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The purpose of unitary synthesis is to find a gate sequence that optimally approximates a target unitary transformation. A new
synthesis approach, called probabilistic synthesis, has been introduced, and its superiority has been demonstrated over traditional de-
terministic approaches with respect to approximation error and gate length. However, the optimality of current probabilistic synthesis
algorithms is unknown. We obtain the tight lower bound on the approximation error obtained by the optimal probabilistic synthesis,
which guarantees the sub-optimality of current algorithms. We also show its tight upper bound, which improves and unifies current
upper bounds depending on the class of target unitaries. These two bounds reveal the fundamental relationship of approximation
error between probabilistic approximation and deterministic approximation of unitary transformations. From a computational point
of view, we show that the optimal probability distribution can be computed by the semidefinite program (SDP) we construct. We also
construct an efficient probabilistic synthesis algorithm for single-qubit unitaries, rigorously estimate its time complexity, and show

that it reduces the approximation error quadratically compared with deterministic algorithms.
CCS Concepts: « Theory of computation — Quantum complexity theory; Quantum information theory.
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1 INTRODUCTION

In quantum simulation and quantum computation, a global unitary transformation on a many-body quantum system
is obtained as a sequence of unitary transformations on a fixed-size system, e.g., those obtained by nearest-neighbor
interactions. To guarantee and increase the accuracy of obtaining such transformations, rather than controlling their
continuous parameters, each unitary transformation on the fixed-size system is realized as a sequence of gates chosen
from a finite gate set {g;}, where each g; results in a fixed unitary transformation with negligible error thanks to the
sophisticated calibration, quantum error correction [28] or the nature of the system [17]. If {g;}; is universal, arbitrary
unitary transformation can be approximated by a unitary transformation g;, o- - -0g;, 0 g;, obtained as a gate sequence
for an appropriate choice of gate length n depending on the approximate error one wants to achieve. For a given
universal gate set such as the set of the Hadamard, controlled-NOT, and 7/8 gates [24], an algorithm to find a gate
sequence for a given unitary transformation and an approximation error bound is called a unitary synthesis algorithm.

To suppress the effect of decoherence or overhead caused by the fault-tolerant implementation of each gate [1, 22],
various studies [3, 4, 9, 13, 18, 20, 21, 25] have proposed unitary synthesis algorithms for minimizing the length of the
output gate sequence. Following the celebrated Solovay-Kitaev algorithm [18], many algorithms are used to find one of
the shortest gate sequences that can approximate a target unitary transformation Y within the desired approximation
error. Obviously, the goal can be achieved by brute force search [9]. However, to guarantee their efficiency, many
algorithms are designed for synthesizing restricted classes of unitary transformations by using particular gate sets or
for finding a nearly shortest gate sequence.

While approximating an Y by using a single sequence of gates is a natural approach, the advantage of another ap-

proach using a probabilistic mixture of unitaries has been demonstrated [6, 14, 19]. Suppose that a synthesis algorithm
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produces a gate sequence for implementing a unitary transformation in {¥;} = {gi, - - - °gi, ©gi, }; in accordance with
the probability distribution p(i) to approximate an Y. If the algorithm independently samples i for each time the Y is
used in the entire circuit, the physical transformation governed by the randomly executed unitary transformation ; in
accordance with the p(i) is described by a probabilistic mixture }; p(i)Y; of unitaries. In this case, the approximation
error should be measured by the distance between the Y and 3’7 p(ﬁYlf.

Campbell [6] and Vadym et al. [19] constructed algorithms to compute a probability distribution {p ) }7 for a given
Y and a set {Y;}; of unitary transformations implemented as a gate sequence such that the approximation error of

X3 p(?)Ylf against Y is almost quadratically better than that of a single optimal unitary transformation in {Ylf};.. More

precisely,

T-%; p(?)Y;’“O = O(€?) for the worst approximation error € = maxy min; % HY - Y;.HO caused by determin-
istic synthesis, where || A — B[, is the diamond norm [18, 29]. This also indicates that probabilistically executing Y in
accordance with p(i) can further reduce the length of the shortest gate sequence without increasing the approximation
error (if one measures the error by using the above diamond norm) [6]. In general, probabilistic synthesis consists of
two procedures; (i) computing a probability distribution {p (T)}; and sampling a description iofa gate sequence with
a classical computer, and (ii) implementing the sampled gate sequence on a quantum computer. In contrast to deter-
ministic synthesis, procedure (ii) may require a quantum computer to rearrange a gate sequence each time it realizes
a target unitary transformation. However, such rearrangeability is usually assumed as a standard functionality of a
quantum computer.

However, procedure (i) should be meticulously designed to construct a practical synthesis algorithm. This is because
the number of possible gate sequences grows exponentially with respect to the length n of the sequence, resulting
in a large degree of freedom in choosing {p(?)};. While a probabilistic synthesis algorithm with guaranteed time
complexity exists for single-qubit unitary transformations that correspond to axial rotations [19], no such algorithm
was known even for general single-qubit unitary transformations. Furthermore, a fundamental question remained
open regarding the optimality of existing synthesis algorithms in comparison to the minimum approximation error
Y- 2 p()Y;

an analytical perspective except for a few specific Y and sets {Y;}; [27].

miny, . Minimax optimization makes it difficult to investigate the minimum approximation error from
<

1.1  Our contribution

Y - Y2 p()Y;
synthesis and indicates the sub-optimality of current algorithms. To obtain the main result, we focus on the analytical
Y- Zp(D)Y; .
obtained by probabilistic synthesis and that by deterministic synthesis, respectively. To be mathematically comprehen-
- Sip ()Y

[6, 14, 19] depending on the class of target unitary transformations. More precisely, the two bounds are given as the

We obtain the tight lower bound on min,, ‘ , which reveals the fundamental limitation of probabilistic
<

relationship between min,, and min; ||T - Y;.”O, which represent the minimum approximation error

sive, we also obtain the tight upper bound on min, | , which essentially unifies various upper bounds
<

following theorem.
THEOREM 4.3. (simplified version) For an integerd > 2 specified below, let Y and {Y;}; be a target unitary transfor-

mation and a finite set of unitary transformations on the d-dimensional Hilbert space, respectively. It then holds that

§=1-V1-¢€2 and

€ = maxy minlf% ||Y - Y;”o .

45 1) 1 -
l (l - 3) < mYaxmping Y—Zp(i)Ylf < € with {
1

<

1)
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This theorem provides bounds on the worst approximation error caused when one probabilistically synthesizes the
target unitary transformation that is most difficult to approximate. As shown in Fig. 1, the gap between the upper and
lower bounds exists if and only if d > 3. We can show that the gap is inevitable by constructing {Y}; for achieving
the upper bound and that for achieving the lower bound. That is, Ineq. (1) represents the fundamental relationship of
the approximation error between the deterministic approximation of unitary transformations and their probabilistic
approximation that depends only on the dimension d of the system.
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Fig. 1. Lower and upper bounds on worst approximation error maxy min,, % HT - Z;p(?)T; ‘ caused by probabilistic synthesis with
o

respect to maxy min; % ||T - Y;”o caused by deterministic synthesis for two-qubit systems, i.e., d = 4. Both lower and upper bounds,
represented with thick and thin curves, respectively, are achievable for certain {13}

From a computational point of view, we show that the optimal probability distribution for approximating an Y can be
computed by the semidefinite program (SDP) we construct when the set {1} of unitary transformations implemented
as a gate sequence is given. (This set is computable with certain synthesis algorithms.) In addition to its optimality, we
can rigorously estimate the worst time complexity of our SDP due to established methods for numerically solving SDPs.
As the second main result, we construct a probabilistic synthesis algorithm for single-qubit unitary transformations
from the following theorem.

THEOREM 5.4. (informal version) For a given gate set, there exists a probabilistic synthesis algorithm for a single-qubit
unitary transformation with

INPUT: a target single-qubit unitary transformation Y and target approximation error e € (0,1)

OUTPUT: a gate sequence implementing a single-qubit unitary transformation Y; sampled from a set {3}; in accor-
dance with probability distribution p(7).
such that the algorithm satisfies the following properties:
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e Efficiency: All steps of the algorithm take polylog (%) -time,

e Quadratic improvement: The approximation error% ”Y - Z;ﬁ(?)Y;| obtained with this algorithm is upper bounded
<
by €2, whereas the error min;% ||T - Tlf”<> obtained by deterministic synthesis using the unitary transformations

in {X;}; is upper bounded by e.

