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In the quest to unlock the maximum potential of quantum sensors, it is of
paramount importance to have practical measurement strategies that can esti-
mate incompatible parameters with best precisions possible. However, it is still
not known how to find practical measurements with optimal precisions, even
for uncorrelated measurements over probe states. Here, we give a concrete way
to find uncorrelated measurement strategies with optimal precisions. We solve
this fundamental problem by introducing a framework of conic programming
that unifies the theory of precision bounds for multiparameter estimates for un-
correlated and correlated measurement strategies under a common umbrella.
Namely, we give precision bounds that arise from linear programs on various
cones defined on a tensor product space of matrices, including a particular cone
of separable matrices. Subsequently, our theory allows us to develop an efficient
algorithm that calculates both upper and lower bounds for the ultimate preci-
sion bound for uncorrelated measurement strategies, where these bounds can
be tight. In particular, the uncorrelated measurement strategy that arises from
our theory saturates the upper bound to the ultimate precision bound. Also,
we show numerically that there is a strict gap between the previous efficiently
computable bounds and the ultimate precision bound.

1 Introduction

Quantum sensors, by employing quantum resources, promise to estimate physical parame-
ters with unprecedented precision beyond what is possible using classical resources. Quan-
tum metrology is a research field that studies quantum sensors. Quantum metrology
schemes require the ability to both prepare parameter-dependent quantum probe states
and perform quantum measurements on these states. Armed with the statistics of the
measurement outcomes, one can thereafter estimate the underlying parameters. A cen-
tral question in quantum metrology is to find measurement strategies with the ultimate
precision for these multiparameter estimates. In the simplest scenario of estimating a
single-parameter, the ultimate precision, given by the quantum (CR) Cramér-Rao bound
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[1, 2, 3, 4, 5], along with the corresponding optimal measurement strategy, are efficient
to compute with knowledge of both the probe state and its dependence on the single
parameter.

The theory of multiparameter quantum metrology' is considerably richer than the sin-
gle parameter setting. For example, parameters can be fundamentally incompatible, as is
often the case in quantum systems. If we want to design the best quantum sensors that can
simultaneously estimate incompatible parameters, we must find optimal practical measure-
ment strategies for multiparameter quantum metrology. However, even after decades of
research, the question of how to determine these optimal measurement strategies remains
unanswered and unknown.

In lieu of determining these optimal measurement strategies, the field has focused
on determining bounds for the ultimate precision of quantum sensors that estimate in-
compatible parameters simultaneously. Since most optimizations for precision bounds
[3, 5, 8,9, 10, 11, 12] are not based directly on measurement strategies, even if we can
calculate the best precision bounds from these optimizations, we still will not know what
the optimal measurement strategies are.

Regarding the theory of precision bounds, the theory of single parameter estimation
differs substantially from the multiparameter case. Namely, while the CR bound is tight for
both correlated and uncorrelated measurement strategies in single-parameter estimation,
this is not the case for multiple parameters. This is because the SLD Cramér Rao (SLD)
bound does not give the tight bound in the multiple-parameter case nevertheless it gives the
tight bound in the single parameter case. That is, for multiparameter quantum metrology,
the Holevo-Nagaoka (HN) bound [3, 4, 5, 8, 9] is efficient to compute and always tight for
correlated measurement strategies across multiple probe states. Although it is often called
the Holevo Cramér Rao bound, it is called Holevo-Nagaoka bound in this paper and its
reason is explained later. Such correlated measurement strategies however require a large
quantum device across multiple probe states, this bound is not practical. To accomplish
state estimation in a practical way, we need to design uncorrelated measurement strategies
across multiple probe states, using only measurement devices that access individual probe
states. (See Fig. 1.) The Nagaoka-Hayashi (NH) [4, 10, 11, 12] bound is not only efficient
to compute, but also addresses such uncorrelated measurement strategies. However, the
NH bound might not be always tight for uncorrelated measurement strategies. Hence, an
efficient way to determine the ultimate precision bound for uncorrelated strategies remains
unknown.

The ultimate precision bound for uncorrelated strategies in the multiparameter setting,
or simply the tight bound, was formulated more than two decades ago as the optimal
value of an infinite-dimensional optimization program with linear objective and constraint
functions on a topological vector space [13]. The advantage of this formulation of tight
bound is that it is a direct optimization over measurement strategies in contrast to all
other multiparameter precision bounds.

There however remain many outstanding questions pertaining to the tight bound.

(1) How to efficiently determine the tight bound?

(2) How to determine the optimal uncorrelated measurement strategy for multiparameter
quantum metrology that saturates the tight bound?

(3) What is the relationship between the SLD bound, the HN bound, the NH bound, and
the tight bound?

!See [6] and [7, Section V] for a recent review.
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Figure 1: Measurement strategies in parameter estimation using quantum probe states can be either
correlated (a), or uncorrelated (b) across identical copies of the probe states. In (a), the measurement
device collectively measures the input states. That is, the measurement device needs to access a large
quantum system. In (b) the measurement device individually measures the input states, but classical
feedback is allowed to improve the measurement. This strategy is composed of measurement device to
access a single system.

(4) Is there a gap between the tight bound and the NH bound?

With regards to question (3), we unify the theory of the SLD, HN, NH and tight bounds
under a common umbrella. Remarkably, these bounds can alternatively be formulated as
conic programs with the same linear objective and constraint functions. The only difference
between these programs is the different choices of their cones. Namely, the cone for the
tight bound is a strict subset of the cone for the NH bound, and the cone for the NH bound
is a strict subset of the cone for the HN and SLD bounds. This solves the open problem
(3).

Regarding question (2), using our reformulation of the tight bound, we also construct
an efficient algorithm that calculates the tight bound. From the dual program of our
reformulation of the tight bound, we construct an associated semidefinite program (SDP),
and show how to use its optimal solution to approximately solve the tight bound. Namely,
we provide an efficient algorithm that calculates both upper and lower bounds to the tight
bound, thereby solving open problem (4). Regarding question (4), using our algorithm, we
numerically demonstrate that the tight bound can be strictly tighter than the NH bound.

We also solve questions (1) and (2), where we show concretely how we can efficiently
compute optimal uncorrelated measurement strategies that saturate the tight bound along
with the tight bound.

Our numerically tight estimates to the tight bounds are useful beyond multiparameter
estimation theory. More abstractly, we develop an approach to optimize over the separable
cone for bipartite systems. Hence we expect our theory can pave the way towards gaining
new insights into optimizations over separable bipartite states, which could be useful for
entanglement theory [14, 15| and more general quantum resource theories |16, 17, 18].

Now we sketch the organization of our paper. We also give the structure of our paper
visually in Fig. 2. In Table 2, we list the important notations we used in our paper along
with their meanings. In Section 2 we review various CR-type bounds in multiparameter
quantum metrology and define the tight bound. In Section 3, we answer question (3),
where we unify various CR-type bounds via conic linear programming with various cones
on a space that is the tensor product of real symmetric matrices and complex Hermitian
matrices. Here, we reformulate the tight bound, (i.e.Theorem 2), the HN bound (Theorem
4) and the NH bound (Theorem 4). In Section 4, we develop our theory of how to calculate
upper and lower bounds on the tight bound by applying an SDP with constraints labeled by
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Il Tight CR bound C[G] IV: Calculating S(P1)
I TSPUNRS 2] IVA: upper bound via SDP VI: complexity of approximating
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IVC: lower bound

Ill: Conic programming Thm 11: @
Thm 2: C[G] = S(P1) S[P1, Wg] = S[D1, Wg]
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Thm 5: HCR bound = S(P5)
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K < function of norm of X* and covering radius & bounds to S(P1) to S(P2) and S(P4)
Thm 13: Combine Lem 12 and Thm 11 (see Fig 5,6)
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e C: Proof of Thm 6 learning Hamiltonian parameters
8=0(Vd/|Wg [7) D: Proof of Thm 7 B 3D field sensing
E: Evaluation of k used in Sec V IX: discussions

F: Proof of Thm 17

Figure 2: Structure of our paper.

unit vectors from a real vector space. We also derive an SDP with optimal value equal to the
upper bound, and which is directly optimized over uncorrelated measurement strategies.
From the solution for this SDP, we derive a concrete uncorrelated measurement strategy
that has its precision given by our upper bound to the tight bound. Since our two-sided
bounds to the bound can be tight, we therefore have derived a near-optimal measurement
strategy We thereby can compute optimal uncorrelated measurement strategies in the
asymptotic limit, and this answers question (2). In Section 5, we construct a strategic
subset of the above unit vectors from design theory. In Section 6, based on the results of
Section 5, we give the calculation complexity of the tight bound within an additive error
of e. This thereby answers question (1). In Section 7, we answer question (4), where
we describe how we obtain our numerical lower bounds for the tight bound and illustrate
its results. In Section 8, we explain how quantum multiparameter estimation theory is
applicable in learning parameters of Hamiltonian models, and also in 3D-field sensing. In
Section 9, we discuss our results and its implications in more detail.

2 Formulation and review of existing results

2.1 Various lower bounds for tight CR bound

We describe the formulation of quantum state estimation, and briefly review existing results
on quantum parameter estimation. We refer readers to references |2, 3, 19, 20, 21, 22| for
more details.

A quantum system is represented by a Hilbert space H. In the following, when H is
finite-dimensional, we can ignore the word “bounded” and “trace class”, and can replace
“self-adjoint operator” by Hermitian matrix. Let Bgy(#H) be the set of bounded self-adjoint
operators on ‘H, which is a real vector space. Let T4, (H) be the real vector space composed
of set of trace class self-adjoint operators on H. A quantum state p is a positive semi-
definite matrix on H with unit trace. The set of all quantum states on H is denoted by
S(H) :=={p|p>0,Trp =1} C Tea(H).
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Meaning

d the number of parameters to be estimated
0=(6',...,0% the parameters’ true value
© C R set of all possible parameter vectors
M model {pg : 6 € O}
H the Hilbert space for the quantum probe state
n the number of dimensions H has
Tsa(H) trace-class self-adjoint operators on H
Bsa(H) bounded self-adjoint operators on H
(H) set of density operators on H
0=(0',...,09 an estimator of
00, P a probe state that is parametrized by 6
II a POVM, a measurement
II, positive semidefinite operators in II
Il = (1L, 0) an estimator based on II and §
V11, VI[II] mean-square error (MSE) matrix of I1
l.u.atf locally unbiased at 6
Cy[G], C[G] fundamental precision bound: ming | .. TrGVj|II]
a size d real square matrix
S Hermitian operator on H
DO Maximization of Tra + TrS subject to (23) for all z € R?
(a**, S**) the optimal solution of DO

S(D0) = Tra™* + TrS*™*

the optimal value of D0, (equal to C[G])

Jp(I1) Fisher information matrix
X set of labels = corresponding to II,
D; = %pg jth partial derivative of pg
C[|G,m| denotes C[G| when |X| =m and m < oo
L; SLD corresponding to D;
Co[G] SLD CR bound
CHN[G] Holevo-Nagaoka (HN) bound
cNG), CN G Nagaoka bound
CNHE (G Nagaoka-Hayashi (NH) bound

Table 1: Notations for Section 2. We define the quantum parameter estimation problem in terms of a
quantum model M using the notation 8, ©, H, d and n. The vector 6 encapsulates the true value of
the d parameters, and we estimate 6 using an estimator 0 that is obtained from measurements II. The
estimator 11 encapsulates information about both IT and how to construct 6 from the measurements.
For quantum parameter estimation, we like to minimize the MSE Vg[fﬂ. For uncorrelated measurement
strategies the minimum MSE for locally unbiased Ilis given by the optimal value S(D0) of a optimization
program DO. In fact S(DO) is the tight bound C[G], where G denotes the weight matrix for the d-
parameter estimation problem. Evaluating C[G] is non-trivial. There is a plethora of upper bounds to
the tight bound C[G], given by the SLD CR bound, C*[G], the Holevo-Nagaoka (HN) bound CHN[G],

the Nagaoka bound CV[G] and the Nagaoka-Hayashi (NH) bound C*V|G].
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A measurement 11 can be represented mathematically as a positive operator-valued
measurement (POVM) which is a set of positive semidefinite matrices IT = {II, },cx that
satisfies a completeness condition. When the set of measurement outcomes is finite, X' is a
finite set and the completeness condition is } 3 II, = I. When the set of measurement
outcomes is a continuum, such as when X = R, the completeness condition is [, II,dz = I.
For notational simplicity, for any POVM II, we employ the notation for discrete-valued
POVMs, and we always use ), c II; = I to represent the completeness condition.

When one performs a POVM II on p, the Born rule

Pp(z|I) = Tr [pﬂx} (1)

gives the probability of getting an outcome x € X'. We are interested in a model of quantum
parameter estimation given by a parametric family of quantum states on H:

M= {ps|0 € O} C SH), (2)

where © C R? denotes the set of parameters. Here, d denotes the number of parameters
that we want to simultaneously estimate. To avoid mathematical subtleties, we impose
regularity conditions; we require pg to be differentiable sufficiently many times, assume
0pp/00; to be linearly independent, and for the sake of clarity only consider full-rank
states here 2.

Now given a measurement IT and an estimator 8, we denote IT = (II, 8) as an estimator-
We define the mean-square error (MSE) matrix for the estimator Il as

VoIl = | > Tr | poll. | (6 () — 6)(87 () — ¢7)

zeX
= [Bo [0 @) - 0@ @) - 0] 3)

where Fg[f(X)|II] denotes the expectation of a random variable f(X) with respect to the
probability distribution p,, (z|II) = Trpgll, obtained from the Born rule. In multiparam-
eter quantum metrology, the objective is to find an optimal estimator = (11, é) that in
some sense minimizes the MSE matrix.

