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ABSTRACT

Machine learning systems rely on optimization methods to adjust their internal parameters, yet these methods often
struggle when the landscape they must navigate contains steep ridges, flat plateaus or narrow valleys. Classical
approaches move step by step using local information, which limits their ability to escape stagnation or reach deeper
solutions. Inspired by how quantum systems explore space, recent work has suggested that ideas such as superposition
and tunneling may offer new ways to improve optimization. Here we show that combining multiple nearby gradient
evaluations with a mechanism that allows occasional nonlocal jumps enables an optimizer to cross barriers that
impede classical descent. Evaluated on six synthetic benchmark landscapes patterned on proteomic, socio-economic,
physiological, image-like, radar and deceptive spiral structures, the approach reaches deeper minima on four of the
six, while classical baselines retain an advantage on the two smoothest landscapes. The findings demonstrate that
concepts from quantum transport can be translated into practical algorithms, offering a new strategy for navigating
complex landscapes. Beyond machine learning, these results highlight how ideas from quantum dynamics may inform
computational methods in fields ranging from physical simulation to high-dimensional search.

Keywords: Quantum-inspired optimization, Deep learning optimization, Nonconvex optimization, Barrier-crossing
dynamics, Wave-packet superposition, Gradient-based optimization, Quantum tunnelling, Loss landscape navigation
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1.0 INTRODUCTION

Optimization is the engine that drives modern machine learning. Every model, from linear
regressors to deep neural networks, relies on iterative parameter updates to minimize a loss
function that reflects how well the model fits data. Although the mathematical formulation of
optimization is straightforward, the landscapes defined by contemporary machine-learning models
are highly complex. High-dimensional loss surfaces contain sharp ridges, flat plateaus, narrow
valleys, saddle points and deceptive basins that impede classical algorithms [1]-[5]. As models
grow in scale and complexity, these geometric challenges become more pronounced, making
optimization not merely a computational problem but a conceptual one.

Classical gradient-based optimizers evaluate the loss and its gradient at a single point in parameter
space. This locality is both a strength and a limitation. It enables efficient updates but restricts the
optimizer's ability to sense nearby curvature or detect stagnation until progress has already stalled
[6]. In rugged landscapes, gradients may vanish at saddle points [7], oscillate near sharp ridges [8]
or point toward shallow basins that are far from globally optimal [9]. The eigenvalues of the
Hessian display massive singularity near zero [7], [10]. These behaviours slow convergence and
can prevent models from reaching deeper minima that generalize well [11].

The limitations of classical optimization have motivated decades of research into improved
algorithms. Momentum methods introduce inertial terms to smooth updates [12], while Nesterov
acceleration anticipates future gradients to improve stability [13]. Adaptive learning-rate methods
such as AdaGrad [14], RMSprop [15] and Adam [16] adjust step sizes based on gradient history,
enabling faster convergence in many settings, though they can suffer from high gradient variance
early in training [17]. AdamW later corrected the coupling between weight decay and gradient
updates, improving generalization in large-scale architectures [18], [19].

Despite these advances, the fundamental locality of gradient evaluation remains unchanged. The
optimizer still "sees" only one point at a time. This limitation becomes severe in high-dimensional
nonconvex landscapes, where curvature varies dramatically across neighbouring regions [20].
Second-order methods attempt to incorporate curvature information using Hessian approximations
[21], but they are computationally expensive and often unstable in deep learning.

Quantum systems offer a conceptual contrast. A quantum particle does not occupy a single state
but exists as a wave packet, a superposition of many neighbouring states [22]. When encountering
a barrier, a quantum system may tunnel through it without possessing the classical energy required
to climb over it [23]. These behaviours suggest a powerful analogy: if optimization trajectories
could incorporate elements of quantum transport, namely superposition, nonlocality and tunneling,
they might overcome barriers that impede classical descent.

Recent work in physics-inspired computation has explored nonlocal search strategies. Simulated
annealing introduces thermal noise to escape local minima [24], while quantum annealing exploits
physical tunneling in specialized hardware [25]. Evolutionary algorithms incorporate population-
based exploration [26], and quantum-behaved particle swarm optimization uses probabilistic wave
functions to guide search [27]. However, these methods often require large populations, slow
stochastic schedules or specialized hardware.

The present work introduces a classical algorithm that emulates two key quantum behaviours,
superposition and tunneling, without requiring quantum computation. By sampling gradients
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across multiple perturbed states, the optimizer forms a wave-packet-like ensemble that reveals
curvature and smooths noise. When this ensemble contracts, indicating stagnation, the optimizer
activates a tunneling gate that executes a nonlocal jump drawn from a heavy-tailed distribution
[28]. These mechanisms enable barrier crossing and escape from deceptive basins while
maintaining the computational efficiency of Adam-style updates.

2.0 LITERATURE REVIEW

Efforts to improve optimization have historically focused on modifying gradient descent to better
adapt to the geometry of the loss landscape.

Stochastic gradient descent (SGD) became the foundation of large-scale learning due to its
efficiency, but its sensitivity to learning-rate selection and tendency to stall in flat regions
motivated the development of momentum-based approaches [29]. Classical momentum smooths
updates by accumulating past gradients [12], [30], while Nesterov acceleration anticipates future
gradients to improve stability [31].

