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Learning Path Recommendation Based on Fusion of Hypergraph Neural Network and Dynamic
Knowledge Tracking

LIU Meilin and MA Le

School of Automation,Chongqing University, Chongqing 400044 ,China
Abstract Aiming at the deficiencies of the existing learning path recommendation methods in personalized adaptability, dynamic
adaptability and multi-objective optimization, a collaborative recommendation model based on hypergraph neural network and
knowledge tracking is proposed. By constructing an undirected graph of learning resources to encode the association relationship
of resources,generating the embedding vectors of learning resources,and combining with the hypergraph neural network to ag-
gregate the historical behavior data of learners, the interaction features between learners and learning resources are captured. It
designs a multi-objective optimization strategy, utilizes the non-dominated sorting genetic algorithm (NSGA-II) to generate the
Pareto frontier solution set, synchronously optimizes the accuracy, difficulty adaptability, effectiveness and diversity of learning
resources of the learning path,and combines weight distribution and comprehensive utility function to improve the quality of the
learning path. Experiments show that the proposed method is tested on the MOOCCube and MOOPer datasets. Among them, the
HR@5 and MRR@5 of the MOOPer data reach 93. 9% and 90. 7% respectively, achieving precise recommendation of learning
paths and verifying the effectiveness of the model in the modeling of learners’ historical interactions and the integration of course
structure constraints.

Keywords Learning path recommendation, Hypergraph neural network, Knowledge tracking, Multi-objective optimization,
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Fig. 1 Framework of learning path recommendation model integrating hypergraph neural networks and

dynamic knowledge tracking
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E, (L)*

1 L]J(r“ ) — p(pelere)
T IMIS 1— p(pbefore)

l M
\M\ ZGam (20)

Horh E B TES 2 B{AR L2205 2 HE X H AR BEIR B 5248 5 E, 9 7E

2 3] AR Z T AR AR X B AR BE IR 0 AR s L, X B bR %R 4
P8 _LBR s Gain, J9 M0 55

ZREVER B AR B = 2D s
2"%:[ r/%[(l—sim(x, ,x;))

IM| [ M—1]

o r Flr AR LR ¢ A § A2 S R x e, B2
)G Al B R ) B 5 sim N A% 5% AR AL

BE TR B B AR AR L R i RAR R R AR P = (L,
Lowwo Lo} sm NRTITFREEANSL.

BNAS A BC A B PR AT 8 455 R0 R R, TR R B
B % 5 o A7 BEARAE Ry e 2 2T BB AR Lo o« FTRZE B
RIS (22) BT R

S(LY=2A, » Preference( L)+, « Adaptivity( L)+

« E,(L£)+A, * Diversity(L) (22)

Her,a, %Mlﬁﬁ? B B oA FO W AL L A, R aE Wk E AR eR kT
N A ALEE S A5 S R AR RO N B AL LA R 2R H bR
BRI 0O6F 17 1) A R
3.5 BE#EiItHE

XA A BRI S A B AT R G T 4 A s
?Sﬁi\néﬁ\ﬁj]?ﬁﬁ%*xxﬂ?%ﬁaﬁL GRU, Transformer
i ds M 2 AR R AL VE 10 & 2% B 2 38 =, JF b Ul B G 5
SR, W THSESHEME, if A& 24 E R O, X
(&N XdHTRIXd)) HHPL J GCN JZH. (€. | ¥ I H]
RO I, [ R R 2 B AR d Ry i A4 B 5 X
A E BB %, B E 4 EH OCT XL, X (|H | X
d+1egl Xda®) , K T Jyud A1 5 1 4L, L, oy B 45 B2 4L
[ | A D5 58 38 AT SR | € 1o 8 3 B (2 ) 5 80D 5 % T L
Wil GRU,BFE AN O(e X d®), Hodp « Jg o K i 5 3
F Transformer A& , B [8] 5 24 B h O (L, X (F X d+ X
d*)) , Hiff L, & Transformer J2 %0 % F £ B fn A 4L, i 6] &
FIE N OGXMX Py Horh G ok ARk B, M o4 H b ik 58
i, P ORI,

f1(L)=Diversity(L)= (@A)

4 SKIIIE

4.1 XWiEE
4.1.1 #H¥EE

B RS> N MOOCCube #5418 48 43 J2 K H 1100004 2
A G IR A D) 52 3¢ BAD 5 L 9T AN MOOPer 348 4 R A T
5000 >4 1Y 7 s 28 R S HEAT 43 AT .

