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ABSTRACT: Optimization algorithms play a central role in chemistry since
optimization is the computational keystone of most molecular and electronic
structure calculations. Herein, we introduce the iterative power algorithm (IPA)
for global optimization and a formal proof of convergence for both discrete and
continuous global search problems, which is essential for applications in
chemistry such as molecular geometry optimization. IPA implements the power
iteration method in quantics tensor train (QTT) representations. Analogous to
the imaginary time propagation method with infinite mass, IPA starts with an
initial probability distribution p,(x) and iteratively applies the recurrence
relation py,,(x) = U(x) pu(x)/||Upll., where U(x) = e”"™ is defined in terms
of the potential energy surface (PES) V(x) with global minimum at x = x*. Upon
convergence, the probability distribution becomes a delta function §(x — x*), so
the global minimum can be obtained as the position expectation value x* = Tr[x
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5(x — x*)]. QTT representations of V(x) and p(x) are generated by fast adaptive interpolation of multidimensional arrays to bypass
the curse of dimensionality and the need to evaluate V(x) for all possible values of x. We illustrate the capabilities of IPA for global
search optimization of two multidimensional PESs, including a differentiable model PES of a DNA chain with D = 50 adenine—
thymine base pairs, and a discrete non-differentiable potential energy surface, V(p) = mod(N,p), that resolves the prime factors of an
integer N, with p in the space of prime numbers {2, 3,..., pp..) folded as a d-dimensional 2; X 2, X -+ X 2, tensor. We find that IPA
resolves multiple degenerate global minima even when separated by large energy barriers in the highly rugged landscape of the
potentials. Therefore, IPA should be of great interest for a wide range of other optimization problems ubiquitous in molecular and

electronic structure calculations.

1. INTRODUCTION

The development of efficient optimization algorithms remains a
subject of great research interest in chemistry and beyond since
optimization is essential for most molecular and electronic
structure calculations. In control of chemical processes, for
example, global optimization algorithms are essential to
determine the drives that steer a system into a desired final
state.' "> Another prototypical example is the problem of
finding the minimum energy structure of a complex molecule,
usually the first step in studies of molecular properties, molecular
reactivity, and drug design."*~'® The simplest approach for
finding the global optima in a discrete set is to sift through all
possibilities. However, that approach becomes intractable for
high-dimensional systems since the number of possible states
typically scales exponentially with the number of degrees of
freedom—i.e., the so-called “curse of dimensionality” problem.’
Analogously, simple approaches for continuous optimization
involve sampling stochastically'’™*” or deterministi-
cally.'”"***~* Yet, these procedures typically lead to “trapping”
in local minima. Therefore, the development of efficient global
search algorithms remains an open problem of great interest.
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In this paper, we build upon the strategy of the diffeomorphic
modulation under observable-response-preserving homotopy
(DMORPH) method,"” and we introduce the iterative power
algorithm (IPA) for global optimization. DMORPH evolves a
distribution function p(x) in the search space of configurations,
so that the distribution becomes localized at the global optima
and the global minimum position can be revealed by computing
the position expectation value.'> Analogously, IPA implements
the same strategy of evolving a probability distribution function
although with a very different approach. Instead of implement-
ing the DMORPH approach of iteratively optimizing control
parameters of an externally applied field that localizes p(x) at the
global optima, IPA applies a simple amplitude amplification
scheme based on the power method known from numerical
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#9753 The resulting algorithm is essentially an

linear algebra.

imaginary time propagation®*~>* although with infinite mass.
The relation between the power method"”~>* and the imaginary
time propagation method®*™>® has been previously dis-
cussed,””~** although it remains to be formally analyzed.

The power method is based on the recurrence relation py,(x)
= U(x) pu(x)/||Up¢ll.- In the IPA implementation, U(x) =
¢™"®™ is defined by the scaled potential energy surface (PES)
V(x), and pi(x) is the density distribution after the kth
optimization step. Such an iterative procedure transforms any
initial distribution with nonzero amplitude at the global
minimum into a delta function p(x) = §(x — x*) (i.e, the
eigenvector of U(x) with maximum eigenvalue in the basis of
Dirac delta functions). The global minimum can then be
revealed, as in the DMORPH method, by computing the
position expectation value x* = Tr[x §(x — x*)].

IPA can efficiently find the global minimum of low-rank high-
dimensional potential energy surfaces with possible position
states x by approximating p(x) and V(x) in D>1 physical
dimensions in the form of guantics tensor trains (QT'Ts) in n>1
reshaped dimensions.®*™*® QTTs are a specific form of tensor
trains (TTs),*”®® which are of great interest and themselves a
specific form of matrix product states (MPS).® For the QTT
format, 2%-element arrays, each representing a length 27 grid in a
single physical dimension, are reshaped into 2; X 2, X --X 2,
tensors Q(iy, .., iy), where quantics refers to g-adic folding in
which each folding dimension of the reshaped tensor is
represented by q = 2 elements.”* Since they depend on d > 1
folding variables i, each of them with two possible values, they
are decomposed into the outer product of tensor cores in the
form of a matrix product state/tensor train 256768

Qi) iy) = Zl Zz

a=1 a,=1

w Aglay_y, igy 1)

Tg-1

Z AL iy, a)Ay (e, iy, y)

a;_ =1
(1)

where i,...,i; €{1,2} and A; are individual order-three, rank r;
tensor cores contracted over the auxiliary indices a; for j = 1,...,d.
Results for each of the physical dimensions D are incorporated
via outer products to form a quantics tensor train with a total of n
= d X D dimensions. The QTT format, introduced by eq 1,
reduces the cost of evaluating Q over the search space of 2
possibilities to not more than 2dr* evaluations for the maximal
rank r = max(ry,...,ry_;).°" This scaling is advantageous in
chemistry, as many molecular processes can be modeled by low-
rank sums of double-well potentials, including hydrogen
bonding in DNA, protonation of water molecules, and
arrangement of Zundel ions. We demonstrate the capabilities
of IPA as applied to determination of the optimal configuration
of protons in a DNA chain of D = 50 adenine—thymine (A—T)
base pairs with 2 local minima corresponding to all possible
protonation states.

In addition, quantics tensor trains feature the same
exponential improvement in data sparsity given by quantum
computers,”’ which offers the possibility of developing methods
like IPA that can be thought of as classical computing analogues
of quantum computing algorithms.

Quantum search algorithms (e.g, the Grover’s search
method”") typically initialize a uniform superposition and
evolve it multiple times until a measurement of the resulting
state can identify one out of 2? possibilities with sufficiently high
probability. Analogously, we initialize po(x) as a uniform
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distribution in the QT'T format to enable sampling of the entire
search space simultaneously. Iterative application of the
recurrence relation amplifies the amplitude at the global minima,
which yields a final density pg,,(x) localized at the global
minima. We prove that the number of steps required by IPA to
amplify the amplitude in the presence of a single global
minimum to a probability higher than 50% scales logarithmically
with the size of the search space, which provides a valuable
global search methodoloigy alternative to well-established
optimization methods.””””

The paper is organized as follows. The IPA method is
introduced in Section 2, followed by the analysis of the
convergence rate in Section 3 and a discussion in the perspective
of existing approaches in Section 4. Computational results are
presented in Section 5 and conclusions in Section 6. Appendix A
presents a formal proof of IPA convergence. Appendix B
analyzes the convergence rate of the power method. Python
codes to reproduce the reported calculations are provided in
Appendices C, D, and E.

2. ITERATIVE POWER ALGORITHM METHOD

IPA solves the optimization problem of finding the global
minima of a given potential V: R" — R. For simplicity, in this
section, we discuss the one-dimensional case x € R. However,
we demonstrate the capabilities of IPA for global optimization of
model PESs with up to n = 400 dimensions.

To guarantee the existence of a global minimum,”* we assume
V() is continuous and coercive (i.e., V(x) = +00 as x| = +00).
Our goal is to compute the set of all minima locations of V(x)

arg min V(x) = {x* € RIV(x) > V(x*) forallx € R}
x€R
2)

Therefore, we employ a non-negative probability density
function p,: R — [0, 00) that is bounded and with unit norm

1= d =1
The initial density py(x) is supported (nonzero) around all
minima locations x* of the potential V(x), so for all r > 0, the
initial density satisfies the following condition

x*4r
/ dx p,(x) > 0

x*—r

(4)

In each IPA iteration, a transformation function U(x) is applied
from the left to py(x) to increase the density amplitude at the
global minimum positions relative to amplitudes at the
remainder of the search space (in discrete space, U(x) is
represented as a matrix, po(x) as a vector, and U(x) py(x) is a
matrix—vector product). The resulting product U(x) py(x) is
then normalized to obtain a new density p;(x), which is the
input for the next IPA iteration. Any U(x) can be used, provided
it satisfies the following two conditions: (i) U(x) must be a
continuous and strictly positive function that is maximized at the
global minima of V(x), i.c.,

arg max U(x) = arg min V(x)

x€R x€R

(8)
and (ii) U(x) must be integrable (we denote this by U € I'(R)

A simple example is U(x) = ¢ "™ for a fixed scaling
parameter f > 0. We note that eq 5 holds since the exponential is
a strictly increasing function. Furthermore, the coercivity

https://doi.org/10.1021/acs.jctc.1c00292
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condition of the potential implies that U(x) is integrable for a
sufficiently fast growing potential V(x) in the asymptotic region |
xl = +o0.

