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Abstract: Estimation of sparse, high-dimensional precision matrices is an
important and challenging problem. Existing methods all assume that ob-
servations can be made precisely but, in practice, this often is not the case;
for example, the instruments used to measure the response may have limited
precision. The present paper incorporates measurement error in the context
of estimating a sparse, high-dimensional precision matrix. In particular, for
a Gaussian graphical model with data corrupted by Gaussian measurement
error with unknown variance, we establish a general result which gives suf-
ficient conditions under which the posterior contraction rates that hold in
the no-measurement-error case carry over to the measurement-error case.
Interestingly, this result does not require that the measurement error vari-
ance be small. We apply our general result to several cases with well-known
prior distributions for sparse precision matrices and also to a case with a
newly-constructed prior for precision matrices with a sparse factor-loading
form. Two different simulation studies highlight the empirical benefits of
accounting for the measurement error as opposed to ignoring it, even when
that measurement error is relatively small.
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1. Introduction

The precision matrix, namely, the inverse of the covariance matrix of a Gaus-
sian random vector, is a key object in multivariate analysis because of its role
in describing conditional distributions. Let there be observations X1, . . . , Xn,
independent and identically distributed (i.i.d.) from a p-dimensional, mean-zero
Gaussian distribution, Np(0,Σ), where Σ denotes a p×p positive definite covari-
ance matrix, with corresponding precision matrix Ω = Σ−1. The goal is to make
inference on the unknown Ω, especially in the high-dimensional situation when
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p is large. Even for relatively modest p, the information available in the data
may be insufficient because the number of unknown parameters to be estimated
is of the order of p2, which can exceed n. The problem can be often addressed if
the precision matrix has a certain structure that allows a significant reduction in
the number of free parameters in the model. For example, in Gaussian graphical
models [24], it is common to assume that there are only a few intrinsic dependent
relationships in the graph and the underlying graph describing the dependence
structure is sparse, thus leading to a precision matrix Ω with many zeros on the
off-diagonal. Therefore, the sparsity simultaneously simplifies the dependence
structure and effectively reduces the dimension of Ω, potentially paving the way
for accurate estimation. Regularization methods are often used to incorporate
the intended sparse structure into the estimator. Yuan and Lin [33] and Baner-
jee, Ghaoui and d’Aspremont [1] proposed to add an �1-type penalty to the
negative log-likelihood, leading to the so-called graphical lasso estimator. A fast
computational method using the coordinate descent algorithm was introduced
by Friedman, Hastie and Tibshirani [18]. Inspired by the desirable properties of
the smoothly clipped absolute deviation (SCAD) penalty [15] which uses folded
concave penalties to avoid the known problem of bias due to excessive shrinkage
of large non-zero entries, Fan, Feng and Wu [14] proposed the graphical SCAD.
Cai, Liu and Luo [6] designed a procedure based on the Dantzig selector [7]. The
procedure minimizes the �1-norm of the precision matrix, while it constrains on
the sup-norm between the identity matrix and the product of sample covariance
matrix with the precision matrix. In the Bayesian literature, several priors were
considered for a sparse precision matrix and resulting computational procedures
were developed. Wang [32] developed the Bayesian graphical lasso, which speci-
fies a Laplace prior on the off-diagonal entries of the precision matrix and an ex-
ponential prior on the diagonal entries independently. He also developed a clever
computational trick, known as scaling-it-up, to cancel out the normalizing con-
stant in each posterior sampling stage. Since a Laplace prior, although peaked
at zero, does not yield the value zero with positive probability, a post-estimation
thresholding mechanism is needed to learn the sparsity structure using Wang’s
method. Banerjee and Ghosal [3] proposed an adjustment with a mixture of a
point mass and a Laplace prior to induce exact sparsity, and also derived the
optimal posterior contraction rate with respect to the Frobenius norm. To com-
pute the posterior, they devised a Laplace approximation method, which is a
scale of magnitude faster than Markov Chain Monte Carlo (MCMC) methods,
but relies on large sample approximations. Selection of the edges in the graph
corresponding to selecting nonzero off-diagonal entries may be more important
than the shrinkage and estimation. Using a graphical Wishart (G-Wishart in
short) prior, which sets some off-diagonal entries to exact zeros guided by the
chosen graph and retains conjugacy with the Gaussian likelihood, the focus on
strcture selection my be exploited. Lenkoski and Dobra [25] and Mohammadi
and Wit [28] proposed useful computational methods that allows MCMC moves
across possible graphs. Banerjee and Ghosal [2] assumed a banding structure
on the precision matrix and derived the posterior contraction rate with a G-
Wishart prior. Liu and Martin [27] proposed an empirical G-Wishart prior and
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demonstrated its optimal posterior contraction rate and strong performance in
terms of computational speed and accuracy. Du and Ghosal [12] considered a
high-dimensional discriminant analysis, where they implemented both the mix-
ture prior and a horseshoe shrinkage prior on the off-diagonal entries in a sparse
modified Cholesky decomposition.

Beyond the challenges of high-dimensionality and complex dependence struc-
tures, it may happen that the data are also corrupted in some way. A classi-
cal example is that where measurements taken on sample units can only be
done with a low-precision device. In such a case, the natural sample variation
is compounded by independent measurement errors. A more recent example,
commonly found in medical applications, is where the data are corrupted inten-
tionally to maintain privacy. In any case, the addition of a measurement error
on top of the natural sampling variability creates new challenges. While there
is an extensive body of literature on the subject of measurement error in statis-
tics [11, 8, 17, 19], very little work has been done in the context of structured
precision matrix estimation in the presence of Gaussian measurement errors.
Byrd, Nghiem and McGee [5] assumed the variance of measurement error to
be known, treated the unobservable outcomes as missing data and recently
proposed a method to impute them and estimate the precision matrix itera-
tively. They combined the imputation–regularized optimization algorithm [26]
and Bayesian regularization for graphical models with unequal shrinkage [20] to
formulate a new procedure and prove its consistency. Their results also revealed
the necessity of adjusting for measurement error when present. Here we propose
a fully Bayesian framework for handling measurement error and give general
sufficient conditions for establishing the posterior contraction rate.

Our main goal in this paper is to understand the effect of measurement error
on Bayesian methods for estimating a high-dimensional structured precision
matrix of a multi-dimensional Gaussian random vector. We focus here on a
Gaussian measurement error model, for i = 1, . . . , n and j = 1, . . . ,m,

Yij = Xi + Zij , Xi
iid∼ Np(0,Ω

−1), Zij
iid∼ Np(0, νIp) (1.1)

where the X and Z samples are mutually independent, Ip is the identity matrix
of order p and m is the number of replicates for each X. Since the X samples
carry information about Ω and the Z samples do not, the observable Y ’s are
“corrupted” by the convolution of informative and non-informative inputs. If ν
is unknown, then m ≥ 2 replicates for each outcome X is required to guarantee
identifiability of ν and Ω. On the other hand, for the special case that ν is
known, the convergence results hold also for m = 1. Let Yi = (Y T

i1 , . . . , Y
T
im)T.

Then, the marginal distribution of the Y ’s is available in closed-form,

Yi
iid∼ Nmp(0,Σν), i = 1, . . . , n, (1.2)

where Σν is an mp ×mp block matrix, with Ω−1 + νIp as the diagonal blocks
and Ω−1 as the off-diagonal blocks. Write Ων = Σ−1

ν , which is an mp×mp block
matrix with ν−1{Ip − (νΩ + mIp)

−1} as the diagonal blocks and −ν−1(νΩ +
mIp)

−1 as the off-diagonal blocks.
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In contrast to the covariance matrix, on which the effect of the measurement
error is simply additive, the inverse (νΩ + mIp)

−1 from the above expression
reveals how even the simple linear measurement error model leads to a very non-
linear corruption when the goal is estimating the precision matrix. An important
quantity in this model is the measurement error variance, ν, which characterizes
the magnitude of the measurement errors or the degree of corruption. Intuitively,
if the measurement error is ignored and ν is not small, then the estimation of Ω
will be negatively affected. Here we develop a general strategy that allows the
user to incorporate additive Gaussian measurement error into existing Bayesian
procedures for inference on structured, high-dimensional precision matrices in
such a way that the posterior concentration rates are preserved and minimal
changes to posterior computations are required. To accommodate the measure-
ment error in our theoretical analysis, so that the posterior can effectively undo
the troublesome inverse in Ων , it is crucial to have extra control on the prior
distribution of the smallest eigenvalue of Ω. To address this, we express Ω as
κIp +Θ, and put independent priors on the scalar κ > 0 and the p× p matrix
Θ. Then the prior on κ gives us a control over the lower eigenvalue of Ω, while
the prior for Θ can be any of those from the literature.

Expressing the matrix of interest as a sum “κIp + Θ” is a strategy that has
appeared already in the literature. Indeed, Fan, Fan and Lv [13], Fan, Liao and
Mincheva [16] and Pati et al. [30] have used such a model, with Θ having a
sparse factor structure [4], for a high-dimensional covariance matrix. To our
knowledge, this prior formulation has not been developed for inference on a
precision matrix. Our posterior concentration rate result simultaneously covers
the measurement error and no-measurement-error cases, and the rate attained
parallels that obtained by Pati et al. [30] for the covariance matrix with respect
to the Frobenius norm, with some improvements.

The remainder of this paper is organized as follows. In Section 2, we inves-
tigate what will happen when the measurement error is ignored, i.e., when a
misspecified no-measurement-error model is fit to the corrupted data Y1, . . . , Yn

in (1.2). Our general framework for incorporating Gaussian measurement error
into existing Bayesian procedures for inference on structured, high-dimensional
precision matrices is presented in Section 3 along with a general result on pos-
terior contraction rates. The main conclusion from the result is that the rate
in the absence of measurement error remains in force even when a substantial
measurement error is present. Examples of the obtained rates with measurement
error based on priors commonly used in the no-measurement-error literature are
discussed in Section 4. A new prior for the estimation of a precision matrix with
a sparse factor structure is proposed and the corresponding posterior concen-
tration rate is illustrated in Section 5. The result is new even in the context of a
Gaussian graphical model without measurement error. An extensive simulation
study for investigating the numerical performance of the proposed model under
different magnitudes of measurement error is conducted in Section 6, showing
that the adjustment towards to the measurement error leads to a lower esti-
mation error in terms of the Frobenius norm. All proofs are presented in the
appendix.
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2. Effect of ignoring measurement error

For a situation in which the data analyst is either unaware of the measurement
error or simply chooses to ignore it, a natural question is what can go wrong?
We show below that failing to account for the measurement error creates a
large bias and, therefore, certain adjustments are necessary to account for the
presence of measurement error and to ensure accurate estimation of Ω. For the
sake of simplicity, we assume that ν is known andm = 1 throughout this section.

