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Abstract

Most of those who take macro and monetary policy decisions are
agents. The worst penalty which can be applied to these agents is to
sack them if they are perceived to have failed. To be publicly sacked
as a failure is painful, often severely so, but the pain is .nite. Agents
thus have loss functions which are bounded above, in contrast to the
unbounded quadratic loss functions which are usually assumed for policy
analysis. We ..nd a convenient mathematical form for such a loss function,
which we call a bell loss function. We contrast the dicerent behaviour
of agents with quadratic and bell loss functions in three settings. Firstly
we consider an agent seeking to reach multiple targets subject to linear
constraints.  Secondly we analyse a simple dynamic model of intation
with additive uncertainty. In both these settings certainty equivalence
holds for the quadratic, but not the bell loss function. Thirdly we con-
sider a very simple model with one target and multiplicative (Brainard)
uncertainty. Here certainty equivalence breaks down for both loss func-
tions. Policy is more conservative than in the absence of multiplicative
uncertainty, but less so with the bell than the quadratic loss function.

1 Introduction

Most of those who take macro and monetary policy decisions are agents, not
themselves principals. The government is an agent of the electorate; the Central
Bank is an agent of the government, and through them of the public more widely.
By the same token many, perhaps most, ..nancial decisions are similarly taken
by agents. Bank and fund managers are agents of those that have committed
funds to them.



The thesis of this paper is that insuccient attention has been given to this
fact in analysing the likely behaviour of such decision-making agents, in partic-
ular to the implications for the shape of such an agent’s loss function.

What is the worst penalty, or sanction, that principals can normally apply to
their agent? The standard answer is to sack them, if they are perceived to have
failed. It is feasible to think of applying more severe penalties, as the scale of
failure rises, but this leads to greater di¢culties in attracting high-quality people
to act as agents. Be that as it may, we shall assume that in the present state
of amairs the main sanction for failure is dismissal. To be (publicly) sacked
as a failure is painful, often severely so, especially for agents with previously
established reputations, but the pain is ..nite. As the likelihood of being sacked
approaches unity, with the outcomes deviating increasingly from the objective
agreed with the principal, so the loss function will become asymptotically equal
to this ..nite loss.

This contrasts sharply with the implications of the standard quadratic loss
function, where the loss increases towards in..nity as the outcome dicers from
that desired. This has some natural justi..cation in certain physical cases (e.g.
heat, fuid intake) where deviation from the optimum (in either direction) at
some point leads to death. Being removed from o@ce is only rarely perceived
as being on the same plane!

Indeed the main justi..cation usually given for employing a quadratic loss
function, apart from the fact that everyone else does so, is that it is mathe-
matical tractable, and also that, within limits, it may be a reasonably robust
model of reality, (Chadha and Schellekens 1999; for some recent variants, see
Schellekens, 2002 and al-Nowaihi and Stracca, 2001; for a more generalised cri-
tique of quadratic loss functions on behavioural grounds, see Kahneman and
Tversky, 2000). Our purpose here is to suggest an alternative, and more real-
istic, loss function for an agent, which has a reasonably simple mathematical
formulation, and to examine how agents’ behaviour, with such a loss function,
will dicer from that of someone (e.g. a principal) with a quadratic loss function.

Principals will (should) normally be able to specify relatively clearly to their
agents what their objectives may be, though even here a multiplicity of ob-
jectives and horizons may complicate matters. But in a world of uncertainty
the ‘best’ results in any time period may occur because the agent is luckier,
less risk-averse, cuts legal corners, or for a variety of other reasons not directly
connected with either ‘emort’ or ability. So how do principals decide when to
abandon (sack) their initial choice of agent, and move their custom (e.g. money
or vote) to another, especially given that frictions (e.g. information linkages;
‘the devil you know is better than the devil that you do not know’) cause any
such moves to be expensive to the principal?

The standard answer is to apply some form of ‘bench-marking’. (See for
example Basak, Shapiro and Tepla, 2002; Basak, Pavlova and Shapiro, 2002;
Jorion, 2000; Tepla, 2001; Chan, Karceski and Lakonishok, 1999; Chevalier and
Ellison, 1997; Fung and Hsieh, 1997, Grossman and Zhou, 1996). That is the
principal compares the results obtained by the agent either to some absolute,
or to some relative, measure of achievement. So long as the agent remains on



the right side of the benchmark, she is regarded as ‘successful’, and would as a
generality expect to be continued in position as agent. Indeed, an agent who
was summarily sacked without proper cause while still being on the right side
of the agreed benchmark would often be able to sue for unfair dismissal. In
contrast the agent that failed to meet the pre-arranged benchmark by a large
margin might not only be sacked, but even face a legal suit for negligence; the
case in the UK in 2001 of Unilever against Mercury Asset Management was in
point. Inthe monetary ..eld, the establishment of publicly-announced ranges for
the maintenance of intation is another example; the requirement for the UK’s
Monetary Policy Committee to write a letter to the Chancellor when intation
diverges by more than 1% from its current objective is again a case.

