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Abstract

Conditional generative adversarial networks (cGANs) are routinely used to adapt
physiological signals across acquisition domains so that downstream classifiers
can be reused without retraining. A persistent obstacle to deploying these models
in clinical or consumer settings is the absence of a per-instance reliability indicator
that does not require paired ground-truth references. Standard image-quality
scores, distributional metrics such as the Fréchet distance, and likelihood-style
proxies are either defined globally, depending on visual statistics that do not
transfer to one-dimensional waveforms, or rely on assumptions specific to
diffusion models. This paper develops a downstream task-driven paradigm in
which the predictive entropy of a fixed downstream classifier serves as the per-
instance trustworthiness signal for a cGAN-adapted output. The approach is
grounded in a decision-theoretic interpretation of misclassification cost, which
yields a Bayes-optimal accept/reject rule and a calibration metric that uses no
labels for the generated waveforms themselves. The framework is evaluated on a
25-second wearable photoplethysmography dataset for atrial fibrillation detection.
A one-dimensional Pix2pix-style cGAN is trained to reverse additive noise on the
test side of the domain. Selecting the lowest-uncertainty 75% of adapted
waveforms recovers the AUROC of the clean-input upper bound (0.85 vs. 0.84)
and reduces the Uncertainty Calibration Error from 0.071 on noisy inputs to 0.027
on adapted inputs. The Pearson correlation between noisy and adapted entropies is
0.71, indicating that the uncertainty signal tracks generator-induced changes rather
than residual measurement properties. These results show that a downstream task
can act as a principled, label-free reliability oracle for conditional generators in
physiological time-series analysis.

Keywords: Conditional generative adversarial networks; Domain adaptation;
Uncertainty quantification; Decision theory; Photoplethysmography; Atrial
fibrillation; Trustworthy machine learning

I. INTRODUCTION

Atrial fibrillation is the most prevalent sustained cardiac arrhythmia worldwide and a leading cause of ischemic
stroke. Its paroxysmal forms are notoriously hard to capture during scheduled clinic visits because episodes are often
short, asymptomatic, and unrelated to the timing of any planned recording (Halcox et al., 2017). Continuous,
ambulatory monitoring is the only practical pathway to early detection in the asymptomatic population, and the
regulatory and infrastructure cost of long-term Holter monitoring rules it out as a population-scale screening instrument.
Wearable optical sensing has emerged as the natural alternative.
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Wearable optical heart-rate sensors have moved from fitness accessories to instruments of cardiovascular

surveillance. Photoplethysmography (PPG), the technique that measures pulsatile blood-volume changes through skin-
light interaction, is now built into wristbands and rings used by tens of millions of people, and a growing body of
clinical evidence supports its role in screening for atrial fibrillation (AF) outside of the cardiology clinic (Perez et al.,
2019). Deep neural networks trained on curated PPG corpora achieve diagnostic-quality discrimination of AF from
sinus thythm when the input waveforms resemble the training distribution in amplitude statistics, baseline behavior, and
noise content (Bumgarner et al., 2018).

The bottleneck is rarely the model and almost always the input. Wearables are deployed in environments that
violate the assumptions of any fixed training corpus: motion artifacts, ambient light leakage, sensor displacement, low
perfusion, and skin-tone-dependent absorption all distort the morphology of the pulsatile signal in ways that no
preprocessing chain can eliminate (Pollreisz and TaheriNejad, 2022). The mismatch is a domain-adaptation problem
with a particularly inconvenient shape: the source domain (clean clinical recordings) and the target domain (in-the-wild
wearable traces) share clinical labels, but no paired waveforms exist that simultaneously satisfy both distributions.
Retraining the classifier on noisy data is expensive and erodes performance on the clean cases that remain the gold
standard.

An attractive alternative is asymmetric input adaptation by means of a conditional generative adversarial network
(Mirza and Osindero, 2014). The generator is trained to map a noisy input back onto the manifold of clean training
examples, and the existing classifier is reused without modification. This pattern preserves the diagnostic model,
isolates the adaptation problem in a small, dedicated module, and makes the entire pipeline auditable in deployment. It
has, however, a well-known failure mode: a generative model can fabricate waveform features that are locally realistic
but diagnostically misleading. A short ectopic beat may be smoothed into a regular pulse; a region of pure noise may be
replaced by a morphologically plausible cycle that bears no relation to the underlying hemodynamics. Because there is
no paired clean reference for a real wearable trace, the operator has no way of knowing whether a particular adapted
waveform is a faithful reconstruction or a dangerous hallucination.

This paper takes the position that the missing reliability signal should be sourced from the downstream classifier
rather than from the generator. The intuition is that a generator output is useful in proportion to how confidently the
downstream model can act on it; conversely, an adapted waveform that pushes the classifier into a high-entropy state is
unlikely to support a defensible diagnostic decision regardless of how visually plausible it appears. This intuition has
been used informally for years in the evaluation of generative models, since classifier accuracy on synthetic data has
long been a sanity check for image GANs (Theis et al., 2016), but it has not been formalized as a calibration framework
that can produce per-instance accept/reject decisions in a clinical pipeline.

The contribution of this work is to formalize the downstream-task signal as an instance of decision-theoretic
uncertainty quantification, to derive a Bayes-optimal accept/reject rule from the misclassification loss, and to evaluate
the resulting paradigm on a wearable PPG corpus annotated for AF. The proposed method requires no ground truth for
the adapted waveforms, no specialized loss inside the generator, and no modifications to the downstream classifier. It is
therefore applicable to any deployment in which a frozen discriminative model is paired with a conditional generator
and the operator needs a per-instance trust score (Geifman and El-Yaniv, 2017).

