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Abstract— Over-actuated systems can physically remain ca-
pable of meeting control demands after actuator removals, but
a distributed allocator remains prone to failures if allocation
is tied to lost agents. This paper addresses the architectural
failure mode in pinned-agent distributed control allocation by
introducing a leader-like supervisory-level virtual agent that
coordinates the network, while physical agents exchange only
local allocation variables with their neighbors and control their
actuators. Moreover, an internal-model structure is embedded
within the framework to achieve zero steady-state error in the
presence of control demands generated by a known exosystem.
Under graph reconfiguration that preserves feasibility and
connectivity to the remaining pinned agents, the remaining
actuators converge to the optimal time-varying allocation, while
the failed agents’ contribution vanishes. A marine vessel thrust
allocation case study presents results for the removal of critical
pinned and non-pinned agents.

I. INTRODUCTION
Over-actuated systems offer greater freedom in generating
control demands, thereby reducing actuator energy consump-
tion and actuator wear & tear [1]. A supervisory control
allocation scheme can generate optimal actuator references
while also satisfying physical constraints and secondary
performance objectives [2]. Conventional control allocation
is commonly formulated as an optimization layer within the
Command-and-Control (C&C) framework, thereby providing
pointwise optimal actuator references.

The conventional control allocation approach leads to
significant growth in online computational cost as the number
of actuators and constraints increases [3], and might fail
if it relies on a fixed configuration and global information
[4], even if a redundant structure is feasibly fault-tolerant.
Dynamic optimization-based allocation methods address part
of this issue by replacing repeated static optimization with
continuous-time solver dynamics whose trajectories converge
asymptotically to the optimal allocation [5], [6].

Distributed optimization methods constitute another im-
portant class of dynamic optimizers that are widely appli-
cable to areas such as resource allocation and economic
dispatch [7], [8]. The core concept originates in multi-agent
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systems (MAS), where local agents communicate with their
neighbors on a graph [9] to achieve a global objective. The
distributed nature of these mechanisms offers a modular
scheme that is resilient to additions and removals, while still
satisfying the global objective.

Distributed control allocation methodologies [10], [11] can
be viewed as a subset of distributed optimization methods.
In this framework, each actuator is equipped with a local
computation unit, modeled as an agent capable of making au-
tonomous decisions. These agents communicate with neigh-
boring actuator agents and collectively solve the underlying
control allocation problem subject to global constraints.

In such networked setups, some agents may be designated
as pinned agents, meaning that they directly receive supervi-
sory information and help propagate it through the network
[12]. In conventional distributed control allocation formula-
tions, the pinned agents receive portions of the commanded
reference input. The agents then coordinate by exchanging
information about their local contributions and optimizing
local objective functions that encode secondary performance
criteria, while the overall actuator set generates the required
control demand.

While the distributed optimization mechanism enforces the
global equality constraint through the injected shares [13],
[14], the failure or removal of any pinned agent results in
a loss of the control demand share and a persistent error,
as the effective command seen by the surviving distributed
network is no longer the original demand. If more agents
receive information to reduce sensitivity by sharing fewer
portions, the communication load from the C&C will be high.
Furthermore, the presence of a single pinned agent may lead
to excessive dependence on its healthy performance, thereby
reducing modularity.

Another limitation of the dynamics optimizers and the
distributed subsets is the occurrence of persistent errors
under time-varying control demands and optimization for-
mulations. Typically, the control demands are piecewise
constant, whereas in reality, they represent a time-varying
signal. Consequently, the dynamics optimizers solution can
result in persistent tracking errors that degrade closed-loop
accuracy [15]. Recent literature on dynamic optimization has
addressed this issue by embedding the internal dynamics of
time-varying signals into the dynamics [16], [17].

Driven by these limitations, a distributed control allocation
framework is presented here that separates command injec-
tion from physical actuation. A virtual agent is placed in the
C&C layer to inject the control demand into the distributed
coordination layer. In this setup, the pinned agents are used



only to maintain a path to propagate the control demand from
the virtual agent to the rest of the network. Additionally, the
framework incorporates an internal model of time-varying
control demands and optimization variables to achieve zero
steady-state error.

The main contributions of this paper are:
• A virtual-agent command injection architecture that

separates command availability from physical actuator
availability and preserves the full demanded input after
admissible reconfiguration.

