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Abstract—Optimal beamforming designs under imperfect suc-
cessive interference cancellation (SIC) decoding for a symbiotic
network of non-orthogonal multiple access (NOMA) primary
users and a secondary ambient tag have been lacking. We address
that issue here. The primary base station (BS) serves NOMA
users and a passive tag simultaneously in this network. We
develop two transmit beamforming designs to meet the user and
tag requirements while mitigating the effect of imperfect SIC.
Specifically, we design optimal BS transmit beamforming and
power allocation to either maximize the weighted sum rate of
NOMA users and the tag or minimize the BS transmit power
under the minimum rate requirements while satisfying the tag’s
minimum energy requirement. Because both these problems
are non-convex, we propose algorithms using alternative opti-
mization, fractional programming, and semi-definite relaxation
techniques. We also analyze their computational complexity.
Finally, we present extensive numerical results to validate the
proposed schemes and to show significant performance gains
while keeping the tag design intact. For example, the proposed
digital beamforming increases the harvested power and data rate
by 2.16×103 % and 314.5% compared to random beamforming.

Index Terms—Backscatter communication (BackCom), Symbi-
otic radio (SR), Non-orthogonal multiple access (NOMA).

I. INTRODUCTION

A. What Are Symbiotic Backscatter Networks?

Symbiotic radio (SR) is emerging as a means to enhance
spectral efficiency (SE) and energy efficiency (EE) of wireless
networks, necessitated by the exponential growth of wireless
data traffic, devices, and applications. In biology, symbiosis
is the interaction between two dissimilar organisms living in
close physical association. SR, as a strategy to promote the
win-win growth of SE and EE, enables primary and secondary
networks to cooperate in bandwidth, power, and other resource
sharing [1]–[3]. For example, smart home sensors (tags) in
an Internet-of-Things (IoT) network can live together with
a cellular network (Fig. 1). Both positive (beneficial) and
negative (harmful) associations are therefore included.

Thus, mutualistic or competitive symbiotic relationships can
exist [1]–[3]. If primary and secondary data rates are Rp and
Rs, we can classify SR systems as commensal SR (CSR) or
parasitic SR (PSR) [3] (Fig. 2). In CSR, Rs ≪ Rp, and the
secondary signal is treated as a multi-path component [3].
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Fig. 1: Multiple users supported with single backscatter tag.
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Fig. 2: Symbiotic relationships between primary & secondary networks.

In PSR, Rp = Rs and secondary signals directly interfere
with primary signals (parasitism). Both systems may also
try to achieve the maximum transmission rate by competing
resources and harming each other (interference). Hence, multi-
objective optimization is necessary to improve the perfor-
mance of both primary and secondary simultaneously [2], [4],
[5].

Backscatter communication (BackCom) networks are a nat-
ural candidate for symbiotic wireless network designs because
they consist of tags, which can scavenge energy off of ambient
or external radio frequency (RF) signals. Thus, tags are rem-
iniscent of parasitical organisms. These passive tracking tags
are, by design, small and thin. Moreover, they are inexpensive,
i.e., 0.01$∼0.5$ per tag, and do not require batteries (so they
last for many years) [6]. Hence, tags eschew active RF compo-
nents, resulting in ultra-low-power consumption, low complex-
ity, and low cost, which are massive benefits [6], [7]. Energy
harvesting (EH) can power tags, which offers the potential
to save the cost of batteries and their replacement/recharging.
Motivated by these advantages, the 3rd generation partnership
project (3GPP) is developing BackCom standards to support
logistics, warehousing, healthcare, and many others [8], [9].

We focus on Ambient BackCom (AmBC), where the tags
reflect and/or absorb an ambient RF signal from legacy (pri-
mary) sources, such as cellular BSs, television (TV) towers,
Wi-Fi access points, etc. [10]. Therefore, AmBC requires no
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new spectrum allocations, no licensing and regulatory hurdles,
and no need for dedicated RF emitters. Because of these
massive advantages, the symbiosis of AmBC and conven-
tional primary networks should yield the best of both worlds.
Another advantage is that the primary network needs only
minor modifications. For instance, we can modify the primary
BS to support both networks and improve their interactions.
Moreover, primary users can decode both primary data and
tag-emitted data via successive interference cancellation (SIC)
decoding techniques [3].

As the primary symbiont, we choose a non-orthogonal mul-
tiple access (NOMA) network (Fig. 1) [5], [11]–[13]. NOMA
allows some interference among multiple users in return for
them to access the same spectrum resource simultaneously
[11], [12]. NOMA offers a range of advantages, including im-
proved SE, enhanced user fairness, support for heterogeneous
devices, and efficient handling of massive connectivity. It can
cater to the needs of diverse devices with varying quality of
service requirements (i.e., essential service assurance in terms
of metrics such as data rate, end-to-end delay, and loss, needed
for specific applications [5]) and channel conditions [11],
[13]. By accommodating these differences, NOMA strikes a
delicate balance between system throughput and user fairness
[12]. One of the notable benefits of NOMA is its ability to
support massive connectivity, a crucial requirement for numer-
ous applications in today’s wireless networks. This capability
positions NOMA as a promising solution for meeting the
demands of future communication networks, particularly in
terms of ultra-low latency and ultra-high connectivity [14]–
[17]. As a result of these advantages, the integration of NOMA
into wireless systems has become a subject of intense research
interest recently. The exploration of such integrated systems
holds tremendous potential for enhancing the performance and
capabilities of wireless communication networks [11], [13].
Consequently, NOMA can serve as an ideal primary access
scheme in the context of SR networks, allowing for significant
improvements in overall SE and EE [14]–[17].

B. Previous Contributions on NOMA-Assisted SR Systems

Symbiotic cellular NOMA and AmBC have been inves-
tigated [18]–[22]. These works are summarized in Table I.
They maximize the symbiosis benefits to the primary network
without considering the tag’s performance. In particular, in
[18], a single-antenna BS serves two NOMA primary users
and a tag in a CSR setup. The symbiosis benefit to the primary
system (rate increase) is maximized under SIC decoding
error by jointly optimizing power allocation factor, ρ, and
tag’s reflection coefficient, α. For the same system setup, the
work [19] investigates the symbiosis benefits to the primary
system in terms of EE with perfect SIC. Reference [21] also
investigates the primary system’s EE by extending [18] to
a multi-cell scenario. Reference [20] evaluates the outage
probability of primary users in a PSR setup with a multi-
antenna BS.

Symbiotic NOMA-assisted vehicular network with tag is
investigated [22]. Roadside units transmit information to ve-
hicles through NOMA, and tags assist this task in a CSR setup.

This work maximizes the primary system’s EE subject to rate
constraint under imperfect SIC. Reference [23] considers a
similar scenario where the roadside units relay information
from the BS to the vehicles, and that the tags reflect their
data to the vehicles using the relayed signals. This is a PSR
network, and the BS power allocation and the roadside units
can be optimized to maximize the minimum achievable rate
of the vehicles.

Unlike [18], [19], [21], [22], [14]–[17] study the symbiosis
benefits/harms to both the tag and the primary users. In
particular, [14] considers two downlink NOMA users. The
symbiosis benefits to the tag (the rate) are then maximized
under a power consumption constraint while preserving the
primary outage by jointly optimizing α and BS transmit power,
pt. For the same network, the outage probability and ergodic
rates of the primary users and tag are investigated in [15] and
[16] for Rayleigh and Nakagami-m fading, respectively. Ref-
erence [17] considers a RIS-assisted NOMA system. Here, the
RIS assists the primary cell-edge user’s transmission assuming
direct communication with the transmitter is unavailable. The
symbiosis benefit in terms of the overall EE of the system is
maximized by jointly optimizing the RIS phase shifts and the
power allocation for the NOMA users, considering their rates.

These works do not evaluate how beamforming designs add
to symbiosis. Thus, the full benefits and harms of symbiosis
should be further investigated.

C. Problem Statement and Contributions

In the paper, we investigate several fundamental questions
about symbiotic NOMA (primary) +AmBC (secondary) net-
works (Fig. 1). These are (i) how can the BS beamforming
design be improved to maximize the benefits or minimize the
harms for both networks?, and (ii) how to ensure tag activation
with enough energy? To answer these critical questions, we
consider a PSR network of multiple users and one passive
tag (Fig. 1). The BS uses a common beamformer to shape its
RF signal to serve users and tag to achieve symbiosis. The
tag harvests energy from the BS signal and reflects it to send
data to the users. The nearest user decodes the tag data via
SIC. The SIC decoding process is imperfect. Thus, the main
problems are (a) determining how the BS should optimally
transmit its signal while using its multiple antennas’ spatial
degrees of freedom, and (b) how it should allocate the total
power to different users and the tag to maximize the benefits
of symbiosis. Another goal is for it to minimize the transmit
power under the rate and energy constraints.