To develop some intuition, consider the case where the dimension p is fixed,
so that the precision matrix can be estimated directly, at least for large n, with-
out imposing any structural or sparsity assumptions. Let Ω̂n = Ω̂(Y1, . . . , Yn)
denote an asymptotically unbiased estimator of Ω based on the corrupted data
Y1, . . . , Yn, e.g., Ω̂n = S−1

n , the inverse of the sample covariance matrix Sn =
n−1

∑n
i=1 YiY

T
i . By asymptotically unbiased, we mean that

‖EΩ�,νΩ̂n − (Ω�−1 + νIp)
−1‖F = o(1), n → ∞, (2.1)

where Ω� denotes the true p × p precision matrix and ‖A‖F = {tr(ATA)}1/2
denotes the Frobenius norm of a matrix A, with tr(·) the trace operator. Also, let
‖A‖2 denote the spectral norm, i.e., the square root of the maximum eigenvalue
of ATA.

Theorem 2.1. For a case of fixed dimension p, let Ω̂n be an estimator that
ignores the measurement error and satisfies (2.1). If ν is fixed and known, then
for all large n,

EΩ�,ν‖Ω̂n − Ω�‖2F ≥ 1
2‖Ω

�(ν−1Ip +Ω�)−1Ω�‖2F . (2.2)

Moreover, if ν ≤ ‖Ω�‖−1
2 , then the bound can be simplified to

EΩ�,ν‖Ω̂n − Ω�‖2F ≥ 1
8ν

2pλ4
min(Ω

�), (2.3)

where λmin(·) stands for the minimum eigenvalue.

The proof is given in Appendix A. From the theorem, we can see the lower
bound on the bias will vanish as ν → 0 but will increase monotonically to
‖Ω�‖2F as ν → ∞. Therefore, even in a relatively low-dimensional setting with
fixed p, unless ν is vanishingly small, the mean squared error associated to any
asymptotically unbiased estimator of the precision matrix is bounded away from
0 as n → ∞.

Moreover, the same proof would apply to a case of increasing dimension if
p = O(n) and Ω� is known to be diagonal. Since both the fixed-p and known-to-
be diagonal Ω� cases are simpler than the general high-dimensional structured
precision matrix estimation problem, and the effect of ignoring measurement
error is already profound, we conjecture that the estimation bias result will
become even worse in the more general setup involving a complex structure,
unknown ν and increasing p.
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3. Accounting for measurement error

3.1. Prior and posterior distributions

For technical reasons that will be made clear below, when measurement error is
present, we need precise control on the prior distribution of the smallest and the
largest eigenvalues of Ω. We introduce a simple device to automatically satisfy
the requirement, namely, adding a scalar multiple of the identity matrix to the
precision matrix. That is, we express the precision matrix as

Ω = Θ+ κIp, (3.1)

where Θ is a positive semi-definite matrix and κ > 0 serves as a lower bound
on the smallest eigenvalue of Ω. The strategy is to specify a prior distribution
for Ω by assigning independent prior distributions to Θ and κ. That is, the
prior Π for Ω is induced from independent priors ΠΘ and Πκ for Θ and κ,
respectively, by the mapping (Θ, κ) 	→ Θ+ κId. This term κ is introduced only
to automatically assure a lower bound for eigenvalues of the precision matrix Ω
in the theoretical results. This structure of the prior, though, is not convenient
for computation. Computational issues will be discussed in Section 6.1. Since ν
is typically unknown, we assign it a prior distribution. Details about the specific
priors for κ, Θ and ν are presented below.

Prior for κ. As mentioned above, control on the prior distribution of eigen-
values is crucial, so the tails of the prior for κ need to be carefully chosen. In
particular, we require exponential tails in both directions, i.e., there exists a
constant C > 0 such that

Πκ(κ > t) + Πκ(κ < t−1) � e−Ct, for all large t > 0. (3.2)

A common distribution that satisfies this requirement is the inverse Gaussian
distribution [10] with density function, in the one-parameter form, given by

πκ(t) ∝ t−3/2e−(t−ξ)2/(2t), t > 0, where ξ > 0 plays the role of the mean and

variance. A generalized inverse Gaussian density, proportional to tae−b(t−ξ)2/t

with any b > 0 and a ∈ R, can also be used.
Prior for Θ. Since the structure in Ω is determined by the structure in Θ,

we choose ΠΘ to induce the desired structure in Ω. Fortunately, most of the
existing priors on a precision matrix could be directly applied on Θ here. For
example, if we believe that Ω has a general sparsity structure, then we could
take ΠΘ to be a suitable G-Wishart prior [25] or a mixture thereof [3]. Similarly,
structures like a sparse Cholesky decomposition or a sparse factor model can be
imposed on Ω with a suitable choice of prior on Θ. Details will be given for a
number of special cases in Section 4 and Section 5 below. Roughly, our technical
requirement is that ΠΘ satisfies the sufficient conditions originally laid out in
Ghosal, Ghosh and van der Vaart [21] for posterior contraction at the target rate
in the no-measurement-error context. These sufficient conditions have already
been verified for various low-dimensional structures and commonly used priors
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that induce them, so our main focus here can be on the effects of measurement
error.

Prior for ν. We require that the support of the prior distribution for ν is
bounded by some large positive constant M , and that it has exponential lower
tail, i.e., for some constant C > 0,

Πν(ν < t−1) � e−Ct, for all large t > 0. (3.3)

We also require suitable prior concentration around the true-but-unknown mea-
surement error variance ν�. A common distribution that satisfies this require-
ment is the truncated inverse Gaussian distribution or a two-sided truncated
distribution. Alternatively, a point mass at the adjusted maximum likelihood
estimator of ν, which is

ν̂ =

∑n
i=1

∑m
j=1(Yij − Ȳi)

T(Yij − Ȳi)

npm− 1
, (3.4)

where Ȳi =
∑m

j=1 Yij/m, can be used, which corresponds to an empirical Bayesian
method.

Given a prior for Ω as described above, we update to the posterior distri-
bution via Bayes’s theorem. For the measurement error model (1.2), define the
likelihood function as

Ln(Ω, ν) ∝ | det(Ω−1 + νIp)|−1/2 exp[−n tr{Sn(Ω
−1 + νIp)

−1}/2], (3.5)

where Sn is the sample covariance matrix of Y as in Section 2 and det denotes
the determinant operator. Then the corresponding posterior distribution, which
depends on the data Y1, . . . , Yn and the known measurement error variance, is
given by

Πn(dΩ, dν) = Π(dΩ, dν | Y1, . . . , Yn) ∝ Ln(Ω, ν)Π(dΩ, dν). (3.6)

A consequence of this indirect formulation is that the posterior distribution
cannot be computed in closed-form. Therefore, MCMC methods are needed to
obtain samples from Πn. Fortunately, these methods can be developed by mod-
ifying the existing algorithms available in the no-measurement-error literature;
see Section 6.1.

3.2. Posterior contraction rates

In this subsection, we characterize the posterior contraction rate with respect to
the Frobenius distance in terms of the characteristics of the model, the prior, and
the true precision matrix. Even under maximal sparsity, there are p unrestricted
diagonal entries, so it is essential that the dimension p is of a smaller order of
n, and in particular log p is the same order of logn, or less. As discussed above,
the intuition here is that if the prior ΠΘ for Θ is such that the posterior would
achieve the desired contraction rate without measurement error, and if the prior
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Πν for ν and prior Πκ for κ are reasonable in some sense, then the same posterior
contraction rate prevails in the presence of measurement error. The following
three conditions make this setup more precise.

Conditions on the prior.

(a) The prior Πκ has a continuous density on (0,∞), and satisfies the tail
condition (3.2).

(b) Given εn and a certain structure in Ω�,

(i) there exists a sieve Sn of precision matrices, having the same posited
low-dimensional structure as Ω�, with entropy bound

logN(δn,Sn, ‖ · ‖2) � nε2n, (3.7)

where δn = (2Knp)−1 for the K presented below;

(ii) the prior ΠΘ for Θ satisfies ΠΘ(Sc
n) � e−Knε2n for some sufficiently

large K > 0;

(iii) for any constant c > 0, there exists another constant C > 0, such
that

ΠΘ({Θ : ‖Θ−Θ�‖F ≤ cεn}) � e−Cnε2n (3.8)

for any Θ� having the same posited structure as Ω�.

(c) The prior Πν has the support on (0,M) with a large constant M , satisfies
a tail condition like in (3.3), and satisfies

Πν({ν : |ν − ν�| ≤ εnp
−1/2}) � e−Cnε2n , (3.9)

for some constant C > 0, where ν� is the true measurement error variance.

The conditions related to ΠΘ look complicated but, for the most part, these
are the now-classical sufficient conditions from Ghosal, Ghosh and van der Vaart
[21] for establishing posterior concentration rate results. Therefore, other au-
thors who have investigated concentration rate properties of posterior distri-
butions under various low-dimensional structures and priors, like in Section 4,
would likely have checked these conditions already. One noticeable difference is
in the entropy bound in Condition (b)(i), where the radius is proportional to
δn = (2Knp)−1, which is rather small. However, the dimension is what drives
the entropy’s magnitude, while the radius only impacts the logarithmic term,
so the small δn has no significant effect. The conditions for Πν are satisfied by
a continuous measure or a point mass prior located close enough to ν�. For
continuous measures, many distributions can be used, in which a common ex-
ample is the inverse Gaussian distribution. Further, for the point mass prior,
a typical choice is ν̂ in (3.4), which satisfies the conditions for Πν since now
|ν − ν�| � (np)−1/2 if εn � n−1/2. The prior concentration condition (3.9) can
be guaranteed if Πν has a continuous support and ν� > 0 is fixed, since the
prior density has a lower bound around ν� such that

Πν({ν : |ν − ν�| ≤ εnp
−1/2}) � elog p−log εn , (3.10)
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where − log εn is of the order of logn, which is smaller than nε2n up to a constant.
However, it will be a little complicated if ν� = 0 or it varies in a sequence
approaching 0 fast. Then, the lower bound (3.9) may not hold if the prior density
rapidly decays at 0, for example, in an inverse Gaussian density. Therefore, the
assumption on the prior concentration (3.9) is sometimes useful.