Adaptive learning-rate algorithms marked a major shift. AdaGrad introduced per-parameter
scaling based on historical gradients, enabling faster convergence in sparse settings [14], [32].
RMSprop refined this idea by using exponential moving averages to prevent learning rates from
collapsing [15], [33]. Adam unified momentum and adaptive scaling, becoming one of the most
widely used optimizers in deep learning [16]. AdamW later corrected the coupling between weight
decay and gradient updates, improving generalization in many architectures [18].

Despite these advances, classical optimizers remain fundamentally local. They evaluate gradients
at a single point in parameter space, making them vulnerable to saddle points and sharp barriers

[11, [31, [8].

Research in physics-inspired optimization has attempted to address this limitation. Simulated
annealing introduces thermal noise to escape local minima [24], but its stochastic nature often
leads to slow convergence. Quantum annealing exploits physical tunneling in specialized hardware
[25], yet its applicability is limited by device availability and problem-encoding constraints.
Evolutionary algorithms and quantum-behaved particle swarm optimization incorporate multistate
exploration [26], [27], but they typically require large populations and lack the efficiency of
gradient-based methods.

Nonlocal optimization strategies have recently gained attention in machine learning. Sharpness-
aware minimization (SAM) perturbs parameters to evaluate worst-case gradients, improving
generalization by avoiding sharp minima [34]. Entropy-SGD biases trajectories toward wide
valleys using local entropy [35]. Stochastic gradient Langevin dynamics introduces noise to escape
shallow basins [36]. These methods demonstrate the value of exploring neighbourhoods rather
than single points, yet none incorporate tunneling-like transitions or heavy-tailed nonlocal jumps.

Quantum-inspired algorithms have also emerged in other fields. Variational quantum algorithms
use parameterized quantum circuits to explore energy landscapes [37]. Quantum Monte Carlo
methods sample distributions using nonlocal transitions [38]. These approaches highlight the
potential of quantum principles for navigating complex landscapes, but they require quantum
hardware or specialized simulation frameworks [39].
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The present work introduces a classical algorithm that emulates two key quantum behaviours,
superposition and tunneling, without requiring quantum computation. By sampling gradients
across multiple perturbed states, the optimizer forms a wave-packet-like ensemble that reveals
curvature and smooths noise. When this ensemble contracts, indicating stagnation, the optimizer
activates a tunneling gate that executes a nonlocal jump drawn from a Cauchy distribution [28].
This reflects the heavy-tailed stochastic gradient noise often observed in deep learning landscapes
[40]. These mechanisms enable barrier crossing and escape from deceptive basins while
maintaining the computational efficiency of Adam-style updates.

3.0 METHODS

The Methods section provides a complete description of the experimental setup, dataset
provenance, model architectures, optimizer formulations and evaluation procedures used in this
study. All experiments were conducted using reproducible pipelines with fixed random seeds and
standardized training protocols. No proprietary software or hardware was required.

3.1 Overview of the experimental framework

All experiments were performed using a unified optimization rig designed to compare classical
and quantum-augmented optimizers under identical conditions. Each optimizer, namely Adam,
AdamW, Q-Adam and Q-AdamW, was applied to the same model architecture per dataset, with
identical initialization, learning rate, batch size and random seed. Training was performed for
10,000 epochs using full-batch gradient descent.

Quantum-augmented optimizers incorporate two mechanisms inspired by quantum transport:
wave-packet superposition, implemented by sampling gradients across perturbed parameter states;
and variance-dependent tunneling transitions, implemented using a heavy-tailed Cauchy
distribution.

3.2 Dataset provenance and reconstruction

Six benchmark landscapes were used in this study. Three take their names and dimensional
structure from established machine-learning repositories (UCI Machine Learning Repository and
MNIST), and three are synthetic benchmark fields commonly used to evaluate optimization
behaviour. No original dataset files were used. To eliminate external dependencies and make every
experiment reproducible from code alone, all six were generated synthetically in MATLAB,
following the dimensionality and broad statistical structure of the named datasets. The named
datasets should therefore be understood throughout as synthetic surrogates rather than as the
original data, and the results characterize optimizer behaviour on the resulting loss geometries
rather than task performance on the original benchmarks.

3.2.1 Ovarian Cancer proteomics (synthetic reconstruction)
The original dataset is a high-dimensional proteomics benchmark. In this study, a synthetic

analogue was generated using:
* 216 samples
* 4,000 features
* Binary labels derived from weighted sums of the first 20 features with Gaussian noise

This preserves the extreme dimensionality and noisy curvature characteristic of proteomic
landscapes.
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3.2.2 Boston Housing (UCI to synthetic regeneration)

The Boston Housing dataset originates from the UCI repository. To ensure reproducibility, features
were regenerated using Gaussian distributions, and targets were produced using weighted
combinations of socio-economic indicators with additive noise. This preserves the smooth, low-
dimensional regression geometry of the original dataset.

3.2.3 Body Fat (UCI to synthetic regeneration)

The Body Fat dataset originates from UCI. Synthetic regeneration followed the statistical
relationships among physiological features, including collinearity, producing elongated valleys in
the loss landscape.

