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I. INTRODUCTION

Wearable optical biosensors now generate longitudinal physiological recordings at unprecedented scale.
Photoplethysmography (PPG), in particular, has moved from a hospital-bound capnography auxiliary to a
continuous-monitoring modality embedded in consumer wristbands, smartwatches, and fingertip pulse oximeters.
The clinical promise is significant: prolonged ambulatory PPG can flag arrhythmias such as atrial fibrillation
(AF) that would otherwise escape detection during a brief electrocardiogram (ECG) appointment, supporting
earlier intervention and reducing stroke risk in elderly populations (Allen, 2007; Tison et al., 2018). This shift is
enabled by deep learning models that translate raw waveforms into rhythm classifications, but it also introduces
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a problem that paper-based rhythm clinics never had to face. The waveform now arrives at the model degraded
by motion artefact, ambient light, and skin contact variability, while the model itself has been trained on cleaner,
more controlled signals.

This paper concerns the practical consequence of that distribution gap. When a deep classifier trained on a
curated source domain is exposed to a noisier, real-world test domain, predictive performance degrades unevenly:
some patients are still correctly classified, but the failure mode is silent. There is no flag indicating which
prediction is unreliable. A natural response is to insert a generative model between the sensor and the classifier
so that the noisy waveform is transformed back toward the source domain before it is consumed by the
downstream predictor. Generative adversarial networks (GANs) and diffusion models have shown strong
empirical performance for one-dimensional biosignal restoration (Goodfellow et al., 2014; Isola et al., 2017,
Brophy et al., 2022). Yet the generative step adds a second source of risk. Generators can hallucinate periodic
content, suppress real arrhythmic features, or produce plausible-looking outputs whose latent representation
under the classifier no longer corresponds to the true rhythm class.

The validation problem this creates is awkward. A reasonable practitioner asks: how do I know that a particular
generated waveform is faithful enough that the downstream prediction can be trusted? Standard answers from
the image-generation literature do not transfer cleanly. Reference-based metrics such as the structural similarity
index require a clean ground-truth signal, which is exactly what is unavailable at deployment time (Wang et al.,
2004). Distribution-level metrics such as the Fréchet Inception Distance (FID) summarize a population of
generations rather than the single sample under consideration, and depend on a feature extractor whose
pretraining domain differs sharply from one-dimensional biosignals (Heusel et al., 2017; Wu et al., 2025). No-
reference quality scores such as BRISQUE were calibrated for natural images and lack a meaningful analogue
for periodic physiological waveforms (Mittal et al., 2012). Even when a clean reference happens to be available
for evaluation, the resulting error metric is agnostic to how the generated output will actually be used
downstream.

The position taken here is that the validation question should be reframed in terms of the decision the system
ultimately makes. If the generator exists to feed a downstream classifier, the appropriate measure of generation
quality is the consequence of that classification — not the visual or numerical similarity between the generated
and unobserved reference signals. This brings the problem within reach of decision-theoretic uncertainty
quantification (DTUQ), a framework in which a utility function defined on actions and outcomes induces,
through a posterior over outcomes, a notion of uncertainty grounded in the cost of being wrong (Berger, 1985;
Smith et al., 2024). Concretely, the predictive entropy of the downstream classifier, evaluated on the generated
input, is a per-instance estimate of the misclassification risk faced by the deployed system. It is computable
without ground truth, sensitive to the specific generation rather than to the population, and tied directly to the
operational consequences of acting on that generation.

We instantiate this framework on a wearable PPG atrial fibrillation classification task and demonstrate three
claims empirically. First, a 1D Pix2pix-style generator trained on paired noisy and clean PPG segments
substantially recovers AF classification performance lost to additive noise injection. Second, the predictive
entropy of the downstream classifier acts as a useful per-instance trustworthiness indicator: discarding the
highest-entropy 25% of generations elevates the remaining 75% above the clean-source baseline on AUC and
balanced accuracy. Third, this entropy is moderately correlated with — but not identical to — the entropy
obtained by running the classifier on the noisy input directly, indicating that the uncertainty estimate captures
information about the generative process rather than only the raw measurement quality. Together, these results
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provide a concrete demonstration of the DTUQ framework in a setting where standard ground-truth-dependent
validation is impossible.

The remainder of the paper is organized as follows. Section II surveys the relevant literature on PPG-based AF
detection, generative biosignal restoration, uncertainty quantification, and calibration. Section III details the
methodology, including the source classifier, the noise-injection protocol used to construct the test domain, the
1D Pix2pix generator, and the uncertainty quantification procedure. Section IV reports experimental results
across reliability diagrams, performance metrics, and entropy filtering. Section V interprets these results,
discusses limitations, and contrasts the DTUQ approach with alternative validation strategies. Section VI
concludes.

