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Efficient Parallel Auto-encoder Based on Spark
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Abstract: How to find the good representation from raw data is a key and very important issue in machine
learning. Most traditional approaches are based on the relationship among data or utilize simple linear
combination, in which deep learning algorithm can perform very well in various machine learning tasks
and achieve very good representations. However, most existing algorithms are implemented in serial,
which cannot handle large-scale data. This paper proposes an effective parallel auto-encoder (PAE) based
on Spark. The proposed PAE not only can learn satisfying representation, but also can speed up the exe-
cuting time based on Spark. And then the paper adapts PAE to deal with the sparse data. Experiments
conducted on two tasks, i. e. , classification and collaborative filtering, demonstrate the effectiveness and
efficiency of the proposed PAE.
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Structure of a simple auto-encoder
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Fig. 4 Efficient parallel auto-encoder based on Spark
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Tab.3 Accuracy of SVM %

I 5 L 41 VB 2-worker 3-worker 4-worker
0.6 70. 57 75.42 77.39 77.75
0.7 72.14 76. 22 78.15 77.69
0.8 73.42 77.95 76.99 77.39
0.9 75.31 75.69 78.02 77.65
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TEHEAF 25 0 1 oL 52 6 v o AR SCAH 1 AR 9046 [ 43 /% (Non-negative matrix factorization, NMF) 5
W% ZR 46 M4 /3 fi# (Probabilistic matrix factorization, PMF){E 5 PAE Wi W S 2B i, Hf NMF 5
PMF ¥5k H F PREA" T H A1,

A HE R B v T H A (Personalized recommendation algorithms toolkit, PREA) J& — A4~ 1 4k #
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Fig.5 Time cost comparison between SAE and PAE
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squared error, RSME)f Jy i i AL ROR I R (E . SE 3 AT PAE 20 5 LA user Hl item £y 4 J& A2
PRUEAT IRARRRAE . SRR T A SO IR 7 12: 3875 O PAE, Ml PAE . KRR 5 WL 45 R 1971
fEHIZE 4 PR,

Tab.4 Experimental result of recommendation system

G S B NMF PMF PAE, PAE,

MAE 0.769 7 0.830 2 0.833 6 0.823 7

100 K RMSE 0.977 3 1.013 8 1.031 2 1.028 1
TIME/s 2.3 26.9 22.0 38.0

MAE 0.704 0 0.807 3 0.849 3 0.8217

1M RMSE 0.897 0 0.986 5 1.030 6 1.030 5
TIME/s 200. 9 407.2 115.0 63.6

MAE — — 0. 835 2 0.794 2

10 M RMSE — — 1.032 3 0.990 5
TIME/s 115.2 88. 4

MAE 0.789 1 0.829 2 0.797 0 0.766 6

NetFlix RMSE 1.019 8 1.009 7 0.992 6 0.965 6
TIME/s 6.6 108. 4 42.6 12.4
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