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Abstract: Recommendation algorithms are widely studied as the core of recommendation engine implementation,

but most types of the current recommendation algorithms have limitations on the application of user behavior characteristic

attribute, user population attribute, item characteristic attribute and user-item relation characteristic attribute. They generally

use similarity-based calculation, or model-based calculation methods, and their feature extraction and parameter tuning

depends on prior definition, with low effectiveness of parameter optimization. This paper proposes a hybrid recommendation

algorithm of Multilayer Machine Learning Hybrid Compute (MMLHC). Multi-layer neural networks are considered as model

of parameter optimization calculation and Apache Mahout implements the algorithms. The experimental results show that the

algorithm can effectively remove the noise and singular points of the original input data, optimize the weight parameters and

deviations between the layers of the model, and smooth the output data denoising and normal fitting. The index of similarity

and accuracy is improved.
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Fig.1 Model structure of MMLHC algorithm
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Fig.2 Data optimization and comparison (Group One)
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Fig.3 Data optimization and comparison (Group Two)
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Fig.4 Data optimization and comparison (Group Three)
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Fig.5 Data optimization and comparison (Group Four)
5 S 0 VI 8 AR T AE S [R] 19 TR SR L R Y 1
g, AESCER A, A AERURE BT SR AR A SR A AE 2 ()
ISR KA, HAE ARG R RE . R R T
MMLHCH ¥, ECFARE", CPRASIE 4% A 1y s /Kb
KA. RIZEAACE . SHERIRAH B R RER .
KB AES, ENRMEERFETF—8, Z22ME1%—
2%, B, FERREERIIEN T, XL EEREA MR
PET
F1 EMERERTE

Tab.1 Similarity index calculation

TRk ML N Rt LA
R BASBRIRARC g )
ECFA 85.21 81.32 85.04
CFRA 84.86 83.64 84.58
MMLHC 85.31 86.16 85.52
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Tab.2 Accuracy index calculation

Tk BORS BRI A bR (%) Ry HeA HRIEACD) R IEICD)
ECFA 84.96 82.51 75.27
CFRA 85.07 83.67 77.03

MMLHC 84.35 86.37 79.62
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