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Abstract

This paper initiates the first exploratory study to investigate
the robust integrated sensing and communication (ISAC) sys-
tems under channel estimation errors from the perspective
of GPU-accelerated bilevel optimization. Within this frame-
work, the upper-level problem is dedicated to simultaneously
optimizing communication and sensing objectives, quantified
respectively by weighted sum rate and Cramér-Rao lower
bound, while the lower-level problem considers the channel
uncertainties. We then propose an efficient algorithm that can
find a set of Pareto optimal solutions with different trade-offs
among communication rates and sensing accuracy. The theo-
retical analysis regarding the convergence rate has also been
provided. Furthermore, we design a bilevel optimization in-
spired deep neural network architecture for that can be re-
alized efficiently on GPU platform. Experiments have been
conducted to evaluate the performances of proposed methods.
In particular, the proposed GPU-accelerated parallel bilevel
optimization can accelerate the convergence speed by up to
50 times compared to conventional gradient-based methods.
This characteristic renders it especially suitable for real-time
applications, exemplified by the demanding requirements of
robust ISAC in upcoming 6G networks.

Introduction
Recently, bilevel optimization has gained significant interest
in machine learning, with applications in various areas like
hyperparameter optimization (Liu et al. 2021; Franceschi
et al. 2018), meta-learning (Ji et al. 2020; Ji, Yang, and
Liang 2021) and neural architecture search (Liu, Simonyan,
and Yang 2018; Xue et al. 2021). Bi-objective optimiza-
tion research is a crucial component of the multi-objective
optimization, which has also achieved significant success
in multi-task learning (Chen and Kwok 2022a,b; Lin et al.
2019). Multi-objective bilevel optimization can be applied
to robust meta-learning, robust neural architecture search,
and multi-task learning(YE et al. 2021; Ye et al. 2024).

However, bi-objective bilevel optimization is under-
explored, with only a handful of related studies (Gutjahr
and Dzubur 2016; Camacho-Vallejo et al. 2022). The bi-
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objective bilevel optimization problem can be formulated as

min
x

[F1(x,y), F2(x,y)]
T

s.t. G(x,y) ≤ 0

y ∈ argmin
y′

[f1 (x,y
′) , f2 (x,y

′)]T

s.t. g (x,y′) ≤ 0,

(1)

where x ∈ Rn1 and y ∈ Rn2 are the upper-level and lower-
level variables, respectively. Both upper-level and lower-
level objectives are vector-valued. We refer to G as the
upper-level constraint and g as the lower-level constraint.
Apparently, robust optimization, characterized by a max-
min or min-max structure, is fundamentally a bilevel opti-
mization problem.

Integrated sensing and communication (ISAC), a revolu-
tionary technology for future sixth-generation (6G) wireless
networks, has received significant attention recently. Unlike
conventional wireless networks with communication func-
tionality only, ISAC seamlessly integrates both communica-
tion and sensing, paving the way for numerous environment-
and location-aware applications such as autonomous driv-
ing, smart city, and factory automation (Liu et al. 2022a;
Zhang et al. 2022b). Beamforming, one of the most promis-
ing multi-antenna techniques, can shape transmit signals in
specified directions, playing a crucial role in enhancing the
system performance of ISAC. Extensive studies on beam-
forming design have been proposed to provide high-quality
communication and sensing services (Hua, Xu, and Han
2023; Liu et al. 2022b, 2020; Cheng et al. 2024; Xu et al.
2023).

However, most prior works on beamforming design for
ISAC assume the knowledge of channel state information
(CSI) at base stations (BSs) is perfectly known. Unfortu-
nately, CSI errors, which can have catastrophic effects on
the performance of both communication and sensing (Wang
et al. 2024), are inevitable due to the following three rea-
sons (Tajer, Prasad, and Wang 2011). Firstly, channel esti-
mation based on statistical methods cannot provide accurate
channel estimates when training samples are limited, which
is referred to as estimation error. Secondly, the amount of
bits reserved for quantized CSI feedback is small in future
wireless networks, leading to what is known as quantization
error. Thirdly, the communication channel is time-varying.
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On the other hand, existing research on ISAC typically re-
laxes beamforming design problems into semidefinite pro-
gramming (SDP) which is very time-consuming to solve.

