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Abstract—Machine learning (ML) is becoming a core tool for
enabling accurate and reliable decision-making in 6G wireless
networks. This paper analyzes the calibration behavior of an ML-
driven outage predictor trained using a system-specific outage
loss function. The study is conducted within a single-user, multi-
resource allocation system under Rician fading conditions. We
present the outage probability expressions for this system under
perfect calibration. Through extensive Monte Carlo simulations,
we demonstrate that, under perfect calibration and with a large
number of resources, the outage probability equals the expected
predicted probability, conditioned on it being below the threshold
used for classification. Contrary to this, when only one resource
is available, the outage probability corresponds to the expected
predicted probability across all predictions. These results offer
practical guidance to system designers in selecting the threshold
used for classification to meet reliability targets. Also, for finite
Rician factor, channel uncertainty makes calibration meaningful;
however, as it tends to infinity, the randomness in channel
behavior diminishes, and the predictor’s outputs reliably mirror
actual outcomes, making calibration redundant. Finally, we show
that post-processing calibration cannot reduce the minimum
achievable outage probability, as it does not provide the predictor
with any additional knowledge about future channel states.

Index Terms—Machine learning calibration, Qutage prediction,
Outage loss function, Post-processing calibration, Resource allo-
cation, Trustworthy Al

I. INTRODUCTION

As wireless networks evolve toward 6G, machine learn-
ing (ML) is increasingly used to generate accurate predic-
tions alongside calibrated confidence estimates, enabling robust
decision-making under uncertainty. Key 6G use cases, such as
ultra-reliable low-latency communications, autonomous vehi-
cles, and smart factory automation, demand not just accurate

A more theoretically oriented work related to this paper but focusing on a
simpler Rayleigh fading scenario is currently under review for publication in
the IEEE Transactions on Network Science and Engineering.

This work was supported by the Royal Academy of Engineering (grant ref
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predictions but also well-calibrated confidence levels. In these
critical scenarios, reliable confidence estimates are vital.

Among various ML models, neural networks (NNs) are
widely adopted due to their high predictive accuracy. De-
spite their strong performance, NNs often suffer from poor
calibration, which undermines their reliability in real-world
applications, particularly in wireless systems where accurate
probability estimates are critical [1]. Calibration is commonly
assessed using reliability diagrams, which compare predicted
confidence levels with observed accuracies. However, tradi-
tional linear binning used in these diagrams fails to capture
model behavior at low probability levels. These low-probability
regions are particularly relevant in wireless systems, where
infrequent events can significantly impact system performance.
To better capture this behavior, [2] proposed logarithmic bin-
ning that provides a detailed view across several orders of
magnitude and better highlights rare events.

ML has already proven effective in a variety of wireless
communication tasks including blockage prediction [3], power
allocation in massive multiple-input multiple-output (MIMO)
systems [4], energy efficiency improvements in heterogeneous
networks [5], and resource allocation [6], [7]. These models
typically rely on standard loss functions such as binary cross-
entropy (BCE) and mean squared error, to optimize model
performance [8]. Although widely used in training ML models,
such loss functions often fail to reflect the specific objectives
of wireless systems. To overcome the limitations of standard
loss functions, tailored alternatives have been developed that
incorporate domain-specific knowledge and more closely align
with the objectives of wireless systems [9]. These have been
successfully applied to problems such as hybrid beamforming
for MIMO systems [10], optimizing reflection coefficients in
reconfigurable intelligent surfaces [11], resource allocation in
cell-free massive MIMO networks [12] and ultra-reliable low-
latency communications [13]. Of particular relevance to this



work is the outage loss function (OLF), introduced in [14], a
custom loss function specifically designed to directly minimize
outage probability.

Nevertheless, calibration remains a significant challenge in
ML-aided communication systems, irrespective of the loss
function used. Techniques such as Bayesian learning [15]
aim to model predictive uncertainty, while conformal predic-
tion [16] provides formal, distribution-free calibration guar-
antees. Post-processing calibration, in contrast, adjusts model
confidence scores using a held-out validation set and uses
techniques such as Platt scaling, isotonic regression, or beta
calibration for classification, and Dirichlet calibration and
temperature scaling for multiclass settings [17]-[20].

