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Abstract— When learning about High-Performance Comput-
ing, almost of equal importance to developing computational
skills is building an understanding of the applications and
implications computational research can have. One field in
which high-performance computing is particularly important
is computational physics. Many physicists depend on high-
performance hardware and software to carry out their research.
This project describes an open-source, Jupyter notebook-based
web app which helps students both develop skills relating to
and appreciation for HPC techniques and builds understanding
of complex physical models in the domain of thermodynam-
ics/quantum field theory. This project is designed to help
students understand, appreciate, and build skills relating to
simulations of statistical systems, which are too complex to
describe analytically and instead need to be described by
complex monte-carlo simulations.

I. INTRODUCTION

In statistical systems, it is computationally infeasible to
compute most physical quantities directly. Using statistical
mechanics, the normal way of analyzing a specific system is
by observing its partition function. A system’s partition func-
tion is a vital tool for physicists to be able to calculate the
system’s observable characteristics. In statistical mechanics,
many systems are described by the Boltzmann distribution;
the partition function is a proportionality factor describing
the specific distribution at hand. From it we can derive almost
any observable quantity we want, like magnetization and heat
capacity[1].

In any relatively complex model, it is simply infeasible to
directly compute the partition function. Instead, we must turn
to the tools of statistical mechanics - describing the partition
function indirectly based on the output of simulations[2].

II. OUR MODEL

One example of a system like this is the Ising model of a
magnet, which is modeled as a 2D lattice with spins s up or
down (+/-1) at each lattice point. The magnetization of the
system is a sum over the points (7, j) in the lattice. However,
the partition function is a sum over every state of the system:
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H is the Hamiltonian, or total energy, which is a nearest-
neighbor sum over the entire lattice. J and B are interaction
and external field constants, respectively[3]. Therefore, even
for small lattices, it is impossible to compute the partition
function directly. To analyze the model, we need to turn
to the tools of HPC and Monte Carlo simulations[4]. With
Monte Carlo simulations, we create a virtual instance of the

system we would like to study and allow it to evolve in
silico. In the case of the Ising model, this means setting up
an initialized magnetic lattice, and imposing a temperature
and external magnetic field on it; by virtue of statistical
mechanics, we can calculate separate probabilities of specific
actions taking place within the lattice[S5].

Since we can easily characterize the initial state of the
system, all we do is run our simulation over the range of
conditions we want to understand. Our Monte Carlo simula-
tion uses some physical details of the system to calculate the
energy in a given state, and then feed that energy through
a probability based on the Boltzmann distribution; normally
the partition function would be required at this step, but since
our goal is the ratio of probabilities between two states, it
becomes unnecessary[2]. We pick a random lattice site and
calculate the probability that the specific spin would flip,
based on the requisite change in energy:

P= e—H(s)/kT’ Pflip — Pl/PQ _ e—AH(s)/kT

The system then evolves according to this probability, and
will approach the Boltzmann distribution by iterating many
times[4]. At each Monte Carlo “step”, we measure the energy
and store it in an array. At the end of the simulation this array
is averaged to get an expectation value of the energy; this
process can be used to measure any desired physical quantity,
like magnetization.

For the Ising model, this makes for very quick results,
which have been put into an interactive app using Jupyter
notebooks[6]; at the click of a button in a Jupyter widget,
several relevant physical parameters are displayed after only
a few seconds.
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H 0ut[2]: The raw code for this IPython notebook is by default hidden for easier reading. To toggle on/off the raw code, click here
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For more complex models, the value of HPC is obvious.
Take the SU(2) model, which maps onto an XY magnet [7].
Instead of simply mapping spins on the lattice to (+/-1), the
XY model allows the spin to be at an angle 6 anywhere
between O and 27. As a result, its energy is described
using several cosine terms, which do not have the benefit
of algebraic simplification.
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This is a far more computationally intensive model and
even with Monte Carlo, greater computational power is
required to gather results in a timely manner. And for the
SU(3) model which we are mapping to the strong force[8],
this is even more apparent. It can be shown that certain
XY-spin models capture the essential symmetries in the
fundamental interactions of quantum chromodynamics, or the
strong nuclear force with the various gauge groups SU(2),
SU(@3), and so on [9]. Without HPC skills and techniques,
this work would have been impossible.

This code has been written in such a way as to easily allow
us to gather data of related systems. Not only is it easy to
update the model we are studying by adjusting the Hamiltio-
nian, which describes the energy of the system, but we can
also dramatically alter the kind of data that is output without
hassle. For example, say we want a statistical distribution of
the energy of the system at a given temperature, rather than
a curve describing the energy over a range of temperatures.
The code already gathers thousands of raw values to calculate
expectation values for the energy. We are able to simply save
those raw values and deposit them into histograms.

III. PRESENTATION OUTLINE

In our five-minute presentation, we would cover several of
the major aspects of our project. We would briefly cover the
relevant physics, including a roughly one minute summary
of statistical mechanics and specifically partition functions.
We would then discuss how directly computing the partition
function of these systems is essentially impossible and there-
fore explain the necessity of the Monte Carlo simulation. We
would then move on to discussing our app, why it is useful,
and how it works. Finally, we would cover future directions

this work could take, how to try it out yourself, and what
new users should expect to gain from it.

IV. IMPORTANCE, EDUCATIONAL IMPACT AND
CONCLUSION

All told, this work represents useful progress in the field
of research computing education as well as in the ability for
computational researchers to learn novel HPC techniques and
skills. The web app which was created will allow students
to quickly grasp both the concepts of this type of statistical
mechanics and also the power and necessity of using HPC
systems and resources for this type of work. Additionally,
the app can be used to help specifically develop skills in
both computational sciences and research computing. For
physics students, it is useful to help demonstrate the power
of HPC and gather high quality, non-trivial results; for CS
students, it is instrumental in showing off some of the
applications of CS theories and techniques. Additionally,
the way the underlying code is designed allows for easy
expansion and variation. This allows relatively inexperienced
CS and physics learners to quickly develop new models and
create novel work while still utilizing and building skills in
HPC and research computing.

V. TRY IT LIVE

To try a live version of the web app, visit
https://jupyter.datasci.watzek.cloud. Please log in with
the username "EduHPC19” and the password “ReviewMe!”
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