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Abstract— Recent years have witnessed growing interest in
the application of deep neural networks (DNNs) for receiver
design, which can potentially be applied in complex environments
without relying on knowledge of the channel model. However, the
dynamic nature of communication channels often leads to rapid
distribution shifts, which may require periodically retraining.
This paper formulates a data-efficient two-stage training method
that facilitates rapid online adaptation. Our training mechanism
uses a predictive meta-learning scheme to train rapidly from
data corresponding to both current and past channel realizations.
Our method is applicable to any deep neural network (DNN)-
based receiver, and does not require transmission of new pilot
data for training. To illustrate the proposed approach, we study
DNN-aided receivers that utilize an interpretable model-based
architecture, and introduce a modular training strategy based
on predictive meta-learning. We demonstrate our techniques in
simulations on a synthetic linear channel, a synthetic non-linear
channel, and a COST 2100 channel. Our results demonstrate
that the proposed online training scheme allows receivers to
outperform previous techniques based on self-supervision and
joint-learning by a margin of up to 2.5 dB in coded bit error
rate in rapidly-varying scenarios.

Index Terms— Wireless communications, model-based deep
learning, deep receivers, meta-learning.

I. INTRODUCTION

DEEP learning systems have demonstrated unprecedented
success in various applications, ranging from computer

vision to natural language processing, and recently also
in physical layer applications. While traditional receiver
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algorithms are channel-model-based, relying on mathematical
modeling [2] of the signal transmission, propagation, and
reception. DNN-based receivers have the potential to operate
efficiently in model-deficient scenarios where the channel
model is unknown, highly complex [3], [4], or difficult to opti-
mize for [5] and [6]. Generally, deep learning can be integrated
with receiver design either by using conventional black-box
DNN architectures trained end-to-end; or by leveraging model-
based solutions [7], [8], [9], [10], whereby specific blocks of
a receiver’s architecture are replaced by neural networks, e.g.,
via deep unfolding [8]. Contrary to black-box receivers, which
make limited assumptions on the data distribution, model-
based deep receivers exploit additional domain knowledge,
in the form of a specific receiver structure that is tailored to
the channel of interest.

Channel encoding and decoding can be optimized jointly
end-to-end as in [11], [12], and [13], or decoding can be
separately trained as studied in [14], [15], [16], and [17].
Classical channel estimation can be enhanced as compared to
the existing compressive sensing-based methods [18], [19] via
the integration with DNNs. DNN-aided receiver designs are
shown to outperform classical methods in non-linear environ-
ments in [20], [21], [22], [23], and [24]. In the areas of optical
fiber communication and underwater acoustics, in which non-
linearity dominates, DNN-aided solutions have also proved
useful [25], [26], [27], [28], [29]. Additional applications
of DNN-aided receivers include detection by reconfigurable
intelligent surface (RIS) and blind reception with multiple
modulation and coding schemes [30], [31].

Despite their potential in implementing digital receivers
[32], [33], deep learning solutions are subject to several
challenges that limit their applicability in important commu-
nication scenarios. A fundamental difference between digital
communications and traditional deep learning applications
stems from the dynamic nature of wireless channels. DNNs
consist of highly-parameterized models that can represent a
broad range of mappings. As such, massive data sets are
typically required to obtain a desirable mapping. The dynamic
nature of communication channels implies that a DNN trained
for a given channel may no longer perform well on future
channel realizations. While one can possibly enrich data sets
via data augmentation [34], [35], [36] or robustify a DNN so
that it copes with multiple channel realizations via Bayesian
learning [37], [38], a DNN-aided receiver is still likely to
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have to adapt at some point when operating in time-varying
conditions.

To apply DNN-based transceivers in time-varying channels,
two main approaches are considered in the literature. The first
attempts to learn a single mapping that is applicable to a broad
range of channel conditions. This class of methods includes
the approach of training a DNN using data corresponding
to an extensive set of expected channel conditions, which
is referred to as joint learning [23], [39]. An additional,
related, method trains in advance a different network for each
expected channel, and combines them as a deep ensemble [40].
However, these strategies typically require a large amounts
of training data, and deviating from the training setup, i.e.,
operating in a channel whose characteristics differ from those
observed during training, can greatly impair performance [41].

An alternative strategy is to track the channel variations.
This can be achieved by providing the DNN with a model-
based channel estimate [42], [43], [44], [45], [46]. How-
ever, channel estimation involves imposing a relatively simple
model on the channel, such as a linear Gaussian models, which
may be inaccurate in some setups. When operating without
channel knowledge, tracking the channel involves periodically
retraining the network. To provide data for retraining, one must
either transmit frequent pilots, or, alternatively, use decoded
data for training with some forward error correction (FEC)
scheme. Specifically, the mechanism employed in [47], [48],
and [49] re-encodes the decoded bits, and then it computes
the Hamming distance between the re-encoded bits and the
hard-decision obtained from the channel observations. If this
difference (normalized to the block length) is smaller than
some threshold value, the decoded bits are considered to be
reliable and are used for retraining. Another approach is to
further encode the block with error detection codes such as
cyclic redundancy check (CRC), which identifies decoding
errors. If the received block is deemed to be detected correctly,
as indicated by the above measures, it is fed back into the
DNN-aided receiver, with the predicted symbols as the training
labels. This process implements a form of self-supervised
training as defined in [50], [51], and [52].

Data-driven implementations of the Viterbi scheme [53],
BCJR method [54], and iterative soft interference cancellation
(SIC) [55] were proposed in [47], [56], and [57], respectively.
Yet, even with model-based architectures, relatively large data
sets are still required and typical DNN training procedures are
likely to induce non-negligible delay. The ability to retrain
quickly is highly dependent on the selection of a suitable
initialization of the iterative training algorithm. While the
common strategy is to use random weights, the work [47]
used the previous learned weights as an initial point for
retraining. An alternative approach is to optimize the initial
point via meta-learning [41], [58], [59], [60], [61]. Following
this method, one not only retrains, but it also optimizes
the hyperparameters that define the retraining process. Meta-
learning was adopted to facilitate prediction of blockages [62],
beam tracking [63], and power control [64].

For DNN-aided receivers, it was shown in [41] that by
optimizing the initial weights via meta-learning, the receiver

can quickly adapt to varying channel conditions. The method
proposed in [41] is designed for settings where in each
coherence duration, the transmitters send pilots followed by
data packets, such that the receiver can train using the pilots
and then apply its DNN to the received data. This technique
does not naturally extend to rapidly time-varying channels.
In fact, in such cases, the channel can change between the
packets and thus a receiver trained with the pilots may no
longer be suitable for detecting the following information
messages.

