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User Interest Recommendation Based on Knowledge Graph

SHEN Xue-Li, WANG Jia-Hui
(Software College, Liaoning Technical University, Huludao 125105, China)

Abstract: Data sparsity occurs in recommendation systems and the cold-start problem exists in newly launched items due
to a lack of user interaction data when providing targeted user interest recommendations. To address-these problems, this
study proposes a user interest recommendation algorithm based on knowledge ‘graphs. First, tﬂc; tackle the data sparsity
issue in users’ potential interests, it employs a multi-layer graph neural network (GNN) to capture the direct, indirect, and
deeper relationships between users and items through their embedding vectors. Second, for users’ explicit interests, it
introduces a graph structure enhancement technique to rahdomly delete explicit relationships between users and items
based on rating weights. This method leverages an encoder to analyze the relationships of new users and item nodes,
uncovering interactive relationships bﬂetween users and items, thereby addressing the cold-start problem. Finally, a feature
cross-compression module is used to combine knowledge graph embeddings with the recommendation task to achieve
feature sharing. The shared features further deepen the interaction between items and knowledge graph entities, enhancing
recommendation accuracy. Experiments conducted on the Book-Crossing and Last.FM datasets demonstrate that the
proposed algorithm significantly outperforms other baseline algorithms in terms of AUC and ACC indicators.
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AEREE (MKR. KGAT. KGIN. CKAN. BPRFM)
HEAT HRER.

MKR": & JEF AT 55 2 o (A 4 7 S92, it 5
ME 52 72 J A S HE A BRI A A B, R 45
& F P TG FL AR R SS .

KGATE: S Tassn i I 1 003, 005 P 2%
JINLEIZE SR B R A @ = K R,

KGINET: 2 58 5k S 4% P e 48 78 i P - T H 22 B
7 UKL RE, 1 e A [R) R Pl (0 e Sk, 2% BB 4R FE 1)
F P -T0E 56 R K RESAR M FEE S

KGNN-LS": o i if B FIAR 25 1 45 4, it
SBT3 IE AR A 1E AL TR A 2595 1R 84

ECFKG"Y: My 17—/ P -1 H AR, P
T S FEAH O @ PR A g SEAA, P R DG AT D (i
SRR Je) WA R SEAA 2 TR — oG &R,

CKANP*L #3778 KGNN-LS (3l b, 73 578

[ Ao 90 AP R VR P A R ST 8 R A A0 RS T

1o FH S5 ) A 9 5 s 0 PR R SR Y )45 R AT S B, R
FE R R 0 WL SR X 07 [ 6 VR 480 k.

BPRFM": FIF BPR HI#EF 4k H AR Al M IKE
22 H FE R A 7, BT A0 B0 MR HE 724 45 b g Ba st
SR,

DEKGCL®: Sl 3 5 F P -0 H P 300 A 11 7 2%
B o B S5 1, 0 P RN B G Sk B A RIIE T R
58, HEH P RRRAGET HEEAT N, ©aE5 5
HoAd H A 50050 H P [FE S

