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Abstract: The slow convergence of deep learning systems on high-curvature optimization surfaces and 

computational constraints of GPU-based inference methods are constraints to training deep learning 

systems at scale. The hybrid quantum–classical framework reduces iteration complexity and stabilizes 

decision outputs. Its architecture has a variational quantum circuit (8 qubits, depth=6) incorporated in a 

classical transformer-based backbone and uses gated fusion to mix adaptively represented mixtures. A 

1.5M-sample structured decision dataset and a 220k-instance high-dimensional benchmark trial 

demonstrate a 34.7% decrease in iterations to ε=10⁻³ when using Adam and a 21.3% decrease in wall-

clock training time under the same batch constraints (batch=256). Under stochastic perturbation stability 

variance reduces by 18.5%. Latency of inference on GPU backed simulation is not more than 7.4 ms per 

instance. The findings show that there is an acceleration that can be measured without deterioration of 

calibration error 
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Introduction 

 

Large-scale learning systems exhibit slower convergence as parameter dimensionality increases. The 

empirical Hessian spectra indicate the concentration of the eigenvalues around zero with occasional high-

curvature spikes which result in creating gradient oscillation and plateaus. Adaptive optimizers reduce 

oscillations but do not eliminate stagnation under batch size constraints (≤256) and limited memory of 

the GPUs. The time scales of training are supralinearly increasing with the number of parameters past 107 

parameters in cases where curvature variance is over 0.4 (normalized trace metric). Dynamic decision 

support systems must have steady convergence paths and limited latency. Classical pipelines find it 

difficult to keep the two. 

Hybrid quantum classical optimization proposes the introduction of parameterized quantum circuits that 

can have the non-linear feature embedding in Hilbert space. Variational circuits alter optimization 

landscape geometry through entanglement-induced curvature redistribution in entanglement induced 
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transformations. The classical backpropagation can be used with differentiable integration with 

parameter shift gradients. With limited qubit counts, the circuit functions as a low-dimensional curvature 

reshaping module rather than a replacement for classical training. 

The proposed architecture includes an 8-qubit variational block between the layers of classical encoders 

and the output head. There is a gated fusion mechanism that controls the input of classical and quantum 

representations with the help of gradient norm alignment. Stability regularization is a penalty against 

increase in variance across mini batches. 

Contributions: 

• Reduction on iteration by 34.7% to achieve ε=10⁻³ relative to Adam with the same initialization 

and learning rate (1e-3). 

• 21.3% reduction in wall-clock training size with batch size 256 on NVIDIA A100 simulation 

backend. 

• Reduction in stability variance of 18.5% when injected with Gaussian noise (σ=0.05). 

• Modification of calibration error between 0.041 and 0.032 on held out decision benchmarks. 

Simulated noise due to decoherence does not affect performance up to 2% gate error, which implies that 

it is tolerant to current NISQ limitations. 

 

Related work 

The stochastic gradient descent momentum is better at crossing shallow valleys, without being anisotropic 

to curvature [1]. The adaptive strategies like Adam normalize gradient variance over coordinates, 

decreasing oscillations in the initial stages and also having generalization degradation in high-noise 

regimes [2]. RMSProp makes learning rates stable, dimension by dimension, but makes no effort to 

stabilize ill-conditioned Hessian spectra [3]. Quasi-newton updates in the second-order approximation of 

one computation of the parameters block results in fewer iterations at the expense of cubic scaling [4]. 

Curvature aware preconditioning eliminates gradient explosion at the cost of additional computational 

overhead in large scale transformer architecture implementations [5]. 

Meta-learning algorithms approximate task-conditioned rule of updating to speed up convergence [6]. 

Nonetheless, the approaches add support optimization loops, memory footprint, and training latency. 

Bayesian hyperparameter optimization is better at global search but not connected to gradient-based 

dynamics [7]. Evolutionary methods search larger areas of parameter space, but need large populations 

to be sampled, which increases growth in the super-linear [8]. All these classical procedures do not 

reorganize the optimization terrain in its structure, rather they transform the traversal without changing 

representational geometry. 

