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University of Wisconsin—-Madison

Matrix completion and quantum tomography are two unrelated research
areas with great current interest in many modern scientific studies. This pa-
per investigates the statistical relationship between trace regression in matrix
completion and quantum state tomography in quantum physics and quan-
tum information science. As quantum state tomography and trace regression
share the common goal of recovering an unknown matrix, it is nature to put
them in the Le Cam paradigm for statistical comparison. Regarding the two
types of matrix inference problems as two statistical experiments, we estab-
lish their asymptotic equivalence in terms of deficiency distance. The equiv-
alence study motivates us to introduce a new trace regression model. The
asymptotic equivalence provides a sound statistical foundation for applying
matrix completion methods to quantum state tomography. We investigate the
asymptotic equivalence for sparse density matrices and low rank density ma-
trices and demonstrate that sparsity and low rank are not necessarily helpful
for achieving the asymptotic equivalence of quantum state tomography and
trace regression. In particular, we show that popular Pauli measurements are
bad for establishing the asymptotic equivalence for sparse density matrices
and low rank density matrices.

1. Introduction. Compressed sensing and quantum tomography are two dis-
parate scientific fields. The fast developing field of compressed sensing provides
innovative data acquisition techniques and supplies efficient accurate reconstruc-
tion methods for recovering sparse signals and images from highly undersam-
pled observations [see Donoho (2006)]. Its wide range of applications include
signal processing, medical imaging and seismology. The problems to solve in
compressed sensing often involve large data sets with complex structures such
as data on many variables or features observed over a much smaller number of
subjects. As a result, the developed theory of compressed sensing can shed cru-
cial insights on high-dimensional statistics. Matrix completion, a current research
focus point in compressed sensing, is to reconstruct a low rank matrix based on
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under-sampled observations. Trace regression is often employed in noisy matrix
completion for low rank matrix estimation. Recently several methods were pro-
posed to estimate a low rank matrix by minimizing the squared residual sum plus
some penalty. The penalties used include nuclear-norm penalty [Candés and Plan
(2009, 2011), Koltchinskii, Lounici and Tsybakov (2011) and Negahban and Wain-
wright (2011)], rank penalty [Bunea, She and Wegkamp (2011) and Klopp (2011)],
the von Neumann entropy penalty [Koltchinskii (2011)], and the Schatten-p quasi-
norm penalty [Rohde and Tsybakov (2011)].

Contemporary scientific studies often rely on understanding and manipulating
quantum systems. Examples include quantum computation, quantum information
and quantum simulation [Nielsen and Chuang (2000) and Wang (2011, 2012)].
The studies particularly frontier research in quantum computation and quantum in-
formation stimulate great interest in and urgent demand on quantum tomography.
A quantum system is described by its state, and the state is often characterized by a
complex matrix on some Hilbert space. The matrix is called density matrix. A den-
sity matrix used to characterize a quantum state usually grows exponentially with
the size of the quantum system. For the study of a quantum system, it is important
but very difficult to know its state. If we do not know in advance the state of the
quantum system, we may deduce the quantum state by performing measurements
on the quantum system. In statistical terminology, we want to estimate the density
matrix based on measurements performed on a large number of quantum systems
which are identically prepared in the same quantum state. In the quantum litera-
ture, quantum state tomography refers to the reconstruction of the quantum state
based on measurements obtained from measuring identically prepared quantum
systems.

In this paper, we investigate statistical relationship between quantum state to-
mography and noisy matrix completion based on trace regression. Trace regression
is used to recover an unknown matrix from noisy observations on the trace of the
products of the unknown matrix and matrix input variables. Its connection with
quantum state tomography is through quantum probability on quantum measure-
ments. Consider a finite-dimensional quantum system with a density matrix. Ac-
cording to the theory of quantum physics, when we measure the quantum system
by performing measurements on observables which are Hermitian (or self-adjoint)
matrices, the measurement outcomes for each observable are real eigenvalues of
the observable, and the probability of observing a particular eigenvalue is equal
to the trace of the product of the density matrix and the projection matrix onto
the eigen-space corresponding to the eigenvalue, with the expected measurement
outcome equal to the trace of the product of the density matrix and the observable.
Taking advantage of the connection Gross et al. (2010) has applied matrix com-
pletion methods with nuclear norm penalization to quantum state tomography for
reconstructing low rank density matrices. As trace regression and quantum state
tomography share the common goal of recovering the same matrix parameter, we
naturally treat them as two statistical models in the Le Cam paradigm and study
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their asymptotic equivalence via Le Cam’s deficiency distance. Here equivalence
means that each statistical procedure for one model has a corresponding equal-
performance statistical procedure for another model. The equivalence study moti-
vates us to introduce a new fine scale trace regression model. We derive bounds
on the deficiency distances between trace regression and quantum state tomogra-
phy with summarized measurement data and between fine scale trace regression
and quantum state tomography with individual measurement data, and then under
suitable conditions we establish asymptotic equivalence of trace regression and
quantum state tomography for both cases. The established asymptotic equivalence
provides a sound statistical foundation for applying matrix completion procedures
to quantum state tomography under appropriate circumstances. We further ana-
lyze the asymptotic equivalence of trace regression and quantum state tomography
for sparse matrices and low rank matrices. The detailed analyses indicate that the
asymptotic equivalence does not require sparsity nor low rank on matrix param-
eters, and depending on the density matrix class as well as the set of observables
used for performing measurements, sparsity and low rank may or may not make the
asymptotic equivalence easier to achieve. In particular, we show that the Pauli ma-
trices as observables are bad for establishing the asymptotic equivalence for sparse
matrices and low rank matrices; and for certain class of sparse or low rank density
matrices, we can obtain the asymptotic equivalence of quantum state tomography
and trace regression in the ultra high dimension setting where the matrix size of
the density matrices is comparable to or even exceeds the number of the quantum
measurements on the observables.

The rest of paper proceeds as follows. Section 2 reviews trace regression and
quantum state tomography and states statistical models and data structures. We
consider only finite square matrices, since trace regression handles finite matrices,
and density matrices are square matrices. Section 3 frames trace regression and
quantum state tomography with summarized measurements as two statistical ex-
periments in Le Cam paradigm and studies their asymptotic equivalence. Section 4
introduces a fine scale trace regression model to match quantum state tomography
with individual measurements and investigates their asymptotic equivalence. We
illustrate the asymptotic equivalence for sparse density matrix class and low rank
density matrix class in Sections 5 and 6, respectively. We collect technical proofs
in Section 7, with additional proofs of technical lemmas in the Appendix.

2. Statistical models and data structures.

2.1. Trace regression in matrix completion. Suppose that we have n indepen-
dent random pairs (X1, Y1), ..., Xy, Y,) from the model

(1) Yi=t(X[p)+er, k=1,....n,

where tr is matrix trace, ¥ denotes conjugate transpose, p is an unknown d by
d matrix, g are zero mean random errors, and X are matrix input variables of
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size d by d. We consider both fixed and random designs. For the random design
case, each Xy, is randomly sampled from a set of matrices. In the fixed design case,
X1, ..., X, are fixed matrices. Model (1) is called trace regression and employed in
matrix completion. Matrix input variables Xj are often sparse in a sense that each
X\ has a relatively small number of nonzero entries. Trace regression masks the
entries of p through XZp, and each observation Yy is the trace of the masked p cor-
rupted by noise €. The statistical problem is to estimate all the entries of p based
on observations (Xg, Yx), k=1, ..., n, which is often referred to as noisy matrix
completion. Model (1) and matrix completion are matrix generalizations of a linear
model and sparse signal estimation in compressed sensing. See Candés and Plan
(2009, 2011), Candes and Recht (2009), Candes and Tao (2010), Keshavan, Mon-
tanari and Oh (2010), Koltchinskii, Lounici and Tsybakov (2011), and Negahban
and Wainwright (2011), Koltchinskii (2011) and Rohde and Tsybakov (2011).

Matrix input variables X are selected from a matrix set B = {By,...,B,},
where B; are d by d matrices. Below we list some examples of such matrix sets
used in matrix completion.

(i) Let

) BI{Bj 2651622,]':(61 —Dd + €5,
j=1,....,p=d*t;,6=1,....d},

where e, is the canonical basis in Euclid space R?. In this case, if p = (pab), then
tr(B;j0) = p¢,¢,, and the observation Yy is equal to some entry of p plus noise &.
More generally, instead of using single eglegz, we may define B; as the sum of

several ey, e/gz, and then tr(B; p) is equal to the sum of some entries of p.
(ii) Set

3) B={B;,j=1,...,p=d"},

where we identify j with (¢1,€2), j=1,...,p, €1,€2=1,...,d,B; =eg1e22 for
=4,

1
BjZE(efle/ez+efze/ﬁl) for ¢y < £,
and
=1
B, = 7 (egle’e2 —6[28/61) for £1 > £5.

(iii)) For d =2 define

go (10 g (01
0_017 1_10’

e O}
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where 01, 0, and o3 are called the Pauli matrices. For d = 2b with integer b,
we may use b-fold tensor products of ¢, 01, 62 and o3 to define general Pauli
matrices and obtain the Pauli matrix set

(4) B={o¢ ®0p,® --®ay,, (£1,4, ..., L) €{0,1,2,3}°},

where ® denotes tensor product. The Pauli matrices are widely used in quantum
physics and quantum information science.

Matrices in (2) are of rank 1 and have eigenvalues 1 and 0. For matrices in (3),
the diagonal matrices are of rank 1 and have eigenvalues 1 and 0, and the nondi-
agonal matrices are of rank 2 and have eigenvalues +1 and 0. Pauli matrices in (4)
are of full rank, and except for the identity matrix all have eigenvalues 1. Denote
by C4*¢ the space of all d by d complex matrices and define an inner product
(A1, A2) = tr(AJA}) for Ay, Ay € C4*4. Then both (3) and (4) form orthogonal
bases for all complex Hermitian matrices, and the real matrices in (3) or (4) form
orthogonal bases for all real symmetric matrices.

For the random design case, with B={B;, j =1,..., p}, we assume that ma-
trix input variables X are independent and sampled from B according to a distri-
bution IT(j) on {1, ..., p},

(5) PXy=B;)=T(r), k=1,....n,jxe{l,....p}.

The observations from (1) are (Xg, Yx), k = 1,...,n, with X; sampled from
B according to the distribution IT(-). For the fixed design case, matrix input
variables X1, ..., X, form a fixed set of matrices, and we assume n = p and
B={Xi,...,X,} = {B1,...,B,}. The observations from (1) are (X, Yx), k =
1,...,n, with deterministic Xy.

2.2. Quantum state and measurements. For a finite-dimensional quantum sys-
tem, we describe its quantum state by a density matrix p on d-dimensional com-
plex space C?, where density matrix p is a d by d complex matrix satisfying (1)
Hermitian, that is, p is equal to its conjugate transpose; (2) semi-positive definite;
(3) unit trace, that is, tr(p) = 1.

Experiments are conducted to perform measurements on the quantum system
and obtain data for studying the quantum system. Common quantum measure-
ments are on some observable M, which is defined as a Hermitian matrix on C¢.
Assume that the observable M has the following spectral decomposition:

(6) M= Z )\aQa’

a=1

where X, are r different real eigenvalues of M, and Q, are projections onto the
eigen-spaces corresponding to A,. For the quantum system prepared in a state p,
we need a probability space (€2, F, P) to describe measurement outcomes when
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performing measurements on the observable M. Denote by R the measurement
outcome of M. According to the theory of quantum mechanics, R is a random
variable on (€2, F, P) taking values in {Aq, A2, ..., A}, with probability distribu-
tion given by

@) P(R=xy) =tr(Qup), a=1,2,...,r, E(R) =tr(Mp).

