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ABSTRACT

The adjoint Newton algorithm (ANA) is based on the first- and second-order adjoint techniques allowing one
to obtain the **Newton line search direction” by integrating a *‘tangent linear model” backward in time (with
negative time steps). Moreover, the ANA provides a new technique to find Newton line search direction without
using gradient information. The error present in approximating the Hessian (the matrix of second-order deriv-
atives) of the cost function with respect to the control variables in the quasi-Newton-type algorithm is thus
completely eliminated, while the storage problem related to storing the Hessian no longer exists since the explicit
Hessian is not required in this algorithm. The ANA is applied here, for the first time, in the framework of 4D
variational data assimilation to the adiabatic version of the Advanced Regional Prediction System, a three-
dimensional, compressible, nonhydrostatic storm-scale model. The purpose is to assess the feasibility and ef-
ficiency of the ANA as a large-scale minimization algorithm in the setting of 4D variational data assimilation.

Numerical results using simulated observations indicate that the ANA can efficiently retrieve high quality
model initial conditions. It improves upon the efficiency of the usual adjoint method employing the LBFGS
algorithm by more than an order of magnitude in terms of both CPU time and number of iterations for test

problems presented here. Numerical results also show that the ANA obtains a fast linear convergence rate.

1. Introduction

Four-dimensional variational data assimilation (Zu-
panski 1993b; Thépaut et al. 1993; Yang et al. 1996;
Zupanski and Mesinger 1995, etc.) is widely acknowl-
edged as one of the most promising approaches for im-
plementing real-time analyzed data into an operational
weather forecast system. In this approach, the numerical
procedure attempts to generate both a close fit to the
data and consistency with the dynamic model over a
period of time. With present computer power, the only
practical way to carry out 4D variational data assimi-
lation is through an appropriate use of the so-caled
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adjoint of the assimilation model, which is used to cal-
culate the gradient of the cost function with respect to
control variables. The computational cost to operation-
aly implement 4D variational data assimilation is still
very expensive due to the computer power, the required
large storage size of meteorology problems, and the
inefficiency of large-scale unconstrained minimization
algorithms. Therefore, it is very important to improve
the existing algorithms or to develop new ones. While
proper scaling and preconditioning (Zupanski 1993a,
1996) may significantly improve the efficiency of a
large-scale unconstrained minimization algorithm, they
are not the focus points of this work. This paper studies
the application of the adjoint Newton algorithm (ANA)
to 4D variational data assimilation problems using the
Advanced Regional Prediction System (ARPS), athree-
dimensional, compressible, nonhydrostatic storm-scale
model.



OcTOBER 1997

The second-order adjoint technique provides infor-
mation that is related to the Hessian (the matrix of sec-
ond-order derivatives) of the cost function with respect
to the control variables. One integration of the second-
order adjoint model yields a Hessian vector product
(Wang et al. 1992), which can be used to improve the
efficiency of the truncated Newton algorithm (Wang et
al. 1993; Wang et al. 1995a). The application of the
second-order adjoint technique may also be used to de-
rive the Newton descent direction, which leads to an
adjoint Newton algorithm (Wang et al. 1997), which
will be applied to the ARPS.

The adjoint Newton algorithm requires integrating a
tangent linear model backward in time (Wang et al.
1997). We follow the approach of Pu et a. (1997) and
approximate the integration of the tangent linear model
backward in time by running the tangent linear model
(TLM) with a negative time step, but reversing the sign
of friction and diffusion terms, in order to avoid the
computational instability that would be associated with
these terms if they were run backward. Pu et al.
(19963a,b; 1997) also show that the backward integration
of a TLM can be used to improve the future forecast
skill using past forecast error. They found that the fore-
cast improvement obtained by the quasi-inverse linear
method (integrating the TLM backwardsin time) is con-
siderably better than that obtained with a single adjoint
integration and similar to the one obtained using five
iterations of the adjoint method.

The diffusion process and the equation that describes
it are irreversible. But it is not true that the solution of
the diffusion equation cannot be reversed in time. Just
as afilm showing the diffusion process may be reversed
in time, the equivalent numerical trick may be found to
produce the same effect (Smolarkiewicz 1983). His
technique (not used in this paper) may be used in the
future.

Current popular methods for large-scale unconstrai-
ned minimization are

1) limited memory conjugate gradient method (Shanno
and Phua 1980; Navon and Legler 1987);

2) quasi-Newton-type algorithms (Davidon 1959; Gill
and Murray 1972; O'Leary 1983);

3) limited-memory quasi-Newton methods such as the
LBFGS agorithm (Nocedal 1980; Liu and Noceda
1989); and

4) truncated-Newton-type algorithms (Nash 1984a,b,
1985; Nash and Sofer 1989; Schlick 1992a,b; Navon
et al. 1992b,c; Wang 1995a).

All those methods find the descent direction using the
gradient of the cost function. The adjoint Newton al-
gorithm provides a new approach to find the Newton
descent direction by integrating a tangent linear model
backward in time (with negative time steps). In section
2b, we will introduce the adjoint Newton algorithm,
which isillustrated using a simple example in appendix
B. If the tangent linear model can be accurately inte-
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grated backward in time, the adjoint Newton algorithm
has a quadratic convergence rate. For completeness, the
theory of the adjoint Newton algorithm will be provided
in appendix A. In the process of the proof of the adjoint
Newton algorithm, we derive a relation between the
first- and second-order adjoint variables. The ARPS as
well as its adjoint will be briefly described in section
3. Also in section 3, different issues of backward in-
tegration of tangent linear models will be addressed.
Cost function, weights, and scaling factors are addressed
in section 4. Numerical results for different experiments
are shown in section 5. There the ANA is compared
with the usual adjoint method employing the LBFGS
algorithm of Liu and Nocedal (1989) in terms of both
CPU time and quality of the retrieved fields. Since the
backward tangent linear model of the ARPS is not well
posed and a modified version of it is used, the adjoint
Newton algorithm achieves just a fast linear conver-
gence rate (appendix C) for our test problems. Sum-
mary, conclusions, and limitations as well as topics for
further research are presented in section 6.

In the general framework of 4D variational data as-
similation, there are observation errors and/or model
errors. Our first experiment (section 5) uses simulated
(model generated) observations without error, while the
second experiment uses simulated observations with
random errors. Therefore thefirst experiment isnot truly
a4D variational data assimilation problem but iscarried
out in a setting closely related to 4D variational data
assimilation. Since this work represents the first step in
the application of the adjoint Newton method using a
three-dimensional model, we proceed by assuming that
the model is perfect.

2. Method
a. Definitions

Of interest is the large-scale unconstrained minimi-
zation of a functional assuming the following form:

min J(U) = min {% fl' [CX() — Xo(O)]T

X WICX (1) — Xo()] dt}. Q)

Here X: t — X(t) is the state variable that is a function
from [t,, t] into n-dimensional Euclidean space R". The
operator C: R~ » R™ represents a projection from the
space (R") of the model solution X to the m-dimensional
space (R™) of observations. Thelinearity in Cisassumed
for simplicity but is not required. The superscript T
indicates a tranpose. The components of X are values
of the various model fields (wind, temperature, pressure,
etc.) at each of the model’s grid locations. The number
of components of X is denoted by n, and m represents
the number of observations at any given time. In gen-
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eral, nis not equal to m. Here, [t,, t] denotes the as-
similation window where t, and t; are the initial and
final time and W is a positive definite and symmetric
weighting function, which will be defined later. The cost
function J(U) is the weighted sum of squares of distance
between the model solution and available observations
distributed in space and time. The observation variable
Xt — Xo(t) is a function from [t,, t] into R™. The
control variable U 0 R and the state vector X satisfy
semidiscrete model equations, that is, a set of ordinary
differential equations (usually nonlinear):

dX
& = FOO. @
X(t) = U, ®

where t is the time and F is model vector function of
X. For simplicity, F is assumed to be at least twice
differentiable. The control to state mapping (from R" to
RY) isgiven by U » X(t, U).

It is important to realize that the control variables
belong to a subset of the control space. To determine
the admissible set of control, one may use physical in-
formation about the control variable. For simplicity,
only initial conditions are taken as control variablesin
this paper. However, our method holds when the control
variables are initial plus boundary conditions. It is not
clear whether parameters (Wang 1993) other than initial
and boundary conditions can be a part of the control
variables vector for the ANA. This topic is the subject
of further investigations.

