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For MD simulations, MLIPs bridge the gap between

costly ab initio and low-accuracy classical potentials
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As a result, the usage of MLIPs has

increased exponentially in the last few years
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Many papers were indeed first dedicated
to the development of the MLIPs (descriptors and models)

Behler-Parrinello (2,3) PIPs (n*)
DeepMD (2,3) permutation

ACE (n") projection L
MTP (n* GTTP (2,3) invariant 9(n) (2)
SNAP(r(]4)) g atomlct: polynomials l\éli?’slgr%g)
", symmetry _ .
0 limit /' a1 functions t histograms \Wa;Seet:iséem
/ blur permutations / »
smooth : (average) sorte PIV (2
SOAP (3 (e ~ distances BoB((Z))
FCHL (2,(3,)4) Eorrelatg / permutations Sorted CM (2)
Wavelets (3) features < equivalent (histogram)
NICE (n*) rotations \ it T
density products
( Y Prov g centred SPRItNL(n)
S distributions _sorte
Sty | molecular—eigenvalues
tranSIatlonS\ matnces permUt.atiOnS
weweni) a8 atom  jnternal B near (sorting)

symmetrized .~ fields global _ |
local field translations transform ﬁeld;y coordinates functions

' Z matrix
& rotations 3D Voxel

molecular

SYIInEsy : translations
other relation permutations . e graphs

family of features

named features (body order)

2,3,4: radial, angular, dihedrals ]
n: n-body Cartesian

n*: complete n-body linear basis coordinates

[F. Musil et al., Chem. Rev. 121, 9759 (2021)]



Another key component of MLIPs is the data collection
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for training the potentials and for their transferability
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From that standpoint, efforts like ColaFit are crucial

=) The ColabFit Exchange: Data for Advanced Materials Science

QL2

Welcome to the ColabFit Exchange! This is an online resource for the discovery, exploration and submission of datasets for data-driven interatomic potential (DDIP) development
for materials science and chemistry applications. ColabFit's goal is to increase the Findability, Accessibility, Interoperability, and Reusability (FAIR) of DDIP data by providing
convenient access to well-curated and standardized first-principles and experimental datasets. Content on the ColabFit Exchange is open source and freely available.

Datasets @ Configuration Sets @
372 1,327
Property Instances @ Configurations @
513,959,850 180,074,146

[J.A. Vita et al., J. Chem. Phys. 139, 154802 (2023)]



More generally sharing datasets is very useful...

Materials Project Trajectory Dataset
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More generally sharing datasets is very useful...
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Users are now able to search

more materials DBs with the same query...

® simple query on Group 14 compounds (1):
[vl/structures?filter=elements HAS ANY "C", "'S1", "Ge'', "'Sn"', ""Pb"

® with a focus on binary materials (2):
/vl/structures?filter=elements HAS ANY "C", "'S1"", "Ge"", ""Sn"', ""Pb"' AND nelements=2

® with a focus on ternary materials without Pb (3):
/vl/structures?filter=elements HAS ANY "C", "'S1", "Ge'", ""'Sn"' AND NOT elements HAS "Pb"
AND elements LENGTH 3

PROVIDER N N> N3 Ntot
AFLOW 704,302 (700,192) 63,017 (62,293) 413,797 (382,554) 3,530,330
Alexandria™* 939,084 48,510 437,768 5,055,842
COD 452,574 (416,314) 4,046 (3,896) 34,739 (32,420) 506,394
CMR 147 147 0 1,536
JARVIS-DFT 9,017 1,426 - 77,096
Materials Cloud* 961, 564 4,218 136,176 4,515,120
MPDD 811,136 80,195 490,900 3,975,666
MPOD 91 8 16 401
MPDS - - - 507,178
NOMAD 4,451,056 (3,359,594) 587,923 (532,123) 2,092,989 (1,611,302) 12,116,021
odbx* 14,490 (55) 2,921 (54) 7,684 (0) 138,278
omdb 58,718 (58,718) 690 (690) 7,428 (7,428) 68,566
OQMD 204,143 (153,113) 12,467 (11,011) 81,673 (70,252) 1,022,603
TCOD 2,634 (2,631) 296 (296) 662 (660) 2,922
2DMatpedia 1,172 739 255 6,351



