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5 Questions Calibrating HFBTHO Constraints Computation Sensitivities & Noise

What We Provide (in one �gure)
Mathematically-based computational tools for
obtaining better solutions faster.
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What We Provide (in one �gure)
Mathematically-based computational tools for
obtaining better solutions faster.
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NATURE PAPER

Pathway to an elusive
NATURE-worthy result:

HPC More processors,
cross �ngers

Optimization More, better
minima

Physics More complex
models
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5 Questions Calibrating HFBTHO Constraints Computation Sensitivities & Noise

Q1.- Main Accomplishments Since Last Meeting

Subject of this talk:

� Optimization and sensitivity analysis forHFBTHO
� A bound-constrained derivative-free optimization solver
� Computational improvements
� A new algorithm for estimating computational noise
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5 Questions Calibrating HFBTHO Constraints Computation Sensitivities & Noise

Q2.- What Aspects Require HPC?

Reducing wall time of each objective evaluation

Optimization generates manyx for
f (x ) =

P N
j =1 (sj (x ) � dj )2

Bottleneck is nucleus simulationsj :
time (sj ) � time (generation of nextx )

N cores Easy
time (f ) = max j time (sj )

NP cores Involved, P cores per nucleus
time (f ) � 1

P maxj time (sj )
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5 Questions Calibrating HFBTHO Constraints Computation Sensitivities & Noise

Q3.- Can You Provide Solutions for Others?

Yes!
Fitting of 8-shell model from M. Bertolli and T. Papenbrock
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5 Questions Calibrating HFBTHO Constraints Computation Sensitivities & Noise

Q3.- Can You Provide Solutions for Others?

Yes!
6 �tting problems from G. Carlsson and J. Dobaczewski
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5 Questions Calibrating HFBTHO Constraints Computation Sensitivities & Noise

Q4.- Detailed Roadmap? Q5.- Showcase Questions?

A4.- Roadmap and deliverables at end

A5.- Optimization tools have achieved
substantial reductions in the number of
function evaluations required

Will there be a universal code requiring 1000s of cores
per nucleus simulation?

) many evaluations per wall hour

! optimization over entire mass table, requiring millions of cores
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5 Questions Calibrating HFBTHO Constraints Computation Sensitivities & Noise

Calibrating the UNEDF Code HFBTHO

Markus Kortelainen, Thomas Lesinski, Witek
Nazarewicz, Nicolas Schunck, Mario Stoitsov

HFBTHOHartree-Fock-Bogoliubov with Skyrme forces using
Transformed Harmonic-Oscillator states

Goal:Optimal values for 12 parametersx �

Fit HFBTHOoutput types

� Mass/binding energy (sM;i )

� RMS radius (sR;i )

� Pairing Gap/Odd-Even Mass
Di�erence (sO;i )

to data from 72 even-even nuclei

� 36 deformed (mass only)

� 28 spherical (mass and rms)

� 8 deformed (mass and pairing),

11 with A < 66, 61 with A > 106
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Nonlinear Least Squares Optimizationminx f f (x)g

Objectivef (x) =
P

i 2f M;R;O g

n iP

j =1

�
si;j (x )� di;j

wi

� 2

x Vector of scaled, unbounded free parameters

wi Weight for type i data

Special case off (x) =
ndP

i =1
Fi (x)2

F i (x ) Nonlinear, expensive to compute
�F i ( x )

�x j
unavailable
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Nonlinear Least Squares Optimizationminx f f (x)g

Objectivef (x) =
P

i 2f M;R;O g

n iP

j =1

�
si;j (x )� di;j

wi

� 2

x Vector of scaled, unbounded free parameters

wi Weight for type i data ! x � depends onw

Note: x � = arg min x f f (x)g = arg min x

n q
f ( x )

n d � n x

o

Special case off (x) =
ndP

i =1
Fi (x)2

F i (x ) Nonlinear, expensive to compute
�F i ( x )

�x j
unavailable ! derivative-free optimization
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5 Questions Calibrating HFBTHO Constraints Computation Sensitivities & Noise

Practical Optimization Using No DERivatives (for Squares)
POUNDERSalgorithm designed for minimizing sums of squares

n dP

i =1
F i (x )2

Energy Residual [MeV], Lead208 RMS Residual [fm], Lead208 OEM Residual [MeV], 1

Interpolation based model of each residual

� Other derivative-free methods (direct search, Nelder-Mead, GAs, . . . )
cannot take advantage of this structure

� More overhead (negligible) to determine nextx for expensive evaluation

� Can use externalf evaluations (from experimental design, previous run,
. . . )
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5 Questions Calibrating HFBTHO Constraints Computation Sensitivities & Noise

What POUNDERSDoes for UNEDF
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� 72 cores on Jazz

� 12 wall minutes perf (x )

� POUNDERS: acceptablex in
3.2 hours

� Nelder-Mead: no acceptable
x within 60 hours

! See Nicolas Schunck's talk for
physics!
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5 Questions Calibrating HFBTHO Constraints Computation Sensitivities & Noise

Bound Constraints

POUNDER(S)now solve bound-constrainedmin f f (x ) : l � x � ug
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Unconstrained
Constrained

Only generates feasiblex

� save evaluations

� avoid building models
based on unreliable data

� bounds unrelaxable

HFBTHOcalibration:

� not all x well determined
from small dataset

� 6 constrained (NMPs), 6
unconstrained

� 2 parameters actively
constrained at solution
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5 Questions Calibrating HFBTHO Constraints Computation Sensitivities & Noise

General Nonlinear Constraintsmin f f (x) : C(x) � 0g

Should constraints be treated directly by optimization or kept inside f (x )?
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Unconstrained
Constrained

Depends onC(x ):

� expense?