KMRH": ] X LA F 4 5 P e bk, {22
11455 2 7 ikl B B SE R i s B o6 &R, 0 A P
AT A

FEE 2 F13% 3 PP iR KGMG BIRIE P H L3

PE4E Ef CTR (A ) W SL e A Top-K 23 (45
R fEFRBL I Book-Crossing ZfE 4 1] &t % (CTR) 1
%, RICATHEEE KGMG T JE A MKR 75 AUC
T ACC Fakr L4y AT 3.3% 1 2.4%; Last.FM 4
£ KGMG FIEAHECT B A MKR £ AUC Ml ACC
Fabr o BT 1.8% F1 2.6%. 28645 1T LLE
KGMG H7E7E CTR FUll_F AR T % Gt 14 32 53, xof
Book-Crossing #4552 M A [F] HUAR B 1 777 73 A, 48
LA 4 A 1) % Zi i B KGIN AT KGAT, A3
PR KGMG 572 AUC il ACC f8HR5 IR TH 2.0%.
2.4% 1 2.8%. 4.5%, BOL AT ECFKG, KGMG
15 AUC FLACC HEFRAr BT 6.8% 1 1.9%, T W4
SCREL AR BN, B R R R B
P HEFE DO AERR 1. X LG AR 8 48 = 49 AU KGNN-LS
iR KGMG 1E AUC #l ACC $5F5 43 3T+ 8.0% F1
7.9%, P W] KGMG 8 | Tri-GNN 3% )2 35 B & w48
RN R IR, RO % 3 0 B0 5 i 1k 1)
R B = W R AEAE B () BPRFM 22, KGMG 7E
AUC Fll ACC b5 R T 9.0% F1 3.9%; FHET- X
2% B R E 22 H ) KMRH #% KGMG 7£ AUC #
ACC FBHR5> IR TF 3.9% F1 2.0%, 1B KGMG K F #
VR HE RS YR 45 AT DA SR S s BURRAE 22 HLAS 8 R HEAT R
fESL 2 5o oA A S gm R 2E 47 I 45 3 5 1) CKAN A
71, KGMG 7 AUC I ACC ks BIRTT 1.4% 1 6.8%,
SX B A P X0 i 2 5 Pl 5 ] 45 440 9 DEKGCL
L EiER KGMG‘\EW'AUG A ACC 15457 AT 1.8% AN
2.9%, {IEF 16 F B AU ) 1 68 g 1, T DA 2
TUE 2 6110 % B0 6 43 BB A L4, 45 RUR v
JE B R, Ay IR SRZ AL RE ), A SCHE Last FM
Bl R kT 0 LSRG, 45k 3 Fros. 45
R, ACEVEES VR HE bR B3RP0 AR = 1 v R,
HA BRI A S B

E ToP-K (J9 FH PRI AT K AN fAH S8 B (1)
Yuih) T A, £ % Book-Crossing $#i 42, T A1 4
[ 5 38) - oAt oo LU RS, 7E K=20 B, $2 7 R0 i
.2 K=20 i, KGMG 53k T 26 552 30 4 B g A A
KMRH $27 1.4%, # DEKGCL BRI T} 1.7%, R
R MKR $27F 1.1%. KGMG 535 7 0] 55030 4F e 7
R KMRH $2 7+ 2.9%, % DEKGCL 8427+ 3.4%,
BRI MKR $27F 7.3%. £ KGMG HiEA M %& R
HOHE AR RV JE 5 ol
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* 2 AFEBA (A ) PERE L (Book-Crossing)

PN Precision@k Recall@K

Sk AUC - dcc 5 10 20 50 100 5 10 20 50 100
ECFKG 0.695 0.698 0.034 0.030 0.017 0.012 0.004 0.048 0.059 0.079 0.081 0.086
KGAT 0.735 0.672 0.019 0.011 0.007 0.006 0.005 0.022 0.032 0.040 0.064 0.096
BPRFM 0.673 0.678 0.020 0.014 0.010 0.004 0.009 0.037 0.043 0.065 0.084 0.093
KGNN-LS 0.683 0.638 0.035 0.028 0.024 0.019 0.017 0.026 0.045 0.075 0.096 0.159
KGIN 0.743 0.693 0.036 0.027 0.023 0.018 0.017 0.038 0.047 0.071 0.093 0.138
CKAN 0.749 0.649 0.038 0.030 0.027 0.025 0.013 0.045 0.056 0.079 0.115 0.147
MKR 0.730 0.693 0.024 0.021 0.018 0.014 0.010 0.048 0.059 0.065 0.086 0.131
KMRH 0.724 0.697 0.038 0.035 0.015 0.013 0.015 0.053 0.094 0.109 0.121 0.142
DEKGCL 0.745 0.688 0.035 0.029 0.012 0.014 0.012 0.058 0.092 0.104 _ 0.125 0.145
KGMG 0.763 0.717 0.039 0.031 0.029 0.027 0.019 0.065 0.097 0.138 ' 0.171 0.192

F 3 RFMR 8 A LU (LastEM) |

ey Precision@K ’ b, Recall@K

Sk AUC Ace 5 10 20 50 " 100 5 10 20 50 100
ECFKG 0.703 0.705 0.029 0.025 0.012 . . 0.009 0.007 0.013 0.016 0.021 0.037 0.042
KGAT 0.786 0.662 0.036 0.025 0.014 0.015 0.008 0.079 0.100 0.112 0.139 0.282
BPRFM 0.729 0.703 0.034 0.027 ¢ 0.012 0.016 0.003 0.031 0.045 0.075 0.117 0.199