The empirical contribution is a controlled study on a 25-second PPG corpus drawn from a Deepbeat-style
benchmark, in which a one-dimensional Pix2pix cGAN is trained to reverse a calibrated additive-noise corruption on
the test side of the domain (Isola et al., 2017). The downstream classifier is a frozen one-dimensional AlexNet variant
trained only on clean signals (Krizhevsky et al., 2017). Across a battery of metrics, retaining the lowest-uncertainty
75% of adapted waveforms recovers the AUROC of the clean-input upper bound, improves the Matthews correlation
coefficient at fixed-specificity operating points, and shrinks the Uncertainty Calibration Error from 0.071 on noisy
inputs to 0.027 on adapted inputs. A scatter analysis between noisy and adapted entropies confirms that the uncertainty
signal responds to generator-induced changes rather than to residual noise measurement.
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The paper proceeds as follows. Section II survey’s reliability estimators for generative models and motivates the

gap that the downstream-task paradigm fills. Section III formalizes the decision-theoretic argument and links predictive
entropy to a Bayes-optimal accept/reject rule. Section IV details the dataset, the generator, and the calibration protocol.
Section V reports the quantitative experiments, including reliability diagrams, filtering ablations, and an analysis of how
generator-induced changes propagate into the uncertainty signal. Section VI discusses the limitations of the approach
and the conditions under which it generalizes beyond binary classification. Section VII concludes.

II. RELATED WORK

Reliability estimators for the outputs of conditional generative models can be grouped, by purpose, into three
families: distributional metrics, no-reference quality scores, and uncertainty-calibration approaches. Each was
developed for a specific use case, and each transfers imperfectly to the physiological time-series setting that motivates
this work. A broader survey of generative-model evaluation may be found in Borji (2019).

Distributional metrics, chiefly the Fréchet Inception Distance and its variants, score a population of generated
outputs against a reference set by comparing summary statistics in a feature space (Heusel et al., 2017). They have
become the de-facto evaluation tool for image GANs because they are sensitive to mode collapse and correlate roughly
with human judgments of realism on natural images. Two limitations are decisive for the present setting. First, the
metric is global: it returns to a single scalar that describes the population, not the example, so it cannot inform an
accept/reject decision on a particular waveform. Second, the Inception feature space was trained on natural images, and
its transfer to non-photographic domains, including biomedical imaging and one-dimensional waveforms, is poorly
characterized.

Population-level evaluation has been refined through precision-and-recall decompositions that disentangle sample
fidelity from coverage of the reference distribution (Sajjadi et al., 2018). Subsequent improvements address the bias and
variance of these estimators in finite-sample regimes (Kynkaanniemi et al., 2019). However, none of these refinements
yields a per-instance trust score, and none has been validated on physiological signals; the dispersion of FID rankings
under different feature backbones remains a documented obstacle to cross-domain transfer.

No-reference image-quality scores rate the perceptual quality of an example against a learned natural-scene
statistical model. They are attractive in principle because they operate per-instance and require no paired reference. In
practice, however, the embedded statistics encode assumptions about edges, textures, and luminance distributions that
have no analogue on a 25-second pulsatile waveform. Designing a comparable handcrafted metric for PPG would
require a morphology-aware feature space that captures the diagnostic content of the signal (Charlton et al., 2018), and
the construction of such a feature space is itself the problem the downstream classifier already solves.

Uncertainty-calibration approaches associate each output with self-reported confidence and ask whether the
magnitude of that confidence correlates with the prediction error (Guo et al,, 2017). The approach has a clean
theoretical foundation in classical measurement theory, in which a calibrated estimator's uncertainty interval should
cover the true value at the stated rate. Calibration analysis has been adapted to deep discriminative models in numerous
forms, including Bayesian approximations through Monte Carlo dropout (Gal and Ghahramani, 2016) and ensemble
disagreement signals (Lakshminarayanan et al., 2017). The limitation in the cGAN setting is structural: a cGAN does
not expose a tractable likelihood, and there are typically no paired ground truths against which the per-instance
reconstruction error can be measured. Calibration analysis without an error measurement is undefined.

Within the broader uncertainty-quantification literature, the distinction between aleatoric and epistemic components
has been formalized as a tool for model auditing (Hullermeier and Waegeman, 2021). Complementary literature on out-
of-distribution detection studies the question of whether a model can flag inputs that lie outside its training distribution
(Hendrycks and Gimpel, 2017). Approximate posterior methods such as the stochastic weight-averaging Gaussian
provide computationally efficient ways to harvest predictive variance (Maddox et al., 2019). Recent comprehensive
reviews catalogue the explosion of techniques and document their relative strengths under distribution shift (Abdar et
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al., 2021).

A small but growing literature uses a downstream classifier as a proxy oracle for generator quality. The
classification-accuracy-as-test paradigm has been applied to GAN evaluation in computer vision (Salimans et al., 2016),
and a closely related construction has been used to evaluate calibration in generative modeling under distribution shift
(Ovadia et al., 2019). The novelty of the present work lies in instantiating the construction for one-dimensional
physiological time series, in deriving the Bayes-optimal accept/reject rule for the binary AF task, and in showing
empirically that the resulting uncertainty signal tracks generator-induced morphological changes rather than the residual
properties of the noisy input.

A second line of related work concerns deep generative models such as denoising operators on biomedical time
series. GAN-based denoisers have been reported for ECG signals, with adversarial losses producing more perceptually
realistic outputs than purely L2-driven alternatives (Singh and Pradhan, 2021). Auxiliary-classifier formulations have
been used to jointly synthesize and recognize arrhythmia waveforms (Wang et al., 2019). Variational autoencoders have
been deployed for ECG dimensionality reduction with comparable fidelity (Dasan and Panneerselvam, 2021). The
Pix2pix architecture used in this paper is the conditional generative descendant of these approaches (Goodfellow et al.,
2014); the present work departs from them in scope rather than in mechanism, by asking whether the outputs can be
trusted on a per-instance basis when paired clean references are unavailable.

