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Abstract

The cloud big data is the basis of the data analysis. The security and accuracy of the big data is es-
sential to the result of data analysis. By combining Hadoop’s big data processing technology and
digital watermarking technology, a classification with DBN as a smart strategy is proposed. The
multilayer has been trained and adjusted by this scheme. The mass of data can be calculated and
the distributed data can also be obtained which is the basis of the judgment of data tampering. The
experiments show that the combination of Hadoop and Al is an effective method to the massive
data security.
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Figure 1. Restrict Boltzmann Machines, where v is visible
unit, h is hidden unit, and W is weight matrix
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Figure 2. The structure of DBN
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Figure 4. Performance curve of the BP algorithm
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Table 1. The training results of BP and RBM
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BP 200 0.081518% 0.398963%
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Figure 5. Performance curve of the RBM algorithm

[# 5. RBM ELZR M pErZ

EHEUmHE

K H SR 4 (61370145) ; VL 77 A F= 2E W Be A 6 3 i H (BY2013020) ;48 4N 7 B2 i Rl I H

(XM13B126) 14 M LA 5 75 4 54 4 (XK 'Y 2012309)

SE L (References)

(1]
(2]

(3]

(4]
(5]
(6]
(7]
(8]
(9]

Chen, T. and Liao, D.M. (2013) A study on fast post-processing massive data of casting numerical simulation on per-
sonal computers. China Foundry, 10, 321-324.

Zhou, P. and Dai, L.R. (2012) Combining information from multi-stream features using deep neural network in speech
recognition. Proceedings of 2012 IEEE 11th International Conference on Signal Processing (ICSP 2012), Beijing,
21-25 October 2012, 557-561. http://dx.doi.org/10.1109/ICoSP.2012.6491549

Hinton, G. (2013) Training Recurrent Neural Networks. Doctor of Philosophy Graduate, Department of Computer
Science, University of Toronto, Toronto, 1-93.

JKEk (2008) F:T Hadoop [ S A A B R 72 A1 R . AL AT BB K 2%, kT, 1-62.

XM, EEE, BT (2011) sb Hadoop——FEi@ M = A IFER. 7 Tl AR, Jeit.

JAKEE, AT, % (2013) 2T Deep Learning 45 &34 BB VAR . FIA WA F59R, 5, 144-149.
REHUE, JHEH (2014) 2T Deep Learning FIRTRTRARTEMR. JL50 A2 2R A #F15/K), 1, 100-110.
WHE% (2010) #EF Hadoop Map Reduce RS AR 7L, #ZE 415 /7, 8, 4-T.

M58 (2011) #:F Hadoop 2844173408 s S RIAEAE AR B HRi . A7 i 7y B 547R, 1, 70-74.



http://dx.doi.org/10.1109/ICoSP.2012.6491549

	Security Technology of the Cloud Big Data Based on Deep Learning
	Abstract
	Keywords
	基于深度学习的云端大数据安全防护技术
	摘  要
	关键词
	1. 引言
	2. 智能分类模型
	2.1. 受限玻尔兹曼机
	2.2. 深度信念网络
	2.3. 智能分类策略

	3. 海量数据处理技术
	3.1. HDFS分布式文件系统
	3.2. Map-Reduce分布式并行计算框架

	4. 仿真模拟
	实验结果和分析

	5. 结论
	基金项目
	参考文献 (References)

