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Distributed Personalized Gradient Tracking
with Convex Parametric Models

Ivano Notarnicola Member, IEEE, Andrea Simonetto Member, IEEE, Francesco Farina Member, IEEE,
Giuseppe Notarstefano Member, IEEE

Abstract—We present a distributed optimization algorithm for
solving online personalized optimization problems over a network
of computing and communicating nodes, each of which linked
to a specific user. The local objective functions are assumed
to have a composite structure and to consist of a known time-
varying (engineering) part and an unknown (user-specific) part.
Regarding the unknown part, it is assumed to have a known
parametric (e.g., quadratic) structure a priori, whose parameters
are to be learned along with the evolution of the algorithm.
The algorithm is composed of two intertwined components: (i)
a dynamic gradient tracking scheme for finding local solution
estimates and (ii) a recursive least squares scheme for estimating
the unknown parameters via user’s noisy feedback on the local
solution estimates. The algorithm is shown to exhibit a bounded
regret under suitable assumptions. Finally, a numerical example
corroborates the theoretical analysis.

Index Terms—Distributed Optimization, Distributed Learning,
Online Optimization.

I. INTRODUCTION

Cyber-physical and social systems (CPSS) are becoming
increasingly important in today’s society, whenever human
actions, preferences, and behaviors are added to the cyber and
physical space [1]. Important examples of this class of systems
are the energy grid [2], [3], transportation infrastructures [4],
personalized healthcare [5], and robotics [6].

A key feature of CPSS is the trade-off between given engi-
neered performance metrics and user’s (dis)comfort, perceived
safety, and preferences. While, on one side, engineered goals
may come from well-defined metrics based on physical models
and can be time-varying to model data streams [7], on the other
side, user’s (dis)satisfaction is more complex to model. The
“utility” function to be optimized for the users is often based
on averaged models constructed on generic one-fits-all models.
However, good averaged models of users’ utilities are difficult
to obtain for the associated cost and time of human studies,
the data is therefore scarce and biased. For these reasons, more
tailored and personalized strategies are to be preferred when
dealing with humans [8].

This paper studies time-varying optimization problems
distributed across a network of N agents. Each agent represents
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both a physical node (e.g., a home or a car) and its associated
user. The optimization has a cost function that comprises of
both a known time-varying engineering cost, and an unknown
user specific (dis)satisfaction function. Formally, we define the
distributed personalized problem as

N
minimize ; Vi(z;t) + Ui(z), teN (1)
fi(wst)

where x € R™ represents the common decision variable, and
t € N represents the time index; each agent ¢ is equipped with
the known time-varying engineering cost V;(z;t) : R*xN — R
and with the unknown user’s dissatisfaction function U;(z) :
R™ — R. The aggregated cost f;(x,t) : R" x N — R is
associated to agent ¢ only. Then, by solving problem (1), we
mean to generate a sequence of tentative solutions, say {Z;}~_;,
which make the corresponding cost vazl fit(Ty;t) as close
as possible to its (current) optimal value, say f,(¢), for all ¢.
In particular, as customary in online optimization, we measure
the quality of the given sequence {Z;}7_; using the cumulative
dynamic regret up to time 1" defined by

T /N

Rr({z i) £ )

t=1 i=

fi(@t) = fi(t) 2
1
and the average dynamic regret up to time 7T defined by
Rr({#:}E,)/T. As it is customary in the distributed setting,
we also complement these measures with the consensus metric
Cr({zir}N, 2r) 2 S°N | @iz — Zr|?, quantifying how
far from consensus the local decisions x; 7 are at time 7.

The challenges in solving problem (1) are multiple. First,
a distributed strategy must be developed. Then, not only the
optimization problem changes over time, but its cost function
is not completely known by the agents and it has to be learned
concurrently to the solution of the problem, by employing
noisy user’s feedback.

This paper addresses all the above mentioned challenges
and provides the following main contributions.

We propose a personalized gradient tracking distributed
scheme combining an online optimization algorithm with a
learning mechanism, and derive a bound on its dynamic regret.
As a building block for the proposed scheme, we develop
a dynamic gradient tracking algorithm that, given a smooth
strongly convex time-varying cost function, is capable of
tracking its solution sequence {z(t)}+en in a distributed way
up to a bounded error, in line with time-varying optimization
results [7], [9]. Notice that, this block is a contribution per se
to the distributed online optimization literature.



