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ABSTRACT Part I of this paper formulated a multitask optimization problem where agents in the network
have individual objectives to meet, or individual parameter vectors to estimate, subject to a smoothness
condition over the graph. A diffusion strategy was devised that responds to streaming data and employs
stochastic approximations in place of actual gradient vectors, which are generally unavailable. The approach
relied on minimizing a global cost consisting of the aggregate sum of individual costs regularized by a term
that promotes smoothness. We examined the first-order, the second-order, and the fourth-order stability of
the multitask learning algorithm. The results identified conditions on the step-size parameter, regularization
strength, and data characteristics in order to ensure stability. This Part II examines steady-state performance
of the strategy. The results reveal explicitly the influence of the network topology and the regularization
strength on the network performance and provide insights into the design of effective multitask strategies for
distributed inference over networks.

INDEX TERMS Multitask distributed inference, diffusion strategy, smoothness prior, graph Laplacian regu-

larization, gradient noise, steady-state performance.

I. INTRODUCTION

As pointed out in Part I [2] of this work, most prior literature
on distributed inference over networks focuses on single-task
problems, where agents with separable objective functions
need to agree on a common parameter vector corresponding
to the minimizer of an aggregate sum of individual costs [3]-
[13]. In this paper, and its accompanying Part I [2], we focus
instead on multitask networks where the agents may need to
estimate and track multiple objectives simultaneously [14]—
[27]. Although agents may generally have distinct though
related tasks to perform, they may still be able to capitalize
on inductive transfer between them to improve their perfor-
mance. Based on the type of prior information that may be
available about how the tasks are related to each other, mul-
titask learning algorithms can be derived by translating the

prior information into constraints on the parameter vectors to
be inferred.

In Part I [2], we considered multitask inference problems
where each agent in the network seeks to minimize an individ-
ual cost expressed as the expectation of some loss function.
The minimizers of the individual costs are assumed to vary
smoothly over the topology, as dictated by the graph Lapla-
cian matrix. The smoothness property softens the transitions
in the tasks among adjacent nodes and allows incorporating
information about the graph structure into the solution of the
inference problem. In order to exploit the smoothness prior,
we formulated the inference problem as the minimization of
the aggregate sum of individual costs regularized by a term
promoting smoothness, known as the graph-Laplacian reg-
ularizer [28], [29]. A diffusion strategy was proposed that
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responds to streaming data and employs stochastic approxi-
mations in place of actual gradient vectors, which are gener-
ally unavailable.

The analysis from Part I [2] revealed how the regular-
ization strength 1 can steer the convergence point of the
network toward many modes of operation starting from the
non-cooperative mode (7 = 0) where each agent converges
to the minimizer of its individual cost and ending with the
single-task mode (7 — o0o0) where all agents converge to a
common parameter vector corresponding to the minimizer of
the aggregate sum of individual costs. For any values of n
in the range 0 < n < oo, the network behaves in a multitask
mode where agents seek their individual models while at the
same time ensuring that these models satisfy certain smooth-
ness and closeness conditions dictated by the value of 1. We
carried out in Part I [2] a detailed stability analysis of the
proposed strategy. We showed, under conditions on the step-
size learning parameter w, that the adaptive strategy induces a
contraction mapping and that despite gradient noise, it is able
to converge in the mean-square-error sense within O(u) from
the solution of the regularized problem, for sufficiently small
. We also established the first and fourth-order moments
stability of the network error process and showed that they
tend asymptotically to bounded region on the order of O(u)
and O(u?), respectively.

Based on the results established in Part I [2], we shall derive
in this paper a closed-form expression for the steady-state
network mean-square-error relative to the minimizer of the
regularized cost. This closed form expression will reveal ex-
plicitly the influence of the regularization strength, network
topology (through the eigenvalues and eigenvectors of the
Laplacian matrix), gradient noise, and data characteristics,
on the network performance. Additionally, a closed-form ex-
pression for the steady-state network mean-square-error rel-
ative to the minimizers of the individual costs is also de-
rived. This expression will provide insights on the design
of effective multitask strategies for distributed inference over
networks.

Notation: We adopt the same notation from Part T [2]. All
vectors are column vectors. Random quantities are denoted
in boldface. Matrices are denoted in capital letters while
vectors and scalars are denoted in lower-case letters. The
operator < denotes an element-wise inequality; i.e., a < b
implies that each entry of the vector a is less than or equal
to the corresponding entry of b. The symbol diag{-} forms
a matrix from block arguments by placing each block im-
mediately below and to the right of its predecessor. The
operator colf{-} stacks the column vector entries on top of
each other. The symbols ® and ®; denote the Kronecker
product and the block Kronecker product, respectively. The
symbol vec(-) refers to the standard vectorization operator
that stacks the columns of a matrix on top of each other and
the symbol bvec(-) refers to the block vectorization operation
that vectorizes each block and stacks the vectors on top of
each other.
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Il. DISTRIBUTED INFERENCE UNDER

SMOOTHNESS PRIORS

A. PROBLEM FORMULATION AND ADAPTIVE STRATEGY
Consider a connected network (or graph) G = (N, £, A},
where A is a set of N agents (nodes), & is a set of edges con-
necting agents with particular relations, and A is a symmetric,
weighted adjacency matrix. If there is an edge connecting
agents k and ¢, then [A]x, = ag¢ > O reflects the strength of
the relation between k and ¢; otherwise, [A]y, = 0. We intro-
duce the graph Laplacian L, which is a differential operator
defined as L = D — A, where the degree matrix D is a diago-
nal matrix with k-th entry [D]y, = Z?’zl axe. Since L is sym-
metric positive semi-definite, it possesses a complete set of or-
thonormal eigenvectors. We denote them by {vy, ..., vy}. For
convenience, we order the set of real, non-negative eigenval-
uesof LasO = A1 < Xy < ... < Ay = Amax(L), where, since
the network is connected, there is only one zero eigenvalue
with corresponding eigenvector v = \/L}V]IN [30]. Thus, the

Laplacian can be decomposed as:
L=VAVT, (D

where A = diag{Ay, ..., Ay}andV = [vy, ..., vy].

Let wy € RY denote some parameter vector at agent k and
let w = col{wy, ..., wy} denote the collection of parameter
vectors from across the network. We associate with each agent
k a risk function Ji(wy) : R¥ — R assumed to be strongly
convex. In most learning and adaptation problems, the risk
function is expressed as the expectation of a loss function
O (+) and is written as Ji(wg) = E Qi (wy; xi), where x;, de-
notes the random data. The expectation is computed over the
distribution of this data. We denote the unique minimizer
of Ji(wy) by w{. Let us recall the assumption on the risks
{Jr(wy)} used in Part I [2].