Our contribution focuses on the effect of applying post-
processing calibration methods to the outage predictor pro-
posed in [14], specifically evaluating their impact on outage
probability in an ML-assisted resource allocation framework
over Rician fading channels. Using Monte Carlo simulations,
we show that in the infinite-resource limit, the outage probabil-
ity equals the conditional expectation of the predictor’s output,
provided it is less than the threshold used for classification.
In contrast, in the single-resource setting, it is determined by
the predictor’s overall expected output. We also show that
post-processing calibration methods cannot reduce the system’s
minimum achievable outage probability.

The paper proceeds as follows: Section II revisits the re-
source allocation strategy from [14] along with a discussion
of key calibration concepts. Section III presents the outage
probability expressions for a calibrated predictor from [21].
Section IV describes the data generation process, the cal-
ibration techniques used in this work, and the numerical
results demonstrating the behavior of the outage probability
expressions presented in Section III. Finally, Section V offers
concluding observations and reflects on the overall contribu-
tions of the paper.

II. SYSTEM MODEL

Revisiting the system model in [14] which considered a
single-user multi-resource system for a Rayleigh channel, we
extend the analysis to account for Rician fading channels.

A. Channel Model

Here, each resource j € R has a time-varying channel state
hj(t) € C, where the channel states are considered to be
independent and identically distributed (i.i.d.) across distinct
resources. Additionally, the correlation between h,;(t) and
hj(t + 1) diminishes as [ — co. To model this time variation,
the channel states h;(t) across resources are generated from
the fast Fourier Transform (FFT) of a continually evolving
tapped channel response: g(t) =[g1(t), ..., g»(t)], where each
tap g;(¢) is an independent complex stochastic process indexed
by ¢. In accordance with [22], the Rician channel model used
here elects g;(t) to include a deterministic line-of-sight (LoS)
component with its corresponding Doppler shift, whereas all
the remaining taps constitute independent zero-mean complex

Gaussian components representing scattered (non-LoS) paths.
The time evolution of the taps is defined as:

Jj(2m fpt+¢)
K+1 ty K+191

9i(t) = gi(t),vi>1, (1)

where fp is the Doppler frequency and ¢ ~Unif|0, 27 accounts
for the fixed initial phase offset. Each g;(t) ~ CN(0,0?) evolves
over time with small, random phase shifts as:

git +1) = gi(t) - "%, ;¢ ~ Unif[~¢, €] 2
This model captures both deterministic and stochastic fading:
the LoS component imparts a Doppler-induced phase rotation,
while the non-LoS evolution reflects small, random phase
variations consistent with Clarke’s 3D scattering model [23],
where the channel’s autocorrelation exhibits a sinc-shaped
decay.

The user leverages an ML-based outage predictor to select
a suitable resource by learning temporal channel correlations.
The channel evolution for resource j at time ¢ is described
using two vectors: hk( ) 2 [h(t—k+1),...,h;t)]" and
hL(t) 2 [hy(t+1),... . hy(t +1)]", where k,l € N,

The capacity, C' (?Lé(t)) € RT, represents the maximum
rate at which communication can be supported by the channel
from time t+1 to ¢+, with arbitrarily low errors. In the case of
a quasi-static Gaussian channel, this capacity is characterized
by the expression provided in [24, eq. (5.80)]:

C(hl ) Zlog2 (1+SNR|h (t+z)|) bits/s/Hz, (3)

where SNR is the average signal-to-noise ratio per sample. A
resource is considered to be in outage if the user’s required
communication rate, denoted by ., exceeds the available
capacity; otherwise, it is regarded as sufficient. The outage
probability for a single resource j can be expressed as

P, (vn) = P[C (R}(1)) < 7] @

B. ML-based Resource Allocation

This work considers a calibrated ML-based outage pre-
dictor, in contrast to [14], which did not account for
calibration. This predictor outputs a confidence score

Q ?Lf (t);@) € [0,1], estimating the conditional probability

P|C (ﬁé(t)) < Yen ‘ Ef(t)}, based on the past k channel
samples for resource j. An outage is predicted when the
output exceeds a threshold qy,. To allocate resources, the user
sequentially evaluates each j € 1,...,|R| using Q (flf(t))
Each time the predictor identifies an outage event, the corre-
sponding index is incremented by one. If no resource satisfies
this condition, the model defaults to selecting the final resource.

To evaluate the calibration performance of a predictor, reli-
ability diagrams are used, which plots the observed accuracy
as a function of the predicted confidence level [25]. In this
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Fig. 1. (a) Accuracy-confidence curve Aj(q) (top), and (b) confidence
distribution F}(q).

framework, the accuracy-confidence function A;(q) for our
outage predictor can be expressed as:

4@ 2P [ (D) < |0 (RE@)0) =a] . ©)
representing the true outage probability conditioned on the
predictor assigning an outage confidence of q.