2.1. Evolution: Amplitude Amplification. IPA generates
a sequence of density distributions p;, p,, .., starting from a
uniform distribution py(x), as follows

for k = 1,2,..

n = Up_ Iy = /[R dv U(x)p,_,(x)
U@, U

/)k(x) = =

k
1T I

Although this expression could be implemented with a
polynomial expansion (for example, a Chebyshev or Fourier
series expansion), we only employ the tensor-train cross
approximation as described in Section 2.3. Since U(x) is
assumed to be continuous and integrable, we conclude it is

bounded and L'-normalizable (ie, U € L°(R) N L'(R)). In
particular, this guarantees the normalization factors #; > 0 are
well defined, since repeated applications of U(x) remain L'-

normalizable (i.e., Ut e L'(R) for all iterations k > 1).”

The Appendix proves that the sequence py, p,, ... of densities
produced by IPA converges to a kind of “Dirac comb”
distribution (i.e., a sum of Dirac delta functions), located at
the global minima positions & < x5 < ..< x¥¥ of the potential

ny

pﬁnal(x) = klin; pk(x) = Z 5(96 - x}*)

j=1

(6)

where s>1 is the number of minima positions. As mentioned in
the Appendix, the final density pg,.i() can be viewed as the limit
of so-called Dirac sequences.

2.2. Resolution of Global Minima: Measurement. The
global minima are obtained after obtaining pg,,(x) as follows:

(i) When V() has a single global minimum at x = x*, the
minimum is obtained by computing the position
expectation value with the final density pg,.(x)

x* = <x>pﬂnal = /[R dx xpﬁnal(x) )

(i) When V(«) has only two degenerate global minima (e.g.,
as for the factorization of biprimes discussed below), we
first compute the position expectation value of pg, (%) to
obtain the average position ¥ of the two global minima.
Then, we multiply the final density by a shifted Heaviside
step function

0,
L,

ifx <x

@(x—i):{ ifx>%x

(8)
to obtain the distributions pg,;(x) O(x — %) and pg,,(x)

(1 — ©(x — %)), which are single delta functions resolving
the two distinct minima.

(ili) When V() has an unknown number of global minima, we
first obtain pg,.(x) using IPA. Then, we reinitialize p,
Prnay Such that the initial density is a Dirac comb with
amplitude only at the global minima positions. The first
component of the Dirac comb is isolated with a second
use of IPA using a “ramp potential” rather than the
potential V(x) of the problem of interest. The ramp is
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usually a simple monotonically increasing function (e.g.,
ramp(x) = x) that breaks the degeneracy of the Dirac
comb py(x) by amplifying the amplitude of the minimum
of all minima (i.e., x§"). Since the amplitude of the density
Po(x) is only nonzero at global minima positions, only the
Dirac delta component localized at the global minimum
with the lowest position remains, and the expectation
value of the position then yields the location of the first
global minimum of the original potential energy surface
V(x). After computing xf, we multiply pg,a(x) by the
Heaviside function ®(x — x§*) introduced by eq 8 and we
repeat the IPA ramp process to identify the second
minima (i.e., x§). The scheme is then repeated until all
global minima are resolved.

2.3. QTT Representation. IPA is not limited to a specific
choice of basis set representation for p(x), V(x), and U(x).
However, we emg)loy the quantics tensor train (QTT)
representation,”*~*° generated by fast adaptive interpolation of
multidimensional arrays as implemented in Oseledets’ TT-
Toolbox.”® The search space of size 2% in each physical
dimension is reshaped into a d-dimensional 2; X 2, X X 2,
tensor in a row-major order prior to tensor-train decomposition.
In D > 1 physical dimensions, the full d X D-dimensional search
space is represented as a list of D tensors, each of which is a
Kronecker product of the aforementioned search space tensor
with D-1 one tensors of the same shape. IPA is implemented
here to optimize potential energy surfaces inup ton =d XD =
400 dimensions, as optimization is performed for a quantics
tensor train with d>1 folding dimensions of the original search
space grid and D physical dimensions. Operations of functions
on the resulting QT T's are then calculated according to the cross
approximation,”’ which determines a low-rank representation of
the tensor through evaluation of a limited number of tensor
entries. Functions of QT'Ts such as the exponential U(x) = e VW
are thereby determined without resorting to additional
approximations such as Taylor series expansions or Pade
approximants. We represent both operators and densities as
tensor trains such that quantities need never be evaluated
everywhere on the search space. For example, the Heaviside
function ®(x — %) (eq 8) is represented as a 2; X 2, X - X 2,
tensor that acts directly on an analogous tensor for the density
Pina(X)- This reproduces the action of the Heaviside operator on
the density without determination of the result at all 2¢ points,
which reduces computational expense. Integrals over position
space are also performed without leaving the tensor train
representation. For example, the expectation value that gives the
position of the global minimum is calculated as the inner
product of the tensor trains for the position and the final density.
The resulting implementation bypasses the curse of dimension-
ality and allows for applications to high-dimensional potentials
(Python scripts provided in Appendices C, D, and E).

3. CONVERGENCE RATE ANALYSIS

The Appendix provides a formal proof of convergence for IPA
continuous global optimization. Here, we focus on discrete
optimization for a problem with a single global minimum. We
show that the number of IPA steps necessary to amplify the
amplitude of the global minimum to a value higher than 1/2 =
50% scales logarithmically with the number n > 1 of possible
states. The analysis is analogous to the estimation of the number
of queries required for amplitude amplification by Grover’s
algorithm.71 First, we show that IPA converges to the global

https://doi.org/10.1021/acs.jctc.1c00292
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minimum for the specific case where Uis identified withann X n
diagonal matrix U with n positive entries /1 >0, j = l.n
(eigenvalues) with a unique maximum ;. For 51mphc1ty, we take
all other eigenvalues to be 4,, with

Ay < A4 )
Hence, the “oracle” U can be expressed as follows
U = diag(dy, ) 4y, Ay gy oy 4,) € R (10)

where the maximum 4, is the kth diagonal entry for some 1 <k <
n. An illustration is given in Figure 1.

i Value of Oracle U
A,

Eigenvalue

Position in Search Space

Figure 1. Illustration of the oracles’ diagonal entries, assumed to have
the unique maximum A; > 0 and all other eigenvalues of equal
amplitude.

We consider a uniform initial density represented by the
vector

1
=—(1..,1 R"
The kth IPA iteration updates the density distribution as follows
Up, _ k U
p = Dkl (12) =% (13
[T polll Il e lly
where repeated application of the matrix U yields
W= (A, ey Ay A5 Ay e Ay) (14)
with 1-norm (i.e, the sum of the absolute values)
laglly = 30 Wl = A+ (n = 1)2;
j=1 (15)

We note that A% > 15 since A, > 1,, so the vector p; produced after
k iterations has only positive entries, a unique maximum

Af
Pema = Max (p), = ——
B e S el (16)
and all other entries with value
/1 k
Promin = (p) =
b ST (17)
Therefore, the minimum to maximum amplitude ratio is
k
/)k,min _ (ﬂz)
pk,max Al (18)

Each IPA iteration decreases the ratio by a factor of 1,/1; < 1
while the norm is conserved. Therefore, only the maximum
entry of the state vector p; survives in the limit of an infinite
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number of iterations k — +co. Using the normalization
condition,

1= ”pklll = + (1’1 - 1)pk,min (19)

and inserting the ratio given by eq 18 into the normalization
condition introduced by eq 19, we can solve for the maximum
amplitude py, ., as follows

1
1+ (” - 1) X (Az//ll)k

pk,max

pk,max -

(20)

which converges to 1 in the limit k — 0.
The number of iterations required to amplify the amplitude of
the global minimum to a value higher than or equal to 1/2 is

1 1
> —
1+ (n—1) x (4,/4)

(21)

Solving this inequality gives the minimum number of required
IPA iterations

S log(n — 1)
log(4,/4,)
which scales logarithmically with the size of the search space

n>2 and inverse logarithmically with the ratio of eigenvalues 4,/

A

(22)

4. COMPARISON TO OTHER METHODS

IPA can be compared to the power method* ™" and imaginary

time propagation.”> >® The connection between the power
method and imaginary time propagation has been dis-
cussed,””~ % although the relationship between the two methods
has yet to be formally analyzed.

