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Abstract—In this paper, we address the problem of steering a
team of agents under stochastic linear dynamics to prescribed
final state means and covariances. The agents operate in a
common environment where inter-agent constraints may also
be present. In order for our method to be scalable to largescale systems and computationally efficient, we approach the
problem in a distributed control framework using the Alternating Direction Method of Multipliers (ADMM). Each agent
solves its own covariance steering problem in parallel, while
additional copy variables for its closest neighbors are introduced
to ensure that the inter-agent constraints will be satisfied. The
inclusion of these additional variables creates a requirement for
consensus between original and copy variables that involve the
same agent. For this reason, we employ a variation of ADMM
for consensus optimization. Simulation results on multi-vehicle
systems under uncertainty with collision avoidance constraints
illustrate the effectiveness of our algorithm. The substantially
improved scalability of our distributed approach with respect to
the number of agents is also demonstrated, in comparison with
an equivalent centralized scheme.

I. I NTRODUCTION
Multi-agent control is a discipline with applications in
several fields of robotics, such as the formation of swarms of
drones [28], convoys of autonomous vehicles [30], coverage
control [20] and multi-robot coordination [22], to name but
a few. In such problems, the members of the multi-agent
system have to work in unison to complete specific tasks while
operating safely in a common environment. These are challenging problems, especially when the agents operate under
uncertainty. Having probabilistic guarantees on the stochastic
state trajectories of such agents is imperative to ensure their
safe operation and optimal performance. Toward that goal,
we leverage recent results in covariance steering to address
the problem of guiding a team of agents to prescribed goal
state distributions while satisfying probabilistic inter-agent
constraints.
In contrast with standard LQG control where the final state
covariance is indirectly controlled, covariance steering [17]
aims at driving the final state mean and covariance to specific
prescribed targets. While the first contributions [15, 17, 33]
in the area focused on the steady-state (infinite-horizon) covariance control problem, recently, covariance steering has
also been formulated in a finite-horizon control setting, under
continuous [2, 10, 11, 12, 16] and discrete-time [3, 4, 7, 8]
linear dynamics, as well as for systems with partial state
information [5, 18, 27] and nonlinear dynamics [26, 31, 34].

N (µi,0 , Σi,0 )

N (µi,f , Σi,f )

Fig. 1: The problem of steering a team of agents under
stochastic dynamics from their initial Gaussian distributions
to prescribed final ones.

Several successful applications of covariance control can be
found in robotics [21], aerospace engineering [25], etc.
Covariance steering essentially provides an upper bound
on the uncertainty of the final state. This attribute makes it
very appealing for problems where safety guarantees have to
be established. For instance, consider the scenario of driving
multiple agents from an initial formation to a desired one.
In this case, it is critical that the final positions of the
agents will be within a maximum specific distance from their
target positions with a prescribed probability while avoiding
collisions.
Solving the covariance steering problem for discrete-time
linear systems scales significantly with the number of states,
control inputs, and time steps [4]. Therefore, attempting to
deal with the multi-agent covariance steering problem in a centralized fashion can prove to be computationally demanding,
especially as the number of agents increases. Consequently,
it is of paramount importance to come up with an approach
that will be computationally efficient and that will scale well
with the increase of agents. For this reason, we address
the problem in a distributed control framework using the
Alternating Direction Method of Multipliers (ADMM).

ADMM is a powerful optimization method [9] suitable for
distributed optimization and control. There exist some works
that have employed ADMM in multi-agent control problems
[13, 19, 23, 24, 29, 32]. One of the main advantages of several
ADMM variations is that they allow for large-scale multiagent optimization problems to be handled in a decentralized
fashion, yielding significantly faster solutions compared to a
centralized approach. Therefore, we believe that ADMM is
very suitable for multi-agent stochastic optimal control where
the computational effort must be distributed properly between
the available processing units so that we achieve scalability to
large-scale systems.
In this paper, we propose a distributed algorithm for multiagent covariance steering based on a variation of ADMM for
consensus optimization. Our main contribution can be seen
from two perspectives. First, to the best of our knowledge,
the multi-agent covariance steering problem has not been
addressed yet. For the reasons we have stated, we believe
that covariance steering fits well with problems where we
wish to establish probabilistic guarantees for safety and,
therefore, it is suitable for the control of multiple agents
in a common environment. Second, we address the issue of
increased computational complexity incurred by centralized
multi-agent covariance steering. To do so, we use a distributed
optimization architecture based on ADMM that is shown to
be both effective and scalable to a large number of agents.
Although this work specifically addresses covariance steering,
it also indicates the compatibility of the distributed nature of
ADMM with multi-agent stochastic optimal control in general
and can potentially lead to more powerful algorithms for this
class of problems.
The paper is structured as follows. Section II provides an
overview of single-agent covariance steering and ADMM. In
Section III, we formulate the multi-agent covariance control
problem. Our proposed distributed ADMM-based covariance
steering algorithm is presented in Section IV. In Section V,
we demonstrate simulation results that verify the effectiveness
and scalability of our approach. The conclusions of our work
and a discussion for future directions are provided in Section
VI.
II. P RELIMINARIES
In this section, we introduce some prerequisites on covariance steering and ADMM. First, we define the notation that we
follow throughout the paper. Next, we present the single-agent
covariance steering problem for discrete-time stochastic linear
systems and demonstrate how it can be reduced to a convex
semi-definite program (SDP). Finally, we overview ADMM
and one of its variations for addressing consensus optimization
problems in a distributed fashion.
A. Notation
The mean and covariance of a random vector x are denoted
by E[x] and Cov[x], respectively, where Cov[x] := E[(x −
E[x])(x − E[x])> ]. Let Sn be the space of real symmetric
++
n × n matrices, whereas S+
denote the convex
n and Sn

