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Abstract—Beamforming for wideband (WB) near-field (NF)
integrated sensing and communication (ISAC) systems with mul-
tiple users and sensing targets has not yet been fully developed.
Moreover, classical optimization methods become computation-
ally expensive in this case. To overcome this challenge, we
propose the augmented Lagrangian manifold optimization (MO)
for the WB NF-ISAC (ALM-WNI) algorithm, leveraging NF
beam-focusing to enhance sum rates and sensing gain while
reducing communication-sensing interference. The design in-
cludes subcarrier allocation/selection for sensing and beamform-
ing. Non-convex communication-only and joint communication-
sensing subcarrier problems are solved using the ALM-WNI
framework. By reformulating the problems on a low-dimensional
manifold, ALM-WNI reduces the search space from MKL
to (M + 1)(K + L), where M , L, and L are the number
of base station (BS) antennas, users, and targets, respectively,
achieving substantial computational savings compared to the
convex-concave procedure algorithm (CCPA). For instance, with
257 BS antennas, it achieves a 20-fold speedup over the CCPA,
making it well-suited for large-scale, WB NF-ISAC deployments.

Index Terms—Integrated sensing and communication, Near-
field, Wideband communication, Subcarrier allocation, Beam-
forming, Manifold optimization.

I. INTRODUCTION

Near-field (NF) integrated sensing and communication
(ISAC) is emerging as a key 6G enabler, leveraging mas-
sive antenna arrays and the large bandwidths available from
10GHz to 10THz [1]–[4]. However, most NF-ISAC beam-
forming studies focus on narrowband models [5], [6], with
wideband (WB) counterparts receiving little attention. One
notable exception is [1], which investigates a communications-
centric WB NF-ISAC design where communication and sens-
ing (C&S), subcarrier allocation (SA), and beamforming must
be jointly optimized. Here, communication beamforming is
reused for sensing, but this approach restricts the sensing
degrees of freedom (DoF). Due to the NF beam-focusing
effect, communication beams concentrate energy into a narrow
spatial region, limiting coverage and sensing performance.

To address these limitations, our approach allocates sensing
subcarriers while jointly designing beamforming for C&S.
Unlike [1], we employ dedicated C&S beamformers, thereby
increasing the sensing DoF and enabling more flexible and
effective sensing.

The design in [1] relies on successive convex approximation
(SCA) for SA and Riemannian manifold optimization (MO)
for beamforming. SCA tackles non-convex problems by it-
eratively solving convex surrogates obtained by linearizing
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the non-convex components around the current iterate, which
tends to sub-optimal solutions [7]. Although MO is used for
beamforming, the sensing constraint is enforced through a
fixed penalty term, i.e., sub-optimal C&S trade-offs [8].

In contrast, we apply MO to both SA and beamforming. For
the beamforming stage, we introduce a new MO framework
based on an augmented Lagrangian method (ALM) that offers
an adaptive approach tailored to WB NF-ISAC requirements.

We first employ communication-only (CO) beamforming,
ignoring the targets. Accordingly, several subcarriers are al-
located for sensing. Specifically, each target is sensed by
a dedicated subcarrier. Thus, some subcarriers are used for
both C&S. For those subcarriers, beamforming is updated to
account for both users and targets. These problems are non-
convex and NP-hard. Using ALM, we incorporate a penalty
term for violations of the beampattern gain (BG) target into
the objective function and then minimize the augmented
objective over a complex sphere manifold (CSM). We refer
to this method as the augmented Lagrangian MO for the
WB NF-ISAC (ALM-WNI) algorithm. It iteratively adjusts
the optimization variables and the Lagrange and penalty pa-
rameters to satisfy all constraints. ALM-WNI has significantly
lower computational complexity and runtime than the WB
NF-ISAC, even with standard optimization techniques [1].
For instance, with 257 base-station (BS) antennas, ALM-
WNI achieves nearly a 20-fold reduction in runtime while
maintaining/slightly improving C&S performance compared
with the conventional convex-concave procedure (CCPA).

