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Abstract

This thesis presents a mathematical formulation of informational inhomogeneity in finan-
cial markets, with emphasis on its impact on asset volatility, the notion of information
extraction, and the role of information providers. We begin with a brief review of the BHM
framework, which models the market filtration by an information process consisting of a
signal and a noise term, such that the signal-to-noise ratio is determined by the informa-
tion flow rate. Motivated by the observations that valuable information is rarely circulated
homogeneously across financial markets, and that the information flow rate is typically
random, we introduce, in the first part of the thesis, an extension of the BHM approach
that leads to the simplest class of stochastic volatility models. In this extended framework
we derive closed form expressions: for (a) asset price processes; (b) pricing formulae for
options; and (c) option deltas. We show that the model can be calibrated to fit volatility
surfaces reasonably well, and that it can be used effectively to model information manip-
ulation. In the second part we introduce a framework for the valuation of information. In
particular, a new formulation of the utility-indifference argument is introduced and used as
a basis for pricing. We regard information as a quantity that conagptsor distributions

into a posteriordistributions. The amount of information can thus be quantified by relative
entropy. The key to our theory is to equate the maximisgubsteriorutility with the a
posteriorexpectation of the utility of tha priori optimal strategy. This formulation leads

to one price for a given quantity of upside, and another for a given quantity of downside
information. Various intuitive, as well as counterintuitive implications (for example, price
of information is not necessarily an increasing function of the volume of information) of
our theory are discussed in detalil.
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Introduction

Asset pricing with random information flow

Various aspects of the role of information in asset pricing have been studied extensively in
the literature (e.g., asymmetric information, filtration enlargement) for at least half a cen-
tury [1, 27, 28, 31, 50, 52]. The value of an asset is based on the expectation of its future
returns—whether investing in the asset will bring the desired returns. Such an expectation
is determined by the available information gathered up to the time at which the valuation
is made. However, it is rarely the case one would actually be able to obtain the full infor-
mation that is in principle available in the market: it is more usually the case that different
investors receive different amounts of information, and this in turn contributes in a signif-
icant way to market volatility. Indeed, it is reasonable to take the view that the problems
associated with modelling (a) information inhomogeneity, and (b) volatility structure are
very closely related. To understand the volatility structure in the market, we need to take a
step back from traditional asset pricing or volatility modelling, and take as a fresh starting
point the modelling of information.

In classical asset pricing models, the normal point of embarkation is usually the specifi-
cation of a model for the price process of an asset, which is typically defined on a pre-
scribed probability space equipped with the augmented filtration generated by a (multi-
dimensional) Brownian motion to which the price process is taken to be adapted. The
consideration of such a Brownian filtration sometimes give rise to the question whether
the Brownian motion really contains any useful information—is it not just noise, after all?
Indeed, we often speak of an asset price as being “driven” by noise. So it seems para-
doxical that asset price movements can be “informative” on the one hand, and yet merely
driven by “noise” on the other. In light of this, it would be more intuitive to begin the
modelling of asset price processes and associated derivative prices by explicitly modelling
the filtration—that is to say, by the modelling of information.
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One promising way forward to this end has been provided in the framework developed
by Brody, Hughston and Macrind.T] (hereafter denoted BHM) in several works and in
collaborations with various co-authors. The idea of the BHM framework is that the price
process of an asset is viewed as the output of a series of factors brought into play by the
market, rather than an input. The filtration available to a financial market is an important
ingredient, indeed a key ingredient, for price formation—a point that tends to be neglected
in mainstream asset pricing. Movements of prices are, to a large extent, due to changes in
either (i) the “pricing kernel”, or (ii) the information available to the market. The former
means in essence that the representative investor has changed his attitude to risk and his
level of impatience, and hence is adjusting his position to accommodate these changes in
“preferences”. The second source of price movement is due to information update in the
market: when new information becomes available, price movements reflect the changes
in investor expectations of the returns or cash flows likely to be offered by the securities
under consideration. Andersan al. [4] used high-frequency data to show that news is
one of the driving factors of price dynamics, and makes a contribution to conditional mean
jumps. More recently, Bollert al. [8] reported that the sentiment analysis of Twitter
texts can be used to predict future movements of stock indices. Independently, érody

al. [12] demonstrated a similar predictability feature of the financial market using internet
blog data. All these researches provide evidence by empirical research that there exists an
information inhomogeneity in the financial market.

The BHM framework adopts mathematical ideas in a fundamentally novel way from the
general theory of the filtering of random systems (see, e.g., Kalliaig®hahd Wonham

[56]). According to the BHM methodology, the price process of an asset that delivers a
single cash flow at some specified terminal date is driven by the dynamics of the conditional
(a posterio) probability of the terminal cash flow, given the information in the filtration up

to that time. The price process of an asset is derived with the specification of an information
process that generates the filtration of the probability space. The information process aims
to take into account the two sources affecting price movements: the signal concerning the
asset return, and the associated noise that obscures the signal. The price is then given
by the discounted risk-adjusted expectation of the cash flow, conditional on the available
information.

In the BHM model, one needs to specify the information flow rate parameter that describes
the rate of revelation of information across the market. However, measuring the information
flow in the market is somehow a very difficult task—in part because information can be
rather intangible—and there also exists the problem of information inhomogeneity, where
part of the market may not be able to absorb certain news as quickly as some other parts of
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the market are able to. These problems lead eventually to the suggestion that a very natural
improvement or extension of the BHM framework would be to admit within the modeling
framework the possibility of a random information flow rate.

We shall in what follows discuss in detail the analysis of such random information flow
rate models, and derive the relevant conditional probability necessary for asset pricing. The
dynamics of the bond price process thus obtained will be shown to be consistent with the
BHM model in the sense that the random information flow model reduces to the BHM if the
distribution of the information flow random variable collapses to a point. An information-
theoretic analysis will be presented in some detail to highlight the learning rate of infor-
mation under the auspices of such a model. The model for the risky asset, resulting from
the use of random information flow rate, can in fact be viewed as a BHM-mixture model,
in a way analogous to the log-normal mixture models sometimes used as extensions of the
Black-Scholes model. Here, however, the mixture arises as a consequence; not as a model
postulate. We are thus able to identify an information-theoretic justification for such mix-
ture models that are otherwise introduced in the literature often @ &ilwcbasis P, 43).

Perhaps one of the most interesting phenomena arising from the random information flow
model concerns the volatility process. With an uncertain information flow rate, the bond
volatility process begins lower and ends higher, when compared to the corresponding sit-
uation in the original BHM model. Economically, this can be explained by the suggestion
that since information flows are uncertain the result is a reduction in the willingness of
market participants to engage in market activity. As more information is revealed towards
maturity, the bond volatility is maintained because there is still activity due to uncertain but
nontrivial potential profitable opportunities.

The information flow parameter in this sense controls the volatility of the bond process. A
major consequence of the random information flow model is that it allows for the possibility
of modelling stochastic volatility in option pricing. We shall work out the pricing of an
option on a credit-risky bond, under the random information model, where the solution is
no more complicated computationally than the Black-Scholes option pricing formula. We
shall show by calibrating the BHM model to the random information flow model that we
can produce a volatility surface as observed in option markets. This approach allows for
the pricing, from an intuitive setting in an information-driven context, of derivatives that
are explicitly sensitive to future volatility levels.

The method proposed here for modelling information flows to derive the stochasticity of
volatility offers possible solutions to many of the existing problems in traditional stochastic
volatility modelling as in Heston32], Hull et al. [33], Steinet al. [51] as well as many
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others. ackel [34] has provided a concise summary of some such models. The problem of
these models is that the structure of the volatility is typically modelled in a raithéioc
manner, and is somehow not very obvious to justify. For example, in order to calibrate the
Heston model, one would need the mean reverting rate and the volatility of the volatility
(vol-of-vol) to be extremely low. The set of calibrated parameters are often hard to interpret
economically, and perhaps this is why the choice of a model is often largely dependent on
the ease with which it can be calibrated to market data, rather than the degree to which it
fits the structure of the contract.

Finally, the investigation of the random information flow model leads to the concept of
“price manipulation” by an act carried out by some market agent (e.g., an institution) capa-
ble of manipulating the information flow rate. This idea of information disparity is further
qguantified in the section of the thesis on information pricing.

Information cost and measurement

Under an uncertain information flow one can nevertheless find fair prices for securities.
However, due to these uncertainties regarding the final outcome, the conditional volatility
process becomes very different and there exists the possibility of information manipulation.
Disparity of information alone can affect the expectation of the assets, and hence the present
value. Therefore, there will be a general desire among market participants to acquire more
information, even at a cost. If one were able to obtain extra information to obtain a better
expectation of the future return of an asset, then it seems reasonable (perhaps through
the adaptation of some generalised principle of the absence of arbitrage) that the required
piece of information should be fairly priced. In a sense, information can be regarded as a
“perishable” asset that can be bought or sold while still “fresh”.

The fact that information can be regarded as tradable object has been envisaged by Gleick
[25], in which the basic unit of information, the bit, is used to represent atoms for con-
structing an amount of information. In our view, information acts like a kind of commodity
that can be consumed or traded, but will perish rather quickly, like bread or fish, and must
be used before its “best-by date”, or discarded.

The first question we may ask is: what is the cost for a piece of information? This turns
out to be a nontrivial problem. Indeed, before one can meaningfully ask this question,
the definition of information needs to be understood in the first place. For any piece of
information, it could at least in principle have almost any possible effect on the stock price:
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it could be inside information, the revelation of which would alter the stock price; or it
could be based on some comprehensive historical analysis of the market, which has no
direct connection to any changes to the company under consideration; or it could be pure
speculation or “gossip” made up by essentially random sources.

The problem of distinguishing reliable knowledge from rumour—or equivalently to dis-
tinguish information from noise—has been a subject of study for many years. In a paper
by Hayek B1] the author discusses the importance to society of knowledge about specific
tasks, and that there should exist a price system to filter out the irrelevant parts, such that the
right skill set is accordingly valued more highly. However, unless we know the “bottom-
line” result, it is difficult to tell which piece of information is actually valuable. Sometimes
only time can tell the truth.

As in the BHM framework, we consider a piece of information to consist of two parts,
namely, (i) a signal term and (ii) a noise term. As will be shown in chapter 2, the signal-
to-noise ratio plays a significant role in determining the quality of the information. This
parameter describes the information flow in the market: nonetheless, it also drives the
volatility of the price process. It is shown in chapter 2 that if one uses a manipulated
signal-to-noise ratio, the derived price process can move in a direction completely opposite
to the process with a true signal-to-noise ratio. In this case we consider the information to
be unreliable. For simplicity, we assume that the information on hand is reliable.

Therefore, all information is useful but with different degrees of usefulness. This is con-
sistent with the idea of the price system in Hay8K][ The notion of usefulness crucially
depends on whether it changes one’s prior belief, and to what extent one can leverage on
it. For the former, an investor is willing to pay for a piece of information that is not already
held by the general public. It is the change of a stock price in adjusting to this informa-
tion that creates profit opportunities. Such “surprises” can be quantified using information
measures such as the relative entropy. A cost function can then be associated to each new
bit of information, for downside and upside. This is shown in chapter 4.

We consider information as an asset that is nonreplicable. Hence for its pricing we propose
to adopt the method of utility indifference. The idea is that the informational cost should
balance out the profit gained for having this extra information, otherwise the market will
fall into disequilibrium. We show that using the utility indifference pricing formula pro-
posed by Grossman and Stigli2Zg] can lead to a form of arbitrage in the sense that with a
modest cost for the information an investor can gain, in extreme cases, unbounded upside
return. The key shortcoming of the celebrated work of Grossman and StRfitzs[that

the cost for information is independent of the quality of information. We introduce an aug-
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mented utility indifference price such that it depends on the quality, i.e. opportunities it may
provide, of information being released, and one that is free of arbitrage in the sense that a
piece of information that offers unbounded benefit, according to our theory, costs infinity.
In fact, this statement is made more precise in Appendix A to show the existence of a mar-
tingale family. It is also worth noting that our utility indifference information prices have
different characteristics for upside and downside information, and we shall demonstrate the
sensitivity of the prices to changes with respect to various model parameters.

The layout of the thesis will be as follows. In chapter 1 we review the basic background
material of the information-based asset pricing framework that is presented in Btody

al. [15, 17]. In chapter 2, we introduce the notion of a random information flow rate,
and discuss the necessary conditions for this modelling setup to be economically viable.
We derive the bond pricing formula and its dynamics, drawing attention to the volatility
process and the information-learning rate. In chapter 3, the option pricing formula and the
associated option delta that determines the sensitivity are worked out in detail. The use of
the random information flow can be viewed as the simplest stochastic-volatility extension
of the BHM model, leading to a better-fitted implied volatility surface. Unlike conventional
stochastic volatility models, where the stochasticity is introduced typically iacahoc
manner, we are able to justify our approach from empirical facts concerning the lack of
knowledge of the flow rate parameter.

In the second half of the thesis, we present the main argument for the theory of information
pricing, and demonstrate how the theory works by means of simple examples. Specifically,
in Section 4.4 we propose a new pricing formula for information, such that the price is
dependent on the quality of information being offered. Of course, from the viewpoint of
information provider, it is not possible to guarantee the quality of information; our pricing
formula thus can be understood as providing a pre-agreement between information provider
and information receiver. Various intuitive, as well as counterintuitive observations (for
example, price of information is not necessarily an increasing function of the volume of
information) that follow from our theory are discussed in detail in chapter 4 by means of
simple examples. In particular, we consider the behaviour of the cost structure associated
with various different degrees of market constraints regarding the possibility of short selling
(for example, if short selling is strictly forbidden, then one can avoid loss from information
concerning a “downside” price move, but cannot make profit out of this; whereas if short
selling is allowed, the situation is quite different). Finally, in Section 4.10 we discuss briefly
our theory to the continuous-time setup by extending the work of Amendeiger 3] (for
reference purposes their framework is reviewed in Appendix B).
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Chapter 1
Information-Based Asset Pricing

The purpose of this chapter is to review the information-based asset pricing framework
developed by Brody, Hughston, and Macririd,[13, 15, 17, 42] (BHM), which consti-

tutes the background of the most of the material in the first part of this thesis. The BHM
framework was initially developed in the context of providing a solution to the pricing and
hedging of credit risky assets, where the focus was placed on calculating the conditional
expectation of a future cash flow taking various possible states. However, the framework
naturally found applications in asset classes well beyond credit-risky instruments, reaching
areas such as equity assets, commodities, reinsurance, statistical arbitrage, and stochastic
volatility modelling. The BHM framework is perhaps unconventional in that the stochastic
process describing the asset dynamiaieisved rather than imposed, from more primitive
underlying concepts, namely, the modelling of the actual cash flows and the associated flow
of information. This is in sharp contrast with the more traditional approach following the
seminal work of Black and Scholeg][ but nevertheless is fully consistent with the by now
familiar arbitrage-free pricing theory, as presentedirlp, 29, 30, 49].

1.1 Market filtration

We consider financial markets with the specification of a filtered probability space denoted
by (Q, F,{Fi}o<t<r<, Q), WhereQ denotes the risk-neutral measure and the filtration
{F:} is understood to be the market filtration. The market is not assumed to be complete,
the absence of arbitrage and the existence of an established pricing kernel imply the ex-
istence of a unique risk-neutral measure. We further assume that the interest rate system
is deterministic, and lef Py }o<i<7<~ denote the discount function at time That the
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interest rate system is deterministic implies that the discount function can be expressed in
terms of a ratio of initial discount functions:

POT
Py =—.
tT POt
The discount function system is assumed to be differentiabiléand strictly decreasing,
and to satisfy the conditionts< P,; < 1 andlim;_., Py; = 0. Under these assumptions, it
follows that if an integrable random variab¥, represents the cash flow associated with

an asset paid at tinig, then the value of the asset at timis given by:
Bir = PrE[Xr | F. (1.1)

Since X1 represents the value of the future cash flow, market participants do not have
direct access to its value before tiffie In other words X+ is only ;- measurable. For
simplicity, let us assume that the random variakle takes discrete valuegey, - -+ , 2, }

with a priori probabilities{py, - -- , p,}.

Information available to market participants up to titrean be modelled by an information
process. The information process has the property such that maximum information in a
suitably defined sense is only revealed at tiffjeotherwise we have a noisy signal. In
particular, let us consider &, }-adapted market information process of the form:

§& = o Xrt + Sir, (1.2)

where the proces§f;r}o<i<r IS a standard Brownian bridge on the inter{@&I7"] inde-
pendent ofX; , ando is the information revealing rate parameter, which is assumed to be
deterministic.

The Brownian bridgd 5,1} is a Gaussian process satisfyifig- = G- = 0 with mean

]E[ﬁtT] = 0 )

and covariance

s(T —1t)

E[ﬁsTﬂtT] T

forall 0 < s <t < T. The Brownian bridge represents the “noise” over the time interval
[0, 77, since it is assumed to be independent of the “signal” t&rm An intuitive way of
understanding noise is to think of it as representing rumours, speculations, and misinfor-
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mation. Naturally there are many such noises circulating in financial markets affecting the
price dynamics in a random manner. The idea here is to use the Gaussian progess
model the aggregate of these different noise contributions.

The construction of the information process implies that information regarding the future
cash flow is gradually revealed from zero, and reach a maximum at the terminal time when
the value of Xt is revealed. This idea can be illustrated more explicitly by the consid-
eration of the mutual information betweéfy and¢;, that is, the amount of information
contained ir¢; about the value oKX, which monotonically increases in time and reaches
its maximum atl’. The role of the information flow rate parametethen becomes more
apparent in that the growth rate of the mutual information (the “learning curve”) increases
aso increases. More details on the analysis of mutual information will be presented in the
next chapter.

We assume that the market filtratigrt; } is generated by the market information process:
Fi: = 0({&}o<s<t). The cash flowX is notF; measurable fot < T'. The bridge process
{Br} is not adapted t§.F; } and thus is not directly accessible to market participants. This
reflects the fact that until the cash flow is paid, the market participants cannot distinguish
signal from noise in the market.

1.2 Asset information and price formation

It can be shown that the information process in this setting is a Markov pracdskénce
the problem of bond-price valuation ifi.Q) is reduced to determining

Byr = PrE[X7 | &].

An alternative way to express the above equality is to write
Byr = Py Z xz’ﬂ-it(xi‘gt);
=1
where

Tt = Q(XT =T ’ ft)

is the conditional probability oK given the informatiorg;.
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Using the Bayes formula we deduce that

Ty = pip(&| Xr = ;)
Y il Xy = x))

Here, the conditional density gf can be deduced from the relation

Q& < o Xyt + Bir| Xr) = Q(Bir < & — o Xrt| X7).

Recall that conditional ol = z;, & is a Gaussian random variable with meant and
variancet(T' — t)/T. Hence we have

o 1 oy [ L (& = owit)”
p(&)| Xp = ;) = ont(T — 1)/T p< Zt(T—t)/T)‘

It follows that the bond price in the original BHM model takes the form
T

i LiDi €XP|p 7\ 0TiGt — 507 T
7 T 5 é ? l2t

t
Soipiexpl (0w — 2o2a?t)]

Bir = P

Remark: The bond price is derived through the specification of the information process
and an application of the Bayes theorem. One can think of the bond price as thenoisy
posteriorexpectation of the future cash flow, suitably discounted.