Since the minimization of an MSE matrix is not properly defined, we seek precision
bounds where we minimize Tr[GVa[I1]], which is the weighted trace of the MSE matrix
according to a given positive matrix G. Here, G is a weight matriz and quantifies the
trade-off between estimating different vector components of the parameter 8. For instance,
when G is the size d identity matrix I;, minimizing TrGVy [ﬂ] corresponds to minimizing
the average variance of estimators.

A problem fundamental to quantum metrology is that of finding the ultimate precision
bound under reasonable assumptions on the estimators we use. We say that an estimator
I1 is unbiased if for all @ = 6',...,0% € ©, we have

Ep|0'(X)|II| = 3 0(2)Tx |polL| = 0" (Vi =1,2,....d).
reX

However, such an unbiased estimator invariably does not exist. Hence one often relaxes
this unbiasedness condition to a locally unbiased condition in the neighborhood of a chosen

2We refer the reader to [23, 24] for problems in the pure-state model.
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point 8. To have the locally unbiased condition to hold, we require that for all parameter

indices 4,5 € {1,2,...,d}, we have the equations
Eo[6'(X)[11] = > 0 (2)Tx [ polL| = ¢, (4)
reX
0 E 02 91 )T II 5
967 o0 (X) 11| = Z r{ae re ] ®)

Note that we can derive this condition by applying the Taylor expansion to the usual
unbiasedness condition at a point @ to first order.
Then, we introduce the fundamental precision limit by

Co[G]:= min Tr {GVg[ﬁ]}, (6)
II:l.u.at @
where the minimization is carried out for all possible estimators under the locally unbi-
asedness condition, which is indicated by l.u. at 8. In this paper, any lower bound for the
weighted trace of the MSE matrix Vg[II] is referred to as the CR type bound. When a CR
type bound equals to the fundamental precision limit Cy[G] as in (6), it is called the tight
CR bound in our discussion. That is, Cg[G] is called the tight CR bound. In the following,
we discuss some CR type and tight CR bounds.
In fact, the set of MSE matrix Vg [fﬂ under the local unbiasedness condition is charac-
terized as follows.

{Ve[IT)|TT is Lu.at @} = {Jp(I1) "I is a POVM }, (7)

where Jg(II) is the Fisher information matrix of the distribution family {FPg1}e and
Po11(z) := Tr[pell;] |25, Exercise 6.44].

When multiple copies of the unknown state are prepared, only individual measurements
for each copy are allowed, and the error is measured by weighted sum of mean square error
with the weight matrix G, it is impossible to realize estimation precisions exceeding Cy|[G].
Although the measurement to achieve this bound depends on the true parameter 8, when
classical adaptive improvement for the choice of measurement is allowed, it is possible
to achieve the bound Cy[G] [26, 27, 28, 29|. Therefore, we can consider that the tight
CR bound Cy|[G] expresses the ultimate precision of the optimal estimator in the asymp-
totic limit of infinitely many probe states when only adaptive individual measurements for
each copy are allowed. This setting corresponds to the strategy A2 in Section 3.2 of [22].
Furthermore, when n copies of the unknown state are given, even when any separable mea-
surement over the n-fold system is allowed, it is impossible to overcome the precision error
Cpg[G] although there exists a separable measurement that requires quantum correlation
over the n-fold system [25, Exercise 6.42].

In the latter discussion, we focus on this problem only at one point @ € ©. Hence,
We omit the subscrlpt 0 later, using C [G] to denote Cy[G]. Furthermore, we simplify pg,
80] po, VoIl ] to p, Dj, and V[ |, respectively. Further, when H is infinite-dimensional,
p and D; are assumed to be trace-class operators. Note that, even when we remove (4),
the minimum value of Tr[GV[I]] is not changed due to the followmg reason. Given an

estimator IT = (II, §) satisfying (5), the new estimator II' = (II,0 — Eg[ (X )|H} +0)
satisfies the relation V[II] = V[II'] + (Eg[ (X )]H} )(Eg[ (X )\H} 6)" > V[II']. Hence,
we ignore the condition (4).

We denote the minimum of (6) when our measurement is limited to measurement with
discrete value and the number of elements in X is m by C[G,m]. Clearly, C|G,m] >
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C[|G,m'] for m’ > m. In addition, since our interest is the minimization (6), without loss
of generality, we can assume that 6 is zero.

To get a CR type bound, we often focus on the SLD L;, which is defined as any
Hermitian matrix that satisfies

[a—

D; = 3 (Lip + pLi) (8)

The SLD Fisher information matrix J = (J; ;) is defined as

Jij = %TI‘ {Li (Ljp + pLj)} . (9)

Here, when p is strictly positive, the choice of Hermitian matrix L; is unique. Otherwise,
it is not unique. However, the definition of the SLD Fisher information matrix J in (9)
does not depend on the choice of Hermitian matrix L; under the condition (8). Under the
locally unbiasedness condition at €, we have SLD CR inequality [2]

Vi) > J (10)

For the proof, see [2, 3|, |25, Section 6.6], [22, Appendix B| for more details. When we can
choose SLDs L; for i = 1,...,d such that these SLDs L; all commute, the equality in (10)
can be achieved by a local unbiased estimator constructed by their simultaneous spectral
decomposition. In the choice of SLDs L;, extending the Hilbert space is allowed. However,
when p is a strictly positive density matrix, it is sufficient to check for the commutativity
of SLDs L; without extending the Hilbert space. In general, there is a possibility that the
equality in (10) be achieved only with an extending Hilbert space.
Taking a weighted trace in (10), we obtain the following bound.

e The SLD CR bound, which is the tight CR bound for any one-parameter model [2:
CS[@] == Tr[GJ Y, (11)
where J denotes the SLD Fisher information matrix about the model M.

To get a tighter bound than SLD bound, we focus on the vector of self-adjoint operators
Z = (Z',...,Z%) that satisfies the condition

Te[D; 27 = & for i j =1,...,d. (12)

Then, we define the Hermitian matrix Z(Z) whose (i, j) component is TrpZ?Z7. When an
estimator II = (II, @) satisfies the condition:

> 0 (), = 77, (13)

TEX
we have [3, (6.7.73)]
Vi) > 2(2). (14)
Using this relation, we have [4]
A — 1 — 1
TrGVp[ll] > TrGRe Z(Z) + Tr|G21Im Z(2)Gz2|, (15)

where the operator | X| is defined as VXTX.
Therefore, we obtain the following bound;
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e The Holevo-Nagaoka (HN) bound [3, 4] (Nagaoka [4] derived this bound by using
several formulas obtained in Holevo [3], and called this bound the Holevo bound.
Recently, the reference [30] called this bound the Holevo Cramer Rao bound, and
cited Nagaoka [4] as its formulation. However, this bound does not appear in Holevo
[3]. It should be called Holevo-Nagaoka CR bound. For its detailed history, see the
latest review [31].)

CHNIGl:=  min  Tr[GRe Z(Z)] + Tr[|G2Im Z(Z)Gz2 ), (16)
Z=(21,...,Z4)
where the minimization takes the vector of self-adjoint operators 7 = (ZY,..., 2%

to satisfy the condition (12).

Notice that the minimum (16) is achieved when the vector of Hermitian matrices Z
satisfies the condition TrpZ? = 0 for i = 1,...,d. When the model is composed of
pure states, the equality in inequality C[G] > CHN[G] holds [32].

The HN bound CN[G] improves the SLD CR bound C°[G], and gives the asymptotic
limit of precision of the minimum estimation error when any quantum correlation is allowed
in measurement apparatus and multiple copies of unknown states are prepared [33, 5, 34,
35, 29).

In addition, the HN bound CV|[G] satisfies the additivity condition, i.e., this value
with the m-copy setting equals the value with the one-copy setting divided by m [5]. The
reference [8, Eq. (11)] derived a calculation formula based on SDP for the bound CHY(G).

When d = 2, the lower bound in (15) is written as

Tr[GRe Z(Z)] + Tr[|G2Im 2(Z)G2||
=G11Te[Z  pZ 1| + Go o Tr[Z%pZ?)
+ G Tr[p(Z24 2% + 2% 7Y))
+2Vdet G| Tx[p[ 2", 2%))]. (17)

To improve the HN bound, Nagaoka [4, 10] derived the following inequality with d = 2:

Tr[GVp[[]] >G11Tr[Z pZY] + Go o T[22 pZ ]
+ G2 Tr[p(Z24 2% + 22 7Y))
+ 2V/det GTx[|p"/2[ 2", Z22]p"/?|] (18)
when an estimator IT = (II, §) satisfies the condition (13). Since Tr[|p/2[Z", Z2|p'/?|] >

ITr[p[Z!, Z?]]|, the inequality (17) implies (15).
Using (17), we obtain the following bound.

e The Nagaoka bound [4, 10|, which is given only in the case with d = 2, and is tighter
than the HN bound.

Cy G = Z_I(réilnz2) G11TY[Z'pZY) + Go o Tr[Z%pZ?]
+ G oTr[p(Z24 2% + 72 7Y))

4 QMTr[\pl/Q[Zl, Zz]pl/z\], (19)

where the minimization takes the vector of self-adjoint operators 7= (Z', Z?) under
the condition (12).
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In the qubit case, the Nagaoka bound C}[G] equals the tight CR bound C[G] for a two-
parameter model (d = 2).

To generalize the above improvement, we consider the tensor product between the
Hilbert space H and the real vector space R’ spanned by {|1),...,|d)}. Then, we define
B’ as

[y

j=1k

k) (il @ XPI|XRT € Byy(H), X5 = Xj’k}. (20)

To generalize (17), for the vector of self-adjoint operators Z = (Z%,..., Z%), the paper [11]
focuses on II(Z) € B’ with components I1(Z)% = Z?ZJ. When an estimator II = (I, 9)
satisfies the condition (13), the paper [11] derived the inequality

TGV = pin {TH(G @ ) X)X 2 TI(Z)}: (21)

Using (17), the paper [12] introduced the following bound.

e The Nagaoka-Hayashi (NH) bound [12], which is tighter than the HN bound.

CNHG] = min min {T[(G © p)X')|X’ > T(Z)}, (22)
7 X'enB
where the minimization takes the vector of self-adjoint operators Z = (ZY,...,2%

under the condition (12).

The reference [12, (22)] derived a calculation formula based on SDP for the bound CN# (G).
Overall, the HN and NH bounds focused on the relation between the difficulty of joint
measurement and the multiparameter estimation. This kind of relation was also discussed
in the recent paper |36].

2.2 Another expression of tight CR bound by [37, 13]

To get another form of C[G], the papers [37, 13| treated the minimization C[G] as a
minimization with respect to a POVM IT over R?. In this case, a POVM II is considered
as an element of convex cone. Then, it focused on the following maximization problem.

For a d x d real matrix a and a self-adjoint operator S on the Hilbert space H, we
consider the condition:

(T Gx)p Zajx’D -S>0 (23)
?J
for z = (2!,...,2%) € R% We consider the maximization:
S(D0) := max Z al + TrsS, (24)
.

where the maximization takes the pair (a, S) to satisfy the condition (23). Here, DO shows
the maximization problem presented in (24), and the maximum value is denoted by S(DO0).
Then, the paper [13] showed the following proposition:

Proposition 1 ([13, Theorem 6)).

C[G] = S(Do). (25)
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In fact, the maximization (24) can be regarded as the dual problem when the mini-
mization C[G] is considered as a conic linear programming with respect to a POVM I
over R?. Hence, we call the maximization (24) the dual problem DO.

To see this, we focus on the relation

/Rd <( TGx)p ZaﬂxlD — 91 (dx)> >0, (26)

7]

where x = (2!, ..., z%) takes values in R?. Using the above relation, we have

/R (& G T (d)
Z/Rd %afziTr[DjH(dx)] + /Rd Tr[STI(dx)]
Nyl [ ST (da) - TeSTI(RY
_Zag /Rdx Tv[D;11(dx)] + Tr[STI(RY)]
—Zajél—i—Tr [SI] = Za + TrS. (27)

Hence, we can easily see the inequality > in (25).

To show the opposite inequality, one needs to show the non-existence of the duality
gap, i.e., the minimum of the primal problem equals the maximum of the dual problem in
the framework of a conic linear programming, as explained in Appendix B. Although the
non-existence of the duality gap holds for a conic linear program in a finite-dimensional
vector space, the set of POVMs IT over R is a subset of an infinite-dimensional space,
because the number of elements in R? is not finite, even when # is finite-dimensional.
Hence, the paper [13] showed the non-existence of the duality gap in this problem setting
by discussing a complicated issue related to topological vector space.

In fact, the formula (25) has various merits. Appendix A summarizes its two appli-
cations. For example, use of the relation (25) enables us to derive the minimum MSE
under the locally unbiasedness condition under the one-parameter case. As another ex-
ample, using the relation (25), the papers |37, 13| derived the tight CR bound C[G] for a
three-parameter model (d = 3) in the qubit system.

3 Conic programming with various cones on tensor product

When H is finite-dimensional, Proposition 1 guarantees that the tight CR bound C[G] is
given as the maximum value S(D0) with the variables (a, S) of finite-dimension. However,
even with a finite-dimensional space H, the calculation of the maximum value S(DO0) is
not so easy,

To get a more computable form for C[G], we introduce the real vector space R spanned
by {|0),[1),...,|d)}. Let M,s(R) be the set of real symmetric matrices on R. The weight
matrix G can be considered as an element of M,s(R) C M;s(R), where M, (R)
denotes the set of positive semidefinite matrices in M,s(R). Here, we denote G =
Zlgj,igd Gili)(Jl.