In this work we propose an online training algorithm to
enable rapid adaptation of DNN-based receivers via meta-
learning. Our algorithm considers both long and short term
variations in the channel: We choose the initial weights
of the deep receiver via meta-learning [65], while tracking
local variations in a decision-directed self-supervised manner
[47], [48]. While meta-learning in [41] is designed to train
from pilots corresponding to the same channel over which
the information blocks are transmitted, we consider rapidly
time-varying channels, where each block undergoes a different
channel realization. Consequently, while [41] was able to build
upon the conventional model-agnostic meta-learning (MAML)
algorithm [65], our proposed approach modifies MAML
to incorporate predictions of channel realizations in future
blocks.

To further facilitate efficient adaptation to changing con-
ditions, we instantiate the proposed meta-learning approach
for settings in which the DNN-aided receiver employs an
interpretable model-based deep architecture [8]. Hybrid design
techniques, such as deep unfolding [66], neural augmenta-
tion [67], and DNN-based algorithms [68], have given rise to a
multitude of deep receiver architectures, including, e.g., [14],
[16], [22], [42], [45], [47], [56], [57]. These hybrid model-
based/data-driven deep receivers are generally more compact
in terms of number of parameters, requiring fewer training
samples to reach convergence [8]. We propose to exploit the
structure of model-based deep receivers in order to efficiently
re-train only specific modules of the architecture with the aid
of meta-learning [69]. This new approach to online training,
referred to as modular training, further reduces the overall
error rate over rapidly-changing scenarios.

Our main contributions are summarized as follows:
• Predictive online meta-learning algorithm: We intro-

duce a meta-learning strategy that is applicable to any
DNN-based receiver. The proposed approach integrates
MAML [65] with the prediction of time-varying channels
to ensure that a small number of gradient updates can
efficiently minimize the loss (or error) on the next data
block.

• Modular training of interpretable architectures:
We instantiate the proposed meta-learning approach for
hybrid model-based/data-driven deep receivers that lever-
age the structure of multipath channels. We propose to
only retrain specific modules of the receiver architecture
that need adaptation due to temporal variations of the
channel. Fast and efficient adaptation of the machine
learning modules utilize a variant of MAML referred to
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as almost-no-inner-loop (ANIL) [69], which incorporates
a priori information about channel variability.

• Extensive Experimentation: We extensively evaluate
the proposed training scheme for both single-input
single-output (SISO) and multiple-input multiple-output
(MIMO) systems, considering three different time-
varying channel profiles: linear synthetic channel, a non-
linear synthetic channel, and a COST 2100 [70] channel.
We show gains of up to 2.5 dB in coded bit error rate
(BER), compared to joint and online approaches, over
a set of challenging channels. Compared to previous
approaches for handling time-varying channels without
relying on pilots, such as self-supervision [47] and joint
learning [39], we show that the proposed techniques offer
advantages in terms of average symbol error rate (SER),
while reducing the pilot overhead.

The rest of this paper is organized as follows: Section II
details the system model, while Section III presents the
meta-learning algorithm. In Section IV we focus on model-
based deep receivers and show how to exploit their inter-
pretable structure via modular training. Finally, experimental
results and concluding remarks are detailed in Section V and
Section VI, respectively.

Throughout the paper, we use boldface letters for vectors,
e.g., x; (x)i denotes the ith element of x. Calligraphic letters,
such as X , are used for sets, and R is the set of real numbers.

II. SYSTEM MODEL

In the section, we describe the system model in
Subsection II-A, and then formulate the design problem in
Subsection II-B.

A. Channel Model

We consider communication over casual finite-memory
block-wise varying channels with multiple users. The channel
output depends on the last L > 0 transmitted symbols, where
L is the memory length. The channel is constant within a
block of B channel uses, which corresponds to the coherence
duration of the channel.

Let Si,j ∈ SK be the K symbols transmitted from constel-
lation S at the ith time instance, i ∈ {1, 2, . . . , B} := B,
of the jth block. Here, the constellation size is |S|, and
K denotes the number of users transmitting simultaneously.
Accordingly, when K > 1, the setting represents a multiple
access channel, while K = 1 corresponds to point-to-point
communications. The channel output is denoted by Y i,j ∈
YN , where N represents the number of receive antennas,
and is given by a stochastic function of the last L trans-
mitted symbols S̄i,j := [Si−L+1,j , . . . ,Si,j ]T . Specifically,
by defining the jth transmitted block as Sj := {Si,j}i∈B
and its corresponding observations as Y j := {Y i,j}i∈B, the
conditional distribution of the channel output given its input
satisfies

PY j |Sj

(
yj |sj

)
=

B∏
i=1

PY i,j |S̄i,j

(
yi,j |s̄i,j

)
. (1)

Fig. 1. Transmission model. The channel is constant in each block and
changes across blocks.

In (1), the lower-case notations sj , yi,j , and s̄i,j represent the
realizations of the random variables (RVs) Sj , Y i,j , and S̄i,j ,
respectively. We set Si,j ≡ 0 for i < 0, i.e., we assume a
guard interval of at least L−1 time instances between blocks.

The input-output relationship in (1) describes a generic,
possibly multi-user, channel model with block-wise temporal
variations. These channel variations, i.e., changes between
different values of the block index j, can often be attributed
to some phenomena, e.g. a movement of one or several of the
communicating entities. We do not impose a specific model
on the channel observed in each block, representing it by
the generic conditional distribution in (1), which can take a
complex and possibly intractable form. Two important special
cases include:

1) SISO Finite-Memory Channels: The first type of chan-
nels considered in this work is the multipath SISO case;
that is, we set N = K = 1.

2) Flat MIMO Channels: Another channel of interest is
the memoryless (L = 1) MIMO channel, where N > 1
and K > 1. Such settings specialize multi-user uplink
MIMO systems, where K is the number of single-
antenna transmitters.

We consider the scenario illustrated in Fig. 1, where a total
of Tp pilot blocks and Td information blocks are transmitted
sequentially. That is, blocks indexed j ∈ {0, . . . , Tp − 1} are
known pilots, transmitted in the training phase, while j ∈
{Tp, . . . , Tp + Td − 1} are information blocks that compose
the test phase. The pilot blocks convey a known message,
whereas the information blocks are unknown and are utilized
to test the proposed schemes. Each information block, i.e., Sj

for j ∈ {Tp, . . . , Tp + Td − 1}, is encoded into a total of B
symbols using both FEC coding and error detection codes.
Error detection codes, such as cyclic redundancy check, allow
the receiver to identify the presence of errors in the decoding
procedure.

