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Mathematical models that are fit to measurements or observations are useful in predict-
ing behaviors of the modeled system and in understanding how measurement errors affect
the confidence in model coefficients and the predictive capabilities of the model.

All samples of measured data include some amount of measurement error and some
natural variability. A curve-fit model and its uncertainty depend on measured data (including
data measurement errors). In other words, the normal variation in measured data propagates
through calculations applied to the data.

Many (many) quantities can not be measured directly, but can be inferred from mea-
surements: gravitational acceleration, the universal gravitational constant, seasonal rainfall
into a watershed, the resistivity of a material, the elasticity of a material, metabolic rates,
etc. etc. ... For example, the Earth’s gravitational acceleration can be estimated from mea-
surements of the time it takes for a mass to fall from rest through a measured distance. The
equation is d = gt*/2 or g = 2dt~2. The ruler we use to measure the distance d will have a
finite resolution and may also produce systematic errors if we do not account for issues such
as thermal expansion. The clock we use to measure the time ¢ will also have some error.
Fortunately, the errors associated with the ruler are in no way related to the errors in the
clock. In this case measurement errors are uncorrelated (i.e., statistically independent). If we
repeat the experiment n times, we will naturally find that measurements of the time t; for
the mass to pass through the distance are never repeated exactly, even if the clock is very
precise, due to various systematic or random experimental errors. The variability within our
sample of measurements of d and ¢ will surely lead to variability in the estimation of g. As
described in the next section, error propagation formulas help us determine the variability
of g based upon the variability of the measurements of d and .

This document reviews methods for estimating model coefficients and their uncer-
tainties. In so doing, each individual measurement is considered to be a random variable, in
which the uncertainty of the variable represents the measurement error. It is reasonable (and
sometimes extremely convenient) to assume that these variables are normally distributed. It
is often necessary to Without a detailed understanding of the measurement system’s errors,
the measurement error in one measurement is assumed to be statistically independent of the
measurement error in all other measurements.

Estimates of the model coefficients is influenced by errors the observed data sample.
This document starts by considering the statistics (mean, standard deviation) of a function
of several random variables. Think of the function as representing the coefficients in the
curve-fit, and the set of random variables as the sample of measured data.
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1 Quadrature Error Propagation

Given a function of several random variables, F'(Z, Zs, Z3,- - - , Z,), known variations
in the independent variables, 07;,--- ,0Z, will result in a computable variation JF. For
small variations in Z; we can expand the variation in F' in terms of individual variations of
Z; using a first-order Taylor series and the chain rule of calculus,
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The notation “VF” represents the set of derivatives of F' with respect to Z,---, 7, and
is called the gradient of F' with respect to Zi, Zs, ..., Z,. When working with a sample of
measured data, we can not know the values of the individual measurement errors (by the
definition of a measurement error). We can’t even know if the error in a measurement is
positive or negative. But we can usually be satisfied by estimating only the magnitude of
error in F', and not the sign. To do so we can estimate the square of §F. Note that the
variation 0F is a weighted sum of the individual measurement errors 67;. Assuming that
the measurement errors are independent (at least for the time being) we can estimate the

square of 0F as
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Indeed, the variance of the function is computed analogously,
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The table below illustrates that in some special cases the error in the function may be
conveniently simplified, while in other cases it cannot.

function error propagation formula
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If the random variables Z are correlated, with a covariance matrix V7, then the variance of
the function F(Z7) is
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where (0F/0Z) is the m-dimensional row-vector of the gradient of F' with respect to Z, and
[Vzlii = 0%, Finally, if F'(Z) is an m-dimensional vector-valued function of n correlated
random variables, with covariance matrix V, then the N x N covariance matrix of F' is

" - OF 8Fl
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where [0F/0Z] is an N x n matrix and is called the Jacobian of F' with respect to Z. The
Jacobian quantifies the sensitivity of each element Fj to each Z; individually,

oF B OF},
L?ZL a 0Z;’ (5)

and the covariance quantifies the variability among the data.

The propagation of errors through linear models may be expressed as a linear trans-
formation of errors and their covariances. When applied to linear functions y = f(z) = Tz
the gradients and Jacobians in the preceding relations are constants. The error X of an
unbiased estimate has a mean of zero and a covariance

Vi = E[XXT]
If Y is a linear transformation of X, Y =TX and
Ve =E[YYT| =E[TXXTTT| = TE [XXT|TT = TV 1" (6)
Equations (4) and (6) show how the sensitivities of a function to its variables and the

variability among the variables themselves may be combined to estimate the variability of
the function. It is centrally important to what follows.
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2 An example of linear least squares

Measured data are often used to estimate values for the coefficients of a model (i.e., the
coefficients in an equation). Consider the fitting of a function g(x;c) that involves a set of
coefficients ¢y, ...c,, to a set of N measured data points (x;,y;), i = 1,..., N. If the function
is linear in the coefficients then the relationship between the data and the coefficients can
always be written as a matrix-vector product

§(w;c) = B(x) - ¢ (7)
where
e y(x;c) is the function to be fit to the N data coordinates (y;, z;);

o x is a given value, or set of values, of the independent variables;

c is a vector of the n model coefficients;

o B is a matrix that depends on given values of x, and does not depend on the model
coefficients c.

As a general example, consider the problem of fitting an (n — 1) degree power-polynomial to

m measured data coordinates, (z;,;), ¢ = 1,- -+ ,m. The general form of the equation is
§(x;¢) = co + 1w + cx® 4+ - 2™ (8)
The equation may be written N times for every data coordinate (z;,v;), i =1,--- ,m,
J(z15¢) = o+ cr1 + 021'% + -0+ Cn—1$7f_1
g(xe;c) = o+ cmy + cry + oo+ eyt
J(xn;c) = co+ cry + cayn A+ o+ iyt
h 1 x 3 !
U 1 T T3 zyt
= . Co+ . Cl‘i" . CQ+'+ . Cn—l
N 1 TN 3 it
(1 x a? ot EO
1 oy 22 - abt !
= . o i C2 (9)
1 oy 2% i
B Cn—1
g = | B(x) J { ¢}
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Matrices structured in the form of B in equation (9) are called Vandermonde matrices and
arise in most curve-fitting problems. The columns of B are the basis vectors of the model
g(x); the matrix B is called the basis. In least squares problems there are fewer model
coefficients than data points, n < N, there are more equations than unknowns, B is a tall
matrix, and in practice there is no set of model coefficients {cy , ..., ¢,_1 } for which the model
§(x;; ¢) exactly matches all the data points (z;,y;). Fach data value y; (e.g., each measured
observation) can have its own measurement error, quantified by the standard deviation
oy, Without a detailed understanding of a particular measurement system, measurement
errors are generally assumed to be uncorrelated. That is to say, the covariance between the
measurement error of y; and the measurement error of y; is assumed to be zero (for ¢ # j).

Fitting the model to the data reduces to estimating values of n model coefficients,
Co,**+ ,Cn—1 such that the equation represents the data as closely as possible.

But what does “as closely as possible” even mean?

In 1829 Carl Friedrich Gauss asserted that it is physically sound and mathematically
convenient to say that the best-fit minimizes the sum of the squares of the errors between
the data and the model regression. So, to find estimates for the coefficients we would like
to minimize the sum of the squares of the residual errors r; between the data, y;, and the
model, g(z;;c).

ri =y — §(xi;0). (10)
Furthermore, the error should be more heavily weighted with the high-accuracy (small mea-
surement error) data and less heavily weighted with the low-accuracy (large measurement
error) data. This fit criterion is called the weighted sum of the squared residuals (WSSR) or
the chi-squared error,

N ( A~ . 2 N 2

yi — §lxisc) ) ri

o) =) z => |— (11)
i=1 Yi i=1 \ui

An equivalent expression for x?(c) may be written in terms of the vectors y and c, the

matrix of model basis vectors B, and the measurement error covariance matrix V,, in which

L 42
V;J’Z = Oy,

X*(¢) = {y— Be}'V, {y — Be}, (12)
— yT‘/;/—ly o yT‘/y_lBC - CTBT‘/y_l/y + CTBT‘/;J_lBC.
Prove to yourself that if V), is the diagonal matrix of the variance aii of of each measurement

y;, then equations (11) and (12) are equivalent. Equation (12) is a generalization of (11)
that accounts for the possibility of correlated measurement errors.

Note that any weighted least squares problem can be scaled to an unweighted least
squares problem as long as the weighting matrix is symmetric and positive-definite. Decom-
posing the weighting matrix into Cholesky factors, Vy_1 = R'R, and defining j = Ry and
B = RB, any weighted criterion (12) is equivalent to the unweighted criterion, with no loss
of generality.

X*(c) ={y — Be}" {y — Bc} .
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3 Complete Solution to a Linear Least-Squares problem

The six elements of a complete model fitting process are:

1. the function or model §(z;c) relating input (predictive, independent) data to the output
(prediction, dependent) data;

the numerical values of the coefficient estimates ¢* that minimize the x? error criterion;
the standard error of the residuals, o, and the covariance of the measurement error V,,
the coefficient covariance V-, correlation pq~, and standard errors ox;

the fit covariance Vj; and standard errors oy

A T o

values for various goodness-of-fit criteria, such as o,., model-data correlation p, g, R? and the
Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC);

These elements constitute a structural model and allow for statistical assessments of the
model’s predictions.

3.1 Least-squares fit of a linear model and the best-fit model

The x? error function is minimized with respect to the coefficients ¢, by solving the
system of equations

a 2
C e
-2 B, ly+2 BV, 'B&" = 0
C* — [BT%—IB]—lBTV;/—ly (13)

Equation (13) provides the ordinary linear least square estimate of the coefficients from the
measured data, y, the data covariance matrix V,,, and the basis matrix, B. If the covariance
matrix of the measurement errors, V,, (or their correlations) are not known, we presume the
distribution of measurement errors to be statistically independent and identically distributed
(iid), that is, V}, = o7 Iy. Substituting V,, = o,y into (13), shows that the model coefficient
estimates are independent of iid measurement errors.

—1
1 1
¢ = [BT2B] BTy
Uy Uy
¢ = [B"B] ' BTy. (14)

The best fit model is easily computed for any value of = from the basis matrix B(x) and the
fit coefficients ¢*.

§(z;¢*) = Be* = [B (78] BT} v, (15)

which is the orthogonal projection of the data y onto the vector span of the model basis (B)
via the projection matrix, Iz, § = Bc* =1l y.

My =B[B'B] B'. (16)
In an unbiased model, the sum of the residuals r; = y; — §(z;, ¢*) is zero.
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3.2 The orthogonal projections of three points onto a 2D linear basis

Fitting a function §(z) = ¢o + 1 to three data points (z1,v1), (22, y2), (z3,y3) is an
orthogonal projection of (yi, 42, y3) onto a 2D basis of (1,1,1) and (x1, 22, x3). This can be
visualized as the projection of a line onto a plane.

