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Abstract

We study dynamic mean-variance optimization problems with multiple priors.
We introduce two types of multiple priors, the priors for expected returns and
the priors for covariances. Our framework suggests that the global minimum-
variance portfolio is optimal when the investor strongly doubts the correctness
of the estimated expected returns, and the equally weighted portfolio is optimal
when the investor strongly doubts the correctness of the estimated covariances.
From the back tests, we find that for some data sets, the strategy that invests in
the global minimum-variance portfolio or the equally weighted portfolio consider-
ing the market condition is more efficient than the other mean-variance efficient
portfolios.
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1 Introduction

The mean-variance analysis proposed by Markowitz (1952) and developed by Tobin (1958) and
Merton (1972) tells us that the tangency portfolio combined with the risk-free asset is mean-
variance efficient, which means that it delivers the highest Sharpe ratio among all portfolios.
However, it is not always efficient in practice. For example, Jagannathan and Ma (2003)
mention that the global minimum-variance portfolio delivers as large an out-of-sample Sharpe
ratio as the other efficient portfolios when the estimated expected returns are used. DeMiguel,
Garlappi, and Uppal (2009b) report that in their back tests, the equally weighted portfolio
(1/N portfolio) often has a higher Sharpe ratio than other optimal portfolios including the
tangency portfolio.

Probable explanations of these practical pitfalls are difficulties in estimating expected
returns and sensitivity of the tangency portfolio to the expected returns. Merton (1980)
reports that the estimation of expected returns is more difficult than that of a covariance
matrix of returns. Best and Grauer (1991) show that the mean-variance efficient portfolios
are very sensitive to the values of the expected returns. Therefore, the estimation errors
of expected returns have a large impact on optimal portfolio selections. Consequently, in
practice, the global minimum-variance portfolio, which is not mean-variance efficient in theory,
and the equally weighted portfolio, which seems to be naive, can become more efficient than
the mean-variance efficient portfolios.

In this paper, we construct plausible mean-variance optimization problems with multiple
priors and show that in limiting cases, the solutions to these problems include the equally
weighted portfolio and the global minimum-variance portfolio. The mean-variance problems
with multiple priors are robust to estimation errors of moments of asset returns. We consider
two-dimensional multiple priors: the priors for expected returns and the priors for a covari-
ance matrix of returns. In our framework, the naive and inefficient strategies such as the
equally weighted portfolio and the global minimum-variance portfolio are characterized by an
investor’s suspicion of the estimated parameters. If an investor strongly doubts the estimated
expected returns, her optimal portfolio becomes similar to the global minimum-variance port-
folio. In contrast to that, it becomes similar to the equally weighted portfolio if an investor
strongly doubts the estimated covariances.

Moreover, our framework is based on dynamic optimization problems and allows depen-
dency among the asset returns over time. More specifically, the market model in our framework
is the Markovian market model where a Markov process affects the distribution of returns.
This includes various return models such as the factor pricing models (e.g., capital asset
pricing model (CAPM) by Sharpe (1964) and the Fama-French three factor model by Fama
and French (1993)), the Markov regime switching models (e.g., Hamilton (1989) and Ang
and Bekaert (2002)) and so on. Furthermore, the dynamic approach justifies the investment
strategies which seem myopic. For example, the strategy investing in the global minimum-
variance portfolio during economic booming and investing in the equally weighted portfolio
during economic recession can be justified by our framework.

In order to investigate the effects of the estimation errors and study the efficiency of the
optimal portfolio in our framework, we conduct back tests using various data sets. Similar
to previous research, our back tests demonstrate that the global minimum-variance portfolio
is sometimes more efficient than the tangency portfolio. On the other hand, the investment
strategy that invests in the equally weighted portfolio during the economic booming and
the global minimum-variance portfolio during the economic recession is sometimes the most
efficient in all the portfolios. This strategy seems to be naive. However, since it is characterized
by the limiting cases in our framework, the reason why the investor chooses it is because of
the strong suspicion of the estimated parameters.

In the investment theory, the various methods have been proposed to deal with the esti-



mation errors. They are classified into two major approaches: the Bayesian approach and the
non-Bayesian approach. In this paper, we adopt the non-Bayesian approach, specifically, the
max-min approach; maximizing an objective function with respect to portfolios after mini-
mizing the objective function with respect to priors of return’s distribution. The max-min
problem is popular when dealing with the multiple prior optimization. Goldfarb and Iyengar
(2003) solve the mean-variance portfolio selections with multiple priors under the factor pric-
ing model. Garlappi, Uppal, and Wang (2007) characterize multiple priors for the expected
returns by the confidence interval around the estimated expected returns and find that their
multiple-priors optimal portfolios have high Sharpe ratios in their back tests. The max-min
approach is economically axiomatized by Gilboa and Schmeidler (1989) in order to describe
the ambiguity aversion of investors illustrated by Ellsberg (1961).

In addition, we use one concept from the Bayesian approach. The Bayesian approach
is based on the Bayesian statistics, e.g., shrinkage estimators (Jobson and Korkie (1980)
and Jorion (1986)), the Black-Litterman model (Black and Litterman (1990)) and the other
methods such as Péstor and Stambaugh (2000). Ledoit and Wolf (2003) propose the shrinkage
estimator to estimate a covariance matrix of asset returns when facing the small sample
problem that is when the number of assets is larger than the number of observations. To
compute the shrinkage estimator, they minimize the Frobenius norm of estimated errors of
the covariance matrix. Using the idea of Ledoit and Wolf (2003), we introduce the Frobenius
norm of estimation errors of a covariance matrix in order to deal with multiple priors.

The results obtained by the mean-variance optimization constraining portfolio norms are
similar to the results by our framework. The mean-variance optimization constraining port-
folio norms is proposed by DeMiguel, Garlappi, Nogales, and Uppal (2009a). Especially, their
2-norm-constrained portfolio is basically the same as the one of our limiting cases. The dif-
ferences between our model and the one in DeMiguel et al. (2009a) are investment horizon
and problem formulation. DeMiguel et al. (2009a) consider static portfolio selections such as

mgn u'Su subject to u'u < k,
where u is a portfolio vector and u is its transpose. S is an estimated covariance matrix.
k represents the upper bound of the constraint. DeMiguel et al. (2009a) solve the above
static minimum-variance problem since it is free from the problem of time-inconsistency!.
The optimal 2-norm-constrained portfolio is based on the covariance estimator of Ledoit and
Wolf (2004). If the upper boundary of the constraint is the reciprocal of the number of assets,
then the optimal portfolio becomes the equally weighted portfolio.

In contrast to the above problem, we consider the mean-variance-style objective function
such that

T—1 ~
E%Y Lz:; 5t <E9*V[Xt+1|]-"tR’F ] - %{t Var®V (X | FPF ))] :
where X; is a wealth of the investor at time ¢ and ]:tR " is the information of the investor
at time t. 7;/X; represents the trade-off between the expected return and associated risks.
The superscripts 8 and V' express multiple priors and ¢ is a constant discount rate. Hence,
this objective function is an expected value of discounted sum of objectives in conditional
mean-variance problems. The above objective function is proposed by Chen, Li, and Zhao
(2014) to avoid the problem of time-inconsistency. Chen et al. (2014) consider this objective
function with a unique prior, but we consider the objective function with multiple priors.
Although there are several differences, the results of Pflug, Pichler, and Wozabal (2012)
are essentially the same as our results. Pflug et al. (2012) characterize a degree of ambiguity

!The standard dynamic programming procedure can not be applied to the simple mean-variance
optimization. See Li and Ng (2000) for more details.



as the Kantorovich metric, and show that for various objective functions including a mean-
standard-deviation objective function and for arbitrary distributions of asset returns, the
investor chooses the equally weighted portfolio under high model ambiguity. In contrast
to Pflug et al. (2012), we focus on mean-variance objective functions and Markovian return
models. This allows us to use more simple and clear degrees of ambiguity than the Kantorovich
metric, that is, we use a confidence interval around the estimated expected return vector and
a relative error of the estimated covariance matrix. Furthermore, our optimization problems
are dynamic optimization problems, whereas optimization problems in Pflug et al. (2012)
are static optimization problems. Therefore, our models have different implications from the
model in Pflug et al. (2012).

The rest of this paper is organized as follows. Section 2 formulates and solves the dynamic
mean-variance optimization problem with multiple priors. Section 3 investigates limiting
behaviors of the solutions. Section 4 conducts back tests and reports their results. Section
5 is the concluding section. The most proofs of theorems, lemmas and propositions in this
paper are in Appendix.

2 Mean-Variance Portfolio Selections with Multiple
Priors in a Markovian Market

First, we introduce the following notations.

e R? the d-dimensional Euclidean space. Specifically, we write R := R! and R, := {z €
R |z > 0}.

e R™™ a set of m X n matrices.

e 7/, the transpose of a vector or matrix x.

e 0,4, the d-dimensional real-valued vector whose all elements are 0.

e 1, the d-dimensional real-valued vector whose all elements are 1.

e [;, the d-dimensional identity matrix.

e 1,4(w), an indicator function. If w € A, then I4(w) =1. If w ¢ A, then 14(w) = 0.
o (z)" := max{x,0} for all z € R.

e |z||, a general expression of norms. Specifically, ||z|| is the Euclidean norm of 2 € R?
and ||A]| is the Frobenius norm of A € R"*"™,

Let (€2, F,P) be a probability space. We consider optimal portfolio selections of an investor
during T periods. There are one risk-free asset and d risky assets in the financial market.
Moreover, we assume that a sequence of R¥-valued random vectors, denoted by (Ft)thm
influences distributions of the return vectors of the risky assets: The return vector of the
risky assets at time ¢, denoted by R;, satisfies

Rt = ,M(Ft) + O'(Ft)Et, t Z 0,

where (¢;)7_; is a sequence of mutually independent and d-dimensional standard normal ran-
dom vectors, and p : RX — R? and o : RX — R?*9 are measurable functions. Furthermore,



we assume that F; and ¢ are mutually independent for each ¢t = 1,...,7. Then, the condi-
tional expectation and variance of R; given by F; are

E[R, | Fi] = u(Fy),
Var(Ry | 1) = o(Fy)(o(F))',

for all ¢ > 1. Hence, the conditional mean and variance of the risky assets’ returns are
driven by the movement of (Ft)tho- For convenience, we write Ry = 04. The risk-free rate
is a constant over time and it is denoted by ¢, and (R§)L, is the excess return process,
Rf = Rt — Tf].d.

Denote by F&F = (]-}R’F)fzo and F' = (FF)L, the filtrations generated by (R:, )1,
and (Fy)L,, respectively. We assume that an investor can observe the value of F; and R; at

each t > 0, so her information at time ¢ is represented by ]-"f S addition, we assume the
following;:

Assumption 1 The random process (Ft)tho is a time-homogeneous Markov process with
respect to FIHF,

Assumption 1 is important for our optimization. Many return models satisfy this assump-
tion.

Example 2

1. Factor pricing models. Suppose that (Fy)L_, satisfies Assumption 1. Let pu(F) = r¢lg+
BF and o(F) = &, where B € R*X and @ € R%4 are constant matrices. Then, the
return process can be expressed as

Ry =1rily+ BF; +Ge;, t 2> 1.

The above return process is the one of factor pricing models such as the capital asset
pricing model (CAPM) and the Fama-French three factor model.

2. Stochastic volatility models. Suppose that K = d and that (Ft)tT:o is specified by
log(Fy) = m+ B(log(Fi—1) —m) +mn, t>1,

where m € R? is a constant vector and B € R%? is a constant diagonal matrix. (m;)~;
is a sequence of d-dimensional i.i.d. random vectors that are independent of (e;)L_;.
The return process is defined as

Rt:ﬁ+dla‘g(v Ft)CEt, t> ]-7
where CC is a constant correlation matrix. Then, (F;)L, satisfies Assumption 1.

3. Markov regime-switching models. Suppose that (F;)L_, is a K-states,
time-homogeneous Markov chain and that p and o are specified by

w(Ey) = wiy,  o(Fy) = o0y, if Fy is ith state.

In addition, (F})L_, and ()., are mutually independent. Then, (F})L_, satisfies As-
sumption 1.



In usual portfolio optimization, researchers assume that an investor knows the conditional
mean u(F;) and variance o(F;)(o(F))', but, the investor needs to estimate the moments in
practice. In the robust optimization literature, researchers take into account the estimation
error of these moments. Similar to the literature, we introduce two statistical error compo-
nents. Let (6;).; be a Ré%-valued random process of errors of mean and let (Vi)' be a
R%9_valued process of errors of variance. The one-period-ahead conditional mean and vari-
ance with respect to the probability measure representing the investor’s belief, denoted by
P%V | can be expressed as

BV R | F") = BlRy | FE )+ 61, Var®V (R |[FS) = Var (R |[FY) + Vi, t>0.

Hence, 6; and V; can be regarded as statistical errors of conditional mean and variance given
.7-"tR ¥ at each t. The assumptions regarding (0,)1=' and (V;)I! are

Assumption 3
1. For each t, ; and V; are ER’F-measurable.
2. For each t, Var(Ry1 | F{%")+Vi and o(Fyy1)(0(Fi11)) 4V, are positive-definite matrices.

