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Preface

This year marked the eighteenth session of the Los Alamos Summer School (LASS) in Physics, a joint
educational project between the University of New Mexico (UNM) and the Los Alamos National
Laboratory (LANL). The National Science Foundation provides funding to the University side through
its Research Experience for Undergraduates (REU) site, and this year the LANL Institute for Advanced
Studies supports the Laboratory component. In addition, this year we were again pleased to receive
support from the Los Alamos National Laboratory’s Quantum Institute. The School recruits nationwide,
and the majority of students were junior or senior undergraduates. Twelve students, from a variety of
backgrounds and locations, participated in this year’s program.

As in previous years, the School employed a dual track of lectures on a wide variety of topics as well

as student research projects to give the students their first taste of real research. All the lecturers and
mentors who participated in LASS were volunteers. The lecturers were distinguished scientists from
LANL and from UNM and discussed topics as diverse as climate modeling, high-energy physics, and
the latest developments in astrophysics. The research projects, each individually mentored by a LANL
scientist, concentrated on a specific problem and allowed the students to experience how research is
undertaken at a National Laboratory. Research projects were in many areas of science including atomic
physics, high-energy physics, computational neuroscience, and supernovae modeling. Many of the
students presented their research at the annual Los Alamos Student Symposium, which was held at
UNM-LA on August 5-6, 2008. Two students won outstanding presentation awards. This year we
were also fortunate to tour the Very Large Array (VLA) facility in Socorro, NM, as well as the research
laboratories of the University of New Mexico in Albuquerque.

This report collates the research findings of the LASS students in their ten-week research experience.
Although the short ten-week span of the school usually only allows the students to contribute to a project
in progress, or to make a start on a new research project, this year several of the projects are expected

to result in journal publications, leading to advances in the field. More importantly, this summer’s
experiences have allowed these students to participate in a working research environment, which will be
of immense help in deciding their future career paths as they complete their undergraduate education
within the coming year. We believe that these project reports demonstrate the remarkable achievements
of all the students.
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Modeling energy dependence of the L-shell x-ray emission produced by
femtosecond-pulse laser irradiation of xenon clusters

Timothy C. Berkelbach*
Departments of Physics and Chemistry, New York University, New York NY 10003

James Colgan and Joseph Abdallah, Jr.
Theoretical Division, Los Alamos National Laboratory, Los Alamos NM 87545

Anatoly Ya. Faenov
Multicharged Ions Spectra Data Center of VNIIFTRI, Mendeleevo, Moscow Region 141570, Russia
(Dated: August 27, 2008)

We employ the Los Alamos suite of atomic physics codes to model the L-shell x-ray emission
spectrum of xenon clusters and compare results with those obtained via femtosecond laser pulse
spectroscopy. We find that the commonly employed configuration average approximation breaks
down and significant spin-orbit splitting necessitates a detailed level accounting. Additionally, we
reproduce an interesting spectral trend for a series of experimental spectra taken with varying pulse
energy for fixed pulse duration. To capture the results of an increasing beam energy, we find that
spectral modeling requires an increased hot electron fraction, but decreased atomic density and bulk
electron temperature. We believe these latter conditions to be a result of partial cluster destruction

due to the laser prepulse.

I. INTRODUCTION

The use of atomic clusters as sources for ultrashort
laser-produced plasmas has been of considerable inter-
est lately due to the cluster’s more efficient energy ab-
sorption than in gaseous or solid counterparts. Potential
applications include the industrial production of x-rays,
medicine and biology, and even nuclear fusion [1, 2]. As
such, the ability to accurately explain and predict the
associated plasma kinetics and spectroscopy is highly de-
sirable.

The lifetime of such laser-produced plasmas is re-
markably short and as such, experimental determina-
tion of many important plasma properties is very dif-
ficult. Thus, by comparing an experimental observable
such as the emission spectrum, computational model-
ing both provides a methodology for systematic determi-
nation of plasma conditions and helps understand how
plasma properties depend on the underlying physics. In
this work, we utilize the Los Alamos atomic physics codes
- which take the plasma density, electron temperature,
and optional hot electron temperature and fraction as
input - to model the L-shell emission spectrum of Xe.
We compare our results with those recently obtained at
the Advanced Photon Research Center in Japan via fem-
tosecond laser pulse irradiation of Xe clusters. The in-
fluence of hot electrons, which are known to be produced
in such high-energy laser pulses, is found to be essential
in reproducing the experimental spectra.

In Sec. IT we describe the Xe cluster irradiation experi-
ments and present the obtained spectra. Sec. III contains

*Electronic address: tcb244@nyu.edu

a description of the theoretical methods used, including
atomic structure and collisional radiative kinetics code,
including an example of the sensitivity of modeled spec-
tra to the level of approximation used. In Sec. IV, we ex-
plore the dependence of the modeled spectra on electron
temperature, atomic density, and fraction of hot elec-
trons. We compare the modeled spectra to experiment
and reproduce an interesting spectral trend obtained for
a varying laser pulse energy at fixed duration. In Sec. V,
we summarize this work and draw conclusions regarding
emission spectra of high-Z atomic clusters and the influ-
ence of the laser prepulse.

II. EXPERIMENTAL METHOD

The Xe cluster experiments were performed with the
JAERI (Kyoto, Japan) 100 TW Ti:sapphire laser system
based on the technique of chirped pulse amplification,
which was designed to generate 20 fs pulses at a 10 Hz
repetition rate and capable of producing focusing inten-
sity up to 10?© W/cm? [3, 4]. The laser pulses centered
at 800 nm were generated at 82.7 MHz by a Ti:sapphire
laser oscillator (10 fs). The pulses from the oscillator
were stretched to 10 ns, and amplified by a regenerative
amplifier and two stages of a multipass amplifier. In this
study the amplified pulses were compressed to 30 fs by
a vacuum pulse compressor yielding a maximum pulse
energy of 360 mJ. In this system, after the regenerative
amplifier, the pulses go through two double Pockels cells
to reduce the prepulse. The contrast ratio between the
main pulse and the prepulse that precedes it by 1 ns is
greater than 105 : 1.

In a vacuum target chamber, the measured spot size
was 11 um at 1/e2, which was 1.1 times as large as that
of the diffraction limit. Approximately 64% of the laser
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FIG. 1: Experimental emission intensities obtained at a pulse
length of 30 fs with a varying energy of 314 mJ (top, black),
130 mJ (middle, red), and 57 mJ (bottom, green). The spec-
tra are shown (a) unscaled, to make clear the intensity depen-
dencies, and (b) scaled to a uniform maximum, to portray the
spectral dependencies.

energy was contained in the 11 ym Gaussian spot. These
parameters give a focused laser peak intensity of 1.0 x
10* W/em? with a pulse duration of 30 fs and a pulse
energy of 200 mJ.

Xe clusters were produced by expanding high-pressure
2 MPa Xe gas into vacuum through a specially designed
pulsed conical nozzle with input and output diameters of
0.5 and 2.0 mm, respectively, and a length of 75 mm. The
parameters of this nozzle were calculated using a model
developed at the Institute of Mathematical Modeling of
the Russian Academy of Sciences [5, 6]. The results of
this model have been shown to be consistent with experi-
mentally obtained data [7, 8]. In particular, comparisons
of Ar gas density spatial distribution measured by in-
terferometry, and the spatial distribution of cluster sizes
measured by light scattering diagnostics have demon-
strated the predictive capability of this code.

Simulations of the nozzle employed in this experiment
and x-ray emission analysis of similar experiments sug-
gest the production of a dense cluster medium with clus-
ters approximately 1 pym in size [9-12]. Since the rate
of cluster decay is primarily determined by the number
of atoms in the cluster, the use of large clusters in con-
junction with the prepulse reduction techniques insured
the direct interaction between the high-density cluster
and the main fs pulse. The laser was then focused about
1.5 mm below the nozzle.

The spatially resolved x-ray spectra were measured us-
ing focusing spectrometers with spatial resolution [13].
The spherically bent crystal was placed at a distance of
381.2 pm from the plasma source and was centered at
A =4.05 A, which corresponds to a Bragg angle of 35.7°
for fourth order reflection of the crystal.

Plotted in Fig. 1 is a series of spectra taken for a fixed

pulse duration of 30 fs with a varying laser energy. We
observe that although the spectrum intensities do indeed
decrease with decreasing beam energy, as would be ex-
pected, the relative intensity of shorter-wavelength tran-
sitions - between 2.95 and 2.97 A - actually increases.
This interesting trend will prove to be a bit counter-
intuitive following studies made in Sec. IV, but can in
fact be reproduced based on justifiable physical condi-
tions, as will be shown.

III. THEORETICAL METHOD

All calculations were performed using the Los Alamos
suite of atomic physics codes: CATS [14], GIPPER [15],
and ATOMIC [16]. Atomic structure and collisional ex-
citation cross sections were computed from the CATS
code, based on the Hartree-Fock method of Cowan [17].
GIPPER was used for the calculation of collisional ion-
ization cross sections and all data was fed into ATOMIC,
which employs a collisional radiative scheme to determine
the ion population distribution and subsequent emission
spectrum.

Previous studies utilizing configuration-average-based
atomic structure energy levels via the unresolved tran-
sition array (UTA) or mixed-UTA (mUTA) methods,
have succeeded in describing the x-ray emission spec-
tra of lower-Z atoms [18]. The transition of interest in
this work, determined to be 3d — 2p, undergoes severe
spin-orbit splitting due to the high-Z effects of Xe. As
such, the L-shell emission spectrum of interest necessi-
tates a detailed level accounting, including approximately
100,000 levels over 2800 configurations in 13 ion stages,
from K-like (Xe® ") to Ga-like (Xe**). Each of the 13
ion stages included configurations from the ground state,
single promotion from n = 2 to n = (3,4), and double
promotion from n = 3 to nl = (4s, 4p).

Fig. 2 shows the dependency of the emission spec-
trum on the level of atomic theory used. The configu-
ration average approximation includes no fine structure
via relativistic effects and as such, includes only a single
3d — 2p transition for each ion stage, subject to per-
mutations of the non-participating electrons. Solution of
the full Dirac equation via a Dirac-Fock-Slater procedure
results in a so-called relativistic configuration average de-
scription, which includes by nature the spin-orbit inter-
action, resulting in a much more accurate spectrum. To
feasibly obtain a fine-structure spectrum, we may go one
step further and utilize a semi-relativistic detailed level
accounting (DLA).

This detailed level accounting was achieved through
the use of a non-relativistic Hamiltonian with the usual
semi-relativistic correction terms:

1 N v a 2
— E— | =) =-=15s],
2mc? ( V) 4m?2c? (dr) <8r r S) '

respectively known as the mass-velocity term, the Darwin
term, and the spin-orbit term, in cgs units. The spin-

AH =
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FIG. 2: Theoretical emission spectra for three levels of ap-
proximation - configuration average (CA), relativistic config-
uration average (RCA), and a detailed level accounting (DLA)
- and example experimental spectrum, top to bottom respec-
tively. Details regarding each approximation may be found in
the text. Each spectrum is calculated at an atomic density of
102° cm~? and electron temperature of 300 eV.

orbit term, which becomes more important for increasing
7, is found to play a most important role, resulting in a
prominent splitting effect.

It should be noted that a full fine-structure calculation
is far too expensive in this case. Therefore, we follow
[19] and solve the kinetics rate equations in the configu-
ration average approximation, but use DLA to compute
the emission spectrum. Here, we have retained DLA for
all transition arrays with less than 10% lines. Further-
more, while our model includes individual detailed levels,
there is no configuration-interaction mixing present.

IV. RESULTS AND DISCUSSION

In all spectra to follow, spectral lines were modeled as
Lorentzians with a width approximately equal to the in-
strumental resolution, AA/A = 0.0006. Furthermore, un-
less otherwise noted, the spectra have been individually
rescaled to a uniform maximum for the sake of compari-
son.

In an effort to characterize the experimental plasma
conditions, we first scan the atomic density, N,, at a
fixed electron temperature of 7, = 300 eV, based on the
simulation of a previous experiment with Argon clusters
[9, 20]. Fig. 3 shows the obtained spectra taken in the
range N, = 10'® — 10%! cm~?. We see that the spectral
features are relatively insensitive to changes in the den-
sity until 102! em~2 and beyond, which is approaching
solid-state densities, and outside the range of reasonable
densities for atomic cluster experiments. Again in agree-
ment with Refs. [9, 20], we choose 10%° cm™? as an initial
guess.
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FIG. 3: Theoretical emission spectra for varying atomic den-
sities at fixed electron temperature, T. = 300 eV.

With the atomic density fixed, we now seek the spec-
tral temperature dependence. Plotted in Fig. 4 is a series
of emission spectra calculated at N, = 102° ¢cm—3, with
electron temperature T, = 200 — 500 eV. As the electron
temperature is increased, the spectrum begins to favor
higher energy transitions. Physically we can understand
this trend as the following: each ion stage of Xe has a
localized range of 3d — 2p transitions occurring at suc-
cessively shorter wavelengths. As we increase the electron
temperature, the ion distribution shifts to greater ioniza-
tion, thus increasing the intensity of shorter wavelength
spectral lines.

Lastly, we examine the influence of hot electrons. The
hot electron temperature was chosen to be Tyt = 5 keV,
though previous simulation of Kr clusters have employed
a hot electron temperatures of 20 keV [21]. Hot elec-
tron temperatures as high as 20 keV were explored in
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FIG. 4: Theoretical emission spectra for varying electron tem-
peratures at fixed atomic density, N, = 10%° cm 3.
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FIG. 5: Theoretical emission spectra for varying hot electron
fractions at fixed electron temperature, 7. = 300 eV, and
atomic density, N, = 10?° cm 3.

our study, with no significant difference in the spectral
features. This finding is in good agreement with a gen-
eralized study [22] showing that neither the functional
form nor characteristic energy of the hot electrons has a
strong influence on the rates as long as the characteristic
energy is greater than the most energetic transition of
interest,.

Fig. 5 shows a series of spectra taken for a range of
hot electron fractions, f. Increasing f is observed to be
similar to increasing 7., as could be expected. Closer
inspection shows that the spectrum is actually widened,
with transition peaks from a greater range of ion stages,
in much better agreement with experiment. This effect
is a result of the two-temperature model, which causes
a wider, more balanced ion distribution than found in
one-temperature models (f = 0).

We now turn to the problem of matching, and thus di-
agnosing, the experimental spectra. The problem which
presents itself, as has been alluded to in previous sec-
tions, is that the lower energy - and thus lower intensity
- spectra clearly have an increased relative intensity of
shorter wavelength (2.95 - 2.97 A) transitions. Based on
the previous dependency investigations, this trend would
intuitively be captured by either raising the electron tem-
perature or hot electron fraction. But this act would of
course increase the overall intensity as well, in direct op-
position to what is seen in experiment, and makes no
physical sense.

Thus we seek a physically sensible, variational pro-
cess which can reproduce high-intensity spectra with de-
creased relative intensities of shorter wavelength transi-
tions. The features of the modeled spectra are not inde-
pendent of one another, and thus a linear-type optimiza-
tion procedure, where each feature is accurately fixed in
succession, is not feasible. Rather, we use a method
developed only through intuition and experimentation
which employs an overshoot-and-correct type procedure.

We state here our four step process.

First, we match the mid-intensity spectrum, which is
easily accomplished using our results from the previous
section. The physical conditions were found to be N, =
1.0 x 102 em—3, T, = 300 eV, f = 0.03. The problem
has now been reduced to merely reproducing the relative
differences obtained in either increasing or decreasing the
laser energy. Next, we utilize the hot electron fraction to
approximate the overall intensities of each spectrum in
accordance with Fig. 1. With hindsight on our side, we
actually overshoot the difference in intensities, i.e. f too
high for the high-energy, 314 mJ spectrum (or too low
for the low-energy, 57 mJ spectrum) for exact agreement
with the relative intensities of Fig. 1.

While such an effect could alternatively be achieved
through the increase of either electron temperature or
atomic density, using the hot electron fraction is advan-
tageous in that it promotes the inclusion of more peaks
via a broadening of the ion distribution. Furthermore,
we make the assumption that the hot electron fraction
will be the parameter most influenced by an increased
beam energy for fixed pulse duration and thus must most
prominently reflect the appropriate physics.

Although this step does indeed reproduce the correct
intensity trend, it mis-weights the relative intensities of
the shorter wavelength peaks. Thus, our next step is
to alter the density in such a way so as to correct the
relative peak intensities. This procedure of course un-
favorably affects the overall intensity as well, but was
compensated for via the overshooting of the hot electron
fraction. Lastly, we fine-tune the height of the major
peak centered around 2.99 A, which for small changes,
can be uniquely adjusted with the bulk electron temper-
ature.

We demonstrate this procedure, shown in Fig. 6, for
the high-energy spectrum. Starting from the “base-
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FIG. 6: Example procedure for reproducing the high-energy,
314 mJ spectrum (bottom) from the mid-energy, 130 mJ spec-
trum, or “baseline” (top). Specific details may be found in
the text.
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FIG. 7: Comparison of relative intensities for experimental
spectra (a) with those of the modeled spectra (b).

line” of the mid-energy spectrum, we increase the
hot electron fraction from f = 0.03 to f = 0.09.
The intensity has appropriately increased, but unfortu-
nately, so have the intensities of the shorter wavelength
peaks. Thus, we now decrease the atomic density from
N, = 1.0x 10%° em™3 to N, = 0.7 x 102 em™3, cor-
recting both the overall intensity as well as the rela-
tive intensities of the shorter wavelength peaks. Finally,
we fine-tune the major peak by noting that an elec-
tron temperature increase will reduce its height whereas
a decrease in the electron temperature will increase its
height, all the while leaving the other peaks relatively
unchanged. Seeking to increase its height, we decrease
the electron temperature slightly from 7, = 300 eV
to T, = 290 eV. An equivalent but opposite procedure
for the low-intensity peak results in a set of conditions
N, =1.5x10% ¢cm=3, T, = 305 eV, f = 0.004.

Figs. 7 and 8 compare the final results of this proce-
dure with experiment. The first figure, Fig. 7 shows the
agreement obtained in reproducing the intensity trend of
the experimental spectra. The modeled spectra have of
course been left completely unscaled, as required by such
a comparison. Secondly, Fig. 8 individually overlays each
modeled spectrum with its corresponding experimental
spectrum to show the excellent agreement obtained in
matching the spectral features, most notably the ratio of
peaks between 2.95 and 3.00 A.

The conditions required to model these experimental
trends suggests very interesting physical processes taking
place with a strong influence on the spectrum. Increas-
ing hot electron fractions for increasing beam energies is
easily understandable in terms of the amount of energy
imparted on the cluster in a given length of time. The
bulk electron temperature and atomic density dependen-
cies are a bit more subtle. We believe these to be ef-
fects of cluster destruction due to the laser prepulse. The
prepulse for a high-energy beam is more likely to cause
a premature expansion, partially destroying the atomic
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FIG. 8: Comparison of spectral features for each laser energy-
dependent spectrum (a)-(c). Experimental results are given
in black and modeled results in red.

clusters, and thus decreasing the atomic density. Further-
more, we associate this expansion with a cooling of the
bulk plasma, resulting in a slight decrease in the electron
temperature. Oppositely, the lowest energy beam has
a prepulse which minimally affects the integrity of the
clusters, which may be modeled by an increased atomic
density with slightly hotter electrons.

We present in Fig. 9 a labeling of the Xe ions which
contribute most strongly to each peak in the spectrum.
Most, notably, our Fe-like peak location is in excellent
agreement with the findings of Kondo et al. in a pre-
vious study of the L- and M-shell emission of Xe [23].
While we could not reproduce a strong theoretical peak
just beyond 3.0 A, as appears to be present in the ex-
perimental spectra, there are ion stages with transitions
in this region. This experimental peak is believed to be
a result of the prepulse, though we could not amplify
the intensity of the theoretical peak for any reasonable
physical conditions.
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FIG. 9: Identification of major peaks for the modeled spec-
trum (red) against experiment (black) for the mid-energy, 130
mJ spectrum. Peak wavelength positions are equivalent for
all other conditions.
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V. CONCLUSIONS

To summarize, we have performed accurate plasma
modeling for the high-Z element xenon, where relativis-
tic effects cannot be ignored. As higher-Z clusters con-
tinue to be explored via computational methods, a desire
for fine structure detail will necessitate improved meth-
ods for retaining relativistic effects in reasonable times.
Nonetheless, our atomic physics calculations were per-
formed at a very high level of theory, utilizing relativis-
tic corrections, and plasma emission properties were ob-
tained via a configuration average based solution of the
rate equations with a detailed level accounting for all
transition arrays with less than 10® lines. This proce-
dure results in an emission spectrum with fine-structure
detail which matches experimental results quite well.

Additionally, we presented a procedure for reproducing
spectral trends found in experiment, as the laser energy
is increased at fixed pulse duration. An increasing beam
energy caused an increase in the hot electron fraction but
decrease in both the atomic density and bulk electron

temperature. This latter characteristic is speculated to
be a result of the experimental prepulse, which partially
destroys the cluster before the arrival of the main pulse.
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Creating a Potential Energy Surface Sensitive to
Localized Charge Distribution

David Brenman (Lewis and Clark College and MST-8), Steve Valone (MST-8)

Abstract

Atomistic methods are used to study the behavior of materials based on the atomic
level model called a potential energy surface. Currently there is a dearth of precise
knowledge pertaining to the charge transfer process at the atomistic level, and the
models for these processes are limited in what they can do. We use the electronic
energy, given by solutions of the Schrodinger equation, to generate parameters for a
potential energy surface where we are able to gain knowledge about the atomistic
description of molecules [1]. How well we capture information from the solution to the
Schrédinger equation depends on the functional form of the potential energy surface
that we choose to parameterize. Here we parameterize a new functional form based
on localized charges [2]. This form derives from viewing the many electron
Hamiltonians as a set of atomic Hamiltonians that are allowed to interact with each
other. Further more electrons are allowed to flow between atom sites. By
implementing CDFT (constrained density functional theory [3]) o augment traditional
density functional theory calculations [4-5], we are able to confine electrons to regions
around each atom [3]. Because of this not only are we able to parameterize the
atomistic model, but we are able to characterize electron transfer reactions in
molecules [3]. The overarching goal is to utilize our new found knowledge of
intermolecular charge transfer and create a computationally economical code that
willmodel the interaction and motion of thousands of H,O, OH-, and H3O* molecules
over small time steps. The H,O molecule is also a learning platform for constructing

advanced potentials for metal-dioxide materials (MO»).

l. Infroduction

When performing research on the
properties and characteristics of a
mafterial, scientist have become quite
adept at designing experiments for this
purpose. A problem with such an
approach is that these experiments can
be quite costly both in money and time.
We seek to study the behavior of
mafterials by modeling their behavior on
the atomistic scale. We plan on
developing a computer code that will
model the interactions of numerous
atoms or molecules for an extended
period of time. With such a program
scientist would be able to learn about
the properties of a substance quickly,
and with a high level of accuracy,

provided that the atomic model is
accurate.
To simulate material properties

we will be utilizing Molecular Dynamics.
Under this method the atoms are
freated as classical particles, governed
by Newtonian dynamics. With the use
of Newtonian dynamics come three
requirements. The first requirement is the
need to specify initial conditions for the
entire system. This entails selecting the
initial position and velocity for each
atom. The second requirement is the
need to specify boundary conditions for
the system. The last requirement is to
specify the force field that will govern
each atom.



The force law governing the
Interactions between the molecules is

F =ma=—-VE
(1)
By finding a functional form of the
potential energy, E, and negating ifs
gradient we are able to determine the
forces that will govern our atomic
system.

The forces acting on each atom
are determined by the current position
of all the other atoms. Hence as soon as
the atoms relocate any amount the
forces acting on our system will change
and will need to be recalculated.
Because we can only look at the system
for distinct times, to create the
simulation that the atoms are moving
constantly we have to take note of
their positions at small time intervals and
peace together their trajectories. This
process is called finite difference
method. The positions of the atoms at
each consecutive time step are
dependent on the previous time step’s
location approximations. Thus for long
frajectories errors accumulate. To
minimize error we choose a very small
time step, femtoseconds. For each time
step we then take the current force
acting on, position of, and velocity of
each atom, and integrate our
equations of motion to find the
molecules new positions, and velocities.
This process can be carried out by
multiple processes such as Runge-Kutta,
Predictor-Corrector, or Verlet. As an
example the Verlet equations are

x(t + At) = x(t) + v(t)At + %5(602
(2)

a(r)+a(r+ar)m

v(t + At) = v(t) + 3
(3)

With these new initial condition and the
same boundary conditions we then

recalculate the effective force function

for the system, and continue the process
for however many time steps the user
wishes. The danger with this method is
that no matter how small the time step,
as soon as the molecules move the
slightest the effective force function will
change, thus because our time steps
are not infinitely small each iteration of
our calculation will build error. Therefore
multiple time step calculations will
accumulate error.

