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Input: populations, generations, cache
1 for step in 1...generations:
2 s1, s2 = selection (populations) /7 ME FE
3 s = crossover(sl, s2) /] A} AAE
4 s = mutation (s) /] "ol A4l
5 node, value, gradient = evaluate (s)
6 new_node = search(cache, value, gradient)
7 swap (s, node, new_node) // FE3F EE it
8 evaluate (s)
9 replacement ()




Function search(cache, value, gradient)
max_fit, max_node = 0, None
for node, item in 1...items:
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fit = sum (sign(gradient) * sign(item — value))

if fit > max_fit:

Max_fit = fit, max_node = node
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mab (price — mean (price, 5)) / std(price, 5)

malQ (price — mean(price, 10)) / std(price, 10)

ma20 (price — mean (price, 20)) / std(price, 20)

vol5  (volume — mean(volume, 5)) / std(volume, 5)

voll0 (volume — mean(volume, 10)) / std (volume, 10)

vol20 (volume — mean (volume, 20)) / std(volume, 20)

stkb  (price - min(price, 5)) / (max(price, 5) — min(price, 5))

stk1l0 (price - min(price, 10)) / (max(price, 10) — min(price, 10))

stk20 (price - min(price, 20)) / (max (price, 20) — min(price, 20))

macd mean(price, 9) / mean (price, 26) - 1.0

X 3.7 dAE gke] ALt WL prices oS AlH9 FUHE v
volume< log( A + 1) & 9|3t} mean( k), std(, k), min(, k), max(, k)
St b kL 7o) Hof, 2589, Ak HAEE v s
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LI e B Random AdaBoost Gradient Grandient
U5 Forest Boosting GP

= AR 52.55% 52.69% 53.20% 52.71% 53.26%
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Abstract

Stock Market Prediction via
Gradient Descent (GGenetic
Programming

HWANG Soonyong
Computer Science and Engineering
The Graduate School

Seoul National University

Stock market prediction problems have been widely studied for
some decades and have been recently researched by machine
learning algorithms. Stock data can be easily included in noise data,
and even in the same situation, it may cause different results due to
external influences. Machine learning algorithms have been in the
spotlight for reducing noise in the stock market and improving the
accuracy of the stock market prediction. In particular, the genetic
programming was proposed to apply various objectives. For this
reason, genetic programming has been frequently used in stock
market prediction or execution algorithms. This paper analyzed the
genetic programming for simulating stock markets in each country.
Genetic programming has the advantage of being able to explore
various problem structures, but it has the disadvantage of taking a
long time to explore large problem space. To alleviate this
disadvantage, this paper calculates gradient of each node in the tree
and replaces the node to another subtree by using the gradient. In

addition, LRU cache system was proposed to maintain fast
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searching algorithm. Stock market data from Korea, North America,
and Japan were collected to evaluate the gradient descent genetic
programming methodology. In this paper, the experiments between
the gradient descent genetic programming and naive genetic
programming for each stock market showed that the gradient
descent genetic programming methodology explores faster than in
the most cases. Compared to the other machine learning algorithms,
different aspects could be seen depending on the stock market, and
high accuracy could be obtained overall. In addition, this paper
proposes back—testing procedure that is easily compatible with
genetic programming to enable continuous evaluation and

development.

Keywords : Genetic programming, Machine learning, Stock market
prediction, Gradient descent genetic programming
Student Number : 2020—23509

18 "':l‘\-_i _'q.;.':_'li' 7



	제1장 서론
	제2장 배경 이론
	제3장 경사 하강 유전 프로그래밍
	제4장 실험 결과
	제5장 결론 및 제언
	참고문헌
	Abstract


<startpage>6
제1장 서론 1쪽
제2장 배경 이론 2쪽
제3장 경사 하강 유전 프로그래밍 6쪽
제4장 실험 결과 9쪽
제5장 결론 및 제언 14쪽
참고문헌 15쪽
Abstract 17쪽
</body>