1.3 Price dynamics

The behaviour of the asset price can be studied by working out the stochastic dynamics of
the conditional probability

Db eXp[TL_t<0$i£t - %02371275)]
Zi Di eXP[TL_t(Uiﬂift - %U%?t)] '

Tt
This can be achieved by an application of Ito’s lemma. Writhhg = E[ X | &] for the
conditional expectation, we have the dynamicrgfas

ol
T —1

(%‘ - XtT)Witth, (1-3)

dﬂ'it ==
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where the proces8V, }o<:<r defined by

W, =&+ L& d zﬂjft Xor (1.4)
t = Gt OT—SS g OT_SS .

is an {F; }-Brownian motion. The fact that the innovation proc€$g,} is a Brownian
motion can be verified by showing th&{iV,|F;] = W, for 0 < t < v < T and that
(diW;)? = dt, hence by virtue of Bvy’s criterion{1V,} is a Brownian motion.

An alternative perspective of the problem is to view this as a nonlinear filtering problem,
with the solution given by the Fujisaki-Kallianpur-Kunita (FKK) theory (s€8,[49] ).
Under the filtering setting, given a probability space and a background filtrédign we
consider an observation process of the form

t
&—/M%+m (1.5)
0

and an unobservable process

t
2 =20+ / ¢sds + M, (1.6)
0

where{Y,} is a Brownian motion anfl}; } aG;-martingale. All the processés, }, {Y;}, {¢:}
and{M,} in equations 1.5 and (L.6) are assumed to be adapted to the filtrafign}. The
problem is to estimate, given the observatioq¢;}. The knowledge for the estimation
comes from the observation ¢}, hence generating the filtratigi#; }. Denote an esti-
mate by

7:',5 = E[Zt|ft]

The basic result of nonlinear filtering theory states that the dynamics of the estimate is of
the following form

dz, = Qgt + [(12)e — fre2e] AW, (1.7)
where thannovation process
t
Wimg [ s (18)
0

is an{F; }-Brownian Motion.
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To use the result above, we can rewritdy considering the stochastic differential form of
the Brownian bridge

Bir

dBr — —
Bir T+

dt + dY;

for 0 <t < T, where{Y;} a standard Brownian motion. And take note of the fact that
& = oXrt + Pir:

o X7T — &

dt + dv;.
T —t +ak

dg: =

Comparing this to equatiori (5) we deduce that

. O'XTT — ft
b=
The estimate of this process is therefore

N :UXtTT—ft
T—t 7

where X;r = E[Xr|F;]. Substituting the above expression fgrinto equation {.8), we
obtain equation(.4). For the dynamics ofr;, }, we consider the case when our unobserv-
able process takes the form

Zt = ]l{XT:IZ},
wherel{-} denotes the indicator function. It follows that

= @(XT = xz‘ﬂ);
which by definition is justr;;. Hence

— _oxT — &
(n2)e = Ty it

Substituting thisz, and /i, into equation {.7), we get equation1(.3). This also allows us
to deduce thafV; }, represented by equatioh.§), is anF;-Brownian motion.
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Finally, we can write down the discount bond dynamics
dBtT = T'tBtTdt —+ ZtTth,

where the short rate takes the form

_alnPOt
ot ’

ry =

and the absolute bond volatility; is given by

ol
Tt

Xer = PaVir,

where the conditional variance &f; is defined as

n

Vir = Z (5171 - E[XT|§t])2 Tt
=1

in which we see that the information flow rate parametepntrols the overall magnitude
of the absolute volatility. The important result is that the bond price process is derived from
the information process together with the specification of the cashXlpwInformation
from the market is somehow filtered into knowledge of the price dynamics. This is intuitive,
as any price movement is closely related to updates of market information. Andison
[4] has demonstrated, for instance, with high frequency historical data, macroeconomic
news is a driving factor of the price dynamics, and has direct contributions to conditional
mean jumps.

Conversely, one can extract the information status from the price process. In terms of
filtrations, the information contained i, } is equivalent to that id B, }, i.e.

o({&}oss<t) = o({Bsrocsst)-
This follows from the fact that if we definB(t, ¢) such thatB,r = B(t,&;). Then

0B(t,¢§) ol >, vilri — Byir/ Per)? exp [%(U%& - %02%2?5)]

9 |eee, STt Soipiexp |7 (0w — So2xit)]

is a positive quantity. Therefore3(t,&;) is monotonically increasing ig;, and hence
invertible. Economically, this means that the observed price or volatility has already incor-
porated the structure of news, uncertainty and expectation of the future cash flow.



Chapter 1. Information-Based Asset Pricing 25

1.4 Securities and derivative pricing

This simple setting already allows us to price a range of different products including options
on bonds, barrier options, credit default swaps, and basket of credit risky bonds, and so on.
The price of a vanilla European option, in particular, can be derived in closed form, and
the structure is similar to that of the Black-Scholes. To sketch the procedure for pricing a
European option on a credit-risky bond that matures at imeith exercise dateé < T,

one considers the price of an option with the paydff; — K)* at timet:

Co = PoE[(Bir — K)7],

where B, is the bond price at the date the option matures, /&nd the strike price. This
equality can be rewritten in terms of the conditional probabitifyas follows

N
(ZPtTW:Z ) ] (1.9)

For simplicity of notation, we denote the numerator of the conditional probabilityy

T 1
Pit = DPi€Xp {ﬁ (ZL‘Z'U& — EI?J%)} .

Consequently we have the following:

= PyE

Pit
Ty = — where b, = E it -
t o, t Dit

Hence equationl(9) can be rewritten as:

+
1
Co = Py E 3 (Z(R&T% - K)pit> ] .

t

The term®; ' is shown to be &-martingale in 7] and can be used to effect a change of
measure. The call option price is therefore given by

<i (PtTl’i - K)]%t) ] )

=0

Co = PuE™

wherep;; is the unnormalised conditional probability &f- given¢, andBr denotes the
bridge measure. Essentially, the density of this bridge measure is the normalising factor of
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the conditional expectation, aidis aBr-Gaussian random variable.

If we consider a digital bond for simplicity, so thaf; takes the value$xzg,z;} with
probabilities{po, p1 }, respectively, the initial price of a call option becomes

Co = PuE™ [((Perzo — K) por + (Perar — K) p1e) '] -

Depending on the values é}rx; the option can expire in-the-money or out-of-the-money
for certain. The only nontrivial case is whétyz; > K > P.rxy, where the option can
expire either in or out-of-the-money, depending on whegher £*, wheref* is the unique
critical value of¢; such thatB,r = K. In this case, we can compute the expectation ex-
plicitly, since¢; is aBr-Gaussian random variable. By performing the Gaussian integration
explicitly, we arrive at the BHM option pricing formula

n

Co = Po Y (Pirw; — K)N(oxi/T — Z),
=0
whereN (a) is the Gaussian cumulative distribution function umto = ¢7/(T — t) and
Z =& /\/t(T —t)/T. The final result is no more complicated computationally than the
Black-Scholes option formula.
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Chapter 2
Stochastic Information Revealing Rate

The purpose of this section is to develop a model that extends the original BHM model re-
viewed in chapter 1 such that the volatility parameter is assumed stochastic. We shall begin
by arguing the economic rationale of considering such an extension, which is augmented
by a sensitivity analysis of the original BHM model on the volatility parameter. We then
derive the bond pricing formula in the stochastic volatility setup, and investigate in some
detail the dynamical behaviour of the price process both analytically and numerically.

2.1 Motivation

The fact that it is market information that affects price dynamics has been emphasised by
many authorsZ, 20, 40, 52], and has also been demonstrated against market data (e.g.,
[4, 8, 12]). The aim of the BHM approach is to bring the mathematical abstraction of
financial modelling at the level of the specification of market filtration, i.e. the flow of
information. In this way, price process can be derived as an emergent phenomenon, rather
than postulated from the outset, as we have illustrated in the previous chapter.

One of the simplifying assumptions in the original BHM modelj and the various gener-
alisations of it that have appeared in the literatdr@ #2] is that the information flow-rate
parameter is taken to beF,-measurable. In a more realistic setup, however, market par-
ticipants have little knowledge about the valuesofin fact, in most cases the information
flow rate is not measurable even after the valu& pfis revealed. The main issue addressed

in this and the next chapter is therefore to extend the original BHM model to allow for

to be a random variable. Such an extension constitutes the simplest stochastic volatility
model within the BHM framework, which is shown in the next chapter to give sufficient



2.2 Setup 28

flexibility to calibrate volatility surfaces.

The information revealing rate reflects the learning rate of the terminal value of the bond.
In other word, it is the growth rate of the filtration, or the information set, as time passes.
It is possible that the growth rate is not measurable, and we only have a range of uncertain
values. This parameter is in fact fairly difficult to determine—at which rate market
participants “learn” is not straightforward to measure. Hence it is reasonable to assume
that o is not measurable for any < 7', and possibly even whenh= 7. We begin our
random information/signal model withbeing a random variable that is fixed at the initial
time. This is equivalent to having a range of “guesses’do& {0y }1<k<m, €ach with

a probability assigned. The price process is thus expected to behave like a mixture of the
constant: model—the BHM mixture model. This has a certain similarity to the log-normal
mixture models, in particular, the uncertain-volatility model in Mercwi@l. [43]. Our
approach of having a fixed random variables the first step towards addressing stochastic
volatility in the information-based pricing framework. It is aimed to tackle the essence of
the problem, and provide a tractable model for the asset price.

As shown in chapter 1, the rate at which information is revealed in the market determines
the magnitude of the volatility. Thus can be viewed as the “volatility parameter” for the
bond price. In the stochastic setting, the volatility can be thought of as reflecting mixed
views of expectations contained in the market prices of options of different strikes. The
calibration of the implied volatility skew therefore can be used to extract this information
from the market prices. This is different from the more conventional idea of modelling the
volatility explicitly with a structural model; instead, we “filter” it from the factor that drives

it.

2.2 Setup

Let us formally introduce the stochastic information model. As before, our financial market
is specified by the probability spa¢€, F,Q); we assume the existence of a preferred
pricing kernel, and the absence of arbitrage. The deterministic discounting SyBtejris
as introduced before. The information process at tirti@t generates the market filtration
F; is defined by

§& = o Xrt + Bir, (2.1)

where X and 3, are random variables denoting the terminal payoff and the Brownian
bridge process, respectively. The information revealing rate paraméterow a random
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variable taking value§oy,--- ,0,,} with probabilities{q,--- ,¢,}. All variables are
assumed independent. For the moment we take be a discrete random variable for
simplicity. However, as we show below, for the procexd)(to form market filtrations in
fact has to be discrete.

2.3 Meaning of the information process

Before we proceed to investigate properties of the model with a random information flow
rate in detail, let us first comment on the interpretation of the information pro2esif
general, in a financial market, even if we make the simplifying assumption that the only
relevant market factor is the cash flowy, there are plenty of information sources available

for X, each being obscured by noise. We can therefore represent each of the information
source in the signal-plus-noise form.2) and write

& = o Xrt + By
: 2.2)

gtn = UnXTt + 6ng

for the family of information processes available in the market concerning the impend-

.....

correlated (with correlation matrix), but they are all independent &f;.

An important point to observe now is the fact that the aggregate information proc2s3es (
is somewhat redundant; the information relevant to the cashXlpwontained in2.2) can
be represented in the form of a single information proc&s3,(with the choice

_ Siolen — 28izoi0py
det(p)

ol =

(2.3)

for the effective information flow rafeand
1 N —1 i
Bir = P (Ei,jaipij BtT)

for the effective noiSJeHerep;j1 denotes theé;j element of the inverse correlation matrix.

Putting the matter differently, the filtration generated jointly by the set of information pro-
cessesd.?) is equivalent to the filtration generated jointly by the single information process
(1.2) and a family of noise processes given by combinations3jf}. However, since the
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noise terms are independent ®f-, they make no contribution towards the pricing of the
asset. We can therefore discard them altogether and represent the totality of ‘relevant’
information in the form of a single information procegs]j.

Remark: In the case of a pair of information processes for the same market fégtdhe
construction of an effective information process is used effectivelft8htp characterise
the behaviour of an informed trader having access to additional noisy information.

2.4 Sensitivity analysis

It is of interest to identify the sensitivity of the BHM moddl.p) to the specification of the
information flow-rate parameter, given the fact that the value ofis usually unknown.

Often one considers the option vega as a measure of parameter sensitivity, but here we
are interested in a global measure of parameter sensitivity. The result will be useful in
identifying the region in the parameter space for which a misspecification of the flow-rate
parameter yields significant errors in pricing a range of products, not just vanilla options.

A universal measure of sensitivity in statistical analysis is given by the Fisher information
[22]. To work out the Fisher information associated with the parametee proceed as
follows. For simplicity, let us assume that the cash fléwtakes discrete valugs:; } with

a priori probability {p;}. To determine the information measure of Fisher we need the
expression for tha posterioriprobability r;; = Q(Xr = z;|F;). This is given by

_ pieXp (% (szft - %U%?t))
Y piexp (% (axzft — %a%?t)) ‘

We can therefore regafdr; } = {m::(0)} as a one-parameter family of probabilities. The
Fisher informatiory, (o) associated with the parameteis then defined by the expression:

gi(0) = Z m.tl(g) (aﬂétf))?

Remark: It is interesting that the Fisher information in the case of the BHM matlé) (
has the interpretation in terms of the conditional variance:

gi(o) = ot (%)2 Var (X10ir|&) - (2.4)
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To see this, let us define
pit(0) = piexp (75 (ow:& — Lo%27t) ),
so thatr;, = pi/ >, pu. We then have

Opi(o) T
oo T —t

(xift - Ux?t)pit(a)v
from which it follows that

Omyy _ 1 Opit Z . Opit
80' (lezt)Z ao_ i Dit Dit i 30

T (%& —oxit Y pulwi — Ul‘?t))
T—t Pat > i Dit (Zz pit)? .

Therefore, we obtain

pit (i€ —o a2 2
T \2 2 Pit (xift — oxit — %)
gt(a) - T

—1 sz‘t ’
and by substitution ofl(.2) in here we deduce2(4).

The reason that the Fisher informatigiic) measures the parameter sensitivity follows
from the celebrated Cragn-Rao inequality, which shows that the variance of the param-
eter estimate is bounded below by the inverse of the Fisher information. Additionally, as
observed by Rad[7], the separation, i.e. the divergence measure associated with a pair of
models characterised by; (o) andr;(o’) is determined by the integral:

Dy(o,0') = /U\/gt(u) du. (2.5)

In figure 2.1 we show the numerical plot of the expectatiBfy;(c)| of the Fisher infor-
mation for different values of, averaged over 1,000 sample paths. The parameters are
chosen such thafr;} = {0,0.5,1}, {p;} = {0.1,0.15,0.75}, and7 = 1. We observe

that the Fisher information is increasingdn It is evident from the plot that the model is
guite sensitive to the choice of the information flow rate parametep until about two
thirds of the way into the duration of the contract. The price of a generic derivative on a
credit risky bond, with maturity not too close to zero but also shorter than two-third of the
bond maturity, is thus likely to be sensitive to the specification of the parametethe
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Figure 2.1: The unconditional expectatififiy,(c)] of the Fisher information for differ-

ent values of ando. The horizontal axis represents the time remaining to the maturity.
The vertical axis represents the valuesopfranging from 0 to 2. The numerical result

is obtained by averaging over 1,000 sample paths. The parameters are chosen such that
{z;} = {0,0.5,1}, {p;} = {0.1,0.15,0.75}, andT = 1. Where the value of[g;(0)] is

high, the model is on average sensitive to the choice of the specification of the parameter
o.

most basic version of the BHM model.@). This sensitivity can be made more robust by
allowing o to be random.

2.5 Quantisation of information flow rate

As indicated above, the complicated way in which the market information floworate
depends on individual information flow ratés; }, as represented ir2 (3), suggests that it

is not reasonable to assume that market participants have access to the valuedekd,

in many realistic setups it is unlikely that market participants will ever learn the valug of
even after the value of; is revealed. More generally, the valuecofan change over time

in a random manner. Here we shall be considering the simplest such situation inawhich
is given by a fixed random variable independenfaf and {3, }. We observe, however,
that whethew is a fixed random variable or a stochastic process,Aheneasurability of

X enforces a stringent constraint on the allowable choices.for

To see this, let us consider a simple example. Suppose that the random ca&h flakes
three possible valuef), 0.5, 1} with a priori probabilities{p;, p2, ps}, ando takes two
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possible valueg0.5, 1} with a priori probabilities{q;,¢>}. Then there are four possible
realised values for the terminal informatign:

(

0 = X7r=0, o=050rl;
0.25T = (Xp,0)=(0.5,0.5);
& = oT Xy = (Xr,0) = ( ) (2.6)
0.5 = (Xr,0)=(0.5,1)o0r(1,0.5);
T = (Xr,0)=(1,1).

\

In this case, if the realised value &f happens to be, 0.257", or T', then we can unam-
biguously determine the value &f; irrespective of what the value of might have been,
whereas if the outcome happens tol&!l’, then the value oX; could be0.5 or 1.

This example thus illustrates the fact that once the cash flow random variable is given, the
information flow rate cannot take an arbitrary random variable. In particulean not be
a continuous random variable. We define the following admissible set for

Y(Xr) = {0 : Xg is Fr-measurablp

In the rest of this chapter we shall always assumedhat>( X ), unless specified other-
wise. More generally, it = o(¢) is time dependent, then(t) for ¢ < T can be arbitrary,

but the constraint discussed here for the value(df) is still applicable. Therefore, there

is a kind of “quantisation” condition imposed en For the same token, in the randem-
environment, the cash flo& cannot be a continuous variable—this does not pose real
constraints on our approach because cash flows are in reality never continuous.

Remark: it is an unsolved problem to determine all “compatible” p&iks-, o) such that
o X7 “reveals” Xr.

2.6 Price process with a random information flow rate

Bearing in mind the quantisation condition imposed by the measurabiliy;ofwe pro-
ceed to consider the randammextension of the BHM model. Specifically, we &t take
», and letg take the values

----------

.....

such that degenerate situations like the example give?.@h &re excluded, and hencé,
is ensured to bé&,-measurable.

We shall now determine the price of a credit-risky bond, with the new information process.
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By the fundamental theorem of asset pricing, the bond price atitime

Bir = PoE[X7p | &]
= Pir Z TiTt

wherer;, = Q(Xr = z;|F;) is the conditional probability for the random variable-.
The calculation of the bond price can be simplified somewhat if the information process
{&} is Markovian. This, indeed, turns out to be the case, as we show below.