Assumption 1 (Strong convexity): It is assumed that the
individual costs Ji(wy) are each twice differentiable and
strongly convex such that the Hessian matrix function
Hi(wy) = V2 T (wy) is uniformly bounded from below and

Wy
above, say, as:

0 < Ae,mindv < Hi(wi) < Akmaxdy, ()

where Ay min > O0fork=1,...,N. ]

In many situations, there is prior information available
about W’ = col{w{, ..., wi}. In the current Part II, and its
accompanying Part I [2], the prior belief we want to enforce is
that the target signal W is smooth with respect to the underly-
ing weighted graph. References [16], [17] provide variations
for such problems for the special case of mean-square-error
costs. Here we treat general convex costs. Let £L =L ® Iy.
The smoothness of w can be measured in terms of a quadratic
form of the graph Laplacian [28], [29], [31]-[33]:

N
1
Sy =w'Lw = 5 > apellwe —wel®, 3)
k=1 teN;
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where N is the set of neighbors of k, i.e., the set of nodes
connected to agent k by an edge. The smaller S(w) is, the
smoother the signal W on the graph is. Intuitively, given that
the weights are non-negative, S(W) shows that w is considered
to be smooth if nodes with a large a;, on the edge connecting
them have similar weight values {wy, w¢}. Our objective is to
devise and study a strategy that solves the following regular-
ized problem:

N
W;; = arg mmi/n JEOb (1) = ZJk(wk) + g wlLw, (@)
k=1
in a distributed manner where each agent is interested in esti-
mating the k-th sub-vector of W;’] = col{wf’ g wlo\/,n}' The
tuning parameter n > 0 controls the trade-off between the two
components of the objective function. We are particularly in-
terested in solving the problem in the stochastic setting when
the distribution of the data x; in Ji(wy) = E Qp(wy; xi) is
generally unknown. This means that the risks J (wy ) and their
gradients V,,, Ji (wy) are unknown. As such, approximate gra-
dient vectors need to be employed. A common construction
in stochastic approximation theory is to employ the following
approximation at iteration i:

Vo Je(Wi) = Vo, Ok (Wi X.0), 5)

where xj ; represents the data observed at iteration i. The
difference between the true gradient and its approximation is
called the gradient noise sj ;(-):

Ski(W) 2 Vo Je(w) — Vo Jr (w). (6)

Let wy ; denote the estimate of w,‘c’, at iteration ¢ and node
k. In order to solve (4) in a fully distributed and adaptive
manner, we proposed in Part I [2] the following diffusion-type
algorithm:

Vi = W i1 — uVy Jr(wgi—1)
Wi = Ve — 140 D pen;, eV — Yo i)

where > 0 is a small step-size parameter and ¥, ; is an
intermediate variable.

)

B. SUMMARY OF MAIN RESULTS

One key observation that followed from the analysis in Part I
[2] is that the smoothing parameter 1 can be regarded as an
effective tuning parameter that controls the nature of the learn-
ing process. The value of 1 can vary from n = 0 to n — oo.
At one end, when n = 0, the learning algorithm reduces to
a non-cooperative mode of operation where each agent acts
individually and estimates its own local model, w,‘j On the
other hand, when n — oo, the learning algorithm moves to
a single-mode of operation where all agents cooperate to
estimate a single parameter (namely, the Pareto solution of
the aggregate cost function). For any values of 7 in the range
0 < n < oo, the network behaves in a multitask mode where
agents seek their individual models while at the same time
ensuring that these models satisfy certain smoothness and
closeness conditions dictated by the value of 7.

48

In Part I [2], we carried out a detailed stability analysis of
the proposed strategy (7). We showed, under some conditions
on the step-size parameter u, that:

lim sup ||E(Wf] —wjll =0(), (see[2, Theorem 4])
i— 00
(3)
lim sup]E||WZ —wil? = O0(u), (see[2, Theorem 2])
i— 00
)
limsup E[|w) — wil|* = O(u?), (see [2, Theorem 3])

i— 00

(10)

where Wy is the solution of the regularized problem (4) and
w; = col{wj ;, ..., wy;} denotes the network block weight
vector at iteration i. Expression (9) indicates that the mean-
square error ]E||WZ — w;||? is on the order of u. However,
in this Part II, we are interested in characterizing how close
the w; gets to the network limit point wy. In particular, we
will be able to characterize the network mean-square deviation
(MSD) (defined below in (51)) value in terms of the step-
size u, the regularization strength 7, the network topology
(captured by the eigenvalues A, and eigenvectors vy, of the
Laplacian L), and the data characteristics (captured by the
second-order properties of the costs Hy , and second-order
moments of the gradient noise R; x ,) as follows:

MSD =
P N /N
ﬁZTI‘ (Z[vm]%Hk»'l + T])»m1> (Z[vm]]%Rs,k,n)
m=1 k=1 k=1
o(w)
(O(1)+0(m))’ (11)

where [v,,]; denotes the k-th entry of the eigenvector v,,. The
interpretation of (11) is explained in more detail in Section IV
where it is shown, by coupling n and p in an appropriate
manner, that the term % will be a strictly higher order
term of u. As we will explain later in Sections IV and V,
by properly setting the parameters, expression (11) allows us
to recover the mean-square-deviation of stand-alone adaptive
agents (n = 0) and single-task diffusion networks (n — o0).
Recall that the objective of the multitask strategy (7) is to
exploit similarities among neighboring agents in an attempt to
improve the overall network performance in approaching the
collection of individual minimizer w° by means of local com-
munications. Section V in this paper is devoted to quantify
the benefit of cooperation, namely, the objective of improving
the mean-square deviation around the limiting point of the
algorithm. In particular, we will be able to characterize the
mean-square-deviation (MSD) value relative to the multitask
objective W? in terms of the MSD in (11) and the mismatch
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Wf] — w2 as follows:

MSD = MSD + [wg — w°||> +2W% —w°) " bias , (12)
(T,-J —
(1),m O(u),n

smoothness,n

where “bias” is the bias of algorithm (7) relative to w; given
in future expression (40). By increasing n, the MSD in (11)
is more likely to decrease. However, by increasing n, from
expression (31) in Part I [2], [w} — W% is more likely to
increase and the size of this increase is determined by the
smoothness of W°. From future Lemma 2, it turns out that
the third term on the RHS in (12) is a function of u, 1, and
the smoothness of the multitask objective w°. By increasing 7,
this term is more likely to increase. The key conclusion will be
that, while the second and third terms on the RHS in (12) will
in general increase as the regularization strength 7 increases,
the size of this increase is determined by the smoothness of
w? which is in turn function of the network topology captured
by L. The more similar the tasks at neighboring agents are,
the smaller these terms will be. This implies that as long as
w? is sufficiently smooth, moderate regularization strengths
n in the range ]0, oo[ exist such that MSD at these values
of 1 will be less than MSD at 5 = 0 which corresponds to
the non-cooperative mode of operation. The best choice for n
would be the one minimizing MSD in (12). We refer the reader
to Fig. 2 in [2, Section II-B] for an illustration of this concept
of multitask learning benefit. This example will be considered
further in the numerical experiments section.

C. MODELING ASSUMPTIONS FROM PART I [2]

In this section, we recall the assumptions used in Part I [2] to

establish the network mean-square error stability (9).
Assumption 2 (Gradient noise process): The gradient

noise process defined in (6) satisfies for any w € F;_; and
forallk,£=1,2,...,N

Efsgi(w)|Fi—1] =0, (13)
Elllse (w)I*1Fi—i] < Belwl* + 02, (14)
Elsg,/(w)s, ;(w)| Fi—]1 =0, k¢, (15)

for some ﬂ,f >0, (rfk > 0, and where F,_; denotes the fil-
tration generated by the random processes {wy, ;} for all £ =
I,...,Nand j <i— 1. O

Let wus introduce the network block vector w; =
col{wy ;, ..., wy ;}. Recall from Part I [2] that at each iter-
ation, we can view (7) as a mapping from w;_; to w;:

— N
Wi = (Iun — unk) <Wi—1 — jucol {Vwk-]k(wk,il)}k_1>

(16)
We introduced the following condition on the combination
matrix (Iyy — unLl).

Assumption 3: (Combination matrix) The symmetric com-
bination matrix (Iyyy — unL) has nonnegative entries and its
spectral radius is equal to one. Since L has an eigenvalue at
zero, these conditions are satisfied when the step-size p© > 0
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and the regularization strength n > 0 satisfy:

2
0<un=<——m, (17
)\max(L)
0 < un < ! (18)
pn < min § ——— "1,
1<k<N ZIZ:l ake

where condition (17) ensures stability and condition (18) en-
sures non-negative entries. (]

The results in Part I [2] established that the iterates wy ;
converge in the mean-square-error sense to a small O(u)—
neighborhood around the regularized solution wk . In this
part of the work, we will be more precise and determme the
size of this neighborhood, i.e., assess the size of the constant
multiplying p in the O(u)—term. To do so, we shall derive an
accurate first-order expression for the mean-square error (9);
the expression will be accurate to first-order in .