The best solution then is to
recalculate the potential energy
function as often as necessary.
Currently the problem is that calculating
the potential energy function from first
principles is an arduous and costly task.
Our goalis to create a potential energy
function that is highly accurate and
can be recalculated quickly. This
paper discusses our first steps toward
achieving that goal, and our method
for creating an accurate easily
calculated potential energy surface
(PES).

Il. Developing the General Variational
Function

A) Developing Hamiltonian & general
form

From general qguantum
mechanics we know that theoretically
the general Schroédinger equation
Hy) = Eyr
(4)
can be used to find the potential
energy of any system. However,
realistically, the Schréodinger equation
can be solved analytically for only one
molecular system, the hydrogen atom.
For use with a water molecule,
composed of 10 electrons and 3 nuclei,
we must simplify the Schrodinger
equation. Specifically we do this by
implementing the Born-Oppenheimer
approximation fo the molecular
Hamiltonian. The molecular Hamiltonian



(5)
where a and B represent nuclei and i
and jrepresent electrons.

The Born-Oppenheimer
approximation makes the assumption
that because the electrons are so much
lighter than the nuclei and hence
move so much faster than the nuclei
that when compared to the rapid
motion of the electrons, the nuclei are
virtually stationary [1]. The result of this
theory is that the full Hamiltonian can
be broken down into the electronic and
nuclear parts. Separating out the
nuclear terms the full Hamiltonian (5)
can be simplified to the electronic
Hamiltonian ().
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Looking at the nuclear part (6), the first
term represents the kinetic energy of the
nuclei and, due the Born Oppenheimer
approximation, can be ignored. The
second termis the repulsion of the nuclei
and is already a potential energy, thus
it can be added to the potential
energy solution given by the
Schrédinger equation at a later time.
The electronic part of the
Hamiltonian (6) is now in a simple
enough form that we can solve the
electronic Schrédinger (7) equation

analytically.
Heaer = EaqpPer
(7)

This equation holds within it most
of the information we need in creating
our PES. Ee represents the effective PES

for atoms moving in an averaged
distribution of electrons.

Instead of solving for E¢; as an
eigen value, we hypothesize that
rewriting the electronic energy in a
variational form will provide better
guidance for a more accurate PES.

To do this we multiply both sides
of the electronic Schrédinger equation
by VYer.
wel el wel w;IEeI l!}el
(8)

We then integrate over all space to
integrate over all possible values
f‘!”éz}retlpaxdr = f‘f’éJEas‘!’af drt

(9)

Where dr represents the volume element for
all the electrons. Then we are able to pull
out the electronic potential energy.
Finally we divide by the integral of
YW toisolate Ee. Forshort hand we
write <> to symbolize the integration
over dll space. We are then left with
the variational form of the potential

energy. ]
< lpall :He] hpci >

<Yl >

be.‘ e
(10)

B) Developing appropriate wave
function

One of the major aspects of our
project is to make for certain that the
potential energy function is able to
accommodate any distribution of
charge inside our water molecule and
calculate an appropriate potential
energy. To do so we choose to break
up the electronic wave functioninto 3
key charge distributions. The new
electronic wave function is then
composed of a linear combination of
these three charge distributions. The
first, an arrangement where each atom

is neutral, is denoted by Cyo0W000-
The C is called the expansion coefficient
and isresponsible for determining what



amount of this wave function will be
used in the final electronic wave

function. Visually this is represented by
0

e

(11)

The other two basis charge distributions
are Co—+Wo-+ and C+—o¥+-o0.
These are visually represented by

A

0 =

(12)

The total electronic wave function,
composed of a liner combination of
these three charge distributions, is
written as

A,

and *t

(13)

For shorthand we will from now on write
this formula as

Yer = Copo + G, + G,

(14)

Now that we have the
electronic wave function, and we
have the electronic Hamiltonian we
can insert these into the variational
energy equation (10), expand the
electronic wave function and receive
the final general variational function
[2].

C2Hyo + 2CoCilloy + C2Hs + 2CaCHus + Collss + 2C,CH

E, ) > y
‘ B3 126,650 +CF + 205650, + 2 + 266,55

(15)

This equation calculates the potential
energy of a water molecule and is a
function of 5 variables, 3 spatial and 2
variational,

E(Bond,;,Bondg,0,q;,qr)

(16)

where gL and gr are the charges on
both hydrogen atoms (see section C),
Bond, and Bondk are the bond distance
between the left and right hydrogen
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atoms and the oxygen atom, and 6
being the interior angle between the
hydrogen atoms. In total five variables.
Consequently we have created a five
dimensional PES. The inclusion of
charge distribution has given us two
detentions of increased accuracy over
simply using a variable geomeftry, and
gives usreason to believe that this PES
will lead to more accurate molecular
models.

C) Relating expansion coefficients to
charges

The next challenge is to solve for
the expectation coefficients in the
general veriational function (15). The
first step is to note that each
expectation value willchange
depending on the original charge
distribution that we designate. We
begin finding these expectation values
by noting that the charge on an atom is
determined by the positive nuclear
charge of the atom subtracted by the
number of electrons currently orbiting
around that atom.

qa = Zp — Ny
(17)

Where z, represent s the nuclear
charge for atom A and NA represents
the number of electrons around atom A.

In finding the expansion
céefficients specifically for our H,O
molecule we will use equation (17)
twice for both the left and right
hydrogen atoms.

Next we know that N, can be

represented by
C3Ngo + CINfy + CIN5,
e L4+

N
(18)
To simplify this equation we then divide

through by Co? on top and bottom.
Equation (18) now has the form



—_—

A Chon GRo4
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0 0
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(19)

We now insert Ny pqck in to equation
(15). Adapting this new form for our left
and right hydrogen atoms we have the
equations

=1 p

(18)

(19)

By knowing the charge distribution on
the water molecule for each basis state
we fill in the numerical values for all
terms with the general form Ni. The

numbers we insert forVza are the number
of electrons on the specific hydrogen
atom for the charge distribution
specified. For example in equation (19)
these values would be, from left to right,
1,1,0. See equations (12,13,14) for a
visual representation of the electron
positions. From here we have two
equations with two unknowns, and the

¢t c?
values for cz and ¢z can be solved for
0 (1]

by basic algebra.
Finally we insert these expansion
coefficients into the general variational
function (15).

D) Estimating Hamiltonian matrix
elements

1"

We used a program called
NWChem to perform the
computationally expensive calculations
necessary to find the numerical values
for the matrix elements, denoted by

-7{00, Hio or any such formin
equation (15). These matrix elements
are the ground state potential energy
values for the charge distributions
depicted in their subscripts. For

example HIO stands for the tfransition
potential energy for a change in

distribution from Yo _ 4 o Yooo-

To estimate these matrix
elements NWChem implements an
approximation used to simplify the
Schrédinger equation other then the
Born-Oppenheimer approximation. This
approximation is called Constrained
Density Functional Theory (CDFT).

To explain how CDFT works it is
necessary to understand how Density
Functional Theory (DFT) works. When
solving for the potential energy using
DFT, the energy is no longer dependent
on the electronic wave function but
rather on the electron density, depicted
by figure (A). Figure A depicts a cross
section of the electron density around
the Oxygen atom, shown in green.

E['zbel] = E[pei]
(20)




Fig. A: The green cloud is a cross section of the
electron density around the center of the
oxygen atom.

The cause of this fransformation is
the Hamiltonian is no longer a functional
of the electronic wave function rather;
it is now a functional of the electron
density and is a much simpler
Hamiltonian:

HWe) = H(par)

(21)

In practice we only know
approximations to H(p,)- The electron

density is a summation of all electron
orbitals:

MGEDWAG
22) ioc

If E[p] is stationary and the
orbitals are normalized then the result of
these two constraints is the Kohn Sham
equations [4,5].
"2 N _ [ plr’)
( — :'\_- T ‘-.n‘\/_!‘.' + ‘ ’
\ VA J I—F

dr’ + "'.x-::l:-r: p) ) Pig

= €z Pis

(23)

where the ¢’s are no longer the previous
complicated wavefunctions, they are
now single particle orbitals. The —-v*

stands for the kinetic energy of the
electrons. V,(r) is the external potential
and represents the electron nucleus
interaction:

Vo(r) = — Z = :R_
(24) ' .

The third term, Iv=+ ", is the electron
electron interaction. Finally V,.,(r:p) is
the exchange correlation.

From here the Kohn Sham
equations can be solved using self
consistent methods. We first make a
guess as the orbital for the first electron.
With this guess we are then able to
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determine the corresponding electron
denisity, [1. With the electron density we
are then able to construct a working
Hamiltonian, as seen in the first part of
equation (23). We then solve the Kohn
Sham equation as an eigenvalue
problem and are able to determine the
new orbitals for the electrons and ifs
corresponding potential energy. From
here we start the process over again,
using our newly obtained orbital. We
continue this process unftil the resulting
orbitals are very similar to the previous
orbital. We then perform the same
procedure for each of the electrons,
and finally add up all their energies and
other contributions to obtain the ground
state potential energy for that molecule.

NWChem takes the same basic
approach except for the key difference
that it adds a constraint fo the Kohn
sham equations. This constraint forces a
certain number of electrons to be on a
specific atom at any moment.

To precisely solve for the
Hamiltonian matrix elements found in
equation (15) one would need to have
highly sophisticated wave functions
multiply the Hamiltonian that is
operating on another set of these highly
sophisticated wave functions. For
example the matrix element for the
basis state 0-+ is denoted Hiy. This
notation stands for
< Yo+ |:}{|w0—+ >
(25)

By using CDFT we are making the
argument that the potential energy
given to us by this approximation
method is very similar to the real
potential energy from the very
sophisticated wavefunction.

Just asin DFT we started to solve
for the potential energy of a charge
distribution by making the
approximation that the potential
energy can be dependent on the
electron density and not the electronic
wave function. The constrained Kohn



Sham electric energy equation takes
the regular electronic energy and add
to it a constraint term, yielding

(26
)
Ne= > we(r)p"(rydr

(27) where E[p] represents the
unconstrained KS electric energy
equation, V¢ is a Lagrange multiplier,
and N¢ (27) is the general constraint to
the density.

Just as with the DFT method we
require that the orbitals are normalized,
and W{[p, V] stationary obtain the
constrained version of the KS equation:

1. p(r')
2 . ¢ ’ e >
( 5V +va(r) 4 Lr 7'+ () 4 vcur(r))qom

= €igPic

(28)

The term y, w? (r) in equation (28) is the
new constraint. We can solve these
equations using self consistent methodes,
asin the previous example for the
unconstrained KS equations. The only
difference is that we update V. along
with the orbitals. NWChem then
repeats this process until V¢ saftisfies the
constraint equation (27). Once the
constraint is met NWChem uses the

resul’ron’rqbi'a, in the next self consistent
iteration and yields the ground state
energy for the constrained system. This
process is discussed in vastly greater
detail by Wu and Van Voorhis [3].

With the Hamiltonian matrix
elements all determined these values
are then inserted into the general
variational formula (15).

Through this approach we are
able to find the specific potential
energy for any charge distribution.

ll. Resulis
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Using our method we were able
to model the potential energy for a
water molecule with any symmetric
geometry and charge distribution. The
following graphs are calibrated such
that zero potential energy is a state
where all the electrons have been
striped form the nuclei.

Graph (B) is a potential energy
surface for a water molecule at
opftimized geometry, with the right
hydrogen constrained to be neutral.
The first point on the left represents the
state where each atom has a neutral
charge. The next point is the charged
state where 1/10 of an electron has
been shifted from the left hydrogen to
the oxygen. It isimportant to make the
connection that this graphis a
visualization of the general variational
function, equation (15), with all but q.
held constant.

It is also important to make the
connection that the point farthest to
the right is the precise charge state 0 -+

A

0 +

Hence if we were to write out the
specific variational function for this
charged state the expiation coefficient,
Ci1, would be 1 and all the other
expansion coefficients would be zero.

Each point in the middle of the
graph has been calculated using CDFT
for that particular charge distribution.

Finally it is important to see that
the graph’s curvature is smooth. Such a
shape is a sign that the molecule is close
if not to equilibrium.



Potential energy surface for
H(variable) O(variable) H(fixed at neutral)

-75.82
-75.92
-76.02
-76.12

-76.22
—fi— optimized geometry
-76.32 .96257angstroms

Potential energy (hartrees)

-76.42
0 0.2 0.4 0.6 0.8 1

Fractional amount of single electron transfered from
hydrogen to oxygen

Graph B: The smooth curvature of this graph signifies that the molecule is highly interactive at any of the
charge distributions
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from hydrogen to oxygen
Graph C: By varying the bond length between the oxy gen and hydrogen atoms we are able to map the
plot numerous potential energy surfaces with the same charge distribution.

Turning our attention to graph C
we see six variations of the geometry on
the water molecule. The bond length
between the oxygen and the hydrogen
atoms has been extended,
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symmetrically, from 1.1 angstroms to 1.6
angstroms. We can see that as the
bond length is extended, beyond its
normal optimized length, each
consecutive extension plots higher
potential energy surfaces. This is
because we are forcing the water
farther and farther from equilibrium.

Examining the right side of graph
B, we see a cluster of end points. This
tells us that when the charge
distribution is close to +-0, the water
molecule feels disassociated. In other
words if we were to extend the bond
lengths of the water molecule to 100
angstroms, the potential energy would
be close to the potential energies
plotted on the right of the graph.

Lastly in graph C there is a trend
where the farther the bond lengths get
from the equilibrium geometry the less
smooth the curves become.

Graph D depicts a two
dimensional model of our potential
energy surface here we are varying
bond length and charge distribution.
This graph is a composite of the graphs B
and C.
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Graph D:This 2D plot is a vitalization of the
general variational function with respect to
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bond length and charge distribution between
the first hydrogen and Oxygen atoms.

V. Future work

The next step is to construct a
potential energy surface for any
configuration of water geometry. After
we are able to do this we will attempt
at modeling the interaction between
two water molecules. Thisis an
ambitious goal and there is sfill a great
deal of work to do. In the distant future
we will attempt at modeling crystalline
solids.
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Passive radiography is a novel technique with a growing number of
applications. Cosmic-ray muon radiography allows for investigation of the inner
structure of pyramids, volcanoes, industrial structures, and potentially also big
cargo containers for border security applications. This work is connected with the
application of passive gamma radiography in detecting nuclear threats and
radioactive contaminants in urban areas. This report describes a procedure for
image analysis for source recognition, and development of software automating
this procedure.

INTRODUCTION

Passive imaging techniques are applied in a variety of areas: archeology, geology, civil
engineering, homeland security, even oceanography. Using cosmic-ray muon detectors, Alvarez
et al [1] were able to determine that Chephren’s second pyramid at Giza, unlike its neighboring
pyramids, does not contain any large chambers above the King’s chamber. The use of muon
radiography enabled researchers to reach this conclusion without necessitating destructive and
costly excavations into the pyramid’s unexplored regions. In Japan, Tanaka et al [2] used muon
radiography to safely make measurements on an active volcano. Passive acoustic tomography, a
technique that is similar in many respects to passive radiography, uses naturally occurring ocean
noise such as aquatic mammal calls and has been explored as a new way of gathering marine
data without the noise pollution of sonar [3]. Such methods eliminate the biological and
environmental hazards associated with active imaging techniques.

As access to nuclear technology spreads, the need to develop quick and reliable means of
detecting nuclear threats becomes ever more pressing. This work is focused on development of
an algorithm for automated radiation source recognition and location that will be implemented in
a mobile radiation detection unit and will use passive radiography to pinpoint the location of
radioactive sources. The apparatus consists of a set of Compton and coded aperture type of
detectors placed in a truck. It is planned to passively record radiation data about the surrounding
area, and then analyze that data to determine the existence and location of potential nuclear
threats. Coded aperture imaging uses a mask with a pattern of holes placed in front of the
detection plate. See Figure 1. The unique pattern of shadow and light cast on the detection plate
is used to recreate an image of the source using 3D geometry [4]. Compton imaging uses a pair
of gamma ray detectors in series to measure the energy and location of incident and Compton
scattered gamma rays. This information is used to extrapolate three-dimensional spatial
information about the source [5]. Combined, these two methods provide high resolution images
for gamma radiation over a broad energy spectrum [6].
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The focus of this summer project is writing software procedure instrumental in automated
source detection from Compton and coded aperture images.

Source 2
Source 1
Coded Aperture
Mask
e = = B=S

Detector Plate

Fig. 1: 2D schematic of a coded aperture device. Source location is determined based on the
shadows cast over the detection plate.

METHODS

The images we worked with are computer simulations of a test source superimposed over a
typical background. They include files for 1 to 59 seconds of source exposure time with the
background.

We start by establishing a source signature, which differentiates it from typical background.
Software prototyping in Mathematica was used for image analysis. The developed algorithm,
after optimization and testing, was translated into C++ for efficiency and compatibility with the
main project code.

Image analysis shows that the typical size, shape, and intensity gradient of a source do not
distinguish it from a typical background fluctuation. There are only two remaining measured
characteristics which may serve for source identification, namely differences in expected energy
spectrum and relative intensity. Background fluctuations have broad spectra, while a
contaminating source spectrum is dominated by one or at most a few spectral lines. A source is
expected to have a relatively narrow spectrum band. This is why subtraction of different
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spectrum energy bands from each other for the same image may suppress the background
without changing a source image in any significant way.

Since soil and bedrocks composition causes background radiation levels to vary wildly from
one geographical area to another, absolute radiation intensity cannot serve in source detection
unless software is tailored to a specific geographic region with known, consistent background
radiation level. Relative intensity is therefore the characteristic of primary concern, and all
images are rescaled to a 0-255 intensity scale.

Figure 2 shows example source and background images in two-dimensional gray scale. The top
image simulates 20 seconds of exposure to the test source, while the bottom image simulates
exposure to just background radiation. Figure 3 shows three-dimensional plots of the same data,
where intensity is measured on the z-axis. The three-dimensional plot of the source image
contains one peak which is much more prominent than the others, while the analogous plot of the
background image contains several peaks of similar maximum height.

Fig. 2: Computer simulated test images. Top image includes a source in the center, bottom image
represents background only.
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It is important to know not only intensity of the background but also the typical intensity
difference between peaks in this background. The program has a threshold parameter inserted.
This threshold parameter has to be tuned to the background characteristics in such way that for
all the backgrounds, multiple peaks are still visible above the threshold. A source which stands
up more from the maximum of the background than peaks of the background differ between each
other can be identified. This means that characteristics of the background determine which
source strengths can be identified. For detection of relatively weak sources, preprocessing of the
background, which decreases its intensity and also smoothes the differences between background
peaks, is needed.

After thresholding, all pixels with values equal to or above the threshold are given a value of 1
(true), while those with values below the threshold are reassigned a value of O (false). Each
image from the image set on which this program was developed is thresholded for a range of
values from 215 to 255 to determine which thresholds produce the optimal source and
background recognition. Figure 4 shows the same source and background images after a
threshold intensity of 225 is applied. The source image exhibits only one white spot. Because the
images have been rescaled to account for the relative intensity, the background image contains
multiple white regions, as its peaks do not significantly differ in the intensity.

Fig. 4: Simulated images after a threshold intensity of 225 has been applied. The top image shows a localized
source above the threshold; the bottom image shows non-localized background noise.
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To quantify the spread of white (1 valued) pixels from the mean source position, the variance
of the location of the white pixels for each image is calculated.

1

Variance =
image heightximage width

Z [(xi - xmean)2 + (Yi - ymean)z]
all white pixels

A low variance denotes localized activity above the threshold, while high variance indicates
background noise. For images such as ours with dimensions of 333 by 120 pixels, a variance of
0.7 corresponds to a small test source located 50 to 100 feet away. It is assumed that most
sources will be of this type. In case of changes in pixelization of the image, or in case of
significant differences in the geometry of the scene, the cut-off variance has to be tuned.
Although larger sources with very high variance “blind” the detectors when they are nearby, the
mobility of the detection unit allows recognizing them at a distance. As the truck approaches
from far away, large sources will appear as small points and have small variance. A cut-off
variance of 0.7 is therefore used to signify the presence of a source. For images with variance
less than or equal to this cut-off, the source location is given as the mean x- and y-position of the
white pixels.

In the case of our example images, the source image has a variance of 0.0864 and the source
location in pixels is (167.8, 58.3). The background image has a variance of 2.31 and is correctly
identified as background

RESULTS

The algorithm was tested on the whole set of simulated Compton and coded aperture images
which were serving for its development. See Figure 5.

For coded aperture images containing source exposure 20s and more, correct source
identification is in the range of 95% for all tested thresholds and achieves 100% for thresholds of
224 and up.

For background images the correct identification was 100% up to the threshold 229 and then
diminished rather quickly for higher thresholds. Evidently the higher thresholds are already in
the range of typical differences between background peaks. This is why they cannot be used for
source identification for this type of background.

As for coded aperture images with 15s and 10 s source projection correct source recognition was
90% starting from the threshold 220.

In case of source identification the program produces its location. There are two sets of
coordinates for each source: one is the location of the maximum intensity, and the second is
mean of the coordinates for all the pixels over the threshold. Coordinates calculated in both
ways differ less than one pixel in each direction from each other and from the source location.
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For Compton images the parameters need to be tuned as both the pixelization and character of
the background changes, but the procedure stays the same.

As simulations performed in this project continue to evolve to more closely resemble
experimental data, therefore, the source recognition algorithm needs to be tuned to the
specifications of the background radiation. Suppression of the background in the preprocessing is
needed when attempting to recognize sources weaker than the criteria discussed before.

Fig. 5: Percentage of correctly identified images versus the threshold value used. Below the
threshold of 230, all background images are correctly identified, but the recognition rate
deteriorates rapidly for higher thresholds. 93.75% and 100% of 20-59 second source exposure
images are accurately recognized for threshold ranges of 215-233 and 224-255, respectively.
Simulated 10-15 second source exposure images are correctly identified 95% of the time for
thresholds of 226-253, but achieve 100% recognition only for very high thresholds.
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The Effects of Coulomb Impurities and the Coulomb Pseudogap in Graphene
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In this paper the effects of coulombic interactions on the density of states in graphene are explored.
It is found that in the case of suspended graphene where poor electron screening is present and as a
result the Coulomb pseudo gap exists in the presence of an impurity, that the coulombic interactions
affect on the density of states is far stronger than the density of states caused by Dirac dispersion.
In the coulomb effect on the density of states, which is strongly dependent on the dielectric constant
and electron screening, is 21-30 times greater than the density of states arising form the Dirac
dispersion. Scanning Tunneling Microscopy (STM) can be used to measure the Density of States

and observe this effect.

I. INTRODUCTION

The semiconducting industry is a multibillion dollar
per year industry.! A semiconductor is a material whose
conductivity is somewhere between that of a conductor
and that of an insulator. This conductivity can be con-
trolled through introduction of new states to the band
gap. The band gap is the distance between the valence
band and the conduction band. These new states can be
added to the band gap through the introduction of im-
purities, called dopants (see figure 2). A method of con-
trolling these impurities is a method of controlling the
conducting properties of the semiconductor. Therefore
it is important that we understand the effects of adding
these impurities so that we may intentionally use the im-
purities to affect the material in a controlled manner.

Graphene, a newly discovered and the first and only
observed two-dimensional crystal, has some interesting
electronic properties.?® Graphene is a zero gap semi-
conductor where the linearly dispersing valence and
conduction band touch at the corners of the Brillouin
zone(BZ).210 Because of this, the electrons in Graphene
behave like massless Dirac Fermions with the speed of
light being replaced with the Fermi velocity, vy ~ 355.
This also causes density of states to dissappear to zero at
the corners of the BZ.!! This also allows for a high charge
carrier mobility on the order of 10* — 105%, ten times
higher than that of silicon.!?!3 This high charge carrier
mobility, even at high charge densities creates a potential
for application in nanoelectronics™®. This property can
be used to improve processing power of computer chips.