Let X' = [DX(U)]U’, where U’ = X'(t,) O R~ be a
perturbation on the initial condition U in Eg. (3) and
DX(U): R » R~ be the derivative of X(U) with respect
to U. Then the tangent linear model is defined as

dx’ ,
& = DFOOX’, 4
X'(t) = U )

The first- and second-order adjoint models (Le Dimet
and Talagrand 1986; Wang et al. 1992; Wang et al.
1995a) may be defined, respectively, as

dpP

—5 = [DFO)I'P + CTW(CX — X-), (6)
P(t) = O, )
_%f — [DFOOI"P + [DF(OXTTP + CTWCX', (8)
P(t,) = O. ©)

Here! P and P 0 R are the first- and second-order

1 The definition of adjoint variable P differs from the definition in
some references by a sign. We think that this notation is more con-
sistent with our presentation.
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Given a model & J(U)

_— T

Adjoint model Backward
Gradient TLM

v v

Descent direction Newton direction

\/

new Id

(o)
U =U + ad

Fic. 1. Schematic presentations of adjoint and tangent linear ap-
proaches in finding descent directions. Here U, U°d, a, and d denote
the new and old estimates for U, step length, and descent direction,
respectively. The update step, U = U°d + ad, is not a part of the
process of finding descent direction, but for completenessit is shown
here.

adjoint variables; D?F(X): R* X R* » R denotes the
second derivative of F(X) with respect to X.

It can be proven (Le Dimet and Talagrand 1986; Wang
et al. 1992; Wang et al. 1995a) that

P(t) = DJ(V),
P(t,) = D2J(U)U’.

(10)
(11)

b. Adjoint Newton algorithm

The current algorithms used to solve problem (1) first
find its gradient by integrating the adjoint Egs. (6) and
(7) and then use the gradient to find a descent direction.
There are other alternatives to calculate the gradient,
such as the finite-differencing approach (although this
is not practical at al for meteorology problems).
Through the study of the first- and second-order adjoint
techniques, we found that the solution of a backward
integration of a tangent linear model with a ** suitable
final condition” yields *‘a descent direction,” which is
comparable to the Newton descent direction. We will
call this direction the estimated Newton descent direc-
tion (Wang et al. 1997). This approach is schematically
presented in Fig. 1. Now we introduce the adjoint New-
ton algorithm here.

In the usual Newton algorithm (Berger 1977; Stoer
and Bulirsch 1976), the function J(U) being minimized
isapproximated locally by aquadratic function, and this
approximated function is minimized exactly. Thus near
U we can approximate J(U) by the truncated Taylor
series (Luenberger 1984)

J(U + d) = J(U) + DI(U)d + %dTDZJ(U)d, (12)

where d 0 R is a descent direction. The minimum of
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the right-hand side of Eq. (12) will be achieved if d is
the stationary point of the right-hand side of Eq. (12),
that is, if d satisfies Newton’'s equations

D2J(U)d = —DJ(U). (13)
—d, then Eq. (13) may be written as
D2J(U)Uy, = DJ(V). (14)

Our underlying assumption is that the Hessian matrix
D2J(V) is positive definite and Eq. (14) is uniquely solv-
able. That is, the hypotheses for the convergence of
Newton’s method hold (Berger 1977; Stoer and Bulirsch
1976). The ANA amountsto areformulation of Eq. (14)
so that the estimated Newton descent direction is ob-
tained using techniques related to the adjoint and there
is no need to explicitly calculate or update the Hessian.
According to Egs. (10) and (11), Eqg. (14) implies
there exists a unique initial condition Uy, such that

P(ty) = P(t,), (15)

where P(t,) = D2J(U)UJ. We seek an approximation U.,
to U}, It turnsout that by integrating atangent linear model
backward from a** suitablefinal condition,” onecan obtain
just such an initia condition U.. Indeed, if the tangent
linear model can be integrated backward in time? then
(proof is given in appendix A) the estimated Newton de-
scent direction is given by d, = —Y'(t,)) = —U., where
Y'(ty) is the solution of the following backward problem:

dy’

Setting Uy, =

el DF(X)Y’, (16)
Y'(t) = CHCX(t) — Xo(t,)]. 17

If U, isthe minimum and
Uu,=U-U, (18)

where U isthe current estimate, then the following hold:

[U" — ULl = O(U'[P), (19)
[Ue — ULl = O(lu’]P?), (20)
Ve — Ul = O(IU'|P). (21)

Here C is assumed to be invertible and ||U|| denotes the
Euclidean norm of U.
We present the following remarks.

1) From Eq. (18), we know that —U’ is the step to the
minimum of J(U) while Newton'’s direction —Uy, is
the step to the minimum of the right-hand side of
Eq. (12).

2) Since U/ isas good as UJ in the sense of Egs. (19)—
(21), we will also call —U. the Newton descent di-
rection.

3) Since we only reformulate the Newton’'s equation,

2 The backward integration of a tangent linear model will be ad-
dressed in section 3c.
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Newton method’s theoretical convergence rate
should remain the same. Its convergence proof can
be found in Luenberger (1984). A numerical con-
vergence analysis will be provided in appendix C
using the ARPS as an example.

For simplicity it is assumed that the tangent linear
model may be integrated backward in time. If the
nonlinear model is a mixture of hyperbolic and par-
aboalic types, its corresponding tangent linear model
cannot be directly integrated backward in time. Mod-
ifications have to be carried out such that the tangent
linear model can be integrated backward in time.
This issue will be addressed in section 3c.

The final condition (17) denotes the “‘forecast error”
a t. The solution of the backward problem given by
Egs. (16) and (17) at t < t; is an approximation to the
forecast error at t. That is, if the TLM can be accurately
integrated backward in time and if there is no obser-
vation error, Y'(t) = C-CX(t) — X°(t)]. Hence under
these conditions, if the observations at t < t; are avail-
able, onemay let Y'(t) = CHCX(t) — Xe(t)] and then
continueto integrate Eq. (16) totheinitia time. Clearly,
if the observations at t, are available, setting d, =
-Y'(t,) = —CCX(t,) — X°(t,)] the ANA will find
the minimum in one step since d, = C=1X°(t)) — X(t,)
is the step to the minimum; that is, starting from an
initial guess U = X (t,), one obtains X(t,) + d, =
C-1X°(t,), which is the minimum.

In summary, it is assumed that all data are avail-
able at a single time t (t, = t =< t) and that the
backward integration of the TLM starts from that
time.

The computational cost and storage for integrating
the tangent linear model backward in timeis similar
to that required for integrating the first-order adjoint
model.

The second-order adjoint model is used to derive the
ANA but it is not used in the ANA. In the current
version of the ANA, the gradient is only used to
check the convergence criteria and line search con-
ditions[see (A44), (A42), and (A43) in appendix Al].
Convergence criteriaand line search conditionswith-
out using the gradient information [such as golden
section search, etc. (Luenberger 1984)] are under
investigation. In other words, the next version of the
ANA will not use the gradient of the cost function
or the adjoint model.

The current ANA requires that the operator C be
invertible. In practice, it may not be invertible. For
instance, when the observations are incomplete, the
operator C is not invertible in the classic sense. In
the case of noninvertible C, the generalized inverse
of C (seeremark 1 following Theorem 2 in appendix
A) may have to be used.

A search parameter « is introduced such that the
ANA can be used at points that are relatively remote
to the solution [see Eq. (A40) in appendix A and
Luenberger (1984)]. Near the solution we expect, on
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the basis of how Newton's method was derived, that
o, = 1. Introducing the parameter for general points,
however, guards against the possibility that the cost
function might increase with o, = 1 (corresponding
to the pure ANA), due to nonquadratic terms in the
cost function (Luenberger 1984).

A simple example is provided in appendix B to il-
|ustrate the process of implementing the ANA.

3. Model descriptions
a. Nonlinear model

The ARPS is athree-dimensional, compressible, non-
hydrostatic model developed for storm-scale prediction
(Droegemeier et al. 1995; Xue et a. 1995). It is for-
mulated in a curvilinear coordinate system that is or-
thogonal in the horizontal. The curvilinear coordinates
can be defined numerically as well as analytically, mak-
ing it more flexible than conventional terrain-following
coordinates. The governing equations are the result of
a direct transformation from the Cartesian system and
are expressed in a fully conservative form.

