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Abstract— For large interconnected systems, centralized
model predictive control (MPC) may be computationally in-
tractable while distributed MPC may not achieve global op-
timum. To fill this gap, a new MPC framework, named
asynchronous MPC, has been proposed in literature, where only
a subset of subsystems is selected for optimization at each time
step. For the remaining subsystems, the previously optimized
control sequence is shifted and reused. Such an approach can
balance computational load and control performance, and can
be viewed as a framework in between centralized MPC and
distributed MPC. However, prior work assumes each subsystem
to be deterministic and does not consider the impacts of
external disturbance. Moreover, feasibility and stability analysis
for asynchronous MPC has not been studied. This paper
addresses these limitations by (i) incorporating the prediction
error introduced by external disturbance into reconfiguration
policy, (ii) providing a stability condition for the closed-loop
system, and (iii) establishing the recursive feasibility. Numerical
results using battery cell-to-cell balancing control confirms the
stability of the closed-loop system and demonstrates over 86%
computation reduction.

I. INTRODUCTION

Model predictive control (MPC) has been extensively
studied for large systems [1]–[6]. Since centralized MPC
suffers the curse of dimensionality, it can be computationally
intractable to implement centralized MPC for large intercon-
nected systems. To reduce computation, distributed MPC are
often used [7]–[9], which can, in general, only achieve sub-
optimal control performance [7]. To balance computational
load and control performance, event-triggered MPC has been
proposed in literature [10]–[13]. In event-triggered MPC
framework, an optimal control problem (OCP) optimizing all
control inputs is formulated and solved only when an event
is triggered. In other words, control inputs are optimized
aperiodically but synchronously in event-triggered MPC.
By reducing the number of online optimization problems,
event-triggered MPC can effectively reduce the “average”
computation time. However, the “worst-case” computation
time remains the same, since when an event is triggered,
the OCP still consists of a large number of optimization
variables.

To reduce both average and worst-case computation time,
a new MPC framework, named asynchronous MPC (Asyn-
MPC) is proposed in [14], where the structure of the OCP
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is reconfigured at each control loop. In other words, a
(time-varying) subset of control inputs are optimized at each
time step to reduce the computation time while keeping the
closed-loop control performance comparable to a centralized
MPC. Compared to event-triggered MPC, the optimization
of control inputs is both aperiodic and asynchronous in
AsynMPC, and hence can reduce both average and worst-
case computation time.

However, despite the excellent performance demonstrated
in [14], several issues remain unaddressed. Firstly, the in-
terconnected systems considered in [14] are assumed to be
disturbance free, making the reconfiguration approach not
robustness to external disturbance. Secondly, a feasible solu-
tion is assumed to exist for each control loop. In other words,
the recursive feasibility is not analyzed in the setting of [14],
which limits the applicability of AsynMPC. Lastly, while the
worst-case performance loss is analyzed in [14], the stability
analysis has not been reported. To address these limitations,
the main contributions of this paper is to study AsynMPC
for large interconnected systems with external disturbance,
to provide a stability condition for the closed-loop system
with AsynMPC, and to analyze the recursive feasibility of
AsynMPC under the assumption that the feasible region is a
closed and convex polyhedron.

The rest of this paper is organized as follows. Section
II reviews the AsynMPC framework studied in [14] and
proposes a new reconfiguration policy that considers external
disturbance. Section III analyzes the recursive feasibility
and stability of AsynMPC. Numerical simulation results on
battery cell-to-cell balancing control of 100 connected cells
are presented in Section IV, and the paper is concluded in
Section V.

Notations: Throughout the paper, we make use of the
following notations and properties. We use ∥·∥ without
subscript to denote 2-norm of a vector and use ∥·∥Q to denote
the Q-weighted norm of a vector with Q being symmetric
positive semi-definite. In other words,

∥v∥2Q = vTQv.