We begin with the recurrence relation of the power method.
For a matrix U € C"™" with eigenvalues 4,,.,4, € C, the
subscripts denote the order I4,1 > 14,1 > ... > I4,|. Given a starting
vector p, € C" that has a nonzero amplitude along the direction
of the eigenvector with the largest eigenvalue A,, the power
method produces the following sequence of vectors p, € C"

k
U'p,
U, I

a sequence that converges to an eigenvector associated with the
largest eigenvalue A, independently of the norm ||-||. The
resulting convergence is geometric in the ratio”

= Up_,
o op

(23)

<1

22
A (24)
We note that according to the recurrence relation, introduced by
eq 23, imaginary time propagation is essentially the power
method where p, represents a trial initial wavefunction in a given
basis set and U is the matrix representation of the Boltzmann

operator e ”, where the Hamiltonian H is typically H= P/
(2m) + V with m the mass and p = —iiV the momentum
operator.

In IPA, however, po(x) is a probability density and U(x) can
be any integrable, continuous, and strictly positive function of
x € R" that is maximal at the global minima locations of V(x).
As a result, IPA finds the global minima of V(x), while the
imaginary time propagation method finds the eigenstate of the
Hamiltonian with minimum eigenvalue (i.c., the ground state).

https://doi.org/10.1021/acs.jctc.1c00292
J. Chem. Theory Comput. 2021, 17, 3280—-3291
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For the particular choice of U(x) = ¢#"®, however, IPA
corresponds to the imaginary time propagation with m = oo.
Equation 23 also shows that IPA differs from the power
method because it employs an integrable function U(x) that
meets the conditions described in Section 2 and a probability
density function py(x) to find the global minima, whereas the
power method employs an arbitrary matrix U € C"™" and a
discrete vector g, € C" to find an eigenvector. This relationship

also allows us to use the power method to analyze the
convergence rate of IPA for discrete problems, as discussed in
the Appendix.

5. COMPUTATIONAL RESULTS

We demonstrate the capabilities of IPA as applied to the global
minimum energy configuration search in a model PES of a DNA
chain of D = 50 hydrogen-bonded adenine—thymine (A—T)
base pairs, depicted in Figure 2. The potential energy as a

8 Carbon © Hydrogen @ Oxygen @ Nitrogen

Thymine (T) Adenine (A)

Slice of Potential Energy Surface

2
1.5
N 1
)
& 05
5]
C
w o
-0.5
-1
2 -15 1 05 0 05 1 15 2
Position

Figure 2. DNA chain (left) of D = 50 hydrogen bonds corresponding to
25 hydrogen-bonded adenine—thymine base pairs (inset, top right),
with hydrogen bonds shown as dashed yellow lines. Each hydrogen-
bonded proton attaches to either base, with energy represented by the
double-well potential (bottom right). The global minima position at —1
and 1 correspond to the depicted A—T form and tautomeric A*—T*
form, respectively. Global optimization is performed with 2® possible
proton positions for each double well. IPA thus finds the global
minimum out of 2*°° possible proton configurations on a PES with 2%°
minima.

function of the D physical proton coordinates «; is modeled as a
sum of double wells’”
D=50
V(x) = ) 0429 — 1126 57 — 0.143x + 0.563x;
i=1

(25)
parametrized to yield the scaled energy in electronvolts of an A—
T/A*—T* base pair as a function of a dimensionless reduced
coordinate of a single proton ¥, € R.”” The analytic global
minimum x;* = —1 and local minimum x; = 1 correspond to the
lowest energy configuration (A—T) and the tautomeric
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configuration (A*—T*), respectively. Since each proton forms
a stable configuration upon adherence to either base, the
potential energy surface features 2°° local minima. Identification
of the minimal energy configuration is essential as anomalous
hydrogen bonding causes affinity to the incorrect base on
replication, which is a proposed mechanism for oncogene-
sis.”* 5% Here, global optimization is performed with d = 8
quantics (ie., in n = d XD = 400 dimensions, as the overall
dimensionality of the quantics tensor train considered is a
product of the number of folding dimensions d and physical
dimensions D).

IPA correctly identifies the global minimum with the Python
code provided in Appendix C. As expected, the density initially
equally weights all possible proton positions. The expectation
value of the position of the initial density lies in the local
minimum well, such that gradient descent would not locate the
global minimum. IPA iterations successfully concentrate the
density at the global minimum well, as evidenced by the rapid
convergence of the position expectation value of a representative
proton to its global minimum value (see Figure 3). As shown in

Absolute Error of the Calculated Global Minimum
Position of a Representative Proton

0.1 |

0.01

Absolute Error

0.001 ¢

10 15 20 25
Iteration Number

30

Figure 3. Expectation value of the position of a representative proton
rapidly approaches the known global minimum position of the
hydrogen bonding potential, eq 25.

Figure 4, after one iteration (with scaling parameter § = 10
eV™"), the density is localized in the global minimum well; and
after 30 iterations, the density is localized at the global minimum
within an absolute error of 1073,

Optimized Density

Energy (arb. units)

1.5

X2

-1.5

1.5

Figure 4. 2-dimensional cut of the 50-dimensional PES (with all other
coordinates evaluated at x = —1), showing that IPA successfully
localizes the final density (dark blue surface) at the global minimum
position x* = (=1, —1) € R* (yellow point) of each proton as
described by eq 25 (light blue surface). Results are shown for
optimization of two hydrogen bonds in the domain x,, x, €[—1.5, 2.5].
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Figure S. Scaled potential energy surface log(1 + V(p)) for optimization of V(p) = N mod p, with N = 187 (left). The process of folding the potential
into multidimensional form is illustrated in two reshaping dimensions for a 6 X 7 configuration 2-dimensional search space (right). The global minima
(starred) correspond to the prime factors of N = 11 X 17. The reported IPA prime factorization of large numbers folds the PES analogously in higher

dimensionality, d = 3 — 14.

In addition, this section shows that IPA successfully finds the
global minima of the discrete potential

V(p) = Nmod p (26)

for p in the set of primes {2, 3, ..., pina), which models a rugged
potential energy surface with many local minima and degenerate
global minima. This surface enables detection of the prime
factors of a given integer N, when formulating the factorization
problem as a rather challenging global minimum energy search.
The modulo operation that defines V(p) in the space of prime
numbers p returns the remainder after division of N by p. For the
difficult problem of optimizing surfaces where the integer N is
large (equivalent to prime factorization of large numbers), the
Python scripts provided in Appendices D and E represent N and
operations on N with 3000-digit precision, using the mpmath
library.®" Global optimization of the potential surfaces shows
that IPA can resolve the m multiple degenerate prime factors of
integers with thousands of digits of the form

N = (pl*)‘?l % (p;‘)ezx...x(p:)em

where ¢; > 1 is the degeneracy of the prime factor pj*. A simple
example for N = 187 is shown in Figure S, where the global
optima are pf = 11 and p5 = 17 with ¢; = ¢, = 1. In the quantics
tensor train (QTT) format employed here, the search space is
reshaped such that optimization is performed in d = 3 to 14
folding dimensions.

The Python script provided in Appendix D successfully
resolves multiple degenerate global minima, regardless of the
number of minima, their degeneracy, the distance between
minima, or the potential energy barrier separating the minima.

The QTT approximation of py(p) provides an accurate and
efficient representation of the initial uniform distribution in the
search space (the prime numbers < N), folded as a d-
dimensional 2; X 2, X ---X 2, tensor. The distribution evolves
according to the IPA recurrence relation, which increases the
amplitude at the global optima while reducing it elsewhere.
Application of U(p) = e V() with the scaling parameter f = 30
(arbitrary units) yields a numerically converged final density in
only three IPA iterations.

Figure 6 shows that IPA correctly amplifies the amplitude of
the global minima: the degenerate prime factors of N = (3* X 11
X 17 X 23 X 41 X 53 X 79 X 101 X 109)*®, a large integer with
2773 digits (more than 9212 bits). Consistent with a Dirac
sequence, the final density is maximal for the global minima and
nearly zero elsewhere in the search space. Measurement with the
ramp function, as described in Section 2.2, then successfully

27)
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Figure 6. As expected, the IPA procedure for global optimization of the
function eq 26, for N as defined in the text, yielded a final density in the
form of a Dirac comb that was maximal at positions of global optima
and zero elsewhere. Only a fraction of the search space is illustrated for

clarity.

resolves the individual global minima as shown in Figure 7. IPA
thus correctly determines the position of all global minima of the
test potential function.

