




































Classical + Quantum ML GUI Platform
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1

Data Config

Load AME2020 Excel or 
generate synthetic data. 
Select input features, 
target variable (BE/A). 
Live data preview. 
Missing value detection.

2

Feature Eng.

Physics-aware templates: 
Basic Ratios, Asymmetry, 
Surface/Volume, Magic 
Numbers. Add custom 
algebraic expressions via 
formula editor.

3

Model Config

Select Classical / 
Quantum-Inspired / 
Quantum models. Adjust 
hyperparameters 
(n_trees, depth, VQC 
layers) via sliders. 
PennyLane toggled here.

4

Training

Choose mass region 
(All/Light/Medium/Heavy
). Set train-test split. 
Launch training. Real-time 
log shows R², RMSE, 
training time per model.

5

Results & Viz

Summary table (R², R²-
gap, RMSE, time). 
Prediction vs Actual 
scatter plots. Overfitting 
& performance bar 
charts. Export results & 
figures.

Platform Highlights

✓ 10+ classical + 3 quantum models in a single unified interface

✓ PennyLane integration for real variational quantum circuits

✓ Physics-aware mass region selection (Light / Medium / Heavy)

✓ Real-time overfitting detection and normalized performance scoring

✓ Exportable publication-ready plots and numerical results

✓ Extendable to any nuclear observable: radii, fission barriers, cross-sections





Conclusions
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C1 Three distinct learning regimes confirmed: Light (sparse/noisy), Medium (near-linear), Heavy (data-rich, nonlinear). No single model dominates all 
regions — physics-motivated region selection is essential for optimal performance.

C2 Extra Trees & Gradient Boosting win the Heavy Zone (RMSE ≈ 5.7 keV, R²=0.9997). MLP_3×256 dominates the Light Zone (RMSE=81.8 keV). Linear 
Regression leads in Medium Zone (RMSE=15.2 keV). Model selection must match the physical learning regime.

C3 Q-Hybrid (true variational quantum circuit) achieves R²=0.99963 in Heavy Zone — gap from best classical model is less than one ten-thousandth. The 
classical-quantum accuracy gap essentially closes when data are abundant and structurally rich.

C4 QI-Hybrid RMSE drops from 256.9 keV (Light) to 8.75 keV (Heavy) — a 30× improvement. Data quality determines quantum model success more than 
circuit architecture. Quantum-inspired models require dense, clean training data to reveal their potential.

C5 The developed GUI provides a complete, reproducible research platform: data loading → physics-aware feature engineering → classical+quantum 
training → diagnostic visualization. Exportable and extendable to any nuclear observable.

C6 Under realistic NISQ constraints, hybrid quantum architectures complement — rather than replace — state-of-the-art classical ML. This study 
establishes the first systematic benchmark for QML in nuclear mass modelling, pointing toward a quantum-enhanced future.
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Quantum-Inspired Kernel Regression (QI-Kernel)

We have the properties of a kernel — numbers like 
Z=28, N=30. Instead of directly comparing them, we 
ask: "How 'similar' would these two kernels be in a 
quantum system?"

Step 1 — Angle encoding: We "write" each property 
xᵢ to a qubit. We do this with a Ry(xᵢ) gate. The Ry 
gate spins the qubit on a Bloch sphere.

Step 2 — Entanglement-style cross-terms: In real 
quantum computing, qubits are connected by CNOT 
gates, and this connection produces multiplications 
like xᵢ·xⱼ. We calculate this mathematically in a 
classical computer — there are no real qubits, but 
the math is the same.

Step 3 — Kernel calculation: We calculate the 
quantum states |ψ(A)⟩ and |ψ(B)⟩ separately for the 
two kernels A and B. Then we take their inner 
product: K(A,B) = |⟨ψ(A)|ψ(B)⟩|². If this number is 
close to 1, the two kernels are "very similar," and if it 
is close to 0, they are "very different."



Quantum-Inspired Hybrid Model (QI-Hybrid)

QI-Kernel calculated the similarity between 
two points. QI-Hybrid, on the other hand, 
transforms each point independently, 
generating a new, enriched feature vector.

They are given 3 numbers: A, Z, N. Instead of 
using these directly, you first derive 20 new 
features such as "A²", "Z·N", "sin(N/100)". 
Then you make predictions using these 20 
features. QI-Hybrid does the same thing — but 
its derivation rules come from quantum 
mechanics.