II. BACKGROUND AND RELATED WORK
A. PPG-based AF Detection

Atrial fibrillation is the most common sustained cardiac arrhythmia and a major risk factor for ischaemic stroke.
Continuous detection in ambulatory settings has therefore been a central goal of consumer-health Al for nearly a
decade. Early evidence from the Apple Heart Study and related cohort programmes demonstrated that
smartwatch PPG can flag suspected AF episodes with clinically actionable specificity in unselected populations
(Perez et al., 2019). Subsequent work showed that deep convolutional networks can identify AF directly from
raw PPG, without hand-crafted heart-rate variability features, when trained on large enough datasets
(Aschbacher et al., 2020; Torres-Soto and Ashley, 2020). Pereira et al. (2020) reviewed the literature
systematically and noted that signal-quality variability, rather than algorithmic capacity, has become the
dominant performance bottleneck. Antiperovitch et al. (2024) compared supervised deep learning against
heuristic signal-processing pipelines in a continuous-monitoring deployment and found that learned models
retain their advantage only when input quality remains within the regime of the training distribution.

The PPG signal itself is a low-frequency optical waveform shaped by pulsatile blood volume, vascular tone, and
tissue scattering (Allen, 2007; Castaneda et al., 2018; Elgendi, 2012). At rest, the morphology resembles a
damped triangular wave with a clear systolic peak and a smaller dicrotic notch. Atrial fibrillation perturbs this
morphology by introducing irregular inter-beat intervals and beat-to-beat amplitude variability, which a
sufficiently flexible classifier can learn to exploit (Hannun et al., 2019; Attia et al., 2019). The same morphology
is, however, fragile under motion artefact, sensor displacement, and ambient-light intrusion (Pollreisz and
TaheriNejad, 2022; Schéck et al., 2017). In wearable deployments the noise statistics encountered in the field are
systematically richer than those encountered in clinical reference studies, producing the distribution gap that
motivates this work (Reiss et al., 2019; Aschbacher et al., 2020).

B. Generative Models for Biosignal Restoration

Restoring a degraded biosignal back toward its clean counterpart has been approached with both classical
filtering and learned models. Adaptive filters and wavelet-based denoisers remain effective when the noise
model is known and stationary, but they tend to underperform when the corruption is patient-specific or contains
rare extreme events (Schick et al., 2017). Deep learning has displaced these baselines in tasks where paired
noisy-clean training data are available. Convolutional autoencoders, U-Net variants, and conditional GANs have
all been applied to ECG and EEG denoising, with conditional GANs offering particular advantages when the
goal is to preserve sharp morphological features rather than minimise mean-squared error (Brophy et al., 2022;
Xuetal., 2021).
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The Pix2pix architecture proposed by Isola et al. (2017) generalises the conditional GAN framework by pairing
a UNet generator (Ronneberger et al., 2015) with a PatchGAN discriminator and an L1 reconstruction term.
Although it was originally conceived for image-to-image translation, the architecture transfers naturally to one-
dimensional biosignals when the convolutions, instance normalisations, and patch discriminator are reformulated
along the time axis. Variants of this idea now appear under several names in the biosignal denoising literature
(Brophy et al., 2022; Yi et al., 2019). In the present study we adopt a 1D Pix2pix as the canonical baseline
because it is well understood, easy to train stably, and serves the primary purpose of the paper, which is to
illustrate the validation framework rather than to advance generator architecture.

C. Uncertainty Quantification and Calibration

Uncertainty quantification (UQ) for deep neural networks distinguishes between aleatoric uncertainty,
attributable to irreducible noise in the data, and epistemic uncertainty, attributable to limited knowledge of the
model parameters (Kendall and Gal, 2017; Hiillermeier and Waegeman, 2021). Practical estimators include
Monte Carlo dropout (Gal and Ghahramani, 2016), deep ensembles (Lakshminarayanan et al., 2017), Bayesian
neural networks with variational inference (Blundell et al., 2015), and the variational learning approach used by
Bench et al. (2025) for the PPG AF model that we adopt. Independent of the estimator, the predictive
distribution it produces must be calibrated: its uncertainty should be commensurate with its actual prediction
error. Modern softmax classifiers are notoriously over-confident in their default state and require post-hoc
rescaling such as temperature scaling, isotonic regression, or histogram binning to recover useful calibration
(Guo et al., 2017; Naeini et al., 2015; Niculescu-Mizil and Caruana, 2005).

Calibration assessment for classification has standard tools — reliability diagrams, expected calibration error,
and the more recent Uncertainty Calibration Error tailored to entropy-based predictions (Laves et al., 2019).
Calibration assessment for generative models is less settled. Pang et al. (2023) proposed a per-instance
calibration proxy for diffusion models that exploits a specific property of the diffusion likelihood. Bench et al.
(2025) discussed the general difficulty of grounding calibration in a generative setting where ground truths are
unavailable and proxy accuracy metrics like FID may not capture the relevant features. Wang and Holmes (2024)
developed a decision-theoretic calibration analysis for natural language generation that anchors uncertainty in
subjective utility, and the present work is in the same spirit.

D. Domain Adaptation as a Generative Step

Domain adaptation tackles the train-test distribution gap by aligning the source and target domains in feature
space, in input space, or both (Pan and Yang, 2010; Wilson and Cook, 2020; Farahani et al., 2020). Adversarial
methods make the alignment explicit by training a domain discriminator against the feature extractor (Ganin et
al., 2016; Tzeng et al., 2017). When the model on the receiving end of the adapted data is fixed — for instance, a
regulator-approved clinical classifier that cannot be retrained — input-space adaptation becomes the natural
choice. The generator is then evaluated solely by whether the downstream predictor performs better on its
outputs than on the raw target-domain inputs. This is precisely the setting we work in, and it makes the
validation question particularly acute, because the only thing that matters is whether the generated waveform
causes the fixed classifier to behave correctly.

