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Abstract

The development of quantum computational techniques has
advanced greatly in recent years, parallel to the advance-
ments in techniques for deep reinforcement learning. This
work explores the potential for quantum computing to facil-
itate reinforcement learning problems. Quantum computing
approaches offer important potential improvements in time
and space complexity over traditional algorithms because of
its ability to exploit the quantum phenomena of superposi-
tion and entanglement. Specifically, we investigate the use
of quantum variational circuits, a form of quantum machine
learning. We present our techniques for encoding classical
data for a quantum variational circuit, we further explore pure
and hybrid quantum algorithms for DQN and Double DQN.
Our results indicate both hybrid and pure quantum variational
circuit have the ability to solve reinforcement learning tasks
with a smaller parameter space. These comparison are con-
ducted with two OpenAl Gym environments: CartPole and
Blackjack, The success of this work is indicative of a strong
future relationship between quantum machine learning and
deep reinforcement learning.

Introduction

Deep reinforcement learning (RL) has accelerated at as-
tounding speed in the last decade. Achieving superhuman
performance in massively complex games such as Chess,
Go (Silver et al. 2018), StarCraft II (Vinyals et al. 2019),
Dota 2 (Berner et al. 2019), and all 57 Atari games (Badia
et al. 2020), deep RL has become a critical tool for Game
Al Many RL algorithms are benchmarked with games. The
improvements in recent years in deep RL algorithms are of-
ten driven by the desire to improve the objective score per-
formance of an agent and/or to reduce the training time or
model size.

Parallel to the impressive development of deep RL is the
equally outstanding developments in quantum computing.
Early theoretical work demonstrated the massive potential
of quantum computers, such as Grover’s algorithm, which
enables searching an unsorted list in O(v/N) time (Grover
1996), and Shor’s algorithm which can break cryptosystems
like RSA in polynomial time (Shor 1999). Only recently

Copyright (© 2020, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

245

has quantum computation become more reality than spec-
tre, with some claims of quantum supremacy, i.e. solving a
problem that cannot be calculated on a traditional computer
in any feasible amount of time (Arute et al. 2019). Quantum
algorithms offer unique potentials because of their exploita-
tion of quantum mechanical properties, such as superposi-
tion and entanglement (see the Quantum Computing section
for more details).

Using quantum computing to help with machine learning
tasks has attracted a lot attention in recent years. Quantum
machine learning has significant potential to improve the
speed of machine learning algorithms, with quantum per-
ceptrons and quantum RL having theoretical potential for
O(V/'N) speedups (Biamonte et al. 2017). Already work has
been done to develop quantum GANs (Zoufal, Lucchi, and
Woerner 2019) and quantum CNNs (Cong, Choi, and Lukin
2019). Recently, the quantum RL field has been expanding
with a variety of approaches such as using Grover Itera-
tions (Ganger and Hu 2019) and CV photonic gates (Hu and
Hu 2019) to solve gridworld environments. Other work has
been done to envisage quantum computing as a RL problem
(Khairy et al. 2020).

We explore the potential of utilizing quantum computing
to aid with reinforcement learning tasks. We take inspira-
tion from and extend the work done in (Chen et al. 2020) to
use Quantum Variational Circuits (QVC), quantum circuits
with gates parametrized by learnable values, in reinforce-
ment learning. In (Chen et al. 2020), QVCs were used with
Double DQN to solve the deterministic 4x4 Frozen Lake
OpenAl Gym environment. They reported that the parameter
space complexity scales O(N) in QVCs which is a signifi-
cant improvement over the traditional neural network DQN
which has parameter space complexity O(N?). However,
their work only investigated QVCs with one algorithm that
operated on a simple deterministic environment with a sin-
gle input value and the observation space and output space
we restricted to be the same number of quantum bits. We ex-
pand upon their work, evaluating more algorithms and mul-
tiple types of QVCs, creating new encoding schemes, and
advancing to more complex environments.

In this work, we use a quantum simulator to explore the
potential for using quantum computing to solve reinforce-
ment learning tasks. Expanding upon previous work, we
present algorithms and encoding techniques that improve



upon previous results. We apply our techniques to OpenAl
Gym environments more complex than previous quantum
RL work with largely positive results. Our results are indica-
tive of the potential power of quantum computing in aiding
reinforcement learning.