To address above problems, we consider a networked
ISAC system considering bounded CSI errors in this paper.
The weighted sum rate (WSR) and Cramér-Rao lower bound
(CRLB) are employed as performance metrics for commu-
nication and localization estimation, respectively. Commu-
nication and localization performance are conflicting objec-
tives under limited resources, making the problem suitable
for bi-objective optimization. Building upon this, when in-
corporating CSI errors, the problem can be formulated as a
bi-objective bilevel optimization problem. Inspired by (Lin
et al. 2019; Fliege and Svaiter 2000; Jiao et al. 2023, 2024;
Yang et al. 2008, 2014), we propose a Bi-Objective BiLevel
optimization based Robust BeamForming (BOBLRBF) al-
gorithm to tackle this challenging strongly non-convex prob-
lem. To be specific, the bi-objective bilevel optimization
problem is divided into several subproblems with different
preference vectors. Following this, we regard the lower-level
optimization problem as a constraint to the upper-level op-
timization problem and utilize cutting planes to approxi-
mate this constraint. These subproblems are solvable in par-
allel, enabling the algorithm to yield a collection of well-
distributed Pareto critical solutions.

Deep neural networks (DNNs) provide unprecedented
performance gains in many real world problems. Wu et al.
(2024) points out that DNNs designed using convergent
first-order optimization algorithms with bounded width can
be universal approximators under mild conditions. There-
fore, we design a BOBLRBF inspired neural network archi-
tecture called BOBLRBF-DNN, where the forward pass is
interpreted as the updates of the optimization algorithm. The
designed DNN can learn the gradient information of iterative
algorithms. This method can handle batch samples, unlike
BOBLRBF, which can only solve one sample at a time. Ben-
efiting from the parallel computing capabilities of GPUs,
this method converges faster compared to the BOBLRBF
algorithm, making it more suitable for large-scale ISAC sys-
tems.

The main contributions of this paper are:

• This is the first work that proposes a robust beamform-
ing design framework for ISAC systems employing bi-
objective bilevel optimization. Unlike prior studies that
assume perfect CSI, we take CSI errors into account.
This general framework can be readily adapted to other
robust design problems within ISAC systems.

• An iterative algorithm, named BOBLRBF, is proposed
to tackle this challenging non-convex problem with hier-
archical dependencies. The algorithm can generate well-
distributed Pareto critical solutions with different trade-
offs among communication and sensing for practitioners
to choose from. Moreover, a theoretical analysis regard-
ing the iteration complexity has also been provided.

• We propose a GPU-accelerated bilevel optimization ar-
chitecture called BOBLRBF-DNN, which is inspired by
the convergent algorithm BOBLRBF. This method is
scalable, which means that as the number of GPUs in-

creases or computing capability improves, the algorithm
converges faster, rendering it particularly suitable for
real-time applications where rapid convergence is essen-
tial.

Related Work
Bi-Objective Bilevel Optimization. The mainstream
methods for solving bilevel optimization problems are pre-
dominantly based on gradient approaches (Liu et al. 2021;
Hong et al. 2023). Several methods are commonly used for
bi-objective optimization problems, including the weighted
sum, ε-constraint method, and hybrid method (Kim and
De Weck 2005; Yeung and Zhang 2023). However, bi-
objective bilevel optimization is under-explored (Gutjahr
and Dzubur 2016; Camacho-Vallejo et al. 2022). To the best
of our knowledge, the bi-objective bilevel optimization ap-
proach has not yet been applied in ISAC systems.

Accelerated Bilevel Optimization. Unrolling is a promis-
ing technique that has established a connection between
iterative algorithms, such as those used in sparse coding,
and neural network architectures (Gregor and LeCun 2010).
Typically, the designer begins with an optimization problem
with an explicit objective function, and DNNs are then de-
rived by unrolling the iterative process that solves the prob-
lem. However, prior research has primarily focused on un-
rolling for single-level optimization problems (Yang et al.
2020; Li et al. 2019; Adler and Öktem 2018). We are the
first to explore GPU-accelerated bilevel optimization, which
can enhance convergence speed by up to 50 times compared
to traditional iterative methods.

Integrated Sensing and Communication. Convention-
ally, mono-static ISAC systems where a single BS serves
as an ISAC transceiver, and bi-static ISAC systems in which
two BSs are deployed as the ISAC transmitter and sensing
receiver, respectively, have been widely investigated (Hua,
Xu, and Han 2023; Liu et al. 2022b, 2020; Zhang et al.
2022a; Liu et al. 2018; Cao et al. 2020; Chen and Gu 2021).
However, the mono-static and bi-static ISAC systems can
only offer limited service coverage. To address the problem,
networked ISAC systems have drawn significant research at-
tention (Cheng et al. 2024; Xu et al. 2023; Huang et al. 2022;
Wang et al. 2021; Demirhan and Alkhateeb 2023).

