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VMKGAT : VIiLBERT combined with multi-modal knowledge
graphs attention network for news recommendation
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Abstract: Recommender systems have shown great potential to solve the problem of accurate
presentation of news. Most of the existing news recommender systems only consider the news texts but
ignore the relationship between the news picture and user. However, news images are also a significant
factor in users’ decision to click on news. In this paper, we proposed VILBERT combined with
Multi-modal Knowledge Graphs Attention Network (VMKGAT) to better enhance the accuracy of the
news recommender system by using multi-modal knowledge. We used a multi-modal graph attention
technique to disseminate information on the multi-modal knowledge graph attention network, and then
used the generated images and text aggregation to embed the representation for the recommendation. It
could effectively characterize the target item and alleviate the problems of sparse user behavior and cold
start in recommendation system. We conducted a large number of experiments on two different real
English and Chinese news datasets, and the experimental results show that our model VMKGAT can
effectively improve news recommendation.
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P PR EIGHEA T A A

4 ZWHSH
4.1 U UE

4.1.1 FulEde

TR B E i AREZ HREH
A BT SCAR T AN AL ] R (A MIND™) - 78 $ 8 48
ET A58 22 B 392 S5 D HE 40eR , FR R g — BB T UL Y
N IR AL SR IR R, i addressa™® , {H X Lo A4
e b 5 & R 8 B BIAR N, HLAVF 22 208 [ 18 R
url HATTEIEMEH . BbAh, BRTE A AT 288 T
SCHT A AR

T H HT A A 2B 5 B o o
PR AT BT AT I EEAE . FESE ST
B I B s 4 5 T, %F MIND $df S pE AT T AL B, 0
N H 54 8 v s 45 3 P %o 107 1 el 193 T 32 1) 194
V51 J , A R FH B4 TR S I ket oz %) Pl Rl 4 T S
PR . WA, B TR M (20214F 91 1H &
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5 5 1]

20214F- 9 20 H ) A& Bk 1384 H s #g g g
oA s — R B AR TR P s,
HAp ik T IR sg 5o,

2 % MovieLens £ i 48 19 1 LB S (9 #4) £ 5
DT R B R A TR R, A B AR ) BB s
Nz 1R

R1 HIRESRITR

YGRS LR ) rh ST E
# 805, 298 513, 627
# 121, 029 157, 464
#28H 19, 565, 446 13, 878, 984
# 9Lk 1,175, 852 1,229,256
#RAR 20 17

# triplets 8,401, 955 7,619, 827

Rl AL BE 55 R4 FH P 80% A4 58 B 7 W2 44 il )1 R4
T A EVE IR . MIUINZREE D BEHLBERE 10% 32
HAEREIEENAESE X TR LR R H P
TAZ . B HA Ry — A TESE ], SRS P T S SR
W5 P AT AR S 85 09 5 I RE X
4.1.2 PRI

XTI A RS TP R S T A2 BRI
PR S, B O A 0 P B 1 E (B T U125
B IEI) AR 4745 53 o BEPLIESRE 20% A2 BAR N
AT R, AR A BEAE NS R T IFA top-k
7 T 4 HE 44 A RLHE R RPN  HPE A 48
FRE s recall@k F1 A — AL 475t 2113 25 (Normalized
Discounted Cumulative Gain, NDCG) ndcg@k. 7~ X
FoRN

TP@k
TP@k + FN@k

Hooh TP@k F 7R HOE B, FN@k 3 75 fi 51 1
(False Negative) o

Recall@k = (13)

_ DCG@k
NDCG@k = IDCG@k (14)
Hrp

- rel,

DCG@k = Zm (15)
rel 855 i NG5 RN FSLAHOCE 044

R rel,

IDCG@k = Zm (16)

IDCG(1deal DCG) AR DCG., | REL |FRN%S
Al B SAH M E R BN, BT A 2521, kR
UNIEwPIS

413 HZk

¥ MKGAT f5 74 5 — Se A 2y 2 i) SR L gk A7 LA,
11,4 % F FM (Factorization Machines ) ¥ /7 7% (Neural
Factorization Machines, NFM) . # T KG 1y J5 &
(CKE .KGAT) .2 #2577 (MMGCN \MKGAT) .