From the definitions of (6;).-;" and (V;)L ', Assumption 3 is natural.
The important technical issue is whether the probability measure P%" exists or not. To
construct the probability measure PV, we introduce the random variable,

t
Zt = H QS: t Z O)
s=0

where

Gi1 = det(o(Fit1) (0 (Fi41))")
+ det(o(Fp1)(0(Fit1)) + Vi)

X exp {—;92 (U(Ft+1)(U(Ft+1))/ + Vt)_19t + 0 (U(Ft+1)(U(Ft+1))’ + W>_1U(Ft+1)€t+1

+aian (n = (Fu)) (o(Fin) o (Fr)) + w)‘la<Ft+1>)et+1} S

and (yp = 1. Then, the following lemma holds.

Lemma 4 Under Assumptions 1 and 3, there exists a probability measure PV, such that
PV (A) = E[1aZ7], Ae FRF

Under P?V,

B[Ry | FPT] = B[Ry |FT] + 64,
Var®”V (Ry | FIPT) = Var(R 1| FPF) + Wi,

for all t > 0. Furthermore, the conditional distribution of Fii; given FtR F under P9V is the
same as the conditional distribution of Fy;; given ftR + under P.



The proof of Lemma 4 is in Section A.1. Since (F})]_ is the time-homogeneous Markov
process with respect to F&F we can express the conditional mean and variance of Ryy; as
functions depending on Fy, that is,

m(F):=E [RtJrl‘Ft = F} =E [Rtﬂ‘}—tR’F} ;
A(F) := Var( Rt+1‘Ft Var(Rt+1‘.7: ),

for all t > 0. We denote the conditional expected excess return by m¢(F) = m(F) — r¢l,.
Now, let us formulate the optimization problem of the investor. Let (X;)I_, be a wealth
process of the investor. We assume that X; satisfies a self-financing constraint, that is,

Xeer = (Lt re) + (Riy)'u) X 120,
where (ut)tT:_o1 is a sequence of d-dimensional portfolio vectors for risky assets. For each wy,
the ith element of u; represents the weight of the wealth invested in the ith risky asset. The
investor buys or sells X(1 — (14)"us) dollar’s risk-free asset at each ¢ > 0. The investor’s
objective function is

T—1 ~
ESV S8 (ERY [ |5 - S vV (| F) ) | (2.1)
— 2X,
where 7 := (‘y\t)f:_ol is a positive and FF-adapted process which represents the investor’s

trade-off between the expected return and associated risks. We emphasize that 7 is not only
FEF_adapted, but also FF-adapted. The FF-adaptedness of 7 is important in the derivation
of the explicit form of the value function.

The trade-off parameter is divided by X; whereas in the other standard problem, it is not
divided. This parameterization is used by Bjork, Murgoci, and Zhou (2014). They provide
two natural interpretations of the parameterization. One is an adjustment of units. The unit
of the conditional expected wealth is (dollar), whereas the unit of the conditional variance is
(dollar)?. So the variance needs to be divided by wealth in order to measure the objective
function in dollars. Another interpretation is to measure the objective function by the rate
of return. We replace the wealth in the objective by the gross return of the wealth, namely,
we consider

X X

104 [ )tgl ‘]_-tR,F] ’Yt Var®V < t+1 ‘]__R F)
1 0,V R,F ’Yt 0,V R,F

= { B Al = vt (Kl

Then, Bjork et al. (2014) argue that the equilibrium in the above objective is the same as

that in the following objective,

PV Xt | F) = S VarY (X |F).
t

However, in our settings, the optimal portfolios are different between these two objectives.
Our settings, therefore, should be interpreted as the adjustment of units.

We can also interpret our objective function as an approximation of a certainty equivalent
of a CRRA utility. Let

-3 _q
T
f 1
Ut(%’) — ]-_At 9 1 7t7é 9
log x, if 5y, =1,



where ¢ > 0 is the constant relative risk aversion coefficient at time ¢. Let us denote by ¢ (X)
the certainty equivalent of a random variable X under the probability measure PV | that is

a(X) = () (B [u(X) | 7).

where (u;)~! is the functional inverse of u;. Then, it is well known that ¢;(X) can be approx-
imated as follows.

1uf (B [Xop | F*])
2wy (B [ X1 | F2T])

e(Xee1) =~ EWV (X | FP + VarV (X | F2F),

where uj and u) are the first and the second derivatives of u;, respectively. Now, we assume
X =~ EG’V[XH_l | .7-'tR’F]. Then, since u; is a CRRA utility, we have

R,F ~ ~
uf (B [Xep1 | 7)) B A

EY X | FPT) BV X | BT X

Therefore, we have

Et(Xt+1) ~ Ee,v[XtJrl | ]:'tR7F] _ % Valﬂ’v(Xt+1 | J—"tR’F)-
t

Hence, the expectation of the discounted sum of the certainty equivalents can be approximated
as follows:

T-1 T-1 -
E%Y [Z 8'e (X)) | # EPY [Z &' <E9’V[Xt+1|]:f’F] - 72?( Vare’V(XtJrl’]:f’F))] .
t
t=0 t=0

The above approximation coincides with our objective function (2.1). Furthermore, the time
varying 7 implies that the relative risk aversion coefficient varies over time.

Note that, we assume that X; is almost surely strictly positive for all ¢ > 0. Strictly
speaking, it does not hold when permitting short selling, whereas it holds if short selling is
not allowed. Nevertheless, we assume the strict positivity of X; in all cases for mathematical
convenience. Furthermore, the division of the trade-off parameter by X; is a crucial assump-
tion for the derivation of the explicit solution to our problem. Without it, we can not derive
the explicit solution. We again refer to this assumption in the problem without the risk-free
asset.

By the Markov property of (Ft)g;o, the objective under P?V can be expressed as

T-1 N
BV [Z &' (EQ’V[XtH\]:ﬁ’F] — 2%; Vare’v(XtH’]:ﬁ’F))]
=0

)

71
=E"Y [Z 8" Xier(Fy, Or, Vi, ue)
=0

where ¢; : RE x R? x R%? x R4 — R is a measurable function such that

-
a(F.0,V,u) =1+ 1+ (me(F) +0) u— Do/ (AF) + V)u.

Now, we construct the optimization problem with multiple priors. The investor selects
the portfolio maximizing the expected utility of the worst case. This means that the investor



faces on the following maximization problem:

T-1
Vr(z,f) = max min E%Y 8" Xyci(Fy, 0y, Vi, ug)
()i €AY (6:,V0){ 5 €ATY ;
subject to X1 = (1 + 7+ (Rfﬂ)'ut)Xt, t >0, (2.2)

X(]:l', FOZfa

where A% is a set of admissible portfolios and .A%V is a set of admissible errors, (6;)L_;" and
(Vt)tT:_I. The set of admissible portfolios can be expressed as

4= {u = ()2t | w is a R%valued and F/%"-adapted process.} .

So, the investor is permitted to short sell. We later analyze the case when the investor is
prohibited from short selling.

The set of admissible errors is characterized by two inequalities. For all (6, V})Z;Bl € Agiv,
()= is a Révalued process and (Vi)' is an R¥“valued process. Furthermore, they
satisfy Assumption 3 and

(n7)* > 6, (A(Ft) + Vt)_let, (2.3)
(n)Pte((A(F))?) > tr(V2), (2.4)

where (7)1 and (n} )L, are positive F¥'-adopted processes and tr(A) is the trace of matrix
A.

The inequality (2.3) represents a confidence interval in statistics. This idea is introduced
by Garlappi et al. (2007). We can express 0}(A(F;) + V;) 710, as

—1
Hg(Vare’V(RHﬂ]:f’F)) Ht =
/ -1
(BlRet F) = BV [Rea FY) (Ve (Ro 7)) (BLRedl FT) = BV [Regd 1Y),

SO HQ(A(th‘ + V;)710; is the F statistic of the estimated means in the null hypothesis of
B[R [F*] = BV Ry | FF).

Garlappi et al. (2007) characterize this constraint of (6;)]_;' as the confidence interval
of the estimated mean vector. Their discussion is justified if the return vectors of the risky
assets are i.i.d.. However, the return vectors in our model are not i.i.d. in general. Therefore,
our constraint (2.3) does not represent the confidence interval. Since the financial models are
usually estimated by using the maximum likelihood methods, one should use the inverse of the
information matrix as the covariance matrix in our constraint (2.3) in order to characterize
this constraint as the confidence interval. However, in this paper, we use this constraint,
similar to Garlappi et al. (2007), to reduce the mathematical complexity.

The inequality (2.4) can be expressed as

o VR VY (Re | FF) - Var(Re | F |

"= (AR | Var(Re1| )12

Y

for all t > 0. Therefore, (1 )tT:_ol represents the upper boundary of the ratio of the least square
error to the conditional variance. Ledoit and Wolf (2003) consider the shrinkage estimator
minimizing the following objective:

mointr((fl(a) - 2)2) = moin IS(a) - 2,

9



where ¥ is an actual covariance matrix of returns and f](a) is a shrunk estimated covariance
matrix depending on the parameter a. We use the above objective in the inequality (2.4).
Therefore, the inequality (2.4) represents the upper boundary of the objective in Ledoit and
Wolf (2003).

As in the case of a unique prior, we can apply the dynamic programming procedure to
the optimization problem (2.2).

Theorem 5 Let (Y;') ' be a sequence of random variables, such that

Vi, = max min {er—1(Fr-1,07-1,Vr—1,ur—1)},

quleRd (9T71,VT,1)€A§JV g:i

Y7 = max min LB, 00, Vi) + B [V (14 e+ (BE) ) | 7Y
ut R (9t7%)A%V‘§

forall 0 <t <T —2, where A%Vﬁ is a set of t-th elements in .A%V. Then, the above random
sequence exists, and

Vi(z, /) =E[Y{ | Fo=flz, z€R, feR¥,
Furthermore, the optimal portfolio process (uf;)tT:_ol derived by the above dynamic program-
ming is time-consistent.

The explicit solution is provided by the following proposition.

Proposition 6 Let
Yi =0,
m§ =B [(1+ Y1) (u(Fivn) = el FP ] g =14 0E [V F],

e e\/ \%4 -1 e
aj = (mf) (AF) + 0! IAFD L) i,

for all 0 <t < T — 1. Then, (Y;")Z-} in Theorem 5 can be expressed as

((v/af —lgilnd)*)?

Y= (1+re)gf +

29 ’
and the optimal portfolio is
L1 gglnf " v -
ui=z (1 - > (ACF) +n JAFDIIa) . (2.5)

The proofs of Theorem 5 and Proposition 6 are in Section A.2. By the construction,
(V! is FF-adapted. Furthermore, if 7;, 7 and 7} depend only on the value of F; for all
0<t<T-1,Y, also depends only on the value of F;. Therefore, we can easily compute it
numerically using the Markov property of (Ft)?zo.

The optimal portfolio (2.5) is similar to the ambiguity averse minimum-variance portfolio
by Pinar (2014). However, the multiple priors for mean and variance affects the portfolio (2.5)
whereas the ambiguity averse minimum-variance portfolio is only affected by the multiple
priors for mean. Therefore, the ambiguity averse minimum-variance portfolio is a special case
of our portfolios.

Note that, we obtain similar results to Proposition 6 even if ry varies over time. Let 14
be a time-varying risk-free rate at time ¢ + 1 such that

res1 = h(Fy), t>0,

10



where h is a measurable function from R¥ onto R. The reason why the risk-free rate at
time t + 1 depends on the value of F; is that the risk-free rate needs to be determined before

investment decision. Then, the following portfolio utTV* is optimal.

1 TVe|,,0 —1
ZV* S (1 _ M) (A(Ft) + ||A(Ft)HId) ?Ve’

Yt Valve
where
YT =0, miVe = B[(1+ 0V T) (u(Firn) - A(F)L0)IF]
1
Ve =14+ 0B [T afVe = mlVey (AR +al IAGF)IL)  mive,

(V/aT " = gV lnf) )*

27

YT = (14 h(Fy)gl Ve +

It is clear that Y,IV7 is ]:tR F_measurable for all ¢ > 0. In addition, u”V* is admissible. The
proof is similar to that of Proposition 6, so we omit it. The above result indicates that if the
movement of r¢; is independent of ¢, then the optimal portfolio with the constant risk-free
rate can be naturally extended into the optimal portfolio with the time-varying risk-free rate.

