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Abstract

Knowledge Graph (KG) has been widely used to improve the performance of recommendation sys-
tems, especially in alleviating the problem of data sparsity. However, most of the existing multimodal
knowledge graph recommendation methods adopt fixed or simple fusion strategies (such as concate-
nation or linear weighting), making it difficult to fully model the dynamic contributions of different
modalities to recommendation decisions and limiting the effective utilization of heterogeneous infor-
mation. To this end, this paper proposes a novel multimodal adaptive fusion knowledge graph atten-
tion network (MAF-KGAT). This model introduces a modal adaptive gating mechanism. Through the
gated network, it dynamically learns the fusion weights of image features and structural embeddings
to achieve more fine-grained modal fusion. We also combine the pre-trained CLIP image encoder to
extract discriminative visual features, and fuse multimodal information based on the KGAT architec-
ture to enhance the graph propagation ability. Experiments on two real datasets, Amazonbook and
MovieLens, show that MAF-KGAT significantly outperforms existing multimodal and knowledge graph
recommendation methods in terms of metrics such as Recall and NDCG, especially demonstrating
stronger recommendation capabilities in cold start scenarios. Its effectiveness and robustness in per-
sonalized recommendation have been verified.
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HetE RGO IMARTELR T & h AR5 Bl 2. - FHH RIS I CBEHEIR [1], A OTETXTH P 5946
Z AR O AT AR, W SEERAM AR o SR, AR Ge bl IR0 308 7 vk v B AR 7 S0 28 B AR,
I T B R AR B e ANV T Bl i, 78 B SN 3 R PR RE 2 BR

NSRRI, B 7K AR RS (Knowledge Graphs, KGs) 5| NHERE R 45, i B U sk Jr Hok
FRANFEH T - WA EAS B ARE T VN KGAT [2]A1 KGCN [3 14 F Bl #12 f9 2% (Graph Neural Networks,
GNNs) [4]0FIIR ERERHAT A5, SCILEI G ORRIMERE SR G, 1E— e LIt T HEErERe.

BT ER S B VA A M AR SCE I TS T Bt ke, (B RZME T REEMME
&, BTSSR ZAENESHZESER, WEGEMSIARNE . R TS MAEMEEYS
Berfr, XA B P v B UM . 40, 7E Amazon-Book B 4ET, KEZ R A S EBBEE,
FERRBE RS A0 P 25 S 0 7 SR B 52 P 0 sl 500 SEAT Ao DRI, SO 2285 A A0 i x4 T 1 i )
A REAE, AT AR 2 A A A SR RO R U A 1Y) B )

AR, —ei A SRR AN AR B 5 2 RSB A2 &, DO R e R Rk me iz Atk
RE[5][6]. S5 )53k MMGCN [7)81 MKGAT [8]383id £ i@ @ AR s B A BB WL B A AR SE R, B
BT AR SR, XYy R ] 5 AU B M A SRS, B U AN TR A o AN R B ) B A
TERIAE ST TERAS TR EAYBBSHRIE N T, FAME T AES5IANGgS, NHEABIIKEY
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R ERAE, ASCHRH — P i 2 S AR EHEHEFE R A MAF-KGAT (Modality-Adaptive Fusion
with Knowledge Graph Attention Network). ZMM7E KGAT HESE b 5| N8 A H 3& M1 # HLH,
FEIH HOsh AT S A RIR R R SRR otk . BAT E, A SCRH TR CLIP [9]E1% 2w
Fh S S B R SO ARFAIE , 085 3 S AR g R Rl 3 R By s AR i A, AT 7EAR
WA B RO 78 o0 A ALY, AR A UK B AR IS B SRR S M IR R, S TR I S 1

TEZ AR LRIt as AR, Frig i MAF-KGAT 752 FiPl i & NI T3 ity
%, UHAER R Z) . BRI B i 5 b R R R Az A RE

AW EZETTEREFE: 1) T M T AR B ) 2 RS EREES MAF-KGAT, Sl 45 i s
WEMGAE B BE N RS 2) Bt 7RSS T 1B, K1l Zk CLIP AR 2 % KGAT
R 3) @S Iz SEIR IR | TR T VELE 2 Pk HERE I b A R .