Variational Quantum Circulations (VQCs) present parameterized unitary transformation of classical data 

to high dimensional Hilbert spaces [9]. The end-to-end differentiation of hybrid pipelines is possible 

through parameter-shift gradient computation [10]. Curvature redistribution in low-dimensional jobs has 

been empirically determined to be altered by shallow layers of entangling, which ends up in decreasing 

gradient variance in early training stages [11]. But at higher qubit counts or circuit depths, phenomena of 

barren plateau appear to inhibit gradient scales exponentially [12]. 

Classification and combinatorial optimization tasks on hybrid quantum based classical training loops have 

been analyzed to show the constrained but measurable convergence gains on the tasks with restricted 

qubit configurations [13]. Quantum annealing models are discrete subproblem solvers that are based on 
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hardware access and embedding fidelity [14]. Hybrid architectures with noise sensitivity decoherence 

modelling of gradient estimation maintain stability with simulated gate error rates up to 3 per cent [15]. 

Existing evidence suggests that the hybrid systems are having impact on optimization geometry, but no 

systematic assessment on the systems is made during large-scale decision-support workloads. 

Research Gaps 

Recent research in learning hybrid quantum-classical algorithms is limited to small toy classification 

problems with a small number of parameters (≤10⁴) and convergence behaviour in large decision-support 

systems has not been studied. Iteration-to-ε measurements and curvature information are not often 

reported in empirical studies and thus the comparison with adaptive classical optimizers cannot be made 

objectively. Most implementations consider accuracy though they do not consider stability variance, 

calibration error and latency when constrained by fixed batch considerations. Simulation of noise 

modelling is generally done at low gate error rates (<1%) and has not been done systematically in 

decoherence level sensitivity. Moreover, current architectures do not have adaptive fusion strategies that 

can control the contribution of quantum in terms of gradient alignment leading to either under-utilized 

quantum embeddings or training dynamics. Scalable strategies of integration at realistic qubit budgets 

and the costs of simulation with the help of GPUs are not sufficiently measured. 

Table 1. Compares this work with the related work or previous research by other researchers 

 
Optimization 

Method 
Description Advantages Disadvantages Relevant Tasks 

[1] 
Stochastic 
Gradient Descent 
with Momentum 

Better at crossing 
shallow valleys, 
not anisotropic to 
curvature. 

Efficient in 
traversing shallow 
valleys in 
optimization 
landscapes. 

May struggle in 
very deep valleys or 
complex 
landscapes. 

General-purpose 
optimization in 
ML 

[2] 

Adam (Adaptive 
Strategy) 

Normalizes 
gradient variance, 
reducing 
oscillations, 
especially in early 
stages. 

Reduces oscillations 
in early training, 
effective for various 
tasks. 

Degrades 
performance in 
high-noise regimes 
and generalization. 

Neural networks, 
large-scale 
models 

[3] 

RMSProp 
Stabilizes learning 
rates dimension 
by dimension. 

Stabilizes learning 
rates for each 
parameter, good for 
non-stationary 
objectives. 

Does not stabilize 
ill-conditioned 
Hessian spectra. 

Deep learning 
models, training 
stability 

[4] 

Quasi-Newton 
Updates 

Second-order 
approximation of 
parameters with 
fewer iterations. 

Fewer iterations 
required for 
convergence, faster 
for well-conditioned 
tasks. 

Cubic scaling, 
computationally 
expensive. 

Optimization in 
constrained 
systems 

[5] 

Curvature-Aware 
Preconditioning 

Eliminates 
gradient 
explosion, 
suitable for large-
scale models. 

Useful for stabilizing 
optimization in 
large architectures 
like transformers. 

High computational 
overhead, 
impractical for 
large-scale training 

Large-scale 
transformer 
models 
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without sufficient 
resources. 

[6] 

Meta-learning 

Approximates 
task-conditioned 
rule of updating 
for faster 
convergence. 

Speeds up 
convergence, 
adapts to multiple 
tasks. 

Increases memory 
footprint, training 
latency, and 
complexity. 

Multi-task 
learning, quick 
adaptation 

[7] 
Bayesian 
Hyperparameter 
Optimization 

Better at global 
search but not 
connected to 
gradient-based 
dynamics. 

Effective for finding 
the optimal 
hyperparameters in 
a global search. 

Does not integrate 
with gradient-based 
optimizers, can be 
slow and 
inefficient. 

Hyperparameter 
tuning, global 
search 

[8] 

Evolutionary 
Methods 

Explores larger 
areas of the 
parameter space. 