In addition, we aim to address the following gaps in the
literature: 1) Minimizing power consumption, supporting the
minimum rate targets, and ensuring the EH potential of tags
are the key IoT requirements. Digital or analog beamforming
can minimize transmit power. However, previous studies have
yet to consider this issue. 2) Weighted sum-rate maximization
(WSRMax) incorporates users’ and the tag’s different rate
requirements. However, no prior studies have done this nor
considered imperfect SIC decoding. However, error propa-
gation occurs with imperfect SIC. (3) The RF signal sent
by the BS also must ”wake up” the tag. The minimum
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TABLE I: Summary of Related Works.

Setup Reference Objective Constraints
Variables† Methodology Imperfect

SICPrimary
rate

Tag
rate EH

CSR

[18] Primary sum-rate – – – ρ, α Sub-gradient ✓
[19] Primary EE ✓ ✗ ✗ ρ, α Dinkelbach’s ✗
[21] Primary EE ✓ ✗ ✗ ρ, α Dinkelbach’s ✓
[22] Primary EE ✓ ✗ ✗ ρ, α Dinkelbach’s ✓

PSR (parasitism)

[14] Tag rate ✓ ✓ ✓ ρ, α – ✗
[17] EE ✓ ✓ ✗ ρ, Θ Dinkelbach’s ✗
[23] Max-min rate – – – ρ Max-min & Sub-gradient ✗

This Paper WSR ✓ ✓ ✓ w, ρ AO & FP ✓
Transmit power ✓ ✓ ✓ pt, w, ρ AO & SDR ✓

† The variables pt, w, ρ, α, and Θ denote transmit power, transmit beamforming, power allocation factor, reflection coefficient, and RIS phase shifts.

activation power level is about −20 dBm for commercial tags
[24]. Except for [14], no other study has considered the EH
requirement of the tag. Table I compares and contrasts our
work with the relevant studies.

To the best of our knowledge, no work has investigated
jointly maximizing the symbiosis benefits, i.e., overall rate
and tag’s EH increase, and minimizing the symbiosis harms,
i.e., interference and primary rate reduction. Besides, no work
considers the various rate requirements of different devices,
the transmit power consumption, and BS beamforming de-
signs. However, the BS can optimize its beamforming design
to facilitate symbiosis more effectively and efficiently by
suppressing the harms and enhancing the benefits. Optimal
beamforming also reduces the power consumption for a given
desired performance, making the symbiosis green (energy-
efficient). We design the BS beamformer and power allocation
factor to jointly improve the benefits and minimize the harm
of imperfect SIC. Other than [18], [21], [22], which mainly
focuses on the primary rate, no studies have considered the
impact of SIC on symbiosis. Furthermore, most relevant works
[14], [17]–[19] consider the basic two-user NOMA setup.
Thus, we aim to fill these fundamental gaps for an SR network
with K(≥ 2) NOMA users and a tag.

The main contributions of this paper are as follows:
1) To achieve symbiosis, we maximize the WSR of NOMA

users and the tag. The problem requires joint opti-
mization of the digital/analog beamforming vector and
the power allocation factor. Due to intricately coupled
variables in the signal-to-interference-plus-noise ratio
(SINR)/signal-to-noise ratio (SNR), this problem has a
non-convex objective and constraints. Thus, common
convex algorithms are not able to handle it. Hence,
we split it into two sub-problems, namely P1w (19)
and P1ρ (20). We then employ alternating optimization
(AO) and solve these iteratively using the fractional
programming (FP) technique.

2) Another way to achieve symbiosis is to minimize the
BS transmit power under the given constraints. Transmit
power minimization (TPMin) involves jointly optimizing
the digital beamformer, transmit power, and power allo-
cation factor. Again, the constraints are not convex func-
tions of the optimization variables, and this problem is
non-convex. We thus separate it into two sub-problems,
namely P2p (34) and P2ρ (35), and apply iterative AO

and semi-definite relaxation (SDR) algorithm.
3) The proposed algorithms improve symbiotic perfor-

mance gains. Significantly, there is no additional pro-
cessing or changes to the tag. Thus, symbiotic gains and
passive tags can help realize passive IoT networks.

4) Finally, we present numerical examples to evaluate the
symbiotic gains through the proposed solutions.

D. Structure and Notations

The paper is organized as follows. Section II introduces the
system model, tag operations, and the achievable rates of the
primary users and the tag. In Section III, we formulate the
WSRMax and TPMin problems. We present the AO solutions
in Section IV. In Section V, simulation examples are presented
for performance evaluations. Section VI concludes the paper
and outlines future research directions.

Notation: Lower-case bold and upper-case bold denote
vectors and matrices. In is the n×n identity matrix. AT, AH,
Tr(A), and [A](m,n) denote transpose, Hermitian transpose,
trace, and the (m,n)-th element of A. E{x} is the mean of
x. Moreover, CN (µ,R) is a complex Gaussian vector with
mean µ and co-variance R. Finally, K ≜ {1, . . . ,K}, Kk ≜
{1, . . . , k−1}, K′

k ≜ {k+1, . . . ,K}, and K0 ≜ {0, 1, . . . ,K}.
The variables are defined in Table II.

II. SYSTEM MODEL AND PRELIMINARIES

Here, we describe the system model, channel model, and
transmission model in detail.

A. System and Channel Models

Fig. 1 shows a symbiotic network that comprises a BS, as
the primary transmitter, equipped with M ≥ 1 antennas, K
primary users each with a single antenna, denoted by Uk, k ∈
K, and a single-antenna tag, which are all located nearby, e.g.,
within a room. The BS serves the primary NOMA users. We
assume that the tag is located in the proximity of the BS.
The tag communicates by reflecting the incident RF signal
from the BS to communicate the tag’s data. Without loss of
generality, the user with the strongest channel gain, i.e., U1,
decodes the tag’s data. Hence, the BS transmits its data to the
users via transmit beamforming, simultaneously enabling the
tag to send its data, which is decoded by U1.

The BS may use two beamforming designs.
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TABLE II: Notations

Notation Definition Notation Definition
M BS transmit antennas Uk kth user
K Number of users ξj SIC quality
w BS beamforming vector pt BS transmit power
ζa Large scale path-loss of channel a hk, fk, qk BS-to-Uk , BS-to-tag, tag-to-Uk channels
α tag’s reflection coefficient c(n) Tag’s signal
pa Tag’s received power ph Tag’s harvested power
ηb EH circuit conversion efficiency ρk Power allocation coefficient for Uk

sk(n) Signal of the kth user x(n) Users’ superimposed signal

1) Digital Beamforming: This requires a dedicated RF
chain per antenna element, and phases and amplitudes
are digitally controlled by baseband processing. It pro-
vides the best beam control but is expensive from both
cost and power consumption perspectives for large-scale
antenna arrays [25].

2) Analog (Constant-Modulus) Beamforming: A single RF
chain is connected to the antenna array and the beam
is controlled by adjusting analog phase shifts. Thus,
the beamforming vector has constant-modulus elements.
The number of RF chains should exceed the number of
data streams. At the same time, the beamforming gain
and diversity order are given by the number of antenna
elements [26]. Additionally, analog beamforming can
significantly reduce power consumption and hardware
complexity in large-scale antenna arrays compared to
digital beamforming.

For notational brevity, the set of BS antennas is denoted as
M = {1, . . . ,M}. We consider a block, flat-fading channel
model. During each fading block, the channel coefficient
vector between user Uk, k ∈ K and the BS is given as
hk ∈ CM×1. Moreover, f ∈ CM×1 is the forward-link channel
vector between the tag and the BS, and qk ∈ C is the channel
coefficient between the tag and Uk. All these channels can be
represented in a unified manner as

a = ζ1/2a ã, (1)

where a ∈ {hk, f , qk}, k ∈ K and ζa accounts for the large-
scale path-loss and shadowing. Moreover, ã ∼ CN (0, IM )

captures Rayleigh fading. Note that qk = ζ
1/2
qk q̃k and q̃k ∼

CN (0, 1). We will use this unified representation throughout
the paper for simplicity.