The link between generative deep learning and broader trends in industrial Al is also worth noting. The
continuous instrumentation of the human body by wearable sensors mirrors the instrumentation of factories and
vehicles by IoT devices, and many of the architectural patterns — model deployment behind drift detectors, on-
device inference, edge-cloud orchestration — recur in both settings (Lu, 2025; Lu, 2019; Zhang and Lu, 2021).
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Robust validation of the generative components in these pipelines is therefore a shared concern across consumer
health, industrial monitoring, and safety-critical control.

III. METHODOLOGY

The methodology has four components. We first specify the source-domain classifier whose predictions anchor
the entire validation framework. We then describe the data and the noise-injection protocol used to construct a
more challenging test domain. We then detail the 1D Pix2pix generator that performs the input-space domain
adaptation. Finally, we formalise the decision-theoretic uncertainty quantification step and the calibration metric
used to evaluate it.

Decision-Theoretic Uncertainty Quantification Pipeline

Noisy PPG Generative Adapted PPG Pre-trained
(Test Domain) Denoiser (GAN) (Source Domain) AF Classifier

Predictive Decision /
Entropy Filtering

Figure 1. Decision-theoretic uncertainty quantification pipeline for generative domain adaptation in wearable PPG.

Figure 1 summarises the pipeline. A noisy PPG segment from the test domain is mapped through the generative
denoiser to an adapted waveform that resembles the source domain, processed by the pre-trained AF classifier,
and the resulting predictive distribution is reduced to a single uncertainty scalar (the normalised entropy). The
decision step uses this scalar either to accept the generated example or to flag it for human review. The
framework is agnostic to the particular generator and classifier used, although the calibration analysis assumes
that the classifier has itself been adequately calibrated on a clean source distribution.

A. Source Classifier

The downstream model is a one-dimensional variant of AlexNet (Krizhevsky et al., 2017) trained on a custom
split of the Deepbeat dataset (Torres-Soto and Ashley, 2020). The split holds out patients rather than segments,
contains 106,249 training, 15,256 validation, and 15,377 test examples, and is balanced across the binary AF /
non-AF target. Each example is a 25-second segment sampled at 32 Hz, pre-processed with conventional low-
pass, high-pass, and adaptive filters to suppress baseline wander and high-frequency noise. The classifier is the
publicly released checkpoint described by Bench et al. (2025), trained with stochastic gradient descent under a
custom binary cross-entropy loss that down-weights ambiguous segments. We do not modify the classifier in any
way; this is essential because the validation framework rests on the assumption that the downstream model is
fixed and treated as an oracle of operational consequence.

Table I. Summary of the source classifier and the 1D Pix2pix denoiser used in the experiments.

Component Specification Notes
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Component Specification Notes
Classifier backbone 1D AlexNet (5 conv blocks + 3 dense) Pre-trained, frozen at inference
Input length / rate 25 s @ 32 Hz (800 samples) Matches Deepbeat protocol
Training / validation / test 106,249 / 15,256 / 15,377 Patient-disjoint split
Generator architecture 1D UNet, 7 enc + 7 dec, kernel 4, stride 2 Skip connections at every scale
Discriminator architecture 1D PatchGAN (4 conv blocks) LeakyReLU 0.2, instance norm
Generator loss LSGAN + 100 x L1 Reconstruction term dominates
Optimizer / learning rate Adam, 2¢e-4 (G), 1e-5 (D) Betal = 0.5, beta2 = 0.999
Early stopping Validation L1, patience 3 epochs Best epoch 14 of 30 budget

Table I summarises the relevant configuration. We emphasise that no part of the validation argument depends on
the specific architectural choices of the classifier; we use AlexNet because it is the architecture for which the
calibration of the source classifier has previously been characterised in the literature (Bench et al., 2025), which
provides a clean baseline against which to compare the calibration of the entropy estimate after the generative
step.

B. Construction of the Test Domain

To create a controlled domain gap, we apply additive Gaussian noise to every test segment at a standard
deviation of 0.1 in the normalised amplitude scale, after which values are clipped to the original signal range to
preserve sensor-saturation realism. This is a deliberately simple corruption, with two purposes. First, it produces
a tractable distribution shift whose magnitude is identical for every patient, which avoids confounding the
validation analysis with patient-specific realism arguments. Second, it leaves the AF / non-AF target itself
untouched, which is essential because the goal of the generator is to recover the input representation, not to alter
the diagnostic label. We acknowledge that real wearable noise is heteroscedastic, motion-coupled, and bursty
(Pollreisz and TaheriNejad, 2022; Masinelli et al., 2021), and a more sophisticated noise generator would
strengthen external validity. The conclusions about the validation framework, however, are not contingent on the
noise model.
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Figure 2. Representative waveforms across the three input regimes used in the analysis. The clean reference (dashed) is
shown only for visual context and is not available to the deployed pipeline.

Figure 2 illustrates the qualitative effect of the noise injection and the subsequent denoising. In the first two
panels, the clean reference is recoverable to within visible morphological similarity, even though the AF and
sinus-rhythm panels differ in inter-beat regularity. The third panel deliberately shows a heavily corrupted
measurement — a stress-test segment in which the noise contribution rivals the pulsatile component — to
motivate the need for an automated trustworthiness indicator. A clinician inspecting this panel would not be in a
position to certify the generated output by visual inspection alone, and yet a deployed system must make a per-
segment decision about whether to forward it to the classifier. The decision-theoretic framework provides that
decision.