Figure 8 shows the IPA execution time as a function of N
when the potential eq 26 has two degenerate minima (i.e., when

Isolated Components of the Final Density

1.2 - ‘
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) Py
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2 04Ff
[0
a
0.2
0 b s .\ s n
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Figure 7. Dirac delta components of the final density in IPA were
successfully isolated without evaluation of the function at all points on
the search space via the ramp method for U = e ramp with the
parameter 3 = 0.5 (arbitrary units). The components are found to be
located at the global optima of the function eq 26 for the large number
N. Given the size of the search space of prime numbers, the density is
shown in a restricted region to enable visualization of its maximal
values.
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Figure 8. Real execution time for IPA global optimization of the
function eq 26 in the twin global minima case (ie, for prime
factorization of biprimes), which agrees with the predicted scaling of
Section 3 and which is comparable to or better than the number of steps
required for the rate-limiting part of the foremost quantum approach.

solving the factorization of biprimes N = p¥ X p¥ with values up
to 9998 000 099, where p¥ and p§ are primes). Results are
shown where U(p) =™ V¥ ) with 8 = 20 (arbitrary units), which
requires only one IPA iteration. The regression analysis shows
that the execution time scales approximately as
O(In N)(R* = 0.978), or O(In(InN)) (R*> = 0.977). The
logarithmic scaling agrees with the analysis of Section 3, which
shows that the resulting scaling for amplitude amplification is
comparable to or better than that in optimal quantum search
algorithms (e.g,, the Grover quantum search method,”" where
the number of queries necessary to amplify the amplitude of one

out of N possible states scales as O(JN)).

6. DISCUSSION

The QTT implementation of IPA illustrates the possibility of
developing efficient algorithms for classical computing and
chemistry. Analogous to quantum computing algorithms,
superposition states can be evolved by applying a sequence of
unitary transformations, and the outcome of the calculation
corresponds to a “measurement” (i, an expectation value
obtained with the evolved superposition). The QTT represen-
tation avoids the curse of dimensionality, enabling benchmark
calculations that would be otherwise impossible on classical
high-performance computing facilities. We find that such a
computational strategy enables IPA to perform quite efficiently,
bypassing the usual limitations of traditional optimization
methods. Therefore, it is natural to anticipate that IPA should
be of great interest for a wide range of applications, including
optimization problems in molecular and electronic structure
calculations.

Bl APPENDIX A: PROOF OF CONVERGENCE

This section shows that the sequence generated by the IPA
recurrence relation converges to a delta distribution 5(x — x*) if
V() has a single global minimum at x = x*. An analogous proof
can be provided for surfaces with multiple global minima by
generalization of the concept of a Dirac sequence.

The sequence of densities pi(x) converges to the delta
distribution as a Dirac sequence:

For allk € Nand all x € R: p,(x) > 0.
Forallk €N: p, € IR) and /[Rdx p(x) = L
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the integral is evaluated over the real line except the
interval (x* — g, x* + &).
These conditions guarantee the area under the curve p;(x) is
concentrated near the global minimum location x*, provided the
number of iterations k is sufficiently large.

The properties (i) and (ii) follow by construction of the IPA
sequence. To prove property (iii), let £ > 0 be a positive distance.
For a radius r > 0, we denote the minimum of U(x) on the
interval [x* — r, x* + r] by

U(x)

= min
xE[x*—r, x¥4r]

m,

- (28)
Since by assumption U(x) is continuous with a single global
maximum at x = x¥*, there exists a radius r, > 0 such that the
number m, is a positive and strict upper bound for U(x) outside

the interval («* — &, x* + €), as follows (cf. Figure 9)

Ux) <1, forallx € R\(x* — ¢, x* + ¢)
m, (29)

&

Figure 9. There exists a radius r, > 0 such that the minimum m,_on [«*
— rgy &% + 1,.] is a strict upper bound (dashed line) for all values outside
the interval (x* — &, x* + £) (shown in blue), since U(x) is a continuous
function with a single global maximum at x = x*.

We then introduce the probability
‘/x*+rt. ( )
= dx p(x) >0
P&. x*—r, po (30)

and according to the definition of the minimum m, > 0,
introduced by eq 28, for all k > 1 we obtain the norm

x*+r,
10l = [ e Un 0 2t [ e @

k
=mp, (31)
which gives the bound
k
U(x)*p. (x o | U
Wl = 2 (m,
(32)

where ||py|l, is the supremum sup _.lp, (x)l. According to eq
29, U(x)/m, < 1forall positions outside the interval (x* — &, x*

+ €). Hence, we conclude that the density after k iterations is
bounded for all those positions x and all iterations k > 1, as
follows
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eyl UG)

pp(x) <
£ mré‘

(33)

showing that the sequence is dominated by an integrable
function. Thus, the Lebesgue-dominated convergence theorem
yields

lim

k— oo

[ &
R\(x*—¢, x*+¢)

>/ﬂ;\(x*—8, x*+e)
0

dx lim pk(x)

k— o0

(34)

B APPENDIX B: POWER METHOD: CONVERGENCE
RATE ANALYSIS

We consider a diagonal matrix U € R™" whose entries are
given by the values of U(x) at the equally spaced positions
a=x,<x%<...<x,=b with Ax = x;,; —x;= (b —a)/(n-1) in the finite
interval x = [a,b], that is,

U = diag (U(x,), U(xy),..., U(x,)) (35)

We consider an initial vector whose entries are given by the value
of the initial density py(x) at the same positions

Py = (y(x1), Py (%), £y (%)) € R (36)

When n is sufficiently large, we obtain the following
approximation for all iterations

~

mmm=§mwa-$AmmwM@

1 k
= — ||U 1
Ax ” po”L (37)
In the following, we denote by p* € R" the vector whose jth
coordinate equals 1 if U(x}-) = 4, is the dominant eigenvalue of U
and zero otherwise. Moreover, we introduce the constant

1

(= —————

#{jIU(x) = 4} (38)
where we use the notation #A for the cardinality (i.., the number
of elements in the set). The definition of U in eq 3S yields that
the sequence py, p,,... produced by the power iteration (i.e., eq 23
using the norm ||-||;) converges to ¢ X p* if p; is the uniform
distribution. Using the approximation in eq 37, we conclude that
the density p, produced by IPA can be approximated at a given
grid point x; as

U(xj)kpo (x;)

k
N 1 (Uﬂo)j k>0 ¢
U5, Il Ax U, Iy

%

Axp j

pk(xj) =

(39)
In the special case where U has a single unique dominant
eigenvalue, (i.e. 4, = U(x;) for some unique ! €{1,..,n}), we get
p; is the Kronecker delta d;;. This allows us to confirm that IPA
generates a Dirac sequence at the global minimum for discrete
optimization problems. The relationship of this expression to
that of the power method also shows that IPA inherits the
geometric convergence rate in the ratio 4,/1, < 1 from the power
method, in agreement with the alternative analysis introduced in
Section 3.
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To further specify the convergence rate of IPA, we relate the
ratio 4,/4, to the grid size Ax > 0 in IPA. This is accomplished by
classifying the steepness of U(x) around its maximum location
x* via local approximations by polynomials of even degree. If
there exist parameters @ > 0 and y > 1 such that

U(x) > Ux*) — alx — «*) (40)

for all x €(x* — Ax, x* + Ax), then the eigenvalue 4, is bounded
from below by U(x*) — aAx*. Therefore, we conclude that the
rate of convergence is bounded as

U(x*) — aAx™ _
U(x*)

U(x*)

2y

(41)

In particular, 4,/4; = 1 as Ax — 0

B APPENDIX C: GLOBAL MINIMUM ENERGY
CONFIGURATION OF HYDROGEN BONDS

The Python script in Figure C1 illustrates the use of IPA to find
the global minimum energy configuration of 50 adenine—
thymine (A—T) hydrogen bonds in a DNA chain with the ttpy
library installed from http://github.com/oseledets/ttpy.

B APPENDIX D: MULTIPLE DEGENERATE GLOBAL
MINIMA

The Python script in Figure D1 illustrates the implementation of
IPA as applied to finding multiple degenerate global minima
corresponding to the degenerate prime factors of the integer N =
(3* X 11X 17 X 23 X 41 X 53 X 79 X 101 X 109)*® with 2773
digits, when using the ttpy library installed from http://github.
com/oseledets/ttpy.