Notations: Rn×m and Cn×m are used for the sets of n-
by-m dimensional real matrices and complex matrices, re-
spectively. The notation x ∼ CN (x̄,Σx) indicates that x
is complex Gaussian distributed with mean x̄ and covari-
ance Σx. We use ℜ(·) and ℑ(·) to denote the real and imag-
inary parts of the argument. The superscripts (·)T , (·)H rep-
resent the transpose, conjugate transpose operations, respec-
tively. Vec(X) denotes the vector obtained by stacking the
columns of matrix X .

System Model
We consider a networked ISAC system as shown in Figure
1, consisting of J sensing targets of interest, L BSs indexed
by L = {1, 2, ..., L}, Kl single-antenna users in each cell
associated with BS l indexed by Kl = {1, 2, ...,Kl}. Let
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Figure 1: An illustration of the considered networked ISAC
system comprising J = 2 sensing targets of interest, L = 3
BSs, each associated with Kl = 2 users.

Ul,i denote the i-th user associated with BS l. In this system,
BSs send messages and dedicated sensing signals to their
associated users, and the echo signals reflected from targets
are collected by all BSs for target localization.

Let sl,i[t] ∼ CN (0, 1) denote the communication signal
for Ul,i and sl,0[t] ∈ CN×1 the dedicated sensing signal at
the t-th time slot. In the time slot t ∈ T = {1, 2, ..., T}, the
transmitted signal from l is given by

sl[t] =
∑
i∈Kl

vl,isl,i[t] + sl,0[t], (2)

where vl,i ∈ CN×1 represents the beamforming vector uti-
lized for precoding the signal sl,i[t] before transmission, and
we assume E[|sl,i|2] = 1. Suppose the maximum transmit
power budget at BS l is Pl, we have following constraints:∑

i∈Kl

||vl,i||2 + Tr(Ql,0) ≤ Pl, ∀l ∈ L, (3)

where Ql,0 = E[sl,0[t]sHl,0[t]] =
1
T

∑
t∈T sl,0[t]s

H
l,0[t] de-

notes the sample covariance matrix of the sensing signal.

Communication Model
Let hl,c,k ∈ CN×1 denote the channel vector from BS l
to Uc,k and zc,k[t] ∼ CN (0, σ2

c,k) represent the additive
complex white Gaussian noise at Uc,k. The user Uc,k suf-
fers from both the intra-cell and inter-cell interference, as
well as the interference from the dedicated sensing signals.
The power of each type of interference can be respectively
expressed as follows

Pintra-cell =
∑

i∈Kc,i̸=k

|hH
c,c,kvc,i|2,

Pinter-cell =
∑

l∈L,l ̸=c

∑
i∈Kl

|hH
l,c,kvl,i|2,

Psensing =
∑
l∈L

hH
l,c,kQl,0hl,c,k.

(4)

Therefore, the SINR of Uc,k is given by

SINRc,k =
|hH

c,c,kvc,k|2

Pintra-cell + Pinter-cell + Psensing + σ2
c,k

. (5)

Considering CSI errors, we denote the imperfect CSI avail-
able at BSs by {h̃l,c,k} and define the channel estimation
errors, which are unknown to BSs, as follows

∆l,c,k = hl,c,k − h̃l,c,k, ∀l, c, k. (6)

We assume that such channel estimation errors are bounded
and confined within an origin-centered hyper-spherical re-
gion of radius ϵl,c,k, i.e., ∥∆l,c,k∥2 ≤ ϵl,c,k. Therefore, the
weighted sum rate can be defined as

WSR({vl,i,Ql,0,∆l,c,k})
=

∑
c∈L

∑
k∈Kc

αc,k log (1 + SINRc,k) ,
(7)

where αc,k > 0 is the weighting factor corresponding to the
user Uc,k.