This section aims to derive various CR bounds as conic linear programming problems
on the vector spaces B := M;s(R) ® Bsa(H) and T := M,s(R) ® Tsa(H). That is, B is
defined as

d d

Bi= {303 b o x4

§=0 k=0

XM € Byo(H), XM = Xﬂ%k}. (28)
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Symbol Meaning
R real vector space spanned by |0),|1),...,|d)
Re complex vector space spanned by |0),...,|d)
R/ real vector space spanned by |1),...,|d)
o complex vector space spanned by |1),...,|d)
M.5(R) set of real symmetric matrices on R
M;s +(R) positive semidefinite matrices in M,4(R)
B Equal to M,s(R) ® Bsa(H)
T Equal to M,s(R) ® Tsa(H)
B, B" both are extensions of B
B p-dependent subspace of B”
Sp,Ssep cones in B
X =1(a, S) an operator in 7 given by (57)
S5, Sspp dual cones
P1, P2 conic programs with cones Sggp, Sp

S3=8(Rc ® H)ppr
S1=8SRc®H)p

PPT cone
cone S(Rc ® H)p

Pi, i=3,4 conic program with variable in B” and S;
P5 conic program with variable in B;,’ and Sy
S(Pi) optimal value of Pi, for i =1,2,3,4,5
D1 dual program of Pi for i =1,2,3,4,5

Objective function of Di
Constraints of Di

Tra + TrS
II(a, S) lies in appropriate dual cone

S(D1) optimal value of Di, for ¢ =0,1,2,3,4,5
Wr a finite set of norm 1 vectors in R
Wy a finite set of norm 1 vectors in H.
[P1, Wg] Primal SDP
(D1, Wg] Dual SDP of [P1, Wg]
S[P1, Wg] optimal value of [P1, Wg]
S[D1, Wg] optimal value of [D1, Wg|
Cs(a) real number depending on a, D; and p (see (80))
Cy real number depending on D; and p (see (110))
d(Wr) covering radius of Wg
K related to the covering radius of Wgr

Table 2: Notations from Section 3 onwards.

For our conic programming framework, we consider

primal conic programs P1, P2, P3, P4, P5 and their dual conic programs D1, D2, D3, D4, D5. Primal
programs are minimizations over cones, while dual programs are maximizations over the dual cones
(also cones). There is no duality gap between the primal programs and the dual programs, so Pi has
the same optimal value as Di, so that S(Pi) = S(Di). The optimizations for the primal programs
are over variables of the form X, which are matrices in the tensor product space R¢c ® H. The primal
conic programs all have objective functions Tr(G ® p) X and the dual conic programs all have objective
functions Tra + TrS, where a is a size d real matrix, and S is a Hermitian matrix. Now S(P1) and
D(P1) are equal to the tight bound C[G], and can be approximated using the semidefinite program
(SDP) [P1,Wg], where we can take Wg to be a collection of points on a norm-1 hypersphere in a
real vector space. Namely C[G] = S(P1) = D(P1) ~ S[P1,Wg]. The smaller the covering radius
d(Wg), the better S[P1,Wg] approximates C[G]. To approximate C[G], for a chosen set Wpg, we
solve the primal SDP [P1,Wg] and the dual SDP [P1, Wg], denoting the optimal solutions as X*
and (a*, S*) respectively. Using (a*, S*) we can calculate Co(a*). Then we find that (in Theorem 13)
S[D1,Wg] — n|]| X*||(1 + Ca(a*)?)6(Wg) < C[G] < S[D1,Wg].
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T is similarly defined.

Since any real symmetric matrix can be regarded as a Hermitian matrix on the com-
plexified space R¢ of R, any element of B can be considered as a self-adjoint operator on
Rc ® H. Then, we define several cones in the space B as follows. Let Bs, +(#) be the set
of bounded positive semi-definite operators on H. Then, we define the cone Sgpp in B as
Ssep = conv(Mys +(R) @ Bsg +(H)), where conv is the convex hull. Then, we define the
cone Sgpp in B as the dual cone of Sspp. That is,

Sspp ={X e TITtXY >0 for Y € Ssepr}. (29)
In the context of entanglement theory, S§pp is often called entanglement witnesses |38,
39, 40].
Also, we define the cone Sp as
Sp:={X € B|(v|X|v) >0 forveRc®H}. (30)

Then, we have

Sp={XeT|TtrXY >0for Y € Sp}
D {X € T|Tr[Xv)(v]] > 0 for v € Re @ H}
={X e T|(v|X|v) >0 forve Re @ H}. (31)

Hence, when H is finite-dimensional, we have
Sp C Sp. (32)

Relaxing the condition of B we extend the space B as

d d )
B = { Y Il e X

§=0k=0

XF0 € Boa(H), XH9 = (XJV’“)T}. (33)

We define the set S(Rc @ H)p (S(Rc @ H)ppr) of positive semi-definite (positive partial
transpose) self-adjoint operators on R ® H. Since any component of an element X of Sp
is a self-adjoint operator, the element X satisfies the conditions of B”. Also, the operator
transposed on the system R¢ of X is positive. Hence, the element X satisfies the conditions
of B” and S(Rc ® H)ppr. Therefore, since the set Sgpp is generated by separable pure
states in R¢o ® H, we find the relations

Ssgp C Sp CS(R0®’H)PPTHB” CS(R0®H)pﬂB”. (34)

To derive various CR bounds as conic linear programming problems on the vector
spaces, we discuss the relation between our estimator and Sgpp. For any estimator
(IL, 0) := ({II; }zex, O(x)), we define the operator X (II,0) € Sgpp as

X (11, 0)
NN S,
::l;( (yo) + ;9 (w)|z)) <<0\ + ;me (@) 2 1L, (35)

Although the references [41, (2011)] considered a matrix with the separable form from a
POVM, our matrix X (I, §) with the separable form is different from their matrix with the
separable form in the following point. Their matrix with the separable form is composed
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of the tensor product of the POVM element and the density matrix of their guess. We
consider the tensor product of the POVM element and the one-dimensional operator given
by the superposition of |0) and the parameter of our estimate. The component |0)(0]
enables us to check the condition for the POVM.

Since I satisfies the condition of POVM, X (II, §) satisfies the following condition:

Ter [([0){0] @ 1) X (IL6)] = I (36)

The condition (5) for a locally unbiased estimator guarantees the following condition:
T (510} + 90 © D) X(L0)] = 515 37)
Under the above condition, the objective function TrGVp [ﬁ] is rewritten with X (II, é) as
Tr[(G ® p) X (11, é)} . (38)

In this notation, the components G0, Go, j, and G} are zero. Therefore, we consider the
minimization:

S(P1):= min {T&"[(G@p)X”(BG),(B?) hold. }, (39)

X€SsEP

and we denote the above primal conic linear programming problem by P1, and the min-
imum value is denoted by S(P1). Although the above discussion shows the inequality
C[G] > S(P1), we have the following theorem.

Theorem 2. We have
C[G] = S(P1). (40)

The above theorem shows the tight CR bound can be calculated by solving the primal
conic linear programming P1. Since the tight CR bound equals the tight bound, the primal
conic linear programming P1 characterizes the tight bound.

Proof. To show the opposite inequality C[G] < S(P1), we assume that an element X €
Ssep satisfies the conditions (36) and (37). X is written as

X=>T@)@M=>Y T@)®M+ Y T(z)® M, (41)

reX TEX] rEX)

where &p := {z € X[(0|T(z)|0) = 0} and &} := X \ Ap. Then, for x € &p, T'(z)|0) =0
and (0|7 (xz) = 0. Hence, the second term in (41) does not contribute the conditions (36)
and (37). Thus, the first term in (41) satisfies the conditions (36) and (37). Since

Tr| (Gep) Y T(x)e MI}
reX]
<Tr|( G®p<ZT ®Mx+ZT(x)®Mx>}
reX] r€XD
=Tr[(G ® p)X], (42)
we have (40). O
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When H is finite-dimensional and dim H = n, the dimension of B is ddrD) 2 Due to

2
2
Carathéodory’s theorem, any element of Sggp can be written as a convex sum of @4—1

extremal elements of Sgpp. Then, we have the following lemma.
Lemma 3. When dimH = n, we have C|G, M + 1] = C[G].

When we replace the cone Sggp by another cone in the primal conic linear program P1,
we obtain another primal conic linear program. The relation (34) lists various alternative
cones. For instance, when the condition X € Sggp is replaced by X € Sp, we denote the
primal conic linear programming problem as P2. In fact, since the cone Sp is given as
the set of positive semi-definite matrices in B, P2 can be simply solved by semi-definite
programming.

When the condition X € Sggp is replaced by X € S(Re @ H)ppr NB", (X € S(Re®
H)p N B"), we denote this primal conic linear programming problem as P3 (P4). When
we denote the minimum of the primal conic linear programming problem Pl by S(Pl) for
[ =2,3,4. The relation (34) implies

S(P1) > S(P2) > S(P3) > S(P4). (43)

Then, the NH bound CV*[G] and the SLD bound C*[G] can be calculated by solving
S(P2) and S(P4), respectively, as follows.

Theorem 4. We have

CNE Q) = S(P2) (44)
CS[G] = S(P4). (45)

The above theorem shows that the NH and SLD bounds are the optimal values of the
primal conic linear programs P2 and P4. Their difference lies in the choice of their cones.
The cone of P2 is composed of positive semi-definite matrices in B = M, 4(R) ® Bso(H),
and the cone of P4 is composed of all positive semi-definite matrices on R ® H that are
also in the cone B”.

Although the minimizations P2, P3, P4 are defined in cones different from the cone
S(Rc ® H)p, these minimizations P2, P3, P4 can be considered as semi-definite program-
ming (SDP) in the cone S(Rc ® H)p because their cones are given as linear constraints
in the cone S(R¢ ® H)p. Hence, the NH and SLD bounds CV[G] and C°[G] can be
solved by semi-definite programming while the reference [12, (22)] already gave the same
SDP form as S(P2) for CNH(@).

Proof. First, we show (44). For X' € B' and 7= (Z', ..., Z%) satisfying TrZ'D; = 5;-, we
define X (X', Z) € B as follows.

d
X(X', Z) = X"+ >_(10)(j| + |5)(0]) ® 27 + |0)(0] ® I. (46)
j=1

Since any element in B can be written in the above form due to the definition of B, it is
sufficient to discuss S(P2) to consider the matrix with the form X (X', 7).
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Figure 3: P1, P2, P4 and P5 are all conic linear programs on the space of operators B, B;/, or B".
The objective functions of all of these conic programs is the same, and the only difference between
them lies in the constraints that their operator variables must satisfy. The operator spaces for each
of these conic programs are different; P1 is optimized over a bipartite separable space on the tensor
product of R and H. All the other spaces use the complexification of R. The possible choices of X in
the programs P1, P2, P4 and P5 are contained within one another, which we depict visually as nested
rectangles. Because of this, we have S(P1) > S(P2) > S(P5) > S(P4).

Any element of R ® H can be written as the form |(y, 2)) := |y) @ (|0) ® |z)) with
ly)(:= 2?21 17) ® |y;)) € Rz @ H and |2) € H, where |y;) € H. Then, we have

((y, )X (X', 2)I(y, 2))

=(IXly) + 12l + (| Zd:ijﬁ + <Zd: Z7y;l2)
£ —
d j 2 d ] 2
=Xy + |2+ D 2| - | 27w
j=1 j=1
4mx—ndm»+k+§fmwf. (47)
j=1

Considering the case with z = — Z;lzl Z3y;, as pointed by [12, (22)], we find the equiva-

lence between the following two conditions for X’ and Z.
(i) The inequality ((y, 2)|X (X', Z)|(y, z)) > 0 holds for any |(y,z)) € Rc @ H.
(ii) The inequality (y|X’ — II(Z)]y) > 0 holds for any |y) € Ry, @ H.

Since the condition (i) is the conditions for P2 and the condition (ii) is the conditions for
the NH bound CVH[G], the desired statement is obtained.

Next, we proceed to the proof of (45). We choose X’ as an element of S(R., ® H)p N
B’. When Z is fixed, the optimum X’ under the condition X(X’,Z) € S(R¢ ® H)p
is the operator II(Z). In this case, the value of the objective function Tr[(G ® p)X] is
Tr[GZ(Z)]. Under the condition (12), we can show Z(Z) > J~! in the same way as the
SLD Cramér-Rao inequality. When we choose a suitable A , the above inequality becomes
an equality. Thus, the minimum of Tr[GZ(Z)] under the condition (12) is Tr[GJ 1] =

CS[G]. Therefore, we obtain (45). O

To get a relation with HN bound, CHV (@), we introduce a linear constraint to the
operator X € B” as

Tr[ X (5] = i) (i) @ p)] =0 (48)
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for 4,5 =1,2,...,d. Using this linear constraint, we define the subspace B7 of B” as
Bj = {X € B"|(48) holds.}. (49)

We consider the minimization:

S(P) = XeS(chngql{)PnBu {Tr[(G ® P)X} )(36), (37) hold,}
- XES(RICI%I;[)PQB// {TI‘ [(G ® p)X} ’(36)7 (37)7 (48) hOld} (50)

Since we have the relation
SpCS(RC(X)”H)pﬂBZCS(RC®H)pﬂB”, (51)
we have the following relations
S(P4) < S(P5) < S(P2). (52)
Then, we have the following theorem.