To arrive at the desired expression, we first need to intro-
duce a long-term approximation model and assess how close it
is to the actual model. We then derive the performance for the
long-term model and use this closeness to transform this result
into an accurate expression for the performance of the original
learning algorithm. To derive the long-term model, we follow
the approach developed in [9]. The first step is to establish
the asymptotic stability of the fourth-order moment of the
error vector, E|wj — wil|*, which has already been done in
Part I [2]. This property is needed to justify the validity of
the long-term approximate model. Recall that to establish the
fourth-order stability, we introduced the following assumption
on the gradient noise process.

Assumption 4. (Fourth-order moment of the gradient
noise): The gradient noise process defined in (6) satisfies for
anyw e F,_jandforallk, £ =1,2,...,N

—4
E [lse (woll*IFio1] < Bellwell* + 55, (19)

forsomeﬁk >0, and 57 sk = 0.

As explained in [9], cond1t10n (19) implies (14). To es-
tablish the mean-stability (8), we introduced a smoothness
condition on the Hessian matrices of the individual costs. This
smoothness condition will be adopted in the next section when
we study the long term behavior of the network.

Assumption 5. (Smoothness condition on individual cost
functions): It is assumed that each Jj (wy) satisfies a smooth-
ness condition close to w¢ ko in that the corresponding Hessian

matrix is Lipchitz contmuous in the proximity of wk with
some parameter k4 > 0, i.e.,
2 2
I1V2, Jewg, + Awg) — V2, Tl Il < ieql| Awgll, (20)
for small perturbations ||[Awy|| < €. O
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11l. LONG-TERM NETWORK DYNAMICS
Let w; = Wf’ — W;. Subtracting the vector (Iy;y — /Lnﬁ)Wz
from both sides of recursion (16), and using (6), we obtain:

Wi — unLwy = (Iun — unL):
~ v @D
(Wifl + weol { Vi i (wei—1) — Seiwii-1)},_, ) »

From the mean-value theorem [34, pp. 24], [9, Appendix D],
we have:

VuJe(Wi i—1) = Vwak(wZ,,,) — Hk,ifl(wg,n — Wy 1),
(22)
where

1
Hpi1 = /0 Vo Jewy = 1wy, = wei_))dt,  (23)
and from the optimality condition of (4), we have:

N
col{vwkjk(wgn)}k = —nLwi, (24)

Replacing (22) into (21) and using (24), we arrive at the
following recursion for W;:

Wi = (Iuy — mn L)y — pHi-)Wio1—

wyy — pnL)siwio1) + wW’n*Lw;,  (25)
where
A N
siWi—1) = col{sg (W i—1)} = (26)
Hi1 = diag{Hy 1}y, (27)

We move on to motivate a long-term model for the evolu-
tion of the network error dynamics, wi, after sufficient itera-
tions, i.e., for i > 1. We examine the stability property of the
model, the proximity of its trajectory to that of the original
network dynamics (25), and subsequently employ the model
to assess network performance.

A. LONG-TERM ERROR MODEL
We introduce the error matrix #H;_; = H, — 1, which
measures the deviation of H;_; from the constant matrix:

H, = diag{Hy )3, (28)

with each Hy ; given by the value of the Hessian matrix at the
regularized solution, namely, Hy , = V,ika(w,(c’ ,)- Let

Bioi £ (uy — pnL)Uny — wHi-1), (29
By £ Uy — pn L)y — pHy). (30)
Then, we can write:
Bi_i = By + iy — unlyHioy. 31
Using (31), we can rewrite the error recursion (25) as:
Wi = ByWi—1 — nUun — unL)si(wi—1)
+ WP LW + wlyy — unliei-i,  (32)

50

in terms of the random perturbation sequence:

~

cio1 = Hii Wiy, (33)

Under Assumptions 1 and 5, and for small pu, it can be
shown that lim sup;_, ., E|lc;—1|| = O(n), and that |l¢;—|| =
O(w) asymptotically with high probability (see Appendix A
in [35]). Motivated by this result, we introduce the following
approximate model, where the last term involving ¢;_1 in (32),
which is O(Mz), is removed:

Wi = ByWi_y — uun — pnL)siwio1) + wn’L2w),

(34)
fori >> 1. Obviously, the iterates that are generated by (34) are
generally different from the iterates generated by the original
recursion (25). To highlight this fact, we are using the prime
notation for the state of the long-term model. Note that the
driving process s;(W;_1) in (34) is the same gradient noise
process from the original recursion (25) and is evaluated at
wi_1. In the following, we show that, after sufficient itera-
tions i >> 1, the error dynamics of the network relative to the
solution wy is well-approximated by the model (34).

B. SIZE OF APPROXIMATION ERROR
We start by showing that the mean-square difference between
the trajectories {W;, W;} is asymptotically bounded by O(u?)
and that the mean-square error performance of the long term
model (34) is within O(M%) from the performance of the
original recursion (25). Working with recursion (34) is much
more tractable for performance analysis because its dynamics
is driven by the constant matrix 5, as opposed to the random
matrix B;_; in the original error recursion (25). Therefore,
we shall work with the long-term model (34) and evaluate its
performance, which will provide an accurate representation
for the performance of the original distributed strategy (7) to
first order in the step-size u.

Lemma 1: (Size of approximation error) Under Assump-
tions 1, 2, 3, and 5, and condition (19), it holds that:

lim sup E[|w; — Wi|* = O(1?),

i— 00

(35)

lim sup E[[w;]1% = lim sup E[[WW]|12 + O(u3). (36)
i—00 i—00
Proof: See Appendix A. |
We shall discuss now the mean and mean-square error sta-
bility of the long-term approximate model (34).

C. STABILITY OF FIRST-ORDER ERROR MOMENT
Conditioning both sides of (34), invoking the conditions on
the gradient noise from Assumption 2, and computing the
conditional expectations, we obtain:

E[W]|Fi1] = Bywi_y + u?n? £2w5. (37)
Taking expectation again, we arrive at:
EW; = B,EW,_| + u>n* LW, (38)
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The above recursion is stable if the matrix B, in (30) is
stable. This matrix has a similar form to the matrix (Iy;y —
unL)(Iyn — nHoo) encountered in Part I [2, Section III-A2].
Similarly, it can be verified that B, is stable when condi-
tion (17) and condition

2
0 i . 39
R lg}flélN{}\k,max} ( )

are satisfied. In this case, we obtain

s A . ~,/
Wo = lim Ew;
11— 00

= 1> n*Unn — Uy — unL)Uuy — MHn))_lﬁzwz,
(40)

where the RHS in the above expression is similar to the RHS
in equation (50) [2] with H, replaced by H,,.

