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Abstract—In this paper, the technique of constructive in-
terference (CI) is introduced to improve the performance of
multiple-input multiple-output (MIMO) integrated sensing and
communication (ISAC) systems. First, we formulate a non-convex
sensing-oriented precoding problem under communication CI
constraints, which can be approximately solved via successive
convex approximation (SCA). To reduce computational complex-
ity, we further derive the Lagrange dual of the SCA sub-problem.
By eliminating the explicit second-order cone constraint in the
primal sub-problem, the dual formulation enables a more effi-
cient solution procedure, leading to the proposed CI-SCA-Dual
algorithm. Simulation results show that the proposed CI-SCA-
Dual precoding method achieves significant ISAC performance
improvement with limited computational complexity increment.

Index Terms—integrated sensing and communication (ISAC),
constructive interference (CI), block-level precoding (BLP).

I. INTRODUCTION

In 6G wireless communication systems, higher frequency
bands, wider bandwidths, and larger-scale antenna arrays en-
able high-precision, high-resolution sensing, thus allowing the
integration of sensing and communication (ISAC) in a single
system. The combination of multiple-input multiple-output
(MIMO) and ISAC, on the one hand, provides extremely high
spatial resolution; on the other hand, it assists in channel
state information acquisition and signal processing [1]. Since
communication and sensing share the same hardware platform,
spectrum resources, and transmit power, efficient precoding
design is essential for resource allocation.

Traditionally, multiuser interference is regarded as a detri-
mental factor. However, the dirty paper coding (DPC) method
in [2] implies that it is optimal to code along interference.
Subsequently, this idea has been further developed under
the framework of symbol-level precoding (SLP) based on
constructive interference (CI), pushing the received signal
away from the detection boundaries, which contributes to
increasing the useful signal power [3]. Recently, [4] proposes
a CI-based block-level precoding (BLP) method. Compared
with CI-SLP, which requires symbol-by-symbol optimization
within each block, CI-BLP updates the precoder only once
per block, thus greatly reducing the computational cost.

In this paper, we introduce CI-BLP into QAM-modulated
MIMO-ISAC to increase the useful signal power, which is
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Fig. 1. MIMO-ISAC Downlink System.

more challenging than the QPSK-limited scheme in [5]. How-
ever, incorporating CI-BLP into MIMO-ISAC tightly cou-
ples CI-constrained communication with Cramér-Rao bound
(CRB)-oriented sensing, resulting in a highly non-convex
precoding problem. To address this challenge, we employ suc-
cessive convex approximation (SCA) to obtain a sub-optimal
solution. Furthermore, since the SCA sub-problem satisfies
Slater’s condition, we derive its Lagrange dual formulation,
which enables a more efficient solution procedure.

II. SYSTEM MODEL

A. MIMO-ISAC

We consider a MIMO-ISAC base station (BS) equipped
with Nt transmit antennas and Nr receive antennas. It serves
K downlink single-antenna users while it senses NS point
targets. Let S = [s1, s2, · · · , sN ] ∈ CK×N denote the data-
symbol matrix, assumed to be drawn from a QAM constella-
tion, where N is the block length. After linear precoding with
W ∈ CNt×K , the transmitted signal matrix is given by:

X = WS ∈ CNt×N . (1)

On the communication side, the received signal matrix
YC ∈ CK×N at the users is modeled as:

YC = HX+ ZC . (2)

Here H = [h1,h2, · · · ,hK ]T ∈ CK×Nt denotes the
Rayleigh-fading channel matrix and is assumed known at the
BS. In addition, ZC ∈ CK×N denotes a complex additive
white Gaussian noise (AWGN) matrix with variance σ2

C .
On the sensing side, the received signal matrix YS ∈

CNr×N arriving at the BS can be expressed as:

YS = GX+ ZS , (3)



Fig. 2. Geometric illustration of the CI metric for QAM.

where ZS ∈ CNr×N denotes a complex AWGN matrix with
variance σ2

S . Meanwhile, the target response matrix (TRM)
G ∈ CNr×Nt in (3) is given by [6]:

G =

NS∑
i=1

αib(θi)a
H(θi). (4)

Here, θi and αi represent the angle and reflection coefficient of
the i-th point target, respectively. a(θi) ∈ CNt×1 and b(θi) ∈
CNr×1 are the steering vectors of the transmit and receive
antennas at the BS, respectively.