Good for exploring 
large search spaces, 
discovering new 
configurations. 

Requires large 
populations, 
increases sampling 
time, super-linear 
growth in resource 
usage. 

Global 
optimization, 
large search 
space 

[9] 
Variational 
Quantum 
Circulations 
(VQCs) 

Parameterized 
unitary 
transformation of 
classical data to 
high-dimensional 
space. 

Allows quantum 
circuits to model 
complex data in 
high-dimensional 
spaces. 

Gradient scales 
decrease with 
higher qubit counts 
and circuit depths, 
leading to barren 
plateaus. 

Quantum 
machine learning, 
parameter 
estimation 

[10] 

Hybrid Quantum-
Classical Pipelines 

Hybrid quantum-
classical models 
for classification 
and optimization 
tasks. 

Constrained but 
measurable 
convergence gains 
with restricted 
qubits. 

Limited scalability 
and optimization 
efficiency, sensitive 
to noise and 
decoherence. 

Classification, 
combinatorial 
optimization 

[11] 

Quantum 
Annealing 

Discrete 
subproblem 
solver based on 
hardware access 
and embedding 
fidelity. 

Effective for solving 
specific discrete 
problems, 
hardware-based 
solutions. 

Limited by 
hardware access, 
fidelity issues in 
quantum annealing 
processes. 

Discrete 
optimization 
problems 

[12] 

Noise Sensitivity 
in Hybrid Systems 

Modelling 
gradient 
estimation with 
noise sensitivity 
and error rates. 

Maintains stability 
with gate error 
rates up to 3%. 

Sensitivity to noise 
affects overall 
stability, error rates 
may impact 
convergence. 

Noise-sensitive 
quantum systems 

 

Mathematical Model  

In the case of a supervised learning environment, assume dataset 𝒟 = {(𝑥𝑖, 𝑦𝑖)}𝑖=1
𝑁  where 𝑥𝑖 ∈

ℝ𝑑represents features of the input and the label of the class𝑦𝑖 ∈ {1,… , 𝐶}. The aim is to estimate 
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parameters that reduce the risk that is expected given limited computational and stability budgets. Let 

𝜃𝑐 ∈ ℝ𝑝 parameters (classical parameters) and 𝜃𝑞 ∈ ℝ𝑚 quantum circuit parameters. 

Classical Representation Mapping 

A nonlinear transformation is termed the classical backbone: 

𝐻𝑐 = 𝑓𝑐(𝑋; 𝜃𝑐)      (1) 

In equation 1, 𝑋 ∈ ℝ𝑛×𝑑is a batch of inputs, 𝑓𝑐(⋅) is a deep encoder (e.g., transformer or multilayer 

network), 𝐻𝑐 ∈ ℝ𝑛×𝑘is the classical latent embedding, 𝑘is the embedding dimension. The classical loss 

component is through: 

𝐿𝑐𝑒 = −
1

𝑛
∑ ∑ 𝑦𝑖𝑐

𝐶
𝑐=1

𝑛

𝑖=1
log⁡ 𝑦̂𝑖𝑐      (2) 

In equtiona2, class probabilities were predicted by 𝑦̂𝑖𝑐 using softmax. 

 

Quantum Embedding Layer 

The input vectors 𝑥𝑖 are coded into quantum states:  

∣ 𝜓(𝑥𝑖)⟩ = 𝑈enc(𝑥𝑖) ∣ 0⟩
⊗𝑞       (3) 

In equation 3 𝑞is the count of qubits, 𝑈enc is a parameterised data encoding circuit, ∣ 0⟩⊗𝑞⁡is the initial 

basis state. Some variational quantum circuit (VQC) is then used: 

∣ 𝜙(𝑥𝑖; 𝜃𝑞)⟩ = 𝑈(𝜃𝑞) ∣ 𝜓(𝑥𝑖)⟩      (4) 

In equation 4 quantum output is realized, through measurement of the expectation values: 

𝐻𝑞
(𝑖)

= ⟨𝜙(𝑥𝑖; 𝜃𝑞) ∣ 𝑀 ∣ 𝜙(𝑥𝑖; 𝜃𝑞)⟩      (5) 

In equation 5 M is a Hermitian observable operator. For a batch:  

𝐻𝑞 ∈ ℝ𝑛×𝑟        (6) 

In equation 6 𝑟 is the number of observables measured. 

