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Abstract As deep learning with the network-based algorithms evolve, artificial intelligence
is rapidly growing around the world. Among them, finance is expected to be the field where
artificial intelligence is most used, and many studies have been done recently. The existing
financial strategy using deep-run is vulnerable to volatility because it focuses on stock price
forecasts for a single stock. Therefore, this study proposes to construct ETF products
constructed through portfolio methods by calculating the stocks constituting funds by using deep
learning. We analyze the performance of the proposed model in the KOSPI 100 index.
Experimental results showed that the proposed model showed improved results in terms of
returns or volatility.
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Fig. 1 Autoencoder Model Structure
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Fig. 2 Deep Learning Portfolio Process
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Table 1.1 Result of Experiment(30 stocks)

Funds Average Sharpe MDD
Return ratio
KOSPI100 11.48 21.07 -11.01
Equal-Weighted 8.82 26.89 -10.96
Capitalization- 9.78 22.27 -10.80
Weighted
Mean-Variance 17.75 10.56 -14.30

Table 1.2 Result of Experiment(50 stocks)

Funds Average Sharpe MDD
Return ratio

KOSPI100 11.48 21.07 -11.01

Equal-Weig 8.79 29.07 -10.06
hted

Capitalization- 8.52 2491 -9.83

Weighted

Mean-Varia 17.77 9.97 -19.8

nce
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