The estimation accuracy of the TRM G is a key perfor-
mance metric for radar sensing. Therefore, the CRB for esti-
mating G is commonly adopted as the sensing-performance
metric, which can be further characterized via the transmitted
signal matrix X as [6]:

CRB(G) =σ2
SNr tr

[
(XXH)−1

]
=
1

2
σ2
SNr tr

[
(XrealX

T
real)

−1
]
.

(5)

Here Xreal =

[
ℜ(X) −ℑ(X)
ℑ(X) ℜ(X)

]
∈ R2Nt×2N is the real-

valued extension of X. As a result, the optimization problem
of G, i.e., minG CRB(G), becomes:

min
Xreal

tr
[
(XrealX

T
real)

−1
]
. (6)

B. Constructive Interference

As an effective technique to exploit the information of the
data symbols, CI refers to interference that pushes the received
signal away from the decision boundaries of the intended
constellation point, thereby contributing to the useful signal
power [3].

To intuitively illustrate this concept, Fig. 2 presents the first
quadrant of a 16-QAM constellation diagram. Assume that
OD is the transmitted data symbol for user k at symbol slot
n and OS is the corresponding noiseless received signal. It
can be observed that when OS falls into the green shaded
constructive region, its distance to the decision boundaries IP

and IQ is larger than that of the nominal constellation point
‘D’. Consequently, the same noise is less likely to cause a
detection error, which is equivalent to increasing the received
signal-to-interference-plus-noise ratio (SINR) [4].

Meanwhile, it should be noted that only the outer constella-
tion points can exploit CI, since the interference is less likely
to be beneficial for the inner constellation points [4]. To be
more specific, in Fig. 2 CI exists for the real part of the
constellation point type ‘B’ and the imaginary part of type ‘C’,
while both the real and imaginary parts of the constellation
point type ‘D’ can be exploited.

III. PRECODING DESIGN IN CI-AIDED MIMO-ISAC
A. Problem Formulation of CI-Aided MIMO-ISAC

To integrate CI into the MIMO-ISAC framework, we adopt
the symbol-scaling metric for QAM constellations [4]. For
user k at symbol slot n, the received signal in (2) can be
expressed as:

yk,n = hT
kWsn + zk,n = αn

k,Aℜ(snk ) + j αn
k,Bℑ(snk ) + zk,n,

(7)
where αn

k,A, α
n
k,B ∈ R are real-scaling coefficients. The

subscripts A and B denote the real and imaginary dimensions,
respectively.

By controlling the scaling factors, the noiseless received
signal can be steered into the constructive region, thereby
enhancing the detection reliability. In particular, we can divide
αn
k,A and αn

k,B into two sets, leading to the following CI
constraints:

αn
k ≥ t, ∀(n, k) ∈ O, αn

k = t, ∀(n, k) ∈ I. (8)

Here, O denotes the set of scalars that can exploit CI via
scaling, while I contains those that cannot. The variable t
serves as a communication quality-of-service (QoS) threshold,
which represents the minimum required level of constructive
interference scaling.

Given CI constraints in (8), the per-dimension SINRs of
CI-aided precoding can be quantified as:

SINRℜ,CI
k,n =

(αn
k,A)

2|ℜ(snk )|2

σ2
C

, (9)

SINRℑ,CI
k,n =

(αn
k,B)

2|ℑ(snk )|2

σ2
C

. (10)

By transforming the multiuser interference from a harmful
factor into a useful signal component, CI is capable of
improving the communication reliability [3].

However, although CI improves communication reliability,
the resulting CI constraints restrict the transmit waveform
design and may affect sensing performance. This motivates a
joint precoding design that accounts for both communication
CI requirements and sensing CRB minimization. Specifically,
to convert the geometric CI condition in (8) into linear
constraints with respect to the optimization variable, we can
construct two coefficient matrices ank ∈ RNt×1 and bn

k ∈
RNt×1, such that αn

k can be expressed as [4]:

αn
k = (ank )

TŴsnE + (bn
k )

TŴcnE , (11)



where Ŵ ∈ RNt×2K , snE ∈ R2K×1 and cnE ∈ R2K×1 are
defined as:

Ŵ = [ℜ(W) −ℑ(W)], snE =

[
ℜ(sn)
ℑ(sn)

]
, cnE =

[
ℑ(sn)
−ℜ(sn)

]
.