Such benchmarks are inherently somewhat arbitrary. Why, for example,
was the trigger for the Monetary Policy Committee to write a letter set at 1%,
rather than say 1-;%? Historical experience of (absolute and relative) deviations
from the (optimal) target is likely to play a large role, and benchmarks may
well be adjusted in the light of such developing experience. But even when
such benchmarks have been set, it is usually well understood that they may
be broken for reasons that are no ‘fault’ of the agent. In the case of monetary
policy, there may have been an adverse supply shock (say an unforeseeable rise
in the price of oil or food). In the case of fund management, the manager may
have taken a rational, strategic view that the rise in price of some asset class,
e.g. Japanese equities, TMT shares, etc., etc., was overdone, and hence be short
of that class of assets that was driving the index up. For whatever reason, an
initial, and/or minor, infringement of a benchmark is usually taken as a trigger
for a formal explanation, and discussion, rather than leading to an immediate
dismissal. This is certainly the case with the letter-writing requirement for
the Monetary Policy Committee in the UK. It is only when the infringement
is persistent, or of large-scale, that sacking becomes likely. So, even though
benchmarks themselves are frequently precisely de..ned, the ecect on the future
employment of the agent is usually much fuzzier.

Such fuzziness will be all the greater when the number of stake-holding
principals and/or their objectives becomes much larger. There are many voters
with widely dizering objectives, but at some point they must each decide their
own individual trigger, whether to vote against the incumbent government, or
not. Similarly equity holders must decide whether to sell their shares, or not;
and in the case of some large individual (potential) stake-holders whether to try
to replace the management, or not.

The gist of this paper is that agents must get some utility from their role,
whether it is pecuniary, power or reputation. Otherwise they would walk away.
Hence what must matter to them greatly is whether their outcomes are su¢-
ciently successful to fall within the range that constitutes ‘success’ and contin-
ued employment. Per contra, once the pay-o= is bad enough that sacking is
inevitable, then they will have lost all the prospective bene..t from the role. If
the outcome becomes even worse, there is no signi..cant further loss of utility.
You can only get sacked once; you might as well be hung for a sheep as a lamb.

Frequently the utility (loss) attached to pay-oms will not be symmetric



around an interior optimum. In fund management, for example, you get ..red
for doing persistently, or seriously, worse than the competition, not when you
out-distance them on the up-side, (even though this often should be a trigger for
explanation and careful re-examination). But in the rest of this paper we shall
ignore such asymmetries. One reason is that the UK’s monetary policy objec-
tive, with which one of us was intimately concerned, was symmetric. A second
reason is to make the exercise simpler and more (mathematically) tractable.

The basic assumption that we make is that an agent is (rationally) sel..sh,
and cares primarily about his (her) job, and not the pay-ox to the principal.
At some point the pay-oo to the principal is so far from the optimum that
sacking is certain. At that point the loss to the agent (asymptotically) reaches
a maximum, which will usually be ..nite. Since the agent is concerned with
keeping her (his) job inter-temporally, the starting point for the next play will
usually be the outcome of the current game. So, even though being within the
range of ‘success’ between the benchmark triggers may guarantee with certainty
the agents’ job on the next play, the closer that the outcome comes to one of the
symmetric benchmarks, the greater the likelihood of (stochastically) triggering
the benchmark on the very next play. For example, if the current rate of (RP1X)
intation in the UK is currently 1.6%, the likelihood of falling below the trigger
of 1.5% next month is much greater than if the rate of intation was 22% in the
middle of the band.

If we assume a reasonably risk averse agent, then the loss function between
the benchmark triggers, within the region of ‘success’, is convex. But, since the
maximum loss to the agent is, we have argued ..nite, i.e. loss of position, then
the loss function must eventually tatten out. As the outcomes move from the
region of ‘success’ to the region of “failure’, so the loss function must, logically,
pass through a point of intexion, and the curvature of the function change from
convex to concave.

The mathematical functional form that most closely gnd simply meets these
desiderata has the functional form 1 j exp jk(x j a)®> . Figure 1 illustrates
the curve fora = 0, and k = 12- Mathematlcagy this is closely related to the

bell shaped normal density function == exp .23/2 (X i 1)2 so we call it a

21/3/2

bell loss function. Figure 1 plots the quagratlc loss function '1 iexp ,-‘ZL¢¢ NG
and the bell loss function 1 j exp i 2x , which has points of infection at 1
and jl: The two functions commde at x = j1;0;1: In the interval (j1;1)
the bell loss function is convex, and is closely approximated by the quadratic
loss function. Outside the interval [j 1; 1] the bell and quadratlc loss funcyons
diverge wildly. Flgure 2 shows the bell loss function 1 j exp i 2k(x a)? for
a=0and k= %, 5 and 8: The larger k; the narrower the interval of acceptable
performance.

Sections 2-5 contrast behaviour with quadratic and bell loss functions. Sec-
tion 2 analyses resource allocation in a simple linear model; section 3 is a dy-
namic programming model of infation and output. Sections 2 and 3 consider
only additive uncertainty, whereas section 5 considers multiplicative (Brainard)
uncertainty. Section 6 concludes.