In these figures the data points are:
(x1,11) = (=1,0.5), (z2,92) = (1,2.5) and (z3,y3) = (2, —1.5).
the basis matrix is

1 1
B = 1 i)
1 T3

and the projection matrix is

0.928 0.214 —-0.142
Il = 0.214 0.357  0.428
—0.142 0.428 0.714

os| @ (xuy1) residual r;
X @ datay;

oo (x1, y(x1)) == fit y(x)
-0.5

~-1.0
-1.5
-2.0
s o (xX2.¥2)

-1.0 -0.5 0.0 0.5 1.0 15 2.0

Figure 1. Example of linear least squares fitting as a projection. left: the three data points (z;,¥;),
the curve fit, g(x, c*) and the residuals. right: least squares fitting of a model with two coefficients
(co and ¢1) to three data points as an orthogonal projection in 3D. The basis of the model is (b1, b2)
and the span of this basis is shown as a quadrilateral. The data vector is shown in red. It's projection
onto (b1, b2) is shown in green. And the residual is shown in orange. The projection (the model
) lies in the plane (the vector space) spanned by the basis vectors b; and by. The data has errors
and does not lie in the basis. The orthogonal projection of the data onto the model minimizes the
Euclidean norm of the residuals r. The residual vector is a vector with N components that is normal
to the model basis in R™ and fills the IV dimensional data space. So the residual vector is an NV
dimension vector orthogonal to the basis. These figures were generated using 2D _basis.py
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3.3 Residuals: standard error o, and measurement error covariance V,

Consider the fitting of a quadratic polynomial through three data points. The three
data points (z1,y1), (z2,v2), (z3,y3) (with 21 # 5 and x9 # x3) fully determine the three
coefficients of the quadratic: §(x) = co + 1 + cox?. Because the quadratic passes exactly
through these three points the residuals r; = y; — §(x;; ¢*) are all zero (i € {1,2,3}) . If
a fourth point (z4,y4) is added without changing the coefficients ¢* the residual at that
point will generally be nonzero and the sum of the squared residuals becomes 31?2 = (y; —
§(x4;¢*))?. So, in curve fitting problems, the residual vector has N — n unique components;
it lies in NV — n dimensional vector space. The dimension of the vector space of residuals is
called the degrees of freedom v of the fit and equals N —n

The unbiased estimate of the variance of the unweighted residuals is

7= ly - BV y - Be'} a7)

In the absence of any information on the variance of the measurement errors, V,, ¢* can be
computed without weighting the residuals, i.e., using V,, = Iy. If the resulting residuals are
uncorrelated Gaussian random variables with a mean of zero, this estimate of the variance
of the residuals can be interpreted as measurement error, V,, = o2ly.

3.4 Coefficient error: covariance V., correlation p.~ and standard errors o

The model coefficients ¢* are a linear transformation of the data y, (14). So the
covariance matrix of the coefficients V.- is a direct application of (6).

‘/c* — [BT‘/;IlB]leT‘/yfl ‘/y ‘/;Jle[BTvyle]fl
Ty, — — Ty, — Ty, — —
— [B"V,'BI"'[BTV,'B][BTV, ' B]"!
T v,— —
— BTV B, (18)

This covariance matrix is sometimes called the error propagation matrix, as it indicates
how random measurement errors in the data y, as described by V,, propagate to the model
coefficients ¢*. Correlations between the coefficients are:

per = [diag(V)] ™ Vo [diag(V,+)]/*

The standard error of the coefficients, o+, is the square-root of the diagonal of the coefficient
covariance matrix. The standard error of the coefficients is used to determine confidence
intervals for the coefficients,

c* tlap 0 < ¢ < c*+t1_a/2 Ocx, (19)

where 1 — « is the desired confidence level, and t is the Student-t statistic. When the
number of measurement values is much larger than the number of estimated coefficients
(N —n > 100), use t = 1.96 for 95% confidence intervals and ¢ = 1.645 for 90% confidence
intervals, otherwise the value of ¢ also depends on the degrees of freedom, v = (N — n).
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3.5 Model error: covariance Vj; and standard error §(x; c*)

The model is a linear transformation of the coefficients § = Bc¢*. So, the covariance of
the model, Vj, is also a direct application of (6). Again applying equation (6),

V; = BV. B (20)

Note that Vj is a rank-n, (N x N) matrix. Since n < N, Vj; is not invertible. So, usually
only the diagonal of Vj; is retained. The standard error of the fit, oy, is the square-root of
the diagonal of Vj;, and is used to determine confidence intervals for the fit.

G(z;c") +tap 0y < y < G(x:¢") +timay 0y (21)

Neither NumPy nor SciPy’s standard fitting tools provide confidence intervals for the the
fitted curve g(x; c¢*)

The variability in the fit is due to variability in the coefficients, V., which, in turn is
due to variability in the data.

3.6 Prediction error: covariance Vj, and standard error oy,

The standard prediction uncertainty accounts for both the standard error of the fit and
the variability of the data.

Vip = Vy+V,=BV.B"+V, (22)

The standard prediction uncertainty, oy, is the square-root of the diagonal of Vj,. The
standard error of the fit o; depends on the coefficient covariance V.- which decreases with
the amount of data, N. It is an epistemic uncertainty. The standard error of the data
itself is irreducible measurement randomness. It is an aleatory uncertainty. For the typical
case in which measurement errors are uncorrelated and have the same randomness for all
measurements (V, = 05[ ~), combined with the hopeful case that the fit model “adequately”
represents the underlying latent model (o, = 0,), and combining (16), (17), (18) and (20) into
the sum of the epistemic uncertainty and the aleatory randomness gives a simple expression
for the total prediction uncertainty oy,

o2 =02 [ diag (IIp) + Iy | (23)

op

where the (IV x N) projection matrix II5 relates the data y to the model, § = Ilp - y.

Prediction uncertainty is always larger than
the intrinsic and irreducible randomness of observations.
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3.7 Maximum likelihood estimation and least squares estimation

The probability of obtaining the sample of data that was actually measured (yi,...yn)
for any given model Bc is called the likelihood of the data for the certain model Be. It is de-
fined as the probability of the residual values (10) (71, ..., 7y) in a joint Gaussian distribution
of (assumed) zero mean and covariance V,. For a given (certain) model Be, the covariance
V, of the residuals (y — Bc) is the same as the covariance of the data V.

1 1
L(r) = frupy (1 rvicry ca) = exp<—rTv—17“)
Ri,....Rny\"'1 N, C1 |27ﬂ/;/| 5 §

1 e p( 1 {y BC}T vfl {y BC})

g B E—— . ¢ _ _ B
|27rVy] 2 Yy
1 1,

= ———exp (_X (c)) (24)
27V, 2

Maximizing the likelihood of observing the data vy, ..., yn over the set of model coefficients
C1, .y Cp, 18 equivalent to minimizing the chi-squared objective (12) over the set of model
coefficients.

X*(¢) ={y — Be}" V, ' {y — Be},

So, assuming the residuals are normally distributed and if the generalized least squares
problem was fit using the covariance of the measurements (or by setting V,, = 0,1y for any
0,), the least squares estimate ¢* is also a maximum likelihood estimate.

Further, if the residuals are uncorrelated, then the maximum likelihood of the residuals
(r1,...rn) of the (fit) model Bc* is

N
E(C*) :le,...RN<T17"‘7TN;CT7' . n H 7"]701"” *)

and the maximum Jog-likelihood for normally-distributed and uncorrelated residuals is

1 ) 1 X y
In L(c ZlnfR ri;ct) = —§ln (2r|diag(V,)|) — 5 Xz(cl, ey Cr) (25)

7j=1
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3.8 Goodness of fit criteria, o,, R?, py.g. AIC and BIC

The standard error of the residuals, o,, shows how close a given model can be to the
data. If the model is overly complex, it may be overly influenced by noise in the data. So,
smaller values of o, are not necessarily better.

The R? goodness-of-fit criterion compares the variability in the measurements not
explained by the model to the total variability in the measurements.

Z[yz- - Q(%‘QC*]Q
Sy — y)?

where ¢ is the average value of the measured data values. The R? criterion is the ratio of
the variability in the data that is not explained by the model to the total variability in the
data. A value of R? = 0 means that the model does not explain the measurement variability
any better than the mean measurement value; a negative value of R? means that the model
explains the measurement variability worse than the mean measurement value, and a value
of R? = 1 means that all of the variability in the data is fully explained by the model, i.e.,
there is no unexplained measurement variability.

R*=1-

(26)

The Pearson correlation coefficient p, 5, between the data (y1,...,yn) and the model
(g(xs;¢%), ..., §(xN; ) is also a useful goodness of fit criterion.

The Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC)
indicate a balance between the x? error criterion, the amount of data N, and the complexity
of the model n. For a model with n coefficients and normally distributed and uncorrelated
residuals,

AIC(N,n) = —2InL(c)+ 2n =In2r|diag(V,)])+x*(c)+ 2n (27)
BIC(N,n) = —2InL(c*)+nln(N) = In (27 |diag(V,)|) + x*(c*) +nln(N)  (28)

Residuals of the model with the lowest AIC or BIC are closest to the irreducible randomness,
and thus this model is closest to the latent model. Confidence intervals of models with a larger
AIC are larger overall. Models with larger AIC values can be especially poor at extrapolating
data. The similar Bayesian Information Criterion penalizes complexity n more heavily for
larger sample sizes N.
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4 Implementation: poly fit.py

A power-polynomial model
n—1
G(z;c) = cp a* (29)
k=0

has coefficients ¢; and basis functions aP* where the exponents (powers) py of each term
are user-selected and may be any real number, not just postive integers. Fitting such
polynomial models to data points (x;,;), ¢ = 1,..., N is carried out in the .py-function
multivarious.fit.poly_fit.py from the multivarious GitHub repository.

"wn

poly_fit.py - General Purpose Polynomial Curve Fitting with Error Analysts

Fit a power-polynomial y_fit(z;a) to data pairs (z,y) where:
y_fit(xz;a) = SUM_4 a_i1 * T p_1

Minimizes the Chi-square error criterion with optional regularization.
Provides comprehensive error analysis including parameter uncertainties,
confidence intervals, correlation matriz, and information criteria.