C. Generative Denoiser

The denoiser is a 1D Pix2pix variant. The generator is a UNet with seven downsampling stages, each composed
of a 1D convolution with kernel size 4, stride 2, padding 1, instance normalisation, and a leaky ReLU with
negative-slope coefficient 0.2. The decoder mirrors the encoder with transposed convolutions and standard
ReLU activations. Long-range skip connections concatenate encoder activations into the decoder at every
matching scale. The output layer applies a tanh activation, after which the final waveform is rescaled to the
normalised PPG amplitude range. The discriminator is a 1D PatchGAN that produces a one-channel logit map
along the time axis (Li and Wand, 2016).

We train with a least-squares GAN loss for adversarial supervision and an L1 reconstruction loss with weight A =
100. Concretely, the generator loss is Lg = ID(A, G(A)) — 11> + 100 - IB — G(A)l;, where A denotes the noisy
input segment, B denotes the clean reference, G is the generator, and D is the discriminator. The discriminator
loss is the symmetric least-squares form ID(A, B) — 112 + ID(A, G(A))I?. Generator and discriminator are updated
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alternately within each minibatch. Early stopping monitors the validation L1 with a patience of three epochs and
the best-validation checkpoint is used at inference. Generator outputs that fall below zero after rescaling are
clipped to zero before being passed to the classifier, matching the input range expected by the source-domain
pre-processing.

D. Decision-Theoretic Uncertainty Quantification

The DTUQ formulation begins with a utility function. We define the decision cost as the misclassification loss
L(a, y) = I{a # y}, where a is the predicted class, y is the true class, and the indicator function returns 1 when the
prediction is wrong. The conditional risk under this loss is the posterior expected loss p(alx) = >y L(a, y) p(y|x),
which under the binary classification reduces to 1 — p(a|x). Minimising this risk is equivalent to predicting the
most probable class. The Bayes-optimal action is therefore arg mina. p(alx), and the residual risk equals 1 — max

pIx).

The conditional risk is itself an expression of uncertainty: it is a per-instance estimate of how likely the system is
to act incorrectly. For binary classification it is monotonically related to the predictive entropy, which is
differentiable, more numerically stable in the regime where the maximum probability approaches 0.5, and is the
standard scalar reported in the calibration literature (Guo et al., 2017; Laves et al., 2019). We therefore use the
normalised entropy of the source classifier, evaluated on the generated waveform, as our trustworthiness
indicator. The normalised entropy is defined as — (1 / log K) > p_k log p_k, where K is the number of classes;
for K = 2 this lies in [0, 1] and is monotone in the conditional risk.

E. Training Procedure and Hyperparameter Choices

The 1D Pix2pix generator is trained for a maximum of 30 epochs with a batch size of 64 segments. The Adam
optimiser is used with a generator learning rate of 2 x 10~ and a discriminator learning rate of 1 x 107>, with 1 =
0.5 and B2 = 0.999 in both cases. The asymmetric learning rates reflect the empirical observation that the
discriminator converges much faster than the generator on 1D biosignal tasks; allowing the discriminator to
dominate causes the generator to collapse onto a narrow set of low-entropy outputs that satisfy the discriminator
without preserving diagnostic morphology. We monitored generator outputs at every fifth epoch on a held-out
validation slice and visually verified that the generator did not degenerate into trivial constant-output behaviour
during training.

The L1 reconstruction weight A = 100 is taken from the original Pix2pix paper (Isola et al., 2017) and was not
retuned. Sensitivity analyses with A = 50 and A = 200 produced denoised outputs whose AF classification metrics
were within 0.01 AUC of the reported configuration, suggesting that the framework is not sensitive to this
hyperparameter within a reasonable operating range. We did not perform a full grid search because the central
claim of the paper concerns the validation methodology rather than the absolute reconstruction performance of
the generator. A practitioner aiming to deploy the framework with a production-grade generator would be
expected to tune the reconstruction weight on a domain-specific validation set.

Early stopping monitors the L1 component of the generator loss on the validation split, with a patience of three
epochs. In our experiments, the best-validation checkpoint occurred at epoch 14 of the 30-epoch budget,
indicating that the generator converges substantially before the budget expires. We retain the best-validation
checkpoint rather than the final-epoch checkpoint, since the discriminator can over-fit the validation distribution
after convergence and degrade reconstruction quality on examples whose noise statistics deviate from the
training distribution.
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All experiments were performed on a single NVIDIA RTX A4000 GPU with 16 GB of memory. Training a
single 30-epoch generator run takes approximately 4.2 hours under this configuration. Inference is far cheaper: a
forward pass on a single 25-second segment requires approximately 18 ms, comfortably within the latency
budget of any conceivable clinical or wearable deployment. The full evaluation pipeline — generator forward
pass, classifier forward pass, entropy calculation, threshold comparison — runs in under 25 ms per segment,
consistent with real-time per-segment triage on consumer-grade hardware.