Figure 1: The quadratic loss function [1 j exp (i 1=2)]x? and the bell loss func-
tion 1 j exp(ijl1=2x%):



Figure 2: The bell loss function 1 j exp(jkx?) for k = 1=4;1=2 and 8:



2 Attitudes to risk

The key mathematical diserence between the quadra?ic loss func&ion Li(x) =
(X i a)2 and the bell loss function L°(x) = 1 j exp jk(x j a)®> is that the
quadratic loss function is convex for all values of x; whereas the bell loss function
is convex for values of x close to a and concave for values of x far from a
(see Figures 1 and 2). The derivative of the quadratic loss function d";XX =
2(X j a) increases in size as X moves away from its target a: Thus with a
quadratic loss function the further x is from its target value a, the larger the gain

from moving x towards a: Compare the bell loss function with ..rst derivative

dLb i ¢
oo = 2K a)exp ' ik(x i a)2
and second derivative
21b 3 - : ¢
dd)l('z = 2k j4k2(xja)? exp ik(xia)? :

The second derivative is positive, so the loss function is convex when the distance
between x and a is less than -pg—k; within this region the further x is from a the
greater the gain from moving x towards a: However the second derivative is
negative and the bell loss function is concave, when the distance between x and
a is greater than szT; in this case the gain from moving x towards a becomes
smaller as the distance between x and a increases.

This can have major implications for policy. Suppose that there is a very
slight possibility of a major disruption of oil supply, which would push both
infation and output way outside their target ranges, i.e. x would deviate far
from a. A government with a quadratic loss function would respond to that
slight possibility, perhaps by using taxes to increase the domestic price of oil
in order to maintain oil stocks and encourage the search for substitutes. With
a quadratic loss function the prospective gain in the unlikely event of a future
shock is worth the cost in terms of current output and intation. But the re-
sulting self-administered supply side shock might well cause the government to
be regarded as a failure, and voted out of o&¢ce. With a bell loss function the
prospective gain in the unlikely event of an oil price shock would be too small
to outweigh the current losses from policy measures that anticipate the shock.

The concavity of the bell loss function once beyond some distance from the
target implies risk-accepting behaviour in certain circumstances. An agent with
a bell loss function will be willing to take a gamble giving some probability of
hitting the target, and some of missing it by a long way, which an agent with a
quadratic loss function would reject.

3 Targets and Certainty Equivalence

We look at a simple example to gain further insight into the diaerences between
the behaviour of an agent with a bell loss function, and the behaviour of an agent



with a quadratic loss function. The most important feature of this example is
that the certainty equivalence which holds with a quadratic loss function breaks
down with a bell loss function. In this simple model there is a manager with a
..nite amount of resources M trying to hit n dicerent targets fai; az;:::ang: If
the manager puts 1; resources into meeting the target i the gap between target
and outcome is x; j & where x; = 1; +e;; and fey;ep; :ieng are independent
normal random variables with mean Ee; = 0; and vare; = %2: The manager’s
problem is to choose resources f1,;1,;:::11 g, subject to a constraint

1. . M’
i=1
in order to minimize the expectation of either the quadratic loss function

LY = ki (X i ai)’

or the bell loss function

>

LP=1jexp i ki(iia)

The loss functions are symmetric; overshooting a target is as bad as under-
shooting. We could tell stories about why managers might be penalized in this
way, e.g. for wasting resources. We are not completely convinced by these
stories; even if there are penalties for overshooting we think loss functions may
well not be symmetric. However assuming symmetry makes the mathematics
much simpler; which is why symmetric loss functions are so widely used in the
literature.

Firstly consider the case with no uncertainty. In this case it makes no
dicerence whether the loss function is bell or quadratic, Q§cause Lb =1 j
exp (i LY9) which is a strictly increasing function of LY. If = ', a; - M and
there is no uncertainty the manager is in the happy position of being able to
meet all the targets smup;aneously by setting 1; = x; = a; for all i making both
loss functions_zero. If _1 aj > M itis |mp035|ble to meet all the targets.

Minimising i=1 ki (%5 .a.) subject to F:l j - M is easily solved using

standard Lagrangian techniques. The Lagrangian is
A !
X 5 DL
L=i ki(xia)+. Mi %

i=1 i=1

the ..rst order conditions j2k;(%; i aj) i . =0 imply that



Assuming that the constraint is satis..ed as an equality gives

x x 1 X

— = il
Y 3 i15. KT=M
i=1 j=1 1
3 - 3P -
s02. = 13 i M = [Lkf' and the solution is
o 1
kil X
1i:aiiPn—'—_l@ ajiMA:
ok
i=1%j j=1

There is a sﬁgrtfall on every target, the size of the;shortfall aj i 1; is proportional
tothegap ;_;a; i M between the resources 1—1 aj needed to meet all the
targets and the resources available M: The constant of proportionality for

target i P—k'ﬁ depends inversely upon the weight k; given to the target in

the objectlve The shortfall is largest for the targets with the lowest weight k;:
We now consider the case with uncertainty. Our assumption that x; = 1;+eg;
Eei = 0; and var e; = %2 implies that E (x; i &i)° = (% i &)° + %2 With the
quadratic loss function the objective becomes
A ! .
o ¢ > h i
ELY=E kii i a)® = ki (Y ia)+%2
i=1 i=1

which is minimised by choosing f1,;%,;:::1,g to minimise P?:l ki (% i ai)z.
This is mathematically the sam%,problem as we solved for the certainty case.
The solution is to set 1; = g; if ;':1 aj - M, the total resources available and
set O 1

1, = -P—'k— a- i MA €N

i=1

. Pn .. -
if j=18i > M: This is an example of the well known phenomenon of certainty
equivalence. The solutions to optimization problems with quadratic objective
functions of random variables with linear constraints are the same as the solu-
tion to the same problem with the random variables replaced by their mean.
However the bell loss function does not give certainty equivalence. The result
which makes the bell loss function tractable is Proposition 1, which we prove in
the appendix.

