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Large Scale Simulations of Nanoelectronic
devices with NEMO3-D on the Teragrid
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Abstract — This paper describes recent progress in large scale numerical simulations for computational nano-electronics using the NEMO3-D
package. NEMO3-D is a parallel analysis tool for nano-electronic devices such as quantum dots. The atomistic model used in NEMO3-D leads to
large scale computations in two main phases: strain and electronic structure. This paper focuses primarily on the electronic structure phase of the
computations. The eigenvalue problem associated with the Hamiltonian matrix is challenging for a number of reasons: (i) the need for very large
scale, 100 million to one billion unknowns (ii) the desired eigenvalues (along with the associated eigenvectors) lie in the interior of the spectrum
and (iii) the eigenvalues are often degenerate. New results on the performance and scalability of NEMO3-D are presented, on advanced parallel
architectures, including Teragrid resources. Results presented here were obtained with runs on up to 192 processors, for systems with 40 million
atoms. We also report on on-going work to incorporate new advanced algorithms into NEMO3-D. We describe how the NEMO3-D code has been

linked to the Teragrid through the NanoHub.

Index Terms—Computational Nanotechnology, Eigensolvers, Parallel Computing; NEMO3-D, NanoHub
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1 INTRODUCTION

The rapid progress in nanofabrication technologies has
led to the emergence of new classes of nanodevices, in which
the quantum nature of charge carriers dominates the device
properties and performance. The device sizes have already
reached the level of hundreds down to even tens of nanome-
ters, where the atomistic granularity of constituent materials
cannot be neglected: effects of surface roughness, unintentional
doping, or distortions of the crystal lattice, if not taken into
account, can have a deleterious impact on the device perform-
ance. Therefore, quantitative simulations of nanodevices must
employ modeling software which resolves their structure with
atomistic detail.

The need for atomistic-level modeling is particularly clear
in studies of quantum dots (QDs). QDs are solid-state struc-
tures capable of trapping charge carriers so that their wave
functions become fully spatially localized, and their energy
spectra consist of well-separated, discrete levels. Existing nano-
fabrication techniques make it possible to manufacture QDs in
a variety of types and sizes [1]. Among them, semiconductor
QDs grown by self-assembly (SADs), trapping electrons as
well as holes, are of particular importance in quantum optics,
since they can be used as detectors of infrared radiation [2],
optical memories [3], single photon sources [4]. Arrays of
quantum-mechanically coupled SADs can also be used as opti-
cally active regions in high-efficiency, room-temperature lasers
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The self-assembly of SADs is achieved in the Stranski-
Krastanow growth mode [6] as a result of the mismatch of lat-
tice constants of the material of the dot (e.g., InAs) and that of
the substrate semiconductor (e.g., GaAs). This mismatch leads
to the appearance of a long-range strain field, which strongly
modifies the energy diagram of the system [7]. Therefore, de-
vice simulations must include the fundamental quantum char-
acter of charge carriers and the classical, long-distance strain
effects on equal footing. The Nanoelectronic Modeling tool
NEMO3-D [8-12] meets these requirements by modeling the
strain and electronic structure of extended nanosystems (on
the length scale of tens of nanometers) fully on the atomistic
level. Since such systems typically consist of up to 100 million
atoms, this code is very demanding computationally. For this
reason NEMO3-D has been developed as a parallelized code,
and ported to Linux clusters as well as a number of other HPC
platforms. Figure 1 gives a schematic view of a quantum dot
nano-structure.
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Fig. 1. Schematic view of the QD nanostructure, with two simulation
domains: central for electronic structure, and larger for strain calcula-
tions.



The main goal of this paper is to present new capabilities
that have been added to NEMO3-D to make it one of the pre-
mier simulation tools for design and analysis of realistically-
sized nanoelectronic devices, and therefore to make it a valid
tool for the NCN community. These recent advances include
algorithmic refinements, and performance analysis to identify
the potential to scale up, on the Teragrid and other advanced
architectures, and to identify best computational strategies.
The combined effect of these enhancements is the ability to
increase the problem size to physical devices large enough to
consider realistic components of a nano-structured array with
imperfections and irregularities. One key challenge is to nu-
merically the extract interior, degenerate eigenvectors for very
large matrices.