Then, universal MLIPs started to appear...
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CHGNet (Crystal Hamiltonian Graph neural Network)
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ALIGNN (Atomistic Line Graph Neural Network)
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MACE-MP-0
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Bernstein'!, Arghya Bhowmik®, Samuel M. Blau'’, Vlad Carare''?, James P. Darby?,
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George*®, Rhys E. A. Goodall®, Clare P. Grey'?, Shuang Han'®, Will Handley'>*,
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TealNet

A RTI C L E W) Check for updates
https://doi.org/10.1038/s41467-022-30687-9 OPEN

Towards universal neural network potential for
material discovery applicable to arbitrary .
combination of 45 elements

So Takamoto® "™ Chikashi Shinagawa® !, Daisuke Motoki® ', Kosuke Nakago® ', Wenwen Li', lori Kurata® ',

Taku Watanabe?, Yoshihiro Yayama® 2, Hiroki Iriguchi?, Yusuke Asano?, Tasuku Onodera?, Takafumi Ishii?, M AT LA NT I S

Takao Kudo?, Hideki Ono?, Ryohto Sawada', Ryuichiro Ishitani!, Marc Ong', Taiki Yamaguchi', Toshiki Kataoka,
Akihide Hayashi 51 Nontawat Charoenphakdee (: 1 & Takeshi Ibuka® 2%

Contents lists available at ScienceDirect Journal of

Journal of Materiomics

journal homepage: www.journals.elsevier.com/journal-of-materiomics/

Towards universal neural network interatomic potential )

Check for
updates

So Takamoto ?, Daisuke Okanohara ?, Qing-Jie Li °, Ju Li ™"

4 Preferred Networks, Inc., 100-0004, 1-6-1 Otemachi, Chiyoda-ku, Tokyo, Japan
b Department of Nuclear Science and Engineering and Department of Materials Science and Engineering, MIT, Cambridge, MA, 02139, USA




GNoME (Graph Networks for Materials Exploration)

GO

Google DeepMind

Article

Scaling deep learning for materials discovery
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MatterSim
= Microsoft

MatterSim: A Deep Learning Atomistic Model Across
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SevenNet (Scalable EquiVariance Enabled Neural Network)

#
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Orbital Materials - Pretrained models for atomic simulations

You can use this calculator with any ASE calculator-compatible code. For example, you can use it to
perform a geometry optimization:

from ase.optimize import BFGS - ' ‘
# Rattle the atoms to get them out of the minimum energy configuration

atoms.rattle(0.5)
print("Rattled Energy:", atoms.get_potential_energy())

-
calc = ORBCalculator(orbff, device="cpu") _ ~
dyn = BFGS(atoms)
dyn.run(fmax=0.01)
print("Optimized Energy:", atoms.get_potential_energy())

O b ‘ q I
Citing r I t
®
We are currently preparing a preprint for publication. M q te r I q I s

License

ORB models are licensed under the ORB Community License Agreement, Version 1. Please see the
file for detalls.

https://github.com/orbital-materials/orb-models



Matbench-Discovery

ORB
MatterSim
GNoME
ORB-MPtrj
SevenNet
MACE
CHGNet
M3GNet
AVR[C\
MEGNet
CGCNN
CGCNN+P
Wrenformer
BOWSR
Voronoi RF