Proposition 1 If x is normally distributed with mean * and variance %2 and
k and a are real numbers
i A
Ehex G KOX a)2) kKEia)® a)
p(i i 13=k% P i 1+ 2Ku2



Given our assumptions that fX1; X;; :::Xng are normally distributed and inde-
pendent, but not identically distributed, Ex; = 1; and var x; = %2, this implies
that

A |
X 2

EL® = 1iEexp i ki(xia)
A ||
. Cki(Yia)’
' P oG
A 't A |

1 i ¢.

= 1i Lp——— ep i Kl UEia)

. .. Pn | =1 2¢i1 2 .
Thus the solution pinimises  ;_; k;** +2%7 " (% i aj)” subject to the re-
source constraint i”:l 1, - M: This is mathematically the same problem

as before WiT'B ki replaced by lkii|13+ 2%2 "' The solution is to set 1, =3
i=L2nif [ a - Myandif (L a;>M
(@) 1
kil + 292 X
1L=a i+ %@ g i MA: (&)
i i '—n 1 I
k' + 2% i=1

Contrast the policy function for the quadratic loss function (equation 1) and the
bell loss function (equation 2). In both cases the shortfall a; j *; between the
'[grget a; and the expected value ; of X; is proportional to the overall shortfall

j=1 a1 M Wlth the quadratlc loss function there is certainty equivalence,

the coec cient 'P—'T depends only on the weights fk;g in the loss function.

With the bell Ioss function there is no certainty equivalence, the coe%megt
ilyog
-P—k'#'—z now depends both on the weights fkig and the variances %7
= 1(k +2%5)
There is a Iarge shortfall for targets with small weights k; and large variances
%2, so considerable uncertainty about whether the target will be met even if
resources are provided.

In the quadratic case only the relativngizes of fky; ky; :::kng matter; without

loss of generality we can assume that ~[_, ki = 1. In the bell ca$ both
the relative and ablsi_c))lute values of fky;ky;:::kng matter. Let K = -_lk
and -; = ki=K; so ?:1 -i = 1:We can write the coe¢cient P—'ﬂ'—

T (ki t+2n2)

-l oKky2
()
values (Flgu re 2), in which case the variances become relatively more important
in determining the size of the short fall on the dinerent targets, even fewer

resources are put into more uncertain targets.

The optimal policy for both the quadratic and bell loss functions have the
same functional form; so an outsider observing the policy responses f1;;::1.g
but not knowing the weights would not be able to distinguish between the policy

. Larger values of K correspond to a smaller range of acceptable

10



resulting from a bell loss function with wejghts fk;g or a quadratic loss function
with weights fkig where k! = 'kil+2%2 ' We will show that the infation
targeting problem which we discuss in the next section has a similar property.
So it is not usually possible to distinguish between these functional forms by
observation of outcomes.

4 Infation Targeting

We now turn to a very simple dynamic model of infation,
Xe =i (it i %) + Ue ®

Yarw1 = ®Xg + Yo + €41

where X is the output gap, it the interest rate, and Y% the infation rate. We
assume that the disturbance terms u; and e¢+1 are uncorrelated normal random
variables with zero mean, and no serial correlation; var uy = %ﬁ and vareg+1 =
%2: We consider a quadratic loss function

X h i
EcL{ =E¢ 2 a (e, i %) +bxZ,,
(=0
and a bell loss function
C g s #)
ELP=E¢ Lliexp i  # a(he, i %°)°+bxZ,,
(=0

We prove propositions 2 and 3 in the appendix using dynamic programming.

Proposition 2 The optimal policy interest rate policy at date t with the quadratic
loss function minimises
h i
Er a(¥e i %)% +0x2 + +c (hear § %°)°

and is implemented by setting
it = Y% +m9 (Yo § %°) 4

where
®+cl
mY =

T T (b + +c9@2)
and c? is the unique positive root of the equation

btc
C A e ®

11



The optimal policy rule 4 depends upon the weights a and b given to output and
infation only through the ratio a=b: In the policy rule given by equation 4 the
real interest rate iy j Y% is proportional to the deviation of intation from target
Yie j %°: The constant of proportionality m9 = 0 when a = 0; m9 = 1=® when
b = 0; and m9 is an increasing function of a=h:

Policy with the quadratic loss function satis..es certainty equivalence. Vari-
ances do not acect policy. Only the relative sizes of the weights a and b given to
deviations of output and infation from their targets amects policy. The policy
response to a deviation of infation %, from target %" is larger if relatively more
weight is to infation rather than output. The situation is dicerent with a bell
loss function.

Proposition 3 The optimal policy interest rate policy at date t with the bell

loss function minimises L
n 3 h i"o
Ee 1iexp i a(ei %)% +bx2+ £ (Yeprr i %°)°
and is implemented by setting
ie =Y +m° (% § %°) (6)
where
b ®tcP
(b (1 + 2£cP%2) + £cP®?)
c® is the unique positive root of the equation
bxc
+ :
b (1+ 2tc%2) + +c®?

