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A PORTFOLIO STRATEGY WITH HEDGE FUNDS
AND LIQUID ALTERNATIVES
E. William Stonea and Paul J. Whiteb,∗
The advent of liquid alternatives in mutual fund format in recent years has brought with
it challenges and opportunities with regards to portfolio strategy. Interpretation of these
vehicles as return enhancers or risk diversifiers can lead to very different approaches in
portfolio construction. Equally indeterminate is the extent to which liquid alternatives
substitute for hedge funds, that is, do liquid alternatives and hedge funds have similar
risk exposures. A fundamental concern is that an investor does not overpay for exposures
more cheaply accessed in liquid format as opposed to the typically more expensive limited partnership format. We present a general approach for dealing with this challenge
that divides the components among beta, alternative beta (a mix of alpha and beta for
liquid alternatives), and complementary beta (neither alpha nor beta for hedge funds).
Our approach holds steady the amount of beta in the alternative beta portfolio (liquid
alternatives portfolio), and it minimizes the amount of beta and alternative beta in the
complementary beta portfolio (hedge fund portfolio). Our approach is indifferent with
respect to the exact shape of the returns distribution.

1 Introduction
The reason for inclusion of alternative investments in a portfolio is to access risks different
from the overall market and to be compensated
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adequately for those additional risks. An investor
might hope that the additional risks lead to
improved returns or she might believe that the
risks provide another source of diversification.
Irrespective of the goal, an investor is seeking
another source of risk and return separate from
the market. To that end investors have looked
at hedge funds as alternative sources of risk and
return. Recently, liquid alternatives have added to
the investor’s menu of choices as complements
to traditional stocks and bonds. Adding to the
complexity of choices, some liquid alternatives
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have claimed close resemblances to their limited partnership counterparts. Do the similarities
between hedge funds and liquid alternatives stop
at risk or do they extend to the return component as well? The answer to this question
will influence the portfolio strategy to a significant degree. A naive portfolio strategy that puts
them on equivalent footing might aggregate them
irrespective of their salient and distinguishing
characteristics (e.g. lockups, lengths of history,
and liquidity). What we want to present is a
self-consistent framework that acknowledges its
similarities while respecting its differences.
Our framework differentiates among traditional
investments, liquid alternatives, and hedge funds
by being specific and disciplined around the
sources of risk (Figure 1). Astraightforward mathematical framework allows us to assign β to a
basket of traditional investments (market exposure), α + β to a basket of liquid alternatives
(alternative beta exposure), and β̄ to a basket of
hedge funds (non-market exposure). The framework will not allow for one to determine the
relative sizes of the baskets with respect to one
another. For non-quantitative reasons we feel
there are larger investor concerns that influence
those decisions (e.g., whether an investor is ready

Investments (Beta)

Hedge Funds
(Complementary
Beta)

Liquid Alts
Beta)

Figure 1 The overlap of risks among traditional
investments, liquid alternatives, and hedge funds.
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for alternatives at all given her risk tolerance, in
which case the appropriate allocation might be
zero). The framework will allow for determination of the composition of the basket of liquid
alternatives relative to the traditional investments
and the basket of hedge funds relative to the
liquid alternatives. Being piecemeal in the portfolio construction allows one to explicitly swap
out market β for α + β and to swap out α + β
for β̄, i.e. swap out traditional investments for
liquid alternatives and swap out liquid alternatives for hedge funds. This relational approach
allows an investor to be clear about expectations
around performance of the portfolios with respect
to one another. In the case of liquid alternatives,
an investor expects some β in liquid alternatives,
hence α + β. In the case of hedge funds, one
would not want market exposure, which is more
cheaply accessed in non-limited partnership format, hence one would want β̄. This is in contrast
to an approach that optimizes all the components
at once. Simultaneously optimizing these three
distinct groups inside a single optimization routine could lead to inadvertent consequences such
as balancing hedge fund idiosyncratic risk against
stock specific risk. It could also lead one to neglect
the unique aspects of each group such as daily
position and daily price transparency for traditional investments, daily price transparency but
reduced position transparency for liquid alternatives, and neither daily pricing transparency
nor daily position transparency for hedge funds
in limited partnership format. From a financial
engineering perspective, the differences are even
more pronounced with frequencies of data, historical availability of data, timeliness of data, data
uniformity, etc.
Disaggregation of the relative sources of risk may
lead to better attribution of the sources of return.
Taking the market portfolio, β = 1, as given,
an investor can build a spectrum of portfolios of
liquid alternatives ranging from nominally sized
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to satellite sized to large core positions all with
alternative beta, α + β. This is in accordance
with his or her risk tolerance for these relatively
new offerings, which are accompanied by limited
historical performances and other peculiarities.
In our opinion these considerations will dictate
the relative size of the liquid alternative portfolio with respect to the traditional investments and
with regards to investor tolerance. If this portfolio
is built with some β with respect to the market portfolio accompanied by some degree of α,
then it becomes clearer how the liquid alternative
portfolio will behave with respect to the original
portfolio (Figure 2). It is our belief that most liquid alternatives have some inherent loading to the
market. Writing alternative beta as a function of
beta, we have βAlt = βAlt (β) or in a simpler functional form, βAlt ∼ (β + α). The α that we hope
to achieve is obtained through explicit portfolio
construction. Obtaining uncorrelated and consistently positive returns with respect to the market
every period is unlikely, so pure and positive
alpha in most cases is not a reasonable expectation. What we are hoping is that the α manifests
itself anywhere along the distribution of returns,
from the extreme left tail to the centroid to the

upper right tail. Similarly, the disaggregation of
risk also allows for the construction of a hedge
fund portfolio. Again, the relative size of the
hedge fund portfolio with respect to the traditional investments portfolio is likely limited by
the investor’s tolerance and preferences for limited partnerships, but the non-market risk, β̄, can
be clearly expressed using this approach; we use
a conventional inner product for this. Non-market
risk is harder to define in financial market terms
especially with linear factors, however, the mathematical expression of the inner product of this
facilitates clarity of the issue, a fact that our portfolio construction methodology will exploit; we
want the inner product of our hedge fund portfolio and the market to be zero, or as close to zero
as possible (Figure 3).
Alpha, in a technical sense, is the intercept from an
ordinary least squares fit of the excess returns of
a manager against the excess returns of the market; in this context we do not interpret it as the
excess returns over and above some benchmark.
Our portfolio strategy adheres to this technical
definition as much as possible in its portfolio
construction. We take the market as the S&P 500

Investments (Beta)
Investments (Beta)

Liquid Alts

Min
<RALT,RHF>

Hedge Funds
(Complementary
Beta)

Hedge Funds
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Liquid Alts
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Figure 2 The fixed overlap between liquid alternatives and traditional alternatives using the portfolio
construction methodology.