We next consider an optimization problem with multiple priors without the risk-free asset.
In this case, the investor’s wealth updating formula is

Xpp1 = (1 + (Rep)w) Xp, 0<t<T—1,

where u; satisfies 1/,u; = 1. The objective can be expressed as

T-1
B [Z 5t <E97V[Xt+1\]-'fz’F] 2’;; VarGV(mefﬁF))]

where ¢ : RE x R% x R%? x R? — R is a measurable function such that

, ~
G(F,0,Viu) =1+ (m(F) + 9) u— %u’(A(F) + V)u.
Hence, the objective without the risk-free asset has the same form as the objective with the
risk-free asset. This implies that Theorem 5 can be applied to the problem without the
risk-free asset.
The optimization problem without the risk-free asset is formulated as

T—-1
Vol (z, f) = max min  E%Y [Zatxta(m,et,vt,ut)

()i €A% (00, V)Tt eAyY P

subject to X1 = (1 + (Rt+1)/ut>Xt, t >0, (2.6)
Xo=12z, Fp= f7

where the set of admissible portfolios .AT is

%= {u = (u)5y | wis a R%-valued and F*"-adapted process and 1lu; = 1}

The following proposition provides the optimal portfolios and the value functions.
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Proposition 7 For all 0 <t <T — 1, let
i =0,
ge =1+ 0BV | FM) me=B |1+ 0V ) u(F) | FM
-1 -1
ay ! = mi (ACF) + 0l JAE) 1) e e = mi (AR + ! A a) 1a,
-1
bl = 1 (AR + 0l AFDI) L0, d = af ot — ()2,

Al — @+ |gelnl )

ST
th =g+ bworf
t

Ve
+ 5(1%}:)27
where 1} is a unique positive solution of the polynomial equation.

dworf
t
(e + |gelnf /7)

by () = ~+ 1 (2.7)

Then, the value function is
V’]q‘uorf<xvf>:E[i}0T’F0:f]xa (.%',f)ER_A,_XRK,
and the time-consistent optimal portfolio is

YAt lgelnf oy
forall0<t<T —1.

_1 Cworf_ ~ + 9 "
(A -+ A1) <m - & et /oD 1d) ,
t

The proof of Proposition 7 is in Section A.3. The equation (2.7) is essentially the same
as the equation (A11) in Garlappi et al. (2007), so it must have a unique positive solution by
Garlappi et al. (2007). We give the details of the proofs of the existence of the unique positive
solution to the equation (2.7) in Section A.3.

The main difference between Garlappi et al. (2007) and our model is the covariance matrix.
The optimal solution in Garlappi et al. (2007) can be regarded as the case when 77,}/ is zero in
our solution. In our case, the multiple priors for covariance affects the optimal portfolio.

The division of 74; by X; has an important role in the problem without the risk-free
asset. Without this division, we can not derive the explicit solution since the solution of the
polynomial (2.7) depends on the value of X;. This implies that the t-step value function ﬁT,
also depends on the value of X;. Then, it is difficult to compute the conditional expected
value of ?f given fﬁ’f under the probability measure PV, Hence, the trade-off parameter’s
division by the wealth is crucial.

Now we introduce a short-selling constraint. Let .ZiT be a set of admissible portfolios

with a short-selling constraint such that

FR’F

NiT = {u = ()2t | w is a R%-valued and -adapted process, 1;u; = 1 and u; € ]Rff_} .

Then, the dynamic optimization problem with a short-selling constraint can be expressed as

T—1
Vw;Tf(:c, f) = max min E?YV §' Xy (Fy, 04, Vi, ug)
* (ue) o' €At 7 (01,Va) 1oy €ARY ;
subject to Xpp1 = (1 + (Rtﬂ)/ut) X, t>0, (2.8)

XO =, FO = f
Then, the following proposition holds.
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Proposition 8 Forall 0 <t <T —1, let
O+T _
Y, =0,

U R.F % R.F
g =1+ BT | FY) i =B [+ oV D) | 7,

A~ / gl
Y;-s—T — max min {g:‘ + (fmgF + gj9t> Ug — Eu; (A(Ft) + Vt>ut} )
ur€CF (6:,Vi)e ALV ! 2

where Ct is a set of portfolios such that
F:{Mm ‘ 1:12@.}.
Then, the value function is
Vir (@, ) =By | Fo = fla,

and the optimal portfolio at time ¢ is

, ~
uf =arg max  min {9? + (m? +gt+9t> T (A(Ft> + Vt)“t}
w€CF (6;,Vi)e A%V |t 2
The proof of Proposition 8 is in Section A.3. The t stage problem,
, ~
max  min {g;r + (m;r + gj9t> Uy — &ué (A(Ft) + Vt>ut} ,
w€CT (0, Vi) eALY | 2
can be rewritten as follows,

R
max  min {g? + (mf + 9?(%) e — L (A(Ft) + Vt)ut} =
u €CF (01,V,) €A%V | 2

max {gr o+ (m) e = S (AR + mll ACF) |12 e — gmwu; (a(r) + ntnA(Ft)uId)ut} .

useCt 2

Therefore, the solution to the above problem exists since the above objective is continuous
n Ug.

3 Limiting Behaviors

In this section, we study limiting behaviors of optimal portfolios. We have postulated that
the parameters (7)1, (n!)1-,, and (n/)-' are non-negative. We therefore consider the
behaviors of the optimal portfolios when these parameters go to infinity.

We first consider the optimal portfolio with the risk-free asset. By Proposition 6, the

optimal portfolio with the risk-free asset is

" ag

+
1 e|,,0 -1
uf = Q—m@>(mm+ﬂmwmm .

for all + > 0. Then, m¢ and g§ are determined independently of the values of 7,7 and n) .
ay can be expressed as

af = (m5) (AB) + 0l |AGE) | )~ m

) (A + [AE) L) m
= 3 7 d ’
Y ' '
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therefore, af — 0 as ) — oo. This implies that for any fixed 7; and 1Y,

lim u; = 0.
ny =00
So, if the investor has absolutely no confidence in the estimated conditional variance, she quits
investing in the risky assets. Similarly, if n? — oo, then

el
lim [1-— ZtE =0
17?—>oo CL?

for any fixed 1. Therefore, u} converges to 04 when n¢ tends to infinity. These behaviors
are natural since the investor with strong doubts of the correctnesses of the risky assets’
parameters prefers investing in the risk-free asset which yields a deterministic return r¢. Thus,
the effects of multiple priors are similar to the risk-averse behavior if the risk-free asset is
present. However, with the absence of risk-free asset, limiting portfolios are two famous
portfolios, namely, the global minimum-variance portfolio and the equally weighted portfolio.

Proposition 9

1. With the risk-free asset. If 3y,m? or ) tends to infinity, then the investor invests all
wealth in the risk-free asset.

2. Without the risk-free asset.

(a) If7; or ¢ tends to infinity and if 5} is fixed, then the investor invests in the global
minimum-variance portfolio under P%V that is
. * 1 14 -1
, Jim = ——(AF) + Y NAFDIIL)  1a,
Wi AR+ JAFDII)

when permitting short selling. When short selling is not allowed, then the optimal
portfolio again converges to the global minimum-variance portfolio.

lim u =uf MY .= arg mig{u’ (A(Ft) + nyHA(Ft)HId>u} .

nf—o0 ueCt

(b) If 5} tends to infinity, then the investor invests in the equally weighted portfolio
whether short selling is allowed or not, that is,

li o 1 1
m uy = —14.
ny —o0 t d

Proof . By Proposition 7, the optimal portfolio without the risk-free asset is

e — G+ loulnf /07) |
bworf d|»
t

uf = L
t = = 8.
Yt + \gt!ﬁf/%

v -1
(AR + ! NAFDIIEL) (e -
where
-1 -1
ay ! = mi (ACF) + 0l JAE) 1) e e = mi (AR + ! A Ia) 1a,

—1
o = 1 (AE) o NAGEIL) La, drT = ap e (e,
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and ¢} is the unique solution of the following quartic equation,
dwor f
t
(e + lgelnf /¢7F)

Similar to the case with the risk-free asset, m; and ¢; are determined independently of the
values of 4, 7! and 1, so we can regard them as constants. To study the limiting behavior
of uy, it is important to use the quartic equation for ;.

The quartic equation can be transformed as follows:

o\ 2 wor f

~ d

<7t 4 |gt|:<7t) — wo,’,,ft - ) (31)
Wy by (Yf)2 =1

The benefit of the above expression is that it separates the terms depending on n? and 5, .
In addition,

b () =

2—|—1.

<% - |gt‘77?>2 __ 32> 0 (3.2)
vi Rl e

for all 7¢,nf, and 1. For any fixed 7; and 1}, two limits of the equation (3.1) as n{ — oo
can be expected. One is some positive constant C' > 0. Then, we have

0\ 2 dworf
<:Y\t + |gt|17t > — lim worf t
(o nf—o0 b7 ()2 — 1

lim =
nf—oo

The right equality follows that
;im v =Ch

7§ —00

for some constant C > 0. However, this implies

2
|gt|77t6> _
- =0
(A

Hence it is a contradiction. Therefore, the equation (3.1) diverges when 7! tends to infinity.
Indeed,

lim <?t +

nf—o0

dworf
lim ft—
mi—oo0 by (¢7)? — 1
implies that (¢7)2 — 1/b"°"/. Then,

2
’9t|77t0> -
Ui

This is consistent. Therefore, the limiting portfolio with respect to nf is

nf —o0

lim uy =
nf—oo

-1
1%
bwa(A(Ft) + ”A(Ft)HId) 14.
t
This limiting portfolio is the global minimum-variance portfolio under P%V.
We consider the limiting behavior with respect to 1, . d;”orf and b}forf can be expressed
as

1
dvort = di, lim df =dy>0,

(TIY)Q Mg =00
1

b7 = 0], lim b = by > 0.
Ur 1y =00
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Then, the RHS in the equation (3.1) becomes

déuor f d?

bW =1 by () - /)

We first assume that the LHS in the equation (3.1) diverges, that is,
o\ 2
o (504 50’
Ny —00 ,(Z)t

This implies that ¢} converges to 0 when 1 — oco. However, for the RHS in the equation
(3.1),

d77
éim ¢
=0 ot (wp)2 =l /1]
This is a contradiction. It follows that there exists some positive constant Cs > 0 such that

. d
‘llm 7.,V Vo pn
o0 by'ny ((1/’:)2 — /bt>

=0.

= Cs.

Then, n)’ ((zp;" )2 —nY/ bg) — Cj3 for some positive constant C3 > 0 as 1 — co. This implies

that 1} diverges. Then the LHS in the equation (3.1) also converges to 72, so it is consistent
with our expectation.
By the definition, it holds that

wor f

. C
\1/1m fuorf = Cy,
M —»0 bt

for some constant C4. Furthermore, we have

. \ -1
lim (A(F) + 0} |A(R)|1a) = =04,

ny —o0
for any z € R Moreover, 3; + |g¢|n? /¢F converges to 7 as n} — oo. Hence,

lim ! (A(F) Y |AE)|L )_1 " ) =0

m ——p t) T 1 t)ll4d m¢ — —ooFtd | = Y.
nY —o0 At + |gelnf /7 ' b /

On the other hand,

1' <A(Ft)+77tVHA(Ft)HId>_11d_ i (A(Ft>/mv+HA(Ft)HId)_Ild -

\% wor f v 1
W e bi W (AR Y+ A1) L

L
a ¢

Finally, it holds that

1
lim u; = =14
ny =00 ! d

Hence, the limiting portfolio as 7y — oo is the equally weighted portfolio.
In the case when short selling is not allowed, it holds that uy — 14/d as nY — oo since
14/d is an interior point of C*. When n{ — oo,

lim ;= oMY = arg min {u’ (A(F) + 0 | AR )u}

nf—o0 ueCt
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since the objective function is proportional to

1 5
5 (i) — LG (ACF) + 0! |AE) L )ue = g7 |y [y (A + A g
U U

and the effects of the first two terms become small when 7! becomes large. O

Interestingly, the optimal portfolio u; also converges to the equally weighted portfolio
when 7 — oo and 7Y = 0. This means that the investor chooses the equally weighted
portfolio under the strong uncertainty for variance even if she believes that the errors of
the estimated conditional expected returns do not exist. Therefore, we conclude that the
uncertainty about variances has a stronger impact on the investor’s portfolio selection than
the uncertainty about means.

However, the above result slightly differs from natural intuition. The readers may think
that the investor tends to choose the asset having the highest expected return if the degree
of suspicion for variances 1}, is sufficiently large. This question can be resolved through the
inequality constraint (2.3). If ) is sufficiently large, then the error of variance V;, is also
large. This implies that

o (AR + i) o

is very close to 0. Then, the mean errors #; in the investor’s belief can take an arbitrary value
if nV' — oo. Therefore, the investor’s worst scenario is that the means take large negative
values which are the same across all risky assets. Hence, the investor chooses the equally
weighted portfolio if n" — oo.

Without the risk-free asset, the limiting case Y — oo is the same as the special case of
the 2-norm-constrained optimal portfolio in DeMiguel et al. (2009a). However, our framework
admits dynamic changes of covariance, so the conditional covariance matrix appears in the
limiting portfolio, whereas the unconditional covariance matrix appears in DeMiguel et al.
(2009a) since they consider the static optimization.

Unfortunately, without the risk-free asset, the limiting strategies are not applicable straight-
forwardly since the value functions diverge. These limiting portfolios are only admissible in
the initial period of the investment horizon. However, if nt‘g and 7} are sufficiently large, then
the optimal portfolios are very similar to the limiting portfolios, so we can use the optimal
portfolios with large nf and 7} as proxies of the limiting portfolios. In Section 4, we study
the cases of large 1/ and 71, .

