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1 Introduction

2 Formalism

Let us consider a model characterized by a number of parameters p = (p1, ..., pn)
defining the model space. Those parameters may be, for example, coupling con-
stants of the effective Hamiltonian and effective charges characterizing operators
in the assumed Hilbert space. Calculated observables are functions of these pa-
rameters. Because the number of parameters is usually much smaller than the
number of observables, correlations exist between computed quantities. More-
over, because the model space has been optimized to a limited set of observables,
there may also exist correlations between parameters.

2.1 x? definition

Usually, most of the model space produces observables that are far from reality.
Therefore, one needs to confine the model space to a “physically reasonable”
domain. That can be achieved by a least-squares regression analysis. To this
end, one selects a pool of fit observables O that are used to calibrate p. The
optimum parametrization pg is determined by a least-squares fit with the global

quality measure,

m Otheo. . Oref. 2

o) =3 (P igm) )
=1 ?

where “theo.” stands for the calculated values, “ref.” for experimental and/or
semi-empirical data, and AO™f for the adopted errors. In cases where the ex-
perimenatal data is used one could adopt, in principle, the experimental error.
The latter choice is not always reasonable since, e.g. in the nuclear case, ex-
periments on masses are beyond the accuracy of available models and generally
more precise than other measured observables which also use to enter in the fits
such as charge radius, neutron skins, spin orbit splittings,etc.. Such a situation
force one to have some freedom in choosing a convinient value for each AQ™f:.
There is not a unique criterium for this and one should try to “equilibrate”
the different terms in the y? according to the final purpose of the fit. In this



sense the adopted error can also be undesrtood as a weight in the various terms
defining the function to be minimized. A post-optimiztion check to know if one
did a proper selection of such values is to see if each term contribute around
one to the 2. One can easily see why form Eq. 1,

O’Eheo. _ O;ef. _ AO;ef', (2)

which means that for all O, for + = 1,...,m, the deviation in the theoretical
description of each observable is inside the adopted uncertainty or, if experimetal
errors are used, within one standard deviation.

2.2 Covariance analysis of parameters and observables

Asuming that the x? is a well behaved (analytical) function in the vicinity of
the minimum, i.e. around x?(py),

8pX2(p) |P:p0: 0, (3)

and the x? near the minimum can be approximated as an hyper-parabola in the
parameter space p,
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where the curvature matrix, M, provide us access to estimate the errors (e) of
the fitted parameters —according to our definition of the x?— since its inverse
is the so called error matrix (&),
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and also the correlations (C) between parameters,

i (6)
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where C,, takes values form —1 to 1. | C,, |~ 1 indicates a large correlation
between parameters p, and p, which means that one of them is redundant and
can be fixed during the fit setting its value according to the other and C,, around
zero which means that no correlation holds at all between parameters p, and p,.

Moreover, once determined the set of parameters minimizing the x2, an
expectation value (and deviation) of an observable A, not included in the fit, can
be computed at A(pg). The uncertainties in the prediction of such observable
are originated by the adopted errors in the fitted observables and from the
reliability of the model —which cannot be estimated quantitatively if it is not
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compared with other models. To estimate such an error —its “adopted-standard
deviation” in a sense— one can expand the observable under study, A(p), around
the minimum pg assuming a smooth behavior of the former as a function of the
latter and, then, neglecting the second order derivatives,

A(p) = A(p)+ (P—P0)FpA(P) lp=po
= Ao+ (p—po)Ao (7)

within this approximation the statistical expectation value of the observable
A would coincide exactly with Ag. This can be demonstrated if we assume a
Gaussian distribution of the different parametrizations around the minimum,
i.e. if we assume that the set of reasonable models fulfilling the condition
Y2(p) — x*(po) < 1 is distributed following a Gaussian probability law. This
would mean that the probablity distribution can be written as

Pp) = N (50 - po)M(p -~ po) ©

where A is the normalization constant and, therefore, the expected value, A,
can be calculated as

A
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since —remember— we have neglected second derivatives with respect the pa-
rameters, p, of the observables, A(p). The second integral does not contribute
since P(p) is symmetric with respect to all parameters, P(p) = P(—p), and the
factor (p — po) is not. Note that Ag = 9p A(p) |p=p, 1S just a constant.