Figure 3 The minimization of overlap between the
hedge fund allocation and the traditional investments
and the liquid alternatives using the portfolio construction methodology.
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and the excess returns with respect to the riskfree rate. Also, we specify the market as our one
and only one independent factor in the model.
We also emphasize the linkage between alpha and
beta. A well-defined benchmark is a prerequisite
for a well-defined alpha. To the practitioner this
may go without question but within a wider audience this point might need stressing. Adding to
the nuance of our analysis is the fact that we are
performing ordinary least squares. This alleviates
the task of identifying the underlying returns distribution of either the benchmark or the portfolio;
ordinary least squares simply relies on the fact
that the error vector lay in the left null space of
the transpose of the space spanned by the columns
of the independents. This is a simple fact of ordinary least squares which we exploit. We also keep
in mind that the errors must be minimal to ensure
a “good linear fit”. Often, blunt force ordinary
least squares analysis is performed without considering linearity in the underlying relationship.
Beta and alpha provide a mathematical construct
for decomposing returns and understanding them.
The caveat in the analysis is that alpha and beta are
linked for computation’s sake. Beta necessitates
a benchmark, and that benchmark should have
some kind of meaningful context in the analysis,
otherwise the results might be spurious or some
kind of mathematical artifact.
Complementary beta, which represents our nonmarket risk, is something that we want to obtain
from hedge funds, βHedge Fund ∼ β̄ ⊥ β.
Complementary betas are simply risks that are different from the overall market. These are returns
that are mathematically orthogonal to the market. A portfolio of hedge funds should be tilted
away from the market vector as much as possible, or else the hedge fund portfolio might be
accessing another source of market beta. Since
the economics for the investor are so different
for limited partnerships versus mutual funds, it
is important for the two portfolios to overlap in
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risk as little as possible; the investor would not
want to pay for risks that are more cheaply to
obtain with more traditional instruments. This is
the idea behind orthogonal risks. The OLS equivalent of orthogonal risks in one dimension results
in the alpha term. Alpha in the liquid alternatives portfolio will yield perpendicularity in one
dimension while simultaneously spanning along
the market, and the dot product between the hedge
fund portfolio and the market will establish perpendicularity in multi-dimensional space without
necessitating spanning. We want to be clear about
the separation of sources of risk, which is why
we are building this framework. Hedge funds are
commonly understood as “alpha sources”, and we
are not trying to change the industry perception.
What we are doing is trying to be specific about
the sources of risk to the extent that we can build a
self-consistent framework for liquid alternatives
portfolio strategy and hedge fund portfolio strategy. For clarity, we note the difference between
orthogonal vectors and matrices in OLS versus the
inner product. The inner product defines orthogonal vectors in T -dimensional space where T
is the number of dimensions while OLS speaks
to the error vector being orthogonal to a matrix
of observations. The framework builds on this
distinction.
2 Background
Alpha, in its various forms, is the pursuit of most
investors. For most investors it is the quest for
uncorrelated returns. Alpha derives its origins
from the CAPM (Sharpe, 1964). Put succinctly,
alpha is the intercept from a regression of the
excess returns of an investment against the excess
returns of the benchmark, typically the market represented by the S&P 500. That statement
presumes the existence of a solitary benchmark
(Fung and Hsieh, 2007), and it also presumes that
the application of ordinary least squares is a valid
framework. Alpha is not static and is presumed to
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have a dynamic nature to it (Cai and Liang, 2012).
The issue of alpha having a time-dependent nature
and having multiple sources can complicate the
discussion going forward. What we all know is
that whatever alpha’s exact form, most investors
want access to alpha in their portfolios.
The evolution of alpha begins with hedge funds. It
was a widely held belief that hedge funds are alpha
providers to portfolios. Alpha can have many definitions depending on the audience. Whatever the
definition, it is clear that many investors seek
it out in its various forms. Alpha is assumed to
exist in successful hedge funds, or the justification for the fees charged in limited partnerships
becomes questionable. Alpha in hedge funds can
be a charged topic even going so far as the argument of whether it has disappeared altogether
(Ammann et al., 2011). Alpha is an assumed characteristic of most hedge fund returns. Prior to the
crisis of 2008, this went largely unquestioned.
Alpha was perceived as a persistent element in
most hedge fund managers’ returns. As with most
industries, the hedge fund industry began to age,
and along with it the notion of what alpha was and
how to access it began to evolve as well.
Portable alpha was the next step in the evolution
of alpha. Portable alpha was the idea that one can
hedge out the benchmark of an investment and be
left solely with the alpha of the manager (Wise
and Bhansali, 2011). One literally strips out the β
in α + β by hedging out the β through a short
position, −β. This is an aesthetically pleasing
and elegant idea (Fung and Hsieh, 2004), but the
actual implementation can be problematic. Beta
can fluctuate over time. In fact, one must assume
that it is dynamic rather than static in most, if
not all, real-world investments. Without a consistent exposure to a benchmark and without a
persistent alpha, hedging can be difficult and harvesting non-negative alpha on an ongoing basis
can be challenging (Wise et al., 2011). Another

