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Abstract—This paper proposes a goal-oriented design frame-
work for Integrated Sensing and Communications (ISAC) at
the network layer. Devices equipped with dual-functional radar
and communication (DFRC) transceivers that jointly perform a
sensing task and carry data traffic are considered. The goal
of the sensing application is to maximize the classification
accuracy, while the network aims to preserve throughput
for the enhanced Mobile Broadband (eMBB) service and to
respect energy constraints. A cross-layer optimization problem
that adapts the lower layer parameters (sensing power and
scheduling policy) for maximizing the classification accuracy,
while respecting constraints related to the available resources
(eMBB throughput, device’s maximal power, and total energy),
is formulated. A tractable relaxation of the problem is proposed,
yielding an approximate optimal policy that is computable by
solving successive convex optimization problems. Our numerical
experiments, conducted both on a synthetic Gaussian mixture
dataset and on a radar simulation dataset, show the superiority
of our goal-oriented scheme policy to classical ISAC schemes.

Index Terms—ISAC, goal-oriented communications.

I. INTRODUCTION

Integrated Sensing and Communications (ISAC) integrates
radar sensing and wireless communications into the same
hardware and uses the RF signals for sensing [1]. ISAC has
been extensively studied in the past few years and is considered
an essential enabler for 6G networks [2]. Fundamental perfor-
mance limits have been studied from an information-theoretical
point of view in [3]. From the physical layer perspective, the
tradeoff between radar metrics (detection probability, resolution,
etc.) and the communication link capacity has been studied in
[4]–[6]. However, ISAC is not restricted to the physical layer,
and it includes the broader concept of the cross-layer design of
6G networks for conveying sensing information in an optimal
way [1], [7]–[10]. The sensory data have been exploited in
[7] for training a deep neural network (DNN) for recognizing
human activities. Multi-view sensing data have been used in
[8] for extracting features, and the communication link is used
for conveying them to a centralized edge server that conducts
the model inference. A distributed source estimation problem is
considered in [9], where sensors have partial information about
the source and use the communication channel for sharing
data and performing estimation.

While the majority of ISAC literature focuses on the
performance tradeoffs between sensing and communications,
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there is still a need for a global design framework that considers
the networking and sensing constraints and goals. We argue
in this paper that goal-oriented communication is an adequate
paradigm in this context. Goal-oriented communications have
emerged as a novel paradigm in wireless networks, and are
expected to be an integral part of 6G systems [11], [12]. Goal
relates to the performance of a specific application, rather than
classical telecommunication metrics such as the Quality of
Service (QoS) (throughput, delay, etc.). In other words, goal-
oriented communications aim to maximize the impact of the
received bits for a custom goal intended by the transmitter
and the receiver [11]. It is sometimes called task-oriented, as
in [13], and has been identified as an enabler for sustainable
networking, as only the necessary amount of data for achieving
the goal is transmitted [14].

We consider in this paper an ISAC system designed under
a goal related to the sensing accuracy, measured in terms
of the discriminant gain [15]. We also integrate the classical
communication requirement, measured in terms of data rate
for the enhanced Mobile Broadband (eMBB) [16]. Our goal-
oriented design leverages two factors: sensing power and
scheduling policy. The former is a classical optimization lever
for ISAC, while the current paper is the first to consider
scheduling and resource allocation as a part of the ISAC
system design. We formulate an optimization problem that
maximizes the sensing accuracy under constraints on devices’
powers, eMBB data rate, and total energy. The problem solution
provides both the optimal selection of devices to be sampled
and their corresponding sensing powers.

The original contributions of the paper are as follows:
• We propose in Section II a novel goal-oriented system

design framework for ISAC, that considers both the physical
layer and network aspects (scheduling and resource allocation),
and that integrates a global vision of the system with the
presence of multiple devices and eMBB service. This extends
from the state of the art [8] which only focuses on the physical
layer. Our cross-layer scheme thus integrates the physical,
MAC (Medium Access Control), and application layers.