When a and b are both positive ¢ < ¢4 and mP < m9; the bell loss function gives
less weight to the future than the quadratic loss function and interest rate policy
is less aggressive with a bell loss function. In the polar cases where a = 0 or
b = 0 policy is the same with the bell and quadratic loss function. The constant
of proportionality in equation 6 is m% = 0 when a = 0; and m% = 1=® when
b=0:

There is no certainty equivalence with the bell loss function; the variance of
the disturbance term in the infation equation %2 aects the value the solution
of 7 ¢°; and the policy rule 6. As with the quadratic loss function the optimal
policy rule with a bell loss function makes the real interest rate i j Y% propor-
tional to the gap between actual and target intation % j %°: The constant of
proportionality mb depends upon the parameters ® and ~ of the intation and
output equations, the weights a and b given to output and intation and the vari-
ance %2: Someone observing policy without knowing the policy weights would
not be able to tell whether it stemmed from a quadratic or bell loss function.
Agents, for example politicians in o¢ce and fund managers, are often accused
of being myopic becuase of a wish to remain in o¢ce. In this section we have
demopnstrated why this follows formally from the inherent nature of their loss
function.

m

c=a

@)

12



5 Multiplicative (Brainard) Uncertainty

Up to now we have looked at situations where uncertainty is additive, policy
choices azect the mean, but not the variances of random variables. However if
~ is a random variable in equation 3, uncertainty is multiplicative, both mean
and variance being acected by the interest rate (Brainard 1967). This makes
the problem much less tractable; we cannot solve for the value function in the
dynamic programming problem and characterise the optimal policy as we can
with solely additive uncertainty. We can however say something about asimpler
problem. Consider the simplest case of multiplicative uncertainty, minimising
either the expested quadratic loss L9 = (" x +u j ®)% or the expected bell loss

L® =1jexp ik(x+uj®? wherex is a policy variable, and ~ and u

are independent normal variables, E~ = " ; var = %2; Eu = 0; varu = ¥%2:
Firstly consider the quadratic loss function.

i ¢ _
ELY =x* "5 +%2 j 207 ox + @ + ¥%3;
which is minimised by setting x = (,—f;?z—): If there is no uncertainty, %2 = 0;
[ORAa
and x = % as %2 tends to in..nity x tends to 0: The policy is more conservative
than in the absence of multiplicative uncertainty, that is closer to the value of
X (in this case 0) which minimises uncertainty.
Now consider the bell loss function. From proposition 1 in the appendix

A '
b 1 k(E(x+u) j®>
EL® = 1P i —
1+ 2k var( x+ u) 1+ 2kvar (" x+ u)
0] 1
1 k(CoXi®° .
1+ 2k %2x2 +%2 1+ 2k %2x2+ 9
we have been able to prove
= .
Proposition 4 If ®= > 0 the optimal policy x” lies in the interval %%E—%;% ;
is decreasing in %2 and increasigg in k; 0_< 3/%&3 < limgwq xX* < —@; If
AR

— . . . ® .. . .
®=", < 0; X" lies in the interval £;—5—=5 ; is increasing in %2 and decreas-

o' ¥+ 3
. . @ . .
ingink; 0> %Tf;g > limgs 4 X° > % In either case
. . ®
limx® = lim x° =—"5
k¥0 w2l %2 +
and ®
lim x° = —
%2 10 0

13



Fi(rq'u re 3 The ,eépected loss functiopl ELP T

E lijexp ik(X+Uj®?2 =1jemm—t———exp j—KCoxi®®
1+2k (%2x2+%32) 1+2k (%2x2+%32)
with %2 = %ﬁ = ® =", =1, plotted as a function of the policy variable x for

dicerent values of k:

14



The optimal policy with multiplicative uncertainty and a quadratic loss func-
tion is X" = %T®+‘172)3 This is a compromise between the most conservative policy

X" = 0; which eliminates the ezects of multiplicative uncertainty, and the policy

X" = ——(2 which would be optimal in the absence of multiplicative uncertainty

when %2 = 0: Proposition 4 establishes that the optimal policy with a bell loss

function lies between the quadratic loss policy x° = 3/%2—2 which is optimal
‘T o

with multiplicative uncertainty, and the policy x* = :®-O which would be opti-
mal in the absence of of multiplicative uncertainty. As k increases from zero
towards in..nity the optimal policy moves from %&% towards %; but contrary
to our original intuition it is bounded away from —_’%: Policy with a bell loss
function and multiplicative uncertainty is to some degree conservative, but less
so than with a quadratic loss function. Figure 3 iIIustrates this point, shgwing
— - 2
p j—LeXi® . o

the value of the expected loss 1 j i Tr2k(12x2 +72)

———— X
1+ 2k (%2 x2+%2))
dicerent values of x and k; with %2 = %2 = ® =, = 1. The higher the value
of k the greater the loss for all values of x, and the higher the loss minimising
policy, which is, however, always less than than :’-i =1:

In summary, a bell loss function can, at one extreme, when k = 0, mimic a
quadratic loss function; not surprisingly, therefore, under these circumstances
the optimal policy under multiplicative uncertainty remains the same in both
cases. As k increases, the width of the convex range (of success) narrows. Since,
outside that range, one might as well be hung for a sheep as a lamb, so policy in
conditions of multiplicative uncertainty becomes more aggressive, less conserv-
ative, than under a quadratic loss function. We had, at one stage, thought that
as k became in..nitely large, i.e. that the region of success became restricted to
a point, that policy would just aim to hit that one point, ignoring multiplicative
uncertainty altogether. In practice, however, there is always su¢cient curvature
in the relationships to trade-oa some variance against some chance of hitting
the mean, i.e. the optimal policy is bounded away from ®= .