Reinforcement Learning

The general formulation of reinforcement learning can be
defined by an agent interacting with an environment attempt-
ing to maximize its reward function. This is often formulated
as a Markov Decision Process (MDP). An MDP is character-
ized by the tuple (S, A, P,, R), where S is the set of states,
A the set of actions, P, is the probability of state transition
P, = Plsiy1 = §'|st = s,a; = a], and R is the reward
given for executing action ay at state s,. In this work, our en-
vironments lack stochasticity and thus P, = 1. The goal is to
design an agent that operates policy 7, 7(s;) = a, such that
it maximizes the expected reward, E[>",° ; R(s, a;)|7]. In
learning the policy, the future reward is often discounted by
a parameter .

In order to learn 7, deep RL relies on neural networks
parametrized by weights and biases 6. This paper relies
on Q values estimation algorithms; the Q value being de-
fined by Q(s¢,a:) = r¢ + maxq,,, Q(St41,a141), where
Q(s¢,a) is the Q value (or numerical estimation of re-
ward) of taking action a; at state s, r; is the reward and
maza,  Q(S¢41,a441) is the maximum future Q value.
This Q function usually represented by a neural network.
The general Q learning policy is defined for discrete ac-
tions spaces and can be formulated as such, 7(s;60) =
maz,Q(s; ), i.e. the policy parametrized by 6 is to choose
the action that has the maximum Q value. To learn the policy
utilizing neural networks a variation of the Bellman equation
can be employed to calculate the mean squared loss function
and from there, the gradients needed for backpropagation,
Li(0) = E[(ri + mazy Q(s',a’;0) — Q(s, a; 0))?] (Mnih et
al. 2013). This max operation can lead to over-estimations of
the Q value, leading to convergence problems. A number of
improvements to the vanilla DQN algorithm have been sug-
gested. Double DQN (Van Hasselt, Guez, and Silver 2016),
has a separate target network solely for predicting the future
Q value inside the max operation, dueling DQN (Wang et al.
2016) has separate network heads predict the advantage and
value components of the Q value, distributional DQN (Belle-
mare, Dabney, and Munos 2017), and noisy nets (Fortunato
et al. 2018), to name a few. In this work the traditional DQN
is used, to establish a base which variations can be applied
and Double DQN because it does not require significant re-
structuring of the internals of the Q estimation function.

Quantum Computing
Qubits and Superposition

The first important feature of quantum computing, critical
to its representational and computational power, is the con-
cept of superposition. In a classical computer, data is repre-
sented as a (binary) O or 1 and can be flipped between these
states. The base unit of quantum computing is the quan-
tum bit (qubit). Qubits rely on the quantum phenomenon of

246

spin. The spin of a qubit is represented mathematically in
the wavefunction. A quantum mechanical wavefunction, W,
represents the state of a system and can be a linear combi-
nation of components, e.g. ¥ = «|0) + §]1). These coeffi-
cients represent the probability amplitude of the wavefunc-
tion, i.e. [ |¥(x,t)[?dx = 1. Because a qubit can store
information in this superposition, information representation
scales with N qubits by O(2%) rather than O(N) as with
traditional computers. A single qubit can be visualized via
a Bloch Sphere representing its wavefunction, see Figure 1
which is taken from (Cacciapuoti et al. 2020). Classical bi-
nary states (i.e. 0 or 1) can be represented in the Z direc-

tion, |0) = [(ﬂ represents spin up and |1) = [(1)] represents

spin down. However, as Figure 1 demonstrates, the state of
the qubit can be anywhere on the sphere. Thus, this allows
two states to be simultaneously represented in a ’superposi-
tion’ (i .e. linear combination). Because the superposition is
one of a probabilistic nature, when the measurement opera-
tor is applied the superposition collapses and only one state
is measured, i.e. only a 0 or 1 is measured.