To assess whether the entropy is a useful per-instance trustworthiness indicator, we use the Uncertainty
Calibration Error (Laves et al., 2019) and a corresponding reliability diagram. Examples are sorted into M = 10
equal-width entropy bins. For each bin B, of size |Bm|, we compute the empirical inaccuracy err(Bm) and the
average normalised entropy uncert(Bm). The Uncertainty Calibration Error is then UCE = > (|Bm| / N) - |err(Bm)
— Y uncert(Bm)|, where the factor of one half encodes the heuristic that for a binary classifier the expected
entropy at the operating point of perfect calibration equals twice the misclassification rate. A reliability diagram
of mean inaccuracy versus mean normalised entropy that lies along the line of slope "2 thus indicates good
calibration in this metric.

The advantage of grounding the validation in this construction is that no clean reference signal is required at any
point. The framework only needs the deployed classifier to produce a calibrated entropy. If the entropy correlates
with the inaccuracy of the classifier on the generated input, then it is a usable per-instance trustworthiness
indicator, and discarding high-entropy generations should improve aggregate downstream performance. This is
testable, and we test it in the next section.

IV. EXPERIMENTAL RESULTS

We evaluate the framework on the held-out test split of 15,377 PPG segments. Three input regimes are
compared: the clean source-domain inputs (the original Deepbeat test set, which the classifier was trained for),
the noisy test domain (after additive-Gaussian corruption), and the GAN-denoised inputs (after the noisy
waveforms have been processed by the trained 1D Pix2pix generator). For each regime we compute aggregate
classification metrics, the per-class reliability diagram, and the change in performance after retaining only the
lower 75% of generations by predictive entropy.

A. Aggregate Classification Performance

Table II. AF classification performance metrics across input regimes. The low-uncertainty subset retains
the 75% of denoised examples with the smallest predictive entropy.

Condition AUC F1 MCC (80% MCC (80% | Sens@80%Spec | Bal. Acc.

Sens.) Spec.) (7=0.5)
Clean source domain 0.84 0.71 0.51 0.50 0.71 0.76
Noisy test domain 0.75 0.65 0.37 0.26 0.45 0.69
GAN-denoised (full) 0.80 0.66 0.43 0.37 0.56 0.71
Denoised, low-uncertainty 0.85 0.70 0.52 0.49 0.70 0.77
75%

Table II makes the central numerical claims of the paper precise. Adding noise costs 9 percentage points of AUC,
6 of F1, 14 of Matthews correlation coefficient at the 80% sensitivity operating point, and 7 of balanced
accuracy at the 0.5 decision threshold. Running the noisy waveforms through the 1D Pix2pix generator recovers
approximately half of these losses without any change to the classifier itself. Filtering the denoised set on
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predictive entropy, retaining only the lower-entropy 75% of generations, recovers the remaining gap and
modestly exceeds the clean-source baseline on AUC, F1, and balanced accuracy. The improvement at the
operating-point metrics is similar in pattern: the MCC at 80% sensitivity matches the clean-source value, and the
sensitivity at 80% specificity is within one percentage point of the clean-source figure.

That the filtered subset can exceed the clean-source baseline is at first surprising. The mechanism is that the
entropy-based filter discards examples on which the source classifier itself was already uncertain in the clean-
source baseline — patients whose underlying signal morphology is ambiguous or whose AF episodes are partial
and brief. The denoising step does not transform these segments into easier examples, but it does preserve the
entropy signal that allows them to be flagged. The clean-source baseline does not benefit from the same filtering
opportunity in our analysis because the comparison is at the full test-set level. We return to this interpretation in
the discussion.
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Figure 3. Receiver operating characteristic curves for the four input regimes. The denoised + filter regime tracks the clean-
source curve and exceeds it at low false-positive rates.

Figure 3 plots the receiver operating characteristic for each regime. The clean-source curve and the filtered-
denoised curve are visibly close in the moderate-to-high specificity regime, while the noisy curve is uniformly
the worst. The full denoised curve falls between the two extremes. The shape of the curves indicates that the
entropy filter reshapes the operating-point envelope in a way that benefits applications where false positives are
more costly than false negatives (a regime relevant for ambulatory AF screening, where excessive false alerts
erode user adherence).

B. Reliability Analysis
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Figure 4. Per-class reliability diagrams across the three input regimes. The dashed line of slope Y% is the heuristic perfect-
calibration target for a binary classifier.

Figure 4 shows the per-class reliability diagrams. The clean-source diagram (left panel) confirms that the source
classifier is moderately well calibrated in its native domain, with a Uncertainty Calibration Error of 0.051 and
bins broadly tracking the heuristic perfect-calibration line. The noisy regime (centre panel) inflates the
calibration error to 0.072 and produces a noisier per-bin profile, with the AF and non-AF curves diverging more
visibly. The denoised regime (right panel) restores calibration to a UCE of 0.025 — substantially better than the
clean-source baseline. This is the most striking calibration result in the paper. Calibration improves not because
the classifier itself improves but because the generator suppresses the noise component that previously injected
mass into the high-entropy bins without corresponding shifts in the conditional risk.

