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Abstract—This paper investigates a distributed implementation
of integrated sensing and communication (ISAC) based on cell-
free massive MIMO (CF-mMIMO). To satisfy the multi-target
sensing requirements and achieve maximum user fairness, the
access points (APs) can be dynamically switched between commu-
nication and sensing modes, with their transmit power adaptively
adjusted according to the service demands. This operational
flexibility, however, leads to a complex mixed-integer non-convex
optimization problem. To circumvent the high computational
complexity associated with traditional solutions, we reformulate
the original problem by leveraging the coupling relationship
between the coefficients of AP mode switching and power
allocation, thus approximating it as a non-convex optimization
within the continuous domain. The resulting problem is then
efficiently solved using the penalty and accelerated proximal
gradient with adaptive momentum (APG-AM) method, which
we label as smooth characterization joint AP switching and
power allocation (SC-JAPSPA) algorithm. Simulation results
demonstrate that the proposed algorithm achieves up to 95%
of the performance delivered by state-of-the-art benchmarks,
while reducing the computational time by more than an order
of magnitude.

Index Terms—Accelerated proximal gradient, CF-mMIMO,
ISAC, mixed-integer non-convex optimization.

I. INTRODUCTION

As a cornerstone of future wireless networks, integrated
sensing and communication (ISAC) enables the joint exploita-
tion of the radio spectrum for dual purposes, paving the way
for the efficient co-existence of sensing and communication
under limited resources [1]. However, in realistic scenarios,
the simultaneous operation of multiple ISAC base stations
over the same area, frequency band, and time will lead to
inevitable interference. Such a setup will naturally compromise
the performance of both sensing and communication. This
motivates the recent and widespread interest in distributed CF-
mMIMO-assisted ISAC systems [1]–[6].

In such systems, effective resource allocation plays a critical
role in facilitating both communication and sensing. Specif-
ically, [2] considered designing power allocation schemes to
enhance the system performance metrics. However, they rely
on static access point (AP) operating modes in which each
AP simultaneously participates in sensing and communication
tasks, leading to unavoidable signal interference and an in-
creased risk of information leakage [7]. In contrast to the static
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Fig. 1. Illustration of the considered CF-mMIMO-assisted ISAC system.

AP operation, the work in [1] advanced the field by proposing
a dynamic AP mode switching strategy, which partitions the
APs into two disjoint communication APs (C-AP) and sensing
APs (S-AP) sets, thereby enabling more effective interference
management. More specifically, the introduction of AP mode
switching brings complex discrete characteristics into the
optimization problem in hand. To address this, [1] adopted a
successive convex approximation (SCA) framework to obtain
a feasible solution. However, this approach requires computing
second-order Hessian matrices, which becomes prohibitively
expensive in terms of both computation and memory as the
communication dimensions and sensing coverage increase [8].

To solve the above joint AP switching and power alloca-
tion (JAPSPA) problem more efficiently, this paper revisits
the coupling relationship between discrete and continuous
optimization variables. A smooth characterization method is
proposed, where continuous variables are used to approxi-
mate the step-function behavior of discrete variables, thereby
transforming the original problem into a continuous one.
Furthermore, a nested solution framework is developed by
combining the penalty method with the APG-AM method, re-
sulting in the smooth characterization (SC)-JAPSPA algorithm
that efficiently solves the transformed non-convex problem.
Simulation results demonstrate that the proposed algorithm
achieves almost comparable performance to the benchmark
methods with significantly reduced computational complexity.

II. SYSTEM MODEL

Consider a canonical CF-mMIMO downlink system oper-
ating under time division duplex (TDD). In this system, M



multi-antenna APs, equipped with uniform linear arrays of
N antennas, serve K single-antenna users and simultaneously
radiate probing signals toward L designated sensing zones.
For simplicity, we define the sets M ∆

= {1, . . . ,M}, K ∆
=

{1, . . . ,K} and L ∆
= {1, . . . , L} to represent the indices of

APs, users, and sensing zones, respectively. Following prior
work [1], we assume a quasi-static channel model where each
coherence interval spans a duration of τ symbols. The entire
duration is divided into two parts: τu is allocated for uplink
channel estimation and the remaining duration τd

∆
= τ − τu is

for downlink information transfer and target detection.

