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Yosuke Kanai, Jeffrey B. Neaton, and Jeffrey C. Grossman
Quantum mechanical electronic structure calculations are playing an ever-expanding 
role in advancing nanotechnology as well as in advancing our understanding and 
design of new functional materials. Recent research utilizing quantum mechanical 
electronic structure calculations is helping to improve upon our understanding 
of existing nanomaterials—and predict new nanomaterials—for photovoltaic 
applications.

28 Atomistic Modeling of Realistically Extended Semiconductor Devices 
with NEMO and OMEN
Gerhard Klimeck and Mathieu Luisier
Researchers have continually developed the Nanoelectronic Modeling (NEMO) 
toolset over the past 15 years to provide insight into nanoscale semiconductor 
devices that are dominated by quantum mechanical effects. The ability to represent 
realistically large devices on an atomistic basis has been the key element in matching 
experimental data and guiding experiments. The resulting insights led to the 
creation of OMEN, a new simulation engine.

36 Molecular Dynamics Simulations of Strain Engineering and Thermal Transport 
in Nanostructured Materials
Yumi Park, Ya Zhou, Janam Jhaveri, and Alejandro Strachan
Given the large surface-to-volume ratio of nanoscale and nanostructured materials and 
devices, their performance is often dominated by processes occurring at free surfaces 
or interfaces. By connecting a material’s atomic structure and thermo-mechanical 
response, molecular dynamics is helping researchers better understand and quantify 
these processes.

43 Simulation of Ion Permeation in Biological Membranes 
Reza Toghraee, Kyu-Il Lee, and Umberto Ravaioli
As part of nature’s solution for regulating biological environments, ion channels are 
particularly interesting to device engineers seeking to understand how nanoscale 
molecular systems realize device-like functions, such as biosensing of organic 
analytes. By attaching molecular adaptors inside genetically engineered ion channels, 
it’s possible to further enhance this biosensor functionality.

48 HUBzero: A Platform for Dissemination and Collaboration in Computational 
Science and Engineering 
Michael McLennan and Rick Kennell
The HUBzero cyberinfrastructure lets scientifi c researchers work together online 
to develop simulation and modeling tools. Other researchers can then access the 
resulting tools using an ordinary Web browser and launch simulation runs on the 
national Grid infrastructure, without having to download or compile any code.
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Cyber‐Enabled Simulations in 
Nanoscale Science and Engineering

T his special issue describes recent 
progress in atomic- and molecular-
level modeling and simulation of 
nanoscale materials and processes, as 

well as efforts by the US National Science Foun-
dation’s Network for Computational Nanotech-
nology (NCN) to cyber-enable such simulation 
tools together with instructional materials and 
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research seminars. We believe that making ad-
vanced simulation tools widely and easily avail-
able to the research and education community 
will significantly enhance the impact of modeling 
and simulation on nanoscience and nanotechnol-
ogy. To materialize this vision, NCN established 
nanoHUB.org, a next-generation Web portal or 
science gateway that lets users run live, interactive 
simulations, explore data, and learn—all though a 
simple Web browser without installing any soft-
ware or providing compute cycles.

Nanoscale Science and Engineering 
Models and simulation codes that describe 
materials in terms of the fundamental physical 
laws that govern electrons and atoms are playing 
an increasingly important role in nanoscale sci-
ence and engineering. This opportunity is emerg-
ing due to a confluence of factors: 

exquisite molecular-level control in device 
fabrication, along with increasingly difficult 
experimental characterization; 
characteristic length scales in the nanometer 
range; and
advances in first-principles-based simulation 
techniques and computing power that enable 
quantitative predictions of realistic materials. 

Furthermore, as this special issue’s first four 
articles exemplify, the boundaries between various 
traditional fields—including computational sci-
ence, physics, materials, electrical and mechanical 
engineering, and biology—overlap at the nano-
meter scales, calling for an unprecedented level of 
collaboration that nanoHUB.org can facilitate. 

Quantum mechanics describes electronic prop-
erties and atomic interactions in materials and 
molecules from first principles. Ab initio meth-
ods solve these equations (with some approxima-
tions) and require no experimental input. In their 
article, “Theory and Simulation of Nanostruc-
tured Materials for Photovoltaic Applications,” 
Yosuke Kanai, Jeffrey B. Neaton, and Jeffrey C. 
Grossman discuss state-of-the-art ab initio elec-
tronic structure calculations and their application 
to the field of photovoltaic devices, where simu-
lations are providing insight into current systems 
and potential new designs.

Unfortunately, ab initio methods remain com-
putationally intensive and restricted to relatively 
small systems. Two articles in this issue describe 
semi-empirical methods that enable the descrip-
tion of materials’ electronic structure, atomic 
structure, and thermo-mechanical response in a 

more computationally efficient way. In “Atomistic 
Modeling of Realistically Extended Semiconduc-
tor Devices with NEMO and OMEN,” Gerhard 
Klimeck and Mathieu Luisier provide an overview 
of some 15 years of nanoelectronic software devel-
opments that let users quantitatively and predic-
tively model realistically scaled devices that can 
contain millions of atoms. NEMO and OMEN 
use empirical tight binding that has been parame-
terized to properly represent the electronic struc-
ture of valence electrons for closed systems, such 
as quantum dots, and open systems, such as nano-
wires and resonant tunneling diodes. The authors 
describe the requirements set forth by research-
ers, developers, and educational users to outline a 
sequence of simulation tool development. 

Yumi Park, Ya Zhou, Janam Jhaveri, and 
Alejandro Strachan discuss recent developments 
in molecular dynamics simulations, their use to 
predict nanoscale heterostructures’ atomic struc-
ture, and their thermal properties in their article, 
“Molecular Dynamics Simulations of Strain 
Engineering and Thermal Transport in Nano-
structured Materials.” By averaging the role of 
electrons in atomic bonding and replacing them 
with interatomic potentials (which can be param-
eterized from ab initio calculations), MD can de-
scribe systems with hundreds of millions of atoms 
and capture a wide range of thermo-mechanical 
processes of interest in nanoscience. 

In “Simulation of Ion Permeation in Biologi-
cal Membranes,” Reza Toghraee, Kyu-Il Lee, 
and Umberto Ravaioli discuss the Biology Monte 
Carlo tool for simulating ion transport across bio-
logical membranes and show how mutations affect 
selectivity. BioMOCA uses Monte Carlo to solve 
the Boltzmann transport equation—an approach 
widely used in semiconductor devices—and aver-
ages out atoms into a coarse-grained description. 
This lets BioMOCA achieve temporal time scales 
beyond what’s possible with MD.

The simulation methods and tools that these 
authors describe (and that are available through 
nanoHUB.org) aren’t the typical Web-form-
based scripts, but rather are complete simulation 
engines that let users fully (and interactively) 
set up their numerical experiments, explore the 
results, and ask “what if?” questions.

Simulation Tools for Educators 
and Researchers
In “HUBzero: A Platform for Dissemination 
and Collaboration in Computational Science and 
Engineering,” Michael McLennan and Rick 
Kennell describe the technology necessary to 
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cyber-enable advanced simulation tools for edu-
cation and research. They also show how tool 
developers can effortlessly deploy realistic simu-
lation tools through nanoHUB.org’s powerful 
GUIs rather than having to rewrite the tools for 
the Web.

The nanoHUB.org community Web site now 
has more than 1,900 unique resources, 650 con-
tributors, and 160 interactive simulation tools. 
In 2009 alone, more than 7,400 users have run 
approximately 400,000 simulations. In addition 
to online simulations, the site offers more than 40 
courses on various nanotopics as well as state-of-
the-art research seminars, which have propelled 
the annual user numbers to more than 100,000 
people in 172 countries (see Figure 1 and Figure 2a). 
nanoHUB embraces Web 2.0 principles, en-
abling community contributions and facilitating 
reviews, questions, and wishlists. A virtual econ-
omy awards points (nanos) to contributors. In-
itially, users could barter nanos only for t-shirts. 
Now, users can barter for an increasing number 
of services, including tool improvements and job 
postings (and, possibly in the future, increased 
disk space and increased simulation throughput). 
A research study on nanoHUB data showed that 
the virtual economy has already had positive 
effects on the question and answer forum’s con-
tribution levels.1

nanoHUB’s slogan is “online simulation and 
more.” The introduction of full classes, tutorials, 
and research seminars early in the NCN project 
in 2003 led to a dramatic user growth from the 
initial 1,000 users (Figure 2a). Deploying inter-
active simulation tools required significant tech-
nology developments. In June 2005, converting 
from Web-forms-based simulation tools to fully 
interactive, user-friendly tools gave rise to a steep 
increase in annual simulation user numbers (see 
Figure 2b). The positive effect of a powerful GUI 
can be measured best by looking at monthly usage 
numbers for the converted tools. As an example, 
Figures 2c and 2d show the number of monthly 
interactive users and code downloads for Schred,
one of the site’s most popular tools. As Figure 2d 
shows, the user increase coincided with a signifi-
cant decrease in source code downloads. NCN’s 
experience indicates that most users are not in-
terested in downloading/compiling code when 
an interactive and flexible GUI exists that can be 
used for exploratory research.

NCN invests significant effort into assess-
ing nanoHUB.org’s effectiveness in enabling 
new research and education. As of May 2009, 
NCN has identified 430 citations in the scien-
tific literature that referenced nanoHUB.org. 
Figure 3 shows each paper as a single dot; a 
line between dots indicates a common author. 

Figure 1. A map of nanoHUB users. Currently, more than 100,000 people in more than 170 countries use nanoHUB, both to 
create and explore simulations and to participate in courses and seminars.

2009-12
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Of these papers, 48 percent are written by NCN-
affiliated authors, who form a strong paper-to-
paper network within NCN (as shown inside the 
dashed yellow line in Figure 3). Significantly, 
nanoHUB.org is also enabling the development 
of strong networks outside NCN. In fact, more 
than half the papers are written by authors unaf-
filiated with NCN. 

As the colored dots in Figure 3 show, 79 per-
cent of the papers address aspects of nanoscience, 
while 16 percent refer to nanoHUB as a cyber-
infrastructure. Moreover, a significant number—
9 percent—address how nanoHUB can be used 
in education.2 Our user registration information 
indicates that more than 290 classes have uti-
lized nanoHUB at more than 90 institutions (see 
Figure 4). Because the site is completely open and 
notification of classroom usage is voluntary, we 
assume that the actual classroom usage exceeds 
these numbers. We’ve identified nanoHUB.org 
users in the top 50 US universities (per the listing 

Figure 2. The impact of introducing new nanoHUB concepts, such as nanoHUB online simulation, and user-friendly GUIs to 
replace Web forms on nanoHUB.org. (a) Total number of annual users over time. This includes simulation and other users.  
Expanding nanoHUB beyond online simulation via dissemination of interactive research seminars, full classes, and tutorials 
increased the total number of users to more than 100,000. (b) Total annualized growth in simulation users. As these graphs 
show, the significant increase in simulation tool users beginning in June 2005 coincided with the deployment of interactive 
tools with friendly GUIs to replace the traditional Web forms. The introduction of a GUI for the popular Schred tool 
exemplifies this trend, showing (c) a dramatic increase in users per month and (d) an equally dramatic decrease in source 
code downloads. Overall, nanoHUB.org user numbers increased by factors of four to five times their pre-GUI levels, while 
source code downloads all but vanished.
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Figure 3. The nanoHUB.org network’s impact on research. As of May 
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by US News and World Report). We’ve also identi-
fied usage in 17 percent of the more than 7,050 US 
institutions carrying the .edu extension in their 
domain name. “nano” is a tiny area in science 
and technology, but nanoHUB is big in many 
institutions.

Advances in first-principles-based simula-
tion methods and increased computing 
power are enabling high-performance 
computational models to provide key 

insights into nanoscale materials, the phenom-
ena that govern their behavior, and how we can 
harness them to achieve improved performance 
or new functionalities. Furthermore, we could 
significantly enhance the impact that simulation 
is having on this and other fields if many more 

investigators had access to the tools and train-
ing required to design meaningful simulations. 
nanoHUB.org is serving this purpose today, and 
we see it developing into a platform where com-
putational scientists not only make their executa-
bles available but also deposit their codes, results, 
and supplemental data as part of the scientific 
process.

Through nanoHUB.org, numerous people can 
now perform online simulations to advance their 
research, learn and teach, and independently check 
results in the literature. This scientific computing in 
the cloud will not only significantly enhance the 
impact of simulation in the fields of nanoscale 
science and engineering, but also provide an un-
precedented opportunity for code and model veri-
fication and validation. Such an increased level of 
scrutiny will help establish a set of best practices 
widely accepted by developers and simulation us-
ers across science and engineering fields. These 
are key steps necessary for predictive computa-
tional science and engineering to achieve its enor-
mous potential and play a more central role in 
the development of next-generation materials and 
devices.
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NCN’s Electronics from the Bottom Up – an innovative educational initiative cosponsored by Intel, 
NCN, and Purdue University – introduces students to a new way of thinking about the opportuni-
ties and fundamental limits of nanoscale electronics – from mainstream CMOS to emerging 
devices. This new approach prepares students broadly to realize the potential of emerging 
nanoscale devices for electronic switching, flexible electronics, energy conversion, and biosensing. 
This summer course focuses on the important problem of randomness in nanostructured 
electronic devices – addressing both percolative transport and reliability physics.  The summer  
school also includes a symposium on graphene electronic devices to introduce students to the field 
and to the underlying, fundamental concepts.
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C Y B E R - E N A B L E D 
N A N O T E C H N O L O G Y

Quantum mechanical electronic structure calculations are playing an ever-expanding role 
in advancing nanotechnology as well as in advancing our understanding and design of 
new functional materials. Recent research utilizing quantum mechanical electronic structure 
calculations is helping to improve upon our understanding of existing nanomaterials—and 
predict new nanomaterials—for photovoltaic applications. 

