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Distributed Online Aggregative Optimization
for Dynamic Multi-robot Coordination

Guido Carnevale, Graduate Student Member, IEEE , Andrea Camisa, Member, IEEE ,
Giuseppe Notarstefano, Member, IEEE

Abstract— This paper focuses on an online version of the
emerging distributed constrained aggregative optimization
framework, which is particularly suited for applications
arising in cooperative robotics. Agents in a network want
to minimize the sum of local cost functions, each one
depending both on a local optimization variable, subject
to a local constraint, and on an aggregated version of all
the variables (e.g., the mean). We focus on a challenging
online scenario in which the cost, the aggregation functions
and the constraints can all change over time, thus enlarging
the class of captured applications. Inspired by an existing
scheme, we propose a distributed algorithm with constant
step size, named Projected Aggregative Tracking, to solve
the online optimization problem. We prove that the dynamic
regret is bounded by a constant term and a term related
to time variations. Moreover, in the static case (i.e., with
constant cost and constraints), the solution estimates
are proved to converge with a linear rate to the optimal
solution. Finally, numerical examples show the efficacy of
the proposed approach on a robotic surveillance scenario.

Index Terms— Cooperative Control, Distributed Optimiza-
tion, Optimization algorithms

I. INTRODUCTION

Distributed optimization captures a variety of estimation and
learning problems over networks, including distributed data
classification and localization in smart sensor networks, to
name a few. The term “online” refers to scenarios in which
the problem data is not available a-priori, but rather it arrives
dynamically while the optimization process is executed. In this
paper, we consider an online distributed optimization set-up
in which agents in a network must cooperatively minimize
the sum of local cost functions that depend both on a local
optimization variable and on a global variable obtained by
performing some kind of aggregation of all the local variables
(as, e.g., the mean). This aggregative optimization set-up was
introduced in the pioneering work [1]. The framework is fairly
general and embraces several control applications of interest
such as cooperative robotics and multi-vehicle surveillance.
Originally, it stems from distributed aggregative games [2]–[6],
where however the objective is to compute a (generalized)
Nash equilibrium rather than an optimal solution cooperatively.

G. Carnevale, A. Camisa and G. Notarstefano are with the De-
partment of Electrical, Electronic and Information Engineering, Uni-
versity of Bologna, Bologna, Italy, {guido.carnevale, a.camisa,
giuseppe.notarstefano}@unibo.it. This result is part of a project
that has received funding from the European Research Council (ERC)
under the European Union’s Horizon 2020 research and innovation
programme (grant agreement No 638992 - OPT4SMART).

There exists a vast literature on distributed online optimiza-
tion, which addresses two main optimization set-ups known
as cost-coupled (or consensus optimization) and constraint-
coupled, see, e.g., [7]. In the cost-coupled framework the
goal is to optimize a cost function given by the sum of
several local functions with a common decision variable.
Distributed online algorithms based on subgradient schemes
are proposed in [8]–[10], while primal-dual or dual approaches
are proposed in [11]–[13]. The use of a model for the
minimum variation is considered in [14], where a mirror descent
algorithm is proposed. Distributed online optimization is used
in [15] to handle the distribution grids problem. In [16] an
online algorithm based on the alternating direction method of
multipliers is proposed. In the more recent constraint-coupled
optimization framework, each local objective function depends
on a local decision variable, but all the variables are coupled
through separable coupling constraints. In [17] this set-up is
addressed in an online setting and a sublinear regret bound is
ensured by using a distributed primal dual algorithm. The same
result is achieved in [18] by introducing a push-sum mechanism
to allow for directed graph topologies. Time-varying inequality
constraints have been taken into account in [19], in which a
distributed primal dual mirror descent algorithm is proposed.

We recall that the above works are suited for cost-coupled
and constraint-coupled set-ups. The aggregative optimization
framework addressed in this paper has been recently intro-
duced in works [1], [20] which consider respectively a static
unconstrained framework and an online constrained one. The
distributed algorithms proposed in these two papers leverage
a tracking action to reconstruct both the aggregative variable
and the gradient of the whole cost function. This “tracking
action” is based on dynamic average consensus (see [21], [22])
and has been introduced in the gradient tracking scheme for
cost-coupled optimization [23]–[31]. The gradient tracking has
been applied to online optimization in [32], in [33] where
partially unknown cost functions are considered, and in [34]
where adaptive momenta are used.

The contributions of this paper are as follows. We focus
on an online constrained aggregative optimization set-up over
peer-to-peer networks of agents inspired to the set-up studied
in the seminal work [20]. Despite the fact that we do not
assume boundedness of the gradients and the feasible sets,
we demonstrate stronger theoretical results than the state of
art, i.e., tighter regret bounds and, by using our method in
a time-invariant problem, linear convergence rate (instead of
a sublinear one) to the optimal solution. Additionally, the
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optimization set-up we consider enlarges the scope of previous
works. Indeed, we consider a wider time-varying framework
in which also the feasible sets and the aggregation rules vary
over time. These generalizations introduce additional terms in
the regret analysis and thus pose new challenges that must
be appropriately handled. In Projected Aggregative Tracking,
each agent projects the updated local solution estimate on
its time-varying constraint set and then performs a convex
combination with the current estimate. Moreover, the trackers
of the aggregative variable are generalized to handle time-
variation of the aggregation rules. Under mild assumptions on
the cost and constraint variations, we provide a bound about
the dynamic regret for the proposed scheme. We additionally
provide a regret result on the violation of the time-varying
constraints. In order to obtain this result we study a dynamical
system describing the algorithmic evolution of: (i) the error
of the solution estimate with respect to the minimum, (ii) the
consensus error of the aggregative variable trackers, and (iii) the
consensus error of the global gradient trackers. Such dynamics
is characterized by a Schur system matrix, by which we are
then able to draw conclusions on the dynamic regret. For the
static case (with constant cost and constraints), we show that the
algorithm iterates converge to the optimal solution with linear
rate. Notably, our algorithm allows for a constant step-size.
To corroborate the theoretical analysis, we show numerical
simulations from a cooperative robotics scenario in which
robots have to accomplish a surveillance task. The proposed
scenario is dynamic and intrinsically characterized by time-
varying cost functions, aggregation functions and constraints,
thus it cannot be addressed by using state-of-art techniques.