• A distributed internal-model allocation law with a con-
vergence proof showing that the surviving agents solve
the reduced time-varying allocation problem.

The remainder is organized as follows. Section II presents
the problem formulation. Section III introduces the proposed
solution. Section IV reports simulation results demonstrating
resilience. Finally, Section V concludes the paper.

II. PROBLEM FORMULATION
Let τ ∈ Rp denote the control demand and ui ∈ Rni denote
the actuation vector presenting the i-th actuator, with the
corresponding agent i ∈ N . The communication network
among the agents is represented by an undirected graph
G(N , E), with E ⊆ N × N being the set of existing
communication links among the agents. We denote by Ni the
neighbor set for each agent i ∈ N . We have the following
standing assumptions.

Assumption 1. Each actuator effort is a vector, ui ∈ Rni ,
with effectiveness matrix Bi ∈ Rp×ni where

∑n
i=1 ni = m.

The stacked effort vector is u = col(u1, u2, · · · , un) with
B = [B1, . . . , Bn] ∈ Rp×m where, B is full row rank,
implying that Bu = τ is feasible for any τ ∈ Rp.

Assumption 2. The communication graph G(N , E) is undi-
rected, connected, and weighted with aij = aji > 0 for
(i, j) ∈ E . A nonempty set of agents P ⊆ N is pinned and
can communicate directly with C&C.

Assumption 3. Each agent is assigned a quadratic cost
function to minimize, i.e., for each i ∈ N , Ji(ui) =
1
2u

⊤
i Piui + q⊤i ui, where Pi ∈ Rni×ni ≻ 0 and qi ∈ Rni .

The overall network cost to be minimized is then J(u) =∑n
i=1

1
2u

⊤
i Piui + q⊤i ui.

The distributed optimization-based control allocation prob-
lem to be solved is

min
u

n∑
i=1

1

2
u⊤i Piui + q⊤i ui s.t.

n∑
i=1

Biui = τ. (1)

Since (1) is strictly convex with affine constraints, the
Karush-Kuhn-Tucker (KKT) conditions are necessary and
sufficient for optimality [18]. A distributed dynamic opti-
mizer [5] on the methodology of [14] solves (1) by
u̇i = −α(Piui + qi +B⊤

i µi)−B⊤
i (Biui − τi − zi),

µ̇i = Biui − τi − β
∑
j∈Ni

aij(µi − µj)− zi

żi = αβ
∑
j∈Ni

aij(µi − µj),

(2)

where µi is the local dual variable, zi is an integral term
compensating the local mismatch. The coupling terms in
(2) enforce consensus of the local dual variables µi on
the centralized equivalent dual solution µ⋆, while each ui
converges to its optimal component u⋆i .

A key limitation of (2) is its dependence on pinned agents,
where if a pinned agent is removed, such as due to failure
or intentional malicious disconnection, then its share τi is no
longer injected into the network, and the remaining agents
may fail to realize the full demand. Moreover, (2) can only
ensure asymptotic convergence to an optimal solution for
fixed or slowly varying demands τ , whereas in a controlled
system, the control demand commonly changes over time,
tailored to the system states and control objectives. In such
a scenario, as shown in [17], the dynamic optimizer should
include the internal model of the time-varying parameters so
that the optimizer can actually track the time-varying optimal
solution of (1). Specifically, here, we consider the case where
each τ ∈ Rp is generated by an exosystem of the form

ζ̇ = Sζ, τ = Rζ. (3)

Assumption 4. The matrix S ∈ Rs×s is in real Jordan
canonical form, and all of its eigenvalues are semi-simple
and lie on the imaginary axis. In particular, S includes one
eigenvalue at the origin. There exists an arbitrary vector
Q ∈ Rs×1 where the pair (S,Q) is controllable and (Q,S)
is observable.

This formulation represents τk (k-th element of τ ) as a
finite sum of harmonics with known frequencies, thereby
capturing any signal whose Fourier series contains only those
harmonics and can be used to improve tracking performance
for a wide class of signals, including those generated by
linear time-invariant finite-dimensional systems. We now
define the main problem addressed in this paper.