Moreover, we have

∥v∥2Q = vT
(
Q1/2

)T

Q1/2v =
∥∥∥Q1/2v

∥∥∥2 .
Given a square matrix A, the Euclidean norm of A is
defined as ∥A∥ =

√
λ(ATA) where λ(ATA) is the largest

eigenvalue of ATA.
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II. ASYNCHRONOUS MODEL PREDICTIVE CONTROL

A. MPC for Interconnected Systems

Consider an interconnected system with N linear discrete-
time subsystems, and the nth subsystem has the following
dynamics:

xn,t+1 = Anxn,t +Bnun,t + wn,t, n ∈ N (1)

where N = {1, 2, . . . , N} is the set of all subsystems,
xn ∈ Rnx , un ∈ Rnu , and wn ∈ Rnx are the states, inputs,
and external disturbances for nth subsystem, and An and
Bn are system matrices with proper dimension. The external
disturbance wn is assumed to be bounded by ∥wn∥ ≤ w̄n.

Denote the input and state variables of the system as

ut =
[
uT
1,t uT

2,t . . . uT
N,t

]T
xt =

[
xT
1,t xT

2,t . . . xT
N,t

]T
.

The subsystem inputs are assumed to be coupled through
constraints, as follows:

ut ∈ U ⊆ RNnu ,

where U is a closed and convex polyhedron satisfying 0 ∈ U.
Remark 1: The interconnected system (1) assumes the

subsystems have decoupled dynamics and coupled input
constraints. Such a setting can find several applications. For
example, the multi-agent systems considered in [15] can be
modeled using (1). Vehicle platooning, when ignored the
aerodynamics between vehicles [16], can also be modeled
using (1). Moreover, serial-connected battery cells as studied
in [17], [18] also satisfy (1) with decoupled dynamics and
coupled input constraints.

The nominal model for the nth subsystem is given by

xn,t+1 = Anxn,t +Bnun,t, n ∈ N . (2)

We made the following assumptions about (2), similar to
those in [15], [19], [20].

Assumption 1: Given symmetric positive definite matrices
Qn and Rn, there exists a constant ϵn > 0, a matrix Pn > 0,
and a local state feedback gain Kn such that:

1) ϕn = {xn| ∥xn∥2Pn
≤ ϵ2n} is positive invariant for

subsystem n. In other words, ∀xn,t ∈ ϕn, (An +
BnKn)xn,t ∈ ϕn.

2) Qn+KT
nRnKn+(An+BnKn)

TPn(An+BnKn)−
Pn ≤ 0.

3) ∀xt =
[
xT
1,t xT

2,t . . . xT
N,t

]T
with xn,t ∈ ϕn,

ut =
[
uT
1,t uT

2,t . . . uT
N,t

]T
with un,t = Knxn,t

is feasible, i.e., ut ∈ U.
At each time step t, given current state estimate x̂t,

a centralized MPC solves the following optimal con-
trol problem (OCP) over a prediction horizon p, where
the control sequence is defined as ut,...,t+p−1|t =[
uT
t|t uT

t+1|t . . . uT
t+p−1|t

]T
:

min
ut,...,t+p−1|t

J =

p−1∑
k=0

ℓ(xt+k|t,ut+k|t) + Vf (xt+p|t) (3a)

s.t. (2) with initial condition x̂t, (3b)
ut+k|t ∈ U, ∀k = 0, 1, . . . , p− 1, (3c)
xn,t+p|t ∈ ϕn, ∀n ∈ N , (3d)

where the stage and terminal costs are strictly convex
quadratic

ℓ(x,u) =||x||2Q + ||u||2R
Vf (x) =||x||2P

with the constant weighting matrices

Q =


Q1 0 · · · 0
0 Q2 · · · 0
...

...
. . . 0

0 0 · · · QN



R =


R1 0 · · · 0
0 R2 · · · 0
...

...
. . . 0

0 0 · · · RN



P =


P1 0 · · · 0
0 P2 · · · 0
...

...
. . . 0

0 0 · · · PN

 .

Note that the weight matrices Qn, Rn and Pn are all assumed
to be symmetric positive definite satisfying Assumption 1.
It is then trivial to see that the total number of optimization
variables is Npnu. When N is large, solving the above OCP
(3) is computationally intractable (even for small prediction
horizon p) due to the high computational requirement. To
address this issue, an asynchronous MPC (AsynMPC) frame-
work is proposed below for the nominal systems (2), where
a subset of subsystems is dynamically selected to form the
OCP, while for the remaining subsystems, previous optimal
solution is applied as control inputs.

