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Abstract. In physics, it is sometimes desirable to compute the so-called density of states (DOS),
also known as the spectral density, of a real symmetric matrix A. The spectral density
can be viewed as a probability density distribution that measures the likelihood of finding
eigenvalues near some point on the real line. The most straightforward way to obtain this
density is to compute all eigenvalues of A, but this approach is generally costly and wasteful,
especially for matrices of large dimension. There exist alternative methods that allow us to
estimate the spectral density function at much lower cost. The major computational cost of
these methods is in multiplying A with a number of vectors, which makes them appealing
for large-scale problems where products of the matrix A with arbitrary vectors are relatively
inexpensive. This article defines the problem of estimating the spectral density carefully
and discusses how to measure the accuracy of an approximate spectral density. It then
surveys a few known methods for estimating the spectral density and considers variations
of existing methods. All methods are discussed from a numerical linear algebra point of
view.
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I. Introduction. Given an n X n real symmetric and sparse matrix A, scientists
in various disciplines often want to compute its density of states (DOS), or spectral
density. Formally, the DOS is defined as
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*Received by the editors August 26, 2013; accepted for publication (in revised form) July 6, 2015;
published electronically February 4, 2016. The work of the first and third authors was partially
supported by the Laboratory Directed Research and Development Program of Lawrence Berkeley
National Laboratory under U.S. Department of Energy contract DE-AC02-05CH11231. The work
of the second and third authors was partially supported by the Scientific Discovery through the
Advanced Computing (SciDAC) program funded by the U.S. Department of Energy, Office of Science,
Advanced Scientific Computing Research and Basic Energy Sciences through grant DE-SC0008877.

http://www.siam.org/journals/sirev/58-1/93428 . html

TDepartment of Mathematics, University of California, Berkeley, and Computational Research
Division, Lawrence Berkeley National Laboratory, Berkeley, CA 94720 (linlin@math.berkeley.edu).

¥Department of Computer Science and Engineering, University of Minnesota, Twin Cities, Min-
neapolis, MN 55455 (saad@cs.umn.edu).

§Computational Research Division, Lawrence Berkeley National Laboratory, Berkeley, CA 94720
(cyang@Ilbl.gov).

34

Copyright © by STAM. Unauthorized reproduction of this article is prohibited.



Downloaded 04/08/16 to 169.229.58.198. Redistribution subject to SIAM license or copyright; see http://www.siam.org/journals/ojsa.php

APPROXIMATING SPECTRAL DENSITIES OF LARGE MATRICES 35

where § is the Dirac distribution commonly referred to as the Dirac §-“function” [34,
4, 32] and the A;’s are the eigenvalues of A, assumed here to be labeled nondecreas-
ingly. Using the DOS, the number of eigenvalues in an interval [a, b] can be formally
expressed as

b b
(1.2) Via.b] :/ Zé(t—Aj) th/ ne(t)dt.

Therefore, one can view ¢(t) as a probability distribution “function,” which gives the
probability of finding eigenvalues of A in a given infinitesimal interval near ¢. If one had
access to all the eigenvalues of A, the task of computing the DOS would become trivial.
However, in many applications, the dimension of A is large and the computation of its
entire spectrum is prohibitively expensive, which leads to the need to develop efficient
alternative methods to estimate ¢(t) without computing eigenvalues of A. Since ¢(t)
is not a proper function, we need to clarify what we mean by “estimating” ¢(t), and
this will be addressed in detail shortly. For now we can use our intuition to argue that
@(t) can be approximated by dividing the interval containing the spectrum of A into
many subintervals and use a tool like Sylvester’s law of inertia to count the number of
eigenvalues within each of these subintervals. This approach yields a histogram of the
eigenvalues. Expression (1.2) will then provide us with an average “value” of ¢(t) in
each small subinterval [a,b]. As the size of each subinterval decreases, the histogram
approaches the spectral density of A. However, this is not a practical approach since
performing such an inertia count requires us to compute the LDL” factorization [15]
of A — t;I, where the t;’s are the end points of the subintervals. In general, this
approach is prohibitively expensive because of the large number of intervals needed
and the sheer cost of each factorization. Therefore, a procedure that relies entirely
on multiplications of A with vectors is the only viable approach.

Because calculating the spectral density is such an important problem in quantum
mechanics, there is an abundant literature devoted to this problem and research in
this area was extremely active in the 1970s and 1980s, leading to clever and powerful
methods developed by physicists and chemists [10, 39, 9, 43] for this purpose.

In this survey paper, we review two classes of methods for approximating the
spectral density of a real symmetric matrix from a numerical linear algebra perspec-
tive. For simplicity, all methods are presented using real arithmetic operations, i.e.,
we assume the matrix is real symmetric. The generalization to Hermitian matrices
is straightforward. The first class of methods contains the kernel polynomial method
(KPM) [36, 41] and its variants. The KPM can be viewed as a formal polynomial
expansion of the spectral density. It uses a moment matching method to derive the
coefficients for the polynomials. The method, which is widely used in a variety of
calculations that require the DOS [42], has continued to receive a tremendous amount
of interest over the last few years [42, 6, 22, 35]. We show that a less well known, but
rather original, method due to Lanczos and known as the “Lanczos spectroscopic”
procedure, which samples the cosine transform of the spectral density, is closely re-
lated to the KPM. As another variant of the KPM, we present a spectral density
probing method called the Delta-Gauss—Legendre method, which can be viewed as a
polynomial expansion of a smoothed spectral density. The second class of methods we
consider uses the classical Lanczos procedure to partially tridiagonalize A. The eigen-
values and eigenvectors of a tridiagonal matrix are used to construct approximations
to the spectral density.

One of the key ingredients used in most of these methods is a well-established
artifice for estimating the trace of a matrix. For example, the expansion coefficients
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in the abovementioned KPM method can be obtained from the traces of the matrix
polynomials Ty (A), where T}, is the Chebyshev polynomial of degree k. Each of these
is in turn estimated as the mean of v7 T}, (A)v over a number of random vectors v. This
procedure for estimating the trace has been discovered more or less independently by
statisticians [18] and physicists and chemists [36, 41].

A natural question to ask is: among all the methods reviewed here, which is the
best one to use? The answer to this question is not simple. Since the methods dis-
cussed in this paper are all based on matrix-vector product operations (MATVECs),
the criterion for choosing the best method should be based on the quality of the ap-
proximation when approximately the same number of MATVECs is used. In order
to determine the quality, we must first establish a way to measure the accuracy of
the approximation. Because the spectral density is defined in terms of the Dirac -
“functions”, which are not proper functions but distributions [4, 32], the standard
error metrics used for approximating smooth functions are not appropriate. Fur-
thermore, the accuracy measure should depend on the desired resolution. In many
applications, it is not necessary to obtain a high-resolution spectral density. If fact,
such a high-resolution density would be highly discontinuous, considering the previ-
ously mentioned intuitive interpretation in terms of a histogram. For these reasons
our proposed metric for measuring the accuracy of spectral density approximation, as
defined in section 2, allows rigorous quantitative comparisons of the different spectral
density approximation methods, instead of relying on a subjective visual measure as
is often done in practice.

All the approximation methods we consider are presented in section 3. We give
some numerical examples in section 4 to compare different numerical methods for
approximating spectral densities. We illustrate the effectiveness of our error metric for
evaluating the quality of the approximation, and describe some general observations
on the behavior of different methods.

2. Assessing the Quality of Spectral Density Approximation. We will denote
the approximate spectral density by a(t), which is a regular function. The types of
approximate spectral densities we consider in this paper are all continuous functions.
However, since ¢(t) is defined in terms of a number of Dirac o-functions that are not
proper functions but distributions, we cannot use the standard LP-norm with e.g.,
p = 1,2, or 0o, to evaluate the approximation error defined in terms of ¢(t) — ¢(t);
note that in this difference, qg is interpreted as a distribution.

We discuss two approaches to get around this difficulty. In the first approach, we
use the fact that d(¢) is a distribution, i.e., it is formally defined through applications
to a test function g:

66=N.9)= [ d=Ng(0nde = o).

Here we use d(- — A) to denote a Dirac ¢ centered at A. The test function g € C*°(R),
and for all p, k € N,

sup|tPg™ ()| < oo.
teR

Here g(®)(¢) is the kth derivative of g(t). The test function g is chosen to be a member
of the Schwartz space (or Schwartz class) [32], denoted by S. In other words, the test
function g should be smooth and decay sufficiently fast toward 0 when |t| approaches
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infinity. The error is then measured as

(21) €1 = Sup|<¢ag> - <($a g>|

geS

In practice, we restrict S to be a subspace of the Schwartz space that allows us to
compute (2.1) at a finite resolution. We will elaborate on the choice of g and S in
section 2.1.