In the proposed personalized gradient tracking strategy,
the dynamic gradient tracking update is interlaced with a
learning mechanism to let each node learn the user’s cost
function U;(z), by employing noisy user’s feedback in the
form of a scalar quantity given by y;; = Ui(zit) + €it,
where z;; is the local, tentative solution at time ¢ and ¢;;
is a noise term. It is worth pointing out that in this paper, we
consider convex parametric models, instead of more generic
non-parametric models, such as Gaussian Processes [3], [8],
[10], [11], or convex regression [12], [13]. The reasons for
this choice stem from the fact that (i) user’s functions are
or can be often approximated as convex (see, e.g., [14], [15]
and references therein), which makes the overall optimization
problem much easier to be solved; (ii) convex parametric
models have better asymptotical rate bounds' than convex non-
parametric models [12], which is fundamental when attempting
at learning with scarce data; and (iii) a solid online theory
already exists in the form of recursive least squares (RLS) [16]—
[18]. Therefore, our learning mechanism is based on a RLS
algorithm, whose asymptotical rate is characterized.

Although the high-level algorithmic idea of combining
a distributed (online) optimization update with a recursive
regression scheme appears intuitively reasonable, the concurrent
application of the two updates at the same time scale introduces
several challenges in the analysis that have been addressed
by properly applying and adapting tools from online and
distributed optimization and from parameter estimation.

To summarize, the main goal of the paper is to provide a
first-of-its-kind algorithm to simultaneously learn and solve
optimization problems with unknown convex parametric models
online and in a distributed fashion, while at the same time
incorporating human preferences in the loop.

Literature survey: A centralized bandit framework with a
similar structure to the one considered in this paper has been
introduced in [8], even though in the context of non-parametric
learning (see also references therein for a comprehensive
literature survey).

In the distributed setup addressed by this paper, we assume
that the function U; can be modeled as a linearly parametrized
convex quadratic function, whose parameters are unknown and
have to be learned. This represents a first step towards generic
parametric models?. Non-parametric approaches in the litera-
ture to learn unknown functions are e.g., (shape-constrained)
Gaussian processes [3], [10] and convex regression [12], [13].
As said, we prefer here parametric models for their faster

!By asymptotical rate, we mean how the approximation gets closer to the true
function as the number of data points (feedback) increases. Shape-constrained
Gaussian processes can be used to impose convexity constraints in a practical
sense, but their computational complexity scales as O(t3), where ¢ is the
number of data points, they are not trivially extended for decision spaces with
dimensions n > 1, and asymptotical rate bounds are not yet available. Convex
regression has asymptotical rate bounds of the form of O(t~1/™), which
is very slow compared to the parametric models, and their computational
complexity scales at least as O(t?n3).

2The approach in this paper can be extended to linearly parametrized convex
functions, but we assume a quadratic structure for the sake of clarity. If the
user’s parametric model is more complex, we can always focus on local results,
where the model is approximately convex and linear in the parameters, see
also [19] for examples of linearly parametrized models applied to inverse
control and optimization, which are close in spirit to our problem.

asymptotical rates, cheap online computational load, and ease
of introducing convexity constraints.

Another line of research, not followed in this paper, is zero-
order (stochastic) online convex optimization, where the cost
function is assumed convex, but not known, and its gradient is
estimated by function evaluations [20], [21]. Even though this
line of research is extremely relevant for human-in-the-loop
settings (see, e.g., [6]), we distinguish ourselves from it since
we do not assume that the user’s feedback is available at each
time ¢t. This is key in human systems where feedback may
come intermittently, and still one needs to be able to solve the
optimization problem. Imagine for example that a particular
user is content with whichever decision and she/he does not
feel the need for giving feedback, after a few initial ones. Then
our algorithm would work seamlessly, since it builds a model
for U;, while zero-order methods would still need function
evaluations (i.e., feedback) to proceed.

Regarding optimization problems with (known) time-varying
cost function, they have been addressed in the distributed
optimization literature, both in the stochastic (see, e.g., [22],
[23] and references therein) and online/time-varying settings,
e.g., [7], [24]-[29], and references therein. Our algorithm relies
on the so-called gradient tracking algorithm firstly proposed
in [30]-[33]). The gradient tracking scheme has been originally
designed for static optimization problems while it has been
applied later to online problems in, e.g., [29], [34]. The most
important difference here is that not knowing either the cost
function, the minimum dynamics, or both, poses important
additional challenges in ensuring convergence concurrently
with learning.

Notation: The j-th component of a vector v is [v]; while
the j-th row of a matrix A is [A];. For m vectors vy,. .., Un,
we define col(vy,...,v,) = [vf,...,v]]". Given ¢ € R,
beR"and A € R™™", let v = col(c,b,[A]{,...,[4]]) €
R!F7+7* then we define the operator UNPACK(v) so that
(A,b,¢) = UNPACK(v). The all-one vectors of appropriate
dimension is 1. Gradients w.r.t. the variable = of the function

f(z;t) are indicated with V f(z;1).

