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Abstract—This paper studies integrated sensing and commu-
nication (ISAC) coordination for feedback control tasks under
shared platform constraints. We consider a cyber-physical system
in which a remote dynamical process (i.e., remote source) is
regulated with the support of an ISAC-enabled base station
that alternates between sensing the source state and commu-
nicating control-relevant information to the source, with the two
operations semantically intertwined rather than serving separate
targets and users. For a Gauss–Markov source with Bernoulli-
distributed sensing and communication links and a finite-horizon
linear-quadratic-Gaussian (LQG) cost, we derive the optimal
ISAC and control policies. Under a Bellman-operator condition,
we prove that the optimal ISAC policy at the base station follows
an order-threshold structure in terms of the source and base-
station estimation covariances, while the optimal control policy
at the source follows a certainty-equivalent structure in terms of
the source state estimate. We show that the threshold region,
defined as the set of estimation covariance pairs for which
communication is preferred over sensing, expands with increasing
source uncertainty and contracts with increasing base-station
uncertainty. Our numerical analysis validates the theoretical
findings.

Index Terms—Cyber-physical systems, Kalman filter, linear-
quadratic-Gaussian control, semantic communication.

I. INTRODUCTION

Integrated sensing and communication (ISAC) has recently
emerged as a transformative paradigm for future wireless
systems. This integration is particularly promising for cyber-
physical systems, where dynamical processes are monitored
through sensors, coordinated through communication net-
works, and influenced by actuators. In such systems, sensing,
communication, and control are inherently coupled, and the
overall system performance depends on their interaction within
a feedback loop. Conventional methodologies typically treat
these aspects separately: sensing is modelled as an independent
measurement unit, communication is abstracted as a channel
with prescribed constraints, and control is designed assuming a
fixed information pattern. While this modular approach simpli-
fies analysis and design, it is inappropriate for ISAC-enabled
feedback control tasks, where sensing and communication
compete for limited resources.

Note that ISAC can be studied at several levels, including
waveform-level integration through joint signalling design,
resource-level integration through shared resource design, and
decision-level integration through unified operational policy
design. This paper mainly focuses on integration at the de-
cision level, while abstracting the underlying physical in-
teraction through sensing and communication reliability and
resource parameters. We consider an ISAC-enabled base sta-
tion that supports a remote source by dynamically choosing

between sensing the source state and communicating control-
relevant information to the source, with the two operations
semantically intertwined rather than serving separate targets
and users. Both sensing and communication are unreliable and
costly. The objective is to optimise a finite-horizon control
cost at the source, together with sensing and communication
overheads. This setting captures the fundamental sensing-
communication tradeoff and serves as a rigorous analytical
foundation for understanding the dynamics of timely informa-
tion acquisition in ISAC-enabled cyber-physical systems.

II. RELATED WORK

This work lies at the intersection of ISAC and sensing
and communication strategies for feedback control tasks. We
review the related literature below.

1) Integrated Sensing and Communication: ISAC has re-
cently been identified by the International Telecommunication
Union as one of the six usage scenarios for 6G [1]. Its
emergence is driven by spectrum scarcity, shared sensing-
communication hardware, and the growing role of perceptive
networks in which sensing is treated as a primary service [2]–
[4]. Research on ISAC can be organised according to the level
at which sensing and communication are integrated. At the
waveform level, where integration is achieved by designing
the dual-functional signal [5]–[9], the design variables include
waveforms, transmit precoding and beamforming matrices,
and spatial beampatterns, while the objective is to balance
sensing signal-quality metrics against those for communica-
tion. At the resource level, where integration is achieved
by partitioning a shared, finite resource budget between the
two functions [10]–[15], the design variables include transmit
power, subcarrier assignments, and antenna or subarray parti-
tions, while the objective is to ensure feasibility and efficiency
under shared-resource contention. A more task-oriented per-
spective is decision-level integration, which treats sensing and
communication as actions to support downstream objectives
such as monitoring, navigation, and control. However, much
of the ISAC literature remains centred on traditional perfor-
mance metrics such as detection probability, achievable rate,
the Cramér–Rao bound (CRB), and signal-to-interference-
plus-noise ratio (SINR). These metrics are fundamental for
physical-layer design, but they do not directly capture the
requirements of feedback control tasks. In contrast to the above
physical-layer and spectrum-management contributions, our
work focuses on the control-theoretic implications of ISAC.

