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1. ABSTRACT

Quantum computing promises a revolution in information processing, with sig-
nificant potential for machine learning and classification tasks. However, achieving
this potential requires overcoming several fundamental challenges. One key limi-
tation arises at the prediction stage, where the intrinsic randomness of quantum
model outputs necessitates repeated executions, resulting in substantial overhead.
To overcome this, we propose a novel measurement strategy for a variational quan-
tum classifier that allows us to define the unambiguous quantum classifier. This
strategy achieves near-deterministic predictions while maintaining competitive clas-
sification accuracy in noisy environments, all with significantly fewer quantum cir-
cuit executions. Although this approach entails a slight reduction in performance, it
represents a favorable trade-off for improved resource efficiency. We further validate
our theoretical model with supporting experimental results.

Keywords: quantum machine learning, variational quantum classifier, binary clas-
sification, quantum circuit, resource-efficient

2. INTRODUCTION

Quantum computing is a rapidly evolving field, with advances continually push-
ing the boundaries of classical computational power. This progress has generated
increasing interest in quantum machine learning (QML) [II, 2] 3], the intersection
of machine learning and quantum computing, where the crucial question is whether
quantum resources can enable learning models that outperform their classical coun-
terparts. Among the approaches explored in QML, hybrid variational algorithms
have become especially prominent due to their compatibility with today’s NISQ
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devices [4]. A particularly important example is the variational quantum classi-
fier (VQC) [5, 6l 7], which combines parameterized quantum circuits with classical
optimization to perform supervised learning tasks.

The general quantum classification typically involves encoding classical input data
into quantum states known as feature map, transformation of quantum state to
process the information ansatz, and finally, measurements are performed to extract
classical outcomes that determine the predicted label. Each part of this process can
contain trainable parameters, allowing the classifier to adapt to the specific dataset
and classification task.

An encoding procedure, known as a feature map, serves to embed classical data
into quantum states and to map classically non-separable data points into a higher-
dimensional Hilbert space where they can become linearly separable. The degree of
separation of quantum states has a significant impact on classifier performance, as
discussed, for instance, in [8], where the authors investigate trainable feature maps
and quantum random access coding for efficient and expressive quantum feature
representations.

Once classical data are encoded into a quantum state, the quantum binary clas-
sifier can apply a parameterized quantum circuit, called ansatz, to transform the
embedded data. The ansatz consists of alternating layers of parametrized single-
qubit rotations and entangling gates. The choice and structure of the ansatz affect
the expressivity of the classifier, influence the required circuit depth, and impact
the efficiency of optimization [9]. By adjusting the parameters iteratively through
classical optimization routines, the ansatz can shape the quantum state in Hilbert
space so that data points from different classes become even more distinguishable
under measurement. The optimization routines used in QML can be broadly cate-
gorized into gradient-based methods, such as Adam [10} 1T], 12], RMSProp |10} 1T],
and many modifications of the Gradient Descent [10, [1T], 12, 13|, and gradient-free
stochastic approaches, including SPSA [5, 12, [14], COBYLA [12], and Nelder-Mead
[12] [15] [16].

After the ansatz processes the encoded data, the qubits are measured in a chosen
basis. Each measurement yields a classical outcome in the form of sample (a bitstring
representing the state of measured qubits) drawn from the quantum state. A post-
processing procedure, such as majority voting, parity checks, thresholding, or any
method that determines the predicted label for a given measurement sample, must
be applied. By repeating the measurement and postprocessing procedures multiple
times—each repetition referred to as a shot—an empirical probability distribution
over the possible class labels can be estimated.

Single-shot quantum classifier. While much prior research has emphasized dif-
ficulties in the training phase, such as barren plateaus [I7], the decision stage also
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introduces its own complications. Because measurement outcomes in quantum me-
chanics are inherently probabilistic, producing deterministic predictions requires re-
peated circuit executions. For classification tasks, this measurement overhead can
become substantial, raising questions about the practical efficiency of VQCs algo-
rithms in the presence of fault-tolerant quantum hardware [18] [19].

