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Abstract Under the background of the “Double Reduction” policy and the ongoing digital transformation of education, persona-
lized educational recommender systems(ERSs) have become a key enabler of smart education. By modelling learners’ knowledge
mastery,interests,and behavioural patterns, ERS supports personalised instruction and improves learning efficiency. This paper
provides a systematic review of research progress in three core tasks: course recommendation, exercise recommendation, and
learning path recommendation. Course recommendation has evolved from traditional collaborative filtering and matrix factorisation
to graph neural networks and reinforcement learning, enhancing accuracy and adaptability. Exercise recommendation has shifted
from static tag matching to dynamic knowledge tracing and deep learning models, capturing complex learner-item interactions.
Learning path recommendation must balance knowledge dependency.learner ability evolution,and multi-objective constraints. Re-
cent approaches integrate graph-based modelling, reinforcement learning, and evolutionary algorithms to optimise personalised
paths. The paper also reviews mainstream datasets and performance comparisons, summarising the strengths and limitations of
different methods. Finally, it highlights future directions: dynamic knowledge evolution modelling, cross-scenario generalisation,
adaptive strategy design.and enhanced interpretability and usability,aiming to transform ERS from static and opaque “black-box”
models into dynamic, transparent,and human-centred educational ecosystems.
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Table 7 Performance comparison of course recommendation methods

. HR@K NDCG@K
o K=5 K=10 K=20 K=5 K=10 K=20
FISM 53.12 65.89 80.50 40.63 45.13 48. 82

SRL-RNN 55.89 69. 36 81.91 43.24 47.59 51.06
KPCR 56.12 70.65 82.33 43.18 48.02 51.31
HRL 59. 84 75.00 84.59 44.50 50.95 52.67

MRCRec 59. 86 75.12 84.93 44.69 51.15 52.83
DARL 63.12 77.63 87.71 48.53 53.25 55.30

EduGraph 64.32 78.12 88.71 49,46 54.25 56. 89

£ MOOC 5t N, PR HE 7 3 48 00 M RE A5 AN W] 77 1 22 W]
TS EES, RIEER 7 P RIEA 4 E T A, EduGraph 78
HR@K FI NDCG@K #8475 IR Mz WM . 4 K EH Nl 5,10
120 mFL 43RS T 64.32,78.12 F1 88. 71 1Y HR@K DL &
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49. 46,54, 25 1 56. 89 I NDCC@ K [ 5 i 8. X % ¥,
EduGraph 7 B # 35 1 o 5 v A0 HE 7 5 it L 308 oAb
T RSB g st i B R AR 2 TR T SR IR RN 2 ) 3 A Ak
K

M Z T, HoAth 3 72 J7 5, W DARL, MRCRec #l HRL
BARTE Z2 A PEAGF8 b P L BUAS T 85 R R A 25 31 (B 4R s
w—% ., FlI.DARL 7 HR@K 545 E R A4 K=5 I}
R~ 63.12,K=20 il 87.71.fH% NDCG@K &% ki
2 LA X A, 0 A R A R A R R R S AR SO
WAFHE—E 2 M6, FISM N ZE Ik £ LA+ T, R H 2
£ NDCG@K 845 I 1 B AR 4 B B bt % O 0 76 HE )3 i 45
HIMERE LA —EW AR,

i KT  EduGraph FEAH % Jan i B 19 A 20F) L, e
BT RR IR AL ) R E AR Y K T R Rt
FE MR . BRI A O vk e e B P A R LU T
— % WG, BN 7 8K EduGraph £ MOOC #E 7%
R BA U B3 U HOR e AL IR 2% 0 PR OC R R A
3] H AT R T .

2) > P RE L #R

T Assist09 B4l gE [, AN 2 Bk % 5 L 7E Accura-
cy, Novelty #l Diversity iX 3 PNPEAL 848 E R T A6 0 24
e, % 8 N, 44 % %F ,KGEB-CF JFETE Accuracy
ERAGF BB T 0. 879, KWL T Ik GE W B A M 6 3t T
220 B 2L I HEREATSE > B, SR, L AE Novelty #5 45 1
HIA 43 A1 (0. 524) , & WK 7 1 78 HE 77 2o A2 v 1] B 2o - < it
T M]3 8, Bz 2 8% 00 008 M R B4 2 51 A8 i 2k
ZRAL I E ST A .

F 8 TR B ERERT L

Table 8 Performance comparison of exercise recommendation

methods
ASSIST09
Accuracy Nowelty Diversity
KGEB-CF 0.879 0.524 0.912
HB-DeepCF 0.823 0.914 0.758
KCP-ER 0. 895 0.952 0.765
PERP 0.897 0.959 0.781
KG4EX 0.897 0.961 0.782
KG4EER 0.936 0.892 0.776
MulOER-SAN 0.925 0.972 0.816

5 A X . HB-DeepCF J7 ik 7E Novelty I ERAG T i W
PETEAFAT N 0. 914, X BEWRF X7 1k RE 0% 4R 4L T 22 8 5 A0 HE
TEL MR T ) BB RME . SR, 3 — 3 A SR A DL
Accuracy MM, H Accuracy 43750 R 0. 823, B Z T 81K,
X 2 BT 7 T B OR AR T T A O T R B S L (B 7E VE
B LA A T84 i . Diversity #8473 1. HB-DeepCF (¥ £ S AN
RANA R ARy 0. 758, 578 % 7 1 78 HiE 157 £ ek 07 T
MW FI AL . T RE B0 ) B I B W R 45 R