The rest of the paper is structured as follows. Section 2 dis-
cusses the computational challenges arising in computational
nano-electronics, and in NEMO3-D in particular. In section 3,
we describe the approach used for the parallelization of the
computations. Section 4 discusses the algorithms used in
NEMO3-D for the electronic structure computations, and new
algorithms that are being linked to NEMO3-D. Section 5 gives
performance and scaling results for NEMO3-D on Teragrid
and other platforms. In section 6, we briefly describe the NCN
project that this work is part of. NEMO3-D can be run on the
Teragrid through the NanoHub.

2 COMPUTATIONAL CHALLENGES IN NEMO3-D

There are substantial computational challenges that arise
in NEMO3-D. An atomistic model of a nano-electronic device
requires a large number of atoms in the model. In this paper,
we give benchmarks results for problems up to 40 million at-
oms. Because there are a number of basis functions per atom
(typically 20), the size of the Hamiltonian matrices is very
large. The test problem with 40 million atoms and 20 basis
functions per atom leads to a Hamiltonian matrix of order 800
million. Even with the sparse nature of the matrix, this is a
significant challenge. In Section 6, we include results of com-
paring NEMO3-D run with the two choices: storing the Hamil-
tonian matrix, and re-computing it for each matrix-vector mul-
tiplication.

An additional challenge in NEMO3-D is the choice of al-
gorithm for solving the large eigenvalue problem in the elec-
tronic structure phase. A number of popular algorithms for
sparse Hermitian eigenvalue problems have not been tested
out to the scale needed in NEMO3-D. In Section 5, we give a
brief discussion of on-going work to optimize eigensolvers for
NEMO3-D. The difficulty of the eigenvalue problem is com-
pounded by the fact that the sought after eigenvalues and ei-
genstates lie in the interior of the spectrum. Thus, algorithms
that are efficient for computing a few of the smallest eigenval-
ues of a matrix need to be modified. Furthermore, there are
often repeated eigenvalues, which poses a problem for certain
solvers. There are other challenges associated with the compu-
tations in the strain phase, which we do not discuss here.

Finally, there is the challenge of efficient parallelization,
so that the NEMO3-D code can scale effectively to large num-
bers of processors. A key operation for all eigenvalue solvers is
the parallel matrix vector product, using the Hamiltonian ma-
trix. Overall NEMO3-D exhibits excellent scaling because of
the favorable ratio of computation to communication.
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3 PARALLELIZATION

Finally, there is the challenge of efficient parallelization,
so that the NEMO3-D code can The complexity of physical
models on which NEMO3-D is based places high demands on
computational resources. As mentioned above, a 40 million
atom case leads to a matrix of order 800 million. Computa-
tions of that size can be handled because of the parallelized
design of the package. NEMO3-D is implemented in C++ with
MPT used for message-passing, which ensures its portability to
all major high-performance computing platforms, and allows
for an efficient use of distributed memory and parallel execu-
tion mechanisms. This code has been optimized in the
NEMO3-D code, to ensure load balance and a low communica-
tion overhead.
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Fig. 2. Data distribution scheme used in NEMO3-D to parallelize the
matrix-vector product (a), and block structure of the discrete matrix (b).

Figure 2 shows schematically the data distribution
scheme used and the block structure of the processed matrices.
The computational domain is divided into vertical slabs, as
shown on the right in Figure 2. All atoms from the same slab
are assigned to a single CPU, so if all nearest neighbors of an
atom belong to its slab, no inter-CPU communication is neces-
sary. The interatomic couplings are then fully contained in one
of the diagonal blocks of the matrix shown on the left in Figure
2. On the other hand, if an atom is positioned on the interface
between slabs, it will couple to atoms belonging both to its
own and the neighboring slab. This coupling is described by
the off-diagonal blocks of the matrix. Its proper handling re-
quires inter-CPU communication. However, due to the first-
nearest-neighbor character of the strain and electronic models,
the messages need to be passed only between pairs of CPUs
corresponding to adjacent domains - even if the slabs are one
atomic layer thick.