Problem (Resilient distributed control allocation with time–
varying demand). Under Assumptions 1-4, consider the
time-varying control demand τ(t) generated by (3). For
any admissible sequence of agent removals/failures (possibly
including pinned agents) that preserves at least one pinned
agent and admits a physically feasible solution (i.e., Assump-
tion 1 for the surviving agents), design a distributed control-
allocation law using only local and neighbor information,
such that after each admissible removal and reconfiguration,
the surviving agents asymptotically solve the reduced allo-
cation problem.

III. MAIN RESULTS
Define the internal state for the i-th agent wi ∈ Rps

denoting the p-copy stacked internal-model state with wi =
col(wi1 , . . . , wip) and wik ∈ Rs associated with estimating
the k-th element of τ . This internal-model method, which
embeds p internal-model channels, is more robust to varia-
tions in system variables [19]. To address Problem II with
the demanded control τ generated by the exosystem (S,R),
we augment the network with a virtual agent placed in the
C&C. Let the virtual agent be indexed 0 with dynamics given



by

ẇ0 = Fw0 − γHτ −
∑
j∈N0

a0j
(
β(w0 − wj) + (v0 − vj)

)
,

v̇0 = Fv0 + αβ
∑
j∈N0

a0j(w0 − wj).

where α, β, γ > 0 are design parameters, F = Ip ⊗ S, H =
(−F + αIps)G with G = Ip ⊗Q, and vi ∈ Rps. The virtual
agent does not contribute to the input, implying that u0 = 0.
For the rest of the agents, we use the following dynamic

u̇i = −αui − αP−1
i qi − P−1

i B⊤
i H

⊤wi,

ẇi = Fwi + γHBiui −
∑
j∈Ni

aij
(
β(wi − wj) + (vi − vj)

)
,

v̇i = Fvi + αβ
∑
j∈Ni

aij(wi − wj). (4)

During operation, agents may fail to realize their intended
input contribution due to faults, cyber-attacks, or physical
removal. We assume that failed agents are detected locally.
The communication graph is then repaired using the dis-
tributed network reconstruction strategy in [20], in which the
neighbors of a failed agent restore local connectivity. Since
the agents in this work represent actuator groups, we adopt
the same reconstruction structure, replacing the degree-based
priority with an actuation authority priority. The objective is
to balance the reconstructed topology by connecting lower-
authority agents to higher-authority agents outside their local
connected set. For agent i, define the actuation authority
score

ρi ≜ log det
(
Ip +BiP

−1
i B⊤

i

)
, (5)

where a larger ρi indicates larger generalized actuation au-
thority relative to the local allocation cost. Assuming that the
agents know their neighbors and second-hop neighbors, and
the corresponding actuation authority scores after the failed
node is removed, the reconfiguration policy is summarized
as follows:

1) Failure isolation: When agent j fails, all links incident
to j are removed and its actuator contribution is
disabled. Let N−

j denote the healthy neighbors of j
immediately before the failure.

2) Private locally connected set: Each affected agent i ∈
N−

j forms a private locally connected set C̃i(j) ⊂ N−
j ,

which contains itself, its healthy neighbors, and its
locally known second-hop neighbors.

3) Authority-based reconnection: Each neighboring agent
i ∈ N−

j checks whether it has the lowest authority
score within its private set C̃i(j). If so, it initiates a new
connection to the highest authority agent in N−

j \C̃i(j).
The distributed reconstruction strategy in [20] establishes
connectivity recovery using local neighbor information. The
actuation authority score modifies the priority used to select
admissible reconnection links. Therefore, the convergence
result below is stated for the connected post-reconfiguration
graph. Assuming that at least one pinned agent survives, the
repaired graph preserves a path to the virtual agent, and the
allocator operates on the resulting reduced network.