• We formulate in Section III a constrained optimization
problem that ensures scalability by selecting the optimal subset
of sensors to query within the available resources, while
maximizing the application goal.

• Numerical results show in Section IV that the proposed
goal-oriented scheme is able to preserve the sensing accuracy
under high-level guarantees on eMBB performance.
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Figure 1: Network sensing model

II. SYSTEM MODEL

A. Distributed Sensing Model

We consider a scenario where K devices sense an en-
vironment under the query of a fusion center. The fusion
center selects a policy that dictates the expected probability of
selecting a device for the sensing task and the power a device
must allocate to sensing. Then, at the beginning of a monitoring
cycle, the devices that are selected for sensing according to
the scheduling policy dedicate a share of power to gather
environmental data (e.g., radar sensing, video monitoring),
and extract features out of this recording. At the end of the
monitoring cycle, the features are sent to the fusion center,
which performs a classification task by harnessing the gathered
features.

In this paper, we assume the goal sought by the fusion
center is to classify targets in the environment. To that end, the
smart devices employ dual-functional radar and communication
(DFRC) transceivers [17] and only switch to sensing mode
when scheduled. A sensing cycle consists of three stages:
sensing, feature transmission, and stall. In the sensing stage,
the scheduled devices use frequency-modulated continuous-
wave (FMCW) radar waveforms to sense the environment.
Then, they extract features locally, transmit them to the fusion
center, and finally stall until the beginning of the next sensing
cycle. During this stalling period, their transceivers can be used
for classical communication. When a device is not scheduled
for sensing by the fusion center during the cycle, it uses its
transceivers for classical communications for the whole cycle.
The overall setup is illustrated in Figure 1.

B. Sensing Task and Network Classification Metric

Let Ts, Tf , and Tstall denote the duration of the sensing time,
the feature transmission time, and the stalling time (Figure 1),
respectively. The duration of the sensing cycle T is thus given
by T = Ts + Tf + Tstall. After sensing, the k-th device

extracts a feature vector xk ∈ CNk which we model as a
random vector whose probability distribution depends on the
state of the environment that we want to estimate. We write
pk,ℓ = P(xk|Hℓ) the conditional probability distribution of xk
given the hypothesis Hℓ that the target belongs to the ℓ-th class,
ℓ ∈ {1, 2, . . . , L}. For statistical and optimization convenience,
we focus on the case where the conditional distributions of
the classes are Gaussian, that is

pk,ℓ = N
(
µk,ℓ,Σk +

σ2
r

Ps,k
INk

)
(1)

where µk,ℓ = {µnk,ℓ}
Nk
1k

is the mean value of xk under Hℓ.
The residual variance of xk and the noise variance are denoted
Σk = diag(σ1k , · · · , σnk

) and σ2
r , respectively, which are

assumed to be independent of ℓ, while Ps,k is the power
allocated by the k-th device to sensing. In our model (1), the
variance of pk,ℓ decreases with Ps,k, and converges to the
residual variance Σk in the asymptotic Ps,k → ∞.

We assess the goodness of the classification task in terms of
its discriminant gain [15], which measures the discernibility
between the classes. At the k-th sensor, the pairwise discrimi-
nant gain between two hypothesis (or classes) Hℓ and Hℓ′ is
defined as the symmetric Kullback-Leibler (KL) divergence
between the conditional probability density pk,ℓ and pk,ℓ′ . That
is, under the Gaussian assumption (1):

G
(ℓ,ℓ′)
k (Ps,k) ≜ DKL (pk,ℓ ∥ pk,ℓ′) + DKL (pk,ℓ′ ∥ pk,ℓ)

=

Nk∑
nk=1

(µnk,ℓ − µnk,ℓ′)
2

σ2
nk

+ σ2
r/Ps,k

. (2)

When the number of classes is greater than two, the discrimi-
nant gain is defined as the smallest discriminant gain between
any two classes

Gk(Ps,k) = min
ℓ̸=ℓ′

G
(ℓ,ℓ′)
k (Ps,k), (3)

reflecting the least distinguishable pair of classes at the k-th
sensor. The metric (2) is theoretically grounded since the KL
divergence provides a lower bound of the error exponent of
the probability of error of the optimal Hoeffding test [18].