HiAth 77 o, KCP-ER #1 PERP 7E Accuracy |- 3 %
T, 435k 0,895 Fl 0.897,FF H7E Novelty Fll Diversity ¥ H5
R BRI R . Rl KCP-ER 7E Novelty FRY#E
W R R A8 43 0. 952, R W% T vk AR 45 A BICH s 1 HE A
KL REEME S, 51, PERP 7£ Diversity b £ #

U 45845 0. 781, fH HFE Novelty | i 42 TH 4 X5 4 BR
0.959), W 7% T H 76 F i 5 B M R £ R M T T 0
KG4EX Ml KG4EER J7 &3 i3 51 AR EHE . 76 Accuracy Fl
Novelty E¥JRBH A, JLHE KGAEX, HA1E Novelty E#
1343183 0,961, K W1 1% J5 5 R 0% A 47 b 4 42 2 AR S Z )
B G 3R, AT HE 32 58 22 307 30 ELAT 2 SO >0 JE, 4R, 3 T Al
PAE Diversity b 0975 43 A XK, 43 5] 24 0. 782 Fi 0. 776,
BoR T ENMEMENE 2T EAR R, ] R T HAE
— T Z RN A ¥ T G R A

e JF  MulOER-SAN J5 3L 7E it A1 3 A48 45 L 1 3% 3Ll
&, L H 2 7E Novelty Fl Accuracy I (8 £ P 35 4F . 43 51155
T 0.972 F1 0. 925, R B AE Diversity b LT B8 (1 fig
71,4845 R 0. 816, X —45 R F W], MulOER-SAN 1E #5 Mk #E
FE RN BT HEFE B J7 T EL A B 9 S R A AL AR A B AT
B2 B AT R 2R IR R T K

2 B ATIR & DT EEAE Assist09 BUIRE F R — &
285, WoR O IR HE R R G A0 R E 8 A by 00 S0 Ry R
MulOER-SAN W45 & R M i 0 U8 5, 68 9% 1 A v 8 1 B i
PEFIZREVE, g S A7 R e 3R A T Ry A T Y R R T
SR HiA 7 ¥, 10 KGAEX, KG4EER Il KCP-ER, Il 75 3t 8t
s RSB EMN TR ENABTGFMFIHK.

3) 2 ] B AR HERE MR LA

i 9 FrA L. 7E junyi 1 ASSIST09 ¥c#E4E b, K2
PR AR AR T BRI AR, JL AR Step=5,Step=10 F
Step=20 X JLA AN 1Y PEAG B Be T L 52 80 — 5 1 M e 22
. BACKEUL,DLPR 7E P AN B0 4R iy 3R I O T At o7
B AEFT A Step MIPEAG L AR BIDE 4 ASSIST09 Bdla 4 I, 3%
Wi g, 78 Step=5.Step=10 Fl Step=20 T ,DLPR
SIS T 0.2049,0.3835 A1 0. 6124 [484y, Bow HiZ 7
BT BT 55 T B A B v se LS U ETEK
) 25 (Step=20)"F , HAR 43 dwe imy » B0 Y3207 VA 7 50 52 A% 1) 2%
% R AR R R I PERE

5Z M W, GEHRL HERHM H, 7 junyi Fl ASSIST09
AR Step WA P RG TREWAE S, MLZT,
CSEAL k7 junyi B84 FIAS T 800 ¥ fr iy 45 51, L
BTE Step =10 Fl Step =120 T XMW R L, HEHIE AS-
SIST09 ##E 4k b (2R BUAHXT AL 55 , W Hh A BE2e 7 50 T 1Y
JaI PR . My s, B Actor-Critic #1 CB IR M E
JuH R Actor-Critic 7F junyi B3 4 b A9 R B4 45 51 2 7
Step=1000. 167 1)1 Step=20(0. 191 6) It 15434 v, 2 I K
AR A% 75 4 b 3& B P K JE B 0 M 7 W Sk, T KNN A
GRU4Rec Y1 fE A X 48 55 , J0 I J& 78 ASSIST09 ##is % I,
Bl 1E Step="5 Ml Step=10 F I T 7114 . )5 F 1T A LB
rh 3K B8 S0 B 0 3 Y OE R T R BT AT AR R 2 ] B AR
FEAE S RS A 2

Mgk E DLPR Ml GEHRL 7EX W33 4 E Ry R
B0 T HoAh I 36 HAE R KD KT L Be 8 A 3R T4 > g 12
HEFEM B, CSEAL H1 Actor-Critic 45 J7 1 BUAR 7 HL ik g
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Table 9 Comparison of learning path recommendation methods

. junyi ASSISTO09
A Step=15 Step=10 Step=20 Step=15 Step=10 Step=20
KNN —0.0902 —0.1455 0.1343 —0.0549 —0.0731 —0.0932
GRU4Rec —0.0047 —0.0721 0.0993 —0.0536 —0.1003 —0.1344
DQN 0.0299 —0.1058 0.1536 —0.0495 —0.0934 —0.0267
ActorCritic 0.1004 0.1671 0.1916 —0.0004 —0.0327 0.0676
CB 0.0666 0.1451 0.2098 —0.0563 —0.1294 0.0038
RLTutor —0.0007 —0.0379 —0.1034 —0.0611 —0.1096 0.0784
CSEAL 0.0975 0.2021 0.2505 0.0482 0.0637 0.1009
GEHRL 0.1198 0.2278 0.4206 0.0751 0.0918 0.1971
DLPR 0.2049 0.3835 0.6124 0.0807 0.1544 0.3283
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