B. Asynchronous MPC

Given a subset Wt ⊆ N , denote its complementary set as
Wt = N −Wt, i.e., Wt ∪Wt = N and Wt ∩Wt = ∅. The
proposed AsynMPC formulates a reduced size OCP that only
includes subsystems in Wt. Note that for each time step, the
set Wt of subsystems for optimization is varying. Here we
use the subscript t to denote the fact that both the content
of Wt and its cardinality are time-varying. For subsystems
that are in Wt, their control inputs are not included in the
reduced size OCP and need to be obtained somewhere else.
Let dn be the time instance that subsystem n is selected for
optimization, i.e., n ∈ Wdn

, and denote the corresponding
optimal control sequence for subsystem n as u∗

n,dn+k|dn
, k =

0, . . . , p − 1. Also denote d′n as the next time instance that
subsystem n is included for optimization. In other words,
n ̸∈ Wdn+m for dn < dn + m < d′n and n ∈ Wd′

n
. Then

the following candidate control sequence ūn is constructed
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for subsystem n for m = 1, . . . , d′n − dn − 1.

ūn,dn+l|dn+m =

{
u∗
n,dn+l|dn

l = m, . . . , p− 1

Knx
∗
n,dn+l|dn

l = p, . . . ,m+ p− 1,

(4)
where x∗

n,dn+l|dn
is the predicted state at time dn + l based

on the control sequence (4). In other words, the solution
obtained at time step dn for subsystem n is shifted to
obtained a new control sequence for time instances before
d′n. And when this solution is used up, local state feedback
gain Kn is used to construct the remainder of the new control
sequence.

At time step t, denote the size of Wt as τ and then
denote Wt = {i1, i2, . . . , iτ}, where 1 ≤ i1 < i2 <
· · · < iτ ≤ N . Furthermore, define the index function κt as
κt(n) = j if n = ij ∈ Wt and otherwise κt(n) is undefined.
Similarly, denote the size of Wt as τ̄ and then denote
Wt = {̄i1, ī2, . . . , īτ̄}, where 1 ≤ ī1 < ī2 < · · · < īτ̄ ≤ N .
Furthermore, define the index function κ̄t as κ̄t(n) = j if
n = īj ∈ Wt and otherwise κ̄t(n) is undefined.

The input and state variables associated with Wt can now
be denoted as

ũt+k|t =
[
uT
i1,t+k|t uT

i2,t+k|t . . . uT
iτ ,t+k|t

]T
x̃t+k|t =

[
xT
i1,t+k|t xT

i2,t+k|t . . . xT
iτ ,t+k|t

]T
,

and the input variable associated with Wt can now be
denoted as

ūt+k|t =
[
ūT
ī1,t+k|t ūT

ī2,t+k|t . . . ūT
īτ̄ ,t+k|t

]T
,

where ūn,t+k|t for n ∈ Wt is defined in (4).
GivenWt and ūt+k|t, the inputs of each subsystem inWt

are then coupled through the following constraints:

ũt+k|t ∈ Ũt+k|t ⊆ Rτnu .

Here Ũt+k|t is given as follows.

Ũt+k|t = {ũt+k|t|Assemble(Wt, ũt+k|t, ūt+k|t) ∈ U},
(5)

where the function Assemble(Wt, ũt+k|t, ūt+k|t) =[
uT
1,t+k|t uT

2,t+k|t . . . uT
N,t+k|t

]T
with

un,t+k|t =

{
ũt+k|t(κt(n)) if n ∈ Wt

ūt+k|t(κ̄t(n)) if n ̸∈ Wt.

Note that here ũt(i) and ūt(i) denote the ith block of the
vector ũ and ū, respectively.

Now we are ready to formulate a reduced size OCP that
only includes subsystems in Wt. At each time step t, given
current state estimate ˆ̃xt, the following reduced size OCP
is formulated, where the control sequence is defined as

ũt,...,t+p−1|t =
[
ũT
t|t ũT

t+1|t . . . ũT
t+p−1|t

]T
:

min
ũt,...,t+p−1|t

J̃ =

p−1∑
k=0

ℓ̃(x̃t+k|t, ũt+k|t) + Ṽf (x̃t+p|t) (6a)

s.t. (2) with initial condition ˆ̃xt, ∀n ∈ Wt (6b)

ũt+k|t ∈ Ũt+k|t, ∀k = 0, 1, . . . , p− 1, (6c)
xn,t+p|t ∈ ϕn, ∀n ∈ Wt, (6d)

where the stage and terminal cost are

ℓ̃(x̃, ũ) =||x̃||2
Q̃
+ ||ũ||2

R̃

Ṽf (x) =||x̃||2P̃,

with the weighting matrices Q̃, R̃, and P̃ are all τ×τ block
diagonal matrices given as

Q̃ =


Qi1 0 · · · 0
0 Qi2 · · · 0
...