cone of n × n positive semi-definite and positive definite
matrices, respectively. Given a matrix A ∈ Rn×n , its trace
is denoted as tr(A). With diag(a1 , . . . , a` ) ∈ R`×` we denote
the diagonal matrix made up by the scalars ai , i = 1, . . . , `,
while bdiag(A1 , . . . , A` ) is the block diagonal matrix made
up by the matrices Ai , i = 1, . . . , `. Given a sequence of
vectors X = {x(t) : t = 1, . . . , m}, we denote the vertical
concatenation of its vectors as vertcat(X ). We also denote
the cardinality of X as |X |, where |X | = m.PFinally, we
n
define the `2 -norm of a vector x ∈ Rn as kxk22 = i=1 xi (t)2 .
B. Single-Agent Covariance Steering
The goal of covariance steering is to find a feedback control
policy that will steer the uncertain state from a given initial
mean and covariance to prescribed terminal ones. Here, we
show how to formulate the latter problem for linear dynamics
subject to white Gaussian process noise as a convex semidefinite program.
1) Problem Formulation: Consider the following discretetime stochastic linear system:
x(t + 1) = A(t)x(t) + B(t)u(t) + w(t),
x(0) = x0 ,

x0 ∼ N (µ0 , Σ0 ),

(1a)
(1b)

for t = 0, . . . , T − 1, where w(t) ∼ N (0, Wt ) is the process
noise, µ0 ∈ Rn and Σ0 ∈ S++
are given and Wt ∈ S+
n
n . This
system yields a random state process X0:t = {x(τ ) ∈ Rn :
τ = 0, . . . , t}, for t = 0, . . . , T , that depends on the control
input process U0:t−1 = {u(τ ) : τ = 0, . . . , t − 1}, the noise
process W0:t−1 = {w(τ ) : τ = 0, . . . , t − 1}, and the initial
(random) state x0 .
In addition, consider admissible control policies $ :=
{π(t, ·) : t = 0, . . . , T − 1} that are affine functions of the
elements of the uncertain state process:
π(t, X0:t ) = v(t) +

t
X

K(t, τ )x(τ ),

(2)

τ =0

where v(t) ∈ Rm and K(t, τ ) ∈ Rm×n for all τ = 0, . . . , T −
1. The admissible control policies are completely defined by
the sequence of vectors V = {v(t) : t = 0, . . . , T −1} and the
collection of matrix gains K = {K(t, τ ) : t, τ = 0, . . . , T −
1, t ≥ τ }.
Among all admissible control policies $ = $(V , K ), we
seek the sequences V and K that minimize the following
performance index:
J(V , K ) =

T
−1
X

h
i
E u(t)> u(t)

(3)

t=0

subject to the dynamic constraints (1a) and the boundary
conditions
E[x(0)] = µ0 ,
E[x(T )] = µf ,

Cov[x(0)] = Σ0 ,

Σf − Cov[x(T )] ∈ S+
n.

(4a)
(4b)

The performance index (3) ensures that the goal will be
reached without excessive actuation, while the positive semidefinite terminal constraint (4b) is a relaxation of the nonconvex equality constraint Cov[x(T )] = Σf that sets an upper
bound on the uncertainty with which the terminal mean, µf ,
will be reached [4, 6].
2) Reduction to a Convex Semi-Definite Program: The
above covariance steering problem can be reduced to and
solved as a convex SDP (for details, see [4, 6]). First, the
discrete-time dynamics (1a) are compactly written as:
x = G0 x0 + Gu u + Gw w,

(5)

where x = vertcat(X0:T ) ∈ R(T +1)n , u =
vertcat(U0:T −1 ) ∈ RT m , and w = vertcat(W0:T −1 ) ∈ RT n .
In addition, G0 , Gu , and Gw are defined as follows:

>
G0 := I Φ(1, 0)> · · · Φ(T, 0)> ,


0
0
...
0


B(0)
0
···
0


 Φ(2, 1)B(0)

B(1)
···
0
Gu := 
,


..
..
.
.
.
.