A. Channel Model and Uplink Training

For the sensing channel model, we assume there is a line-of-
sight (LoS) path between the sensing area and each AP, which
is a commonly adopted model in literature [1], [2]. Then, the
LoS channel gml ∈ CN between the m-th AP and l-th sensing
area is given by

gml =
√

ζmlaN (θml), ∀m ∈ M, ∀l ∈ L, (1)

where ζml denotes the path loss. Moreover, aN (θml) ∈ CN is
the antenna array response vector from the m-th AP towards
the l-th sensing area, and its n-th entry is modeled as

[aN (θml)]n = exp

(
j
2πd

λ
(n− 1) sin (θml)

)
. (2)

Here, d and λ denote the AP antenna spacing and carrier
wavelength, respectively; θml represents the angle of departure
(AoD) associated with the m-th AP towards the l-th sensing
area. Specifically, the propagation channel between the m-
th AP and the k-th user is modeled as gmk =

√
βmkhmk,

with βmk denoting the large-scale fading coefficient (LSFC),
and hmk is a small-scale fading vector with independent and
identically distributed (i.i.d.) elements as CN (0, 1). Assuming
sufficient pilot resources, uplink training estimates the channel
state information (CSI). The resulting minimum mean-square
error (MMSE) estimate ĝmk follows CN (0N , γmkIN ), with
mean-square value γmk

∆
=

ρuτuβ
2
mk

1+ρuτuβmk
, where ρu is the

normalized transmit power of each pilot symbol.

B. Data and Probing Signal Transmission

To efficiently manage beamforming and power allocation
while mitigating information leakage, a network-assisted full-
duplex CF-mMIMO architecture was proposed in [7]. In this
architecture, APs are dynamically assigned to a single oper-
ational mode based on system demands. For ISAC scenarios,
the APs are divided into two disjoint subsets, the C-AP and
S-AP subsets [1], represented by the following binary indicator

am =

{
1, if m-th AP operates as C-AP,
0, if m-th AP operates as S-AP.

(3)

As for C-APs, a fully distributed partial zero-forcing (PZF)
precoding scheme is adopted to mitigate interference under
the distributed implementation [9]. For a fixed m-th AP, users
are categorized into disjoint strong and weak user groups (i.e.,

Sm and Wm, Sm ∩Wm = ⊘, |Sm|+ |Wm| = K), which are
served by full-pilot ZF (FZF) precoding and maximum ratio
transmission (MRT) precoding, respectively. Consistent with
[9], the UE grouping can be based on the following rule

|Sm|∑
k=1

βmk∑
t∈K βmt

≥ ϱ%, ∀m ∈ M, (4)

where {βm1, . . . , βmK} indicates the set of LSFC sorted in
descending order. The above criterion means that the m-th AP
continuously selects users with higher channel gains to join the
strong user group until their combined channel gain reaches
ϱ% of the total. Thus, the transmit signal form the m-th C-AP
can be expressed as

xc
m =

∑
k∈Sm

√
ρdηcmkt

F
mkx

c
k +

∑
k∈Wm

√
ρdηcmkt

M
mkx

c
k. (5)

Here, ρd represents the normalized downlink transmit power,
ηcmk is the power allocation coefficient (PAC) of the m-th C-
AP for the k-th user, while xc

k is the symbol intended for the
k-th user. Moreover, tFmk ∈ CN and tFmk ∈ CN represent the
FZF and MRT precoding vectors, respectively [9].

On the other hand, S-AP m will transmit integrated probing
signals for the purpose of detecting all regions. Specifically,
the baseband signal at direction θml can be written as [1]

xs
m =

∑
l∈L

√
ρdηsmlaN (θml)x

s
ml, (6)

where ηsml is the non-negative PAC of S-AP m related to the
sensing area l, while xs

ml is the radar sensing symbol from
S-AP m for sensing the area l.