B. Problem Formulation

We consider the problem of symbol detection in the generic
channel model formulated in Subsection II-A. The fact that we
do not impose a specific model of the channel, allowing its
input-output relationship to take complex forms in each block,
combined with the availability of data based on the protocol
detailed above, motivate using DNN-based receivers. The core
challenge in applying DNN-based receivers for the considered
channel stems from its temporal variations. Our objective
is thus to derive a training algorithm that aids DNN-based
receivers in recovering the transmitted data from the channel
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Fig. 2. Self-supervised online training based on channel coding.

outputs {Y j}
Tp+Td−1
j=Tp

. The DNN-based receiver trains on
the pilot blocks, and is tested on the transmitted information
blocks.

Let φ denote the parameters of the DNN-based receiver, i.e.,
the weights of the neural network. These parameters dictate the
receiver mapping, which, for a given φ, is denoted by ŝ(·; φ) :
YN×B 7→ SK×B , i.e., ŝ(y; φ) denotes the symbol block
recovered1 by the receiver parameterized with φ when applied
to the channel output block y. By using the abbreviated
symbol ŝj(φ) to denote the symbols detected based on the
channel output of the jth block, with ŝi,j(φ) ∈ SK being
its ith symbol, i ∈ B, our goal is to propose an algorithm
that allows a DNN-based receiver to continuously provide low
error rates over the data blocks:

min
φj

( 1
B

B∑
i=1

Pr
(
ŝi,j(φj) ̸= si,j

) )
,

j ∈ {Tp, . . . , Tp + Td − 1}. (2)

The parameter vector φ in (2) is allowed to change between
blocks, namely, the DNN-based receiver can adapt its param-
eters over time, while the pilot blocks are utilized to
initialize φ.

As our problem formulation does not impose a specific
structure on the DNN-based receiver, we first consider online
adaptation that is agnostic of the receiver structure. This
approach integrates channel predictions into the adaptation of
the receiver’s parameters. Next, we show how one can employ
the modular architecture of model-based deep receivers to
further reduce the error rate over the transmitted data blocks,
facilitating coping with rapid variations and a short coherence
duration.

III. PREDICTIVE ONLINE META-LEARNING
FOR DNN-BASED RECEIVERS

In this section we study parameter adaptation of a generic
DNN-based receiver to continuously maintain low error rates
in time-varying channels. Modification of these weights
involves training, which requires the receiver to obtain recent

1while the DNN-based receiver is formulated here as outputting symbol
decisions, one can also adapt the formulation to soft (probabilistic) decisions.

examples of pairs of transmitted blocks and corresponding
observed channel outputs. This gives rise to two core chal-
lenges. First, while one can use pilots, the time-varying nature
of the channel implies that pilot-based examples are likely
to not represent the channel conditions for some or all of
the data blocks. In addition, even if one can extract labeled
training data from blocks containing information messages,
when the channel varies quickly, the amount of data from the
instantaneous channel may be limited. We draw inspiration
from the successful applications of meta-learning for facilitat-
ing training from pilots corresponding to the current channel
conditions [41], as well as the emergence of FEC-based self-
supervision for pilot-free online training [47].

To describe this algorithm, we begin by introducing
self-supervised training in Subsection III-A for slow-fading
channels. Then we extend online training to rapidly time-
varying channels in Subsection III-B, which presents our
training method. The resulting algorithm is detailed in
Subsection III-C.

A. Self-Supervised Online Training

The first part of our online adaptation mechanism is
based on self-supervision, which extracts training data from
information-bearing blocks. The approach follows [47] by
re-using confident decisions via the re-encoding of a success-
fully decoded word for use in online training.

First, we initialize the parameter vector φTp
by training

over the obtained Tp pilot blocks. Then, for each information
block j ∈ {Tp, . . . , Tp + Td − 1}, when decoding is reported
by the decoder to be correct, the re-encoded data pair {sj , yj}
is used as training data to update the parameters for the next
block, i.e., to generate φj+1. The same training is applied to
the receiver during pilots and information blocks transmission.
Since symbol detection can be treated a classification task, this
is achieved by minimizing the empirical cross entropy loss as

arg min
φ

{
Lj(φ) = −

B∑
i=1

log P̂φ

(
yi,j |s̄i,j

)}
. (3)

In (3), the probability P̂φ (y|s̄) is the soft output of the DNN-
based receiver corresponding to s̄ when applied to the data
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Fig. 3. Illustration of the operation of the proposed meta-training algorithm in test phase.

block y. The optimization problem in (3) is approximately
solved using gradient-based optimization with some learning
rate η, i.e., via Isgd iterations of the form

φ
(t+1)
j+1 = φ

(t)
j+1 − η∇

φ
(t)
j+1
Lj(φ

(t)
j+1). (4)

The computation of the gradient steps requires an ini-
tialization φ

(0)
j+1, which is a hyperparameter of the training

procedure. We henceforth denote this hyperparameter vector
used for self-supervised training of φj+1 as θj+1, i.e., φ

(0)
j+1 =

θj+1. The gradient in (4) is typically approximated via random
sampling among available B symbols within the block to
implement stochastic gradient descent (SGD) and its variants,
typically used for training DNNs [71, Ch. 4]. The online
training scheme is presented in Fig. 2. The self-supervision
training algorithm is based on the assumption that channel
conditions vary smoothly across blocks, so that a receiver
trained on data from the jth block is likely to correctly detect
data also from the (j+1)th channel realization. Following this
line of reasoning, [47] used θj+1 = φj .

However, this assumption is inadequate for tracking fast-
varying channels. Adapting locally in a self-supervised manner
by setting the hyperparameter θj+1 = φj accounts for only
short term variations, as both the data and the optimization
hyperparameters correspond to the current instantaneous chan-
nel realization. In order to train effectively from short blocks
in complex channels, we propose to incorporate long term

relations by altering the setting of the hyperparameter θj+1

via meta-learning.

B. Predictive Online Meta-Learning

To this end, following the MAML framework [65],
we define the support task as the detection of the current block;
while the query task, for which the parameters should adapt,
is the detection of the next block. Upon the reception of a
block of channel outputs yj , the method operates in three
stages, illustrated as a block diagram in Fig. 3:

1) Detection: Each incoming data block yj is mapped
into an estimated symbol block ŝj , with the mapping
determined by the current parameters vector φj . Then,
it is decoded by using an FEC decoder to produce the
demodulated and decoded message ûj . When decoding
is correct, as determined by error detection, the message
ûj is re-encoded and modulated, producing an estimated
transmitted vector s̃j (see Section III-A). This block is
inserted along with its observations yj into a labelled
buffer Dj . This buffer contains pairs of previously
received blocks yj along with their corresponding trans-
mitted signal sj , or an estimated version thereof. The
buffer Dj contains D such pairs, and is managed in a
first-in-first-out mode. A pilot block (sj , yj) is directly
inserted into Dj upon reception.

