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Abstract

This paper presents several models addressing optimal portfolio choice, optimal portfolio
liquidation, and optimal portfolio transition issues, in which the expected returns of risky
assets are unknown. Our approach is based on a coupling between Bayesian learning and
dynamic programming techniques that leads to partial differential equations. It enables to
recover the well-known results of Karatzas and Zhao in a framework a la Merton, but also to
deal with cases where martingale methods are no longer available. In particular, we address
optimal portfolio choice, portfolio liquidation, and portfolio transition problems in a frame-
work a la Almgren—Chriss, and we build therefore a model in which the agent takes into
account in his decision process both the liquidity of assets and the uncertainty with respect
to their expected return.
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1 Introduction

The modern theory of portfolio selection started in 1952 with the seminal paper [34] of
Markowitz.! In his paper, Markowitz considered the problem of an agent who wishes to
build a portfolio with the maximum possible level of expected return, given a limit level
of variance. He then coined the concept of efficient portfolio and described how to find
such portfolios. Markowitz paved the way for studying theoretically the optimal portfolio
choice of risk-averse agents. A few years after Markowitz’s paper, Tobin published indeed
his famous research work on the liquidity preferences of agents and the separation theorem
(see [45]), which is based on the ideas developed by Markowitz. A few years later, in the
sixties, Treynor, Sharpe, Lintner, and Mossin introduced independently the Capital Asset
Pricing Model (CAPM) which is also built on top of the ideas of Markowitz. The ubiquitous
notions of & and  owe a lot therefore to Markowitz modern portfolio theory.

Although initially written within a mean-variance optimization framework, the so-called
Markowitz problem can also be written within the Von Neumann-Morgenstern expected util-
ity framework. This was for instance done by Samuelson and Merton (see [36,37,42]), who,
in addition, generalized Markowitz problem by extending the initial one-period framework
to a multi-period one. Samuelson did it in discrete time, whereas Merton did it in continuous
time. It is noteworthy that they both embedded the intertemporal portfolio choice problem
into a more general optimal investment/consumption problem.?

In [36], Merton used partial differential equation (PDE) techniques for characterizing
the optimal consumption process of an agent and its optimal portfolio choices. In particular,
Merton managed to find closed-form solutions in the constant absolute risk aversion (CARA)
case (i.e., for exponential utility functions), and in the constant relative risk aversion (CRRA)
case (i.e., for power and log utility functions). Merton’s problem has then been extended
to incorporate several features such as transaction costs (proportional and fixed) or credit
constraints. Major advances to solve Merton’s problem in full generality have been made in
the eighties by Karatzas et al. using (dual) martingale methods. In [26], Karatzas, Lehoczky,
and Shreve used a martingale method to solve Merton’s problem for almost any smooth utility
function and showed how to partially disentangle the consumption maximization problem
and the terminal wealth maximization problem. Constrained problems and extensions to
incomplete markets were then considered—see for instance the paper [11] by Cvitani¢ and
Karatzas.

In the literature on portfolio selection or in the slightly more general literature on Merton’s
problem, input parameters (for instance the expected returns of risky assets) are considered
known constants, or stochastic processes with known initial values and dynamics. In practice
however, one cannot state for sure that price returns will follow a given distribution. Uncer-
tainty on model parameters is the raison d’étre of the celebrated Black—Litterman model (see
[71), which is built on top of Markowitz model and the CAPM. Nevertheless, like Markowitz
model, Black-Litterman model is a static one. In particular, the agent of Black-Litterman
model does not use empirical returns to dynamically learn the distribution of asset returns.

Generalizations of optimal allocation models (or models dealing with Merton’s problem)
involving filtering and learning techniques in a partial information framework have been
proposed in the literature. The problems that are addressed are of three types depending on
the assumptions regarding the drift: unknown constant drift (e.g. [10,13,28]), unobserved

I Markowitz was awarded the Nobel Prize in 1990 for his work. For a brief history of portfolio theory, see
[35].

2 This problem in continuous time is now referred to as Merton’s problem.
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drift with Ornstein—Uhlenbeck dynamics (e.g. [8,17,32,41]), and unobserved drift modelled
by a hidden Markov chain (e.g. [9,25,40,43]). In the different models, filtering (or learning)
enables to estimate the unknown parameters from the dynamics of the prices, and sometimes
also from additional information such as analyst views or expert opinions (see [14,18]) or
inside information (see [13,38]).

Most models (see [6,10,13,28-30,38,39]) use martingale (dual) methods to solve opti-
mal allocation problems under partial information. For instance, in a framework similar to
ours, Karatzas and Zhao [28] considered a model where the asset returns are Gaussian with
unknown mean and they used martingale methods under the filtration of observables to com-
pute, for almost any utility function, the optimal portfolio allocation (there is no consumption
in their model).

Some models, like ours, use instead Hamilton—Jacobi—Bellman (HJB) equations and there-
fore PDE techniques. Rishel [41] proposed a model with one risky asset where the drift has
an Ornstein—Uhlenbeck dynamics and solved the HIB equation associated with CRRA utility
functions. Interestingly, it is one of the rare references to tackle the question of explosion when
Bayesian filtering and optimization are carried out simultaneously. Brendle [8] generalized
the results of [41] to a multi-asset framework and also considered the case of CARA utility
functions. Fouque et al. [17] solved a related problem with correlation between the noise
process of the price and that of the drift and used perturbation analysis to obtain approxima-
tions. Li et al. [32] also studied a similar problem with a mean-variance objective function.
Rieder and Béuerle [40] proposed a model with one risky asset where the drift is modelled
by a hidden Markov chain and solved it with PDEs in the case of CRRA utility function.

Outside of the optimal portfolio choice literature, several authors proposed financial mod-
els in which both online learning and stochastic optimal control coexist. For instance, Laruelle
et al. proposed in [31] a model in which an agent optimizes its execution strategy with limit
orders and simultaneously learns the parameters of the Poisson process modelling the execu-
tion of limit orders. Interesting ideas in the same field of algorithmic trading can also be found
in the work of Fernandez-Tapia (see [16]). An interesting paper is also that of Ekstrom and
Vaicenavicius [15] who tackled the problem of the optimal time at which to sell an asset with
unknown drift. Recently, Casgrain and Jaimungal [9] also used similar ideas for designing
algorithmic trading strategies.

In this paper, we consider several problems of portfolio choice, portfolio liquidation, and
portfolio transition in continuous time in which the (constant) expected returns of the risky
assets are unknown but estimated online. In the first sections, we consider a multidimensional
portfolio choice problem similar to the one tackled by Karatzas and Zhao in [28] with a rather
general Bayesian prior for the drifts (our family of priors includes compactly supported
and Gaussian distributions).? For this problem, with general Bayesian prior, we derive HIB
equations and show that, in the CARA and CRRA cases, these equations can be transformed
into linear parabolic PDEs. The interest of the paper lies here in the fact that our framework
is multidimensional and general in terms of possible priors. Moreover, unlike other papers,
we provide a verification result and this is important in view of the explosion occurring for
some couples of priors and utility functions. We then specify our results in the case of a
Gaussian prior for the drifts and recover formulas already present in the literature (see [28]
or limit cases of [8]). The Gaussian prior case is discussed in depth, (i) because the associated
PDEs can be simplified into simple ODEs (at least for CARA and CRRA utility functions)
that can be solved in closed form by using classical tricks, and (ii) because Gaussian priors

3 1tis noteworthy that this approach can be carried out in the frequentist case as well.
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provide examples of explosion: the problem may not be well posed in the CRRA case when
the relative risk aversion parameter is too small.

The PDE approach is interesting in itself and we believe that it enables to avoid the
laborious computations needed to simplify the general expressions of Karatzas and Zhao.
However, our message is of course not limited to that one. The PDE approach can indeed be
used in situations where the (dual) martingale approach cannot be used. In the last section of
this paper, we use our approach to solve the optimal allocation problem in a trading framework
a la Almgren—Chriss. The Almgren—Chriss framework was initially built for solving optimal
execution problems (see [1,2]) but it is also very useful outside of the cash-equity world. For
instance, Almgren and Li [3], and Guéant and Pu [22] used it for the pricing and hedging
of vanilla options when liquidity matters.* The model we propose is one of the first models
that uses the Almgren—Chriss framework for addressing an asset management problem, and
definitely the first paper in this area in which the Almgren—Chriss framework is used in
combination with Bayesian learning techniques.> We also show how our framework can be
slightly modified for addressing optimal portfolio liquidation and transition issues.

This paper aims at proving that online learning—in our case on-the-fly Bayesian
estimations—combined with stochastic optimal control can be very efficient to tackle a lot
of financial problems. It is essential to understand that online learning is a forward process
whereas dynamic programming classically relies on backward induction. By using these two
classical tools simultaneously, we do not only benefit from the power of online and Bayesian
learning to continuously learn the value of unknown parameters, but we also develop a frame-
work in which agents learn and make decisions knowing that they will go on learning in the
future in the same manner as they have learnt in the past. The same ideas are for instance
at play in the literature on Bayesian multi-armed bandits where the unknown parameters are
the parameters of the prior distributions of the different rewards.

In Sect. 2, we provide the main results related to our Bayesian framework. We first compute
the Bayesian estimator of the drifts entering the dynamics of prices (more precisely the
conditional mean given the prices trajectory and the prior). We then derive the dynamics of
that Bayesian estimator. These results are classical and can be found in [5] or [33], but they
are recalled for the sake of completeness. In Sect. 3, we consider the portfolio allocation
problem of an agent in a context with one risk-free asset and d risky assets, and we show how
the associated HJB equations can be transformed into linear parabolic PDEs in the case of a
CARA utility function and of a CRRA utility function. As opposed to most of the papers in the
literature, we also provide verification theorems. This is of particular importance because the
Bayesian framework leads to blowups for some of the optimal control problems. In Sect. 4,
we solve the same portfolio allocation problem as in Sect. 3 but in the specific case of a
Gaussian prior. We show that a more natural set of state variables can be used to solve the
same problem. We also provide an example of blowup in the Gaussian case. In Sect. 4, thanks
to closed-form solutions, we also analyze the role of learning on the dynamics of the allocation
process of the agent. In Sect. 5, we introduce liquidity costs through a modelling framework a
la Almgren—Chriss and we use our combination of Bayesian learning and stochastic optimal
control techniques for solving various portfolio choice, portfolio liquidation, and portfolio
transition problems.

4 Guéant et al. also used the Almgren—Chriss framework to tackle the pricing, hedging, and execution issues
of Accelerated Share Repurchase contracts—see [20,23].

5 Almgren and Lorenz used Bayesian techniques in optimal execution (see [4]), but they considered myopic
agents with respect to learning.
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2 Bayesian learning
2.1 Notations and first properties

We consider an agent facing a portfolio allocation problem with one risk-free asset and d risky
assets.
Let (Q s (]-',W) teR, ° ]P’) be a filtered probability space, with (]-',W)

usual conditions. Let (W;),cg, be a d-dimensional Brownian motion adapted to (]—'tw) teR,

teR, satisfying the

with correlation structure given by d <Wi, Wj)t = pijdt foralli, jin{l,...,d}.
The risk-free interest rate is denoted by r. We index by i € {1, ..., d} the d risky assets.
Fori € {1, ..., d}, the price of the ith asset S’ has the classical log-normal dynamics
dS! = p'Sidt + o' Sidw}, (1)
where the volatility vector o = (!, ..., 0% satisfies Vi € {1,...,d},c" > 0, and where
the drift vector u = (1!, ..., u?) is unknown.

We assume that the prior distribution of 1, denoted by m,,, is sub-Gaussian.® In particular,
it satisfies the following property:

I >0, B[ :f P, (d2) < +o0. 2)
zeRd
Throughout, we shall respectively denote by p = (p"j)lfl-,jsd and ¥ = (pijoiaj)lsi,jsd
the correlation and covariance matrices associated with the dynamics of prices.
We also denote by (¥;),cr, the process defined by

Viel{l,...,d},vt eRy, Y/ =log$!. 3)

Remark 1 Bth n z}nd‘ (Wi)ier, are unobserved by the agent, but for each index i €
{1,...,d}, u't + o'W/ is observed at time ¢ € R because
i iwi i i 12

/Lt+<7W,=Yt—Y0+§U t. “4)

The evolution of the prices reveals information to the agent about the true value of the
drift vector . In what follows we denote by 5 = (.ES ) teR, the filtration generated by

(St)ser, orequivalently by (¥;)er, -
Remark2 (W;);cRr, is notan F S_Brownian motion, because it is not FS-adapted.
We introduce the process (8;);cr, defined by
VieRy, B =E[M|]-',5]. (5)
Remark 3 (B;);cr. is well defined because of the assumption (2) on the prior m,,.

From an investor’s point of view, (B;);er, is of main concern. It encapsulates the infor-
mation gathered so far about the returns one can expect from the assets.
The first result stated in Theorem 1 is a formula for §;.

6 This assumption can be slightly relaxed, but we consider this simple one to simplify the statement of our
results.
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Theorem 1 Let us define
F: (t,y) e Ry xRY > / exp ((z —ryz!
R4

[y - Y +(—rT + %6 ©) 0) t— %(Z - rT)D my(dz), (6)

where © denotes the element-wise multiplication of vectors.
F is a well-defined finite-valued C*® (R4 x R?) function.

We have
VieRy, B =G, Y)+rl, (7
where
G=2F ®)
==
and where we denote by 1 the vector (1,....,1) e R4,

Before we prove Theorem 1, let us introduce the probability measure Q defined by

9Q _ (—a( )Y p ' Wr — loz( ) pa( )T) )
Ip = <P WP Wr = sa'p” e (T |,
/
wherea : z = (!, ..., 7z9) e R4 > (Z;—T’ e Zi—;’) and T is an arbitrary constant in
R*.
+
Girsanov’s theorem implies that the process (W,@>t 071 defined by
€lo,

i

ut—r
—

Qi .
Vie{l,....d), Vi €[0,T], (W,) - W+ ‘, (10)

is a d-dimensional Brownian motion with correlation structure given by p under Q and

adapted to the filtration (F7), _ . ;- Moreover
ds} ; i
Viell..d). o =rdito (aw?)" and

t
2 .
i o i Q\'
ay; =<r— : )dl+a (dw,) . (1)

The following proposition will be used in the proof of Theorem 1.

Proposition 1 Under the probability measure Q, w is independent of WtQ forallt € [0, T].

