The
University
s Of

)

2" Sheffield.

This is a repository copy of Finding the optimal probe state for multiparameter quantum
metrology using conic programming.

White Rose Research Online URL for this paper:
https://eprints.whiterose.ac.uk/224192/

Version: Preprint

Preprint:

Hayashi, M. and Ouyang, Y. orcid.org/0000-0003-1115-0074 (Submitted: 2024) Finding
the optimal probe state for multiparameter quantum metrology using conic programming.
[Preprint - arXiv] (Submitted)

https://doi.org/10.48550/arXiv.2401.05886

© The Author(s) 2024. For reuse permissions, please contact the Author(s).

Reuse

Items deposited in White Rose Research Online are protected by copyright, with all rights reserved unless
indicated otherwise. They may be downloaded and/or printed for private study, or other acts as permitted by
national copyright laws. The publisher or other rights holders may allow further reproduction and re-use of
the full text version. This is indicated by the licence information on the White Rose Research Online record
for the item.

Takedown
If you consider content in White Rose Research Online to be in breach of UK law, please notify us by
emailing eprints@whiterose.ac.uk including the URL of the record and the reason for the withdrawal request.

\ White Rose -
| university consortium eprints@whiterose.ac.uk
WA Universiies of Leeds, Sheffield & York https://eprints.whiterose.ac.uk/




arXiv:2401.05886v2 [quant-ph] 26 Jan 2024
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The aim of the channel estimation is to estimate the parameters encoded in a quantum channel. For
this aim, it is allowed to choose the input state as well as the measurement to get the outcome. Various
precision bounds are known for the state estimation. For the channel estimation, the respective bounds
are determined depending on the choice of the input state. However, determining the optimal input probe
state and the corresponding precision bounds in estimation is a non-trivial problem, particularly in the multi-
parameter setting, where parameters are often incompatible. In this paper, we present a conic programming
framework that allows us to determine the optimal probe state for the corresponding multi-parameter preci-
sion bounds. The precision bounds we consider include the Holevo-Nagaoka bound and the tight precision
bound that give the optimal performances of correlated and uncorrelated measurement strategies, respec-
tively. Using our conic programming framework, we discuss the optimality of a maximally entangled probe
state in various settings. We also apply our theory to analyze the canonical field sensing problem using

entangled quantum probe states.

I. INTRODUCTION

Channel estimation [1-4] utilizes quantum resources to
allow us to estimate parametrized quantum processes with
unprecedented precision. In channel estimation, a quan-
tum channel that embeds physical parameters of interest
acts on an initial probe state. For instance, consider esti-
mating the physical parameters associated with a classical
field that interacts linearly with an ensemble of qubits. In
such a scenario, the quantum channel that describes the dy-
namics of the quantum system embeds the unknown field
parameters. In addition, we have the flexibility to select the
initial state, or probe state, of the quantum system. With ac-
cess to multiple queries of the quantum channel, the objec-
tive is to estimate the embedded physical parameters with
maximum precision. An fundamental challenge in channel
estimation is that of selecting the probe state that gives the
optimal precision in estimation.

In quantum state estimation [5-9], we have a family of
quantum states that depend continuously on physical pa-
rameters. We may interpret the channel estimation prob-
lem as a quantum state estimation problem, where the
quantum states in the latter problem are the output of a
quantum channel that acts on the probe state. In gen-
eral, precision bounds for the quantum state estimation de-
pend on the type of measurement strategy that we choose.
Two such families are correlated and uncorrelated measure-
ment strategies. Correlated measurement strategies oper-
ate jointly on infinite copies of quantum systems, whereas
uncorrelated measurement strategies act on one copy at a
time. In the single parameter setting, the upper bound to
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the ultimate precision is the celebrated quantum Cramer
Rao bound, which is tight for both correlated and uncorre-
lated measurement strategies [5-8, 10, 11]. For our chan-
nel estimation problem, we set the probe state to be entan-
gled over systems A and C, and the quantum channel maps
system A to B for both uncorrelated and correlated mea-
surement strategies (see Figures 1 and 2).

FIG. 1: Channel estimation by uncorrelated
measurement and entangled probe states. In the j-th
experiment for j = 1,...,n, we input the probe state plgjc)

over systems A and C of equal size, and measure the
output entangled state (Ay ® LC)(pIE\]g ) via the

measurement I10). Then, we obtain j-th measurement
outcome w). The probe state p/(;g and the measurement
1Y are adaptively chosen by the previous measurement
outcomes w™M, ..., wU™, Finally, we decide our estimate

6 from the measurement outcomes oD, ... ™. The
precision bound J; is the ultimate precision bound under

the strategy of uncorrelated measurements.



m

FIG. 2: Channel estimation by correlated measurement
and entangled probe states. We have m steps, and the
j-th step has k; experiments. In the j-th step, we input the
probe state pXC) over systems A and C for k; experiments.

We measure the output entangled state (Ay ® LC)(p/ng) )8k

via the measurement I1¥) and obtain j-th measurement

outcome w"). The probe state plgjc) and the measurement
110 are adaptively chosen by the previous measurement
outcomes w™, ..., wU™D. Finally, we decide our estimate
0 from the measurement outcomes w®, ..., ™. In this

scenario, we use the unknown channel for a total of
k, +---+k,, times. The precision bound J; is the ultimate
precision bound under the strategy of correlated
measurements.

In the multiparameter setting [12, 13], the theory for
quantum state estimation is far richer than the single pa-
rameter case; there are several distinct Cramer-Rao type
bounds on the optimal precision for both correlated and
uncorrelated measurement strategies [14]. These bounds
include the Holevo-Nagaoka (HN) bound [7, 8, 11, 15, 16]
! for correlated measurement strategies and the symmet-
ric logarithmic derivative (SLD) bound 2. For uncorre-
lated measurement strategies, the HN and SLD bounds are
not tight. The ultimate precision bound, namely the tight
bound, for uncorrelated measurement strategies was ini-
tially formulated in [17] as an optimization problem with
uncountably infinite constraints, and was later reformu-

! In the literature it is often also called the Holevo Gramer-Rao bound.
2 This is a direct generalization of the quantum Cramer Rao bound that is
based on the SLD.

lated as a conic optimization of an operator with dimen-
sion proportional to the size of the probe state and over
a certain separable cone in [14]. The Nagaoka-Hayashi
(NH) bound [18-20] gives a simpler albeit weaker precision
bound for uncorrelated measurement strategies. Recently,
it was shown that the HN, SLD, tight, and NH bound can
be obtained from the optimal value of conic programs with
the same objective function, but optimized over different
cones [14]. In Section III, we review multiparameter quan-
tum state estimation, particularly with respect to the conic
programming framework of Ref. [14].

From an operational point of view, the tight bound is the
most significant for channel estimation, because it describes
the ultimate precision bound using uncorrelated measure-
ment strategies. In uncorrelated measurement strategies,
after the preparation of each probe state and the action of
the quantum channel, we measure the evolved probe state
as depicted in Figure 1. We repeat the procedure for mul-
tiple copies of probe states, where the explicit form of each
probe state and the corresponding measurement strategy
on it is informed by all prior measurement outcomes.

We may also be interested in correlated measurement
strategies for channel estimation, which are more chal-
lenging than uncorrelated measurement strategies to imple-
ment in practice. In this case, the relevant precision bound
is the HN bound. For the HN bound, we are allowed to
perform correlated measurements across multiple copies of
probe states (see Figure 2). After each batch of correlated
measurements, we can update our choice of probe states
and measurement strategies.

Determining the optimal precision for the channel es-
timation problem entails a two-step optimization process.
First, we fix the probe state, and find the precision accord-
ing to the appropriate Cramer-Rao type bound. Namely,
we consider a set of parametrized states when the multi-
parameter quantum channel acts on the probe state, and
evaluate various Cramer-Rao type bounds on the set of
parametrized states by solving an appropriate optimization
problem. Second, we optimize various Cramer-Rao type
bounds by changing the probe state.

The two-step optimization is a non-trivial problem. Even
if the first optimization for a fixed probe state is efficient, the
optimized precision bound is not necessarily a convex func-
tion of the probe state, and hence the second optimization
over the probe state need not be so easy to perform. Re-
markably, this challenging two-step optimization has been
addressed in the single parameter setting [21, 22]. In par-
ticular, the references [21, 22] derived a semidefinite pro-
gramming (SDP) form for the maximum SLD Fisher infor-
mation in the channel estimation that embeds one param-
eter. However, the question of how to find both the opti-
mal precision and optimal probe state for multi-parameter
quantum channels remains unresolved.

The question of finding optimal probe states for estimat-
ing multiple parameters embedded in a quantum channel
has recently been considered [23, 24]. For probe states
without ancilla assistance, Ref. [24] numerically finds the
optimal two-qubit probe state with the HN bound when



the channel models 3D-field sensing with independent and
identical amplitude (i.i.d.) damping on the two qubits.
Ref. [23] considers the HN bound with unitary quantum
channels. This leaves open the questions of how to evalu-
ate the optimal probe state and corresponding bounds for
the tight, NH and SLD bound for the general problem of
quantum channel estimation.

In the channel estimation problem where we estimate the
parameters embedded in the quantum channel, the set of
parameters is continuous. If we discretize the channel esti-
mation problem, we would obtain the problem of discrim-
inating a discrete set of quantum channels [3, 25-29]. Re-
cently, the channel discrimination problem was formulated
as a convex program, and this formulation made it possible
to determine the optimal strategy to discriminate a pair of
quantum channels [30]. However, it is not so clear how to
extend this result to the continuous parameter setting that
we require in the channel estimation problem.

In this paper, we give a framework that uses conic pro-
grams to find the optimal probe state for channel estima-
tion with respect to multi-parameter bounds. The multi-
parameter bounds include the SLD bound, the HN bound,
the tight bound, and the NH bound. For the SLD bound,
the HN bound, and the NH bound, we show that the conic
programs are also in fact semidefinite programs (SDP) and
hence can be efficiently solved. For the tight bound, we will
require the same technique for optimizing over the separa-
ble cone as considered previously [14].

We furthermore apply our framework to unravel situa-
tions where the maximally entangled state is optimal, and
also study both numerically and theoretically the canonical
problem of field sensing in the presence of collective ampli-
tude damping, and in the multiparameter setting.

With our resolution of the non-trivial problem of simulta-
neously optimizing the multiparameter Cramer-Rao bound
and the corresponding probe state, we expect our theoret-
ical contributions to have ramifications beyond the field-
sensing application that we have explored. Namely, one
will be able to apply our framework to determine optimal
precision bounds and optimal probe states for a plethora
of quantum sensing problems, where the unknown param-
eter is embedded in the underlying quantum channel, for
instance, in many quantum imaging problems [31].

II. OVERVIEW OF OUR MAIN RESULTS

We establish the following main results.

* A conic programming framework for channel
estimation:- The conic programming framework that
we establish in Section IV proves that the optimal values
of conic programs can correspond to Cramer-Rao type
bounds for channel estimation. Our framework applies
in the multiparameter setting. This main result is given
Theorem 1, where we prove that the optimal values of the
following are equivalent.

1. Fix the probe state, solve a minimization using the

conic programs in [14] to find the best precision
bound. Next solve a maximization for the best probe
state to use.

2. Solve a minimization for the conic programs that we
introduce.

The optimal values of the above two problems give the pre-
cision bounds for channel estimation. Problem 1 is often
not a convex program, and hence it is not clear how to
solve it numerically. In contrast, in problem 2, the conic
programs are convex programs, and we can solve them effi-
ciently. Hence, our framework allows one to solve the chan-
nel estimation problem efficiently.

Moreover, the conic programs’ optimal solutions also
allow us to evaluate the corresponding optimal probe
states. Namely, we define a matrix-valued function p,(Y)
that maps the optimal solution Y* of the conic program to
a density matrix on system A (see Figures 1 and 2), and the
purification of such a density matrix to the joint system AC
gives the optimal probe state. Moreover, we discuss how to
use the optimal solution of our conic program to calculate
the optimal probe state. Hence, it becomes possible to
determine the optimal probe state for channel estimation
for the HN bound, the SLD bound, the NH bound, and the
tight bound. Of operational significance are our results on
the channel versions of the HN bound and the tight bound,
which give the optimal performances of correlated and
uncorrelated measurement strategies, respectively.

* On the optimality of the maximally entangled probe
state:- There are many situations where the maximally
entangled probe state is the optimal probe state to use
in channel estimation. In Section V, we explore this
possibility, and begin by considering the scenario where
the input probe state is a maximally entangled state. We
establish Theorem 5 and Theorem 6, which shows that a
constraint on a dual matrix-valued variable is equivalent to
the optimality of the maximally entangled state for the SLD
bound and the HN bound respectively. These theoretical
results allow us to find situations when the maximally
entangled state is the optimal probe state for both the
SLD bound and the HN bound. We consider the following
examples.

> Noisy qubit channel with one parameter:- We consider
the quantum channel as a unitary evolution afflicted with
depolarizing noise, where the parameters are embedded
into the unitary part of the channel. More precisely, we first
consider a quantum channel that describes the mixture of
a unitary qubit evolution and replacement by a completely
mixed state. The unitary qubit evolution is generated
by the product of the single parameter that we want to
estimate and a Pauli matrix. We use Theorem 5 to establish
Theorem 7, where we prove that the maximally entangled
state is the optimal probe state, and furthermore, the tight
bound, the NH bound, the SLD bound and the HN bound
are all equivalent.



> Generalized Pauli channels:- On a qudit system, a
generalized Pauli channel applies generalized Paulis ran-
domly on the qudit state according an apriori determined
probability distribution. The channel estimation task
here is to estimate this probability distribution. We use
Theorem 5 to establish Theorem 8, which shows that the
optimal probe state for the channel estimation problem
for generalized Pauli channels under the SLD bound is the
maximally entangled state.

> Noisy SU(2) channels:- We consider a quantum channel
that is the mixture of unitary evolution according to the
spin-j representation of SU(2) unitary evolution according
to the spin-j representation of SU(2) and replacement by
a completely mixed state. We also give equal weightage
to each of the three parameters that we estimate. We use
Theorem 5 to establish Theorem 9, where we derive the
analytical form for SLD bound. Furthermore, Theorem 9
shows that under purely SU(2) unitary evolution with zero
noise, all the precision bounds J;,...,J5 are equivalent,
and the maximally entangled state is the optimal probe
state for all the precision bounds.

* Noisy field sensing:- In Section VI, we revisit the prob-
lem of quantum field sensing [32] in the multiparameter
setting. In the noiseless setting, this is equivalent to the
channel estimation problem for noisy SU(2) channels that
we explore in Section VI. The noise model we consider here
is different from that in Section VI, instead of a depolarizing
type of channel, we consider noise introduced by collective
amplitude damping [33, Eq. (7)]. The channel that we con-
sider differs from [24] in two ways. First, we consider col-
lective amplitude damping while [24] considers i.i.d. am-
plitude damping. Second, we model the channel using a
master equation, considering collective amplitude damping
that occurs during the SU(2) evolution, whereas the chan-
nel in [24] considers i.i.d. amplitude damping that occur
after the unitary evolution. We give corresponding plots
of various precision bounds against the noise parameter in
Figure 4 and Figure 5.

Using the MatLab computer code, we numerically deter-
mine the optimal probe state for the NH bound, the HN
bound, and the SLD bound, and numerically evaluate the
corresponding precision bounds. We numerically ascertain
that in the noiseless setting, the maximally entangled state
on the symmetric subspace is the optimal probe state, which
agrees with our result in Theorem 9.

When there is non-vanishing noise, we numerically
ascertain that the SLD precision bound cannot be optimal.
We furthermore prove this fact in Theorem 10, where in the
proof, we calculate the expectations of the commutators of
the symmetric logarithmic derivatives of different angular
momentum generators.

*» Semi-definite programming formulations:- To maxi-
mize the accessibility of our work, in Section D, we give for-
mulate the mathematical optimization problems that corre-
spond to J,, J3, J4, J5 as semidefinite programs to be used
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with the CVX package and provide the corresponding Mat-
Lab code.

III. QUANTUM STATE ESTIMATION

In the quantum parameter estimation problem, given a
set of parameters © C R?, we consider d-parameter state
family {py : 6 = (0%,...,0%) € ©} on the Hilbert space
H. Denoting the set of density matrices on H by S(H),
we note that the quantum states pg are elements of S(#),
which means that they are positive semidefinite operators
with unit trace. We define the true parameter to be 6, and
our goal is to construct an estimator 0 that will estimate 6,-
We furthermore consider © as a continuous set, and where
the quantum states pg are differentiable with respect to 6,
so that we can define the partial derivatives p,. In particu-
lar, in the neighborhood of the true parameter 6,, we define
D; := 577Pglg,» and p := pg,.