Lemma 2: (Mean stability of long-term model) Under As-
sumptions 1, 2, 3, and 5, and for sufficiently small pu,
the steady-state bias W, = lim;—.oc EW; of the long-term
model (34) given by (40) satisfies:

(1 -~ on?)
lim ( — lim |[EW)| ) < p——"-—"F—.
M“%()(M i—00 I l”) - M(O(l)—}-O(?}))Z

Proof: The proof is similar to the proof of Theorem 1 in
Part I [2] with H replaced by H,,. [ |

(41)

D. STABILITY OF SECOND-ORDER ERROR MOMENT

In the following, we show that the long term approximate
model (34) is also mean-square stable in the sense that
E |} ; |2 tends asymptotically to a region that is bounded by
O(w). We follow the same line of reasoning as in Part I [2,
Section III-A] where we studied the mean-square stability of
the original model (25). Based on the inequality:

. /12
lim sup E[wy — will
11— 00

= limsup E W) — Wi, + Wi, — wj?

i—00

< 20wy — Wioll* + 2lim sup Ewl, — will?,

i—00

(42)

where W9 — W, =W, is the steady-state bias of the long
term model given by (40) and where W, — w! follows the
recursion:

Woo = Wi = ByWo — Wi_y) — plun — unL)siwi-1),
(43)
and from Theorems 1 and 2 in Part I [2] and previous
Lemma 2, we can establish the mean-square stability of (34).
Let us introduce the mean-square perturbation vector (MSP’)
at time i relative to Wi :

N
MSP; £ col {E|wj o, — w;c,i”2}k=l : 44

Lemma 3. (Mean-square stability of the long-term model):
Under Assumptions 1, 2, 3, and 5, the MSP’ at time i can be
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recursively bounded as:
MSP, < (Iy — unL)(G"y*MSP)_,

+3u*(Iy — unL)diag{BEYe_ MSPi—1 + 11 (Iy — pnL)b

43)
where:
G" £ diag (nh_, » (46)
b2 col {agk + 382wy, 17+ 362wy, — wk,oollz}:/:] ,
47)
Ve = max{|1 — hg minl, 11 — 4k max|}- (43)

and M SP; is the mean-square perturbation vector at time i rel-
ative to the fixed point Wy, = (:ol{wk,oo}i\/:1 of algorithm (7)
in the absence of gradient noise (see [2, Section III-A3]). A
sufficiently small u ensures the stability of the above recur-
sion. It follows that

[l lim sup MSPilloc = O(i), (49)
1—> 00
and that
limsup BN = 0G0) + —2E)_ o). (s0)
i—00 (o) + oGm)*
Proof: See Appendix B. |

IV. MEAN-SQUARE-ERROR PERFORMANCE

We established in Theorem 2 in Part I [2] that a network run-
ning strategy (7) is mean-square-error stable for sufficiently
small p. Specifically, we showed that limsup;_, . E[jw) —
will? = O(u). In the following, we assess the size of the net-

work mean-square-deviation (MSD) using the definition [9,
Chapter 11]:

MSD £ 4 lim (hmsupl]E (lnw” - Wi||2)). (51)
=0\ s o AN
In addition to Assumptions 1, 2, 3, 5, and condition (19)
on the individual costs, Ji(wy), the gradient noise process,
sk i(wg), and the combination matrix, Iy — unL, we introduce
a smoothness condition on the noise covariance matrices.

For any w; € F;_1, we let

Ry i(wi) = Elsi(we)sg ;(wi)l Fioi] (52)

denote the conditional second-order moment of the gradient
noise process, which generally depends on i because the statis-
tical distribution of s ;(wy ) can be iteration-dependent, and is
random since it depends on the random iterate wy. We assume
that, in the limit, this covariance matrix tends to a constant
value when evaluated at w,‘(” . and we denote the limit by:
Ryjn = lim Efsgi(wp sy ;(wi DIFiil. (53)
11— 00

Assumption 6. (Smoothness condition on the noise covari-
ance): It is assumed that the conditional second-order moment
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of the noise process is locally Lipschitz continuous in a small
neighborhood around wy . namely,

IRs k,i(wg , + Awg) — Ry g i(wi )l < KallAwi)l?, (54)

for small perturbations ||Awg| < €, and for some constant
kg > 0 and exponent 0 < 6 < 4. O

One useful conclusion that follows from Assumption 6 is
that, after sufficient iterations, we can express the covariance
matrix of the gradient noise process, sy ;(wy), in terms of the
limiting matrix R; , defined in (53). Specifically, following
the same proof used to establish Lemma 11.1 in [9], we can
show that under the smoothness condition (54) and for small
step-size, the covariance matrix of the gradient noise process,
s.i(wg ;—1), at each agent k satisfies for i > 1:

. l,Q
Esk,i(wk,i—l)s]zi(wk,i—l) =Rsn+0 <Mmm{ 2}) . (55)

For clarity of presentation, we sketch the proof in Appendix D
in [35] where we used results from Theorems 2 and 3 in
Part I [2].

Before studying the steady-state network performance, we
establish some properties of the matrix:

Fn 2B, @B, (56)
which is defined in terms of the block Kronecker operation
using blocks of size M x M. In the derivation that follows,
we shall use the block Kronecker product ®;, operator [36]
and the block vectorization operator bvec(-). As explained
in [9], these operations preserve the locality of the blocks
in the original matrix arguments. Since p(F;) = (p(B,7))2,
the matrix F;, is stable under conditions (17) and (39). This
matrix plays a critical role in characterizing the performance
of the distributed multitask algorithm. In our derivations, the
matrix J,, will also appear transformed under the orthonormal
transformation:

Fr2 Ve V) F VeV, (57)

where V £V ® Iy.
Lemma 4: (Coefficient matrix JF,) For sufficiently small
step-size, it holds that

I—Fp~'=ow™h, (58)
and
a—Fp
=X'4+w

_ e 0
K 0 (0()+ 00!

L [y +omy o) +om)!
+u . 60
g [(0(1)+0(n>)—1 (0(1)+0(n))‘2] ©0

(59)
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where X is an N> x N? block diagonal matrix with each block
of dimension M? x M?:

X = - diag |diag {(1 = pnr,)(1 = pn)) (Hyun © Hp)
N N
+ 0Gn + A — i)y} }mzl , 6D
with @ denoting the Kronecker sum operator [37]:

Hym @pr = Hym @ Iy + Iy ®pr’
Hyn & (v,) ® Iy)YHy () ® Iyp).

(62)
(63)

The matrix W is an N> x N? block matrix arising from the
matrices {H,,,|m # n}. Moreover, we can also write:

I-F)'=@we,mx've, )’
+ o)y + o)~ (64)

Proof: See Appendix C. |

As we shall see in Theorem 1, it turns out that the decom-
position in (59) is very useful to highlight some important
facts arising in the steady-state performance of the multitask
algorithm.

Lemma 5: (Steady-state network performance) Under As-
sumptions 1, 2, 3, 4, 5, and 6, it holds that:

li Lgiwe — w2

imsup Iy — will
1 o0

=5 2T (BLY(B,)") + 0"+
n=0

= %(bvecoﬂ))T(l — Fy)"bvec (Iyy) + O o),
(65)

where 6, = %min{l,@}, B, and F, are defined in (30)
and (56), and

VE uuy — wnl)S,(Iun — unkl),
S, £ diag {Rs,k,n}kNZ] ,

Proof: The proof is a direct extension of the arguments
used to establish Theorem 11.2 in [9] for single-task diffusion
adaptation. See Appendix F in [35]. |

Theorem 1. (Network MSD performance): Under the same
conditions of Lemma 5, it holds from Lemma 4 that the
steady-state network MSD defined in (51) can be written as:

(66)
(67)

MSD =
” N N -1/ N
ﬁZTr (Z[vm]in,n + n)"m1> (Z[vm]]st,k,n)
m=1 k=1 k=1
o(w)
(O(1)+0(m) (68)
Proof: See Appendix D. |
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As the derivation in Appendix D reveals, the second term
on the RHS of (68) results from the matrix W in (59) which is
zero when {H,,, = 0, m % n}. When the Hessian matrices are
uniform across the agents:

Hy,, = H), k=1,...,N, (69)
we have H,,, = 0 for m # n. In this case, the network MSD
in (68) simplifies to:

N
"
MSD = W;Tr <(Hy, + niml (Z[Um skn))
(70)

Moreover, in the non-uniform Hessian matrices scenario, by
letting n = nw~€ with € > 0 chosen such that Assumption 3 is
satisfied, we obtain:

O(p)

— " — 1+€)'
O+ 0m)

(71)

In this case, the first term on the RHS of (68) dominates
the factor O(u' ™€) and when we evaluate the network MSD
according to definition (51), the last term on the RHS of (68)
disappears when computing the limit as © — 0. As we will
see by simulations, the first term on the RHS of (68) provides
a good approximation for the network MSD for any n > 0.