In the second approach, we regularize d-functions and replace them with contin-
uous and smooth functions such as Gaussians with an appropriately chosen standard
deviation o. The resulting regularized spectral density, which we denote by ¢, (¢), is
a well-defined function. Hence, it is meaningful to compute the approximation error

(2.2) e2 = [|6o(t) — (1)l

for p = 1,2, and oco. There is a close connection between the first and second ap-
proaches, on which we will elaborate in the next section.

We should note that the notion of regularization, which is rarely discussed in the
existing physics and chemistry literature, is important for assessing the accuracy of
spectral density approximation. A fully accurate approximation amounts to comput-
ing all eigenvalues of A, but for most applications, one only needs to know the number
of eigenvalues within any small subinterval contained in the spectrum of A. The size
of the interval represents the “resolution” of the approximation. The accuracy of the
approximation is only meaningful up to the desired resolution. When (2.2) is used
to assess the quality of the approximation, the resolution is defined in terms of the
regularization parameter o. A smaller o corresponds to higher resolution.

The notion of resolution can also be built into the error metric (2.1) if the trial
function g belongs to a certain class of functions, which we will discuss in the next
section.

2.1. Restricting the Test Function Space S. The fact that the spectral density
@(t) is defined in terms of Dirac J-functions suggests that no fixed smooth function
can approximate the spectral density well in the limit of infinite resolution.

To see this, consider v, ;) defined in (1.2) and the associated approximation ob-

tained from a smooth approximation ¢(t) as

b
ﬁ[a,b] :/ 7’L¢(t>dt

For simplicity, let the spectral density ¢(t) = 6(t) be a single d-function and the
number of eigenvalues be n = 1. Infinite resolution means that [v(q 4 — V]a,4)| should

be small for any choice of [a,b]. Now suppose a = —e,b = e. It is easy to verify that
B ea =1 g Meeq =0

In this sense, all smooth approximations of the spectral density result in the same
accuracy, i.e., there is no difference between a carefully designed approximation of the
spectral density and a constant approximation. Hence, the distribution ¢(t) behaves
very much like a highly discontinuous function and cannot be approximated by smooth
functions with infinite resolution.

In practice, physical quantities and observables can often be deduced from spectral
density at finite resolution, i.e., the eigenvalue count only needs to be approximately
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correct for an interval of a given finite size. For instance, in condensed matter physics,
such information is sufficient to provide material properties such as the band gap or
the Van Hove singularity [1] within a given target accuracy. The reduced resolution
requirement suggests that we might not need to take the test space S in (2.1) to
be the whole Schwartz space. Instead, we can choose functions that have “limited
resolution” as test functions. For example, we may consider using Gaussian functions
of the form

1 2

T 202

(2.3) 9o (t) = Wa :

and restrict S to the subspace

S(o: [Mips Aub]) = {9‘9(75) =g,(t—=2N), e [)\lb7)\ub]}7

where \;, and Ay, are lower and upper bounds of the eigenvalues of A, respectively, and
the parameter o defines the target resolution up to which we intend to measure. The
use of Gaussian functions in the space S(o; [Aip, Aup]) can be understood as a smooth
way of counting the number of eigenvalues in an interval whose size is proportional
to o.

Using this choice of the test space, we can measure the quality of any approxima-
tion by the metric

(2.4) El6:S(o; D Al = sup (b g) — (0, 9)]-
g€S(a;[Niv,Aub))

We remark that the use of Gaussians is not the only way to restrict the test
space. In some applications, the DOS is often used as a measure for integrating
certain physical quantities of interest. If the quantity of interest can be expressed as

(6,9) = / GG = = 37 g(\)

for some smooth function g, then S can be chosen to contain only one function g, and
the approximation error is naturally defined as

(2.5) El¢; ] = [(o(t), 9) — (0(1), 9)]
for that particular function g. We give an example of this measure in section 4.3.

2.2. Regularizing the Spectral Density. The error metric in (2.4) can also be
understood in the following sense. Let

(2.6) Go(t) = (3(), 90(- = 1) = > _ golt = \y).
j=1

Then ¢, (t) is nothing but a blurred or regularized spectral density, and the blurring
is given by a Gaussian function with width o. Similarly, <$(~),gg(' — 1)) can be
understood as a blurred version of an approximate spectral density. Therefore, the
error metric in (2.4) is equivalent to the L> error between two well-defined functions

<¢(')7ga(' - t)> and d)a(t)'
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This point of view leads to another way to construct and measure the approxima-
tion to the spectral density function. Instead of trying to approximate ¢(t) directly,
which might be difficult due to the presence of é-functions in ¢(t), we first construct
a smooth representation of the d-function. The representation we choose should be
commensurate with the desired resolution of the spectral density. This regularization
process allows us to expand smooth functions in terms of other smooth functions such
as orthogonal polynomials, and the approximation error associated with such expan-
sions can be evaluated directly and without introducing an additional regularization
procedure.

The ¢, (t) function defined in (2.6) is one way to construct a regularized spectral
density. Again, the parameter o controls the resolution. Larger values of o will lead
to smooth curves at the expense of accuracy. Smaller values of o will lead to rough
curves that have peaks at the eigenvalues and zeros elsewhere. This is illustrated
in Figure 2.1, where o takes four different values. We can see that as o increases,
¢, becomes smoother. When o = 0.96, which corresponds to a very smooth spectral
density, we can still see the global profile of the eigenvalue distribution, although local
variation of the spectral density is mostly averaged out.

K =1.750=0.35 5 =1.30,0 = 0.52
40 0.05
0.05
35
30 0.04 0.04
25
=003 2003
<20 = <
15 0.02 0.02
10
o1 0.01
s 0.0
200 400 600 0 0
i 0 10 20 30 40 0 10 20 30 40
J t t
K =1.15,0 = 0.71 5 =1.08,0 = 0.96
0.05
0.045
0.04 0.04
0.035
0.03 0.03
= = 0.025
< =
0.02 0.02
0.015
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Fig. 2.1 The eigenvalues as well as various reqularized DOS ¢o obtained by blurring the exact DOS
(sum of d-functions positioned at eigenvalues) of a matriz with Gaussians of the form
(2.3).

We remark that the optimal choice of o, and therefore the smoothness of the
approximate DOS, is application dependent. On the one hand, o should be chosen
to be as large as possible so that the regularized DOS ¢, is easy to approximate
numerically. On the other hand, increasing o could cause an undesirable loss of detail
and yield an erroneous result. It is up to the user to select a value of o that balances
accuracy and efficiency: o should be chosen to be small enough to reach the target
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accuracy, but not too small, which would require a large number of MATVECs to
approximate the DOS.

We should also note that (2.6) is not the only way to regularize the DOS. Another
choice is the Lorentzian function defined as

n 1
2. = Im(—"
(2.7) (t —N)2 +n? m(t—)\—i—in)’

where Im(z) denotes the imaginary part of a complex number z, and 7 is a small
regularization constant that controls the width of the peak centered at A. As g
approaches zero, (2.7) approaches a Dirac d-function centered at A. This approach
is used in Haydock’s method, to be discussed in section 3.2.2. We also examine
the differences between the regularization procedures in section 4 through numerical
experiments.

2.3. Nonnegativity Condition. Since the DOS can be viewed as a probability
distribution function, it satisfies the nonnegativity condition in the sense that

(2.8) (¢,9) =0

for all nonnegative functions g(¢) > 0 in the Schwartz space. Not all numerical meth-
ods described in what follows satisfy the nonnegativity condition by construction. We
will see in section 4 that failure to preserve the nonnegativity condition can possibly
lead to large numerical errors.

3. Numerical Methods for Estimating Spectral Density. In this section, we
review two classes of methods for approximating the DOS of A. We begin with the
KPM, which can be viewed as a polynomial approximation to the DOS. We show
that two other approaches that are derived from different viewpoints are equivalent
to KPM. We then describe a second class of methods based on the use of the familiar
Lanczos partial tridiagonalization procedure [24]. These methods use blurring (or
regularization) techniques to construct an approximate DOS from Ritz values. They
differ in the types of blurring they utilize. One of them, which we will simply call the
Lanczos method, uses Gaussian blurring, whereas the other method, which we call
Haydock’s method [17, 3, 28, 5], uses a Lorentzian blurring.