Beyond reducing computational complexity, the proposed
ALM-WNI framework improves solution reliability by ensur-
ing exact satisfaction of constraints [8]. It directly optimizes
beamformers on the feasible manifold and enforces sensing
BG constraints via ALM, driving violations to zero upon con-
vergence [8]. In contrast, CCPA applies semidefinite relaxation
(SDR) followed by Gaussian randomization (GR) to recover
rank-one solutions; although the relaxed problem satisfies
the constraints, the GR step does not guarantee feasibility
and may introduce violations [8]. Consequently, ALM-WNI
achieves comparable or slightly better sum-rate performance
while ensuring feasibility, making it well-suited for large-scale
WB NF-ISAC systems in which GR becomes inefficient.

Notation: IM is the M×M identity matrix. ℜ(·) denotes the
real part. CN (µ,R) is a complex Gaussian vector with mean
µ and co-variance R. 1{x} is 1 if x > 0 and 0 otherwise.
unt(a) = [a1/|a1|, . . . , an/|an|]. A ◦ B is the Hadamard
product. clip[a,b](x) = max{a,min(b, x)} is the clip operator.

II. PRELIMINARIES

1) System Model: It includes an M = 2M̃ + 1-antenna
BS, K single-antenna users, and L sensing targets (Fig. 1).
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Fig. 1: A WB NF-ISAC system.

The BS simultaneously transmits probing signals to the targets
and data signals to users, and employs a uniform linear
array (ULA) with an antenna spacing of d = λc/2 and the
coordinate system’s origin at the center of the ULA, where λc

denotes the signal wavelength of the center frequency fc [5],
[6]. The ULA aperture is D = (M − 1)d, with a Rayleigh
distance of 2D2/λc [2]. The users and sensing targets reside
in the BS’s NF region [5], [6]. Let N = {1, . . . , N} denote
the set of subcarriers and NL be a subset of N . In particular,
the subcarriers n ∈ NL are designed for joint C&S, whereas
the remaining subcarriers n ∈ N \ NL are CO.

2) Channel Model: We use the NF spherical wave channel
model [5]. The channels from the BS to the k-th user and the
l-th target at the n-subcarrier are denoted by hk(n) ∈ CM×1

and gl(n) ∈ CM×1, respectively. The NF channel between
the BS and the b-th node (user or target) at n-subcarrier is
expressed as fb(n) = βbab(n), where b = {k, l}, f ∈ {h,g},
ab(n) ∈ CM×1 is the NF array response vector with the m-
th element [ab(n)]m = e−j 2πfn

c rmb(rb,θb), and rmb(rb, θb) is
the distance from the m-th antenna element to the b-th node
and given in [5, Eqn. (1)]. Here, rb and θb are the b-th node
distance and angle from the center of the ULA, respectively,
βb =

√
λ/4πr−1

b is the free-space path-loss between the 0-th
antenna and the b-th node. Moreover, fn = fc+B(n−N)/2N
is the n-th subcarrier frequency, B is the system bandwidth,
and c is the speed of light.

3) Transmission Model: Based on the SA, the BS transmits
signal x(n) ∈ CM×1 at the n-th subcarrier, i.e., either for
dedicated communication or joint C&S,

x(n) =

{∑K
k=1 wk(n)qk(n) + s(n), for n ∈ NL,∑K
k=1 wk(n)qk(n), for n ∈ N \ NL,

(1)

where qk(n) ∈ C is the unit-power data symbol for the
k-th user, i.e., E{|qk(n)|2} = 1, wk(n) ∈ CM×1 is the
beamforming vector for the k-th user, and s(n) ∈ CM×1 is the
sensing signal for detecting the assigned target at the n ∈ NL-
th subcarrier. It is assumed that qk(n) and s(n) are independent
of each other for k ∈ K and n ∈ NL [9]. The received signal
at the k-th user at the n-th subcarrier is given as

yk(n) =


∑K

i=1 h
H
k (n)wi(n)qi(n) + hH

k (n)s(n) + zk(n),

for n ∈ NL,∑K
i=1 h

H
k (n)wi(n)qi(n) + zk(n),

for n ∈ N \ NL,

(2)

where zk(n) ∼ CN (0, σ2) denotes the k-th user additive white
Gaussian noise (AWGN) at the n-th subcarrier.