2) Online training: In each data block j, if decoding is
successful, the weights φj+1 are updated by using the
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hyperparameters θj+1 and the newly decoded block
(sj , yj), as detailed in Subsection III-A. Otherwise,
no update is carried out. A similar update takes place
for pilot block j with pilot block (sj , yj). This update
is the same as in [47].

3) Meta-learning: The hyperparameter θj+1 is optimized to
enable fast and efficient adaptation of the model param-
eter φj+1 based on the last successfully decoded block
(sj , yj) using (4). Adopting MAML [65], we leverage
the data in the buffer Dj by considering the problem

θj+1 = arg min
θ

∑
{(sj′ ,yj′ ),

(sj′+1,yj′+1)}
∈Dj

Lj′+1(φ = θ

− κ∇θLj′(θ)), (5)

where κ > 0 is the meta-learning rate. The parameters
φ in (5) follow the same update rule in (4) by using
the last available block (sj′ , yj′) in the buffer prior to
index j′ + 1. Furthermore, in line with (3), the loss
Lj′+1(φ) is computed based on data from the following
available block (sj′+1, yj′+1). When the buffer Dj

contains a sufficiently diverse set of pairs of subsequent
past channel realizations, the hyperparameter obtained
via (5) should facilitate fast training for future channels
via (4) [61].

Online-meta training is applied once every F blocks with
Imeta iterations. Moreover, if φj and/or θj are not updated in
a given block index j, they are preserved for the next block by
setting φj+1 = φj and/or θj+1 = θj . The online adaptation
framework is summarized in Algorithm 1.

C. Discussion

Algorithm 1 is designed to enable rapid online training
from scarce pilots by simultaneously accounting for short-term
variations, via online training, and long-term variations, using
the proposed predictive meta-learning. The proposed method
does not require the transmission of additional pilots during the
test phase. Rather, data is generated in a self-supervised way,
employing the current DNN-based receiver and FEC codes,
similar to the online training scheme in [47]. This self-training
mechanism adapts the DNN-based receiver as the channel
changes during test phase. While Algorithm 1 is designed for
tracking time-varying channels, it also maintains valid weights
for static channels, being trained with data corresponding to
the underlying channel.

Contrary to common meta-learning schemes, such as the
one in [58], our method treats support and query batches from
subsequent channels realizations rather than from the same
channel realization. This approach improves upon the online
training method of [47], which assumes the subsequent chan-
nel to bear similarity to the current one, without accounting
for temporal variation patterns observed in the past.

The gains associated with Algorithm 1 come at the cost of
additional per-block complexity, which can be controlled by
modifying the number of meta-learning iterations Imeta, and/or
by changing its frequency, F . Furthermore, the rapid growth
and expected proliferation of dedicated hardware accelerators

Algorithm 1 Online Adaptation on Incoming Block j

Input: Step sizes η, κ; number of meta-iterations
Imeta; threshold ϵ; buffer Dj ; hyperparameter
θj

Output: Hyperparameter θj+1; weights φj+1; buffer
Dj+1

1 Receive yj // received channel output
2 if Pilot then
3 Dj ← Dj

⋃
{(sj , yj)} // known pilots

4 else
5 Equalize and decode yj into ûj // data
6 if Decoding is correct then
7 Modulate ûj 7→ sj

8 Dj ← Dj

⋃
{(sj , yj)}

Online predictive meta-learning
(every F blocks)

9 Set θ
(0)
j+1 = θj

10 for i = 0, 1, . . . do
11 Randomly select block (sj′+1, yj′+1) ∈ Dj

12 if (sj′ , yj′) /∈ Dj then
13 go back to line 10 // invalid data

for meta-learning

14 Set θ̂(0) = θ
(i)
j+1

15 for t = 0, 1, . . . , Imeta − 1 do
16 Use block (sj′ , yj′) to compute

// support task
17

φ̂ = θ̂(t) − η∇θ̂(t)Lj′(φ = θ̂(t)).

18 Use subsequent block (sj′+1, yj′+1) to update
// query task

19

θ̂(t+1) = θ̂(t) − κ∇θ̂(t)Lj′+1(φ = φ̂).

20 end
21 Update hyperparameter as θ

(i+1)
j+1 = θ̂(I)

// meta-update
22 end
23 Set hyperparameter θj+1 = θ

(i+1)
j+1

Online learning (on each block)
24 if (Pilot) or (Decoding is correct) then
25 Train φj+1 with (sj , yj) and initialization θj+1

via (3) // update
26 else
27 φj+1 ← φj // no update
28 Dj+1 ← Dj // keep buffer

for deep learning applications [72] indicates that the num-
ber of hardware-capable digital communication devices will
increase. Such devices are expected to be able to carry out the
needed computations associated with online meta-learning in
real-time.
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We note that in Algorithm 1 the number of iterations
is given by constants Isgd and Imeta for online and meta-
learning, respectively. Accordingly, these values should be set
so to allow convergence for both slow-varying or rapidly-
varying channel settings (see Section V). More generally,
one could also choose these parameters adaptively using as
many iterations as needed. Depending on the current channel
conditions, a possible way to realize this type of approach is to
employ an early stopping policy, which terminates the training
process when the loss decreases only slightly from one update
to the next.

IV. MODULAR TRAINING

The training algorithm detailed in Section III aids DNN-
based receivers to adapt in time-varying channels, reducing
the overall transmission error rate. Nonetheless, the afore-
mentioned training method may still struggle when applied to
adapting highly-parameterized deep receivers to rapidly time-
varying channels. To facilitate adaptation and further minimize
the overall error rate over the varying channels, we focus
on deep receivers that utilize hybrid model-based/data-driven
architectures [8], [22], [68]. We specifically modify the meta-
learning method in Section III to allow for different levels
of adaptation per each module. We formulate this approach
mathematically in Subsection IV-A, with Subsection IV-B
providing a specific instantiation of the proposed methodology
based on the DeepSIC architecture [57]. We end with a
discussion in Subsection IV-C.

A. Modular Training

A modular model-based deep receiver is partitioned into
separate modules, with each module m = 1, . . . ,M being
specified by a parameter vector φm. Each module generally
carries out a specific functionality within the communication
receiver. We note that some of these functionalities require
rapid adaptation, while other can be kept unchanged over
a longer time scale. Our goal is to leverage this modular
structure by means of meta-learning. We refer to the set of
dynamic modules requiring adaptation as MD and the set of
stationary modules is denoted asMS . To this end, we modify
problem (5) as

θj+1= arg min
θ

∑
{(sj′ ,yj′ ),

(sj′+1,yj′+1)}
∈Dj

Lj′+1([φ1 = θ1

−κ1∇(θ1)Lj′(θ), . . . ,φM=θM−κM∇(θM )Lj′(θ)]⊤),
(6)

where we set a learning rate κm > 0 for m ∈ MD and
κm = 0 for m ∈MS . This approach is similar to [69], which
considers a non-zero learning rate only for the last layer of a
neural network, while positing that earlier layers do not need
task-specific adaptations.

