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Deep Learning for Replica Detection and
Combining in Asynchronous Grant-Free mMTC

Dania De Crescenzo, Enrico Testi and Enrico Paolini

Abstract—The Internet of Things has fostered the rapid growth
of new services such as massive machine-type communications
(mMTC), featuring transmission of short packets from a massive
number of low duty-cycle devices. grant-free (GF) access is
gaining an increasing interest to support the mMTC traffic
and tackle the related challenges. This letter proposes a deep
learning-based solution for GF asynchronous mMTC systems
where packet diversity is exploited to enhance the probability of
successful uplink transmission. The proposed processing aims at
detecting twin packets, i.e., replicas of the same packet, among the
received signal samples, which allows combining them to achieve
a higher successful decoding probability. Numerical results high-
light remarkable gains over more conventional approaches.

Index Terms—Asynchronous grant-free access, massive
machine-type communication, deep learning, convolutional neu-
ral networks.

I. INTRODUCTION

grant-free (GF) random access represents a very attractive
option in massive machine-type communications (mMTC), as
it lets a large number of sporadically active devices contend to
deliver short packets to a common base station (BS) without
any resource allocation procedure [1], [2]. artificial intelligence
(AD) holds an important role in enhancing the performance of
these systems, including latency reduction, network throughput
increase, and achievement of a higher reliability [3].

Over time, random access protocols have evolved from
simple ALOHA to more advanced ones such as (synchronous
or asynchronous) coded random access (CRA), featuring
packet diversity and successive interference cancellation (SIC)
[4]-[6]. In these schemes, devices send multiple copies of
their packets (called replicas), each containing information
about the positions of its twins. At the receiver, SIC can
effectively remove interference due to decoded packets and their
replicas, thereby enhancing the decoding probability of users
that are experiencing high interference levels. asynchronous
contention resolution diversity ALOHA (ACRDA) [7] is a
prominent example of asynchronous CRA protocol: users are
asynchronous with each other, but each of them is synchronized
to its local virtual frame (VF) and sends its replicas in
discrete positions within its VF. The VFs of different users are
asynchronous. Another example of asynchronous CRA protocol
is enhanced contention resolution ALOHA (ECRA) in [8]-[10].
In it, combining techniques are exploited to resolve collision
patterns where SIC alone is unable to succeed: knowing
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the position of multiple replicas of the same packet allows
exploitation of joint decoding. The main drawback is the need
to know the replica positions prior to decoding.

Several solutions based on deep learning (DL) have been
proposed in recent literature to enhance the performance of
massive GF access (e.g., [11]-[13]). In [11] the packet detec-
tion capabilities of two machine learning algorithms (neural
networks and random forests) for GF access are investigated.
In [12], a DL-based solution is proposed to enhance packet
detection in asynchronous GF uplink. In [13], the composite
issues of activity detection, channel estimation, and data
recovery in asynchronous massive access are tackled via DL.
The works [14], [15] address packet replica identification;
however, the solutions proposed therein rely on correlation and
not on learning-based techniques.

In the framework of the growing interest in the exploitation
of Al to enhance massive GF access, in this letter we propose a
solution to the problem of localizing replicas in asynchronous
CRA, leveraging DL techniques. Due to uncoordinated trans-
missions, the BS needs to initially perform preamble detection,
followed by channel estimation, demapping, and decoding. The
decoding operation, in particular, heavily affects the overall
packet loss rate (PLR). Remarkably, the proposed approach
enhances the decoding step by allowing combining of twins
for joint decoding. The main contributions of this letter may
be summarized as follows:

o We design a deep neural network (DNN) capable of
classifying pairs of packets as twins (i.e., replicas form
the same user) or non-twins.

o We propose a processing scheme at the receiver that
exploits the designed DNN to classify twin packets among
the detected but undecodable ones, so as to perform joint
decoding by replica combining.

o We compare the performance of the proposed approach
with that of conventional asynchronous CRA, a genie-
aided processing, and an energy detector (ED)-based one.

Throughout the paper, matrices, vectors, and scalars are
represented by boldface uppercase, boldface lowercase, and
lowercase letters, respectively. R(-) and (+) indicate real and
imaginary parts of a complex number, respectively. The ¢2
norm is indicated as || - ||2. The operators (-)7 and (-)# denote
transpose and conjugate transpose, while we use [A; B] to
denote row-wise concatenation of matrices A and B. The
uniform distribution between a and b is denoted as U (a, b). The
normal and circularly-symmetric complex normal distributions
with mean 0 and variance o2 are denoted by N(0,0?) and
CN(0,0?), respectively.
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Fig. 1. An illustration of the GF mMTC scenario where a plethora of users
aims to transmit data towards a single BS.

