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Abstract

This research proposes a hybrid deep learning-based Suc-
cessive Interference Cancellation (SIC) framework using
Long Short-Term Memory (LSTM) and Convolutional
Neural Networks (CNN) to improve interference manage-
ment in 5G wireless communication systems, particularly
in Non-Orthogonal Multiple Access (NOMA) networks.
The proposed CNN-LSTM architecture combines the abil-
ity of CNN to extract spatial features and local signal pat-
terns with the capability of LSTM to capture temporal
dependencies in wireless signals. Unlike conventional SIC
methods, which basically rely on perfect Channel State In-
formation (CSI) and fixed decoding orders, the proposed
framework predicts the optimal interference cancellation
order and estimates residual interference. This helps min-
imize error propagation and improve signal detection re-
liability under varying channel conditions. The proposed
framework is evaluated through simulations involving dif-
ferent signal-to-noise ratios (SNRs) and user densities. The
results demonstrate improved interference cancellation ac-
curacy, reduced Bit Error Rate (BER), and enhanced over-
all system performance compared with conventional SIC
and standalone deep learning approaches.

Keywords: 5G Wireless Networks, Successive Interfer-
ence Cancellation (SIC), Deep Learning, Long Short-Term
Memory (LSTM), Convolutional Neural Network (CNN),
Interference Management, Bit Error Rate (BER), Signal
Processing, Hybrid Neural Networks

1 Introduction

The widespread adoption of smartphones, Internet of
Things (IoT) devices, and emerging technologies such as
augmented reality, autonomous driving, and ultra-high-
definition video streaming has led to an exponential in-
crease in wireless data traffic. Consequently, future wire-
less communication networks face growing demands for
improved spectral efficiency and massive user connectiv-
ity [1]. Fifth-generation (5G) and beyond-fifth-generation
(B5G) networks are expected to support diverse appli-

cations with distinct Quality of Service (QoS) require-
ments, including enhanced Mobile Broadband (eMBB),
Ultra-Reliable Low-Latency Communications (URLLC),
and massive Machine-Type Communications (mMTC). To
address these requirements, Non-Orthogonal Multiple Ac-
cess (NOMA) has gained considerable attention as an ad-
vanced multiple-access technique that enables more effi-
cient utilization of radio resources [2, [3].

Unlike conventional Orthogonal Multiple Access (OMA),
which assigns separate time, frequency, or code resources
to individual users, NOMA allows multiple users to trans-
mit simultaneously over the same resource block through
power-domain or code-domain multiplexing [4, [5]. This
approach improves spectral efficiency, increases network
connectivity, and offers better user fairness. At the re-
ceiver, Successive Interference Cancellation (SIC) is com-
monly adopted to recover individual user signals from the
superimposed transmission. The decoding process gener-
ally follows the users’ channel conditions, allowing interfer-
ence to be sequentially estimated and removed to facilitate
reliable signal detection [6].

Although SIC provides significant performance benefits,
its conventional implementation encounters several chal-
lenges in practical wireless environments:

e Error Propagation: Incorrect detection of an inter-
fering signal of the user can introduce errors into sub-
sequent cancellation stages, which results in reduced
detection accuracy and degraded system performance
[7.

e Imperfect Channel State Information (CSI):
Conventional SIC depends on accurate channel esti-
mates. However, pilot contamination, feedback de-
lays, and channel variations can introduce estimation
errors, which leads to incomplete interference cancel-
lation and reduced detection reliability [g].

e Nonlinear Channel Impairments: Traditional lin-
ear detection techniques may not adequately cap-
ture complex interference characteristics and nonlin-
ear channel effects, particularly under high mobility
and frequency-selective fading conditions [9].
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e Processing Latency: The sequential decoding
mechanism increases computational complexity and
processing time with the number of users, which fi-
nally makes conventional SIC challenging for latency-
sensitive applications such as URLLC [9] [10].

To overcome these limitations, Deep Learning (DL) has
attracted increasing interest as an alternative approach to
solving complex physical-layer challenges in wireless com-
munication systems [II]. Deep neural networks can au-
tomatically learn complex signal characteristics, approxi-
mate nonlinear relationships, and adapt to changing chan-
nel conditions without requiring explicit mathematical de-
scriptions of the underlying communication environment.
These capabilities make DL particularly suitable for inter-
ference management and signal detection in NOMA sys-
tems

citeBanerjee. Initial research on DL-assisted NOMA pri-
marily investigated replacing conventional signal process-
ing components, including channel estimation and sym-
bol detection, with neural network-based solutions [12].
These developments demonstrated improved detection per-
formance, especially under imperfect CSI and nonlinear
channel conditions [13].