The first property of the algorithm is desirable for fault-tolerant quantum computation (FTQC). The polylog (%)-
time overhead due to the synthesis algorithm does not impair a quadratic speedup achieved with a quantum computer
over a classical computer since the approximation error of each unitary transformation should satisfy % = poly (n)
if a quantum circuit contains a polynomial number of single-qubit unitaries with respect to the problem size n. Due
to the second property of the algorithm, we can verify that it surpasses current algorithms [6, 14] with respect to
the approximation error. Our algorithm also surpasses a current algorithm [19] in terms of applicability to a general

single-qubit unitary transformation.

1.2 Technical outline

Previous studies searched for the mixing probability distribution {p(3) }3 by using the first-order approximation of uni-

tary operators [6, 14] and obtained the upper bound on the worst approximation error maxy miny, % ”Y -2 p(?)Y;. .
caused by probabilistic synthesis. In contrast, we use the strong duality of SDP, essentially equivalent to the minimax
theorem, to obtain tight bounds Ineq. (1) obtained by the optimal mixing probability distribution. A similar technique
can be found in the analyses of the optimal convex approximation of quantum states by using a restricted set of states
[26] and that of unital mappings by using unitary transformations [30]. While inventing tractable upper bounds on the
approximation error of a general unital mapping is an open problem [30], we provide an upper bound by exploiting
the property of a unitary transformation as a pure unital mapping.

To prove that our single-qubit unitary synthesis algorithm satisfies the expected properties, we show the fact that 1;
that is far from Y is not necessary to be sampled to optimally approximate Y for single-qubit unitary transformations by
exploiting the magic basis [2] representation of single-qubit unitary operators. The magic basis representation enables
us to embed the metric space of single-qubit unitary transformations induced by the diamond norm into that of 53
with respect to the angle. While numerical simulations indicate the same fact holds for qudit unitary transformations,

rigorous proof is a subject for future work.

1.3 Organization

This article is organized as follows. Section 2 is devoted to preliminaries, introducing basis notations in quantum infor-
mation theory and semidefinite programming. In Section 3, we construct an SDP that computes the optimal probability
distribution in probabilistic synthesis. The SDP is provided as a primal and dual problem whose solutions coincide due
to the strong duality of the SDP. The coincidence plays a crucial role in the proof of the first main theorem about the
fundamental limitation on the approximation error shown in Section 4. Section 5 provides an efficient probabilistic
synthesis algorithm for single-qubit unitary transformations as the second main theorem. We also provide a simple
geometric interpretation of the superiority of probabilistic synthesis by considering single-qubit unitary transforma-

tions corresponding to axial rotations in Section 5.2. We present our conclusions in Section 6.
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2 PRELIMINARIES

In this section, we summarize basic notations used throughout the paper. Note that we consider only finite-dimensional
Hilbert spaces. In particular, two-dimensional Hilbert space C? is called a qubit. The L (7{) and Pos () represent the
set of linear operators and positive semidefinite operators on Hilbert space H, respectively. I € Pos () represents
the identity operator, and we sometimes use the subscript to specify the system where I acts as I4;. For Hermitian
operators A and B on H, A > B represents A — B € Pos (H), and A > B represents A — B is positive definite. The
S(H) :={pePos(H) :tr[p] =1} and P(H) = {p €S(H):tr [pz] = 1} represent the set of quantum states and
that of pure states, respectively. Pure state ¢ € P () is sometimes alternatively represented by complex unit vector
|¢) € H satisfying ¢ = [¢)(¢|. Any physical transformation of the quantum state can be represented by a completely
positive and trace preserving (CPTP) linear mapping T : L (1) — L (H2). There exists one-to-one correspondence
between a linear mapping & : L (H;) — L (#2) and its Choi-Jamiotkowski operator J(E) = X; ; [i){j| ® E([i){j]) €
L (Hi1 ® H>).

The trace distance ||p — o, of two quantum states p, o € S (H) is defined as ||M||, := %tr [\/W] for M € L (H).
It represents the maximum total variation distance between probability distributions obtained from measurements
performed on two quantum states. A similar notion measuring the distinguishability of p and o is the fidelity function,
defined by F (p,0) = maxtr [0P®7], where ®” € P(H ® H’) is a purification of p, i.e, p = trgy [®”], and the
maximization is taken over all the purifications. Fuchs-van de Graaf inequalities [10] provide relationships between

the two measures with respect to the distinguishability as follows:

1-VF(p.0) < llp~olly < VI~ F (p.0) @)

holds for any state p, o € S (H), where the equality of the right inequality holds when p and o are pure.

The distance measuring the distinguishability of two CPTP mappings A, B : L (H;) — L (H2) corresponding to
the trace distance is the diamond norm || A — B]||,, defined by % A = Bll, = maxpep(H,oH,) | ((A = B) ® id) (D) |y,
where id represents the identity mapping acting on Hs.

Let 2 : L (H1) — L (H>) be a linear Hermitian-preserving mapping and A and B be Hermitian operators on
and Hj, respectively. SDP is an optimization problem formally defined with a triple (Z, A, B) as follows [29]:

Primal problem Dual problem
maximize: tr [AX] minimize: tr [BY] 3)
subject to: X € Pos (H), subject to: Y is a Hermitian operator on Hj,
E(X)=B =H(Y) > A,

where Ef : L (Hz) — L () is the adjoint of Z, defined as the linear mapping satisfying tr [YTE(X )] =tr [(E} (Y)tx ]
forallX € L (H1) and Y € L (Hz). We can easily verify that the solution to the primal problem is smaller than or equal
to that of the dual problem. The situation when the two solutions coincide is called a strong duality. Slater’s theorem

states that the strong duality holds if either of the following conditions holds:

(1) The solution to the primal problem is finite, and there exists a Hermitian operator Y on > such that =H(Y) > A.
(2) The solution to the dual problem is finite, and there exists a positive definite operator X on H; such that
2(X) = B.
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For a metric space (X, d) and two subsets S, T C X, S is called an e-covering of T if sup, 7 infses d(s,t) < €. In this
article, we basically assume that X is the set of CPTP mappings, the metric is defined as d (A, B) = % |A - B, Sisafi-
nite set of unitary transformations and T is a subset of unitary transformations such as a 2e-ball {Y’ : % I =xj, < 26}

around a unitary transformation Y : L (H) — L (H).

3 SEMIDEFINITE PROGRAMMING FOR COMPUTING OPTIMAL MIXING PROBABILITY

In this section, we construct an SDP for computing the optimal probability distribution that minimizes the diamond
norm between the target CPTP mapping A and a probabilistic mixture of CPTP mappings { By }x. We can compute the
optimal probability distribution in probabilistic unitary synthesis by solving this SDP by restricting A and {Bx }x as

unitary transformations. We also mention the relationship between our SDP and the algorithm proposed by Campbell

[6].

PROPOSITION 3.1. Let A and {Bx}xex be a target CPTP mapping and a finite set of CPTP mappings from L (H1) to
L (Hz), respectively. Then, distance min,, % A = Yxex p(x)Bx|l, and the optimal probability distribution {p(x)}xex,

which minimizes the distance, can be computed with the following SDP:

Primal problem Dual problem
maximize: tr[J(A)T] -t minimize: reR
subjectto: 0<T < p®lyy, subjectto: S=0AS > J(A-YyiexP(x)Bx), @
p €S (H) rlgy = treq, [S],
Vx € X, tr[J(Bx)T] < t. Vx e X,p(x) 20,

ZxEXP(x) <L

Note that the strong duality holds in this SDP, i.e., the optimum primal and dual values are equal.

Proor. Recall that for two CPTP mapping A and B from L (H;) to L (Hy), % ||A — B||, can be computed by the
following SDP:

Primal problem Dual problem
maximize: tr [J(A - B)T] minimize: r € R
subjectto: 0<T < p®lqy,, subjectto: S>0AS > J(A-B),
p €S (H). rlgy, > trgy, [S].

