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Parametrized circuits for quantum chemistry

Parameter Update: 6 — 6’
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https://www.nature.com/articles/ncomms5213

VQE on real devices
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https://journals.aps.org/prx/pdf/10.1103/PhysRevX.6.031007

Scale up = end of story?

® What can you do once you have a ground state wave function?
® How large does the system have to be to be useful?
® How to find systems that are interesting?

Qubits are a scarce resource = compression
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Scale up = end of story?

® What can you do once you have a ground state wave function?
® How large does the system have to be to be useful?
® How to find systems that are interesting?

X= 2 3 4 5 6

cc-pVXZ 24 58 115 201 322
cc-pCVXZ 28 71 144 255 412

X

10.1063/1.473863
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https://aip.scitation.org/doi/10.1063/1.473863

Scale up = end of story?

® What can you do once you have a ground state wave function?
® How large does the system have to be to be useful?
® How to find systems that are interesting?

Challenge 1. The Designer Challenge. While the mission
of the 20th century was related to providing answers to ques-
tions pertaining to properties of specific chemical structures,
the questions of the 21st century revolve around the iieRsE
design problem:"™ " finding the best chemical structures that
are associated with desired and requested properties. A poten-
tial solution for this challenge is the use of nvertible models
from machine learning such as generative models (GANs,
autoencoders, ..)** or inverting molecules from families of
Hamiltonians.™ ~*

10.1021/acscentsci.7b00550
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https://pubs.acs.org/doi/10.1021/acscentsci.7b00550

Inverse design

Functional space
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Desired properties (redox
potential, solubility, toxicity)

Chemical space
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(Drug-like, photovoltaics,
polymers, dyes)

M. Degroote

Inverse

Direct Inverse

h : : Optimization,
Experiment or High-throughput virtual : ;
simulation (Schrodinger  screening (e.g., with 3 evolut|t(?nary s(tjra‘tegvlzz,
equation) filtering stages) genera gz&n %S s (VAE,

10.1126/science.aat2663

Intro

e



https://science.sciencemag.org/content/361/6400/360

Classical Machine Learning for Chemistry

VAE: Variational autoencoders GAN: Generative adversarial networks xx}‘ Empirical data
?'%;ﬁnbmm
; E (e
Gaussian @
Encoder Latent space Decoder noise Generator Syntheticdata  Discriminator
xy) — z _— (xy) z —_— X
RL: Reinforcement learning RNN: Recurrent neural network | Hybrid approaches

Policy gradient with Monte Carlo tree search (MCTS)

Incomplete Next Reward Shared Hidden layers
SMILES action upon weights
(state) (char) MC search completion  Metrics

10.1021/acscentsci.7b00572
10.1126/science.aat2663
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https://pubs.acs.org/doi/10.1021/acscentsci.7b00572
https://science.sciencemag.org/content/361/6400/360

End of the story?

Can we reformulate this machine learning toolbox

for near-term quantum devices?

® recreate functions of classical neural nets in quantum circuits
® preferrably learn on quantum data
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At the level of the neuron

Yudong Cao Lasse Bjgrn Kristensen
arXiv:11711.11240 Spiking quantum neuron
* replicate classical e fully quantum
distribution ® temporal character
® repeat until success ® not gate based

"""""" IN1

DR, (24 e))\m

ZZ@ 29\0
""" : IN2

T
&3

QTML — M. Degroote Quantum Machine Learning for Chemistry


http://arxiv.org/abs/1711.11240

Quantum Generative Adversial Network

Jhonathan Romero Abhinav Anand
arXiv:1901.00848 Poster 49 about Noise Resilience
® replicate classical

distribution
® adversial training
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https://arxiv.org/abs/1901.00848

Quantum Variational Autoencoder

Jhonathan Romero
10.1088,/2058-9565/2a8072
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https://iopscience.iop.org/article/10.1088/2058-9565/aa8072

Cost function
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Training modes:
® input - output training

G = Z piF W’ AB apil,j)t)

® trash training

CQ—ZP: TI'A ‘w><¢;|AB] 7|a>B)

&
® requires less copies of original state 5
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Parametrized unitaries

Example Circuits

® sometimes compressibility is ; s "
known based on symmetries [ | —
* we would like the _ u2
autoencoder to figure out | us| |
® general unitary intractable R _l; — —
® resort to templates
® Scheme A: 15n(n—1)/2 He e I, —x.} bl
® Scheme B: 3n(n—1)+6n é II‘ % [ e
Aoy ? -
L —l Bé . fH-
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Test system: H,

—0.95
’t_g_“m ‘\U,> = aj ‘1100> + b; ’0011>
E —>a,-\0>+b,-]1)
5—1.05
S ® 4 qubit system
® compressible to 1

qubit
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Results: Fidelities

Circuit Final size (# qubits) Set —log,,(1 — F) MAE® —logyo Energy MAE" (Hartrees)
Model 2 Training 6.96(6.82—7.17) 6.64(6.27-7.06)
A 2 Testing 6.99(6.81-7.21) 6.76(6.18-7.10)

1 Training 6.92(6.80-7.07) 6.60(6.23-7.05)

1 Testing 6.96(6.77—7.08) 6.72(6.15-7.05)
Model 2 Training 6.11(5.94-6.21) 6.00(5.78-6.21)
B 2 Testing 6.07(5.91-6.21) 6.03(5.70-6.21)

1 Training 3.95(3.53-5.24) 3.74(3.38-4.57)

1 Testing 3.81(3.50-5.38) 3.62(3.35-4.65)

* MAE: Mean absolute error. Log chemical accuracy in Hartrees ~ — 2.80.

M. Degroote Quantum Variational Autoencoder




Results: Density Matrices
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Goal: Explore Latent Space

10.1021/acscentsci.7b00572

Look at phase transitions in wave functions 2
4
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https://pubs.acs.org/doi/10.1021/acscentsci.7b00572

How does Compression affect Phase Information?

Douglas Mendoza
Phase transition in XXZ
model
® exact wave functions
® some symmetry present
® |ook at fidelity
susceptibility

Temperature

petwee! i 2
Coupling etw! n chain®
0U)

10.1038/nmat1358
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https://doi.org/10.1038/nmat1358

Influence of expressibility

Hannah Sim
arXiv:1905.10876
® choose circuits with different
expressibilities
® study influence on
conservation of information

Circuit 11
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http://arxiv.org/abs/1905.10876

Conclusions

® Quantum Neurons
® Quantum Variational Autoencoder compression

Underway:

® From simulation to experimental demonstration
® |nformation in latent space

To Do:

® Expand machine learning functions
® Apply concepts to new problems
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The end

Thank you for your attention!
>d

Questions are welcome

Slides: https://mfdgroot.github.io/ &
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