2) Sensing and Communication Strategies: Sensor schedul-
ing and sensor selection for control and estimation have a



long history, beginning with optimal measurement strategies
for linear stochastic systems [16]–[18]. More recent contribu-
tions have studied large-scale and networked settings, often
exploiting the notion of submodularity to derive tractable
policies [19]–[22]. These works primarily focus on deciding
when and which sensors to activate in order to improve
estimation accuracy. In contrast, in our setting, uncertainty
is reduced through the decisions of an ISAC system. This
induces a different trade-off that is not captured by the
above models. Furthermore, communication scheduling and
event-triggered sampling for estimation and control have been
studied extensively. Early results showed that event-triggered
sampling can outperform periodic sampling under communi-
cation constraints [23]. Subsequent contributions have devel-
oped transmission policies that often exhibit threshold-type
structures [24]–[34]. Our work departs fundamentally from
these formulations. Rather than abstracting sensing as exoge-
nous and optimising communication decisions in isolation, we
consider a unified decision-making problem in which sensing
and communication are mutually exclusive actions of a single
ISAC system resource.

A. Contributions and Outline

In this paper, we study how sensing and communication in
an ISAC-enabled cyber-physical system should be coordinated
to support feedback control of a remote source under shared
platform constraints. This setting raises two key questions: (i)
how sensing and communication resources should be sched-
uled over time, and (ii) how control actions should be applied
under sporadic information availability. For a Gauss–Markov
source with Bernoulli-distributed sensing and communication
links and a finite-horizon linear-quadratic-Gaussian (LQG)
cost, we derive the optimal ISAC and control policies. We
prove that the optimal ISAC policy at the base station follows
an order-threshold structure in terms of the source and base-
station estimation covariances, while the optimal control policy
at the source follows a certainty-equivalent structure in terms
of the source state estimate. We show that the threshold
region, defined as the set of estimation covariance pairs for
which communication is preferred over sensing, expands with
increasing source uncertainty and contracts with increasing
base-station uncertainty. Our numerical analysis validates the
theoretical findings. The remainder of the paper is organised
as follows. Sections III and IV formulate the problem and
present the main results. Section V provides numerical results.
Finally, Section VI concludes the paper and outlines directions
for future research.

III. PROBLEM STATEMENT

We consider a cyber-physical system composed of a remote
source and an ISAC-enabled base station (see Fig. 1 for a
representative example). The remote source evolves over time,
yet its limited onboard sensing may prevent it from directly
observing its navigational state or obtaining a full overview
of the surrounding environment. The base station performs
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Fig. 1: Illustration of an unmanned vehicle leveraging ISAC
support from a base station to enhance situational awareness
when onboard sensing is limited.

remote sensing of the source state and communicates control-
relevant information back to the source. The ISAC system at
each time selects either sensing or communication mode. The
goal is to minimise a control cost at the remote source together
with the sensing and communication operational costs over a
finite time horizon of length N .

A. System Model

Let the remote source (i.e., remote dynamical process) be
described by the Gauss–Markov model

xk+1 = Axk +Bak + wk, (1)

for k ∈ N[0,N ] with initial condition x0, where xk ∈ Rn is the
state of the process, A ∈ Rn×n is the state matrix, B ∈ Rn×m

is the input matrix, ak ∈ Rm is the control action implemented
by an actuator at the source, and wk ∈ Rn is a Gaussian white
noise with zero mean and covariance W ≻ 0.