Without loss of generality, we relabel the agents so that
the set of surviving agents is Nc = {0, 1, · · · , nc} and the
set of failed agents is Nf = {nc + 1, nc + 2, · · · , n} with
Nc∪Nf = N . For any stacked variable x = col([x]i)i∈N (in
particular x ∈ {u,w,v}), define xc := col([x]i)i∈Nc

, xf :=
col([x]i)i∈Nf

, x = col(xc, xf ). Assume Lc and Lf are
the Laplacians of the surviving and failed agents, respec-
tively, with L = blkdiag(Lc, Lf ) describing the overall
network Laplacian. Let Pc = blkdiag(Pi)i∈Nc

, Pf =
blkdiag(Pi)i∈Nf

, P = blkdiag(Pc, Pf ), qc = col(qi)i∈Nc
,

qf = col(qi)i∈Nf
, q = col(qc, qf ), Bc =

[
Bi

]
i∈Nc

,
Bf =

[
Bi

]
i∈Nf

, Bc = blkdiag(Bc), Bf = blkdiag(Bf ),
B = blkdiag(B), F = In ⊗ F , G = In ⊗G, H = In ⊗H ,
L = L⊗Ips, and similarly Fc = Inc+1⊗F , Gc = Inc+1⊗G,
Hc = Inc+1 ⊗H , Lc = Lc ⊗ Ips. The compact form of the
network dynamics is

u̇ = −αu− αP−1q − P−1B⊤H⊤w,

ẇ = Fw + γH(Bu− τ )− βLw − Lv,

v̇ = Fv + αβLw,

(6)

where, with the virtual agent indexed by the first ele-
ment of Nc, we have τ = [τ⊤, 01×p, · · · , 01×p]

⊤, and
consistent with number of agents in Nc we define τc =
[τ⊤, 01×p, · · · , 01×p]

⊤. Isolating the surviving agents, we
have
u̇c = −αuc − αP−1

c qc − P−1
c B⊤

c H
⊤wc,

ẇc = Fcwc + γHc(Bcuc − τc)− βLcwc − Lcvc,

v̇c = Fcvc + αβLcwc,

(7)

In this framework, the set Nc will satisfy the demand after
the reconfiguration policy is applied, and the input contri-
butions of Nf will converge to zero, leaving the realized
demand unchanged. Theorem 1 now states our solution to
resilient distributed control allocation with the time-varying
demand problem.

Theorem 1. Suppose the reconfiguration policy yields a
connected post-failure graph with a path to the virtual agent,
Assumptions 1–4 hold for the surviving network Nc, and
τ(t) be generated by (3). Consider the distributed internal-
model dynamics (6). The surviving dynamics (7) asymptot-
ically solve the reduced allocation problem

min
uc

∑
i∈Nc

1

2
u⊤i Piui + q⊤i ui s.t.

∑
i∈Nc

Biui = τ(t). (8)

In particular, for all i ∈ Nc,

lim
t→∞

uci(t) = u⋆ci(t), lim
t→∞

G⊤wi(t) = µ⋆
c(t).

where the (u⋆c(t), µ
⋆
c(t)) pair is the optimal time-varying

saddle trajectory of (8) satisfying the KKT conditions

Pcu
⋆
c(t) + qc +B⊤

c µ
⋆
c(t) = 0, Bcu

⋆
c(t) = τ(t),

and Bfuf (t) → 0 as t→ ∞.

Proof: The proof has two steps: (i) stability of the
reduced homogeneous dynamics, and (ii) characterization
of the steady-state solution and verification of the KKT
conditions.



Step 1: Since G is undirected and connected (As-
sumption 2), Lc is symmetric and admits an orthogo-
nal decomposition T :=

[
r X

]⊤
with T⊤T = Inc+1,

TLcT
⊤ = diag(0,Λ), r = 1√

nc+1
1nc+1 and Λ =

diag(λ2, . . . , λnc+1) ≻ 0. Let r = r ⊗ Ips, X = X ⊗ Ips,
T =

[
r X

]⊤
, F̄c = Inc

⊗ F and Λc = Ips ⊗ Λ. Introduce
the transformed coordinates [21][

y⊤1 y⊤
2

]⊤
= Twc,

[
z⊤1 z⊤2

]⊤
= Tvc. (9)

The transformed dynamics will be given by

u̇c = −αuc − αP−1
c qc − P−1

c B⊤
c H

⊤
c (ry1 +Xy2), (10a)

ẏ1 = Fy1 + γr⊤Hc(Bcuc − τc), (10b)

ẏ2 = F̄cy2 + γX⊤Hc(Bcuc − τc)− βΛcy2 −Λcz2,
(10c)

ż2 = F̄cz2 + αβΛcy2, (10d)

while ż1 = Fz1 is marginally stable and decoupled. Let the
candidate Lyapunov function for the x ≜ col(uc, y1,y2, z2)
setting of homogeneous system with τc ≡ 0 and qc ≡ 0 be