Theorem 5. We have
CHN[G) = S(P5). (53)

The minimization P5 can be considered as an SDP in the cone S(R¢ ® H)p because
the cone is given as linear constraints in the cone S(R¢ ® H)p in the same way as the
minimizations P2, P4. Therefore, the tight, NH, SLD, and HN bounds are summarized
as Fig. 3. Although the reference [8, Eq. (11)| derived an SDP form of the HN bound,
their SDP is different from P5. They assumed the finite-dimensional system for H in the
derivation [8, Eq. (11)]. In contrast, we do not require this assumption to derive the
equation (53).

Proof. We show (53) by using the second expression of S(P5) in (50). Since X (X', Z) €
S(Rc @ H)p N B”, the components of Z are self-adjoint. First, we fix Z. When the
condition (48) holds, the condition X (X', Z) € S(R¢ ® H)p N B" is rewritten as follows.

X=X~ (1(Z) - (IS;MWW) o1)
z(ldew)m (54)
<i,j<

—

Since (H(Z) — > 1<ij<d w i) (4] ®I> satisfies the condition (48), when X/ satisfies

the condition (48), when X’ satisfies the condition (48). The pair of the condition (48)
and the condition X (X', Z) € S(Rc ® H)p N B” is rewritten as the pair of the condition
(48) for X/ and the condition (54).

When X[ satisfies (54), we have TrypX, > >3 i<y wh)(ﬂ Conversely,
when a d x d symmetric matrix V"’ satisfies the condition V' > 37, ; .y wm( 7l
X! =V'® I satisfies (54).
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Since Tr[(G ® p)Xi} =Tr [G(TerXi)}, our minimization with fixed Z is rewritten as

Tr [ p[X?, X7]]

i TtGV'|V! > .-}
V’:S}{rnlllélletric { : - 1<i2,j:<d 9 ’Z> <.7‘
= min {TGV|V' > V=IIm 2(2), (55)
V’:symmetric

which equals Tr [|G%Im Z(E)G% |] .

Since
wfoenun-( 3 T ) )

1<i,j<d

=Tr[(G @ p)II(Z)] = Tr|GRe 2(Z)], (56)

the minimum value of the objective function with fixed Z is Tr[GRe Z(Z)]—l—TrHGﬁm Z(Z)G% 1].
Since the condition for Z is the same as the HN bound, we obtain (53). O

Now, for a d x d real matrix a and a self-adjoint operator S on the Hilbert space H,
let us define the operator as an element of T

e, 8) =G o p-5( 3 aloy + [0 D;)

1<i,j<d
—10)(0| ® S. (57)
The dual problem D1 of P1 is given as the following maximization:
S(D1) := max { at + TrS|(a, S) € Sk } 58
o= s S (a.) € Siup (58)

Also, the dual problem D2 of P2 is given as the following maximization:

S(D2) := L+ TrS|(a, S) € Sp ¢ 59
(D2) (a,S)eRIa%%}iﬁa(H){zi:a’+ 5|, 5) P} (59)

In the same way, the dual problems D3 and D4 of P3 and P4 are given as the following
maximizations:

S(D3)

max {Za + TrS

(a S)ERXdx Tyq (H)

M(a, S) € (S(Re @ H) prr N B")*}. (60)
S(D4)
(a S)eRdx%lesa(H) { Z @+ TS

M(a, S) € (S(Re @ H)p N B”)*}. (61)

S(D5)

= max {Za + TrS

(a,8)ERIX 4 x Toq (H)

M(a, S) € (S(Re @ H)p N Bg)*}. (62)
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Since the minimizations P1, ..., P5 are conic linear programmings, we have the following
theorem.

Theorem 6. We have
S(Pl) = S(DI) (63)
forl1=1,2,3,4,5.

For its proof, see Appendix C. When H is a finite-dimensional space, the conic linear
programing problems appearing in Theorem 6 are conic linear programing problems on
finite-dimensional vector spaces.

Also, as shown in Appendix D, the following theorem holds.

Theorem 7. We have
S(D0) = S(D1). (64)

The combination of Theorems 2, 6, and 7 implies Proposition 1. The combination of
Theorems 2, 6, and 7 implies another proof of Proposition 1.

4 Calculation of S(P1)

4.1 Upper bound

Although the minimization problem P2, i.e., the NH bound CV# [G] can be solved by semi-
definite programming, the cone in the primal conic linear programming P1 is the separable
cone Sggp, which is different from the set of positive semi-definite matrices. Hence, the
primal conic linear programming P1 is still not so easy even with a finite-dimensional space
H. In fact, this type of problem appears in the membership problem of the separable cone
Ssep, which appears in the decision problem of the existence of entanglement [14, 15]
and in generalized robustness of entanglement [17]. Also, the reference [42, Proposition
2| showed that the communication value can be calculated as a conic linear programming
with the separable cone Sggp.

In this section, we consider an efficient algorithm to solve S(P1). Although we present
our algorithm for the conic linear programming S(P1), this algorithm can be applied to
a general conic linear programming with the separable cone Sggpp including the problem
presented in [42, Proposition 2|. To solve this problem, we choose a finite set Wg :=
{|ws)}™; composed of several normalized vectors in R9*!. Then, we choose a subset
S(WR) = {ZZL:I ’ws><ws‘ ® XS‘XS € 7;a,+(H)} C Ssep- Replacing Sgpp by S(WR)7 we

consider the minimization:

SIPLWe] = min {Tx[(G @ p)X]|(36), (37) hold.}. (65)

The inclusion relation S(Wpg) C Ssgp implies the relation
S[P1,Wg] > S(P1). (66)

We illustrate the relationship between P1 and the SDP [P1, Wg| in Fig. 4. To calculate
S[P1,Wg]|, we define the set of block diagonal matrices T(Wg) := {d> e |s)(s| ® Xs|Xs €
Tsa,+(H)} on the vector space C™ ® H. Identifying an element > 7*; |ws)(ws| ® X €
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Figure 4: Relationship between P1 and [P1,Wg|. To convert the problem P1 to an SDP, we have
introduced a subset S(Wg) of Ssgp. The inclusion relation S(Wpg) C Ssgp implies the relation
S[P1,Wg] > S(P1). Also, due to the construction of S(Wg), S[P1,Wg] can be solved by an SDP.

SDP

Upper bound

SWr), Xs € Tsa+(H) with a block diagonal matrix > 7" |s)(s| ® Xs € T(Wgr), we have
another form of S[P1, Wg]:

S[P1, W]

> (ws|Glws)Tr X p| C[P1,Wg] holds. » (67)

X (XS)ET WR) s—1

where the condition C[P1, Wg] is defined as

> (ws|0)(0]ws) X5 = 1, (68)
s=1
;Z (el (10)(i] + 1) (O fwg) Tx X, D] = &7, (69)

We call the above problem [P1,Wg]. This problem can be considered as an SDP with
d? +n? constraints with block diagonal matrices, which is a typical case of sparse SDP.
We define the number 6(Wg) as

O0(Wg) := ' 0
( R) :JcERdrElaﬁ{zH 1wr£11/{)1 ”’x>< ’ |w><wH!1 ( )

We consider a sequence Wg,, such that 6(Wg,) — 0. As shown in Theorem 13, we have

Jim S[P1,Wgn| = S(P1). (71)
Hence, we can use SDP for this problem.

Many existing algorithms for SDP work well for sparse positive semi-definite matrices.
The paper [43] studied the calculation complexity for generic primal-dual interior-point
method for SDP. When we apply their analysis for the calculation complexity to the case
with block diagonal matrices, as explained in Remark 8, we find that the calculation
complexity of S[P1,Wg] is

O(m((d* +n?*)n® + (d* + n?)?n?))
=0(m(n® + d*n® + d*n?)). (72)

Remark 8. To get (72), we explain how to apply the analysis by the reference [43]. In the
reference [43], m is the number of constraint, and n is the dimension of the vector space to
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define the positive semi-definite matriz. In their analysis for generic primal-dual interior-
point method for SDP, the dominant part of the calculation complexity is given as the
calculation of B' and v’ in Eq. (8°) of [/3]. When the matrices are given as block diagonal
matrices, the number of blocks is n1 and size of each block is na, the calculation complezity
of B' is O(mn3ni + m?n3ny) and the calculation complexity of ¥' is O(n3ni + mn3ny).
Therefore, the total calculation complexity is given as O(mniny +m?2n3ny). Applying this
estimation to our setting, we obtain (72).

4.2 Estimator attaining upper bound

Here, we explain how to construct an estimator to attain the upper bound S[P1, Wg] with
Wr = {|ws)}7L,, where |ws) = ?:0 wl|j). For the optimal solution X7,..., X} to the
SDP [P1,Wg], we can define the positive semi-definite matrix

M, = w22 X7 (73)
The first condition (68) implies
m m
> M= Z wl X3 = Z(ws|0>(0|ws>X§ =1, (74)
s=1 s=1

which shows that {M,} satisfies the condition of POVM. For each outcome s, we define
0(s) € R as

0t wi 7

A

so that the pair ({Ms},0) forms an estimator. The second condition (69) implies

m m i m ]
Z OTMD; = “STrjulPX:D; + 3 0°Tr[w?> X7 D
s=1 Ws s=1
1 A .
52 ws](10)(i| + [3)(0])|ws)Tr X ¥ D; + ' TrID; = 57 + 0. (76)

Therefore, the estimator ({M;}, é) satisfies the locally unbiasedness condition. Its weighted
mean square error is calculated as

.Z Gij Z(éj(S) — 67)(0'(s) — 0")TrM,D; (77)
_Z ,sz wST\ 02x*D, _Z<wsyG\ws>TrX§p. (78)
s=1

Therefore we have the following result.

Theorem 9. Let us use the optimal solution of [P1,Wg] to construct My according to (73)
and 6 according to (75). Then the estimator ({Ms},0) attains the upper bound S[P1, Wg].
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4.3 Lower bound

Since the solution S[P1, Wg] of the SDP gives an upper bound of S(P1), we need to derive
a lower bound for S(P1). However, it is not easy to derive an lower bound of S(P1) from
the solution S[P1, Wg|. In the following, we present a lower bound of S(P1) under the
algorithm presented in the above section. Although the algorithm and the upper bound
presented in the above section work with a general conic linear programming with the
separable cone Sggp, the following lower bound does not necessarily work with a general
conic linear programming with the separable cone Sgpp because the lower bound depends
on the form of the conic linear programming S(P1) with the separable cone Sggp.

To derive its lower bound, we denote the optimum a and S of the dual problem [D1, Wg|
of [P1,Wg] by a* = ¥, af,[i}{j] and S*.

Namely, we define the dual problem [D1,Wg] as

maximize Z al +TrS (79a)
(a,5) e R X Too(H)

subject to Z |s)(s| @ (ws|(a, S)|ws) >0 (79b)
=1

w

with optimal value S[D1, Wg] := 3, (a*)¢ + TrS*.
Then, we define the real number

S (e o) | (%0)

J

Cola) = ;‘

for a d x d matrix a. Using this value, we define

X* = I(a", %) (1)
K:=— min min 1y), v| X*|(1,9), ). 89
UGH:Hszly:lly\\scg(a*)« y), vl XTI ),v) (82)

Then, we have the following lemma.

Lemma 10. A pair (a,S) satisfies the condition (23) if and only if the relation

lyll*p + > _(ay)’D; = S >0 (83)
i

holds for y € RY with |ly|| < Ca(a).

Proof. In this proof, (c;); expresses the vector whose components are cq,...,cq. A pair
(a, S) satisfies the condition (23) if and only if any y € R? and |¢) € H satisfy
lyl1*(lolé) + > ajy” (#1D;l6) — (#lS|9) > 0. (84)
5.3

The LHS is rewritten as

(@lolo)]v - (M S aeinyla),

2

- (01816) ~ 75 H(Z (@ID; r¢>)
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That is, when |¢) is fixed, the minimum of the LHS for y is realized when y = ( T 2 <<;5|D ]¢>) .

Therefore, the range of y € R? in the condition (84) can be limited to the set {y c RY|ly|l <

(o S @101 [}

Since we have
| (7 = ks o),

(2<<z>\p\¢ Z“ oDy '¢>>
( 1

TR Dy19)) - (56)

max‘ ¢>

using |¢') := p'/2|¢), we have
1 j/ 2
<|[( ———— S o (¢| D
x| (s 2.5 (01D; '¢>> <
—1/2 J —1/2 / 2
:%axz( 21y Ol Z“ Dy '¢>>
1/2 J 1/2 2
_ D /
22 T e G Za )
1 ,—1/2 5’ —1/2 41 2
- |¢,;ﬂg;ﬁ_1; (012 Do 161 )
< ma Z1<¢'|(W?(Zaﬂi’D-/>p—1/2)2|¢’>
~ e )illelli=1 4 4 A
—1/2 J' —1/2 2 ’
= max o \Z( (3l ) 1)

= (e vy | = e 7

:4‘ :
J

Hence, the range of y € R? in the condition (84) can be limited to the set {y € Rd’ lyll <
Cg(a)}. Thus, we obtain the desired statement. O

Then, for the lower bound of S(P1), we have the following theorem.
Theorem 11. We have the following relation.

S[D1,Wg] =S[P1,Wg] > S(P1) = S(D1)
>S[D1, Wg] := S[D1,Wg| — nk, (88)

where n is the dimension of Hilbert space H. In particular, (94) holds with equality in the
limit § — 0.
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When we calculate a lower bound of S(P1) from S[P1, Wg], we have knowledge for a*
and X™ in a real numerical calculation. Hence, it is possible to calculate « by applying
Theorem 11.