The current adiabatic version of the ARPS includes
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the Coriolis force, artificial divergence damping, total
buoyancy, and subgrid turbulence mixing. The govern-
ing equations are discretized on an Arakawa C grid.
Since the model atmosphere described by the governing
equations is compressible, the meteorologicaly unim-
portant acoustic waves must be handled efficiently to
avoid unnecessary restriction on the time step. The
ARPS achieves this goal through the use of a splitting
time integration technique reported by Klemp and Wil-
helmson (1978). This technique divides a leapfrog in-
tegration time step into a number of small time steps
and updates the acoustically active term every small
time step while computing all the other termsonly every
leapfrog (big) time step. These acoustically activeterms
are the perturbation pressure gradient terms in the mo-
mentum equations and the divergence term in the pres-
sure equation.

In the ARPS, a base state can be defined as either
horizontally homogeneous or inhomogeneous. The ther-
mal energy and pressure equations are written as prog-
nostic equations for potential temperature and pressure.
The adiabatic version of the ARPS with periodic bound-
ary conditions is used in this study. Its governing equa-
tions are

a(p* 9 d 9 a(pds) , a(pdy
—(’;tu) = - (p*U)a—l; + (p*v)fl + (p*W°)a—l2 - (;Lé:) * (aLg)
I[s(p’ = aDiv¥)]  9[I(p" — aDiv* 7
[Js(p 8; vl (P aga WOIL p*fu — p*fw + G¥2D, (22)
a(p* 9 9 d a(pds) | (P,
oy (PO + T+ (WIT — ((fj) + ‘;’g)
_ Jolds(p’ — aDiv¥)] n & (p" — aDiV )| *fu + GY2D (23)
an 74 P ’
- |erag el grwal] - B e s e, e
(p* 0 a6 a0 a0
—(‘;t ) _ - (PO + P+ WY + 6D, (25)
(GY2p’ oo’ o’ op’ p 9 —
% - - (qu)a—pg + (Gl’zv)% + (G“ZWC)a—pg - (qu)a—z + (Gﬂzv)£] + G¥2Wepg
a6 | a(Gr) | o(GrewWe)
pC Y + o + it (26)

where

« variables with an overbar denote base-state quantities
that are functions only of height;

e u, v, w, and W are two components of horizontal
velocity, vertical velocity, and vertical contravariant
velocity, respectively;
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» G2 (Droegemeier et al. 1995; Xue et al. 1995) is the
determinant of the Jacobian matrix of the transfor-
mation from (¢, n, {) system to (X, y, 2) system; J,,
J,, and J, are the nonconstant Jacobian of the trans-
formatlon from (x, y, 2) to (& m, &);

. = G2p, and p is the base-state density;

. p and p denote the perturbation and base-state pres-
sure, respectively;

e aDiv* is an artificial divergence damping term
designed to attenuate acoustic waves,

o f =20 sin(¢) and T = 2Q) cos(¢), where () is the
angular velocity of the earth and ¢ is latitude;

- D, D,, D,, and D, are subgrid-scale turbulence mix-
Ing;

» B is the total buoyancy;

» 0 is potentia temperature; and

* C is the sound speed.

The control variables of the cost function for our
numerical tests are the perturbation variables at the ini-
tial time, defined as

ux y,zt) =ukXxyzt)— u®@

VXV, Zt) =vXY zt) — v

WX Y zt) =wXyY zt)

XY, zt) =00XY 2t)— 5(2)

P Y, z2t) =pXy zt) —p@. (27

For simplicity, we drop the prime in subsequent dis-
cussion.

b. Model initialization

In this paper, the base state used follows that de-
scribed by Weisman and Klemp (1982) and is horizon-
tally homogeneous, hydrostatic, and time invariant. The
computational domain extends 10 km in both the east—
west and north—south directions, and 5 km in the ver-
tical, with horizontal and vertical grid spacings of 1 km
and 0.5 km, respectively. Convection is initiated with
five buoyant thermal disturbances (**bubbles”) placed
in the boundary layer. The maximum amplitude of these
“bubbles” is 3 K. The centroid locations of the bubbles
are (X, Yo Z) = (5 km, 5 km, 1.5 km), (3 km, 3 km,
1.5 km), (7 km, 3 km, 1.5 km), (7 km, 7 km, 1.5 km),
and (2 km, 7 km, 1,5 km). Above the ground, horizontal
and vertical radius are (X, ¥,, z) = (3 km, 3 km, 1.5
km). The bubbles overlap. Starting with thisinitial con-
dition, we integrate the ARPS for 15 min and use the
output at this time as the initial conditions to obtain the
model-simulated ** observations’ at the end of assimi-
lation window (17 min). The initial fields at z = 3.5
km of v and p are shown in Fig. 2. All fields of v and
p and difference fields between reference and retrieved
fields will be shown at z = 3.5 km and we will mention
this no more. The assimilation window extends from 15
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11.00 x-y slice of vprt (m/s) at t=900.0 s (0:15:00) at k=7
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FiG. 2. Initial perturbation fields (reference fields) of v (top panel)
and p (bottom panel) at z = 3.5 km. Zero contour lines are kept since
they clearly separate positive and negative contour lines.

to 17 min. The simulated observations are availableonly
at the end of assimilation window. The simulated ob-
servations at the initial time will be used only to check
the retrieved fields. The length of assimilation window
is 2 min for our test problems since it is about the
optimal assimilation length, which is obtained by look-
ing at the graph (not shown) of rms errors between the
retrieved and reference fields for different assimilation
lengths. Sun (1992) discussed in detail the optimal as-
similation length for a model similar to ours.
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c. Tangent linear model and its backward integration

A TLM describes the evolution of perturbationsin a
forecast model. It uses approximations that are linear
with respect to perturbations of the model fields. It is
called a tangent model because the linearization is
around a time-evolving solution, and, therefore, the co-
efficients of the linear model are defined by slopes of
tangentsto the nonlinear model trajectory in phase space
(Errico et al. 1993). For the validity of a TLM, readers
may consults Lacarra and Talagrand (1988), Vukicevit
(1991), and Errico et a. (1993). We will focus on the
backward integration of a TLM for the purpose of the
ANA application.

If aTLM can be integrated backward in time, given
a perturbation (forecast error) at the end of forecast
period, a backward integration of a TLM determines
what perturbation (initial error), say at the initial time,
causes the perturbation at the end of forecast period. At
the end of the integration, the initial error (sensitivity)
of the forecast error is obtained.

Unfortunately, in general, most TLMs may not be
integrated backward in time due to the presence of ir-
reversible processes such as mixing (diffusion) and di-
vergence damping. However, simple modifications to
TLMs lead to modified TLMs that can be integrated
backward in time and yield approximations to theinitial
errors (sensitivities) of the forecast errors. In the fol-
lowing, we describe the backward integration of TLMs.

Most numerical prediction systems such as ARPS are
a mixture of hyperbolic, elliptic, and parabolic systems
although hyperbolic terms (advection terms) are dom-
inant. Because of irreversible mixing and damping terms
(parabolic in nature), their corresponding TLMs cannot
beintegrated backward intime. Pu et al. (1996a,b; 1997)
suggested that the inverse TLM can be approximated
by reversing the signs of mixing and damping terms,
thus making the problem well posed. They denote the
backward integration of such a modified TLM as the
quasi inverse of the TLM. Reversing signs of mixing
terms in a TLM leads to mixings backward in time in
the quasi inverse of the TLM. The difference between
the initial condition of a well-posed forward TLM and
the solution at the initial time of the quasi inverse of
the TLM starting from a solution of the well-posed TLM
at a future time is hard to quantify since it is the dif-
ference of fields from two different models. Empirical
results show that they are **close.” We will demonstrate
this using the ARPS model. Pu et al. (1996a,b; 1997)
introduced a similar approach of integrating the model
backward in time to calculate the sensitivity of forecast
error to changes in the initial conditions.

In the quasi inverse of the TLM of the ARPS, the
artificial divergence damping terms and subgrid-scale
turbulence mixing terms have opposite signs as those
in the ARPS. Here, aDiv* and —G¥2D,, —GYD,,
-G¥2D,,, and —G¥2D, are used in the quasi inverse of
the TLM instead of —aDiv* GY2D, G¥?D,, G¥?D,,, and
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FiG. 3. Initial sensitivity fields of v (top panel) and p (bottom panel)
at z = 3.5 km obtained by integrating the modified TLM backward
in time.