2.6.1 Markovian property of;
To show that the information process satisfies the Markov property, we need to verify that

Q< | Fy) =Q& <7 | &)

forall z € R and alls,t such that) < s < t < T'. For this we shall follow closely the
argument of 17]. It suffices to show that

@(& S x | 5575317 "‘7€Sk) = Q(gt S T ’ €s>

for any collection of times, s, sq, ..., sy suchthatl’ > ¢t > s > s; > ... > s, > 0. Using
the definition of Brownian bridge we note that

oo (%2 2] o

i.e. Byr and(Bsr/s — Bs,7/s1) are independent. More generaliisr/s — (s,7/s1) and
(Bs,r/ 52 — Bssr/$3) @re independent. We have the information process

& = ot Xy + B,

where bothy and X are time-independent random variables, aidis 77 measurable.
Hence we can write

gs 551 _ 55T . @

S S1 S S1
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and

Q6 <ol bt &) = Qe ol -t e f)

51 Sk—1 Sk
1T
- o(aselglr tor | fuir fur)
5 S1 Sk—1 Sk

However, since, and¢; are independent of the remaining variables that depend only on
the noise, i.efyr/s — Bsr/s1, -, Bsp_y1/Sk—1 — Bs,1/ 5k, the desired Markov property
follows immediately.

Therefore, our problem is now reduced to calculating
Bir = PirE[ X1 | &].
This is equivalent to determining the conditional probability

it = Q(XT =T \ ft)-

2.6.2 Conditional probability

Given the information process = ot X+ + 51, WhereX takes values; with probabil-
ities p; for i = {1,...,n} anda takes valuew; with probabilitiesq, for £ = {1,..., m},

there are several ways of deriving the posterior conditional probability of the random vari-
able X using the Bayes formula. The key result that we shall be using is as follows:

QXr=u;1&) = Y QXr=1:,6 = 0x/&) (2.7)
k

= > QX7 =67 = 0,)Q@ = 03) (2.8)
k

Y oePig Q& | Xp = 2,0 = oy)

2.9
Ei Zk piQkQ(ft ‘ XT = x;, o= Uk:) ( )

We derive this result in three different ways. First, on account of the Bayes formula we
have

Q(Xr = 2:)Q(& | Xr = ;)
> QX7 = 2)Q(& | X7 = ;)

Y DiarQ& | Xr = 4,0 = oy)
Zi kaiQk@(ét | Xr =x;,0 = Jk)‘

@(XT =T | ft)
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An alternative way of deriving from2(7) to (2.9) is as follows:

>k Q& Xr = 24,0 = 0y)
Q(&)
S Q& | Xr = 24,6 = 03)Q(2,)Q(0,)
> Q& | X = x)P(xy)
Zk pigrQ(& | Xo = 2,0 = oy)
S > pigrQ& | X = 24,6 = 0y)

The first equality holds becaugedoes not depend on the indéx The second equality
holds is becaus& ando are independent. Finally, yet another way of establishing the
step from 2.8) to (2.9) is as follows:

ZQ =i, 0 = O | gt) =

= T o — . Q(&,XT = $¢,O’]€)
;@(Uk)Q(XT = ;| &, 0%) ;Q( ) Qo)

Q(Uk | thT = Ii)@(ft7$i,)
2 Qo= TeI0E)

@§t7XT—$z ZQ Uk

Q(&: | XT = x’l)Q(xZ)
Q(&)
Y PiarQ& | Xr = 24,0 = oy)
Y2 w i Q& | X =,6 = 0y)

On the second line, we have used the property ftiatand o are independent, which
implies thatQ(oy. | &, Xr = x;) = Q(oy | &) and the result follows as required.

To obtain an explicit expression f@p(Xr|¢;), we note that conditional oX = x; and
o = oy the random variablé, = 6 Xt + (5, has essentially the same probability law as
the Brownian bridges,-. Hence

= ;0 =0f) = ! ex _lw
Q(€t|XT— is k:) 27Tt(T—t)/T p( 5 t(T—t)/T>'

2.7 Credit-risky bond dynamics

Under the present model, the value of a credit-risky bond is giveB.py= P,rE[ X7 | &/,
where we have assumed a deterministic discounting systerthat is differentiable and



Chapter 2. Stochastic Information Revealing Rate 37

strictly decreasing. Let us write

Xir = E[Xr|&]

We have for the conditional probabiliyr;; } the following expression:

Zk 1 Piqk €Xp [ (l’ oré — 20‘,%,15)}
25:1 Z’[’:l Psqr € [TL (1’50}& - —ZE 0'225)}

Thus the Bond price is given by

(2.10)

it =

D5 Dkt TiDidk €XP [% (mﬂkft - %xfait)}
By = Por N
T

Z::l Z?T"nzl Psqr €XP |: —t (mso'rgt - %nggt” .
Having in hand the present value of a credit-risky bond that is formulated based on the
information procesg¢;}, we would like to examine the dynamics of the bond price over

time. To see this we can work out the dynamic of the conditional probability using Ito’s
lemma. Let us write;x; = pix(t, €), where

T 1
pik(t,€) = pigr exp {ﬁ (xiakﬁ ot Uit)}

Diffusing this, we get

o T
dpire = Tk ( &+ 5 )pikt-

Summing both sides over the indexwe have

;pkt T 4% ( &+ )zk:akpkt
Thus by use of Ito’s quotient rule, the dynamicsmfcan be calculated as follows:

% — < Zk Dikt )

T Z kazkt

— Lx, <dft+ & dt) 2okt T (d& n & dt) iDL TiOkPikt
r—t T—t S T —t T—t S5 D
T dt <Zz Dk %Okpikt)2 _ T? o Zk OkDikt D5 O OkTiDikt

(T - t)2 Zz Zk Pikt (T — t)2 ¢ Zk Dikt Z Zk Dikt :

+
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Now let us denote by

01 xq
S=1: and X =

Om Tn

the column vectors far,, andz;, respectively; and an x m matrix P, whoseij** element

is given by
Dijt
—_ 2.11
> i Dk Dikt ( )
Therefore, we can write

Z ka OkDikt — XTPS  and Zk OkDikt — PS
Z Zk Dikt 27, Zk Dikt

Evidently, XTPS is a scalar, an#S is a column vector of, elements. As for the dynamics
of {m;;} we thus have

dmy df [Zk akpzktZ kazk:t ‘ Zz Zk Iiakpikt]
Tt kazkt Z kazk:t . Zz Zk;pikt
+ dt {Ek Ukpzktz kalkt &t ZZ Zk TiokDike &
Zk Dikt Z Zk Pike T —1 ZZ Zk Dike 1 —1

<Z DR Ukpzkt> T L okPine Do kazkt ik TiokDike T
Z kazk:t T—1t kaikt ZZ kazkt i Z kazkt T—1

T 1
=7 {dgt (PS 7'z, — XTPS) + di— (PS - 'wi& — XTPS - ¢

T —
+ (XTPS)*’T — PS - m;;'a,T - XTPS)]

=7 [PS - 7'z, — XTPS| dW, (2.12)

S qi— L xTpgar. (2.13)

The dynamics of the conditional probability, given [®:12), describes how the posterior
probability evolves, and this in turn determines the bond price dynamic. We shall now
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show that the procegsV; }o<;<r is an{F} }—martingale. For < u:

vy XTPS
B0V, | H] = WotBl6- &) 6l+E | [ 75ade| -1 [ &
:Wt‘FE[a'XTU—i—ﬂuT ‘ft]— [O'XTt—FﬁtT‘ft —|—]EO'XT ’ft T
“ /BST v T
+]E[ t T_Sds gt} — E[XTPS | @]/t T_Sds. (2.14)

The quantityXTPS is &, measurable hence we can write
E[XTPS | &] = XTPS.

On the other hand, the ter®™TPS can be interpreted as tlgposteriorexpectation ofY
anda,

XTPS =E[6 X7 | &)
Hence all the terms witlX' in (2.14) cancel, and we have
u 1
EW, | £ = Wt Bl | 6] - Elfr |6+ [ 7—Blbr| &lds. (219
t

Using the tower property of conditional expectation and the independengeé,of and
o X, we deduce that

E[ﬂuT | §t] = E[E[ﬁuT | ﬁtT] | ft]

Also using the relation that

ﬁuT 6tT
E {T —u

ﬁtT:| = 7

we conclude

Elfur | 6] = E[E[fur | fir] | &] = 7 E[fer | €]

Substituting this expression int@.15 we obtain the martingale relation
E[W, | Ff] = W,.

In addition, we have
(th>2 — (dft)2 = (dﬁtT)2 = dt

It follows, by virtue of the [evy criterion, tha{ W, } is an{F; }-Brownian motion.
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The procesg W, } is indeed the process that “drives” the asset price dynamics. It depends
in a highly nontrivial way on both the signal component of the information flow, as well as
on the noise term. We are now in a position to assess the stochastic dynamics of the Bond
price. Since

By = PtTE TiTit,
i

we have

dBiy = 1 Bipdt + Pir

T > 27 PS—XTPS. ) amy | AW,

T

= riBudt + Prm— [E[X76 | &) — E[Xr | &) - E[X7r6 | &]] AW,
T

= TtBtTdt + PtTm‘/t%th.

We find that the absolute volatility of the bond price process is controlled by the covariance
of Xr and Xo:
Vig = E[X75 | &) — E[Xr | &] - E[Xrd | &].

In the case that and X are independent we have:

Vg = Elo| & (BIXZ | &) —E[Xr | &])
= E[5 ’ ft”/;fTa

whereV;r is the conditional variance of; given¢;. We see that itr is constant then our
model reduces to the original bond pricing formula in the BHM framewagk [

2.8 \olatility dynamics

Let us now work out the “Vol-of-Vol” for the bond price to examine the rate of decay of
Vi%. This is of interest in connection with the pricing of options on realised volatility or
variance swaps. For notational simplicity, we wiig:] = E[- | §]. Recall thatV}7. is
defined by the covariance ofr and X 1. Let us express this in terms pf.;:

Ve, — Z@ Zk mzza'kpikt _ Zz Zk TiPikt 21 Zk TiOkPikt
" Zz Zk Dikt ZZ Zk Dikt Ez Zk Dikt ’
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and define the joint conditional probability &f, anda by

Pikt
T, = . 2.16
ikt Zl Zm Dimt ( )

Following a line of calculation similar to the one performed in the previous section, we
deduce that
(x;0 — B[ Xpa)) n,dW,, (2.17)

T
dn%, = ——
whered IV, is defined as before. This equation governs the dynamics of the joint probability
for X anda. The conditional covariance process can be rewritten as:

o 2 o o
Vir = E § T ooy — Xar § E TiOkT ikt
k ik

7

whereX,r = E[Xt | &] is the conditional expectation df. Applying Ito’s lemma, we
obtain

AVig =) wion [-75,d X + midry, — Xerdnfy, — (AXr)(dnf,)]
k

%

On the other hand, for the dynamics{ot,r} we have

T .
dXtT == ﬂ%Td[/Lt
Combining these, we get

T\ T
dvig = — (T—_t) VgV dt + ki d Wi, (2.18)

where
Vit = EX707 — (B[ Xro])
is the conditional variance of the random varialdles, and
rip = —EXr](Vig + Vip™) + Covi(X10, X35),

is the conditional skewness of the terminal payoff. The VoI-of-\{’@g)}, is thus given

by )
2 T o
o = <ﬂ) Pirkgp.
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2.9 Information-flow rate process

It is worth noting that the dynamics of the conditional expectation of the information flow
rate,a, can be read off from the foregoing analysis. This follows from the fact that we have
obtained the joint density for the random variahlégsanda, as characterised by the prob-
ability matrix P; thus by reduction to the marginal probability we obtain the conditional
density fora. It should be evident from the structure of the information process

& =0Xrt+ Bir (2.19)

that the roles ofX+ anda are in fact virtually interchangeable, except that while is
necessarily{ 75 }-measurable7 need not be so. If we lgtr;¥} and{x?,} denote, respec-
tively, the two marginal probabilities foX; anda, then the measurability properties imply
thatlim, ., 7;; = §;; for some indexj corresponding to the realised valugof the cash
flow X, while in general

lim 7, # O (2.20)

for any index!.

In any event, by summing the rows of the matxve obtain the marginal probability:

" S pigr exp [ (nioné — Sadoit)]

Tt = S Y Pk exp |7 (wioné — sxioit)]

It follows that the conditional expectatian = E[7 | &] of the flow-rate parameter is given
by

o 2k iy OkPid OXD (L (wiowé&s — Sa2ott)]
L T ik exp [ (wionés — Satort)]

2.10 Analysis of path behaviour

In this section we analyse the path behaviour of a digital bond under the “uncertain informa-
tion” model through simulation studies. This provides us with a better and more intuitive
understanding of the characteristics of the model under study. In figu2emd?2.3 we

have shown simulations of sample paths of the bond price processes, the corresponding av-
eraged (over five sample paths) volatility process, and the averaged (again, over five sample
paths) vol-of-vol process. In these plots, we haverset 0% for simplicity; and the ma-

turity of the digital bond isl” = 1 year. The information flow rate in figuiz2is chosen
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Simulated Bond Price Processes 6 = 0.7 Average of the Volatility Processes
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Figure 2.2: Simulated bond price (left), volatility (top right) and Vol-of-Vol (bottom right)
processes in uncertain information model with= {0.6,0.8}, ¢» = {0.5,0.5}, X7 =
{0,1}, p; = {0.2,0.8}, r = 0% andT = 1.

to be a binary random variable taking valygse, 0.8} with an equak priori probability;
whereas in figur@.3, 5 takes the value$§0.4, 1.0} also with an equah priori probability.
Hence in both cases we hal#ér] = 0.7, but they have different standard deviations.

One interesting observation to be drawn from the present simulation studies, as compared
to the original BHM model, is that the degree of variation of the sample paths, i.e. the
variability, is smaller than those observed in the BHM model with the savaue. For
example, although one of the sample paths in figuBhas the value = 1, which in the

BHM model would have caused the paths to reach their terminal values at about four-fifth
of the way, such a large variation is not present in our uncertain information model. This
is because the conditional expectation’gf involves products of tha priori probability

{qx}, and this “dampens” the overall variability. If we set one of this equal to zero,

which reduces the model to the original BHM, then the damping effect disappears. This
behaviour is plausible because market participants are uncertain about the true information
flow rate; their knowledge of the information is made additionally fuzzy by the uncertainty

in &, and hence it generally takes a longer time to discover the true terminal cash flow. This
uncertainty will, consequently, reduce the overall volatility for the majority of the duration

of the bond. The reduction in volatility becomes apparent when we look at the average of
the processes.
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1

Simulated Bond Price Processesc = 0.7 Average of the Volatility Processes

:,.“gzi J

ML

[ [ WV
Wl

8 AT A T

F% e 4 &
N A i fikd
08 f b 5, L7 ! / :
‘fﬁ& 0.06 -

07F | 0.04 -

06F A
i} 1 1 1 L L

a 01 02 0.3 04 05 06 0.7 0.8 09 1
o5k L time (yrs)

Average of the Vol-of-Vol Processes

Bond Price

04F

03r

02r

01rF

il I 1 I L I 1 I I 1 L oo 1 | 1 I 1
a a1 02 03 0.4 18] 06 a7 a8 09 1 o 01 02 03 04 a5 06 a7 08 [ak:] 1

time (yrs) time (yrs)

Figure 2.3: Simulated bond price (left), volatility (top right) and Vol-of-Vol (bottom right)
processes in uncertain information model with- {0.4, 1}, ¢, = {0.5,0.5}, X7 = {0, 1},
pi =4{0.2,0.8}, 7 = 0% andT = 1.

The volatility of the processes in some sense reflects the “learning rate” of the terminal
value of the bond price (or, equivalently, the valueXaf). This learning rate is somewhat
slowed down in the uncertain information model, hence resulting in the dampening of the
volatility. If the standard deviation of is very small, then the volatility process almost
matches that of the BHM model. However, as the standard deviati®msahade wider so

that the true information becomes less clear, this leads to a reduction in the price volatility.
Nevertheless, as time passes, the valu& pimust eventually be revealed, and this leads
to a subtle behaviour in the averaged volatility.

In view of this, we have investigated further the behaviour of the volatility processes. Be-
cause in our example here the random variabie chosen such that it is not measurable
for anyt € [0, 7], we can expect some degrees of uncertainty to sustain until the very last
moment. Indeed, the behaviour of the price process in the uncertain information model is
not entirely counterintuitive; we expect, for example, that the price process behaves like a
mixture of the BHM with the probabilitie$q, } denoting the weights of the possible sce-
narios ofo,. That this intuition is more or less correct, albeit there are subtle details, is
illustrated in figure2.4, in which the mean volatility>, = E[¥,7] associated with various
distributions forz are compared. The two solid lines represEpt corresponding to the
original BHM model, with the top line at = 0 taking the valuer = 0.9 and the bottom

line att = 0 taking the valuer = 0.5. The dashed lines are mean volatilities generated
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by our uncertain information model. They take valugs= {0.5,0.9} with the follow-
ing probabilities: from the top at = 0, ¢ = {0,1}; ¢ = {0.1,0.9}; ¢ = {0.2,0.8};

qx = {0.3,0.7}, and so on, untif;, = {1, 0} for the bottom dashed line that coincides with
the solid line.

25 5
time (yrs)

Figure 2.4: Each line represents the average of 5,000 sample paths of volatility processes.
The two solid lines are that of the original BHM model with the top and bottom line taking

o = 0.9 ando = 0.5 respectively,Xr = {0,1}, p; = {0.2,0.8}, r = 0% andT = 5.

The dashed lines are mean volatilities of the uncertain information model taking values,
from top to bottom respectively;, = {0.5,0.9} with ¢, = {0,1}, gx = {0.1,0.9}, ¢x =
{0.2,0.8}, ..., andg, = {1,0}.

The result reveals the following features: First, we see that when 0.5 the average
volatility starts with a lower value as compared to thavof= 0.9; but eventually over-

rides the latter because information is revealed towards the end, and hence causing higher
volatility. Second, we see that as we shift the meas vbm 0.9 to 0.5, the mean volatility

shifts accordingly. The graph shows that the mean volatility of the randanodel be-

haves like a weighted sum of the BHM mean volatilities, with weights given b fhréori
probability {¢; }. In this regard, the random information model studied here can be viewed
as a kind of BHM mixture model.

We also draw attention to the limiting behaviour of the mean volatility as7'. In figure

2.5we see clearly that the mean volatility of the random information model does not reach
zero whent is very close tal’, even though that of the BHM model has. This indicates
that there are “last minute surprises” because information regarding the terminal value is
still uncertain, due to the additional uncertaintyan This is the essence of the random
information flow rate model, as it truly describes the uncertainty in the market up until the
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Figure 2.5: Magnification of the averages of volatility processes. Each line represents the
average of 5,000 paths of volatility processes. The solid lines are that of the original BHM
model with the top and bottom line takimg= 0.9 ando = 0.5, respectively X, = {0, 1},

pi = {0.2,0.8}, » = 0% andT = 5. The dashed lines are mean volatilities of the uncertain
information model taking the values, from top to bottom respectively- {0.5,0.9} with

g = {0,1}, g, = {0.1,0.9}, ¢ = {0.2,0.8}, ..., andg;, = {1,0}.

last moment. Note, however, that values of mean volatility aldoye 0.9967" were not
available numerically, due to the existence of a cancellation of large numbers that is not
recognised in the numerical code developed for our simulation studies.