Proof. 1t is sufficient to show that the pair (a*, S* —kI) satisfies the condition (23) because
in this case, the corresponding objective function of [D1, Wg| is Tra* + Tr(S* — kI). Due
to Lemma 10, it is sufficient to show that the pair (a*, S* — kI) satisfies

lyl*p + > (a*y)’ Dj = 8" + kI > 0 (89)
J
for y € R? with ||y|| < Ca(a*).
For y € R? with ||y|| < Ca(a*) and v € H with ||v|| = 1, we have

©l(lylPp + X(ayV D; = 8° 4 61 ) o
~((1,), ol X°I(L ).} + (i)
(1) oX|(Ly).0) + 5 2 0, (90)

which implies (88). O

4.4 Theoretical Evaluation of &

When we derive a lower bound of S(P1) in our numerical calculation, we can calculate s
numerically, and can directly use Theorem 11. However, when we estimate the calculation
complexity to get the tight CR bound within additive error €, we need to evaluate
theoretically. For this aim, we define

O0WVr):= : 01
Wr)i= o win ll2) (2] = ) ol (1)

Then, the following lemma gives an upper bound of .

Lemma 12. The quantity 6(Wgr) gives an upper bound of k.
k< XL+ Co(a”)?)d(Wr). (92)
Proof. For y € R? with ||y|| < Ca(a*) and 6 = §(Wg), we have

(L)X, )
> (1 + [lylI*) (w] X fw) — [ X1 (L)) (L, 9)|
= (1 [yl w) (wl 121
> (1 + [|yl*) wl X*w) — [ X (1L + [lyll*)o1
2 (1 + [lylI*) (w] X" |w) — [ X1+ Ca(a™)?)81
> — | X" (1 + Ca(a*)?)l, (93)
which implies (92). O
Combining Theorem 11 and Lemma 12, we have the following theorem.

Theorem 13.

S[D1,Wg] = S[P1, Wg]

> S(P1) = S(D1)
>S5[D1, W] = n| X7([(1 + Ca(a

*)?)3(Wr). (94)
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Considering the structure of x, we have another evaluation of k. For this aim, we define

So W)= e min )] — )], (95)

with # = tan~' s. Then, the following lemma gives another upper bound of &.
Lemma 14. Using the quantity §(s, Wr), we have the following upper bound of k.

< |IX* 1+ s%)6 .
K< Hse[glc%*ﬂ( +5%)0(s, Wr) (96)

Proof. For y € R? with [jy|| < Ca(a*), we have

(LI X*I(L,))
>(1+ [|y[1*) (w] X *w)
— (I A )] = (L + [y 1) w) (wl][1 ]
>(1+ [lyl*) (w| X w) = [|XL+ [yl*)d(lyll, Wr)T
>(1+ [lyl*) {w] X*|w) — HX*”Se[g?Ca;((a*)](l+32)5(37WR)I
> ||IX* max (14 s*)d(s, Wg)I. (97)

s€[0,C2(a*)]

5 Construction of Wpg

5.1 Quantum t-design

To implement the proposed method, we need to construct the subset Wi C RI*1. For
this aim, we like to pack m points uniformly on a d-sphere of radius 1, such that any point
on the sphere is as close to some point as possible. As one possible choice, we randomly
generate pure states |wi)(wil, ..., |w;){w;| on the system H subject to the Haar measure.
Another choice for Wg is a quantum t-design.

A subset Wy of normalized vectors on the finite-dimensional Hilbert space H is called
a quantum ¢-design on H when

> ‘W e 1 = [ o) (el pan(a), (98)

weEWK

where p is the Haar measure on the set of pure states on H [44] [45, Section 4.5]. A subset
Whg of normalized vectors on R is called a quantum t-design on R when

> gl = 1) ol (da), (99)

weEWR

where p is the Haar measure on the set of pure states on R.

For a good choice of Wgr and Wy, we can consider a quantum ¢-design because a quan-
tum ¢-design has a symmetric property. For example, the paper [46] discusses approximate
construction of quantum t¢-designs.
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5.2 Spherical t-design

A quantum t design has not been sufficiently studied, but a spherical t-design has been
well studied [47]. The references [48, 49, 50| study a spherical ¢-design. Fortunately, a
quantum ¢-design can be constructed from a spherical ¢-design [44].

A subset V of S9! is called a spherical t-design when the relation

> f@) = [ fa)ugi (do) (100)

reSd—1

holds any polynomial f with degree ¢, where p1gs—1 is the Haar measure on S

Given a spherical 2t-design V C §2¢~1 we define a subset Vp of pure states on # = C¢
as follows. For z € S2471 we define the normalized vector w(x) € H as w(z); := x9j_1 +
x2;i. As shown below, the set Vg := {w(x)}zcy is a quantum ¢-design. For any sequences
e1,...,er and fi,..., fr, we have

> Dl}‘Ter(w)ﬂw(x)\@t\eh e £

€Y
=3 5 T IT wie).,wtay,
ey | | j=15'=1 !
— [TL 1 w@)e,w(e), mseaes(d)
j=1j'=1

= [ @) ers e i fl s o)
:/Tr[|x><x]®t]61,...,et>(f1,...,ft”p,7.l(dx). (101)

Hence, we have

> !VI‘w )| = /\x M| pa(de). (102)

eV

which shows that the set Vi := {w(z)},ecy is a quantum ¢-design. In the same way, given
a spherical t-design V C S9!, the set V is a quantum t-design on R = R

5.3 Construction reflecting structure of s

Since the lower bound of S(D1) depends on the value k, we may construct W by reflecting
the structure of x as follows. We choose a subset S C S9!, which can be a spherical
t-design. Then, we define a subset S(¢) := {(cos ¢,sin ¢y)}yes. We choose ¢g > 0 as
tan ¢g = Ca(a*). Using k, we choose Wg as U?ZOS(%).

We can modify this construction as follows. That is, to construct S (%), depending
on j, we choose a subset S; C S9=1 which also may be a spherical t-design. We define a
subset S(%J) {(cos 2 20l sin ¢0jy)}y€3j. We choose ¢g > 0 as tan ¢g = C2(a*). Using k,
we choose W as U?ZOS(d’gJ).

Indeed, when d = 2, the choice of S is very easy because we can choose S as {(cos 2]7\7 ,sin 2]7\7)}{\; 1
In this case, we find that §(S) = ||(1,0) — (cos 27 /N,sin27/N)|| = /2 — 2 cos 27 /N.

Appendix E discusses the theoretical evaluation of k in these choices while it is better
to directly calculate x from the obtained data a* and X* in a real numerical calculation.
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5.4 Another construction

First, we construct the real discrete subset D), 4 C Sg, where & is the d-dimensional sphere
in R¥1. We define D,, 1 as

21 i i n—1
Dy = {(cosm,sin M)} (103)
mn n j=0
Then, we inductively define D,, 4 as
2w 21y
Dpg = {<cos —Jv sin 7TJ) vE€Dyg-1,r,J=0,...,n— 1}. (104)
n n
Then, |D,, 4| = n?. We have
v
F(D ‘= min max = Ccos —. 105
(D) = min R [(th1]¢h2)] - (105)
In general, we have
i
F(D, 4) = mi = cos? —. 106
(Prn.a) = min ax [(Wrlth2)] = cos” (106)

This can be inductively shown as follows.

F(D = min max
(D,a) wesdwepn,lelWM

=min min  max max
0 Y1€S4_173=0,...,n—1 ¢2E,Dnyd71

219 279
(11|1)2) cos 6 cos it + sin # sin M‘
n

9
sin 6 sin M) ’

(P1])2) (COSQCOS 2L 4

=min min max max

0 $1€Sq—13=0,...n—12€Dp g1 (1 |¢2> n

) ) 27 1 .. 27 D
=min min max max cos f cos —= + sin 0 sin —=

0 Y1€84-11%2€Dy a1 (W)l (j=0~-~’"1 n (Y1]1h2) n

219 219
cos@cos—j + sin&sin—]
n n

)

>min min max max max
T 0 1€Sqg_112€D, 41 |<¢1W}2>|< j=0 -1 (

yeees Tl

)

21)

™)
cos 0 cos —= — sin @ sin —=
n n

. . 2mj .27 D)
= — 44 — -0
ménw1%é3—1w2€ngi§—1 |<1/11]1/Jg>\(_ &1&7)(_1111&)(( sin( - + )|, | sin( - )
(m (s 40 -0)))( [l )
=( min max max ( |sin(—= min  max
6 j=0,...n—1 n ’ 1€83—1%2€Dy a1 1wz
> c08 —F(Dpg_1) = cos® —. (107)
n n
Therefore,
6(Dng) = ~max  min ||[y)(y| — |z)(z]]

ly)€R:[|z[|=1 |2) €Dn,a

=2,/1 = F(Dpq)? = 2,/1 — cos2d _. (108)
n

Thus, when 6(D,, q) = 6, we have
1- 7 = cos To@-sin2Dy¥d>1-"yd>1- 92 (109)
n

dgd/2
Hence, |D,, 4| = n? < %.
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6 Calculation complexity of tight CR bound within additive error ¢

Now, we evaluate the calculation complexity of tight CR bound within additive error e
under the choice of Wg given in Section 5.4.
For further evaluation, we introduce the quantity:

1 1/2
Cy = 2’ S (A Dp)p 2 (110)
J
Then, we have the following lemma;
Lemma 15.
Ca(a) < [[allCh. (111)
Proof. We define A; = p_1/2(Djp)p_1/2. Then, since ||a||?I > a'a, we have
d A
lall* >~ A = llal*(As, ..., AT |
J=1 A
A d d
>(Ar,.. L Agdta | r | =300 af Ap)2 (112)
A, j=1 j'=1
Then, we have
d d d
lal2¢2 = fall2]| 3 42 = | S0 @ 4,02 = Cala) (113)
j=1 j=1 j'=1
O

When the pair a*, S* is the optimal solution of S[D1, Wg| with a weight matrix W, we
define ¢ := n||l(a*, S*)||(1 + ||a*||?C?). Then, Theorem 13 and Lemma 15 guarantee that
the error e is upper bounded by £6(Wg). Using this fact, we have the following theorem

Theorem 16. Suppose that we choose Wg as Dy q with €' = 6(Dpa). Then, the
calculation complexity of the tight CR bound for probe states of size n within additive
error € is

§U? 6 o3 g
O( - (n° +d*n —i—dn)). (114)
Proof. We consider how |Wg| relates to the additive error of the CR bound. From Theorem
13, our lower bound to O(D0) depends on the covering radius of JWr. When the relation
€ > &0 holds, Lemma 15 and (94) guarantee that the error of CR bound is upper bounded
by e.

Since €€~ = §, we have m = |Wg| < ( . Hence, substituting the
above value to m in (72), the overall complexity of the algorithm is

d jd/2
0(5 d

ed

27r)ddd/2 i (27rf)ddd/2
5d = d

(n® 4 d*n? + d4n2)). (115)

O]
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Since Theorem 16 evaluates the calculation complexity of the tight CR bound within
additive error € by using the value x, we need to evaluate the quantity |II(a™*,S**)],
where (a**, S**) denotes the optimal solution of D0. The following theorem gives its upper

bound.

Theorem 17. We denote the SLD Fisher information matriz by J. We have

[TL(a™, S*)]
d d
<G 116
S WTrG/2]-1G1/2 T ImGi g (116)
and
k% ko d
Ja*]| < Tra™ < (117)

2VTrG12J-1G1/2

Finally, we evaluate the calculation complexity of the tight CR bound within additive
error € by Theorems 16 and 17. Since a**,S** are close to a*(Wg), S*(Wg), [la*(Wg)]|
and ||II(a*(WRg), S*(WR))|| have the same order as ||a**| and |[II(a**, S**)||, respectively.
We assume that G is the identity matrix. Combining Theorems 16 and 17, we find that

d o, d d
\/TrJ—l) (2\/TrJ—1 - 4TrJ—1))‘ (118

Hence, the calculation complexity is upper bounded as

£ =0(nch(

d
<TLC12( d )2( d + 0171 )> 44/2
VTrJ-1 VTrJ-1 4TrJ .
O< i 2 TdJ (nS + d*n3 + d4n2)>. (119)
€

For simplicity, we consider the case when J is the identity matrix. The value TrJ ! is
d. The above value is simplified as

o ( (n012d3/2)ddd/2

| (n% + d*n? + d4n2)>
€

1
=0 <6dnd012dd2d(n6 + d?n? + d4n2)> . (120)

7 Numerical lower bound for S(D1)

Here we numerically find a lower bound for S(D1). Here n denotes the dimension of H,
and d is the number of parameters that we estimate. Here, we consider the metrology
problem with probe state

p=1I,/n, (121)

where I,, denotes an identity matrix of size n. We set the number of parameters to estimate
to be and d = 2. Now let us define the algorithm MakeRandomDs(n) that generates size n
random traceless matrices D7 and Ds.

Algorithm MakeRandomDs
[D1, D] =MakeRandomDs(n)
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1. Fori=1,2:

2. Make a random matrix M of size n, with each matrix element chosen independently
from the uniform distribution on [0, 1].

3. Set D= M'M.
4. Set D; =D —TrD/n.

We can interpret this as corresponding to a quantum model with true parameters 6; and
02, where if  is in the neighborhood of 6 = (61, 62), we have p((z1,22)) =~ I,,/n+ D1(x1 —
01) + Da(x2 — 02). Physically, this could correspond to quantum parameter estimation on
a set of states that are close to maximally mixed, which describes the scenario where noise
dominates the quantum system.

Now we describe how we make the set Wg. First we make the algorithm circlepoints(N)
which takes as input a positive integer N, and returns a set calS.

