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1 Introduction

Most of my research is centered around the following two questions: How can we build quantum
machines which can learn? How can we quantify the quantum hardness of computational problems?

The first question is inspired by the internship experience I had at the US Army Research
Lab in 2015 where I, being mentored by Drs. Radhakrishnan Balu and Siddhartha Santra, had
implemented the memory recall phase of a Hopfield network on a quantum annealing computer
proving the attainability of exponential memory capacity [14]. Since then, I have been studying the
implementation of neural networks on the quantum annealing computers under a generous grant by
NASA. I am investigating the limit of the quantum annealing architectures for the implementation
of machine learning algorithms. Currently, our work is being used as research prototype to predict
C02 flux for the NASA earth science program for fighting climate change.

My interest in the second question was initiated by my dissertation problem [2], where I inves-
tigated the hidden subgroup algorithms for the graph isomorphism and automorphism problems.
Since Richard Jozsa wrote his first paper [11], the hidden subgroup algorithms have been the
standard approach to attempt the graph isomorphism problem (the general framework was first
formulated in [3, 8, 13]) in quantum complexity theory. In my dissertation, I provided an algorithm
to build arbitrarily large classes of graphs for which quantum hidden subgroup approach is guar-
anteed to fail. This result puts the twenty years long quest for a hidden subgroup algorithm for
the graph isomorphism problem to an end. Moreover, it encourages me to investigate alternative
quantum algorithms for combinatorial problems.

In the rest of this statement, I elaborate the above mentioned topics I am passionate to work
on.

2 Previous work

The following subsections describe three ways my research is building connections between theo-
retical computer science and quantum computation.

2.1 Quantum complexity theory

The goal of the quantum complexity theory is to understand the hardness of the computational
problems when they are tried to be solved on a quantum computer. The hope is to understand
the relations among the hardnesses of as many computational problems as possible and draw a big
map (preferably a zoo!). In general, the complexity theorists work with abstract and canonical
problems and the results tend to have very important practical implications.
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I was drawn to the quantum complexity theory of the graph isomorphism problem when my
adviser Dr. Samuel J. Lomonaco Jr. directed me to the problem of knot identification and encour-
aged to investigate a quantum algorithm for it. Knot identification is a mathematical abstraction of
important practical problems, such as, protein identification and drug design. After spending some
time, I discovered that an easier problem in classical complexity theory, the graph isomorphism
problem, still remains elusive in quantum regime. The graph isomorphism also has practical ex-
tensions towards areas such as electronic circuit verification and cybersecurity. The twenty years’
history of the quest of quantum algorithms for the graph isomorphism problem has been nicely
summarized in [4]. It is widely believed among the complexity theory community that the graph
isomorphism problem is at least as hard as the graph automorphism problem. So, I decided to take
a detour and study the quantum complexity of graph automorphism. Eventually, in my disserta-
tion [2], I have put an end to the hidden subgroup approach for the graph isomorphism problem
by giving an algorithm to generate arbitrarily large classes of classically easy graph automorphism
problems. For any of these classes, I have shown that the hidden subgroup approach is guaranteed
to fail. The central result was that a quantum hidden subgroup algorithm will always fail to com-
pute the automorphism group of a cycle graph i.e. the diherdal group. So, any graph containing
a rotational symmetry is a candidate for an extension of my result. This result encouraged me to
set out a fresh journey into the understanding of the quantum complexity theory of combinatorial
problems (quantum adiabatic approach for graph isomorphism problem) which I will discuss later.

2.2 Quantum machine learning

Quantum machine learning is a relatively new area of research. The goal is to implement neural
networks where quantum computing plays an important role. There are many paths researchers are
traversing currently. One way is to implement the training phase of a neural network on a classical
computer and implement the validation phase on a quantum computer. One can also imagine
the other way around. During my summer internship in 2014 at the US Army Research Lab, I
implemented [14] the memory recall phase of a classically trained Hopfield network on a quantum
annealing computer and proved that an exponential memory capacity is attainable. I learned how to
use the knowledge of condensed matter physics to prove results in theoretical machine learning from
this project. Since then, I have been working in a NASA funded project where we are investigating
the capability of quantum machine learning to predict CO2 flux, an important measure needs to
be known to understand climate change.

