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Abstract

We introduce a new method for the estimation of discount functions, yield curves and forward
curves from government issued coupon bonds. Our approach is nonparametric and does not
assume a particular functional form for the discount function although we do show how to impose
various restrictions in the estimation. Our method is based on kernel smoothing and is defined
as the minimum of some localized population moment condition. The solution to the sample
problem is not explicit and our estimation procedure is iterative, rather like the backfitting
method of estimating additive nonparametric models. We establish the asymptotic normality
of our methods using the asymptotic representation of our estimator as an infinite series with
declining coefficients. The rate of convergence is standard for one dimensional nonparametric
regression. We investigate the finite sample performance of our method, in comparison with

other well-established methods, in a small simulation experiment.
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1 Introduction

The term structure of interest rates is a central concept in monetary and financial economics. Prices
of fixed income securities like bonds, swaps, and mortgage backed bonds (MBB’s) are functions of the
yield curve, and pricing of derivatives also depends on the yield curve. The spread between long and
short term interest rates carries information about the level of future interest rates, see for example
Campbell and Shiller (1991) and Engsted and Tanggaard (1995). The slope of the yield curve has
frequently been used in empirical studies as a predictor of future inflation and national incomes, see
Frankel and Lown (1994) and Estrella and Mishkin (1998) for example. Therefore, estimation of
yield curves has had a long tradition among financial researchers and practitioners. See Campbell,
Lo, and Mackinlay (1997) for further discussion.

A fundamental problem is that the yield to maturity on coupon bonds are not directly comparable
between bonds with different maturities or coupons. Thus, there is a need for a standardized way of
measuring the term structure of interest rates. One such standard is the yield curve of zero-coupon
bonds issued by sovereign lenders.

The construction of this yield curve poses several problems for applied research. First, many
governments do not issue longer term (i.e., greater than 1-2 years) zero-coupon bonds. Hence the
yield curve must be inferred from other instruments. A simple solution can be derived from the law
of one price by assuming the absence of arbitrage. Arbitrage in the bond market will cause the price
p of any bond (coupon or zero) with payments b(7;) at time 7, to be equal to the discounted value of
the future cash flow 7 = )

income stream, b(7y),...,b(7,), is assumed known and non-random. The second problem is that,

m
J=1

b(7;)d(7;), where the discount factor is d(7;) at time 7;. The future
in practice, small pricing errors perhaps due to non-synchronous trading, taxation, illiquidity, and
bid-ask spreads necessitates adding an error term to 7. The error term should be sufficiently small to
ensure that they do not represent (gross) violations of the law of one price (no-arbitrage condition).*

The statistical problem we address is to estimate the function d(-) from a sample of coupon paying
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bonds. Note that, based on a continuous time approximation, we have d(t) = exp(—ty(t)), where
y(t) is the yield curve, and y(t) = exp(— fot f(s)ds), where f(t) is the forward curve, see Anderson,
Breedon, Deacon, Derry, and Murphy (1996, pp 12-13). Both of these relationships are invertible, so
that knowing d is equivalent to knowing y or f.

Following the seminal work of McCulloch (1971), the standard approach to estimation here is to
assume a parametric specification for d(t) or y(t) or f(¢) and to use linear or nonlinear least squares to
estimate the unknown parameters. For example, McCulloch (1971, 1975), Shea (1984) use regression
splines for d(t), Chambers, Carleton, and Waldman (1984) uses polynomials for y(t), Vasicek and
Fong (1982) uses exponential splines for d(t), while Nelson and Siegel (1988) proposes powers of
exponentials for y(¢). An approach based on linear programming methods has been suggested by
Schaefer (1981). If the specification is considered parametric, i.e., to be a complete and correct
representation of the functions of interest, i.e., the mean, then standard asymptotic theory can be
used to derive the limiting distribution of the estimator and to justify confidence intervals obtained
from this. However, a number of these authors are arguing against adherence to any fixed model and
really are viewing the problem as being nonparametric. Some recent studies by Fisher, Nychka, and
Zervos (1995) and Tanggaard (1997) have taken this line. When we view the estimation problem
as nonparametric, there is little existing theory regarding the distribution of the estimators; for
example, no-one has established the asymptotic distribution of the spline estimates discussed above.

We adopt a nonparametric approach in which we do not a priori specify the functional form of the
discount function or forward curve. We shall suppose that the discount function d(-) is a continuous
and indeed smooth function of time to maturity. Although this is not guaranteed by purely arbitrage
arguments, it does seem plausible. We propose a new class of methods for estimating d(-) based
on perhaps the most central of all smoothing methods, the kernel method. The flexibility of our
method is very important in practical applications because parametric estimates are often flawed
by specification biases. It is not immediately obvious how to estimate the function d(-) by kernel
methods, since this function affects the mean function indirectly through a convolution with the
payment function. We first interpret the function d as the solution of some population mean squared
error criterion. We then smooth the sample version of this to obtain an empirical criterion function,
which is regular enough to provide consistent estimates. Several versions of the localization are
possible including local constant and local linear [which has some well known advantages in other

contexts, see Tsybakov (1986) and Fan (1992)]. It turns out that our methods do not generally



have explicit solutions, i.e., our estimator is defined as the solution of a linear integral equation.
In practice, our solutions are defined through the method of successive approximations.? We also
give a ‘backfitting’ interpretation to our procedure, as in Opsomer and Ruppert (1997) and Linton,
Mammen and Nielsen (1998). We establish the convergence of our iterative scheme and establish
the asymptotic properties of the estimator. We obtain a representation of our estimator as an
infinite series with declining coefficients, which thereby provides its asymptotic distribution — it is
asymptotically normal at the standard rate of convergence for one-dimensional kernel regression.
The asymptotic distribution of the implied estimators of y(¢) and f(t) can be easily obtained by
the delta method. Our regularity conditions are ‘high level’, but we show how they are satisfied
in some leading cases. We also exploit the relationships with the yield curve and forward curve to
suggest alternative methods, thus we write d(-) = ¢(0(-)) for some known function ¢, making ¢ now
the object of estimation. The purpose of this is to give some added flexibility and/or to enforce
consistency with theory. For example, by taking d(t) = exp(—ty(t)) we can directly impose the
restrictions that d(0) = 1 and d(t) > 0 for all ¢, at the same time we are directly estimating the yield
curve itself.

Finally, we investigate the small sample performance of our method in a small simulation exper-
iment. It compares favourably with the spline method of McCulloch for example.

We point out that the estimation problem is similar to that considered in Engle, Granger, Rice,
and Weiss (1986) in which electricity demand over a billing period is modelled as a sum of individual
daily demands each determined by temperature on the day concerned. They used splines, which
effectively parameterizes the function d and makes the estimation problem standard nonlinear re-
gression. They did not provide any asymptotic theory to justify their approach, at least not for the
pointwise distribution of the nonparametric part. A similar estimation problem occurs quite widely
with grouped data. For example, Chesher (1997) estimates the individual nutrient intake-age rela-
tionship from household level intake and individual characteristics like age. Again, he used splines
but did not provide any justification for the validity of his method. A related problem arises in
nonparametric simultaneous equations [Newey and Powell (1988)] and in estimating solutions of in-
tegral equations [Wahba (1979), Nychka, Wahba, Goldfarb, and Pugh (1984), and O’Sullivan (1986)].
See also Hausman and Newey (1995) for a related problem involving differential equations. With

minor modifications we can provide new estimators in all these situations and find their asymptotic

2See Rust (1997) for discussion of some alternative methods.



distribution.

In section 2 we discuss [for reasons of completeness| smoothing of pure discount bounds. In
section 3 we present our new methods for smoothing the yield curve. In subsection 3.1 we present
the local constant version of our estimate with ¢ the identity, i.e., the object of interest is the discount
function, while subsection 3.2 gives the local linear extension. Section 3.3 describes how to estimate
y and f from the estimate of d. We then present in subsections 3.4-3.6 the exponential version of
these methods. We present the asymptotic properties of our methods in section 4. In section 5 we
provide a small simulation study that compares our method with some alternatives. Proofs are given

in the appendix.