3.2.4 MNIST Digits (real to synthetic vector field)

MNIST is a real handwritten-digit dataset. It was not used directly. To avoid external file
dependencies, a synthetic vector field matching the input dimensionality and class count of MNIST
was generated:

* 1,200 samples
» 784-dimensional vectors uniformly sampled in [—1, 1]
* Cyclic one-hot labels (0 to 9)

This surrogate matches the input dimensionality and label cardinality of MNIST but does not
reproduce its class structure, because labels are assigned cyclically and independently of the
sampled feature vectors. It therefore functions as a memorization benchmark rather than a
classification benchmark, and results obtained on it should be interpreted accordingly.

3.2.5 Ionosphere Radar (UCI to synthetic regeneration)

The Ionosphere dataset originates from UCI. Synthetic regeneration used weighted radar-return
features with Gaussian noise, preserving nonlinear separability and deceptive basins.

3.2.6 3-Class Spiral (synthetic deceptive landscape)

A classical deceptive benchmark used to evaluate barrier-crossing behaviour. Three intertwined
spirals were generated with Gaussian perturbations.

3.3 Model architectures

Each dataset used a fully connected feed-forward network with ReLU activations and He
initialization [41]. Architectures matched Table 1.

Table 1: Structural characteristics and network layout of evaluation benchmarks

Benchmark Problem type Input Hidden Hidden Output Parameters

domain dim (D) Hi1 H2 (K) 0)
Ovarian Cancer Classification 4,000 16 8 2 64,154
Boston Housing Regression 13 8 4 1 153
Body Fat Regression 13 6 4 1 115
MNIST Digits  Classification 784 32 16 10 25,802
Ionosphere Classification 34 16 8 2 714
Radar

3-Class Spiral Classification 2 16 — 3 99
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Forward propagation is defined by equations (1) to (5):
1= XWi +bi(1)
A1 =ReLU(Z1)(2)
Z>=A:1W2+ b2(3)
Az =ReLU(Z2)(4)
Z3=A2Ws + bs(5)

Classification used softmax cross-entropy and regression used mean-squared error after the
forward pass defined in equations (1) to (5).

3.4 Classical optimizers

3.4.1 Adam
Momentum and adaptive variance estimates are given by equations (6) to (8):
me = Bimes + (1~ Pi)g(6)
Vi =Pavir + (1 = B2)gi(7)
(=001 — Ir x iy / (V) + €)(8)
3.4.2 AdamW
Decoupled weight decay is applied according to equation (9):

0« 0—1Irxwdx0(9)
3.5 Quantum-augmented optimizers

3.5.1 Wave-packet superposition
Gradients are sampled across M perturbed states and averaged as shown in equations (10) and

(11):
gi=VL(0 + 8&), & ~ N(0, I)(10)
g=(I/M) = g(11)

Variance across superposition states is computed using equation (12):
o® = mean(var(g;))(12)

3.5.2 Variance-dependent tunneling
When o? < 1, tunneling activates according to equation (13):

A =tan(n(u — 0.5)) x x, u ~ Uniform(0, 1)(13)
The jump is clamped to preserve stability, as defined in equation (14) [42]:
AB « clip(A0, —0.05, 0.05)(14)

The final quantum-augmented update combines the Adam-style step and tunneling displacement
as shown in equation (15):
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0 — 0 — AdamStep(g) + AO(15)

3.6 Learning-rate sensitivity study

A three-point sweep (1 = 10, 107, 102) was performed on the Body Fat dataset. Each optimizer
was trained for 2,000 epochs, and best-checkpointed loss was recorded.

3.7 Stagnation-escape phase portrait

Gradient norms and step velocities were recorded for each optimizer on the Spiral dataset using
equations (16) and (17):

IVLIx(16)
1AO(17)

Trajectories were subsampled to 1,500 points for visualization.

3.8 Sharpness analysis

A one-dimensional slice of the loss landscape was evaluated around the final solution using
equation (18):

L(0 + ad), d =normalized random direction, o € [—0.15, 0.15](18)

3.9 Statistical evaluation

All experiments were repeated across three seeds. p-values were computed using paired t-tests
comparing classical and quantum-augmented variants.

3.10 Real Benchmark Datasets, Compute Budget, and Statistical Rigor
To address potential reliance on synthetic reconstructions, validate generalization performance, and
evaluate computational overhead, experiments were extended to real benchmark datasets:

1. UCI Body Fat Regression Dataset: A real physiological dataset (N = 252 instances, 13
features) evaluated using an 80/20 train/test split. Performance was measured using Test
Mean Squared Error (MSE).

2. MNIST Digits Classification Dataset: Real handwritten digits (N = 70,000 samples, 784-
dimensional features) evaluated using the standard 60,000/10,000 train/test split.
Performance was measured using Test Top-1 Accuracy and Cross-Entropy Loss.

Computational Complexity & Budget Matching:

Standard Adam/AdamW optimizers evaluate 1 gradient vector per step, requiring O(D) operations per
iteration (where D is parameter dimension). In contrast, wave-packet superposition samples M = 5
perturbed gradient vectors per step, incurring an exact 5 times gradient evaluation cost per epoch M. 0 (D).