A common characteristic of these methods is that they all use a stochastic sam-
pling and averaging technique to obtain an approximate DOS. The stochastic sampling
and averaging technique is based on the following key result [18, 36, 2.

THEOREM 3.1. Let A be a real symmetric matriz of dimension n x n with eigen-
decomposition A = E?Zl Ajujuy and ujuj = dij, i,j = 1,...,n. Here, &;; is the
Kronecker § symbol. Let v be a vector of dimension n, and suppose v can be represented
as the following linear combination of {u;}7_q:

(3.1) v = Z,Bjuj.
j=1

If each component of v is obtained independently from a normal distribution with zero
mean and unit standard deviation, i.e.,

(3.2) E] =0, Eo'] =1,
then
(33) E[ﬁzﬂj] = (Sij, Z',j = ]., ey n.
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The proof of Theorem 3.1 is straightforward. The theorem suggests that the trace
of a matrix function f(A), which we need to compute in the KPM, for example, can
be obtained by simply averaging v” f(A)v for a number of randomly generated vectors
v that satisfy the conditions given in (3.2), because

(3-4) E@?ﬂMM—W%E:ﬁfOﬂ]—E:ﬂ%)—TM%UMN
j=1 j=1

3.1. The Kernel Polynomial Method. The KPM was proposed by Silver and
Roder [36] and Wang [41] in the mid-1990s to calculate the DOS. See also [37, 38, 9, 30],
among others, where similar approaches were also used.

3.1.1. Derivation of the original KPM. The KPM constructs an approximation
to the exact DOS of a matrix A by formally expanding Dirac J-functions in terms
of Chebyshev polynomials T (t) = cos(k arccos(t)). For simplicity, we assume that
the eigenvalues are in the interval [—1,1]. As is the case for all methods which
rely on Chebyshev expansions, a change of variables must first be performed to map
an interval that contains [Amin, Amax] to [—1,1] if this assumption does not hold.
Following the Silver—Rdder paper [36], we include, for convenience, the inverse of the
weight function into the spectral density function,

(3.5) 3(t) = VI 2(t) = VI x %Z(S(t _ ).
j=1
Then we expand the distribution ¢(t) as
(3.6) S(t) = ukTh(t).
k=0

Equation (3.6) should be understood in the sense of distributions, i.e., for any test
function g € S,

IRCCEE S > wTu(ta(0)

The same notation applies to the expansion of the DOS using other methods in
the following discussion. By means of a formal moment matching procedure, the
expansion coefficients py, are also defined by

T (t)p(t)dt

Te(t)V/1 — L26(t)dt

2 — 6o /1 1
Mk

™ _1vV1—1¢2
2 — 0o

! 1
T /1\/1—t2

2 — 0 "
(3.7) = 70 ;Tk()\j)-
j:

Here §;; is the Kronecker § symbol so that 2 — 0y is equal to 1 when k£ = 0 and to 2
otherwise.
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Thus, apart from the scaling factor (2 — dx0)/(nm), px is the trace of Ty(A). It
follows from Theorem 3.1 that

1 Nvec

(3.8) Ch = Z (U(()l))TTk,(A)U(()l)

nvec 1=1

is a good estimation of the trace of Tj(A), for a set of randomly generated vectors
v(()l), v(()z), ey v(()"““) that satisfy the conditions given by (3.2). Here the subscript 0
is added to indicate that the vectors have not been multiplied by the matrix A. Then

i can be estimated by

(3.9) ik Ck-

nm

Now we consider the computation of each term (v(()l))TTk(A)v(()l). For simplic-

ity, we drop the superscript [ so that vy = v(()l). The three-term recurrence of the

Chebyshev polynomial is exploited to compute T} (A)vo,
Try1(A)vg = 2AT(A)vg — Tr—1(A)vo,

so if we let vy = Tk (A)vg, we have

(3.10) V1 = 2A0, — vp_1.

Once the scalars {ux} are determined, we should in theory obtain the expansion for
o(t) = ﬁ(ﬁ(t). In practice, py decays to 0 as k — oo, and the approximate DOS
will be limited to Chebyshev polynomials of degree M. So ¢ is approximated by

M
(3.11) Sur(t) = \/11_—752 Z 1T (t).
k=0

For a general matrix A whose eigenvalues are not necessarily in the interval [—1, 1],
a linear transformation is first applied to A to bring its eigenvalues into the desired
interval. Specifically, we will apply the method to the matrix

A—cl

B =
d ?

where

. b+ Aup
2

Aub — Al

(3.12) SR

, d=
and A\;p and Ay are lower and upper bounds of the smallest and largest eigenvalues
Amin and Apax of A, respectively.

It is important to ensure that the eigenvalues of B are within the interval [—1, 1].
Otherwise, the magnitude of the Chebyshev polynomial, hence the product of Tj(B)
and vy computed through a three-term recurrence, will grow exponentially with k.

There are a number of ways [40, 46, 27] to obtain good lower and upper bounds
Aip and Ayp of the spectrum of A. For example, we can set Ayp to Ok + |[(A— 0 1)uy)|]
and A to 61 — |[(A—011)uq)||, where 61 (resp., 6x) is the algebraically smallest (resp.,
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largest) Ritz value obtained from a k-step Lanczos iteration and uy (resp., uy) is the
associated normalized Ritz vector. Note that these residual norms are inexpensive to
compute since |[(A — 0;1)u;|| can be easily expressed from the bottom entry of z;,
the unit norm eigenvector of the k x k tridiagonal matrix obtained from the Lanczos
process. For details, see Parlett [31, sec. 13.2]. We should point out that A\ and Ay
do not have to be very accurate approximations to Apin and Apax. It is demonstrated
in [27] that tight bounds can be obtained from a 20-step Lanczos iteration for matrices
of dimension larger than 100,000.

ALGORITHM 1: The KPM.

Input: Real symmetric matrix A with eigenvalues between [—1,1]. A set of
points {¢;} at which the DOS is to be evaluated, the degree M of the
expansion polynomial.

Output:  Approximate DOS {¢ar(ti)}.

1: Set (, =0 for k=0,..., M,
2: for I =1 : nyec do
3:  Select a new random vector Uél);
4: fork=0:M do
",
5: Compute (x <+ (x + (Uo ) v
6: Compute v,(clil via the three-term recurrence v,(cl}rl = QA’U](CU - v,(clll (for k=0,
v® = 40,
10 = AV )5
7:  end for
8: end for
9: Set G ¢ Ci/Nvecs i+ 25280¢y, for k= 0,1,..., M;

10: Evaluate {¢ar(t;)} using {us} and (3.11);

Because the KPM can be viewed as a way to approximate a series of J-functions
which are highly discontinuous, Gibbs oscillation [21] can be observed near the peaks
of the spectral density. Figure 3.1 shows an approximation to §(¢) by a Chebyshev
polynomial expansion of the form (3.11) with M = 40. It can be seen that the ap-
proximation oscillates around 0 away from ¢ = 0. As a result, it does not preserve
the nonnegativity of §(¢). The Gibbs oscillation can be reduced by a technique called
Jackson damping, which modifies the coefficients of the Chebyshev expansion. The
details of Jackson damping are given in Appendix A, and Figure 3.1 shows that Jack-
son damping indeed reduces the amount of Gibbs oscillation significantly. However,
Jackson damping tends to overregularize the approximate DOS and yields an approx-
imation to 0(¢) that has a wider spread. We will discuss this again with numerical
results in section 4.

We should also point out that it is possible to replace Chebyshev polynomials in
the KPM by other orthogonal polynomials such as the Legendre polynomials. We will
denote by KPML the variant that uses Legendre polynomials to expand the spectral
density.

We also note that the cost for constructing the KPM can be reduced by techniques
presented in Appendix A. Because the KPM provides a finite polynomial expansion,
the approximate DOS ¢ can be evaluated at any arbitrary point ¢ once the {u}’s
have been determined.