The absence of an energy gap® creates numerous
opportunities to control the transport properties in
graphene. This creates a situation in which there are
no electrical switches, an essential feature used in silicon
in the prduction of transistors.'®. But. new band states
can be introduced by using narrow ribbons of graphene.*®
What we would like to be able to do is introduce new
band states into graphene that we can control. It is
possible to introduce new states to the insulating gap.?
Futhermore the states in the band gap can be controlled
externally by the field effect.!”
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This energy gap arises from density of state calcula-
tions. The density of states is the number of states avail-
able to a particle for a given energy, that is, number
of states per area per energy. In general the number
of states will be equal to the number of particles'®. In
crystalline structures however, this is not true. In theses
structures the atoms are close together causing the wave
functions to overlap allowing the nuclei and electrons to
have coulombic ineractions'®. This overlap also causes
the energy spectrum to split resulting in banding. When
calculating the density of states in one of these systems
a situation arises where there is a minimum gap between
the valence and conduction bands in the density of states
around specific points in the Brillouin zone. This gap is
called the band gap. In graphene this point occurs at the
corners of the Brillouin zone, and the minimum gap dis-
tance is zero (Note that these bands are not overlapping,
but overlap can occur). From this, numerous electrical
and optical properties can be determined for the given
crystal. Therefore, to understand these properties, it is
important to understand the density of states of a system
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FIG. 1: (a)-(c) The DOS for the coulomb potential. Note
how the DOS drops to zero at or near the fermi level. This is
the Coulomb Pseudogap'®(d) The DOS for Dirac Dispersion,
9:1‘5]23(‘12 where t is the hopping parameter and a is the lattice
constant.
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FIG. 2: (a) The original band gap. (b) The band gap with
newly created states from introducing impurities.

so that these properties may be explored in a theoretical
manner.

In order to study the effects that introduced impuri-
ties have on the band gap we need some way to measure
the density of states. We can treat these introduced im-
purities as Coulomb charged impurities. From this we
will see as a result of poor screening the emergence of a
Coulomb Pseudogap in the density of states (DOS)!. In
the case of a graphene layer on a substrate, the substrate
assists in the electron screening and masks any further
unscreened effects on the graphene.'® To prevent these
effects we can create a suspended graphene which allows
us to see the Coulombic charge impurities as unscreened
or poorly screened. From this we see that the Coulom-
bic impurity induced DOS on a two dimensional sheet of
graphene is linear with respect to energy with the equa-
tion:

& (1)
Because of this one deeds to compare the Coulomb inter-
actions with the DOS due to the Dirac Points'?, which
is:

|E|
m(hvy)?

From this we can take a ratio of N./Np and see that
the Coulombic impurity affects the DOS 21 to 33 times
more thant the DOS due to the Dirac points. From this
we can study the DOS as a function of the dielectric
constant dependent on the energy.

Np(E) = (2)

II. THE DENSITY OF STATES CAUSED BY
COULOMBIC IMPURITY INTERACTIONS

In this section we derive the equation for the DOS
caused by coulombic impurity interaction between the
electron donors and acceptors. The purpose of this cal-
culation is to compare the results of the coulombic DOS
with those caused by the Dirac dispersion at the node
points in the BZ. To show this the argument of!%:19 will
be repeated.

The DOS caused by the Coulombic correlation effects
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FIG. 3: (a) Schematic of a Suspended Craphene system?°
An image of Suspended Graphene?®

(b)

has 2 humps in its dependence on energy (see fig 1). This
is caused by the DOS vanishing at the Fermi level. The
area where the DOS drops to zero is called the Coulomb
Pseudogap. A similar effect is seen at the Dirac points
in graphene where the DOS vanishes?.

To begin the calculations let us consider a randomly
arranged system with 3 types of particles. The first type
of particle is a positively charged donor. These have do-
nated their electrons to acceptors. The second type of
particle is the neutral donor. The third type of particle
is an acceptor which always contains an electron and is
negatively charged at the temperatures under consider-
ations. That temperature is what ever temperature is
required by the system to be at the minimum energy
state, in this case that is the critical temperature T.. We
also assume that the system is in thermodynamic equi-
librium and all impurities are fixed in space. The dis-
tribution of the particles is determined by the condition
of minimum electrostatic energy. I also assume that the
electron screening potential is low. The energy is given
by the equation:'®

6 don don 1—nk 1—nk/ donaccl_nk
:; ;kl;c Tkkr ZZ

e 1acc acc 1

a2

Where nj, , the occupation number, is 0 if the particle is
ionized and 1 if the particle is a neutral donor. In this
equaton the first term is comes from the coulombic repul-
sion between the donor particles, the second term comes
from the Coulombic attraction between the donors and
the acceptors, and the final term comes fromt he natural
repulsion between the acceptors. Here it can already be
seen that a gap can arise in the energy of the system if
the energies of the repulsions match the energy of the
attractions.

The set of {nj} can be found by minimizing the prob-
lem with a fixed number of electrons « k- Needless to
say this is a very difficult problem. So, instead we use
techniques from density functional theory. To this end
we must introduce some new variables. First is:

H=H-pY ny (3)
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where p is the fermi level(chemical potential) as deter-
mined by the neutrality conditions. While H gives the
energy of the whole system, we are actally interested only
in the single electron energies ¢; rather than the occupa-
tion numbers. The reason being is that we are interested
in is the DOS of a single electron. To simplify the equa-
tions the energy will be measured from the fermi level.
To this end we introduce the term € = €; — . This substi-
tution will give the energy equation for a single electron
as:

B 5= 3 g
€= — | — — —
K & Tik J Tij H

From this equation we can see why the Coulomb pseu-
dogap arises. In this equation the energy of an electron
will equal zero when the repulsive term between the ac-
ceptors is sufficient to cancel with the attractive terms
and then chemical potential. When the energy falls to
zero so must the DOS. This coulombic repulsion between
the electrons is responsible for a gap in the energy. The
energy minimum is effectively pinned to the chemical po-
tentiall Again finding {ns} and {e;} is incredibly diffi-
cult. Each of the variables is dependent on each of the
other variables. In order to solve this the system is first
minimized with respect to one arbitrary ny, then with
respect to two, ...etc. It will be found that this results in
the fermi distribution where n; = 0 for €, >0 and n; =1
for €; < 0. These previous calculations have set up the
distribution of our system in the ground state. We can
now use this information to calculate the energy needed
to begin exciting electrons the system. From this we will
be able to determine the geometry of the system and the
geometries energy dependence. This can then be used to
determine the effect of energy on the DOS.

Now we begin the next approximation. In this we will
consider the narrow band from F = y — % to F=pu+ %
In this band I am concerning my self with the transfer of
one 1 electron from 1 filled donor i to an empty donor j.
With this we can find the energy required to transfer the
electron. This can be calculated from the difference in
the configuration energies. We only need to concern our-
selves with the particles that we are changing because all
of the other particles are constants of the action on the
system. Their configuration energy is the same before
and after the electron exchange. So let us step through
the process of this calculation. First we remove the elec-
tron from the donor to infinity. This requires an energy
€; < 0. When the electron is removed we create a positive
hole in the system. This will make bringing the electron
back to the next state easier. So now we bring the elec-
tron into the previously unoccupied state ¢; In total this
jump causes and energy change of:

e2?

Aij:ej—ei— >0

(5)

KT

The energy must positive because we must increase the
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FIG. 4: This is a graphical representation of the jump across
the fermi level being described.

energy of the system to bring the system from ground
level to the newly excited state. This inequality gives
rise to the coulomb gap in the DOS.

Now we derive the minimum distance between these
energy jumps. To do whis we solve the previous equation
for 7;;. This result is:

e2

k(ej — €i)

Now let us make the smallest possible jump in the system,
from F =y — g to B =p+ %.This is the smallest jump
because it is the exchange of only one electron. The
distance from ¢; to €; reduces to €(see fig 4) and we are
left with a final equation of:

Tij >

(6)

62
"7

(7)

Now let us use this result to calculate the impurity
density of states in 2 dimensions. ( The three dimen-
sional case is analagous in calculation, just replace the
area with the volume.) We will consider a system with
impurities randomly distributed throughout the area un-
der consideration. The impurity density is given by the
equation:

F#Fimp
area

(8)

Now as a part of the approximation we will assume that
the system is homogeneous, and use that to shrink the
area under consideration to include only 1 impurity. The
area in this case is given by r2 ;. So substituting in our
value of r;; we get :

Nimp =

222
K€
Nimp = P (9)
The density of states is given by g(€) = d’zl(gg), resulting
in
2/¢| x>
o (10)

where k is an almost constant function of energy which
is approximately between 4 and 5. We can now use the
result of this section to compare the DOS of the Coulomb
pseudogap to the Dirac Dispersion DOS.
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IIT. COMPARISON OF THE COULOMB DOS

AND THE FERMI DIRAC DOS

The purpose of the derivation was to compare the two
DOS’s. From this we can determine which term will dom-
inate any observations of the DOS that may be made. So:

2k2|€|
64

= 11
NG (i) (1)
w(hvy)?
Recall that ;—20 = % and note that ﬁz% = %. Substi-
tute this in to get:
E i 27k? 2 20.965 — 32.758 (12)
300 o '

Because of such a difference in the amplitude we expect
the the Coulomb Pseudogap might be observed if it is
indeed in graphene.

IV. CONCLUSION

This result shows that the coulombic forces dominate
in the situation where the screening potential is low, i.e.
in the case of suspended graphene. This tells us that the
coulombic affects will dominate any DOS measurements
made. This opens up a way to measure the DOS as a
function of k which is a function of the energy. Using
STM we may get a direct measure of the DOS.

The question arises of how to actually measure this
affect. There are numerous experimental difficulties

that must be overcome. The first difficulty is that the
Coulomb dispersion and the Dirac dispersion are caused
by two fundamentally different phenomenon. The Dirac
dispersion occurs at an energy level such that u, the fermi
level, is zero. it occurs at this point even when there are
impurities which would shift the fermi level. The prob-
lem arises in that the Coulombic dispersions, which occur
from impurities, are centered around the non-zero fermi
level. This can be compensated for by adjusting the bias
voltage to re-center the fermi level back to zero. This will
allow us to have everything on the Dirac dispersion. The
next difficulty arises because we are trying to measure
two linear functions. It becomes very difficult to differen-
tiate between the two. Because the Coulomb pseudogap
is strongly dependent on the dielectric constant and elec-
tron screening we have a way to compensate for this prob-
lems. The first method is changing the substrate. This
will alter the dielectric constant and cause a variation in
the slope of the Coulombic DOS. The other method is
to actually change the bias voltage. This will shift the
Coulomb pseudogap’s position and create strange distor-
tions in the DOS. From these it should be possible to
actually observe the Coulomb pseudogap.
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Probing the Quark Gluon Plasma at the Large Hadron Collider at CERN
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Abstract
Physicists have been getting closer and closer to figuring out what happened during and after the Big
Bang. Currently, we know that within 10* seconds after the Big Bang there existed a state of matter
called a quark-gluon plasma with a temperature of trillions of degrees. The extreme temperature and
density of this matter allowed quarks and gluons to act independently of each other; something which
does not occur in normal matter, as the strong force keeps quarks and gluons confined within hadrons.
However, we can now recreate this quark-gluon plasma in the laboratory using heavy ion colliders, such
as the Large Hadron Collider at CERN. We can probe the quark gluon plasma by searching for events
that contain a Z° boson and a jet of other particles. We know that the Z° does not interact via the color
charge, but that the particles in the jet do interact via the color charge. We can then use the Z’ as a
tagging particle and to figure out how the jet has been changed by the interactions in the quark-gluon
plasma. We will then compare the properties of the these modified jets to those of jets in proton-proton
collisions. We can use any differences that we find to learn about the properties of the quark-gluon
plasma. We will studying this by running Monte Carlo simulations of such events and looking at the
angular and rapidity distributions of the Z° and the jet.
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1 Introduction

In the current universe, conditions are such that all quarks and gluons are confined into hadrons.
Such particles cannot be isolated, as they are confined by the strong force, which becomes stronger as
distance increases between two particles. However, physicists have been able to recreate a state of
matter in the Relativistic Heavy Ion Collider (RHIC) at Brookhaven called a quark gluon plasma(QGP)
by colliding two gold nuclei. They believe that this was the state in which the universe existed 10
seconds after the Big Bang. This “plasma” consists of quarks and gluons which are not confined to
color-neutral hadrons, which creates a strong color field. This is not to be confused with a traditional
plasma, which consists of electrons which have been stripped from nuclei to create a strong
electromagnetic field, though the two have some analogous features. Now that we know that it is
possible to recreate this QGP within particle accelerators, we would like to know more about it's
properties. We plan to study the QGP by looking at proton-proton collisions within heavy ion
collisions at the Large Hadron Collider (LHC) at CERN in Switzerland. We will look at one possible
result of the proton-proton collision—a color-neutral Z° boson and a jet of color-charged particles—
inside of the QGP created by the heavy ion collision and use the analysis of such events to determine
properties of the QGP.

2 Methods and Tools

This summer, we ran simulations under a software package called PYTHIA to simulate
thousands of proton-proton collisions inside of the QGP that would give us the Z° and jet result.
PYTHIA is a program that can generate simulate high-energy physics events such as the proton-proton
collisions we are interested in. PYTHIA contains models and theory for such many high-energy
physics events. However, our team is only interested currently in the simulations of proton-proton
collisions with the aforementioned result. We can specify this within PYTHIA, which allows us to only
look at these interactions, instead of having to sort through a multitude of different interactions that are
not particularly relevant to what we are currently trying to study.

PYTHIA also allows us to specify the number of events we would like it to run. After running
this number of events, it generates an output file in the form of a .root file. This has all of the
information about the energy and direction of the particles resulting from the collision in the form of
what is called an ntuple by ROOT users. ROOT is a physics workstation program that allows scientists
to read in data from this ntuple form and manipulate the data into plots, histograms and other graphs
that allow us to visually analyze the data given to us by PYTHIA. ROQOT can be used for many
purposes, but our main focus at the moment is to use it to analyze the PYTHIA simulation data.
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Abstract

In modeling dense plasmas, the probability of an electron-ion or photon-ion collision is
calculated and expressed using a cross section. For most applications, each collisional
process is treated as independent of the ambient conditions of the plasma medium. Our
research aims at introducing plasma temperature and density dependence into the cross
section calculations to give a more accurate depiction of the occurrent collisions. At high
densities, the presence of other ions nearby effectively partially screens the target ion as
seen by the incoming particle. The LANL atomic collision codes GIPPER and ACE have
been modified to include the static Debye-Hiickel screening factor (which is a function of
both temperature and density.) Two types of collisions have been considered to date:
electron-impact ionization and electron-impact excitation. Results will be discussed and
comparisons made with previous work where possible.

L. Introduction

Plasmas can occur in a large variety of temperatures and densities— from the cold, sparse
plasma of the Earth's ionosphere to the relativistic plasmas of pulsar magnetospheres.'
The focus of our research has been on hot, dense (high-energy) plasmas. Interest in high-
energy plasmas began in an attempt to understand the interiors of stars; now, these
plasmas are studied for their use in inertial confinement fusion (ICF), short wavelength
lasers, and short pulse X-ray sources.” An important distinction between the plasmas in
cosmic bodies and those in the laboratory is that the interiors of stars (apart from
convection zones) can be approximated as being in local thermodynamic equilibrium
(LTE), which are more straightforward to model. Laboratory plasmas are too short-lived
to achieve this state, and models must take into account all specific atomic processes that
can occur.’ There are five important processes that determine ionization balance:
collisional excitation, collisional ionization, autoionization, photoexcitation, and
photoionization. Reaction formulae for the processes are given in Table 1. Our research
has dealt with collisional excitation and collisional ionization.

Murillo and Weisheit, 4-5.
> Ibid., 5.
Ibid., 6.
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Table 1. The main atomic processes that influence ionization balance in plasmas. A represents an ion, €
an electron, y a photon.*

Collisional excitation e+Ai2e +An
Collisional ionization e+ A5 2+ An
Autoionization Ai>e+An
Photoexcitation Y+ Ai 2 Ain
Photoionization Y+Ai e +An

The probability that a particular atomic process will occur is given using a cross section,
which has units of area. The cross section is defined as the probability of observing a
scattered particle in some quantum state per unit solid angle if the target has a flux of one
incident particle per surface unit. Classically the idea of a “cone of observation” is used,
with the target particle taking up some finite area within the cone. The larger the cross
section, the more likely the event is to occur.

do _ Scattered flux per unit solid angle

= 1
d Q Incident flux per unit surface area M
do
= dQ— 2
o=[d0-> @)

For our calculations, a partial wave approximation is used. The wavefunction for each
free electron is assumed to be:

@(K,7)=2a,Y,(0,)F (K, r) 3)

where [ and m are the orbital and azimuthal quantum numbers, and Y and F are the
angular and radial solutions to the Schrddinger equation. The radial Schrédinger
equation is given by:

2 dr’ 27

Ld” (UHD |y F(r)=K7F(r)’ @

where V(r) is the potential and K is the momentum of the free electron.

There are several common choices for V. Perhaps the simplest is the Plane Wave Born
(PWB) Approximation, which takes V(r) = 0. In this approach, the effect of the target ion
on the incident electron is ignored. This approximation is not bad for high energies and
hydrogenic wavefunctions, but for our purposes PWB does not suffice.

4 Abdallah and Clark.
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The Coulomb Approximation improves on PWB by taking into account the effect of the
nuclear charge on the incident electron. In the Coulomb Approximation,

V(r)=— (5)

where Z is the effective nuclear charge. The Distorted Wave Approximation goes further
by including a term for the effect of the target ion electrons as well:

V(}”)=—%+VDW(I"), (6)

where the V ,,,,(r) term approximates the potential due to target electrons.” We used the
DW approximation for our calculations.

I1. Method

Most models that consider excitation and ionization do not take into account the effect of
plasma temperature and density on collisional cross sections. For a cool, sparse plasma,
ignoring temperature and density dependence is a reasonable approximation, as ions are
far enough apart that they do not feel one another significantly. However, in a hot, dense
plasma, nearby ions have a non-negligible contribution to each other's potential, and the
target ion is effectively partially screened as seen by the incident electron. We account
for this effect by using the Debye-Hiickel screening radius:

T
A= <, 7
41N, @

where T, is the temperature and N, is the electron density of the plasma. The screening
radius appears in a screening exponential decay factor of the form:

vy (8)
We took:
VDW(r)zvz};Rl(r) 9

for both our direct and exchange DW potentials, where Vo2 (r) is an (N — 1) electron
Hartree with local exchange potential.®

Mirk and Dunn, 4.
®  Cowan, 198.
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Our calculation could be refined further by using the Close-Coupling (CC) calculation,
which takes into account more quantum mechanical effects. However, considering the
much greater computing time needed for CC, we did not use it in our calculations.

In practice, the Debye-Hiickel screening factor (henceforth DHSF) must be included in
the radial matrix element:

A r r r;;wer _Trz
RNk 1, k1 nl kL= ar, [ ar, e M Py () Py (1) Py(r) Py (1) (10)
0 0 higher

where Fpy., and 7y are min(r,, r;) and max(r;, r;), respectively; as well as in the
potential terms for the Schrodinger equation for the incident and scattered (but not
ejected) electrons:’

1 4* I(l+1) Z _ K’ _
___2+—( 2 )——+sz£(r) P, (r)=—P,(r) (ejected) (11)
2 dr 2r 2
1 2 +1 __r _ __r 2 )
——d—2+l(l - )—Eeuvgx,;(rw P,d(r)=£Pkl(r) (inc. & scat)  (12)
2 dr 2r r 2

The reason we assume the potential of the ejected electron to be unscreened is that we
assume the plasma is dense enough to influence the electron-ion interaction, but not
enough to affect electrons on the target ion. The radial matrix element for the excitation
calculation is similar to the RME for ionization given in equation (10).

In order to implement these changes, existing LANL atomic collision codes were altered.
GIPPER, which calculates collisional ionization cross sections, was modified first. Then
ACE, which calculates collisional excitation cross sections, was altered.

I11. Results

The first benchmark of our results was comparison with a paper by M.S. Pindzola, et al.
In that paper, cross-section data is given for electron-impact ionization of Ne** (Ne** -
Ne’* + €) and Au*™ (Au*™* & Au*™ + ¢). Our results agreed with theirs. For ionization
of Ne**, we had no more than a 5% error. For ionization of Au*"*, we had a 5 to 10%
error. The shapes of the curves matched very well, and peak cross sections occurred at
approximately 320 eV and 5800 eV for Ne** and Au*™, respectively. Pindzola uses a DW

method which is similar to ours. The 5-10% difference in our results could be explained

by the fact that Pindzola uses V ,,,(r)=V?%..(r) for the incident and scattered potentials,

whereas we use V ,,(r)=V 7., (r) for all three electrons. Note that all graphs referenced

from other papers can be found in the appendix.

7 Pindzola, et al.

35



Figure 1. Ne* ionization, cf. Fig. 9.

From our graphs, we see that the cross section goes to zero at the ionization potential,
which occurs at 125.07 eV for Ne** and 2551.7 eV for Au*™*. The cross section reaches a
peak and then has a long tail which extends toward infinity. We also notice that when
plasma temperature and density dependence is included, the cross section always
decreases from the “baseline” (no plasma effects) curve. Lastly, as density increases, the
cross section decreases, and this effect is most noticeable for smaller ions.

Next we did a run of Au*™* ionization again, this time with the temperature and density
parameters used in the paper by Wu, et al. Not surprisingly, our graph had a similar

shape to the run of Au*”* ionization with the Pindzola parameters.

47+ -

Figure 2. Au™" ionization, cf. Fig. 10.
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Figure 3. Au*’* ionization, cf. Fig. 11.

The Wu paper, however, gave a significantly different set of results. First, our baseline
calculation was off from theirs by a factor of two. Second, we show that increasing
density decreases the cross section for all incident electron energies, whereas Wu, et al.
have the opposite trend. Both of these discrepancies were noted by Pindzola. Pindzola
noticed that by turning off the DHSF in the radial matrix element and turning on the
DHSEF in the radial Schrédinger equation for the ejected electron, such a trend could be
reproduced. Even so, however, the temperature and density effects were much smaller
than seen by Wu. We altered the code to be able to turn off each factor independently,
and tried a run using the parameters in Pindzola's explanation. Our results were the same
as those described by Pindzola.

Figure 4. Au*’* ionization with DHSF turned off in radial matrix

element and on in radial Schrédinger equation, cf. Figs. 10, 11.
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For our final test of the modified GIPPER program, we did a run of H ionization, which
was carried out in a paper by Bornath, et al. Coming in to this run, we did not expect our
results to match theirs very closely. One notable difference between the two calculations
is that Bornath includes plasma effects in the wavefunctions for both the bound and free
orbitals, whereas we only alter the free orbitals. Also, Bornath is looking at H(2s)
ionization, not ground state ionization. On a more fundamental level, we have
approached the situation from an atomic physics standpoint whereas Bornath is starting
with plasma physics. Essentially, we are solving the Schrodinger equation first and then
adding plasma effects. Bornath starts with plasma and is not clear on the details of the
actual atomic scattering processes— for example, it appears Bornath uses plane waves for
free electrons, but the paper does not explicitly state so. Nevertheless, we felt it would be
informative to try the run anyway.

Our results did differ from Bornath's significantly. Our baseline calculation matched
well; however, we show decreased cross section with increasing density, whereas
Bornath reports the opposite. Nevertheless, we do not discount our data for the reasons
mentioned above.

Figure 5. H ionization, cf. Fig. 12. (Ry = 13.6 eV; ag = 5.292E-9 cm)

To begin our analysis of our modified ACE code, we did a run of Ne’* excitation, which
was studied in a paper by Whitten, Lane, and Weisheit (with 1s & 2s, 1s = 2p, and 2s 2
2p transitions) and Pindzola, et al. (with the 1s = 2p transition only.) Once again, our
results are quite similar to Pindzola's. For the 1s = 2s and 1s = 2p transitions of the
Whitten run, our graphs match reasonably well, with approximately 15% error on both
curves (with and without plasma effects.) More importantly, our trends are identical,
showing that plasma effects decrease the cross section over all incident electron energies.
The 2s - 2p transition is farther off; however, considering the very low excitation energy
of the transition (0.3 eV compared to 1022 eV for the other two transitions,) and the fact
that plane wave convergence for the 2s - 2p transition is slow, there is more room for
discrepancy.
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Figure 6. Ne’* excitation, cf. Figs. 13, 14.

