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ABSTRACT

Artificial intelligence has permeated all aspects of our lives today. However, to make AI
behave like real AI, the critical bottleneck lies in the speed of computing. Quantum com-
puters employ the peculiar and unique properties of quantum states such as superposition,
entanglement, and interference to process information in ways that classical computers
cannot. As a new paradigm of computation, quantum computers are capable of performing
tasks intractable for classical processors, thus providing a quantum leap in Al research and
making the development of real AI a possibility. In this regard, quantum machine learning
not only enhances the classical machine learning approach but more importantly it provides
an avenue to explore new machine learning models that have no classical counterparts. The
qubit-based quantum computers cannot naturally represent the continuous variables com-
monly used in machine learning, since the measurement outputs of qubit-based circuits are
generally discrete. Therefore, a continuous-variable (CV) quantum architecture based on a
photonic quantum computing model is selected for our study. In this work, we employ
machine learning and optimization to create photonic quantum circuits that can solve the
contextual multi-armed bandit problem, a problem in the domain of reinforcement learn-
ing, which demonstrates that quantum reinforcement learning algorithms can be learned by
a quantum device.

1. INTRODUCTION

In recent years, the research and application of artificial intelligence has experienced a revolution and
has sparked an explosion of interest, fueled by its astonishing performance, supported by more powerful
computing, more efficient algorithms, and more data. Machine learning as a part of Al is an area in com-
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puter science that studies the question of teaching computer models how to learn from data. Among the
three major categories of machine learning: supervised, unsupervised, and reinforcement learning, rein-
forcement learning is closest to what people tend to think of artificial intelligence. When a learning agent
is placed in an unknown environment, supervised learning would teach the agent the correct actions to
take, while in a reinforcement learning setting, only the rewards for these actions are provided to the
agent, which are weaker signals than those in supervised learning. Supervised and unsupervised learning
can be considered as learning about the data, but reinforcement learning is learning to behave or how to
take actions (Figure 1). The goal of reinforcement learning is for the agent to maximize the total cumula-
tive reward by learning a good strategy from the environment and the rewards it received [1-3].

The advances in mathematics, materials science, and computer science have made quantum compu-
ting a reality today. Making use of the counterintuitive and distinctive properties of superposition, entan-
glement, and interference of quantum states, quantum computing is a new computing paradigm based on
the laws of quantum mechanics. Quantum computers can process information more efficiently than tradi-
tional computers and provide us with a platform to enhance classical machine learning algorithms and to
develop new quantum learning algorithms [4-15].

The qubit-based quantum computer can represent discrete variables naturally, but cannot represent
continuous variables efficiently. The continuous-variable (CV) quantum computing architecture [16] can
use the measurements of common quantum observables such as position or momentum to represent con-
tinuous variables naturally, with an infinite-dimensional bosonic mode as the basic informa-
tion-processing unit in this model. The CV models allow information to be encoded and processed much
more compactly and efficiently than qubit-based models, which fit well with the actual needs of machine
learning, in particular, deep learning that uses continuous vectors and tensors as their fundamental com-
putational units.

Deep learning has impressed people with its Al abilities demonstrated by numerous applications such
as AlphaGo from Google. The mathematical structure of deep learning is supported by a multi-layered
neural network where the output of one layer is used as an input to the next. Each layer is made of a num-
ber of neurons where a linear transformation of the input is conducted, followed by a nonlinear activation
function. Mathematically, these neural networks can approximate any continuous functions, which are
commonly used in machine learning.

The quest for quantum neural networks has been a long journal. One of the challenges is the design of
the nonlinear activation function in each layer of the network while maintaining the unitary property of
the operation. In the CV quantum architecture, this problem is solved seamlessly, by using non-Gaussian
gates to provide both the nonlinearity and the universality of computation. Quantum neural networks of-
fer a quantum advantage, where in some problems, a classical neural network would require an exponen-
tial number of resources to approximate a quantum network. To fully take advantage of the quantum and
classical computing, a hybrid quantum-classical technique to create quantum circuits with a variational
approach has been proposed [17]. This versatile method uses a quantum device to evaluate the cost func-
tion of a model, a computationally intensive task, and uses a classical device to optimize the model.
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Figure 1. A typical reinforcement learning diagram: after an agent takes an action when in a certain
state, it will receive a reward and move to a next state.
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Quantum machine learning can improve classical machine learning. One well-known classical learn-
ing technique is kernel methods, which maps lower dimensional data into higher dimensional space,
sometimes infinite-dimensional, but requires lengthy computational time when the dimension is high.
Recent works show that quantum devices can do this kind of calculation naturally and efficiently. In a
continuous-variable photonic quantum system, a classical data point can be prepared as an input quantum
state to a quantum circuit. This quantum state is a vector in an infinite dimensional Fock state, so it is al-
ready in an infinite dimensional space without the help of the kernel trick [18].