To handle this, there are many modifications of general classification setup. Tak-
ing into account the reduction of quantum resources, a paper [20] was recently
published. Authors have introduced the single-shot quantum classifier for binary
classification that the label of a data point is inferred from a single execution of
the quantum circuit. To do this, several modifications to the postprocessing of
measurement results were introduced, along with the design of more sophisticated
trainable feature maps. As finally stated, achieving quantum learning models cannot
be single-shot in a generic way and trainable at the same time. Authors also noted
that achieving near-deterministic classification requires that input data be embed-
ded so that samples from different classes are sufficiently separated along mutually
orthogonal directions in Hilbert space which is really hard to achieve. Otherwise
the classifier will not return the expected results. Hence, its performance is highly
dependent on the input data and the specific classification problem. While such
schemes have a potential to offer a resource-efficient methods, it sadly entails with
one more significant disadvantage that is the lack of noise robustness.

Unambiguous quantum classifier. To address these challenges, we propose a
novel measurement strategy for variational quantum classification (VQC) tasks.
This approach enables us to define an unambiguous quantum classifier for binary
classification by appropriately adjusting the measurement basis and the postpro-
cessing procedure.

The postprocessing procedure operates as follows. We perform the binary classi-
fication task once, and the possible measurement outcomes are labeled as class 07,
class "1”7, or "I don’t know”. If the outcome is 0 or 1, we classify the data according
to the corresponding label. However, if the outcome is "I don’t know”, we repeat
the experiment, increasing the number of measurement shots by one. This process
continues until a definite outcome of 0 or 1 is obtained.

This innovative strategy is capable of making near-deterministic predictions main-
taining adequate classification accuracy in noisy environment while requiring signifi-
cantly fewer quantum circuit executions. The slight reduction in performance repre-
sents a favorable trade-off for resource efficiency. We further validate the theoretical
model with supporting experimental results. The experiments show that with suffi-
cient embedding, proper data preprocessing, postprocessing and training strategies
(e.g., use of data re-uploading [21]), and proper choice of cost function, the trained
unambiguous quantum classifier can achieve near-deterministic predictions with a
reasonable trade-off. The slight decrease of average accuracy in noiseless setups was
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around 6.25 %, and in the setups introducing noise, the decrease was around 7.2 %,
indicating that the proposed method can be usable in noisy environments such as
real quantum hardware.

This paper is organized as follows. Section [3| presents the mathematical descrip-
tion of the classification task with the general setup of the classifier. We determine
the probability of successful classification for noiseless and noisy environments. Next,
in Section [4] we present the unambiguous quantum classifier scenario, again first for
a noiseless environment and next including the noise model. Section [f]is dedicated
to experimental results that support theoretical considerations. Concluding remarks
are presented in the final Section [6]

3. GENERAL CLASSIFIER SETUP

In this section, we will analyze the classification performance after training phase
for different classifier setups.

Let us consider a N-qubit quantum system. Without loss of generality, let N =
2k + 1, k € N. Consider the quantum circuit after training phase. Let a data
point that is of class ‘0’ be described by N-qubit quantum state o. In general
classification setup, the binary measurement which determines the class is taken
as {|0)X0| @ 1, [1)X1| ® 1} which measures the value of the first qubit. Then, the
probability of successful classification in one-shot scenario equals

1+9

succ — T o 1
p 5 (1)

where 0 defines the level of data separation after training. We will consider a noisy
environment, where a noise channel £ is defined as £(p) = (1 — €)p + €p., where p,
is the completely mixed state and & acts on each qubits. Then, to determine the
impact of noise for classification task, we calculate
1+6 9

tr (£2(0) 0§0] @ 1) = (0] £(tr-1(0))10) = 122 — %, ®)
where tr_;(-) denotes the partial trace on all qubits without ¢-th qubit. Then,
the minimal probability of successful classification with the level of separation ¢ is
expressed by

. 144 0
Psuce = T - 56' (3>

In this work, we consider a different setup by changing the measurement strategy.
For now we will use the final measurement defined by

L= > |b)ol, (4)

b:pH(bzo)SNfr
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where pg (b, 0) is the Hamming distance between bitstring b to all-zero string. Then,
let us observe that the probability of successful classification can be calculated as

tr (E¥N(0)IL,) = tr (AE®N (0)1L,) = tr (E¥V(A(0))IL,) , (5)

where A is the completely dephasing channel. Observe that, opposite the original
setup, the success probability is strictly related with the diagonal elements of o.