II. PROBLEM ASSUMPTIONS

Problem (1) is to be solved in a distributed way by a network
of N agents. We have depicted the problem setting in Figure 1:
each agent is composed by a physical node (e.g., a home, a car,
a mobile phone) linked to an end-user. The nodes are equipped
with a time-varying cost V; and can evaluate a noisy version
of U; by asking the user for feedback on a particular decision
2. BEach node can compute and communicate with its direct
neighbors over a fixed network. In this context, each agent ¢
has only a partial knowledge of the target problem.

We consider the following assumption on the problem
structure.

Assumption IL1. For all i =1..., N it holds that:

(i) The function V;(x;t) is my -strongly convex and its
gradients are Ly -Lipschitz continuous for all t € N.

(ii) The function U;(x) has a quadratic structure, ie.,
Ui(z) = %xTPim + ¢ © + 1, with P; € R™" symmetric
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node i : Vi(z;t)

agent i : Vi(z;t) + Us(x)

Fig. 1. The problem setup: a network of connected and communicating nodes,
each node with associated an end-user from which feedback may be asked on
their own dissatisfaction on a particular decision.

and with eigenvalues in the range [m;, L;], with L; > m; > 0,
q € R", r, € R

(iii) The parameters P;, q; and r; of U; are unknown,
however one knows a (loose) bound on L;, and noisy mea-
surements of U;(x) can be taken for any point x € R"™ as
y; = Ui(x) + €;,where ¢€; denotes a generic scalar zero-mean
noise with finite variance.

(iv) The optimizer of problem (1), x,(t), is finite for each
teN, and ||z, (t)|| < oo O

Assumption II.1 on the engineering function V;(x;t) is quite
standard in the time-varying literature [7], [9].

As for the the m;-strongly convex, L;-smooth quadratic
model of U;(x), we point out that, though partially restrictive,
this structure is reasonable as discussed in the introduction (see
also Footnote 2) and it can be relaxed. Loose bounds on L; can
be obtained from experiments and average user data. Finally,
the finiteness assumption on the optimizer (which exists and it
is unique for (i)-(ii)) just ensures that the problem is well-posed
even in a time-varying setting.

Since each U;(x) is quadratic but unknown, its parameters
need to be estimated over time. Therefore, we let each agent @
consider an approximation of U;(z) at each time ¢ given by

3)

where Pi,t, G;,+ and 7; ; represent the current estimates of the
true (unknown) parameters P;, ¢; and r;. We then define the
local estimated cost of agent 7 as

fila;t) 2 Vi(zst) + U ().

Defining f(z;t) & Zfil fi(x;t), we denote by f,(t) its
minimum value and by &, (t) the minimizer. Consistently, we
define f(z;t) = vazl fi(x;t) and its minimum value f,(t)
attained at some x,(t).

At this point, we make no specific choice on the type of
estimation/learning algorithm to determine Ui’t(:v), provided
that it satisfies the following.

A A1 TH AT .
Uit(r) = 3% Pix+ g, + g,

Assumption IL.2. For the chosen estimation algorithm, the
estimated [A/'”(z) is bounded for any finite x, for all i and t.
Moreover:

(i) With high probability, the estimated R-’t is symmetric
and it has eigenvalues in the set [0, uL;], p > 1. Le., for any
d € (0,1] and p > 1, there exists a finite t, for which:

Pr(uL;l, > Py > 0|Vt >1) >1-04,

(ii) When the first fact holds true, there exist constants
Cy, Cy < 00 such that:

[26(t) — 2 (t = 1) < o,
max [V fi(@.(t);t) = Vfi(@u(@):it = D] Sev. O

Assumption I.2(i) is a mild assumption, and it will hold for
our RLS scheme [Cf. Appendix C]. It imposes that eventually
(and with high probability), the estimated values of pi’t get
close to obtain the properties of the true P;.

Once pL;I, > 15” > 0, then the approximate problems
are convex and for Assumption 1.1, the optimizer of f (z;t)
is finite. Then, Assumption II.2(ii) is mild and standard in
time-varying optimization: it ensures that the problem changes
are bounded. This in turn guarantees that one is able to track
its solution up to a meaningful error bound.

