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1 Proof of Theorems in Sections 4.2 and 4.3

Our theoretical setup has the following assumptions:

1. Θ is a subset in the P -dimensional Euclidean space RP .

2. The set Πθ0 ⊗Θθ0 = {(p̃, θ) ∈ Π⊗Θ : F (p̃, θ) ≥ F (p̃0, θ0)} is compact for any starting

point of the (p̃t, θt) sequence, denoted as (p̃0, θ0), that satisfies L(θ0) > −∞ and

p̃0 =
∏K

k=1 h(Yk | Zk, θ0).

3. F (p̃, θ) is continuous in Π⊗Θ and differentiable in the interior of Π⊗Θ.

4. Πθ0 ⊗Θθ0 is in the interior of Π⊗Θ for any θ0 ∈ Θ.
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5. The first order differential ∂Q(θ | θt, θt(N+1)
, . . . , θtK )/∂θ is continuous in

(θ, θt, θt(N+1)
, . . . , θtK ).

6. Worker k returns Qk to the manager infinitely often for t = 0, . . . ,∞ and k = 1, . . . , K.

1.1 Proof of Theorem 4.1

The proof uses arguments similar to Theorems 1 and 2 of Neal & Hinton (1998). First,

the E step of DEM at the (t + 1)-th iteration updates p̃t,k = h(Yk | Zk, θtk) to p̃(t+1),k =

h(Yk | Zk, θt) for worker k if k ∈ U(t+1); otherwise, p̃(t+1),k = h(Yk|Zk, θtk). Define

p̃(t+1) =
∏

k1∈Ut+1
p̃(t+1),k1

∏
k2∈Uc

t+1
p̃(t+1),k2 . Theorem 1 in Neal & Hinton (1998) implies

that F (p̃t, θt) ≤ F (p̃(t+1), θt) for a given θt. Second, the M step of DEM at the (t + 1)-th

iteration updates θt to θ(t+1) and increases F from F (p̃(t+1), θt) to F (p̃(t+1), θ(t+1)) for fixed

p̃(t+1). At the end of (t+ 1)-th iteration of DEM, F (p̃t, θt) ≤ F (p̃(t+1), θt) ≤ F (p̃(t+1), θ(t+1)),

where the first and last equality follow from Theorem 1 in Neal & Hinton (1998). Because t

is a generic iteration, DEM maintains the monotone ascent of F (p̃, θ) at every iteration and

{F (p̃t, θt), t ≥ 0} sequence converges because F (p̃, θ) is upper bounded by our assumption.

Theorem 2 in Neal & Hinton (1998) implies that if (ˆ̃p, θ̂) is a fixed point of F (p̃t, θt) sequence,

then L̂ = L(θ̂) is a fixed point of L(θt) sequence. This implies that there exists a monotone

subsequence of L(θt) converging to L̂.

1.2 Proof of Theorem 4.2

To prove this theorem, we require the definition of a closed map. A point-to-set mapping A

is closed on a set X if xk → x, xk ∈ X, and yk → y, yk ∈ A(xk), then y ∈ A(x) for every

x ∈ X; see Luenberger & Ye (2008, pp 203) for details. If A is continuous, then it is closed.

The proof is based on Theorems 1, 2, 4, and 5 in Wu (1983). Our assumptions imply that

the point-to-set map (p̃t, θt) 7→ (p̃t+1, θt+1) is continuous, thus closed, on Π⊗Θ ∩ (S ∪M)c;

see Theorem 2 in Wu (1983). Theorem 2 in Neal & Hinton (1998) implies that F (p̃t, θt) ≤
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F (p̃t+1, θt+1) for every (p̃t, θt) ∈ Π⊗ Θ ∩ (S ∪M)c, so F is our ascent function. The global

convergence theorem in Wu (1983) implies that all limit points of (p̃t, θt) sequence lie in

S ∪M and F (p̃t, θt) converges monotonically to F̂ = F (ˆ̃p, θ̂) for some (ˆ̃p, θ̂) ∈ S ∪M.