Sensing Model
In this subsection, we consider the distributed multi-target
localization, in which the communication signals {sl,i}
and dedicated sensing signals {sl,0} are reused. Let J =
{1, 2, ..., J} denote the set of targets at location p =
[pT

1 , ...,p
T
J ]

T where pj = [pj1, pj2]
T is the location of the

jth target. Let H l,j,m = a(θr,j,m)aH(θt,j,l) denote the tar-
get response matrix where a(θ) represents the steering vec-
tor. θr,j,m is the angle of arrival between the j-th target and
the receiver m ∈ L, and θt,j,l is the angle of departure be-
tween the BS l ∈ L and the j-th target. Then, the echo signal
received by the receiver m can be expressed as

rm[t] =
∑
l∈L

∑
j∈J

αl,j,mH l,j,msl[t− τl,j,m] + zr,m[t], (8)

where zr,m ∼ CN (0, σ2
r,m) represents the noise at the re-

ceiver m. αl,j,m is the reflection coefficient incorporating
both the radar cross section (RCS) and the path loss of the
link from BS l to jth target and then to the receiver m. τl,j,m
is the propagation time of a signal transmitted by BS l, re-
flected from target j, and received by the receiver m.

CRLB for Multi-Target Localization
According to information theory, CRLB provides a lower
bound for the mean square error (MSE) on parameter es-
timation through an unbiased estimator. It is demonstrated
in (Godrich, Haimovich, and Blum 2010) that the MSE of
a maximum likelihood estimator is asymptotically tight to
the CRLB at high SNR (over 10 dB). Thus, we derive the
closed-form CRLB for multi-target localization in this sec-
tion, expressed as a function of the beamforming vectors and
sensing signals.

We introduce Rm = [rm[1], ..., rm[T ]] ∈ CN×T as the
matrix representation of received echo signals at the receiver
m, given by

Rm =
∑
l∈L

∑
j∈J

αl,j,mH l,j,mSl,j,m +Zr,m, (9)

where Sl,j,m = [sl[1− τl,j,m], ..., sl[T − τl,j,m]] ∈ CN×T

and Zr,m = [zr,m[1], ..., zr,m[T ]] ∈ CN×T . We de-
fine αj,re = [ℜ(α1,j,m), ...,ℜ(αL,j,m)]T and αj,im =
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[ℑ(α1,j,m), ...,ℑ(αL,j,m)]T . The unknown parameters to be
estimated are denoted by ξ = [pT ,αT ]T , where α ∈ R2JL

is given by α = [αT
1,re, ...,α

T
J,re,α

T
1,im, ...,αT

J,im]T . Let ξ̂
denote an estimate of the parameter ξ based on the observa-
tion {Rm}m=1,...,L.

Given that {sl,i[t]} and {sl,0[t]} are independent over dif-
ferent users and times, and H l,j,m, ∀l, j,m, are indepen-
dent, we can derive the CRLB for estimating the locations
of targets p as follows

CRLB({vl,i,Ql,0})
= Tr

(
(F ′

pp − F ′
pα(F

′
αα)

−1(F ′
pα)

T )−1
)
,

(10)

where F ′
pp ∈ R2J×2J , F ′

pα ∈ R2J×2JL and F ′
αα ∈

R2JL×2JL are sub-matrices of the Fisher information ma-
trix (FIM) F ′

ξ calculated in Appendix C for the parameter
ξ.

Problem Formulation and Method
In this section, we utilize the bi-objective bilevel optimiza-
tion framework for the design of robust ISAC systems. Then,
we develop an efficient algorithm based on cutting plane
and steepest descent methods to generate a set of well-
distributed Pareto critical solutions with different trade-offs
among communication and sensing.

Problem Formulation
In the framework of bi-objective bilevel optimization, the
upper-level problem is employed to model communication
and sensing objectives, while the lower-level problem con-
siders the robustness of the ISAC system. For notational
simplicity, we split {vl,i,Ql,0} into real and imaginary com-
ponents and stack them into one vector denoted by γ. δ
is defined in the same way. Then, the problem of optimiz-
ing the coordinated transmit beamforming to simultaneously
maximize WSR and minimize CRLB in the presence of
bounded CSI errors can be formulated as

min
γ

[−WSR(γ, δ),CRLB(γ)]T

s.t.
∑

i∈Kl
||vl,i||2 + Tr(Ql,0) ≤ Pl, ∀l

δ = argmin
δ′

WSR(γ, δ′)

s.t. ∥∆′
l,c,k∥2 ≤ ϵl,c,k, ∀l, c, k.

(11)

Problem (11) with two objectives at the upper level and
one objective at the lower level is a special form of the bi-
objective bilevel optimization problem. This framework can
be readily extended to other robust ISAC system designs.
More insights into problem (11) are provided in Appendix
B.1.