complication is the existence of many betas in a
portfolio. While we use the S&P 500 to represent
beta in this paper, there is no reason to exclude
other market exposures, global or non-U.S. That
complexity grows with the consideration of other
options or even fixed income proxies. That is, one
can add as many betas as one likes to the problem.
130/30 was the next step in the search for alpha
(Leibowitz and Bova, 2007). The idea is that a
fund manager could form a long/short book by
going dollar neutral in 30% in her best ideas and
30% in her worst ideas. This argument assumes
equivalent skill on the part of the manager in
detecting good as well as bad stocks. The results
of this brand of strategies were mixed. Adding
to the complication was the fact that going long
a stock is not the pure opposite of shorting a
stock. Shorting a stock is a skill, which becomes
even more important as one moves down the
capitalization spectrum. In our view 130/30 complicated matters more in the search for alpha in the
sense that the long only notion of the alpha signal
with a solitary benchmark became swamped or
even masked by the act of introducing leverage
and possibly a secondary benchmark, say short
bias benchmark for the −30% part of the book
or market neutral benchmark for the 30%/30%
long/short part of the book. While 130/30 opened
up the opportunity set for many managers, decomposing pure alpha from pure beta became even
more problematic.
Alternative beta was the next step in the evolution of alpha. Alternative beta is the idea that
alternatives have some common exposures within
their returns streams. A belief in that statement
spawned instruments like hedge fund replicators (Hasanhodzic and Lo, 2007) and hedge
fund index-like products (Fung and Hsieh, 2007).
Alternative beta does not have a consensus definition; several variants exist such as strategic
beta, smart beta (and smart alpha), active beta,
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scientific beta, and dynamic beta. It is not our
intent here to draw the lines of the boundaries
among its sundry forms. In spite of that, we
believe that most practitioners would say that
alternative beta has some loading to the actual
market, dynamic, non-linear, or otherwise, in
addition to a host of sundry other sources. Alternative beta was originally ascribed to hedge fund
exposures and not necessarily to an investment
in liquid format. The idea is that alternative beta,
whatever it might be, is a de facto exposure an
investor acquires through hedge fund participation. This may or may not have been a valid
assumption. In spite of a nebulous description and
questionable assumption about its pervasiveness
in hedge funds, many investors began to separate their portfolios into beta and alternative beta
pieces.
Liquid alternatives is the latest evolutionary incarnation of alpha from hedge funds. Liquid alternatives, whether in mutual fund, ETF, or UCIT form,
are ways to access the alternatives premiums routinely captured by hedge fund managers. Again,
we add the caveat that the idea of the alternative premium is not well defined in the literature,
but the consensus is that it exists and is accessible without entering into a limited partnership.
The factors themselves as well as the timing of
those factors can be a source of added returns for
a portfolio even though the research as to factor versus factor timing is ongoing (Park, 2014).
In spite of a definitive conclusion, the belief is
that hedge fund aggregate returns are captured by
representative factors of certain strategies or substrategies. One area where practitioners do agree
is that liquid alternatives must be liquid, whatever
one’s definition of liquidity is ascribed. The liquid
characteristic of these funds is not perceived the
same way. A common view is that illiquidity represents a cost captured by some premium for the
lockup period (Derman, 2007). Yet another view
is that the liquidity is another means of generating
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returns for hedge fund managers (Gatev, 2009).
As with many of these concepts, the particulars
are left to the observer but the belief in the theme is
well accepted within the investment community.
The blending of alternatives in mutual fund
format1 and alternatives in limited partnership
format is a new area of research in that the proliferation of liquid alternatives is a relatively new
occurrence. A one-size-fits-all approach may suit
many investors (Lee and Lo, 2014), but we are
examining one platform of liquid alternative solutions weighed against another platform of hedge
fund solutions. An impetus for considering a collection of liquid alternatives is that there are many
more options from which to choose and to allocate dynamically. This is a matter of choice on the
part of the investor. Our approach settles on two
baskets of investments.
3 Portfolio strategy framework
Portfolio strategy dictates how a portfolio is managed around a set of criteria. The details of this
optimization reflect the different aspects of targeted risks: alternative beta and complementary
beta. In both of the methodologies, we want to
emphasize that the constraints in the optimization
have common themes such as return bounds and
risk bounds. The heart of each methodology is the
objective function, which we will use to express
different cruxes for portfolio strategy for liquid
alternatives and for hedge funds.
Constraint : RiskPortf ≤ RiskBM

(1)

Constraint : ReturnPortf ≥ ReturnBM

(2)

Objective : Min(x)

(3)

‘BM’ in Equations (1) and (2) stands for any
benchmark. As with any addition to a portfolio,
an investor would hope that the new investment
would not decrease the return of the original portfolio. Similarly, an investor would not want the
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original risk to be compromised in the original
portfolio by the addition of a new investment. In
the real world, this is not always possible, but this
is an aim in our framework for liquid alternatives
and hedge funds.
The portfolio construction methodology with liquid alternatives respects the challenge in identifying alternative β and in identifying α. Instead
of identifying alternative β, we will focus on the
market β with respect to the S&P 500. Instead
of decomposing α into alternative β pieces, we
will define α strictly as the return component perpendicular to the S&P 500. We recognize that
alternative β does contain some S&P 500 exposure, but, if we had our choice and the ability, we
would want to decouple the market dependence
from the rest of the return and focus on that component. That framework, on its own, neglects the
error term, but that is actually an important consideration of our optimization. The framework
also assumes that alternative β is inherent in the
holdings of liquid alternative constituents.
Portfolio construction will rely on traditional
metrics with a quadratic objective function and
linear constraints. Succinctly put, β measures the
returns parallel to the benchmark, and α measures the returns perpendicular to the benchmark.
This is a useful geometric interpretation. We need
to keep the parallel returns below one and make
sure the perpendicular ones are reasonably bound.
Maximizing α would probably lead to a spurious
result. Realistically, most investments have some
imbedded β or market exposure; it doesn’t make
them less useful, it just makes them what they are.
The approach is to find alternative β in portfolio
construction.
Constraint : α ∈ (0, αMax )

(4)

Constraint : β ∈ (βMin , βMax )

(5)

Objective Function : MinεT ε

(6)

These expressions make up the constraints and
the objective function for the liquid alternatives
optimization; ε denotes the residuals from the
regression. There are other details to the framework, but those lines capture the essence of the
optimization procedure. The objective function
chooses the set of most minimized sum of the
squared residuals; this amounts to looking at a
collection of infinite linear fits rather than just one.
Practitioners will recognize that as a least squares
type of criterion for a good linear fit versus a poor
linear fit to a cloud of points. This optimization
keeps the metrics meaningful because they define
a line. α and β exist even on lines for which the
fit is poor. Before looking at the metrics from the
fit, we demand that the fit makes sense, that is, to
choose the set of the sum of the squared residuals
that is already minimal. This may seem obvious,
but outliers can wreak havoc with line fits and this
procedure manages the outliers and their leverage
and influence. Indeed, it makes little sense to talk
about α and β without talking about the fit of the
lines, whether the fit is “good” or “bad” because of
the error bars on the parameters. This framework
also keeps the solution in a familiar optimization space, i.e., pure quadratic objective function.
Optimizations of arbitrary objective functions can
have unintended consequences if the sensitivity of
the outputs is large compared to small changes in
the inputs. Because of the way the problem was
phrased, the sensitivity of the solution to perturbations in the inputs is understood and minimized
because it is a pure quadratic objective function.
It is less clear what happens if another objective
function is used (e.g., maximizing F -value and
chi-squared number).
α and β are computed through plain vanilla ordinary least squares. We take RM as the returns
of the market (plus a dummy column of 1’s to
account for α), the liquid alternatives portfolio
returns as RLA = RALT w, where RALT is the
matrix of returns for the mutual funds and ETFs
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and w is a weights vector. The simple equation
with which to begin is this,
RLA = RM β

(7)

After the appropriate substitution and rearrangement, one has the following
(RTM RM )−1 RTM RALT w = β

(8)

β represents both α and β in vector format. This
tells us that both α and β are linear functions of the
weights. The residuals, ε, follow naturally from
this and are
ε = (RALT − RM (RTM RM )−1 RTM RALT )w