To isolate whether performance gains stem from nonlocal quantum dynamics rather than raw compute
budget, two baseline comparison protocols were established:

o Epoch-Matched Baselines: Trained for 10,000 epochs (10,000 gradient evaluations).
e Compute-Matched Baselines: Trained for 50,000 epochs (50,000 gradient evaluations),
matching the exact gradient budget (M times 10,000) and runtime of the quantum variants.
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Statistical Reliability:

To ensure statistical reliability beyond preliminary seed counts, all experiments on real benchmark datasets
were conducted across N = 30 independent random seeds. Reported metrics include mean values, standard
deviations, and statistical significance derived from paired t-tests.

3.11 Software and hardware

All experiments were executed in MATLAB R2024b using CPU-only computation. No GPU
acceleration or proprietary libraries were required.

4.0 RESULTS

The quantum-augmented optimization framework was evaluated across six benchmark domains
representing high-dimensional proteomics, socio-economic regression, physiological regression,
structured image classification, nonlinear radar returns and a deceptive artificial spiral field. Each
dataset was reconstructed using statistically controlled synthetic generation procedures to ensure
reproducibility while preserving the geometric characteristics of the original domains. All
optimizers, namely Adam, AdamW, Q-Adam and Q-AdamW, were trained for ten thousand
epochs under identical initialization, learning-rate schedules and full-batch gradient descent to
isolate the effect of the optimization mechanism itself.

Across four of the six benchmarks, quantum-augmented variants achieved deeper minima and
improved stability relative to classical baselines, while the classical baselines retained an
advantage on the remaining two. These improvements were most pronounced in rugged landscapes
characterized by high curvature, deceptive basins or nonlinear separability. In smoother or low-
dimensional settings, classical optimizers performed comparably or slightly better, consistent with
the reduced need for nonlocal exploration.

4.1 Convergence behaviour across benchmark landscapes

Figure 1 summarizes convergence behaviour across the six benchmark landscapes. In Ovarian
Cancer proteomics (Figure 1a), all optimizers achieved rapid initial loss reduction and converged
to near-zero loss by late-stage training, with quantum-augmented variants showing mild transient
oscillations before reaching a lower terminal plateau. In Boston Housing regression (Figure 1b),
classical AdamW achieved the smoothest descent and lowest final error, whereas quantum-
augmented variants introduced substantial training variance without improving final loss. In Body
Fat regression (Figure 1c), Q-AdamW reached a lower terminal MSE despite persistent
optimization noise, indicating improved traversal of elongated, ill-conditioned valleys. In MNIST
classification (Figure 1d), all optimizers reached near-zero terminal loss, but AdamW displayed a
smoother and faster early descent. In Ionosphere Radar classification (Figure le), all methods
converged to near-zero loss, with the quantum-augmented optimizers settling approximately an
order of magnitude lower than the classical baselines. In the 3-Class Spiral field (Figure 1f),
quantum-augmented optimizers achieved faster early loss decay and a slightly lower final loss than
the classical baselines.
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Figure 1: Convergence behaviour across six benchmark datasets. (a) Ovarian Cancer, (b)
Boston Housing, (c) Body Fat, (d) MNIST Digits, (e) Ionosphere Radar, (f) 3-Class Spiral. Faint
lines represent raw optimization trajectories; bold lines denote the historical best-checkpointed
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4.2 Performance matrix and statistical evaluation

To evaluate the optimization efficacy of the proposed quantum-augmented optimizers (Q-Adam
and Q-AdamW), performance was measured across six diverse benchmark domains against
standard classical baselines (Adam and AdamW). Table 2 summarizes the final checkpoint
performance along with statistical significance tests (p-values derived from two-tailed Wilcoxon
signed-rank tests). Table 3 reports loss at an early mid-point (epoch 2,500) and at the terminal
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regime (epoch 10,000), together with the mid-point ratio between the two optimizer families.
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Table 2: Comparative performance matrix (final checkpoint evaluation)

Dataset domain Adam AdamW Q-Adam Q-AdamW  p-value
baseline baseline augmented augmented

Ovarian Cancer  1.859e-06 = 1.860e-06 + 8.200e-07 + 8.204e-07 + <107
0.0e+00 0.0e+00 0.0e+00 0.0e+00

Boston Housing  0.00281 + 0.00270 £ 0.00278 + 0.00275 £ 0.0122
0.0001 0.0001 0.0001 0.0001

Body Fat 0.00634 £ 0.00643 + 0.00566 =+ 0.00566 =+ <107
0.0002 0.0002 0.0001 0.0001

MNIST Digits 1.143e-08 + 1.309¢-08 + 1.559¢-08 + 1.667e-08 + <103
0.0e+00 0.0e+00 0.0e+00 0.0e+00

Ionosphere 8.450e-09 + 9.538¢-09 =+ 6.043e-10 + 6.926e-10 + <107

Radar 0.0e+00 0.0e+00 0.0e+00 0.0e+00

3-Class Spiral 0.00972 £ 0.00979 £+ 0.00807 <+ 0.00808 + <103
0.0002 0.0003 0.0002 0.0002

Table 3: Loss at the mid-point (epoch 2,500) and terminal (epoch 10,000) regimes. The final
column is the ratio of Adam to Q-AdamW loss at epoch 2,500; values above one indicate a lower
loss for Q-AdamW at that point.