The beamforming vectors are organized into single matrices
W(n) = [w1(n), . . . ,wK(n)] ∈ CM×K for n ∈ N \ NL

and V(n) = [w1(n), . . . ,wK(n), s(n)] ∈ CM×(K+1) for

n ∈ NL. Identity matrices E = IK ∈ RK×K and
Ẽ = IK+1 ∈ R(K+1)×(K+1) are defined. The combination
of {W(n),V(n)} and {E, Ẽ} allows the representation of
individual columns of {W(n),V(n)}.

III. SA AND BEAMFORMING

Here, we discuss the SA for sensing and beamforming. This
involves three main steps: (i) CO beamforming, (ii) SA for
sensing, and (iii) Refine beamforming for C&S.

1) CO Beamforming: The BS first designs CO beamform-
ing by assuming the absence of sensing targets. For each
subcarrier, BS aims to maximize the communication sum rate,
and the optimization problem is given as

Pc : max
W(n)

∑K

k=1
log2(1 + γ̄k(n)), ∀n, (3a)

s.t. Tr(W(n)WH(n)) ≤ pmax, ∀n, (3b)

where (3b) sets the maximum BS transmit power, i.e., pmax,
and γ̄k(n) is the k-th user SINR, obtained using (2) as

γ̄k(n) =
|hH

k (n)W(n)Ek|2∑K
i ̸=k |hH

k (n)W(n)Ei|2 + σ2
, ∀k, (4)

where Ek is the k-th column of E. Solving Pc yields the opti-
mal CO beamforming vectors, i.e., w̄k(n), for all subcarriers,
which are subsequently used for sensing SA.

2) SA for Sensing: The BS uses w̄k(n) to allocate sensing
subcarriers. Each target is allocated a unique subcarrier, with
no subcarrier being shared among targets. However, more
general cases can be treated in future work.

The BS computes the transmit BG for each target across
subcarriers. BG is a valuable criterion for sensing signal design
in ISAC [10]. It represents the transmit power distribution over
sensing angles θ ∈ [−π/2, π/2], which enhances detection,
range/Doppler/angle estimation, tracking, and sensing accu-
racy through proper echo signal processing. For the l-th target
at the n-th subcarrier, BG is defined as [10]

b̄l(n) = E
{
|gH

l (n)x(n)|2
}

=
∑K

i=1
gH
l (n)w̄i(n)w̄

H
i (n)gl(n), ∀l, n. (5)

We impose a constraint that BG must exceed a prescribed
threshold to guarantee adequate target illumination [10], as
reflected in the basic formulation (6). This formulation can be
extended in several directions. First, sidelobe suppression can
be enforced through additional angular constraints; however, in
the WB-NF regime, this would significantly increase problem
dimensionality and computational complexity. The proposed
ALM-WNI algorithm can nevertheless accommodate such
constraints via additional penalty terms. Second, the model can
be refined to explicitly account for the received echo power,
incorporating radar cross-section, two-way propagation loss,
and receiver processing effects. These extensions are deferred
to future work.

Based on the maximum BG, a subcarrier is allocated
to each target. For example, let us consider L = 3
and N = 8. The BGs for all targets at all sub-
carriers are calculated using the CO beamforming, i.e.,
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[b̄1(1), . . . , b̄1(8); . . . ; b̄3(1), . . . , b̄3(8)], resulting in L×N =
24 BG values. Among these, the maximum BG value is
first selected, and the corresponding target is assigned to the
corresponding subcarrier. Then, the respective BG values of
the target and the subcarrier are set to zero in the pool of BGs.
For example, if the maximum value corresponds to the second
target at the seventh subcarrier, set b̄2(1) = · · · = b̄2(8) = 0
and b̄1(7) = b̄2(7) = b̄3(7) = 0. The process is repeated until
all targets are assigned subcarriers. Let the set of subcarriers
assigned for the targets be NL.