Proof Since, for all ¢ € [0, T'], u is independent of W, under the probability measure P, we
have, for (¢, a, b)€[0, T] x R x R4,

EQ [exp (ia’u + ib’WtQ)]
1
=E [exp <ia’u +ib (W +a(u)t) — () p~ ' Wr — Ea(u)’p_la(u)Tﬂ

= E|:exp (ia/u +iba(u)t — %a(u)/,oflcx(p,)T)
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E[exp (ib'W; — a(,u)/,o_IWT)’ ] :|
=E| exp (ia/u +iba(p)r — %a(u)/p*‘a(M)T)

E[exp (ib' W, —a(w) o~ (Wr — W) —a(u) p~' W) | 1] }

=E| exp (ia’u +iba(pu)t — %a(u)’p‘%{(u)T)
2 1 /
exp (Ea(m’p‘la(ma - r)) exp (5 (ib—=p~a@v) o (ib—p a(w) r) }

=E[exp (ia')] exp (—%l/,ob) )
Now, let us notice that
E9 [exp (ia'n)] = E [exp (id'w) %] =E |exp(ia'n) E [%‘ ,u:l =E[exp (id'n)]
=1

and exp (—%b’ pb) is the Fourier transform of WtQ under the probability measure Q.
Therefore,

EQ [exp (ia’pL + ib’W,Q)] = E9 [exp (ia'p) ] E© [exp (ib’W,Q>] ,
hence the result. O
We are now ready to prove Theorem 1.

Proof of Theorem 1. Let us first show that F is a well-defined finite-valued C®° (R, x R?)
function.
We have

V(t,y,2) € Ry x RT x R exp ((z —riys~!

- 1 t >
y=Yo+|—-rl+ 000 |t—=(z—rl)
2 2
- - 1
<exp ((z —ryz~! [y — Yo+ (—rl + EG @a) ti|> .

Therefore, to show that F takes finite values, we just need to prove that for a € R4,
/d exp(a’z)m, (dz) = E [exp(a’p)] < 4o0.
R

Thanks to condition (2) on the prior, there exists 7 > 0 such that E [exp (1 [|1[|*)] < +o0.
Therefore,

Va e RY, Elexp(uw'a)] =E[exp (a'n — nllnl*) exp (7 |nl?)]

<exp (sup az—n I|z||2> E [exp (n ll1)]

zeRd
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<exp (”Z}I7|2> E [GXP (77 ||M||2)]

< + 00.

Consequently, F is well defined and takes finite values.
For proving that F is in fact a C>® (R x R?) function, we see by formal derivation that
it is sufficient to prove that, for all n € N,

aeR /d llzlI" exp(a’z)m, (dz) = E[ll]" exp(a’ )]
R

is bounded over all compact sets of R?. We have

Va e RY,Vn e N, E[lul"exp(a'n)] =E[llnll" exp (@'u — n llll?) exp (n )]
< sup (llzI" exp (a'z = n l1zI1*)) E [exp (n | 41)]

zeRd

< sup [lzI" (exp (llzll llall — n 1zI1%))
zeRd

E [exp (n lll%)] < +oo,

hence the result.
We are now ready to prove the formula for g;.
By Bayes’ theorem we have, for all ¢ in [0, T],

P
P . 15
t = .
dP S
B2 45| ]
Since

ﬂ — ro—1 Q_Z .|
40 = exp (a(u)p Wy 2()l(u)p a(u)>,

we have
EQ I:/,L exp (oz(,u)’,o_IWﬁTQ - %(X(M)/,O_la(l/«)) |]:ts]

" ke [exp (oo™ Wi = Tauyolaw) 175]

Proposition 1 now yields

EQ [u exp (ot(//_)//f' W,Q - %OI(M)/P*]O!(,U«)) |~7:;S]

ke [exp (o= W2 = Sauyp o)) 175

/z exp (a(z)’p” W[Q - %a(z)/pfla(z)) my(dz)

Rd

/exp (Ol(Z)/,O_l W,Q - %(X(Z)/P_IN(Z)) my, (dz)

R4
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/zexp ((z — ri)/E_l (Y[ — Yo+ (—ri + %0 ) 0) t) — %ot(z)/,o_loe(z)> m (dz)
R

- > - 1 t ’
/exp ((z —ryxz! (Y, — Yo+ <—r1 + > 0) U) t) — Ea(z)/p_la(z)> my(dz)
R4
Consequently
271(,3, —rT)

/ >z — rI) exp ((z — ri)/E_l <Y, - Yo+ (—ri + %a 0} a) t) — %ot(z)/p_'ol(z)> my, (dz)

Rd

/exp <(z —rys~! (Y, - Yo+ (—ri + %a o) o) r) - %a(z)’p”a(o) my (dz)

R4

=l
=Y

=G, Y.
Therefore, and because T is arbitrary, we have
VieR,, B =3G.Y)+rl
]

Throughout this article, we assume that the prior m, is such that G has the following
Lipschitz property with respect to y:

VT > 0,3K7 > 0,V € [0, T1,Vy € RY, | DyG(t, y)| < K7. (12)

As we shall see below, this assumption is verified if m, has a compact support. It is also
verified for m,, Gaussian (see Proposition 12 for instance).” However, it is not true in general
for all sub-Gaussian priors.

2.2 Dynamics of (B¢)¢er,

Let us define the process (W;) s, DY

. . t,LLi—ﬂi
Viefl,....d},Vi € Ry, W;=W;+/ . (13)
0 o

Remark 4 The process (W,),GR . is called the innovation process in filtering theory. As shown
below for the sake of completeness, it is classically known to be a Brownian motion (see for
instance [5] on continuous Kalman filtering).

Proposition 2 (W’)16R+
same correlation structure as (Wy)er, , i.€.,

is a d-dimensional Brownian motion adapted to (_7_-tS ) teR, with the

Vi,jell,....dy, d(W Wi, =dW K Wi, =pldr.

7 Because we are dealing with asset returns, the class of compactly supported distributions is sufficient,
from a financial point of view, to deal with almost all relevant cases. Gaussian distributions are not in that
class but Gaussian priors are approximations of real-life beliefs that are used mainly for their convenience in
computations.
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Proof To prove this result, we use Lévy’s characterization of a Brownian motion.
Let t € R4. By definition, we have

~ 1 St 1 .
Viell,...,d}, W;:(Ii(log(Si)Jrzaz t) 0 fjds
0

hence the F;° -measurability of W,
FS } .

Lets,t e Ry, withs <t. Fori € {1,...,d},
For the first term, the increment W/ — W/ is independent of F)” and independent of .

t
~ o~ 1 . .
E[ W - W, ff]ﬂ@[fs (' = Bidu
Therefore, it is independent of > and we have

ff] :E[W{ —wi

) s ) )
E[W; — W ]—'S] = E[W/ — W/]=0.
Regarding the second term, we have
r 1 ] )
E[/ — (' = B,)du ff]:/ E[*(M - fs]du
s O

el )
= 07

by definition of g.

We obtain that (W,) is an FS-martingale.

_Since (W,)teR+ has contmuous paths and d(W', W/), = piidt, we conclude that
(Wz)th . 1s a d-dimensional F S_Brownian motion with correlation structure given
by p. O

We are now ready to state the dynamics of (B;),cp, -

Theorem 2 (Bt)ier, has the following dynamics:
df; = £D,G(1,Y,) (0 ©dW,). (14)

Proof By 1t5’s formula and Theorem 1, we have

»ldp,
d I T
=0,G(t, Y)dt + ) 8,G(t.Y,) dY] + 5 3 pz/o—lafa}%iin(t, Y,)dt
i=1 i j=1 '
=09,G(t. Y)dt + ) 8,G(t.Y)) (ﬂ,’dt +oldW! — 2dt>
i=1

d
1 _
- Jslegd 92
+2'§ 1,0 oo ayl_ij(t, Y,)dt
i,j=

d ‘ 01'2
= (a,G(z, Y+ ) 0y,G(t. ) (r + (26 (1. Y) — )

i=1
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14 d
*3 > p’/a‘afayziij(z, Y) | dt+ ) o'ay, Gt Y)dW].
i,j=1 i=1
Because (B;),er, is a martingale under (P, FS), we have
d . .
dp =Y 0'%0,G(t. Y)dW] = EDyG(t. Y,) (0 ©dW,).
i=1
O

The results obtained above (Theorems 1, 2) will be useful in the next section on optimal
portfolio choice. The process (B;);cr, indeed represents the best estimate of the drift in the

dynamics of the prices.

2.3 A few remarks on the compact support case

The results presented in the next sections of this paper are valid for sub-Gaussian prior distri-
butions m,, satisfying (12). A special class of such prior distributions is that of distributions

with compact support.
We have indeed the following proposition:

Proposition 3 Ifm,, has a compact support, then G and all its derivatives are bounded over

Ry x RY.

Proof Let us consider i € {1, ..., d}. By definition, the i coordinate of G is G' =

Therefore, by immediate induction,

Ve N,Vji,....jnefl,....d},Vn' eN, 9" " G

t--t y/’l...yjn

is the sum and product of terms of the form

3tm/t8”/l<1 sk
%, form,m' € N, ky,... . kye{l,...,d}.
Now, for (¢, y) € R+ x R4, and for m, m’ € N, ki, ....kn €{1,...,d},

o om L F(t,y)

8, F

yK1cykm
F(t,y)
/ ((z — s (—ri 30 m) - %a(z)/p_la(z)) [[[l(z — 1Y e, £ (6, v, D (d2)
R4 -

/ Sy, my(dz)
Rd
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where
- - 1
f(t,y,z) =exp ((z — rl)’Z_1 <y — Yo+ (—rl + EG ® a) t) - %(X(Z)/p_lol(z)> ,

and where (ex)1<k<¢ 1S the canonical basis of RY,
Therefore

atmtaz/f(l ...ykm F([’ y)
F(t,y)

- Lo 1 "
< sup ((z —ryxz~! (—rl +-00 a) — foc(z)’p_lot(z)>
zesupport(m ;) 2 2

m
[[c-rDz e, | < +oo,
p=1

hence the result. m]

In addition to showing that the Lipschitz hypothesis (12) is true when m,, has a compact
support, Proposition 3 will be useful in Sect. 3 to provide a large class of priors for which
there is no blowup phenomenon in the equations characterizing the optimal portfolio choice
of an agent.

3 Optimal portfolio choice

In this section we proceed with the study of optimal portfolio choice. For that purpose, let us
set an investment horizon T' € R .

Let us also introduce the notion of “linear growth” for a process in our d-dimensional
context. This notion plays an important part in the verification theorems.

Definition 1 Let us consider ¢ € [0, T]. An R4-valued, measurable, and F S-adapted process
(&s)sefr, 1 18 said to satisfy the linear growth condition with respect to & = (§;)sefr, 1) i,

ICr > 0,Vse[r,T], &l =Cr (1 + sup ||Er||>-

T€(t,s]

The first subsection is devoted to the CARA case, and the second one focuses on the
CRRA case.

3.1 CARA case

We consider the portfolio choice of the agent in the CARA case. We denote by y > 0 his
absolute risk aversion parameter.
We define, for ¢t € [0, T'] the set

A = {(MS) se[t,T] » R9-valued FS -adapted process

satisfying the linear growth condition with respect to (Y;) Se[t,T]} .
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We denote by (M;);¢f0,71 € A= Ao the'Rd-valued process modelling the strategy of the
agent. More precisely, Vi € {1, ..., d}, M; represents the amount invested in the ith asset
at time 7. The resulting value of the agent’s portfolio is modelled by a process (V;):c[0,7]
with Vp > 0. The dynamics of (V;),¢(0,7 is given by the following stochastic differential
equation (SDE):

dv, = (M,’ (M—ri) +rv,) dt + M/ (o © dW,). (15)
With the notations introduced in Sect. 2, we have
avi = (M (B = rT) +rV,) dt + M) (o © dW,)
= (M]SG(,Y,) +rV,)dt + M, (6 ©dW,),
and
dy, = <ri +2G (1Y) - %o @o> dt + o ©dW,.
Given M € A, and s > ¢, we define therefore

, S 1 ~ ~
Y=y +/ <r1 +2G(z, Y1) — 700 a) dt+o0 O (Wy — W,), (16)
t

N N
voreM V+/ (Mgzc(z, Yi’y)—l—th”V’y’M) dr—l—f My (o ©@dWy).  (17)
t t

For an arbitrary initial state (Vp, yp), the agent maximizes, over M in the set of admissible
strategies A, the expected utility of his portfolio value at time T, i.e.,

E [— exp (—y V;)’ VO"VO’M>] .

The value function v associated with this problem is then defined by

v:(t,V,y)el[0, T] xR x R? sup E [— exp (—yV}’V’y’M)] . (18)
(My)sefr, T1€A;

The HJB equation associated with this problem is

. I i
dyu+rVayu + (Vyu) <r1 +3G- 500 a) +3Tr (=viu)

1
+ sup {3vuM/2G+EM/EMB‘Z,Vu—i—M/EaVVyu} =0, (19)
MeRd

with terminal condition
V(V,y) e RxRY, w(T,V,y)=—exp(—yV). (20)

To solve the HIB equation, we use the following ansatz:
@, V.y) =—exp|-y (¢ TOV o). 1)

Proposition 4 Suppose there exists ¢ € C1-? ([O, T] x Rd) satisfying

-1 1 5 1
¢+ (Vyo) (rl —300 o) + 5Tr (EVW(P) + 5G,2G =0, (22)
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with terminal condition
VyeRY, ¢ (T.y) =0. (23)

Then u defined by (21) is solution of the HIB equation (19) with terminal condition (20).
Moreover, the supremum in (19) is achieved at:

G(,y)
Y

M*(t,y) = e "D ( — Vo (t, y)) : 24)

Proof Let us consider ¢ € C12([0, T'] x I[gd) solution of (22) with terminal condition (23).
For u defined by (21) and by considering M = Me" 7=, we have

- 1 1
o +rVoyu + (Vyu)/ (rl +XG — EG Oo ) + ETr (ngyu)

1
+ sup {3VuM/)Z)G + - M'EMyu+ M’zavvyu}
MeR4 2
_ > 1
=—yu (—rVe' =04 3,(;’)) — yuer(T_’)rV —yu (qu))/ <r1 +2G — Ea 0o >

=2 (T (2V,0(V,90) + T (2V2,0))

—yu sup {M’EG—ZM’EM—yM’EVy¢}.
MeRd 2

The supremum in the above expression is reached at

~ G
M* == — V¢,
%

corresponding to

M*(t,y) = e T (G(” )
y

- Vyo(, y)) : (25)
Plugging this expression in the partial differential equation, we get:
= 1 1 2
ou+rVoyu + (Vyu) rl+ G — 50 0o |+ ETr (EVyyu>

1
+ sup {SVuM’ZG + -M'SMd}u+ M’EBVVyu}
MeR4 2

- 1
=_ yu[ —rVe T D43, + TV 4 (V) <r1+ %G - 00 0)

/ 1 G " TG
2 (90 2V 1T (250)+ 5 | 2 - w0 ] 2D - vi] |

= ) v.6) (r1+56 - $G) + 1Tr (272 ' ¢'s6
_—)/M|:t¢+( y¢) (V + —EO'OO'— >+§ r( yy¢)+g

=0.