3.1.2. The Spectroscopic View of the KPM. In his 1956 Prentice-Hall book
Applied Analysis (reprinted by Dover as [25]), Lanczos described a method for com-
puting spectra of real symmetric matrices, which he termed “spectroscopic.” This
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Fig. 3.1 Chebyshev expansion with and without Jackson damping for Dirac §-function 6(t). The
Chebyshev polynomial degree is set to 40.

approach, which also relies heavily on Chebyshev polynomials, is rather unusual in
that it associates the spectrum of a matrix to a collection of frequencies, and the
goal is to detect these frequencies by Fourier analysis. Because it is not competitive
with modern methods for computing eigenvalues, this technique has lost its appeal.
However, we will show in what follows that the spectroscopic approach is well suited
for computing approximate spectral densities, and it is closely connected to the KPM.

Let us assume that the eigenvalues of the matrix A are in [—1,1]. The spec-
troscopy approach takes samples of a function of the form

(3.13) ()= B cos(01),
j=1

where the 6;’s are related to eigenvalues of A by 6; = cosA; at t = 0,1,2,..., M.
Then one can take the Fourier transform of f(t) to reveal the spectral density of A. If
a sufficient number of samples are taken, then the Fourier transform of the sampled
function should have peaks near cos\;, j =1,2,...,n, and an approximate spectral
density can be obtained.

Because \;’s are not known, (3.13) cannot be evaluated directly. However, M +1

uniform samples of f(¢), i.e., f(0), f(1), ..., f(M), can be obtained from the average
of
(3.14) v v, va Ti(A)vo, - .., v Tar(A)vo,

where T (t) is the same kth degree Chebyshev polynomial of the first kind used in
the previous section and vy is a random starting vector.
Taking a discrete cosine transform of (3.14) yields

M—1

(O + (1) + 3 fyeosE p=o,... M.

(3.15) F(p) = TR
k=1

1
2

Note that, as is customary, the end values are halved to account for the discontinuity
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of the data at the interval boundaries. An approximation to the spectral density ¢(t)
can be obtained from F(p), p=0,1,..., M, via an interpolation procedure.

We now show that the spectroscopic approach is closely connected to the KPM.
This connection can be seen by noticing that the coefficient (; in (3.8) essentially
gives an estimate of the following transform of the spectral density ¢(t),

1

(3.16) f(s)z/ cos(s arccost)p(t)dt,

-1

evaluated at an integer k.
Since t € [—1,1], we can rewrite (3.16) as the continuous cosine transform of a
related function by introducing an auxiliary variable £ = arccost and defining

P(§) = P(cos &) sin .

It is then easy to verify that (3.16) can be written as

f(s) = / " cos(s€(e) de.

Here we take ¥(§) to be an even function and assume ¥ (§) = 0 for & > m. Thus,
the integration range can be taken from 0 to co, and f(s) can indeed by obtained by
performing a cosine transform of ¥ (§).

If f(s) is given, we can obtain () via the inverse cosine transform

(3.17) v =2 [T eostse) s ds.

™

Substituting £ = arccost back into (3.17) yields

(3.18) cos(sarccost)f(s) ds.

2 oo
o) = —=— |
™ 1—1t*Jo
However, since we can only compute f(s) for s = k, k € N by estimating the trace
of T (A) using a stochastic averaging technique discussed in section 3.1.1, the inte-
gration in (3.18) can only be performed numerically using, for example, a composite
trapezoidal rule:

M-—1
(3.19)  o(t) ~ —— [1

P Sf(0) + k; F(k)Ty(t) + %f(M)TM(t)

2
Comparing (3.19) with (3.6), we find that (3.19) is exactly the KPM expansion, aside
from the fact that the coefficient for Th(¢) is multiplied by a factor % Therefore, the
spectroscopic method and the KPM are essentially equivalent.

3.1.3. The Delta-Gauss-Legendre Expansion Approach. In some sense, the
spectroscopy method discussed in the previous section samples the “reciprocal” space
of the spectrum by computing vl Tj(A)vy, where Tj(t) is the jth degree Chebyshev
polynomial of the first kind, for a number of different randomly generated vectors
vo and j = 0,1,..., M. It uses the discrete cosine transform to reveal the spectral
density. In this section, we examine another way to directly sample or probe the
spectrum of A at an arbitrary point ¢; € [—1,1] by computing {vd pas, (A)vo}, where
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par, (t) is an M;th degree polynomial of the form

M;
(3.20) P (t) = >k, (£) T, (1)
k=0

The expansion coefficient jug, (¢;) in the above expression is chosen, for each ¢;, to be
nTo\/1—t2

The polynomial pyy, (¢) defined in (3.20) can be viewed as a polynomial approxi-
mation to the d-function (¢ — ¢;), which can be regarded as a spectral probe placed
at ti.

The reason why vl pas, (A)vg can be regarded as a sample of the spectral density
at t; can be explained as follows. The presence of an eigenvalue at ¢; can be detected
by integrating 6(¢ — ¢;) over the entire spectrum of A with respect to a spectral point
measure defined at eigenvalues only. The integral returns +oo if ¢; is an eigenvalue
of A and 0, otherwise. However, in practice, this integration cannot be performed
without knowing the eigenvalues of A in advance.

A practical probing scheme can be devised by replacing §(t—t;) with a polynomial
approximation such as the one given in (3.20) and integrating, which amounts to
evaluating the trace of pps, (A). This trace evaluation can be done using the same
stochastic approach we introduced earlier for the KPM. We call this technique the
Delta-Chebyshev method.

If vy is some random vector normalized to ||vg]| = 1, whose expansion in the
eigenbasis {u;} is given by

2—5k0/1 1
3.21 (t;) = T (0)0(t — t;)dt =
(3.21) fuk, (ti) S BV ki (1)0( )

(3.22) vy = Zﬁjuj,
j=1
then vy, = par, (A)vg will have the expansion
n
(3.23) v, = Y Bipas (M)
j=1

Taking the inner product between vy and vy, yields

(3.24) (var,) v = Z/@pri (Aj)-

j=1

Since Z;LZI B7 =1, (3.24) can be viewed as an integral of pyy, (t) associated with
a point measure {6]2} defined at eigenvalues of the matrix A. In the case when
ﬁf = 1/n for all j, we can then simply rewrite the integral as Trace[pas, (A)]/n. As we
have already shown in previous sections, such a trace can be approximated by choosing
multiple random vectors vg that satisfy the conditions (3.2) and averaging vl pas, (A)vo
for all these vectors. The averaged value yields 5(@), which is the approximation to
the spectral density ¢(t) at an arbitrary sample point ¢;.

As we indicated in section 2, because 0(t — ¢;) is not a proper function, directly
constructing a good polynomial approximation may be difficult. A more plausible
approach is to “regularize” (¢t — ¢;) first by replacing it with a smooth function that
has a peak at t = t¢;, and then constructing a polynomial approximation to this smooth
function.
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We choose the regularized §-function to be the Gaussian g, (t — t;), where g, is
defined in (2.3) and the standard deviation o controls the smoothness or the amount
of regularization of the function.

It is possible to expand g, (t — ¢;) in terms of Chebyshev polynomials. However,
we have found that it is easier to derive an expansion with closed form in terms of
Legendre polynomials. It can been shown (see Appendix A) that

oo

(3.25) gt 0) = o D (Kot ) (Ll

2702)1/2 —

where Ly(t) is the Legendre polynomial of degree k, and the expansion coefficient
Vi (t;) is defined by

1
(3.26) ’Yk(ti):/ Lk(s)e—%((s—ti)/a)zd&
-1

It can be also shown (see Appendix A) that 7x(¢;) can be determined by a recursive
procedure that does not require us to explicitly compute the integral in (3.26).

If we take an approximation to g,(t — t;) to be the first M; + 1 terms in the
expansion (3.25), i.e.,

M;

(3.27) Su0) = Gz D (4 3) Wt Lale)
k

=0

then a practical scheme for sampling the spectral density of A can be devised by
computing vl ¢, (A)vg for randomly generated and normalized vy’s and averaging
these quantities. Because this scheme is based on regularizing the ¢ function with a
Gaussian and expanding the Gaussian in Legendre polynomials, we call this scheme
a Delta-Gauss—Legendre (DGL) method and summarize it in Algorithm 2.

ALGORITHM 2: Multipoint DGL expansion.

Input: Real symmetric matrix A with eigenvalues between [—1,1]. A set of
points {¢;} at which the DOS is to be evaluated, with Mmax the maxi-
mum degree employed for all the points.

Output: Approximate DOS {¢as(¢i)}.