Remark 10 As mentioned below, in a limiting case, Pflug et al. (2012) reach essentially the
same conclusion as us, although there are several differences. Pflug et al. (2012) show that as
a model uncertainty measured by the Kantorovich metric increases, an optimal portfolio in
a mean-standard-deviation optimization problem converges to the equally weighted portfolio.
Specifically, Pflug et al. (2012) consider the following problem:?

i EQX] — L\/Var®(x
s i {0~ 0 )

subject to X = R'u, (3.3)
1=1u,

where ds is the Kantorovich metric with order 2, and R is a risky assets’ return vector. ~ is a
non-negative trade-off parameter between returns and risks. E? and Var? are expectation and

2We modify the original problem in Pflug et al. (2012) for this to take the same form as in this
paper. It can be easily seen that the problem (3.3) is equivalent to the original problem in Pflug et al.
(2012).
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variance operators under a probability measure QQ, respectively. x is a non-negative constant
that represents a degree of uncertainty. Pflug et al. (2012) show that the solution to the
problem (3.3) converges to the equally weighted portfolio as k — oc.

One of the differences between our model and the model in Pflug et al. (2012) is the
measure of uncertainty. Pflug et al. (2012) adopts the Kantorovich metric, while it is a math-
ematically sophisticated concept of a distance among probability measures, it is usually hard
to compute, and it is not usually used in practice. In contrast, our measures of uncertainty
are a confidence interval around means and a relative error of covariances, which are widely
used in practice and easy to compute.

Another difference between our model and the model in Pflug et al. (2012) is the objective
function. Let us assume 7' = 1 in our model, so we consider a static problem. In order to
apply the approach of Pflug et al. (2012) to our objective function, we need to replace the
term of the standard deviation in (3.3) to the variance, that is

max  min {EQ [X] — lVar@(X)} ,
u Q:dp(P,Q)<k 2
subject to X = R'u, (3.4)

1=1u.

However, since the objective function in the problem (3.4) does not satisfy the assumptions in
Proposition 1 in Pflug et al. (2012), we can not use the results of Pflug et al. (2012). Therefore,
the solution to the problem (3.4) may not converge to the equally weighted portfolio. For
details about this discussion, we also refer to Wozabal (2014).

Considering a unique prior case (i.e., K = 0), we can easily show that the solution to the
problem (3.3) is proportional to the solution to the problem (3.4). However, the trade-off
parameter v has different implications in these problems. As seen in Section 2, in our model,
we can regard 7 as a coefficient of (absolute) risk aversion. On the other hand, economic
implication of v in the problem (3.3) is not clear.

Finally, we adopt dynamic mean-variance optimization, whereas the model in Pflug et al.
(2012) is static. Therefore, our model allows an investment strategy that changes portfolios
in reaction to the state variable Fi. In Section 4, we will see that this investment strategy
often performs well in practice.

4 Optimality of Naive Investment Strategies in Back
Tests

In this section, we conduct back tests of dynamic optimization with multiple priors. We use
the following three data sets.

1. International Equity Indexes. The four MSCI indexes: US, Japan, UK, and Ger-
many. FEach index is month-end US-dollar valued. The data source is the Thomson
Reuters Datastream.

2. Industry Indexes. The five monthly returns of industry indexes in the US stock
market: Consumer, Manufacture, HiTechnology, Health, and Others. The data source
is the Kenneth French’s web site.

3. Size- and Value-Sorted Portfolios. The six monthly returns of the 2x3 size- and
book-to-market-sorted portfolios in the US stock market by Fama and French (1993).
The data source is the Kenneth French’s web site.
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We also use monthly returns of 90-day US treasury bill from the Thomson Reuters Datastream
as risk-free rates. Each dataset consists of monthly returns from January 1975 to December
2014. In order to focus on the diversification within the risky assets, we consider the asset
allocations without the risk-free asset and compare out-of-sample Sharpe ratios.

4.1 Methodology of the Back Tests

In each dataset, we assume that the return vector is modeled by a two-state, recursive and
time-homogeneous Markov regime-switching model, such that

Rty = p(Fiy1) + o(Fiq1)errr, t>0,

where (F})L, is a two-state, recursive and time-homogeneous Markov chain. (F;)]_, and
(€)1, are mutually independent. The transition probability matrix of (F})L, is constant
over time by the time-homogeneity of (F})I_,. This model satisfies Assumption 1.

We assume that one of the states of F} is a “good state” and another state is a “bad state”.
Whether the market condition is good or bad is determined by the values of conditional means
and variances of the return vectors. Consider the state in which more than half of means and
reciprocals of variances are larger than those in another state. We call this state the “good
state” and call the other state the “bad state”. If these values are the same, as the good state
we choose the state in which the sum of the marginal conditional means is larger than that
in the other state.

We consider two types of investors. The first type assumes that the returns of the indexes
are not regime switching. This type of investor always considers the mean and variance of the
returns are constants. We call this type “IID”. The second type assumes that the returns are
driven by the Markov chain (Ft)tT:o- Hence, this type of investor assumes that the conditional
mean and variance of the returns vary over the time. We call this type “RS”. The IID and
RS investors compute their portfolios using the dynamic optimization without the risk-free
asset proposed in Propositions 7 and 8.

As for the preference parameters, 5; and ¢ are constant over time and states. We set 7y = 1
and § = 0.99. To study the effect of the multiple priors, we consider six different values of
(nf =0,1,2,3,4,5) and five different values of (5 = 0.0,0.5,1.0,3.0,5.0). These parameters
are fixed over time and states. Furthermore, we also consider two different cases: the one
in which short selling is permitted and the one in which it is not permitted. Therefore, we
compute 6x5x2 portfolios for each investor type. The large nf and 1) represent strong degrees
of suspicion of investors, so we can compare the investors with different levels of suspicion. As
benchmarks, we also consider the equally weighted portfolio (EW), the portfolio maximizing
the single-period empirical Sharpe ratio (max SR), and the single-period global minimum-
variance portfolio (GMV). In addition, we use the value-weighted portfolio (VW) as one of
the benchmarks for the industry indexes and the size- and value-sorted portfolios data set?.
Note that the IID investor’s max SR at time ¢ maximizes the following objective function:

—/
_ HuU =Ty

Jip(u) = T

where 77 and ¥ are sample mean and variance of returns and 7¢, is the risk-free rate at time
t. On the other hand, the RS investor’s max SR at time ¢ with the state F; = ¢ maximizes
the following objective function,
—/
U — Tf g
frs(u) = ——==,
o' (000 )u
3Unfortunately, we can not obtain the data of the market values of the US dollar-based MSCI
indexes. So, we compute the value-weighted portfolio only for the abovementioned two data sets
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where 7i; and 7,0, are estimated mean and variance of returns at state i. By the above
definition, max SR delivers the largest Sharpe ratio without estimation errors.

Furthermore, we consider the following six extreme strategies. In these six strategies,
n? and 5} take different values in the different states of Fj. The first strategy is “GMV
in the good state and EW in the bad state” (GMV-EW). Under this strategy, the investor
invests in the global minimum-variance portfolio in the state of good market condition and
in the equally weighted portfolio in the state of bad market condition. This strategy can be
interpreted as the optimal portfolio when 1! = 0 and 1? tends to infinity in the good state
and when 1 tends to infinity in the bad state. The second strategy is “EW in the good
state and No Error in the bad state” (EW-NE). Under this strategy, the investor invests in
the equally weighted portfolio in the good state and in the optimal portfolio of Proposition
7 and 8 with 7Y = 1) = 0 in the bad state. This strategy can be interpreted as the optimal
portfolio when 5 = 0 and nf tends to infinity in the good state and when nf and 7} are
0 in the bad state. The third strategy is “GMV in the good state and No Error in the bad
state” (GMV-NE). Under this strategy, the investor invests in the global minimum-variance
portfolio in the good state and in the optimal portfolio with ! = 1 = 0 in the bad state.
This strategy can be interpreted as the optimal portfolio when )" = 0 and 7! tends to infinity
in the good state and when 1/ and 5} are 0 in the bad state. The rest of the strategies are
the reverse strategies of the above three strategies “EW in the good state and GMV in the
bad state” (EW-GMV), “No Error in the good state and EW in the bad state” (NE-EW),
and “No Error in the good state and GMV in the bad state” (NE-GMYV). The abbreviations
and the six extreme strategies are summarized in Table 1.

In the back tests, each investor needs to estimate the distribution parameters from the
data. The rolling window of estimation is fixed to 240 months. At each time, the IID investor
computes the sample mean and variance of the data over the past 240 months from current
time. Similarly, the RS investor estimates the distribution parameters using the data over
the past 240 months from current time. The RS investor estimates the parameters by the
EM algorithm proposed by Hamilton (1990). At the time when ¢t months have passed after
the start of investment, the investors compute the optimal plans of the portfolios for 240 — ¢
periods and invest in their optimal portfolios in the initial period. For example, suppose that
the investors would like to decide the portfolios in January 2000. They first compute the
optimal portfolio plans for 180 months, from January 2000 to December 2014. Then, they
invest in the portfolios in the initial period in January 2000.

However, the RS investors can not determine their portfolios since the state variable F' in
actual data is not observable. To determine their portfolios, they regard the state having the
highest conditional probability as the current state, that is, the current state at time ¢ is the
following iy,

iy = arg max P(F} is in the ¢ th state. | Ry, Ro, ..., R),
ie{1,2}
where Ry is the return vector of the indexes at time s =1,...,%.

The optimality of the portfolios derived in Proposition 7 and 8 are not guaranteed in the
above rolling-window approach. However, in general, investors usually choose their portfolios
based on the latest information. Moreover, the existing literature (e.g., Garlappi et al. (2007)
and DeMiguel et al. (2009b)) adopts the rolling-window approach. For these reasons, we also
use this approach.

4.2 Results of the Back Tests

Tables 2, 3, and 4 display the out-of-sample Sharpe ratios obtained from the back tests. In
all data sets, the extreme strategies tend to deliver larger Sharpe ratios.
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In the international diversification (Table 2), max SR has larger Sharpe ratios than the
other typical portfolios, GMV and EW, in all cases (whether the investor type is IID or RS
and with or without permitting short selling). When permitting short selling, max SR of the
IID investor has the largest Sharpe ratio (0.1014) except for the extreme strategies. However,
the IID investor’s optimal portfolio with 7 = 0.0 and 1} = 5.0 when not permitting short
selling delivers the largest Sharpe ratio (0.1081) among all portfolios. Also, the Sharpe ratios
when short selling is not permitted tend to be larger than those when it is permitted. This
is consistent with the well-known results of Jagannathan and Ma (2003), which states that a
short-selling constraint can improve the investment performance.

According to Table 2, the two extreme strategies, GMV-EW and GMV-NE, have good
performances whether short selling is permitted or not. GMV-EW with short selling deliv-
ers the largest Sharpe ratio (0.1032) among the portfolios with short selling. On the other
hand, GMV-NE without short selling has the second largest Sharpe ration (0.1078) among all
portfolios. Furthermore, the Sharpe ratios of GMV-EW without short selling and GMV-NE
with short selling, 0.0922 and 0.0891 respectively, are not small. Among the typical portfolios
(max SR, GMV, and EW) and the typical extreme strategies (GMV-EW and EW-GMV),
GMV-EW when permitting short selling has the largest Sharpe ratio. Taking into account
the simplicity of computation, GMV-EW when permitting short selling works effectively.

Table 3 reports the results of the industry indexes data set. According to Table 3, GMV
has larger Sharpe ratio than max SR, EW and VW in all cases. Precisely, the IID investor’s
GMYV with short selling has the largest Sharpe ratio among all portfolios. Among portfolios
without short selling, the RS investor’s GMV has the largest Sharpe ratio. However, the two
extreme strategies, GMV-EW and EW-GMYV, are not so bad either. Both of GMV-EW and
EW-GMYV defeat max SR, EW, and VW regardless of whether short selling is permitted or
not. Comparing GMV-EW and EW-GMV, EW-GMYV performs better than GMV-EW. When
short selling is permitted, the Sharpe ratio of GMV-EW is 0.2234, whereas the Sharpe ratio of
EW-GMYV is 0.2564. Without short selling, the Sharpe ratio of GMV-EW is 0.2281, whereas
the Sharpe ratio of EW-GMYV is 0.2473.

Table 4 reports the results of the size- and value-sorted portfolios data set. The IID
investor’s optimal portfolio with n? = 1.0 and " = 0.0 when permitting short selling has the
largest Sharpe ratio (0.3406) among all portfolios. On the other hand, similar to the industry
indexes data set, GMV has a larger Sharpe ratio than max SR, EW, and VW in all cases.
Furthermore, regardless of whether permitting short selling or not, GMV-EW defeats max
SR, EW, VW, and GMYV, except for the IID investor’s GMV. Precisely, GMV-EW has the
largest Sharpe ratio (0.2336) among portfolios without short selling.

In summary, GMV-EW and GMV tend to perform well in all data sets. DeMiguel et al.
(2009b) report relatively good performances of GMV, so our results are consistent with their
results. Unlike DeMiguel et al. (2009b), EW is less efficient in our data sets. However, GMV-
EW delivers larger Sharpe ratio in the international indexes data set when short selling is
permitted and in the size- and value-sorted portfolios data set when short selling is not per-
mitted. Furthermore, GMV-EW defeats max SR in the industry indexes data set regardless of
whether permitting short selling or not. Therefore, EW is efficient under particular situations
and GMV-EW effectively uses the efficiency of EW.