Subsequently, several deep learning architectures have
been investigated to enhance signal detection in NOMA
systems. Convolutional Neural Networks (CNNs) have
demonstrated their effectiveness in extracting spatial char-
acteristics and local features from received signal represen-
tations. By learning hierarchical feature patterns, CNNs
can identify complex multi-user interference structures and
channel correlations [I4]. Nevertheless, conventional CNN
architectures have limited capability to capture long-term
temporal dependencies associated with time-varying fading
channels and user mobility [I5].

In contrast, Long Short-Term Memory (LSTM) net-
works, a specialized form of Recurrent Neural Networks
(RNNs), are designed to learn temporal relationships in
sequential data [16]. Their application in wireless commu-
nication enables the modeling of dynamic channel varia-
tions, tracking of user mobility, and prediction of chan-
nel behavior over time. These characteristics make LSTM
networks particularly effective for dynamic NOMA envi-
ronments [I7]. Furthermore, their internal memory cells
and gating mechanisms facilitate the learning of long-term
dependencies while alleviating the vanishing gradient prob-
lem commonly encountered in conventional RNN architec-
tures.

2 Related Work

This section provides an overview of the existing litera-
ture on Successive Interference Cancellation (SIC), massive
Non-Orthogonal Multiple Access (NOMA), and their asso-
ciated integrated technologies. It also identifies the major

research limitations and open challenges that establish the
motivation for the proposed study.

NOMA has emerged as a promising multiple-access tech-
nology for fifth-generation (5G) wireless communication
systems, primarily due to its ability to support multiple
users within the same radio resource block through power-
domain multiplexing. Saito et al. [I8] introduced the fun-
damental concept of NOMA and demonstrated its advan-
tages over Orthogonal Multiple Access (OMA) in terms of
achievable sum rate and user fairness. Ding et al. [19]
presented an extensive review of NOMA, covering essen-
tial aspects such as power allocation, user pairing, and
cooperative communication. Similarly, Islam et al. [20]
investigated the role of SIC in enabling NOMA and re-
viewed significant developments in NOMA-based 5G net-
works, including capacity analysis, power allocation strate-
gies, user fairness, and user-pairing mechanisms. Further-
more, the integration of NOMA with advanced commu-
nication technologies, including Multiple-Input Multiple-
Output (MIMO) and millimeter-wave communications,
was investigated in [21], with particular emphasis on the
influence of user pairing on overall system performance.

Shi and Ouyang [22] investigated a NOMA-assisted Mo-
bile Edge Computing (MEC) framework in which multiple
devices simultaneously offload computational tasks to dif-
ferent edge servers to minimize execution latency. They
developed an optimization-based resource allocation strat-
egy that reduced both processing delays and operational
costs compared with conventional approaches. The pro-
posed framework also demonstrated its applicability to
multi-device Internet of Things (IoT) environments. In
another study, Benjebbour et al. [23] examined NOMA as
a downlink multiple-access approach for Long-Term Evo-
lution (LTE) and 5G networks. Their investigation high-
lighted the advantages of NOMA over conventional Or-
thogonal Frequency Division Multiple Access (OFDMA),
including its compatibility with MIMO technology. Simu-
lation and experimental evaluations reported performance
improvements exceeding 30% at both link and system lev-
els compared with OFDMA.

Recently, the application of Deep Learning (DL) tech-
niques to improve SIC performance in NOMA systems
has received considerable research attention. Farsad et
al. [12] proposed SICNet, a deep neural network (DNN)-
based framework that replaces conventional SIC process-
ing blocks with trainable neural network layers. This ap-
proach demonstrated the potential of data-driven learning
for improving signal detection and interference cancella-
tion. Chuan et al. [24] investigated the application of Con-
volutional Neural Networks (CNNs) to uplink NOMA sig-
nal detection. Their study demonstrated that CNN-based
detection methods can recover the information transmitted
by multiple users simultaneously, reducing dependence on
conventional communication signal processing algorithms.
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3 System Model
3.1 Downlink NOMA System Model

Consider a downlink NOMA system with one base station
(BS) which serves K users over a shared frequency band.
The BS transmits a superimposed signal to all users si-
multaneously. Let xy(t) denote the transmitted symbol for
user k at time instant ¢, with E[|z(¢)|?] = 1. The power al-
location coefficient for user k is denoted by /Py, which sat-
isfies the total power constraint Zszl P, < Piotar, where
Piotar is the total transmit power.