If S(F̂ ) (respectively M(F̂ )) = {(ˆ̃p, θ̂)} , then there cannot be two different stationary

points (respectively local maxima) with the same F̂ . This implies that (p̃t, θt)→ (ˆ̃p, θ̂) and

θt → θ̂ using coordinate-wise convergence. The first part of the theorem is proved.

Assumption 2 implies that (p̃t, θt) is a bounded sequence, so Theorem 5 in Wu (1983)

implies that the set of limit points of the sequence (p̃t, θt) with ‖(p̃t+1, θt+1)−(p̃t, θt)‖Π⊗Θ → 0

as t→∞ is connected and compact. Since S(F̂ ) andM(F̂ ) are discrete, the only connected

and compact components of the stationary points (respectively local maxima) are singletons.

All the limit points of (p̃t, θt) are in S(F̂ ) ∪M(F̂ ), so (p̃t, θt) → (ˆ̃p, θ̂) and the second part

of the theorem is also proved.

1.3 Proof of Theorem 4.3

Recall that

icom,ψ̄ =
K∑

i=N+1

(icom,ψ)kk, iobs,ψ̄ =
K∑

k=N+1

(iobs,ψ)kk, icom = icom,θ + icom,ψ̄, iobs = iobs,θ + iobs,ψ̄.

Define Cθ,ψ̄ = i−1
com,θicom,ψ̄ and Oψ̄ = i−1

comiobs,ψ̄ and substitute them in

SEM = i−1
comiobs, iobs = −∂2 log g(Z1:K |θ)

∂θ·∂θT
∣∣
θ=θ̂E

, icom = −EY
{
∂2 log f(Y1:K ,Z1:K |θ)

∂θ·∂θT | Z1:K , θ
} ∣∣

θ=θ̂E
,

where iobs and icom are the observed-data and complete-data information matrices, to obtain

that

SEM = i−1
comiobs = (I + i−1

com,θicom,ψ̄)−1i−1
com,θiobs,θ +Oψ̄ = (I + Cθ,ψ̄)−1SDEM +Oψ̄.
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Simplifying the equality in the above display yields

λmin(SEM)
(i)

≤ λmax{(I + Cθ,ψ̄)−1SDEM}+ λmin(Oψ̄)
(ii)

≤ λmax{(I + Cθ,ψ̄)−1}λmin{SDEM}+ λmin(Oψ̄)

= {1 + λmin(Cθ,ψ̄)}−1λmin{SDEM}+ λmin(Oψ̄) (1)

λmin(SEM)
(iii)

≥ λmin{(I + Cθ,ψ̄)−1SDEM}+ λmin(Oψ̄)
(iv)

≥ λmin{(I + Cθ,ψ̄)−1}λmin(SDEM) + λmin(Oψ̄)

= {1 + λmax(Cθ,ψ̄)}−1λmin(SDEM) + λmin(Oψ̄), (2)

where inequalities (i), (ii), (iii), and (iv) follow from Problem III.6.5 in Bhatia (1997);

therefore,

λmin(SDEM)

1 + λmax(Cθ,ψ̄)
+ λmin(Oψ̄) ≤ λmin(SEM) ≤ λmin(SDEM)

1 + λmin(Cθ,ψ̄)
+ λmin(Oψ̄).