The rest of the paper is organized as follows. Section II
describes the distributed online aggregative optimization frame-
work and presents the distributed algorithm with its convergence
properties. The algorithm analysis is performed in Section III.
Finally, Section IV shows the effectiveness of our method.

Notation: We use COL(v1, . . . , vn) to denote the vertical
concatenation of the column vectors v1, . . . , vn. We use
blkdiag(M1, . . . ,MN ) to denote the block diagonal matrix
where the i-th diagonal block is given by the matrix Mi ∈
Rni×mi for all i ∈ {1, . . . , N}. The Kronecker product is
denoted by ⊗. The identity matrix in Rm×m is Im, while 0m
is the zero matrix in Rm×m. The column vector of N ones
is denoted by 1N and we define 1 ≜ 1N ⊗ Id. Dimensions
are omitted whenever they are clear from the context. Given a
closed and convex set X , we use PX [y] to denote the projection
of a vector y on a X , namely PX [y] = argminx∈X ∥x− y∥,
while we use dist(y,X) to denote its distance from the set,
namely dist(y,X) = minx∈X ∥x− y∥. Given x ∈ Rn, we
use [x]+ to denote max{0, x} in a component-wise sense. Let
M ∈ Rn×n, then we denote as ρmax(M) its spectral radius.

II. PROBLEM FORMULATION AND ALGORITHM
DESCRIPTION

In this paper, we consider distributed online aggregative
optimization problems that can be written as

min
(x1,...,xN )∈Xt

N∑
i=1

fi,t(xi, σt(x)) (1)

in which x := COL(x1, . . . , xN ) ∈ Rn is the global decision
vector, with each xi ∈ Rni and n =

∑N
i=1 ni. The global

decision vector at time t is constrained to belong to a set
Xt ⊆ Rn that can be written as Xt = (X1,t × . . . × XN,t),
where each Xi,t ⊆ Rni . The functions fi,t : Rni × Rd → R
represent the local objective functions at time t, while the
aggregation function σt(x) has the form

σt(x) :=

∑N
i=1 ϕi,t(xi)

N
, (2)

where each ϕi,t : Rni → Rd is the i-th contribution to the ag-
gregative variable at time t. We compactly denote the cost func-
tion of problem (1) as ft(x, σt(x)) :=

∑N
i=1 fi,t(xi, σt(x)).

In problem (1), ft(·, σt(·)) is not known to any agent: each
of them can only privately access fi,t, Xi,t, and ϕi,t. We
remark that each agent i accesses its private information fi,t,
and ϕi,t only once its estimate xi,t has been computed. The
idea is to solve problem (1) in a distributed way over a
network of N agents communicating according to a graph
G := ({1, . . . , N}, E ,A), where {1, . . . , N} is the set of
agents, E ∈ {1, . . . , N} × {1, . . . , N} is the edges set, and
A ∈ RN×N is the weighted adjacency matrix. Each agent i
can exchange data only with its neighbors defined by E .

The goal is to design distributed algorithms to seek a
minimum for problem (1). Next, we will denote as ∇1fi,t(·, ·)
and as ∇2fi,t(·, ·) the gradient of fi,t with respect to respec-
tively the first argument and the second argument. Moreover,
we also introduce Gt : Rn × RNd → Rn defined as
Gt(x, s) := ∇1ft(x, s) + ∇ϕ(x) 1

N

∑N
i=1 fi,t(xi, si), where

x := COL(x1, . . . , xN ) ∈ Rn, s := COL(s1, . . . , sN ) ∈ RNd

with each xi ∈ Rni , si ∈ Rd for all i ∈ {1, . . . , N},
∇1ft(x, s) := COL(∇1f1,t(x1, s1), . . . ,∇1fN,t(xN , sN )),
and ∇ϕ(x) := blkdiag(∇ϕ1(x1), . . . ,∇ϕN (xN )) ∈ Rn×Nd.

Let xi,t be the solution estimate of the problem at time t
maintained by agent i, and let x⋆

t be the (unique) minimizer
of ft(x, σt(x)) over the set Xt. Indeed, as we will formalize
within Assumption 2, strong convexity of ft(x, σt(x)) guar-
antees existence (and uniqueness) of x⋆

t . Then, given a finite
value T > 1, the agents want to minimize the dynamic regret:

RT :=

T∑
t=1

ft(xt, σt(xt))−
T∑

t=1

ft(x
⋆
t , σt(x

⋆
t )). (3)

Another popular metric is the so-called static regret [12].
However, as done in most of the literature, we focus on (3),
which is more challenging to handle. To this end, we propose
our Projected Aggregative Tracking algorithm. Each agent i
maintains for each time instant t an estimate xi,t of the compo-
nent i of a minimum x⋆

t of problem (1). In order to reconstruct
the descent direction and use it to update the estimate xi,t, agent
i needs to reconstruct the global information

∑N
i=1

ϕi,t(xi,t)
N

and
∑N

i=1 ∇2fi,t

(
xi,t,

∑N
j=1

ϕj,t(xj,t)
N

)
, which are not locally

available. To overcome this lack of information, agent i
maintains auxiliary variables si,t and yi,t and iteratively updates
them according to a perturbed consensus mechanism. A pseudo-
code of the Projected Aggregative Tracking algorithm is
reported in Algorithm 1 from the perspective of agent i, in
which α is a positive constant step-size, δ ∈ (0, 1) is a constant
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algorithm parameter, and each element aij represents the (i, j)
entry of the weighted adjacency matrix A of the network.