The primal problem can be obtained by observing

1

—|A-8 = tr [((A - 8) ® id) (P11 5

5 Il Il oer r [(( ) ® id)(®)IT] ©)]
TIeProj(H,@Hs3)

= t A-B)T], 6

TET?}]?[T(:WZ) r [J( )T] (6)

where II is a Hermitian projector acting on Hy ® Hs, T(H; : Hy) :={T € Pos (H1 @ Hz) : Jp € S(H1), T < p®I}is
called the set of measuring strategies [11] or that of quantum testers [7], and the last equality was shown by Chiribella
et al. [7, Theorem 10]. To be self-contained, we provide a proof for the equality in Appendix A, with which the equality
can be verified by applying Eq. (55) with fixing E = A — B. A formal SDP and the verification of the strong duality are
provided in Appendix B.
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By extending the dual problem of this SDP to include the minimization of probability distribution {p(x)}xex,
we obtain Eq. (4). Note that the last condition Y ,cx p(x) < 1 in the dual problem is different from the condition
Yxex p(x) =1 of a probability distribution; however, the optimum dual value can be achieved under the latter condi-

tion. Again, a formal SDP and the verification of the strong duality are provided in Appendix B. m]

Foragiven Y : L(H) — L(H) and a given set {Yx : L(H) — L (H)}xex of unitary transformations imple-
mented as a gate sequence, which forms an e-covering the set of unitary transformations with sufficiently small e,
“the convex hull finding algorithm" proposed by Campbell [6] can find a probability distribution {p(x)}, . 3 such that
2ex P(x)Hx = 0, where Yy (p) = Y(e'Hxpe~iHx) and Hy = O(e) for all x € X C X. Note that M = O(e) represents
IM|loo = O(€) as € — 0 for a linear operator M € L (H) depending on €. By using the dual problem in Proposition
3.1, we can verify that the distance €, which is achievable by a deterministic unitary synthesis finding the closest Yy
to approximate Y, can be improved into O(e?) by mixing unitaries in accordance with the probability distribution
{P(0)} i as follows. First, by using the dual problem of the SDP to compute the diamond norm between two CPTP

mappings, we obtain

1 . 1. ~ -
2|1 2P| = g llid= 2, P o T < e 81, @
xeX o xeX 4
withS > 0A S > J(id) — Z PJ(X o), (8)
xeX

where H’ represents the the output system of Y, which is isomorphic to H. Second, by using the Taylor expansions

ein =1+ iHy + Ry, where Ry = 0(62), we obtain

Jd)= ) @I e X = 3 px) {=(ReJ(id) + JGARY) = i(HeJ (AR, - ReJ(d)HD)} =P (9)

xeX xeX
. 1 "
< Y| (—Rxmd)R;c + ||Rx||m1<id>)
N A
xeX
Rl Helle
(”Hx”waJ(zd>Hx+”Rx”waJ(wa)} (10)

where P = 3 < p(x)(HxJ(id)Hy + Rx](id)RI) € Pos (H ® H’), Hx and Ry acts on H’ and we use the fact that
1)1 +19)($| < ¢+ with complex vectors (|@), [/)) = (||Rx||;ﬁ ¥ (Ig0 ® Re)ljj). RIS ; |jj>) and (|g), [§)) =

1 _1 _1 1
(IIRxlléo 1Hxlloo® 25 (I ® Hx)ljj)s i IIRxlloo” 1 Hxll& 2 j(Igr ® Rx)l]']')) in the inequality. Third, by letting S in Eq. (8)
be RH.S. of Eq. (10), we obtain

TXT RxooHych x oo ixT
e tsille = |3 M(M IRelloo (DT 1 Hllo (RER)
xeX

+ || Rell oo Igy + =0(e?). (11)
Rello 1 M Tl [Relloo

Since the approximation error % HY DI [)(x)YxH<> is generally worse than the optimal one min,, % Y=Y rex P Y]l
we can obtain a better probability distribution and better estimation of the approximation error by numerically solving
the SDP shown in Proposition 3.1. The ellipsoid method guarantees that {p(x)}xecx and r in the dual problem such that
the difference between r and the optimum dual value is less than € can be computed in poly (|X |log (%))-time [23].
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Note that we assume the dimension of the Hilbert space is constant since the unitary synthesis is usually executed for

Y on a fixed-size system.

4 TIGHT BOUNDS ON ERROR OF PROBABILISTIC APPROXIMATION

This section investigates the relationship between the discrete approximation of unitary transformations and the prob-
abilistic approximation for a general Y and general set {Yy}x. Specifically, we show the tight relationship between
miny [T = ¥, p(x)Yx ||, and miny [|Y = Yy ||, where the former represents the minimum approximation error obtained
by probabilistic synthesis and the latter represents that by deterministic synthesis when {Yy}x is a set of unitary
transformations implemented as a gate sequence. The first lemma shows the fundamental limitation of probabilistic

synthesis, and the second one shows its superiority over deterministic synthesis.

LEMMA 4.1. For an integerd > 2 specified below, let Y : L (Cd) — L (Cd) and {Tx :L (Cd) — L (Cd)} X be a
xe
target unitary transformation and finite set of unitary transformations, respectively. Then

2 45 1) 1 §=1-V1-¢2 and
Ze < = (1 - —) < min - |[YT - Z p(x)Yy|| with ) f an (12)
d d d P 2 = . € =mingex 5 [T = Yello

holds, where the minimization of p is taken over probability distributions over X.

Proor. The first inequality can be straightforwardly verified as follows:

o B0 (0 (13)
d ~ d 2]~ d d]’

Thus, we prove the second inequality. First, by computing the diamond norm between Y and Yy, we obtain

1 . .
5||r—rx||0 = @EPH&%@) [Y ® idea(®) = Yy ® idea (D), (14)
= max 1-F (Y ®idra(®), Yy ® idra (P 15
@EP(MW)\/ (X ® idga (®), Xy ® idga (®) (1)
= [1- min OIUTUy ® Ia|D)? 16
\/ pep B (91U U @ Lcul0) (16)
= 1—- min |tr[pUTU]| |2, 17
\/ | min, e [pUTUx] | (17)
where Y(p) = UpUT and Yy (p) = prU;. This indicates
1-6= in_|tr [pU U |. 18
;n&(perél(lgd)l r[p x]| (18)
Next, by using the primal problem in our SDP in Proposition 3.1, we obtain
in— = > p(01 (t [J(1)T] - maxtr [ (X )T]) (19)
min — - X = max I — maxir
P2 P TeT(C4:Cd) x€X *
xeX s
1
2 4 (tr [J(X)J(X)] - maxtr [J(Tx)](Y)]) (20)
xeX

1
= 1- — max

x€X tr [UTUXHZ’ 1)
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I
where T(H; : Hz) = {T € Pos (H1 ® Hz) : p € S(H1),T < p®Igy,}, and we set T = %](Y) (S ch ®]ch) to
obtain the inequality.
InEq. (18) and Eq. (21), the same unitary operator W = UTU, appears in the term minpes(cd) [tr [pW] | and |tr [W] |,
respectively. We can prove the second inequality in Ineq. (12) by establishing a relationship between the two terms as

follows. For any unitary operator W on C¢ (d > 2),

d
D a(w)
i=1

holds, where A;(W) is the i-th eigenvalue of W, and in the inequality, we use the following two facts: (i) the minimiza-

+ % = z min |tr [pW]| + g (22)

L e (W) = &
D2 L
d d d pes(Cd) d

<2 i
S — min
d p

d
> p(HA(w)
i=1

tion is achieved only if p satisfies Vi, p(i) < % due to a geometric observation, and (ii) for such p and complex numbers

Jie{z e Crlzl = 14 1S pAil 2 |8 3l - [8i (3 - p ) A 2 §1Zedil - 2 (3 - p)) = S IZedil - 2. o

To the best of our knowledge, the dependence of the approximation error obtained by probabilistic synthesis on the
dimension of the Hilbert space shown in this theorem has never been found. This dependence is inevitable since we
can also show the sharpness of this theorem in Appendix C. More precisely, we can show that for any real number
€ € (0,1], any integer d > 2 and any Y, there exists {Yx } xex achieving the lower bound in Ineq. (12).

In the following lemma, we show the tight upper bound showing that the worst approximation error caused by deter-
ministic synthesis can be reduced by probabilistic synthesis at least quadratically. Our upper bound slightly improves
the various existing upper bounds [6, 14], which have been proven for several classes of target unitary transformations
and e-coverings {Yx } xex with small e. Using Proposition 5.5, shown in the next section, we can verify that our upper

bound is still tight even if we consider the approximation of axial single-qubit unitary transformations.

LEMMA 4.2. For a non-negative real number € > 0 and integerd > 2 specified below, if{Yx :L (Cd) —L (Cd)} X
XE

is a finite e-covering of the set of unitary transformations, i.e., maxy minyex % [|IY = Y|, <€, then

< é (23)

T- ) P

o1
min E
P xeX

<

holds for any unitary transformation Y, where the minimization of p are taken over probability distributions over X.

Proor. First, by using the primal problem in our SDP in Proposition 3.1, we obtain

(L.HS.) = max (tr [J(X)T] — max tr [](YX)T]) (24)
TeT(C4:.C9) xeX
- | — T
= Q)EPI(I%j%);)‘}() (tr [(U QI )P(U ® Igy) H] 1;1651))(( tr [(Ux ® Ig)P(Uy @ Igy) H] ), (25)
1€Proj(C¢@H)

where T(H; : Hy) = {T € Pos (H1 ® H) : 3p € S(H1), T < p ® gy, }, Y(p) = UpUT, Y (p) = UxpUy, Proj(H) is
the set of Hermitian projectors on H, and we use Eq. (55) by taking = € {Y — Yy }ycx to obtain the last equality.