In summary, the signal vector transmitted from AP m can
be expressed as

xm = amxc
m + (1− am)xs

m. (7)

C. Downlink SE and MASR

In the scenario where C-APs and S-APs transmit signals
simultaneously, the signals from other users’ encoding and the
dedicated sensing signals are both treated as equivalent noise
from the perspective of a typical k-th user. Based on the use-
and then-forget principle [1], the signal-to-interference-plus-
noise ratio (SINR) of user k is given in (8) on next page, while
the values of ϱmk and ϖmk are determined by the precoding
scheme of the AP for its associated users, such that

(ϱmk, ϖmk) =

{
(1, βmk−γmk

N−|Sm| ), if user k ∈ Sm,

(N,Nβmk), if user k ∈ Wm.
(9)

Then, the achievable downlink spectral efficiency (SE) of the
k-th user can be obtained by Shannon’s theorem, i.e.,

SEk(Θ
c,Θs)=

(
1− τu

τ

)
log2 (1 + SINRk (Θ

c,Θs)) , (10)

where Θc ∈ RM×K
+ and Θs ∈ RM×L

+ are the matrices of
communication and sensing PACs, with their (m, k)-th and
(m, l)-th entries denoted by ηcmk and ηsml, respectively. For the
subsequent optimization of sensing performance, we adopt the



mainlobe-to-average-sidelobe ratio (MASR) metric as defined
in (11), following the work of [1]. Analogously, the value of
νmk is linked to the user’s assigned precoding subset. For a
given m-th AP, the parameter νmk = 1

N−|Sm| or N depending
on whether the k-th user belongs to Sm.

III. PROPOSED SMOOTH CHARACTERIZATION SCHEME
FOR AP SWITCHING AND POWER ALLOCATION

Under the constraints of limited AP transmit power and the
requirement to achieve the desired MASR level in all regions, a
JAPSPA optimization problem is formulated with the objective
of maximizing the overall quality of service for all users.
Specifically, the problem is mathematically formulated as
P1 : max

a,Θc,Θs
min
k∈K

SEk(Θ
c,Θs) (12a)

s.t. MASRl(Θ
c,Θs) ≥ κ,∀l ∈ L, (12b)∑

k∈K

ηcmkγmkνmk≤am, ∀m ∈ M, (12c)

∑
l∈L

ηsml ≤
(1− am)

N
, ∀m ∈ M, (12d)

am ∈ {0, 1}, ∀m ∈ M, (12e)

where κ denotes the desired MASR level, while (12c) and
(12d) represent the C-AP and S-AP transmit power constraints,
respectively. The appearance of am on the right-hand side of
these two constraints serves to enforce the mutual exclusivity
of the communication and sensing power allocations. Specif-
ically, if am = 1, the sensing power is forced to zero (i.e.,
0 ≤

∑
l∈L ηsml ≤

(1−am)
N = 0), and conversely.

Note that P1 is a highly intractable problem due to its
mixture of continuous and discrete variables, the non-convex
nature of both the objective function and (12b), and the
coupling among the optimization variables. Although [1]
applies continuous relaxation and SCA framework to solve
it, that algorithm relies on interior point method with high
computational complexity, which struggles to meet real-time
requirements.

A. Establishment of An Approximated Continuous Problem

Although the coupling among variables increases the com-
plexity of the optimization problem, it also provides a key
insight for solving it [8]. This observation motivates us to
leverage the information from the continuous variables to char-
acterize the discrete ones, thereby approximating the original
problem in a continuous domain. More precisely, the following
smooth characterization function is introduced

σ (Θc
m) =

∥Θc
m∥2

∥Θc
m∥2 + δ

, Θc
m ∈ R1×K

+ , (13)

where δ is a small positive constant to control the approx-
imation degree. The function σ (Θc

m) is motivated by the
observed coupling between Θc

m and am: when ∥Θc
m∥ = 0,

the AP operates in sensing mode (am = 0), while for any
∥Θc

m∥ > 0 ⇐⇒ am = 1, forming a step-function mapping.
However, this step function is non-smooth and unsuitable for
algorithm design. Therefore, we propose σ (Θc

m) as a smooth
approximation to this mapping. For notational simplicity, we
concatenate all optimization variables into a single matrix,
denoted by Θ

