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Abstract

Optimal control of finite-level quantum systems is investigated, and iterative solution schemes for the optimization of a control
representing laser pulses are developed. The purpose of this external field is to channel the system’s wavefunction between given
states in its most efficient way. Physically motivated constraints, such as limited laser resources or population suppression of certain
states, are accounted for through an appropriately chosen cost functional. First-order necessary optimality conditions and second-
order sufficient optimality conditions are investigated. For solving the optimal control problems, a cascadic non-linear conjugate
gradient scheme and a monotonic scheme are discussed. Results of numerical experiments with a representative finite-level quantum
system demonstrate the effectiveness of the optimal control formulation and efficiency and robustness of the proposed approaches.
© 2007 Elsevier B.V. All rights reserved.
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1. Introduction

Nowadays we witness a large growing interest in controlling quantum phenomena in a variety of application systems
[9,15,29-32]. Present and perspective applications range from quantum optics and quantum chemistry to semiconductor
nanostructures. In the last few years these research areas have received further impetus from the emerging fields of
quantum computation and quantum communication [7], aiming at quantum devices where there is the need to manipulate
wavefunctions with highest possible precision.

This high-fidelity quantum-state engineering can only be achieved putting together the most sophisticated experi-
mental and theoretical techniques for control of quantum systems. However, within each field of application one has
come up with its own strategies and it is only recently that a common consensus has arisen toward the use of optimal
control theory [10,13,21].
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In the optimal control framework, one starts by defining the optimality criteria in the form of a cost functional. For a
desired quantum-state transition, this functional will depend on the final state, the need to suppress population of certain
states during the control process, as well as other physically motivated constraints, e.g., limited laser resources. The
strategy is then to minimize this cost functional while satisfying the constraints of the underlying dynamic equations
governing the evolution of quantum states, e.g., the Schrédinger equation. The calculation of the necessary optimality
conditions for this optimization problem results in a system of coupled equations to be solved.

While we focus on quantum optimal control problems we argue that many of the results of this paper can be
extended to general time-dependent bilinear control problems. Bilinear systems [12,25] were introduced in the theory
of automatic control in the 1960s for electrical engineering applications. They represent a class of non-linear control
strategies with the aim to obtain better system response than possible with linear control. In general, the solution of
most bilinear systems poses challenging theoretical and computational problems which are open or have been only
partially addressed. This is in particular true for the control of the quantum mechanical systems discussed in this paper.

The purpose of this paper is to present a detailed formulation of a class of optimal control problems for finite-level
quantum systems and to address their solution by iterative methods. We prove existence of solutions to the optimal
control problems and investigate first-order necessary optimality conditions and second-order sufficient optimality
conditions. We review modern monotonic iterative schemes and their convergence properties and use these schemes as
benchmark for an alternative solution procedure that we propose in this paper. This procedure results from combining
an appropriate extension of a newly proposed non-linear conjugate gradient (NCG) method with a cascadic acceleration
scheme. Convergence of the proposed NCG method is proved, and its competitiveness in efficiency and robustness is
demonstrated by results of numerical experiments.

In the following section, we introduce the class of finite-level quantum optimal control problems considered in this
paper. Within an appropriate functional analytical setting, existence of at least one global optimal solution is proved. We
discuss existence of Lagrange multiplier and first-order necessary conditions for a minimum. Second-order sufficient
optimality conditions are also studied that allow to characterize local minima.

In Section 3, the proposed NCG scheme is formulated. Under appropriate less restrictive assumptions, we prove
convergence of this scheme to a local minimizer. This scheme is embedded in a cascadic iteration to obtain almost
optimal computational complexity.

To validate the computational performance of our cascadic non-linear conjugate gradient scheme (C-NCG), compari-
son with efficient monotonic schemes is presented showing that the former may outperform the latter. For completeness
and for comparison of theoretical aspects, in Section 4 a detailed review of newly proposed monotonic schemes is given.

In Section 5, results of an extended set of numerical experiments are given. We show that the optimal solution is quite
sensitive to the required tolerance of the norm of the gradient. We therefore discuss additional convergence criteria
involving the order of accuracy of solutions. Further numerical experiments demonstrate efficiency of the C-NCG
approach and its robustness with respect to change of values of the optimization parameters.

A section of conclusion completes the exposition of our work.

2. Quantum optimal control problems

This section is devoted to the formulation of a class of finite-level quantum optimal control problems, which are
the subject of our investigations. Existence of solutions to the optimal control problems is proved. We investigate
first-order necessary optimality conditions addressing existence and regularity issues of the Lagrange multipliers
and, correspondingly, of the control functions. To characterize a solution to the first-order optimality conditions that
corresponds to a local minimum, second-order sufficient optimality conditions are discussed.

To some extent the analysis presented in this section can be shortened utilizing results from the literature. However,
we make use of specific properties of the underlying optimal control problem like the bilinear structure of the equality
constraints and the fact that the variables (including the control function) are complex-valued. This is a situation which
is not common in the optimal control literature and, therefore, we report all details of the proofs.

2.1. The minimization problem

We consider localized finite-level quantum systems modeled by a Schrodinger equation for an n-component wave
function  : [0, T] — C" as follows:

W) = HE@)W () forte (0,T] and %(0) = i, (1)
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where T > 0 is a given terminal time, H : C — C"*" denotes the Hamiltonian matrix depending on the external
control field ¢ : [0, 7] — C and y, € C" is a fixed initial condition. The Hamiltonian H = Hp + Hj(¢) has two
constitutive components: the constant free Hamiltonian Hy € C"*" describing the unperturbed (uncontrolled) system
and H) : C — C™" modeling the coupling of the quantum state to an external control field &.

The choice of T is a modeling issue motivated by physical considerations. Based on the quantum indeterminacy
principle AE At > 1 (where /i is the Planck’s constant that we set equal to one) we can state the following: for too small
T a highly energetic optimal control results (AE > 1) thus involving many energy levels. On the other hand, for too
large T additional decoherence channels become important, which should be avoided; see, e.g., [15]. As a guideline,
the choice of T should be related to the transition frequency.

Strictly speaking, the wavefunction description given in (1) is appropriate for an isolated quantum system and in that
case the governing Hamiltonian H is hermitian. For a more realistic non-isolated system with environment couplings
and subject to control, a more general density-matrix description would be required [35]. Alternatively, we follow the
procedure outlined in [5] to construct a non-hermitian Hamiltonian Hy accounting for environment losses.

We focus on localized quantum systems, where H; : C — C"*" is hermitian and possesses the following structure:

Hi(2) = zge Hime + 23m Hizm  for z =zg, +iz3, € C, 2)
where H g, Hi5,, € C"*" are constants and zg,, 25, € R. Consequently,
0(H1(z)) < Kolz| forall z € C, 3)

where o(-) denotes the spectral norm of complex-valued n x n matrices, | - | stands for the absolute value of complex
numbers and Ko = 2 max{o(H%.), 0(H;s,,)} = 0. Moreover, by (3) we have

0(H(z))<o(Hy) + Kolz| forall z € C.

Remark 1. (a) A control Hamiltonian with the structure given in (2) and satisfying (3) is considered in the section of
numerical experiments.

(b) Within quantum control theory, linear control Hamiltonians are of interest. They represent the first-order terms
of multipole expansion of the charged particle—electric field interaction.

We call yy : [0, T] — C" asolutionto (1)if s belongsto H'(0, T; C"), (0) =1, holds and i/ satisfies il/./:H(s(~))tp
in [0, T'] almost everywhere (a.e.). For the notion of Sobolev spaces we refer the reader to [1], for instance. Notice that
(1) is a linear system of ordinary differential equations, which therefore admits a unique solution € H'(0, T'; C")
for every ¢ € L%(0, T; C). The Hilbert space L2(0, T: C") is endowed with the canonical inner product

T
hizorcn= [ 60T dr forgi e 2O 75N,

where “*” means complex conjugate and the dot *-” denotes the usual vector—scalar product in C". We also have || -
lz20.7:0my=(" ) 172, Analogously, the inner product and the corresponding induced norm are defined on H Lo, T;CH.
To write (1) in a compact form, we define the Hilbert space

Y =L%(0,T;C") x C"
endowed with the common product topology and introduce the non-linear operator e = (eq, €2) by
i - H(s(-))lﬂ)
YO~y /-

Recall H'(0, T; C") is continuously (even compactly) embedded in C ([0, T]; C"), where C ([0, T]; C") denotes the
Banach space of all continuous functions ¢ : [0, T] — C”" that is endowed with the common norm, see [1]. Therefore,
there exists an embedding constant K > 0 satisfying

e:H'(0,T;C" x L>(0,T;C) - Y, (J,¢) — <

Wlleqo,ricny < KillWl g ricmy  forall y € H'(0, T; C"). “)
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Let (Y, &) € H' (0, T; C") x L*(0, T; C). Then we infer from (3) that
|H (e (0)|En < oCH () Y1) |3 < (20(Ho)> + 2K5 eI IV IE (0. 7707y

for almost all # € [0, T]. Thus, H (&(-))y belongs to L%(0, T; C™) and, therefore, e is well defined.

