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Abstract. This paper uses two simple variational data assimilation problems with the 1D viscous Burgers’
equation on a periodic domain to investigate the impact of various diagonal-preconditioner update and scaling
strategies, both on the limited-memory BFGS (Broyden, Fletcher, Goldfarb and Shanno) inverse Hessian ap-
proximation and on the minimization performance. These simple problems share some characteristics with the
large-scale variational data assimilation problems commonly dealt with in meteorology and oceanography.

The update formulae studied are those proposed by Gilbert and eenziflath. Prog, vol. 45, pp. 407—
435, 1989) and the quasi-Cauchy formula of Zhu et 8IAM J. Optim, vol. 9, pp. 1192-1204, 1999). Which
information should be used for updating the diagonal preconditioner, the one to be forgotten or the most recent one,
is considered first. Then, following the former authors, a scaling of the diagonal preconditioner is introduced for
the corresponding formulae in order to improve the minimization performance. The large negative impact of such
a scaling on the quality of the L-BFGS inverse Hessian approximation led us to propose an alternate updating and
scaling strategy, that provides a good inverse Hessian approximation and gives the best minimization performance
for the problems considered. With this approach the quality of the inverse Hessian approximation improves
steadily during the minimization process. Moreover, this quality and the L-BFGS minimization performance
improves when the amount of stored information is increased.
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1. Introduction

Numerical simulations in meteorology and oceanography consist essentially in integrating
a discretized version of the system of partial derivative equations (PDEs) modeling the
evolution of the atmosphere and/or the ocean. This system of PDEs comprises a dynamical
core derived from Navier-Stokes equations using relevant approximations, an equation of
state for the fluid of interest, an equation representing the first law of thermodynamics,
and physical parameterizations modeling subgrid-scale processes (convection, radiation,
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precipitation, turbulence, surface drag, etc.). To perform this numerical integration, one
needs to provide an initial state and possibly boundary conditions. It is the purpose of
the so-called “data assimilation” discipline to merge the information coming from the ob-
servations with that from the physical laws governing the fluid evolution (available under
the form of a numerical model), in order to infer the initial and boundary conditions that
will lead to the best-quality simulation or prediction. The so-called “variational data as-
similation (VDA) method” tries to achieve this using optimal-control techniques (fitting
the model trajectory to the observations), weighting both sources of information by their
respective error covariances. Because the dimension of the model state vector is usually
large (16—10°) and the relation between the model variables are complex, it is not possible
in practice to handle the covariance matrix of forecast errors used to weight the information
coming from the model (#8-10" scalar components). Instead, the corresponding linear
operator is modeled as the composition of operators that can be managed with current par-
allel computers. As a result the specified error covariance information is almost always
climatologic and does not depend on the underlying dynamics. This is a major deficiency of
currentimplementations of VDA. Recently Veersfoposed a method to specify dynamical
forecast error covariances using limited-memory quasi-Newton operators¢y&8e9, to
appear). For such a method to be efficient in practice, itis required that the limited-memory
inverse Hessian approximation be of good quality. This motivated a study for assessing
this quality using a simple model sharing some characteristics with atmospheric models.
Not surprisingly the way the limited-memory BFGS (L-BFGS) diagonal preconditioner is
specified became a touchstone in this study. This led us to assess some of the diagonal
preconditioners proposed in the literature (Nocedal, 1980; Gilbert and leeimelr 1989;
Liu and Nocedal, 1989; Zhu et al., 1999) and to propose some alternatives.

L-BFGS implements a limited-memory version of the Broyden-Fletcher-Goldfard-
Shanno update formula for the inverse Hessian (Broyden, 1969; Dennis aed MGi7;
Gilbert and Lemaathal, 1989):

S®y y®S S® S
H*=UMH,y.9 = (1 - H(1 - 1
®.y.9 ( <y,s>> < <y,s>)+<y,s> @)

whereH™ is the updated inverse Hessian= x™ — x is the difference between the new
iterate and the previous one, ane= g+ — gis the corresponding gradient increment. Here

(, )isthe scalar product with respect to which the gradient is defined and the minimization
is to be performed; ® v is the linear operator that to a vectbassociate the vectgv, dju.