2 Additional experimental results from Section 5

Recall the linear mixed effects model used for experiments. Let p, q, m, n, and ni be the

number of fixed effects, number of random effects, sample size, total number of observations,

and total number of observations for sample i (i = 1, . . . ,m) so that n =
∑m

i=1 ni. If yi ∈ Rni

is the observation for sample i for i = 1, . . . ,m, then

yi = Xi β +Zi bi + ei, bi ∼ Nq(0,Σ), Σ = τ 2D, ei ∼ Nni
(0, τ 2Ini

), (3)

where Xi ∈ Rni×p and Zi ∈ Rni×q are known matrices of fixed and random effects covariates,

respectively, β ∈ Rp is the fixed effects parameter vector, τ 2 is the error variance parameter,

D is a symmetric positive definite matrix, bi ∈ Rq is the random effects vector for sample

i that follows a q-dimensional Gaussian distribution with mean 0 and covariance parameter

Σ = τ 2D, and Ini
is ni-by-ni identity matrix. The parameter vector is θ = {β,Σ, τ 2}.

The linear mixed-effects model in (3) satisfies Assumptions 1–5 in Theorem 4.2. Let LLT

be the Cholesky decomposition of Σ, where L is lower triangular, and vech(L) be the lower

4



triangular part of L arranged in a q(q + 1)/2-dimensional vector. Our parameter vector

can be also defined as θ = {β, vech(L), τ 2} and we assume that the parameter space Θ is

a compact subset of the (p + q(q + 1)/2 + 1)-dimensional Euclidean space. This verifies

Assumption 1. In our simulation and real data analysis, we fix β0 = 0, L0 = Iq, and τ 2
0 = 10

as the starting point of DEM iterations. The conditional distribution of missing data bi in

(3) is also Gaussian with mean b̂i and covariance matrix Ĉi (i = 1, . . . ,m); see Equation

3.6 in van Dyk (2000) for the analytic forms of b̂i and Ĉi. Define Π in Assumption 2 to be

a compact set of continuous distributions with density p̃, finite KL{p̃, N(b̂i, Ĉi)} for every

i, and finite
∫

log{p̃(y)}p̃(y)dy. For any such θ0, Πθ0 ⊗ Θθ0 is a compact subset of Π ⊗ Θ,

which verifies Assumption 4. Assumption 2 is true because the likelihood function is finite

at θ0 = {β0, vech(L0), τ 2
0 }. The likelihood for θ in (3) is based on a Gaussian density and

is differentiable in the interior of Θ, which verifies Assumption 3. Equation 3.4 in van Dyk

(2000) shows that Qk(θ | θtk) is differentiable for every k. The Q-function in DEM is the

sum of Q1(θ | θt1), . . . , QK(θ | θtK ), so it is also differentiable, which verifies Assumption 5.

Our implementation ensures that Qk(θ | θtk) is returned to the manager for every k before

convergence is declared, satisfying Assumption 6.

The accuracy of every algorithm in parameter estimation was judged using errors defined

as

err2
β = p−1

p∑
i=1

(
β̂i − β̂EM

i

)2

, err2
τ2 = (τ̂ 2 − τ̂ 2EM)2, err2

var = q−1

q∑
i=1

(
Σ̂ii − Σ̂EM

ii

)2

,

err2
cov = 2q−1(q − 1)−1

q−1∑
i=1

q∑
j=i+1

(
Σ̂ij − Σ̂EM

ij

)2

, (4)

where {β̂
EM
, Σ̂EM, τ̂ 2EM} and {β̂, Σ̂, τ̂ 2} respectively were the parameter estimates of ECME0

and its competitor, including lme4, Meta-lme4, IEM, or DEM. If erri represented the error

in replication i of the experiment, the root mean square error (RMSE) over R replications
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was defined as

RMSE2
β = R−1

R∑
i=1

err2
β i, RMSE2

τ2 = R−1

R∑
i=1

err2
τ2 i,

RMSE2
var = R−1

R∑
i=1

err2
var i, RMSE2

cov = R−1

R∑
i=1

err2
cov i. (5)

The smaller the RMSE, the closer are the results to the benchmark ECME0 algorithm.