Let & and IT maximize Eq. (25). We can verify that [U|®) = 0 if and only if there exists x € X such that Yy = Y. If
IIU|®) # 0, let ¥ be the pure state such that |#) o TIU|®). Then, we can verify that Eq. (25) is still maximized even if
we replace I with . If [TU|d) = 0, (3x € X, Yy = Y) indicates that Eq. (25) is still maximized even if we replace 1 and
® with an arbitrary pure state Yand T~ 1@ id(H)(‘i’), respectively. Thus, in both cases, IT in Eq. (25) can be restricted
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as a pure state,ie,I[I=¥ € P (Cd ® ‘H) and we proceed as follows:

Eq (25)=  max (|<\P|U ® Ly|®)? — max |(¥|Uy ® 1[(H|<1>>|2). (26)

O, ¥eP(CIH) xeX
Before proceeding to the next step, we show that the set of mappings foy : U +— [(¥|U ® I¢(|®)| associated with
pure states ® and ¥ is equivalent to that of mappings g4 : U — [tr [AU]| associated with linear operator A € L (Cd)
such that [|All; < 1, where [|A[|; is the Schatten 1-norm of A. By using decompositions |®) = 2; ; @;;|i)|j) and
[¥) = 2;  Bijli)|j) with respect to orthonormal bases, we can verify that g4 with A = 3; ; ¢ aikﬁ;k|i)(j| is equal to
fow and ||A|l; = maxy ga(U) = maxy foy(U) < 1. On the other hand, by using the singular value decomposition
A = 3 pilxi)(yi|, where ||A||; < 1 indicates p + X; p; = 1 with some p > 0, we can verify that fp ¢ with |®) =
VPO L) + 25 /pilxi) iy and [¥) = /p|0)| L") + X; VPilyid i) ({[i)}i U {|L),|L")} is an orthonormal basis) is equal to
gA-
By using the equivalent between two sets of mappings, we proceed as follows:

. 112
Eq. (26) = max (|tr [AU]|? - max |tr [AUy] |2) = max (‘tr [pV‘ U” — max ‘tr [pVTUx]
A:||All <1 xeX V,pesS(C9) xeX

2
) . (@27

where we use the fact that the maximization is achieved when ||A]|; = 1 and use the polar decomposition A = pvT
with a unitary operator V acting on cd.

By using Eq. (27), we obtain

1 B 2 B 2
in - [T - Y| = jor[ov | = maxec [pv iUy 28
g 1= 3 o) = e (e 0 e @8
xeX S
.12
= 1- min max‘tr [pV‘Ux] (29)
V,pes(Cd) xeX
2
< 1-minmax min tr[pVTUx] , (30)

V xeX peS(Cd)
where the maximization of Y is taken over unitary transformations, and we use the fact that max, miny f(x,y) <

miny maxy f(x,y) for any f if the maximum and minimum exist in the inequality. Using Eq. (17) completes the proof.

[m]

The combination of Lemmas 4.1 and 4.2 can be summarized as the following theorem.

THEOREM 4.3. For an integerd > 2 specified below, let Y : L (Cd) — L (Cd) and {Yx :L (Cd) —L (Cd)} < bea
Xe
target unitary transformation and finite set of unitary transformations, respectively. Then,

Sr=1-,1-¢
2 .
< €* with €r = minyex % 1T = Y llo 1)

€ = maxy minyex 3 || = Yllo

46y o1
7(1—7) SII'IP}HE T - Zp(x)Tx

xeX

<

holds, where the maximization of Y and minimization of p are taken over unitary transformations on L (Cd) and proba-

bility distributions over X, respectively.

By maximizing Y over all the unitary transformations, we obtain Ineq. (1) as a simplified version of this theorem.
As mentioned in the introduction, in Appendix C, we show that both the upper and lower bounds in Ineq. (1) are tight,

ie, for any real number € € (0,1] and any integer d > 2, the two bounds are achievable for some {Y3};.
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5 PROBABILISTIC SYNTHESIS FOR SINGLE-QUBIT UNITARY TRANSFORMATION

In this section, we construct a simplified SDP that computes the optimal mixing probability for single-qubit-unitary
synthesis. Before discussing that, we first show the special properties of the probabilistic mixture of single-qubit uni-
taries. In the first subsection, we prove Lemma 5.3, which is a crucial ingredient for constructing the SDP and has a
direct application to constructing an efficient probabilistic synthesis algorithm. In the second subsection, we investi-
gate the approximation of single-qubit unitary transformations corresponding to axial rotations to provide a geometric
interpretation of the quadratic improvement owing to the probabilistic mixture and confirmation of Lemma 5.3.

We show the first special property of a single-qubit unitary operator in the following Lemma, which essentially

shows the equivalence between the set of maximally entangled two-qubit states and a real subspace in the two qubits.

LEMMA 5.1. For any finite set {5 € P (Cz ® CZ)}xex of maximally entangled states and any real numbers {ry €

R}xex, the Hermitian operator H = ), cx rx®x is diagonalizable with respect to maximally entangled eigenstates.

Proor. First, we show the equivalence between the set of two-qubit maximally entangled vectors and a real sub-

space in the two qubits. Define four vectors representing maximally entangled states:

1 i
Y1) = —(]00) +|11)), Y3) = —(]00) — |11)),
[¥1) \/§(| ) +111)) [¥2) \/5(| ) —111))
i 1
Y3) = —(]|01) +|10)), Yy) = —(|01) — |10)). 32
[¥3) \/§(| ) +110)) [¥q) \/§(| ) —110)) (32)
Any vector in the real subspace Kygs spanned by {|Ti>}?:1 can be represented by
1
—= ((u1 +iu2)[00) + (ug + iu3)[01) — (ug — iu3)[10) + (w1 — iuz)|11)) (33)

V2

with real numbers {u; € R}?zl. On the other hand, any maximally entangled state can be obtained by applying the

e!91 cos 6 e!925in 0
single-qubit unitary operator represented by iy i to |¥1) and can be represented by a vector
—e 'P25in 0 e '?1cos O
1 /. . . .
T (e’¢1 05 0]00) + e'?2 5in 0]01) — %2 5in 0]10) + e %" cos 0|11)) . (34)
2

By comparing Egs. (33) and (34), we can verify that any two-qubit maximally entangled state can be represented as a
unit vector in Kpgs and any unit vector in Kpgs represents a maximally entangled state. This equivalence has been

indicated in a previous study [2], and the basis defined in Eq. (32) is called the magic basis [15].

4
i=1

izable with respect to real eigenvectors, which represents maximally entangled states. m]

Since H = Yy ex rxPx is represented as a real symmetric matrix with respect to the basis {|¥;)};_,, H is diagonal-

Next, we show a special property of the diamond norm between probabilistic mixtures of single-qubit unitaries
in the following Lemma, which essentially shows that the input state in the definition of the diamond norm can be

maximally entangled.

LEMMA 5.2. For a subset {Yx :L (Cz) — L (Cz)}
tions p and q over a finite set X, it holds that

P ICN I TEN

xeX xeX

cex Of single-qubit unitary transformations and probability distribu-

D (p(x) = q(x))J (%)

xeX

(35)

3 tr
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Proor. For d(> 2)-dimensional CPTP maps {Yx }xeX, it holds that

2
(L.HS.) = max 2 > =
®eP(CdeCd) d

D (p(x) = q(x)J ()

xeX

D (p(x) = q(x) T ® idca (@) (36)

xeX

tr tr
On the other hand, by using the dual problem of the SDP to compute the diamond norm used in the proof of

Proposition 3.1, we obtain

(LHS.) < 2|ltry [S]]le with (S 20) A (5 2 Z (p(x) - q(x))J(Yx)), (37)

xeX
where tr [-] represents the partial trace of the second system of C? ® C2. By using Lemma 5.1, we can verify that
Sxex(P(x)—q(x)J(Yx) = Z?zl Ai®; with real numbers A; and a set of orthogonal maximally entangled states {@i}?zl.
By setting S = };.3,50 4i®i, we obtain

N =

= Z Ai = (RH.S.). (38)

2lltra [S]lleo = 2| D) i
i:A;>0 i:A;>0

This completes the proof. O

(o)

5.1 Support of optimal probability distribution

To achieve the quadratic improvement owing to the probabilistic approximation of Y by using {Yx}xex, we assume

{Yx}xex is an e-covering of the set of unitary transformations in Lemma 4.2. Since |X| = Q (é) from a volume
consideration, the runtime poly (|X |log (%)) of our SDP to compute the optimal probability distribution proposed in

Proposition 3.1 increases as poly % at best. However, by using the following lemma, we can construct a much more
efficient SDP.