 

Hybrid Fusion Mechanism 

It is the fusion of the classical and quantum representation through gated integration: 

𝐺 = 𝜎(𝑊𝑔[𝐻𝑐; 𝐻𝑞])      (7) 

In equation 7 [𝐻𝑐; 𝐻𝑞]denotes concatenation, 𝑊𝑔 ∈ ℝ(𝑘+𝑟)×𝑘, 𝜎(⋅) denotes the sigmoid activation. The 

fused representation: 

𝐹 = 𝐺 ⊙𝐻𝑐 + (1 − 𝐺)⊙ 𝐻̃𝑞     (8) 

In equation 8 𝐻̃𝑞is dimensionally projected quantum output, ⊙represents element-wise multiplication. 

This merger has an adaptive control of quantum effect basing on gradient alignment. 

 

Decision Output Layer 

Prediction function can be defined as: 

𝑌̂ = Softmax(𝑊𝑜𝐹 + 𝑏𝑜)     (9) 

In equation 9 𝑊𝑜 ∈ ℝ𝑘×𝐶  and 𝑏𝑜 ∈ ℝ𝐶. 

Stability-Regularized Objective 

In order to make convergence stable and less prone to the amplification of variance, a composite loss is 

added: 

𝐿total = 𝐿𝑐𝑒 + 𝜆𝐿𝑠𝑡𝑎𝑏 + 𝛾𝐿𝑐𝑢𝑟𝑣     (10) 
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In equation 10, stability regularization: 𝐿𝑠𝑡𝑎𝑏 =
1

𝑛
∑ ∥𝑛
𝑖=1 𝐹𝑖 − 𝐹̄ ∥2 with 𝐹̄ being batch mean embedding 

and Curvature regularization: 𝐿𝑐𝑢𝑟𝑣 =∥ ∇
2𝐿𝑐𝑒 ∥𝐹, for Hutchinson trace estimation. The tradeoff in terms 

of stability strength will be regulated by hyperparameter λ and γ. 

 

Hybrid Gradient Update Rule 

Classical parameters gradients are: 

𝜃𝑐
𝑡+1 = 𝜃𝑐

𝑡 − 𝜂∇𝜃𝑐𝐿total       (11) 

The computation of quantum gradients is done using parameter shift rule: 
∂𝐻𝑞

∂𝜃𝑞
𝑗 =

1

2
[𝐻𝑞(𝜃𝑞

𝑗
+

𝜋

2
) − 𝐻𝑞(𝜃𝑞

𝑗
−

𝜋

2
)]      (12) 

Figure 1. Proposed Model Architecture 

The equation 12 contains update rule: 𝜃𝑞
𝑡+1 = 𝜃𝑞

𝑡 − 𝜂∇𝜃𝑞𝐿total where 𝜂 is learning rate. 

 

Convergence Criterion 

Converged training is when ∥ ∇𝐿total ∥2≤ 𝜖 or when validation loss change is  ∣ 𝐿𝑣𝑎𝑙
𝑡 − 𝐿𝑣𝑎𝑙

𝑡−1 ∣< 𝛿  with 

tolerance thresholds 𝜖 and 𝛿. 

 

Computational Complexity 

Let 𝑂𝑐 be classical forward backward cost such that 𝑂𝑞 = 𝑂(𝑞 ⋅ 𝑑𝑞) quantum circuit depth cost and the 

overall cost per-iteration: 

𝑂hybrid = 𝑂𝑐 + 2𝑚 ⋅ 𝑂𝑞     (13) 

The factor 2 comes about in equation 13 because of parameter shift evaluation. Convergence acceleration 

can be defined as:  Speedup =
𝑇classical

𝑇hybrid
 all hardware constraints being the same. 

 

Proposed Model  
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The architecture proposed is a classical deep encoder and a variational quantum embedding block that 

optimize the re-arrangement of the process of optimization landscape and speed up convergence. The 

classical backbone learns structured latent representation 𝐻𝑐 ∈ ℝ𝑛×𝑘 to stacked nonlinear 

transformations. In place of directly using gradient-based traversal in the Euclidean parameter space, 

intermediate embeddings are put encoded into a parameterized quantum circuit of q qubits and depth 

𝑑𝑞. The circuit generates expectation-based outputs 𝐻𝑞 ∈ ℝ𝑛×𝑟 and there are interactions between 

features in a non-classical manner as entangled and unitarily transformed. This embedding alters the 

curvature distribution by decreasing gradient anisotropy which is found in high-dimensional training 

regimes. 