Remark I1.3. A key aspect in time-varying optimization is the
O(T) path length, defined as Pr = Zle |4 (t) — Zu(t—1)]|.
This is different from (bandit) online convex optimization which
often assumes Pr = o(T) or finite Pr. For a O(T') path length,
one cannot expect less than finite asymptotic error bounds and
O(T) cumulative dynamic regret bounds [7], [25], [35]. The
reader can verify that when Pr = o(T), then ¢, cy must be
functions of time, and they need to vanish as time increases.
In such a setting one can show o(T) dynamic regret. O

With Assumption IL.2 in place, after ¢ and for all ¢ > ¢,
the approximate cost function f (z;t) is m-strongly convex
and L-smooth with m = Nmy, L = NLy + u>., Li,
with probability 1 — &, and the local cost function f;(z;t) is
(Ly + pL;)-smooth. In addition, and with Assumption II.1(ii),
for the gradient V f;(x;¢) one has that

IV fi(wst) = V filast = ) = |V filw;t) = Vilast = 1)

+ (Vi@ ()i t) = Vil (t);t = 1))]

< 2Ly + pli)|lz — 2. (@)] + ev, @)

with probability 1 — 4. In addition, the estimation error
|Ui.i(z) — U;(x)| is bounded for any finite x since U;.(x)
is proper, and one can define the estimation error length as,

T
cv =Y |Uis(z) = Ui(x)|. (5)
t=1
Under the reasonable assumption that the estimator delivers
a bounded error estimation, i.e., |U; ;(x) — Ui(z)| < ¢y < 00
for all 4, z,t > t, then ¢y = O(T). More sensible estimation
algorithms will yield cy = o(T'), as we will show.

Regarding the structure of the communication network, it is
modeled through a weighted graph G = (V, £,V) in which
V ={1,...,N} denotes the set of nodes, £ CV x V the set
of edges and W = [w;;] € RV*V the weighted adjacency
matrix. We let G satisfy the following.

Assumption IL4. The graph G is directed and strongly con-
nected. The weighted adjacency matrix WV is doubly-stochastic,
ie., Z;vzl wij =1 foralli=1,...,N and 1 wy; = 1
forall j =1,...,N. Moreover, forall i =1,...,N, w;; >0
if and only if j € N;, where N; = {j | (j,i) € EYU{i} is the
set of in-neighbors of node 1. O



The condition above does not include all possible commu-
nication topologies, however it includes the broad class of
balanced digraphs. See [36] for further details.

ITII. PERSONALIZED GRADIENT TRACKING
DISTRIBUTED ALGORITHM

We describe now our novel distributed online algorithm for
solving Problem (1), along with its theoretical properties.

A. Distributed Algorithm Description

Each agent ¢ stores and updates several states. First, it has
a local estimate z;; € R™ of the solution of problem (1) at
iteration t. Second, it maintains local estimates If’zt e Rnx",
Giy € R" and 7;; € R of the unknown parameters of the
local function U;(z) (cf. (3)). Third, it uses an auxiliary state
di+ € R™ to reconstruct an the current value of the gradient
of Zij\; filwigt).

For computational convenience, the local variable x; ; will
be often arranged in the following vectorized form

Xt = col(L, i, (i) 1@ie/2, ..., [Titlnxin/2) € Rt

Each iteration ¢ € N of the distributed algorithm consists in
three consecutive actions performed by each agent .

1) A feedback on the current local solution estimate x; ; is
obtained from the user. In particular, a noisy measurement
of the output of U;(-) evaluated at z;; is computed and
stored as y; ¢ given in (6).

2) The estimates ]ADM, Gi,+ and 7; ; of the unknown parameters
P;, q; and r; of U; are updated by means of an ad-hoc
learning procedure (7). This procedure relies on a RLS
scheme which makes use only of the most updated data
(yit, zi¢), thus not requiring to store and use all the past
points generated by the distributed algorithm.

3) The local solution estimate x; ; of problem (1) at time
t is updated via a dynamic gradient tracking distributed
algorithm (9), whose aim is to track the sequence of
solutions {x(¢)}+en of problem (1).

Algorithm 1 reports the pseudocode of the proposed scheme,
with step-size « > 0 and tuning parameter 7 > 0.

Remark III.1. We assume that the users give feedback at
each time t that they are asked for it, with no delay. This is
not a limitation: we could consider cases in which users give
intermittent feedback at different time-scales and with delays.
This would mean that the learning phrase described by (6)-(7)-
(8) would be slower than the optimization process (9). From the
optimization perspective, since the knowledge of U; changes
every time a new feedback is received, the worst case scenario
is when feedback is given at each time t (see also [8]). [

B. Parameters Estimation via Recursive Least Squares (RLS)

The aim of the learning part of Algorithm 1 (cf. (7)) is to
provide a recursive scheme to let each agent 7 estimate the

Algorithm 1 Personalized Gradient Tracking
= Vfi(2i0;0), Rip =

)

Initialization: z;, arbitrary, d; o
77-[1+n+n29 61’,0 = 0.
Evolution: ¢t =1,2,...