The SR system (Fig. 1) operates in the time-division-
duplexing (TDD) mode, where the same frequency band is
used for both uplink (UL) and downlink (DL) transmissions.
Consequently, the radio channel is reciprocal because it has
the same characteristics in both UL and DL directions. Thus,
the BS transmitter can estimate the DL channel from the
sounding on the UL channel. Alternatively, in the frequency-
division-duplexing (FDD) mode, UL and DL channels occupy
different frequency bands. However, TDD offers higher SE and
the ease of channel state information (CSI) estimation using
UL pilots over two training phases [3]. For example, each
NOMA user transmits two sets of pilots. During the first phase,
the tag goes into complete signal absorption with reflections.
This allows the BS to estimate the direct-link channel, hk.
In the second phase, the tag switches its impedance into a
fixed value to represent a pre-determined symbol, c0, and

fixed reflection coefficient, 0 < α < 1. Hence, the BS
can estimate the composite channel, hk +

√
αc0qkf , using

the training pilots. Thus, the BS can obtain the backscatter
channel, qkf , k ∈ K, by subtracting the estimated direct-link
channel component from the estimated composite channel. The
BS can then estimate f through the expectation-maximization
algorithm [27]. Based on the TDD model and the existence of
reliable channel estimation methods, it is customary to assume
perfect CSI availability. This assumption is then leveraged for
various tasks such as DL resource allocation, beamforming,
power allocation, and data decoding at the users. It is important
to note that this assumption is extensively employed in the
majority of research studies [2]–[4].

B. Data Transmission and EH at the Tag
The tag must perform two operations, namely EH and data

transmission. These operations can be done in one of the two
modes: (i) time-switching, where the two operations are done
in two distinct time slots, and (ii) power-splitting, where both
operations occur simultaneously, but each captures a fraction
of the incident RF power pa [6]. In words, the tag reflects αpa
and harvests pl = (1 − α)pa. To perform data transmission,
the tag selects symbol c(n) (E{|c(n)|2} = 1), from a M̄ -
ary constant-envelope modulation. For more details on the
tag modulation process, please see [7] and references therein.
Thus, we consider the power-splitting mode, which is widely
used for passive tags [6].

We assume a linear EH model for its tractability. It predicts
the harvested power as ph = ηbpl, where ηb ∈ (0, 1] is the
power conversion efficiency. Although practical EH circuits
exhibit non-linear characteristics, the linear model can be
accurate for certain operating regions [28]. Since the tag is
batteryless, it must harvest more than a minimum threshold
(pb) to maintain its operation, i.e., ph ≥ pb. This threshold is
about −20 dBm for commercial passive tags [4], [24].

C. Transmission Model
The BS transmits signal sk(n) to Uk (k ∈ K) at the n-th

time slot, where E{|sk(n)|2} = 1, with transmission power
ρkpt, where pt is the total BS power and ρk ∈ (0, 1) is
the power allocation coefficient for Uk. With K-user NOMA,
sk(n), k ∈ K are superimposed as

x(n) =
∑

k∈K

√
ρkptsk(n), (2)

where the set of power coefficients {ρk} satisfies
∑

k∈K ρk =
1. Furthermore, the different data signals are mutually uncor-
related; E{sk(n)s∗i (n)} = δ(k− i), where k, i ∈ K [29], [30].
Therefore, E{|x(n)|2} =

∑
k∈K ρkpt = pt.
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The tag harvests energy from x(n) and also reflects x(n) its
binary signal, c(n), E{|c(n)|2} = 1. The users thus receive the
tag reflection and x(n). Here, we assume that the propagation
delay differences are negligible [19]. Therefore, the received
signal at Uk, k ∈ K is given as

yk(n) = hH
k wx(n) +

√
αgH

k wx(n)c(n) + nk(n), (3)

where the first term in yk(n) is the direct-link signal and the
second term is the backscatter-link signal. Besides, gk = fqk,
k ∈ K, is the backscatter link between Uk and the BS.
Moreover, w ∈ CM×1 denotes the BS beamforming vec-
tor, where (i) ∥w∥2 = 1 for digital beamforming and (ii)
|[w]m| = 1√

M
∀m ∈ M for constant-modulus beamforming

(Section II-A). Furthermore, nk ∼ CN (0, σ2) denotes the
additive white Gaussian noise (AWGN) at Uk. In this paper,
we assume that the primary signal sk(n), k ∈ K and the tag
signal c(n) are standard circular symmetric complex Gaussian
variables, CN (0, 1) [3], [31].

Without loss of generality, we assume that U1, which has
the largest channel gain, decodes the tag signal. Hence, to
guarantee successful decoding, the users are ordered based on
the effective channel gains:

|hH
1 w|2 ≥ |hH

2 w|2 ≥ . . . ≥ |hH
Kw|2. (4)

Note that the primary network uses power-domain NOMA.
The tag is a secondary device that simply reflects a part
of the BS signal, i.e, α|fHw|2pt, received by the users as
α|(fqk)Hw|2pt for k ∈ K. The backscattered signal from the
tag is typically weaker than the direct-link signal because of
the power loss during reflection at the tag and the double path
losses originating from the cascaded link fqk [3], [6], [14].
Hence, (4) always ensures SIC decoding requirements for the
primary network. Besides, at each user, the tag signal is treated
as interference when decoding the user signals. The users thus
require no prior information about the tag signal.

Therefore, higher power is allocated to the user with lower
effective channel strength, i.e., ρ1 ≤ · · · ≤ ρK where Uk

applies SIC to decode sk(n). More precisely, Uk decodes
sk(n) of the users with higher powers (i ∈ K′

k), and then
subtracts them from the received signal yk(n) (3). Moreover,
Uk treats the signals of the other users with higher effective
channel strength (i ∈ Kk), and the tag’s signal as interference.
User U1 performs SIC to decode s1(n) and other users’ signals
and subtracts them from the received signal when decoding the
tag’s signal.

Mathematically, the condition that Uk, k ∈ K can perform
SIC and decode the data intended for the users with lower
effective channel strength, can be written as [29], [32]

E{log2(1 + γi
k)} ≥ E{log2(1 + γi

i)}, i ∈ K′
k. (5)

In (5), γi
k is the effective SINR of Ui at Uk, when Uk decodes

the signal intended for Ui with the desired power ρipt|hH
k w|2,

treating the signals of Uj , j ∈ Kj , and the tag’s signal as
interference.

We must note that allocating higher powers to users with
lower effective channel strength also yields a non-trivial data
rate for them [32].

SIC decoding errors may occur and Uk, k ∈ K may
not always perfectly cancel the interference, causing error
propagation [18], [21]. Thus, the received signal at Uk (3)
after an imperfect SIC process can be written as [33], [34]

ȳk(n) = yk(n)− hH
k w

∑
j∈K′

k

√
ρjptŝj(n)

= hH
k w

√
ρkptsk(n)︸ ︷︷ ︸

T0:desired signal

+hH
k w

∑
j∈Kk

√
ρjptsj(n)︸ ︷︷ ︸

T1:interference after SIC

+ hH
k w

∑
j∈K′

k

√
ρjpt (sj(n)− ŝj(n))︸ ︷︷ ︸

T2:error propagation due to imperfect SIC

+
√
αgH

k wx(n)c(n)︸ ︷︷ ︸
T3:interference from the tag

+nk(n), (6)

where T0 is the desired signal, T1 is the interference caused
by the signals of the users which are considered as the
interference at Uk, and T2 represents the error propagation
due to the imperfect SIC. In (6), ŝj(n) is the decoded signal
(the estimate of sj(n)) of Uj by Uk.

In practice, the residual interference caused by imper-
fect SIC is a complicated function of multiple factors, e.g.,
coding/modulation-related parameters, channel-related issues
(fading and shadowing), etc [34]. However, a linear function
can effectively represent the SIC behavior and the relationship
between the residual interference and the power of the received
signal [34]–[36]. Without loss of generality, leveraging linear
minimum mean square error (MMSE) estimation, sj(n) and
its estimate ŝj(n) can be assumed as jointly Gaussian with a
certain correlation coefficient [29], [33], i.e.,

sj(n) = ξj ŝj(n) + ej(n), (7)

where ŝj(n) ∼ CN (0, 1), ej(n) ∼ CN (0, σ2
ej/[1 + σ2

ej ]) is
the estimation error, statistically independent of ŝj(n), and
ξj = 1/

√
1+σ2

ej . The correlation coefficient ξj ∈ [0, 1]

shows the quality of the SIC-based decoding process, i.e.,
SIC quality, which refers to the accuracy of the SIC decoding
process and characterizes the severity of the SIC imperfection
when a user decodes the signal of another user. The value
of ξj is determined by channel-related issues (fading and
shadowing) and other factors [36]; the greater its value, the
greater the association between ŝj(n) and sj(n) and better
the SIC performance.