As it is straightforward to verify that u satisfies the terminal condition (20), the result is
proved. O
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From the previous proposition, we see that solving the HIB equation (19) with terminal
condition (20) boils down to solving (22) with terminal condition (23). Because (22) is a
simple parabolic PDE, we can easily build a strong solution.

Proposition 5 Let us define
T , ,
¢:(t,y) €[0,T] x R? — EQ [/ Z—G(s, Yo EG(s, Yj'«‘)ds] , (26)
t 14
where ¥(t,y) € [0, T] x RY, Vs € [t, T},
, -1
Yst’} =y+ (rl - §J®G> s—1)4+00O (Ws@_ WtQ).

Then ¢ is a C12([0, T] x ]Rd)function, solution of (22) with terminal condition (23).
Furthermore,

A7 > 0,Vr €[0,T],Vy e R4, Vi € {1,...,d},

Vo, | < Ar(+1llylD. 27)

Proof Because of the assumption (12) on G, the first part of the proposition is a consequence
of classical results for parabolic PDEs and of the classical Feynman—Kac representation (see
for instance [19,27]).

For the second part, we notice first that

v d _ 0 "1 1y 1y
(t,y) €0, T] xR, Vyp(t,y) =E ;DYG(S, Y )XG(s, Y )ds | .
t

Therefore, by (12), there exists a constant C > 0 such that

V(r,y) € [0, T] x RY,

v,e | = sp B2[|G6 v (28)
selt,T]

By (12) again, there exists a constant C’ > 0 such that
|66 v = |66 v = 6aw| + 16wl
< [ee. v —Gan| +ca+im 29)
Now, by Theorem 2, Vs € [z, T],
G(s.¥") = G(t,y) = /S DyG(z, Y") (o © dWr).
t

Therefore,

B2 (|G, v - G || =E H

s
/ DyG(z, Y!") (o © dWy)
12

dQ
)

B [(‘j{%)p} = & [exp (~paw'o™ Wi — Lauyp )]

-1
=E [exp (%aw)’p*awﬁ)] :

Now, for p > 1, we have
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Because m, is sub-Gaussian, there exists p > 1 such that dQ € LP(Q2,P). Because of
the Lipschitz assumption on G, we have for any ¢ > 1, and 1n particular for g such that
3+ =1, that

N
/ DyG(r. Y'Y (o 0 diWy)
t

q
sup sup E[ ] < +o00.

(t,y)€l0,T]xRd s€[t,T]
Therefore,

dQ

E i
sup sup H P

(t,y)€[0,T]1xR4 s€[t,T]

s
/ DyG(z,Y;”) (o © dWr)
t

i|<+oo.

‘We can conclude that IEQ[ H G(s,Y, f - G, y) H] is bounded uniformly, and therefore using
Eqgs. (28) and (29) that || Vyd H is indeed at most linear in y uniformly in z € [0, T']. O

Using the above results, we know that there exists a C 1*2'2([0, T1 x R x R9) function
u solution of the HIB equation (19) with terminal condition (20). By using a verification
argument, we can show that u is in fact the value function v defined in Eq. (18) and then
solve the problem faced by the agent. This is the purpose of the following theorem.

Theorem 3 Let us consider the CY-2([0, T x R?) function ¢ defined by (26). Let us then
consider the associated function u defined by (21).
Forall (t,V,y) €[0,T] xR x RY and M = (My)selr, 1) € As, we have

E[—exp( thVyM)] <u(,V,y). (30)

Moreover, equality in (30) is obtained by taking the optimal control (M})sc[s, ] € A; given
by (24), i.e.,

G(s, Y™ ,
Vs e[t, T, M = e "T% ((SVS) — Vy(s, Yj’—‘)) }

In particular u = v.

Proof From the Lipschitz property of G stated in Eq. (12) and the property of ¢ stated in
Eq. (27), we see that (M)se, 77 is indeed admissible (i.e., (M])sefr, 71 € Ar).

Let us then consider (¢, V,y) € [0, T] x R x RYand M = (Ms)selr,1) € As-

By Ito’s formula, we have for all s € [¢, T']

du( tv)M’YStsy>
= Ou (S VI vy M Yl V) ds + dyu ( V;’V’)"M, Y;’y> dVSt’V’—"’M
—I—Vyu(s VIV‘M ’y) avrl”
+ lavv ( v M Yty) M!S Mds + lTr (gva ( Lyl M Yf’y))ds
+ Moy, u(s Ly oy ’y)ds
— M, (S VthM ty)ds

/ ~
(v (5 VM) M Ty (5, VY ) (0 0 W),
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where
LMu(s VI V..M Y”y)
= Ju (s v VoM oyt y) + Oy u (s v VoM ;y) (erl’V’y'M + M.2G(s, YY)
+ Vyu (s Vt Vo.M Yst’y)/ <ri + 2G(s, Yst’y) — %a @U)
+ lavvu <s yovoM Y;’y) M EM, + 1Tr <2V2 <s yovoM y;*y))
+ M/ B3y Y, u(s v ”M,KJ’»‘)
Note that we have
dyu (s, vV M oyt y) M, + Vyu ( vV M Yf’y)

= —yu (S V[ V,y.M Ysl,y) (er(T—S)MS + Vy¢(s, thqy)) .
Let us subsequently define, for all s € [, T],

K ==y (¢TI M+ V,00, 7)),

and
M s M’ =5 1 § M’ M
St,s = exXp K (U @dWr) - 5 Kk, Yk dt .
t t
We have

&M = MM (0 0 aWy)

and
-1 —1 R -1
d(gh) == (61) KM (e odW)+ (&) kM skMds.

Therefore

d( (s vV Ys”’) (5},‘?)_1>
(o) (- <s%>“w’<a i)+ (gt@—l,{ng
, @:z)“ (o440 o)
() o ) e

- (g}}g)fl.cM (s, v ) ds.
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By definition of u, £Mu (s vy V.M Y"y> < 0and LMu (s |78 V.M Ys"y) = 0if
M, = M. As a consequence, ( (s vV M oyl y) (EM)” ) o is nonincreasing, and
selt,

therefore

lV\M

u(T, V=i Yp) <u@, v, pEM,

with equality when (Ms)se[t,T] = (M;)se[t,T]-
Subsequently,

E[—exp( yv’VVM)] [ T, v My ;’y)]fu(t,V,y)E[S,’flr],

with equality when (M:)selt,T] = (Ms)selt,TJ-
To conclude the proof let us show that E [“g‘tMT] = 1. To do so, we will use the fact that

£M =1 and prove that (E%)se[l’ﬂ
Because M € A;, and because of Eq. (27), we know that there exists a constant C such

that
2)

By definition of (Y! “")selr.T], there exists therefore a constant C’ such that

is a martingale under (IP’, (ff)selt T]).

t,y
Ys

w2
sup HKS H <C|(1+ sup
selt,T1 selt,T1

M

Ks

2
=c <1+||u|| + sup W, — w,||2),

se(t,T]

sup ‘
selt,T]

Now, by using the above inequality along with Eq. (2) and classical properties of the
Brownian motion, we easily prove that

1 [UF+OnT ,
3¢ >0,Vse[t,T], E|exp 5/ kM sicMds | | < +oo. (31)
s

From Novikov’s condition (or more exactly one of its corollary—see for instance Corollary

5.14in [27]), we see that (St s) " is a martingale under (P, (]—'SS ) ), hence the result

1, 7] selr, T]

]E[—exp( th VyM)] <u(t,V,y),

with equality when (M7)sefr, 71 = (My)sels, 7]. Therefore,

u(t,V,y)=v@,V,y)= sup E|—exp (—VV;’V’y’M)]
(M')se[t TJEAt

— B [—ep (i),

m}

The optimal portfolio choice of an agent with a CARA utility function is therefore fully
characterized. Let us now turn to the case of an agent with a CRRA utility function.
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3.2 CRRA case

We consider the portfolio choice of the agent in the CRRA case. We denote by y > 0 the
relative risk aversion parameter.
We denote by U the utility function of the agent, i.e.,

7‘/1—)/ if 1
Ur:VeRi—1—y ity #
log (V) ify =1.

If y < 1, we define for ¢ € [0, T'] the set

T
Al = {(QS)SE[,,T] , R?-valued F5-adapted process, E [/ 9‘3ds] < +oo} .
t

If y > 1, we define for ¢ € [0, T] the set
Al = {(GS)XG[,’T] , R¥-valued F5-adapted process
satisfying the linear growth condition with respect to (YS)SE[,,T]} .

We denote by (6;),¢0.77 € A = .AJO/ the R¢-valued process modelling the strategy of the
agent. More precisely, Vi € {1, ..., d}, 6/ represents the part of the wealth invested in the
ith risky asset at time 7. The resulting value of the agent’s portfolio is modelled by a process
(V)rero,11 with Vo > 0. The dynamics of (V;),¢[0.77 s given by the following stochastic
differential equation (SDE):

aVi = (6 (1 —rT) +r) Vidt + V6] (0 ©dWy). (32)
With the notations introduced in Sect. 2, we have
v, = (9,’ (ﬂ, —rT) + r> Vidt + V6] (0 © dW,)
= (B/=G(t, Y,) + 1) Vidt + V8] (0 ©dW,),
and
dy, = <rT +2G 1Y) - %cr G)cr) dt + o ©dWw,.
Given 6 € A and s > t, we define

s N 1 ~ ~
Yol =y +/ (rl +2G(z, Y1) — o Oo) dt +o0 O (W; — W)), (33)
t

N N
vl =y +f =G Y +r) vV lae +/ VeV e (o @ dWy). (34)
t t

For an arbitrary initial state (Vp, yo), the agent maximizes, over 6 in the set of admissible
strategies .A”, the expected utility of his portfolio value at time 7, i.e.,

E [UV (V;”VO*”*O)].

The value function v associated with this problem is then defined by

vt V.y) el0.TIXR: xR > sup  E [UV (V}’VW)]. (35)
s)serr, T1€A]
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The HJIB equation associated with this problem is given by
- 1 1
du + (Vyu) (rl +3G- 500 o> +3Tr (EV)Z,yu) +rVayu

V2
+ sup {Vaqu/EG + 79/208‘2,Vu + V@’ZBVV),u} =0, (36)
HeRd

with terminal condition
VYV eRE, ¥y e RY, w(T,V,y) = UV (V). (37)

To solve the HIB equation and then solve the optimal portfolio choice problem, we need
to consider separately the cases y = 1 and y # 1.

3.2.1 They # 1 case

To solve the HIB equation when y # 1, we use the following ansatz:
w(e, V,y) = U7 (¢ TV) g2,y (38)

Proposition 6 Suppose there exists a positive function ¢ € C'? ([O, T] % ]Rd) satisfying

o6+ V) (ri+ 156 - Lo oo)t L (2v2.6) + 0" 6'56 = 0.(39)
l¢ y¢ r y 20 o 2 r yy¢ 2y2 — Y,
with terminal condition
VyeRY, ¢(T,y) =1 (40)

Then u defined by (38) is solution of the HIB equation (36) with terminal condition (37).
Moreover, the supremum in (36) is achieved at
_ Gy Ve y)
14 é(,y)

Proof Let us consider ¢ € C 1,2 ([O, T] x Rd), positive solution of (39) with terminal con-
dition (40). For u defined by (38), we have:

0*(t, y) (41)

g 1 1
du + (Vyu) <r1 +36-300 a) +5Tr (2V2u) +rVovu

V2
+ sup \Vayubd'EG + —0'2003 ,u + V' Tdy Vyu
HeRd 2

yu yu(Vyd) ([ - 1 yu
= ad+ Ty <r1 +36 - o @a) + 5, (2v§y¢>)
—1
+ %Tr(ﬁlqub(vy@’)
(1 = y)u sup {Q’ZG —Yoso+ yG’EM} .
OecRd 2 ®

The supremum in the above expression is reached at

G 5 Vv El
o0y G (_piay)y)'
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Plugging this expression in the partial differential equation, we get:

> 1
o+ (Vyu)’ (rl +XG — 50 Oa) 2Tr (EV?V ) +rVoyu

V2
+ sup {vavue’zc + 5000+ ve’zavvyu}
HeRd

yu - I 1 ,
= |40+ @9) (r1+26 - 000 +§Tr(xvyy¢)

2
(y—-1 / ¢ (G qu&)/ (G V)’¢>]
Vy$) TV, -y~ (2 (2L 0?
+ 2% (Vyd) ZVyo + ( )/)2 y+ " y+ n
yu 7,1 1 1 a-ye
= ?[B,qb + (Vy9) (rl + ;2G - 50 @a)+ ST (zv§y¢) + 7G ZG}

=0.

As it is straightforward to verify that u satisfies the terminal condition (37), the result is
proved. O

For solving our problem, we would like to prove that there exists a (positive)
cl2? ([0, T] x Rd) function ¢ solution of (39) with terminal condition (40) such that % is
at most linear in y. However, unlike what happened in the CARA case, there is no guarantee,
in general, that such a function exists. We will even show in Sect. 4 that there are blowup
cases for some Gaussian priors in the case y < 1.

Even though there is no general result, we can state for instance a result in the case of a
prior distribution m,, with compact support.

Proposition 7 Let us suppose that the prior distribution m, has compact support.
Let us define

T
$:1,y)el0, T xR > E [exp( / G(s, ZVY)Y=G(s, Zé’y)dsﬂ, (42)
t

(I=y)
2y2
where VY(t,y) € [0, T] x RY, we introduce for s € [t, T],
t,y 37 1 t,y 1 1,y
dZy” =\rl+—-2G(t, Z7) — 5(7 Qo )ds+oc00dWs, Z 7 =y
YV
Furthermore, in that case

A7 >0,V €[0,T],Vy e R, Vi € {1, ..., d)}, (43)

} D, y) H
o, y)
Proof By using Theorem 1 and Proposition 3, we easily see that formal differentiations
are authorized. Therefore ¢ is a cl2? ([0, T] x Rd) function solution of (39) with terminal
condition (40).