Lets fix p := A(o). Imagine the scenario when during the training phase the
algorithm puts the same weight for each bitstring, hence all bitstrings are treated as
equally likely. In that case, the representation of the state to be classified is given
as

140 My 1= 1—Thyy
P T () | 2 (- )

(6)

We achieve the probability of successful classification with the level of separation
given by

144 (M) (k+1)s

€ 2
Psuce = 2 2]\[ €+ O(E ) (7)
Using Stirling’s approximation [22], we have
1+ ko
e VB o) )

psucc - 2 ﬁ

During the learning process it is possible to achieve a marginal bitstrings when
the structure of the problem is better caught by the algorithm. Due to this, we can
receive the lifted probability of successful classification p, ., which is equal to

140
Vrnaa = —5— + O() )
and achieved for the quantum state
146 1—96
p:%|0,...,0>(O,...,0\—i—T\l,...,le,...,l]. (10)

Finally if we have access to T" shots of given data point, then, for the multiple-shot
scenario, the minimal success probability is

_1
=0 (VT2 ) (1)
\/psucc(l - psucc)

Te
succe

Te
max*

where O is the cdf of the normal distribution. Analogically, we define p_ <. and p
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4. UNAMBIGUOUS QUANTUM CLASSIFIER

Recall that the unambiguous quantum classifier setup operates as follows. We per-
form the binary classification task using the final measurement described in Eq. .
Possible measurement outcomes are labeled as class ,0", class ,,1" or I don’t know".
If the outcome is 0 or 1, we classify the data according to the corresponding label.
However, if the outcome is ,I don’t know", we repeat the experiment, increasing
the number of measurement shots by one. This process continues until a definite
outcome of 0 or 1 is obtained.

Assume the following probabilities: po for obtaining the label 0, p; for obtaining
the label 1 and p, as the probability of rejection of the label x and repeat the
experiment. In this way, we define the unambiguous success probability p* as p* =

poifpl. Let T represent the number of shots necessary to accept the unambiguous
1

procedure. The expectation of T is given by E(T") = ot

Taking into account the lifted training, we can improve the success probability.
Hence, the maximal success classification probabilities that can be achieved are
po =12 + O(€?) and p; = 152 + O(€?) and then

1+9

Vi = 5 + O(), (12)

with the expectation value E(T) = 1 + O(€?). It means that for lifted training we
can achieve the same probability for as for general classification model in one shot
scenario. However, it should be noted that the lifted training is hard to achieve using
quantum technology, so let us now analyze the average case. Let [ be a parameter
k+1<I[l< N, then

144 11—

Do = N tr (€®N(Hk+1)ﬂz) + N (€®N (1 — Igyq) Hl)
(13)
1496
= 2—N tr(Hl) + 0(62).
Analogously, we calculate
-0
p1 = 2N tI‘(Hl) + O(EZ). (14)
Finally, we obtain the unambiguous probability of successful classification equals
e 140
Dsuce = T + 0(62) (15>
with the expectation value E(T') = tzrj(v—r;) + O(€?). Observe that
2N—1 ) 2N—1 ) )
E(T): +O(€): N N N +O(€)§2+O(E)a
tr(IL) 2V = (1) = (o) == (20

(16)
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when [ remains a relatively small constant distance from £+1. In summary, it means
that we can successfully complete the classification procedure with the expected
number of shots equals two.

5. EXPERIMENTAL RESULTS

In this section, we present the results of the experiment supporting the theoretical
consideration of the unambiguous quantum classifier. The implementation is pub-
licly available on GitHub at https://github.com/Weliras/RESOURCE-EFFICIENT-
VARIATIONAL-QUANTUM-CLASSIFIER. All of our experiments are implemented in
the Python PennyLane framework version 0.40.0 [I0], which is commonly used in
the field of QML. We utilized the C++ lightning. qubit performance-optimized state-
vector simulator for training our QML models, while the default.mized simulator was
used for testing under both noiseless and noisy conditions. The implementation is
carried out in a series of Jupyter Notebooks, which provide an effective environment
for experimentation and data visualization.