2 Smoothing of Pure Discount Bond Yields

In an efficient bond market, $1 delivered at some future date 7 has one, and only one, price, d.
The function d(7), giving the discount factor as a function of 7, is called the discount function. In
practice small pricing errors due to rounding-off, tax effects, and inefficiencies distort the pricing
mechanism. Therefore, the discount function must be derived from a sample of noisy zero coupon
bond prices, p1, ..., p, with times to maturity 71 < ... < 7,. We shall not require that the times be
equally spaced. The statistical model is based on random perturbations of the present value pricing

relationship, i.e.,

plzbl<71)d<71)+€“ Z:].,,TL (1)

where ¢; are an error sequence with Elg;] = 0, ¢ = 1,...,n, where b;(7;) is the payment, i.e., the
principal, returned to the bond investor when bond i matures at date 7;. Note that b;(7;) and T;
are known and fixed constants, and that the statistical problem is one of estimating the discount
function d(7). The discount function can be defined as that smooth function d(-) which minimizes

the population criterion function

n

lim 1 El{pi — bi(1:)0(7)}?]

n—oo M
=1

with respect to 6(-). The limiting criterion function exists and has a unique minimum provided that
{7;} is dense in a compact interval and that the first two moments of p; are finite. This suggests the

following localized sample based criterion function



n

Qu(0) = D Wilr) {pi — bi(r:)6}”, 2)
i=1
where {WW;} is a set of smoothing weights, depending only on the 7’s, which are small for ; distant

from 7, i.e., the criterion is weighting preferentially bonds with similar maturities to 7. Let d(-)

minimize @, (6) with respect to (-). The solution to the first order condition is given by

) > iy Wilr)bi(T:)pi
A= > Wim)bi (1) (3)

In kernel smoothing, the weight sequence is derived from a kernel function. A kernel function is a

symmetric, continuously bounded real function, K, that integrates to one. The weights are then
determined by the formula W;(7) = K (7 — 7;), where K, (u) = K(u/h)/h, where K(-) is a density
function and h = h(n) is a sequence of positive numbers. The bandwidth parameter, h, determines
the degree of smoothing. Small values make the estimated curve C/i\(T) very approximate and irregular,
while large values of h make the estimate close to the sample average. This estimation method was
suggested in Tanggaard (1992). The asymptotic distribution of C/Z\(T) is covered by Theorems 1 and
2 of Gozalo and Linton (1998) when ¢; are independent.

There are two aspects of the estimation procedure. First, there is the smoothing aspect. Smooth-
ing is necessary because prices are noisy. The noise can originate from minor market imperfections,
non-synchronous trading, price-discreteness (tick size), temporary imbalances in demand and sup-
ply. Furthermore, tax-effects (clienteles), and illiquidity premia may also affect the present value
relationship. The need for smoothing can be reduced by a careful sample selection procedure. How-
ever, in general it is not possible to completely avoid the need for smoothing. The second aspect is
interpolation. Interpolation becomes necessary when markets are not complete. In the US market,
for example, T-notes are issued with original time to maturity 1,2,3,5, 10, and 20 years. Thus, if
we want to avoid using off-the-run issues in estimation, there is a clear need for interpolation of the
yield curve between 5 and 10 years. And in general we do not want to plot the yields as a scatter
plot, which further necessitates a smooth graphical picture of the yield curve.

However, a proper interpolation of yields between maturities where no payments are due, requires
a formal model of the dynamics of the term structure of interest rates. This is not the objective
of this paper, and we therefore take a purely statistical approach and smooth the yield curve using

kernel smoothing.



3 Smoothing of Coupon Bonds

As discussed in section 2, most bond markets do not posses zero coupon bonds for useful spans of
maturities. The discount function must therefore be extracted from quotations of coupon bond data
instead. Coupon bonds generate several payments at future dates, and in an efficient bond market,
the present value of these future payments should, apart from a small error, be equal to the trading
price, p;. As in section 2, the sample consists of n bonds with quoted prices p1, ..., p,. Furthermore,
b;(7;j) # 0 denotes the payment returned to the owner of bond i at date 7;;, where 7,1 < ... < T,
are the possible payment dates. For United States treasury issued notes and bonds, the payments
are usually equal semiannual coupons ¢;, j = 1,...,m;_1, while in the final period one receives the
redemption value R; [usually this is normalized to be 100] plus the final coupon ¢;.> The model
considered in section 2 corresponds to the special case where m; = 1. In general, m; will be larger
than one and will vary from bond to bond. Frequently, however, some maturities will coincide, so
that the total number, say m, of distinct times {7;;} will lie somewhere between max;<;<, m; and
2 i1 M-

The statistical model we adopt is

pi :Zbi(Tij)d(Tij)+5i; i=1,...,n, (4)
j=1
where ¢; is a random sequence satisfying Ele;] = 0,7 = 1,...,n. To our knowledge, all previous

treatments of this problem have assumed that ¢; are independent random variables, possibly het-
erogenous in distribution. We shall allow for correlation across i [i.e., across bonds]; this is because it
is expected that there is a common source for some of the pricing errors which make the error terms.
However, we will need to assume that the correlation is weak enough for a central limit theorem to
be applied, which rules out a single factor structure.

The statistical problem is to extract estimates of the unknown discount function d(-) based on

4

a sample of observed bond prices, coupon payments, and times.* We can write this relation as

p = Bd + ¢, where p,e are the n x 1 vectors of prices and errors respectively, while B is an n x m

3Sometimes there are short or long first and last coupons, meaning that these coupons may be larger or smaller
than the other coupons. Other bond markets have similar payment schemes with annual and semi-annual payments

being the norm.
*Note that the Engle, Granger, Rice and Weiss (1986) model allowed the regression function to be observed only

through a linear functional but also included some parametric effects.
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matrix containing the payments, and d is the m x 1 vector of discount factors. This would suggest
estimating the unknown vector d by regression techniques such as least squares. However, the number
m can be very large [m >> n] in a typical sample of bonds, because there is little overlap in payment
times. Furthermore, for each bond the payments are usually the same until the last period, i.e.,
bi(7:5) = bi(Ti) for all j,k with 1 < j,k < m;. This tends to make the matrix B rank deficient and
preclude the direct use of ordinary least squares to estimate d.> The problem is really that the finite
sample least squares criterion function does not impose smoothness on the function d [this problem
arises generically in standard nonparametric regression and, indeed, in the no-coupon bond case].
We can interpret the function d(-) in (4) as being the continuous minimizer [with respect to 6(-)] of

the limiting criterion function

lim EZE[{% - ibi(Tij)Q(Tij)}2]a ()

n—oo N 4

which exists provided the sequence {7;;} becomes dense in a compact set. We choose an alternative
finite sample criterion which imposes smoothness throughout its approach to infinity. One simple
method is to group the data into bins which have similar 7;;, and then to do least squares on this
grouped data. This amounts to a histogram approach to estimation. We shall use a kernel version

of this procedure, which improves on the poor bias of this method.

3.1 Local Constant Smoothing

Our trick is to generalize an interpretation of a smoother in terms of a global projection. We first
outline this interpretation in the pure discount bond setting and then see how to apply it to the

general case (4). Consider the following global criterion function

Qu(0) =3 [ Kalt = 7 (o= b(rpoce)) ©)

and let 5() minimize this criterion with respect to functions (). The solution to this calculus of
variations problem can be obtained from the necessary condition for 5() to be a minimizer, see
Weinstock (1951, pp 20-22), which is that the Gateaux derivative of @), with respect to # must be

®One possible solution corresponds to a histogram type estimation. One groups the payment times into bins and

then does least squares regression.



zero in all directions. To find the solution, however, it is convenient just to look in the direction of
point masses. Let 6, be the Dirac [generalized] function at 7, that is, [ 6,(u)f(u)du = f(7) for any
function f which is continuous at 7, see Lighthill (1958). Now replace 6(-) by 5() + €6,(-), where €

is a real number, and differentiate the criterion function with respect to € at e = 0. We obtain

/ K (t — 7)bi(7:)6, (£){pi — bi(:)0(t) }dt = 0.

Now use the fact that [ 6, (¢)Kp(t—7:)dt = Kp(r —7;) and [ 8-(£)0(t) Kp(t—73)dt = 0(7) K (T — X;)
to see that 9(7’) =S pibi(T) KT — 7)) > or b (i) K (T — 7'1) which is in fact the kernel version
of (3). In this case, we already arrived at 9(7’) as the minimizer of a local criterion function and the
global criterion function (6) just provides a nice interpretation.’ In our case, however, it is essential
to start with the global criterion function.