For the second point, we write, for (¢, y) € [0, T] x R4,

Vyg(t,y)

E (I=v) TD Zt,yD 1,y 1,y
= v vZy " DzG(s, Zy" )G (s, Zy7 )ds

exp<(2_2y) G(s, Z)Y£G s, Z’y)ds>:|
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We have

C 1 :
dDyZ¢" = —EDzG(t, Zy')Dy 2oV ds, DyZy” = Iy.
i Y

Because of the Lipschitz property of G and Gronwall inequality, sup,c(, 7 H D, zhy H is

uniformly bounded on [0, T'] x R?. By Proposition 3, we then deduce that there exists C > 0
such that

V(t,y) €[0,T] x ]Rd, sup
selt,T]

’DyZ?yDZG(s, 756 (s, z;~Y>H <cC.

Therefore,

1 — 1- r

IV, ) §]E[| 2y|C(T—t)exp<( . D7 G5, 28 266, zé%m)}
Y Y t
11—yl
< ——5—CT¢(1,y).
14

Hence the result. m]

We now write a verification theorem and provide a result for solving the problem faced
by the agent under additional hypotheses.

Theorem 4 Let us suppose that there exists a positive function ¢ € C12([0, T]xR?) solution
of (39) with terminal condition (40). Let us also suppose that

Vy¢(t’ y)

JA7 >0,V € [0, T],Vy e R4, Vi € {1,....d)},
o, y)

H < Ar(L+1lylD. (44

Let us then consider the function u defined by (38).
Forall (t,V,y) € [0, T] x R x R? and 6 = (6,)se(r,11 € A}, we have

E[UV (V}’V’Y’G)] <u(t,V,y) (45)
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Moreover, equality in (45) is obtained by taking the optimal control (8} )sc(r, 1] € AZ/ given
by (41), i.e.,

G(s. Yy Ve, YY
el T e = SR
S, Iy

(46)
In particular u = v.

Proof The proof is similar to that of the CARA case, therefore we do not detail all the
computations.

From the Lipschitz property of G stated in Eq. (12) and assumption (44) on ¢, we see that
(07)sers, 7 is indeed admissible (i.e., (67)sefr, 7] € Ag’).

Let us then consider (¢, V,y) € [0, T] x R} x R and 6 = O5)serr.1] € .Ag/.

By Ito’s formula, we have for all s € [t, T']

d( (s Vtvye Yst’y))

o (s vovly ”)ds
f / ~
+ (ava (5. vV V) 00 4 g (5, vV 1)) (0 © W)
where
V.,y.,0 s
ou (s yiovl yt y)
_a,u(s yEvare, Y”)+avu(s vVl y, ”)(9 GG, YY) + ) vVl

N 1
+Vyu <s yive, Y§*>) <r1+EG(s, Y;’y)—io@o)

1
+2V’V”’avvvu(s vVl y, ’y) 56,

1 : . 2

+ 28VVu (s yivro Y;”) (V;’V”) 6/ 6,
1 ,

+ 5Tr(zvyyu (s ylVe Yj”)) .

Note that we have

8‘/14(.8‘ VtVyQ t))thV\9+Vy (S VtVyO thy)

, vy (s, v
=u (s VY A= ey ———F

¢ (.17

vy (s, 1)

o(s.77)
0 s 9/ =5 1 $ 9/ 7]
gt,s = exp / Kz (U @dWr) - E/ K EKrd‘L’ .
t t

Let us subsequently define, for all s € [¢, T],

k=1 —y)o+y

and
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We have
d (u (s v ) (6007 ) = (€0 2 (s v v ) s,

By definition of u, L0u (s V’Vye Yt’y) <0and £Lu (s Vsze Yf’y) =0if 9, =

6%. As a consequence, ( (s vVl oyl y) &) ) o is nonincreasing, and therefore
selt

(T vy Y}‘y) <u@,V.y&r @

with equality when (65) ¢, 7] = (eg)selm.
Subsequently,

Elor (vi" )| =Efua, vi " v | ue v nE[E ]

with equality when (0)s¢[r, 7] = (Os)selr,T)-
Using the same method as in the proof of Theorem 3, we see that ]E[Et(’, 71 = 1. Therefore,

u(t,V,y) = [UV (V’ Voy8t )]

We have just shown the second part of the theorem. For the first part, we consider the
cases ¥ > 1 and y < 1 separately because the set of admissible strategies is larger in the
second case.

@ Ify > 1, Og)serr.1) € A verifies the linear growth condition. Therefore, using the
\Y
assumption on ﬁ and the same argument as in Theorem 3, we see that (éf S) is
) s)selt,T]

a martingale with E [£/ ] = 1 forall s € [z, T].
We obtain

E[UV (V’V”’)] <u@,V,y).
(b) If y < 1, then we define the stopping time
T, = T/\inf{s elt,T], H"sGH Zn}.
We use this stopping time in order to localize Eq. (47)

Vo0 yty 0
u (‘L’n, yLV.ye, an>> < gt,fnu t,V,y).

Tn
By taking the expectation, we have, for alln € N,
E [u (rn, Vfr;v’y’e, Yrt;y)] <u(t,V,y).

As u is nonnegative when y < 1, we can apply Fatou’s lemma

E |:liminf u (T, VY, Yi‘y)} < liminf E[u (o, v,V 0, v1)]
n—+o00 n n n—+00 " "

<u(t,V,y).

Because (05)sepr,77 € Ag/, Ty —n—+o00 I almost surely. Therefore

E [UV (V;'V’”)] <u@t,V,y).
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In both cases, we conclude that

w@t, Vo = Vo= s E[Ur (vi" )] = [ur (vi)].
6s)ser.T1€A]

[}

The above verification theorem can be used for instance when m,, has a compact support
because of (43). In the next section, we address the case of Gaussian priors and we shall
see that there is a blowup phenomenon associated with the solution of the partial differential
equation (39) with terminal condition (40) when y is too small.

Before we turn to the Gaussian case, let us consider the specific case y = 1.

3.2.2 They = 1 case

To solve the HIB equation when y = 1, we use the following ansatz:
u,V,y) =r(T —1t)+log(V)+¢(t,y). (48)
Proposition 8 Suppose there exists a function ¢ € C'? ([O, T] x Rd) satisfying
o + (qus)/(ri 136 - %a o) 0>+ %Tr (zvf,yqs) + %G’EG —0, (49
with terminal condition

vy eRY, ¢ (T,y) =0. (50)

Then u defined by (48) is solution of the HIB equation (36) with terminal condition (37).
Moreover, the supremum in (36) is achieved at

0%, y) = G, y). (D

Proof Letus consider ¢ € C'2 ([0, T] x R?), solution of (49) with terminal condition (50).
For u defined by (48), we have:

. 1 1
du + (Vyu) (rl +36-300 a) +5Tr (=V2u) +rVoyvu

V2
+ sup {VBVMG’EG + 79’298‘2,Vu + Ve’zavvyu}
R4

- 1 1 5
= —r 499+ (Vy9) <r1 +26 - 500 o) + 5T (2vyy¢)

1
+r+ sup {G’EG - 79’29} .
feRd 2

The supremum in the above expression is reached at

0*(t,y) = G(t,y).

Therefore

. | 1
du + (Vyu) <rl +EG 300 0) +3Tr ():Vf,yu) rVayu
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V2
+ sup {Vavuo’zG + —0'2600% yu + ve’zavv},u}
HeR4 2

- 1 1 1
= 8t¢ + (vy¢)/ (rl +XG — EO‘ OO') + ETI' (ZV)Z,),¢) + EG/EG
=0.

As it is straightforward to verify that u satisfies the terminal condition (37), the result is
proved. O

From the previous proposition, we see that solving the HIB equation (36) with terminal
condition (37) boils down to solving (49) with terminal condition (50). Because (49) is a
simple parabolic PDE, we can easily build a strong solution.

Proposition 9 Let us define
d "1 fyy/ fy
¢:(t,y)el0,TI xR > E 5G(s, YooY EGGs, Yo ds | (52)
t
where ¥ (t,y) € [0, T] x R, Vs € [, T],
K N , 1 R R
Y=y +/ (rl +2G(z, YE) — 3° ©) a) dt + o0 O (Wy; — W,).
t

Then ¢ is a cl2([0, T] x ]Rd)ﬁmction, solution of (49) with terminal condition (50). Fur-
thermore,

JA7 > 0,Vr € [0, T],Vy e R4, Vi e {1,...,d)},

Vyp @, )| < Ar(1+llyl). (53)

Proof Because of the assumption (12) on G, the first part of the proposition is a consequence
of classical results for parabolic PDEs and of the classical Feynman—Kac representation (see
for instance [19,27]).

For the second part, we notice first that

T
1 ' ! ’
V(r,y) € [0, T] x R, Vyo(t,y) =E U —Dy Y Dy G(s, Yy )SG (s, Yf”)ds} .
t Y
We have
dDyY{”Y = SDyG(t, Y, )DyYyVds, DY, = 1I.

Because of the Lipschitz property of G and Gronwall inequality, supe; 7 H D, Veid H is

uniformly bounded on [0, T'] x R?. Therefore, by (12), there exists a constant C > 0 such
that

V(t,y) € [0, T] x R, Vs € [1, T] H D, Y DyG(s, Y )SG(s, Y;’Y)H
= clGe v (54)
By (12) there exists a constant C’ > 0 such that
|6 i =66 v - Gan|+ca+ . (55)
But, by using Theorem 2

S
G(s.¥") = G(t,y) = / DyG(z,Y;”) (o ©dWy).
t
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Therefore, using the Lipschitz property of G we see that E [HG (s, Y0 =G, y) H] is

bounded by a constant that depends on 7" only. Combining this result with Eqs. (54) and (55),
we obtain the property (53). O

We now write a verification theorem and provide a result for solving the problem faced
by the agent.

Theorem 5 Let us consider the function ¢ € CL2([0, T x RY) defined by (52). Let us then
consider the function u defined by (48).
Forall (t,V,y) € [0, T] x R x RY and 0 = (05)sepr,1) € A}, we have

E[log (V’ v ”)] <u(t,V,y) (56)

Moreover, equality in (45) is obtained by taking the optimal control (95 )se(s, 1] € Atl given
by (51), i.e.,

Vs €[t T1.0; = G(s, ¥i). (57)

In particular u = v.
Proof The proof is similar to that of the y > 1 case, therefore we do not detail all the
computations.

From the Lipschitz property of G stated in Eq. (12), we see that (6))¢[;, 7] is indeed
admissible (i.e., (6))se[r, 7] € .A,l).

Let us then consider (¢, V,y) € [0, T] x R} x R and 0 = (Os)selr,T] € A}.

By Ito’s formula, we have for all s € [¢, T']

oo v 0))

=L <s, Vst’v’y’g, Y;’y) ds

/ ~
(8vu(s Vsze ty)QV[V}Q—i-Vy (s Vsz9 Yst,y)) (o@dWS),

where
N ( tV>9 Y;,y)
= o (5, VU0 ) v (s, VIV ) (073G 6, v ) v
+Vyu (s vVl Yst,y)/ (rT+EG(s, Y;’y)—%O'OU)
+; yivaly, Vu(s viVl y ’y) 6,
+23VVM (S yLvoe Yst’y) (Vgt’v’yﬂ)ze;ZGs
+%Tr(2V§y (s, v 0.

Note that we have

ovu (s, VY0 V0 ) 0 v e g (s, v v

=0, + Yy (s, YS’”’) .
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Let us subsequently define, for all s € [, T],

Kf =0, + Vy¢ (sv Y;’y> ,

N ~ 1 s
gﬁs = exp </ Kf/ (c ©dW;) — 5/{ Kflzl(fdf> )
t
We have

d( <s VtVye ”)(5”) ):(Eﬁs)—l (s VIV}O ”)ds

By definition of u, £%u (s vVl Yf’y) <0and £Lu (s vVl Yf’y) =0if6, =

and

6%. As a consequence, ( (s ViVl oyl y) (&) ) . is nonincreasing, and therefore
selt

(T Vth9 Y;’-V) < u(t,V,y)ng,T’ o8

with equality when (0y)se[,. 71 = (6‘;)&[[77,].
Subsequently,

E[log( ’V”’)] [u(T ZASES ;’y)]fu(t,V,y)E[éﬁT],

with equality when (6;)ser, 7] = (0F)selr,T)-

O)serr, 11 € Al verifies the linear growth condition. Therefore, using Eq. (53) and the
same argument as in Theorem 3, we see that (Sﬁ S) is a martingale with E [gf S] =1
foralls € [r, T].

We obtain

se(t,T]

E[log(Vt Vy")] <u(tV,y)),

with equality when (6),ef, 77 = (ag)selm.
‘We conclude that

— — t V.,y,0 z V,y,0* '
ut,V,y)=v(,V,y) (gx)s::feAE [log( e )] E [log( e >]

4 Optimal portfolio choice in the Gaussian case: a tale of two routes

We showed in Sect. 3 that solving the optimal portfolio choice problem boils down to solving
linear parabolic PDEs in the CARA and CRRA cases. One important case in which these
PDEs can be solved in closed form is that of a Gaussian prior. Moreover, in the Gaussian
prior case, there are two routes to solve the problem with PDEs because, as we shall see
below, B appears to be a far more natural state variable than y. In this section, we solve the
optimal portfolio choice problem in the case of a Gaussian prior using these two different
routes and we discuss two essential points: (i) the influence of online learning on the optimal
investment strategy, and (ii) the occurrence of blowups in some CRRA cases.
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4.1 Bayesian learning in the Gaussian case

Let us consider a non-degenerate multivariate Gaussian prior m,, i.e.,

1
my(dz) = exp (_E(Z — BTy (2 - ,30)> dz, (59)

2m)%|To|2

where Sy € R and Ty € S;f+ (R).
Our first goal is to obtain closed-form expressions for F and G in the Gaussian case. In
order to obtain these expressions we shall use the following lemma:

Lemma1
YM e S;TR),

1

d / ’ d _1 1 sar—1
VN e R?, exp (—x'Mx + x'N)dx =7 2|M|”2 exp ZNM NJ.
R4
Proof Using the canonical form of a polynomial of degree 2, we get

/ / 1 —1 ' 1 —1 1 rag—1
—x'Mx +x'N=— X_EM N)| M X_EM N +ZNM N.

Therefore,

/ exp (—x'Mx + x'N) dx
Rd

1 1 ' 1 1 1 1
=/ exp{—(x—=M"'N) M|x—-M 'N|+-N'M'N)dx
R 2 2 4

d 1
— 21)2|2M) |7 exp (ZN’M_1N>

d _1 1 -1
=mw2|M|”2exp ZNM NJ.

We are now ready to derive the expressions of F and G.