In the following we shall consider the problem of determining a control field ¢ € LZ(O, T; C), such that (1) is
fulfilled and a number of optimality criteria are met. We require that the control sequence drives the system at time 7'
close to the desired target state 1, € C". We account for limited laser resources and increased smoothness through a
minimization of the control field strengths, and we require to suppress population of intermediate states which suffer
strong environment losses, thus also enforcing our modeling choice of a non-hermitian free Hamiltonian. All these
requirements are realized in the cost functional

1 Y o,
T 0 =5 W) = Valgn + 5 el 0y + 5 el 720,12

-+ % > il 2000 5)
Jjel

where the constants 7, u >0 are regularization parameters, which allow to vary the relative importance of the objectives
represented by the various terms. We suppose that y + u > 0. The goal of the first term of the cost functional is to track
the state s close to a given terminal state at t = T'. The second and third terms are for the regularization of the problem
so that existence of at least one optimal control (see (P) below and proof of Theorem 3) is ensured. In the last term
of (5), which penalizes the occupation of certain states s the set I C {1, ..., n} denotes a subset of possible state
indices and «; > 0, j € I, are weighting factors. Depending on the parameter u, we define the Hilbert space X by

{Hl(o, T;C" x L>(0,T;C) ifu=0,
|l HYO,T;C") x H (0, T;C) if u>0

and supply X with the natural product topology. Then, the optimal control problem can be written as the following
abstract minimization problem

min J(x) subjectto x =(f,¢) € X and e(x)=0 inY. @P)

Remark 2. (1) As required in the quantum-mechanical framework, we choose [{g|c» = 1. In the case that Hp is
non-hermitian and dissipative, a target state with the normalization [y ;|c» = 1 will not be attainable. This is typical of
dissipative systems and motivates penalization of occupation of states representing environment losses.

(2) Because of H' regularization (1> 0) we have a natural setting to impose zero (boundary) conditions on the
control field outside of the control window [0, T']. This requirement is in agreement with the need of designing control
pulses with compact support.

(3) Recall the Poincaré inequality

lell L20.7.0) < Kalléll 20, 7.c)  forall e € Hy (0, T: C). (6)

Therefore, if > 0 the L?-norm of & can be bounded by the L?-norm of its derivative. This implies that we can
choose y = 0 provided u > 0 holds.

The next theorem ensures that (P) has at least one global solution.
Theorem 3. The optimal control problem (P) admits a solution (f, ¢) € X.
Proof. We prove the claim by two steps.
Step 1: We need an a-priori estimate for the solution of (1). For given ¢ € L%(0,T: ©), Eq. (1) is a linear system of

ordinary differential equations, which therefore has a unique solution y € H'(0, T'; C"). We now write (1) in integral
form

t
W) =iy, + / (Ho + Hy (e(s)Y(s)ds for 0<r<T. 7)
0
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Taking the Euclidean norm in C" on both sides of (7) and using the triangle inequality on the right-hand side results in

t
W @)len <loler + fo (e(Ho) + o(H1(e(s NP (s)lcn ds.

Now apply Gronwall’s inequality [13] to obtain

13
[y ()l < [olen exp (/ (e(Ho) + o(Hi(&(s)))) dS> for 0<r<T.
0
Using (3), squaring and integrating the above inequality over [0, T'] results in
¥l 20.7:cm) <VT ol expler + eallell20,7:c))  for 0<r<T, (8)

with ¢y = To(Hp) and ¢; = JT K. Furthermore, using the state equation (1) yields that for every ¢ € L%(0,T: C)
with [l&]l 120, 7.¢) < ¢3 the corresponding states Y = /(&) are bounded in HY0,T:C"),ie.,

11l g1 0. 7.0y <ca  for some cq > 0.
Step 2: Let {t}; > be a minimizing sequence for J, i.e.,
klim J(Wy, &) =inf{J(x)[x = (f,¢) € X and e(x) =0in Y},
—00
where we denote by Y, = Y/(&x) the unique solution to (1) for & = &. Let y > 0 and p = 0 hold. Hence,
J(WY(e), &) = 0o as el 20.7.c) =

so that the sequence {&}; > ; is bounded in L*(0, T; C). Since the unit ball in a Hilbert space is weakly compact, there
exists a weakly toan ¢ € L>(0, T; C) convergent subsequence, which we again denote by { }; > 1. Step 1 above ensures
that the corresponding sequence {; }; > is bounded in H (0, T; C"); thus, again by choosing a proper subsequence

Yp —y in H'(0,T; C",
it follows from the Sobolev embedding theorem [1] that
Y — ¥ in L*0, T; C") and in C([0, T]; C").
We can now show that (1, ¢) is a solution of the optimal control problem. Since /; solves (1) for & we have
t
() =iy + / (Ho+ Hy (ex () (s)ds for 0<r<T. ©)
0
Next, we consider the limitin k — oo of (9). The weak convergence of ¢ to ¢ in L? (0, T'; C) implies weak convergence

also for the complex conjugates, i.e., &f — &* in L*(0, T; C). Strong convergence of ¥, to Y in L?(0, T; C") allows
to go to the limit as k — oo on the right-hand side of (9). Thus, we find

t
W) =iy + /0 (Ho + Hi(e(s))y(s) ds,

which shows that yy = /(¢), or equivalently that e(s, €) = 0 in Y. We finally obtain

1 Y 1
J(W7 8) = 5 |I,D(T) - !//dli’yl + E ”8”%2(0’]";([:) + 5 Z aj”l//j”%‘Z(O’T;q:")
jel

1 . 2 1 . . 2
gz kli?go Wk(T) - l,bdh[:n + 5 hl{[i)ggf(y ||8k||L2(O,T;C))

1 . 5
+3 Z} oy im0 0,7,0n)
J

= inf{J(x)|x = (), ¢) € X and e(x) =01in Y},
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where we used the lower-semicontinuity of the L2-norm. Thus, we have proved that (i/, ¢) is a solution to (P) for y > 0
and = 0. If £ >0 and y = 0 hold the sequence {&;}; > is bounded in L%(0, T; C) by the Poincaré inequality (6).
Thus, the proof follows by analogous arguments. [

2.2. First-order necessary optimality conditions

To solve the above optimal control problem, we use the method of Lagrange multipliers (see, e.g., [21]) to turn the
constrained minimization problem (P) into an unconstrained optimization problem, and we focus on the necessary
optimality conditions of first order.

We define the Lagrangian function L : X x ¥ — R by

L(l//’ & p, Q) = J(‘pv 8) + fRe((e(l//, 8)7 (17» q))Y)
=J (. &) + Re((i) — HEOW. p)r20.1:0m + W) — o) - ¢),

for (f, ¢) € X and (p, q) € Y. To derive first-order necessary optimality conditions we need the following constraint
qualification.

Proposition 4. The operator e : X — Y is Fréchet-differentiable and its linearization Ve(x,) is surjective for every
xo = (l//o9 80) e X‘

Proof. We first prove the claim for the case i > 0. Let xo = (/,, &) € X = H' (0, T; C") x H'(0, T; C) be arbitrary.
Recall that HO1 (0, T'; C) is continuously embedded into C ([0, T']; C) so that there exists an embedding constant ¢; > 0
satisfying

lelcqo.rioy<cillelmor.cy forall &€ Hy(0, T; C). (10)

Recall that the Hamiltonian matrix H is of the form (2). We compute the directional derivative of the operator e. For
any direction x = (¥, ¢) € X, ¢ = &g, + 1&3,, With i, €3, € HO1 (0, T; R), we infer from (2) that

e(xo + hx) — e(xo) _ (l'ﬁ — H(eo ()Y — Hy (8('))‘//0)

Ve(x,)x = lim
e(xo)x Jim,

h ¥ (0)
Next we prove that the directional derivative is already the Fréchet-derivative. Note that
Hy(e(:
e(xo +x) —e(xo) — Ve(xo)x = < 1((: ))lp) .