A third line concerns selective prediction and conformal filtering. Selective prediction methods couple a base
classifier with a rejection rule that abstains on examples whose predicted confidence falls below a threshold, and they
are now standard in safety-critical machine learning (El-Yaniv and Wiener, 2010). The selective-prediction view of the
proposed paradigm is that the downstream classifier's predictive entropy serves as the rejection signal for the generator's
outputs, and the calibration analysis of Section III amounts to a validation of that rejection rule against the operating-
point structure of the downstream task. What distinguishes the present work from generic selective prediction is the
explicit decision-theoretic derivation, which makes the choice of entropy rather than, say, max-softmax probability a
consequence of the misclassification loss rather than a heuristic preference (Naeini et al., 2015).

Finally, the broader transfer-learning and domain-adaptation literature provides the conceptual scaffolding for the
input-side adaptation strategy adopted here. The taxonomy of transfer learning was articulated more than a decade ago
and remains a useful framework for situating modern approaches (Pan and Yang, 2010). Adversarial alignment of
feature distributions across domains has produced strong results in image classification (Ganin et al., 2016), and an
extension of that idea to discriminative adversarial alignment further refined the approach (Tzeng et al., 2017). Deep
adaptation networks with kernel-based discrepancy minimization constitute a complementary direction (Long et al.,
2015), as does second-moment correlation alignment (Sun and Saenko, 2016). Pixel-level adversarial adaptation
(Bousmalis et al., 2017) and cycle-consistent translation (Zhu et al., 2017) provide methodological precursors to one-
dimensional PPG adaptation, and recent surveys catalogue the resulting design space (Wilson and Cook, 2020). Cycle-
consistent adaptation closed the loop in the case where paired data are unavailable (Hoffman et al., 2018).

III. METHODOLOGY

This section develops the downstream task-driven paradigm in three steps. The first step states the domain-
adaptation problem and fixes notation. The second step derives the Bayes-optimal accept/reject rule for the binary
classification setting from the misclassification loss and shows that the predictive entropy is a monotone proxy for the
resulting risk. The third step formalizes the calibration analysis, which is run against the downstream classifier's labels
rather than against ground truths for the adapted waveforms.

A. Problem formulation
Let D_train index a clean source domain on which a discriminative classifier f phi has been trained, where x;is a

25-second clean PPG waveform and y;is its AF label in {0, 1}. Let D _test denote a target domain whose marginal
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distribution P(x) differs from that of D train but whose joint distribution P(x, y) is preserved. The labels are still

derived from synchronized ECG, even when the PPG itself is corrupted by motion or ambient interference. The aim of
asymmetric input adaptation is to learn a mapping G_theta that transports D_test back onto the input manifold of
D train so that f phi can be reused without retraining. Concretely, G_theta is a conditional generator that takes a noisy
wearable waveform as input and returns a denoised counterpart intended to behave statistically like a member of
D _train (Bashar et al., 2019).

Two properties of this formulation are worth emphasizing. First, the classifier f phi is frozen throughout. The
adaptation problem is solved entirely on the input side, which preserves the diagnostic guarantees that the classifier was
originally validated against and isolates the adaptation behavior in a single auditable component (Esteva et al., 2019).
Second, no paired (noisy, clean) waveforms exist for real wearable recordings. The training pairs used to fit G_theta are
constructed by applying a calibrated noise model to clean training examples, and the supervision available for the
deployed model at test time is exactly the supervision that f phi can produce for itself.

B. Decision-theoretic uncertainty

Decision-theoretic uncertainty quantification replaces the abstract notion of a calibrated probability with an explicit
loss function defined over actions and outcomes. An action a in A is a decision that the operator might take, an outcome
z in Z is a state of the world, and a loss function L (a, z) encodes the cost of acting a when the outcome is z. Given a
posterior belief p (z | x) over outcomes conditioned on the available evidence X, the conditional risk of action a is the
expected loss under that belief, and the Bayes-optimal action minimizes this risk.

For the binary AF classification setting, the action set is the label space, A = {0, 1}, and the misclassification loss is
L (a, y) = 0 when a =y and 1 otherwise. The conditional risk of predicting class a given evidence x reduces to the
probability mass that the posterior places outside of class a, namely 1 — p (a | x). The Bayes-optimal action is therefore
the class with the largest posterior probability, and the Bayes risk attached to that action is one minus the maximum of
the posterior. In binary classification, this Bayes risk is monotone in the predictive entropy of the same posterior:
entropy increases as the maximum posterior probability decreases. The predictive entropy of the downstream classifier
is therefore a sufficient summary of the decision-theoretic trust signal for the AF task, and it is the quantity that the
remainder of the paper uses (LeCun et al., 2015).

Two consequences of this construction are practically important. First, the trust signal is computed on the output of
the downstream classifier, not on the output of the generator, which means that the same machinery applies to any
generator architecture so long as a fixed classifier sits on the downstream end. Second, the calibration analysis required
to validate the trust signal can be performed against the labels of the downstream classification problem rather than
against ground truths for the adapted waveforms. The former are typically available; the latter are typically not.

It is worth pausing on the relationship between the predictive entropy and the Bayes risk in more detail. In the
binary case, the Bernoulli entropy is a strictly concave function of the predicted probability that peaks at p = 0.5 and
decreases symmetrically as p moves toward zero or one. The Bayes risk under the misclassification loss is the minimum
of pand 1 - p, which is also a strictly concave function with the same single peak at p = 0.5. The two quantities are not
linearly related, but they are monotone over each half of the probability simplex, which is the property that the
calibration analysis exploits: any monotone transformation of the Bayes risk preserves the ordering of examples by trust,
and the predictive entropy is the canonical such transformation (Hannun et al., 2019).

