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Abstract

Deep learning-aided receivers have shown promising performance in challenging
channels, particularly when allowed to adapt online, which leads to notable compu-
tational burden. To reduce this burden, we propose an unsupervised asynchronous
online learning framework based on Bayesian deep learning. Our approach lever-
ages uncertainty estimates inherently produced by Bayesian neural networks to
construct lightweight statistical tests that monitor the receiver, without requiring
access to transmitted labels, that autonomously trigger retraining only when the
receiver is no longer adequate. This results in a receiver that adapts efficiently while
significantly reducing retraining frequency. Our numerical studies demonstrate that
the proposed framework enables timely adaptation while achieving symbol error
rates comparable to costly synchronous retraining at every coherence block.

1 Introduction

The growing demand for high-throughput wireless connectivity has led to an interest in integrating
deep learning tools into the receiver processing chain (1). Such deep receivers are data-driven
architectures that learn to reliably decode signals in environments where classical model-based
techniques struggle (2). However, unlike traditional deep learning domains such as vision or language
processing, wireless receivers must operate in highly dynamic environments and under strict latency
and energy constraints, posing fundamental challenges on deployment of deep receivers (3).

To tackle these challenges, several approaches have been proposed to enable pre-trained deep receivers
to maintain reliable performance under channel variations. A straight-forward approach is joint
learning (4), where a deep neural network (DNN) is trained over a large set of measured or simulated
channel conditions (5; 6) to form a non-coherent receiver, at the cost of degraded performance
compared to channel-specific training and while requiring complex architectures. Another strategy
augments the input with estimated channel features (7; 8), typically relying on linear channel
models. More recently, hypernetworks were proposed to provide adaptation to some forms of channel
variations (9; 10). However, pre-trained deep receivers are often restricted to complex DNNs, and
typically lack the sample-efficiency and flexibility required for adaptive operation.

An alternative for addressing temporal variability is online learning, where the receiver continuously
adapts its internal parameters. Online learning enables deep receivers to stay aligned with the
current channel conditions, and has been shown to yield notable performance improvements when
retraining occurs at each coherence interval (11; 12). However, due to the high computational and
latency overhead associated with frequent retraining, numerous efforts have focused on reducing
its burden. A popular approach designs deep receivers by converting model-based receivers into
machine learning (ML) models (13; 14), obtaining compact and structured models that are more
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amenable to rapid adaptation with limited data (15; 16; 17). Alternative approaches generate data
for online learning via self-supervision (18) and data augmentation (19; 20), or design enhanced
learning methodologies using meta-learning (21; 22) and Bayesian learning (23; 24; 25), where the
latter was recently shown to enable online learning with notable latency reduction (26). Still, as deep
receivers often generalize reasonably well to mild channel variations (27), it is inefficient to retrain
after every block. This has motivated the design of asynchronous online learning schemes (28),
where retraining is triggered only when the receiver is no longer adequate. However, these schemes
require labeled data, which typically exists only for specific pilot transmissions, motivating the
development of unsupervised asynchronous learning techniques, capable of autonomously initiate
on-device retraining.

In this work, we focus on deep receivers based on Bayesian deep learning. While prior works on
Bayesian learning for receivers (23; 25; 24; 26) considered improving soft-symbol estimation through
calibration (24), learning from scarce data via Bayesian prior regularization (23; 25), and continual
adaptation using Bayesian tracking (26), we propose to harness a different yet complementary
aspect of Bayesian learning: its ability to provide statistical uncertainty estimates as means of
enabling unsupervised asynchronous online learning. We propose mechanisms that monitor the
uncertainty levels of Bayesian neural network to autonomously detect when the receiver becomes
outdated, triggering retraining only when necessary. We adopt the ML framework of concept drift
detection (29), and extend it to the Bayesian setting by designing tests that operate directly on the
posterior uncertainty measures of Bayesian deep receivers (30). Our detectors exploit the uncertainty
measures to identify drift without requiring transmitted pilots. This allows deep receivers to be adapted
online while minimizing retraining frequency. Through a numerical study using dynamic channels
modeled by COST2100 (31) and QuadRiGa (32), we demonstrate that the proposed uncertainty-
aware drift detection framework can reliably identify when adaptation is necessary and lead to timely
retraining.

2 System Model and Problem Formulation

Channel Model We consider a discrete-time block-fading communication model. Each block
indexed by t spans B time instances, during which the channel parameters, denoted by h[t], remain
fixed. At time index i within block t, the transmitter sends a symbol si[t] ∈ S drawn from a finite
constellation S. The corresponding channel output is denoted yi[t] ∈ Y , and the received block is
collected as yrec[t] := {yi[t]}Bi=1. The channel behavior is modeled by a conditional distribution
governed by the current channel state h[t], such that

yi[t] ∼ Ph[t](yi[t]|si[t]). (1)
This formulation accommodates a broad class of channels, including both linear and nonlinear
impairments, where Ph[t](·|·) represents a (possibly unknown) parametric family that characterizes
the stochastic relationship between the transmitted and received signals under the channel h[t].