To compare and evaluate our models against results reported in previous stud-
ies, we use three publicly available datasets. These datasets are chosen because
they collectively represent a common use case that supports the timely diagno-
sis of severe health conditions. Specifically, Dataset A is designed for predicting
heart failure, Dataset B focuses on diabetes prediction, and Dataset C' is used
for forecasting breast cancer. The selection of these datasets is further motivated
by their suitability for modeling problems formulated as binary classification tasks,
which are well aligned with the implementation of VQC models. The datasets
used in this study are available at the following links: https://www.kaggle.c
om/datasets/andrewmvd/heart-failure-clinical-data, https://www.ka
ggle.com/datasets/uciml/pima-indians-diabetes-database and https:
//archive.ics.uci.edu/dataset/17/breast+cancer+wisconsin+diagnostic.

We follow the preprocessing strategy described in [6]. Briefly, we isolate the tar-
get column, scale the original input features to a normalized range using sklearn’s
StandardScaler, and apply Principal Component Analysis (PCA) to select the most
relevant features while reducing the dimensionality of the input data. These compo-
nents represent linear combinations of the original features that capture the greatest
variance within the dataset. The resulting PCA components are scaled to the range
[0, 1] using sklearn’s MinMaxScaler. Since the original datasets contain many fea-
tures and we use an angle embedding method which requires one qubit per encoded
feature, we limit the number of features accordingly. The train and test datasets are
split in 80:20 ratio, and the same preprocessing technique is applied to all datasets.

5.1. Circuit’s architecture. In all subsequent circuits and models, the number

of qubits used will be denoted as k. The number k is set equal to the number of

input data features z; = (x§°>, - ,x(k_l

3 )), where z; is one data point from the whole
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dataset. In the quantum circuits of our models, we utilize a layered ZZ-entangling
non-trainable feature map Upys(z;) as we can see in Fig.

Repeated lpy, times

|0>®k
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FIGURE 1. Quantum circuit of ZZ-entangling feature map Upp(z;)
for data point z; of k data features. At the input, we consider a
tensor product state of k qubits, each initialized in an default |0)
quantum state. After single-qubits rotations P(y) of angle ¢ and
two-qubits entangled gates CNOT we obtain the output Ugpz(z;) |0)**
with encoded data point x;.

The feature map Upy(x;) itself is consisting of {z); repeating layers, allowing for a
sufficiently deep embedding to effectively separate data points belonging to different
classes. A study by Tomono and Natsubori [23] have highlighted the effectiveness of
utilizing ZZ feature maps, demonstrating competitive performance scores in classifi-
cation tasks compared to other types of feature maps, namely Y, Z-ZZ. The Upy(z;)
feature map applies controlled-NOT (CNOT) entangling gates between neighboring
qubits interleaved with single-qubit rotations, allowing for effective nonlinear map-
pings of classical features into the Hilbert space.

We employ a layered trainable ansatz with reverse linear entangling, commonly
used in variational algorithms for classification or chemistry applications. This
ansatz, a heuristic trial wave function, is implemented in Qiskit as the RealAm-
plitudes class. The variational ansatz consists of [ 4 alternating layers of Y-rotations
and CNOT entangling gates. Chandrasekhar et al. [24] have demonstrated the ef-
ficiency of this ansatz combined with the ZZ feature map, motivating our choice of
the same ansatz. We can see the structure of used ansatz in Fig. [2|

5.2. VQC classifier. The models employ a hybrid parameterized quantum cir-
cuit composed of Upp(z;) feature map and Ua(z;, 0) ansatz. The resulting circuit

Uygc(zi,0) is depicted on Fig.

5.3. Postprocessing methods. The output of the model can be interpreted in
two ways. First we can sample each qubit in the Z-basis and obtain bitstrings, or
we can estimate the expectation value of Pauli-Z operator on each qubit. For our
models, both measurement methods are acceptable, and after postprocessing, they
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Repeated [ 4 times, [ = current layer
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FIGURE 2. Parametrized circuit (ansatz) Ugx(z;,0) with reverse-
entangling and data re-uploading for trainable parameters 6;; for cur-
rent layer [ on i-th qubit. This ansatz implements data re-uploading
[21], introducing the data point z; to each layer. At the input, we
consider an entangled state Upys () [0)2. At the output we already
have U (;, 0)Upas(;) |0Y2F, with processed quantum state by ansatz.