Since problem (6) has a high computational complexity
when the number of modules is large, we propose to opti-
mize each module separately by defining proper module-
wise proximal loss L̂. This loss function is often available

in hybrid model-based/data-driven approaches since generally,
the distinct functional role of the modules is known in advance.

Specifically, in training phase, we initialize the overall
parameter vector φ = [φ1, . . . ,φM ]⊤ for all M modules by
training over the obtained Tp pilot blocks via (3) and (4).
Then, online meta-learning takes place only for the dynamic
modules in the set MD by addressing the problem

θm
j+1 = arg min

θm

∑
{(sj′ ,yj′ ),

(sj′+1,yj′+1)}
∈Dj

L̂j′+1(φm
j′+1 = θm

−κm∇θmL̂j′(θm)), (7)

while for the static modules in the setMS , we set θm
j+1 = φm

j .
Thus, during the evaluation phase, we only adapt the dynamic
modules while the static module are obtained from the training
phase i.e., φm

j = φm
Tp

for m ∈ MS . The overall scheme is
summarized in Algorithm 2.

In the following, we exemplify the architecture described
in this section for the problem of MIMO detection in uplink
multi-user systems via soft interference cancellation (SIC).

B. Modular DeepSIC Receiver

We focus on a special case of the generic model detailed in
Subsection II-A, in which the channel is memoryless (L = 1),
while the receiver has N > 1 antennas and it communicates
with K > 1 users. A single user with index k′ ∈ {1, . . . ,K}
is mobile, while the remaining are static. We assume that the
receiver knows which of the users is mobile and which is
static, i.e., it has prior knowledge of k′. Such scenario arise,
for instance, in a traffic monitoring infrastructure, where a
multi-antenna base station communicates with both static road-
side units and mobile vehicles. Generalizations can be directly
obtained from the method described here.

We adopt the DeepSIC receiver proposed in [57] as a mod-
ular receiver architecture. DeepSIC is derived from iterative
SIC [55], which is a MIMO detection method combining
multi-stage interference cancellation with soft decisions. For
brevity, we omit here the subscripts representing the time
instance and the block index, using Y to denote the random
channel output and S = [S1, . . . ,SK ]T the transmitted sym-
bols. DeepSIC operates in Q iterations, refining an estimate
of the conditional probability mass function of Sk, denoted
by p̂

(q)
k where q is the iteration number. This estimate is

generated for every symbol k ∈ {1, 2, . . . ,K} by using the
corresponding estimates of the interfering symbols {Sl}l ̸=k

obtained in the previous iteration {p̂(q−1)

k̃
}k̃ ̸=k. Iteratively

repeating this procedure refines the conditional distribution
estimates, allowing the detector to accurately recover each
symbol from the output of the last iteration. This iterative
procedure is illustrated in Fig. 4(a).

In DeepSIC, the interference cancellation and soft decoding
steps are implemented with DNNs. The soft estimate of
the symbol transmitted by kth user in the qth iteration is
done by a DNN-based classifying module with parameters
φk,q . The output of the DNN module with parameters φk,q

is a soft estimate of the symbol of the kth user. The set
φ = {φk,q} describes the model parameters. The resulting
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Algorithm 2 Modular Adaptation on Incoming
Block j (Steps 9-28 of Algorithm 1)

Input: Step sizes η, κ; number of meta-iterations
Imeta; threshold ϵ; buffer Dj ; hyperparameter
θj ; rapidly-changing indices π; static modules
indices πc

Output: Hyperparameter θj+1; weights φj+1; buffer
Dj+1

Online predictive meta-learning
(every F blocks)

1 for m = 1, . . . ,M do
2 if m ∈ π then
3 Set θ

(0)
j+1 = θm

j

4 for i = 0, 1, . . . do
5 Randomly select block (sj′+1, yj′+1) ∈ Dj

6 if (sj′ , yj′) /∈ Dj then
7 go back to line 4 // invalid

data for meta-learning

8 Set θ̂(0) = θ
(i)
j+1

9 for t = 0, 1, . . . , Imeta − 1 do
10 Use block (sj′ , yj′) to compute

// support task
11

φ̂ = θ̂(t) − η∇θ̂(t)L̂j′(φm = θ̂(t)).

12 Use subsequent block (sj′+1, yj′+1) to
update // query task

13

θ̂(t+1) = θ̂(t) − κm∇θ̂(t)L̂j′+1(φm = φ̂).

14 end
15 Update hyperparameter as θ

(i+1)
j+1 = θ̂(I)

// meta-update
16 end
17 Set hyperparameter θm

j+1 = θ
(i+1)
j+1

// update the hyperparameter
18 else
19 Set hyperparameter θm

j+1 = φm
j // copy

the mth hyperparameter
20 end
Online learning (on each block)

21 if (Pilot) or (Decoding is correct) then
22 for m ∈ π do
23 Train φm

j+1 with (sj , yj) and initialization
θm

j+1 via (3) // update
24 end
25 for m ∈ πc do
26 φm

j+1 ← φm
j // no update for

static
27 end
28 else
29 φj+1 ← φj // no update
30 Dj+1 ← Dj // keep buffer

Fig. 4. (a) Iterative soft interference cancellation, and (b) the DNN-based
DeepSIC.

DNN-based receiver, illustrated in Fig. 4(b), was shown in [57]
to accurately carry out SIC-based MIMO detection in complex
channel models.

We employ modular training as described in Algorithm 2.
DeepSIC uses M = K ·Q modules, with the (k, q)-th module
detecting the symbol of user k at iteration q. Since only user
k′ is moving, we define the set of dynamic modules asMD =
{(k′, q) | q ∈ {1, . . . , Q}}, with all other modules being static.
We define the module-wise proximal loss (7) for module k at
iteration q as the cross entropy

L̂j(φk,q) = −
B∑

i=1

log P̂φk,q (yi,j , {p̂
k̃,q−1
i,j }k̃ ̸=k|s̄i,j), (8)

where p̂k̃,q−1 is the estimated symbol probability for the k̃th
user at iteration q−1. The module-wise parameter vector φk,q

j+1

for each (k, q) ∈ MD is obtained from I gradient descent
iterations

φk,q
j+1 = θk,q

j+1 − κk,q∇θk,q L̂j(φ
k,q
j+1) (9)

with θk,q
j+1 being optimized via (7), namely,

θk,q
j+1 = arg min

θk,q

∑
{(sj′ ,yj′ ),

(sj′+1,yj′+1)}
∈Dj

L̂j′+1(φk,q = θk,q

−κk,q∇θk,q L̂j′(θk,q)). (10)

We note that problem (10) uses all previous data up to time
j +1; while (9) only uses only data from block j for the local
update.