(9)

Again, this is a linear function with respect
to w. εT ε is an elementary exercise, which
demonstrates that the sum of squared residuals is
quadratic with respect to w, hence our quadratic
objective function. These results are unspectacular in and of themselves but they do make clear
the pure linear and quadratic objective dependencies in our optimization. The solution for α, β,
and ε spans the space of all possible lines. If we
were instead to maximize ε T ε, this would still
yield a valid ordinary least squares fit, but this
would probably be the solution filled with large
outliers with influence and leverage. This is the
reason why we choose to minimize instead ε T ε.
This term is already minimized by construction
via OLS, but we are selecting the smallest set of
minimized residual sum of squares. These expressions give us the quadratic objective function and
linear constraints needed for optimization. The
details of αMax , βMin , and βMax are matters of
judgment. What is important in this case is that
the solution space is being defined precisely in
terms of α and β in a way that preserves the quality of the fit for α and β. This could have been
done also with an F -type constraint, chi-squared
considerations, Jarque-Bera metrics, etc., but this
would generate highly non-linear (degree > 2)
and transcendental functions into the problem,
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a potential complication for fast convergence.
While the mathematics is unremarkable, the hope
is that there is an appreciation for the care in which
the solution space was defined and searched.
The hedge fund portfolio construction builds on
the perpendicularity concept but expands it to an
arbitrary number of dimensions. The dimensions
are dictated by a set of factors, RBM (i), where BM
stands for benchmark. In typical fashion these
factors can stand for any factor that one deems
important. In not so typical fashion, we do not
wish to decompose the hedge fund returns into linear components along these factors. The crux of
the argument is that we are not counting on these
factors to span the space of returns that we do
need and then analyzing the leftover alpha term;
we are counting on these factors to span the space
of returns that we do not need. That is why we
are tilting the resulting portfolio away from this
space.



T T
T
Min w RALT
[R(i)BM R (i)BM ] RALT w
i

(10)
Minimizing the square of the dot product implies
maximizing the angle between the portfolio and
the respective benchmark and liquid alternative
indices; the angle interpretation in portfolio construction is not new (Golts and Jones, 2009;
Bailey, 2013). The discussion of hedge fund
exposure is not about beta or alpha in the OLS
sense; it is really a discussion about risk exposures
separate from traditional benchmarks and investment offerings. The risk exposures provided by
hedge funds should have minimal overlap with
the risk exposures provided by traditional investments and liquid alternatives due to economic
concerns. This objective function is quadratic in
weight space once the square of the dot product is taken. This can help with the sensitivity
of the output to small changes in the input. The
appeal of using the dot product as the dependence
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structure was that it allows the algorithm to
select portfolios that are explicitly different from
traditional investments and liquid alternatives.
This is desirable because those portfolio exposures can be attained through more cost-effective
vehicles. Hedge funds have traditionally been
viewed as absolute return providers, i.e. pure
alpha plays. Over the years, hedge fund strategies
have become more well known to more traders.
If alpha denotes skill and everyone has the same
skill, then it is no longer alpha; it metamorphoses
into beta. This set of risk exposures become more
accessible to investors. The situation that we are
looking to avoid is paying for managers with
high loadings to the market, which can be gotten through more cost-effective vehicles. With the
advent of liquid alternatives, this becomes even
more important as alternative beta is available
through ETFs and mutual funds. Another useful aspect of the portfolio construction algorithm
as it is laid out is that it is independent of distributional assumptions. As for the constraints,
we require that the sum of returns of the hedge
fund portfolio be no worse than that of the some
benchmark portfolio, say 60% stocks and 40%
bonds. The risk constraint centers on the Chebyshev Value at Risk. VaR is accompanied by a
host of issues (Lo, 2001). Chebyshev VaR handles non-normality. We choose this to represent
the risk in hedge fund portfolios because hedge
funds exhibit non-normality perhaps even more
so than their traditional counterparts. Although
standard deviation is used in Chebyshev’s original theorem, we take care to note that it is a
parameter of the theorem and not a true expression of the characteristic shape of the distribution
of returns. This is a subtlety but one that preserves the independence of this approach from
assuming anything at all about the underlying distribution of the hedge funds. In the same way we
do not interpret the sum of returns to be akin to
the average return. Again, this is a subtlety, but
we are careful not to extrapolate to any formalism