.
.
.
.
Φ(T, 1)B(0)

0
 I


Gw :=  Φ(2, 1)
 ..
 .
Φ(T, 1)

Φ(T, 2)B(1) · · ·

0
... 0
0
· · · 0

I
· · · 0
,
..
.. 
..
.
.
.
···

Φ(T, 2)

B(T −1)

I

where Φ(k, m) = A(k − 1) · · · A(m) and Φ(k, k) = I, for
k ≥ m. In view of (2), an admissible control sequence can be
written as:
u = v + Kx

where
f(ν, L) : = T0 µ0 + Gu ν,
g(ν, L) : =

(9a)

>
> >
T0 (Σ0 + µ0 µ>
0 )T0 + T0 µ0 ν Gu
>
> >
+ Gu νµ>
0 T0 + Gu νν Gu
>
+ Tw WTw ,

(9b)

with T0 := (I + Gu L)G0 , and Tw := (I + Gu L)Gw .
In addition, x(t) can be extracted from x with x(t) =
Pt+1 x where Pt+1 ∈ Rn×(T +1)n is a block matrix whose
blocks are all equal to the zero matrix except from the (t + 1)th one which is equal to the n × n identity matrix.
As a result, the terminal mean and covariance constraints
can be expressed as:

F (ν, L) := PT f(ν, L) − µf = 0
>
+
G (ν, L) := Σf + µf µ>
f − PT g(ν, L)PT ∈ Sn

(10a)
(10b)

Now, the covariance steering problem can be formulated
as follows: find a pair (ν, L) that minimizes the performance
index (7) subject to the equality constraint (10a) and the semidefinite constraint (10b). The above is a convex semi-definite
program and can be solved efficiently using any available conic
solver. Note that the semi-definite constraint (10b) can be
converted to a linear matrix inequality (LMI) convex constraint
using the Schur complement.
The variables of interest, namely v and K, can be computed
from the optimal solution (ν ∗ , L∗ ) by inverting the transformation (6):
−1

K := (I + LGu )

L,

−1

v := (I + LGu )

ν

(11)

where (I + LGu ) is also well defined, i.e. invertible.
C. Alternating Direction Method of Multipliers (ADMM)

where v := vertcat(V ) and

K(0, 0)
0
 K(1, 0)
K(1,
1)

K := 
..
..

.
.

1) Classical ADMM: In the standard ADMM formulation
 [9], we have a separable objective function with respect to
...
0
0
two variables x ∈ Rn and z ∈ Rm and a linear coupling
...
0
0
 constraint between them. The optimization problem has the
..
..  .
..
.
.
.  following form:
K(T −1, 0) K(T −1, 1) . . . K(T −1, T −1) 0
min f (x) + g(z) s.t. Ax + Bz = c
(12)
x,z
In order to formulate a convex program, we need to define
the decision variables L and ν:
where f : Rn → R, g : Rm → R, A ∈ Rp×n , B ∈ Rp×m and
c ∈ Rp . The augmented Lagrangian (AL) for problem (12) is:
−1
L := K(I − Gu K) , ν := (I + LGu ) v
(6)
Lρ (x, z, y) = f (x) + g(z) + y > (Ax + Bz − c)
where L is a block lower-triangular matrix and (I − Gu K) is
ρ
well defined, as explained in [4].
+ kAx + Bz − ck22
2
The performance index (3) can now be written with respect
p
where
y
∈
R
is
the
dual variable and ρ > 0 is the penalty
to the new decision variables as:
parameter. The classical ADMM algorithm consists of the
> >
J (ν, L) := tr LG0 (Σ0 + µ0 µ>
following sequential updates for the primal and dual variables:
0 )G0 L

>
>
> >
+ 2LG0 µ0 ν + νν + LGw WGw L
(7)
xk+1 := arg min Lρ (x, z k , y k )
x
where W := bdiag(W0 , . . . , WT −1 ). The mean and covarik+1
z
:=
arg
min Lρ (xk+1 , z, y k )
ance of the random vector x are given by:
z
E[x] = f(ν, L),

Cov[x] = g(ν, L)

(8)

y k+1 := y k + ρ(Axk+1 + Bz k+1 − c).

