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Recurrent Neural Network
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“Harnessing Disordered-Ensemble Quantum Dynamics for Machine Learning”,
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quantum reservoir computing

“Harnessing Disordered-Ensemble Quantum Dynamics for Machine Learning”,
K. Fujii, K. Nakajima, Phys. Rev. Applied 8, 024030 (2017).
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quantum reservoir computing

“Harnessing Disordered-Ensemble Quantum Dynamics for Machine Learning”,
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QuantumEigensolver (VQE) 7L
dU X L

5-2. Quantum Circuitlearning

5 L Quantum CircuitLearning
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5-3. Quantum Approximate
Optimazation Algorithm (QAOA): &
FELEEE7IILT) X A
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VALY h=a—F )% v b7 —7Z7(Recurrent neural network, RNN) ¥ i3 3 ¥ L THRR%|

F—ROFHFICHVWLNEZ =2 —F 3y PI—ZEF LD
RNNO—FTH 2 VHF—Ra Y ¥a—7F 1 ¥ (Reservoir comp
HERT VY —nNar¥a—7 4 ¥ 7(Quantum reservoir comp

5. 1
O.

RBIRZA 77V DFERHEREL TWEN—2 3 VIZTRCD &l

1

0.
[1]: import sys

import numpy as np -1 4
import scipy
import matplotlib 11

import matplotlib.pyplot as plt
import tensorflow as tf
import tqdm

import time

print("python: %s"%sys.version)
print("numpy: %s"%np.version.version)
print("scipy: %s"%scipy.version.version)

] label
‘|—- prediction
Ly W

print("matplotlib: %s"smatplotlib._ version_ )

print("tensorflow: %s"%tf.VERSION) 14
print("tqdm: %s"S%tqdm._version.__version_ ) - :“g”lt ,
| - abel /
—— prediction ,/I
python: 3.5.5 |Anaconda 4.2.0 (64-bit)| (default, Aprl+ “‘{'{., S — ; ; - ; ; ;
numpy: 1.14.3 0 50 100 150 200 250 300 350 400
scipy: 1.2.0

matplotlib: 2.1.2
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Entanglement classification(detection)
Logarithmic negativity

von Neumann entropy

Renyi entropy

ARTICLE
Quantum reservoir processing

Sanjib Ghosh (3", Andrzej Opala?, Michat Matuszewski?, Tomasz Paterek'* and Timothy C. H. Liew'?

The concurrent rise of artificial intelligence and quantum information poses an opportunity for creating interdisciplinary
technologies like quantum neural networks. Quantum reservoir processing, introduced here, is a platform for quantum information

processing developed on the principle of reservoir computing that is a form of an artificial neural network. A quantum reservoir G hOSh San 1 i b et al "Qu antu m
processor can perform qualitative tasks like recognizing quantum states that are entangled as well as quantitative tasks like ) J ) "
estimating a nonlinear function of an input quantum state (e.g., entropy, purity, or logarithmic negativity). In this way, experimental

. . n .
schemes that require measurements of multiple observables can be simplified to measurement of one observable on a trained rese rVOI r p roceSSI ng . n pj Qu antu m

quantum reservoir processor.

npj Quantum Information (2019)5:35; https://doi.org/10.1038/541534-019-0149-8 I nfo rm atio n 5 . 1 (20 1 9) : 1 -6 .

28



npj Quantum Information

ARTICLE

Quantum reservoir processing

Sanjib Ghosh (3", Andrzej Opala?, Michat Matuszewski?, Tomasz Paterek'* and Timothy C. H. Liew'?
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www.nature.com/npjqi

The concurrent rise of artificial intelligence and quantum information poses an opportunity for creating interdisciplinary
technologies like quantum neural networks. Quantum reservoir processing, introduced here, is a platform for quantum information

processing developed on the principle of reservoir computing that is a form of an artificial neural network. A quantum reservoir
processor can perform qualitative tasks like recognizing quantum states that are entangled as well as quantitative tasks like
estimating a nonlinear function of an input quantum state (e.g., entropy, purity, or logarithmic negativity). In this way, experimental
schemes that require measurements of multiple observables can be simplified to measurement of one observable on a trained

quantum reservoir processor.