We remark that from the expressia& 10 of the dynamics of the conditional probability
processdm; has an overall scaling terffi/ (7" — t) which diverges ag — 7. While the

terms multiplying to this approach zero faster thar- ¢, making the expression well de-

fined analytically, this divergence causes an issue in the simulation studies as one discretise
the time steps. We observe that for sufficiently large values.pf.e. o, > 0.7, the aver-

age path can have a slight hump whasa very close to the maturity date, even though the
terminal value stays unchanged.

2.11 Mutual information analysis

An alternative way of investigating properties of the price process is to study the behaviour
of mutual information betweer;; and X, or, equivalently, betweefy and Xr. This is

the quantity that measures the amount of information contained in the asset price about the
value of the impending cash flow (cf24, 38] for further detail on the concept of mutual
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information), and thus represents how much the market has learned about the v&lue of
[13]. The mutual information is obtained by determining the expression:

60 =3 [t (555 )

where

, d
Pex (2,1) = @Q (& < ) N (X7 = ;)]
is the joint density function of the random variablés X ), andpg, px are the respective

marginal probabilities. By the independenceXaf ando, we find that

m

Q& <x)N(Xr=a;)] = ZQ(& <z | Xr=uw;,0=0,)QXr =12;)Q(0 = 0y),

k

from which it follows that

1 (x — opa;t)?
pex (1) quz —0/T eXp <_§W)

since conditional onX = z; ando = oy, the random variablé€; is normally distributed
with meano,x;t and variance(T —t)/T.

An alternative way of deriving the mutual information is to use the formu&h [
J (&, Xr) = Hy — E[Hy],

where the Shannon-Wiener entrofp§/, } is defined by the expression
- Z Tt In Tt -
=1

2.11.1 Limiting property of mutual information

The entropy procesgH, }o<:<r has the property thatm, . H; = 0. This follows from
the fact that the conditional probability process; } ;<7 has the limiting behaviour

lim 7 (w) = T{X7(w) = 2}



2.11 Mutual information analysis 48

fori = 1,...,n. To see this, suppose that for somes 2 we haveXr(w) = z, and
o(w) = o, for somea, b. For this realisation the information process is

gt = optx, + 5tT-

Substituting this expression ¢f into the expression for;;, and dividing the denominator
and the numerator by the exponential factor containingndo,, we deduce that

Pa (C]b + Zk;ﬁb gk €Xp [% (%(Uk - Ub)ﬁtT - %xz(% - O'b)2t)]>
Tat = .
Daqp + Zi;ﬁa Zk;ﬁb Piqr €Xp [% ((ZL‘,O‘k - Zvaab)ﬁtT - %(I?OJQ - l‘gdg)t)}

Ast — T all of the terms in the sums vanish. Therefdiey,_.r 7,; = 1 and furthermore,
since

for all £, we must have
tlim i =0

for ¢ # a. Finally, since

H; = —lnngjt,
=1
we deduce that

t—T

In figure2.6we provide a graphical illustration of the behaviour of the mutual information.
The idea here is to relate this with the behaviour of the average volatility that we observed
in the previous section. We have used exactly the same parameter values to make the

comparison more transparent. Hence, the mutual information for the BHM model with
c = 0.9 ando = 0.5 form the upper and lower bounds, respectively, at early times in
figure 2.6. The mutual information, or, the learning curves that lie within these bounds

at early times are those under the uncertain information model, taking the values
{0.5,0.9} with probabilitiesqg, = {0, 1}, ¢ = {0.1,0.9}, ---, ¢ = {1, 0}, respectively,
from top to bottom.
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o8

Mutual Information {J)

Figure 2.6: Mutual information under the randammodel. The vertical axis repre-
sents the mutual information and the horizontal axis represents the time elapsed. We
let o, = {0.5,0.9} with probabilities, from top to bottom at early timeg, = {0,1},

qr = {0.1,0.9},...,qx = {1,0} respectively;X; = {0, 1}, p; = {0.2,0.8}, andT = 5.

The results shown in the figure match exactly the findings of the mean volatility analysis.
The gap in the plots close to= T is again due to numerical limitations. Observe the
crossover pattern seen here, as we change the distributionTdfe processes with a low
mutual information at early times cross the higher ones at later times because the volatility
is greater towards the end so as to “catch up” with the learning rate. Further, there are still
uncertainties left until the very last moment.
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Chapter 3

Options on Credit-risky Bonds with
Random Information Flows

In this chapter we examine the pricing of options on credit-risky bonds. In particular, we
work out in semi-closed form, up to numerical root-finding, pricing formulae for European-
style call options on a bond. The results are expressed in terms of the BHM implied volatil-
ity parameter, exhibiting familiar smile characteristics. What this means is that the elemen-
tary stochastic volatility model introduced in the previous chapter has not only the analyti-
cal tractability but also sufficient flexibility to fit implied volatility surfaces. We shall also
determine the sensitivity of the option price with respect to the initial bond price. These
results show that our random-information model entails a significant degree of practicality.

3.1 Option pricing formula

Following a procedure similar to the one provided 17]| we consider the valuation of a
European call option on the asset described in the previous chapter, exercisable at a fixed
timet¢ > 0 on a defaultable bond maturing at tifie> ¢ with strike priceK’. The value of

the call option at time zero is

Co = PuB[(Bir — K)7]

+
(Z Pyrmiyx; — K) ] ) (3.1)

- P()t]E
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where the conditional probability;; is as given in2.10. Let us write
T 1
Pikt = DPiqk €Xp {ﬁ (%‘ngt - 5%2‘7130} )

. kaikt
T = 9

)

¢, = Zzpikt- (3.2)
K

i

Then equation3.1) can be rewritten as

+
%t (Z Z(Pthi - K)pikt) ] . (3.3)

Our objective now is to determine this expectation.

Co - POtE

3.2 Measure change technique

In order to derive the formula for the option price we shall use a change of measure tech-
nique. In particular, the factob; ' appearing in §.3) will be used to effect a measure
change. First we show thatb, '}, as defined in3.2), can be expressed in the form of a
unit-initialised exponential martingale. We then show that the Novikov condition is satis-
fied, and thug®; '} can be used as a density martingale to change the measure. Let us fix
u such that < u < T, and define a proceq®; }o<:<. by (3.2). Recall the dynamics of

Dikt-
dpiks T 145, 17 5,
— - & — =02t — = “ | dt
me = [ (vt goiot) = g
1 T2 2. .2 2
+T — takﬁidgt + §—<T — t>20kl’i (dft)
T2 T

Summing over indicesandk, and making use of the relation

1
> Y wiowpie = El6 Xt | &),
Pk
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we obtain

T2 T

dd, = = t)2E2 (X7 | €]t + —E[aX7r | §12.dW,.

Applying Ito’s quotient rule, we deduce that the dynamical equation satisfied by the random
procesy ®; '} is

T
do; ! = —ﬁE[aXT | &]®; W

The solution to this equation is given by

- b L R
(I)t 1 exp (—/0 T——SE[O—XT ‘ Ss]dWs - 5/0 mE [OXT | gs]dS) . (34)

SinceE[g X | &] is bounded, we see that the Novikov condition

Elow (<2 [ T Ex, | elds
2 ), T—=%)

is satisfied for anyt < w. Hence{@t‘l}ogtgu is a martingale. We also see from the
normalisation condition that

Oyt = (Z Zm%) =1, (3.5)
i k

< 00

and hence
E[®; '] = 1.

Thus, the facto®; ! can be used to effect a change of measure. The option price becomes,
under the new measure,

n
Co = PyEPT (Z Z(PtT - K)pikt> ] : (3.6)

i k
As in the original BHM model reviewed in chapter 1, we shall call this new measure the
“bridge measure”, denotdli;, because under this measure the information progg$ss
a standard Brownian bridge. That is to say, the random vargleGaussian with mean
0 and variance (7 — t)/T under theB; measure. We note first some general remarks
concerning this measure change. The Radon-Nikodym derivatiiBqis= ®; 'dQ; the
random variables\; and s have the same probability laws with respectBtg and Q.
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Furthermore, the conditional expectation of any integrable funcfioXir, 5) under the
bridge measure can be expressed as

B[, f(Xr,0) | Fi]

B [f(Xr,9) | Fi = =g 7 £

In particular, the procesgV; }o<;<, defined by
T
W) = / ——E[g X7 | &]ds + W, (3.7)
o I'—s

is aB;—Brownian motion.

To verify that the procesg, } is aBr—Brownian bridge, we begin by redefining the above
{W;} process in th€) measure by the use of equatichi3):

Lg,
T —s

t
T
W, =& + ds — / L Rioxy | eds.
0 o I'—s

Substituting this expression into equati@® we get

R

ds.
OT—SS

Wt* = ft +

From this relation we obtain an SDE of the Ornstein-Uhlenbeck type:

&
T—t

dé, = ——L—dt + AW

The solution to the SDE above is given by

t
1
=(T—t dWw?.
ft ( )A T — g s

We see that under thi&; measure the proceg$l’; },<,<; is a Brownian motion with the
Radon-Nikodym derivative given by(4) , hence{¢, }o<s<:, defined above, is a standard
Brownian bridge process, as claimed.

Returning to the problem of option pricing, let us begin by considering the case of a binary
bond, whereby the cash flow takes the two possible vdlugs:; }. Then we have

+
Co = P, EPT ((PtTiCl - K) Zplkt + (Pirzo — K) ZPOkt) ] : (3.8)
k k
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From equation3.6), this expectation is nontrivial wheR,z, > K > P,rxy. Otherwise,

the option will be sure to expire either in the money or out of the money. In the nontrivial
case, the option can expire either in the money or out of the money, depending on whether
& > £rorg < £, whereé* is the unique critical value of; such thatB,T = K, or,
equivalently, the unique solution to the equation

Zk qk eXp(%(0k$0§* - %Ul?;x%t)) _ p1(K — Piray)
S @k exp( (o & — Soixtt))  po(Parxo — K)

(3.9)

Note that in generagd* has no closed-form expression. However, the solutior319 can
be obtained by simple numerical root-finding methods. That the solutidhpi¢ unique
(assuming tha# is a positive random variable so thgt > 0 for all £) can be seen from
the fact that the bond price is an increasing functiog,offo see this, let us definB(t, &)

by
S ey wipign Xp (7 (zioké — Saiot)]

T
T—t
S S Pt XD [ (2,0,€ — S2202t)]

B(t7§) = -PtT

so that the bond price is given B, = B(t, ;). We then differentiatd3(¢, €) in & to get

0B(t,§) _ P, T <ZZ Dok DiktTion Do Dk TiDikt D_j D xjalpjlt>
9¢ =& Tr—t Z, Zk Dikt [Z Z pz‘kt]z
T
Poro— (B[X7o | &] - E[Xr | G]E[Xr0 | &)
T
= PtT—T — tV}f}
> 0

and henceB(t,&;) is an increasing function a;. It follows that there exists a uniqug
that satisfies equatio3.©).

The problem of option pricing thus reduces to performing an elementary Gaussian integra-
tion. We now consider the case whe¥e need not be a binary variable. The computation
simplifies further if we introduce a standard normal variablaccording to

S —

HT —1)/T

We write Z* for the corresponding critical value. Then the option pricing formula is:

Co :POtZZQkpi(Pthi_K)N(\/;kai_Z*)7 (3-10)
ki
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wherer = ¢T'/(T — t) andN(-) denotes the standard cumulative normal density function.

Below are plots of call option prices against strike for various values of the option maturity
t, for both the BHM and the random information models:

Figure 3.1: Call price against strike for different option maturities under the BHM (left)
and uncertain information (right) models. We see that options with longer maturities are
less expensive in the random information model, for any strike price. This is because the
additional uncertainty i indeed reduces volatility in the initial stage of a long maturity
option. As the options approach maturity the two models become the same.

3.3 Sensitivity analysis

Having obtained the expression for the option price, it is natural to examine the option
sensitivity against the initial price of the underlying, i.e. the option delta. In this connection

it is worth remarking that in the context of credit risk modelling, the option delta is usually
difficult to determine because the models commonly used are driven by jump processes.
The advantage of the BHM approach, on the other hand, is that it allows for the use of a
Brownian-based filtration to generate the dynamics of a credit-risky bond. This means that
the option delta can be determined explicitly, just as in the Black-Scholes model. Here we
shall work out the expression for the delta

0C)

A= .
dBor

in our extended model. To determine the option delta, let us first consider the case of an
option on a digital bond as a starting point. By definition we have the following relations:

Bor = Por(poxo + p121), and po+p1 =1
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Substituting these into equatiod.{0 we get

1 Bor
Co = P e P — K)N — 7
0 ol D (POT Io) ;Qk( T )N (VToRa )
+ ! ( BOT) Zq (Pyrzo — K)N(V/Topre — Z7)
- — k(Prrro — kLo —
P T Por YT L0 0

Upon differentiation with respect tBy;, we obtain:

A~ Yk Ge(Pepxy — K)N(dik) — >, @e(Prxo — K)N(dok)
Pyr(r1 — 7o)

Y

where
dik = \/FO'kCCi —7Z* fori= 1,2

We note that, apart from the option delta, we can consider other sensitivity indicators com-
monly characterised by the various “Greeks”. In addition, in our example we can determine
the sensitivity of the option price against the degree of uncertainty in the magnitude of the
volatility &. In particular, in the binary case where we hgye= ¢ andg; = 1 — ¢. Thus,
letting

v = \/qag +(1=q)o? — (qo0 + (1 — q)or)”

denote the standard deviationcothe sensitivity of the call price against the “informational
volatility”, v can easily be calculated by use of the chain rule.

3.4 Stochastic volatility

As remarked earlier, the random information model considered here is an elementary ex-
ample of a stochastic volatility model for option pricing, since the price process depends
on the distribution or. The advantage of this model is that we do not have to explicitly
define the structure, i.e. the probability law of the volatility, since this can be calibrated
from options data. But exactly how do we calibrate the distributios of order to fix the

price process?

We shall proceed as follows: First, note that the original BHM model is a “constant” volatil-
ity model (where we take the liberty to call the parametdhe volatility). Thus, option
prices given by the original BHM cannot match market prices across different values of
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strike K, just as in the Black-Scholes model. Therefore, if we regard the BHM model as
the benchmark model, then we expect to observe a volatility smile across different strike
prices, if we calibrate the BHM for at-the-money option price. What this means is that we
can quote the prices of bond options in terms of the BHM implied volatility parameter, just
as in the equity market where the Black-Scholes implied volatility is used to quote prices.

Alternatively, in the random information model we can calibrate the BHM implied volatil-

ity surface by means of adjusting the paramefers and{o.}. Numerical studies indi-

cate that with a small number of parameters, a relatively wide range of volatility surfaces
can be fitted reasonably well. To illustrate the idea, here we have taken specific values
o, ={0.3,2.7} andg, = {0.5,0.5} for the model parameters to compute the option prices
across different strikes and different maturities, and expressed these prices in terms of the
BHM implied volatility. The results are shown in figuBel and figure3.2, representing a
characteristic “smile” surface where there are stronger skews for shorter maturities.

Mean cis 1.5, at-the-money strike is 0.6425

Implied ol

Term (yrs)

Figure 3.2:The implied BHM volatility The implied volatility surface resulting from cal-
ibrating each strike and maturity of the random information model to the BHM model
is shown. The parameters are set tobe = {0,1}, p; = {0.2,0.8}, daverage = 1.5,
orand= {0.3,2.7}, ¢ = {0.5,0.5}, r = 0% andT € [0,2].

3.5 Remarks on the random information and the BHM mixture

We have noted that our random information model can be viewed as a mixture of BHM
models. In the context of the Black-Scholes model, Renault and Té8zof Brigo et al.
[10], for instance, have carried out a similar analysis, where the Black-Scholes volatility pa-
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rametels is taken to be a time-dependent random variable that is nevertheless independent
of the underlying Brownian motion. By conditioning on the volatility path, the European
call option is obtained as the expectation of the Black-Scholes call price with time-averaged
volatility. In particular, wherv is time-independent, the result df(, 48] for the extended
Black-Scholes model is similar in nature to our result on the extended BHM model.

The randomisation of the Black-Scholes volatility parameter (the so-called log-normal mix-
ture) in the literature is carried out essentially ineshhocmanner, without any fundamen-

tal economic reason. Rather, it is justified on the practical grounds that it gives a better
handling of calibration.

In contrast, in our model the randomisation arises from a more realistic analysis on the
structure of the market information process; in particular, from the fundamental observa-
tion that the information flow rate is virtually always random and in many cases is not
even observable. Hence, although the net effect is similar in both cases, our model is ac-
companied by a better justification, which in turn also gives a better justification for the
lognormal mixture models. In particular, since the log-normal model can also be derived
from the information-based framework®, 42], we can now assign a deeper significance

to the log-normal mixture models.

3.6 Information manipulation

We conclude by drawing attention to another interesting feature of the variailedel.

This concerns the notion of information manipulation, or, equivalently, a deliberate mis-
representation of information. The question that we are interested in here is the following:
How does one model the manipulation of information in the information-based framework?
One possible solution is given by the mis-specification of the information flowstate

The idea can be sketched as follows. Each market agent reveals information, expressed
in the form of one of the information processes 4f3. The impact of that agent’s in-
formation on the market is then determined through formdld)( If an agent releases
information that is based purely on speculation, then that information source is noise dom-
inated, having a small value of the information flow rate. However, if that agent is trying

to mislead the market, based on a reliable piece of information, then the nature of unre-
liability of that information is not the same as that arising from pure noise. Instead, this
misinformation can be modelled by the fact that the agent provides an incorrect value for
the information flow rate parameter. In this way, the market will estimate the fair price
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Slmu\ated Bond Price Processes ¢ = 1 (blue) and ¢ = -1 (red) Skew Processes for paths ending X,= 1
T o1 T T T T T

e ———
#ﬂ’WM I /\‘\/\I\«W
e 1 W
ore” W AV
¢ C%’;M I
\
f\ |
“ ’W\M {al g A
Wy
k| \ i
i IR, M\/

05 T 75 2 25 3 35
ime (y1s)
'J k\ Skew Processes for paths endlng X=0
01 T T
AV
/ WW { o " N
06 r i L
[ Y
1 oo

T N e
s o 3

Figure 3.3: Left: Sample paths of the BHM, i.e. bond price against time elapsed, with
o =1 (blue) andr = —1 (red) using same Brownian bridges; and the corresponding skew
processes associated wixhy(w) = 1 (Top right) andXr(w) = 1 (Bottom right). Here we
setXr ={0,1}, p; = {0.2,0.8}, r = 0% andT = 5.

of the asset by use of the pricing formul&5), but based on the incorrect value for the
information flow rate parameter. As a consequence, the market price will be misled.

As an illustration of this behaviour, in figu3we show sample paths for the defaultable
digital bond price process—in one case where the bond did not default, whereas in the other
case where the bond defaulted. In each case, two sample paths are given; one corresponding
to where the true market price ought to be if there is no misleading information, and one
corresponding to where the realised price is, owing to the existence of a deliberate price
manipulation.