LEMMA 5.3. For a non-negative real numbere > 0, if\ is a single-qubit unitary transformation and {Yx :L(C?) > L (Cz)}

is a finite e-covering of the set of single-qubit unitary transformations, i.e., maxy minyex % Y = Yxl|lo <€, then

min

in X = D p()Te

xeX

= min||Y - p(x) Yy 39
_~mn P IC) (39)

xeX o
holds, where X = {x € X : % IY = Yillo < 2€} and the minimization of p and p are taken over probability distributions

over X and those over X, respectively.

Proor. By using Lemma 5.2, we obtain

(LH.S) = min |7(X) ~ D (I (%)

xeX

JO0) = > p(x)] ()

xeX

, (40)

(o8]

= min
p

tr

xeX



Probabilistic unitary synthesis with optimal accuracy 13

where we use the dimension of the eigenspace of J(Y) — >, cx p(x)J(Yx) with positive eigenvalues is at most 1 in the

last equality. By using Lemma 5.1, we can proceed with the following two ways:

Eq. (40) = rr})inpecorrrllvagfvI Es)tr [p (J(Y)—;(p(x)J(Yx)) and (41)
Eq. (40) = n})inMecomnngES)tr [M (](Y)_JE(P(X)](YX))’ (42)

M<I

where conv (MES) and cone(MES) are the convex hull of the set of maximally entangled states {CD eP (Cz ® Cz) ttrp [@] = %}
and the convex cone generated by the set {®}, respectively. Note that the convex cone generated by a subset X in a
vector space is defined as the set of finite linear combinations of X with non-negative coefficients.

Since the domains of p, p, and M are compact and convex and f(p, H) = tr [H(J(Y) — Xyex p(x)J(Xx))] is affine
with respect to each variable, we can apply the minimax theorem and obtain

Eq. (40) = max (tr [pJ(Y)] — maxtr [p](Yx)]) = max (tr [MJ(Y)] — maxtr [M](Yx)]) . (43)
peconv(MES) xeX Mecone(MES) xeX
M<I

When (L.H.S.) = 0, the theorem holds since there exists x € X such that Yx = Y. In the following, we assume
(L.H.S.) > 0.If p with ||p|l, < 1 maximizes the formula, we can show a contradiction by setting M = ﬁ. Thus, p
that maximizes the formula satisfies ||p||,, = 1, i.e., p is a (pure) maximally entangled state. Therefore, we obtain
2

Eq. (43) = max % (tr [y )] - max tr [](Y’)](Yx)]) = U/rg(a]}((z) % (‘tr [UTU,]

— max ‘tr [U;U’]
xeX

2
) . (49

where Y(p) = UpUT, Yy (p) = Uy pU;(r, the maximization of Y’ is taken over single-qubit unitary transformations, and
U (2) represents the set of single-qubit unitary operators. By observing that the minimization in Eq. (17) is achieved

by p = % for single-qubit unitary operators, we obtain
Eq. (44) = max - (min ¥’ = Y| ] = Y[?]. (45)
T 2 \xex ° °
Since so far we did not use the assumption that {Yx }xex is an e-covering, we obtain
[ T 2 , 2
(R.H.S.) of Eq. (39) = max ~ | min ||Y - Yx”<> - ||Y - Y”<> . (46)
o2 xeX

Note that the maximization in Eq. (45) is achieved by Y’ satisfying % X" = Y||, < € since minyex % I —Yxllo < €
due to the definition of the e-covering. If we can show that the maximization in Eq. (46) is also achieved by such 1’,
we can prove the equivalence between Eqs. (45) and (46). For the minimization in Eq. (45) is achieved by x € X owing

to the triangle inequality. To complete the proof, we show the following statement: for all Y”,
1
S Il > e = min " -, < " -, . (47)
xeX

We assume € < 1; otherwise, the statement is trivial. By using the equivalence between the set of two-qubit maximally
entangled vectors and a real subspace shown in the proof of Lemma 5.1, there exist unit real vectors #,#’ € R* such

that 7 iy wiuj|¥i)(¥5] = 37(Y), Xf 1y uiu | ¥i) (%] = 3J(Y’) and

0<cosby =t <V1-e2 (48)
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where {|¥;)} is defined in Eq. (32), 61 € [0, 7], the first inequality can be satisfied by appropriately setting the sign of
i, and the second (strict) inequality is derived from % X" = Y||, > € and Lemma 5.2. In the real subspace spanned by

{i,'}, there exists a unique unit real vector 7 € R* such that
cosfy:=ui-1=V1—€2 A i’ -3 =cos(f) —0s), (49)

where 0, € [0, 7], as shown in Fig. 2. Note that the unitary transformation T corresponding to g, i.e., Z?,j:l 0;0;|¥i)(¥| =

%](f), satisfies % ||T - f”o = € due to Lemma 5.2. Since there exists x € X such that % ||Tx - f”o < eand % [T = Y|, <

% ||Yx - f||o+% ||Y - f”o < 2¢, we can find a unit real vector w € R* corresponding to Yy withx € X, ie., Zij:l wiw; | (Y| =

cosf3 :=w-7 > V1—¢? (50)

where 63 € [0, Z], due to Lemma 5.2. By using Lemma 5.2 again, we obtain

% J(Yx), and satisfying

X =, <Y =], & @ -al <@ -wl (51)

By letting cos 0, := i’ -w with 64 € [0, 7] and using the triangle inequality for angles in the three-dimensional subspace
spanned by {u, #/, w}, we obtain
04 < (61 —62) +05 < 6. (52)

This completes the proof.

Fig. 2. Three-dimensional subspace spanned by {i,#’, w, 3} in the proof of Lemma 5.3, where & € span ({i,#’}). We apply the
triangle inequality for the angle 64 between i’ and W, the angle 65 between 0 and w and the angle (6; — 6,) between g and @’.

As an application of Lemma 5.3, we construct an efficient probabilistic synthesis algorithm in the proof of the

following theorem.

THEOREM 5.4. For a given gate set, there exists a probabilistic synthesis algorithm for a single-qubit unitary transfor-
mation with

INPUT: a single-qubit unitary transformation Y : L ((Cz) — L (Cz), an approximation error € € (0, 1), and precision

Oo(1)
1 1
6 > 0 such that 5= (—)

€
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OUTPUT: a gate sequence for implementing a single-qubit unitary transformation Yy sampled from a set {Yx :L (Cz) —L (Cz)}

in accordance with probability distribution p(x)

such that the algorithm satisfies the following properties:
o Efficiency: All steps of the algorithm take polylog (é) -time,
e Quadratic improvement: The approximation error % HY DI ;An(x)Yx”<> obtained by this algorithm is upper

bounded by € + 8, whereas the error min__¢ % IY — Yx||, obtained by deterministic synthesis using the unitary

transformations in {Yx} _ is upper bounded by e,

PrROOF. We assume that the algorithm calls an efficient deterministic synthesis algorithm such as the Solovay-Kitaev
algorithm as a subroutine, i.e., the subroutine can find a gate sequence for implementing a unitary transformation Y’
such that % IT = Y|l < e within polylog (é)—time. In the following, we explicitly construct the algorithm:

Efficient probabilistic synthesis algorithm for single-qubit unitary transformation

(1) Set free parameters ¢ > 0 and ¢’ > 0 satisfying c+ ¢’ < 1.

(2) Generate a list {fx}x cx of single-qubit unitary transformations such that for any unitary transformation T,
min__¢ % ||Y - Yx”O < ce if% ||T - f”o < 2¢. That is, {1, }vex 1s a ce-covering of the 2e-ball around the target
unitary transformation.

(3) Call an efficient deterministic synthesis algorithm to find gate sequences for implementing unitary transfor-
mations {Yx}xef( such that % HYx - YXHO <ceforallx e X.

(4) Numerically solve our SDP shown in Proposition 3.1 by using {Yx}, . ¢ as a set of CPTP mappings and obtain
a probability distribution f, which causes the approximation error §-close to min,, % HY - 2yex P(X)Yx‘|0~

(5) Sample gate sequences for implementing unitary transformations {Yx} . in accordance with f.
The two properties can be verified as follows:

o Efficiency: All steps of the algorithm take polylog (%)-time if the size X of the list generated in the second step

is upper bounded by a constant (independent to €.) We can generate such a constant-size list {Yx}x cx by using

the correspondence between a single-qubit unitary operator and unit vector in R* and Lemma 5.2.
e Quadratic improvement: The approximation error % ||Y = YyeX [)(x)YxH<> obtained by this algorithm is at least

€% + 8 since {Yx}, cx is a subset of an e-covering {Yx} . U {Y;}y of the set of single-qubit unitary transfor-

mations, where {Y;}y is an e-covering of the complement of the 2¢-ball around Y and % “Y - Y; > 2¢ for

any y, and we can apply Lemmas 4.2 and 5.3.