Figure 1: Bloch sphere representation of a qubit

Gates

In order to manipulate qubits, unique quantum gates must be
used. There are many different quantum gates, but the ones
most relevant to this work is the controlled NOT (CNOT)
gate, Pauli gates and rotation gates. CNOT is important
for its ability to induce entanglement. When qubits are en-
tangled, they can no longer be represented as truly sepa-
rate wavefunctions. Consider the two qubit entangled wave-

function U = LOHOL e apn equal superposition of the

states |10) and 01). This wavefunction cannot be repre-
sented by two distinct single qubit wavefunctions, ¥ =
(p|0Y+4q|1))(r|0)+s|1)), where p, g, r, s are the coefficients
that when squared yield the probability of measuring the
qubit in that state. This would require ¢ x 7 = px s = 1/1/2
and p x r = ¢ * s = 0, which would require either p or
r to be 0 making the first equation impossible. Thus, the
qubits are called entangled because they are no longer iso-
lated systems and share a wavefunction. When entangled
actions done on either qubit will result in a change of the
wavefunction, which will effect both qubits. Entanglement
is important for quantum computing because it allows one
operation to have an effect on multiple qubits in superposi-
tion, and doing the same on a classical computer would re-
quire many operations. CNOT is a two qubit gate and when



acting on a purely spin up/spin down pair converts |11) into
|10) and |10) into |11). However, when the qubits are not
in pure spin up/down states, the wavefunction effects can-
not be reflected in traditional computers (as changes in the
wavefunction in superpositions are only allowed due to the
quantum mechanical exploitation). The Pauli X, Y, Z gates
flip the wavefunction about the specified axis. The rotation
gates are a specialized version of the Pauli gates. he rotation
gates are denoted: R, I?y, and R, and these gates rotate the
qubit about the specified axis by the given 6 radians.

Quantum Variational Circuits

QVCs are a collection of gates that operate on a set of
qubits (Benedetti et al. 2019). They have a defined ini-
tial/input circuit, and a set of qubits and a collection of gates,
parametrized by €, make up the body of the QVC. This col-
lection of gates are denoted by U(#). The parameters, 0, is
what is being 'learned’. For a given input, the circuit is eval-
uated and a 'readout operator’ is applied to extract informa-
tion from these gates as an output. The readout operator we
use is the Pauli Z gate. L.e. the Pauli Z gate is applied which
results in a numerical measurement. It is possible to apply
other Pauli gates here and readout in that basis. We use the
Pauli Z gate because Z, the ’computational basis’ is com-
mon. External to the circuit a loss function and gradients are
calculated in order to update the parameters. In this work,
the loss function is the mean squared error.

Calculating the gradient for a QVC requires different
techniques than a neural network because the mathematical
operations are fundamentally different. In this work the pa-
rameter shift differentiator is used. Although this is imple-
mented by TensorFlow-Quantum the gradient calculations
are an important difference between QVCs and deep neu-
ral networks, as such it is important to provide an adequate
mathematical overview. In order to understand the gradient
calculation formula we must understand both the individ-
ual gates and QVC as a function. The collection of gates
U(#) can be separated into a collection of N layers operat-
ing on M qubits. For a given layer /, it can be represented
as a set of single qubit rotation gates operating in parallel,
UL(0Y) = QM ULB!) (Broughton et al. 2020). Within
this layer, each gate can enact a rotation of the qubit. This
rotation of angles can be expressed similar to Euler’s form:

UL0f) = ¢~19G% Where G is a linear combination of Pauli
gates (called a generator). G can be represented as a 2 x 2
matrix (like all Pauli gates) and has two eigenvalues eg, €1
(Crooks 2019). The derivative of this is straightforward, due
to the nature of exponentials, 2 U () = —iaGe "CY =
—iaGU (0). Prior to applying this differentiation we must
present a big picture view of a QVC. A QVC is a function
with parameters . The output of this function is what the re-
sult of the Z gates. Thus, the QVC is a function that results
in the expectation values from the Z gates. Prior to these
Z gates being applied, however, the parametrized gates are
applied. These parametrized gates change the starting wave-
function prior to the Z gates (as they are the very last gates
used to generate output), or in quantum mechanical nota-

tion: f(0) = (Uo|U'(0)ZU(6)|¥). The parameter shift
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rule states that 2F0) = <\I/0|(6%UT(9))ZU(9)|\IJ0> +
(Wo|UT(0)Z(ZU(0))|¥o). We can combine this parame-
ter shift rule with the derivative calculated above (Schuld et
al. 2019). This can then be reduced down to the final differ-
entiating rule: 2 f(0) = r[f(0 + =) — f(6 — Z)], where
r = §(e1 — eg) (Crooks 2019). This last equation is the pa-
rameter shift technique for how gradients are calculated for

a QVC as seen in algorithm 1.