In order to make the effect of price manipulation visually pronounced, here we have taken
a slightly extreme case in which the true value of the information flow rate is +1

(blue), whereas the “conjugate” price process is generated by the false belief that the flow
rate is given byy = —1 (red). We find in these examples the existence of a kind of anti-
correlation between the “true” and “false” prices around their conditional means. This is
illustrate more clearly in the skewness plot, also shown in fi§use

One might enquire in which way a mis-specification of the information flow saitere-

alised in practice. In this connection it is worth remarking that there is an extended literature
on price manipulation, often in the context of insider trading. One typical way of spreading
a false information is by taking a trading position in a strategic mannerZc2(]).

For example, suppose that an informed trader has the information that the price of an asset
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is likely to drop in near future. In this case, taking a short position amounts to effectively
revealing the content of that information. Hence, by momentarily taking a long position
before taking a short position, an informed trader can mislead the market. One can think of
such a deliberate manoeuvre being represented abstractly in the form of one of the infor-
mation processes i (3) taking an “incorrect” value of.

We see therefore that the information-based framework allows for a range of flexible ex-

tensions to model various scenarios that might occur in a given financial market. It would

be of considerable interest, in particular, to develop further the information-based approach
to model various form of price manipulations.
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Chapter 4
Theory of Information Pricing

In the previous chapters we have shown that under an uncertain information-flow model we
can nevertheless derive asset price process, as well as associated derivatives, in closed form.
The way in which we have extended the original BHM model is motivated to some extent

by “realities” in financial markets concerning the fuzziness of the information flow rate.

If there is a high-quality information-extraction “device” (like a search engine), however,

the value of the information flow rate can be enhanced by means of an automated speedy
access to a large number of data sources.

This naturally leads to the question as regards the valuation of information itself! If an
information provider (but not an agent in financial markets) can extract information that
is useful for financial institutions, in which way should the provider fix its price? In this
chapter we shall be regarding information as a kind of “perishable” tradable asset (since
the lifetime of a useful information is typically short), and use an equilibrium argument
as a basis for pricing information itself. In particular, we shall be expressing information
in terms of its natural unit (the bit) and determine its price. We find what might be a
surprising result: that the cost of information is not necessarily monotonically increasing
in the quantity of information being supplied.

4.1 Introduction

The role and importance of information and its costing has long been recognised in the
economics literature3[l]. Nowadays, people often obtain information through internet

search engines; but the very concept that one should search price information and utilise
it to reduce expenditure, in the context of commodity markets, has been noted for at least
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half a century $2], if not considerably longer.

Nevertheless, the use of information has never been as important in the past. Indeed, access
to internet search engines—whose objectives are in information provision—constitutes an
integrated part of the lives of hundreds of millions. Internet retailers likewise not only
sell products but also provide a range of information via their recommendation engines,
helping consumers find what they like but along the way also yielding additional profits.
The quality of a recommendation engine, however, is difficult to assess if one cannot assign
a value to the information it provides.

Rapid developments in communication technology have their upsides as well as downsides.
On the one hand, access to targeted information has been made easy (for example, when
one knows the relevant web address from which information can be obtained), while on the
other hand a generic search for specific information is becoming harder due to the flooding
of irrelevant information that constitutes noise. This is a phenomenon envisaged by Norbert
Wiener, who used the second law of thermodynamics to explain the fact that in the long run
one cannot overcome the impact of the noise that overwhelms useful information, and that
this effect is in part due to the advancements of communication techndiéyWiener

also recognised that this inevitable flow can locally be reversed by means of innovations. It
is for this reason that internet search engines and other information providers are constantly
on alert of innovative ideas for information extraction and provision. Evidently, enhance-
ment of information extraction and provision, and implementation of innovation, cannot be
realised without cost. As a consequence, access to valuable information will likewise entail
some costs. The question then is: how do we price information?

There is a form of information that is regarded as particularly valuable—the kind of infor-
mation that allows one to anticipate, at least with some statistical significance, what is to
come, that is, to anticipate future trends. For example, suppose that a company has just
released a new product. A search engine can access various internet sites and analyse texts
(e.q., blog articles and tweets) to determine how satisfied consumers are with the product.
If customer satisfaction is high, the search engine can anticipate that future sales will in-
crease and hence the company will perform well. Of course, neither the data source nor
the analysis can be perfect; nevertheless, if the methodology of information extraction is
adequate, then the prediction of the search engine can be statistically significant. After
a while, however, sales figures are released, by which time the value of this information
diminishes.

The above example illustrates the idea of information diffusion. The search engine extracts
information from in principle publicly available sources. Hence one need not be a large



Chapter 4. Theory of Information Pricing 63

search engine to obtain the same information at the same time. However, in practice most
people do not have the resources to analyse in real time millions of articles available on
the internet. Nevertheless, after a sufficient amount of time (which can be short or long),
important information will be appreciated by a broad mass (and thus reflected in the share
price, in the above example), diminishing the worth of information as providing predic-
tive insights. At this stage, information has truly reached the public domain, but this is
necessarily sometime after its initial appearance somewhere in “public”.

From the viewpoint of a search or recommendation engine, and given their resources, ca-
pabilities, and objectives, therefore, it makes sense to extract useful information before the
public as a whole has had chance to do so, and sell it off to a third party who is in the
position to utilise this information. We can thus think of information as a tradable asset,
albeit that it will have an expiry date. In order to price information, however, we must cast
these intuitive ideas in terms of precise mathematical language.

4.2 Heuristic illustration

To illustrate how information can be valued, let us consider a simple example. Suppose
that we are interested in the price tomorrow of a stock, whose current prige ®ur
formulation of information pricing is applicable to a broader class of situations involving
anticipation of uncertain future events. Nevertheless, we find that the example concern-
ing information for predicting the future market very convenient for providing an intuitive
understanding of the theory (cf.17]). To keep the discussion simple, let us assume a
single-period setup so that the prigetoday will become the price, tomorrow. The value

of s; is of course unknown today, but we assume that it satisfies a known probability law
p(z). Thatis, we regard; as a random variable defined on a probability sqazer, P),
whereP denotes the physical probability measure. A search engine now performs text
mining to extract information relevant to determining the value;ofEvidently, no search
engine is capable of identifying the valueqf at best, it gathers noisy information in the
form of signal plus noiseln the simplest setup; itself constitutes the signal, but a search
engine can only extract the value of

5 =35 + €, (41)

wheree represents noise, independentsef with known densityf(x). In other words,
a search engine can sample the valu€,oivhich contains new information that is not
already encoded in the valuation today of the stock, but not sufficient to determine the
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value tomorrow of the stock. With the knowledgetahe prior density(x) of s; can thus
be updated to the posterior density
p(x)f(§ — =)

™) = T po fle - 0) 4.2

in accordance with the Bayes formula. Writing(z) = 7(x|{) for the posterior density
we define the concept of information provision as follows: It is an operation that supplies
the updated probability law:

p(x) = me(z). (4.3)

Stated more precisely, information provision is an updating of probability law in the form
of (4.3) where¢(z) is necessarily adapted to a larger filtration (i.e. information set or
knowledge) than that gf(x). Having defined the notion of information provision, we pro-
ceed to consider the pricing issues. Let us first illustrate the idea, and then try to formalise
it. In the above example, an uninformed investor will use the knowledge to deter-

mine the optimal asset allocation, which may contain a certain amount of stock, given the
initial budget¥,. An informed investor is one who has purchased the knowledge)

at a costc and has used this knowledge to determine the optimal asset allocation, given a
smaller initial budgetV, — c. For example, if the-likelihood of the stock price going up is

high while ther-likelihood of this event is low, then the informed investor will purchase a
smaller amount of the stock so as to circumvent likely loss. The problem then is to identify
a fair value of the cost. We would like to use a version of utility indifference argument

to determine the cost. However, as we shall indicate below, for information pricing, the
standard utility argument has to be augmented in a subtle manner so as to determine the
fair price. Let us illustrate this by means of a simple example.

4.2.1 Optimal portfolio choice for an uninformed investor

Consider a portfolio consisting of a single risky assgtnd a risk-free money market
(bank) account. Lef be the amount allocated to the money market accountgpdrethe
unit of stock invested. Then starting with the initial wedltfy we have the allocation

W() =40 + §Z580. (44)



Chapter 4. Theory of Information Pricing 65

Let § be the discount factor over the time period so that a unit cash invested in the money
market account will yield ! at the end of the period. Then the terminal wealth becomes

Wl = 05_1 + ¢Sl.

The uninformed investor will determine the optimal asset allocation stratégy*) such
that the expected utiliti, [U (171)], with respect to a given choice of the utility function
U(z), of the terminal wealth, is maximised. Assume tha a binary random variable tak-
ing values in the sefi0, 1} with probabilities{p, 1 — p}, and the investor has an exponential
utility

U(z) =1—exp(—ax) a € R,

The utility describes the “happiness” or “satisfaction” of the investor in relation to monetary
gain. The computation of the expected utility is straightforward:

E,[U(W1)] =1 — e (0780 (i 4 (1 — p)e™)
where we have eliminatetlby use of 4.4). Maximising this over) and writing
50 = 805_1

for the forwarded stock price, we obtain the following optimal asset allocation strategies:

gb*:lln[(l_p)(_l_go)], 0" = Wy — " so. (4.5)
a D5

The optimal expected utility of terminal wealth is thus
u(Wp) =1— o0 (Wo—0"s0) (p +(1— p)e_a¢*) )

Note that the optimisation has been performed without constraints. If short selling of either
asset is forbidden(9*, ¢*) are either(0, W, /sq) or (W, 0) depending on whethet* >

Wy /s Or ¢* < 0; otherwise(6*, ¢*) are given by 4.5). Equivalently, these conditions can

be expressed in term pfin the sense that* is given by @.5) if

1— 50
So eXp(W()C(/So) +1-— So

<p<1-—3.

Otherwisep* = 0 or Wy /so.
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4.2.2 Optimal portfolio choice for informed investor

We now consider the action of an informed investor in this simple example. We assume
that there is an information provider who has the ability to sample

5281+€7

wheree is a noise term independent ©f, which for simplicity of exposition we assume to
take valueq0, 1} with probabilities{q, 1 — ¢}. In this example the value @fcan be0, 1,
or 2, and thea posterioriprobability . thats, = 0 is given by

T = 1,

p(1—q)
T b= e —p) (4.6)
T = 0.

Since the information provider has to have invested capital in developing a system that is
capable of sampling (for example, in the form of a large number of computer servers),
and since it has to continue investments for system maintenance, it is only reasonable to
expect a payment for the provision of this information. Before we proceed to value this
cost, let us first examine the strategy of an informed investor.

Let ¢ be the cost for the purchase of information. Then the initial budget condition for the
informed investor becomes

Wo =19+ pso + ¢, (4.7)

where (9, ¢) denote portfolio positions of the informed investor. An application of the
optimisation procedure described above then yields:

(1 = me)(1 = 50)
7T5§0

1
Y= aln { ] , =Wy —c— sy, (4.8)

wherer, = P(s; = 0[£). In this case, the utility of the optimal terminal wealth conditional
on the value of is given by

u.(Wo) =1— e~ (Wo—c—¢"s0) (7?,5 +(1-— 7T§>e_a<'0*) ) (4.9

Similarly to the previous example, these results are based on unconstrained optimisation.
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If short selling is not permitted, for instance, then these results hold if
0 <" < (Wo—c)/so.

Otherwise we must take appropriate boundary values.

4.3 Utility indifference pricing of information

We are now in a position to discuss the valuation of information in the above examples.
To this end we would like to employ an argument based on utility indifference, similar to
the one presented, for example, by Grossman and Stigjz The argument intuitively

goes as follows. If possession of extra information at no cost provides on average a better
payoff, then every investor would seek to be informed. Consequently, there should be a
positive value assigned to this information. If on the other hand the price is too high, then
no one would want to be informed. Hence there exists an equilibrium level for the cost of
information at which investors are indifferent, as far as their preferences are concerned.

Naively, one might then identify the utility indifferent price of information by solving the
following equation fore:

u(Wo) = uc.(Wo) (4.10)

so that the expected utility of treeposteriorioptimal strategy after paying for the informa-
tion equals the utility of tha priori optimal strategy. The intuition behind this relation is as
follows: Provided that the costis sufficiently small, the possession of additional relevant
knowledge, in the form of a strictly larger filtration, necessarily increases expected utility.
Since utility is a decreasing function of the costhere must be a positive numhérsuch

that @.10 is satisfied for = c*.

In the context of information pricing, however, this intuitive argument fails to determine the
correct value of*. On further reflection, the reason for this becomes apparent: ignorance
can make people happy. While it is true that with the additional knowledge an investor will
on average perform better (ciL3]), an uninformed investor can be more optimistic about
the future outlook.

Take, for instance, an extreme case wheretpeori probability that the stock price mov-
ing up by a significant amount is high. An uninformed investor will thus put the majority of
the initial wealth into purchasing this stock. Suppose, however, that plosterioriproba-
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bility indicates that the stock price is more likely to move down. An informed investor will
thus only invest a small fraction of the initial wealth into this stock to avoid a large loss. In
this case, a likely scenario is that an informed investor knows that there is little prospect of
making a large profit (i.e. small expected utility), but manages to prevent a loss, while an
uninformed investor has a very high hope (i.e. large expected utility), but ending up with
a loss. According to the pricing formuld.(0, therefore, the information cost becomes
negative in such a scenario.

Grossman and Stiglit2p] (see also40, 45, 53]), on the other hand, propose the use of the
following identity to fix the cost:

E [UWE)] = Ep[U(WZ )] (4.11)
Here, W) = 0*6~! + ¢*s, denotes the random variable associated with the terminal wealth
based on the implementation of thepriori optimal strategy 4.5); whereas the second
wealthW;, = 9%~ 4 ¢*s; denotes the random variable associated with the terminal
wealth based on the implementation of thposteriorioptimal strategy4.8), having paid
c for the information. This is likewise the pricing formula proposed by Amendieget.
[3] (see also]). In the present example4(1]) leads to the pricing formula

o

1
o= —In|— 4.12
Ces = 1 |:q80(1 ( )

The shortcoming of the Grossman-Stiglitz pricing formulal(l), however, is that the cost

is fixed irrespective of its quality. For example, if the realised valug isfeither( or 2,

and if there is no cap on short selling, then an investor can purchase this information for a
modest cost to make infinite profit, leading to an arbitrage because starting with zero initial
wealth1/, = 0 one can construct a portfolio such th&#1;] = oo under any measure
equivalent taP. In contrast, in our theory we would like the cost of information be infinite,

if this information were to provide infinite benefit. (See also remarks in Appefilix

4.4 Information dependent price

With this in mind, we deduce that the “correct” pricing formula should be given by solving

E-[UW;)] = E-[UWZ )] (4.13)

p
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Figure 4.1: Left: Expected utilitieE,[U ()] for ¢ = 0, 1,2 as a function of the cost

are shown here as three horizontal lines. For each valdewsd also plotE, [U (W} )],

when short selling is strictly prohibited. Whens sufficiently small, the latter utilities are

higher, but as the cost increases, they decrease=At* the two utility functions for each

¢ agree and determine the unique equilibrium price for which the investor is indifferent.

Here we have chosen parameters tabe 0.1, s = 0.5, Wy = 5,p = 0.4, ¢ = 0.7, and

0 = 0.95. The numerical values for the cost for eachre plotted as a histogram on the

right side. In this example, we hav&(0) = 1.51, ¢*(1) = 0.71, andc¢*(2) = 1.65. The

average cost ig* = 1.10.

for c. In other words, we consider with hindsight what would have happened to the un-

informed strategy, and compare this with the informed strategy. In this way, a consistent
price for information can be deduced. We propose this to be the basis with which informa-
tion can be priced using a utility indifference argument. In the case of the above example,
(4.13 amounts to solving

e=od ™ (Wo—¢"s0) (7T§ + (1 - W&)e_a¢*> — ¢~ (Womc—p"s0) (7T5 +(1- Wg)e_aw*)

for c. This gives

*

CcC =

bl

) 1 ﬂgea§0¢* + (1 — W£)€a¢*(§0_1)
—In - _
a | mee®®0¥" 4 (1 — e )exe” (5o-1)

which makes it apparent that wheh = *, i.e. when¢ provides no additional information
(which can happen in the present example if for instgneeq = % and¢ = 1), or when
the additional information provided by results in no change of the strategy, the cost is
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identically zero. Note that the dependencergfon ¢ implies that the value of* also
depends orf. Thus, for instance it = 0 or & = 2, and if unlimited short selling is
allowed, thenr* = co as desired. In many cases the dependencgismatural, because
different values of embody different information contents.

The plot for cost versus information content in figdrd shows the indifference price of
information for different values of. It is given by the value of where the two curves of
uninformed and informed expected utilities meet. If the cost were higher then this would
be favourable to the information provider, while if the cost were lower this would be more
favourable to the information seeker. The lowest cost é-atl, where the corresponding
pairs(Sr, €) take the value$0, 1} or {1, 0}. Itis where the uncertainties are the highest as
compared to other values 6f Indeed, this is the only case of uncertainty in our example.

In contrast to the informational cost formula proposed by Grossman and Stiglitz, the one
that we proposed is that of no arbitrage. This can be shown by the fact that the wealth
processIV; ., is a martingale (see Appendix for detail calculation). In particular, the
unconditional expectation of the terminal wealth is a constant undét theasure:

E[W7 ] = B(¢1) — Al1)/a+ ¢ ((1 — p)(1 — q)(1 — 50) — pgSo).

whereA(y}), B(p}) are constants defined in AppendixHence one can find an equivalent
martingale measur® such that

E® [W;,c] = W,

and this implies no arbitrage.

4.5 Information independent price

While it is useful to be able to express the cagt) as a function of the “content® of

the information, there are likewise cases where it is desirable to associate a fixed price
for information. This applies to the provision of generic information; whereas for the
purchase of a specialised information, it might be unreasonable to expect a flat rate for the
information, irrespective of its content or quality. We shall therefore consider both cases.

If short selling is prohibited, then even with the knowledge 0 or ¢ = 2 an investor can
only make a finite profit. Hence in this case the cost should also be strictly bounded. In fig-
ure4.1on the left panel we pldE, [U (W] for three values of as functions of: (clearly,
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E.[U(W,)] for each value of is constant irr), and compared these willy. [U (W )] as
functions ofc, when short selling is forbidden. For each valug dfe intersection of the

two functions determines the cast¢), shown as a histogram also in figutel. For the
parameter values chosen in this example, the “upside” information (¢keR) is worth

a little more than the “downside” information (whén= 0). In this way we are able to
assign prices for information of specific quality. If we are interested in assigning a flat rate
c*, then we average the individual cost according to

&= P& = &) (&)

In the present example we have

P(§=0) = pg,
P=1) = p(1-q)+(1—-p)g, and
P=2) = (1-p)(1-q),

which can be used to determine Since thea priori expectation of our pricing formula
(4.13 gives the Grossman-Stiglitz formuld. (1), we see that solutions td.(L1) and @.13
correspond, respectively, to the concepts ohanealedaverage and guenchedverage

often considered in the spin-glass theory. In particular, by an application of Jensen’s in-
equality, the Grossman-Stiglitz cost provides a lower bound for our cost:

4.6 Separation of density functions

The informed investor has purchased extra information, putting him in a better position
when choosing his assets. One way of quantifying the “gap” between the uninformed
and the informed information is to express their separation in terms of the Bhattacharyya
spherical distance betweenand . The Bhattacharyya spherical distance between two
probabilities{p;} and{¢;} fori = {1,..., N} is given by

N
Di(pla) = cos™ > /piv/ai-
=1

Intuitively, the idea of the Bhattacharyya spherical distance can be understood by regarding
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{/p:} and{,/q;} as representing normalised vectors in the Hilbert sggce [>. Then
0 < Dp < /2 can be seen to represent the angular separation between the two vectors in
the Hilbert spacé.