1: for each t; do
2 Compute and store the expansion coefficients {~x(t:)} fﬁo using (3.26);
3: end for
4: Set (r, =0 for k=0,..., Mmax;
5: for [ =1 : nyec do
6 Select a new random vector vél);
7 for k =0 : Muax do

T
] (l)) (OB
9

Compute (x <+ (x + (Uo vy

Compute v,(CZJ)r1 via the three-term recurrence v,(CZJ)r1 = Q:—J:TAUI(CZ) — vafll

T+l
(for k=0, vg) = Avél));
10:  end for
11: end for
12: Set Ck  Cr/Nvec for all k = 0,1, ..., Mmax;
13: Evaluate <$Mi (t;) using (3.27) with {(x} and the stored {yi(t:)};
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Note that both the Delta-Chebyshev and the DGL methods compute quantities
such as vl par,vo at sampled point ¢; within the spectrum of A. This would be an
unacceptably expensive procedure were it not for the fact that the same vector se-
quences {T(A)vo} and {Li(A)ve} for k = 0,1, ... can be used for all points ¢; at the
same time. They only need to be generated once.

Although the Delta-Chebyshev method and the KPM are derived from somewhat
different principles, there is a close connection between the two which may not be
entirely obvious. The key to recognizing this connection is to notice that the average
value of vl ppr, (A)vy can be viewed as an approximation to Trace(pas, (A)), which can
be written as

E

Trace(pas, (A)) Lok, (ti) Z Tk, (Aj)

M;
2 —0k,0 Th,(ts)

1
M;
(3.28) = Z [mTrace(Tki (A))} T (ti)

Pl B V1—12

Note that the coefficients within the square bracket in (3.28) are exactly the same
coefficients as those in the KPM that appear in the expansion (3.6) of the function
qg(t) = V1 —1t2¢(t). Therefore, when M; = M for all i, the Delta-Chebyshev expan-
sion method is identical to the KPM. Hence, the cost of this approach is the same as
that of the KPM if polynomials of the same degree and the same number of sampling
vectors are used at each ¢;.

When M; is allowed to vary with respect to ¢, there is a slight advantage to us-
ing the Delta-Chebyshev method in terms of flexibility. We can use polynomials of
different degrees in different parts of the spectrum to obtain a more accurate approx-
imation. Note that, in this situation, if My .y is the maximum degree employed for
all the points, the number of MATVECs employed remains the same and equal to
M ax, since we will need to compute, for each random vector vy, the vectors Ty (A)vg
for kK = 0,..., Myax, which are needed by the points requiring the highest degree.
However, some of the other calculations (inner products) required to obtain the spec-
tral density can be avoided, though in most cases applying T (A) to vy dominates the
computational cost in the DOS calculation. The computational cost of DGL is similar
to that of the Delta-Chebyshev method. Similarly, one can also show that DGL is
closely related to KPML, i.e., it is an expansion of a regularized spectral density in
terms of Legendre polynomials. However, we will omit the alternative derivation here.

The close connection between the Delta-Chebyshev method and the KPM also
suggests that Gibbs oscillation can be observed in the approximate DOS produced by
Delta-Chebyshev and DGL, especially when o is small. There is no guarantee that
the nonnegativity of ¢(t) can be preserved by DGL.

Trace(Ty, (A4))

3.2. The Lanczos Algorithm. Because finding a highly accurate DOS essentially
amounts to computing all eigenvalues of A, any method that can provide approxima-
tions to the spectrum of A can be used to construct an approximate DOS as well.
Since the Lanczos algorithm yields good approximations to extreme eigenvalues, it
is a good candidate for computing localized spectral densities at least at both ends
of the spectrum. In this section, we show that it is also possible to combine the
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Lanczos algorithm with multiple randomly generated starting vectors to construct a
good approximation to the complete DOS.

It should be noted that the spectral density ¢ as a probability distribution is
nonnegative, i.e., (¢,g) > 0 if g > 0 everywhere. This is an important property,
but the KPM and its variants as introduced in previous sections do not preserve
the nonnegativity of the spectral density. In contrast, the methods introduced in
this section, including the Lanczos method and the Haydock method, preserve the
nonnegativity by construction. This will become a clear advantage for certain spectral
densities, as is illustrated in section 4 using numerical experiments.

3.2.1. Constructing Spectral Density Approximations from Ritz Values and
Gaussian Blurring. For a given starting vector vy, an M-step Lanczos procedure for
a real symmetric matrix A can be succinctly described by

(3.29) AV = VT + fM(i%;[, V]\EVM =1, VI\Z/;fjw =0.

Here, Ty is an M x M tridiagonal matrix, Vas is an n X M matrix, and I is an
M x M identity matrix. It is well known [15] that the kth column of Vj; can be
expressed as

Virer = pr_1(Avg, k=1,.... M,

where {px(t)}, £k =0,1,2,..., M — 1, is a set of polynomials orthogonal with respect
to the weighted spectral distribution ¢, (t) that takes the form

(3.30) oo (t) =Y _ BI5(t — N;),
j=1

where the 3;’s are the expansion coefficients obtained from expanding vy in the eigen-
vector basis of A as in (3.22).

It is also well known that these orthogonal polynomials can be generated by a
three-term recurrence whose coefficients are defined by the matrix elements of Thy [12].
If (Ok,yx), k =0,1,2,..., M, are eigenpairs of the tridiagonal matrix Ths, and 7 is
the first entry of y, then the distribution function defined by

M
(3.31) > 7ot — 0)
k=0

serves as an approximation to the weighted spectral density function ¢, (t), in the
sense that

n M
(3.32) Z 5]2-}7(10\]‘) = Z Tlqu (0r)
j=1 k=0

for all polynomials of degree 0 < ¢ < 2M + 1. The moment matching property
described by (3.32) is well known [14] and is related to the Gaussian quadrature rules
[13, 16, 15].

Since, in most cases, we are interested in the standard spectral density defined
by (1.1), we would like to choose a starting vector vy such that ,6’32 is uniform. However,
this is generally not possible without knowing the eigenvectors {u;} of A in advance.
To address this issue, we resort to the same stochastic approach we used in previous
sections.
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We repeat the Lanczos process with multiple randomly generated starting vectors

v(()l), 1=1,2,...,Nyec, that satisfy the conditions given by (3.2). It follows from (3.4)
that

(3.33) nln ; (vg>)T 5(tT — Al = % Zl (% ZZ (5§.l>)2> 5(t — X))
= Jj= =1

is a good approximation to the standard spectral density ¢(¢) in (1.1). Since each dis-
tribution (3.31) generated by the Lanczos procedure is a good approximation to (3.30),
the average of (3.31) over [, i.e.,

— LRSI N, o
(3.34) o) =—> nz(fk) st—o"y ],

n
vee =1 k=0

should yield a good approximation to the standard spectral density (1.1).
Since (3.34) has far fewer peaks than ¢(t) when M is small, a direct comparison
of (3.34) with ¢(t) is not very meaningful. However, when ¢(t) is regularized by

replacing 6(t — \;) with g, (t — A;), we can replace §(t — 9,(;)) in (3.34) with a Gaussian
centered at the 9,(;) to yield a regularized DOS approximation, i.e., we define the
approximate DOS as

7 IRSTERCVATIE 0
(3.35) Galt) = —> (=D () .t =) ).

n
vee =1 k=0

This regularization is well justified because in the limit of M = n, all Ritz values
are the eigenvalues and ¢, (t) is exactly the same as the regularized DOS ¢, (t) for
the same 0. We will refer to the method that constructs the DOS approximation
from Ritz values obtained from an M-step Lanczos iteration as the Lanczos method
in what follows.

Because g,(t) > 0, the approximate DOS produced by the Lanczos method is
nonnegative. This is a desirable property not shared by the KPM, DGL, or the
spectroscopic method.

An alternative way to refine the Lanczos-based DOS approximation from an M-
step Lanczos run is to first construct an approximate cumulative spectral density or
cumulative density of states (CDOS), which is a monotonically increasing function,
and then take the derivative of the CDOS through a finite difference procedure or
other means. This technique is discussed in Appendix C.

3.2.2. Haydock’s Method. As indicated earlier, the use of Gaussians is not the
only way to regularize the spectral density. Another possibility is to replace §(t — ;)
in (1.2) with a Lorentzian of the form (2.7) and centered at ;. The regularized DOS
can be written as

I & n
o) =— D —— s 3
K mrjz::l(t—/\j)Q—i—??Q
Consequently, an alternative approximation to the spectral density can be ob-
tained by simply replacing §(t — Gl(ck)) in (3.34) with a Lorentzian centered at 9,(€k),
ie.,

Bolt) = — nz ii(#”)z—”
T Nyee | nm i~ k (t— Hl(cl))Q + 2
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where 9,(;) and T]gl) are the same Ritz values and weighting factors that appear in (3.35)
and 7 is an appropriately chosen constant that corresponds to the resolution of the
spectral density to be approximated. This approximation was first suggested by Hay-
dock, Heine, and Kelly [17]. We will refer to this approach as Haydock’s method.

