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Links to machine learning e P

for Polymer Research

Potential energy surface

Can we builld a more accurate PES?

3-1- Can we easily builld an accurate PES?
gl

= Can we make the numerical integration
s faster and/or more efticient!
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Disclaimer: only kernel methods covered &

- needs a representation
- linear algebra

Kerne - can be efficient with small
data
- |learns the representation
Deep ‘earning - COmp\ex mathematical
sfructure
- data hungry
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Bayes’ formula

ikelihooa ,
prior

D(f T [y) = PO LS) PUT™)
osterior p(y)

normalization

“.TE'EBSE Rasmussen, Advanced lectures on machine learning. Springer, 63-/1 (2004) 7



(Gaussian processes

f ~GP(m, k)

‘,.T'(';'Egﬁg Rasmussen, Advanced lectures on machine learning. Springer, 63-/1 (2004) 8



(Gaussian processes

f ~GP(m, k)

f(x) i, =m(x;) X = k(x;, ;)
random variable: mean covariance
value of the
stochastic function
at x

..,TE'ESSE Rasmussen, Advanced lectures on machine learning. Springer, 63-/1 (2004) 8



(Gaussian processes

f ~GP(m, k)

f(x) i, =m(x;) X = k(x,x5)
random variable: mean covariance
value of the
stochastic function ernel
at x

target property K @ —

P

“,TE'EBSE Rasmussen, Advanced lectures on machine learning. Springer, 63-/1 (2004) 8



(Gaussian processes

f ~GP(m, k)

f(z) i, =m(x;) X = k(x,x5)
random variable: mean covariance
value of the
stochastic function Nonuniform: replace by kerne|

at x repulsive potential (Csany

and coworkers, Clementi and
Noe, ...)

target property K a —

P

“,TE'ESSE Rasmussen, Advanced lectures on machine learning. Springer, 63-/1 (2004) 8




Conformational space

missing from training -
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e e Training points | R
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Input Space Feature Space

ML training set size Is limitead
(kernels!)
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Mechanics |01: Principle of least action

[

Sx()] = { 2 dr L[x(¢), x(¢), t]

41
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Mechanics |01: Principle of least action

[

Sx()] = { 2 dr L[x(¢), x(¢), t]

A1
L=T-V

Hamilton’s principle: system minimizes action (variational principle)

S[x*(H)] =0
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Mechanics |01: Principle of least action

[

Sx()] = [ 2 dr L[x(¢), x(¢), t]

A1
L=T-V

Hamilton's principle: system mirjimizes action (variational principle)
Sx*()] =0

stationarity under small perturbations leads to eqguations

b
08 = J' df L(x™* + &, x* 4+ &,1) — L(x™*, X™*, 1)

I
" oL oL g oL d oL
dt |le—+é— | =| dt |e———— | =0
" ox ox " ox dr ox
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Mechanics |01: Principle of least action

[

Sx()] = [ 2 dr L[x(¢), x(¢), t]

A1
L=T-V

Hamilton's principle: system mirjimizes action (variational principle)
Sx*()] =0

stationarity under small perturbations leads to eqguations

b
08 = J' df L(x™* + &, x* 4+ &,1) — L(x™*, X™*, 1)

1

" oL oL g oL d oL
dt |le—+é— | =| dt|e———— | =0
" 0X 0X " 0X dr ox

integration by parts &
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-rom symmetries, to invariants, to conserved quantrties

Sx(2), y(1), z(1)] = Jdt % ()'c2 + )’22 + 2'2) — mgz
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-rom symmetries, to invariants, to conserved quantrties

Sx(2), y(1), z(1)] = [dt % ()'c2 + )’22 + 2'2) — mgz

Introduce constant translations along x and y:

2
= &'[x(2), y(0), z(?)]

S'[x(2) + xg, y(1) + ¥y, 2(1)] = Jdt - (&% + 32+ 2%) — mgz
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-rom symmetries, to invariants, to conserved quantrties

Sx(2), y(1), z(1)] = [dt % ()'cz + y2 + z’z) — mgz

Introduce constant translations along x and y:

2
= &'[x(2), y(0), z(?)]