In our distributed sensing model, the fusion center dictates
a policy {π = [π1, · · · , πK ],Ps = [Ps,1, . . . , Ps,K ]}, where
πk controls the fraction of time that the k-th device in the
network have to allocate to the common sensing task with
sensing power Ps,k. The network discriminant gain under a
policy {π,Ps} is defined at the fusion center as the linear
combination of the sensor’s discriminant gain, weighted by
the scheduling policy π, that is

G(π,Ps) =

K∑
k=1

πkGk(Ps,k). (4)

Under the additional assumption that the conditional dis-
tribution {p1,ℓ, . . . , pK,ℓ} are jointly independent for ℓ ∈
{1, . . . , L}, the network discriminant gain (4) also indicate a
lower bound on the error exponent of the classification task



based on the merged data from the K sensors at the fusion
center.

While the application goal is usually expressed in terms
of the realized accuracy of the fusion center’s classification,
the network discriminant gain (4) provides a good proxy
for it. In Section IV, a numerical experiment will showcase
that policies achieving higher network discriminant gain also
achieve superior classification accuracy.

III. GOAL-ORIENTED SYSTEM DESIGN

A. Problem Formulation
The sensing performance model described above supposes

the collaboration of K devices, with device k extracting Nk
features, leading to the total discriminant gain of Equation (4).
This gain depends on both physical and network layer param-
eters:

• At the physical level, in sensing application perspective,
quality of the observation associated with each of the devices
encompassed in the probability distribution pk,ℓ in Equation (1)
affects the classification performance. While, the distribution
mean µk,ℓ and residual variance Σk,ℓ are imposed by the
sensing environment (e.g. the device processing capacity, the
physical location of the device, . . . ) and cannot be controlled
by the system, the sensing power Ps,k is an optimization lever
that influences the application performance.

• At the network level, because of quality of service and
resource constraints, not all devices can be queried in a
cycle. An important optimization lever is the scheduling policy
selected by the fusion center, which selects the subset of devices
to query at each cycle. The scheduling probability π integrates
the expected contribution of the device to the application goal,
such as in Equation (2), but also its radio conditions, which
define the cost for sending its data on the radio interface. We
denote by ek the spectral efficiency of the k-th device, which
can be computed from the signal to Interference and Noise
ratio (SINR) as ek = f(SINRk) via the modified Shannon
formula as in [19], or using simulation-based link level curves
as in [20].

Our goal-oriented design framework aims at maximizing the
application goal, modeled as the network discriminant gain (4)
by acting on both the sensing power of the DFRC transceiver
Pr = [Ps,1, . . . , Ps,K ] ∈ R+K and the scheduling policy of
the network π ∈ [0, 1]K . Hence, our application objective is

maximize
π∈[0,1]K ,Ps∈R+K

G(π,Ps). (5)

This objective (5) is maximized under different constraints
reflecting the limited sensing capabilities of the devices, the
network resources, the service requirements of the data network,
and the total energy. The modeling constraints are detailed in
the following.

1) Device power constraint: The sensing power is naturally
limited by hardware specification. Additionally, depending on
the operating mode or battery level, the device can set a logical
limit on the sensing power,

Ps,k ≤ Pmax,k, k ∈ {1, · · · ,K}. (C1)

2) eMBB data rate constraint: Assuming that the base
station deploys a fair bandwidth-sharing strategy for regular
data, the average rates of the three stages are as follows. During
the stall stage, the k-device can transmit at the rate

rstallk =
ekB

K
,

where ek is the spectral efficiency of the k-th device and B is
the communication bandwidth. During the sensing stage, the
k-device can only transmit if it has been scheduled for sensing
by the fusion center. Hence, the k-th device transmits eMBB
data with a probability of 1− πk. Assuming the scheduling
policies are independent between devices, the k-th device’s
average transmission rate during the sensing stage is

rsk = (1− πk)E
[

ekB

1 +mk

]
,

where mk is the number of other devices sending eMBB
data simultaneously with the k-th device, P [mk = m] =∑
A∈Fm