From here, one can calculate the covariance between two observables which,
easily, becomes the calculation of the variance of an observable when both of
them are the same. Specifically, the covariance is defined as the statistical
product (i.e. expectation value) of the predicted values for the two observables
respect their expectatcion values. That is within our approximation,

Cap = (A(p)—A4)(B(p) - B)
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and using Eqgs. 7 and 9,
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since (p, — po.)(p; — Po;) = (M‘l)” = &,,. Hence,

Cap =~ Y 0p AE,0, B (12)

)

The variance of A which estimates the uncertainty (squared error) in the observ-
able is, then, easily calculated from the last expression as C'y4. Furthermore,
it can be very useful for the study of the predicted observables of a model, if
one analyze the Pearson-product moment correlation coefficient between those
observables. It is defined as,
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2.3 Numerical details

In order to cope with the covariance analysis described in the previous subsec-
tion, one should calculate the matrix M, its inverse £ and the derivatives of
the observables respect to the parameters of the model in order to find their
covariances, variances and Pearson-product correlation coefficient.

2.3.1 The curvature matrix M

The calculation of the curvature matrix, proportional to the Hessian matrix,
can be done by using different numerical approximations. The first one, can be
the following. Assuming Eq. 3 is fulfilled, one can define the x?(p) around the
minimum, pg, by an hyper-parabola without linear terms in the parameters,

n
X2 (p; a, b7 C, d) = Z Qyy + szpzz + Czypf + dzgpzpj (14)
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where the parameters a, b, ¢ and d should be determined from a least-squares
fitting after the evaluation of the x?(p) around the minimum (how to choose a
good step size for evaluating this function and avoiding numerical inacuracies
will be discussed at the end of the present subsection). Note that for + = y one
should set parameters b and c equal to zero and then perform the least-squares
fitting. The curvature matrix using this numerical approach becomes,

1 d,
iapq,apsz(p;azbvcad) = ?J (15)

Another approximation is to forget about condition 3 and perform the nu-
merical derivatives of the x?(p) evaluated at py with numerical formulas avail-
able, for example, in Ref. [1]. Finally, following the approximation used along
the previous section in which we consider all nuclear observables to behave
smoothly with a change in the parameters p and, therefore, we have neglected



its second order derivatives, one can calculate the curvature matrix starting
form Eq. 1 in a simplified and numerically convinient way (see [2]) as follows,
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and then, only first derivatives should be calculated. In the results the latter
aproximation have been used.

2.3.2 The error matrix &

The error matrix £ which is the inverse matrix of the curvature matrix M can
be calulated also using different approaches. Our choice have been to use the
subroutine gaussj available in the numerical recipes libraries. It is based on the
Gauss-Jordan elimination with full pivoting for solving a set of linear algebraic
equations. We test numerically for each inversion that ME = 1 is accurate
(precision found is 10~% or better).

2.3.3 The covariance and correlation between two observables

The covariance between two observables and their correlation or its variance and
error are calculated within the same numerical approximations than the ones
already described. In this respect, the only important detail is to be consitent
regarding the adopted approximation along the calcultions. The question here
is to decide, after a proper step size for changing the parameters is known, the
number of points needed for an accurate calculation of the derivatives of the
different observables: a problem present all along this subsection. There is no
general solution for doing this. One needs to check the different recipes and
decide after that the more convinient way to proceed. However, if our approx-
imation of a smooth variation between the observables and the parameters is
good enough (almost all expressions in these notes are based on that), a two
point symmetric formula for the derivation is accurate for our purposes. There-
fore, the first derivative of the observables entering in the fit are calculated
as,