P23 FR L (NFM) 02 B P 1 1 R 0 il L A
(FM) , E¥ FM A AR M 2% RSB , A8 S0 it
T VA Bl 2 I 45 (1) ] S ) i st A A A L, A
iy AR — A B

HE T A 1) B3 [ 1R (Collaborative Knowledge
Base Embedding, CKE) "4 CF 5 £ #4 4k 11K S0 A
HIRFN AT AL RIS B TE G — W HEAAE SR o A S0
CKE Sk CF+25 M AR MR B

AR 7 3 ) M 2% (Knowledge Graph Attention
Network , KGAT ) 1 5& v T TransR #5415 A5 SR (19
VIR, SR G N SAARA B [ Shist 7 St . PRI
JA 2R AN 7 i) LUF AR R 4B Ja 4 B

2 1 25 P 28 FH X 4% (Multi-modal Graph Convolu-
tion Network, MMGCN)"*"/Jg&—Fi Z R , 5[5
B F P -3 H 38 B . MMGCN Sy B A
AP -3 5 =53 B SR J5 ] GON X B> 53 B AT
Ik, &I RIS RE R .

Z B3 AR B S T T W 4% (Multi-modal
Knowledge Graphs Attention Network, MKGAT )"** ]
JH Resnet50 5174 1 STF F AL S5 5314 USRI SCA f ARy
AH R B 1] &, 9K J5 i FH transE A% Y 27 > 1R E S 1Y 45
bR . 5 KGAT 25, AR S N SEARAS B 1) fh iz
FT ARG KA SRR 15 BT R A
414 SH%E

A SCfdFH Xavier W) i A W I (B 28, OF:
fi ] Adam OEALER “ORAAAY . mini-batch K/RIZE > %8
SrEL1024;5120;10240F1[0:0001;0:0005;0:001 7115
B, %FF NFM #il KGAT, 2 R 1£ {0.0,0.1, -+, 0.8}
TR %L o X T MKGAT , HAW 58 2K ] Resnet fi fi
— JZ= BERZ /Y 2048 4 R Ak, [R] IF SCAS 52 ARl
word2vec Yl Zk 300 4k {4 i) A, I8 T SIF 3303 2R 1
HARE (4] F ) . AR S VMKGAT {8 T VILBERT
0 dR Jg = A2, IR O AE FE B 40 MKGAT 1
VMKGAT i) T A SE A HE B A 64

42 TR

4.2.1 AR
J AR A S 8 SR AN SR 2 TR . VMK GAT 5
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A CHoAp A A 5 25 AR IR SR R 5 150 IR
R E RN 2 A E 2R E N AAd R E)ZE) W recall FI
ndeg TE W EUIE4E DARAR T 64k .

VMKGAT i 275 P9 > Kicdls 58 bt R
VMK GAT 7 4 SCH [ $5 4 5 A eb SO el s 42 v o
S L5 A 3 T KG I BRTS 2k KGAT 7£ ndeg@20
R T 13.11% 1 13.23%, 1F recall@20 325 T
12.98% M1 11.73%, H BLEGUE T 228 R B S 1 A
Rtk . S5HFR2MES FEGAZSBETEMELT,
AR5 % LA T KG 75 A R Akt . X 38 iE
T ARSI e HA Ty 0k AR B A

FETA W HL BT vk b, T KG i J7 i (B CKE
FKGAT) 76 P38 45 B0 T 3 F CF i 5 3k (|
NFM) , X & WA i K G i 2 R 3 T Rt fE .

LU IRl 3 T KG 1977 7 CKE A1 KGAT ¥ RE,
K KGAT PR 45 br L #0 He CKE A& B4 MR, i
IR L B R 28 A7 E 2R 0 T i KA

15— 4219 & , VMKGAT 76 W M54 T iy 48
Pr#l L MKGAT B4 5 1 2% 3] 3%, X R HIA L
D5 ] LUTE A Bt R F 285 B

R2 FREEERNEREERT

- B KT
recall ndeg recall ndeg

NFM 0.3213 0.2951 0.3165 0.2923

CKE 0.3454 0.3096 0.3323 0.3025

KGAT 0.3652 0.3203 0.3459 0.3166
MMGCN 0.3695 0.3229 0.3531 0.3202
MKGAT 0.4018 0.3520 0.3778 0.3480
VMKGAT 0.4126 0.3623 0.3865 0.3585
%Improv. 2.6% 2.9% 2.3% 3.0%

4.2.2  ZBISFHER R0

FT B GEAS [A B SR 5 m b A T KGAT.,
MKGAT Fl VMK GAT #5% B 7E G SO [ £ i £ AT
B AE A PEREXS L2 SR W3R 3.

KGAT .MKGAT 1 VMKGAT £ #5457 4F 1) )7 12
e 3 I AR RAE A9, SR 3 TR .