2. RELATED WORK

The goal of quantum machine learning is to use quantum processors to develop novel quantum algo-
rithms that can dramatically accelerate computational tasks for machine learning. The recent development
of hybrid quantum-classical technique fits well with the current state of quantum technologies.

The work in [19] takes a variational approach to design photonic quantum circuits in the conti-
nuous-variable (CV) architecture to process information stored in quantum states of light, in which the
quantum gates have free continuous parameters to fine tune. The circuits are made of photonic quantum
gates: interferometers (phase shifters and beam splitters), squeezing and displacement gates, and nonlinear
gates. These photonic circuits can form a sequence of repeating building blocks, or layers, with the output
of one layer serving as the input to the next. This structure of layers is similar to those in the classical
neural networks. The functionality of this quantum networks is also similar to that of their classical coun-
terparts. The interferometers and squeezing gates match the weight matrix in the classical network, the
displacement gates act as the bias, and the quantum nonlinearity serves as the classical nonlinear activa-
tion function. A subsequent work [20] is using machine learning to optimize a quantum neural network
circuit to produce arbitrary quantum states. Once the correct parameters are learned, this state-preparation
subroutine can then be reused within other quantum circuits or algorithms. In this instance, classical ma-
chine learning is helping to train a quantum neural network.

Using a combination of Gaussian and non-Gaussian gates, these circuits provide the nonlinearity ne-
cessary to create quantum natural networks, unitarity of quantum operations, and universality of compu-
tation. They magically maintain highly nonlinear transformations while keeping operations completely
unitary. Our work designs a circuit of photonic quantum computers to solve the contextual multi-armed
bandit problem [21-24] using machine learning and optimization techniques. This circuit is made of opti-
cal gates with free continuous parameters optimized by the photonic quantum computer simulator Straw-
berry Fields [25].

3. METHODS

Our study employs a reinforcement learning technique, a policy gradient, to train the quantum neural
network. So we introduce the policy gradient first.

3.1. Policy Gradient for Reinforcement Learning

The aim of reinforcement learning is to train a learning agent to discover a good strategy in order to
receive the maximum cumulative rewards through interaction with the unknown environment. In the
domain of reinforcement learning, the strategy is usually termed as a policy that maps states to actions,
either deterministically or stochasticatically. There are two major approaches to learning a good policy:
value-based and policy-based methods. The former learns state values 1{s) and action-state values (Xs, a)
and then based on these functions, find a good policy 7(a|s). The latter directly learns a good policy
z(als), which is the method we use in this study. Although we could define a policy
7(s)=argmax, O(s,a) if s, ) is found, in general we may have little interest in knowing the exact
value of (s, a). Another reason for us to find the policy directly is when the action space is continuous or
the environment is stochastics, computing (s, a) becomes a complicated task.
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To explain our work, we only introduce the policy gradient algorithm in the episodic environment.
First we introduce a parameter € to the policy function 7(a|s)=7,(a|s)=P[a|s,0] then use the
gradient of this policy to find a € that can produce maximum cumulative rewards. Running one episode,
the whole trajectory of the agent is recorded as h={s,a,,5,s,,a,,%5, **,57,ar,77} . The policy objective
function J (@) is defined as J ()= J-ﬂ'g(/’l)l"(h)dh where r(h) is a reward function. Using a common
trick of 7,V ,lognz, =V ,x,, the policy gradient algorithm REINFORCE [26] can be stated as the follow-
ing:

Algorithm: REINFORCE

Initialize the policy parameter © at random

For each episode {sy,a,,11, S2,a,, 7, ...., S,a7, 1} ~Tg (run the policy to generate a trajectory) do
Fort=1to T do

0 « O + aVglogrglat|s:)r:
end for

end for

where a is the learning rate.