MEASURING/FEEDBACK
Yie = U(@ip—1) + €t (6)
LEARNING
R, _ .
Sit = ZT’t LX! (7a)
L+x;  Rit—1Xit
Rit=Rii—1—(1+ XZtRi,tAXi,t)Si,tSZt (7b)
Giv =&t + (Wi — Xi ¢Cit—1)8ie (7o)

(Pits it Pit) = UNPACK(§;4),  Piy < (Piy + P;)/Q

3
DYNAMIC GRADIENT TRACKING
Tt = Z Wi Tjt—1 — adi,tfl (9a)
JEN;
git = VVi(zit) + P;@i,t + Gie (9b)
di = Z wijdji—1 4+ (git — Git—1) (9¢)

JEN;

unknown parameters of U;. Specifically, the considered scheme
aims at solving, for each ¢, the least squares (LS) problem

t
2
Z (% ‘rIsti,S + qTxi,s +7r— yi,:;) 9

s=1
(10)

minimize
PeRnXm geR™, reR

for a given set of estimate-measurement pairs (z; s, i s)_-
By defining & S COl(’I’, q, [P]Iv . [PH) c R1+"+"2,
problem (10) can be equivalently recast into

t
§i4 = argmin D (& X — 1) (11)
¢ s=1

and 15i7t,q}7t and #; ; can be then retrieved from fm via (8)
(cf. the Notation) and then made symmetric. Now, instead of
keeping track of all the data, problem (11) is solved as data
become available by means of a RLS approach [16, Chap. 11],
yielding (7) in Algorithm 1.

The estimate computed by using RLS differs from the
standard, non recursive, least squares (LS) counterpart only
in the initial iterations, due to the initialization, which is
quickly negligible [16, Chap. 11]; the asymptotic convergence
properties coincide with those of the non recursive LS approach.
Upon defining &; , = col(ry, ¢;, [Pi]{ , ..., [P],)) for all i, then
for each agent the following classical result holds.

Lemma III.2 (Large sample aymptotic properties of LS). Let
the data sequence {(Xi s, Yi,s)}s>0 be such that:



o the {(Xi.s, Yi,s) }s>0 is a realization of a jointly stationary
and ergodic stochastic process;

o the matrix Y., = E[Xi’sxzs} is nonsingular;

o for wi s = Xis€is then {w; s} is a martingale difference
sequence with finite second moments (cfr. [17, Assump-
tion 2.5]), and denote S = E[wi7sw;}.

Then,

Vi — &) B N0, 571851, ast — 00, (12)

where the notation 25 stands for convergence in distribution.
Proof. See, e.g., [17, Prop. 2.1] and [16, Chap. 8, 9, 11]. O

Result (12) implies that the random variable \/i(ém —&ix)
is asymptotically normal distributed, and that || ; — & .|| = 0
with rate O(1/+/t). That is, the rate O(1/+/%) is the asymptot-
ical rate bound for (R)LS, and this will help us show that the
estimation length ¢y = O(V/T).

The assumptions in Lemma III.2 require some words
when applied to our setting. Since the regressors ;s are
determined by the gradient tracking process, and ultimately
(upon convergence) they are close to the optimizer trajectory,
we are requiring that the optimizers {x.(¢)}: (i) eventually
behave as a stationary and ergodic process, and (ii) are never
exactly the same (so that 3,, remains non-singular). In practice
in our model the optimizers change in time due to external,
time-varying data-streams (which could be assumed stationary
and ergodic) and, thus, satisfy this assumption.

C. Dynamic Gradient Tracking

The step in (9) is meant to implement a gradient tracking dis-
tributed algorithm tailored for an online optimization problem,
whose convergence is provided next.

Theorem IIL.3. Consider the sequence {x;.};>1 generated
by (9) and let x; £ % Zfil x4, Let Assumptions 1.1, 11.2,
and I1.4 hold. Choose a p > 1. Then, there exist a p < 1 and a
small enough step-size o in (0, N/L], for which the following
holds with high probability

N
A A L(Nc% +c2) L
li (Tt) — fut) = =5 = 28
1?i>sol.}p;fl(xtv ) f*( ) 2(1_0)2 26
with linear rate p. The consensus metric Cr satisfies
limsupy_, . Cr({z; 7}, 2r) = &, and the average Tt
is bounded. (]

The proof of Theorem IIL.3 is given in Appendix B.
The result is in line with current works in time-varying
optimization [7], [9], as well as regret results with dynamic
comparators when the path length grows as O(T) and we
employ a constant step-size [25].