The mode of the ISAC system at the base station at each
time k is determined by the mode action uk such that uk = 0 if
the ISAC system is in the sensing mode and uk = 1 if the it is
in the communication mode. Both sensing and communication
links are lossy and modelled as i.i.d. Bernoulli processes with
success probabilities λs ∈ [0, 1] and λc ∈ [0, 1]. Let γk ∈
{0, 1} be a link success indicator at time k. We can write

Pr(γk = 1 | uk) =

{
λs, if uk = 0,

λc, if uk = 1,
(2)

and Pr(γk = 0 | uk) = 1−Pr(γk = 1 | uk). When uk = 0, the
ISAC system attempts to sense a noisy version of the output of
the source. In this case, the measurement at time k is given by

yk+1 =

{
Cxk+1 + vk+1, if uk = 0 ∧ γk = 1,

∅, otherwise,
(3)

for k ∈ N[0,N ] with y0 = Cx0+v0 by convention, where yk ∈
Rp is the output of the radar at the base station, C ∈ Rp×n

is the output matrix, vk ∈ Rp is a Gaussian white noise with
zero mean and covariance V ≻ 0, and ∅ represents absence
of data. However, when uk = 1, the ISAC system attempts to
transmit control-relevant information (i.e., the best local state
estimate) to the source. Let x̌k be the MMSE state estimate at



the base station and Qk be its associated covariance matrix.
In this case, the received message at time k is given by

zk+1 =

{
(x̌k, Qk), if uk = 1 ∧ γk = 1,

∅, otherwise,
(4)

for k ∈ N[0,N ] with z0 = ∅ by convention, where zk is the
output of the channel and ∅ represents absence of data.

We assume that the following assumptions are satisfied:
the initial condition x0 is a Gaussian vector with mean m0

and covariance M0; the random variables x0, wt, and vs for
t, s ∈ N[0,N ] are mutually independent; the communication
success rate is higher than the sensing success rate, i.e.,
λc ≥ λs; a packet acknowledgement containing the success
indicator γk associated with the action uk is available to the
base station before the next decision epoch; and the error due
to quantisation is negligible.

B. Decision-Making Problem

In our formulation, the ISAC at the base station and the
actuator at the source act as two distributed decision makers.
Define the information sets Ib

k := {u0:k−1, γ0:k−1} and
Is
k := {u0:k−1, γ0:k−1, z0:k−1}. An admissible ISAC policy

is a sequence of measurable mappings π = {πk}Nk=0, where
πk : Ib

k → {0, 1}. The mode action at time k is given
by uk = πk(Ib

k). Moreover, an admissible control policy is
a sequence of measurable mappings µ = {µk}Nk=0, where
µk : Is

k → Rm. The control action at time k is given by
ak = µk(Is

k). Note that the MMSE state estimate at time
k at the base station is obtained based on Ib

k and all raw
measurements y0:k. This state estimate represents the best
reconstruction of the source state, which can be communicated
to the source. However, an admissible ISAC policy depends
only on Ib

k, which leads to a tractable policy that relies on
estimation uncertainties.

Our goal is to identify the best solution (π⋆, µ⋆) to the
stochastic optimisation problem

minimize
π∈P,µ∈M

Υ(π, µ), (5)

where P and M are the sets of admissible ISAC policies and
admissible control policies, and

Υ(π, µ) :=
1

N + 1
E

[N+1∑
k=0

xT
kΩ

x
kxk +

N∑
k=0

aTkΩ
a
kak

]

+
1

N + 1
E

[ N∑
k=0

θs(1− uk) + θcuk

]
(6)

for Ωx
k ⪰ 0 and Ωa

k ≻ 0 as weighting matrices and θck > 0
and θs > 0 as weighting scalars. We assume that θc ≥ θs,
meaning that the cost of communication is at least equal to
that of sensing.

IV. MAIN RESULTS

In this section, we present our main results. We first express
the optimal estimators at the base station and the source.

Proposition 1: Let x̌k = E[xk|Ib
k, y0:k] and Qk = cov[xk −

x̌k|Ib
k, y0:k]. The optimal estimator at the base station satisfies

the recursive equation

x̌k+1 = Ax̌k +Bak + γk(1− uk)Kk+1νk+1, (7)

Qk+1 =
(
(AQkA

T +W )−1+ γk(1−uk)C
TV −1C

)−1
, (8)

for k ∈ N[0,N ] with initial conditions x̌0 = m0 + K0(y0 −
Cm0), Q0 = (M−1

0 + CTV −1C)−1, where νk = yk −
CAx̌k−1−CBak−1 and Kk = QkC

TV −1. Let x̂k = E[xk|Is
k]

and Pk = cov[xk−x̂k|Is
k]. The optimal estimator at the source

satisfies the recursive equation

x̂k+1 = Ax̂k +Bak + γkukAẽk, (9)

Pk+1 = APkA
T + γkukA(Qk − Pk)A

T +W, (10)

for k ∈ N[0,N ] with initial conditions x̂0 = m0 and P0 = M0,
where ẽk = x̌k − x̂k.

