mean 7 std & AUC( %) HBEMIREE

Table 5 FKA-DKT hyperparameter selection experimental results on 4 datasets, mean and std are

the mean value and standard deviation of AUC( %)

ASSIST09 ASSIST15
H, 75 100 100 100 100 100 75 100 100 100 100 100
HI, 128 128 256 256 256 512 128 128 256 256 256 512
A 0.7 0.7 0.7 0.6 0.8 0.7 0.7 0.7 0.7 0.6 0.8 0.7
mean 80.82 80.81 80.91 80.51 80.93 80.73 72.75 72.84 72.84 72.80 72.77 72.76
std 0.16 0.13 0.08 0.12 0.18 0.18 0.07 0.10 0.06 0.08 0.11 0.06
ASSIST17 Statics2011
H, 125 150 150 150 150 150 125 150 150 150 150 150
Hl, 128 128 256 512 256 256 256 256 128 64 64 64
A 0.7 0.7 0.7 0.7 0.8 0.6 0.7 0.7 0.7 0.7 0.8 0.6
mean 71.00 70.95 71.08 70.92 71.03 70.97 85.31 85.31 85.21 85.35 85.36 85.17
std 0.13 0.22 0.11 0.06 0.16 0.21 0.16 0.11 0.16 0.17 0.20 0.12
4 g5
Bt BUAE TR B A R TR0 o A v ok Bl = 2 pE A AR S N RE S VR W ) AR SCHR M T RS

e
FIPREG RE T O TR EE FIPE BRI | I RISEURIE 7 19 2 1 000 = A (8 2 R R o K 1 A1 2 i ) T 245
BREATRNYE G (RO REAS Bl 5 R BE g A2 T B9 1 B 00 5 AR B ARG 0. A 4 A TR 4R
R SERRAE RIS UE T A SO A A R

YR BRI KT A 200 1 88 SO [R) A s AR H 22 18] 2 S 1 FIAR 22 e e Dy s 22 e ¢ Hh Y
e 7 8. (A 200 AR 2 A A R I R A SR B AR ) | T S L i R 32 BB S ) IZ Ok
TE. WERAETE A X 2645 B, BB A PERE Al LAAS BIHE— 2P B3 T}, T X L2 KT 4BHsCR SR RO BESE 7 10

[ %30k

[1] CORBETT A T,ANDERSON J R. Knowledge tracing; modeling the acquisition of procedural knowledge[ J]. User modeling
and user-adapted interaction, 1994 ,4(4) .253-278.

(2] B, BRI, 5, . ST AT R APUR BRI e (1], TS 5 & ] ,2022,59(01) :81-104.

[3] PIECH C,BASSEN J, HUANG J,et al. Deep knowledge tracing[ J|. Advances in neural information processing systems,
2015,28.505-513.

[4] ZHANG J,SHI X, KING I, et al. Dynamic key-value memory networks for knowledge tracing[ C/OL]//Proceedings of the
26th International Conference on World Wide Web. Republic and Canton of Geneva, CHE: International World Wide Web
Conferences Steering Committee ,2017:765-774[ 2022—-02-20]. https://doi.org/10.1145/3038912.3052580.

[5] PANDEY S,KARYPIS G. A self-attentive model for knowledge tracing[ J/OL]. ArXiv;1907.06837[ cs, Stat ] ,2019[ 2022-
02-21]. http://arxiv.org/abs/1907.06837.

[6] GHOSH A,HEFFERNAN N, LAN A S. Context-aware attentive knowledge tracing[ C/OL ]//Proceedings of the 26th ACM
SIGKDD International Conference on Knowledge Discovery & Data Mining. New York,NY, USA: Association for Computing
Machinery ,2020;2330-2339[ 2022-02-21]. https://doi.org/10.1145/3394486.3403282.

[7] BAKER R SJ D,CORBETT A T,ALEVEN V. More accurate student modeling through contextual estimation of slip and guess
probabilities in bayesian knowledge tracing[ C]//Intelligent Tutoring Systems. Berlin, Heidelberg; Springer,2008 :406—-415.