While practical limitations in SIC often restrict many
NOMA systems to only two users, it is crucial to emphasize
that there is no inherent theoretical limitation on the number
of users, even in the presence of imperfect SIC. It is important
to note that this paper specifically introduces the theoretical
framework for the NOMA+SR system, which extends the
boundaries of traditional power-domain (i.e., non-symbiotic)
NOMA systems without backscatter tags. By considering this
framework, we can explore the potential for accommodating
more users and overcoming practical restrictions associated
with SIC, thus paving the way for enhanced NOMA system
designs and performance. Hence, (6) expresses the theoretical
post-processed signal of Uk under imperfect SIC.
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D. Achievable Rate

This section derives the user and the tag rates. Applying
the rate inequality given in (5), the rate of Uk, k ∈ K can be
computed as

Rk = log2(1 + γk), (8)

where γk ≜ min(γk
k , γ

k
i ), i ∈ Kk to guarantee that Ui (i ∈ Kk)

can perform SIC and decode the data of Uk [32]. Following
the same principle as (6), for the received signal at the typical
user Ui, i ∈ K, by considering the first term in (6) as the
desired signal and the remaining terms as an effective noise,
the SINR of Uk at Ui, γk

i , can be derived as (9)1, where using
(7), E{|sj(n)− ŝj(n)|2} = 2− 2ξj .

On the other hand, U1 decodes the tag’s signal by perform-
ing SIC and subtracting its decoded signal and other users’
signals. Hence, using (3), the received signal to decode the
tag’s signal after the imperfect SIC process can be written as

ȳ1,b = y1 − hH
1 wx̂(n)

= gH
1 wx(n)c(n) + hH

1 w (x(n)− x̂(n)) + n1(n),(10)

where x̂(n) =
∑

j∈K
√
ρjptŝj(n) and x(n) − x̂(n) =∑

j∈K
√
ρjpt(sj(n)− ŝj(n)).

Therefore, the rate of the tag after imperfect SIC is given
as

R0 = Ex

{
log2(1 + γb

0)
}
, (11)

where2

γb
0 =

α|gH
1 w|2|x(n)|2

|hH
1 w|2

∑
j∈K ρjpt (2− 2ξj) + σ2

. (12)

In (11), γb
0 is the received SINR of the tag at U1. By taking

the average over x(n) in (11)3, the rate of the tag is given as

R0 = −e
1
γ′
0 Ei

(
− 1

γ′
0

)
log2(e), (13)

where γ′
0 is the average received SINR of the backscatter link

and is given as

γ′
0 =

αpt|q1|2|fH1 w|2

|hH
1 w|2

∑
j∈K ρjpt (2− 2ξj) + σ2

. (14)

Additionally, Ei(x) =
∫ x

−∞ u−1eudu and it is worth noting

that, −e
1
γ′
0 Ei(−1/γ′

0) is monotonically increasing and con-
cave function of γ′

0 [3].
As the tag must exceed the activation threshold, Section

II-B, we get the constraint

ηb(1− α)pa ≥ pb, (15)

where pa = |fHw|2pt is the tag’s received power.

1The distribution of c(n)sk(n) is approximated as circular symmetric
complex Gaussian distribution which yields a lower bound of the achievable
rate [3], [31].

2To simplify the analysis, we substitute the |sj(n) − ŝj(n)|2 in γb
0’s

denominator with its average value, E{|sj(n)−ŝj(n)|2} = 2−2ξj , yielding
a lower bound.

3For si(n) ∼ CN (0, 1), the square envelope of x(n) follows exponential
distribution.

III. OPTIMIZATION PROBLEM FORMULATION

This problem involves optimizing the BS beamforming
vector and transmit power, w and pt, and the NOMA power al-
location factors, ρ = [ρ1, . . . , ρK ]. The optimization problem
is to maximize the weighted network sum rate or minimize the
BS transmit power. The rationale for these metrics is discussed
below. Another goal is to ensure that all nodes achieve a
minimum rate and that the tag meets the minimum energy
threshold. To incorporate all these factors, we formulate two
optimization problems: 1) The WSRMax problem to optimize
the BS digital/analog beamforming vector and the power
allocation factor, and 2) The TPMin problem to optimize the
BS digital beamforming vector and power allocation factor.
Since analog beamforming keeps the beam amplitude constant,
it is not effective for minimizing the transmit power. Hence,
the TPMin problem considers digital beamforming only.

In the WSRMax approach, our objective is to maximize the
overall data rate while maintaining fair and efficient spectrum
utilization. To achieve this, we assign different weights to
users and tags based on their priority or importance. By
doing so, we ensure that the system meets the required rate
targets while operating within the given BS transmit power
[13], [37]. This approach provides a comprehensive solution
that balances the needs of different users and optimizes the
utilization of available resources. In contrast, TPMin focuses
on supporting large-scale connectivity by minimizing the BS
transmit power. By doing that, we can allocate the saved power
to connect more devices, thereby enhancing the network’s
capacity for accommodating a higher number of users. This
approach holds significant value in green/sustainable com-
munication networks, where the emphasis lies on reducing
energy consumption. By conserving energy, these networks
enable extended network lifetimes, cost savings, and improved
resource efficiency [38].

We assume a tag with a fixed reflection coefficient, aligning
with passive tags that possess limited processing capabili-
ties and stringent energy constraints [6], [14]. Considering
variable α would increase the tag architectural complexity,
cost, and form factor, which are counterproductive to the
goals of passive IoT [6], [8], [9]. Nonetheless, variable-α tags
can help improve signal quality and enhance overall system
performance. Thus, the tag can optimize its performance based
on factors such as the distance to the receiver, channel fading,
and interference [19], [21]. However, incorporating variable α
into our resource allocation problems is an interesting topic
that we plan to address in our future works.

A. Weighted Sum-Rate Maximization

WSRMax for an arbitrary set of interfering links plays a
central role in many network control and optimization meth-
ods, as it can achieve different trade-offs between sum-rate
performance and user fairness [37]. It provides a framework
to integrate the rate constraints, the tag EH constraint, and
the BS power constraint in order to simultaneously satisfy
the demands of both networks and improve their performance
symbiotically. However, the power allocation entangles the
beamforming design due to the rate constraints, complicating
the problem.
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γk
i =

ρkpt|hH
i w|2

|hH
i w|2pt

∑
j∈Kk

ρj + |hH
i w|2pt

∑
j∈K′

k
ρj (2− 2ξj) + αpt|gH

i w|2 + σ2
(9)

The WSRMax problem can be formulated as

P1 : maximize
w,ρ

∑
k∈K0

akRk, (16a)

subject to Rk ≥ Rth
k , for k ∈ K0, (16b)

ηb(1− α)|fHw|2pt ≥ pb, (16c)

ρ1 ≤ · · · ≤ ρK , and
∑

k∈K
ρk = 1,(16d){

∥w∥2 = 1, Digital,
|[w]m| = 1√

M
,m ∈ M Analog,

(16e)

|hH
1 w|2 ≥ . . . ≥ |hH

Kw|2, (16f)

where ak ∈ [0, 1] for k ∈ K0 is the weight factor and∑
k∈K0

ak = 1. Note that (16b) constraint guarantees the
required rate for Uk, k ∈ K, and the tag, in which Rth

k , k ∈ K0

denotes the minimal rate requirement of respective users and
the tag, and Rk, k ∈ K0 is given in (8) and (11), respectively.
Besides, (16c) is the minimum tag power requirement, (16d) is
the transmit power allocation constraint at the BS, and (16e) is
the normalization constraint for the BS transmit beamforming,
i.e., if the BS employs a digital beamformer, ∥w∥2 = 1, or else
if the BS uses constant-modulus beamforming, |[w]m| = 1√

M
for m ∈ M. In addition, the constraints (16d) and (16f)
impose the necessary conditions to implement SIC decoding
at the users [32], [34].

B. Transmit Power Minimization
Herein, we aim to minimize the BS transmit power given

primary users and tag rate requirements and the tag’s EH
constraint. To do that, we jointly optimize the transmit beam-
forming vector w and the power allocation factor ρ. The
resulting TPMin problem is given as

P2 : minimize
w,pt,ρ

pt, (17a)

subject to Rk ≥ Rth
k , for k ∈ K0, (17b)

ηb(1− α)|fHw|2pt ≥ pb, (17c)

ρ1 ≤ · · · ≤ ρK , and
∑

k∈K
ρk = 1,(17d)

∥w∥2 = 1, (17e)

|hH
1 w|2 ≥ . . . ≥ |hH

Kw|2. (17f)

We note that P1 and P2 are not convex since the objective
function of P1 and the corresponding constraints of P1 and
P2 are not convex functions in either of the optimization
variables, i.e., w, ρ, and pt. Hence, we first transform these
problems into convex forms and use the AO technique to solve
P1 and P2. In what follows, we propose solutions to the
above optimization problems.