Theory and Simulation of 
Nanostructured Materials  
for Photovoltaic Applications

O ver the past half-century, computa-
tion has become an indispensable 
tool in science. Great advancements 
in high-performance computational 

capabilities let us solve complex mathematical 
equations with ever-increasing accuracy, pro-
viding detailed scientific understanding. Super-
computers with teraflops performance are already 
quite common at many research institutions, and 
petaflops machines have begun to appear at some 
US national laboratories. Simultaneously, scien-
tists have expended great effort to take advantage 
of these increasing computational capabilities by 
developing new methodologies to tackle outstand-
ing scientific challenges. 

In many cases, these challenges call for knowl-
edge of a material’s electronic structure—that is, 
an ability to predict structure-function property 

relationships from an electron’s viewpoint. Gener-
al frameworks for accurately calculating electronic 
properties without resorting to empirical or ad-
justable parameters can benefit a range of scientific 
disciplines, from biochemistry to materials science, 
over broad materials classes. Because electrons are 
quantum mechanical particles, their properties 
must be calculated by solving the Schrödinger 
equation, a multidimensional differential equa-
tion. However, few cases can be solved exactly, 
even with today’s supercomputers, and research-
ers typically must use physical and numerical ap-
proximations (some of which are described below) 
to obtain solutions. Thus, the utility of computed 
materials properties depends on the accuracy of 
such calculations. Today, viable approximations 
are available to solve these equations and result 
in good agreement with experiments. Indeed, in 
recent decades, such electronic structure calcula-
tions have greatly expanded their role in advanc-
ing nanotechnology. As a result, computational 
materials research is playing an important role in 
not only understanding but also designing novel 
nanomaterials for photovoltaic (PV) applications.

If solar energy is to become a truly viable 
alternative to carbon-based fuels for producing 
electricity, it must also become cost-competitive. 
Despite substantial advances in efficiency and cost 
over the past three decades, solar energy from 
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conventional silicon-based PV cells is still 
considerably more expensive per kilowatt-hour 
than power from coal, gas, or oil. A new genera-
tion of PV cells, based on nanoscale materials, 
has received enormous attention in recent years 
because of its potential to dramatically reduce 
the cost of converting solar energy to electric-
ity. These new opportunities arise because of 
nanostructures’ relatively low cost and defect 
density, and from major advances in our ability 
to control their optical, electronic, and structural 
properties.1,2

Despite the high degree of basic and applied re-
search in this area, the power conversion efficiencies 
and long-term stabilities of nanomaterials-based 
solar cells continue to fall short of what’s required 
for large-scale applications such as commercial or 
residential power generation. An important reason 
for this efficiency bottleneck is that many of the 
fundamental mechanisms and basic attributes of 
these solar cells are difficult to measure and only 
partially understood; examples include the effi-
ciency of interfacial charge separation, the impact 
of impurities on energy-level alignment, optimal 
contact configuration, and the effects of quantum 
confinement. These types of properties are partic-
ularly challenging to characterize experimentally 
at the nanoscale, which makes the ability to predict 
them computationally even more crucial.

Thanks to many significant advances in high-
performance computing as well as methodological 
improvements in electronic structure calculations 
over the past several decades, it’s now possible to 
investigate material properties derived from atom-
istic details, and, in some cases, to predict and 
design new materials with the desired optoelec-
tronic properties. Such calculations, together with 
experiments, can therefore play a substantial role 
in this global-scale challenge to both provide ba-
sic understanding and greatly accelerate materials 
design and discovery. In this article, we provide 
examples of the recent impact of these computa-
tions on both our understanding of and ability to 
predict nanomaterial properties for solar-energy 
conversion. 

Fundamental Processes 
in PV Materials
Our discussion of theory and computation will 
focus primarily on atomic-scale quantum 
mechanical approaches. It’s therefore useful to 
briefly review the essential processes involved in 
converting sunlight to electricity in solar cells 
from the standpoint of their fundamental elec-
tronic structure (see Figure 1).

The first step is solar photon absorption, re-
sulting in a neutral excitation of an electron-hole 
pair, or exciton. From the standard Air Mass 1.5 
solar flux spectrum, we note that photon absorp-
tion is a highly infrequent event at the nanoscale, 
even if perfect absorption is assumed. We can thus 
consider photo excitations to be primarily single-
photon absorption processes.

In the next step, the neutral excitation is “relaxed” 
through a loss of thermal energy to the nuclei via 
electron-phonon interactions. The exciton bind-
ing energy is defined as Eg

QP Eg
OPT, where Eg

QP

is the quasi-particle gap Eg
QP E(N  1) 

E(N  1)  2E(N ) and Eg
OPT is the optical 

gap Eg
OPT E*(N ) E(N ). If the exciton binding 

energy is small compared to thermal energy scales, 
a quasiparticle description is approximately valid, 
and we can think of this process as one in which 
the excited electron and hole relax toward the 
conduction band minimum (CBM) and valence 
band maximum (VBM), respectively. In bulk sys-
tems, such as silicon, the exciton binding energy 
is small, and this relaxation typically occurs quite 
rapidly (within picoseconds or faster). However, 
in many nano- and organic materials, the excited 
electron and hole are tightly bound, and the ex-
citon binding energy can be significant (on the 
order of approximately 1 electron volt). 

After relaxation, the next step involves dissoci-
ating the exciton, separating the electron and hole 
so they can be transported independently and 
in opposite directions toward the metal contacts 
(see Figure 2). Once the excited electron and hole 
are separated, the next key step is to transport the 
charge to the electrodes while avoiding recom-
bination of the excited electron and hole. While 
effective mass theory often successfully describes 
charge transport in a crystalline material, a 

Figure 1. Physical processes involved in photovoltaic operation. Solar 
photon absorption results in a neutral excitation, which then “relaxes” 
through a loss of thermal energy to the nuclei via electron-phonon 
interactions. The excited electron and hole are then separated and the 
charge is transported to the electrodes.
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temperature-dependent hopping-type mechanism 
has been operative in many organic materials and 
possibly across interfaces between nanomaterials. 
In some cases, such as the dye-sensitized solar 
cell (DSSC), transport can be assisted by ions in 
electrolytes. 

The last step is to extract the charges into 
the corresponding electrodes. In semiconductor 
physics, concepts such as Schottky barriers are 
traditionally used to measure how well the contact 
between the semiconductor and metal follows ideal 
Ohmic behavior. In terms of electronic structure, 
how the PV active layer’s frontier energy levels 
(such as CBM/VBM) align with the contacting 
levels’ Fermi energies dictates the current-voltage 
(IV) characteristic of such interfaces.

Each of these physical processes competes with 
recombination’s deleterious effects, in which the 
excited electron and hole collapse back to their 
original ground state. This is of particular con-
cern for solar cells based on nanomaterials where 
the exciton binding energy is larger than typical 
thermal energy scales. The large exciton bind-
ing energy indicates that the excited electron and 
hole are strongly attracted to each other. Conse-
quently, the significant spatial overlap of the two 
results in a high recombination probability as long 
as the wavefunction symmetry doesn’t prohibit 
such an electronic transition. 

Electronic Structure Calculations
The emerging maturity of first-principles calcu-
lations, whose results don’t depend on empiri-
cal parameters, has allowed researchers to begin 

applying them to a broad range of materials sci-
ence problems. In particular, these methods are 
becoming indispensable where atomistic details 
are crucial for understanding and predicting a 
given material’s property-structure relations. 

Density Functional Theory
Density functional theory3 is arguably the most 
popular approach for investigating materials 
due to its balance of accuracy and applicability. 
Within DFT, the highly complex problem of 
solving the Schrödinger equation for the multi-
dimensional many-body wavefunction is reformu-
lated in terms of the electron density, which is a 
much simpler function of three dimensions. This 
reformulation further lets us efficiently utilize a 
set of single-particle Kohn-Sham (KS) equations 
to obtain the electronic structure and thus various 
other materials properties of interest. To obtain 
the electron density from the orthonormalized 
KS single-particle wavefunctions as

( ) ( )r r
i

i

N
2

for a N-electron system, we must face the prob-
lem of solving a set of coupled KS equations,

1
2

2 v r v r v r r
ext H XC i

( ) ( ) ( ) ( )
i i

r( ),

where vext(r) is an external potential (such as that 
arising from the ions), vH(r) is the electrostatic 
potential from the electrons’ charge density, 
and vxc(r) is the exchange-correlation potential. 
In practice, the exact form of this exchange-
correlation potential is unknown, and we must 
approximate it from its known behaviors within 
some physical limits (such as homogeneous elec-
tron density). Because the coupled KS equations’ 
potentials depend on the electron density—
which in turn is calculated from solving the KS 
equations—the process must be solved iteratively. 
An efficient scheme for iteratively obtaining the 
“self-consistent” potential is therefore important, 
and several options exist. For computations, the 
KS wavefunctions are frequently expanded in 
terms of planewaves (using Fourier expansion) or 
physically motivated localized functions such as 
Gaussians. The convergence of calculated prop-
erties with respect to the size of this “basis set” 
is therefore also important in practice. A crucial 
computational bottleneck in solving for the KS 

Figure 2. The charge separation process in a  
Type-II (staggered) energy-level alignment at  
a heterojunction of two different materials. The 
exciton, which (strictly speaking) can’t be presented 
in this single-particle description, undergoes 
dissociation across the interface. The red and  
white circles represent an excited electron and  
a hole, respectively. LUMO is the lowest unoccupied 
molecular orbital state; HOMO is the highest 
occupied molecular orbital state.

LUMO offset

HOMO offset
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single-particle wavefunctions is that of the ortho-
normality requirement

dr r r
i j i j

*
,( ) ( ) ,

which results in the calculation of the integral for 
all pairs, leading to cubic scaling with the num-
ber of electrons O(N 3). While this scaling might 
sound quite unfavorable, for electronic structure 
calculations, DFT remains one of the best scaling 
methods with respect to the number of electrons. 

Many research groups today routinely use 
DFT to investigate the electronic structure and 
related ground-state properties of materials with 
up to several thousand electrons. Another DFT 
advantage is that both nuclei and electron dy-
namics can be treated within the existing frame-
works of first-principles molecular dynamics 
(FPMD)4 and time-dependent DFT extensions,5

respectively. For small systems, we can also com-
bine these approaches to simultaneously address 
the electronic structure evolution and the 
nuclei’s motion.

DFT calculations’ computational aspects have 
also advanced greatly over the years. In 2006, 
Francois Gygi and his colleagues showed the im-
pressive performance of DFT-based FPMD with 
12,000 electrons over 65,000 computing nodes, 
successfully taking advantage of the computational 
capabilities of one of the world’s most powerful 
computers.6 Achieving such a performance re-
quires not only advanced computational platforms, 
but also tremendous efforts in optimizing numer-
ical libraries and kernels. DFT’s methodological 
aspects have also greatly advanced: Walter Kohn’s 
nearsightedness principle of electrons motivated 
research groups to pursue computational ap-
proaches that scale as O(N ).7 Such methodological 
advances are promising as the community pushes 
forward to deal with materials with ever-increasing 
complexities alongside of massively parallel super-
computers’ steady progress.

Yet, DFT calculations aren’t without short-
comings, particularly when calculating mate-
rial properties away from the electronic ground 
state. DFT’s KS single-particle wavefunctions 
can, in some cases and depending on the choice 
of exchange-correlation functional, be good ap-
proximations to quasiparticle excited states. Still, 
in most cases band gaps (energy gaps) are con-
siderably underestimated, and single-particle en-
ergies deviate significantly from photoelectron 
spectroscopy measurements. It’s therefore im-
portant to gauge the accuracy level attained for a 

given calculated property, and whenever possible 
to validate the DFT’s performance using avail-
able experimental data. While understanding 
experimental observations and predicting qualita-
tive behavior are areas in which DFT can excel, 
designing novel materials with specifically tai-
lored optoelectronic properties poses a challenge 
because of the limited experimental comparisons 
available in such cases. In this regard, research-
ers are engaged in significant efforts to improve 
upon traditional DFT calculations for obtaining 
accurate energy levels and excited-state materials 
properties. 

“Beyond DFT” Approaches
Electronic structure calculations based on many-
body perturbation theory (MBPT)8 and quantum 
Monte Carlo (QMC)9 are two examples of first-
principles approaches that go beyond static DFT. 
The two are particularly relevant for obtaining 
the accurate electronic energy-level alignment 

needed to understand and predict the excited-
state properties such as absorption, charge sepa-
ration, and charge collection that are important 
to PV operation.