Bayesian Deep Receivers Receivers based on Bayesian deep learning (23; 25; 24; 26) incorporate
probabilistic modeling into neural network-based inference. In this framework, the receiver is aided
by a DNN, whose weights, denoted by φ[t], are a random vector with distribution qθ[t], parameterized
by θ. Such parameterized distribution is obtained from an explicit formulation, as in variational
inference (33), or via alternative induced trainable stochasticity, as in Monte Carlo dropout (34).

For a given realization of φ[t], the DNN-aided receiver maps a channel output y into an estimate
of the conditional distribution of s, denoted P̂φ[t] (s|y). Specifically, inference is carried using
Monte-Carlo sampling, where J i.i.d. realizations φj [t] ∼ qθ[t] are generated, and the soft estimate
is obtained as

P̂qθ[t]
(s|y) = 1

J

J∑
j=1

P̂φj [t]
(s|y) . (2)

The soft estimate is used to provide a hard estimate denoted ŝi[t], either by downstream processing
(as in, e.g., (11; 35)), or by taking the maximum a-posteriori probability.

Online Learning When applying online learning on block t, the receiver updates the distribution
parameters θ[t] using data corresponding to the current block, denoted Q[t]. This block represents a
set of channel outputs and their corresponding inputs, obtained from pilots or via self-supervision (18).

2



Training the Bayesian deep receiver is based on the evidence lower bound (ELBO) loss, given by

LQ[t](θ) =
1

|Q[t]|

|Q[t]|∑
i=1

Eφ∼qθ

[
log P̂φ (si|yi)

]
−KL(qθ(φ||pt(φ)), (3)

where KL(·||·) is the Kullback-Leibler (KL) divergence, and pt(·) is some prior distribution, whose
setting can be either fixed or based on the previous distribution (36).

Problem Formulation Conventional online learning of deep receivers typically re-trains at every
channel variation. This setting, often referred to as synchronous online learning, allows the receiver to
track dynamic channel variations in real-time. However, it incurs substantial complexity. To address
this challenge, we follow the recently proposed strategy of asynchronous online learning (28), where
training is triggered only when necessary, i.e., when the receiver’s performance degrades.

Formally, we define an indicator Mtr[t] ∈ {0, 1} that determines whether the receiver trains on block
t. Our goal is to set Mtr[t] based solely on channel outputs, namely, based on observations of the
form D[t] ⊂ {yi[t]}Bi=1. The channel outputs D[t] used for setting Mtr[t] are typically a subset of
the overall channel outputs, as, e.g., one may prefer to detect whether to adapt after receiving the
first few channel outputs. Such unsupervised monitoring can enable asynchronous online learning in
settings with sparse pilots and/or self-supervised adaptation. Over a total horizon of T blocks, the
receiver should be adapted so as to minimize the overall symbol error rate (SER), while constraining
the number of retraining operations to a fixed budget C ≪ T , namely

min
{Mtr[t]}

1

T ·B

T∑
t=1

B∑
i=1

Pr (ŝi[t] ̸= si[t]) subject to
T∑

t=1

Mtr[t] ≤ C. (4)

3 Unsupervised Bayesian Drift Detection

We henceforth focus on deep receivers based on Bayesian deep learning, and leverage their uncertainty-
related features as a basis for unsupervised drift detection. The underlying rationale is that, rather
than monitoring only for variations in the underlying channel statistics, we identify when the receiver
itself becomes inadequate. We do this by exploiting the uncertainty measures inherently produced
by Bayesian DNNs (Subsection 3.1), based on which we design statistical tests that autonomously
indicate when the receiver is no longer suitable (Subsection 3.2). These tests enable unsupervised
asynchronous online learning without labeled data, as formulated in Subsection 3.3 and discussed in
Subsection 3.4.