IV. PROPOSED SOLUTIONS

First, we replace the rate of the tag, given in (11), with
its lower bound for mathematical simplicity and to solve the
proposed optimization problems as [39]

R0 ≥ Rlb
0 ≜ log2

(
1 +

[
E
{
1/γb

0

}]−1
)

(a)
= log2(1 + γ0), (18)

where γ0 = γ′
0/2, given in (14), and (a) is obtained by using

E{1/γb
0} = 1/E{γb

0}+σ2
γb
0
/[E{γb

0}]3, in which γb
0 is given in

(12). We use the AO technique to obtain sub-optimal solutions
for P1 and P2.

A. Weighted Sum-Rate Maximization

Because of the non-convex objective and constraints, P1 is
not amenable to conventional convex optimization methods.
And the joint optimization of w and ρ is complex. Hence, we
seek to solve P1 by decoupling the optimization variables, w
and ρ, to get two sub-problems. Thus, when power allocation
ρ is fixed, P1 reduces to the following transmit beamforming
optimization problem:

P1w : maximize
w

∑
k∈K0

aklog2(1 + γk), (19a)

subject to γk ≥ γth
k , for k ∈ K0, (19b)

ηb(1− α)|fHw|2pt ≥ pb, (19c){
∥w∥2 = 1, Digital,
|[w]m| = 1√

M
,m ∈ M Analog,

(19d)

|hH
1 w|2 ≥ . . . ≥ |hH

Kw|2, (19e)

where γth
k = 2R

th
k − 1 and the rate requirement constraint

in (16b) is equivalently converted to SINR constraint in
(19b), since Rk is a non-decreasing function of its argument.
Similarly, for a given w, P1 becomes a power allocation prob-
lem at the BS. We formulate the corresponding optimization
problem for the power allocation factor as

P1ρ : maximize
ρ

∑
k∈K0

aklog2(1 + γk), (20a)

subject to γk ≥ γth
k , for k ∈ K0, (20b)

ρ1 ≤ · · · ≤ ρK , and
∑

k∈K
ρk = 1.(20c)

We note that P1w and P1ρ are not convex because of the
non-convexity of the corresponding objective functions and
the constraints. We employ the AO technique in which P1w

and P1ρ are alternately maximized until the WSR objective
converges.

The AO technique is an iterative approach for optimizing a
function, f(x), jointly over all variables, x = {x1, . . . , xm},
by alternating constrained optimizations over the individual
subsets of variables [40]. It is also referred to as block
relaxation, nonlinear block Gauss-Seidel, or block-coordinated
descent. This method first separates variables into non-
overlapping blocks of one or more variables. After that, f(x)
is optimized over all variables by alternating through the block
variables. Moreover, while optimizing over one block variable,
all other blocks are kept fixed at their current values [40].
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1) Transmit Beamforming: We introduce βk to replace
the SINR terms in (19a) such that βk ≤ γk, P1w can be
reformulated to a standard FP problem as

P1w1 : maximize
w,β

∑
k∈K0

aklog2(1 + βk), (21a)

subject to γth
k ≤ βk ≤ Ak(w)

Bk(w)
, for k ∈ K0,(21b)

ηb(1− α)|fHw|2pt ≥ pb, (21c){
∥w∥2 = 1, Digital,
|[w]m| = 1√

M
,m ∈ M Analog,

(21d)

|hH
1 w|2 ≥ . . . ≥ |hH

Kw|2, (21e)

where β = [β0, . . . , βK ]T. Here, Ak(x) and Bk(x) are the
numerator and denominator of the k-th SINR term as functions
x = w. We note that, per (9), to meet the minimum condition
of γk, k ∈ K, we ensure that both γk

k and γk
i (i ∈ Kk) satisfy

the SINR threshold requirement. Next, P1w1 can be seen as a
two-part optimization problem: (i) an outer optimization over
w with fixed β and (ii) an inner optimization over β with
fixed w. We give the inner optimization problem as

P1w2 : maximize
β

∑
k∈K0

aklog2(1 + βk), (22a)

subject to γth
k ≤ βk ≤ Ak(w)

Bk(w)
, for k ∈ K0.(22b)

The inner optimization problem in (22) is convex in β and
holds strong duality [41]. Hence, the trivial solution to it is that
βk satisfies (22b) with equality, i.e., βo

k = Ak(w)/Bk(w). To
tackle the logarithm in the objective function of P1w2, we ap-
ply the Lagrangian dual transform [41], and the corresponding
Lagrangian function is given as

L(β,λ) =
∑

k∈K0

aklog2(1 + βk)

−
∑

k∈K0

λk

(
βk − Ak(w)

Bk(w)

)
, (23)

where λ = [λ0, . . . , λK ]T is the dual variable vector in-
troduced for each inequality constraint in (22b). From the
strong duality, we can equivalently reformulate P1w2 to a dual
problem as

P1w3 : minimize
λ⪰0

maximize
β

L(β,λ). (24)

By evaluating the first-order condition ∂L(β,λ)/∂βk, k ∈ K0

and using the trivial solution to the inner optimization problem,
we obtain the optimal solution of λk as

λo
k =

akBk(w)

Ak(w) +Bk(w)
, k ∈ K0. (25)

We note that λk ≥ 0 is automatically satisfied in this case.
From (22) and (25), we can reformulate the inner optimization
as

P1w4 : maximize
β

L(β,λo). (26)

Furthermore, we can prove that when coupled with the outer
optimization over w and after several mathematical interpre-
tations, the solution to P1w4 also satisfies P1w1 [41]. Addi-
tionally, the beamforming vector, w, is obtained by solving

the feasibility problem over w for fixed β (21) (Appendix A).
The detailed steps of the proposed solutions are outlined in
Algorithm 1.

Remark 1. When the constant-modulus beamforming is used
in P1w1, the constraint (21d) is equivalent to the phase-
shift constraint in hybrid precoding problems [42]. Hence,
similar to [42], this can be handled by first relaxing the
constant-modules condition and then solving for the opti-
mal precoder. Thereby, once the precoder is obtained, the
constant-modules condition can be imposed such that [wo]m =
1√
M
ej∠([wo

rx]m),m ∈ M, where wo
rx is the optimal precoder

with relaxed the constant-modules condition [42].

Algorithm 1 : WSRMax for transmit beamforming.
Initialization: Initialize w to a feasible value.
Repeat

Step 1: Update λ by (25).
Step 2: Update β by solving P1w4 in (26).
Step 3: Update w by solving feasibility problem over w for fixed
β (21).

Until the value of the objective function converges.
Output: The optimal beamforming vector wo.

2) Power Allocation: By following a similar approach to
P1w, we introduce a new variable θk for replacing each SINR
term in the objective function (20a), and P1ρ is reformulated
as

P1ρ1 : maximize
ρ,θ

∑
k∈K0

aklog2(1 + θk), (27a)

subject to γth
k ≤ θk ≤ Ak(ρ)

Bk(ρ)
, for k ∈ K0, (27b)

ρ1 ≤ · · · ≤ ρK , and
∑

k∈K
ρk = 1,(27c)

where θ = [θ0, . . . , θK ]T. Similar to P1w1, P1ρ1 is also
a two part optimization problem. For a fixed ρ, the inner
optimization problem is given as

P1ρ2 : maximize
θ

∑
k∈K0

aklog2(1 + θk), (28a)

subject to γth
k ≤ θk ≤ Ak(ρ)

Bk(ρ)
, for k ∈ K0. (28b)

Here, the trivial solution to θk satisfies (28b) with equality,
i.e., θok = Ak(ρ)/Bk(ρ). By introducing a dual variable, yk,
the corresponding Lagrangian function is given as

L(θ,y)=
∑
k∈K0

aklog2(1 + θk)−
∑
k∈K0

yk

(
θk − Ak(ρ)

Bk(ρ)

)
,(29)

where y = [y0, . . . , yK ]T. Due to strong duality, P1ρ2 can be
equivalently reformulated as

P1ρ3 : minimize
y⪰0

maximize
β

L(θ,y). (30)

Next, we evaluate the first-order condition ∂L(θ,y)/∂θk, k ∈
K0 to obtain the optimal value of the dual variable yk as

yok =
akBk(ρ)

Ak(ρ) +Bk(ρ)
, k ∈ K0. (31)
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Hence, P1ρ2 is equivalent to

P1ρ4 : maximize
θ

L(θ,yo). (32)

The proposed algorithm for solving the power allocation
problem is given in Algorithm 2.

