
 



Enhancing MVO

Transaction costs

It is important to consider tx costs in allocation otherwise
optimised portfolios may lose toomuch to slippagekommission

slippage is the difference between the anticipatedprice at to
and the VWAP over to to T due to random
fluctuations and market impact
slippage is most heavily influenced by trade size and asset liquidity

one model is the Almgren model which considers the
permanent and temporary impacts for each order of float
Xi shares of stock i
I Perm sci y T o signCail Iii Evi

dailyvolumeItemp sci m o sign ai I THfraction of the day
overwhichtradeexecutes

looking at a large dataset of trades gives a 21 P t
Tx cost amount traded x slippage Almgren actually

TCGci lociI I I Perm xi Item xi uses pre 3g
ai x t bi loci13

Let h denote thedollar values of holdings h denote new holdings

x be the vector of trades C shares p be price vector



The optimisation problem then becomes

mwac.fr MTh T ht E h r TC xp TCCod E TciGci

S t h X o p ho new holdings come from trades

htt TC x hotI settffinndaendinggiseeeifgkthionff.TT

This is now a nonlinear program either requiring special
SOCP solvers or a QP relaxation

Constraints in portfolio construction

MVO allows users to incorporate many constraints which may
actually improved ex post performance
Regulatory requirements must be respected even if they

reduce performance e.g shortsellingHeverage restrictions
Discretionary exposure constraints limit exposure to certain
risk factors these act as model insurance reducing the
effects of estimation errors
Trading constraints e g don't trade x ofdaily volume may
reduce tx costs

Quantifying the effects of constraintsTmm

The transfer coefficient is defined as the correlation coeff between
the risk adjusted active weights in an optimised portfolio and the
forecasted alphas of portfolio securities



Can be used to evaluate the effects of constraints
for unconstrained portfolios with uncorrelated alphas
weights alphas
but it does not decompose the effects of individual constraints

Shadow cost decomposition using Lagrange multipliers can

ascribe an opportunity loss to each constraint
can be extended to attribute returns to objective terms
evaluation is most useful on an ex post basis

Misalignmentfromconstraints
When the alpha model contains factors not present in the
risk model the optimise may be unstable and underestimal
true risk
Even when aligned in the presence of weight bounds
risk may be greatly underestimated An alpha alignment
factor may be required to improve ex post performance

Improving Estimation Errors

Classical MVO ignores estimation errors and has
terror maximisier properties

wimps imptAs a rule of thumb expected return variance is ovarian
A simple method is to use weight constraints but this
can impact stability



Alternatively we can use diversification indicators as constraint
related to information content high information concentrated

BlackLittermainml 84
Expected rets are a weighted avg of market equilibrium
and investor views with weights depending on asset volatility
covariance and confidence

can also allow for relative views
8L assumes that asset returns are multivariate normallydistributed
i e r N M E but µ itself is distributed as
µ n N IT E where it is a vector of eq returns

1 Investor views are expressed as Pm Ng r
P e R n

picks out assetsyou have a view on

q C Rk expected return on views alphas
k XK

R E Rl cov matrix of views confidence

2 Market equilibrium is based on the CAPM
IT ECri Ff Bi E Fm Ff

Bi CoVC ri Tm
Om2

benchmark map weights Wb Wb wait



then the CAPM can be expressed as
IT 8E rector of risks includingcovariances

S fCrm Ff
one

market price of risk

3 8L expected returns
Mia CTE t Ptr PJ CTE it PTR g

some tuning hyperparam
weightedavg of mkt withviews

if no views g O or zero conf 1 0 flu IT

test and Ptr P are our conf in mkt and view
BL can be applied directly to any normally distributed
prior or zero for activemanagers
Extensions of 8L can be used to incorporate views on
volatility nonlinear non normal views of returns etc

Robust Optimisationrun
Models optimisation problems with uncertainty sets on the
parameters then maximising the worst case utility

can work for other risk paradigms like Va RIC VaR
should lead to satisfactory portfolios on most realisation
of the parameters

computationally tractable via secondorder cone opt
It is unclear whether robust optimisation outperforms shrinkage