V (·) = 1

2
u⊤c Pcuc+

1

2γ
y⊤1 y1+

1

2γ
y⊤
2 y2+

1

2αβγ
z⊤2 z2. (11)

Since S is in real Jordan canonical form with semi-simple
imaginary axis eigenvalues, Fc + F⊤

c = 0 yields

V̇ (·) = −αu⊤c Pcuc −
β

γ
y⊤
2 Λcy2 ≤ 0. (12)

Let M := {x : V̇ = 0}. Restricting (12) to largest invariant
set I = {x : uc = 0,y2 = 0} the equations are given by

Λcz2 = 0, ż2 = F̄cz2,

B⊤
c H

⊤
c ry1 = 0, ẏ1 = Fy1,

(13)

where Λcz2 = 0 implies z2 = 0. B⊤
c H

⊤
c ry1 = 0 implies

B⊤
i H

⊤y1 = 0 for all i ∈ Nc, hence B⊤
c H

⊤y1 = 0. Since
Bc is full rank and (−F⊤ + αIps) is nonsingular, H⊤y1 =
G⊤(−F⊤ + αIps)y1 = 0 implies G⊤y1 = 0. Observability
of (G⊤, F ) and ẏ1 = Fy1 with G⊤y1 = 0 implies y1 = 0.
Thus, the dynamics (10) are asymptotically stable.

Step 2: We express the constant vector qc as an output of
the same exosystem that generates the time-varying demand.
Let e ∈ Rs denote the unit basis vector associated with the
0-eigenvalue block of the S matrix and define ζ0 = e⊤ζ(0)
assuming that it is nonzero. Since Se = 0, we have e⊤ζ̇ =
e⊤Sζ = 0, hence e⊤ζ(t) = ζ0 for all t. Then

qc = Ωζ(t), Ω =
1

ζ0
qc e

⊤ ∈ Rmc×s. (14)

where mc =
∑

i∈Nc
ni. Thus (10) can be written as ẋ =

Ax+Bζ. Since A is Hurwitz and σ(S) ⊂ jR, the Sylvester
equation ΠS = AΠ+B admits a unique solution Π. Defining
ex ≜ x−Πζ yields ėx = Aex, hence limt→∞ x(t) = Πζ(t).
Let Y1ζ and Ucζ be the steady state values of y1 and uc.
The regulator equation of y1 in (10b) is given by

Y1S = FY1 + γH(BcUc −R). (15)

Since the pair (F,G) is controllable, the pair (F,H) is also
controllable. By [19, Lemma 7.4], if there exists a solution Y1
for (15) with the controllable pair (F,H), BcUc−R will be
equal to zero, which implies the feasibility condition. With

limt→∞Bcuc = τ satisfied, y2 and z2 will be stabilized.
Thus, wc = ry1 implies a consensus in wi =

1√
nc+1

y1 for
all i ∈ Nc. The steady state dynamics (10a) and (10b) are
reduced to

UcS = −αUc − αP−1
c Ω− 1√

nc + 1
P−1
c B⊤

c H
⊤Y1,

Y1S = FY1

(16)

Reordering the equations implies that

(Uc + P−1
c Ω+ P−1

c B⊤
c G

⊤Wc)S

=− α(Uc + P−1
c Ω+ P−1

c B⊤
c G

⊤Wc).
(17)

where Wcζ is the steady state value of wi for all i ∈ Nc.
Since S and −αImc

share no eigenvalues, the only solution
to the Sylvester equation satisfies the stationarity condition
PcUc +Ω+B⊤

c G
⊤Wc = 0 with limt→∞G⊤wi(t) = µ⋆(t).

The optimality and feasibility conditions are proved. Finally,
for each failed agent, the τ information is not injected; re-
peating Step 1 shows that the failed agents’ demand satisfies
Bfuf (t) → 0. This completes the proof of the theorem. □

Remark 1. The proposed algorithm can be viewed as a
resilient time-varying extension of the implicit-tracking dis-
tributed optimization framework in [14] tailored for control
allocation. To enhance the framework’s resilience, a virtual-
agent–based demand injection at the C&C is introduced that
obviates the need for demand partitioning among pinned
agents, a requirement in [14]. Meanwhile, the reconfiguration
policy maintains connectivity of the surviving subgraph,
allowing the network to converge to the optimal allocation
for the remaining actuators, even after removing multiple
agents, including pinned ones. Furthermore, by exchanging
the integral compensation term vi among neighbors, the
initialization requirement on v is eliminated.