C. Discussion

Modular training via Algorithm 2 exploits the model-based
structure of hybrid DNN receivers, applying Algorithm 2 to
the subset of relevant modules in the overall network, i.e.,
it uses the same data as in Algorithm 1 while adapting less
parameters, thus gaining in convergence speed and accuracy of
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the trained model. The exact portion of the overall parameters
is dictated by the ratio of the mobile users to the overall
users in the network. The smaller the ratio is, the more one
can benefit from modular training. We validate the bene-
fits of modular training in Subsection V-G and show that
this approach can decrease the average BER significantly.
Indeed, our experimental results demonstrate that the proposed
approach successfully translates the prior knowledge on the
nature of the variations into improved performance, partic-
ularly when dealing with short blocks, i.e. short coherence
duration of rapidly varying channels.

This modular training approach can be viewed as a form
of transfer learning, as it trains online only parts of the
parameters. Yet, it is specifically tailored towards interpretable
architectures, adapting internal sub-modules of the overall
network, as opposed to the common transfer learning approach
of retraining the output layers. For instance, the suggested
method trains the sub-modules associated with all mobile users
separately in an iterative fashion, building upon the fact that
each module φk,q should produce a soft estimate of Sk.
Modular training can also be enhanced to carry out some final
tuning of the overall network since, e.g., the channels of the
mobile users is expected to also affect how their interference
is canceled when recovering the remaining users via the sub-
modules which are not adapted online. Finally, it is noted that
this approach relies on knowledge of the mobile user, and thus
incorrect knowledge of k′ is expected to affect the accuracy
of the trained receiver. We leave the study of the resilience of
modular training and the aforementioned extensions for future
work.

V. NUMERICAL EVALUATIONS

In this section we numerically evaluate the proposed online
adaptation scheme in finite-memory SISO channels and in
memoryless multi-user MIMO setups.2 We first describe the
receivers compared in our experimental study, detailing the
architectures in Subsection V-A and the training methods
in Subsection V-B. Then, we present the main simulation
results for evaluating online meta-learning on linear synthetic
channels, non-linear synthetic channels, and channels obeying
the COST 2100 model in Subsections V-C to V-E. Finally,
we numerically evaluate Algorithm 2 which combines online
meta-learning with the modular training in Subsection V-G.

A. Evaluated Receivers

The receiver algorithms used in our experimental study are
tailored to the considered settings:

1) Finite-Memory SISO Channels: We compare two DNN-
based receivers for SISO settings:
• The ViterbiNet equalizer, proposed in [47], which is a

DNN-based Viterbi detector for finite-memory channels
of the form (1) [53]: The Viterbi equalizer (from which
ViterbiNet originates) solves the maximum likelihood

2The source code used in our experiments is available at https://github.com/
tomerraviv95/MetaDeepSIC

sequence detection problem

ŝj = arg min
s∈S

{−
B∑

i=1

log pY i,j |S̄i−L+1,j ,...,S̄i,j

(
yi,j |

s̄i−L+1,j , . . . , s̄i,j

)
}.

ViterbiNet computes each log likelihood using a DNN
that requires no knowledge of the channel distributions
pY j |S̄i−L+1,j ,...,S̄i,j

. This internal DNN is implemented
using three fully-connected layers of sizes 1 × 100,
100 × 50, and 50 × |S|L, with activation functions set
to sigmoid (after first layer), ReLU (after second layer),
and softmax output layer.

• A recurrent neural network symbol detector, comprised
of a sliding-window long short-term memory (LSTM)
classifier with two hidden layers of 256 cells and window
size L, representing a black-box DNN benchmark [73].

The Viterbi equalizer with complete knowledge of the channel
is used as a baseline method.

2) Memoryless MIMO Channels: We evaluate two DNN-
based MIMO receivers:
• The DeepSIC receiver detailed in Subsection IV-B: The

building blocks of DeepSIC are implemented using three
fully-connected layers: An (N +K−1)×100 first layer,
a 100 × 50 second layer, and a 50 × |S| third layer, with
a sigmoid and a ReLU intermediate activation functions,
respectively. The number of iterations is set to Q = 5.

• A ResNet10 black-box neural network, which is based
on the DeepRX architecture proposed in [43]: The archi-
tecture is comprised of 10 residual blocks [74], each
block has two convolutional layers with 3 × 3 kernel,
one pixel padding on both sides, and no bias terms, with
a ReLU in-between. A 2D batch normalization follows
each convolutional layer.

B. Training Methods

Before the test phase begins, we generate a set D0 of Tp

pilot blocks. We then use the following methods for adapting
the deep receivers:
• Joint training: The DNN is trained on D0 only by mini-

mizing the empirical cross-entropy loss, and no additional
training is performed in the test phase.

• Online training [47]: The DNN is initially trained on
D0 by minimizing the empirical cross-entropy loss. Then,
during test, the DNN parameter vector φj is re-trained
on each successfully decoded data block and on each
incoming pilot block as specified in (4), using φj in lieu
of θj+1.

• Online meta-learning: Here, we first meta-train θ0 with
D0 similar to (5) as

θ0 = arg min
θ

∑
{(sj′ ,yj′ ),

(sj′+1,yj′+1)}
∈D0

Lj′+1(φ = θ

−κ∇θLj′(φ = θ)).

This process yields the initial hyperparameters θ0.
Then, during test, Algorithm 1 is used with online
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Fig. 5. Examples of time-varying channels: channel coefficients versus block index.

Fig. 6. SISO synthetic linear Gaussian channel, B = 136.

learning every block and online meta-learning every
F = 5 blocks. The number of online meta-learning
updates equals that of online training, thus inducing a
relative small overhead due to its additional computations.
The combination of online meta-learning with ViterbiNet
is henceforth referred to as Meta-ViterbiNet, while the
DeepSIC receiver trained with this approach is coined
Meta-DeepSIC.