Algorithm 2 : WSRMax for power allocation.
Initialization: Initialize ρ to a feasible value.
Repeat

Step 1: Update y by (31).
Step 2: Update θ by solving P1ρ4 in (32).
Step 3: Update ρ by solving feasibility problem over ρ for fixed
θ (27).

Until the value of the objective function converges.
Output: The optimal power allocation factor ρo.

Remark 2. Algorithms 1 and 2 outline the proposed opti-
mization approaches for solving w by fixing ρ and for solving
ρ by fixing w after the original problem, P1w, is separated
into two sub-problems. We begin by quantifying the SINR of
Uk, k ∈ K, and the tag as we initialize w and ρ to feasible
values, and then better solutions for w and ρ are updated
in each iteration. The procedure is repeated until there is
no further improvement. At this point, it is terminated by a
condition such that the increment of the normalized objective
function is smaller than ϵ = 10−3.

B. Transmit Power Minimization

Since Rk, k ∈ K0 in P2 is a non-decreasing function of
its argument γk, the rate requirements in (17b) of P2 can be
replaced with the corresponding SINR constraints. Thereby,
the TPMin problem in P2 is reformulated as

P21 : minimize
w,pt,ρ

pt, (33a)

subject to γk ≥ γth
k , for k ∈ K0, (33b)

ηb(1− α)|fHw|2pt ≥ pb, (33c)

ρ1 ≤ · · · ≤ ρK , and
∑

k∈K
ρk = 1,(33d)

∥w∥2 = 1, (33e)

|hH
1 w|2 ≥ . . . ≥ |hH

Kw|2. (33f)

Because of the non-convexity in the constraint functions of
P21, similar to Section IV-A, we aim to obtain a sub-optimal
solution for P21 by decoupling the optimization variables.
Thus, for a given power allocation factor ρ, P21 becomes a
transmit power/precoder minimization problem as

P2p : minimize
w,pt

pt, (34a)

subject to γk ≥ γth
k , for k ∈ K0, (34b)

ηb(1− α)|fHw|2pt ≥ pb, (34c)

∥w∥2 = 1, (34d)

|hH
1 w|2 ≥ . . . ≥ |hH

Kw|2. (34e)

Next, for given a pt and a w P21 is reduced to a feasibility
problem as follows:

P2ρ : find ρ, (35a)

subject to γk ≥ γth
k , for k ∈ K0, (35b)

ρ1 ≤ · · · ≤ ρK , and
∑

k∈K
ρk = 1. (35c)

1) Transmit Power/Precoder Minimization: By defining
v ≜

√
ptw, W ≜ vvH, and A ≜ aaH, where a ∈

{hk,gk}, k ∈ K, we can rewrite the SINR terms in (9) and
(18) respectively as (36), and

γ0 =
αTr(G1W)

2
(
Tr(H1W)

∑
j∈K ρj (2− 2ξj) + σ2

) . (37)

Additionally, γk = min(γk
k , γ

k
i ). Then, P2p is reformulated

into the following equivalent problem:

P2p1 : minimize
W

Tr(W), (38a)

subject to γk ≥ γth
k , for k ∈ K0, (38b)

ηb(1− α) Tr(FW) ≥ pb, (38c)
Tr(W) ≤ pmax, (38d)
Rank(W) = 1, (38e)
Tr(H1W) ≥ . . . ≥ Tr(HKW), (38f)

where pmax is the maximum allowable transmit power at the
BS. By relaxing the non-convex rank-one constraint in (38e),
P2p1 can be reformulated to the following SDR problem [3],
[43]:

P2p2 : minimize
W

Tr(W), (39a)

subject to γk ≥ γth
k , for k ∈ K0, (39b)

ηb(1− α) Tr(FW) ≥ pb, (39c)
Tr(W) ≤ pmax, (39d)
Tr(H1W) ≥ . . . ≥ Tr(HKW). (39e)

This SDR problem, P2p2, is a convex optimization problem
and can be solved by using semi-definite programming (SDP)
via CVX Matlab [43], [44]. Then, if the solution to this SDR
problem is of rank one, i.e., Wo = vo(vo)H, the solutions to
P2p1 is pot = Tr(S) and wo = vo/

√
pot , where S is obtained

by computing the singular value decomposition (SVD) of
Wo as Wo = USUH. Otherwise, we employ the Gaussian
randomization-based technique to achieve an approximate sub-
optimal solution to P2p1 [45]. The steps to find the solution
to P2p1 are summarized in Algorithm 3.

2) Transmit Power Allocation: The power allocation prob-
lem, P2ρ, resembles the relay beamforming optimization
problem for the multi-antenna relay broadcast channel [46].
Hence, we transform it into a second-order cone programming
(SOCP) optimization problem and solve it via CVX Matlab
[43], [44], [46].

Remark 3. We also split P21 into two sub-problems: (i) solve
for pt and w by fixing ρ (i.e., Algorithm 3) and (ii) solve for ρ
by fixing pt and w (i.e., P2ρ). We first establish pt, w, and ρ
to feasible values, and then update better solutions for them in
each iteration. The process continues until there is no further
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γk
i =

ρk Tr(HiW)

Tr(HiW)
∑

j∈Kk
ρj +Tr(HiW)

∑
j∈K′

k
ρj (2− 2ξj) + αTr(GiW) + σ2

(36)

Algorithm 3 : TPMin for power/precoder minimization.
Initialization: Begin - CVX.

Step 1: Solve the convex problem P2p2 in (39).
Step 2: SVD Wo as Wo = USUH, where U = [u1, . . . ,uM ].
End - CVX.
if Rank(Wo) = 1, then

return: pot = Tr(S) and wo = u1.
else

for d = 1, . . . , D do
1: Generate random vd = US1/2ed, where ed =

[ejϕ1 , . . . , ejϕM ]H and ϕi ∼ U(0, 2π).
2: Check if P2p2 is feasible with vd.

end for
return: pot = ∥vo∥2 and wo = vo/

√
pot , where vo =

argmin
d=1,...,D

vd.

end if
Output: Optimal transmit power pot and precoder wo.

improvement. Specifically, it terminates when the increment of
the normalized objective function is less than ϵ = 10−3.

C. Computational Complexity

The proposed algorithms have multiple stages. In WSRMax
(i.e., Algorithm 1 and Algorithm 2), the outer loop comprises
two sub-problems for optimizing w and ρ. The main com-
plexity of these two lies in step 3. As CVX Matlab applies an
SDPT3 solver to handle these optimization problems, the com-
putational complexities are O((K+1)3M3) and O((K+1)3),
respectively [47]. Hence, the proposed solution for WSRMax
has a total complexity of O(IWo (Iw(K + 1)3M3 + Iρ(K +
1)3)), where Iw, Iρ, and IWo are the iteration numbers of
Algorithm 1, Algorithm 2, and the overall algorithm (outer
loop), respectively.

The problem in P2p2 (39) is conventional SDP, solvable
via interior point methods [48]. In Algorithm 3, for a M ×M
matrix W, those methods require O(

√
M log(1/κ)) iterations,

with each iteration taking O(M6) arithmetic operations in the
worst case, where κ is the interior-point algorithm’s precision
[3], [48].

V. SIMULATION RESULTS

Herein, we provide simulation examples to evaluate the
benefits/harms of symbiosis (Fig. 2). We adopt the 3GPP UMi
model to model the large-scale fading ζa (1) with fc = 3GHz
operating frequency [49, Table B.1.2.1]. The AWGN variance,
σ2, is modeled as σ2 = 10 log10(N0BNf ) dBm, where
N0 = −174 dBm/Hz, B = 10MHz is the bandwidth,
and Nf = 10dB is the noise figure. Moreover, M = 32,
ak = 1/(K + 1), k ∈ K0, pb = −20 dBm and ηb = 0.6.
Furthermore, we consider the fixed quality of estimation (or
constant correlation coefficient), i.e., ξj = ξ,∀j.