Algorithm 1 Projected Aggregative Tracking (Agent i)
initialization:

xi,0 ∈ Xi,0, si,0 = ϕi,0(xi,0), yi,0 = ∇2fi,0(xi,0, si,0)

for t = 0, 1, . . . do

x̃i,t = PXi,t

[
xi,t − α(∇1fi,t(xi,t, si,t) +∇ϕi,t(xi,t)yi,t)

]
xi,t+1 = xi,t + δ(x̃i,t − xi,t)

si,t+1 =

N∑
j=1

aijsj,t + ϕi,t+1(xi,t+1)− ϕi,t(xi,t)

yi,t+1 =

N∑
j=1

aijyj,t +∇2fi,t+1(xi,t+1, si,t+1)

−∇2fi,t(xi,t, si,t)

end for

III. CONVERGENCE ANALYSIS

This section gives the convergence properties of the proposed
distributed algorithm.

A. Projected Aggregative Tracking Reformulation and
Assumptions

First of all let us rewrite all the agents’ updates, according
to Algorithm 1, in a stacked vector form as

x̃t = PXt [xt − α(∇1ft(xt, st) +∇ϕt(xt)yt)] (4a)
xt+1 = xt + δ(x̃t − xt) (4b)
st+1 = Ast + ϕt+1(xt+1)− ϕt(xt) (4c)
yt+1 = Ayt +∇2ft+1(xt+1, st+1)−∇2ft(xt, st), (4d)

where we used the notation xt := COL(x1,t, . . . , xN,t),
st := COL(s1,t, . . . , sN,t), and yt := COL(y1,t, . . . , yN,t).
Moreover, we also introduced the symbols ∇2ft(xt, st) :=
COL(∇2f1,t(x1,t, s1,t), . . . ,∇2fN,t(xN,t, sN,t)), ∇ϕt(xt) :=
blkdiag(∇ϕ1,t(x1,t), . . . ,∇ϕN,t(xN,t)) and A := A ⊗ I . In
order to perform the convergence analysis, we derive bounds for
the quantities ∥xt+1 − xt∥,

∥∥xt+1 − x⋆
t+1

∥∥, ∥yt+1 − 1ȳt+1∥,
and ∥st+1 − 1s̄t+1∥, in which ȳt :=

1
N

∑N
i=1 yi,t and s̄t :=

1
N

∑N
i=1 si,t denote the mean vectors of yt and st, respectively.

Let zt be the vector staking the above quantities

zt :=

 ∥xt − x⋆
t ∥

∥st − 1s̄t∥
∥yt − 1ȳt∥

 . (5)

Moreover, also the following variables will be useful to provide
the main result of the paper, namely

ηt := sup
x∈Rn,z∈RNd

∥∇2ft+1(x, z)−∇2ft(x, z)∥ (6a)

ωt := sup
x∈Rn

∥ϕt+1(x)− ϕt(x)∥ (6b)

γt := sup
x∈Rn

|dist(x,Xt+1)− dist(x,Xt)| (6c)

ζt := ∥x⋆
t+1 − x⋆

t ∥, (6d)

where we recall that x⋆
t is the optimal solution of ft(xt, σt(xt)).

Next, we state the assumptions of our framework.

Assumption 1 (Communication graph). The graph G is
undirected and connected and A is doubly stochastic. □

Assumption 2 (Convexity). For all i ∈ {1, . . . , N} and all
t ≥ 0, Xi,t ⊆ Rni is nonempty, closed and convex, while the
global objective function ft(x, σt(x)) is µ-strongly convex.□

Assumption 3 (Function Regularity). For all t ≥ 0, the func-
tion ft(x, σt(x)) is differentiable with L1-Lipschitz continuous
gradients, and Gt(x, s), ∇2ft(x, s) are Lipschitz continuous
with constants L1, L2 > 0, respectively. For all i ∈ {1, . . . , N}
and t ≥ 0, the aggregation function ϕi,t(xi) is differentiable
and L3-Lipschitz continuous, and ηt and ωt are finite. □

We start by noting that

s̄t+1 = s̄t +
1⊤

N
(ϕt+1(xt+1)− ϕt(xt)) (7a)

ȳt+1 = ȳt+
1⊤

N
(∇2ft+1(xt+1, st+1)−∇2ft(xt, st)). (7b)

Then, if we initialize σ and y as σ0 := ϕ0(x0) and y0 :=
∇2f0(x0, s0), from (7a) and (7b), it holds for all t ≥ 0

s̄t =
1

N

N∑
i=1

ϕt(xi,t) := σt(xt) (8a)

ȳt =
1

N

N∑
i=1

∇2fi,t(xi,t, si,t). (8b)

B. Preparatory Lemmas

Here we present four preparatory Lemmas that we need to
prove Theorem 1. For brevity, we will use dt to denote the
descent direction used within the update (4a), i.e.,

dt := ∇1ft(xt, st) +∇ϕt(xt)yt. (9)

Lemma 1. Let Assumptions 1, 2, and 3 hold. If α ≤ 1
L1

, then∥∥xt+1 − x⋆
t+1

∥∥ ≤ (1− δµα) ∥xt − x⋆
t ∥+ δαL1 ∥st − 1s̄t∥

+ δαL3 ∥yt − 1ȳt∥+ ζt.

Proof. The proof is provided in Appendix A.