Approach

In this work, we explore the potential for using QVCs in
place of neural networks in RL algorithms. Substituting
QVCs for neural networks requires almost no modification
to the traditional algorithm. We evaluate four different varia-
tions, either being a pure QVC model or a hybrid QVC (i.e. a
QVC which has outputs then fed into a single dense layer) in
place of a neural network in either DQN and Double DQN.
While all QVC are "hybrid’ in that they utilize traditional
computers for loss calculations, we use the pure/hyrbid ter-
minology to refer to whether or not the output of the QVC is
fed into a single dense neural network layer. Hybrid QVCs
have seen limited use in quantum RL but their positive re-
sults are important as they allow differences in the qubit ob-
servation and action spaces. We also modify the pure QVC
technique to allow for differences in observation and ac-
tion space by combining quantum pooling operations (Cong,
Choi, and Lukin 2019) with traditional QVCs. We also ex-
perimentally evaluate QVCs representational power, as our
results indicate that a QVC can perform comparably to neu-
ral networks with total parameters at least an order of mag-
nitude larger. We present two new encoding schemes for dif-
ferent types of input data, both suitable for environments
with arrays as inputs, an important advancement as many
RL environments have more than single integer observa-
tion spaces. This work was done on simulations on a clas-
sical computer using the Noisy Intermediate Scale Quan-
tum (NISQ) (Preskill 2018) simulator Cirq (from Google Al
Quantum) and TensorFlow-Quantum (TFQ) (Broughton et
al. 2020).

Quantum Data Encoding

Special techniques are needed to work with classical data
on a quantum device or simulator. Although one can convert
all classical data to binary and represent that binary with the
qubits, this is very inefficient, since a single precision float-
ing point would then take 32 qubits (a substantial amount).
While, theoretical encoding schemes do exist, e.g. an en-
coding scheme for arbitrary state preparation (Long and Sun
2001) and flexible representation of quantum images (Le,
Dong, and Hirota 2011) these approaches are not yet suited
for the use in QVC RL. The techniques in (Long and Sun
2001) are cost efficient, but require gates beyond TFQ’s sim-
ulating power. And the technique from (Le, Dong, and Hi-
rota 2011) uses available gates, but it required hundreds of
gates which we found to be too high, making it impractical
for data intensive applications like RL.

In order to solve the problems mentioned above we
present two approaches to data encoding. They are both



fast and effective, however, they are slightly below the theo-
retically optimal data representation. Although utilizing the
same gates as (Chen et al. 2020), these are fundamentally
different algorithms. The technique presented in (Chen et
al. 2020) converts a single integer into binary then uses that
as input into the gates. Our algorithms can handle multiple
inputs of both integers and floats (which are impractical to
convert to binary). Our algorithms are also more efficient in
terms of qubit usage, requiring O(N) qubits (N = size of
input array), superior to converting all numbers to binary as
converting to binary would scale O(Nlogn) with input (N
= number of input elements, n = size of input integer). The
first encoding scheme, which we call Scaled Encoding, is
for environments that have input values with defined ranges.
The process is simple, scale each input between 0 and 27
and rotate along R, and R, with the corresponding radians.
This is fast (requiring only 2 gates per qubit) and is shown to
be experimentally effective (see Blackjack section for more
details). However, in some environments, e.g. CartPole, the
range on some data points is between —oo to oo and the
data is skewed such that even inserting artificial range cut-
offs would be impractical. For environments such as this we
use a different scheme, called Directional Encoding, defined
by rotating each qubit R, and R, by either 7 or O radians
determined by the simple conditional: radians = 7 if data-
point > O else 0. Le. if, and only if, the value is positive
we rotate, specifically 7 radians. This also only requires 2
gates per qubit and is shown to be experimentally viable.
These encoding schemes scale O(N') with the size of the in-
put array, worse than the optimal O(logN). These schemes
represent an advancement over (Chen et al. 2020) because of
their abilities of take more than 1 input value and improve
on the representational complexity.