Proposition 10 For the multivariate Gaussian prior m, given by (59), F and G are given
by:Vt e Ry, Vy e RY,

_1
2

| LI Sh

0 Triw—1 t t 27 <—17

F(t.y)="———1——exp|—rlI'S7 |y—Yo+ 5000 |+ r1T71
ITol2 2 2
| 1 —1 t 1 ! 0 _1 -1
_Eﬂoro /30+§ X y—Yo-i—EG@o + Ty Bo (FO +tX )
t

x [2’1 <Y—Yo+§(r®o> +r0—‘,30]}, (60)

17 1 (=1 N wot ! -1
G,y === T+ 37 (15! +1=7") | = y=Yo+ 5000 ) +T5"bo.
(61)
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Proof Vt e R,,Vy € RY,

- o
F(t,y):/ exp ((z—rl)/ifl (y—Yo—i—(—rl—i—ia@a) t)
Rd

—%(z Y2z - rT)t) my (dz).

Therefore,
1 TV v —1 - 1

Ft.y)=—7—7 expyz—r))X |y—-Yo+ | —rl+ 000 |t

(2m)2|Tolz /R 2

! 1Y/x-! 1 1 -1
—E(Z—rl)E (Z—rl)t—i(z—ﬂo) Ly (z—=po)pdz
exp (D
= #/ exp (—z’Mz +2'N)dz,
2m)z|Tgl2 JRA
where

[y —1
M ry' +1

:E )’
N 1 >
N=3x"! |:y—Y0+ (—r1+§a@a) t:| +r=7 e+ 15" o
t

w1 |:y — Yo+ o @0:| + Ty o,

and
Trv—1 7 1 ! 27/ vw—17 1 /=1
D=—-rl"% y—Yo+ —r1+50'©(7 t —ErlE I_Eﬂoro Bo
21 ! [P SV O U
=—rl'% y=Yo+ 000 [+ -r 'S 1 -8y Bo
2 2 2
Thanks to the above lemma, we have

exp (D) d 1 | _1
F(t,y) = ————n2|M| 2exp| ~-N'M~'N
Q7)o 4

—1 —1
rg! 4=

=

1
ITol2
21 I LS T S
expy—rl'Z y—Y0+2o®0 +2r 12 1—2,301"0 Bo

[ ! NI 17!
+3 |2 (y Yo+ 3000 ) +15" B0 (rg'+e=7")

(o) ]}

@ Springer



Mathematics and Financial Economics (2019) 13:661-719 691

Differentiating log F brings

- _1 ¢
Gy == T+57 (g +127) [E" (y ~Y+500 a) + rglﬂo] :
O

Using Theorems 1 and 2, we now deduce straightforwardly the value of §; and its dynam-
ics.

Proposition 11

B =T, <z—‘ (Y, — Yo+ %a o o) + Fo_lﬂo) , (62)
dp, =T, =7 (o ©adW,), (63)

-1
where I'y = (F&l + 12_1)

Remark 5 Classical Bayesian analysis or application of classical filtering tools enables to
prove that the posterior distribution of w given F5 is in fact the Gaussian distribution
N (B, Ty). In particular, it is noteworthy that the covariance matrix process (I';);er, is
deterministic.

The above analysis shows that, in the Gaussian prior case, the problem can be written
with two different sets of state variables: (y, V) or (8, V). We can consider indeed that the
problem is described, as in Sect. 3, by the stochastic differential equations

dy,:<ri+zc(t, Y,)—%a@o)dt+a@dv?/,

N (64)
dVy = (M/SG(t,Y) +rVy)dt + M| (o ©dW,),
or alternatively by the following stochastic differential equations
dB, =T, (o ©dW,
p =T 1) ©5)

dv, = (M;(,s, —rD)+ th) dt + M} (6 ©dW,).

In what follows, we are going to solve the optimal portfolio choice problem in the Gaussian
prior case by using alternatively the two different routes associated with these two ways of
describing the dynamics of the system.

Remark 6 1t is noteworthy that the dynamics of (8;);cr, in the Gaussian case, as written
in Eq. (65), does not involve any term in Y. From Theorem 2, we see that this is related
to the fact that the matrix DyG(t, -) is independent of y in the Gaussian case. A natural
question is whether or not this property is specific to a Gaussian prior distribution. In fact, the
answer is positive. If indeed DyG(t, -) is independent of y, then log F'(¢, -) is a polynomial
of (maximum) degree 2, i.e.,

F(t,y) =exp (A(t) + B(1)'y + y'C(1)y),
where A(t) € R, B(t) € R4, and C(t) € S4(R). Since

F0.y) = /R Joxp (2= rD/27N (v = Y0)) myu(d2) = exp(AO) + BO)'y + )/ CO)y),

the Laplace transform of m,, is the exponential of a polynomial of (maximum) degree 2, and
m, is therefore Gaussian (possibly degenerate, even in the form of a Dirac mass).
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Before we solve the PDEs in the CARA and CRRA cases in the next subsections, let us
state some additional properties that will be useful to simplify future computations.

Proposition 12 The dynamics of the conditional covariance matrix process (I'y);cRr, is given
by:

dT, = -, 'TI'dt. (66)

The first order partial derivatives of G are given by:
vt e Ry, Vy e RY,

D,G(t,y) =27'T, 57", (67)

- 1
G(t,y) =—-27'IG(t, y) — D,G(t,y) <r1 —3° o} a) . (68)
Proof Equation (66) is a simple consequence of the definition of I';.

Equation (67) derives from the differentiation of Eq. (61) with respect to y.
For Eq. (68), we use Egs. (61) and (66) to obtain

9:G(t,y)

t 1
N i D Y [):*1 (y — Yo+ 700 a> + rg‘ﬁo} + 52*11“,2*10 0o
N1
=_>'r, (G(t, )+ rz—ll) +32' Nzl 00
-1
=-3'G(@t, y) - =71,z 7! (rl -5 @0)

-1
=—->7'IG@t, y) — D,G(t, y) <r1 ~500 a) .

Remark 7 From Eq. (67), we see that

sup HDyG(t,y)H < sup HZ_IFtZ_lH < 400.
(1,y)€[0, T]xR4 1€[0,T]

Therefore Gaussian priors satisfy (12) as announced in Sect. 2.

We are now ready to solve the PDEs and derive the optimal portfolios in the CARA and
CRRA cases.

4.2 Portfolio choice in the CARA case
4.2.1 The general method with y

Following the results of Sect. 3, solving the optimal portfolio choice of the agent in the CARA
case boils down to solving the linear parabolic PDE (22) with terminal condition (23).
Because G (¢, -) is affine in y for all # € [0, T'] in the Gaussian case, we easily see from
the Feynman—Kac representation (26) that for all ¢ € [0, T'], ¢ (¢, -) is a polynomial of degree
2 (in y). However looking for that polynomial of degree 2 in y by using the PDE (22) or
Eq. (26) is cumbersome. As we shall see, the main reason for this is that § is in fact a more
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natural variable to solve the problem than y. In fact, a better ansatz than a general polynomial
of degree 2 in y is the following:

1
¢(Z!y)=a(t)+§G(t7 }’)/B(t)G(t’ y)a (69)

where a(t) € Rand B(t) € S;(R).

We indeed have the following proposition:
Proposition 13 Assume there exists a € C' ([0, T1) and B € C' ([0, T, S4 (R)) satisfying
the following system of linear ODEs (for t € [0, T]):

. 1 -1 -1 -1
a(z)+§Tr(F,E B 'z ) =0

. 1 (70)
Bt)-T,= 'B@®)—B@®) ="'+ -2 =0,
14
with terminal condition
a(T)=0
B(T)=0. 7D

Then, the function ¢ defined by (69) satisfies (22) with terminal condition (23).

Proof Let us consider (a, B) solution of (70) with terminal condition (71). For ¢ defined by
(69), we have, by using the formulas of Proposition 12 that

1

G'=G
2y

- 1
e + (Vy) (rl ~500 0) +3Tr (2v§y¢) n

1, 1 1 -1
=a+ 5G/BG + Ea,G’BG + EG/BatG + (DyGBG) (rl - 30 @o>

1 1

+3Tr (2D,GBD,G) + 5G’):G

N P | QN | 1 SN p—
=a+35G'BG - SGTE7 BG — SG'BX F,G+5Tr(r,z Bx~'I, =7

1
—G'=G
+2,
N l —1 —1 —1 l/ N —1pn —1 l
= a+2Tr(I‘,E Bx~'Iy=7h) +3G (B-TiZB—BZ T +-%)C
Y
=0.

Therefore ¢ is solution of the PDE (22) and it satisfies obviously the terminal condition (23).
m}

The system of linear ODEs (70) with terminal condition (71) can be solved in closed form.
This is the purpose of the following proposition.

Proposition 14 The functions a and B defined (for t € [0, T]) by
a(t) = 1/TTr(z—1 (Ts —T'r))ds
2y Ji ’
1
B(y=-3(r;/' —r/'r7r7 =
Y
satisfy the system (70) with terminal condition (71).
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Wrapping up our results, we can state the optimal portfolio choice of an agent with a
CARA utility function in the case of the Gaussian prior (59).

Proposition 15 In the case of the Gaussian prior (59), the optimal strategy (M}):c[0,1] of
an agent with a CARA utility function is given by

1
M; =" T 0 T SG @, V). (72)
Y

Proof Let us consider @ and B as defined in Proposition 14. Then, let us define ¢ by (69).
We know from the verification theorem (Theorem 3) and especially from Eq. (24) that

G(t,Y
Mt* = e_r(T_t) ( ()/ 2 - Vyd’(f’ Yt))
G(t.Y,
=T (M — DyG(t, Y)B()G(t, Y,))
1
1
=T (-2 e (ry -1 ire ) 2) G, 1)
Y

1
=e "I _s7Ilr 6@, Y)).
Y

m}

We see from the form (69) of the solution ¢ and from Eq. (72) that G (¢, Y;) rather than Y;
itself is the driver of the optimal behavior of the agent at time ¢. Because of Eq. (7), this means
that § rather than y is the natural variable for addressing the problem. In what follows, we
solve the optimal portfolio choice problem in the case of a Gaussian prior by taking another
route, on which the dynamics of the system is given by the stochastic differential equations
(65) rather than (64).

4.2.2 Solving the problem using 8

On our first route for solving the above optimal portfolio choice problem, the central equation
was the HIB equation (19) associated with the stochastic differential equations (64). Instead
of using the stochastic differential equations (64), we now reconsider the problem in the
Gaussian prior case by using the stochastic differential equations (65).

The value function v associated with the problem is now given by

v:(,V,8)€el0,T] xR x RY sup E [— exp <—yV}’V‘ﬁ‘M>],
MEJ‘I;

where the set of admissible strategies is
A= {(Ms)se[z,T] , R%-valued FS-adapted process
satisfying the linear growth condition with respect to (f;) SE[LT]} ,

and where, V7 € [0, T],V(V, B8, M) e R x RY x A, Vs € [t, T},

Jeld =,3+/S r.z ' (o @dﬁ/,), (73)
t

8 We omit the proofs in this subsection. They are similar to those presented in Sect. 3.
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N N
Vo EM v+/ (Mé(ﬁi‘ﬁ—r1)+er’V’ﬂ‘M)dt+/ M (o ©dW,).  (74)
t t

It is noteworthy that for all ¢ € [0, T'], A, = A;. There is indeed no difference between
the linear growth condition with respect to § and the linear growth condition with respect
to Y in the Gaussian prior case. This is easy to see on Eq. (62), recalling that Sy and Yy are
known constants.

The HJB equation associated with this optimization problem is

1
0= i (1. V. B) + 3 Tr <F,Z’1I‘N§ﬁﬁ V. ,3))

+ sup {(M’ (ﬂ—rT)—l—rV) avi (t,V,p)

MeR4

1
+ 3 M EM3ya (1. V. B) + M'Tydy Vi (1, v,,s)}, (75)

with terminal condition
YV eR, VB eRY, a(T,V,B)=—exp(—yV). (76)
By using the ansatz
i@,V 8) = —exp[—y (¢ TV +00.9)] (77)
we obtain the following proposition:

Proposition 16 Suppose there exists ¢ € CL-2 ([O, T] x Rd) satisfying
V(. B) €0, T] x RY,

(1. B) + %Tr (r="'T V36 . ) + % (8- ri)/ =1 (6 ri)

- (r,v,g& @, ﬁ)>/ »-! (ﬁ - ri) =0, (78)
with terminal condition
VB eRY, $(T,p)=0. (79)

Then u defined by (77) is solution of the HIB equation (75) with terminal condition (76).
Moreover, the supremum in (75) is achieved at

B — rl .
M*(t, B) = e T-Dx-1 (y) ~ T,V (1, B) | - (80)

For solving Eq. (78) with terminal condition (79), it is natural® to consider the following
ansatz:

bapr=am+5(p-r) B (p-ri), 81)

where @(7) € R and B(r) € Sy(R). )
The next proposition states the ODEs that @ and B must satisfy.

9 It is clear from the form of Eq. (78) that the solution is a polynomial of degree 2 in 8 — rl.
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Proposition 17 Assume there exists a € C' ([0, T]) and BecC! ([0, T7, Sq (R)) satisfying
the following system of linear ODEs (for t € [0, T]):

. 1 ~
&) + =Tr (F,E*lrtB (t)) -0
.2 _ 1 (82)
BO)—- By —B@) ;2 1+ —x-1 =0,
2
with terminal condition

a(T)=0
B(T) = 0. 83)
Then, the function ¢~> defined by (81) satisfies (78) with terminal condition (79).

The system of linear ODEs (82) with terminal condition (83) can be solved in closed form.
This is the purpose of the following proposition.

Proposition 18 The functions a and B defined, fort € [0, T] by

T
i = %/ Tr (27" (Iy = ') ds
t

B(t) = %(r;‘ -r7'rer )

satisfy the system (82) with terminal condition (83).

We are now ready to state the main result of this subsection, whose proof is similar to that
of Theorem 3.

Theorem 6 Let us consider a and B as defined in Proposition 18. Let us then define ¢ by
(81) and, subsequently, u by (77).
Forall (t,V,B) €[0,T] x R x R and M = (M)se(s.7) € Ay, we have
t,V,B.M

E[—exp (—yVT )] <i@,V,p). (84)

Moreover, equality in (84) is obtained by taking the optimal control (M)se[:, 1] € A: given
by

a1 -
Vselr,T], Mf=e T 5700718 —rl). (85)
14
In particular i = 0.
4.2.3 Comments on the results: understanding the learning-anticipation effect

In the case of an agent maximizing an expected CARA utility objective function, the optimal
portfolio allocation is given by

1 .
Viel0,T], M= TO—xrryt (g - 1), (86)
v
Of course, if « was known, the optimal strategy would be
*. 1 T
Vie[0,T] M = e T 257 (pgoun — 1) (87)
4
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It is essential to notice that the optimal strategy does not boil down (except at time t = T')
to the naive strategy

1 -
Vi€ [0.T) Mimie =T =57 (g 1), (88)
14

which consists in replacing, at time 7, ftknown Dy the current estimator §; in Eq. (87).