In figure 4.2 we plot the Bhattacharyya spherical distatggp, ) for three different
realised values of, as a function of the prior probability. From these distance plots
we can deduce how much the posterior probability deviates from the prior probability in
different circumstances. In particular, valuesiog(p, 7¢) are large when the additional
information comes as a significant surprise.

T
[E—r—
— =
=

Spherical Distance (Radian)
L

I
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Figure 4.2: The Bhattacharyya spherical distance betwesdr for difference values of
¢ (the left top curve corresponds §o= 0, left middle to¢ = 2, and left bottom tg = 1).
The horizontal axis represents different valueg.of

4.7 Utility indifference information pricing with continuous payoff

Having introduced our framework for information pricing, our next objective is to express
the cost in terms of the quantity of information so that we are able to quote the price in
the form, for example: “$X for Y bits of upside information”. This is highly desirable
because the representation of the cost as a functignneed not be very practical. Our
definition of information as a quantity that generates the transformati@ngllows us to
proceed by the consideration of relative entropy betweerm tori and thea posteriori
probabilities. The examples considered above, however, are too restrictive, becaase the
priori and thea posterioriprobabilities are not absolutely continuous with respect to each
other, and thus relative entropy cannot be defined. Indeed, the idea that an information
provider can ascertain the future valyeat time0, which would be the case if the sampled
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value of¢ is either0 or 2, is somewhat artificial and unrealistic. We therefore consider
another simple example in which this issue does not arise.

We assume the setup as before, except that the random vasjaBl@ssumed normally
distributed with meam and variancer*:

E=s1+¢, where s;~ N(u,0), €~ N(0,0.).

Thus, the model is similar to the Bachelier model, rather than a geometric Gaussian model,
in that the asset price can take negative values. In the case of an uninformed investor, a
straightforward Gaussian integration then gives the expected utility of terminal wealth as:

E,[UW1)] =1 — exp [—Oé (5_1(W0 — $s0) + dp — %O@QUQ)} :

It follows that the optimal allocation strategy is determined by

Similarly to the previous example, if there is a restriction on short selling, then these results
hold provided that < ¢* < W, /sq; otherwisep* = 0 or ¢* = Wy /so.

An informed investor is able to purchase the sampled valggfen by @.1) above, except
that the noise variableis now assumed normally distributed with mean zero and variance
o2. In this case, a standard result in Gaussian filtering theésfy(in fact, a straightforward
application of the Bayes formula) shows that ghposterioriprobability law fors; given¢

is also normally distributed:

2 2 252
Ho¢ +€0- / 0°0¢ —
81|§NN< O'2+O'2 ) O'2+O'2> :N(M§JU§)

The optimisation problem thus reduces to maximising

u(Wo) =1 —exp (—a (67" (Wo — ¢ — pso) + ppe — 3a9°07)) .
The result is

o= He =50 ﬁ*:WO_C_m. (4.14)
OéO'g Oé(fé

As before, if short selling is not permitted, we have the conditibrs p* < (W, — ¢)/s0
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Relative Entropy (bits)

g

Figure 4.3: Left: Cost*(¢) of information as a function of the realised valuefofRight:
Relative entropyl () = I(m¢|p) as a function of the realised value &f The parameter
values used here argj = 1,6 = 0.95, « = 0.1, Wy = 10, p = 1.1, 02 = 0.2, e = 0,
ando? = 0.2. The red curves correspond to pieces of downside information (i.e., values of
¢ that indicate decrease i as compared to tha priori expectation) and the blue curves
correspond to upside information.

for which (4.14) is valid; otherwise we must take boundary values.

Let us evaluate the cost of information by the princiglel®. This amounts to finding the
value forc that solves

exp [—oz ((Wo — P*s0)0 T+ O e — %ozgzﬁ*%?)}
= exp [—oz ((WO —c—p*s0)d T + O e — %ag@*Qag)} ,

with the solution
= %Oz&rg(gb* — ") (4.15)

This provides the cost'(¢) as a function of the sampled value ©f That is, before the
purchase is made, a client of the information provider can agree to the price structure
(4.15 so that depending on which value othe information provider produces, the client

will pay the cost appropriate for that information. If the use of a flat fater the cost is
desirable, then we averagg¢) over{ under the suitable Gaussian measuresforhis is

given by the expression

It is interesting to draw attention to the expressiérif we have obtained for the cost. Up
to a proportionality factor, the cost is given by the quadratic difference betweamitari
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Figure 4.4: The cost*(I) as a function of the quantity of informatiah when there is

no constraint for short selling. The solid lines in all four plots (they are identical) corre-
spond to the parameter values used in figuB While keeping other parameters fixed, the
following changes in parameter values are used, represented by dashed lines in the plots.
Top left: o has been increased to= 0.2; top right: 02 has been increased ¢ = 0.4;

bottom left: 02 has been increased & = 0.4; and bottom right:§ has been decreased

tod = 0.92. The red curves correspond to downside information, and the blue curves
correspond to upside information.

and thea posterioriportfolio positions. This indicates that the cost is indeed determined
by the “usefulness” of information. We shall come to discuss further on this point below.

As indicated above, we wish to associate the cost with the quantity of information. For this
purpose, we consider the relative entropy

I(relp) = /_OO re(s) In <”5(3)> ds

oo p(s)

(

2 2

1 g O¢
= 5[1n<0—§>+§—1

between the prior and the posterior densities. It should be evident from the decomposition
¢ = s, + e that there is a critical valug', given by thea prior expectation of;, such that

thea posterioridensity is least informative, and such that the information content increases
as the value of increases or decreases away from this critical level. In other words, relative
entropy is monotonically decreasing §rif ¢ < ¢, and monotonically increasing iif

¢ > £ One might therefore expect that the cost should also exhibit the same monotonic

_ 2
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Figure 4.5: Left: Cost*({) of information as a function of the realised valueéoivhen

short selling is strictly prohibited. Right: Relative entropy() = I(m¢|p) as a function

of the realised value of. The costc*(£) measures the usefulness of information, while
relative entropyf () measures the quantity of information. The parameter values used here
are:sg = 1,0 = 095, a = 0.1, Wy = 10, u = 1.1, 02 = 0.2, . = 0, andeo? = 0.2.

The red curves correspond to pieces of downside information (i.e. valdebaf indicate
decrease i, as compared to tha priori expectation) and the blue curves correspond to
upside information.

dependence of§ — £'|. Surprisingly, however, this is not the case. As indicated above, the
pricing formula @.15 in the Gaussian model shows that if the additional information does
not alter portfolio positions, then an investor is not going to pay for that information. As a
consequence, minimum information can be more costly (i.e. useful) than a larger quantity
of information.

In figure 4.3 we plot the cost functior*(¢) where there are no constraints for short sell-
ing, and the relative entropi({). By inverting these two functions we can determine the
costc*(I) as a function of the information content, as shown in figefor a range of
parameter values. Note that in the numerical plots we have converted the logarithmic basis
so that relative entropy is measured in the conventional binary units of “bits” rather than
the Shannon units used iA.(L6). Hence the horizontal axis represents information content
expressed in binary units.

4.7.1 Unconstrained scenario

We observe that costs of upside information in these examples are always slightly higher
than those of downside information, and that in each case the cost is approximately a linear
function of the quantity of information. The general trend that we have found is as follows.

The cost in the unconstrained case is a decreasing function of the risk aversion parameter
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« in the utility function. This is because for a high valuecothe investor “saturates” the
upper bound of the utility function sooner, as compared to a lower value bénce the
investor reaches a “happy” or “satisfied” level, and any further monetary gain will only add
little value. In other word, a high investor is an investor of a risk-averse type.

The cost is an increasing function of the signal uncertaintyThis is natural, because

if one has a very noisy signal to start with, then a better-quality additional information
becomes more valuable. However, if onaigriori clear about the realised value gf

then additional news seems less attractive.

The cost is a decreasing function of the noise uncertaintyhat is, the stronger the noise
contained in the information is, the less valuable the information becomes. This is entirely
expected, since the reliability of the information is clearly decreasing in the widihthe

noise.

Finally, the cost is a slightly increasing function of the discount fagterhich again seems
natural because the growth of the money market account is givén'by

4.7.2 Constrained scenario

The cost structure changes somewhat if we restrict short selling. This is because the upside
gain from exploiting additional information is restricted in this case. In particular, if short
selling (including cash borrowing) is prohibited, then the cost is bounded above by the
initial wealth 17/;,.

We plot in figure4.5the costc*(£) as a function of in the case for which short selling is
strictly forbidden. The result reveals some interesting insights: a client of an information
provider is willing to pay significantly higher costs for large downside information, as
compared to upside information, and the increaséif) for upside information is satiated
relatively early.

This feature of course is closely related to the model setup chosen heresSmassumed
Gaussian, purchase of the stock by any amount can result in an unbounded loss. Therefore,
investors are willing to spend the totality, of the initial budget as a protection against
large losses, leaving behind no asset for any investment. Conversely, investors are inclined
not to spend significant portions of the initial budget on upside information, because if there
are opportunities to profit from investments, they would not want to lose these opportunities
by spending all the budgets. This is a remarkable feature inherited from the utility function,

in which the gradient decreases as we go uprthgis.
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Figure 4.6: The cost'(/) as a function of the quantity of informatidin when short selling

is strictly prohibited. The solid lines in all four plots (they are identical) correspond to the
parameter values used in figutes. While keeping other parameters fixed, the following
changes in parameter values are used, represented by dashed lines in the plots. dop left:
has been increaseddo= 0.2; top right: % has been increaseddd = 0.4; bottom left: o2

has been increased ¢3 = 0.4; and bottom rightd has been decreasedde= 0.92. The

red curves correspond to downside information, and the blue curves correspond to upside
information.

Although the cost structure changes when there are constraints, we can again invert these
relations to quote unique prices for upside and downside information. The results are shown
in figure 4.6 for a range of parameter values. We observe that when there are constraints
the price of information exhibits somewhat nontrivial behaviour as we change the model
parameters.

One noticeable behaviour seen across all constrained prices is that downside information
has sharper gradients than upside news. This reflects the fact that as we move down the
utility curve from any particular point we have sharper changes in its gradient. Therefore,
investors with such utility are always willing to pay a higher cost for negative news than
positive ones of the same magnitude, when measured in bits.

Generally, the cost for downside information decreases and upside information increases
as we increase the risk aversion parameteirhe reason for this is because, with a high

« value the utility of the investor would already be at a higher values, as compared to
a low « investor, referenced at the same fixed wealth. As wealth decreases, the high
investor would remain content initially, hence not yet ready to pay a high cost for the
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Figure 4.7: Interpolation of the information pricg&(7) from the strictly constrained case
to the unconstrained case. Top row, from left: (i) borrowing is strictly forbidden; (i)
borrowing is capped dt’,/2; (iii) borrowing is capped atl,. Bottom row, from left: (i)
borrowing is capped at\W,; (ii) borrowing is capped a5V, (iii) unlimited borrowing
permitted.

downside information. Whereas for a lawinvestor, she may enter the “unhappy” level
faster, and thus is willing to pay a higher cost to compensate the potential loss. For the
upside information, a high investor has the steeper gradient, hence is willing to pay more.
The effect does not appear on the downside because we restrained from short selling, so a
negative information does not help the investor to increase utility significantly, but only to
limit the loss.

As the signal uncertainty increases, the cost for downside information becomes less ex-
pensive while upside news become more expensive. That upside news become more ex-
pensive is because the investor is willing to pay more for a clearer signal to profit more.
For downside news, on the other hand, the worth of information seems to diminish rapidly
as the signal uncertainty is increased. These two features are not symmetric because in this
constrained case where no short selling is permitted, the investor cannot profit from down-
side news, but can only limit losses, whereas the investor can profit from upside news.

The bottom left plot in figuret.6 has varying levels of noise variance, this includes the
cases ob. = {0.1,0.2,0.4}. The graphs are identical in all of the cases. The idea is that
the noisier the piece of information is, the less one is willing to pay and vice versa. This is
because an information with large noise gives less information as measured by the relative
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entropy, and this in turn gives less bits to be paid for. If we know that a piece of information
is noisy than this does not affect our decision, only that we know it is not very informative
and we pay less.

The two cases examined here, namely, the strictly constrained and totally unconstrained
cases, can be interpolated by gradually relaxing the borrowing cap, as shown irfigure
These intermediate cases are often more realistic because of leveraging. In the case of the
example considered here we observe that by raising the cap of borrowing to five times the
total wealth the net effect is already equivalent to allowing for unlimited borrowing. The
effect of leveraging is also of interest in showing in which way the upside and downside
information costs intertwine.

4.8 Analysis of expected loss at maximum information cost

One interesting observation that we have made in the case where there are trading con-
straints on short selling is that for a sufficiently strong indication that the price may drop
significantly, investors are willing to spend the totality of their initial wealth to purchase
such information so as to avoid large losses. In this case, no upside gain will be made;
instead, all the asset is consumed to prevent large losses. A natural question that arises
then is: what is the amount of expected loss, as a percentage of the initial wealth, such that
investors are willing to trade their entire asset in exchange for the information so that no
asset is left for further investment? To address this interesting question, let us degbdte by
the critical value of informatiog such thate*(£*) = W,. Then the conditional expected

loss is given by

Wo —E[Wr|§ =& = Wo(1 —exp(rT)) + ¢* (e — 0),

where¢* is the optimal risky asset allocation with no short selling. The standard deviation
of the conditional loss is similarly given by

(VarWr|¢ = &))Y? = ¢*o..

We have calculated the conditional expected loss and the associated standard deviation for
a range of parameter values, expressed in percentage of the initial Wéalifhe result is
given in Table 4.1 below.
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o' a=0.1 S = 10,
0.1 0.3 05 | Wy =100 | Wy =100
Expected los$%) 99.67 99.8599.89| 99.94 99.67
Standard deviation of log80) | 7.7 2.58 1.54 0.77 2.43

Table 4.1 A table showing the expected loss in percentage of the initial wealth for a
range of parameter values. The parameter values being used here-abé;, T' = 1,
a=010=02p=11,0. =02, andu. = 0. The values of the initial wealth are
Wy = 10 and W, = 100, as indicated in the table, and the value of the initial asset is
so = 1, unless otherwise specified.

Since the terminal value of the risky asset is normally distributed in the present example,
an investor purchasing the asset is in effect entering into a contract that entails unbounded
gain, but also unbounded loss. This is precisely why when short selling is not permitted
an investor would rather spend the totality of the initial wealth to purchase the information
so that investment opportunities are lost, provided thatatip®steriori expected loss is
greater than a threshold value. The results of Table 4.1 show that this threshold is about
100% of the initial wealth, irrespective of the model parameters. It is interesting that the
the expected loss turns out to be more or less exactly the initial wealth.

4.9 Cost of information in continuous time

It is of interest to extend the single-period models considered previously to continuous-
time models within the context of utility indifference pricing theory. In this section we
shall generalise the method we presented in the previous section to a dynamical, contin-
uous time setting. The scenario of receiving an extra noisy information falls under the
context of “filtration enlargement” in the literature. We shall follow existing literature of
filtration enlargement techniques, specifically, Amendirggexl. [3], and employ the stan-

dard portfolio optimisation procedure using the concept of convex dudHtyip] to work

out the cost of information through the augmented utility indifferent price framework.

4.9.1 Utility optimisation

We begin by reviewing the theory of utility-based portfolio pricing in incomplete markets
using the convex duality method. This method has been widely studied and developed in
the literature; to name a few, referencés,[19, 37, 39, 44, 46] and many others since

the 1980s. This section follows, in particular, the settingdef A6]. In what follows, we
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present some results on information cost in continuous time; background material regarding
filtration enlargement and utility optimisation are presented in Appendices B and C. We
refer readers to these appendices and references for detailed arguments.

We shall not assume market completeness. Incomplete markets are usually associated with
the notion of perfect hedgeability, i.e. whether a contingent claim can be replicated per-
fectly. We consider the incomplete market in the sense of insufficient information regarding
the dynamics of the asset. This would lead to models of stochastic volatility and uncertain
drift, because there are extra randomness or uncertainty in the asset. Consequently, the
market is inefficient, in the sense that information flow is not perfect and hence not all
information available in the market are taken into account by every participant. Extra in-
formation can nevertheless be acquired by extra costs.

In this section, we assume the setup, as described in the BHM information framework
[17], whereby the asset price process is adapted to the filtration generated by a market
information process$¢, }, and that the drift and volatility are deterministic givenHence

the background filtration is given b, = o(& : 0 < s < ). The time set is denoted by

T =[0,7].

There aren + 1 assets, one money market accofitand n risky assetg S, ..., S™).
Assume that the dynamics of the assets take the form:

dS; = piSidt + o} S;dW,, (4.17)

where{WW;} is ad-dimensional Brownian motion off?, F, { F;},P) andd > n. To sim-
plify the notation we shall writelS = d.S?, and similarly for{x;} and{o;}. The processes
{u:}, {o;} are progressively measurable processé&imndR™*? with the property that

T T
/ | e |dE —l—/ oy |2dt < o0
0 0

almost surely. We assume that for ak [0, 7], and the matrix; is of rankn. Thus the
matI’iXO‘tO‘tT of dimensiom x n is invertible. The money market account with deterministic

interest ratgr, } is given by
t
SY = exp (/ 7°st> .
0

For the requirement of no arbitrage, we assume that thd tetf equivalent martingale
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measures associated with the asset is nonempty:
M.(S) # 0.

If the setM,(S) contains only one element then evidently the market is complete. (Further
details about the no arbitrage condition can be found in Appendix C.1.)

Now a self-financing portfolio is defined by a péip, ¢;} wherew € R is the initial wealth
and¢, = {¢.};—1._a is a predictable and-integrable vector of processes specifying the
number of shares of each of the risky assets held in the portfolio. The value of the self-
financing portfolio at time is given by:

t
Wt :w—i—/ ¢udSu =:w + (¢S)t,
0

where [ ¢dS = 3" [ ¢'dS". Knowing the “control process{¢,} is similar to knowing
the wealth proces§iV;}. If {S;} is a local-martingale thefil; } is known to be a sigma-
martingale.

