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Activities

[I] We successfully had a proposal
accepted for the Fujitsu Quantum
Simulator Challenge 2025-26 event.
Click for more information.

Announcing the Fujitsu $100,000 Quantum Simulator Challenge 2025-26

[2] We recently secured approval for
five Ministry of Education—funded
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Quantum Feature Maps for Enhanced Performance in Quantum
Kernel Machine Learning

A quantum kernel is an advanced computational technique designed to project classical
data into a higher-dimensional feature space, enabling more effective separation of both linear
and nonlinear data. At its core, a kernel function measures the similarity between pairs of data
points. In the quantum framework, this similarity is evaluated after the data have been encoded
into a quantum feature space using a feature map, as shown in Figure 1(a). By leveraging the
principles of quantum mechanics, quantum kernels provide a powerful approach to capturing
complex patterns and structures within data. The quantum kernel estimation circuit with feature
map encoding is shown in Figure 1(b).

By tuning nonlinear encoding functions within the quantum feature map, complex
multi-dimensional data can be represented more expressively in quantum Hilbert space.
Empirical studies have shown that such nonlinear quantum feature mappings can significantly
enhance classification performance and improve predictive accuracy, particularly when
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handling highly complex, multi-dimensional datasets. As illustrated in Equation (1), a feature
map was proposed that allows us to tune the hyperparameters through the rotational factor a
and the nonlinear data encoding functions ¢5(X). This feature map is given by

Ugz) = exp (i X7=q a; ¢s(OITP) (1)

P; € (1,X,Y, Z) denote the single-qubit Pauli gates. Data-encoding scale is set by the rotational
factor a, along with the Pauli operator choice, can be treated as a hyperparameter that
significantly affects the performance of the quantum feature map.

The functions ¢,(X) represent nonlinear data-encoding functions used to tune the
hyperparameters, defined as follows:

Vs

F1: ¢{i}(x) = x; and ¢{i,2}(x) = (1+c0s (x1)) (1405 (¥2)) (2)

F2: pg3(x) = x; and ¢y 23 (x) = mx,x, (3)

F3: iy (x) = x; and iy (x) = 7 (1 = x)(1 — xp) “)

F4: ¢y (x) = x; and ¢y 23(x) = exp <M> &)
In(m)

F5: pg3(x) = x; and g (x) = m (6)

F6: ¢y (x) = x; and ¢y 23(x) = mcos(xy)cos(x;) (7)

Jha et al., considered four datasets are used to evaluate the model’s performance (Jha
et al., 2026): Circle, Moon, XOR, and WBC. Each dataset employs a distinct quantum circuit
design tailored to its data characteristics. Across all four datasets, the circuits follow a common
structure: single-qubit rotations are applied first, followed by data-dependent ZZ entangling
interactions. The rotation axis varies by dataset, X-rotations for Circle and XOR, Y-rotations
for Moon, and Z-rotations for WBC, while the entangling scheme remains consistent.
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Figure 1. (a) Quantum Feature Map Circuit illustrating classical data encoding via the unitary
functions Uz, Unitary U, and CNOT Gates. (b) Quantum Kernel Estimation Circuit with
Feature Map Encoding, Initialized in |0) states and followed by Hadamard gates for
superposition.

The experimental results demonstrate strong performance across all datasets. For the
Circle dataset, methods F1, F4, F5, and F6 achieved 100% accuracy with an MCC of 1.00,
indicating perfect classification. For the Moon dataset, method F4 obtained 98% accuracy with
an MCC of 0.96, demonstrating highly reliable predictions. For the XOR dataset, method F1
achieved 99% accuracy with an MCC of 0.979, reflecting near-perfect performance. For the
WBC dataset, methods F1 and F4 achieved 93.67% accuracy with an MCC of 0.866, indicating
strong and consistent classification results.

In comparison, the classical model using the RBF kernel achieved the highest overall
performance across the four datasets. For the Circle dataset, it obtained 100% accuracy with
an MCC of 1.00, matching perfect classification. For the Moon dataset, it achieved 98%
accuracy with an MCC of 0.961. For the XOR dataset, the model reached 99% accuracy with
an MCC of 0.979. For the WBC dataset, it obtained 93.49% accuracy with an MCC of 0.862.

The o hyperparameter was evaluated across four settings: 0.5, 1, 2, and 3. Varying o
values had distinct effects on model performance across datasets. For the Circle dataset, a=2
achieved the highest accuracy for methods F1, F4, F5, and F6. For the Moon dataset, a= 2
provided better performance for methods F1 and F4. In the XOR dataset, o= 2 achieved high
accuracy across all methods F1-F6. Conversely, for the WBC dataset, a smaller value of a=
0.5 resulted in the highest accuracy for all methods F1-F6. The results (Jha et al., 2026)
highlight that the proposed method holds significant potential to boost the performance of
quantum kernel estimation, enabling more accurate classification of both linear and nonlinear
datasets.
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