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ABSTRACT

In the financial investment management strategy, the distributed investment selecting and combining various financial assets is
called portfolio management theory. In recent years, the blockchain based financial assets, such as cryptocurrencies, have been traded
on several well-known exchanges, and an efficient portfolio management approach is required in order for investors to steadily raise
their return on investment in cryptocurrencies. On the other hand, deep learning has shown remarkable results in various fields, and
research on application of deep reinforcement learning algorithm to portfolio management has begun. In this paper, we propose an
efficient financial portfolio investment management method based on Asynchronous Advantage Actor-Critic (A3C), which is a
representative asynchronous reinforcement learning algorithm. In addition, since the conventional cross—entropy function can not be
applied to portfolio management, we propose a proper method where the existing cross-entropy is modified to fit the portfolio
investment method. Finally, we compare the proposed A3C model with the existing reinforcement learning based cryptography portfolio
investment algorithm, and prove that the performance of the proposed A3C model is better than the existing one.
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Table 1. Example of Abnormal Data in the Collected BTC Data

Timestamp Date & Time (String) Opening Price Closing Price High Price Low Price
1 1541951400000 2018.11.12 00:50 7,200,000 7,200,000 7,200,000 7,198,000
2 1541951940000 2018.11.12 00:59 7,198,000 0 7,210,000 7,198,000
3 1541952600000 2018.11.12 01:10 7,203,000 0 7,204,000 7,200,000
4 1541953200000 2018.11.12 01:20 7,204,000 7,206,000 7,206,000 7,200,000
5 1541953800000 2018.11.12 01:30
6 1541954400000 2018.11.12 01:40
7
8 1541968200000 2018.11.12 05:30 7,230,000 7,229,000 7,234,000 7,229,000
9 1541968800000 2018.11.12 05:40 7,231,000 7,232,000 7,234,000 7,230,000
10 1541969940000 2018.11.12 05:59 7,236,000 7,234,000 7,236,000 7,233,000
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4.2 Mini-Batch Sampling
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m=3 ¢ (commission ratio) = 0.0015
(i | CASH: 0, A asset: 1, B asset: 2, C asset: 3)

step
} } } f
t=0 t=1 t=2 t=3
Vp,1: 1.0 v,1: 1.0 vg2: 1.0 vg,3: 1.0
o = v1,4:500 [ 94,1:500 [ 712:600 e vy3: 540
07 | vp1:200 V1= | v,1:200 V2= | v,,:180 37 | v,3:270
3,1:300 v31:300 32240 1331270
Wo,o: 1.0 Vo1: 1.0 Vo2: 1.0 Yo;3:1.0
W1,0:0.0 :1.0 1.2 y1,3:0.9
- (W;g 0.0 = ﬁi 1.0 V2 =v2Qvy = zli 0.9 y3=v3s Qv = y:,z: 15
W3,0: 0.0 ¥31:1.0 ¥32:0.8 Y33: 1.125
bo,e: 10,000 p'o = vy - by = 10,000 p'y =y by = 10,185 p'y = v3- b, = 10,104
by:0.0 0.0 0.1 0.0
by = " _[os _[o7 _ o2
Z“’:ﬁ'g wi= <0.2> W2 = <0.1> ws=1os
3,00 U 03 0.1 m 0.3
Peeo = 10,000
Pl—Po_CZhhobo p'owa| = 9,985 Pz—Pl_CZ|Vzob1 p',wo| = 10,180 p3=p’z—cZ|v3Ob2—p'2W3|=10.089
= 0 . 1,018 = 0.0
11.877 3.737
by =pw, Qv = (gggg) b, = pw, @ vy = <5.656> bz = psw3 Q v3 = (18.683)
9.985 4242 1121
r, = In(py/py) = —0.0015 1, = In(p,/p1) = 0.0193 r3 = In(p3/p,) = —0.0090
Fig. 3. Portfolio Management Process Example
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4.3 Deterministic Policy Gradient based A3C Model
2 Ao & A¢tsl= EE Deterministic Policy Gradient

based A3C (ASC-DPG)el o1& A3} 7] DPG 7] 3}e] L) = IJM
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p ak"sn ’ )2
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i Y
Table 2. Data ranges for back-test
Ciﬁ?ﬂ?ﬁiﬁls D T Learning data period Back-Test data period

General Back-Test #1-1 10 2017-09-29 00:10:00 ~ 2018-09-21 00:00:00 2018-09-21 00:10:00 ~ 2018-10-06 00:00:00
Market Back-Test #1-2 | 30 2017-09-29 00:30:00 ~ 2018-09-21 00:00:00 2018-09-21 00:30:00 ~ 2018-10-06 00:00:00

Bull Back-Test #2-1 10 2017-09-29 00:10:00 ~ 2018-02-05 00:00:00 2018-02-05 00:10:00 ~ 2018-02-21 00:00:00
Market Back-Test #2-2 | 30 2017-09-29 00:30:00 ~ 2018-02-05 00:00:00 2018-02-05 00:30:00 ~ 2018-02-21 00:00:00
Bear Back-Test #3-1 10 2017-09-29 00:10:00 ~ 2018-03-01 00:00:00 2018-03-01 00:10:00 ~ 2018-03-16 00:00:00

Market Back-Test #3-2 | 30 2017-09-29 00:30:00 ~ 2018-03-01 00:00:00 2018-03-01 00:30:00 ~ 2018-03-16 00:00:00
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E'(0)= —logL'(9) (28)

o] HE A Fo7 ¥ A A= Full-Exploitation %4
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Fig. 4. Weight Distribution Ratio of Back-Test #3-2
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Table 3. The Final PVVR Comparison between Models
A3C-DPG, DPG, and Random

Final Portfolio Value Variation Ratio

A3C-DPG DPG Random
Back-Test #1-1 24271 1.0840 1.1012
Back-Test #1-2 1.6007 1.4968 1.0896
Back-Test #2-1 17.3247 45705 1.6175
Back-Test #2-2 4.4227 271413 1.3524
Back-Test #3-1 1.8283 1.2304 0.7155
Back-Test #3-2 1.4632 1.3918 0.7201
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Table 4. The TE and IR Values of A3C-DPG Model based on

DPG Model
Tracking Error Information Ratio
Back-Test #1-1 0.8679 1.5474
Back-Test #1-2 0.0749 1.3857
Back-Test #2-1 7.2513 1.7588
Back-Test #2-2 0.9538 1.7627
Back-Test #3-1 0.2431 2.4596
Back-Test #3-2 0.0888 0.8034
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