See Holevo (1982), Sakurai and Napolitano (2010), Shankar (1994) and Wang
(2012).

Suppose that an experiment is conducted to perform measurements on M inde-
pendently for m quantum systems which are identically prepared in the same quan-
tum state p. From the experiment we obtain individual measurements Ry, ..., Ry,
which are i.i.d. according to distribution (7), and denote their average by N =
(Ri+ -+ Rn)/m.

The following proposition provides a simple multinomial characterization for

the distributions of (R;, ..., R,;) and N.

PROPOSITION 2.1. As random variables Ry,..., R, take eigenvalues
Ay ..., Ar, we count the number of Ry, ..., Ry, taking A, and define the counts
by Us =73 (Re =Xq),a=1,...,r. Then the counts Uy, ..., U, jointly fol-

low the following multinomial distribution:

PW=u,...Ur=ur) = (u m ur) [tr(le)]ul "'[tr(Qrp)]ur,
®) . o
Zua =m
a=1
and
9) N=Ri+ -4+ Ry)/m=AUi+ -+ r,Uy)/m.

We note the difference between the observable M which is a Hermitian matrix
and its measurement result R which is a real-valued random variable. To illustrate
the connection between density matrix p and the measurements of M, we assume
that M has d different eigenvalues. As in Artiles, Gill and Gutd (2005), we use the
normalized eigenvectors of M to form an orthonormal basis, represent p under the
basis and denote the resulting matrix by (p¢,¢,). Then from (7) we obtain

P(R=Mxy) =tr(Qup) = pua, a=1,2,...,d.

That is, with the representation under the eigen basis of M, measurements on single
observable M contain only information about the diagonal elements of (p¢,¢,). No
matter how many measurements we perform on M, we cannot draw any inference
about the off-diagonal elements of (o¢,¢,) based on the measurements on M. We
usually need to perform measurements on enough different observables in order
to estimate the whole density matrix (pg,¢,). See Artiles, Gill and Guta (2005),
Barndorff-Nielsen, Gill and Jupp (2003) and Butucea, Guta and Artiles (2007).
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2.3. Quantum state tomography. In physics literature quantum state tomog-
raphy refers to the reconstruction of a quantum state based on measurements
obtained from quantum systems that are identically prepared under the state.
Statistically it is the problem of estimating the density matrix from the mea-
surements. Suppose that quantum systems are identically prepared in a state p,
B ={By,...,B,} is a set of observables available to perform measurements, and
each B; has a spectral decomposition

Ty
(10) B; =) %uQja.
a=1

where A j, are r; different real eigenvalues of B, and Q ;, are projections onto the
eigen-spaces corresponding to X j,. We select an observable, say B; € B, and per-
form measurements on B; for the quantum systems. According to the observable
selection we classify the quantum state tomography experiment as either a fixed
design or a random design. In a random design, we choose an observable at random
from B to perform measurements for the quantum systems, while a fixed design is
to perform measurements on every observable in B for the quantum systems.

Consider the random design case. We sample an observable My from B to per-

form measurements independently for m quantum systems, k = 1,...,n, where
observables My, ..., M,, are independent and sampled from 5 according to a dis-
tribution E(j) on {1, ..., p},

(11 P(My =Bj,) = E(jk), k=1,....n, jke{l,.... p}.

Specifically we perform measurements on each observable My independently
for m quantum systems that are identically prepared under the state p, and de-

note by Rgi, ..., Ry, the m measurement outcomes and Nj the average of the

m measurement outcomes. The resulting individual measurements are the data

Mg, Ret, -5 Rkm), k=1, ..., n, and the summarized measurements are the pairs

My, Ni),k=1,...,n, where

(12) Nie=(Ri1 + -+ Rim)/m,

Rie, k=1,...,n,£=1,...,m, are independent, and given My = B, for some

je €{1,..., p}, the conditional distributions of Ry1, ..., Ry, are given by

a3 P(Rie =X jalMp=Bj) =tr(Qj,ap),
a=1,....rj,t=1,....m, jr €{l,..., p},

E(RielMy =Bj,) =tr(Bj, p),
(14)

Var(Rie[Mg = Bj,) = tr(B2 p) — [tr(B,,0)]".

The statistical problem is to estimate p from the individual measurements
My, Rk1, ..., Rwm), Kk = 1,...,n, or from the summarized measurements
(Mlv Nl)y LR} (Ml’lv Nl’l)
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For the fixed design case, we take p =n and B = {By, ..., B,}. We perform
measurements on every observable My = By € B independently for m quantum

systems that are identically prepared under the state p, and denote by Rg1, ..., Rim
the m measurement outcomes and Nj the average of the m measurement out-
comes. The resulting individual measurements are the data (Mg, Rkq, ..., Rim),
k =1,...,n, and the summarized measurements are the pairs (Mg, Vi), k =
1,...,n, where N is the same as in (12), Rye, k=1,...,n, £=1,...,m, are
independent, and the distributions of Rgy, ..., Ry, are given by
(15) P(Rk(=)hka)=tr(Qkap)» azl?“’vrk9€=l""ama

2
(16) E(Rw) =trMgp),  Var(Ree) = tr(Mjp) — [r(Myp)]".

The statistical problem is to estimate p from the individual measurements
My, Rit, ..., Riw), Kk = 1,...,n, or from the summarized measurements
My, N1), ..., (My, Ny).

Because of convenient statistical procedures and fast implementation algo-
rithms, the summarized measurements instead of the individual measurements are
often employed in quantum state tomography [Gross et al. (2010), Koltchinskii
(2011), Nielsen and Chuang (2000)]. However, in Section 4 we will show that
quantum state tomography based on the summary measurements may suffer from
substantial loss of information, and we can develop more efficient statistical infer-
ence procedures by the individual measurements than by the summary measure-
ments.

In order to estimate all d* — 1 free entries of p, we need the quantum state
tomography model identifiable. Suppose that all B; have exact r distinct eigenval-
ues. The identifiability may require n > (d*> — 1)/(r — 1) (which is at least d + 1)
and m > r — 1 for the individual measurements and n > d? — 1 for the summarized
measurements. There is a trade-off between r and m in the individual measurement
case. For large r, we need less observables but more measurements on each ob-
servable, while for small r, we require more observables but less measurements
on each observable. In terms of the total number, mn, of measurement data, the
requirement becomes mn > d? — 1.

3. Asymptotic equivalence. Quantum state tomography and trace regression
share the common goal of estimating the same unknown matrix p, and it is nature
to put them in the Le Cam paradigm for statistical comparison. We compare trace
regression and quantum state tomography in either the fixed design case or the
random design case.

First, we consider the fixed design case. Trace regression (1) generates data
on dependent variables Y; with deterministic matrix input variables Xy, and we
denote by PPy ,,,, the joint distribution of Yy, k =1, ..., n. Quantum state tomogra-
phy performs measurements on a fixed set of observables My, and obtains average
measurements N; on My whose distributions are specified by (12) and (15)—(16),
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and we denote by IP; ,, , the joint distribution of Ny, k=1, ...,n. Both P , , and
IP2 1, p are probability distributions on measurable space (R", Fy), where Fr is the
Borel o-field on R.

Second we consider the random design case. Trace regression (1) generates data
on the pairs (Xg, Yx), k =1, ..., n, where matrix input variables X are sampled
from B according to the distribution I1(j) given by (5). We denote by PPy ,, , the
joint distribution of (X, Yx), k =1, ..., n, for the trace regression model. Quan-
tum state tomography yields observations in the form of observables My and av-
erage measurement results Ny on My, k = 1,...,n, where the distributions of
(My, Ni) are specified by (11)—-(14). We denote by P, , , the joint distribution
of My, Ni), k=1, ...,n, for the quantum state tomography model. Both P; , ,
and I, , , are probability distributions on measurable space (B" x R", Fg x Fp),
where Fp consists of all subsets of B.

Denote by ©® a class of semi-positive Hermitian matrices with unit trace. For
trace regression and quantum state tomography, we define two statistical models

an Pu= {(Xl, Ggi, IP)l,n,p), p < ®}, Pon = {(XZ» Ga, ]P)Z,n,p)s pE ®},

where measurable spaces (&X;, G;), i = 1,2, are either (B" x R", Fz x Fp) for
the random design case or (R", Fp) for the fixed design case. Models Py,
and P,, are called statistical experiments in the Le Cam paradigm. We use Le
Cam’s deficiency distance between P, and P,, to compare the two models.
Let A be a measurable action space, L: ® x A — [0, 00) a loss function, and
L]l = sup{L(p,a):p € ®,a e A}. For model P;,, i = 1,2, denote by x; a de-
cision procedure and R;(x;, L, p) the risk from using procedure y; when L is
the loss function and p is the true value of the parameter. We define deficiency
distance A(Pi,, Pon) between Py, and P», as the maximum of 8(Py,, P2,) and
8(Pan, P1n), where
8(Pin, Pan) =infsupsup sup [Ri(x1, L, p) — Ra(x2, L, p)|
X1 x2 pe® L:|L|=1

is referred to as the deficiency of Py, with respect to Pay,. If A(P1y, Pan) <e,
then every decision procedure in one of the two experiments Py, and Py, has a
corresponding procedure in another experiment that comes within € of achieving
the same risk for any bounded loss. Two sequences of statistical experiments Py,
and P, are called asymptotically equivalent if A(Py,, P2,) — 0, as n — oo. For
two asymptotic equivalent experiments Py, and P,,, any sequence of procedures
X1n in model Py, has a corresponding sequence of procedures y», in model Py,
with risk differences tending to zero uniformly over p € ® and all loss L with
IL|| =1, and the procedures xi, and xo, are called asymptotically equivalent.
See Le Cam (1986), Le Cam and Yang (2000) and Wang (2002).

To establish the asymptotic equivalence of trace regression and quantum state
tomography, we need to lay down technical conditions and make some synchro-
nization arrangement between observables in quantum state tomography and ma-
trix input variables in trace regression.
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(C1) Assume that B = {By,...,B,}, and each B; is a Hermitian matrix with
at most « distinct eigenvalues, where « is a fixed integer. Matrix input vari-
ables X} in trace regression and observables My, in quantum state tomography are
taken from B. For the fixed design case, we assume p = n, and Xy = My = By,
k=1, ...,n. For the random design case, Xy and My, are independently sampled
from B according to distributions IT(j) and E (), respectively, and assume that as
n, p — 0o, ny, — 0, where

1 —

18 =
(18) v lrfnjagp[

(i =0
H({) +‘1_ (J')H'
E(J) I1(j)

(C2) Suppose that two models Py, and P,, are identifiable. For trace regres-

sion, we assume that (X1, €1), ..., (X;, &,) are independent, and given X, & fol-
lows a normal distribution with mean zero and variance

L ie(x2p) = [e X ).

m

(19) Var(ex[Xy) =

(C3) For B; € B with spectral decomposition (10), j =1,..., p, let
(20) Zi(p)={a:0<tr(Qjap) <1,1<a <rj}.
Let cg and ¢ be two fixed constants with 0 < ¢g < ¢ < 1. Assume for p € O,

21 co < min tr(Q; < max tr(Q; <cq, i=1,...,p.
(2D o_adj(p) (Q_,ap)_adj(p) (Qjap) < ci J D

REMARK 1. Condition (C1) synchronizes matrices used as matrix input vari-
ables in trace regression and as observables in quantum state tomography so that
we can compare the two models. The synchronization is needed for applying ma-
trix completion methods to quantum state tomography [Gross et al. (2010)]. The
finiteness assumption on « is due to the practical consideration. Observables in
quantum state tomography and matrix input variables in trace regression are often
of large size. Mathematically the numbers of their distinct eigenvalues could grow
with the size, however, in practice matrices with a few distinct eigenvalues are
usually chosen as observables to perform measurements in quantum state tomog-
raphy and as matrix input variables to mask the entries of p in matrix completion
[Candes and Recht (2009), Gross (2011), Gross et al. (2010), Koltchinskii (2011),
Koltchinskii, Lounici and Tsybakov (2011), Nielsen and Chuang (2000), Recht
(2011), Rohde and Tsybakov (2011)]. Condition (C2) is to match the variance of
Ny in quantum state tomography with the variance of random error g in trace
regression in order to obtain the asymptotic equivalence, since Ny and Y; always
have the same mean. Regarding condition (C3), from (8)—(9) and (12)-(16) we
may see that each Ny is determined by the counts of random variables Ry, taking
eigenvalues A j,, and the counts jointly follow a multinomial distribution with pa-
rameters of m trials and cell probabilities tr(Q;,p), a =1, ...,r;. Condition (C3)
is to ensure that the multinomial distributions (with uniform perturbations) can be
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well approximated by multivariate normal distributions so that we can calculate
the Hellinger distance between the distributions of Ny (with uniform perturba-
tions) in quantum state tomography and the distributions of & in trace regression
and thus establish the asymptotic equivalence of quantum state tomography and
trace regression. Index Z;(p) in (20) is to exclude all the cases with tr(Q;,0) =0
or tr(Q4p) = 1, under which measurement results on B; are certain, either never
yielding measurement results A j, or always yielding results A j,, and their contri-
butions to Ny are deterministic and can be completely separated out from Ng. See
further details in Remark 4 below and the proofs of Theorems 1 and 2 in Section 7.