Thus, we derive from (10), |eg,.(#)] <|e(?)| and |es,, ()| < |e(?)]:

lleCxo + x) — e(xo) — Ve(xo)x|y
2 r 2 2 2 2 2
<K? /0 6P 0) o dr < KZ 1612 0,300 191220 7

2 2 2 4
<C2(||¢||H1(0,T;C") + ”8”].11(0’]‘;@)) = C2||x"X’

where ¢y = c% Kg /2. Consequently,

- -V
0< lim Aelet®) Zebn) = Vebalxlly 0y — o
xl1x\O llx |l x llx]lx \O

so that the directional derivative Ve(x,) is already the Fréchet-derivative.
Next we prove that the linear operator Ve(x,) is surjective forevery xo=(/,, &) € X.Recallthatyr, € C([0, T]; C").
Let (f, fo) € Y be arbitrary. Then Ve(x,) (), &) = (f, fo) is equivalent to

Wy = H(eoO)W + Hi(e(O)W, + f in (0.T] and (0) = fo. (11)
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Applying (3) and (4), the right-hand side g = Hj (¢(-))¥, + f belongs to L>(0, T; C") for every ¢ € L>(0, T; C). Thus,
(11) is a linear system of ordinary differential equations that admits a unique solution € H'(0, T; C") for every
ee L?0,T;C). In particular, the operator Ve(x,) is surjective. [

Remark 5. It follows from the proof of Proposition 4 that the linear operator ey(xo) : H Lo, T;C" - Yis bijective,
where ey (x,) denotes the partial Fréchet-derivative at x, with respect to y € H 1 O, T;C".

Notice that the quadratic cost functional J : X — [0, 00) is twice continuously Fréchet-differentiable. Using
Proposition 4, first-order necessary conditions for a minimum are obtained by equating to zero the Fréchet derivatives
of L with respect to ({, ¢, p, q), where Ly, L, Lp, and L, denote the partial derivatives of L with respect to W, & p,
and ¢, respectively. We have VL({, ¢, p, q) = (Ll/,, Lg, Ly, Ly).

Theorem 6. Suppose that xo = (., &) € X is a local solution to (P). Then there exist (unique) Lagrange multipliers
po € H'(0, T; C") and q, € C" satisfying

W, =H(())Y, in0T], (12a)
V6 (0) =y, (12b)
i(po)j = (H(eo(:)*po)j —aj(Yo); in(0,T], jel, (12¢)
i(po)j = (H(eo(:))*po); in (0, T], jél, (12d)
ipo(T) =Y, (T) — Yy, (12¢)
go =1po(0), (12f)
— o + V60 = Re(Hywe Vo - pX) + iRe(Hy 50V - p)  in (0, T], (12g)
& (T) = &(0) =0. (12h)

in case of u> 0. Moreover, ¢, € C2([0, T; CO)NC(0,T]; C),ie., &, is a classical solution. If t= 0 holds, (12g) and
(12h) have to be replaced by

veo = Re(HiweWo - p3) +iRe(Hizub, - p3)  in (0, 7). (12g)
Proof. It follows from Proposition 4 that there exist (unique) Lagrange multipliers (p,, g,) € Y satisfying
VL(XQ, Po> C]o) =0 inXxY. (13)

The condition L ,(Xo, po, o) =01in L2(O, T; C") implies (12a), whereas the equation L, (xo, po, go) =0in C" yields
(12b). Next we turn to the partial derivative of the Lagrangian with respect to . Let ¢ € H'(0, T; C") be arbitrary.
Then we find

Ly (Xo, Por go)p = Re | (W (T) =) - STV + Y (W02 ¢ 1200707
jel
+ Re((id — H(eo()b. po)r2o,1:0m + 6(0) - 42). (14)
Using integration by parts and (13) we obtain
Re((ip — H(eo(N . Po)r20.1:0m) = Re((ipo — H(eo())* Po ) 1 0.7:C7y. 11 (0.7:C")
+ Re(ipo(T) - $(T)" —ips(0) - $(0)"),

where (-, ) y1(o,7:cy. g1 0.7:cry Stands for the dual pairing of H'(0, T; C") and its dual space H'(0, T; C")'. We
infer from (14) that (12c)—(12d) are satisfied in H'(0, 7; C")’. From (3) and the fact that \_, p, € L*(0, T; C"), it
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follows that the right-hand sides in (12¢)—(12d) even belong to L2(0, T; C"). Hence, Do 1s an element in H Lo, T;Ch
and (12¢)—(12d) hold in L2(0, T; C"). Inserting (12¢)—(12d) in (14) implies (12e)—(12f). In case of u > 0, we conclude
from Ly, (X0, Pos go)ene = 0 for all € = &g, +ie3, € H'(0, T; C) that

T
V{eoRes ERe) 12(0,7:R) T H(Eoes ERe) 12(0,7:R) — Re (/o ere Himels - PZ) =0

with &, = &o90 + 1663, € H(} (0, T; C) and &,93,, €07 € H(} (0, T; R). Applying integration by parts we derive

(Eoer ERe) 12(0.7:R) = — (EoRes ERe) H1(0.T:RY . H1(0.T:R)-

Hence,

Veothe — Heome — Re(Hiwes - p3) = 0. (15)
Analogously, Lgy (Xo, Do, go)eg, =0 forall e = eg, +ie3, € H'(0, T; C) implies that

VeoTm — Meo3m — Re(H 3V, - p3) = 0. (16)

Multiplying (16) by the complex unit i and adding (15) we obtain (12g), whereas (12h) follows directly from &, €
Hé (0, T; C). Since Y., po € C([0, T]; C"), the right-hand side in (12g) belongs to C ([0, T']; C). Thus, &, is a classical
solution. In case of u = 0 we have to replace (15)—(16) by

Veosm — Hiome — Re(HigeWo - p) =0 and  yeoz, — Re(Hizn, - p3) =0, (17)
respectively, so that we derive (12g"). O

Having computed a solution to the first-order conditions (12) it remains to verify that this solution corresponds to a
local minimum. For this reason, second-order optimality conditions are considered in the next section.

Remark 7. Recall that (1) is uniquely solvable for every ¢ € L?(0, T; C). Thus, it is meaningful to introduce the
so-called reduced cost functional J : H! (0, T; C) — R given by

J(&) = J (@), ), (18)

where 1/ (¢) denotes the unique solution to (1) for . It follows from the proof of Theorem 6 that the gradient of J with
respect to the real and imaginary parts of ¢ = &g, + i€3,, iS given by

YeRe — ,u.éo‘Re - iRe(Hl‘Relp ' P*)>

- ) 19)
Ve3m — Hezy — Re(Hiz - p¥)

vﬂa:(

whereAlﬁ and p solve (12a)—(12b) and (12¢)—(12e), respectively, with ¢ instead of ¢,; compare (15)-(16). If x= 0 holds,
then J is defined on LZ(O, T; C) and we have the representation

VERe — iRe(HlfRel// : P*) )

; (20)
Ve3m — SRe(I_IlSmW ' P*)

vﬂa:(
see (17).
2.3. Second-order sufficient optimality conditions
Problem (P) is a non-convex programming problem so that different local minima will probably occur. Numerical

methods will deliver a local minimum close to the given starting point. Suppose that x, = (,, &) € X is an optimal
solution to (P) and that (po, q,) € Y are the associated Lagrange multiplier satisfying (12¢)—(12f). The second
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Fréchet-derivative of the Lagrangian—denoted by L,—at (x,, po, go) With respect to x is given by
Lyx(Xo, Pos go)(x, X)
= W(Den + 71720 7:0) F BN 20 7o) + D 117200 7.0
jel
T
—2%Re (/0 (Hi )Y (@) - po()* dt) ,

for every direction x = (, &) € X.
In case of p > 0 the second-order sufficient optimality conditions for (P) are as follows (see, e.g., [24]): There exists
a constant k > 0 such that

L (o, Pos 4o) (W, ), (f, ) Z k(W 151 0,700y + 181310 7)) 21)
for all (i, &) € X satisfying the linearized state equation
i) = H(e(OW + Hi(e()Y, in (0.T] and 1(0)=0. (22)

It follows from Proposition 4 and Remark 5 that for every & € L?(0, T'; C) the problem (22) possesses a unique solution.
In case of u = 0 we have to replace (21) by

Lx (Yo, Pos 4o) (s ), G, €) Z kU131 g 7oy + e300 7)) (23)

To prove the second-order sufficient optimality condition we need the following two lemmas.