MOOCCube™™ . i [i] K MAEAELL HH A S0 [R5 T
BN IR AR B T o e IR e Sl DDA 3 i L S
19919944 % 2] H B IR B BAD 5% . AL 46 706 [T FLICAE LR IR |
38181 A~ # A,

MOOPer™ . 5 B AR KL b KB AL LW E T A
EduCoder % #i B4 2N FF 4046 4 . 32 4 o 32 B 5 0 LA
W, HAAL A 2532524 KBS B W IR B 5%
B 7 50 28 1RO A 4G G ) 25 R L G 20 B ) T e B 4
4.1.2 AHEE

PG AU 45 250 3, 88 E R0 A 50k 4,8 B 4



X 9 BBt A5 o R TR R A 2 I 4 5 S A GE BR RS A o) AR

1

73

H

P& ZBCR 2, AYEE d & 64, Tranfomer JZHH 1,1 =
JI3BCh 2., kg R Adam, I ZREE IR =60, HETF IR
BWFEAN K=6 F®¥%IRFEMC=14, TLEA T=
o GEARUHRBCR S E0NE 1 B,
F 1 FEIHBMSEEE

Table 1 Parameter settings for the learning stage
3 W B Al A2 A3 Ay
w1 G 5D 0.5 0.3 0.1 0.1

W LD 0.3 0.4 0.2 0.1
J& 4 (R A 0.2 0.3 0.4 0.1

4.2 BB EER
4.2.1 iRAEIRAT

) AR MERE R IPAL HE AR A HR@K,MRR@K FI
NDCG@K, s # (Hit Ratio) & F 2% 8 HR@K , R
I FE A% v TE W 2% S 9 UR H BUAE BT Top-k HETE 45 1 19 L],
REEEFEERAEEFZRNIMWEZEZE . HR@QK 1y X n

K Q2D FR .
lul
%Hitu@K
HR@K="~f—— (23)
2 | R.|
H, Hit, @K %%/Tnu K HEFEH R 2w PR E B %2
PR, (U RS R R A R, R R
B2 G W 2R B

HE4 89181 %0 (Mean Reciprocal Ranking, MRR) Ji] F ¥ £
HEP B0 R P8 — DA S R N Y L & RIESHC MRR@
K. MRR@K 7 LA (24) i

IN|
NT Sran,
Horb s rank; 75 IE§ T % > GEIRAE Top-k P I HEFI A E .

JH— b33 T3 25 (Normalized Discounted Cumulative
Gain) I RIESHCR NDCG @K . H 5 L= (25) fifn
7‘5‘ DCG, @K
U=\ IDCG, @K
Hp . DCG, @K ¥t Rt 45 (DCG) . IDCG, @K JE 27 4
w WA DCG. DCG, @K 5E LR (26) PR :

ZK: 2r.~1 ok _1

Hod,rel,  NEFEE Eﬁk%ﬁﬂ%@tﬁfﬁﬁk Ak B 2 >0 5 U5 04 A
KRS R BEVEIEAE ), W rel, =15 45 N
A 0. IDCG, @K ) L= 27 fimn

MRR@K =

24

NDCG@K = (25)

k/\,—t.

IREL | orelur — 1

DK — B
IDCG, @K )\Zl o, AT 1) 27

Hr, [REL | 378 7 5 £E 5% 14 F 42 BR 43 G0 A0 5C P i 19 05
X2 A w BYHET B S HERR 2 ) BEIR AT HET
4.2.2 HEAREL LHEE

TR R HE Y B, 25T MOOCCube 4 45 IF J2 2% 5 % U5
oG FR GRS G M TS . o e R R B AT 2 o B
Yo Dt i I NIE RS TF 5 KM D B EE B A
R EIFEIW D BERFE — = E g B EE N
B