Algorithm circlepoints
calS = circlepoints(XV)

1. Set calS = a matrix with N rows and two columns, with every entry equal to zero.
2. Forj=1:N

3. Set § =2rj/N

e~

Set calS(j,1) = cos(f)
5. Set calS(j,2) = sin(h)

Next, we make Wg using the following algorithm. *

Algorithm makeWR
Wpg = makeWR(N)

1. Set N =70,k =100 and ¢9 = 1.2.

2. Set Wr=10

3. foridx=1:(k+1)

4. Set currN = max([(idx/k)/4NT, 20)

5. Set calS = circlepoints(currN)

6. Setj=idx—1

7.  Set ¢ = ¢poj/k

8. Set 1 as a column vector of ones that has the same number of rows as calS
9. Set W as the matrix with three columns [cos(¢4)1, sin(¢)calS] with N rows.

10.  Add every row of W into the set Wg.

3We export information about Wg in a csv file WR. csv available on request.
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We find that Wg has 5750 points.
Foreachn = 3,4,5,6,7,8,9,10,11,12, 13,14, 15,16, 17, we run Algorithm MakeRandomDs
50 times, and use the same Wg. For each (p, D1, D2) that we obtain, we

1. calculate the NH bound, the HN bound, S[D1, Wg] and S[D1, Wg].

To find S[D1, Wg| and S[D1, Wg]|, we first solve [D1,Wg] and find its optimal solution
(a*,8*). The optimal value is S[D1,Wg] = Tra* + TrS*, and this is our upper bound
to S(D1). To evaluate S[D1,Wg], which is our lower bound to S(D1), we first evaluate
X* = TI(a*, S*)(81). Next, we evaluate co = Ca(a*) (80) and ¢f = tan~!(cz). Our next
step is to numerically approximate k as defined in (82).

We implement our approximation of x in Theorem 11 by the following method.

1. Set myrange = {—c2 + 2¢25/999]j = 0,...,999}. (We can implement this in MatLab
using linspace(—cg, c2, 1000)).

2. Set k = —o0.
3. For x in myrange:
4

For y in myrange:

5. Set w = (1, z,y) as a column vector.
6. It [|[(z, y)|| < ca:
7. Set m = Amin((w|X*|w)), where Apin(-) gives the minimum eigenvalue of a

Hermitian matrix.

8. If m < —k, set kK = —m.

This subroutine evaluates the smallest eigenvalue of the matrices ((1,y)|X*|(1,y)) amongst
the no more than 10% points of y € R?, and ||y|| < ¢2. Then we set our lower bound to
S(D1) to be S[D1,Wg| = Tra* + TrS* — nk. If S[D1,Wg] > S(P2), we set isgap = 1.
Otherwise, we set isgap = 0.

Since (D1, Dy) is generated randomly by MakeRandomDs, isgap is a binary random
variable. We define f,, as the probability that isgap takes the value 1. Since f, is an
unknown parameter, we estimate f, from our 50 numeric experiments that independently
generates (D1, D2), which determines isgap in the above method. Let g, be the number of
times isgap = 1 out of the 50 experiments. We plot the values of g, along with their error
bars in in Fig. 5.

For fixed n, we plot the largest values of S[D1, Wg]/S(P2) among our 50 experiments
in Fig. 6. Values of S[D1,Wg]/S(P2) that are strictly larger than 1 illustrate a positive
gap between S(P1) and S(P2). We also plot the corresponding values of S(P4)/S(P2) in
Fig. 6.

As expected, when n = 3, S[D1, Wg]| is never greater than the NH bound given by
S(P2). However, for n = 4,5,6,7,8,9, in the majority of our numerical experiments,
S[D1,Wg] exceeds the NH bound.

8 Applications

8.1 Learning parameters of Hamiltonian models

When one has a physical system on many qubits, the underlying Hamiltonian can always
be written as H = >, ar P where P, are multiqubit Pauli operators. The Pauli operators
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Figure 5: For each value of n = dim(#), we randomly generate 50 independent pairs of derivatives
of probe states (D;, Ds) according to Algorithm MakeRandomDs. Let (3, count how many of the
50 independent pairs (Dy, D2) have S[D1,Wg]/S(P2) > 1. Then set g, = (,/50. Here g, is a
maximum likelihood estimator of f,, which is the asymptotic fraction of experiments which would have
S[D1,Wg]/S(P2) > 1. When g, is close to 1, this indicates that it is very likely that all random
derivatives of probe states have a C[G] > S(P2). Hence, the numerical evidence show that there
is very often a gap between the tight bound and the NH bound, demonstrating the benefit of using
the tight bound over the NH bound. We calculate the 99% confidence interval of our estimator g,

according to the Clopper—Pearson method (using the function binofit in MatLab.)
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Figure 6: For each of our 50 numerical experiments for n = dim(H) = 4,5,...,16,17, we find the
maximum S[D1, Wg|/S(P2) and plot it. We also plot the corresponding values of S[D1, Wg|/S(P2)

and S(P5)]/S(P2). In Fig. 5, we see that there is very often a gap between the tight bound and the

NH bound. Here, this figure shows us what the magnitude of this gap is. Since the gap is quite small,
we can see that there is numerical evidence that the NH bound is a good approximation to the tight

bound.
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Py are known, but often, we do not know the precise values of ax. In a physical system
with n qubits, there are up to 4™ coefficients for aj; to determine. However, in realistic
physical systems comprising of qubits, the predominant interactions are between pairs of
qubits, and the interaction strength decreases as the separation of the qubits increases.
When the interaction between the qubits is dominated by nearest-neighbor interactions,
and the qubits are arranged in a 2D or 3D array, the vast majority of the coefficients a have
absolute values close to zero. In fact in this case, the number of unknown coefficients a;, that
we like to estimate will be polynomial in n. This can arise for instance in physical systems
where only spatially adjacent qubits have a non-negligible interaction. For example, we
could have Heisenberg model with qubits interacting according to low-dimensional graph
[51], and the goal is to find the coefficients of the non-negligible interaction terms.

In general, given the Hamiltonian H = Zgzl ar Py, we like to estimate the parameters
ai,...,aq using a initial n-qubit probe state p. After we initialize the physical system as
the probe state p, we allow the physical system to naturally evolve with time according
to the quantum channel N, . q,. In the noiseless setting, the quantum channel Ny, 4,
describes evolution of quantum systems according to the Schréodinger equation, and is given

by

d d
Nav..aq(p) = exp(—i Z apPy)pexp(i Z apPg). (122)
k=1 k=1

In more realistic scenarios however, the quantum channel Nah...ﬂ , that models the evolu-
tion of the initial probe state, is not necessarily a unitary channel. In general, Nah,_@ 4
can be described using Lindblad’s formalism [52]|, where the channels are generated by
exponentiating Liouville operators. Such models have been considered for instance in Ref
[53]. We can see that in both settings with and without noise, the channel Nah.--,ad
differentiable with respect to the parameters aq, ..., aq. In the language of multiparameter
quantum estimation, we can define the model

18

M ={Na,...ay(p) 1 a1,...,aq € R}, (123)

which is differentiable set of quantum states. The task at hand is then to find the optimal
quantum estimator that lets us learn the values of a1,...,aq while also minimizing the
sum of the mean squared errors of ay,...,aq4.

Matsumoto [32| showed that when the model M is a set of pure states, then the
corresponding tight bound is in fact equivalent to the HN bound. Since the noiseless
setting corresponds to having Ny, . ., as a unitary channel, having the initial probe state
to be a pure state would make the model M comprise of only pure states. In this case,
we can simply evaluate S(P4), the HN bound, and know that S(P4) is equal to the tight
bound.

Now, if we consider the case where Ny, . 4, is a non-unitary channel which is generated
by exponentiating Liouville operators, even if the initial probe state p is pure, the model
M need not be a set of only pure states. In this scenario, we have no guarantee that the
tight bound is equal to the HN bound. To find the optimal quantum estimator, we can
nonetheless use our method for finding the asymptotically for the tight bound.

As a concrete example, consider a two-qubit Hamiltonian H,p, = aX ® X +bY @Y,
where X and Y are the usual single qubit Pauli operators. Such a Hamiltonian H, ; models
an XY Heisenberg interaction between a pair of qubits, and such interactions are ubiquitous
in nature. Being able to estimate a and b is essential to characterize such Hamiltonians.
We also consider having some dissipative jump operators L; that describe noise in the
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physical system. In this case, the Liouville operator is given by L, where
. 1
Laplp) = =ilHap o)+ 0 (LioL] - 3EIL0}) (124)
J

[Hop,pl = Hopp — pHap, {L}Lj,p} = L}Ljp + pL}L-Lj7 and ~; are real numbers. The
quantum channel is

Na,b(p) = et (P), (125)

and the corresponding model is M = {exp(Lqp(p)) : a,b € R}. Our method can address
such problems. As Section 7 illustrates, we are able to calculate tight two-sided bounds
on the tight bound for such models with two-parameter estimation. We are also able to
obtain corresponding near-optimal quantum estimators for the tight bound. Hence, for this
example, we are able to determine the optimal uncorrelated measurement strategy to esti-
mate ¢ and b with the minimum mean-square error, which will be useful in characterizing
interactions in spin-systems.

8.2 3D field sensing

The mathematical structure of the Hamiltonian learning problem in Section 8.1 also allows
us to discuss the multiparameter quantum metrology of field sensing.

In the research area of ‘field sensing’ [54], we have a classical field that interacts with
a physical system comprises of qubits, and the classical field interacts with each qubit in
exactly the same way. The classical field is a 3D-vector (z,y, z) with three real components.
The interaction Hamiltonian on n qubits is given by

(X, +yY; +22)). (126)
1

n

J

where X, Y; and Z; denote multiqubit Pauli operators that apply the Pauli X,Y and
Z respectively on the jth qubit, and apply the identity operator on all other qubits. For
example when we have only two qubits, the Hamiltonian is

H=2(X@I+10X)+yYRI+IQY)+2(Z0l+1® Z). (127)

Just as in Section 8.1, we consider the evolution operator to be generated by a Liouville
operator L, to take into account the effects of noise in the quantum system. Namely, we
consider £ of the same form as (124), except that we replace the Hamiltonian H with what
we consider in (127). In this case, the model is

M= {ec(p) tx,y, 2z € R}, (128)

where p is a fixed two-qubit density matrix. We could for example consider p as a GHZ
state. Then we can numerically calculate upper and lower bounds on the tight bound
for such models, and furthermore also also obtain corresponding near-optimal quantum
estimators for the tight bound. Hence, it is possible to use our algorithm for determin-
ing optimal estimators in multiparameter quantum metrology for the extremely practical
problem of field sensing.
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9 Discussion

To summarize our results, we have presented a unified viewpoint to understand existing
bounds for the Cramer-Rao bound from the viewpoint of conic linear programming. How-
ever in general, existing bounds such as the NH bound and HCR bound, are not the tight
Cramer-Rao bound. Therefore, we proposed an algorithm to calculate the tight bound
by using conic linear programming. Therefore, the main contribution of our paper is to
propose an algorithm to calculate the tight bound. Our method also enables us to find the
optimal POVM for the parameter estimation.

In more detail, we have characterized three types of bounds, HN bound, NH bound,
and the tight bound as the solution of conic linear program with different cones in the
same linear space. Their size relationship is characterized as the inclusion relation among
their corresponding cones. Since the conic linear programing corresponding to the HN and
NH bounds are given as an SDP, they can be efficiently solved. However, since the cone
corresponding to the tight bound is the separable cone Sggp, i.e., the cone composed of
positive semi-definite operators with separable form over a bipartite system, it is hard to
solve the corresponding conic linear programing. In the second part of this paper, we have
tackled the problem, i.e., how to efficiently solve this conic linear programing. For this
aim, we have proposed a method to convert the conic linear programing with the separable
cone Sggp to an SDP with constraints labeled by unit vectors from a real vector space. We
have derived upper and lower bounds on the tight bound by using the solution of the above
converted SDP. From the optimal solution of the SDP, we give a concrete way to derive
a corresponding uncorrelated measurement strategy which is asymptotically optimal. In
addition, we have proposed the method to choose a strategic subset of the above unit
vectors from design theory. Then, we have given the calculation complexity of the tight
bound within an additive error of ¢ when the above method is applied. Then, we have
numerically applied our method to our examples. In these examples, we have numerically
shown that the tight bound is strictly larger than the NH bound, which shows the existence
of the gap between the tight bound and the NH bound.

In fact, several problems of quantum information can be written with the separable
cone Sggpp. For example, the communication value can be calculated as a conic linear
programming with the separable cone Ssgp [42, Proposition 2|. Also, the existence of
entanglement can be written as a problem by using the separable cone Sspp [14, 15].
We can expect that our method to approximately solve conic linear programing with the
separable cone Sggp can be extended to the above problems, and other similar problems
[17, 18]. Such extensions are interesting for future study.

Further, after completing this research, the reviewer informed us about the method
discussed in the reference [55] to calculate the conic linear programing with separable
cone. The comparison between our method and this approach is an interesting topic, but
beyond the scope of this paper. Also, as another application of our method includes the
simultaneous estimation of phase and dephasing which was discussed in [56]. There is a
possibility that our presented approach provides a new insight into this problem. This
kind of research is another interesting future study.