II. SYSTEM MODEL

With reference to Fig. 1, we consider a system with a single
BS placed at the center of an annulus with inner and outer
radii Ry, and Ry ., respectively, and devices (or “users”)
uniformly distributed within the annulus. The BS is equipped
with M antennas, while all devices are single antenna ones.
The number of users becoming active in an uplink symbol time
is Poisson distributed with mean A [wake up / symbol time].

At wake up, a user starts its own VF, of length Ng slots;
the slot time equals the packet time-on-air, as depicted in
Fig. 2. Note that VFs are local to the users: although the BS
knows the VF length Ng, it is unaware of the set of active
users and, consequently, of the start time of their VFs. Each
user transmits Vye, replicas of its message in N,¢p slots of
its private VF. These slots are randomly drawn by the user
from the set {1, ..., Ns}, with uniform probability and without
replacement. Packet arrivals at the receiver are assumed symbol-
wise synchronous, to enable a tractable and computationally
efficient simulation setup [11]. A packet consists of a preamble
of Np symbols, s = [s1,- -, sn,] € C1*M which is a Zadoff-
Chu (ZC) sequence common to users, and a user-specific data
payload of length Np.

We adopt a Rayleigh block fading channel model with co-
herence time equal to the packet time-on-air. Thus, the channel
gain between a user and any BS antenna remains constant
across all symbols of a packet but changes independently from
replica to replica. We also assume independent channel gains
for a single device across different BS antennas and no power
control. The vector of received signal samples at the M BS
antennas at symbol time i, y (i) € CM*1 can be expressed as

y(i)= > hipi(i)+ > hiq(i)+n(i) (1)
JEAP leAp
where:

e Ap and Ap are the subsets of users that transmit a
preamble and data symbol at symbol time i, respectively;

o p;(4) is the symbol of preamble s transmitted by user j €
Ap at symbol time ¢; ¢;(4) is the data symbol transmitted
by user [ € Ap at symbol time 7;

o h, = [th, s ,h]“M]T S (CMXl, where hk7m ~
CN(0, J,%k) for m = 1,..., M, is the vector of channel
gains between user k£ and the BS;

e n(i) € CM*1 s the vector of independent and identically
distributed noise samples, each distributed as CA/(0, o2).

We let a}%k = v (Rmax/dy)?, where v is the log-normal
shadowing coefficient in linear scale, i.e., yag = 101og;o(7y) ~
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Fig. 2. Pictorial representation of the users initiating virtual frame and
transmitting replicas in an asynchronous scenario.

N(0,033), B is the path-loss exponent, and dy, is the distance
between user k£ and the BS. The distance dj is randomly
distributed as \/R2, + (B2, — R2,,) -U(0,1).

min min

III. DL-AIDED TWIN PACKETS IDENTIFICATION

This section presents the proposed DL model and a more
conventional ED-based methodology used as a benchmark.
Both techniques aim at detecting twin packets (i.e., replicas
from the same user) among non-decoded packets, to enable
joint decoding by replica combining, thus improving payload
decoding success rate. Then, we introduce the proposed
processing scheme at the receiver, that exploits the designed
DL-model. We adopt N,¢, = 2, as recommended in previous
studies in the high traffic regime (e.g., [7]).

A. CNN Architecture

We want to check if a pair of sequences of Np consecutive
received samples are replicas from the same user. Firstly, the
two channel gains h(") € CM*1 and h(® € CM*! and the
two payloads (1) € C'*™ and x(?) € C*™> are estimated
by maximum likelihood (ML) estimation, as

- 1
.’f}(l) =
[R]2

where i € {1,2} and Y}(Z) € CM*Ne and Y;l(l) € CMxNo are
the corresponding received pilot and payload symbols. The
input to the DL model is represented by the observation matrix
Y € R2*(2¥0) 4 feature map obtained from real and imaginary
parts of the two estimated payloads, as

_[R@ED) (@)
= [Rao) )

The twin packets identification task is cast as binary
classification problem with two classes, namely, class 1 if
the received signal samples correspond to replicas transmitted
by the same user, and class 0 otherwise.!