BT S ?73%0?3@%Iﬂ’mﬁqufrﬁtt;w“%ﬁﬁﬁ
PR LRI G O R R AR AR . D BT IR RS L R it
HEHE s 2 RIE R RV R R R R . i 6}):#!1#
HEILHT 1000 057 1 BRFH P A 2 20 3030 25048 4868+ 1= 1AY Eb 451 Kl
SPUIRAR IR TE AR SN R4 S A Rk 2 SR 3 NS, |
& TP BOHE T SR B R AR G SR A A 7 4 HE AT 55 T 2R
JI(HR@5=0. 694) fIHE /¥ i &2 (NDCG@5=0. 645) |31k
TR & R (HR@5=0. 289, NDCG@5=0. 208), X%
B M AT IR SR T G R, 2 20 W U A B ] AR P T i
R 2 0 32 55 3 E R, Ry S B2 2] BRI S C R B
SR T SRS .

F2 Y RIRANIE 56 F M A S 0 i R AT
Table 2 Comparison of the hit ratio of static graphs constructed by

different relationships of learning resources

FIREX R HR@5 HR@10 HR@15
REFXEX AR 0.289 0.371 0.424
i 7R X R 0. 694 0.709 0.713

3 I BIEAR S A M A E A NDCG Xt
Table 3 NDCG comparison of static graphs constructed by different

relationships of learning resources

NDCG@5 NDCG@10 NDCG@15
REKEXZ 0.208 0.234 0.248
TR K R 0. 645 0. 650 0.651

4.2.3 BB ER

Wl th2E 2] AR ERE TR AR AN R 4 B3k 5 FTdl . FE AR IR
Al v, 3 F MOOCCube %5 4% 42 #F 47 90 591 2% 2J ¥ U6 #E 7%
Top-20 K ifi  #5 #] 90. 6% ; 3 T MOOPer ¥t 4 #17 ~
B2 2] GEIRAERE , Top-20 My i R Sk 5] 95. 3% . [RIAT, &
MRR #6473 B HE 2 e e M, 36 W58 8 HGON #4 2 R 1E fig
1 T 57 48 M AR B8 2 3 5 AR P (0 B IR B A 3T 0 TR DG KRR
AE B AZ O R DG R 5 2 3 B AR R ME R AR A TV
%1,

# 4 Topk BARHMELN HR 4547

Table 4 HR metric for Top-£ path recommendation

HR@5 HR@10 HR@20
MOOCCube 0. 804 0.867 0.906
MOOPer 0.939 0.947 0.953

5 Topk MM I MRR 8 F5

Table 5 MRR metric for Top-k path recommendation
MRR@5 MRR@10 MRR@20
MOOCCube 0.673 0.681 0. 684
MOOPer 0.907 0.908 0.909
4.2.4 Btz ket

kT BT | T A A TR L R R T 2
B A% HfE 27 S AR I RE Ty, K BT 4R oE o) B AR R B
LSMFERLI,KGCN-LV, HINSC 4 6 Ff i #f 4t # )7 &% (WL
% 6)7E MOOCCube $it 4 1 3E4T T X Ho 346, 346 5% A 14
BB A fE IR HR@K (i P 50O 5 (R BUHE i it NDCG@ K
A — LA R B 45D F5 48 (K =5.10.15) . LR 4R A4
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& RE A5 T MR 170 08 FU AN [] 5 1 7 2 o) B AR ME AR AT 55 i 25
FU . FHERANER 6 A,
F6 5 HALMR 45 R X 1L

Table 6 Comparison of other model’s indicators

Methods HR@5 NDCG@5 HR@10 NDCG@10 HR@15 NDCG@15
KGCN-LV 0. 349 0.207 0.451 0. 286 0.476 0.297
HINSC 0.367 0.223 0.479 0.309 0.506 0.323
AMHIN 0. 382 0.238 0. 495 0.327 0.541 0.342
ACKRec  0.358 0.214 0.468 0.298 0. 489 0.315
ACMF 0.401 0.242 0.532 0.336 0.553 0.351
LSMFERLI 0. 453 0.269 0.589 0.383 0.617 0.397
Ours 0. 805 0. 706 0. 868 0.727 0.893 0.733