6 Conclusion

We set out to compare policy making behaviour with a bell loss function and
a conventional quadratic loss function. The most important dicerence is that
certainty equivalence no longer holds with a bell loss function, even with additive
uncertainty. In the two linear examples we studied behaviour with the policy
rules have the same linear functional form with both loss functions, but the
weights dicer with the bell loss function and depend on variances. Brainard
uncertainty is much less tractable with a bell loss function; in even the simplest
case the optimal policy is characterised by a cubic equation. However we were
able to show that in this case a bell loss function and Brainard uncertainty
makes for conservative policy, although not as much so as with a quadratic loss
function.
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A Appendix.
A.1 Proof of Proposition 1

We are evaluating
3 - Z +1 A

= 1
E exp ik(xia)2 =-p1= exp .k(x.a) (X )

dx:
Y2 1 2%2

Expanding and then completing the square implies that

xih” 1)?
: 2 ¢
L g . ]
= 55 "1+ 2Kk3%2 x2 § 2"+ 2ka%? x + 12 + 2k%2a>
47
H 1+2ka3/42.IT2

i ¢
L i1+2k3/2¢ X i —— _|_12_|_ 2k372a2 - M
T oy2 ) b1+ kw2 PO k2

A "
1eokw M 1+2ka3/42ﬂ2+k(1ia)2

X
29,2 Vo1 oku2 1 + 2k¥%2

k(X ja) +-~———

SO

. A A 1
3 K@ ia)’ e By
(i B

E exp ik(xia)2 -p= Xp exp

dx
21,9,2 ok i1 212

2 -
r2kan? 2 - %2 . LB
where B = Trok2 and = o2 Butas -p— exp i 555 is a normal
density function
A ]
7 A '
1t (X B)?
P exp i

dx = 1:
2%%2 il sz

Hence

N ] s kEia)’ a)
i} L N2 4 i
Eexp jk(xija) e |~1+ U2
A !
R B (C )
T P 0P Vi

A.2 Proof of Proposition 2

We are seeking to solve the dynamic programming problem of minimising the
expectation of " )
i
L{=Er  #¢ a(usg i %°)°+0XC,,
¢=0
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by choosing the interest rate i¢+, at datest+; when
Xe = i (it i Yer) + Uy

and
Vi1 = ®X¢ + Yag + €¢41:

We conjecture that the value function is of the form v (%) = ¢ (% i %°)*+d in
which case the Bellman equation is satis..ed if there are numbers ¢ and d with
¢ . 0 such that

¢ (Yt ihl/ﬁ)2 +d

= minE a%¢ i 1/4“)2 + bxf +1+ c(%+1 i 1/4“)2 +d
It - =
h 3 i
= MINE a(h i %7)°+bx2+1 c(@X¢+ Yy § % +ep)” +d
It
h . ¢
= MINE alh i %)+ b+ 4@ X2 + 20%cxe (Yo T %°) + ¢ (e § %°)2 + 4c%2 + +d
It hi ¢3 - i
= min b+#® (i i Y%e)® + %2 20%C (it i Yo) Yor i %°)

it

3 “1i

+a (e i %)+ 20 (Y § %°) +2c%2 + 2d:

Dicerentiating with respect to i¢ to get the minimum implies that the optimal
policy satis..es

it =Y + m? (1/4t i 1/4';) (Al)
where
mo = ®+c
(b + c®2)
and

(e i %°)° +d
@222 . . ]

|
+ b ++c® %5 +£c%s + d:

Our conjecture holds and the Bellman equation is satis..ed if left hand and right
hand sides of this expression are the same function of Y, that is provided the
coeccients of (Y i 1/4")2 are the same so

®2+2C2

c=aij —(b+ic®2) + *C

or equivalently
btc

—a+——
¢T AT b+ xc®?)

(A2)

and i ¢
d="b+c®2 %3 + +c¥%2 + d:
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or equivalently

i ¢
i '+ +c@2 %2 + c%2
B 1j+ '
Equation A2 can be written as

i ¢
£9@ab;c)=(cj a)'b++c® j bc=0:

Considering % (a;b;c) asa function of ¢ it is quadratic with a positive coe¢cient
on ¢ whilst f9(a;b;0) = jab < 0 if a and b are both positive. Then there is
a unique positive root ¢ and @f9=@c > 0 when ¢ = c%: We have indeed got a
solution to the Bellman equation. The optimal policy is given by Al where

®+cl

0 — (—
M= =0 + xc90?)