Hybrid Quantum Machine Learning Model (Q-Hybrid)

This model is very different from the other two: the circuit parameters are not fixed, they 
are learned.

1. Write the data to the qubits: Encode the values ​​x₁, x₂, x₃, x₄ to the qubits using Ry(xᵢ)|0⟩.

2. Apply the variational layer: Three gates for each qubit in sequence: Rx(θ₁), Ry(θ₂), 
Rz(θ₃). These three gates move a qubit to any desired location on the Bloch sphere.

3. Add entanglement: Connect the qubits with CNOT gates: q₁→q₂, q₂→q₃, q₃→q₄. This 
allows the qubits to "know" each other.

4. Measure: Measure each qubit using the Pauli-Z operator. The result is a number 
between -1 and +1: ⟨Zᵢ⟩. These numbers are now classical numbers — they form a vector.

5. Calculate the loss: Generate a prediction from this vector, compare it to the actual 
value, and calculate the error.

6. Update the parameters: Apply a classical optimizer (Adam, SPSA...).

This cycle repeats hundreds of times — each time the circuit learns to make slightly better 

predictions.



Physical Interpretation of Results
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Q  Why does Linear Regression dominate the Medium Zone?

In the 40 ≤ A ≤ 120 region, BE/A is nearly a linear combination of our engineered features (A^(2/3), Z²/A, (N−Z)²/A, etc.) — which explicitly encode Bethe-Weizsäcker 
structure. A linear model therefore naturally captures most variance. Complex nonlinear models add parameters without adding useful signal in this regime.

Q  Why does MLP outperform quantum models in the Light Zone?

Light nuclei (A<40) show stochastic shell effects — pairing, clustering, halo phenomena — highly specific to individual nuclei. With only 292 data points, quantum 
models cannot tune their many parameters effectively. MLP's depth and regularization provide better noise tolerance, while VQCs face the barren plateau problem 
with sparse gradients.

Q  What makes the Heavy Zone ideal for Quantum ML?

With 2102 heavy nuclei, the dataset is rich enough that quantum-inspired feature geometry can be exploited. Heavy nuclei exhibit smooth collective phenomena 
(deformation, rotational bands) where nonlinear correlations across many features are systematic rather than random — exactly the pattern Hilbert space feature 
maps capture naturally.

Q  What does QI-Hybrid's 30× RMSE improvement tell us?

QI-Hybrid's RMSE drops from 256.9 keV (Light) to 8.75 keV (Heavy) — a 30-fold improvement. This is not hardware noise but data noise: tensor product expansions 
amplify measurement variance in sparse regions. In the Heavy Zone, the same expansions capture genuine physical feature interactions. Data quality matters more 
than circuit architecture for QML.



Future Directions & Open Challenges
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⚛ Real Quantum Hardware

Execute Q-Hybrid circuits on IBM Quantum, 
IonQ, or Rigetti devices. Quantify decoherence 
and shot noise effects on nuclear regression 
accuracy. Benchmark simulator vs hardware 
results.

🔬 Extended Observables

Apply the GUI framework to nuclear charge radii, 
β-decay half-lives, quadrupole deformation, 
neutron-capture cross-sections. Platform is 
observable-agnostic by design.

🌌 Astrophysical R-Process

Predict masses of exotic neutron-rich nuclei 
beyond AME2020 for r-process nucleosynthesis. 
QML's Hilbert space extrapolation may reduce 
uncertainty in unexplored nuclear chart regions.

📈 Uncertainty Quantification

Integrate Bayesian neural networks and Gaussian 
processes alongside QML models. Provide 
prediction uncertainty bands — essential for 
astrophysical and reactor applications.

🔗 Quantum Kernel Hardware

Implement quantum kernel estimation on real 
hardware. Bypass classical kernel approximation. 
Potential quantum advantage when n_features 
approaches hardware qubit limits.

⚡ Fault-Tolerant QML

Transition from NISQ to fault-tolerant quantum 
computing will transform QML capabilities. 
Models developed here are designed to scale 
naturally onto future quantum processors.

The transition from NISQ to fault-tolerant QC will be transformative. The hybrid framework developed here is designed to scale naturally onto future quantum processors.


