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Abstract: Personalized exercise recommendation was an important topic in the era of education informatization, the
forgetting laws of students in the learning process were ignored by the traditional problem recommendation algorithm,
which failed to fully tap the students’ knowledge mastery level and the common characteristics of similar students,
insufficient, could not reasonably promote students’ learning of new knowledge or help students find and fill omis-

sions. In view of the above defects, a multi-index exercise recommendation method based on student knowledge
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tracking was proposed, which was divided into two modules: preliminary screening and re-filtering of exercises, fo-

cusing on the novelty, difficulty and diversity of exercise recommendation. Firstly, a knowledge probability predic-

tion (SF-KCCP) model combined with students’ forgetting law was constructed to ensure the novelty of the recom-

mended exercises. Then, students’ knowledge and concept mastery level was accurately excavated based on the dy-

namic key-value knowledge tracking (DKVMN) model to ensure that exercises of appropriate difficulty were rec-

ommended. Finally, the user-based collaborative filtering (UserCF) algorithm was integrated into the re-filtering

module, and the similarity between student groups was used to achieve the diversity of recommendation results. The

proposed method is demonstrated by extensive experiments to achieve better performance than some existing base-

line models.

Key words: deep learning, exercise recommendation, knowledge tracking, collaborative filtering
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E(k) = {k, | e(k,) ==1} (22)
E(ky ={k,|e(k) =1} (23)
1= Jacesim| £, (k), £, (kY |
Novelty == (24)
n
(3) ZFHE

53 MER A B EZ R, (Diversity), 24
PR R Z5 S S AR R ) 2 7, A
>3 ) R VR T R TA) R RS2 AR AL BEAT E AR
TP e S 51 2 A R ) R A
ZEE, FXNHEEER n JEBUHAT 2 7 BEE VA
REZAEMEE, RS

: e(k), - e(k),
different[e(k),,e(k);] =1~ W (25)
Zn: different[e(k),,e(k), ]
Diversity = /=2 (26)

n

34 TRRERHH
341 ZBRIRR

SEIGFRIERAE 245N Windows10 64 bit, &
7 A Python3.6, KM PyTorchl.8.1 fitA%, GPU %Y
54 RTX 2080 Ti.
342 MBAAMEKE

£ DKVMN HERIIZRR B, 2% S R FEAR
AR E N 0.005 150, {FH Adam RALEIE,

i Glorot HIEELATE AT IS E . X4
LRSS (batchsize) MW E, IR
FHIPF AUC 1590 K18, AUC B B SR B
R e, AFHRURST T AUC {EXTHLZE R
# 2. ASSIST2009 Al DouDouYun FHE4E (LR~}
N 32 B, AUC {lf ;s STATICS B4~
8 I, AUC fHigE, X2 T8 &6 = b
BLE 75 5 2. J8 A R 7R A 4R B P8
AUC 135 K8 AR AR YR d, Fizei:
HNR IR RN IR II4EE d S HILE N
TSR, —Mtd, =d,=d .
3.4.3  AEA TP AT P AT
SR L E A IR, R
BERENL I B 1y T 70% 1 E AL ) 2R 504
10%/ENIRIEEE, TR 20% ¥ £ 46 F AE R4
HEFERL AL A H R . O T BE B DKVMN BE
PERE T 5 A ARG AR —— DU 7 A B
(Bayesian knowledge tracking, BKT). DKT 17
Bl ASE, AR SCR FH ATE R AT 1 b o4 P i AUC CHf
& T ACC (HEFi% ). RMSE (377 ix
78) 1ERMEREBTEIR R, AUC Ml ACC K
F BRI TN 1 BE R 5E, RMSE FMEBR /N 3R B
AR (0 FREI 14 R o AR T M R X LE LR 3,
45T DKVMN 5 54 ANBRLE 3 /MR AR 11
) AUC 8. P ACC {HF1°F%) RMSE {HH/)
STELEE R, % 3 £ DKVMN 7F 3 M4 B
“F¥) AUC. ACC. RMSE #B4l T 53 45 FhdniHiE
EEREAY, IXAAER] T DKVMN 75 T2 A 2 ik
Bl EPEREAE T A B . BKT 78 3 MR

*2 FTE#RTT AUC EXLLER

ASST2009 STATICS2011 DouDouYun
eiz]
LR~ AUC LR AUC LR~ AUC
8 0.791 8 0.859 8 0.782
16 0.824 16 0.820 16 0.837
DKVMN
32 0.845 32 0.789 32 0.852
64 0.813 64 0.764 64 0.819
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)

ASSTO09 STATICS DouDY ASSTO09 STATICS DouDY ASSTO09 STATICS DouDY
BKT 0.713 0.742 0.725 0.718 0.735 0.729 0.457 0.426 0.446
DKT 0.769 0.814 0.786 0.762 0.801 0.783 0.446 0.415 0.430

DKVMN 0.845 0.859 0.852 0.819 0.837 0.831 0.427 0.398 0.421

A%, IXRUD A AR R RS B A
FH AR . DKT FIHIPERE AL T DKVMN, X2
PN RNN EARAENS SR1G 22 A SR K UK
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AT LLE BITEAN R AR AL EASERL (kG A AN [R) L2
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PEWFR 5, >R R AUk W3R 6, 73l o
T BIR 4 PROBER TR ARG PE L B U A 2 R
PE B 45 3 . Mean {8 7= HE#7 1 & v A B4R AR
PV H5ME, MR 1, MR, Std.D &
INETEAR AR E 2, ZE BT 0, MR

R4 RWLT 4 FOBRITE 4 ANEAREE FHETE )
BHIHERYE, SKT-MIER HEAUAR G HoA 3 P RY 1)
HEBUAERf B 2 fe . 7E DouDouYun Z(dE4EH,
FAY DKT-CF [ e IS A T A SO !, X2

R4 SIREFAVERME

ASST2009 STATICS2011 DouDouYun
TRERff
Mean Std.D Mean Std.D Mean Std.D
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EB-CF 0.655 0.101 0.390 0.213 0.533 0.255
DKT-CF 0.796 0.121 0.748 0.135 0.772 0.113
SKT-MIER 0.894 0.076 0.864 0.074 0.847 0.122
#=5 JHMEFEZHEMN
ASST2009 STATICS2011 DouDouYun
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Mean Std.D Mean Std.D Mean Std.D
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