The following theorem provides bounds on deficiency distance A(Piy, Pan)
and establishes the asymptotic equivalence of trace regression and quantum state

tomography under the fixed or random designs.

THEOREM 1. Assume that conditions (C1)—(C3) are satisfied.

(a) For the random design case, we have

12
22) AP1n, Pon) <17, +C(”mﬁ) ,

where C is a generic constant depending only on (k, co, 1), integer k and con-
stants (co, c1) are, respectively, specified in conditions (C1) and (C3), y,, is defined
in (18), and ¢, is given by

p p
(23) cp=g1€ag{2n(j)1(|fj(p>l>2 Zaml |I<p>|>2)} L.
j=1 j=1

In particular, if I(j) = &(j)=1/pfor j=1,..., p, then

n,\ /2
(24) AP Py (")
m
where now &), can be simplified as
1 P
(25) {,)_maxi;z (IZ; (p)|>2}

(b) For the fixed design case, we have

12
(26) A(Pin, Pan) < c(%) ,

where C is the same as in (a), and {p is given by (25).
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REMARK 2. Theorem 1 establishes bounds on the deficiency distance be-
tween trace regression and quantum state tomography. If the deficiency distance
bounds in (22), (24) and (26) go to zero, trace regression and quantum state tomog-
raphy are asymptotically equivalent under the corresponding cases. ¢, defined in
(23) and (25) has an intuitive interpretation as follows. Proposition 2.1 shows that
each observable corresponds to a multinomial distribution in quantum state to-
mography. Of the p multinomial distributions in quantum state tomography, ¢, is
the maximum of the average fraction of the nondegenerate multinomial distribu-
tions (i.e., with at least two cells). As we discussed in Remark 1, the multinomial
distributions have cell probabilities tr(Q;,0), a =1,...,r;. Since for each B,
tr(Q 4 p) is the trace of the density matrix p restricted to the corresponding eigen-
space, and Z;jzl tr(Qjqp) =tr(p) =1, thus if |Z;(p)| > 2, p cannot live on any
single eigen-space corresponding to one eigenvalue of B ;; otherwise measurement
results on B; are certain, and the corresponding multinomial and normal distribu-
tions are reduced to the same degenerate distribution and hence are always equiva-
lent. Therefore, to bound the deficiency distance between quantum state tomogra-
phy and trace regression we need to consider only the nondegenerate multinomial
distributions, and thus ¢, appears in all the deficiency distance bounds. Since ¢, is
always bounded by 1, from Theorem 1 we have that if n/m — 0, the two models
are asymptotically equivalent. As we will see in Sections 5 and 6, depending on
density matrix class ® as well as the matrix set 3, £, may or may not go to zero,
and we will show that if it approaches to zero, we may have asymptotic equiva-
lence in ultra-high dimensions where d may be comparable to or exceed m.

REMARK 3. The asymptotic equivalence results indicate that we may apply
matrix completion methods to quantum state tomography by substituting (My, Ni)
from quantum state tomography for (Xk, Yx) from trace regression. For example,
suppose that B is an orthonormal basis and p has an expansion p =3, a;B;
with a; = tr(pB;). For trace regression, we may estimate «; by the average of
those Y with corresponding X; = B;. Replacing (X, Y;) from trace regression
by (Mg, Ni) from quantum state tomography we construct an estimator of o; by
taking the average of those Ny with corresponding My = B;. In fact, the resulting
estimator based on Ny can be naturally derived from quantum state tomography.
From (7), (14) and (16), we have a; = tr(pB;) = E(R), where R is the outcome
of measuring B, and hence it is natural to estimate «; by the average of quan-
tum measurements Ryg with corresponding My = B;. As statistical procedures
and fast algorithms are available for trace regression, these statistical methods and
computational techniques can be easily used to implement quantum state tomogra-
phy based on the summarized measurements [Gross et al. (2010) and Koltchinskii
(2011)].

4. Fine scale trace regression. In Section 3 for quantum state tomography
we define I , », and P, in (17) based on the average measurements N, and the
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asymptotic equivalence results show that trace regression matches quantum state
tomography with the summarized measurements (My, N¢), k =1, ..., n. We may
use individual measurements Ry, ..., Ry, instead of their averages Ny [see (12)—
(16) for their definitions and relationships], and replace IP; ;, , in (17) by the joint
distribution, Q2 ,, p, of (Mg, Ry1, ..., Rkm), K =1,..., n, for the random design
case [or (Rk1,..., Rim), k=1, ..., n, for the fixed design case] to define a new
statistical experiment for quantum state tomography with the individual measure-
ments,

27) Qon = {(X2,G2, Q2.0,p), p € B},

where measurable space (X2, G2) is either (B" x R™", Fjz x Fp'") for the random
design case or (R™", F'") for the fixed design case.

In general, Pj, and O, may not be asymptotically equivalent. As individ-
uval measurements Ry, ..., Ry, may contain more information than their aver-
age Ni, Qr, may be more informative than P,,, and hence §(Q2,, P2n) = 0
but §(P2,, Q2,) may be bounded away from zero. As a consequence, we may
have §(Q2,, P1,) goes to zero but §(Py,, Q2,) and A(Py,, Qz,) are bounded
away from zero. For the special case of k¥ = 2 where all B; have at most
two distinct eigenvalues such as Pauli matrices in (4), N are sufficient statis-
tics for the distribution of (Ry1, Rk>2), and hence P, and Oy, are equivalent,
that iS, A(PZn, QZn) =0, A(le PZH) = A(,Pln’ Q2n)7 and Pln and QZn can
still be asymptotically equivalent. In summary, generally trace regression can be
asymptotically equivalent to quantum state tomography with summarized mea-
surements but not with individual measurements. In fact, the individual measure-
ments (Rgp, ..., Rim), k=1, ..., n, from quantum state tomography contain in-
formation about tr(Q;.p), @ = 1,...,r;, while observations Y, k =1,...,n,
from trace regression have information only about tr(B;p). From (10) we get
tr(B;jp) = ;j:] Ajatr(Qjgp), so the individual measurements (Rgi, ..., Rin)
from quantum state tomography may be more informative than observations Yj
from trace regression for statistical inference of p. To match quantum state to-
mography with individual measurements, we may introduce a fine scale trace re-
gression model and treat trace regression (1) as a coarse scale model aggregated
from the fine scale model as follows. Suppose that matrix input variable X; has
the following spectral decomposition:

X
T
(28) Xi =Y AnQ.
a=1

where )»,’fa are r,f( real distinct eigenvalues of Xy, and foa are the projections
onto the eigen-spaces corresponding to )L,fa. The fine scale trace regression model
assumes that observed random pairs (Q,i(a, Yka) Obey

(29) ykaztr(Q,i(ap)—i—zku, k:l,...,n,azl,...,r,f(,
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where zj, are random errors with mean zero.
Models (1) and (29) are trace regression at two different scales and connected
through (28) and the following aggregation relations:

X X X
(B0) Yi=) Afvear &= Atk tXpp) =D Ak w(QXp).
a=1 a=1 a=1
The fine scale trace regression model specified by (29) matches quantum state
tomography with the individual measurements (Mg, Ri1, ..., Rkm), k=1,...,n.
Indeed, as (28) indicates a one to one correspondence between X; and {)\,i(a, qu,
a=1,. ..,r,f(}, we replace Y; by (vk1, .-, ykr,f() and P ,, p in (17) by the joint
distribution, Q1 ,,, 5, of (Xg, yx1,..., ykr]g(), k=1,...,n, for the random design
case [or (Vk1, .-, ykrkx), k=1,...,n, for the fixed design case], and define the

statistical experiment for fine scale trace regression (29) as follows:

3D Qin ={(X1,G1,Q1.n,p). p € O},

where measurable space (X7, Gy) is either (B" x R™", Fz x Fg'") for the random
design case or (R™", Fg'"") for the fixed design case.

To study the asymptotic equivalence of fine scale trace regression and quantum
state tomography with individual measurements, we need to replace condition (C2)
by a new condition for fine scale trace regression:

(C2*) Suppose that two models Qy, and Qy, are identifiable. For fine scale

trace regression (29), random errors (zZkq, .. . , Zkrkx)’ k=1, ..., n,areindependent,
and given Xy, (2x1,...,2 kr,ﬁ‘)/ is a multivariate normal random vector with mean
zero and for a, b = 1,...,r,§,a;£b,

1
Var(zkq|Xg) = — tr(Qg,0)[1 — tr(Qg,0)],
(32) "

1
Cov(2ka, zkb|1Xk) = - tr(Qz, p) tr(Qz, ).

We provide bounds on A(Q1,, @>,) and establish the asymptotic equivalence of
O1,, and Qyy, in the following theorem.

THEOREM 2. Assume that conditions (C1), (C2*) and (C3) are satisfied.

(a) For the random design case, we have

12
(33) A(Q1n, Qo) < nyp + c(”mﬁ) ,

where as in Theorem 1, C is a generic constant depending only on (k, cg, c1),
integer k and constants (cqg,c1) are, respectively, specified in conditions (C1)
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and (C3), and y, and ¢, are given by (18) and (23), respectively. In particular,
fI(j)=8()=1/pforj=1,..., p, then

12
(34) A(Qun, Qo) < c(’%) ,

where {p is given by (25).
(b) For the fixed design case, we have

n 1/2
(35) AQun Qo (1)
where C is the same as in (a), and {p is given by (25).