Note that, according to Proposition 1, the base-station
estimator follows the usual prediction-correction form of a
Kalman filter with intermittent observations. Its covariance
recursion is written in information form: the prior covariance
AQkA

⊤ + W is corrected by the measurement information
C⊤V −1C only when γk(1 − uk) = 1, i.e., when a sensing
operation is successful. By contrast, the source estimator can-
not use raw measurements directly. When γkuk = 1, i.e., when
the source receives the base-station estimate, its covariance is
reduced from the predicted source covariance APkA

⊤+W to
the propagated base-station covariance AQkA

⊤ +W .
Since the covariance recursions are deterministic functions

of the mode and acknowledgement history, the ISAC policy
can equivalently be represented as a function of the covariance
state (Pk, Qk). Let D := {(P,Q) : P,Q ∈ Sn+, 0 ⪯ Q ⪯
P}. The prediction and update maps are Φ(X) = AXA⊤ +

W and Ψ(X) =
(
Φ(X)−1 + C⊤V −1C

)−1
. Define Γk :=

A⊤Sk+1B
(
B⊤Sk+1B + Ωa

k

)−1
B⊤Sk+1A, where St ∈ Sn+

satisfies the Riccati recursion

St = Ωx
t +ATSt+1A−ATSt+1B

×
(
BTSt+1B +Ωa

t

)−1
BTSt+1A. (11)

with terminal condition SN+1 = Ωx
N+1. Let us define a

reduced value function as

Vk(P,Q) := min
π

E
[ N∑
t=k

(tr(ΓtPt) + θ̄ut) | (Pk, Qk) = (P,Q)
]
,

where θ̄ = θc − θs with terminal value VN+1(P,Q) = 0.
Equivalently, Vk = TkVk+1, for k ∈ N[0,N ], where, for a
generic continuation function V : D → R,

(TkV )(P,Q) = tr(ΓkP )+min{FV
k,sense(P,Q), FV

k,comm(P,Q)}.
Here,

FV
k,sense(P,Q) = λsV (Φ(P ),Ψ(Q))

+ (1− λs)V (Φ(P ),Φ(Q)),

FV
k,comm(P,Q) = θ̄ + λcV (Φ(Q),Φ(Q))

+ (1− λc)V (Φ(P ),Φ(Q)).



For the optimal value function, we write Fk,u := F
Vk+1

k,u , for
u ∈ {sense, comm}. The switching advantage function is

∆k(P,Q) := F
Vk+1

k,sense(P,Q)− F
Vk+1

k,comm(P,Q).

For the structural result, we impose a local operator con-
dition on the continuation value. For every admissible triple
0 ⪯ Q ≺ Q′ ⪯ P , and every u ∈ {sense, comm}, define

AV
k,u := FV

k,u(Φ(Q
′),Φ(Q′))− FV

k,u(Φ(Q),Φ(Q)),

BV
k,u := FV

k,u(Φ(P ),Ψ(Q′))− FV
k,u(Φ(P ),Ψ(Q)),

CV
k,u := FV

k,u(Φ(P ),Φ(Q′))− FV
k,u(Φ(P ),Φ(Q)).

Let dΦ(P,Q,Q′) > 0 and dΨ(P,Q,Q′) > 0 be positive
gauges, and define

κΨ,Φ(P,Q,Q′) :=
dΨ(P,Q,Q′)

dΦ(P,Q,Q′)
,

ηΦk (P,Q,Q′) :=
tr(Γk(Φ(Q

′)− Φ(Q)))

dΦ(P,Q,Q′)
.