D. Regret Analysis of Algorithm 1

The next theorem, whose proof is reported in Appendix D,
represents the second main result of this paper. It shows that a
bound on the cumulative regret can be provided under suitable
assumptions, and that the asymptotic average regret is bounded.

Theorem IIL4. Let the sequences {(X:.,Yi 1)}t be generated
by Algorithm 1. Let Assumptions II.1, I1.2(ii) and 11.4 hold.
Choose a p > 1. Then, there exist a p < 1 and a small enough
step-size o in (0, N/ L], for which w.h.p.

Rr({z,} ) < 0(1)+O(cy) +0O <T L(cherci))

2(1-p)?
Moreover, w.h.p., the average dynamic regret reaches an
asymptotical value as

Rr({z} L
li;njotip %}t—l) =0 (%J) + 562 =0(1).
Finally, w.h.p., the consensus metric Cp is such that
lim SUPT_s oo C’T({xi,T}f\Ll, jJT) = 2. O

Algorithm 1 delivers a bounded average dynamic regret with
high probability. In particular, the dynamic regret is composed
of three terms. The first O(1) term collects the initialization
errors (e.g., when Ui,t is nonconvex). The second O(cy ) term,
more standard, represents the learning bound. (It is in general
O(T), but O(V/T) if the assumptions of Lemma IIL.2 are
verified, see Appendix C (Lemma A.5), thereby vanishing as
O(1/+/T) in the average regret result). Finally, the third O(T)
term pertains the tracking of the distributed solution trajectory,
and it is linear in T since the path length is linear in T [25].
The asymptotical bound depends on how fast the problems
are changing in time, due to variations of the gradients and
the optimizers, as typical in time-varying optimization. Finally,
note that Assumption I1.2(i) is not required here, since it is
verified for our RLS scheme [Cf. Appendix C].

Remark IIL.5 (Regret in a distributed setting). Under bound-
edness of the consensus metric Cp given by Theorem 1114,
an agent j-specific regret bound Zthl Zi\il filxjet)— fiolt)
can also be derived, with the same convergence rate, and
leading term of O(cy) + O(2T¢?) (Cf. [37, Appendix ??]).00

E. Computational and communication complexity

We finish our analysis of Algorithm 1 by reporting its
computational and communication complexity. First, only
local computations are carried out, and the most demandinég
are matrix/vector multiplications on vector x;; € RIfn+n"
delivering a computational complexity of O(n?). This is
in comparison with Gaussian Processes O(t®) and convex
regression O(t?n3) [Cf. Footnote 1]. This makes our method
less computational intensive than other techniques, especially
for large ¢t > n (i.e., as more and more data comes in). This
is due to the fact that our method is recursive.

As for the communication complexity, our gradient tracking
employs two communication rounds for each iteration for a
total of at worst 4(N — 1)n scalar sent.

IV. NUMERICAL EXAMPLE

We consider a scenario with both V; and U; quadratic, i.e.,

N
minimize E (||:E—pi(t)|\2+||x—vi||2), t>0.
z€ER? - S

Vi(w;t) Ui(z)



with p;(t) € R? for all ¢ and v; € R3.

We implemented the Personalized Gradient Tracking Al-
gorithm 1 with DISROPT [38] and performed a simulation
with N = 30 agents, in which each target speed p;(t) evolves
according to the following law

pi(t) = 2z + i sin(t/m;)

with z; € R3, ¢; € R and m; > 1. We randomly generate
the coefficients by picking v; € U[—1.5,1.5)3, z; € U[-5,5]3,
m; € U[100,150] NN, ¢; € U[0.5,0.6] and €; ; € N(0,0.2)
for all 4 = 1,...,N. We ran 109 iterations with step-size
a = 0.01 and initial conditions z;o € U[—1.5,1.5]%. The
evolution of the average regret R;/t obtained by Algorithm 1 is
shown in Figure 2. Specifically, we evaluate the dynamic regret
as expressed in (2) at Z; £ + vazl z; ¢ forallt =1,...,106.
As expected from Theorem II1.4, the average regret decays to
some constant value.
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Fig. 2. Evolution of the average regret.

Figure 3 shows the consensus and tracking error. In particular,
it can be appreciated that they become stationary, though not
vanishing, after the initial transient highlighted in the insets,
consistently with the theoretical bound proved by (18).
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Fig. 3. Evolution of the consensus error (top) and the tracking error (bottom).