A subtlety worth noting is that the lowest entropy bin for AF examples retains residual miscalibration in all three
regimes. All AF predictions in this bin are misclassified as non-AF, repeating a finding reported by Bench et al.
(2025) on the same dataset and architecture. This is consistent with a class imbalance problem at the operating
point of high confidence, where the classifier defaults to the majority prediction even on confident-AF segments.
This pattern survives both the noise injection and the denoising step, indicating that it is a property of the source
classifier rather than of the generative pipeline. A practitioner relying on entropy filtering to triage cases for
clinician review should therefore be cautious about the lowest-entropy AF predictions, where confidence is high
but accuracy is poor.

C. Sensitivity of the Entropy Estimate to the Generator
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Figure 5. Predictive entropy on noisy versus denoised inputs across the test set. Moderate correlation indicates the entropy
estimate captures generator-specific information, not only raw measurement quality.

A natural concern with the proposed framework is that the entropy estimate might be insensitive to the generator
and instead reflect only properties of the underlying measurement. If high-entropy denoised segments simply
correspond to high-entropy noisy segments, then no additional value is added by the entropy step beyond what
could be obtained by inspecting the noisy input directly. Figure 5 addresses this concern by plotting the per-
instance predictive entropy on the noisy input against the entropy on the denoised input. The Pearson correlation
is 0.682 and the Spearman rank correlation is 0.594. These values are high enough to indicate that measurement
quality contributes to the entropy estimate, but low enough that the denoising operation produces a distinct
entropy signal — one that cannot be reduced to the entropy of the noisy input. The rolling mean (solid line) lies
above the identity line at low denoised entropy, indicating that the generator typically reduces entropy below the
level it would have on the raw noisy input, but not always. Cases where the rolling mean approaches the identity
line correspond to inputs where the noise is sufficiently extreme that the generator cannot recover a confident-
looking output.

D. Filtering Threshold Analysis
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Figure 6. Performance metrics on the denoised test set as a function of the entropy retention threshold. Lower retention
corresponds to a stricter trustworthiness criterion.

The 75% threshold reported in Table II was chosen for ease of interpretation rather than as the result of a tuned
optimum. Figure 6 traces the AUC, balanced accuracy, and F1 score as the retention threshold varies from 100%
(no filter) down to 25% (most stringent filter). All three metrics increase monotonically as more high-entropy
generations are discarded, with diminishing returns past the 50% retention level. This monotonicity is a strong
indicator that the entropy estimate behaves as a useful per-instance ranking of trustworthiness, and that the
calibration result of Figure 4 is not an artefact of the particular bin spacing used in the reliability diagram. A
practitioner can therefore choose the threshold based on the operational tolerance for triage: a stricter threshold
produces a smaller, higher-quality cohort whose downstream decisions are more reliable, while a more
permissive threshold trades quality for coverage.

It is also worth noting that the relative ranking of the three metrics in Figure 6 is preserved across the entire
retention range. AUC remains higher than balanced accuracy, which remains higher than F1 across all thresholds,
suggesting that the entropy filter does not selectively improve one metric at the expense of another. This
robustness is a desirable property for a triage signal that may be applied across heterogeneous downstream
operating-point requirements.

V. DISCUSSION

The empirical results support three claims. First, generative input-space domain adaptation is an effective
strategy for closing a controlled distribution gap between a noisy test domain and a frozen source classifier.
Second, the predictive entropy of the source classifier on the generated inputs is a usable per-instance
trustworthiness indicator. Third, calibration of this indicator can be assessed and externally grounded without
access to clean reference signals. We now interpret each of these claims in turn and identify their limits.

A. Why the Filter Beats the Source Baseline

That the filtered denoised regime exceeds the clean-source AUC is at first counterintuitive. A reasonable prior is
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that the clean source ought to be the best-case ceiling, since the classifier was trained on it. The mechanism is
that the entropy filter functions as a triage signal that removes ambiguous examples from the evaluation cohort.
These examples — short AF episodes near the segment boundary, patients with intermediate sinus arrhythmia,
low-perfusion measurements with weak pulsatile components — are present in the clean-source test set as well,
where they similarly degrade aggregate performance. The filter does not improve the classifier on these
segments; it withdraws them from the cohort. The denoised set benefits from the entropy filter because the noise
injection redistributes the entropy signal in a way that exposes more of these ambiguous cases for triage, without
strongly correlating with the AF label itself.

This interpretation has an operational consequence. The reported metric improvements are not a claim that the
GAN can produce better-than-clean inputs. They are a claim that the entropy filter is a useful triage signal whose
effectiveness can be tested on the denoised set and is preserved across input regimes. A fair comparison would
apply the same entropy filter to the clean-source set; we expect it would produce a similar lift. The contribution
of the framework is the validation methodology, not the absolute accuracy ceiling.

B. Comparison with Standard Validation Strategies

Standard validation strategies for generative biosignal models fall into three categories. The first is reference-
based pixelwise or sample-wise error: mean-squared error, signal-to-noise ratio, or structural similarity
computed against a clean reference (Wang et al., 2004; Hore and Ziou, 2010). These are not available at
deployment time because the clean reference is precisely what the generator is supposed to recover. They are
also weakly aligned with operational outcome — a generation can have low mean-squared error and still cause
the downstream classifier to fail catastrophically. The second category is distributional metrics such as the
Fréchet Inception Distance and its biosignal analogues (Heusel et al., 2017; Wu et al., 2025). These provide a
cohort-level summary that is useful for benchmarking generator architectures but cannot indicate whether a
specific generated waveform should be trusted. The third category is reference-free quality scores such as
BRISQUE (Mittal et al., 2012). These were calibrated on natural images and lack a meaningful biosignal
counterpart; ad-hoc 1D adaptations exist but their alignment with downstream classification utility has not been
established.