Lemma 8. Let(l}o, &) € L*(0, T; C")x L*(0, T; C) represent the linearization point andlet (Y, ¢) € H'(0, T; C")x
L*(0, T; C) satisfy (22). Then there exists a constant C > 0 depending on v, and &, so that

Wl Lo, 1.7y + Wl L20.7:0m) S Cllell L2, 7.0)  for almost all t € (0, T1. (24)

Proof. To prove the assertion we apply Gronwall’s lemma. From (22) we have

1 . 1 ~
W (1) =iy (0) +/(; W (s)ds =/0 (Ho + Hi(E(s))Y(s) + Hi(e(s)o(s) ds

for almost all 7 € (0, T']. Using (3) we find

4 ~
W (®)len < /O (e(Ho) + Kolzo()DIY(s)len + Kole() 1Yo (s)|cn ds

' 1/2
<O+ 131329 7.0 ( /0 ()] ds) + Callelr20,7:0)
where C| = max{ZTQ(Ho)z, ZKg} and Cy = KO”‘ZQHLZ(O,T;C")- Consequently,

t
W(©IEn <Cs ((1 +zol720.7.c)) /0 ()l ds + ||s||iz(O,T;©> :

with C3 = max{2C?, 2C22}. Applying Gronwall’s lemma and using /(0) = 0 we obtain

C3t (141312

~ )
W DIEn <C3lWoll 70,720 € 20T el 720 .0 (25)
for almost all ¢ € (0, T'] and
7 C3T (1+|% 12 )
W72, 7.0y ST C3lWol 720 7 cn) € 20O el 720 7.0 (26)

From (25) and (26) we infer (24). [
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Remark 9. If in addition to the hypotheses of Lemma 8, we have l/NJO € L°°(0, T; C") then we can give an estimate
for y in the H'(0, T; C")-norm. Applying (3), it follows that

. T ~
W72 0,70 = /0 |(Ho + Hy G (1) + Hi(e(s)o(0)|* dt
T ~
</0 (e(Ho) + Kol& (DI (0)]cr + Kole()| Yo (1) |cn|* dt

< fo ' 2(0(Ho) + Ko e (D W () [Fn + 2K |e(0) * 1o (1) |30 dt
<4e(HO W17 20,7 0m) T 4KV e 0. 7.0 1o 1720, 720
+ 2K o170 0. 7.0 1803 20,70
SCall¥ oo omy + W20 7 0my + el T2 0.7
with
Ca = max{4o(Ho)*, 4K§ 12l 720 7.c)0 2KGIWoll7 o 1.0n) -
Thus, it follows from Lemma 8 that

11l a0, 7:0m < Csllell 20,7:0) 27

for a constant Cs > 0 depending on ||\, [| o0, 7;c7y and [l 12(0,7:C)-

Lemma 10. Suppose that (s, &) is a local solution to (P). Let 0. = (o) € R" be given by o;; > 0 fori € I and o; =0
otherwise. Then the solution p, € H 1 (0, T; C™") to (12¢)—(12e) satisfies

[Po(ler SC(Wo(T) = Yyler + 1Dabs Nl L1, 7:¢m))  for almost all t € [0, T1,

where the constant C > 0 depends on ¢, and D, denotes a diagonal matrix satisfying Dy, = diag (a1, ..., ;) € R"*".

Proof. From (12¢)—(12d) we infer

J

T
(po(T) —ips(1)); = (/ (Hy + Hi(s(s)") po(s) — ot (Yo (5)) dS)
1

for almost all 7 € [0, T) and 1 < j <n. Using (3) and i po(T) = . (T) — Y, it follows that

T
[P ler <o (T) — Yylen +/ (e(Ho) + Ko le(s)D1po(s) e + Dot (s)|en ds
t

<IWo(T) = Yyler + 1 Daboll 10,70
T 1/2
+ G+ ||eo||iz(0,r;®>”2(/t | Po ()| ds) :

where C; = max{2T Q(H())z, ZK(%}. Setting Cy = 4max{l, 2C12} we get

T
|Po()]En < Ca (w/o(T) —Valen +1Del171 0 7o cny + (A ol .70 / |Po($) |20 ds) :
t



180 A. Borzi et al. / Journal of Computational and Applied Mathematics 216 (2008) 170197

Applying Gronwall’s lemma it follows that

Co(T—1) 1+l |12

= )
|po(t)|?cn <C2€ LZ(O’T;C) (|lpo(T) - Wdl%" + ”Dc{l//o”il(o’]‘;([:n))

for almost all ¢ € [0, T'), which gives the assertion. []
Now we turn to the second-order sufficient optimality conditions. Let x, = (i, &) € X be a local solution to (P)

and (po, ¢o) € X the associated pair of Lagrange multipliers. Suppose that x> 0 and x = (, ¢) € X satisfy (22). Due
to Remark 9 and (6) there exists a constant C > 0 such that

. 1
117207 0) > z W31 0,700 (28)

By Lemma 10 there exists a constant C>0 depending on ¢, such that
1Po®er <C (Wo(T) = Yaler + 1Daoll 1 o7cn))  forall £ € [0, T1. (29)
From (3), (6), (28), and (29) we derive

Lyx(xo, Po, qo)(x, X)

i 0
29172010 + 3 120 0y + %nwnipm;cn)
T
—2K0/ OO e po (D)l dr
0

u 2 noo0 u 2
> (V + E) ||8||L2(O,T;C) + Z HSHLZ(O,T;C) + % ”lp”Hl(O’T;Qﬂ)
= CKo(Wo(T) = gler + Dol 10,7500 (el 20 7y + 1V I 0.7 0n)

| U A K 2
Z min {))+ m - CKO(|¢O(T) - wdlf[:" + ”DOCI//OHLI((),T;C"))’ Z} ”8”].11(0’7‘;@)

l,t A
+ <E — CKo(IYo(T) — Ypgler + ||Da¢o||Ll(0,T;C"))) W”?il(o,r;a:”)'
If

(30)

Kr+pu p }

Wo(T) = Yylen + 1 Doyl .n<min{ = , ——
a1c #HelLO.T:C ACKoK, 2CCK,

then

. Lo u
K = min {“/ + ik, CKo(IYo(T) = Ygler + 1Dl o, m;0m))- 1

lu A
& CKo(lo(T) — gl + ||Dxl//o||L1(o,T;a:"))}

is positive and (21) holds. In case of y = 0 we replace (28) by (27). Then, the second-order sufficient condition can be
shown analogously to the case x> 0. We summarize the results in the following theorem.

Theorem 11. Suppose that xo = (Y., &) € X is an optimal solution to (P) and that (p., qo) € Y are the associated
(unique) Lagrange multipliers satisfying (12¢c)—(12f). If (30) holds, then the second-order sufficient condition (21) is
satisfied.
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Remark 12. The second-order sufficient optimality condition holds provided the terminal residuum |y, (T') — Y 4|cn
as well as the term

T
ID2o Nl L0, 7:) =/ D ajl (o) dt
0 “
jel
are sufficiently small. The term || Do, |11 0. 7:cry is @ measure of the population lost occurring in unstable states
modeled by j» J € I.1f the population lost turns out to be large, then the terminal state does not reach the desired
state ;. Thus, the residual [y, (T) — Y, |cr is also large. On the other hand, if the population lost is small, we may
also expect that the residual is small. In Section 5 we show that appropriate choices of optimization parameters result
in small residual and reduced population lost, thus fulfilling (30).

3. Non-linear conjugate gradient approach

Our purpose is to give an appropriate formulation of the NCG method with a robust line search strategy and cascadic
acceleration that results in a competitive scheme for quantum optimal control problems. Two features determine the
success of the scheme proposed in this paper: (1) the use of a robust line search strategy together with an extension
of a newly proposed formula [11] for determining conjugate search directions in the NCG method and (2) the use of
cascadic acceleration. The latter is motivated by our computational experience and the results given in [4,36] regarding
CG schemes with cascadic acceleration applied to the solution of elliptic problems. In [4,36] it is proved that cascadic
CG schemes provide solvers with optimal computational complexity.

Gradient-type methods were the first to be used in the early day of quantum control computation [29], but appeared
to be less competitive than monotonic schemes based on the Krotov method, see Section 4. However, some encouraging
results were presented in [39] using an NCG scheme. The approach in [39] was a crude generalization of the NCG
method with a special rule concerning the value of steplength [39, formula 2.32]). The resulting algorithm was not
always robust and convergence slow-down could be observed.

In this section we illustrate our NCG approach that represents a considerable improvement with respect to the NCG
scheme in [39]. Moreover, we investigate the convergence properties of our algorithm, thus giving justification of the
use of the NCG scheme in the complex framework.

3.1. The non-linear conjugate gradient method

We start discussing the minimization by NCG methods of a differentiable function f : R™ — R. We denote
gx)=Vfkx),x eR"

NCG schemes represent extensions of linear conjugate gradient (CG) to non-quadratic problems; see, e.g., [14,37].
In the common variants, the basic idea is to avoid matrix operations and express the search directions recursively as

dk+1 = —8k+1 + Brdx, (3D
fork=1,2,..., withd; = —g;. The iterates for a minimum point are given by
Xk+1 = Xk + Trdk, (32)

where 1 > 01is a steplength. The parameter f3; is chosen so that (31)—(32) reduces to the linear CG scheme if fis a strictly
convex quadratic function and tj is the exact one-dimensional minimizer of f along d. In this case the NCG scheme
terminates in at most n steps in exact arithmetic. This case provides a lower bound to the computational complexity of
NCG schemes.