We can describe a measurement using a set of positive
operators II = {II, : x € X'} where the completeness con-
dition ). _, I, = I holds, where X is a set of classical
labels. By the Born rule, when we perform a measure-
ment IT on a quantum state p,, we will obtain the classi-
cal label x and the state I, py/Tr(I1, pg) with probability
po(x) = Tr(Il,py). Upon measurement, the classical la-
bel x is a random variable, and we denote E[ f (x)|II] as
the expectation of f(x), the function f of the classical label
x, with probability distribution obtained according to the
Born rule. Now given a measurement II and an estimator
é, where the estimator 6 is to be a function of the classical
label x, we denote I1 = (I1, §) as an estimator. When the
true parameter 6, is equal to 6, we define the mean-square
error (MSE) matrix for the estimator I1 as

d

Volit] = D 10)(j1 D TepoT, (6:(x) — 09)(87(x) — 67)

i,j=1 x€X

= > )i [(8'(x)— 0")(6(x) — 67)Im].

ij=1

In multiparameter quantum metrology, the objective is to
find an optimal estimator IT = (II, é) that in some sense
minimizes the MSE matrix. More precisely, the quantity to
minimize is TrGV,[I1], where a weight matrix G, a size d
positive semidefinite matrix, quantifies the relative impor-
tance of the different parameters in our parameter estima-
tion problem. If we give all parameters an equal impor-
tance, we may choose G to be the identity matrix.

When foralli =1,...,d, the expectation of our estimator
is equal to the true value of the parameter 6, when 6, = 6,
we have the condition

Eo[6'(ln] = D 6'Camdpem, ] =6, ()

XEX

which means that our estimator IT = (II, ) is unbiased at
6, = 6. When (1) holds for all 8 € ©, we say that our



estimator is globally unbiased. Unfortunately, globally un-
biased estimators need not exist, and hence we consider es-
timators that are unbiased in the neighborhood of the true
parameter 6,. This motivates us to take partial derivatives
on both sides of (1), and consider

) N O e
ﬁﬁg[e o)l ] _;9 (OTD; I, =6/,  (2)

where D; = %pe. When (1) holds for all i = 1,...,d
for a fixed 6 where 6, = 6, and when (2) holds for all
i,j =1,...,d, then we say that the estimator IT = (II, é)
satisfies the locally unbiased condition.

For any weight matrix G = szzl g:;11)(jl, the funda-
mental precision limit [14] is given by

Co[Gl:= min Ti[GV,[]],

II:lu.at@
where the minimization is carried out for all possible esti-
mators under the locally unbiasedness condition, which is
indicated by l.u. at 8. Note that when we impose only the
condition (2), the above minimum is attained by I satisfy-
ing (1). Therefore, Cy[G] can be considered as the mini-
mum only with the condition (2). In the following, we con-
sider the above minimization. Hence, it is sufficient to focus
on the operators py and (D;);. Thus, the pair (py,(D;);) is
called a model in the following.

As discussed in Ref. [14], any lower bound to weighted
trace of the MSE matrix is a Cramer-Rao (CR) type bound.
The fundamental precision limit C4[G] is one such lower
bound which is tight, and hence refered to as the tight CR
bound [14]. Operationally, we may attain the tight CR
bound using an uncorrelated measurement strategy in the
asymptotic setting. This means that we would attain this
tight CR bound by performing optimal measurements inde-
pendently on asymptotically many individual copies of the
probe states. In quantum parameter estimation, one may
also consider correlated measurement strategies, where we
would allow joint measurements over multiple, and poten-
tially infinite number of copies of probe states. The Holevo-
Nagaoka (HN) bound [7, 8, 11, 15, 16] is a CR bound that
describes the ultimate precision in this correlated measure-
ment strategy scenario, and the HN bound can be strictly
smaller than the tight CR bound [14].

While it is difficult to evaluate the tight CR bound exactly,
one can nonetheless use a semidefinite program (SDP) to
approximate it [14]. As the precision of the approximation
increases, the complexity of the SDP also increases. Other
CR-type bounds are more efficient to evaluate, such as the
Nagaoka-Hayashi (NH) bound, the HN bound, and the SLD
bound. Recently, Ref. [14] used the language of conic pro-
gramming to clarify the relationship between these CR-type
bounds. Namely, let us consider an operator X that we con-
struct from any estimator IT = (II, 0), where

X (11, §)
d d
= (|0) +>° éi(X)Ii))(((” +Z<i|éi(x)) @M
xeX =1 =

5

This operator X (IT, 6) acts on the vectors in R ® H, where
R =R4*! is spanned by d + 1 basis vectors |0),[1),...,|d).

We may write the trace of the weighted MSE matrix
TrGVy[11] using X (11, ). Namely,

TrGV,[11] = Tr(G ® p)X(I1, §). (3)
Next, note that the completeness condition Y. _, [T, =1,
using X (IT, 6) implies that

Trz (10)(0] ® L)X (11, 6) = I,. C)

Hence, we may interpret (4) as a rewriting of the complete-
ness condition Y. _, IT, = I,,. Next, we note that the con-
dition (2) for a locally unbiased estimator guarantees

T (0) i + 10D @ D)X, ) =5, ()

Hence, we may interpret (5) as a rewriting of the locally
unbiased condition. .

Note that the operator X (II, ) has a tensor product struc-
ture. Namely, we may consider X (TI, 6) as an element of a
cone generated by separable states on R ® H. More pre-
cisely, this separable cone S is the convex hull of the set
of operators that are a tensor product of a real positive
semidefinite matrix on R and a complex positive semidefi-
nite operators on A with bounded norm. Hence, it is natu-
ral to consider the minimization:

$1 = min{Tr(G ® p)X|(4), (5) hold.}

The reference [14] showed that S; is in fact equal to the
tight CR type bound. The reference [14] also showed that
if we consider the minimization of Tr(G ® p)X subject to
the conditions (4), (5), but over suitable cones that contain
S1, the optimal value can be made to be equal to the NH
bound, the HN bound and the SLD bound. Given this phe-
nomenon, it is instructive to revisit the cones over which we
can optimize X.

We now proceed to define several cones over which we
like to optimize X. Now let us define B as the vector space
spanned by the tensor product of real symmetric matrices
on R and bounded complex Hermitian matrices on H. This
means that we can write

BRH) = { D k) (il © X,

d d
Xy j € Bsa(H), Xy j =Xj,k},
=0 k=0

where B,,(#) denotes the set of self-adjoint (Hermitian)
matrices on H with bounded norm. When there is no con-
fusion, B(RY*!, %) is simplified to B. Let us consider the
cone S? as

8% := {X € B|(v|X|v) > 0 for all [v) € C¢*! @ H}.

Relaxing the condition of B we extend the space B as

d

d
8= { > > kGl o X,
k=

j=0 k=0

Xio € Ba(H), Xy j = (Xj,k)-lr}-



ymbol Meaning
d the number of parameters to be estimated
G weight matrix, real positive semidefinite d x d matrix
6, the parameters’ true value, a vector in R¢
6 estimator of the d parameters, a vector in RY
O C R set of all possible parameter vectors
Ay quantum channel (mapping system A to B) that embeds 0
Ty Choi matrix Ag
Ty, Choi matrix Ay, at the parameter’s true value 0,
Pac a probe state parametrized by 0
F; Choi matrix’s partial derivative %Te lo=6,-
S, CR-type bound: tight bound, optimized over cone S' = S, .
S, CR-type bound: Nagaoka-Hayashi bound, optimized over cone S? = SZ
Ss CR-type bound: bound from optimization over PPT cone, optimized over cone S* = 33
Sy CR-type bound: SLD bound, optimized over cone S* = 84
Ss CR-type bound: Holevo-Nagaoka bound, optimized over cone S*((Mg ® Le)(Pac)) = Spe (Mg ® 1) (Pac))

§',8%,8°%,8%, 8((Ag ® tc)pac), cones in Re ® Hy ® H, that correspond to the CR-type bounds Sy, S,, 3,54, Ss
Sy ==min, Si[pac] CR-type precision bound for the channel estimation problem using the optimal probe state p,

Sh,S2,82,,84.,82,(T)  cones in R ® Hy ® H, that are analogous to the cones in the conic optimizations of S;,S,,Ss, S, Ss

Jl,Jz,Jg,J4,J5, conic optimizations on cones S,,,S2,,83,,85,,S2,(T)
Y optimization variable for the cones Sj,,S2,, S5, ng S3.(T)
pA(Y) When Y is the optimal solution of CR-type bound, the purification of p,(Y) is the optimal entangled state
|®) (@] maximally entangled state, an example of a p,
K set of matrices on system A and B for which the partial trace on B is proportional to the identity matrix

TABLE I: Notations for the channel estimation problem.

Let us define S(C™' ® H)ppr as the set of self-adjoint
operators on C¢*! ® #{ with positive partial transpose, and
define S as S(C*1@H)pprNB”. Likewise, we define the set
S(C¥*1®H), as the set of positive semi-definite self-adjoint
operators on C¢™'®#, and define §* as S(C4™ ® #), N B”.
Then, for k =1, 2, 3,4, we define

Sk ::}r{réisrll{{Tr(G ® p)X|(4), (5) hold.}. 6)

The relation
Stcs*cscst
implies
§1=8,>83=>8,. )

In addition, we introduce a linear constraint to the oper-
ator X € B” as

TeX ()= 1) (DeT)=0 8

fori,j = 1,2,...,d and a trace-class self-adjoint operator
T. We may simplify (8) to

ImTeX (|j)}{i|® T) = 0.
by noting that TrX (|i)(j| ® T) is the complex conjugate of
TrX (|7)(i|® T) because TrgX (i) (j1®I) = (TrgX (|5) (i| ®1))".
Using this linear constraint, we define the subspace B; of

B as

By :={X € B"|(8) holds.}.

Next, given a density matrix p on A, let us define S>(p) as
S(CH @ H)pN B;’ . We consider the minimization:
Ss := min {Tr(G ® p)X|(4), (5) hold.}.
XeS(p)
Note that only the cone S°(p) depends on p, for the cones

S1,82,8% 8% are independent of p. Since we have the re-
lation

S?c 8°(p) c 84,
we have the following relations
S, <S85<S,. )

Since S; depends on the model (p,(D;);), i.e., the probe
state p and the partial derivatives of the probe state D; for
k=1,2,3,4,5, we can also write S as

Sk[p:(Dj)j]

to emphasize the CR-type bounds’ dependence on p and D;.

Ref. [14] showed that S, equals the Nagaoka-Hayashi
bound (NH bound) studied in Ref. [18-20]. Also, Ref. [14]
showed that S, equals the SLD bound, and S5 equals the HN
bound. In the single parameter case, i.e., d = 1, the SLD
bound is attainable. Hence, we have the equality in (7) and
(9), i.e., the equation:

Sl 282 ZSB :SS :S4. (10)

For further discussion, we prepare several notations. We
use the notation X oY := %(X Y + YX). We define the SLD



operator L; on H as

We denote the SLD fisher information matrix by Jgp.
We define L! := Z?zl(J££)i’ij as a linear combination
of SLD operators that depend on the ith row of the in-
verse SLD Fisher information matrix. These operators L'

. . i _ d -1 \j,j’ —
satisfy the constraint TrD;L' = TrD; Zj’:l(JSLD) Ly =

d _ .o d _ . .
2 Ugp) TeD; Ly = 37 (Jg )Y Jsip jp = 65 When
we need to clarify the dependence of the model (p, (D;);),
L', L;, and Jg are denoted by L[p,(D,);], Llp, (D),
and Jg;p[p, (D;);], respectively.

Now, we consider the n-fold tensor product system H®".
Given an operator X on H, we define the operator X on
HO" as XMW 1= 3 X™, where X 1= 191 @ X @ "
Then, we call the model (p®", (D§"))j) as the n-fold exten-
sion of the state model (p,(D;);). Then, we have

Li[p®", (D{);1= (Ll p, (D)), )™
Jsinlp®", (D)1= nJgiplp, (D));1)
Lo, (0f”),1= ~(Tp, (0, ).
Also, the relation
Silp, (D)1= nSilp®, (D);]

holds for k =4 [34] and for k =5 [11, Lemma 4].

IV. CHANNEL ESTIMATION

In the previous section, the optimizations S depend on
the quantum model comprising of density operators p and
their partial derivatives with respect to the parameters to be
estimated. Here, we consider the channel estimation prob-
lem, where we have a d-parameter channel family {Ag},
where the input system is 7, and the output system is H.
As we can see, the quantum channel Ay embeds the d pa-
rameters 6 to be estimated. After the quantum channel Ag
maps a probe state on H, to an output state Ag(p) on Hp,
With asymptotically many copies of quantum states Ag(p),
we can perform appropriate measurements, either in a cor-
related or uncorrelated setting, to obtain a probability dis-
tribution that depends on the parameters, from which we
may construct the best informated estimator for the param-
eters.

In the channel estimation problem, it is typical to con-
sider the purification of the probe state p to a pure state on
H, ® H. Here, the Hilbert space #, isomorphic to H,, is
an ancillary system that the quantum channel has not access
to. Our measurement strategies however do have access the
ancillary system. This setting follows the preceding paper
[21] which studies the optimization of the one-parameter
case under the assumption that the ancilla system is avail-
able. We remark that considering measurement strategies

that do not have access to this ancilla system is highly non-
trivial, and beyond the scope of our current study. In what
follows, we assume that we have full access to the ancilla
system, which in turn means that the quantities of interest
are

Silpac] =510 810X (pac), (og-(ho B 1c)pac)); )
J
(11)

where (- denotes an identity channel on system H.. With
complete access to the ancilla system, the corresponding
CR-type precision bounds are then

Si = npﬁngk[PAc] (12)

where the minimization is over all pure density operators
on H, ® H¢, and the accessible measurements for our esti-
mation are applied to the tensor product system Hy ® H.
Since the whole ancialla system is accessible, when p . is a
mixed state, we are allowed to retake the system # to con-
tain the reference of the purification of p,.. This explains
why the range of the above minimization is limited to all
pure density operators on H, ® H.

It is not immediately obvious how one would solve the
optimization in (12). Even if one solves the inner optimiza-
tion for S, it is unclear if the subsequent optimization in
Pac is a tractable optimization problem, such as a convex
problem. We overcome these difficulties. Namely, we con-
struct conic programs with optimal values that are precisely
equal to (12), which allows us to find (12) using only a sin-
gle optimization program.

The first tool that we use is the Choi matrix of a quan-
tum channel [35]. We denote the Choi matrix of Ay by Tj.
Given any orthonormal basis {e;)} of #,, we can define the
unnormalized maximally entangled state |I) := D’ jlej)le;)
on M, ®H,, where Hy is isomorphic to #,. Then, the Choi
matrix Ty of Ag is an operator on Hz ® H, and is given by

To = (Ag ® )(I1){I]).

Since p = Tr,[|I){I|(Iy ® p)] for any input state p on H,,
where I, = > e;){e;| we have

Ag(p) = Ng(Tra[IN)(II(Ly ® p)])
=Tra[(Ag ® VIV (INU @ p))] = TralTo(Is ® p)], (13)

where I; denotes the identity operator on Hy. Here, (13)
allows us to rewrite Ay(p) in terms of the Choi matrix Ty
and the input probe state p.