In the limited version (Nocedal, 1980; Gilbert and Leexwtral, 1989; Liu and Nocedal,
1989) aimed at large-scale unconstrained minimization problems, one can afford to store
saym couples of vectorss, y). The above update formula is used for the fingterations.

For the subsequent ones, the following algorithm is used:

Hg = Dk,
Hi™ = U (Hi, Yiemei, Scmai), for0<i <m-—1, @)
Hy = H"

The starting matridDy is diagonal and several formulations have been proposed and tested
in Gilbert and Lemagthal (1989) and by Liu and Nocedal (1989). Recently Zhu et al.
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(1999) proposed a variant, based on the quasi-Cauchy reld@ry) = (y, s) that the
experiments of Gilbert and Leneghal (1989) showed it was beneficial to enforce (by
rescaling the diagonal matrD before updating it). The M1QN3 minimization code from
the INRIA MODULOPT library either specifiedy as the identity matrix multiplied by the
Oren-Spedicato factgyx_1, 1)/ (Yk_1, Yk—1), or update®y using a scaled version of a
“diagonalized” BFGS formula (Eq. (4.9) in Gilbert and Leraehal (1989)). In our study
the focus is put on the latter case, as it is usually more efficient.

During the minimization only the multiplication of the approximate inverse Hessian
matrix by a given vector is needed and is performed efficiently using a two-loop recursion
proposed by Nocedal (1980), and the corresponding matrices are never formed. It is
precisely this aspect that makes the limited-memory inverse BFGS algorithm suitable for
large-scale VDA in meteorology and oceanography, as the size of the corresponding matrices
may typically reach 10x 10°.

The paper is organized as follows. In the next section, the simple VDA problems used
in this study are presented. Section 3 details the updating formulae for the diagonal pre-
conditionerDy, that are assessed. The following two sections present the results from
numerical experiments for a quadratic and a non-quadratic VDA problem respectively. A
brief discussion based on the present case study is then proposed.

2. The variational data assimilation case study

4D variational data assimilation (4D-Var) may be expressed as the minimization of a cost
function 7 (x) which measures the misfit of a model state vegttir a set of observations

Yo and an a priori (background) estimateof the true vectok;. The cost function may be
written as

Tx(X) = (X = Xp) TB7LH(X — Xp) + (H(X) — Yo) TOTH(H(X) — Yo). (3)

The matricesB and O are the covariance matrices for random errorgxn— x,) and

(H(X) — Yo) respectively.H is an operator which, applied toproduces an estimate of

the observation vector. In 4D-Var, the observations are spread over a period of time from
to totg + T, while the control vector represents the state of the atmosphere or the ocean at
timety. ThereforeH includes an integration of the model to the observation times and an
interpolation to the observation locations.

A useful degree of preconditioning is achieved by rewriting the problem in terms of the
transformed control vectgr = L ~1(x — x,), whereB = LL T. Since the dimension of the
control vectory is typically much larger than the dimension of the observation vegtor
this transformation gives a Hessian matrix which has many eigenvalues equal to one. The
transformed problem is then written as

T =x"x+8"071s 4
where

§ = (HX) — Yo). (%)
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For the atmosphere and the ocean at basin scales the spatial error correlations of the
background (a priori) estimate imply that the observations have little influence on the
solution(calledanalysis)atthe smallest scales, provided the observations are well separated.
For this reason, and to reduce the computational burden of computing the analysis in
operational numerical weather prediction, the minimization problem is usefully modified
to its incremental version (Courtier et al., 1994):

TG0 =x"x+8707% (6)
where
§ = (H(Xp) + Hs(SX) - (X — Xp) — Yo). (7)

Here,x = L~1S(x — xp) WhereSis a simplification operator (e.g. a projection to a lower
spatial resolution) an#{5(Sx,) is the derivative of the simplified equivalentafevaluated
at the simplified background stat®y,.

In this simple case study, the evolution model is the viscous Burgers’ equation over a
one-dimensional cyclic domain:

ax  1lax® 9%
ot T29s  Vaw 0 ®
wheres represents the distance in meters around th&l 4®nstant-latitude circle. The
period of the domain is roughly 28:310° m. The diffusion coefficient is setto 1n?s1,

as in the experiments by Fisher and Courtier (1995).