Remark 2. In our work, the allocation problem with a time-
varying equality constraint is cast as an output-regulation
problem, with a p-copy internal model embedded to track a
general class of admissible demand signals. Compared with
[22], which employs an additional auxiliary feedforward-
estimator loop and thus requires exchanging two extra
neighbor-coupled information sets, our proposed scheme
requires only two sets of internal model states. Moreover,
the proposed method does not require agents to access the
exosystem state explicitly, while accommodating a more
general coupling constraint.

Remark 3. In the distributed framework, actuator magni-
tude limits can be enforced locally. For projection-based
distributed allocation, stability results are available in [14].
In the internal-model setting, if τ(t) remains within the lo-
cal/coupled feasible region, the closed-loop dynamics follow
the same analysis; when feasibility is violated, the dynamics
remain bounded in practice, but a separate nonlinear analysis
is required.

IV. SIMULATION RESULTS
In this section, we evaluate the proposed control allocation
algorithm by considering the closed-loop dynamic position-



ing of a linearized marine vessel modeled as [23]

η̇ = ν, Mν̇ +Dν = τ, (18)

where η =
[
x y ψ

]⊤
and ν =

[
u v r

]⊤
with

M =

23.8 0 0
0 33.8 1.095
0 1.095 2.764

 , D =

2 0 0
0 7 0.1
0 0.1 0.5

 . (19)

The reference trajectory r(t) is generated by an exosystem
ξ̇ = Sξ, r = Rξ with

S =


0 0 0 0 0
0 0 0.2 0 0
0 −0.2 0 0 0
0 0 0 0 0.5
0 0 0 −0.5 0

 , R⊤ =


−3 1 −4
0 0 0
7 2 −4
0 0 0
2 5 6


(20)

A guidance controller produces a generalized force/moment
demand τin(t) of the form τin = K1η +K2ν + Lξ. In this
output-regulation structure, if τin were applied directly to
(18), then η(t) → r(t) with zero steady-state tracking error.
The focus hereon is the allocation layer, where the allocator
must realize τin(t) in the presence of topology changes and
pinned-agent failures.

We consider eight azimuth thrusters as the main actuators
to achieve the desired generalized force, with each thruster
represented by an agent. The i-th actuator effectiveness
matrix is given by

Bi =

[
1 0 −ℓyi

0 1 +ℓxi

]⊤
, (21)

where ℓ is the propeller’s x and y position in the body frame
as given by

ℓ =

[
4 0 0 2 2 −2 −2 −4
0 −2 2 −2 2 −2 2 0

]
(22)

The realized generalized force/moment is Bu, and the alloca-
tion error is eτ (t) := Bu(t)−τin(t). The quadratic allocation
objective is

∑8
i=1

1
2u

⊤
i Piui + q⊤i ui with

P1 =

[
0.84 2.29
2.29 7.00

]
, P2 =

[
6.40 4.78
4.78 5.27

]
, P3 =

[
7.22 3.52
3.52 4.52

]
,

P4 =

[
6.11 5.91
5.91 6.74

]
, P5 =

[
8.02 3.55
3.55 5.83

]
, P6 =

[
5.06 4.29
4.29 6.32

]
,

P7 =

[
7.15 6.31
6.31 5.80

]
, P8 =

[
6.75 5.74
5.74 8.12

]
,

q⊤1 =
[
−0.94 −1.17

]
, q⊤2 =

[
−0.16 −0.19

]
,

q⊤3 =
[
−0.15 −0.27

]
, q⊤4 =

[
−0.53 1.53

]
,

q⊤5 =
[
1.68 −0.25

]
, q⊤6 =

[
−0.88 −1.06

]
,

q⊤7 =
[
−0.49 1.60

]
, q⊤8 =

[
−0.71 1.23

]
.