Next, we can consider the partial derivatives of Ag(p) in
terms of the Choi matrix derivatives. Namely,

d )
ﬁ/\e(P) = TrA[ﬁTG(IB ®p)]

When the parameter 6 is in the neighborhood of the true
parameter 6,, we denote the corresponding Choi matrix Ty,



by T and its derivatives as F; := a%jTQIQZQO. In this case,
we can write

%AO(PN(;:@O = Tr,[F;(Iz ® p)]. (14)

Since we allow access to an ancilla system % for both

preparation and measurement of the probe state, instead of

p as the input state, we consider p,- on H,®%H as the input

state. When the quantum channel still maps #, to Hp, then

the output state that corresponds to our input state p,. at
the true parameter value 9, is

(Ao ®tc)(Pac)lo=g, = Tral(T ® I)(Ig ® pac)],  (15)

and its derivatives are

0
ﬁ(Ae ® tc)(Pac)lo=g, =Tral(F; ® Ic)(Ig ® pac)]- (16)
In this setting, the joint system # ® H is accessible for our
measurement for our estimation. Then, the CR-type bound
Si[pac] of channel estimation problem as given in (11) can
be written as

Sk[pAC]

=Si[Tral(T ® Ic)(I5 ® pac)], (Tral(F; ® I)(I5 ® pac)]);]
a7

with k = 1,2,3,4,5. In the following, the pair (T, (F;);)
is called the channel model. In particular, when we need
to clarify the dependence of the channel model, S;[p4c] is
denoted by S, [T, (F));, pac]-

Note that the operators in the left sides of (15) and (16)
act on the space Hy ® H. In the conic programming for-
mulation of (11), we require the introduction of the space
Rc = C¥*1 and consider conic programming over the tri-
partite system R, ® Hy ® H,. For k = 1,2,3,4, we define
the cones we consider are operators on R ® Hy ® H which
are equal to S* as explained in Section III under the choice
H=Hg®H, as Sgc. Following the notation of Section III,
we use X on R ® Hp ® H to optimize within the appro-
priate cones.

After solving (11), we need to perform a subsequent min-
imization over all states p,. on the space H,® H ., which is
a challenging task. To overcome this challenge, we formu-
late new conic programs with optimal values equal to those
given by (12).

Our formulation of new conic programs draws upon the
insight that the space H, is in fact isomorphic to the space
‘H,, and that we may consider optimizing over cones on
Re ® Hp ® H, instead of R ® Hp ® H. This means that
instead of considering the cones Sk ., we like to consider

BC>
the cones Sg » where we obtain Sg . Dy replacing H with
Hp ® H, in the definition of S*.

One challenge in this idea is to be able to construct p,c
from the optimal solution of the cone. Denoting Y, an op-
erator on R ® Hp ® H,, as the optimization variable in this
case, this challenge can be reduced to that of finding an ap-

propriate density operator p,(Y) on H, that dependson Y,

and subsequently purifying p,(Y) to pc. To formulate the
objective function of the conic programs on Y, we revisit
the optimization of (17). Note that, the objective function
of (17) is

Tt[G ® Tru[(T ® Ic)(Ip ® pac)1X]
=Tr[G® ((T ® Ic)(Iz ® pac))(I,®X)]
=Tr[(G ® T)Trc[(Izg ® pac)(In ® X)]].

Identifying Y as Tr[(Izg ® pac)(I4®X)], the objective func-
tion of the our conic programs becomes

Tr[Y(G®T)].

We establish an appropriate relation between the variable
Y and some p, through the conditions:

(i): Given fixed Y on R, ® Hy ® H,, there exists a state p,
on H, such that

Trr[Y (10){0l ® Ing)] = Iz ® pa. (18)
@i):
1 ./ ./
STIY (O} + 1 MHOD @ F)1 =6, 5
forj,j’=1,...,d.
While the condition (ii) is a linear constraint, it is not im-
mediately apparent how condition (i) can be written as a

linear constraint. However, we point out that the condition
(i) is in fact equivalent to the following linear constraint.

(i): Let {|b)} be any orthonormal basis of Hy. For b # b’,

we have
Trep[Y (10)(0| ® I, ® [b)(b'])] = 0, (19)
Trep[ Y (10)(0] ® I, ® |b)(b|)]
= Trgp[Y (10){0] ® I, ® [b")(b'])] (20)

as operators on H,. Also,

Tr{ Y (|0)(0] ® I, ® [D)(b])] = 1. 21

The equivalence between (i) and (i’) is shown as follows.
Since (i) = (@) is trivial, we show (i) = (i). We assume
that (i"). We denote Trg[Trg[Y (]0) (0] ® I,5)1(1,® |b){b|)] =
Trrs[ Y (J0){0] ® I, ® |b){b|)] by p,(Y). Then, (21) guaran-
tees that p,(Y) is a state. Also, (19) and (20) imply (18).
We obtain the condition (i). Therefore, the condition (i) is
replaced by the linear constraint (i’). Furthermore, when
we impose the condition (i), the operator

pAY)i= T V(0010 L)) (22
B

is a density matrix, where dj is the dimension of Hy. Given
conditions (i’) and (ii) along with the objective function



Tr[Y(G ® T)], we can define our new conic programs.
Namely for k = 1,2, 3,4, we define

Ji = lerkl {Tr[Y(G ® T)]|Y satisfies (i), (ii).}.

€Sz,

For k = 5, we define S;,(T) := S(R¢ ® Hap)p N By, and

define the conic linear programming.

Js := min {Tr[Y(G ® T)]|Y satisfies (i"), (ii).}.

YeSBA(

When we need to clarify the dependence of the channel
model (T, (F;);), Ji is denoted by Ji [T, (F;);].

ST _,‘__/'i_"/‘,

£ 5
SeAD)
Jis Tlght g2 Optimization variable :
BA

J»: Nagaoka-Hayashi Y onsystem RBA

(Y):= Tr [Y(|0)(0] ® I43)]

Ji: Holevo-Nagaoka Pa wlY(10){01@ Iy
Sha Purification gives corresponding

entangled probe state O ¢
Ji: SLD ———

FIG. 3: . We depict the relationship between Jl,Jz,Js,J4
and their associated cones S;A, S;A, SSA(T) - The
optimal values of the these optimizations, Wthh are
minimizations, are the tight bound, the Nagaoka-Hayashi
bound, the Holevo-Nagaoka bound, and the SLD bound
respectively. We pictorally illustrate that J; > J, > J5 > J,.
We denote the optimization variable for all of these
minimizations as Y, which is a matrix supported on
R ® Hp ® H,y. From the optimal solution Y™ of any of
these conic programmings, we can derive a corresponding
p4(Y™), whose purification to system AC yields the
corresponding optimal probe state.

The main result of our paper is the following theorem.

Theorem 1. For k=1,2,3,4,5, we have
(23)

This theorem allows calculation of precision bounds for
channel estimation optimized over probe states as given by
S, using the conic programs that correspond to J. Since
the cones considered in J; are analogous to the cones con-
sidered in S; [14], we know how to solve J; numerically.
Furthermore for k = 2,3,4, 5, we can solve J, via semidef-
inite programming (SDP). In contrast, the calculation of J;
requires the minimization over a certain separable cone on
Re®(Hp®H,). Such a type conic programming is discussed
in Section IV of [14].

In addition, in the single parameter case, i.e., d = 1, the
SLD bound is attainable. (10) implies

Ji=Jy=J3=Js=J,. (24)

First, J; has the operational meaning of the precision
limit under the scenario shown in Fig. 1. We can choose our
input state for each single input system individually. Our
measurement can be done over the joint system of the sin-
gle output system and the ancilla system of the single input.
In addition, we allow adaptive improvement for the choice
of the input state and the measurement.

Second, J; has the operational meaning of the precision
limit under the scenario shown in Fig. 2. Again, we can
choose our input state for each single input system individ-
ually. Our measurement can be done over the joint system
of all output systems and all ancilla systems of the inputs.
However, when our measurement can be done over the joint
system of the initial k; output systems and the initial k; an-
cilla systems of the inputs, we can adaptively choose the
next k, input states depending on the above measurement
outcome. Then, depending on the above measurement out-
come, our measurement can be done over the joint system
of the next k, output systems and the next k, ancilla systems
of the inputs. Such an adaptive improvement over several
rounds is allowed.

Now we sketch Theorem 1’s proof. First we can establish
an upper bound on J;, in terms of S, in the following lemma.

Lemma 2. For k=1,2,3,4,5, we have

J <5 (25)

To prove Lemma 2, we show that given any solution p,
and X to S;, we can also construct a corresponding solution
Y for J, with the same value for the objective function. We
prove the inequality opposite to (25), based on the discus-
sion in Section III, we rewrite the constraints for the com-
pleteness condition and the locally unbiased condition as

Trr[X (10)(0] ® Ipc)] = I

ST @ X)) +17)(0D) @ F; 8 16 Iy ® pac)] = 5,
27

(26)

Then, we show the following lemma.

Lemma 3. For k=1,2,3,4,5, we choose Y € Sk satisfying
the conditions (1), (ii), and p, := p4(Y) > 0. We dlagonallze

paas ZJ 15i1¢;)(¢;]. We choose an orthonormal basis {1 ;}
of H. We define a unitary map U : qSJ — 1 from H, to He.

We choose p, as the pure state Z, 1 V55159 ), which is
a purification of p,. Then, we have
Tr[Y(G®T)] > S,. (28)
In addition, we choose X as
= (U Ins)(p; > @ 12)Y (0 '* © I )(U' ® Iyp).
29)

For k =1,2,3,4, X is an element of S sc» and satisfies the
conditions (26) and (27), and the following relation.

Tr[Y (G ® T)] = Tr[Trc[(Irg ® pac)a ®X)(G® T)].
(30)



For k = 5, X is an element of S
tions (26) and (27), (30), and

¢» and satisfies the condi-

Te[ (L @ X)((1D) (1 = /)i ® T ® Ic)(Irp ® pac)] = 0.
(31

Lemma 3 assumes that Y satisfies the full rank condition
for p,(Y). If the minimization in J; is achieved by an oper-
ator Y to satisfy this condition, we obtain Theorem 1. How-
ever, there is a possibility that the optimal operator Y does
not satisfy this condition. To cover such a possibility, we
need the following technical lemma.

Lemma 4. We have

Y satisfies (1), (ii) and,
Jy= inf { TI[Y(G®T)]| pa(Y)>0,i.e.,
YES, pA(Y) is full rank.

(32)

fork=1,2,3,4, and

JS = lnf
Yes;,(T)

Y satisfies (i), (ii) and, }

{Tr[Y(G ®T)] pA(Y) is full rank.

(33)

Notice that both sides in the definition (29) act on Hy ®
Hp ® He because U maps H, to He. The combination of
Lemma 4 and (28) in Lemma 3 yields the > part of (23)
while Lemma 2 shows the < part of (23). Therefore, the
combination of Lemmas 2, 3, and 4 shows Theorem 1. In
addition, Lemmas 2, 3, and 4 are shown in Appendix A.

The pure state p, given in Lemma 3 is the input state to
achieves the value Tr[Y (G ® T)] in the respective bounds.
The operator X given in Lemma 3 achieves the value
Tr[Y(G ® T)] in the respective conic linear programming.

V. CASE WITH MAXIMALLY ENTANGLED INPUT STATE

A. Notations

The channel model is given as the pair (T®",(Fj("))j).
Fixing the input state to be the maximally entangled state
|®)(®], for k =1,2,3,4,5, gives the following inequalities.

T[T, (F));1 < Sl T, (F));, @) (2] (34)

The aim of this section is to derive a necessarily and suffi-
cient condition for the equality of the above inequality for
k =4,5.

For this aim, we discuss when a maximally entangled
input state realizes the minimum value in the respec-
tive bounds. In this section, we simplify Ji [T, (F;);] and
Si[T, (F;);,1®)(®|] to J; and Si[|®)(®|], respectively. We
employ the normalized Choi state Ty := %T on Hp. Also,
we employ F;y = d—lAF ;. Then, we impose the following
conditions to Yy :=d,Y.

10

(i-N): Given fixed Yy on Hy ® Hp ® H,, there exists a state
P4 on H, such that

Trr[ Yy (10)(0] ® Iy5)] = I ® dspa. (35)
(ii-N):

%Tr[YN((|o><j’| +) 0D ®Fy )] =5,

forj,j’=1,...,d.

The condition (i-N) is equivalent to the following linear con-
straint.

(i>-N): Let {|b)}g’i , be any orthonormal basis of H. For
be{l,...,dzg—1}and b’ € {2,...,dz—1} with b > b’
we have

Trrp[ Yy (10)(0] ® I, ® |b) {b)] =0, (36)
Trep[ Yy (10){0] ® I, ® (|b)(b| = [b+1){b+1])]=0 (37)

as operators on H,. Also,

Tr[Yy(10)(0] ® I, ® [1)(1])] = d,. (38)

Then, J; for k = 1,2, 3,4 is rewritten as

Je = mir% {Tr[ Yy (G ® Ty)]|Yy satisfies (i*-N), (ii-N).}.

vyesk,

(39
Js is rewritten as

Js= min {Tr[Yy(G ® Ty)]|Yy satisfies (i*-N), (ii-N).}.

YeS;, (Ty)

(40)

When the input state is fixed as a maximally entangled
state |®), the bound is S5;[|®)(®|]. Then, we have Ty =
Tr,[(T ® I.)(I5 ® |®)(®])]. Hence, by replacing the system
Hc by H,, we rewrite S [|®)(®|] as

Sil1®) (2]
= mir% {Tr[ Yy (G ® Ty)]|Yy satisfies (i), (ii-N).} (41)

vyesk,
=Sk[ Ty, (Fj,N)j]’

Ss[|@)(2l]

= min {Tr[Yy(G ® Ty)]|Yy satisfies (i), (ii-N).} (42)
YN €S, (Ty)

=Ss[ Ty, (Fj,N)j];
for k =1, 2, 3,4, where the condition (i) is defined as
@{):
Trr[ Yy (10)(0] ® Iyp)] = Ip- (43)

Therefore, we find that the difference between J; and
Sc[|®){(®|] is characterized by the difference between the
conditions (-N) and (i”). To discuss this difference, we
focus on Sy [Ty, (F;y);], i-e., the model (Ty, (F;y);) in the
following discussion.



B. Equality condition for k = 4

We choose L! := L[ Ty, (F; 5);], and define L, = (L),
For a vector of Hermitian matrices Z = (Z/) ;, we define the
operator

Wan(Ty,Z) = > G, Z'TyZ'.
1<i,j<d

We define the subset K C B,,(H4z) as
={X € B,,(H45)|TrzX is a constant times of I,,.}

This subset relates to dual matrix-valued variable that cor-
responds to the condition (i’-N) in the primal problem. We
supply the precise description of the dual problem in Ap-
pendix B 1.

Then, we have the following theorem.

Theorem 5. The following conditions are equivalent.
(Al1):

Ja = S4[1@)(2[].

(A2): TryWep(Ty,L,) belongs to K.

C. Equality condition for k =5

Given the weight matrix G, for simplicity, we choose the
new parameter 6 := v/G6O. By using the estimator 6 of
the parameter 6, the new parameter’s estimator 0 is given
as vGO. Hence, by using the covariance matrix V,[I1] of
the parameter 0, the covariance matrix VQ[H] of the new
parameter @ is given as v/GV,[I1]v/G. That is, we have

TrGV,[11] = TrV4[11].

In other words, under the new parameter 8, the weight

matrix is given as the identity matrix I so that the analysis

on the weight matrix I can recover the case with a general

weight matrix G. Therefore, without loss of generality, we

can assume that the weight matrix is the identity matrix I.
We define Z, as

Z* = argmin{TrH(Z)G ® TNlTrDjZi = 5§}’
Z

where TI(Z)" = 2'Z), ie, T(Z) = Y4410 ®
(z)'z) = (i, 1i) @ (25, (il ® Z'). We choose
Z0 := I,5. We define the matrix V™ := TrZ!(Z})"Ty. We
define C, :=ImV,|[ImV,|™ .

Next, we define

> YAk ZiT Z

1<i,j<d

d
Wiy (T, Z) := (ZziTNzi) -
i=1

which corresponds to a dual matrix-valued variable.
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Theorem 6. The following conditions are equivalent.
(B1):
Js = Ss[12)(2]].

(B2): TryWyy(T,, Z,) belongs to K.

D. Examples
1. One-parameter case

We choose H, and Hp as two dimensional systems
spanned by |0),|1). We define the channel A, as a depo-
larizing channel:

Ao p(p) = (1=p)P + PPmixs>
where p;, 5 is the completely mixed state on the out-
put system Hg. The channel A, is given as Ty ,(p) :=
UQAO’p(p)Ug, where Uy := exp(ifo;) and o, = |0)(1| +
|1)(0]. Then, the following theorem holds.