Finally we did a run of He" excitation, which was also done by Whitten. For this run, we
expected at best mediocre agreement again, as Whitten used the CC calculation
mentioned earlier, while we did not.

Figure 7. He" excitation, cf. Fig. 15.
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Our results did not match terribly well numerically, but again, the trends were similar.
As was the case with Ne*, our results for the 1s = 2s and 1s = 2p transitions agreed
better than the 2s = 2p transition, for the same reason as before. Notably, we did notice
that our results matched theirs more closely for higher incident electron energy. We
attribute this observation to the decreased importance of quantum effects at higher
energies.

Once GIPPER and ACE were successfully modified, an effort was made to change the
way input files were read into the two programs. Originally, each run of GIPPER or
ACE could only be done for a specific temperature and density. Our goal was to be able
to put in a range of temperatures and densities, and GIPPER or ACE would iterate over
an entire grid of values to return one complete output file. We could then input this file
into ATOMIC, another LANL program which calculates rate equations and spectra.
While it is our eventual goal to be able to run multiple temperatures and densities at once,
we put this task on hiatus due to time constraints; instead, we chose to focus on finishing
a full ATOMIC run.

ATOMIC uses the output files from both GIPPER and ACE, as well as CATS, another
LANL atomic collisional physics program which we did not alter. We were interested in
seeing how the modified ionization and excitation cross sections would affect a plot of
radiated power loss (henceforth RPL), which is calculated by ATOMIC. We did
calculations for a Li plasma so that we could compare with the results of Loch, et al.

First, we did the baseline calculation at a density of 10" cm™ and a temperature range of
0.25 eV < T < 100 eV, the same parameters used in the Loch paper. Then we ran
GIPPER and ACE and fed the results into ATOMIC. Our output was nearly identical to
the baseline curve, meaning that the altered cross sections had virtually no effect on RPL.
However, considering that 10" cm™ is a relatively low density, the DHSF has little effect
and we would not expect the RPL to stray very far from the baseline.

In an attempt to obtain results that differed significantly from the baseline, we increased
the density to 10'® cm?, 10" cm?, and 10* cm™. Disappointingly, we still saw practically
no difference from the baseline. Runs with a density of 10* cm™ produced nonsensical
results for our ionization and excitation cross sections, leading us to believe that at such
extreme densities, the static screening approximation breaks down and the DHSF can no
longer accurately model the cross section. See Bornath, et al. for a more thorough
discussion on the limitations of screening factors.

At 10* cm™, we observed an increase in RPL with temperature and density effects taken
into account on the GIPPER and ACE runs. This increase ranges from essentially zero at
a temperature of 0.25 eV to around 60% at a temperature of 25.0 eV. However, these
results must be taken with a grain of salt as the baseline and temperature/density-
dependent cases were calculated with slightly different configurations. In the future we
would like to do a run with identical configurations to be more certain of this trend.
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Figure 8. Radiated Power Loss for Li plasma, cf. Fig. 16.

IV. Conclusions

We have successfully integrated temperature and density effects into the LANL atomic
collisional codes GIPPER and ACE. While published data can vary widely in the
assumptions made and calculations used, we have come to very good agreement with the
collisional excitation and collisional ionization results given in Pindzola, et al. We have
had reasonable agreement with some other papers using similar methods, such as the Ne’*
results in Whitten, Lane, and Weisheit. Finally, we have had poor agreement with some
other papers, such as Bornath, et al. However, considering the discrepancy in calculation
methods, agreement would not be expected and does not necessarily discount our results.
Furthermore, for those papers with which we agreed poorly, we feel we have solid
arguments as to why our results differ.

Using the updated GIPPER and ACE codes, it is now possible to retrieve cross sections
for collisional excitation and collisional ionization for any ion at any temperature and
density (within the hot, dense plasma assumption.) In future research, ATOMIC can be
used to calculate rate equations and spectra for these plasmas.
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VII. Appendix
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INFORMATION (noun): Anything that is...

1) Actionable and expressed in physical form
2) Able to make and sustain more of itself
3) Can be stored
4) Is readable

5) Is non-randomly selected

Explaining information is very difficult in that it usually results in a
wide variety of <circular definitions. Many popular definitions explain
information in the context of how it's transferred, obtained, or what other
words to which it's synonymous. The problem with these definitions is that it
makes it difficult to truly understand what information is and to figure how it
originates. It's important to acquire a more operational and distinguishable
definition of information, seeing how it has become increasingly more important
in today's society, hence this era's title: “The Information Age”.

One of the many ways the new definition of information can be understood
and possibly used would be to model a simple program that implements as much of
the definition as possible. I have developed a code that in a simple and loose
manner incorporates the constraints that form part of the definition. These are
the first steps in achieving a code that would evolve and learn.

So far, a simple source code is all I have accomplished. As I build upon
this simple source code, however, I hope to discover more things about the new
definition of information than I could easily conceptualize through mere
thought. These new insights will form part of the presentation.

I'm working on implementing the elements of the definition to my code in a
more robust form. If successful, I will have achieved the first steps in a code
that would be able to learn, adapt and survive in a given environment. In the
long run, this code could eventually assist the study of artificial
intelligence.

1 INTRODUCTION

The objective in this project can be thought of in three interrelated
parts. The first and most basic part deals with finding possible errors or
misinterpretations in the definition of information, shown above, and
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correcting them.

The second part involves a biological application for the definition in
man-made living protocells. Ironically, the idea for this project actually
originated from the now completed protocell assembly which attempts to produce
an artificial self-assembling nano-scale system. This biological part of the
project aimed to construct a fully operational self-replicating nanomaterial
using a bottomm-up method, contrary to the previously-used top-down method.
Possible applications for this 5nm protocell would be implementing it into a
computer so that the computer would be able to “fix” itself when damaged much
the same way as skin heals itself from scratches. “Future generations of
protocells might be useful for concentrating nuclear waste, metabolizing
toxins, recognizing and neutralizing bio-agents, and addressing a host of other
issues related to the security, human health, environment, energy, materials,
and predictive science programs of the Laboratory.” [1]

The third part involves a machine-based application for the definition
through computer algorithms. The third part can be further broken down into two
main objectives. First, by writing an algorithm using the definition of
information, it would be easier to find flaws (if any exist) or necessary
additions to the definition. For example, one can discover that random
selection is indeed necessary (definition part 5) to “get the ball rolling” and
create a strand of information that can successfully make and sustain more of
itself, thus being able to read itself and store its code. It is trivial that a
physical piece of information would soon become obsolete from thermal noise
(kT) if it does not obtain the ability to copy or maintain itself.

Second, a more useful strategy in writing an algorithm for the definition
of information is its possible application in the expanding field of
evolutionary computing. More specifically, thinking about the three components
of a working system: inputs, outputs and the internal model connecting the two;
the program that simulates the definition of information can extrapolate an
unknown output from known inputs and known models [3].

2 HYPOTHESIS AND PREPARATION

2.1 The Complete Definition

Though the definition displayed above is sufficient for the purpose of
getting a feel for the criteria for something to be called information, it
lacks a solid explanation. That being the case, the following is the official
definition [2]:

1) The selection must take place among actionable alternatives and hence the
information must be actionable. Information that is not (directly or
indirectly) expressed in some physical form cannot be selected.

2) The criterion of selection is directly (and/or indirectly) simply
whatever makes and sustains more of “itself”, namely the information,
e.g., DNA, RNA (i.e. XNA).

a. Note that information makes more information and if it does not, the
information will eventually be lost due to thermal noise that by
thermodynamics always “pushes” one back to the equilibrium state.
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b. Making more information may happen by further selecting among a
finite set of possibilities, bits, or it may imply selecting from a
greater number of possibilities, or bits. The advantage of a
greater number of possibilities or bits to the growth of information
is self-evident, and hence, we define our system of storage as open-
ended.

c. Selecting and making more information locally reduces the entropy.

3) In order to usefully select information, information must be stored
(written); otherwise there is no way to decide that it has been selected.

a. Storage also implies the possibility of multiple copies and hence
“more of itself”.

4) In order to make information actionable, information must be read.
a. Note that XNA reads itself.

5) The selection is made by the environment.
a. Initially this was purely the physical environment.

b. Life itself has become the most important/challenging part of the
environment.

c. This in turn makes information the key environmental feature today.

d. This leads to a continual push or selection for more and better
information.

e. This creates open-endedness, an underlying “property” of life.

2.2 1Issues in Speculation

In order to test each component of the definition, it is beneficial to
take multiple fronts; in our case, biological and computational. As mentioned
before, my particular role in this project is to test the definition using
computational methods. The search for the root meaning of information requires
a great amount of thought and difficult questions are bound to pop up.

1) Question: Is one bit of information in theory sufficient for life
(biological or artificial) to begin? If so, what other preconditions must
the non-thermal environment provide?

Speculation: It is arguable that the origin of information could have been
nothing more than a single binary digit: that some bit (1 or 0) may have been
more adaptive to the given environment than its counterpart. This guess,
however, would more than likely violate the definition because a single bit of
code would by no practical means have the potential to read, store, or
reproduce itself. If that is the case, then some initial violations in the 5%
part of the definition of information must be made to start the life process of
a code strand. As mentioned above, a random unguided natural process seems
necessary to get a possible combination of units that can eventually fulfill
the requirements. The transition from the simplest form of code and life (being
perhaps one bit of binary code) to a reproducible, readable, storable and
actionable strand of information seemingly is a thermally driven generation of
possibilities followed by a down-selection process; this statistically high
improbability of forming “information” is made reasonable with enough trials in
that the high improbability can be overcome.
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2) Question: Is truly new knowledge only gained by trial and error?

Speculation: A similar question would be “Is information truly new if we use
previous information to deduce it?” Apparently one can think of a string ls and
0s as already existing information and applying this already existing string to
an even bigger string would be considered new because it may benefit the larger
string against the environment. However, determining whether it would indeed be
beneficial would only be possible by testing it. Even more speculative, strands
of code can exist in the universe and the act of considering and understanding
these pieces of potential information would be considered newly acquired
information if found to be useful. It can also be put in terms of language: the
English alphabet consists of 26 letters, yet many of their potential
combinations can be thought to produce new information such as words,
sentences, paragraphs and articles. However again, they would only seemingly be
deemed to represent information if they prove to be useful, which again can
only determined by trial and error.

3) Question: What implications do the answers to issue (2)) have on
artificial intelligence and machine learning?

4) Question: What implications do the criteria associated with our
definition and the general open-endedness aspect have for artificial
intelligence and machine learning?

5) Question: Can one begin to explore some of these issues in a
computer/computer algorithm?

Speculation: This last three issues were the prime motivation for my part of
the project in dealing with computers. Artificial Intelligence is still far
beyond my capabilities in computer programming, but the use of Evolutionary
Algorithms (EA) would seemingly be more obtainable as of the near future and
more practical in the short run. The reason for that is EA explicitly makes use
of the method of trial and error to obtain an optimal solution to a certain
situation given the known inputs and relevant model. Instead of the initial
inputs being intelligently picked it is common to put in random data and use
several thousand or even millions of generations of parent selection,
recombination or mutation, and survivor selection to get a global optimum.

3 PROCEDURE AND OBSERVATION

With the time allotted during this summer, I was able to create three
complete workable programs, each more complicated and fulfilling of the
definition than the previous.

3.1 First Program

The first program implemented the 1%%, 3™, and 5 parts of the definition
of information. In detail, this program takes an initialized parent strand (z-
strand) of 10 digits all set to zero and creates ten offspring from it while
choosing one random digit in each offspring to manipulate in the range of 0-9.
In the manipulation process, that one digit either increments, decrements or
stays the same as the parent strands' digit. After that, one offspring (or the
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parent strand itself) is selected based on the sum of its 10 digits: the
highest sum gets selected. If there are more than one offspring with the same
highest value, the program just selects the first one it evaluates. The
selected strand then becomes the parent strand and the whole process loops over
again until a maximum sum is reached, predictably, 9 9 9 9 9 9 9 9 9 9. The
output of the program's execution is shown below:

Generation: 1

zstrand: 0 0 0 0 000 0O0O

astrand: 0 0 0 0 0 01 000 bstrand: 0 0 0 0 0 0 0 0 0 O
cstrand: 0 0 01 0000000 dstrand: 0 0 0 0 0 0 0 00O
estrand: 0 0 01 0 0 0000 fstrand: 0 0 0 0 01 0 00 O
gstrand: 0 0 0 01 0 0 0 0O hstrand: 0 0 0 0 0 0 0 0 O O
istrand: 0 0 0 0 0 0 1 0 0 O jstrand: 0 0 0 0 0 0 0 0 0 O
Selection is: Strand A Selection is: Strand C Selection is: Strand E
Selection is: Strand F Selection is: Strand G Selection is: Strand I
Selection Value is: 0.10

Generation: 79

zstrand: 97 97599 499

astrand: 9 7 9 75 9 9 4 9 9 bstrand: 8 7 9 75 9 9 4 9 9
cstrand: 9 7 9 76 9 9 4 9 9 dstrand: 9 7 9 75 9 9 4 9 9
estrand: 9 7 9 75 9 9 4 9 9 fstrand: 9 7 9 758 9 4 9 9
gstrand: 9 7 9 758 9 4 9 9 hstrand: 9 7 8 75 9 9 4 9 9
istrand: 9 7 9 75 9 9 4 9 9 jstrand: 9 7 9 759 949 9
Selection is: Strand C

Selection Value is: 7.80

Generation: 103

zstrand: 9 9 9 9 9 9 9 89 9

astrand: 9 9 9 9 9 9 9 8 9 9 bstrand: 9 9 9 9 9 9 9 8 9 9
cstrand: 9 9 9 9 9 9 9 9 9 9 dstrand: 9 9 8 9 9 9 9 8 9 9
estrand: 9 9 9 9 9 8 9 8 9 9 fstrand: 9 9 9 9 9 9 9 8 9
gstrand: 9 9 9 9 9 9 9 9 9 9 hstrand: 9 9 9 9 9 9 9 8 8 9
istrand: 9 9 9 9 9 9 9 7 9 9 jstrand: 9 9 9 9 9 9 9 8 9 9
Selection is: Strand C Selection is: Strand G

Selection Value is: 9.00

51



The program examined/fulfilled the 1°* part of the definition because the
integers in each digit of each strand is expressed by a collective state of
many logic gate outputs in the computer; by the same concept in bistable multi-
vibrators, the 3™ part is also fulfilled; lastly, the selection process in this
program is non-random, fulfilling the 5 part of the definition as well.

3.2 Second Program

The second program seemed to stray off the topic of self-correcting
entities, but did pave the way to my third program which took this idea to a
more complicated level. This program does not have a parent data strand create
multiple mutated copies of itself, but it does preserve favorable qualities and
easily discards everything else; it also makes it easier to analyze the basic
properties of selection processes. In detail, this program initializes what
will become the “living strand” with all digits at zero. The “correct strand”
is initially set to a predetermined combination in which if the “living strand”
matches it, will execute a certain operation. Getting the “living strand” to
match the “correct strand” proceeds via a randomization process involving the
“randomization strand”. Each generation the “randomization strand” will dish
out a string of thirty random numbers between -9 and 9. If the right number in
the right digit of the “randomization strand” matches that of the “correct
strand”, then the “living strand” will take and preserve that number in its
correct digit place.

This simple display of selection and preservation demonstrates its
effectiveness in evolution, such as that of information. With thirty digits,
each with 19 possible values (-9 to 9, inclusive), getting the correct
combination that mimics the “correct strand” with out the use of selection and
preservation would theoretically take 19730 trials. With the use of selection
and preservation, however, the number of randomization trials gets drastically
reduced to an average (over 100 program executions) of 78.71. As shown in the
scatter plot below, the density of points lie between 50-100 trials for a
perfect match of 30 digits with 19 possible integers per digit.
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Graph 1 — A scatter plot of the Number of Trials for all 30 digits of the “living strand” to
match that of the “correct strand” for 100 program executions.

In theory, 78.71 would be the number of trials for the last digit (of all
30) to match the “correct strand” in a randomization process. Intuitively, 19
trials should be enough to yield a correct combination of 30 digits, since each
digit has to only get the correct number once to be preserved and the majority
of digits would yield a correct number by 19 trials. However, for 30 different
digits in which one needs to get the correct number (in a range of 19) the
program would only terminate if all 30 got it correct.

Of the 30 digits, on the first trial I would expect to get 30/19 correct,
leaving me with 30 - 30/19 to get right on the next trial which is, again,
completely random. On the next trial I would expect to get (30-(30/19))/19
correct digits leaving me with 30 — 30/19 - (30-(30/19))/19 to
get right on the next trial. Continuing this down, on each subsequent trial I
will on the average get fewer correct digits numbers. In fact, when I only have
one remaining digit to get right, it would take me an additional 19 trials on
average. The above sum will be far more than 19 as you can (and do) easily see.

Taking a different approach, looking at a frequency distribution for the
number of trials it takes to get one digit to be the correct number out of 19
possible values, the highest value for the number of trials is roughly 78, as
observed from 30 executions from the program. Note that 30 executions of
randomizing one digit in a range of 19 is the same as taking 30 randomized
digits in a range of 19 as each of the 30 digits can be thought of and treated
separately.
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Shown below, is a random summarized execution of the program.
Interestingly, yet intuitively, one realizes from looking at the output data
that the improvement of the “living strand” from selecting and preserving
correct integers decelerate exponentially as the trials reaches its end.
Obviously this deceleration would be due to fewer opportunities for correction
(explained above) as the preserved integers in their correct order does not
change after its placed. Coincidently, I observe this phenomenon in all three
of my programs, each using the “select and preserve” method, though in a
different manner.

Generation: 1

Randomization Strand: 9-51302-3063-347-88-5-5-2-439-7-76-4-7-2534
Living Strand: 000000000000000000000000000000

Correct Strand: -94-84-64-54-44-234-54-34-13404-7514-5423

Generation: 2

Randomization Strand: 9280-7-59-115-77-466-977-5-70-5-73-9-52-19-5
Living Strand: 0000000000000000000000-70000000

Correct Strand: -94-84-64-54-44-234-54-34-13404-7514-5423

Generation: 48
Randomization Strand: -9-2-5-3-2-2554-264-13-32-52-8901-6-97871-5-1
Living Strand: -94-84-64-5404-204-54-34-13404-7510-5423

Correct Strand: -94-84-64-54-44-234-54-34-13404-7514-5423

Generation: 83

Randomization Strand: 76-40-22-2-1-484-561-8-17992-7-189-3-3-9415
Living Strand: -94-84-64-5404-234-54-34-13404-7514-5423

Correct Strand: -94-84-64-54-44-234-54-34-13404-7514-5423

Generation: 84
Randomization Strand: -8-2-2-6465-7-8-975-81-7-76985-2-9-6-47-3277-6
Living Strand: -94-84-64-54-44-234-54-34-13404-7514-5423

Correct Strand: -94-84-64-54-44-234-54-34-13404-7514-5423

Execute Operation!

54



3.3 Third Program

Though these two programs implement (very loosely) the 1%%, 3*¢, and 5%
part of the definition of information, they still lack sophistication to
reproduce on their own (2™ definition part) and to be able to read/evaluate
itself for selection (4 part). My third program aimed to make a population of
data strands (strings of numerical characters that hold meaning and gives it
abilities) that, based on their code, are able to do multiple tasks. The first
task that came to mind and that is undoubtedly important in any individual life
form is reproduction. I figured that in the future I or someone working with my
program will want to add a few more simple or complicated qualities that each
data strand can potentially have, so I made my program easily manageable for
modification. Since this project would be substantially more complicated that
the previous two, there are obviously more things to consider.

3.3.1 Difficulties

An underlying difficulty is understanding the nature of information and
how it may have originated so my program can mimic this nature as closely as
possible. Obviously, a possibly closest mimic one could get to the actual
nature of information by means of machine would be to produce a code that could
ultimately write itself. More explanation will be given later when I briefly
discuss my attempt to do just that in my fourth project element.

The rest of the decision making process was no easier. It is important to
realize the many factors that go into evolutionary computing of all types:
representation, evaluation/fitness function, population, parent selection
mechanism, variation operators, survivor selection mechanism, initialization
and termination conditions to name most. For each situation, each component of
an evolutionary algorithm (EA) should be considered and carefully selected so
as to not make the program converge too quickly, leaving the termination result
a “local optimum” instead of a desired “global optimum”, or too slowly, leaving
the program taking too long to agree on a single “optimum”. Specifically, one
would have to consider binary representation or integer representation,
recombination or mutation, stable population or increasing population, etc.

Even beyond that, there are multiple types of mutations and recombinations
for both integer representations and binary representations. For example, in
binary mutations there is “bit flipping”, which simply takes a digit and flips
it (1 to 0 or 0 to 1). In contrast, in binary recombinations there is the “one-
point crossover” case for which one takes a randomly selected point in both
parents and switches the part after that point to create two different
offspring. There is also the “multi-point crossover” case, in which one
randomly selects a number of crossover points for both parents and alternates
between trading and keeping the parts between the crossover points to create
two different offspring and finally there is the “uniform crossover” case in
which considers each digit of an offspring and uses a probability value to
decide which of the two parents to copy from.

Again, depending on the situation and conditions of the problem you are
trying to solve, one option may be better than another. However, each option
has its flaws and biases. The one-point crossover is good for strands of code
that require a certain correct combination of it's digits to operate, but that
crossover technique has a tendency to split around the middle part of the
strand and almost never on the sides and the ends. Uniform crossovers equally
consider every part of a data strand, but it would not be a good option for
strands with sensitive combinations. If one would want to use an integer
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representation instead of a binary representation for the set of data strands,
the mutation and recombination options become a lot more complicated (depending
on your problem condition).

3.3.2 Details of Program Operation and Procedure

Taking all those caveats into careful consideration, I figured the best
way to eventually construct an optimized program for my objective is to use the
method of “build and modify”. Indeed, the essential properties of evolution
comes from multiple cycles of modification. Relying on that comforting ideal,
I've decided to partake the following options:

Representation A binary string whose length that is randomly selected (between 0
and 1000)

Recombination Uniform crossover of two parents of the same strand length

Recombination Depends on the code, where a 7 digit binary value (from 1 to 127)

Probability (RP) relates directly to the percentage probability of recombination

between two parents (if value is over 100%, then it is read as 50%)

Recombination Crossover |Depends on the combined values of the two parents' individual
Probability (RCP) Recombination Crossover Probability. They both individually obtain
a value of the RCP the same way they obtain the value of the RP
(through a 7 digit binary value)

Mutation Binary inversion (ls become 0s and 0s become 1s)
Mutation Probability Depends on the code, where a 7 digit binary value (from 1 to 127)
(MP) relates directly to the percentage probability of successful

mutation (if value is over 100%, then it is read as 50%)

Mutation Digit Depends on the individual's code. It obtains a value of the MDP the

Probability (MDP) same way it obtains the values of the MP (through a 7 digit binary
value)

Parent Selection If the parent(s) possess the correct binary sequence, then the

parent(s) will possess the qualities to reproduce through either
mutation or recombination

Survival Selection The number of working parts in a data strand based on a Fitness
Value scoring method

Initial Population Size |100 randomized data strands (where each digit in each strand is
randomly picked to be either 1 or 0)

Maximum Population Size |1000 (one-thousand)

Maximum Strand Size 1000 digits
Number of Offspring Depends on the combination of the binary sequences for a strand
Initialization 100 randomized data strands with length that is randomly selected

(between 0 and 1000)

Termination Condition 10 selection cycles

Table 1: Details on the components and operations of my program.
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My program will initialize, evaluate, select and reproduce (make exact or
manipulated copies). Then, it will restart the cycle over again (except the
initialization part) until a termination condition is met. I will represent the
concept of “information” with a single string of binary numbers. As mentioned
above, this string can be from 0 to 1000 digits long and altogether there will
be 1000 strands (representing 1000 individual living entities). Depending on
the combination of its binary sequence (e.g. 10011101001), it will be able to
apply certain qualities that are defined by a list of “selection sets”.
“Selection Sets” (shown below) are strings of binary sequences of a certain
length (much like the data strands), depending on which selection set, that a
given data strand in the population will have to match in order to receive that
quality to which the “selection set” pertains. Altogether there are eight
selection sets (two main selection sets with three sub-sets underneath each).
More detail on these “selection sets” is given in the following table and
procedure:

Abilities: Number of digits a data strand has to match: |Selection Set
Name:

Reproduce through 10 RR

recombination

Recombination probability +7 where the binary value is the percentage; |RP

and if over 100%, then = 50%

Uniform crossover probability +7 where the binary value is the percentage; |RCP
and if over 100%, then = 50%

Number of recombination trials |+(0-100) where the number of digit matches is|RT
the number of trials

Reproduce through asexual 10 RM
mutation
Mutation probability +7 where the binary value is the percentage; |MP

and if over 100%, then = 50%

Mutation digit probability +7 where the binary value is the percentage; |MDP
and if over 100%, then = 50%

Number of mutation trials +(0-100) where the number of digit matches is |MT
the number of trials

Table 2: Selection Set details (the procedure below will explain more about this).