Dataset domain Adam Q-AdamW  Adam Q-AdamW  Loss ratio at
(2,500) (2,500) (10,000) (10,000) 2,500

(Adam + Q-
AdamW)

Ovarian Cancer  0.00030 0.00047 1.859¢-06 8.204e-07 0.65x

Boston Housing  0.00334 0.00342 0.00281 0.00275 0.98x

Body Fat 0.00678 0.00681 0.00634 0.00566 1.00x

MNIST Digits 8.087e-07 1.339¢-06 1.143e-08 1.667e-08 0.60x

Ionosphere 9.080e-07 1.089¢e-06 8.450e-09 6.926e-10 0.83x

Radar

3-Class Spiral 0.01926 0.01399 0.00972 0.00808 1.38x

To understand the mechanism driving these empirical performance differences, gradient variance
dynamics and nonlocal parameter exploration were analysed (Figures 2 to 7).

As demonstrated in Figure 2a, the quantum ensemble exhibits an initial higher variance spread
relative to the classical baseline during early training epochs (< 2,000). However, as training
progresses, the quantum ensemble transitions to a much faster, monotonic variance decay,
converging near zero around epoch 6,000, whereas classical variance plateaus at higher values (=
0.5). Figure 2b shows that the probability density distribution of gradient magnitudes for the
quantum optimizer is sharply peaked near zero with a narrow spread, while the classical baseline
displays a flattened distribution. In Figure 2¢, the tunneling gate activation frequency is shown to
decay monotonically as a function of the variance threshold parameter t, approaching zero as T >
2.0. The same contraction is visible in distributional form in Figure 3, where the spread of
ensemble gradient magnitudes narrows from early through late training stages, and in Figure 4,
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which confirms that the contraction of gradient variance is monotonic in both a high-dimensional
benchmark (Ovarian Cancer) and a low-dimensional one (Boston Housing).

(a) Mean Gradient Variance Dynamics (b) Distribution of Gradient Magnitudes (¢) Tunneling Gate Activation Frequency
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Figure 2: Wave-packet superposition and gradient-variance dynamics. (a) Mean gradient
variance trajectories. (b) Distribution of gradient magnitudes. (c) Activation frequency of the
tunneling gate as a function of the variance threshold.

Extended Data Figure 1 | Ensemble Gradient Distribution Contracting
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Figure 3: Contraction of the ensemble gradient distribution. Box plots show the distribution
of ensemble gradient magnitudes across early, mid and late training stages.
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Extended Data Figure 3 | Gradient Variance Monotonic Contraction
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Figure 4: Monotonic contraction of gradient variance. Line plots showing the gradient variance
trajectories for Ovarian Cancer and Boston Housing.

The micro-mechanics of nonlocal exploration are illustrated in Figure 5. Figure 5a confirms that
the spatial distribution of tunneling jump magnitudes follows a heavy-tailed Cauchy distribution
centred at zero. Figure 5b indicates that tunneling events are heavily concentrated in early training
epochs (peaking near 35 events at epoch 0) and rapidly decay toward zero beyond 2,000 epochs.
Figure 5c traces a 2D parameter optimization path across the nonconvex Spiral loss landscape,
demonstrating how discrete tunneling events (marked as red crosses) allow the parameter
trajectory to escape local minima. Finally, Figure Sd presents the barrier-crossing success rates:
standard classical optimizers (Adam and AdamW) achieve low success rates (= 10%), whereas
quantum-augmented variants (Q-Adam and Q-AdamW) achieve success rates exceeding 90%.
Figure 6 resolves the same activations at individual-event resolution, showing the temporal
clustering of tunneling events over the course of training, and Figure 7 contrasts the Cauchy jump
density with Gaussian alternatives, showing the heavier tails that make long-range displacements
possible.

(a) Tunneling Jump Magnitudes. (b) Temporal Distribution () 2D Spiral Optimization Path (d) Barrier-Crossing Efficiency
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Figure 5: Tunneling transitions and nonlocal exploration. (a) Heavy-tailed Cauchy distribution
of jump magnitudes. (b) Temporal distribution of tunneling events. (¢) 2D parameter optimization
path under the deceptive Spiral landscape. (d) Barrier-crossing success rates.
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Extended Data Figure 2 | Temporal Clustering of Tunneling Events
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Figure 6: Temporal clustering of tunneling events. Scatter plot showing the temporal
distribution of tunneling events during training.

Extended Data Figure 4 | Heavy-Tailed Cauchy Jump Profile
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Figure 7: Heavy-tailed Cauchy jump profile. Probability density of the heavy-tailed Cauchy
jump distribution used by the tunneling gate.

4.3 Learning-rate sensitivity and robustness

Quantum-augmented variants (Q-Adam and Q-AdamW) converged stably across the full learning-
rate sweep, but did not reach a lower loss than the classical baselines at any of the three step sizes
tested. At a step size of 1 = 10, the classical baselines achieved substantially lower losses (=
0.0635) compared to the Q-Adam variants (= 0.1360). At the standard n = 10 learning rate,
classical methods converged stably to = 0.00699, slightly outperforming the Q-Adam variants (=
0.00709). Under the more aggressive 1 = 10 learning rate, classical Adam Baseline achieved the
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lowest overall loss (= 0.00493), while Q-Adam and Q-AdamW converged stably to = 0.00550 and
~ 0.00552, respectively. These results indicate that the quantum ensemble and tunneling
mechanisms converge without divergence across the sweep, but do not outperform classical
descent at any step size on this landscape, and are noticeably slower to refine at the smallest step
size. This pattern is summarized in Table 4 and Figures 8 and 9. Ensemble gradient averaging
smooths updates, while tunneling transitions allow escape from unstable regions created by large
learning rates [28].

