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ABSTRACT

In this work, we are introducing a Quantum-Classical Bayesian
Neural Network (QCBNN) that is capable to perform uncertainty-
aware classification of classical medical dataset. This model is a
symbiosis of a classical Convolutional NN that performs ultra-sound
image processing and a quantum circuit that generates its stochastic
weights, within a Bayesian learning framework. To test the utility
of this idea for the possible future deployment in the medical sector
we track multiple behavioral metrics that capture both predictive
performance as well as model’s uncertainty. It is our ambition to
create a hybrid model that is capable to classify samples in a more
uncertainty aware fashion, which will advance the trustworthiness
of these models and thus bring us step closer to utilizing them
in the industry. We test multiple setups for quantum circuit for
this task, and our best architectures display bigger uncertainty
gap between correctly and incorrectly identified samples than its
classical benchmark at an expense of a slight drop in predictive per-
formance. The innovation of this paper is two-fold: (1) combining
of different approaches that allow the stochastic weights from the
quantum circuit to be continues thus allowing the model to clas-
sify application-driven dataset; (2) studying architectural features
of quantum circuit that make-or-break these models, which pave
the way into further investigation of more informed architectural
designs.
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1 INTRODUCTION

Neural Networks (NNs) have achieved incredible results in many
fields of Machine Learning. However, some practical applications,
such as medical AL have strict reliability requirements where NNs
may lead to catastrophic failure if they cannot reliably estimate the
confidence interval of their output. Bayesian learning provides a
well-established framework to train and analyse uncertainty-aware
models, and Bayesian NNs (BNNs) are stochastic NNs that yield the
benefits of Bayesian learning in a deep learning setup. The success
of these models depend on a good choice of both a NN architecture
and stochastic distribution family.

Quantum Computing (QC) is an emerging technology that has
been rapidly gaining momentum in the last years. Many research
initiatives have been directed towards investigating early applica-
tions of this technology in a real-world scenario. There is, however,
one substantial challenge for application-driven approaches, which
is Noisy Intermediate-Scale Quantum (NISQ) devices that are avail-
able today. Unlike fault-tolerant computers that promise provable
advantages, such as with Shor and HHL algorithms, the advantages
of NISQ algorithms are still being explored.

Early proof-of-concept applications of NISQ for Machine Learn-
ing (ML) problems have shown a lot of potential of boosting capac-
ities of ML models. These applications have provided both theory-
driven insights, e.g. Quantum Neural Networks showed higher
effective dimensions on an investigated problem [1], Quantum Ker-
nels allow for better generalization on specific datasets [7], Born
Machines are capable of representing distributions that are hard
to sample classically [5], as well as empirically-driven results, e.g.
boosted performance of a hybrid Quantum-Classical Generative
NN for high-resolution images [16], boosted performance of a hy-
brid Quantum-Classical Convolutional NN (QCCNN) on medical
dataset while requiring less training parameters than the classical
benchmark [10].

In this work, we explore how we can leverage NISQ devices to
create uncertainty-aware models by utilizing quantum circuits for
Bayesian learning and how this setup compares to its classical ana-
log. We concentrate on application-driven approach that is suitable
for potential future deployment in medical Al sector. As a proof-of-
concept use-case we select a publicly available Breast Ultrasound
Images (BreastMNIST) dataset. We combine several architectural
ideas together, e.g. binary quantum-classical BNN [13], continu-
ous quantum Generative Adversarial Networks [15] that propose
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an idea to sample beyond the discrete distribution as well as QC-
CNN [10] that proved useful in a hybrid quantum-classical setting
on the same dataset. We create a Quantum-Classical (Convolutional)
BNN (QCBNN) that processes ultrasound images classically, while
the stochastic continuous weights are generated by a quantum cir-
cuit. We track multiple behavioral metrics of the model that capture
both its predictive performance and its uncertainty. The proposed
model shows a bigger gap in confidence of correctly and incorrectly
identified samples than its classical benchmark, which means our
model showed higher uncertainty on datapoints that were misclas-
sified and hence increasing the trustworthiness of these models.
Furthermore, we perform a systematic study of the effects of dif-
ferent paramertized quantum circuit (PQC) architectures from the
literature, and build tailor-made PQCs for this task that increase
the confidence gap. We provide the analysis of these architectures
from a standpoint of different metrics, including confidence errors
and ensemble sizes of correctly and incorrectly identified samples,
model’s calibration and the shape of weights distribution, which
offers insights on how different architectural elements influence
models’ behaviour.