The problem formulation (12) can be extended to a multiblock variation with N optimization variables x1 , . . . , xN ,
obtaining the following form:
N
X

min

x1 ,...,xN

fi (xi ) s.t.

i=1

N
X

Ai xi = b

(13)

FORMULATION

xk+1
:= arg min Lρ (x1 , xk2 , . . . , xkN , y k )
1
x1

...
k
xk+1
:= arg min Lρ (xk+1
, . . . , xk+1
1
N
N −1 , xN , y )
N

ρ X
Ai xk+1
−b .
:= y +
i
2 i=1
k

2) Consensus ADMM: Next, we present an ADMM variation for general form consensus optimization problems [9].
Let us consider a set of local optimization variables xi ∈
Rni , i = 1, . . . , N and the following problem where the
objective function is separable with respect to xi :
min

N
X

x1 ,...,xN

fi (xi )

(14)

i=1

where fi : Rni → R ∪{+∞}. Constraints can be incorporated
in each term by assigning the value fi (xi ) = +∞ when a
constraint is violated. Let us also define the global variable
z ∈ Rn with n ≥ ni , ∀i = 1, . . . , N . Each local variable xi
corresponds to a specific selection of components of the global
variable z. In other words, each local variable component
(xi )j corresponds to a component zg of z. By expressing this
linking with the mapping g = G(i, j), the occurring consensus
constraints can be written as:
(xi )j = zG(i,j) , j = 1, . . . , ni , i = 1, . . . , N.
Let us now also define z̃i ∈ Rni , with (z̃i )j = zG(i,j) .
Essentially, z̃i expresses the global variable’s idea of what
the local variable xi should be. The optimization problem can
now be expressed in the following general consensus form:
min

N
X

fi (xi )

(15a)

s.t. xi − z̃i = 0, i = 1, . . . , N.

(15b)

x1 ,...,xN

i=1

By formulating the AL for (15), the following ADMM
algorithm can be derived:


ρ
k>
k 2
xk+1
:=
arg
min
f
(x
)
+
y
x
+
kx
−
z̃
k
(16a)
i
i
i
i
i
i 2
i
2
xi

1
1 X  k+1
zgk+1 :=
(xi )j + (yik )j
(16b)
kg
ρ
g=G(i,j)

yik+1 := yik + ρ(xk+1
− z̃ik+1 )
i

In this section, we present our formulation for the multiagent covariance control problem. Our goal is to steer a
team of agents under stochastic linear dynamics to prescribed
final state means and covariances while minimizing their
control effort and taking into account additional inter-agent
constraints.
A. Problem Setup

xN

y

III. M ULTI - AGENT COVARIANCE STEERING PROBLEM

i=1

with xi ∈ Rni , fi : Rni → R, Ai ∈ Rm×ni and b ∈ Rm .
The resulting multi-block ADMM algorithm consists of the
following sequential updates:

k+1

where kg is the number of local variable entries that correspond to the global variable entry zg . Note that the primal
(16a) and dual (16c) updates can be carried out in parallel by
each processing element i.

(16c)

We consider a team of N agents. Each agent i = 1, . . . , N
has a set of neighbors Ni . We denote the number of neighbors
of each agent with mi , i.e. |Ni | = mi . We can allow for each
agent to have a different number of neighbors. Therefore, our
approach is flexible in terms of how one defines each agent’s
vicinity. Moreover, if agent i considers agent j as a neighbor, it
is not necessary that agent j should consider i as its neighbor
as well. In other words, we do not require that j ∈ Ni ⇔
i ∈ Nj . Here, we assume that the sets Ni , i = 1, . . . , N are
fixed throughout the time horizon t = 0, . . . , T . Further, we
define the set of agents that contain agent i as a neighbor with
Pi = {j : i ∈ Nj }. In terms of communication requirements,
we only assume that each agent should be able to communicate
with the agents belonging in Ni ∪ Pi .
B. Agent Dynamics, Cost and Constraints
Each agent i is subject to the following discrete-time linear
stochastic dynamics:
xi (t + 1) = Ai (t)xi (t) + Bi (t)ui (t) + wi (t),
xi (0) = xi,0 ,

xi,0 ∼ N (µi,0 , Σi,0 ).

(17a)
(17b)

Our goal is to propagate the team of agents from a set of
initial state Gaussian distributions xi,0 ∼ N (µi,0 , Σi,0 ), i =
1, . . . , N to a set of prescribed final ones xi,f ∼
N (µi,f , Σi,f ), i = 1, . . . , N while minimizing the expected
value of the control effort of each agent. Therefore, similar to
(3), the objective function of each agent is formulated as:
Ji (Vi , Ki ) =

T
−1
X

h
i
E ui (t)> ui (t) .

