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Abstract

In this thesis, we try to apply reinforcement learning to forecasting price trends
of finance assets. We combine the forecasts with the Black-litterman model and
construct various globally diversified portfolios. In our paper, we use the Proximal
Policy Optimization algorithm to forecast assets’ price trends by historical price and
volume. The prediction of results are used as the investor’s views in the Black-
Litterman model for asset allocation. This study compares the performance of the
portfolios under different reward setting and number of updates. The empirical results
show that reinforcement learning has predictive power at a certain number of updates.
The portfolios performance in this study outperform the benchmark portfolios at
600,000 updates. In addition, for the reinforcement learning, training the model with
different reward setting has a greater impact on performance than increasing the

number of updates.

Keywords: Portfolio, Reinforcement Learning, Black-Litterman Model, Proximal

Policy Optimization
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% —# Black-Litterman #%
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He R:ABHEKH > ANX1IOGE u: HEZRLERH > ANX1HG
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i#/b(Reverse Optimization) #iB £ % B HEHR A T M EF EE ST 5 EL
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1. BHR—RABBEEZNBA 10%ABEARB
2. B ARABE—WRERMBREE—_SH 2% A
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FBBUALFFTUAEY » REHFRIE REMRNEHEL > B & MM
b T AR B o KPR A E MBI > £ Meucci (2010) #4X B #
EBMEREBEEAENKEERL » 3% # He and Litterman (1999) ¥ #4#1

BEORE AR R 3Gk ey te B AR 0 R AT AT ¢

Q(k) = (P (k) + i/ (PEP)(k, k), k=12, ,k (3.5)

where = diag(tPXP")

He¥ PANXN@BEMBERE ; n, €{-2,-1,1,2} 2 REABHEEAEKR

Bk~ hEK >~ NRARIR e

313 TN

BEEAT B LI B H e AL B X ik Bp o] R A 5 A8 %8 4R B
B FZ A
1= N(up,25,) (3.6)

where  pg, = I1 + 3P’ (TPEP’ + Q)~1(Q — PII)
g = (@) + PQ7P) !
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Litterman #% & 454 &

wp = (6Zp.) ' up, 3.9

F_8 HBIEH

KRG PHEENLHBCL T ARER > RABCLEESETK > BEN
BENREF EFHBRARBBHE  RENBAIAER X PPO JEH % > H4a

FEANEE R RE > AN BHBNER T LS -
3.2.1. EAEH

ol 3.1 A7 0 R — BRI E a8 LARHF—BAREABAERY

EREHAKIEA (Agent) » AREAIE AT E) &y 3k L F 3% (Environment) * &

FtE BERAREAETHARAENERAXRBRME  HAKEs K
EAME| LS 0 GARIE X T4 H ks (Policy) #uhARH B9 E1E a, > BER
w7 LA RAE B R B mg(acls,)  TREH KRB HBAN O ALBZ JH > AME
PER RIS —EAHENER T, - BBREBER L ERE > A3
RRER S BEARERREAEINFAREZRERAEERRE BAZ « HITT R

5 BB R R A2 (Trajectory) &+ & vt = {si,al, s, ab, -, sk ab}» H¥ TR&EHE
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e rt+ 1
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AT @B B4R RACHA 48 45 By - Fo iR 4ok 35 522 B A% MU B B kR AF
MR > F & @ EF ik (Gradient Ascent) REM L 0> ZHEZEE R A n B>

RHABAOT AT
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By AR > EAREZEMEARBRTE—EHEST LT SREBMLAY
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FdoF

T; 5 .
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BAR (3.14) KTAEH - EH 3 d RES AR > 232 Yyl &
V(s) = E[S i vt trli|s =st] » —aea Tyt tr) 148 BB R R 3

FAN R EPIT I ol 2B EF00 58 > B AR a SEE M ¢ B8 o ST
e EE > B —ERE 6T AR RR Ty o BEREDIITHF al A
Ty BB R R B L E AR ey R AL 0 BB BN 0 2] 1 97 LA F 8P

TR R BEBITRBIRA - BB JIHOE I V(s * B AHE —EKES!
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1V o o
VErpyoROI~ 5 ). > Allsha)Vlog (po(ails)} (. 19)
=

t=

#(3.13) XL > BUER WAL R (3.15) B RE A (] al) R B H
w0 & AY(shal) BIER  RELEMKE si FTHATIE al Pro&sg e kR 528
PRI RN > K4E Viog {pg(al|si)} 897 @ B3 58 > b3k A3 Ao
po(at|si) etk s MR > % AV (st al) & & > RIE Viog {pe(al|sh)} 9 R I
w0 BEREH O LR AIRD po(al|s)) 9tk E - &4 (3.12) 8t G 15X > HAEL
TEEHMSBOTURTIA TR EYE2FF A