2 RELATED WORK

One of the early explorations into utility of fault-tolerant QC for
Bayesian learning has been performed by Zhao et al. [20]. This
work proposed to use HHL algorithm to accelerate matrix inversion
procedure in the context of Gaussian Processes (GP). GPs have many
beneficial properties, but, due to scaling bottlenecks, these models
are not often used in practice. HHL algorithm can be leveraged
to speed up the inference procedure of these models and, hence,
improve their applicability. Berner et al. [3] proposed to utilize
another fault-tolerant algorithms for inner product estimation to
accelerate training and inference of BNNs. Both of these algorithms
have shown their usability on small examples, however, making
them suitable for real-world instances would require either viable
NISQ-adaptations of these algorithms or fault-tolerant QCs.

Other works looked into Bayesian learning in NISQ era. Work by
Nguyen and Chen [12] showed the utility of Bayesian learning for
training Quantum NNs. The authors showed that their method yield
a better generalization (based on the study of model’s capacity),
and provided additional information on epistemic uncertainty. In
our work, we investigate Bayesian learning for stochastic models
in contrast to deterministic models [12], which is a more common
method for building uncertainty-aware models. One of the first
attempts to translate stochastic models into the quantum realm was
done by Nikoloska and Simeone [13], where the authors introduced
a quantum binary BNN that utilizes a Born machine to generate
binary stochastic weights. The authors show that this approach
allows for an easier way to optimize over discrete distributions,
and the utility of it was shown on a simple regression example.
Scaling this idea to more complex problems might prove difficult
because of limited capacity of binary NNs. Hence, in this work
we investigate how we can extend this approach to sample from
continuous distributions and its potential benefits on a medical
use-case.

Matic et al. [10] demonstrated a benefit of using quantum-classical
setup to boost performance on the same BreastMNIST dataset. In
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their work, the authors propose a Quantum-Classical Convolutional
NN, in which PQC performed a convolution operation and the
expectation values of each qubit were propagated further into a
fully-connected layer. This model achieved a better performance
than its classical benchmark while requiring less trainable parame-
ters. Subsequent work [11] tested additionally different quantum
pooling techniques, which allowed to boost performance even fur-
ther. In our work, we build upon the architecture that was used in
[10], but change the role of a PQC to sample from weights distribu-
tion instead of performing convolution operation. We concentrate
on the most successful PQC architectures to test their utility for
our task. In our work, we extend the family of investigated PQCs
and investigate which of their features are beneficial in our setup.

3 BACKGROUND

In this section, we provide a detailed description of important no-
tions from classical (Section 3.1) and quantum machine learning
(Section 3.2-3.3) that are essential building blocks of QCBNN.

3.1 Bayesian Neural Networks

Bayesian Neural Networks (BNNs) are stochastic NN trained using
Bayesian inference, which comprise of (1) a stochastic model of
a chosen parametrization prior p(w) and a prior of confidence
p(y|x, w), which result in a following posterior on training data D:

_ p(Dy|Dx, w)p(w)
[, p(Dy| D, W )p(w")dw'”

and (2) a functional model @y, (x), which in this case is a NN. Pre-
diction process with BNNs can be represented in a general case as

[9]:

p(w|D) 1)

w ~ p(w|D)

y = Pw(x) +¢, ()

where x is an input, y is a corresponding label and € is an approx-
imation error between output for a functional model output and
the label. To perform classification with BNNs, we can compute an
average model prediction over the ensemble of N different outputs.
To begin with, we compute the probability of each class as follows:

N

(DW,' (X)s
i=0

1

b=y )

from which we can compute the final prediction as y = arg max; p; €
p.