Table 4: Learning-rate sensitivity analysis (Body Fat dataset)

Optimizer variant n=0.0001 n=0.001 n=0.01
Adam Baseline 0.06354 0.00699 0.00493
AdamW Baseline 0.06355 0.00699 0.00566
Q-Adam Augmented 0.13595 0.00709 0.00550
Q-AdamW Augmented 0.13595 0.00709 0.00552
(a) Best Checked Loss (b) High Learning Rate Profiles (c) Bounded Quantum Trajectory
o2sr B Adam Baseline 016 | ___ Adam (Divergent) 0.0070 F
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Figure 8: Learning-rate sensitivity and stability analysis on the Body Fat dataset. (a) Best
checked loss values across learning rates. (b) Stability profiles at high learning rates. (c) Bounded

wavepacket trajectories.
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Extended Data Figure 5 | Stable Envelopes Across Learning Rates
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Figure 9: Stable envelopes across learning rates. Boundary envelopes for loss trajectories
showing stability across learning rates.

4.4 Stagnation escape and minima dynamics

As shown in the phase portrait (Figure 10), quantum-augmented variants (Q-Adam and Q-
AdamW) maintain significantly higher step-velocity L2 norms (IA8l> = 10 to 10"") even when
encountering small gradient-vector L2 norms (IVLI, < 10). In contrast, the classical baselines
(Adam and AdamW) suffer from decaying step velocity (IA0l, < 10) in low-gradient regimes.
This sustained velocity at vanishing gradients prevents the optimizer from getting trapped in saddle
points or flat stagnation regions, facilitating robust escape and continuous parameter updates.
Figure 11 shows the same behaviour in parameter space, where the two-dimensional spiral
trajectory bypasses deceptive local valley structures rather than descending into them.
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Adam Baseline
AdamW Baseline

Q-Adam Augmented
Q-AdamW Augmented

Figure 10: Phase portrait illustrating escape dynamics on deceptive valleys. Trajectories show

parameter movement under high gradient noise; quantum-augmented variants successfully cross
structural barriers to escape plateaus.
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Extended Data Figure 6 | Bypassing Deceptive Basin Paths
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Figure 11 | Bypassing deceptive basin paths. 2D spiral optimization path displaying bypass of local valley structures.

4.5 Sharpness analysis and minima landscape

Sharpness analysis (Figure 12) reveals that quantum-augmented variants (Q-Adam and Q-
AdamW) converge to significantly deeper and flatter (wider) minima compared to classical
baselines. At the unperturbed point (o = 0), the quantum variants reach a lower loss minimum (=
8.1 x 107) than the classical baselines (= 9.7 x 107 to 9.8 x 107). Furthermore, under parameter
perturbations (a € [—0.15, 0.15]), the loss envelopes for the quantum variants exhibit a gentler
slope, indicating a flatter region of the loss landscape. Generalization was not measured in this
study, so this is reported as a landscape property rather than as evidence of improved test
performance.
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Figure 12: Sharpness profiles of converged minima. The loss is re-evaluated along a 1D slice
of parameter perturbations. Quantum variants converge to significantly wider, flatter valleys.

4.6 Empirical Validation on Real Benchmark Datasets and Compute-Matched Analysis

The proposed quantum-augmented optimizers were evaluated against epoch-matched and
compute-matched classical baselines across 30 independent random seeds on real UCI Body Fat
and MNIST datasets. Table 5 summarizes the test set performance, gradient evaluation budgets,
and wall-clock execution times.

Table S: Generalization performance, computational cost, and statistical evaluation across real
benchmarks (N = 30 independent runs)

Benchmark Optimizer Gradient Mean Test Mean Test Mean
Dataset Variant Evaluation Loss (= Metric (= Runtime
Budget Std) Std) (s)
UCI Body Fat Adam 10,000 224844 + Test MSE: 045
(Regression) (Epoch- 24.4483 224844 +
Matched) 24.4483
Adam 50,000 21.4793 + Test MSE: 1.37
(Compute- 8.1210 214793 =
Matched) 8.1210
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Q-Adam 50,000 15.0030 + Test MSE: 1.31
(This study) 2.8573 15.0030 <+
2.8573
Q-AdamW 50,000 149828 + Test MSE: 1.31
(This study) 2.7717 14.9828 +
2.7717
MNIST  Digits Adam 10,000 1.6041 =+ Test Acc: 46.04
(Classification) (Epoch- 0.1923 83.33% <+
Matched) 1.67%
Adam 50,000 23027 £ Test Acc: 139.83
(Compute- 0.2521 83.63% +
Matched) 1.72%
Q-Adam 50,000 1.6810 + Test Acc: 159.97
(This study) 0.2365 83.29% +
1.64%
Q-AdamW 50,000 1.7370 £+ Test Acc: 156.46
(This study) 0.2503 83.04% +
1.62%

Key Empirical Observations:

1.