LSMFERLI®™ J& — B 3 F X ®k # 65 46 75 53 i (Matrix
Factorization, LSMF) fil§ MOOCs 8 %¢ I8 #fi: 7% & 4t ; KGCN-
LV — il 42 A T 3 R 22 9 4 15 00 U PR3 ) o > R U
i 7 10 i 2 00 B 2 S HE SR s HIINSCR e — Ff 3 T2 2R 470K
B A N B A 15 B ) 45 T 45 6 1 45 TR R 4% 1 2% ] B U A
FE 07 1 s AMHINT 3 F £ 7 2 AL R 540 15 8 W 45 3k 47 2

3] R AR s ACKRec " J2& — Fp 5L F [B] il 25 I 4% 1) vty 31 o 11
2 ) YRR HERE 5 i 5 ACME-2) J2 — il 56 T &1 35 B 0 4% 1 7 2
FIBLI B 2 3 G I 5

5 R iR A H AR ST B Y 2 3 W IR A A A R A
THEbs B R AR E M., Hb, HR@10 $5 45 ik
F) 0. 868, 4% 6 Ay ik h R I A LSMFERLI J71% (0. 589)
PFT 279 NE G (EHAT U0 A T S TR 7
(HR@5:0. 805 vs 0. 453) fl K W #f % % = (NDCG @ 15;
0.733 vs 0.397) Ay I AE 2 35. 2 AN E 4r SR 33,6 N H 4>
SRT, SRR ERH . RABR-BIRGEW, A FHE
TR M0 2% 3T e IR AT AL O AR AU AR 2 ST AT R 1Y E AL
FRAE
4.2.5 HEEBLERL 5H

TR R TR o £ A 7 P R 0 BTk, A ol
10 %6 B9 BT T T TH @b SE 56, X L T S [R) A8 M R 7E Z2 A 1A
$FF PRy FM, LIER T HR@K,MRR@K # NDCG@ K
(K=5,10, 15 E NPl #4545 R gk 7 o),

TR
Table 7 Ablation experiment
HR@5 NDCG@5 HR@10 NDCG@10 HR@15 NDCG@15 MRR@S5

TR A 0. 694 0. 645 0. 709 0. 650 0.713 0.651 0. 629

w/o HGNN 0.681 0.621 0. 697 0. 626 0.704 0.623 0. 600

w/o transformer 0,532 0. 456 0.539 0. 465 0.573 0.468 0.430

w/o ®R#EH GRU  0.527 0. 457 0.463 0. 469 0.578 0.472 0.437

w/o GCN 0.503 0.440 0.529 0. 448 0.543 0.452 0.419

DSE#BIRISE HR@5, NDCG@5 LA}t MRR@5 |43 3l ACC— TP+TN (28)
"~ TP+TN+FP+FN

KENT 0.694,0. 645 F 0. 629, B E N T HALHEMARA . K
FHEARHIRATE K W84, 58 A8 0 i v e L IR sk fa e
F A LB R AR R A SR T T R RCR

2) £ HGNN J5 (w/o HGNN) , 8 51 4 4 T B, 3
BT E MRR@S Al NDCG@5 43 HIREAR T 2. 9 AN E 43 a5 f0
2.4 ANE Ay L RAE T HGNN i 5 B 6 R i F 2 > F 17
i b A AR

3)E i Transformer (w/o transformer) & HR@5
MRR@5 43 I BEAR T 16. 2 A~ EH 40 s F119. 9 AN E 4> 8. KW
Transformer 7E i $2 2% > F -2 ) WA B B & R R & I
HE] T A .

O FK 4 0 #E GRU BB R (w/o Wil #E GRU) 3
HR@5F1 NDCG@5 43 JIFEAL T 16,7 AN EH 4r S 18. 8 A~ H
53 R Uk U B R AR A LI T8 A A ) TR M AR B G
HE RS FH LI RIS A,

5)GCN 78 il (w/o GCND i Bl 5% iy 5 kL He Bl 2 §3%
HR@5 Fl NDCG@5 43 i) T B 19. 1 A~H 43 s A 20,5 ASH 4