Dummy

F1T DAFT PrecT AccT TPRT TNR T

0.819 0.987
0.856 0.975
0.814 0.972
0.817 0.940

0.818 0.919

0.796 ik
0.758 R
0.803 [oE:Ak
0.672 0.872
0.585 0.870
0.605 0.857
0.803

0.719 A&l
0.693
0.535 0.692
0.232 0.769

MAE ! RMSE! R2 1

Training Set

Model Params Targets Date Added

3M (32.1M) (MPtrj+Alex)

17M (MatterSim)

6M (89.0M) (GNoME)

146K (1.6M) (MPtrj)
146K (1.6M) (MPtrj)
146K (1.6M) (MPtrj)
146K (1.6M) (MPtrj)
63K (188.3K) (MPF)
155K (MP 2022)
133K (MP Graphs)
155K (MP 2022)
165K (MP 2022)
155K (MP 2022)
133K (MP Graphs)
155K (MP 2022)

(
(
(
(
(
(

25.2M
182.0M
16.2M

25.2M
842.4K

4.7M

412.5K
227.5K

4.0M

167.8K
128.4K (N=10)
128.4K (N=10)
5.2M (N=10)
167.8K

0.0

https://matbench-discovery.materialsproject.org/

EFS
EFS
EF
EFS
EFS
EFS
EFSM
EFS

2024-09-02
2024-06-16
2024-02-03
2024-09-02
2024-07-13
2023-07-14
2023-03-03
2022-09-20
2023-06-02
2022-11-14
2022-12-28
2023-02-03
2022-11-26
2022-11-17
2022-11-26




There clearly was a need for some assessment...
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Test #1: Equation of state

® Validation against all-electron results for elemental crystals

New methods
Mutual agreement

Old methods

Different values

Scorecard

Energy of element : (meV/atom)

0.6 OS5 s

1.0 09 0.9

09 08 0.8

Volume (A* Jatom)

[K. Lejaeghere er al., Science 351, aad3000 (2016)]



Test #1: Equation of state

® Validation against all-electron results for 4 elemental and 6 oxide crystals

(a) FCC crystal (conventional cell). (b) BCC crystal (conventional cell). (b) XO crystal (conventional cell). (c) X,03 crystal (conventional cell).

¢ o

(c) SC crystal (conventional cell). (d) Diamond crystal (conventional cell). (d) XO, crystal (conventional cell). (e) X,0Os5 crystal (conventional cell). (f) XOj3 crystal (conventional cell).

[E. Bosoni ef al., Nat. Rev. Phys. 6, 45 (2024)]



Test #1: Equation of state

® Validation against all-electron results for 4 elemental and 6 oxide crystals
® With 2 new metrics:

¢ a revised version of the A-factor

Y [EV) - E,(V)]

\W Z B = (B E, [Ev) = (B)]

e(a,b) =

¢ a metric dependent on the physically measurable quantities V,, B, and B;

2
Y — Y
Uy, gy (@ D) =100 D" Ly —1—
Vo BV B, (Y, + Y,)/2

[E. Bosoni et al., Nat. Rev. Phys. 6, 45 (2024)]



Test #1: Equation of state

® Validation against all-electron results for 4 elemental and 6 oxide crystals

¢ for ABINIT@PWIPseudoDojo-v0.5 vs. all-electron average ¢ for ABINIT@PWIPseudoDojo-v0.5 vs. all-electron average
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[E. Bosoni ef al., Nat. Rev. Phys. 6, 45 (2024)]



Test #1: Equation of state

® Validation against all-electron results for 4 elemental and 6 oxide crystals

v for ABINIT@PWIPseudoDojo-v0.5 vs. all-electron average
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[E. Bosoni ef al., Nat. Rev. Phys. 6, 45 (2024)]



Test #1: Equation of state

® The results for uMLIPs are not fantastic!

€ for chgnet@UIPIv0.2.2 vs. all-electron average e for chgnet@UIPIv0.2.2 vs. all-electron average
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[H. Yu et al., MGE Adv. 2, €58 (2024)]



Test #1: Equation of state

® The results for uMLIPs are not fantastic!

v for chgnet@UIPIv0.2.2 vs. all-electron average

v for chgnet@UIPIv0.2.2 vs. all-electron average
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[H. Yu et al., MGE Adv. 2, €58 (2024)]



Test #1: Equation of state

® The results for uMLIPs are not fantastic!