Lemma 2. Let Assumptions 1, 2, and 3 hold. Then

∥xt+1 − xt∥ ≤ δ(2 + αL1 + αL1L3) ∥xt − x⋆
t ∥

+ δαL1 ∥st − 1s̄t∥+ δαL3 ∥yt − 1ȳt∥ .
Proof. The proof is provided in Appendix B.

Lemma 3. Let Assumptions 1, 2, and 3 hold. Then

∥st+1 − 1s̄t+1∥ ≤ Λ ∥st − 1s̄t∥+ δαL1L3 ∥st − 1s̄t∥
+ δ(2L3 + αL1L3 + αL1L

2
3) ∥xt − x⋆

t ∥
+ δαL2

3 ∥yt − 1ȳt∥+ ωt,

where Λ is the maximum eigenvalue of the matrix A− 11⊤

N .

Proof. The proof is provided in Appendix C.
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Lemma 4. Let Assumptions 1, 2, and 3 hold. Then

∥yt+1 − 1ȳt+1∥ ≤ Λ ∥yt − 1ȳt∥
+ δαL3(L2 + L2L3) ∥yt − 1ȳt∥
+ δ(2 + αL1 + αL1)(L2 + L2L3) ∥xt − x⋆

t ∥
+ δαL1(L2 + L2L3) ∥st − 1s̄t∥
+ 2L2 ∥st − 1s̄t∥+ L2ωt + ηt,

where Λ is the maximum eigenvalue of the matrix A− 11⊤

N .

Proof. The proof is provided in Appendix D.

C. Regret analysis and linear rate in static set-up

Now, we state the main theoretical results of the paper. Next
theorem provides a bound on the dynamic regret of the iterates
generated by the Projected Aggregative Tracking distributed
algorithm in the general, online set-up (1).

Theorem 1. Consider Projected Aggregative Tracking as given
in Algorithm 1. Let Assumptions 1, 2, and 3 hold. Then, there
exists λ, δ̄ > 0 and ρ̃ ∈ (0, 1) so that, if α ≤ 1

L1
and δ ∈ (0, δ̄),

it holds

RT ≤ L1λ
2

2

(
∥z0∥2
1− ρ̃2

+ 2 ∥z0∥UT +QT

)
, (10)

where RT is defined as in (3) and

UT :=

T∑
t=1

t−1∑
k=0

ρ̃t+k

(
∥ζt−k−1∥+ 2 ∥ηt−k−1∥

+ (1 + L2) ∥ωt−k−1∥
)
, (11a)

QT :=

T∑
t=1

t−1∑
k=0

ρ̃2k(ζ2t−k−1 + 2η2t−k−1 + (1 + L2)ω
2
t−k−1).

(11b)

Moreover, if γt (cf. (6c)) is finite for all t ≥ 0, then the
constraint violation is bounded by

T∑
t=1

dist(xt, Xt) ≤
1

1− (1− δ)T
dist(x0, X0)

+

T∑
t=1

t−1∑
k=0

(1− δ)kγt−k−1. (12)

Proof. The proof is provided in Appendix E.

Operatively, in order to choose an appropriate value of the
parameter δ, it is necessary to first estimate the upper bound δ̄.
As it emerges from the proof of Theorem 1, this can be done as
follows: (i) compute a matrix M(δ) (cf. (21)), which depends
on the various problem constants and on δ, (ii) compute δ̄
as the maximum value of δ such that all the eigenvalues of
M(δ) are strictly in the unit circle. We observe that Theorem 1
improves the dynamic regret bound provided in [20], which
demonstrates a bound of the type O(T ) +O(

√
TVT ) (where

VT is a term capturing variations of the problem). The authors
also show that there exists a particular, constant step-size that
allows to tighten the first term to O(

√
T ). However, the choice

of the the step-size requires a prior knowledge of T and VT .
In both cases, we improve the first term, which is replaced
by the constant L1λ

2

2
∥z0∥2

1−ρ̃2 , while in our terms UT and QT

(cf. (11)) the variations of the problem are scaled by ρ̃t, i.e.,
an exponentially decaying quantity since ρ̃ ∈ (0, 1).

Remark 1 (Average Regret). Let us consider the case in which
the problem variations are bounded by a constant, i.e., suppose
there exists C > 0 so that ζt, ηt, ωt ≤ C for all t ≥ 0. In
this case, by using the definitions of UT and QT (cf. (11))
and recalling that ρ̃ ∈ (0, 1), we can use the geometric series
property to get

UT ≤ (4 + L2)C

1− ρ̃T
, and QT ≤ (3 + (1 + L2))C

2T

1− ρ̃2
.

In this case, the average regret approaches a constant value,

lim
T→∞

RT /T =
L1λ

2(4 + L2)C
2

2(1− ρ̃2)2
. □

Remark 2 (Inequality constraints). Consider the case in which
Xi,t can be expressed in terms of inequality constraints, namely

Xi,t := {xi ∈ Rni | hi,t(xi) ≤ 0mi
},

with hi,t : Rni → Rmi for all i ∈ {1, . . . , N} and t ≥ 0. In
this case, in place of the distance function dist(x,Xt), one can
use ∥[ht(x)]

+∥ as a metric to characterize the constraint viola-
tion, where ht(x) := COL(h1,t(x1), . . . , hN,t(xN )). By repeat-
ing similar arguments as in the proof of Theorem 1, one obtains
similarly that

∑T
t=1 ∥[ht(xt)]

+∥ ≤ 1
1−(1−δ)T

∥[ht(x0)]
+∥ +∑T

t=1

∑t−1
k=0(1− δ)kγt−k−1. □

In the following corollary, we assess that in the static case the
Projected Aggregative Tracking distributed algorithm converges
to the (fixed) optimal solution x⋆ with a linear rate.1

Corollary 1 (Static set-up). Under the same assumptions of
Theorem 1, if it holds ft = f , ϕt = ϕ, and Xi,t = Xi for all
i ∈ {1, . . . , N} and all t ≥ 0, then there exists λ, δ̄ > 0 and
ρ̃ ∈ (0, 1) so that, if α ≤ 1

L1
and δ ∈ (0, δ̄), it holds

f(xt, σ(xt))− f(x⋆, σ(x⋆)) ≤ ρ̃2t
L1λ

2

2
∥z0∥2 .