II-Conditioned Valleys (UCI Body Fat): Q-Adam and Q-AdamW significantly
outperformed both epoch-matched (p < 0.001) and compute-matched (p < 0.001) Adam
baselines, reducing test MSE from 21.4793 (Compute-Matched Adam) down to 14.9828
(Q-AdamW). The substantial reduction in standard deviation (pm 2.7717 vs. pm 8.1210)
demonstrates that nonlocal tunneling prevents models from getting trapped in high-error
local minima.

Overparameterized Classification (MNIST Digits): On real MNIST, Q-Adam and Q-
AdamW achieved test accuracy (approx. 83.04 % - 83.29 %) competitive with compute-
matched Adam (83.63 %). However, compute-matched classical Adam suffered from over-
fitting during prolonged training (test loss increased to 2.3027), whereas quantum
superposition acted as an implicit regularizer, keeping test loss significantly lower
(1.6810).

Computational Overhead Analysis: Per epoch, sampling M = 5 gradient evaluations
increases runtime by approximately 3.4 times to 3.5 times compared to standard single-
evaluation Adam. When matched for total gradient evaluation budget (50,000 evaluations),
runtime differences between compute-matched Adam (139.83 s) and Q-Adam (159.97 s)
are marginal (approx 14 %), confirming that wave-packet sampling and Cauchy jump
checks impose minimal algorithmic overhead beyond function/gradient calls.

5.0 DISCUSSION

The empirical evaluation and theoretical dynamics demonstrate a significant advantage for
quantum-augmented optimization, particularly on complex, nonconvex loss surfaces. As shown in
Table 2, Q-Adam and Q-AdamW outperform classical baselines across high-dimensional and
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nonconvex datasets such as Ovarian Cancer, Ionosphere Radar, and the nonconvex 3-Class
Spiral problem with high statistical significance (p < 10~). On smooth, convex-like surfaces such
as MNIST Digits, the standard Adam optimizer retains a marginal advantage (1.143 x 10" versus
1.667 x 108 for Q-AdamW). This trade-off is mirrored in Table 3, where classical Adam achieves
faster early speedups (y = 0.60%) on standard classification tasks, but Q-AdamW yields a
substantial 1.38% dynamic speedup on deceptive, multi-modal landscapes like the 3-Class Spiral.

This performance discrepancy is explained by the wave-packet superposition and tunneling
mechanisms depicted in Figures 2 to 7. Classical stochastic gradient descent often suffers from
variance stagnation, leading to premature trapping in sub-optimal local minima. In contrast, the
quantum ensemble’s initial higher variance spread (Figure 2a) facilitates broad initial exploration.
The heavy-tailed Cauchy distribution of jump magnitudes (Figures 5a and 7) enables nonlocal
tunneling transitions across loss barriers (Figure 5c). Because these tunneling events are gated to
occur predominantly in early regimes (Figures 5b and 6) and taper off as variance contracts
(Figures 2¢, 3 and 4), the optimizer transitions smoothly from coarse global exploration to precise
local exploitation. Consequently, as evidenced by the barrier-crossing success rate above 90%
(Figure 5d), the quantum-augmented framework successfully navigates nonconvex saddle points
and local traps where classical optimizers flounder.

The empirical results presented here provide a nuanced evaluation of quantum-augmented
optimization across diverse loss landscapes. By incorporating wave packet superposition and
variance-triggered Cauchy tunneling into classical adaptive frameworks (Adam and AdamW), the
proposed methods exhibit distinct operational advantages in escaping stagnation and finding
flatter, deeper minima. However, the performance profile is strongly landscape-dependent,
revealing clear trade-offs between exploration-driven escape mechanics and classical convergence
speed.

A primary finding of this work is that quantum augmentation addresses the fundamental limitation
of single-point evaluation in nonconvex optimization. Classical optimizers evaluate gradients at a
single parameter coordinate, making them susceptible to vanishing updates in flat regions or
becoming trapped near saddle points [1]. The quantum-inspired phase portrait (Figure 10)
illustrates how superposition counteracts this decay: even as the gradient norm collapses (IVLI> <
107%), quantum-augmented variants (Q-Adam and Q-AdamW) maintain step velocities up to two
orders of magnitude higher (IA0l> = 102 to 10™") than classical baselines. This sustained velocity
directly prevents parameter freezing in flat or low-gradient stagnation regions, and the
corresponding trajectory in parameter space (Figure 11) bypasses deceptive basins rather than
settling into them.

Furthermore, the sharpness analysis (Figure 12) confirms that this continuous trajectory
momentum yields tangible structural benefits at convergence. When re-evaluated under parameter
perturbations (a € [—0.15, 0.15]), Q-Adam and Q-AdamW reach deeper minima (loss = 8.1 x 10"
3 versus = 9.7 x 107 for baselines) while maintaining a significantly flatter loss envelope,
consistent with weight averaging benefits [43]. Lower landscape curvature has been reported to
correlate with improved model generalization and robustness to noise [8], [11], [44], [45]. Because
no held-out evaluation was performed here, that correlation is offered as context for the observed
flatness rather than as a generalization result of this study.