REMARK 4. For quantum state tomography we regard summarized measure-
ments and individual measurements as quantum measurements at coarse and fine
scales, respectively. Then Theorems 1 and 2 show that quantum state tomography
and trace regression are asymptotically equivalent at both coarse and fine scales.
Moreover, as measurements at the coarse scale are aggregated from measurements
at the fine scale for both quantum state tomography and trace regression, their
asymptotic equivalence at the coarse scale is a consequence of their asymptotic
equivalence at the fine scale. Specifically, the deficiency distance bounds in (33)—
(35) of Theorem 2 are derived essentially from the deficiency distance between
n independent multinomial distributions in quantum state tomography and their
corresponding multivariate normal distributions in fine scale trace regression, and
the deficiency distance bounds in (22), (24) and (26) of Theorem 1 are the conse-
quences of corresponding bounds in Theorem 2. Fine scale trace regression (29)
and condition (C2*) indicate that for each k, (yx1, ..., ykr,f() follows a multivariate
normal distribution. From (8) and (13)—(16) we see that given Mg, (Rk1, ..., Rim)
is jointly determined by the counts of Ry, ..., Ry, taking the eigenvalues of My,
and the counts jointly follow a multinomial distribution, with mean and covari-
ance matching with those of m(yxy, ..., ykr,ﬁ‘)' To prove Theorems 1 and 2, we
need to derive the Hellinger distances of the multivariate normal distributions and
their corresponding multinomial distributions with uniform perturbations. Carter
(2002) has established a bound on deficiency distance between a multinomial dis-
tribution and its corresponding multivariate normal distribution through the total
variation distance between the multivariate normal distribution and the multino-
mial distribution with uniform perturbation. The main purpose of the multinomial
deficiency bound in Carter (2002) is the asymptotic equivalence study for density
estimation. Consequently, the multinomial distribution in Carter (2002) is allowed
to have a large number of cells, with bounded cell probability ratios, and his proof
techniques are geared up for managing such a multinomial distribution under to-
tal variation distance. Since quantum state tomography involves many indepen-
dent multinomial distributions all with a small number of cells, Carter’s result is
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not directly applicable for proving Theorems 1 and 2, nor his approach suitable
for the current model setting. To show Theorems 1 and 2, we deal with n inde-
pendent multinomial distributions in quantum state tomography by deriving the
Hellinger distances between the perturbed multinomial distributions and the cor-
responding multivariate normal distributions, and then we establish bounds on the
deficiency distance between quantum state tomography and trace regression at the
fine scale. Moreover, from (9), (12) and (30) we derive Ny from the counts of in-
dividual measurements Ryq, ..., Rg, for quantum state tomography and Y from
fine scale observations yy, for trace regression by the same aggregation relation-
ship, and (32) implies (19), so bounds on A(P1,, P2,) can be obtained from those
on A(Q1,, Qo). Thus, Theorem 1 may be viewed as a consequence of Theorem 2.
For more details see the proofs of Theorems 1 and 2 in Section 7.

5. Sparse density matrices. Since all deficiency distance bounds in Theo-
rems 1 and 2 depend on ¢, we further investigate ¢, for two special classes of
density matrices: sparse density matrices in this section and low rank density ma-
trices in Section 6.

COROLLARY 1.  Denote by Oy a collection of density matrices with at most s
nonzero entries, where s is an integer. Assume that BB is selected as basis (3), and

I(j) = &(j) =1/p. Then

1 <& Sd
= — 1(|1Z; >2) < —,
&p ;fé%’i{p; (IZ; )| = )} =
where sg is the maximum number of nonzero diagonal entries of p over O;. Fur-
thermore, if conditions (C1), (C2), (C2*) and (C3) are satisfied, we have

nsq nsg

12 12
A(Pln,Pzn>§c<—) , A(an,gz,»gc(—) ,
md md

where C is the same generic constant as in Theorems 1 and 2.

REMARK 5. Since p = d?, sq < s, and the deficiency distance bounds in
Corollary 1 are of order [nsq/(md)]'/?, if s4/d goes to zero as d — 0o, we may
have that as m, n,d — 00, nsqg/(md) — 0 and hence the asymptotic equivalence
of quantum state tomography and trace regression, while 7 /m may not necessarily
go to zero. Thus, even though sparsity is not required in the asymptotic equiva-
lence of quantum state tomography and trace regression, Corollary 1 shows that
with the sparsity the asymptotic equivalence is much easier to achieve. For exam-
ple, consider the case that s; is bounded, and n is of order d? (suggested by the
bounded x and the identifiability discussion at the end of Section 2.3). In this case
the deficiency distance bounds in Corollary 1 are of order (d/m)!/?, and we obtain
the asymptotic equivalence of quantum state tomography and trace regression, if
d/m — 0 with an example d = O (m/logm).
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We illustrate below that the sparse density matrices studied in Corollary 1 have
a sparse representation under basis (3). In general, assume that 3 is an orthogonal
basis for complex Hermitian matrices. Then every density matrix p has a repre-
sentation under the basis B,

14
(36) p=> aB;.
=1

where «; are coefficients. We say a density matrix p is s-sparse under the basis B,
if the representation (36) of p under the basis B has at most s nonzero coeffi-
cients « ;. The sparsity definition via representation (36) is in line with the vector
sparsity concept through orthogonal expansion in compressed sensing. It is easy to
see that a density matrix p with at most s nonzero entries is the same as that p is
s-sparse under basis (3). However, a s-sparse matrix under the Pauli basis (4) may
have more than s nonzero entries. In fact, it may have up to sd nonzero entries.
The following corollary exhibits the different behavior of ¢, for sparse density
matrices under the Pauli basis.

COROLLARY 2.  Denote by ©F the class of all density matrices that are s-

sparse under the Pauli basis, where s is an integer. Assume that B is selected as
the Pauli basis (4), and T1(j) = E(j) = 1/p. Then

1 & 1
1>¢,=max{— 1((Z;i(p)|=>2)g >1——.
= p | Bl 21

Furthermore, if conditions (C1), (C2), (C2*) and (C3) are satisfied, we have
1/2

n\ 1?2 n
A(Pln,Pzn)SC(—> , A(an,an)SC(—) ,
m m

where C is the same generic constant as in Theorems 1 and 2.

REMARK 6. Corollary 1 shows that for sparse matrices under basis (3), as
d — o0, if s,/d — 0, £, goes to zero, and hence the sparsity enables us to estab-
lish the asymptotic equivalence of quantum state tomography and trace regression
under weaker conditions on m and n. However, Corollary 2 demonstrates that ¢,
does not go to zero for sparse matrices under the Pauli basis. Corollary 1 indicates
that for a density matrix with s nonzero entries, in order to have small s, /d, we
must make its nonzero diagonal entries as less as possible. The Pauli basis is the
worst in a sense that a sparse matrix under the Pauli basis has at least d nonzero en-
tries, and the Pauli basis tends to put many nonzero entries on the diagonal. From
Corollaries 1 and 2 we see that ¢, depends on sparsity of the density matrix class,
but more importantly it is determined by how the sparsity is specified by B.
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6. Low rank density matrices. Consider the case of low rank density matri-
ces. Assume density matrix p has rank at most , where r << d. Then p has at most
r nonzero eigenvalues, and thus its positive eigenvalues are sparse. The following
corollary derives the behavior of ¢, for low rank density matrices and the Pauli
basis.

COROLLARY 3. Denote by ©, the collection of all density matrices p with
rank up to r K d. Assume that B is the Pauli basis (4), and T1(j) = E(j) = 1/p.
Then

1 & 1
1z;p=prg%§{;j§1<m<p>| =)= 1o,

Furthermore, if conditions (C1), (C2), (C2*) and (C3) are satisfied, we have
172

n\? n
APw P =c(2)7 a@uom=c(h)
m m
where C is the same generic constant as in Theorems 1 and 2.

We construct a low rank density matrix class and matrix set for which ¢, goes
to zero in the following corollary.

COROLLARY 4.  Suppose that g1, ..., 84 form an orthonormal basis in RY,
and

1 V=1
B= {gegz, Tz(gelgigz + 20,8, W(g@gzl —£0,20,);

£, 41,0=1,...,d,4 <€2}.

Assume that y < d and r < d are integers. Denote by ©,,, a collection of density
matrices p with the form

,
(37) p=7)_&UU;,
j=1

where §; > 0, &y + --- + & =1, and U; are unit vectors in C4 whose real and
imaginary parts are linear combinations of g¢,, ..., 8¢, 1 <4{1,..., by < d and
1<k<y.Assume I1(j)=E(j)=1/p. Then

2rydy +1)

7}) .

1 p
{, = max { — 1(Zi(p)|=2)¢ <
= | S Hmwl=2
Furthermore, if conditions (C1), (C2), (C2*) and (C3) are satisfied, we have

nr 2\ 1/2 nr 2\ 1/2
A(Pln,Pzn>§c( y) , A(an,an)§C< V) ,
mp mp
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where C is the same generic constant as in Theorems 1 and 2.

REMARK 7. It is known that a density matrix of rank up to r has represen-
tation (37), and matrix p with representation (37) has rank at most . Corollary 3
shows that for the class of density matrices with rank at most r, ¢, does not go
to zero under the Pauli basis. Corollary 4 constructs a basis I3 and a subclass of
low rank density matrices, for which ¢, can go to zero, and the deficiency distance
bounds are of order [nry?/(mp)]'/?. Since r, y < d and p = d?, ry?/p may go
to zero very fast as d — oco. As m,n,d — oo, if nryz/(mp) — 0, we obtain the
asymptotic equivalence of quantum state tomography and trace regression. For ex-
ample, consider the case that r and y are bounded, and 7 is of order d* (suggested
by the bounded « and the identifiability discussion at the end of Section 2.3). In
this case the deficiency distance bounds in Corollary 4 are of order m~'/2, and
we conclude that if m — oo, the two models are asymptotically equivalent for any
(n, d) compatible with the model identifiability condition. A particular example is
that n = d? and d grows exponentially faster than .

REMARK 8. The low rank condition r < d on a density matrix indicates that
it has a relatively small number of positive eigenvalues, that is, its positive eigen-
values are sparse. We may also explain the condition on the eigenvectors U in (37)
via sparsity as follows. Since {gi, ..., g4} is an orthonormal basis in ]Rd, the real
part, Re(U|), and imaginary part, Im(U;), of U; have the following expansions
under the basis:

d d
(38) Re(Up =) ajge,  ImUp=) o5,
(=1 =1

where a{ , and O‘ée are coefficients. Then a low rank density matrix with repre-

sentation (37) belongs to ®,,,, if for j =1,...,r, {E,a{E # 0} and {¢, O‘ée # 0}
have cardinality at most y, that is, there are at most y nonzero coefficients in
the expansions (38). As y < d, the eigenvectors U; have sparse representations.
Thus, the subclass ©,,, of density matrices imposes some sparsity conditions on
not only the eigenvalues but also the eigenvectors of its members. In fact, Witten,
Tibshirani and Hastie (2009) indicates that we need some sparsity on both eigen-
values and eigenvectors for estimating large matrices. An important class of quan-
tum states are pure states, which correspond to density matrices of rank one. In
order to have a pure state in ©,,, its eigenvector U; corresponding to eigen-
value 1 must be a liner combination of at most y basis vectors g;. Such a re-
quirement can be met for a large class of pure states through the selection of
proper y and suitable bases in R¢. It is interesting to see that matrices themselves
in ©,, of Corollary 4 may not be sparse. For example, taking gi, ..., gy as the
Haar basis in R? [see Vidakovic (1999)], we obtain that rank one matrix p =
(1,1,...,1)’(1,1,...,1)/d and rank two matrix p = 3(1,1,...,1)’(1,1,...,1)/
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@d+d,....1,-1,...,-1’d,...,1,—-1,...,—1)/(4d), which are inside ©,,,
for (r,y)=(1,1) and (r, y) = (2, 2), respectively, but not sparse.