Fig. 1 (a) shows Aj(q) curve for perfect calibration
(Aj(q) = q), under-confidence (A;(q) > q), and over-

confidence (A;(q) < q). Fig. 1 (b) shows the confidence
distribution F;(q), defined as

Fy(@ =P[a (k1) <q]. ©)
which indicates the proportion of predictions with confidence
at most g. A lower Fj(q) corresponds to a model that more
frequently produces high-confidence predictions.

In practice, predictors are often incorrectly calibrated (i.e.,
A;(q) # q). Calibration aims to adjust q so that A;(q) ~ q. Let
Q¢ denote the calibrated predictor. Following [25], calibration
is a deterministic transformation:

Q°=C(¥;D) =roQq, (7

where r : [0,1] — [0,1] is a recalibration function learned on
held-out data set D. Since Q¢ is obtained via post-processing, it
cannot add new predictive information. By the data processing
inequality, we have

1{c(pym) o (ri)) < 1(c (Ri) a(Riw). ®

where I(-,-) denotes mutual information [26].

C. Resource Allocation Framework

We follow the resource selection strategy from [14],
where the user sequentially scans the resources j € R =

{1,2,...,|R|} and uses the outage predictor Q* (i:f(t)) to

determine whether communication is likely to succeed. The
user selects the first resource for which the predictor indicates
success. If none of the resources satisfy this condition, the
predictor selects the final resource. Formally, let

Raw) = {j € R s 0" (B}(1):0) Sauf. O

represent the subset of resources where the outage predictor
predicts no outages, using gy as the threshold for classification.
The greedy allocation scheme then selects

7' (awm) = {mmjgﬁ(%) JuAa) 20 )

IR| otherwise.

Let PTRI (’7-[;}17 qth) S {PlR‘ (’}/th, qth)> P‘CR| (7th7 ch)} denote the
system’s outage probability when using either the uncalibrated
predictor Q or the calibrated predictor Q€, respectively.

The outage probability expressed in terms of A;(q) and
F;(q) is given by [21, eq. (14)]:

Pl (Ven, en) = Pj(7en) (1 — Fj(qen))
+E[4; (" (RE®)) 10 (h5(0)) < qun
x (1 -(1- Fj(qm))'“"l) : (11)

For |R|—00, the outage probability, as derived in [14], is given
by:

P (yens o) = P[C (R5(1) < 7en

with Q* € {Q,Q°} as before.

The OLF, tailored to this resource allocation setting, is
defined in [14, eq. (29)] and is used to train the outage
predictor, enabling the generation of the results presented in
Section IV. Going forward, we omit the dependence on ¢ for the
sequences hf(t) and hlj (t), as well as the dependence on j for
P=P;, A(qQ) £ A;(q), and F(q) = Fj(q). Where appropriate,
we also drop the dependence of the predictor output Q*(-) and
of C'() on hé“(t) and hé. (t), respectively. Additionally, we denote
by Q* a random variable with the same distribution as any
confidence level Q* assigned by the predictor to a resource j.

[R|—1

0 (RE) < au]. (12)

III. OUTAGE EXPRESSIONS FOR CALIBRATED PREDICTOR

This section presents outage probability expressions and
analyzes how the output of a calibrated predictor determines
system-level outage probability. Please note that, this work
does not focus on deriving these expressions here (see [21]
for appropriate derivations).

For the system described in Section II, the outage probability
for a perfectly calibrated predictor can be written as [21, eq.
(16) and (17)]:

P=E[Q] (13)
and  Pg(7en, Gen) = E[Q° | Q° < qenl- (14)

The outage probability for an |R| resource system can then be
expressed as [21, eq. (18)]:



Pl (ten: Qen) = E[R°)(1 ~F(qun)) ™~
+EQ°] 0°< qul (1 - (1 - Flau)™ ). (5)

These expressions indicate that, for a perfectly calibrated
predictor, the outage probability in the single-resource case
equals the overall expected confidence score, as shown in (13),
whereas (14) shows that for a sufficiently large number of
resources, qin should be set so that the expected confidence,
conditioned on Q° < gy, matches the target outage probability.
Furthermore, the following inequalities from [21, eq. (19) and
(20)] offer practical criteria for choosing appropriate qp:

Po (Vens Gen) < Qen, (16)
and Pfy (Yen, Gen) < E[Q°](1 — F(qen)) ™!
+qun (1 (1= Flaa)®™1). a7

Equation (16) shows that, for perfectly calibrated predictors
and a large number of resources, setting g, equal to the desired
outage probability results in a system outage probability that
is better than their desired outage probability.