The first term on the RHS of (68) reveals explicitly the
influence of the step-size u, regularization strength 7, net-
work topology (through the eigenvalues A,, and eigenvectors
vy, of the Laplacian), gradient noise (through the covariance
matrices Ry x ), and data characteristics (through the Hessian
matrices Hy ;) on the network MSD performance. Observe
that this term consists of the sum of N individual terms, each
associated with an eigenvalue A, of the Laplacian matrix, and
given by:

1 15
WTI‘ (mm’n + nkml) Rm,r]) P (72)

where ﬁm,n and Rm,n are transformed versions of #,, in (28)
and S, in (67) at the m-th eigenvalue A,,, respectively:

Hun 2 WnliHe, = () & h)Hy(on @ In),  (73)

M=

>¢-
I

1

M=

Tem,r] = [Um]iRs,k,n = (U,,T1 ® IM)Sn(vm & Iyr). (74)

»
Il

1
As shown in Section VI-A, under some assumptions on the

data and noise characteristics, the individual terms in (72) are
decaying functions of n or A,,.
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Before proceeding, we note that expression (68) can be
written alternatively as:

_1 N
MSD_—Tr (ZHM> (ZRSM)
k=1
” N N -1/ N
2 2
_N,,;Tr (Z[vm]kﬂkwnka) (Z[vm]kRs,k,n>

k=1 k=1
O(w)

(0(1) + 0(n))’ (75)

where we used the fact that A1 = 0 and v; = \/Lﬁll ~- Expres-
sion (75) allows us to recover the network MSD performance
of the single-task diffusion adaptation employed to estimate
w* given by:
N
* A .
w* = argmu%n];Jk(w).

(76)

To see this, we recall the expression for the network MSD
performance of single-task diffusion adaptation derived in [9,
pp- 5941:

—1 N
MSD = JTr (Zh%) (ZRS,/“) . an
k=1

where Hj . = Vika(w*) and R; k. is the covariance of the
gradient noise in (53) at w*. In order to estimate w* using the
multitask strategy (7), a very large n needs to be chosen. In
this case, we have Hy, , = Hy , and R, ;. , = Ry 1 .. Moreover,
the second and third terms on the RHS of expression (75) will
be O(w/n) which are negligible for a very large n. Thus, we
obtain (77).

V. MULTITASK LEARNING BENEFIT
Now that we have studied in detail the mean-square perfor-
mance of the multitask strategy (7) relative to wy, the min-
imizer of the regularized cost (4), we will use the results to
examine the benefit of multitask learning compared to the
non-cooperative solution under the smoothness assumption.
Since each cost is strongly convex, each agent k is able
to estimate w,‘; on its own, if desired, in a non-cooperative
manner by running strategy (7) with n = 0. We know from
previous established results on single-agent adaptation [9,
pp- 390] that the network MSD in that case will be given by:

N
12 _
MSDncop = ﬁTr <§ Hkygle,k,a) )
k=1

where Hy , = Vg)k.lk(w,‘:) and Ry, is the covariance of the
gradient noise in (53) at wy. Note that expression (68) allows
us to recover the mean-square-error performance of stand-
alone adaptive agents. In particular, it can be easily verified

(78)
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that (68) reduces to expression %Tr(H,; (}Rs’kyg) for the mean-
square deviation of single agent learner [9, pp. 390] when the
network size is set to N = 1 and the topology is removed.

When 1 > 0 is used, the graph Laplacian regularizer (4)
induces a bias relative to W°. However, when w? is smooth,
we expect that promoting the smoothness of W° through regu-
larization can improve the network MSD performance despite
the bias induced in the estimation.

A. INDUCED BIAS RELATIVE TO w°
The bias of the strategy (7) is given by:

E (W —wi) =W’ —wp) +E (W) —wi). (79)
From the triangle inequality we have:
lim sup | E (W” — Wi) I
i—00
< W’ —wyll +limsup [[E (W5 —w;) ||, (80)

i— 00

where limsup;_, . [E(W; — w;)| can be replaced by Wl
in (40). From expression (32) in Part I [2] we know that
the smoother W’ is, the smaller ||[W’ — WZH will be. Fur-
thermore, we know from Theorem 4 in Part I [2] that
lim sup,_, ||IE(W;’] — w;)|l is O(w). Thus, for a smooth sig-
nal W? and a small w, the bias in (79) will be small.

B. NETWORK MSD RELATIVE TO w°
The mean-square-error performance of the strategy (7) rela-
tive to W is given by:

B o = il = v = w1+ E g -
+200° = W)TE (W) —wi) . (81)
and the network MSD can be expressed as:

MSD = %nm supE | — w)?

1—> 00

1

= MSD + —[[W* = wi|*+

3(w" —wo) 'l E (WS —w;) (82)

§OV W limsupE (4 i)
where we used the bar notation to denote the network MSD
relative to W° and where MSD is given in (65) or (68). Note
that lim sup;_, o, E(W) — w;) can be replaced by W, in (40).
In order to improve the network MSD compared to the non-
cooperative case (78), the regularization strength n must be
chosen such that:

MSD < MSDycops (83)

and the optimal choice of 7 is the one minimizing MSD in (82)
subject to n > 0.
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VI. SIMULATION RESULTS

‘We consider a connected network of N = 15 nodes and M =
5 with the topology shown in Fig. 1 (left). Each agent is
subjected to streaming data {d (i), uy ;} that are assumed to
satisfy a linear regression model [9], [16]:

di (i) =uk,,-w,‘j+vk(i), k=1,...,N, (84)

for some unknown M x 1 vector w{ with v (i) a measurement
noise. A mean-square-error cost is associated with agent k:
k=1,...,N.

1
Je(wi) = S Eldi(D) — g jwil?, (85)

The processes {dy(i), uy ;, vi(i)} are assumed to represent
zero-mean jointly wide-sense stationary random processes
satisfying: 1) ]Euziug,j = Ry, 10k, ¢0i,j where R, ; > 0 and the
Kronecker delta §,,, =1 if m =n and zero otherwise; ii)
Evi(i)ve(j) = av%kak,gai,j; iii) the regression and noise pro-
cesses {uy j, vi(i)} are independent of each other. We set
are = 0.1 if £ € N and 0 otherwise. It turns out that the
Laplacian matrix has 15 distinct eigenvalues. We generate W’
according to W° = VW’ = col{w?,}¥_, with:

—Tidm M
w‘,;, = W - col {6‘ % }jzl . (86)
Recall from Part I [2] that S(w) in (3) can be written as:
N
SOV =wLw =" Anllwnl?, (87)
m=2

where w,, = (v,—,,r ® Iyy)w. From (87), we observe that the
larger {r; > 0} are, the smoother the signal w? is. Note
that, for MSE networks, it holds that H (w;) = Viklk(wk) =
Ry Ywy. Thus, the fixed point bias Wao = W) — Woo given
by (49) in Part I [2] is equal to the long-term model bias
Wi in (40). Furthermore, from the definition (6), the gradient
noise process at agent k is given by:

Ski(we) = (g g — R )y — wi) +ug i (). (88)

Consider the covariance Ry ;. ; defined in (53). From (88), we
have:

Ry = Bl ugi — Ruj)Win @t i — ROl + 05 (R
(89)

where
Wiy = (w = wi Y —wi )" (90)

To evaluate (89), we need the fourth order moment of the re-
gressors. Let us assume that the regressors are zero-mean real
Gaussian. In this case, using the fact that Wy, is symmetric,
we obtain [38]:

E[“;Iiuk,iWk,nu/Iiuk,i]
= 2RLt,kVVk,nRu,k + Ru,kTr(Ru,ka,n)- (91)
Replacing the above expression in (89), we obtain:

Rx,k,n = Ru,ka,nRu,k + Ru,kTr(Ru,ka,n) + Gg,kRu,k~ (92)
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FIGURE 1. lllustrative example. (Left) Network topology. (Right) Data and noise variances.