3.1 Uncertainty Features for Drift Detection

A key advantage of Bayesian deep receivers is their ability to quantify predictive uncertainty during
inference. Recall from (2) that the receiver estimates the posterior distribution of s given y by
averaging over J Monte Carlo samples of the stochastic weights φj [t] ∼ qθ[t]. From these samples,
one can extract features that are informative on the DNN uncertainty (30):

Let H(P (s)) = −
∑

sc∈S P (sc) logP (sc) be the entropy operator. The total predictive uncertainty
is then captured by the entropy of the marginal predictive distribution, which is computed as

Utot(y) = H
( 1

J

J∑
j=1

P̂φj [t]
(s|y)

)
. (5)

The aleatoric uncertainty, which captures the intrinsic stochasticity of the wireless channel, is
quantified by the expected entropy of the predictive distribution,

Ualea(y) =
1

J

J∑
j=1

H
(
P̂φj [t]

(s|y)
)
. (6)

The epistemic uncertainty, which reflects uncertainty in the receiver model itself, is obtained from
the variability across different Monte Carlo samples, and is expressed as

Uepis(y) = Utot(y)− Ualea(y). (7)
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Algorithm 1: Bayesian Unsupervised Drift Detection
Input :Channel outputs D[t]; Bayesian DNN θ[t];

Previous quantities {n[t− 1], µ[t− 1], σ[t− 1]}; Threshold λ
1 Sample DNN φj [t] ∼ qθ[t] for j ∈ 1, . . . , J

2 Compute {{P̂φj [t]
(s|y)}Jj=1}y∈D[t]

3 Calculate n[t] (Q1), µ[t] (Q2), and σ[t] (Q3)
4 Calculate T [t] from (9) or (10)
5 if T [t] > λ then
6 return Mtr[t] = 1
7 else
8 return Mtr[t] = 0

These uncertainty features provide informative indicators for asynchronous retraining. Specifically,
The epistemic uncertainty Uepis is expected to grow when the receiver’s internal representation no
longer matches the current channel distribution, indicating a need for retraining. The total uncertainty
Utot encapsulates both stochasticity of the channel and mismatch in the receiver. As we wish to
primarily monitor drift in the receiver, while also supporting detection of drifts due to overall high
uncertainty, we define the following instantaneous features

fi[t] = α · Utot(yi[t]) + β · Uepis(yi[t]), (8)

where α, β are hyperparameters. By monitoring (8) over time, one can design statistical tests that
reliably detect when the receiver becomes invalid, without requiring ground-truth transmitted symbols.

3.2 Statistical Tests for Drift Detection

Having defined the instantaneous uncertainty features in (8), our next goal is to determine whether
the receiver is no longer suitable for the current channel. The underlying rationale is that when the
channel distribution drifts beyond the generalization region of the receiver, then fi[t] will experience
a statistically significant increase. To capture such changes, we monitor the following quantities:

Q1 Sample size n[t] = |D[t]|;
Q2 Empirical mean µ[t] = 1

n[t]

∑
i∈D[t] fi[t];

Q3 Empirical variance σ[t] = 1
n[t]−1

∑
i∈D[t](fi[t]− µ[t])2;

Based on Q1-Q3, which are aggregated between blocks in which no adaptation is carried out, we
construct a test statistic T [t] used for drift detection. Specifically, we propose two statistical tests:

1) Two-Sample t-Test generalized to unequal variances (37) computes the statistic via the Student’s
t cumulative distribution function with ν degrees of freedom, denoted Fν(·), as

T [t] = Fν

 |µ[t]− µ[t− 1]|√
σ[t]
n[t] +

σ[t−1]
n[t−1]

 . (9)

We specifically set ν via (37, Eq. (26)).

2) Effect-Size Test (38), setting T [t] to be

T [t] =
|µ[t]− µ[t− 1]|√

(n[t]−1)σ[t]+(n[t−1]−1)σ[t−1]
n[t]+n[t−1]−2

. (10)

The resulting unsupervised Bayesian drift detection operation is summarized as Algorithm 1. Al-
though similar, the t-statistic and the effect size differ by a factor of

√
n(t). The t-test serves as a

test of statistical significance and increases with sample size, such that even small effect sizes can
yield small T [t] values when n(t) is sufficiently large. On the other hand, the effect size quantifies
the magnitude of the observed difference, independent of sample size.
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3.3 Asynchronous Online Learning Framework

The proposed uncertainty-aware drift detectors form the basis for an asynchronous online learning
framework for Bayesian deep receivers. The procedure operates sequentially over channel blocks as
follows. At the beginning of block t, the receiver collects the set of channel outputs D[t] = {yi[t]}Bi=1
observed in that block. For each yi[t] ∈ D[t], the receiver computes the instantaneous feature fi[t]
as in (8), and the aggregated statistics {n[t], µ[t], σ[t]} are updated. These statistics are then used to
evaluate the test statistic T [t] (via (9) or (10)).