VMKGAT fBIUA i | & —Fh 3T KG ik,
5 MKGAT #H Lt , VMK GAT #5784 AT DL 4 i 1) HH [E15
FRUEmEErERE . 5 HALE T KGR kM,
MO IAZESE RN, ks Rk, X2
R AE YNGR S0 B T AT, VMK GAT #8584 3R 1]
G IR M5 BB A R item S, W3 3 FR .

3 HEFRMERE A ER U S E I B B R R R N

- KGAT MKGAT VMKGAT
recall ndeg recall ndeg recall ndeg

FeA 03652 0.3203 0.3675 0.3231 0.3719 0.3254
FeAR+ IR 0.3709 0.3271 0.3882 0.3424 0.3958 0.3490
Tt 1.6% 21% 56% 60% 64% 7.3%
FA+ B 4 0.3771 0.3329 0.3999 0.3501 0.4055 0.3565
Tt 35% 39% 88% 84% 9.0% 9.6%
FAR+ICA+EG 03817 0.3359 04018 03520 0.4126 0.3623
94T+ 45% 49% 93% 9.0% 109% 11.3%

4.2.3  BIRITREE YRR

MU VMKGAT BYIR E (L) WF 5 2 i AMETR )2
A PR . BARCRUE, TE{1,2,3, 4 BRI NI R 2
%, VMKGAT 1 &/l FH— 2508 45 R0 B e 3R 4
WA LU Mg 3

M VMKGAT %R B REfS K IREE T RE . AR,
VMKGAT2 1 VMKGAT3 7¢ ff A J5 m # kb
VMKGAT1 S8 T 4522 A9 etk o 3 Fp e e U5 2 1 %)
FHPY 0 ity RS AR 22 0] 1 125 B O 28 1 A 00 A AE ok
KRG e = i e 3

TE VMKGAT3 | F&hn—)2 , M4 2] VMKGAT4
S T BREGH o X R W R SR Z a1 = B ¢
5t AR YMESS 5o [ AT UGB, 24 A%
LR JZEOR T 30, TE M R bR & T R, RIS )2 5L
SEROMEIFEANGONET PR AR S R . X AT RE R
Bl R s E B G

AT R 2 R 4, ZH00E 0L T , VMKGAT1 1R
ST HABRELL . FRRIRIE TIZ R A R, &5
FINZ T e B A — B e &R

R4 RNEERHHZIT

Y SR ] HhCE
iR
recall ndeg recall ndeg
VMKGAT1 0.4015 0.3603 0.3810 0.3565
VMKGAT2 0.4126 0.3623 0.3865 0.3581
VMKGAT3 0.4133 0.3645 0.3877 0.3589
VMKGAT4 0.4130 0.3643 0.3871 0.3580

424 REJZWEm

AR RA ZTEBRI B /EH i PR
R A )2, Bl Add JZ F1 Concatenate |2 224 > FIHR R %
FIRRA o BERITREE [ h 2. SEIRE5 R NER 5 s,
CONCAT #Ric i /2 4 5 A T ADD Anic Y 2 i 4
ik e — AR R, RS SR B AR AR SE A0 B
SCAFNAT AR B, X 2605 B 5 L i — i S 4



24 T AR B 2 4 (A AR R 2 D)

5 5 1]

SR, BAIAER — 1 X asE . ADD 2 PR
J:IE MR S50 KRR B 5 & T A R

SCAE TR ERAE o PO FEAR [R] B s TR, Ay
UE B A3 2 B2 9 5 SCRTRL, BT LA AN RRAIE A B 4
FEAR A B L o 1T CONCAT J&RFIE 22 [ 4 B 1
P, S A N R S [ R E Y SC HL

®5 REEMIZM
At BEICHT HhOCE
recall ndeg recall ndeg
ADD 0.4126 0.3623 0.3865 0.3585
CONCAT 0.4139 0.3688 0.3891 0.3602
5 Hit

ZIKjCjI%EILHT ol 35 1 R RS 1 A AR ——

4 VILBET My 2 £ & J 1 B 38 3 2 ™ 4%

(VMKGAT) T HERE RS 5] AT VILBERT £

YA AL RN 22 B 3SR R S 4 A R R AL

VMKGAT #5 B3 35 2 > SEAR Z (8] i HE R OC & 4 B

AN SR A AR SR E B R A B A B, mT LA A A

R SRAE R o WA BRI A R S
WEHT T VMK GAT #5581 /5 B FIAT 300k

AR SO Z2 LA TR B TS AR HE 7 E R e v 04 o FH

T TR IR LR AT T 3 — 2 1 FoE .

/u\

*%ﬁ%ﬁ?&%ﬂ% TERHEST R EEZ MRS
ana =,
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