REMARK 9. From Corollaries 1-4, we see that whether ¢, goes to zero or
not is largely dictated by B used in the two models. As we discussed in Remarks
5 and 7, for certain classes of sparse or low rank density matrices, ¢, goes to
zero, and we can achieve the asymptotic equivalence of quantum state tomogra-
phy and trace regression when d is comparable to or exceeds m. In particular for a
special subclass of low rank density matrices we can obtain the asymptotic equiv-
alence even when d grows exponentially faster than m. We should emphasize that
the claimed asymptotic equivalences in the ultra high dimension setting are under
some sparse circumstances for which ¢, goes to zero, that is, of the p multinomial
distributions in the quantum state tomography model, a relatively small number
of multinomial distributions are nondegenerate, and similarly, the trace regression
model as the approximating normal experiment consists of the same small number
of corresponding nondegenerate normal distributions. In other words, the asymp-
totic equivalence in ultra high dimensions may be interpreted as the approximation
of a sparse quantum state tomography model by a sparse Gaussian trace regression
model. This is the first asymptotic equivalence result in ultra high dimensions. It
leads us to speculate that sparse Gaussian experiments may play an important role
in the study of asymptotic equivalence in the ultra high dimension setting.

7. Proofs.

7.1. Basic facts and technical lemmas. We need some basic results about the
Markov kernel method which are often used to bound §(Pa,, P1,) and prove
asymptotic equivalence of Py, and Py, [see Le Cam (1986) and Le Cam and
Yang (2000)]. A Markov kernel K (w, A) is defined for w € A> and A € G; such
that for a given w € A, K (w, -) is a probability measure on the o-field G, and
for a fixed A € G;, K(-, A) is a measurable function on AX,. The Markov ker-
nel maps any P , , € P2, into another probability measure [K(IP;, ,)](A) =
[ K(w, AP, o(dw) € P1,. We have the following result:

(39) 8(P2n, P1p) < inf sup ”PLn,p - K(PZ,n,p) ”TV’

K peB
where the infimum is over all Markov kernels, and || - ||Tv is the total variation
norm.

We often use the Hellinger distance to bound total variation norm and handle
product probability measures. For two probability measures P and Q on a common
measurable space, we define the Hellinger distance

2 _[]/a® _ d_Q‘z
(40) H2(P, Q)—/“/du |
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where u is any measure that dominates P and Q, and if P and Q are equivalent,

(41) H*(P, Q)=2—2Ep[ Z—Q],

where Ep denotes expectation under P. We have

(42) P —Qlrv < H(P, Q),

and for any event A,

H*(P, Q) <2—2Ep [“/leﬂ =2P(&) +2Er [IA(I - fl—gﬂ

(43)
. dpP
< 2P(AL) + Ep[lAlogd—],
where the last inequality is from the fact that x — 1 > logx for any x > 0.

Carter (2002) has established an asymptotic equivalence of a multinomial dis-
tribution and its corresponding multivariate normal distribution through bounding
the total variation distance between the multivariate normal distribution and the
multinomial distribution with uniform perturbation. The approach in Carter (2002)
is to break dependence in the multinomial distribution and create independence by
successively conditioning on pairs and thus establish a bound on the total variation
distance of the perturbed multinomial distribution and the multivariate normal dis-
tribution. Carter (2002) works for the multinomial distribution with a large number
of cells, while quantum state tomography involves many independent multinomial
distributions all with a small number of cells. To handle the many small indepen-
dent multinomial distributions for quantum state tomography and prove Theorems
1 and 2, we need to derive the Hellinger distances between the perturbed multino-
mial distributions and multivariate normal distributions instead of total variation
distance. Carter’s approach is geared up for total variation distance and the re-
sult cannot be directly used to prove Theorems 1 and 2. Our approach to proving
Lemma 2 below is to directly decompose a multinomial distribution as products
of conditional distributions and then establish a bound on the Hellinger distance
between the perturbed multinomial distribution and its corresponding multivariate
normal distribution.

Denote by C a generic constant whose value may change from appearance to
appearance. The value of C may depends on fixed constants («, cg, ¢1) given by
conditions (C1) and (C3) but is free of (m, n, d, p) and individual p.

First, we describe a known result between binomial and normal distributions
[see Carter (2002), B2 of the Appendix].

LEMMA 1. Suppose that P is a binomial distribution Bin(m, 6) with 6 €
(0, 1), and Q is a normal distribution with mean m6 and variance m0(1 — 0).
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Let P* be the convolution distribution of P and an independent uniform distribu-
tionon (—1/2,1/2). Then

d P* c
P*(A°) <exp(—Cm'/3), E*[lAl }< :
(A4%) = exp(=Cm ) e[t loe 05 | = e — o)

where A ={|lU —mb| <m[0(1 — 9)]2/3}, and random variable U has the distri-
bution P.

We give bounds on the Hellinger distances between the perturbed multinomial
distributions and their corresponding multivariate normal distributions in next two
lemmas whose proofs are collected in the Appendix.

LEMMA 2. Suppose that P is a multinomial distribution M(m, 61, ...,6,),
where r > 2 is a fixed integer,

Oh+---+6,=1, co <min(fq,...,0,) <max(;,...,0,) <ci

and 0 < ¢y < c1 < 1 are two fixed constants. Denote by Q the multivariate nor-
mal distribution whose mean and covariance are the same as P. Let P* be the

convolution of the distribution P and the distribution of (Y1, ...,¥,), where
Y1, ..., Yr—1 are independent and follow a uniform distribution on (—1/2,1/2),
and Y = —y1 — -+ — Yr_1. Then
C
H(P*, Q) <rPexp(—Cm!'/%) + J_%

LEMMA 3. Suppose that for k =1, ...,n, Py is a multinomial distribution
M(m, bk1, ..., 6ky), where vy <k, K is a fixed integer, 1 + - - - + O, = 1, and
for constants cqg and cy,

0 <cop <min(bq, ..., kak) <max(y, ..., kak) <cy <.

Denote by Qy the multivariate normal distribution whose mean and covariance
are the same as Py. If v > 2, following the same way as in Lemma 2 we define P}’
as the convolution of Py, and an independent uniform distribution on (—1/2,1/2),
and if v < 1 let P} = Py. Assume that Py, P, Qi for different k are independent,
and define product probability measures

n n n
P=[]pA. P=[]P. 0o=]]0
k=1 k=1 k=1
Then we have

Cikr M
H*(P*, Q)< — Y 1(n > 2).
m =
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We need the following lemma on total variation distance of two joint distribu-
tions whose proof is in the Appendix.

LEMMA 4. Suppose that Uy and Vi are discrete random variables, and
random variables (U1, Uy) and (V1, Va) have joint distributions F and G, re-
spectively. Let F(uy,uz) = Fi(uy) x Fp(uzluy) and G(vi,v2) = Gi(vy) x
G2j1(v2|vr), where Fy and G are the respective marginal distributions of U,
and Vi, and Fy1 and Gy are the conditional distributions of U, given U and
V, given V1, respectively. Then

P(U;=x)
P(Vi=x)
+ ER[| F21 C1U1) = G CIVD) | oyl Un = Vi,

1 —

|F—Gltv < max
(44)

where E g, denotes expectation under Fy, || F2(1(-|U1) — Goj1 (-|V1)lITv denotes the
total variation norm of the difference of the two conditional distributions F»| and
G2j1, and the value of the second term on the right-hand side of (44) is clearly
specified as follows:

Er[|F2n(¢1U1) = G IV |1y UL = V1]
=" Fa1 (1) = Ga 1) py P (UL = ).

7.2. Proofs of Theorems 1 and 2.

PROOF OF THEOREM 1. Denote by ]P)ll<,n,p the distribution of (Xy, Y;) and

IP’/in’ o the distribution of (Mg, Ni), k =1, ..., n. For different k, (X, Y;) from
trace regression are independent, and (Mg, Ni) from quantum state tomography

are independent, so IP"{ n.p and JP"; n.p for different k are independent, and

n n
(45) Piao=[1Plnp  Ponp=I]F5.,
k=1 k=1
where Py, , and P, ;, , are given in (17).

Suppose that My has vy different eigenvalues, and let Uy, = Y - 1(Ri¢ =
Aka)sa=1,...,v, and Uy = (Ugy, ..., Ury,)'. Denote by Qg’”,p the distribution
of My, Uy). If vy > 2, we let Qéj“m 0 be the distribution of (M, Uy), where U} =
Wy, ..., U ,j‘vk)/ , Uf, is equal to Uy, plus an independent uniform random variable
on(—1/2,1/2),a=1,...,vg—land Uy, =m — U} —--- = U, ;. Note that

IP”in’ o is the distribution of (My, Ni), and

(46) Ni = (Rk1 + -+ Ri) /m = A1 Ugy + - -+ + Ay Uy ) /.
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Analog to the expression (46) of Ny in terms of Uy = (U1, ..., Ugn)’, we define
(47) Ni = (it Uy + -+ hao Ugy, ) /m,

and denote by IP’2 w.p the distribution of (My, N). If v < 1, let Q2 np = Q’in’ 0

and P3* =P5 . AsQh, Q5 and P

2onp for different k are independent,
define their product probablhty measures

n
k
48) Quup,=[[Q5,, Q,,= 1‘[@2,1,,, P35, = 1‘[1%”
k=1

Note that, since Uy and (Rg1, ..., Riy,) have a one to one correspondence, and
the two statistical experiments formed by the distribution of (M, Uy) and the dis-
tribution of (M, Rk1, ..., Rxm) have zero deficiency distance, without confusion
we abuse the notation Q2 ,, , by using it here for the joint distribution of (M, Uy),
k=1,...,n,as well as in (27) for the joint distribution of (Mg, R, ..., Rim),
k=1,....,n

Given My =B, let vy =rj,, and Uy = (Uyy, . . ., Ukrjk)/ follows a multinomial
distribution M(m, tr(Qj,10), ..., tr(ij,jk p)), where r; and Qj, are defined in
(10), and

E(UraMy =Bj,) =mtr(Qjap),
Var(Uga M =Bj) = mtr(Qjap)[1 — tr(Qjap) ]
Cov(Uka, UMy =B ) = —mtr(Qj,ap) r(Q 50,
a#b,a,b=1,...,rj,
Then
T

E(Ng Mg =Bj,) = Y %juatt(Qjiap) = tr(Bj p) = tr(Myp),

a=1

/s

Var(Ny My =Bj,) = — metr@]kap)[ — tr(Qjap)]

2 Tie  Tik
[ — Z Z )\'jka)\‘]'kb tr(Q]kap) tr(Q]kbp)

a=1b=a+1

= Liu(B2 p) - [B )]

= %{tr(M%p) — [rMeo) ).

From (28) and (29), we have that given X; = B, r,f = rj,, and multivariate
normal random vector Vi = (Viq, ..., Vk,jk)/ =m(Ykl - Yir), )" has conditional
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mean and conditional covariance matching those of Uy = (Ugy, ..., Uk,jk)/ . With
X =B, we may rewrite (29) and (30) as follows:
Via =mtr(Qj,ap) + MZka, a=1,...,rj,
(49) rij rij
1 Jk Jk
Yy = . > MaVeas ek = MaZka-
a=1 a=1

Denote by Q’f’n’ 0 the distribution of (X%, V). Then Q’f,n’ 0 for different k are in-
dependent, and

n
(50) Qinp=[]Q ,p
k=1

where Q1 ,,,, is the joint distribution of (X, Vi1, ..., Vkrlg(), k=1,...,n. Note
that, since Vi = (Vi1 ..., Vi, Y =m(yets .-, yk,jk)/, and the two statistical ex-
periments formed by the distribution of (Xg, Vi1, ..., Vk’fk) and the distribution of
Xks Yils -« Yir jk) have zero deficiency distance, without confusion we abuse the
notation Qy , , by using it here for the joint distribution of (X, Vi1, ..., Vkr,f‘)’
k=1,...,n, as well as in (31) for the joint distribution of (Xg, yk1,---, ykrkx),
k=1,...,n.