C. Conditional generator and downstream classifier

The generator G_theta follows the one-dimensional Pix2pix design. Its backbone is a U-Net with seven encoding
blocks and seven decoding blocks (Ronneberger et al., 2015). Each encoding block is a one-dimensional convolution
with kernel size four, stride two, and padding one, followed by a leaky ReLU activation with negative slope 0.2 and
instance normalization (Ulyanov et al., 2017). Each decoding block applies to a transposed convolution with the same
kernel and stride and a ReLU activation. Long-range skip connections concatenate encoder activation with the
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corresponding decoder features at matching scales. The discriminator is a fully convolutional PatchGAN that classifies

overlapping windows of the joint (input, output) tensor as real or generated. The loss combines an adversarial term with
an L1 reconstruction term against the paired clean signal; the L1 weight is set to 100 to reflect the importance of
waveform fidelity in the morphology-sensitive AF task. Training uses the Adam optimizer with separate learning rates
for the generator and discriminator (Kingma and Ba, 2015).

Several training-time conventions deserve a brief comment. Dropout is omitted from the generator because instance
normalization already provides sufficient regularization for the modest model size (Srivastava et al., 2014). Batch
normalization is avoided because the small batch size used in adversarial training would induce unstable running
statistics (loffe and Szegedy, 2015). The reconstruction term provides a stabilizing signal that mitigates the well-
documented instability of pure adversarial losses on continuous-valued targets (Arjovsky et al., 2017). Wasserstein-
style critical losses with gradient penalties were not adopted in the present work because the additional Lipschitz
machinery is not needed at the operating point selected, although it would be a natural extension to explore (Gulrajani et
al., 2017).

The downstream classifier f phi is a frozen one-dimensional AlexNet variant trained on clean PPG with stochastic
gradient descent and a binary cross-entropy loss (Simonyan and Zisserman, 2015). The classifier was selected because
it has been independently validated on a Deepbeat-style benchmark and because its architecture is simple enough to
make the calibration analysis interpretable (He et al., 2016). No modifications to f phi are made at any point in the
proposed pipeline. At test time, an adapted waveform is presented to f phi and the predictive entropy of the resulting
Bernoulli posterior is recorded as the trust signal.

D. Calibration analysis

Calibration analysis asks whether the magnitude of the uncertainty signal correlates with the magnitude of the
prediction error. In the binary classification setting, perfect calibration corresponds to a normalized entropy that equals
one half of the misclassification rate within each bin of the entropy distribution. The Uncertainty Calibration Error
summarizes the deviation from this ideal as a weighted sum over equal-width entropy bins, where the weights are the
empirical bin frequencies. A reliability diagram plots the mean inaccuracy in each bin against the mean normalized
entropy and overlays a line of slope one half to mark perfect calibration. Per-class reliability diagrams are reported
alongside the marginal diagram because the AF and non-AF classes have different prevalences and sometimes show
qualitatively distinct calibration profiles (Topol, 2019).

The full calibration analysis uses no ground truths for the adapted waveforms. The misclassification rate that
anchors the metric is computed against the AF labels of the downstream task, which are independently derived from
synchronized ECG recordings and were not used during the training of the generator (Attia et al., 2019). This is the
central practical advantage of the downstream task-driven paradigm: the calibration analysis can be run on any cohort
for which downstream labels exist, regardless of whether paired clean references for the input modality are available.

IV. EXPERIMENTAL SETUP

The experiments are conducted on a custom split of a Deepbeat-style PPG corpus that pairs 25-second waveforms
sampled at 32 Hz with binary AF labels derived from synchronized ECG. The split contains 106,249 training, 15,256
validation, and 15,377 test examples and is constructed so that no participant appears in more than one partition and so
that the AF prevalence is balanced across partitions (Pereira et al., 2020). The summary in the table below documents
the cohort and the preprocessing chain that was applied before any of the deep models saw the data.

Table I. Cohort summary and preprocessing pipeline.

Property Value

Source corpus Deepbeat-style wearable PPG benchmark
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Sampling rate 32 Hz

Window length 25 s (800 samples per window)
Training examples 106,249

Validation examples 15,256

Test examples 15,377

Class balance (test) AF positive 49.6%, AF negative 50.4%

Filter chain low-pass, high-pass, adaptive baseline removal

Normalization range [0, 1] global per-window

Test-side noise model Additive Gaussian, sigma = 0.10, clamped to [0, 2]

The test-side corruption is a calibrated additive Gaussian noise model. Independent samples are drawn for each
waveform and added pointwise; the resulting traces are clamped to the interval [0, 2] to mimic the saturation behavior
of a wearable front end (Tamura et al., 2014). The noise standard deviation is set to 0.10, which produces a domain shift
large enough to materially degrade classifier performance without crossing the threshold at which the diagnostic signal
is destroyed entirely. This calibration preserves the joint distribution P (X, y) on the test side, since the AF label of each
window is unchanged, while shifting the marginal P(x) far enough that retraining-free reuse of the downstream
classifier is no longer adequate (Reiss et al., 2019).

The generator is trained on paired (noisy, clean) windows for 120 epochs. The discriminator learning rate is set to
le-5 and the generator learning rate to 2e-4; the discriminator is updated once before the generator on each minibatch.
Early stopping is triggered by the validation L1 reconstruction loss with a patience of three epochs. The downstream
classifier is loaded from a checkpoint trained on clean data and is never updated thereafter. A summary of the generator
architecture is given in Table II (Radford et al., 2016).

Table II. Generator and discriminator architectural summary.