The superimposed transmitted signal at time t is ex-

pressed as:
K

S(t) = Z Pkl‘k(t)

k=1

1)
The received signal at user k is given by:

Yk (t) = hy(t)s(t) + ni(t) (2)

where hy(t) represents the complex channel coefficient be-
tween the BS and user k, and ng(t) ~ CN(0,0}) is the
additive white Gaussian noise (AWGN) at user k.

3.2 Channel Model

The channel coefficient hy(t) incorporates both large-scale
fading and small-scale fading effects:

hi(t) = /Br(t) - gi(t) (3)

where S (t) represents the large-scale fading (path loss and
shadowing) given by:

G-L
(di)> - (1)

Here, G is the antenna gain, L is the system loss factor,
dy, is the distance from BS to user k, « is the path loss ex-
ponent, and ¥y (¢) represents shadowing effects modeled
as a log-normal random variable. The small-scale fad-
ing coeflicient gx(t) follows a Rayleigh distribution with

Ellgs ()] = 1.

Br(t) = (4)

3.3 Conventional SIC Receiver

In conventional SIC, the users are ordered based on their
channel gains. Assuming |h1]? > |ho|?> > -+ > |hk|?, the
user with the strongest channel gain (user 1) decodes its
signal last after canceling interference from all other users.

The signal-to-interference-plus-noise ratio (SINR) for
the user k£ when decoding user j’s signal (j < k) is:

Pj|hg|?
K
Picji1 Pilhwl? + of

The achievable rate for the user k is:

SINR,_,), = (5)

Ry = 1og2 (1 + (6)

Py |?
it it Pilhi? + o7
3.4 Problem Formulation

The conventional SIC suffers from error propagation and
imperfect channel estimation. The received signal after
imperfect SIC can be modeled as:

K
Ge(t) = VPhe(Ozi(t) + Y v/ Pl (t)2i(t)
i=k+1

desired signal

residual interference

k—1
+ > VPl (t) Az (1) +ni(t) (7)

error propagation

where &;(t) is the estimated symbol and Az;(t) = z;(t) —
Z;(t) represents the estimation error.

4 Proposed Methodology

4.1 Overall Architecture

The proposed LSTM-CNN-based Advanced SIC (LSTM-
CNN-ASIC) framework consists of three main components:
channel estimation module, signal detection module, and
interference cancellation module. The overall architecture
is illustrated in Figure

1D Conv Attention
Received Signals Tsvre Mechanism
y(t) (256 filters, o exp(et)
-LSTI\I k=3) )
Feature Layer 1 I
F(t—1),F(t),F(t+1)... Vector
F(t) LSTM D) ez Concatenate
Channel/Power Layer 2 Layer 3 [z, hr]
Information — (128 filters,
h(t), P(t) k=3)
— Fully
Connected
vaio‘\.ls 1[21 _v(;:‘;\ + SoftMax
Detef((;z<1 Sig);uals — (64 filters,
i k=3) Detected
""""""" Symbols

i(t)

Fig. 1: Proposed LSTM-CNN-ASIC Architecture

4.2 Input Feature Representation

The input to the LSTM-CNN network at time ¢ is a multi-
dimensional feature vector constructed from the received
signal and channel state information:
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where

¥(t) = [ (), 1a(0) .
tor,

h(t) = [hi(t), ha(t),...,hx(t)]T is the channel coefficient
vector,

P(t) = [Pi(t), Pa(t),..., Px(t)]T is the power allocation
vector, and

%(t — 1) represents previously detected symbols.

L,y (t)]T is the received signal vec-

4.3 LSTM for Temporal Feature Extrac-
tion
The LSTM network captures temporal dependencies in the

received signal sequence. The LSTM cell state and hidden
state updates are given by:

it = o(W;F(t) + Ush;_; +by) 9)
f, = o(W;F(t) + Ush,_; + by) (10)
o; = oc(W,F(t)+ U,hy_1 + b,) (11)
;=1 Oci—1+i ©®tanh(W.F(¢t) + Uch;—1 + b.) (12)
h; = o; ® tanh(cy) (13)

where i;, f;, o; are the input, forget, and output gates
respectively, c; is the cell state, h; is the hidden state,
o(-) is the sigmoid function, and ® denotes element-wise
multiplication.