The decision-theoretic alternative side-steps all three difficulties. It does not need a reference signal. It produces
a per-instance score. Its alignment with downstream operational outcome is not assumed but constructed: the
entropy is the conditional risk under the misclassification loss faced by the deployed system, and its calibration
is therefore directly testable against the empirical inaccuracy of that system. The framework thus offers a
particularly natural fit for clinical-Al deployments, in which the relevant outcome is a binary or small-cardinality
decision and the cost of being wrong is well-understood.

C. Limitations and Threats to Validity

Several limitations qualify the conclusions. First, the noise injection used to construct the test domain is simpler
than the noise structure encountered in deployed wearables. Real motion artefact is bursty, frequency-dependent,
and correlated with cardiac state in ways that additive Gaussian noise does not capture. The framework does not
depend on the noise model, but the empirical magnitude of the recovery and the calibration of the entropy
estimate would change under more realistic corruption (Masinelli et al., 2021). The next step would be to repeat
the analysis with a calibrated wearable-noise generator that incorporates motion artefact and ambient-light
intrusion.

Second, the framework as stated relies on the calibration of the source classifier on its native domain. If the
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classifier is itself miscalibrated under the source distribution, the entropy estimate cannot be expected to be
calibrated under the generated distribution either. Modern over-parameterised classifiers are known to be over-
confident by default (Guo et al., 2017) and post-hoc calibration is not always portable across distributions
(Ovadia et al., 2019). A practical deployment of the framework should include a separate calibration check on a
held-out clean-source split before relying on the entropy estimate as a triage signal.

Third, the misclassification loss is the simplest possible decision cost. Many downstream applications require
richer cost structures — false positives and false negatives that carry different operational consequences,
decisions involving more than two classes, or sequential decisions in which the cost depends on history. Smith et
al. (2024) describe how the decision-theoretic framework generalises in each of these directions, but the
resulting expressions of conditional risk no longer reduce to predictive entropy. Adapting the calibration metric
to non-trivial loss functions, particularly to the F1 cost which depends on global true-positive and false-negative
tallies, is not straightforward and is left to future work.

Fourth, our generator is intentionally simple. More sophisticated diffusion-based denoisers (Ho et al., 2020) and
conditional VAEs (Kingma and Welling, 2014) have shown stronger reconstruction performance for biosignals
in recent literature. The validation framework does not depend on the generator class, but a comprehensive
comparison across generator architectures — including a stress-test of how the entropy calibration behaves under
generators that produce more aggressive, higher-fidelity outputs — would clarify whether the calibration result
we report transfers cleanly. We hypothesise that more capable generators will produce larger gaps between
filtered and unfiltered denoised performance, but this is a claim to be tested rather than asserted.

D. Practical Implications

For practitioners deploying a generative domain-adaptation step in front of a fixed clinical classifier, the
framework yields a straightforward operational protocol. The deployed system computes the predictive entropy
of the classifier on each generated waveform and uses this scalar as a triage signal. Below a threshold
determined by acceptable triage volume, the prediction is acted on. Above the threshold, the case is escalated for
clinician review, additional measurement, or a deferred decision. The threshold itself is set by the operational
tolerance for triage, not by the calibration analysis, which only certifies that the entropy is a meaningful ranking.
The protocol is fully compatible with regulator-approved frozen classifiers and does not require retraining the
upstream model when the generator is updated.

This pattern resonates with the broader literature on industrial Al deployment. Lu (2025), Lu (2019), and Zhang
and Lu (2021) have argued that the maturation of Al in operational settings depends less on raw model accuracy
than on the surrounding scaffolding — drift detectors, calibration monitors, fallback policies, and triage signals
— that allows imperfect models to be used safely. The DTUQ framework presented here is one concrete instance
of that scaffolding, tailored to the specific case where a generative model has been inserted into an existing
inference pipeline.

E. Per-Class Asymmetries and Their Operational Significance

A striking observation across all three input regimes is that the AF and non-AF reliability curves do not coincide.
In the lowest-entropy bin, AF examples are misclassified at a rate close to one, whereas non-AF examples in the
same bin are misclassified at a rate close to zero. This pattern is consistent across the clean, noisy, and denoised
regimes, indicating that it is a property of the source classifier rather than an artefact introduced by the generator.
The mechanism is plausible: under the prevalence of non-AF segments in the wider PPG distribution, the
classifier learns to default to the non-AF class when it is highly confident, and the highest-confidence predictions
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concentrate on segments whose morphology is unambiguously regular — which excludes most AF segments by
construction.

The operational significance of this asymmetry is non-trivial. A naive deployment that treats low entropy as
evidence of a trustworthy prediction will systematically overlook a population of AF cases that the classifier has
confidently mislabelled. The DTUQ framework as we have described it does not, by itself, correct this failure
mode. It does, however, expose it. By inspecting per-class reliability rather than only the population-level UCE,
an analyst can identify the entropy regimes in which the classifier is reliable for one class and not for the other,
and configure the triage threshold accordingly. A two-sided thresholding policy — triage at high entropy, but
also flag low-entropy AF predictions for additional review — would be a natural extension.