Theorem 7. When G is 1, we have the following relation

Ji[(Tg p ® (I, ( g Lo, ® O(IDID]

=5,[(Ty,, ® UINID, (

__2-p

- 8(1-p)?
fork=1,2,3,4,5.
Proof. Due to (24), it is sufficient to show (44) with k = 4.
Also, due to the symmetry, it is sufficient to show the case
with 6 = 0. Then, Ty = (1—p)|®)(®|+PpPmixas and F; y =
(1—=pllioy, |®){(®|], where p ;i 45 is the completely mixed
state on H,p. Since

o, ® (1), |2)(2(]

(44)

1

(o, @) (2l]o @) (2] = S [0, |®)(2]]

=N

[0-1: ICI)>((I)|] © PmixAB = Z[UIJ |<I)>(CI)|]’

using é(l p) + %p = %(2 — p), we have L; =
= p[lO‘l, |®)(®|]. Since 02 = I, the SLD Fisher informa-
tion in this model is

THL2Ty = Tr(41%p)2([i0'1’ @) (#[1)°Ty

~160 =2 1o, 8} 010, + ) @1,

2
=168 P;Tr(u -ple)el+ Lo le)@lo, +2)(e)
_..(1=p) 164=py 1
_16(2 )2((1— p)+= ) (—p)2(1_§p)
_8(1—p)?
~S0-r,



Hence, we obtain the second equation in (44) with k = 4.

27
Then, L! = ﬁ 4_p[lo'1, |®) (2] =
ﬁ[iol,m(@u. Since

[ioy, [®){@[]|®)(2][ioy, |®)(®[] =04 |®) (2P0

[i01,12) (@11 ali71, ) (21] =5 (,12) @107, + 2) D),
we have

Wain(Ty, E*) = LiTNLi
=ﬁ((1 —p)le)@lo, + Lo, 1#) @lo, +l2)(@)

Since Trgo1|®)(®|0; = Trg|®) (@] =

L) lo) @l + Zl) ).

1
514, we have

3
@allyqruﬁwmmwm+%®@n
_ 1 p.1 2—p
T 4(1—-p)2 @- )+ 4’27 1601 —p)ZIA'

Thus, Wg;,(Ty, L,) belongs to K. Theorem 5 guarantees the
first equation in (44) for k = 4. O

2. Generalized Pauli channel

We consider the generalized Pauli channel on the system
H = H, = Hp, which is spanned by {|a)},cz,. We define
the operators W(a, b) for a, b € Z; as the following unitary
matrices on H;

X(@)= Y li+a)(jl, Z(b):= ) w"|j)jl, @5

J€Zq J€Zq

W(a, b) := X(a)Z(b), (46)

where w = exp(27i/d). We introduce a distribution family
Do Over Zs. Then, we define the family of channels {A,} as

Ao(P)i= > pola,b)W(a,b)pW(a,b).  (47)
(a,b)eZ?

We denote the Fisher information of the distribution fam-
ily {Py}. Then, as shown in [36, 37], we have the following
theorem.

Theorem 8. We have the following relations

Ju[(Ag @ (D)D), ( oMo ® OIDID)]

=54[(Ag @ NI, ( gr Ao ®OUNIN),, [2)(2]]
=TrGJ,". (48)
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Proof. When the input state is the maximally entangled
state |®)(®|, the output state is

> pola, b)W(a, b)|@)(@W(a,b)'.  (49)

(a,b)eZ;

Since {W(a, b)|®)}, , forms an orthogonal basis on H®2, the
state family can be considered as distribution family {p,}.
Then, we obtain the second equation.

Next, we show the first equation. We denote the
logarithmic likelihood derivative for the j-th param-

eter of {pg} by lp;. We define the function [,
as [ Z}.,(J;l)f:f'lgjjl. Then, we have L} =
Z(a,b)ezg 13 (a, b)W(a, b)|®)(®|W(a, b)". Hence,

TrBWSLD(TN:Z*)

=Trp Z ( Z Gj’j,lg(a,b)pg(a,b)lé(a,b))
(a,b)ez? 1<j',j<d

-W(a, b)|®)(®|W(a, b)'
= > S 6@ bpe(a, (@ Bppies  (50)

(a,b)ez2 1),j<d

where p,.i, is the completely mixed state on H. because
TryW(a, b)|®)(®|W(a, b) = Try|®)(®| = p,ix. Hence,
TryWg;p(Ty, L,) belongs to K. Theorem 5 guarantees the
first equation. O

3. Spin j representation of SU(2)

Next, we consider spin j representation of SU(2) over the
Hilbert space #;. Here, 04, 0,;, and 03 are defined as
the spin j representations of the generators of SU(2) on #;.
We set H, and Hy to be H;. We define the channel A, as a
depolarizing channel:

Ao p(P) :=(1—p)p + PPmixs-

The channel Ay is given as Ag ,(p) := UGAO’p(p)Ug, where

Uy := exp(iZi=1 0ka).
Then, the following theorem holds.

Theorem 9. When the weight matrix G is chosen to be I, we
have the following relations

Ja[(Ag,p ® )T, (i/\e,p ® )((I1D))i=1,2,3]

=54[(Ag,, ® O(I)ID), ( Aep ® V(1) {I1))i=1,2,3, 1) (@]

4] +4j—1
_ 9(1— (Zj+12 G P)

“8GTA—pr G



In particular, for p = 0, we have

J4[(Ag o ® )N, ( A00®0)(|1><1|))1 123]

=J1[(Ag,0 ® I(I){I]), ( A90®L)(|I)(I|))l 1,23]

=5,[(Ag o ® I, (
2
8j(j+1)

Ae 0 @)U =123, 12) (@[]

(52)

The paper [38] studied a similar problem in the n-copy
setting of the estimation of SU(D). It maximized the trace
of SLD Fisher information matrix by varying the input state.
This maximization is a different problem from our problem.

Proof. First, we show (51). Due to the symmetry, it is suf-
ficient to show the case with 6 = 0. Then, Ty = (1 —
P)I®)(@]+ PP s and Fry = (1—p)licr,;, [#) (&[], where
Pmixas is the completely mixed state on H,5. Since

[0 [2)(#{] o [8) (8] = 2 [0, |%) (2]

1
(o), 1) (@[]0 Pmixas = m[fﬁ,j, |®) (@],
) 42 +4j—1
using 3(1 — p) + (21%)21’ = 1- 2](;;—+11)2p, we have
L = c,;lioy;,|®) (@] with c,; = Mz—jﬂ Since
27 20j+1)2

<¢|O.l’,jo.l,j|<b> = @51’1/ and <(I>|O'l/’1|¢> = O, the SLD

Fisher information matrix in this model is
TrL, Ly Ty = Trc [10'”, |®)(®|][ioy ;

2j(j+1)
3

O1|®) (@

2j+1)

@) (@[]Ty

=2 Tr(oy ;@) (@loy; + 51,1®) (@) Ty

2j(j+1)
2 7
—cp)jTr((l D) 3
p
+—
(2j+1)2

LI

(o118} (@l + 51012) (@)

- 2j(j+1 2
where &, ; = c}f} AU (1 —p) + (Zj%)Z)' Thus, the SLD
Fisher information matrlx is ¢, ;1. Hence, the SLD bound

S, is Trc 11 = 3/¢, ;. Since we have

6= (g 2 - U
3~ 3@re P (2j+1)
__40-p)* 2jG+1) _ 8j(G+1)(A—p)*
1-EaEe 3 30—

Hence, we obtain the second equation in (51).
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Then, Li = %[ial)j, |®)(®|]. Since

lioy, @) {(@l]|®)(2llioy , |2){(2]] = 0y ;|®){®lOY ),
(53)
[iol,j;|q>>(q)|]pmix,AB[io-l’,j:|‘I>><CI)|]

1 2j(j+1)

=(2jT)2(Uz,j|‘1’>(q’|01/,j + 5,12)(@)),

we have

3
7 l l
WSLD(TN’ L*) = Z L* TNL*
=1

3
C .
=12 25 (a-po le)elon,
> =1
P
+ R S
(2j+1)
‘p.j 2(
—(2e(a-p+
A @-HP

3p  2j(j+1)
(2j+1)2 3 |¢>(¢|)'

(o ko) elo, + ZL D o) o))

)(Zaum ooy ;)

Since Z?zl 0121. is a Casimir operator, it is 2j(j +1)I on H;.
Thus,

3 3
Try Y 0yl®)(@loy; =Try Y 07 |8)(@
=1 =1

2j(i+1),

=Trz2j(j +1)|®)(®| = .
152j(j )|®)(®] 2j+1 A

Since Trg|®)(®| = 5= 1,, we have

2)+1

TrgWerp(Ty, E*)

Cp i 2j(j+1
=2y(a-p+ 2 BT D
Cp,j ( ]+ ) ]+
3p  2jG+1) 1 )I

(2j+1)2 3  2j+1

Cp.j 2( 2p 2j(j+1))
=(=—=)>(1—-p+ I,
(Ep,j) 1-p (2j+1)2) 2j+1 )4

Thus, We;p(Ty, L,) belongs to K. Theorem 5 guarantees the
first equation of (51).
Next, with p = 0, we show

$1[(Ag 0 @ DID, ( 1060 ® OUDID)i= 23, 12)(21]

—54[(A90®L)(|I)(1|)( 51000 @ OUININ) = 2,3, 12)(2].

(54)

Then, Ty = ) (8] and Fi; = (icn,)|#) (2] + &) (al(ic, '
Since (cbl(ial,j)f(ial,,j)lé) = W6 1, the vectors
((io1,j)I®))1=1,2,3 are orthogonal. Thus, Theorem 3 of [39]



guarantees that the SLD bound is attainable, i.e., (54).
Since 5'1 > J; = J,, the combination of (51) and (54) im-
plies the first and second equations in (52). The third equa-
tion in (52) follows from (51). O

VI. APPLICATION TO FIELD SENSING
A. Model for field sensing

The canonical example that is widely considered in quan-
tum metrology is ‘field sensing’, where a classical field in-
teracts with an ensemble of qubits. When a 3D classical
field interacts identically with n qubits, we can write the
interaction Hamiltonian as

He = 91E1 + 92E2 + 93E3
where 0 = (60, 0,,05) is a real vector that is proportional

to the 3D field that we wish to estimate, and E', E2, E® are
angular momentum operators defined on n-qubits, given by

(T(l) (ﬂ))
= —(T(l) +oot 7y,
(T(l) (ﬂ))
7, =10)(1] +]1){0|, T3 = |0){0| — |1)(1| are Pauli matrices

that apply the bit-flip and phase-flip on a qubit, 7, =it 75,
and 7 represents an n-qubit Pauli matrix that applies 7;
on the kth qubit, and identity operations everywhere else.

Amplitude damping operators A;, which model energy
loss, apply y|0)(1] on the jth qubit and the identity opera-
tor on other qubits. These operators arise because of a lin-
ear interaction between individual qubits and a Markovian
zero-temperature bath[40]. Namely,

A, =yI® @ |0) (1] @ 7).

1Y

The collective amplitude damping operator, also considered
n [33, Eq. (7)], models collective energy loss, specifi-
cally because of a collective linear interaction between all n
qubits and a Markovian zero-temperature bath, and is given
bYA Z] 14jr-

We model the evolution of an initial probe state using the
master equation

dp

where t denotes time, and the operator £, can be written
as a linear operator, which is

. T R -
£9,y(p) = _l(HQP _PHe) +AyPA;( - E(A;/Ayp + pA;/Ay)
(56)
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For a non-negative evolution time s, let g, denote the
solution to the master equation (55). In particular, we can
write

Bo =01 (Bo).

This means that we can write p, as the Taylor series
& 55 (Lo,,) (Bo)

~ ~ Y 0
Ps=pPot E B —

!
o k!

In our application, we set the evolution time as s = 1.
Hence, the channel that we consider in our channel esti-
mation problem is

[ee]

Ao, (p)=e"7(p)=p+ (57)

k=1

Using Ag ., we can calculate the corresponding Choi matrix
Ty, and its derivatives about the true paramater 6, are

0
Fi = g5 Torlo=o,

forj=1,2,3.

B. Numerical results

Here, we set the true parameter as 6, = (0,0,0) and the
number of qubits as n = 2, 3,4, 5. We investigate our chan-
nel estimation problem when y varies from 0 to 1. In our
calculations, we set the weight matrix G as the identity ma-
trix I.

We numerically evaluate the channel estimation preci-
sion bounds J, ,,J4 ,Js5 ;, Where

Jk,)/ = Jk[TQO,y: (Fl,yﬁ FZ,)/: F3,y)]'

The precision bounds J,,,J4,,Js5, are given by the op-
timal values of semidefinite programs with correspond-
ing optimal solutions given by Y,,,Y,,,Ys,, respec-
tively. Using the optimal solutions Y, ,,Y,,,Ys ., we cal-
culate the corresponding probe states on #, given by
Pa(Ya,), 0a(Yay), pa(Ys,,) respectively.

Let us denote |®) as the maximally entangled state on
the symmetric subspace, and consider the precision bounds
that correspond to using |®) as the input probe state for the
channel estimation problem. These precision bounds are

som —sk[Aeo ,®1c(12) (@]),

( o
a0 f
We also numerically evaluate Szy;n,Siy;n ,S;f’;n . When we

have no access to an ancillary system ., we may consider
using the 3D-GHZ state [41]

1 .
Dm0 1O+ H)O" +

y &t <I>¢I>| ]
ol I)e o) i-123

|_)®n+|+i>®n+|_i>®n

N

|1/)3D GHZ) =

>
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Plots of multiparameter Cramér-Rao bounds against increasing levels of noise ()

4.5 Apn=2
4.0 Asn=2 e
=~ As,n=2 T
357 P,n=2 —mmmT T
3.0 Pa,n=2
""" P5,n=2
2.5 — J,n=2
Ja,n=2
2.0 — Jn=2
1.5
1.0
0.0 0.2 0.4 0.6 0.8 1.0
Y
1.8 25
16 Ay n=4 An=5
A4,n=5
20 ~—- As,n=5 /
————— P,n=5 o/
1.5 Ps,n=5 /

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

FIG. 4: We numerically calculate the CR-bounds for field sensing when 6, = 6, = 6; = 0 for fixed number of qubits
n=2,3,4,5. Here, Ji :=Ji, denote the CR-bounds using the optimal probe state with ancilla assistance. In contrast,

P, = Szy;n denote the CR-bounds using the maximally entangled probe state on the symmetric subspace. We also use
Ap = S,fl; for the CR-type bounds using the 3D-GHZ state that do not require ancilla resistance. The vertical axis

represents the CR-type lower bound on the sum of the variances of the field parameters 6,, 6, and 65, which corresponds
to a weight matrix G equal to the identity matrix. The horizontal axis denotes the amount of amplitude damping noise y.

Plots of multiparameter Cramér-Rao bounds against increasing number of qubits (n)

y=0.5 y=1
351 Ay
\,
N 4
3.0 < A,
X o A
2.5 \\ ----- P2 3
N Py
2.0 \)
S Ps
15 N —
\ J2 2
10 T A
e —— )5
0.5 S 1
2 3 4 5 2 3 4 5
n n

FIG. 5: We represent the data in Figure 4 differently, plotting the CR-bounds for fixed values of y. The horizontal axis
denotes the number of qubits n in the field sensing problem.



where |+) = Y 5nq | i) = [0)+i]1)

5 , and N is the appro-
priate normalization factor. We denote the corresponding
precision bounds for using the 3D-GHZ state without ancil-

lary assistance as

d
S;‘:’,L; = Sk[Ag,(P3pGHZ)> ﬁAO,y(p?,DGHZ)lQ:QO]-
We also numerically calculate Sg’?, ,S 2’:; ,S3 3D
We numerically find that when y =0, we have

9

sym syrn sym __
Joo=Jao=Js0 =S50 =577 =S4 =TS
In fact, the analysis in Subsection VD 3 showed that the
same equality when the input state is limited to a state on
the symmetric subspace. Our numerical analysis suggests
that the support of the optimal input state is limited to the
symmetric subspace.

Furthermore, when we solve the semidefinite programs
corresponding to J, ., Jy ., Js5 ., we find that the correspond-
ing optimal solutions Y, ,,, Y ,,, Y5 . have corresponding den-
sity matrices pa(Ys,), Pa(Y4y), pa(Ys,) that are very close
to the completely mixed state.

When y > 0 we numerically find that

S>>, SP>SP>,, SP >8> s

(58)

In Figure 4, for different fixed values of n =2,3,4,5, we
plot the precision bounds S;”, Siy;" and Jy, on the vertical
axis and y € [0, 1] on the horizontal axies. In Figure 5, for
fixed y = 0.5 or y = 1, we plot the precision bounds Ay, Py
and J; on the vertical axis, and the number of qubits n on
the horizontal axis.