The corresponding numerical model used in the calculatiol ©f) representx as a
vector of discrete Fourier coefficients. The nonlinear term is calculated using the transform
method on anon-aliasing grid. A conditionally stable (Matsuno) predictor-corrector scheme
is used for the time integration.

For each element of the vector of observations.the corresponding element Bf(x)

(resp. Hg(Sx%) - (X — Xp)) is the result of a model (resp. linearized model) integration
followed by an inverse Fourier transform, followed by linear interpolation from the two
grid points closest to the observation.

The observations are specified at regular time intervals at fixed locations which are
chosen randomly, but with a probability distribution resembling the longitudinal density
of radiosonde stations between°B0and 60N. The observed values are calculated by
applying’H to x; and then adding a random error. The observation errors are normally
distributed, uncorrelated and all observation errors have the same variance. The covariance
matrix of observation errof), is therefore proportional to the identity matrix.

The specification of the preconditioning operatodefining the background error co-
variance matrixB is chosen to resemble that formerly used operationally etédtFrance
and ECMWEF (Courtier et al., 1993).

The scalar product,) used for the definition of the gradient and to perform the mini-
mization is given by

(X1, X2) = X] PXo 9)
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whereP is a diagonal matrix with diagonal elements equal to 2, except that corresponding
to the constant term of the Fourier decomposition, which is set to 1.

3. Update formulae
This section details the four diagonal-preconditioner update formulae studied: three of

them are taken from Gilbert and Leneahal (1989), and the remaining one is a generalized
version of the quasi-Cauchy update formula (Zhu et al., 1999).

Inverse BFGS formula

The inverse BFGS diagonal-preconditioner update formula is given by Eq. (4.6) in Gilbert
and Lemaechal (1989). Théth updated diagonal component is:

(10)

i ! (i)
SN TN AT

y,9)  (y,9? (v,

It is obtained as théth diagonal component of the matrix resulting from updatihg
with the inverse BFGS formula. Hete )1<i<n is an orthonormal basis &" for the scalar
product(,).

Direct BFGS formula

The direct BFGS diagonal-preconditioner update formula correspondsto Eq. (4.7) in Gilbert
and Lemaechal (1989):

O=(=5+ (11)

D _ (i iy &)? (<s,e>/D<”>2>1
DO "~ (y,s) (D™1s,s)

It results from taking the inverse of the diagonal of the matrix obtained by updatihg
with the direct BFGS formula.

Inverse DFP formula

The inverse DFP diagonal-preconditioner update formula is given by Eq. (4.8) in Gilbert
and Lemaechal (1989):

(s.e)>  (DV(y. @)
. (Dy.y)

DY =D® + (12)

It is the diagonal of the matrix obtained by updatibgvith the inverse DFP formula.
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Quasi-Cauchy formula

The quasi-Cauchy diagonal-preconditioner update formula is an extension of Eq. (9) in
Zhu et al. (1999) to the case of a general metric defined by the scalar pioductimay
be written as

B {D if (Dy,y) =(y,s)
L=

1
(I +vG)~?D if (Dy,y) # (¥, 9 (13)

whereG is the diagonal matrix whoseth diagonal component ig/, )2, andv is the
largest solution of (v) = (y, s) with

F() = ((I +vG)~2Dy, y). (14)

This diagonal-preconditioner update formula is obtained by solving the minimization
problem

min(w, w) such that(D¥2 + Q)%y,y) = (v, 5) (15)

where( is a diagonal matrix whose nonzero components are given by the corresponding
components of the vectaov.

Scaling

As shown in Gilbert and Lemachal (1989), a large number of iterations and func-
tion/gradient evaluations may be saved by scaling the diagonal niatvefore updating

it, that is multiplying it by(y, s)/(Dy, y) so that the diagonal matrix to be updated satisfies
the quasi-Cauchy relation.

The impact of this scaling on the quality of the L-BFGS inverse Hessian approxima-
tion will be assessed for the first three diagonal-preconditioner update formulae. This is
irrelevant for the quasi-Cauchy diagonal-preconditioner update formula (13): scaling the
diagonal to be updated would result in using the identity matrix multiplied by the Oren-
Spedicato factor at each iteration.