Proof. The proof is provided in Appendix F.

IV. NUMERICAL EXPERIMENTS

In this section we show the effectiveness of Projected
Aggregative Tracking on a multi-robot surveillance scenario.

1) Online set-up: Let us consider a network of cooperating
robots that aim to protect a target with location bt ∈ R2 at time
t from some intruders. The optimization variables xi,t ∈ R2

represent the position of robots at each time t and each robot
i is able to move from xi,t to xi,t+1 using a local controller.
We associate to each robot i an intruder located at pi,t ∈ R2 at
time t. The dynamic protection strategy applied by each robot
consists of staying simultaneously close to the protected target
and to the associated intruder. Meanwhile, the whole team

1A sequence {xt} converges linearly to x̄ if there exists a number η ∈ (0, 1)

such that ∥xt+1−x̄∥
∥xt−x̄∥ → η as t → ∞.
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Fig. 1: Multi- robot surveillance scenario - Robot icons denote
agents, devil icons denote intruders, while the flag is the target
to be protected.

0 400 800 1200 1600 2000
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Fig. 2: Online case – Mean of the average Dynamic regret and
1-standard deviation band over 100 Monte Carlo trials.

of robots tries to keep its weighted center of mass rotating
close to the target. A concept of this scenario is given in
Fig. (1). This strategy is obtained by solving problem (1)
with the cost functions fi,t(xi, σt(x)) = 1

2 ∥xi − pi,t∥2 +
γ1

2 ∥xi − bt∥2 + γ2

2N ∥σt(x)− bt∥2, with γ1 = 1, γ2 = 10 and
the aggregation rules ϕi,t(xi) = βixi + at, where βi > 0 and
at ∈ R2 represents a time-varying offset which follows the law
at = rCOL(cos(t/(2πτ)), sin(t/(2πτ))) for some r, τ > 0. In
this way, the center of mass 1

N

∑N
i=1 x

t
i is forced to rotate

around the target position bt.
We address a scenario with N = 50 agents and intruders. As

regards the constraints, we consider a common time-varying
box Xi,t = {x ∈ R2 | 0 ≤ x ≤ ut} for all i, where
ut ∈ R2 starts from [20, 20] and linearly increases at each
iteration. In this way, the agents initially stay closer to the
target and then they move toward the associated intruders.
Each intruder i moves along a circle of radius r = 1 according
to the law pi,t = pi,c + rCOL(cos(t/100), sin(t/100)), where
pi,c ∈ R2 is randomly generated. The target bt and the offset
at follow similar laws. In this setup, being the sinusoidal
functions bounded, the constants ηt and ωt introduced in (6)
can be uniformly bounded as ηt ≤ γ2

√
Nr and ωt ≤

√
Nr

for all t ≥ 0. Moreover, the vector ut defining the box Xi,t

changes linearly with respect time and, thus, also the constant γt
(cf. (6c)) can be uniformly bounded. As regards the algorithm
parameters, we set α = 1 and δ = 0.5. We performed 100
Monte Carlo trials that differ in the problem parameters and
agents’ initial conditions. Fig. 2 shows that the behavior of the
algorithm does not depend on the generated instances. Indeed,
the achieved average dynamic regret, as predicted in Remark 1,
converges asymptotically to a constant.

0 20 40 60

10−7

10−5

10−3

10−1

t

‖x
t
−
x
?
‖

‖x
?
‖

± std. dev
mean

Fig. 3: Static case – Mean of the relative error and 1-standard
deviation band obtained with 100 Monte Carlo trials.

2) Static set-up: Now we address a static instance of the
problem. Namely, we fix Xt and the positions of the intruders
and of the target. We perform a Monte Carlo simulation
consisting of 100 trials on the same network of N = 50
agents with the same algorithm parameters. As predicted by
Corollary 1, Fig. 3 shows an exponential decay of ∥xt−x⋆∥

∥x⋆∥ .

V. CONCLUSIONS

In this paper, we focused on online instances of the
distributed constrained aggregative optimization framework.
We proposed Projected Aggregative Tracking, a distributed
algorithm allows for time-varying feasible sets and aggregation
rules. We perform a regret analysis of the scheme by which
we conclude that the dynamic regret is bounded by a constant
term and a term related to time variations, while in the static
case, the solution estimates linearly converge to the optimal
solution. Numerical computations confirmed our findings.

APPENDIX

A. Proof of Lemma 1

We begin by using (4b), which leads to∥∥xt+1 − x⋆
t+1

∥∥ =
∥∥xt + δ(x̃t − xt)− x⋆

t+1

∥∥
(a)

≤ ∥xt + δ(x̃t − xt)− x⋆
t ∥+

∥∥x⋆
t+1 − x⋆

t

∥∥
(b)

≤ ∥xt + δ(x̃t − xt)− x⋆
t ∥+ ζt, (13)

where in (a) we add and subtract the term x⋆
t and use

the triangle inequality, and in (b) we use ζt (cf (6d)).
Being x⋆

t the minimizer of ft over Xt, then it holds
PXt [x

⋆
t − αft(x

⋆
t , σt(x

⋆
t ))] = x⋆

t . Then, we add the null term
δ (PXt [x

⋆
t − α∇ft(x

⋆
t , σt(x

⋆
t ))]− x⋆

t ) in the first norm of (13)
and we apply the triangle inequality and (4a) to write∥∥xt+1 − x⋆

t+1

∥∥ ≤ (1− δ) ∥xt − x⋆
t ∥

+ δ ∥PXt
[xt − αdt]− PXt

[x⋆
t − α∇ft(x

⋆
t , σt(x

⋆
t ))]∥+ ζt

(a)