V. CONCLUSIONS

In this paper, we addressed the problem of solving in a
distributed way an online optimization problems in which the
local cost functions are composed by a known and an unknown
part. We proposed an algorithm that concurrently tracks the
solution of the problem and estimates the parameters of the
unknown portion of the objective function. Finally, we showed
that a bounded (possibly vanishing) average regret is achieved
under suitable assumptions. A numerical example is provided
to corroborate the theoretical results.
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APPENDIX

Let i’t é % fo\;l xi,t, gt é % Zz]\il sz(ft,t) and Czt é
% Zf\il d;: be the averages of the local quantities in (9) for
all ¢ > 0. Through simple manipulations, we obtain

1

Ty=Ti_1—adi_1, d; :dt71+ﬁ z_; (95,t—Giz—1). (13)
By exploiting the (column) stochasticity of the weights (cf. As-
sumption I1.4), and the initialization dY = V f;(z?;0) it can
be shown that, for all ¢ > 0,

1Y 1Y
di =+ ;gm =¥ ; Viilwint). (14
Moreover, letting x, £ col(z1 g, ..., xn), dy £
col(dyt,...,dny) and g £ col(g1¢,-.-,9n.t), algorithm (9)

can be restated as
d;=Wd;—1 + (g —8t-1)-
where W £ W ® I,, with ® denoting the Kronecker product.

xi=Wx;_1—ad;_1, (15)

A. Intermediate Results

The analysis relies on the consensus error |x; —1Z||, the
tracking error ||d;—1d;|| and the optimality error ||Z;—x,(¢)]|,
as presented in the next lemmas (proofs are provided in [37]).

Lemma A.1. Let assumption I1.4 hold. Then, for all t > 0,
Ix: = 12| < owllxi—1 — 121 || + afldi—1 — 1ds— |
where ow be the spectral radius of W — %11. (]

Lemma A.2. Let Assumptions 1.1, 1.2, 1.4 hold. Then, for
t > t and with probability 1 — 6:

|12 =22 (O] OTe—1 =24t = D+ Ixem1 =171 ]|+ o
with = max{|1 — La/N|, |1 — ma/N|}. O
Lemma A.3. Let Assumptions 1.1, 11.2, I1.4 hold. Then, for
t >t and with probability 1 — 0:
[de = 1di|| < (ow +aL)|[de—1 — 1de—1 ||+
+ (LW = 1| + 2L 4 aL*V'N)||x;_1 — 121 ||
+ (2LVN + aL?>VN)||Z—1 — 2.(t — 1)|| + VNey. O

B. Proof of Theorem II1.3
Let us define

l[xe — 1z |,
[ld: — 1dy|

V¢ 1=

Iz~ .00 .
[z}

By combining Lemma A.1, A.2 and A.3, we have that
vi < A(a)vi_1 + Bz (16)

for t >t and with probability 1 — §, where

L
Al@):=10 ow @ , B:=1]0 0],

VN 0

with a; = aL?>V/N+2LV/N and ay = L|W—I|+2L+aL?V/N.
Now, since by assumption e < N/L and m < L, we have
that 6 = 1 — am/N and hence

ai as ow +alL

1 0 0
Ala) = 0 ow 0
2LVN LW —I|+2L ow

= 0

0 0 1
I>V/N L[*/N L

We use now [39, Theorem 6.3.12] for a small perturbation
a > 0. For a = 0, the eigenvalues of A(«) are 1 and oy < 1.
By continuity of the eigenvalues w.r.t. the matrix coefficients,
for small enough «, the eigenvalues < 1 will remain < 1. For
the single eigenvalue 1 with left eigenvector col(1,0,0) and
right eigenvector col(1,0,2Lv/N /(1 — o)), one can use [39,
Theorem 6.3.12(i)], to say that the corresponding eigenvalue
of A(a), say A(a), will be [A(a) — 1+ am/N| < ae for
any € > 0 and sufficiently small «. If then one selects e.g.,
€ = g then M(a) € [1 — 3ag%,1 — agy;], meaning that
there exists a small enough «, for which all the eigenvalues of
A(a) are all strictly less than one, and therefore the spectral
radius of A(«), say p, becomes strictly less than one. Also,
we notice that the input z is bounded. Since v, A, B,z have
nonnegative entries, we can expand (16) from ¢ and get v; <

_m
N
+ «



A() v + 3221 A(a)'= 1" Bz. Given Assumptions IL1-
I1.2, for any finite ¢, ||v|| is bounded. Therefore we can write

t—1
Ivell < 4@~ Vil + || Y- Ale) ™" Ba
T=t

t—1
P vEl+ > TN 42 ()
T=t
And, taking the limit superior:
1
limsup [|v¢|| = ——/ N + 2 = (18)
t—o0 1- P

Eq. (17) shows that the first term decreases linearly with rate p
equal to the spectral radius of A(«), while the second term is
bounded. Eq. (18) completes the argument yielding the upper
limit of the sequence. This finishes the first part of the proof.