We define the following localized sample criterion function

- %Z/{M-i@(ﬂj (i } H{Kh s — Ta) dsi} (7)

where for each {s;}, the local criterion function

Z {pz Zb sz Sz] } HKh Sit — Tzl

=1

is preferentially weighting bonds whose maturities 7,1, ..., 7y, are close to the sequence {s;}. Al-
though the local criterion does impose the requirement that 6(-) is constant in a small neighbourhood
of s;;, unfortunately it does not provide sensible estimates because we have to allow the evaluation
points of 6 to vary with both ¢ and j, so that there is not enough restriction imposed at a single

point. The averaging in (7) imposes the necessary structure.” We define our estimator JLC(-) as

6See Nielsen and Linton (1998) for some discussion of a similar example where global criterion functions provide

interpretation.
"Note also that by a change of variable

= %Z/ {pi - ibi(ﬂ‘j)@(ﬂ‘j + huij)} l_i {K (wit)duy },
i=1 j=1 I=1

which is asymptotically equivalent to (5).



the minimizer of @, (0) with respect to 6(-). We discuss existence of a solution below, but we next
show how to solve the minimization in (7) using the method introduced above. Replace 6(-) in (7)
by d, ro(+) + €ds(+), where € is a real number, and differentiate the right hand side of (7) with respect

to € at ¢ = 0. This gives the following first order condition

0 = ZZ/{% 1[j # r]bi(ri;)dro(si;) —bi(Tir)CTLC(S)}

i=1 r=1

bi(Tir) H 1[j # r]{Kn(sij — 7i5) dsij} Kn(s — Tir)

j=1
= ZZPZ i(Tir ) Kp(s — Tir) ZZZb 7ij)bi(Tir ) Kn(s — T,T)/C/Z\Lc(t)Kh(t — 7;5) dt
i=1 r=1 i=1 r=1 j=1
i
=3 bi(rin) Kn(s — mir)dre(s), (8)
i=1 r=1

which has used the fact that f Ky (sij — Tij)dsi; = 1 to eliminate many of the integrals. The first

order condition can be rewritten as

@C@):E@y+/iﬂcg¢ﬂgxwﬁ, (9)

where

E(S) Zz 1 Zr 1 Pi bi(Tir) Kn(s — Tir)
D i1 g DT )P K (s — Tir)
_Zi:l Doty ;’;Zr bi(Tir)bi(Ti5) Kn(s — Tir) Kn(t — 7ij)
D it Dopy bi(Tir )2 K (s — Tir) ’

The expression (9) is a linear integral equation involving the intercept d and the linear operator H LC,

(10)

Hico(s,t) =

(11)

both of which quantities are fairly simple functions of the data [ratios of sample averages of kernel
weighted data]. This structure is important in deriving the asymptotic properties of d, LC-

Relation (9) suggests the following iteration for the calculation of d, Lo:

@EW$:E@}ﬁ/ﬁw@¢ﬂﬁﬁMu a=0,1,..., (12)

where the starting value cﬁLO]C is equal to d, say. The integration in (12) can be computed numerically.
We discuss this further in the application section below, see also Linton, Mammen, and Nielsen

(1997) for a related computation.
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The quantity d(s) can be thought of as the minimizer with respect to the scalar 6 of the criterion
function

ZZ{pl - Tzr 9} Kh( Ti?")' (13)

i=1 r=1

This function corresponds to a sum of zero-coupon bond criteria. Therefore, an alternative interpre-
tation of our algorithm is that at each stage we are applying the smoother defined by (13) with p;
replaced by the partial residuals

Zb Tij /7“1 () Kp(t — 74)dt.
J#r

This gives our algorithm a backfitting interpretation [see Hastie and Tibshirani (1990)] in which the
basic smoothing operation is given by (13).

A necessary condition that the iterative calculation d, rc converges can be based on a check of the
operator norm of the operator Hcg(-) = Hyo(-,t)g(t) dt. For anorm || - || on the functions g the
corresponding norm of the operator Hyc is defined as ||ﬁLc|| = SUpP|4|=1 ||ﬁch||. If ||g|| is defined
as the supremum norm ||g|je = sup, |g(z)|, we get that |[Hic|le = supsfﬁLc(s,t) dt. If ||g| is
defined as the Ly norm ||g||2 = [ |g(z)|? dz, then ||HLc||2 can be calculated by an iterative algorithm
| Hrol2 = limy_oo | Hicer||2, where the function ey, is defined as ey = Hycep_1/|Hrcer1||2. Under
reasonable conditions, the function d has a bounded sup norm and a bounded L, norm. Furthermore,
it follows from a Neumann expansion that the linear transformation I — H rc has the inverse (I —
ﬁLC)’l => o 7?[20, provided ||ﬁLC|| < 1 with respect to either the sup norm or to the Ly norm
(see e.g., Riesz and Sz.-Nagy (1990), p. 152). When ||Hrc|l2 < 1 or ||[Hre|lso < 1, it therefore follows

that the iterative calculation of d, rc converges and that the solution is

d=(I—Hye)'d= Zde

k=0

The resulting estimate ELC can be interpreted as least squares projection of the data in an

appropriate function space. For this purpose we consider the following norm on n tuples of functions

g=(91,--.,9n), namely

lgll* = Z/{Zb Ti5)9i (S } H{Kh Sij — Tij) dSij} . (14)

11



If one puts 7,(+) as equal to p;[> 7", bi(74;)] " [which is a constant function], then the function tuple
(drc,-..,drc) is the projection of n = (n,...,n,) onto the linear subspace {g = (g1,...,9n) :
g1 = ... = gn}t with respect to the norm || - |. This relation helps to understand that dro is
always well defined (up to differences that have norm 0 with respect to || - ||). In particular, for the
unique existence of d, Lo it is not required that ||ﬁLC|| < 1. Furthermore, our approach allows us to
incorporate restrictions on the shape of d. For example, a natural constraint is to suppose that d is
monotone. A natural estimate based on kernel smoothing is defined as minimizer of (7) where the
minimization runs now over the constralned class of functions [e.g., over all monotone functions d.]

Let us denote the resulting estimate by dconstr Then it is easy to see that dconstr is the projection of

d onto the constrained class with respect to the norm || - || defined in (14). This means that
n 2 m;
deonstr = AT mEiHZ/ {Z bi(Tij)[d(sis) d(Sm‘)} [T (K (55— 735) dsis}
=1 j=1

where the minimization runs over the constrained class of functions d. See Mammen (1991) and
Matzkin (1994) for discussion of nonparametric estimation of monotone and other constrained func-
tions.

Finally, it can be expected that e; will be heteroskedastic, since bonds with a long time to
maturity can be affected by many sources of errors. Consequently, we expect the variance of &;,
denoted o2, will vary proportionately with 7;,,. In this case a weighted criterion function taking
account of the different accuracies of each bond would perhaps lead to more efficient estimates, at
least in terms of variance. Suppose that o; = v f(Tiy,) for some known function f and unknown
parameter . Then, the weighted criterion function is given by (5) where we redefine p; — p;/ f(Tim,)

and b;(7;;) — b;i(7i;)/ f(Tim,;). Therefore, estimation proceeds as above with the transformed data.

3.2 Local linear smoothing

Kernel smoothing leads to estimates with design dependent bias and with poor accuracy at bound-
aries, see for example Tsybakov (1986) and Fan (1992). An approach that is known to overcome
these disadvantages in regression is local linear smoothing. For the definition of the local linear
smooth in our model we just replace 6(-) in (7) by a linear function. Thus, consider the following

tuple (ELL, ELLJ) that minimizes

12



Z/ {pi - ibi(ﬂj)[d(sij) + (735 — Sij)dl(sij)]} H {Kn(sij — 7ij) dsij} (15)

with respect to (d,d;). The local linear smooth is now defined as dy,. Again, the minimizer of (15)
can be easily calculated by an iterative algorithm. To solve the minimization in (15) we proceed as
in the last section and put d = EL 1 +ebs and d; = d, L1+ €65 and differentiate with respect to € and

set € = 0. We end up with the following system of equations:

C/i\LL(S> C/Z\LL( )
(Mﬁﬂ$) ( ) /Hust< 2m@>(w (16)

(a@>>zﬂa@1< b i S pibi(rie) Kol — i) )
di(s) 2t Doy Pibi(Tir) K (s — Tip ) 5=

where

and

1 = < T’LT Kh(S_Ti'r) bi(Tz'r)zuKh( Tz'r) > (17)
i=1 r=1

Tzr ZTW SKh(S - 7_17") bi(Tzr)z(T” 2 Kh(S - Tzr)

Furthermore Hp (s, t) is equal to M(s)"1Hyp(s,t), where Hyp(s,t) is a two times two matrix with

Hyi(s,t) :——ZZZ?) Tir )0i(Tij) K (s — 7 ) Kp(t — T4j),

elements:

Hys(s,t) ———Zzzb Tir)bi(Tij) jh_ tKh(S—Tir)Kh(t—Tij),

ﬁgl(s,t> = —% ZZ Zbl(’f”‘)bz(T”)?K}l(S — Tir>Kh(t — Tij),

MR Tir — STii — 1
H22 S t ZZZ 7-17" (Tij>T ]h Kh(s _TiT)Kh(t_Tij>‘
=1

Equation (16) suggests the following iteration for the calculation of d, . and d, LLA:

