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Abstract

With the rapid development of recommendation systems in various fields, multimodal recommen-
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dation has become the next competitive track for personalized recommendation. In the past, neural
network recommendation models always used a single recommendation model, such as Bert4Rec,
DLRM, etc. They all have some limitations: a) a single architecture cannot thoroughly analyze the
intention of the user’s input text information, and b) the input is always limited to a single text or
image. In order to solve these limitations and realize the transition of the recommendation system
from single modality to multimodality, this paper proposes the KGBM4Rec model, which is a hybrid
neural network model based on knowledge graph, graph neural network, Bert sequence recom-
mendation and p2Net+ (ViT-L/16). This model improves the scalability of the model by constructing
a domain knowledge graph, and uses graph neural network to extract the correlation features be-
tween users and products from the knowledge graph; the Bert sequence model is used to model text
features; p2Net+ (ViT-L/16) uses a U-shaped network architecture with a series of convolutional
layers and pooling layers to extract hierarchical features from images for modeling. Multimodal
personalized recommendations can greatly improve user experience. This paper conducts experi-
ments on Taobao live multimodal video product retrieval dataset (Taobao) and Products-10K da-
taset from JD.com online shopping website. The final experimental results show that the proposed
recommendation model has achieved an average recommendation effect of 10% higher than the
baseline model on multiple datasets.
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Figure 2. An end-to-end prediction task with a GNN model
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Table 1. Accuracy performance of each model on each dataset

F 1. SRAEZYIRE LRBERI

Metric Datasets GPT4Rec InstructRec KAR KGBM4Rec
Taobao 0.7143 0.6992 0.7635 0.8347
Accuracy
Products-10K 0.7627 0.7012 0.7831 0.8379

2 NAR IR BB 45 E R ZRgh B o AR SCHE H A R AE - E b 46 11 fl-score 43714 0.9447,
0.9379, R EAL .

Table 2. F1 value performance of each model on each dataset

2. ERAEZYRE L FI ERY

Metric Datasets GPT4Rec InstructRec KAR KGBM4Rec
Taobao 0.9143 0.9192 0.9235 0.9447
F1
Products-10K 0.8927 0.9012 0.9031 0.9379

4.4.2. MSE R EFFIRRRRTEL

Ja T SEBRI T A& AR R 3 B EAS R Bt 58 LR EL, AR ITN R 3 For. mAOKseinss R o
IR, e — SR A KGBMA4Rec F R BHARBER (5 T, LR RE 5 50N 00 /& 32 3 A SR
R PR -
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Table 3. Performance of various models in MSE after experimentation on various datasets

3. BRI S TBIEE DHITSIH S A MSE BRI

Datasets Metric GPT4Rec InstructRec KAR KGBM4Rec Improvement
Taobao 1.6893 1.6322 1.6145 1.3003 24.087%
MSE
Products-10K 1.6442 1.6232 1.5325 1.3012 20.235%

M 4 BSR4 BT DL R H, KGBMA4Rec 78 7E 550 42 R B o AR SCHE H AOAE R 7E HE
T b AR I R P v T A R AR Y, #E HR@1 eIt T 17.49%; 1F HR@5 eIt 1
10.64%; HR@10 Fimit Tt T 3.17%; £ NDCG@S5 ittt T 16.96%; £ NDCG@10 i m gt
T 5.36%. PRICA SRR AE 7 ot AR HERE A A IR 2R B R HUAS T B A (R 80R

Table 4. Performance of various models on HR@N and NDCG@N after experiments on various datasets

4. BMRAER RS LTSI /E7E HR@N #1 NDCG@N BIFREL

Datasets Metric GPT4Rec InstructRec KAR KGBM4Rec Improvement
HR@1 0.3657 0.3963 0.3132 0.4373 10.35%
HR@5 0.6988 0.6107 0.6311 0.7501 7.34%
Taobao HR@10 0.8869 0.8125 0.8221 0.9033 1.85%
NDCG@5 0.6211 0.6549 0.6677 0.7721 15.64%
NDCG@10 0.8634 0.8882 0.8986 0.9233 2.75%
HR@1 0.3667 0.3945 0.3032 0.4173 5.78%
HR@5 0.6798 0.6211 0.6331 0.7521 10.64%
Products-10K HR@10 0.8769 0.8925 0.8321 0.9142 2.43%
NDCG@5 0.6311 0.6609 0.6737 0.7841 16.39%
NDCG@10 0.8934 0.8162 0.8286 0.9413 5.36%

5. GRS RE

AT R T AR EAE ML, Bert AR u2Net+ (ViT-L/16)AH 45 & 17 s 47
S, RSB I R AT R PR, P A 2 R 2 AR R e B R o SR IR AE s R Bert /7
F RSN T b () SCARRAE AT 22, 6D p2Net+ (VIT-L/16) P56 AR 0) 7 i R E AT VR B IR N 22 20 it
JE AR Al 2 AN VEAHER . SRIRZE IR, TR R NSRS HERE RORAE 2 A Bl A B HUS TR
MHEFE ORI B BRI AT R RUE M, Oy R A BRI 2T P & S5 AH DS AR (i T R Ik
THEFRT 7 ot AR TR 55
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