Reference:

H.P. Gavin, "Fitting Models to Data: Generalized Linear Least Squares

and Error Analysis"

https://people.duke.edu/ "hpgavin/SystemID/CouresNotes/linear-least-sqaures.pdf

"wn

import numpy as np

import matplotlib.pyplot as plt

from scipy.stats import norm as scipy_normal

from multivarious.utl.plot_ECDF_ci import plot_ECDF_ci

def poly_fit(x, y, p, fig_no=0, Sy=None, rof=None, b=0.0):

"

Fit a power-polynomial to data with comprehensive error analysis.
Fits: y_fit(z;c) = SUM_i c_i * = p_1

Minimizes Chi-square criterion:
X2 = SUM_k [(y_fit(z_k;c) - y_k)"2 / Sy_k~2]

Parameters
z : array_like, shape (N,)

Known wvector of independent wvariables
y : array_like, shape (N,)

Measured wvector of dependent wariables
p : array_like, shape (n,)

Vector of real powers (z"p) for each polynomial term
fig_no : int, optional

Figure number for plotting. Use O to suppress plotting (default: 0)
Sy : float or array_like, optional

Measurement errors for each value of y.

Scalar or shape (N,) (default: 1.0)
rof : array_like, shape (2,), optional

Range of fit [xz_min, z_maz] (default: [min(z), maz(z)])
b : float, optional

Regularization constant (default: 0.0)

Returns

¢ : ndarray, shape (n,)
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Values of polynomial coefficients
z_fit : ndarray, shape (100,)
Values of = within range of fit
y_fit : ndarray, shape (100,)
Polynomial evaluated at z_fit
Sc : ndarray, shape (n,)
Standard errors of polynomial coefficients
Sy_fit : mndarray, shape (100,)
Standard errors of the curve fit

Rc : ndarray, shape (n, n)
Parameter correlation matriz
R2 : float
R-squared error criterion
Sr : float

Standard error of unweighted residuals
AIC : float
Akaike Information Criterion
BIC : float
Bayesian Information Criterion
condNo : float
Condition number of regularized system matriz
nonn
# Inverse measurement error covariance matric
ISy = np.diag(1.0 / (Sy=*%*2))

# Build basis matrices
B = np.zeros ((Nd, Np))
B_fit = np.zeros ((Nf, Np))

for i in range (Np):
B[:, i] = x ** pl[i] # Model basis wvectors for data
B_fit[:, il = x_fit ** p[i]l # Model basis wectors for fit

# Condition mnumber
condNo = np.linalg.cond(B.T @ ISy @ B + b * np.eye(Np))

# Least squares parameters
¢ = np.linalg.solve(B.T @ ISy @ B + b * np.eye(Np), B.T @ ISy @ y)

# Least squares fit
y_fit = B_fit @ c

# Unbiased wariance of unweighted restduals
Vr = np.sum((y - B @ c)*x*2) / (Nd-Np)

# Measurement error cowariance
if compute_Vr:
invVy = np.eye(Nd) / Vr # Computed from residuals
else:
invVy = ISy # Provided by wuser
# Parameter covartance matriz
Vc = np.linalg.inv(B.T @ invVy @ B + b * np.eye(Np))
# Regularized least squares adjustment
if b != 0:
Vy = np.linalg.inv(ISy)
Vc = Vc @ (B.T @ ISy @ Vy @ ISy @ B) @ Vc
# Standard errors of parameters
Sc = np.sqrt(np.diag(Vc))
# Parameter cross-correlation matriz
Rc = Vc / np.outer(Sc, Sc)
# Standard error of the fit
Sy_fit = np.sqrt(np.diag(B_fit @ Vc @ B_fit.T))
# R-squared (coefficient of determination)
R2 = 1 - np.sum((y - B @ c)**2) / np.sum((y - np.mean(y))**2)
# Akaike and Bayesian Information Criteria

13

AIC = np.log(2 * np.pi * Nd * Vr) + (B @ ¢ - y).T @ inviy @ (B @ ¢ - y) + 2 * Np
BIC = np.log(2 * np.pi * Nd * Vr) + (B @ ¢ - y).T @ invVy @ (B @ ¢ - y) + Np* np.log(Nd)
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5 Example
A polynomial model
n—1
J(x;c) = Z cp 1Pk
k=0

is fit to the data shown in Figures 1 and 2, using poly fit.py A polynomial using exponents
of 0, 1,2, 3and 4,1ie.,py=0,p; =1, ... py =4 and,

- 2 3 4
U(x;¢) = co + a1z + cox” + c32° + c4x

results in the fit shown in Figure 2, and the coefficient values and statistics shown below.

Polynomial Fit with Confidence Intervals Data y vs Model y(x; c*) (Correlation)
99% c.i N = 40 data points o o
° ° 1.5 - — /
—~ 1.51 90% c.i. n = 5 coefficients //.,
kS e datay cond # = 318.9 ik
5 10dl— model y(x) 1.0{ g, = 0215 .//
> R? = 0.945 ®
0] ca
8 054 > 0.54 AIC=46.46
= - BIC = 54.90
©
o 0.0 ]
2 - 0.0
©
>, —0.5 —0.51
©
Bl
©
T -1.0
_10-
-1.0 -0.5 0.0 0.5 1.0 -10 -05 00 05 1.0 15
X model y(x;c")

Figure 2. Example of linear least squares fitting, with exponents of 0, 1, 2, 3 and 4

P c +/- dc (percent)
cl 0] = -1.004e+00 +/- 6.397e-02 ( 6.37 %)
cl 1] = -4.800e-03 +/- 1.442e-01 (3004.03 %) < insignificant and uncertain
cl 2] = 6.506e+00 +/- 3.826e-01 ( 5.88 %)
cl 3] = 1.095e+00 +/- 2.098e-01 ( 19.15 %)
cl 4] = -5.347e+00  +/- 4.079e-01 ( 7.63%

Given the model statistics V.-, Vj; and o, (dc in the table above) the model terms
(model basis functions) may be assessed for their significance and certainty.

Eliminating model terms with insignificant and uncertain coefficient values (e.g., having
a coefficient of variation (|o.«/c*|) greater than 1.0) reduces the order of the model as well
as the variance of the residuals and the variance of the model Vj.
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Eliminating the small and uncertain ' term from the curvefit polynomial, so that the
fit equation changes to:

~ 2 3 4
g(x;c) = co + c12° + cox” + ez

results in a residual standard deviation (0.2) which is close to the value used in simulation
(0.20), and an R? value (0.96) and confidence intervals on the fit that match the five-term
model. Eliminating the uncertain z! term improves the AIC from 46.23 to 45.21 and de-
creases the uncertainty of the 23 term coefficient from 19% to 8%. Removing insignificant
and uncertain terms improves the accuracy and precision of the coefficients.

The confidence intervals are not uniform across the fitting domain and increase outside
of the range of data, r < —1 and = > +1.

Polynomial Fit with Confidence Intervals Data y vs Model y(x; ¢c*) (Correlation)
99% c.i. N = 40 data points e o
. [ ] ° 1.5 A . A
—~ 1.5-1 90% c.i. n = 4 coefficients ./.’
o e datay cond # = 318.9 dd
X 10- model yba) 1.01 g, =0212 o
> R2 = 0.945 ®
0] /
'8 0.5 > 0.54 AIC=4543 °
= © BIC = 52.18 oov @
4‘—0' [ ]
< 0.01 0-
g - 0.0
©
> —0.5 —0.5 1
O
+J
O
T -1.0
—1.0 1
-1.0 -0.5 0.0 0.5 1.0 -10 -05 00 05 10 15
X model y(x;c™)

Figure 3. Example of linear least squares fitting, with exponents of 0, 2, 3 and 4

p c +/- dc (percent)
cl 0] = -1.004e+00  +/- 6.305e-02 ( 6.28 %)
cl 2] = 6.506e+00 +/- 3.771e-01 ( 5.80 %)
cl 3] = 1.089e+00 +/- 8.252e-02 ( 7.58 %)
c[ 4] = -5.347e+00 +/- 4.020e-01 ( 7.52°%)

The improvement in the model certainty, |o.«/c*|, is evident. The small changes in o,
and R? by themselves would not warrant dropping the x! term.

The Python code used to produce these examples (just a dozen lines on the next page)
reveals (on line 17) the latent model, §(x) = — cos(4x) + 2% exp(—z/3), which has a Taylor
series of —1 48224 23 — 112* +- - which has no x term! The first few terms of this fit agree
with the corresponding Taylor series coefficients within two or three times oe:.
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import numpy as np

import matplotlib.pyplot as plt

from multivarious.fit import poly_fit
import time

# Generate test data
rng = np.random.default_rng(42) # the same seed each time
rng = np.random.default_rng((int) (time.time()*100000)) # different seed each time

x_1 = -1 # Lower end of the fit domain
x_h = 1 # Upper end of the fit domain
Nd = 40 # Number of data points

x = np.linspace(x_1, x_h, Nd) # the independent data points from z_1 to x_h

measurement_error = 0.20 # the level of simulated measurement error
# simulate the measured data with a latent model plus the measurement error
y = -np.cos(4*%x) + x**3 * np.exp(-x/3) + measurement_error * rng.standard_normal (Nd)

pt = [0, 1, 2, 3, 41 # the powers of the polynomial terms

# ... run poly_fit() to do the fit!

cl, x_fitl, y_fitl, Scil, Sy_fitl, Rcl, R2_1, Vri, AIC1, BIC1, condl = \
poly_fit(x, y, pl, fig_no=10)

6 What could possibly go wrong?

In fitting a model to data we hope for precise estimates of the model coefficients, i.e.,
coefficient estimates that are relatively unaffected by inherent measurement randomness.
The precision of the model coefficients is quantified by the coefficient covariance matrix,
from which the standard error of the model coefficients are computed. Large coefficient
covariance can result from noisy measurements, a poorly conditioned basis for the model, or
both. If two or more vectors that form the columns of B (the basis of the model) are nearly
linearly dependent then the estimates of the coefficients corresponding to those columns of
B will be significantly affected by noise in the data, and those coefficients will have broad
confidence intervals.

These concepts are addressed in more detail in following sections, which describe four
methods to obtain tighter confidence intervals in the model coefficients: scaling, orthogonal
polynomials, regularization, and singular value decomposition.
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7  Scaling to Improve Conditioning

Consider fitting an n degree polynomial to data over an interval |« ]. This typically
involves finding the pseudo-inverse of a Vandermonde matrix of the form

1 o a? a” 1
1 a+h (a+h)?* ... (a+h)"
1

a+2h (a+2h)* ... (a+2h)"
: : : : (30)
1 B—=2h (B—=2h)2 ... (B—2h)"

B=h (B—=h? ... (B=h)"
L1 B 3 g

—_

where the independent variable is uniformly sampled with a sample interval of A. The
following table indicates the condition number of [BT B] for various polynomial degrees and
fitting intervals.

n| det((BTB]) | det([BTB])
a=03=1la=-1,8=1

2 10° 104

4 1072 10°

6 1071 102

8 107 1072

This table illustrates that the conditioning of the Vandermonde matrix for polynomial fitting
depends upon the interval over which the data is to be fit. To explore this idea further, con-
sider the Vandermonde matrix for power polynomial curve-fitting over the domain [—L, L].
The condition number of B for various polynomial degrees (n) and intervals, L is shown in
the figure 4. This figure illustrates that the interval that minimizes the condition number
of B depends upon the polynomial degree n. The minimum condition number is plotted
with respect to the polynomial degree in figure 5, along with a curve-fit. To minimize the
condition number of the Vandermonde matrix for curve-fitting a n-th degree polynomial,
the curve-fit should be carried out over the domain [—L, L], where L = 1.14 + 0.62/n. So, if
we change variables before doing the curve-fit to an interval [—L, L] then our results will be
more accurate, i.e., less susceptible to the errors of finite precision calculations.

