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Abstract

We study financial portfolio optimization 1n the presence of unknown
and uncontrolled system variables referred to as stochastic factors. We
propose FalLPO (factor learning portfolio optimization). a framework
that interpolates between deep policy learning and continuous-time
finance models.

Problem Definition

Notations are provided below:

o Assets prices S; := [S!, 52, ---8%]T and factors Y.
¢ Risk-free return as zero.
e Terminal wealth under a policy: Z7.

Porttolio optimization aims to maximize the expected terminal utility:

C|U(Z7F)], with two examples: the power utility U(z;7) := 1%%1_7

with & =Rr™", y> 0, and y # 1; and the exponential utility U(z;y) :=

XY with 2 = r and y > 0.
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Figure: Power & exponential utilities.
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Background

DDPG directly maximizes the following performance objective:

max V (6p) with V(6p) := 2[U (%)), (1)
D
Stochastic Factor Models explicitly formulate the dynamics

dS: dw .

= [5(Ys65)de + ) gd (Y5 65)aW,

S; ~ )

dY, = fy(Y,;05)dt + gy (Y;;05) T dW,.

FalL.LPO

We propose FaLPO with a neural stochastic factor model and a model-
regularized policy learning method.

Neural Stochastic Factor Model

AS: dw .
Tit = fs(Xi; 05)dr + Zglsj(xﬂ 05 )dW;,
5 ]:1

dX; = fx(X::65)dt +gx(Xi: 65) dW;.
X = ¢(¥:;65).

Model-Regularized Policy Learning
e From the model we can derive the functional form of an optimal

continuous-time policy:

ﬁ't* — I—I(l‘7 St,ZhXt; 9;{-),
where the functional form of I1 can be obtained in many existing
stochastic factor models.

(3)

e Given the specific functional forms in (2), FalLPO conducts model
calibration :

maxL( 9¢ ] 95) :
O

(4)

The policy learning procedure can be summarized as:

max H(60y, 0z, Os), with

(05.6205) €
H(Qq), Or,0s5) = (1 — A)V(Q(p, Or) + QLL(qu, Os).

(5)

Theory
Theorem 1 Define V;, := V(7*) where ©* is an optimal discrete-time
admissible policy with time interval Az, and 6y, := (6 4, 07 4, 65 5,) €
argmax g, o. go)e.r H (69, 0rz,0s) with the policy functional form (3)
With assumptions above,

lim (Vi —V/(65)) =0.

Theorem 2 Finite-sample performance bounds are provided.

Experiments

Table: Competing methods and their characteristics.

Methods |Factor Representation Parametric Modeling Joint Optimization
MMMC x x
DDPG x x
SLAC x
RichID x
CT-MB-RL x x
FaLLPO

Table: Average terminal utility after tuning with standard deviation for
synthetic data

Annual Volatility 0.1 0.2 0.3
FaLLPO —0.465+0.446 —1.35+0.155 —2.737+0.219
DDPG —1.650+£0.456 —3.30+£1.294 —5.495+1.269
SLAC —0.750£0.210 —5.50+£0.011 —6.1604+0.012
RichID —3.350£0.111 —5.65+0.102 —6.32540.048
CT-MB-RL | —2.850+£0.014 —5.35+0.020 —6.16040.026
MMMC —4.723 £7.619 —5.602 +£4.299 —6.124 £3.217

Table: Average terminal utility for real-world data. Mix denotes a mix of stocks in the
previous three sectors.

Methods Energy Material Industrials Mix
FaLPO —-2.4+19-324+10 —-6.3+23 —3.5+1.5
DDPG —6.6+12 —7.34+1.5 —73+2.1 —2.5x10*+3.3 x 108
SLAC —6.8402 —7.0£1.5 —342.4+886.8 —3.0x10%+4.3x 10"
RichID —-6.5+0.1 —-69+14  —6.94+0.4 —8.1+3.9
CT-MB-RL —4.2+6.2 —5.4+4.3 —116554+32947.5 —5.7+3.1
MMMC —-85+7.6 —65+1.7 —11.0+£54 —7.5+4.4
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