O s D0 + APy, . Pom) — O(Po1, s Dor — APy, ...Pom
8, O ~ (Po1; -+, Po. + Apy; o ;Ap (Pot; -+ Po Pus ---Pom) (17)

The same fromula have been used for the first derivative of the observables in
which we are interested for the calculation of their correlations (O — A). The



error of using this formula is,

Ap,)?
6

One of the advantages of using this formula is that for the same nucmerical
effort one can calculate the second derivaties of the observables as,

§10,,0] ~ ( &0 (18)

20~ O(Pot, -y Do + APy, ...pom) — 20(po) + O(Pot; -+, P02 — APy, .. Dom)
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and find, in this way, an overestimation of the error done in Eq. 19 (assuming

that the second derivative is larger than the third derivative). For completeness,

if we had used the non symmetric formula for the calculation of the the first

dervatives,

O(po1; -+, Por + Apy, ---pom) — O(Po)
Ap,

the computational time would have been smaller and the error in the derivatives
larger,

0p, 0 =

(20)

Ap,
2
and, of course we would have had no way of estimating the error without more

computational effort.

§[0,,0] = =02 0 (21)

2.3.4 How to chose step sizes, Ap, for calculating derivatives with
respect the parameters

As it has been explained, the region of reasonable parametrizations is that
defined by the condition, x?(p) — x%(po) < 1, since it ensures that (in average),
the step in the parameters do not provide very large or very small changes
in the fitted observables but a change comparable to the adopted errors. For
this reason, a reasonable choice for the step size is that in which the variation
in each parameter produce a change Ax? ~ 1. In doing that, we evaluate
three points of the x2. One at x%(po1, ---s Por — Ry o Pom) = Xi_h, another at
X2 (o1, -+ Pov + By ooy Pom) = X 4, and finally at x*(po) = x§. The magnitude
of h is taken so that it produce an estimation of Ap, that do not change very
much with the value of h itself and that the x2(po1, ..., Po. = APy, .. Pom) is
comparable to one. Assuming a parabolic approximation of x2, valid around
the minimum, and using Eq. 5 the estimation of Ap, is the following,

32)(2 -1
_1 —
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~ 20%(Xp,—h — 2X0 + Xp.+h) " (22)

e(p)? = (Ap,)?

where this expresions provides a Ap, which induce a change in the x2 of around
the unity. We have also checked that +10% changes in the value of Ap, lead us
to the same results.



3 Results

We present the correlation analysis of the interaction SLy5-min (very close to
SLy5). For details on the x? definition, fitting procedure, values of the parame-
ters and properties of SLy5 see Refs. [3] and [4]. Just one comment is important
here, not all the parameters (to, t1, t3, zo, 1, T2, T3, @ and Wy) of the SLy-like
models have been included in the analysis since three of them have been fixed
manually and no x? term exist for fixing them. Those are o = —1, a = 1/6
and Wy = 126 MeV fm®. In Fig. 1 we show results for the Pearson product-
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Figure 1: Pearson product-moment correlation coefficient matrix for the prop-
erties shown in the axes as predicted by the covariance analysis of SLy5-min.

moment correlation coefficient matrix for the properties shown in the axes as
predicted by the covariance analysis of SLy5-min. In the three panels of Fig. 2
some details of the same magnitude are shown. In what follows we show the
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Figure 2: Pearson product-moment correlation coefficient for the IVGDR (left
panel), IVPDR (middle panel) and m_;(IVGDR) (right panel) with all other
studied properties as predicted by the covariance analysis of SLyb5.

output of the program we have used for the covariance analysis of SLy5-min.
The parameters, observables and their associated errors as well as the curvature,
error and correlation (for parameters and observables) matrices can be found.

Hessian or Curvature Matrix
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Eigenvectors Vij:
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Errors in free parameters

e_i = sqrt(
t_0 =
t_1 =
t_2 =
t_3 =
x_0 =
x_1=
x_3 =
Uncertainty

Eii )

-2475
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of an
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