4.4 CNN for Spatial Feature Extraction

The output of the LSTM layer H = [hy, hy, ..., hy] is

fed into a 1D CNN for spatial feature extraction. The
convolution operation is defined as:
M
Cl:f<ZWlm*Hm+bl> (14)
m=1

where * denotes the convolution operation, Wj™ is the I-th
filter kernel for the m-th input channel, b; is the bias term,
and f(-) is the activation function (ReLU in our implemen-
tation):

f(2) = max(0, 2) (15)

4.5 Attention Mechanism

An attention mechanism is incorporated to focus on the
most relevant features for interference cancellation:

e; = vI tanh(W,h, + b,) (16)
ap = Texp(et) (17)
Zj:l exp(e;)
T
z = Z Cl{tht (18)
t=1

where, oy are attention weights and z is the context vector.

4.6 Signal Detection and Interference
Cancellation

The detected symbol for user k at time ¢ is obtained
through:

2

&5, (t) = argming ¢ y (19)

(8 = \/Pehp®az — S [Pk (0207 (1)
iZk

where X is the modulation constellation set, and Z2"*(t) is

the predicted interference from the LSTM-CNN network.

4.7 Loss Function

The network is trained using a composite loss function that
combines signal reconstruction error and classification er-
ror:

L=Lyse+AcE

where Lj;sg is the mean squared error for signal recon-
struction:

(20)

N
1 N
Lyse = N ; s — &) (21)
Lcg is the cross-entropy loss for symbol classification:
L NoC
Lo = N Z Z Yi,c log(pic) (22)

=1 c=1

where C is the number of symbol classes, y; . is the ground
truth label, and p; . is the predicted probability.

4.8 Proposed Algorithm

The proposed LSTM-CNN-ASIC algorithm is summarized
in Algorithm [I]

4.9 Training Procedure

The LSTM-CNN network is trained offline using simu-
lated NOMA transmission data. The training dataset
D = {(y®,h® PO xO)NN s generated with various
channel conditions and power allocations. The Adam opti-
mizer is used with learning rate n = 0.001, and mini-batch
size B = 64.

4.10 Complexity Analysis

The computational complexity of the proposed LSTM-
CNN-ASIC algorithm consists of:

e LSTM complexity: O(T - (4np(n; + np + 1)))
e CNN complexity: (’)(zlL:clNN ki-nj—1-n;-Ty)
e Attention complexity: O(T - ny, + T?)

e Overall complexity: O(T - (n} +npn; + >, king—1ng +

7))
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Algorithm 1 LSTM-CNN-Based Advanced Successive In- & Simulation Results and Analysis

terference Cancellation (LSTM-CNN-ASIC)

Require: Received signals y(t), channel coefficients h(t),
power allocation P(¢) for t =1,...,T
Ensure: Detected symbols x(t) for all users
Initialize LSTM-CNN network parameters @
hy + 0,co<+ 0
fort=1toT do
Construct feature vector F(t) using Eq.
end for{LSTM Forward Pass}
for [ =1 to LLSTM do
Compute gate activations using Eq.
Update cell state CEZ) and hidden state hgl)
end for
{CNN Feature Extraction}

H ~— [thLSTM)7 o h,(TLLSTl\l)]
for c=1to Loyy do
Apply convolution using Eq. (|14))
Apply batch normalization and ReLLU activation
Apply max pooling
end for
{Attention Mechanism}
Compute attention weights a; using
Compute context vector z =), ; ozhy
{Signal Detection}
ffinal < Concatenate(z, hr)
p: + Softmax(Woffina + bo)
for k=1 to K do
Predict interference from other users using p;
Perform interference cancellation using
B (t) + argmax(py x)
end for{Training Phase (if training mode)}
Compute loss £ using
Update network parameters ® using Adam optimizer

10:
11:
12:
13:
14:
15:

16:
17:

18:
19:
20:
21:
22:
23:
24:
25:
26:
27:

28: return x(1:7)

where T is the sequence length, n; is the input dimension,
ny is the LSTM hidden state dimension, k; is the kernel
size, and n; is the number of filters in CNN layer [.

4.11 Performance Metrics

The performance of the proposed method is evaluated us-
ing:

e Bit Error Rate (BER): BER = Yumber of bit errors

Total number of bits

e Sum Rate: Ryym = Zszl Ry, from Eq. (@

5.1

Simulation Parameters

The simulation is carried out using Python and the perfor-
mance of the proposed LSTM-CNN-ASIC scheme is eval-

uated through extensive Monte Carlo simulations.