Note that the IID investor’s max SRs deliver larger Sharpe ratios than the RS investor’s
max SRs in all cases. One explanation of this result is the difference between the objective
functions. The RS investor’s max SR maximizes the conditional Sharpe ratio whereas the 11D
investor’s max SR maximizes the unconditional Sharpe ratio. Since our back tests compute
out-of-sample Shape ratios, which are sample analogs of the unconditional Sharpe ratio, it is
not surprising that the IID investor’s max SRs perform better than the RS investor’s max
SRs.
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As seen in Section 3, the extreme strategies can not be justified by our framework since
the value functions also diverge. However, optimal portfolios with sufficiently large n¢ and 1}
will work as extreme strategies. We show behaviors of the optimal portfolios with sufficiently
large 1Y and 1,

We consider the following metrics from the optimal portfolios of EW and GMV:

M,

G
lug ey = [lug — ug [willzw = llu; — 1a/d],

where u} is the optimal portfolio at time ¢. These metrics represent the root square errors
from EW and GMV, so we call these the portfolio errors from EW and GMV. Figure 1 shows
the portfolio errors of the international indexes data set from EW and GMYV in the case when
short selling is permitted. From the upper figures in Figure 1, we see that the high n? reduces
the portfolio errors from GMV for both IID and RS investors. Similarly, the lower figures in
Figure 1 show that the high 7} reduces the portfolio errors from EW for the both investors*.
This observation is consistent with our theoretical results in Section 3.

Figure 1 suggests that the optimal portfolios with sufficiently large ¢ and 7} can be
good proxies for the extreme strategies. We try to approximate GMV-EW and EW-GMV
by these optimal portfolios. We denote these approximated portfolios by mGMV-EW and
mEW-GMYV. The first letter m means mimicking extreme strategy.

Table 5 reports the Sharpe ratios of the optimal portfolios with sufficiently large ¢ and 5} .
The second, third, fourth, and fifth columns are the specific values of nf and 7 of the mim-
icking strategies. In Table 5, the averages of the root square errors of the mimicking strategies
from the (original) extreme strategies are sufficiently small in all the data sets. This implies
that the mimicking strategies are good proxies for the extreme strategies. Consequently, the
mimicking strategies’ Sharpe ratios are close to the original extreme strategies’ Sharpe ratios.
Hence, we conclude that the investors can asymptotically justify the extreme strategies and
exploit the portfolio selections that are extremely robust to the estimation errors.

GMV-EW and GMV-EW are very simple strategies, which means investing in the global
minimum-variance portfolio or the equally weighted portfolio with respect to the market
condition. These strategies seem to be naive and ad hoc, but they are one of the results of the
plausible portfolio optimization; For GMV-EW, the investor assumes that the estimates of
the conditional mean in economic booming and the conditional variance in recession are not
credible at all, whereas for EW-GMYV, she assumes that the estimated variances in economic
booming and the estimated means in recession are not credible. Therefore, the investor
chooses GMV-EW or EW-GMYV as the extremely robust portfolio to estimation errors.

5 Conclusion

In this paper, we derive the optimal portfolios in the dynamic mean-variance problems with
multiple priors. Furthermore, we show that the optimal portfolios include the equally weighted
portfolio and the global minimum-variance portfolio in the limiting cases.

In the back tests, we find that the extreme strategies, especially GMV-EW tends to be
relatively mean-variance efficient in the various data sets. In addition, the portfolios with
sufficiently large n¢ and 7} can be good proxies for the extreme strategies. Therefore, we
can mathematically justify the extreme strategies although the extreme strategies seem to be
naive; the reason why the investors choose the extreme strategies is that the investors have
strong suspicion of the estimated expected return and covariance.

“In the lower figures in Figure 1, we fix n/ = 5. Since the portfolio errors from EW with n/ =1 is
larger than those with n{ = 5, we do not report the results of ! = 1
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Our analysis has an important implication about asset pricing. As seen above, the stan-
dard mean-variance analysis does not work in practice, neither does the capital asset pricing
model. However, according to our framework, two mean-variance inefficient in theory, and
naive portfolios, the global minimum portfolio and the equally weighted portfolio, can be justi-
fied as rational selections of the investors. Thus, it is possible that the two portfolios develop
asset pricing models. Then, our framework can be used to analyze the rational reasoning
behind the investors’ choices of these portfolios.

A Appendix

A.1 Proof of Lemma 4

Proof of Lemma 4. We first prove that

E [GXP{U’RtH}CtHU:f’Fy Ft+1} = exp {Ul (M(Ft+1> + et) + %U/(U(FtJrl)(U(FtH))/ + Vt)u}

(A1
for all + > 0 and v € R%. To simplify the notations, we write y;11 = pu(Fyy1) and oyyq =
o(Fy+1). For any fixed constant vector u € R?, we have

E [eXp{u/Rt+1}Ct+1|ff’F7Ft+1}

1 1 1 —1
- / 970 )d/2 exp {—292 (0t+10£+1 + Vt) 0r + v i1
R4 ( ’ﬂ') \/det(0t+1aé+1 +‘/t)

-1 / 1 —1
+((0“t+10’2+1 + Vt) 0 + U) Ot+1€t4+1 + §€2+1 (Id — 041 (Ut+10'£+1 + Vt) Ut+1)€t+1

1, d
_§€t+15t+1 €141

1
= exp {u/(ﬂt+1 +0;) + 5“’ <Ut+102+1 + Vt)“}

o / 1 1
R (2m)4/2 \/det(atﬂaéﬂ + Vi)
1 / , -1
X €xp {—2 (Ut+1€t+1 - me(mt+1> (Ut+10t+1 + VZ) <0t+16t+1 - meantJrl) } derta,

where means1 1 = 0 + (Ut+102+1 + V})u Then, the above integral is equal to 1 and the

equation (A.1) holds.
If uw = 04, we have

E [Ct+1’ff7F7Ft+1} =E [eXp{OilRt-i-l}Ct—&-l‘Ff’FaFt—&-l} =1

Then, the process (Zt)tT:0 is a martingale with respect to F% since

E [ZtJrl‘]:ﬁ’F} =E [ZtE [CtJrl‘]itR’FaFt+1:| ‘ff’F} = Z,

for all ¢ > 0. Moreover, E[Z;] = E[Zy] = 1. These equalities imply that we can define the
probability measure P%Y such that

PV (A) = E[1aZr), Ae FEF,
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Let v/—1 be an imaginary unit. For any fixed v € R¥, by the Bayes rule, it holds that

E%Y [exp{ﬁu'Ft+1}‘ff’F} =E [exp{\/le,FtH}CtH‘ftR’F}
=E [exp{ﬁu’Ft+1} E [Ct+1’.7:f’F, Ft+1:| ’-ER’F}
=E {exp{ﬁu'Ft+1}‘ff’F} .

IP)H,V

This implies that the conditional distribution of F;;q given .7-"tR " under is the same as

the conditional distribution of Fj 1 given .7-"tR " under P. It follows that
o ] < 5 5]
= EQ’V [M(Ft+1)‘Ff7F:| + 9t =E |:/L(Ft+1)‘ff’F:| + 9,5
= B [Ria| 7] + 60,
for all ¢ > 0. Similarly, it holds that
Var™ (Rog |F{*") = Var™ (B2 [Ro |F{Y, Fua] | 7
+ BV VA (Rt | B B
= VarV (u(Fd )| F) + BV [0 (Fe) (0 (Fn) 15 ] +
= Var(u(Fe1)|F ") + Elo(Fepa) (o (Fen) /15 + Ve
= Var(Ri | F*) + Vi,

for all t > 0. O

A.2 Proofs of Theorem 5 and Proposition 6

To prove Theorem 5, we need to show two lemmas. The objective function in the problem
(2.2) can be written as

T-1

Z 8 Xeer(Fy, O, Vi, ur) Zs
-0
1

T—1
ESY [Z §' Xeer(Fy, 01, Viyur) | = E

t=0

N o+

I
=

¢
&' Xscr(Fy, Or, Vi, ) H Cs] .
s=0

o+
Il
o

Let p; be a mapping such that
pe(W) = 6E [ng ‘ ]:tR’S] L 0<t<T—1.

Then, we can express the objective as

T—1

JT(J;? f7 07 V7 u) = E@,V [Z 6tXtct(Ft7 Hta ‘/ta ut)
t=0

= zco(f, 0o, Vo, uo) +P0<X101(F1,91,V1,u1) +Pl<"'

+ pr—2 (XT—lcT—l(FT—la Or_1,Vr_1, UT—1)> o ))7

24



for all u € A% and (0,V) = (6, Vi)I)} € A%V, where Xg = z and Fy = f. The above
recursive structure is important for the optimization. To simplify the notations, we write

C;,@,V = X (Fy, 01, Viyug), 0<t<T-—1.
We define p;,—1 as
Pro—t(Wy, ..o ;W) =W+ py (Wt—H + pe+1 ( et pr—l(Wr)))-
Then, for all u € A% and (6,V) € A%V, we have
Jr(z, f,0,V,u) = po,tfl(cﬁ’e’v, LY o 2( OV ey, C?pel‘/»

forall 0 <t < T —1. We first prove that the order of the minimization with respect to (6, V)
can be exchangeable. The proof of the following lemma is essentially the same as the proof
of Lemma 1 in Chen et al. (2014).

Lemma 11 Fix any u € A%. Then, it holds that

( u,G,V u,0, V)

Tnlun o,V\T Pt,T—l €t CT 1

(0r, Vi)l e ARV

o u,0,V u,0,V u 0,V u,0,V

= min ptslco B At min PpsT—2(C B i ,

0,V )iz teASY 371 (0r,Vy)izteASV | T-

forall 0 < t < s < T — 1, where .A%V\{ is a set of (0s,V;)i_; which are components of
0,V) e .A%V from the time ¢ to r.
Proof . Fix any u € A% 2 € R and f € RX. Fix any 0 <t < s <T — 1. We define (g,f/) as

0 v u,e,v w0,V w0V
0,V) = (Qr,v) earg 0,v)T mIEIl\GVT lps,T—Q(Cs Oy 5 Cp_ 1)

Then, for every (0,V) € .Aglv, it holds that
Since p, (W) < p,(W') for all r if W < W', it holds that
Pt,s—1 (Wt, oo W, Ws) < pts—1 (Wt, oo, Wi, W’),

if Wy < W'. Therefore, we have

u,9,V u,0,V u,0,V u,0,V u 5,\7 u 5,‘7 u, 9 v
Pt,Tfl(Ct ey Cpy )Zpt,sfl(ct 7o+ Cs1 5 Ps,T— 2( yees Cp_y s Cp_ Y ))

Minimizing the above inequality, we obtain

u,0,V u,0,V

anlungv pt,T—l(Ct e Cp)

O0r,Vi)p s €AZT I3
u,0,V u,0,V uGV uGV u9V

>(9 V)mnj“ev‘fpts l(ct yeo9Cs1 5 Ps,T— 2( 7“'7CT 2, Cp_ 1))

V) te T lt
. . e 0,V u,0,V : c 0,V u,0,V
= min Prs—1 e Cele min PsT—2 yee ey ) )

(G’NV’I‘)i;%GA%V (eryvr)?;sleA%v s
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We denote by (79\, 17) the following minimizer:

n 7 n o1r\s—1 . u,0,V u,0,V ,0"7 u,§,\7
0,V):=(0,,V,.);—; € arg min Pt,s—1(0t by C3 ,psT 2(0 e CPY ))
(0r,Vo);Z € ATV ST

~

Then, (8,V) := ((0:V3), ..., (0s1,Ve_1), (05, Va), ..., (Br_1, V1)) is in A2V |71, 1t follows
that

min oL l(cu,G,V Cu,@,V)
t,T— + yeeesCp_q
(0r V)T eAlV T
w0,V w0,V w0,V w0,V 7’9“37 w0,V w8,V

< pr 17— 1<Ct 3oy O 1>—Pts 1<C yee9Cg1 ,PS,T—2<63 <y Cpy 5 Cpi_ 1))

_ 6 v u,G,V u 0 V u,0,V

= nlllnev pts 1 yor9Cs1 THPDeVT Ps,T—2 Sy Cply

(0rVi)i € AZY IS (9T,VT) seARY T

Therefore, we can conclude that the equality (A.2) holds. O

By Lemma 11, we can minimize the objective function with respect to (6,V), iteratively.

Let
pr_i(ur—1) = min v c%e’lv,
(Or—1,Vr_1)€ARY 771
5,(W,u) = min {cj;ﬂy 4 OE [Wgtﬂ\fﬁf] } . 0<t<T-2

(0:,Ve)eASY |t

Prsa (W, ()i 28) = 2y(pra (o Dt (Wousm) -+ ), we)

Then, by Lemma 11, we derive that

J%(:E, fa ’LL) = Hlil’l9 v JT(I’, f7 95 V7 u) = ﬁO,T*l(ﬁT*l(uT—l) (Ut)tT 02)
OV)eEAR

for all u = (uy)iy € A%
The investor needs to maximize J7.(z, f,u) over u € A%. In the proof of Lemma 11, the
monotonicity of p; plays a key role in the exchangeability of the minimization with respect
o (0,V). Similarly, the monotonicity of p, is important to the the order of the maximization
with respect to u. p, satisfies the monotonicity, that is, for all y € R? and 0 < ¢ < T — 1,
p:(W,y) < p,(W',y) holds if W < W’. This implies that for any u € AY.,

Prr—1(Wr, (us) i t) < Pro— LW, (us)i= tl)

if W,. < W'. Therefore, using the same argument as in Lemma 11, we can prove the following
lemma.