E[am(s) B d(s) N &Ta] L)
(hfﬁfﬁ £ ) i (&ms) «fAutn| g ) o 1



As starting value (cﬁLO]L, hc/ZTLO]L,l) one can choose (d,d;) for example. In this case the operator Hyp is

a 2 by 2 matrix, but otherwise is very similar to H LC-

A sufficient condition that the iterative calculation ELL and c?l L converges can be based on a
check of the operator norm of the operator Hyg(-) = i Hpp(-,t)g(t) dt. It is easy to see that the
iterative calculation of ELL and c/i\l L1, converges if ||ﬁLL|| < 1, where ||ﬁLL|| is defined with respect

to the sup norm or to the Ly norm. In this case the limit is given as

C/Z\LL > 1 E
~ = H _ .
(e, )73 )

3.3 Estimating the yield and forward curve

Practitioners often prefer to have visual presentation (and an estimate) of both the yield curve and the
forward curve. By definition the two representations are equivalent. However, in discussions of, for
example, the effects of monetary policy it is customary to relate the discussion to forward curves [see
Svensson (1994) and Dahlquist and Svensson (1996)]. Estimates of the yield curve and forward curve
can be obtained from estimates of d by the relations y(t) = —log(d(t))/t and f(t) = —d'(t)/d(t).
Specifically, y;(t) = —log(c@(t)) /t, where j = LC,LL. In the forward curve case we can take the
following estimator based on the local constant,
[ K} (t — s)dpo(s)ds

Jrolt) = [ Kn(t — 8)dgo(s)ds’

or we can make use of the local linear estimation to define

~

~ L rra(t)
fro(t) = n(l)

3.4 Local Constant Exponential Smoothing

We now consider an important modification to the basic smoothing methods we outlined above.
Instead of fitting locally linear functions we fit now locally exponential functions. This approach is
motivated by the fact that we can expect the discount function to be closer to log linear than linear,
as was suggested by Vasicek and Fong (1982). We shall fit the function d(s) = exp(—y(s)s), in other
words we will estimate the yield curve directly. This specification imposes the natural restriction
that d(-) be positive and that d(0) = 1. Alternative specifications here include d(s) = 1 + sg(s) for
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some function g, which was used in Jordan (1994), and d(s) = exp(—su(s)/(1 + s)), which imposes
the additional restriction that d(s) — 0 as s — oo and was used in Tanggaard (1997). See Gozalo
and Linton (1998) for discussion of local nonlinear smoothing methods in nonparametric regression.

We define now the function y;cg(-) which minimizes

Z/ {pi - ibi(ﬂj)exp{—ﬂ‘jy(sij)}} ﬂ{Kh(Sij — Tij) dsij}, (19)

with respect to y(+). To solve the minimization we put y = yrcg+€ds, where € is a real number and 6
is the Dirac [generalized| function in s. Differentiation of the right hand side with respect to e gives
(at € = 0) a single first order condition that defines the estimator. Unfortunately, the resulting first
order condition is a nonlinear integral equation. Although there are a number of solution methods
applicable here, our knowledge about the convergence of such methods is incomplete.
We suggest the following approach based on the local nonlinear least squares criterion function
in 0 I
DY {pi = bilrik) exp(—7ab) }* Ki(s — i), (20)
i=1 k=1
where e
Dik = Pi — Z bi(7;) exp{—Ti;y(7:)}.
T

Now let /y\[f]c g be given and define Z/\[Lag E] (t) as the minimizer of (20) with p;; replaced by

Pl = i Zb / exp{ 7 (O} (t — 74y,
J#k

Taking some initial value /y\[LO}C 5, we proceed a = 1,2, . ... The nonlinear optimization problem (20) can

itself be approximately solved using Newton’s method or Fisher scoring. We expect that reasonable
implementations of this method will converge, but have no proof of this.

Note that a consistent initial value is provided by y;(t) = —log c/l\](t) /t, where j = LC,LL.
We can also define ‘one-step’ estimators, denoted /y\[LHCE(t), which use 7;(t) as initial condition and
terminate at a = 1. In this case, of course, there is no issue about the convergence of the algorithm.

Furthermore, the statistical properties of this estimator can be derived, as in Linton (1996,1998).
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Finite step methods have been studied in a general context by Robinson (1988), but the basic idea
goes back to Fisher (1925).
A local linear exponential version of this algorithm can be defined similarly, and the same com-

ments regarding asymptotic properties and one-step estimators apply.®

3.5 Estimating the discount function and forward curve

The discount function can of course be estimated by c@(t) = exp(—t@-( )), where j = LCE,LLE.
The implicit forward curve, f(t), is defined through the relation y(t fo u)du/t. Note that
differentiation of the last equality gives f(t) = y(t) + ty/'(t). Given an estlmate, y, of the yield curve

y and an estimate 3’ of its derivative, we can estimate f by

An estimate y' of y' is given by the estimate yrrp 1 (see the last section) or can be calculated by

smoothed differentiation of an estimate § of y, Y ox(t) = [ K} (t — 8)Yror(s)ds.

4 Asymptotic Properties

Our main results are for the local constant and local linear discount function smoothing methods.
We also provide a result for the one-step local exponential methods. As we show, the asymptotic
variances of these procedures described above are identical [when estimating the same quantity],

although the bias is certainly influenced by the chosen functional form.?

8For the local linear exponential, we minimize

n m;

ZZ {pzk — bi(Tir) exp(—Ti[00 + (Tix — 8)91])}2 Kp(s — Tik)s

i=1 k=1

where

P =pi — Zb / exp{~Ti; [Ty L) + UL Lpt) (T — O Ka(t — 7ij)dt.
J#k

9For comparison, Gozalo and Linton (1998) showed that the asymptotic variance of local nonlinear least squares

estimators does not depend on the specific functional form used in the estimation, although the bias does.
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4.1 Local Constant Smoothing

Our asymptotics will be stated for the case of nonrandom 7;; and m,. This includes some random
designs as special cases, when one works in the conditional distribution. We also give an example
of a random design that satisfies our conditions. We concentrate on the case of a nonrandom design
because our model (4) arises in other applications that would require another stochastic model for
the design. Specifically, the influential paper of Engle et al. (1986)) falls in our framework. Note also,
that our framework permits variable bandwidth methods with minimal changes in the assumptions.
Therefore, we prefer to state the theorem under conditions that may work also in these applications.
Our conditions are ‘high level” — they are defined mostly in terms of the operator H rc rather than

the primitives of the data.

4.1.1 Assumptions for Theorem 1

(A1) Model (4) holds. Furthermore, we suppose that the error variables ¢4, ..., &, are of the form
€i = ) j— Qiju;, where uy, ..., u, are independent mean zero variables with £ |, |2t < C*F
for n large enough with constants C,6 > 0. The values 7;;, Q;; and m; are deterministic and
they, the distributions of u; and the functions b;(-) may depend on the sample size n. For two

constants 7;,7, > 0 the bandwidth A fulfills n=1""1 < h < n=72 for n large enough.

(A2) There exist constants p < 1, C' > 0 and x > 1 such that for n large enough ||ﬁLC||p < C and
H5 ol < p for p=2.

For the asymptotic treatment of our estimate at a fixed point s we make the following condition.

(A3) There exists a constant C' such that for n large enough

/ Hic(s,t)* dt < C?, (21)

112)2};%2/ ‘/ﬁLC(t,u)Rj(u) du| dt=o(h™"), (22)
!/ﬁw(s,ij(w du| = o((n/h)"*log(n)™"), (23)
max |R;(s)| = o((n/h)"/?), (24)
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where

- o b (Ta) Kn(t — 7ar)
Ri(t) = ) Qijt—r—m :
’ ; ’ % Zi:l Z 1 bi<7ir)2Kh(t - Ti'r)

r=

Furthermore, it holds that
skC(s)72 = O(1). (25)

The quantity s£¢(s) is defined in the statement of Theorem 1 below.

For the uniform asymptotic expansion of our estimate on an interval S we need the following

additional condition.