(18)

t=0

The terminal constraints on the final state mean and covariance
of each agent are also expressed similar to (4b) as:

E[xi (T )] = µi,f ,
Σi,f − Cov[xi (T )] ∈ S+
(19)
n.
In a multi-agent control setting, it is critical to also account
for inter-agent constraints. We can incorporate a variety of
constraints that can include the mean and the covariance of
the state of each agent. In general, we formulate the interagent constraints between a pair of agents (i, j) as:
Dij (E[xi (t)], E[xj (t)], Cov[xi (t)], Cov[xj (t)]) ≤ 0.

(20)

One example could be collision avoidance constraints between
the mean positions of the agents. Alternatively, one could place
a lower bound on the expected value of the distance (which
depends on both the means and the covariances) between the
agents. Another inter-agent constraint could be to enforce a
team of agents to remain in a circle of a given radius with
a virtual agent center, in order to maintain communication
connectivity.
C. Centralized Multi-Agent Covariance Steering Problem
We will now formulate the multi-agent covariance steering problem in its centralized version. The problem can be
expressed as follows: compute the control policy variables
(Vi , Ki ) for all agents i = 1, . . . , N that solve:
min

N
X

Ji (Vi , Ki ) =

N T
−1
X
X

h
i
E ui (t)> ui (t)

Σi,f

i = 1, . . . , N

− Cov[xi (T )] ∈ S+
i = 1, . . . , N
n,

(21b)
(21c)

Dij (E[xi (t)], E[xj (t)], Cov[xi (t)], Cov[xj (t)]) ≤ 0
j ∈ Ni , i = 1, . . . , N.


(i)
ν̃i = vertcat νi , {νj }j∈Ni ,

(i)
L̃i = vertcat Li , {Lj }j∈Ni

(21a)

i=1 t=0

i=1

s.t. E[xi (T )] = µi,f ,

neighbors. If we do not enforce this consensus, then two
neighboring agents may compute control policies that are not
in agreement with each other, causing significant difficulties.
For instance, imagine a multi-vehicle scenario where agent i
has decided for itself to move and for agent j to stop, while
agent j has decided for itself to move and for its neighbor
i to stop. In the absence of consensus, this would result
to an undesirable collision. Such issues can be resolved by
incorporating consensus constraints.
Our proposed strategy is to enforce this consensus through
the control policy decision variables (6) of each agent. We also
define the augmented decision variables:

(21d)

In this section, we propose our new distributed covariance
steering method based on ADMM for consensus optimization.

(24b)

where (νi , Li ) correspond to the actual policy that agent i will
(i)
(i)
apply for itself, while (νj , Lj ) are copy decision variables
calculated by agent i for its neighbors so that the inter-agent
constraints will be satisfied. Note that through the expressions
(8), the inter-agent constraints (23) can now be written as:

Note that the inter-agent constraints only involve the neighbors
of each agent i.
IV. D ISTRIBUTED C OVARIANCE S TEERING WITH
C ONSENSUS ADMM

(24a)

Di (ν̃i , L̃i ) ≤ 0,

i = 1, . . . , N.

(25)

Let us now define the global variables z and W which
contain the decision variables νi and Li , respectively, of all
N agents:

z = vertcat ν1 , . . . , νN ,


W = vertcat L1 , . . . , LN .

A. Transformation to General Consensus Problem
In order for each agent to be capable of handling inter-agent
constraints, it will need to also contain information about its
neighbors j ∈ Ni . Therefore, for each agent i, we define the
augmented state and control vectors x̃i (t) and ũi (t) as:

(i)
x̃i (t) = vertcat xi (t), {xj (t)}j∈Ni
(22a)

(i)
ũi (t) = vertcat ui (t), {uj (t)}j∈Ni
(22b)
(i)

(i)

where xj (t) and uj (t) are copy variables computed by agent
i for agent j. In the distributed control setting, the actual
variables xj (t), uj (t) of agent j will be different from the
copy variables of agent i concerning agent j, since the control
executed by agent j is based on its own neighbors, measurements and control computations. The inter-agent constraints
(21d) can now be written from each agent’s perspective as:
(i)

(i)

Dij (E[xi (t)], E[xj (t)], Cov[xi (t)], Cov[xj (t)]) ≤ 0

Each local variable ν̃i and L̃i will consist of a selection of
the components of the global variables z and W, respectively.
Let g = G(i, j) be the mapping from local variable indices
i = 1, . . . , N, j ∈ {i ∪ Ni } to a global variable index
(i)
(i)
g = 1, . . . , N , i.e. the local variable component νj (or Lj )
corresponds to the global variable component zg (or Wg ).
Therefore, the consensus constraints can be expressed as:
(i)

j ∈ {i ∪ Ni }, i = 1, . . . , N

(26a)

(i)

j ∈ {i ∪ Ni }, i = 1, . . . , N.