3) Refine Beamforming for C&S: For subcarriers n ∈
N \ NL, the CO beamforming obtained in Section III-1
remains optimal. In contrast, for sensing subcarriers n ∈ NL,
the beamforming must be redesigned to incorporate sensing.
Accordingly, the BS jointly optimizes C&S beamforming on
NL by solving the following problem:

Ps : max
W(n)

∑K

k=1
log2(1 + γk(n)), ∀n ∈ NL, (6a)

s.t. bln(n) ≥ Γth, ∀n ∈ NL, (6b)

Tr(V(n)VH(n)) ≤ pmax, ∀n ∈ NL, (6c)

where γ̄k(n) is the received SINR at the k-th user at the n-th
subcarrier for n ∈ NL and defined as

γk(n) =
|hH

k (n)V(n)Ẽk|2∑K+1
i ̸=k |hH

k (n)V(n)Ẽi|2 + σ2
, ∀k, (7)

where Ẽk is the k-th column of Ẽ, (6b) ensures the sensing
BG required for the assigned ln-th target at the n ∈ NL-
th subcarrier, in which Γth is the intended sensing BG, (6c)
indicates the maximum BS transmit power, and bln(n) is the
BG of the ln-th target assigned to n-th subcarrier, i.e.,

bln(n) =
∑K+1

i=1
gH
ln(n)V(n)ẼiẼ

H
i V

H(n)gln(n). (8)

By solving Ps, the optimal beamforming for both C&S, i.e.,
{ŵk(n), ŝ(n)}, for the NL set of subcarriers are obtained.
Thereby, the optimal BS beamforming is assigned as

{wo
k(n), s

o(n)} =

{
ŵk(n), ŝ(n), for n ∈ NL,

w̄k(n), for n ∈ N \ NL.
(9)

IV. PROPOSED SOLUTION

This section solves Pc and Ps using fractional programming
(FP) and MO to obtain optimal wo

k(n) and so(n) [8]. The key
challenge is their non-convex objective functions.

1) Solution for Pc: To deal with sum-log terms, the FP
technique is used to substitute auxiliary variables, µ̄(n) =
[µ̄1(n), . . . , µ̄K(n)], for each SINR term in (3a) while ensur-
ing µ̄k(n) ≤ γ̄k(n). Thus, Pc is equivalently recast as [11]

Pc1 : max
W(n),µ̄(n)

f(W(n), µ̄(n))=
1

ln(2)

∑K

k=1
ln(1 + µ̄k(n))

+
1

ln(2)

∑K

k=1

(
−µ̄k(n) +

(1 + µ̄k(n))γ̄k(n)

1 + γ̄k(n)

)
, (10a)

s.t. (3b). (10b)

Pc1 includes two optimization problems: (i) an outer optimiza-
tion over W(n) for fixed µ̄(n) and (ii) an inner optimization

over µ̄(n) for fixed W(n) [11]. Consequently, Pc1 is solved
by alternatively optimizing W(n) and µ̄(n) until the objective
function converges.

Optimizing µ̄(n): For a given W(n), f(W(n), µ̄(n)) is
a concave differentiable function of µ̄(n). Thus, the closed-
form optimal µ̄(n) is obtained by setting each ∂f(W(n),µ̄(n))

∂µk(n)

to zero, and optimal µ̄o
k(n) is given as µ̄o

k(n) = γ̄k(n). Once
µ̄o(n) is substituted back into f(W(n), µ̄(n)), the exact sum-
of-logarithms objective function in Pc can be recovered.

Optimizing W(n): For a given µ̄(n), the objective (10a) can
be simplified by eliminating the constant terms with respect
to W(n). Thereby, Pc1 is reformulated as

Pc2 : max
W(n)

∑K

k=1

µ̄′
k(n)|hH

k (n)W(n)Ek|2∑K
i=1 |hH

k (n)W(n)Ei|2 + σ2
, (11a)

s.t. (3b), (11b)

where µ̄′
k(n) = 1 + µ̄k(n). Here, as Pc2 retains equivalence

with the original problem Pc, no performance loss ensues [12].
To solve Pc2, we use MO. First, to formulate the manifold,

the power constraint is normalized and modified such that
Tr(W̃(n)W̃(n)H) = Tr(W(n)W(n)H+∥ϑ(n)∥22 = 1, where
W̃(n) = [w̃1(n), . . . , w̃K(n)], w̃k(n) = [wk(n)