2. HXTI1E

A 7 [ JT 5 A SO AR DG 10 = BEROR T 1), ARG T AR B (4R T ik 2 AR S AR
(IR SRmg, DLRO Lt 2] 5 Z RS T A R EHERE R G IR o a8 o AR 31 T v O 7 S
SR, SR SR E RIE . S EBRE IR A s T THAAAEA 2, AR
FEH I MAF-KGAT #5725 5 B L At

2.1. ETARERREESE

SRR P i DR HGAE SR S ABRTAE SCHERR 7 TIOR3, B 2 B T R Gerh, U AR B s i
PERNYA JB 2 1) 87 TR I o AT 7792 32 B ] 3 i N il 6 75 1 R T R A 4 I 4% 1) 7 1

RN G T S @A - Y0 8 B S AR B ) SR O R BB, LIl A uE S5 %0
NN AT . ACEME TAEW CFKG[10]. MKR [11]41 DKN [12]4r Hl@E i BES I, 24552 2] 5]
WA SINENRTE BB . SR, WRTTVEZ R AP RS Rl G 50, DU P2 B 250 T i v
BB SRR 2, XM SCARSE AR ZE A A RS 1V P [R) i B e 70 TR

RBGEET SE RS B RS 7, WA E 2D 5 N B #H 4 N 4% (Graph Neural Networks, GNNs) #1741
WEEHERE . KGCN [3]. KGAT [2]F1 KGIN [13[I#40E R G HEIPURIEGE SR A @, sSeilm b
SRR 5 TAEW KGTN [14]. LGMRec [15]45 4 Transformer 45 #5454 5 2 B85 B T4 —
BAR . IR LT VARG TS T R R, ARSI E S5 AR, SRS AT
EARE AR, HLBZ 0 AN RIS S b M B2 EE 0 B

2.2. BRTSFHES AR EERIRLS SRR

LA RN B E I SN B SCREA RS RS, B3R TR RIREE K RILGE ) . MMKG
[16]HHE SR AR H Oy B RS HERZ AT FUdR (it 1 5 A LA

FERERI LT3, MMGCN [7]81 MKGAT [8 ] % 3 i E A8 i A i AL i & 45 4 S AL 345
B AR LRI T HEREERE . R, IXRTTIEZ RN SR AR S T M DURYE AN FE A B
HEAE B SN SABERLERE, H5SINE BIURBIS TR, (R4 8 BB &5k 5 RS2 R

NIRTHREAS R & B &R E, BT TT I ABSR FF SRR AIHLE] . MMKGR [17]8] X 22 > 1
SRS B, VBKGC [18]3 THlZR 2SR S @GRS CAF R 2R, KBEOHETIR
SCHF A REORLRE B B A i S S, i DA I S SEAE R 3 5t v S B R M P AR 4L
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23. MEEFE IS HEEMINEGS %

AR, WG ST ORI T HERF Rn B R B F B, SGL [19]+ SimGCL [20]#1 LightGCL
(2138 i 2 W B s s i P sl s s e s R R M . TEZ RS Reh, MR-MKG [22 )i B A X b2y 2
PRI EE 5 SR — 80, FHE S B HEIRATS P IS R 8UR .

5 LA, CLIP [9)% A5 Tl R B 5| NHERE RS0, FTHEEGE i & FRIE X FRoR . RGN
IR AR T TR B S,  AR B R T AR AT 25 U0 Th I A 2R RS L i B4 o DA S LS AR AE 5 45 R RN
VB SURKEFFE5 ) 8, A5 b S AN Y, AR SRR R IR L.

gi b, DA HEET RR B R T VAT A MR SO T VS T Bk, (H7E 2B A SR L
PHFEA R, FEARBEME T NS EERWEEEA LU AR A5 P2 a R . &5t Bid
WA, ARSCHEH ) MAF-KGAT FEALE 51 AEZS HIE N 1ML, 757 502 1 22 187 45549 5 0 A
BIEEM, J4E CLIP MRon 5 BER ek, SCIlm G &) 2 S m iR Bk .

3. SINESBENEIHIR SRR EEEF %

RYNAHT 2 HESHEER MAF-KGAT #2, G35 SR80 . AT Ko 018 . 5144 KGAT
[2]4HEE, MAF-KGAT 7E 2 W45 BEh & 3058 0 n0 BAE 3R DL ZRSkms 5 T HEAT T R8P .
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Figure 1. The overall framework of MAF-KGAT
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33. RRFEIE

AHRET MAF-KGAT (04— B@ B TN 2L R B 22 0 2% A% 3 i 3 25 1)
W B> S AR B 2 AR A5 IR AL B, TSR T SRR A 1 R G 5 & Bk

3.3.1. FHERALE

MAF-KGAT 2 T Wp[A) 211 Bl (CKG) [23 1M g —R 2], BEH P - Y58 B E S MR EEE
B, SEIEB R R, B IE - SRS, B - BH AR B S AR = Jn RS, miitEbiE
R FR, ARG AL LAl .