Component Layer / Configuration Output channels
Generator encoder 1D Conv (k=4, s=2, p=1), LeakyReLU(0.2), 64/128/256/512/
InstanceNorm; 7 blocks 512/512/512
Generator decoder 1D ConvTranspose (k=4, s=2, p=1), ReLU, 512/512/512/256
InstanceNorm; 7 blocks /128/64/1
. . Encoder-to-decoder concatenation at matching
Skip connections . —
resolutions
Output activation tanh, followed by clamping to [0, 1] 1
Discriminator 1D PatchGAN, 1D Conv (k=4, s=2, p=1), 64/128/256/512/
LeakyReLU(0.2) 1
Loss L G=L GAN+100*L L1;L D =squared- o
error PatchGAN

Evaluation uses a panel of metrics that are standard in AF screening. The area under the receiver operating
characteristic curve (AUROC) summarizes ranking quality across all decision thresholds. The F1 score and the
Matthews correlation coefficient (MCC) summarize point performance at fixed operating points; in line with the prior
literature, MCC is reported at the threshold that yields 80% sensitivity and at the threshold that yields 80% specificity
(Sopic et al., 2018). Sensitivity at 80% specificity and specificity at 80% sensitivity captures the two operating-point

trade-offs that clinical screening protocols most often care about. Balanced accuracy with a decision threshold of 0.5 is
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reported as a class-prevalence-robust summary. Calibration is evaluated through the Uncertainty Calibration Error and

the per-class reliability diagrams introduced in Section III.

All experiments are run on a single workstation equipped with an NVIDIA RTX A6000 GPU and 128 GB of
system memory. The generator is implemented in PyTorch 2.1 with mixed-precision training enabled. Each training run
takes approximately fourteen hours; inference on the held-out test set, including both adaptation and downstream
classification, completes in under three minutes. The lightweight inference profile is important from a deployment
perspective: the proposed paradigm is designed to be embedded into a continuous monitoring pipeline that processes
wearable streams in near real time, and the additional cost of the trust signal, which is a single forward pass through the
downstream classifier, is negligible relative to the cost of the adaptation step (Lai et al., 2018).

Two cross-validated robustness checks are performed in addition to the held-out test evaluation. The first is a five-
fold patient-stratified cross-validation of the entire pipeline, performed to confirm that the calibration improvements
reported in the next section are not an artifact of the test split (Litjens et al., 2017). The fold-level standard deviation of
the Uncertainty Calibration Error on the adapted condition is 0.004, well below the gap between the adapted and noisy
conditions, which suggests that the calibration improvement is stable across patient cohorts. The second check is a
noise-amplitude sweep, performed by re-running the adaptation and calibration analysis with the test-side standard
deviation set to 0.05, 0.10, and 0.15. The relative ordering of the three conditions is preserved across all three noise
amplitudes, although the absolute calibration values rise with the noise amplitude as expected (Allen, 2007).

V. RESULTS AND ANALYSIS

The proposed paradigm yields three empirical claims. First, the cGAN-adapted waveforms recover a substantial
fraction of the diagnostic performance lost to the test-side noise model, and selecting the lowest-uncertainty subset of
those waveforms matches or exceeds the clean-input upper bound. Second, the predictive entropy of the downstream
classifier is calibrated in a decision-theoretic sense: it tracks the misclassification rate of the downstream task on the
adapted inputs and yields a smaller Uncertainty Calibration Error than the noisy or clean baselines (Shen et al., 2017).
Third, the entropy signal responds to generator-induced morphological changes rather than to residual properties of the
noisy input, which is the prerequisite for using it as a per-instance trust score on adapted waveforms.

Figure 1 summarizes the proposed paradigm in schematic form. The generation pathway, traced left to right across
the top of the figure, shows how a noisy wearable waveform is transported by the cGAN onto the input manifold of the
frozen AF classifier (Rajpurkar et al., 2017). The decision-theoretic uncertainty pathway, traced right to left across the
lower row, shows how the predictive entropy of the same classifier is fed into a Bayes-optimal accept/reject rule. The
reliability evaluation block at the bottom of the figure is the part of the workflow that does not require ground truths for
adapted outputs: the Uncertainty Calibration Error and the per-class reliability diagrams are computed against the AF
labels of the downstream task.
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Figure 1. Overview of the proposed downstream task-driven paradigm for evaluating cGAN output reliability. The lower
row shows the decision-theoretic pathway that produces a per-instance accept/reject decision without requiring ground-
truth references for adapted outputs.

A. Visual inspection of adapted waveforms

Figure 2 plots three examples drawn from the held-out test set. The top two panels show AF episodes; the bottom
panel shows a non-AF baseline. In each panel, the noisy input is rendered in light gray, the cGAN-adapted output in
dark gray, and the clean reference (used here only for visualization) as a dashed black line. The adapted output recovers
the pulsatile envelope and the inter-beat morphology in all three examples. The first AF example exhibits the variable
inter-beat interval characteristic of fibrillation, and the adapted waveform preserves that variability rather than
smoothing it into a regular rhythm, which is an important property because excessive smoothing would erase the
diagnostic signal that the downstream classifier relies on (Elgendi, 2012). Mild residual ripple is visible at the highest

amplitudes, particularly in the second AF example, and it reflects the soft-fidelity term in the generator loss (Mao et al.,
2017).
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Figure 2. Representative test-set waveforms. Light gray: noisy input. Dark gray: cGAN-adapted output. Dashed black:
clean reference (visualization only; never used by the deployed pipeline).

B. Quantitative classification performance

Table III reports the panel of classification metrics for four input conditions: the clean upper bound, the noisy test-
side input, the cGAN-adapted input, and the adapted input restricted to the lowest-uncertainty 75% of the test set. The
clean upper bound is the performance of the frozen classifier when the test-side noise model is not applied and is
therefore the ceiling that any input-side adaptation method can hope to reach without retraining the classifier
(Hochreiter and Schmidhuber, 1997). The noisy condition is the same classifier evaluated on the test-side noise without
any adaptation and is the floor against which the value of the cGAN can be measured. The adapted condition is the
unfiltered output of the trained cGAN. The filtered condition retains only those adapted examples whose predictive
entropy falls in the lowest 75% of the test-set distribution, a fixed and decision-theoretic threshold chosen prior to
evaluation.

Table III. AF classification performance across input conditions. MCC is reported at fixed-sensitivity and fixed-specificity
operating points. The filtered subset retains the lowest-uncertainty 75% of cGAN-adapted waveforms.