As in the previous section, we consider a utility function of the form
U(r) = —e %, (4.18)

wherea is the risk aversion rate; large valuescotorrespond to high risk aversion. The
exponential utility function is strictly concave and satisfies the Inada conditions:

U'(0) :=1limU'(z) =00, and U'(co0):= lim U'(z) =0.

z|0 r—00

Our aim now is to solve the optimisation problem

T
uw(w) :=sup E[U(Wr)] = sup EU (w +/ gzﬁtdSt) : (4.19)
pEA peA 0

where

t
Sy =S, exp(—/ rsds)
0
is the discounted price and the admissible set of strategies is defined as

A={¢:(¢-95)isaQ-martingalev Q € M.}.
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We aim to use convex optimisation techniques to solve the problem described by equation
(4.19. We shall only summarise here important steps in solving the primal proldldr§;(
further details are provided in appendix2 By Fenchel-Legendre transform, we obtain

the conjugate relation

V(y) = sup[U(z) —ay],  y>0,
zERT
and
U(z) = inf[V(y) + zy], x> 0.
y>0

In other word, the solution to the primal problem can be deduced by solving the dual
problem:

v(y) = @ienﬁe EV([(yZr)], (4.20)

whereZ is the Radon-Nikodym derivative @ with respect taP. In this formulation, the
optimal asset allocation strategy is given by (Appendix C):

- 1
¢St = aUt(Uth)_lat(Uth)_l(Mt — 1), (4.21)
The primal value function can be derived at once to be
u(w) = —exp (—aw — H(QF, ]P’)) )

The so-called maximum entropy has the following form:

E 1" 2
H(Q ,P) - 5 |)\t| dt.
0

4.9.2 Utility optimisation with information

The effect of new informatiog is reflected through the enlargement of filtration, the new
probability space is now2, VG, G = {G;},P) whereG = ¢ ({) andG; = F;VG. Follow-

ing the line of arguments presented in Amendingeal. we shall employ the martingale
preserving measur@ such that@ =Pong and@ = Q on Fr, whereZ$ = 7L /p“

is its Radon-Nikodym derivative with respectlfo The key property of the measuteis
that F;,-martingale remains martingale undgr\v G. Further details about the martingale
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preserving measure are given in Appendix B.

For an investor to obtain informatioft,} adapted to a larger filtration, it will naturally
entail a cost. The new portfolio and value function are defined as

)

The admissible set of strategig$’ in this case is defined by a set of integrable strategies
such that

T
u’(w — ¢) := sup EF [U (w +/ ©;dS; — c>
0

pEAG

A% = {o: (p, 5), is aQ-martingale unde€}.
For informed investors, we have the new definition of equivalent martingale measures:
M = {Q «~Pon(Q,Gr) : discounted price of is aQ-local martingalé.

We can follow the same argument as for the uninformed case and derive the relative entropy
for the informed investor. If we denote B[] the risk-neutral expectation und&; and

using the properties that this defines the minimal martingale preserving mégsure

dQ”f  dQF

— In ——

dP "~ dP
= EY[InZ§|G]

HE(QF,P) = E G,

ol Zf
= ]E IDZ—+1HZT
T

o
G

T

The minimal change-of-measure martingale is given by

dQF 1

T 1 (T ,
= — — A d - = Ae|odE ) .
P pG exp( /0 +dW; 2/0 | t| )

This gives a different initial wealth

1 ¢ e
w=Wy == (E {m% gtl —5/ \Wdt).
0

Though the running strategy is unchanged if we have a determinjstichich is given by

Zg =
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equation 4.21). The dual variable is given by
y* = aexp (—aw — HG(@E,P)> ,

which gives the value function for the informed investor

G

uS(w — ¢) = —exp (—a(w — ¢) — H(QF,P)) EC {exp (—EG {m 2_;

)1

whereQf € M¢ is the minimal entropic martingale preserving measure for the informed.

For an uninformed investor taking the posterior expectation, the value function is defined
by

“(w) = sup E [U(Wr)|G]

= —e “Elexp(—a(w + 1/a[H(QF P) — E9[In Zs|F]]))|Gi]
= —e_awE[ZTGXP(—H(QEaP))|gt}

_e—aw—H(QE ,P)

- I

due to the martingale preserving property.

We follow the argument of indifferent pricing as shown in equathid :

“(w — c) (4.22)

u®(w*) = u

wherew* is the optimal initial wealth undéf. The cost can be deduced at once

d)

Remark: Since we are taking conditional expectation on the relative entropy that depends
on g, the cost will as a consequence dependjgrthat is, on the outcome of the random

variableg;.

ZG

¢ = —émEG [exp <—EG {m—T gt} (4.23)

Zr

4.10 Cost for extra noisy information

We are interested in analysing the gain of information from the update of information.
Specifically, following from chapter 2, an aggregate of information processes can be repre-
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sented in a form of one single effective information process. Hence we assume that
G=FVH=0n,0<s<t)).
The additional informatiog; is given in the form of signal plus noise
n = vYrt + Gir (4.24)

where{f,r} is a Brownian bridgey is a random variable denoting the information flow
rate andy; a random variable denoting the future cash flow, independeft-@indy. Due

to propositionB.1.5and the Markovian property of this information process, the relative
entropy can be written as

Z
E [Zﬁln oo
T

Ht} — (28 In %), (4.25)

Furthermore, tha posterioridistribution giveng, of Y7 is given by:

G _ 1 ox (_1 (e — VYTt)Q)
V== T\ 2T —0/T )

The entropy function in equatiod 25 becomes:

Gr. Gle 1 T E[(n: — vYrt)?|n
ElZrnpliel =5 (ln ort(T —t) (T —1)/T >
1 T ng + [ (vyt)*m(ylne)dy — 2, [ vytn(y|n)dy
2 (ln ort(T —t) t(T —t))T ) - (4.20)

In the first equality, we have used the martingale preserving property that
EC[(n; — vY7t)*|m] = E°(x — vY71)?] oy

By employing the Bayesian method, as shown in chapters 2, one can deravpalsesrior
distribution7(z|n,) explicitly:

[ p(W)p(v) exp [75 (yom: — 5y*0%t)]dv
I [ p@)p(v) exp [755 (yome — Ly?o?t)]dody’

m(ylne) = /W(y,v|77t)dv =
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Hence if we exponentiatel(26) and take the conditional expectation under the enlarged
filtration, we obtain
nt] :

EG [eE[Z% In p&|n] 7]

T B l(nt - fvytﬂndy)2
(T 1) exp

= 2mt(T 2 (T —1))T

exp (—%TLit)Var(vYT\m))

T exp ( 1 (77t — fvytﬁndy)z) ‘

2mt(T — t) 2 H(T—-1t))T

exp (—Z(TT—it)Var(uYT\m)) . (4.27)

Hence the cost depends on #theosteriormean and variance of the cash flow, denoted by
[ty |y @ndo?y, | respectively:

. (4.28)

(0%

cF = l In 27Tt<T _ t> T(T/t - NVYT|77)2 TtO‘EYTl&
! T 2t(T — t)) 2(T —t)

We observe similar behaviour in this function as in the one-period setting in the previous
section. In particular, the cost is an increasing function of the “degree of surprise”, i.e. the
a posteriorvariances’y, .

4.11 Discussion

In summary, we have modified the conventional approach to information pricing so as to
obtain a pricing structure for information so that the pre-agreed price of information de-
pends on the quality of information provided. This is reasonable because it is difficult
for an information provider in reality to ensure the quality of information, on account of
noise. One of the consequences is that the behaviour of the information cost is very dif-
ferent for the constrained and unconstrained scenarios. The main difference between the
two scenarios is that when short selling is not allowed in the constrained case, downside
information can only alert investors concerning possible losses (i.e. one cannot make profit
out of downward price movements since short selling is forbidden). On the other hand,
in the unconstrained scenario the investor can use downside information to create profit,
which in turn generates a similar cost-information profile to upside information. It should
be added that these characteristic behaviours are invariant under the overall scaling of the
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initial wealth and the asset prices.

The results revealed here correspond to, at least to some extent, situations one might en-
counter in real-life contexts, even though the model setup is quite simple. In particular, it is
interesting to draw attention, in the case where short selling is not allowed, to the fairly uni-
versal observation that (based on our model setup) when the expected loss of the investor
amounts to approximately)0% of the initial wealth, investors are willing to opt out of any

risky investment by spending the total initial wealth to purchase that information, so as to
prevent the possibility of loss beyond the initial wealth.

Finally, we conclude this section by remarking that the existence of information asymme-
tries is not only fundamental to modern microeconomic theddy} put also constitutes

the basis for the existence of information providers, the roles of which are becoming in-
creasingly more important in modern society (internet search engines, recommendations,
etc.). Our main objective here has been to demonstrate in which way valuable information
can be priced in a rational manner. Although the models used here to illustrate our pricing
theory are simple, they nevertheless provide a useful conceptual guideline for evaluating
information in a variety of contexts.
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Conclusion

In this thesis, we have considered a variety of mathematical aspects of the role of infor-
mational inhomogeneities in financial markets. In particular, we have identified one of the
likely sources for the stochasticity of asset-price volatilities as arising from uncertainties
in information flow rates. We have been able to obtain closed-form expressions for asset
price processes and associated derivative prices in the simplest modelling setups—in a con-
text which is nevertheless sufficiently rich to be enable a fit to a wide range of volatility
surfaces.

We have also addressed the issue of the assignment of a value or price to a given piece of
information. Since there is no liquid market for informatiper se we have in the present

work adopted a utility indifference argument as a reasonable starting point to tackle this
problem. Our point of departure, however, is to usedahmosteriorimeasure, rather than

thea priori measure used in the literature for this purpose, in the determination of the fair
price of information. As a result, we have been able to obtain quality-dependent valuation
formulae for information.

The problem of information valuation has been analysed in this thesis in the context of a
financial market in which an information provider has access to a source of noisy or im-
perfect information concerning future returns, a source that is in particular adapted to a
filtration larger than that accessible to general market participants. That this kind of setup

is indeed reasonably realistic has been argued and reported in recent empirical studies—as
described, for example, inf] and [8]. The problem of information valuation is, never-
theless, not confined exclusively to financial markets as such. The “value” of an internet
search engine, for instance, lies precisely in its ability to consistently provide information
that users do not already have and do not otherwise have ready access to. Internet retailers
likewise provide information in the form of recommendations and targeted advertisements,
which in turn also lead to profits. It would be of interest to extend and apply our theory in
broader settings such as these, since in the future the role of the value of information will
undoubtedly be an issue of increasing importance.
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Appendix A

Risk Neutral Measure for the Cost of
Information

A.1 Presence of arbitrage in the Grossman-Stiglitz formula

The purpose of this section is to demonstrate, by using a somewhat extreme example, that
according to the Grossman-Stiglitz formula for the cost of information it is possible to
start with zero initial wealth such that with positive probability one can gain infinite return.
Using the arguments presented in the paper by Grossman and S&§litoiie finds that

the terminal wealth of an investor with zero initial wealth is given by

Wi =—c"0""+¢"(s1 — %),

where we recall thap* is the a posteriori optimal strategy. If this quantity has finite
expectation undeP, then clearly under any equivalent measure it will also have finite
expectation. In what follows, however, we show that Fhexpectation ofiV’;* does not
exist, i.e. it is infinity.

First we note that the posterior probability @f . can take the following values:

m = 1 with probability pg

™ p(l—q) with probability p(1 — ¢) + (1 — p)g
p(1—¢q)+q(1—p)

m = 0 with probability (1 —p)(1 — g).

It is straightforward to show from4(8) that the optimised strategy; of the informed
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investor takes the following values:

pp = —00 (A.1)
oy q(l—p)(l—s())}

AT G { p(1—q)so (A-2)
05 = Hoo. (A.3)

Therefore, we have the triplét,, s1, ¢*) of random variables that can take the following
values with the specified joint probability:

70,0, 5)  with probability pq

)

71,0,7) with probability p(1 — q)

m, 1, %)  with probability ¢(1 — p)
)

((
(

(7e, $1,0") =
5 (
( with probability (1 — p)(1 — q).

2, 7902

This gives

Elp*(s1 —50)] = pa[—50w5] + (p — pg)[—50%]]
(¢ — ap)[(1 = 50)¢i] + (1 —p — ¢+ pg)[(1 — 50) 3]
= wol—pgdo] + ¥i[50(2pg — ¢ — p) + pq + q
@3[(1 = 50)(1 — ) (1 — p)].

Using equationsA.1) to (A.3) we see that the right side is infinity, her€gV;| = oo. This
means that there exists no risk-neutral measure suchitfigtas vanishing expectation
value.

A.2 Finiteness of the terminal cost in discrete setting

Our objective here is to demonstrate, in the example just considered, that, in contrast to
the Grossman-Stiglitz formula, according to our pricing formulalthexpectation of the
terminal wealthiV} is finite, and hence admits the possibility of the existence of the risk-
neutral measure. In our case, the cdss itself a random variable dependentorHence

the expected terminal wealth is

E[W] = —E[c’]6"" + E[¢*(s1 — 5)].
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For the case with a discrete random variafjles {0, 1} with probabilities{p, 1 — p}, we

have already established thg{to*(s; — 59)] = oo, and this leads to the conclusion that the
Grossman-Stiglitz model of information cost is not free of arbitrage. Our attention is now
on the expectation

E[c*]6" = g
«

In

9" 4 (1 — 7r{)ea(éo—l)aﬁ**]

Wgeoéogpg + (1 N ﬂ_g)ea(éo—l)@g

We have the following relations:

It follows that

Py = —00
.1 Tg(l—p)(1— So)}
=y { p(1—q)s0
5 = 00,
and that
9 = 1 (A4)
B p(1—q)
T pi—g) +a(1—p) (A-5)
T = 0. (A6)
As before, we have
P(§=0) = pg,
P(¢=1) = p(1-¢)+(1—-p)g, and
PE=2) = (1-p)(1—q).
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Hence,

asgo* 1— a(so—1)¢*
Elcla = pgln [Woe + (1 = mo)e ]

ﬂ.oeaéoapg + (1 _ 71-0)601@0*1)908
ﬂ_leagm* +( Wl)ea So—1)p*
+ (p<1 - Q) + q<1 - p>) In {Wlea50¢{ + ( _ 71-1) a(So—1)e]
ﬂ_zeoéoqb* + (1 _ Wz)ea So—1)¢
) b

Tpe®%0%5 4+ (1 — 7ry)eGo—1)¢%

' <1—p><1—q>1n[

and using the equalities fat, 7> (A.4) and A.6) we get

E[c'la = pgase(¢™ — ¢p) (A.7)
™ asoo* —-m a(sp—1)¢*

+(p(1 = ¢) +¢(1 —p))In [msagoﬂ :t 8 _ m;;(go_lm] (A.8)

+(1 = p)(1 = g)a(so — 1)(¢" — ¢3)- (A.9)

Let us denote the second term in the right sidefo®) by A(y7), which is a finite quantity.
We now have

EWy] = —E[c]0™" +E[p"(s1 — 50)]
= —paSo(¢” — @p) — Alp1) /o= (1 = p)(1 = ¢)(50 — 1)(¢" — ¥3)
—paSopy + B(eh) — (1= p)(1 —q)(So — )¢y
= B(¢1) = Alp1)/a+¢"((1 = p)(1 = q)(1 = 50) — pgso),
whereB(¢7) = ¢1[50(2pg — p — q) + q¢ — pq| is also finite. It follows that there exists at
least one risk-neutral measure such that the wealth “prod&sis’a martingale.

To look for a risk neutral measurpe such thatE#[IW;] = 0 let us start from the most

elementary case. Let, ands,; denote the upper and lower values of the discrete random
variables;:

psq + (1 — p)s, = So.
Immediately, we can derive the risk-neutral measure for this simple case:

gO_Su

Sd_su.

This means; is ay—martingale. Hence in the simplest case when we do not have an extra
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information and#V, = 0:

EFWY] = E*[p*(s1 — 30)]
= 0.

Now, if we were given extra information as set out previously with a eate risk neutral
measurer is the set of probabilitie$r; },—; ... 4 such that the following relation must hold:

77777

We now perform explicit calculations

E' Wy = —E"[c"]6" +E"[¢"(s1 — 50)]
os a(sp—1)¢p* L
- R 1n(ea(sl_§0)<‘0*)1/a —In Te€ _0¢ + (1 7'(_5)6 (_0 )¢
ﬂ_geasocpg + (1 . 7T§>ea(so—1)§0§
1 ﬂ.geaslso* + (1 — Wg)ea(sl_l) _
— —FE¥ |1 - *
a {n < e + (1 — e)eoi=De" 07
1 . 7+ (1 — m)e 1
= —(rnl In[e®? 1

Wlea(pf + (1 — 7T1> _
1 o *
et | 2T - ).

where{r;} represents the joint probabilities of the random variablasds;:

70,0, ¢5)  with probability

*

1, 7%01

( )

( ) with probability
(m1,1,%%) with probability r;
L ( )

(ﬂ-f’ S1, 90*)

7, 1,¢5)  with probability r,.
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Continuing with the calculation by substituting valuesfory} and¢* we have

e (L=p)(1 = 50) p(1—q) +p(1 — )72
aE" W], ] = (rs—350)In — + 75 In =0
Wil = (r— s 20 T RETE

(1 —p)52 +q(1 - p)
p(1 — @) + par™%

(0 ay

79 T3
L[ 1—a 1 q(1 —p) (S
1_‘§0 (1_Q)+q1i050 DSo (1_(]>+q1i0§0

As stated above, we require this expression to vanish for a suitable chaojeg oExpo-
nentiating, the problem reduces to finding a solution that satisfies the following relation:

((1 —p)(1— §O)>(”50) 1—gq 1 "
PSo 1—30(1—q)+q7°%
T3
% q(1 —p) 1 _ -1
pso  (1—q)+a72%

This is equivalent to

((1 . p) ) (T’4+T3—§0) 1 (T2+T3)
PSo (1—q)+q7°%

X (1 — 5g)rar=%0) (1 —g)™ . g™ = 1. (A.10)

+7rs3 In

The factors cannot be further reduced. To demonstrate the existence of the solution, we
simply construct one such that all exponents vanish:

7”2:7"3:0,

which implies

T4 = Sp.

Usingr; + r4 = 1 we have

7'1:1—50.

Hence the risk-neutral measurés given by the probabilitie$r; } as defined.
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A.3 Gaussian case

In this section we demonstrate a similar no arbitrage property in our information cost model
for the case when the terminal value of the risky asset is Gaussian distributed. From equa-
tion (4.15 the augmented utility indifference information cost is given by

* 1 * *
c = Eaégg(ﬁb - )2a

where thea prior anda posteriortrading strategies are, respectively,

* :u - 50
¢ - a0_2 9
and
* :u - 50
o=
¢
We want to work out
¢ = / c*(6)dP(¢) = E¥[¢]. (A.11)

and show that this indeed is finite, hence without arbitrage. This reduces to working out
1
Ef[c*] = 50«505 K [(¢" — ¢7)?]. (A.12)

Since¢ is thea prior strategy, it does not depend on the extra informatiomhe main
problem is to work ouE¢[p*]. As before£ = S+ ¢, where both( Sz, €) Gaussian random
variables as defined in chapter 4, is a Gaussian random vatiabl&/ (1, 0 + ¢2). Also
from chapter 4, we have

po? + §o?
o2+ 0%’

therefore, taking the conditional expectation we get

2 2
Hog + po
B el = o2+ o2

= M
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whereE¢ denotes the expectation taken underlti¢) measure. Furthermore,

E*[pg]

[T
(024 02)?
E {5204 + plol + 2#6020261
(07 + o7
(02 + 0% + p?)o* + pPolt + 2u20%o%e
(07 + 07
ot(o? + 02) + p?(o? + 02)?
(02 4 02)?