S'[x(2) + xg, y(1) + ¥y, 2(1)] = Jdt - (&% + 32+ 2%) — mgz

(Translational) symmetry leaves the action invariant. oL doJL N

't leaves the Euler-Lagrange equation unchanged: ox drox
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-rom symmetries, to invariants, to conserved quantrties

Sx(2), y(1), z(1)] = [dt % ()'cz + y2 + z’z) — mgz

Introduce constant translations along x and y:

S'[x(2) + xg, y(1) + ¥y, 2(1)] = Jdt % (&% + 32+ 2%) — mgz

= &'[x(2), y(0), z(?)]

(Translational) symmetry leaves the action invariant. oL doJL N

't leaves the Euler-Lagrange equation unchanged: ox drox

oL oL . Translational invariance implies
— =) — = X = const. . -
0x 0x Inear momentum conversation
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/7 JFrom symmetries to conserved quantities (cont'd)

S[r(?)] = Jdt T V(r)

2
Rotational symmetry Time translation
Apply transtformation r — r’ Apply transformation r — r’
where r'(¢) = Rr(t) = r(t) + a X r(r) where r'(t+ ¢) = r(¢)
One can show that One can show that
Slr(®) + aXxr(@)] = Sr@] S[r'(t+¢e)] = S[r()]

(up to a boundary term)

Conservation of angular momentum Conservation of energy

.',TE'ESSE Banados & Reyes, arXiv: 1 601.036 | 6v3 2



Noether's theorem

To every differentiable symmetry generated by local actions there
corresponds a conserved quantity

3 examples:
e [ranslational symmetry: Linear momentum conservation

* Rotational symmetry: Angular momentum conservation
 [Iime translation: Energy conservation
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[ranslational ana rotational symmetries

Behler-Parrinello Coulomb matrix

(G— s >O—[E N
Ralalica—Cs. >—[E}—[E
(GH—s. O—E, / 1 54

( {R3}
— Zi

Cartesian 2
coordinates

all Cl] = ZIZ
G; = Ze_n(R”_RS)zfc(Rij) / V i 7&]
R, - R

G? =2!"¢ Z (1 + Acosé; ;)¢
jkEi

{R1}

".0. oy “‘ "o . ‘:"
o, Y * - R ISR
- o, o e 0
*e % RN o
0, “e, L .
POCREIL N PN
* »° a3 *
s @ 3%, R
. «
. ",

V i=j

X ¢ MRTRIRD £ (R fo(Ri) fo(R i)

Behler & Parrinello, Phys Rev Lett 98 (2007) Rupp, Tkatchenko, Muller, von Lilienfeld, Phys Rev Lett, 108 (2012)
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7 |Encoding symmetries in ML models using group theory

Action of group G on input sample x = 1,(x)

".Tg'ggﬁg Risi Kondor, Group theoretical methods in machine learning, PhD thesis (2008) 19



7 |Encoding symmetries in ML models using group theory

Action of group G on input sample x = 1,(x)

Can we find a kernel that is invariant to this group action? f(Tg(x)) =fx)Vge G
k(x,x7) = k(T y(x), To(x'))

".TE'ESSE Risi Kondor, Group theoretical methods in machine learning, PhD thesis (2008) 19



7 )Encoding symmetries in ML models using group theory

Action of group G on input sample x = 1,(x)

Can we find a kernel that is invariant to this group action? f(Tg(x)) =fx)Vge G
k(x,x7) = k(T y(x), To(x'))

o ensure Invariance, symmetrize the kernel

kC(x,x) = — Z k(x, T,(x")
‘G‘ gelC

Y 2585},{ Risi Kondor, Group theoretical methods in machine learning, PhD thesis (2008) 19



Example of symmetrized kernel <

SOAP kernel/representation®

S(8) = S(p. Fip) = [ drpe)f (Br) = 3" 3 Dhun(B) [ dr e ()el () [ 48 Vi (0o 6)

*Smooth Overlap of Atomic Positions: is a distance metric between two samples

.'.TE'ESSE Bartok, Kondor, Csanyi, Phys Rev B 87 (2013) 20



Invariant vs. covariant properties

Tensorial property (e.g., dipole moment, force) rotates with the sample

J

®e. HEORY  Glielmo, Sollich, De Vita, Phys Rev B 95 (2017) N
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Invariant vs. covariant properties

Tensorial property (e.g., dipole moment, force) rotates with the sample

-
J

"Bulld kernel so as to encode the rotational

properties of the target property”
®e. HEORY  Glielmo, Sollich, De Vita, Phys Rev B 95 (2017) N