If T [t] exceeds the detection threshold λ, the framework declares that adaptation is required, i.e., sets
Mtr[t] = 1. In this case, the block {yi[t]}Bi=1 is augmented with label information obtained from
scarce pilot transmissions or via self-supervision (18), forming the dataset Q[t]. The receiver then
updates the parameters θ[t] of the Bayesian distribution qθ[t] by minimizing the ELBO loss in (3).
The prior distribution pt(φ) in (3) can now be set to the posterior obtained at the previous retraining
instance, i.e., qθ[t−1] (39), thereby enabling continual adaptation with memory of past channel states.

The threshold λ thus governs the trade-off between performance and computational cost: by adjusting
λ, one can enforce the budget constraint on the total number of retraining operations

∑T
t=1 Mtr[t] ≤

C as posed in (4). In practice, λ may be chosen either analytically, e.g., via statistical significance
levels, or empirically, e.g., through calibration on a validation set.

3.4 Discussion

The proposed mechanism directly addresses the problem formulated in (4) by enabling unsupervised
asynchronous online learning of deep receivers. By capitalizing on Bayesian deep learning, which
has already been shown to enhance calibration (24) and facilitate online adaptation (26), we introduce
a novel form of model-specific drift detection. The use of predictive uncertainty as a monitoring
signal allows the receiver to autonomously identify when its internal representation becomes outdated.
Importantly, the computational burden of the proposed mechanism is minimal: the cost of evaluating
the statistical tests depends only on a fixed number of Monte Carlo samples and does not scale with
the number of trainable parameters. In contrast, retraining complexity grows at least linearly with the
model size when using variational inference methods such as Bayes by backprop (40), and can be
substantially higher for more sophisticated training schemes (36). Thus, Algorithm 1 provides an
efficient, statistically principled means of triggering retraining only when necessary.

4 Numerical Evaluations

Setup In this section, we numerically evaluate our asynchronous unsupervised online learning
framework. We consider an uplink multiple-input multiple-output (MIMO) setting comprised of four
users transmitting quadrature phase shift keying (QPSK) signals to a receiver equipped with four
antennas. We transmit T = 100 blocks of B = 8 · 103 symbols, from which |D(t)| = 6 · 103 are
used for drift detection. We consider two channels: (i) COST2100 (31) using the 5 GHz indoor hall
setting for each per user channel; and (ii) QuaDRiGa (32) simulating user movement in a 3GPP
Urban Micro LOS environment. For the DNN-based receiver, we use the DeepSIC architecture of
(12) with 5 iterations. We use both a standard frequentist model (as in (12)) as well as the Bayesian
version proposed in (24), which is based on Monte Carlo dropout (34).

Training Methods We compare the performance achieved with our unsupervised Algorithm 1 using
both the t-test (9) and the Effect size test (10) to the following alternatives: (i) Always: synchronous
online training on each consecutive block. The performance of this approach serves as a lower
bound on the achievable error-rate; (ii) Periodic: synchronous adaptation once every 10 blocks,
suffers from the inability to choose when to issue re-training as in our suggested asynchronous;
(iii) Asynchronous Supervised: using the Hotteling detector of (28). To ensure a fair comparison
with the synchronous periodic setting, we set the threshold λ such that the number of re-trainings
allowed for all asynchronous online learning frameworks (the average number of retrainings is
indicated in brackets). Each re-training involves 250 epochs, and we focus on total uncertainty, setting
(α, β) = (1, 0) in (8). Performance is evaluated as the bit error rate (BER).

Results Fig. 1 compares the training methods for COST2100. For the unsupervised methods,
we see a BER decrease versus the synchronous periodic method with even less retrainings. We
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(a) Aggregated BER versus block (b) Average BER versus SNR

Figure 1: COST2100 results

(a) Aggregated BER versus block (b) Average BER versus SNR

Figure 2: QuaDRiGa Results

also observe that both unsupervised methods performed similarly to the supervised Hotelling-test
drift event detector, with similar number of retrainings. Similar trends are noted when evaluating
overall average performance for different signal-to-noise ratios (SNRs) in Fig.1(b), In the QuaDRiGa
channel, the users are stationary in the beginning and start moving around t 30. As shown in Fig. 2,
the unsupervised methods avoid unnecessary retrainings during the stationary phase and promptly
detect the transition when mobility begins. Among the detectors, the effect-size test identifies the
change most rapidly. Additionally, while the asynchronous method displays a steeper gradient after
the users start to move, all asynchronous methods maintain a shallower slope resulting in a decrease
in the aggregated BER in line with the COST2100 results.

5 Conclusions
We proposed unsupervised drift detection methods for asynchronous online learning deep receivers
by leveraging the uncetratiny measures of Bayesian neural networks. Our results highlight that the
mechanisms provide robust adaptation to channel dynamics. These findings highlight the potential of
unsupervised asynchronous online learning as a practical alternative to supervised approaches.
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