about distributions whether they be first or second
moments.
4 Data and methodology
The data used in this paper are the S&P 500 and
the HFRX and HFRI indices published by Hedge
Fund Research provided through Bloomberg. The
S&P 500 represents the market, as is commonly
accepted. The universe of hedge funds is represented by the HFRI indices. Hedge Fund Research
indices are marked by availability, popularity,
and longevity, and that is why we used them.
There is no immunity of those indices from the
usual arguments regarding hedge fund indices
and their shortcomings. HFRX is used to represent the liquid alternative space because of its
daily pricing, the assumption being that daily pricing is related to daily liquidity.2 HFRI is used
to represent generic hedge funds owing to its
monthly pricing. Individual manager returns cannot be used for availability reasons. To that end,
each strategy within HFRX and HFRI represents a
fund/manager. It is not our goal to argue the merits and detractors of using one specific data set
over another. We are just putting forth a portfolio
construction methodology illustrated with a particular data set. As with any portfolio construction
technique, the results are limited by the characteristics of the data. We note in the literature (Boyson
et al., 2012) that HFR indices can be used for testing purposes despite some shortcomings. Hedge
Fund Research fully discloses that returns might
be restated up to 3 months past initial publishing
date (Hedge Fund Research, 2015).
The liquid alternatives methodology used the
S&P 500 benchmark along with the HFRX daily
data. We created weekly arithmetic returns of
Wednesday over Wednesday metrics, which alleviated weekend effects. Not all the HFRX indices
had daily data. We made a subset of the data
that balanced the data set with the longest back
test available against the data set with the most
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possible funds. We acknowledge that good judgment is subjective. Excess returns are taken
with respect to the federal funds rate. Arithmetic
returns match convention for measuring beta and
alpha in regressions.
The hedge fund methodology used the S&P 500,
HFRX family, and the HFRI family. Monthly
data was used. Again, we tried to strike a balance
between having a lengthy back test and between
having the maximum number of funds. For consistency’s sake, we tried to use the same HFRX
indices that were a part of our liquid alternatives
approach for the hedge fund approach. Different practitioners will have other approaches. We
used logarithmic returns for the data. In measuring the sum of returns, we wanted to be able to
aggregate them irrespective of order, likewise for
the risk in which we used the standard deviation. Further, using the inner product probably
only makes sense with logarithmic returns, or
else one would be introducing an ordering bias
in the calculation of the dot product. This is a
mismatch with the liquid alternatives methodology, but we are not doing the two optimizations
simultaneously.
It is important to stress the role of due diligence in the construction of any platform of liquid
alternatives or hedge funds. Due diligence provides the backbone of manager selection, which
is important, given the amount of fund failures
and the need for ongoing monitoring. Monitoring hedge funds and liquid alternatives is part
art and part science with an ever evolving checklist (Bookstaber, 2009). In our opinion, portfolio
construction on an arbitrary collection of funds
without a first cut by a due diligence team reduces
the meaningfulness of the output. We would not
begin to assign an actual economic value to this
except to say that it is positive and significant; this
is not an uncommon point of view (Brown et al.,
2008). It is also clear that relying on regulatory
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groups to weed out the more suspicious funds is
probably not the best approach (Ghee, 2011).
In the end, the use of this data set serves as feasibility more than proof of principle. This will
not be a concrete theoretical conclusion. Rather,
it will be a proposition of a valid technique.
Superiority is difficult to prove for any technique or approach. Our only claim is that this is
competitive in its own right.
5 Empirical results
The aim of the liquid alternatives optimization
was to produce a basket of liquid alternatives with
a targeted beta and positive alpha, if possible.
The thrust of the routine was that the quality of
the residuals from the least squares determined
the quality of the beta of the line fit which in
turn determined the quality of alpha. The beta
constraint was β = 0.5 ± 0.05. The 0.5 represented a compromise between the pure market
(1.0) and pure alpha (0.0). The tolerance was
similarly adjusted for practicality. Another choice
could have been made, but we are setting out
to illustrate the approach more than any type of
exact prescription. The alpha constraint was set
between −0.02 < α < 0.05. Again, practical
considerations dominated the choice of values.
In fact, the optimization failed for positive lower
bounds across the data set; we set the bar high
by demanding that the parameter set be unadjusted across 11 rolling windows. The practicality
of reaching that bar will be dictated by the quality of the initial basket of liquid alternatives and
the lookback period. The rebalancing period of
13 weeks allowed for quarterly adjustment to the
basket. Given that the HFRX indices are meant
to represent liquid alternatives, one could have
selected any frequency, but quarterly seemed like
a natural choice.
Figure 4 shows the output of the liquid alternatives optimization over time. The different HFRX
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Figure 4 Output of the liquid alternatives optimization using HFRX indices across 11 rebalancing periods
showing the absence of corner solutions without any wieght constraint besides full investment.

indices are on the left and the weight scale is listed
horizontally. As we noted before, not all members of the HFRX family were used because of
periodicity misfits and historical lengths. The 11
panels each represent 13 weeks of running the
model out of sample with the exception of the
very first panel which includes 52+13 weeks; the
earliest panel is in the lower left while the latest
panel is in the upper right and dates are on top in
numerical format (YYYYMMDD). The 52 weeks
represents a rolling in-sample window, which
translates forward every 13 weeks for updating.
The earliest possible date is chosen according
to the HFRX subset of indices that we selected,

while the last date represents our latest update.
It is important to note that besides full investment and non-negativity, there are no additional
weight constraints. We want to stress that point
because many optimizations may suffer from corner point solutions, which, roughly speaking, is
the concentration of the results in a single investment. The diversification of the approach is that it
spreads the weights among more than one or two
investments. The actual number is not so much
important to us as the fact that the weights do
change within assets and across them. There isn’t
a science to this other than to say that there isn’t a
corner solution. The latest panel in the upper right
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seems to suggest a heavy allocation to a single
asset class, but, from our studies, we know that to
be an artifact of the alpha constraint in later periods. The fact that we could satisfy positive alpha
in earlier periods is somewhat surprising, given
that this is a collection of indices, which are normally assumed to be free of alpha by definition.
We are not suggesting that this approach can take
a collection of random investments and generate
alpha, but it is encouraging that we could do it at
all with a set of indices.
Figure 4 also shows a by-product of the algorithm.
The algorithm is looking for β = 0.5, which
explains to some degree why HFRXEHV plays
a role. Fundamental value is associated with a
quality bias, which demonstrates a source of alpha
over time. Apart from this value is a stable source
of beta. This shouldn’t come as a surprise and
serve as a common sense check. It is important
to recognize that the optimization is looking for
stable beta and not for a spurious source of market exposure. Most of the HFRX indices have
sizeable beta loadings to the market over time.
However, it is certain that they are dynamic exposures. The least dynamic exposure is probably
coming from the HFRXEHV Index because of the
quality bias. The dynamic loading of beta across
the indices probably leads to a dynamic loading
of alpha across those same indices. Some alphas
may be larger than others, but the algorithm is
looking for an alpha whose stability is buttressed
by that of its beta and whose beta gives the best fit
in terms of the size of the sum of squared residuals.
Ordinary least squares by construction minimizes
the sum of the squared residuals, but the only set
chosen is the one for which the set is the smallest
across all possibilities.
Figure 5 shows the data split into halves and fit to
two lines for each half. Recall that the optimization was to find a slope within a certain bounds for
beta that represents a good line. We chose to split

Figure 5 OLS fit for liquid alternatives optimization
across both halves of the data showing linearity.

the data into two parts rather than to use the whole
to show how the little the line evolved across both
halves. This is a rule of thumb at best because
there really wasn’t a framework to address the
quality of the fit. It is reasonably clear that we
don’t have an outlier issue. Although the points
in the lower left have large leverage, they have
little influence in the jargon of linear fitting. We
did find that beta was roughly the same across the
two sets of data (0.44t=17.4 versus 0.47t=17.0 ), but
alpha did, in fact, change sign (0.0003t=0.77 versus −0.0001t=−2.2 ). The F -statistic went from
301.3 to 288.3. None of these on their own are
telling. We avoided traditional metrics such as
t-statistics and F -statistics in the analysis of the
full data set for the very reason that we avoided
them in the optimization. These metrics are predicated on the existence of linearity beforehand,
that is, given that linearity is the appropriate
model, then these traditional statistics apply, not
the reverse. We could also analyze the change
in the solution across the first half of the data to
the second half by looking at the sensitivity of
the least squares solution (Golub and Van Loan,
1996). However, taking the first half of the data
as the original matrix and constructing the perturbation by taking the difference of the matrices
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form second half results in too large shock, not a
perturbation.
To judge the whether OLS is even appropriate in
the first place we chose to look at stationary test
of X and Y and normality tests for the residuals, Shapiro–Wilk, Chi-square and Kolmogorov–
Smirnov. The statistics for the KPSS test were
0.119 (X) and 0.355 (Y), so those results suggest
that they are stationary time series, which is what
we want as inputs for ordinary least squares. The
Shapiro–Wilk test yielded W = 0.997 with p =
0.946; the Chi-square test yielded Chi-square =
3072 with p = 0; the Kolmogorov–Smirnov test
yields ks = 0.03 with p = 0.5. Two of those tests
suggest non-normality of the residuals, while the
more powerful Shapiro–Wilk test suggests normality with a large sample bias. Given that these
are real-world data and that the bulk of them
are out of sample points, this is a strong indicator that the methodology seems to be working.
There is not a formalism to go along with these
suppositions, so these statistical results and the
out-of-sample behavior provide reassurances.
Figure 6 demonstrates how well the out-ofsample beta tracks the constraint set by the

