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Why we’re here

Thank you!!!
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What do all of these have in common?
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New Role of Computational Science

Simulation

Theory Experiment

Computing power has increased tremendously

Experimental science has become increasingly 
difficult and expensive to do 
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Chemical Vapor Deposition 
Control
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Heater zones

Silicon wafers 
(200 mm dia.)

Quartz pedestal

Thermocouple

•Temperature uniformity across the 
wafer stack is critical

•Independently controlled heater 
zones regulate temperature

•Wafers are radiatively heated

•Design parameters:
• Number of heater zones
• Size / position of heater zones
• Pedestal configuration
• Wafer pitch
• Insulation thickness
• Baseplate cooling

The design of a small-batch fast-ramp LPCVD 
furnace can be posed as an optimization problem
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Target Temp=1027 C

Optimized power distribution enhances wafer 
temperature uniformity for steady-state operation

Simulation of Equipment Design Optimization in Microelectronics Manufacturing, J.C. Meza, 
C.H. Tong, C.D. Moen, Proc. 30th Annual Simulation Symposium, Atlanta, GA, April 7-9, 1997.
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In Theory You Have Derivatives  ...

But in practice you don’t
Lack of derivatives reduces the choice of 
optimization methods one can use
Accurately computing derivatives much harder 
than one might think at first glance
Nonetheless, optimization loop turned a week 
long job into a 30 minute computation and 
with a solution that was an order of 
magnitude better
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Finding Supernovae

Peak absolute magnitudes 
between -17 and -20.

SN 1994D

NGC 4526 (z = 0.0015)

Supernova cosmology is 
the most powerful and 
best proven technique 
to date for probing the 
dark energy
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Supernova Spectra

Most SN reach 
maximum light a 
few weeks after 
outburst.
Light curves 
evolve on day to 
week time scales.
Fade away over 
months to years.
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Spectra
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Figure 1 Spectra of SNe, showing early-time distinctions between the four major types and

subtypes. The parent galaxies and their redshifts (kilometers per second) are as follows: SN 1987N

(NGC 7606; 2171), SN 1987A (LMC; 291), SN 1987M (NGC 2715; 1339), and SN 1984L (NGC

991; 1532). In this review, the variables t and τ represent time after observed B-band maximum

and time after core collapse, respectively. The ordinate units are essentially “AB magnitudes” as

defined by Oke & Gunn (1983).

conclusions are based on the few existing late-time spectra of SNe Ib, and no

other possibly significant differences have yet been found. At this phase, SNe

II are dominated by the strong Hα emission line; in other respects, most of

them spectroscopically resemble SNe Ib and Ic, but the emission lines are even

narrower and weaker (Filippenko 1988). The late-time spectra of SNe II show

substantial heterogeneity, as do the early-time spectra.

At ultraviolet (UV) wavelengths, all SNe I exhibit a very prominent early-

time deficit relative to the blackbody fit at optical wavelengths (e.g. Panagia

1987). This is due to line blanketing by multitudes of transitions, primarily

those of Fe II and Co II (Branch & Venkatakrishna 1986). The spectra of

SNe Ia (but not of SNe Ib/Ic) also appear depressed at IR wavelengths (Meikle

Composition
Density
Temperature
Energy deposited
Kinetic energy
Environment

Spectra indicative of 
rapid ejecta outflow
up to 0.1c.
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Problem is a least squares problem

We have a simulation code that can produce 
synthetic spectra based on inputs that 
describe the elements that are present and 
their energies

Goal is to fit the synthetic spectra to the 
observed data by varying the elements

Must have an solution within 24 hours

Did I forget to mention ... we don’t have derivatives
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10 ions (52 parameters)
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In Theory The Functions are Smooth ...

But in practice the functions and data are 
noisy

Need to account for uncertainty in both 
the model and the data

“Best fit” can be a hard concept to handle 
in many scientific problems
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Molecular Conformation



Novel Applications of Optimization to Molecule Design, T.D. Plantenga, R.S. Judson, J.C. Meza, IMA 
Series "Large Scale Optimization with Applications, Part III", Vol. 94, 1997, Springer.
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Drug design can be viewed as an optimization problem in 
computational chemistry

Formulated as an energy 
minimization problem
Typically there are 
thousands of parameters 
with thousands for 
constraints
There are many 
(thousands) of local 
minimum

HIV-1 Protease Complexed 
with Vertex drug VX-478
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A Physical Approach to Protein Structure Prediction, Crivelli, et.al. Biophysical Journal, 
Vol 82, 2002.