1) Four of the eight selection sets (RR, RP, RT, RM, MP, MT) are randomized
(meaning that each digit of a selection set is randomly put to either 1
or 0). The length of each selection set has been predetermined and is
given in Table2 shown above. For instance, the selection set RR has 10
randomized digits and selection set RT has 100 randomized digits. The
reason four of the eight selection sets (RP, RCP, MP and MDP) are not
included in the randomization process is because their criteria for a
data strand to obtain their quality depends solely on the binary value
(i.e. 0001101 = 13) that the data strand holds. For instance, if a part
of a data strand has 0110001, then the RCP or MDP (depending on what you
are looking at) will be 49.
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2)

3)

4)

5)

6)

An initial population (in this case 100) of data strands are created.
Each data strand is composed of a random number of digits in which its
maximum is 1000.

Each of the 100 data strands are then randomized (meaning each digit of a
data strand is randomly put to either 1 or 0). For example: a data strand
of length 10 COULD be randomized to look like this: 0010111010 or some
other combination of 1s and O0s.

Next, the fun begins. Each data strand of the initial population will be
evaluated individually. For each evaluation, my program will first check
to see if the data strand has the qualifications to reproduce through
recombination (meaning the data strand will possibly be able to find a
mate and create offspring). If the data strand happens to have the
qualifications for that, then the program will then check to see the data
strand's probability of reproduction through recombination (RP) (how
likely it will successfully create offspring), the data strand's
crossover probability (RCP) (the chance that each digit of its offspring
will be the same binary number as the data strand being evaluated) and
the data strand's number of trials (RT) (the number of chances it gets to
mate). Notice that the number of trials and the data strand's
recombination probability go hand-in-hand; the more trials, the less of a
probability value needed, and vice versa. If the data strand has more
than one complete match of the RR selection set, then the program will
randomly take just one match of all RR matches and evaluate the
associated selection sets (RP, RCP, RT).

After the program finishes evaluating the data strand's recombination
abilities, it puts it to use. If the data strand happens to have the
ability to recombine with a mate, the program first randomly finds a mate
of the same strand length. Depending on the data strand's recombination
probability (RP) and its number of given trials (RT), it may or may not
produce an offspring. If the data strand and its mate does produce an
offspring, the program takes into account both the data strand and its
mate's recombination crossover probability (RCP). What happens is the
program normalizes the two RCPs. The normalization of two numbers is
their ratio equivalence in which if summed together would equal 100. For
example, if the data strand has an RCP of 68 and its mate has an RCP of
25, then the normalization of the two, respectively, would be 73.12 and
26.88. Depending on these ratios, the chances of each digit of the data
strand's offspring to possess the same binary value as the data strand
would be roughly 73% and 27% for the data strand's mate.

Next up is the program's evaluation to see if the same data strand has
the qualifications to mutate. The program goes on to evaluate its
mutation abilities much the same way it evaluates its recombination
abilities. It first checks whether or not the strand has the right
combination (matches the RM selection set) to reproduce through mutation
(meaning a data strand can asexually make a copy of itself with possible
variations in the offspring). After that, again, it will check the data
strand's probability of mutation (MP), the data strand's digit
probability (MDP) (the chance of occurance that each digit of its
offspring will invert rather than stay the same) and the data strand's
number of trials (MT). Again, if the data strand has more than one
complete match with the RM selection set, then the program will randomly
choose just one match and then evaluate its associated selection sets
(MP, MDP, MT).
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7)

8)

2)

Also much the same way, the program will then implement the data strand's
mutation qualities, if it has any. If the data strand has the qualities
to mutate, the program will then give it an MT number of trials, each
with a probability MP. Mind you, this is the same thing that happened
with the implementation of the same data strand's recombination abilities
(if any). Next, if the production of an offspring is successful, then the
program uses the data strand's digit probability (MDP) to decide whether
or not each digit of the data strand's offspring will invert or stay the
same as the digit of the data strand.

It is quite obvious that eventually, with reproduction going on with each
individual data strand in an initial population, that the maximum
population will be reached and no more "room" will be available. This is
where the heart of the program takes place: competition. There are many
types of competition, but the one that I liked was called Tournament
Selection (usually for unknown populations or systems in which one cannot
guess the population at a single given time). When the maximum population
is reached, the program will randomly pick two data strands in the
population pool and evaluate them both according to their "fitness value"
(a value given to each individual data strand that quantitatively
measures its abilities defined by how many selection sets the data strand
matches or optimizes). Here is how the "fitness value" for an individual
data strand gets measured: 1. The data strand gets 100 points for every
RR (ability to recombine) it possesses and every RM (ability to mutate)
it possesses.

2. For the one randomly selected RR or RM (if the data strand has more
than one), the data strand will get additional points correlating to the
randomly selected RR and/or RM's associated selection sets ((RP, RT) or
(MP, MT)). Notice that RCP and MDT are not included here because their
values are usually neither beneficial nor deleterious to a given data
strand. So, the data strand will get additional points correlating to the
binary values of the RP and MP, which is pretty much the same as the
percentage probability of reproducing through mutation or recombination
(which ever the data strand possesses).

3. As for the number of trials (RT and MT), the data strand will get
additional points correlating to the number of trials times 10. So if the
data strand possesses 3 trials for mutation and 4 trials for
recombination, then for this part, the data strand has gained 70 points.
The two fitness values for the two randomly selected data strands are
then normalized (the term “normalized” explained above) and the yielded
values determine the probabilities of one winning over the other. Say if
the normalized fitness values for two data strands are 75 and 25, then
the data strand with the normalized fitness value of 75 has a 75% chance
of winning and being selected to survive. This competition process may go
on for as long as I want. So if I decide to have it go for 10 cycles,
then altogether 10 competitions will take place and 10 losing strands
will be deleted.

After 10 competitions, the program will randomly select one survivor (who
competed) to implement its reproduction abilities to possibly create new
offspring and fill up the vacancies in the population from the deleted
strands. If one survivor didn't f£ill up all the vacancies, then the
program will loop around and select another survivor (who competed) to
possibly finish filling up the vacancies.

10)After the population reaches its maximum again, the cycle of competative
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selection goes again until a termination condition is reached in which
the program will terminate.

3.3.3 Analysis of the Program

Given all of these circumstances, about 1 in every 10 runs of the program
actually yields surviving strands. The rest terminate shortly after the
randomization of the initial population.

As predicted, though still questionable (based on my particular program)
the Fitness Value of the surviving strands gradually increased. Sometimes,
however, a lower Fitness Value strand fills the vacancies after competition and
the total population's Fitness Value goes down as a whole. Following is a
sample of a few Fitness Values taken in undetermined intervals during a run of

250 generations:

Analyzed Generation First Common Second Common Third Common
(of 250 generations) Fitness Value Fitness Value Fitness Value
1°* 0 393 190
2nd 171 393 418
3 393 428
4 190 393
5th 428 383 418
6" 393 428
7" 190 428 393
gth 393 495 428
gtk 393 428
10t 428 393 190
11t 418 428 393
12t 383 418
13tk 428 393
14 428 393
15 418 383
16t 393 383
17t 393 418 428
Table 3 — The Fitness Values of a few winning strands who competed. This was taken over 17

undetermined generations spread out over a total of 250 generations.

to lack of variation in the observed Fitness Values.

60

Some cells are empty due




The downfall, and possibly a predicting factor, in this program is the
lack of diversity. One type of strand (determined by its length) takes over a
good portion of the population very quickly because the majority of all
initialized strands (100) have a fitness value of 0, which reproduces nothing.
Other than that, I expected a little variety in Fitness Value for successive
generations due to mutations, however the values seem to converge fairly
quickly to a local optimum. The convergence factor was one of the warnings that
I considered before starting this program, as mentioned in 3.3.1
(Difficulties). Since this was my first trial though, all that is needed is
constant modification to prevent homogeneous population outcomes. The first
modification should be replacing uniform crossover recombination with one-point
crossover. As mentioned earlier, uniform crossover ensures equal chances that
each portion of a data strand gets mutated. However, it also falls short for
strands whose digit combinations are both large and sequence-sensitive, which
is the case for my program. The second improvement should be fixing the
mutation operators so there can be more diversity in data strand types, and
thus a better chance of reaching a global optimum.

3.4 Fourth Program

Unfortunately, my fourth project was not a complete success, largely due
to the little time that remained in the summer when this effort was undertaken.
The objective of this program was to create a potentially working source code
by having a data strand randomly put together a string of command fragments.
Depending solely on what the string of command fragments is, that command
string will either fail to compile or will compile and execute. As mentioned
earlier in this paper, this is potentially the best possible way of
implementing the definition of information. It is, most importantly, as open-
ended as the Python language that I was using. Any possible command or
collection of commands that the data strand automatically constructed will be
implemented, whether or not I knew about the command before. The problem with
attempting to construct this type of program is the issue with the data strand
defining and implementing its own code. Say, in order for the data strand to
copy itself, it must first obtain the code to do so. But what is the code that
says “Copy me!”? In order to copy something, such as an array, you must first
define it before or in the for loop:

input:
Arrayl = [1,2,3,4,5]
Array2 = []
for i in Arrayl:
Array2.append(1i)
output:

Array2 == [1,2,3,4,5]

With the time allotted after the third project, I was unable to figure out how
to define an actual source code and duplicate that source code without changing
it first. Once you've defined the source code to duplicate, you've changed that
source code and thus, would have to redefine it. This would create an infinite
loop of regression. That being the case, the other option that was considered
was to create two files of the exact same source code: one for analyzing and
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implementing; the other for being the code that gets implemented. For instance,
I can have a file with a code that was randomly constructed from command
fragments and does absolutely nothing because of the incorrect placement of
these fragments; the file then automatically copies itself into another file of
the same type. After that, the code somehow analyzes itself and implements
whatever it analyzes, whether it be to duplicate something or to delete it, to
the newly copied file. The problem, again, with that is that I would have to
give pre-programmed cues to implement whatever the code has, which brings
nothing new to this program that hasn't been done before in my first three
programs. The big problem that I was trying to overcome that I hadn't in my
previous three programs was to have the program be able to read itself and
manipulate itself accordingly without my assistance. Making a workable program
that can read itself will require more research.

4 CONCLUSION

For this summer, I was able to test the elements of the proposed new
definition of information, albeit very loosely. As mentioned earlier in this
project, information was expressed in physical form by the collective states of
countless logic gate outputs inside the computer. Information was also able to
sustain and make more of itself by implementing the qualities of recombination
and mutation defined by the selection sets. Information was able to be stored
in memory through an array defined in the program. The stored information was
readable to humans (only) through each data strand's binary combination: the
qualities of each data strand gets printed on the console during each
execution. And lastly, the selection of each initially randomized data strand
was certainly non-random as it kept the fittest and deleted the less so.
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Modeling the Emission from the Supermassive Black Hole in the
Galactic Center Using GRMHD Simulations

Kyle W. Martin,! Siming Liu,? Chris Fragile,®> Cong Yu,* and Chris L. Fryer 2°
ABSTRACT

Sagittarius (Sgr) A* is a compact radio source at the Galactic center, pow-
ered by accretion of fully ionized plasmas into a supermassive black hole of
~ (3 —4) x 10°M¢. However, the radio emission cannot be produced through
the thermal synchrotron process in a gravitationally bounded flow (Liu & Melia
2001). General relativistic magneto-hydrodynamical (GRMHD) simulations of
black hole accretion show that there are strong unbounded outflows in accom-
pany with the accretion. With the flow structure around the black hole given
by GRMHD simulations, we investigate whether thermal synchrotron emission
from these outflows may account for the observed radio emission and discuss
the implications of this study on these GRMHD simulations and possible pro-
duction of non-thermal particles by this source. We find that simulations pro-
ducing relatively high values of plasma [ cannot produce the radio flux level
without exceeding the X-ray upper limit set by Chandra observations through
the bremsstrahlung process. The predicted radio spectrum is also harder than
the observed spectrum both for the one temperature thermal model and a simple
nonthermal model with a single power-law electron distribution. Since higher fre-
quency emission is produced at smaller radii, the electron temperature needs to
be lower than the gas temperature near the black hole to reproduce the observed
radio spectrum. A more complete modeling of the radiation processes, includ-
ing the general relativistic effects and transfer of polarized radiation, will give
more quantitative constraints on physical processes in Sgr A* with the current
multi-wavelength, multi-epoch, and polarimetric observations of this source.
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Subject headings: acceleration of particles — black hole physics — Galaxy: center
— plasmas — radiation mechanisms: thermal, non-thermal

1. Introduction

Sagittarius (Sgr) A* the compact radio source at the Galactic center, is powered by
accretion of a supermassive black hole of ~ (3 —4) x 10°M (Schodel et al. 2002; Ghez et
al. 2004) in the prevailing stellar winds in the Galactic center region (Melia 1992). The
bolometric luminosity of Sgr A* is more than 9 orders of magnitude lower than the corre-
sponding Eddington luminosity, suggesting a radiatively inefficient accretion flow (Melia et
al. 2001; Yuan et al. 2003). The radiative cooling processes therefore may be ignored while
studying the dynamics of the accretion flow near the black hole, which simplifies the dy-
namical equations and the corresponding numerical algorithms significantly. Several general
relativistic magneto-hydrodynamical (GRMHD) codes have been developed over the past
few years to study the structure of non-radiative accretion flows near black holes quantita-
tively (De Villiers et al.  2003; Gammie et al. 2003; Anninos et al. 2005). Given the
extensive observations available for this supermassive black hole, it provides perhaps the
best opportunity to study the physical processes in the strong gravity near black holes with
GRMHD simulations (Falcke et al. 2000; Huang et al. 2008).

The observed linear polarization and variability of the millimeter to near-infrared (NIR)
emissions suggest that they are produced by the synchrotron process near the black hole
(Aitken et al. 2000; Melia et al. 2000; Genzel et al. 2003; Eckart et al. 2004, 2006). The
longer wavelength emissions are circularly polarized (Bower et al. 2001) with weak linear
polarization observed during frequent outbursts or flares (Zhao et al. 2004; Yusef-Zadeh
et al. 2007), which in combination with the continuity of the centimeter to sub-millimeter
spectrum suggests a synchrotron origin for the longer wavelength emissions as well (Falcke
et al. 1998; An et al. 2005). However, the longer wavelength flux densities are less variable
than the millimeter and sub-millimeter flux densities, indicating emissions from relatively
larger radii (Falcke & Markoff 2000; Liu & Melia 2001; Herrnstein et al. 2004). Indeed,
the millimeter and higher frequency emissions have been explained reasonably well with an
accretion torus within ~ 10 rg of the black hole, where rg is the Schwarzschild radius (Melia
et al. 2000; Goldston et al. 2005; Liu et al. 2007); And high spatial resolution VLBI
observations do show that the intrinsic size of the millimeter emission region is within 20 rg
in radius (Bower et al. 2004; Shen et al. 2005). While the general relativistic (GR) effects
are important for these shorter wavelength emissions originating near the black hole (Huang
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et al. 2008), the longer wavelength emissions are produced beyond ~ 10 rg so that the
GR effects are insignificant and one may readily use the GRMHD simulations to model the
observed emission without using the sophisticated GR ray-tracing radiation transfer codes
of polarized synchrotron emission (Broderick & Loeb 2005).

High resolution X-ray observations with the Chandra space telescope shows that the
quiescent X-ray excess from the direction of Sgr A* is extended and has ion emission lines
in the spectrum, suggesting that the emission is mostly produced at large radii near the
capture radius of the accretion flow by a plasma of a few keV in temperature (Baganoff et
al. 2001, 2003; Xu et al. 2006). X-ray flares are routinely observed from the direction
of Sgr A* (Belanger et al. 2006). Their spectra can be fitted with a featureless power law
(Porquet et al. 2003), and they appear to be always accompanied by NIR flares, which are
produced near the black hole (Eckart et al. 2004, 2006; Yusef-Zadeh et al. 2006, 2008). The
correlation between the NIR and X-ray flares indicates a synchrotron self-Comptonization
(SSC) origin for the X-ray flares (Markoff et al. 2001; Liu & Melia 2001), though the X-ray
flares may also be produced via the bremsstrahlung process enhanced by instabilities related
to the accretion process (Liu & Melia 2002; Tagger & Melia 2006).

The quiescent state X-ray emission from the inner accretion flow therefore must be lower
than the observed flux level. X-ray emission can be produced through both the SSC and
bremsstrahlung process. The observed high radio flux level and low upper limit of X-ray
flux suggest that the radio emission cannot be produced via thermal synchrotron emission
in a bounded flow (Liu et al. 2001). It therefore has to be produced by unbounded outflows
and/or by nonthermal populations of relativistic electrons. Given the non-radiative nature
of these simulations, strong outflows and winds appear to be inevitable, especially for highly
spinning black holes (Noble et al. 2006; Hawley et al. 2007). In this paper, we investigate
whether emission from these simulated accretion flow can count for observations of Sgr A*
self-consistently.

We carried out 2-dimensional (2D) GRMHD simulations with the Cosmos++ and
HARM codes (Gammie et al. 2003; Anninos et al. 2005) assuming axis-symmetry of
the accretion flow. The axis of the accretion disk therefore must be aligned in the equato-
rial planes of spinning black holes. The length scale is determined by the black hole mass.
Since no radiative cooling is included, the density is scaled linearly with the mass accre-
tion rate, and the gas temperature and plasma (3, defined as the ratio of the gas pressure
to the magnetic field pressure, are independent of the black hole mass and accretion rate.
GRMHD simulations give the gas density, pressure, and magnetic field. The gas temperature
can be derived from the equation of state. The mass of the supermassive black hole in Sgr
A* is well-measured by observations of stellar orbits around the black hole (Schodel et al.
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2002; Ghez et al. 2004). One therefore needs to adjust the accretion rate, black hole spin,
and electron distribution to fit the observed spectrum of Sgr A*. We consider both a one
temperature and a two-temperature model of electrons in the thermal synchrotron emission
scenario. For non-thermal synchrotron models, the electron distribution is assumed to follow
a steep power-law with a low energy cutoff.

In § 2 we discuss the methods that we used to model the emission spectra from the
simulated accretion flows. A detailed discussion of our results and the implications are given
in § 3.

2. Modeling the Emission Spectrum

We run the Cosmos ++ code over a simulation domain of 218 rg in radius. Initially,
there is an equilibrium torus centered near 100 rg. Under the influence of the strong gravity
of the central black hole, the torus evolves and the magneto-rotational-instability sets in and
induces the accretion process (Balbus & Hawley 1991). Specific attributes of the accretion
disk were examined and the magnetic field, temperature, and particle density profiles are
shown in figure 1. Because the simulation was run until the dynamical time near 100 rg, the
initial torus structure has not relaxed and there is a second high dense region of particles at
~ 100 rg. If the simulation were allowed to run longer this region of high density would be
pulled closer to the black hole.

We first consider the simplest case, where electrons and ions reach thermal equilibrium
throughout the simulation domain, so that the electron temperature is given by the gas
temperature. The synchrotron emission coefficient at frequency v is given, respectively, by
(Pacholczyk 1970; Mahadevan et al. 1996; Liu et al. 2006)

_E

4rmec?

&, (V)

Bnz, I(xy,), (1)

where

e 2

v Ve 3eBy? 2)

I(zy) = 4.05052,%(1 +0.402,* + 0.53162,,'/?) x exp(—1.88992/3) (3)
kBTe

c — . 4

7 M2 (4)

The magnetic field, gas density, and electron temperature are indicated by B, n, and T, = T,
respectively, where T' is the gas temperature, and e, m, ¢, and kg are the elementary charge
unit, electron mass, speed of light, and the Boltzmann constant, respectively. The left and

66


sharonm
Rectangle


Temperature Particle Density

218

-218
1

Fig. 1.— Left: The magnetic field in units of Gauss in a logarithmic color scale for the

simulation with the Cosmos+4. Middle: Same as the left panel but for the temperature

in Kelvin. Right: Same as the left panel but for the particle number density in cm™3.

The outermost high density region corresponds to the position of the initial torus. If the
simulation were to run longer this region of high density at about 100rg would merge with
the inner high density region.

middle panels of figure 2 show the profiles of £ at 1.0 and 100 GHz, respectively. The
corresponding absorption coefficient x, and the opacity 7 along the light of sight of the
accretion disk is given, respectively, by

HV—L T:/liydl, (5)

- 2pemer?’
where the integration of 7 is along the light of sight from the observer into the source region.

Then the observed flux density from the accretion flow (Melia et al. 2001)

F,(v) = * /I,, ds, (6)

where
I, = /&,ea:p(—T) dl,

is the specific intensity and D is the distance to the Galactic Center and the integration of
F, is over the projected area of the source. For a face-on disk with the observer located
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at z = D, the radio spectra are shown in the left panel of figure 3 for several values of
the density normalization. These values are chosen so that the model spectra embrace the
observed flux densities. The red line with a 10 times higher density profile than that shown
in figure 1 gives the best fit to the observed spectrum.

However, the high gas density implies strong X-rays via the bremsstrahlung process
from the two torii evident in the density profile of figure 1 The bremsstrahlung emission
coefficient is calculated by (Rybicki & Lightman 1979):

£, =85 x 107n?T V2 exp(—hv /kgT,) (7)

where h is the Planck constant. The right panel of figure 2 shows the bremsstrahlung emission
coefficient at ~ 4.1 keV and the corresponding emission spectra are also indicated in the left
panel of figure 3. The bremsstrahlung emission exceeds the observed upper limit for all the
three density normalization. This simple model therefore cannot produce the observed radio
flux level without exceeding the X-ray upper limit.

sv(v=1011 Hz)

Bremsstrahlung sv(v:m18 Hz)

s\/(\):lo9 Hz)

218 2187

218

-218 -218"

-218
1 218

Fig. 2.— Left: The synchrotron emission coefficient in the plasma co-moving frame at
1.0 GHz in the c.g.s. units. Middle: Same as the left panel at 100 GHz. Right: The
bremsstrahlung emission coefficient at 10'¥Hz, which corresponds to ~ 4.1 keV in energy.

It is well-known that nonthermal synchrotron emission is more efficient than thermal
synchrotron. We next study whether a simple nonthermal model with a single power-law
electron distribution can account for the radio flux without violating the X-ray upper limit.
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Thermal Non-Thermal

Log, (F, / Hz)

°
Log, (F /Jy)

Fig. 3.— Left: Thermal synchrotron and bremsstrahlung emission spectra for the one tem-
perature model. The blue, red, and black lines correspond to the particle density in figure 1,
10, and 100 times this density, respectively. As expected, the bremsstrahlung flux level scales
with the density squared. The radio to sub-millimeter data was obtained from observations
over the past decade. The scattering of the millimeter and sub-millimeter data is caused by
the variability of the source. The NIR flux densities are for flares observed during the past
few years and therefore should be considered as upper limit for the “quiescent” state emis-
sion from the accretion flow. The butterfly is given by Chandra observations of the quiescent
state X-ray emission, which appears to be dominated by thermal emission at large radii.
Thus it also should be interpreted as an upper limit for X-ray emission from the small scale
accretion flow. All the bremsstrahlung spectra exceed this upper limit for X-ray emission.
Right: Same as the left panel but for the non-thermal model with a single power-law electron
distribution with a low energy cutoff. The synchrotron spectra are showed up to 10'° Hz.
The density normalization is indicated in the figure. Compare with the thermal models in
the left panel, the nonthermal model is more efficient in the synchrotron emission process.
However, to match the observed radio flux level, the bremsstrahlung X-ray flux still exceeds
the observed upper limit.