(A4) Condition (21) holds for all s € S with a constant C' that does not depend on s. The supremum
of the left hand side of (22) and of (23) over s € S is of order o(h™!) or o((n/h)"/?log(n)~?),

respectively. The variables u; have a finite Laplace transform

sup Eexp(tlu;]) < C (26)

1<i<n

for a constant C, for ¢ > 0 small enough, and for n large enough. Furthermore there exists a

constant C' such that for n large enough for all s € S

/‘%ﬁLC(s,t)‘ R(t) dt < nC, (27)

where

R(t) = % >R,

4.1.2 Discussion

Assumptions (22)-(25) implicitly impose some restrictions on the @);;, i.e., the cross-sectional correlation,
however, our assumptions are rather general and do not impose any specific structure. We now dis-
cuss a particular model, due to Conley (1999), which we think might be of interest here. He supposes

that there is a variable z that drives the correlation between the ¢’'s. Let D, = {D,(i,7)} be the

n(n — 1)/2 vector of interpoint distances, where D, (i,7) = ||z; — 2|, and let ¥(D,,) be an n x n
covariance matrix such that Fee’ = X(D,,), where € = (e1,...,&,)". The variables z; are observable
and ancillary. The example z; = z(b;, 7;) for some function z(-) and vectors 7; = (Ti1,..., Tim,)’
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and b; = (b;(741), ..., bi(Tim,;))" is quite convenient; according to this, two bonds are similar if their

nominal cash flows are similar. Suppose now that the matrix @, = (Qi;)7;—1 = Q(D,) satisfies

[ 24 C0) C(Da(1,2)) -+ C(Da(1,n))

n(1, 71
G+C C(Dn(2,n
S(D,) = Q(D,)Q(D,) = +¢(0) ) (D :(2 )

2 +C(0)

Provided the function C' is continuous at zero and decreases to zero rapidly as the distance increases,
we can expect the central limit theorem to operate for standardized averages of &s.

Our results can be used to treat random 7;;, Q;; and m;. In this case, one has to assume that our
conditions hold conditionally given 7;;, ();; and m; with probability tending to one. We discuss now
the special case that );; = 1 and @);; = 0 for ¢ # j (in which case, €1, . . ., &, is an independent sample).
In particular, if one assumes that the variables m; are i.i.d. from some distribution with bounded
integer support and that the distribution of (7,1, . .., Tim, ), conditional on m;, is absolutely continuous
with respect to Lebesgue measure, it follows [under some additional regularity conditions] that the
kernel Hyc(s,t) converges to a function Hyc(s, t) with probability one as n — oc. In this case for the
verification of (A2) it suffices to show that the operator Hrc defined by Hrcg(s) = [ Hreo(s,t)g(t)dt
satisfies |[H5 || < 1 for a x > 1. Similarly one can check (21) and (27). The operator Hpc depends
on the payment functions and on the time distributions.

Consider the following special case:

1. m;is ii.d. from some discrete distribution with frequency function f,, and support {1,...,mg}

for some fixed integer my.

2. The random variable 7;; is continuously distributed on the interval [0,0.5] with density f,
which is strictly positive on its support. We then define
— 1
Tij:Ti1+]—7 j: 1,...,mi.

2

3. The coupon rate ¢; is randomly distributed on the interval [e;, €3], where 0 < €1 < €2 < 1, with

density f.; it is independent of m; and 7;;. The payment function satisfies

Ci lf] < my;
bi(Ti5) =
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Then, condition (A2) holds under a further condition on f,,, f, and f.. However, this condition
is rather complicated to state; instead we shall consider a special case, which gives better intuition.

Suppose further that m; = m for all i and that b;(7;;) = 3, for all ¢, j. Then, one can show that

N Z Z;;ér ﬁjﬁr
> B

for kK — oo. The limit will be less than one provided the 3,’s are sufficiently heterogeneous. This

(IH 2] (28)

condition is likely to be met in practice because the redemption value is usually considerably larger
than the coupons. For an analytical example, suppose that 3; = ¢ < 1for j =1,...,m — 1 and
that 3,, = 1 + ¢, then |H%q|l2 < 1 for & large enough, provided c¢(m — 1)/(1 +¢) < (v/5 —1)/2.
This amounts to the requirement that slightly more than half of the total payment be received at
the end point. This condition can be satisfied provided the dataset contains many short maturity
bonds/small coupon bonds relative to long maturity/large coupons.

We give now a rough discussion why the other conditions in A3 hold under appropriate regularity
assumptions on the distribution of 7;; and m;. We will do this for the case that m; has bounded
support. For a motivation of conditions (22) and (23) consider for simplicity the case m; = 1 (with

probability one), b; = 1. Then we get
/ Fro(s,u)Ri(u) du ~ / Hyo(s,u)Rilu) du ~ Hio(s, 7)) f-(r).

So under boundedness conditions of H/f one expects that the left hand side of (22) and (23) is
of order O(1). For more general conditions on m; and b; a similar discussion applies with another
definition of f. For a check of (24) note first that under regularity conditions the denominator in
the definition of R;(s) converges to a smooth function g. So we get that the left hand side of (24) is
of order O(h™') if max; b;(s) and the kernel K are bounded and if g(s) > 0. So (24) follows because
nh — oo. The assumption (26) can be considerably weakened when more specific assumptions are

made on the data generating process and kernel.

4.1.3 Main Result

In our first theorem we will state asymptotic properties of the local constant estimate d, LC-
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THEOREM 1 [ASYMPTOTIC NORMALITY OF LOCAL CONSTANT ESTIMATE]. Suppose that

Conditions A1-A2 hold and that A3 holds for a fixed s. Then
LC

Vandee(s) =d(©) = 8.°6) _ gy, (20)

57 (s)

_ 2 bi(Ti) Kn(s — 7ar)
D it Dopey bi(Tir )P K (s — Tir)

skC(s)? = nhvar [Zém(s)si], where 6,;(s)
i=1

BEO(s) = > HiaB(s),
k=0

grIC(s) = e ZT::LI bi(Tngh(S — 7ir)[d(Tir) — d(s)]
Zi:l 21:21 bi(Tir)2Kh(S - Ti'r)
D it Dy Di g bi(Tan)bi( Tig ) K (8 — 7ir) [ Kn(t — 745)[d(735) — d(t)] dt
D it 2oy bilTi 2K (s — Tir) '
Under the assumption that conditions A1-A2 hold and that A4 holds for a finite interval S the

following uniform expansion holds

+

-~

sup |dzo(s) — d(s) — 5, (s) — Z bui(s)es| = op((nh)~V?). (30)

seS

A version of Theorem 1 can be proved for the case that the operator norm ||7-A(zc||oo < 1 for a
k > 1, i.e., that Condition A2 holds for p = oo.
For the special case of an independent sample €1, ...,&, (i.e.,, Qi =1 and Q;; = 0 for i # j), we

get the following formula for sZ¢(s)?

LO(5)2 W S [ bi(Tar) K (s — 7)) varles]
' [ 20 0 a2 (s — )]

The expansion (30) shows that asymptotically the estimate dzc(s) behaves like a statistic that

is linear in the error variables and that has a similar structure to a univariate kernel regression
smoother. Proceeding as in standard theory of kernel smoothing one can use expansion (30) for the
construction of pointwise confidence intervals and of uniform confidence bands and for the discussion

of optimal bandwidths, see e.g., Hardle (1990).!° Under additional regularity conditions [like twice

0For example, in the independent error case, let

Un(8)? =) 6ni(s)El,
i=1
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continuous differentiability of d] it can be shown that the bias 5= is of order h?. This follows by
showing that ﬁ:jLC is of this order. For this reason we will get the same asymptotic optimal rates in
our model as in standard nonparametric regression.

Theorem 1 can be used to determine the asymptotic distribution of the corresponding estimates
of y(t) and f(t). By the delta method,

Gro(s) — y(s) = —%@)d(s) + 0y (|drcts) - d(s))) (31)
provided s > 0, from which we see that the asymptotic bias and standard deviation of yo(s) are
those of C/Z\Lc(s) multiplied by 1/sd(s). The estimated forward curve fALC(s) can be handled similarly.
Suppose that K has a bounded support [—a, a] and that it has a bounded derivative. Then if A1-A4
hold for S = [s — ah, s + ah]| we get from (30) that

fro(s) = f(s) + Als) + Z wni(s)ei + op((nh?)~12),
where A(s) = d7(s) [ Ku(s —t)[d'(t) — d'(s)]dt +d~(s) [ K} (s —t)BEC(t)dt — d2(s)d'(s) [ Kn(s —
)3EC(t)dt, and
Doty i ) K (t — Tir)

wn,i(s) N d‘l(s) / K;l(s - t) 2?21 E;n:ll bz(le)QKh(t - le)

dt.

One can check that under regularity conditions this implies that ]/c\Lc(S) has an asymptotic bias
of order h? and variance of order (nh®)~!. This coincides with rates of convergence of derivative
estimates based on (smoothed) derivatives of local constant smoothers in standard nonparametric

regression.

where & = p; — Y 0, b;(1i)d(7i) are the corresponding residuals and d(s) is any of our estimates of d(s). Then

d(s) * 24 /2Un(s) is an asymptotic 1 — a confidence interval for d(s), where 2, is the 1 — a quantile of a standard
normal distribution. As in usual nonparametric regression this property holds if the bias of cj(s) is of smaller order
than (nh)*l/ 2. Because under appropriate regularity conditions the bias is of order h2, this requires a choice of h that
is of order o(n~'/?) (i.e., undersmoothing). For other choices of h the confidence intervals need bias corrections, see

the related discussions in usual nonparametric regression in Hérdle (1990).
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4.2 Local Linear Smoothing

For a 2 x 2 matrix M we define || M||?> = sup,r,_, el Me.