MBPT is based on a set of Green’s function 
equations, beginning with a one-electron propa-
gator and considering the electron-hole Green’s 
function for the response. Key ingredients are 
the electron’s self-energy (describing the inter-
action with its surroundings) and the electron-
hole interaction. Within this framework, quasi-
particle energies of adding or removing 
electrons from the system are determined by a 
Schrödinger-like equation that contains a non-
local, energy-dependent self-energy, , in place 
of the exchange-correlation potential as in the 
KS equation. Formally, the quasiparticle energies 

i are the solutions of

1
2

2 v r v r r

dr r r

ext H i
( ) ( ) ( )

( , ; EE r r
i i i

) ( ) ( ),

Many research groups today routinely use 

DFT to investigate the electronic structure and 

related ground-state properties of materials 

with up to several thousand electrons.
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where ( , , )r r E  is a nonlocal, energy-dependent 
self-energy operator. A good approximation for 

 is obtained with Lars Hedin’s GW approach,8

in which the self-energy is truncated to first order 
in a power series in the screened Coulomb inter-
action, W, and the single-particle Green’s func-
tion G is determined from the KS eigenstates. We 
can then express the GW self-energy as

( , ; ) ( , ; ) ( , ; )r r E
i

d e G r r E W r ri

2
,

where is a positive infinitesimal, W 1V, 
is the dielectric response function, and Vc is the 

bare Coulomb interaction. First-principles GW 
calculations provide a balanced treatment of ex-
act exchange and dynamically screened correla-
tion effects starting from a conventional DFT 
framework, and have been successfully carried 
out for bulk materials, surfaces, interfaces, and 
molecules.10 Distinct approaches for formulating 
the GW self-energy exist in the literature. In the 
Hybertsen and Louie approach, we first perform 
a conventional DFT calculation for the target 
system. Next, we use the obtained KS wavefunc-
tions as a first approximation to the quasiparticle 

wavefunctions, and generate the one-electron 
Green function accordingly. Computing the in-
verse static dielectric function in terms of the 
polarizability can be the calculation’s most com-
putationally intensive step, often scaling as O(N 4). 
The dielectric response’s frequency dependence is 
often evaluated using a plasmon-pole model.8 (We 
could also generate the fully frequency-dependent 
dielectric function, though at greater computa-
tional cost.) Finally, we evaluate quasiparticle en-
ergies from the DFT energies using perturbation 
theory. Given the added computational cost of 
computing the inverse dielectric function, pres-
ent-day algorithms can perform GW calculations 
for systems consisting of about 50 to 100 atoms.

QMC approaches are philosophically quite 
different than MBPT methods for going 
beyond DFT. QMC effectively solves the 
many-body Schrödinger equation in an integral 
form—without resorting to a single-particle-like 

reformulation—using Monte Carlo techniques. 
In diffusion QMC, one of the most popular QMC 
forms, a trial many-body wavefunction is evolved 
toward the true many-body wavefunction using

( , ) ( , , ) ( , )R dR G R R R

in imaginary time . The many-body Green’s 
function G(R,R , ) can be approximated accu-
rately for small .9 For a long enough evolution, 
the Green’s function projects out the true many-
body wavefunction from the trial one. In practice, 
importance sampling is introduced with the trial 
wavefunction, which determines the nodal sur-
face (where the wavefunction changes its sign), 
avoiding numerical difficulties related to releas-
ing the nodal surface constraint and potential 
energy divergence. The trial wavefunction is usu-
ally given by a Slater determinant of the single-
particle KS wavefunctions from DFT calcula-
tions, multiplied by a so-called Jastrow function 
to include two-body (and beyond if desirable) cor-
relations explicitly into the wavefunction. Even 
with the fixed-node approximation, QMC pro-
vides highly accurate energies.11 The QMC scal-
ing of O(N 3) is largely due to its evaluation of the 
Slater determinant. For each of the N electrons, 
we must evaluate N orbitals for the determinant. 
Another factor of N comes in because the basis 
set’s size typically scales linearly with N. In some 
cases, researchers have shown that it’s possible 
to reduce the scaling down to O(N ) by applying 
a unitary transformation to the single-particle 
wavefunctions such that they’re all localized in 
space (which doesn’t change the determinant) 
using spatially localized basis functions.12

QMC calculations’ computational cost is gen-
erally significant, mostly because of the statisti-
cal sampling (inherent to Monte Carlo methods) 
required to sufficiently reduce the error bar on 
computed physical quantities. QMC’s great com-
putational advantage is that it essentially scales 
linearly with the number of processors, thanks to 
its stochastic nature.

Currently, all of these methods demand con-
siderable computation, but rapid advances in 
methodologies and computational platforms 
are encouraging for a more routine use of these 
approaches in the future. 

Electronic Structure Calculations 
of Nanoscale PV materials
Addressing the material challenges for improv-
ing PV cells will require collaborative efforts that 

QMC’s great computational advantage is that 

it essentially scales linearly with the number of 

processors, thanks to its stochastic nature.
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span both fundamental and applied scientific dis-
ciplines. Understanding the observed phenom-
ena at a fundamental level is one of the keys to 
a rational approach for predicting and designing 
novel materials with desired behaviors. These new 
materials will demand that applied scientific disci-
plines use highly sophisticated and complex engi-
neering approaches, which in turn require new or 
deeper understanding. As computational method-
ologies become more sophisticated and accurate, 
exciting opportunities exist to effectively bridge 
this gap: we must genuinely rise to the grand chal-
lenge of predicting and designing new materials 
without resorting to empirical parameters from 
experiments.

The computational materials science commu-
nity is well positioned to address such an impor-
tant challenge, and creating novel nanomaterials 
for inexpensive and efficient PV cells constitutes 
an exciting direction with great potential benefits. 
As we now highlight, our groups employ DFT and 
excited-state methods to shed light on how funda-
mental processes in solar cells depend so crucially 
on the atomistic and chemical nature of the active 
material’s shapes and interfaces.

Predicting Nanoscale Materials 
for Charge Separation
As we discussed earlier, efficiently separating 
charges in the active layer is a key step in con-
verting sunlight into electricity. Because we can 
tune nanomaterials’ electronic structure (such as 
by quantum confinement and topological symme-
tries), it’s possible to control the intrinsic proper-
ties of a single nanomaterial without doping the 
material or introducing an interface with other 
materials. Thus, an interesting question is whether 
we could use nanoscale effects to design novel ma-
terials for the charge separation processes. 

To answer this question, we investigated silicon 
nanostructures as a proof-of-principle demonstra-
tion because they’ve shown enormous potential in 
terms of their electronic properties’ tuneability. 
In particular, silicon nanowires provide a physi-
cal path for transporting charge carriers, and we 
can synthesize them routinely and controllably, 
even well within quantum confinement regimes. 
Motivated by the experimental observation of ta-
pering in silicon nanowires grown via the vapor-
liquid-solid technique, we began to explore how 
we might modify silicon nanowires’ inherent elec-
tronic structure by controlling their nanoscale 
morphology. 

A highly efficient implementation of DFT with 
localized basis functions for describing KS states 

was employed to investigate nanomaterials con-
sisting of over 10,000 electrons.13 A key aspect 
of this work is that broken translational symme-
try along the wire axis could affect the conduc-
tion band minimum (CBM) and valence band 
maximum (VBM) electronic states distinctively 
and might lead them to separate locations in real 
space. As Figure 3a shows, our DFT calculations 
predict that the lowest unoccupied molecular or-
bital (LUMO) and the highest occupied molecu-
lar orbital (HOMO) states are mainly located at 
opposite ends of a small-diameter tapered silicon 
nanorod.14 This is because in a narrow tapered 
silicon nanowire, the quantum confinement 
strength varies significantly along the wire axis 
and the surface morphology changes substantially 
as well, causing different shifts in local near-gap 
energy levels along the axis. That said, the elec-
tronic states deeper into the unoccupied and oc-
cupied manifolds are delocalized, and the silicon 
nanorod’s photo excitation would primarily occur 
across the higher excitation energy states into 
these levels. Thermal relaxation of the excited 
electron and hole to the near-gap frontier states 
naturally separates them spatially along the axis 
within such a tapered silicon nanorod. Thus, the 
calculations point to the possibility of spontane-
ous charge separation induced in a single nano-
material by controlling the morphology, without 
the need for doping or interfacing with other 
materials.

Figure 3. Example applications of DFT calculations aimed at 
understanding and controlling charge separation at the nanoscale. In 
these nanowire systems, the conduction and valence bands are shown 
to be spatially separated in a single nanomaterial by morphology 
control using (a) tapering and (b) strain.14,15 The lowest unoccupied 
molecular orbital (LUMO) and the highest occupied molecular orbital 
(HOMO) states are mainly located at opposite ends of the tapered 
silicon nanorod.

2% tension Unstrained

LUMO HOMO

(a)

(b)

Tapering
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Such a design could also be realized in a number 
of additional ways, apart from tapering in a single 
nanomaterial. For example, Figure 3b shows that 
we can partially strain an untapered (straight) 
silicon nanowire along the axis to induce CBM 
and VBM state localization in separate spatial re-
gions. The reason for this effect is that the axial 
tensile strain lowers a silicon nanowire’s frontier 
energy levels, while axial compressive strain lifts 
these levels higher due to the wavefunctions’ 
characteristic symmetries.15 Consequently, in a 
partially strained silicon nanowire, the strained 
section’s frontier energy levels are simultane-
ously higher or lower than the unstrained part, 
effectively forming an ideal type-II junction (see 
Figure 2). Experimentally, researchers have inves-
tigated axial strain in silicon nanowires to enhance 
the charge carrier mobility and have realized par-
tially strained silicon nanowires. 

Investigating Electrodes for Charge Collection
For organic PV cells,16 power conversion effi-
ciency can be critically influenced by the electrode 
interface between a metal and organic PV active 
layer. Understanding transport phenomena in 
metal-molecule contacts is crucial for optimizing 
a PV operation’s current-voltage behavior. Rigor-
ous investigation at the individual molecule level 
continues to be a fundamental nanoscience chal-
lenge; the atomistic details of this interface remain 
outside even the best experimental probes’ reso-
lution. In our second example, we describe how 
we recently extended and applied first principles 
DFT-based methods to illuminate this problem, 
inspired by quantitative experiments.

Researchers often use fullerene derivatives—
such as [6,6]-phenyl-C61 butyric acid methyl 
ester—as the electron-transporting material in 
bulk organic heterojunction solar cells because 
of fullerene derivatives’ high electron mobili-
ties compared to standard semiconducting poly-
mers. However, even for simple atomic interface 
geometries, the injection barriers aren’t well 
characterized. Indeed, recent scanning tunnel-
ing microscopy (STM) experiments have probed 
C60-based molecular systems adsorbed on metal-
lic surfaces with the goal of improving our under-
standing of transport and optical properties.17,18

Although these studies have resulted in remark-
able progress, there remains a critical need for a 
quantitative description of the spectroscopy of 
this key interface.

Fundamentally, the energetic positions of a 
molecular adsorbate’s frontier molecular orbitals 
(HOMO/LUMO) relative to a metal surface’s 

Fermi level dictate interfacial electronic, opti-
cal, and transport properties. The size of the 
interface dipole (degree of charge transfer), 
energy-level broadening and hybridization, and 
surface polarization are all key factors deter-
mining orbital energy alignment. Recent work 
has shown that the quasiparticle gap of a mol-
ecule weakly coupled to a metal surface (given 
by the difference between molecular HOMO 
and LUMO energies) was strongly renormalized 
by the metal surface’s polarization response to 
the added electron or hole, and strongly reduced 
from its corresponding value in the gas phase.19

This “image charge effect” results from nonlocal 
correlations that aren’t captured by electronic 
structure calculations based on DFT with stan-
dard exchange-correlation functionals, includ-
ing the local density approximation and hybrid 
functionals. 

In other work,20 a new approach based on DFT 
and the Anderson impurity model (AIM) was de-
veloped to calculate accurately charging energies 
and quasiparticle energy gaps of molecular sys-
tems weakly coupled to an environment, and then 
applied to compute the frontier orbital energies 
of C60 at Au(111)/Ag(100) surfaces, where STM 
experiments have thoroughly compared the level 
alignment for metal surfaces at both low tempera-
tures and in ultra-high vacuum conditions. 

As Figure 4 shows, this DFT-based method 
can resolve this apparent difference in level align-
ment for the two different contacts, Au(111) and 
Ag(100). In particular, charge-transfer screening 
significantly affects only the Ag case, where the 
LUMO considerably overlaps the surface Fermi 
energy. Such a marked difference in electronic 
energy-level alignment between C60 on Au(111) 
and Ag(100) provides new quantitative insight 
into metal-organic interfaces important in or-
ganic PV cells.

Quantitative Prediction 
and Going Beyond DFT 
As we’ve noted, DFT’s KS single-particle ener-
gies can result in energy gaps and level alignment 
that differ significantly with spectroscopy and 
transport measurements. For similar electronic 
characters’ semiconductor interfaces, the result-
ing errors in energy-level alignment within DFT 
can be less severe in some cases due to error can-
cellation.21 However, for materials of distinctly 
different electronic structures, the extent of such 
erroneous shifts could naturally be quite dif-
ferent across the interface, which could result 
in completely incorrect HOMO and LUMO 
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offset predictions, in addition to the interface 
energy gap.

One way to correct KS single-particle energies 
is to use MBPT.8 In cases where the KS single-
particle states are quite similar to quasiparticle 
states, we can utilize the KS states to compute 
the many-body correction that renormalizes 
the missing electronic many-body effects in this 
single-particle-like description. We recently 
applied this method to more complex, hybrid 
organic-inorganic interfaces (molecular adsor-
bates on silicon and other semiconductors).22 In 
these systems—where DFT errors are typically 
much larger—our preliminary work shows that 
MBPT significantly improves the interface’s 
energy-level alignment description compared to 
DFT.23 This is a convenient and straightforward 
approach for extending DFT’s applicability, but 
it’s not without computational and methodologi-
cal issues. As was recently shown, the approach’s 
accuracy could depend significantly on how we 
evaluate the self-energy operator if subtle dif-
ferences in the energy-level alignment need 
resolving.24 Also, in some approximations, the 
computational cost doesn’t scale as favorably as 
DFT—O(N 4), rather than O(N 3), where N is the 
number of electrons in the calculations.24

Complementing the MBPT-based approach, 
we recently proposed an alternative approach for 
improving DFT’s accuracy to predict energy-
level alignment using QMC calculations.25 In this 
approach, we obtain the many-body correction by 
relating KS single-particle energies to the deriva-
tives of the system’s total energy, which we can 
obtain accurately using QMC. The advantages 
of this approach are QMC’s high accuracy for a 
wide range of materials and the method’s favor-
able scaling O(N 3) despite its large computational 
prefactor.