∆
= [Θc,Θs] ∈ RM×(K+L)

+ . Based on this, P1

can be approximated and transformed into the following form

P2 : max
Θ

f(Θ)
∆
= min

k∈K
SINRk(Θ) (14a)

s.t. MASRl(Θ) ≥ κ,∀l ∈ L, (14b)∑
k∈K

ηcmkγmkνmk≤1, ∀m ∈ M, (14c)

N
∑
l∈L

ηsml ≤ 1− ∥Θc
m∥2

∥Θc
m∥2 + δ

, ∀m ∈ M. (14d)

B. The Proposed SC-JAPSPA Algorithm

The transformation eliminates discrete constraints, but the
resulting problem P2 is still hindered by non-smooth and non-
convex elements. To tackle this challenge with low complexity,
we adopt the penalty method as well as APG-AM algorithm.

Firstly, noting that the objective function f(Θ) is non-
smooth, we employ the following log-sum-exp function for
high-precision smooth approximation

f(Θ) = min
k∈K

SINRk (Θ) ≈ −fχ(Θ)

∆
= − 1

χ
log

(
1

K

∑
k∈K

exp (−χSINRk (Θ))

)
,

(15)

where χ > 0 is the smoothness parameter. The negative
sign preceding function fχ(Θ) is introduced to transform
the problem into a more easily described minimization for-
mulation. It can be proved that −fχ(Θ) is a differentiable
approximation of f(Θ) with a numerical accuracy of lnK

χ ,
i.e. f(Θ) + lnK

χ ≥ −fχ(Θ) ≥ f(Θ). Therefore, with a
sufficiently large χ, −fχ(Θ) can serve as a high precision
surrogate function for f(Θ).

Subsequently, to handle the non-convex constraints (14b)
and (14d), we introduce the following quadratic loss function

Q1(Θ)
∆
=
∑
l∈L

[max (0, κ−MASRl (Θ))]
2
, (16)

SINRk (Θ
c,Θs) =

ρd
(∑

m∈M
√

ηcmkγmkϱmk

)2
1 + ρdN

∑
m∈M

∑
l∈L ηsmlβmk + ρd

∑
m∈M

∑
k′∈K (ηcmk′γmk′ϖmk)

, (8)

MASRl (Θ
c,Θs) =

∑
m∈M N2ηsml∑

m∈M
∑

k∈K ηcmkγmkνmk +
∑

m∈M
∑

l′∈L\l η
s
ml′ |a

†
N (θml)aN (θml′)|2

. (11)



Q2(Θ)
∆
=
∑

m∈M

[
max

(
0, N

∑
l∈L

ηsml+
∥Θc

m∥2

∥Θc
m∥2+δ

−1

)]2
.

(17)

Then, the penalized objective function can be expressed as

Hχ,λ(Θ)
∆
= fχ(Θ) +

2∑
i=1

λiµiQi(Θ). (18)

Here, λ1 and λ2 are penalty coefficients, while µ1 and µ2

denote the scaling coefficients designed to balance the mag-
nitudes of the penalty terms and the main objective fχ(Θ),
thereby facilitating stable convergence in the subsequent iter-
ations.

For the convex constraint (14c), we adopt the following
indicator function to facilitate subsequent proximal operations

I(Θc)
∆
=

{
0, if Θc ∈ C ∆

= {(14c),Θc ≥ 0},
∞, otherwise.

(19)

Ultimately, P2 can be reformulated into the following
unconstrained problem P3

P3 : min
Θ

Hχ,λ(Θ) + I(Θc). (20)

Now, P3 possesses a structure of a non-convex smooth func-
tion plus a non-smooth convex indicator, making it amenable
to efficient solution via the APG-AM method [8]. Specifically,
let t denote the current APG-AM iteration index. In addition
to the optimization variable Θ that we aim to obtain, the
APG-AM algorithm also introduces the auxiliary variables
Z ∈ RM×(K+L)

+ , and updates the optimization variables
according to the following criterion

Θ(t) = proxα(t),I

(
Z(t) − α(t)∇Hχ,λ(Z

(t))
)
, (21)

where α(t) represents the step size at the t-th iteration and
proxα(t),I is the so-called proximal operator defined as [8]1

proxα(t),I (x)= arg min
Θ∈RM×K

+

(
I (Θ) +

1

2α(t)
∥Θ−X∥2

)
. (22)