Condition | AUROC F1 | MCC@80%Sens | MCC@80%Spec | Sens@80%Spec | Spec@80%Sens izlc
Clean
(oracle 0.84 0.71 0.51 0.50 0.71 0.72 0.76
ceiling)
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Noisy 0.75 10.65 0.37 0.26 0.45 0.58 0.69

cGAN-
adapted 0.80 0.66 0.43 0.37 0.56 0.64 0.71

(all)

cGAN-
adapted,
low- 0.85 10.70 0.52 0.49 0.70 0.74 0.77
uncertainty
75%

The pattern is consistent across all seven metrics. The noisy condition trails the clean baseline by 9 AUROC points
(0.75 vs. 0.84), confirming that the test-side noise model is calibrated to a regime in which input-side adaptation is
needed. Applying the cGAN without any uncertainty-based filtering recovers most of the lost AUROC (0.80) but only
some of the operating-point performance: MCC at 80% specificity rises from 0.26 on noisy inputs to 0.37 on adapted
inputs, well short of the clean 0.50. Restricting the evaluation to the lowest-uncertainty 75% of adapted waveforms
closes the gap and, on AUROC and balanced accuracy, slightly exceeds the clean upper bound. The latter result is a
known feature of selective-prediction analyses: filtering the low-confidence tail of the test distribution removes
examples that are intrinsically hard for the downstream classifier regardless of the input modality (Bengio et al., 1994).

Figure 3 makes the operating-point structure of the same metrics visible. Panel (a) overlays the receiver operating
curves of the four conditions. The noisy curve is systematically pulled toward the diagonal in the low-FPR region,
reflecting the poor specificity-at-fixed-sensitivity behavior recorded in the table. The clean and adapted curves lie close
to one another in the high-sensitivity region, and the filtered-adapted curve dominates both across most of the operating
range (Vaswani et al., 2017). Panel (b) shows the entropy distribution of the downstream classifier on the adapted set,
conditional on whether the resulting prediction was correct. Correct predictions are concentrated at low entropy and
incorrect predictions on high entropy, with a substantial overlap in the middle that is the source of the residual decision

ambiguity.

(a) Receiver operating characteristic (b) Entropy distribution split by correctness
D -
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T
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1 - Specificity Predictive entropy (normalized)

Figure 3. (a) Receiver operating characteristic curves across the four input conditions. (b) Entropy distribution of the
downstream classifier on adapted inputs, split by the correctness of the resulting prediction.

C. Calibration of the trust signal

The calibration analysis is the central methodological claim of this work. It is meaningful only if the downstream
classifier's predictive entropy correlates on the adapted inputs, with the downstream misclassification rate. Figure 4
reports the per-class reliability diagrams for the three input conditions: clean, noisy, and adapted. Each panel plots the

mean inaccuracy in each entropy bin against the mean normalized entropy of the bin and overlays the line of slope one
ISSN: 3067-7386 © 2023 INATGI (Institute of Advanced Technology and Green Innovation). Users are allowed to read, download, copy, distribute, print, search, or
link to the full texts of the article in this journal without asking prior permission from the publisher or the author.
See: https://inatgi.in/index.php/jaiaa/index for more information. https://doi.org/10.63646/jaiaa.2023.010202



half that marks perfect calibration in binary classification (Fawaz et al., 2019).

Journal of Al Analytics and Applications | 12
(a) Clean inputs (b) Noisy inputs (c) Denoised inputs
1.0 4
1,’CI:‘,,J, =0.052 1/('!;',,” =0.071 z}(‘h}u, =0.027
\ \ 1
1 !
08 \ \ \
\ \ 1
g \ i
2 \ A
go61 1 \
a \ \
5 1 1
=1 \ i
g 041 : \
= \ \
' Perfect cal 'l.b’lﬂlwn [ § .
02 h“—l".__ s_;i— All tggkexamples pL T "l..__.-""
~E="9\F examples
Non-AF examples
0.0 T T T T 1 T T T T 1 T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6
Mean normalized entropy in bin Mean normalized entropy in bin

T
0.8 1.0
Mean normalized entropy in bin

Figure 4. Per-class reliability diagrams. The dotted line is the slope-one-half locus that marks perfect calibration in binary
classification. UCE is computed across the entire test set.

The Uncertainty Calibration Error of the adapted condition is 0.027, which is roughly half the value recorded on the
clean condition (0.052) and substantially smaller than the value recorded on the noisy condition (0.071). The
improvement on the adapted side reflects two effects: the cGAN smooths the tails of the entropy distribution by
reducing the prevalence of high-confidence misclassifications on the most degraded noisy examples, and the resulting
middle-bin behavior is closer to the slope-one-half locus across most of the predictive entropy range. The leftmost AF

bin retains a near-100% inaccuracy across all three conditions; this is a minority-class artifact previously documented
on the same corpus and not specific to the proposed paradigm.

Per-class behavior is asymmetrical and worth noting. The non-AF curve is the dominant contributor to the marginal
reliability slope across all three conditions, which is consistent with the dataset's slight class imbalance and with the
classifier's tendency to be more confident on baseline rhythms than on AF episodes. The AF curve is more variable: it is
well calibrated in the middle of the entropy range and mis calibrated at both ends. The implication for deployment is
operational rather than methodological. A clinical screening protocol that prioritizes sensitivity to AF would set its
filtering threshold below the regime in which the AF curve becomes unreliable, and the proposed framework provides
the diagnostic that makes such a threshold defensible (Lu, 2019).

The class-wise UCE values reported later in Table IV make this asymmetrical quantitative. On the adapted
condition, the UCE for the non-AF class drops to 0.039, more than 30% below the noisy baseline; for the AF class it
drops to 0.094, an improvement of roughly 22% (Sutskever et al., 2014). The smaller absolute improvement on the AF
class reflects the smaller fraction of test examples that fall in the highest-density regions of the AF entropy distribution,
not a failure of the trust signal itself: when the analysis is restricted to the lowest-uncertainty 75% of AF examples, the

UCE drops further to 0.071, comparable to the value recorded on the clean upper bound. The conclusion is that the
proposed paradigm closes the calibration gap on both classes; it does so more aggressively in the majority class because
that is where the largest absolute number of test examples lie.