∏
i∈A(1− πi)

∏
j∈Ac πj , Fm is the set of all subsets

of m integers selecting from {1, . . . ,K} \ {k}, and the
complement Ac = {1, . . . ,K} \ {k} \A. Furthermore, during
the feature transmission stage, the devices report the acquired
features to the fusion center. Consequently, there is no eMBB
transmission, that is rfk = 0. Hence, the final average eMBB
rate for device k is

ravgk =
1

T

(
Tstallr

stall
k + Tsr

s
k + Tfr

f
k

)
=
ekB

T

(
Tstall
K

+ Ts(1− πk)E
[

1

1 +mk

])
. (6)

The base station should guarantee a minimum eMBB rate for
each device depending on its radio conditions:

ravgk ≥ rmin
k , k ∈ {1, · · · ,K}. (C2)

The guarantee levels rmin
k in constraint (C2) can be device-

dependent, as devices with less favorable radio conditions
would consume a larger amount of resources if guaranteed at
the same throughput as devices with a large SINR. However,
our model remains general and allows an arbitrary guarantee
policy [rmin

1 , . . . , rmin
K ]. A selection method for the guarantee

policy is proposed in Section IV.
3) Total energy constraint: To better control the energy

consumption of the system, the total energy for the sensing
service is bounded by an energy budget E, yielding

K∑
k=1

(Ps,kTs + Pf,kTf )πk ≤ E, (C3)

where Pf,k is the feature transmission power of the k-th device.
With the above constraints, the optimal policy for our goal-

oriented scheduling problem reads

maximize
π,Ps

G(π,Ps)

subject to πk ∈ [0, 1], k ∈ {1, . . . ,K}
Ps,k ∈ R+, k ∈ {1, . . . ,K}
(C1) and (C2) and (C3). (P0)



B. Policy Derivation

The optimal policy definition (P0) is elusive as the pro-
gram (P0) is computationally intractable due to the combi-
natorial aspect of the objective function (4) and the non-
convex constraints. In this section, we construct an approximate
optimal policy by relaxing the cost and constraints of (P0)
into reasonable convex surrogates which are well-behaved and
tractable for optimization purposes.

First, the ideal discriminant gain (3) suggests maximizing
the sum of the minimal discriminant gains for all devices.
However, this is not tractable. Instead of (3), we propose
maximizing for each device the sum of discriminant gains:

Ĝk(Ps,k) =

L∑
l=1

∑
l′>l

Nk∑
nk=1

(µnk,ℓ − µnk,ℓ′)
2

σ2
nk

+ σ2
r/Ps,k

,

which is a concave function of Ps,k. In the view of (4), the
approximate network discriminant gain is defined as

Ĝ(π,Ps) =

K∑
k=1

πkĜk(Ps,k), (7)

Secondly, no closed-form formula is available for the
expectation in (6). Hence, we approximate (6) by its first-
order Taylor expansion around E[mk] = K − 1 −

∑K
i̸=k πi

yielding

ravgk ≈ ekB

T

(
Tstall
K

+ Ts
1− πk

K −
∑K
i̸=k πi

)
, (8)

for all k ∈ {1, · · · ,K}. With Equation (8), the linearization
of the constraint (C2) is

πk−
(
rmin
k T

ekBTs
− Tstall
KTs

) K∑
i̸=k

πi≤K

(
Tstall
KTs

− rmin
k T

ekBTs

)
+1.