KGNN-LS 0.783 0.721 0.031 *© 0.026 0.014 0.011 0.002 0.028 0.045 0.057 0.145 0.213

KGIN 0.801 0.729. % 0.037 0.029 0.013 0.013 0.006 0.019 0.066 0.108 0.151 0.222
CKAN 0.792 1 0.749 0.046 0.034 0.015 0.007 0.009 0.089 0.114 0.122 0.216 0.303
MKR 0.785 0.756 0.042 0.038 0.027 0.012 0.012 0.082 0.094 0.142 0.163 0.288
KMRH 0.782 0.768 0.046 0.032 0.028 0.015 0.011 0.082 0.093 0.145 0.193 0.245
DEKGCL 0.795 0.757 0.043 0.030 0.024 0.011 0.009 0.091 0.092 0.162 0.185 0.242
KGMG 0.803 0.782 0.049 0.033 0.026 0.018 0.012 0.063 0.099 0.173 0.282 0.309

3.4 HRLSCIEABESRRBUE ST

i 3k i S 56 R 2 R U i S R AR Y
(MKR) Xf L, 360F KGMG 528N ek s FH s ai i 2
A R

ISR AR J5 1 HrREAE AE S 4 50 AN 5 . ORI
TE FH P 0% i g A0 A5 28 1 R AR SR, 1 T 2 T 9 ik 52
B N1z FEHEE AR HR vy, AR Y P 45 g 498 o 0 i R i

AR, e P O e T £, R R PN

FHL Pt MR A N2 AU o SR AR 5 S 26,
EE FE P SC A i N\ BT RIS % SR
45 8.7, 5N G SR, ELBER A P A5
F S R B, TR HR BBV (T); N3: SR
AEZC YR BTG 35 9 2E i 7 4 B, AL
HR B R R S (1) FIER (r) KA ONN 4RI
WA R . Na: ZERFAE S SR 4R 1751, SR AV G
48 UIRH 3L TE (T) R39S M S L0 A A
T B Sk

% 4 SRR B G , 7E CTR (k%) £
S5, SRR TR AE FE P SRR B OV B O,
YL Tri-GNN 23U /A0 H BB (3R
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VR 3, 4 R P2 2 2 VO, RS
Bt AL 2% R AT AL, B RS R,
ST ARAR 43 LS B AL 3 P R A 45 28
545 4 PR RIS 45 5O B A % 2 0 8
AT JE L A RO BB R B P NN TR 2
BRI 2 ()N kS (h) 5 ERHAE, T R S
(O)LBET I T W, ) CNN Rl 5 et 36 F 4
FRAR, 1B B GE, 2R TTA (5 L, YR T 6 3 5
PRI S SR P AV AE 5 SUIR 4978 AUC
A ACC bR T W, 3 J2: PR A9 22 1 453t L o 4133 )
A, KGMG SENUAE AT — ML A2 SR 4 #.78
(T) AT LA VI S5t A2, 4520 S bl S8, 8 43
B,

K4 BT

ik Book-Crossing Last.FM
AUC Acc AUC Acc
MKR 0.730 0.693 0.785 0.756
N1 0.732 0.687 0.785 0.741
N2 0.736 0.693 0.783 0.732
N3 0.745 0682 0.789 0.715
N4 0.735 0.693 0.769 0.708
KGMG 0.763 0.717 0.803 0.782
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i EN RSN

NEGUE KGMG FVEER g 5 F f i pe, did A
AN r BN [F] W 5237 5%, H6% KGMG &
E5IE WA O % (KMRH, DEKGCL) MRAT
% (MKR. KGAT. KGIN) #47E%, @it AUC fE#x
TR RUR, SIS EE iR 5 iR,

®5 MEEED, NERVIGELLS » FARHERFIANE
REXTLE

A 100%  80%  60%  40%  20% 10%

MKR 0.730  0.715 0.686 0.643 0.629 0.613
KGAT 0.735  0.711  0.675 0.656  0.622  0.601
KGIN 0.743  0.725 0.698 0.683 0.611  0.598
KMRH 0.724  0.713 0.702 0.696 0.685  0.675
DEKGCL  0.745 0.726  0.718  0.695  0.688  0.683
KGMG 0763  0.759 0.752  0.748  0.741  0.735

(e S S VB R [ U S, e b

EMRAE AR SR, JEEAT 1 10 IS5, 7T LR
&&ﬁ%ﬁ%&%ﬁﬁm‘?ﬂgiﬁi %i&#ffiixﬂz%%ﬁ
TR B AT = 100%, = b=10% i, BRI AUC
$a b R IR A, Hob KGIN B T M7k 14.5%,
BARH MKR B R B 11.7%, 1f KGMG 83k H T %