— 138 —



B N, 55 FKA-DKT : Gla AR5 BE 7 10 TR B S TR E AR Y

(8]
[9]
[10]

[11]
[12]

[15]

PARDOS Z A,HEFFERNAN N T. KT-idem :introducing item difficulty to the knowledge tracing model[ C]//User Modeling,
Adaption and Personalization. Berlin, Heidelberg: Springer,2011:243-254.

KASER T,KLINGLER S,SCHWING A G,et al. Dynamic bayesian networks for student modeling[ J]. IEEE transactions on
learning technologies,2017,10(4) :450-462.

O, BT, K0T, 45 LFKT . 22 ] 558l & (U BE P UE BRI [ T]. FF=£41,2021,32(03) :818-830.
HOCHREITER S,SCHMIDHUBER J. Long short-term memory[ J]. Neural computation,1997,9(8) :1735-1780.

CHUNG J,GULCEHRE C,CHO K, et al. Empirical evaluation of gated recurrent neural networks on sequence modeling[ J/OL].
ArXiv:1412.3555[ Cs],2014[ 2022-01-28]. http://arxiv.org/abs/1412.3555.

MINN S,YU Y,DESMARAIS M C, et al. Deep knowledge tracing and dynamic student classification for knowledge tracing
[ C]//2018 IEEE International Conference on Data Mining(ICDM). IEEE,2018.1182-1187.

YEUNG C K,YEUNG D Y. Addressing two problems in deep knowledge tracing via prediction-consistent regularization[ Z/OL].
London, United Kingdom: Association for Computing Machinery, 2018 1 — 10 ( 2018 ). https://doi. org/10. 1145/3231644.
3231647.

CHOI Y,LEE Y,CHO J,et al. Towards an appropriate query,key,and value computation for knowledge tracing[ C/OL]//
Proceedings of the Seventh ACM Conference on Learning@ Scale. New York ,NY, USA : Association for Computing Machinery,
2020:341-344[2022-06-09]. https://doi.org/10.1145/3386527.3405945.

ZHOU Y, LI X, CAO Y, et al. LANA: towards personalized deep knowledge tracing through distinguishable interactive
sequences : arXiv:2105.06266( Z/OL]. arXiv,2021(2021-04-20) [ 2023-03-20]. http://arxiv.org/abs/2105.06266.

LIU S,YU J,LI Q,et al. Ability boosted knowledge tracing[ J]. Information sciences,2022,596.567-587.

GABRIELLA C,GRILLI L,LIMONE P,et al. Deep learning for knowledge tracing in learning analytics:an overview[ C]//
CEUR Workshop Proceedings. Foggia,ltaly : CKEUR-WS,2021.1-10.

WANG W,MA H,ZHAO Y et al. Tracking knowledge proficiency of students with calibrated q-matrix[J]. Expert systems
with applications,2022,192.116454.

VASWANI A,SHAZEER N,PARMAR N,et al. Attention is all you need[ J/OL]. ArXiv:1706.03762[ Cs],2017[ 2021-11-26].
http://arxiv.org/abs/1706.03762.

LING C X, HUANG J,ZHANG H. AUC:a statistically consistent and more discriminating measure than accuracy[ C]//
International Joint Conference on Intelligence. San Francisco,CA, USA :Morgan Kaufmann Publishers Inc,2003:519-524.
KINGMA D P,BA J. Adam:a method for stochastic optimization; arXiv; 1412.6980[ Z/OL]. arXiv,2017(2017-01-29)
[2022-06-24]. http://arxiv.org/abs/1412.6980.

LIU Q,SHEN S,HUANG Z,et al. A survey of knowledge tracing[ J/OL]. ArXiv:2105.15106[ Cs],2021[2022-02-16].
http : //arxiv.org/abs/2105.15106.

[ RELRIE : fhIAHT ]

— 139 —