A gated fusion process represents a combination of classical and quantum representations in an 

adaptative manner. Gating vector 𝐺 = 𝜎(𝑊𝑔[𝐻𝑐; 𝐻𝑞]) is a contribute control variable depending on 

representational alignment. Stability regularization makes the increases in the variance between mini-

batches punishable, and the curvature-sensitive loss terms limit oscillatory loss modifications. A fused 

representation F obtained is then fed to the softmax decision and the head is optimized using the joint 

classical backpropagation process and quantum parameter-shift gradients. The architecture maintains 

compatibility with the standard gpu pipelines and adds the quantum assisted landscape conditioning 

under the limited qubit schemes. 

 

Proposed Algorithm  

Algorithm 1: Hybrid Quantum Classical Convergence Acceleration (HQCCA) 

Input: Training dataset 𝒟 = {(𝑥𝑖, 𝑦𝑖)}𝑖=1
𝑁 , Classical parameters 𝜃𝑐, Quantum parameters 𝜃𝑞, Learning rate 

𝜂, Regularization weights 𝜆, 𝛾, Convergence threshold 𝜖 
Output: Optimized model parameters 𝜃𝑐

∗, 𝜃𝑞
∗, Trained decision 𝑓∗(𝑥) 

Steps: 
1. Set classical parameters 𝜃𝑐and quantum   parameters 𝜃𝑞 
2. For each mini batch 𝑋 ⊂ 𝒟: 
3. Classical embedding 𝐻𝑐 = 𝑓𝑐(𝑋; 𝜃𝑐), compute 𝐻𝑐 
4. Encode 𝑋to quantum states and compute quantum embedding 𝐻𝑞via variational circuit 
5. Concatenate 𝐻𝑐and 𝐻𝑞; compute gating vector 𝐺 = 𝜎(𝑊𝑔[𝐻𝑐; 𝐻𝑞]) 

6. 6. Calculate fused representation 𝐹 = 𝐺 ⊙𝐻𝑐 + (1 − 𝐺)⊙ 𝐻̃𝑞 

7. Create 𝑌̂ predictions based on softmax output layer 
8. Calculate composite loss 𝐿total = 𝐿𝑐𝑒 + 𝜆𝐿𝑠𝑡𝑎𝑏 + 𝛾𝐿𝑐𝑢𝑟𝑣 
9. Compute gradients ∇𝜃𝑐𝐿total with backpropagation 
10. Compute ∇𝜃𝑞𝐿total by parameter-shift rule 

11. Update parameters:𝜃𝑐 ← 𝜃𝑐 − 𝜂∇𝜃𝑐𝐿total, 𝜃𝑞 ← 𝜃𝑞 − 𝜂∇𝜃𝑞𝐿total 

12. In case ∥ ∇𝐿total ∥2≤ 𝜖, stop training 
13. Return optimized parameters and trained decision function. 

 

The HQCCA algorithm will combine the classical gradient descent and quantum parameter shift that will 

update in a single optimization process. The dual- update design is such that the two parameter spaces 

change in a coherent manner, and the two spaces are differentiable. The gated fusion process fixes the 

instability of the unstable quantum representations in early training stages, which stabilize gradient 

norms. Stability and curvature penalties are regularizing which discourage oscillatory movement and 
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unwell Hessian spectra. The convergence is also measured using gradient norm criteria instead of the 

number of epochs, which allows comparing different optimizers. The algorithm can be computed tractably 

with small qubit pattern settings as quantum evaluations are linear in circuit depth and the number of 

parameters. 

 

Results and Discussion 

Dataset Description 

Two large scale structured decision datasets were experimented. Dataset (A) has 1, 500,000 samples 

involving 128 input features and 12 output classes based on a multi-criteria decision simulation 

benchmarking. The proportion of class imbalance is 1:6 between the minor and the majority classes. 

Dataset B consists of 220,000 high dimensional samples (512 features) and 8 classes that introduces 

curvature anisotropy and optimization instability. The data were divided into 70% training, 15% validation 

and 15% testing divisions. Z-score scaling was used to normalize the features. Label noise was injected 

artificially at 2 percent in order to test stability upon perturbation.  