npj Quantum Information (2019)5:35; https://doi.org/10.1038/541534-019-0149-8
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Energy (MJ mol™")

VQE (Variational quantum eigensolver)

“A variational eigenvalue solver on a photonic quantum processor”
Peruzzo, McClean et al, Nature Communication 5:4213 (2014)
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“Quantum Circuit Learning”,
K. Mitarai, M. Negoro, M. Kitagawa, and K. Fujii
Phys. Rev. A 98, 032309 (2018)
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“Quantum Circuit Learning”,

K. Mitarai, M. Negoro, M. Kitagawa, and K. Fujii

Phys. Rev. A 98, 032309 (2018)
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“Quantum Circuit Learning”,

K. Mitarai, M. Negoro, M. Kitagawa, and K. Fujii

Phys. Rev. A 98, 032309 (2018)
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Supervised Learning With Quantum-Inspired Tensor Networks

x ! Perimeter Institute for Theoretical Physics, Waterloo, Ontario, N2L 2Y5, Canada
? Department of Physics and Astronomy, University of California, Irvine, CA 92697-4575 USA
3Dept. of Physics, Northwestern University, Evanston, IL
(Dated: May 22, 2017)

O> — E. Miles Stoudenmire®? and David J. Schwab? 5)) ‘ \{’ (7)>

Tensor networks are efficient representations of high-dimensional tensors which have been very —_
successful for physics and mathematics applications. We demonstrate how algorithms for optimizing g ))2
such networks can be adapted to supervised learning tasks by using matrix product states (tensor x?

’O> | trains) to parameterize models for classifying images. For the MNIST data set we obtain less than
1% test set classification error. We discuss how the tensor network form imparts additional structure
to the learned model and suggest a possible generative interpretation.

Advances in Neural Information Processing Systems 29, 4799 (2016)
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Machine learning and quantum computing are two technologies that
each have the potential to alter how computation is performed to
address previously untenable problems. Kernel methods for machine
learning are ubiquitous in pattern recognition, with support vector
machines (SVMs) being the best known method for classification
problems. However, there are limitations to the successful solution
to such classification problems when the feature space becomes
large, and the kernel functions become computationally expensive
to estimate. A core element in the computational speed-ups enabled
by quantum algorithms is the exploitation of an exponentially
large quantum state space through controllable entanglement
and interference. Here we propose and experimentally implement
two quantum algorithms on a superconducting processor. A key
component in both methods is the use of the quantum state space as
feature space. The use of a quantum-enhanced feature space that is
only efficiently accessible on a quantum computer provides a possible
path to quantum advantage. The algorithms solve a problem of
supervised learning: the construction of a classifier. One method, the
quantum variational classifier, uses a variational quantum circuit'? to
classify the data in a way similar to the method of conventional SVMs.
The other method, a quantum kernel estimator, estimates the kernel
function on the quantum computer and optimizes a classical SVM.
The two methods provide tools for exploring the applications of noisy
intermediate-scale quantum computers® to machine learning.

The intersection between machine learning and quantum computing
has attracted considerable attention in recent years*¢. This has led to
a number of recently proposed quantum algorithms'*7%, Here we
present two quantum algorithms that have the potential to run on near-
term quantum devices. A suitable class of algorithms for such noisy

