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Recommended Exercise Combining Deep Knowledge Tracking and
Matrix Completion
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Abstract ; Accurate exercise recommendation is an important issue in intelligent teaching, which has quite important research and practical
significance. How to model learner knowledge from learner answer records has always been the research focus in exercise
recommendation under sparse data. Therefore,an exercise recommendation algorithm combining deep knowledge tracking and knowledge
matrix complementation is proposed to address the problems of sparse data and ignoring group features in existing exercise
recommendation methods, which is divided into two modules: knowledge level modeling and knowledge matrix complementation.
Firstly , the learner knowledge level matrix is obtained through the training of deep knowledge tracking model. By this way , it realizes the
knowledge level modeling of learners and accurately explores the mastery level of learners” knowledge concepts. Secondly,the knowledge
level of similar users is fused by considering the near—neighbor information of learners and using the group features among learners.
Finally, the matrix decomposition module is introduced to perform the knowledge matrix complementation. It can predict the score of
learners’ undone exercises and has the advantage of alleviating the data sparsity problem. The recommendation algorithm takes into con-
sideration both the group commonality of learners and the sparse matrix of learners” knowledge levels. The proposed algorithm effectively
improves the accuracy, recall and F1 value of the recommendation results compared with the other algorithm, and its performance
advantage becomes more obvious as the number of exercises recommended increases.
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Statics2011
DKT-CF 0.069 9 0.133 1 0.186 1 0.2329 0.275 6
DKT-SVD++ 0.069 9 0.134 0 0.189 6 0.238 1 0.2817
(3) T Al S5 5, ARG F B R 0. 4 Bk & i i R B

it — 2 TR RV R B B i R b0~ Je o
EBOVE R, X St i R AE R ES Y R AT T 8 )2 BT
RS, WP 1 s R AR SR h = A B R 4h
¥4 79 DKT JRR R A R 4h 42, AR 31 SCiHk [ 6 ] ) F

AR M PRI, 6 30 fl S 36 v 5 R A L A
p =0.4 HEF R = 100,

53 %) L E DKT AR HE 72 245 R DKT B ALl &
SRR 1] F A HE AR 25 SR DKCT A5 0 g 45 A1 RUK SF- i)
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PR T R A 4 ) A A A R AT LR, Nk S
JR o MR BT LU ) DKT BRI 45 5 MR R &
R ] ASRAT e i A HEAAPE RE , 3K W /E DKT
PERUIERS I 4 R 5 R M b 2ok 2547 )
BHERA AT, 5350 AL ] DKT B84 5 JH il 5

KFEATHER , AL E DKT BRIV REAR HL AL, PERESY £
AN 3R PR g > R AR 4 i i b 22 MR b
SJE IR o R b e e 4 R R B T
O RO A A2 T BT AR RS AL, n] DU
Uo7 2] B AT,

/|

A5 HaREhaR

Dataset DKT HIH A B PN Precision Recall Fl1
vV 0.813 0 0.3299 0.469 4
KDDCup2010 vV v 0.813 0 0.330 0 0.469 5
vV v v 0.827 1 0.3357 0.477 6
vV 0.883 9 0.163 2 0.275 6
Statics2011 v v 0.8839 0.163 2 0.2756
v v v 0.903 3 0.166 8 0.2817

4 ZERIE

I SCHRE s 5 TR B G B 5 0 b 4 1 )
FHEXE T DKT-SVD++, B 5%, 8 48 TR B A 25
AT 2 B RO B | PRS2 ) 05 AT
KSR BEEAT G, 1) R B 50 A 7 ok A7
AV El e 6 e R R TSR Y S e
)27 S FHEAE S, LA R R W] DKT-SVD++J5
IETEREHR S G R P LA R e, 7EELEm
WFFE Y, 25 RS R G B A R R AT el | i 2 )
WA EAARAE § 2F — 25 70 SRR 202 04 R S S il
XA 2 RN 2 R AT AR NI 5 LA T R i R
PERHERE 715
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