...
. . . 0

0 0 · · · Qiτ



R̃ =


Ri1 0 · · · 0
0 Ri2 · · · 0
...

...
. . . 0

0 0 · · · Riτ



P̃ =


Pi1 0 · · · 0
0 Pi2 · · · 0
...

...
. . . 0

0 0 · · · Piτ

 .

For each control loop, AsynMPC selects a set Wt of
subsystems, solves OCP (6) to obtain the optimal solution

ũ∗
t,...,t+p−1|t =

[
(ũ∗

t|t)
T (ũ∗

t+1|t)
T . . . (ũ∗

t+p−1|t)
T
]T

,
and assembles the control sequence ut,...,t+p−1|t =[
uT
t|t uT

t+1|t . . . uT
t+p−1|t

]
, where

ut+k|t = Assemble(Wt, ũ
∗
t+k|t, ūt+k|t). (7)

For simplicity, we denote the OCP (6) as OCP(Wt). Then
it is trivial to see that the full size OCP (3) is equivalent
to OCP(N ). Algorithm 1 formally presents the AsynMPC
framework. As can be seen, all control inputs are optimized
at t = 1 (initializatiom) at Line 1 with their solutions
stored in memory at Line 2–4, making (4) feasible for all
subsequent time steps (see Theorem 1 below). Then for each
time step, a new subset Wt is selected at Line 10 such that
for each n ∈ Wt,

p−2∑
k=0

∥∥Ak
nen,t

∥∥2
Qn

+

p−1∑
k=0

2xn,t+k|t−1QnA
k
nen,t

−
∥∥xn,t−1|t−1

∥∥2
Qn
−
∥∥un,t−1|t−1

∥∥2
Rn

+ 2xT
n,t+p−1|t−1(R̄n + P̄n)A

p−1
n en,t

+
∥∥Ap−1

n en,t
∥∥2
Pn
≤ 0 (8a)∥∥Ap−1

n en,t
∥∥2
Pn
≤ ϵn (8b)

where en,t = xn,t|t− xn,t|t−1, i.e., en,t is the error between
the current state xn,t|t at time t and its prediction xn,t|t−1

at time t− 1 and

R̄n = KT
nRnKn (9a)
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Algorithm 1: Asynchronous Model Predictive Con-
trol

1 Initialize by solving OCP(N ), i.e., standard OCP (3)
for all subsystems, to get optimal solution
u∗
0|0,u

∗
1|0, . . . ,u

∗
p−1|0;

2 for n = 1, 2, . . . , N do
3 for k = 0, 2, . . . , p− 1 do
4 Memory ← u∗

k|0(n);
5 end
6 end
7 Apply first control input u0 = u∗

0|0 and move to next
time step;

8 while t ≤ T do
9 Collect current state estimate x̂t;

10 Select a new Wt ⊆ N such that (8) for each
n ∈ Wt holds;

11 Solve OCP(Wt) as formulated by (6) to get
optimal solution ũ∗

t|t, ũ
∗
t+1|t, . . . , ũ

∗
t+p−1|t for

subsystems in Wt;
12 for n ∈ Wt do
13 for k = 0, 2, . . . , p− 1 do
14 Memory ← ũ∗

t+k|t(κt(n));
15 end
16 end
17 for n ∈ Wt do
18 for k = 1, 2, . . . , p− 1 do
19 ūn,t+k|t ← (4);
20 Memory ← ūn,t+k|t;
21 end
22 end
23 Apply ut|t according to (7) and move to next

time step;
24 end

P̄n = (An +BnKn)
TPn(An +BnKn). (9b)

The reduced size OCP (6) is then formed, which is also
termed as OCP(Wt) and solved at Line 11. The latest optimal
control sequence for n ∈ Wt is then stored in memory at
Line 12–16, while for n ∈ Wt, i.e., subsystems not selected
for optimization, their previous optimal solutions (as saved
in memory) is shifted to obtain ūn at Line 17–22. Line 23
applies the first control input for each subsystem and move
to the next time step.