In this way, we confirm the suboptimality of the maxi-
mally entangled state by our numerical evaluation of p,(Y)
using the optimal solution Y for the conic programs J, .., J, ,
and Js, for y. In particular, while p,(Ys,), pa(Ys,), and
pa(Ys,,) are still a diagonal matrices when y > 0, they are
not completely mixed states. Hence, their purifications can-
not be the maximally entangled state. We can furthermore
see the suboptimality of the maximally entangled state be-
cause S "> T y fork=2,4,5when y > 0. Curiously, from
Figure 4 the maximally entangled state on the symmetric
subspace is nonetheless still quite close to optimal.

Motivating the above analysis, we prove the following
theorem. When the support of the input state is limited
to the symmetric subspace in the channel Ay, we denote
the obtained channel by A yr; Using this limitation for the

inputs, we define Te *and F)’™" in the same way.

Theorem 10. For y > 0, we have
J4[T (Fsym)] 1,23]
sym
<sk,

=s,[ A7 ®1c(2) (@D,

2 o
AT o) e )

(891 0=6,/ j= 123]
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Since  the relation  J,[Ty ,,(F;,)j=123] <
.]4[Tsym (F Sym) i=1,2,3] holds, the above theorem means that
the max1ma11y entangled state on the symmetric subspace
is not the optimal input state.

C. Methodology of numerical analysis

Now we use p’ = A} Y(p) to approximate Ag ,.(p) accord-

ing to the following procedure: Given any input state p, we
define

. (p) = min(100, min{;j : (£}, (p)/ Il < 1072}).
Then we define

m(p) pJ ()
~ . 0,
AOLD I

!
=
On the state p,c, we also define

m,(pac) M

A?,Y (pac) = i

j=0
We obtain approximations of Ty , with
T;Y = Azy((n + 1)|®)(®]).

We also obtain approximations of F;, F,, F5 according to the
formula

T —-TZ

~ (10-12,0,0),y (0,0,0),y
Ly = 1012 ’
P = T(E 10-12,0),y T(Nooo)y
2,y T 1012 ’
F~ — T(EOlO 12)y T(EOO)Y
3y 10-12

With the above, we approximate J, ,,J4 ., J5 , with
J]: ‘]k[ (ooo)ya(FN)) 123]
We also approximate P,, P,, P; with

sym,~ __ P~ I~

Sk’y _Sk,Y[T(OOO)/(n+1)y’(F /(n+1))] 123]

We approximate A ¢ 0)(03pguz) according to formula
Qo = A0y, (P3pGHzZ)

and approximate %Ag (P3pcuz)le=(0,0,0),; according to

N A(Nlo 12.0,0), Y(pBDGHZ) - A(NO,O,O)’Y (P3pcrz)

1 10-12 ?
N A(No 10-12.0), Y(pSDGHZ) - A(%O,Q)O),Y (P3pgrz)
Q= 1012 ?
~ A’(\(I) 0,10-12), )/(p3DGHZ) A(O 0,0), Y(pSDGHZ)

QB 10-12



SBD SBD SSD

This allows us to approximate S7 S Ss,

according to

SBD v = Sk[QO; (Q];QZ: QB)]

. . 3D, SYMA
In our numerical evaluations of S, ;o Sky;n iy " we eval-

uate the semidefinite programs according to MatLab code
given in Appendix D.

D. Proof of Theorem 10

Next, we consider 6 = (0,0,0), y > 0, and where we
fix the input probe state as the maximally entangled state
|®)(®|. In this case, after the channel acts on our in-
put probe state, we have the output state p, = (Ay, ®
tc)(|@)(®]). Letting F* := E* ® I, we define

Ly:= Ll[py’(i[py’Fl]’i[pyin]’i[pY’FB])]
Ly = Ly[p,.(ilp,.F'Lilp,. F*],ilp,, F*])].

Then, we have the following lemma.

Lemma 11.

Tr[LypyLy] —Tr[Lyp, Ly ]
_ —2in(n+2)

3 (1+n(n+2)/3)y2+0(r"). (59)

Since Tr[L,p, Ly]—Tr[L,p, L] is not equal to zero, this
proves that the SLD bound Ssym is not a tight bound. That
is, we obtain Theorem 10.

In the following, we show Lemma 11. For this aim, we
handle the symmetric subspace. The symmetric subspace
is described by using the Dicke basis {|D), ..., |D);)} where
the Dicke states

1
DR —(Ix1) ®
(1,0, )€{0,1}" (w)

X1+t x,=w

- ® |xn>)

are uniform superpositions of all computational states in
{|0),11)}®" of constant Hamming weight w with unit norm.
Then, the maximally entangled state |®) on the symmetric
eubspace has the form |®) = W Zu o|DI)®|Dy), and we
introduce two orthogonal vectors

) :=((In— A‘A ) ®I)|®)
_ _ T ATA n n
Vnrl & ZAYAY)lDU> ®ID,), (60)
1 1 S A n n
le) :=(A, ® Io)|®) = ﬁg,q,mu) ®|D"). (61

The vectors |¢) and |e) are orthogonal because of the
following reason. First, according to (C7), when u =

L...,n, AID") = y/(n—u+1)ulD" ), and when u =
0, A/D}) = 0, and hence A/|D}) = aq,|D; ;) for
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some real number a,. Second, according to (C7) (I, —
%AN';AY)lDL’:) = b,|D") for some real number b,. Hence
(ple) = =5 >0 a,b,(D™ ,|D"). Since |D") and |D" )
are pairwise orthogonal for u = 1,...,n, it follows that
(¢|e) =0, and hence |¢) and |e) are orthogonal.

It is easy to see that

=(¢l¢) = Z(l —r*(n—w+ Dw/2)*
=1- gn(n+2)+0(y4), (62)
2
Ay i=(ele) = = %n(n+2). (63)
Using |¢,) :=|$)/+/A; and |¢,) := |€)/ /A5, e define

6, := ) (Pl +le){el = A1|p1) (1] + A2l P2) {(Pal.  (64)

Hence, the two largest eigenvalues of p, are Al and A,,

which are given by 1 — —n(n +2)+0(y*) and % n(n +2)
respectively. Using these, we define two quantltles

2
=1— —n(n +2)+ 01", (65)

f(1,2): )L—7L2
g:=f(1,2)>—1.

Then, we have

2
g= —W +o(r"). (66)

Introducing two operators

Z‘l = Ll[ﬁy: (l[p_y:F
I_‘Z = Lz[ﬁy: (i[ﬁy,F

F2),ilp,, F°])]
F?Lilp,, F*])],

1ilby,
1ilpy
we have the following two lemmas.

Lemma 12. Let u,v =1,2,3. We have

Tr(L,p, L, )_—42 $IF“161) (¢1IF”I¢1)
=1

+4gAy(P1[F"[¢2) (P2|F” 1)
+ 481 (P2 |F"|1)(D1]F" [ ¢2)

2
+4> " Al FYFY ). 67)

=1

Lemma 13. Let u:=n(n+2)/12. Then

(pIF'le) = uy +0O(r?), (68)
(PIF?|e) = iuy +O(r?), (69)
(PIF3|¢p) = uy?, (70)
(elF%le) = uy* +0(y"). (71)



Lemma 12 is shown in Appendix C3, and Lemma 13 is
shown in Appendix C 4.
Using (67) with (u,v) = (1,2), we find that

Tr[ilf)),f:z] - Tl’[izf_’yil]

Lag s (011F 16:)alF?1$1) + 4821 (B2l F 161 ($11F 52)

—4g22(¢1|F2|¢2)(¢'2|F1|¢1) _4g7‘1(¢2|F2|¢1><¢1|F1|¢2>

2 2
+4;xl<¢z|F2F1|¢>z>—4;Az<¢z|F1F2|¢z>

@4812@’1|F1|¢2>(¢2|F2|¢1> +4g A1 (@2l F 1) (P11F?( )

—4gkz(¢1|F2|¢2)(¢2|F1|¢1) _48A1<¢2|F2|¢1)<¢1|F1|¢2)

—4i(A1 (1 1F°1p1) + Ao (2] F°15))

©8g (A (d11F ) (3 lF2101) + A1 (blF 11) (91 [F21 b))

—4i(A1(P11E>|d1) + Ao (P2l E3[ ). (72)

In (a) we use <¢1|F2|¢1) = 0 and (¢2|F2|¢2> =0

so that the first summation in (67) vanishes. In (b)

we use (¢;|(F?F' — F'F?)|¢;) = —i(¢;|F?|¢;). In

(c) we use the following.  First i(¢,|F?|¢p,) € R

implies that (¢,|F2|¢p,) = —(¢,|F?|¢p;).  Second,

(¢11F'¢p,) € R implies that (¢,|F'|p,) = ($o|F|y).
(

Hence (¢2|F1|¢1>(¢1 |F2|¢2> _<¢1|F1|¢2>(¢2|F2|¢1):
which  implies  that SIFY ) (1 |F2|py)  —

(¢1|F1|¢2)<¢2|F2|¢1) = 2<¢2|F1 |¢1)<¢1|F2|¢2>, which
implies (c).
Then, we have

Tr[i1/5y]:2] - Tr[izﬁyf'l]

Dsg((pIF e (elF21p) /A + (el d) ($IF€)/Ay)

—4i(($|F%|¢) + (e|F?|€))

sg(—in2y +0() +8g((iu2r? + 0(r)/(2ur)
—4i(2uy* +0(y")

Daiug —8iuy? +0(r*)

D (—32ip? —8ip)yy2 +0(r*)

© ..
= —8i(4u® + w)y: +o(r")

(HH—2in(n+2)
B 3

In (a), we use |¢) = [$1)/v/A1,le) = |¢2)// 2y, and

(72). In (b), we use Lemma 13, and the fact that A; =
(pld), A, = (ele) with (62) and (63). In (c), we collect
terms of leading order in y. In (d), we use (66), namely,
g = —8uy? + 0(y*). In (e), we substitute the value of
u=n(n+2)/12.

In Appendix C5, we prove the following lemma.

(1 +n(n+2)/3)y2+0(y"h. (73)

Lemma 14. Let u,v =1,2,3. Then
Tr[L,0,L, 1= Tr[L,p,L,]1=0(r%.

Then from (73) and Lemma 14, we can get Lemma 11.

(74

18
VII. DISCUSSIONS

We have shown that the channel estimation problems
that correspond to S; admit corresponding conic optimiza-
tions J; that allow us to find the corresponding Cramér-Rao

boundjfor the optimal entangled state. We illustrate the
power of our framework with theoretical analysis on the
scenario when the maximally entangled state is the optimal
probe state, and also with numerical analysis for the often
studied field sensing problem using quantum probe states.

We believe that the theory we develop here has applica-
tions that extend beyond the problem of field sensing using
probe states. In fact, any problem where we estimate mul-
tiple incompatible parameters embedded within a quantum
channel using entangled probe states stands to benefit from
our theory. This encompasses many applications beyond
that of quantum field sensing, such as in quantum imaging
[31].

In a recent paper [42], it was shown that field sensing
using quantum probe states in the face of a linear rate of
errors can approach the Heisenberg limit if we use quan-
tum error correction on appropriate permutation-invariant
codes [43, 44]. However, the corresponding question of
what can be done in the setting of using entangled probe
states was not considered, and remains an interesting open
problem.

Next we like to discuss the efficiency of evaluating the
various bounds J;. When j =2,...,5, the optimizations for
J; are efficiently solvable by SDPs. When j = 1, although
the conic programing S; cannot be considered as a SDB it
can be approximately calculated with SDP by employing
the concept of symmetric extension. Originally, symmetric
extension was introduced to considering the membership
problem for the separability [45, 46]. We consider the sys-

tems C4*1®" @ #, C9*! ® 14®" and define

S!i={X € B(CH®", #)|Tr;: X = Try X, X > 0}
Sl i={X € B(C!, }®)|Tr;.X = Tr;X,X > 0},

where Tr;. expresses the partial trace except for the j-th sys-

®n . e s
tem on C4*1™" or #®". The minimizer X, of S; has a sym-

metric extension X, , that belongs to S; and 5}1 and satisfies
TryX, , = X,. Due to the condition Tr;.X, , = X, € 51, we
have the following lower bounds of S;:

S1,= miSn{Tr(G ® p)TrX|Try. satisfies (4), (5).} (75)
? XeS}

Sl,n = mi_

{Tr(G ® p)TrX|Tr;. satisfies (4), (5).} (76)
Xes!

The above quantities can be calculated by SDP. Since an el-
ement X of S! or S! satisfies Tr; . X € S, we have

S128101 281,255 128,41 28,=S,.
Also, [46] showed that for any non-separable state p,

there exists an integer n such that p does not belong to
S1,- The speed of the convergence is studied in [47, 48].



Therefore, we have
S;=1lim S;, = lim S, ..
1 n 1,n n 1,n

In addition, this discussion can be applied to the approxi-
mate calculation of J; by SDP

As an application of our theory, we considered the canon-
ical problem of field sensing. We expect that our theory can
lend insight to many other problems that can be phrased
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naturally in the channel estimation framework, such as for
other applications in quantum imaging and sensing.
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Appendix A: Proofs of Lemmas 2, 3, and 4

1. Proof of Lemma 2

Using the conditions (26) and (27), for k = 1,2, 3,4, we can write

SilTra(T ® Ic)(Ip ® pac), (Tra(F; @ Ic)(Ig ® pac));]
Ipc = TrgX[0)(0] ® Ic }

Xxesk.

For k = 5, we have

SsLTra(T ® Ic)(Ip ® pac), (Tra(F; ® Ic)(Ig ® pac));]

%TT(IA @ X)(([0){(j'| +1j"){OD) ® F; ® I )(Igg ® pac) = 6 jv

Ipc = TrX|0)(0] ® Ipc

XeSp.

3T, ® X)((10) (' + i) (0D ® Fj®Ic)(Irg ® pac) =6y
Tr(I, @ X)((|1) G/l = i )i) ® T ® Ic)(Igg ® pac) =0
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For k =1,2,3,4, we have (25) as

min )Sk[TrA(T ® 1) ® p), (Try(F; ® Ic)(I5 ® p));]

PacES(HA®H
. . Igc = TrrX[0)(0| ® I¢
= min mnATr(GRT ®I,:)(Izz ® L,®X . .
prce o) Aot { ( oJirs @ Pac)Ia®X) | iy(r, @ x)((10)j7| + 1) (0D ® F; © e )(Iis @ pac) = 6
. ) Ipc = TrpX|0)(0] ® Ipc
= min min { Tr(G ® T)Tr-[(Irg ® I,®X . .
orce o) il { (G @ TTrclUrs ® Pac)Ia @ XOT| L1v((0) () + 1) (01) @ F)Trc[ (s ® pac) T2 @ X)] = 6,
(A1)
@ . . TrrTre[(Irg © pac)Ia ® X)](10)(0] ® Inp) = (Trcpac) ® I
> min min 3 Tr(G @ T)Tr.[(Irg ® I,®X . .
PacES(HA®H ) XeSE, { ( Mrcl (ks ® pac)s )] %Tr((IO) J'1+1ione Fj)TrC[(IRB ® Pac)4 ®X)] = 51‘,]"
(A2)
QI e
> min {TrY G ® T|(i), (ii) hold} = J,. (A3)

vesk,
Here, step (a) is shown as follows. The condition Iz, = TrgX|0)(0| ® I implies the condition

TrrTrc[(Irg ® Pac)(In ® X)](10)(0] ® Inp) = Trrc[(Irg ® pac)(I4 ® X)(10)(0] ® Iypc)]
=Trc(Iz ® Pac)Trr[(In ® X)(10){0| ® Izc)]
=Trc(Iz ® pac)I4 ® Trg[X(10) (0] ® Ipc)]) = Tre(Up ® pac)Ia ® Inc) = (Trepac) ® Ip.