The

simulation parameters are summarized in Table

Table 1: Simulation Parameters

’ Parameter Value ‘
Number of users (K) 2,4, 8
Modulation scheme QPSK, 16-QAM
Channel model Rayleigh fading
Path loss exponent («) 3.5
Noise power (o) -174 dBm/Hz
Bandwidth 10 MHz
LSTM layers 2
LSTM hidden units 128
CNN layers 3
CNN filters [64, 128, 2506]
Kernel size 3
Batch size 64
Learning rate 0.001
Epochs 200
Training SNR range 0-25 dB

5.2 BER Performance Analysis

Fig. [2| compares the Bit Error Rate (BER) performance of
the proposed LSTM-CNN-ASIC scheme with conventional
SIC and other deep learning-based approaches for different
numbers of users.

107'g —
ﬁ 1072 |
S
% 1073 | —=o— Conventional SIC (K=2)
~ | | - - Conventional SIC (K=4)
8 107*F|—=—  DNN-SIC (K=2)
) I |—o— Proposed (K=2)
5 107° S Proposed (K=4)
F|oa Proposed (K=8)
10—6 I I I
0 5 10 15 20 25
SNR (dB)

e Mean Squared Error (MSE): MSE = + Zszl |z — Fig. 2: BER Performance Comparison vs. SNR for Differ-

)2

10

ent Numbers of Users
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Fig. [2]demonstrates the superior performance of the pro-
posed LSTM-CNN-ASIC scheme across all SNR regimes.
At SNR = 15 dB, the proposed method achieves BER, im-
provements of 76.9% and 60.5% compared to conventional
SIC and DNN-based SIC, respectively, for K = 2 users.
The performance gain is attributed to the LSTM’s ability
to capture temporal dependencies in the fading channel
and the CNN'’s effectiveness in extracting spatial features
from multi-user interference patterns. For K = 4 users, the
proposed scheme maintains a significant advantage, achiev-
ing BER of 2.8x1072 at 15 dB compared to 1.4x10~2 for
conventional SIC. Even with K = 8 users, the proposed
method shows robust performance, though with expected
degradation due to increased multi-user interference.

5.3 Sum Rate Analysis

Fig. [3] illustrates the sum rate performance as a function
of SNR for different schemes.

EN 20 |-
~
wn
o
=
g8 --- Theoretical bound
52 10+ A —e— Conventional SIC ¥
= —=— MMSE-SIC
& DNN-SIC
—e— Proposed LSTM-CNN-ASIC
O | I I I
0 5 10 15 20 25

SNR (dB)
Fig. 3: Sum Rate Comparison for K = 4 Users

The sum rate performance in Fig. [3| shows that the pro-
posed LSTM-CNN-ASIC scheme approaches the theoreti-
cal upper bound more closely than conventional methods.
At SNR = 20 dB, the proposed method achieves a sum rate
of 21.3 bps/Hz, which is 96.4% of the theoretical bound
(22.5 bps/Hz), compared to 76.4% for conventional SIC.
This improvement is attributed to more accurate interfer-
ence cancellation and reduced error propagation. The tem-
poral modeling capability of LSTM enables better predic-
tion of channel variations, while CNN effectively extracts
multi-user interference patterns, resulting in more efficient
power utilization and higher spectral efficiency.

5.4 Convergence Analysis

Fig. [4] shows the training convergence of different deep
learning-based schemes.

Fig. [] demonstrates that the proposed LSTM-CNN-
ASIC achieves faster convergence and lower final loss com-

11

I
—_— DNN-SIC
0.4 — CNN-SIC i
% LSTM-SIC
3 —— Proposed LSTM-CNN-ASIC
60
=
=
E 0.2
H
0 |
0 50 100 150 200
Epoch
Fig. 4: Training Convergence Comparison
pared to individual deep learning approaches. The hy-

brid architecture reaches a loss of 0.012 after 200 epochs,
representing a 83.3% improvement over DNN-SIC (0.072).
The rapid convergence in the first 60 epochs (loss reduc-
tion from 0.45 to 0.072) indicates effective feature learning,
where the CNN captures spatial interference patterns while
LSTM models temporal correlations. The combination of
both architectures enables more comprehensive feature ex-
traction, leading to better generalization and stable train-
ing.

5.5 Computational Complexity

Fig. ] compares the computational complexity in terms of
floating-point operations (FLOPs) and processing delay.