10)* : Urni(;) Ua(zs,0)

FIGURE 3. VQC binary classifier circuit Uy gc(z;, ) composed of lay-
ered feature map Upps(x;) with [gy, layers and ansatz Uyx(x;, 0) with
l4 layers. Input data point is depicted as z; and trainable weights
as #. The output is obtained either by sampling each qubit in the
Z-basis or by estimating the expectation value, which enables the use
of gradient-based classical optimizers during training.

provide equivalent information for classification. However, measuring expectation
values offers a major advantage over sampling bitstrings, as it provides a smoother
cost function, enabling the use of gradient-based optimizers within the PennyLane
framework. In that case, we are going to work with measured expectation values on
each qubit, which are single float values in the range [—1, 1].

In our experiments, we implement and evaluate three VQC models that use the
same quantum circuit Uy gc(z;, 0). Each model differs mainly in the implementation
of the postprocessing procedure.

(A) Many-Shots model (M1): In this model we take measured value only
from the first qubit. As we aim to model a local cost and compare it
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with subsequent models, the measurement result—when sampling bitstrings
(0/1)—directly corresponds to the predicted label. Considering classification
based on the expectation value, we include sign of the expectation value,
where negative values correspond to class 0. The measurement procedure is
repeated T' times (where 7" is the number of shots) for each data point to
estimate the probability of each label.

(B) Many-Shots model (M2): In contrast to the previous model, measure-
ments are taken from all qubits, allowing the approach to capture the global
cost of the circuit. In this model, the measurement results—when sam-
pling bitstrings—are mapped to predicted labels using the Hamming distance
pr (b, 0) between the measured bitstring and the all-zero bitstring. When us-
ing expectation values, we sum the values from all qubits, and classification
is determined based on the sign of this sum. The measurement procedure is
repeated T" times (where 7' is the number of shots) for each data point to
estimate the probability of each label.

(C) Unambiguous model (M3): In our novel approach we need to measure all
qubits. The measurement results—whether obtained by sampling bitstrings
or estimating expectation values—are interpreted in the same manner as
in model M2. The main difference in this model is the introduction of an
acceptance threshold, which must be satisfied by the circuit’s results. The
acceptance threshold specifies the number of identical values that must be
obtained in a single shot attempt for it to be considered accepted. It means
that if either the resulting Hamming distance or the sum of expectation
values does not reach this threshold, then the measurement is repeated with
the same setup. The procedure is repeated at most T, times and T, < T
until the unambiguous procedure accepts the measurement result and the
label is determined by the first accepted measurement result and its predicted
label. In the best-case scenario, the result is accepted on the first try, for
the worst-case scenario, we define an additional parameter 7, that limits the
maximum number of attempts. The expectation value, however, is upper-
bounded T < 2 + O(€?) which is shown in Section [4

5.4. Training description. Having described the full data preprocessing pipeline
and model setup, we now turn to the description of our model training procedure.
We trained the weights for models M2 and M3 using the postprocessing strategy of
model M2, whereas the weights for model M1 were trained using its corresponding
M1 postprocessing strategy. We explore a variety of different classical optimizers
such as PennyLane native ones: AdagradOptimizer, AdamOptimizer, RMSPropOp-
timizer, NesterovMomentumOptimizer but also SPSAOptimizer. In the earliest ex-
periments, we investigate the performance of non-native PennyLane optimizers, in-
cluding Nelder-Mead and Particle Swarm Optimization, and confirm that they are
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also applicable. In the end, we choose to use the AdamOptimizer. We use Binary
Cross Entropy as the cost function. The number of training epochs is capped at
300, with early stopping applied once the cost function has converged. Within each
epoch, the cost function is computed on batches of 8 input train data points. The
entire training process is logged for subsequent analysis.

Following the training of model M2 on the training data, its learned weights
are applied to both models M2 and M3, whereas the trained weights of model M1
are used exclusively for model M. This approach ensures a fair comparison of
classification performance under different postprocessing strategies. Each model is
evaluated and compared across all three datasets under both noiseless and noisy
conditions. For each evaluation, 25 classification runs are performed on the full
test dataset to collect statistics on evaluation metrics from each run, including the
required number of quantum circuit executions, accuracy, precision, recall, F'1 score,
and ROC-AUC. The classification performed by the unambiguous quantum classifier
(model M%) uses the following parameters: a maximum number of repetitions Te =
50, and an acceptance threshold equal to the number of qubits, meaning that all
measured values must be identical to be accepted.