� availability of derivatives?

� relaxable?

This may

! introduce new minima

! require many more
evaluations

! require di�erent
approaches based on
time (C) vs. time (f )
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5 Questions Calibrating HFBTHO Constraints Computation Sensitivities & Noise

UNEDF Optimization on Leadership Class Machines

Bottleneck is evaluatingf (x) =
NP

i =1

�
si (x )� di

wi

� 2

Without parallelizing si (x )

� time (f ) =
maxi time (si ) � 6minutes

� In 1 hour do fewer
evaluations than the
number of free parameters!

� More than N cores not
useful

Wall times forsi should be
lowered!
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5 Questions Calibrating HFBTHO Constraints Computation Sensitivities & Noise

Preliminary Parallelization of HFBTHO

Our e�orts to reduce wall time for a 72 nuclei calculation
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JAZZ: gnu+default
FUSION: gnu+default
FUSION: intel+mkl

� Hardware upgrade yields
minor improvements

� Compiler + tuned libraries
= substantial
improvements

� OpenMPparallelization
brings evaluation time
under 1 minute

� 8 core/node bottleneck

� Uses8N = 576 cores
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5 Questions Calibrating HFBTHO Constraints Computation Sensitivities & Noise

Towards Global Optimization

E�cient multistart procedures for extreme scale HPC

Sampled 
Points

Optim. 
Paths

Approx.
Local
Min.

� sampling and optimization
done in parallel using many
cores

� yields multiple local
minima for post-processing

Need:

� many evaluations per hour

� good noise estimate
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5 Questions Calibrating HFBTHO Constraints Computation Sensitivities & Noise

Sensitivity Analysis (Post Optimization)

Compute how sensitive optimalx � is to changes in the data

Using NP ( n x +1)( n x +2)
2 cores

� con�dence intervals and regions

� standard errors and correlations

� constraining data

Need accurate derivatives
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5 Questions Calibrating HFBTHO Constraints Computation Sensitivities & Noise

Computational Noise in Deterministic Simulations
Finite precision + �nite processes

Leading Sources of Noise

� Iterative calculations

� Adaptive algorithms

� Single precision

Examples

� Systems of equations/PDE's

� Computing integrals

� Discretizations/meshes

� Estimating eigenvalues

Di�erence jf (x) � f (x + Z! )j, j ! i j � 1

f (x) =
5P

i =1
� i (L (x)) , L = 243 � 243 Laplacian matrix

Computational noiseexplains thevariationin f (x)
Argonne Optimizers 16



5 Questions Calibrating HFBTHO Constraints Computation Sensitivities & Noise

The E�ects of Computational Noise
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Noise is not(truncation) error

Rn +1 (x) = f (x) �
nP

i =0
Pi (x)

Which do you prefer?

A less noise, more error

B less error, more noise
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The E�ects of Computational Noise
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B

Noise is not(truncation) error

Rn +1 (x) = f (x) �
nP

i =0
Pi (x)

Which do you prefer?

A less noise, more error
! Optimization
! Sensitivity Analysis

B less error, more noise
! Physics

Even if experimental data known to few digits it matters how noisy your

simulation is!
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Noise in UNEDF Computations

Binding energies for 2049 nuclei from early Bertolli and Papenbrock model
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Not all nuclei have equal noise

� 50% energies reliable to 15
digits, 50% to 4

� source of noise: solving internal
optimization problem

� ecnoise can compute noise for
each nucleus using 20k cores

� noise estimates ensure
derivatives are reliable for each
nucleus
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5 Questions Calibrating HFBTHO Constraints Computation Sensitivities & Noise

Noisy Finite Di�erence Derivative Estimates

Derivatives vital to sensitivity analysis and terminatingoptimization
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f (x) � f s(x) + "(x)

� Estimate
f 0

s (x) = f ( x + h ) � f ( x )
h very

sensitive to choice ofh
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Noisy Finite Di�erence Derivative Estimates

Derivatives vital to sensitivity analysis and terminatingoptimization
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Step Size, h

f (x) � f s(x) + "(x)

� Estimate
f 0

s (x) = f ( x + h ) � f ( x )
h very

sensitive to choice ofh

� Our hopt obtains 2 correct
digits, others compute no
correct digits
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5 Questions Calibrating HFBTHO Constraints Computation Sensitivities & Noise

Timetable

From last year's meeting:

Year 4

� Model and geometry-based optimization algorithms
POUNDERand POUNDERS

� Open-source implementation of model-based algorithms
In progress, will be available as part ofTAO

� Investigation of performance on new UNEDF functionals
Submitted �rst paper with ORNL collaborators, next in progress

Year 5

� Performance, evaluation, and validation of DFT functional

� Algorithms for noisy and constrained calculations

� Fission pathways

� Many core optimizations

Argonne Optimizers 20



5 Questions Calibrating HFBTHO Constraints Computation Sensitivities & Noise

Summary and Collaborators

Optimization POUNDERSfor minimizing sums of squares (w/ bounds)

� Better calibration of HFTHOin 1
20 the time

Computation Speeding up function evaluations, making use of many cores

Noise ECNoisefor estimating computational noise

� Compute accurate derivatives for sensitivity analysis

HFBTHO

J. Mor�e, J. Sarich, S. Wild

M. Kortelainen, T. Lesinski,
W. Nazarewicz, N. Schunck,
M. Stoitsov

Ab Initio

H.O. Models

MFD

M. Bertolli, T. Papenbrock

G. Carlsson, J. Dobaczewski

P. Maris, A. Negoita, A. Shirokov,
J. Vary

More at http://mcs.anl.gov/ � wild ...Thank You!
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