1N Ti ] . o
0 0+nxy> > AlshahViog (pe(ailsh)  (3.16)
i=1 t=1

3.2.3. 3% R%E1E(PPO)

E— BN BN GR RSB L > BRSO T BB R
Ty MIBIMA G UG ARG FEEASE EAZREN S E > Mk
EEM—REBMLIAZENARIZELE » FHRILE RSO E R KRB
#2 > HLPPOEA LB A T S 4 RebHh 6y R - L E 2l ey Rz
REF) EARMER 0 B BRI A B E o L FERE BOREAT AT E G R R o

PRk LR AR > PPO S8 4 SR w6 A% R ) e 36 5 £ 34k A Off-Policy &9
FRAREFEY  BEEBMA PN LI O 05 PPO R A4 Aok mp ATILE Y
RRERE MABA B BRE 1y WENRRERRENELIOG > BT
BB R A R R R A - 2R R RN 0B BAKA
% —XBRENER  SXHEBIKR T ZER EE MR (mportance Sampling)#)
A BN T A& PPO EEF AR 0 AN BfTEBE EHRESNE
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BHRARAERB qrERNOE ZHE ) Ep »ETHHEME > ALHLTK
By lf(0)] = fﬂwmwM—ff«W(%@m —@wp(f() (3.17)
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ey £ 2 > A LR BB AEEHKRE > £E18 3.17) X&E (B.15) A

po(aclse) o
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BpeTi5i® (3.18) RiIehdilny BHEBOZBRHEJOO) » TR :
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] (9) - E‘L’~p9/(‘[) Do (Clt|5 )A ( St at)l (3 19)

IE (3.17) KRFE @ Mm LAE A R HIRAEKTT B po(0) HARIEE S
per(D) > EEEMHLERNEFELIREMERS  HARMEORTERE  B2F £

R f o TR

o’ _ . pG( tlst)
] (0) - E‘L’~p9,(‘r)[mln (pg ( tl t) t ( Sg, a t)

. p@( tl t) o'
clip(—————=,1+¢,1—¢)A7 (s¢,a
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(3. 20)

E#mkdm6§fﬁg1+5L4>W%£%ﬁ%éﬁtk»dm&%%%%
e’tt

%M/\j}'/\l 1 _ zFEI H pg(at|St) r;!,:' 7]_/\\1 5 1
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e MR 1—eBl—e TR (3.20) RARBMIY - % AY (s0,a)) B EH
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REKRE s, FIAT a, KRBT > B3 mEEE py(asls,) 128 At

Mol > 2 P(eSO) yo o niiain 1 e s BB A 14e s B2 2
per(A¢|St)

A (s a) B AERERE s, THT a, ERA £ » BILBERELKE

po(aclsy) ’%%fﬁwummﬁ CRIMHIA L — e BBABAESH
9’ tiet

o ERFIBPTEABEHFLEERATEE—FIHEA > B 3.2 T °

"g‘ A?I(stn at) >0 ’é‘ A? (St, at) <0
1 t
14 - } 1+¢
1 i 1

1+¢ | 1+¢ ‘
_ DPs (atlst) . De (a¢lse)
" per(aglsy) per(atlse)

1+ 1 1+4¢ PersiEce 1+ 1 1+e

B 3.2 BAR®REE A

M PPO EE £ PERAIN MG B2 A BEE L% FE TR

max [8po(0) = Erep, oy [JELip(0) — €0 (0) + ¢, HO (5] (3.21)

T ) 2
Jor(6) = [Ztl:tyf'—tr;, +yT"WV(sp) — V(ST)] (3.22)

HY (s) = = ) por(arlse) logpor(aclsy) (3.23)

BAZ A (3.22) %347 #% % (Mean Square Error) * B 89 & {& 453t H 89 V(s,) AE A%
RARIE > R EMONAST L M BAEKX (3.23) AIAT AR B EAE L (Entropy) % &
AR 0 AR EAMAE T B DR R 098 1F > 38w sb PR A K AEF Bk An B 2| R
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21) P °
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WMAFA T AFERE R RPEILARRIZ BT AL
43.1. BRALR L

o AR B & BRI R B — B AR R AT AT 09 BRI 5

l4
WaL tUBLt

1
\ 5WBL,tZWBL,t

s.t. WéL,tl = 1, 0< WpLt <1

max

43.2. REXZF@L

AP RATEmEZ L AE ~ FEERETAEURARTEXRE AcE
AR E o TR B 486 B AR BB T & 6 TAAF A o BLAE A9 IK
W FEMHERETAGALHERAHRT BN ELXAEE S mERF
BREMEGARFEEERGER IR ERE > B ETERZEERAR
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K3 %% Donthireddy (2018) > A EBR T3 ¥R ey s AR B £ 485
) A 4% ETF M AREBRTAGMEA#E A REBEHNEABILELEBRE
HEBY R BCEAT R B 5 A BT & B & KRR 30 ReGFRIKDE » R AT ERAK