In the original multi-armed bandit problem, the state remains fixed as there is only one bandit while
in the contextual multi-armed bandit problem, the state changes as there are several bandits. The updating
rule of REINFORCE encourages actions that receive positive rewards while penalizing those that do not.
In general, policy gradient methods work better than the value based such as Q learning since the policy
gradient directly optimizes the reward but the training can be a challenge because of the high variance of
rewards that makes the algorithm unstable.

3.2. Photonic Quantum Circuits for Machine Learning

Different from the more commonly known qubit-based models, continuous-variable quantum com-
puting is a universal computing model which can process continuous variables. In a CV model, informa-
tion is stored in the quantum states of bosonic modes, called qumodes and the CV quantum circuits are
unitary in the Hilbert space picture, but they can have nonlinear effects in the phase space picture when
non-Gaussian gates are used, a fact that is critical for designing CV quantum neural networks.

Inside a CV quantum circuit the quantum gates usually contain free parameters which allow for a
variational approach to optimize them for a particular machine learning task (Figure 2). Quantum gates
are tools to control how quantum states evolve through unitary operations. Mathematically these gates can
be represented as unitary matrices with complex-valued entries. A real-valued vector X =(x;,x,, -,y )
in N-dimensional space is represented as N-mode quantum optical states |X > = |xl> ®|x2> ®---® xN> .In
this report, our numerical analysis is conducted with Strawberry Fields [25] which is a quantum simulator
for photonic circuit design. Strawberry Fields has advanced functionality and applications for quantum
computing and quantum machine learning.

To introduce the photonic gates, we denote the creation operator by a' and annihilation operator

by a. The displacement gate is D(a)= exp(aaT - a*a) and squeeze, rotation, and Kerr single mode gates

are defined as S(r):exp[g( 2—ar”)}, R(#)=exp(ign), and K(K):exp(ilcﬁ2) respectively, where

fi=a'a is the number operator. The two mode bean-splitter is BS (9,¢):exp[6’(ei¢af a,—e “aal )]

which creates entanglement between the two modes. The visual representation of the effects of some of
these gates is shown in Figure 3. The quantum circuit in Figure 4 consists of the successive gate sequences
that represent unitary transformation on 4 qumodes. Gaussian gates are single or two-mode gates which
are at most quadratic in the mode operators, while non-Gaussian gates are single-mode gates which are
degree 3 or higher.
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Quantum Circuit

u(e)

Figure 2. Variational quantum circuit: the quantum gates in the circuit collectively define a unitary
operation on quantum states and these gates depend on classical parameters ©. The output of the
circuit is classical and therefore it is a good candidate for optimizing it by updating the values of ©
according to a specific learning objective using classical machine leaning and optimization tech-
niques. In our study, we apply the policy gradient to tune ©.

A r A

Figure 3. Wigner function representation of vacuum state, squeezed vacuum state, rotated vacuum
state, Kerr state (applying Kerr gate to a coherent state), displaced vacuum state, displayed in se-
quence.

U(6, ¢) Dla) R(d) S(r) Kik)

Figure 4. The actual circuit structure for a CV quantum neural network used in this study: interfe-
rometer, displacement, rotation, squeeze, and Kerr (non-Gaussian) gates. The detailed definition of
these gates can be found in [25].
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In this work, we use four qumodes to construct a quantum neural network. The input to the circuit
represents the action in the multi-armed bandit problem, and also the state in the contextual multi-armed
bandit problem. The output of the circuit is the photon number measurements that represent the four
weights on the four arms in the bandit. The goal of the policy gradient training of the circuit is to output
the weights that guide the agent to choose the right arm to gain the maximum reward. Our network has a
total of 32 gates from a universal set for CV quantum computing. Compared to the multi-layered quantum
neural networks in [19], our circuit can be considered as a single layer network, which is sufficient to solve the
current problem. When several different models can all solve the same problem, the simplest model is preferred.