Hence, a pair (p4¢,X) in (A1) satisfies the condition in (A2). Thus, for a pair (p 4, X) in (A1), we have Tr(G® T)Tr[(Izs ®
Pac)I, ®X)] = (A2), which implies (a).
Step (b) is shown as follows. For a pair (p,c,X) in (A2), we choose Y to be Tr:[(Igg ® pac)(I, ® X)]. Since

TrrTre[(Irg ® pac)(I4 ® X)](10){(0] ® Iyp) = (Trcpac) ® I, (A4)

pa(Y) is calculated to be Tr;p 4. Then, the condition (A4) implies the condition (i). The condition %Tr((IO) G'I+17){0)®
F)Tre[(Irg ® pac)(I4 ® X)] = 0; j, implies the condition (ii). Also, we have Tr(G ® T)Tr¢[(Irg ® pac)(I4 ® X)] = (A3).
The remaining issue is to show Y € Sg 4 for k =1,2,3,4. For k = 4, it is sufficient to show Y > 0 and Y € BXBC. Since
X € By, and X > 0, we have 4/Izz ® ppc(In ® X)4/Irg ® poc = 0 belongs to B),.. Taking the trace on C, we obtain
Y>0andY € BXBC. For other cases, we need to show additional conditions. For k = 1, we need to show that Y > 0
has a separable form with the bipartition R and AB. Since 4/Izz ® pac(I4 ® X)4/Ipg ® pac has a separable form with the
bipartition R and ABC, Y satisfies this condition. For k = 2, we need to show that Y € B,z. Since X € Bg. implies
VIrg ® Pac(Iy ® X)4/Ipg ® pac € Bagc, Y satisfies this condition. For k = 3, we need to show the following. When we

apply the partial transpose on the system R to Y, it is positive semi-definite. Since y/Izg ® pac(I4 ® X)+/Igg ® pac satisfies
this property, Y satisfies this condition. Therefore, we obtain (b).
For k = 5, we have (25) as

min  Ss[Tr,(T ® Ic)(I5 ® p), (Tra(F; ® Ic)(I5 ® p));]
PacES(HA®H )

Ich = TrpX|0) (0] ® I¢
= min min | Tr(G® T ® I¢)(Igp ® Pac)(In ® X) | 3Tr(I, ®X)((10)(j'| + [J')(0) ® F; ® I )(Ipg ® pac) =6 ;
PacESHASHIXES Te(L, ® X)((11) (' = 1)) ® T ® Ic) (I ® pac) =0
Ich = TrpX|0)(0| ® I¢
= SInin min | Tr(G ® T)Trc[(Irg ® pac)(I4 ® X)] s Tr((10) (' +17°){(01) ® F)Tre[(Irg ® pac)Ia ®X)] =6, ;s
PacESHASHIX <S5 Te((12) (| = 1) (i) ® T)Trc[(Ups ® pac)la ®X)] =0
(A5)
@ TrpTro[(Ing ® pac)(Iy ® X)1(10)(0] ® Iy) = (TrcpsC) ® Iy

> SInin mi141 Tr(G ® T)Tre[(Irg ® pac)(Ia ® X)] %Tr((lO) (71 +1i 0D ® F))Trc[(Igg ® pac) T4 ®X)]1 =6, 5
PacESHAOHC) XS Te((1i) (5’| — 15/)(i]) ® T)Tre[(Irs ® pac)I4 ®X)]1 =0

(b)
> min ){TrYG ® T|(i), (ii) hold} = Js. (A6)

Yes;, (T

Here, steps (a) and (b) can be shown in the same way as (A3).
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2. Proof of Lemma 4

Since the proof of Lemma 4 is easier than the proof of Lemma 3, we show Lemma 4 here. For k =1,2,3,4, given Y € Sg "
satisfying the conditions (i), (ii) and € > 0, we define YE’ IS Sg 4 as

Y/ := (VI—e€l0)(0] + vVI—e (g —10){0))) ® L)Y (VI—e€l0)(0] + vVI—e (Ig—10){0])) ® Lys). (A7)
Then, we define Y, € Sg 4, as
Y, i= Y’ + <[0)(0] ® L.
€ dA

Here, we relax the condition (i) as follows.
(i”): There exists a positive semi-definite operator p,(Y) on #, such that the relation
TrrY (10){0] ® In5) = Iy ® pa(Y) (A8)
holds as operators on H, ® Hg. Here, we drop the condition Trp,(Y) = 1.

Since Y/ and %|o) (0|®1p satisfy the condition (i”), Y, also satisfies the condition (i”). We can define p,(Y/), p A(%|o) (0|®
I;p), and pA(Y,). Since we have p,(Y.) = (1—€)p,(Y) and pA(;—AIO)(0|®IAB) = dlAIA, we have p,(Y,) = (1—€)pA(Y)+ %IA >
0.

Also, due to the definition (A7), for j > 0, |0){j| component of ¥ and |j){0| component of Y/ are the same as |0)(j|
component of Y and |j)(0| component of Y, respectively. Thus, |0)(j| component of Y, and |j)(0| component of Y, are the
same as |0)(j| component of Y and |j){0| component of Y, respectively.

Therefore, Y, satisfies (i), (ii) and, p,(Y.) > 0. Also, we have lim,_,, TrY,(G ® T) = TrY (G ® T). Therefore, we obtain
(32).

For k =5, in the same way as (32), we can show (33).

3. Proof of Lemma 3

For k = 1,2,3,4, we choose Y € SEA satisfying the conditions (i), (ii), and p, := p4(Y) > 0. We diagonalize p, as
Z?Azl sjl¢;){(¢;|. Hence, we have s; > 0.

We choose a CONS (complete orthonormal system) {v;} of H.. We define a unitary map U : ¢; — 1, from H, to

Hc. We define the matrix pgl/ 2= Zd*‘ sV o) i){¢;l. In a way similar to the discussion after (A4), we can show that

j=1%j
X = (UQZ)IRB)(p;l/2 QZ)IRB)Y(p;l/2 ® Ing)(UT ® Ip) belongs to Sgc for k =1,2,3,4. Notice that both sides in this definition

act on Hp ® Hy ® H, because U maps H, to H.
We choose p, as the pure state Z?A: 1VS; |¢;,%;), which is a purification of p,.
Then,

TrpX (10)(0] ® In¢) = Trg(U ® Igg) (0 /> ® Igp) Y (0> @ I )(U' ® Is)[0) (0] ® I

=(U®I)(p; "> ® I;)TrR[Y]0) (0] ® Iy, 1(0, /> ® Ip) (U ® I;;)

=UeIz)p, * @) ® palp, > 1)U ® I)

=(U®IB)IBA(UT®IB)=IBC' (Ag)
For a matrix Z on H,, we have
TrelpacUa® Wpy 2 Z(p; PUN] = 2. (A10)
This can be shown as follows.
TrelpacUa® (Up; 2 Z(p; 2UM))
da da da da
=Tre| D Vsilon i) X, Velow rl(1a® (D557 1)) 6512 D55 e 951) )|
i=1 =1 = i

d; dy
=216, > 18)(951) = 2. (A11)
j=1 j'=1
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We write the matrix Y as Zj,j,,b’b, 7,b)(j’, b'| ® Y; }, js 1y by using matrices Y ; ,» on H,. Here, {|b)} is a CONS of ;.
Applying (A10) to the matrix components Y; ;. ;,, we have

Tre[(Irg ® pac)(Ix ® X)]
D11 [(Unp ® pac) (14 ® (U S Ing) (05" @ L)Y (02 © Iy (U © )]
=Trc[(Irs ® pac)(1a ® (U@ Ing) (0, @ Ing)( D 17, b)Y, b1 @) 505005 @ Ing)(UT © I)))]

j»j’sb,b’
. . —1/2 —1/27 %
= Z 1, b) (', b/l ® Tre[ pac (I ® (Up, / YibjbPa / u')]
J,j’,b,b’
) s
= Z 5, D)(J, b1 ®Y; 1y =, (A12)
J,j’,b,b’

where (a) follows from the definition of X, and (b) follows from (A10).
Thus, we have

(@)

STHO) | + 1901 ® F)Trc[(Ias © pac) 1y ©X)] @ @

1
5Tr((|0><j’| +iYON®F)Y =6, (A13)

where (a) follows from (A12), and (b) follows from the fact that Y satisfies the condition (ii).

Therefore, the relations (A9), (A12), and (A13) guarantee that X € Sgc satisfies the conditions (26), (27), and (30),
respectively. Thus, for k = 1,2, 3,4, we have

TrY(G® T)
@ . . TrrX (10){0] ® Ipc) = Ipc
> min min { Tr(G ® T)Tr-|[(Izg ® I,®X . .
pAcesmAwC)XesgC{ (G ® TTrllirs © Pac)la ® X)) 11y((j0) (5] + 1)(0) ® F, @ I)Trcl(Ins © pac)(Ta ® X)] = 5
b .
D min ST @ 1)U ® p), (Tra(F; @ I (I ® p)); ], (A14)

PacES(HA®H )

where (a) follows from the fact that X € Sgc satisfies the conditions (26), (27), and (30), and (b) follows from (Al).
Therefore, we obtain (28).

For k =5, we choose Y € Sg ,(T) satisfying the conditions (i), (ii) and p4(Y) > 0. We choose p and X in the same way

as the above. Since Y € Sg ,(T) satisfies the conditions (i), (ii), the relations (A9), (A13) hold. Since Y € Sg (T), in the
same way as (A13), we have

Te((I1) (7’1 = ") (i) ® T ® Ic)Tre[(Irp ® pac)a ® X)] = Tr((|)(j'| — i) (i) ® T)Y = 0. (A15)

Therefore, the relations (A9), (A12), (A13), and (A15) guarantee that X € Sgc satisfies the conditions (26), (27), (31),
and (30), respectively. Thus, we have

TrY(G® T)

@ TrpX (10)(0] ® Ipc) = Ipc

= eé{l;[nepﬂ ) mi{} Tr(G ® T)Trc[(Ipg ® pac)(y ®X)] %Tr((lO) (J'1+ 170N @ F; ® Ic)Tre[(Irg ® pac)(Ia®X)] =6, ;
PacEONTAB I XEEp Tr((11) (Gl = 177)(i) ® T)Trc[(Irg ® pac)a ®X)] = 0.

Q)

= min  S[Tr(T ®I-)(Iz ® p),(Try(F;: ® I-)(I5 ® p)):],
PacES(H OH) LT )z ® p), (Tra(F; ® Ic)(I5 © p));]

where (a) follows from the fact that X € Sf;c satisfies the conditions (26), (27), (31), and (30), and (b) follows from (A5).
Therefore, we obtain (28).
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Appendix B: Proofs of Theorems 5 and 6

1. Proof of Theorem 5

We consider the dual problem for the conic programing (39) and (40). For (A, B, W) € R¥*? x T, (Haz)? X Toq(Hag), we
define

II(A, B, W)

d
=Go Ty~ 3 ANl +ON®Fy )+ V=T (o)l ~ i) (o) & 5, ~[0){0] e W.

1<i,j<d i=1
We have

J, = max {TrW +>A )H(A,B, w)> 0}.
(ABW)ERA X To, (H )2 X (Toq (Hap)NK) ‘=’

Here, the matrix A € R9*? corresponds to the condition (ii-N) in the primal problem. The matrices (B',...,B%) € T;,(#5)"

correspond to the condition X o € B;,(H45) for k = 1,...,d in the primal problem. This condition is rewritten as X ,1 0=
Xieo- ’

The condition (i’-N) is composed of (36), (37), and (38). We denote the variable corresponding to the condition (36)
withb € {1,...,dz—1}and b’ € {2,...,dz—1} with b > b’ by the matrix W}, ;,, on H,. We denote the variable corresponding
to the condition (37) with b € {1,...,dz — 1} by the Hermitian matrix W;. We denote the variable corresponding to the
condition (38) by the real number w. Then, we choose the Hermitian matrix W on H, ® Hy as

dz—1
W=D W,y ®b)(b|+ W), ®b)(bl+ > Wy @(b)(bl—[b+1)(b+1])+wl &[1)(1].
b>b’ b=1

The above Hermitian matrix on #, ® Hy belongs to the subset I, and any element of K can be written as the above form.
Thus, The matrix W € (7;,(H45) N K) corresponds to the condition (i’-N) in the primal problem.

On the other hand, we have

S4[TN’(Fj,N)j]

= max {TrW + ZAJ:
(ABW)ERD X Ty (Hap )% Too (Hap) =’

II(A,B,W) > 0}. (B1)

In S,, the condition for W is relaxed as W € (7T,,(H,5)NK) because the condition (-N) is changed to Trz[ Yy (|0){0|®145)] =
IAB .
Therefore, if and only if the maximizer (A,, B,, W,) in (B1) satisfies the condition W, € K, we have

Sal Ty, (Fin)j1=Js. (B2)

Lemma 15. (1) The minimization (41) is attained when Y]\i,’j =X" 1= L'LJ, where L? is defined to be I,5. (2) The maximiza-
tion (B1) is attained when A=A, :=—GJg}, B; =B, ; :=—Y1 31 (GJgL)[L, ;. Tyl and W is =W p(Ty, L,).

The combination of (B2) and Lemma 15 implies Theorem 5.



. . d
Proof. We diagonalize the matrx G as G; ; = Zj’:l gj'Vji.ivyj» Where v

'+ 1s an orthogonal matrix. Then, we have

H(A*’ E*, _WSLD(Z*))

d
= > Gyli)il®Ty— > Gy;(10)(il @ LITy +[i) 0| ® TyL)) + > Gy i) {jl ® LiTyL!

1<i,j<d j=1 1<i,j<d

d
= > Gyli)(jle Ty— > G (10)(jl @ LTy +1){0| @ TyL) + > Gyli)(jl® LiTyL]

1<i,j<d j=1 1<i,j<d
= 7 G,,((10)(01® L = [1)(0] ® 15 )10} (0] © Ty) (10} (0] @ LI ~ 1)(0] @ L5 )

1<i,j<d
=§gj(§v, (CICEIRITEYM) () 0|®TN)(JZ;] v,(G0) 018 L~ 1) (0l @ 1,s))'
=>0.

Hence, the tuple (A,, B,,—Wq(L,)) belongs to the range of the maximization given in the RHS of (B1).
Since we have

TrX,II(A,, B,, —WSLD(Z ))

=] (10} 0l © 1 +Z ) 0le L )(10)01 ® Ly FI 0oL )

j’=1

> Gis(0N01® i —~10) (0] @ s )10} (0] ® Ty)( (10} 0l ® 11 [} (0] ® IAB)T]

1<i,j<d

d
= > Gy (1900018 1+ D107 @ LI )((10)0] © L —[1)(0] © L5 )(10)(0] © Ty)

1<i,j<d j'=1

(G001~ 11)(01® Ly ) (10)(0] @ L + 10 o1)]
=1

= > G,m{(0)0le L ~ o) ol @.: )(Io) (0] & T,)((l0) (0] @ 1 ~ 0) {0l @ 1! )’

1<i,j<d
:0,

we have

TH[X,(G ® Ty)] = TeWg (L) + Y A
=1

Since X, belongs to € S,, we have

BA>

8,[1®)(@]] = S,[ Ty, (Fjn);] = THX,(G ® T)] = TrWgp(L) + Y LA .
j=1

Therefore, we obtain both desired statements.

2. Proof of Theorem 6

25

(B3)

(B4)

We denote the set of d x d anti-symmetric matrices by Rix?. For (A,C,B,W) € R x RIX? x T, (H5)" X Toq(Hap), we

define

(A, C,B,W) :=II(A4, B, W) — V—1C ® Ty.
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Also, we have

Js = max {TrW+ZAj.|H(A, C,B,W)> 0}.
(A,CBW)ERD xRS x T,y (M5 ) (Tra (P )VK) =’

Here, the matrix A € R?*?, the matrices (B?,...,B?%) € T.,(Huz)?, and the matrix W € (7,,(#43) N K) have the same
meaning as in J,. The matrix C € Rﬁ;d corresponds to the condition (8) in the primal problem.
Also, we have

Ss[ T, (Fjn);]
- max {Trw + ZA’ﬁ|H(A, C,B,W)> 0}. (BS)
(ACBW )R xRS Ty (Hn ) X Toa(Han) =

Then, if and only if the maximizer (A,, C,,B,, W,) in (B5) satisfies the condition W, € K, we have
Ss[ Ty, (Fjn)i1=Js. (B6)

Lemma 16. (1) The minimization (42) is attained when X =X, :=T11(Z,) + (|ImV,| — (v—1ImV,) ® Ip.

@) (ZI—v-1 ijl ChZ1)o Ty is written as a linear sum of F;, y for i =1,...,d. That is, there exist real numbers Ai’i such

. d N . d v

that (Z{ —v=1255_, C/Z]) o Ty = 25 A, Firn-

(3) The maximization (B5) is attained when A = —A,, B ; =B
_WHN(TNJZ*)'

— d ;
= _‘/TT Zl’:l(A*);'[Z*,i’ TN]: C = C*: and W =

*,J

The combination of (B6) and Lemma 16 implies Theorem 6.

