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The team that helped achieving the results




Where are we at!

| 984

Bennett & Brassard
come up with
quantum cryptography.

|98 |

Feynman proposes
quantum computers
to simulate physics

1970s

Very sketchy preliminary
Ideas, nothing concrete

4-1996

All hell breaks loose.
Basically everything at
the basic theory level is

discovered. Algorithms,

entanglement, quantum
error correction, etc.

John Martinis (Google)
presents first plausible
demo of quantum error
correction using 9

superconducting qubits.




Google’s Supremacy Experiment

Quantum gates on 53 qubits



The plans of Google and IBM

Google Al Quantum hardware roadmap
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Shor algorithm for factoring integer numbers
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The possibility of running Shor’s algorithm

How to factor 2048 bit RSA integers in 8 hours using 20 million noisy qubits

Craig Gidney'

and Martin Ekera®
Y Google Inc., Santa Barbara, California 93117, USA

2KTH Royal Institute of Technology, SE-100 44 Stockholm, Sweden

Swedish NCSA, Swedish Armed Forces, SE-107 85 Stockholm, Sweden
(Dated: December 6, 2019)

Physical assumptions Approach Estimated costs

Historical cost || Physical gate| Cycle time | Reaction time | Physical || Distillation Execution Physical qubits| Expected runtime | Expected volume

estimate at n = 2048{| error rate |(microseconds) | (microseconds) |connectivity || strategy strategy (millions) (days) (megaqubitdays)
Fowler et al, 2012 [1] 0.1% 1 0.1 planar 1200 T single threaded 1000 11 1100
O’Gorman et al, 2017 [14] 0.1% 10 1 arbitrary || block CCZ| single threaded 230 3.7 850
Gheorghiu et al. 2019 [19] 0.1% 0.2 0.1 planar 1100 T single threaded 170 1 170
(ours) 2019 (1 factory) 0.1% 1 10 planar 1 CCZ serial distillation 16 6 90
(ours) 2019 (1 thread) 0.1% 1 10 planar 14 CCZ single threaded 19 0.36 6.6
(ours) 2019 (parallel) 0.1% 1 10 planar 28 CCZ |double threaded 20 0.31 5.9




Near-term Quantum Algorithms

| MICHAEL A. NIELSEN
0 and ISAAC L. CHUANG

good old near-term

L quantum computing quantum computing '
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Classification of Machine Learning
from a Quantum Computing point of view

Type of Algorithm
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Abstraction -> Artificial Neural Networks
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Further Abstraction -> Quantum Neural Networks
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Quantum Neural Networks:
realization with integrated quantum optics

.....................................................................

source: https://strawberryfields.ai



Piguasso photonic qguantum computer simulator

Integration to Compiler Gaussian Simulator
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Hybrid Quantum-Classical Reinforcement Learning
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OpenAl Gym problem: cartpole




Hybrid RL agent
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The structure of the Quantum Neural Networks
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Results

Classical Quantum Quantum w/ data re-upload

Faster convergence Even faster
convergence
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Radio communication: 16 QAM
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Radio communication: 16 QAM
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