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Machine learning: interpret and process large amounts of data

Unmanned Vehicle Genomics Image recognition
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Quantum physics: many-body interactions Near-term quantum
— extremely large complexity computers/simulators

Quantum chemistry Quantum phases of matter
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Quantum Machine Learning

 Using quantum computers for machine learning tasks

« Solve important problems in quantum many-body physics, quantum

simulation/information
* Many open questions:
« Why/how does quantum machine learning work"?
« Concrete models for near-term implementation?

 Relationship to quantum many-body physics and quantum

information theory?

- Goal of our work
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(Classical) CNN

* Structured neural network: multiple layers of image
processing

Example (simplified):
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References: Fukushima (1980), Krizhevsky et al. (2012)



Quantum CNN Architecture

» Same types of layers:
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Quantum CNN Architecture

» Same types of layers:
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1. Convolution:
Translationally invariant
quasilocal unitaries



Quantum CNN Architecture

* Same types of layers:
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2. Pooling:

Reduce system size: measure a fraction
of the qubits, and apply unitaries to
remaining qubits depending on outcome



Quantum CNN Architecture

* Same types of layers:
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Quantum CNN Architecture

* Same types of layers:
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Quantum Phase Recognition

* Problem: Given a guantum many-body system in
(unknown) state p, does p belong to a particular

guantum phase P?

« Analogous to image classification, but intrinsically quantum problem

» Claim: QCNN can be very efficient in qguantum phase

recognition (QPR)
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Quantum Phase Recognition

» Example: 1D ZXZ Model

« Symmetry-protected topological (SPT) phase, protected by
G — ZZ XZZ

« Cannot be detected by local order parameter

« Same phase as S = 1 Haldane chain

- H = —JZ 2iXiy12iv2 — Zqu — ho ZXin'H

Reference: Haldane (1983)



Quantum Phase Recognition

* Phase diagram from infinite system-size density matrix
renormalization group (DMRG) vs. QCNN:
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Phase boundaries (diamonds) are obtained from iDMRG with bond dimension 150.
QCNN input states are obtained from DMRG with system sizes 45, 135, bond dimension 130.
Circuit is performed using matrix-product state update.



Quantum Phase Recognition

» Quantitative advantage over traditional methods:

 String order parameters (SOP): p € P
if(S)>0,pg&Pif(S)=0,5 = +1

50% H/50% T 51% H/49% T

* Near phase boundaries: (S) —» 0



Quantum Phase Recognition

» Quantitative advantage over traditional methods:

- String order parameters (SOP): p € P 50%H/50% T  51% H/49% T

f(S)>0,pgPif(S)=0,5= +1

Near phase boundaries: (S) — 0
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Quantum Phase Recognition

 Theoretical understanding:

Multiscale Entanglement
QCNN Renormalization Ansatz
(MERA)

Quantum Error
Correction (QEC)

QCNN
MERA




Quantum Phase Recognition

* Training: Example

* N =15 spins (depth 1) for simulations

Initialize all unitaries to random values, perform gradient descent

Train along h, = O (solvable)

Observation: training along 1D,
solvable set can still reproduce 2D %

phase diagram!

QCNN structure avoids overfitting
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Optimizing Quantum Error Correction

* Quantum computing can be powerful:

« Shor’s algorithm, Grover, machine

learning, optimization, ...
* However, qubit and gate errors

- need error correction for
scalable computations

Deset oF

Figure credit: D. Gottesman



Optimizing Quantum Error Correction

» Quantum errors: p — ZMapM;E where ZM(EM@ =1

* Single-qubit errors genoérated oy M = X, 7>

general-purpose QEC
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X error (bit-flip) Z error (phase-flip)



Optimizing Quantum Error Correction

» (Classical) error correction: repetition code

+ 05 000, 1 111; majority vote
N AN



Optimizing Quantum Error Correction

» (Classical) error correction: repetition code

* 0> 000, 1> 111; majority vote

* Quantum error correction (QEC): ‘ ‘ ‘

« No-cloning theorem; wavefunction collapse; X and Z errors =
measure stabilizers (correlation function)

* e.g. Shor’s 9-qubit code: |£)L = 2f(|OOO>L:|:|111> L)%’

« Stabilizers: Z,Zy, ZoZi, ZyZrs ooy X1 Xo X5 X X5 X, Xy Xe Xo Xo X X,



Optimizing Quantum Error Correction

» (Classical) error correction: repetition code

* 0> 000, 1> 111; majority vote

* Quantum error correction (QEC): ‘ ‘ ‘

« No-cloning theorem; wavefunction collapse; X and Z errors =
measure stabilizers (correlation function)

* e.g. Shor’s 9-qubit code: |£)L = 2f(|OOO>L:|:|111> L)%’

« Stabilizers: Z,Zy, ZoZ, Zy Ty ooy X1 Xo X5 X X5 X, Xy Xe X Xo X X,

i
If 2,2, = +1, ZyZs= -1, then qubit 3 has X error

» Challenge: real experiments may have different errors!

* e.g. correlated errors XX



Optimizing Quantum Error Correction

* Problem: Given a realistic but unknown error model,
find a resource-efficient guantum error correction

(QEC) code to protect against these errors.

* QCNN structure resembles nested QEC, and can be used to

simultaneously optimize encoder and decoder
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Optimizing Quantum Error Correction

Circuit structure: Results for correlated error:
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Conclusions

 Concrete circuit model for near-
term quantum machine learning

 Application: Quantum Phase ()
Recognition
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* Application: Optimizing
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Thanks!

» Manuscript link: Nature Physics (2019),
doi:10.1038/s41567-019-0648-8, arXiv:1810.03787v2
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