Definition 1 (Local Lipschitz Condition): We say that V
satisfies the local Lipschitz condition if, for every 0 ⪯ Q ≺
Q′ ⪯ P , there exist interval-local one-sided slope bounds
LA,V
k,u , LB,V

k,u , and LC,V
k,u , for u ∈ {sense, comm}, such that

AV
k,u ≥ LA,V

k,u dΦ, BV
k,u ≤ LB,V

k,u dΨ, CV
k,u ≤ LC,V

k,u dΦ, and

λcηΦk + λc min
u∈{sense,comm}

LA,V
k,u

≥ λsκΨ,Φ max
u∈{sense,comm}

LB,V
k,u + (λc − λs) max

u∈{sense,comm}
LC,V
k,u ,

where all slope bounds and gauges are evaluated at (P,Q,Q′).
Theorem 1: Suppose that Vk+1 satisfies the local Lipschitz

condition for k ∈ N[0,N ]. Associated with the problem in (5),
the optimal ISAC policy obeys an order-threshold structure in
the following sense: the switching region

Ck := {(P,Q) ∈ D : ∆k(P,Q) ≥ 0} (12)

is upward closed in P and downward closed in Q under the
Loewner order, i.e.,

(P,Q) ∈ Ck =⇒ (P ′, Q) ∈ Ck, (13)
(P,Q′) ∈ Ck =⇒ (P,Q) ∈ Ck. (14)

for Q ⪯ Q′ ⪯ P ⪯ P ′; and the optimal control policy obeys
a certainty-equivalent structure, i.e.,

a⋆k = −Lkx̂k, (15)

for k ∈ N[0,N ], where Lk = (BTSk+1B +Ωa
k)

−1BTSk+1A.
Note that Theorem 1 separates the roles of the actuator

and the ISAC system. The control action follows the standard
LQG form and depends on the source-side state estimate x̂k.
The ISAC decision, by contrast, depends on the covariance
state (P,Q). The order-threshold property implies that com-
munication becomes more attractive as the source covariance
P increases, while sensing becomes more attractive as the
base-station covariance Q increases. In the scalar case, where
the order is total, the result reduces to the usual threshold
policy. However, in the matrix-valued case, the result should be

interpreted as a monotone switching region under the Loewner
order, rather than as a scalar threshold curve.

We now turn to the proof of Theorem 1. We first define two
structural classes of functions.

Definition 2 (Class M): A function f : D → R belongs to
M if it is nondecreasing in each covariance argument under
the Loewner order, i.e.,

P ′ ⪰ P =⇒ f(P ′, Q) ≥ f(P,Q),

Q′ ⪰ Q =⇒ f(P,Q′) ≥ f(P,Q).

Definition 3 (Class W): A function f : D → R belongs to
W if, for every 0 ⪯ Q ⪯ Q′ ⪯ P , we have

λcAf (P,Q,Q′) ≥ λsBf (P,Q,Q′) + (λc − λs)Cf (P,Q,Q′),

where

Af (P,Q,Q′) := f(Φ(Q′),Φ(Q′))− f(Φ(Q),Φ(Q)),

Bf (P,Q,Q′) := f(Φ(P ),Ψ(Q′))− f(Φ(P ),Ψ(Q)),

Cf (P,Q,Q′) := f(Φ(P ),Φ(Q′))− f(Φ(P ),Φ(Q)).

We define the structural class H := M∩W . We now provide
the proof of Theorem 1.

Proof: The proof is structured in four steps.
Step 1: We first exploit the separation structure of the problem.
For a fixed ISAC policy π, define the value function

Υ′(π, µ) := E

[ N∑
k=0

hT
kΛkhk + θ̄uk

]
, (16)

where ht := at + (B⊤St+1B + Ωa
t )

−1B⊤St+1Axt and
Λt := B⊤St+1B+Ωa

t ≻ 0. Applying the separation principle,
one can show that the control policy over µ ∈ M that
optimises (16) is a⋆k = −Lkx̂k, which is a certainty-equivalent
policy. Substituting this result into the cost function yields the
equivalent cost function

Υ′(π, µ⋆) = E

[ N∑
k=0

(
tr(ΓkPk) + θ̄uk

)]
. (17)

Thus, the joint problem reduces to an estimation problem,
expressed as a minimisation of a weighted sum of estimation
covariances.
Step 2: We show that under the local Lipschitz operator
condition, if Vk+1 ∈ H, then Vk ∈ H. Since VN+1 = 0,
we have VN+1 ∈ H. We prove separately that Vk ∈ M and
Vk ∈ W . Since Vk+1 ∈ M, and since Φ and Ψ are Loewner
monotone, the functions