(26b)

νj = zG(i,j) ,
Lj = WG(i,j) ,

By using the notation (24), the consensus constraints (26) can
be written in a more compact form as:
ν̃i − z̃i = 0,

i = 1, . . . , N

(27a)

L̃i − W̃i = 0,

i = 1, . . . , N

(27b)

j ∈ Ni , i = 1, . . . , N
or more compactly with respect to the local variables x̃i (t) as:
Di (E[x̃i (t)], Cov[x̃i (t)]) ≤ 0,

i = 1, . . . , N.

(23)

The inclusion of the copy variables makes it necessary to
enforce a consensus between the copy variables that each
agent uses for its neighbors and the original variables of its

where z̃i and W̃i are defined with (z̃i )j = zG(i,j) and
(W̃i )j = WG(i,j) respectively. The connection between the
local and global variable components is illustrated in Fig. 2
for a particular 4-agent example.
Therefore, we can now reformulate the multi-agent covariance steering problem (21) to a general consensus optimization
problem where we wish to compute the optimal local agent

Local Variables

as follows:
N 
X

>
Lρ =
Jˆi (ν̃i , L̃i ) + λ>
i (ν̃i − z̃i ) + tr Mi (L̃i − W̃i )

Global Variables
ν̃1 , L̃1

i=1

z1 , W1
ν̃2 , L̃2

µ
ρ
+ kν̃i − z̃i k22 + kL̃i − W̃i k22
2
2

where λi and Mi are the dual variables that correspond to
the consensus constraints (27a) and (27b), respectively, and
ρ and µ are the penalty parameters. Given the AL, we can
now derive the following ADMM algorithm consisting of the
updates:

>
>
{ν̃i , L̃i }l+1 = arg min Jˆi (ν̃i , L̃i ) + λli ν̃i + tr(Mli L̃i )

z2 , W2
z3 , W3

ν̃3 , L̃3



z4 , W4

ν̃i ,L̃i

ν̃4 , L̃4
Fig. 2: The connections (consensus constraints) between the
local variable of each agent and the global variable components. In this figure, we demonstrate a 4-agent example with
N1 = {2}, N2 = {1, 3}, N3 = {2, 4}, N4 = {3}.


µ
ρ
+ kν̃i − z̃il k22 + kL̃i − W̃il k22
2
2

1 X  l+1
1
l+1
zg =
(ν̃i )j + (λli )j
kg
ρ
g=G(i,j)


1
1 X
l
(L̃l+1
)
+
(M
)
Wgl+1 =
j
j
i
i
kg
µ

(30b)

λl+1
= λli + ρ(ν̃il+1 − z̃il+1 )
i

(30d)

(30a)

(30c)

g=G(i,j)

variables ν̃i and L̃i such that:
{ν̃i , L̃i }i=1,...,N = arg min

N
X

Ml+1
i

Ji (νi , Li )

(28a)

i=1

s.t.

Fi (νi , Li ) = 0,
Gi (νi , Li ) ∈ S+
n,

(28b)

Di (ν̃i , L̃i ) ≤ 0,

(28d)

ν̃i − z̃i = 0, L̃i − W̃i = 0,

(28e)

(28c)

i = 1, . . . , N
where for (28a), (28b) and (28c), we are using the notation
introduced through (7) and (10). By defining the indicator
functions IFi (νi , Li ), IGi (νi , Li ) and IDi (ν̃i , L̃i ) which take
a zero value if the constraints (28b), (28c) and (28d) respectively are satisfied and an infinite value if they are violated,
and by formulating the new objective function:
Jˆi (ν̃i , L̃i ) = Ji (νi , Li ) + IF (νi , Li ) + IG (νi , Li )
i

i

+ IDi (ν̃i , L̃i )
the problem (28) can finally be written as:
{ν̃i , L̃i }i=1,...,N = arg min

N
X

Jˆi (ν̃i , L̃i )

(29a)

i=1

s.t. ν̃i − z̃i = 0, L̃i − W̃i = 0,

(29b)

i = 1, . . . , N.
Consequently, we have now transformed the multi-agent covariance steering problem to a general consensus optimization
problem form (15).
B. Distributed Covariance Steering with ADMM
After transforming the initial problem to a consensus optimization one, we can proceed with deriving an ADMM distributed algorithm for solving it. The AL for (29) is formulated