4 ALGORITHMS

NEMO3-D has some eigensolvers that are distributed
with the package. These include a custom implementation of
the Lanczos method and the publicly available package
PARACK [21]. However, the NEMO3-D research group at Pur-
due is actively pursuing other alternative eigenvalue solvers
such as Folded Spectrum Rayleigh-Quotient [13], Trace Mini-
mization [16], [17], [18]. and Jacobi-Davidson [19]. In this sec-
tion we focus our attention on the Trace Minimization Algo-
rithm (Tracemin). A more detailed comparison of the eigen-
solvers will be presented elsewhere. For related work, see also
[14], [15] [20].
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Tracemin has several advantages over Lanczos. It com-
putes p algebraically smallest eigenvalues (with correct multi-
plicity) simultaneously, never misses an eigenvalue, and can
be modified to find eigenvalues in the interior of the spectrum.
Its disadvantage is that it is slower than Lanczos when eigen-
values are tightly clustered together and multiplicity is not
important (see Table 1). It should be pointed out that the ei-
genvalues computed by Lanczos and Tracemin are not the
same, because Lanczos does not compute the repeated eigen-
values.

However, if the correct multiplicity is needed, the ex-
tra price of Tracemin is worth paying. Notice that considering
matrix multiplication by a vector to be as fast as a matrix mul-
tiplication by a set of vectors (due to cache effects) for Trace-
min and adding the deflation and repeated run costs for Lanc-
zos, both methods will become comparable in the number of
matrix vector multiplications, with advantage to Tracemin for
reliability (see Table 2).

Table 1. Tracemin vs. Lanczos in NEMO3-D

Lanczos
Proc. | Time(s) # matvecs memory | # eigs*
1 197.2 7000 55.1532 14
2 121.9 7000 28.1094 14
3 89.0 7000 18.9514 14
4 75.3 7000 14.4944 14
Tracemin
Proc. | Time(s) | # matvecs Memory | # eigs*
1 14298.0 390000 227.149 14
2 8341.7 400000 114.217 14
3 5480.0 390000 76.195 14
4 4346.9 400000 57.658 14
Table 2: Optimized Tracemin vs. Lanczos with Deflation NEMO3-D**
Lanczos with Deflation
(ran twice)
Proc. matvecs memory # eigs*
1 3*7000 2*55.15 14
2 3*7000 2¥28.10 14
3 3*7000 2*18.95 14
4 3*7000 2*14.49 14
Tracemin
Proc. matvecs memory # eigs*
1 20000 227.14 14
2 20000 114.21 14
3 20000 76.19 14
4 20000 57.65 14

5 PERFORMANCE ON TERAGRID AND OTHER HPC
PLATFORMS

In this section, we present some new scaling results for
NEMO3-D. For these benchmarks, we ran 100 iterations in the
electronic structure phase, which is enough for reliable scaling

data. The electronic structure computations invoked the Lanc-
zos solver, for all data presented in this section. The goal is to
understand how the performance scales with the problem size,
measured in millions of atoms, and the number of processors,
for a variety of architectures, and to quantify certain mem-
ory/CPU time trade-offs.

The Lear cluster at Purdue is a Teragrid resource, and
consists of 512 dual processor nodes, with 3.2 GHz Intel
EM64T Xeon processors, and 4GB of memory per node. The
nodes are connected through a GigE switch. The SGI Altix at
NCSA is a Teragrid resource, with 512 1.6 GHz Itanium 2
processors, 1 Tbyte of memory and an SGI NUMAIlink inter-
connect. The Cray XT3 (BigBen) at the Pittsburgh Supercom-
puting Center consists of dual processor nodes each with two
2.6GHz AMD Opteron processors and 2GB of memory, and a
scalable, proprietary interconnect. It is among the most power-
ful computers on the Teragrid, and therefore of interest for
computational nanotechnology applications like NEMO3-D.

Figures 3, 4 and 5 show the scaling behavior of NEMO3-
D on the three platforms, Lear, Hamlet and BigBen (XT3), for a
range of problems sizes (characterized by the number of atoms
in millions) and the number of processors used. These data are
for the electronic structure computations, using the Lanczos
method. There figures shows that NEMO3-D has excellent
scaling behavior. This is due to the optimized parallel matrix
vector product, which is a major part of the Lanczos iteration.