Remark 2: Note that OCP(Wt) only optimizes control
inputs for subsystems in Wt, while for n ∈ Wt, previous
optimal solution is used to implement its control, which
is also used to form the constraints in (6c). Therefore, the
number of optimization variables of OCP(Wt) is reduced to
τpnu. It is also worth noting that the size of Wt, i.e., τ is
also time-varying.

Remark 3: When the prediction error en,t is large, τ can
be dynamically increased to improve control performance
according to (8a).

III. STABILITY AND FEASIBILITY OF ASYNMPC

As can be seen from Line 10 of Algorithm 1, a new subset
Wt is selected at each time step. Since Wt is time-varying,
its selection is crucial to guarantee that all control inputs
are updated using measurement feedback, but with hetero-
geneous and aperiodic sampling time. This section analyzes
the stability and feasibility of the proposed AsynMPC.

Let’s start with the recursive feasibility. Recall that the
feasible region U is closed and convex polyhedron satisfying
0 ∈ U. The next theorem guarantees the recursive feasibility
of AsynMPC.

Theorem 1: Assuming (3) is feasible at time t = 0, then
constraints (3c) and (3d) are satisfied for all t > 0.

Proof: The proof is omitted due to space limitation.
Next we show that the closed loop system with AsynMPC

is asymptotically stable in the Lyapunov sense. Let’s denote
Jt as the cost function (3a) under candidate control sequence
ut+k|t, k = 0, . . . , p− 1, as computed by (7). In the sequel,
the difference ∆Jt between Jt and Jt−1 is considered.

Theorem 2: For asynchronous MPC presented in Algo-
rithm 1, if we select Wt such that (8) holds for all n ∈ Wt,
then we have ∆Jt < 0.

Proof: The proof is omitted due to space limitation.
Remark 4: In the extreme case, none of the subsystem

meets condition (8), in which case Wt = N . According
to Assumption 1, the stability condition is still guaranteed
in this case. On the other hand, when all the subsystems
meet condition (8), case Wt = ∅. In this case, none of the
subsystems is selected for the reduced size OCP, resulting
in skipping the optimization in this instance. Therefore, the
case of Wt = ∅ results in a mechanism equivalent to event-
triggered MPC in the absence of an event [12], [13], [21],
[22]. However, when 0 < τ < N , AsynMPC still optimizes
control inputs for subsystems in Wt, making the optimiza-
tions of control inputs both aperiodic and asynchronous.
This is different from event-triggered MPC treatment where
the optimization of control inputs occurs aperiodically but
synchronously.

Remark 5: Note that the reconfiguration policy (8) guar-
antees the close-loop system of (2) is stable. However, it
does not guarantee system robustness against the external
disturbance wn. To this regard, one can replace the condition
(8b) with the following,

w̄n ≤
1− ∥A∥
1− ∥A∥p

ϵn,

which guarantees the deviation of states of (1) from the
nominal model (2) to be upper bounded by ϵn. Therefore,
when the system state is sufficiently close to origin, it will
remain in the invariant set ϕn even under external disturbance
wn.

IV. APPLICATION TO BATTERY BALANCING CONTROL

This section presents the practical application of the
proposed AsynMPC to battery cell balancing problem, and
demonstrates its effectiveness in reducing computation load
while at the same time maintains a comparable control
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Power Converter
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𝑖

Fig. 1. Illustration of the active battery cell-to-cell balancing.

Fig. 2. Simulation results using CMPC. (a) SOC for each cell. (b)
Balancing current for each cell.

performance. Consider a battery cell balancing system con-
sisting of N battery cells with serial connection, which is
adopted from [17], [18]. See Fig. 1. Each cell’s dynamic can
be modeled as Coulomb counting as follows [23], [24].

sn,t+1 = sn,t −
un,t

3600Cn
Ts + wn,t,

where sn is the state-of-charge (SOC) of cell n, Cn is the
cell capacity, and un is the balancing current of cell n.
Due to variations in manufacturing and operations, each cell
can have different capacity Cn, which can lead to different
SOC among cells. The objective of battery cell balancing
control is then to actively move electric charges from cell to
cell through a power converter to maintain a balanced SOC
among the battery cells. In this case study, we apply the
proposed AsynMPC to active cell balancing control problem
with a large number of cells, e.g. N = 100.