D. Sensitivity of the trust signal to generator changes

The most subtle question raised by the proposed paradigm is whether the predictive entropy on adapted inputs
reflects generator-induced morphological changes or merely passes through the residual properties of the underlying
noisy waveform (Antoniou et al., 2018). If it were the latter, the trust signal would be useful as a quality score for the
input but useless as a trust score for the adapted output. The diagnostic is a scatter analysis of paired entropies: for each

test example, the predictive entropy is recorded both on the noisy waveform and on the adapted waveform, and the
resulting pair is plotted in panel (a) of Figure 5.
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Figure 5. (a) Predictive entropy of the downstream classifier on noisy versus cGAN-adapted inputs. The dotted line marks
the y = x identity. (b) Misclassification rate as a function of the lowest-uncertainty fraction retained for evaluation. The
dotted gray line is the random-selection baseline.

The Pearson correlation between the noisy and adapted entropies is 0.71 and the Spearman rank correlation is 0.72.
The correlation is positive, as expected, since an example that is intrinsically hard for the downstream classifier remains
intrinsically hard whether it has been adapted, but it is far from collinear (Esteban et al., 2017). The substantial vertical
scatter around the y = x identity, particularly in the middle of the entropy range, is the empirical signature of generator-
induced changes that are visible to the downstream classifier. If the trust signal were merely a property of the input
modality, the scatter would collapse onto a tight monotonic line; the observed dispersion shows that the cGAN modifies
the downstream classifier's decision sharply enough that the trust signal carries information about the adaptation itself.

Panel (b) of Figure 5 reports the operational consequence. The misclassification rate is plotted as a function of the
fraction of the test set retained, ordered from the most confident predictions to the least (Bai et al., 2018). Filtering the
most uncertain 50% of the test set reduces the misclassification rate of the adapted condition from approximately 0.30
to approximately 0.16; filtering the most uncertain 75% drives it below 0.13. A random-selection baseline, plotted as a
dotted line, remains flat at the unfiltered average. The monotonic decrease confirms that the entropy signal carries
actionable information about per-instance trust on the adapted modality (Zhao et al., 2019).

E. Aggregate comparison and ablation

Figure 6 collects the panel of metrics from Table III into a single visual comparison. The visualization makes the
operating-point gap between the noisy and adapted conditions more obvious than the table alone, especially on MCC at
80% specificity, where the difference between the unfiltered adapted condition (0.37) and the filtered condition (0.49) is
the largest single ablation effect in the experiment (Wen et al., 2023).
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Figure 6. Classification metrics across the four input conditions. The filtered condition retains the lowest-uncertainty 75%
of cGAN-adapted waveforms.

Table IV reports the calibration error per condition and per class. The marginal UCE figures match those reported
in Figure 4. The class-stratified figures expose the asymmetry between AF and non-AF that the reliability diagrams
already made visually evident: the non-AF class drives most of the calibration improvement on the adapted condition,
while the AF class shows a smaller but still positive improvement (Szegedy et al., 2015).

Table IV. Uncertainty Calibration Error stratified by class. Smaller values indicate better calibration.

Condition UCE (all examples) | UCE (AF) UCE (non-AF)
Clean (oracle ceiling) 0.052 0.103 0.058
Noisy 0.071 0.121 0.080
cGAN-adapted (all) 0.027 0.094 0.039
cGAN-adapted, low-uncert. 75% 0.022 0.071 0.031

Table V reports a sweep over filtering thresholds. The trend is monotone: as the retained fraction decreases, every
metric improves, until the retained subset becomes too small to support a stable estimate. The 75% threshold used in
Tables III and IV is a compromise between operational coverage and metric quality. In a clinical screening protocol, the
operator would tune this threshold against an explicit cost ratio between false negatives and false positives; the
proposed framework accommodates any such choice without modification, because the entropy signal on which it is
based is decision-theoretically calibrated rather than tied to a specific downstream metric (Zhang and Lu, 2021).

Table V. Sensitivity of cGAN-adapted classification metrics to the entropy-based retention threshold.

Retained fraction AUROC F1 MCC@80%Spec | Bal. Acc.
100% (no filtering) 0.80 0.66 0.37 0.71

90% 0.83 0.68 0.43 0.74

75% 0.85 0.70 0.49 0.77

50% 0.88 0.74 0.56 0.81

25% 0.91 0.79 0.65 0.86
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VI. DISCUSSION

The empirical results support the central methodological claim of this paper: a downstream classifier's predictive
entropy is an effective per-instance trust signal for the outputs of a conditional generator on a physiological time-series
task, and the calibration of that signal can be evaluated without ground-truth references for the adapted waveforms
(Karras et al., 2019). Three qualifications are worth stating explicitly because they delineate the scope of the paradigm
and the conditions under which it transfers to other settings.

First, the framework relies on the existence of a fixed downstream classifier with reliable predictive probabilities. In
the AF setting, this is unproblematic, because the downstream model is binary, well-validated on clean data, and
produces a Bernoulli posterior whose entropy is a sufficient statistic for the misclassification risk. In multi-class or
multi-label downstream tasks, predictive entropy remains a monotone proxy for the Bayes risk under the
misclassification loss, but the relationship to other clinically relevant metrics, such as precision, recall, and F-beta,
becomes less direct (Brock et al., 2019). The decision-theoretical framework remains applicable, but the specific scalar
that encodes the trust signal will vary with the loss function under which the downstream pipeline is deployed.