We focus on the NCG scheme in [11] based on the formula

py ._ (8k+1, &k+1)mm
Be=bc =—————
{dis yi)wm
where yr = gr+1 — gk In [11], convergence of the proposed NCG scheme is established requiring that the steplength
i satisfies the standard Wolfe conditions given by

fer) — fex + trdi) = — Otk (g dic)
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and

(g(ex + tdr), diypm > 0 {8k, di) g,

with 0 < 0 < g < 1. Replacing the second of these two conditions above with the following results in the strong Wolfe
conditions:

[{g(ex + Trdi), di) | < — 0 8k, dik) s

with0<d<a< % ; see [14]. This condition means that the graph of f should not increase too fast (beyond the minimum).
Note that convergence can only be proved provided dj is a descent direction for any &, i.e., (g, dx) < 0 holds.

Next, we discuss the minimization of the real-valued differentiable function J (e) = J(Y(e), ¢) defined in (18); see
Remark 7. Denote with g(e) = Vf(s). Note that g(e) € H& (0, T; C) for u>0and g(e) € L>(0, T; C) for u=0. In
the following we discuss the NCG scheme in a continuous setting on L>(0, T'; C) with (u, v) = (u, v) £2(0,7:C)- In the
discrete setting the following holds true with (u, v) = ¢ Zévz_ol Uy vzf, N 6t = T'; see Section 4 for more details.

We define

lgk+11>
= (33)
A= Re ey
We require that the steplength 1 satisfies
T(er) — J (e + tedi) > — 01eRe (g, di). (34)
(g(ex + tkdy), di) > oRe (gk, d), (35)

where the parameters are still chosen such that: 0 <6 <o < % The quality of line search in non-linear CG algorithms
is crucial to preserve mutual conjugacy property of search directions and to ensure that each generated direction is one
of descent. We use the Wolfe—Powell strategy to determine tx; see [26].

In the present framework, a sufficient descent condition is given by

Re (gr, di) < — ¢ gkl

for some ¢ > 0 and for all £ > 1 is guaranteed only replacing (35) with the stronger condition
1{g (ex + ki), di)| < — oRe (g, di)

(and ¢ = 1/(1 + o) results).
We consider the following NCG scheme:

Algorithm 13 (NCG method). Step 1: Given k =1, ¢1,d; = —g1, if ||g1]| <tol then stop.
Step 2: Compute 1y > 0 satisfying (34)—(35).
Step 3: Let ¢j+1 = & + ‘de/i.
Step 4: Compute gr+1 = VJ (g+1)-
If 118k+11l < tolabs or l|gk+11l <tolrerllg1ll or k = kmax then stop.
Step 5: Compute ;. by (33).
Step 6: Let div1 = —gk+1 + P di-
Step 7: Set k =k + 1, goto Step 2.

In the remaining of this section we prove convergence of the NCG scheme defined above that gives justification of
the use of the NCG scheme in the complex framework.
We need the following assumption.

Assumption 14. (1) Jis bounded from below and is continuously real differentiable in a neighborhood ./” of the level
set ¥ ={ee E: J(e)<J(e)}
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2) VvJis Lipschitz continuous in .47, i.e., there exists a constant L > 0 such that

IVJ(e1) — VJ(e)|I<L |le1 — e foralle, e € A

Notice that in our setting Assumption 14-(1) is satisfied. Moreover, ¢ — J (e) is twice continuously Fréchet-
differentiable so that Assumption 14-(2) holds at least locally.
We have

Re (g1, dir1) = Re(gr1, —grr1 + Prdi) = —llgkr1 11> + Br Re (git1, di)

2
lgeill™ g

d,
Re (dr. ve) e (gk+1, di)

= — gkt 1>+

llgk+111?

=—"———(—Re (d, yr) + Re (gk+1, di)) = By Re (gk, di).
Re (d, yi)
Therefore, we have

B = Re (gka1, dry1)
, Re (g, di)

Now we need the following lemma which is an extension of Lemma 3.2 in [11].

(36)

Lemma 15. Suppose that ¢ is a starting point for which Assumption 14 is satisfied and consider any method of the
Sform ey =¢&p + 1k dy where dy is a descent direction and 1y, satisfies (34)—(35). Then the following Zoutendijk condition
holds:

Z Re (gk, di)?
—_— <X

2
& &l

Proof. From (35) it follows that

Re (yi, di) = Re (gk+1 — &k, di) = (0 — 1) Re (g, d).
The Lipschitz condition implies that

Re (yi. di) = Re (gr1 — gk, di) <L g ]|*.
Combining the two inequalities one obtains

o — 1 Re (gk, di)
L lldk |1
This result combined with (34) gives

Tk =2

Re (gk, di)?

T (&) — J (ex + tidi) > — 015 Re (g, di) > ¢ TAE
k

s

where ¢ = (1 — 0)/L is a positive constant. Summing up for k > 1 and recalling that J is bounded below concludes
the proof. [J

We can now prove the following theorem representing an extension of Theorem 3.3 in [11].

Theorem 16. Suppose that &1 is a starting point for which Assumption 14 holds. Let the sequence {x}; > | be generated
by the NCG Algorithm 13. Then this algorithm either terminates at the stationary point or converges in the sense that

lim inf ||g¢l = O.
k— 00

If, in addition, the sequence {||dk||/||gk ||} is bounded then limy_, « || gk || = 0.
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Proof. First notice that if the NCG algorithm does not terminate after finite many iterations, we have

llgxll >0 for all k.
Next we show that the search directions are descent, in the sense that

Re (g, dr) <O. 37)
This is obvious for kK = 1. Now assume that it holds for k and recall the following two results:

Re (yi, di) > (0 — 1) Re (g, dk) (38)
and

Re (gk+1, di+1) = Pr Re (g, di)- (39)

Notice that (¢ — 1) (gk, dx) is positive. Therefore, we obtain

2 2
lgkill™ ge (2. di) < ll8k+1ll

Re (di, yr) (@—=1
That is, (37) holds for all k (and hence f3; > 0 for all k).

Now, consider the scalar product of both sides of di1 + gk+1=f dx with themselves. We have ||di+1 || 2= ﬁ% di |12 —
2R e(gkr1, dis1) — llgks1>. Dividing with Re(gx,1, dk+1)2 and using (36), we obtain

<0.

Re (gr+1, dr+1) = By Re (g, di) =

ldetl® — lldell? _( 1 ll k1 )2 1
Re (g1, dier1)? Re gk, di)? gkl Re{grs1, dir1) llgk+111
lld|I? 1
T Re (g di)? Mgl
and for k = 1 we have ||d; ||>/Re (g1, d1)> = 1/|/g1|*. Therefore, we have
di | oo
ldl” > forall k> 1. (40)

Re (gr, di)?

i=l

The proof of the theorem is concluded with a contradiction argument. If the theorem is not true, then there exists a
constant ¢ > 0 such that ||gx|| = ¢ for all k > 1 and from (40) it follows that

lldi 1

k
—<_5
Re (g, di)> ~ c?

which implies that

Z Re (gk,dk)z >62 Z 1 — 0
2 = - B

=1 ekl 1k

thus contradicting Lemma 15. [J
3.2. Cascadic acceleration

The cascadic approach results from combining nested iteration techniques with iterative schemes.

Consider a hierarchy of nested grids with index lev = lev, ..., lev ;. The idea is to start from a coarse grid, with
index levg, where the size of the problem is small and therefore the problem can be solved by the iterative scheme
with a reasonable computational effort. Let us denote with xjey, the solution obtained by this process with, e.g., ‘zero’
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initialization x°, . The step that follows is to interpolate this solution to the next finer grid, using an interpolation
0

operator III:VV *+1 Therefore, we obtain an initialization of the iterative process on the finer grid that is given by
* lev+1
Xey+1 = Ly ™ Xievs

where lev = levy. With this initialization, after a sufficient number of iterations we obtain the solution xjey1. This
process is repeated until the finest grid is reached and the desired solution is obtained.

An algorithm of this method is given by the following. Denote with Xjey = Siey (X}, ) the result of the iteration, with
xjt, as initialization, that is applied until a given stopping criterion is satisfied. We have:

Algorithm 17 (Cascadic method). Step 1: Given lev = levy,
Step 2: Compute Xiey = Siey (X}5,,)-
Step 3: If lev = lev ¢ then stop.

3
xlevo .

Step 4: Else if lev <lev s then interpolate x| = Illeevv+1xlev.

Step 5: Set lev =lev + 1, goto Step 2.

The original motivation for using the cascadic approach comes from our previous computational experience and the
results given in [4,36] where a cascadic conjugate gradient method is discussed and optimal computational complexity
for elliptic problems is proved.

While we are not able to extend the convergence theory in [4,36] to the case of non-convex optimization problems
using the NCG scheme, we are able to obtain considerable computational improvement combining our NCG scheme with
the cascadic method. We denote the resulting scheme by C-NCG. For results of numerical experiments, see Section 5.