The challenge in working with BNNs resides in the fact that sam-
pling directly from the posterior distribution (Equation 1) is diffi-
cult due to intractability of the evidence fw p(Dy|Dy, w")p(w)dw’
[9]. Instead, most commonly, we can either build a Markov chain
with a stationary distribution being the posterior (Markov chain
Monte Carlo methods) or select a tractable distribution and ad-
just its parameters to approximate the posterior (Variational in-
ference). Due to its scalability, Variational inference (VI) has gain
popularity within the ML community and is therefore the focus
of this work. For VI we select a family of tractable distributions
qp(x) € Q and tweak the variational parameters 6 to minimize the
Kullback-Leibler (KL) divergence between two distributions:
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KL[gg(w|D)||p(W|D)] = By~ gy (w|D) [log q99(wID)

pwipy | @

3.2 Variational Inference and Adversarial
Training on a QC

Born machines offer a way to model a distribution using a quan-
tum state [/(0, x)), that encodes an input vector x and is parame-
terized by 6. These models generate bitstrings with probabilities
go(wlx) = | {w|$(6,x)) |? [2]. The power of this method to model
intractable distributions has been shown in [4], and its generaliza-
tion capabilities have be investigated in [6].

A VI training loop for Born machines was proposed by Benedetti
et al. [2]. As mentioned above, KL divergence is a popular objective
function for VI, which we can simplify as follows:

KL[gp(w|D)||p(w|D)] ©)

) q9(w|D)

= By gy (wiD) | 108 W]
) 96(wID)p(D)
= Ew-~go(w|D) [l°g p(Dlw)p(w) ]

_ q9(w|D)
- EWN‘]G (w|D) [log p(w)

- logp(Dlw)] +const. (6)
Unfortunately, we cannot estimate % directly on a quantum
computer. To tackle this issue, adversarial learning can be utilized.
We can construct a binary classifier d¢ (w, D), which discriminates
between samples from the true distribution and Born machine
generated ones. The classifier objective function is defined as a
cross-entropy:

GkL($:0) = Eygy(wiD) [logdg] + Eyegp(w) [10g(1 - d¢)] ()

In order to extract the odds of a data point coming from one of the
two distributions, the classifier’s output can be transformed using
the logit function:

d(wD)  gyw,D)
logit(d4(w, D)) = lo ~ ’ 8
gi(dy (v D) =log s = log ELE. )
Therefore, the final objective of the Born training is:
Lk1(6;¢) = Eygy(w|p) [logit(dy (w, D)) —log p(DIw)].  (9)

During the overall training procedure, both a classifier and a Born
machine are trained simultaneously as follows:

m;XQKL(¢;9)

main Lg1(0;9). (10

This adversarial training strategy is akin to the one commonly
used for Generative Adversarial Networks (GANs). Quantum adap-
tation of these networks have been successfully applied to a variety
of different use-cases [8, 16, 21]. Romero and Aspuru-Guzik [15] pre-
sented an approach that allows a quantum GANSs to sample from a
continuous distribution. Their approach suggests to inject classical
noise into a PQC and a set of observables, whose expectation values
serve as an output of the model. This method can be used to create
continuous distributions for quantum VI method described above.
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3.3 Quantum-Classical Bayesian Neural
Networks

As mentioned in Section 2, Nikoloska and Simeone [13] proposed
an initial architecture for QCBNNs. Their method followed the
same techniques described in Section 3.2 and generated a binary
distribution that proved its viability on a toy regression example in
meta learning setting. The loss function of the model comprise of
likelihood and adversarial terms as follows:

L = —aE[log p(D|0)] + f LKL,

where a, f > 0 are regularizing hyperparameters.

(11)

4 METHOD

In this project, we build a QCBNN that is capable to process a
real-world medical datasets, such as ultrasound images known as
BreastMNIST [19], as well as deliver reliable uncertainty estima-
tions. In the following text, we outline the details of our implemen-
tation and specific performance metrics that are used to evaluate
the models.

4.1 Use-case

We focus on BreastMNIST [19] dataset, which consists of breast
ultrasound 28 X 28 images that are classified into malignant and
non-malignant categories. This dataset is interesting because it
captures the complexity of identifying cancerous samples in a scarce
unbalanced setting, as it consists of a mere 780 samples for training,
validation and testing. The data is normalized as the only further
preprocessing step.

4.2 Architecture

We start with an architectural idea that proved useful in a hybrid
quantum-classical setup on this dataset, namely QCCNN [10] (see
Section 2). We create a Quantum-Classical (Convolutional) BNN
(QCBNN) by changing the function of a PQC from performing
a convolutional operation to sampling stochastic weights for the
classically performed convolution. A sketch of a full architecture is
presented in Fig. 1. The training strategy is adapted from binary
quantum BNN as described in Section 3.3. The model consists of
a quantum generator for sampling weights and trainer modules,
such as a prior and a discriminator, that attempts to distinguish
quantumly generated samples from the prior. To boost expressivity
of the model we adapt a technique for sampling from continuous
weights described in Section 3.2, which introduces a classical noise
and a postprocessing layer to our architecture.