[m]

Note that the quadratic improvement on the approximation error achieved by this algorithm heavily relies on Lemma
5.3. In Appendix D, we perform numerical experiments to confirm that this lemma would hold for qudit unitary trans-

formations, which implies that this synthesis algorithm is applicable to qudit unitary transformations.

5.2 Convex-hull approximation for axial rotations

At a glance, the reduction of the approximation error due to probabilistically mixing unitaries seems strange since
a unitary transformation is not a probabilistic mixture of any distinct unitary transformations. A simple geometric
interpretation of the reduction is given in the following theorem, considering single-qubit unitary transformations

corresponding to axial rotations.

xeX
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We investigate the convex-hull approximation of a single-qubit unitary transformation Y, by using unitary trans-
formations {Yp}gece that rotate Bloch vectors about the same axes as Y;, where Yg(p) := R(0)pR'(6), R(0) :=
|0%¢0] + €i?|1)(1| with an orthonormal basis {|0), |1}, and © is a finite subset of [0, 2). In this case, every unitary
transformation Y, can be represented by a unit complex number ¢? in the complex plane, as shown in Fig. 3. Further-
more, the following proposition shows that the metric space of probabilistic mixtures of Yy induced by the diamond

norm can be identified with a unit disc in the complex plane.

PROPOSITION 5.5. For a finite subset © of [0, 2r), let {Yp}gce be a set of single-qubit unitary transformations that
rotate Bloch vectors about a fixed axis, i.e., Yg(p) := R(G)pRJr (0) with R(6) := 0)(0| +¢?|1)(1| and an orthonormal basis
{10, 1) }. For probability distributions p and q over ©, it holds that

D PO - > g0 =|>] pO)? = " q0)e]. (3)
6O 6O o 6O 0O
Proor. By using Lemma 5.2, we obtain
(LHS) = > (p(6) - g(O)] (Yp)| = (RH.S.), (54)
0cO tr

where we use the diagonalization of }gce(p(6) —q(8))J (Yp), which can be obtained via a straightforward calculation,
in the last equality. O

By using this proposition, we can obtain % ”Yé - ZQEOP(Q)YGHO = % ‘eiB _ Zeeepw)eie‘, which indicates that the
optimal probability distribution and approximation error in the convex-hull approximation of Y; can be computed by
finding the closest point in the convex hull of {¢!?}ycg to the target point e!?. As represented in Fig. 3, the quadratic
reduction in approximation error owing to convex-hull approximation over discrete-point approximation can be shown

by an elementary geometric observation.

target unitary %
,
1 1
2 2

Fig. 3. Corresponding complex numbers to target unitary transformation T% and unitary transformations {Yp}geco with © =
{o, 5 ZT” 7, 4Z, 321 Convex hull of {Yg }geg corresponds to shaded region. If we let approximation error obtained by deterministic

>730 73
approximation be € = mingeg % Y% - Yo
<

= mingeg % |i - ei9|, that obtained by probabilistic approximation is given by €? =

min, % HY% - Yoeco P(0)Yg ‘ = min, % |i - Y0ec0 p(G)ei9|, which demonstrates quadratic reduction in error.
<
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6 CONCLUSION

We considered the analytical relationship between min, ||Y — ¥, p(x)Yx ||, and miny || — Y|, which represent the
minimum approximation error obtained by probabilistic synthesis and that by deterministic synthesis, respectively.
As the main result, we obtained tight upper and lower bounds on min,, [|Y - 3, p(x)Yx||,,, which guarantees the sub-
optimality of the current algorithms as well as suggests the existence of an improved synthesis algorithm. We showed
that the optimal probability distribution in the approximation can be computed by an SDP. We also constructed an
efficient probabilistic synthesis algorithm for single-qubit unitary transformations and showed that it quadratically
reduces approximation error compared with deterministic synthesis and its optimality can be reduced into the choice
of unitary transformations close to the target unitary one. While numerical simulations indicate the algorithm works
well for qudit unitary transformations, a rigorous proof is a subject for future work.

When we run this algorithm for qudit unitary transformation, the time complexity of the SDP used in the algorithm
becomes poly (d, X |) for a fixed desired approximation error € and precision §, where d is the dimension of the unitary
operators and |X| is the size of the list of synthesized unitary transformations. Since |X| grows exponentially with
respect to d? (to make the list an e-covering of the 2e-ball around the target unitary transformation), the algorithm is
not practical for higher dimensional unitary transformations.

There are two ways to make the algorithm more practical. First, restricting a class of target unitary transformations,
such as axial rotations, would significantly reduce the size |X| but still achieve the guaranteed quadratic improvement.
Indeed, Fig. 3 implies that the quadratic improvement can be achieved by mixing only two realizable unitary transfor-
mations. Alternatively, we can consider a modified algorithm that probabilistically mixes a randomly sampled small
subset of X. While this modified algorithm does not provide the guaranteed quadratic improvement as the original
one, numerical experiments in Appendix D suggest that it still attains such improvement for randomly chosen target
unitary transformations.

Similar to the probabilistic mixture of unitary transformations, that of general CPTP mappings implemented by a
certain quantum device is relatively easy to implement by classically controlling the quantum device. Such a proba-
bilistic mixture of implementable CPTP mappings is considered a free operation in many quantum resource theories
[5, 8, 16]. To quantify or simulate a target CPTP mapping using the probabilistic mixture (sometimes assisted by a
resource state), a mathematical tool is required to analyze the optimal convex approximation of a general CPTP map-
ping. From the mathematical perspective as well as from the resource theoretical perspective, computing or bounding
the approximation error of a unital CPTP mapping by using a probabilistic mixture of unitary transformations plays
a crucial role in investigating the asymptotic quantum Birkhoff conjecture [12, 30]. Our SDP shown in Proposition
3.1 and our bounds (or possibly their extension to general CPTP mappings) could be numerical and analytical tools to

investigate such problems.
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A EQUIVALENCE BETWEEN QUANTUM TESTERS AND QUANTUM NETWORKS

Recall that the Choi-Jamiotkowski operator of linear mapping = : L (H1) — L () is defined as J(E) := 2; ; [} (j| ®
E(i)(jl) € L(H1 ® Hz), and the set of quantum testers is defined as T(H; : Hz) := {T € Pos (H1 @ Hz) : Ip €
S(H1),T < p®lgy,}. In this section, we show that the set of mappings fr : Z + tr [J (£) T] associated with quantum
testers T € T(H; : Ho) is equivalent to that of mappings geyy : = — tr [E ® idyy, (CD)H] associated with pure states
® € P (H; ® H3) and Hermitian projectors IT € Proj(Hz ® H3) for sufficiently large dimensional Hilbert space .

This equivalence indicates

max min fr(2) = max min gg (), 55
rertiirn "ETE T geplfiy M) (55)
ITeProj(H>®Hs)

where the minimization of E is taken over a compact subset of linear mappings specified in the proofs of Proposition
3.1 and Lemma 4.2. Note that a proof for more general quantum testers is given in [7, Theorem 10].

First, we show that for any ® and II, there exists T € T(H; : H) such that fr = go as follows. By letting
T =tr3 [(<I>T1 L)1 ® H)], we obtain

gon(2) =tr[Eoidy, @] = u|UEen)@" 8L em| = JET] = (@) (56)

where ®71 and trs [-] represent the partial transpose of ® and the partial trace, respectively, and the subscript of the
operator denotes the system on which the operator acts. We can also verify that T € T(H; : H3) as follows. Let
X = 3;j @ijlj)3(il1, where |®) = ¥;; a;jli)1]j)3 with the computational basis {|i)1 € P (H1)}; and {|j)s € P (H5)};.
We then obtain that for any positive semidefinite operator P € Pos (H; ® H>),

tr [PT] = tr [(P @ L) (@1 @ I)(I; ® H)] =tr [(X ®I)P(X ® 112)1'11] >0, (57)
which indicates T > 0. By letting p = tr3 [<I>T1] = tr3 [@]T (€ S (H)1)), we can also verify that
p®Ip — T = trs [(chl ®L) (T2~ 11 ® 1'[)] = trs [(chl ®L) (1 ® HL)] >0, (58)

where IT; € Proj(Hz ® Hs) satisfies I1 + IT, = I, and the last inequality can be verified by the fact that T > 0.