Theorem 3.1. Assume that Ω� satisfies a specific low-dimensional structure,
and has eigenvalues bounded away from 0. Consider a prior distribution for
Ω = Θ+ κIp induced from independent prior distributions Πκ for κ and ΠΘ for
Θ, where the prior for Θ is based on the same low-dimensional structure as that
posited for Ω�. Assume that there exists a sequence εn � n−1/2 with εn → 0 and
nε2n � logn and a constant M such that Conditions (a)–(c) are satisfied by Πκ,
ΠΘ and Πν , respectively. Under the model in (1.2), for any fixed ν� ≥ 0, the
posterior distribution Πn in (3.6) contracts at the rate εn, that is, there exists a
constant L > 0, depending on ‖Ω�‖2 and ν, such that

EΩ�,ν�Πn({(Ω, ν) : ‖Ω−Ω�‖F > Lεn, |ν−ν�| > Lε̄n}) → 0 as n → ∞, (3.11)

where ε̄n = εnp
−1/2. If ‖Ω�‖2 is not bounded, then the conclusion of ν remains

the same but the conclusion of Ω holds with the rate ε′n = ‖Ω�‖22εn.

The proof of the theorem is given in Appendix A. A remarkable consequence
of Theorem 3.1 is that the posterior contraction rate is not affected by measure-
ment error even when it is not small.

4. Examples

In this section, we investigate some existing Bayesian methods for structured,
high-dimensional precision matrix estimation and show how measurement error
can be accommodated in these models. Since the prior for ν is regulated to
satisfy Condition (c), we consider a prior for Θ from the literature and verify
the requirements of Theorem 3.1 for each case. The prior for κ will be assumed
to satisfy Condition (a), e.g., by choosing an inverse Gaussian distribution.
Therefore, the discussion below will focus on the prior for Θ and on verifying
Conditions (b) (i)–(iii) for ΠΘ. We assume that both the smallest and largest
eigenvalues of the true precision matrix Ω� are bounded away from 0 and ∞ for
all the examples in this section. Proofs of the rates derived in Theorems 4.1–4.3
are given in Appendix A.

4.1. General sparsity

Banerjee and Ghosal [3] proposed a Bayesian method to estimate a precision
matrix with a general sparse structure in a Gaussian graphical model. In the
first example, we adopt their setting as a prior for Θ and verify that all required
Conditions (b) (i)–(iii) are satisfied.
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Let Θij denote the entry at the ith row and jth column of Θ and Γ denote
the matrix with the (i, j)th entry Γij = 1{Θij �= 0}. The cardinality of {(i, j) :
i < j,Γij = 1} will be denoted by γ. Consider the following prior

π(Θ | Γ) ∝
∏

Γij=1

exp(−λ|Θij |)
p∏

i=1

exp(−λΘii/2),

π(Γ | R) ∝ qγ(1− q)−γ+p(p−1)/21{γ ≤ R},

(4.1)

where λ is a hyperparameter and q is a pre-specified probability controlling the
sparsity. The smaller q is, the more sparse Θ is. Another factor controlling the
sparsity, R, is either given a prior or is taken to be a large enough constant.
Since the latter is a trivial case of the former, we demonstrate the main result
of posterior contraction rate in the former setting. The prior of R should satisfy

Π(R > M) ≤ exp(−aM logM) (4.2)

for some a > 0 and large enough constant M . Such distributions include the
Poisson and the binomial distributions.

Theorem 4.1. Assume the same setup as in Theorem 3.1 with the priors (4.1)
and (4.2) or fixed R = R0 for general sparsity type of structure. Under the model
in (1.2), there exists a constant L > 0 such that the posterior distribution Πn in
(3.6) contracts at the rate εn around Ω∗, where εn = n−1/2(p+ s�)1/2(logn)1/2,
with s� denoting the number of nonzero off-diagonal entries in Ω�.

4.2. Sparse Cholesky decomposition

Assume that the true precision matrix has a sparse Cholesky decomposition
Θ = UDUT, where U is a lower-triangular matrix and D is a diagonal matrix,
and we specify a prior on Θ through U and D as in Du and Ghosal [12]. Let
Uij denote the entry at the ith row and jth column of U and Dii denote the ith
diagonal entry of D. Let Γ denote the matrix formed by the indicators Γij =
1{Uij �= 0}. Following Proposition 1 in Du and Ghosal [12], for i = 1, 2, . . . , p,
and j = 1, 2, . . . , i, consider the prior

(Uij | Γij) ∼ (1− Γij)Np(0, σ
2
0) + ΓijNp(0, σ

2
1),

Γij ∼ Bernoulli(Cp/
√
i),

Dii ∼ Gamma(α1, β1),

(4.3)

where α1, β1, σ
2
0 and σ2

1 are some hyperparameters and Cp is a constant going
to zero as p → ∞ polynomially in p−1.

An alternative to the above prior is to consider more general positive real-
valued Γij , and induce a prior on Uij through the hierarchical scheme

(Uij | Γij) ∼ Np(0,Γ
2
ijσ

2
1),

Γij ∼ Cauchy+(0, 1),

Dii ∼ Gamma(α1, β1),

(4.4)
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for i = 1, 2, . . . , p, and j = 1, 2, . . . , i, where Cauchy+(0, 1) is the positive half-
Cauchy distribution and σ2

1 is a pre-specified global shrinkage parameter.
For both setups, let γ denote the number of Uij ’s greater than εnp

−1, where
εn is introduced as below, and γ will have a binomial distribution as Bin(p(p−
1)/2, η), where

η = Π(|Uij | > εnp
−1) ≤ p−b and η ≥ p−a,

with some constants a, b > 2 as we assumed for any 0 < j < i ≤ p. This
restriction on η can be achieved by either choosing Cp in (4.3) going to zero as
p → ∞ polynomially in p−1 or modifying the prior Γij in (4.4) to be truncated
above by 1/τ , where τ < p−b−2ε2n. Although the above condition on η is required
for the theoretical result, in practice, we choose Cp = 1 for the convenience of
computation. In our simulation studies, the estimation results are not sensitive
to the choice of Cp.

Theorem 4.2. Consider the setup of Theorem 3.1 with the priors given by
(4.3) or (4.4) for the sparse Cholesky decomposition. Then under the model in
(1.2), the posterior distribution Πn in (3.6) contracts at the rate εn around Ω∗,
where εn = n−1/2(p+ s�)1/2(logn)1/2, with s� denoting the number of nonzero
off-diagonal entries in U�.

4.3. Banded structure using G-Wishart prior

Following Banerjee and Ghosal [2], assume that the sparse precision matrix has
a banded structure. They assumed a k-banded structure on the precision matrix
and used a G-Wishart prior. They derived the posterior convergence rate under
such structure and prior with respect to the spectral norm. In this example, we
consider the same structure and prior, but move our attention on the rate of
the Frobenius norm in the presence of measurement error.

Suppose that the true p×p dimensional precision matrix Θ� is k-banded, that
is, Θ�

ij = 0 for all i, j = 1, . . . , p, such that |i− j| > k, with a fixed known value
of k. A graphical Wishart distribution prior Θ ∼ G-Wish(δ, Ip), is assigned on
Θ, where the graph G is induced by the k-banding. It is easy to conclude that
the graph is decomposable with cliques Cj = {j, . . . , j+k}, j = 1, . . . , p−k, and
separators Sj = {j, . . . , j+k−1}, j = 2, . . . , p−k [2]. An important property we
use is that given ΘS2 , . . . ,ΘSp−k

, the matrices ΘC1 , . . . ,ΘCp−k
are conditionally

independent and are Wishart distributed with δ degrees of freedom; here and
elsewhere for a matrix M and S ⊂ {1, . . . , p}, MS = ((Mij : i, j ∈ S)), the
principal minor of M formed by the entries of S. Let PG stand for the cone of
positive definite matrices compliant with the graphical structure, that is, the
(i, j)th entry is 0 if (i, j) is not an edge of the graph.

Theorem 4.3. Consider the setup of Theorem 3.1 with prior Θ ∼ G-Wish(δ, Ip).
Assume that the eigenvalues of Ω∗ are bounded and bounded away from zero,
and for a sufficiently small ε > 0, {Ω : ‖Ω−Ω∗‖∞ < ε} ⊂ PG. Under the model
in (1.2), the posterior distribution Πn in (3.6) contracts at the rate εn around
Ω∗, where εn = n−1/2(p log n)1/2.
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5. Sparse factor-model structure

The sparse factor-model structure has been used in the literature to develop
prior distributions for structured, high-dimensional covariance matrices, e.g., in
Pati et al. [30]. However, to our knowledge, such a prior has not been proposed
for a structured precision matrix, even when no measurement error is present.
So we separate it from the examples in the previous section because of the novel
use of the prior for estimating the precision matrix and new results on posterior
contraction rate even in a model without measurement error.

Consider the model (1.1), where the possibility ν = 0 (i.e. the no-measurement

error model Xi
iid∼ Np(0,Ω

−1)) is not ruled out. Following our discussion in Sec-
tion 3.1, we assume the precision matrix Ω to be of the form

Ω = Θ+ κI, Θ = ΛΛT,

where Λ is a p × k matrix with k ≤ p and at most s non-zero entries on each
of the k columns. For a given k, let Γ denote the matrix with the (i, j)th entry
Γij = 1{Λij �= 0}, and let γ ≤ ks denote the total number of non-zero entries
of Λ.

We follow Pati et al. [30] and impose the following assumptions on the true
precision matrix Ω�, the corresponding factor-loading matrix Λ�, its dimension
k�, and the inherent error κ�. We assume that the true precision matrix Ω� has
also the factor model structure of the form Ω� = Λ�Λ��+κ�I where Λ� ∈ R

p×k�

and k� � p. In high-dimensional setup, we typically assume there are two
sequences bounding the column sparsity of the true loading matrix Λ� as s�

and the largest eigenvalue of true precision matrix Ω� as c�. Furthermore, we
let Γ� denote the matrix of 1(Λ�

ij �= 0) and γ� =
∑

i,j Γ
�
ij ≤ k�s�.

Assumptions. Suppose that there exist c�, k� and s� such that the following
three properties hold:

(A1) 1/c� ≤ κ� ≤ c�/2 and ‖Λ�‖22 ≤ c�/2 such that 1/c� ≤ 1/‖Ω�−1‖−1
2 ≤

‖Ω�‖2 ≤ c�;
(A2) (c�5s�k�)1/2(log n) � n1/2;
(A3) each column of Λ� has at most s� non-zero entries.

Assumption (A1) is to give control on the upper and lower bound of the true
precision matrix. Assumption (A2) is introduced to control the final convergence
rate appropriately; that assumption can be relaxed to (c�s�k�)1/2 logn � n1/2

when ν = 0 is known. Assumption (A3) controls the sparsity, which is crucial
in high-dimensional problems.