JBET GON X2 > E IR A 0 A T, I8 35 4R T T 4 9
14 9 A A2 AR BT

4.3 FIJRTER

4.3.1 AR AL R AR
ACC(Accuracy) +2& 35 15 5 1F B T (19 R A 50 SRR AR 4K

SRR /IS R i o i N R R S 7 G = N = A= v 1

K (28) Firs

Horfr, TP(True Positive) 378 T Jy 1F B H 52 B 1E §f #9 #E A<
0, TN(True Negative) 27~ TN 45 15 H 5 PR 48 1% 0 BE AR
#. FP(False Positive) 3 71 Tl Jy 1F i H 52 P 5 1 ) B A
B, FN (False Negative) & 7~ 7l Il Ay 4 152 {5 52 PR 1E B A9 BE

AUC(Area Under the Curve) & ROC i £ (Receiver
Operating Characteristic Curve) ' [ T B, I F i 1 45 5 72 AN
6] 2B T W28 & R, ROC £ DL 2L IE 1) % (TPR)
Y%l B IE B 3 (FPRO Jy Bl . AUC #9 {8 i 315 ROC
2N BRI [0, 1],

HIE % ( True Positive Rate, TPR) K {& 1F {4 % ( False
Positive Rate, FPR) #9355 307351 10 2 (29) F 2 (30) B x -

TP

_FP
FPR*F7P+TN (30)
4.3.2 ZBAER

T FR G S 0 B0 UE T A 2 I 4 5 B A G
Bl Y 106 5 YN 2R AL (9 1 BB L i FH MOOPer £ 55 3 47 >
22 PR MERE S S R BN . e AR R REAT SR b,
AR B HE R B AE Top-5 #EX# i R (HR@5) 35 %] 0. 891, 40
PIE B A B A B AE TN (Y AUC {8 0. 782, F IR 7Y FL
B SERMAEFE SIS R Ty . TR T 2K R A SRR A 8
g,
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Table 8 Effect of learning resource recommendation and the

prediction effect of answer results

HR@5 MRR@5 AUC ACC
0.891 0.814 0.782 0.854

& 2 JoR T TR IR 45 0 2 o) B A A il AR L O [F]
VIR AR K B (L=2,4,6,8,10) X} 4 T &5 35 b (Prefe-
rence, Adaptivity, E_p, Diversity) i 5 i X kb ,

12

-
-
-
-

1
10 o o

08
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OM_
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06104

04 704678 05375 05800

+ 03022 » ; : )
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L

«O— Preference =—0— Adaptivity ~©—~ E_p Diversity
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Fig. 2 Comparison of the impact of L=2,4,6,8,10 on key indicators

M [ Preference (i 4 1 i M) 76 B A2 1 B L 3% i
A AR5 AR R , 3X TR R R AR R T B R A RS
23 E M RAE . Adaptivity GE M) SHEKE L 28 —&
B OGO R E T B R RO A, UL B A9 24 ) R AR ]
BT B0 IR 5 2% S & e ARG I A UK 3 7. E_p R i)
SRR L 2 ARG, U0 IS B 5 A2 K BE FT RE e
o R [ ) R P RS 4 4R 2 2 BOR . Diversity (2 K

POMIBERAZ K LImE 2 LI N L=2 1 0. 33 = L=
10 9 0.6, KRR FIBEAA TEHBE T ZHHAAEE 4
TR ARGE . WA BT E S e 2 18] AR
7 A AR IR E S L= 6 BN A 38 5 47 7 T ok I o A Ak
5 Z RV mE T DOR B AR A BEBE O L= 8 {H 5 A R 3 A5
XN PE R BEOR, T LR EHIE, FELRERM
L=6 {E R AR B
4.4 ZBMRMRKL

TE 27 B AR A RS J7 T L A SCHE— AL T AR AR .
T G AR R R 2 T 25 AR R A ) B 2 ST B AR L O TE L
Bt 5 AL AR AL B JE TR0 IR 4 4 R AT 3 3
B AR RN AR AT . AR SO AR 2 2T Y
TR IR o 1) B ML A 28 3 W < DA 42 R BT R A v BE ML B C
A FOAG 8 BT IR TR AR LU IR S R . 2) MR O R R
Wit - e T 9 ME R HE I O 1 BR Top-K Sh a9 C A UL 16 3t ¢
U PR B ARG, LIS e s e S IR R . v T HE— P Ub
Xt Preference (i 4 i 5 T4 15 B B 52 000 X B AR T 3000 Y 2
21 BERAL LA AR i W R AT B e o T 3 BT DU 4 VAl R R X
Z AR AT Z2 B AL 15 B AU AR L AR 25 5 UT
BRI o e v B A . X TR [A) B AR A A ST L T AR 4R
A H bR Y A [7) 2 2 3R SR RO BR B B B R e LAY
KEZH TR YE Pareto HIHT 7 [6] F AR 5 W 19 27 > % A2
BAR L A B 28 2 o B AR . B RS TR A 3 SR W O [ I K H AR
AN B VR 35 25453 280 BR B A5 i A B AN B 2 BT AR B Y 4%
itgtrank 9 Brol.