While calibration enhances the alignment between predicted
confidence and true accuracy, it does not increase the under-
lying information used for prediction. As a post-processing
procedure, it cannot improve informativeness or lower the
minimum achievable outage probability. Formally, for any cali-
bration method satisfying (7), from [21, Theorem 2], we have:

n;in Pﬁq (Vens ch) > quin Ppg| (’Yth, ch)- (18)

IV. SIMULATION RESULTS

This section describes the data generation process, details
the calibration methods applied, and presents the results show-
ing how calibrated predictions affect outage performance and
support the selection of gy, for meeting reliability targets.

A. Data Generation

The dataset used for training and testing is synthetically
generated based on the Rician fading model described in
Section II. Data generation proceeds as follows:

1) At time ¢t = 0, generate a tapped-delay line with v =
1024 complex entries, where each tap is independently
drawn from a zero-mean complex Gaussian distribution
with variance ﬁ

2) For the first tap, add a deterministic LoS component

1okl Iptte) where Q is the total power per tap,
¢ ~ Unif[0, 27] and fp = 0.01 is the normalized Doppler
frequency. This fp corresponds to a physical Doppler
shift of 10-100 Hz at sampling intervals of 0.1-1 ms (5.8
GHz carrier), consistent with user velocities of 0.5-5 m/s
(typical in pedestrian and low-mobility scenarios.) Each
scattered component evolves as e/, with 6; indepen-
dently drawn from =+ 0.1 radians.

3) Perform a FFT to the time-domain vector to obtain a
frequency-domain vector of length 1024.

4) Extract [R| < v equally spaced frequency-domain samples
that represent resources at a fixed point in time.

DQN-LSTM Model

Architecture Hyperparameters

Hidden units : 32
Epochs : 30
Epoch size : 150
Input sequence length (k) : 100
Output sequence length (1) : 10
Output dimension : 1
Learning rate : 0.001
Discount factor : 0.9
Epsilon : Decaying strategy
Rewards : 1 (correct prediction);
-1(otherwise)

Layer 1: LSTM layer (32
hidden units)

Layer 2: Dense layer (10
units with PReLU
activation)

Layer 3: Dense layer
(10 units with PReLU
activation)

Fig. 2. DQN-LSTM Model Architecture and Hyperparameters.

5) Repeat steps 2 — 4 for k41 time steps to generate & input
and [ output samples per resource.

B. Training and Evaluation

We train a Deep Q-Network (DQN) with an integrated long
short-term memory (LSTM) layer, following the architecture
in [27], using both the OLF [14] (with oo = 10) and BCE. The
model is implemented in TensorFlow (Keras) and optimized
using ADAM. Architectural and training details are listed in
Fig 2. Each experiment involves generating sequences of k +
frequency-domain samples per resource. The first k£ samples
are processed by the DQN-LSTM model, while the remaining
[ samples, denoted by h;(t), are used to evaluate whether the
target communication rate is achievable. To demonstrate the
outage probability behavior established under perfect calibra-
tion in Section III, we apply two standard post-processing cal-
ibration methods: beta scaling and isotonic regression. Isotonic
regression is implemented using the IsotonicRegression
class from scikit-learn, beta calibration is performed using the
BetaCalibration class from the betacal library, and SciPy
is used to support numerical computations.

1) Beta Calibration: This parametric method models pre-
dicted probabilities using a beta distribution, making it
effective for handling skewed or extreme outputs. The
calibrated probability ¢; is computed as:

. 1

4= 1+exp(c—aln(s) —bIn(1 — s))’ (19)
where s is the uncalibrated probability, and a, b, and
c are parameters learned via maximum likelihood on a
validation set [18]. Beta calibration is implemented using
the BetaCalibration class from the betacal library.
The model is trained using the £it method and applied
via predict to convert uncalibrated outputs to calibrated
probabilities.