4. The quadratic case

The quality of the L-BFGS inverse Hessian approximation is first studied for the incre-
mental formulation of 4D-Var (Eq. (6)), an unconstrained quadratic minimization problem.
The simplification operator consists in using a lower spectral truncation (number of terms
retained in the discrete Fourier series). To enable a large number of computations, the
dimension of the high-resolution fieldsis taken to be 258. The low-resolution fields

Sx and the control variable have dimension 130. Other parameters are summarized in
Table 1. Some values need some commessis the machine epsilon, approximatively
equal to 2.220« 101 since all the studies are performed using IEEE 64-bit floating-point
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Table 1 Parameters for the quadratic problem.

Parameter Value
Number of §, y) couples 5
Minimum |, distance between successive iterates &£m
Wolfe’s line-search parameters a=10"*
B =09
Max. number of iterations 120
Max. number of function/gradient evaluations 144
Expected decrease at first iteration j)i(”c(O) /2
Minimum expected final/initial gradient norm ratio JEm

arithmetic. The expected decrease at the first iteration is used to obtain an estimate of the
step-size at the firstiteration, taken equal to 2 times this value divided by the initial-gradient
norm squared (defined by the scalar prodycimentioned in Section 2). The minimum
ratio of the final to the initial gradient norms is the convergence criterion used for the
minimization.

The quality of the L-BFGS inverse Hessian approximation is assessed by computing the
eigen-spectrum of

Hise — H Jgros (16)

whereH L is the true Hessian computed using a second-order adjoint method (Wang et al.,
1992; Le Dimet et al., 1997), artd, ;55 is the L-BFGS Hessian approximation built as
in Veer< (to appear).

In order to have a relative measure of this quality, the eigen-spectrum of

| —Hy:H-Bres (17)

is also computed. Sindﬁlt‘n}e andH | -grgs are symmetric to a high accuracy, the eigen-
spectrumof — H L-BFGSHt_rule is almost identical to the latter one, to which we thus restrict
our attention.

Both eigen-spectra are computed using an Implicit Restarted Arnoldi method (Lehoucq
etal., 1997).

Although we are interested primarily in the quality of the L-BFGS inverse Hessian
approximation, the efficiency of the minimization algorithm is also of concern and will be
measured by the number of iterations needed to achieve convergence and the corresponding

number of simulations (evaluations of the cost function and its gradient).

4.1. The full-memory case

Before studying the limited-memory versions, the convergence of the full-memory BFGS
was checked. This was done by using L-BFGS with a value of the storing mdgrater
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Figure 1L Eigen-spectra of operators for various iteration numbers of the minimization algorithm in the full-
memory case. (a) Hessian difference operbigt, — H[}BFGS (b) Relative operator — HyheHL-sras

than the total number of iterations required (equal to 40). Figure 1 shows the eigen-spectra
of (16) and (17) for various iteration indices; the convergence is evidenced.

4.2. Choice of theqy) pair

A degree of freedom is given for the choice of the vecsansdy used to update the diagonal
preconditioner. The L-BFGS algorithm (Eg. (2)) shows that the diagonal preconditioner
should resemblEl_,_1 as much as possible. This suggests to use the pair thatis about to be
dropped—hereafter called tloddest pair—(sc_m, Yk—m) for updating the diagonal matrix

D in order to obtairDy, ;. For the firstmiterations the initial diagonal matrix (usually the
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identity matrix scaled by the Oren-Spedicato factor) is to be used. This is consistent with
the fact that all the curvature information from the lasiterations is completely retained

in the (s, y) couples. However one of us advocated that the diagonal preconditioner should
be updated with the newly computed couple of vectarsyx)—hereafter callethe newest

pair. This puts more weight onto the most recent curvature information, whose quality will
improve as the minimization proceeds in the non-quadratic case.

To study the impact of both choices on the quality of the inverse Hessian approximation,
the update formulae of Section 3 are implemented without scaling. The corresponding
eigen-spectra are shown in figure 2. It is clear that the use of the newest pair provides
an inverse Hessian approximation of far better quality than does that of the oldest pair.
Moreover the panel (d) suggests that the direct BFGS and quasi-Cauchy update formulae
are more accurate than the other two.