FLEUR@LAPW+LO - | _ | _ ..-]l_

WIEN2k@(L)APW+lo+LO -

CHGNet— --
M3GNet— - -
MACET——— | |—1. = F——9
ALIGNNA+—— [F——|+—___ | F——7—1 [

VASP@PWIGW-PAW 54 — | _* _ | + o _ S _'_
| | | | | | | | |
-20 0 20 -50 0 50 -100  -50 0 50 100
V, difterence [%] B, difterence [%] B, difterence [%]

[H. Yu et al., MGE Adv. 2, €58 (2024)]



Test #1: Equation of state

® The results for uMLIPs are not fantastic!
® However, most structures 1n the dataset are not stable 1n nature...
® This 1s a very stringent test for uMLIPs. But 1t indicates that:
¢ their predictions should be taken with some caution and, 1f possible, validated a
posteriori via ab initio calculations
¢ 1t might be appropriate to retrain them by including additional ab initio data

capturing the chemical/physical configurations under investigation

[H. Yu et al., MGE Adv. 2, €58 (2024)]



Test #2: Structural optimization and formation energy

® Dataset #1 from the Materials Project (19998 unary and binary compounds)

Compositions amount .
Li | Be Ne
425 | 209 _ a1 | cos RSN oo
1000 1500 2000 Al Si Cl Ar
347 2233 666 | 1598 474 1027 404
K |Ca]Sc] Ti V J]Cr  MnjFe JCo NI JCu|Zn | Ga ]| Ge | As | Se | Br Kr
380 | 426 J| 305 | 621 | 533 | 444 | 428 | 582 | 480 | 570 | 475 | 717 | 671 | 559 | 446 | 740 | 309
Rb | Sr Zr {NbJMo|]| Tc JRUujRh | Pd | Ag | Cd Snh | Sb | Te Xe
326 | 424 498 § 387 | 349 | 146 | 234 | 365 | 493 | 400 | 541 647 | 552 | 567 436 15
Cs | Ba Hf | Ta | W | Re |]Os | iIr Pt JAulHg] Tl | Pb | Bi
187 | 332 326 | 327 | 278 | 224 | 193 | 341 | 485 | 431 | 380 § 301 | 324 | 472
Lv | Ts | Og

La J]Ce | Pr INdIPmM|SmM]JEu]Gd|]Tbh |DyJHo l Er [ Tm|}] Yb | Lu
391 | 567 | 357 | 384 | 188 | 364 § 293 | 184 | 360 | 329 § 334 | 316 § 277 | 400 | 235
Ac | Th | Pa Np | Pu
141 § 300 § 110 277 155 |} 208

[H. Yu et al., MGE Adv. 2, €58 (2024)]




Test #2: Structural optimization and formation energy

® Dataset #1 from the Materials Project (19998 unary and binary compounds)
¢ one-shot calculations of the energy (without any relaxation)

¢ 10n1c- and cell-relaxations

" 1onic-relaxations o cell-relaxations
a
20000 — T 501 236
17500 — —
15000 — —
dp)]
*g‘ 12500 — —
@)
© 10000 19917 19874 —
7500 — —
5000— M Converged -
Unconverged
2500 — |
B Problematic
0 ——— — |

CHGNet M3GNet MACE ALIGNN CHGNet M3GNet MACE ALIGNN

[H. Yu et al., MGE Adv. 2, €58 (2024)]



Test #2: Structural optimization and formation energy

® Dataset #1 from the Materials Project (19998 unary and binary compounds)
® We compute Efy-mlA, Byl = E [AaBb] — x, E[A] — x, E[ B] with one-shot energies