For the Bayesian model formulation, let Λij denote the entry at the ith row
and jth column of the factor-loading matrix Λ. Then, we consider the spike-
and-slab prior similar to that in Pati et al. [30], except that we make certain
choices to meet Condition (b) such as the inverse Gaussian distribution. For
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i = 1, 2, . . . , p, and j = 1, 2, . . . , k, let the priors

κ ∼ invGaussian(μ1, λ1),

k ∼ Pois(θ1),

(Λij | Γij) ∼ (1− Γij)δ0 + ΓijNp(0, σ
2
1),

Γij ∼ Bernoulli(η),

(5.1)

where δ0 represents the Dirac distribution at zero and μ1, λ1, θ1, σ
2
1 ≥ 1 and η

are all pre-specified hyper-parameters. The condition on variance σ2
1 is natural

because with the point mass at zero, large variation is preferable. In such a prior
setup, given k = k�, γ will have a binomial distribution as Bin(pk�, η), where
η = π(|Λij | > 0) for any 0 < i ≤ p and 0 < j ≤ k�. The choice of η is made
to guarantee that η � (pk�)−1. Moreover, with such a specification, we have

the prior probability η/2 ≤ π(|Λij | > εn/4
√
c�3pk�) ≤ η with εn introduced in

Theorem 5.1.
In general, it is not easy to specify a bound k� that controls the sparsity of

Λ� and, hence, it is difficult to specify an appropriate η. The problem can be
addressed by putting a further prior on η:

(η | k) ∼ Beta(1, akp+ 1), (5.2)

where a is the only new extra pre-specified hyper-parameter. However, when
this deeper hierarchical model is utilized, there is a slight loss in terms of the
posterior concentration rate in Theorem 5.1. With such a hyper-prior on η, given
k = k�, we can calculate that

π(|Λij | > 0) = (ak�p+ 2)−1

π(|Λij | > εn/4
√
c�3pk�) � (ak�p+ 2)−1,

for any 0 < i ≤ p and 0 < j ≤ k�.

Theorem 5.1. Suppose that the data are generated from (1.1) and Assumptions
(A1), (A2) and (A3) hold for the true precision matrix Ω�. Consider the prior
given by (5.1). Then the posterior distribution Πn in (3.6) contracts at the rate
εn around Ω�, where

• εn = n−1/2(c�s�k�)1/2(logn)1/2 if ν� = 0 is known,
• and εn = n−1/2(c�)5/2(s�k�)1/2(logn)1/2 if ν� is fixed and positive.

If the prior (5.2) is imposed on η, then the rates are

• εn = n−1/2(c�s�k�)1/2(logn) if ν� = 0 is known,
• and εn = n−1/2(c�)5/2(s�k�)1/2(logn) if ν� is fixed and positive.

6. Numerical results

6.1. Computation

The existing literature often provides algorithms for sampling from the posterior
distribution of Ω in the no-measurement-error context, and there is a simple and
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intuitive way to leverage these tools for sampling in cases with measurement
error. Because the Bayes model in the measurement error case provides a joint
distribution for (X,Y,Ω, ν), it is possible to write down the full conditionals as

(Xi | Yi1, . . . , Yim,Ω, ν)
ind∼ Np

(
m(mIp + νΩ)−1Ȳi, ν(mIp + νΩ)−1

)
, (6.1)

(Ω | X1, . . . , Xn) ∼ Π(Ω | X1, . . . , Xn), (6.2)

(ν | X1, . . . , Xn, Y11, . . . , Ynm) ∼ Π(ν | X1, . . . , Xn, Y11, . . . , Ynm), (6.3)

where Π(Ω | X1, . . . , Xn) is the posterior based on the no-measurement-error
model, with the augmented dataset X1, . . . , Xn, and Ȳi = m−1

∑m
j=1 Yi,j . Note

that Y1, . . . , Yn do not appear in (6.2) because Ω is conditionally independent of
Y , givenX. Therefore, if we know how to sample from the no-measurement-error
posterior distribution—e.g., using the algorithms available in the literature—
then we can easily embed this into a Gibbs sampling framework wherein we
iteratively sample from this set of full conditionals and obtain a posterior sample
of precision matrices that accommodates the known measurement error.

To execute step (6.2) efficiently, the prior on Ω needs to be convenient to
work with. The assumed structure of Ω = Θ + κIp in the theoretical results
in Section 3 is undoubtedly not convenient for computation. The role of κ is
solely as a technical device to ensure a lower bound for the eigenvalues of Ω. If
the prior on Θ already ensures a bound on the eigenvalues, then the additional
term is not needed even for the theory. For practical applications, the additional
term κI may not make a noticeable numerical difference and may sometimes
be dropped, provided that this does not cause any instability in inverse, and
simulations give sensible results. The numerical results presented below employ
this simplification.

If ν is known, step (6.3) can simply be ignored by using the true ν in the
other steps. However, when ν is unknown, under the model in (1.1), a prior is
needed for ν to execute the algorithm. The conditions imposed on the prior for
ν in the theoretical results are sufficient but are not necessary. So, for practical
implementation, one could feel reasonably safe in taking any suitable prior for ν
that simplifies the computation. For example, one might use the non-informative
Jeffreys prior, that is, π(ν) ∝ ν−3/2, or the inverse-Gamma prior. Consider the
non-informative Jeffreys prior and the full conditional posterior of ν is in a
closed form as inverse-Gamma distribution as

(ν | X1, . . . , Xn, Y11, . . . , Ynm) ∼ IG

(
mpn

2
,

∑n
i=1

∑m
j=1(Yij −Xi)

T(Yij −Xi)

2

)
.

Another popular method to deal with the unknown nuisance parameter is using
an estimator of ν and pretending it as the truth. This empirical Bayesian method
is equivalent to specify a point mass prior located at the estimator. A typical
choice of such estimator is that in (3.4). The resulting procedure is sensible as
long as the estimator of ν is sufficiently accurate. The following simulation study
makes use of this simple plug-in method.
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6.2. Simulations

Since the proposed method covers both cases that the true value ν� of ν is known
with m = 1 or it is unknown with m > 1, we conduct two separate simulation
studies to explore the performance of adjusting for the measurement error.

6.2.1. When ν is known and m = 1

We conduct a simulation study over different structures of true precision matrix
and known magnitudes of measurement error with m = 1. We fix the dimension
p = 50 and sample size n = 100. Let Ω�

ij denote the entry in the ith row and jth
column of the true precision matrix Ω�, and consider the following four sparse
structures for Ω�:

• AR(1): Ω�
ii = 10 and Ω�

i,i−1 = Ω�
i,i+1 = 5 for 1 ≤ i ≤ p; Ω�

ij = 0 otherwise.
• AR(2): Ω�

ii = 10, Ω�
i,i−1 = Ω�

i,i+1 = 5 and Ω�
i,i−2 = Ω�

i,i+2 = 2.5 for
1 ≤ i ≤ p; Ω�

ij = 0 otherwise.
• Block(2): Ω�

ii = 10, Ω�
ij = 5 for (k − 1)p/2 + 1 ≤ i �= j ≤ kp/2 and

1 ≤ k ≤ 2; Ω�
ij = 0 otherwise.

• Block(5): Ω�
ii = 10, Ω�

ij = 5 for (k − 1)p/5 + 1 ≤ i �= j ≤ kp/5 and
1 ≤ k ≤ 5; Ω�

ij = 0 otherwise.

For each sparse structure, 100 replicates are run. We consider the priors as-
signed on the Cholesky decomposition structure in Section 4.2 and the setup
introduced as (4.3) to estimate the precision matrix, since all the the true pre-
cision matrices Ω� described above have a sparse Cholesky decomposition and
this prior will induce a posterior with fast and simple MCMC algorithm. Since
our main interest is about the influence of the measurement error, we will not
survey any other types of priors in this simulation study. The hyper-parameters
are specified as α1 = β1 = 1/2 and Cp = 1, since it is unrealistic to specify
a too large Cp. To show the different magnitude of influence by the priors, we
consider two combinations of the spike-and-slab prior:

• Diffuse prior: σ2
0 = 0.01 and σ2

1 = 10.
• Informative prior: σ2

0 = 0.0001 and σ2
1 = 1.

We use the Gibbs sampling technique introduced in Section 6.1 to sample from
the posterior and choose Yi’s as the initial values of Xi’s for i = 1, . . . , n, re-
spectively. To show the effectiveness of the proposed method that adjusts for
the measurement error, we compare the estimator after adjustment with that
ignoring the measurement error. The estimation error is noted as “adjust” and
“ignore” in the graphs. The estimator is the posterior mean and the Frobenius
norm estimation errors are given in Figures 1, 2, 3, and 4 for the four struc-
tures, respectively. In these figures, only the central 90% of the estimation errors
are displayed to remove some outliers, which are caused by the extra variation
from measurement error in such a finite sample situation. Note that the x-axis
in these figures denotes log10 ν, where ν is the measurement error variance. In
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Fig 1: Frobenius norm estimation error in the AR(1) model versus the magnitude
of measurement error using diffuse prior (top) and informative prior (bottom).

other words, ν varies from 10−2 to 10 over 13 different values, which are equally
spaced on the log-scale.

For the results of AR(1) model in Figure 1, the estimator that corrects for
the measurement error has better accuracy in terms of the Frobenius norm
except when ν is relatively large using the diffuse prior. At the same time, the
variance of the estimation error becomes larger when ν > 1, compared with the
variance of the baseline model, which even ignores the measurement error. This
inflation of the variance in the adjusting model is due to the relatively small
sample size compared to the relatively large dimension, as well as the extra
variation introduced by the measurement error. This large variance means a lack
of sufficient information about the signal in the data, so the estimation with the
diffuse prior becomes problematic when ν is large. When a more informative
prior is used, the variance is more stable and our procedure beats the naive
method uniformly as shown in the right plot of Figure 1. On the other hand, since
the estimator is close to the zero matrix when the magnitude of the measurement
error is large, its error approximates to a fixed value and the variance is tiny.
This assertion can be verified by comparing the error with large ν and the
Frobenius norm of the true precision matrix listed above. This is the reason
why we choose the entries of the true precision matrix relatively large such that
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Fig 2: Frobenius norm estimation error in the AR(2) model versus the magnitude
of measurement error using diffuse prior (top) and informative prior (bottom).

the bias could be more dominant when the measurement error is ignored even
with a small variance.

