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Classical Logic

The Bit

The fundamental unit of classical
information.

A controllable object with two definite
states: 0 or 1.

Every piece of data in a classical
computer — text, images, video — is
ultimately encoded as a sequence of
bits.

Foundation

Logic Gates &
Circuits
Logic gates (AND, OR, XOR, NOT)

manipulate bits to perform
computations.

A circuit is a network of gates — the
basic computational unit of all classical
processors.

AND: A - B XOR: A & B



Quantum Logic

@ The Qubit Quantum Gates &

Circuits
The quantum bit — unit of quantum Quantum gates are unitary operations
information. that manipulate qubits.
Unlike a classical bit, a qubit can exist in A guantum circuit is a sequence of gates
a superposition of |0) and |1) — the unit of quantum computation.

simultaneously.

Key gates: Hadamard (H), CNOT, Pauli (X, Y, Z),
| LI,) = a | a) + B | 1) Rotation gates (Rx, Ry, Rz)

Foundation



The Hardware Landscape: Qubit Technologies

Superconducting Trapped Ions Photonic

Circuits at near absolute zero. Atoms suspended in vacuum. Light on silicon chips.

High speed, limited coherence. Highest fidelity, slower gates. Room temp, highly integrable.
IBM, 1QM, Google, Rigetti lonQ, Quantinuum PsiQuantum, Xanadu

Neutral Atoms Silicon Spin
Optical tweezer lasers. Electrons in semiconductors.
High geometric scalability. CMOS-compatible fabrication.

Pasqal, QuEra Intel, Silicon Quantum




Even Qubits Make Mistakes: T1 and T2
Errors

T1 — Relaxation Time T2 — Coherence Time
What it is: What it is:
The qubit loses energy and 'falls' from the The qubit retains energy but loses phase
excited state | 1) to the ground state |0). synchronization with other qubits.
Analogy: Analogy:
A spinning coin that slows down and eventually A coin still spinning, but wobbling — you can
falls flat on the table. no longer read its value.
Impact: Impact:
Irreversible data loss. Immediate computation errors.
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The Scalability Challenge: Physical vs.

Logical

Physical Qubit (Hardware)

o The material object (ion, circuit, atom)

o Extremely fragile and noisy (T1/T2 errors)

J Alone, insufficient for long, complex
computations

Historical estimate: ~1,000 physical qubits per 1 logical qubit
Microsoft & Quantinuum (Apr 2024): 4 reliable logical qubits from just 30 physical qubits

Logical Qubit (Error
Corrected)

o Many physical qubits working in unison

o QEC algorithms correct errors in real time

J The stable 'virtual' unit for reliable
computation




Why We Need Real Hardware: The
Simulator Wall

The Curse of Dimensionality amn Case Study: JUPITER

Exascale Supercomputer:

To simulate a quantum system Jiilich Supercomputing Centre

classically, we must store the entire Goal:
wavefunction. Simulate a random quantum circuit.
Memory doubles for each qubit added: Result:
1 Qubit 2 complex numbers Simulating just 45-50 qubits required
petabytes of distributed RAM.
10 Qubits 1,024 numbers
Conclusion:
30 Qubits ~1 billion numbers Beyond 50-60 qubits, no classical
computer in the universe can keep up.
50 Qubits ~10"™ numbers

This is why we must build real quantum
hardware.



Why We Need Real Hardware: The
Simulator Wall

Memory Required to Simulate Qubits (Logarithmic Scale)

50 Qubits |
16 PB (Supercomputer)

40 Qubits
16 TB (Server)

30 Qubits
16 GB (Laptop)
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Superconducting Quantum Computing:
Evolution

Room-sized cryogenic systems, ~5-20 qubits, high error rates.

‘ 2016-2019 The Pioneering Era 1BM Quantum Experience launches, giving cloud access for the
first time.
‘ 2019-2022 Quantum Google's Sycamore (53 qubits) claims quantum supremacy. IBM
Supremacy releases Eagle (127 qubits). Hardware improves rapidly.
‘ 2023-2024 Error Correction IBM Condor (1,121 qubits). Microsoft-Quantinuum logical qubit
Era breakthrough. Focus shifts to fault tolerance and utility.
The Road Ahead Modular quantum processors, quantum networking, and the

push toward 10,000+ qubits. The era of quantum utility begins.