Electronic many-body effects could be impor-
tant in many scenarios. For example, to design a 
desirable Type-II heterojunction using an organ-
ic-inorganic interface, we investigated the use of 
a silicon slab’s quantum confinement as a tuning 
parameter to suitably align the energy levels with 
a specific organic molecule. Although DFT cal-
culations predict a desirable Type-II heterojunc-
tion with the slab thinner than approximately 16 
layers, accurately accounting for the missing elec-
tronic many-body effects using the QMC scheme 
completely modifies the prediction, revealing that 
the interface is actually Type-I (see Figure 5). 
This is an extreme case where a heterojunction’s 
qualitative optoelectronic character is incorrectly 
predicted using DFT calculations, exemplified by 

a heterojunction composed of two electronically 
distinct materials. Still, such results warrant cau-
tion in using DFT for predicting such novel inter-
faces to obtain targeted optoelectronic behavior. 
They also provide a glimpse into the necessary de-
velopments required for more efficient approaches 
for obtaining many-body corrections.

A lthough many challenges remain, first-
principles calculations are beginning 
to reveal important insights about fun-
damental processes in nanoscale PV 

materials. Further development of computational 
methodologies and researcher collaboration are 

Figure 4. Schematic energy-level diagrams based on recent data17,20 
show the measured frontier orbital-level alignment for C60 on  
(a) Au(111) and (b) Ag(100). Both cases show the standard density 
functional theory (DFT) results (molecule placed at a relaxed distance) 
and quasiparticle energies without the Anderson impurity model 
(AIM). For Ag(100), the results also include the total spectral function 
with AIM, which accounts for charge-transfer screening. The AIM is 
essential for good agreement with the experiment in the Ag case, 
changing the lowest unoccupied molecular orbital (LUMO) position 
and enhancing the LUMO splitting. HOMO is the highest occupied 
molecular orbital state; Expt stands for the scanning tunneling 
microscopy (STM) experiments.
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likely to foster more detailed understanding and 
novel designs of optimal nanomaterials for PV 
applications, and accelerate breakthroughs in PV 
nanomaterials discovery.
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C Y B E R - E N A B L E D 
N A N O T E C H N O L O G Y

Researchers have continually developed the Nanoelectronic Modeling (NEMO) toolset 
over the past 15 years to provide insight into nanoscale semiconductor devices that are 
dominated by quantum mechanical effects. The ability to represent realistically large devices 
on an atomistic basis has been the key element in matching experimental data and guiding 
experiments. The resulting insights led to the creation of OMEN, a new simulation engine.

Atomistic Modeling of Realistically 
Extended Semiconductor Devices 
with NEMO and OMEN

I n 1965, Moore’s law predicted an expo-
nential cost reduction with an exponential 
increase in the number of components per 
integrated circuit. Indeed, over the past 45 

years, we’ve obtained an amazing increase in com-
putational capabilities through the dramatic size 
reduction of individual transistor components. 
Despite predictions of insurmountable techni-
cal difficulties, sheer economic drivers have now 
created a global US$260 billion semiconductor 
industry. There is, however, a fundamental limit 
that we can’t overcome: atoms aren’t divisible, so 
downscaling must stop in the realm of countable 
atoms. 

Some material layers in commercial devices have 
now reached the thickness limit of a few atoms. 
Lateral dimensions are now at 20 to 30 nano-
meters (80 to 120 atoms) and device geometries 
are no longer flat planar, but rather 3D objects. 
New materials have entered the device design 
realm to reduce leakage currents through thin 
layers and to deform the active transistor material 

through strain engineering, which improves tran-
sistor characteristics. The problems are large 
enough that silicon industry is considering new 
transistor materials, such as carbon and even the 
eternal materials of the future: Gallium arsenide 
(GaAs) and Indium arsenide (InAs). The design 
space’s size is suddenly exploding because the 
detailed local atom arrangements have become 
critical and new materials have been added in 
novel 3D geometries. 

Modeling and simulation might offer ways to 
explore options before actual experimentation. 
However, it’s probably fair to say that we can’t 
use any of the typical commercial semiconductor 
device design tools to explore the 3D atomisti-
cally defined search space. Most tools are based 
on continuum material assumptions and therefore 
ignore the mere existence of the atomic granular-
ity. Most tools also, at very best, patch quantum 
mechanical effects into the simulation concept 
through perturbative treatments. What we need, 
however, is a fundamentally quantum mechani-
cal carrier transport model built on an atomistic 
material description. 

A suite of tools that can model realistically ex-
tended nanoelectronic devices such as 3D quan-
tum dots, ultra-thin-body transistors, nanowires, 
carbon nanotubes, and graphene sheets at an 
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atomistic resolution might help narrow the search 
and optimization space, reduce the cost of new 
technology developments, and reveal new device 
operation concepts (see Figure 1 for examples). 

Device downscaling has also increased costs for 
experimental determination of transistor designs, 
as well as for overall manufacturing; constructing 
a new fabrication line is approaching US$10 bil-
lion. Quantitative modeling and simulation at the 
atomistic scale could enable the exploration of the 
design space for high-performance, fault-tolerant, 
manufacturable devices. Modeling and simulation 
might therefore be the key to keeping Moore’s law 
valid for a few more years.

NEMO-1D: The First Industrial 
Quantum Transport Simulator 
The first analog and digital nanoelectronic 
devices to operate at room temperature with 
nanometer-scale material variations were resonant 
tunneling diodes (RTDs). Indeed, these devices 
require a quantum mechanical understanding and 
can’t be modeled with semiclassical approaches. 
The Texas Instruments Central Research Lab 
assembled a team of theorists, computational 
scientists, software engineers, and—last, but not 
least—experimentalists to create an industrial-
strength modeling tool that could drive RTD 
design. The primary challenge was to increase 
the peak-to-valley current ratio to reduce the 
“off current” in possible digital and analog cir-
cuits. Theoretically, this amounted to under-
standing the valley current’s physical origin 
(see Figure 2). 

In 1997, toward the project’s end, the modeling 
was guiding quantitative, predictive simulation 

that agreed with experiments (see Figure 2b),1

with the bottom line being that we can’t dramati-
cally reduce the off current in high-performance, 
high-current-density devices in standard RTDs. 
Researchers eventually patented design alterna-
tives for low-power memory cells.2 While gen-
eral interest in RTDs has subsided since then, 
researchers achieved critical insights resulting 
from modeling carrier transport at the nanome-
ter scale.

The Nanoelectronic Modeling 1D (NEMO-
1D) team developed new boundary conditions 
that enabled treatment of extended device contact 
regions in which strong scattering and thermal-
ization of carriers and electrostatic control are 
critical, while quantum mechanically confined 
states still rule over the carrier injection into the 
central device. Most RTD community members 
had suspected that incoherent scattering in the 
central device region was the valley current’s 
key element. That effectively turned out to 
be incorrect. The critical element was actually to 
understand where the resonances are in energy 
and how they’re coupled to the contacts. To en-
able quantitative modeling of carrier transport 
in room-temperature high-performance, high-
current-density RTDs, we needed an atomistic 
representation of the device layers. 

Setting the Path for General 
Nanoelectronic Device Simulation
While the academic and industrial interest in 
RTDs has subsided, we’ve gained critical insights 
into carrier transport at the nanometer scale. 
As we now describe in more detail, the develop-
ment of NEMO-1D has set the model, user, and 

Figure 1. Nanoelectronic device geometries. (a) The multimillion-atom Nanoelectronic Modeling 3D (NEMO-3D) simulation 
geometry of an Indium arsenide (InAs) quantum dot on a Gallium arsenide (GaAs) substrate, capped by an alloy Indium 
aluminum arsenide (InAlAs) strain-reduction layer. (As atoms were omitted for clarity’s sake.) (b) A zoom view of (a) from a 
different angle. Among the several 2D and 3D device geometries for OMEN transport simulations are (c) an ultra-scaled thin 
body transistor, (d) a gate all-around nanowire, (e) a gate-all-around carbon nanotube, and (f) a top-gated graphene sheet.

(a)

(b)
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(d)

(e)
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developer requirements for the various simulation 
engines that followed. 

Model Requirements
Among the requirements, models

must not be based on continuum material de-
scription, but must include atomistic granular-
ity and crystal symmetries; 
need basic mechanical atom–atom interactions 
(strain and phonons); 
need full-band electronic structure represen-
tation for the central valence and conduction 
bands (as opposed to expansions around central 
symmetry points like gamma); 
must represent bulk material properties, such 
as band gaps to within a few millielectron volts 
(meV) and effective masses to within a few per-
cent, because band structure engineering works 
in the tuning band edges domain to within a 
few tens of meV; 
must have transferability from bulk to the 
nanometer scale;
must be computationally lightweight enough 
to represent realistically extended devices (real-
istic structures imply tens of millions of atoms 
in quantum dot structures and around 100,000 
atoms in ultra-scaled field effect transistors and 
nanowires);
must model devices of a finite extent in realistic 
environments, which precludes the assumption 
of infinite periodic structures surrounded by a 
vacuum;
must be able to include open boundary 
conditions, not just closed systems;
must be able to represent atomistic disor-
der without additional computational burden 

or user interference—computation time and 
model tuning should not increase with degrees 
of disorder; and
must have an atomistic model that can represent 
atomistic disorder explicitly—rather than in a 
statistical average way—as each device is indeed 
different from the next.

These requirements guided the choice of ba-
sis sets in subsequent developments, both with 
the NEMO team and other researchers around 
the world. “Exact” band gaps and masses, mil-
lions of atoms, and finite extent preclude most 
typical ab initio models. In fact, you could ar-
gue that for typical semiconductor devices, 
these might be unnecessary anyhow, because 
device simulation doesn’t need to establish the 
existence and formation of bonds. If the bonds 
varied in time, the semiconductor device would 
be unstable and plagued by noise. However, the 
empirical tight-binding approach that we se-
lected meets the requirements and needs stated 
earlier.

User Requirements
We envisioned various classes of users, including 
computational scientists, experimentalists, educa-
tors and students, and NEMO developers. 

Computational scientists typically push the model 
development and validation. They usually have no 
real compute-time requirements and do whatever 
it takes to solve the model. Simulations are often 
limited to a few cases to establish the existence of 
solutions or to gain fundamental insight. These 
users are willing to move data and restart files all 
over the place and perform data analysis in ad hoc 
interfaces. 

Experimentalists generally know little about the 
model’s details, but have realistic problems to solve 
rapidly. They need to understand and develop de-
vice concepts, explore many different designs, and 
ask “What if?” questions rapidly. The primary ex-
ploration times are seconds to minutes, while sec-
ondary execution times might be the lunch hour 
or a few overnight simulations. With this in mind, 
developers must integrate data management, vi-
sualization, and export into notebooks into the 
overall tool experience. The software must not 
demand that these users intricately understand 
the underlying theory. Computational science ex-
periments that add more and more basis functions 
to test the model’s validity are inappropriate for 
this class of users. 

As with the experimentalists, educators and 
students need a rapid simulation turnaround, but 

Figure 2. Resonant tunneling diode. (a) A conceptual sketch of a 
double-barrier structure under various bias conditions, leading to a 
current turn-on and turn-off with increasing bias. Controlling the peak 
and the valley (off) current and their relative size is critical to transistor 
action and the amount of energy consumed when the device is off. 
(b) Experimental data from 12 different current and volt (I-V) curves 
overlapping theoretical predictions of Nanoelectronic Modeling 1D 
(NEMO-1D).
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they also need an even simpler access method. 
Use might be anywhere in the world and in the 
classroom, without any license and installation 
issues. In fact, neither teachers nor students are 
typically allowed to install additional software on 
classroom or laboratory computers. These users 
also need reuse of previous simulation results or 
set-up before classtime and simple results report-
ing and interpretation. 

Developer Requirements
NEMO developers included theorists, computa-
tional scientists, algorithm developers, software 
engineers, and user interface designers. They must 
be able to work together in various software proj-
ect phases. These developers have quite different 
requirements in their usual workflow. At one end 
of the spectrum, they might need code to change 
on a daily basis; at the other end, they might need 
to freeze code for several months while they test 
it and roll it out to users. They need a dynamical 
I/O design that limits the exposure of new mod-
els to users and enables developers to add models 
rapidly. 

From NEMO-1D to OMEN
Several researchers identified the fundamental 
transport methodology as the non-equilibrium 
Green’s function (NEGF) approach and estab-
lished it as such in this field. Given our model 
requirements, we used empirical orthogonal 
tight-binding (ETB) approaches to represent 
the semiconductor materials. We implemented 
different basis sets, ranging from simple effec-
tive mass (single “s” orbital) to a suite of more 
comprehensive models, such as sp3s* and sp3d5s*, 
typically in nearest-neighbor representations.