4. Monotonic schemes for quantum control

Monotonic schemes have been initially introduced in a general framework in [17-19]. Following this approach,
Tannor et al. [38] and then Zhu and Rabitz [41] have proposed two procedures for quantum control computation.
These algorithms have a common basis, as it appears in [23], where a unified framework is presented. Other extensions
have then been designed to obtain bounded and bang—bang controls [40], stochastic monotonic schemes [34] or to
optimize more general cost functionals [27] and systems involving dissipative states [28]. Recently, a relationship
between these algorithms and local trajectory tracking procedures has been established, providing a new interpretation
of these schemes [34]. At the theoretical level, some proofs of the convergence of the monotonic schemes have been
presented using either compactness and semi-group theory [20] or the Lojasiewicz inequality and its extensions [2].
On the other hand, usual time discretization of the monotonic schemes often leads to instabilities that prevent to
reach numerical convergence. This problem is studied in [22,33], where an appropriate time discretization is proposed
which avoids instability. In order to tackle the control problem of the finite-level system presented in the section of
numerical experiments, we present here a time-discretized monotonic scheme based on a Crank—Nicholson propagator.
The resulting algorithm is unconditionally stable and allows us to work with a large range of time steps.

For simplicity, throughout this section we will consider that ;1 = 0 and require the following assumption that char-
acterizes dissipation in the system.

Assumption 18. We assume that

HO_ 0 <0 f 1 e
—Y Y < orall y € H'(0, T; C").
12(0,T:C")

This assumption corresponds to the dissipative character of the system, i.e., the Euclidian norm of the wavefunction
decreases with respect to time. For reason of simplicity, we introduce an auxiliary cost functional

~ 1
J(&) 1 =Re(y - Y(T)) — % ||8||iz(0,T;@) +3 (W, A 20,1505

where 1/ and ¢ are linked by (1) and A is defined by

Ho —
(Alﬁ)j=—0€jlﬁj—< 0= W)
j
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We consider the optimal control problem corresponding to the maximization of T (¢) under the constraint (1). Notice
that this problem is equivalent to the optimal control problem (P) since

~ 1 N
J6) = Wolts = Re(w - w(T) = 5 W ) 2o rscm + 5 el 20 7.0

ol + gl
- 2

We assume that the following holds.

— .7(8).

Assumption 19. The parameters «; fulfill the condition:

Hy— H}
_Z % Wj|2_<¥¢, x//> >0 forall y € C".

el L2(0,T:C")

This assumption means that the parameters o; have to be calibrated in conjunction with the dissipative character of
the system to make the operator /A positive. This condition is necessary to guarantee the monotonicity of our algorithm
(see (43) and Lemma 21). _ _

Before presenting a monotonic scheme corresponding to the maximization of J (¢) = J ({/(¢), ¢), we need to compute
the variation of this cost functional between two control fields. Let us first define the Lagrange multiplier ¢ by

ig = (Hy + Hi(¢() g + Ay,
ig(T) =—y,. (41)

Remark 20. Given ¢ € L?(0, T; C) and v the solution to (1), the Lagrange multipliers ¢ and p are linked by the
relation

Eq. (12g), often used to update ¢ in optimization procedures, holds when replacing p by g. However, this equivalence is
not true if i and ¢ are computed with different fields, which is the case during the iterations of the monotonic schemes
(see, e.g., Lemma 21).

Consider two fields ¢ and ¢, and the corresponding wavefunctions  and v/, and Lagrange multipliers ¢ and ¢,
respectively. We have

T() = T(e) = Re(Ys - (W(T) — Y(T))) + Re( AP, ' — ) 120707,
1
+ 3 W' = AW =) 20.7:0)

v
= 501320 7.0) — lell 210y (42)

Focusing on the first two terms of this sum, we obtain
Re (g - (W'(T) —Y(T))) + Re (AP, ' — V) 120.7.c1
= Re(ig(T)" - Y'(T) = Y(T))) + Re (AP, ' — V) 120.7.c1

Hy + H, (8’('))w, _ Ho+ Hi(e() lﬁ>
i 1 LZ(O,T;C")

= ‘Re<—iq,

+ Re (—ig. ' — ) 20,700y + Re (AY Y — ) 120,701

= Re (g, (H1(£' () — HiEOWW) 20,7:07)-
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Thus, the variation in J reads as follows:
N N T
J(E)—J(e) = /0 Re(q(s)* - (H1(£'(s)) — H (e () — %(Is’(S)I2 — le()*) ds

1
t3 W' =, AW =) 20700y (43)
This formula is the starting point for the design of the monotonic algorithm. For example, we have the following result.

Lemma 21. Given ¢ € L*(0, T; C), suppose there exists & such that
1
S(Re(t) = ; SRe(q(t)* : HliRelV(l)),

1

Then J(¢) > T (e).
4.1. Time-discretized algorithm

Due to their sequential feature, monotonic schemes require a particular time discretization in order to keep their
monotonicity at the discrete level. This discretization is discussed in detail in this section.

For any given integer N, let us introduce the discretization parameter d¢ defined by N 6t =T and &y = &g, ¢ + 183 ¢
V., and g represents approximations to £(£5t), Wy (£t), q (£t).

Remark 22. Note that all what follows can be rewritten with (small enough—see Theorem 27) variable time steps.
We do not use such a discretization in order to make it simple.

Moreover, we denote by Hy the approximation of the Hamiltonian Hy + Hj(&(€dt)).
Given an initial state y/, we solve numerically (1) and (41) by a Crank—Nicholson scheme. This discretization gives
rise to the following iteration:

StH\ ™! StH,
=\1s— I 44
Ve (d o ) <d+ 5 )W (44)

and

StH* StH*\ ! ,
qo+1 = (ld + 2 Z) <1d - 2ig) qe —i0tAY g,

ign ==y, (45)

where 1, is the identity matrix. Since Hj(¢) is hermitian and because of Assumption 18, the following uniform bounds
can be obtained:

Weler <Wolers  lgeler T p(A) oler + Wyler  forall £=0,..., N. (46)

We also introduce the time-discretized cost functional
N—1 N-—1
~ yot , Ot
J5i(e) = Re(Wy - Yy) — 5 ;_0 lee|” + > zE—o APy o)

Remark 23. Here, we use a first-order approximation for the integrals appearing in the cost functional for reason of
simplicity. Yet, our approach can be applied with higher order approximations.
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Consider two control fields ¢ and ¢. Repeating the computations of the previous section at the discrete level, we
obtain the following equivalent to (43):

N-1

7 > 70
Ton@) = T @)= Y Welqr - THW = (P = o)
£=0
5t 2
7 L= h0" A=), w

where

Ho\ ! H StH)\ ! StH'
YHy =i Id-l-ét.( Id—ét.l p— L+ —=L) 1),
21 21 21 21

We now present a monotonic scheme to optimize 75,. First, notice that given ¢ = (¢)o<¢<ny_1 and ¥, the term
Re(q; - ZHy vy — 5t%(|82 |> — |¢|?) in (47) depends only on €. Starting from this remark, the algorithm we propose
consists in optimizing recursively each term of the first sum in (47) with respect to &, via one iteration of a Newton
method.

Let us compute a Taylor expansion with respect to deg = &, — &¢ = 0&xe ¢ + 1063, ¢ Defining AHy = Hy (¢) — Hy (¢),
we have

o . oo, StHO\ ™' o
(qz . gZHglﬁz) = E(qe . AHglpz) —1 T |:Q(Z -AHy (Id - i 2) AHglpZ:|

+o((AHp)?),
where
~ StH StHEN\ ™! )
qe=\1ls+ | 1la+ % I; — % qe=4qe¢ + qo+1 +15t/11//£+1,

This expression can be rewritten in terms of the quantity dg;:
ot 5893)’( ior? 0ERe. ¢ ¥ 5893)’(
oy () 52 ()
533m,£ 583m,£ 583m,£
+0((0e0)°),
where § stands for transpose, and the matrices Ay and B, are given by
v/
(@7 - HineVy) Beii Bran
Az=<~ o] Bz=< ) (48)
@ - Hisal) Bian Bias

with

~ OtH, -1 v/
Bei1= (QEk : Hl‘.]?e(Id - ) Higelr,

~ OtHy -1 v/
Be,z,z=<‘]2k'H13m<1d— 2i> Hlsml//e)
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By 12= B¢

1 OtHy StHy\ ™! o
=3 qr - yHizm| la — 5 Hme‘/fz + Hige| 1 — T HyzmWo g |-
On the other hand, one has
) 2 ERe, ¢ ' 58fRe,Z 58‘3‘36,@ f 589?6,8
leg]™ — leel” =2 + ,
E3m, e 583m,@ 583m,€ 583m,l

and the corresponding variation in the cost functional reads

~ / _ N—1 1 S‘RE,@ i 589}6,(
15,@)—15,(8):&Z(z“”‘e‘y(-~ )) ( )

=0 E3m. ¢ 563,,”’[

5%@)’( ot 7, )(5%@) 5
— ’ —— 3mBy + = )+ o((de
(583m,8 4 e 2 583m,£ (( e) )

o X
+ o D W=y AW =),
£=0

where 15 denotes the identity matrix of R?.