2) Isotonic Regression: This non-parametric calibration
method fits a non-decreasing, piecewise-constant function
f(-) that maps uncalibrated probabilities p; to calibrated
outputs ¢; = f(p;). The function f is learned by mini-
mizing the empirical squared error:
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n
Z (f(:) — wi)?,
i=1
where y; denotes the true label. This is implemented using
the IsotonicRegression class in scikit-learn. Once
trained on a validation set, the learned function f is used
to recalibrate new predictions.

(20)

C. Results

Figs. 3 and 4 showcase the core findings of this work,
illustrating how a perfectly calibrated predictor behaves, as
discussed in Section III. These plots do not compare the outage
probability achieved by BCE-trained predictors with those
trained using OLF, as qin is not a hyperparameter in BCE-
based training. In particular, Fig. 3 plots the outage probability
for an infinite resource system, P%_(7Vtn,Qen) along with the
conditional expected confidence E[Q* | @* < qqy] for varying
gtn values. Results are shown for a system with 4 resources,
Yen = 2.2, SNR = 5 dB, and K = 2.0. It can be observed
that for calibrated predictors, the two curves align closely, in
agreement with (14).

This result guides the selection of gy, to meet a target
outage probability. For instance, a service provider with a
service level agreement requiring outage probability below
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SNR = 2 dB, with (a) y¢n = 1.0 in a 4-resource system, and (b) ytn = 1.2
in a 6-resource system.

0.03 (i.e., fewer than 2 outages per 60 transmissions) can use
the calibrated predictor to select an appropriate qn. Given
Yen = 2.2, SNR = 5 dB, K = 2.0, and a sufficiently large
number of resources, Fig. 3 indicates that g, = 0.5 satisfies
this service level agreement. This example holds only for
calibrated predictors. For uncalibrated predictors, gy, is chosen
empirically, since (14) no longer holds. A key observation is
that, both calibrated and uncalibrated OLF-trained predictors
achieve the same minimum outage probability, but at different
gwn values. This is because calibration shifts the value of gy
by aligning confidence outputs with actual outage likelihood.

Fig. 4 presents a comparison between the outage probability
observed in a single-resource setting, denoted by P, and the
average predicted confidence E[Q*]. The results are shown for
varying numbers of resources, with system configuration fixed
at v4n = 2.2, SNR = 7 dB, and K = 1.58. As shown, the
calibrated predictor yields E[Q°] values that closely match the
observed outage probability for a single resource, consistent
with the behavior suggested by (13).

Note that for finite K, the channel exhibits stochastic vari-
ation, so calibration helps align the predictor’s confidence
with actual outcomes. As K— oo, the channel becomes fully
deterministic, and the predictor’s confidence inherently reflects
the ground truth perfectly, without additional adjustment. This



behavior can be empirically validated by reliability diagrams,
which would exhibit perfect alignment between predicted con-
fidences and observed outcomes.

Fig. 5 (a) and (b) presents the outage probability obtained
using OLF and BCE, for varying gy, values, with SNR = 2 dB,
K = 1.5 for (a) 7xn = 1.0 in a 4-resource system and (b)
Yen = 1.2 in a 6-resource system. Both subfigures in Fig. 5
exhibit a characteristic ‘U’-shaped outage curve, indicating that
very low or very high thresholds degrade performance. Very
small gy, values tend to result in the user almost always being
allocated the final resource, whereas very large values lead to
allocation to the first resource. Additionally, it can be observed
that the minimum outage probability achieved by the OLF-
trained predictors, both calibrated and uncalibrated, is the same
but is obtained at different values of g, aligning with the
behavior suggested in (18).

V. CONCLUSION

We explored the calibration accuracy of an ML-based outage
predictor in the context of resource allocation in Rician fading
environments. The analysis began by presenting outage proba-
bility expressions formulated under the assumption of perfect
calibration. Through Monte Carlo simulations on a Rician
fading channel, we verified that, in scenarios with sufficiently
large resources, the outage probability corresponds to the
expected value of the predictor’s output, provided it was below
the threshold used for classification. Conversely, when only a
single resource is available, the outage probability simplifies
to the predictor’s overall expected confidence. These insights
can support service providers in selecting appropriate threshold
values that satisfy reliability targets defined in service-level
agreements. Notably, for finite K, channel uncertainty makes
calibration effective; however as K — oo, the predictor’s
confidence aligns with outcomes by design and calibration be-
comes ineffective. Lastly, we demonstrated that post-processing
calibration methods do not improve the minimum achievable
outage probability, as they offered no additional information
about future channel conditions.
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