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ABSTRACT

The purpose of this study is to adapt Deep Deterministic Policy Gradients with Asset Allocation in SET50
Portfolio. Then measure annual return, standard deviation and Sharpe ratio of portfolio data from 4 January 2010 to
31 December 2020 compare with Equal weight portfolio that we use as benchmark. Base on this study results show
Deep Deterministic Policy Gradient portfolio can outperform benchmark. At Learning rate 0.001 Annual return
0.0018 Volatility 0.2363 Sharpe ratio 0.01 compared to Equal weight portfolio Annual return -0.0278 Volatility

0.2289 Sharpe ratio -0.12

Keywords: Deep Deterministic Policy Gradients, Machine learning, Portfolio management
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Reinforcement Learning ¥11)szgnatomimineuveanmsmdadiviminzan lunmsamuaailulyivanlu
a 4 a Yo = 2 . . 19 = Y a =
msvsnisnesalnale Taglddane3Ny Deep Reinforcement Learning ¥139UAUNIIIEUFIFIAN (Deep
learning) &uiug11DVNIV0I Machine leaming Tasldinseiiollszamifioumiven)dsugavesdoyaiilon
Y o A 1 Y v o 3 @ 1 A 1 A A 1 o o Ay Y
Tnuaseane iduradwinamsdSuiminlunaas Node vounsoviaiiuanuusiug1venadnsn la
o A ] 1 H A Yo [ 9 4 Y A o Y
NIMIAMANMIalveUATeYIY IumazaT e lddamsnulymdeyanidunianugusou
1.1 Convolutional neural network (CNN)
I 1 = AA o Y ' = ﬁ' = '
Wuszuulasenedszanfounidnyazadioszuu Inssinelssamimeunug v uaianyuziau
A o Y 1w A A o A
Ao CNN 9101 18an 1100 Tnput - idualsziangdniw ilesainanuansalumsanaiel Feature 4350
[ ' 1 4 I 1
anvaziaua1eeenu1nIngUawie I5lunsiu mput 1¥un NN Taenieluszuu CNN azilsznonlide
3 Layer 1@1A Convolutional layer, Pooling layer (¢ Fully connected layer
. I A o Y o Hq vd .
1.1.1 Convolutional layer 1] Layer 111110 lumsana Feature 20n1191n31nmnlenilu input
A o Y I @ g o ] I [ 1 U
o a3 1uiy Feature map Taglumsana Feature 1ni Tasmsutiaginmeeniudiue uaazsdiuazgn
9 ¥
T80 Cell MMTUILARE Cell WFIUATEVIUMS Convolution AU Filter 1o 14 141TJU Feature oonu1lng
1 ¥ 4
Filter N1 u3uegiuaudesns veedlindes Feature laaingalnm
< A o = o o
1.1.2 Pooling layer 11U Layer Ny lumsiSuvmanazlsmmvesdoyadiedis (Sample) 1%
' o 1 Y 1 o A ] a o g = Y Y] Ay
anasnowidudg Layer oaliieldamnsadmsiziuazinusieazideavesnin ldedaasudiuTagh 1
a9 A 7 o a % . Yy i H
gudedoya selUniniunszuaumsiidarean Tomamamanisal Overfitting 1aonaae Tuns Pooling 11U
v v
N5 LUIUMINASIBAUNTLUIUMTA34 Feature maps ADNTILN Feature map poniiu Cell 9101 Cell
v
Trunszuaums Pooling Taon1357i1 Convolution A Filter 8NASUMLDUNY Convolutional layer
1.1.3 Fully connect layer 152noUR1852 11 Multilayer perceptron (MLP) Tumsilszuianadoyah
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Ilﬂlﬂ"l]"lﬂ 2 layer ﬂﬂu‘”u1uﬂ/‘lﬂﬁﬂmﬁ13‘Vflmgvnﬂ"|ﬂlﬂﬂuﬂ$§'ﬂﬂ1Wi‘)i‘)ﬂlﬂu‘ﬂll'r]ﬂ'ﬂﬂsll
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FULLY
INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING FLATTEN Bl o SOFTMA
FEATURE LEARNING CLASSIFICATION

JUN L1 gl muaaansmauves CNN

U

(’?{ VAUIN https://www.mathworks.com/solutions/deep-learning/convolutional-neural- network.html)
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1.2 MIBEUIHVUIEINNIAL (Reinforcement learning)
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IAUAD WIAY (Agent) UASTIIADDU(Environment) FIHAUITNINTIADN NTNIEN (Action) TagnmMsnszin

o 2 2 ' o X A '
Tz 85 umaninaunadon uazduadonsz v ao1ue (State) 18251970 (Reward) Fuiludetsvend

o & v Aa A 1 g i ' A = A A J = k4
msnszsimiudinananie liitlurssednaeoiiosduanddugln 1.1 TaeNyalszasfvesmsizouivesns

v
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Fouiuvuesuianiy femimasiangaiga (Maximize reward)

'l Agent |

state reward action
S R, A
Rr+1 (
- .
< Environment |€—

31]171 1.2 29937137 191UU0 Reinforcement learning
nn: https://towardsdatascience.com/reinforcement-learning-101-e24b50e1d292

1.3 Actor-Critic
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- Value _
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Function sction
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reward

—1 Environment ’___,
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JUN 1.3 TuAdUIT Actor-Critic
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NU: https://towardsdatascience.com/reinforcement-learning-w-keras-openai-actor-critic-models-f084612cfd69
{ 3 1 A o o 2 A ' o
ngli 1.3 waasldiiiuaniio Actor Tasuaniuzlogiiv (state) andaadon vz Iianisenan manszeh
U H ' 4 7 @ A o
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1.4 Deep Deterministic Policy Gradient (DDPG)
Deep Deterministic Policy Gradient (DDPG) A umilaluivnaved Reinforcement learning technique il