B APPENDIX E: PAIRED DEGENERATE GLOBAL
MINIMA

The Python script in Figure E1 illustrates the implementation of
IPA as applied to finding the prime factors of the biprime N =
99989 X 99 991 by resolving the degenerate global minima of
the mod function, as described in the text, while using the ttpy
library installed from http://github.com/oseledets/ttpy.
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import numpy as np

from mpl_toolkits.mplot3d import Axes3D
from matplotlib import cm

import matplotlib.pyplot as plt

import tt
beta=10
dim=2
eps—1.0e—14
rma=3
nsteps=30
d=8
npts=2xkd
xmin=-1.5

dx— (xmax—xmin) / npts

def gen_ld(mat,e.i,d):
w=mat
for j in range(i):
w=tt.kron(e,w)

for j in range(d—i—1):
w=tt.kron(w,e)

return w

def rhoo(input):
out=1.+0.np.sum(input , axis=1)
return (out);

def V(input):
out=np.sum (0.429% input —1.126# input +x2—0.143% input +x3+0.563«input +=4 , axis—1)
return (out);

def plot_f2d(x,rho,V,t,vm):
fig=plt . figure ()
vy .xx=np.meshgrid (x, x)
ax=fig.add_subplot (211, projection='3d")
ax.plot_surface(xx,yy,rho+10,cmap=cm. coolwarm , antialiased=False)
.plot_surface (xx,yy,V,cmap=cm.coolwarm , antialiased=False)

ax

ax.set _xlabel("x (arb. units)")
ax.set_ylabel("y (arb. units)")
ax.set_zlabel ("Energy (arb. units)")

ax.set_title("Pointer State")

ax1-plt . subplot (212)

plt.plot(t[:j],vm[:j], 0=")

plt.xlabel ("Iteration Number")

plt.ylabel("<V> (arb. units)")

axl.set title ("Expectation Value of Potential")

plt . show ()

def plot_f(t,vm):

fig = plt. figure ()
plt.plot(t[:j],vm[:j], 0=")
plt.xlabel ("Iteration Number")
plt.ylabel("<V> (arb. units.")
plt.title ("Expectation Value of Potential")
plt .show ()

if _ _name  — "__main__":

—np.arange (xmin, xmax, dx)

t=np.arange (0, nsteps,1)

xm=np. zeros ((nsteps ,dim))
vm=np. zeros (nsteps)

ttone=tt.ones (2, d)

xx—np. reshape (x, [2]#d)

xx=tt.tensor (xx,eps)

ttoned=ttone

for ii in range(dim—1):

ttoned=tt.kron(ttone ,ttoned)

txx=[gen_1d(xx,ttone,i,dim) for i in range(dim)]
ttrho=tt.multifuncrs2 (txx, rhoo, eps,verb=0,rmax=rma)
norm-—tt . dot (ttrho , ttoned)

ttrho=ttrho(1.0/norm)

tVV=tt. multifuncrs (txx,V,eps , verb—0,rmax-rma)

for j in range(nsteps):
vim|[j]=tt.dot(ttrho ,ttVV)
for k in range(dim):
xm[j,k]=tt.dot(ttrho , txx[0])
print ("j=Vm=",j ,vm[j])
if j = nsteps—1:
if dim — 2:
ttrhor-np.reshape(ttrho. full (),[2#x*d]*dim)
ttVVr =np.reshape (ttVV. full () ,[2+%d]*dim)
plot _f2d(x, ttrhor ,ttVVr, t ,vm)
else:
plot _f(t,vm)
tto = lambda r:np.exp(—betaxV(r))
ttoracle=tt. multifuncrs2 (txx,tto,eps,verb=0 rmax=rma)
ttrho=ttrho*ttoracle
ttrho—ttrho.round (eps,rma)
norm=tt . dot (ttrho , ttoned)
ttrho=ttrho*(1.0/norm)

for k in range (dim):

print ("j=k=xm=Vm=",j . k,xm[j k| ,vm[]])

Figure C1.
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import numpy as np

from numpy import zeros reshape ,sqrt arange,vectorize ,extract ,int
import matplotlib.pyplot as plt

import tt

import mpmath
from mpmath import mp,mpf, floor ,exp , nint

def parameters ()
global dim,eps ,num, rmax, nsteps ,d, scarchspacesize , beta , betaprime
num-mpf(3%3%11%1723%41%53x79x101%109)% %200

beta—30
betaprime=0.5

dim=1

eps=1.0e—100
rmax=100

nsteps=3

=6
searchspacesize=2+xd
return ()

def rhoo (input)
V=104 0+input
return V

def is_prime(n)
if n%2-—0and n > 1
return False
return all(n % i for i in range(3,int(sqrt(n))+1,2))
def tto(input, param=None):
global num, beta
nevals , dim=input . shape
out=np. zeros ((nevals ,))
for ii in range(nevals):
a=num-nint (input [ii ,0])* floor (num/nint (input[ii ,0]))
out [ii]=input[ii,1]*exp(~betaxa)
return (out)

def newtto(input, param—None):
global num, betaprime
nevals , dim-input . shape
out=np. zeros ((nevals ,))
for ii in range(nevals):
a—input [ii ,0]
out | ii|=input [ii
return (out)

1] exp(~betaprimesa)

def ttround (input, param=None):
nevals , dim=input.shape
out=np. zeros ((nevals ,))
for ii in range(nevals)
out [ ii]=np.round (input [ii ,1])
return(out)

def ttremovefactor (input, param-None):
global largestfactor
nevals ,dim=input . shape
out=np. zeros ((nevals ,))
for ii in range(nevals)
if input[ii ,0]-0.5
out [ii]=0
else:
out[ii]=np.round (input[ii ,1])
return (out)

largestfactor

i name __main__":
global eps,num,rmax, nsteps ,d, searchspacesize , largestfactor
np.random. seed (1234)
mp. dps = 3000
parameters ()
print (num)
a—arange (2, 10%#6)
foo—vectorize (is_prime)
pbools=foo (a)
primes—extract (pbools , a)
pp=np.zeros (searchspacesize ,dtype=float)
for j in range(searchspacesize):
pplil=primes|j]
ttpp—tt.tensor (reshape (pp.[2]+d))
Iprimes (|
ttrho—tt.multifuncrs2 ([ttpp|,rhoo . eps ., verb—0,rmax-rmax)
for k in range(nsteps
ttrho=tt.multifuncrs ([ttpp, ttrho|, tto,eps, verb=0
rmax-rmax)
ttrhostore=tt.multifuncrs ([ttpp, ttrho|,ttround  eps,verb=0,
rmax-Tmax
ttrho=ttrho(1.0/(ttrho.norm ())*x2)
plt . bar (pp, reshape (ttrho. full (), searchspacesize),color="red ", 1s="—",label="ttrho ')
plt . xlabel (" Prime Number")
plt.vlabel ("Density [arb. units.|")
plt . title ("Optimized Density")
xlim (1,128)
pause (1.0)
savefig (’diraccomb . png’)

largestfactor =0
count=0
while num > 1
count=count+1
ttrho=tt . multifuncrs ([ttpp, ttrhostore]|, ttremovefactor ,eps, verb=0
rmax-rmax)
for k in range(nsteps)
ttrho=tt.multifuncrs ([ttpp ., ttrho| , newtto,eps,verb=0,
rmax-rmax)
ttrho=ttrho+(1.0/ ttrho . norm())
evonint (tt.dot(ttpp , ttrho))
largestfactor—ev
Iprimes . append (ev)
numenum/ ev
while nint (num)%nint (ev) 0
Iprimes . append (ev)
numenum/ ev
plt.clf()
plt . bar (pp, reshape (ttrho. full (), searchspacesize), color="red ', Is="—",
label="Density )
plt.xlabel ("Prime Number")
plt.ylabel ("Density [arb. units.|")
plt. title ("Prime Factor %i" % count)
print ("prime factors—",Iprimes ,num)
plt . xlim (1,128)

plt.savefig (’primefactor’+str (count)+ .png’)

Figure D1.
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import numpy as np

from numpy import zeros ,reshape,sqrt, arange,vectorize ,extract ,int ,empty_like
import tt

import mpmath

from mpmath import mp,mpf, floor ,exp, nint

def parameters ():

global dim.eps ,num,rmax,nsteps ,d,searchspacesize ,beta

num—mpf (9998999991)

sqrtnum=sqrt (num)

if sqrtnum 24:
d-3

elif sqrtnum <
d=4

elif sqrtnum -
d-5

elif sqrtnum <
d=6

elif sqrtnum -
d=7

elif sqrtnum -
d-8

elif sqrtnum -
d=9

elif sqrtnum -
d=10

elif sqrtnum -
d=11

elif sqrtnum
d=12

elif sqrtnum <
d=13

elif sqrtnum
d=14

else:
print ("Error: Dimension not implemented.")
quit ()

rmax=100

beta—20

dim=1

eps—1.0e—100

nsteps—1

searchspacesize=2xxd

return ()

60:
138:
314:
728:
1622:
3674:
8168:
17882:
< 38892:
84048:

< 180512:

def rhoo(input):
V=1.0+0xinput

return V

def is_prime(n):
if n%2 -0 and n > 1:
return False

return all(n % i for i in range(3,int (sqrt(n))+1,2))
def tto(input, param—None)
global num, beta
nevals ,dim=input . shape
out=np. zeros ((nevals ,))
for ii in range(nevals):
a-num—nint (input [ii ,0])* floor (num/nint (input[ii ,0]))
if a > 10:
a=10
out [ii]—input [ii ,1]*exp(—betaxa)
return (out)
if  name " main_":

global eps ,num,rmax, nsteps ,d, searchspacesize , ttavg
np . random . seed (1234)

mp. dps=2000

parameters ()

print (num)

a=arange (2, 10%x6)

foo=vectorize (is_prime)

pbools—foo (a)
primes—extract (pbools ,
pp=up. zeros (searchspa

a)

e, dtype-float)

for j in range(searchspacesize )
pp|jl=primes|j]

ttpp—tt . tensor (reshape (pp,[2]*d))

Iprimes =[]

ttrho=tt.multifuncrs2 ([ttpp],rhoo,eps,verb=0,rmax=rmax)
for k in range(nsteps):
ttrho—tt. multifuncrs ([ttpp, ttrho|, tto ,eps,verb
ttrho=ttrho#(1.0/(ttrho.norm())*2)
ttrhostore=ttrho
ttavg-nint (tt.dot (ttpp,ttrho))
heaviside—empty like (pp)

0,rmax=rmax )

for j in range(scarchspacesize)
if pp[i]—0.5 > ttavg:
heaviside [j]=0.
else:

heaviside [j]=1.
ttheaviside=tt.tensor (reshape(heaviside ,[2]*d))
ttrho=ttheavisidexttrhostore
ev=nint (tt.dot(ttpp, ttrhox=(1.0/(ttrho.norm()))))
num=nint (num/ev)
Iprimes . append (ev)
Iprimes . append (mum)

print ("prime factors—",lprimes ,num)

Figure E1.

part of the Blue Waters sustained-petascale computing project
supported by the National Science Foundation (awards OCI-
0725070 and ACI-1238993) and the State of Illinois. Blue
Waters is a joint effort of the University of Illinois at Urbana-

3289

Champaign and its National Center for Supercomputing
Applications. V.S.B. acknowledges support from the NSF
Grant No. CHE-1900160 and high performance computing
time from NERSC and the Yale High Performance Computing
Center.

B REFERENCES

(1) Bellman, R. E. Adaptive Control Processes: A Guided Tour;
Princeton University Press, Princeton, New Jersey, 1961.

(2) Li, X.; Pecak, D.; Sowinski, T.; Sherson, J.; Nielson, A. E. B. Global
optimization for quantum dynamics of few-fermion systems. Phys. Rev.
A 2018, 97, No. 033602.

(3) Shi, S; Woody, A.; Rabitz, H. Optimal control of selective
vibrational excitation in harmonic linear chain molecules. J. Chem. Phys.
1988, 88, 6870—6883.

(4) Shi, S.; Rabitz, H. Selective excitation in harmonic molecular
systems by optimally designed fields. Chem. Phys. 1989, 139, 185—199.

(5) Peirce, A. P.; Dahleh, M. A.; Rabitz, H. Optimal control of
quantum-mechanical systems: Existence, numerical approximation,
and applications. Phys. Rev. A 1988, 37, 4950—4964.

(6) Kosloff, R; Rice, S. A.; Gaspard, P.; Tersigni, S.; Tannor, D. J.
Wavepacket dancing: Achieving chemical selectivity by shaping light
pulses. Chem. Phys. 1989, 139, 201—220.

(7) Jakubetz, W.; Manz, J.; Schreier, H.-J. Theory of optimal laser
pulses for selective transitions between molecular eigenstates. Chem.
Phys. Lett. 1990, 165, 100—106.

(8) Rego, L. G. C; Santos, L. F.; Batista, V. S. Coherent Control of
Quantum Dynamics with Sequences of Unitary Phase-Kick Pulses.
Annu. Rev. Phys. Chem. 2009, 60, 293—320.

(9) Brif, C; Chakrabarti, R; Rabitz, H. Control of quantum
phenomena: past, present and future. New J. Phys. 2010, 12,
No. 075008.

(10) Soley, M.; Markmann, A.; Batista, V. S. Steered quantum
dynamics for energy minimization. J. Phys. Chem. B 2018, 119, 715—
727.

(11) Videla, P. E; Markmann, A.; Batista, V. S. Floquet Study of
Quantum Control of the Cis-Trans Photoisomerization of Rhodopsin.
J. Chem. Theory Comput. 2018, 14, 1198—1205.

(12) Soley, M. B.; Markmann, A.; Batista, V. S. Classical Optimal
Control for Energy Minimization Based on Diffeomorphic Modulation
under Observable-Response-Preserving Homotopy. J. Chem. Theory
Comput. 2018, 14, 3351—-3362.

(13) Levinthal, C. In How to Fold Graciously, Mossbauer Spectroscopy
in Biological Systems: Proceedings of a Meeting Held in Allerton
House, University of Illinois, Monticello, Illinois, 1969; pp 22—24.

(14) Sali, A.; Shakhnovich, E.; Karplus, M. How does a protein fold?
Nature 1994, 369, 248—251.

(15) Wales, D. J,; Doye, J. P. K; Miller, M. A.; Mortenson, P. N,;
Walsh, T. R. In Energy Landscapes: From Clusters to Biomolecules;
Advances in Chemical Physics; Wiley, New York, 2000; Vol. 115, pp 1—
111.

(16) Dill, K. A.; Ozkan, S. B.; Shell, M. S.; Weikl, T. R. The Protein
Folding Problem. Annu. Rev. Biophys. 2008, 37, 289—316.

(17) Fogel, L. J. Autonomous Automata. Ind. Res. 1962, 4, 14—19.

(18) Pincus, M. A Closed Form Solution of Certain Programming
Problems. Oper. Res. 1968, 16, 690—694.

(19) Cavicchio, D. J. Adaptive Search Using Simulated Evolution.
Ph.D. Thesis, University of Michigan, Ann Arbor, Michigan, 1970.

(20) Pincus, M. A Monte Carlo Method for the Approximate Solution
of Certain Types of Constrained Optimization Problems. Oper. Res.
1970, 18, 1225—1228.

(21) Holland, J. H. Adaptation in Natural and Artificial Systems: An
Introductory Analysis with Applications to Biology, Control, and Artificial
Intelligence; University of Michigan Press, 1975.

(22) Kirkpatrick, S.; Gelatt, C. D.; Vecchi, M. P. Optimization by
simulated annealing. Science 1983, 220, 671—680.

https://doi.org/10.1021/acs.jctc.1c00292
J. Chem. Theory Comput. 2021, 17, 3280—-3291


https://doi.org/10.1103/PhysRevA.97.033602
https://doi.org/10.1103/PhysRevA.97.033602
https://doi.org/10.1063/1.454384
https://doi.org/10.1063/1.454384
https://doi.org/10.1016/0301-0104(89)90011-6
https://doi.org/10.1016/0301-0104(89)90011-6
https://doi.org/10.1103/PhysRevA.37.4950
https://doi.org/10.1103/PhysRevA.37.4950
https://doi.org/10.1103/PhysRevA.37.4950
https://doi.org/10.1016/0301-0104(89)90012-8
https://doi.org/10.1016/0301-0104(89)90012-8
https://doi.org/10.1016/0009-2614(90)87018-M
https://doi.org/10.1016/0009-2614(90)87018-M
https://doi.org/10.1146/annurev.physchem.040808.090409
https://doi.org/10.1146/annurev.physchem.040808.090409
https://doi.org/10.1088/1367-2630/12/7/075008
https://doi.org/10.1088/1367-2630/12/7/075008
https://doi.org/10.1021/jp5046723
https://doi.org/10.1021/jp5046723
https://doi.org/10.1021/acs.jctc.7b01217
https://doi.org/10.1021/acs.jctc.7b01217
https://doi.org/10.1021/acs.jctc.8b00124
https://doi.org/10.1021/acs.jctc.8b00124
https://doi.org/10.1021/acs.jctc.8b00124
https://doi.org/10.1038/369248a0
https://doi.org/10.1146/annurev.biophys.37.092707.153558
https://doi.org/10.1146/annurev.biophys.37.092707.153558
https://doi.org/10.1287/opre.16.3.690
https://doi.org/10.1287/opre.16.3.690
https://doi.org/10.1287/opre.18.6.1225
https://doi.org/10.1287/opre.18.6.1225
https://doi.org/10.1126/science.220.4598.671
https://doi.org/10.1126/science.220.4598.671
https://pubs.acs.org/doi/10.1021/acs.jctc.1c00292?fig=figE1&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jctc.1c00292?fig=figE1&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jctc.1c00292?fig=figE1&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jctc.1c00292?fig=figE1&ref=pdf
pubs.acs.org/JCTC?ref=pdf
https://doi.org/10.1021/acs.jctc.1c00292?rel=cite-as&ref=PDF&jav=VoR

Journal of Chemical Theory and Computation

pubs.acs.org/JCTC

(23) Cvlernir, V. Thermodynamical approach to the traveling salesman
problem: An efficient simulation algorithm. J. Optim. Theory Appl.
1985, 45, 41—51.