=

Mli

+

µ(L̃l+1
i

−

W̃il+1 )

(30e)

where l indicates the iteration number. Clearly, the primal
(30a) and dual (30d-30e) updates can be executed in parallel
and independently by each agent i. In addition, based on the
assumption that each agent can communicate with the agents
belonging in Ni ∪ Pi , then it can also perform the global variable component updates (30b-30c) that correspond to itself, i.e.
zi and Wi , independently. To achieve this, after the primal
updates, each agent that belongs in Pi must send its local
(primal and dual) variables to agent i. After the global updates,
the neighbors of agent i, i.e. the ones that belong in Ni , must
send the global variable components that they just computed
to agent i so that it can construct the variables z̃i and W̃i .
This parallelizability of the updates (30a-30e) characterizes the
distributed nature of our method. Furthermore, to warmstart
the algorithm, we initialize the global variable components by
solving the single-agent covariance steering problems of every
agent - without copy variables and inter-agent constraints once before initiating the ADMM updates. The dual variables
can be initialized with zero values. The primal update of each
agent i can also be written as:

>
>
{ν̃i , L̃i } = arg min Ji (νi , Li ) + λli ν̃i + Mil L̃i

ρ
µ
+ kν̃i − z̃il k22 + kL̃i − W̃il k22
(31a)
2
2
s.t. Fi (νi , Li ) = 0,
(31b)

Gi (νi , Li ) ∈ S+
n,

(31c)

Di (ν̃i , L̃i ) ≤ 0.

(31d)

This local optimization problem that each agent has to solve
can be seen as the single-agent covariance steering problem
that was initially introduced in Section II but with three fundamental modifications. First, each agent now also optimizes for
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Fig. 3: Case 1. A two-agent scenario that demonstrates the
effectiveness of the inter-agent collision avoidance constraints.
a) After 1st ADMM iteration. b) After 31st ADMM iteration.
c) Sum of consensus constraints residual norms.

the copy variables it contains regarding its neighbors. Second,
through these copy variables, the agent can account for the
satisfaction of inter-agent constraints. Finally, the performance
index now also contains some additional terms for reaching
consensus with the other agents. Moreover, if the constraint
(31d) is convex, then the problem (31) remains a convex SDP.
After the first ADMM iteration, the global updates (30b)
and (30c) can be further simplified [9] to the following form:
zgl+1 =

1
kg

Wgl+1 =

X

(ν̃il+1 )j

X

(L̃l+1
i )j .

g=G(i,j)

Intuitively, one can interpret the global updates as an averaging
between the local variable components that correspond to
zg and Wg . The algorithm terminates when the sum of the

20

25

30

Fig. 4: Case 2. A team of 10 agents reaches a particular
circle formation specified by the prescribed terminal state
distributions. a) The trajectories of the distribution of each
agent. b-d) Snapshots of the distributions of the agents at
time instants t = 4, 6, 8, respectively. e) Sum of consensus
constraints residual norms.

consensus constraints residual norms divided by the number
of all local variable components - so that we get a normalized
criterion irrespective of the number of agents and neighbors gets below a prespecified threshold :

(32a)
(32b)

15

(e)

N 
P

g=G(i,j)

1
kg

10

S=

kν̃i − z̃i k22 + kL̃i − W̃i k22

i=1
N
P


≤ .

(33)

(mi + 1)

i=1

The satisfaction of this criterion indicates that the agents have
reached a sufficient consensus.

V. S IMULATION R ESULTS
We apply our distributed covariance steering method on a
multi-vehicle scenario, where the goal is to propagate each vehicle from an initial state Gaussian distribution to a prescribed
one. The vehicles operate
on
 under double integrator dynamics
>
a plane with xi (t) = xi (t) yi (t) ẋi (t) ẏi (t) , where
xi (t), yi (t) are the coordinates of the i-th agent at time step t.
Inter-agent collision avoidance constraints between the mean
positions of the vehicles are also imposed. Note that this type
of constraints will be non-convex, but we can overcome this
issue by taking a first-order Taylor approximation around the
previous mean state trajectories at each ADMM iteration as
in [24]. In particular, for the local problem of each agent, the
linearization is performed about the mean state trajectories
that occur from its actual and copy control policy variables
regarding its neighbors.
We examine two cases. In the first one, we present a scenario
with two agents reaching a goal distribution while the anticollision constraints are guaranteed to be satisfied after a
sufficient number of ADMM iterations. In the second one, we
show a formation example with 10 agents. In all examples,
the time horizon is T = 10 and the process noise covariance
is W = diag(0.02, 0.02, 0.2, 0.2)2 . The minimum allowed
distance between the mean positions of the agents is d = 1.5.
The AL penalty parameters are tuned to ρ, µ = 103 and the
stopping criterion tolerance is assigned to be  = 0.05.
Case 1: In the first case, the two agents
 start from initial
>
state distributions with means µ1,0 = 0 2 0 −25 ,