Method: BOBLRBF
We aim to generate a set of well-distributed solutions with
different trade-offs among communication and sensing for
the problem (11). Inspired by the idea from (Lin et al. 2019;
Liu, Gu, and Zhang 2014), we decompose the problem (11)

into several subproblems. Each subproblem emphasizes dif-
ferent preferences among two objectives, and these subprob-
lems can be solved in parallel. To facilitate this decomposi-
tion, we define K unit vectors u1, ...,uK ∈ R2

+, and thus
R2

+ is divided into K cones Ω1, ...,ΩK given by

Ωk =
{
q ∈ R2

+ | uT
k q ≥ uT

j q, ∀j = 1, ...,K
}

(12)

In other words, a vector q belongs to Ωk if and only if q has
the smallest angle to uk among all the K preference vectors.
Based on this division, the problem (11) can be decomposed
into K subproblems. Subproblem k is given by

min
γ

F (γ, δ) = [−WSR(γ, δ),CRLB(γ)]T

s.t. (uj − uk)
T (F (γ, δ)− e) ≤ 0, ∀j = 1, . . . ,K∑

i∈Kl
||vl,i||2 + Tr(Ql,0) ≤ Pl, ∀l

δ = argmin
δ′

WSR(γ, δ′)

s.t. ∥∆′
l,c,k∥2 ≤ ϵl,c,k, ∀l, c, k,

(13)
where e1 and e2 are the lower bounds of −WSR(γ, δ) and
CRLB(γ), respectively. The illustration in Appendix Fig-
ure 6 demonstrates how preference vectors partition the ob-
jective space into various subregions. Each solution to the
subproblem is influenced by its associated preference vec-
tor, leading it towards a specific subregion.

To solve the subproblem (13), we first transform the
lower-level problem into a constraint to the upper-level
problem, and thus derive a single-level problem, which
is a bi-objective optimization problem. Let ϕ(γ) =
argminδ′{WSR

(
γ, δ′

)
| ∥∆′

l,c,k∥2 ≤ ϵl,c,k, ∀l, c, k} and
g(γ, δ) = ∥δ − ϕ(γ)∥22, the problem (13) can be reformu-
lated as a single-level problem

min
γ,δ

F (γ, δ) = [−WSR(γ, δ),CRLB(γ)]T

s.t. rj(γ, δ) = (uj − uk)
T (F (γ, δ)− e) ≤ 0, ∀j

pl(γ) =
∑

i∈Kl
||vl,i||2 + Tr(Ql,0) ≤ Pl, ∀l

g(γ, δ) = 0.

(14)
Following existing works on bilevel problems, an estimate
of ϕ(γ) is enough instead of the exact ϕ(γ). Given that
the lower-level problem is a constrained optimization prob-
lem, the augmented Lagrangian method is adopted. Consid-
ering the first-order Taylor approximation of WSR(γ, δ′)
with respect to γ, i.e., for a given point γ̄, W̃SR(γ, δ′) =
WSR(γ̄, δ′) + ∇γWSR(γ̄, δ′)T (γ − γ̄), we rewrite the
lower-level problem by introducing slack variables {ζl,c,k}
as follows

argmin
δ′,{ζl,c,k}

W̃SR(γ, δ′)

s.t. ∥∆′
l,c,k∥2 + ζ2l,c,k = ϵl,c,k, ∀l, c, k.

(15)

Problem (15) can be solved through the augmented La-
grangian method. Thus, ϕ(γ) can be approximated after
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KGD steps of gradient descent which can be expressed as

ϕ(γ) = δ′0 −
KGD−1∑
k=0

ηδ′∇δ′fALMk, (16)

where fALMk represents the augmented Lagrangian function
of the lower-level optimization problem (15). The relaxed
problem of (14) is considered as

min
γ,δ

F (γ, δ) = [−WSR(γ, δ),CRLB(γ)]T

s.t. rj(γ, δ) = (uj − uk)
T (F (γ, δ)− e) ≤ 0, ∀j

pl(γ) =
∑

i∈Kl
||vl,i||2 + Tr(Ql,0) ≤ Pl, ∀l

g(γ, δ) ≤ ε,

(17)
where ε is a very small positive constant.
Theorem 1. The function g(γ, δ) is convex with respect to
(γ, δ) when KGD = 1, and thus the feasible region formed
by this constraint is convex.

Proof. See Appendix D.