All training methods use the Adam optimizer [75] with
Isgd = 200 iterations and learning rate η = 10−3; for
meta-learning, we set the meta-learning rate to κ = 10−1

and the iterations to Imeta = 200. Both meta-learning and
online learning employ a batch size of 64 symbols. These
values were set empirically such that the receivers’ parameters
approximately converge at each time step (for both meta-
learning and online learning). In case of the online training
or meta-training schemes, re-training occurs if the normalized
bits difference between the re-encoded word and the hard-
decision of the channel word is smaller than the threshold of
0.02. The complete simulation parameters can also be found
in the source code available on GitHub.

C. Linear Synthetic Channel Results

We begin by evaluating Algorithm 1 on synthetic time-
varying linear channels with additive Gaussian noise, consid-
ering a finite-memory SISO setting and a memoryless MIMO
setup.

1) SISO Finite-Memory Channels: Recalling Fig. 1,
we transmit Tp = Td = 300 blocks comprised of B =
136 symbols, i.e., a relatively short coherence duration for the
time-varying channel. Each block includes 120 information
bits, encoded using a Reed-Solomon [15], [17] code with
two parity symbols with binary phase shift keying (BPSK)
modulation, i.e., S = {±1}.

We consider a linear Gaussian channel, whose input-output
relationship is given by

Y i,j =
L−1∑
l=0

hl,jSi−l,j + wi,j , (11)

where hj = [h0,j , . . . , hL−1,j ]T are the real channel taps,
and wi,j is additive zero-mean white real Gaussian noise
with variance σ2. The channel memory is L = 4 with the
taps {hl,j} generated using a synthetic model representing
oscillations of varying frequencies. Here, the signals received
during the pilots used for initial training (D0) are subject to
the time-varying channel whose taps are illustrated in Fig. 5a;
while we use the taps in Fig. 5b for testing. This channel
represents oscillations of varying frequencies.

In Fig. 6a we plot the evolution of the average coded
BER of the considered receivers when the signal-to-noise
ratio (SNR), defined as 1/σ2, is set to 12 dB. Fig. 6a shows
that Meta-ViterbiNet significantly outperforms its benchmarks,
demonstrating the gains of the proposed online meta-learning
training and its suitability when combined with receiver archi-
tectures utilizing relatively compact DNNs. In particular, it is
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Fig. 7. MIMO synthetic linear Gaussian channel, B = 152.

demonstrated that each of the ingredients combined in Meta-
VitebiNet, i.e., its model-based architecture, the usage of self-
supervision, and the incorporation of online meta-learning,
facilitates operation in time-varying conditions: The ViterbiNet
architecture consistently outperforms the black-box LSTM
classifier; Online training yields reduced BER as compared
to joint learning; and its combination with meta-learning via
Algorithm 1 yields the lowest BER values. To further validate
that these gains also hold for different SNRs, we show in
Fig. 6b the average coded BER of the evaluated receivers after
300 blocks, averaged over 5 trials. We observe in Fig. 6b that
for SNR values larger than 8 dB, Meta-ViterbiNet consistently
achieves the lowest BER values among all considered data-
driven receivers, with gains of up to 0.5dB over the online
training counterpart.

2) Memoryless MIMO Channels: For the MIMO setting,
use Tp = Td = 50 blocks. The block length is set to
B = 152 symbols, encoding 120 information bits with Reed-
Solomon [15], [19] code. The input-output relationship of a
the memoryless Gaussian MIMO channel is given by

Y = HS + W , (12)

where H is a known deterministic N × K channel matrix,
and W consists of N i.i.d Gaussian RVs. We set the number
of users and antennas to N = K = 4. The channel matrix
H models spatial exponential decay, and its entries are given
by (H)n,k = e−|n−k|, for each n ∈ {1, . . . , N}, k ∈
{1, . . . ,K}. The transmitted symbols are generated from a
BPSK constellation in a uniform i.i.d. manner, i.e., S = {±1}.

The numerical results for the memoryless Gaussian channel
(12) are depicted in Fig. 7. Note that Fig. 7a shows the average
coded BER of the receivers for SNR = 14 dB for a single trial,
while Fig. 7b shows a sweep over a range of SNR values
after 50 blocks, averaged over 10 trials. Similarly to Meta-
ViterbiNet in the finite-memory SISO setting, Meta-DeepSIC
outperforms all other training methods in medium to high
SNRs. Here, the black-box architectures perform quite poorly,
unable to compete with the model-based deep architecture of
DeepSIC due to short blocklengths and the highly limited
volumes of data used for training. Training DeepSIC with
Algorithm 1 outperforms the joint training approach with gains

of up to 1dB, and with gains of 1.5dB over online training,
which notably struggles in tracking such rapidly time-varying
and challenging conditions.

D. Non-Linear Synthetic Channel Results

Next, we evaluate the proposed online meta-learning scheme
in non-linear synthetic channels, where one can greatly benefit
from the model-agnostic nature of DNN-based receivers.

1) SISO Finite-Memory Channels: To check the robustness
of our method in a non-linear case, we generate a non-linear
channel by applying a non-linear transformation to synthetic
channel in (11). The resulting finite-memory SISO channel is
give by

Y i,j = tanh
(
C ·

( L−1∑
l=0

hl,jSi−l,j + wi,j

))
. (13)

This operation may represent, e.g., non-linearities induced
by the receiver acquisition hardware. The hyperparameter C
stands for a power attenuation at the receiver, and chosen
empirically as C = 1

2 . All other hyperparameters and settings
are the same as those used in the previous subsection. This
simulation shows a consistent gain of around 0.75dB over the
SNRs with values of 8dB - 12dB, as observed in Fig. 8.

2) Memoryless MIMO Channels: Similarly to the SISO
case, we simulate a non-linear MIMO channel from (12) via

Y = tanh
(
C ·

(
HS + W

))
, (14)

with C = 1
2 and the remaining simulation settings are chosen

as in Subsection V-C. The numerical results for this channel
are illustrated in Fig. 9, showing that the superiority of
our approach is maintained in non-linear setups. The right
part shows an average over 20 trials, while the left graph
corresponds to an exemplary trial. In particular, we note that
gains of up to 0.5dB in high SNRs are achieved compared
with online training, while the gap from joint method is
around 0.25dB. Here, our gain becomes apparent as the SNR
increases.
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Fig. 8. SISO synthetic non-linear Gaussian channel, B = 136.

Fig. 9. MIMO synthetic non-linear Gaussian channel, B = 152.

E. COST 2100 Channel Results

Next, we consider channels generated using the COST
2100 geometry-based stochastic channel model [70], which
is widely used in indoor wireless communications.