Lemma 12 For all 0 <t < s <T —1, it holds that

_ _ T2
( )T}Illa} Tilpt,T—l(pT—l(uT—l) (ur); =)
Ur)p—f CAT I

= omax g max B (proa(ura), ()22, ()i},

(ur)iZy €A (ur)izd e An| Tt

where A%|] is a set of (us)}_, which are components of v € A% from the time ¢ to r.
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Using Lemma 12, the dynamic programming of the multiple priors optimization can be
justified. Now, we prove Theorem 5 and Proposition 6.

Proof of Theorem 5 and Proposition 6. Consider the time 7' — 1 problem

max — pr_j(ur-1)
ur—1€AR[T 5

. u,0,V
= max min ey
up 1 €AY (07—1,Vr_1)EARY 171
= max min 1XT—lcT—l(FT—laQT—laVT—lyuT—l)
uT_1€A%|T_1 (9T71,VT71)6AT’ |T:1
= max min Xr_4 {1 +re+ (mS(Fr_1) +0r_1) ur_1

T-1 0.V T—
ur—1€AL|7 - (07—1,Vr-1)€EAL ﬁi

_7712_1’&/71_1 (A(FT_I) + VT_1>UT_1} . (A3)

Then, the minimization problem in the problem (A.3) is reduced to the following problem,

~

min {G}IUTl - 7T_lulTlleuTl} . (A.4)

(9T71,VT71)€J4§~’V\§:} 2

The Lagrange function of the problem (A.4) is

~

L0V =0 _jur_y — 7T271UIT71VT—17~LT—1 - Ae((n%q)Q — 07 (A(Fr_1) + VT—1)719T—1>

— v ()P IAFE DI = Ve ),

where \g and Ay are Lagrange multipliers. We first consider the case when up_1 # 04. The
first order condition for Or_q is

ur—1 + 2)\9(A(FT_1) + VT_l)ileT_l = 04.

Hence, we have

1
Or—1 = ——~(A(Fr—1) + Vr_1)ur—1.

2M¢

Since the constraint for 6p_; is binded, it holds that
1
(§_1)* = 0 (A(Pr_1) + V1) M1 = NUIT—l(A(FT—l) +Vr_1)ur—1.
]
Hence,
Ao = ;\/u' (A(Fp_1) + Vp_1)ur—1
277%71 T-1

and

U%—1

Or—1=— (A(Fr—1) + Vp_1)ur—1.

\/u/T—l(A(FT—1> + Vr_1)ur—q
We denote the ¢ x jth element of Vp_; by vZT{ 1- Then, the first order condition for vZT{ ) is
= A1ty + Aol
= tr {(A(Fr_1) + Vo1) 1070 107 (A(Fr1) + Vp1) 'NY Y if i # j,

~

YT—-1
2

(up_1)* + 2)‘Vv;7“j71

= tr {(A(Fr_1) + V1) 00107 (A(Fr_1) + Vp_1) N}, if i =,
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where N%J is a d-dimensional matrix whose i x jth element and j x ith element are 1 and the
other elements are zero. Substituting 67_1 into (A(Fr_1)+Vr_1) '0r_105_(A(Fr_1)+Vr_1) !,
we have

(A(Fr—1) + Ve—1)" 07107 (A(Fr—1) + Vp_1) ™!

_ (77%—1)2 ur 1u/
wp_ (A(Fr—1) + Vr_1)ur—1 =t

Hence, it holds that

tr {(A(FPr—1) + Vr_1) ' 0r_107_ (A(Fr_1) + Vp_1) "' N"7}

2(773“71)2

i J P .
— uwlp_ (A(FPr—1)+Vr_1)ur—1 ulT71uT_1, if 4 ;é J
- (nf—_,)? i \2 i
up_y (A(Fr—1)+Vr—1)ur—1 (UT—l) ) =7
It follows that
2(77:0F—1)2

= i J 4,J 7 J
—Ar_1up_qUp_q + 4 vop = Wp_Up_q,
wp_y (A(Fr—1) + Vr—1)ur—1

for all ¢ and j. Using the matrix notation, we have

—Ar—1ur—1wp_y + 4\ Vp_y = 200r_)° U1
o wh_(A(Fp_1) + Vp_1)ur—1 =1
Hence,
1 2(77%—1)2
V1= — | 47— U .
T-1 Dy ('YT 1+ iy (A(Fr_1) + Vo_1)ur— Ur—1Ur_q

Since the constraint for Vp_y is also binded, it holds that

(nr—1) | A(Fr-)]?

Vel = s (Bt 20—)° 2||u T
=1 16)\%/ -1 u/T_1<A(FT_1)+VT_1)uT_1 =i

Therefore, the Lagrange multiplier Ay is

= ! Ar-1+ 207r1)" |up_1))?
477¥_1HA(FT71)H up_ (A(Fr—1) + Vr_1)ur—1

Av

Hence, we have
~ pll[AFr-)||

V1 = U .

S 7T
Then,

(A(Fr-1) + Vr-1)ur—1 = (A(Fr—1) + 71 | A(Fr—1) | Ia)ur
and ) .
O — n7—1 (A(Fr—1) + np_ [[A(Fr—1)|[Lg)ur—
1= — .

Ve 1 (AP ) + | AEr ) [ La)ur—

If up_1 = 04, then every (0p_1,Vp_1) € Agﬂ’vgj is a solution. In this case, we choose

T-1
T-1"

Or_1 =04 and Vp_; = Oy as the solution. In all cases, (0p_1, Vp_1) is in .Aglv
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Substituting 67_1 and Vp_; into the original time 7' — 1 optimization problem (A.3), we
obtain

max X7 1{1 + 76 + (m®(Fr_1)) ur—1

ur_— 16./4 IT 1

_ ’VT2_1U,T—1 (A(FT—I) + 77¥—1HA(FT—1)HId) ur_1 (A5)

—?7%1\/%1 (A(FT—l) + 77¥71HA(FT—1)HId) UT—l} :
We first consider the following case.

oy 1= (m(Fr0)) (AFro) + 0 AFr_DILa) me(Pro) > (. (AS)

The first order condition of this problem (A.5) is

= 1) (A(FT—l) +777{{71HA(FT_1)HId)uT_1 — 0,

m(Fr_1) — (’YT 1+

where

Yr-1 = \/ulTl (A(FT—l) + ni‘{fl“A(FT—l)HId) ur-1.
Hence, we have

9 -1 1
ur_1 = (’YT L+ 1) (A(FT—I)+77¥—1||A(FT—1)”Id> m®(Fr_1).

Y1

Furthermore, we also have

Yoy = <A(FT—1) + 77¥71HA(FT—1)HId> ur—1

0 2
N e
(’YT 1+¢T 1) ap_q.

Thus, we obtain the following quadratic equation for y¥p_q.

22 2 - 0 0 \2
T-1%r—1 + 291771 + (Np_1)” —ap_; = 0.
By the inequality (A.6), the above equation has a unique positive solution such that

¢T1_\/GT1 77T1

Yr-1

Hence, the optimal portfolio at time T — 1 is

1 179_ -1
ur-1= = (1 - ) (A(FT—l) + 77‘TC1HA(FT—1)HId> m®(Fr-1).
YT-1 ar_q

Let K71 = A(FPr_1) +n%_||A(Fr_1)|/1z. If the inequality (A.6) does not hold, then the
Cauchy-Schwartz inequality leads to

77%_1\/U’T_1KT71UT71 > \/a%—1\/u,T_1KT71uT71
= \/me (Fr—y)) ;Fllme(FT—l)\/u’T Ko (Kr—1) Y Kp_qur—y

[ (Pr1)) (K1) Koy | = | (Fr-) |

v
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Hence,

max 1XT_1{1 +7re+ (me(FT_l))'uT_l

u | T—
ur—1 €AY

ol (A(FT—l) + n‘T/fIHA(FT—l)HId)UT—l

-1 \/U'T_1 (A(FT,l) + 777‘{—1HA(FT71)HId) ur—1 }

<  max Xy {1 +7¢ + (m®(Fr_1)) ur—1 — ‘(me(FT—l))/uT—l‘}

T—1
ur_1 GA%|T71

The solution of the later problem is an arbitrarily vector ur_, € .A%\gj, such that (m®(Fpr_1))up_1 >
0. We choose ur_; = 04, and then the optimal value of the later problem becomes X7_1(1+
r¢). Moreover, we have

14+ 7re+ (me(FT_l))'uT_l — T

w1 (A(Fr—) + 0¥ APl )ur-

ooy (AP + NG )
=1+,

if up_1 = 04. Therefore, up_1 = 04 is also a solution of the former problem.
In each case, we can express the optimal portfolio at time T — 1 as

1 773‘71 * v -1 .
up == (1- (A(Pr-1) + ¥ | APr) I Ha) - me(Proa).
YT-1

It is clear that up_q € A%ﬁj In addition, the value function is

— T
max - pp_y(ur—1) =Yy 1 X7
’U,T_le.A%|%

T .
Yp = max min {er—1(Fr-1,07-1,Vr—1,ur—1)}
ur—1€RY (071, Vp_1)eARY 171

(War—n07)

=1+r+ =
2971
By the definition, YTT71 is Fffl—measurable.
Now, we assume that
p_Hax min 1ﬂt+L724(CZf?Vv'~-’C%€{/)ZZXQ£1AQ+1,

(ur )y S €A1 (0r Vi) 2 €AY 1T
for some 0 <t < T — 2. Then, we have
R,F
BV X |5
=EPVIVA L (L + e+ (Re ) w) Xo| 75T
/
= (1) BV X+ (B I R F)) X

/
= (1) B F )X+ (BT (Bl R + BV F 10 X,
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where we have used Lemma 4 and F/|;-measurability of Y, ;. Therefore, the objective in the
time ¢ problem is

~

ctu,e,v + 5E9’V[Yt-THXt+1|ff’F] = X {(1 + re)gf + (mf + g5 0;) up — %U;(At + W)Ut} :

Hence, the objective function in the time ¢ problem has the same form as the objective function
in the problem (A.3). Therefore, the error of the conditional mean is

_sgn(gp)nf (A(F) + ny | AFY) [ La)ue
Vu(ACE) + 0y [AF) | La)ue

where sgn is a sign function such that

0, =

)

1, if z >0,
sgn(z) =< —1, ifz<0,
0, if £ =0.
The error of the conditional variance is
|4

ne |AEDI

Vi = ——— w1,

]2 '

The optimal portfolio at time ¢ is

+
1 e|,,0 _1
w=z <1 - |gt|;7;> (ACF) +nf AR ILa)
t t

It is clear that u; € A%|t and (0;,V;) € A%Vt The value function is
Tt T It

T . u,0,V u,0,V
Y, X = max min prr—1(c.”" ey ),

-1 T-1 T 1_ 40,V T—1
(ur)pzy €ALLL 7 (65,Vi), 2 €AY |,

((v/ag — laslnf)*)”

2,

Vi = (1+7e)gf +

By construction, Y;! is F/-measurable.

For any 0 <t < T — 1, by the mathematical induction, the value function at time ¢ can
be expressed as

T . u,0,V u,0,V
Yy Xy = max min pi,r—1(c yeooy Cpq ),

T-1 T-1 T-1_ 40,V T—1
(ur)pzy €ALLL 7 (65,Vi), 2 €AY |,

where

((v/ag — laslnf)*)”

v =1 e _
¢ (1+7¢)gf + 2,

The optimal portfolio at time ¢ is

+

. 1 el,,0 -1

%:%G—M§>(mm+ﬂmmﬂ@ m.
t

Also, it is obvious that the optimal (u} )Z:ol is time-consistent. O
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A.3 Proofs of Proposition 7 and 8

Proof of Proposition 7. By Theorem 5, we can use the following dynamic programming
procedure.

ST . ~
YT—l = max _— min P {CT—1<FT—179T—1,VT—l,UT—l)}7
ur—1€AL| -1 (Or—1,Vr_1)EAL |7 21

KT:: T min {EKFEG“V%UJ_FéE&V[Yﬁ¥(1+(RHJYUO“Eﬁﬁ]}'
w € AL (6:,V2) ALY |t

Consider the time T'— 1 problem.

Yi | = max min A {1 + (m(FPr_1) 4+ 0p_1) ur_1
wp €A T (071, Vr_1)EARY |17 ]

_7T2_1u'T_1 (A(FT_l) + VT_1>UT_1} . (A?)