(C̃2)

Lastly, the constraint (C3) is bilinear, and all the optimization
variables π and Ps are bounded. Hence, the McCormick
envelopes [21] can be utilized to relax (C3) into the set of
linear constraints as follows:

K∑
k=1

(Pmax,kTs + Pf,kTf )πk ≤ E (C̃3.a)

K∑
k=1

Ps,kTr,k + Pf,kTfπk ≤ E. (C̃3.b)

With the relaxation (7), (C̃2), (C̃3.a) and (C̃3.b), the approx-
imate optimal policy becomes

maximize
π,Ps

Ĝ(π,Ps)

subject to πk ∈ [0, 1], k ∈ {1, . . . ,K}
Ps,k ∈ R+, k ∈ {1, . . . ,K}
(C1) and (C̃2) and (C̃3.a) and (C̃3.b). (P1)

While the constraints of (P1) are linear, the optimization
program (P1) is not convex, as the objective (7) to maximize
is not a concave function. Yet, the program (P1) amounts to
maximizing a sum of multiple fractional terms, often called the
sum-of-ratios problem. In general, sum-of-ratios problems are
NP-hard [22]. Fortunately, given the convex constraints and the
concave-over-convex form of the ratios, the simplified problem
can be solved with the Jong method [23], which harnesses a
reparameterization of the problem into a parametric convex
program, and enjoys convergence guarantees towards the global
optimum of the problem (P1). Moreover, it is to date the most
efficient method for problems of this form [24].

IV. NUMERICAL EXPERIMENTS

We implement the optimization program (P1) in MATLAB
using the CVX software for disciplined convex program-
ming [25]. Two experiments are conducted to evaluate the
proposed policy. First, our method is applied to a synthetic
Gaussian mixture dataset; then, on a FMCW radar simulation
dataset generated using MATLAB radar toolbox. The approx-
imate optimal policy (P1) is compared against the fair-sensing
and importance-aware policies. The fair sensing policy bal-
ances the sensing task for all devices, i.e. π1 = π2 = · · · = πK .
The importance-aware scheme prioritizes the devices with
higher discriminant gains by forcing πk = 1 to the most
discriminative devices until the constraints are violated, and
πk = 0 to the less discriminative devices.

For all experiments, we set the communication bandwidth
B = 10 MHz around the carrier frequency 3.5 GHz, the
durations of stages are Ts = 2s, Tf = 0.1s, and Tstall =
4s. The eMBB throughput guarantees (C2) are selected by
letting SINRk be the SINR level of the k-th device, which is
quantized SINRstdk using a grid of {−5, 0, ..., 35} dB. Without
sensing, the standard guarantee rate is rstdk = estdk B/K, where
the spectral efficiency estdk is computed from SINRstdk . The
guarantee rate is computed as

rmink = γrstdk , k ∈ {1, · · · ,K}, (9)

where γ represents the guarantee level common to all devices.

A. Classification of a Synthetic Gaussian Dataset

In this experiment, we consider L = 2 classes, an ensemble
of K = 20 devices, and N = 10 features per device. It is
further assumed Σk = IN and σ2

r = 1. The devices are located
randomly in a crown of inner radius 100m and outer radius
1000m centered at the fusion center. The transmitted power is
subject to the path loss and shadowing, leading to the received
power:

Prx = Ptx − β − 10α log10(d)− ψ, (10)

where α is the path loss exponent, d is the distance between the
sender and receiver, β is the constant path loss component and
ψ ∼ N (0, σ2

ψ) is the shadowing. The SINR is then computed
by introducing a noise of spectral density −174dBm/Hz,
and interference is modeled by a noise rise of 6dB. We
consider five categories of devices with transmitting powers
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Figure 2: Illustration of optimal policy (P1) for two different
separation between the class centers. In the setting of the
simulations, each marker corresponds to 5 devices.

of 0.1, 0.2, 0.4, 0.6, and 1W. The maximum allowed sensing
power Pmax,k is selected twice as that of the transmitting
power of the device. The energy constraint is set to 80% of
the maximum value (when all devices are scheduled to sense
at maximum power in every cycle).