' =) I 1
MINTUATIUTEHIN Q-learning LIAE Policy gradients Tawdl Actor network 11a¢ Critic network (Hudausznoy

van awaaalugll 1.4

Critic Critic Actor
Q(s,a,) Qs,a,) Q(s,a;)

DQN DDPG
31/ 1.4 Taseasravesdanes v DDPG

ﬁiﬂ: https://medium.com/intro-to-artificial-intelligence/deep-deterministic-policy-gradient-ddpg-an-off-policy-
reinforcement-learning-algorithm-38ca8698131b
mngﬂﬁ 1.4 LAAIDIANVUANAIIVOIOAND3 NUTLHI1 DON 1ag DDPG Taui DQN Vg e Q (s,2) luua
a%101%A node d7U DDPG 1119219 Actor network TumsnueinaaIN13nIzsi(action) taz1¥ Critic

' % g ' {
network T4MITMIAT Q(s,2) FAUT A1 T2112IUDY action 1141 state

Algorithm 1 DDPG algorithm

Randomly initialize critic network Q(s. a|#?) and actor p(5/6*) with weights #< and 6.
Initialize target network ()’ and 41’ with weights 9" « 69, 6" «— g~
Initialize replay buffer R
for episode = 1, M do
Initialize a random process A\’ for action exploration
Receive initial observation state s,
fort=1,Tdo
Select action a, = p(s¢|0#) + N, according to the current policy and exploration noise
Execute action a, and observe reward r; and observe new state s,
Store transition (s, a;. 7y, S¢+1) in R
Sample a random minibatch of V transitions (s;. a;. ;. s;41) from R
Sety; = i + Q' (si41. p'(s:41/604)|09) i
Update critic by minimizing the loss: L = & 3. (y: — Q(s:.a:[69))*
Update the actor policy using the sampled policy gradient:

1
Voud = % Z VuQ(5.a|0%) |s=s: amp(ss) Vou p(5]6")].

Update the target networks:
09 « 769 + (1 —7)o?
O 70 + (1 — 7)o"
end for
end for

317 1.5 Pseudocode ¥048ane3 iy DDPG
ETRE https://towardsdatascience.com/deep-deterministic-policy-gradients-explained-2d94655a9b7b
A y3 KR o a R A a o
i]”lﬂg‘]_]‘ﬂ 1.5 uaﬂﬂwmumaaﬂmwmm DDPG bl“ng‘]JLL‘lJ‘]J"IJ’E‘N Pseudocode WD TUIYNTNIINUDINITNIIU

VY0402 NUAINA
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(Open) (Open)
— ;i Vir mt
y¢ = |interestrate, =5 — 1, eer~Opem) 1 (3.2)
1t-1 m,t-1

¥ a A ' v o '
transaction cost ApvuIAvE N IMIINTIn/aeu llvesaaznanning w na1 tguiuyan wesa vl
a [ . Y1 . I 1 A o A
ale 1981 t- 1 QAN transaction fee 18 1#A1 transaction fee 1HUAIAIN AN 3.3

transaction cost = pi_1. ||(Wi—1— Wy)]|| . transaction fee (3.3)

yamveaneialialefinart (p,) awisnnildnin waguuesyanivesneialualenart-1
o 3 o v o & s a v . o ' s a
(pe—1) Mumiinveandnnindlunesa Ivale a 1981 t aUAY transaction cost tazisuyammasalnale
A28 HARDUUNUADIU AY AUNTN 3.4

p: = (pt—1.wW; — transaction cost). (y; + 1) (3.4)

LIy v v ¢ o o ¢ ay Y . o ’
Wntinvesranning vasSunesalnalea e transaction cost Lmzwammmmwm(w i,t)

wnuyasvesnanninduaazdIdIoyamveanesalvale as aunisf 3.5

Wit = Pit/Pe (3.5)
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A15199 3.1 Tasaard1e Actor Minly

Layer Shape input Activation
Input [Batch size,L,M,N]
CONV2D 1 [Batch size,L,M,2] input TANH
CONV2D 2 [Batch size,1,M,20] CONV2D 1 TANH
CONCATENATE [Batch size,1,M+1,1] CONV2D 2,W¢_q TANH
CONV2D 3 [Batch size,1,M+1,1] CONV2D 2 TANH
FLATEN CONV2D 3
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Layer Shape input Activation
LAYER NORM FLATEN
OUTPUT [Batch size,M+1] LAYER NORM SOFTMAX
M15190 3.2 Taseadna Critic nianly
Layer Shape input Activation
Input [Batch size,L,M,N]
CONV2D 1 [Batch size,L,M,2] input TANH
CONV2D 2 [Batch size,1,M,20] CONV2D 1 TANH
CONCATENATE [Batch size,1,M+1,1] CONV2D 2,Wt_1 TANH
CONV2D 3 [Batch size,1,M+1,1] CONV2D 2 TANH
FLATEN CONV2D 3
Densel [Batch size,M+1] FLATEN LINEAR
OUTPUT [Batch size,M+1] FLATEN LINEAR
INPUT
PREDICT ACTION
PREDICT Q VALUE
UPDATE CRITIC
UPDATE ACTOR

31U 3.1 Flow chart M37191Uv89 Model
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—— Agent Portfolio Value
Equi-weighted Portfolio Value

=5

100

T
200

300 400

T
500

q'i'ﬂ‘ﬁ 4.1 WamMsnaaon Learning rate Actor = 0.005 Critic = 0.001
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