I I
. —— Conventional SIC

g 20| | MMSE-SIC

: DNN-SIC

% —e— Proposed LSTM-CNN-ASIC

A

20

210

2}

&

O

s

st

[l

0 | |
2 4 6 8

Number of Users (K)

Fig. 5: Processing Delay Comparison for Different User
Counts

Fig. [5| reveals the trade-off between performance im-
provement and computational complexity. The proposed
LSTM-CNN-ASIC introduces additional processing delay
due to the hybrid architecture, with 23.8 ms for K = 8
users compared to 8.5 ms for conventional SIC. However,
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the complexity scales linearly with the number of users,
maintaining practical feasibility. The increased computa-
tional cost is justified by the significant BER and sum rate
improvements demonstrated in previous figures. For real-
time applications, the processing delay can be optimized
through hardware acceleration and model pruning tech-
niques.

5.6 Robustness to Channel Estimation Er-
rors

Fig. [6] evaluates the robustness of different schemes under
imperfect channel state information (CSI).

1071

=

o]

=

;1072

et

Z

0

£ 10-3 Conventional SIC

~ —o— MMSE-SIC

] DNN-SIC

a8 —e— Proposed LSTM-CNN-ASIC
10—4 | I I

0 5 10 15
Channel Estimation Error (%)

20

Fig. 6: Robustness to Channel Estimation Errors at SNR
= 15dB

Fig. [6] demonstrates the superior robustness of the pro-
posed scheme to channel estimation errors. At 20% chan-
nel estimation error, the proposed method maintains BER
of 8.5x1073, which is an order of magnitude better than
conventional SIC (3.8x1072). The LSTM'’s ability to learn
temporal channel correlations enables implicit channel pre-
diction and compensation, while CNN extracts spatial fea-
tures that remain relatively stable under imperfect CSL.
This robustness is crucial for practical deployments where
perfect channel estimation is challenging.

The comprehensive simulation results demonstrate the
following key advantages of the proposed LSTM-CNN-
ASIC scheme:

e Superior BER Performance: Up to 76.9% im-
provement over conventional SIC at moderate SNR
regimes.

e Enhanced Spectral Efficiency: Achieves 96.4% of
theoretical sum rate bound at high SNR.

e Fast Convergence: 83.3% lower final loss compared
to DNN-based approaches.

12

e Robust Operation: Maintains reliable performance
under channel estimation errors up to 20%.

e Scalability: Effective performance for up to 8 users
with linear complexity scaling.

These results validate the effectiveness of combining the
temporal modeling of LSTM with spatial feature extrac-
tion of the CNN for advanced interference cancellation
in NOMA systems. The proposed approach represents a
significant step toward practical deep learning-enhanced
physical layer processing for future wireless communica-
tion systems.

6 Conclusion

This research work proposed an LSTM-CNN-based Ad-
vanced Successive Interference Cancellation (LSTM-CNN-
ASIC) framework for downlink NOMA systems. By com-
bining LSTM networks for temporal feature extraction
and CNNs for spatial feature extraction, augmented with
an attention mechanism, the proposed method effectively
mitigates error propagation and enhances signal detec-
tion accuracy. Extensive simulations demonstrated that
LSTM-CNN-ASIC achieves significant BER reductions up
to 76.9% over conventional SIC at 15 dB SNR and ap-
proaches 96.4% of the theoretical sum-rate bound. The
framework also exhibits robust performance under im-
perfect channel estimation and varying user loads, with
faster training convergence compared to standalone DNN,
LSTM, or CNN approaches. These results confirm that the
hybrid architecture leverages complementary deep learning
strengths to deliver near-optimal interference cancellation,
making it a compelling solution for future NOMA-based
wireless systems.

Several directions warrant further investigation. First,
extending the proposed framework to MIMO-NOMA and
multi-cell scenarios would address more complex interfer-
ence environments. Second, integrating intelligent reflect-
ing surfaces (IRS) with LSTM-CNN-ASIC could further
enhance coverage and energy efficiency. Third, develop-
ing online learning and adaptive mechanisms would enable
real-time channel tracking in highly dynamic vehicular or
mmWave communications. Fourth, hardware implementa-
tion and optimization such as model pruning and quanti-
zation are essential for practical deployment with low la-
tency and power consumption. Finally, exploring the ap-
plicability of the hybrid architecture to other multiple ac-
cess schemes (e.g., OFDMA, rate-splitting multiple access)
could broaden its impact.
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