Model Architecture

We implement and compare two versions of QVC models. In
both cases, the body of the QVC is the same. It is composed
of several ‘layers’ (they are called layers only because of
visual aspects, the mathematical operations are not those of
a neural network layer), seen in Figure 2 (Figure 2 and Fig-
ure 3 were generated with IBM Quantum Experience Circuit
Composer). In this work, the QVCs use three layers. L.e. the
block specified in Figure 2 is repeated 3 times. These are
composed of R, R, and R, gates parametrized by differ-
ent 0. In addition, there is a collection of CNOT gates in
front of the rotations whose primary goal is to entangle the
qubits.

In the hybrid model, the output is fed into a single dense
output layer, one that has the same number of nodes as the
action space. Thus, we reduce (or expand) the output to fit
the action space. In pure QVC, we rely on quantum pooling
techniques. The function of the quantum pooling operation
is very similar to traditional pooling operations, it seeks to
combine and reduce the size of layer so that the observa-
tion space can be reduced to the action space without los-
ing information. Using the quantum pooling operation from
(Cong, Choi, and Lukin 2019), we can reduce the 2 qubits
to 1 qubit, applying this operation as many times as needed.
The pooling operation is defined by the Pauli gates, then a
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Figure 2: One ’layer’ of the QVC, composed of CNOT and
parametrized rotation gates

CNOT, followed by the inverse Pauli gates, e.g. XX ' = I,
applied to the sink qubit. Figure 3 shows a for a diagram of
a single pooling operation.

| | | Rx I Ry Ml Rz

1 1 | (&) 1) )

Rx I Ry M Rz

(1) [c3] (10

Rz I Ry I Rx

(-1} (-1) (-1

Figure 3: Quantum pooling operation

QVC Versions of DQN and DDQN Algorithms

The Double DQN and DQN algorithm are effectively the
same as in (Van Hasselt, Guez, and Silver 2016). There are
no algorithmic changes from the established DDQN algo-
rithm. There are, however, necessary implementation differ-
ences. Prior to feeding the data into the QVC, the data must
be encoded. The replay buffer functions in the same way as
in traditional approaches, keeping track of the (s, a, r, s’) tu-
ples just with a different, encoded, state representation. We
see this as one of the important facets of this work, the ease
of implementation within existing algorithms. One does not
have to fundamentally or drastically change an algorithm in
order to apply the power of QVCs to it. The algorithm pre-
sented in Algorithm 1.

Experiments

All experiments were conducted with OpenAl Gym (Brock-
man et al. 2016), specifically the CartPole and Blackjack
environments. We chose these environments because they
represent an advancement in complexity over previous re-
search in quantum RL which has largely been dominated by
gridworld environments, both in terms of policy complex-
ity and input complexity (i.e. their input arrays are larger
and have more possible values). They are also very different
from each other, with different reward functions and strate-
gies and utilize different encoding schemes. CartPole works
with the Directional Encoding because the range of the in-
put values is infinite. Blackjack utilizes the Scaled encoding
scheme and demonstrates that this scheme is able to properly
encode the magnitude of the data (which is lost for Cart-
Pole). This magnitude of the input is critical as the optimal
strategy for playing blackjack with 1 point vs 20 points is
substantially different (as if you have more than 21 points



Algorithm 1: Q-DDQN
Initialize replay buffer ID
Initialize action QVC 6, target QVC 6¢ « 0
for episode = 0, N do
encode s; to quantum circuit & = &(s1)
while game is not finished do
select action a; via e-greedy policy
execute action a; and observe reward r; and
next state St+1
encode sty1, &p1 = E(S¢41)
store MDP tuple (&;, a;,7¢,&41) in D
select random minibatch from ID
set y; = 1y + ymazy Q(&iy1, a5 0")
calculate loss L according to
L(0) = (yi — Q(&i, a;0))?
update parameters utilizing differentiator:
5o 0) =rlfO+ 1) — F(0— 1))
if episode mod C == 0 then
| 0"+ 0;
else
| 0t =70"+(1—-1)0

you bust and lose). While neither are as complex environ-
ments as StarCraft II or Dota 2, they demonstrate an notable
advancement in complexity over previous work and are used
as benchmarks for RL algorithms (Nagendra et al. 2017). Al-
gorithm parameters were constant across experiments: ini-
tial € of 1.0, € decay of 0.9, e minimum of 0.01, and a reward
discount, 7, of 0.95. The optimizer, ADAM (Kingma and
Ba 2015), and associated hyperparameters were constant for
all experiments. The wall-clock training time of these on a
single NVIDIA GTX 1070 GPU ranges from 5-30 minutes.