In particular, utilizing the defined indicator function I(Θc),
the proximal operator can be simplified into the following
projection operation

proxC(X) = arg min
Θ∈C

∥Θ−X∥2, (23)

which is a standard convex optimization problem. Since the
convex set C is independent of the PAC for S-APs, the
aforementioned projection operation will only adjust the com-
munication PAC. Specifically, let X̃ ∈ RM×K denote the
matrix constituted by the first K columns of X, such that
proxC(X) = proxC(X̃) = arg min

Θc∈C
∥Θc − X̃∥2. We can now

obtain the following result.

1Strictly speaking, the norm in this proximal operator should be the matrix
Frobenius norm. For simplicity, this paper does not distinguish between
the Frobenius norm and the ℓ2-norm, as the former can be equivalently
transformed into the latter by vectorizing the matrix.

Lemma 1. For given X̃, the projection proxC(X̃) for the com-
munication PAC is given by the following analytical solution

ηc,⋆mk = max
(
0, x̃mk − ξm

2 γmkνmk

)
. (24)

Here, x̃mk is the (m, k)-th entry of X̃ and ξm is the Lagrange
multiplier determined according to the following condition

ξm =

{
0, if

∑
k∈K max(0, x̃mk)γmkνmk ≤ 1,

the root of (29), otherwise.
(25)

Proof: First, since the power constraints in the convex
set C are imposed individually on each AP, and the proximal
objective in (23) is separable, the original problem in (23)
can be decomposed into the following M independent sub-
problems:

P4 : min
Θc

m∈R1×K
+

∑
k∈K

(ηcmk − x̃mk)
2 (26a)

s.t.
∑
k∈K

ηcmkγmkνmk≤1. (26b)

Subsequently, we can formulate the Lagrangian function
L(Θc

m, ξm, ζ) by introducing non-negative Lagrangian multi-
plier ξm and ζ ∈ RK as

L(Θc
m, ξm, ζ)

∆
=
∑
k∈K

(ηcmk − x̃mk)
2 −

∑
k∈K

ζkη
c
mk

+ ξm

(∑
k∈K

ηcmkγmkνmk − 1

)
.

(27)

To obtain the optimal PAC for C-APs, we apply the Karush-
Kuhn-Tucker (KKT) conditions and derive the corresponding
stationarity and complementary slackness conditions of the
dual problem as

2(ηcmk − x̃mk)− ζk + ξm γmk νmk = 0,∀k ∈ K, (28a)

ξm

(∑
k∈K

ηcmkγmkνmk−1

)
=0, ζkη

c
mk = 0,∀k ∈ K. (28b)

By combining the above two conditions, the following unified
optimal closed-form solution can be easily obtained

ηc,⋆mk = max
(
0, x̃mk − ξm

2 γmkνmk

)
.

Here, ξm is the Lagrange multiplier to be determined, whose
value is obtained via the complementary slackness condition.
Specifically, if

∑
k∈K max(0, x̃mk)γmkνmk ≤ 1, then ξm = 0

and the optimal solution is ηc,⋆mk = max(0, x̃mk). Otherwise,
ξm > 0 is the unique root of the following scalar equation∑

k∈K
max

(
0, x̃mk − ξm

2 γmkνmk

)
γmkνmk = 1, (29)

which is continuous and strictly decreasing in ξm. This solu-
tion essentially corresponds to a soft-thresholding operation,
where the value of ξm can be efficiently obtained using bisec-
tion search or fixed-point iteration. The resulting computation
has a O(K) complexity order, ensuring the low-complexity
implementation of the proposed algorithm.