Covariant kernels

Encode rotational properties of the target property in the kernel

®e. HEORY  Glielmo, Sollich, De Vita, Phys Rev B 95 (2017) -



Covariant kernels

Encode rotational properties of the target property in the kernel

£(Sp | D) = St(p | D)
Force prediction J k

| Transformation (rotation/inversion)
Descriptor

Training data

®0. tEolY  Glielmo, Sollich, De Vita, Phys Rev B 95 (2017) 22



Covariant kernels <&

Encode rotational properties of the target property in the kernel

£(Sp | D) =St(p| D)
Force prediction J k

| Transformation (rotation/inversion)
Descriptor

Training data
“Transform the configuration, and

CHEORY | | the prediction transforms with it
®e. croup Glielmo, Sollich, De Vita, Phys Rev B 95 (2017) 20




Covariant kernels

K(Sp,S'p)) = SK(p,p')S"*

Kernel

Configurations

Transformations (rotation/inversion)

K(p,p') = / dRRk(p,Rp’) /r.

/ 1 /
K" (p, p") = T Z P(ri, rj)r; ® ro i
i

®0. (EORY Glielmo, Sollich, De Vita, Phys Rev B 95 (2017) 23



cxtension to higher-order tensors

K%(Sp.S'p") = 'S K (p, p")SS”

KQ(,O, p’) — % Z (RJT R Rl) D(r;, Vj) (RiT X R])

)

D(r;, rj) = 6402 /da/dﬁ/dysm'g

«R'(e, B,7) ® R(@, B,y)e 2

(k1 0 0 0 ¢ 0 0 0 0)
aligns I'; onto Z 0 ¢ 0 —» 0 0 0 0 0

5 /r- 0 0 w3 0 0 0 0 0 0

i 0 -¢» 0 ¢, 0 0 0 0 O

ey 0 0 0 ¢ 0 0 0 0

0 0 0 0 0¢30 0 O

/rj' 0 0 0 0 0 0 ¢3 0 0

0 0 0 0 0 0 0 ¢3 0

THEORY Bereau, DiStasio Jr., Tkatchenko, von Lilienfeld, J Chem Phys 148 (2018) L0 0 0 0 0 0 0 0 g

®e. croup Grisafi, Wilkins, Csanyi, Ceriotti, Phys Rev Lett 120 (2018) 24
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7 ) Transferable model for intermolecular interactions

Physics-based models Data-driven models

e Encode laws, symmetries  Need to learn laws, symmetries
e Little chemical information * |[nterpolate across chemistry

Y "t
o 7

Ty

3o U ¢
r4A

Compositional (e.g., benzene vs. chlorobenzene) @
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7 ) Transferable model for intermolecular interactions

Physics-based models Data-driven models

e Encode laws, symmetries  Need to learn laws, symmetries
e Little chemical information * |[nterpolate across chemistry

-

W%
Any small molecule made of H, C, O, N *
neutral compounds

) am

=< XD Cl

Compositional (e.g., benzene vs. chlorobenzene) @
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Physics-based aspect i

Pd

L ong-ranged Short-ranged

o Static electrostatics * Charge penetration
 Many-body dispersion * Repulsion
e Polarization e (Charge transter)

Van Vleet, Misquitta, Stone, and Schmidt, J. Chem. Theory Comput. 12 (2016); Vandenbrande, et al., J. Chem.
Theory Comput. 13 (2017); Grimme, J. Chem. Theory Comput. 10 (2014); Verstraelen, et al., J. Chem. Theory
0. HEORY Comput 12 (2016); Metz et al, J. Chem. Theory Comput 12 (2016)



Physics-based aspect s
L ong-ranged Short-ranged

Perturbation theory Overlap models
o Static electrostatics * Charge penetration
 Many-body dispersion * Repulsion
e Polarization e (Charge transter)
1 qiq; 3
VCoulomb<T) — ’ Sij — /d rpi(r)pj (I‘)
dmeg T
L o o

Van Vleet, Misquitta, Stone, and Schmidt, J. Chem. Theory Comput. 12 (2016); Vandenbrande, et al., J. Chem.
Theory Comput. 13 (2017); Grimme, J. Chem. Theory Comput. 10 (2014); Verstraelen, et al., J. Chem. Theory
0. HEORY Comput 12 (2016); Metz et al, J. Chem. Theory Comput 12 (2016)
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L ong-ranged Short-ranged

o Static electrostatics * Charge penetration
 Many-body dispersion * Repulsion
e Polarization e (Charge transfer)