Consider two related polynomials for the same function

g(x;c) = Z cpx” a<z<b (31)
k=0

Jlus;b) = > bl ~L<u<lL (32)
k=0
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condition numbers for polynomial approximation n=1...10
100000 ¢ T T T T T T T T T

10000 [

1000 E-

100 .. T 4

10 :"'---- - et e tmemmeemmanmrnnrnn e e eas b pn e e £ 1 [ - o

condition number of Vandermode matrix

1 11 12 13 14 15 16 17 18 19 2
interval limit, L

Figure 4. Condition number of Vandermonde matrices for power polynomials.

symmetric interval limit for curve-fitting

2.1 p=r T T T T T T T T
"cond.data” ©
2 a/n+b

interval limit, L

degree of polynomial, n

Figure 5. Scaling interval that minimizes the condition number for power polynomial fitting.

with the linear mappings

1 1
v = Sla+8)+5a=0)7
2L a+p
= L:
U a—ﬂx—i_ﬁ—a qr +,
then
y=> bi(qr +1)* —L<z<L

k=1

(33)

(34)

(35)

Solving the least squares problem for the coefficients by is more accurate than solving the
least squares problem for the coefficients c;. Then, given a set of coefficients by, along with
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a and 3, the coefficients ¢, are recovered from

O MG =) (2L \F(a+b)T
Ck—jz%bj G— ) (a—b) Lb—a (36)

8 Scaling Randomly Distributed Multivariate Data

Consider fitting a function g to p observations of multivariate data (z;,v;), (i =1, ..., p)
where, in general, x; and y; are row-vectors of dimension ¢ and r respectively, and are jointly
distributed with a joint CDF Fxy([x,y]). Each observation (z;,y;) may be transformed
to the interval (0:1) through the joint distribution function w; = Fxy ([z;,y;]) and may be
transformed to uncorrelated standard normal variables through the inverse standard normal
distribution function

zi = O [ Fxy ([zi, ui])] (37)

where u; and z; have dimension p + ¢.

For example, if the multivariate data x and y are presumed to be correlated and log-
normally distributed, they may be scaled into decorrelated standard normal variables z as
follows:

1. Estimate the mean m,, and covariance V,,, of the log-transformed variables, log;,([x, y])

12
Mgy = ]; Z loglO([l‘i; yz])
1=1

Vi = — 3 o) = m] " Bogsol [ i) — i)

2. Compute a decomposition of the covariance matrix V.
Vyy = BBT
3. Decorrelate the log-transformed data

zi = [logyg([zs yi))] B~

4. Fit a multivariate model [Z,41, ..., 2,4~] as a function of [z, ..., z,].

5. Transform (2,41, ..., Z44r] back to ¢
. . s BT .
U =expig ( [21, s Zgs Zg1s ooy Zgir + Mgy

where exp,o(z) = 107, B is rows ¢+ 1 to ¢ +r (the last r rows) of B, and 7, contains
the last r elements of my,,.
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9  Chauvenet's Criterion for Anomalous Data (1891)

Sample averages are sensitive to anomalous data. Removing anomalous data can im-
prove the estimate of a population average. Chauvenet’s criterion is a means to classify data
as anomalous and provides support for decisions to remove anomalous data from a sample.

Assuming normally distributed observations, the probability of a single observation
falling outside of the range .,z & x; is approximately

P 1X = gl > Jos— pix| | ~ 2 ® (—"') (38)
Tsd

If independent observations are repeated N times, the probability of an outlier (one or more)
is1—(1—2 ®(—|2; — Tavg|/2sa))" (via the binomial distribution). According to Chauvenet’s
criterion, a data point z; may be removed from the sample if its probability of occurrence is
less than 50 percent. For example, if in a sample of 100 independent normally distributed
measurements, a value, z;, is (3)(2sq) from the sample average, x,.g, then the probability of
occurrence of one or more of these observations is 1 — (1 — 2 ® (—3))'% = 24 percent, it may
be removed from the sample.

Chauvenet’s criterion may therefore be expressed by the condition that for subset of
N, observations & out of a sample of N observations x,

~i_ av, — 1 T T )
17 = avg| _<I>1<2(1—<1_o.5>”N))%0-8+0-41n(N> e i=12..N, (39)

Tsd

then the observations & may be removed from the sample.

Here are a few values of —®~! (% (1 — (1 —0.5)/N )) for different sample sizes.

sample size N 1 2 ) 10 20 50 100 200 500
—¢>*1<%(1—(1—0.5)1/N)> 0.67 1.05 1.51 1.83 212 246 2.70 292 3.12

If N is large, outlying data must be far from the mean of the distribution in order to
be considered anomalous. After removing anomalous data, the sample average will almost
surely be a better estimate of the population mean. One may apply Chauvenet’s criterion
only once to a sample.

Example

A sample of ten values (N = 10) from a normal distribution with mean pux = 1 and ox = 0.1
is: {1.0173 1.0125 0.9315 0.9457 1.1056 0.9652 0.9935 0.8432 1.0720 1.0167 }. The sample average
is Tag = 0.9903, about 1 percent less than the population mean. The sample standard
deviation is xgq = 0.0742. For N = 10 the Chauvenet Criterion is 1.83. The standardized
absolute difference between the the sample’s eighth observation and the sample average is
|Ts — Tavg|/Tsa = 1.983 which is greater than the criterion value of 1.83. Classifying xg as
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“anomalous” it may be removed from the sample. After removing xg from the sample, the
sample average is 1.0067, which is about half a percent greater than the population mean.

Would you expect the distribution of the averages of samples of normally distributed
data without anomalous observations to have a standard deviation of ox //N — N, (where
N — N, is the sample size of data without anomalous values)? Why?

10 Orthogonal Polynomial Bases

The previous section shows that the ill-conditioned bases of high-order power polyno-
mials can be partially improved by mapping the domain to [—1 : 1].

If conditioning remains a problem after mapping the domain, the power polynomial
basis can be replaced with a basis of orthogonal polynomials, for which [BTW B] is diagonal
for certain diagonal matrices W that are determined from the selected basis of orthogonal
polynomials.

A set of functions, f;(x), ¢ = 0,--- ,n, is orthogonal with respect to some weighting
function, w(z) in an interval o <z < if

[ s w pwas={ 5,y 17 (40

Furthermore, a set of functions is orthonormal if P; = 1. Division by +/P; normalizes the set
of orthogonal functions, f;(x). For example, the sine and cosine functions are orthogonal.

/7r cosmx sinnzx dr = 0V m,n (41)
- 2r m=n=20

/ cosmx cosnx dr = T m=n#0 (42)
- 0 m#mn
- 2r m=n=20

/ sinma sinnx de = T m=n#0 (43)
o 0 m#n

An orthogonal polynomial, f,(z) (of degree n) has n real distinct roots within the domain
of orthogonality. The n roots of f,(x) are separated by the n — 1 roots of f, 1(x). All
orthogonal polynomials satisfy a recursion relationship

Apy1frer1(z) = Bry @ fio(@) + Coga fr(2) + Diya fea(2), k>1 (44)

which is often useful in generating numerical values for the polynomial basis.
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10.1 Examples of Orthogonal Polynomials

10.1.1 Legendre polynomials
The set of Legendre polynomials, Py (x), solve the ordinary differential equation
(1= 2®)Pl()] + k(k — 1) Pu(z) = 0

and arises in solution to Laplace’s equations in spherical coordinates. They are orthogonal
over the domain [—1, 1] with respect to a unit weight.

1 2 m=n
— 2n+1
| Pu(a) Pu(a) da { e (45)
The recursion relationship is
(k4 1)Peyr(z) = 2k + DaPy(x) + kP—1(x) =0, (46)

with Py(z) =1, Pi(z) = z, and Py(z) = (3/2)z* — 1/2.

1 L -
05F .
3
o
g 0
-8 — PO
(0]
S e P,
-
P2
-05F .
— F’3
— P4
-1 i | P5 i
-1 -0.5 0 05 1
X

Figure 6. Legendre polynomials
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10.1.2 Hermite functions

The set of Hermite functions, ¢ (x), solve the Schrodinger equation
V() 4+ (2k + 1 — 2%) Yy(x) =0

They are orthogonal over the domain [—o0, co] with respect to a unit weight.

0 1 —
| tnla)ina) du = { 0 man (47)
The recursion relationship is
k k
%1 VYry1(z) = —z Yi(z) + \/; Yr—1(7) (48)
with Yo(x) = =14 e=*/2
Yy () = V20 VA g 7?2
Gala) = (Var V)T (a2 — 1) e
1 T T T T T

o
o o

extended Hermite functions, w'(x)
o
(6)]

X

Figure 7. Hermite functions are orthogonal to a unit weight over the domain [—o0, c0].

Adding (often-necessary) constant and linear terms that taper off at the edge of the domain,

() = exp [_ (njcr?)ﬁ"] V() = nLJrzexp [_ (nf_2>6n‘|

where n is the highest order of the expansion, and 9} ,(z) = ¥(z)
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10.1.3 Forsythe polynomials

Forsythe polynomials, Fj(x) are orthogonal over an arbitrary domain [« 5] with respect
to an arbitrary weight, w(x). Weights used in curve-fitting are typically the magnitude
square of the data or the inverse of the measurement error of each data point. The recursive
generation of Forsythe polynomials is similar to Graham-Schmidt orthogonalization.

Fo(z) = 1 (49)
Fi(zx) = xFy(x)— CiFy(z) =2 —C4 (50)

Applying the orthogonality condition to Fy(z) and Fi(z),

/B Fo(z) w(z) Fi(z) de =0 (51)

«

leads to the condition 5 5
/ rw(x) de = C’l/ w(z) du. (52)

Higher degree polynomials are found by substituting the recursion relationship
Fipi(2) = 2Fy(v) — Cr1 Fi(x) — Dyyr Fia (). (53)
into the orthogonality condition
B
/ Frai(2) w(z) Fo(z) de =0 (54)

and solving for C41 and Dy to obtain

Ck+1 = < (55)
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10.1.4 Chebyshev polynomials
Chebyshev polynomials T (z) are defined by the trigonometric expression
Ti(x) = cos(k arccos x), (57)
solve of the ordinary differential equation,
(1 — 2T} (z) — 2T}(x) + k*Ti(z) = 0,

and are orthogonal with respect to w(x) = (1 — 22)~"/2 over the domain [—1,1].