ETB is based on the symmetry-formalized 
interaction of valence electrons on neighboring 
atomic sites. It ignores the core electrons and is 
therefore not a total energy Hamiltonian. How-
ever, we can fit ETB to match experimental and 
more fundamental theoretical band structure 
properties3 when we improve the model to match 
general strain behaviors.4,5

NEMO-3D Development at NASA JPL
In 1998, the NASA Jet Propulsion Laboratory 
had a strong experimental technology group in-
terested in developing optical detectors and lasers. 
Experimentalists were growing self-assembled 
quantum dots and needed to guide the efforts 
with modeling and simulation. The advent of 
Beowulf-based cluster computing in the JPL High 
Performance Computing Group made dedicated 

parallel compute power available to engineers. 
Transport simulations through 3D-resolved 
structures with millions of atoms were completely 
unfeasible; the work’s focal point was to create an 
electronic structure simulator that could compute 
the confined conduction and valence band states 
of realistically extended quantum dot systems 
fully atomistically.4 Strain is a crucial element 
in the self-assembled quantum dot system and 
is modeled through a classical ball-on-a-spring 
model. The code is designed to be parallel with 
a variety of different memory and compute time 
trade-off capabilities. Million-atom electronic 
structure simulations were first demonstrated in 
the year 2000. In 2003, NEMO-3D was released 
as open source and Purdue University continued 
its development.6

OMEN Development at ETH and Purdue 
In 2004 and 2005, it became clear that the 
computing power needed to perform atomistic 
transport simulations for extended devices would 
soon be available. Approaches to 3D transport in 
nanowires using a simple effective mass model 
were underway already and being deployed on 
nanoHUB.org. During his PhD work at the 
Swiss Federal Institute of Technology (ETH), 
Mathieu Luisier worked with Purdue to develop 
several completely new Matlab prototypes and 
then a C++ foundation for a general 3D quan-
tum transport approach.7 Initially, the simulators 
didn’t include incoherent scattering, and the 
compute time was reduced using a wavefunction 
approach. In 2008, Luisier began developing the 
OMEN transport tool at Purdue; the first imple-
mentations that included incoherent scattering 
were achieved in 2009.8

Input/Output Approaches 
and Interface Designs 
Developing rapidly evolving software and deploy-
ing it quickly to a user base has its own interest-
ing requirements. For instance, it’s easier to build 
GUIs when the I/O is carved in stone and doesn’t 
change. However, theory and algorithm develop-
ers need to add new models and algorithm param-
eters rapidly. For the three large software projects 
described here, we experimented with different 
I/O handling mechanisms.

NEMO-1D uses a mixed static and dynamic 
GUI design approach. A GUI developer imple-
mented a set of static windows filled with dy-
namically defined data structure objects. We can 
dynamically expand device design and material 
data windows with new design descriptions and 
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material models. We structured simulation and 
algorithm parameters in parent-child-related de-
pendency trees that we can dynamically config-
ure at compile time. This dynamic design helped 
us decouple the static GUI work of the software 
engineer from the dynamic requirements of the 
algorithm and theory developers. We defined 
all I/O in C data structures; translators convert 
these into GUI components or batch input deck 
items. Another key element in NEMO-1D I/O 
is the ability to define all material parameters 
in an externally scriptable interface using LEX 
(a lexical analyzer) and YACC (yet another com-
piler compiler).

NEMO-3D uses a variant of the NEMO-1D 
approach except that all I/O items are defined in 
XML. The C++ data structures and a Java GUI 
are created dynamically from the XML.

OMEN handles I/O at the core based on LEX 
and YACC, with Tcl bindings to a metalanguage. 
Rappture-based drivers let us create GUIs for 
rapid deployment on nanoHUB.org. 

Sample Modeling Results and Impact
We’ve extensively used NEMO-1D, NEMO-
3D, OMEN, and related concepts to analyze 
nanoelectronic devices, as documented in over 
200 peer-reviewed publications. With the deploy-
ment of these tool concepts on nanoHUB.org, 
more researchers are already using these 
tools as well. In the following, we highlight 
a few of the fundamental tool capabilities in 
terms of both physical content and numerical 
performance. 

NEMO-1D
NEMO-1D set the standard for quantitative 
RTD simulation. Figure 2b shows a prototypi-
cal comparison between NEMO-1D simulations 
and experimental data. Researchers have modeled 
high-performance, high-current-density RTDs 
with quantitative agreement with experiments.1

Also, simulations at low temperature demonstrate 
NEMO-1D’s capability to quantitatively model 
the phonon echo in the valley current.9

NEMO-1D can require a significant computa-
tion time, and we developed a trilevel parallelism 
around voltage points and a double integral over 
momentum k and energy E on a relatively small 
Beowulf cluster.10 In 2007, in preparation for the 
petascale computing initiative, we demonstrated 
the parallel scalability of the NEMO-1D code to 
23,000 processors on a Cray XT4 (see Figure 3a).11

NEMO-3D
NEMO-3D can compute the electronic structure 
in typical semiconductor systems in the Zincblende 
Group III-V semiconductor and Silicon-Germanium 
(Si/Ge) material systems. We can apply closed 
and periodic boundary conditions in various di-
mensions, such that we can also consider 2D and 
1D devices. We demonstrated end-to-end calcula-
tions of 52-million-atom systems (see Figure 3b);6

52-million atoms correspond to a cubic simulation 
domain of roughly (101 nm)3; a laterally extended 
domain of 230  230  20 nm3; or a nanowire ge-
ometry of 50  50  425 nm3. This capability lets us 
model realistic structures for embedded quantum 
dot stacks, strained quantum wells, and disordered 

Figure 3. End-to-end performance results. (a) Parallel scaling of Nanoelectronic Modeling 1D (NEMO-1D) for a hole-based 
resonant tunneling diode on the Oak Ridge National Laboratory (ORNL) Cray XT3/4. Trilevel parallelism in current (I) and 
the double integral in momentum (k) and energy (E) results in very good scaling. (b) Demonstration of an end-to-end 
performance benchmark of NEMO-3D for an Indium arsenide (InAs) quantum dot embedded in Gallium arsenide (GaAs). The 
GaAs buffer is increased to increase the simulation domain with little effect on the central confined states. As the buffer is 
increased, the same states can still be computed; we’ve demonstrated a system size of 52 million atoms. (c) OMEN’s parallel 
scaling results for an InAs High-Electron Mobility Transistor (HEMT) device11,12 on ORNL’s Jaguar.

(a) (b) (c)
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wires. Some of the NEMO-3D usage cases include 
the modeling of valley splitting in tilted Si quan-
tum wells on disordered SiGe13 and the metrology 
of single impurities in Si-FinFETs’ (Silicon-fin 
field effect transistors’) modeling of single impuri-
ties,14 where we achieved agreement of multimil-
lion-atom electronic structure simulations with 
experimental data without any adjustments to pre-
viously published material parameters. 

Here, we highlight the modeling of InAs self-
assembled quantum dots grown on GaAs and 
selectively capped with InxGa1 x As, where the In-
dium mol fraction x is varied from 0 to 40 percent 
to achieve optical activity of the InAs quantum 
dots at the optical communication wavelength 
of 1.5 micrometers.15 Figure 2a and the insert 
of Figure 4a show a nominally 20-nm wide and 
5-nm tall dome-shaped quantum dot embedded 
by the random alloy. Figure 4a shows three ex-
perimental curves under different growth condi-
tions, where each point on the curve represents a 
different device.15, 16 We

represented a total volume of 60  60  66 nm3

with 9-million-atoms, 
chose the nominal quantum dot size as given in 
the experiment, 
didn’t modify any of the previously published 
atomistic material parameters, and
varied only the Indium fraction.

To our surprise, the NEMO-3D simulations over-
laid the experiments rather interesting nonlinear 

behavior. Careful analysis shows that two critical 
atomistic details are important to achieve such 
quantitative agreement. First, the InGaAs alloy’s 
bonds must be distributed bimodally and retain 
their In-As and Ga-As bond lengths rather than 
build an average (InGa)-As bond length. Second, 
the quantum dot must change its shape.15 The 
requirement to model the bimodal bond-length 
distribution precludes use of a continuum mate-
rial representation. NEMO-3D provided a virtual 
microscope, which enabled us to understand non-
trivial mechanical and electronic structure inter-
actions that cannot be measured experimentally.

OMEN
OMEN solves the coupled Poisson and Schrödinger 
equations on an atomistic basis with open bound-
ary conditions. Atoms can be arranged with each 
other through bonds in arbitrary 3D geometries 
(see Figures 1c through 1f ). The electron and cur-
rent density must be computed in a 3D spatial do-
main for different electron energies and momenta, 
which are accumulated in a double integral. This 
must be performed for many bias points in a 
current-voltage characteristic. Spatial decomposi-
tion, a double integral in energy and momentum, 
and multiple bias points offer the opportunity 
for four levels of parallelism. Indeed, OMEN has 
been scaled to more than 220,000 cores11 on the 
world’s second fastest computer. Such large-scale 
parallelism lets us reduce compute time from sev-
eral years on a single CPU to approximately 15 
minutes on a parallel machine. On a daily basis, 

Figure 4. Sample results from NEMO-3D and OMEN. (a) Self-assembled Indium arsenide (InAs) quantum dots grown 
on Gallium arsenide (GaAs) capped by an InxGa1 xAs strain-reducing capping layer (see insert). Variation of the Indium 
concentration x results in a nonlinear variation in the optical emission wavelength. Black lines are from experiments and 
colored lines are from three different NEMO-3D simulations.15, 16 (b) Current voltage characteristics computed in OMEN for 
an advanced InAs/InGaAs high-electron mobility transistor (HEMT).12, 17 
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OMEN researchers are using 2,000 to 8,000 
cores on parallel computers—sponsored by the 
US National Science Foundation and Department 
of Energy—to explore nanoelectronic device con-
cepts and optimizations. 

OMEN does, however, have serious limits that 
must be overcome. Coherent transport calcula-
tions are limited by the cross section, in which 
transport is modeled atomistically. The limit-
ing number of atoms in repeated cross-section 
cells is around 2,000 atoms and therefore limits 
the cross sections to around 80 nm2. When we 
introduce incoherent scattering, all electron de-
grees of freedom in energy and momentum are 
coupled and the computational cost increases by 
a factor of 200 to 1,000. This increase in com-
putational cost is required because the pure 
wavefunction approach must be replaced by the 
NEGF approach at a computational cost of about 
10  and for each bias point we need 20 to 100 
iterations in the self-consistent Born approxi-
mation loop to couple all degrees of freedom. 
Finally, the treatment of surfaces (open, passi-
vated, and relaxed), the amorphous dielectrics, 
and the strongly polar-bonded semiconduc-
tors remain problems with the empirical tight-
binding approach. 

Researchers have used OMEN to

investigate the influence of interface rough-
ness on the threshold voltage of triple-gate Si 
nanowires,18

simulate the performances of n- and p-doped 
ultra-thin-body field-effect transistors with dif-
ferent crystal orientations,19

reproduce experimental data for realistically 
extended InAs high-electron mobility transis-
tors,12, 17

study the properties of single- and double-gate 
ultra-thin body and gate-all-around nanowire 
InAs tunneling field-effect transistors,20 and
determine the limitations of graphene-based 
tunneling FETs.21

In addition, researchers have used OMEN to study 
the energy loss mechanisms through electron-
phonon scattering and their impact on nanowire 
transistors.8

Broad Impact on nanoHUB.org
Use of the NEMO and OMEN tools isn’t restrict-
ed to just an elite few; in fact, they’re used as en-
gines for five nanoHUB tools—Quantum Dot Lab, 
Bandstructure Lab, OMENwire, OMENFET, 
1Dhetero, and RTDnegf—that have served more 

than 4,000 users in more than 60,000 simulation 
runs. Tool execution time varies from a few sec-
onds on a single virtual machine to several hours 
on a parallel computer with 256 cores. The tools 
are cited in the scientific literature more than 40 
times.

T he NEMO and OMEN tool suite 
brings together material and device-
modeling capabilities at the atomic 
resolution to impact realistically 

large devices. The codes perform well on serial 
and parallel computers, deliver results that ex-
plain and guide experiments, and are in the hands 
of real users with problems to solve.
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C Y B E R - E N A B L E D 
N A N O T E C H N O L O G Y

Given the large surface-to-volume ratio of nanoscale and nanostructured materials and 
devices, their performance is often dominated by processes occurring at free surfaces or 
interfaces. By connecting a material’s atomic structure and thermo-mechanical response, 
molecular dynamics is helping researchers better understand and quantify these processes.

Molecular Dynamics Simulations 
of Strain Engineering and Thermal 
Transport in Nanostructured 
Materials

U nderstanding why and how mate-
rial properties change when we re-
duce their characteristic size to the 
nanoscale is the central challenge of 

nanoscience. Harnessing such changes to improve 
technological performance often requires the de-
sign, optimization, and fabrication of materials at 
molecular scales. Molecular dynamics determines 
the temporal evolution of each atom in a material, 
making MD a powerful technique to predict the 
atomic structure of complex nanoscale materials 
and characterize their thermomechanical proper-
ties. Furthermore, the development of interatomic 
potentials based on ab initio calculations—rather 
than experimental data—opens the possibility of 
predicting the structure and properties of new, 
previously unfabricated materials, bringing the 
dream of computational materials design one step 
closer to reality. 

Here, we discuss MD’s use in nanoscience 
using two examples. We first predict the atomic 

structure of nanoscale semiconductor hetero-
structures for electronic applications, focusing 
on how we can use interfaces and free surfaces to 
engineer a complex state of strain (a change in the 
lattice parameter) in a device to improve its elec-
tronic properties. The second example deals with 
thermal conduction in nanowires, where subcon-
tinuum processes become important.