Considering the 2D nature of the input feature map, we
designed the convolutional neural network (CNN) architecture
shown in Table I, inspired by the one proposed in [12]. Simpler
networks lack sufficient feature extraction capabilities, while
deeper ones add complexity with limited gains. The proposed

Al = LY(Z').SH and

" (R @

3)

IClass 0 includes also the case in which the received sequences do not
correspond exactly to payload symbols.



TABLE I
CNN ARCHITECTURE AND COMPLEXITY.

Layer type | Layer size | Activation | FLOPs (Np = 256)
Input 2 x 2Np

2D convolutional 8@2 x 32 ReLu 496,392

2D convolutional 4@1 x 32 ReLu 664,200

Fully connected™ 260 ReLu 936,260

Fully connected” 130 ReLu 67,730

Fully connected™ 65 ReLu 16,965

Output 1 Sigmoid 4

* Followed by a dropout layer with threshold 0.2.

architecture offers a good trade-off between accuracy and
efficiency. In particular, the first convolutional layer contains 8
filters of size 2 x 32, while the second contains 4 filters of size
1x 32, both with no padding. Then, we alternate fully-connected
and dropout layers. The fully-connected layers contain multiple
neurons (260, 130, 65, and 1, respectively), with rectified linear
unit (ReLU) activation function. The dropout layers help
minimizing inter-dependencies between neurons, enhancing
the model’s generalization capacity. The network ends with
a classification layer using sigmoid activation function. We
utilize a binary cross-entropy loss, which is formulated as
J(q,4) = —qlog ¢ — (1 — q)log(1 — §), where ¢ is the true
label, equal to 1 if the input samples correspond to a pair of
twin packets and to O otherwise, while § is the network output
label. The training aims to determine the proper weights of the
DL model that minimize the cost function. In this framework,
we adopt the Adam optimizer, employing mini-batches to
improve training efficiency [16]. The computational complexity
of the CNN is calculated in terms of floating point operations
(FLOPs), as shown in Table I. The overall complexity of the
CNN is approximately 2.182 - 10 FLOPs.

B. ED-Based Approach

We compare our DL-based classification solution with a
more conventional detector that uses an ED-based test derived
analytically. The two hypotheses of non-twin packets and twin
packets can be formulated as

Ho y M= pWa + 0, 4P =@+ 0P @
Hy yk = Mg, + nl(cl)’ ylg2) = h@q, + ngf) (5)

respectively, with k = 1, ..., Np. In (4) and (5), y,(j) e cMx1
is the k-th column of Yd(i), 1 € {1,2}, ar and by are the
k-th payload symbols from two different users under o, h(*),
i € {1,2}, is the channel gain, while n\”, i € {1,2}, is
a vector of noise samples. Assum1n§ for the moment h(?)
known at the receiver, we let g, = @, 1> ) where & ( ) =
(RO Hy D /IRD|2, 4 € {1,2}, which ylelds

T}k‘r}'h = 2ap + n(l) + ﬁ,(f)
(6)

where 71\ = (RD)An{) /| RD|12, i € {1,2}. As E[n|Ho] =
[nk|’H1] = 0, the variances of 773 under the two hypotheses
are given by

1 1
_ 2
Vink|Ho]l =2+ o, <||h(1)|2 + h(2)2) @)

k| Ho = ag + bg +n(1) —|—Tl,(C ,

VinkHi] =4+ 02

1 1
<||h<1>||2 - ||h<2>||2> - ®

The detector makes a decision about H, versus 7, based on
the variance of 7. To implement the test in practice, once the
two preambles have been detected, (2) is applied to obtain the
estimates h(") and &), i € {1,2}, and the sample variance of
M 1S used. After simple manipulation, the test takes the form

1 1 Hi
g 2
ROz [a@)2 )

where ¢ is a detection threshold to be set to ensure a target
false alarm probability. Theoretically, the test assumes values
between 2 and 4. Actually, this range extends to account for
practical impairments such as channel estimation errors.

e (9)