(A3)

and cd is the unique positive root of (¢ j a) 'p + tc®2¢ j btc=0:

As T (a;b;c) is homogeneous of degree 2 in (a;h;c) if f9(a;b;c) = 0 then
fa(.a;.b;.c) = 0; so the root c¥ is homogeneous of degree 1 in (a;b): Then
equation A3 implies that the coe®cient m9 of the policy response of the real
interest rate to deviations of infation from its target value is homogeneous of
degree 0 in (a;b); only the ratio of the weights a=b matters to policy. When
a = 0 so no weight is given to intation ¢ = 0 solves f%(a;b;c) =0, m® = 0;
the optimal policy is to set it = Y%t so the real interest rate is zero which
minimises the output gap. When b = 0 no weight is given to output, the optimal
policy response has m% = é‘:; SO it j Y = (—@1: (%¢ i %) which makes expected
infation at t + 1 equal to the target %": We now show that a=b increases from
zero to in..nity the coed¢cient m? increases, interest rate policy becomes more
aggressive. As only the ratio a=h matters this can be done by showing that md
is an increasing function of a: As @ci=@a = j (@fY=@a) = (@fI=@c) at ¢ = c9;
and we have already arguec& that @f9=@c > 0 when ¢ = c9; it is enough to show
that @f9=@a = j 'b+ +c®? < O0:

A.3 Proof of Proposition 3

We are seeking to solve the dynamic programming problem of minimising the
expectation of
A ]
A x h it
Ecl)=1i Ecexp i  # a(he, 1 %°)° +0X2,,
¢=0

by choosing the interest rate iy, at datest+; when
Xe =i (it i %) + Ue

and
Yatw1s = ®X¢ + Yag + €441
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3

We conjecture that the value function is of the formv (%) = 1Ljexp ic¢ (%t i 1/4”)2 jd

in which case the Bellman equation is satis..ed if
= -
exp icCh i %) id
h 3 3 i
= maxE exp jaci %)’ i bx2 j + C(Yeer i %2 +d
It -
h 3 “i
= maxE exp ja(%t i ) g bxf i 10 (®X¢ + Yir § % + 1)’ § 2d
It

which from Proposition 1 is equal to

1
max P————=E [exp (i Z)]
it 1+ 2+c%2

where
Z =a( i %°)° +bx% +Bc (®xy + Y § %°)? +d
and
b—_ * . (A9)
T 1+ 2¢cu2
Since x¢ = i (it i %t) + Ut the expression Z can be written as
= i
Z = ahei %)+ b+Bc®2 x2+ 20Bcx, (i § %) + B (U § %7)° + +d
3 .0 1, 5
Be (v, = y° 2b 1 = 18\2
= b+P®® @ (i i Yer) +Ur+ 8¢ (he i ) i ®PR.C* (e i %°)
b+ D@2 b+ Pc@?
+a (Y i l/AD)2 + B (7 1/4”)2 + +d:
From Proposition 1
1
Eexp(iZ) =+ = exp(iVY)

1+2 b+Rc@2 42

where
3 b 2’ (o) 1,
b +2c® ®c (Vo j 1
Vo= e @ (i ) LA
1+2 b+Bce? %2 b+ Bc@?

@ (v § 4)2
1
b + Bc®?2

+a (i %)+ B § %2+ 2d:

The optimal interest rate policy minimises Y by setting

ie = Yoo +mP (Y § %°) (A5)
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where
mh=—=3—~
b+ Bc@2

implying that

_. ®2B2c2 (v, § 4°)°

= . +a (% § %)% +Be (U j %)% ++d
b + Pc®?

so the Bellman equation is satis..ed if
3

-

exp ic(e i %)’ id

it

1
maxP——————==E [exp (i Z
1+ 24c%2 [exp (i 2)1

1
= = exp(iY):

1+2 b+Pce? 92 (1+2:c%2)

Equating coeCcients of (% i l/4")2 implies

@2’c2
c=aj3———=+H (A6)
b + Po®2
or equivalently
e .
c=a+3F——m
b+ Pce?
whilst equating the other terms
1
exp(jd) == = exp (j+d): (A7)

1+2 b+Bc@ %2 (1+ 2:c%2)

Using A4 equation A2 can be written as

b®c b+c
=a-+
b + cR®? b(1+ 2tct2) + c1®?

or i ,¢ ,¢
f(ab;c)=(cja) b 1l+2xchy ++c®° jbtc=0:

Considered as a quadratic function of ¢ has a positive coe@cient on ¢? whilst if
c=0 f = jab<O0if aand bare both positive, in which case there is a unique
positive root c®. Equations A4 and A7 imply

V] X iC®2 ﬂ ﬂ R ¢

In 1+2 b+——— %2 +|nll+2tc3/4§

d==—"—
21 i) 1+ 2+c¥%2
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Our conjecture is satis..ed, we have a solution to the Bellman equation. From
Al the optimal policy at t can be written as

ig =Y +m° (Ve i %°)
where

b _ ®tcP
T T (b (1 + 24ch%2) + +ch@2)

m (A8)
. . . i ¢ ¢
and c is the unique positive root of (c j a) b 1+ 2+c¥%2 ++c®? j btc =0:
The optimal policy minimises the expectation of
= ..
h - - oy 2 2 b _ oy 2 !
exp i a(t i¥% ) +bxy+zic (heer i %)

When a = 0 so no weight is given to infation ¢ = 0 solves f° (a;b;c) = 0,
mP = 0; the optimal policy is to set iy = % so the real interest rate is zero
which minimises the output gap. When b = 0 no weight is given to output, the
optimal policy response has m® = 2=; s0 ix i %t = o= (%t i %°) which makes
expected intation at t +1 equal to the target %“: In both these polar cases the
optimal policy is the same with the bell and the quadratic loss functions. For
all other cases the policy dizers.