The PQC structure in this setup requires two architectural de-
cisions: an embedding layer that encodes a classical noise vector
and a calculation layer. Here, we select an embedding strategy
that showed the most promise in other works [1, 10] and our in-
ternal experiments, namely a higher-order embedding layer. The
structures of calculation layer, however, are still heavily debated
in the literature. Hence, we test out multiple variations of these
layers to see which architectural features of PQCs have the most im-
pact on the performance of the overall model. We first test models
that were presented in the literature, such as Matic I (Fig. 2a) and
Matic II (Fig. 2b) (the best and the second best architectures from
[10]), Nikoloska (Fig. 2c) inspired by the PQC from binary QBNN
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Figure 1: General architecture of proposed continuous hybrid
quantum-classical BNN model. The top gray part represents a
classical CNN architecture, while the bottom green part repre-
sent the quantum weights sampler and the bottom blue part
represents the trainers for the quantum sampler. The quan-
tum sampler comprises multiple modules: classical noise,
a PQC generator and a post-processing step that computes
expectation values of each qubit. The only part that requires
a quantum hardware is the quantum generator, while all the
other components are performed classically. The trainers of
the sampler include a discriminator and a prior.

work [13] and Romero (Fig. 2d) from the paper on sampling from
continuous distributions [15]. Additionally, we implement tailored
architectures Fig. 2e-2h, which are explained in more detail below.

The classical part is implemented with PyTorch and consists
of a one convolutional layer and one fully-connected layer. The
weights of the convolutional layer (16 feature maps produced by
2 X 2 kernels) are sampled from a distribution either produced by a
classical NN (benchmark) or a PQC. PQC consist of a 4-qubits are
implemented in PennyLane. We use lightning.qubit noiseless
simulator to simulate PQCs.

4.3 Classical benchmark

For the classical benchmark we implement the same adversarial
training loop as for the hybrid model. We substitute the PQC with a
minimal width and depth NN that reached comparable performance
to conventional VI (see Appendix B). This NN consists of a single
hidden layer of 8 neurons and 4 input neurons (to match 4 qubit
setup).

4.4 Performance metrics

To measure the success of the model, we need to track both, its
predictive power as well as the corresponding uncertainty of the
predictions. To gauge the predictive performance of the model we
track its training and validation accuracy curves and we record
additional statistics on the test dataset, such as precision, recall and
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F1 score!l. To assess an uncertainty estimation of the model, we
track the mean confidence of the final prediction, which allows us
to estimate the model’s calibration and confidence error defined as

(12)

We strive to create a model that provides a more reliable information
on its certainty in the answer. We therefore compare the confidence
of both, correctly and incorrectly estimated samples. Additionally,
we track the size of an ensemble that contributed towards the final
prediction.

Confidence error = Mean confidence — Accuracy.

5 RESULTS

In this section, we analyse the performance of QCBNN against its
classical counterpart. The effects of different PQC architectures
on the predictive performance and the uncertainty awareness are
tested. We perform this analysis in an iterative fashion as we start
(Section 5.1) with the investigation of different architectures from
the literature (Fig. 2a-2d) and bring forward hypotheses on which
architectural elements might contribute to their successes and fail-
ures. We test these hypotheses further (Section 5.2) as we create
custom architectures (Fig. 2e-2h) with emphasised properties to see
whether these modifications can elevate the performance.

5.1 Architectures from the literature

We first investigate how well a simple setup with a high-order em-
bedding and a varying single calculation layer, that was presented
in the literature for similar setups (see Fig. 2a-2d), performs in the
QCBNN on the BreastMNIST dataset. We first consider different
performance metrics that capture predictive power and uncertainty
awareness separately, then we propose a way to fuse these metrics
that enables easier analysis.

