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1972 More Is Different: roken symmetry and the nature of the hierarchical struc-

ture of science. according to the idea: The elementary

entities of science X obey the laws of
science Y.
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Werner
Heisenberg

Erwin
Schrodinger

Paul Dirac

The underlying physical laws necessary for
the mathematical theory of a large part of
physics and the whole of chemistry are thus
completely known, and the difficulty is only
that the exact application of these laws
leads to equations much too complicated to
be soluble. It therefore becomes desirable
that approximate practical methods of
applying quantum mechanics should be
developed, which can lead to an
explanation of the main features of
complex atomic systems without too much
computation.
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The Nobel Prize in Chemistry 1998

for his development of
computational methods
in quantum chemistry
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for his development
of the density-
functional theory
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Photo from the Nobel Foundation Photo from the Nobel Foundation
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Walter Kohn John A. Pople

Prize share: 1/2 Prize share: 1/2
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1949, Metropolis and Ulam described the
idea applying Monte Carlo methods for
solving Schrodinger equation.

Enrico Fermi

Let us indicate now how other equations could be dealt with in a
similar manner. The first, purely mathematical, step is to transform the
given equation into an equivalent one, possessing the form of a diffusion
equation with possible multiplication of the particles involved. For
example as suggested by Fermi, the time-independent Schrodinger

equation
4':‘-.'55’(35, Y, 3) = (E - V)!,b(.‘l’, Y, 3)

could be studied as follows. Re-introduce time dependence by consider-
ing
'H-(G.-', Y, g t) = 3&{31 Y, E)E_E‘

u will obey the equaticn

U
— = Ay — Vu.
ot

Fermi

Von Neumann " e Ulam Metropolis

This last equation can be interpreted however as describing the be-
havior of a system of particles each of which performs a random walk,
L.e., diffuses isotropically and at the same time is subject to multiplica-
tion, which is determined by the value of the point function V. If the
solution of the latter equation corresponds to a spatial mode multiply-
ing exponentially in time, the examination of the spatial part will give
the desired y(z, 9, z)-—corresponding to the lowest “eigenvalue” E.

The mathematical theory behind our computational method may be
briefly sketched as follows: As mentioned above and indicated by the
examples, the process is a combination of stochastic and deterministic
flows.! In more technical terms, it congists of repeated applications of
matrices—like in Markoff chains—and completely specified trans-
formations, e.g., the transformation of phase space as given by the
Hamilton differential equations. 19
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Initial wavefunction Wavefunction ansatz Wavefunction Fixed-node DMC
DFT, HF, etc... Slater-Jastrow, etc... optimization with VMC
opt DMC
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Neural network
wavefunction ansatz

Wavefunction optimization Integration to obtain energy

? I

(Stochastic gradient descent) (Monte Carlo)
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Compuﬁng the gradient of wavefunction
parameters to the energy

Reinforcement Learning, no external data, energy 1s the natural loss!
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| %* Transferability * ,  , X
Solids and Materials ' superfiui _ *x ok ik %
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Benchmark energy and magnetic coupling of iron-
sulfur clusters

3.0 -
2.5 F
2.0 F
1.5 |

Jcm™1)

L0

0.5 F

268 electrons (with local Pseudopotential)

Fu et al. arXiv:2505.19909

Approaching neural scaling laws with new optimizer

101 -

----- CCSD(T)/CBS

E — Eexpt (kcal/mol)
e E

— = NNVMC
—o— LAVA
10% H =i LLAVA-SE
"""""""""""""" KJ/mol accuracy
Expt.
105 107

Number of Parameters N,

Jiang and Wen et al. arXiv:2508.02570
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Benchmark cohesive energy and electric polarization

€metal = © —_—

=== Vac

— g €equi =2.588(2) ® DS
d w
oL €Evac=1
e
0 1 1 1 1
wcted =7.49 3 4 5 6

=760

Exp

e
Cohasive energy per atom / eV

Li, Li, JC, Nat. Commun. 13, 7895 (2022)
Li, Qian, JC, Phys. Rev. Lett. 132, 176401 (2024)

Valence bond structure of graphene: a particle view
of many-body electronic structure with neural
network wavefunction.

@ @ Spin upidown

f z ‘ @® Carbon atom
z {} -~ Bonding electrons
#== Covalent bond
.., -§-—o 8 %

Unit cell
Wang, Fu, Li, Ren, JC, arXiv 2508.13751 (2025)
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Graphite

moiré lattice device Electrons in moiré materials Electrons in moiré potential
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Thomas Fermi model, 1927 KR BEE S TR R

Llewellyn Thomas

Etp[n(r)]
= 2 Gnt) 05 () dr -2 j L [ nrn) o ar,

Enrico Fermi

An Introduction to Computational Physics, Peking University, 2025



Hohenberg Kohn Theorems, 1964
1. BEE TS T AR S AE =2 T % I ME— 72 bR

E[p(r)]