Higher moments and tail riskmmmnnm

Financial return distributions tend to have fat tails and
asymmetries which cannot be described by mean variances
It is possible to maximise utility under the empirical return
dist but generally MVO is a good approx except for
S shaped utility functions
Skew and kurtosis can be directly incorporated as a better

approx for general utility maximisation
CvaR optimisation can be formulated as a LP

New directions in portfolio optimisation

Diversification

Naive 4N diversification outperforms many policies out of

sample it is not subject to estimation error or data mining
Alternatively we can optimise with only a risk model to find the
global min variance GMv portfolio

Measwingriskcontributionsm.ae
approach is to define the riskcontrib of position i as

Ji w oCw OCw i where W i is the portfolio with
the ith weight set to zero



However this is unintuitive because Cast orcas
Alternatively we define the marginal risk contrib MRC of
asset i as MRC Cw J oCw rate ofchange of

risk as weight of i
2 Wi increases

Lady W Ew zocw TwoCw 2 Ew
MRC Cw Effing ith component

the risk contrib Rc is then RciCat wi MRCi w
note that Rcicat oCw
the relative risk contrib CRRd is RRC Cw Kiowas

Riskparity
A portfolio is a riskparity portfolio with respect to E iff
RRC Cw Yn i I n

ie total risk is allocated evenly across assets
In general existence uniqueness constructions may be difficult
or impossibledepending on constraints

As an opt problem we aim to minimise the deviation from
risk parity CORN Multiple measures could be used e.g
DRP w i Ew ag Ew all pairwise diffs

ORP w qiEowwg thy
sum ofsquaredeviations

but these metrics are nonconvex in w so may getstuck in
local minima and are generally harder to optimise



In the long only case we can solve

Masino W Ew ln logarithmic barrier

the optimality condition is 2 Ew w
1 0 setgrad ol

or equivalently wi Gali L w tu tu In
then RRC Cw 4mL In
since the optimality condition for this objective and riskparity are
the same we can just use this objective which is convex in w

results may need to bescaled such that E wi I

Mixing different sources of alpha

Rather than combining multiple alpha views into a singlevalue it
may be desirable to letmodelmixing occur at the optimiserlevel
may want to constrain risk contrib due to each alphasource
alphas may have different periods

Consider two sets of alphas eg strategic Mx and tactical priv
with respective active weights wax and wa Optimise

Mawter ITw't t µ
TWAY 7 WattWAY TE WaxWAY OTCCw

s t W wax WAY No weight active benchmark

anti sunt e ut
wat TEway ay

budget risk between the two
budgets can change based
on performance



Views on groups of securitiesv

Howshould you allocate if you are bullish on AAPL but bearish
on tech stocks
similar to model mixing except we must mapbetween groups
and securities This can be done with a mxn incidence matrix
G where Gg 1 if asset i is in group g and zero otherwise

benchmark security weights group weights via woo Gwf
Suppose we have group weights w We then scale the
security weights in the group by Wgbl dog i e our group
weight vs benchmark group weight
this produces a security level benchmark

we can then define the group1security active weights
WAG w b w f
WAI WI WE defined w r't seated benchmark

We can then optimise as before

Multi period optimisation Mpo

MPO jointly models risk alpha and its decay and impactcosts
i e when you should trade notjust what

Let returns be modeled by ra Mt t Xt t EE
T

returns to comp for risk predictable excessalpha



Alphas are forecasted with a factor model with K mean reverting
B E R factor loadingfactors ht B ft t EE f e R factors

of µ 20ft t Etta idiosyncraticcomponentsPERk mean reversion coefficients

We can incorporate permanent and temporary tx costs by
adding additional costs to the investor's a

diagonal Tt
The MPO problem is then given by cost matrix

owi.omw.fi
ow
F tAt WEA IzWIEwt I ow wt

t Ct Atlanta IzattEatdiscount factor
i.e maximise PVof period returns less 1x costs over

every possible rebalance

This is a stochastic linearquadratic regulator problem and
can be solved with standard theory