We have included a study (on the Lear cluster only) that
compares two options available in NEMO3-D: the large Hamil-
tonian matrix associated with the electronic structure computa-
tion can be computed once and stored, or it can be re-
computed each time a matrix vector product is needed, thereby
saving memory, at the cost of a longer running time. This
comparison is of interest, given current hardware trends,
where multicore processors are becoming common, and the
memory available on some high performance platforms is not
large.
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Fig. 3. Data Scaling behavior of the electronic structure phase of
NEMO3-D on the Purdue Lear cluster (512 nodes with 3.2 GHz Pen-
tium4 dual processors x86-64 EM64T system with 4 and 6GB nodes).

Figure 6 shows a comparison of the performance of
NEMO3-D on the Lear cluster for the two cases where the
Hamiltonian matrix is computed once and stored (ST), and
where the Hamiltonian is not stored but is re-computed for
each matrix vector product (RC). In particular, Figure 6 shows
the ratio of the running times with the re-compute option to
the store option. We see that the re-compute option takes four
to six times longer than the store option. We believe that with
some further optimizations this ratio can be reduced to a factor



of 2 which will render the re-compute option to be attractive
on multi-core processors, where the number of processors may
be increased, while no significant memory is needed to store
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the Hamiltonian.
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Fig. 4. Data Scaling behavior of the electronic structure phase of
NEMO3-D on the SGI Altix. (We are experiencing some difficulties with
the Intel Compiler on this platform, which leads to significantly in-
creased compute times.
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Fig. 5. Data Scaling behavior of the electronic structure phase of
NEMO3-D on the CrayXT3.

6 THE NETWORK FOR COMPUTATIONAL
NANOTECHNOLOGY (NCN)

The NEMO3-D project is a part of a wider initiative, the
NSF Network for Computational Nanotechnology (NCN). The
main goal of this initiative is to support the National
Nanotechnology Initiative through research, simulation tools,
and education and outreach. Deployment of these services to
the science and engineering community is carried out via web-
based services, accessible through the NanoHub portal
www.nanohub.org. The educational outreach of NCN is real-
ized by enabling access to multimedia tutorials, which demon-
strate state-of-the-art nanodevice modeling techniques, and by
providing space for relevant debates and scientific events (cy-
ber-infrastructure).

Number of Processors

Fig. 6. A comparison of the performance of NEMO3-D on the Lear
cluster. Two different options in NEMO3-D are compared: (i) the case
where the Hamiltonian matrix is computed once and stored (ST), and
(i) the case where the Hamiltonian is not stored but is re-computed for
each matrix vector product (RC).The plots show the ratio of the running
times with the re-compute (RC) option to the store (ST) option.

The second purpose of NCN is to provide a comprehen-
sive suite of nano simulation tools, which at present encom-
passes electronic structure and transport simulators of molecu-
lar, biological, nanomechanical and nanoelectronic systems.
Access to these tools is granted to users via the web browser
only, without the necessity of any local installation. The defini-
tion of specific sample layout and parameters is done using a
dedicated GUI in the remote desktop (VNC) technology. The
necessary computational resources are further assigned to the
simulation dynamically by the web-enabled middleware,
which automatically allocates the necessary amount of CPU
time and memory on the NCSA TeraGrid cluster. The end
user, therefore, has access not only to the code, but also to the
scientific and engineering community responsible for its main-
tenance, as well as computational resources necessary to run it.
NEMO3-D has beeen installed on the NanoHub, and jobs can
be submitted to the Teragrid through this gateway.

7 CONCLUSIONS

NEMO3-D is a tool for modeling nanoelectronic devices
that is based on a quantum mechanical model, and can solve
problems such as computing the strain and electronic structure
of quantum dots. The problem involves very large scale com-
putations and NEMO3-D has been designed to be scalable to
large numbers of processors. NEMO3-D scales effectively on
current state-of-the-art architectures, including the Teragrid.
Results presented here were obtained with runs on up to 192
processors, for systems with 40 million atoms. We have also
given a brief account of new algorithms that are being incor-
porated into NEMO3-D that promise to improve computa-
tional effectiveness, and how access to the Teragrid resources
for NEMO3-D runs is now possible through the NanoHub.
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