C. DL-Aided Processing Scheme

We now describe the DL-aided processing scheme at the
receiver. The traditional processing scheme operates as follows:
(i) preamble detection is performed using a correlator with a
very low threshold to minimize missed detections; (ii) channel
and payload estimation are performed as per (2); (iii) upon
successful channel decoding and cyclic redundancy check
(CRC) test, we subtract the interference of the decoded packet
and of its twin (in this latter case, by estimating the channel
using preamble plus data), and repeat the processing from
(1) until no more messages can be decoded. In the DL-aided
processing scheme, an additional step is introduced when no
more messages can be decoded: (iv) pairs of replicas among
the detected but undecoded packets are identified using the
proposed CNN; if two packets are classified as twins and jointly
decoded successfully, SIC is performed as in step (iii). Joint
decoding of the replica pairs is performed as per (2) using the
aggregated pilot and payload received symbols, [Yp(l); 1’},(2)]
and [Y:j(l); Yd(Q)], for channel estimation and payload detection,
respectively. Step (iv) is repeated until no more messages can
be decoded.

IV. IMPLEMENTATION AND RESULTS

This section describes the setup implemented both for
the dataset creation used for the CNN training, and for the
simulation of the overall system. Subsequently, we present
numerical results for twins classification using the CNN, the
ED-based method and a correlation-based approach based on
[14], [15]. Finally, we report the performance of the receiver
processing system obtained integrating the designed CNN, in
comparison to the classical approach that does not exploit twin
packets combining and joint decoding.

A. Simulation Setup

The number of active users that wake up in a symbol time
is randomly generated by sampling a Poisson distribution with
mean A. When a device becomes active, it initiates a VF
consisting of Ng = 100 slots. Each user transmits Nyep, = 2
replicas in slots selected randomly without replacement. We
consider a preamble and a payload of length Np = 63 and
Np = 256, respectively. The preamble sequence, possessing



good auto-correlation properties, is the ZC(63,1), while the
payload consists of equiprobable quadrature phase-shift keying
(QPSK) symbols. Bose—Chaudhuri-Hocquenghem (BCH) cod-
ing of length 511 (plus an extra null padding bit) is employed.
We also assume that messages contain a CRC field that allows
message integrity validation after decoding. The minimum and
maximum distances between a user and the BS are R, = 5
m and Ry.x = 100 m, respectively. The path-loss exponent and
the log-normal shadowing are taken as 5 = 2 and o4 = 3,
respectively. The signal-to-noise ratio (SNR) is formulated as
SNR = 1/02, and represents the median SNR per antenna for
a device at the edge of the cell. During the training phase of
the CNNs we consider SNR = 10dB and M = 32 antennas
at the BS.

We train separate CNNs, each with the architecture de-
scribed in Table I for different traffic scenarios, i.e., for
A € {0.005,0.01,0.017,0.03,0.05}. The networks remain
effective under traffic load variations, but perform best when
training and inference conditions align. To have well-balanced
datasets we collect 10 - 103 examples for each class; 70% are
used for training and 30% for validation and testing. To create
the datasets, we assume use of a perfect detector, meaning
all packets start indices are known. We extract the samples
from a buffer of M x 319,000 complex symbols, i.e., one
sub-buffer for each antenna. A training point consists of a pair
of sequences of length Np, twins for class 1 and non-twins
for class 0. These samples are then manipulated to create the
observation matrix Y defined in (3), given in input to the
CNN.? For each hyperparameter (learning rate, epochs, mini-
batch size, dropout rate, number of neurons, etc.), we test
performance by varying each value while keeping the others
fixed. This search yielded learning rate, dropout rate and mini-
batch size of 0.001, 0.2, and 20, respectively, as the values
that lead to the best performance [16].

To implement the receiver processing we utilize a sliding
window of length W = 3Ng(Np+ Np) symbols, with a shifting
step of dW Ng(Np 4+ Np) (dW = 0.3, so that two subsequent
windows are partially overlapped). The length W was chosen
based on prior work, which identified it as a good trade-
off between complexity and performance. The BS processes
samples in the current window position until no more messages
can be decoded; then the window is slid forward. For each
simulation, a buffer with length 10Ns(Np + Np) = 319,000
symbols per antenna is generated. Simulations are carried out
under four different settings: traditional processing [7], DL-
aided processing described in Section III-C using the designed
CNN, genie-aided processing employing an ideal classifier that
always detects all twin pairs, and ED-based processing using
(9) for twins classification. The genie-aided and ED-based
processing schemes follow the same steps as the DL-aided one,
the only difference being that twin detection is performed by
an ideal classifier (the genie) or an ED-based test, respectively.