HARH, HEFE RN S B T By — AP - Piia B G, = {(u,ym.,i)|u eU,ie I} , Hrhu
M aRRHP RS, v, =18 H P u 55 Z AR BAT N Sdi . 1R 5.

SR, FREE G, L=t (hr,0) FEXALEHBE R, ke SR 2 7 75 R R
i, =Jt4H(Hugh Jackman, ActorOf, Logan) & /i i3 5 HLEE 2 [A] IR DG TG o 0 J A0, 35 T 1) RV B ) 56 3%
(t1 ActorOf 5 ActedBy), SMBERINE S, KREGHNR.

AT EE S HIREE S, BREIATH - SHAXFFE A={(ie)lic e S} , HF & IH 55
R P (A st o 3E—b 4, BATREEFHT - BUH 2. (u,i) #e e o =70 B 3 (u, Interact, 1)
IR HLE KG =Jodimta, A g mE s B

G= {(h,r,t)|h,t eI =FuU,reR =R U{Intemct}} (D)

3.3.2. BERIRALLE
RNTBINZHEMGEAE B, A TIZRE) CLIP [91# R (VIT-B/32 fic &) FEHAEAN T H KIUE ks
TERIR e, » K& OpenAL 244 (1) CLIP 527 1 (¥] VIT-B/32 MU 4 i 85 454, AL i 4E N d, =512,
B clip.visual.output_dim = 512. HTEURFHESEMBRALEEA—8, AR T — NGRS
o BN NI AL PN T
é, = Dropout (LeakyReLU(W e, + b)) )

Horb, o RAIBSEEIEIBIRN, W A KANN (dxd,) BIEGEHERE, d RSN HAR4ERE,
BN 64, b2 — KN d FIRE I, 545N e, &b T [F— K425 A] . LeakyReLU A& 3FE 4 14 30 pR 4L
Dropout HJ L4 mess_dropout[0]. %IFARIAE NI ZRd FE b 5 FARA B HARSE— R 5, sl &
BB AEARLE S R 055 5 4

W AR IRNFIB G BRI EATHHE, TR — DG RE M &, {ERE8 1A

—[,- 2d
€. —[e. e ]ER

Horb [ | R R EDHERAE . PR RRE T e RRE L E R,
3.33. ' iERLEHLE

BAVRAT T — AN REL MY, HTAREANTE Y S0 1 m R g, , KOS N —DHE
JEENHLMLP), G5 T 5%,
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LR W 5 I TR E LR
h = LeakyReLU (W, xe,, +b,)

Hp s — R MR B BUE A W, = R*™, WEIIh =R’ . LeakyReLU /WUl %, ZZMAFFIEM i1
I
NP bR = S DS RS IWEE R GRS
Glogis =W % h+b,

Hoh, W, =R R EAUIAERE, b, =R RASORET. g, =R 6% AR R
R L4
Softmax J3—4k:
BT AT I OV, BN Softmax BHGEATIA—, HEMAGRLE RHE H A
P
g= softmax (glogits /T)

Horp, WESETERY 0.5) M THRHIBE AT R, ARSI o, SEBIRN ¢, L8 I
SRR g Mg, g=[g.g | PMNFREMBE S KBEEHERL, WLg +g =1-
e, AP ERATR
Crised = &1 *€ T &, *e,
Hre,, NG Z RN, XM G RE R - 4ERRZ R, AHE R L e s, £
s WS .

34. BEBRESE
AhE JE B SRR BN KGAT FIFIRBAIE RTINS, BIH T a4l E R A .
TESE L BRALIE T, X T 4R s h, AT UL 7 Rk SR ego-network:
N, ={(h7,t)|(h,r,t) € G}

Hep, rARERRARRM, RRESLE, G RAREETITE =cdHNES.
XA JE T N BEAT IR &, BB SR R A8 (5 2.

e%2= Z ﬂ(h,r,t)-e,(l_l)

(h,r,t)ENh

ot o) ARERS 1200, SREABEA T b RAER: o) R AR -V RIAR T 7 (hrr)
R () SVERE VR, 75715 80 RE o (015 58 SR EE
I R U 1 9% AR SRR R LR 5

exp ((Wre,(l’l) )T tanh (W Yy e, ))

r-t

S e, o0 () an (7, e, )

Forbt, el A AR -1 R ¢ KR r MIBANTTRL: W, e R™ X% R r (04125
S, A5 BIOMAERE o WUTE] d' s tanh (+) NN IE DI AL, HOIARA TR EAE ST exp () WA
WA, AT WS IERG SR softmax JA— (LT, BRRFTA 7 (hyrt) IAEHRN 1.