2.8%, XK ITEE NFi a5t R, KGMG Rk &
W AN AR A ME B, AR I H 1) 3R S R, [
i £ Job A 40 A0 B AL o3k 11 77 Q3R URRAIE )5, 7T LA2%
AR A A 2 )

N E R EE R NGERE . BB RE SRR S R
SRR E R BUE ST, FE00E R EUE, 76 AR B
AR P B T e, AR STHR (3811 VAR B — AN
i 1 7 . Book-Crossing Z#f £ H 52 H./ - 20 IR H

/1, BLK Last FM Bl SR P ac A 5 RGP 0L

ANJESE. KGMG B 5 HGl B (MKR) Fil £ G5 B
(KGIN. KGAT) Afl Lk, nzib%ﬁﬁ%f' ff 5T 2
HEAT 434 g W

BRURAL L OB B BUR S B, B
VERETE T SR 1 3 R LR Mk, B R A
) 4 20, HAEATTA TR, WE 3 For, BT M% %
P 000 S B0 S A it 2 AR RS KL, Bl AU (S
SR 35 PR T e

HONZERE: NSRS AS A 25 B 4 R, B
RN S B 38T, BT S S0 SRR TY, FETE N R i
64 I KT B . T 64 I, BIRIME B TF 45 T I, B Aok
R HO RN P 31 0, AT MRS AR 33 s 7,
SEF YIS T, 5T 64 ARATY P R N2

\ 0.74

¢ Voo

0.82

®m KGMG m MKR = KGIN = KGAT

0.80

0.78 |

AUC

0.70

0.68
Book-Crossing Last.F

(a) AUC \ \

0.80 -
0z ®m KGMG = MKR = KGIN = KGAT

0.76 |

0.72 +
S0l
=

0.68 |

0.66

0.64}

0.62 +

0.60

Book-Crossing Last.FM
(byACC

K2 REH R

wgre B0OK-Crossing «=e==[ast.FM
0.72 ¢

0.70 t
0 0.68 ¢
=]

<0.66 |

0.6{ 3

(a) AUC
e B0Ok-Crossing «=#==Last.FM

8
(byACC
K3 HBRZEH
EEOJER: MR 107 HNE] 107 i, BRLE AUC
I ACC [T REIAE BT T, kB i 2 o) R & B
BE N B, DRI e 2 2] R S BSOS R I Rt R v 8
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AR E WSk, AR T RE S B SR B L T 4218, i
PR I 20 R SO BEAR R, &) 5 P, i
BRI F 57 2] FR AR R B 7 A AR RE i, PR e s
HEOIRWE N 10 R R HEEE.

wgr= B0OK-Crossing ==e== Last.FM

0.80
0 0.76 +
=]
<0.74
0.72 +
0.70 1 1 : 1
8 16 32 64 128
K4 HENYERZ
0.85 g BOOK-Crossing ==e== Last.FM
0.80 -
0 0.75
-]
<0.70
0.65
0.60 1 — 1 1
10° 103 10+ 1073 102

K5 IR

4 gphREE

HHr, KEZHHEFERgG R H P -0 H A2 BB
YR T 1 R4 3 1) D) 0 2 5 Ve 5 o T £ AR AR R 1
IRE 7, B0 DA b 1a) AR H 5 T i B (1) FH P e
FFH V. Z L AR PGB R O R
JIGE AR, {1 2 2 B R4 N 25 SR EUH P AT H 1
AL 55 AR A SR AR R FH P DM 0 P 090 A s A e R s P
Pl 4540 18 5 B LA ik P LI AR DG 3%, 708 Fl il 4
TP A 2 5 1) T SORPMURR 1 X 2% 45 4, $24 F
J KD DS, A R P DS 74 B 1 AL %o
TR ANBLEE T CNN AR SC R (r) RS (1) i
MR SIUH Z B8 E R R, Rt kM2
FEAL IR HEFE S5 5. 78 Book-Crossing Fl1 Last.FM (54
AT SIS, R B A R . AR B AR, K
71T Top-K T, 554G w5ch A FE A% 57 24, 5 FH R
B L S ) P [T o RO i e v 3 ) i) R, R FH 42
REEIR ML, T EAEAE P 500 E FHIEE O R
FREL, el I 2RI [B], 2k 22T 5K 61 2 5 A R00MT 5 AT g ke
IHEFERL Y, Y AR H B T EHEF AESE.
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