(23)
We compare two main cases, where in the first scenario
C&C sends demand shares to four pinned agents 4, 5, 6,
and 7, with τi = 1

4τin for each i ∈ P , and the network
runs an internal model distributed optimizer with those
injected shares. Critically, the shares are not recomputed
after failures: if a pinned agent is removed, its share is
lost, requiring centralized intervention that undermines the
“resilient distributed” premise. In the second scenario, the

(a) T1 (b) T2 (c) T3 (d) T4

Fig. 1: Communication graphs under sequential agent re-
movals and local reconfiguration.

C&C introduces the virtual agent 0, injecting the full de-
mand τin through (4). Pinned agents serve only to maintain
connectivity to the virtual agent, with no command partition
across them.

Both cases use the same tuning to make the comparison
structural rather than parametric; in particular, we have α =
100, γ = 1, β = 2000. The communication graphs are shown
in Fig. 1. The pinned set is the same in both cases, and
the proposed method uses the same physical agent, together
with the virtual node. The simulation runs with topology
switching given by:

• T1 : t ∈ [0, 400): Nominal graph.
• T2 : t ∈ [400, 800): Agent 1 is removed.
• T3 : t ∈ [800, 1200): Agents 4 and 5 are also removed.
• T4 : t ∈ [1200, 1600): Agents 3 and 7 are also removed.

After each removal, the network management applies mini-
mal edge rewiring. Hence, the surviving agents remain con-
nected and at least one pinned agent maintains a path to the
C&C or the virtual agent, consistent with the reconfiguration
policy described in Section III. Fig. 2 reports the demand-
tracking error eτ (t) = Bu(t)−τin(t) in surge, sway, and yaw.
When the non-pinned actuator 1 is removed (t ∈ [400, 800)),
both schemes recover and achieve zero steady-state alloca-
tion error, since the full demand information remains injected
and the reduced allocation remains feasible. In contrast, when

Fig. 2: Demand error Bu− τ in the face of agent failures.

the pinned agents 4 and 5 are removed in the second interval
(t ∈ [800, 1200)), the baseline suffers a structural loss of
injected command: the removed pinned agents no longer
contribute their combined 1

2τin share. Hence, the network
converges to an allocation that matches only the remaining
injected share of demand. This produces a nonzero steady-
state allocation bias in eτ . The proposed virtual-agent scheme



continues to inject the full τin through the virtual node, so
eτ (t) → 0 again after the transient.

In the last interval (t ∈ [1200, 1600)), the pinned agent
7 and non-pinned agent 3 are removed. The removal of the
pinned agent 7 eliminates another injected share, 1

4τin, from
the conventional partitioned framework. In contrast, in the
resilient framework, the presence of the last pinned agent
allowed the system to generate the control demand with zero
steady-state error.

The impact on closed-loop dynamic positioning is shown
in Fig. 3. When the allocation layer exhibits a steady-state
bias, the vessel cannot track r(t) with zero steady-state
error, and the output error η(t) − r(t) inherits a persistent
offset. Under the proposed scheme, since Bu(t) → τin(t)
is recovered, the supervisory output-regulation objective is
restored and η(t) tracks r(t) asymptotically.

Fig. 3: The dynamic positioning output error.

These simulations illustrate the two design goals: the
internal-model-based distributed allocator maintains accurate
tracking under time-varying demands, and the virtual-agent
injection removes the pinned-demand-partition failure mode
by keeping the full command available after the removal of
pinned agents. This recovery holds provided that connectivity
to the virtual agent is preserved and the surviving actuator
set remains feasible.

V. CONCLUSIONS
We formulate control allocation as a multi-agent optimiza-
tion problem in which local agents coordinate via limited
information exchange to satisfy a vector-valued control de-
mand. To enhance the framework’s resilience, we augment
the network with a virtual agent at the supervisory level,
enabling operation even when multiple agents are removed,
provided that the remaining agents can physically meet
demand. Moreover, to address time-varying demands, we
embedded a p-copy internal model of demand dynamics into
the distributed allocation loop via a gradient-based/implicit
dynamic-average-tracking structure, improving steady-state
accuracy and tracking of time-varying references. Simulation
results in a marine vessel thrust allocation case study demon-
strate accurate tracking after the removal of multiple actua-
tors. The internal-model extension further eliminates steady-
state tracking error for multi-frequency demand signals.

Future work will establish closed-loop stability guarantees
for the coupled plant–controller–allocator interconnection.
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