Table 2 shows the corresponding number of iterations and simulations (joint evaluations
of the function and its gradient) needed to achieve convergence. Except for the direct
BFGS update formula, using the newest pair increases the number of simulations, even if

(a) (b)

60 T T T 60 T T T T
40 \‘ _
20 pN 1
0 “\
\ \d
=20 1 \]
-40 .T
-60 . I . I . L
0 40 80 120

(c) (d)

1-5 T T T T T T 5 T T T T T T
1.0 &—‘sﬁr_~\ SN _, 0 B...——_._%
05 r ‘~‘\\\ \ I ‘\\\\\ i_
0.0 | TN 5L — dir BFGS SN
0 AN --- inv BFGS "\
05 hX | —— invDFP \
i ‘\% -10 - _—..QC k%
-1.0 | I %
15 . I L ! . ! -15 L ! L I . |
0 40 80 120 0 40 80 120

Figure 2 Eigen-spectra of the Hessian difference operH@}e — H[}BFGsfor various update formulae using
(a) the oldest and (b) newest pair respectively. (c) and (d) show the corresponding eigen-spectra of the relative
operatorl — H(ruleH L-srcsfor the oldest-pair and newest-pair cases respectively.
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Table 2 Performance without scaling, using the oldest or newest pair for updating the diagonal preconditioner
(# iterations/# simulations).

Formula Oldest pair used Newest pair used
Direct BFGS 77178 40/52
Inverse BFGS 69/70 42/84
Inverse DFP 68/69 42/84
Quasi-Cauchy 96/103 120/130

it reduces the number of iterations for inverse BFGS and inverse DFP. The quasi-Cauchy
update formula has the poorest performance on this quadratic problem. Using the newest
pair with direct BFGS is beneficial both for approximating the inverse Hessian and for the
minimization.

4.3. Impact of scaling

Gilbertand Lemaechal (1989) show that scaling the diagonal matrix to force it to satisfy the
quasi-Cauchy relation may lead to a better performance of the minimization. The M1QN3
minimization code of the MODULOPT library from INRIA implements the direct BFGS
formula using the newest pair and scaling the diagonal before updating it. This leads to the
equivalent scaled formula (4.9) in Gilbert and Leewtral (1989).

The impact of such a scaling for our case-study problem is now assessed for the first
three diagonal-preconditioner update formulae of Section 3. This scaling is irrelevant for the
quasi-Cauchy update formula, as already mentioned. Both options of scaling the diagonal
matrix before or after updating it are studied. Figure 3 shows the eigenspectra of (16) and
(17) for both cases. A comparison with the panels (b) and (d) of figure 2 clearly shows, for
both options, a detrimental impact of the scaling onto the quality of the L-BFGS inverse
Hessian approximation.

The impact in terms of minimization performance may be assessed from Table 3. Scaling
leads to some reduction in the number of function and gradient evaluations needed to
converge. Scaling the diagonal preconditioner after updating it is more efficient than doing
it before, especially for the inverse BFGS formula. All three methods perform more or less
equivalently when the scaling is done after updating, with a slight advantage for the direct
BFGS diagonal-preconditioner update formula.

Table 3 Performance using the newest pair, when scaling the diagonal preconditioner before or after updating
it (# iterations/# simulations).

Formula Scaling before updating Scaling after updating
Direct BFGS 47/49 47149
Inverse BFGS 55/60 51/53

Inverse DFP 52/53 50/52
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Figure 3 Eigen-spectra of the Hessian difference operitgf, — H[_lBFGSWhen scaling the diagonal precon-
ditioner (a) before updating it and (b) after updating it. (c) and (d) show the eigen-spectra of the relative operator
| — H(,uleH L-Begscorresponding to (a) and (b) respectively.

4.4. A new approach

Let us summarize our findings up to now. To obtain a good approximation of the inverse
Hessian the newest pair should be used to update the diagonal preconditioner. But this
reduces the minimization performance, except for direct BFGS. It is recommended to scale
the diagonal preconditioner after updating, as this always leads to some improvements for
the minimization. However the quality of the L-BFGS inverse Hessian approximation is
then largely damaged.