ASSUMPTIONS FOR THEOREM 2

(B1) Assumption Al holds and there exist constants p < 1, C'> 0 and « > 1 such that for n large

enough |[Hrplla = supyg,—1 IHrrgllz < C and [[Hf . |l2 = supyy,=1 1HELgll2 < p, where for a
function g : R* — R? we define ||g[|3 = [ [|9(2)|* d.

For the asymptotic treatment of our estimate at a fixed point s we make the following condition.

(B2) There exists a constant C' such that for n large enough

/||I§’LL(s,t)||2 dt < C?, (32)
L | reomoa ama oo
1@?3;“/1?“(3,@&)3].(@&) du|| = o((n/h)"*log(n)™"), (34)

max [|R;(s)|| = o((nh)'/?),

1<j<n

where now

R;(t) = M (s)™H Y bi(Ti) Kn(t — i :
(t) ;Q (s) ; (i) Kn(t )((m—t)/h>

Furthermore, it holds that
1S5 (s)~H I = O(D).

The matrix S (s) is defined in the statement of Theorem 2.

(B3) It holds that

2im1 2oy bi(Tir)* Kn(s — i) 522
S Y bi(r)Kon(s — 7o) [2572)°

Dimt Dopey bilTir) 2 Kn (s — Tir) T2
Z?:l Z:Zl bi<7—ir)2Kh(S - Tir)

— 0.
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For the uniform asymptotic expansion of our estimate on an interval S we need the following

additional condition.

(B4) Condition (32) holds for all s € S with a constant C' that does not depend on s. The
supremum of the left hand side of (33) and of (34) over s € S is of order o(h~*log(n)~?) or
o((n/h)Y?1og(n)™"), respectively. The variables have a finite Laplace transform

sup Eexp(tju;]) < C

1<j<n
for a constant C, for ¢ > 0 small enough, and for n large enough. Furthermore there exists a

constant C' such that for n large enough for all s € S
/ H%ﬁLc(s,t)H R(t) dt < nC, (35)
where

= %ZRj(t)

THEOREM 2 [ASYMPTOTIC NORMALITY OF LOCAL LINEAR ESTIMATE|. Suppose that Condi-
tion B1 holds and that B2 holds for a fixed s. Then

_ drr(s) — d(s)
R GLL()1/2 o _ glL(g ,
VnhsS, " (s) 5 (dLle(S) —d’(s)) B,7(s)| = N(0, I), (36)

where Iy is a 2 X 2 identity matrixz and where

1
SLL s) = nh var b 7—17" Kh — Tir)€i )
»(8) [ ZZ * <(7—7j1‘_5)/h>]

=1 r=1

Bat(s) = ZH L (s)

Byt (s) = M(s)™' ) Z bilTie K5 = 7ip)ld(7ir) = d(s) = (riy = 5)(5)] ( (7 —15)/h >

i=1 r=1

ZZ Z i (T )i (T35 K (8 — Tir /Kh t —7)[d(Ti;) — d(t)

=1 r=1 j=1,r#j

1
—\Tij — d, d .
(1i; — t)d'(t)] t((m—s)/h)
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For the special case of an independent sample €1, . .. ,e, (i.e., Qi =1 and Q;; = 0 fori f=j) we get
under the additional assumption of B3 that sEC(s)~*dy.(s) has asymptotic variance one, i.e., C/l\LL(S)
has the same asymptotic variance as C/Z\Lc(s). Under the assumption that Condition B1 holds and

that B4 holds for a finite interval S the following uniform expansion holds

dri(s) d(s) LL
< hdypa(s) ) - < hd'(s) ) ~Fuls)

sup
ses
1 e 1
— M(s) = bi(Tir) Kn(s — Tir)ei < > H = op((nh)™1/?). (37)
R S—y
For the special case of an independent sample ¢, ...,&, (i.e., Qi =1 and Q;; = 0 for i # j) we

get the following formula for SEE(s)

0 = £ (B s

Tir — S

m; j
v;i(s) = Zbi(Tir>Kh(3—7'ir) { - } fori=1,...,n andj =0,1.
r=1

The asymptotic properties of yr1.(s) and fr (s) follow as above from the delta method.

4.3 Local Exponential Smoothing

It is not possible at this stage to give a treatment of the convergence of the algorithm or the asymptotic
properties of the local exponential methods. Our previous results made heavy use of the Hilbert space
structure, which is not immediately available here. Instead, we shall examine the statistical properties
of the one-step estimators, which are themselves linear approximations to the nonlinear method. The
asymptotics of the one-step methods follows from the arguments given in Linton (1998).

We just outline the result for the one-step local constant exponential method @\[L”C 5(s). We first
of all define an infeasible estimator whose properties will determine those of ﬂ[Ll]C 5(s). Let y5op(s) be
the minimizer of the criterion (20) with respect to 6. It is a straightforward application of Gozalo and

Linton (1998, Theorem 2) to deduce the asymptotic distribution of ¥} (s); specifically, we obtain

Yrer(s) ~y(s) + B,(s) + ay(s), (38)
where
o (s) = Doty Dopey Kn(s = Tin)bi(Tir ) Tir exp(=Tiry(5) e .
" Y ic1 2ory Kn(s = Tar)bi(Tir )73, exp(—274y(s))
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Here, o (s) is a sample average of independent [or more generally, weakly dependent] random vari-
ables and will satisfy a central limit theorem, while (3} (s) is a bias term which can be expected to
be of order h? under the usual conditions.!!

In a previous sub-section we established the uniform asymptotic expansion

Jro(s) ~ y(s) + 8, (s) + az(s), (39)

where aZ¢(s)

is a sum of mean zero independent [or more generally weakly dependent] random
variables, and hence satisfies a central limit theorem, while 5= (s) is a deterministic bias function.
Combining the expansions for ¥} ~5(s) and yrc(s), we obtain after some fairly standard manipulations

that
~[1] ~ ok 40
Yroe(s) ~ Yrer(s) + 5,7 (s) (40)

uniformly in s, where 5%*(s) is a deterministic bias term.!?> Note that the stochastic terms from
Yrc(s) do not appear in the leading terms of @\E};E(s), i.e., the asymptotic variance of @\[L”CE(S) is
the same as that of yj-y(s); this follows by the same arguments used in Linton (1998). The bias
of 7 yLC 5 (s) is different from that of ¥ 5(s) and includes additional terms. In conclusion, Z/\[LI]C 5(s) is
asymptotically normal with variance var(a(s)).!

Clearly, the biases of our procedures will in general be complicated functions of the data distri-
bution, and very hard to estimate. We can say that the local constant estimator is approximately

unbiased when d is a constant function, while the local linear estimator is approximately unbiased

Tn fact,

i 2o Kn(s = Tin)bi(Tir)*Tir exp(=27iry(s)) [exp(=Tir (y(Tir) — y(s)) = 1]

Br(s) = S ST K (s — i )bi(Tir) 272, exp(—274,9(s))

12The bias term is

nomi M —Tiry(s)=Ti;y(Ti5) th(t — Tij)[e*ﬂj(y(t)*y(ﬂj)) — 1)dt

K (5 = Tir)bi(Tir)bi(Ti5)Tire
Z Z Z S Yo Kp(s — Tir)bi(Tir ) 273, exp(—274y(8))

i=1r=1j5=1,r#j

n  m; m;

n Z Z Z Kp(s —Tir)b; (Tir)bi‘(’rij)TireiTiry(s)fTijy(Tij)Tij [ Kn(t— Tij)ﬂ%(t)dt'
i=1 r=1 j=1,r#j Yo ot Kp(s — Ti)bi(Tir) 272, exp(—274,y(5))

BTt is expected that further iterations have the same asymptotic variance, but that the bias formula involves

additional terms.
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when d is a constant function. Similarly, the local constant exponential will be approximately unbi-
ased when y is a constant function, while the local linear exponential will be approximately unbiased
when y is a linear function. This is perhaps one reason why the exponential versions seem to do

better - the yield curve is much closer to a constant or linear function than is the discount function.

5 Simulation study

In this section we investigate the properties of the kernel yield curve estimator in a numerical example.
We study the performance of the local constant exponential (LCE) and local linear exponential (LLE)
estimators, and compare them with several well-known competitors.