T, ϑk(n)]
T,

and ϑ(n) = [ϑ1(n), . . . , ϑK(n)] is an auxiliary vector in-
troduced to simplify power normalization while preserving
the constraint. This leads to a CSM as Mc = {W̃(n) ∈
C(M+1)×K |Tr(W̃(n)W̃(n)H) = 1}. As a result, Pc2 can be
converted into an unconstrained problem on Mc and given as

Pc3 : min
W̃(n)∈Mc

−
∑K

k=1

µ̄′
k(n)|ĥH

k (n)W̃(n)Ek|2∑K
i=1 |ĥH

k (n)W̃(n)Ei|2 + σ2
, (12)

where ĥk(n) =
√
pmax[hk(n), 0] is adjusted to match the

problem’s dimensionality and scaling. In Mc, the objective
function (12) is continuous differentiable function from Mc

to R. Thus, Pc3 can be addressed by MO [8], [12].
2) Solution for Ps: As in Section IV-1, Ps is reformulated

as a constrained MO problem on manifold Ms as

Ps1 : min
Ṽ(n)∈Ms

f(Ṽ(n))=−
K∑

k=1

µ̂k(n)|ĥH
k (n)Ṽ(n)Ẽk|2∑K

i=1|ĥH
k (n)Ṽ(n)Ẽi|2+σ2

,

(13a)

s.t. ul(Ṽ(n))= Γth−
∑K+1

i=1
ĝH
l (n)Ṽ(n)ẼiẼ

H
i Ṽ

H(n)ĝl(n),

(13b)

where µ̂k(n) = 1 + µk(n) with the optimal µo
k(n) = γk(n),

Ms = {Ṽ(n) ∈ C(M+1)×(K+1) | Tr(Ṽ(n)ṼH(n)) =
1} is a CSM constructed by normalizing the (6c),
where Ṽ(n) = [w̃1(n), . . . , w̃K(n), s̃(n)], w̃k(n) =
[wk(n)

T, ςk(n)]
T, s̃(n) = [s(n)T, ςK+1(n)]

T, and auxiliary
vector ς(n) = [ς1(n), . . . , ςK+1(n)] ensures power normaliza-
tion, i.e., Tr(Ṽ(n)ṼH(n)) = Tr(V(n)VH(n))+∥ς(n)∥22 = 1.
Note that Ps1 is subject to constraint (13b), which extends
beyond the manifold constraint. However, (13b) can be incor-
porated into the objective as a penalty term utilizing ALM [8],
[13]. The resulting Lagrangian function is given as [8]

Lρ(Ṽ(n), λ(n))=f(Ṽ(n))+
ρ

2
max

{
0,

λ(n)

ρ
+ ul(Ṽ(n))

}2

,

(14)
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Algorithm 1 : ALM-WNI Algorithm

1: Require: Ms, f(Ṽ(n)), ul(Ṽ(n)).
2: Initialization: Ṽ0(n) ∈ Ms, multiplier λ0(n) ∈ R, tolerances
{ϵmin, ϵ0 > 0, δ1 > 0, δ2 > 0}, penalty ρ0, reduction factors
{θϵ ∈ (0, 1), θρ > 1}, bounds {λmin(n), λmax(n)} ∈ R, ratio
τ ∈ (0, 1), minimum distance dmin, t = 0.

3: while dist(f(Ṽt(n)), f(Ṽt+1(n))) ≥ δ2 do
4: Update η0 = −gradṼ0(n)Lρ(Ṽ(n), λ(n)).
5: while ∥gradṼt

Lρ(Ṽ(n), λ(n))∥2 > δ1 do
6: Compute αt, update Ṽt+1(n) via RṼt(n)(αtηt), update

TṼt(n)→Ṽt+1(n)(ηt), compute βt, update ηt+1, t← t+1.
7: end while
8: Update λt+1(n).
9: Set σt+1

n = max
{

ul(Ṽt+1(n))

λt+1(n)
,−λt+1(n)

ρt

}
.