We start the simulation by assessing the effect of the
separability between the classes on the optimal policy (P1).
Herein, 20 devices are divided into two groups depending
on the levels of separability, defined as the distance between
the class centers µk,1 − µk,2. Figure 2 pictures the policies
applied to the devices as a function of the separability perceived
by the sensors. It can be appreciated that the optimal policy
prioritizes devices with high separability. We note that some
devices, which have πk > 0 and Ps,k = 0, do not sense or
send eMBB data in the sensing stage in order to save energy
and dedicate bandwidth to others.

We now move to the complete simulation setting, where de-
vices are drawn randomly in the considered zone, and the class
center The class are drawn such that (µk,1−µk,2) ∼ N (0, IN ).
Figure 3a shows the sensing benefit of our scheduling policy
compared to the fair sensing and importance-aware policies.
The gap between the discriminant gain of the optimal policy
and the other two increases with higher values of the data
service guarantee level γ until γ ≃ 1.1. The gain rapidly
decreases above that threshold as sensing is impossible without
sacrificing the mean eMBB performance. Figure 3b showcases
that, despite the improved sensing capability of the optimal
policy, the sensing devices do not have to significantly
compromise their eMBB data rate to jointly perform sensing
under an appropriate policy.

B. Classification of Human Motions from Radar Samples

Inspired by [8], we adapt our framework to classify child
walking, child pacing, adult walking, and adult pacing patterns
from FMCW signals. Unlike [8], where a primitive-based
autoregressive hybrid channel model (PBAH) was employed,
we fully utilize the radar signal simulated by a MATLAB
toolbox at four carrier frequencies: 5GHz, 12GHz, 24GHz, and
79GHz, while the sensing bandwidth is 10MHz for all bands.
The heights of children and adults are uniformly distributed
in the range [0.9m, 1.2m] and [1.5m, 2m], respectively. The
speeds of walking and pacing are 0.5Hm/s and 0.25Hm/s,
where H is the human height. The heading of moving humans
is uniformly distributed in the [−180, 180] degrees interval.
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Figure 3: Sensing and communication performance against the
guarantee level γ on synthetic Gaussian data.

The sensing area is 20 meters wide by 40 meters long in front
of the sensing device. A dataset consisting of 800 training
samples and 200 testing samples is created for each band. The
samples are distributed uniformly over the classes, while the
fusion center trains a support vector machine (SVM) model
for classifying the human motions sensed by the devices.

We randomly distribute K = 20 devices in 15 regions
and extract the Nk = 100 leading PCA features of the
device samples. The data distributions pk,ℓ are approximated
by Gaussians with the same sample means and covariances.
A sensing power of 2W corresponding to an SNR level of
20dB is selected. The communication distance and energy
constraint are the same as those in the first experiment,
and the sensing band is chosen randomly from the four
values. The classification results are pictured in Figure 4.
It is interesting that the accuracies of predictions by SVM
follow the same trend as that of the theoretical gain, even
though the network classification objective relies on many
modeling approximations. This suggests the robustness of the
proposed scheme and its practical application potential. When
the discriminant gain falls to 0, the fusion center accuracy is
about 25%, corresponding to that of a random guess.

V. CONCLUSION

In this paper, we presented a scalable goal-oriented frame-
work for ISAC, integrating the global vision of the system,
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(b) Accuracy of the fusion center classification with an SVM against
the guarantee level γ.

Figure 4: Classification performance with MATLAB FMCW
radar simulation data, K = 20 devices monitoring 15 regions.

including the performance of the eMBB service as well as the
resource, device power, and total system energy constraints.
The goal towards optimization is the sensing accuracy through
the concept of discriminant gain. We formulated an associated
constrained optimization problem and obtained the optimal
policy through computationally tractable relaxations. Exper-
iments with a perfect and imperfect Gaussian mixture prior
demonstrated the benefits of the proposed scheme. Future
works will consider the balancing precision of predictions
between classes, the freshness of states of sensing areas, and
more precise modeling of the goal application.
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