CartPole

The first environment is CartPole, which we use to compare
QVC based DQN/DDQN with traditional deep neural net-
work DQN/DDQN. The Directional encoding scheme is ap-
plied to both the neural network and the QVC. Specifically,
this means that just as the qubits are encoded with Os and
Is, so too does the neural network receive a binary array. All
graphs begin at 50 iterations because the average reward is
calculated by averaging over the previous 50 iterations. Fig-
ure 4 shows a comparison between the traditional neural net-
work DQN and the two types (pure, hybrid) of QVC used.
All shaded areas represent the 95% confidence interval over
6 runs. This figure demonstrates that both hybrid and pure
QVC models achieve a better policy and arrive at this pol-
icy faster than traditional neural networks. Figure 5 demon-
strates the same comparison, using the Double DQN algo-
rithm. This experiment demonstrates that the QVC models
perform at least as well, if not better, than the neural network
based models.

Figure 4 and Figure 5 include neural networks with dif-
ferent numbers of parameters to show how well the QVCs
perform in terms of representational abilities too. These fig-
ures show that QVCs have superior representational power
over neural networks. In this work, the pure QVC has 48
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Figure 4: Comparison of NN and QVC DQN on CartPole
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Figure 5: Comparison of NN and QVC DDQN on CartPole

trainable parameters in each 'network’. Each figure shows
a comparison between the pure and hybrid QVC with pa-
rameter space of 10! and neural networks with parameters
on order 10', 102, 103, specifically 58, 226, and 1,282 train-
able weights (with 1, 2, 3 intermediate layers). This experi-
mentally demonstrates the encoding and potential represen-
tational strength of QVCs, as they operate comparable to
neural networks with orders of magnitude more parameters.

Blackjack

Blackjack’s different reward approach stems from the fact
that it originates as a casino game, designed such that the
house always wins, i.e. the optimal policy is right below the
0 reward mark. This explains the discrepancy between the
results in Figures 6 and 7 and for CartPole. Because the op-
timal policy is much more limited, and thus easier to attain,
both pure and hybrid QVC achieve similar results. Figures 6
and 7 show comparisons of the DQN and DDQN algorithms,
respectively. We compare the speed at which the model’s
learn is a metric by which comparisons can be made. The
enlarged areas in Figures 6 and 7 demonstrate how the quan-
tum approaches learn slightly faster than the same order pa-
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Figure 6: Comparison of NN and QVC DQN on Blackjack

Avg. Reward for Double DQN vs Blackjack Iteration
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Figure 7: Comparison of NN and QVC Double DQN on
Blackjack

rameter neural network approach (although slightly below
the higher parameter networks). In this example the exact
number of parameters are 33 for the QVC, and for the neural
networks 38, 194, and 1,250 (with 1, 2, 3 intermediate lay-
ers). A random agent is also included to establish a baseline
performance. This random agent is not included in CartPole
as CartPole does not have as much inherent randomness that
can cause random agents to perform at all comparably to
RL agents and would be almost about 0. This shows that the
Scaled encoding scheme can be effective.

Discussion
Differences in Hybrid and Pure

While in three out of the four tests, the hybrid model per-
formed comparably to the pure model, the Double DQN
CartPole is the exception. This is slightly different in that the
pure QVC model achieves a superior policy, whereas the hy-
brid performs similar to the neural network. This is the only
case in which the discrepancy is significant. We suspect that
hybrid models converge faster (for the early time steps the
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hybrid model is scoring better than the pure) and it is possi-
bly converging on a local optimum rather than the global op-
timum policy because of its higher convergence speed. This
faster convergence of the hybrid model becomes apparent in
the Blackjack experiment. Because the optimal policy is less
complex in this case, faster convergence becomes advanta-
geous.

Generalizability

This work suggests the potential for improved generalizabil-
ity. Because the encoding schemes are more flexible and the
observation and action spaces are no longer tied together,
this should expand the problem space that these algorithms
can be applied to. Naturally quantum data is also compatible
with this approach. The encoding schemes should make the
approach more general by allowing the input to be arrays of
floating point values and integers. The Directional encoding
scheme is designed to be applied to inputs that have an infi-
nite range in which the magnitude does not matter, and the
Scaled encoding scheme can be applied to inputs with well
defined ranges that do not have a significant skew. This work
is also generalizable to future improvements to the DQN al-
gorithm, as any improvements made to the DQN algorithm
can be utilized by this technique as well, e.g. prioritized ex-
perience replay (Schaul et al. 2016).