10: Adjust ϵt+1 = max ϵmin, θϵϵt.

11: ρt+1 =

{
ρt, t = 0 ormax

n
{|σt+1

n |} ≤ τ max
n
{|σt

n|},
θρρt, otherwise.

12: t← t+ 1, Ṽt(n)← Ṽt+1(n).
13: end while
14: Output: Vo(n) = Ṽo(n)(1 : M,K + 1), λo(n).

where ρ > 0 is a penalty parameter and λ(n) is the Lagrange
parameter at the n-th subcarrier. The ALM optimizes Ṽ(n)
for a given λ(n) using the MO, and updates λ(n) with a
gradient-type rule [14]. Since Ṽ(n) is constrained to Ms,
Lρ(Ṽ(n), λ(n)) remains differentiable on the manifold, al-
lowing the ALM framework to be applied directly in the
Riemannian framework.

Algorithm 1 optimizes Lρ(Ṽ(n), λ(n)) on Ms through
four main steps [8], [12]: (i) computing the Riemannian
gradient, (ii) determining the search direction and applying the
corresponding mapping, (iii) performing retraction, and (iv)
updating the Lagrange multipliers. For details of these steps,
interested readers are referred to [8], [12], and we omit them
for brevity. Moreover, the Euclidean gradient of (14) required
for the Riemannian gradient computation is given in (15).

The proposed ALM-WNI algorithm is outlined in Algo-
rithm 1. At each iteration t, it generates a candidate solution
that satisfies Lρ(Vt+1(n), λt+1(n)) ≤ Lρ(Ṽt(n), λt(n))+ϵt,
where {ϵt} is an infinite sequence that converges to zero. This
process converges to a Karush-Kuhn-Tucker (KKT) stationary
point of Ps1 under standard assumptions for the ALM on
Riemannian manifolds. The algorithm’s objective function
is monotonically decreasing, and the upper constraint on it
guarantees convergence. With T iterations required for conver-
gence, the overall computational complexity is O(T (M(K +
1) + M(K + 1)2)) [8], [12]. In practice, T remains small
(typically fewer than five) and does not scale noticeably with
M , as reflected in the runtime results. Initialization follows
standard practice in MO (e.g., Manopt), where the variables
are randomly initialized on the CSM, with λ0(n) = 1 [8]. The
ALM penalty and multiplier updates mitigate sensitivity to ini-
tialization and resolve the trade-off between BG enforcement
and SINR maximization by optimizing a single augmented
objective on the manifold [8].

Unlike SDR-based CCPA methods using GR [5], [7], Algo-
rithm 1 enforces sensing constraints directly on Ms, ensuring
exact constraint satisfaction while maintaining comparable

TABLE I: Simulation and algorithm parameters.

Parameter Value Parameter Value
fc 54GHz Γth 10dBm
B 1GHz σ2 −90dBm
M 257 pmax 30dBm
N 8 {δ1, δ2} 10−6

K 4 ϵ0 10−3

L 3 {τ, θϵ} 0.5
dmin 10−10 {ρ0, θρ} {1, 0.25}
ϵmin 10−6 {λmin(n), λmax(n)} {0, 100}

sum-rate performance at lower computational cost [8], [12].

V. SIMULATION RESULTS

This section assesses the performance of Algorithm 1. The
BS is placed at {0, 0}, while users and targets are randomly
distributed within a circular area of radius 50m. The BS-
target sensing directions are set at −45◦, 30◦, and 70◦. The
simulation involves 103 Monte Carlo trials. Table I lists the
simulation parameters. Per [1], we consider a small fractional
bandwidth (≈ 1.85%) so frequency-dependent beam-steering
effects across subcarriers are limited. However, larger band-
widths can also be investigated by using Algorithm 1.