Figure 6 A rolling 52-week beta set in the range
(0.45, 0.55) for the liquid alternatives portfolio construction algorithm.

optimizer to stay between 0.45 and 0.55 with
respect to the market. The dotted lines represent
the upper and lower bounds set by the optimizer.
The data become purely out of sample for 52 data
points into the plot. We mix in and out of sample
results to show the evolution of the constraint. We
acknowledge the fact that rolling metrics contain
autocorrelation. It is a generally accepted belief
that risk targets are easier to maintain than return
targets for portfolio construction. The data generally show this to be true. A 52-week rolling beta
seems to maintain its risk corridor for the bulk
of the data. There are periods when the beta falls
outside that range. This occurs exclusively for the
lower bound. This might be an artifact of the rate
of change of the market over that period. The algorithm is looking for stable beta over that period, so
that type of beta might also influence the tendency
of the lower limit to be exceed versus the upper
limit. Also, the accompanying alpha constraint
affects things because it may be that the stable
alpha for which we are looking is accompanied
by this lower-range beta. It is hard to say what
is the limiting factor on this analysis, but what
is clear is that the out-of-sample performance is
clearly what we want. Beta is dynamic over the
HFRX indices, but we are able to achieve stability
through careful portfolio construction.
The question of beta stability is accompanied by
other peculiarities. An interesting point would
be why the area of the graph below the limit
wouldn’t be equal to the area above. It would be
hard to infer too much about what should happen over the long run since we only have 4 years
of data. Extrapolation of anything beyond beta
itself would be problematic. We could look at
the average beta over this period, which would
induce bias because of the serial correlation, or
we could look at the beta over the whole period
(β = 0.46t=24.2 ), but those would only be sanity checks to make sure that it stays between 0.45
and 0.55. In addition, the t-statistic of the whole
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sample beta might be influenced by the larger
and larger number of points of the regression, so
its usefulness is mitigated. Again, optimizing or
gauging success by the t-statistic is not what we
wanted for the reasons discussed earlier. In lieu of
this, best practices might dictate that we carry the
portfolio construction out of sample, as we have
done, and monitor the algorithm’s ability to work
beyond the in-sample data.
Figure 7 demonstrates how well the out-ofsample alpha tracks the constraint set by the
optimizer to stay between −0.02 and 0.05 with
respect to the market. Alpha is tracked in sample to out of sample periods using a 52-week
rolling window. The upper and lower bounds are
set by the dotted lines. As we noted before, the
residuals determine the quality of beta and the
quality of alpha is determined by the quality of
beta. The aim of the optimization is consistent
beta with persistent alpha. We only want alpha to
be on the right side of zero. This graph illustrates
exactly the challenge that we can have with linear behavior with highly consistent beta but less
persistently positive alpha. This would be a problem if we were doing portable alpha where we
would hedge out 0.5 beta with S&P 500 futures,

Figure 7 The rolling alpha across the data set and the
associated upper and lower constraints for the liquid
alternatives algorithm.
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but we are only trying to gain exposure to alternative beta. The mistake would be to conclude
that the basket of alternative beta sources, represented by the HFRX indices, is equivalent to
a cash position plus 0.5 worth of the S&P 500
index. These alternative beta sources will always
provide alternative beta because those are the constituents. Tying the beta of the HFRX basket to
0.5 does nothing except to control the risk exposure in a way that allows one to fund it with a part
of the investor’s portfolio with the same amount
of beta of 0.5 in a one for one swap.
The quality of the alpha is always a challenge.
While not all of it is positive alpha, an important
point must be made. These are HFRX indices for
which the presumed alpha is zero or negligible
by aggregation of the index. In spite of that, we
did get positive alpha for the first third to half
of the data. This is not to make the point that
the initial constituents don’t matter for this portfolio construction technique, but it does suggest
some insensitivity to those components. The point
can’t be made with numbers because the alpha for
the whole set of data is −0.0004t=−1.14 , which is
negative and indistinguishable from zero. For the
sake of completeness, R-squared is 0.755. Alpha
might be limited by beta or vice versa, we don’t
know; propagation of errors insures that we will
always be more certain about beta than alpha. If
the alpha is uncertain, then the question is why add
them to the investment universe. Like any other
investment, the lack of correlation and the reduction in risk might justify it. Even though these are
alternatives, we can take the conventional portfolio metrics and calculate the optimal portfolio of
the mix of the two.
Table 1 shows a mix of the basket of liquid alternatives and the S&P 500 to obtain the optimal
risky portfolio. While this is the application of
metrics traditionally reserved for more classical
distribution types, it does illustrate that liquid
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Table 1 Optimal mix of the S&P 500
and the basket of liquid alternatives
using the formula for the optimal risky
portfolio measured over the length of
the entire data set.

Ann. Ret.
Variance
Covariance
Weight

Liq. Alt.

S&P 500

0.0458
0.00276
0.00463
61.8%

0.144
0.0119
38.2%

alternatives can be added to a portfolio depending
on an investor’s purposes. From our perspective,
the enhancement usually comes from the diversification effect and not necessarily from outsized
performance. The ratio of almost 1:1 in the optimal risk portfolio deserves some commentary. We
are by no means suggesting that this is appropriate in all cases. Many other considerations should
be observed. First, this example was done on a
specific set of data which may or may not represent a platform of liquid alternative choices. Other
than the data, we believe it is crucial to consider
whether this type of investment is appropriate for
everyone and its determination is done case by
case. Liquid alternatives are relatively new and
any new investment is accompanied by uncertainties not captured by most quantitative methods;
there is a robustness for data from traditional
investments that is simply on a different level than
that for liquid alternatives. Part of this should give
an investor pause and it should be weighed against
the exciting arrival of a new opportunity set. In
our opinion, there isn’t an algorithm that captures
how appropriate liquid alternatives are for a given
investor and her preferences.
Even though liquid alternatives might not be alpha
sources in the strict sense, they are alternative
beta sources. If these vehicles are truly alternative
beta sources, then just by being different from the