ﬂ(h,r,t):
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Bl S5, T h B B AN RN N
= 7, )
b f (o) MEEGEEL HTLE 40 A0 8 5 LA A7 E B . J-ATKA Bi-Interaction 284 #5 &
CAESEER
£ (en-ey, )= LeakyReLU (W (e, +ey, )+, (e, @ey, ))

Hrh, o RARTCERBIRIE: W, W, e RT Ny IETI FeARTR 5 5l BT 7] 2% ] B A R ;. LeakyReLU ()
REOERE, AT HMAEL SR AEGE; o X TR A EATTZ BN RA .

W L BAER)G, PSS 2 RS LS mM S Sk R &, T T
3.5. MKEH

BRE AR SE A5 =f B Pk
3.5.1. irEEFEHS(BPR)

BT RACH P - WL X TP u, HARTH 50FEADHE j, HRKRECHN:

L,= z _logo-(j}ui_j}uj)

(u,i,j)EO

Hh o= {(u,i,j) (u,i)eR",(u,j)e iR’} TR, R FRMWERMA T u 55 ZFKOE)TH, R
SERFERIM AR MR (PO HAE: o 4 sigmoid BREL, P, =el e FRTRIMVES, I u XFIUH i (7500
. A NIENML 2%,
3.5.2. MIREERRSK (TransR)

RIKAERX . WA =TCH (hr,t)  RAMEIESREAR PR 2 Rt T i AL, Bk R 2K
SE R

L,= > —lno[f(hrt)-f(hrt)]
(hrot.t")el’
ﬂr{nr={(h,r,z,t')|(h,r,z)eG,(h,r,t')eG}, (h,r,t") 3B BENLE A A= T2 A R — A S AR T R4 8
W=Jeh;  f(hrt)= te, ~Wel, W, cR™ JEFKFR r HASHIEIE, K d 4505 ) I SEA A
B kAR R f(hr,t) DAL, R =JTTHEATRNE, RZIR.
3.5.3. THEIEM#5%

SINTIHEIENTRA R I E A0, TR A RE . 28 NIUE T TR g, €[0,1], Fom1ZBH f
I Py [ 3 1€ (ID embedding)# 7 (LS

1
Lgate = |7

> (g-u)

iel

S e (0,1) M OE A T OB A BN 0.5), 1 M H 44

3.5.4. Bk
SRR Ly B L, R /MR Adam SRS R A TR . B4 H br 2 i ML a

B = HB A A5 5k B B
L

‘total

=L,+a-L,+p-L

‘gate

DOI: 10.12677/csa.2026.163084 564 THENUR S 5 R H


https://doi.org/10.12677/csa.2026.163084

FHE, IR

b, o F1 g AR ABEAB S 43 4% ) A0 B 45 2k 5 11928 18 DU J007E S 45 2R A B iR o
3.6. IBEEZE DT

MAF-KGAT 1) B H AR -

BT Em A W24, 2% 0(M-D-2D)= O(M-DZ), Hrh M RoRBHEE, DA
N3

FIRh A B SRR Bk, 1 20MERE4EN: 0(G|-d,-d.,)
Hor |G| R s B h 1L %, g, Md, 50l 2 S b B . L R AL RS A

O(;|G|-d, -d,lj

g, TN BAGE R - A0 E N B N AT RIS, R ERE A O(|G|~dL), Hd, i
B—ZHIRNGEE
Zi I, MAF-KGAT BRIl Zhif (a2 24 Bl R A

0( +IZ]|G|-d,-d,l]

4. 0§
4.1. NG E

NS UE AT AR A A S5z ARe 0, AR SCHEIAN T T2 A8 F (A Bda 2 AT 5858 . Amazon
Books 1 MovieLens-10M.

Amazon Books K i T- Amazon Review #4748, & H AT EBRITEd3% . AT Bk
A WS T X R T AR . TETALERRY B, SRR/ HER MR 2 KIS A F s Ea sk B g,
M FIIZE CLIP ARG HHE . ##, Amazon Books &M 70,679 L 7. 24,915 NI H K&
2,557,746 Z AR EWE = o4 .

MovieLens-10M L& #) 100 /526 BT id %, ol TMDb API 3RHL, A CLIP %%Exu
TR FANREE SRIE T Wang 25 A\ [24]3E T Microsoft Satori M8 HIF &, MEBEEE KT 09 1=
M, IHOREESA B SARAR RISy, AT H] 145,406 26 =04,

YT AR, YR 80%/10%/10% M2k JaiE S5kl 4y, FHRHEA IEREARBEHLRFE— Nk
ZHIEEANNFEAR. BRESTHEBWE | i, WAL 20 ER .