space. The data is mapped non-linearly to a quantum state
P:x€ 2— |P(x))(P(x)]; see Fig. 1a. In the first approach we use a
variational circuit as given in refs >'*!7 followed by a binary measure-
ment. Any binary measurement that classifies the data based on the
probability of observing one outcome over the other implements a sep-
arating hyperplane in state space. Like an SVM, this approach constructs
a linear decision function in feature space. The second approach builds
on this observation and constructs the hyperplane using a classical SVM,
only using the quantum computer to estimate the kernel function. This
second approach inherits the performance guarantees from the classical
SVM. We implement both classifiers on a superconducting quantum
processor with five coupled superconducting transmons, only two of
which are used in this work, as shown in Fig. 2a. In the experiment, we
want to separate the question of whether the classifier can be imple-
mented in hardware from the problem of choosing a suitable feature
map for a practical dataset. The data that are classified here are chosen
so that they can be classified with 100% success to verify the method.
We experimentally demonstrate that this success ratio is achieved.
Training and classification with conventional SVMs is efficient when
inner products between feature vectors can be evaluated effi-
ciently'*'%19, Classifiers based on quantum circuits, such as the one
presented in Fig. 2c, cannot provide a quantum advantage over a con-
ventional SVM if the feature vector kernel K(x,z) = |(®(x)|®?(z)) P
can be computed efficiently on a classical computer. For example, a
classifier that uses a feature map that generates only product states can
be evaluated in time O(n) for n qubits. To obtain an advantage over
classical approaches we need to implement a map based on circuits that
are hard to simulate classically. Since quantum computers are not
expected to be classically simulable, there exists a long list of (universal)
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devices employs short-depth circuits, because they are amenable to  circuit families we can choose from. Here we use a circuit that works 0 50 100 150 200 250
error-mitigation techniques that reduce the effect of decoherence!®!!.  well in our experiments and is not too deep. We define a feature map Trial st
There are convincing arguments to indicate that even very simple cir-  on n-qubits generated by the unitary Uy, = Up(yH *"UpH ", where rai step

cuits are hard to simulate classically'>'?, The algorithm we propose

H denotes the conventional Hadamard gate and
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takes on the original problem of supervised learning: the construction b - - — .- — aEgE—— — - —
of a classifier. For this problem, we are given data from a training set T 1 Jp— - Seti &l
and a test set S of a subset £2C R“. Both are assumed to be labelled by Upw=expli 3 6. [12 © === [T oA =S Dm— < e—_— = Setlll
amapm: TS — {+]1, —1} unknown to the algorithm. The training SEln) s S 09 ¢
algorithm receives only the labels of the training data T. The goal isto  is a diagonal gate in the Pauli Z-basis; see Fig. 1b. This circuit acts on 8 = 5 40
infer an approximate map on the test set #f: S — {+-1, —1} such that it the initial state |0)". We use the coefficients ¢ (x) € R to encode the L 0.8 } .
agrees with high probability with the true map m(s) = ##(s) on the test ~ data x € £2. In general any diagonal unitary Uy, can be used if it can 8 : %! 4 l Label +1
data s € S. For this task to be meaningful it is assumed that thereisa  be implemented efficiently. This is, for instance, the case when only o c 3 l Label -1 IEI E% é t }:’y Ij] EE \K/
correlation between the labels given for training and the true map. A weight |S| < 2 interactions are considered. The exact evaluation of the 8 0.7 r 2 2 . 20
classical approach to this problem uses so-called support vector inner product between two states generated from a similar circuit with 8
machines (SVMs)'*. A quantum version of this approach has already  only a single diagonal layer Uy is #P-hard?’. Nonetheless, in the (3 1
been proposed in ref. 1°, where an exponential improvement can be  experimentally relevant context of additive error approximation, sim- 06 0 | & +4
achieved if data is provided in a coherent superposition. However, when  ulation of a single-layer preparation circuit can be achieved efficiently 0 02 04 06 08 1 P
data is provided in the conventional way, that is, from a classical com-  classically by uniform sampling®'. We conjecture that the additive error 0.5 L = L L .
puter, then the methods of ref. '° do not yield this speed-up. approximation of inner products generated from circuits with two 0 1 2 3 4
Here we propose two binary classifiers that process data thatis Hadamard layers and diagonal gates is hard classically; see Depth

provided classically and use the quantum state space as feature

Supplementary Information for a discussion.
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