5.5. Noise model description. We model realistic quantum noise by explicitly
introducing standard quantum error channels. The noise is introduced using the
PennyLane transform function applied to a quantum circuit, ensuring that the noise
channels were inserted immediately after each quantum operation. Specifically, for
each qubit on which any operation is done, we sequentially applied:

(1) Depolarizing noise (in PennyLane: DepolarizingChannel class) with prob-
ability 0.02, modeling the loss of information due to random flips in the
quantum state.

(2) Amplitude damping (in PennyLane: AmplitudeDamping class) with proba-
bility 0.05, capturing energy relaxation processes in which the qubit state
decays from the excited state |1) to the ground state |0).

(3) Phase damping (in PennyLane: PhaseDamping class) with probability 0.03,
representing decoherence that reduces off-diagonal elements of the quantum
state density matrix without energy loss.

Formally, if Egepol, Eamp, and Epnase denote the respective noise channels, for each
operation O acting on qubit 7, the noisy operation sequence becomes

O — &V gy gl (17)

depol amp phase

5.6. Results. In Fig. [] and Fig. [5| we compare the models in terms of validation
metrics and the number of quantum circuit executions required to make a prediction
for a single test data point using 3 and 5 qubits, respectively. These figures illustrate
results for Dataset C, while the result’s comparition for all datasets are provided in
Appendix [A] The figures present statistics obtained from 25 classification runs per
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model in both noiseless and noisy scenarios. The first row of Fig. [ and Fig.
compares models classification performance using scoring metrics such accuracy,
precision, recall. The second row, whereas, compares the number of executions each
model requires to make a near-deterministic prediction. The three columns represent
the results per individual models, respectively. The solid curves depict outcomes
from the noiseless environment, whereas the dashed curves illustrate results obtained
under noisy conditions.
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FIGURE 4. Comparison of classification performance and the number
of executions required to achieve a near-deterministic prediction for
each model using a circuit with 3 qubits, 2 ansatz layers, and 1 feature
map layer on Dataset C.

From Fig. 4] (3 qubits), we can see that in the noiseless setup, model M2 achieves
the highest average accuracy of 82.25 %, model M1 achieves an average accuracy
of 79.05 %, while our unambiguous quantum classifier, model M3, attains a slightly
lower accuracy of 76 %), representing a decrease of only 6.25 % compared to model
M2. Model M1 is performing worse than M2, confirming our our theoretical pre-
diction that the global cost function performs better, as more data are obtained
from measurements and available for postprocessing. All while models M1 and M2
needs 1024 executions for prediction, while the model M3 needs on average only
4.61 executions. For Dataset C, this means that models M1 and M2 require a to-
tal of 116,736 executions to make predictions for the entire test set of 114 records,
whereas model M3 requires only approximately 525.54 executions. This means that
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our unambiguous quantum classifier requires approximately 222x fewer executions
than models M1 and M2, while incurring only a 6.25 % drop in accuracy compared
to model M2.

In the noisy setup, the accuracy of the best-performing model, M2, drops to 62.32
%, representing a decrease of nearly 20 % due to noise. This significant reduction
can be attributed to the use of highly noisy channels with large error probabilities.
The accuracy of model M3 decreases by a similar margin of approximately 20 %.
When comparing models M2 and M3, the difference in accuracy is 7.20 %; however,
model M3 requires far fewer executions—only 3.69 on average. Overall, model M3
performs approximately 277.5x fewer executions than models M1 and M2.
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F1GURE 5. Comparison of classification performance and the number
of executions required to achieve a near-deterministic prediction for
each model using a circuit with 5 qubits, 2 ansatz layers, and 1 feature
map layer on Dataset C.

When examining Fig. [5| (5 qubits), we can observe that model M3 performs worse
on 5 qubits compared to the 3-qubit configuration. Its average accuracy reaches
62.84 % in the noiseless setup and 57.58 % under noisy conditions. Table [1| presents
the results in a tabular format, while the corresponding tables for the other datasets
are provided in the appendix.