Another open problem is whether our conic programming framework can also be used
to unify multiparameter quantum metrology problems where instead of minimizing the
mean square error, one minimizes a different regret function. For instance in the reference
[36], minimization of an information regret function was considered. It will be interesting
to see if our framework also applies in that setting.
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A Applications of C[G] = S(D0) (25)

A.1 One-parameter case

To consider how to choose a and S, we focus on the one-parameter case based on the
idea by [37, 13]. Let L be the SLD, and J be the SLD Fisher Information. We simplify
(AB + BA)/2 by Ao B Assume that g(x,z) = 2. The condition (23) can simplified as

0<z?p—axLop—S
2

a a a
=(x — =L ——-L)——LpL—S. 12
(@ —5L)ple— 5L) = LpL -8 (129)
Hence, we have
a2
_ZLPL >S5 (130)
Now, we choose S = —%L,oL. The value to be minimized is a — Tr%prL =a— ‘Z—QJ =

—(@a - %)2 +1/J. When a = 2, the maximum 1/.J is realized.
Indeed, the LHS of (26) is zero when M is the spectral decomposition of the Hermitian
matrix §L. Hence, we can find that this measurement achieves the minimum value 1/.J.

However, in the general case, there is no simultaneous spectral decomposition of all
SLDs. Hence, the problem is very difficult.

A.2 qubit case

Next, we focus on the qubit case based on the idea by [37, 13]. We choose the coordinate
such that the SLD Fisher information matrix is identical. By applying suitable orthogonal
transformation on the parameter space, the matrix G is a diagonal matrix such that G; ; =
g;0;; with g; > 0. Let L; be the SLD of the i-th parameter. Under the above condition,
in the qubit case, we can check the following condition, as shown later:

1
5 (LipLj + LipLi) =1 — p. (131)
Since only the condition (131) is essential in the discussion of this section, the discussion

of this section can be extended to the case of GPT (general probability theory) based on
Lorentz cone [57, Appendix F].
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We set a{ = a\/gjég and S = —%(I p). The condition (23) can simplified as

Zgj (z7)? —az\/gzjjL-op—S

(”Zgj (29)? 2WZ\/97$L>

: ()2 — — ol Lj

(\/%:g( N SR )
>0

Hence, the objective Value of the dual problem is Tra + TrS = a}; \/g; — % = —%(a —
23, \/97) + (X, /75)?. Hence, we find that (3°; ,/g;)* is a lower bound for CR bound.
Moreover we expect that (3-; \/gj) is the 501ut10n with a =237, /95

This expectation can be checked by constructing a locally unbiasd estimator to realize
the equality.

We denote the spectral decomposition of L; as Y, sjxEj k. Define the vector (j, k) €
> VI

J
V95
Then, we define the locally unbiasd estimator as follows. It takes the outcomes in the set

(132)

R? as follows. It has only non-zero element in the j-th entry. Its j-th entry is ).k

{z(j,k)}jk. The POVM {M;} is defined as M;}, := ngjg E; . Here, we multiply
i VI
the probabilistic factor S ngg in the POVM element. Hence, to satisfy the locally unbi-
3 VI’

]/

asedness condition, we need to multiply its inverse =" in the measurement outcome.

Hence, we can check that this POVM satisfies the condltlon for the locally unbiasedness
condition.
In fact, when z = x(j, k),

\/Zgj (j. k

22 V9
2\/2 g] ]> ))

(<\/g>]s]’ g’ F) (Z@) sgn s;kL; )

Z\/E w(j, k

Vi
=(sgn s, ) (Z@) <s]k ) (133)

Hence, we find that

ZZTr(Zgj(x(J k
J

7.k
—ay gjxu,k)ff;jop—s)Mj,k. (134)
J

This equation shows the lower bound (3, ,/g;)? is attainable.
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Proof of (131). We choose o; as

n=(V0) == (0 0) w=(0 %) (135)

Without loss of generality, we can assume that p = (I + a(u)o3) with 0 < a < 1.
Notice that the SLD Fisher information matrix is identical. The condition (131) is
covariant. That is, if the condition (131) under a coordinate, it holds even with another
coordinate converted from orthogonal transformation. Hence, it is sufficient to check the
condition (131) only under a specific coordinate.
Now, we consider the case that

1
Li=o01, Ly=o02, L3= 72(—06(/L)I+ 03). (136)
1—afp)
In this case, the SLD Fisher information matrix is identical, and the condition (131)
holds. ]

B Linear programming with general cone

We consider conic linear programming (EP) with a general cone. Let X and Z be topo-
logical real vector spaces. Let P C X be a cone. Let A be a linear function from X to Z.
Given ¢ € X* and b € Z, we consider the following minimization.

EP := glEl?rDl{c(mﬂAx = b}. (137)
As the duality problem, we consider the following maximization.
EP* := ﬂ%’i{w(b)‘ —A*w+ce P} (138)
When the pair of x € P and w € Z* satisfy the constraints, we have c(z) — w(b) =
(—=A*w + ¢)(x) > 0. Hence, the inequality
EP > EP* (139)

holds. The difference EP — EP* is called the duality gap, and its existence/non-existence
is not trivial in general. To discuss this problem, we define two sets:

F i ={(c(x), Az) }zep (140)
£ :=R x {b}. (141)

Since FNE C FNE and F N E is a closed set, we have the inclusion relation
FNECFNE. (142)

The opposite inclusion relation is not trivial, and is related to the duality gap as follows.

Theorem 18 ([58, Proposition 4.2]). When
FNE=FnNE, (143)
we have
EP = EP* (144)

When X and Z are finite-dimensional, the relation (142) holds. Hence, there is no
duality gap.
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C Proof of Theorem 6

This appendix aims to show the non-existence of the duality gap in the respective problems
Pl for [ = 1,2,3,4,5 by using Theorem 18 based on the notations given in Appendix B.
Since the condition (143) holds in the finite-dimensional case, Theorem 6 immediately
follows from Theorem 18. This point is in contrast with the proof of Proposition 1 by
the paper [13]| because the paper [13] had to manage a difficulty in the possibility of the
existence of the duality gap even with a finite-dimensional space H. The difficulty in [13]
was caused by handling the space of POVMs with = R as an infinite-dimensional linear
vector space. Hence, in our proof, we encounter the difficulty related to the potential
existence of the duality gap only with an infinite-dimensional space H.

Step 1: Preparation and structure of this proof.

We define X as the set of bounded operators on R¥! @ 7. We define Z as the tensor
product of R? and the set of bounded operators on H. Then, the linear map A is defined
as the left sides of (36) and (37). The element b € Z is defined as the right sides of (36)
and (37). The element ¢ € X* is defined as (38). Then, for [ = 1, we choose P as Sgpp.
For [ = 2, we choose P as Sp. For | = 3, we choose P as S(R¢ ® H)ppr NB". For | =4,
we choose P as S(Re ® H)p N B". For | = 5, we choose P as S(Rc ® H)p N B,,. We
consider the operator norm in the space F when H is infinite-dimensional.

We denote the SLD Fisher information matrix by J; j, and its inverse matrix by J%.
We define L7 := 3", J% L;. Hence, we have

TrL/D; = §7. (145)

Due to Theorem 18, it is sufficient to show (143). In the following, we show (143).
Given an element s € R with the condition (s,b) € F N &, we choose a sequence {X,,} in
X such that {(c(X,), AX,)} converges to (s,b). It is sufficient to show that there exists
a sequence {X,} in P such that AX, = b and ¢(X,,) converges to s, which shows that
FNECFNE.

Step 2: Definition of a new element X,, € P.

We define the d x d matrix a(™ with component agn)’i := Tr(5(|0) (i +1i)(0]) ® D;)X,,

and the operator B, := Trg|0)(0| ® Iy X, on H. We define

X, = (Ir @B "X, (Ir® B;'/*) e P (146)

for any [ = 1,2,3,4,5. Then, we have Trg|0) (0| @ InyX, = I;. The convergence AX,, — b
implies the relations a\™ — Ix and B,, — I in the sense of the operator norm. We define

A

the d x d matrix 4™ by the components, dgn)’i := Tr(3(10)(i| + |§){0]) ® D;)X,,. Since

B,, — I3 in the sense of the operator norm, Bﬁl/2DjBﬁl/2 — Dj in the sense of the trace
norm. Thus, we have

a™ = Ix, (147)
c(Xyn) = s. (148)

We define the vector a(™? € R? as dg")’i =g\ 53 We define €, := max; ||a(™"|.
The relation (147) implies

€n — 0. (149)
For i =1,...,d, we denote the spectral decomposition of the operator
. 1 H (7’1),2 ]
Y= . ZJ: a;"" I’ (150)
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Then, we define the matrix X, ; = >, > 207 (00" (w)]i")(i'| @ B, € P, where

0" (u) = dir i(1 = 8y o)u + by g iee.,

' U fori =1
0" (u)y=< 1 fori =0 (151)
0 otherwise.

Then, we have

Xni =Y || ® (51-,,1-(1 — 6y.0) Yo + 51-,,017{)

(511/ (1 — 5"’,O)Yn,i + (52'//70[7.[). (152)
We define
' R d
Xy o= (1= den)Tn X Tp + €0 Y X (153)
i=1
where
1
Ty = 1= (L= [0){0] @ L) + [0){0] @ L. (154)

Since X, ; belongs to P, Xn,i belongs to P for any [ = 1,2,3,4. Hence, T, X, T, belongs
to P for any [ = 1,2,3,4. Thus, X,, belongs to P for any [ = 1,2, 3,4.
Step 3: Asymptotic behavior of new element X,, € P.

For i =1,...,d, the relations (145), (150), and (152) imply

1 . . 1 .(n),t
T G0N+ 100) @ D)) Xad] =~ o

€n

Tor[(10)(0] © I) X 1| = I

Tr[(‘ilﬂiﬂ‘ ® P)Xn,z} = 0;,ir H'(T Z JEK (n)’z (n) ' (155)
"k

Hence,

T (51007 + 11 (0) D) Xa)

l_dan(n)z €n s(n)ie o

ST e e = (156)
Trre [(|0)(0] @ I) X | = (1 = den) Iy + denlp = I, (157)
Tr[(|1) ("] @ p) X
. (1 - den)2 N >
= ﬁTr[w | @ p) X,

+ € Z 6% 7,"61 ! 5— Z Jk,k/al(cn),lal(;b),z

™k k!

=(1- den)Tr[(li ><i”| ® p)X"}

te, Z Birdi 5 Z JEK (i g (nt (158)
LY
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Using (158), we have

e(Xn) = 3 Gua Te[(17)(0"] © p) X

,L‘l ,ill

-3 G (1= dea)Tx() ("] )Xo

+ € Z 0 5= Z TR gl d}(;),i)
ok
=(1 = dep)o(Xn) + — ZG”ZJ“ al™ . (159)
i k,k!

Since

d 2 (n),s
ZGHZJ“% gt < =G max a4
i kK n

=d||G|l[|T]len — 0, (160)
using (148), (149), and (159), we have
c(Xy) = lim_ o(X,) =s. (161)

Since X, belongs to P, the relations (156) and (157) guarantee (¢(X,),b) € F NE. Thus,
(161) implies (s,b) € F N E. Hence, we obtain (143) for any [ = 1,2, 3,4.
Step 4: Case of [ = 5.

Now, we discuss the case of [ = 5. We define the d x d antisymmetric matrix e™ as

e;l’i :=Im TI‘[(|’L><]| ® p)Xn}

1 Ny 5
:mlm TY{(V) (le ﬂ)Xn}
S N T [(i)(j] ® By /?pB; ") X, (162)
(1 — dep,)? " "
. . . -1/2 —1/2
for i, = 1,...,d. Since B,, — I3 in the sense of the operator norm, B, ' “pBy, —p

in the sense of the trace norm. Since X, € P, Im Tr(|7)(j| ® p) X,, = 0. Since €, — 0, the
above discussions imply e;“’ — 0. That is, we have

TrGle™| — 0. (163)
We define the operator X,, as
X=X + (leW] = vV=1e™) @ Iy, (164)

Since |eM™| — /=1e(® > 0 and X,, € S(Rc ® H)p N B”, the operator X,, belongs to
P=SRc@H)pN BZ.
Since the (0,0) and (0,) components of |e(™| — /=1e(™ are zero for j =1,...,d, the
relation (156) implies
I

ot

(0} + i) (0]) © D]-)Xn]

N = N

(10)(@'| + ') {0) ® Dj) X ] = bi 5, (165)
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and the relation (157) implies
Trg [(10)(0] © Ir) X | = T [(10)(0] @ 1) Xn] = I (166)

Since ¢(X,) = ¢(X,,) + TrG|e(™|, the combination of (161) and (163) implies

o(Xp) = s. (167)

Since X,, belongs to P, the relations (165) and (166) guarantee (¢(X,),b) € F NE. Thus,
(167) implies (s,b) € F NE. Hence, we obtain (143) for [ = 5.

D Proof for Theorem 7

The reference [13, Theorem 6] spends long pages to show Proposition 1 because the conic
linear programming P0 is given as a conic linear programming in an infinite-dimensional

space. However, due to Theorems 2 and 6, we can show Proposition 1 by showing the
relation S(D0) = S(D1).

Theorem 19. We have
S(D0) = S(D1). (168)

Proof. The condition for DO can be rewritten as

d
; ; 1 T E: Jpdat. ]
min min z' Gz a’z!y' D S >0
VEH ze d(( )y Py = Y Uiy —y y) =z

subject to yiy = 1.

For x € R, we define v(x) € R as v(z) = Z?Zl xj|7) +10). Then, the condition (169) is
rewritten as

0 STr{’U(l’))(U(m)‘ @ |y) (yl

(Gop-5 3 o)+ b D; - o0 =5)] (169)

1<i,j<d

for y € H and x € R?. This condition is rewritten as
0 < | [o) o] @ 1)1

(Gop-3 3 dloil+ o) eD; -0 o5)] (170)

1<i,j<d

for y € H and v € R to satisfy (v|0) # 0.