Superconducting Quantum Computing:
Evolution




Superconducting Quantum Computing:
Evolution




Superconducting Quantum Computing:
Evolution

Inside an
IBM
Quantum
system
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Superconducting Quantum Computing:
Evolution
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Superconducting Quantum Computing:
Evolution

IBM Quantum Starling
200 logical qubits
100 million quantum gates

2029

IBM Quantum System Two (4x)
Supports 1000+ physical qubits
15000+ quantum gates

2025
IBM Quantum Blue Jay

2000 logical qubits

1 billion quantum gates

IBM Quantum Data Center ==

Poughkeepsie, New York 2033+



Known Quantum Algorithm Classes

Communication & Oracle Problems Search Algebraic &
Cryptography Factoring
Teleportation "Guess the function” Phase Amplification Quantum Phase

Algorithms Estimation
Superdense Coding Deutsch-Jozsa

Grover's Algorithm Shor's Algorithm
QKD Protocols Bernstein-Vazirani Quadratic speed-up

Unstructured search Linear Algebra (HHL)

These algorithms require fault-tolerant hardware — except variational/QML approaches (next slide)




The Frontier: Quantum Machine Learning

Standard Algorithms (QPE, Shor, Variational / QML Algorithms

Grover...)
o Require absolute precision o Noise-resilient by design
J Noise destroys the computation o Iterative optimization (classical loop)
o Need logical (error-corrected) qubits o Work on today's NISQ hardware

The Noise Advantage in Optimization

Complex optimization problems have many local minima that act like
traps that prevent classical algorithms from finding the global optimum.

Quantum noise acts like a seismic shake, helping variational algorithms escape local traps and find better
solutions. What is a bug for standard algorithms becomes a feature for QML.

Li et al., NeurlPS 2018 — Loss Landscape Visualization



A Step Back: Classical Neural Networks

‘. The Artificial Neuron Network Architecture
Neurons are interconnected and organized in
Neural networks are inspired by the layers:
architecture of the human brain.
Input Layer

The building block is the artificial neuron: Receives raw data (pixels, features, signals)
Hidden Layers

1. Receives weighted inputs )
Extract progressively complex features

2. Sums them with a bias

3. Applies an activation function
Output Layer

y = f(X wix; + b) Produces the final prediction or classification

Activation functions: Step, Sigmoid, ReLU, Tanh



Convolutional Neural Networks (CNN)

The gold standard for image recognition and classification

Filtering
(Convolution)

Extracts feature maps
from input using
learnable kernels

Pooling

Reduces spatial
dimensions while
retaining key features

Repeat
Blocks

Stack multiple
conv+pool blocks for
hierarchical features

Flattening

Converts 2D feature
maps into a 1D vector

Dense
Layers

Fully connected layers
(MLPs) produce final
classification



Hybrid Quantum-Classical CNN (HQCNN)

Satellite-based Remote Sensing Image Classification — D. Filippi, R. Cappuccio et al. (in preparation)

Input Quantum Classical Pooling & Dense Output
Image 9 Conv Layer 9 Conv Layers 9 Flattening 9 Layers 9 Class

@ The Quanvolutional Layer
The first convolutional layer is replaced by a parameterized quantum circuit (PQC).

Small patches of the image are encoded into qubit states, processed through quantum gates, and measured.
The measurement results form a quantum feature map that feeds into the classical layers.

Originally introduced by Henderson et al. (2019) — implemented here via PennyLane.




Schema of a HQCCNN

Input [Quantum| Quantum Variational ™
data ™| feature |feature map / training loop
+ | Classical \
' | optimizer \ ;
o L(O) | |
! Variational /
Quantum Circuit : '
VCC \ )
[vee)  vae) .
, 0 _| Classical o
(Measurement| optimizer

Macro-architecture of a hybrid quantum-classical convolutional
neural network (QCNN) and its training loop

Reference: D. Filippi, R. Cappuccio et al. (in preparation)



Training: HQCNN vs. Classical CNN

Accuracy vs. Training Epochs
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Reference: D. Filippi, R. Cappuccio et al. (in preparation)
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Key Findings

[

HQCNN reaches plateau accuracy in
very few epochs

Dramatically faster convergence
(speed-up)

Fewer training cycles = less compute
time and energy



Conclusions: The Efficiency Advantage

Comparable
o1 Accuracy

Hybrid quantum-classical networks (HQCNN) achieve accuracy levels on par with their fully classical counterparts.

Faster Convergence

02

The quantum model reaches peak accuracy in far fewer training epochs — a genuine speed-up in learning.

Resource Savings

03

Fewer training cycles translate directly into reduced computation time and lower energy consumption.

Today & Tomorrow

04 QML works on today's NISQ hardware. As error correction matures, the full spectrum of quantum algorithms will
unlock.



?

Questions & Answers

Let's discuss quantum computing — today and tomorrow



Thank You!

Roberto Cappuccio — INFN Pisa & University of Siena

Parts of this presentation were created with the assistance of Al agents

No artificial intelligence was harmed in the making of this presentation
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