We compared our results with those reported in [6] and found that our models
achieve even better performance than their VQC model, referred to as QNN. The
comparison was conducted on the same datasets, using the identical feature map
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Model Qubits Noise Avg. executions ACC PRE REC F1

M1 3 NO 1024 0.790526 0.754565 0.983662 0.854008
M2 3 NO 1024 0.822456 0.584507 0.249600 0.348995
M3 3 NO 4.612982 0.760000 0.498914 0.208000 0.290289
M1 3 YES 1024 0.627368 0.625681 1.000000 0.769740
M2 3 YES 1024 0.623158 0.421821 1.000000 0.593325
M3 3 YES 3.685614 0.551228 0.410103 0.580800 0.479864
M1 5 NO 1024 0.808421 0.823892 0.881127 0.851451
M2 5 NO 1024 0.838246 0.584507 0.249600 0.348995
M3 5 NO 17.768772 0.628421 0.498914 0.208000 0.290289
M1 5 YES 1024 0.654386 0.644549 0.993239 0.781728
M2 5 YES 1024 0.625263 0.421821 1.000000 0.593325
M3 5 YES 14.897544 0.575789 0.410103 0.580800 0.479864

TABLE 1. Comparison of Model Performance on Dataset C' with re-
spect to average number of executions need to do prediction, Accu-
racy (ACC), Precision(PRE), Recall(REC) and F1 score.

and a similar ansatz configuration. This improvement can likely be attributed to
the use of data re-uploading techniques, as well as experimentation with different
optimizers, their hyperparameters, and batch sizes.

We also went further and trained our unambiguous quantum classifier to evaluate
how well it could optimize the weights under the constraint of using as few executions
as possible. We compared it with the training that we normally employ on model
M2 and the comparison can be seen in Fig. [l and Fig. [7] For this experiment,
we used the PennyLane SPSAOptimizer, as training model M3 involves significant
noise due to the inherent randomness of quantum measurements and the constraint
on the number of executions. We can see that model M5 is capable of training itself;
however, this approach introduces noise into the training process, causing the cost
function to oscillate. Despite this, the optimizer successfully minimizes the cost and
achieves convergence.

6. CONCLUSION AND DISCUSSION

In this work, we introduced the unambiguous quantum classifier, a measurement
strategy designed to mitigate the stochastic overhead inherent in quantum classifica-
tion. By enforcing an acceptance threshold on measurement outcomes, our approach
achieves near-deterministic predictions while drastically reducing the number of re-
quired quantum circuit executions. Experimental validation across three publicly
available datasets demonstrated that, in a 3-qubit noiseless setup, the unambiguous
classifier attains an average accuracy of 76%, only 6.25% below the best-performing
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FIGURE 6. Training history using Dataset C' and number of execu-
tions in each epoch for model M3 on 3 qubits with 2 ansatz layers, 1
feature map layer.

baseline (model M2 at 82.25%), while requiring approximately 222x fewer circuit
executions on average. Under noisy conditions, the performance gap remains mod-
est, around 7%, while the reduction in required executions remains comparable, at
roughly 277x.

The use of expectation-value-based measurements enables smoother cost functions
and efficient gradient-based optimization. Additionally, the incorporation of data re-
uploading facilitates faster convergence during training. Although the unambiguous
classifier introduces a slight trade-off in accuracy, it provides substantial gains in
computational efficiency, making it a compelling approach for near-term quantum
hardware where circuit execution cost is the dominant constraint. Furthermore,
we have shown that the model can self-optimize within its own constraints using
stochastic optimizers such as SPSA, achieving convergence even under higher noise
levels.

To further evaluate the significance of our approach, we compared our models’
performance with results reported in recent studies, such as the VQC model from [6].
Across the same datasets and comparable circuit configurations, our models consis-
tently achieved superior performance. This improvement can be attributed to the
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feature map layer and 1024 shots.

data re-uploading strategy, optimized hyperparameters, and the use of alternative
optimizers.

