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Potential Energy Surface
(PES) Dynamics
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-Sample V(R) by solving H_ at
many (~10%) configurations {R}
(obtain a set of ab initio data)
Fit a function to the data

PES = fast modeling

of large systems )

Pros

All ab initio data contribute to PES
Cheap recall at any R = faster
modeling of reactions & design
Portable across research groups,
problems, methods

Cons

Extra source of error do to PES
representation

Difficult to build in multi-D from
very sparse ab initio data

i
reduce D = increase

sampling density




From Low- D Component
Functions to D-reduction

Terms dependent on subsets of coordinates
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_ Manzhos, Carrington, J. Chem. Phys. 125, 084109 (2006)
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Using subsets of original coordinated leads to
a combinatorial explosion of terms



Lower-D Functions of
Adapted Coordinates

dA,b:y=Ax+b Manzhos, Carrington, J. Chem. Phys. 127, 014103 (2007)
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~ +Good representatlon In aII space from 1 set of data
Small no. of low-D terms
*Possibility of D-reduction

-« f.derived by fitting (no complicated egs.)




Component Functions:
Neural Networks

Input  Layer of Neurons Represent a multi-D
function with a small no.
of simple 1D functions

output Math: universal
approximator

Chem: System/molecule-
Independent PES
representation method in
a dynamics-friendly form

Any non-
linear function
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Quadrature-friendly NN: Manzhos, Carrington, J. Chem. Phys. 125, 194105 (2006)




Fitting Algorithm
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Randomly changing selection of M<N points
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To treat bigger systems: Blocking ot data and many NNs
o Reduce memory requirements
o Speed up fitting

Algorithm: Manzhos, Yamashita, Carrington, Comput. Phys. Comm. 180, 2002 (2009) I a lot



configuration space
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materials

electronics/protonics...

How it's usually done
Ab initio (direct) dynamics
almost exclusively- costly!

|t is more efficient to use a PES function

*PES for polyatomic molecule-surface
Interactions wanted






Chemisorbed State

1621 cm™ 997 cm™
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Intermolecular bonding weakened to favor dissociation



Dissoclation into N

-21057.2
-21057.3 4
-21057.4 -
-21057.5 -
-21057.6 -
-21057.7 -
-21057.8 -
-21057.9

+0
2

E, eV

-21088

8.1 9.1 10.1

physisorbe
state -0.23 e

d

<

-21057.5

-21058 -

E, eV

Barrie

-21058.5
-2 OSZ

-21059.5+

r ~0.2.e\V

NcX

Chemisorbed state

-0.53 eV

Min 9 coords )




Unbiased Samplingin 15 D
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D-reduction

4,300 unique fitting data
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845 unique test data

1,450 total symmetry
lgmented points

/5 data per dimension
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D-reduction of the
Configuration Space

inear NN D-reduction
N 2O/Cu(OOl)

Brown et al.,
JCP 129, 064118 (2008)
1,2,4-trifluorocyclooctane




s D-reduction Useful?

Or Why Linear Is Good
Y, (0 (a( 3. g( )Y ()

1. Choice of neurons dX is ad-form of exterior algebra
N

f(a.0)= Gexp
n=1

2. Integration in redundant coordinates
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Conclusions

PES allow for speedy modelling of high-D systems -
molecules on surfaces/particles

For D>6, the configuration space Is sparsely
sampled (2-3 data/D) even with ~10*° data = no
PES exists for most systems

Using NN-based low-D functions provides
universality, simplicity, and tractabllity

D-reduction increases the effective density of
sampling w/out neglecting degrees
of freedom