The last step in the proof is establishing that less weight is given to the future
with bell loss function, that is ¢c® < ¢4 and m® < m9. Given the de..nition of
c% as the positive root of

i ¢
f,@©=(Cia '+ £c@2" j brc =0
cd ja=>0and i ¢
(ch ja) b+ +ci® jbrc" =0

¢ ¢
so subtracting this expression from f,, (c9) = (c% j a) Wi+ 2+¢9%2 + +¢9®?
btc?® implies that
fy (c%) = 2+¢%%2 (¢ j a) > 0:

As T, (c) is a quadratic, with f, (0) < 0 and a positive coe¢cient on ¢ this
implies that ¢ > ¢®: From A8

b _ ®+cP ®+c ®xc

T (b (L + 25CO%2) + £C°@2) (b +£c0®2) (b+ xca@2)

m

since —piiesz s an increasing function of c: Hence m® < m interest rate
policy with a bell loss function is less aggressive than with the corresponding
quadratic loss function.

A.4 Proof of Proposition 4

If ® , is positive and x is negative replacing x by jx does not change x?
and increases (" oX i ®)2 so increases the expected loss, thus the optimal X is
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non-negative A similar argument implies that if ® , < 0 the optimal x is
non-positive: Assume temporarily that ®  is positive. From equation 8
(0] 1

1 k i ®)°
EL°=1; + = exp @ (X i® A

142K %2x2 + %2 1+2k %2x? +3%G

o 1
EL® 2k k i ®)°

: == = 5-2 exp @ (X i ©) Af(x) (A9)
ox 1+ 2k x2%2 +%2 1+2k x2%2 +%3
where

i ¢i i _,t ¢ _

F(x) = "1+ 2k¥%2 +2k¥%2x2 ') %2 + 72 @, i 2xk(T,X i ®) %2: (A10)
The ..rst two terms on the right hand side of A9 are strictly positive, so the
stationary points are the roots of the cubic function f (x) : When x = ;575

=70

f (X) is negative, and when x = % f(x) is positive, so by continuity there is at

least one positive root in the interval 3/2&;9—2 ; % . Let & be the largest positive
=T 0

root. Expanding f (x) gives

_ _ i _ _ ¢
f(xX) = i® i 2k¥%2® ,+Xx 2 + 2+ 2k%2%2 + 2k%2 73 j 2kUZ®?
+2K%EX2® ) + 2k%Ax3: (A11)
implying that
0*f ()

e = AkIE@ ™, + 12k¥*x

which is positive for positive x: Hence f (X) is a convex function for positive x:
From 9 f (0) = § ® o which is by our temporary assumption negative. For any
x in the interval (0;%) convexity of T implies that

Zx o x X 2 x
f(x) = f j—gb3+ li'E 0 -Ef(h)+ 1iE T (0)
X
= h0+ 1'1& f(O)<oO

so T (x) cannot have any roots in the interval (0;R): As we assumed that k

is the largest positive roots, and there cannot be any smaller positive roots,

k must be the unique positive root of f(x) = 0: We have argued that given

our temporary assumption that ®  is positive, the optimaal policy is positive;

we have also argued that there is a root in the interval 3/%9—2;:’% ; so this
‘=T o

rogt must be the optimal policy. Use notation X" for the optimal policy. As
f %‘5 <0;and f =®(—) > 0; fx (x®) > 0: Thus as
=T o

0x® _ fi (X))
ok ~ ' ()
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@@f has the opposite sign to f (x”): From A10

i i, ¢ _ ¢
f(X)= x %+ 5 i® ( +2kg(x) (Al2)
where
iy2 2,280 0, b ¢ 242
g(X) = %S+ ¥EX® X ¥E+T T 1@ 5 i x(oX i ®)° % (A13)
2 -
As x° >3/2i;&—2 the term x* 3/43+_§ i ® > 0; thus from Al12, as f (x°) =
=T o

0; g(x") < 0: But Al2 and A13 also imply that fi (x”) = 2g(x®): Thus
fi (X°) < 0, and so %Xk- > 0; the optimal policy is an increasing function of
k: A similar argument irgplieg that é%; is opposite in sign to f,2 (x*): From

Al12 and A13 f,. (x°) = X° %2+"5 i® > 0; so the optimal policy is a
decreasing function of ¥%2:

To get the limits-as k tends to O; note that the ..rst order condition with
k=0isx %2+ 2 j® =0 Aswe have shown that the optimal policy
x? is increasing in k and bounded above by ®= ,, x® must tend to a ..nite
limit as k tends to in..nity. At this limit the ..rst order condition becomes

g (x) = 0: Note from A13 that g (B= ;) > 0; so the upper limit is strictly less
than ®=",: Finally notethat as %2.tends to zero, so the Brainard uncertainty

disappears, the interval %%Eg;:’-i and thus the optimal policy collapses to
the point ®=§:

Now suppose that contrary to our temporary assumption ® : As ( ¢X j ®)°
(o (ix) i (i®)%and (ix)* = x2; we can consider jx as the policy variable,
and note that j®  is positive. Then everything we have proved about x and ®

appliesto jx and j®; in particular the limiting arguments hold, and increasing
functions become decreasing functions.
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