In this paper, we utilize a set of cutting plane constraints,
i.e. linear constraints, to approximate the convex feasible re-
gion formed by g(γ, δ) ≤ ε. The induced polytope P can
be expressed as follows

P =
{
aT
i γ + bTi δ + κi ≤ 0, i = 1, ..., |P|

}
, (18)

where ai, bi and κi are parameters in the i-th cutting plane
and |P| denotes the number of cutting planes in P . Thus,
problem (17) can be written as

min
γ,δ

F (γ, δ) = [−WSR(γ, δ),CRLB(γ)]T

s.t. rj(γ, δ) = (uj − uk)
T (F (γ, δ)− e) ≤ 0, ∀j

pl(γ) =
∑

i∈Kl
||vl,i||2 + Tr(Ql,0) ≤ Pl, ∀l

ci(γ, δ) = aT
i γ + bTi δ + κi ≤ 0, ∀i = 1, ..., |P [t]|,

(19)
where P [t] is the polytope at t-th iteration. Now, we will
commence the discussion on how cutting planes are updated
during the iterations. The cutting planes will be updated ev-
ery kpre iterations based on the following two steps:

a) Removing inactive cutting planes. If aT
i γ

[t+1] +

bTi δ
[t+1] + κi < 0, the i-th cutting plane will be removed.

b) Adding new cutting planes. Given a query point
(γ[t+1], δ[t+1]), we check whether this point satisfies the
constraint g(γ, δ) ≤ ε. If not, that is g(γ, δ) > ε, a valid
cutting plane can be generated according to (Boyd and Van-
denberghe 2007; Chen, Xiong, and Yang 2024) as follows

g
(
γ[t+1], δ[t+1]

)
+ ∂g(γ[t+1],δ[t+1])

∂γ
∂g(γ[t+1],δ[t+1])

∂δ

T ([
γ
δ

]
−
[

γ[t+1]

δ[t+1]

])
≤ ε.

(20)
For the constrained bi-objective subproblem (19), our

goal is to achieve Pareto critical optimality.

Algorithm 1: BOBLRBF: Bi-Objective BiLevel optimiza-
tion based Robust BeamForming.

1: Input: P ,
{
h̃l,c,k, ϵl,c,k,H l,j,m

}
, a set of preference

vectors {u1,u2, ...,uK}.
2: Output: The set of solutions {γk, δk}k.
3: (can be solved in parallel)
4: for k = 1 to K do
5: Initialization: set tk = 0, γ[0]

k within power budgets,
δ
[0]
k = 0;

6: repeat
7: Find the direction d

[t]
k by solving problem (22);

8: Update variables γ[t+1]
k and δ

[t+1]
k based on (23);

9: if tk mod kpre == 0 then
10: Remove inactive cutting planes;
11: Compute an estimate solution ϕ(γ

[t+1]
k ) of the

lower level problem according to (16);
12: if g(γ[t+1]

k , δ
[t+1]
k ) > ε then

13: Add the new cutting plane according to (20);
14: end if
15: end if
16: tk ← tk + 1;
17: until convergence.
18: end for

Definition 1. (Locally Pareto optimality) A feasible solution
(γ, δ) is locally Pareto optimal if there is a neighborhood
U of (γ, δ) such that there does not exist a feasible point
(γ′, δ′) ∈ U with F (γ′, δ′) ⪯ F (γ, δ) and Fi(γ

′, δ′) <
Fi(γ, δ) for at least one index i.
Definition 2. (Pareto critical point) A necessary condition
for a feasible point (γ, δ) to be Pareto critical point is

range(JF (γ, δ)) ∩ (−R++) = ∅, (21)
where JF (γ, δ) denotes the Jacobian of F at (γ, δ).

We denote the set of active constraints at a feasible point
(γ̄, δ̄) by Ir(γ̄, δ̄), Ip(γ̄, δ̄) and Ic(γ̄, δ̄). Ir(γ̄, δ̄) is given
by Ir(γ̄, δ̄) = {j|rj(γ̄, δ̄) ≥ 0}, with Ip(γ̄, δ̄) and Ic(γ̄, δ̄)
being defined in the same way. We can find a descent direc-
tion for problem (19) by solving a quadratic programming
problem

argmin
d,φ

φ+ 1
2∥d∥

2

s.t. ∇Fk(γ
[t], δ[t])Td ≤ φ, ∀k = 1, 2

∇rj(γ[t], δ[t])Td ≤ φ, ∀j ∈ Ir(γ
[t], δ[t])

∇pl(γ[t], δ[t])Td ≤ φ, ∀l ∈ Ip(γ
[t], δ[t])

∇ci(γ[t], δ[t])Td ≤ φ, ∀i ∈ Ic(γ
[t], δ[t]).

