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What is a Variational Quantum Circuit?

A VQC is a parameterized quantum circuit U(0) whose parameters are optimized through a classical feedback
loop — the foundation of hybrid quantum-classical algorithms.
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Data Encoding Strategies

Encoding classical data x into quantum states is the first critical step. The choice of encoding determines the feature
map and the model's expressiveness.

Basis Encoding Maps integer inputs to computational basis states. Simple but limited: requires n

X = 5 > |101) qubits for 2" values.

Amplitude Encoding Encodes N features in log,(N) qubits via amplitudes. Exponential compression but

[Py = =5 x5 |i) hard to prepare.

Rv(Xi) |@) our primary choice.

IQP / Higher-Order Encoding

Non-linear feature maps via entangling gates. Rich expressivity, relates to kernel

‘ G e ol (el Each feature maps to a rotation angle on a single qubit. Simple, hardware-efficient,
‘ U(x) = exp(i I xix5 ZiZj) methods.



The Parameterized Ansatz

The ansatz U(0) is the trainable core — a sequence of parameterized gates whose structure determines expressibility,
entanglement capability, and trainability.

Single Layer Structure Design Considerations
Single-Qubit Rotations Expressibility
. Ability to explore the Hilbert space uniformly — measured via
Rx(61)-Ry(62)-Ru(63) per qubit Haar-random fidelity distributions

Entangling Capability

Entangling Gates Amount of entanglement generated — key for capturing
correlations in data

CNOT ladder or ring topology
Barren Plateaus

Vanishing gradients in deep/random circuits — mitigated by
‘ Repeat L times structured ansdtze and local cost functions
Hardware Efficiency

Native gate set and connectivity — minimizes SWAP overhead on
real devices

Depth L layers for expressibility



Hybrid Quantum-Classical Training Loop

1. Forward Pass (Quantum)

. Prepare state |0)®"

. Apply encoding U_enc(x)

. Apply ansatz U(0)

. Measure (0) = (((8)|O| (6))

T

4. Parameter Update (Classical)

o 0 < 06 -n-VL(O)

o Optimizer: Adam, SPSA, or custom
o Iterate until convergence

o Return optimized 6*

9

2. Cost Evaluation (Classical)

o Compute loss L(B8) from measurements
o Compare predictions vs labels

o Aggregate over training batch

J Track convergence metrics

v

3. Gradient Computation (Hybrid)

o Parameter-shift rule:

o 0L/00 = [L(B+m/2) - L(6-1t/2)] / 2

o 2 circuit evaluations per parameter
o Or finite-difference / SPSA methods



Case Study 1: Hybrid Quantum CNN

Satellite Image Classification on EuroSAT

Classical Frontend Quantum Layer (VQC) Classical Backend

o Conv2D layers 9 o 4 qubits, rotation encoding 9 o Dense layers

o Feature extraction o RY-RZ single-qubit gates o Softmax output

o Dimensionality reduction o CNOT entangling ring o 10-class prediction
o Output: 4 features o L=2 variational layers o Cross-entropy loss
Dataset & Setup

EuroSAT: 27,000 Sentinel-2 satellite images, 10 land-use classes (64x64 pixels, 13 spectral bands). Training: 21,600 / Validation: 2,700 /
Test: 2,700. Simulated with Qiskit AerSimulator (shot noise: 1024 shots). Validated on IQM EMERALD 54-qubit processor.




QCNN Results: Training Dynamics
91.2% 3 X ~3 ep

Hybrid QCNN Faster Epochs to
Test Accuracy Convergence >90% Accuracy
Model Test Acc. Epochs to 90% 1st-Epoch Jump
Classical CNN 88.9% ~10-15 30% - 55%
Hybrid QCNN 91.2% ~3-5 30% -> 85%
Pure Quantum 86.3% ~5-8 30% - 70%

Key Insight: The quantum advantage is in training efficiency — not asymptotic accuracy. The 1st-epoch accuracy jump
(30%->85%) indicates the VQC creates richer feature maps that accelerate convergence, critical for resource-constrained
scenarios.



Case Study 2: Quantum GAN

Generative Adversarial Network with a Quantum Generator

Quantum Generator G(z;0) Classical Discriminator D(x;®)

Input: Random latent vector z (noise) v e G e ) Gl

Architecture: Architecture:
¢ Angle encoding of z into qubit rotations
¢ Deep variational ansatz (L=4—6 layers)

e Entangling CNOT ring topology

e Measurement - generated sample

e Fully-connected neural network

* Binary classification: real vs fake

e Sigmoid output - probability score
e Trained with BCE loss

Goal:
learn to produce samples from the target distribution Goal:
p data(xF)) ’ 8 maximize ability to distinguish real from generated data

Adversarial Training: min_8 max_¢ V(G,D) — the generator improves by fooling the discriminator, while the discriminator
sharpens its ability to detect fakes. At Nash equilibrium, G(z) = p_data and D outputs 0.5 uniformly.



Quantum GAN: Simulation Results

Training Dynamics

Generator loss decreases as the quantum circuit learns
to produce samples that fool the discriminator.

Discriminator loss converges to ~0.5, indicating it can no
longer distinguish real from generated data.

Convergence: ~200-500 training iterations for simple
distributions (e.g., Gaussian mixture). The VQC generator
successfully approximates multi-modal target
distributions.

Key Observations

Distribution Matching

KL divergence < 0.05 between generated and target distributions in
simulation

Quantum Expressivity

VQC generator explores solution space more efficiently than
equivalently-parameterized classical nets

Mode Collapse Resistance
Entangling gates help maintain diversity across generated samples

Scalability Challenge

Training instability increases with qubit count — requires careful
hyperparameter tuning

Implementation: Qiskit 2.2 + PyTorch. Generator: 4-qubit VQC (24 parameters). Discriminator: 3-layer MLP. Trained with Adam optimizer

(Ir=0.01) for 500 iterations.



Hardware Benchmarks: IQM EMERALD

First Experimental Validation on Superconducting Hardware

IQM EMERALD Specs Simulation vs Hardware
Parameter Value Simulator EMERALD
Qubits 54 (used: 4-8) QCNN Acc. 91.2% ~85-88%
1Q Gate Fidelity >99.5% QGAN KL-div <0.05 <0.15
2Q Gate Fidelity >99.0% Noise Impact None Moderate
T1/T2 >30 pus/>20us

Hardware Impact Analysis

Gate noise and decoherence reduce accuracy by 3—6% on the QCNN task and increase KL divergence for the QGAN. However, the
functional behavior is preserved: convergence acceleration persists on hardware, confirming the quantum advantage is robust to realistic
noise levels. Error mitigation techniques (ZNE, measurement error mitigation) can partially recover ideal performance.



Conclusions & Outlook

VQCs provide a flexible, hardware-efficient framework for near-term quantum computing, with well-defined
encoding and trainable ansatz components.

Hybrid QCNNs achieve 3x faster convergence than classical CNNs on EuroSAT (91.2% accuracy), demonstrating
training efficiency as a practical quantum advantage.

—. QGANs with quantum generators successfully learn multi-modal distributions, showing resistance to mode
h collapse through entanglement-induced diversity.

First hardware results on IQM EMERALD confirm functional correctness — the convergence advantage persists
under realistic noise conditions.

Next Steps: Extend QGAN to higher-dimensional data ® Explore error mitigation for deeper VQC circuits ® Benchmark on
IQM's next-generation 150+ qubit processors e Investigate transfer learning between simulated and hardware-trained
models.
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