(12)
Meanwhile, the transmit power constraint can be equiva-

lently rewritten as:
N∑

n=1

∥Wsn∥22 =

N∑
n=1

(
∥ŴsnE∥22 + ∥ŴcnE∥22

)
≤ Np0. (13)

To proceed, by introducing matrices SE = [s1E , s
2
E , . . . , s

N
E ]

and CE = [c1E , c
2
E , . . . , c

N
E ], it is straightforward to verify

that Xreal =

[
ŴSE −ŴCE

ŴCE ŴSE

]
= ŴdiagU, where matrices

Ŵdiag ≜

[
Ŵ 0

0 Ŵ

]
and U ≜

[
SE −CE

CE SE

]
. Consequently,

by substituting this relationship into (6), the proposed opti-
mization problem, which aims to minimize the sensing CRB
under communication CI constraints, can be formulated as:

PQAM
1 : min

Ŵ
tr
[
(ŴdiagUUTŴT

diag)
−1

]
s.t. (ank )

TŴsnE + (bn
k )

TŴcnE ≥ t, ∀(n, k) ∈ O,

(ank )
TŴsnE + (bn

k )
TŴcnE = t, ∀(n, k) ∈ I,

N∑
n=1

(
∥ŴsnE∥22 + ∥ŴcnE∥22

)
≤ Np0. (14)

A major difficulty in solving (14) lies in the non-convexity
of the objective function. This structure motivates the use of
SCA, which iteratively approximates the non-convex objective
by a tractable surrogate.

B. SCA Algorithm
To tackle the non-convexity in PQAM

1 , we first denote its
objective as f(Ŵ) = tr

[
(ŴdiagUUTŴT

diag)
−1

]
. At each

SCA iteration, we can replace f(Ŵ) with its first-order Taylor
expansion around a given point Ŵi:

f(Ŵ) ≈ f(Ŵi) + tr
(
∇f(Ŵi)

T (Ŵ − Ŵi)
)
, (15)

where the gradient ∇f(Ŵi) can be calculated as:

∇f(Ŵi) =− 2 ( [UXT
i (XiX

T
i )

−2]1:2K, 1:Nt

+ [UXT
i (XiX

T
i )

−2]2K+1:4K,Nt+1:2Nt

)T
,
(16)

with Xi = Ŵi,diagU. By this approximation, the non-convex
problem PQAM

1 in (14) can be relaxed into a series of convex
sub-problems. Specifically, at the (i + 1)-th iteration, the
relaxed convex optimization sub-problem corresponds to:

PQAM
2 : min

Ŵ
tr
(
∇f(Ŵi)

T (Ŵ − Ŵi)
)

s.t. (ank )
TŴsnE + (bn

k )
TŴcnE ≥ t, ∀(n, k) ∈ O,

(ank )
TŴsnE + (bn

k )
TŴcnE = t, ∀(n, k) ∈ I,

N∑
n=1

(
∥ŴsnE∥22 + ∥ŴcnE∥22

)
≤ Np0. (17)

Algorithm 1 SCA Algorithm for PQAM
1

Input: H, S, t, tolerance ϵ, max iterations imax.
Output: W

1: Initialize with RZF as Ŵ−1 and solve PQAM
2 to obtain

initial feasible point Ŵ0 ∈ Q, set i = 0.
2: repeat
3: compute gradient ∇f(Ŵi) using equation (16).
4: solve the convex sub-problem PQAM

2 to obtain Ŵ∗.
5: update solution by Ŵi+1 = Ŵi + d(Ŵ∗ − Ŵi).
6: i = i+ 1.
7: until ∥Ŵi − Ŵi−1∥ ≤ ϵ or i = imax

8: Recover complex precoder W according to (19).

Here Ŵi serves as the optimal solution at the i-th iterate,
which belongs to the convex feasible set Q, and the threshold
t can be obtained via an optimization problem as in [4].