The sub-optimality of the naive strategy comes from the fact that the agent does not only
learn but knows that he will go on learning in the future, and uses that knowledge to design
his investment strategy. We call this effect the learning-anticipation effect.

To better understand this learning-anticipation effect, it is interesting to study the case
d = 1. In that case, let us denote by o the volatility of the risky asset and let us assume that
the prior distribution for u is AV (Bo, vé), where vg > 0. The agent following the optimal
strategy invests at time ¢ the amount

2, 2
M e o™ O +vgt B —r
d 02+v§T yo?

in the risky asset, whereas the naive strategy would consist instead in investing the amount

M; naive = eir(Tit)L, —! .
s yo_z

The magnitude of the learning-anticipation effect can be measured by the multiplier xy =
(72+ugt
0'2+véT :
larger the learning-anticipation effect.

x is an increasing function of # with y = 1 attime r = T'. This means that the agent invests
less (in absolute value) in the risky asset than he would if he opted for the naive strategy,
except at time T because there is nothing more to learn. In other words, he is prudent and
waits for more precise estimates of the drift.

X 1is also an increasing function of ¢. The smaller o, the more important the learning-
anticipation effect. When volatility is low, it is really valuable to wait for a good estimate of
1 before investing.

x 1s a decreasing function of vy and 7. The longer the investment horizon and the higher
the uncertainty about the value of the drift, the stronger the incentive of the agent to start
with a small exposure (in absolute value) in the risky asset and to observe the behavior of the
risky asset before adjusting his exposure, ceteris paribus.

x € [0, 1], and the further from 1 the multiplier (i.e., the smaller in this case), the

4.3 Portfolio choice in the CRRA case
4.3.1 The general method with y

In Sect. 3, and more precisely in Theorem 5, we have seen that an agent with a log utility
function has an optimal investment strategy that depends on the prior only through G. There
is therefore no need to solve PDEs.

In the CRRA case, when y # 1, following the results of Sect. 3, we see that solving the
optimal portfolio choice of the agent boils down to solving the linear parabolic PDE (39)
with terminal condition (40).
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In order to solve this equation, we consider the following ansatz:
1
¢(t,y) =exp <a(t) + EG(I’ ¥)'B1)G(t, y)) ) (89)

where a(t) € Rand B(t) € S;(R).
We have the following proposition:

Proposition 19 Assume there exists a € C' ([0, T1) and B € C' ([0, T1, S4 (R)) satisfying
the following system of linear ODEs (for t € [0, T]):

1
Q0+ 3T (F,):*IB(z) 2*11“,):*1) -0

; 1=y -1 1—y -1 e T -y _, ©O
B (1) + TF’E B (1) + TB(I) XTI+ BOXT 2T X B() + 722 =0,
14
with terminal condition
a(T)=0
B(T)=0. S

Then, the function ¢ defined by (89) satisfies (39) with terminal condition (40).

Proof Let us consider (a, B) solution of (90) with terminal condition (91). For ¢ defined by
(89), we have, by using the formulas of Proposition 12,

e+ (Vyo) Fitis6-tooo +1Tr(zvz¢>)+1_yc/zc¢
' Y y 2 2 »y 2y2
S 1., 1,
-1 1
+(DyGBG) (r1+ %G =000 |¢
; 14
1 1 / 1—]/ /
+§Tr(EDyGBDyG)¢)+ ETr(z(DyGBG)(DyGBG))¢>+ 27 G'EG¢
. 1 /' 1 / —1 1 / —1 1 / —1
=|a+50'BG - 5GTi27 BG - SG'BY7IT,G ¢>+;GBE IGo
1 1 1—
+§Tr(F,Z*IBZ*1F,E*1)¢+EG’BE*IF[E*IF,Z”BGg{)—f— 5 2”G’20¢
14

1
=(a+-Tr (0,2 "B~ ', 2!
<Cl+2 r( 1 t )>¢

L (s —1 -1 | 1 —1
+ -G -L,Y"B-BXY Iy +—-BX I+ -1V B
2 4 14
S TR R l—y
+BE N2 S B4+~ 2 ) G

=0.

Therefore ¢ is solution of the PDE (39) and it satisfies obviously the terminal condition (40).
m}

The system of ODEs (90) is not a system of linear ODEs. The equation for B is indeed
a Riccati equation. Luckily, t +— —%EF; 'S is a trivial solution of the second differential
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equation of the system (90). Therefore, using a classical trick of Riccati equations, we can
look for a solution B of the form

1
Bt)=——3I 'S+ E®7!, Viel0,T]
Y

where E € C!([0, T, S4(R)).
With this ansatz, looking for a solution B to the above Riccati equation boils down to
solving the linear ODE

vie[0,T], E@)=27'I)s7'Ivs™' = (27'"VE@) + ED 27,
E(T)=y=7'Ipx7 !, (92)

and verifying that for all r € [0, T'], E(¢) is invertible.
The unique solution to Eq. (92) is given in the following straightforward proposition:

Proposition 20 The function E defined by
Vi €[0,T], EG)=x"" (r, Ty — 1)rtr;‘r,) ! (93)
is the unique solution of the Cauchy problem (92).

Regarding the invertibility of E(¢) for all # € [0, T], we have the following result:

Proposition 21 Let us consider E as defined by Eq. (93).
E(t) is invertible for all t € [0, T]) if and only if (i) y > lor (ii)y < land T <
%kmm (E%l"o_ ! Z%), where the function Amin(-) maps a symmetric matrix to its lowest

eigenvalue.

Proof Let us consider ¢t € [0, T]. E(¢) is invertible if and only if T'; + (y — l)F,FglF, is
invertible.

Ify > 1,then,+(y — DTy F;l I'; is the sum of two positive definite symmetric matrices.
It is therefore an invertible matrix.

If y < 1, then, using the definition of (I';);¢[0,7], We have

T+ (v = DI
=1, (7' + o - ury')
=1 (yIg' + e+ = DDE )T

t+(y =T
— T, 52 <E%F512%+7+(” ) 1d> $iT,.
y

Therefore E(t) is invertible if and only if — is not eigenvalue of X 3 Ty I3 , hence
the result. O

+y-=DT
Y

The above result is very important. It means that when y < 1 the solution of (90) with
terminal condition (91) blows up in finite time, in the sense that the solution can only be
defined on an interval of the form (z, T']. If T is small enough so that t < 0, then the solution
exists on [0, T']. Otherwise, we are enable to solve (90) with terminal condition (91) on [0, T'].
When d = 1, B(t) is a scalar and it goes to +00 as ¢t — t. In particular, this means that the
value function stops to be defined because it becomes infinite.

We are now ready to solve (90) with terminal condition (91).
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Proposition 22 Let us assume that either (i) y > 1 or (ii) y < 1 and T <
L hmin (2205 122),
Then, the functions a and B defined (fort € [0, T]) by

1 T _q 1 1 1\~
o= o (e o) )
S S B
B(t)=% ((l’t + (- 1)171"7]17) - ;Fr 1) x

satisfy the system (90) with terminal condition (91).

Wrapping up our results, we can state the optimal portfolio choice of an agent with a
CRRA utility function with y # 1 in the case of the Gaussian prior (59).

Proposition 23 Let us consider the Gaussian prior (59). Let us assume that either (i) y > 1
or(ii)y < land T < ¥~ hmin (z%ro‘lz%).

Then, the optimal strategy (6;"):c[0,7] of an agent with a CRRA utility function with y # 1
is given by

—1
or =z (r;‘ Yy -1 r;l) =6, v,). (94)

Proof Let us consider a and B as defined in Proposition 22. Then let us define ¢ by (89). It
is straightforward to see that ¢ satisfies (44). Consequently, we know from the verification
theorem (Theorem 4) and especially from Eq. (46) that

g GWYD) Vo, Y
! y Pt Y)

_ G(t),/Yt) + DyG(t, Y)B(1)G(t, Yy)

1 -1 1
<f1d +xns 1y ((r, f - 1)1*,1“;]1“,) - 4‘;‘) 2) G(t, Yy
y y

—1
= 5! (F,‘l F(y— 1)1“;1) r-'s6a, v,).
O

Remark 8 1t is noteworthy that when y — 1, we recover the result of Theorem 5, i.e.
0 =G(t,Yy).

As in the CARA case, we see from the form (89) of the solution ¢ and from Eq. (94)
that G(t, Y;) rather than Y; itself is the driver of the optimal behavior of the agent at time
t. Because of Eq. (7), this means that § rather than y is the natural variable for addressing
the problem. In what follows, we solve the optimal portfolio choice problem in the case of a
Gaussian prior by taking another route, on which the dynamics of the system is given by the
stochastic differential equations (65) rather than (64).

4.3.2 Solving the problem using 8

On our first route for solving the above optimal portfolio choice problem, the central equation
was the HJB equation (36) associated with the stochastic differential equations (64). Instead
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of using the stochastic differential equations (64), we now reconsider the problem in the
Gaussian prior case by using the stochastic differential equations (65).1°
If y < 1, we define for ¢ € [0, T'] the set

T
Al = {(OS)SE[,,T] , R%-valued F5-adapted process, E [/ Gszds] < —I—oo} .
t
If y > 1, we define for ¢ € [0, T'] the set
Af = {(HS)SG[,’T] , R?-valued F S-adapted process
satisfying the linear growth condition with respect to (ﬂ_;)‘qe[t,r]} .

As in the CARA case, we have in fact A = A, Vy > 0.
The value function v associated with the problem is now given by

5 V. el0.TIxRE xR > sup E[u” (v ")),
0eAY

where, Vt € [0, T],V(V, B,6) € R x RY x f{t, Vs € [t, T],

plP =ﬂ+/s r.27 ! (o ©dW,), (95)

t

s s
viVEe —y +/ (Gé(ﬁ?ﬂ —rl) +r) vEV-P gy +/ 0V (o ©dWr). (96)
t t
The HIB equation associated with this optimization problem is
1
0= 3l (1. V. p) + 5Tr (r,z—‘r,vgﬁﬁ Vv, ,3))

+ sup {(9’ (,3 — ri) + r) Vayi(t, V,B)

0eRd
+%0’zevzaévﬁ (t,V,B)+0'T,VayVgi (1, V, ﬁ)} , 97)
with terminal condition
VV eR*,VBe R, a(T,V,p)=U" (V). (98)
By using the ansatz
iV, B) =0 (TG (99)
we obtain the following proposition:

Proposition 24 Suppose there existsq; eCl? ([O, T] x Rd) satisfying
V(t, B) €10, T]1 x RY,

% (1. B) + %Tr (r,z*lr,vgﬂia (. 5)) + 12;2” (,3 - ri)/ z-! (ﬂ - rT)
+1_T” (rvsd . ,3))' =7 (p-rT) =0, (100)

10" We omit the proofs in this subsection. They are similar to those presented in Sect. 3.
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with terminal condition
VBEeRY, $(T.B)=1. (101)

Then u defined by (99) is solution of the HIB equation (97) with terminal condition (98).
Moreover; the supremum in (97) is achieved at

(#=1) /)

0*t,B) = 2! d
P y )

(102)

For solving Eq. (100) with terminal condition (101), we consider the following ansatz:
~ - 1 -\ ~ >
&, B) = exp (a ")+ 3 (,B—rl) B (,B—rl)), (103)

where @(7) € R and B(r) € Sy(R). )
The next proposition states the ODEs that @ and B must satisfy.

Proposition 25 Assume there exists @ € C' ([0, T1) and B € C' ([0, T, S4 (R)) satisfying
the following system of linear ODEs (for t € [0, T]):

. 1 ~
Q0+ 5T (rp:*lr,B (z)) =0

E - - -y (104)
B () + TVZ*lF,B ®) + TVB O+ BONE T B@) + —-27' =0,
14
with terminal condition
aT) =0
B(T)=0. (105)

Then, the function q~> defined by (103) satisfies (100) with terminal condition (101).

The system of linear ODEs (104) with terminal condition (105) can be solved in closed
form on [0, T'] when there is no blowup. This is the purpose of the following proposition.

Proposition 26 Let us assume that either (i) y > 1 or (ii) y < 1 and T <
L hmin (22051 22),
Then, the functions a and B defined, fort € [0, T] by

N a1 . !

i = ift Tr (2 (—;rﬁ(rs +@ - Dry') ))ds
~ _ —1 1 B

B(t) = ((Ft+(V_I)FtFT1Ft) —;Ft l)

satisfy the system (104) with terminal condition (105).

We are now ready to state the main result of this subsection, whose proof is similar to that
of Theorem 4.

Theorem 7 Letus assume that either(i)y > lor(ii)y < landT < %kmin (Z%FO_IZ%).

Let us consider @ and B as defined in Proposition 26. Let us then define ¢ by (103) and,
subsequently, i by (99).
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Forall (t,V,p) € [0, T] x R x RY and 6 = Bs)selr,T] € Ay, we have
]E[UV (v}’v””)] <@V, B). (106)

Moreover, equality in (106) is obtained by taking the optimal control (0} )sc[:.T] € A given
by

Vselrn,T], 6F=x"" (F;l + -1 r;')_l ro s — rl). (107)

In particular it = v.
4.3.3 Comments on the results: beyond the learning-anticipation effect

In the case of an agent maximizing an expected CRRA utility objective function, the optimal
portfolio allocation is given by the formula

1 1 N\ 7
o == (17 + @ -nry') (- 0),

whenever either (i) y > lor(ii))y <land T < %Amin (E%Fal E%)
When y # 1, the optimal strategy does not boil to the naive strategy

1__ -
Qt,naive =—2 ! (,3; — rl) .
Y

However, it does in the case of a logarithmic utility function (i.e., y = 1). This means that
there is no learning-anticipation effect in the case of an agent with a log utility.

As in the CARA case, it is interesting to analyze the formula in the one-asset case d = 1.
In that case, let us denote by o the volatility of the risky asset and let us assume that the
prior distribution for w is A'(Bo, vé), where vo > 0. The agent following the optimal strategy
invests at time ¢ a proportion of his wealth

az—i—vgt Bi—r

oF =

in the risky asset, whereas the naive strategy would consist instead in investing the proportion

B —r

gt,naive = 5
Yo

When y > 1, we observe a learning-anticipation effect similar to that of the CARA case.
02+v§t

It is measured by the multiplier x = W €

[0, 1]. x is an increasing function of 7.