We generated the data using the Nelson-Siegel yield curve model [Nelson and Siegel (1987)]. This
model has been in several empirical studies of term structure estimation methods [Bliss (1996) and

Dahlquist and Svensson (1996)]. We chose the extended version

1 —exp(—t/71) 1 —exp(—t/72)
t/m ] A2 [ t/T2

y(t) = By + { ~ exp(—t/2)

Table 1 summarizes the three special cases we use here. In the first version, the curve is concave and
monotonically increasing, whereas the last two cases have a stationary point.

We measure the performance of estimators by the root integrated mean squared error

IRMSE = / ’ \/ E [Z(t) - g(t)} “dt, (41)

where £ is either the yield curve, the forward curve, or the discount function, while /f\ is an estimator.

Here, a, b are constants. We also report results using the integrated mean absolute error

IMAE = / B ‘E(t) - §(t)‘ dt. (42)

These expected values are found by running a large number of Monte Carlo simulations of the
true yield curve and then averaging across the integrated squared errors [absolute errors| from the
corresponding estimator.

We use a design that resembles closely the structure of the US Treasury market. US Treasury
notes are issued with original maturities of 2,3,5, and 10 years. We exclude the long term bonds

with original time to maturity of 30 years. We [rather arbitrarily| select the coupon so as to make
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the note trade at par or close to. T-Bills [zero coupons| are issued with original time to maturity 1
to 12 months. We generate prices for 12 Bills with time to maturity less than 1 year and 24 issues
with time to maturity larger than 1 year.

Prices are generated by discounting the future cashflow and adding a random error, ¢;, generated
as g; ~ NJ[0, a?], where the noise term is uncorrelated between bonds and the variance may vary from
bond to bond.

We consider two cases. The first case is when the variance is constant across maturities. In the
second case we follow the convention of letting the standard deviation be proportional with the bonds

2 __ ].14

duration, i.e., 07 = o X duration; [see Bliss (1996) for example

In general, a constant bandwidth does not perform well, because the payment time distribution is
far from uniform. Accordingly, we use a non-constant bandwidth. For each s define s; = |s — my], .0 =
1,...,n. Then we choose as the bandwidth a quantile of the distribution of s.'> For maturity intervals
such as the interval [0, 1],where relatively more bonds are redeemed, the bandwidth will become
smaller than in intervals with fewer bonds such as in the long end of the yield curve.'® For the
example of this paper we use the 33.33% quantile. The bandwidths determined by this method
range from 0.16 years for short maturities to 6.25 years for the longest maturities. This way of
determining bandwidth could be supplemented by an empirical measure of goodness of fit such as
generalized cross-validation.

Besides the kernel smoothers we computed three other estimators. The first one is the extended
Nelson Siegel procedure. Second, we estimate a cubic regression spline for the yield curve with knots

1/12,1.5,3,5, and 10 years. Finally, we estimate the cubic smoothing spline of Tanggaard (1997).%7

4The duration is defined as a weighted average of the future payment dates. The formula is duration; =
S Tijwij, where @;; = (pv;/pv) is the relative contribution of the payment at time time j to the total dis-
counted value of the bond. For simulation purposes we used the discounted values under the true yield curve. In

practical applications one can use the Macauley duration where discounting is done using the redemption yield.
5This is one of several examples of bandwidth formulas we tried. We also tried h(s) = B,f(s)~1, where f is an

estimate of the density of the m;s (or the 7;;), and 3, 3;must determined empirically by cross validation, say. We did
some experiments but for several reasons, but found that it can not be used as a general purpose bandwidth estimator.

A major reason for this is the computational problems.
16Graphs of the estimated curves, clearly indicated that this method produced too high bandwidths for maturities

< 1 year. Therefore, we arbitrarily set the bandwidth to 1/6 year for these short maturities. This is explained by the
fact that bonds in this interval are zero coupon bonds, which should be smoothed less than the longer maturity bonds.

This changes only affects the estimates in the short end and had no substantial effect on the conclusions of this study.
"The spline smoother of Tanggaard is essentially the same model as the one suggested by Fisher at al. (1995). It
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The first alternative serves as a kind of benchmark. Depending on the heteroscedasticity structure
one can not hope to get a better fit than this, when in fact, the true curve is the ENS, and it is
interesting to see how close a nonparametric estimator can come to this.

Tables 3 and 4clearly demonstrates that fitting the Nelson-Siegel model, when the true curve is the
NS, is better than anything else. This is the case for all error measures.'® In the more realistic cases
when we do not assume a known functional form, we see that the local linear exponential performs
better than the local constant exponential version. That is true irrespective of the performance
measure. Furthermore the LLE model perform better than any of the other curve estimators, the
only exception being the regression spline which performs better for the first version of the NS-curve.
However, the regression spline performs remarkedly worse for versions 2 and 3 of the NS-curve. This
is consequence of one of the major problems with regression splines (splines with fixed knots): the
optimal placement of knots depends heavily on the curvature properties of the curve one is interested
in approximating. There are to our knowledge no good ways of estimating the knot placement in
this kind of model.

Given the superior curvature properties of cubic splines it is a bit surprising how relatively poor
the spline smoother (SS) performs. In a study - not reported here - of the performance under best
possible circumstances, i.e., when the degree of smoothing is best possible, we found that the spline
smoother performed better than any of the other curves. One explanation of these results is therefore
that this is related to the lack of a good bandwidth estimator.

Finally, the results also demonstrate that the error in estimating the forward curve is an order of
magnitude larger than for the yield curve. The errors in estimating the discount curve are measured
on another scale and can not be compared with the yield curve errors. However, panel III of tables
3 and 4 show that the discount curve alone can hardly be used to discriminate among competing
estimators. This also demonstrates, why it is so important to impose curvature properties from the
outset.

Overall this example shows that kernel methods is a powerful method of estimating zero-coupon
term structures. In most examples the estimation error is smaller than for competing methods. The
problems with this and other nonparametric methods lies in good methods for empirical estimation

of the degreee of smoothing.

depends on a smoothing constant which is determed empirically by a generalised cross-validation type of smoother.
8The errors in estimation of the discount are so small that it is difficult to assess the difference between the

estimators.
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6 Appendix: Proofs of Theorems

PrROOF OF THEOREM 1. For simplicity we suppose that Condition A2 holds with k = 1. The
general case can be treated by slightly more complicated arguments. We start with the proof of
(30). Suppose that Al and A2 hold and that A4 holds for a finite interval S. We note first that for
functions g with ||g|l2 < oo one gets by application of the Cauchy Schwarz inequality from (21), see
also (A4), that

sup| [ Hrc(s0)g(t) dt] < sup| [ Hic(s,0)® dtl"2gll2 < Cllgl (43)
sE sE

Note now that
n m; 2 m;
Edyc(s) =argmin Z/ {Z bi(73)ld(i;) — U(Sij)]} [T {Kn(si; — 7i5) disis} (44)
v i=1 j=1 j=1
and
ch(S) — Ech(S) —=arg min Z/ {Efi - Z bi(Tij)U(Sij)} H {Kh(sij - Tij) dSij} . (45)
v i=1 j=1 j=1
For the proof of (30) we show first that

Edpo(s) — d(s) = 05 (s). (46)

For the proof of (46) note first that equation (44) implies that

Edpe(s) — d(s) Iargjnin Z/ {Z bi(745)[d(Ti5) — v(sij) — d(%‘)]} H {Kn(si; — 735) dsiz} -

This minimization can be solved like in Section 3.1. This gives

n o m;

0 = Z Z bi(Tir) K (s — 7ir) [d(T) — d(5)]
+ Z 2 2 bi(Tir ) bi(T45) Kn (s — Tir) /Kh(t — 1) [d(Ti5) — d(t)] dt
=1 r=1 ijé;

n  m; m;

D bilran)bi(ri) Kils — ) / Kiu(t —74) [EELC(t) —d(t)| dt

i=1 r=1 j=1
ri
- [EELC(S) . d(s)] SN b7 Kals — 7).
i=1 r=1
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This equation can be written as
Edpe(s) — d(s) = B (s) + / H(s,t) [ECTLC@) —d(t)| dt.

Iterative application of this equation gives (46) because of (A2).
For the study of the stochastic component dyc(s) = C/Z\Lc(s) - Echc(s) we get from (45) that

drc(s Z Hic

where

% (S) Zz 1 Zr 1€Z 1(TiT>Kh(S — 7-1'7") .
ke Zz_l Z 2 bi(Ti )2 Kn(s — Tir)

We show now that

aup| S A o ()] = op((nh) ) (47)
seS 1

holds. This shows
Sub |dre(s) — dyo(s)| = op((nh)~'/?). (48)
ElS

Therefore, (46) and (47) imply (30).