≤ (1− δ) ∥xt − x⋆
t ∥

+ δ ∥xt − αdt − (x⋆
t − α∇ft(x

⋆
t , σt(x

⋆
t )))∥+ ζt, (14)

where (a) uses the non-expansiveness of the projection, see [35].
Add and subtract within the second norm α∇ft(xt, σt(xt))
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and apply the triangle inequality to rewrite (14) as∥∥xt+1 − x⋆
t+1

∥∥ ≤ (1− δ) ∥xt − x⋆
t ∥

+ δ ∥xt − α∇ft(xt, σt(xt))− (x⋆
t − αft(x

⋆
t , σt(x

⋆
t )))∥

+ δα ∥dt −∇ft(xt, σt(xt))∥+ ζt
(a)

≤ (1− δµα) ∥xt − x⋆
t ∥+ δα ∥dt −∇ft(xt, σt(xt))∥+ ζt,

where (a) uses [1, Lemma 3]. Add and subtract into the second
norm ∇ϕt(xt)1

1
N

∑N
i=1 ∇2fi,t(xi,t, si,t), and rearrange as∥∥xt+1 − x⋆

t+1

∥∥ ≤ (1− δµα) ∥xt − x⋆
t ∥

+ δα ∥Gt(xt, st)−∇f(xt)∥

+ δα

∥∥∥∥∥∇ϕt(xt)

(
yt − 1

1

N

N∑
i=1

∇2fi,t(xi,t, si,t)

)∥∥∥∥∥+ ζt

(a)
= (1− δµα) ∥xt − x⋆

t ∥+ δα ∥Gt(xt, st)−∇ft(xt, σt(xt))∥
+ δα ∥∇ϕt(xt) (yt − 1ȳt)∥+ ζt, (15)

where in (a) we use (8b). Consider the term ∥Gt(xt, st) −
∇ft(xt, σt(xt))∥. The definition of Gt and (8a) give

∥Gt(xt, st)−∇ft(xt, σt(xt))∥

= ∥Gt(xt, st)−∇ft(xt, s̄t)∥
(a)

≤ L1 ∥st − 1s̄t∥ , (16)

where (a) uses the Lipschitz continuity of Gt (cf. Assump-
tion 3). The proof follows by (15), (16), and ∥∇ϕt(x)∥ ≤ L3

for all x ∈ Rn (which is derived from Assumption 3). □

B. Proof of Lemma 2

We can use (4b) to write

∥xt+1 − xt∥ = ∥xt + δ(x̃t − xt)− xt∥

= δ ∥x̃t − xt∥
(a)
= δ ∥PXt

[xt − αdt]− xt∥ ,

where in (a) we have used the update (4a). By adding the null
quantity (PXt [x

⋆
t − α∇ft(x

⋆
t , σt(x

⋆
t ))]− x⋆

t ) within the norm
and applying the triangle inequality, we get

∥xt+1 − xt∥
≤ δ ∥PXt

[xt − αdt]− PXt
[x⋆

t − α∇ft(x
⋆
t , σt(x

⋆
t ))]∥

+ δ ∥xt − x⋆
t ∥

(a)

≤ 2δ ∥xt − x⋆
t ∥+ δα ∥dt −∇ft(x

⋆
t , σt(x

⋆
t ))∥ ,

where in (a) we use a projection property and the triangle
inequality. We add and subtract within the norm the term
∇ϕt(xt)1

∑N
i=1 ∇2fi,t(xi,t, si,t) and use the expression of dt

and Gt and the triangle inequality to write

∥xt+1 − xt∥ ≤ 2δ ∥xt − x⋆
t ∥

+ δα ∥Gt(xt, st)−∇ft(x
⋆
t , σt(x

⋆
t ))∥

+ δα

∥∥∥∥∥∇ϕt(xt)

(
yt − 1

N∑
i=1

∇2fi,t(xi,t, si,t)

)∥∥∥∥∥
(a)
= 2δ ∥xt − x⋆

t ∥+ δα ∥Gt(xt, st)−∇ft(x
⋆
t , σt(x

⋆
t ))∥

+ δαL3 ∥yt − 1ȳt∥ , (17)

where in (a) we use (8b) and ∥∇ϕt(x)∥ ≤ L3. The definition
of Gt and its Lipschitz continuity (cf. Assumption 3) imply

∥Gt(xt, st)−∇ft(x
⋆
t , σt(x

⋆
t ))∥

≤ L1 ∥xt − x⋆
t ∥+ L1 ∥st − 1σt(x

⋆
t )∥ . (18)

By combining (17) with (18), we get

∥xt+1 − xt∥ ≤ δ(2 + αL1) ∥xt − x⋆
t ∥+ δαL1 ∥st − 1σt(x

⋆
t )∥

+ δαL3 ∥yt − 1ȳt∥
(a)

≤ δ(2 + αL1) ∥xt − x⋆
t ∥+ δαL1 ∥st − 1s̄t∥

+ δαL1 ∥1s̄t − 1σt(x
⋆
t )∥+ δαL3 ∥yt − 1ȳt∥ , (19)

where in (a) we add and subtract 1s̄t and we apply the triangle
inequality. Now, consider the term ∥1s̄t − 1σt(x

⋆
t )∥. By using

the definition of σt and the Lipschitz continuity of ϕi,t (cf.
Assumption 3), it can be seen that (see also [1]) ,