GY?D, in the TLM of the ARPS. Let U’ be the same
initial fields (Fig. 2) used to obtain the *‘simulated ob-
servations.” The TLM solution fields at 17 min, X'(t,),
are used as the final condition for the quasi inverse of
the TLM. The solution fields of v and p of the quasi
inverse of the TLM at 15 min are shown in Fig. 3.
Comparing Fig. 2 with Fig. 3, one concludes that the
solution of the quasi inverse of the TLM of the ARPS
approximately yields the initial perturbationsfields. Al-
though the initial perturbation fields thus obtained are
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different from the exact fields corresponding to U’, their
overall eddy structures, magnitudes, and signsare‘‘ sim-
ilar” to those in the exact fields. The correlation co-
efficients of anomaly between the exact u, v, w, 6, and
p at time t, and those obtained by the quasi inverse of
the TLM are 0.9997, 0.9996, 0.9729, 0.9306, and
0.8275, respectively. This indicates that the quasi-in-
verse of the TLM of the ARPS yields meaningful and
useful results ““direction wise.”

The validity of the quasi inverse of a TLM may de-
pend on the validity of the TLM itself. The study of the
time length for which a quasi inverse of a TLM yields
“meaningful”’ results is an important issue, which is
under investigation.

d. Adjoint model development

The adjoint of the ARPS was developed (Wang et al.
1995b). The verification of the correctness of the gra-
dient is conducted asfollows. A Taylor seriesexpansion
applied in the direction U’ = W[X(t) — X°(t,)] yields
(Navon et al. 1992a)

J(U + aU’) — J(U)
U'T-DI(U)

P(a) = =1+ O(cull). (28)

For small « but not too close to machine accuracy, the
value of ¢(«) should be close to unity if the gradient
DJ(V) is correctly calculated. Numerical results (not
shown) indicate that this is exactly the case.

4. Cost function, weighting, and scaling

If the ““simulated observations’ are available at the
beginning of the assimilation window without error, the
ANA would find the minimum in one iteration since
there is no need to integrate the quasi inverse of the
TLM, whose solution, X(t;) — X°(t,), is known in this
case and X°(t,) — X(t,) is the step to the minimum (see
remark 5 in section 2b). Therefore, in order to test the
robustness of the ANA, simulated observations are
made available at the end of the assimilation window.
For simplicity, we assume that the simulated observa-
tions are of the same dimension as the model state. It
is worth noting that although the ANA is presented in
a semidiscrete form, to carry out numerical calculations
only the cost function needs to be defined as a sum
instead of an integral. For instance, in our experiments,
the cost function is defined as

JU) = %[X (t) — Xe(t)"WIX(t) — X°(t)]l.  (29)

where X = (u, v, w, p, 6) is the state vector including
all gridpoint values of model solution at a time and W
is weighting matrix. Since there are no statistics avail-

ablefor the ARPS, a constant diagonal weighting matrix
W = diag(W,, W,, W,,, W,, W,) is used where
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ZIH

2 {ui(tf) - uio(tf)

1 ’

~ N2 u) - u,-o(tf)l} . (30)
and N is the number of u-gridpoint values. Model so-
lution X = (u, v, w, p, 6) is obtained by integrating the
ARPS from zero initial guess. The weights thus defined
nondimensionalize the cost function.

Scaling is a crucial issue in the success of nonlinear
unconstrained optimization problems, and considerable
research has been carried out on scaling nonlinear prob-
lems. It is well known that a badly scaled nonlinear
programming problem can be almost impossibleto solve
(Navon and de Villiers 1983; Navon et al. 1992a). An
effective automatic scaling procedure would ease these
difficulties and could also render problems that are well
scaled easier to minimize by improving condition num-
ber of their Hessian matrix (Thacker 1989).

Scaling by variable transformation converts variables
from units that reflect physical properties to units that
display desirable properties for the minimization pro-
cess. Given a diagonal scaling matrix, S = diag(S,, S,
S. S, S), where §, S, S,, S, and S; are constant
diagonal submatrices, the general scaling procedure may
be written as

X = SXs, (31)
o° = Sg, (32)
He = STHS, (33)

where H is the Hessian matrix. The constant diagonal
elements of submatrix S, will be calculated by

1 N
- <N > {ui(tf) — ue(ty)

ZIH

2, [uty) — U,-"(tf)]} > ., (34

and similarly for S, S, S,, and S,.

In summary, the cost function is defined in terms of
the original variables scaled by their standard deviation.

For complicated functions, difficulties may be en-
countered in choosing suitable scaling factors. Good
scaling is problem dependent. A basic rule is that the
variables of the scaled problem should be of similar
magnitude and of order unity because within optimi-
zation routines convergence tolerances and other criteria
are necessarily based on an implicit definition of
“small” and *‘large,’”” and, thus, variables with widely
varying orders of magnitude may cause difficulties of
convergence for minimization algorithms (Gill and Mur-
ray 1981). One simple direct way to determine the scal-
ing factor isto use the typical valuesfor different fields.
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This issue is closely related to the issue of precondi-
tioning (Yang et al. 1996).

5. Numerical results
a. Experiment description

Two experiments are carried out to assess the feasi-
bility and efficiency of the ANA as a large-scale min-
imization algorithm in the framework of 4D variational
data assimilation. In all experiments, the length of the
assimilation window is 2 min, and the big and small
time steps are 6 and 1 s, respectively. The two exper-
iments are as follows.

1) Simulated observations without error: The model-
generated fields of u, v, w, 6, and p at 17 min (the
end of the assimilation window) are used as simu-
lated observations. The initial guess is zero for all
variables, that is, for the three components of the
3D wind, pressure, and potential temperature fields.
It is emphasized that the simulated observations are
available in all fields and at final time t, only.

2) Simulated observations with random errors: Same as
experiment 1 except that at most 20% random error
of each point is added to the simulated observations
at the final time. Since random observation errors
are just random noise, their distributions are not
shown.

The ANA will be compared with the usual adjoint
method employing the LBFGS algorithm of Liu and
Nocedal [(1989), which will be called the LBFGS meth-
od for simplicity]. The full description of the LBFGS
method may be found in Liu and Nocedal (1989). The
same convergence criterion,

IG:all = 1072y, (35

will be used for both the ANA and LBFGS methods.
This convergence criterion yields a reasonable quality
of the retrieved fields in terms of rms errors and cor-
relation coefficients of anomaly relative to the reference
fields (Fig. 2) of u, v, w, 6, and p at the initial time.

The gradient of the cost function with respect to con-
trol variables is calculated by integrating the adjoint of
the ARPS. In the LBFGS method, the gradient is used
to find the descent direction and to check the conver-
gence criterion (35) and line search conditions (A42)
and (A43) in appendix A, whileit is only used to check
the convergence criterion (35) and line search conditions
(A42) and (A43) in the ANA. In order to be consistent,
for al experiments the ANA and the LBFGS method
of Liu and Nocedal (1989) are fixed. No fine-tuning is
allowed. The number of updates in the LBFGS method
is set to 5 at where the LBFGS algorithm performs best
for our test problems. Computations were performed
using the Cray C90 at the Pittsburgh Supercomputing
Center.
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Fic. 4. Variations of the log of the scaled cost function (J,/J,, top
panel) and scaled gradient norm (||gJl/|lg,ll, bottom panel) with the
number of iterations using algorithms: adjoint Newton algorithm
(ANA) and LBFGS algorithm, respectively, in experiment 1.

b. Results and comparison of the ANA and LBFGS
algorithms

For experiment 1, ANA requires5 iterations, 11 func-
tion calls, and 26.847 s of CPU time to satisfy the con-
vergence criterion (35), while the LBFGS method re-
quires 78 iterations, 224 function calls, and 431.131 s
to satisfy the same convergence criterion (35). Therefore
the ANA is more than an order of magnitude faster than
the LBFGS method in terms of both number of iterations
and CPU time in this experiment. The variation of the
cost function scaled by itsinitial value (J/J,) as well as
those of the norm of the gradient also scaled by itsinitial
value (||gll/llg,l) as functions of the number of iterations
are displayed in Fig. 4, which indicates that the cost
function obtained using ANA decreases one order of
magnitude more than that obtained by using LBFGS
method. The quality of the retrieved fields obtained by
using ANA is aso much better than that obtained by
using the LBFGS method, which can be seen by com-
paring (given below) the retrieved fields with reference
fields.