1 ™ m=n=20
[ Tt \/11_7:(;2 Tife) do = 5 m:;%o (58)
m n

The discrete form of the orthogonality condition for Chebyshev polynomials a special def-
inition because the weighting function for Chebyshev polynomials is not defined at the
end-points. Given the P real roots of T),(z), t,, p = 1,--- P, the discrete orthogonality
relationship for Chebyshev polynomials is

P P m=n=0
Tolty) Tulty) = £ m=n+0 (59)
p=1 0 m#n

where

—1/2
tp:cos<7rp P/> for p=1,---,P

Note that the discrete orthogonality relationship, equation (59) is exact, and is not a
trapezoidal-rule approximation to the continuous orthogonality relationship, equation (58).

The recursion relationship for Chebyshev polynomials is simply

Chebyshev polynomials are often associated with an “equine-ripple” or “mini-max” property.
If an approximation f(z) ~ YN, ¢,Tk(z) has an error e = y(z) — () that is dominated
by Tyi1(x), then the maximum of the approximation error is roughly minimized. This
desirable feature indicates that the error is approximately uniform over the domain of the
approximation; that the magnitude of the error is no worse in one part of the domain than
in another part of the domain.
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10.2  The Application of Orthogonal Polynomials to Curve-Fitting

The benefit of curve-fitting in a basis of orthogonal polynomials is that the normal
equations are diagonalized, that the model coefficients may be computed directly, without
consideration of ill-conditioned systems of equations or numerical linear algebra, and that
the coefficient errors are uncorrelated.

The cost of curve-fitting in a basis of orthogonal polynomials is that the basis must
be constructed in a way that preserves the discrete orthogonality conditions. For Legendre
polynomials the values of the independent variables must be uniformly spaced and mapped
to the interval [—1 : 1], For Chebyshev polynomials the values of the independent variables
must be the roots of a high-order Chebyshev polynomial. In both of these bases the data
y must be interpolated to the specified values of the independent variables. For a Forsythe
basis, the data need not be mapped or interpolated.

Consider Chebyshev approximation in which the mapping and interpolation steps have
already been carried out.

0 =1 = 00t = 1y~ 3 Tilhy) (61)
which may be written for all N data points,
el Y1 1 Ti(ti) To(th) T,,(t1) _ 2(1) _
€2 | _ ?{2 B 1 Ti(ta) Ta(t2) TnFtZ) & | (62)
o N 7 B A S A S R S H A I

or e =y —T'c. Values t, are roots of a high order Chebyshev polynomial and the set of data
points ((x1,41), ..., (zn, yn)) have been mapped and interpolated to points ((¢1, y(t1)), ..., (tp, y(tp)).

Minimizing the quadratic objective function J =} 612) leads to the normal equations

¢ = [T Ty, (63)
where [TTT] is diagonal as per the discrete orthogonality relation, equation (59)
[ > T (tp)Tl (tp) > T (tp)T2 (tp) > T (tp)T?) (tp) 2T (tp)Tn (tp) ]
> 13 (tp)TQ (tp) > T3 (tp)Tfﬂ (tp) 2T (tp)Tn (tp)
T7T] = > Ts(tp) T5(1p) > Ts(tp) T(tp)
SYM :
I > Tn(tp)Talty) |
[P 0 0 0 |
0 P/2 0 0
= 0 0 PJ/2 0 (64)
R
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The discrete orthogonality of Chebyshev polynomials is exact to within machine precision,
regardless of the number of terms in the summation. Because [T77T] may be inverted ana-
lytically, the curve-fit coefficients may be computed directly from

M~
=
s

(65)

Tl ol
T

S
Il
—

Mw
=
—~
~
=
SN—
<
—~
~
=
SN—

for k>0 (66)

Also, note that Tj(t,) = cos(km(p — 1/2)/P). The cost of the simplicity of the closed-form
expression for ¢; using the Chebyshev polynomial basis is the need to map the independent
variables, x to the Chebyshev interpolation points, t,, within the interval [—1,1], and to
interpolate the data, y, to these interpolation points.

Coefficients estimated in an orthogonal polynomial basis have a diagonal covariance
matrix. As per equations (64) asymptotic standard errors of the coefficients are uncorrelated.
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11 [, regularization

The goal of regularization is to modify the normal equations [BT B]c = BTy in order to
significantly improve its condition number while leaving the solution c relatively unchanged.

In lsregularization the least-squares error criterion is augmented with a quadratic term
involving the coefficients. The effect of [y regularization is to estimate model coefficients
while also keeping the model coefficients near zero, or near some other set of values. Doing
so improves the conditioning of the normal equations. Other terms for [, regularization are
Tikhonov regularization and ridge regression.

Consider the over-determined system of linear equations y = Bc where y € RY and
a € R" and N > n. We seek the solution ¢ that minimizes the quadratic objective function

Xale) = ly = Bell[p + Bllc — el (67)

where the quadratic vector norm is defined as ||x||% = #" Pz, in which the weighting matrix
P is positive definite, and the [, regularization factor [ is non-negative. The subscript A
denotes that the y? criteria is Augmented with a penalty function. If the vector y is obtained
through imprecise measurements, and the measurements of each element of y; are statistically
independent, then P is typically a diagonal matrix in which each diagonal element Pj; is the
inverse of the variance of the measurement error of y;, P; = 1/ 032”. If the errors in y; are
not statistically independent, then P should be the inverse of the covariance matrix V), of
the vector of measurements y, P = Vy‘l. The positive definite matrix ) and the reference
coefficient vector ¢ reflect the way in which we would like to constrain the coefficients. For
example, we may simply want the solution, ¢ to be near some reference point, ¢, in which
case () = I,. Alternatively, we may wish some linear function of the coefficients Lga to be
minimized, in which case Q) = LgLQ and ¢ = 0. Expanding the quadratic objective function,

xale) =y Py —2c"BTPy 4 ¢"BTPBc + Bc'Qa — 28T Qe + pe' Qe. (68)

The objective function is minimized by setting the first partial of x4(c) with respect to ¢
equal to zero,

2 T
<3><5\C<C)> — —2BTPy+ 2BTPBe2 + Qc — 2BQE = 0,1, (69)

and solving for the coefficient estimates c*,
c(sy = [BTPB + Q] (BT Py + 5Qe). (70)

The meaning of the notation Clg) 18 that the solution ¢ depends upon the value of the
regularization factor, 8. The regularization factor weights the relative importance of

||y — Bel||3 and [|c— ¢, For problems in which B or BT PB are ill-conditioned, small values
of 3 (i.e., small compared to the average of the diagonal elements of BT PB) can significantly
improve the conditioning of the problem.

If the measurement errors of y; are not individually known, then it is common to set
P = I,. Likewise, if the n coefficient differences ¢ — ¢ are all equally important, then it is
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customary to set ) = I,,. Finally, if we have no set of reference coefficients ¢, then it is
common to set ¢ = 0. With these simplifications, the solution is given by

¢{s) = [BTB + I, ' BTy,
which may be written ¢ = B(J%)y, where B(J%) is called the regularized pseudo-inverse. In
the more general case, in which P # I,, and @ # I,,, but ¢ = 0,,%1,
Bl =[B"PB+3Q]"'B'P. (71)

The dimension of B(J;) is n x N. In a later section we will see that if L is inevitable then
we can always scale and shift B, y, and ¢ with no loss of generality.

11.1  Error Analysis of 5 regularization

We are interested in determining the covariance matrix of the solution Cip)-

ocr ocin 1"
B B
Ve = [ a;)] Vy l afy)]
.
By VB
— [B"PB+ BQ|"'B"PV,PB[B"PB + Q]!
[BTPB + 3Q]"'BTPB[B"PB + Q] ", (72)

where we use P = Vy_l. This covariance matrix is sometimes called the error propagation
matrix, as it indicates how random errors in y propagate to the estimates c¢*. Note that in
the special case of no regularization (8 = 0),

Veeo) = [B"PB] ™, (73)

and that the coefficient covariance matrix with regularization is always smaller than that
without regularization.

In addition to having propagation errors, the estimate g 18 biased by the regulariza-
tion factor. Let us presume that we know y exactly, and that the exact value of y is y.. The
exact solution, without regularization, is ¢, = [BTPB] BT Py,. The regularization error,
deg) = (g — Ce (for ¢ =0), is

dc) = [Bis — Bylve
[BTPB+ BQ]*B"P — [B"PB] "' BT Ply.
= [[BTPB+8Q|™' - [BTPB]'|BT PyL. (74)

Recall that ¢, = [BTPB] BT Py,, or BTPBc, = BT Py,, so

[BTPB + Q)™ — [BTPB] "B PBc,

[BTPB + Q] 'B"PB — I,))c.

BTPB + Q] [BTPB + Q — 8Qce — Lyt

BTPB + Q] ' [B"PB + 8Q|c. — [BTPB + Q] ' 8Qc. — Iice

= —[BTPB + BQ|'QBc.. (75)

[
[
[
[
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The regularization error dc(g) equals zero if § = 0 and increases with £3.

The total mean squared error matrix, F(g) is the sum of the coefficient covariance
matrix and the regularization bias error, Eg) = V() + 50(5)50&,). The mean squared error
is the trace of Eg).
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12 [y regularization

The intent of [, regularization is to reduce the sensitivity of the coefficients to mea-
surement errors, and, overall to provide smaller values of the squared coefficients. The intent
of [; regularization is to drive the values of insignificant and uncertain coefficients to zero.
The intent of [, regularization is therefore more ambitious than that of /5. The main use
of l; regularization is to identify and remove the least important terms in the mondel. It is
a form of model reduction. It is applicable to linear (quadratic programming) or nonlinear
(sequential quadratic programming) cases. There is a connection of purpose between I; reg-
ularization, [y regularization, and SVD truncation methods, but they are not the same. In
many cases, heavy (large «) [y regularization provides a better fit than heavy (large ) [y
regularization. Other terms for /; regularization are least absolute shrinkage and selection
operator (LASSO), compressed sensing, and support vector machine.

In [; regularization the penalty function is the (weighted) sum of the absolute values
of each coefficient.

Xa(e) = [ly = Bell; + allel[s = |ly = Bel[; + a3 e

The penalty function «||c||; has discontinuous derivatives at ¢; = 0, and so is not amenable to
gradient-based minimization. A clever work-around to this issue is to re-define the coefficients
in terms of the difference of non-negative “split” coefficients, p and gq.

c=p—q , lcf=p+q
In terms of the split coefficients we obtain the minimization of a quadratic objective subject
to non-negative bound constraints on the coefficients (a KKT problem).