Next, we show that for any T € T(H; : Hz), there exist ® € P (H; ® H3) and IT € Proj(H2 ® H3) such that
fr = 9o as follows. Let T < p1 ® I, ® € P(H; ® Hy) be a purification of plT, its singular value decomposition be
1) = Zi Vp@lxidlyny (p(i) > 0), and P € Pos (Hy ® Hi) be P = XTX', where X = X; lyidu (x] 1 and |¢")
is the complex conjugate of |¢). We can then verify that

frE =t [JET] =tr |(JE) &Iy) (T @ o) (I ®P)] =tr [E® idg, (D)P] . (59)

Since P < X(p1 ® I)XT < Iy, {P,I - P} is a positive operator-valued measure (POVM). Owing to the Naimark’s
extension, we can embed & and {P,1 - P} in a larger Hilbert space as a pure state ® and a projection-valued measure
(PVM) {ILII, }, respectively, which completes the proof.
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B FORMAL SDPS AND THEIR STRONG DUALITY
A formal SDP to compute % [|A - B||, is defined with a triple (E, A, B) such that

JA-8B) 0 0 o o T % * T+T o1 o
+ -
A=l o 0 0| B= Vel Tos]l= PO, (60)
0 1 0 tr [p]
0 0 0 ¥ %P

holds for any linear operators T, T’ € L (H; ® Hz) and p € L (H;), where the asterisks in the argument to = represent
arbitrary linear operators upon which Z does not depend, and we identify a linear operator and its matrix represen-

tation with respect to a fixed orthonormal basis. The dual problem is obtained by observing that the adjoint of =

S S 0 0
*
=f (( )) =lo S 0 (61)
kT
0 0 rlgy —trey [S]
for any linear operator S € L (H; ® H) and any complex number r € C. We can verify the strong duality of this SDP
]I(Hl ®LH2 ]I(Hl ®LH2 E'HI

by observing = (2 Im 7. @ 2am 7 © T ) = B and applying the Slater’s theorem.
A formal SDP shown in Proposition 3.1 is defined with a triple (Z, A, B) such that

satisfies

JA) 0 0 0 0
0 0 0 0 0
A = 0 0 0 0 0 (62)
0 0 0 0 0
0 0 0 0 -1
00 0
B =10 1 0 (63)
00 0
S+ Zxex P()J(Bx) 0 0 0 0
S % % 0 S 0 0 0
EMl« r || = 0 0 rlgq —trgg, [S] 0 0 (64)
% % P 0 0 0 P 0
0 0 0 0 —tr[P]

holds for any linear operators S € L (H; ® Hz), P € L (ClX ‘) and any complex number r € C, where P(x) represents

a diagonal element (x|P|x). The primal problem is obtained by observing that the adjoint of = satisfies

T = x x =

* T % % x T+T - p®ly, 0 0
Ellx = p = x|]|= 0 tr [p] 0 (65)
*ox ook Qo 0 0 Zxex tr[J(Bo)T] x){x] +Q — theix

*

* * * t
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for any linear operators T,T” € L (H; ® Hy), p € L(H;),Q €L (C‘X|) and any complex number ¢ € C. We can verify

Ipg ®lyr, Ly ®lyy, I I ) ,
the strong duality of this SDP by observing = (2};11m 7}'{121 ® zlélim ‘;{é @ dinf}Hl & C‘ZX L g 1) = B and applying the Slater’s

theorem.

C SHARPNESS OF APPROXIMATION ERROR BOUNDS

In this section, we make the same assumption d > 2 as Lemma 4.1 and 4.2.

C.1 Lower bounds
To show the sharpness of the lower bounds in Inegs. (12) and (1), we consider a set { Yy }xex := {Y : AW € Wéd), Y(p) =
WpW T} of unitary transformations, where

w@ .- {w WeUWdA min |z <V1 —62,} with € € [0,1] and d > 2, (66)
z€conv(A(W))

where U(d) represents the set of unitary operators acting on cd, A(w) represents the set of eigenvalues of W, and
conv (X) represents the convex hull of a subset X in a vector space. To be precise, the two lower bounds are not
directly applicable to {Yx}xex since the size |X| of the set is infinite. However, the compactness of the set of unitary
transformations on a finite-dimensional Hilbert space enables us to extend Inegs. (12) and (1) for |X| = co by replacing
minyex 3 [T = Yello and ming 3 [T = Tyex p(0)cllo with infrex 3 T = Yello and infacconv( (1, }eex) 7 I = Al
respectively.

We show that this example achieves the lower bounds in the extended inequalities with a target unitary trans-
formation Y = id in Ineq. (12). This also indicates that there exists a finite subset {Yx}, .5 of {Yx}xex such that
miny, % ||id —2ye® p(x)YxH<> and maxy min,, % HY DI p(x)Yx”<> are arbitrarily close to their each lower bound in
Ineqs. (12) and (1), respectively. For letting {Yx}, _ ;- be an é-covering of {Yy }xex with sufficiently small € is sufficient
to show this. Thus, the sharpness of the lower bounds in the extended inequalities indicates that in the original in-
equalities. Note that we can show the sharpness of Ineq. (12) when an Y is not the identity transformation by replacing
{Ya}xex with {Y o Yy }yex-

First, by using Eq. (17), we obtain

1 1
max inf = |[Y - > inf = |lid - Y.
ax inf = IV =Yello > inf > fid = Tell,

= [1- sup min |tr [pW]]?= [1- sup min lz|2 = €. (67)
\/ wew® pes(cd) Wew!) ZEcony A(W))

Second, by using the extended version of Eq. (29), we obtain

. 1 . 1 . w1 P
inf —|lid = All, < max inf -IT-All, =1- min tr [pV‘W” . (68)
Aeconv({ Yy }xex) 2 T Acconv({Yy}xex) 2 VeU(d),peS(Cd) wew'@
In the following, we show that for any V € U(d) and p € S (Cd),
o2 25\° I
sup |tr [pV‘W” > (l— —) with§ =1- V1 - €2, (69)
wew@ d

which is sufficient to verify that {Yx }ycx achieves lower bounds in the extended Inegs. (12) and (1).
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Let the diagonalization of Vbe V = Z;.jzl Ai(V)|i)(il. Since sup, . o) [tr [pVTW] |2 =tr [pVTV] |2 = Lifmingecony(a(v)) 121 <
V1 — €2, we assume € > 0 and Minecony(a(v)) 12l > V1 - €2. We can then define {W (i) ¢ Wéd)}15i<j5d as

W= ST AWkl + A i)l + A ) (70)
ke{i.j}
where Af_jj) = Vi-¢€? A(V) +2,(V) + AV) = 4(V) if A;(V) # 4;(V), (71)

TR AW T TRV = 40
and A7 = N1-e24(V) £ ieki(V) if A;(V) = (V). 72)

Fig. 4. Geometric positions of eigenvalues A;(V'), 1;(V) and Aiij) of unitary operators, which lie on unit circle in complex plane.
Note that real and imaginary axes are rotated to horizontalize line equidistant from A; (V') and A; (V).

(See geometric positions of eigenvalues in the complex plane shown in Fig. 4.) Note that we can easily verify
that M(il] )| = 1and % (/L(ru )l )) = V1 - €2, which guarantees w(ii) e Wéd). Moreover, we can verify that

A (VTW(ij)) = {1,z(1), z(i)*} with a unit complex number z(%/) satisfying Re [z(ij)] > V1 - €2 Then, for any

VeU(d)andp €S (Cd), the left hand side of Ineq. (69) can be bounded as

2
L2 NPT g g
sup tr[pV‘W” > maxdtr [pV‘W(”)” > min max Z p(k) + p(i)zU) + p(j)2D* (73)
Wewéd) 1<i<j< P 1<i<j< ke (i}
2
> min max & > p(k)+(p() +p()Re [T (74
P 1<i<j<d ke {ij}
2
> min max { > p(k)+(p()+p(j)V1- € (75)
P 1<i<j<d ke (i)}
25\ *
> min max {1—5(p(i)+p(j))}22(1——) . (76)
P 1<i<j<d d

This completes the proof.