5.1.1  Predictive performance. Fig. 3a shows training and validation
curves and final scores (accuracy, F1 score etc.) of Fig. 2a-2d PQC
architectures as well as the performance of the classical benchmark
in this setup. All tested architectures struggled to reach the perfor-
mance of classical benchmark. On the test set all PQCs show more
volatile behaviour on recall (model’s ability to spot all cancerous
datapoints), which seem to be more sensitive to starting conditions
than the benchmark. Interestingly, the PQC architectures Matic
I and Matic II that were used successfully in an analogous setup
[10] but performed a different task struggled to learn here. This is
visible on both, the highly volatile training and validation curves as
well as low final performance. The architectural difference between
these PQCs are minor and consist of a mere constraint of rotation,
meaning that Matic I only has Ry gates while Matic II allows to
fully parametrized the rotation. Changing the entangling strategy
by dropping the last entangling gate, as in Nikoloska and Romero,
creates a behaviour that is closer to the classical benchmark on
this dataset. Yet, the training and validation curves are still more
volatile and stay below the benchmark. Adding one more layer of
(phase) rotation gates, as in Nikoloska, seems to make the training
curves a little more volatile, however, improves test mean accuracy
and recall scores.

! A harmonic mean of precision and recall, which is a common prediction metric for
imbalanced datasets
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Figure 2: Different PQC architectures, inspired by the literature. All architectures contain an embedding block, trainable block
with rotation gate R parametrized by 0 followed by measurement of all qubits.

5.1.2  Uncertainty estimation. Fig. 3b exposes a different side of
the performance metrics that are relevant for BNNs, namely un-
certainty metrics. As can be seen from calibration curve in Fig. 3b
(right), all models tend to be underconfident for a specific interval
(20-80%) of probabilities, while the Matic II architecture gravitates
towards overconfidence on lower and higher probabilities. The
mean confidence error as defined in Eq. (12) (left) and ensemble size
plots (middle) show approximate distribution of observations com-
puted by kernel density estimate. The means of these distributions
are indicated by crosses and blue errors indicate the direction of a
favourable development in comparison to a classical benchmark.
We track these values for both correctly and incorrectly identified
samples to visualize how confidently wrong the models are. For the
mean confidence error, we would like to see a lower (absolute) con-
fidence error for correct samples and a higher confidence error on
incorrect samples, which would indicate a higher uncertainty. All
models stay in the negative range that indicate underconfidence of
all models on the final prediction, which is consistent with the cali-
bration curve readings (right plot). For the ensemble size, we would
like to have a higher number of ensemble members to vote for a
prediction that was correct than incorrect. Interestingly, classical
learners’ ensemble members seem to converge to a homogeneous
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behaviour and vote the same way no matter what. For quantum
learners we see more variety. Matic I shows a similarly high confi-
dence error for both correctly and incorrectly identified samples.
While Matic IT improves the mean confidence error, it still differ-
entiates itself substantially from the classical benchmark. Both of
these model also show a lesser ensemble size for both correct and
incorrect samples. Together, these metrics might hint towards poor
learning during the training phase, which was already discussed
above. Nikoloska showed higher uncertainty for incorrect samples
while still exhibiting overall high underconfidence. Romero’s mean
confidence error distribution, on the other hand, overlapped with
the one from the classical benchmark, however had a bigger spread.

5.1.3  Weights distribution. Now, we take a closer look at how
the output of the PQC, which generates the weights distribution,
changes as we modify the architectures. Fig. 4 shows that all of
PQC’s expectation values are biased towards zero. The architectures
that had more wide spread distributions tend to have stronger
performances in terms of metrics considered above. Keeping this
in mind, we proceed to tweaking the architectures in the following
sections to see if we can force the weights distributions to take a
more expressive form and see whether this maps well to improved
performance.
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5.1.4 Choosing architecture. To find the best performing PQC we
need to consider multiple behavioural parameters at once. To ease
the analysis, we fuse the uncertainty metrics and compare it to the
final accuracy. Given that quantum models show a bigger discrep-
ancy between the ensemble size of correct and incorrect predictions,
we weight the mean uncertainty with the ensemble size to acquire
a more reliable uncertainty estimation. It is our ambition to find
models that posses more dependable point-wise uncertainty es-
timation capabilities without sacrificing predictive accuracy. We
therefore consider whether a PQC provides for a bigger difference
in confidence between correctly and incorrectly identified samples.
This difference is computed as follows:

Difference = Confidencecorrect X Ensemble fractioncorrect

— Confidencejncorrect X Ensemble fractionjpcorrect

(13)