46.92

A

36.08
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36.05
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47.86
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38.89

0
0

42.37

Li Be Mean Formation Energy Difference meV/atom
0 50 100 150 200 250 300 350 400
39.67 | 39.10

33 99
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44.28
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20.04 | 27.66
Mg
24.51 | 26.25
Ca Sc Ti \Y/ Fe Zn Ga As Se Br
30.63 | 22.96 | 29.75 | 43.36 | 38.84 2989 79.55 | 125.97 5934 49.85 2316 18.11 | 25.41 | 6 33 45.11 | 36.06 | 164.99

26.85

Ba
36.84
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Test #2: Structural optimization and formation energy

® Dataset

| from the Materials Project (19998 unary and binary compounds)

® We compute Efy-mlA, Byl = E[A,B,] — x,E|A]| — x, E| B] with one-shot energies

Esorm Difference (eV/atom)
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[H. Yu et al., MGE Adv. 2, €58 (2024)]
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Test #2: Structural optimization and formation energy

® Dataset

e We compute AoV =1 —

20

15

for the cell-relaxations

| from the Materials Project (19998 unary and binary compounds)
1/uMLIP

MARE (%)
uMLIP \Y a b C o B Y
CHGNet | 3.16 | 2.03 | 2.07 | 244 | 0.75 | 0.62 | 1.19
M3GNet | 297 | 2.04 | 2.09 | 246 | 0.89 | 0.73 | 1.24
MACE | 5.22 | 2.01 | 2.11 | 258 | 0.73 | 0.59 | 1.13
ALIGNN | 7.85 | 342 | 342 | 3.61 | 094 | 0.86 | 1.32

CHGNet

M3GNet

MACE

ALIGNN

[H. Yu et al., MGE Adv. 2, €58 (2024)]




Test #2: Structural optimization and formation energy

® Dataset

2 from the Materials Project (100 randomly chosen quinary materials)

® We perform one-shot and cell-relaxations calculations:
¢ 4 unconverged cases (4%) for CHGNet and M3GNet
¢ 2 unconverged cases (2%) for MACE and ALIGNN

uMLIP MAE RMSE R?
CHGNet 0.0438 0.062 0.995
M3GNet 0.462 0.505 0.678

MACE 0.038 0.054 0.996
ALIGNN 0.157 0.185 0.957

MARE (%)
uMLIP \Y a b C o B Y
CHGNet | 1.76 | 1.21 | 1.12 | 1.01 | 0.61 | 0.31 | 0.47
M3GNet | 3.21 | 1.15 | 1.74 | 1.66 | 1.63 | 0.60 | 0.95
MACE | 549 | 154 | 257 | 2,69 | 146 | 048 | 0.61
ALIGNN | 3.74 | 342 | 342 | 3.61 | 094 | 0.86 | 1.32

[H. Yu et al., MGE Adv. 2, €58 (2024)]




Test #3: Phonon band structures

® Dataset #3 from the Materials Project (101 structures with DFPT phonons)

1
_ z: uMLIP DFPT
MAE — Vq - a)qy — G)qI/

Best result (MAE = 0.3 meV) Worst result (MAE = 75.4 meV)
MACE for the compound (mp-567744: SrBr;) ALIGNN for the compound (mp-1569: Be,C)

Energy (meV)
=

—MACE —DFPT — ALIGNN —DFPT

I X S Y T Z U R T ZYTUXS R r X W K I L U W . KU X
Wavevector Wavevector

[H. Yu et al., MGE Adv. 2, €58 (2024)]



Test #3: Phonon band structures

® Dataset

MAE (meV)
n o S G B G

-

CHGNet

M3GNet

3 tfrom the Materials Project (101 structures with DFPT phonons)

MAE — L Y |uMLIP _ ,DFPT
N qu qu
49 qu
uMLIP min max mean
CHGNet 0.82 37.34 3.12
M3GNet 0.74 40.20 10.41
MACE 0.31 17.22 3.71
MACE ALIGNN
ALIGNN 5.60 75.38 29.36