The sub-problem PQAM
2 in (17) can be solved efficiently

by standard convex optimization tools, yielding the optimal
solution Ŵ∗ ∈ Q. Though approximation errors will occur
in the implementation of SCA due to the first-order Taylor
expansion, the term (Ŵ∗−Ŵi) yields a descent direction for
each iteration. By letting the variable move along the descent
direction with a stepsize d ∈ (0, 1) determined by exact line
search, the update of Ŵi+1 follows:

Ŵi+1 = Ŵi + d(Ŵ∗ − Ŵi) = (1− d)Ŵi + dŴ∗. (18)

Since both Ŵi and Ŵ∗ belong to Q, the convexity of Q
guarantees that Ŵi+1 ∈ Q, thereby yielding a sub-optimal
solution to problem (14). After obtaining Ŵ, the original
complex precoding matrix W can be recovered by:

W = Ŵ[:, 1 : K]− jŴ[:,K + 1 : 2K] ∈ CNt×K . (19)

The overall SCA procedure is summarized in Algorithm 1.

IV. EFFICIENCY IMPROVEMENT BASED ON THE DUAL
PROBLEM FORMULATION

To further reduce computational complexity, we present the
Lagrange dual of PQAM

2 with fewer constraints. In particular,
the Lagrangian of PQAM

2 can be constructed as:

L(Ŵ, δk,n, λ) = tr(ΨTŴ) +
∑
k,n

δk,n

(
t− tr(MT

k,nŴ)
)

+ λ
(
tr(ŴDŴT )−Np0

)
, (20)

with Ψ ≜ ∇f(Ŵi), MT
k,n ≜ snE(a

n
k )

T + cnE(b
n
k )

T , and
D ≜ SES

T
E +CEC

T
E . λ and δk,n represent the non-negative

dual variables. Accordingly, with M(δ) ≜
∑

k,n δk,nMk,n,
the KKT conditions for optimality of PQAM

2 can be stated as:
∂L
∂Ŵ

= −(M(δ)−Ψ) + 2λŴD = 0, (21a)

δk,n

(
t− tr(MT

k,nŴ)
)
= 0,∀(k, n) ∈ O, (21b)

t− tr(MT
k,nŴ) = 0, ∀(k, n) ∈ I, (21c)

λ
(
tr(ŴDŴT )−Np0

)
= 0. (21d)



From the KKT conditions, we can conclude that λ > 0
by contradiction. Otherwise, no δk,n can satisfy (21a). This
indicates that the total power constraint is active upon reaching
optimality, i.e., tr(ŴDŴT ) = Np0. Given that the block
length N is typically larger than the number of users K, D
is thus full-rank and invertible [4]. This allows us to derive a
closed-form expression for the optimal precoding matrix:

Ŵ∗(δ, λ) =
1

2λ
(M(δ)−Ψ)D−1. (22)

To proceed, by substituting (22) into the power equality in
(21d), we can obtain the following expression for λ:

λ∗(δ) =

√
tr ((M(δ)−Ψ)D−1(M(δ)−Ψ)T )

4Np0
. (23)

Moreover, since the convex sub-problem PQAM
2 satisfies

Slater’s condition, its optimal solution can be obtained by
solving the Lagrange dual problem [7]:

max
δk,n,λ

min
Ŵ

L(Ŵ, δk,n, λ). (24)

Consequently, via (22) and (23), the final dual problem of
PQAM
2 , which focuses solely on δk,n, is formulated as:

PDual
3 : min

δk,n

√
Np0

√
tr ((M(δ)−Ψ)D−1(M(δ)−Ψ)T )

− t
∑
k,n

δk,n

s.t. δk,n ≥ 0, ∀(k, n) ∈ O. (25)

Given that δk,n for (k, n) ∈ I are unconstrained and the
block-level power constraint is no longer required, PDual

3

corresponds to a simplified problem. Compared with the
primal sub-problem PQAM

2 , which deals with more complex
cones, this structural difference makes solving PDual

3 more
efficient, leading to much lower computational complexity [8].