2. B%/J\%‘H*EE/ZLIE’J%¥MF B 1 R RO
&7 ) 1y LS T

Walter Kohn Perue(r) = argmin E[p(r)]

.
I

Kohn Sham equation, 1965

2
{—h_vz + Vext +Vy + ch} Y;(r) = g;(r)

2m

| Y;(r) : Kohn-Sham orbital
Pierre Hohenberg Lu Jeu Sham g; . orbital energy

V.c : exchange correlation potential
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' The Jacob’s ladder
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Hartree World

WIREs Computational Molecular Science 2020, 11 (1)




B G EEEE CRHRERT
DeepMind: DM21

network architecture

L4
4
7

MLP: multilayer perceptron 4 x(ry) PR N
1 X e‘ﬁ‘gA
| | o—— DT> MLP < X el P
Hybrid functional . features — « pLDA
e >
DM21 _ »MLP \
b = E o+ ED3(BJ)' enhancement
factors : U\
o
MLP < D) : 5
ESl) = [ ) - | e T
w ( ) XC
s X eLDA
(e X6 >/

Kirkpatrick et al., Science 374, 1385—1389 (2021)
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regression

SCF o
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DeepMind: DM21

‘ training data Jr
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—_— 2 . + +6

<
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occupied virtual g
X

cos(6)

00 g (&)

To train the functional, the sum of two
objective functions was used: a regression
loss for learning the exchange-correlation
energy itself and a gradient regularization
term that ensured that the functional
derivatives can be used in self-consistent
field (SCF) calculations after training.

[ = ET[(ﬂEDMEL LN D

X, T XC,T

)’] + AE[6 B3 ).

Kirkpatrick et al., Science 374, 1385—1389 (2021)
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Microsoft: Skala

i Density p (1, 1)

, Grad. norm 19212 (1, L. tot.) | \f L "-("-)-‘. E pt. Py, grid weights ;
' ¥ (4 \ ' i y . 1 expl— . ¢
¢ Kin. energy 7 (1, |) : 3 -___'_)__‘i_;'_((]” """""""" (G.3)
(G, 256) (G, 16) Non-local 1L - ¢ 16)5 (G 16) (G, 16)-;(.'.16) (G.1) I"tegrate
interaction D Eq. (1)
model (G,256)
(a) Skala architecture overview
Radial basis (1¢ °Q c c
-c(, Fe) c B »Siee
’ t 14 S e (3 . o W T
iyt T ] C AR
x - S .
- T " (G, 26+ 1,16)
+ > -« & \ (3
’/ X ‘1‘ Y "’ % " Basis coefficients
% % Integrate - ‘ .
- N P
] > @ ® over f +1,16) a5 B (G.16) > =‘ -
V . e @ space . ’ '

Spherical harmonics (2

A
Visualization plane “ L v e

L | -f ----- -L'(' )] ook 5, 16) = G- (€5
; Local festures. 110 eiing [ 19 ‘®" @ 9 O

Density-derived functions

(b) Non-local interaction model

Luise et al., arXiv:2506.14665 (2025)
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Microsoft: Skala

8 i revPBE @
~ W4-17 W4-17
g t : Functional class (full) (single ref.) GMTINGS
© 6 ! B Hybrid MAE] MAE] [WTMAD-2
¥ - -
= FIEAN = NOn '°Ca'Ameta GA revPBE 8.05 7.22 8.34
Tal— : E L e sh r2SCAN 4.46 3.84 7.25
2.0 MO6-2X . GGA BY7TM-V 2.84 2.52 5.56
5 T oy S B L Nominal complexity B3LYP 3.80 3.73 6.38
-~ i - e O M06-2X 3.01 2.39 1.83
= , BI7X-V 2.59 2.14 3.96

1 1Tl Ehetisidot= A ON* w

oL BENte ' [Fhemjical gocuroy ) wBITM-V 2.04 1.66 3.23

5 3 2 3 & & & 9 @ Skala 1.06 0.85 3.89
WTMAD-2 on GMTKNS5S5 (kcal/mol)
(a) (b)

Figure 3: (a): The plot’s horizontal axis shows weighted total mean absolute deviation (WTMAD-2) on the
GMTKNS55 M test set for general main group thermochemistry, kinetics and non-covalent interactions. The
vertical axis shows mean absolute error on the diverse atomization energies test set W4-17°%¢. Skala performs
similarly to the best-performing hybrid functionals, and reaches near chemical accuracy (1 kcal/mol) on W4-17.
(b): Shows the precise errors (in kcal/mol) on W4-17 and GMTKNS55, corresponding to the numbers in the
plot. For W4-17, the table shows both the MAE on the full set (shown in the plot) as well as on the set of 183
single-reference structures with %TAE|(T)] < 10%. % All functionals, including Skala, were evaluated with a
D3(BJ) correction, except for those with the VV10°3 correction, indicated with “-V”.