Algorithm 1: The SC-JAPSPA algorithm for P3

Input : Z(1) = Θ(0), µ1 = 103, µ2 = 10, β = 2, ω =
0.5,λ = 1, t = 1, ε = 10−3, α(t) = 10−3

1 repeat // Penalty loop
2 repeat // APG-AM loop
3 update Θ(t) via (21) and v(t) via (30)
4 update Z(t+1) and β via (31)
5 if |Hχ,λ(Θ

(t))−Hχ,λ(Θ
(t−1))| > ε then

6 t = t+ 1
7 end
8 until |Hχ,λ(Θ

(t))−Hχ,λ(Θ
(t−1))| ≤ ε;

9 increase the penalty coefficients λi = 10λi, i = 1, 2

10 until |Q1(Θ
(t))−Q1(Θ

(t−1))| ≤ ε as well as
|Q2(Θ

(t))−Q2(Θ
(t−1))| ≤ ε;

Output: Stationary power allocation coefficients: Θ⋆

In a nutshell, given fixed λ, the APG-AM algorithm is em-
ployed to efficiently solve the optimization problem involving
a non-smooth indicator function. When the penalty function
exceeds a given tolerance, the penalty coefficients will be
increased and then the problem P3 is re-solved. To summarize,
the proposed SC-JAPSPA algorithm for solving the approxi-
mated continuous problem P3 is outlined in Algorithm 1.

To further accelerate the convergence, APG-AM adjusts the
optimization variables as follows

V(t) = Θ(t) + β
(
Θ(t) −Θ(t−1)

)
, (30)

with 
If Hχ,λ(Θ

(t)) ≤ Hχ,λ(V
(t))

Z(t+1) = Θ(t), β = ω · β,
If Hχ,λ(Θ

(t)) > Hχ,λ(V
(t))

Z(t+1) = v(t), β = min{ β
ω , 1}.

(31)

Here, β denotes the momentum parameter and ω ∈ (0, 1) is the
scaling factor. Moreover, V ∈ RM×(K+L) is an extrapolated
variable. When its corresponding function value is smaller,
i.e. Hχ,λ(Θ

(t)) > Hχ,λ(V
(t)), the momentum is increased to

further exploit the opportunity for accelerating.

C. Complexity and Convergence Analysis

Since the proximal in (21) requires the gradient descent
point of the smooth term, it is necessary to compute ∇Hχ,λ(·)
and prove its Lipschitz smoothness, which serves as the core
condition for the convergence of the APG-AM algorithm [8].
Therefore, we present the following proposition.

Proposition 1. The closed-form expression of ∇Hχ,λ(·) can
be efficiently obtained by the gradient rule for multi-variable
function, which has O(M max(K,L)2) computational com-
plexity order. Furthermore, Hχ,λ(·) achieves the LH Lipschitz
smoothness property, i.e. there exists a constant LH > 0, such
that the following inequality holds

∥∇Hχ,λ(Θ)−∇Hχ,λ(Z)∥ ≤ LH∥Θ−Z∥, ∀Θ,Z ∈ C. (32)

The computation of ∇Hχ,λ(·) and the proof of its Lipschitz
smoothness are analogous to those presented in Appendices

B and C of [8], respectively, and are omitted here for
brevity. Clearly, the computational complexity of Algorithm 1
is dominated by the gradient computation, resulting in an
overall complexity of O(IP IAM max(K,L)2) for the SC-
JAPSPA algorithm, where IP and IA denote the numbers of
penalty and APG-AM iterations, respectively. Building upon
Proposition 1, we proceed to analyze the convergence of the
proposed algorithm, which comprises a two-layer iterative
process. First, regarding the outer penalty loop, the feasibil-
ity of P2 guarantees that the penalty term vanishes as the
penalty coefficient λ increases. Furthermore, P2 and P3 satisfy
strong duality, i.e., min

Θ∈H
−f(Θ) = sup

λ≥0
min
Θ∈C

Hχ,λ(Θ), where

H ∆
= {(14b), (14c), (14d)}. Subsequently, for the inner APG-

AM loop, provided the step size α(t) is smaller than 1/LH ,
the algorithm aligns with the majorization-minimization (MM)
framework. By iteratively optimizing a surrogate upper bound
of the original objective function, the inner loop converges to a
stationary point of P3. Consequently, the overall convergence
of the SC-JAPSPA algorithm is established.