The electron distribution is given by
N(E)= NyE™" for E > Fy, (8)

where Ej is the low energy cutoff. In our calculations we chose p = 3 to avoid significant NIR
emission in the quiescent-state. As the p increases the non-thermal emission model became
less efficient and closer to the thermal model. Ny and Ey can be calculated with
o0
NoE™PdE =n, 9)

Eo
oo

NoE P dE = 3nkgT . (10)
Eo

69


sharonm
Rectangle


The corresponding emission and the absorption coefficients are given respectively by (Pa-
cholezyk 1970)

N

6, = sl NolBsinal P72 ()7 (1)
L\ ~e)/2

o = alp)NalBsinale2 (1) T (12

where « is the angle between the magnetic field and the line of sight and ¢; are defined
in Pacholczyk (1970). The right panel of figure 3 show the spectra for several density
normalizations, where the synchrotron spectrum is cut off artificially at 10Hz and the
bremsstrahlung spectra is given by the thermal formula equation (7). Compared with the
thermal model, more radio emission is produced for a given density normalization. However,
the bremsstrahlung emission still exceeds the observed upper limit to produce the observed

radio flux level.

Magnetic Field Temperature Particle Density
100

-100
1

100

Fig. 4— Same as figure 1 but for a simulation with the HARM with a zero black hole spin.

While the outer torus of the simulation is expected to merge with the inner torus if the
simulation is run for a long enough time, the inner torus is already relaxed at the present
epoch of the simulation. Therefore a longer run may remove the bremsstrahlung emission
from the outer torus, we don’t expect the overall bremsstrahlung X-ray flux to decrease by
more than a factor of 2. It is therefore challenging to produce the observed radio flux level
from Sgr A* without exceeding the X-ray upper limit with this simulation. The high X-ray
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flux as compared with the radio flux is a direct consequence of the high values of plasma /3

given by this simulation.
Pgas

B2/8m’

where P, is the gas temperature. For this simulation, 3 is always greater than 100 except

B = (13)

in the polar regions, where the GRMHD simulation is not reliable and we have excluded
these regions while obtaining the above emission spectra. The bremsstrahlung emission is
determined by the gas temperature and density. The synchrotron emission also depends on
the magnetic field. For high values of 3, the magnetic field is weak. It is therefore difficult
to produce significant radio emission without making X-rays through the bremsstrahlung.
Simulations that are capable of producing lower values of  are needed to overcome this
challenge. We also noticed that the radio spectra of both the thermal and non-thermal
model were too hard to fit the observed spectrum. Decreasing the value of plasma 3 alone
may not explain the observations.

£ (v=10° Hz) g, (v=10"" Hz)
y

Bremsstrahlung sv(vzlomHz)
100

1007 -26

1-30

-100 -100} -32

Fig. 5.— Same as figure 2 but for the simulation of figure 4.

Errors in the divergence of B are handled differently in the Cosmos++ than the HARM
code (Gammie et al. 2003; Anninos et al. 2005). The latter uses a contrained transport
schemes for evolving the induction equation whereas Cosmos—++ does not. As a consequence,
the HARM code appears to be able to produce lower values of plasma 3. We ran the
HARM code in a domain of 100 rg in radius with the torus initially located at ~ 10 rg.
The simulated disk structure in a late time when the initial torus is completely relaxed
are shown in figure 4. The simulation produces more than 10 times stronger magnetic
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field with comparable density maximum. And figure 5 gives the corresponding emission
coefficient maps. Although the synchrotron emission may be comparable to that in figure
4, we expect much less bremsstrahlung X-rays due to the compactness of the torus in this
latter simulation. The left panel of figure 6 shows the spectra of the thermal model with
several density normalizations. The bremsstrahlung X-ray emission is far below the observed
upper limit. However, the radio spectra are still not flat enough to fit the observed spectrum.
Since higher frequency emission is produced at relatively smaller radii, where the magnetic
field is strong and the gas temperature is high. The fact that the model predicted spectrum
is harder than the observed spectrum suggests that emission from small radii needs to be
suppressed to produce a softer spectrum. The synchrotron cooling time of electron at smaller
radii is shorter. It is possible that the electron temperature is actually smaller than the gas
temperature at small radii. We model the electron temperature with
S

T, = (}-3) T, (14)
where R is the radius, where electrons reach thermal equilibrium with the ions and ¢ is a
free parameter determined by the electron heating and cooling processes.

Thermal Two-Temperature Thermal 6=1)

10000

4
2
. ——1000n
2
4

-6

3
8

[ R

S & & & & o 0w

Log,(F, 13y)
Log, (F, 1 3y)

Fig. 6.— Left: The same as the left panel of figure 3 but for the simulation of figure 4.
Right: The same as the left panel except that electron temperature is lower than the gas
temperature toward small radii as given by equation (14) with R = 10 rg and § = 1.0.

There was no need to apply the two-temperature model to the first simulation be-
cause it would decrease the amount of NIR and radio emissions without decreasing the
Bremsstrahlung emission values, we would still have the same problem of exceeding the up-
per limits imposed by Chandra on x-ray emission. We applied this two-temperature model
to the second simulation and calculated the thermal emission spectrum. Figure 6 shows the
results. Again we had the same problem, the magnetic field was too weak to produce the
observed results. When we did achieve the correct shape the bremsstrahlung emission began
to break the upper bound.
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3. Conclusions

Sag A* is a radio source powered by accretion into a black hole. Modeling this radio
source at the galactic center provides us with knowledge into the dynamics of black holes and
helps us further understand the plasma physics of the accretion torus. We hope to one day
have a simulation that correctly reproduces the observed radiation. With what we learned
in this project and the ground work that we laid it should not be too hard to figure out what
is missing from the current models.

In this paper none of the simulations that we used were completely correct in matching
the observed emission spectrum. Although we were able to use the two temperature model
to correctly match the shape of the observed radio and NIR emissions we had the reoccurring
problem of exceeding the upper-bound imposed by Chandra in the x-ray emission spectrum.
The modeling of the second simulation appears promising and seems that if we examine the
non-thermal synchrotron emission we will be able to correctly match the observed spectra
without exceeding the upper bound on the x-ray emission. We also discovered that the
magnetic fields produced in the simulations needed to be quite high in relation to the particle
density of the accretion disc, meaning that the accretion disc § factor must be quite low, less
then one hundred. If we add spin to the current HARM code the magnetic field inside of
the accretion disc will increase and it would be easier to match the observed spectra without
exceeding the x-ray upper bound. We also did not incorporate the Doppler effect, we suspect
that this would slightly alter our final spectrum but again not drastically enough to fix the
underlying problem. We have also not yet included the arbitrary line of sight or taken into
account polarization, again this should not effect our results drastically by is needed for a
more complete analysis of the model. Future more complete models would include all of
these effects.
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Needs-Based Agent Activity Generation by Means of Genetic
Algorithms

Julia Scheevel, Rice University
Christof Teuscher, CCS-3, Mentor

Abstract

A recurring problem in agent-based modeling is the optimization of the daily activ-
ity schedule of an agent given a set of possible activities. This optimization question
becomes even more pressing as populations of agents increase to large population scales
and long durations (simulation of 1 million or more agents for one year). In a break
from the purely utility-motivated approach that has been favored in the past, we pro-
pose to model an agent s behavior based on ful lling a set of basic but competing needs:
sleep, hunger, health, happiness, money, and social interaction. This needs-based ap-
proach is more closely derived from rst principles of human behavior, and so may
better resemble human decision making processes. We model each need as a numeric
value that decreases with a function over time and increases by doing activities that
ful 1l each need. Using genetic algorithms, we optimize the parameters of each need
function for a moving 24-hour simulation period; the solutions will be used to obtain
the initial agent simulation parameters. With the addition of temporal constraints
on the activities, we obtain daily schedule results in agreement with the utility-based
schedules. Future work will incorporate further re nement of the activity selection
mechanism through the implementation of reinforcement learning; future extension of
the travel capabilities of the agents will also more closely model everyday human be-
havior. The ultimate goal will be to incorporate this technique into a large-scale agent
simulation.

1 Introduction and Background

Human agent activity scheduling and schedule optimization have been long-standing prob-
lems in agent simulations [5], requiring a reliable method for creating reasonable and re-
peatable schedules. As simulations move to large scales, with populations of millions and
timescales on the order of years, the need for an adaptable yet capable schedule generation
scheme becomes inescapable. This problem has been addressed adequately in the past us-
ing utility maximization models, in which activities are assigned numeric values quantifying
their usefulness to the agent [3, 5|; however, we propose a new model that uses a set of
basic but competing needs to generate behavior; our model is especially promising due to
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the anticipated ease of integration into large-scale, multi-faceted agent simulations. From
this needs-based model, we may more easily incorporate agents behavior into extremely
dynamic scenarios such as disaster situations.

The agents we model may be classically de ned as computational systems that exist
in a dynamic environment. The agents can perceive and interpret the environment, then
uses the obtained information to act autonomously in order to accomplish a speci ed task
or goal [8]. The agents that we model have an environment de ned by a set of basic and
competing needs (such as sleep and hunger); the agent knows the state of its needs at
any given time during the simulation, then chooses activities to execute so as to address
and ful 1l those needs. Over the course of several generations , or iterations, through the
genetic algorithm, the agent acts so as to construct the best schedule, de ned by criteria
that we will introduce later on.

However, given that agent simulations have already successfully produced daily sched-
ules with utility-based schemes, this begs the question as to why the problem of activity
scheduling should be readdressed with our needs-based approach. Instead of working from
an abstract concept such as utility of activities , we begin with rst principles of human
behavior - at the most basic level, human behavior is motivated by the ful llment of a set
of essential needs, such as sleep, hunger, and maintenance of health. This bottom-up
perspective of the needs-based approach provides a much more intuitive way of viewing
the scheduling problem. In addition, it has the side bene t of providing a very easy way
to modify agent behavior to re ect changes in the environment or responses to a speci ¢
scenario based on personality type; by changing the way the needs interact with each other,
the behavior of the agent is fundamentally changed. We believe that this quality will allow
our model to scale more easily than existing techniques. By implementing this scheduling
approach in large-scale agent models, we hope to more realistically model the e ects of
external and internal factors on agent behavior.

2 Algorithm Architecture

Our algorithm is radically di erent from other activity generation schemes in that our

nal schedule is the result of emergent behavior of satisfying needs rather than the direct
output of a utility maximization. To achieve this behavior, our model hinges on the time-
dependence of so-called needs functions. Each of our basic needs (sleep, hunger, health,
happiness, money, and social interaction) is modeled as a numeric value according to a
monotonically decreasing function. The value of a need will continue to decrease over
time until an activity is completed that addresses that need in some respect. The relative
values of the needs are responsible for determining activity priority, and thus the schedule.
Qualitatively then, the ideal schedule is one that maintains the needs values at consistently
high levels throughout the scheduling period; in practice, the optimum schedule works to
satisfy the highest priority need at every opportunity.
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Structure of Our Genetic Algorithm
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Figure 1: Summary of the genetic algorithm structure

An overview of our algorithm is shown in Figure 1. We evolve the parameters of
the needs functions in the genetic algorithm, and thus affect the activity scheduling and
schedule utility. Selection of the next activity is decided at the completion of the previous
one. The choice of activity is governed by the priority of each need. Priority is determined
by ordering the needs values in ascending order; the need with the lowest value is taken
to be the most urgent. Thus, by altering function parameters, we can change the relative
priorities of needs in a given individual solution. A subset of activities is selected that satisfy
both the chosen need and the time constraints of the schedule. One of these activities is
chosen with a certain probability according to how well is satisfies the need and added to
the schedule. The increase to the needs function and the schedule utility is calculated, and
the relevant needs functions are shifted in time such that now the value of the function at
the stop time of the activity is equal to the newly recalculated needs value. Scheduling
continues for an interval specified by the user. The “fitness” of each schedule is determined
by its aggregate reward; schedules with higher fitness values are then “better.” We select a
number of top individuals for survival to the next generation, then generate a population
of offspring schedules to be reinserted into the population and reevaluate the schedule
utilities. More specific descriptions of the aspects and processes of the algorithm follow.

2.1 The Needs Functions

The needs functions are the central feature of our approach. Each need is modeled as a
monotonically decreasing function in time; the lower the value of the function, the more
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urgent the need is. This re ects the property of human needs that they become more and
more urgent if they are not addressed in a timely manner, i.e. if a person does not sleep,
he becomes exhausted, and if he does not eat, he starves. In order to address these needs,
then, each activity that we schedule has a vector of weights that describes how well it
addresses each need; this is discussed further in Section 2.2. By completing activities, the
agent increases its needs values, i.e. addresses its basic needs.

We speci cally choose the function

u(t) = % (1)

to represent each need. We scale u(t) by a factor of 1000 to put it in the same order of
magnitude as the utility values taken from [5]. The following three parameters for this
function are represented by the algorithm s genome:

e - Determines the steepness of the downturn; de ned on [1 x 1076, 0.0005] Low
values produce shallow curves; high values produce steeper ones.

e - Determines the timescale at which the function downturns sharply; de ned on [0,
86400] (in seconds). Lower values give shorter timescales.

e - Determines the sharpness of the curve; de ned on [0.001,1]. Lower values give
more gentle curves.

At the beginning of the algorithm, we randomly initialize the parameters within their
speci ed bounds, and the values are evolved over the course of the simulation.

The quantity ;. is calculated speci cally for each set of { },suchthat U(t = 0) =
1000. From equation 1, Uyyqy then is (omitting the scaling factor of 1000):

Umaz = (]— + efﬁa)'y (2)

The advantage of this pro le for the needs functions is the S-shaped curve is a realistic
representation of most physical needs. After completing an activity that addresses a need,
there is only a small marginal decrease in the needs value until the timescale (set by )
for addressing that need has been reached. For example, a need function for sleep can be
explicitly engineered such that the marginal decrease in the need value does not become
signi cant until approximately 18 hours after waking. In addition, the allowable range for
parameter variation permits a wide range of pro les, with approximately a step-function at
one extreme and a constant function at the other. Virtually any monotonically decreasing
pro le can be explicitly created, if so desired. Example needs functions generated from a
24 hour simulation are show a wide variety of pro les in Figure 2.

As a side note, our formula for the needs functions is, in fact, the inverse of a formula
used to de ne utility functions for activities in the utility-based paper [5]. Much as the
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Figure 2: Example Needs Functions from a 24-hour Run

values of the needs are assigned numeric values, the activities are assigned a utility value
dependent upon the duration of the activity, according to a monotonically increasing func-
tion. In this respect then, our needs functions are in e ect the disutility functions of not
completing activities.

As mentioned before, the three parameters for each need function are randomly initial-
ized in a genome, the object to be operated upon by the genetic algorithm. In this case,
the genome is a matrix containing the parameter vectors for each member in the candidate
solution population; we use real representation for each component of the genome. In fact,
two copies of this genome are initialized so that one may be a static reference during the
current generation of solutions, and the other may be modi ed to re ect changing needs
values, as will be explained in Section 2.3.

2.2 Activity Selection

As mentioned in the algorithm overview, activities are chosen probabilistically from the
subset of activities that address a high-priority need. In our algorithm, we use a sim-
ple set of 12 activities, labeled with a numerical ID, that have an associated vector of
weights specifying how well they address each of the six basic needs. Our set of activities,
taken mostly from [1], are Idle, Sleep, Personal Care including breakfast (Pcare), Morning
Work (Work1), Lunch, Afternoon Work (Work2), Dinner, Inside Leisure (Leis_I), Outside
Leisure (Leis_O), Medical care (Mcare), Daily Shopping 1 (Dshopl), and Daily Shopping 2
(Dshop2). The activities, their vectors of needs weights, and their utility values are shown
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’ 1D ‘ Activity H Sleep \ Hunger | Health | Happiness | Money \ Social H Utility

0 | Idle 0 0 0 0 0 0 0
1 | Sleep 0.9 0.1 200
2 | Pcare 0.05 0.5 0.3 -0.15 130
3 | Workl 0.8 0.07 325
4 | Lunch 0.03 0.9 0.04 0.03 0.01 135
5 | Work2 0.8 0.07 325
6 | Dinner 0.03 0.9 0.04 0.03 0.03 160
7 | Leis_I 0.8 60
8 | Leis_O 0.8 0.4 60
9 | Mcare 0.05 0.3 -0.15 100
10 | Dshopl 0.3 -0.3 100
11 | Dshop2 0.3 -0.3 100
Table 1: Activity Weights and Utilities
in Table 1.

In addition, each activity is subject to time constraints that specify earliest possible
start, latest possible start, earliest possible end, and latest possible end (epS, IpS, epE,
and IpE, respectively). These constraints, as well as the base duration of each activity,
are listed in Table 2. The duration of each activity may vary by up to +15 minutes from
the base duration indicated; the amount of variation is randomly generated. We choose
approximately xed durations since this is the only way to schedule and execute activi-
ties in sequence. We do not employ a scheduling queue, where durations (and therefore,
activity utilities) are variable and can be adjusted in the scheduling window. Such an
implementation is left for future work.

Once the relative priorities of the needs have been determined from comparing the
needs values at a speci c time ¢, the activity selector rst nds the highest-priority need
and determines the subset of activities that have a positive weight for that need. This subset
is further reduced to those activities that can be started at evaluation time ¢ and that can
be completed at (¢ + BaseDuration), according to their respective time constraints. The
weights of the remaining activities for the selected need are compared; an activity is then
selected probabilistically, with probability proportional to these weights. If the subset of
activities is empty, the activity selector repeats this process for the second-most urgent
need, and so on, through all six needs.

If no activity has been scheduled after examining all the needs, the selector schedules the
activity Idle. Though the base duration for Idle is 0 seconds, it is subject to random
duration variation for 0-15 minutes; this ensures that the simulation time progresses in
order to end the scheduling deadlock.
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’ 1D \ Activity H Base Duration \ epS ‘ IpS ‘ epE ‘ IpE

0 | Idle 0 0 | 86400 0 | 86400
1 | Sleep 27600 | 75600 | 3600 | 7200 | 32400
2 | Pcare 5400 | 18000 | 84600 | 21600 | 86400
3 | Workl 12900 | 18000 | 37800 | 36000 | 43200
4 | Lunch 6000 | 39600 | 46800 | 43200 | 50400
5 | Work?2 18300 | 43200 | 54000 | 57600 | 79200
6 | Dinner 7500 | 61200 | 72000 | 72000 | 79200
7 | Leis_I 10200 | 25200 | 86400 | 75600 | 86400
8 | Leis 0 10200 | 25200 | 70200 | 27000 | 72000
9 | Mcare 5700 | 28800 | 66600 | 30600 | 68400
10 | Dshopl 3900 | 25200 | 70200 | 27000 | 72000
11 | Dshop?2 3900 | 25200 | 68400 | 28800 | 72000

Table 2: Time Constraints (in seconds)

2.3 Updating the Needs Functions

Once the next activity has been selected, the e ect on the needs functions must be cal-
culated. Completing an activity bene ts (or in some cases, harms) each need for which
the activity has a non-zero weight. In order to re ect the new needs values and correctly
predict how those needs will behave in the future, it is necessary to realign the needs
functions. For example, if the agent has a hunger needs value corresponding to when the
function is in a period of high marginal decrease, then hunger is rapidly becoming more
and more urgent. If the agent eats a meal in order to come away with a very high hunger
value, then hunger will not need to be addressed immediately afterwards; the need has
been satis ed. This could be re ected in the hunger function by shifting it along the time
axis to the plateau region; a value in the plateau section of the function, where there is
a low marginal decrease in the hunger value, now corresponds to the time of completion
of the meal. In this plateau region, the need will most likely have low priority (due to
the high need value), and it will change priority much more slowly for a period of time.
This situation is illustrated in Figure 3 with the Original and High Gain curves at the
example time ¢t = 40000 seconds. If, on the other hand, the agent only ate a snack, the
increase in the needs value would most likely be insu cient to shift the function out of the
section of rapid decline; even though the needs value would increase and priority might
decrease, the marginal decrease of the value would still be large, so it would take much
less time for the hunger need to return to high priority status again. Comparison of the
Original and Low Gain curves demonstrates demonstrates this scenario.

To achieve the appropriate shift, the quantity is recalculated so that at ty =t +

duration, the function value is equal to the updated need value nV'; the parameters and
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Figure 3: Shift of needs function

remain static once initialized. The new ' is determined analytically by

’:tf_11n<(“nm;x)i—1) (3)

Steps are taken to ensure that ' € R and that it is a number that can be represented
by the computer. This new time constant is then stored in the second copy of the parent
chromosome, the one that was designed to be modi ed. This precludes the need for the
algorithm to maintain some sort of memory storage object for the chromosome; the needs
values are always evaluated at the current simulation time with no knowledge of previous
timesteps.

Which functions are shifted during this realignment is dependent on the vector of
weights that each activity has, as was shown in Table 1. Functions with non-zero elements
are shifted to re ect the higher (or lower) needs value; the una ected functions are left
alone. Shifting continues for the duration of the schedule.

2.4 Determining the Fitness of Each Schedule

After the process of activity selection and realignment is complete, each member in the
population of candidate solutions has a schedule for the speci ed length of time. To
determine the tness of each schedule (and consequently, which schedule is best ), we use
a weighted sum of the needs rewards (determined by the weights shown in Table 1) and the
activity s utility. There is one such sum for each activity in the schedule, so the aggregate
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tness value for the nth schedule is given by

t= +)
(4)

The scalar is only present to put the rewards {R,,;} on the same scale as the utilities
{Uni}. We obtain satisfactory results with =05, =05, and = 250. E ects of
variation of these parameters will be discussed in Section 3.1.

2.5 Creation of Offspring and Reinsertion

After the tness values for the parent generation have been determined, we probabilistically
select 90% of the population according to the tness values to help determine the o spring
population. We then shu e the genetic material with a multi-point crossover and mutate
the components of each individual genome at a rate of %, or one over the total number of
variables in each genome (6 needs functions with 3 parameters = 18 variables controlled by
the genome). With this rate, we mutate one gene per individual per generation on average.
The recombined and mutated chromosomes comprise the o spring genomes, which we then
evaluate according to the tness function above and compare to the parents tness values.
We choose to keep the top 10% of the parent population for survival to the next generation,
and we replace the remainder with the entirety of the o spring population. We repeat this
for 1000 generations, when the entire system has converged on an optimal schedule.

3 Schedule Results and Discussion

We obtain promising results from our needs-based scheme, both in short-term and long-
term schedules. While short-term schedules demonstrate good agreement with schedules
produced with existing schemes, the long-term schedules are promising because of their
steady-state behavior. This behavior has the potential for application to a wide variety of
simulated scenarios.

3.1 Effects of Parameter Tuning

Though we use a needs-based approach, we have not entirely done away with the concept
of activity utility. As we found out, a mix of both the needs rewards and the activity utility
is necessary to prevent the algorithm from incorrectly maximizing either quantity, as is
described by Equation 2.4. We discovered that when schedule tness was de ned solely
by the reward or by the utility, the algorithm would quickly discover which activities were
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Day Activity ‘ Begin Time End Time Need ID Priority

001  Sleep 00:00:00 07:32:47  Sleep 1
001 Leis O 07:32:47 10:26:35  Happiness 1
001 Pcare 10:26:35 11:54:09  Hunger 1
001 Lunch 11:54:09 13:43:16  Hunger 1
001 Leis O 13:43:16 16:39:42  Happiness 1
001 Pcare 16:39:42 17:59:51  Hunger 1
001 Dinner 17:59:51 19:51:12  Hunger 1
001 LeisI 19:51:12 22:29:09  Happiness 1
001 Pcare 22:29:09 23:50:11  Hunger 1
001  Sleep 23:59:48 07:47:05  Sleep 1

Table 3: A 24-hr schedule, =1

Day Activity ‘ Begin Time End Time Need ID Priority

001  Sleep 00:00:00 07:36:48  Sleep 1
001 Workl 07:36:48 11:10:04  Money 1
001 Pcare 11:10:04 12:35:39  Sleep 1
001  Mecare 12:35:39 13:55:48  Sleep 1
001  Work2 13:55:48 18:51:06  Money 1
001 Dinner 18:51:06 20:45:07  Sleep 1
001 Pcare 20:45:37 22:06:57  Sleep 1
001 Pcare 22:06:57 23:35:34  Sleep 1
001  Sleep 23:35:34 07:29:11  Sleep 1

Table 4: A 24-hr schedule, =1

the most e cient (highest ratio of bene t to duration) and evolve the needs functions so
that the needs that those activities addressed needed to be ful lled more often than all the
others. This would lead to schedules with a disproportionately high occurrence of only one
or two activities. In the case where =1 (all needs reward), the culprit activities tended
to be shopping and leisure (Dshopl, Dshop2, Leis I, Leis_ O); for = 1 (all utility), the
overused activities were the two personal care activities (Pcare and Mcare). Examples of
both types of schedules are included in Tables 3 and 4.