# 9 AR SCBRAE ) AR 5 00 A A A B AR LA A B AR R AR I X L

Table 9 Comparison of the actual learning path of students with the initial recommended path and the optimized path indicators
Preference Adaptivity E_p Diversity
ok LIRS AR — 0.599 0.331 0.470
A4 A % B A2 (IR LR 1. 000 0.612 0.351 0.537
21€0.5)425(0.3),43(0.2) 0.774 0. 643 0.395 —
[ AL 1B % A, (0.5) 325 (0.3),25 (0. 1),4, (0. 1) 0.787 0.647 0. 341 0.791
5 B 5 $A (0.3),45(0.4),45(0.2),4, (0. 1) 0.663 0.734 0. 445 0. 820
J& 1 % $ Ay (0.2) .25 (0.3),23(0.4) .44 (0. 1) 0.566 0.682 0.583 0.836
s A0 % # Ay (0.5),22€0.3),23€0.1),4,€0. 1) 0.999 0.790 0. 460 0.679
fﬁk;:zzi B S #A (0.3),45(0.4),45(0.2),4, (0. 1) 0.999 0.780 0.495 0.667
J& 1 % $aq (0.2) .25 (0.3),23(0.4) .44 (0. 1) 0.998 0.705 0.584 0.663

R 5 Bl AL 126 5 Wk A ol M 1 A% B JE G 1k Preference,
Adaptivity, E_p HARE} K S8 E HA =0.5.2,=0. 3.4, =
0.2, 85 W oR, 76 MEB R 5 BOm K m B al b A R
(E_p) #13& N7 P (Adaptivity) #H — & $2 . % & L 4k Pre-
ference, Adaptivity, E_p & Diversity H¥rlf , 28k ET LG
AN 2T B B R . S D W0, T ) A R R AL S
TR Z40% o 0.5, O ) 3 B M S 40 R 0. 3, LIHERE G &
i 4 1M B T TC A B8 A8 5 ) b, R0 300 0 SR 0 25 BESRAIR L A
RS EGRE R 0. 15 kit BE AR I 25 07, 2R S BRI
0.1, 2F 2T W, 22 20 35 2500 0, OHE B 38 By Pk 5 203 T
EO4HAMESHEIME 0. 2. MIFSBIWFEE 0.3, )R
WA AR AR T A S BR T 0.4, GHERED 3E B
PSRy 0.3, i S8 2 0. 2, LLBY ) 96 e iR S

S S5 R R I S B R 1 TR R R A

U B IR G AR AT o O 4 S B8 R S TR OO e A 1 1E
AR F HABTE A B Be o &, 3+ o S B0 2% 3T B IR
& 151 52 > 3 Ae T 0w G 458 P 3R 45 Xk B I R A 2 S R
CHME BE ) 1 R 1 2 B0, e K 0. 4) 5 IR I Al 36 6 A A T H: il 4 4
Wy B 22 100 10 38 1o Pk 8 b i Fo b B B e . R I S RO RE
2 3] R A 1) TR 1 25 30 2 ST ROR IR T A o S 5
RO O FIHEMERRE R =& P Rm., SRR,
T BIC R R0 1 2 B AR LB R 0T A RO B R AR 2
] ) S, N ZE R A R SR B A T R R A
FEIEE 65% UL b, 5 5 B AR Ak 7 R A L L B AR A B T B T
T 19.9% B R A RLPERS N 26. 7 %6, IR B A% ) R R £ R
PSR A 52. 7TU BB FH AL .