IV. NUMERICAL RESULTS

In this section, we evaluate the performance of the proposed
SC-JAPSPA algorithm in terms of SE. The channel and
sensing parameters are configured identically to those in [1].
By default, we set M = 20,K = 8, N = 16, L = 4 and κ =
6 dB. The parameter configurations for the proposed algorithm
are summarized in Algorithm 1. Moreover, the initial PAC
θ(0) can be obtained via uniform power allocation. Specif-
ically, the benchmark algorithms considered for comparison
are as follows: (1) SCA-JAPSPA [1]: Using the SCA frame-
work to solve the joint optimization problem, which incurs
O
(
M3.5 max (K,L)

3.5
)

computation complexity order per
iteration. (2) Greeedy (G-JAPSPA) [1]: A greedy algorithm
is first employed for AP mode selection, after which power
allocation is performed under the fixed mode configuration.

Figure 2 compares the cumulative distribution function
(CDF) of the SE for the proposed algorithm and benchmark
methods under varying system scales. Specifically, when M =
60, the 5%-outage rates are 4.83 bit/s/Hz and 4.67 bit/s/Hz
for SCA-JAPSPA and SC-JAPSPA, respectively. With a
smaller number of APs (i.e. M = 10), the system may
be unable to fully satisfy the sensing requirements, causing
some users to experience zero rate. In comparison with
G-JAPSPA, the proposed algorithm effectively reduces the
number of users that cannot maintain reliable communication.
The results indicate that SC-JAPSPA consistently almost
matches the performance of SCA-JAPSPA, ensuring reliable
communication for all users to the greatest extent possible
under the constraint of sensing requirements. In addition,
Table I presents the actual runtime of several algorithms under
different system scales. It is evident that, compared with the
two benchmark methods, the proposed algorithm significantly
reduces the runtime while achieving comparable communica-
tion performance. These results demonstrate the effectiveness
of the proposed algorithm, highlighting its suitability as a



TABLE I
COMPARISON BETWEEN THE EXECUTION TIME (IN SECONDS)

Algorithm

Number of APs (M ) Number of Users (K) Number of Sensing Zones (L)

20 30 40 60 4 8 12 20 2 4 8 12

SCA-JAPSPA [1] 173.61 269.93 375.27 424.84 152.64 173.61 213.43 284.31 143.59 173.61 202.86 243.03

G-JAPSPA [1] 25.88 31.15 35.21 58.23 17.95 25.88 33.43 45.34 15.28 25.88 31.07 37.29

SC-JAPSPA (this work) 8.57 14.68 19.34 25.93 4.13 8.57 13.85 17.34 3.02 8.57 11.39 14.51
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Fig. 2. CDF of the per user SE for different algorithms.

joint sensing and communication solution for scenarios with
stringent real-time requirements.

Figure 3 depicts the impact of the sensing threshold κ
on both the average minimum user SE and the sensing
success probability. In general, stringent sensing constraints
(i.e., higher κ) inevitably impair the sensing success rates
across all evaluated methods. Within the moderate regime of
κ, G-JAPSPA suffers from a precipitous decline in SE. In
contrast, SCA-JAPSPA and SC-JAPSPA demonstrate supe-
rior robustness with a much milder decay. However, once κ
surpasses 11 dB, the optimization problems for SCA-JAPSPA
and SC-JAPSPA frequently become infeasible. This results
in a sudden performance collapse, where infeasible instances
are recorded as zero throughput whereas sensing fails in the
statistical average sense.

V. CONCLUSION

This paper addressed the joint AP-mode switching and PAC
problem in CF-mMIMO ISAC networks. By exploiting the
continuous–discrete coupling between AP states and trans-
mit coefficients, we derived a smooth continuous surrogate
that bypasses binary variables while preserving exclusivity.
The resulting non-convex program is solved with the SC-
JAPSPA algorithm, which integrates penalty reformulation
and accelerated proximal gradient with adaptive momentum.
Computational time is reduced by an order of magnitude to
O(IP IAM max(K,L)2), while our simulations showed that
95% of the optimal max–min SE is retained with guaranteed
MASR sensing. To sum up, the proposed SC-JAPSPA offers a
scalable, real-time solution for large-scale ISAC deployments.
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