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ABSTRACT

The accuracy of machine learning is greatly affected by amount of learning data and quality of data. Collecting
existing Web-based learning data has danger that data unrelated to actual learning can be collected, and it is impossible
to secure data transparency. In this paper, we propose a method for collecting data directly in parallel by blocks in a
block - chain structure, and comparing the data collected by each block with data in other blocks to select only good
data. In the proposed system, each block shares data with each other through a chain of blocks, utilizes the All-reduce
structure of Parallel-SGD to select only good quality data through comparison with other block data to construct a
learning data set. Also, in order to verify the performance of the proposed architecture, we verify that the original image
is only good data among the modulated images using the existing benchmark data set.
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Fig. 1 Structure of a Parameter Server system consist
with parameter server and workers including model replica
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Fig. 2 Structure of All-reduce aggregation method
consisting of only Worker

3.1, Parallel-SGD(Stochastic gradient descent)
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Fig. 3 Shifting of parameter values using Parallel-SGD
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Algorithm The process of determining the data quality

1: function BlockIndexofHighQuality:
2: Data,, is Data from Ny, Block
3:
4: with each Block:
5: logit, = model(Data,,)
6: lOS.S‘n = lossfunction(!ogitﬂ,label]
7 gradient, = GradientOptimizer
8: .computeGradient(loss,)
9: Listg,qq. append(gradient,)
10:
i;: gradSum = sum (Listgmd)
135 foriinrange(n):
};’ Listipner = innerproduct(
1 6: gradSum, gradient,)
17:
18: I = Listiyper- sortinDescOrder (Lister)
19: returnl
20:
21: end function

Fig. 4 The process of determining the data quality by
calculating the slope of the data input to each block
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Fig. 5 Perform training using modulated data for each
worker
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