Probabilistic unitary synthesis with optimal accuracy 23

C.2 Upper bound
We show the sharpness of the upper bound in Ineq. (1), We consider a set {Yyx }xex :={Y: 3V € Véd), Y(p) = VpVJ"}

of unitary transformations, where

1 0\ (W 0 1 0
v o VL, Vo eU(d—1),W €Rey, 77)
0 ViJ\0 Iz.5/\0 VW
cosf —sinf
Re = :0 < 0 < arccos(e)p with e € [0,1] andd > 2. (78)
sinf  cosf

Here I; represents the d X d identity matrix, and we identify a unitary operator and its matrix representation with
respect to a fixed orthonormal basis {|i) }d 1 Since |X| = co, we show the sharpness of the upper bound in the extended

Ineq. (1), which is defined in the proof of the sharpness of the lower bounds. Note that
YU € U(d),3a e R, 3V e VIV U = e®v (79)

holds. This can be verified from the following three observations: First, by letting Ul|i) = |e;), there exists Vi, Vo €

. wht o \f1 o 1 oy (wh o\f1 0 )
U(d - 1) and W € U(2) such that -t leo) = |0) and -t .| |e;) = |i) for
0 Izf\0 ¥, o V)| o I[d_ o v
all i. Second, for any W e U(2), there exists a, f,y € R and W € Ry such that W = el 0 ) ( ) Third,
0

. . [etP 0 eV 0\ ‘ (10
by letting V1 = V; . and V, = Vo, we can verify U = e'“ .
0 e %y, 0 Iy_» 0 W Ig- 0 W

First, by using Eq. (17), we obtain

1 1,712
max inf = || = Yy|| = 1— min sy min |tr [pUTV (80)
T xex 2 e UeU(d) Vevlfd)pes(cd)| loutv]]
- 2
w! 0
= 1— min sup min |tr|p Vv (81)
\ VR y@ pes(cd) 0 Iy
- 2
, , wiw’ o
< 1- min sup min [tr|p (82)
N WeRiwrer, pes(ca) 0 Iy,

cos(0’ —0) —sin(8’ - 0) 0
= 1- min sup min_|tr|[p]sin(@’ —0) cos(§’ - 0) 0 (83)

\ 0<6<% O<9’<arccos(5)ﬂ€s(cd) 0 0 I,
= 1— min sup cos2(0" —0) (84)
0<0<% 0<6’<arccos(e)
=  max inf |sin(0’ —0)| =, (85)

0<0<7Z 0<0’<arccos(e)

cos(0/ —0) —sin(0’ —0) 0
where we use Eq. (79) in the second equality and use A||sin(0’ — )  cos(8’ — 0) 0 = {1,e*1 (9=} in the
0 0 Ig_»
fourth equality.
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Second, by using the definition of the diamond norm, we obtain

1

inf —IY=-All, = inf Y(]0){0]) = A(]|0){0 86
mex oonf o 3 [ [ M o T (10){0[) — A(10)€O) [l (86)
> 1-min sup F (Y (l0)<0[), A(]0){0])) (87)

T Aeconv({ Yy txex)
= 1 -min sup F (Y(]0)¢0]), Yx (10)¢0])) (88)

T xex
. 2

= 1- min sup (0|U‘V|0)| (89)

UeU(d) , yia
€

T 2
, wi o \[1 o)(w o

= 1- min sup (0] |0) (90)

WeRy W’eR, 0 ]Id—Z 0oV 0 I[d_z

VeU(d-1)

= 1-— min sup ‘cos@cos@’ +sin05in9'(l|V|1>‘2 (91)

0595% 0<6’<arccos(€)

VeU(d-1)

=  max inf sin?(8’ - 0) = €%, (92)

0<0<7% 0<¢’ <arccos(e)

where we use ||¢ — plly, = maxqeproj() tr [II(¢ — p)] = 1 - tr[¢p] in the second inequality and use Eq. (79) in the
third equality. This and the extended upper bound in Ineq. (1) complete the proof.

D NUMERICAL EXPERIMENT FOR ACTUAL APPROXIMATION ERRORS

Recall that Theorem 4.3 has established the relationship between the actual approximation error elY)rOb caused by the
probabilistic approximation, that ey caused by the deterministic approximation, and the worst approximation error €,

where each approximation error is defined by

b 1
e¥r0 = n}DlnE Y- Z Pp(x) Yy (93)
xeX o
1
= in— [T -7 94
e = min [Tl 09
1
= in— || -1 . 95
€ max min > [T - Tell, (95)
By using these notations, we can rewrite the relationship established in Theorem 4.3 as follows:
26 45 s
Y Y Y rob 2
LT3 <Y <€ 96
d d ( d ) =€ ©0)

where §y =1 - /1 - e% and the approximation becomes tighter when ey — 0.

While these inequalities are tight, it is helpful to know how small egmb can be realized compared to s%. In this
appendix, we perform numerical experiments to demonstrate that eIY)rOb is comparable to e% for randomly chosen
target unitary transformations Y. Moreover, we demonstrate that elY)rOb becomes smaller than e% for high-dimensional
unitary transformations, i.e., the probabilistic approximation reduces the approximation error more than quadratically.

Additionally, the experiments have another purpose: to provide pieces of evidence supporting that Lemma 5.3 holds

for qudit unitary transformations, which is crucial in constructing our probabilistic synthesis algorithm. Recall that it
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states that

T- P

xeX

min
P

=min|T- > pOOL| (97)
o P xeX o
where X = {x € X : % [[Y = Yx|l, < 2€}. Our numerical experiments support this statement for randomly sampled
target unitary transformations Y : L (Cd) —L (Cd), randomly constructed e-coverings {Yx :L (Cd) - L (Cd)}
and d = 3, 4.
Setting of numerical experiments

First, we construct e-coverings {Yx :L (Cd) —L (Cd)}xex by randomly choosing |X| = 10°, |X| = 10° and |X| =

>
xeX

107 unitary operators for d = 2, d = 3, and d = 4, respectively. Note that the random sampling of unitary operators
means the sampling probability distribution is induced by the Haar measure on U(d). We compute a lower bound
on € as max; MiNyex % IIY; — Yx||» by using 30 randomly chosen target unitary transformations {Yi}?gl. We interpret
{Yx}xex as the set of available unitary transformations in probabilistic and deterministic approximation.

Next, we randomly choose a target unitary transformation Y and compute ey. We define the actual approximation

error caused by probabilistically mixing restricted available unitary transformations as

Lo (el) = ngn% - > pk (98)

xeX(e) o

where X(¢) == {x € X : % Y = Yill, < €’} Note that e‘?mb(e') is a monotonically decreasing function. Moreover, if
Lemma 5.3 holds for qudit unitary transformations, e?mb (2¢) = e?mb(l) = e?mb.
Third, we compute the actual approximation error caused by probabilistically mixing more restricted available uni-

tary transformations as

TP (N) = min - : (99)

1
2

N
T p()T
x=1

o
where {Y }5:1 is a randomly sampled subset of X(¢’) and € is chosen large enough for e?mb(e’) to converge.
Results of numerical experiments

In Fig. 5, we draw the graphs of e?mb (¢”) for 10 randomly chosen Y by using different colors corresponding to Y. We

log(e27°? (¢'))

can observe that e¥ rob (¢”) is saturated when €’ > 1.4¢ and e?mb is comparable or smaller than e% since Tog(er)

2 e e?mb(e’) < e% and e?mb < egrOb(e’) by definition.

In Fig. 6, we draw the graph of e?mb (N) for a randomly chosen Y : L (C4) —L (C4). Note that we plot its empirical
variance and average since e*;mb (N) is a random variable depending on the choice of a subset of X(€’). We can
observe that the approximation error eg rob (N) rapidly converges to its minimum eg rob (¢’). Therefore, we can expect
that our probabilistic synthesis algorithm proposed in Theorem 5.4 can be made more efficient while still attaining an
approximation error that is nearly optimal.

Environment of numerical experiments
We performed numerical experiments using Mathematica 14.0.0.0 on a MacBook Pro equipped with a 2.4GHz Intel

Core i9 processor and 64GB of memory.

Received 16 January 2023; revised 16 March 2009; accepted 5 June 2009
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log(eZr ™ (¢')) = 10" randomly sampled U(4)
log(er)
25F
Quadratic improvement of the
P X1} ISR R o [ I IR RRRR NSRS AR
actual approximation error
150 =l
10F r n . . . €
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Fig.5. The comparison between the actual approximation error e?mb caused by the probabilistic approximation and that ey caused
by the deterministic approximation for 10 randomly sampled target unitary transformations Y. For both approximations, we use the
set of available unitary transformations induced by an e-covering of U (d). For each Y, we compute the actual approximation errors
egmb(e') caused by probabilistically mixing the set of available unitary transformations Yy such that % [T = Yxll, < €. The gray
vertical lines represent lower bounds on € and 1.4¢.

50
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Available unitary operators
=107 randomly sampled U(4)
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181 actual approximation error
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Fig. 6. The approximation error caused by probabilistically mixing restricted subsets {Yx}i\;l of available unitary transforma-

tions. First, we randomly choose a target unitary transformation Y. Next, we randomly choose 8 such subsets from the set
{Yy : % [IY = Yx||, < €'} of available unitary transformations that seem sufficient to attain the optimal approximation error caused
by probabilistically mixing all the available unitary transformations. The blue graph represents the average of the approximation
error and the gray region represents its variance.
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