Xap.@) = 1Bp = Ba—ylB+ad> (pi+a) st pi=0 and ¢;>0 Vi (76)

The five conditions for the equivalence of the split coefficient model (coefficients p and ¢) to
the original model (coefficients ¢) are:

A) pi—qi= ¢

B) pi + ¢ = |ci

C) pp>0and ¢ >0

D) ¢ >0=p =cand ¢ =0
¢ <0=p =0and ¢, =¢
¢;=0=p;,=0and ¢; =0

(E) min(p; + ¢;) = |ci

N N/~

To understand the equivalence of these five conditions and the validity of the split-operator
approach, show:

« (A) & (B) = (C) & (D)
« (A)&(C) % (B) & (E)
« (A)&(C) = (D) & (E)
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In an incremental numerical approach to solving the quadratic program (76), to advance the
solution from step k to step k + 1,

(k1) —  pk) (k) (k) *) >0
(k+1) _ (k) (k) p P+ u s.t. p¥W 4+ u\" >
i =cV 4 h @{ VI BN 5 R S S (O
The Lagrangian is

k)T k)T
L(p ¢ 1,v) = XA(p, @) + w4, (09 +u®) 4 vlT (¢ +0®)

where A, is the set of active constraints, for which p; = 0 and A, is the set of active
constraints, for which ¢; = 0. Expanding the Lagrangian, (and dropping the -*) notation
only to simplify the notation)
L = (p+u)B'B(p+u)+(¢+v) B'B(g+v) —2(q +v)"B'B(p + u)

+2(p+u)" BTy —2(¢+v)" BTy —y'y

+pla+q"a

+ piea, (P 4+ Wica, + Viea, (q+ V)ica,
The KKT conditions,

L
g =0 : 2B"Bp+2B"Bu—2B'Bq—2B"Bv—2B"y+ a+ fiica, =0
u
L
g =0 : —2B"Bp—2B"Bu+2B"Bq+2B'Bv+2B"y+a+ vica, =0
v
oL
=0 : P +u); Ay — 0
Oltic A, ( e
oL
ica, ((] * U) e

can be represented in a linear KKT matrix equation to solve for the steps u, v, and the
Lagrange multipliers, p and v.

2BTB —2B"B I,

U 2BTy —2B"Bp +2B"Bq — «

—2B"B  2B'B Lica, v —2BTy+2B"Bp —2B"Bq — «a
Lica, 1% —DicA,
lica, v —icA,

The notation [;c 4, represents a diagonal matrix with zeroes on all diagonal elements except
for those in the active set of w. To ensure that a step from an admissible solution remains
admissible, define the index j as the index of the most negative step

pj+u; =min(p+u) (withp; >0)
If p; +u; <0, define 6, = —p;/u;, with §, > 0, and the update equation becomes
pEHD Z p®) 4 5
Likewise,
g¢; +vj =min(¢+v) (withg; >0)
If ¢; + v; < 0, define 6, = —g;/v;, with J, > 0, and the update equation becomes
g5 — 0 5 (0
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13 Singular Value Decomposition

Consider a real matrix B that is not necessarily square, B € R¥*" with N > n. The
rank of B is 7 and r < n. Let Aj, Ao, -+ , A, be the positive eigenvalues of [BT B], including
multiplicity, ordered in decreasing numerical order, A\ > Ay > --- > X\, > 0. The singular
values, o; of B are defined as the square roots of the eigenvalues, ; = V/A;, i =1,--- , 7.

The singular value decomposition of a matrix B (B € R¥*" N > n) is given by the
factorization

B=UxVT (77)

where U € RN ¥ € RV*® and V € R™". The matrices U and V are orthonormal,
U'U = Iy and VTV = I,, and ¥ is a diagonal matrix of the singular values of B, ¥ =
diag(oy 09 -+ 0,). The singular values of B are sorted in a non-increasing numerical order,
oy > 09 > --- > 0, > 0. The number of singular values equal to zero is equal to the
number of linearly dependent columns of B. If r is the rank of B then n — r singular values
are equal to zero. The ratio of the maximum to the minimum singular value is called the
condition number of B, kg = 01/0,. Matrices with very large condition numbers are said to
be ill-conditioned. 1f o,, = 0, then kg = 0o and B is said to be singular, and is non-invertible.

The columns of U and V" are called the right and left singular vectors, U = [uj ug - -+ uy]
and V = [v; vy -+ v,]. The left singular vectors u; are column vectors of dimension m and
the right singular vectors v; are column vectors of dimension n. If one or more singular value
of B is equal to zero, r < n, and the set of right singular vectors {v,,1 - --v,} (corresponding
to 0,41 = -+ = 0, = 0) form an orthonormal basis for the null-space of B. The dimension
of the null space of B plus the rank of B equals n.

The singular value decomposition of B may be written as an expansion of the singular
vectors,

B =Y oun]], (78)

=1

where the rank-1 matrices [u;v] ] have the same dimension as B. Also note that ||u||; =
||vs]|; = 1. Therefore, the significance of each term of the expansion o;u;v] decreases with i.

The system of equations y = Bc may be inverted using singular value decomposition:
c=VX~ Uy, or
"1
c=>Y —uvuy. (79)
i=1 Y1
The singular values in the expansion which contribute least to the decomposition of B can
potentially dominate the solution c¢. An additive perturbation dy in y will propagate to a
perturbation in the solution, jc = VX ~1UTdy. The magnitude of dc in the direction of v; is
equal to the dot product of u; with dy divided by o;,

1
v 6c = fudey. (80)

2

Therefore, perturbations dy that are orthogonal to all of the left singular vectors, u;, are not
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propagated to the solution. Conversely, any perturbation dc in the direction of v; contributes
to y in the direction of u; by an amount equal to o;||dal|.

If the rank of B is less than n, (r < n), the components of ¢ which lie in the space
spanned by {v,y1 --+ v,} will have no contribution to y. In principle, this means that any
component of y in the space spanned by the sub-set of left singular vectors {u,11 -+ un}
is an “error” or is “noise”, since it can not be obtained using the expression y = Bec for
any value of ¢. These components of y are called “noise” or “error” because they can not
be predicted by the model equations, y = Be. In addition, these “noisy” components of vy,
which lie in the space {u,41 -+ uy}, will be magnified to an infinite degree when used to
identify the model coefficients c.

From the singular value decomposition of B we find that BTB = VX2V, If kp is the
condition number of B, then the condition number of BTB is %. If xp is large, solving
[BTB]c = BTy can be numerically treacherous.

When B is obtained using measured data, it is almost never singular but is often ill-
conditioned. We will consider two types of ill-conditioned matrices: (7) matrices in which
the first r singular values are all much larger than the last n — r singular values, and (i)
matrices in which the singular values decrease at a rate that is more or less uniform.

13.1  Truncated Singular Value Expansion

If the first r singular values are much larger than the last n—r singular values, (i.e., oy >
Og >+ >0, >> 0pp1 2 Opgg > -+ > 0, > 0), then a relatively accurate representation of
B may be obtained by simply retaining the first r singular values of B and the corresponding
columns of U and V,

By = U, V,' = oupn,, (81)
=1

and the truncated expression for the coefficient estimates is

1
=V TV y =3 —vuly, (82)

i=1 71

where V,. and U, contain the first r rows of V and U, and where ¥, contains the first r rows
and columns of X.

If 0,,, is close to the numerical precision of the computation, ¢ (¢ ~ 107¢ for single
precision and € ~ 107'2 for double precision), then the singular values, 0,1 --- 0, and the
corresponding columns of U and V' contribute negligibly to B. Their contribution to the
solution vector, ¢, can be dominated by random noise and round-off error in y.

The coefficient estimate covariance matrix is derived using equation (4), in which

[%Cy] e A (83)
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Therefore the covariance matrix of the coefficient estimates is
Ve = VET U VU STVT (84)

Because the solution cf,) does not contain components that are close to the null-space of
B the covariance matrix is limited to the range of B for which the singular values are not
unacceptably large. The cost of the reduced coefficient covariance matrix is an increased bias
error, introduced through truncation. Assuming that we know y exactly, the corresponding
exact solution with no regularization ¢, can be used to evaluate regularization bias error,
dcy = c’("r) — Ce.

dcy = VX, WU ye — VETU Ty, (85)

Substituting VXUT = UTE,J/TT + UnEnVnT,
dery = —[VaZy Uy Jye, (86)

where V,, and U,, contain the last n — r rows of V and U, and where X, contains the last
n — r rows and columns of X. Substituting y. = UXV Tc,,

Scpy = — Vo X2, ' UTUSV e, (87)
Noting that UTU = S 1UTUY = [0, pxr Ty,
deqry = —[VaVi) e (88)

Note that while the matrix —V,TV,, equals I,,_,, the matrix —V, VT is not identity because
the summation is only over the last n — r rows of V.

The total mean squared error matrix, £, is the sum of the coefficient covariance
matrix and the truncation bias error, Ey = V., 'UV,U,S'V," — V,V.Tc.. The mean
squared error is the trace of E,).

13.2  Singular Value Decomposition with I, Regularization

If the singular values decrease at a rate that is more or less uniform, then selecting r
for the truncated approximations above may require some subjective reasoning. Certainly
any singular value that is equal to or less than the precision of the computation should
be eliminated. However, if 0, ~ 10" and o, ~ 1073, B would be considered ill condi-
tioned by most standards, even though the smallest singular value can be resolved even with
single-precision computations. As an alternative to eliminating one or more of the smallest
singular values one may simply add a small constant 5 to all of the singular values. This can
substantially improve the condition number of the system without eliminating any of the
information contained in the full singular value factorization. This approach is equivalent to
Iy regularization.

To link the formulation of /5 regularization to singular value decomposition, it is useful
to show that the Iy objective function (67) may be written

Xa(e) = [|Be — g7 + Bllel|7 + C, (89)
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by simply scaling and shifting B, y, and ¢, and with no loss of generality. In the above
expression, C' is independent of ¢ and does not affect the coefficient estimates. Defining Lp
and Ly as the Cholesky factors of P and (), and defining B = LPBLél, y = Lp(y — Be),
and ¢ = Lg(a — ¢) then equation (67) is equivalent to equation (89), where

C =¢"B'LLLpBé—2¢"BTLLLpy (90)
Setting [0x%(¢)/0&T to zero results in the least-squares coefficient estimates
g [OXa
& = [B"B+ BIT'BTy. (91)
Note that the solutions ¢4 and 3(5) are related by the scaling
C?ﬁ) = Lélé(g) +c. (92)

In other words, the minimum value of the objective function (67) coincides with the minimum
value of the objective function (89). As a simple example of the effects of scaling on the
coefficient estimates, consider the two equivalent quadratic objective functions x?(c) = 5a*—
3a+1 and x%(¢) = 20¢* —6¢+2, where c is scaled, ¢ = 2¢. The coefficient estimates ¢* = 3/10
and ¢* = 3/20. These estimates satisfy the scaling relationship, ¢* = 2¢.