This kind of class-conditional triage is particularly relevant for screening applications in which the prevalence of
the positive class is low and the cost of false negatives is high. Cardiac monitoring is an exemplar: missed AF
episodes in elderly populations are associated with increased stroke risk, and the population-level prevalence of
AF in unselected screening cohorts is below 5%. A triage policy that quietly suppresses AF positives in the low-
entropy regime would be exactly the kind of silent failure that the framework is designed to surface.

F. Threats from Distribution Shift Beyond the Noise Regime

The noise injection used in our experiments produces a domain shift that is symmetric across patients and
stationary in time. Real ambulatory deployments face distribution shift along several other axes that the present
analysis does not stress-test. Drift across patient demographics — age, vascular tone, skin pigmentation —
affects both the morphology of the underlying PPG signal and the noise structure imposed by the optical sensing
modality. Drift across device generations introduces systematic differences in sampling rate, optical path
geometry, and analogue front-end behaviour. Drift across activity contexts — sleep, ambulation, vigorous
exercise — changes the spectral content of motion artefact and the baseline characteristics of the pulsatile signal.
None of these shifts is captured by additive Gaussian noise.

The DTUQ framework is in principle robust to all of these shifts in the sense that the entropy estimate continues
to be defined and continues to correspond to the conditional risk of the deployed system. What is not guaranteed
is that the calibration of the entropy estimate, established on a controlled noise-injection benchmark, will
transport to a setting where the underlying generator faces a distinctly different domain shift. This is the same
calibration-portability concern raised by Ovadia et al. (2019) for general-purpose classifiers, applied here to the
generator-classifier pipeline. A defensive deployment should include a calibration monitor that periodically re-
evaluates the UCE on a small labelled audit cohort and triggers recalibration or model rollback when the audit
metric drifts beyond a tolerance.

G. Relationship to Existing Calibration Frameworks

The DTUQ framing is compatible with the broader calibration literature but reframes the validation question in
an operationally specific way. Standard calibration metrics — expected calibration error (Naeini et al., 2015),
maximum calibration error (Guo et al., 2017), and the bin-wise scaling consistency analysis of Pernot (2023) —
measure how well predicted probabilities track empirical frequencies. They are agnostic to the loss function
under which those probabilities will be acted on. The Uncertainty Calibration Error used here measures
something subtly different: it asks whether the predictive entropy, treated as a per-instance proxy for the
conditional risk, tracks empirical inaccuracy. For a binary classifier under misclassification loss the two notions
coincide up to the heuristic factor of one half. For richer loss structures they diverge, and the appropriate
calibration metric is the one consistent with the loss in deployment, not a generic probabilistic calibration.
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This framing matters because it forces the calibration analysis to be loss-aware. A generator that produces
outputs whose downstream predictions are well-calibrated under cross-entropy may be poorly calibrated under a
screening cost that penalises false negatives at five times the rate of false positives. The DTUQ framework, by
anchoring the calibration analysis in the conditional risk under the deployment loss, makes this distinction
explicit and gives the practitioner a way to detect mismatches between training-time calibration and deployment-
time consequences. We see this as a strength of the framework rather than a complication: it makes the
validation process trace cleanly back to the operational consequences that motivated it in the first place.

VI. CONCLUSION

Generative deep learning models offer a flexible mechanism for closing the train-test distribution gap that limits
deep classifiers in real-world deployments. They also introduce a validation problem that traditional reference-
based metrics cannot solve, because the clean reference signal is exactly what the generator is supposed to
produce. We have argued that this validation problem is best framed in decision-theoretic terms: the appropriate
measure of trustworthiness is the conditional risk that the deployed system faces given the generated input.
Concretely, in a binary classification setting, this risk is monotonically related to the predictive entropy of the
source classifier on the generated waveform. The entropy is therefore a per-instance, reference-free,
downstream-aligned trustworthiness indicator that can be calibrated against empirical inaccuracy on a held-out
evaluation set.

Applied to a wearable PPG atrial fibrillation classification task with a 1D Pix2pix denoiser, the framework
recovers most of the AUC lost to additive noise injection, and a simple entropy-threshold filter pushes the
remaining-cohort metrics modestly above the clean-source baseline. The Uncertainty Calibration Error of the
entropy estimate on the denoised inputs is 0.025, lower than the 0.051 measured on the clean source domain.
Per-instance correlations between the entropy on noisy and denoised inputs (Pearson 0.682, Spearman 0.594)
confirm that the entropy estimate is sensitive to the generative step and not merely a reflection of raw input
quality. The threshold-versus-performance analysis indicates that the gain from filtering is monotonic across
reasonable retention levels, supporting practical deployment.

The methodology generalises naturally to any setting in which a generative step feeds a downstream predictor
whose decision cost is well-defined. Future work should extend the framework to richer noise models, non-
trivial decision costs such as Fl-style imbalance penalties, more capable generative architectures including
diffusion-based denoisers, and longitudinal deployments in which the generator and classifier may drift on
different timescales. The central message, however, is simple. When the ground truth is missing, the right
validation question is not how close the generation is to a reference that cannot be observed, but how reliable the
decision is that the generation enables. Predictive entropy, properly calibrated, answers that question.
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