When the structure of the precision matrix is more complex, such as in AR(2),
the proposed method performs uniformly better than the naive one, and the
error stabilizes over different measurement error scenarios in Figure 2. Similar
phenomena are observed in the block structures in Figure 3 and 4.

6.2.2. When ν is unknown and m > 1

We consider the same simulation settings as in Section 6.2.1, except that now ν is
unknown and we have m = 2 replications for each outcomes to estimation ν and
Ω. Since the effectiveness of adjusting for the measurement error in those four
structures are similar, only AR(1) and AR(2) structures are considered. Further,
the empirical Bayesian method using ν̂ as in (3.4) is employed to estimate ν and
only the informative prior is used for estimating Ω since its performance is much
better than the diffuse prior.

For both AR(1) and AR(2) structures, as shown in Figure 5, correcting for
the measurement error improves the accuracy of the estimation in terms of the
Frobenius norm for each choice of ν. Again, the estimators based on the proposed
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Fig 3: Frobenius norm estimation error in the Block(2) model versus the mag-
nitude of measurement error using diffuse prior (top) and informative prior
(bottom).

method have larger variance than the baseline model since the unknown ν and
the extra layer in the hierarchical model introduce more variability. Despite
having slightly larger variability, the estimation error with the proposed method
is still far superior to that using the naive method that ignores measurement
error. There is a peculiar initial downward trend in the proposed method’s
estimation error as ν� increases. We believe that this is because, when ν� is
very small, i.e., close to the boundary ν� = 0, the plug-in estimator ν̂ loses
accuracy. However, when ν� is away from the boundary, the expected trend
emerges, namely, the estimation error is increasing but more slowly than for the
naive method.

Appendix A: Proofs of the theorems

A.1. Proof of Theorem 2.1

A simple bias–variance decomposition yields

EΩ�,ν‖Ω̂n − Ω�‖2F = EΩ�,ν‖Ω̂n − EΩ�,νΩ̂n‖2F + ‖EΩ�,νΩ̂n − Ω�‖2F .
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Fig 4: Frobenius norm estimation error in the Block(5) model versus the mag-
nitude of measurement error using diffuse prior (top) and informative prior
(bottom).

Since the first term is non-negative, we get

EΩ�,ν‖Ω̂n − Ω�‖2F ≥ ‖EΩ�,νΩ̂n − Ω�‖2F = ‖(Ω�−1 + νIp)
−1 − Ω�‖2F + o(1),

where the first term dominates as n → ∞ when ν is fixed. By the Woodbury
formula (A+BCD)−1 = A−1−A−1B(C−1+DA−1B)−1DA−1, the right hand
side equals

‖Ω�(ν−1Ip +Ω�)−1Ω�‖2F + o(1) ≥ 1
2‖Ω

�(ν−1Ip +Ω�)−1Ω�‖2F ,

for large enough n, which proves the first assertion.
Now consider ν ≤ ‖Ω�‖−1

2 , the smallest eigenvalue of Ω�−1. Using a spec-
tral decomposition UDUT of Ω�, where U is an orthogonal matrix and D =
diag(D11, . . . , Dpp), we obtain νDjj ≤ 1 for all j = 1, . . . , p. Hence

‖Ω�(ν−1Ip +Ω�)−1Ω�‖2F = ν2‖UD(Ip + νD)−1DUT‖2F ≥ ν2

4 ‖Ω�2‖2F .

Since ‖Ω�2‖2F = ‖D2‖2F ≥ p · min(D4
jj : j = 1, . . . , p), the second assertion

follows.
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Fig 5: Frobenius norm estimation error in the AR(1) model (top) and AR(2)
model (bottom) versus the magnitude of measurement error.

A.2. Proof of Theorem 3.1

The proof will proceed in a sequence of steps driven by those sufficient conditions
in Ghosal, Ghosh and van der Vaart [21] for bounding the posterior concentra-
tion rate since now the Yi’s are independent and identically distributed.

Recall that the prior for Ω is based on independent priors for the ingredients
Θ and κ in the representation Ω = Θ+ κIp in (3.1). For a given true Ω�, in the
proof we consider the corresponding representation

Ω� = Θ� + κ�Ip.

But this decomposition is not unique—there are many Θ� and κ� that would
satisfy this equation, e.g., fix a weight w ∈ (0, 1), set κ� = wλmin(Ω

�), and
then Θ� = Ω� − κ�Ip. Fortunately, this non-uniqueness does not affect us here,
since the same conclusion is reached for every choice of (Θ�, κ�) that satisfy
the above display, provided the corresponding assumptions hold there. Indeed,
recall that, e.g., Condition (b) requires that concentration of the prior ΠΘ hold
around some Θ� sharing the same assumed structure in Ω�.

Step 1: Prior concentration. For generic Ω and ν, let gΩ and gΩ,ν denote the
Np(0,Ω

−1) and Np(0,Ω
−1+νIp) densities, respectively, so that the data in (1.2)
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are i.i.d. with density gΩ,ν . For the target rate εn, we aim to show that for some
C > 0,

Π({(Ω, ν) : K(gΩ�,ν� , gΩ,ν) ≤ ε2n, V (gΩ�,ν� , gΩ,ν) ≤ ε2n}) � e−Cnε2n , (A.1)

where K(f1, f2) =
∫
f1 log(f1/f2) and V (f1, f2) =

∫
f1 log2(f1/f2) denote the

Kullback–Leibler (KL) divergence and corresponding KL variation of two den-
sities f1 and f2, respectively, as defined above. By our assumption that the
eigenvalues of Ω� are bounded away from 0 and infinity, and Lemma B.1 in
Appendix B, there exists c > 0 such that

Π({(Ω, ν) : K(gΩ�,ν� , gΩ,ν) ≤ ε2n, V (gΩ�,ν� , gΩ,ν) ≤ ε2n})
� Π({Ω, ν : ‖Ων − Ω�

ν�‖F ≤ cεn}). (A.2)

Then, from the first result in Lemma B.2 in Appendix B, there exists c1, c2 > 0
such that

Π({(Ω, ν) : ‖Ων − Ω�
ν�‖F ≤ cεn})

� Π({Ω : ‖Ω− Ω�‖F ≤ c1εn}) ·Π({ν : |ν − ν�| ≤ c2εnp
−1/2}). (A.3)

For the first term on the right hand side, replacing Ω by (Θ, κ) and Ω� by
(Θ�, κ�), the triangle inequality gives

‖Ω− Ω�‖F ≤ ‖Θ−Θ�‖F + ‖κIp − κ�Ip‖F
≤ ‖Θ−Θ�‖F + p1/2|κ− κ�|. (A.4)

By Condition (a) on Πκ and nε2n � log n, we get that for some constant G > 0,

Πκ({κ : |κ− κ�| ≤ cp−1/2εn/2}) � p−1/2εn

� exp{log εn − 1
2 log p} � e−Gnε2n . (A.5)

For the second term in (A.3), it is automatically guaranteed by Condition (c)
on Πν . Combining (A.3)–(A.5) and using Conditions (b) on ΠΘ, (A.2) follows,
establishing (A.1).

Step 2: Sieve, test construction, and error rates. In order to apply the theory
of posterior contraction in Ghosal and van der Vaart [22] to show that the
contraction rate at the truth with respect a distance d is εn, we need to establish
a test for the true value against most of the complement of the d-neighborhood of
size εn around the truth with error probabilities decaying exponentially in nε2n.
This test is obtained by combining tests for the truth against small balls with
centers separated from the truth by at least εn. Whether such a test for the truth
against a small ball exists depends on the metric. If d is the Hellinger metric
on the corresponding densities, then such a test exists by celebrated existence
theorems. For other metrics, either such a test has to be constructed directly
in the given situation, or the distance has to be dominated by a multiple of the
Hellinger distance near the true value. In the present context, the distance of
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interest is the Frobenius distance on the precision matrix, which is not directly
comparable with the Hellinger distance for arbitrary pairs of matrices. Here, we
construct the required test directly from the likelihood ratio tests of the truth
against separated simple alternatives, which can be elegantly quantified by the
Rényi divergence, similar to the strategy pursued by Ning, Jeong and Ghosal
[29] and Jeong and Ghosal [23]. The structure of multivariate normality allows
a useful control over the size of the likelihood ratios essential for this approach
to work.

After the basic tests are constructed, these need to be combined, which is pos-
sible if their number can be controlled appropriately, and in particular, there
are only finitely many covering sets with centers separated from the truth. This
necessitates defining a sieve, a sequence of increasing subsets of the parameter
space, on which the number of covering sets can be controlled, and the comple-
ment of the sieve has an exponentially small prior probability. We shall work
with the sieve

Tn = {Ω = Θ+ κIp, ν : Θ ∈ Sn, M
−1
n ≤ κ ≤ Mn,M

−1
n ≤ ν ≤ Mn}, (A.6)

with Sn as in the statement of the theorem and we choose Mn = Knε2n → ∞, for
some sufficiently large multiple K and therefore Mn ≤ n. What makes this sieve
appropriate for our purposes here is that every Ω ∈ Tn has eigenvalues lower-
bounded by M−1

n , which is not too small. This eigenvalue control is critical to
our demonstration below that the combined likelihood ratio test has suitable
bounds on its Type I/II errors in the presence of measurement error.

Recall that the Rényi divergence (of order 1/2), or the log-affinity, between
two densities f1 and f2 is given by R(f1, f2) = − log

∫
(f1f2)

1/2. In the present
context, the densities are those of Nmp(0,Ω

−1
ν ), to be denoted by gΩ,ν , indexed

by Ω, and R(gΩ∗,ν� , gΩ,ν) can be abbreviated by R(Ω�
ν� ,Ων). By simple calcu-

lations,

R(Ω�
ν� ,Ων) = − log

( |Ω�
ν� |1/4|Ων |−1/4

| 12Ω�
ν� + 1

2Ων |1/2
)
.

For Ω� the true precision matrix, fix another Ω† ∈ Tn so that R(Ω�
ν� ,Ω

†
ν†) ≥

ε2n. A most powerful Neyman–Pearson test is then given by φn = 1{gnΩ†,ν† ≥
gnΩ�,ν�}, where gnΩ,ν denotes the joint density function for n i.i.d. samples from
gΩ,ν . By Markov’s inequality, the Type I error probability is bounded by

EΩ�,ν�φn =

∫
1
[{ gnΩ†,ν†(y

n)

gnΩ�,ν�(yn)

}1/2

≥ 1
]
gnΩ�,ν�(yn) dyn

≤
[∫

{gΩ†,ν†(y)gΩ�,ν�(y)}1/2 dy
]n

= e
−nR(Ω�

ν� ,Ω
†
ν† )

≤ e−nε2n .