(P,Q) 7→ Vk+1(Φ(P ),Ψ(Q)),

(P,Q) 7→ Vk+1(Φ(P ),Φ(Q)),

(P,Q) 7→ Vk+1(Φ(Q),Φ(Q))

are nondecreasing on D. Therefore Fk,s and Fk,c are nonde-
creasing. The pointwise minimum of nondecreasing functions
is nondecreasing. Since P 7→ tr(ΓkP ) is nondecreasing under
the Loewner order for Γk ⪰ 0, it follows that Vk ∈ M.



It remains to prove Vk ∈ W . Fix 0 ⪯ Q ⪯ Q′ ⪯ P . Define

AVk
:= Vk(Φ(Q

′),Φ(Q′))− Vk(Φ(Q),Φ(Q)),

BVk
:= Vk(Φ(P ),Ψ(Q′))− Vk(Φ(P ),Ψ(Q)),

CVk
:= Vk(Φ(P ),Φ(Q′))− Vk(Φ(P ),Φ(Q)).

Using Vk(P,Q) = tr(ΓkP ) + minu∈{sense,comm} Fk,u(P,Q),
we have

AVk
= tr(Γk[Φ(Q

′)− Φ(Q)])

+ min
u

Fk,u(Φ(Q
′),Φ(Q′))−min

u
Fk,u(Φ(Q),Φ(Q)).

Since minu xu −minu yu ≥ minu(xu − yu), we get

AVk
≥ tr(Γk[Φ(Q

′)− Φ(Q)]) + min
u∈{sense,comm}

AFk,u
.

Similarly, since minu xu − minu yu ≤ maxu(xu − yu),
and since the immediate term cancels in the B- and
C-increments, we get BVk

≤ maxu∈{sense,comm} BFk,u
,

and CVk
≤ maxu∈{sense,comm} CFk,u

. By the interval-
local bounds, minu AFk,u

≥ dΦ minu L
A
k,u, maxu BFk,u

≤
dΨ maxu L

B

k,u = dΦκΨ,Φ maxu L
B

k,u, and maxu CFk,u
≤

dΦ maxu L
C

k,u. Also, observe that tr(Γk[Φ(Q
′)− Φ(Q)]) =

dΦη
Φ
k . Combining these inequalities with the local Lipschitz

condition gives

λcAVk
≥ λsBVk

+ (λc − λs)CVk
.

Thus, Vk ∈ W . Consequently, Vk ∈ M∩W = H.
Step 3: We now prove that ∆k(P,Q) is nondecreasing in P
and nonincreasing in Q. Let f := Vk+1. First, take P ′ ⪰ P .
Since Φ is Loewner monotone, Φ(P ′) ⪰ Φ(P ). Using the
expression

∆k(P,Q) = −θ̄ + λsf(Φ(P ),Ψ(Q))

+ (λc − λs)f(Φ(P ),Φ(Q))− λcf(Φ(Q),Φ(Q)),

we get

∆k(P
′, Q)−∆k(P,Q)

= λs
[
f(Φ(P ′),Ψ(Q))− f(Φ(P ),Ψ(Q))

]
+ (λc − λs)

[
f(Φ(P ′),Φ(Q))− f(Φ(P ),Φ(Q))

]
.

Because f ∈ M, both finite differences are nonnegative. Since
λs > 0 and λc − λs ≥ 0, we obtain ∆k(P

′, Q) ≥ ∆k(P,Q).
Second, take 0 ⪯ Q ⪯ Q′ ⪯ P . Define A := Af (P,Q,Q′),

B := Bf (P,Q,Q′), C := Cf (P,Q,Q′). Then

∆k(P,Q
′)−∆k(P,Q) = λsB + (λc − λs)C − λcA.