Figures 5 and 6 show that the retrieved fiel ds obtained
using ANA are almost identical to the reference fields
(Fig. 2), while those obtained by using the LBFGS meth-
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FiG. 5. Retrieved fields of v (top panel) and p (bottom panel) at
the initial time and z = 3.5 km using the ANA in experiment 1.

od display clear differences with the reference fields
(Fig. 2). Difference fields of v and p between the re-
trieved and reference fields are displayed in Figs. 7 and
8, respectively. After the minimization, the maximum
difference values of v and p obtained using the ANA
are about an order of magnitude smaller than those ob-
tained using the LBFGS method. The difference fields
of u, w, and 0 are similar (not shown).

Table 1 shows the rms errors between the retrieved
u, v, W, 6, and p and their corresponding referencefields
at the end of assimilation using both ANA and LBFGS
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FiG. 6. Same as Fig. 5 except LBFGS is used.

methods, while Table 2 shows the corresponding cor-
relation coefficients of anomaly. Table 1 clearly indi-
catesthat thermserrorsin all fields obtained using ANA
are an order of magnitude smaller than those obtained
using the LBFGS method. The correlation coefficients
of the anomaly (Table 2) obtained using ANA arelarger
than those obtained using the LBFGS method in all
fields.

In experiment 2 we test the feasibility and efficiency
of the ANA in the case of *‘ simulated observations with
random errors.”” Asin experiment 1, the ANA is very
robust compared to the LBFGS method. It requires 7
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TABLE 1. The rms errors at the initial time between the retrieved u,, v, w, 6, and p fields and corresponding reference fields normalized
by their initial values in experiments 1 and 2, respectively. ““Iter.”” denotes number of iterations.

Experiments  Algorithms rmsinu v 0 p Iter. CPU ()
1 ANA 0.0054 0.0045 0.0090 0.0026 0.0463 5 26.847
1 LBFGS 0.1340 0.0619 0.0760 0.0314 0.2344 78 431.131
2 ANA 0.0560 0.0421 0.0973 0.0485 0.2076 7 36.556
2 LBFGS 0.1125 0.0644 0.1133 0.0530 0.2451 108 568.006
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TABLE 2. Correlation coefficients of anomaly at the initial time for u, v, w, 6, and p between the retrieved and corresponding reference
fields for experiments 1 and 2, respectively. ‘*Corr.”” denotes correlation coefficient.

Experiments Algorithms Corr. inu v w 0 p
1 ANA 0.99998 0.99999 0.99996 1 0.99892
1 LBFGS 0.99292 0.99792 0.99756 0.99966 0.97411
2 ANA 0.99825 0.99903 0.99529 0.99876 0.97966
2 LBFGS 0.99406 0.99776 0.99413 0.99857 0.97256

iterations, 15 function calls, and 36.556 s of CPU time
to satisfy the convergence criterion (35), while the
LBFGS method requires 108 iterations, 295 function
calls, and 568.006 s to satisfy the same condition. At
the end of assimilation, the cost function obtained using
ANA decreases by one order of magnitude more than
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difference fields of v and p between the retrieved and
reference fields are 0.266 m s-* and 59.8 Pa when the
ANA is used and 0.354 m s* and 62.9 Pa when the
LBFGS method is used. The quality of the retrieved
fields in this case is similar, athough the ANA vyields
dlightly better results (Tables 1 and 2).

6. Summary and conclusions

A new ANA suitable for 4D variationa data assim-
ilation was applied to the ARPS. The new ANA finds
the Newton descent direction by integrating the quasi
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inverse of a TLM backward in time. Since most TLMs
of numerical weather prediction models are not well
posed when they are integrated backward in time due
to mixing and damping effects, they have to be modified
by reversing the signs of the mixing and damping terms
such that the quasi inverses of the TLMs are well posed
when they are integrated backward in time (Pu et al.
19964, b; Pu et al. 1997). The solution of aquasi inverse
of a TLM at the initial time is only an approximation
to Newton descent direction, which leadsto afast linear
convergence rate of the ANA for our experiments. Nu-
merical experiments using the ARPS indicate that the
ANA is suitable for 4D variational data assimilation in
the setting where an analysis is used as observations. It
isvery efficient in terms of both the number of iterations
and CPU times for our test problems. Therefore it may
be a very promising and efficient alternative to large-
scale unconstrained minimization algorithms for mete-
orology problems. Compared to the LBFGS method of
Liu and Nocedal (1989), the ANA is aclear winner for
our test problems both in terms of efficiency as well as
in terms of quality of retrieved fields.

The current ANA has not considered how to deal with

1) parameters other than initial and boundary condi-
tions as part of control variables;

2) noninvertible operator C—this limitation can be
avoided by reformulating the ANA, as pointed out

in the first remark following Theorem 2 in appendix

A;

3) how the validity of the backward integration of a
TLM may depend on the validity of the TLM itself;

4) the backward integrations of the TLMswith physical
processes; and

5) model errors.

How to formulate the ANA in these settings is under
investigation.

The current version of ANA requires the operator C
to be invertible. In the case of incomplete observations,
the operator C is not invertible in the classic sense, and
one has to use the generalized inverse of C (Bennett
1992; Caradus 1974; Golub and van Loan 1989; Rao
and Mitra 1971). Based on the paper by Zou et al.
(1992), incomplete datain a 4D variational data assim-
ilation may affect several issues, namely, conditioning
of the Hessian matrix, uniqueness of the solution, con-
vergence of the minimization process, quality of the
retrieved fields, and finally the quality of the ensuing
forecast. A detailed study addressing these issuesiscru-
cial in order to demonstrate that this method has po-
tential for application to real data 4D variational data
assimilation. The first remark following Theorem 2 in
appendix A isagood starting point. Thisimportant issue
will be addressed in a separate paper in which real ob-
servations will be mimicked in two possible ways: 1)
assume data are completely absent for one or more mod-
el variables (to represent small-scale data assimilation
using radar data) and 2) assume data are available for
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all variables but absent in some large areas (to represent
large-scale data assimilation using conventional data).

Convergence criteriaand line search conditionsin the
current version of the ANA can be carried out without
the information of the gradient using techniques such
as the golden section search, etc. (Luenberger 1984).
Namely, the next version of the ANA to be tested in
the near future will not use the gradient and the adjoint
model. In this paper, the ANA is only tested using an
adiabatic model and simulated observations. Our next
paper will also deal with real data cases using models
that include additional physical processes. The back-
ward integration of TLMs with physical processes will
also be discussed in a follow-up paper.
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APPENDIX A
The Theory of the Adjoint Newton Algorithm

For completeness, in this appendix we provide the
mathematical foundations of the ANA (Wang et al.
1996). Notations similar to thosein the text will be used.
For simplicity, the proof is presented under the best,
and even unrealistic, scenario by assuming the model
is perfect, the TLM can be integrated backward in time,
and the operator C is invertible. However, these as-
sumptions may not limit the applications of the ANA
as shown in the previous sections and the remarks be-
low. We also assume that F: R* » R~ is sufficiently
differentiableto carry out our arguments. Discontinuous
physical processes are very important. However, we do
not deal with them at this time.

THEOREM 1. Let:

(@) Variables X, X’, P, and P O R satisfy Egs. (2),
(4), (6), and (8), respectively.

(b) The cost function defined by (1) and function F(X)
in Eq. (2) be sufficiently differentiable and the op-
erator C: R* » R™in (1) be invertible.
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(c) There are no observation errors and the cost func-
tion defined by (1) has a unique minimum, U, such
that CX(U,)(t) = Xe(t) for any timet O [t,, t], where
X(U,)(t) isthe model solution with initial condition

Then for a given U near the global minimum? U, with
Uu=u-u, (A1)
and for any time t O [t,, t], we have

1) The forcing terms in the first- and second-order
adjoint models satisfy
CTW[CX () — Xe(t)] = [D2F(X)X'()]TP(t)
+ CTWCX'(t) + O(|U’|1»);
(A2)
2) Thefirst- and second-order adjoint variables satisfy
P(t) = P(t) + O(IU’|P). (A3)

ProoF

1) The nonlinear model and tangent linear model so-
lutions, X and X', obtained with initial conditions U
and U’, satisfy Egs. (2) and (4), respectively. Using
Taylor expansion (Berger 1977), one has

X(U) = X(U,) + DX(U)U" + O(|U’[P);
that is,

(A4)

X(U) = X(U,) + X' + O(lu’p. (A5)
Using Eg. (A5) and CX (U, )(t) = X°(t), one obtains
CX(U)(®) — Xo(t) = C[X(U,)(t) + X'(t)
+ O(U'[A)] = CX(U,)(®)
= CX'(t) + O(lU'[P). (A6)

Hence CTW[CX(t) — X°(t)] = O(|U’[l). From Eq. (6),
one obtains (Dieudonne 1960)

P(t) = O(U’[}). (A7)

Since F issufficiently differentiable, | D2F(X)|| is bound-
ed. Hence

[D2FX)X"()]TP(t) = O(U’[]?),
which together with Eq. (A6) leads to
CTWI[CX(t) — Xe(1)]
— ({D2F[X({)]X'(t)} TP + CTWCX'(t))
= CTW[CX'(t) + O(|U'[)] — O(lu’lI?)
— CTWCX'(t) = O(JU’|p).