∥1s̄t − 1σt(x
⋆
t )∥ ≤ L3 ∥xt − x⋆

t ∥ . (20)

By combining the results (19) and (20), the proof is given.□

C. Proof of Lemma 3

By applying (4c) and (7a), we can write

∥st+1 − 1s̄t+1∥ =
∥∥∥Ast − 1s̄t + Ĩ(ϕt+1(xt+1)− ϕt(xt))

∥∥∥
(a)

≤
∥∥∥(A− 11⊤

N

)
(st − 1s̄t)

∥∥∥+ ∥∥∥Ĩ(ϕt+1(xt+1)− ϕt(xt))
∥∥∥ ,

where (a) applies the triangle inequality, introduces Ĩ := I −
11⊤

N , and uses the fact that 1 ∈ ker
(
A− 11⊤

N

)
. Now, we add

and subtract within the second norm the term ϕt+1(xt) and
we apply the triangle inequality obtaining

∥st+1 − 1s̄t+1∥ ≤
∥∥∥(A− 11⊤

N

)
(st − 1s̄t)

∥∥∥
+
∥∥∥Ĩ(ϕt+1(xt+1)− ϕt+1(xt))

∥∥∥+ ∥∥∥Ĩ(ϕt+1(xt)− ϕt(xt))
∥∥∥

(a)

≤ Λ ∥st − 1s̄t∥+ L3 ∥xt+1 − xt∥+ ωt,

where in (a) we use the maximum eigenvalue Λ of the matrix
A− 11⊤

N , Assumption 3, ωt (cf (6b)), and
∥∥∥Ĩ∥∥∥ = 1. By using

Lemma 2 to bound ∥xt+1 − xt∥, the proof follows. □

D. Proof of Lemma 4

We use (4d) and (7b) to write

∥yt+1 − 1ȳt+1∥ ≤ ∥Ayt − ȳt∥
+
∥∥∥(I − 11⊤

N

)
(∇2ft+1(xt+1, st+1)−∇2ft+1(xt, st))

∥∥∥
(a)

≤
∥∥∥(A− 11⊤

N

)
(yt − 1ȳt)

∥∥∥
+
∥∥∥(I − 11⊤

N

)
(∇2ft+1(xt+1, st+1)−∇2ft+1(xt, st))

∥∥∥
+
∥∥∥(I − 11⊤

N

)
(∇2ft+1(xt, st)−∇2ft(xt, st))

∥∥∥ ,
where (a) uses 1 ∈ ker(A − 11⊤

N ) and applies the triangle
inequality after adding and subtracting (I− 11⊤

N )∇2ft+1(xt, st)
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within the norm. By using the maximum eigenvalue Λ of
A− 11⊤

N , Assumption 3, and ηt (cf. (6a)), we get

∥yt+1 − 1ȳt+1∥
≤ Λ ∥yt − 1ȳt∥+ L2 ∥xt+1 − xt∥+L2 ∥st+1 − st∥+ηt,

Now, we can use (4d) to get

∥yt+1 − 1ȳt+1∥ ≤ Λ ∥yt − 1ȳt∥+ L2 ∥xt+1 − xt∥
+ L2 ∥(A− I)st + ϕt+1(xt+1)− ϕt(xt)∥+ ηt

(a)

≤ Λ ∥yt − 1ȳt∥+ L2 ∥xt+1 − xt∥+ L2 ∥(A− I)(st − 1s̄t)∥
+ L2 ∥ϕt+1(xt+1)− ϕt(xt)∥+ ηt,

where in (a) we apply the triangle inequality and the fact that
1 ∈ ker

(
A− 11⊤

N

)
. We add and subtract within the norm the

term ϕt+1(xt) and apply the triangle inequality, obtaining

∥yt+1 − 1ȳt+1∥ ≤ Λ ∥yt − 1ȳt∥+ L2 ∥xt+1 − xt∥
+ L2 ∥(A− I)(st − 1s̄t)∥+ L2 ∥ϕt+1(xt+1)− ϕt+1(xt)∥
+ L2 ∥ϕt+1(xt)− ϕt(xt)∥+ ηt

(a)

≤ ρ ∥yt − 1ȳt∥+ L2 ∥xt+1 − xt∥+ L2 ∥(A− I)(st − 1s̄t)∥
+ L2L3 ∥xt+1 − xt∥+ L2ωt + ηt,

where (a) uses Assumption 3 and ωt (cf. (6b)). The proof
follows by ∥A− I∥ ≤ 2, and by applying Lemma 2. □

E. Proof of Theorem 1

Let us introduce ut to denote ut := COL(ζt, ηt, ωt). Then,
by combining Lemma 1, 3, and 4, we bound the evolution of
zt (defined in (5)) through the following dynamical system

zt+1 ≤ M(δ)zt +But, (21)

in which

M(δ) := M0 + δE, B :=

1 0 0
0 1 1
0 1 L2

 ,

where

M0 :=

1 0 0
0 Λ 0
0 2L2 Λ

 , E :=

−µα αL1 αL3

E21 αL1L3 αL2
3

E31 E32 E33

 ,

with E21 := 2L3 + αL1L3 + αL1L
2
3, E31 := (2 + αL1 +

αL1)(L2 + L2L3), E32 := αL1(L2 + L2L3), and E33 :=
αL3(L2 + L2L3). Being M0 triangular, its spectral radius is
1 since Λ ∈ (0, 1) as implied by Assumption 1. Denote by
χ(δ) the eigenvalues of M(δ) as a function of δ. Call v and
w respectively the right and left eigenvectors of A0 associated
to 1. Then, v =

[
1 0 0

]⊤
, w =

[
1 0 0

]⊤
. Being 1 a

simple eigenvalue of M(0), from [36, Theorem 6.3.12] it holds

dχ(δ)

dδ

∣∣∣∣
χ=1,δ=0

=
w⊤Ev

w⊤v
= −µα < 0.