(24) Li, Z.; Scheraga, H. A. Monte Carlo-minimization approach to
the multiple-minima problem in protein folding. Proc. Natl. Acad. Sci.
U.S.A. 1987, 84, 6611—6615.

(25) Koza, J. R. In Hierarchical Genetic Algorithms Operating on
Populations of Computer Programs, Proceedings of the Eleventh
International Joint Conference on Artificial Intelligence, IJJCAI, Detroit,
Michigan, 1989; pp 768—774.

(26) Koza, J. R. Genetic Programming: A Paradigm for Genetically
Breeding Populations of Computer Programs to Solve Problems; Stanford
University, Stanford, CA, 1990.

(27) Wales, D. J,; Doye, J. P. K. Global Optimization by Basin-
Hopping and the Lowest Energy Structures of Lennard-Jones Clusters
Containing up to 110 Atoms. J. Phys. Chem. A 1997, 101, 5111-5116.

(28) Hooke, R; Jeeves, T. A. “Direct Search” Solution of Numerical
and Statistical Problems. . ACM 1961, 8, 212—229.

(29) Spendley, W.; Hext, G. R; Himsworth, F. R. Sequential
Application of Simplex Designs in Optimisation and Evolutionary
Operation. Technometrics 1962, 4, 441—461.

(30) Nelder, J. A; Mead, R. A Simplex Method for Function
Minimization. Comput. J. 1965, 7, 308—313.

(31) Land, A. H;; Doig, A. G. An automatic method of solving discrete
programming problems. Econometrica 1960, 28, 497—520.

(32) Little, J. D. C.; Murty, K. G.; Sweeney, D. W.; Karel, C. An
Algorithm for the Traveling Salesman Problem. Oper. Res. 1963, 11,
972-989.

(33) Glover, F.; McMillan, C.; Novick, B. Interactive design software
and computer graphics for architectural and space planning. Ann. Oper.
Res. 1988, S, 557-573.

(34) Glover, F. Future Paths for Integer Programming and Links to
Artificial Intelligence; CAAI Report 85-8, Graduate School of Business,
University of Colorado, Boulder, Colorado, 1985.

(35) Amara, P.; Hsu, D.; Straub, J. E. Global energy minimum searches
using an approximate solution of the imaginary time Schroedinger
Equation. J. Phys. Chem. A 1993, 97, 6715—6721.

(36) Andricioaei, L; Straub, J. E. Finding the needle in the haystack:
Algorithms for conformational optimization. Comput. Phys. 1996, 10,
449—454.

(37) Piela, L.; Kostrowicki, J.; Scheraga, H. A. The Multiple-Minima
Problem in the Conformational Analysis of Molecules. Deformation of
the Potential Energy Hypersurface by the Diffusion Equation Method.
J. Phys. Chem. B 1989, 93, 3339—3346.

(38) Pillardy, J.; Olszewski, K. A.; Piela, L. Performance of the Shift
Method of Global Minimization in Searches for Optimum Structures of
Clusters of Lennard-Jones Atoms. J. Phys. Chem. C 1992, 96, 4337—
4341.

(39) Fletcher, R; Powell, M. J. D. A rapidly convergent descent
method for minimization. Comput. J. 1963, 6, 163—168.

(40) Fletcher, R.; Reeves, C. M. Function minimization by conjugate
gradients. Comput. ]. 1964, 7, 149—154.

(41) Lee, E. S. Optimization by a Gradient Technique. Ind. Eng. Chem.
Fundam. 1964, 3, 373—380.

(42) Broyden, C. G. Quasi-Newton Methods and Their Application to
Function Minimisation. Math. Comput. 1967, 21, 368—381.

(43) Broyden, C. G. The Convergence of a Class of Double-rank
Minimization Algorithms 1. General Considerations. IMA ]. Appl
Math. 1970, 6, 76—90.

(44) Goldfarb, D. A family of variable-metric methods derived by
variational means. Math. Comput. 1970, 24, 23—26.

(45) Shanno, D. F. Conditioning of quasi-Newton methods for
function minimization. Math. Comput. 1970, 24, 647—656.

(46) Byrd, R. H.; Lu, P.; Nocedal, J.; Zhu, C. A Limited Memory
Algortihm for Bound Constrained Optimization. SIAM J. Sci. Comput.
1995, 16, 1190—1208.

(47) Morales, J. L.; Nocedal, J. L-BFGS-B: Remark on Algorithm 778:
L-BFGS-B, FORTRAN routines for large scale bound constrained
optimization. ACM Trans. Math. Software 2011, 38, 1—4.

3290

(48) Zhu, C.; Byrd, R. H; Lu, P.; Nocedal, J. L-BFGS-B: Algorithm
778: L-BFGS-B, FORTRAN routines for large scale bound constrained
optimization. ACM Trans. Math. Software 1997, 23, 550—560.

(49) Miintz, C. L. Solution direct de I'équation séculaire et de
quelques problémes analogues transcendents. C. R. Acad. Sci,, Paris
1913, 156, 43—46.

(50) Mises, R. V.; Pollaczek-Geiringer, H. Praktische Verfahren der
Gleichungsauflosung. Z. Angew. Math. Mech. 1929, 9, 58—77.

(51) Mises, R. V.; Pollaczek-Geiringer, H. Praktische Verfahren der
Gleichungsauflosung. Z. Angew. Math. Mech. 1929, 9, 152—164.

(52) Chatelin, F. Eigenvalues of Matrices; Society for Industrial and
Applied Mathematics, New York, NY, 2013.

(53) Trefethen, L. N.; Bau, D., Il Numerical Linear Algebra; Society
for Industrial and Applied Mathematics (SIAM), Philadelphia, PA,
1997.

(54) Kosloff, R; Tal-Ezer, H. A direct relaxation method for
calculating eigenfunctions and eigenvalues of the schrodinger equation
on a grid. Chem. Phys. Lett. 1986, 127, 223—230.

(55) Metropolis, N.; Ulam, S. The Monte Carlo Method. J. Am. Stat.
Assoc. 1949, 44, 335—341.

(56) Donsker, M. D.; Kac, M. A Sampling Method for Determining
the Lowest Eigenvalue and the Principal Eigenfunction of Schrodinger’s
Equation. J. Res. Natl. Bur. Stand. 1950, 44, 551—557.

(57) Anderson, J. B. A random-walk simulation of the Schrodinger
equation: H';. . Chem. Phys. 1975, 63, 1499—1503.

(58) Reynolds, P.J.; Ceperley, D. M.; Alder, B. J.; Lester, W. A. Fixed-
node quantum Monte Carlo for molecules. J. Chem. Phys. 1982, 77,
5593—5603.

(59) Greene, S. M.; Batista, V. S. Tensor-Train Split-Operator Fourier
Transform (TT-SOFT) Method: Multidimensional Nonadiabatic
Quantum Dynamics. J. Chem. Theory Comput. 2017, 13, 4034—4042.

(60) Lehtovaara, L.; Toivanen, J.; Eloranta, J. Solution of time-
independent Schrodinger equation by the imaginary time propagation
method. J. Comput. Phys. 2007, 221, 148—157.

(61) Bader, P.; Blanes, S; Casas, F. Solving the Schrodinger
eigenvalue problem by the imaginary time propagation technique
using splitting methods with complex coefficients. J. Chem. Phys. 2013,
139, No. 124117.

(62) Shani, E. Analysis and Numerical Performance of Methods of
Solving the Time Independent Schrodinger Equation for Simulation in
Strong-Field Physics. MSc Thesis, University of Colorado, Colorado,
2017.

(63) Schwarz, L. R; Alavi, A;; Booth, G. H. A Projector Quantum
Monte Carlo Method for non-linear wavefunctions. Phys. Rev. Lett.
2017, 118, No. 176403.

(64) Khoromskij, B. N. O(d logN)-Quantics Approximation of N — d
Tensors in High-Dimensional Numerical Modeling. Constr. Approx-
imation 2011, 34, 257—280.

(65) Khoromskij, B. N.; Oseledets, L. V. In DMRG+QTT Approach to
Computation of the Ground State for the Molecular Schrodinger Operator,
MIS-Preprint 69/2010, Max Planck Institute for Mathematics in the
Sciences, Leipzig, 2010.

(66) Gavrilyuk, I.; Khoromskij, B. Quantized-TT-Cayley Transform
for Computing the Dynamics and the Spectrum of High-Dimensional
Hamiltonians. Comput. Methods Appl. Math. 2011, 11, 273—290.

(67) Oseledets, 1; Tyrtyshnikov, E. T. TT-cross approximation for
multidimensional arrays. Linear Algebra Appl. 2010, 432, 70—88.