Although we developed a needs-motivated algorithm, the concept of utility is not en-
tirely out of place when scheduling activities; after testing () pairs of (0.25, 0.75), (0.5,
0.5), and (0.75, 0.25), we found that a half-and-half mixture of the needs reward and the
activity utility was best suited to producing normal daily schedules. Values of =05
and =05 are used for the remainder of the schedules.
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Day Activity ‘ Begin Time End Time Need ID Priority
001  Sleep 00:00:00 07:35:51  Sleep 1

001  Workl 07:35:51 11:15:59  Money 1
001 Lunch 11:15:59 12:58:47  Hunger 1
001 Dshop2 12:58:47 13:52:08  Happiness 1
001  Work2 13:52:08 18:45:41  Money 1
001 Dinner 18:45:51 21:00:52  Hunger 1
001 Leis.I 21:00:52 23:59:48  Happiness 1
001  Sleep 23:59:48 07:47:05  Sleep 1

Table 5: A 24-hr needs-based schedule ( =05 =005)

3.2 Short-Term Schedules

With the weighting of =05, = 05, and = 250 as mentioned before, we obtain
extremely reasonable 24-hour results. The agents follow a very normal sequence of
activities; a 24-hour schedule is given in Table 5. In this schedule, the agent wakes up; goes
to work in the morning; eats lunch and goes shopping during the lunch break; returns to
work; goes home for dinner; perhaps reads before bed during inside leisure time; and nally
sleeps again - all in all, a reasonably typical day. The column Need ID identi es which
need was addressed by the activity being executed, and the Priority column indicates
the priority ranking of the need in Need ID. Since every need identi ed in this schedule
has a rank of 1, we con rm that our algorithm functions by identifying and addressing the
most urgent needs of the agent.

3.2.1 Comparison to Utility-Based Decision Schemes

In Table 6, we show a 24-hour schedule derived from a utility-based scheduling method
in a 2001 paper [5]. The schedule is exactly the same as our 24-hour schedule, with the
exception of an inserted personal care (Pcare) activity before work. Given this high level
of agreement between the two methods, we are con dent that the needs-based method
will provide reasonable schedules, on par with those produced by utility-based methods.
However, we anticipate that the needs-based method will have the added bene t of being
able to interface more easily with other facets of in the agent model, such as personality
and family units.

Unfortunately, there is no evidence in the literature of utility-based schedules generated
for longer than 24 hours, so we have no basis of comparison for schedules of longer duration.
However, we hope that given the agreement of the very short schedules, the longer ones
may be evaluated on their reasonableness.
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Activity ‘ Duration Begin Time End Time

Sleep 448 23:22 6:50

Pcare 73 6:50 8:03

Work1 207 8:03 11:30
Lunch 72 11:30 12:42
Dshop 48 12:42 13:30
Work2 296 13:30 18:26
Dinner 132 18:26 20:38
Leis_ O 164 20:38 23:22

Table 6: A 24-hr utility-based schedule

3.3 Longer-Term Schedules

For longer schedules, we observe also observe the emergence of reasonable schedule behav-
ior; however, it appears on a di erent timescale than for the shorter schedules. Whereas
with short schedules, the normal behavior is present immediately, for longer schedules
(ones that are ve days or longer), this behavior only begins to appear after at least two
days of scheduling have been completed. However, once present, the scheduled activities
(and more precisely, the order in which needs are addressed) appear in a very regular,
repetitive cycle. This indicates to us that the schedule essentially reaches a steady state
on longer timescales. Much like a driven physical oscillator exhibits a transient oscillation
state that transitions into a steady state, our needs-driven schedules exhibit chaotic be-
havior that decays into normalcy. We show the transient and steady state of a single 10
day simulation in Tables 7 and 8, respectively.

In the transient state, one day s schedule bears no resemblance to another s, and activity
times are completely di erent from day to day. More indicative of the instability than the
activity sequence (since activities are chosen probabilistically, after all) is the order in which
needs are addressed. Even then, the only constant is that sleep is the highest priority at
the end of the day. Upon inspection of the steady state schedule, however, the situation
is completely di erent. When the schedule is not idle, the needs repeat in exactly the
same order, with the small exception of an inserted activity for happiness at the end of
Day 9. Even the activities are nearly exactly the same, and the start and end time for
each activity di er only by minutes from day to day. Examination of the needs values
(Figure 4) corroborates this behavior. The time in between each major dark blue peak
(for sleep) is almost exactly 24 hours, and the behavior in between them is very similar,
with spacing nearly constant from day to day. The agent eats late in the day at the same
time each day (green); he goes to work twice a day as expected (purple); and he does
something for his happiness around the middle of the day (light blue). Not only is the
order of relative priorities of needs constant during the steady state, but so are the needs
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Figure 4: Needs values during steady state shown in Table 8

values at corresponding times of day, as one would expect from having nearly exactly the
same daily activity schedule.

The existence of these two distinct states in the schedule implies the exciting possibility
that in disaster scenarios, we may capture a population’s initial reaction to the event, then
later observe the agents adjusting to the new scenario. When confronted with a new
situation or obstacle, humans tend to exhibit altered and non-repetitive behavior as they
search for the best way to cope with the changes in their environment. For example,
in the case of disaster, panic may ensue; in the far less dramatic case of a long-term
road blockage, drivers will test out new routes. As the new state becomes the status
quo, chaotic behavior dies down and a new “normal” behavior emerges. This behavior is
exactly what we see with our longer needs-based schedules. We may take advantage of this
accommodation of “perturbations” by defining any sort of event as temporarily altering
the defining parameters of the needs functions (the set of 3, «,7 ) so that we are altering
behavior from its most fundamental level. The resulting behavior would then enter into a
transient state (the initial reaction), then return to a steady state (the adjusted behavior).

4 Future Work and Conclusions

Though our algorithm gives satisfactory initial results, there are several aspects of the
model that would benefit from refinement. At the moment, the activity selector uses
extremely simplistic criteria to arrive at a scheduling decision; by choosing activities only
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Day Activity ‘ Begin Time End Time Need ID Priority
001  Sleep 00:00:00 07:29:52  Sleep 1
001 Pcare 07:29:52 08:59:01  Hunger 1
001  Dshopl 08:59:01 9:49:55 Happiness 1
001 Pcare 09:49:55 11:07:59  Hunger 1
001 Leis O 11:07:59 14:06:17  Happiness 2
001  Work2 14:06:17 18:58:52  Money 1
001 Dinner 18:58:52 21:13:31  Hunger 1
001  Sleep 21:13:31 04:53:48  Sleep 1
002 Idle 04:53:48 05:08:26  Health 6
002 Pcare 05:08:26 06:35:42  Hunger 2
002 Workl 06:25:42 10:14:08  Money 1
002 Pcare 10:14:08 11:52:41  Hunger 1
002 Leis O 11:52:41 14:38:58  Happiness 1
002  Work2 14:38:58 19:50:05  Money 1
002 Dinner 19:50:05 21:45:56  Hunger 1
002  Sleep 21:45:56 05:20:57  Sleep 1
003 Pcare 05:20:57 06:43:12  Hunger 2
003 Workl 06:43:12 10:04:46  Money 1
003 Pcare 10:04:46 11:34:57  Hunger 1
003 Dshop2 11:34:57 12:33:34  Happiness 1
003  Work2 12:33:34 17:36:06  Money 1
003 Pcare 17:36:06 19:02:33  Hunger 1
003 Leis_I 19:02:33 21:54:12  Happiness 1
003  Sleep 21:54:12 05:34:55  Sleep 1

Table 7: Transient state in a 10 day schedule
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Day Activity ‘ Begin Time End Time Need ID Priority

006 Pcare 05:53:02 07:37:37  Hunger 1
006  Workl 07:37:37 11:25:21  Money
006 Lunch 11:25:21 25:50:50  Hunger

006 Dshopl 12:50:50 13:55:39  Happiness
006 Work2 13:55:39 19:08:18  Money
006 Dinner 19:08:18 21:12:39  Hunger

006  Sleep 21:12:39 04:41:53  Sleep

007 Idle 04:41:53 04:44:08  Health
007 Idle 04:44:08 04:53:10  Health
007 Idle 04:53:10 05:06:23  Health
007 Pcare 05:06:23 06:37:24  Hunger
007  Workl 06:37:24 10:08:04  Money
007 Pcare 10:08:04 11:37:43  Hunger

007 Leis O 11:37:43 14:18:07  Happiness
007  Work2 14:18:07 19:28:54  Money
007 Dinner 19:28:54 21:38:38  Hunger

007  Sleep 21:38:38 05:15:38  Sleep

008 Pcare 05:15:38 06:37:06  Hunger
008  Workl 06:37:06 10:12:52  Money
008 Pcare 10:12:52 11:34:10  Hunger

008 Leis O 11:34:10 14:12:49  Happiness
008  Work2 14:12:49 19:22:10  Money
008 Dinner 19:22:10 21:34:10  Hunger

008  Sleep 21:24:10 05:11:33  Sleep

009 Pcare 05:11:33 06:48:42  Hunger
009 Workl 06:48:42 10:18:08  Money
009 Pcare 10:18:08 11:15:00  Hunger

009 Dshopl 11:51:00 13:02:57  Happiness
009 Work2 13:02:57 17:58:57  Money

el i e e e e Ve e e e e R R e e e

009 Pcare 17:58:57 19:27:20  Hunger
009 LeisI 19:27:20 22:13:30  Happiness
009  Sleep 22:13:30 06:05:31  Sleep

Table 8: Steady state in a 10 day schedule
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on the basis of which need is most urgent and can be addressed at a speci ¢ moment, we
e ectively implement a winner-takes-all strategy. Compromise schedules, i.e. schedules
that forgo a more urgent need in favor of a less urgent one because the end bene t is higher,
are therefore not possible with the current set-up, and thus the behavior of planning for the
future is not currently a feature of our agent model. We plan to re ne the activity selector
with the inclusion of reinforcement learning, where the agent learns to recognize recurrent
scenarios and their possible outcome(s) through a system of rewards and penalties. In
a related but separate scheme, we could borrow a strategy from needs-based animat
(animal agent) modeling where lower priority needs are able to make recommendations to
the highest priority need about which activity to choose [2]. Both plans would teach the
activity selector to consider future consequences of actions.

In addition, we also plan to incorporate agent-agent interactions, or e ectively, commu-
nication. For humans, the actions of a close network of neighbors (i.e. family and friends)
can dramatically impact behavior; for example, in a household setting, only one agent may
have to complete an activity in order for the need to be satis ed for all members of the
household, as would be the case for grocery shopping. Evolving the behavior of agents
within small groups will help us more realistically model responses within large-scale sim-
ulations. In addition, we are currently working to assign personality types to agents to
a ect their responses to events and their interactions with other agents.

Also needed for modeling truly realistic behavior will be granting the agents travel
abilities. The cost of travel between activities can counteract the utility of completing an
activity, so generated daily activity schedules cannot be entirely complete until this has
been taken into consideration. The inclusion of both transportation and communication
will be essential for full integration into infrastructure simulations.

By treating agent activity schedules as the result of emergent behavior due to a complex
system of the interactions of needs functions, we create what we anticipate will be a much
more exible method for generating activity schedules than the utility-based method that
has been previously favored. Through use of genetic algorithms, our bottom-up architecture
reliably produces results that agree well with those of existing techniques. However, our
novel approach will be able to more easily integrate and re ect both internal and external
in uences on agent behavior than existing approaches by allowing these in uences to change
the root cause for behavior (the needs functions) rather than the outward signs of it (the
activities).
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Abstract

Recent observations have opened a new window into a vital component of type-II (core collapse)
supernovae, the shock breakout. As the inner stellar material rebound off of the dense core remnant,
photons become entangled in the dense outer envelope. The particles proceed through a decreasing
density gradient, driving the envelope outward, and eventually breaking free and accelerating
through the surface. While still a highly disputed theory, shock breakout is becoming a topic of
great interest as new technology is allowing us to observe it directly. Our aim is to run simulations
using Los Alamos National Laboratory’s (LANL) computational facilities in order to model shock

breakout and attempt to note its effects.
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I. STAR EVOLUTION AND CORE COLLAPSE

A star is formed as gravitational instability collapses a molecular cloud comprised mainly
of Hydrogen. The decrease in gravitational potential energy yields an increase in tempera-
ture, contributing to the formation of the newborn stars core. A stars core is an immense
powerhouse of energy. Our sun, rather small and cool relative to other stars, radiates over
3.6 x 10%0 Watts of power; by comparison, the United States consumes roughly 3.23 x 10!2
Watts according to Elert(2001). This power is achieved through nuclear fusion, where the
immense pressure and temperature encourage the fusion of the Hydrogen into Helium, fol-

lowing the overall reaction:
4'H —* He + 2e™ + 2 + 2v, (1)

This process dominates a stars existence, lasting for about 90% of its lifetime. For this
reason, it is known as the stars main sequence. Stars with a mass under around 9 My will
not progress much further than the main sequence, and will eventually burn out into a white
dwarf. Larger stars, however, undergo a much more fantastic death.

An inherent property of stellar evolution is the tremendous outward pressure generated
by the thermal energy released in its series of nuclear reactions. It is this pressure that allows
the core to remain in hydrostatic equilibrium against the star’s immense gravity. Eventually,
however, the star will exhaust its supply of Hydrogen. Without fuel, the reactions cease to
propagate, causing the core to collapse upon itself. This creates sufficient pressure and
temperature to ignite the the stored Helium to fuse into Carbon. This new reaction halts
the collapse, creating a modified core composed of fusing Helium surrounded by a layer of
Hydrogen. This process, where a core collapse caused by fuel deficiency is interrupted by
the ignition of heavier elements to fuse, is repeated several times. The number of different
reactions is dependant on the size; smaller stars, upon collapse, will reach a point where the
pressure is insufficient to drive the next reaction, and the star dies. Stars about 0.4 to 1
Mg, including ours, will progress past Hydrogen burning onto Helium to Carbon burning,
but no further. In somewhat larger stars, 5 to 9 My, the pressure is enough to begin fusing
Carbon into Oxygen.

In each case, the collapse causes a much higher pressure and temperature than previously
seen which are in turn offset by the energy released through the fusion of much more mas-

sive nuclei. This creates a multi-layer core that, in the case of the biggest stars (;9 Mg),
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is comprised of Hydrogen, Helium, Carbon, Neon, Oxygen, Silicon, and Iron. Each new
reaction, while more energetic than the last, is also much shorter lived. For example, while
the Hydrogen fusion process may last for billions of years, the Silicon reaction lasts for only
a matter of days. The vital component of each reaction is the binding energy, the energy
that holds the nuclei together. At the smaller elements, the binding energy is larger than the
gravitational, halting the collapse and reigniting the core. With the fusion of more massive
atoms, however, the binding energy decreases. Ultimately, the binding energy of Iron as it
fuses into Nickel yields less energy than needed to stave off the gravitational collapse of the
core. At this point, only the degeneracy pressure of the electrons remains to prevent the
total collapse. However, with a star this massive, the core soon exceeds the Chandrasekhar
limit and may no longer sustain itself, resulting in possibly the most cataclysmic event in

the universe: a type-II supernova.

II. SUPERNOVA AND SHOCK BREAKOUT

The core falls in on itself at close to a quarter of the speed of light. The density at
the center rises to immense proportions, allowing protons and electrons to combine via
inverse Beta decay, yielding neutrons and electron neutrinos. The neutrinos, uninhibited by
the stellar matter, radiate away from the core, transporting away energy which hastens the
collapse. The neutron-neutron repulsion at the center of the core, with a density comparable
to that of the nucleus, becomes great enough to halt the collapse. However, the surrounding
matter continues to fall. This material rebounds off of the cores remnant and is ejected
outward. This produces a shockwave that ejects the contained heavy elements, a process
often sufficient to stall the explosion within the outer core. Meanwhile, the center continues
to merge protons and electrons, and the emitted neutrinos energize the shockwave into
motion. In many stars, the core remnant forms the basis for what is to become a neutron
star, while in extraordinarily large stars (greater than 20 M), the core is unable to sustain
itself and collapses into a black hole.

As with all of the universes processes, the star’s death heralds new life. In many cases, as
it is believed to be for our Sun, the shockwave acts as the impetus for the collapse of giant
molecular clouds in star forming regions. Supernovae are responsible for a majority of the

distribution of the principle heavy elements as the core’s stellar matter is ejected outward in
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a massive shockwave. Before the shockwave can escape, however, it faces the task of driving
through the star’s dense outer envelope. Rather than escaping directly through star, the
photons of the shock are deflected following a Brownian-type motion, essentially traveling at
a radial velocity that is much slower than their true velocity. While initially a steep density
gradient, the photons move from the diffusion regime to the free-streaming regime and their
radial velocity once again approaches the speed of light. Once the radiative diffusion time
becomes shorter than the time for the shock to emerge (breakout) from the envelope, a soft
X-ray burst emerges. This breakout precursor to the ejection of a majority of the stellar
material has been long since predicted, but only recently observed. As the shock propagates
outward, it heats and drives the envelope before dissipating out the surface. Shock breakout
may take anywhere from few minutes to a few days, dependent upon a number of factors,

including the size of the star, density of the outer envelope, and any surrounding stellar

oL

wind.
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FIG. 1: (a) Nuclear fusion of heavier and heavier elements creates a multi-layered core, whereupon
(b) the Iron core collapses. At the very center, pressure compresses the core into an immensely
dense remnant. (c) The surrounding matter continues to fall inward, (d) rebounding off of the core
remnant and creating an outward bound shock (red). (e) As the shock encounters the dense outer
envelope, it may begin to stall. Re-invigorated by the emitted neutrinos from the remnant, (f) the

shock blasts outward through the envelope into space.
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III. SIMULATION DESCRIPTION

Successfully modeling supernovae and their associated shockwave breakouts is a topic of
great interest in the astrophysical world as of late. Theoreticians such as Stirling Colgate
have developed models as early as 1972, but observations have been impossible to due the
nature of the mechanism and the lack of suitable technology. However, recent advances have
allowed us to detect the earliest signs of impending supernova, gaining us insight as never
before. For the first time, researchers like Gezari et al.(2008) , Quimby et al.(2007), and
Schawinski et al.(2008) are able to provide observable data. A quick search turns up 23
papers on this topic in this year alone, as of the date of this publication. For this project,
we used LANL’s specialized radiation hydrodynamic code RAGE (Radiation Adaptive Grid
Eulerian) to run spherical one-dimensional supernova simulations, studying the output in
the hopes of comparing this theoretical data to the observed. The code uses an input deck
outlining the initial conditions in each of a preset amount of cells in the grid, listing the
distance from the solar center, the velocity and density of the escaping material, as well as
the energy and radiation energy contained within. My particular input deck was that of
a 15 solar mass star as drafted by Weaver and Woosley(1993). This code is exceptionally
computationally intensive and therefore makes use of LANL’s extensive computing capa-
bilities, specifically the FLASH supercomputer. The simulation runs in timesteps of a few
tenths of a second, outputting to dump files that would compile data in increments of 10,000
timesteps. These dump files may then be graphed in order to visualize the simulation. We
used the plotting program xShow for of its exceptional compatibility with RAGE and its

ability to graph consecutive dumpfiles in contour and line plot animations.

IV. SIMULATION DATA

The initial grid was set to 10,000 cells at 4 x 107 m each; an enormous simulation space,
but one the explosion would exceed nonetheless. As it turned out, the grid was surpassed at
about the 37th dump file, corresponding to t = 103000s, a little over a day in the supernova.
At this point, I would need to construct new a new input deck based on the final conditions
of the simulation. The dump files are a warehouse of scrambled information; the cells are

interspersed with parent and daughter cells, and not in any easily recognizable sequence. In
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addition, the initial input deck was written to account for a larger grid than was used in
the first set of simulations. Any cells outside of the initial grid size from the first input deck
would need to be added to the new input deck. To create an input deck of this magnitude
by hand would take weeks. Instead, I wrote a rather simple program to generate an input

deck outlined by the following algorithm:

Read data from dump file
Determine if cell has next smallest radius
Determine if cell has no daughter cells
Number cell and output radius, velocity, density, energy, and
radiation energy.
Repeat for all cells in dump file
Read data from input deck
Find first cell with radius greater than previous grid size
Number cell and output radius, velocity, density, energy, and
radiation energy.
Repeat for all cells in input deck
Read material information from dump file
Determine if cell has next smallest radius
Determine if cell has no daughter cells
Number cell and output percentage of each element
Repeat for all cells in dump file
Read material information from input deck
Find first cell with radius greater than previous grid size
Number cell and output percentage of each element

Repeat for all cells in input deck

This code was put to use when, at t = 108000s, the shockwave had exceeded the initial
boundaries. A new input deck was generated from t = 103000 s and the boundary conditions
enlarged by a factor of one hundred. After this first remap, a graph was constructed to ensure
the code had worked properly. To our dismay, there was an anomaly in the data (see Figure
2). The left part of the graph shows the data from the simulation with the rightmost part,
just before the boundary, being solar wind effects added onto the outside of the star. While
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originally attributed to the remap code, it became apparent through graphs of the dumpfiles
themselves (see Figure 3) that the cause lay in a discontinuity where the two parts meet. To
offset this, I chose an earlier timestep, roughly 56000 s, (see Figure 4) where the simulation
data had not yet reached the wind effects, and replaced the current wind effects with the
original set from the initial input deck. This resulted in a much smoother and continuous

data set (see Figure 5).

FIG. 2: The graphs of log density vs. radius (a), log pressure vs. radius (b), log radiation energy
vs. radius (c), and log temperature vs. radius (d), plotted from the simulation run from the newly

generated input deck, all feature a sharp discontinuity shortly before the edge of the star.
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FIG. 3: The log temperature vs. radius plots of t=103000s (a), 94400s (b), and even 74000s (c)

show the discontinuity persists well before remapping.

FIG. 4: The log temperature vs. radius plot of t = 56000s shows a shockwave that has not yet

reached the solar wind effects and suffered the subsequent distortion.
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FIG. 5: The resultant log temperature vs. radius plot with the solar wind effects readjusted.

The original intent of the project was to run the simulation out to about a year of the
star’s time, a process that would require several re-mappings of the grid, and study the
various light curves emitted. As a precursor to the project, there was a significant learning
curve in the usage and syntax for the systems I used, such as the queue network for the
supercomputer. Time constraints forced us to shift focus to the study of shock breakout,
a process that occurs much earlier in life of a supernova. While the true shock breakout
doesn’t occur in our simulation until around t = 75000s (roughly 21 hours), the effects

leading up to it manifest much earlier.

V. SHOCK BREAKOUT EFFECTS

The effects of shock breakout are most evident in graphs of speed vs. radius. Figure 6
shows the speed of the supernova in the earlier stages of development. The shock initially
moves with at very high velocity, but is immediately slowed by the star’s dense material. As
the shock (right spike) continues to be slowed outward, it begins to drive the stellar material
(left spike) outward. Of note on the far right is the solar wind which is moving at a constant
velocity outside of the stellar envelope.

Figure 7 shows the shock encountering the less dense outer envelope. The inner material
continues to move steadily outward, while the shock accelerates immensely. The high rate of
acceleration is notable due to the fact that the graphs show such a large spike in consecutive

dumpfiles.
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FIG. 6: Speed vs. radius plots for t = 1020s (a), 6790s (b), 26700s (c), and 56000s (d).
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FIG. 7: Speed vs. radius plots for t = 59400s (a), 62900s (b), 66500s (c), 70200s (d), and 74000s
().

Graphs of density vs. radius also yield interesting results The initial density distribu-
tion (Figure 8) behaves as one would expect. As the shock rebounds, a majority of the
material is falling inward, creating a gradient very dense towards the center and decreasing
rapidly outward. However, as early as the second dumpfile, the shock (rightmost spike) acts
somewhat as a mixing agent, dispersing the highly dense material down the gradient. The

shockwave propagates outward, followed by a tail of highly dense stellar matter that follows
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FIG. 8: Density vs. radius plots for t = 1020s (a), 2390s (b), 5300s (c), 15600s (d), 5600s (e),
and 40300s (f).

out of the star and is ejected into space.