Because f ∈ W , λcA ≥ λsB + (λc − λs)C. Therefore,
∆k(P,Q

′)−∆k(P,Q) ≤ 0. This proves the claim.
Step 4: Therefore, by Step 3, ∆k is nondecreasing in P and
nonincreasing in Q. Now suppose (P,Q) ∈ Ck and P ′ ⪰
P . Then, ∆k(P

′, Q) ≥ ∆k(P,Q) ≥ 0, so (P ′, Q) ∈ Ck.
Similarly, suppose (P,Q′) ∈ Ck and Q ⪯ Q′ ⪯ P . Since ∆k is
nonincreasing in Q, ∆k(P,Q) ≥ ∆k(P,Q

′) ≥ 0, so (P,Q) ∈
Ck. This proves the claimed order-threshold structure.
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Fig. 2: Value function at k = 0 over the source and base-
station variances.
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Fig. 3: Optimal switching map at k = 0, showing the threshold
structure of the optimal ISAC policy.

V. NUMERICAL EXPERIMENTS

In this section, we present a numerical experiment. For the
simulations, we consider the dynamic programming formu-
lation with the value function corresponding to the reduced
cost after applying the control policy, and use the following
parameters: A = 0.9, B = 1, C = 1.0, W = 0.3,
V = 0.1, and Ωx

k = Ωa
k = 1. The horizon length is chosen

as N = 50 and link reliabilities are (λs, λc) = (0.8, 0.85).
To compute the value function V0(P,Q) in terms of estima-
tion variances, we evaluated the value function on a regular
grid, discretised into uniformly spaced points. A sufficient
resolution is chosen to reveal the qualitative structure of the
value function while keeping computation tractable. Fig. 2
illustrates the value function V0(P,Q) over the grid of source
and base-station variances. As expected, the value function is
monotone increasing in the source variance P and the base-



station variance Q, i.e., higher uncertainty at the source or
the base station directly raises the expected quadratic cost.
To complement this, Fig. 3 shows the corresponding decision
map, indicating the regions where it is optimal to sense (u = 0)
or to communicate (u = 1). The boundary between these two
regions clearly exhibits the threshold structure predicted by
our theoretical analysis, i.e., for fixed Q, larger values of P
favour communication, while for fixed P , larger values of Q
favour sensing.

VI. CONCLUSION

In this paper, we have studied the role of ISAC in cyber-
physical systems. We characterised the structural properties
of the optimal ISAC and control policies. Under a Bellman-
operator condition, we established that the optimal ISAC
policy at the base station admits an order-threshold structure
in terms of the source and base-station estimation covariances,
while the optimal control policy at the source takes the
certainty-equivalent structure in terms of the source state
estimate. These results provide a formal synthesis framework
for ISAC-enabled remote control tasks, revealing how sensing
and communication should be dynamically balanced to achieve
optimal closed-loop performance.

REFERENCES

[1] ITU-R, “Framework and overall objectives of the future development
of IMT for 2030 and beyond,” Tech. Rep. Recommendation ITU-R
M.2160-0, International Telecommunication Union, 2023.

[2] F. Liu, Y. Cui, C. Masouros, J. Xu, T. X. Han, Y. Li, C. Yuen, R. Schober,
and H. V. Poor, “Integrated sensing and communications: Toward dual-
functional wireless networks for 6g and beyond,” IEEE Journal on
Selected Areas in Communications, vol. 40, no. 6, pp. 1728–1767, 2022.

[3] F. Liu, C. Masouros, A. P. Petropulu, H. Griffiths, and L. Hanzo, “Joint
radar and communication design: Applications, state-of-the-art, and the
road ahead,” IEEE Trans. on Communications, vol. 68, no. 6, pp. 3834–
3862, 2020.

[4] N. C. Luong, X. Lu, D. T. Hoang, D. Niyato, and D. I. Kim, “Radio
resource management in joint radar and communication: A comprehen-
sive survey,” IEEE Communications Surveys & Tutorials, vol. 23, no. 2,
pp. 780–814, 2021.

[5] K. V. Mishra, M. B. Shankar, V. Koivunen, B. Ottersten, and S. A.
Vorobyov, “Toward millimeter-wave joint radar communications: A sig-
nal processing perspective,” IEEE Signal Processing Magazine, vol. 36,
no. 5, pp. 100–114, 2019.

[6] H. Hua, T. X. Han, and J. Xu, “MIMO integrated sensing and commu-
nication: CRB-rate tradeoff,” IEEE Trans. on Wireless communications,
vol. 23, no. 4, pp. 2839–2854, 2023.