By reversing the roles of Ω∗ and Ω, it follows that the Type II error probability
EΩ†,ν†(1−φn) ≤ e−nε2n as well. Next, take a generic Ω such that ‖Ω−Ω†‖2 ≤ δn,
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where δn = (2Knp)−1 and a generic ν such that |ν − ν†| ≤ δn. Then

EΩ,ν(1− φn) = EΩ†,ν

{
(1− φn)g

n
Ω,ν/g

n
Ω†,ν†

}
≤ {EΩ†,ν(1− φn)}1/2

[∫
{gΩ,ν(y)/gΩ†,ν†(y)}2 gΩ†,ν†(y) dy

]n/2
. (A.7)

Let hν(·|X) denote the density of Np(X, νIp) and from the Cauchy–Schwarz
inequality, the second factor in the square brackets equals∫

· · ·
∫ (∫ ∏m

i=1 hν(yi|x)gΩ(x)dx
)2∫ ∏m

i=1 hν†(yi|x)gΩ†(x)dx
dy1 · · · dym

≤
∫ ∫

· · ·
∫ m∏

i=1

(hν(yi|x))2

hν†(yi|x)
dy1 · · · dym

(gΩ(x))
2

gΩ†(x)
dx

=

(
ν†

√
ν
√
2ν† − ν

)mp ∫
(gΩ(x))

2

gΩ†(x)
dx

=

(
1 +

(ν† − ν)2

ν(2ν† − ν)

)mp/2 ∫
(gΩ(x))

2

gΩ†(x)
dx

By the choice of Mn ≤ n and δn, the first term can be bounded by(
1 +

2M2
n

4K2n2p2

)mp/2

≤
(
1 +

1

2K2p2

)mp/2

≤ exp(m/4K2p).

Then, the second factor equals∫ { gΩ(x)

gΩ†(x)

}2

gΩ†(x) dx =
|Ω|

|Ω†|1/2|2Ω− Ω†|1/2 =
|B|1/2

|2Ip −B−1|1/2 ,

where gΩ is the density of Np(0,Ω
−1) and B = Ω1/2Ω†−1Ω1/2. By the choice of

the sieve in (A.6), we get ‖(Ω†)−1‖2 ≤ Mn and ‖Ω− Ω†‖2 ≤ δn, which implies
that, on the sieve,

‖B − I‖2 ≤ ‖(Ω†)−1‖2‖Ω− Ω†‖2 ≤ Mnδn.

By Weyl’s inequality, the eigenvalues of B are between 1−Mnδn and 1+Mnδn.
Applying the inequality 1− x−1 < log x < x− 1 for any x > 0, we find that

|B|1/2
|2Ip −B−1|1/2 ≤ exp{p(log(1 +Mnδn)− log(2− 1/(1−Mnδn)))/2} ≤ epMnδn

and consequently,

EΩ,ν(1− φn) ≤ exp{−nε2n/2 + npMnδn/2 +m/4K2p} � exp{−nε2n/4},

as δn = (2Knp)−1 and Mn = Knε2n. This gives the Type II error bound (A.7)
uniformly over the set {Ω : ‖Ω− Ω†‖2 ≤ δn}.
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Step 3: Entropy bound. In the above analysis, the Ω† separated from Ω� was
fixed but arbitrary. So we can repeat that argument for finitely many different
Ω†’s and construct a test for the complement of the Rényi neighborhood of
Ω� by taking the maximum of those Ω†-specific tests. The logarithm of the
number of such tests is therefore bounded by the δn-entropy of Tn with respect
to spectral norm logN(δn, Tn, (‖·‖2, |·|)). It suffices to show that this is bounded
by a constant multiple of nε2n. To this end, if we take Ω1 = Θ1 + κ1Ip, ν1 and
Ω2 = Θ2 + κ2Ip, ν2 in Tn, then by the triangle inequality, for the given δn,

logN(δn, Tn, (‖ · ‖2, | · |)) ≤ logN(δn/2,Sn, ‖ · ‖2) + 2 log(Mnδ
−1
n )

� nε2n + 2 logn � nε2n.

Step 4: Prior probability of the complement of the sieve. In view of Condi-
tions (a), (b)(ii) and (c) on the prior distributions and the choice Mn = Knε2n,

we estimate Π(T c
n ) ≤ ΠΘ(Sc

n) + Πκ([M
−1
n ,Mn]

c) + Πν([M
−1
n ,Mn]

c) � e−Gnε2n ,
where the constant G > 0 can be made as large as we wish by choosing K large
enough.

Step 5: Convert from Rényi to Frobenius. From the previous steps, and the
general result of Theorem 2.1 in Ghosal, Ghosh and van der Vaart [21], we
obtain a concentration rate in terms of Rényi divergence EΩ�,ν�Πn({(Ω, ν) :
R(Ω�

ν� ,Ων) > L′ε2n}) → 0 for some L′ > 0 sufficiently large. Under the assump-
tion that ‖Ω�‖2 is bounded, we shall conclude that EΩ�,ν�Πn({Ω, ν : ‖Ω� −
Ω‖F > Lε2n, |ν� − ν| > Lε2n}) → 0 for some L > 0. Towards this, define

A = Ω
�−1/2
ν� ΩνΩ

�−1/2
ν� . Let α1 ≤ · · · ≤ αmp denote the eigenvalues of A in

the increasing order. It follows from Lemma A.2(ii) of Banerjee and Ghosal [3]
that, if the Hellinger distance or the Rényi divergence of gΩ�,ν� from gΩ,ν is
sufficiently small, then max{|αj − 1| : j = 1, . . . ,mp} ≤ 1 and, therefore, every
αj ≤ 2. Since 4α(1 + α)−2 < 1 for all α ∈ (0, 2], and − log x ≥ 1 − x for all
x ∈ (0, 1), we get that the Rényi divergence R(Ω�

ν� ,Ων) can be written as

−1

4
log

|A|
| 12Imp +

1
2A|2

= −1

4

mp∑
j=1

log
4αj

(1 + αj)2

≥ 1

4

mp∑
j=1

{
1− 4αj

(1 + αj)2

}
=

1

4

mp∑
j=1

(1− αj

1 + αj

)2
.

Since 1 + αj ≤ 1 + αp ≤ 3 for all j, and ‖A− Imp‖2F =
∑p

j=1(1− αj)
2, we have

that R(Ω�
ν� ,Ων) � ‖A− Imp‖2F . Next, observe that

‖Ων − Ω�
ν�‖2F = ‖Ω�1/2

ν� Ω
�−1/2
ν� (Ων − Ω�

ν)Ω
�−1/2
ν� Ω

�1/2
ν� ‖2F ≤ ‖Ω�

ν�‖22 ‖A− I‖2F .
Combining these, we conclude that

R(Ω�
ν� ,Ων) � ‖Ων − Ω�

ν�‖2F ,
by the fact that ‖Ω�

ν�‖2 ≤ 1/ν�. For R(Ω�
ν� ,Ων) � ε2n, it follows from the second

part of Lemma B.2 in Appendix B that

|ν − ν�| � εn/
√
p, ‖Ω− Ω�‖F � ‖Ω�‖22εn.
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We assume that ‖Ω�‖2 � 1, so ‖Ω− Ω�‖F � εn follows immediately.

Finally, note that if ‖Ω�‖2 is not bounded, then, from the penultimate display,

‖Ω− Ω�‖2F � ‖Ω�‖42ε2n.

Therefore, the result of Ω in Theorem 3.1 holds with the modified rate ε′n =
‖Ω�‖22εn.

A.3. Proof of Theorem 4.1

As Condition (a) is directly assumed, we only need to verify the conditions of
Theorem 3.1 for the sieve

Sn = {Θ : γ ≤ Rn, ‖Θ‖∞ ≤ Mn}, Rn = Knε2n/ logn, Mn = Knε2n,

for some sufficiently large constant K > 0. Since ‖Θ‖22 ≤ ‖Θ‖2F ≤ Rn‖Θ‖2∞, we
have

logN(δn,Sn, ‖ · ‖2) ≤ logN(δn,Sn, ‖ · ‖F ) ≤ logN(δnR
−1/2
n ,Sn, ‖ · ‖∞),

where the last expression is no more than

log

⎧⎨⎩
Rn∑
j=1

(
p(p− 1)/2

j

)(
R

1/2
n Mn

δn

)j
⎫⎬⎭ � Rn log

(
R3/2

n p2Mn/δn
)
� Rn logn.

Since Rn � nε2n/ logn, this verifies Condition (b)(i).

Next, for Θ ∈ Sc
n, either |Θij | > Mn for some (i, j), or γ > Rn. The

probability of this set is less than p2Π(‖Θ‖∞ > Mn) + Π(R > Rn). Since
the entries of Θ have exponential or Laplace distribution, both of which have
an exponentially small tail probability, the first term is bounded by a multi-
ple of exp(−λMn) � exp(−λKnε2n). The second term is bounded by Π(R >
Rn) � exp(−aRn logRn) � exp(−aKnε2n) by the assumption (4.2) and the
choice Rn � nε2n/ logn. By taking K sufficiently large, we verify Condition
(b)(ii).

To verify Condition (b)(iii), observe that

Π(‖Θ−Θ�‖F ≤ cεn) � Π(‖Θ−Θ�‖∞ ≤ cεn/p)

� (cεn/p)
p+s�

� exp{−c′(p+ s�) log n},

for some c′ > 0. By equating nε2n with (p + s�) logn, we obtain the advertised
rate of εn = n−1/2(p+ s�)1/2(logn)1/2.
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A.4. Proof of Theorem 4.2

We consider the sieve

Sn = {Θ = UDUT : γ ≤ Rn, ‖D‖∞ ≤ Mn, ‖U‖∞ ≤ Mn},

where Rn = Knε2n/ logn and Mn = Knε2n for some sufficiently large constant
K > 0, and verify Conditions (b)(i)–(iii).