Second, the trust signal inherits the calibration properties of the downstream classifier. If the classifier is itself mis
calibrated on its own training distribution, for example if it produces overconfident posteriors on the AF positive class,
the resulting trust signal will inherit that bias. A useful safeguard is to report calibration not only on the adapted
condition but also on the clean condition, as is done in Figure 4, so that the relative improvement attributable to the
adaptation can be separated from the absolute miscalibration of the underlying classifier. The reliability diagrams
reported in this work show that the AF curve has small-sample artifacts in the lowest entropy bin across all three
conditions, which is consistent with the prior characterization of this corpus and not a property of the proposed
paradigm (Ho et al., 2020).

Third, the adaptation problem solved here is asymmetric: only the test-side input is corrupted, and the joint
distribution P (x, y) is preserved. In settings where the labels themselves are domain-dependent, for instance when an
AF episode is recorded differently on a wearable than on an ECG, the cGAN can no longer be assumed to preserve
diagnostic content, and the downstream-classifier-as-oracle construction degrades to a test of how often the generator's
outputs happen to lie in the high-confidence region of a model that has no ground truth on the test side (Song and
Ermon, 2019). The paradigm is therefore best understood as a tool for asymmetric input adaptation problems in which a
labeled downstream task can be carried out independently of the input modality. Synchronized ECG provides exactly
this anchor in the AF setting.

A practical question that the experiments here do not resolve is the choice of retention threshold. The 75% threshold
used in Tables III and IV is the value at which the proposed filtering recovers the AUROC of the clean upper bound;
different operating constraints would motivate different thresholds. In a screening protocol that prioritizes sensitivity,
which is the standard configuration for AF detection in asymptomatic populations, the operator would select a more
permissive threshold and accept a smaller calibration improvement in exchange for higher coverage (Chen et al., 2024).
In a confirmatory protocol that prioritizes specificity, the operator would select a stricter threshold. The proposed
framework accommodates either choice without retraining, because the Bayes risk is monotone in the entropy signal
and the threshold is a free parameter of the decision rule rather than a training-time hyperparameter of the model.

A final note concerns the noise model used to construct the test-side domain. The additive Gaussian model is a
controlled stand-in for the more elaborate corruptions present in real wearable recordings, which include motion
artifacts, ambient-light leakage, and skin-tone-dependent absorption (Xu et al., 2021). The aim of this paper is to
establish the methodological soundness of the downstream-task paradigm under conditions where the ground-truth
comparison is available for sanity-checking; future work will replicate the calibration analysis on real wearable
corruptions, where paired clean references are structurally absent and the proposed paradigm becomes the only viable
reliability instrument (Wu et al., 2025).

Beyond the immediate AF case study, the paradigm has implications for the broader debate on how to evaluate
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generative models in safety-critical settings. The dominant evaluation metrics in the generative-modeling literature were

developed for natural-image synthesis tasks, where global perceptual statistics are an acceptable summary of model
quality (Zheng and Lu, 2022). In settings where the generator's output feeds into a downstream decision, such as
medical diagnosis, autonomous driving, or robotic control, the relevant question is not whether the output is statistically
realistic but whether it supports a defensible downstream action. The proposed paradigm reframes the evaluation around
that question and grounds the resulting trust signal in decision theory rather than in perceptual psychology. The cost is
that the trust signal is task-specific by construction; the benefit is that it is operationally meaningful in a way that no
task-agnostic metric can be.

VII. CONCLUSION

This paper has developed a downstream task-driven paradigm for evaluating the per-instance reliability of
conditional GAN outputs in deployments where ground-truth references for the adapted modality are unavailable. The
argument has two parts. Methodologically, the paper has formalized the long-standing practice of using a downstream
classifier as a quality oracle for generative outputs as an instance of decision-theoretic uncertainty quantification,
derived a Bayes-optimal accept/reject rule from the misclassification loss, and identified predictive entropy as a
sufficient summary of the resulting trust signal in the binary-classification case (Pan and Yang, 2010). Empirically, the
paper has evaluated the paradigm on a 25-second wearable PPG corpus annotated for AF, where retaining the lowest-
uncertainty 75% of cGAN-adapted waveforms recovers the AUROC of the clean-input upper bound (0.85 vs. 0.84) and
reduces the Uncertainty Calibration Error from 0.071 on noisy inputs to 0.027 on adapted inputs.

The paradigm has three properties that make it attractive for deployed pipelines. It produces a per-instance score
rather than a global summary, which is the regime in which clinical and consumer wearable applications operate. It
requires no ground truths for the adapted waveforms themselves, which is the regime in which physiological signal
generators are deployed. It modifies neither the generator's loss function nor the downstream classifier's parameters,
which preserves the diagnostic guarantees of the existing pipeline and isolates the adaptation logic in a single auditable
module.

Two natural extensions are deferred to future work. The first is the replacement of the controlled additive noise
model with the realistic corruption profiles encountered in deployed wearables, where the calibration analysis becomes
the primary validation tool because paired clean references are absent. The second is the extension of the framework
from binary AF classification to multi-arrhythmia tagging, where the predictive-entropy summary loses its sufficiency
guarantees and the decision-theoretic apparatus must be re-derived for the relevant clinical loss. Both extensions
preserve the central insight of this work: the most informative reliability signal for a conditional generator is the one
read off the downstream task that the generator is supposed to support.

More broadly, this paper participates in a slow but visible shift in how the machine-learning community thinks
about generative-model evaluation. The dominant evaluation tools of the past decade were designed when generators
were expected to produce samples for visual inspection. As generators have moved into operational pipelines, including
medical, industrial, and scientific deployments, the question that needs answering has moved with them, from how good
a sample is in isolation to how much one should trust that sample for the decision about to be made. The downstream
task-driven paradigm described here is one concrete answer to the second question for the case of conditional
generators on physiological time series. Analogous formulations are expected to prove useful in any setting where a
labeled downstream task can stand in as a calibration anchor for an otherwise label-free generative process.
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