Algorithm 24 (Crank—Nicholson monotonic scheme (CNMS)). Let us denote by ||.||q the Euclidian norm on R%. Given
an initial control amplitude €°, its associated state lﬁo and Lagrange multiplier ¢° and a tolerance tol > 0, suppose
that wk, qk, sk, have already been computed. The derivation oflkar], qk+1, sk‘H, is done as follows:

) <(<q’<)* Hlmetiﬁ)> _ <8§ze,e)
((Clk)* Hle‘Z]z) 6kSm,/Z

Step 2. Forward propagation: Given w’{)“ =, compute recursively zp[ from lﬁkH

Step 1. Ifoz\:Ol

< tol, then stop.
d

Step 2.1. (Newton iteration) Compute sle by

Jet1 k —1 k
6‘Re l S‘Re,l 1 ot Y 1 k41 Si}ie,ﬁ
( ket = k +§ —Z\S B +§I2 E‘J{eAe -7 k s (49)
TJm, € SSm,Z 83m ¢

~ o~ v v k+1
where AtV is defined by (48), with § = §* and l,b/ =y * .

Step 2.2. Compute lﬂ]ﬁ]l by (44).

Step 3. Backward propagation: Given qlli, = iy;, compute recursively qk+1 from qéfill by (45).
Step 4. Go back to Step 1.

4.2. Convergence of the algorithm

We present some results concerning the convergence of the CNMS. An important property of this scheme is that the
sequence (&) reN 18 bounded, as claimed in the next lemma.

Lemma 25. For small enough dt, there exists M, such that

VkeN, VE=0..N—-1, |dy, I<M, |&, <M.

Jm,l'
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Proof. Consider an initial control field ¢° and define m and M by

m =2Kolpolcr (Waler + p(A(T + othyglen)),

2m
A=—+ max |32|,
y  ¢=0..N—1

M =34
Let us denote by Ag, ¢ and Az, ¢ the components of A,. Given ¢ such that

max |eg, ¢l <M, max |éex <M,
=0 N—1 | ch,€|\ —0 1 | \$m,€|\

the estimates (46) and the definition (48) give

m
1 — 0t ((p(Ho) + Kov/2M)/2)

max(|Age, |, [Azm,el) <

(50)

A similar estimate can be obtained for the coefficients of By, when ¢ satisfies (50). Let us denote by b the bound obtained

in this case.
The iteration (49) reads

5k
S = (I — oF)ek + 2L Re Ak,
2y
where

ot !
5k = <—2—ySm Bf + 12> .

Now suppose that, for given k, £ € N, max(lsl{Re el’ |8’i§m e|) < M and that ¢ is such that:

m

<yA
1 — 6t ((p(Ho) + Kov/2M)/2)

Since the coefficients of Béf are bounded by b, it can be supposed that the diagonal coefficients of 5]1? belong to [%, %]

and the others to [—%, %]. Then

max([Age el, [Azm o)) <A

Consequently:
k1 k k k k 105 1.1
legre. ol SIL =0y 1 11leq, o +10¢ 1 21165, (| + 2 |ReAge ¢l +
Siaal. 165l
koK Kok 19,11 012
S —= 0y 1 1lleg, ol +10g 1 21165, ] + > s ) z
.11l + 1651 5
k k 10¢.1,1 01,2
< <|1—5e,1,1|+|5e,1,2|+—6 M

SM’

k+1

where 512’ ;,j denotes the components of 5]2. The same result holds for [e5) ",

The next lemma gives a result about the monotonicity of CNMS.

k
10¢,1.!

|. The lemma follows.
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Lemma 26. For small enough dt, the CNMS converges monotonically, in the sense that

>0, Tp ) = Tsi (@) 2nlld ! = I

Proof. The variation in J~5, between two iterations reads

.. N-1 N-1
~ ~ ty ot
Tor @D = Toy () = =5 3 10 P4 = 30 (W = ¥r)* - AW, — )
=0 =0
N—1
+ Z Re Ré‘,
=0
where
. k k i k
St o€ 52 [ & o
Rif _ (Clé{ * »@HZ‘//]ZH) o (AIE)T Re, ¢ +i Ne, L Béf Re ¢ )
2 dek 4\ ok Sek
Jm, L Jm £ Jm, L

Using the Taylor—Lagrange formula and Lemma 25, we obtain
RE =182 o(or),
and the result follows. [

Further analysis shows that there exists v > 0 such that
T (ok+l1 k+1 k
IV o Dl ew <ol = &l e,

where VJ~5, denotes the gradient of J~5, with respect to e. This fact combined with Lemma 26 enables us to claim the
following convergence result.

Theorem 27. For all initial value £°, the sequence (¢X).cn converges toward a critical point of \ZSt- Denoting by >
this limit, there exists ¢ > 0 and y > 0 such that:

lleF — &)l v <ck L.

Note that, for large values of 7, it can be proved that the convergence rate is indeed linear. We refer to [33] for the
details of the proof.

5. Numerical experiments

We present results of numerical experiments considering the control of a representative three-level quantum system.
The main purpose of this section is to show that the proposed cascadic NCG scheme is efficient and robust with respect
to the choice of the optimization parameters. In fact, at least with the model considered in this section, the cascadic NCG
scheme results more efficient and robust than the monotonic scheme. With the improved computational performance
obtained with the cascadic NCG scheme we are able to solve the quantum optimal control problem to very small
residual and investigate the tracking performance of our optimal control formulation also in the case of very small
regularization (optimization) parameters.

Consider a three-level quantum system whose configuration is represented by ¥ = (Y, ¥, ¥3) € H' (0, T; C?)
which consists of two long-lived states ¥/, and \/,, which are energetically separated by some amount J, and a state
V3, which has a finite lifetime because of environment coupling (wiggled line); see Fig. 1. Such A-type configurations
have a long-standing history in quantum optics and have been demonstrated successful in the explanation of many
coherence-phenomena in atomic systems [3]; more recently, similar configurations have received increasing attention
also in semiconductor quantum dots [6,16].
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&)

23
¥

Fig. 1. Prototypical /A-type three-level scheme: /| and \/, are long-lived states whereas /3 is a short-lived state which is optically coupled to both
Y and ,; wiggled line indicates relaxation and dephasing of state 3.

Time evolution of this finite-level quantum system is governed by the following Hamiltonian [3,16]:

1 -0 0 0
H=-(0 s o), (51)

where the term —iy, accounts for environment losses (e.g., spontaneous photon emissions). The coupling to the external
field ¢ = e, + i€, reads

1 0 0 Hié
Hi(e) =—= 0 0  wel, (52)
2 mpet et 0

where p; and u, describe the coupling strengths of states 1/, and i, to the inter-connecting state /5 (e.g., optical dipole
matrix elements).
Typical initial and final states are given by

1 0
n=(0) wa 0= ().
0 0

respectively.
Concerning the optimality condition (12g) we have

HlsReZ—E 0 0 12%) and HIsz_E 0 0 i, |-
mo oty 0 —iyy  —ip, O

Assuming that the system is initially prepared in state 1, we use the optimal control approach to determine the
most efficient way to bring the system close to ;. The form of Hj (¢) is such that direct optical transition between
and , is forbidden. The presence of the third auxiliary state 13 allows this transition through intermediate population
transfer while introducing losses because of environment coupling. Therefore, we require to find a sequence of laser
pulses that minimizes the population of level /5 along evolution. Therefore, we have I = {3} in the cost functional (5)
and we denote oz = o.

To determine the evolution of state and adjoint variables we consider an implicit second-order Crank—Nicholson
scheme. Given the solution at time step £, the value of the wave function at the next time step £ 4 1 is given by

Ve =¥ 1 1
= = EHHIWH + EHZW-

Thus v, is given by

ot | ot
=(;— —H - 1 —
Vopr = Ua 5 1) ( a4+ 5

Hg)l//l, £=0,...,N—1.
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Table 1

Optimization results for different values of tolerance

tol lIres. || W (T) = les J CPU
1074 2.93-1073 5.46-1073 7.69 - 1072 1.09

10-° 1.49-1073 2.99.1073 6.77-1073 3.04

10-8 2.39.1073 3.13.1073 6.77-1073 5.43

10-10 5.23-107° 3.15-1073 6.77-1073 8.18

10712 8.84.1077 3.15-1073 6.77-1073 28.29

6 - -
— real

4 1 |__ image

2

0

Control e (t)
Control e (t)

0 05 1 15 2 25 3 35 4 45 5 0O 05 1 15 2 25 3 35 4 45 5
Time Time

Fig. 2. Control fields computed with different choices of tolerance tol = {10_4, 10_8} (from left to right).