For any two precision matrices Θ1,Θ2 ∈ Sn with Cholesky decompositions
Θ1 = U1D1U

T
1 and Θ2 = U2D2U

T
2 , we obtain ‖Θ1 −Θ2‖2 less than or equal to

‖U1D1U
T
1 − U1D1U

T
2 ‖2 + ‖U1D1U

T
2 − U1D2U

T
2 ‖2 + ‖U1D2U

T
2 − U2D2U

T
2 ‖F

≤‖U1‖2‖D1‖2‖U1 − U2‖F + ‖U1‖2‖U2‖2‖D1 −D2‖F + ‖U2‖2‖D2‖2‖U1 − U2‖F
=(‖D1‖2‖U1 − U2‖F + ‖D1 −D2‖F + ‖D2‖2‖U1 − U2‖F )
≤Mnp(‖U1 − U2‖∞ + ‖D1 −D2‖∞),

since ‖U1‖2 = ‖U2‖2 = 1 and ‖D1‖2 = ‖D1‖∞ ≤ Mn. Hence

logN(δn,Sn, ‖ · ‖2) ≤ log

⎧⎨⎩
Rn∑
j=1

(
p(p− 1)/2

j

)(
Mn

δnpMn

)j+p
⎫⎬⎭ � (Rn + p) log n.

Since Rn � nε2n/ logn and p � nε2n, we have verified Condition (b)(i).
To verify Condition (b)(ii), we observe that

Π(Sc
n) � Π(γ > Rn) + pΠ(‖D‖∞ > Mn) + p2Π(‖U‖∞ > Mn).

Under both (4.3) and (4.4), γ has a binomial distribution, and therefore the first
term on the right hand side is bounded by exp(−aRn logRn) � exp(−aKnε2n).
By the tail probabilities of gamma and normal distributions, we have an upper
bound for the remaining two terms as exp(−λMn) � exp(−λKnε2n). Choosing
K sufficiently large ensures the required bound.

To verify Condition (b)(iii) about prior concentration, we have for some con-
stant c > 0,

Π(‖D −D�‖F ≤ εn) ≥ Π(‖D −D�‖∞ ≤ εn/
√
p)

� (εn/p)
p

� exp{−cp log(εn/p)} (A.8)

since all the diagonal values of D� are bounded away from 0 and the prior
density around D� is lower bounded, and

Π(‖U − U�‖F ≤ εn) ≥ Π(‖U − U�‖∞ ≤ εn/p)

= {Π(|Uij | < εn/p)}p(p−1)/2−s�

× {Π(|Uij − U�
ij | ≤ εn/p | |Uij | > εn/p)Π(|Uij | > εn/p)}s

�

� (1− p−b)p(p−1)/2−s�(εn/p)
s�p−as�
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which shares the same lower bound (A.8). This follows because Π(‖U−U�‖∞ ≤
εn/p) is equal to the probability that Π(|Uij | < εn/p) � (1−p−b) when |U�

ij | = 0,
and that is the case for p(p−1)/2−s∗ many pairs. Now by the triangle inequality,
the facts that ‖U�‖2 and ‖D�‖2 are assumed to have a constant upper bound,
and the prior independence of U and D, it follows that − log Π(‖Θ − Θ�‖F ≤
ε) � (p+ s∗) log(p/εn) � (p+ s∗) log n, so the rate εn = [{(p+ s∗) logn}n−1]1/2

satisfies the required condition.

A.5. Proof of Theorem 4.3

By the arguments given at the beginning of the proof of Theorem 3.1, we may
assume that our choice of Θ� meets the two conditions assumed about Ω�,
namely, has eigenvalues bounded and bounded away from 0, and a fixed, suffi-
ciently small-size ‖ · ‖∞-neighborhood of Θ� is contained in PG.

We consider the sieve

Sn = {Θ : ‖Θ‖∞ ≤ Mn},

where Mn = Knε2n with K to be chosen a suitably large constant. On the sieve,
‖Θ‖22 ≤ ‖Θ‖2F ≤ 2pk‖Θ‖2∞, which leads to the entropy estimate

logN(δn,Sn, ‖ · ‖2) ≤ logN(δn/
√
2pk,Sn, ‖ · ‖∞)

≤ log(k · (
√

2pkMn/δn)
pk)

� pk logn. (A.9)

Note that Θ ∈ Sc
n if |Θij | > Mn for some pair (i, j). The positive definiteness

of Θ implies that the largest entry of θ in absolute value occurs at a diagonal
position. By the property of the G-Wishart distribution, each diagonal entry is
distributed as a chi-square distribution with δ degrees of freedom. From the tail
estimate of a chi-square random variable Y , it then follows that

Π(Sc
n) ≤ pP(Y > Mn) ≤ exp(−cMn + log p) ≤ exp(−c′nε2n) (A.10)

for some c′ > 0 which can be made as large we please by choosing K large
enough.

It remains to verify that the prior concentration rate is εn = {n−1(p log n)}1/2.
There are at most pk free arguments in Θ due to the k-banding structure. By
Roverato [31], the G-Wishart density at the true value Θ� is bounded below by
a constant multiple of the product of a power of det(Θ�), e−tr(Θ�)/2 and e−cp for
some c > 0; see Equations (3.2), (3.3), (5.2), and (5.3) of Banerjee and Ghosal
[2]. Clearly, tr(Θ�) = O(p) and | log det(Θ�)| = O(p) by the boundedness of the
eigenvalues of Θ� and its inverse. Since Θ� stays away from the boundary of PG

by the assumption, it follows that

Π(‖Ω− Ω∗‖F ≤ εn) � Π(‖Ω− Ω∗‖∞ ≤ εn/
√
kp) � e−c′′p(εn/

√
kp)kp (A.11)

for some c′′ > 0. From (A.9)–(A.11), the rate εn = {n−1(p log n)}1/2 follows by
an application of Theorem 3.1.
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A.6. Proof of Theorem 5.1

We apply Theorem 3.1 by verifying Conditions (b)(i)–(iii) on ΠΘ with Θ = ΛΛT.
We prove the first assertion only; the second assertion can be established by a
minor adjustment of the argument described in the end. Observe that

‖Θ−Θ�‖F ≤ ‖ΛΛT−ΛΛ�T‖F +‖ΛΛ�T−Λ�Λ�T‖F ≤ (‖Λ‖2+‖Λ�‖2)‖Λ−Λ�‖F .

We can lower bound Π(‖Λ− Λ�‖F ≤ ε/(4
√
c�3)) by

Π(‖Λ− Λ�‖∞ ≤ ε/(4

√
c�3pk�)|k = k�)Π(k = k�),

where the second factor is bounded below by exp(−K1k
� log k�) up to a con-

stant multiple, with some constant K1, by well-known properties of the Poisson
distribution. For the first term, we consider the supremum over all the entries
of 0 < i ≤ p and 0 < j ≤ k� and let δ = ε/(4

√
c�3pk�). Then it can be bounded

below by

{1−Π(|Λij | > a�)}(p−s�)k�{Π(|Λij − Λ�
ij | ≤ a� | |Λij | > a�)Π(|Λij | > a�)}s�k�

.

The first factor is proportional to {1−(pk�)−1}(p−s�)k�

= O(1) since s� � p. For
the second factor, we know that Π(|Λij − Λ�

ij | ≤ δ | |Λij | > δ) � δ exp(−c�/2)
since the probability density is lower bounded on a closed region and Π(|Λij | >
δ) � (pk�)−1. Therefore, we conclude that

Π(‖Λ− Λ�‖∞ ≤ a� | k = k�) � (ε/(4

√
c�3p3k�3))s

�k�

exp(−c�s�k�/2)

� exp(−c�s�k� log n).

Then Condition (b)(iii) is verified for εn = {n−1(c�s�k� logn)}1/2.
Next, let

Sn = {ΛΛT : γ ≤ γn, k ≤ kn, ‖Λ‖∞ ≤
√

Mn/(2γn)},

where γn is a large constant multiple of nε2n/ logn, Mn = nε2nγn and kn = γn.
To bound Π(Sc

n) so that the theorem applies to give the rate εn, we need to
establish that for some sufficiently large constant C > 0,

Π(k > kn) � e−Cnε2n ,

Π(γ > γn) � e−Cnε2n ,

maxΠ(|Λij | >
√
Mn/(2γn)) � e−Cnε2n .

(A.12)

This is so because then conditioning on k ≤ kn and γ ≤ γn, to obtain the desired
bound e−Cnε2n for Π(Sc

n), the maximum number of (i, j) pairs to be considered
is bounded by γ2

nk
2
n, which can be absorbed in the exponent appearing in the
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bound for maxΠ(|Λij | >
√

Mn/(2γn)). The first relation follows by the tail
estimate

∞∑
k=kn

θk1
k!

exp(−θ1) ≤
θkn
1

kn!

∞∑
k=0

θk1
k!

exp(−θ1) =
θkn
1

kn!
≤ exp(−1

2kn log kn),

for sufficiently large n. To derive the second relation, it now suffices to condition
on k with k ≤ kn. By the tail probability of binomial distribution, Π(γ > γn)
is bounded by e−C′γn log n for some constant C ′ > 0, which gives the desired
bound.

For the third inequality in (A.12), the tail estimate of a normal distribution
gives e−C′Mn/γn , giving the desired bound in view of the choices of Mn and γn.

By the relations

‖Θ1 −Θ2‖22 ≤ ‖Θ1 −Θ2‖2F ≤ (‖Λ1‖22 + ‖Λ2‖22)‖Λ1 − Λ2‖2F ,

the δn-metric entropy of Sn with respect to the spectral norm is bounded by

log

{
kn∑
k=1

γn∑
γ=1

(
pk

γ

)(√
2Mnγn

√
Mn/(2γn)

δn

)γ}
� log

{
knγn(pkn)

γn(Mn/δn)
γn
}

� γn logn,

which is of the order of nε2n. This gives the rate εn = {n−1(logn)c�s�k�}1/2
in terms of the Rényi divergence. By the last assertion of Theorem 3.1, since
‖Ω�‖2 ≤ c� by assumption, the contraction rate in terms of the Frobenius dis-
tance is n−1/2(log n)1/2(c�s�k�)1/2 in the case of no-measurement error changes
to

(c�)2n−1/2(log n)1/2(c�s�k�)1/2 = n−1/2(logn)1/2(c�)5/2(s�k�)1/2

for a fixed scale of measurement error.