Quantitative Performance Comparison 

TABLE I.  CONVERGENCE AND ACCURACY COMPARISON ACROSS OPTIMIZERS 

Optimizer Iterations to ε=10⁻³ Final Accuracy (%) Macro-F1 ECE 

SGD 12,840 86.4 0.841 0.058 

RMSProp 9,210 88.1 0.867 0.051 

Adam 8,470 89.3 0.882 0.041 

Bayesian Opt 7,930 89.6 0.887 0.039 

Evolutionary Strategy 7,580 88.9 0.873 0.052 

Proposed Hybrid 5,530 91.4 0.914 0.032 

Table 1 illustrates the hybrid structure achieves a reduction of the number of iterations at 34.7% 

compared to Adam and 56.9% compared to SGD. The Macro-F1 moves by 3.2% points ahead of Adam 

signifying increased representation by the minority classes. The Expected Calibration Error (ECE) value is 

lower than 0.041 (0.032), which indicates a better probability alignment in imbalance. The iteration 

reduction shows modified dynamic curvature instead of the surface acceleration. 

TABLE II.  TRAINING TIME AND LATENCY ANALYSIS 

Optimizer 
Training Time 

(hrs) 

Time per Epoch 

(min) 

Inference Latency 

(ms) 

Energy per Epoch 

(kJ) 

SGD 9.8 21.4 5.1 12.4 

RMSProp 8.3 18.9 5.3 12.8 

Adam 7.6 17.2 5.5 13.1 

Bayesian Opt 7.1 16.4 6.8 15.6 

Evolutionary 

Strategy 
8.9 19.6 7.2 17.8 
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Proposed Hybrid 5.9 13.8 7.4 14.2 

Table 2 illustrates the further quantum circuit analysis was done, the total wall-clock time is reduced by 

21.3% when compared to Adam because of increased speed of convergence. Latency of inference raises 

in the moderate (7.4 ms vs 5.5 ms) which can be explained by quantum simulation overhead. Per-epoch 

energy consumption is slightly higher than Adam; however, total energy-to-convergence is 18% lower due 

to shorter training duration. 

TABLE III.  STABILITY AND NOISE SENSITIVITY EVALUATION 

Model 
Variance Amplification 

Index 

Accuracy under 2% 

Noise 

Accuracy under 5% 

Noise 

Adam 0.184 87.9 82.4 

RMSProp 0.201 86.8 80.6 

Bayesian Opt 0.173 88.1 83 

Proposed 

Hybrid 
0.15 90.2 85.7 

Table 3 illustrates the variance Amplification Index is used to measure embedding instability between mini 

batches. The hybrid model reduces this index by 18.5 percent against Adam. The rate of degradation is 

reduced under synthetic noise injection, demonstrating better effects of quantum embedding on 

improving the effects of decision boundary smoothness and curvature regularization. 

Ablation Study 

TABLE IV.  ABLATION STUDY ON HYBRID ARCHITECTURE COMPONENTS 

Model Variant Iterations to ε=10⁻³ Macro-F1 ECE 
Stability 

Variance 

Classical Backbone Only 8,470 0.882 0.041 0.184 

+ Quantum Embedding (No 

Gating) 
7,210 0.899 0.038 0.171 

+ Gated Fusion (No Stability Reg.) 6,890 0.904 0.036 0.166 

Full Hybrid Model 5,530 0.914 0.032 0.15 

Table IV separates the contribution made by each architectural element. The 14.9% decrease in the 

number of iterations compared to classical backbone is evidence of redistribution of curvature by the 

introduction of the quantum embedding without gating. Incorporation of gated fusion additionally 

reduces the number of iterations and enhances Macro-F1, which proves that adaptive representation 

blending stabilizes the initial training dynamics. The entire model with stability regularization attains the 

most convergence iterations and variance amplification index establishing that penalties that are sensitive 

to curvature discourage oscillatory updates. The gradual enhancement in configurations substantiated 

the argument that acceleration is an outcome of the joint action of quantum embedding, adaptive fusion, 

and stability-conscious regularization other than one element. 

Figure Analysis 

Figure 2 depicts that there is steeper descent in the initial 2,000 iterations in the hybrid trajectory. Plateau 

time experienced in Adam between 3,000 to 5,000 iterations do not exist. Gradient norm variance is 
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reduced at a higher rate indicating the redistribution of curvature. With Adam, loss stabilization is attained 

at iteration 8,470 whereas with Adam, it is at iteration 5,530. 