Fig. 5 shows the estimated distribution of these differences ver-
sus accuracy of prediction for all PQC architectures considered
above. This graph indicates that the PQCs that showed the best
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Figure 5: Accuracy on the test set and certainty level differ-
ence between correctly and incorrectly identified samples
weighted by ensemble size (see Eq. (13)).

performances above (Nikoloska and Romero) are showing on aver-
age a slightly higher confidence difference between correctly and
incorrectly identified cases at the expense of a drop in accuracy
compared to the benchmark. The distributions of these architec-
tures are significantly overlapping, but Nikoloska seems to have a
more stable performance in terms of accuracy and slightly higher
average difference. This architecture, however, also showed a higher
mean confidence error (meaning that the model was less confident
in its predictions on average) as can be seen Fig. 3b, which is not
reflected in the difference metric.

From the above analysis we conclude that Romero architecture
had one of the strongest predictive performances on all training,
validation and test datasets, the lowest average mean confidence
error for the correct prediction, one of the largest confidence gap
between correct and incorrect samples, and the most wide spread
of the weights distribution generated.

5.2 Custom architectures

PQC architectures that were previously proposed in the literature,
unfortunately, failed to deliver favourable results in comparison to
classical benchmark for the task at hand as was discussed above.
Moreover, the distribution of weights that quantum samplers gen-
erated had a strong bias towards 0., which challenges the common
argument for using QC for probabilistic ML such as representing
distributions that are hard to model classically. Here, we built up
upon the insights from the previous section in an attempt to create
stronger architectures for our problem. Allowing the architectures
a full instead of partial control, as in going from Matic I to Matic II,
boosted the predictive capability. Therefore, we perform the same
trick with the best performing architecture from the literature
Romero and create Circuit I (Fig. 2e). Another acquired insight from
the previous study is that the change in the entanglement layer had
the most profound impact on the PQC’s behaviour (moving from
Matic I and Matic II to Nikoloska and Romero). It was beneficial for
both, predictive performance and uncertainty awareness. There-
fore, we change the entangling layer from CNOT to CR gates for
Romero and Circuit I and create Circuit III (Fig. 2g) and Cirucit I
(Fig. 2f) respectively to allow the model to tune its own entangling
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during training. Additionally, we include Circuit IV where we add
an entangling gate between first and last qubit to test whether this
entanglement strategy is generally not fitting for this task or not.

5.2.1 Predictive performance. Fig. 6a shows the performance of
different custom architectures (Fig. 2e - Fig. 2h). Unexpectedly, pro-
viding more freedom to the PQC to tweak its rotation with Circuit I
hindered the training in comparison to Romero (see Fig. 3a), which
seems to indicate that there is a possible saturation point beyond
which a free choice of rotation is no longer boosting the model’s ca-
pacity. Proving more freedom for the entangling layers, on the other
hand, lead to the expected boost: Circuit II provided an improved
performance over Circuit I and previously tested PQC in Fig. 3a. Its
performance on training, validation and test set is, however, still on
average a bit lower than of the classical benchmark. Restricting the
rotation layer the same way as in Romero (Fig. 2d) for architectures
Circuit IIl and Circuit IV provided enough capacity to go slightly
beyond the classical benchmark on the training dataset. Here, we
see barely any difference between two entangling strategies in Cir-
cuit IIl and Circuit IV. Interestingly, even though there is a clear
distinction of the training curves on the training data, the ones on
validation data show almost no discrepancy. On the test dataset,
Circuit I managed to slightly outperform the classical benchmark
in terms of the average accuracy, but the spread of accuracies is
high. Looking at other metrics, we can see that quantum models
tend to provide a higher precision (high quality of solution), but
suffer from wide spread in recall, meaning that, dependent on initial
conditions, our model managed to either over- or underperform in
comparison to the classical benchmark.

5.2.2  Uncertainty estimation. Fig. 6b provides an overview of dif-
ferent uncertainty measures of the model. Here again, as in Fig. 3b,
we see barely any difference in calibration curves of the models.
The mean confidence error distributions, however, tell a slightly
different story: Circuit I that had trainability issues, as discussed
above, also shows lower mean confidence error on correct samples
and higher error on incorrect samples. Circuit II on average shows a
slightly higher uncertainty on incorrectly identified samples, with-
out rising the uncertainty of the correctly identified samples. This
analysis is valid on average, but given the spread of the error dis-
tribution, each single model might show a bit different behaviour.
Constraining the rotation layer of the previously discussed model to
Circuit I leads to lesser spread of the error distribution and lesser
mean confidence error for both correctly and incorrectly identified
samples. Changing the entanglement strategy from Circuit IIl to
Circuit IV leads to a smaller on average mean confidence error
for both correctly and incorrectly classified instances. In terms of
ensemble size we see a favourable development for all quantum
models as the correct samples receive more votes in favour, while
for incorrect samples ensemble agree less.