To consider a steady-state traffic situation, both for collection

2Two packets can be twins only if their start indices are spaced by a
multiple of the packet length and their distance is less than one VF. Thus, we
immediately label these pairs as non-twins and exclude them from the training
set. Moreover, the case of twins, one of which is completely interfered by
another packet, is always associated with class 1.
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Fig. 3. Performance comparison between the proposed CNN, the ED-based
and the correlation-based classifiers. M = 32 BS antennas; SNR = 10dB.
Markers highlight the CNN’s working points obtained with a sigmoid threshold
of 0.5.

of datasets points and evaluation of system performance, we
exclude from our analysis packets transmitted by nodes with
wake-up instant within the first and last simulated VFs.

B. Numerical Results

1) CNN performance: As performance metrics we use the
detection rate (or recall) R = TP/(TP + FN), and the false
alarm rate F' = FP/(FP + TN), where true positives, true
negatives, false positives, and false negatives are denoted by
TP, TN, FP and FN, respectively. The cases when twins and
non-twins are correctly identified, coincide with TP and TN,
respectively. Likewise, FP and FN correspond to the number
of instances when twins and non-twins are misclassified.

receiver operating characteristics (ROC) curves in Fig. 3 are
obtained with the ED-based approach varying the threshold
¢ from 1.8 to 4.2. This range extends beyond the nominal
interval of 2 to 4 to account for practical factors such as
channel estimation errors and interference. Fig. 3 also shows the
ROC curves for the proposed CNN and the correlation-based
approach [14], [15]. The CNN outperforms all alternatives,
combining high detection accuracy with low false alarm rates.
Notably, its advantage over correlation-based detection grows
with traffic load, highlighting superior feature extraction and
generalization in dense scenarios.

2) DL-aided receiver performance: The main performance
metric is the packet loss rate (PLR), representing the fraction
of user messages lost at the receiver over the total messages
sent by active users.

In Fig. 4 we compare the performance of the four different
processing schemes: traditional [7], CNN-aided, genie-aided,
and ED-aided with threshold € = 3.5. A fixed ¢ yields varying
detection and false alarm rates across A, but ensures consistently
high detection rates, allowing meaningful comparison with the
CNNs. The proposed CNN consistently improves PLR across
all traffic regimes, outperforming both traditional processing
and the ED test. It supports an increase of A\ by 21.1% and
24.8% at PLR 1072 and 1073, respectively, confirming its
effectiveness across various reliability targets. It is worth noting
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that the proposed CNN-aided scheme performs remarkably
close to the genie-aided one. This occurs because the twin
pairs not detected by the designed CNN are those most affected
by interference: decoding fails even if the genie detects them,
thus they do not impact the overall PLR.

Fig. 5 shows the PLR obtained using ¢t = 23 and ¢t = 10 as
the number of correctable errors of the BCH code. Comparing
traditional processing with the CNN-aided one, with ¢ = 23
we obtain an increase of the supported A value of about 21.5%
and 21.9% at PLR 10=2 and 1072, respectively, while with
t = 10 we achieve an increase of about 28.3% and 29.4% at
PLR 1072 and 1073, respectively. We can therefore conclude
that the support given by the CNN is more pronounced with a
poorer error correction capability.

Remarkably, the CNN input size does not depend on
the number of BS antennas, making the proposed solution
straightforwardly scalable across different scenarios. In Fig. 6,
we show that CNN-aided processing reduces PLR even varying
the number of antennas at the BS. With M = 16 the CNN
permits an increase of supported A of about 22.3% and 17.3%
at PLR 102 and 103, respectively, while for M = 64 we
obtain an increase of about 16.8% and 16.1% at PLR 1072
and 1073, respectively.

V. CONCLUSION

In this letter, we have proposed a DL-aided processing
for asynchronous massive access that leverages the feature
extraction and classification capabilities of CNNs to improve
the system scalability. The designed CNN identifies replicas
of the same packet, enabling joint decoding at the receiver. Ex-
tensive simulations demonstrate that the CNN achieves strong
classification accuracy across all traffic scenarios, consistently
reducing the system’s PLR. As a result, CNN-aided processing
enables the system to handle higher traffic levels compared to
conventional methods. Future work could explore extending
the approach to higher numbers of replicas (N, > 2) to better
exploit temporal diversity. Another direction is to evaluate the
proposed CNN-aided decoder under traffic conditions differing
from those used during training.
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