A Black-Litterman 2  F > 32| & R oML &£ > BPARARRZZ BT AL -
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Rk RABRAFH BAXRBRARAAZ  KEF =GR LA RE

F—f FHRRENRE

AF % %% Donthireddy (2018) > H B b3k ~ A AR LB ARk 4

1 Ao -

41 RRETAEAHBRIE S LH/BRARET A5

AR Et REE EA
EEM iShares MSCI Emerging Markets ETF L 3
EFA iShares MSCI EAFE ETF Ak
GLD SPDR Gold Shares ETF w4
IYR iShares US Real Rstate ETF (B G E
TLT iShares 20+ Year Treasury Bond ETF AR KA NME

AR A BB BB B A 2006 F 1 B 3355 2021 £ 11 A

26 ° FFA Bk % B A Yahoo Finance °

® 4.2 Kot EEMMAEER

EEM EFA GLD IYR TLT

EEM 1.00 0.62 0.54 0.42 0.27

EFA 0.62 1.00 -0.03 0.80 0.31

GLD 0.54 -0.03 1.00 0.23 0.62

IYR 0.42 0.80 0.23 1.00 0.72

TLT 0.27 0.31 0.62 0.72 1.00
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432. ABEFZE@bH

Cumulative Returns

—— Market Cap Weighted
15, — Equal Weighted
—— Risk Parity Weighted
1.4
0
£
=
2
&
° 1.3
2
=}
©
=
E12
]
1.1
1.0

2018 2019 2020 2021 2022
Year

B 4.4 AEZRB@EEARBIE

ARERBEAARRIE G ZHMB F B 4.4 7 o BB R AR R4
BT AR AR o IR B 04 2020 FEF B R F R T - S HA
RigEe =W > mMEF T ENMERBTASAFEERBTAEBRAERSNEA
MIREF > 2R TR E A6 8 81 B8 E A 948 Bl Ik By A 6 O K o Btk
T MBEARRERRARL RERFTESEB R T RATF !

k4.4 AREZBOLSEHRER

Mean p.a(%)  SDp.a(%) Sharpe Omega MDD(%) Calmar

Market Cap-Weighted 12.12 11.78 1.03 1.33 8.55 1.42

Equal Weighted 12.78 11.56 1.11 1.28 11.08 1.15

Risk Parity Weighted 9.50 11.09 0.86 0.66 9.06 1.04
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MDD
FHMRE  Meanp.a(®%) SDp.a(%) Sharpe Omega ) Calmar
0
0.2m 9.52 10.41 0.91 0.92 9.27 1.03
Type | 0.6m 15.89 12.36 1.29 1.00 9.24 1.72
Im 15.14 12.42 1.22 0.84 8.04 1.88
0.2m 15.303 14.794 1.034 1.25 12.32 1.242
Type 11 0.6m 15.296 14.796 1.033 1.25 12.32 1.241
Im 15.296 14.796 1.033 1.25 12.32 1.241
0.2m 13.417 14.97 0.90 1.00 12.32 1.09
Type
- 0.6m 13.320 15.06 0.88 0.99 14.43 0.92
Im 13.045 19.73 0.66 0.64 24.97 0.52
0.2m 13.01 19.59 0.66 0.83 24.97 0.52
Type
0.6m 12.76 11.24 1.13 0.67 10.72 1.19
v
Im 12.71 10.40 1.22 0.77 8.03 1.58
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B TARRIEE # I F o > ASURHBACE B & 4 698 RAUS ML B R
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—— Min Var Portfolio
Market Cap Weighted /
151 — Equal Weighted 7/
Risk Parity Weighted
14
13
1.2
11
1.0

2018 2019 2020 2021 2022
4.6 KR MEE EHIZ B AL AL E

# 4.6 ¥ Mg EEIR BT A ARk

Mean p.a(%) SD p.a(%) Sharpe Omega MDD(%) Calmar

Market Cap-Weighted 12.12 11.78 1.03 1.33 8.55 1.42
Equal Weighted 12.78 11.56 1.11 1.28 11.08 1.15
Risk Parity Weighted 9.50 11.09 0.86 0.66 9.06 1.04

Min Variance

12.23 9.39 1.32 1.19 7.11 1.72
Portfolio

WRBFEUALBETRAES B MEEEBREAELAFHFERME LR
FHHNE FER R BN EEmEZ TS BAEHE I BFLIRK
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