Equation (A8) yields Eq. (A2).
_ 2) Subtracting Eqg. (6) from Eg. (8), one can see that
P(t) — P(t) satisfies

(A8)

¢ See remark 1 after the proof of Theorem 1 for the meaning of
‘““near the global minimum U,,,.”’
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dt
+ [D2F(X)X']"P(t) + CTWCX’
— CTW(CX — Xo), (A9)
with the final condition
P(t) — P(t) = 0. (A10)

Equation (A9) is a linear equation with a forcing term
satisfying Eqg. (A8). Hence Egs. (A9) and (A10) yield
Eg. (A3) (Dieudonne 1960).

REMARKS:

1) Under the assumption of sufficient conditions for
the convergence of Newton's method (Berger 1977;
Stoer and Bulirsch 1976), we know that there exists a
neighborhood, B, of U,, such that if U O B, the Newton’s
method converges. *‘ For a given U near the global min-
imum U, ..." in Theorem 1 means U 0 B.

2) In most cases, Egs. (A2) and (A3) will be ap-
proximately satisfied. In appendix B, we will show that
Egs. (A2) and (A3) can be exactly satisfied using alinear
example. For nonlinear model equations, Egs. (A2) and
(A3) are satisfied with indicated accuracy. Interested
readers may use

dx ,
i (A11)
X(0) = U, (A12)

where time t O [0, 1] to verify Theorem 1.

CoroLLARY 1. If the same assumptions in Theorem 1
hold, then

X'(t) = CHCX(t) — Xe(t)] + O(V’[P),
where C—1 is the inverse of C.

(A13)

Proor. From Theorem 1, we know that Eq. (A2) istrue
at any time. Hence it is true at the time t; in particular;
that is,

CTW[CX (&) — X°(t)]
= [D2F(X)X'(t)]I"P(t) + CTWCX'(t,)
+ O(JUI)- (A14)

Noticing that P(t) = 0 given by Eq. (7) and C isin-
vertible, solving Eq. (A14) for X'(t;), one obtains Eq.
(A13) as aresult.

THEOREM 2. If the same assumptions in Theorem 1 hold
and the tangent linear model can be integrated back-
ward in time, then the estimated Newton descent direc-
tionisgiven by d, = —Y(t,) = —U., where Y'(t,) is
the solution of the following backward problem:
dy’
dt

Y'(t) = CHCX(t;) — Xo(t)]

= DF(X)Y’, (A15)

(A16)
such that

MONTHLY WEATHER REVIEW

VoLUME 125
[U” = UMl = O(Iu'[P), (A7)
Uz = Ul = O(IU'[P), (A18)
[Ue — Ul = O(U’[P). (A19)

Proor. Since the tangent linear model can be integrated
backward in time, Egs. (A15) and (A16) indicate that

Y' = DX(U)U.. (A20)

According to Eq. (A6) and noticing X’ = O(||U’|]), one
has

Y'(t) = CCX(t) — Xo(t)] = X'(t) + O(UIP).
(A21)
Hence
Y'(t) = O(lu¢ll) = O(u’f). (A22)

Since the tangent linear model can be integrated back-
ward in time, the solution of the following equations,

ddzt, = DF(X)Z’, (A23)
Z'(t,) = X'(t;) = [DX(U)U'],, (A24)
is the same as that of Egs. (4) and (5). Namely,
Z' = DX(U)U’ = X'. (A25)
Equation (AB6) at t; yields
CHCX(t) — X(t)] — X'(t) = O(|U'|P), (A26)

which is a relationship between final conditions (A16)
and (A24). Hence,

Y'(@t) — X'(t)
= Y'(t) — Z'(t) = DX(U)U. — DX (U)U’
= O([U’]]?). (A27)

At the minimum, the gradient of the cost function
with respect to control variables is zero; that is,

0 = DJ(U,) = DJ(U — U
= DJ(U) — DAJ(U)U’ + O(U'[2) (A28)
and
D2J(U)U’ = DI(U) + O(|U’|]D). (A29)
Subtracting Eq. (14) from Eq. (A29), one obtains
DAY(U)(U" — Uy = O([U'[P). (A30)

Since by assumption D2J(U) is positive definite, Eq.
(A30) yields Eq. (A17). Now consider the forcing terms
of Eq. (A9) with X' replaced by Y’ and apply Egs.
(A22), (A7), (A27), and (A6); one obtains
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{ID2F(X)Y']TP(t) + CTWCY'} — CTW(CX — X°)
= [[D2F(X)Y']"P(t) + CTWC(Y' — X') + CTW[CX' — (CX — X°)]
= O(Ul?) + O(lV'|R) + O(IU'[P) = O(lu’l13).

That is
P(t) — P(t) = D2J(U)U; — DJ(U) = O(|U'|]2).
(A32

Using Newton's equation Eq. (14), Eqg. (A32) becomes
DAJ(U)(Ue — U = O(lU’[]?), (A33)

which yields Eq. (A18). From Egs. (A17) and (A18),
one obtains

[Ue — Ul = [lUe — Ul + U — Ul + O(Ju’]?),
(A34)

which yields Eq. (A19). If U’ is sufficiently small, U,
is a descent direction since

U'TUL = U'T(UL — U’ + U)
= U = [U[[Us = V|
= U]l = f[Ue = Ul

= [UlIdV’ll = O(u’|F)) > 0. (A3S5)

REMARKS:

1) For simplicity, the operator C is assumed to be
invertible. However, C is not necessarily invertible ex-
cept in case it is applied to certain discrete systems. In
this case, one may reformulate the Newton's equation

D2J(U)U,, = DJ(U) (A36)

as a minimization problem of the following form

min %HDZJ(U)U’ — DJ(V)I, (A37)
U
where U’ istheinitial condition of tangent linear model
given by Egs. (4) and (5). Minimization problem ((A37)
isquadratic and issimilar to problem (1). All techniques
such as penalty, model error techniques, etc., suitable
for problem (1) are also suitable for the quadratic prob-
lem (A37). In this case, the tangent linear model is
integrated forward. Thisisrelated to generalized inverse
problem (Bennett 1992; Caradus 1974; Golub and van
Loan 1989; Rao and Mitra 1971) and is successfully
applied to the ARPS. Our next paper will deal with this
general case.

2) For completeness, the algorithm form of the ANA
is listed here:

(@) Choose an initial guess U, and set k = O.
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(A31)

(b) Calculate the gradient of the cost function with re-
spect to initial conditions

g = 9(UJ = DI(Uy, (A38)

by integrating the first-order adjoint model equa-
tions,
(c) Obtain a Newton line search direction,

di = —Y'(to), (A39)

by integrating the backward tangent linear model
given by Egs. (16) and (17).
(d) Set
Uit = U + ady, (A40)

where ¢, is the step size obtained by conducting a
line search,

JU, + ad) = minJU, + ad), (A4l)

using Davidon's cubic interpolation method for the
line search of the step size and that satisfies the
following Wolfe conditions (Liu and Nocedal
1989):

JU, + ad) = IJU) + B'ogid, (A42)

and
g(Uy + o, d,)7d, = B,
gid,

where g’ = 0.0001, 8 = 0.9.
(e) Check the convergence condition. Given atolerance
criterion €: 1074 = ¢ = 102, and if

19k + all = €llgoll, (A44)
stop. Otherwise, set k = k + 1 and go to step (b).