Future Work

Although this work suggests the potential for improved gen-
eralizability, further work is needed to verify this. To ver-
ify the generalizability, experiments should be conducted
with more variations on the hyperparameters of the Quan-
tum Variational Circuits and different applications. Expand-
ing the applications of these algorithms to more complex
environments (e.g. Atari) is a natural next step. In addition,
we are interested in investigating more encoding schemes,
as described in the Quantum Data Encoding Section. This is
predicated upon the necessary gates becoming available in
TensorFlow-Quantum.

Conclusion

This work expands upon previous ideas and algorithms in
the field of quantum computing and reinforcement learning
to present Quantum Variational Circuit approaches to solve
reinforcement learning tasks. We introduce and demonstrate
the potential of both hybrid and pure Quantum Variational
Circuits in both Double DQN and DQN algorithm variations
using the CartPole and Blackjack OpenAl Gym environ-
ments. This work also demonstrate the potential of our two
new classical to quantum data encoding schemes: Scaled
encoding and Directional encoding. The success that these
models achieved on both environments suggests that Quan-
tum Variational Circuits may have representational abilities
superior to traditional neural networks. This work is indica-
tive of the potentially impactful relationship between quan-
tum computing and reinforcement learning.



References

Arute, F; Arya, K.; Babbush, R.; Bacon, D.; Bardin,
J. C.; Barends, R.; Biswas, R.; Boixo, S.; Brandao, F. G.;
Buell, D. A.; et al. 2019. Quantum supremacy us-
ing a programmable superconducting processor. Nature
574(7779):505-510.

Badia, A. P.; Piot, B.; Kapturowski, S.; Sprechmann, P.;
Vitvitskyi, A.; Guo, D.; and Blundell, C. 2020. Agent57:
Outperforming the atari human benchmark. arXiv preprint
arXiv:2003.13350.

Bellemare, M. G.; Dabney, W.; and Munos, R. 2017. A dis-
tributional perspective on reinforcement learning. In Pro-
ceedings of the 34th International Conference on Machine
Learning-Volume 70, 449—458. JMLR. org.

Benedetti, M.; Lloyd, E.; Sack, S.; and Fiorentini, M. 2019.
Parameterized quantum circuits as machine learning models.
Quantum Science and Technology 4(4):043001.

Berner, C.; Brockman, G.; Chan, B.; Cheung, V.; Debiak,
P.; Dennison, C.; Farhi, D.; Fischer, Q.; Hashme, S.; Hesse,
C.;etal. 2019. Dota 2 with large scale deep reinforcement
learning. arXiv preprint arXiv:1912.06680.

Biamonte, J.; Wittek, P.; Pancotti, N.; Rebentrost, P.; Wiebe,
N.; and Lloyd, S. 2017. Quantum machine learning. Nature
549(7671):195-202.

Brockman, G.; Cheung, V.; Pettersson, L.; Schneider, J.;
Schulman, J.; Tang, J.; and Zaremba, W. 2016. Openai gym.
arXiv preprint arXiv:1606.01540.

Broughton, M.; Verdon, G.; McCourt, T.; Martinez, A. J.;
Yoo, J. H.; Isakov, S. V.; Massey, P.; Niu, M. Y.; Halavati,
R.; Peters, E.; et al. 2020. Tensorflow quantum: A software

framework for quantum machine learning. arXiv preprint
arXiv:2003.02989.

Cacciapuoti, A. S.; Caleffi, M.; Van Meter, R.; and Hanzo,
L. 2020. When entanglement meets classical communica-
tions: Quantum teleportation for the quantum internet. /[EEE
Transactions on Communications.

Chen, S. Y.-C.; Yang, C.-H. H.; Qi, J.; Chen, P.-Y.; Ma, X_;
and Goan, H.-S. 2020. Variational quantum circuits for deep
reinforcement learning. IEEE Access.

Cong, I.; Choi, S.; and Lukin, M. D. 2019. Quantum con-
volutional neural networks. Nature Physics 15(12):1273—
1278.