5.2.3 Weights distribution. Now, we analyse the distributions that
were generated by the PQCs. Fig. 7 provides an overview of the ef-
fects of different architectures on the actual output of the PQCs. Cir-
cuit I’s output that had the most constrained entanglement regime
is still biased towards 0. (the same as for architectures analysed
previously), however, changing the entanglement layer allowed the
distributions to be wider and take more expressive forms. From
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Figure 6: Overview over predictive performance metrics and uncertainty-related metrics for Fig. 2e-2h PQCs.

this graph we see that the models that performed at least the same
as a classical benchmark also have at maximum the same density
level, which aligns with a hypothesis from above that BNN favour
generators that provide diverse outputs.

5.2.4 Choosing architecture. Here, we perform the same analysis
as was done in Section 5.1.4 for tweaked PQC architectures Fig. 2e
- 2h. Fig. 8 shows the distributions of differences and accuracies
across different architectures. All quantum architectures show on
average a slightly higher difference between correctly and incor-
rectly identified samples, which comes at an expense of a lower
average accuracy. The lowest performing PQC Circuit I shows a
wide spread of the difference distribution. Relaxing the entangle-
ment layers in Circuit II leads to a much more narrow distribution,
which reaches the differences at least as good as the classical bench-
mark. The average predictive performance is, however, slightly
lower. Changing the entanglement strategy as in Circuit IIl leads to
a higher difference, which overlaps with classical benchmark only
a little. The predictive performance of this model greatly depends
on initial conditions as discussed above. Adding one additional
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entanglement gates as in Circuit IV slightly lowers the average
performance and increases the spread of the distribution.
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Based on results from above, we draw the conclusion that PQC
architecture Circuit IIl had the strongest performance compared to
Circuit I, I and 1V, as well as PQCs Matic I, Matic II, Nikoloska and
Romero from the previous section. Circuit III also slightly exceeded
the classical benchmark in predictive performance and uncertainty
estimation. To test whether the performance of Circuit III has satu-
rated we performed additional testing in Appendix A.

6 DISCUSSION

The results described in the previous section imply that by introduc-
ing learnable parameters into the entangling layer allows to achieve
better performances for this task, which is not a common practice
that we see across the literature. It correlates with weights distribu-
tions having a wider spread, which seem to be more favoured by the
setup of a QCBNN. On the contrary, in the setup of QCCNN [10]
the PQCs Matic I outperformed Matic II, while in our setup these
PQCs are the worst performing ones and fall below the classical
benchmark. This could indicate that the tasks of computing con-
volutional operation (as in QCCNN) and sampling from weights
distribution (as in QCBNN) favour contrasting behavioural patterns
of the models.

An interesting further research direction is to provide more the-
oretical basis that would allow to construct tailored PQCs in a less
heuristic fashion. One way to approach this is to investigate the
connection of these circuits to the coefficients of Fourier series that
can be fitted to the periodic output of the PQCs as proposed in
[18]. In that work, the authors showed that the embedding of a
circuit controls the number of frequencies in the series and thus
the expressivity of the model (the more frequencies are available,
the more complex function one can represent with the models).
However, it is speculated that the structure of the computation
layer effects the coefficients of these series, but this idea was not
developed further. In our work, we have shown that some archi-
tectural decisions of PQCs resulted in more wide distributions of
the weights, and it might prove to be beneficial to investigate this
point more thoroughly by looking into the connection of these de-
cisions to the coefficients. A related further research direction is a
connection of the PQCs to classical surrogates as introduced in [17].
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Provided that the structure of selected PQCs fulfills the criteria, it
is possible to build a classical surrogate model that could serve as a
more reliable classical benchmark as well as ease deployability of
these models. Allowing too much freedom in rotational parameters
is, however, detrimental to the performance (e.g. Circuit II to Circuit
III). This could be attributed to more complex loss landscapes that
hinder the optimizer to find optima. However, a deeper dive into
the origins of the problem might shed some light onto why some
PQC architectures are more successful than others.