Itis natural therefore to consider a new approach where a scaled diagonal preconditioner
is used for the minimization but the original (unscaled) one is updated. Figure 4 shows
the corresponding eigenspectra of (16) and (17). As could be expected, an inverse Hessian
quality similar to that of panels (b) and (d) in figure 2 is recovered. The possible differences
between both figures may be explained by the different sequences of iterates generated.

Table 4 gives the corresponding impact on the minimization performance, in terms of iter-
ations and simulations. This approach gives a further improvement in terms of simulations
required for all three update formulae. All three perform nicely, with a slight advantage for
the direct BFGS one.
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Figure 4 Eigen-spectra of (a) the Hessian difference operkiﬁtﬂ'e - H[}BFGS and (b) the relative operator

| — H{mleH L-ercs When a scaled diagonal preconditioner is used for the minimization but the unscaled one is
updated.

4.5. Impactof m

The focus is now put on how the quality of the L-BFGS inverse Hessian approximation and
the minimization performance are affected by a change in the numloé(s, y) couples
used. This is studied using our best configuration, namely updating the unscaled diagonal
preconditioner with direct BFGS using the newest pair but using its scaled version for the
minimization. Figure 5 shows the corresponding eigenspectra. There is not much difference
on the quality of the L-BFGS inverse Hessian approximation for different values. of
However the approximation tends to improve with increasing values of the storing index.
The corresponding minimization performance are given in Table 5. The performance
increases with increasing values of the storing index and the usual optimum value between
3 and 20 is not found with this diagonal-preconditioner update strategy. This is related to
the corresponding increase in the quality of the L-BFGS inverse Hessian approximation.
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Table 4 Performance using the newest pair, when using a scaled diagonal preconditioner for the minimization
but updating the original unscaled one.

Formula Iterations/Simulations
Direct BFGS 40/43
Inverse BFGS 44/46
Inverse DFP 43/46
(a)

40 " T " T ' T
20 s
O ¥

\%
=20 + Y
-40 ' . 1
0 40 80 120
(b)
2 T T i T '
0 — m=20
r e M =10
oL ---m=5 Y
——m=3
—--m=2
_4 . 1 . I . 1
0 40 80 120

Figure 5 Eigen-spectra of (a) the Hessian difference operbl@}e — HEEBFGS and (b) the relative operator
| — H{mleH L-Bras for different values of the storing indem. The diagonal-preconditioner update formula is
direct BFGS with the new approach.

4.6. Evolution during the minimization

In variational data assimilation, an approximation of the error covariances of the sought
initial condition of the model is provided by the inverse Hessian at the minimum @&eers’

1999, to appear). However due to the corresponding computational burden for realistic
VDA problems in meteorology and oceanography the minimization is usually stopped
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Table 5 Minimization performance for various storing indices. The diagonal preconditioner is updated using
the direct BFGS formula with the new approach.

m Iterations/Simulations
44/48
42/46
5 40/43
10 36/38
20 35/37

- — niter = 40
2 - == niter = 30
—— niter =20
I —=-- niter =10

-4 . I . 1
0 40 80 120

Figure 6. Eigen-spectra of (a) the Hessian difference oper‘dtp}e - H[-lsFGs and (b) the relative operator
| — Ht‘,jeH L-sras for different values of the iteration index. The diagonal preconditioner is updated using direct
BFGS with the new approach.
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before reaching convergence, after a few tens of iterations have been performed. For this
reason, it is interesting to see how the quality of the L-BFGS inverse Hessian approx-
imation evolves with increasing iteration indices. Figure 6 shows the evolution of the
corresponding eigen-spectra, using our best-case diagonal-preconditioner update formula
with m = 5(s,y) couples. Clearly, the quality of the approximation improves as the
minimization proceeds. This is a natural evolution since the dimension of the subspace
explored during the minimization increases whereas the true Hessian is constant for the
present quadratic problem.

5. The non-quadratic problem

All the experiments of the previous section have been performed again using the stan-
dard formulation of 4D-Var (4), a non-quadratic minimization problem. The dimension
of the control variable is 258, identical to the model phase space dimension. Now the
Hessian depends on the point where it is evaluated. The quality of the various L-BFGS
inverse Hessian approximations was assessed with respect to the Hessians computed with
second-order adjoint techniques at the corresponding computed optimal points. The pa-
rameters used for the minimization are again those of Table 1, except the maximum
numbers of iterations and simulations allowed have been increased to 200 and 250 re-
spectively. The results do not differ qualitatively from those of the quadratic case and the
plots of the corresponding eigen-spectra (not shown) are similar to those of the previous
section.