A EG 22 A S50 328 S W £ Bl 1) 168 2k R R AE A RS 5 2R )
A A RTIR T, B AR T T AR (9 N (Adap-
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tivity) A R (E_p) & 2 # H (Diversity) . M % T B WL %
SR W, T2 K WG 3 3o M % 1) U I O 3 L A A 6% SRS o b £
s 2 o [ A% b 2 o) 2 T SR D JC B L R B SR A #9989, A
VIR R B AR L 35 0 M 5 A s A AL SR TR L O
¥ BT 23, 8 YR 46. 1% . SR » ELAR AN 3 HE 1 49 2 AR
BEX Z AR PR A, SR Won AT
) 4 A% 2 REVEAS 20T 3R T 24, 596 L (H & BEHL I g A B R
R, R ZH AT e ” 5 RR Y 7 [ A7 7E 1 PR A .
4.5 ZIREEFUR

12 o BRAR HEFE 2 55 (LPR) B BIF 5T o, 465 780 0 A 20 1k
UE 38 8 AR 4D RS RS R M 48 A e LT AR S i S
T3 52 B A 2 A S B2 o (AR R A I A A A A SR 56
TE%: ) B ARMEAE I RO . A AU SE AR E_p K T T 4 7 2
BN SO NS R T R o Y S N R 3N SR U A o (=
Adaptivity i T 2 3 4 vh (2% 3 08 TR 5 2 5] R
WV TR . £ KE 48 4% Diversity PR30 T #E 22 % U5 11 £ 4%
e, Bk g R gk 9 B,

2 STPR A ) B AR 0 ROME R 0. 331, 40 4R I 1 G AR 4R
% 0,351 RAZ BRI R, FHS B E T E_p it
— BT 0. 583, FEBE Adaptivity M 0. 599 $2 T+ & 0. 682,
Diversity &+ % 0. 836, 1] LLF i, ¥ i 5 > B8 I6 4k 42 17 51
DA B e Ak IR 1 2 2 I A AR A vk L N R 2 R Y SR B A
b ¥ T 2 A SR o o) AR L 26 W I 1 A0 25 o) B AR R S R
AR AR T2 2 B S AR E R R G MRS
IR,

4.6 B

3.5 W B RGN T AP TR FF A L i AR AR
RUFESE PR UE F & P A9 aE R AR 75l o BT 42 2R B L B R A
MY R, MRS REEE 2 E R OCT X
L, X ({HI Xd+|El Xd*)), S5 . MOOC His 4
80000 Z22 HiC sk LAY PR B KB BRI 29 0 890ms, £
B AR AL FR 5 v NSGA-TT 553k P 32 AR DA A 7 A 44 CHi i)
HIARE R OGXMXP)) i RGE FEMB, 0 (%
FO MR O SRR 1385 ms, N SR K MBI, A SC ik
RS . D WS-SR 4 2 B A7 3 S 0 i A
B H OB T, A B A /NS 3 T S S A 2
BOCRIIE T 2) 7 R B AL HE B o NSGA-TT % e 5 Jin ALk
AL A I 45 A O B B A R AR . kR s e
A LR T AR I [ T 20 mis, S IO TR 1 52 A5
B e

GERIE AR T R R R 45 A R
RG22 B AR A AR, LR T AR A A . 1) A i - R
B G T S G FR R 220 T 2 S TR A 1 OGRS
ML St 2 2] 3 5 2% 3 96 IR 22 0] 9 85 B 38 056 R kAT AR, 58
W T 1% G5 R Y 303 2 780 B — (1 BRI S I 15 T 00 8 1T R 2R
WU HE % S B AT R S A 5 2) BT 3 A A0 LIRS B
ML A J0 10192 12 I 2 A o 4T B8 24 20 3 A RS 1 % 2
AR AL RRAE L ] 2 20 00 IR 56 R B AR S 96 TR 3 B 5 R
SRS BN AL L 52 B E0 P 4R 5 R i A BN s DB AL B

Prp Al A2, £ N7 B 5 A ST H R AR A 3T BEUR DL B LA
Wik 5 2R 24 B bR,

125 ) BRARHE 47 52 8 oF , MOOCCube %538 82 1 HR@5
EMRR@535%] 80. 4% 5 67. 3% ; MOOPer B HR@5
5 MRR@5 43335 93.9% 5 90. 7%, 75 3h 25 501556 B S 86
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