A. UNIFORM DATA PROFILE

In this setting, we assume uniform covariance matrices sce-
nario where R, y = R, Vk. This scenario is encountered for
example in distributed denoising problems in wireless sensor
networks (or image denoising) [29], [39]. In this case, R, is
equal to one. In such problems, the N sensors in the network
are observing N-dimensional signal, with each entry of the
signal corresponding to one sensor. Using the prior knowledge
that the signal is smooth w.r.t. the underlying topology, the
sensor task is to denoise the corresponding entry of the signal
by performing local computations and cooperating with its
neighbor in order to improve the error variance.

It turns out that in this scenario, the output of the network
wy can be interpreted as the output of a low-pass graph
filter applied to the graph signal W [1], [29], [40]. To see
this, let us first recall the notion of graph frequencies, graph
Fourier transform, and graph filters [29], [39]-[41]. Consider
the connected graph G = {N, £, A} equipped with a Lapla-
cian matrix L, which can be decomposed as L = VAV . A
graph signal supported on the set N is defined as a vector
x € RN whose k-th component x; € R represents the value
of the signal at the k-th node. By analogy to the classical
Fourier analysis, the eigenvectors of the Laplacian matrix L
are used to define a graph Fourier basis V and the eigenvalues
are considered as the graph frequencies. The graph Fourier
transform (GFT) transforms a graph signal x into the graph
frequency domain according to X = V Tx where {x1,...,xn}
are called the spectrum of x. A graph filter ® is an operator
that acts upon a graph signal x by amplifying or attenuating
its spectrum as: & = szl D (X)X vy. The frequency re-
sponse of the filter ®(A) controls how much ® amplifies the
signal spectrum. Low frequencies correspond to small eigen-
values, and low-pass or smooth filters correspond to decaying
functions ®(1). Since we are dealing with vectors wy, € R
instead of scalars xy, the graph transformation X =V " x be-
comes W = (VT & Iyy)w. In the uniform covariance matrices
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scenario, we have ’HZ = Iy ® R, and relation (25) in Part I [2]
reduces to:

W, = (I = 1w (omdps + R ™) W5 m=1,... N.
93)
since (v; ® IM)H‘,;(U,Z ® Iy) = R, if m = n and zero other-
wise. By applying the matrix inversion identity [42], it holds
that the m-th subvector corresponding to the m-th eigenvalue
(or graph frequency) of Wz = (VT ® Iy)w° satisfies:

WY, = Whmly + Ry) ™" R0, (94)
_ 1
[y, Il < 1wy, (95)

< —F
Lt nws

If n =0, we are in the case of an all-pass graph filter since
the frequency content of the output signal Wy, is the same as
the frequency content of the input signal w°. For n > 0, we
are in the case of a low-pass graph filter since the norm of
the m-th frequency content of the output signal Wy, namely,
||w;’,w I, is less than or equal to the norm of the m-th frequency
content of the input signal W°, namely, ||w},||. For fixed n,
as m increases, the ratio in (95) decreases. This validates the
low-pass filter interpretation. The regularization parameter
controls the sharpness of the low-pass filter. We illustrate this
in Fig. 2 (left). In the experiment, we set R, = Iy and t; =0
in (86) so that ||w$n||2 =1 Vm and we illustrate in Fig. 2
(left) the squared £-norm of Efn’n for different values of n
from (94). In order to visualize the frequency response of

— 2
15, ,

1112

the graph filter, we also plot in dashed lines the ratio
from (94) for A,, € [0, 1.2] with |[w9||> = 1 Vm.

We observe that a similar behavior arises when studying the
network MSD for smooth signal . When w? is smooth, W ,
in (90) is small and in this case, the covariance matrix R ,
in (92) can be approximated by R ;. , ~ ai «Ru. In this case,
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FIGURE 2. Uniform data profile scenario. (Left) Spectral content of yv] from (94) for different ;. Dashed lines correspond to the ratio
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Am € [0, 1.2]. (Right) Network MSD at 1, from (98) (relative to v with w° a smooth signal) for different y at 1 = 0.005.

the network MSD expression in (70) can be approximated as:

(&)

N N
253 (S ) e (a7,
m=2 \k=1 (96)

Since the trace of a matrix is equal to the sum of its eigenval-
ues, we have:

Tr (e + k")) = % .

q=1

uM 1
MSD ~ — —
2 N2

o7

The above expression shows that for a fixed A, as n in-
creases, the above trace decreases. We conclude that, when
n increases, the sum on the RHS of (96) decreases. By further
assuming uniform noise profile, i.e., 03’ K= avz Vk, expres-

sion (96) reduces to:

N
MSD = ZMSD(Am) with

m=1

MSD(%,,) ~ %aﬁr ((IM + nAmR;l)_l> S 98)

From (97), we conclude that, for a fixed n, as A,, increases,
the corresponding trace term in (98) decreases. This case is
illustrated numerically in Fig. 2 (right). In the experiment,
we set R, = Iy, 02 = 0.1, u = 0.005, and 7; = 7 + j in (86)
so that Ww° is smooth and we illustrate MSD(%,,) in (98) for
different values of 7.

B. VARYING DATA PROFILE
We assume that R, ; = O’MZ v for all k. In this case, expres-
sion (92) reduces to:

Ry iy = 0k Way + lwf — wi , I1P1n) + 00 g0 v (99)
The variances %2, « and crvzy ¢ are given in Fig. 1 (right). We set
T; = j in (86).
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In order to characterize the influence of the step-size u
and the regularization parameter 1 on the performance of the
algorithm relative to Wy, we report in Fig. 3 (left) the squared
norm of the fixed point bias We, = Wy — Woo given by (50)
in Part I [2] (which is equal to the long-term model bias
Wi in (40)) as a function of n where n = u~¢ with € > —1
for 1 = {1073, 1074, 1073}. We observe that for small 7, the
squared norm of the bias increases 40 dB per decade (when 7,
goes from n; to 107n1). This means that the squared norm of
the bias is on the order of * for fixed . For large 7, the bias
becomes constant and we see that, when u goes from ;| to
10/e1, it increases 20 dB. This means that the squared norm of
the bias is on the order of ,uz. Finally, we observe that for fixed
1, the squared norm of the bias is on the order of 412. In Fig. 3
(middle), we report the network MSD learning curves relative
to w; obtained by running strategy (7) for n =5 and for two
different values of j. The curves are obtained by averaging the
trajectories {Il\,IE g —wi 1} over 200 repeated experiments.
In the simulations, we use the following approximation for the
network MSD expression in (68):

MSD,p

u &
:ﬁz

m=1

N -1 N
(Z[vm],%au%k + n)»m) Tr (Z[vm]st,k,n>
k=1

k=1
(100)

where we use the subscript “app” to indicate that it is an
approximation. Compared with (68), we see that the term
WMO)W)) has been removed in (100). It is observed that
the learning curves tend to the same MSD value predicted
by the theoretical expression (65) (with 0(,u1+9'") removed).
Furthermore, we observe that the MSD predicted by expres-
sion (100) provides a good approximation for the performance
of strategy (7). Finally, it can be observed that the MSD is on
the order of w. In Fig. 1 (right), we report the MSD learning
curves relative to Wy obtained by running strategy (7) for

w = 1073 and for six different values of 7. As it can be seen,
by increasing 7, the network MSD decreases. Furthermore, it
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FIGURE 4. Network performance relative to w° with a smooth signal w° at u = 0.005. (Left) Network MSD as a function of the regularization strength
7 € [0, 350]. (Right) Evolution of the network MSD learning curve for three different values of 7.

is observed that expression (100) provides a good approxima-
tion for the network MSD for any 1 > 0.