A significant difference however is the failure of the first three diagonal-preconditioner
update methods when the newest pair is used but no scaling is applied. This occurs at
the second iteration during the model intergration used for the cost-function and gradient
computations. A likely explanation is the generation of an iterate during the minimization
that after a few time steps leads to a violation of the stability condition of the model, which
then explodes numerically.

The minimization performance may be assessed from Table 6. The standard (non-
quadratic) 4D-Var cost function (Eq. (4)) requires a few more iterations and simulations to
be minimized than its incremental (quadratic) approximation (Eq. (6)). The main conclu-
sion is the same as for the quadratic case: using the direct BFGS diagonal-preconditioner
update formula with the new scaling approach provides both the best performance for the
minimization and the best inverse Hessian approximation.

Table 6 Minimization performance for the non-quadratic cost function (# iterations/# simulations).

No scaling No scaling Scaling before Scaling after New approach
Formula oldest pair newest pair newest pair newest pair newest pair
Direct BFGS 78179 Failed 52/56 47/49 43/45
Inverse BFGS 7677 Failed 63/67 69/71 48/52
Inverse DFP 74175 Failed 55/57 56/58 48/51

Quasi-Cauchy 98/139 188/248
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6. Discussion

A simple variational data assimilation problem was used as a case-study to assess the impact
of various strategies for scaling and updating the L-BFGS diagonal preconditioner, both
on the quality of the L-BFGS inverse Hessian approximation and on the minimization
performance. The former was evaluated from comparison with the Hessian provided by
second-order adjoint techniques, using eigen-decompositions. This approach is feasible
only with relatively small-size problems, due to the computational burden of computing
these eigen-decompositions.

The minimization performance was measured in terms of number of iterations and sim-
ulations required to achieve convergence. Both points of view lead to a few constatations:

— Using the neweds, y) pair to update the diagonal preconditioner gives a better inverse
Hessian approximation and, except for quasi-Cauchy, requires less simulations. One
should be reminded however that the corresponding computations failed for the non-
quadratic problem in the absence of scaling.

— The quasi-Cauchy diagonal-preconditioner update formula was first implemented using
Newton-Raphson’s unidimensional root-finding algorithm, but there were some failures
related to the difficulty of specifying a good problem-independent first estimate of the
root. Asin Zhu et al. (1999), it was finally implemented using bisection.

Quasi-Cauchy performs worse in this case study than the formulae proposed in Gilbert
and Lemaechal (1989). This suggests that the latter was able to accumulate some useful
information on the inverse Hessian.

— Asin Gilbert and Lemaachal (1989) scaling the diagonal preconditioner so that it satis-
fies the quasi-Cauchy relation improves the performance of the minimization, especially
when this scaling is done after updating it. However the inverse Hessian approximation
is largely damaged by such a scaling.

This fact led us to propose a new approach, where a scaled version of the diagonal pre-
conditioner is used for the minimization but the original (unscaled) one is updated, using
the newest pair. This approach allows a good approximation of the inverse Hessian while
improving further the minimization performance. It has also some “natural” properties:
increasing the storage leads to better minimization performance and inverse Hessian ap-
proximation, and the latterimproves steadily during the minimization process. These results
were obtained both for the quadratic and for the non-quadratic variational data assimilation
problems.

However the improvements of the L-BFGS inverse-Hessian quality and the reduction of
simulations needed to achieve convergence may well be specific to the problems studied.
The proposed approach was also assessed for a large number of unconstrained problems.
An improvement was obtained for the MODULOPT and MINPACK-2 problems, but the
tests with the CUTE library evidenced a lack of robustness of the method é/aacs”
Auroux, 2000).

Our original concern was the quality of the L-BFGS inverse Hessian approximation.
Not surprisingly the diagonal-preconditioners that provide good-quality inverse Hessian
approximations are also those that lead to good minimization performances, when the
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proposed scaling approach is used. The methodology employed in the present study may
thus be worthwhile when designing future diagonal-preconditioner update formulae.
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