The ALM-WNI is benchmarked against an iterative CCPA
[5]. This solves Pc and Ps via SDR and SCA [5]. Specifically,
it introduces the lifted variables Wk(n) = wk(n)w

H
k (n) and

S(n) = s(n)sH(n), where Wk(n) and S(n) are positive
semidefinite matrices constrained to be rank one. By dropping
the rank-one conditions, Pc and Ps are formed into SDPs [5],
which are solved using CVX. A GR procedure is subsequently
applied to recover feasible rank-one solutions [7].

The average runtime of ALM-WNI and CCPA is evaluated
using MATLAB simulations on an Intel® i7 at 2.50GHz. For
M = 129 ALM-WNI and CCPA require approximately 19 s
and 119 s respectively. When M = 257, the runtime increases
to 43 s and 861 s, i.e., a 20-fold reduction. At M = 321,
the runtimes are 157 s and 1439 s. Clearly, ALM-WNI scales
significantly slowly with M while maintaining comparable or
superior C&S performance (Fig. 2, Fig. 3, and Fig. 4).

Figs. 2 and 3 show the transmit BGs of the two algorithms,
which exhibit comparable beampatterns. When a subcarrier
is assigned to a target, both methods effectively focus power
toward that, achieving strong spatial selectivity and improved
interference suppression.

Fig. 4 compares the sum rate versus M for both algorithms.
As M increases, the sum rate improves for both, reflecting
enhanced spatial multiplexing. Notably, ALM-WNI achieves
comparable or slightly superior beampattern and sum-rate
performance relative to CCPA, while significantly reducing
computational complexity.

The improvements in runtime, beampattern, and sum-rate
primarily arise from three factors: (i) CCPA operates over
the whole space RMKL, whereas ALM-WNI operates on the
manifold M with only (M+1)(K+L) dimensions, yielding a
substantial reduction in computational complexity; (ii) ALM-
WNI reformulates the non-convex Pc and Ps directly as a MO
framework, avoiding the intermediate approximations required
by CCPA. (iii) ALM-WNI jointly optimizes all beamforming
vectors through a single variable, which becomes increasingly
advantageous in large-scale antenna deployments. In contrast,
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∇Ṽt(n)
Lρ(Ṽ(n), λ(n))=

K∑
k=1

−µ̂k(n)

 2ĥH
k (n)Ṽt(n)Ẽkĥk(n)Ẽ
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
− 2ρ1{λ(n)+ul(Ṽ(n))/ρ}
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i

)
(15)
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Fig. 2: BGs for the ALM-WNI algorithm with M = 257 BS antennas.
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Fig. 3: BGs for the CCPA algorithm with M = 257 BS antennas.
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Fig. 4: Sum rate versus the number of BS antennas.

CCPA depends on SCA and SDR, both of which require costly
matrix operations whose complexity grows rapidly with M .

VI. CONCLUSION

This letter introduces ALM-WNI, a low-complexity WB
NF-ISAC beamforming algorithm that supports multiple users
and targets simultaneously. Subcarriers are allocated and se-
lected for C&S tasks. By exploiting the NF beam-focusing
characteristics through location-dependent beamforming that
concentrates energy at intended user/target positions, ALM-
WNI enhances both C&S performance while suppressing
mutual interference between the two tasks. Due to the resulting
non-convex problems, the MO approach is employed for CO

subcarriers, whereas the ALM-enhanced MO algorithm jointly
optimizes communication-sensing subcarriers. Although the
problem complexity scales exponentially with the number of
antennas, ALM-WNI reduces the search space from MKL
dimensions to a lower-dimensional manifold of (M +1)(K+
L), yielding substantial computational savings. As a result,
it operates significantly faster than the conventional CCPA,
making it ideal for large-scale WB NF-ISAC systems.

Future research includes scalable, distributed ALM-WNI for
multiple sensing targets, incorporating clutter-aware sensing
metrics and user/target mobility, and extending the framework
to broader ISAC topologies. Additional opportunities lie in
sensitivity and robustness analyses of system parameters and
algorithmic hyperparameters, ablation studies of optimization
components, advanced SA strategies, and the development
of integrated channel-estimation and beam-training strategies
tailored for WB NF-ISAC.
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