If educators, students, and researchers had easy 
access to both simulation tools and the back-
ground material required to design meaningful 
computer experiments, the impact of atomistic 
simulations on nanoscience and technology could 
increase significantly. Thus, we also describe 
efforts by the US National Science Foundation’s 
Network for Computational Nanotechnology to 
make such simulations available online through 
nanoHUB.org.

Molecular Dynamics
MD numerically solves the classical equations of 
motion for individual atoms in a material. We can 
write the equations of motion in Hamilton form as
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where the index i denotes atoms, the dots repre-
sent time derivative, and ri, pi, and Fi represent the 
position, linear momentum, and force acting on 
atom i, respectively. Absent external forces, we 
obtain the atomic forces as gradients of an inter-
atomic potential that represents the material’s to-
tal potential energy:

F V r r r
i r Ni 1 2, , , .

The MD simulations’ accuracy largely depends 
on the accuracy of this energy expression.

Atomic Interactions
Quantum mechanics uses first principles to de-
scribe atomic interactions in terms of their elec-
tronic structure. However, such simulations 
remain computationally intensive and MD with 
ab initio forces is restricted to relatively small 
systems. Thus, we use interatomic potentials that 
average out electrons for large-scale MD simula-
tions. These potentials use functional forms be-
lieved to capture the materials’ physics and are 
parameterized either from experiments or ab ini-
tio calculations. The simplest possible expression 
for an interatomic potential is a sum of pairwise 
terms that depend on the interatomic distance. 
However, such two-body potentials—where the 
strength of two atoms’ interaction is independent 
of their environment—can only describe simple 
nonbond interactions like those between noble 
gas atoms. Many-body interactions are necessary 
to describe metallic systems, and researchers often 
use the embedded atom model (EAM) or modi-
fied embedded atom model (MEAM) for such 
simulations. In cases where interactions exhibit a 
significant covalent character (as in semiconduc-
tors), three-body (or angular) terms are necessary 
to stabilize the open structures (such as diamond, 
zincblende, and wurtzite).

For the Si/Ge simulation, we use the reactive 
force-field ReaxFF,1,2 which has an energy expres-
sion based on the concept of partial bond order. 
For thermal transport calculations, we use the 
Stillinger-Webber potential,3 which uses two- 
and three-body interactions.

Limitations and Approximations 
There are two key approximations in MD that 
we must account for to design meaningful simu-
lations and interpret their results. One relates 
to the accuracy of the energy expression used to 
calculate atomic forces. This is particularly im-
portant when the simulations explore structures 

and processes that deviate significantly from 
those used to parameterize the interatomic po-
tential. In such cases, high-accuracy ab initio 
simulations should be used to check and tune 
the predictions’ accuracy. The second approxi-
mation is more fundamental and stems from 
the use of classical (not quantum) equations 
of motion. Newton’s laws accurately describe 
atomic dynamics, except for light atoms and low 
temperatures. 

To illustrate the origin of the deviation between 
quantum mechanics and classical dynamics, let’s 
consider an atom in a quadratic potential energy 
well with a temperature (proportional to kinetic 
energy) that is slowly reduced. As its temperature 
decreases, the atom’s motion will be confined to a 
smaller region around the potential energy mini-
mum, and the magnitude of its velocities will also 
decrease. That is, both potential and kinetic ener-
gy will decrease with the temperature. Classically, 
at T  0 K, the kinetic energy would be zero and 
the atom would sit at the bottom of the potential 
energy well. However, Heisenberg’s uncertainty 
principle states that it’s impossible to know both a 
particle’s position and velocity with infinite preci-
sion. Consequently, it’s impossible to remove all 
the energy from the system; the excitation energy 
that remains at T  0 K is called zero-point energy. 
Such quantum effects become important at finite, 
material-dependent temperatures that depend on 
the characteristic frequency of atomic vibrations. 
A material’s Debye temperature indicates the be-
ginning of quantum effects, so researchers should 
carefully analyze MD predictions below or near 
this temperature. 

For readers interested in learning more, there 
are excellent books on MD simulations4,5 and 
nanoHub.org offers a lecture series and additional 
references on the topic.6

Si/Ge Heterostructures 
and Strain Engineering
Undergraduate-level physics and chemistry tells 
us that the electronic structure of molecules 
and solids governs their atomic structure. This 
is, however, a two-way relationship; changes in 
atomic structure modify electronic properties. 
For example, when crystalline Si—a semiconduc-
tor with a bandgap of approximately 1.12 electron 
volts (eV) at room temperature—is molten, it be-
comes metallic. Similarly, changing the lattice 
parameter of a semiconductor (straining) affects 
its electronic properties. This approach is widely 
used to tailor semiconductors’ electronic proper-
ties for specific applications. 
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Understanding strained heterostructures, such 
as thin-body Si/SiGe materials, is important for 
the performance of metal-oxide-semiconductor 
field-effect transistors (MOSFETs). Biaxial tensile 
strain in Si channels leads to improved electron 
and hole mobilities7 in n- and p-MOSFETs. Ge is 
attractive due to its large hole mobility and a uni-
axial strain state is promising for p-type devices.8

Although achieving a biaxial strain state in planar 
configurations is relatively straightforward using 
epitaxial integration of materials with different lat-
tice parameters, achieving uniaxial strain is more 
difficult. Nanopatterning is emerging as a prom-
ising avenue for asymmetric strain relaxation,8

but the experimental characterization of strain in 
nanoscale materials remains challenging and only 
average values are typically obtained.8 Given its 
atomic-level resolution, MD simulation can play 
an important role in this area, providing detailed 
information such as local strain variations and the 
role of surface processes for target materials.9

MD simulations can help us explore nanopat-
terning as an avenue to achieve general multiaxial 
strain states in semiconductor heterostructures. 
When a thin film is grown on a substrate with 
similar crystal structure and lattice parameter, 
the deposited material will often deform to match 
the substrate lattice. Such structures are called 
epitaxial (from the Greek epi, meaning above, and 
taxis, meaning ordered). If both substrate and film 
crystal structures are cubic, the film will be in 
a state of biaxial strain, with the in-plane strain 
given by the difference in lattice parameters 
between film and substrate,

iP s f f
a a a ,

and out-of-plane strain governed by Poisson’s 
relation,

oP iP
v v2 1( ) .

Figure 1a shows an atomic snapshot of a Si/
Ge/Si epitaxial heterostructure of interest for 
high-speed channel materials in microelectron-
ics. These model structures are designed to rep-
resent films grown on a SixGe1–x substrate, and 
the bottom Si layer’s in-plane strain is 2 percent 
(positive strain means tension). Ge has a larger 
lattice parameter than Si (about 4 percent higher), 
so its in-plane strain is 2.09 percent, that is, Ge 
is in compression. Both materials are biaxially 
strained. As we mentioned earlier, relaxing the 

Ge’s strain in one of the in-plane directions would 
result in improved transport properties desirable 
for some applications. As Figure 1b shows, if we 
cut a narrow bar out of the thin film, we might 
expect strain relaxation in the transverse direc-
tion (normal to the new free surfaces) due to sur-
face relaxation as Ge expands into the vacuum. 
The other in-plane direction (coming out of the 
page in Figure 1b) maintains its original strain be-
cause the bars are long in that direction. 

We used MD simulations with an accurate in-
teratomic potentials derived from first principles 
to relax Si/Ge/Si nanobars with various geom-
etries and characterize how the height of the Ge 
section and the bar width affect strain relaxation 
in Ge. Figure 1c shows our results: lateral strain 
relaxation in Ge increases with decreasing bar 
width and increasing Ge height. The MD pre-
dictions, with no adjustable parameters, are in 
agreement with available experiments.9 Our sim-
ulations also show that, for such nanoscale sam-
ples, details of the atomic state surfaces affect the 
amount of strain relaxation. For example, surface 
reconstruction, which undercoordinated sur-
face atoms rearrange to create additional bonds 
and minimize energy, can increase relaxation by 
as much as 15 percent. This observation stresses 
the importance of atomic-level simulations to 
describe nanoscale materials.

Phonon Thermal Conduction
Thermal management in nanoscale materials is a 
significant challenge in various fields, including 
electronics and energy-conversion devices. Size 
effects on thermal transport arise as a result of 
increased scattering when heat carriers’ mean free 
path or their wavelength become comparable to 
the device’s characteristic size. This leads to a de-
crease in thermal conductivity—an unfortunate 
fact in many applications (including microelec-
tronics), where good thermal conduction is desir-
able to dissipate an increasing power density. On 
the other hand, in thermoelectrics (solid-state de-
vices that convert thermal energy to electricity), 
researchers can engineer size effects and bound-
ary scattering to reduce thermal conductivity and 
improve device performance. In fact, reducing 
phonon thermal conductivity has become one of 
the most promising avenues to improve the figure 
of merit of thermoelectric devices.10

Continuum-based heat transport modeling in 
realistic nanoscale devices remains challenging be-
cause atomic details of their surfaces and internal 
defects play a dominant role. For example, a thin 
amorphous surface layer in Si nanowires can lead 
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to a 100-fold reduction in thermal conductivity 
from the bulk value,11 and the physics that leads to 
this effect is not captured by the Boltzmann trans-
port equation. In this context, MD is a powerful 
tool for understanding and quantifying nanoscale 
thermal transport because it explicitly describes 
phonons, free surfaces, and interfaces. 

In a material subjected to a temperature gra-
dient, thermal conduction occurs to restore the 
thermodynamic equilibrium. Thermal conduc-
tivity is a materials property that relates heat 
flux J and temperature gradient by J T ,
where the negative sign indicates an energy flow 
from hot to cold. In general,  is a second-rank 
tensor, but in isotropic and cubic materials, sym-
metry reduces it to a scalar.

Here, we calculate thermal conductivity using 
Mullër-Plathe’s nonequilibrium method,12 where 
a known heat flux is imposed on the system by 

periodically swapping atomic velocities in pre-
determined cold and hot regions. The MD-
described material responds by transporting 
energy from the hot to the cold regions and a tem-
perature gradient develops. After a steady state is 
reached, which requires between 50 picoseconds 
and approximately 1 nanosecond of simulation, 
depending on system size,12,13 we use the average 
heat flux and temperature gradient to compute 
thermal conductivity. 

We characterize size effects on phonon ther-
mal conduction in silicon nanowires. We describe 
atomic interactions using the Stillinger-Weber 
potential, which is widely applied in the study of 
bulk and nanoscale Si structures. Non-equilibrium 
MD simulations using this potential predict 
bulk thermal conductivity within 30 percent of 
experiments.14 According to kinetic theory, we 
can write phonon thermal conductivity in terms 

Figure 1. An atomistic model of the Si/Ge/Si heterostructures. (a) An epitaxial structure with biaxial strain, 
(b) a nanobar showing lateral strain relaxation, and (c) the average transverse strain of Si/Ge/Si nanobars 
as functions of bar width and height of the Ge section.
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of the phonon mean free path l, mean velocity v, 
and the lattice-specific heat-per-unit volume Cv:

1
3

C vl
v

.

In nanoscale materials, surface and interface 
scattering reduces the effective phonon mean free 
path. Thus, nanowires’ thermal conductivity de-
pends on their length, radius, and surface details. 

Figure 2 shows the inverse of thermal conduc-
tivity (thermal resistivity) for wires of different 
diameters as a function of inverse length (defined 
as the distance between the hot and cold regions 
where heat flux is imposed) for T  300 K. The 
MD simulations predict a linear relationship be-
tween thermal resistivity, indicating that l can be 
expressed as

l L∞
1 1 1

2 ,

where l∞ is the phonon mean free path in finitely 
long nanowires and L is the separation between 
the hot and cold regions.13

We’d also expect thermal conductivity to de-
crease with decreasing nanowire diameter due to 
enhanced surface scattering. Figure 2 shows this 
general trend, which has previously been observed 
theoretically15 and experimentally.16 However, as 
Inna Ponomareva and her colleagues predicted,14

this is not always the case. Figure 3 shows thermal 
conductivity of 21.3-nanometer long nanowires 
as a function of their diameter for T  100 K 
and 300 K. At T  100 K, thermal conductivity 
decreases as the nanowire diameter is reduced to 
1.8 nm, but further reduction leads to a significant 
increase. Ponomareva and her colleagues attribute 
this behavior to confinement, but its origin is not 
fully understood. Interestingly, our simulations 
show that the increase in conductivity for small-
diameter wires isn’t present when the temperature 
is increased to 300 K, where we observe a mono-
tonic decrease with decreasing diameter. Such 
results from molecular simulations provide im-
portant insight into the fundamental limits of 
miniaturization of electronic and energy conver-
sion devices and could play an important role in 
guiding future experiments.

Because MD simulations are classical in nature, 
we must carefully analyze the effects of quantum 
dynamics. For Si nanowires, Giulia Galli and her 
colleagues found that quantum corrects amount 
to less than 2 percent for thermal conductivity,11

so we don’t expect the trend we observed in 
Figures 2 and 3 to result from classical artifacts.

A s our examples show, when we account 
for MD’s inherent limitations and ap-
proximations in designing and inter-
preting simulations, the technique is 

a powerful tool for uncovering and quantifying 
the underlying atomic-level processes that govern 
materials’ behavior. 