To comparatively evaluate the network performance (Fig.
1), we also consider a traditional (i.e., non-symbiotic) NOMA
network without the tag. For that, the WSRMax and TPMin
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Fig. 3: Tag’s harvested power and rate trade-off, pt = 20 dBm.

problems are solved as in Section IV-A and Section IV-B,
respectively.
Weighted Sum-Rate Maximization: Herein, we consider
two primary NOMA users (K = 2) and investigate their
rate performances and the tag rate, and the EH constraint
at the tag through the proposed solutions for the WSRMax
problem (Section IV-A), under perfect and imperfect SIC. We
consider the tag’s target rates as Rth

0 = log2(1 + pt/100),
Rth

1 = log2(1 + pt), and Rth
2 = log2(1 + pt/10). If constant

rate thresholds are set, in low transmit powers, the program
will not converge. Therefore, the rate thresholds must be
functions of the transmit power. At different power levels,
the devices achieve different rates, which are supported by
beamforming [50], [51].

We consider a BS with M = 32 antennas and digi-
tal/analog beamforming capacity (Section II-A and Remark 1).
As benchmarks, we also consider digital weighted maximum
ratio transmission (MRT) and random beamforming designs.
For the latter, a complex Gaussian random vector is selected
to satisfy the NOMA constraint (4). Hence, it does not
require CSI, and the beam can be focused in any direction,
resulting in poor performance [52]. Weighted MRT is designed
as 0.5h1/∥h1∥ + 0.5h2/∥h2∥. It directs the beam toward
the primary users and thus necessitates accurate CSI [53].
Moreover, for both designs, we consider ρ1 = 0.3 to satisfy
(16d). We assume df = 5m, dh1

= dh2
= 12m, dq1 = 8m,

dq2 = 10m, and α = 0.6. These parameter values are taken
from [17], [19], [54].

A. How Does Symbiosis Benefit the Tag?

The tag must survive with EH. Is it possible to increase
the symbiosis benefits of the tag by BS beamforming design?
What is the effect of the tag’s reflection coefficient on the
added benefits?

To shed light on those questions, Fig. 3 plots the trade-off
between the harvested energy and the tag rate as a function of
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the α with different transmit beamforming vectors, for constant
pt = 20dBm. As α approaches 1, the tag reflects most of
the received power and achieves the maximum rate. However,
this is not a feasible operating point for a passive tag, which
must harvest energy. However, when α approaches 0, the tag
harvests most of the received power, and the rate becomes
infinitesimal since the tag does not reflect any signal. Hence,
for given α, the amount of achieved rate and harvested power
traverse this trade-off curve. Because the tag must harvest a
minimum power, we need α ∈ (0, 1).

Fig. 3 shows that our BS beamforming design significantly
enhances the symbiotic benefits. Unlike the proposed designs,
the conventional random and MRT beamforming does not
achieve symbiotic gains for the tag. Moreover, analog beam-
forming can significantly decrease the hardware complexity
and power consumption compared to the digital one. It requires
just one RF chain, whereas the digital one requires one RF
chain per antenna, 32 RF chains.

B. Does Symbiosis Have Rate Benefits?

We will investigate this fundamental question. Further,
would it be possible to enhance the symbiosis benefits? In
this regard, we will find that our algorithm is advantageous
and leads to desirable results by maximizing the benefits and
minimizing the harms.

We thus investigate the rates versus the BS transmit power
under perfect SIC in Fig. 4 and Fig. 5, respectively. In Fig. 5,
Rlb

0 is the lower bound rate from (18), and R0 is the actual
rate of the tag (13).

Fig. 4 shows that without our designs, the symbiotic gains
are negligible. For example, with random beamforming, the
user rates are the lowest. Also, weighted MRT beamforming
is computed without symbiotic goals. It merely shapes the
beam towards the users (ignoring the tag). Then U2 achieves
a low rate. However, U1 achieves the highest rate because
it performs SIC and cancels out the signal of U2. On the
other hand, with our designs, the two users achieve acceptable
rates, exceeding the threshold rates, while also enhancing the
harvested power and the rate performance of the tag (Fig. 3
and Fig. 5). As observed, the rate performance of the tag
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Fig. 5: Tag rate versus transmit power.

significantly improves, and it achieves the highest rate while
preserving the performance of the primary NOMA users –
Fig. 4. We also see that digital beamforming achieves slightly
better rate performance than analog, as it controls the phases
and amplitudes by digital processing. However, the former
significantly decreases power consumption and hardware com-
plexity while achieving acceptable performances.

If we compare (a) the SR network and (b) the equivalent
NOMA system without the tag, the two users achieve the
highest rates for (b) with proposed digital/analog beamforming
designs. Network (b) can also work with reduced transmit
BS powers for certain rates of users. For example, in (a),
for 13.32 bps/Hz and 7.6 bps/Hz and 2.1 bps/Hz for U1 and
U2 and the tag (Fig. 5), respectively, BS requires 13.33 dBm.
However, in (b), the required power decreases by ∼6 dBm to
achieve those rates for U1 and U2 (U1 achieves 13.32 bps/Hz
at pt = 6.27 dBm and U2 achieves 7.6 bps/Hz at pt =
8.33 dBm). Thus, symbiotic gains are not without costs. In
(b), the user rates can be supported without considering the
tag. In (a), the BS must compensate for the deep fading of the
tag channels and ensure that the tag will harvest enough.

Nonetheless, our algorithm ensures symbiosis has overall
benefits as the rate requirements of both primary users and the
tag can be satisfied and further enhanced. Additionally, the tag
harvests enough power for its activation. Despite the fact that
the SR+NOMA system has a slightly lower rate compared
to the primary system without any tag in the low transmit
power regime, e.g., ∼ 96.3% at pt = 16dBm, it surpasses the
traditional NOMA network as the transmit power increases,
e.g., ∼ 102.0% at pt = 30dBm.

Transmit Power Minimization: Herein, we consider three
NOMA users (K = 3) and investigate the TPMin problem
(Section IV-B) with digital BS transmit beamforming. Users
Uk, k = 1, 2, 3, require the rates Rth

1 = 2bps/Hz, Rth
2 =

1bps/Hz, and Rth
3 = 0.5 bps/Hz, respectively. We assume

df = 3m, dhk
= 10m (k = 1, 2, 3), dq1 = 8m, dq2 = 9m,

and dq3 = 10m. These parameter values are taken from [17],
[19].
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C. Does Symbiosis Work Better Under Low Transmit Powers?

The reduction of BS power consumption is highly advan-
tageous from an EE standpoint as it allows for increased
flexibility in connecting additional devices. However, it is
essential to determine the minimum power requirement for
the BS to support symbiosis. Additionally, understanding the
impact of this power reduction on both user experience and
tag performance is crucial. These critical issues are thoroughly
investigated in Fig. 6, Fig. 7, and Fig. 8.

Fig. 6 depicts the minimum transmit power versus the tag’s
rate threshold Rth

0 for three α values under perfect SIC.
When the tag rate threshold reaches zero, i.e., there is no
tag, the network must maintain the minimum rates of the
primary users. For example, at pt = −20 dBm, the primary
rate requirements are met (Fig. 7). However, as the tag rate
threshold increases, the BS needs more power to satisfy the
increase. For instance, for α = 0.5, and the tag to reach
0.3 bps/Hz while maintaining the primary rates and the tag
EH constraint, the transmit power is 10 dBm. In contrast,
it increases by 2.4 dBm for the tag to achieve 0.5 bps/Hz.
Moreover, for lower α, the transmit power increases for a
certain rate requirement of the tag. This is because when the
tag reflects less power for communication, it can harvest more
(Section II-B).

Furthermore, we investigate the primary rates and the tag
rate as functions of tag rate threshold Rth

0 for different α in
Fig. 7 and Fig. 8, respectively, under perfect SIC. We also
investigate the rates of the devices when the BS adopts NRT
and random beamforming. However, these cannot fulfill the
primary and tag rate requirements, so SR is not feasible. On
the other hand, our beamforming design can not only maintain
those requirements but also improve performance. Hence, our
algorithm enables green SR under low transmit powers.

According to Fig. 7, when the tag rate is reaching zero,
our design simply maintains the minimum rate requirements
of the primary users. However, as Rth

0 increases, our design
ensures that the primary users achieve rates that exceed
the respective threshold rates, while the tag achieves Rlb

0

(Fig. 8). However, the rate enhancement for U1, whose ef-
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fective channel is the best, is higher than those of U2 and
U3, as U1 is the user who performs SIC. For example, for
Rth

0 = 0.3 bps/Hz and α = 0.5, U1, U2, and U3 achieve
the rates of 5.9 bps/Hz, 2.9 bps/Hz and 1.85 bps/Hz which
are respectively 3.9 bps/Hz, 1.9 bps/Hz and 1.35 bps/Hz
higher than the respective threshold rates. The tag’s actual
rate R0 is also higher than its threshold. In particular, for
Rth

0 = 0.3 bps/Hz, the tag actually achieves 0.5 bps/Hz.