For the proof of claim (47) we will show

sup [Hf ody o (s)| < " Ra, (49)

seS

where p < 1 is introduced in Condition (A2) and where R, is a random variable with R, =
op((nh)~'/?). This implies (47) because of

Sup|ZHLCdLC )< Zka = R, /(1 p) = op((nh)~'/?).

seS k=1

For the proof of (49) we will show that

[Heedicll: = op((nh)™?), (50)
S“Sp!ﬁwc?zcw = op((nh)™V?). (51)
se

We argue now that (50) and (51) imply (49). Note that (A2) implies
IHicdiclla < P Hiodicll
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for £ > 1. Because of (43) this implies

sup[Hicdio(s)| < ClIHc dicll: < o' R

for £ > 2 with R,, = ||7-A(Lcc?zc||2/p2. With (50) and (51) we get (49). So for the proof of (30) it
remains to show (50) and (51). For the proof of (50) we get using (Al) and (22)

E|Hiediol? = / Hpo(s, ) Hpo(s, v)Ri(t) R, (v) dv dt ds usu;
=1

_ %Z / Hro(s, ) Bro(s, ) Ri(t) Ri(v) dv dt ds var[u]
i=1

< %an/‘/ﬁLc(t,v)Ri(v) dv :
= o((;;z)fl)

This shows (50). For the proof of (51) we write

dt C

HLCd Z /rz ul:

s) = /I/—]’Lc(s,v)Ri(v) dv.

Note first that for s € S and a,c > 0 we have

where

Pr( (nh) 2 Hrodio(s)] >
< 5 exp (B () Rsodicls) — ] )

< 0" I £ exp ((a/c)log(n)(h/n)" *ri(s)u:) .

i=1
where the independence of the error variables u; has been used. We use now exp(z) < 1+ x +
(1/2)2?[1 + exp(x)]. With d;(s) = (a/c)log(n)(h/n)/?ri(s)u; this gives the following upper bound

for the last term

na H{1+E )+ B (di(s)* [+ exp (di(s))]}
- *GH{1+E ))* [1+ exp (di(s))]}
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We use now that for a constant D the following inequality holds
E uf [1 +exp (di(s))] < D.
This follows from the uniform bound for the Laplace transform of w;, see (26), and from

sup(a/c) log(n) (h/n)!/|ri(s)| — 0,

seS

see (23). In a next step we apply 1 + = < exp(z). This gives

Pr( (nh)Y2[Hiodso(s)] > )
< e T [+ D (/e ogtme/nyr(s)']

< 0" exp [ZD ((a/c) log(n)(h/n)l/2m(s))2]
< n(1+0(1)),

where in the last step (22) has been used, see also Condition A4. With the same arguments one gets
a bound for Pr( (nh)Y2[Hpcd:o(s)] < —c). This gives that for a,c > 0

Pr( (nh)Y?|Hedio(s)] > ¢) < n~%2 + o(1)).

This implies that for all constants b > 0 and finite sets S,, C S with n® elements we have that

sup [Huodio(s)] = op((nh) 1), (52)
sESn
Because u; has a bounded Laplace transform [see (26)] it holds that sup,.;, |u;| = Op(log(n)).

Because of assumption (27) this implies that for a constant C” large enough

0.~ - :
sup ]a—HLCdEC(s)] = op(nY).
ses 0OS

Therefore for an appropriate choice of S,, we can achieve that

sup inf [Hredie(s) — Hiodio(t)| = op((nh) ™). (53)

seS teSy

Claim (51) follows from (52) and (53). This shows (30). Note that the above argument can be

extended to allow for only a finite number of moments on u; using a truncation argument, provided
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stronger assumptions on the operator H Lo are made. We come now to the proof of (29). Because of
(46) we have to show
Vnhdye(s)s=C(s)™h = N(0,1) (54)

in distribution. We argue now that

dio(s) = dje(s) = op((nh) /7). (55)
This follows as in the proof of (48) where now S = {s}. Note that now, because S is finite, the proof
of (51) follows immediately from (22) and the boundedness of o2, see (A1). Because of (55) and (25)
for the proof of (54) it suffices to show

Vnhd: o (s)sEC(s)™ = N(0,1) (56)

in distribution. Note that

Tio(s) = VRfn Y Ru(s)us

Now, claim (56) follows with a standard version of the central limit theorem from (24) and the

existence of a uniform bound for Eu?"® see (A1). This finishes the proof of Theorem 1. [

i

PrOOF OF THEOREM 2. Claims (36) and (37) can be shown as in the proof of Theorem 1.
Under the additional assumption of B3 one gets that M(s) is asymptotically equivalent to a diagonal
matrix with diagonal elements: n=*>" S b;(74)2Kp(s —7i) and n=t S0 S b4 ) 2K (s —

7:)[(Tir — $)/h]2. Using expansion (37) for S = {s} one gets that dy(s) has the same asymptotic

variance as dpc($). |
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Tables

Special cases of the Nelson-Siegel model
Y1 Y2 Ys
B, ] 0.065 0.04 0.0
B | -0.015 0.01 0.05
G5 0.05 0.1 2
71| 0.5 6 0.75
To 6 0.5 125

Table 1: Parameters of the extended Nelson-Siegel model.
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Estimator Description

NS Extended Nelson-Siegel

LCFE Local constant exponential with variable bandwidth
LLE Local linear exponential with variable bandwidth

RS Regression spline with 5 fixed knots

SS Smoothing spline. Smoothing constant determined by GCV

Notes: The knots for the regression spline are placed at maturities 1/12,1.5,3,5,10 years.

Table 2: Summary of estimators
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Error measure MSE MAE

L: Yield curves YNS1 YNS2 YNS3 | YNS1 YNS2 YNS3
Yns 0.01 0.00 0.00 | 0.00 0.00 0.00
Yok 007 014 034|005 0.10 0.25
YLLE 0.05 0.07 0.05 | 0.04 0.06 0.04
Yrs 0.04 0.31 0.07 | 0.0l 0.09 0.02
Yss 032 035 064|019 024 0.34
IT: Forward curves Insay fns2 fwnss | fvsg fys2  [nsgs
fus 0.0l 0.01 0.01 | 0.00 0.01 0.00
fros 046 095 3.62 | 037 079 2.60
frie 0.32 0.67 047 | 020 034 021
frs 0.05 029 0.09 | 0.04 017 0.06
fss 0.45 0.67 0.72 | 0.37 057 0.59
III: Discount curves | dys1 dns2 dnss | dvsi dnse dnss
dys 0.00 0.00 0.00 | 0.01 0.01 0.01
dror 0.00 000 0.02 015 032 1.05
drre 0.00 0.00 0.0 | 0.11 020 0.11
drs 0.00 0.00 0.00 | 0.02 0.07 0.03
dss 0.00 0.01 0.04 | 0.33 054 0.59

Notes: The table reports the estimation errors when estimating a yield curve based on simulated
data from one of 3 versions of the extended Nelson-Siegel model. Estimation errors are summarised
by the root mean squared error (square root of M SFE), as well as the mean absolute error. For the
yield curves and forward curves the scale is percentage points. The noise term is homoscedastic with
standard deviation equal to 0.03. The number of bonds is n = 36. The numerical precision is better
than 1072

Table 3: Estimation errors with homoscedastic noise term.
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Error measure MSE MAE

I: Yield curves YNs1 YNS2 YNS3 | YNS1 YNS2 YNS3
Yns 0.00 0.00 0.00 | 0.00 0.00 0.00
YLoE 0.10 0.19 0.33 | 0.08 0.15 0.23
YLLE 0.04 006 005|003 005 0.04
YRrs 0.04 029 007 | 003 025 0.06
Yss 0.35 040 059 | 0.30 0.32 0.52
II: Forward curves | fnsi  fns2 fnss | fnsy fns2  fnss
fus 0.00  0.00 0.01 | 0.00 0.00 0.01
fros 048 090 335|037 074 234
frie 029 061 072|020 038 0.35
frs 019 142 037 | 016 120 0.31
fss 136 1.08 1.94 | 1.04 092 1.58
I1I: Discount curves | dys1 dns2 dnss | dvsy dns2 dnss
dys 0.00  0.00 0.00 | 0.01 0.01 0.01
dror 0.00 001 002|025 052 0.99
drre 0.00 0.00 0.00 | 011 020 0.14
dps 0.00 0.01 0.00 | 0.10 0.84 0.20
dss 0.0l 001 0.04 | 090 0.89 1.62

precision is better than 1072

Notes: The table reports the estimation errors when estimating a yield curve based on simulated
data from one of 3 versions of the extended Nelson-Siegel model. Estimation errors are summarised
by the root mean squared error (square root of M SE), as well as the mean absolute error. For the
yield curves and forward curves the scale is percentage points. The noise term is heteroscedastic

with standard deviation equal to 0.01 x duration. The number of bonds is n = 36. The numerical

Table 4: Estimation errors with heteroscedastic noise term.

43