Table 1. Statistics of the datasets

= 1. BEENGIHER

Dataset Amazon-book MovieLens
# Users 70,679 41,849
User-Item Interaction # Items 24915 4828
# Interactions 847,733 1,813,382
# Entities 88,572 65,801
Knowledge Graph # Relations 39 19
# Triplets 2,557,746 145,406
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AR Top-K HEFE HH I Recall@ K 5 NDCG@ K YPASHERIVERE . N T HEAT R0 EL A, Ak
Bk BN 7RI AT 10 PR BCPYIMEME N 445 R, K ®E N 20,

ERANEIEE ERASG— 28 E. AP SR RRRBRNLEELNR 64; EIMAMLZE KA bi-
interaction &4k, GRUEYEE 64, 32, 16], ANHHBE(E FHBEALIFE A — 10 LARR v B AL 7. BALR A
Adam f0ALR%, E3IF N le—3, L2 IEMARBEEN le—5, FFERIEETEFRESE 10 # LRI AT 1R

4.2. REFGZERIMEREELE

AR SO TR ) MAF-KGAT #5875 2 f R ML 48 5 il A7 7 bR, IRas U At 8 il i o
SRR Z RS HER SRR A 1A . BARAHE: 1) NFM [25], —Rhah & 720 5 0 2 X 4% (1 1 ) 5t
Jii%; 2) CKE [26], BeA BB RIS 55 2 BRI FIFEERSIRL ;. 3) CFKG[10], it knif i
RAZEA T P 55 2 BEIE LS5 2R 4) RippleNet [27], FEBLH P DS AR 1 b ()38 2 AL 48 F
SYKGAT [2], FEF BEZ AP AR EIEHE A 6) MKGAT [7], 78 KGAT HEZLH 5] A AL REEE
1T ZBEAS G 7) MMGOCN [8], 2 T BB 2 SR ik 8l 5 IR KRGt b, 3800F T MAF-
KGAT £ 2 BLAS fil i 5 HEE M Be 7 T AR 24

2R T B AAE Amazon Books 1 MovieLens HIMERESE 5 .

Table 2. Performance comparison on two datasets

2. MANBIRE LA REXTLL

Model AmazonBooks MovieLens
Recall@20 NDCG@20 Recall@20 NDCG@20

NFM 0.1323 0.0847 0.3520 0.4632
CKE 0.1311 0.0852 0.3585 0.4661
CFKG 0.1109 0.0755 0.3447 0.4520
RippleNet 0.1270 0.0883 0.3627 0.4718
KGAT 0.1443 0.0971 0.3750 0.4793
MMGCN 0.1500 0.1011 0.3900 0.4977
MKGAT 0.1539 0.1036 0.3978 0.5081
MAF-KGAT 0.1603 0.1072 0.4121 0.5230
Y%Improv. +4.2% +3.5% +3.6% +2.9%

A LLE H, MAF-KGAT 7£ AN B & 1 Recall@20 5 NDCG@20 fabx _E35 B f At K . /£ Amazon
Books |, MAF-KGAT #H% MKGAT fE Recall@20 5 NDCG@20 73 l## Tt 4.2%5 3.5%: #£ MovieLens
AT 3.6%55 2.9%. S5 HRM, IS FIE R LTS, BIA AR TG Ao b A L S A5 (S
S

PERESR T E VR TP J7 TR — AR B I B [ T4 L A 08 A 45 101 H 18 3 25 T B4 o0 5 45 R R AR 1)
HEME; T2 KGAT W EIVER NG 8 1 mBis UL RRRE ). AHECR RS RLE SIS 1) MKGAT,
MAF-KGAT f£ 2 #4515 BRI B B RIG M 5 8 k.
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4.3. jHR4SCLG
NYAIE & A& SRS I/E R, 7 Amazon Books AT T IHAhSELE, 45 RU0%E 3 fix.

Table 3. Results of ablation experiments
3. HAMLIEER

FETAR A Amazonbook
Recall@20 NDCG@?20
Base (JEfA17)) 0.1462 0.0968
base + image ({5 SHH4EE) 0.1504 0.1007
base + image (Z& i@ &) 0.1556 0.1031
MAF-KGAT (GE¥ER — [JHRE) 0.1603 0.1072
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Figure 2. Effect of embedding dimension
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Table 4. Effect of the initialization sensitivity of modal gating bias terms
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Table 5. Effect of model depth
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Figure 3. t-SNE visualization results
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Table 6. Cold start scenario experiment results
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Table 7. Comparison of recommendation performance under different proportions of missing images
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