Conditional on My =B, for k =1,...,n,if |Z;(p)| <1, Q} , , and Q5 , ,

are the same degenerate distribution; if |Z;, (p)| > 2, Q’; n.p is a multinomial dis-

tribution with Qé*n 0 its uniform perturbation, and Q’f n.p

distribution with mean and covariance matching those of Q’in’ o Thus applying
Lemma 3, we obtain that given (X1, ..., X,) = Mj,...,M,) =®Bj,,...,B;,),

1s a multivariate normal

Ck? &
S Qunp = Qo plrv < H(@np. Q,0p) < = = S Tic(0)| 2 2),
k=1

where the first inequality is due to (42). As (47) and (49) imply that N;* and Y} are
the same weighted averages of components of U} and V/, respectively, Py ,, , and

IP3 . p are the same respective marginal probability measures of Qi,n,p and Q3 ,, ;.

Hence, conditional on (X1, ...,X,,) = M;y,...,M,),

(52) IP1n0 = P3uplry < 1Qunp — Q3 pllry-
With Xj and My are sampled from B according to distributions IT and E, respec-
tively, we have
”Pl,n,p - i,n,p HTV
()
E"(J)
(53) +En(En[|Pin, — Pz,n,p”TV|X1 =M, ..., X, =M,])

< max |1 —

1<j<p




QUANTUM STATE TOMOGRAPHY AND NOISY MATRIX COMPLETION 2487

I1(j)
=)
+ El-[ (El'[[”@l,n,p - Q;n’p “TV|X1 = M]v LR} Xn = Mn])

1/2
<nyp+TEn([21| (p>>2} )

12
oy (Z En1(Z, (0] = z)])

<n max
I<j<p

C nop 1/2
<ny,+ «/—%(Z > o OWMI(Zi(p)] = 2))

k=1 j=1

» 172
=nyp,+ ( Z (HU(|Z; (p)\>2)>

£\ 12
<n)/p+CK< p) 9
m

where the first three inequalities are, respectively, from Lemma 4, (52) and (51),
the fourth inequality is applying Holder’s inequality, and the fifth inequality is due
the fact that X; and My are the i.i.d. sample from B. Combining (39) and (53), we
obtain

8(Pan, Pin) <infsup |Pinp — KP2n,p) |y
Kk peB

(54) < sup IP1np =P34l 1y
pEO

c 1/2
<n)/p+CK< P) .
m

To bound & (P1,, Pan), we employ a round-off procedure to invert the uniform

perturbation used to obtain Q;n, o and IP’; n.p in (48) [also see Carter (2002),

Section 5]. Specifically let Vi = (V}3,.. Vkvk)/ , where V¥ is a random vec-
tor obtained by rounding Vi, off to the nearest integer, a = 1,..., v — 1, and
Vk*Vk =m—=V—-— ka »—1- Denote by Q’l‘*n p the distribution of (X, V) and

IP”l"*n’p the distribution of (Xi, (A1 Vi + -+ + Ak, Vi, )/m), and let

(55) lnp annp’ lnp lenp
k=1

It is easy to see that for any integer-valued random varlable w,
round-off of [W + uniform(—1/2,1/2)] =W
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and thus the round-off procedure inverts the uniform perturbation procedure. De-
note by K¢ and K the uniform perturbation and the round-off procedure, respec-
tively. Then from (48), (50) and (55) we have

K1(Q1.n.p) = Q7,5 Ko@Q2,,0) = Q3 p>
K1[Ko(Q2.0.0)] = K1[Q3 ,, ;] = Q2.p-
From (56), we show that conditional on (X1, ..., X,,) = Mi,...,M,),
1Q7 .p = Q2npllry = 1K1 (Q1n,0) — Ki[Ko(Q2,n,0)] |1y
= || K [@l,n,p - KO(QZJLP)]”TV
< Qi.n.p — Ko @Q2.1,0) | pv

= ”Ql,n,p - @;,n,p”TV’

which is bounded by (51). Using the same arguments for showing (52) and (53)
we derive from (51) and (57) the following result:

(56)

(57)

”]P)T,n,p —Ponp ”TV

12
u(]) -
(58) <n max 1- 1‘[(]) ( ;u(J)l 1Z;(p)| >2))
£\ 12
<né +CK( p) ,
m

and applying (39) we conclude
8(731119 PZn) =< lnf SUP “K(Pl n p) - PZ n,p ”TV
K peco
(59) <sup [Py, , —P2nplry
pEB

£\ /2
<né +CK( p) .

m

Collecting together the deficiency bounds in (54) and (59) we establish (22) to
bound the deficiency distance A(Pj,, Pa,) for the random design case. For the
special case of I1(j) = E(j) =1/p, yp =0 and

p

p
) = mas [z D022, 326150 22|
j=1

p
S (T = 2).

Jj=l1

1
4
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The result (24) follows. [

For the fixed design case, the arguments for proving (26) are the same except
for now we simply combine (51), (52) and (57) but no need for (53) and (58).

PROOF OF THEOREM 2. The proof of Theorem 1 has essentially established
Theorem 2. All we need is to modify the arguments as follows. As in the derivation
of (53) we apply Lemma 4 directly to Q1 ,,, and an’ 0 and use (51) to get

||Q1,n,p _Q;,n,p”TV

()

B"(j)

+ EI'I(EH[”QLn,p - Q;,n,p”TV|X1 =M, ... X, = Mn])

1/2
<nyp,+Ck (@> ,
m
and then we obtain, instead of (54), the following result:
6(92}17 an) =< inf sup ”Ql,n,p - K(QZ,n,p)HTV
K pEB

< max |1 —

T l=j<p

(60) < sup|Qunp — Q3 p 7y
peB
1/2
<nyp,+Ck <@) .
m
As in the derivation of (58), we apply Lemma 4 to @T,n’ o and Q3 ,,, and use (51)
and (57) to get
)
* . < 1= —22
HQl,n,p Quplry =n lrfnjagp ()

Ck P "
+ «/_n_1<n,§ ENM(Z;(0] = 2)>

172
<nd, —l-CK(@) )
m

and then we obtain, instead of (59), the following result:

8(ans QZn) < inf sup ”K(@l,n,p) - Q2,n,p HTV
K peB

(61) < sup|Q7, , — Qanpllry
pe®

1/2
<né,+ CK(—n{p> .
m
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Putting together the deficiency bounds in (60) and (61) we establish (33) to bound
the deficiency distance A(Qy,, Qo) for the random design case. [J

7.3. Proofs of corollaries. To prove corollaries, from Theorems 1 and 2 we
need to show the given bounds on ¢, and then substitute them into (24) and (34).
Below we will derive ¢, for each case.

PROOF OF COROLLARY 1. We first analyze the eigen-structures of basis ma-
trices given by (3). For diagonal basis matrix B; with 1 on (£, £) entry and O else-
where, its eigenvalues are 1 and 0. Corresponding to eigenvalue 1, the eigenvector
is ey, and corresponding to eigenvalue 0, the eigen-space is the orthogonal com-
plement of span{e;}. Denote by Qo and Q;; the projections on the eigen-spaces
corresponding to eigenvalues O and 1, respectively.

For real symmetric nondiagonal B; with 1/ V2 on (€1, €2) and (€2, £1) entries
and O elsewhere, the eigenvalues are 1, —1 and 0. Corresponding to eigenval-
ues £1, the eigenvectors are (e;, £ eg,)/ V2, respectively, and corresponding to
eigenvalue 0, the eigen-space is the orthogonal complement of span{e;, £ ey, }.
Denote by Qjo, Q;1 and Q; _ the projections on the eigen-spaces corresponding
to eigenvalues 0, 1 and —1, respectively.

For imaginary Hermitian B; with —/—1/+/2 on (£1, £;) entry, /—1/+/2 on
(€2, £1) entry and O elsewhere, the eigenvalues are 1, —1 and 0. Correspond-
ing to eigenvalues £1, the eigenvector are (e;, + VAT er,)/ V2, respectively, and
corresponding to eigenvalue 0, the eigen-space is the orthogonal complement of
span{e,, \/—_legz}. Denote by Q;o, Q;1 and Q; _; the projections on the eigen-
spaces corresponding to eigenvalues 0, 1 and —1, respectively.

For diagonal B; with 1 on (¢, £) entry, it is a binomial case,

tr(pQjo) =1 —tr(pQ;1), tr(pQj1) = e, per = pye
and
IZi(p)|=2-1(0 <tr(pQ;1) < 1) + 1(tr(pQ;1) = 1) + 1(tr(pQj1) = 0).

In order to have |Z;(p)| > 2, we need tr(pQ;1) = p¢¢ € (0, 1). Since p has at most
s4 nonzero diagonal entries, among all the d diagonal matrices B there are at most
sq of diagonal matrices B; for which it is possible to have tr(pQ;) € (0, 1) and
thus |Z;(p)| > 2.

For nondiagonal B, it is a trinomial case,

tr(pQjo) =1 —tr(pQ;1) — tr(pQ; 1),

and tr(pQ;+1) depend on whether B; is real or complex.

For real symmetric nondiagonal B; with 1/ V2 on (€1, £7) and (€3, £1) entries,

tr(pQj+1) = (er, L ep,) pler, L eg,)/2
= (pe,0, + Peats £ 0010, T P2, /2

1 Pee,  Peye )( 1 )
= —(1,+1 141 142 :
3 . (,Oezel peaty ) \E1
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and for imaginary Hermitian nondiagonal B; with —/—1/ V2 on (£1,£) entry
and «/—1/«/5 on ({», £1) entry,

tr(pQjz1) = (e, £v/—leg,) pley, £v/—1leg,)/2
= (Pelel + poye, £V =1pe0, FN—=1p03¢,)/2

1
1 /_ (1051@1 06162) ( ) ]
( + ) Peyey Pl + \% -1

As p is semi-positive with trace 1, matrix

(/041131 ,Oelez)

Plrty  Plyly

must be semi-positive with trace no more than 1. Of pg,¢, and py,¢,, if one of them
is zero, the semi-positiveness implies pg,¢, = pe, ¢, = 0. Thus, the 2 by 2 matrix

has four scenarios:
(pml pz,ez) or (,Om, 0) (O 0 ) or <0 O)‘
Pty P, 0 0 0 pese 0 0
For the last three scenarios under both real symmetric and imaginary Hermitian
cases, we obtain

tr(pQ;1) =tr(pQj,—1) = peye, /2 Or  prye, /2 or 0.

For both real symmetric and imaginary Hermitian cases, in order to have
IZ;(p)| = 2 possible, at lease one of pg ¢, and p¢,¢, needs to be nonzero. Since
p has at most s; nonzero diagonal entries, among (d> — d)/2 real symmetric non-
diagonal matrices B; [or (d®> — d)/2 imaginary Hermitian nondiagonal matrices
B ], there are at most dsg — s4(sq + 1)/2 of real symmetric nondiagonal B; (or
imaginary Hermitian nondiagonal matrices B;) for which it is possible to have
tr(pQ;1) € (0,1) or tr(pQ; —1) € (0, 1) and thus |Z;(p)| > 2.