Table 1: Root mean square error (5) in estimation of fixed effects (β) averaged across
simulation replications. The maximum Monte Carlo error is of the order 10−4

K = 10
m = 104, n = 106 m = 105, n = 107

q = 3 q = 6 q = 3 q = 6
p = 10 p = 20 p = 10 p = 20 p = 10 p = 20 p = 10 p = 20

lme4 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Meta-lme4 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

IEM 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
DEM (γ = 0.3) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
DEM (γ = 0.5) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
DEM (γ = 0.7) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

K = 20
m = 104, n = 106 m = 105, n = 107

q = 3 q = 6 q = 3 q = 6
p = 10 p = 20 p = 10 p = 20 p = 10 p = 20 p = 10 p = 20

lme4 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Meta-lme4 0.0001 0.0000 0.0001 0.0000 0.0000 0.0000 0.0000 0.0000

IEM 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
DEM (γ = 0.3) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
DEM (γ = 0.5) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
DEM (γ = 0.7) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
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Table 2: Root mean square error (5) in the estimation of τ 2 and Σ averaged across simulation
replications. The maximum Monte Carlo errors are of the order 10−4, 10−2, and 10−3 for the
error variances, variances of the random effects, and covariances of random effects

Error variance (τ2)
K = 10

m = 104, n = 106 m = 105, n = 107

q = 3 q = 6 q = 3 q = 6
p = 10 p = 20 p = 10 p = 20 p = 10 p = 20 p = 10 p = 20

lme4 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Meta-lme4 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

IEM 0.0001 0.0071 0.0004 0.0002 0.0000 0.0000 0.0000 0.0000
DEM (γ = 0.3) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
DEM (γ = 0.5) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
DEM (γ = 0.7) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

K = 20
m = 104, n = 106 m = 105, n = 107

q = 3 q = 6 q = 3 q = 6
p = 10 p = 20 p = 10 p = 20 p = 10 p = 20 p = 10 p = 20

lme4 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Meta-lme4 0.0001 0.0001 0.0001 0.0001 0.0000 0.0000 0.0000 0.0000

IEM 0.0001 0.0002 0.0008 0.0018 0.0001 0.0002 0.0001 0.0001
DEM (γ = 0.3) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
DEM (γ = 0.5) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
DEM (γ = 0.7) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

Variances of random effects (diagonal elements of Σ)
K = 10

m = 104, n = 106 m = 105, n = 107

q = 3 q = 6 q = 3 q = 6
p = 10 p = 20 p = 10 p = 20 p = 10 p = 20 p = 10 p = 20

lme4 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Meta-lme4 0.0008 0.0008 0.0018 0.0015 0.0001 0.0001 0.0001 0.0002

IEM 0.0001 0.0017 0.0001 0.0001 0.0000 0.0000 0.0000 0.0000
DEM (γ = 0.3) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
DEM (γ = 0.5) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
DEM (γ = 0.7) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

K = 20
m = 104, n = 106 m = 105, n = 107

q = 3 q = 6 q = 3 q = 6
p = 10 p = 20 p = 10 p = 20 p = 10 p = 20 p = 10 p = 20

lme4 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Meta-lme4 0.0009 0.0009 0.0022 0.0024 0.0001 0.0001 0.0003 0.0003

IEM 0.0001 0.0001 0.0002 0.0171 0.0000 0.0001 0.0000 0.0000
DEM (γ = 0.3) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
DEM (γ = 0.5) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
DEM (γ = 0.7) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

Covariances of random effects (off-diagonal elements of Σ)
K = 10

m = 104, n = 106 m = 105, n = 107

q = 3 q = 6 q = 3 q = 6
p = 10 p = 20 p = 10 p = 20 p = 10 p = 20 p = 10 p = 20

lme4 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Meta-lme4 0.0006 0.0006 0.00010 0.0009 0.0001 0.0001 0.0001 0.0001

IEM 0.0000 0.0010 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
DEM (γ = 0.3) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
DEM (γ = 0.5) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
DEM (γ = 0.7) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