S&P 500, they might add to the portfolio characteristics even without adding to the return. This
is better explained with a simple example. Take
the S&P 500 and imagine that we want to pair it
with an investment that provides alternative beta.
For the purposes of this paper, we can take the
S&P 500 paired with the S&P 500 with a lag.
That is, for today’s portfolio, take 50% of the
S&P 500 and 50% of the S&P 500 from 6 months
ago. What does this do? First, it preserves the
expected return of the portfolio with respect to
the market, so the expected return of our portfolio equals the expected return of the pure S&P
500. Second, this illustrates the power of diversification without implying an advantage in alpha.
The example is a construct to be sure, but it also
isolates the notion of alternative beta. Looking
at the returns since 1988, the pure portfolio has
an average return of 0.85% and a standard deviation of 14.9%. Our blended portfolio has the same
average return, but it has a standard deviation of
10.1%. The risk, as measured by the standard
deviation, fell by more than 25%. The beta of
the lagged S&P 500 is −0.06. Again, the example is illustrative only, but it shows the power of
alternative beta without implying an advantage in
alpha. If we could find something like that to put
in a portfolio, its value would be a benefit within
a portfolio context.
The aim of the hedge fund portfolio construction
was to build a portfolio of HFRI indices as proxies for actual hedge fund managers with as little
overlap in risk as compared to stocks, bonds, and
liquid alternatives. The overlap in risk will be
measured with the inner product. This approach
has the advantage of being independent of return
distribution shape and avoids the potential problem of spanning the risk with a linear set of risk
factors, e.g. missing factors, and non-linear factor dependencies. If we can build a portfolio of
non-overlapping risk sources without affecting
the original risk and return statistics, then that
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Figure 8 The weights for the different periods for the hedge fund algorithm across the entire data set rebalanced
once a year.

would be advantageous in terms of diversification
and possible return enhancement. The benchmark
for the risk and return will be a portfolio of 60%
stocks and 40% bonds. We want to avoid overlap with these but also with our pool of HFRX
indices. We use the sum of logarithmic returns
for the stock bond portfolio over the past 3 years
as our in-sample period return; 3 years is about
the lifetime of an emerging manager. We use standard deviation of the stock bond portfolio over the
past 3 years as our in-sample risk with the admission that it serves as a proxy for Chebyshev VaR,
which is immune to the type of distribution of
the returns. Our update window is 1 year, which

represents a “typical” lockup period for a hedge
fund.
Figure 8 shows the output of the hedge fund portfolio construction algorithm across five different
out-of-sample periods using the 3-year lookback
window and 1-year update period. The HFRI
indices shown represent different hedge fund
managers. The indices were chosen to accommodate as long a time frame as possible. The last
panel has a short time frame because the out-ofsample period has not been that long. The results
show adequate diversification as there were no
corner solutions. Apart from full investment and
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non-negativity, there were no additional constraints in the optimizer. A dominant holding is
the HFRIFIMB, an asset-backed fixed income
index. For any optimization with risk and return
constraints, this is not unexpected because of
the smoothing caused by the autocorrelation of
the time series; the coefficient of regression of
the series against the lagged by 1-month version
of itself is 0.65t=5.83 . Unsmoothing an autocorrelated series is a matter of preference and
assumptions on the part of the user and we don’t
offer a procedure here for that. We acknowledge
that other HFRI series might exhibit the same
effect, but that is not the topic of this work. What
is important to note is that evolution of the optimal
portfolio across the different constituents.
Figure 9 shows the implied angle between the
resultant HFRI portfolio and proxies for the liquid

alternatives and stocks and bonds. There are two
panels because we examine the angles across both
halves of the data. The first panel includes a combination of in- and out-of-sample data, whereas
the second panel is purely out of sample. We
acknowledge that there are some angles greater
than 90 degrees because we are not strictly minimizing the overlap since the magnitude of the
returns is also included in the dot product. Squaring the inner product minimizes the tendency of
the optimizer to select angles between 90 and 180
degrees. We take the dot product on a constituent
level rather than on a portfolio level because
cosine is not a linear function and we want to
ensure piecemeal orthogonality. While this engineering towards non-overlapping risk is central to
the thesis, it is well known that it is not enough.
The angle between stocks and bonds is very near
to 90 degrees, but we know over the long run there

Figure 9 The implied angle, as measured by the inner product, between the portfolio of HFRI indices and the
HFRX indices, stocks, and bonds.
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is a difference in return and overall risk. That is
why we want to access different risk sources in
hedge fund returns but not at the expense of either
overall risk or return, which is why that is laid out
explicitly in the constraints.

Figure 10 shows our ability to control the risk
of the rebalanced portfolio. There are only four
rebalancing periods in the data set, but they are
included for completion’s sake. Right away it is
clear that the risk of the HFRI portfolio never
approaches that of the stocks & bonds portfolio.
The normalized risk stays well below 1.0. As we
mentioned before, HFRIFIMB has an impact on
the resultant portfolio because of the smoothing.
This also affects the overall risk because more
weight is added to the holding. We don’t think
this takes away from the technique. Any portfolio construction approach will be limited by its
initial set of offerings and that is especially true
of alternatives in limited partnership. That theme

0.30
0.25
0.20
0.15

36 Months Risk

0.35

0.40

Rolling Risk Normalized to 60/40 Stocks & Bonds

0.10

The inner product argument is a rough approximation for correlation. Minimizing the correlation
could be problematic for several reasons. The
first is that the correlation is non-linear. Optimizing a non-linear function is complicated by
convergence issues; the square of the dot product presents a simple and quadratic objective
function. Another problem would be the distributional assumptions. Correlation (and other
metrics) assumes a specific relationship between
what is being measured. For hedge funds, this
can become more complicated with non-normal
distributions. Another issue arises because correlation tends to focus on specific moments of
the distribution. The dot product is agnostic to
distribution type. Contributions from the tail are
counted as much as contributions near the mode.
We view this as a strength because identifying
percentiles in a distribution is difficult, especially
in the tails where the observations, by definition,
are so few.
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From 20111231 to 20160131 in YYYYMMDD Format

Figure 10 The risk of the hedge fund portfolio of
HFRI indices normalized to the risk of a 60/40 stocks
and bonds portfolio on a rolling 3-year basis across
the data set.