3) The adjoint Newton method requires the user to
provide a subroutine to calculate the cost function and
a subroutine to calculate the Newton direction by in-
tegrating the backward tangent linear model. In the
current version of the ANA, the gradient is only used
to check the convergence criterion (A44) and line search
conditions (A42) and (A43). This criterion and condi-
tions could be carried out without the gradient infor-
mation (Luenberger 1984). In addition to the above cal-
culations, each iteration of the adjoint Newton iteration
requires two stages: setup (performed once per iteration)
and line search iteration. The numerical costs of the two
stages are approximately 2n flops and 4n flops (Nash
and Nocedal 1989), respectively, where*‘flops’ denotes

(A43)
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additions, subtractions, multiplications, or divisions.
The ANA is a large-scale unconstrained minimization
Newton algorithm that does not have the limitation of
the storage problem since it does not require the cal-
culation of either the Hessian or its inverse. However,
it may be sensitive to the initial guess and may only be
applied to the problems where their corresponding back-
ward problems could be solved with ““reasonable ac-
curacy.”

APPENDIX B
A Simple Example

We first show that Egs. (A2) and (A3) are exactly
satisfied by using avery simple linear example and then
we illustrate the ANA by using the same example.

Let us consider the following one-dimensional model
equation:;

dX
i =X, (B1)
X(©0) = U, (B2)
where time t O [0, 1]. The solution of the model is
X = Ue. (B3)

Suppose that the simul ated observations are model gen-
erated with the initial condition

X() = 1, (B4)

then from Eqg. (B3) the simulated observation may be
written as

Xo= e, (B5)
Let us define the cost function as
JU) = %Jol (X — X°)2 dt, (B6)
then
JU) = u(1 - e?). (B7)

The first-order adjoint model of Egs. (B1) and (B2)
may be written as

dP

= P X=X (B8)
that is,
dP —t
—5 = P+ U-De, (B9)
P(1) = 0, (B10)

where P is the adjoint variable. The gradient of the cost
function with respect to the initial conditions is given by

DJ(U) = P(0). (B11)
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Equation (B9) has an analytic solution of the follow-
ing form:

t
P(t) = Pe' — etf e"(U—- Derdr
0

= Pe + %(eft - @), (B12)
where P is a constant to be determined by the final
condition (B10). Therefore P = [(U — 1)/2](1 — e7?),
and Eqg. (B12) yields

LU-13

Pt) = %(1 —e?e + > (et —¢)
(B13)
and
P(0) = M(1 —e?). (B14)

Equation (B14) is exactly the gradient of the cost func-
tion [Eq. (B7)] with respect to the initial condition U.

Let us now consider a perturbation, U’, on the initial
condition U for X. Then the tangent linear and second-
order adjoint models are

dx’

s (B15)
X'(0) = U/, (B16)

and
—Z—': = P+ X, (B17)
P() =0, (B18)
respectively. They have the following exact solutions
X =U'et (B19)

and

P(t) = %(1 — e ?)e + U?'(eft — &), (B20)

respectively. Here, P(0) = U’(1 — e 2)/2 is exactly
Hessian vector product D2J(U)U’.
It can be shown that

(A-e?3 U-1
2 2

if U = U — 1; that is, Eqg. (A3) can be exactly satisfied
in this linear case. In nonlinear cases, Eq. (A3) isonly
an approximation. When U’ = U — 1, theforcing terms
of Egs. (B9) and (B17) are exactly equal, (U — 1)et
= U’e Y, which indicates that Eq. (A2) is exactly sat-
isfied for this problem.

The variational data assimilation aimsto find the best
initial condition, X(0) = 1, which minimizes the cost
function given by (B7). It should be realized that since

P@O) = U (1 - e?) = P(0)
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the model itself is linear, its tangent linear model is
identical to itself. Since we can solveit exactly, an exact
Newton descent direction could be obtained and the
minimum point is found in one step.

1) Assume an arbitrary initial guess U,,.
2) Solving the backward problem

dy’
i =Y, (B21)
Y'(1) = X(t;) — Xo(t;)) = (U, — e, (B22)
one obtains
d=-Y(0) = —-(U, - 1. (B23)
3) Let
U, = U, + ayd, (B24)
where «, is the step size obtained by the following
line search:
J(U, + aydy)
= min {[UO G i 1]2(1 — ez)},
o 2
(B25)
which has an exact solution «, = 1.
4) Using the newly found «,, we can see that
U =Ug+ ady=U,— (U, — 1) =1, (B26)

which is the best initial condition that minimizesthe
cost function given by Eq. (B7), that is,

J(U,) = 0. (B27)

So the adjoint Newton algorithm algorithm has found
the minimum in a single step.

APPENDIX C
Convergence Analysis

For a quick assessment of the rate of convergence, a
table can be constructed of

&= Jr — K

for the last few values of k (Gill and Murray 1972). In
our experiment, J, denotes the value of the cost function
at the kth iteration scaled by J,. Superlinear convergence
would beindicated if &, = &, wherer > 1. Fast linear
convergence would be indicated if &, = &/M, where
M > 2.

In forming the sequence { &}, the user needs to be
aware that eventually all algorithms either fail to make
further progress or display slow linear convergence near
the limiting accuracy of the solution. What may occur
with a superlinearly convergent algorithm is that the
sequence{ &} will demonstrate superlinear convergence
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TaBLE C1. Convergence analysis information for adjoint Newton
algorithm in experiment 1.

k J & &&= M
1 4.847 X 102 0.952 22.50
2 6.183 X 103 4.229 X 102 8.438
3 1.170 X 103 5.012 X 103 6.176
4 3.590 X 10+ 8.116 X 104 3.847
5 1.165 X 10 2424 X 104 3.781
14 1.060 X 107 8.804 X 108 1.809
15 5734 X 108 4.867 X 108 2.069
16 3.382 X 108 2.352 X 108 1.585
17 1.897 X 108 1.484 X 108 2.001
18 1.155 X 108 7.417 X 10-° 1.460

for afew iterations only and then lapse into slow linear
convergence when limiting accuracy has been achieved.
Therefore, it isimportant, especially if afailure hasbeen
indicated, to examine the sequence { &} at iterationsthat
sufficiently precede the final stage (Gill and Murray
1972).

After 18 iterations, the cost function decreased eight
orders of magnitude when the ANA is used. We con-
struct Table C1 for iterations 1-5 and 14-18. Thistable
indicates that the ANA has a fast linear convergence
rate for the first five iterations with average M = 8.77,
while its convergence rate slows down for the last five
iterations with average M = 1.79. Similar studies are
carried out for the LBFGS method. It is found out that
LBFGS has a linear convergence rate with average M
= 2.38 for the first 5 iterations and M = 0.63 for it-
erations 74—78.

As pointed out in the third remark in section 2b, ANA
has atheoretical quadratic convergencerate. ItisaNew-
ton method. However, its numerical convergence rate
in this example is only fast linear. This is due to the
fact that once modifications are introduced in the back-
ward integration of the tangent linear model, its solution
at the initial time will not be as good as the Newton
descent direction. Hence the corresponding ANA will
not display a quadratic convergence rate.

REFERENCES

Bennett, A., 1992: Inverse Problemin Physical Oceanography. Cam-
bridge University Press, 346 pp.

Berger, M. S., 1977: Nonlinearity and Functional Analysis. Academic
Press, 417 pp.

Caradus, S. R., 1974: Operator theory of the pseudo-inverse. Queen’s
Papers in Pure and Applied Mathematics 38, 67 pp. [Available
from Queen’s University, Kingston, ON K7L-5C4, Canada.]

Davidon, W. C., 1959: Variable metric method for minimization. A.
E. C. Research and Development Rep. ANL-5990. [Available
from Argonne National Laboratory, Argonne, IL 60439.]

Dieudonne, J., 1960: Foundations of Modern Analysis. Academic
Press, 361 pp.

Droegemeier, K., and Coauthors, 1995: Weather prediction: A scal-
able storm-scale model. High Performance Computing, G. W.
Sabot, Ed., Addison Wesley, 45-92.

Errico, R. M., T. Vukitevi¢, and K. Raeder, 1993: Examination of
the accuracy of atangent linear model. Tellus, 45A, 462—-477.



2478

Gill, P E., and W. Murray, 1972: Quasi-Newton methods for uncon-
strained optimization. J. Inst. Math. Its Appl., 9, 91-108.
——, ——, and M. H. Wright, 1981: Practical Optimization. Aca-

demic Press, 401 pp.

Golub, G. H., and C. F van Loan, 1989: Matrix Computations. 2d
ed. The Johns Hopkins University Press, 642 pp.

Klemp, J. B., and R. B. Wilhelmson, 1978: The simulation of three-
dimensional convective storm dynamics. J. Atmos. Sci., 35,
1070-1096.