Proof. (1) is known. We write the maximizer in (B5) by (A, C,,B., W,), whose existence is guaranteed because of the
finiteness of the dimension. Then, we have

0=Tr(II(Z,) + (ImV,| — (vV—1ImV,) ® L;z)II(A., C,, B, W,)
=TrTI(Z,)I1(A,, C,, Bo, W,) + Tr(|Im V,| — (¥V—1Im V,)) ® I,z TI(A,, C., B,, W.,)
>Tr(|ImV,| — (vV=1ImV,)) ® Lz TI(A,, C., B,, W,) > 0.
Hence, we have
0 =Tr(|Im V,| — (v—1ImV,)) ® I;5I1(A,, C,, B, W,)
=Tr(JImV,| — (vV=1ImV,)) ® Lz (I — V—1C,) ® Ty = Tr(|Im V,| — (v—1Im V,))(Izx — V—1C,)
=Tr|[ImV,| — Tr(Im V,)C,.

Hence, we have C, = C,.
Therefore, we have

0 = TrII(Z)MI(A,, C,, B,, W,),
which implies
d d
0=TM(Z)M(A.,C,.B.,W.) = (O li) ® (z)")O (il ® Z)I(A,, C,, Bo, W,).
1=0 1=0
Hence, we have
d
0= (il® Z)N(A,,C,, B, W.,).
1=1

We choose the Hermitian matrix R; € H,p as Z?zlAJ* D; + v—1B, ;. Hence, R; + R;.r can be written as a linear sum of
D;,...,D,. Hence,

d
N(A,, C,.Bo, W)= Y (8% = V=1CM)[i)(jl ® Ty + D (0)(jl ®R; + j)(0] @R}) — [0} {0 ® W
1<i,j<d j=1
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nEz)= Y, lil

1<i,j<d
Hence,
d
=(> (e 2! )., c.. B, W.) ®7)
1=0
Z(é” V=1ch)(jl @ Zt TN+Z jl®R; +Z 0l ® Z/R))— (0] @ W,
i,j j=1
Thus,
d
R; ==Y (5" —V=1CM) @ 2T, (BS)
i=1
d
— Ip!
W, = ZZ*RJ (B9)
=

Thus, 2(R; +R!) = —Zle(éi’j —v/—1C) ® Z! o Ty can be written as a linear sum of Dy, ..., Dy.
—@ Zle(A*)§[Z*,i, Ty]. Combining (B8) and (B9), we obtain

(2) is shown. Hence, we have A= —A, and B; = B, ; :=
Wo = _WHN(TN’ Z*).

Appendix C: Calculations for the field sensing problem
1. Restriction to the symmetric subspace

Because our numerical calculation can be restricted to the
symmetric subspace, we calculate the projections of opera-
tors that we need to implement on the symmetric subspace.
We begin by considering the action of E*, E2, E® on the sym-
metric subspace.

Now let us denote IT™ := 3" _ |D")(D"|. We now show
the following lemma.

= %w/ (n—w)(w+1). Then

Lemma 17. Letr,

n
Y™ E3 ™ = Z (g —w) ID)(D;l, (C1)
w=0
n—1
mmE™ = >, (1D7)(D
w=0
n—1
MmE2I™ =, (—i|D2)(D], | + 1D
w=0

n DR D), (C2)

D). (C3)

w+1)<

Proof of Lemma 17. From [49, Lemma 6] we know that

(D7D =

(1),
(o 17"|pry = KM (1)K(0),

(o 17" |pry = K1(0)K"}(0),

Hence, the statement

O

where
=2 () )

is a Krawtchouk polynomial. Making substitutions for the
values of the Krawtchouk polynomials, we get

2w
(DplzIpp) =1—-=—,
n

vin—w)(w+1)

ey} _
<D:;+1|T1 |D1,rtl,> - n >
(0", [7O|pn) = i V(in—w)(w+1)
41 —.
n

Hence it follows that

(DLIE*|D)) = 7 —w, ()

(D:/+1|E1|Dl’}/) = % (n=w)(w+1), (C5)

(D", |E?|D) =é (n—w)(w+1). (C6)

Hence, the result follows. O

Next, we calculate the projections of A;,
metric subspace.

onto the sym-

Lemma 18. Forall j=1,...,

1 n—1
oA, I =y >/ (n—w)(w+DIDE)(DE, .
w=0

n, we have



Proof. Now consider [0)(1|@1®"" = (7" —it{")/2. Hence
from (C5) and (C6) we have

(D, l00) (1@ 1°" D)D) = 0.

Also since |1){0|® I®"! = (T(1)+1T(1))/2, we use (C5) and
(C6) to find that

vV (n—w)(w+1)/n.

Hence the result follows. O

(D, (1) (0l@ I*" H)IDy) =

Hence the projection of Ay onto the symmetric subspace
is given by

n—1
>V (—w)(w+ DIDEY(DE, . )
w=0

We use the projections of E', E, E* and A, on the symmetric
subspace in order to do our numerical calculations entirely
within the symmetric subspace.

2. SLD equation

As a preparation of our proofs of Lemmas 12 and 14,
here, we solve the SLD equation for a density matrix p that
need not have full rank. This appendix addresses a general
theory for SLD equations.

Lemma 19. Let p be a Hermitian matrix with spectral de-
composition p = Y, Arldi)(@rl, such that for all k, we have
Ak = Agyq. When Ay = 0 for all k > p, then we can write
When p = >0, Arl¢r) (@xl, and the solution L to

1
5(pL+Lp)=ipE—iEp. (C8)

is given by

L=2i ) f(k,D)($xlElgr) ) (@1l
k,l

where
f(k,1):=0, k,I>p,
flk,1):==1, k>p,l<p,
fk, l)'—l, l>p,k<p,
-
fk,1):= k,l<p
+A

28

Proof of Lemma 19. Note that

p
pL=2i > F e D{@elEldr) il i) (]
k=1 1

p b
Ay —
=2iZZ PR (¢k|E|¢l>lk|¢k)<¢z|

—2i > (@il El) Al i) (bul, (C9)
k=1 I>p
p
Lp =2iZZf(k,l)<¢k|E|¢l>|¢k><¢l|Al
.1;1 f’ A —
:2122 o

=1 k=1

¢k|E|¢z>|¢k)(¢zMz

p
2i (DrlElp) i) (Dil A

=1 k>p

We hence get
1
i(PL +Lp)

P p
=i ZZ(M — M) (PklElD) Akl di) (@
k

=11=1

—i > D (SlEID) Aildi) (]

k=1 I1>p

p
i D> (DelEldn) Al b (-

=1 k>p

Now,

p
iBp =i, > ¢ {$lElg el (C10)

k 1=1
p

iPE=1i > M) (dulEld)) (il

[ k=1

and hence

p
—iEp+ipE=—i) > d)($lEldr) (ilA

k =1

p
i, > Ml o) (DelElb) (il

I k=1

p_ p
=i > (= 2)(@elEldn) 1) (bl

k=11=1

(PrlElp)(eilA,  (C1D)

S

>p =1

p
+i Zakm (pelElr) (b1l
=1

p k

>

v

This proves the lemma. O



Next we give a lemma that evaluates Tr(L;pL;). We
prove this using Lemma 19.

Lemma 20. Let p = >, 4;|¢;)(¢;| where |¢;) are orthonor-
mal vectors and A; = O for all | > p. Furthermore let L; be the

solution to 5(pL;+L;p) = ipE/ —iE!p according to Lemma
19. Then

Tr(L,pL,)

14 p
=43 0 U D2 = 1) (e E ) (b1 ¥ b

k=1 =1

p
+4 > A (PIEE" ).
=1
Proof of Lemma 20. From Lemma 19, note that
Tr(L,pL,)
=—4Tr > £k, (x| E“l) | 1) (1]

kL

P
X D Adlba) (bl D F KUY DUIE 11} (bul-

a=1 kU
We can simplify this expression to

Tr(L,pL,)

p
=—4> > Af e, DF (LK) (el E“|¢r) (b E” b

k [=1

p
=43 S 0 F U DG E D) (911 16)

k 1=1

p D

=43 > f U6 DX pelE 1) (1 |EY I

k=1 I1=1

+4ZA ¢1|E"(Z |pi) (i DE"|Dr)

1= k>p

p
42 Mf U (Bl EX10) (0|7 | b
=1

+4

S ]

L I

_

p
AUDE (T = ) drkDE )

1 k=1

M“

l

)4 p
=4 > > M(F (k1 = 1)(SelE ) (b1 E” | i)
k=1

=1

+4 > A (Pi|EVE"|¢,).

M“

l

Il
-

3. Proof of Lemma 12

The goal of this section is to show Lemma 12, i.e., (67),
which expresses Tr[L,p,L,] in terms of the eigenvectors

29

and eigenvalues of p, and the operators E* and E". To
achieve this goal, we treat (67) as a special case of Lemma
20. Then, we substituting p for p,, and note that g, , has
two non-zero eigenvalues, so we can set p = 2. Then we
get

Tr(iuﬁyi )

(“)4ZZAl(f(k D2 = 1)([F*10) (1" |bs)

k=1 1=1

2
+4Z A bl F ) (C12)

(b)4(f(1 12— 12, (1 [F¥ 1) ($1]F"|b1)
+4(£(2,2)* = DAz (@2l F o) (P2l F¥ [ 95)
+48A1(Po|F¥|p1)(P1IF"|5)
+48A5(P1IF o) (¢2|F" 1)

2
+4 > M (DF F ) (C13)
=1
© 40, (:1F 1) (@1 [F”1$1)
— 405 (P2|F | $2) (Dol F|P2)
+4gA1 (P2l F|p1)(D1|F"|92)
+4gAy(P11F"[Po) (Da|F 1)

2
+4 > (Pl F F l¢y). (C14)

=1

where in (a) we use 5, = Aq|¢1)(P1] + A;3]¢5)(¢,] and
replace p with p,, L" with L%, and E’ with F/ in the
SLD equation 3(pL; + L;p) = ipE' —iE/p, in (b) we use
f(1,2)? = f(2,1)?> and g = f(1,2)> —1, in (c) we use
f(1,1)=f(2,2) = 0. Since we show (C14), (67) follows.



4. Proof of Lemma 13

Here, we prove Lemma 13. Note that

(¢|F'|e)

@ o1 — LAt VLA Ipn
=— <D (1= SAAE'A, ID;)
“’)LZHI(D"KI 1 A)DE'y/(n—u+yulD" |
n+1u 2

© 7

Loty 2Pl = G A A+ Dl

u=1

> pria- %z(n —u+1)u)(n—u+ 1u|D")

@_ 7
2(n+1) &

n

2
gz(ntr 1) uZu - Y—(n—u+ Du)(n—u+1u

Kny
12

In (a) we use the definition of |¢) and |e). In (b) we use
(C7). In (c) we use (C2). In (d) we use (C7). In (e) we use
the orthonormality of Dicke states. In (f) we perform the
summation over u.

We can similarly calculate (¢ |F?|e). Furthermore, using
the same ideas, we can calculate

(n+2)— 120(n+2)(n +2n+2).

(PIF°|) = (@|F°|®) — (@|E*(ATA® I)|®) + O(r")
=0—1y? Zn:(n—a +1a(n/2—a)+0(y"Y)
= yzn(n j-:;)/12+0(y4) (C15)
(elF?le) = Z(n a)(a+1)(n/2—a)

=v%n(n +2)/12.

5. Proof of Lemma 14

Here we prove Lemma 14. First, we consider the spectral
decomposition of p, given by

(n+1)?

p,= Zl PUAEWICE

where )L;. > A; +1- Recall that the spectral decomposition of

Py is given by
Py = Ald1) (D1l + A2l P2) (Dol

Eemma 21. For eigenvalues A1, Ay and A7, Ay,..., AL, we
ave

A=A =0(rY), A,—2A,=0(",

Ai=0("), forallj=3, (C16)

30

and

%_1 =cy? +0(r"), (C17)
% —1=art o™, (C18)
8&;—182_1 =0(y"), forallk>3, (C19)
gé;—ig —1=0(*), forallk>3, (C20)

where ¢, = 2n(n +2)/3.

Proof. The relations (C16) follow from the Gersgorin circle
theorem [50],

The relation (C17) follows from (66). Now, we have

Q=M _(M_l)

(A5 + A1)? (Ag +29)2
@@ =2 (=27 (A=A (-2
_(1/4‘1/1)2 (A2 +21)2 (A + 2102 (A +Aq)2

QL= A, + A2 = (A + A1) 72)
+ ((Alz - 1/1)2 — (A=) Ag+ 1)

DA, — 10200 + (A — A% = (A — AP+ 0(r*))
(d)

=(1+o(r oy +o(rH(1+o(yM) =0(", (C21)

()

where in (a) we use a telescoping sum, in (b) we collect
terms in the telescoping sum, in (c) we use A; + A, = 1+
O(y*), A+, = 14+0(y*), which implies that (A, +2,) 2 =
1+0(r") and (1] +245) =1+0(y"), in (d) we use (A}, —
A1) = (Ay — 11)* + O(y*) because of (C16) and also A7, —
Ay =272 — 1+ 0(y"). Hence, from (C17) and (C21), we
have (C18).

Since A = 1—c,y*+0(y*) and A}, = O(y*) for all k > 3,
we have (C19). Since ), = ¢,y* +0(y*) and A, = O(y*)
for all k > 3, we have (C20). O

We prepare several lemmas.

Lemma 22. We have

Py— p_y = O(Y4)



Proof. We have

p, Lo, ®1e)(19) (@)
Dieto 10)(12) (@])

9 ><4>|+(A ® 1.)|9)(|(4, ® Ic)'

- E(A’;Ay ®10)|2)(®] — 5|<1>><<1>|(A;Ay ®1c)+0(r")

Do) (@] + (A, ®10)[2)(@|(A, ®1c)'

— G, o 10)1e) (8l - S10)(@I(lA, 0 1)

+1(A"”A 8 1)|8)(BI(ATA, ® 10) + 0(r*)

(i”|¢><¢| +le)(el+or L p, +0(rh),

(C22)
where the derivation of each step are given as follows. Step
(a) follows from the definition of p,. Step (b) follows from
(57). Step (c) follows from (56) and (57). Step (d) follows
from the fact that (A’;Ay ® IC)|<I>)(<I>|(A;AY ®1.) is O(y").
Step (e) follows from (60) and (61). Step (f) follows from
(64). O

Next, we have the perturbation bound for the eigenvec-
tors of p, .

Lemma 23.

1¢3)(e11—1p1) {1l = 0(r*)
130 (D51 = 1d2) (¢allly = O(?).

Proof. Step 1:  First, we show (C24). Let us use the fol-
lowing argument according to [51, Eq (7)]. Let A be a Her-
mitian matrix with nonzero eigenvalues a,...a, with cor-
responding eigenvectors vy, ..., V,, where a; > a; . Define
the gap of A as

(C23)
(C24)

W)= min a;—a;.,

.....

Let A+ E be a Hermitian matrix with eigenvalues u;, and
eigenvectors w;, where u; > u;.,. Thenforall j=1,...,r,
we have

lv;) =1

where || - ||, is the Hilbert-Schmidt norm. Now the smallest
non-zero eigenvalue of p, is cy? for some ¢ > 0 (see (63))
and Lemma 22, i.e., p, — 5, = O(y*). Hence,

wi)ll < 2v2||E|l,/g(A), (C25)

l$2) (ol — |¢£><¢;”|1 <
<|ll¢2) — @)l
<2v2|lp, — p,ll2/g(p,) = 0(y*/v*) = O(y?),

1—=1{¢5l@2)I?

which shows (C24).

31

Step 2:  Toward the proof of (C23), for simplicity in
notation, we define B :=A, ® I and

1. 1.
@) i= (I — EBTB + §BTBBTB)|<I>)

1

@) B— —BB*B ZB'BB)|®).
') = ( 2 2 )|®)

The vectors |¢®) and |e®) are orthogonal for the same
reason that |¢) and |€) are orthogonal. Let us define
P = 16P) (2] + D) (e?)]
The aim of this step is to show the equation
py=pP +0(°). (C26)

Since 8 = 0, we have
o 1
p, = ®)(2| +Zl (Lo @Y () @,
p
We note that
py = 2)(@1+ D = (Lo, ® 1Y (I2)(@) +0(r). (C27)
=27

Now
(Lo, ®c)(|®)(2])

=BB|®)(2|B'B' — _(BB'B|2)(8|B" + B|2)(2|B'BB")

1 1 1.
- EB*BB|<1>)(<I>|BT + ZrB‘fBB‘fB|<1>)(<1>| + ZB'B|<I>)<<I>|B*B

1 1 L1
- EB|<1>)(<1>|B*BTJE; + ZrB“fB|<I>)(<1>|B'B + Zl@)(@IBTBBTB

=l¢p@)(¢@] +1e@)(e®| = p?. (C28)

The combination of (C27) and (C28) implies (C26).
Step 3: Now, define
AP = (¢P19®)
AP = (e@]e@)

617 = 19 @)/ 2

[657) =1e®)/y/ 257,

The aim of this step is to show

116P) — 1)1l = 0(r™). (C29)

Now we have

/AP =21/ + 2P = 1y)
=1+ —2)/A) ™

@1 +oGHa+or))™

=1+o(y")™

=14+0(H™ (C30)



where in (a) we use (Agz)—ll) =0(y") and A, = 1+0(y?).