Crooks, G. E. 2019. Gradients of parameterized quantum
gates using the parameter-shift rule and gate decomposition.
arXiv preprint arXiv:1905.13311.

Fortunato, M.; Azar, M. G.; Piot, B.; Menick, J.; Hessel,
M.; Osband, I.; Graves, A.; Mnih, V.; Munos, R.; Hassabis,
D.; Pietquin, O.; Blundell, C.; and Legg, S. 2018. Noisy
networks for exploration. In International Conference on
Learning Representations.

Ganger, M., and Hu, W. 2019. Quantum multiple g-learning.
International Journal of Intelligence Science 9(01):1.

Grover, L. K. 1996. A fast quantum mechanical algorithm
for database search. In Proceedings of the twenty-eighth an-
nual ACM symposium on Theory of computing, 212-219.

251

Hu, W., and Hu, J. 2019. Reinforcement learning with deep
quantum neural networks. Journal of Quantum Information
Science 9(1):1-14.

Khairy, S.; Shaydulin, R.; Cincio, L.; Alexeev, Y.; and Bal-
aprakash, P. 2020. Learning to optimize variational quantum
circuits to solve combinatorial problems. In AAAI 2367-
2375.

Kingma, D., and Ba, J. 2015. Adam: A method for stochastic
optimization. In 3rd international conference for learning
representations, San Diego.

Le, P. Q.; Dong, F.; and Hirota, K. 2011. A flexible rep-
resentation of quantum images for polynomial preparation,
image compression, and processing operations. Quantum
Information Processing 10(1):63-84.

Long, G.-L., and Sun, Y. 2001. Efficient scheme for initial-
izing a quantum register with an arbitrary superposed state.
Physical Review A 64(1):014303.

Mnih, V.; Kavukcuoglu, K.; Silver, D.; Graves, A
Antonoglou, I.; Wierstra, D.; and Riedmiller, M. 2013. Play-
ing atari with deep reinforcement learning. arXiv preprint
arXiv:1312.5602.

Nagendra, S.; Podila, N.; Ugarakhod, R.; and George, K.
2017. Comparison of reinforcement learning algorithms ap-
plied to the cart-pole problem. In 2017 International Confer-
ence on Advances in Computing, Communications and In-
formatics (ICACCI), 26-32. 1IEEE.

Preskill, J. 2018. Quantum computing in the nisq era and
beyond. Quantum 2:79.

Schaul, T.; Quan, J.; Antonoglou, L.; and Silver, D. 2016.
Prioritized experience replay. In ICLR (Poster).

Schuld, M.; Bergholm, V.; Gogolin, C.; Izaac, J.; and Kil-
loran, N. 2019. Evaluating analytic gradients on quantum
hardware. Physical Review A 99(3):032331.

Shor, P. W. 1999. Polynomial-time algorithms for prime fac-
torization and discrete logarithms on a quantum computer.
STAM review 41(2):303-332.

Silver, D.; Hubert, T.; Schrittwieser, J.; Antonoglou, I.; Lai,
M.; Guez, A.; Lanctot, M.; Sifre, L.; Kumaran, D.; Graepel,
T.; et al. 2018. A general reinforcement learning algorithm
that masters chess, shogi, and go through self-play. Science
362(6419):1140-1144.

Van Hasselt, H.; Guez, A.; and Silver, D. 2016. Deep re-
inforcement learning with double g-learning. In Thirtieth
AAAI conference on artificial intelligence.

Vinyals, O.; Babuschkin, I.; Czarnecki, W. M.; Mathieu, M.;
Dudzik, A.; Chung, J.; Choi, D. H.; Powell, R.; Ewalds,
T.; Georgiev, P; et al. 2019. Grandmaster level in star-
craft ii using multi-agent reinforcement learning. Nature
575(7782):350-354.

Wang, Z.; Schaul, T.; Hessel, M.; Hasselt, H.; Lanctot, M.;
and Freitas, N. 2016. Dueling network architectures for
deep reinforcement learning. In International conference on
machine learning, 1995-2003.

Zoufal, C.; Lucchi, A.; and Woerner, S. 2019. Quantum gen-
erative adversarial networks for learning and loading ran-
dom distributions. npj Quantum Information 5(1):1-9.