When a prior (5.2) is put on η, the only change in the calculation comes from
the fact that then γ has a beta–binomial distribution instead of binomial. By
the tail probability of beta–binomial distribution in Castillo and van der Vaart
[9], Π(γ > γn) is bounded by

kn(pkn − γn)

(
(1+a4)pkn−γn

a4pkn

)(
(1+a4)pkn+1

a4pkn

) � pk2n

(
1− γn + 1

(1 + a4)pkn + 1

)a4pkn

� pk2ne
−C′γn

for some constant C ′ > 0, which can be bounded as desired; here we have used
the fact that γn/pkn → 0. Since the tail estimate is weaker than e−C′γn logn

obtained in the case of a fixed η, this implies that the contraction rate in terms
of the Rényi divergence weakens to n−1/2(logn)

√
c�s�k� and that in terms of the

Frobenius distance weakens to {n−1(logn)c�s�k�}1/2 and {n−1(logn)c�5s�k�}1/2
respectively, depending on ν� = 0 is known and ν� is positive and fixed.
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Appendix B: Auxiliary lemmas

Recall that K(f1, f2) =
∫
f1 log(f1/f2) and V (f1, f2) =

∫
f1 log2(f1/f2) denote

the Kullback–Leibler (KL) divergence and corresponding KL variation for any
two densities f1, f2. Let gΩ denote the densities of Np(0,Ω

−1) as usual and we
have the following Lemma, which is inspired by the proof of Theorem 3.1 in
Banerjee and Ghosal [3] and the proof of Theorem 2 in Du and Ghosal [12].

Lemma B.1. Suppose that the eigenvalues of Ω� lie in [M−1,M ] for some large
enough constant M > 0. If ‖Ω − Ω�‖F ≤ εM−1 for a sufficiently small ε > 0,
then max{K(gΩ� , gΩ), V (gΩ� , gΩ)} � ε2.

Proof. By the definition of the KL divergence,

K(gΩ� , gΩ) =
1
2 log |Ω

�Ω−1|+ 1
2EΩ�(XT(Ω− Ω�)X)

= 1
2 log |Ω

�Ω−1|+ 1
2 tr(ΩΩ

�−1 − Ip),

since EΩ�(XTAX) = tr(AΩ�−1) if X ∼ Np(0,Ω
�−1) for any p × p dimensional

symmetric matrix A. Furthermore, let B = Ω�−1/2ΩΩ�−1/2, and twice the right-
hand side equivalent to

− log |B|+ tr(B − Ip) =

p∑
i=1

(1− λi − log λi), (B.1)

where λ1, . . . , λp denotes the eigenvalues of Ω�−1/2ΩΩ�−1/2. Note that |1−λi−
log λi| � (1−λ2

i ) as |1−λi| ≤ ε for all i = 1, . . . , p. Therefore, the expression in
(B.1) is bounded by a constant multiple of

p∑
i=1

(1− λi)
2 = ‖I − Ω�−1/2ΩΩ�−1/2‖2F ≤ ε2,

since ‖I − Ω�−1/2ΩΩ�−1/2‖F ≤ ‖Ω�−1‖2‖Ω − Ω�‖F ≤ ε. This establishes the
first assertion.

Similarly, for the corresponding KL variation,

V (gΩ� , gΩ) =
1
4 log

2 |Ω�Ω−1|+ 1
2 log |Ω

�Ω−1|EΩ�(XT(Ω− Ω�)X)

+ 1
4EΩ�(XT(Ω− Ω�)X)2

= 1
4VΩ�(XT(Ω− Ω�)X) +K2(gΩ� , gΩ),

by adding and subtracting [EΩ�(XT(Ω − Ω�)X)]2. The latter term has been
already bounded by a constant multiple of ε4. The first term is equal to a
constant times

tr((Ω−Ω�)Ω�−1(Ω−Ω�)Ω�−1) = tr(Ip−Ω�−1/2ΩΩ�−1/2)2 =

p∑
i=1

(1−λi)
2 � ε2,

which proves the second assertion.
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Lemma B.2. Given Ω, Ω�, ν and ν�, let Ων denote the precision matrix for
model (1.2) involving Ω and ν and Ω�

ν� denote the truth of it with Ω� and ν�.
Then, if |ν − ν�| ≤ ε/

√
p and ‖Ω− Ω�‖F ≤ ε for small enough ε, we have

‖Ων − Ω�
ν�‖F ≤ K1ε,

where K1 is a constant only depending on m, ν� and ‖Ω�‖2. On the other hand,
if ‖Ων − Ω�

ν�‖F ≤ ε and ν ≤ M for some constant M , we have

|ν − ν�| ≤ K2ε/
√
p, ‖Ω− Ω�‖F ≤ K3‖Ω�‖22ε, (B.2)

where K2 and K3 are constants only depending on m and ν�.

Proof. For simplicity, let A = −(νΩ + mIp)
−1/ν with the truth A� involving

Ω� and ν�. Then, for the first inequality, write

‖Ων − Ω�
ν�‖2F = m‖Ip/ν +A− Ip/ν

� −A�‖2F +m(m− 1)‖A−A�‖2F
≤ 2m‖Ip/ν − Ip/ν

�‖2F +m(m+ 1)‖A−A�‖2F .

The first term on the right hand side equals 2mε2/ν2ν�2, which is less than or
equal to 4mε2/ν�4 because ν ≥ ν�/2 if ε is small enough. Consider the second
term except the front constant, which equals

‖(ν� Ω� +mIp)
−1/ν� − (νΩ+mIp)

−1/ν‖2F
≤ 2‖(ν�Ω� +mIp)

−1(1/ν� − 1/ν)‖2F
+ 2‖(ν�Ω� +mIp)

−1/ν − (νΩ+mIp)
−1/ν‖2F

≤ 2‖(ν�Ω� +mIp)
−1‖22‖(Ip/ν� − Ip/ν)‖2F

+ 4‖(ν�Ω� +mIp)
−1 − (νΩ+mIp)

−1‖2F /ν�,

where the first term on the right hand side is less than or equal to 4ε2/ν�4 by
the former calculation. It holds because the eigenvalues of (ν�Ω� +mIp)

−1 and
(νΩ+mIp)

−1 are all upper-bounded by 1. For the key in the second term except
the constants, it equals

‖(ν�Ω� +mIp)
−1(νΩ− ν�Ω�)(νΩ+mIp)

−1‖2F ≤ ‖νΩ− ν�Ω�‖2F ,

by the same reason as above. The right hand side is less than or equal to

‖νΩ−νΩ�‖2F+‖νΩ�−ν�Ω�‖2F ≤ 2ν�‖Ω−Ω�‖2F+‖Ω�‖2F (ν−ν�)2 ≤ (2ν�+‖Ω�‖22)ε2.

The first inequality holds because ν ≤ 2ν� if ε is small enough. Therefore, we
proved the first assertion.

For the second result, write ‖Ων − Ω�
ν�‖2F by entries and it equals∑

i,j

m(Ip/ν − Ip/ν
�)2ij + 2m(Ip/ν − Ip/ν

�)ij(A−A�)ij +m2(A−A�)2ij

= (m− 1)
∑
i,j

(Ip/ν − Ip/ν
�)2ij +

∑
i,j

[(Ip/ν − Ip/ν
�)ij +m(A−A�)ij ]

2
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= (m− 1)‖Ip/ν − Ip/ν
�‖2F + ‖Ip/ν − Ip/ν

� +m(A−A�)‖2F . (B.3)

If m > 1, since both terms on the right hand side are strictly positive, we have
that ‖Ip/ν − Ip/ν

�‖2F ≤ ε2/(m− 1), which implies that

|ν� − ν| ≤ νν�ε/
√
p(m− 1) ≤ K2ε/

√
p,

where K2 only depends on m, ν� and M . On the other hand, notice that

‖Ων − Ω�
ν�‖2F = m‖Ip/ν +A− Ip/ν

� −A�‖2F +m(m− 1)‖A−A�‖2F ,

where both terms on the right hand side are positive. Therefore, we also have
that ‖A−A�‖F ≤ ε/

√
m(m− 1), where the left hand side equals

‖(ν�Ω�+mIp)
−1/ν�−(νΩ+mIp)

−1/ν�+(νΩ+mIp)
−1/ν�−(νΩ+mIp)

−1/ν‖F .

By the triangle inequality, it implies that

‖(ν�Ω� +mIp)
−1/ν� − (νΩ+mIp)

−1/ν�‖F ≤ ε/
√
m(m− 1)+K2ε/

√
p, (B.4)

since the eigenvalues of (νΩ + mIp)
−1 are strictly upper-bounded by 1. Note

that

‖νΩ− ν�Ω�‖F
= ‖(ν�Ω� +mIp)[(ν

�Ω� +mIp)
−1 − (νΩ+mIp)

−1](νΩ+mIp)‖F
≤ ‖ν�Ω� +mIp‖2‖νΩ+mIp‖2‖(ν�Ω� +mIp)

−1 − (νΩ+mIp)
−1‖F ,

which implies

‖(ν�Ω� +mIp)
−1 − (νΩ+mIp)

−1‖F ≥ ‖νΩ− ν�Ω�‖F
‖νΩ+mIp‖2‖ν�Ω� +mIp‖2

.

By the triangle inequality, ‖ν�Ω�−νΩ‖F ≥ ‖ν�Ω�−ν�Ω‖F −‖ν�Ω−νΩ‖F and
thus,

‖Ω− Ω�‖F
≤√

p‖Ω‖2|ν − ν�|/ν� + ‖νΩ+mIp‖2‖ν�Ω� +mIp‖2(ε/
√
m(m− 1) +K2ε/

√
p)

≤‖Ω‖2K2ε/ν
� + (m+ 2ν�‖Ω‖2)(m+ ν�‖Ω�‖2)[1/

√
m(m− 1) +K2/

√
p]ε,

since ν ≤ 2ν� when ε is small enough. It therefore remains only to obtain an
upper bound on ‖Ω‖2. By the Woodbury formula, let δ = ε/

√
m(m− 1) +

K2ε/
√
p and the left hand side of (B.4) equals

‖(Ω−1 + νIp/m)−1 − (Ω�−1 + ν�Ip/m)−1‖F /m2 ≤ δ.

By the triangle inequality and the relation ‖ · ‖2 ≤ ‖ · ‖F , we get that

‖(Ω−1 + νIp/m)−1‖2 ≤‖(Ω−1 + νIp/m)−1 − (Ω�−1 + ν�Ip/m)−1‖2
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+ ‖(Ω�−1 + ν�Ip/m)−1‖2
≤m2δ + ‖(Ω�−1 + ν�Ip/m)−1‖2.

With some relatively straightforward algebra, it follows that

‖Ω‖2 ≤ m2δ + ‖Ω�‖2
1−mδ(ν� +K2ε/

√
p)− (ν� +K2ε/

√
p)‖Ω�‖2/(m+ ν�‖Ω�‖2)

� m2δ + ‖Ω�‖2,

since ε can be as small as we need. Finally, the second bound in (B.2) follows
from the above display and (B.4) for m > 1.

If m = 1 and ν� is known, the right hand side of (B.3) gives us that ‖A −
A�‖F ≤ ε. By similar calculation thereafter as above, we obtain the same bound
in (B.2).
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