K = 20
m = 104, n = 106 m = 105, n = 107

q = 3 q = 6 q = 3 q = 6
p = 10 p = 20 p = 10 p = 20 p = 10 p = 20 p = 10 p = 20

lme4 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Meta-lme4 0.0006 0.0007 0.0015 0.0014 0.0001 0.0001 0.0002 0.0002

IEM 0.0000 0.0000 0.0001 0.0040 0.0000 0.0000 0.0000 0.0000
DEM (γ = 0.3) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
DEM (γ = 0.5) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
DEM (γ = 0.7) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
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Table 3: The ratio of IEM or DEM and ECME0 log likelihoods averaged over simulation
replications. Monte Carlo errors are in parenthesis

IEM or DEM log likelihood / ECME0 log likelihood
K = 10

m = 104, n = 106 m = 105, n = 107

q = 3 q = 6 q = 3 q = 6
p = 10 p = 20 p = 10 p = 20 p = 10 p = 20 p = 10 p = 20

IEM 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00)
DEM (γ = 0.3) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00)
DEM (γ = 0.5) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00)
DEM (γ = 0.7) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00)

K = 20
m = 104, n = 106 m = 105, n = 107

q = 3 q = 6 q = 3 q = 6
p = 10 p = 20 p = 10 p = 20 p = 10 p = 20 p = 10 p = 20

IEM 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00)
DEM (γ = 0.3) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00)
DEM (γ = 0.5) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00)
DEM (γ = 0.7) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 1.00 (0.00)

Table 4: Root mean square error (5) in estimation of fixed effects (β), variances of random
effects (diagonal elements of Σ), error variance (τ 2), and covariances of random effects (off-
diagonal elements of Σ) averaged over all replications. The maximum Monte Carlo errors
are of the order 10−3, 10−4, 10−3, and 10−4, respectively. The subscripts 1, . . . , 6 represent
Action, Children − Action, Comedy − Action, Drama − Action, popularity, and previous
predictors

βAction βChildren − Action βComedy − Action βDrama − Action βpopularity βprevious
lme4 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

Meta-lme4 0.0000 0.0002 0.0001 0.0001 0.0000 0.0000
IEM 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

DEM (γ = 0.3) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
DEM (γ = 0.5) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
DEM (γ = 0.7) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

σ2
Action σ2

Children − Action σ2
Comedy − Action σ2

Drama − Action σ2
popularity σ2

previous τ2

lme4 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0006
Meta-lme4 0.0001 0.0002 0.0001 0.0000 0.0000 0.0001 0.0007

IEM 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0010
DEM (γ = 0.3) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0008
DEM (γ = 0.5) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0007
DEM (γ = 0.7) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0006

σ12 σ13 σ14 σ15 σ16 σ23 σ24 σ25
lme4 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

Meta-lme4 0.0001 0.0001 0.0000 0.0000 0.0001 0.0001 0.0001 0.0000
IEM 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

DEM (γ = 0.3) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
DEM (γ = 0.5) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
DEM (γ = 0.7) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

σ26 σ34 σ35 σ36 σ45 σ46 σ56
lme4 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

Meta-lme4 0.0001 0.0000 0.0000 0.0000 0.0001 0.0001 0.0000
IEM 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

DEM (γ = 0.3) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
DEM (γ = 0.5) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
DEM (γ = 0.7) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
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Table 5: The ratio of IEM or DEM log likehood over ECME0 log likehood averaged over all
replications. Monte Carlo errors are in parenthesis

IEM DEM (γ = 0.30) DEM (γ = 0.50) DEM (γ = 0.70)
1.0000 (0.0000) 1.0000 (0.0000) 1.0000 (0.0000) 1.0000 (0.0000)

10


	Proof of Theorems in Sections 4.2 and 4.3
	Proof of Theorem 4.1
	Proof of Theorem 4.2
	Proof of Theorem 4.3

	Additional experimental results from Section 5