This means that the agent invests less (in absolute value) in the risky asset than he would if
he opted for the naive strategy, except at time 7" because there is nothing more to learn. x is
also an increasing function of o. The smaller o, the more important the learning-anticipation
effect. When volatility is low, it is really valuable to wait for a good estimate of u before
investing. x is eventually a decreasing function of vy and 7. The longer the investment
horizon and the higher the uncertainty about the value of the drift, the stronger the incentive
of the agent to start with a small exposure (in absolute value) in the risky asset and to observe
the behavior of the risky asset before adjusting his exposure, ceteris paribus.
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All the above effects are in line with the CARA case: the agent is prudent and waits to
know more. However, the effects are reversed when y < 1. In that case indeed, the multiplier
x ceases to be below 1. Instead, it is above 1. In fact, the very possibility that expected returns
could be very high (or very low because we can short) creates an incentive for the agent to
have a higher exposure in the risky asset. Then, as the uncertainty reduces through learning,
the agent adjusts his position towards a milder one and ends up with the same position as in
the naive strategy whent = T.

Itis noteworthy that x at time O tends to +00 when y tends to (ﬂ—t% , and this corresponds
to the threshold found in Proposition 21 for the blowup occurring exgctly attime r = 0. This
means, if By > r, that the agent wants to borrow an infinite amount of money at time 0 to
invest in the risky asset.

This reversed phenomenon is linked to the qualitative difference between the power utility
functions when y > 1, which are bounded from above, and the power utility functions when
y < 1, which have no upper bound. This difference explains why, for y < 1 and for a
Gaussian prior distribution (which is unbounded), the multiplier y and the value function
can blowup to 400 and therefore stop to be defined if 7 is too large (or equivalently if y is
too small when T is fixed).

5 Optimal portfolio choice, portfolio liquidation, and portfolio
transition with online learning and execution costs

The results presented above have been obtained by using PDE methods only. It is noteworthy
that one could have derived the same formulas by using the martingale method of Karatzas and
Zhao [28]. However the martingale method requires a model in which there are martingales,
and there are many problems in which martingales cannot be exhibited. The goal of this
section is to show how PDEs can be used to address problems for which the martingale
method cannot be applied.

The classical literature on portfolio choice and asset allocation mainly considers friction-
less markets. In that case, both PDE methods and martingale methods can be used for solving
the problem, because there exists an equivalent probability measure under which discounted
prices, and therefore discounted portfolio values, are martingales. Martingale methods cannot
be used however when one adds frictions in the model. In what follows, we consider frictions
in the form of execution costs, as in optimal execution models ala Almgren—Chriss (see
[1,2]). We show that the PDE method presented in the previous sections enables to address
the optimal portfolio choice problem, but also optimal portfolio liquidation and optimal port-
folio transition problems, when there are execution costs and when one learns the value of
the drift over the course of the optimization problem.

We first present the modelling framework and a generic optimization problem encom-
passing the three types of problem we consider. We then derive the associated HIB equation
and derive a simpler PDE using an ansatz. We then focus on the specific case in which
(i) the prior distribution of the drift is Gaussian and (ii) the execution costs and penalty
functions are quadratic, because in that case the PDE boils down to a system of ODEs
that can be solved numerically. We then show some numerical examples for each of the
problems.
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5.1 Notations and setup of the model
5.1.1 Price dynamics and Bayesian learning of the drift

As above we consider a financial market with one risk-free asset and d risky assets. In order to
simplify the equations, we assume that the risk-free asset yields no interest. It is noteworthy
that the model can easily be generalized to the case of a non-zero risk-free interest rate r.

Weindexbyi € {1, ..., d} thed risky assets. Fori € {1, ..., d}, the price of the ith risky
asset S’ has the following drifted Bachelier dynamics'!

Viell,...,dy, dS'=u'dt+o'dW, (108)
where the volatility vector o = (01, R ad)’ satisfies Vi € {1,...,d}, o' > 0, and where
the drift vector . = (1!, ..., u9) is unknown.

As above, we assume that the prior distribution of u, denoted by m,, is sub-Gaussian.

Throughout, we shall respectively denote by p = (0'/)1<; j<qand T = (p 0’0 /)1<; j<a
the correlation and covariance matrices associated with the dynamics of prices.

We introduce the process (B;);er, defined by

VieRy, B =E[M|}'f]. (109)
‘We can state a result similar to that of Theorem 1.

Theorem 8 Let us define
t
F: (5 eR; x ]Ri — / exp (Z/E*I |:S —So — 5zi|> my, (dz). (110)
R4

F is a well-defined finite-valued C® (R4 x R?) function.

We have
VieRy, B =XG(, S, (111)
where
G = VsF (112)
=5
As in Sect. 2, we define the process (Wz) teR, by
N ) Ll g
Viefl,...,d}, vVt e Ry, W}:W,’—i—/ 7l.5ds. (113)
0 o
Using the same method as in Sect. 2, we can prove the following result on (Wl) teR,
Proposition 27 (Wf)zeRJr is a Brownian motion adapted to (ES)IGR+, with the same corre-

lation structure as (Wy),er

Vi,je{l,....d}, d(W, W), =dWw, wiy,.

11 Unlike in the previous sections where we used the classical Black—Scholes (log-normal) dynamics, we
consider here the Bachelier dynamics. This dynamics is indeed standard in the optimal execution literature,
although it raises the problem of negative prices.
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The Brownian motion (W,) ek, 18 used to re-write Eq. (108) as

dS; = Bidt + o ©dW, (114)
= XG(t, S)dt +0 ©dW,. (115)

5.2 Almgren-Chris modelling framework and optimization problems

We consider the modelling framework introduced by Almgren and Chriss in [1,2] (see also
[21,24]). In this framework, we do not consider the Mark-to-Market (MtM) value of the
portfolio as a state variable. Instead, we consider separately the position ¢ € R? in the risky
assets and the amount X € R on the cash account.

Let us set a time horizon T' € R* . The strategy of the agent is described by the stochastic
process (V) eq0,7] € AAC = .Aéc, where, fort € [0, T],

ARC — {(Us)se[z,TL R9-valued F*-adapted process,
satisfying the linear growth condition with respect to (S S)SE[,,T]} .

This process represents the velocity at which the agent buys and sells the risky assets. In
other words,

t
a = o +/ vgds. (116)
0

Now, for v € AAC, the amount on the cash account evolves as

d i
.. v
dX; = —v;Sdt =y V/L' (j) dt, (117)
i=1 4
where Vi € {1,...,d}, (Vti)tE[OyT] is a deterministic process, continuous!? and bounded,
modelling the market volume for the ith risky asset,!? and where (_L’ )1<i<a4 model execution
costs. For each i € {1,...,d}, the execution cost function L' € C(R, R;) classically
satisfies:
e LI(0)=0,
e L' isincreasing on R and decreasing on R_,
e L'is strictly convex,
e L' is asymptotically superlinear, i.e.,
Li(y)
im =
[yl=+oo  |y]

Remark 9 In applications, L' is often a power function L(y) = n' |[y|'*¢" with ¢/ > 0,
or a function of the form Li(y) = n' |y|'*?" + yi|y| with ¢/, ' > 0, where ¥/ takes
account of proportional costs such as bid-ask spread or stamp duty. In the original Almgren—
Chriss framework, the execution costs are quadratic. This corresponds to L' (y) = n'y?

¢ =1,y =0).

12 The results we obtain in this section can be generalized if the process is only piecewise continuous.

13 This process can be set to very small values for modelling the night.
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Given v € A’,AC, we define for s > ¢,

i

s d
T | (—v;sgs _yvic (;)) d, (118)
t T

i=1

S
gt =g +/ vrdz, (119)
t

N s
sS=§ +/ XG(r, S¢%)dr +/ o OdW:. (120)
t t

We assume that the agent has a constant absolute risk aversion denoted by y > 0. For an
arbitrary initial state (xo, go, So), the optimization problems we consider are of the following
generic form:

. elon(or (i e @)
(r)refo, 1€ ANC

where the penalty function £ is assumed to be continuous and convex.
The choice of the penalty function ¢ depends on the problem faced by the agent:

e In the case of a portfolio choice problem, we can assume that £ = 0 or that £ penalizes
illiquid assets (see for instance [21,24]).

e In the case of an optimal portfolio liquidation problem, we can assume that the penalty
function is of the form ¢(g) = %q’ Ag with A € Sj*(]R) such that the minimum eigen-
value of A is large enough to force (almost complete) liquidation.'*

e In the case of an optimal portfolio transition problem, we can assume that the penalty
function is of the form £(q) = % (q — qmget)/ A (q — qmrge[) with A € Sj+ (R) such
that the minimum eigenvalue of A is large enough to force g7 to be very close to the
target Grarget.

5.3 The PDEs in the general case

Let us introduce the value function V associated with the above generic problem.
Vi, x,q,8 €0, T] x R x RY x RY
a8 (or (x5 e ()]

(vs)selr, 71 €ARC

The HIB equation associated with the problem is

/ 1 2
dyu+G(t, $) EVsu + STr (2Vggu)
d o Ui
+sup ' Vu — (V'S + Y VL (—) dut =0, (122)
veRd i=1 Vt
with terminal condition

V(x,q,8) eRxRIxRY, u(T,x,q,8) = —exp(—y(x+q'S —£(q)). (123)

14 1t is a relaxed form of the classical optimal liquidation problem.

15 1t is a relaxed form of optimal transition problem.
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For reducing the dimensionality of the problem, we consider the following ansatz
u(t,x,q,.8) =—exp(—y (x+4¢'S—0(,4.9)). (124)
We have the following result:

Proposition 28 Suppose there exists 0 € C122 ([O, T]x R4 x ]Rd) satisfying

30+ G(t,S) (—q + Vsb) + %Tr (ZV3sh)
d
+g (=g + Vs60) T (=q + Vs0) = > VIH' (=3,:6) =0, (125)
i=1
with terminal condition
V(g,S) e R xRY, 6(T,q,S) =), (126)
where foralli € {1, ...,d}, H' is the Legendre-Fenchel transform of L', i.e.

H': peER— suppy—Li(y).
yeR

Then u defined by (124) is solution of the HIB equation (122) with terminal condition (123).
Moreover, the supremum in (122) is achieved at v*(t, q, S) = (vi*(t, q, S))1<i<d’ where

Vie{l,....d)v*(t,q.8) = V[H" (-3,6(.q.5)). (127)

Proof Letusconsider® € 122 ([0, T] x R4 x ]Rd) solution of the PDE (125) with terminal
condition (126). For u defined by (124), we have

d .
1 L
ou—+ G(t,S)TVsu + ETr (2v§5u) + sup {U’un — (v’S + E VL (V’)) 8xu}

veR? i=1 !

=y3,0u+G(t,8)E (—yq +y Vs u
1
+ 5T (2 (yVish + (=va + yVs) (=yq + yVs6))) u

d i
—yusup {v' (5= V,0) — [vS+ Y VL (v—>
veRd i=1 Vt
= yu<8;0 + G, 8T (—q + Vsb)

1 2 Y ’
+ ETr (=V5sh) + 5 (—q + Vs0) = (—q + Vs0)

d i
— sup { V'V, 0 = Y VL (U—l) )
veRd Vi

i=1

1
- yu(a,e +G . 9)'E (~q + Vs) + 5 Tr (SVis6)

+§ (—q + Vs0)' T (—q + Vsb)
d . .
- > ViH (—aq,-e)> =0.
i=1
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As it is straightforward to verify that u satisfies the terminal condition (123), the result is
proved. O

The result of the above proposition means that for solving the HIB equation we can solve
the simpler three-variable PDE (125) with terminal condition (126). However, Eq. (125)
is not linear and corresponds to the equation of a zero-sum game between the agent and
nature (see [22] for a similar equation in the case of option pricing with execution costs a
la Almgren—Chriss). Solving Eq. (125) with terminal condition (126) in the general case
is out of the scope of this article. However, we can consider the special case where (i) the
prior distribution of the drift is Gaussian and (ii) execution costs and penalty functions are
quadratic as in the original Almgren—Chriss model, because solving the problem then boils
down to solving a system of ODEs.

5.4 The case of a Gaussian prior and quadratic costs

Let us consider a non-degenerate multivariate Gaussian prior n1,, i.e.,
1 1 /=1
my(dz) = ——— exp _E(Z —Bo) Ty (z—Po) |dz, (128)
(2m)2|Tol2
where By € R? and Ty € S} F(R).
By using Theorem 8, we obtain a result similar to that of Proposition 10.

Proposition 29 For the multivariate Gaussian prior m, given by (128), G is given by

VieR.,VSeRY, G, S)=2"'T, (2*1 (S — So) + ro—‘ﬂo) . (129)

For carrying out computations, the following proposition will be useful.

Proposition 30 The first order partial derivatives of G are given by:
Vit e Ry, VS e RY,

DsG(1,8) ==~ 'r, =71, (130)
3G, 8) = —-27'IGG@, S). (131)

Letus assume, foreachi € {1, .. .,d},thatLi y) = niy2.Then,f0reachi ef{l,...,d},

2

: ~ p
H :peR— suppy—n’yzz—i.
yeR 4n

Let us also assume that £(q) = % (¢ — quareet) A (¢ — Guareer) With A € STT(R), the
choice of A and gtarger depending on the type of problem we consider:

e A = 0 and garger = 0 for an optimal portfolio choice problem.

e Ace S;Jr (R) with a large minimum eigenvalue and greec = O for an optimal portfolio
liquidation problem.

e A€ SIT(R) with a large minimum eigenvalue and garge; arbitrary for an optimal port-
folio transition problem (towards the portfolio represented by Grarget).
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In order to solve Eq. (125) with terminal condition (126), we consider the ansatz
0(t,q,S) =al(r)+ %G(r, $)b(t) G(t, S)
+G(t, 8 ct)g+ %q/d g +Gt,et)+4q f(t), (132)
where a(t) € R, b(t) € Sg(R), c(t) € Mg(R), d(t) € S4(R), e(t) € RY, and f(r) € R?.10
Proposition 31 Assume there exists a € C'([0,T]), b € C'([0,T],S;(R)), ¢ €
Cl ([0, T1, My(R)),d € C' ([0, T1, S4(R)), e € C' ([0, T1,RY),and f € C' ([0, T1,RY)

satisfying the following system of ODEs:

c'z(t)+%Tr (rtz”b(t)zflr,2*1)+§e(t)/>:*lr,2*1r,zfle(t)—f(r)’zv(z)f(t):0

(133a)

b(t) + ybM =027, 27 b (1) — 2¢(t) N()e(t) =0 (133b)

) =S+ b 'T(=1; + 27T =7 e () = 2¢(t) N(1)d(t) = 0 (133c)
d)y+y (-l +c@) 2702 )2 (-1 + 27027 e(r) —2d(N(H)d(1) = 0

(133d)

ét) +ybOTIT 27T, = e(t) — 2¢(t) N(1) f (1) = 0 (133e)

fO+y (~la+c@ 7', 2 YT, 2  e(r) = 240N @) f (1) = 0, (133f)

with terminal condition

a(T) = %qt/argetAqtarget (134a)

bT)=0 (134b)

e(T)=0 (134c)

d(T)=A (134d)

e(T) =0 (134e)

f(T) = —Aquarget, (134f)

where N (t) is the diagonal matrix with diagonal ( :

i)
i )1<i<d’

Then, the function 6 defined by (132) satisfies (125) with terminal condition (126).