Finally, for p € ©;, putting together the results on the number of B; for which
it is possible to have |Z;(p)| > 2 in the diagonal, real symmetric and imaginary
Hermitian cases, we conclude

p
Z L(|Zi(p)| = 2) <dsa — sa(sa + 1) + 54 <dsq
=1

and

1
= max —
Cp pee |1 -

0 M“

0] 22| <% )

PROOF OF COROLLARY 2. The Pauli basis (4) has p = d?* matrices with
d =2 We identify index j =1,..., p with (£1,¢2,...,£05) €{0,1,2,3}?, j =1
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corresponds to £ = --- = ¥{; = 0, and B; = I;. In two dimensions, Pauli ma-
trices satisfy tr(op) = 2, and tr(o) = tr(o2) = tr(o3) = 0. Consider B; =04, ®
0, ® -+ ®0ay,. tr(B;) =tr(og)tr(oyg,) - --tr(oyg,); tr(By) =d; for j # 1 [or
(L1,...,€Lp) #(0,...,0)], tr(B;) = 0 and B; has eigenvalues 1. Denote by Q +
the projections onto the eigen-spaces corresponding to eigenvalues +1, respec-
tively. Then for j # 1,

B;=Q;1-Q,-. B}=Q;;+Q;-=L, B;jQj+=%Q}.=+Qjx,

0=tu®)) =tw(Q;+) —tr(Q;-), d=tr(Iz) =tr(Qj+) + tr(Q;-),
and solving the equations we get
(62) w(Qj+)=4d/2, tr(B;Qj+) = £tr(Qj+) ==+d/2, J#L
For j # j', Bj and B are orthogonal,

0= tr(Bj/Bj) = tr(Bj/Qj+) — tI‘(Bj/Qj_)
and further if j, j/ # 1,
B;iQj++B;Q;-=B;(Q;++Q;j-)=Bj,
tr(BJ'/Qj+) + tI'(Bj/QJ'_) = tr(Bj/) =0,

which imply
(63) r(B;/Qj+) =0, J#J 0 # L

For any density matrix p with representation (36) under the Pauli basis (4), we
have 1 =tr(p) = o tr(B1) = do; and hence «; = 1/d. Consider special density
matrices p € ©; with expression

(64) — Ly 4 lp,
Pma ™ am

where 8 is a real number with |8| < 1, and index j* # 1.
To check if |Z;(p)| > 2, we need to evaluate tr(pQ;+) for p given by (64),

j=1,...,p.
For j =1, By = Qi+ =14, and since tr(B+) = 0, we have

1
(65) wpQi) = ol + o uBy =1
For j = j*, from (62) we have tr(Q;++) = d/2 and tr(B ;«Q 4 ) = &d /2, and thus
1 i 1+8
(66) tr(pQj++) = Etr(Qj*i) + Etr(Bj*Qj*i) =— € O, D).

For j # j*or 1 [ie., (£1,...,€p) # {7, ..., £;) or (0,...,0)], from (63) we have
tr(B;+Q;+) =0, and thus

1 B 1 1
(67) tr(pQ;+) = 7 tr(Q;+) + 7 tr(B;+Q;+) = p tr(Q,+) = 3
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Equations (65)—(67) immediately show that for p given by (64) and j # 1,
tr(pQj+) € [(1 —1BD/2, (1 +18D/2], 1Zj(p)| =2, and

P
Y UZj|=2)=p -
j=1
which implies
Y 1

max I(,o)>2 >1——.
pe®f Z: ‘ ’ P 0

PROOF OF COROLLARY 3. We use the notation and facts about the Pauli basis
(4) in the proof of Corollary 2: p = d?, d = 2%, and we identify index j =1,..., p
with (€1, €2, ..., £) €{0,1,2,3}". Consider B; =04, ® ¢, ®---® 0. For j =
Iforé;=---=4¢,=0],By =1y, and for j # 1 [or ({1,...,€,) #(0,...,0)], B;
has eigenvalues &1, Q. are the projections onto the eigen-spaces corresponding
to eigenvalues *1, respectively, B; =Q;; —Q;_,and I; =Q;+ +Q;_.

Let

e=/2/7[(v/3/2.1/2) + (/3/2.V=1/2)] = (J6/7. /14 + /- 1/14).

Then for £ =0, 1,2,3, @y =e'oeis equal to 1, 24/3/7, 24/3/7 and 5/7, respec-
tively. Let U = e®” and p = UU". Then p is a rank one density matrix, and

r(pQj+) + r(pQj-) =tr(p) =1,
tr(pQj4) — tr(pQ;— )_tr(pBJ)_U B;U = (efare) x - x (efay,e)

=Wy, Wy,

Solving the two equations we obtain tr(pQ;+) = (1 £ @y, - - @y,) /2.

For j#1 [or (€1,...,4p) # (0,...,0)], (@e¢,,....,w¢,) #(1,...,1),and 0 <
wy, -y, <5/7, and thus tr(pQ;4+) > 1/2 and tr(pQ;_) > 1/7, which immedi-
ately shows that for the given rank one density matrix p and j # 1, |Z;(p)| =2,
and

14
Y UZiwl=2)=p-1,

j=1
which implies

1 & 1
max —Z |I(p)}>2}21—;.

pEO, | p © =l O

PROOF OF COROLLARY 4. Since under gy, ..., g4, basis matrices B; defined
in the corollary have the same behavior as matrix basis (3) under ey, ..., e;, from
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the proof of Corollary 1 on the eigen-structures of matrix basis (3) we see that
under g, ..., g4, B; has possible eigenvalues 0 and 1 for diagonal B; and eigen-
values 0, 1 and —1 for nondiagonal B;. For the diagonal case, corresponding to
eigenvalue 1, the eigenvector is gy; for the real symmetric nondiagonal case, cor-
responding to eigenvalues 1, the eigenvectors are (g¢, = g¢,)/ V2, respectively;
and for the complex Hermitian nondiagonal case, corresponding to eigenvalue %1,
the eigenvectors are (g¢, £ «/—_lggz) / V2, respectively. Denote by Q o, Q;1 and
Q; 1 the projections on the eigen-spaces corresponding to eigenvalues 0, 1 and
—1, respectively.
For diagonal B; with j corresponding to (¢, £), it is a binomial case,

w(pQjo) =1 —tw(pQ;n,  wpQj) =gpg =Y  &|U]ge|
a=1

and

IZi(p)| =2-1(0 < tr(pQ;1) < 1) + L(tr(pQ;1) = 1)
+ l(tl’(ijl) = 0).
In order to have |Z;(p)| > 2 possible, we need tr(pQ;1) € (0, 1). Since p is gen-
erated by at most r vectors U,, and for each U, there are at most 2y of g, with
U J g¢ # 0, among all the d diagonal matrices B; there are at most 2ry of diagonal

matrices B for which it is possible to have tr(pQ 1) € (0, 1) and thus |Z; (p)| > 2.
For nondiagonal B}, it is a trinomial case,

tr(pQjo) =1 —tr(pQ;1) — tr(pQ; 1),

and tr(pQ;+1) depend on whether B; is real or complex.
For real symmetric nondiagonal B; with j corresponding to ({1, £2),

tr(pQ;+1) = (8¢, £80,) P8, £86,)/2= Y 6| U] (e, £ 80,)[*/2:

a=1

and for imaginary Hermitian nondiagonal B; with j corresponding to (£1, £2),

tr(0Qj+1) = (8¢, £ v —1gr,) p(ge, £/ —1gr,)/2
=" &|U (g0, £V~ Tge) /2.

a=1

In order to have |Z;(p)| > 2 possible, we need tr(pQ;1) € (0,1) or tr(pQ;_1) €
(0, 1). Since p is generated by at most r vectors U,, and for each U, there are at
most 2y number of g, with U aT g, # 0, among (d*> — d)/2 real symmetric nondiag-
onal matrices B; [or d* — d) /2 imaginary Hermitian nondiagonal matrices B;],
there are at most 4ry2 of real symmetric nondiagonal B j (or imaginary Hermi-
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tian nondiagonal matrices B ;) for which it is possible to have tr(pQ ;1) € (0, 1) or
tr(pQ; —1) € (0, 1) and thus |Z;(p)| > 2.

Finally, for p € ©,,,, combining the results on the number of B; for which
it is possible to have |Z;(p)| > 2 in the diagonal, real symmetric and imaginary
Hermitian cases, we conclude

14
Y 1(Zi(p)| = 2) < 8ry? +2ry,

j=1
and
1 & 2ry(4y+1)
{p = max —Z (IZ;(p)]=2)t < ————.
pe@r,/ p]:l p ]

APPENDIX: PROOFS OF LEMMAS 24

PROOF OF LEMMA 2. For r = 2, it is the binomial case, and the lemma is a
consequence of (43) and Lemma 1.

For r = 3, write (U1, Uz, U3) ~ P and (Vy, V», V3) ~ Q. Add independent uni-
forms on (—1/2, 1/2) to U; and U, denote the resulting random variables by U}
and U7J, respectively, and let Uy =m — U — UJ. Then (U}, U5, Uy) ~ P*. Note
that Uy + U + U3 =U{ +U; + U5 = Vi + Vo + V3 =m, and U; and U; are
equal to the round-offs, [U{] and [U5], of U and U5, respectively, here round-off
[x] means rounding x off to the nearest integer.

For trinomial random variable (Uy, U,, U3) ~ M(m, 6y, 6>, 63), we have U;| ~
Bin(m, B1) = Pj, the conditional distribution of U given Uy: Uy |U; ~ Bin(m —
Ui, B2) = P2, and U3 =m — Uy — U, where 1 =01, B = 0,/(0r + 03), B3 =
603/(02 + 03). Since 6; are between ¢ and ¢y, B> and B3 are between cy/(co + ¢1)
and c1/(co + c1). We have decomposition P = P P;.

Denote by P|" the distribution of U} and P; the conditional distribution of U5
given U{. Then P|" is the convolution of Py and an independent uniform distribu-
tion on (—1/2,1/2). Since the added uniforms are independent of U}, and U; is
the round-off of U}*, the conditional distribution of U given U] is equal to the
conditional distribution of Ui“ given Uy = [U ;"], which in turn is equal to the con-
volution of P, and an independent uniform distribution on (—1/2, 1/2). We have
decomposition P* = P P}.

For trivariate normal random variable (Vi, V;, V3) ~ Q, we have V| ~ N (mf1,
mpB1(1 — B1)) = Qj, the conditional distribution of V; given Vi: V5|V ~ N((m —
V) B2, m(1 — B1)B2f3) = Or, and Va =m — Vi — V2. We have decomposition
0=010>.
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As there is a difference in conditional variance between P, and Q;, we define
V, ~ Q) = N((m—Vy)Ba, (m— V1)B2B3) to match the conditional variance of P,,
and V5 =m — V| — V,. Simple direct calculations show that given Vi,

3 m— Vi 2
(©8) #(0 0) =5 (1- 05 )
Note that P* = P[Py and Q = Q1 Q> are probability measures on {(x1, x2, x3) :
x1 +x2 +x3 = m}. Define probability measures Q1 Q) and P;* Q) on {(x1, x2, x3) :
x1 + x2 + x3 =m}, where Q1 and P} are their respective marginal distributions
of the first component, and QY is their conditional distribution of the second com-
ponent given the first component. We use Q1Q% and P;"Q) to bridge between
P* = P[Py and Q = Q1 Q>. Applying triangle inequality we obtain

H(P*, Q) < H(P*, 010%) + H(Q105, Q)
(69) < H(P{' Py, P{' Q) + H(P{ 03, 010))
+ H(Q105, 0102).

Using (40), (43), Lemma 1 and (68) we evaluate the Hellinger distances on the
right-hand side of (69) as follows:

2 / _ dQ1dQ>  [dQi1dQ) |
H (QIQQ,QIQZ)—/‘\/dxl d \/dxl dxs dx1dxy
dQ» sz
_/dQlf‘V dx; dez
(70) = Eg,[H*(02, 05)]

3 m—Vy \?
SEQ‘[§<1_m(1 —,31)) ]

381 36,

31a

= =< =<
2m(1—B1) — 2m(62 +63)
where (68) is used to bound H2(Q>, Q) and obtain the first inequality

, , dPf  [dQ|?