Figure 2. The inverse of thermal conductivity for wires of different 
diameters as a function of inverse length for T  300 K. Size effects 
on thermal transport can be observed as thermal resistivity is linearly 
correlated to the nanowires’ inverse length.
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Molecular modeling will play an increasingly 
important role in the design and optimization of 
new materials and devices. It’s therefore important 
for new generations of engineers and scientists to 
become familiar with its concepts, approximations, 
and applicability. To achieve this and increase the 
impact of MD simulations in research and edu-
cation, we’ve deployed the nanoMaterials simula-
tion toolkit (https://nanohub.org/tools/matsimtk) 
so that users from around the world can perform 
online MD simulations at nanoHUB.org.17 The 
tool consists of an easy-to-use graphical user in-
terface around our group’s research MD code. 

As Figure 4 shows, people can use nano-
Materials to analyze their results graphically and 
interact with molecular models. We use the tool 
for teaching, training new group members, and 
increasingly, for research. Along with the tool, 
we’ve deployed educational materials6 and tuto-
rials18 to help new users learn the fundamentals 
of MD simulations, design and interpret simple 
computational experiments, and begin creating 
MD simulations using the nanoMaterials tool.
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C Y B E R - E N A B L E D 
N A N O T E C H N O L O G Y

As part of nature’s solution for regulating biological environments, ion channels are 
particularly interesting to device engineers seeking to understand how nanoscale molecular 
systems realize device-like functions, such as biosensing of organic analytes. By attaching 
molecular adaptors inside genetically engineered ion channels, it’s possible to further 
enhance this biosensor functionality.

Simulation of Ion Permeation  
in Biological Membranes

F rom a physiological point of view, ion 
channels regulate ion transport to 
maintain the internal ion composition 
vital for cell survival and functionality. 

Because these channels are in charge of electrical 
signaling in the nervous system, malfunctioning 
ion channels are associated with many diseases; 
studying and understanding different aspects of 
these proteins is therefore of great pharmaceuti-
cal importance.

There are many types of ion channels, which 
are generally classified according to their ion selec-
tivity, gating mechanism, or sequence similarity.1

Different species’ device-like functions—such as 
gating/switching and selectivity/discrimination—
have motivated the engineering community to 
design novel biodevices.2 Furthermore, modern 
biology offers the tools to reengineer channels to 
alter their functions.3 DNA detection4 is especially 
interesting; in particular, single molecule detection 
is a highly desirable capability and could revolution-
ize many nanoscale electronic and electromechani-
cal applications.5 In general, we need a hierarchy 
of simulation methodologies to study different 
aspects of a biological system like ion channels. 

We used BioMOCA—a Boltzmann Transport 
Monte Carlo (BTMC) code developed at the 
University of Illinois at Urbana-Champaign—to 
simulate ion transport in an electrolyte environ-
ment through ion channels or nanopores embed-
ded in membranes.5 Our approach is based on 

BTMC and particle-particle-particle-mesh (P3M) 
methodology,6 which splits the electrostatic forces 
into short- and long-range components. Ions are 
the only particles in motion, moving according to 
Newtonian physics, and we dampen them using 
frequent scattering events with water molecules. 
To prevent ions from overlapping each other, 
we’ve used the Lennard-Jones 6-12 potential to 
mimic the ionic core repulsion.

Here, we describe our work using the Strepto-
coccus bacteria as an example. To determine the 
diffusion coefficient in the narrow pore, we used 
the 1D hydrodynamic drag-wall model.7 Also, to 
accelerate solution of the Poisson equation, we 
employed the grid-focusing method. As a case 
study, we simulated the mutant (M113F)6(M113C-
D8RL2)1- -CD and compared our results with 
the available experimental data.

Example Case: Streptococcus
-Hemolysin, a pore-forming toxin produced 

by bacteria Streptococcus, lyses red blood cells 
and is involved in many human diseases.8 Upon 
pore formation, ions and small molecules such as 
amino acids flow out of the cell, while water from 
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surrounding tissue enters.9 -HL has a 
mushroom-shaped heptamer about 100 Å in height 
and outer channel diameter, with pore diameter 
ranging from 15 to 46 Å.8 Although -HL’s wild 
type (WT) channel shows weak anion selectivity,10

mutations of this protein channel could alter its 
selectivity. Along with its wide aqueous pore and 
ability to insert small molecules (adaptors) in its 
lumen, -HL has become an interesting protein 
channel for biosensor manufacturing.11 Hagan 
Bayley and colleagues have used an engineered 
version of the channel with molecular adapters—
such as -cyclodextrins—inserted in its lumen to 
sense many molecule classes.11 The two engineered 
covalent complexes—(M113F)6(M113C-D8RL2)1-

-CD and (M113N)6(T117C-D8RL3)1- -CD—
have been the subject of detailed study. 

The size of the -HL channel (more than 32,000 
atoms) makes running full atomic molecular dy-
namics (MD) simulations extremely expensive, 
especially because simulating ion permeations 
requires relatively long trajectories on the time-
scale of hundreds of nanoseconds. Consequently, 
coarse-grained approaches to study ion perme-
ation and selectivity through this channel are very 
appealing.

Methodology
Figure 1 shows the -HL channel, along with 
a snapshot of ion trajectories generated by 
BioMOCA and visualized using Visual Molecular 
Dynamics (VMD).

BioMOCA Simulations
To compare computations properly with previ-
ous experimental results,11 we set the pH to 8.0 
to compute the protonation states of the mutant 
(M113F)6(M113C-D8RL2)1- -CD. We selected 
default protein partial charges from Charmm 
Param 22 force fields, but modified them as in-
dicated by pKa calculations. We used a Gaussian 
package to compute the partial charges of -CD 
and the linking part, including the cysteine resi-
due in -HL.

The net charge on each mutant is 7 e. We gener-
ated a 120  120  150 mesh box with  1.0 Å 
spacing to represent the system, along with other 
coarse/fine focused grids to compute the electro-
static potential efficiently. We assigned the three 
distinct regions—lipid, protein, and electrolyte 
(baths and channel pore)—dielectric coefficients 
of  5, 2, and 80, respectively. We embedded the 
channels in a virtual membrane of 30 Å thickness 
and positioned the channel along the z-axis with the 
membrane’s center at z  0. To generate and prepare 
the structures, we used BioMOCA Suite, the GUI 
Web version of BioMOCA at nanoHUB.com. 

At either end of the simulation box, two buf-
fer regions maintain a constant ion density and 
extend inwards from the Dirichlet planes for a 
distance of 25 Å. The total ion scattering rate in 
bulk with bulk diffusivity for K  and Cl  ions is

3.23 10 s , 3.46 10 s
K

13 1
C l

13 1.

Yet the high ion-water scattering rates necessi-
tate a short-range ion trajectory integration time 
step (that is, t  10 femtoseconds). However, the 
ion motion is highly damped, so the mesh nodes’ 
assigned charge density changes relatively slowly 
with regard to the ion integration time step. Still, 
we might slightly relax the frequency of succes-
sive Poisson equation solutions, which account 
for most of the computational cost. For the simu-
lations we present here, the Poisson solver runs 
every 100 time steps (that is, one picosecond in our 
simulations). To further accelerate Poisson equa-
tion solution, we implemented the grid-focusing 
multigrid method in BioMOCA. Although this 
complicates system setup, it’s quite rewarding in 
reducing the computational cost.

Figure 1. A visualization of the toxic protein 
-Hemolysin, a heptamer (each identical monomer 

is colored differently). This snapshot, created using 
Visual Molecular Dynamics (VMD), shows randomly 
distributed ions (with 1 Molar salt concentration on 
each side) and the ion channel itself.
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Grid-Focusing Method
Ion channel simulations require large bath regions 
for accurate screening treatment. Such bath regions 
make the Poisson equation’s mesh domain large 
and lead to either many grid points with fi ne mesh 
resolution or a few grid points with very coarse dis-
cretization. A coarse mesh is suffi cient for describ-
ing baths using the P3M scheme.5 However, the 
channel domain requires a fi ne resolution because 
of the highly charged nature of these regions and 
the presence of spatially varying dielectric regions. 

We developed a grid-focusing scheme in 
BioMOCA that lets us satisfy the requirements of 
both a large bath region and a fi ne grid resolution 
in channel in a computationally effi cient way.12

For the -HL channel, we defi ned two discretized 
meshes. The fi rst grid is a coarse mesh spanning 
the entire problem, with 40  40  50 grid points 
and a uniform mesh spacing of 3 Å. The second 
(fi ne) grid has 30  30  60 nodes and a mesh 
spacing of 1 Å, which we defi ne along the chan-
nel’s narrow selectivity section (see Figure 2). 

First, we solve the Poisson equation on the 
coarse grid spanning the whole system using the 
fi nite difference method, and then use this solu-
tion to set Dirichlet boundary conditions on the 
fi ne mesh box using linear interpolation.12 We 
then solve the Poisson equation again, but only on 
the fi ne grid to further refi ne the region’s electro-
static potential values. 

The computational cost of solving the Poisson 
equation using the preconditioned conjugate gradi-
ent method depends superlinearly—( ( ),O N with 
( 1)—on the total number of grid points. To 
benchmark the speed up, we set up the same 
system with a single mesh of 120  120  150 
nodes and 1 Å mesh spacing. We did the bench-
marking on a Xeon 5450 series processor. As 
Table 1 shows, the simulations are conveyed sig-
nifi cantly faster—in this case, an order of mag-
nitude faster—when using the grid-focusing 
method. Also, as we reduce the number of grids, 
the computational cost is reduced about 15 times.

Space-Dependent Diffusion Coeffi cient
It’s widely accepted that the ions and water mol-
ecules don’t have the same mobility or diffusivity 

in confi ned regions as they do in bulk. In fact, 
confi ned regions are more likely to lessen the ions’ 
effective mobility in ion channels. In reduced par-
ticle methods that assume the channel water is an  
implicit continuum background, we need a mean 
ion mobility to reveal how ions might diffuse due 
to local electrostatic forces and random events. 
In transport Monte Carlo simulations, the total 
scattering rate ( ), is assumed to result only from 
ion-water interactions; it’s related to ion diffusiv-
ity with

kT

mD
, (3)

where m is the ion’s mass and D is its diffusion 
constant. As the equation indicates, reduced dif-
fusivity of ions inside the channel’s lumen leads to 
an increase in scattering events. 

Given -HL’s relatively wide pore size, we ini-
tially considered bulk diffusivity everywhere in 
the baths and channel—which, as expected, led 
to a higher ion fl ow than experiments predicted.11

Next, we used the 1D wall-drag model, where 
the diffusion coeffi cient is dependent only on the 

Figure 2. The focused grid scheme. The larger 
box (cyan) spans the entire region with the coarse 
mesh, while the smaller box (yellow) focuses on the 
channel’s narrow part with fi ne meshing.

Table 1. Case study benchmarking with single grid and multigrid schemes.

Meshes Number of grid points CPU-hour per 1 ns simulations

Multigrid scheme 40  40  50

30  30  60

134,000 0: 23’: 30’’

Single-grid scheme 120  120  150 2,160,000 5: 36’: 50’’
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channel’s geometric restriction.7 We call the ratio 
of the diffusion coefficient inside the channel with 
respect to that of bulk the scaling factor (kz) and 
formulate it in an analytical expression, such as

kz
1 2 1050 2 0865 3 1 7068 5 0 72603 6

1 0

. . . .

..
,

75857 5

where the z direction is along the channel lu-
men and  (function of z) denotes the ratio of 

the ion species and the pore radius. The frac-
tions here come from the best fit to the exist-
ing tabulated values.7 The equation’s derivation 
assumes

uncharged hard-sphere mobile ions,
uncharged cylindrical hard pore (channel), 
continuum solvent background (water), and
1D ion transport along the pore center axis 
(z-axis). 

We experimentally determine the bulk diffu-
sion coefficient itself in extremely diluted condi-
tions. Figure 3 shows the scaling factor for both 
potassium and chloride ions along the mutant 

-HL with -cyclodextrin. Figure 4 shows how 
we implemented such a scaling factor inside the 
channel.

Results
We carried out two sets of simulations: one used 
bulk diffusivity for each ion species in all regions, 
and one used modified diffusivity inside the pore. 
For each bias point, five 100-nanosecond simula-
tions were conveyed and averaged out, which is 
equivalent to running one longer 500 ns simula-
tion per bias point.

Figure 5 shows the current-voltage (IV) curves 
for symmetric 1,000 mille-Molar potassium chlo-
ride (KCl) salt concentrations and compares the 
simulation results with the available experimental 
data.11 Using bulk diffusivity inside the channel 
produces huge currents (dashed blue line) com-
pared to experiments (solid green line). However, 
we achieve good agreements with experiments 
using the modified diffusivity (dashed red line), 
which seems to be diverging from the experi-
ments in larger negative biases.

A lthough Monte Carlo-based appro-
aches have limitations, they allow chan-
nel simulations on biologically related 
time scales, thus letting us study an 

ion channel’s current flow and ion selectivity. The 
availability of such faster simulation approaches is 
valuable to making comparisons and predictions 
between different mutants before performing 
expensive experiments.

The results we obtained from BioMOCA are 
consistent with available experimental results. 
In general, we need a hierarchy of different 
approaches—such as Monte Carlo and MD—to 
study different aspects of ion channels and other 
biological systems.

Figure 3. The relative diffusivity for each ion species along the -HL 
channel. On the z-axis, 0 is at the protein center of mass. Compared 
to potassium, chloride has a smaller relative diffusion coefficient along 
the pore due its larger radius.
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C Y B E R - E N A B L E D 
N A N O T E C H N O L O G Y

The HUBzero cyberinfrastructure lets scientific researchers work together online to develop 
simulation and modeling tools. Other researchers can then access the resulting tools using 
an ordinary Web browser and launch simulation runs on the national Grid infrastructure, 
without having to download or compile any code. 