In Fig. 4, we characterize the influence of n on the perfor-
mance of strategy (7) relative to W’ with w? a smooth signal
generated according to (86) with 7; =7+ j. Weset u =5 -
1073, In Fig. 4 (left), we plot MSD for 7 € [0, 350]. To gener-
ate MSD we use (82) with MSD replaced by MSD,pp in (100)
which has a low computational complexity. As it can be seen
from this plot, n = 4 gives the best MSD. In Fig. 4 (right),
we report the network learning curves ILVIEHW” — wi;l? for
n = {0, 4,350}. It is observed that the learning curves tend
to the same MSD value predicted by the theoretical expres-
sion (82) with MSD replaced by (65) (with O(u!T) re-
moved) or (100).

VII. CONCLUSION

In this paper, and its accompanying Part I [2], we consid-
ered multitask inference problems where agents in the net-
work have individual parameter vectors to estimate subject to
a smoothness condition over the graph. Based on diffusion
adaptation, we proposed a strategy that allows the network to
minimize a global cost consisting of the aggregate sum of the
individual costs regularized by a term promoting smoothness.

VOLUME 1, 2020

We showed that, for small step-size parameter, the network
is able to approach the minimizer of the regularized problem
to arbitrarily good accuracy levels. Furthermore, we showed
how the regularization strength influences the limit point and
the steady-state mean-square-error (MSE) performance of the
algorithm. Analytical expressions illustrating these effects are
derived. These expressions revealed explicitly the influence
of the network topology, data settings, step-size parameter,
and regularization strength on the network MSE performance
and provided insights into the design of effective multitask
strategies for distributed inference over networks. Illustrative
examples were considered and links to spectral graph filtering
were also provided.

APPENDIX A
PROOF OF LEMMA 1
To simplify the notation, we introduce the difference:

~,/

i =W — W (101)

Subtracting recursions (32) and (34), we get:
zi = Bpzi1 + ulyy — unle;—y. (102)
57
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in terms of the random perturbation sequence ¢;_; given
in (33). For each agent k, we have from eq. (176) in Part I [2]:

(| H i1l
A
= ||Hey — Hy i1l

1
< f IV2 Jeuf ) — V2 Tl — il
0
1

~ 1 ~
< /O G 1t = o i, (103)
It follows that
lek,i—tll < IH g i—llwg ,, — wi i1l
< siplwg, — weil? (104)
2 W = Bk
< 1 l 0 . 2
< gl = it I
and
LD T 4
leki—1ll” = = (kg)” vy — wiall™. (105)

Applying Jensen’s inequality [43, pp. 77] to the convex func-

tion || - ||2, we obtain from (102):
Ellziil> < Y [ChBIU — pHe )zt + peeioi |-
LeN;
(106)
where C is given by:
C 2 Iy—unl. (107)
Next note that
E|l(I — pHy )2k i—1 + perio1ll*
1 2
=E t;(IM — uH )zk,i—1 + (1 — l)l — ki1
1 1
= CEIUn = mHip i I + i T Ellewia|l*, (108)

for any arbitrary positive number ¢ € (0, 1). We select t = y
with y defined in (48). This gives

E|l(I — pHy )2kio1 + meri-1ll*

2
Ellek,i—1l”,

< WEllzio1 1?4 12

[ (109)

Let us introduce the mean-square perturbation vector at time
i
N NN
MSP_ ; £ col {E||zx.qllI*},_, - (110)
Replacing (109) into (106), and using (105), we obtain:

MSP, ; < CG”MSPZ,,;]

1 _
+ 12 2 (k*Cy = G Ay ® By = wint D), (1)
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with G” = diag{y}?’_, . Iterating the above recursion starting
from i = 1, we obtain:

MSP,; < (CG")'MSP, o+
i—1

2
" ; _
7 €)*Y_(CG"YCly = G~y @ Elwg — i)
=0 (112)

Under Assumption 3 and condition (39), the matrix CG” is
guaranteed to be stable. Following similar arguments to the
ones used to establish eq. (70) in Part I (Appendix E) [2], and
from Theorem 3 in Part I [2], we conclude that:

[[1im sup MSP. ;[l0o = O(1?),

i— 00

(113)
where we used the fact that ||(Iy — G”) 'leo < O(u™1). Tt
follows that

lim sup E [|W; — Wj[|* = O(11*).

i— 00

(114)

Finally note that
=112
E[W]
I A A
= E[W; — Wi + Wil

s 2 =2 s T
< E|W; — Will” + E[[WilI> + 2][EOWV; — Wi) ' Wil

< EIW, — Will2 + E W1 + 2y E I3, — W, IPE |3,
(115)

where we used |Ex| < E|x| from Jensen’s inequality and
where we applied Holder’s inequality:

1 1
Elx"y| < (Elx|?)? (Ejx|9) 7, when1/p+1/q=1.
Hence we get:

. ~ ~ 3
lim sup (E||W;[I* — E[[W;[1?) < O(u?) +VO(u3) = O(n2),

i—00
(116)
since p? < M% for small n < 1.
APPENDIX B
PROOF OF LEMMA 3
From (43), we have:
N
Whoo — Wi = Z[C]kﬂi)ﬁg,i, (117)
£=1

where C is defined in (107) and where (b;(’ ; is given by:

O = Un — pHy )Wy oo — Wi ;1) — sk i(Wpi1)-

(118)
Applying Jensen’s inequality [43, pp. 77] to the convex func-
tion || - ||%, we obtain:
N
Ellwp o — wiil* < Y [CleEllg 7. (119)

=1
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Under Assumption 2, we have: so that:
E[I¢ 171 Fi-1] -
B =
= W} 0o = Wi i—1 I3, + W ELlski(wii—nI* | Fiot], N .
(120) I —pHy  —p(l—pnig) ... —p(l — pniy)
Hy; Hyi
where 5y £ (Iy — jtHy ,;)?, which due to Assumption 1, can —HH (I —pnkz) ... —pu(l—puniy)
be bounded as follows: (I — pHy) Hyo
5 : : :
0<% = vilu, az1) —uHyy  —p(l—pmia) .o (1= pnhy)
L Hyn (I — uHyn) |

where y; is given by (48). Taking expectation again in (120),
and using the bound (138) on E[||sz;(w.;—1)||*|Fi_1] from (127)
Part I [2], we obtain:

E|l¢, _”2 where Hyp is defined in (63). It can be verified that the matrix
ki Z=1-F,is N x N blocks Z,, with each block of size
= Ellwg oo — Wi i I3, + w7 Elisgi(wi i)l M?N x M*N:
< WCEIW} oo — Wiy 1 + 36 BRE w00 — wi i I
Zi1 Zin ... Zin
2 200 2 200 |12 2
+ 12 (382N, — wioo 2+ 3B2NE, 1P + 02 ) oz 2z
(122) Z=1-F,=| . . o, (128)
Now, combining (122) and (119), we obtain (45). Nt Zna ... ZNN
Iterating (45) starting from i = 1, we get:
MSP, < (C(G")*)'MSP), We denote by [Z]pg the M? x M? (p, g)-th block of Z,.
i1 We have:
+ 17y (C(G")) C(3diag{ BEIMSP; 1 + b).
=0 [Zmn]pq =

(123)
I — (1 — unip)(1 = unip)ld — pHpm) @ (I — juHpyp)l,
Under Assumption 3 and condition (39), the matrix C(G”)? is ifm=n, p=gq

guaranteed to be stable. Using the fact that b = O(1) from (A — i) — AU — wHpm) @ Hyp)

