®16E £1H 2 B it E M5 M A
Vol.16 No.1

2026 &£ 1 A

Intelligent Computer and Applications Jan. 2026

ARG T E T oA AL P el e R T AR R A 4R B R SCRA R ZE [T ]. B RETT S HLS BT, 2026,16(1) 1 169-177.
DOI: 10. 20169/j. issn. 2095-2163. 24032104

ATEF @R TEERZRNNEESMEE ETXREMNE

BEEE I
(EBEBIXRZE EEEESITENIEFER, LiF 200093)

B = AdRBIRER RGP RAL O RAZ — AR E 2R T Z BN, A H RTTEVE 2 AT 55 R R
28 P 28 AR T BT TE R AR THETE R RE CAGIE W2 A R0 (BTSSR T LT TRD R An ] ik — 20 0 R4 48 22 Fh i e 2R
HEATHERE o N TR DRI IRLEE, AR SCRE Y 1 JRy A0 e bR ST R 2% 2SR BT IR 00 30, LA 2 SRR o TR AE R 7 2
T A0 S SOE R I HLRR A 3R 427 bR SCiRA T 53— AN 43 3 il 22 )2 RS BOR S BUR 8 | R SCHiR AL
AN, JRrdR A AR LT SCRlE 2% A SR A ST L Rl S R B R SR B R B ARG, TR 5 B R SCRHIE AR
o 75 2 A SRR AR A SCR R, B i BB B e i i AR BUAT 55 vh 2500 T P A R Se i A

R AR oML ERERSE B UEE

&4 %S TP391.3;TP391.1;TP183 XEARERD: A XEHS: 2095-2163(2026)01-0169-09

Local and global context fusion network for CTR prediction in Factorization Machines
XIONG Zhongchi

(School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology,
Shanghai 200093, China)

Abstract: Click—Through Rate prediction is one of the core algorithms in recommendation systems and has been widely used in the
real world in recent years. Although using deep neural networks to obtain rich latent representations to improve recommendation
performance has been effectively proven in many recommendation tasks in recent years, they still face the following problem: how
to further utilize and mine multiple latent representations for recommendation. To solve this problem, this paper proposes a local and
global context—aware fusion network, which has parallel branches and includes two powerful high —order feature representation
learning components. One branch uses a cross—attention mechanism to capture the global context embedding, while the other branch
uses Multi Layer Perceptron modules to extract local contextual embeddings. In addition, the local and global context—aware fusion
network uses the Information Fusion Component to fuse high—order embeddings containing local and global context information to
guide context feature refinement. Experiments on two real-world datasets show that the proposed model significantly outperforms all
state—of—the—art models in the Click—Through Rate prediction task.
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Fig. 2 Diagram of Local and Global context—aware Fusion Network architecture
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Fig. 3 Comparison of the efficiency of different algorithms in terms of model size and running time on the Criteo dataset
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