Since |¢;) = |¢)/+/A; where |¢) is defined in (60), we
see that
1.. .
Valdr) = (U~ 5A;Ay) ®1c)le)
Q18 1c— (A, @ 1) G, 1))
(b)

(Iac — EB 'B)|®), (C3D)

where (a) is because we distribute the tensor product, and

(b) is because I, ® Ic =I,c and B=A, ®I.
Now we can write

198?) = (

(@ — IR S
= (}‘(12)) V2 2ale1) + (A(lz)) 1/2§BWBBWB|<I>)

1 . 1 . .
A(lz))_l/z(IAc_EB'B"'§B'BB'B)|(I))

1. .
E 1+ 0(rNig1) +(1+0(r)5B'BE'Ble)
where in (a) we use (C31) which tells us that 1/ A;|¢;) =
(Ic — 3B'B)|®), and in (b) we use (C30) and (1(12))_1/2 =
1+ 0(y?). Hence

16) — 1)1l = loGrHI¢y) + (1 +0(y2)) B'BB'B|®)||
=0(r".
Step4: The aim of this step is to derive (C23) by using

(C26) and (C29).
First, we notice the spectral decomposition

(2) A(Z)|¢(2)> <¢§2)| + x(2)|¢(2)> <¢(2)

Since the smallest non-zero eigenvalue of p)(,z) =cy?+

O(y*) for some positive c, and (C26), we can use (C25) to
find that

o) — 191l < 2v2lIp, — 5P 2/ 2(pP)
=0(y®)/(cy*+0(y*)) = 0(y"). (C32)

Hence combining (C29) with (C32) with the triangle in-
equality gives

1) (P1l— 1) (@21l < 1) — D))
<l1¢?) = 1d)N+ e ) — 1)1l = O(r ).
O

Next, using Lemmas 20 and 22, and defining Q := F'F"—
F"FY, we prove the following lemma.

Lemma 24. Let u,v =1,2,3. Then we have
Tr(LupyL )_Tr(vayL )
/ /)2
=4 )\’
Z ((A’ + 7L’)2

1<k,l<p’
k#l

)<¢,;|Fu|¢z><¢;|m¢,;>

P
+4 > A(erlQlg)), (C33)
1=1

32

and
l($1lQlp7) — (#1lQld) < O(r"),  (C34)
[($51Qle5) — (P2lQlP,) < O(y?),  (C35)
P’ 2
4> 2(dIQle) —4 > A(dilQle) =0(r*).  (C36)

=1 =1
For (k,1) €{(1,2),(2,1)}, we have

el FUlo D (DIF 191) — (Pul FU1d0) (1| F¥ )] < O(r?).
(C37)
Proof. Now from Lemma 20 it follows that
Tr(L,p,L,)
—422%(@ :)2—1)<¢;|F“|¢;><¢;|FV|¢,L>
oo A
+4ZA’ IV FY 7). (C38)

where p’ is the number of non-zero eigenvalues of p,.. Then
from (C38), we get (C33) as

Tr(LupyLv) - Tr(vayLu)

A 2
=4 2, A’G,&; ,L,;Z )<¢;|F“|¢;><¢;|FV|¢;>

+4> A {@[I(FYF = FUF")|¢y).
=1

Lemma 23 implies (C34) and (C35) as

($11Ql¢1) — (11QlP:)I < Q- 1) (P41 — 1) (allly
=[lQllo(y*") =o(r*) (C39)
($51Qld5) — (d21QlP) < [IQIl - [l d5) (D3] — [d2) (@allly

=[lQllo(y*) = 0(y?).
From (C16) and it follows that

p’ 2
4ZA;<¢;|Q|¢;>—4ZA1<¢1|Q|¢>1>

“”47« <¢ Ql$]) — 47, (d11Ql¢1)
+ 4ZA2(¢{|Q|¢1’) —42,(921Ql¢>)

DaUr ($11Q1p1) — 42 ($11Ql 1)
+42,(B41Qlp}) — 425($21Qld2) + O(r*)

Dan (d11Qler) + 2,0(r") — 42, ($11Ql 1)
+425($,1Ql¢,) + AIZO(Y ) —4A,(9,IQl,)
(d)

=44 +0(rM)(¢11Q1¢1) + 0(r") — 42, (911Ql 1)
+4(A5 +0(r))(921Ql¢s) + 0(r*) — 42, (21Ql ¢,)



where in (a) we separate terms in the summation, in (b) we
use (C16) which means that A] = O(y*) when [ > 3, in (¢)
we use (C34) and (C35), in (d) we use (C16). Simplifying
the above, we find (C36)

Next note that for (k,1) € {(1,2),(2, 1)}, we have

(Dl FU 1) (D1IFY 1) — (@il F Iy) (D1 F¥ i)
=[Tr(F*1 ) ([ IF7191) (i) — Tr(F¥ |y ) (1| F¥ | i) (i D
=[Tr(F ¢ (D) IF” | ) (b D) — Tr(F |} (@[ IF¥ | dr) (Pl

+ITe(F| o)) (D[ IF” | ic) (icl) — Tr(F ) (b1 [F ¥ pr) (i)
©

=0(lllgi ) (D] — b} (rlll) + Ol ) (@)1 — 1) (illl1)

Dor2).

(@)

Q)]

where (a) follows by the cyclicity of the trace, (b) uses a
telescoping sum with the triangle inequality, (c) follows be-
cause

ITr(F 1)) ([ IF (i) (il — [ D) (@i
<IF“|p ) (b IF I Nby) (il — I i) (el
<IFMFN- M) bl — i) (illla,

and

(1)) (11— 1) (D1D(FY @) (D[ F*)]
<lllp Xl — D) (Dullly - IF[sc) (bicl Fl
<IFNIETN - M) (bl — @i (il

and (d) follows from Lemma 23. Hence, we obtain (C37).
O

Finally, using Lemmas 24 and 21, we derive (74). We can
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get

(Tr(LupyL ) - Tr(vayL )) - (Tr(z'upyi‘v) - Tr(z'vpyi‘u))

/ 2
D43 A’((“ ,,; )<¢;|F“|¢;><¢;|FV|¢,:>

1<k l<p

i —2) . ,
—41§<zxz(m—1)<¢kw |b0) (1] I
k£l
,
+4 > 2 (p]I(FF —

=1

—42% $|(FF —F'F")|¢)

F'F")|¢;)

®) (A=A L
=4 Z/ Gy L @re e 16
g
Ar—A
-4 2 %(% )<¢k|F“|¢z><¢z|FV|¢k>
1<Ii<ﬂ
+0(r")
© (k ')2
ISkk;éllSZ
A —2A)?
-4 2, Az(ﬁ—l)<¢k|F“|¢z><¢z|FV|¢k>
lﬁli;,éllSZ
(A, —A)? )
4> 7‘2(#_1 CASEACHIEEY
A T (g + A
l—;;lglz k l

(A, — A7)

" Az(—, ,

s (A +47)?
KAl

+0(rh)

@ Z ( —A)?
4 / /
1 (k +A )2
k;él

—414;2%1 (%—1) (SulF"191) (1" )
k#l
+4> 00 P IF 1)) (]IF|97)
k>2
k£l
+4 3 25002 pr | 195) (95 F 197) +0(rh), (C40)

k>2
kAL

_1) (Sl F 10 (B [IF" 1¢p)

)<¢,;|Fu|¢;><q>;|m¢;>

where (a) follows from (C33) and Lemma 12, (b) follows
from (C36) (c) follows from expanding the first summation,
and using 7% = 0(y*) for [ > 2 from (C16), (d) follows from
(C19) and (C20).



Hence we get

(TI‘(LquL ) - Tr(vay u)) - (Tr(iupyl-‘v) - Tr(ivpyl-‘u))

/ / 2
“‘)4KkZI<2 ( o A,; )<¢,1|F“|¢;><¢;|FV|¢,1>
kAl
2
43 (22 1) (kg 6P
k£l
+0(rY)
i S Nlear® + 0 NGLIE ) (S]1F"|9])
1<11<7éll<2
—4 > Aer? + O GrlF 1) (¢lF” i) + O(r)
1S11<;éllﬁ2
94 S Mlear?+ 0N (SLIF ) (#]1FI9})
1<Il;ll<2
—4 S Mlear® + OGN el F 1) (1] FV 1)
1S’Z;,éllﬁ2
+4 D0 Aear® + O @ IF9]) (¢7IF” 1y
1S]1(7’éll£2
—4 > Mer? + O Gl F I91) (¢lF” i) + O(r*)
1311(7,&1152
D ST arou+ S 0GRS 9] (B!IF |6))
1<k, <2 1<k,l<2
kAl kAl
Doy,

where (a) is because the last two summations in (C40) are
O()/“), (b) is because of (C18) and (C17), (c) is because of
a telescoping sum, (d) follows from collecting terms in the
telescoping sum, and using (C37) in the first pair of sum-
mations and (C16) in the second pair of summations and
collecting constants into the big-O notation, and (e) follows
from addition in the big-O notation. Hence, the result fol-
lows.

Appendix D: Semidefinite program formulation with CVX

Now, we will formulate the mathematical optimization
problems that correspond to J,, Js, Jy, J5 as semidefinite
programs to be used with the CVX package and provide the
corresponding MatLab code. These formulations allow us
to numerically evaluate the optimal values and solutions of
Jy, Js, Jy, Js.

For the numerical formulations, we consider probe states
of finite dimension d,, and quantum channels that map
finite dimensional probe states of dimension d, to states
of finite dimension dyz. Then, for these optimization pro-
grams that correspond to J,, J3, Jy, J5, the optimization
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variable is Y, which is a complex semidefinite matrix of size
(d +1)dgd,. Hence, in our MatLab script, we define the di-
mension of Y as

= (d+1)*dB*dA;

The matrix Y has support on the tensor product space R ®
Hgp ® Hy, and we like to interpret Y as a block matrix with
blocks Y;, where j,k = 0,...,d, and Y; are matrices on
Hp ® Ha.

The optimization programs J, take as input the size d
weight matrix G, the channel’s Choi matrix T, and the par-
tial derivatives of the Choi Matrix. It is also convenient to
specify the input and output dimensions of the quantum
channel. Hence we can write the first line of the optimiza-
tion programs J,, . ..,Js respectively as

function [opt_val, opt_Y]1=J2(G,T,DT,dA,dB)
opt_Y1=J3(G,T,DT,dA,dB)
opt_Y1=J4(G,T,DT,dA,dB)

opt_Y]=J5(G,T,DT,dA,dB).

function [opt_val,
function [opt_val,

function [opt_val,

Here, DT is a cell of derivatives of T, and we can access the
jth derivative of T using DT{j}. The channel’s Choi matrix
T is a matrix on the space Hz ® H,. Each of the functions
J2, J3, J4, and J5 will find the optimal value and optimal
solutions of the optimization problem that corresponds to
Ji, given by opt_val and opt_Y respectively.

We can access the submatrices Y, of Y using the follow-
ing Matlab function:

function Yjk = jk_blk(Y,j,k,d)
dT=size(Y,1)/d;

= j*dT+1;

j*dT+dT;

= k*kdT+1;

k*dT+dT;

rows=idx_row_start:idx_row_end

idx_row_start
idx_row_end =
idx_col_start

idx_col_end =

cols=idx_col_start:idx_col_end
Yjk = Y(rows,cols);

end

The objective function to be minimized is TrY (G ® T).
We can write this objective function in MatLab code by first
defining the variables

Gprime = [zeros(1l,d+1); zeros(d,1),G];
GT = kron(Gprime, T);

and minimizing trace (Y*GT).

The constraint that Y belongs to the cone B”, which cor-
responds to Y; , being Hermitian for all k = 0,...,d and



Y= Y.J"k forall j,k=0,...,d can be written as
> Js

for j=0:d
jk_blk(Y,j,0,d) == jk_blk(Y,j,0,d)’
for k=0:d
jk_blk(Y,j,k,d) == jk_blk(Y,k,j,d)’
end
end (D1)

Now we will use the variable vecb to represent the ma-
trix |0) ® |b) ® I,. We use IR=eye (d+1) to represent I,
zket_R= IR(:,1) to represent |0), IA=eye (dA) to rep-
resent I,, IB=eye(dB) to represent Iz, and IB(:,b) to
represent |b). Then the constraint for (i’) can be written as

for b = 1:dB
vecb=kron (kron(zket_R,IB(:,b)), IA);
for bp = 1:dB
vecbp=kron(kron(zket_R, IB(:,bp)), IA );
if b == bp

trace(vecb’*Y*xvecb) ==

else
vecbp’*Y*vecb == zeros(dA)
vecb’*Yxvecb == vecbp’*Y*vecbp
end
end
end (D2)

The constraint for (ii), which is the channel analogue of
the locally unbiased constraint, can be written as

for j = 1:d
for jp = 1:d
jp_ket_R = IR(:,jp+1);
zjp = zket_Rxjp_ket_R’;
it j == jp
0.5*trace(Yxkron(zjp + zjp’, DT{j}))==
else
0.5*trace(Y+kron(zjp + zjp’, DT{j}))==0
end
end
end (D3)

Now we will proceed to write Js as a semidefinite pro-
gram that can be run using the CVX package in MatLab. For
Js, the cone S3, requires the constraints Y > 0, TrY (|j) (il ®
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T)=0 and that Y € B”. Hence we can write J; as

cvx_begin sdp %J5
variable Y(dY,dY) complex semidefinite
minimize (trace (Y*GT))
subject to
Insert code for (D2)
Insert code for (D3)
Insert code for (D1)
for j = 1:d
j_ket_R = IR(:,j+1);
for jp = 1:d
jp_ket_R = IR(:,jp+1);
j_jp = j_ket_Rxjp_ket_R’;
imag(trace (Y*kron(j_jp,T)))==0
end
end

(D4)

cvx_end

For J,, we can write the optimization as

cvx_begin sdp %J4
variable Y(dY,dY) complex semidefinite
minimize (trace (Y*GT))
subject to

Insert code for (D2)

Insert code for (D3)

Insert code for (D1)

cvx_end

(D5)

For J;, we will need a positive partial transpose constraint
on Y. We can write the partial transpose of Y as Y_PT where

Y_PT = zeros((d+1)*dA*dB)
for j = 0:4d
idx_row_start = j*dT+1;
idx_row_end = j*dT+dT;
rows=idx_row_start:idx_row_end
for k = 0:d
idx_col_start = k*xdT+1;
idx_col_end = k*dT+dT;
cols=idx_col_start:idx_col_end
Y_PT(rows,cols)=jk_blk(Y,j,k,d);
end

end (D6)



and hence we can write J; as

cvx_begin sdp %J3
variable Y(dY,dY) complex semidefinite
minimize (trace (Y*GT))
subject to
Insert code for (D2)
Insert code for (D3)
Insert code for (D1)
Insert code for (D6)
Y_PT>=0

cvx_end

For J,, we need to optimize over the cone B instead of B”.
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The constraints for the cone B can be written as

for j=0:d
for k=0:d
jk_blk(Y,j,k,d) == jk_blk(Y,k,j,d)
jk_blk(Y,j,k,d) == jk_blk(Y,j,k,d)’
end
end (D7)

Hence we can write J, as

cvx_begin sdp %J2
variable Y(dY,dY) complex semidefinite
minimize (trace (Y*GT))
subject to

Insert code for (D2)

Insert code for (D3)

Insert code for (D7)

cvx_end

For the optimization problems that correspond to
Jy,...,Js, once we find the optimal Y*, the corresponding
optimal probe state p can be written as

P = Trgg[Y (10)(0] @ Lyy)1/dp- (D8)
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