[H. Yu et al., MGE Adv. 2, €58 (2024)]




Surface energy

Test #4

® Dataset #4 from the Materials Project (1497 different surtace structures were

clements)

generated from 138 different bulk systems, 73 different chemical
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|B. Focassio et al., ACS Appl. Mater. Interfaces (2024)]
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Test #5: Thermal conductivity
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Note: They show how to achieve first-principles accuracy through foundational model fine-tuning

[B. Pota er al., arXiv:2408.00755v3]



Main conclusions of the tests

® "Among the considered uMLIPs, we find that MACE shows superior accuracy in
predicting formation energies and vibrational properties, and CHGNet and M3GNet
are outstanding for relaxed geometry predictions."”
[H. Yu et al., MGE Adv. 2, e58 (2024)]

® "From our results for surface energies, we see that the total energies for surface
geometries are modestly accurate, however, not good enough for specific properties.”
|B. Focassio et al., ACS Appl. Mater. Interfaces (2024 )]

® There 1s still a need for further optimization and training ot the currently available
uMLIPs to fully exploit the capability of ML techniques across a broader range of

applications.



Possible use cases

® Sampling of the potential energy surface

® Accelerating ab initio relaxations

PHYSICAL REVIEW B 89, 144110 (2014)

Approximate Hessian for accelerating ab initio structure relaxation by force fitting

Zhanghui Chen, Jingbo Li,” and Shushen Li

State Key Laboratory of Superlattices and Microstructures, Institute of Semiconductors, Chinese Academy of Sciences,
P.O. Box 912, Beijing 100083, People’s Republic of China

Linwang Wang'
Materials Sciences Division, Lawrence Berkeley National Laboratory, One Cyclotron Road, Mail Stop 50F, Berkeley, California 94720, USA
(Received 28 February 2014; revised manuscript received 8 April 2014; published 22 April 2014)

We present a method to approximate the Hessian matrix of the Born-Oppenheimer energy landscape by using
a simple force field model whose parameters are fitted to on-the-flight ab-initio results. The inversed Hessian
matrix 1s used as the preconditioner of conjugate gradient algorithms to speed up the atomic structure relaxation,
resulting in a speedup factor of 2 to 5 on systems of bulk, slab, sheets, and atomic clusters. Because the force
field model employed 1s simple and general, the parameter fitting is straightforward; the method 1s applicable to
a variety of complicated systems for minimum structure relaxation. In the metal cluster new structure search, the
new method yields better structures than the one obtained before with conventional algorithms.

DOI: 10.1103/PhysRevB.89.144110 PACS number(s): 71.15.—m, 31.15.A—



Possible use cases

® Sampling of the potential energy surface

® Accelerating ab initio relaxations

1onic-relaxations with CHGNet
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Possible use cases

® Sampling of the potential energy surface

® Accelerating ab initio relaxations

cell-relaxations with CHGNet

Elements in ionmove 31 none

mean SpeedUp via chgnet

0.5

.~IIIIII
EEDCECONESOEED

gl <o | > |na]em]sm]eufcafm foy fuofer frm]ve JEY
1.4 LD
acfmfealufne]ruamfemfai crfes Jemfwalnof i

- -
N
, =

“
-

cell-relaxations with MACE

. Elements in ionmove 31 none H
Be mean Spe dUp ia Mac __F:
1.4 13
0 1.5
| aEn:En
Ca Ti Ga <23 As Se
1.5 1.3 13 e 13 | 1.3
Sr Cd In
- 1.4 1 1.5 1.4 Xe
|g' ' g

il <o | o | o fem[sm{eufca e foy [ ol er [ ] ve R
el enfulne]eufamenfon] cr] e fomfmalno] o



uMLIPs clearly show significant interest

but further improvement is still needed
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