Then, by continuity of eigenvalues with respect to the matrix
entries, there exists δ̄ > 0 so that ρmax(M(δ)) < 1 for any
δ ∈ (0, δ̄). From now on we will omit the dependency of M

and its eigenvalues from δ. Since zt ≥ 0 for all t, and M and
But have only non-negative entries, one can use (21) to write

zt ≤ M tz0 +

t−1∑
k=0

MkBuk. (22)

Pick θ ∈ (0, 1−ρmax(M)) and define ρ̃ ≜ ρmax(M)+ θ. Then,
by [36, Lemma 5.6.10], there exists a matrix norm2, which
we denote as ∥ · ∥θ, such that ∥M∥θ ≤ ρmax(M) + θ < 1.
Moreover, by applying [36, Theorem 5.7.13], there exists a
vector norm, which we denote by ∥ · ∥θ, which is compatible
with the corresponding matrix norm, i.e., such that ∥Mv∥θ ≤
∥M∥θ∥v∥θ for any matrix M ∈ R3×3 and v ∈ R3. Using this
fact, we use the norm ∥ ·∥θ on both sides of (22) and we apply
the triangle inequality to get

∥zt∥θ ≤
∥∥M tz0

∥∥
θ
+

∥∥∥∥∥
t−1∑
k=0

MkBut−k−1

∥∥∥∥∥
θ

≤ ρ̃t ∥z0∥θ +
t−1∑
k=0

ρ̃k ∥But−k−1∥θ . (23)

Being ∇ft Lipschitz continuous (cf. Assumption 3), it holds

ft(xt, σt(xt))− ft(x
⋆
t , σt(x

⋆
t )) ≤

L1

2
∥xt − x⋆

t ∥2

(a)

≤ L1

2
∥zt∥2, (24)

where in (a) uses the fact that ∥xt − x⋆
t ∥ is a component of zt.

Recalling that all norms are equivalent on finite-dimensional
vector spaces, there always exist λ1 > 0 and λ2 > 0 such
that ∥·∥ ≤ λ1 ∥·∥θ and ∥·∥θ ≤ λ2 ∥·∥. Thus, by exploiting
the square norm and combining the results (23) with the
equivalence of the norms, we can bound (24) as

ft(xt, σt(xt))− ft(x
⋆
t , σt(x

⋆
t )) ≤

L1λ
2
1

2

(
ρ̃2t ∥z0∥2θ

+ 2ρ̃t ∥z0∥θ
t−1∑
k=0

ρ̃k ∥But−k−1∥θ +
t−1∑
k=0

ρ̃2k ∥But−k−1∥2θ
)
,

which, combined with the definitions of RT (cf. (3)), UT , and
QT (cf. (11)), and the equivalence of the norms, leads to

RT ≤ L1λ
2

2

(
T∑

t=1

ρ̃2t ∥z0∥+ 2 ∥z0∥UT +QT

)

(a)

≤ L1λ
2

2

(
∥z0∥2
1− ρ̃2

+ 2 ∥z0∥UT +QT

)
, (25)

where λ = λ1λ2 and (a) uses the geometric series property.
As regards the result (12), we use (14) to write

dist(xt+1, Xt+1) = dist(xt + δ(x̃t − xt), Xt+1)

(a)

≤ dist(xt + δ(x̃t − xt), Xt) + γt, (26)

where in (a) we add and subtract the term dist(xt + δ(x̃t −
xt), Xt) and we introduce γt (cf. (6c)). Now, we recall that

dist(xt + δ(x̃t − xt), Xt) = min
y∈Xt

∥xt + δ(x̃t − xt)− y∥ .

2An expression of ∥ · ∥θ can be found in the proof of [36, Lemma 5.6.10].
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Thus, by adding and subtracting within the norm the term
(1− δ)vt with vt ∈ Xt so that ∥xt − vt∥ = dist(xt, Xt), we
can use the triangle inequality and the definition of min to get

dist(xt + δ(x̃t − xt), Xt)

≤ (1− δ) ∥xt − vt∥+ min
y∈Xt

∥vt + δ(x̃t − vt)− y∥

= (1− δ)dist(xt, Xt) + dist(vt + δ(x̃t − vt), Xt),

which allows us to rewrite (26) as

dist(xt+1, Xt+1) ≤ (1− δ)dist(xt, Xt)

+ dist(vt + δ(x̃t − vt), Xt) + γt. (27)

Notice that vt, x̃t ∈ Xt and 0 < δ < 1, then vt + δ(x̃t − vt) ∈
Xt and the second term of (27) is null and (27) becomes

dist(xt+1, Xt+1) ≤ (1− δ)dist(xt, Xt) + γt. (28)

Both members of (28) are always positive, then (28) leads to

dist(xt, Xt) ≤ (1− δ)tdist(x0, X0) +

t−1∑
k=0

(1− δ)kγt−k−1.

By summing the latter for t = 1 up to t = T and using the
geometric series property the proof follows. □

F. Proof of Corollary 1
Here, for all t ≥ 0, it holds ut ≡ 0 and x⋆

t = x⋆. By
the same arguments of Theorem 1, we use the Lipschitz
continuity of ∇ft (cf. Assumption 3), (23) with ut ≡ 0,
and the equivalence of the norms to get f(xt, σ(xt)) −
f(x⋆, σ(x⋆)) ≤ ρ̃2t

L1λ
2
1

2

∥∥z0∥∥2
θ
. The proof follows by using

again the equivalence of the norms and setting λ := λ1λ2. □
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