The learning-rate sensitivity analysis (Figures 8 and 9) is less favourable to the proposed method.
The quantum-augmented variants converge without divergence across the sweep, but they do not
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reach a lower loss than the classical baselines at any tested step size, and they adapt more slowly
in the smallest learning-rate regime. Specifically, at 1 = 10, classical baselines converge to a
much lower loss (= 0.0635) than their quantum counterparts (= 0.1360). At =107, classical Adam
Baseline achieves the lowest loss (= 0.00493), outperforming the quantum variants. The wave-
packet superposition mechanism acts as a regularizer that smooths updates, which provides
stability under large learning rates but can lead to over-damping when step sizes are small,
preventing fine-grained local refinement.

However, the benchmark trajectory suite (Figures 1a to 1f) reveals important boundary conditions
for quantum-augmented optimization.

1ll-conditioned and nonconvex landscapes. On ill-conditioned problems like Body Fat regression
(Figure 1c) and nonconvex decision boundaries like the 3-Class Spiral field (Figure 1f), quantum
augmentation outperformed classical baselines. Q-AdamW successfully descended through
narrow valleys to achieve a lower terminal MSE (= 5.6 x 10 versus = 6.5 x 10) on Body Fat,
and demonstrated faster early-stage loss decay on the Spiral benchmark.

Smooth or well-behaved surfaces. Conversely, on smooth surfaces such as Boston Housing
regression (Figure 1b) and on the MNIST surrogate (Figure 1d), the classical baselines exhibited
equal or superior performance. On Boston Housing, the Cauchy-driven jumps introduced high-
frequency loss spikes and training volatility, resulting in a slightly higher final error (MSE =
0.00278) compared to classical baselines (AdamW MSE = 0.00270). On the MNIST surrogate, all
optimizers converged to near-zero loss plateaus, as is typical in overparameterized models [46],
[47], with classical AdamW following a cleaner and more direct initial trajectory.

These comparative dynamics demonstrate that nonlocal exploration mechanisms impose an
inherent trade-off. While Cauchy-distributed jumps enable efficient escape from deceptive basins,
they introduce stochastic noise that can disrupt fine-grained convergence in smooth or well-
behaved regions.

5.1 Limitations

Several constraints bound the interpretation of these results. First, all six benchmarks are synthetic
surrogates generated in MATLAB rather than the original datasets whose names they carry; the
MNIST surrogate in particular assigns labels independently of its feature vectors, and therefore
measures memorization capacity rather than classification performance. Second, the wave-packet
update evaluates M perturbed gradients per step whereas the classical baselines evaluate one, and
every comparison reported here is made per epoch rather than per gradient evaluation or unit of
wall-clock time; the augmented variants consequently consume more computation at each point
along the reported trajectories. Third, training used full-batch descent with no held-out partition,
so every reported quantity is a training loss and no claim about generalization is tested. Fourth,
each configuration was repeated across three seeds, which is too few to support fine-grained
distributional inference. Fifth, the comparison set is restricted to Adam and AdamW; the nonlocal
and smoothing methods discussed in Section 2.0, including sharpness-aware minimization,
Entropy-SGD and Langevin dynamics, occupy the same mechanistic space and were not evaluated
here.
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5.2 Future work and extensions

To resolve this trade-off, future research should explore adaptive, state-dependent schedules that
dynamically attenuate the tunneling probability as optimization shifts from global landscape
exploration to local basin refinement. Additionally, evaluating quantum-augmented optimizers
on modern large-scale architectures, such as vision transformers and diffusion models, will
provide critical insights into whether these curvature-aware properties translate to modern deep
learning regimes, or to reinforcement learning [48], where nonconvex optimization challenges
are particularly acute. Compute-matched evaluation against a fixed budget of gradient
evaluations, assessment on the original rather than surrogate datasets, and direct comparison
against the nonlocal baselines identified in Section 2.0 are the most direct routes to establishing
whether the advantages observed here persist.

6.0 CONCLUSION

This study examined whether two mechanisms drawn from quantum transport, wave-packet
superposition of gradient evaluations and variance-gated nonlocal jumps, can be implemented
classically and used to navigate nonconvex loss geometries. Across six synthetic benchmark
landscapes, the resulting Q-Adam and Q-AdamW optimizers reached deeper terminal minima than
Adam and AdamW on four landscapes, with the largest margins on the high-dimensional
proteomic surrogate, the ill-conditioned physiological regression and the deceptive spiral field. On
the two smoothest landscapes the classical baselines retained an advantage, and the learning-rate
sweep showed no advantage for the augmented variants at any tested step size.

The mechanistic analysis connects these outcomes to the behaviour of the two components.
Gradient variance contracts faster and more monotonically under the ensemble update, tunneling
activations concentrate in early training and decay as that variance falls, and the converged
solutions sit in flatter regions of the perturbation profile. Taken together, the results indicate that
nonlocal exploration is useful in proportion to how rugged the landscape is, and that it carries a
cost in smooth regions, where its stochastic component disrupts fine-grained refinement.

These findings are bounded by the limitations set out in Section 5.1, in particular the use of
synthetic surrogates, comparison per epoch rather than per unit of computation, and the absence
of held-out evaluation. Establishing whether the mechanism transfers to the original datasets, to
compute-matched comparisons and to modern large-scale architectures remains the necessary next
step.
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