The inner minimization problem in the problem (A.7) can be reduced to the following:

: / /’?T—l /
min {9T1UT1 - UT1VT1UT1} .
(Or—1,Vr_1)EAZ" |13

The above problem is the same as the problem (A.4) in the proof of Theorem 5. Therefore,
the solutions are

01 (A(Fr—1) + ny_ |A(Fr—1) | 1a)ur—

Or1=— ;
Vi (APr) + 0¥ A1) Tur
v lAEl
- lur—1|? o

Unlike Theorem 5, we do not need to consider the case up_; = 04 since 04 ¢ JZ% ?:}
Therefore, the time T'— 1 problem is
A~ ATi
V= max {1+ on(Pron)ur — Pt (AP +0f o AP 1) ury

w | T—1
ur—1€AT[p

(AP 1) + Al aur |

The Lagrange function of the above problem is

~

Yr-1
2

— iyt (AFro1) + 0¥ [ AFr ) Lour 1 + M1 = Tgur ),

£ =1+ (m(Pry))ur—y = ey (AP + nb | A1)l ) ur-—

where ), is the Lagrange multiplier. The first order condition is

0
~ Np_
m(Fr_1) — A1y — <7T_1 + L 1) (A(FT_l) + n¥_1||A(FT_1)||Id)uT_1 =0y,

V7o

where

i1 = el (AFr_) + | A(Fr—1) | La)ur—1.
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Hence,

9

¢T1

ur—1 = (’YT 1 +

Since the constraint is binded, we have

1=15ur 1 = (’YT 1 +

(C

Therefore, we obtain

1

f
br

worf

Ay = T

The optimal portfolio is

1
Yr-1+ 77%71/1%71

ur—1 =

Then,

b7 (Wr-1)?

9

le

-1
) (A(FT—l) +n0py HA(FT—l)HId) B (m(FT—l) - )\uld>-

—1 wor‘f

cword _ x bt )

)

) (-
(o2

9
-1

¢T1

(APr-1) + o AFr-)1a)

X <m(FT_

wor f

cr—i — (- 1+77T 1)

7
bp”}

1) —

1d> |

= b iy (A(Fr—1) + 0y |AFr—) [ Ta)ur—
0 0 2
worf = -1 wor f ~ N1
_ br! worf _ 5T - (Bt ) wor f (57! = (G +522))
- ) 7 | Ar-i bworf cr—i + bwm“f
(:Y\T—l + fol) T-1 T-1
T-1
0 2
f 2 o 777;71)
_ b;i(irl worf (C¥OT1 ) + (7T 1+ VI,
- n? 2 | 971 bworf bwo’r’f
(§T71 + Z_l) T-1 T-1
Y1y
i ey
= > 5 +1= . 5 + 1.
=~ N1 ~ N1
(ra+ 2 (3 + 35)

Therefore, we can consider the following polynomial equation for 97_;:

dworf
worf(¢ ) _ T—1 +1 (A8)
T—1 — . ) . .
(Ar—1+15_1/¥5_1)
Expanding it, we obtain
q(7_1) = Oy AR (Wr_0)t + 265 A (v ,)?
(B ) = (o + AR (W) (A.9)

- Q;Y\T—1775L1¢;L1 -

(77%71)2 =0.

The equation ¢(1}_;) = 0 is essentially the same as the equation (A1l) in Garlappi et al.
(2007), therefore it has a unique positive solution by the discussion in Garlappi et al. (2007).
We show the existence of the unique positive solution to the equation (A.9). Since the equation
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(A.9) is a quartic equation, it has four solutions. Since ¢(0) = —(nf_,)? < 0 and b7 /32 | >
0, the equation (A.9) has at least two real solutions: the one is a positive solution and the one
is a negative solution. We show that the positive solution is unique. Consider the following
quadratic equation.

2 *
d Q(wal) _ 12bworfA2

(b )2 L (Wr_1)? +1waOTf’YT 1
T-1

2(05 (nf1)? = (@5 +3%_0)) = 0. (A.10)
The discriminant of the quadratic equation (A.10) is
D = 36(b771 )41 (nfp_1)® — 246571 A7, (bworf(UT D7 = (@ +;Y\%—1)>
12065727y (nfp_1)? + 246577 A% (dF 7T +737-) > 0.

Hence, the equation (A.10) has two real solutions. Moreover, we have

2
dQQ(Tﬂ% 1) 7
— _ 12bworf/\2 T—1 o (bwm'f dworf ~2 )
d(h_,)? T—1 7 Yr_q + P (n7—1)? + dp™ + 474

Since 7%, /(29r-1) > 0, the equation (A.10) has at least one negative solution. Next, consider
the first derivative of ¢ such that

dq(,(?bT 1) _ 4bworf/\2

d0n_ 1(¥3_1)° + 6b Ol’YT nr—1(Y5_1)?

(bworf(nT 1) _ (d$(i7"1f +/’?%71))w§171 _ 2;9T—177’§’71 = 0. (All)

Then, the cubic equation (A.11) has at least one positive solution since 4b$o_rlf 32, >0 and
—2§T_117§171 < 0. However, since the equation (A.10) has at least one negative solution, we
conclude that the equation (A.11) has a unique positive solution. Now, let us consider the
quartic equation (A.9) again. Since ¢(0) = —(n%_,)? < 0 and b%2” /32| > 0 hold, and since
the equation (A.11) has a unique positive solution, the equation (A.9) has at most one local

minimum on 7_; > 0. Furthermore, we also have

dqw:*r—ﬂ

: = —297_11%_; <0,
dwal Yp_1=0 Tt

These facts imply that the equation (A.9) has only one positive solution. Therefore, the
positive solution of the equation (A.9) is unique. We also write ¢7._; as the positive solution
of the equation (A.9). Then, the optimal portfolio is

1
Yr—1+10_1 [V,

ur—1 = (A(FT—l) + 777‘{71HA(FT—1)HId>_

o — Fp_y 4 b )
X (m(FT—l) L= pwor? =1y,
T—1

1 ( \4 -
=z — (APr—) + 0¥ APr-)lla)
Yr—1+ |9T—1|77%_1/7!)T_1 =t

( 4l — Gry + |gr e /) )
X | mp_q — 15/,

wor f
bT—l
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where we have used gr_1 = 1 and mp_1 = m(Fpr_1). Since the coefficients of the quartic
equation (A.9) are f?’_ﬁ—measurable, its solution 7._ is also f?’_ﬁ-measurable. Therefore,

wup_1 18 Fggﬁ—measurable. The value function at time 7" — 1 is

S VT-1, .
Y7 =1+ (m(Fr_y)) (W5 1) — 01,
= gr_1+ — 1 worf C;iml (’YT 1+ |gT 1|77T l/wT 1) Cworf
Yr—1 + |gT 1|77T 1/¢T 1 =t bworf =t

'VT 1 %
—(Wr_ 1) _|9T71|77%711/1T71

worf worf
Cp_q dp

’yT 1 0 *
bu)o'r‘f + bwo7f (’lpT l) - |9T71|77T—11/)T—17
T— Q1

=g9r-1+
Yr—1 + lgr—1lnf_ /¥ _1)

where we have used gr_; = 1. Using the equation (A.8), we have
dworf

T—1 ’YT 1 0
WT 1) - ’9T—1’77T71¢;71
Yr— 1+|9T 1|77T 1/¢T 1)

. 1 N |9T—1|779_ . lgr—1|n%_ .
= <(¢T1)2 - W) <’YT1 + TTl — (-1 + TTl (Wr-1)?
T-1 T-1 T—1

:Y\T—l *
+ 5 (Vh_1)?

Ar—1+ |9T—1|"7% 1/¢>jk“ 1

bworf(

- - 7T 1
=" wor f Wr_1)™
br_{
Hence, the value function is
worf
> 7 = A1 + lgr-alnf_y /v5_4) ’YT 1
Vi =gr1+ Jworf (Y7_1)°

and it is Fffl—measurable.
Now, we assume that }A/ﬁl is 7\ -measurable for some 0 < ¢ < T — 2. Then, we have
Ct(Fy, Or, Vi ug) + S EVY [}/;57—;1(1 + (Rs1) ue) ’ }}R’S}
= g + (mu + g:61)'we — %Ufg (A(Ft) + Vt) ug.

Then, the minimization problem for (6, V;) can be reduced to

~

min {gtﬁgut — f;tugvtut} )

(0, V)eARY |t
Similarly to the time 7" — 1 problem, the solution of the above problem is

sgn(go)nf (A(F) + n) | A(F) [ 1a) u

6 = —
VUi (A(E) +nf |ACE) [ La)us
) HA(Ft)H
[

35



Therefore, the maximization problem for u; is

max {1+ s = (A + 1 AR V)

ut€Ap|L

ol o (A |rA<Ft>||fd)ut} .

Since the above problem has the same form as the time 7' — 1 problem, the optimal portfolio
is

1
U= ——F———5
Ve + |9t|77f/1/fftk

where 1)} is the unique positive solution of the following quartic equation:

1 Cworf_ ~ + 0 *
(AE) + ! IAE) 1) (m 4 <z;w}9t'”t / Wld) ,
t

dworf
t
(e + lgeln? /47)?

bt () = +1

The value function is

wor f ~ 0/ % ~
OT e — (et lgeni /v8) | A, a2
Yt =gt + b;uorf +5(¢t)7

and it is 7/ -measurable.
By the mathematical induction, we therefore conclude that the optimal portfolio and that
the value function is determined as in Proposition 7. O

Proof of Proposition 8. In this case, we can also apply the dynamic programming procedure.
Consider the time T"— 1 problem,

v
/
= max min {1 + (m(FT_l) + 9T—1) up_1
“T—16A1T|§:% (9T71,VT71)€A9T’V\§:}

0Tt uép_l (A(FT_l) + VT_l)uT_l} .

Since 9;:—1 =1 and mJTr_1 = m(Fr_1) by the definition, the objective function of the time
T — 1 problem can be expressed as

Ar-1

!
g5+ (ﬂﬁ_l + gqt_leTq) Upr—1 — wp_q (A(FTA) + VT71>UT71'

Hence, it suffices to consider the following optimization problem.

/
: + + +
max - min {ng + (mTfl + gT719T_1> ur_1
uT—lEAiTlel (Or—1,Vr_1)EAZ" |13

Ar-1
5 wp_y (A(FTfl) + VT1>UT1} .
Solving the inner minimization problem, we can express the above problem as

max {9;1 + (mi_y) up—1 — %U'Tq (A(FT—l) + 77¥71HA(FT—1)HId)UT—1

Tu T—-1
uT—16A+T|T—1

—|g;_1|77%—1\/ulcp_1 (A(FT—l) + 77¥_1”A(FT—1)”Id)UT—1} . (A12)
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Now, we consider the auxiliary problem of (A.12), whose feasible set of portfolios is C+. If we
regard C* as a correspondence from RX to R?, then its graph is

Gr(CH) ={(f,¢) e RE xR | p € C+} =RE x C+.

It is clear that Gr(CT) is a Borel subset on R x R?. This implies that C* is Borel mea-
surable. Furthermore, the objective function of the problem (A.12) is continuous in up_;
and also ffﬁl—measurable for any fixed up_;. Moreover, CT is a non-empty compact subset
of R? endowed with the Euclidean topology. Hence, by the measurable selection theorem
(see Appendix D in Hernédndez-Lerma and Lasserre (1996)), there exists an F_;-measurable
random vector u}._; € C* such that

) YT-1, )
g1+ (mi_ ) iy = T () (A1) + nb | AFr-1) 1wy

- |97+“—1|77%—1\/(Ui}—1)/<A(FT1) + 77¥—1HA(FT71)HId)U§F_1

— max{gf, o+ oy Voo = T (AP + A )

ur_1€Ct

—\9?1\77%1\/%1 <A(FT—1) + 0 ”A(FT—l)”Id> UT—l} :

. * Tu T—1 Tu T—-1 AiF
Moreover, since uj_; € A+T\T71 and A+T\T71 C C*, we conclude that

Ar-1
2

Gy (mf ) uioy = T ) (AP + nb | AP ) wry

g ) (A0 40 AT

= max {g%_lﬂm%_l)/w1—”“2‘1u%_1(A<FT1>+n¥_1uA<Fm>HId)um

w | T—1
up—1€AY 7773

—l97_4 ’77%1\/%1 (A(FT—l) + 0y HA(FT—l)HId) ur—1 }

= max {ﬁ_l + (mp_y) ur—1 — %U/T—l (A(FTfl) + 77¥—1||A(FT71)||Id> ur—1
up_1€Ct
—|91J5—1|77§0r_1\/“'T_1 (A(FTfl) + 77¥_1||A(FT71)||Id) UTl}
=v;T.

This implies that w}_; is the maximizer of the problem (A.12). Moreover, ?;frl is FE |-
measurable by the measurable selection theorem.

Now, we hypothesize that at some time t+1, 0 <t4+1<T -1, ?ti{ is ftil—measurable.
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Then, we have

o~

}//\;/JFT = max min {1 + (m(Fy) + et) U — lut (A(Ft) + %>
ur €At |t (8, Vi)e ALV |t 2

OBV (VAT AT}

AR
=m0 o T (A + V) )
wr €AY Lt (6:,V2) ALY |t 2

— e Lo On o= Tl (AR + o VAR

ut EAiTli 2

g i fui (A + ||A<Ft>u1d)ut} (A13)

The problem (A.13) has the same form as the problem (A.12), and m;", g;", 73, A(F}),n¢ and
ny are F}-measurable. Therefore, we can use the measurable selection theorem in the same
manner as we did in the case of the problem (A.12). By the measurable selection theorem,
there exists an F} -measurable random vector uj € C* such that

i+ (m Y — L (AGE) AR 1)

gt (A + 0t AR 1)

= max o onf o= S (A + ot VAR

up €A |t 2

i s (AR + A1) }

= max {a + (e = Jui (AGED + A1)
ut€

ity (AR + ¥ LA ) }:ff;T.