HUBzero: A Platform for 
Dissemination and Collaboration  
in Computational Science  
and Engineering

W hat if researchers could access 
and share scientific simulation 
and modeling tools as easily as 
YouTube.com videos? That’s the 

underlying premise for the HUBzero Platform 
for Scientific Collaboration, a cyberinfrastruc-
ture developed at Purdue University. We created 
HUBzero to support nanoHUB.org, an online 
community for the Network for Computational 
Nanotechnology, which the US National Science 
Foundation has funded since 2002 to connect the 
theorists who develop simulation tools with the ex-
perimentalists and educators who might use them. 
Since 2007, HUBzero use has expanded to sup-
port a growing number of hubs for pharmaceuti-
cal engineering (pharmaHUB.org), heat transfer 
(thermalHUB.org), microelectromechanical sys-
tems (memsHUB.org), healthcare (IndianaCTSI.
org), cancer care (cceHUB.org), and engineering 
education (globalHUB.org).

Although they serve different communities, the 
hubs all support collaborative development and 
dissemination of scientific models running in an 
infrastructure that leverages a “cloud” of comput-
ing resources. As other articles in this issue show, 
such an infrastructure can have an impact on sci-
entific discovery. (Other work has shown this im-
pact in relation to education and the community 
at large.1–2) Here, we describe the infrastructure 
itself and provide an overview of the model publi-
cation process.

Middleware for Hosted Execution
Each tool published on a hub looks much like a 
journal paper, with a title, a list of authors, an 
abstract, and even a list of references, along with 
instructions on how to cite the resource as a ref-
erence in other publications. In addition to the 
overview information, each tool page contains a 
prominent button to launch a live session. Click-
ing the button brings up an interactive GUI for 
the tool right within the browser (see Figure 1).

On the surface, the simulation tools look like 
simple Java applets embedded within the browser, 
but they’re actually running on a cluster of execu-
tion hosts housed near the Web server and pro-
jected to the user’s browser using virtual network 
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computing (VNC).3 Each tool runs in a restricted 
lightweight virtual environment implemented us-
ing OpenVZ (www.openvz.org), which carefully 
controls access to file systems, networking, and 
other server processes. Each user has a unique 
home directory with conventional ownership, 
access controls, and quota limitations. Tools are 
run with the rights and privileges of the particu-
lar user rather than a shared execution account. 
This lets the hub precisely regulate and account 
for each tool’s resource usage.

Tools running on the hub expect a typical X11 
Window System environment. This graphical ses-
sion is created by running, in each container, a spe-
cial X server that also acts as a VNC server. Because 
it takes several seconds to reliably create a container 
and initialize the X server, the hub prestarts a pool 
of containers and X servers that await user requests 
for new tools. When a user requests a tool, the hub 
selects an eligible container, starts the tool, and 
sends the user’s browser instructions on how to 
connect to it. This typically reduces the perceived 
tool startup time to about two seconds.

The HUBzero middleware controls the tool 
container’s network operations. For example, it 
authenticates and routes incoming VNC viewer 
and file transfer requests from browsers to the 
correct container. The middleware also monitors 
the start time and duration of each connection 
for accounting purposes. For example, a tool con-
tinues to run even while not being viewed, which 
lets users close their browsers and later return to 
their tools, accessing them through their My Hub 
pages. Any tool that hasn’t had a viewer con-
nection after a configurable duration (typically 
24 hours) is marked inactive and terminated.

Outgoing connections from each tool container 
to other resources are limited to only locally trusted 
services. Because tools run in a controlled environ-
ment on the hub’s execution cluster rather than the 
user’s desktop, they can be more easily authorized 
for secure access to high-performance visualization 
facilities as well as execution on remote resources. 
Tool containers, for example, can be configured to 
route jobs through a “submit” server that acts as a 
secure proxy through which the hub can direct jobs 
to national Grid resources such as the TeraGrid,4

Open Science Grid,5 and Purdue’s DiaGrid.6

This system delivers substantial computing 
power to thousands of end users without requir-
ing that they log into a head node or fuss with any 
proxy certificates. In 2008, approximately 6,700 
users launched more than 380,000 simulation 
jobs using 129 tools available on nanoHUB.org. 
Figure 2 shows the amount of use for this diverse 

set of tools. Each bar represents one tool, with a 
base proportional to the total number of users and 
a height indicating the total CPU time for all runs 
in 2008.

As Figure 2 shows, even the most computation-
ally intensive, parallelized tools have hundreds of 
users. Other tools execute in only a fraction of 
second, and yet—with 783 users and 14,628 simu-
lation runs, for example—add up to more than an 
hour of total CPU time for the entire year. More 
than half of the bars (indicated with a striped 

Figure 1. HUBzero’s architecture. (a) Users access interactive, graphical 
tools via an applet in their Web browser. (b) The tools run on a cluster 
at Purdue University, where jobs can be dispatched to more powerful 
computers in the national Grid infrastructure.
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Figure 2. Total CPU time for all nanoHUB.org tools in 2008. Each bar 
represents one of the 129 tools. All together, the tools consumed 
a total of 56,930 CPU-hours. Most of the tools were accessed by 
hundreds of users, which combined, represent a community of 
6,700 unique users. Some of the tools were run hundreds of times, 
on average, by each user and delivered thousands of CPU hours of 
computation. Orange bars are tools that run on a single CPU, and 
green bars are parallelized tools that use multiple CPUs for each run. 
The striped bars represent tools introduced midyear, which therefore 
have lower total CPU time.
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pattern) are tools that were introduced during 
2008; because they have less than a full year of 
use, each has lower amounts of total CPU time. 
One such tool, online for only two weeks, still 
managed to attract 16 users and accumulate more 
than 700 CPU hours of computation.

Tool Development and Deployment
The tools on each hub come not from the core 
development team but from hundreds of other 
researchers scattered throughout the world. 
HUBzero supports the workflow for all of these 
developers and has a content management system 
for tool publication. Developers enter the system 
by filling out a Web form to register their tools. 
They then receive a software project area similar 
to that on SourceForge.net, complete with a Sub-
version source code repository and a wiki area for 
project notes.

At that point, all development team mem-
bers receive access to a special tool that we call 
a “workspace,” which is a Linux desktop running 
in our secure execution environment, accessed 
via a Web browser (like any other hub tool). Tool 
developers launch a workspace; check out their 
project’s directory skeleton; and then begin edit-
ing files, compiling their code, and testing their 
tool. Each workspace runs in the same execution 
environment as the published tools, so developers 
can access the same visualization servers and Grid 
resources for testing.

Once the tool is working properly and changes 
have been committed, the developers click the 
“My code has been uploaded” link on their tool 
status page and the tool is staged for final testing. 
Once the tool has been tested, developers either 
approve or update the tool by clicking one of two 
links:

“My tool is working properly. I approve it.”
“I’ve fixed my code. Please install the latest 
updates.”

When approving a tool for publication, develop-
ers can specify an open source license, in which 
case the hub automatically publishes an archive 
file containing the release’s source code. If they 
choose to keep their source code private, other us-
ers can still access the live tool via the hub, but the 
source code bundle isn’t published.

Our experience with nanoHUB.org has shown 
that HUBzero can scale to support hundreds 
of independent tool development teams, each 
publishing, modifying, and republishing their 
tool dozens of times per year. All of this can be 

supported by a single part-time person on the hub 
support team to help with tool compilation, in-
stallation, and staging.

User Interfaces for 
Simulation and Visualization
If a tool already has a GUI that runs under Linux, 
it can be deployed as-is in a matter of hours. If 
not, tool developers can use HUBzero’s Rappture 
toolkit to create a GUI with little effort.7 Rapp-
ture reads an XML description of the tool’s in-
puts and outputs and then automatically generates 
a GUI.

Figure 3 shows an example of the XML de-
scription for a simple tool that takes two numbers 
and computes a curve representing the Fermi-
Dirac distribution as a function of energy. The 
<input> section describes each number, includ-
ing the physical units, minimum and maximum 
allowed values, and default value. The <output> 
section describes the resulting <curve> object. 
The Rappture library supports approximately 
two dozen objects—including numbers, Boolean 
values, curves, meshes, scalar/vector fields, and 
molecules—which can be used to represent each 
tool’s inputs and outputs.

The XML file’s <tool> section describes the 
code for the tool itself. When the user clicks 
the GUI’s Simulate button, Rappture will execute 
the command specified in the <tool> section, 
feeding it an XML description of the input values 
and receiving from it an XML description of the 
overall run. The example in Figure 3 launches a 
Python script fermi.py. The input and output 
values are accessed within the Python script via 
an API. Rappture also supports an API for other 
languages, such as C/C++, Fortran, Matlab, Perl, 
Ruby, and Tcl, so it can accommodate various 
modeling codes.

The results from each run are loaded back into 
the GUI and displayed in a specialized viewer cre-
ated for each output type. Viewers for molecules, 
scalar and vector fields, and other complex types 
automatically connect to servers in our visualiza-
tion cluster and deliver hardware-accelerated 3D 
data views.8 Results from multiple runs can be 
overlaid and compared within each viewer.

Collaboration and Support
HUBzero sites also provide ways for colleagues to 
work together. For example, because of the unique 
way the HUBzero middleware hosts tool sessions, 
a single session can be shared among any number 
of people. A box beneath each tool session lets the 
user enter login names for one or more colleagues; 
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clicking the Share button grants them instant ses-
sion access. A group of people can look at the same 
session at the same time and discuss ideas over 
the phone or instant messaging. If some of the 
people aren’t online or available, they can access 
the session later from their My Hub page and fol-
low up at their convenience.

As people are using the tools, questions arise 
and sometimes things go wrong. HUBzero sup-
ports many ways for users to find help and help one 
another. Users can post questions in a community 
forum modeled after Amazon.com’s Askville or 
Yahoo! Answers. Users can tag questions with tool 
names and other important concepts so that other 
users can find questions matching their interests 
and post answers. In doing so, they earn reward 
points that can be used to purchase t-shirts and 
other hub store merchandise, post a bounty for 
their own questions, or purchase other premium 
hub services.

When something goes wrong, users can file 
trouble reports by clicking on the Help! button in 
the upper-right corner of any page. When a user 
submits a trouble ticket from the page containing 
a tool, it’s sent directly to the tool’s development 
team. Members of the development team will see 
the trouble report on the My Tickets list on their 

own customized My Hub pages. Tickets can be 
updated with comments, screen shots, and other 
attachments, and they can be transferred to other 
development teams (including the HUBzero core 
team). All parties involved with the ticket are up-
dated as the ticket is investigated and resolved.

In practice, we’ve found that many tickets aren’t 
really problems but are actually requests for new 
features. HUBzero supports a wish list capabil-
ity for collecting, prioritizing, and acting on such 
requests. Users can post an idea to the wish list 
associated with each tool or to the general list as-
sociated with the hub itself. If users feel strongly 
about a wish, they can offer a bounty of reward 
points, thereby giving the development team in-
centive to implement the change. Other users can 
provide their input by giving a “thumbs up” or 
“thumbs down” to the idea or by adding their own 
reward points to the bounty.

When each development team views a wish on 
their list, they see additional controls for gauging 
both the importance (from rubbish to crucial) and 
the effort (from a few hours to several months). 
The consensus from the team determines a wish’s 
relative priority; those judged important and 
requiring little effort appear at the top of the 
list, while those that are unimportant and 

Figure 3. An example XML tool description. The Rappture toolkit generates a GUI based on an XML description for a tool’s 
inputs and outputs. In this case, the <input> section describes two <number> parameters, and the output section describes 
the resulting <curve>.

<?xml version="1.0"?>
<run>
  <tool>
    <about>Computes Fermi-Dirac distributions.</about>
    <command>python @tool/fermi.py @driver</command>
  </tool>
  <input>
    <number id="temperature">
      <about> <label>Ambient temperature</label> </about>
      <units>K</units>
      <min>0K</min> <max>500K</max>
      <default>300K</default>
    </number>
    <number id="Ef">
      <about> <label>Fermi Level</label> </about>
      <units>eV</units>
      <default>0eV</default>
    </number>
  </input>
  <output>
    <curve id="f12">
      <about> <label>Fermi-Dirac Factor</label> </about>
      <xaxis> <label>Fermi-Dirac Factor</label> </xaxis>
      <yaxis> <label>Energy</label> <units>eV</units> </yaxis>
    </curve>
  </output>
</run>
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time-consuming go to the bottom. The develop-
ment team can also add threaded comments to the 
wish, develop an implementation plan, and assign 
the wish to a particular team member. Once that 
team member grants the wish, he or she earns 
80 percent of the bounty; the remaining 20 percent 
is divided among other team members that offered 
input. This system helps each hub team organize 
and prioritize its development tasks.

H UBzero’s unique blend of simulation 
power and social networking seems 
to resonate across engineering and 
science communities. As hub use 

continues to grow, we plan to develop new capabil-
ities to connect related content so that tools pub-
lished on one hub can be easily found on all others. 
We also plan to improve tool interconnection, so 
that one tool’s output can be used as input to an-
other, letting developers solve larger problems by 
connecting a series of models from independent 
authors. Along the way, we hope to change the 
practice of simulation and modeling so that

simulation experiments are as carefully con-
trolled and reproducible as laboratory experi-
ments, and
the publication of live tools confers as much 
professional recognition as the publication of 
journal papers about the underlying science. 

In so doing, we hope to elevate computing to 
become the true third pillar of science.9
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