The dual SCA algorithm adopts the same iterative frame-
work as Algorithm 1. Specifically, each iteration involves
solving the convex sub-problem PDual

3 to derive the dual
variables δk,n, followed by the closed-form recovery of the
optimal precoding matrix Ŵ∗ via (22). Motivated by the
above analysis, we propose Algorithm 2 as a computationally
attractive alternative for obtaining a sub-optimal solution to
(14). To further reduce computational complexity, the com-
munication threshold t can be predicted by lightweight neural
networks while maintaining competitive system performance.

V. NUMERICAL RESULTS

A. Simulation Setup

In this section, we numerically evaluate the performance
of the proposed algorithms. Throughout the simulations, the
transmit power budget per symbol slot is set as p0 = 1, and
16-QAM modulation is employed. The following abbrevia-
tions are used throughout this section:

• CI-BLP: The CI-BLP precoding proposed in [4].
• CI-SCA Exact: The proposed CI-SCA precoding based

on Algorithm 1.

Algorithm 2 Dual SCA Algorithm for PQAM
1

Input: H, S, t, tolerance ϵ, max iterations imax.
Output: W

1: Initialize with RZF as Ŵ−1 and solve PDual
3 to obtain

δk,n, then compute Ŵ0 via (22), set i = 0.
2: repeat
3: compute gradient ∇f(Ŵi) using equation (16).
4: solve the convex sub-problem PDual

3 to obtain δk,n.
5: compute optimal Ŵ∗ according to equation (22).
6: update solution by Ŵi+1 = Ŵi + d(Ŵ∗ − Ŵi).
7: i = i+ 1.
8: until ∥Ŵi − Ŵi−1∥ ≤ ϵ or i = imax

9: Recover complex precoder W according to (19).

Fig. 3. Received constellation diagrams of different schemes with K =
Nt = 12, N = 15.

• CI-SCA-Dual Exact: The proposed dual SCA precoding
based on Algorithm 2.

• CI-SCA-Dual Learned: The proposed dual SCA pre-
coding, using lightweight predictive neural networks.

B. Performance Comparison

Fig. 3 compares the received constellation diagrams of dif-
ferent precoding methods. As can be seen, the received noisy
symbols under RZF precoding are located near the nominal
constellation points. In contrast, for CI-based precoding, the
received noisy symbols are pushed away from the decision
boundaries, which confirms the effectiveness of CI precoding.

Fig. 4 depicts the SER performance of different precod-
ing schemes. It is observed that the proposed CI-SCA-Dual
performs slightly worse than CI-BLP, since CI-SCA-Dual
prioritizes sensing performance. Since noise dominates at
low SNR, RZF precoding exhibits better SER performance
owing to its regularized structure. Nevertheless, as the SNR
increases, both CI-based precoding approaches achieve im-
proved performance over RZF.



Fig. 4. SER performance of different schemes with N = 15.

Fig. 5. CRB of different schemes with N = 15.

Fig. 5 compares the radar estimation CRB of different
precoding methods. Among them, CI-BLP precoding exhibits
the worst performance, as its maximization of t tends to con-
centrate transmit energy on communication. In contrast, the
proposed CI-SCA-Dual precoding achieves the best sensing
accuracy across the entire SNR range via joint optimization.

Fig. 6 illustrates the complexity of different schemes in
terms of the execution time. For fairness, all convex opti-
mization problems are solved using the Mosek solver. As ex-
pected, CI-SCA precoding incurs higher complexity owing to
SCA iterations, representing a typical complexity-performance
trade-off. Meanwhile, it can be observed that solving the dual
problem is more efficient than solving the original problem.
Furthermore, the machine learning method yields additional
complexity reduction, demonstrating its viability.

VI. CONCLUSION

In this paper, we proposed a CI-BLP design for QAM-
modulated MIMO-ISAC systems. The formulated non-convex
problem minimized the sensing CRB subject to communica-
tion CI constraints. A sub-optimal solution was obtained using
SCA, and a Lagrange-dual-based implementation was further

Fig. 6. Execution time of different schemes with K = Nt = 12, N = 15.

developed to improve computational efficiency. Numerical re-
sults demonstrated that the proposed CI-SCA-Dual precoding
achieved significant improvement in ISAC performance with
limited computational complexity increment.
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