Moreover, Y+ is 7/ -measurable.
By the mathematical induction, Y+ is FF'-measurable for all 0 <t < T — 1. Therefore,
the value function of the original optimization problem is

Vet (e, f) = BY, T | Fy = fla,

and the optimal portfolio at time ¢ is ;. O
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Table 1. The Abbreviations of Typical Portfolios and Six Extreme Strate-
gies. Panel A displays the abbreviations of typical portfolios, and Panel B displays the details
concerning the extreme strategies. The first column in Panel B lists the abbreviations of the
extreme strategies. The second and third columns represent portfolios in different states. The
forth and fifth columns display behaviors of parameters which justify the extreme strategies.

Panel A
Abbreviation Portfolio
max SR The portfolio maximizing the empirical Sharpe ratio
GMV The single-period global minimum-variance portfolio
EW The equally weighted portfolio
VW The value-weighted portfolio
NE (No Error) The no error portfolio (always nf = n} = 0)
Panel B
Abbreviation Portfolio Parameters
Good State Bad State Good State Bad State
GMV-EW GMV EW nY =0 and n! — ny — oo
EW-NE EW No Error ny — oo ! =nY =0
GMV-NE GMV No Error 7/ =0 and 1/ — oo n? =n/ =0
EW-GMV EW GMV nY — oo nY =0and n! — oo
NE-EW No Error EW n=n/=0 nY — oo
NE-GMV No Error GMV n=nY =0 nY =0and n/ = oo
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Table 2. International Diversification (d = 4). This table reports the Sharpe ratios of
various strategies obtained from the back test of the international asset allocations. “IID” represents
the investor who believes that the number of market states is 1. “RS” represents the investor who
believes that the number of market states is 2. The abbreviations of portfolios are listed in Table 1.
In the case of n{ = 0 with short selling, we can not compute the optimal portfolios since they diverge.
Therefore, we use the portfolios of n! = 1 and 1 = 0 as the No Error portfolios in the extreme

strategies.

Short selling is permitted.

11D
n? GMV
max SR 0.0 1.0 2.0 3.0 4.0 5.0 00
0.1014 0.0 - 0.0954 0.0941 0.0936 0.0934 0.0933 0.0927
0.5 - 0.0878 0.0872 0.0869 0.0868 0.0867 0.0864
ny 1.0 - 0.0849 0.0843 0.0842 0.0841 0.0840 0.0838
3.0 - 0.0818 0.0815 0.0814 0.0814 0.0813 0.0812
5.0 - 0.0810 0.0808 0.0807 0.0807 0.0807 0.0806
RS
n? GMV
max SR 0.0 1.0 2.0 3.0 4.0 5.0 00
0.0889 0.0 - 0.0837 0.0855 0.0859 0.0860 0.0861 0.0863
0.5 - 0.0856 0.0852 0.0850 0.0849 0.0849 0.0847
ny 1.0 - 0.0835 0.0831 0.0830 0.0829 0.0829 0.0827
3.0 - 0.0813 0.0811 0.0810 0.0809 0.0809 0.0808
5.0 - 0.0808 0.0805 0.0805 0.0804 0.0804 0.0803
Short selling is not permitted.
11D
n? GMV
max SR 0.0 1.0 2.0 3.0 4.0 5.0 00

0.1014 0.0 0.1025 0.1028 0.1021 0.1018 0.1017 0.1016 0.1012
0.5 0.0896 0.0878 0.0872 0.0869 0.0868 0.0867 0.0864

ny 1.0 0.1078 0.0849 0.0843 0.0842 0.0841 0.0840 0.0838
3.0 0.1019 0.0818 0.0815 0.0814 0.0814 0.0813 0.0812

5.0 0.1081 0.0810 0.0808 0.0807 0.0807 0.0807 0.0806

RS

n? GMV
max SR 0.0 1.0 2.0 3.0 4.0 5.0 00

0.0889 0.0 0.0597 0.0973 0.0952  0.0942 0.0937 0.0934 0.0920
0.5 0.0674 0.0856 0.0852  0.0850 0.0849 0.0849 0.0847
ng 1.0 0.0583 0.0835 0.0831 0.0830 0.0829 0.0829 0.0827
3.0 0.0577 0.0813 0.0811 0.0810 0.0809 0.0809 0.0808
5.0 0.0570 0.0808 0.0805  0.0805 0.0804 0.0804 0.0803

EW Extreme Strategies
0.0795 Short selling is permitted. Short selling is not permitted.
GMV-EW EW-NE GMV-NE GMV-EW EW-NE GMV-NE
0.1032 0.0664 0.0891 0.0922 0.0949 0.1078
EW-GMV NE-EW NE-GMV EW-GMV NE-EW NE-GMV
0.0636 0.0976 0.0809 0.0783 0.0457 0.0433
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Table 3. Diversification across Industries (d = 5). This table reports the Sharpe
ratios of various strategies obtained from the back test of the asset allocations across industries. “IID”
represents the investor who believes that the number of market states is 1. “RS” represents the investor
who believes that the number of market states is 2. The abbreviations of portfolios are listed in Table
1. In the case of n? = 0 with short selling, we can not compute the optimal portfolios since they
diverge. Therefore, we use the portfolios of n/ = 1 and 1} = 0 as the No Error portfolios in the

extreme strategies.

Short selling is permitted.

11D
n? GMV
max SR 0.0 1.0 2.0 3.0 4.0 5.0 00
0.2210 0.0 - 0.2732 0.2791 0.2808 0.2817 0.2821 0.2839
0.5 - 0.2213 0.2220 0.2222 0.2224 0.2224 0.2227
ny 1.0 - 0.2165 0.2169 0.2170 0.2171 0.2171 0.2173
3.0 - 0.2127 0.2129 0.2129 0.2130 0.2130 0.2131
5.0 - 0.2119 0.2120 0.2121 0.2121 0.2121 0.2121
RS
n? GMV
max SR 0.0 1.0 2.0 3.0 4.0 5.0 00
0.1968 0.0 - 0.1912 0.2524 0.2601 0.2632 0.2649 0.2707
0.5 - 0.2238 0.2269 0.2278 0.2283 0.2286 0.2297
ny 1.0 - 0.2181 0.2202 0.2209 0.2212 0.2214 0.2222
3.0 - 0.2129 0.2141 0.2145 0.2147 0.2148 0.2153
5.0 - 0.2118 0.2127 0.2130 0.2131 0.2132 0.2136
Short selling is not permitted.
11D
n? GMV
max SR 0.0 1.0 2.0 3.0 4.0 5.0 00

0.2210 0.0 0.1822 0.2496 0.2547 0.2561 0.2570 0.2576 0.2596
0.5 0.1643 0.2213 0.2220 0.2222 0.2224 0.2224 0.2227

ny 1.0 0.1724 0.2165 0.2169 0.2170 0.2171 0.2171 0.2173
3.0 0.1783 0.2127 0.2129 0.2129 0.2130 0.2130 0.2131

5.0 0.1487 0.2119 0.2120 0.2121 0.2121 0.2121 0.2121

RS

n? GMV

max SR 0.0 1.0 2.0 3.0 4.0 5.0 00
0.1968 0.0 0.0660 0.2394 0.2502  0.2543 0.2573 0.2592 0.2664
0.5 0.0796 0.2239 0.2269  0.2278 0.2283 0.2286 0.2297
ng 1.0 0.0769 0.2181 0.2202 0.2209 0.2212 0.2214 0.2222
3.0 0.0653 0.2129 0.2141 0.2145 0.2147 0.2148 0.2153
5.0 0.0841 0.2118 0.2127 0.2130 0.2131 0.2132 0.2136

EW Extreme Strategies
0.0795 Short selling is permitted. Short selling is not permitted.
GMV-EW EW-NE GMV-NE GMV-EW EW-NE GMV-NE
VW 0.2234 0.2457 0.2592 0.2281 0.1199 0.1344
0.1825 EW-GMV NE-EW NE-GMV EW-GMV NE-EW NE-GMV
0.2564 0.1657 0.1964 0.2473 0.1410 0.1678
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Table 4. Diversification among Sizes and Values (d = 6). This table reports the
Sharpe ratios of various strategies obtained from the back test of the asset allocations among the 2 x 3
size- and book-to-market-sorted portfolios by Fama and French (1993). “IID” represents the investor
who believes that the number of market states is 1. “RS” represents the investor who believes that
the number of market states is 2. The abbreviations of portfolios are listed in Table 1. In the case of
n? = 0 with short selling, we can not compute the optimal portfolios since they diverge. Therefore, we

use the portfolios of n? = 1 and 1} = 0 as the No Error portfolios in the extreme strategies.

Short selling is permitted.

I1D
n? GMV
max SR 0.0 1.0 2.0 3.0 4.0 5.0 00
0.2139 0.0 - 0.3406 0.3293 0.3243 0.3215 0.3197 0.3122
0.5 - 0.2237 0.2228 0.2224 0.2223 0.2222 0.2218
ny 1.0 - 0.2176 0.2170 0.2168 0.2167 0.2166 0.2164
3.0 - 0.2126 0.2123 0.2122 0.2122 0.2121 0.2120
5.0 - 0.2115 0.2113 0.2112 0.2111 0.2111 0.2110
RS
n? GMV
max SR 0.0 1.0 2.0 3.0 4.0 5.0 00
0.2081 0.0 - 0.2389 0.2473 0.2486 0.2489 0.2491 0.2488
0.5 - 0.2184 0.2195 0.2198 0.2200 0.2200 0.2203
ng 1.0 - 0.2147 0.2154 0.2156 0.2157 0.2158 0.2160
3.0 - 0.2113 0.2117 0.2118 0.2119 0.2119 0.2120
5.0 - 0.2105 0.2108 0.2109 0.2109 0.2110 0.2110
Short selling is not permitted.
11D
n? GMV
max SR 0.0 1.0 2.0 3.0 4.0 5.0 00

0.2139 0.0 0.2202 0.2260 0.2263 0.2255 0.2253 0.2257 0.2256
0.5 0.2289 0.2237 0.2228 0.2224 0.2223 0.2222 0.2218

ny 1.0 0.2207 0.2176 0.2170 0.2168 0.2167 0.2166 0.2164
3.0 0.2271 0.2126 0.2123 0.2122 0.2122 0.2121 0.2120

5.0 0.2291 0.2115 0.2113 0.2112 0.2111 0.2111 0.2110

RS

n? GMV

max SR 0.0 1.0 2.0 3.0 4.0 5.0 00
0.2081 0.0 0.1791 0.2101 0.2133 0.2146 0.2155 0.2158 0.2175
0.5 0.1874 0.2184 0.2195 0.2198 0.2199 0.2200 0.2203
ny 1.0 0.1949 0.2147 0.2154 0.2156 0.2157 0.2158 0.2160
3.0 0.1856 0.2113 0.2117 0.2118 0.2119 0.2119 0.2120
5.0 0.1999 0.2105 0.2108 0.2109 0.2109 0.2110 0.2110

EW Extreme Strategies
0.0795 Short selling is permitted. Short selling is not permitted.
GMV-EW EW-NE GMV-NE GMV-EW EW-NE GMV-NE
VW 0.2763 0.1697 0.2281 0.2336 0.1790 0.1979
0.2010 EW-GMV NE-EW NE-GMV EW-GMV NE-EW NE-GMV
0.1876 0.2861 0.2592 0.1939 0.2069 0.1920
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Table 5. The Results of the Mimicking Strategies’ Sharpe Ratios Obtained
from the Back Tests. The second and third columns display parameters in the good state,
and the fourth and fifth columns display parameters in the bad state. The sixth column shows
whether short selling is permitted or not. The seventh column reports the Sharpe ratios of the
mimicking extreme strategies. The eighth column reports the Sharpe ratios of the original
extreme strategies. The ninth column reports the average root square errors between the
original extreme strategies and the mimicking strategies. The extreme strategies are listed in
Table 1.

International Indexes
Good State Bad State Original

77? 77tV 7]? 77tv Short Selling Sharpe Ratio Sharpe Ratio Ave. RSE
WGMVEW 300105\ Gagd Gome oo
mEW-GMV 10 5 30 0 ;eos 8:8%2 8:8?;2 gzgﬁg
Industry Indexes

S}OOd iigte Efad S‘:;?e Short Selling Sharpe Ratio She?rgihfl{itio Ave. RSE
WGMV-EW 30 0 105 T Chn mm oo
mEW-GMV 10 5 30 0 ;eos 8:3:?% 8:32% 8:88?3
Size- and Value-Sorted Portfolios

72000(1 S?;C?te S?ad S;&?e Short Selling  Sharpe Ratio Shaorr;iilflgtio Ave. RSE
WGMVEW 300105 O 0 oons
mEW-GMV 10 5 30 0 Eeob giigig 8:12;3 8:832
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Figure 1. Portfolio Errors of International Indexes Data Set When Short
Selling Is Permitted. The following four figures display portfolio errors ||u;||gary and
|luf || Ew at each time ¢. The upper two figures show the portfolio errors from GMV, ||u;||aarv,
with " = 0. The lower two figures represent the portfolio errors from EW, |u}| gw, with
nf = 5. The left two figures represent the portfolio errors of the IID investor and the right
two figures show those of the RS investor.
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