Due to the use of non-Gaussian gates, this circuit can produce nonlinear transformation while main-
taining its unitary property as a whole. The non-Gaussian gates are also necessary ingredients to build a
universal quantum computing model. The Kerr gate is used because it is diagonal in the Fock basis, which
leads to faster and more reliable numerical simulations when compared with the cubic phase gate, another
well-known non-Gaussian gate.

3.3. Contextual Multi-Armed Bandit Problem

The multi-armed bandit problem can be described using this analogy. Say there is one slot machine
with multiple arms. Each arm has an unknown but fixed probability of giving out a prize. We can try one
arm at a time, and our aim is to find a strategy to maximize our cumulative rewards. In this environment,
there is just one state, one slot machine, and only the action can vary. The description of contextual ban-
dits requires the concept of the state, which can serve as an extra clue that the agent can use to take more
informed actions. In the contextual multi-armed bandit problem, there are N slot machines with multiple
arms, which is an extension of the previous problem. In this case the state, the slot machine, can vary as
well. Now the goal of the agent is to learn the best action not just for a single bandit, but for any number of
them. Contextual bandits can be used to optimize random allocation in clinical trials and enhance the user
experience for websites by helping choose which content to display to the user, ranking advertisements,
and much more.

To balance the trade-off between exploitation and exploration, we employ the e-greedy algorithm
which means with a small probability € the agent takes a random action, but otherwise it picks the best ac-
tion according to the output of the quantum neural network. There is already a significant amount of at-
tention given to supervised and unsupervised learning research, but relatively less progress has been made
for reinforcement learning [6, 7]. The main goal of our study is demonstrate that quantum neural net-
works can be used to solve problems in reinforcement learning, adding a quantum solution to the rich
collections of classical methods such as e-greedy, upper confidence bounds (UCB), and Thompson sam-
pling [22-24].

A multi-armed bandit is a tuple (A4, R) where A is a known set of actions or arms and R(z]a) = PA(ra)
is an unknown probability distribution over rewards. At each step £ the agent selects an action a, € 4
and the environment generates a reward 7, € R(.|q,). The goal of the agent is to find a good strategy in

- . . =T . .
obtaining the maximum cumulative reward Z;l 7, . The contextual multi-armed bandit problem can be

defined similarly as a tuple (S, 4, R) where Sis a collection of states [21-24].

4. RESULTS

In this work, we have conducted two experiments. One is to train a quantum neural network, a
learning agent in this study, to solve the multi-armed bandit problem, and the other is to solve the con-
textual multi-armed bandit problem where the extra dimension is having states in the problem. The train-
ing method is € greedy, which means €% of the times, actions are selected at random while the rest of the
times the quantum neural network is used to select the actions. In this study, we chose € = 0.1. Each bandit
has four arms with each arm having a different but fixed probability to produce a positive reward 1 or a
negative reward —1. In the contextual multi-armed bandit problem there are four bandits, and conse-
quently this problem has four states.
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4.1. Multi-Armed Bandit Problem

In this problem, there is only one bandit, which has four arms in this study. We select two arms of the
bandit to have higher probability to give a positive reward than the other two in the first experiment. Then
we switch the two highest probabilities to see if the quantum neural network is able to detect the change in
the second experiment. The experiments of training the quantum neural network for 500 steps show that it
can identify the two arms of the top two positive rewards in each case (Figure 5). The payout probabilities
for each arm in each experiment are listed in Table 1.

4.2. Contextual Multi-Armed Bandit Problem

In this problem, there are four bandits, with each having four arms in this study. We select one arm of
each bandit to have the highest probability of generating a positive reward than the other three (Table 2).
Then we try to see if the quantum neural network can identify the arm of the best payout in each bandit.
The experiments of training the quantum neural network for 1000 steps show that it can discover the arm
of the best payout in each bandit (Figure 6).

Table 1. The payout probabilities for each arm in the two experiments for bandit problem.