0.4

o+ o2

+ 1.

Consequently, we deduce that

0.4

Vard[pg = 7.

Therefore, the posteriorexpectation of the informed strategy is given by

E¢[p1e] — 5o
2
ooy
H— S0

5 -
010'5

Ef (o]

And the conditional expectation of the squared of the strategy is

Ef[(¢")7]

(p1e — 50)?

4

E*
2
o

|

E* (1] + 55 — 250" [p1¢]
2 4

a’o}
ey + 1 + 55— 250

- a’og

()
a? ol ¢ '
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We are now in position to solve equatioh.{2)

1

B[] = 50«50?@5 (60— ¢)?]

1

= Sado? - (¢* +ES[p"] - 20E° ()
1 22 2 2 _2\2 _ = _ =

- & 502 <(u 0480) L :4 % | (1 0430) _2(uaajo) (u(wzso)>

€ 13 '3

1, L1 1, o?

= %5% ' <(M — 5p) (; - 0—2) + 22 |

The average cost is a constant depending onlg.o®ne can similarly, as in the discrete
case, find a risk-neutral distribution such that 0. Hence this suggests that there exists a
risk neutral measure and therefore our information cost model is without arbitrage.
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Appendix B

Filtration Enlargement

In the following, we shall state existing results on martingale theory and filtration enlarge-
ment. For detailed proofs we refer the reader3d| 21, 35, 46].

Let S = ({S:}o<t<r) be a vector of locally bounded semi-martingales on the probability
space((2, F,P) equipped with a filtratiof® = {F; }o<;<r satisfying the usual conditiohs
andT = [0,7], 0 < T < oo. The probability measur® is understood to be the real
measure, and the filtratiofi7; } is generated by theadlag process.

Definition B.0.1. A stochastic proces¥’ is said to becadlag if for eachw € 2, the path
X (w) is right-continuous and admits a left limit.

Definition B.0.2 (Semimartingale) A semimartingale is aadlag adapted process hav-
ing a decomposition in the form:

X=Xo+ M+ A

whereM is a @dlag local martingale, and is a adapted process with finite variation.

Definition B.0.3. The filtrationG = {G, },c(o,1) is called the initially enlarged filtration of
IF, and is defined by

G:=FVG, tel0,T]

whereG = ¢(§) € F is generated by some random variableaking values in a general
measurable spade, X'). Without loss of generality, we choos& | X)) := (2, G).

IRight continuoug 7+ = ﬂsZt Fs = F;) and completef;, contains the negligible sets &%;).



Appendix B. Filtration Enlargement 101

We have now two filtrations, a background filtratiGnwhich is generated by the semi-
martingaleS, and an initially enlarged filtratio given by some extra informatian We

want to draw relations between the two filtrations, in particular, the semimartingale prop-
erty relationship.

Theorem B.0.4(Jacod) Suppose the following condition is satisfied: For everyregular
conditional distribution of7 givenF; exists and i®-almost surely equivalent to the law of
G,i.e. forallB e X

P[G € B|F](w) ~P[G € B], forP — almostanywhere € Q.
Then every(P, F)-semimartingale remains(&, G)-semimartingale on the intervgl, 7).

Consequently, we need not to distinguish between semimartingale adaptadd@. The
condition in the previous theorem implies the existence otan F;-measurable function
p: X x Q — (0,00) such that forP-almost anyw

P|G € B|F(w) = /Bp(:z:,w)IP’[G € dz]. (B.1)

We denotep”(w) := p(G(w),w) andp®(w) := p(z,w) for w € Q. Note that each?” is
F,-measurable ang” is G,-measurable.

Amendingeret al. [3] show that this condition is equivalent to the following:

Condition B.0.5 (Amendingeret al. [3]). There exists a probability measuke~ P such

that 7; andg are R-independent.

The R measure is called the decoupling measure and ensures the existence of the martingale
preserving probability measure. We shall assume such measure exist.

Lemma B.0.6 (Amendingeret al. [3]). Suppose condition8.0.5 is satisfied. Theris
satisfies undeP the usual conditions of right-continuity and completeness.

B.1 Martingale preserving probability measure

Following the setting inJ], an immediate consequence of the decoupling measure is that
we can introduce separate measures for different filtrations:

Lemma B.1.1(Amendingeret al. [3]). Let P, and P, be probability measures of, and
G respectively which are both equivalentfo If condition B.0.5holds, there is anique
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probability measure ~ P on ¥, V G such thay, = P, on F;, u = P, ong, andF, andg
arepu-independent. This is denoted BY..( Py, P») := p.

Proof. For fixed t,7; andG are R— independent. Define

du_ dny
dR  dR

a7
5 AR

g
ThenE+*[1415] = P [A|%[B] for A € F, andB € G, using theR-independence aof;
andg. O

Definition B.1.2. We sayQ is a risk neutral measure 6fif Q € M.(S), where
M. (S) ={Q «~Pon(Q, Fr) : discounted price of is aQ-local martingal¢, (B.2)

and the associated Radon-Nikodym density is denoted by

dQ

Zp = —.

T ap
For allt € [0,T7], the restriction ofQ to F; is absolutely continuous with respect to the

restriction ofP to ;. Hence the processZ, }.cp4 is @ positive martingale.

Following from lemmaB.1.1, we give a specific name for the decoupling measure that
concerns with the risk neutral measure

Definition B.1.3 (Amendingeret al. [3]). Let Q «~ P and letQ|s andP|; denote the
restrictions onF; and G respectively. The measu@ = Puee(Ql|£,Plg) is called the
martingale preserving probability measujerresponding td)).

The measur@ IS unigue on%; vV G and possesses the properties described in leBiha.
Specifically, (Q, F)-martingale remain$@,1€)-martingale. Furthermore, the martingale
property is preserved undérin G. Summarizing all the useful ingredients:

Corollary B.1.4 (Amendingetret al. [3]). Suppose conditioB.0.5is satisfied. Then,

1. We haveM.(5,Q,F) = M.(S,Q,F) C M.(S,Q,G) and every semimartingale
with respect tqQ, IF) is also a semimartingale with respect(, G).

2. Any F-adapted procest has the same distribution undérandQ. If L has in
addition (Q, F) independent increments, i.d.; — L, is Q-independent ofF; for
time 0 < s < ¢t < T, thenL has also(Q.G)-independent increments, and the
semimartingale characteristics bfare the same faiQ, ) and(@, G).
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3. Let S be a multidimensionalP.F)-semimartingale. Then af-predictable process
H is S-integrable with respect t8 if and only if H is S-integrable with respect to
G, and the stochastic integrals Bfwith respect taS coincide for both filtration, i.e.

/ HAST = / HASC.
T T

Proposition B.1.5(Amendingeret al. [3]). If the condition in theorenB.0.4is satisfied
thenQ = P,..(Q, P) exists and is given by

dQ _ zr

T (B.3)

i.e.forA e F,andB € X

Q[AN{G € B}] = QIAJQ[{G € B}] = Q[AP[G € B]

The proof can be found ir8[ 26]. The idea is thatZ;/p® is like Z; aP-density, strictly
positive. There exists a measyte~ P defined bydu = (Z7/p%)dP = (1/p“)dQ,
together with the decoupling property we get

WAN{GeBY = E[%-H{AHGGB}}

gl

f] () Q(dw). (B.4)

1
= E¢ []1 AE% {]lGEB —
p

1
= E“ |:]1GB_
/A = pl

By equation B.1) we have

1
E® []16, B —
€ pG

ft:| = /B p(xl, Cd)p(x,w)P[G € dz] =P[G € B
Hence, equationg.4) becomes
ulAN{G € B} = Q[A]P|G € B].

And we takeu = @ to represent such measure.

The martingale preserving measure allows us to determine a measure on the enlarged fil-
tration G and hence standard theories of utility maximisation can be applied.
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B.2 Strong predictable representation property

The following proposition from3] shows that under conditioB.0.5the martingale rep-
resentation property of with respect to the filtratiofir and measur&) implies the same
property with respect to the enlarged filtratiGrand the corresponding martingale preserv-
ing measurd).

Proposition B.2.1(Amendingeret al. [3]). Suppose the general filtratidfi = (H,;);cr
satisfies the usual conditions and there is a probability me&3tire- P such thatS €
M. (S, Q%, H). Denote

dQ

—=_ is Hy-measurableQ = Q" onH,, S € M. (Q, H)} :

H.__ ~ OH
r .—{@ @ | o8

Then the following statements are equivalent:

1. TH = {QH}.

2. The setM. (S, Q" H) of local (Q", H)-martingales is equal to the set
{6 - 5|0 is S-integrable with respect tQ", H) in the sense of local martingalp@.5)

of stochastic integrals with respects§o

We say thatS has thestrong predictable representation prope(fy.R.P) with respect to
(Q, H) if one of these statements is valid.

Theorem B.2.2(Amendingeret al. [3]). Suppose conditioB.0.5is satisfied ands has
the strong predictable representation property with respe@toF) for someQ" ~ P.
Let Q¢ = @F denote the martingale preserving probability measure correspond®® to
Then S has the strong predictable representation property with respé@%oG). For
shortl'™ = {QF} impliesT"® = {Q®}, or

(QF,F)-P.R.P. implie$QF, G)-P.R.P (B.6)

The argument proves that the uniqueness of the equivalenartingale measure fof
implies the uniqueness of the equival&martingale measure in the sense of Proposition
B.2.1
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Appendix C

Utility Optimisation in Incomplete
Market via Convex Duality

C.1 No arbitrage condition

The notion of an incomplete market implies that there is no unique risk-neutral measure
selected by the market as such. Let us define the set of equivalent martingale measures
M. (S) to be the set of equivalent measures that makadocal martingale:

M. (S) ={Q «~Pon(Q,Fr) : discounted price of is aQ-local martingalé. (C.1)

The existence of an equivalent local martingale measure is a sufficient and necessary con-
dition for no arbitrage. We assume

M. (S) # 0. (C.2)

The idea is that there exists at least one risk- neutral measure so that the asset price is
a martingale. For an@) € M.(S) andH € A(S), the admissible set of controls, the
lower-bounded integral «dS (bounded by—w) is a local martingale unde®, thus a
supermartingale. i.e.

EQ[Wr] =E°[[ H,dS,] < 0.
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Therefore equationd.2) implies
T T
3 He AS), / H,dS, >0 a.s.an® {/ H,dS; > O} > 0.
0 0

In other words, we cannot find an admissible portfolio strategy, which allows us, starting
from a null capital, to reach almost surely ‘Bta nonnegative wealth, with a non-zero
probability of being strictly positive.

In the context of pricing kernellf], this is equivalent to assuming the existence of a pricing
kernelr,; s.t.

.ﬂﬂ ::ﬂffh

is a martingale. This implies there exists a Radon-Nikodym derivative P, =
a riskless bank account, such that we h&%¢rP, ' S;] a martingale.

dQ
a0 Dt

C.2 Dual formulation

Define the conjugate function &f(x) to be the Fenchel-Legendre transform:

V(y) = sup [U(z) —zy], y>0.

TeERT

We restrictdom(V) = {y > 0: V(y) < oo}. Note that the optimisation is now performed
over a set of variableg instead of set of processés. The conjugate functioy” is de-
creasing, differentiable with respectijpstrictly convex or(0, co) with U(0) = U(c0) and
0 = —(U)' = —1.

We define! : (0, 00) — (0, c0) the inverse function o/’ on (0, co)
_[ — (U/)_l,

which is strictly decreasing, and satisfig9) = co and/(cc) = 0.

DifferentiatingV” with respect tay, we find the maximum is attainedat = I(y) > 0 i.e.

Vy) =U(y) —ylly), y>0
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and we have the conjugate relation

U(x) = inf[V(y) + zy], x>0

y>0
with an infimum attained aj* = U’ ().

For anyQ € M. define the change of measure martingéle: (Z;)o<:<r by

_do

Ly = .
AP,

The Radon-Nikodym derivative characterizes the the mea3ure P. Define the dual
value functiornv(y) by

v(y) = Jjnf EV(yZr). (C.3)

We shall assume that this function is finite valued and that the solution of the primal prob-
lem can be obtained by solving the dual problem.

We assume there exists an unique dual optimiser attaining the infi@ush Oenote the
dual optimiser byZ7., the optimal terminal wealth by} and the optimal trading strategy
by H..

Since we haveéS aQ-local-martingale bounded below, it is therefor@aupermartingale.
We emphasize the following characteristic f6f:

E{ZT)CT]EQx, VZZﬂG.A4&
Hence

E[U(X7)]

IA

E[V(yZr) + yZr X7]
E[V(yZr)] + zy

IN

ThenVz > 0

u(z) = suwp EU(Xr)]<  inf  AE[V(yZr)]+ 2y} = inflo(y) +ay].  (C.4)

XTEX¥ y>0,ZrEMe

Hence we have the conjugate relationship:

v(y) = sup [u(z) —zy],  y>0.

zERT
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The solution to the primal maximize problemz) is
X7 =1y Z}) ie. U(X})=y"Z; (C.5)
wherey > 0 is the solution to
E[Z31(yZ7)] = E¥ [I(yZ7)] = «.
And the following properties holds true:
u'(x) =RBU'(X7),  '(y) =EV'(yZ7).

Proposition C.2.1(Amendingeret al. [3]). Suppose the no-arbitrage condition is satisfied
and there exists aH,-measurable random variabj€(x) : Q — (0, c0) with

E*I(y"Zp") | Hol = «

whereH = (H;);er € {F,G} andE"[.] denotes the risk-neutral filtration i, and such
that the proces& ;™ = EH[I(y®ZF*)|H,], t € [0,T] satisfies/~(X;*) € L'(P). Then
X is the solution to the optimisation probled.19.

C.3 Exponential utility optimisation

Having acquired all the tools, we are in position to solve the optimisation probileif) (
We have for the utility function of the forni/(z) = — exp(—ax). Consider a stock price
process follows a dynamics as described by equatdly/), and define the progressively
measurable process valuedRn

>\t == O't(UtO'tT)_l(lut — 7}1), 0 S t S T.

We assume thak; is bounded. The process is the risk-adjusted return of the asset,
commonly known as the Sharpe ratio.

Under the Brownian filtration framework, we can give explicit description for the set of

martingale probability measurég(.(.S). Let us consider the set

Ko)={ve L, (W):ov=0,0n[0,T] x, dt®dPa.e}.

loc
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In words, the sef' (o) contains Gaussian distributed random variables such that they are
orthogonal to the volatility of the stock price process, almost everywhere.vAsttbsen
such that it is orthogonal td and satisfies the Novikov condition, i.e.

1 T
E [exp (5/ ‘)\t’Q + ‘Vt|2dt):| < Q.
0

For anyr € K(o), the Radon Nikodym derivative is given by

t 1 t
7 — exp (—/(Au+yu)qu—§/ \)\u—l—VUIQdu), 0<t<T.
0 0

By Girsanov’s theorem, the process

t
Wy =W, +/ (Au + v)du
0

is a Brownian motion unde®, whereQ ~ P with martingale density process’. The
asset process under tfedynamics

dSt = St (Mtdt + Utth)
= Strtdt + StO'tdWV

therefore the discounted price takes the following form:

d (St) = St[(ut — Tt)dt + UtdW]
= StO'tdWV (CG)

is aQ-supermartingale.

We can derive some dual functions that will be useful for our calculation. Differentiating
the utility function in equation4.18 and then take the functional inverse we get

1) = (U @) " =-2mL

The conjugate function with the exponential utility is therefore

Vi) =UIy) ~yI(y) = 7 (n 2 -1).
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The dual optimiser can be obtained by minimising the dual value funcBd):(

E[V(yZY)] = E[ﬁ (1 yZr 1)}

« (0%

i 1

= E© V(y)+%(—/)\+Vth—§/|)\+u|2dt)}
i 1

= E° V(y)+% (—/)\+uth”+§/|)\+u]2dt>}

— EQ|v i/A 2dt ] .
Vi) + o [ Ine v

The last line is due to that’” is aQ-Brownian motion. The solution to the dual optimi-
sation problem(y) is attained forr = 0, in particular independent g@f. Denote the dual
optimiser byZ?. Equation C.5) implies that

X; = E[Xj|FR]=E[Z01(yZ23)| 7]

1 Z0,
- wl-2n2

ol (i a [ 1T,
= E — ln—+ )\tth_'__ ’)‘t’ dt ft
Q Yy 0 2 /o
1 t 1 [T
_ _<1n9+/ Audwg——/ |)\t]2dt),
Q Yy 0 2 Jo

whereW} is a Brownian motion under the optimal meas@eThe dual variable is deter-
mined by the initial conditionX, = z, hence

1 1 [T
v = (mg - —/ \)\t\th) .
a Yy 2 Jo

We get that the dynamic of the portfolio is given by

dX; = a ' \dW}.
Comparing with the definition of the portfolio process
dX, = H,dS, = H,0,S,dW},
we find the optimal asset allocation strategy

1 1
HS, = o o(oo] )TN = o o(ov0]) " ou(owof ) (e — 7).
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We remark that the result is identical to the one period setting as shown in Grossman and
Stiglitz [28] if 1, represents the return over the risk free level. The allocation strafégy
risk-adjusted, which means an asset with large variance will be penalized and consequently
we should hold less of it. The asset prigeacts as a normalising factor, so we will spend

the same proportion of wealth if two stocks have different prices but same drift and volatil-
ity. In this case, we are allowed to short selling, because we can a negative drift. To impose
the condition of no short selling, we need to define the convex cone for the dual variable
y, and solve the dual problem fgr= y(v) by applying the HIB equation. We will not go

into detail of this in this section.

We can solve the primal probler.(9 through the bidual relationship. Recall the dual
value function C.3)

vly) = Inof E[V(yZy)]

= inf E {& (ln& — 1)}
Qem o e’

_ v v v
= Vly)+ iof ElZyInZy

Define the relative entropy between measupendP:

- dQ . dQ

andQ¥? = arg minge v H(Q, P) the minimal entropy measure, where the minimal measure
Q| £, is described by the change of measure martingdleTherefore,

oy) = V() + ZHQ"P).
The conjugate relatior(Q.4) gives

(@) = inf [V(y) + %H(QE,P) —i—a:y] .

yeRT

The infimum of the dual variablg® is attained at

y* = aexp (—az — H(Q",P)).
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Alternatively, in a non-diffusive manner, propositi@n2.1lyields

Xy = E%I(y"Zy)| 7]

= E© [—é In [Z) - exp(—az — H(Q",P))] -;Et:|
= EQ@ [—é (In [Z7] + In [exp(—az — H(Q",P))]) ’ ]:t:|
. é H(QF,P) — EQIn Z8|7)) .

Using the identity:
exp(EQ[In Z2|Fr)) = 22,
the primal value function is given by

u(z) = E[U(X7)]
= E[Z}exp(—az — H(Q",P))]
= —exp (—az — H(Q",P)).

This gives us the value function of the portfolio optimisation problem for the uninform
investor. Indeed one could explicitly write out the Entropy function:

E 1 g 2
0
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