One things that becomes apparent through out experiments
described above is that the training curves of the PQC in Fig. 3a
and Fig. 6a do not necessarily map well to the accuracies of these
architectures on the test dataset, which could be attributed to a
rather small test dataset. In future work, we are planning to perform
further experiments to test how these results map to bigger datasets.
Furthermore, in this work, we do not distinguish between epistemic
and aleatoric uncertainties, like it was done in e.g. [12], which is
an interesting additional metric to consider in the future works.

In a pursuit of allowing QCBNN model to represent continu-
ous weights and hence learn more complex datasets we modified
Born machine according to [15]. This entailed that the source of
stochasticity was shifted from quantum to classical devices. A fur-
ther interesting direction of research could be to change the way
we sample from the generator to allow the PQC to remain a Born
machine and yet keep the possibility for weight to remain contin-
uous. One idea to do this would be to implement something akin
Monte Carlo Dropout methods, where PQC can be responsible for
selecting the weights that are dropped out during this iteration.
There are a few challenges to overcome with this idea, e,g. dropout
is often implemented as a Bernoulli distribution, so what type of
PQC architecture could be beneficial here and whether or not it
should have learnable parameters remains to be investigated.

7 CONCLUSION

In this work, we introduce a Quantum-Classical Bayesian Neural
Network (QCBNN) with continuous weights for uncertainty-aware
classification of breast ultrasound scans (BreastMNIST). This model
is designed as a fusion of a previously introduced models [10, 13, 15]
and it is evaluated from the stand points of its predictive perfor-
mance and uncertainty awareness. Many behavioral aspects of the
models are considered that are captured by a variety of metrics.
We methodically test multiple PQC architectures in this scenario,
including the ones that has been successfully used in a similar
setup before (Fig. 2a-2d). We determined that certain architectural
features, such as trainable entanglement layers and rotation lay-
ers with less parameters, allow for better learning on this dataset.
We test these hypotheses by building custom PQCs for this task
(Fig. 2e-2h) that boost the performance and even allow to slightly
outperform the classical benchmark in terms of uncertainty aware-
ness. These results provide interesting empirical insights for more
informed PQC designs in the future.
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A DIFFERENT NUMBER OF LAYERS FOR
CIRCUIT III

Here, we investigate whether the performance of best performing
Circuit III presented in Section 5.2 can benefit from deepening
its architecture. The layers can be added by simple repeating the
computation layer, or adding both embedding and computation
layers together to create a re-uploading model [14].

Fig. 9 shows predictive performance of Circuit III (Fig. 2g) with
one layer (L1, the same setup as in Section 5.2), with two layers (L2)
and two layers in re-uploading setup (L2 Re). Increasing the depth
from L1to L2 seems to affect the trainability as the average training
curve falls below one layer setup. Adding additional embedding
layer before L2 (L2 Re) seems to hinder the trainability even fur-
ther, as performances on training, validation and test datasets are
impaired.
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Figure 9: Training curves for Fig. 2g PQCs with varying depth.
Lines of training and validation curve indicate mean perfor-
mance and transparent sleeves indicate standard distribution
over four random seeds.

Next, we consider test accuracy and difference confidence levels
between correctly and incorrectly identified samples (as in Eq. (13)).
Fig. 10 displays these metrics for different number of layers. One
layer Circuit III L1 PQC shows higher confidence gap but quite
volatile predictive performance as final accuracy between four ran-
dom seeds differ a lot. Adding another computation layer (L2) stabi-
lizes the predictive performance to the levels similar to the classical
benchmark, but destabilizes the uncertainty estimation capacity.

From the above analysis we conclude that increasing the amount
of layers two L2 stabilizes the predictive performance on testing
set while proving a larger confidence gap on average. The average
performance on training dataset on the other hand dropped a little,
which could hint towards drop in trainability.

B VARIATIONAL INFERENCE

Here, we show the comparison between a standard approach to
training classical BNNs namely the Variational Inference (VI) and
the Adversarial training (Adv) that serve as a classical benchmark.
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Fig. 11 shows that Adv achieves the same accuracy as VI method
even with substantially smaller injected noise vector, however, it
take more epochs to do so.
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