>
µ2,0 = 0 −2 0 25
and covariances Σ1,0 = Σ2,0 =
diag(0.2, 0.2, 0.5, 0.5)2 . These initial mean velocities will
drive the agents into a collision course that our method will
have to handle. The
and covari prescribed>terminal means

>
ances are µ1,f = 5 1 0 0 , µ2,f = 5 −1 0 0
, Σ1,f = R(−π/4)diag(0.2, 0.05, 0.5, 0.5)2 R(−π/4)> and
Σ2,f = R(π/4)diag(0.2, 0.05, 0.5, 0.5)2 R(π/4)> where R(θ)
is the rotation matrix. Figure 3a shows 100 realizations of the
trajectory of each agent after the first ADMM iteration where
consensus has not been reached, resulting to a high probability
of collision. We also demonstrate the trajectories that would
occur for each agent if the copy control policy variables of
its neighbor were applied on it. After the first iteration, each
agent has computed their actual and copy variables so that
they would satisfy the collision avoidance constraints (from
its perspective), while solving its own covariance steering
problem and not taking into account the one of its neighbor.
It is through the soft consensus constraints that the actual and
copy control policies concerning the same agent will start
converging to the same one during the following ADMM
iterations. In Fig. 3b, the agents have reached consensus after
15 ADMM iterations and successfully handle the collision
avoidance constraints. In each figure, the 99.7% confidence
regions of the initial and target distributions are displayed with
a black ellipsoid.
Case 2: Next, we consider a team of 10 agents that start
from the initial position distributions shown in Fig. 4a with
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Fig. 5: Comparison of computational times between our distributed and a centralized approach.

zero mean initial velocities. More specifically, the initial
state covariances are Σi,0 = diag(0.2, 0.2, 0.5, 0.5)2 , ∀i =
1, . . . , N and the final target state covariances are Σi,f =
R(−φi )diag(0.2, 0.05, 0.5, 0.5)2 R(−φi ), ∀i = 1, . . . , N
where φi = (2i − 1)2π/N . Each agent has mi = 4 neighbors.
As demonstrated, the agents reach the desired circle formation
defined by the prescribed terminal distributions. Note that as
in Case 1, the terminal distributions are within the prescribed
ones, placing an upper bound on the uncertainty of the final
state. Moreover, as shown in Figs. 4b-d, where some snapshots
of the distributions are provided for t = 4, 6, 8, the agents
achieve the formation while successfully avoiding collisions.
Scalability to large-scale systems: Next, we demonstrate the
applicability of our method on large-scale stochastic multiagent systems in terms of computational demands. In particular, we repeat Case 2 with a varying number of agents
and we compare the computational times of our distributed
method and an equivalent centralized approach. For N ≤ 20,
we suppose that mi = N/2, while for N > 20, we fix the
number of neighbors to mi = 10. The computational times
for both approaches are shown in Fig. 5. The simulations
were performed in Matlab R2020b using CVX [14] as the
modeling software, MOSEK 9.1.9 [1] as the solver and an Intel
Core i5-8279U CPU @ 2.40GHz. The increased computational
efficiency of our ADMM-based approach is mainly due to the
fact that each agent solves in parallel a local covariance steering (SDP) problem where the terminal semidefinite covariance
constraint only involves its own covariance. On the other hand,
a centralized scheme would result to an SDP where the size
of the terminal semidefinite constraint increases with the total
number of agents.
VI. C ONCLUSIONS
In this work, we proposed multi-agent covariance steering
as a method that can provide probabilistic safety guarantees
and an upper bound on the uncertainty of the terminal states of
the agents. To deal with the excessive computational demands
of centralized multi-agent covariance control, we suggested
an ADMM-based approach that solves the problem in a

distributed fashion. This framework leads to each agent solving
a modified version of the single-agent covariance steering
problem in parallel. Simulation results on teams of vehicles
verify the effectiveness of our approach and, most importantly,
demonstrate its scalability to large-scale stochastic multi-agent
systems.
In future works, we aim to address the multi-agent covariance control problem for agents with nonlinear dynamics.
Furthermore, we plan to explore how distributed optimization
architectures, such as ADMM, can be used in other stochastic control problems beyond covariance steering, leading to
scalable multi-agent control algorithms. Finally, we will also
consider problems with multi-agent systems under partial state
information and time-varying topologies.
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