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Learner preferences prediction with mixture embedding
of knowledge and behavior graph
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Abstract: To solve the problems of inaccurate prediction of learner preference and insufficient utilization of structural
information in the knowledge recommendation model, for the knowledge structure and learner behavior structure in the
learner’s preference prediction model, the model of learner preferences predication with mixture embedding of know-
ledge and behavior graph was proposed. First, considering using graph convolution network (GCN) to fit structural in-
formation, GCN was extended to knowledge graph and behavior graph, the purpose of which was to obtain learners’
overall learning pattern and individual learning pattern. Then, the difference between knowledge structure and behavior
structure was used to fit learners’ individual preferences, and recurrent neural network was used to encode and decode
learners’ preferences to obtain the distribution of learners’ preference distribution. The experimental results on the real
datasets demonstrate that the proposed model has a good effect on predicting learner preferences.
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MEZE o SCRR[OIMNKE 2% 238« 08U LA S B 2 TR 1R A8
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Assitment1/10 113 13 409 46 298 287

412 AE&Fk

AT AR ORI KGBR 5 DL R AR 2
LA BAT T AL

MF (recommendation from implicit feedback like
matrix factorization) P, MR ] 2% 5] 5 % K
A HARI AN 227 218 RIS I RN, ¥
HFH] GNN.

NFM (neural factorization machine) ), 1%
TR 22 A B R A R 2 > L BRURIIUNI_L R 3
REAEZ TA) B ARGt M A2 H

NGCF (neural graph collaborative filtering) /.
BRI g 27 ) 7 B8 P 0T AL . P v 1) v B S e kN
7 2 BRI IR AE

RippleNet**!o iZA5 7] FH AR 3% ) A4 1
2B RN L5 o ST R I A HAR
RABEAT TRbE

SR-GNN (session-based recommendation with
GNND Bl ZERLKE 2 3] 04T I W AT 22 ) e 7
REM T E, A7 B 5 A HAE B3RS
T BRI AR A R R o
413 HHGRE
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dgl0.4.2 FEALE MBI YN 25 AR . AN RIS 2 2 4L
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KGBR. KM Adam fLfbas RO, ftkb
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I, ASCR AL VEO 1 5 iR A R P B HLAA
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YEA VL FEPR . AUC B2 L ROC 55 AR brdh [
BT, BUEYEFE [0.5,1]. AUC #dzin 1, %
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JBOR 845 /NS A 1 27 2] BT 5% 1 . KGBR-inner
72 NMFRAE LI AUC #54 0.81. HERH &P
R 7 B 2 PR Ak i) B R ARABLRE , R A AR
JEE SREA A4 27 3 AR 55 AR 1 2 S A 1) 22 e
P, AH IR SR AN AR AT ) 8 PR 458 R AN RS 4
M E 2 N4 Bl AUC TR
KGBR-concat 71 2 M#E4E L1 AUC 437124 0.82
F10.83. HRH A IBE 7 20 AR S K B FE LR B T4
R S, (R BRI TEVE X 43 2 Fheg S
R & FCA IR IEAS B, X 3 i 22 e AN
Ji&, ASCKM KGBR-DEF 5, JHM kL FSZH]
T RAMAPEREAE 7] S A — 4E I ], AEEATRAE )
LG T DAHER IR IR 2 P R 2 . B
7f Algebral/20 %45 % L Y1 AUC & 0.83, 7&
Assitment1/10 $iE 45 LI AUC Jy 0.85, 3k T
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(1R R 5 o SRIBCHEAA 1 27 > 2 e A 22 G2

F 4 AEMEARLRER
AUC
I
Algebral/20 Assitment1/10
KGBR-avg 0.80 0.81
KGBR-inner 0.81 0.81
KGBR-concat 0.82 0.83
KGBR-DEF 0.83 0.85
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x5 (YA R0 EA )
AUC
Kz
Algebral/20 Assitment1/10

MLP-0 0.63 0.66
MLP-1 0.82 0.83
MLP-2 0.83 0.85
MLP-3 0.81 0.83
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