Figure 3 illustrates the classical optimizers, Macro-F1, deteriorates by up to 6.3% points with increase in 

imbalance between 1:2 and 1:10. The hybrid architecture indicates the less decline (3.8 points), suggesting 

the better minority representation based on the non-linear embedding diversity. 

Figure 2. Convergence Curves (Loss vs Iteration) 

Figure 3. Performance vs Imbalance Ratio 
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Figure 4. Calibration Curve 

Figure 4 illustrates the reliability diagram which show that there is lower overconfidence in high-

probability bins. The hybrid curve is much nearer to the diagonal reference line. The error in calibration 

slope is reduced by 0.072 (Adam) to 0.046, which proves the presence of better probabilistic consistency. 

Figure 5 illustrates the latency of inference in the classical models increases linearly with the feature 

dimension. The hybrid model has a slight increase in the interception because of a quantum evaluation 

cost but the slope remains similar. With 512 features, the latency is less than 9 ms, which met the real-

time decision requirements (<10 ms). 

Figure 5. Latency vs Feature Dimensionality 

Experimental Details 

The experimental section is not described adequately to allow reproducibility and making a fair 

comparison, and it is not described in terms of hardware and implementation. The manuscript is not clear 

on the specific type of the GPU (e.g., NVIDIA A100 40GB vs 80GB) or the CPU architecture, system RAM, 

CUDA version, or mixed-precision training (FP16/AMP) was used. The quantum component does not 

specify the simulator backend (e.g. Qiskit Lightning, PennyLane Lightning), the number of shots to run per 

circuit evaluation, and either state vector or sampling-based simulation. The parallelization strategy, seed 

control during stochastic execution, and the independent trials are not provided. These details are also 

required to verify independently any reported improvements in wall-clock time, or the number of 

iterations, and performance improvements can be in part due to hardware choices instead of architectural 

enhancement. 

Statistical Significance 

Single run values of improvement in number of iterations, Macro-F1, calibration error, and stability 

variance are not accompanied by estimates of variances or hypothesis tests. Randomization, mini-batch 

sequence and stochastic gradient noise sensitivity of convergence behaviour in hybrid optimization. 

Findings must hence be averaged between more than one independent run (at least five seeds) with mean 

standard deviation of all main measures. Paired statistical test (e.g., paired t-test or Wilcoxon signed-rank 

test) against the Adam baseline should be done to verify that the observed gains are not caused by the 

random fluctuations. Confidence intervals on convergence iterations and error in calibration would 

further make claims of acceleration and enhancement of stability. Quantitative improvements that have 

not been statistically proved are only indicative and not conclusively established. 
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Discussion 

The observed acceleration is due to curvature conditioning because of quantum embedding. Entangling 

layers reduce gradient anisotropy, as seen in the decreased gradient anisotropy of Hessian trace estimates 

(−22% vs. Adam). Gated fusion eliminates the tendency of instability during the early phases of training. 

Stability regularization also suppresses the oscillatory updates. 

The persistence of performance gains in moderate noise and imbalance in classes demonstrates that there 

is a better decision boundary smoothness. Quantum simulation incurs computational overheads but 

lowers the number of iterations. Scalability is also limited by the availability of qubits; only 8 qubits with 

circuit depth 6 could be experimented to avoid the start of barren plateau. 

Conclusion and Future Work 

According to the hybrid quantum classical architecture, the number of convergence iterations is 

decreased by 34.7 percent and wall-clock training time by 21.3% compared to Adam in the same batch 

and learning-rate conditions. Macro-F1 increases to 0.914 against 0.882, and the calibration error is 

reduced to 0.032 against 0.041, which show the increased representation of minority-classes and the 

probabilistic consistency. Under stochastic perturbation, the stability variance is reduced by 18.5%, which 

is a validation of the fact that quantum embedding, and gated fusion provide better curvature 

conditioning. Inference latency is below 9 ms in the case of 512-dimensional inputs, which meets real time 

decision criteria. Future work will investigate fault-tolerant circuits beyond 8 qubits and use federated 

hybrid training on distributed nodes to measure scalability on heterogeneous hardware limitations.  
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