Use ML to predict atoms-in-molecules
properties

* Multipole moments
e Hirshfeld ratios
e Atomic density widths/populations

Van Vleet, Misquitta, Stone, and Schmidt, J. Chem. Theory Comput. 12 (2016); Vandenbrande, et al., J. Chem.
Theory Comput. 13 (2017); Grimme, J. Chem. Theory Comput. 10 (2014); Verstraelen, et al., J. Chem. Theory
0. HEORY Comput 12 (2016); Metz et al, J. Chem. Theory Comput 12 (2016)
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Multipole moments

L ong-ranged Short-ranged

o Static electrost * Charge penetration
 Many-body gfspersion<«—=Hirshfeld ratios * Repulsion
g\sfer)

. Po\arization/ e (Charge tr

Use ML to predict atoms-in-molecules
properties

Atomic density
widths/populations

* Multipole moments
e Hirshfeld ratios
e Atomic density widths/populations

Van Vleet, Misquitta, Stone, and Schmidt, J. Chem. Theory Comput. 12 (2016); Vandenbrande, et al., J. Chem.
Theory Comput. 13 (2017); Grimme, J. Chem. Theory Comput. 10 (2014); Verstraelen, et al., J. Chem. Theory
0. HEORY Comput 12 (2016); Metz et al, J. Chem. Theory Comput 12 (2016)



Static multipole electrostatics

1 q;q;
VCoulomb (T> — Are ZT]
0

Stone, The Theory of Intermolecular Forces
...TE'ESSE Bereau and Meuwly, Many-Body Effects and Electrostatics in Biomolecules 59



Static multipole electrostatics
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0
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Static multipole electrostatics

1 q;q;
VCoulomb (T> — Are ZT]
0

Stone, The Theory of Intermolecular Forces
...T'é'ggﬁg Bereau and Meuwly, Many-Body Effects and Electrostatics in Biomolecules 59



Static multipole electrostatics
1 qig;

VCoulomb (T> —

dmeg T

\ - & .
dipoles, quadrupoles rotate with the sample

Stone, The Theory of Intermolecular Forces
‘..TE'ESSE Bereau and Meuwly, Many-Body Effects and Electrostatics in Biomolecules 59



Multipoles: Learning curves <

0.1 \ - o + Qap -
'\ | | Easier to learn

i H,O than C,N
H T :
I(“: k\i\'_ | -I‘I_I\H\l~l\|. ]
N | _

0.0071 Lot oo s ot it vt it ot it it
101102103 10* 10' 102102 10* 101102 10° 10*

Atoms In training set

H

0. HEORY Bereau, DiStasio Jr., Tkatchenko, von Lilienfeld, JCP 148, 241706 (2018); JCP Editor's Choice 2018 30
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Multipoles: Correlation curves
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7 global parameters

H-bonded complexes:
ammonia water formic acid formamide uracil 2- pyridoxine
dimer dimer  dimer dimer dimer 2-ami nop

< rN Ay 0O
A *H*fjg »r(( Hﬂ

adenine
thymine

18.61 15.96

Dispersion complexes:
methane ethene  methane benzene pyrazine uracil
dimer dimer benzene dimer dimer

A )»«(-P"',)-r SR P 3K REF

0.53 1. 51 1.50 2.73 442 10.12 5.22 12.23
Mixed complexes:
ethene benzene benzene benzene benzene phenol indole
ethyne HCN ammonia water dime dimer benzene

=
153 3.28 2.35 4.46 274 17 573 f(\

Jurecka, Sponer, Cerny, Hobza, PCCP (2006)
Paton and Goodman, J Chem Inf Model (2009)

H

pret [kcal /mol]

—-20 —15 —-10 =5
E |kcal /mol|

Dimer 1D

-35-30-25-20-15-10 -5 0 5
E [kcal/ mal]
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A hybrid physics-based and machine

learning approach tackles molecular
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Meeri Kim
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®o. GESE}; Bereau, DiStasio Jr., Tkatchenko, von Lilienfeld, JCP 148, 241706 (2018); JCP Editor’s Choice 2018
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| earning a vector field: matrix-valued kernels Z*

Up to now: learning a scalarfield f: R" = R
N
=1

a; € R
K:R"*XR" - R

Macédo and Castro, Learning divergence-free and curl-free vector fields with matrix-valued kernels, IMPA (2010)
QQJEESGE Micchelli and M. Pontil. Neural Computation, 17(1):177-204, 2005. 34