When (170) holds for y € ‘H and v € R to satisfy (v|0) # 0, it holds for y € H and
v € R because of the following reason. We choose v € R such that (v|0) = 0. Then, we
choose a sequence vy, such that v, — v and (v,|0) # 0. Since (170) holds with v,, by
taking the limit, (170) holds even with v.

Therefore, the condition for D0 can be rewritten as the condition that the inequality
(170) holds with any y € H and any v € R. This condition is equivalent to (58). Hence,
we conclude that the two dual problems D0 and D1 are equivalent. O
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E Evaluation of k based on W5 constructed in Section 5.3

Since the lower bound of S(D1) depends on the value k, it is better to construct W
by reflecting the structure of k. Hence, we choose Wpg as follows. We choose a subset
S C 8?71 We define a subset S(¢) := {(cos ¢, sin ¢y) },es. We choose ¢y > 0 as tan ¢ =
Cs(a*). Using k, we choose Wg as U?ZOS(%).
Indeed, when d = 2, the choice of S is very easy because we can choose S as {(cos 2]7\51 ,sin 2]7\?)}{\;1.
In this case, we find that §(S) = ||(1,0) — (cos 27 /N, sin 2w /N)|| = /2 — 2 cos 2w /N.
In this case, to evaluate the quantity x, we employ Lemma 14. In this method, we need
to evaluate the quantity d(s,Wg). For this aim, we define

5(S) == 171
(S) penlax 1|f§§1§fs”‘x> |w)l (171)
5(s, Wr) = max min |||z) — |w)]|. (172)

z=(costan~1 s,(sintan—1 5)z),z€S59-1 |lw)eEWRr
To consider the relation between &(s, Wg) and (s, Wg), we focus on the relations

110)(0] — (cos 8]0) + sin O|1))(cos 6{0| + sin O(1])||1
=2|sin 6| (173)
110) — (cosB|0) 4 sin@[1))|| = y/2(1 — cosf) = |sinf)|. (174)
Then, we define function 7 : \/2(1 — cosf) +— 2|sin@|. When ¢ > 0 is small, the relations

(173) and (174) implies n(t) = 2t This function connects two quantities 6(s, Wg) and
8(s,Wr) as 0(s, Wg) = 1(6(s, Wg)). Then, we have the following lemma.

Lemma 20. Under the above construction of Wg, for s = tan6, we have

5(s, Wg)
. $0J \2
< Rl
< je{glf?.,k} ((cos 0 — cos 5 )2
+ (|sin9\5($) + |sinf — sm% ) ) . (175)
This lemma implies that
6(5a WR)
. ®0J \2
< — o
< je{(r]r,lll,I.l..,k} n ( <(cos 0 — cos p )
®0J

+ (ysine\S(S) +

o w

sin § — sin —=
k

Combining (176) and Lemma 14, we have

K

<|X*|| max (1+s?) min k}n(( cos@—cos—)

s€[0,C2(a*)] 96{0 Ly
PoJ > ) > (177)

sin § — sin —=
k

+ (|sin0|6(8)

where s = tan 6.
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Proof. Using the definition of the set S, we get

6(‘3’ WR)

_ Poj . Poj

= max min min |||z) — (cos —, sin —=y)
z=(cos 0,sin §2),2€84-1 0<j<k yeS k-’ k

_ o . ¢0] ¢0]

= max min min ||(cosé,sinfz) — (cos —, sin —=
2€84-1 0<j<k yes

= max min min
zeR4 0<j<k yeS
z||=1

(cos@,sinfz) — (cos% sm@ )H

< min max min [|(cosf,sinfz) — (cos —, sin —

k-’

( PoJ ¢>o] )H

: , P0Jj \2
= min max min ( (cos@ — cos —=)>
0<j<k »cR?¢ y€S k
[l2ll=1

: doj |2\ 2
+ ||sin 0z — sin Y ) , (178)
where the inequality follows from the max-min inequality.

Now note that for ||y|| =1,

sin fz — sin — ¢>0] H

=|| sin #z — sin Ay + sin Ay — sin @ H

<|Isinfz — sin Oy|| + || sin Oy — sin WyH

=|sinf|||z — y|| + Sine—sm@ (179)

Hence

5(s,Wr)
< min max min ((cos 0 — cos @)

0<j<k »cR?¢ yeS k

[[2l=1
NN

+ <|sin9|||z—y|| + Sin9—s1n% ) >2
_ ®0J 2
—0r<n]1nk ((cosﬁ cos — )2

+ (\ sin 0]0(S) + | sin 6 — sm% ) ) . (180)

O]

In the previous choice of Wg, we use the same subset of S9! to construct S(¢). We
modify this construction. That is, to construct S (¢°J ), depending on j, we choose a subset

S; C 8% We define a subset S(%) = {(cos % 205 sin ¢°] Y)}yes;- We choose ¢ > 0 as
tan ¢pg = Co(a*). Using k, we choose Wpg as UjZOS(d’]‘;j).
Then, we can show the following lemma in the same way as Lemma 20.
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Lemma 21. Under the above construction of Wg, for s = tan0, we have

5(8, WR)
. ®0J \2
< min 0 — —_—
je{O,ll,...,k} <(COS cos 2 )

®o0J

sin 6 — sin —
k

+ ( sin 0]6(S;) +

DR

This lemma implies that

5(s, Wr)
. ®0J \2
< m _
j€{0’1171.1“7k}77<<(c089 €08 — )2
®oJ

sin @ — sin —=
k

+ <| sin 0]6(S;) +

DS

Combining (182) and Lemma 14, we have

K

% ®0J \2
<|| X m 1+s H— 7
<|| ||S€[O’C§12}(<a*)]( ]e{glll’n Mn(( cos cos 5 )

(]sm@\(S( )—i—\sm@—smqszj) ) ) (183)

where s = tan 6.

F Proof of Theorem 17
F.1 Proof of (116)

Lemma 22. For an Hermitian matriz X, we have

"(;(Xp—i-pX))z <TrXpX. (184)

Proof. We choose a normalized vector |¢) to satisfy
1 2
H (2(Xp+ pX))

We choose another normalized vector [¢) as a constant times of (%(X p+pX )) |¢). Then,

2
= (6(5(Xp+ X)) I6) (155)

we have

(50504 020) 1) = 16 (A +p) )10

(186)

15X+ o) ) )1
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We apply Schwartz inequality to the inner product (X,Y) := Tr [%(Xp + pX)} YT. Then,

we have
1 2
T 5 (X0 + )| 0w
<Tr K;(Xp - pX))Xq
T (G(006lo -+ plud (9D ) o) 0]
<Te[XpX] T 1)l ] + 10wl (9])]
=Te[XpX] 5 (0lolo) + Wlol)) < Tx[XpX]. (187)
O
We define
S(a) == arggnaX{TrS\(a, S) satisfies the condition (23).} (188)
Lemma 23. Then, for a real number t, we have
S(ta) = t*S(a). (189)
Also, we have
—S(a) > 0. (190)
Proof. The condition (23) with = = 0 implies (190).
Eq (189) can be shown as follows.
The condition (23) for (ta, S) is written as follows. Any vector x € R? satisfies
(yTGy)p Zat:z:D - S>0. (191)
i
By using a vector y = t 'z € R, (191) is rewritten as
t2(yTGy)p ZaJto’D —-5>0. (192)
0.
That is, it is rewritten as
(y'Gy)p Zajy’D —t728 >0, (193)
0.
which implies (189). O
In the following, we assume that G is the identity matrix.
Lemma 24. For a real number t, we have
—TrS(a) > %TraTJa. (194)
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Proof. The condition (23) for (a,S(a)) is written as follows.

(x* —fZa]L ZaJL
+Z( p+Za,t2x’D)

40

d
1 i i’
LS LS L) -
j=1 J'=1

(195)

We take the diagonalization as 7 Z;l:l ang = 3k k| o) (dr]. We choose ¥ = 0 for i/ # i

and z° = ¢ in (195). Then, we have

j=1 j=1
1 d d ,
— Z(Z afL])p(Z al Ljyr) — S(a)>
j=1 j'=1
Hence, we have
1 d d ,
@l (= 3 alLp(Y ol L) - S(@) n)
j=1 j'=1
@ d 14
Donl (e~ 5 - alLyoteh — 5 D alLy)
2 2
1 d
LAY al L) - S(a) ) )
7=1 j'=1
®)
>0

(196)

(197)

where (a) follows from the fact that ¢y is the eigenvalue of % d_ aj L; with the vector

¢r. Also, (b) follows from (196).
Taking the sum with respect to k, we have

1 a4 . a
T LY ol 1) TS

i=1
1 d
=S2(0nl( ~ Lol 3 el 1) = 5@ o (195)
j=1 §'=1
Since (198) holds for i = 1,...,d, we have
1 1 : LI 1
—TrS(a) > b ; TrZ(Z: ang)p(Z al L) = Eatja. (199)
i= 7j=1 7'=1
O
Lemma 25.
1X(a, S(a))|| < |G|l + (—dTrS(a))*/* - TrS(a). (200)
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Proof. We have

‘ 2
a;}(|0)(il + |1)(0]) ® D;

=~ =

—~
=
=
=4
&
TN
pj&
M=~
@QQ

d .
/D) ) + Z ") (Z afij)z) H

@
Il
—
.
Il
—

IN
.M&

<
I
—
-
I
—
<
I
—

IA

= ¢
=

—~~
o
R
S

s

M-

sgu

; (c)
.Lj)} = Tra” Ja < —dTrS(a), (201)

—_

where (a), (b), and (c) follow from the inequality (Z;l:l ag,Dj)2 < Z‘f:l(zg:l a;ng)2 for

i =1,...,d, Lemma 22, and Lemma 24, respectively.
Hence,
1 (a. S(a)]
1 i . .
<IG@ ol + |5 3 aloxil+1i)o)
1<i,j<d

+10)(0] © S(a)|

1 i . .
<IGl+[5 X aloyl+ o) e ;| +1s]
1<i,j<d
(@)
<NG|l + (=dTrS(a))? — TrS(a), (202)
where (a) follows from (190) and (201). O
Lemma 26. We have
d
~TrS(a™) < =g (203)
and
Trg™ < —° (204)
“© =amgT
Proof. We have
JEnaS))c{Tra + TrS|(a, S) satisfies the condition (23).}
= max Tra + TrS(a)
= max mCzLxX{Trta + TrS(ta)| Tra = 1}
@ max mgtx{t + t*TrS(a)|Tra = 1}
= max{maxt + t*TrS(a)|Tra = 1}
= Tra =1 2
maX{4TrS( )| ra =1}, (205)
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where (a) follows from Lemma 23.
1

In particular, when ¢ equals t, := ~3TES(a) the maximum max; t+2TrS(a) is realized.

Then, since TrS(t,a) < 0, due to Lemma 23, we have

—1
— _ — 2 = —
TrS(tqa) t2TrS(a) IvS(a) (206)
Also, due to (205), using
) 1
Ay = argglax W Tra/ =1 y (207)
we have
a** =t 0. (208)
Hence, we have
sy (@) (b -1
- T = =T axAx) —
rS(a™™) S (ta,ax) ITrS ()
(c) -1 (d) { d }
mgx{élTrS(a) H } = me 4Tr[aT Ja] e ’ (209)

where (a), (b), and (c) follow from (208), (206), and (207), respectively. In addition, (d)
follows from the inequality

-1 d
<
4TrS(a) — 4Tx[aT Ja]’

(210)

which is shown by Lemma 24.
We consider the inner product (a,b) := Tr[ab”]. Schwartz inequality for J/?a and
J~1/2 implies that

TeJ ' Tr[a” Ja] > |Te[J~Y20Y24])? = |Tval?. (211)

The equality holds when a is a constant times of J~!. Therefore, we have the relation

d d

— Tra=1%= ———. 212
m2X{4Tr[aTJa] e } ATrJ ! (212)
The combination of (209) and (212) yields (203).
Also, (204) is shown as
@, ® 1@ d @ d
Tra** % ¢, = — < < , 21
e © T TOTvS(ay) — 2Tr[alJa,] — ATrJ ! (213)

where (b), (c), and (d) follows from the definition of t,, (210), and (212), respectively. In
addition, (a) follows from (208) and the relation Tra, = 1. O

Proof of (116). When G is the identity matrix, (116) follows from Lemmas 25 and 26.
When G is a general positive semidefinite matrix, we choose a new parameter n =
GY/29. Under the new parameter 7, the weight matrix is the identity matrix, and the
Fisher information matrix is G~Y/2JG~Y2. Since (G~1/2JG1/2)~1 = G1/2J71GV/? we
obtain (116) with a general weight matrix G. O
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F.2  Proof of (117)

Lemma 27. When G is the identity matriz, a** is a positive semi-definite matriz.

Proof. Assume that (a, S) satisfies the condition (23). We choose the polar decomposition
of a as a = |a|o with an orthogonal matrix o. Then, we have

lyll*p+ > _(laloy)’ Dj =S >0 (214)
i

for y € R?. We choose ¢/ = oy. Then, we have

170+ _(laly')’ Dj — S > 0. (215)
i

Hence, (|al,S) also satisfies the condition (23) and Tr|a] > Tra. In fact, the equality of
the above inequality holds if and only if a is a positive semi-definite matrix. Therefore,
we can conclude that the optimizer a** is a positive semi-definite matrix.

O]

Proof of (117). Assume that G is the identity matrix. Theorem 17 and Lemma 27 guar-

sk *ok d .
antee that [[a**] < Tra** < N Hence, we obtain (117).

When G is a general positive-semi definite matrix, we choose a new parameter n =
G'/26. Then, in the same way as (116), we obtain (117). O
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