resonates even more when we consider what the
inner product approach’s aim really is. We want
to avoid risks more easily accessed elsewhere for
cheaper prices. The natural question is what exposures are we getting, and the answer would be
manager specific, or idiosyncratic, risk. We actually want that and that is why we are paying more
for its scarcity and value. It might be difficult to
span that space of idiosyncratic risk with a linear
set of factors, let alone a set of factors that were
slowly varying enough to track and understand.
The point should be made that we are not relying
on the HFRX indices to span a certain space in
a linear decomposition framework. The potential
problem with a linear set of risk factors would center on the same issues that were discussed in the
liquid alternatives portfolio construction methodology. The sensitivities of that framework to small
perturbations don’t carry over in the same way as
they do for the inner product. Errors in the dot
product scale linearly with the size of the perturbation and the norms of the two vectors (Golub
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and Van Loan, 1996). Errors for linear decomposition, as we referenced earlier, do not propagate
in as straightforward a manner.
Why not do portfolio construction solely on the
tail of the distribution? The various crises of the
past 20 years have impacted many investors in
negative ways. A common reaction to it has been
to focus on portfolio losses and blindly mitigate
them even at the expense of portfolio gains. Tail
engineering refers to the practice of emphasizing the lower end of the portfolio distribution
(or lower partial moments) with the aim of limiting drawdown, conditional value at risk (CVaR),
value at risk (VaR), etc. That is, tail engineers
wish to identify the tail and manage the outcomes
of the portfolio construction process according
to it. The largest challenge might be to identify
the actual tail itself. To give scope to that challenge, we note that there is no unique statistical
definition of the tail of the distribution. At best
one might say the upper bound is everything to
the left of the mean, but that is still not a rigorous definition. It is exactly this conundrum that
practitioners of tail engineering must confront if
there were to be a more scientific approach to the
portfolio construction process.

x̄
we have z = x−k
= 1.96 + (1−k)x̄
= 2.21 for
σ
σ
x̄
σ = 5. The error in the mean has propagated to
give us an error in the scaled variable, z. The new
area is now Area = 1−(0.5+0.4861) = 0.0139,
which differs by 44.4%! A 5% uncertainty in the
mean can change the tail weight by almost half for
an ideal normal distribution with known parameters. For non-normal distributions with unknown
parameters, the situations quickly degenerate into
much larger error bars for the tail weight.

Figure 11 shows our ability to control the return of
the rebalanced portfolio. It is very clear to the eye
that the rebalancing produced the sharp spikes in
the graph. Not only the rebalancing but also the
effect of the jump in 3-year trailing return of the
60/40 portfolio produced this behavior. Because
the risk and return constraints were set according
to the dynamic behavior of the 60/40, the result
looks episodic. Return is one of the hardest things
to control out-of-sample, but the algorithm performed reasonably well (close to 1.0) for all but
the penultimate period. The aberration might be
attributable at the constituent level, but it may not
be worth exploring here since we are looking for
generalities in the success of the approach. The

1.0
0.5

36 Months Return

1.5

Rolling Return Normalized to 60/40 Stocks & Bonds

A straightforward calculation will demonstrate
how the propagation of errors makes the tail hard
to identify. Let us assume a normal distribution
with known population standard deviation, σ (not
sample population standard deviation, s) to infinite precision. A known statistical fact is that
the standard deviation of the mean is σx̄ = √σn .
The situation is idealized for convenience and
tractability. We use the usual scaling, z = x−µ
σ .
For the 5% tail, we take z = 1.96 and the resultant
tail area is Area = 1 − (0.5 + 0.475) = 0.025,
which is a familiar outcome. Let’s look at the
propagation of errors of the mean. Let’s say that
we are off by 5%.3 Instead of µ we have some
kx̄, where 1 − k = 0.05. With rearrangement,

From 20111231 to 20160131 in YYYYMMDD Format

Figure 11 The return of a hedge fund portfolio of
HFRI indices normalized to the return of a 60/40
stocks and bond portfolio on a rolling 3-year basis
across the data set.
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Table 2 Shows the risk metrics of the hedge fund portfolio and the 60/40
portfolio and the lack of co-movement between them.

Total volatility
Total VaR (95%, 2 weeks, Chebyshev)
Total VaR (95%, 2 weeks, Gaussian)
Total beta to benchmark
Total correlation to benchmark
7-Year return
Total CVaR (95%, 2 weeks, Gaussian)
Total R-squared to benchmark

specific point-wise return itself was not supposed
to be a strong outcome of the process. Our original
aim was to avoid affecting it too much in either
direction. The overall risk was not to be changed
too much. It was the relative risk of the hedge fund
portfolio to the original risk factors that were to
be affected. Even though that was shown earlier
with the out-of-sample angles, we can still look at
traditional metrics to gauge the method’s success.
Table 2 shows the dampened volatility of the
hedge fund portfolio compared to a traditional
60/40 portfolio as well as the lack of correlation
between them. Most of the risk metrics chosen relate to normal distribution descriptors. As
such, we would say that they are appropriate for
portfolio decomposition but not for portfolio construction because of the distortions exaggerated
by the non-normal distributions for alternatives.
Line by line, the risk metrics for the hedge fund
portfolio are lower than those for the corresponding 60/40 portfolio metrics. Also of note is that
the return over the period for the hedge fund portfolio is higher. The overall risk is decreased and
the return slightly increased. The R-squared to
the 60/40 portfolio and the correlation are 0.875%
and 9.35%. On an absolute basis, these are quite
low and seem to be in agreement with our original thesis that this technique would produce a

HF portfolio

60/40 portfolio

1.512%
0.951%
0.488%
0.0333
9.352%
17.3394
0.612%
0.875%

4.242%
3.534%
1.368%

15.1729
1.716%

very different portfolio relative to the first. Again,
this is buttressed by the results from the angle
decomposition given earlier. By themselves, the
results probably indicate little, but, collectively,
we believe they reinforce our conclusions about
the outcome of this portfolio construction algorithm. The strength of the results will depend on a
case-by-case study of the beginning constituents,
but holistically, the technique does appear to
work.
6 Conclusion
We have presented a portfolio strategy for liquid alternatives and hedge funds which avoids
overlap in underlying risk of the two groups
of alternatives. With the advent of liquid alternatives, alternatives are now available along a
wider economic cost spectrum. With the more
widespread availability, it becomes more important to distinguish between risk exposures more
cheaply accessed in mutual fund format versus
the older and more expensive limited partnership
format.
Portfolio construction is part art and part science.
Because of that, we have tested our approach for
in-sample as well as out-of-sample data. We have
been careful about the metrics used to construct
the portfolios versus the metrics used for risk
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decomposition, owing to the complexities added
by alternatives to the interpretations of normal
distribution moments.
Notes
1

2

3

Liquid alternatives exist in mutual fund format as well as
in exchange-traded fund format and UCIT.
The manufacturer, Hedge Fund Research, makes no guarantees to this effect and has indeed begun to publish
its own liquid alternative indices with data beginning in
2011.
For σ = 25% and n = 25, this error in the mean is 5%.
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