The second part of the proof is based on similar arguments
to those used in [33, Theorem 1]. In particular we have
that all the entries of v; converges to ¢ linearly with rate
O(p"). Moreover, by exploiting the Lipschitz continuity of
the gradients of f(x t) = 3, fi(z;t) one has f(z;t) —
FEat);t) < V@ 0:0)T (20 — 24(8) + 20 — 2.(0)]1
Now, smce V f (&, (t);t) = 0 the above implies that f(Z;;t) —

fot) < L ||a:t — &4 (t)||> < £||v¢||* and hence the lim sup of
f(Ze;t) — fu(t) converges hnearly to —2 It yields
N
L(Nc& +c2)
Pr | limsu (Tt =V =) >]_4.
( Hmp;f i) = f) = S ) =

This concludes the second part of the proof.
The third part concerns the convergence of the consensus
metric C7. By definition C7 < ||v]|? so that the thesis follows.
The fourth part concerns the boundedness of ||Z;||, which is
bounded by the discussion above as

1Zel] < 170 = Z (@O + 2« O] < [[vell + [[ 2 D)1,

and since ||v¢|| is bounded for discussion above and ||Z(¢)||
is finite by assumption, then ||Z;|| is bounded.

Finally, since the above limit results are valid for any § €
(0, 1], we have that they hold with high probability.

C. Asymptotical bounds for RLS

Next we present useful asymptotical bounds for RLS that
are necessary for Theorem III.4. Their proofs are in [37].

Lemma A.4. Assumption 11.2(i) holds for our RLS scheme.l]

Lemma A.5. For an estimator satisfying the assumptions of
Lemma I11.2, for any bounded vector x € R", the functional
learning is bounded as |U; ;(z) — U;(z)| < O(1/+/1). O
D. Proof of Theorem I11.4

Recalling the definition of the cumulative dynamic regret
in (2), we can write

T /N
Rr({z¢}i—,) :Z <Z (fi(i'té t)+Ui(Z¢) —Ui,t(ft)) —f*(t)>

<é(2ﬁxt, )+§T:§N:

= t=1 i=1

Ui(zy) — ifi,t(i't)

Now, fixing a & € (0,1] one determines a t, and
the first term on the right-hand side can beA split as
S (S fi@st) — L) = SIS fileen) -
F) + S, fi@st) — fu(t), where in the first
t iterations the functions fi, in general, could have been
nonconvex, while they are convex after ¢ with probability
1 — 4. Notice now that by Assumptions II.1-IL.2, both V;(z; )
and U; ;(x) are bounded for all bounded = and all i and t.
Moreover, by Theorem II1.3, ||Z;|| is uniformly bounded. Thus,

we can bound the quantity Zi;} (Zf\il fi(@est) — f*(t)> b
O(%). Then,

T N
Rr({z i) < 00 + X (Y fi@at) = £.(0)
v
303 |i@) = Uuat@)| (9
Now, we can use the fact that
Folt) = f() + (Flaa()st) — () + (fu(t) — fza(t):) -

(€] (11)

In addition, by strong convexity of f and optimality, it
holds (I) > Zz.(t) — Z.(1)|* > 0, while (II) >

— vazl Ui(x,(t)) — Ui7t(a:*(t))’. Putting these facts together

in the expression of the dynamic regret (19), then,
Re({z},) < O(F) + O(ev +Z(Zf it) - ().
(20)

Now, by using Theorem III.3, the second term can be upper
bounded as

T N ) )
S (D ft@at) - )
t=t i=1 T
<Y 0 +o(r - pHIE L)

t=t
Hence, by combining (20) and (21) we have that, with
probability 1 — 4,

)‘ Q1)

L(Nc& +c2)

2(1—p)? )
where we used the fact that, since ¢ is finite, O(f) +
Zf:{ O(pt=*) = O(1). Since the above is valid with probabil-
ity 1 — 0, for any ¢ € (0, 1], it is valid with high probability.

As for the consensus metric Cp, everything goes as in the
proof of Theorem III.3, with the difference to be valid with
high probability, which concludes the proof.

Re({#}1) < O() + Ole) +O(T
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