Haydock’s original method does not require computing Ritz values, even though
computing the eigenvalues of a small tridiagonal matrix is by no means costly nowa-
days. The method makes use of the fact that

n

1 1 1
t)=——TI —— =——Im T tI — A+inl)71].
)= ot S ey = i e A+

Hence, once again, the task of approximating ¢, (¢) reduces to that of approximating
the trace of (tI — A+ inl)~!, which can be obtained by

RSO =1, (1
(3.36) - E (v(() )) (tI — A+inl) 111(())
vec =1

for nyec randomly generated vectors v(()l) that satisfy the conditions (3.2).

Note that a direct calculation of (3.36) requires solving linear systems of the form
[A — (t +in)I]z = vo repeatedly for any point ¢ at which the spectral density is to
be evaluated. This approach can be prohibitively expensive. Haydock’s approach
approximates vl (tI — A + inl)~ vy for multiple ¢’s at the cost of performing a sin-
gle Lanczos factorization and some additional calculations that are much lower in
complexity.

If vy is used as the starting vector of the Lanczos procedure, then it follows from
the shift-invariant property of the Lanczos algorithm that

(3.37) [A— (t+i)I)Var = V[T — (E+in)I] + felriqs

where Vi, and T are the same orthonormal and tridiagonal matrices, respectively,
that appear in (3.29). After multiplying (3.37) from the left by [A — (¢ + in)I]~!,
from the right by [T — (¢t +in)I]~!, and rearranging terms, we obtain

[A—(t+in) 1|~ Var = Var[Tar — (t+in) 1) " = [A—(t+in) )7 fehy [T — (E+in) 1)
It follows that

vg [A—(t+ in)I])*lvo = elTVJa[A —(t+ iﬂ)I]71VM€1
=ei [Tar = (t+ i) er + ¢,

where § = — (v [A = (t+in)I] 7 f) (ehr1[Tar — (t+in)I]ter). If € is sufficiently
small, computing vl (tI — A + inI)~tvg reduces to computing the (1,1)-th entry of
the inverse of T — (t +in)I. It is not difficult to show that this entry is exactly the
same as the expression given in (3.36) up to a constant scaling factor.

Because T}y is tridiagonal with aq, as, ..., aps on the diagonal and (5o, 83, ..., Bur
on the subdiagonals and superdiagonals, el (21 — Tys)"'e; can be computed in a
recursive fashion using the continued fraction formula

1

(3.38) el (2 —Tyr) ey = 5
2

Z—Qt--

z—ao1+
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This formula can be verified from the identity following Cramer’s rule

T 1 det(zl —Tw)
ey (zI—Ty) " e1 = det (eI —Top)’
where Ty is the trailing submatrix starting from the (2,2) entry of Th; (3.38) and
assuming the tridiagonal structure of both T3, and TM matrices. It is also related to
the generation of Sturm sequences used in bisection methods for computing eigen-
values of tridiagonal matrices [31]. Although this is an elegant way to compute
el (Tay — zI)"Ley, its cost is not much lower than that of solving the linear sys-
tem (Th — zI)w = e and taking its first entry. For most problems, the cost for this
procedure is small compared to that required to perform the Lanczos procedure to
obtain Tyy.

We should point out that the nonnegativity of ¢(t) is preserved by the Haydock
method. However, the Lorentzian function defined by (2.7) decreases to 0 at a much
slower rate than a Gaussian as ¢t moves away from \. Hence, when a high-resolution
approximation is required, we may need to choose a very small 1 in order to produce
an accurate approximation.

4. Numerical Results. In this section, we compare all methods discussed above
for approximating the spectral density of A through numerical examples. For a given
test problem, we first define the target resolution of the DOS to be approximated
by setting the parameter ¢ in either (2.2) or (2.4) or the parameter n in (2.7). We
use the metric defined in (2.4) to measure the approximation errors associated with
the KPM and its variants, with the exception of DGL. For DGL and the Lanczos
and Haydock methods, we simply use the error metric (2.2) with p = co. Since the
spectroscopic method is equivalent to the KPM, we do not show any numerical results
for the spectroscopic method.

4.1. Modified Laplacian Matrix. The first example is a modified two-dimensional
Laplacian operator with zero Dirichlet boundary condition defined on the domain
[0,30] x [0,30]. The operator is discretized using a five-point finite difference stencil
with Ah = 1. The modification involves adding a diagonal matrix, which can be
regarded as a discretized potential function. The diagonal matrix is generated by
adding two Gaussians, one centered at the point (4,5) of the domain and the other at
the point (25,15). The dimension of the matrix is 750, which is relatively small. We
set the parameters o and 7 to 0.35. For all calculations shown in this section, we use
Nyec = 100 random vectors whenever stochastic averaging is needed. Each calculation
is repeated 10 times. Each plotted value is the mean value of the computed quantities
produced from the 10 runs, with the error bar indicating the standard deviation of
the 10 runs.

In Figure 4.1, we compare all methods presented in the previous section. We
observe that the Lanczos method seems to outperform all other methods, especially
when M is relatively small. The use of Jackson damping in the KPM does not
appear to improve the accuracy of the approximation. To some extent, this is not
surprising because the true DOS has many sharp peaks (see Figure 4.2), even after
it is regularized. Hence, Jackson damping, which tends to overregularize the KPM
approximation, may not be able to capture these sharp peaks. The DGL method, the
KPM, and KPML behave similarly, as is expected.

In Figure 4.2, we compare ¢, (t) and ¢(t) directly for the Lanczos and Haydock
methods and the KPM with and without Jackson damping. To see the accuracy of
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Fig. 4.1 A comparison of approximation errors of all methods applied to the modified Laplacian
matriz for different M values.

the different methods more clearly, we choose a higher resolution by setting o and 7 to
0.05. We note that the meaning of ¢(¢) is different for different methods. For Lanczos,
5(75) is the approximate DOS obtained using Gaussian blurring. For Haydock, ¢(t)
is the approximate DOS obtained using Lorentzian Gaussian blurring. For the KPM
(with and without Jackson damping), we first evaluate ¢(t) as in section 3.1 and then
plot instead the quantity @(), Jgo (- — t)). In this sense, the exact and approximate
DOS are regularized on the same footing. The same procedure is adopted for other
numerical examples in this section as well.

We use M = 100, nyee = 100 for all methods. In this case, a visual inspection of
the approximate DOS plots in Figure 4.2 yields the same conclusion that we reached
earlier based on the measured errors shown in Figure 4.1. Lanczos appears to be the
most accurate among all the methods. The DOS curves generated from both the Lanc-
zos and the Haydock methods are above zero. The peaks in the DOS curve produced
by the Haydock method are not as sharp as those produced by the Lanczos method,
because Haydock uses a Lorentzian to regularize the Dirac J-function, whereas the
Lanczos method uses a Gaussian function to blur the Dirac §-function centered at Ritz
values. The KPM method without Jackson damping does not preserve the nonnega-
tivity of the approximate DOS, and Gibbs oscillation is clearly observed in Figure 4.2
(d). Finally, the KPM with Jackson damping preserves the nonnegativity of the ap-
proximate DOS. However, the use of Jackson damping leads to missing several peaks
in the DOS, as is illustrated in Figure 4.1. The behaviors of DGL and KPML are
similar to that of the KPM without Jackson damping.

4.2. Other Test Matrices. In this section, we compare different DOS approxi-
mation methods for two other matrices taken from the University of Florida Sparse
Matrix collection [8]. The pe3k matrix originates from the vibrational mode calcula-
tion of a polyethylene molecule with 3,000 atoms [45]. The shwater matrix originates
from a computational fluid dynamics simulation. The size of the pe3k matrix is 9,000,
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Fig. 4.2 Comparing the regularized DOS (with o = 0.05) with the approzimate DOS produced by
(a) the Lanczos method, (b) the Haydock method, (c) the KPM with Jackson damping, and
(d) the KPM without Jackson damping for M = 100.

and the size of the shwater matrix is 81,920. These two test matrices have quite dif-
ferent characteristics in their DOS. The spectrum of the pe3k matrix contains a large
gap as well as many peaks. The DOS of the shwater matrix is relatively smooth, as
we will see in what follows.