Lacarra, J. F, and O. Talagrand, 1988: Short-range evolution of small
perturbations in a barotropic model. Tellus, 40A, 81-95.

Le Dimet, E X., and O. Talagrand, 1986: Variational algorithms for
analysis and assimilation of meteorological observations: The-
oretical aspects. Tellus, 38A, 97-110.

Liu, D. C., and J. Nocedal, 1989: On the limited memory BFGS
method for large scale minimization. Math. Prog., 45, 503-528.

Luenberger, D. G., 1984: Linear and Nonlinear Programming. 2d ed.
Addison-Wesley, 491 pp.

Nash, S. G., 1984a: Newton-type minimization viathe Lanczos meth-
od. SSAM J. Numer. Anal., 21 (4), 770-788.

——, 1984b: Truncated-Newton methods for large-scale function min-
imization. Applications of Nonlinear Programming to Optimization
and Control, Pergamon Press, H. E. Rauch, Ed., 91-100.

——, 1985: Preconditioning of truncated-Newton methods. SAM J. Sci.
Stat. Comput., 6 (3), 599-616.

——, and J. Nocedal, 1989: A numerica study of the limited memory
BFGS method and the truncated-Newton method for large scale
optimization. Tech. Rep. NAM, 02, Dept. of Electrica Engineering
and Computer Science, Northwestern University, 19 pp. [Available
from Dept. of Electrical Engineering and Computer Science, North-
western University, Evanston, 1L 60208.]

——, and A. Sofer, 1989: Block truncated-Newton methods for parallel
optimization. Math. Prog., 45, 529-546.

Navon, I. M., and R. de Villiers, 1983: Combined penalty multiplier
optimization methods to enforce integral invariants conservation.
Mon. Wea. Rev., 111, 1228-1243.

——, and D. M. Legler, 1987: Conjugate gradient methods for large
scale minimization in meteorology. Mon. Wea. Rev., 115, 1479—
1502.

——, X. L. Zou, J. Derber, and J. Sela, 1992a Variationa data assm-
ilation with an adiabatic version of the NMC Spectra Model. Mon.
Wea. Rev., 120, 1433-1446.

——, ——, M. Berger, P K. H. Phua, T. Schlick, and E X. Le Dimet,
1992b: Numerica experience with limited memory quasi-Newton
and truncated Newton methods. Optimization Techniques and Ap-
plications, K. H. Phua et d., Eds,, Val. 1, World Scientific Pub-
lishing, 33-48.

_— ——, ——, ——, ——, and ——, 1992c: Testing for reliability
and robustness of optimization codes for large scale optimization
problems. Optimization Techniques and Applications, K. H. Phua
et a., Eds, Vol. 1, World Scientific Publishing, 445-480.

Nocedal, J., 1980: Updating quasi-Newton matrices with limited storage.
Math. Comput., 35, 773-782.

O'Leary, D. R, 1983: A discrete Newton agorithm for minimizing a
function of many variables. Math. Prog., 23, 20-23.

Pu, Z., E. Kalnay, J. Derber, and J. Sela, 1996a: Using past forecast error
to improve the future forecast skill. Preprints, 11th Conf. on Nu-
merical Weather Prediction, Norfolk, VA, Amer. Meteor. Soc., 142—
143.

—, ——, and ——, 1996b: Use of tangent linear model in the study
of the sensitivity of forecast error to initial conditions. WMO Weath-
er Prediction Research Programs. CAS/JSC Working Group on Nu-
merical Experimentation, Research Activities in Atmospheric Oce-
anic Modeling, Rep. 23, WMO/ID-No. 734, 626-627. [Available
from WMO, CP No. 2300, CH-1211, Geneva 2, Switzerland.]

——, ——, and J. Sela, 1997: Senstivity of forecast errors to initia
conditions with a quasi-inverse linear method. Mon. Wea. Rev., 125,
2479-2503.

MONTHLY WEATHER REVIEW

VoLUME 125

Rao, C. R,, and S. K. Mitra, 1971: Generalized Inverse of Matrices and
Its Applications to Satistics. John Wiley and Sons, 240 pp.

Schlick, T., and A. Fogelson, 1992a0 TNPACK—A truncated Newton
minimization package for large-scae problems: |. Algorithm and
usage. ACMTOMS 18 (1), 46-70.

——, and ——, 1992b: TNPACK—A truncated Newton minimization
package for large-scale problems: Il. Implementation examples.
ACMTOMS 18 (1), 71-111.

Shanno, D. F, and K. H. Phua, 1980: Remark on agorithm 500—A
variable method sub-routine for unconstrained nonlinear minimi-
zation. ACMTOMS 6, 618-622.

Smolarkiewicz, P K., 1983: A smple positive definite advection scheme
with small implicit diffuson. Mon. Wea. Rev., 111, 479-486.
Stoer, J, and R. Bulirsch, 1976: Introduction to Numerical Analysis. 2d

ed. Springer-Verlag, 659 pp.

Sun, J,, 1992: Convective scale 4-D data assimilation using smulated
single Doppler radar observations. Ph.D. thesis, University of Okla-
homa, Norman, OK, 172 pp. [Available from 100 East Boyd Street,
EC1310, School of Meteorology, University of Oklahoma, Norman,
OK 73019]

Thacker, W. C., 1989: The role of Hessian matrix in fitting models to
measurements. J. Geophys. Res., 94, 6177-6196.

Thépaut, J-N., D. Vasiljevic, and P. Courtier, 1993: Variational assimi-
lation of conventional meteorological observations with amultilevel
primitive-equation model. Quart. J. Roy. Meteor. Soc., 119, 153
186

Vukicevic, T., 1991: Nonlinear and linear evolution of initial forecast
error. Mon. Wea. Rev., 119, 1602-1611.

Wang, Z., 1993: Variational data assimilation with 2-D shallow water
equations and 3-D FSU globa spectral models. Tech. Rep. FSU-
SCRI-93T-149, The Forida State University, Tallahassee, FL, 235
pp. [Available from SCRI, FSU, Tallahassee, FL 32306-4052.]

——, I. M. Navon, E X. Le Dimet, and X. Zou, 1992: The second order
adjoint analysis: Theory and application. Meteor. Atmos. Phys., 50,
3-20.

—, ——, X. Zou, and E X. Le Dimet, 1995a: The adjoint truncated
Newton algorithm for large-scale unconstrained optimization. Com-
put. Optimization Appl., 4 (3), 241-262.

——, K. Droegemeier, M. Xue, and S. Park, 1995b: The sensitivity of
a3-D compressible storm-scale model to input parameters. Preprints,
Int. Symp. on Assimilation of Observations in Meteorology and
Oceanography, Tokyo, Japan, Japan Meteorological Agency, 437—
443

——, ——, and L. White, 1997: The adjoint Newton algorithm for large-
scale unconstrained optimization in meteorology applications. Com-
put. Optimization Appl., in press.

Weisman, M. L., and J. B. Klemp, 1982: The dependence of numericaly
simulated convective storms on vertical wind shear and buoyancy.
Mon. Wea. Rev., 110, 504-520.

Xue, M., K. Droegemeier, V. Vong, A. Shapiro, and K. Brewster, 1995:
ARPS Version 4.0 User's Guide. Center for the Analysis and Pre-
diction of Storms, University of Oklahoma, 380 pp. [Availablefrom
Center for the Analysis and Prediction of Storms, University of
Oklahoma, Norman, OK 73019.]

Yang, W.,, |. M. Navon, and P. Courtier, 1996: A new Hessian precon-
ditioning method applied to variational data assimilation experi-
ments using NASA genera circulation models. Mon. Wea. Rev.,
124, 1000-1017.

Zou, X., |. M. Navon, and F. X. LeDimet, 1992: Incomplete observations
and control of gravity wavesin variational data assimilation. Tellus,
44A (4), 273-296.

Zupanski, D., and E Mesinger, 1995: Four-dimensional variational data
assimilation of precipitation data. Mon. Wea. Rev., 123, 1112-1127.

Zupanski, M., 1993a: A preconditioning agorithm for large scale min-
imization problems. Tellus, 45A, 578-592.

——, 1993b: Regiona four-dimensional variationa data assimilation in
a quasi-operational forecasting environment. Mon. Wea. Rev., 121,
2396-2408.

——, 1996: A preconditioning algorithm suitable for a general four-
dimensional data assimilation. Preprints, 11th Conf. on Numerical
Weather Prediction, Norfolk, VA, Amer. Meteor. Soc., 241-242.