The singular value decomposition of B may be substituted into the least-squares solu-
tion for c(8)

(VEUTOSVT + I 'VEU g
= [VEVT 4+ VIV VST Ty
V(S2+ NV WVEUTg
Y24 N WVTVEU TG
Y24 807Uy (93)

()

v
v

The covariance of the coefficient errors is largest in the direction corresponding to the max-
imum value of &;/(6? + (). If B is singular, then as 8 approaches zero, random errors
propagate in a direction which is close to the null space of B. Note that the singular value
decomposition solution to § = Béis ¢ = VX 'UTg. Thus, I, regularization is equivalent to
a singular value decomposition solution, in which the inverse of each singular value, 1/, is
replaced by &;/(6 + 3), or in which each singular value &; is replaced by &; + 3/6;. Thus,
the largest singular values are negligibly affected by regularization, while the effects of the
smallest singular values on the solution are suppressed, as shown in Figure 10.

13.3  Error Analysis of Singular Value Decomposition with [, Regularization
The coefficient covariance matrix is derived using equation (4), in which
0C e 17T
i VEX+8I)"U (94)
Y
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Figure 10. Effect of regularization on singular values.
and
-
Vi = LpV,Lp. (95)

Recall that V), is the covariance matrix of the measurement errors, and that P = Vy_l =
L} Lp. Using the fact that (AB)~! = B7'A~!, we find that V;; = I. Therefore the covariance
matrix of the solution is

C

Because [0c/0¢] = Lg', the covariance matrix of the original solution is
Vi) = Lo VEX(S2 + BI) VT L (97)

As in equation (72), we see here that increasing /3 reduces the covariance of the propagated
error quadratically. The cost of the reduced coefficient covariance matrix is a bias error,
introduced through regularization. Assuming that we know ¢ exactly, the corresponding
exact solution with no regularization ¢, can be used to evaluate regularization bias error,
0C(g) = C(p) — Ce-

0 = z(z + 807U g — VEUT g,
= [VEE+ D707 - VETUTe (98)
Substituting yo = UV Te,, and UTU = T
0@ = [V(E+ DTSV —1)a
= | <i BI) NP+ BT = BOVT — 1]é
= V(S48 7BV TG (99)

As in equation (75), we see here that bias errors due to regularization increase with 4. In
fact, the singular values participating in the bias errors increase [ increases. If B is singular,
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B/(c2+p)

Figure 11. Effect of regularization on bias errors.

then the exact coefficients c. can not lie in the null space of B and the bias error 0¢(p)y will
be orthogonal to the null space of B.

The total mean squared error matriX,NE( g is the sum of the scaled coefficient covariance
matrix and the regularization bias error, Eg) = Vyg) + 56(5)56&). The mean squared error

is the trace of E(B)~

13.4  Scaling of Units and Singular Value Decomposition

In most instances, elements of y and ¢ have dissimilar units. In such cases the condi-
tioning of B is affected by the system of units used to describe the elements of y and ¢ (and
B). The measurements y and the coefficients ¢ may be scaled using diagonal matrices D,
and D., y = Dy, c = D.c. Since D,§j = BD,¢, § = Dy_lBDaé, and the basis matrix for the
scaled system is B = D;lBDC. Defining SVD’s: B = USVT and B = USVT, the effect of
scaling on the singular values is apparent ¥ = U TD; UsvVTD,V.

Parameter scaling matrices can be designed to achieve a desired spectrum of singular
values. But this appears to be a nonlinear problem requiring an iterative method to update

D, and D, such that the condition number of D, !BD, converges to a minimum value, while
possibly meeting other constraints, such as bounds on the values of D, and D,,.
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14 Numerical Example

Consider the singular system of equations y, = B, c,
100 | | 1 10 c1
[ 1000 ] a [ 10 100 ] l Co ] (100)

The singular value decomposition of B, is

U — [ —0.0995037 —0.995037
~ | —0.995037  0.0995037
(101 0
xo= 0 01
v - [ —0.0995037  0.995037
— | —0.995037  —0.0995037

Even though B, is a singular matrix, the estimates for this particular system is defined. The
second column of V' gives the one-dimensional null-space of B,. Note that y, in equation
(100) is normal to ug. Vectors y, normal to the space spanned by U, are “noise-free” in
the sense that no components of y, propagates to the null space of B,. The singular value
expansion for the estimates gives

¢l 1 [-0.0995037 ] B 100
[631 = 101[ 0005087 | | ~0-0995037 —0.995037 | | ||+
1 0.995037 100
- [ 00995037 1 [ —0.995037 0.0995037 ] [ 1000 1 -
0.99009900
- [ 9.9009900 1 (10

The zero singular value does not affect the estimates because y is orthogonal to us. It is
interesting to note that despite the fact that the two equations in equation (100) represent
the same line (infinitely many solutions) the SVD provides a unique solution, (provided that
0/0 is evaluated to 0).

Regularization works very well for problems in which Uy is very small. Applying
regularization to this problem we seek estimates ¢* that minimizes the quadratic objective
function of equation (67). In other words, we want to find the solution to y = B,c, while
keeping the estimates, c* close to ¢. How much we care that c* is close to ¢ is determined by
the regularization coefficient, 5. In general § should be some small fraction of the average
of the diagonal elements of B, 8 < trace(B)/n. Increasing 8 will make the problem easier
to solve numerically, but will also add bias to the estimates. The philosophy of using the
regularization coefficient is something like this: Let’s say we have a problem which we can’t
solve, (i.e., det(B) = 0 ). Regularization slightly changes the problem into a problem that
does have a solution which is ideally independent of the amount of the perturbation.
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Because the estimate ¢* depends upon 3, we can plot ¢; and ¢y vs. [ and determine
the effect of B on the coefficient estimates.

1.05 T T T T T T T

1 - 4
0.95 |
09
0.85

0.8 |
0.75

ay

0 2 4 6 8 10 12 14 16
-log(B/Tr(X,)/2)

95

a

85

75 . . . . . . .
0 2 4 6 8 10 12 14 16
-10g(B/Tr(X,)/2)

Figure 12. The effect of regularization on solutions to y, = [B, + 31]c ... where Uy, =0

From figure 12 we see that cs § approaches 0, the estimate approaches Clp) = [ 0.99010
: 9.90099 ]. For this data, the estimate is insensitive to 3 for 1073 > 3/trace(B,)/2 > 107'%;
for 8 < 10~"%*trace(B,)/2 the solution can not be found. Note that for y = B, ¢ as defined
above, there are infinitely many solutions; the two lines c¢;(cy) over-lay one another. A
solution exists, but it is not unique. In this case a very small regularization factor, [, gives a
unique solution. Changing the problem only slightly, by setting y = [100 1001]T, we see that
no solution exists to the original problem y = B, c. By changing one element of y by only 0.1
percent, the original problem changes from having infinite solutions to having no solution.
For systems with no solution, the regularized solution is very sensitive to the choice of the
regularization factor, 5. There is a region, 1073 > 3/trace(B,)/2 > 107" in this problem,
for which ¢, is relatively insensitive to 3, however there is no region in which CC% = 0. For
this type of problem, regularization of some type is necessary to find any solution, and the
solution is sensitive to the value chosen for the regularization coefficient.
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Figure 13. The effect of regularization on coefficient estimates to y + dy = [B, + SI]c ... where
U (Yo + 0y) #0

Now let’s examine the effects of some small random perturbations in both B, and y. In
this part of the example, small random numbers (normally distributed with a mean of zero
and a standard deviation of 0.0005) are added to B, and y, and regularized solutions are found
for § = 0.01trace(B,)/2 and 8 = 0.0001trace(B,)/2, i.e, the equations y+0y = [B,+dB+fI]c
are solved for c. Regularized solutions to these randomly perturbed problems illustrate that

regularized solutions with § = 0.01 and § = 0.001

10.4 T
10.2 ><><>< b
X
X
B=0.001
10 | 8
& noise-free solution
B=0-01\
9.8 - * 4
null space of X, %
H
9.6 q
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-4 -2 0 2 4 6
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Figure 14. Effect of regularization on the solution of y + dy = [B, + dB + 1]c
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ct a regularization factor, § ~ 0.01trace(B,)/2, the solution is relatively insensitive to the
value of 3. Comparing the solutions for 100 randomly perturbed problems, we find that
the variance among the solutions is less than 1. For a regularization factor of 0.001, on
the other hand, we see that the variance of the solution is quite a bit larger, but that the
mean value of all of the solutions is much closer to the noise-free solution. This illustrates
the fact that larger values of § decrease the propagation error but introduce a bias error.
If no regularization is used, then ¢; and ¢y range from -1000 to +1000 and from -100 to
100, respectively, in this Monte Carlo analysis. Adding the small levels of noise to the non-
invertible matrix B, makes it invertible, however, the solution depends largely on the noise
level. In fact if no regularization is used, the solution to this problem depends almost entirely
on the noise in the matrices. Increasing the regularization factor, g3, reduces the propagation
of random noise in the solution at the cost of a bias error.