We set o to 0.3 in tests presented in this section. We observe that the KPM with
Jackson damping only becomes accurate when the degree of the expanding polynomi-
als (M) is high enough, and the convergence with respect to M is rather slow. The
DGL method, the KPM without Jackson damping, and KPML behave similarly.

For the shwater matrix, which has a relatively smooth spectral density, the Lanc-
zos method is still the most accurate, as we can see from Figure 4.3. It only takes
M = 50 Lanczos steps to reach 102 accuracy. The KPM (without Jackson damping)
and KPML, as well as the DGL method, all require M > 110 terms to reach the same
level of accuracy.

Figure 4.4 shows that when we set M = 100, nye. = 100, the KPM without
Jackson damping yields an accurate approximation to the DOS, whereas Jackson
damping introduces slightly larger errors near the locations of the peaks and valleys
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Fig. 4.3 A comparison of approximation errors of all DOS approximation methods applied to the
shwater matriz for different M wvalues. The regularization parameter o is set to 0.3.

of the DOS curve. This error is due to the use of extra smoothing. The DOS generated
by the Haydock method also has larger errors near the peaks and valleys of the DOS
curves, due to the use of Lorentzian regularization.

In Figure 4.5, we zoom into the tail of the DOS curves produced by the Lanczos
method and the KPM. It can be seen that Lanczos preserves the nonnegativity of
the DOS, whereas the KPM does not. However, since the DOS is smooth, the Gibbs
oscillation is very small and can only be seen clearly at the tail of the DOS curve.

For the pe3k matrix, Figure 4.6 shows that Lanczos method is significantly more
accurate than other methods, followed by the Haydock method. This difference in
accuracy can be further observed in Figure 4.7, which compares the regularized DOS
with the approximate DOS for the Lanczos method, the Haydock method, and the
KPM with and without Jackson damping. We use M = 100 and nye. = 100. The pe3k
matrix has a large gap between the low and high ends of the spectrum. Without the
use of Jackson damping, the KPM produces large oscillations over the entire spectrum.
We observed similar behavior for DGL and KPML. Adding Jackson damping reduces
oscillations in the approximate DOS. However, it leads to an overregularized DOS
approximation and is not accurate.

4.3. Application: Heat Capacity Calculation. At the end of section 2.1 we
described how there are different ways to regularize the DOS depending on the appli-
cations. Here we give an example of a heat capacity calculation for a molecule. The
heat capacity is a thermodynamic property and is defined as [29, 44]

00 (hwc/k,BT)Qefhwc/kBT
(4.1) Cy = A kB (1 _ e—hwc/k’sT)Q Pw)dw,

where kg is the Boltzmann constant, ¢ is the speed of light, /i is Planck’s constant, T’
is the temperature, and w = v/\ is the vibration frequency.
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Fig. 4.4 Comparing the regularized DOS (with o = 0.3) with the approzimate DOS produced by (a)
the Lanczos method, (b) the Haydock method, (c) the KPM with Jackson damping, and
(d) the KPM without Jackson damping for the shwater matriz.

Here, if we define

(hwc/kBT)Qefhwc/kBT
(4.2) g(w) =kg (1 = e hwe/kaT)2

and define the DOS ¢(w) using the square root of the eigenvalues of the Hessian
associated with a molecular potential function with respect to atomic coordinates of
the molecule, we have

Cy = (9, 9)

Therefore, the error can be measured directly using (2.5).

In what follows, we take the Hessian to be the modified Laplacian matrix and
the pe3k matrix and compute the corresponding heat capacity C,(T') for different
temperature values 7. We note that here the computed values of C,(T') do not
carry any physical meaning, but merely serve as a proof of principle for assessing the
accuracy of the estimated DOS. We compare the KPM and the Lanczos method. All
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Fig. 4.5 A comparison of approzimation errors of the Lanczos method (left) with that of the KPM
without Jackson damping (right) at the higher end of the spectrum of the shwater matriz.
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Fig. 4.6 A comparison of approximation errors of all DOS approximation methods applied to the
pe3k matrixz for different M wvalues. The regularization parameter o is set to 0.3.

computations use M = 40 MATVECs. Each computed C, is an averaged value over
100 runs. To facilitate the comparison, we normalize C), so that its maximum value
is 1. The Lanczos method is also fully flexible when the error metric is changed. To
this end, we regularize the distribution obtained from Ritz values not by Gaussians,
but by the function ¢ in this application. In other words, in (3.35) we replace g, by
the function ¢ in (4.2).

Figure 4.8 shows that both the KPM and the Lanczos method correctly reproduce
the normalized C,(T) for the modified Laplacian matrix. We also plot the error
generated in both the KPM and the Lanczos method. We observe that the error
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Fig. 4.7 Comparing the regularized DOS (with o = 0.3) with the approzimate DOS produced by (a)
the Lanczos method, (b) the Haydock method, (c) the KPM with Jackson damping, and
(d) the KPM without Jackson damping for the pe3k matriz.

associated with the Lanczos method is slightly smaller. This observation agrees with
previous results that demonstrate the effectiveness and accuracy of both the KPM
and the Lanczos method for computing a relatively smooth DOS.

Figure 4.9 shows that, for the pe3k matrix, the KPM approximation of C,(T)
exhibits much larger error than that produced by the Lanczos method. This obser-
vation agrees with the results shown in Figure 4.7, which suggests that the Lanczos
method yields a much more accurate DOS estimate, especially when M is relatively
small.

5. Conclusion. We have surveyed numerical algorithms for estimating the spec-
tral density of a real symmetric matrix A from a numerical linear algebra perspective.
The algorithms can be categorized into two classes. The first class contains the KPM
method and its variants. The KPM is based on constructing polynomial approxima-
tions to Dirac §- “functions” or regularized - “functions.” We showed that the Lanczos
spectroscopic method is equivalent to the KPM even though it is derived from a dif-
ferent viewpoint. The DGL method is slightly different, but can be viewed as a
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Fig. 4.8 A comparison of the approximate heat capacity produced by the Lanczos method and the
KPM with the “exact” heat capacity at different temperatures (left), and the approzimation
errors produced by these methods at different temperature values (right), for the modified
Laplacian.
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Fig. 4.9 A comparison of the approximate heat capacity produced by the Lanczos method and the
KPM with the “exact” heat capacity at different temperatures (left), and the approzima-
tion errors produced by these methods at different temperature values (right), for the pe3k
matrizc.

polynomial expansion of a regularized spectral density. It is more flexible because it
allows polynomials of different degrees to be used at different spectral locations.
The second class of methods is based on the classical Lanczos procedure for par-
tially tridiagonalizing A. Both the Lanczos and the Haydock methods make use of
eigenvalues and eigenvectors of the tridiagonal matrix to construct approximations to
the DOS. They differ only in the type of regularization they use to interpolate spec-
tral density from Ritz values to other locations in the spectrum. The Lanczos method
uses a Gaussian blurring function, whereas the Haydock method uses a Lorentzian.
Because a Lorentzian decreases to zero at a much slower rate than a Gaussian away
from its peak, it can be less effective when a high-resolution spectral density is needed.
Regularization through the use of Gaussian blurring of §-“functions” not only
allows us to specify the desired resolution of the approximation, but also allows us to
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properly define an error metric for measuring the accuracy of the approximation in a
rigorous and quantitative manner.

The KPM and its variants require estimating the trace of A or p(A), where p(t) is
a polynomial. An important technique for obtaining such an estimate is the stochas-
tic sampling and averaging of the Rayleigh quotient vl p(A)vy/vd vo. Averaging the
tridiagonal matrices produced by the Lanczos procedure started from randomly gen-
erated starting vectors ensures that the approximation contains equal contributions
from all spectral components of A. This is an important requirement of the Lanczos
and Haydock algorithms.

Our numerical tests show that the Lanczos method consistently outperforms the
other methods in terms of the accuracy of the approximation, especially when a
few MATVECs are used in the computation. Furthermore, both the Lanczos and
Haydock algorithms guarantee that the approximate DOS is nonnegative. This is a
desirable feature of any DOS approximation. Another nice property of the Lanczos
and Haydock algorithms is that in the limit of M = n, they fully recover a regularized
DOS.