[7] Y. Xiong, F. Liu, Y. Cui, W. Yuan, T. X. Han, and G. Caire, “On the
fundamental tradeoff of integrated sensing and communications under
Gaussian channels,” IEEE Trans. on Information Theory, vol. 69, no. 9,
pp. 5723–5751, 2023.

[8] C. Sturm and W. Wiesbeck, “Waveform design and signal processing
aspects for fusion of wireless communications and radar sensing,”
Proceedings of the IEEE, vol. 99, no. 7, pp. 1236–1259, 2011.

[9] F. Liu, Y.-F. Liu, A. Li, C. Masouros, and Y. C. Eldar, “Cramér-Rao
bound optimization for joint radar-communication beamforming,” IEEE
Trans. on Signal Processing, vol. 70, pp. 240–253, 2021.

[10] D. Xu, X. Yu, D. W. K. Ng, A. Schmeink, and R. Schober, “Robust and
secure resource allocation for isac systems: A novel optimization frame-
work for variable-length snapshots,” IEEE Trans. on Communications,
vol. 70, no. 12, pp. 8196–8214, 2022.

[11] Z. He, W. Xu, H. Shen, D. W. K. Ng, Y. C. Eldar, and X. You,
“Full-duplex communication for ISAC: Joint beamforming and power
optimization,” IEEE Journal on Selected Areas in Communications,
vol. 41, no. 9, pp. 2920–2936, 2023.

[12] Y. Shi, L. Li, W. Lin, W. Liang, and Z. Han, “Beamforming in secure
integrated sensing and communication systems with antenna allocation,”
in Proc. IEEE Globecom Workshops, pp. 1–6, IEEE, 2024.

[13] B. Liao, H. Q. Ngo, M. Matthaiou, and P. J. Smith, “Power allocation
for massive MIMO-ISAC systems,” IEEE Trans. on Wireless Commu-
nications, vol. 23, no. 10, pp. 14232–14248, 2024.

[14] S. Peng, B. Li, L. Liu, Z. Fei, and D. Niyato, “Trajectory design and
resource allocation for multi-UAV-assisted sensing, communication, and
edge computing integration,” IEEE Trans. on Communications, vol. 73,
no. 4, pp. 2847–2861, 2024.

[15] Z. Liu, X. Liu, Y. Liu, V. C. Leung, and T. S. Durrani, “UAV assisted
integrated sensing and communications for Internet of Things: 3D
trajectory optimization and resource allocation,” IEEE Trans. on Wireless
Communications, vol. 23, no. 8, pp. 8654–8667, 2024.

[16] H. J. Kushner, “On the optimum timing of observations for linear control
systems with unknown initial state,” IEEE Trans. on Automatic Control,
vol. 9, no. 2, pp. 144–150, 1964.

[17] L. Meier, J. Peschon, and R. M. Dressler, “Optimal control of measure-
ment subsystems,” IEEE Trans. on Automatic Control, vol. 12, no. 5,
pp. 528–536, 1967.

[18] M. Athans, “On the determination of optimal costly measurement
strategies for linear stochastic systems,” Automatica, vol. 8, no. 4,
pp. 397–412, 1972.

[19] V. Gupta, T. H. Chung, B. Hassibi, and R. M. Murray, “On a stochastic
sensor selection algorithm with applications in sensor scheduling and
sensor coverage,” Automatica, vol. 42, no. 2, pp. 251–260, 2006.

[20] F. Farokhi and K. H. Johansson, “Stochastic sensor scheduling for
networked control systems,” IEEE Transactions on Automatic Control,
vol. 59, no. 5, pp. 1147–1162, 2014.

[21] A. Hashemi, M. Ghasemi, H. Vikalo, and U. Topcu, “Randomized
greedy sensor selection: Leveraging weak submodularity,” IEEE Trans-
actions on Automatic Control, vol. 66, no. 1, pp. 199–212, 2020.

[22] L. F. Chamon, G. J. Pappas, and A. Ribeiro, “Approximate super-
modularity of Kalman filter sensor selection,” IEEE Transactions on
Automatic Control, vol. 66, no. 1, pp. 49–63, 2020.
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