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[Abstract]

Recently, deep learning, which is the most used in the field of artificial intelligence, has a structure
that is gradually becoming larger and more complex. As the deep learning model grows, a large
amount of data is required to learn it, but there are cases in which it is difficult to integrate and learn
the data because the data is distributed among several owners and security issues. In that situation we
conducted parallel learning for each users that own data and then studied how to integrate it. For this,
distributed learning was performed for each owner assuming the security situation as V-environment and
H-environment, and the results of distributed learning were integrated using Average, Max, and
AbsMax. As a result of applying this to the mnist-fashion data, it was confirmed that there was no
significant difference from the results obtained by integrating the data in the V-environment in terms of

accuracy. In the H-environment, although there was a difference, meaningful results were obtained.
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I. Introduction
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II. Related Works

1. Parallel Learning
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Fig. 1. The structure of data parallel
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III. Unification of Local Learning Models
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Fig. 3. The Structure of Unified model in data parallel
environment.

IV. Experiments and Results

1. Data and Experimental Environment
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Table 1. fashion-mnist data set
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Table 2. The Computer specification used in model
training

RAM
16GB

Disk
SSD 1TB

GPU
RTX-2080 6G

CPU
i7-6500U

2. Process of Experiments
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Fig. 4. The Structure of H-dataset and V—dataset in
security environment
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3. Result of Experiments
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Table 3. Model accuracy result in V-environment

local local Unified model accuracy
epoch | accuracy | accuracy

P (trained (trained b
model 1) | model 1 avg max absmax
1 91.41% 91.51% 76.13% | 18.28% | 71.10%
2 92.43% 92.13% 93.00% | 85.32% | 91.53%
3 92.46% 92.96% 93.44% | 58.03% | 92.50%
5,000 | 93.26% 92.43% 93.73% | 89.60% | 93.22%

Table 4. Model accuracy result in H-environment

local local Unified model accuracy
epoch| dccuracy | accuracy
P (trained (trained b

model 1) model 1 avg max | absmax
1| 9371% | 98.33% | 47.33% | 11.49% | 47.08%
2 | 9458% | 9828% | 56.40% | 49.51% | 56.95%
3 | 9501% | 98.48% | 64.49% | 27.14% | 62.76%
5000 95.02% | 9841% | 78.68% | 71.49% | 70.73%

V. Conclusions
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