(22)

Lemma 1. Let
(
d[t], φ[t]

)
be the solution of problem (22).

1. If
(
γ[t], δ[t]

)
is the Pareto critical point, then d[t] = 0

and φ[t] = 0.
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2. If
(
γ[t], δ[t]

)
is not the Pareto critical point, then φ[t] ≤

− 1
2∥d

[t]∥2 < 0.

Proof. See Appendix E.

We can obtain a Pareto critical solution for each subprob-
lem by iteratively updating variables as follows

(γ[t+1], δ[t+1]) = (γ[t], δ[t]) + η[t]d[t], (23)

where η[t] represents the stepsize as the maximum of

{η =
1

2j
| j ∈ N,F ((γ[t], δ[t]) + ηdk) ⪯

F (γ[t], δ[t]) + ςηJF (γ[t], δ[t])d[t]},
(24)

where ς ∈ [0, 1] is a prespecified constant.
The details of BOBLRBF are summarized in Algorithm 1.

Assumption 1. We assume that F i has Lipschitz continuous
gradients, i.e., for any (γ, δ), (γ′, δ′), we assume that there
exists Li > 0 satisfying that

∥∇F i(γ, δ)−∇F i(γ
′, δ′)∥ ≤ Li∥(γ, δ)− (γ′, δ′)∥ (25)

Theorem 2. The Algorithm 1 has a convergence rate of
O( 1√

T
), where T is the iteration numbers of Algorithm 1.

Proof. See Appendix F.

GPU-Accelerated Bilevel Optimization
In this section, we design an interpretable neural network ar-
chitecture BOBLRBF-DNN inspired by the convergent op-
timization algorithm BOBLRBF, as shown in Figure 2. Tra-
ditional optimization algorithms generally demand a sub-
stantially smaller number of parameters in comparison to
widely used neural networks. This inherent efficiency ren-
ders optimization algorithm-inspired neural networks highly
parameter-efficient, necessitating less training data. Addi-
tionally, BOBLRBF-DNN naturally inherits prior structures,
as opposed to learning from scratch through extensive train-
ing data. Consequently, BOBLRBF-DNN often exhibits su-
perior generalization capabilities and can be computation-
ally faster compared to generic neural networks.

𝛾[0]

𝛿[0]

𝛾[1]

𝛿[1]

𝛾[2]

𝛿[2]
＋ ＋

𝑊0 𝑊1

…
𝛾[𝑌]

𝛿[𝑌]

Figure 2: The neural network architecture of our
BOBLRBF-DNN.

Specifically, we unroll the algorithm BOBLRBF and use
a neural network to approximate the descent direction d[t] in
(23). In other words, there is no need to solve the quadratic
programming problem (22). Instead, the aim is to enable the

neural network to learn the gradient information required for
the variable updates in the BOBLRBF algorithm. We have

(γ[y+1], δ[y+1]) = (γ[y], δ[y]) + η[y]W y(wy;γ[y], δ[y]),
(26)

where W y can be any neural network parameterized by wy .
Note that the parameter wy varies from layer to layer,

rather than being shared across different layers. This design
is intended to provide distinct model parameters at each iter-
ation of the optimization algorithm, which can enhance the
performance of the model. Interestingly, the inspired neural
network architecture by this approach bears a striking re-
semblance to ResNet.

The cutting planes are updated based on (γ[Y ], δ[Y ]) like
Algorithm 1. After a certain number of iterations, the cutting
planes will be fixed. Based on the penalty function method
and problem (19), the loss function is defined as

loss(w) = 1
M

∑M
m=1 loss

(m)(w;γ[Y ](m), δ[Y ](m))

= 1
M

∑M
m=1−λ1WSR(m) + λ2CRLB(m)

+
∑

l σl max{0, p(m)
l − P

(m)
l }2 +

∑
i σi max{0, c(m)

i }2,
(27)

where w = (w0, . . . ,wY−1), and M is the number of sam-
ples. λ1 and λ2 are weighting factors. {σl} and {σi} are
increasing penalty parameters. We can find that one forward
propagation is equivalent to iterating Algorithm 1 Y times.