Assuming that s̄ is the balanced SOC level that we want
all cells to track, define xn,t = sn,t − s̄. Then we have the
folowing dynamics for subsystem n:

xn,t+1 = xn,t −
un,t

3600Cn
Ts + wn,t.

Furthermore, the input constraint U is defined as the set
of

[
uT
1,t uT

2,t . . . uT
N,t

]T
such that

∑
n un,t = 0 and

|un,t − un,t−1| ≤ δu. Here the first constraint states that the
sum of charge and discharge current should be equal to zero,
which is relaxed from the energy conservation constraint.
The second constraint limits the change rate of balancing
current as specified by the power converter capability.

For simulation purpose, we randomly generate cell param-
eters Cn to be up to ±10% different from a nominal value,

Fig. 3. Simulation results using the proposed AsynMPC. (a) SOC for each
cell. (b) Balancing current for each cell.

TABLE I
COMPARISON OF COMPUTATION TIME

Controller Solver Time [ms] Relative Solver Time
CMPC 139.6 100%

AsynMPC 19.2 13.72%
DMPC 11.0 7.88%

and the initial SOC of each cell to be up to ±5% away
from s̄ = 0.5. For comparison, a centralized MPC (CMPC)
and a cooperative distributed MPC (DMPC) [7] are also
implemented. The simulation results are plotted in Figs. 2-5.
In particular, Fig. 2 plots the SOC and control input for each
cell for CMPC, Fig. 3 for AsynMPC, and Fig. 4 for DMPC.
As can be seen, both AsynMPC and CMPC produce very
comparable control performance. In both cases, the battery
reach a balanced cell SOC at around 400 seconds. It can
also be noted that the transient performance of the proposed
AsynMPC is slightly worse compared to the CMPC. This
is because only a few cells are optimized at each time
instance, while for other cells, the previously optimized
control commands are shifted for real-time usage. Such a
decrease in control authority can be seen from Fig. 2(b) and
Fig. 3(b), where AsynMPC commands much less balancing
current compared to CMPC. DMPC, on the other hand, has a
very comparable transient performance compared to CMPC
as can be seen from Fig 4. However, it suffers from local
minimum in this case and does not converge to the true
optimum. Fig. 5 compares the standard deviation of cell
SOC with respect to time for each controllers, where the
degradation of AsynMPC during transient is clearly seen.
However, such an acceptable degradation is rewarded by the
large computation reduction as discussed next.

Overall, for AsynMPC, an average of less than 3 cells
are optimized at each time step. As demonstrated in Table
I, where computation time is measured in a standard PC
with 16 GB Ram and an i-7 2.1 GHz processor, over 86%
computation reduction can be achieved by the proposed
AsynMPC approach. It is worth noting that, AsynMPC
achieves very comparable computation reduction compared
to DMPC, while significantly improving the control perfor-
mance as discussed above.
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Fig. 4. Simulation results using cooperative distributed MPC. (a) SOC for
each cell. (b) Balancing current for each cell.
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Fig. 5. Comparison of the standard deviations of cell SOC when balanced
by different MPCs.

V. CONCLUSION

This paper proposes asynchronous model predictive con-
trol (MPC) for large interconnected systems subject to exter-
nal disturbances, where the structure of the optimal control
problem can be time-varying. In particular, the MPC is
reconfigured at each time step to solve a relatively smaller
optimization problem to reduce computation. Recursive fea-
sibility and stability of the proposed approach are rigor-
ously analyzed, hence supplementing existing work in this
emerging area. In addition, a new reconfiguration policy
that explicitly considers the prediction error introduced by
external disturbance is also proposed. The advantage is
clearly demonstrated through a numerical example on battery
cell-to-cell balancing control with 100 cells connected in
series. Specifically, the proposed asynchronous MPC can
achieve over 86% computation reduction while keeping the
closed-loop control performance comparable to centralized
MPC. Future work will focus on observer-based control and
its impacts on the reconfiguration policy and closed-loop
stability.
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