) Learning a vector field: matrix-valued kernels 2

Up to now: learning a scalarfield f: R" = R

N
=1

L earning a vector field f: R" - R”

Al n
f(x) = ) aK(x,x,) a; € R
=1 K - Rn X Rn — Rn)(n

Macédo and Castro, Learning divergence-free and curl-free vector fields with matrix-valued kernels, IMPA (2010)
Y 2585}; Micchelli and M. Pontil. Neural Computation, 17(1):177-204, 2005. 34

a; € R
K:R'"XR" >R




Matrix-valued kernel &

Learning a vector field f: R" - R”

N n
f(x) = Z a.K(X, X.) _ a; € R
=1 K:R'xR" - Rn)(n

By default: components learned independently. No prior on the vector field.
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Matrix-valued kernel &

Learning a vector field f: R" - R”

N n
f(x) = Z a.K(x, X) _ a; € R
=1 K - Rn X Rn — Rn)(n

By default: components learned independently. No prior on the vector field.

Time invariance leads to an energy-conserving force field (curl-free):

VXXxI=0

Design matrix-valued kernel that is also curl free.

THEORY
®60. GROUP 39



-nforcing structure onto the vector field: Matrix-valued radial basis functions

Recall the (translation-invariant) kernel:

N Hr_r,HZ _ /
K(r,r) =exp| — = (llr -1/

2072
N\

scalar RBF & : R" = |

'..TE'ESSE E. Fuselier. PhD thesis, Texas A&M University (2000) 36



-nforcing structure onto the vector field: Matrix-valued radial basis functions

Recall the (translation-invariant) kernel:

N Hr—l',HZ _ /
Krr)=exp| ————— | =¢ (lIr-rl)

N\

scalar RBF & : R" = |

Construct matrix-valued RBF & : R"* — R™" from a scalar RBF ¢#(x) = ¢(||x||)

Apply linear differential operator: P (X) := (L @P)(X)

.'.TE'ESBE E. Fuselier. PhD thesis, Texas A&M University (2000) 36



-nforcing structure onto the vector field: Matrix-valued radial basis functions

Recall the (translation-invariant) kernel:

N HI'—I',HZ _ /
Krr)=exp| ————— | =¢ (lIr-rl)

N\

scalar RBF & : R" = |

Construct matrix-valued RBF & : R"* — R™" from a scalar RBF ¢#(x) = ¢(||x||)

Apply linear differential operator: P (X) := (L @P)(X)

¢

Example: curl-free (H¢)ij .=
0X;0X:
J

“.TE'ESSE E. Fuselier. PhD thesis, Texas A&M University (2000) 36




Vector fields: curl-free and divergence-free

divergence-free curl-free

D y(x) = (Hp)(x) = Tri(H)(x)} - | D (x) = — (HP)(X)

Figure 1. Learning a vector field decomposition: samples, learned field, divergence- and curl-free parts.

‘..TEIE(O)SE Macédo and Castro, Learning divergence-free and curl-free vector fields with matrix-valued kernels, IMFA (2010) 37



Kernel learning of a 2D potential

Potential

B8 o (= 4= 2+ 2)(x +3) 4 2y + o sinGr + )y - 6)
T 500 0 O TR Mg AT

Potential from: Wang et al., ACS Cent. Sci. 5 755-767 (2019)

Force field

®6. uruur ) ) 38



Standard kernel l

q = (Z(x + y)) | earn the instantaneous forces

o SVASERVAS)

and assume independence

—_ a)?
K(q,q’) = exp (—(q D )

20%

Z a; (K((li» q,) + /1[|) ];.y = Z al.y (K(ql-, q,) + /I[I)

THEORY ]

®0. GROUP 39



CNergy-conserving kernel

L earning in the gradient domain:

o [ PE@) OE(q) \  oq 0°K(q;, q)) o9 0K(q;,q)  o%q
oV , -
ork or! ark 0qoq 8rl oq Orfor;

0. HEORY Mathias, Master Thesis, Bonn (2015); Glielmo et al., arXiv: 1905.07626; Csanyi: Tkatchenko; Miller... 40
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o [ PE@) OE(q) \  oq 0°K(q;, q)) o9 0K(q;,q)  o%q
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ork or! ark 0qoq 8rl oq Orfor;