P10y 0109 = [ |90 - 92!

[apy  [dQ:]?

1 _/‘ dx1 dx1

<exp(—Cm!/3) +

dxi /ng

dx; = H*(P}, Q1)

C
7<_’
mOi (1 —61) — m
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where Lemma 1 and (43) are used to bound H%(P¥, Q1) and obtain the first in-

equality
ap; _ [do5p
PPy, P dpP
H*(P} Py, Py Q) / 1/‘ drs i
= Ep;[H*(P5, 05)]
(72)

d Py
ool )
2

. dP}
<2P (A)+Ep* lAlEP* 1A210ng
2

It

where we use (43) to bound H 2(Pz*, Q/z) and obtain the last two inequalities, A =
A1 N Ay, and

= (|U1 —mpi| < [mp1 (1 — BD]°),

Ay ={|Us— (m = UDBa| < [m — UD B2(1 — p2)]°).

We evaluate P*(A°) as follows:

P*(A°) = P(AJU[ATNAL]) = P(A]) + P(A3 N Ay)

= P1(A]) + Ep[1a, P(A5|U1)]

(73) < exp(—Cm'3) 4 Ep[14, exp(—=C{m — U1}'/?)]
<exp(—=Cm'?) + exp(=C{m — mpy — [mp1(1 — BD]*}'7?)
<2exp(—Cm!/3),

where we utilize Lemma 1 to derive P (A{) and P(A5|U), and bound m — Uy by
using the fact thaton Ay, Uy <mpB; +[mpB1(1 — ,81)]2/3. Again we apply Lemma 1
to bound E1c:2*[1A2 log % |U1] and obtain

2

dP
Epiila Epy|1a,log d—Q2’U1

C
74 Epxil
79 fﬂ{mm—mmm—mJ
C C
< < =
~ (m—mpy — [mp1(1 — BDI¥HB(1 = B2) ~ m
where to bound 1/(m — U;) we use the fact that on Ay, Uy <mp; + [mB1(1 —

B,
Substituting (73) and (74) into (72) and then combining it with (69)—(71) we
prove that the lemma is true for r = 3.
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Consider the r + 1 case. Write (Uy, ..., Uy, U;y1) ~P, U+ -+ U,y =
m, and decompose P = Py P;--- P,_1 P,, where Uy ~ P = Bin(m, 1), Pj =
Bin(m — T;_1, ;) is the conditional distribution of U; given Uj,...,U;_1,
Tij=Uj+---+Uj,B1=061,8;=0;/(1—01 —---—06;_1). Since 0; are between
co and ¢y, all B; are between cy/(co+rcy) and ¢y /(co + c1) that are bounded away
from O and 1.

Similarly write (Vi,..., Vs, Vig1) ~ 0O, Vi + -+ + V.41 = m, and decom-
pose Q= 0102+ Qr—10Qy, Where Vi ~ Q1 = NmpBy,mpB1(1 — 1)), and Q; =
N((m—S;j_1)Bj,m(@;+---+06,41)B;(1 — B;)) is the conditional distribution of
Vjgiven Vi, ..., V;_1,where §; =V +---+ V;.

As there are differences in conditional variance between P; and Q j, we handle

the differences by introducing Q’/- -+ Q. as follows. Given V1, ..., V;_; we define
Vi,...,VL,vVi )~ Q' j .-+ Q)., where the conditional distribution of V; given
V1,... Vi1, V seens Vi s Qe =N((m —S)_Be, (m — S,_)Be(1 — By)) for
L=j,..., rV 1—m_V1 —Vj_l—Vj— —Vr/,andSe—Vl-i- -+
Vici+ V/ + -+ Vz' Then given V1, ..., V;_q,

3 m—Sj_ 2
75 H%*(0;, Q' <—(1— / )
(75) (). 07) =3 @ Tt )
Add independent uniforms on (—1/2, 1/2) to Uy, ..., U,, denote the resulting cor-
respondlng random variables by U7, Y,and let UY, | =m — U{ —--- — U}. Then
Wy, ..., 1)~P* NotethatU1+ AU =Uf+-- —{—Ur*+1—V1+ -+
Vig1 = m, and U; is equal to the round-off of U* Let P* = P{Py--- P | P},

where we denote by P} the distribution of U} and P* the cond1t10na1 distribu-
tion of U ¥ given U{,..., U7 i Then P; is the convolutlon of P; and an in-
dependent uniform distribution on (—1/2,1/2). Since the added uniforms are
independent of U, and U; is the round-off of U7, ¥, the conditional distribution
of U; * given U], ...,U _; 1s equal to the condltlonal distribution of U; * given
Uy = [Ul] JUj1 = [U _1], which in turn is equal to the convolutlon of P;
and an 1ndependent unlform distribution on (—1/2, 1/2).

Note that P* = P{--- P and Q = Q;---Q, are probability measures on
{(xl, cees Xpy Xp41) 1 X1 + - -+ 4+ xp41 = m}. We define probability measures Qg - - -
oF /+1 -~ Q) and Pfk---R;“_lQ/j.-~-Q; on {(xX1,...,%Xr, Xp41):ix] + --+ +
Xrg1 = m} Jj=2,...,r, and use them to bridge between P* and Q. Applying
triangle inequality, we have

H(P*,Q)<H(P*,Q1---0r10Q,)+H(Q1---0,-10,, 0)
<H(P*, Q1 0,20, ,0;)
+H(Q10r20,_,0,,01--0,-10))
(76) +H(Q1---0,-10,.0) <
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<H(P*,0105--- Q)
r
+Y H(Q1Qj1Q) - Qb Q1 Q04 - 0))

and
H(P*, 0105 Q,)
<H(P* P{ P Q)+ H(P P 0,.010; Q)
(77 <H(P*, P P/ Q,)+H(P - P/ Q. P+ P/ ,0,_,0))
+H(P{ - P50, 10,0105 Q;)
r
< --SZH(Pf“~~~P}"Q§+1---QL,Pf’“--P}"_lQ}---Qi)-

Substitute (77) into (76) to get

-
*.0) < ZH(PT“'P;Q}H'“Q;»Pfk“'P}k—1Q/j'“Q;)
(78) )
+ZH(Q1"'Qj—1Q/]'"'Q;”Q1"'QjQ/j-H'“Q:’)'
Using (40), (43), Lemma 1 and (75) we evaluate the Hellinger distances on the

right-hand side of (78) as follows:
H*(Q1-+-Qj-10}- 0. 01--- 0,0, Q))

= [ao:- dQ”/\\/g

2
o5 [ 0011140,

dQ; ag’; ?
= [a0i-da /‘/ U e Ny
/ Qr-dQjm dx] dx;j *
(79) =Ep,. Q- 1[ (Q/vQ'
3 m—S~_1 2
2 m@;+---+6,41)
_ 304 =6 = =) _ 301

©2m@j 4+ 641 T 2m(0 +6,41)

[A

I|Q
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where we use (75) to bound the Hellinger distance H 2(Q js Q’j) and obtain the
first inequality

HZ(Pf...PJ?“Q/jH...Q;,Pfk...pf_]Q}...Q;)

2
1 -1 dx;j dx;j

b5 [ a0)1--d0]

dP* dQ),
:/d,g;..w, - |
\ Xj \ Xj

= EP?‘"'Pfq [HZ(P;F, Q/j)]

dx]

80) SEﬁmﬁl@PﬂAﬂr~UAﬁUbnwufo

)
)

<2P*(ALUUAC)+EP* pP* (IA A ¢ )
- ! ST T e~ Ty )1~ ) )

where we use (43) to bound the Hellinger distance H2(P?, Q/j) and obtain the first

k

J
/
Q;

+ 1A1---A_/',1EP;‘ |:1Aj

— 2P*(ASU---U A°)

+Ep;..pr | <1A1 L Ep: [1AJ log —+

Q

*

dp?
inequality, we employ Lemma 1 to bound E P [14, log d—d |Ut,...,Uj—1] and get
the last inequality, and for £ =1, ..., j, !
Ag={|Ug—(m—Uy == Up-D)Be| < [n = Us —--- = Ue—pBe(1 - )]}

Note thaton A1, Uj—1 < (m —Tj_2)Bj—1 + [mBj_1(1 — ﬂj_l)]2/3. Then for
j=1,...,rwehaveon Ay---A;_,

m—Tj_
=m—Tj»—-Uj_
> (m—Tj_)(1—Bj_1) — [mBj_1(1 — ;D]
>m—T;3)(1—B;-2)(—Bj-1)
— (1= Bj-D[mBj—2(1 = B;—) — [mBj—1(1 - ;—]*" = -
@) =md =B (1—Bj-1)
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j—1
m?3 3" [Be(1 = BT (1 = Bo)--- (1 — Bj—1)
=1

>Cm

and thus

(82) E (1 y ) o
PyPi_y A""Aj"(m— j-DB; (1= Bj) "

We evaluate P*(A{U---U AC.) as follows:

J J
U AS=J(AjA—1 -+ Ay),
=1

=

—

j j
P*(U A;) > PH(AjAp_y--- A))
=1

=

—

j
(83) = P*(A]) + > Ep+[la,.a, P*(A{IUL, ..., Up1)]
=2

J
< exp[—le/S] + Z Ep<(14,..a,_, exp[—C(m — Tg,l)m])
=2

j
fz [—Cm!'?] < jexp[-Cm!'/3],

where Lemma 1 is employed to bound P*(A{) and P*(AElUl, ..., Up_1), and we
use (81) to bound m — Ty—;.

Plugging (82) and (83) into (80) and combining it together with (78) and (79),
we obtain
Cr—-1

= C}1/2

H(P*, Q) < + Z{Zj exp[—Cm'/?]+ =
j=1

m

C
< 7% + r? exp[—le/a],
which proves the lemma for the r + 1 case. [
PROOF OF LEMMA 3. Since Py, P}, Qi for different k are independent, an

application of the Hellinger distance property for product probability measures
[Le Cam and Yang (2000)] leads to

H2(P*, Q) < Y H*(P{. k).

k=1
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We note that if vy < 1, both Px and Qy are point mass at m and thus H (Py, Qx) =
0. Hence,

n
H?*(P*, Q) <Y H*(P{, Q)1 (v = 2).
k=1
Applying Lemma 2, we obtain

n 2
H*(P*, Q) < Z[K4exp(—Cm1/3) + %}l(vk >2).
k=1

For m exceeding certain integer my,

C 2
bl > i exp(—Cm'/?)
m

and hence for m > my,
Ck*
Hz P*’ <— lv >2
(P, 0) < m ]; (v >2)

For m < mg, we may adjust constant C to make the above inequality still holds for
m<mgy. U

PROOF OF LEMMA 4.

IF —Glitv = | Fi(x) x Fai(y|x) — G1(x) x G2j1(y1%) |1y
< |Fi(x) x F(ylx) — Fi(x) x Goj(y1x)| 1y
+ | Fi(x) x G2j1 (y1x) — G1(x) x G (y1x)]|py
= |F1()[F2n(y1x) = Gop (310)] [ py
+[Fi0)G &, 1)/ Ga(x) = G, 3) |1y

where

| F1 ) [Fa1 (v1x) — Goji (0120)] |y

= Eg[| P21 C1UD = G CIVD | oy IUL = V1,
|Fi(x)G (x,y)/G2(x) = G(x, y) |1y

= [[F1(x)/G1(x) = 1]G(x, y)| 1y

PU, =
e 116Gy | = man

P(U;i=x) _
P(Vi=x

P(Vi =x) ‘ N

X

< max{
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