15 Constrained Least Squares

Suppose that in addition to minimizing the sum-of-squares-of-errors, the curve-fit must
also satisfy other criteria. For example, suppose that the curve-fit must pass through a
particular point (x.,y.), or that the slope of the curve at a particular location, x5, must be
exactly a given value, y.. Equality constraints such as these are linear in the coefficients
and are a natural application of the method of Lagrange multipliers. In general, equality
constraints that are linear in the coefficient may be expressed as Ac = b. The constrained
least-squares problem is to minimize x?(c) such that Ac = b. The augmented objective
function (the Lagrangian) becomes,

xale,\) = yTVy_l — cTBTVy_Qy — yTVy_ch - ycTBTVy_ch + AT (Ac —b) (102)

Minimizing x4 with respect to ¢ and maximizing x4 with respect to A results in a system of
linear equations for the coefficient estimates ¢* and Lagrange multipliers \.

l 2BV, 'B AT ] l c* ] _ [ 2BTV, 1y ]

A 0 A b (103)

If the curve-fit problem has n coefficients and ¢ constraint equations, then the matrix is
square and of size (n +¢) x (n + c¢).
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16 Recursive Least Squares

When data points are provided sequentially, coefficient estimates c(,,) can be updated
with each new observation, (Z;,11, Ymi1)-

Given a set of m measurement points and estimates of model coefficients c(,,) corre-
sponding to the data set (x;,1;), i = 1,...,m, we seek an update to the model coefficients
C(m+1) from a new measurement T, 1, Ym+1-

Presuming a linear model, §(z;c) = Be, we define the i-th rows of B as Z; so that

The least-squares error criterion is

N
Ty = DMy — GillF

=1
N

= D (yi — 1) (yi — Tuc)
=1
N

= S (ylyi — 2yl Tic + 7] Tic)
=1

and applying the necessary condition for optimality,
D \ " S
<(9(c)> =0: Z[%Txi]c(m) = ZSUZTZJZ

Defining some new terms to simplify the notation,

N
_T_
R(m) = Z[ZL‘Z Z‘J
i=1
and
N
qim) = Zi;ryz )
=1

we see that Ry is a sum of rank-1 matrices. and it can be viewed as an auto-correlation of
the sequence of the rows x; of the model basis B, in the special case that x; have a mean of
zero. The matrix R:i) is interpreted as the coefficient estimate covariance matrix, [BT B] L.
The (column) vector ¢,y can be viewed as a cross-correlation between the rows of the model
basis and the data, in the special case that z; and y; have a mean of zero. Given a new
measurement (L, 1, Ym+1),

Rims1) = Rim) + Ty 1Tt

and
q(m+1) = q(m) + f;ﬂymﬂ
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and the model coefficients incorporating information from the new data points satisfy
Rms1)Clmi1) = Gim+1) (104)
With a known value of a matrix inverse, R~!, the inverse of R 4+ 2"z can be computed via
the Sherman-Morrison Update identity
(R+aTe) =R~ BT (1+aRa") 2R (105)

Defining more notation to simplify expressions,

K(mt1) = R(_ni) - R(_ri)j;—&-l(l + fm+1R(_wlL)fIn+1)_1

the rank-1 update of the updated coefficient covariance becomes
Ripiy = Ry = Koni )T Ry (106)
With this we can write K(,;,41) as

Kty = RonyyTims (107)

1 =T -1

= RiTm (1 + jm+1R(n}L)j;+1>

which can be shown as follows:

Kt (1 + 3_7m+1R(;,}L)§7;+1) = RipTme
Kns1) + K(m+1)i;m+1R(7n1)i);+1 - R(m)i;rn+1
Kmyy) = R(m)j:11—1+1 . K(m+1)jm+1R(;i)ern+1

= (R(TYIL) - K(m+1)jm+1R(7n%,)> i';ﬂ
-1 =T

= RininyTmi

Now, introducing a model prediction

gm—i—l = fm—&—lc?m) = i‘m-l—lR(_nlL)Q(m) (108)

and combining equations (104) to (108), the update of the model coefficient estimates can
be written,

C>(km+1) = C>(km) + K(m+1) (merl - Qerl) (109)
The role of K(;,4+1) can be interpreted as an update gain which provides the sensitivity of
the model coefficient update to differences between the measurement y,,.1 and its predicted
value ¢,,+1. This prediction error is called an innovation. The model coefficient update
identity can be shown as follows:

* -1
Comar) = Bmin)dm+1)
= (R(_nlb) - K(m+1)33m+1R(_n1L)) (C](m) + i’m+1ym+1>

= Ridm) — Koni)Tms1 Ry @m) + By Tmi1Ymit = Kt 1)Zm1 Ry T 1Ym 1

= Cimy — Km+1)Jm1 + (R(_m) - K(m—‘,—l)jm—i—lR(:i)) Trm41Ymt1

m) — Km+1)Jm41 + R(}iﬂ)fmﬂymﬂ

I
o

(
(

= Cm) + K(m+1) (ym+1 - ?Qm+1)

@®®G H.P. Gavin February 18, 2026


http://creativecommons.org/licenses/by-nc-nd/4.0/

46 Duke University — Spring 2026 — H.P. Gavin

In many applications of recursive-least squares it is desirable for the most-recent data to have
a larger effect upon the coefficient estimates. In these situations, the least-squares objective
can be exponentially weighted

m

Jomy =S Ny —Gl? 0< A<

i=1

Typical values for the ezponential forgetting factor A are close to 1 (e.g., 0.98 to 0.995).
Carrying A through the previous development (104) to (109) we arrive at the recursive least
squares procedure

-1
0 )
1. initialize variables ... m =0, R(_Ti) = §1,, where § > 10002 or R(_ni) = l'z )\’@Txi] ,

i=—1

and c{,,) = 0 or a knowledgeable guess,

2. collect Ty, 41

. R _ 11\
compute the update gain ... K(,41) = R(m)xm+1 ()\ + xm+1R(m)xm+1)

predict the next measurement ... Jmy1 = Tm41C(,)
collect 4,11

*

update the model coefficients ... Clmt1) = Cm) T K1) Um+1 — Om+1)

SR

~

update the coeflicient covariance ... R(’1 +) = (R(;i) - K (m+1)fm+1R(y,}L)) /A

m

8. increment m ... m =m + 1 and go to step 2.
Notes:
o If the update gain is very small, the model coefficient update is not sensitive to large
prediction errors.

o The update gain decreases monotonically; A keeps the update gain from becoming too
small too fast.

o The update gain increases with larger values of the coefficient covariance R™*.

+ The update gain can be interpreted as K ~ V./(1+V}). A large coefficient covariance
implies large uncertainty in the coefficients, and the need for a coefficient update that
is sensitive to prediction errors (large K'). A large model prediction covariance implies
noisy data, and the need for a coefficient update that is insensitive to prediction errors
(small K).

» Likewise, smaller values of A keep the coefficient covariance matrix R(_ni +1) from getting
too small too fast.

« With A = 1 the RLS estimates c{,,, equals the OLS estimates [BTB|"'BTy obtained
from m data points.
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16.1 The Sherman-Morrison rank-1 update identity

The Sherman-Morrison Update identity provides the inverse of (R + 2'x) in terms of
x and the inverse of R. Defining,

R(m+1) = R(m) +alx

we have

(R(m) + xTx> R(_niﬂ) =1

R(m) $T R(_ni-i-l) o I
T —1 z 10

To show this, we break the above matrix equation into two separate matrix equations,

which is equivalent to

RumBRy oy +a'z = 1 (110)
TRy —2 = 0 (111)

and substitute the second equation into the first,

-1 T, p-1
R(m)R(m-‘rl) + xR(m-H) =1

which shows that
(Ramy +2"2) Ripbyy =1 .

Now re-arranging the first equation,

Rpiyy = Ron(I —2'2) (112)

and substituting equation (112) into (111) we solve for z,
z = :cR(’Wll)(I )
_ -1 1T
1T _ -1
(1 + 2R ,)® ) z = xR,
_ 1 T\ et
z = <1+$R(m)x ) TR, (113)

Finally, inserting (113) into (112) we have the Sherman-Morrison Update identity.

1 . pe1 T 1 T\ L et
1 . pe1 1T 1T\ et
Rimiry = Ry = Rina' (L+aRena’) xR,
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16.2 Example of Recursive Least Squares

To illustrate the application of recursive least squares, consider the recursive estimation
of coefficients ¢; and ¢y in the model

§(x;¢) = c1x + e

and measurements y; = ¢(x;;¢) + v with normally-distributed measurement errors, v ~
N(0,0.25). The “true” model coefficient values are ¢; = 0.1 and ¢; = 0.1. The sequence
of independent variables is z,, = 0.2m so that z,, = [0.2m ,0.04m?). The initial coefficient
covariance is R(_(ﬁ = I and A = 0.99 The following figures plot measurements, prediction,

and standard errors of the prediction, o; = (me(’ni)xTTn) 1/2. These figures show that initially
the update gain grows, as the prediction errors covariance is smaller than the coefficient
covariance. As more data is incorporated into the fit, the coefficient covariance and the
update gain decrease, as revealed by smaller values of the standard error of the prediction
and less fluctuation in the model prediction, despite relatively large prediction errors around

T~ 8.

A=0.990, Rg* = 1.0e+00

A=0.990 , Rg! = 1.0e+00

o msmnt

104 4 prediction

std.err. of prediction

parameters, ajg

update gain, ||K||»

0 2 4 6 8 10 0 10 20 30 40 50
X iteration. m

Figure 15. Sequence of predictions and measurements, and sequence of coefficient estimates and
norms of the update gains.
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16.3 Recursive least squares and the Kalman filter

The Kalman filter estimates the states of a noisy dynamical system from a model for
the system and noisy output measurements. As is demonstrated below, the Kalman filter
can be interpreted as a generalization of recursive least squares for the recursive estimation
of the time-varying states of linear dynamical systems. The state vector estimate Z(k) in the
Kalman filter is analogous to the coefficient vector estimate C(m) In recursive least squares. In
recursive least squares, the objective is to recursively converge upon a set of constant model
coefficients. In Kalman filtering, the objective is to recursively track set of time-varying

model states.

A noise-driven discrete-time linear dynamical system with a state vector z(k) = z(t) =
x(k(At)) and noisy outputs (measurements) y(k) can be described by

z(k+1) =
yk) =

where w(k) and v(k) are white noise for which the covariance of w is () and the covariance
of v is R. The initial state 2(0) is uncertain and assumed to be normally distributed x(0) ~
N (z(0), P(0)). The method to sequentially and recursively estimate the state z(k) via the
Kalman filter starts by initializing the state vector estimate #(0) = z(0) and P(0) = d1,,
and proceeds as follows:

Az (k) + w(k)

C(k) + (k) (114)

K(k+1) = AP(k)CT (CP(*)CT +R) (115)
Ggk+1) = Ci(k) (116)
2k+1) = Azk)+ Kk+1) (yk+1)—g(k+1)) (117)
P(k+1) = AP(K)AT — AP(K)CT(CP(k)CT 4+ R)'CP(k)A" 4+ Q (118)

An analogy between the Kalman filter and recursive least squares is tabulated here.

Kalman filter recursive least squares
(k) state vector estimate Clm) coefficient vector estimate
g(k+1) Cz(k) ... prediction eq’n Jm+1 Tmi1C(yy,) - prediction eq'n
C output matrix Tm+1  model basis
Bhk+1) Apk)+ K(E+Dk+1) =9k +1) | Gy Gy + Kimsn) Umrr — Gmta)
A dynamics matrix I no dynamics
K(k+1) Kalman gain K(mt1) update gain
K(k+1) AP(k)CT (CP(K)CT+R) Ky Rohah (T Rohah o +A)
P(m) state estimation error covariance R(’W{) coefficient estimation error covariance
R measurement noise covariance A forgetting factor
Q additive process noise covariance 1/A  multiplicative forgetting factor

In the Kalman filter if P(0) is symmetric then P(k) is symmetric for £ > 0. Similarly, in
recursive least squares, if R(’S is symmetric, then R(’nll) remains symmetric for m > 0.
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