1) SISO Finite-Memory Channels: We generate each real-
ization of the taps using an indoor hall 5 GHz setting with
single-antenna elements. We use the same block length and
number of error-correction symbols, as well as the same
initial training set D0 as in the synthetic model. This set-
ting may represent a user moving in an indoor setup while
switching between different microcells. Succeeding in this
scenario requires high adaptivity since there is considerable
mismatch between the train and test channels. The test is car-
ried out using a sequence of difference realizations illustrated
in Fig. 5c, whereas the initial training still follows the taps
illustrated in Fig. 5a. The two main figures, Fig. 10a and
Fig. 10b illustrate gains of up to 0.6dB by using our scheme
compared to other methods.

2) Memoryless MIMO Channels: For the current MIMO
setting, we compose the test channels from only Tp = Td =
40 blocks and increase the number of users and antennas to
N = K = 8. To simulate the channel matrix H , we follow
the above SISO description and create 8 × 8 = 64 SISO COST
2100 channels; Each simulated channel corresponds to a single

entry (H)n,k with n ∈ {1, . . . , N}, k ∈ {1, . . . ,K}. Moving
to results, one may observe the respective graphs Fig. 11a
and Fig. 11b, which show an unusual gain of up to 2dB
approximately, as the joint and online methods are unable to
compete with the proposed meta approach. The results here
are averaged over 20 trials.

F. Channel With Non-Repetitive Temporal Variations

The temporal variation profiles considered so far, illustrated
in Fig. 5, all exhibit periodic temporal variations, or more
general patterns of variation of the channel. To elaborate
on the importance of such patterns in enabling the benefits
of meta-learning, we now simulate a SISO linear Gaussian
channel, as in Subsection V-C under the channel taps vari-
ations profile depicted in Fig. 12a. The channel variations
are unstructured, limiting the ability of meta-learning to
predict the variation profiles from past channel realizations.
In Fig. 12b, we compare the ViterbiNet architecture trained
online in a self-supervised manner both with and without
predictive meta-learning. The figure demonstrates that pre-
dictive meta-learning is indeed beneficial when the temporal
variations exhibit useful structure across blocks, enabling
meta-generalization [76].
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Fig. 10. SISO COST 2100 channel, B = 136.

Fig. 11. MIMO COST 2100 channel, B = 152.

Fig. 12. Exploring Non-Periodic Channel Profile, B = 136.

G. Modular Training Results
To evaluate the modular training methods proposed in

Section IV, we next consider a multi-user MIMO setting. Here,
the temporal variations stem from the fact that only a single
user is changing (k′ = 2), with the other ones being static. The
receiver uses DeepSIC, and knows the identity of the dynamic
user. We numerically compare the gains of exploiting this
knowledge using Algorithm 2, as well as the individual gains

of combining modular training with predictive meta-learning
compared with online adapting solely the network weights.

Fig. 13 shows the two compared methods – online-training
and (predictive) online-meta training – executed either with or
without modular training (Algorithm 2) for the synthetic linear
channel (Fig. 13a) and the COST 2100 channel (Fig. 13b).
We also plot the joint training method for completeness.
One may observe that our modular meta-training achieves
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Fig. 13. Modular Training - Coded BER vs. SNR, B = 152.

Fig. 14. Coded BER versus meta-learning frequency F ; SNR = 10 dB, B = 136.

superior results compared to the other methods. As depicted
in Fig. 13a, one may gain additional 0.3 dB under the meta-
learning scheme by employing the modular training approach,
for low and high SNR values. In medium SNR, one is expected
to achieve similar results to the non-modular method. On the
other hand, Fig. 13b shows that the combined approach can
provide substantial benefits, due to the rapid variations of
the channel. Specifically, the modular gains appear in low
to medium SNR, while the gains of the meta-learning stage
appear for the higher SNR values. The gain in both scenarios
for the two-stage approach versus simple online training is
up to 2.5 dB. These results indicate the gains of our two-
stage approach, and show that Algorithm 2 translates the
interpretable modular architecture of DeepSIC into improved
online adaptation in the presence of temporal variations due
to a combination of mobile and static users.

H. Complexity Analysis

We now compare the complexity of the different training
methods in terms of the number of iterations. Joint training
does not apply re-training, and hence it has the lowest possible
complexity at test time. For self-supervised online training,
re-training is done for Isgd SGD iterations at every coher-
ence interval. The proposed predictive meta-learning scheme

performs online training at each coherence interval with Isgd

iterations. Furthermore, it optimizes the initial weights via
Imeta learning iterations, which are repeated periodically every
F blocks. Consequently, meta-learning applies on average
Isgd+Imeta

F iterations on each coherence duration.
Nonetheless, the proposed meta-learning update, applied

once each F block, can help online training, applied on
each block, to converge more quickly. As a result, while the
proposed approach comes at the cost of Imeta/F additional
gradient computations per block on average, it can operate
with fewer online training iterations, Isgd. Therefore, meta-
learning can in fact reduce the overall number of gradient
steps as compared with online training.

I. Meta-Learning Frequency Effect

We conclude our numerical evaluations by studying the
effect of changing the meta-learning frequency F . To this
end, fixing SNR = 10 dB, B = 136, as in Subsection V-C
and Subsection V-D, Fig. 14 illustrates the coded BER after
1000 blocks, plotted against values of F ∈ {5, 10, 15, 25, 50}.
We observe that a lower value of F yields a lower BER for
both the linear and non-linear cases. It is also observed that
increasing the value of F causes the performance of meta-
learning to be within a minor gap as that of the online training.

Authorized licensed use limited to: Weizmann Institute of Science. Downloaded on October 13,2023 at 12:53:38 UTC from IEEE Xplore.  Restrictions apply. 



RAVIV et al.: ONLINE META-LEARNING FOR HYBRID MODEL-BASED DEEP RECEIVERS 6429

The small difference follows since, while for large values
of F , meta-learning is rarely carried out, the initial weights
utilized at each block differ from that of conventional online
training. In particular, when meta-learning is employed, the
same initial weights are used for consecutive F blocks, while
online training sets the initial weights at block j to be those
utilized in block j − 1.

VI. CONCLUSION

In this paper, we proposed a two-stage training method
whose goal is to aid DNN-based receivers in tracking time-
varying channels. The first part of the paper introduces a
predictive meta-learning method that incorporates both short-
term and long-term relations between the symbols and the
received channel values. This method yields initial weights
such that training on a block transmitted over some channel
minimizes the error on the block transmitted over the next
channel. The approach is generic and applicable to any DNN-
based receiver. Then, we have introduced a modular training
scheme that exploits the interpretable structure of model-based
deep receivers, and applies meta-learning to allow efficient
adaptation only for the subset of modules that suffers mostly
from rapidly varying channels. Numerical studies demonstrate
that, by properly integrating these methods, model-based deep
receivers trained with the meta-training algorithm and modular
training outperform existing self-supervision and joint learning
approaches [23], [39], [47], [48].
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