We also observe that TPMin ensures the rate requirements
of the primary users regardless of the tag reflection levels, α.
However, for low reflection levels, U1 achieves higher rates
than for high α values. Specifically, U1 achieves rate gains of
31.3% and 15.6% for α = 0.3 and α = 0.5, respectively,
compared to α = 0.7 at Rth

0 of 0.3 bps/Hz. This is because
the BS increases the transmit power for low α values (Fig. 6).

Fig. 6, Fig. 7, and Fig. 8 show that maintaining the tag rate
requirement is important, i.e., the primary users exceed their
rate thresholds, when the tag’s rate is satisfied (Rlb

0 in Fig. 8).
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D. What is the Impact of SIC on Symbiosis? Do Our Algo-
rithms Ease the Problem?

To answer these questions, we consider the performance of
WSRMax and TPMin with SIC decoding errors. To this end,
we plot the sum rate and the minimum transmit power as a
function of the imperfect SIC coefficient (ξ) for various tag
reflection coefficients, α, in Fig. 9 and Fig. 10. There are two
primary users (K = 2) and for the TPMin algorithm, we set
Rth

1 = 3bps/Hz, Rth
2 = 1bps/Hz, and Rth

0 = 0.5 bps/Hz
for U1, U2, and the tag, respectively.

According to Fig. 9, the sum rate increases with the SIC
quality, ξ → 1, i.e., perfect SIC. Conversely, SIC imperfection
degrades symbiosis. For instance, with our beamforming and
power allocation, at pt = 20dBm and α = 0.5, we observe
a 1.92 bps/Hz loss for ξ = 0.9, compared to the perfect
SIC case. Nonetheless, our algorithms, i.e., Algorithm 1 and
Algorithm 2, outperform weighted MRT beamforming, and the
resulting rate enhancement is more noticeable as ξ approaches
1.

Fig. 10 also shows that, as ξ → 0, i.e., severe SIC imperfec-
tion, the BS needs more power to overcome the detrimental
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effects of SIC imperfection and maintain the minimum rate
of Uk and tag. However, as ξ approaches 1, i.e., perfect SIC,
less power is required to maintain the rates. For instance, for
α = 0.5 and ξ = 1, 13.5 dBm transmit power is required
to meet the device rate requirements, while it increases by
2.8 dBm for ξ = 0.7.

Therefore, the success of symbiosis is significantly in-
fluenced by imperfections in SIC, highlighting the crucial
need for successful SIC decoding. However, our proposed
algorithms effectively mitigate the impact of imperfect SIC,
ensuring that the performance trends remain relatively stable
regardless of the value of ξ. These results provide valuable
insights for improving the performance of imperfect SIC/SR
in various scenarios.

E. Convergence Rate of the Proposed Algorithms

Fig. 11 and Fig. 12 investigate the convergence rates of the
proposed WSRMax algorithm (Section IV-A, Remark 2) and
TPMin algorithm (Section IV-B, Remark 3), respectively.

Fig. 11 shows the convergence behavior of the former
for two different BS transmit power levels, i.e., pt =
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{10, 15, 20} dBm. The objective function of the overall algo-
rithm is the WSR. The stopping condition for convergence
is that the increment of the normalized objective function
is less than ϵ = 10−3. As shown in Fig. 11, the WSR,
obtained by combining Algorithms 1 and 2, increases rapidly
and saturates as the number of outer loop iterations increases.
Specifically, the overall algorithm converges in less than 4
iterations regardless of the BS transmit power.

Fig. 12 also shows the convergence behavior of Algorithm
3 for three different rate thresholds. We use the same stopping
criteria. It converges very quickly.

VI. CONCLUSION

Symbiotic radio networks are rapidly emerging as a promis-
ing solution for providing extensive connectivity to passive IoT
devices. In this study, we have focused on such a network be-
tween a primary NOMA network and an AmBC tag, where we
aim to optimize the system performance and power efficiency.
To achieve this, we have designed an optimal beamformer and
power allocation scheme for the BS that maximizes the WSR
or minimizes the transmit power of the BS while satisfying
the minimum rate requirements of both the users and the tag.
Our formulation takes into account the EH constraint of the
tag and the imperfect SIC decoding.

Since these optimization problems are inherently non-
convex, we have developed solution algorithms based on alter-
nating optimization, fixed-point, and semi-definite relaxation
techniques. By leveraging these algorithms, we have achieved
significant performance improvements in the BS designs while
ensuring that the rate requirements are met. Notably, our
approach does not require any modifications to the tag, thereby
preserving the cost benefits associated with passive tags.

The proposed symbiotic radio network framework enables
efficient collaboration between the primary NOMA network
and the AmBC tag, facilitating massive connectivity for pas-
sive IoT devices. Through the optimized BS designs and power
allocation, we have achieved enhanced system performance
and power efficiency while considering practical constraints
such as tag EH and imperfect SIC. Here are some of the
insights gained.

1) Our algorithms deliver more power and rates for the sec-
ondary network (Fig. 3). For example, for pt = 20dBm,
M = 32, and digital beamforming, the tag achieves
4.52 dBm and 3.98 bps/Hz, respectively. Without our
algorithms, i.e., with random beamforming, the tag can-
not exceed 0.2 dBm and 0.96 bps/Hz. Thus, our designs
significantly outperform random beamforming.

2) Our algorithms can enable symbiosis while satisfying
the rate constraints and the EH requirements. For exam-
ple, for pt = 20dBm, M = 32, and digital beamforming
at the BS, U1, U2, and the tag achieve 15 bps/Hz,
8.1 bps/Hz, and 3.2 bps/Hz, respectively (Fig. 4 and
Fig. 5), with α = 0.6 at the tag. Moreover, the tag can
harvest 3 dBm (Fig. 3).

3) Symbiosis is also enabled with analog beamforming,
which significantly reduces the BS power consumption
and the hardware complexity at a small loss of the

rates. For example, with a 32-antenna BS at 20 dBm,
U1, U2, and the tag loss 0.74 bps/Hz, 0.3 bps/Hz, and
0.21 bps/Hz (Fig. 4 and Fig. 5). However, the BS needs
just one RF chain for analog beamforming but 32 for
digital beamforming.

4) Our algorithms achieve symbiosis while reducing power
consumption and keeping the performance of both net-
works. For example, with α = 0.5 at the tag, in order
that U1, U2, U3, and the tag achieve 5.81 bps/Hz,
2.81 bps/Hz, 1.75 bps/Hz, and 0.49 bps/Hz, respec-
tively, with the BS just at 10 dBm (Fig. 6).

5) SIC imperfection degrades the efficacy of symbiosis. For
instance, for α = 0.5 and ξ = 0.9, it degrades the sum
rate and power by 1.92 bps/Hz (Fig. 9) and 1.11 dBm
(Fig. 10). Nonetheless, WSRMax and TPMin ameliorate
such losses.

Although we derived new algorithms, there are several pos-
sible improvements. First, we assumed the availability of CSI,
which provides a performance upper bound. CSI estimation
is challenging with multiple tags and users. Thus, the impact
of imperfect CSI on symbiosis should be investigated. Second,
our algorithm could be extended for the nonlinear EH models.
Third, symbiosis may involve more than just one tag. However,
multiple tags create additional interference terms, and optimal
algorithms are thus needed.

APPENDIX A
FEASIBILITY PROBLEM FOR w (21)

According to (21), in order to solve the feasibility
sub-problem for finding w, the SINR constraints of the
primary users and tag (21b), are respectively convexified
as 1√

γth
k

√
ρkpt|hH

i w| ≥ ∥vk
i ∥ and 1

2
√

γth
0

√
αpt|q1||fH1 w| ≥

∥v0∥, where vk
i = [v1

i,k,v
2
i,k,

√
αpt|gH

i w|, σ], in
which v1

i,k =
√
pt|hH

i w|[√ρ1, . . . ,
√
ρk−1] and

v2
i,k =

√
pt|hH

i w|[
√

(2− 2ξk+1) ρk+1, . . . ,
√
(2− 2ξK) ρK ].

Besides, v0 = [v1
0, σ], in which v1

0 =√
pt|hH

1 w|[
√
ρ1 (2− 2ξ1), . . . ,

√
ρK (2− 2ξK)].

Moreover, (21c) is realized by using the first-
order Taylor approximation as pb/ηb(1 − α)pt ≤
w(i−1)Fw(i−1) +

(
(F+ FH)w(i−1)

)H (
w(i) −w(i−1)

)
,

where F ≜ ffH. Besides, w(i) and w(i−1) are the current and
the previous iteration values of w.
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