Theorem 1 in Part I [2], 1 — [[(G”)*|lec = O(), and that H Hm H%a H we

|| lim;_ 00 MSP; || = O(11) from Theorem 2 in Part I [2], itm=n, p#aq (129
and following similar arguments as the one used to establish w(l = pndn)(X = A p) Hum & (I = ptHpp)],
eq. (70) in Part I (Appendix E) [2], we conclude (49). itm#n, p=gq
From (42), Lemma 2, and (49), we conclude (50). — 12 (1 = )1 = unh)[Hym ® Hypl,
ifm#n, p+#q.
APPENDIX C

PROOF OF LEMMA 4
Consider the matrix F, in (57). Using the block Kronecker We have:
product property:

(A&, B)C @ D) = (AC @ BD). 24y = 1Hum) & (I = juHpp)

. . =1~ pHym @ Hpp + 1> Hyn @ Hpp,  (130)
it can be verified that:

.7:,7 = E,,T ®p E,,T, (125)  where Hy,, @ H,p)p is given by (62) and
where
_ L — (1 = pnip)A — unhp) = unpy + Ap — uniphp).
B, =V'B,V = (uy — unJ)un — nV' H,V)  (126) (131)
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Thus,
[Znnlpg =
(1= o) (1 = i) (Hyn @ Hyp)+
N + Ap — unhmAp)l + O(1),
ifm=n,p=gq
(I = unim)(d — lU?)\q)(I ® qu) +0(w), (132)
- ifm=n,p#gq
(1 = unrn)(X = pndp)(Hum @ 1) + O(1),
ifm#n, p=gq
= (L = pnin)(1 — punig)[Hum ® Hygpl = O(1),
ifm#n, p#q

Before proceeding, we recall the following useful proper-
ties of the Kronecker and Kronecker sum products [37]. Let
{(ri(A),i=1,...,M} and {A;(B), j=1,..., M} denote the
eigenvalues of any two M x M matrices A and B, respectively.
Then,

(WA ® B)) = [Mi(A)(B)1M

i=1,j=1" (133)

MA@ B)} = (LA + 2B (134)
From (128), (129), and (132), it can be verified that the matrix
Z can be written as:

Z=X+7Y. (135)

The matrix X is N> x N2 block diagonal defined as:

N
X 2 “w- diag {diag {[me]pp}i:;l }m:1

_Tom 0
=HEl o0 oy+om |

where we used the fact that for m = 1 and p = 1, we have
[(Zi1)i1i = - Hii @ Hip + O(u?) which is - O(1). This is
due to property (134) and the fact that H}; = % Zszl Hj p, >
0. For the remaining blocks of X, from (131), property (134),
and the fact that H,,,, = Ziv:1 [vm]in’,7 > 0, it can be veri-
fied that the matrix:

(136)

[me]pp = p(1 — uniy)(1 — H—ﬂ}\p)(Hmm 57 pr)

+ un(hp + Ap — unimip)l (137)
is also positive definite when:
0 <= punrp)d —pnip) < 1. (138)

Furthermore, in this case, we have [Z;;,]pp = 1 - (O(1) +
O(n)). The matrix ¥ = Z — X in (135) is an N? x N? block
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matrix where each block is M? x M? given by:

(Y] pq

0, ifm=n,p=gq
(1 = unm)(1 — unie) ® Hyp) + O(p) < O(1)
ifm=n, p#q
=p-y A =unr)d = unip)(Hym @ 1) + O(n) < O(1)
ifm#n, p=gq
—u(1 = pni,)(1 — l‘”))\q)[Hnm ® qu] <O0(w)
ifm#n, p#q
(139)
Applying the matrix inversion identity [42], we obtain:
X+ l=x""—xvya+x"'v)y 'x7!, (140
From (136), we have:
_ 1 . _\N Y
Xx'= - diag [dlag (Zunlop) '}, }mzl

. To 0
= . . 141
: [ 0 (0(1)+0(n))_1} (4D

From (141) and (139), we have:

Xy = o O sy
O +om)~" (01)+0®m))
and
I+X 1y = o) o) . (143)
oM +om~" o)

Applying the block inversion formulato I + X ~ly we obtain:
1 1
om o
(0(1)+ 0()) o)
Finally, from (141), (142), and (144), we conclude that:
X 'ya+x'y)y'x!

'y [(0(1)+0(n))‘1

I+X7'v) ! = [

(0(1) + 0(n))~2

0) + 0o
(O(1) + 0(n)~! (145)

Consider now the matrix ([ — ]-',,)’1 =V VU —
f,])_l(V ®p V)T It can be verified that:

I —F)~!
=VRWVX 've, V'
+ VWX 'YU+XY)y X Tve, V)T
N

N
= 33 (Wn ® 1) @ (0 & )] ((Zm ) ™ -
m=1

p=1

[V ® In) ®5 vy © I)]+ 1~ (O1) + O()) ™!
(146)
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APPENDIX D
PROOF OF THEOREM 1
From (65) and (146), we have:

(bvec(Y ") " (I — F)~"bvec(yn) = O(u)(O(1) + O(n)) ™!
N N

+ )Y vee @) [(wn ® In) @5 (v ® Iny)]

m=1 p=1

([Znm1pp) (v, ® i) @5 (U ® Iy)lbvecUyn)  (147)

where the bvec operation is relative to blocks of size M x
M. Using the property bvec(ACB) = (B' ®);, A)bvec(C), we
obtain:

[V ® ) ®p (v, & Iy)Ibvec(yn)
_JbvecUy) = vec(ly), ifm=p (148)
o, ifm#p

and we conclude that:
(bvec(Y ") (I — F,) Tbvec(yn) = O(u)(O1) + O() ™!

N
+ ) (bveeY ") [t ® In) @ (tmy & Ing)m

m=1

(149)
where

X 2 ([Zom )~ vee(Iy). (150)

This vector is the unique solution to the linear system of

equations:
[Zom]mmxm = vecy), (151)

or, equivalently, by using (137):

m [(1 — 1) (Hy ® T) + g/\m(Z — unkm)] X

[ = 122U @ Hom) + S5 @ = i) |

= vec(ly), (152)

Let X, = unvec(x,). Applying the property vec(ACB) =
(BT ® A)vec(C), we obtain:
vec(Xy, T,n) + vec(T,, X)) = vec(ly) (153)
where
Ty & (1 = k) Hym + %

Am(2 = pnin)l. (154)

We conclude from the above equation that X, is the unique
solution to the continuous time Lyapunov equation:

XinTon + T X = Iy, (155)
whose solution is given by:
|
Xn = ET'”
1 2 n -1
5 (1= B2 Hun + 3302 = i) )
(156)
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Using the definitions (66), (67), and applying properties
bvec(ACB) = (B" ®, A)bvec(C),

and Tr(AB) = (bvec(B ")) bvec(A), (157)

we get:
N
> “bovecY N1 [(vm ® In) ®p (v ® Iy Ivec(Xin)

m=1

N
Z r (unbvec{(vy & Iyr) ®p (v ® Iy )bvee(X,,)}))

m

Il
Mz

((vm ® IM)Xm(U & IM)y)

—_

m

= Z(l — 1T (U ® ISy (v ® It Xon)

m=1

N N
Z 1= )T ((Z[vm]iRs,k,n) :

k=1

NI’;

N -1
<(1 — )’ (Z[vm],%Hk,n> + gxm(z - Mnkm)1>

k=1

N N
= Z:j (Z[vm]sz,,7 +

MAm (2 = 1) 1)
k=1

2(1 — unim)?

N
(Z[vmﬁ&,k,n» (158)
k=1

Substituting into (149) and (65), we conclude:

lim sup NIEHW —will?

i— 00

N

N
= LN Z <Z vm]]%Hk,n +

k=1
+ 0(M1+9m)

N
. <Z[Um]%Rs,k,n)> +
k=1 (159)

Now, according to definition (51), dividing (159) by n and
computing the limit as © — 0, we arrive at expression (68)
for the network MSD.

U)»m(Z — UNAm)
2(1 — unim)?

1)'

o)
(01)+ 0(m))
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