2.3 Quantum annealing computing

The area of high performance computing research is going through an unforeseen revolution. The
discussions are no longer limited to the supercomputers or clusters. It now rather includes quan-
tum annealing computers, universal quantum computers, neuromorphic computers, and classical-
quantum hybrid architectures. The NSF Center for Multicore Productivity Research (CHMPR),
which I am a member of, is one of the research centers which are leading the research in this area.
As a member of the center, I have been fortunate enough to have early access to a commercial quan-
tum annealing computer built by the DWave Systems. As building universal quantum computers
are extremely hard, quantum annealing computers are currently being considered as an achievable
goal in near-term. A quantum annealing computer is a special purpose computer which can solve
optimization problems. Depending on the architectures, special classes of optimization problems
are naturally found which can be solved on such computers. For example, the DWave System
can solve quadratic unconstrained binary optimization (QUBO) problems. The goal is to find the
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QUBO representations of the important computational problems and understand the complexity
given a particular quantum annealing architecture.

The early on experience with quantum computing helped me landing in an internship at the
Information Sciences Institute of the University of Southern California in 2014. There, I worked
in a cybersecurity research project on circuit verification. With my mentor Dr. Kenneth M. Zick,
I have demonstrated [16] the first ever implementation of quantum annealing algorithm for the
graph isomorphism problem. I proposed a pseudo-Boolean function which, when minimized, can
solve a graph isomorphism problem. I also provided a formula to predict the limit on the size
of the graph isomorphism problems for the future quantum annealing computers. Later in my
dissertation [2], I studied the complexity of the quantum annealing architecture and showed that
solving the regular graph isomorphism problem is the hardest class of graph isomorphism problem
for the architecture. This result is an evidence that the knowledge of classical complexity theory is
very relevant in designing better quantum annealing computers.

3 Future work

As a young researcher, I am trying to build connections among different research projects I have
been part of to develop research programs to answer to the big questions of quantum information
science. The forging can be broadly divided under two categories.

3.1 Quantum machine learning

Neural network is a well studied area of machine learning. Quite a number of theorems have
been proven in different contexts for different implementations of neural networks, such as, the
Boltzmann machines. In general, the theoretical results for the Boltzmann machines relate the
performance of the machine with one or more of its parameters such as number of hidden neurons,
number of training parameters, etc. These parameters are not always orthogonal. Moreover, they
influence the performance of the Boltzmann machines in different ways. The metrics to measure
the performance of a Boltzmann machine are also very diverse, such as, log probabilities between
two states, number of stable states, etc. The relations between the parameters and the performance
metrics of the Boltzman machines are relatively well studied. On the other hand, the study of
the relations of between different primitives of quantum annealing architectures, such as number
of physical spin qubits, precision, ising connectivity per physical spin qubit, and those performance
metrics is quite new. Following figure shows how the quantum annealing architectural primitives
influence the performance metrics of Boltzmann machines through their intrinsic parameters. Here,
a dotted arrow (- - - >) means that the relation between the boxes are yet to be well understood.
On the contrary, a solid arrow (—>) means that the relation between the boxes are relatively well
studied.
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I seek to contribute to the solidification of the dotted line in the above mentioned figure. Being
still in its infancy, current literatures on quantum neural networks are extremely diverse. First
diversity is due to the choice of computing paradigm. While universal quantum computing was the
most popular paradigm at the very beginning, currently, machine learning with quantum annealing
is considered to be a rather achievable goal in near term. Irrespective of the choice of architecture,
there have been other aspects of quantum neural networks where researchers have made diverse
choices while working on quantum machine learning. I would like to provide a glimpse of it in the
following sections.

3.1.1 Quantum restricted Boltzmann machine

Researchers have investigated the implementation of different kinds of neural networks on quantum
annealing computers. The architectures naturally fit with the Boltzmann machines. This is why I
have chosen the restricted Boltzmann machine to be my neural network of interest. I ask: What
is the best restricted Boltzmann machine one can possibly implement given a practical quantum
annealing hardware?

One can attempt to answer to the question in many ways. A natural approach can be taking
the advantage of the hardware topology which is already a restricted graph such as the works in
[5], [6] [1], etc. As one of the investigators in our ongoing NASA sponsored project, I am currently
investigating how we can develop a quantum annealing algorithm to compute the expected energy
of a restricted Boltzmann machine which can be used to compute a hybrid version of the contrastive
divergence algorithm. Later, I intend to extend this quantum annealing algorithm to a population
annealing algorithm [15] which will run on a hybrid quantum-classical architecture and dynamically
decide whether the calculation of the expected energy should be delegated to a quantum annealing
computer based on the ruggedness of the landscape of the energy function. As a part of this
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dynamic decision making, I will also be using results on pseudo-Boolean functions from the area of
operations research. The goal is to modify the source code of Google’s TensorFlow framework to
add the capability of quantum machine learning.