Amber Force Field Equations

Etotal = Ebond + Eangle + Edihedral + Enonbond

Ebond =
∑

Kb(ri − r̄i)2

Eangle =
∑

Kθ(θi − θ̄i)2

Edihedral =
∑

Kφ(1 + cos(niφi − δi))

Enonbond =
∑

i
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i<j

[
εij
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σij

rij

)12

−
(

σij

rij

)6
]

+
qiqj

ε0rij
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Simulation of Bio-Molecule Folding

Energy minimization 
computed using a large-
scale optimization method
Solution matched 
experimental data to 
within 3.9 Å 
Total simulation took 
approximately 32 hours 
on a workstation

R. Oliva, S. Crivelli and J. Meza, Protein-Folding Via Divide and Conquer Optimization.” SIAM, 
Conference on the Life Sciences, Portland, OR, July 11-14, LBNL-55869, 2004.
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In Theory You Look for 1 or 2 Minima ...

But in practice problems may have many 
minima

Users want “global” minima

Sometimes only require descent
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Computational Nanoscience
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Photovoltaic Solar Cells

Solar cells based on 
inorganic nanorods and 
semiconducting polymers
Nanorods can be made of 
CdSe, a semiconducting 
material
Nanorods act like wires, 
absorbing light and 
generating hole-electron 
pairs
Biggest challenge is cost, ~30 
cents/kWh
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ρ =
∑ne

i=1 |ψi(r)|2,
∫
Ω ψiψj = δi,j

Etotal[{ψi}] =
1
2

ne∑

i=1

∫

Ω
|∇ψi|2 +

∫

Ω
Vextρ

+
1
2

∫

Ω

ρ(r)ρ(r
′
)

|r − r′ | drdr
′
+ Exc(ρ),

[
−1

2
∇2 + Vext(r) +

∫
ρ

|r − r′ | + Vxc(ρ)
]
ψi = εiψi

Density Functional Theory and the Kohn-
Sham equations
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DFT codes play a major role in computational 
science

DFT methods account for 
75% of the materials 
sciences simulations at 
NERSC/LBNL
Estimated total: 200 million 
hours of computer time in 
2008
9,660 nodes; 38,640 2.3 
GHz cores 
356 TFlops/s peak

 Franklin (NERSC-5): Cray XT4
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Solving the Kohn-Sham equations

Self-Consistent Field (SCF) iteration
view as a (large) linear eigenvalue problem
usually used with other acceleration techniques 
to improve (ensure) convergence
convergence theory sparse

Direct Constrained Minimization
minimize the total energy directly
also requires globalization techniques
convergence theory still difficult, but can use 
existing frameworks



C    O    M    P    U    T    A    T    I    O    N    A    L        R    E    S    E    A    R    C    H        D    I    V    I    S    I    O    N

Direct Constrained Minimization

Trick is to solve a sequence of smaller nonlinear 
eigenvalue problem 

Minimize energy in a particular subspace

Construct minimization problem so that 
constraints are satisfied automatically

Add trust region to ensure robustness

Resulting method is more robust and faster 
(especially for larger systems)

C. Yang, J. Meza, L. Wang, A Constrained Optimization Algorithm for Total Energy 
Minimization in Electronic Structure Calculation, J. Comp. Phy., 217 709-721 (2006)
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Example 2: Graphene

sampling grid:
• 114 x 114 x 15

10 PCG 
iterations / SCF 
outer iteration
5 inner SCF 
iteration / DCM 
outer iteration
supercell:

40 x 40 x 5
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In Theory The Functions are 
Inexpensive ...

But in practice the functions can dominate the 
total cost of the solution

May not matter how expensive the optimization 
is as long as you can minimize the total number of 
function calls

Sometimes convergence is dictated by how big 
your computer budget is
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Summary - The Difference Between Theory 
and Practice  ...

Theory gives us the framework for analyzing our 
problems and guide our solutions

Practice gives us the experience of real-world 
problems and helps us improve on the theory

The combination of the two gives us 
unprecedented power for solving problems 

We are in a unique position to contribute 
solutions to problems in energy, health, climate, 
and many others
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Future Directions
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Figure 10.4
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MSRI Undergraduate Program 2007
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Formula for success

+ =

Solutions to ...

+
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Thank you
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The Measure of Our Success

With unprecedented economic competition 
from abroad and changing patterns of 
production at home that demand higher basic 
educational skills, America cannot wait 
another minute to do whatever is needed to 
ensure that today’s and tomorrow’s workers 
are well prepared rather than useless and 
alienated — whatever their color

Marian Wright Edelman, 1993



Questions