Experiments
This section provides numerical experiments to validate the
performance of our proposed BOBLRBF and BOBLRBF-
DNN. The algorithm BOBLRBF is executed on a machine
equipped with 12th Gen Intel(R) Core(TM) i7-12700H and
the algorithm BOBLRBF-DNN runs on NVIDIA GeForce
RTX 3060. All experimental results are averaged over mul-
tiple runs.

In the simulation, we consider the networked ISAC sce-
nario with L = 3 BSs. BSs are deployed with uni-
form linear arrays (ULAs) with half-wavelength spacing be-
tween consecutive antennas, and each BS serves one com-
munication user. The number of antennas at each BS is
N = 5. BSs are located at (−40m, 40

√
3m), (80m, 0m)

and (−40m,−40
√
3m), respectively, while communication

users are randomly distributed around BSs. There are J = 2
targets located at (2m, 5m) and (−5m, 1m). The commu-
nication channels between BSs and communication users
are set as Rayleigh fading following the standard assump-
tion, i.e., each channel coefficient hl,c,k is generated ac-
cording to a complex standard normal distribution, with
zero mean and unit variance. Furthermore, the path loss
between each BS and the communication user is given by
PLl,c,k = ρ( d0

dl,c,k
)ν , where ρ represents the path loss at the

reference distance of d0 = 1m and ν denotes the path loss
exponent.

First, we verify the performance of the BOBLRBF al-
gorithm under the presence of channel estimation errors as
shown in Figure 3. The power budgets {Pl} of all BSs are
set to be 40 dBm. Our proposed algorithm BOBLRBF ex-
hibits the capability to generate a set of well-representative
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Figure 3: The WSR versus the CRLB in the case with L =
3, J = 2 and Ki = 1, i = 1, 2, 3 for different uncertainty
regions of CSI.
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Figure 4: The WSR versus the CRLB in the case with L =
3, J = 2 and Ki = 1, i = 1, 2, 3 for different power
budgets.
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Figure 5: Comparing the convergence rate of our proposed BOBLRBF and BOBLRBF-DNN.

solutions with different trade-offs among communication
and localization performance. Additionally, We can observe
that when uncertainty regions of CSI become larger, both
communication and localization performances will decrease
slightly. This is primarily because larger regions of uncer-
tainty indicate more significant channel estimation errors,
which consequently lead to a reduced worst-case WSR and
CRLB.

Then, we begin to explore the impact of power on com-
munication and sensing performance in the presence of CSI
errors. As depicted in Figure 4, an increase in the power bud-
get P correlates with improvements in both communication
and sensing performances. This observation aligns with the
anticipated outcomes within ISAC systems.

Finally, we illustrate the disparity in convergence rates be-
tween our proposed BOBLRBF and BOBLRBF-DNN al-
gorithms in Figure 5. In experiments, we set W y, y =
1, . . . , Y − 1 as multilayer perceptrons (MLPs). It is evi-
dent that the BOBLRBF-DNN method exhibits a more rapid
convergence and achieves better communication and local-
ization performances than the BOBLRBF algorithm. This
is attributed to the parallel computing capabilities of GPUs.

Moreover, we find that with the BOBLRBF-DNN architec-
ture, the CRLB becomes very small in a relatively short
time, indicating that the system achieves excellent sensing
performance quickly.

Conclusion
We propose to model robust ISAC systems from the per-
spective of GPU-accelerated bilevel optimization. This pa-
per studies a practical ISAC system in the presence of CSI
errors. An efficient iterative algorithm, named BOBLRBF,
is proposed to address this challenging hierarchical problem
with two objectives. We also provide a theoretical analysis
regarding the convergence rate. Furthermore, we design an
accelerated bilevel optimization algorithm that can be im-
plemented via GPU in parallel. Numerical results are pro-
vided to confirm our algorithm BOBLRBF can generate a di-
verse array of Pareto critical solutions, effectively balancing
the trade-offs between communication efficiency and sens-
ing precision. We also show that the BOBLRBF-DNN al-
gorithm exhibits a faster convergence rate compared to the
BOBLRBF algorithm, achieving up to a 50-fold acceleration
in convergence speed during the experiments.

11173



Acknowledgments
This work was supported in part by the National Natural
Science Foundation of China under Grant 12371519 and
61771013; in part by Asiainfo Technologies; in part by the
Fundamental Research Funds for the Central Universities of
China; and in part by the Fundamental Research Funds of
Shanghai Jiading District.

References
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