The KPM and its variants appear to work well when the DOS to be approximated
is relatively smooth. They are less effective when the DOS contains many peaks or
when the spectrum of A contains large gaps. We found the use of Jackson damping
can remove the Gibbs oscillation of the KPM. However, it tends to overregularize the
approximate DOS and misses important features (peaks) of the DOS.

Appendix A. Further Discussion on the KPM. For the KPM, a common ap-
proach used to damp the Gibbs oscillations is to use the Chebyshev—Jackson approx-
imation [19, 33, 20], which modulates the coefficients u; with a damping factor g,]c”
defined by

A1) v (1 - ML-i-Q) sin(apy) cos(kans) + ﬁ cos(any) sin(kany)
' Ik = sin(ay) ’
where ap = #JFQ Consequently, the damped Chebyshev expansion has the form

M
oar(t) =Y g Th().

k=0

The approximation of Jackson damping is demonstrated in Figure 3.1.

Another variant can be derived assuming that Chebyshev polynomials are not
the only type of orthogonal polynomials that can be used in the expansion. The
only practical requirement for an orthogonal polynomial is that we explicitly know
its three-term recurrence. For example, we can use the Legendre polynomials Ly(t),
which obey the three-term recursion

Lo(t) =1, Li(t)=t, (k+1)Lx1(t) = (2k + 1)tLk(t) — kLy_1(t).

See, for example, [7], for three-term recurrences for a wide class of such polynomials,
e.g., all those belonging to the Jacobi class, which include Legendre and Chebyshev
polynomials as particular cases.

From a computational point of view, some savings in time can be achieved if we
are willing to store more vectors. This is due to the formula

Tp(t)Tq(t) = % [Tp-qu(t) - Tlpfql(t)] )
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from which we obtain

Tp+q(t) =2 Tp(t)Tq(t) + T|p,q|(t).

For a given k we can use the above formula with p = [k/2] and ¢ = k — p. This
requires that we compute and store v, = T,.(A)vy for » < p. Then, the moments
v T-(A)vg for r < p can be computed in the usual way, and for » = p+ ¢ > p we can
use the formula

T _o,T T
Vg Tptq(A)vo = 2 v, vg + Vg Vjp—g|-

This saves half of the matrix-vector products at the expense of storing all the previous
{v,}, and therefore it is not practical for high degree polynomials.

Appendix B. Details on the Derivation of the DGL Method. We now calculate
the ~4’s starting with 4o. Since Lo(A\) = 1, a change of variable t « (s — t)/v/202
yields
(B.1)

o3 C) ()] ) ()]

where we have used the standard error function

erf(x / .
\/_

Now consider a general coefficient 7,41 with & > 0. There does not seem to
exist a closed form formula for 4 for a general k. However, these coefficients can be
obtained by a recurrence relation. To this end, we need to determine concurrently
the sequence

1 -
(B.2) wk:/ L (s)e~2((s=0)/) gg.
—1

From the three-term recurrence of the Legendre polynomials,
(B.3) (k+1)Lpt1(A) = (2k + D)ALR(A) — kLie—1(N),

we find by integration that
1 1 2
(B.4) (b Vs = @2k +1) [ sLu(s)e HOT/ ds —hy
-1

A useful observation is that the above formula is valid for & = 0 if we set v_1 = 0.
This comes from (B.3), which is valid for & = 0 on setting L_;(A\) = 0. Next we
expand the integral term in the above equality,

1 1
1 - t 1
(B.5) / 86_5((S_t)/")2Lk(s)ds =02 / 5—26_5((5_t)/")2Lk(s)d5 + 1y
-1 -1 O

1
d
(B.6) =2 / E[—e_%((s_t)/")Q]Lk(s)ds—l—t’yk.
-1
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The next step is to proceed with integration by parts for the integral in the above
expression:

1
d ; 21
/ e 3 O L (s)ds = —Li(s)e 270/
—1

—1
(B.7) 4 /1 e*%((ﬁ*t)/a)ZL;(s)ds.

—1
Noting that Ly(1) = 1 and Lj(—1) = (=1)* for all k, we find
(B.8) /jl%[_e—%((s_t)/aﬂ],:k(s)ds:_e—%((l_t)/aﬂ+(_1)k6_%((1+t)/,,)2+wk
(B.9) = e [et/ﬂ - (*l)keft/‘#] + ¥

(B.10) = Yk — Ck,

where we have defined

1
(B.11) Ve /1 e 20/ L (s)ds,

Ce = e~ 3((1=1)/0)? _ (_1)166*%((1“)/0)2.

We note in passing that according to (B.9), () can be written as

‘o 2¢=2(1H)/*sh(t/52)  for k even,
F e 2/ ch(t/o2)  for k odd.

Substituting (B.8) into (B.6) and the result into (B.4) yields
(B.12) (k+ Dypyr = 2k +1) [0’2(¢k — (i) + t’yk,} — kyg—1-

The only thing left to do is to find a recurrence for the ¢’s. Here we use the
elegant formula found in, e.g., [26, p. 47],

(B.13) Ly (N) = 2k + 1) Li(X) + Lj_1 (N).
Integrating over [—1, 1] yields the relation

(B.14) Vrr = (2k + 1)y + Yr-1-

Note that the initial values of v are g = 0, ¥ = ~y. Ultimately, we obtain the
following recurrence relations:

(B.15) { Yirr = 25 [0 (r — ) + tne] — T k-1,
VY1 = (26 + D)y + p-1.

It can be noted that the above formulas work for k& = 0 by setting y_1 = ¢_; = 0.
The recurrence starts with k£ = 0, using the initial values ~ given by (B.1), ¥ = 7o,
and g = 0.

An important remark here is that one has to be careful about the application of
the recurrence (B.15). A perceptive reader may notice that such a recurrence runs
the risk of being unstable. In fact, we observe the following behavior. For large values

Copyright © by STAM. Unauthorized reproduction of this article is prohibited.



Downloaded 04/08/16 to 169.229.58.198. Redistribution subject to SIAM license or copyright; see http://www.siam.org/journals/ojsa.php

APPROXIMATING SPECTRAL DENSITIES OF LARGE MATRICES 63

of o the Gaussian function can be very smooth and as a result a very small degree of
polynomials may be needed, i.e., the value of 74 drops to small values quite rapidly
as k increases. If we ask for a high degree polynomial and continue the recurrence
(B.15) beyond the point where the expansion has converged (indicated by small values
of v) we will essentially iterate with noise. As it turns out, this noise is amplified
by the recurrence. This is because the coefficient 1, — (x becomes just noise, which
causes the recurrence to diverge. An easy remedy is to just stop iterating (B.15) as
soon as two consecutive «y’s are small. This takes care of two issues at the same
time. First, it determines a sort of optimal degree to be used. Second, it avoids the
unstable behavior observed by continuing the recurrence. Specifically, a test such as
the following is performed:

(B.16) V1| + || < k- tol,

where tol is a small tolerance which can be set to 1075, for example.
With this we can now easily develop the DGL expansion algorithm, in which we
will refer to formula (3.24). However, now pys is the M-degree polynomial

M

(B.17) pu(t) = m > (k + %) Vi L (t)
k

=0
obtained by truncating the sum (3.25) to M + 1 terms.

Appendix C. Cumulative Density of States from the Lanczos Method. An al-
ternative way to refine the Lanczos-based DOS approximation from an M-step Lanc-

z0s run is to first construct an approximate cumulative spectral density or cumulative
density of states (CDOS), defined as

vy = [ ; o(s)ds.

Without applying regularization, the approximate CDOS can be computed from the
Lanczos procedure as

M
(C.1) Y(t) = nii(t— o),
k=0

where 7?7 = Zle 72 and 6} and 74 are eigenvalues and the first components of the
eigenvectors of the tridiagonal matrix Ths defined in (3.34). This approximation
is plotted as a staircase function in Figure C.1 for the modified two-dimensional
Laplacian. Note that both t¢(t) and t(¢) are monotonically nondecreasing functions.
Furthermore, it can been shown [23, 11] that ¥(¢t) — 1;(15) has precisely 2M — 1 sign
changes within the spectrum of A. A sign change occurs when (t) crosses either
a vertical or a horizontal step of 1;(15) These properties allow us to construct an

“interpolated” CDOS that matches 1 (¢t) and «(t) at the points where 1 (t) crosses
P(t).
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The approzimate cumulative spectral density associated with the modified two-dimensional
Laplacian constructed directly from a 20-step Lanczos run (left) and its spline-interpolated
and smooth version (right).
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