Unlike the graphs of speed vs. radius which increase in intensity later in the explosion,
the density vs. radius graphs feature an opposite effect. As the shockwave continues to mix
the stellar material, the graph becomes less dynamic (Figure 9). This is due to the fact
that the shock passes through a decreasing gradient, facing less resistance. This creates a

more stable environment, less prone to the rapid and chaotic changes as shown in the earlier
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FIG. 9: Density vs radius plots for t = 59400s (a), 66500s (b), and 74000s (c).

graphs. There is very little change, save for a slight decrease as the material continues to
disperse.

As noted earlier, the shock travels through the dense stellar matter and is hindered as the
photons are scattered. This creates a dispersion of high radiation energy. However, further
out, there is much less interference, yielding a much lower amount of radiation (Figure 10).
Many other supernovae simulations feature a much less diverse radiation pattern. In larger
stars such as the one I used, much of the nickel in the core remains stationary in the center,

accounting for a significant source of radiation at very low radius throughout.
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FIG. 10: Radiation energy vs. radius plots for t = 1020s (a), 15600s (b), 40300s (c), 56000s (d),
and 74000s (e).
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VI. CONCLUSION

From the simulation data it is apparent that the RAGE code is quite capable of handling
this particular model, save for a few minor adjustments. Even such a small aspect of the
explosion like shock breakout is expounded upon in great detail. The next foreseeable
progression, then, would be to eventually run the simulation in 2 dimensions, something
most machines don’t have the computing capabilities to process. However, the advent of
today’s supercomputers, such as LANL’s teraflop Roadrunner, allow for many exciting new

possibilities.
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A Model of Synchrony in the Primary Visual Cortex
David vanMaanen
Garret Kenyon, Mentor, P-21

Abstract

Computational models of the visual system have matched human performance in a number of task.
However, some of these 'state of the art' models exclude the more basic features in the brain, such as
spiking dynamics. These dynamics can lead to oscillations which has been recently shown in a primate
primary visual cortex. A new model of V1 hopes to achieve these oscillations, using lateral co-circular
inhibitory and excitatory connections with curvature restrictions, and show them to be object
dependent. It also hopes to show that these can be used to recognize arbitrary closed curvatures. The
preliminary results show that the clutter and object in a circle and clutter problem are not completely
object dependent. It will be compared to experimental, when available, to determine how well it model
the primary visual cortex.

Introduction

Computational neuroscience is proving not only to give us more information about the brain, but
also gives algorithms for computers to start to operate like neural networks and perform well in tasks
that are usually done exceedingly better by humans than computers. An area where this becomes very
apparent is in the area of visual cognition, especially object detection and recognition. Available
computer algorithms cannot perform nearly as well as a human can in identifying and classifying
objects. Or at least that was the case before a group at the Massachusetts Institute of Technology
(MIT) developed a model of the visual cortex, which followed a hierarchical model of layered simple
and complex cells, which would loose spacial resolution for a greater feature resolution. The model
matches human in speed of sight tasks, but it's best performance of 90% correct in a simple animal or
no animal task still leaves a lot to be desired if such an algorithm should be implement in computer
technology for security or military systems[1]. There is also a great space of neuron interactions which
the model does not take into account such as spiking dynamics and feed-back interactions. It is
possible that spiking dynamics together with feed-back loops can cause synchronization and lead to the
detection of objects.

The neurons modeled throughout this paper can be thought of as modified resistance-
conductance(RC) circuits. Their membrane has a certain capacitance of charge and this is 'leaked'
through the 'resistors' made through various protein canals. If left without input, they enter into an
exponential decay just like an RC circuit. If this is all there was to neurons, we would have very
unexciting brain and they would follow a completely linear development. However, the neurons suffer
a non-linearity at a certain membrane potential called the threshold potential. When a potential is
applied across the membrane at the threshold level, the membrane potential immediately drops to zero
and the cell releases a signal known as a spike. The spike travels down pathways known as axions and
reach inter-cellular connections known as synapses. The pre-synaptic(or sending) membranes releases
transmitters which travel to the post synaptic(or receiving) membrane which rise or lowers the potential
of the receiving cell depending on which transmitter was received. The transmitters sent by excitatory
cells raise the potential of the post synaptic cell, while the transmitters sent by inhibitory cells lower the
potential of the post synaptic cell. There is also a set of connections exclusive to inhibitory cells
known as the gap junctions, which connect the membranes of two cells via a protein. This protein
allows for the exchange of electrical signals and is a pathway for inhibitory cells to excite each other.

Individual neurons are relatively easy to model and pretty well understood. However networks of
neurons are very complex. Mostly in the fact that connections between neurons in any sort of wiring
diagram can usually form what appears to be spaghetti thrown onto the paper. Those trying to model
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these networks must conform to a few well accepted facts about these connections. The neurons form
groups that complete a similar task called layers. These layers can be grouped by their functionality.

In the visual system, the largest portion of the primate brain, these layers can be further divided into
two streams, the ventral and the dorsal. The dorsal stream handles the question of where the objects
are in the scene. The ventral stream, which the MIT model and this paper are focused on, handles the
question of what. It must be able to recognize and identify objects. The layers form a hierarchy, which
is the basis for the MIT model[1].

The hierarchical structure in the MIT model is based on the basic structure from Hubel and Wiesel,
which repeats layers with the same basic pooling operations. These layers are called simple and
complex layers. The simple layers find a set of features and positions while the complex layers
generalize the positions while maintaining the features. This process is repeated and has the effect of
increasing the number of features, while decreasing the spacial resolution, which maintains a
reasonable population of neurons throughout the hierarchy. The model treats these layers as strictly
feed-forward and non-spiking model, which means that neurons of one layer take their input and
calculate scalar numbers and pass that to the neurons of the next without any other interactions. This
exclusion in the model is reflected in it's 90% result. This works well when compared to a speed of
sight task, which gives the subject a very short period of time to make a decision on a picture[1].

The entire visual system begins with an input layer at the retina in the eye. The signals from the
retina are passed to the LGN, which acts as a relay and sends signals to the rear of the brain to the
primary visual cortex (V1), from here the visual pathway goes deep into the cortex levels until it
reaches the inferior temporal cortex (IT) where whole objects are detected and identified. Probably the
most studied and understood of all of these is V1, perhaps due to it's location on the outside of the
brain. It is very firmly known that this layer(for the simple cells) detects orientations and positions of
lines in the visual field. There have also been recent discoveries of synchronizations of these neurons.

The neurons in V1 as with every layer is known to have lateral connections between cells in the same
layer. In V1, the connections between neurons can be described using a theory from Zucker and Sahar
called co-circularity. This means that points which are lie one circle of any radius will have a stronger
weight than those off the circle[2]. This combined with the well known features and new discoveries
of synchronizations in V1 makes it a good candidate test models of synchronous neuron activity[3].

Methods

The model is based on the original PetaVision, which is an excitatory model for V1 that ran in the
world record petaflop run on RoadRunner. It included only excitatory cells in V1 with lateral
connections. First the cells are stimulated as though stimulated by electrodes. The cells that represent
orientations and positions of lines in an image with a circle and clutter are the ones stimulated. The
cells that are stimulated then connect to other cells through the co-circular weighted lateral
connections, which fade over distance and are further restricted to a certain curvature. These
connections weights between sending cell, j, and receiving cell, i, are given by (1).

w,;i=G,(d;i) G (Ak;i)(Gy(X)=1) (1)
The G, , G, ,and G, terms are the distance, co-circularity, and curvature Gaussian functions,
dz
(—3)
Gd(d,/i)=e . 2)

which normalize the weight term to one for the strongest connection. The I term is used to limit the co-
circular weights to only a certain top percentage of connections.

The operand of the Gaussian for distance is the usual euclidean distance using 'pixel' coordinates, in
which each 'pixel' contains a line. The operand of the Gaussian for co-circularity is computed by
taking the difference between the orientation of the receiving cell and a line at the position of the
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receiving cell which is tangent to the same circle as the sending cell. The target orientation for the
receiving cell is given by (2).

etarget:tan_l Axéln(QjHA ycos(Gj) 4o, 3)
A ysin(6;)+Axcos(0;)
where 0, isthe angle of orientation of the sending celland Ax and Ay are the changes in pixel
coordinates. The operand for the curvature Gaussian is the difference between the target curvature,
which is set for each cell arbitrarily by multiples of the sigma term in the curvature Gaussian. This
ensures that all curvatures are covers at least through the Gaussian function. The overlap at the ends
attempt to ensure a rough equality among all curvatures. The curvature of this circle is given by
2(Aycos(0,)—Axsin(6;))
Ktarget= dZ (4)
Ji
where 7 is the radius of the co-circle and d is the euclidean distance.
These weights are then summed for the receiving cell to arrive at a partial potential input,

N-1
6= aw,f, (5)
j=1

where a is an arbitrary constant and [ is either 1 or 0 depending on whether or not the sending cell
fires. This means that only weights from firing cells have an effect on the partial potential input. These
partial potentials are used to calculate the potential of the receiving cell where the potential is the
solution to

dv _

dt

where @ is the input from excitatory cell, @' is the input from inhibitory cells, and z is the
random noise factor. Equation (6) is the equation of an RC circuit with a input voltage. The solution
can be approximated for the purposes of this model by
At
V,,H=V,,—T(Vn—(<pn+cb'n—zn)) (7)

(6)

V—(<15—cb’+z))

where V', is the potential for time step n and At is the size of the time step.

Equation (7) is the same inhibitory cell except for the additional input term from gap junctions and
different constant for each input. The main difference for the weights of all inhibitory connections (gap
junction and inhibition of inhibitory and excitatory cells) is that there is no curvature selectivity, so
there is no curvature Gaussian factor in the weight equation drops out. Also all the constants are
independent, especially the arbitrary a factor in (5).

The model works by repeating these equations for every time step. The potential and firing events
are updated and recorded for analysis purposes. The usual run uses 200 time steps, which is
approximately 200 milliseconds in the time frame of the neurons.

Results and Discussion

The model is to be compared against human performance in a number of tasks. Particularly in
finding an amoeba, or an anamorphic closed 2D surface, in statistically similar clutter. The task will be
a speed of sight task for human subjects. The computer simulation will run on the same data and the
comparison will give a metric for how well the model compares to the actual neural system in the
brain. Currently the model is being tested in 'toy' problems were the figure and clutter positions are
known exactly and analysis can be performed with this knowledge. One such problem is a simple
circle in clutter as shown in figure 1.
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Figure 1: Circle and clutter problem. The input for the model stimulates the
neurons corresponding to the orientations and positions in the above graph.

As shown in previous runs of the exclusively excitatory V1 model on which this code is based, the
firing rate of the circle is much greater on average than that of the clutter and all other neurons as acted
upon by noise. This is seen in figure 2.
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Figure 2: Histogram. The solid black line represents the cells of the circle. The solid red line
represent the inhibitory rates on the circle, while the blue represents the firing rate of the clutter
neurons. The black and dotted red lines are the excitatory and inhibitory background firing rate.
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The analysis should show that neurons are oscillating due to inhibition. The frequency and strength
of these oscillations can be shown through a power function, which is found as the Fourier transform of
the firing rate function in figure 2. The power function determines the spectrum frequencies that are
present in the signal. These amplitudes are normalized by the DC power of the system, which gives a
maximum amplitude of 1, which would only occur for a single perfect oscillation and occur as a delta
function at that oscillation. The greater the amplitude is, the stronger the oscillation is at that
frequency. A well defined peak would show strong oscillations at a given frequency. Figure 3 shows
that the oscillations of the neurons representing the clutter and the circle have a common strong
frequency.
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1
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Figure 3: The Power Spectrum. The solid line is the power spectrum of cells on the circle. The
dotted line is the power spectrum of cells on the clutter.

It also shows that the oscillations in the circle are much stronger than those in the clutter. This means
that model has a preference towards oscillation on neurons representing the closed curvature of the
circle. This is shown in the reconstruction of the image using the peak of the power spectra for each
cell in figure 4. However, the dominant frequency of these oscillations is the same as that of the clutter
which makes separation of these signals difficult for computational models.

114



(L

30

# AN

y Positions (pixel units)
)
[
T

1 1 1 1 1
u] 5 10 15 20 25 30 35
¥ Positions (pixel units)

Figure 4: Output of Cells. This firing rates are reflected in the analysis for excitatory cells only.

To separate these oscillations, the relative phases of these oscillations can be analyzed. If the
hypothesis holds then the neurons representing the circle should bind in their oscillations and be out of
phase with the neurons representing the clutter. This would prove the hypothesis and allow the model
to detect objects. The oscillations can be shown through an autocorrelation function and the phase
tuning between the clutter and the circle can be see through a cross correlation function. The
autocorrelation and cross correlation functions determine how correlated a function is with itself or
with another function respectively. The closer either of these get to exact zero the closer that
correlation is to being completely uncorrelated and the larger the oscillations in this function the more
oscillatory that correlation is. This means that the results should show a close to exact zero cross
correlation between circle neurons and clutter, which means they are completely out of phase. The
autocorrelation for the neurons on the circle should show strong oscillations in comparison to the cross
correlation. The autocorrelation and cross correlation functions are computed using the rate
information in figure 2. These functions are shown in figure 5.
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Figure 5: Correlation functions for neurons representing the circle. Inhibitory and excitatory
neurons on the circle are the solid red and black lines respecticely. The cross correlation
between the neuorns on the circle and those representing the clutter is shown in the dashed
black line. This shows that the circle neurons and clutter neurons are cross correlated.

As the figure shows, there is a considerable cross correlation between the circle and clutter. This
shows that the model is not as perfect as the hypothesis might hope. However, this does not mean the
model is not biologically correct. So this maybe just a difficult task for a neural network to perform.
Only experimental results from a human performance test can show whether or not this model is a good
description of the primary visual cortex with respect to synchronization of neurons representing an
object.

Conclusion

The model shows that there are oscillations in the V1 layer which agrees with recent experiments.
The model fails at completely separating the clutter and circle elements in the circle and clutter
problem. However, it is unknown if this will create a problem for future analysis of the amoeba task.
This model's performance will be tested against human performance in a 'amoeba or no amoeba' task.
This is the only way of determining how well it models the primary visual cortex in this task.
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Double Photoionization of Hy: Double Slit Interference?
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Experiments performed by Akoury et al. and Kreidi et al. recently claimed to have found
double slit interference in the cross-section for double photoionization of Hy. We offer an
alternate explanation, namely that the observed pattern is the result of using circularly

polarized light.

I. INTRODUCTION

Recent experiments presented in refs. [1] and [2] found a four-lobed pattern for extreme energy
sharings in the cross section for double photoionization of Ha. Double slit-like behavior has been
predicted and observed in the past for single ionization of diatomic molecules[3], and the authors
[1] and [2] were trying to observe a similar phenomenon in the cross section for one-photon double
ionization. In their measurements, a four-lobed pattern was observed when the cross section was
examined at extreme energy sharings or framed in terms of the dielectron momentum, bt = K1+ ka.
We believe that this pattern is due to the presence of contributions from both the parallel and
perpendicular polarization in circularly polarized light.

To investigate this, we solved the time-independent Schrodinger equation using the method
Exterior Complex Scaling (ECS) [4] with a finite-element discrete-variable representation (FEM-
DVR) basis. We used integral amplitude methods to generate observable cross sections.

In this paper we will present the calculated cross sections for both circularly and linearly polar-
ized light, with photon energies between 130 and 400 eV. Then, in light of our theoretical results,
we will present an interpretation of the experimental results. We will begin in section II by covering
the numerical methods used to calculate the cross section, as well as the methods used to put those
cross sections in terms of the dielectron momentum. In section III we will examine the results of
our calculations, and compare them to the results of experiments [1] and [2]. We will also present
cross sections at higher energies than were used in the experiments to look for evidence of actual

double slit interference. We will then conclude and summarize our findings in section IV.

118



II. THEORY

A. Numerical Methods

For photoabsorbtion, the problem can be written as a driven Schrodinger equation
(Eo+w — H)U™ = gy M)

where p is the dipole operator, u = € - (61 + 62) and ¢ is the initial state wave function. We
expand the wave function on a finite-elemet discrete-variable (FEM-DVR) basis [5] on a finite
element grid to allow for fast and accurate calculation of the matrix elements.

The asymptotic boundary conditions for U*¢ are extremely complicated and not known in a
useful form. In order to treat the problem rigorously, we applied an exterior complex scaling
(ECS) transformation[4]. In exterior complex scaling, the radial coordinates of both electrons are

rotated into the complex plane beyond some radius Ry:

r r < Ry
r— (2)
Ry + (T — Ro)ein r > Ry.

The ECS transformation is shown schematically in Fig. 1.

FIG. 1: ECS contour in the complex plane.

Under this transformation, outgoing functions decay exponentially on the complex part of the
grid, while the real part of the grid maintains the physical solution. We are then left with simple
boundary conditions.

Once the outgoing wave function has been evaluated, we need to some means to extract the
scattering and ionization amplitudes. The traditional method of matching the outgoing wave
function to the scattering amplitudes does not work in this case, as the wave function goes to zero

asymptotically. Originally, this problem was solved by calculating the quantum mechanical flux,

PPN 1 sC\* sc sc s\ *
FP(T17T27Q) = 272((\? ) Ve — V(\If ) )7 (3)
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through some surface on the real part of the grid, and then extrapolating. This, however, had a
number of problems, particularly when treating very unequal energy sharings [4], so other methods
were developed. Starting with the formal definition of the amplitude, we are able to use Green’s
theorem [4] and rewrite the amplitude as a surface integral, which is accurate and stable on finite
grids.
1 .

f(ki, ko) = 5 /S(cpkl%vw — UV, Dy, ) - dS (4)
The @, are "testing functions,” and it is important to note that this is not a projection, but an
expression that formally extracts the amplitude from the wave function. In our case, they are H;
continuum eigen functions. Finally, to get the cross section we use the formula

d3o 472

— = " Kkko|f(ky, ko)
dE1d61dfs  we 2|f (ki ko) (5)

B. The Dielectron Momentum

Because the results of the experiments were expressed either as integrated over a range of energy
sharings or a range of kT, two programs to integrate the cross-section were developed. The first
was a simple program to integrate over energy sharings, to compare the results of our calculations
with the results of the experiments for extreme energy sharing. The second was significantly more
complex, as kT is a vector sum, and is dependent on the directions of the electron momenta as well
as the energy sharing. Also, since k™ must be considered at many angles, a number of coordinate
transformations must take place, since the scattering amplitudes and the cross section were a
function of k1 and ks.

Getting the cross-section for a given k™ consisted of integrating over all magnitudes of k; and
ko that were not precluded from adding up to k™ by the triangle inequality. A given ki, ko and
k™ uniquely determine the angles involved, except for the azimuthal angle of k1 and ko about k™.
This angle must be integrated over. The problem, then, is the following: for every given angle of
kT, integrate over a specified range of magnitudes of kT, determine which k; and ko add up to
every given kT and integrate over them, including the magnitudes and two angles for every ki, ko
pair.

The problem of generating the angles for k1 and ko specified by a given energy sharing that
add up to a given kT was approached by first solving the problem for the case where k™ is aligned

along the z-axis. This case can be solved quite easily; the polar angles can be generated from the
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law of cosines, and the azimuthal angles of k1 and ko have a difference of w. Specifically,

(T)2 + k3 — k3 (kT)2 — k3 + k3
2k 1kt 2ko kT

cos(f1) = cos(fy) = o = ¢1 £ . (6)

Counterintuitively, the simplest way to make rotational transformations in spherical coordinates
is to translate them into cartesian coordinates, transform them, and then transform them back into

spherical coordinates. The cartesian vectors that satisfy our conditions, then, are

k14/1 — cos?(6y) cos(¢1) kay/1 — cos?(62) cos(¢p2)
k1= | ki /T cos2(60y) sin(¢q) ko = | koy/T— cos2(6) sin(¢2) (7)
k1 cos(61) kg cos(62)
Since the 6; are fixed, all we need to do is loop over ¢;. Then, after applying the rotation of kT,
we have
(x; cos(Op+) — 2 sin(Op+)) cos(Pp+) + yi sin(pp+)
K= | ~(2i cos(y+ ) — zisin(Bg+ ) sin(yr ) + i cos(dpr) (8)
x; sin(fg+) + z; cos(bp+)
The transformed ki and ks were then converted back to spherical coordinates and used to gather
the proper scattering amplitudes and calculate the cross-section.

The resulting program was not particularly efficient, so an effort was undertaken to optimize it.
Shark, part of Apple’s Xcode suite, was used as a profiler. Using this, we were able to determine
that a particular subroutine, bodyamps, was responsible for much of the slowdown. This was
because an if-test was used in the innermost loop as a replacement for calculating the bounds of
the loop beforehand. This was changed, allowing the program to run in a fraction of its former

time.

III. CROSS SECTIONS

A. Comparison with Experiment

The real portion of our grid was 40 ag (9 real elements) and the total grid was 90 ag (13 total
elements). The complex scaling factor was 40°. Our results were obtained from a grid order of
19 and an l,;,4, of 7. These values result in an acceptable convergence (Fig. 2), but still less than
ideal.

In Figs. 3-5 we show the results of our calculations and the experimental data for photon
energies of 130 eV to 240 eV. In general, the agreement is quite good. The figures line up nicely,

with rather small differences.
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FIG. 2: Convergence in l,,q, (left) and grid order(right).

A key observation in Figs. 3-5 is that the average of the cross sections for parallel and perpen-
dicular polarization (blue curves) are nearly identical to the cross section for circularly polarized
light. The only difference is a "twisting” in the circular polarization case. This is the crux of
our interpretation that the four-lobed patten is the result of the fact that circular polarization
contains equal amounts of parallel and perpendicular polarization. The twisting is caused by the
difference in phase between the parallel and perpendicular amplitudes; the two cross sections tend
to be similar because each tends to be large where the other is small, allowing for only minimal
interference (the separate cross sections for linearly polarized light can be seen in Figs. 4 and 7).
Thus the phase difference imparts only a small twist to the cross section, leaving it essentially the
same as an incoherent mixture of the two linear polarizations. The interpretation is then changed:
rather than demonstrating double slit interference, the experiment demonstrated the composition

of circularly polarized light.

B. Higher Energies

While the four-lobed pattern is most likely not double slit interference, that does not mean
that double-slit like behavior is not present in the cross section for double photoionization of Ho.
Specifically, we propose that the secondary lobes seen in the case of perpendicular polarization are

in fact a result of double slit interference. These secondary lobes increase in prominence as photon
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energy increases, as can be seen in Figs.5 through 7. The secondary lobes approximately satisfy
Rsin(0) = A (9)

the condition on the electron wavelength for constructive interference for a double slit. Relatively
small lobes are even seen at 240 eV, the highest photon energy included in the experiment, and
possibly could have been observed. They cannot be seen in the data, however, as the mixture with
parallel component of circular polarization completely obscures the small lobes. Ironically, circular
polarization was chosen to avoid double slit effects being obscured by the polarization (it was feared
that the quasinode perpendicular to the polarization axis would hide the interference pattern). If
the experiment were performed again, with linear polarization and possibly a higher energy, these

secondary lobes, the sought-after double slit interference, could most likely be observed.

IV. CONCLUSIONS

We have converged calculations of the cross section for one-photon double ionization of Hy. Our
calculations of the cross section for double photoionization of Hy agree with experiment, generating
the four-lobed pattern found in refs. [1] and [2]. Comparison with the cross sections for parallel
and perpendicularly polarized light leads us to conclude that the observed pattern is caused by the
composition of circularly polarized light rather than double slit interference.

While the four-lobed pattern is not double slit interference, the authors of refs. [1] and [2] were
not wrong to suspect the effect would occur, nor were they wrong regarding the pattern being
strongest in kT. Had the light source been linearly polarized rather than circularly polarized,

double slit interference would have been observed.
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FIG. 3: A contour plot of the calculated cross-section superimposed on the data from [2] (top left) and

several sections across it. This is intended to show that, in general, our calculations agree with experimental

data.
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FIG. 4: A comparison of the data from [2], and the calculations at 130 eV (top row) and 160 eV (bottom
row). On the left we compare our calculations of the cross section for circular polarization with experimental
data and with the average of our calculations for polarization parallel and perpendicular to the molecular
axis. This is done to show the similarity between the cross section for circular polarized light with the

average of the cross sections for linearly polarized light. On the right are graphs of the cross section for
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FIG. 5: Same as Fig. 4, but for 200 eV (top row) and 240 ¢V (bottom row). Notice the secondary lobes in

the cross section for perpendicular polarization are already apparent at 240 eV.
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7: Same as Fig. 4, but for 360 eV (top row) and 400 eV (bottom row).
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