Overall, the proposed unambiguous quantum classifier demonstrates that it is
possible to significantly reduce the stochastic overhead inherent to quantum mea-
surements without severely compromising accuracy. By introducing a measurement
strategy that yields near-deterministic outcomes, this approach provides a practi-
cal pathway toward more resource-efficient quantum machine learning models. The
balance it achieves between performance and execution cost highlights its poten-
tial to enhance the scalability and applicability of variational quantum classifiers in
realistic, noisy quantum computing environments.

Future research could focus on extending the unambiguous quantum classifier to
larger qubit systems and more complex datasets to evaluate its scalability and ro-
bustness in higher-dimensional Hilbert spaces. Investigating adaptive acceptance
thresholds that dynamically adjust based on measurement statistics could further
improve efficiency and accuracy. Additionally, integrating error mitigation and
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noise-aware training strategies may enhance performance on current noisy intermediate-
scale quantum (NISQ) devices. Finally, exploring hybrid classical-quantum archi-
tectures that combine the unambiguous classifier with classical post-processing or
feature selection techniques could offer further gains in both interpretability and
computational efficiency.
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APPENDIX A. RESULT’S COMPARISON

In this appendix, we describe result’s comparison for Dataset B followed by the
convention presented in the main text. Fig. [8| presents the results obtained from
Dataset B - 3 qubits, whereas Fig. [0 describes the experiment using Dataset B - 5
qubits. Fig. The results obtained for Dataset A are similar to those obtained for
Dataset B; therefore, we decided not to include the corresponding plots and tables
here.

Table [2] represent the comparison of model performance on Dataset B.

Many shots model, default strategy Many shots model, ing strategy One shot model, Hamming strategy

A P N Aeh
NN AR ™

£

a
0.8 3 0.8
i M o R A

AW TN o ET SR Y

a . ys2 24 s
06 < g A A Ay AT R A Ax
,.._;Y.,.‘ig‘,.*,Aa;bn.“\‘

°
B

Teel Y teeteeleee el
067 ad A sty Mt aagahea

2
oxtaA G e Lo-aa SO S9N

4
R At ea s
A -k

Evaluation score
Evaluation score
Evaluation score

o
2
.(
V’
1
»

o 5 10 15 20 25 o 5 10 15 20 25 0 5 10 15 20 25
Classification run # Classification run # Classification run #

Many shots model, default strategy Many shots model, i One shot model, Hamming strategy

10° 10° 10°

)

A - IA\A
L W TY N/
L.‘\‘I i s v \ TSR N

X* \
100 )y

5
Number of shots per data point

Number of shots per data point
Number of shots per data point

*a
4

Y

°
“

10 15 20 25 0 5 10 15 20 25 0 5 10 15 20 25
Classification run # Classification run # Classification run #

F1GURE 8. Comparison of classification performance and the number
of executions required to achieve a near-deterministic prediction for
each model using a circuit with 3 qubits, 2 ansatz layers, and 1 feature
map layer on Dataset B.
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FIGURE 9. Comparison of classification performance and the number
of executions required to achieve a near-deterministic prediction for
each model using a circuit with 5 qubits, 2 ansatz layers, and 1 feature
map layer on Dataset B.

Model Qubits Noise Avg. executions ACC PRE REC F1

M1 3 NO 1024 0.641558 0.497477 0.346182 0.408101
M2 3 NO 1024 0.690130 0.584507 0.249600 0.348995
M3 3 NO 3.796623 0.629610 0.498914 0.208000 0.290289
M1 3 YES 1024 0.583377 0.455868 0.858182 0.595316
M2 3 YES 1024 0.631429 0.421821 1.000000 0.593325
M3 3 YES 3.782857 0.532727 0.410103 0.580800 0.479864
M1 5 NO 1024 0.668312 0.534555 0.552727 0.543404
M2 5 NO 1024 0.662078 0.584507 0.249600 0.348995
M3 5 NO 16.945195 0.631429 0.498914 0.208000 0.290289
M1 5 YES 1024 0.646234 0.503592 0.672000 0.575682
M2 5 YES 1024 0.515584 0.421821 1.000000 0.593325
M3 5 YES 14.624416 0.497403 0.410103 0.580800 0.479864

TABLE 2. Comparison of Model Performance on Dataset B with re-
spect to average number of executions need to do prediction, Accu-
racy(ACC), Precision(PRE), Recall(REC) and F1 score.
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