N
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CNergy-conserving kernel

L earning in the gradient domain:

o [ PE@) OE(q) \  oq 0°K(q;, q)) o9 0K(q;,q)  o%q
oV , .
ork or! 0rk 0qoq 8rl oq Orfor;
K(q,q') = ex (4—a) kK Il
4.9)=Cxp 2072 KHess(ql' ’ q])

=94 940 0 (q; — q;)”
. cX —
Hess ql q] af'k ()rJl aq aq P 1 52

_9q dq | (q; — q))° (q; — q))°
1 — exp| —
drk or} o o2 262

Q0. G

Hggﬁg Mathias, Master Thesis, Bonn (2015); Glielmo et al., arXiv:1905.07626; Csanyi; Tkatchenko; Mdller...
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CNergy-conserving kernel

L earning in the gradient domain:

o [ PE@) OE(q) \ oq 0K, q) 09
oV ,
ork or! 0rk 0qoq 8rl

N

o (q—q)°

=94 940 0 (q; — q;)”
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Hess ql q] af'k ()rJl aq aq P 1 52

_9q dq | (q; — q))° (q; — q))°
1 — exp| —
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Q0. G
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CNergy-conserving kernel

L earning in the gradient domain:

o [ PE@) OE(q) \ oq 0K, q) 09
oV ,
ork or! 0rk 0qoq 8rl

N

o (q—q)°

=94 940 0 (q; — q;)”
. cX —
Hess ql q] af'k ()rJl aq aq P 1 52

_|oq dq|1 (q; — q))° (q; — q))°
— - —— | 1 - exp| —
drk or}|c* o2 262

0. HEORY Mathias, Master Thesis, Bonn (2015); Glielmo et al., arXiv: 1905.07626; Csanyi: Tkatchenko; Miller... 40




CNergy-conserving kernel
g e 20 20
1=\ x-y ox \1 oy \—1
(X Jaq (1 Jaq (0
=6 =0 5-0)

2
dq odq 0 0 (9, — q,)
KHeSS(ql.k, qjl) —_— — exp (_ J )

ork orl aq aq 262
| (q; — (lj)2 (q; — (lj)2
o2 P 2067
...TEE(O)SE enables energy conservation 41



Standard kerne

—— f* (ML standard)
~——f¥ (ML standard)

Force MAE [¢/0]

—_
-
o

—

101 102 103
Number of training samples
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f* (MLe) fY (MLe)

—— f* (ML standard)
~—— f¥ (ML standard)
—— 7

(ML energy conserving)

Force MAE [¢/0]

—_
-
o

‘1\\

101 102 103
Number of training samples
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Comparison between ML models &

ML standard ML energy conserving Reference
6 6 T
1.00
4 4 -
0.75
5 5 - 0.50
0.25
= 0 0 - 0.00
—0.25
—9 —2 -
—0.50
—0.75
_4 - —4 -
—1.00
—4 —2 0 2 4

Learning from only 50 samples

o THEORY Energy-conserving force field useful in the low-data regime .
e GROUP




Building symmetries in ML force fields

d Geometrical symmetries b Symmetries of the PES

h 240 Data density

_ | -+++ Symmetry lines
<> ) Dynamic
y

symmetries :" o " ¢ e ": f' [ % ..... ..... 270 - - DFT reference
— Fluctional ' ‘ | 3 y-: ' — GDML
3 ¢ - - - Statistical — sGDML

300

C-O rotor angle (°)

i (x) = f: EZN: ES: (pqai),a%w(x, P,x, )

e |[ncorporate symmetries and conservation laws to minimize the training data
 Reduces dataset size: can target extremely accurate quantum chemistry

®0. cEoLS  Chmiela et al., Nat. Comm. 9:3887 (2018) 45



Building symmetries in ML force fields

d Geometrical symmetries b Symmetries of the PES

180

150 210

Operators in quantum machine learning:

Response properties in chemical space

o7a) /! AAN Data densitv
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Conclusions (MAX PLANCK INSTITUTE 2

[ o Extrapolation in ML models of energy landscapes
Can lead to catastrophic physics

& % e o
Take advantage of symmetries el
Noether: symmetry leads to @ / |
: O S
conservation law 0 ,
Input Space Feature Space

Build symmetries in ML model

K(Sp,S'p) = SK(p, p')S"* Work with subset of kernels that a
priori satisty conservation law
THEORY
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