3.1.2 Quantum Markov random field

Markov random field [12] is a popular machine learning technique for computer vision. It uses the
graphical representation of knowledge and learn from the dataset through the minimization of a
set of optimization functions. I have been generously funded by the DWave System to investigate
whether quantum annealing can be used to optimize the cost functions of a Markov random field al-
gorithm. Similar to the previously mentioned quantum annealing algorithm for graph isomorphism,
the theory of pseudo-Boolean functions proves to be very useful to characterize the system of cost
functions and optimize them to solve on quantum annealing architectures. I intend to extend this
idea to build a population annealing framework, as described in the previous section, to solve the
computer vision problems on a hybrid quantum-classical architecture.

3.2 Quantum complexity theory

I intend to pursue my future work in quantum complexity theory on the foundation of my disserta-
tion works on quantum hidden subgroup algorithms and quantum adiabatic algorithms. The ideas
are described in the following two sections.

3.2.1 Universal quantum complexity theory

My results on the quantum hidden subgroup approach for the graph automorphism problem put
an end to the general quantum hidden subgroup approach for the graph isomorphism problem.
Nevertheless, one can always look for quantum hidden subgroup algorithms for the special classes
of graph isomorphism problems. Practical graph isomorphism has applications in areas such as
graph database, cybersecurity, etc. While there are practical fast classical algorithms, achieving
a quantum speedup is always desirable. Currently, with my collaborator at the National Security
Agency, Dr. Robert Campbell, I am investigating the quantum hidden subgroup approach for
finding synthetic hidden semidirect and wreath product groups in ambient symmetric groups. In
addition to that, with Dr. Campbell, I am also investigating the quantum gate model algorithms
for computational group theory which has wide applications in cryptography. While, currently, we
are studying the computation of the order of the solvable groups, we intend to extend the work
towards more practical algorithms.

My negative result for the hidden subgroup approach for the graph automorphism problem en-
couraged me to investigate alternative quantum complexity theoretic approach. One such approach
is quantum adiabatic computation which I had used to prove the correctness of the Hen-Young al-
gorithm [7] for graph isomorphism in my dissertation. To prove the correctness, I had to compute
the gap between the ground state and the first excited state of the quantum adiabatic Hamiltonian
of a simple cycle graph borrowing techniques from condensed matter physics. I seek to extend the
ideas to investigate the quantum adiabatic algorithms for the general graph isomorphism problem
and understand its Hamiltonian complexity. I also intend to understand the complexity in the
context of the quantum separability problem [10].

Finally, I always intend to go back the original problem of knot identification which initiated
my dissertation. I would like to investigate quantum algorithms for computing braid groups and
other novel ideas for quantum computational topology. Advances in this area will help us to build
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practical topological quantum computers and advance knowledge in drug design and the study of
protein folding.

3.2.2 Quantum annealing complexity theory

The limit of a quantum annealing computer is a natural curiosity. The study of the quantum
annealing complexity theory is conducted in the premise that we are seeking to understand how
to make the most out of a quantum annealing architecture to solve a computational problem. In
general, a given quantum annealing architecture is represented by a weighted graph. So, making
the most from the architecture entails the intersection of the study of pseudo-Boolean functions
and graph theory.

One such example is the quantum annealing algorithm for the graph isomorphism problem in
my dissertation where I have shown that the regular graph isomorphism is the hardest class to solve
on the DWave quantum annealing computer. Currently, I am investigating whether can achieve a
finer result for the strongly regular graph isomorphism problem. A progress along this line will also
help me in designing better specialized quantum annealing processing unit for select combinatorial
problems.

I also intend to extend the knowledge towards the other non-von Neumann architectures. One
such architecture is the Ising Computer build by the NTT [9] Corporation. Currently, I am extend-
ing the quantum annealing algorithms from my previous works for these kinds of neuromorphic
architectures. My long term goal is to investigate the hybrid architectures where classical von-
Neumann clusters, quantum annealing computers and neuromorphic computers run in tandem to
solve large practical problems at the level of highest efficiency possible.

Improvising Feynman, I would like to end this statement with the positive note that there is
still plenty of room at the bottom!
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