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Recommendation method based on
dynamic interest propagation and knowledge graph

SHU Wei, LI Xiang, SUN Jizhou, ZHU Quanyin, REN Ke
(Faculty of Computer and Software Engineering, Huaiyin Institute of Technology, Huaian 223003, China)

Abstract: As an information filtering method, knowledge graph recommendation is widely used in the fields of e-com-
merce and social networking. However, most knowledge graph-based recommendation methods did not adopt appropri-
ate strategies to solve the problem of entity semantic relevance decay during the propagation process. Additionally,
single-dimensional modeling could not utilize knowledge graph to enrich user and item representations at the same time.
Therefore, we propose RDPKG, a recommendation method based on dynamic interest propagation and knowledge
graph. Specifically, RDPKG employs a propagation network to mine user interests of different layers to generate use
representation; and applies an attention mechanism to distinguish the importance of user interests under different
propagation layers. Then, RDPKG employs a cross-compression unit to extract valid information in the knowledge
graph to generate item representation, and applies multi-task learning to optimize the recommendation unit and the
knowledge graph embedding unit. Last, RDPKG takes the inner product of the final user representation and the item rep-
resentation to obtain the interaction probability. Comparative experiments on three real-world public datasets in the field
of recommender systems were carried out. The results demonstrate that the accuracy of RDPKG in the click-through rate
prediction task has reached 85.42%, 76.09% and 69.39% respectively. RDPKG outperforms other comparison methods,
which fully verifies the validity of RDPKG method.

Keywords: dynamic interest propagation; recommendation method; knowledge graph; entity semantic; attention mech-
anism; user interest; multi-task learning; knowledge graph embedding
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embedding for recommender systems, CKE),
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Zj v N ﬂl & i Z (Ppos > Preg) +0.5% Z (Ppos = Preg)
B A B 1 R R i
uc =
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Table 1 Basic information of the datasets
PGS WP mH xE Sk RFR =i
MovieLens-1IM 6036 2347 753772 6729 7 20195
Last.FM 1872 3846 42346 9366 60 15588
Book-Crossing 17860 14910 139746 24039 10 19793

3 B e B o P i X R i B e, S
IR BRAR AL P BE, 7R 0 s 5 B B Ak Ry o
KAREHE . % T MovieLens-1M, 14 & -4 B {8 N
4, PEAPA/NT 4 I kAR 1, A ARIE N 0;
XfF Last.FM F1 Book-Crossing, H 7 XJ 3 H 45 ¥
SridsEMFRIC A 1, BRI K 0o S2 55 40 FH iy 0
PUEIE R A SCHR [24] T AT AR IS . K5
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M 4E

RDPKG S & a3k 2 s, Hohd h Hl
K 0] e R L, koA 2SR EE B R PR, L%
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Table 2 Model parameters

A TS d ke h t X4 A

-7

MovieLens-1M 8 64 1 3 0.5 10
Last.FM 8 16 2 1 01 4x10’

Book-Crossing 6 16 2 2 01 5x10°

e
b BAiE RDPKG 52 1, 75 5 it i 1 % (click
through rate, CTR) Tl 52 56 v, it FH #E i % (ac-
curacy, ACC) FIHZ I & BB FR1E #h £k (receiver op-
erating characteristic curve, ROC) T /7 AT X (area
under curve, AUC ) R PEM BLRIZL R ; 7E Top-N 5L
4 v, {8 FH v 2R ( Precision@N ) A1 7 [7] 3 ( Re-
call@N ) R ffif e BRI HEFERSCR . ACC F8 5 J2& T
IE A REAS B o SR Y L, AR
Ntp + N1n
Nrp + Ny + Nep + Nen

A : Nep (true position ) 4 1E 41 71 I 1F & 74 4>
K, Nin(true negative ) A 7 451 T30 1E 87 141> %%,
Npp (false positive ) R £ 451 T DU 45 15 19 > 4,
Nex (true negative ) 2474 1E 451 50000 5 5 A9 1> 45

AUC FE 45 Y BUEVE F 4 0.5~1.0, AUC {H#
RFRBIL R, AN

2.2

Acc =

MXN

K M. NI IEREAR T AFEAR LR, Pl
IEFEARITR I, Pue W IAREARTS 530 Precision@N
FRNARUHESE B R AR SC I B S T H S e
i, Recall@N 7R 158 HUHE 7£ 41 3R vhAH DG 1 H kb
Jir A AR C I B S He il
2.3 Mg
23.1 A MR

B RDPKG A &M, A8 SCIE I T A 2E T
YEh #2381 CKE™?', KGCNP' | RippleNet"”* |
KGCN-LS™ | MKR™ 1) & KRGCNP" #£47 % 1 552
5%, RDPKG F1Z b J5 v B9 CTR i 52 56 25 2R 4n
3 R,

®3 CTREULBLER
Table 3 CTR prediction experimental results %

ik MovieLens-1M Last.FM Book-Crossing
AUC ACC AUC ACC AUC AcCC
CKE 80.12 7423 7446 6731 67.14 63.37
KGCN 90.69 83.40 79.43 7238 69.44 63.54
RippleNet 91.79 84.27 7994 7340 72.04 64.77
KGCN-LS 9135 84.03 79.53 7257 6897 63.53
MKR 91.22 83.74 79.50 75.04 73.42 70.22
KRGCN  92.23 84.88 80.53 73.80 73.10 66.77
RDPKG 92.81 8542 8246 76.09 7345 69.39
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Table 4 Ablation experimental results %

MovieLens-1M Last.FM Book-Crossing

Trik
AUC ACC AUC ACC AUC AcCC

RDPKG 92.81 8542 8236 75.67 73.45 69.39
RDPKG-U 9220 84.72 8095 73.55 7235 6592
RDPKG-I 91.54 8420 79.47 74.61 73.42 70.22
RDPKG-E 91.99 8452 80.64 74.83 73.02 68.81
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Table 5 Effect of recommendation unit training frequency on model performance %
WA TSR 1 2 4 5 6
AUC 92.67 92.70 92.81 92.74 92.63 92.68
ACC 85.22 85.31 85.42 85.36 85.13 85.25
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Table 6 Effect of the number of propagation layers on model performance %
IR 0 1 3 4 5
AUC 92.38 92.81 92.76 92.73 92.67 92.58
ACC 84.87 85.42 85.31 85.28 85.25 85.18
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PERE R AL, M b6 12 17 )= K B, 5 P A A
TR 119 S AU AE I, H 2 25 S L A R B 22 11 g

7, S PERE

BT NN %R A SRR RO AR B R B 1 5
M PR 245

KT HABESREFHEE RN

Table 7 Effect of interest set sampling number on model performance %
PR 2 4 16 32 64
AUC 90.55 91.33 91.96 92.35 92.61 92.81
ACC 83.09 83.92 84.51 84.82 85.19 85.42
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