(68) Oseledets, I. V. Tensor-Train Decomposition. SIAM . Sci.
Comput. 2011, 33, 2295-2317.

(69) Ostlund, S.; Rommer, S. Thermodynamic Limit of Density
Matrix Renormalization. Phys. Rev. Lett. 1995, 75, 3537—3540.

(70) Savostyanov, D. QT T-rank-one vectors with QT T-rank-one and
full-rank Fourier images. Linear Algebra Appl. 2012, 436, 3215—3224.

(71) Grover, L. K. In A Fast Quantum Mechanical Algorithm for
Database Search, Proceedings of the Twenty-eighth Annual ACM
Symposium on Theory of Computing, Philadelphia, PA, New York,
1996; pp 212—219.

https://doi.org/10.1021/acs.jctc.1c00292
J. Chem. Theory Comput. 2021, 17, 3280—-3291


https://doi.org/10.1007/BF00940812
https://doi.org/10.1007/BF00940812
https://doi.org/10.1073/pnas.84.19.6611
https://doi.org/10.1073/pnas.84.19.6611
https://doi.org/10.1021/jp970984n
https://doi.org/10.1021/jp970984n
https://doi.org/10.1021/jp970984n
https://doi.org/10.1145/321062.321069
https://doi.org/10.1145/321062.321069
https://doi.org/10.1080/00401706.1962.10490033
https://doi.org/10.1080/00401706.1962.10490033
https://doi.org/10.1080/00401706.1962.10490033
https://doi.org/10.1093/comjnl/7.4.308
https://doi.org/10.1093/comjnl/7.4.308
https://doi.org/10.2307/1910129
https://doi.org/10.2307/1910129
https://doi.org/10.1287/opre.11.6.972
https://doi.org/10.1287/opre.11.6.972
https://doi.org/10.1007/BF02023611
https://doi.org/10.1007/BF02023611
https://doi.org/10.1021/j100127a023
https://doi.org/10.1021/j100127a023
https://doi.org/10.1021/j100127a023
https://doi.org/10.1063/1.168582
https://doi.org/10.1063/1.168582
https://doi.org/10.1021/j100345a090
https://doi.org/10.1021/j100345a090
https://doi.org/10.1021/j100345a090
https://doi.org/10.1021/j100190a042
https://doi.org/10.1021/j100190a042
https://doi.org/10.1021/j100190a042
https://doi.org/10.1093/comjnl/6.2.163
https://doi.org/10.1093/comjnl/6.2.163
https://doi.org/10.1093/comjnl/7.2.149
https://doi.org/10.1093/comjnl/7.2.149
https://doi.org/10.1021/i160012a017
https://doi.org/10.1090/S0025-5718-1967-0224273-2
https://doi.org/10.1090/S0025-5718-1967-0224273-2
https://doi.org/10.1093/imamat/6.1.76
https://doi.org/10.1093/imamat/6.1.76
https://doi.org/10.1090/S0025-5718-1970-0258249-6
https://doi.org/10.1090/S0025-5718-1970-0258249-6
https://doi.org/10.1090/S0025-5718-1970-0274029-X
https://doi.org/10.1090/S0025-5718-1970-0274029-X
https://doi.org/10.1137/0916069
https://doi.org/10.1137/0916069
https://doi.org/10.1145/2049662.2049669
https://doi.org/10.1145/2049662.2049669
https://doi.org/10.1145/2049662.2049669
https://doi.org/10.1145/279232.279236
https://doi.org/10.1145/279232.279236
https://doi.org/10.1145/279232.279236
https://doi.org/10.1002/zamm.19290090105
https://doi.org/10.1002/zamm.19290090105
https://doi.org/10.1002/zamm.19290090206
https://doi.org/10.1002/zamm.19290090206
https://doi.org/10.1016/0009-2614(86)80262-7
https://doi.org/10.1016/0009-2614(86)80262-7
https://doi.org/10.1016/0009-2614(86)80262-7
https://doi.org/10.1080/01621459.1949.10483310
https://doi.org/10.6028/jres.044.050
https://doi.org/10.6028/jres.044.050
https://doi.org/10.6028/jres.044.050
https://doi.org/10.1063/1.431514
https://doi.org/10.1063/1.431514
https://doi.org/10.1063/1.443766
https://doi.org/10.1063/1.443766
https://doi.org/10.1021/acs.jctc.7b00608
https://doi.org/10.1021/acs.jctc.7b00608
https://doi.org/10.1021/acs.jctc.7b00608
https://doi.org/10.1016/j.jcp.2006.06.006
https://doi.org/10.1016/j.jcp.2006.06.006
https://doi.org/10.1016/j.jcp.2006.06.006
https://doi.org/10.1063/1.4821126
https://doi.org/10.1063/1.4821126
https://doi.org/10.1063/1.4821126
https://doi.org/10.1103/PhysRevLett.118.176403
https://doi.org/10.1103/PhysRevLett.118.176403
https://doi.org/10.1007/s00365-011-9131-1
https://doi.org/10.1007/s00365-011-9131-1
https://doi.org/10.2478/cmam-2011-0015
https://doi.org/10.2478/cmam-2011-0015
https://doi.org/10.2478/cmam-2011-0015
https://doi.org/10.1016/j.laa.2009.07.024
https://doi.org/10.1016/j.laa.2009.07.024
https://doi.org/10.1137/090752286
https://doi.org/10.1103/PhysRevLett.75.3537
https://doi.org/10.1103/PhysRevLett.75.3537
https://doi.org/10.1016/j.laa.2011.11.008
https://doi.org/10.1016/j.laa.2011.11.008
pubs.acs.org/JCTC?ref=pdf
https://doi.org/10.1021/acs.jctc.1c00292?rel=cite-as&ref=PDF&jav=VoR

Journal of Chemical Theory and Computation

pubs.acs.org/JCTC

(72) Eiselt, H.; Sandblom, C.-L. In Nonlinear Optimization: Methods
and Applications; International Series in Operations Research &
Management Science; Springer, 2019.

(73) Bomze, 1. M.; Demyanov, V.; Fletcher, R; Terlaky, T. In
Nonlinear Optimization, Lecture Notes in Mathematics; Fondazione
C.LM.E,, Florence, 2010; Vol. 1989; pp xiv=279, Papers from the
CIME Summer School held in Cetraro, July 1-7, 2007, Edited by Gianni
Di Pillo and Fabio Schoen, Springer-Verlag, Berlin, 2010.

(74) Aragén, F.]J.; Goberna, M. A.; Lépez, M. A; Rodriguez, M. M. L.
In Nonlinear Optimization; Springer Undergraduate Texts in
Mathematics and Technology;Springer, Cham, 2019; p xiv+350.

(75) Folland, G. B. Real Analysis: Modern Techniques and Their
Applications; 2nd ed.; John Wiley & Sons, Inc., New York, 1999; p xvi
+386.

(76) Oseledets, G. B. oseledets/TT-Toolbox. https://www.github.
com/oseledets/TT-Toolbox. 2020.

(77) Godbeer, A. D.; Al-Khalili, J. S.; Stevenson, P. D. Modelling
proton tunneling in the adenine-thymine base pair. Phys. Chem. Chem.
Phys. 2015, 17, 13034—13044.

(78) Watson, J. D.; Crick, F. H. C. Molecular Structure of Nucleic
Acids: A Structure for Deoxyribose Nucleic Acid. Nature 1953, 171,
737-738.

(79) Léwdin, P.-O. In Quantum Genetics and the Aperiodic Solid:
Some Aspects on the Biological Problems of Heredity, Mutations,
Aging, and Tumors in View of the Quantum Theory of the DNA
Molecule. Advances in Quantum Chemistry; Elsevier, 1966; Vol. 2, pp
213—-360.

(80) Guallar, V.; Batista, V. S.; Miller, W. H. Semiclassical molecular
dynamics simulations of excited state double-proton transfer in 7-
azaindole dimers. J. Chem. Phys. 1999, 110, 9922—9936.

(81) Johansson, F. et al. mpmath: a Python library for arbitrary-precision
floating-point arithmetic. version 0.18. http://mpmath.org/; 2013.

3291

https://doi.org/10.1021/acs.jctc.1c00292
J. Chem. Theory Comput. 2021, 17, 3280—-3291


https://www.github.com/oseledets/TT-Toolbox
https://www.github.com/oseledets/TT-Toolbox
https://doi.org/10.1039/C5CP00472A
https://doi.org/10.1039/C5CP00472A
https://doi.org/10.1038/171737a0
https://doi.org/10.1038/171737a0
https://doi.org/10.1063/1.478866
https://doi.org/10.1063/1.478866
https://doi.org/10.1063/1.478866
http://mpmath.org/
pubs.acs.org/JCTC?ref=pdf
https://doi.org/10.1021/acs.jctc.1c00292?rel=cite-as&ref=PDF&jav=VoR