Proof By using Eqs. (130) and (131), and noticing that 9;G = —DsX G, we have

1
30+ G'S (—q + Vsh) + ETr (ZV3sh)

d
+g (=g + Vs0) T (=g + Vs0) — SV H' (—0,:0)
i=1

1
=80 +G'S (—g + Vs0) + 5Tr (ZV3s0)

2 (g + Vs6) T (—q + Vs6) = V,0'N V0

16 The function d should not be confused with the number d of risky assets.
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1 1. 1
=a+ EatG’bG + iG’bG + EG’batG

+0:G'cq + G'éq + %q’dq +8Ge+Gé+q'f
+G'S (—q + DsGbG + DsGeq + DsGe) + %Tr (r,x"'px'r =7t
+ % (—q 4+ DsGbG + DsGeq + DsGe) X (—q + DsGbG + DsGeq + DsGe)
— (G +dq+ f) N (cG+dg+ f)

=a+ %G/b'c +G'éq + %q/dq +Gé+qf-GTq+ %Tr (r,z"'pz~'r, 271
+ % (=g + DsGbG + DsGeq + DsGe)' S (—q + DsGbG + DsGeq + DsGe)

— (G +dq+ f) N(cG+dqg+ f)

Y

1
- (a + 5T (rs'pz ' m 7! + 3¢ DsGEDsGe — f Nf)

G' (b+ ybDsGEDsGb —2¢'Ne) G
+G' (¢ — £+ ybDsGE(—I; + DsGc) —2¢'Nd) q
1, .
+34 (d +y(—1s+ ' DsG)E(—14 + DsGe) — 2dNd) q

+G' (¢ +ybDsGEDsGe — 2¢'Nf)
¢ (f +v(~Is + ¢ DsG)SDsGe — 2dNf) = 0.

As it is straightforward to verify that 6 satisfies the terminal condition (126), the result is
proved. O

The above system of ODEs deserves a few comments.

In fact, it can be decomposed into 3 sets of ODEs that can be solved one after the other:
a first system of nonlinear ODEs (133b)—(133d) with the associated terminal conditions
(134b)—(134d) that defines (b, ¢, d), a second system of linear ODEs (133e) and (133f) with
the associated terminal conditions (134e) and (134f) that defines (e, f) given (b, c, d), and
finally the simple ODE (133a) with the associated terminal condition (134a) that defines a
given (b, c,d, e, f). The equation (133a) for a is trivial to solve. The second set of ODEs
does not raise any difficulty because the ODEs are linear. In particular, if grarget = 0, i.€., if
we consider an optimal portfolio choice problem or an optimal portfolio liquidation problem,
then the solution of the second system of linear ODE:s is trivial: (e, f) = (0, 0).

Regarding the first set of equations, there exists a unique local solution (b, ¢, d) by Cauchy-
Lipschitz. In order to prove that b and d are symmetric matrices, we can proceed as follows:
(i) replacing Eq. (133c) by

() —T+ - (b(t) +b(1))
z—‘r,(—ld + 270,27 () — c(t) N(t) (d(1) + d (1)) = 0, (135)

then (ii) considering the unique local solution (l; ¢, d ) of (133b)—(133d) with terminal condi-
tions (134b)—(134d), then (iii) noticing that (', ¢,d)isalso alocal solution of (133b)—(133d)
with terminal conditions (134b)~(134d), and therefore that b =b'andd = d’ are symmetric,
(iv) noticing that (b, ¢, d) is therefore a local solution of (133b)—(133d) with the associated
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terminal conditions (134b)—(134d), and (v) concluding therefore that b = bandd = d are
symmetric.

Because of the local existence result, if 7 is small enough, then there exist functions
aeC(0,T]),beC' (0,T],SsR)),ceC (0, T], My(R)),d € C' ([0, T], Sa(R)),
e € C'([0,T],R?), and f € C' ([0, T], RY) satisfying the equations of Proposition 31.
However, although we did not find any case of blowup numerically, a global existence result
seems out of reach given the nature of system of ODEs.

Nevertheless, we can state a verification theorem that solves the problem when there exists
a solution to the above system on [0, T'].

Theorem 9 Assume there exist a € C' ([0, T1), b € C' ([0, T1], Sa(R)), ¢ € C!([0, TT,
My(R)), d € C' ([0, T1, Sa(R)), e € C' ([0, T1,RY), and f € C' ([0, T1,RY) satisfying
the equations of Proposition 31. Let us then consider the function 0 defined by (132) and the
associated function u defined by (124).

Forall (t,x,q,S) €[0,T] xR x R? x R and v = (Vs)selr,T] € A?C, we have

E[—exp(—y (X5 + 7?5y — e (a7*")))] suxiq.9). (36)

Moreover, equality in (136) is obtained by taking the optimal control (V})sc[/,T] € A?C given
by the closed-loop feedback formula

Vs e [t, T vt = ¢ ()gi®” + ¥ (s, S5, (137)

where ¢ i t € Ry > —2N(0)d(t) and ¥ : (1, S) € [0, T] x RY > —2N(t)(c()G(t, S) +
f@®).

In particular u = V.

Proof Let us first prove that (v})sefs, 7] is well-defined and admissible (i.e., (v})sefr, 7] €
AAC),
For that purpose, let us consider the Cauchy problem
gy
ds

=¢()gs + (s, S5, G =gq.

Its unique solution is given by

Vs elt, T], gs=-exp (/v ¢(t)dt> (q + /S v(r, S?S) exp <— /T ¢(§)d§> dr) .
t t t

Then v* is defined by Lj and can be written as

Vs e[, T], v’ =d(s)exp (/ ¢(t)dt>
t

(q+/ V¥ (z, S%) exp <—/ ¢(§)d§“> dt) + (s, 5°).
t t

Given the definition of i and the affine nature of G with respect to S, (v})sef;, 7] satisfies the
required linear growth condition to be in .Af*c.

@ Springer



Mathematics and Financial Economics (2019) 13:661-719 713

Now, let us consider (¢, x, g, §) € [0, T] x R x RY x R? and v = (vy)ser.7) € ALC.
By Itd’s formula, we have for all s € [t, T']

du (s, XLxSv g hd?, Sﬁ’S)
=L (s, Xg’x’s’”, qst’q’u, S;*S) ds + Vsu (s, Xé’x’s’“, qst’q'u, S;*S)/ (G ® dWs) .
where
L (s, X;,)r,s,z;J];,t],l)7 S;’S>
= du <s, XLxSv ghd? S;*S) +G(s, SU5)YEVsu (s, XlxSv ghdy, Sﬁ’s)

1
+ ETr (EVésu (s, X;*’“S’”, g, Sé’s)) + v, Vqu (s, X?X’S’v, g5, S§’S)
d vi
(e e () o)
i=1 t
Note that we have
Vsu (s, Xé’x’s’”, qé’q’v, Sé’S)
=—yu (s, Xé’x’s’v, q;’q’v, S;’S) (qé’q’v — Vso (S, ‘]st'q’va S;’S>)
=—yu (s, XSy gt S;’S) (qé"”” -7 =G, S
eI, s e()gh zflrtzfle(z)) .
Let us subsequently define, for all s € [#, T],
@ ==y (" =BG S5 = BTN E eel Y - 2T e)).
and
s ~ 1 N ,
&'y =exp </ k! (0 ©dW;) — 5/ Ky 2/(:611’) .
t t
We have
@ i (s X070 gl S5) (1)) = ()t (5, XS gl 805 s
By definition of u, £%u (s, xLoSv ghar S§‘S> <0.

Moreover, by (127), L%u (s, xhLeS g, S§’S) = 0 if v satisfies

v = =2N() ()G, S5+ d(g " + £5)) = )l ™" + (s, S5,

which is the case when (vs)ser, 71 = (V))selr,T1-

t,x,S t,q,v ot,S -1 . . .
As a consequence, (u (s, Xi>V, g?", Sk he is nonincreasing, and
t,s
" seltr,T)

therefore

" (T, X;:x,S,v7 q;q,v7 5;5) <u(t,x,q,8&’ r,

with equality when (vy)sefr, 71 = (V})selr, 71-
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Subsequently,

e (o (65750 1755~ ()] 2 (x50 5]
< ut,x,q, HE[E],

with equality when (vy)sefr, 71 = (V})selr, 71-

Becausev € Afc satisfies the linear growth condition with respect to (Sé’S) selr,T]» S0 does
(g5 "")seqr.11- Therefore, using the same argument as in Theorem 3, we see that (&"))
is a martingale with E [Et‘js] = 1foralls €[z, T].

We obtain
B[ e (< (X350 g5 s - (45))]

=K [u (T, X’T’X’S’”, a7, S;S>] <u(t,x,q,S),

selt,T]

with equality when (vg)sefr, 7] = (V) se[r,T]-
‘We can conclude that

. e G G A )]

(Vs)serr, 71€ANC

*/ *
-2 (15 )]

u(t,x,q,S).

5.5 Numerical examples and comments

We consider now three simple examples in order to illustrate the results obtained above. For
these three examples, we consider one risky asset (stock) with the following characteristics:
e Sy =50¢€,
e 1 =0.01€day !,
e 0 =0.6€ day‘l/z,
e V = 4000000 shares day~!,
L(y) = n|y|? with n = 0.15 € shares™! day~'.
The first problem we consider is an optimal portfolio choice problem (with go = 0). The
parameters are the following:

Objective function
e T = 10 days,
e y=2-1077€"1,
e (=0.

Bayesian prior N'(Bo, V(%)
o By =0.01€day !,
e vp =0.03 € day .

Our methodology was first to approximate numerically the functions a, b, ¢, and d (we
know that (e, f) = (0, 0)). Then, for different simulated paths of the stock price, we used
Eq. (137) for finding—in fact approximating numerically—the optimal number of shares in
the portfolio at each point in time (on a grid). The results are shown in Fig. 1.
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Fig.1 Solution of the optimal portfolio choice problem for three trajectories of S. Top panel: price of the risky
asset S;. Bottom panel: position g; in the risky asset

Two things must be noticed in Fig. 1. First, the agent builds a portfolio with a number of
shares that lies around gopt, where

%
Qo = 5 75 = 138,889

is the number of shares that would be optimal in the optimal portfolio choice model without
uncertainty on p and without execution costs. Second, the strategy followed by the agent
looks like a trend-following strategy: the agent buys when the stock price increases and sells
when the stock price decreases, though in a smooth manner. This is in fact quite natural given
the dynamics of (8;);cR, -

The second problem we consider is an optimal portfolio liquidation problem (with gy =
100,000 shares). The parameters are the following:

Objective function

e T =1 day,

o y=2-10"0€"1,

e A=5-10"%€ share 2.7
Bayesian prior N (B, v(%)

e Bo=0.01€day !,

e 1o =0.1 €day .

We first approximated numerically the functions a, b, ¢, and d (we know that (e, ) =
(0, 0)). Then, for different simulated paths of the stock price, we used Eq. (137) for approx-
imating the optimal number of shares in the portfolio at each point in time (on a grid). The
results are shown in Fig. 2.

17 The matrix A is a scalar in the one-asset case.
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Fig.2 Solution of the optimal portfolio liquidation problem for three trajectories of S. Top panel: price of the
risky asset S;. Bottom panel: position ¢; in the risky asset

We see in Fig. 2 that the small value of A we used is high enough to force complete
liquidation in all of the three cases. We also see that the optimal (adaptive) strategy con-
sists in liquidating at a faster pace for decreasing price trajectories than for increasing price
trajectories. This is in line with the trend following effect exhibited in Fig. 1.

The third problem we consider is an optimal portfolio transition problem (with gy =
100,000 shares). The parameters are the following:

Objective function

T =1 day,
y=2-107%€"1,

Grarget = 200,000 shares,
A=5-10"%€ share 2.

Bayesian prior N (Bo, v3)

e Bo=0.01€ day !,
e vp=0.1€ day™ .

As above, we approximated numerically the functions a, b, c, d, e, and f, and then used
Eq. (137) for approximating the optimal number of shares in the portfolio at each point in
time (on a grid) for three different simulated paths of the stock price. The results are shown
in Fig. 3.

@ Springer



Mathematics and Financial Economics (2019) 13:661-719 717

51

T Tr
S A

50.5 whah -

ST
A I

R W \
e A e T

49.5

200 000

150 000

50 000

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Fig. 3 Solution of the optimal portfolio transition problem for three trajectories of S. Top panel: price of the
risky asset S;. Bottom panel: position ¢; in the risky asset

We see in Fig. 3 that the small value of A we used is high enough to force complete
transition from portfolio g to portfolio Garger in all of the three cases. In addition to the
classical trend-following-like effect, we see in Fig. 3 that the optimal strategy consists in
selling shares before buying them back. In fact, the agent faces a trade-off because there are
two opposite forces. When the final penalty is far away (i.e., at the beginning of the process),
the agent faces a portfolio choice problem similar to the one tackled in the first example.
Here,

n
Gopt = W ~ 13,889 < qp.

Therefore, there is an incentive to sell shares at the beginning. After some time however, the
final condition matters and the agent has to reach the target, hence the U-shaped trajectory.

These three examples illustrate the use of the PDE method for solving various problems
under drift uncertainty.

6 Conclusion

In this paper, we have presented a PDE method that can be used for addressing optimal
portfolio choice, optimal portfolio liquidation, and optimal portfolio transition problems,
when the expected returns of risky assets are unknown. The main idea is to use at the same
time Bayesian (or more generally online) learning and dynamic programming techniques.
Our approach goes beyond the martingale method of Karatzas and Zhao, because it can
be used in more general models, for instance when a modelling framework a la Almgren—
Chriss is considered. We believe that the use of Bayesian (or more generally online) learning
in conjunction with stochastic optimal control enables to improve many models without
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increasing their dimensionality and we are looking forward to seeing other applications of
the same method, especially in Finance.
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