Experiment one Experiment two
Probability Reward Probability Reward Arm Probability Reward Probability Reward Arm
0.426 1 0.574 -1 1 0.426 1 0.574 -1 1
1.0 1 0.0 -1 2 0.5066 1 0.4934 -1 2
0.5809 1 0.4191 -1 3 0.5809 1 0.4191 -1 3
0.5066 1 0.4934 -1 4 1.0 1 0.0 -1 4

Total rewards of the agent learning from step 1 to step 500 when the bandit's
arm_2 and arm_3 have the highest and second highest reward respectively
230
180

130

Reward

80

30

-20 S—
20 40 60 80 100 120 140 160 180 200 220 240 260 280 300 320 340 360 380 400 420 440 460 480
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e arm_1 -arm_2 arm_3 arm_4

Total rewards of the agent learning from step 1 to step 500 when the bandit’'s

arm_4 and arm_3 have the highest and second highest reward respectively
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50

30

Reward

10

10 10 30 50 70 TT0™ T30 150 3025072707290 310 330 350 370 390 410 430 450 470 490

-30

Steps

arm_1 arm_2 arm_3 arm_4

Figure 5. The learning curves for the agent to detect the arm of the highest probability of getting a
positive reward.
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Total rewards of the agent learning from step 1 to step 1000
when the bandit_1's arm_4 has the highest reward
23
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= grm_1  e———arm_2

arm_3 arm_4

Total rewards of the agent learning from step 1 to step 1000

when the bandit_2's arm_2 has the highest reward
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Total rewards of the agent learning from step 1 to step 1000
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Total rewards of the agent learning from step 1 to step 1000
when the bandit_4's arm_3 has the highest reward
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-100
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Figure 6. The learning curves for the agent to detect the arm of the highest probability of obtaining a
positive reward in each bandit.
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Table 2. The payout probabilities for the four arms in each bandit in the experiments for contextual
bandit problem.

Bandit one Bandit two

Probability Reward Probability Reward Arm Probability Reward Probability Reward Arm

0.418 1 0.582 -1 1 0.4547 1 0.5453 -1 1

0.5039 1 0.4961 -1 2 1.0 1 0.0 -1 2

0.5278 1 0.4722 -1 3 0.154 1 0.846 -1 3

1.0 1 0.0 -1 4 0.3972 1 0.6028 -1 4
Bandit three Bandit four

Probability Reward Probability Reward Arm Probability Reward Probability Reward Arm

1.0 1 0.0 -1 1 0.3846 1 0.6154 -1 1
0.0708 1 0.9292 -1 2 0.0 1 1.0 -1 2
0.5804 1 0.4196 -1 3 1.0 1 0.0 -1 3
0.4601 1 0.5399 -1 4 0.4987 1 0.5013 -1 4

5. CONCLUSION

Quantum computers make use of the properties of quantum physics to process information much
faster than their classical counterparts. As a result, quantum technologies provide a fertile ground to ex-
plore new ideas and models in computation that could potentially revolutionize the ways of how informa-
tion is stored and processed. The real benefit of using quantum computing is to efficiently solve certain
problems that are extremely expensive for classical computers. Driven by new algorithms, increased com-
puting power, and big data, deep learning structured by multi-layer neural networks has demonstrated its
great power in many different areas, thus, bringing in great interest in learning how to create quantum
neural networks. Quantum variational algorithms are recently proposed as a hybrid between classical and
quantum computing, in which a classical computer varies certain free parameters to control the prepara-
tion of quantum states, and then a quantum computer prepares the states.

The quantum analogue of the classical bit is the qubit which can represent discrete variables naturally,
but cannot represent continuous variables efficiently. However in machine learning, continuous variables
are commonly used so continuous-variable quantum systems are more suitable in the design of quantum
neural networks. In a classical neural network, the nonlinear activation function plays an important role in
approximating any continuous functions. However, in quantum physics, the operations on quantum states
are required to be linear and unitary, a restriction that brings great difficulty when creating quantum
neural networks. In a photonic quantum system, this nonlinearity is achieved by the non-Gaussian gates.
We need to understand what advantages may arise from generating the superposition, entanglement, and
interference of quantum states during operations of the quantum neural networks.

In this report, we showcase the application of variational methods to create photonic quantum neural
networks that can solve the contextual multi-armed bandit problem, where the agent is trained with a policy
gradient to gain maximum cumulative rewards. Compared to some other problems in reinforcement
learning where the rewards are delayed, the rewards in the contextual multi-armed bandit problem are
immediate. Our work also highlights that classical machine learning can aid quantum computers in learn-
ing in the domain of reinforcement learning, allowing quantum and classical learning to complement each
other.
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