In our case of a three-level quantum system, the operator (I; + i(6t/2)Hyy1) is a 3 x 3 complex matrix which is
easily invertible. The formula above holds for the adjoint equation marching backwards by inverting the time direction.
Notice that this scheme is slightly different from the one presented in Section 4.1, this latter being relevant to the
sequential feature of the CNMS scheme. However, in both the cases we expect second-order accuracy of solutions.
This is demonstrated by the results of numerical experiments given below.

Some of problems’ parameters are held fixed. We choose ¢ = 20, o =0.01, py =1, up =1, 01 =0, ap = 0, and
T =5. N is the number of time steps and 6t = T/ N. The figures are computed with N = 4096.

First we focus on the problem of assessing convergence of iterative solvers to quantum optimal control solutions.
We give evidence that optimal solutions are quite sensitive to the order of tolerance required in computations. For this
purpose consider the results reported in Table 1. These results have been obtained using the convergence criterion

|Jk+l _ Jk|

J <tol,

where J* is the value of the reduced cost functional after k iterations. This criterion is commonly used in the scientific
computing community and typical values for the tolerance are tol € (107, 10~#). One should notice that in the case of
minimization problems with flat minima basins, such convergence criteria may be misleading. This fact can be partly
seen in Table 1 considering the values of [Y/(T) — /4|3 and of J. In Fig. 2, a more dramatic picture is given of how
sensitive the optimal solution is with respect to the chosen tolerance.

On the other hand, resulting values of the discrete L2(0, T; C)-norm (denoted by || - |) of the residual of the optimality
conditions (12g), |[res;||, suggest to use this value in order to have a robust convergence criteria. In fact, we use the
criteria as given in NCG Algorithm 13, that is,

lgk+1ll <tolaps and [[grs1ll <toler llg1lls

where we take tole] = 10 tol,ps.
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Table 2
Approximation results for different meshes; N = 2'¢Y

N lley, tev—1l lley, tev—1l lleys tev—1ll lleztev—1ll
tolaps = 1077 512 1.4-1072 5.4-1073 42.1073 6.1-10713
1024 35.1073 131073 1.0-1073 6.8-1073
2048 8.9-10* 3.3-107% 2.6-107* 1.7-1073
4096 22107 8.7-1073 7.0-107° 3.6-1074
tolgps = 1075
512 1.4-1072 5.2-1073 42.1073 6.3-10713
1024 35-1073 141073 1.1-1073 6.0-1073
2048 8.6-10~* 3.7-107% 32-107% 1.3-1073
4096 22-107% 8.1-107° 7.2-107° 3.7-1074
tolgps = 1073
512 1.4-1072 721073 5.5-1073 6.5-10713
1024 35-1073 1.3-1073 1.9-1073 441073
2048 9.2.107* 5.7-107% 52-107* 82-1074
4096 23-107% 9.8.107° 1.2-107* 3.6-1074
Table 3
Residuals on mesh N = 8192 for different values of tolerance
tol [lrese || [lresy || [lres |
1074 2.9.1073 6.5-10713 5.9.1071%
10-°¢ 1.5-1073 6.3-10713 42.10°15
10-8 241073 6.3-10713 42.10715
10-10 5.2-107° 6.2-10713 4.1-1071
1012 8.8-1077 6.1-10713 4.0-1071
Table 4
Computational efforts of the NCG scheme and the CNMS scheme for different choices of tolerance
tolabs N =2048 N = 4096
CPU(NCG) CPU(CNMS) CPU(NCG) CPU(CNMS)
107* 1.17 1.28 232 1.39
1073 432 12.63 9.26 15.92
1076 5.01 48.00 17.21 no conv
Table 5
Computational effort to solve for toly,s = 107, Yo = 0.01, a3 = 0.05; in C-NCG coarsest level N = 1024
N y=10"* y=10"°
CPU(NCG) CPU(C-NCG) CPU(NCG) CPU(C-NCG)
4096 40.54 6.26 254.70 58.10
8192 112.57 12.71 319.46 134.00
16 384 312.17 27.42 626.84 279.46

While analysis of accuracy of numerical approximation of quantum optimal control problems deserves additional
effort in a separate work, we provide results of experiments that demonstrate that using second-order marching schemes
for the optimality system results in second-order accurate solutions. To show this fact, and since it is difficult to define
an exact solution for this class of problems, we adopt the following strategy [8] that can be viewed as an additional

criteria of convergence to the optimal solution.

Consider a hierarchy of nested meshes with N =2!*V where lev is the level index. We take the solution on a fine mesh
lev as the reference solution for computing the error on the next coarser mesh lev — 1 as follows €Yk lev—1 = Vilev—1 —
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Table 6
Optimization results depending on optimization parameters, tolyps = 1077
Y U o W(T) = Yyles J CPU
1077 1077 0.05 8.6-10% 2.37-1073 19.6
1077 107° 0.05 3.7-107% 5.46-1074 55.6
1077 0 0.05 6.9-107° 1.41-1074 4248
1077 0 0 1.2.1073 2.33.1076 763.1
104 10~* 0.05 3.3-1072 6.52-1072 473
1074 1076 0.05 44.1073 9.03-1073 423
104 0 0.05 2.7-1073 5.68-1073 17.2
1074 0 0 8.3-1073 3.34-107* 5.5
8 . : : . . . . . .
1
6| . — real |
o -- image
4 P 08
2 P
° 0 0.6
° Vo
5 2 LT -
(@] Sy s 04
4 3 ]
6 1 o2
8t ]
-10 : : : : : : : : : 0

0.8

0.6

Control e (t)

0.4

0.2

1 0 i L L de== 1 h I L I

-8 . . . . . . . .
0 05 1 15 2 25 3 35 4 45 5 0 05 1 15 2 25 3 35 4 45 5

Fig. 3. Optimal solutions for y = 10~% and =0 (top) and u= 1070 (bottom) a3 = 0.01. Left, the control field, right, the wave function.

111;‘,’_1 Vitevs kK =1,2,3, and egley—1 = &lev—1 — llgvv_lslev where 111;‘/’_1 is injection. In Table 2 we report results for
different meshes and different values of tolerance obtained with the NCG scheme. We see that for sufficiently small
tol,ps second-order accuracy is attained. This result suggests a way to assess convergence of optimal solutions. In Table 3
we report values of norm of residuals. Because at each time step the exact solution of the implicit Crank—Nicholson
scheme is performed, residuals of state and adjoint equations are zero. On the other hand, we see again that [res;|| is

representative of the attained accuracy of the solution.
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In Table 4 results are reported to compare the computational performance of the NCG scheme (without cascadic
acceleration) and the CNMS scheme for different choices of tolerance and mesh sizes. We see that the NCG scheme
provides increasing better performance as tol,ps is taken smaller and N is taken larger. Further experiments show lack
of robustness of the CNMS scheme when 7 is sufficiently small. That is, smaller time step-size Jt is required for
convergence with the consequence of slowing down of the iteration or else the algorithm may diverge.

The remaining part of this section is dedicated to the improvement of the NCG approach by cascadic acceleration
and to the investigation of the tracking ability of our optimal control formulation.

In Table 5, the performance of the NCG scheme and its accelerated version, C-NCG, are compared. We see a dramatic
improvement with the C-NCG version especially for moderate values of y. Taking smaller y the optimal control problem
becomes more ill-conditioned (stiff) and more computational effort is required for convergence.

We now discuss the effect of different choices of values of the optimization parameters using the results reported
in Table 6. As required we see that smaller values of [/(T) — Y,|p3 are attained for smaller 7. We remark that
7 = 1077 is quite small and that makes the problem quite stiff and ill-conditioned. The NCG algorithm appears to
be robust with respect to changes of y. We can also see the effect of the regularization parameter u. As u increases,
W(T) — Y lcs increases, demonstrating that the additional smoothness of the control function (slightly) reduces
the capability of tracking. Apparently, larger u makes the problem behaving better, resulting in a smaller number of
iterations. Concerning the parameter a3 = o we obtain better tracking for non-zero «. This is expected since we have
[W4lcs =1, whereas [ (T)| 3 < 1 whenever 7, > 0, because of dissipation. By taking o > 0 dissipation is reduced and,
therefore, better [Y/(T) — 4|3 is possibly achieved (Fig. 3).

6. Conclusions

Optimal control of finite-level quantum systems was investigated and iterative solution procedures were discussed.

It was shown that a cascadic non-linear conjugate gradient (C-NCG) approach provides a very efficient solution
procedure that may outperform fast monotonic schemes. Moreover, it appeared that the C-NCG approach provides a
robust iteration allowing to solve for very small values of the optimization parameters. This computational performance
was exploited to investigate the tracking properties of our optimal control formulation. Results of numerical experiments
were reported to demonstrate the efficiency and robustness of the proposed approach.
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