Luise et al., arXiv:2506.14665 (2025)
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{55545 Science Bulletin 67, 29-37 (2022)
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l > F3171% (molecular dynamics)
%Egﬁﬁ—'ﬁ %’ﬁgﬁ _150 N 15 (@) 5 Nuclear Quantum Effects5
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7T 31 77% (molecular dynamics)

WG i Velocity Verlet .1
T
H(p,q) = T(p) + V(q) Py 1= Pn-1~ > VV(An-1)
p=—04H({p,q) - Gn = qn-1+ TVT(Pn_%)

g =0,H(p,q)

T
Pn=P, 177 VV(dn)

V(q): HRetien FalI%n “shIRIE” , SRERL T [BAH EAEH
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 In 1955, Fermi, Pasta, Ulam and Tsingou (coding) performed the first simulation on the one
dimensional chain of nonlinear oscillators at Los Alamos NL.

Enrico Fermi; Stanislaw Ulam; John Pasta; Mary Tsingou




B 5 T3h /7% (molecular dynamics)

In 1957, Alder and Wainwright at Lawrence
Livermore NL carried out molecular
dynamics simulations on a hard-sphere
system to study the liquid-solid phase
transition, which is considered as the first
condensed phase molecular dynamics
simulation.

“Fathers” of Molecular Dynamics

;
Berni Alder Thomas Wainwright

https://www.nature.com/articles/d41586-020-02858-5
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* In 1964, Aneesur Rahman at Argonne NL carried
out molecular dynamics simulations of argon using
Lennard Jones pontential, which 1s considered as
the first example of a realistic system.

“Father” of Molecular Dynamics for real systems

The Aneesur Rahman Prize for Computational Physics is a prize that
has been awarded annually by the American Physical Society since
1993. The recipient is chosen for " outstanding achievement in
computational physics research ". The prize is named after
Aneesur Rahman (d. 1987), pioneer of the molecular dynamics
simulation method.

Aneesur Rahman
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* In 1960s and 1970s, there is a fast development and extension of molecular dynamics.
* Bruce John Berne and coworkers extended molecular dynamics simulations on diatomic liquids.
* Frank Stillinger and Aneesur Rahman performed first molecular dynamics simulations of liquid water.

* Martin Karplus and coworkers applied molecular dynamics simulations to protein for the first time.

QM/MM method: combining classical and quantum simulations

In 1970, while at Harvard, Karplus was joined by Warshel, who was a postdoctoral
mechanics in modeling chemical reactions, whereas Warshel had extensive experience
with computer modeling of molecules using classical physics. They wrote a program
that modeled the atomic nuclei and some electrons of a molecule using classical
physics and other electrons using quantum mechanics. Their technique was initially
limited to molecules with mirror symmetry. However, Karplus was particularly

interested in modeling retinal, a large complex molecule found in the eye and crucial to

vision, which changes shape when exposed to light. In 1974 Karplus, Warshel, and

Martin Karplus Michael Levitt Arieh Warshel collaborators published a paper that successfully modeled retinal’s change in shape.
Prize share: 1/3 Prize share: 1/3 Prize share: 1/3
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In 1985, Car and Parrinello at SISSA started ab initio molecular dynamics.

Fathers of “ab initio” molecular dynamics (Z5—{4%JF ¥ T30 /15)

CPMD: Car-Parrinello molecular dynamics

2
cCf — %ZMIRJL; + Z#/"ﬁf«'; [I)' d’z + %Zﬁa'ji
I i x

— EXS[p {R;},q.] + Z i (/d:”ﬂﬂzf)? (%) ¥; (%) — 5,-3-)

1]

,4"-
Roberto Car Michele Parrinello
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Example: Locating landmarks on high-dimensional free energy surfaces

150

50
2

-50
150 |

-150 -50 50 1580
O
FES as a function of the . 2 A
dihedral angles ® and W Met-enkephalin in vacuum has been studied by START

with the 10 Ramachandran dihedral angles as CVs.
Chen et al. PNAS 112, 3235 (2015)




F[k]/mol]

10 20 30 40 50

Fig. 4. The free-energy landscape for ala12 in implicit solvent calculated from parallel tempering (A) and field-overlap metadynamics (B) simulations. Here the
free energy is shown as a function of the sketch-map coordinates and is seen to be very rough. In contrast to Fig. 3 each of the highlighted structures lies in a
separate basin in the free-energy surface. In these structures the red and blue balls indicate the positions of the N and C termini, respectively.
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[ 1 FIG. 1. A schematic representation of the
main ingredients of atomistic machine

~~"
learning. (a) Structures A or local envi-
1414 6
| ]

ronments A" are the inputs of the model,
possibly with labels y associated with

them. (b) The inputs are associated with
. a mathematical representation, in terms
1
X)

' of vectors of features |X'), a measure
, . of similarity d, or a kernel k. (c) The
inference ¢ machine-learning model, controlled by a

series of hyperparameters 6, is trained

oSoss e O . based on a set of inputs. It can be then
setns dimensionality used for a number of machine-learning

_ j."o.'_' reduction tasks.
classification

J. Chem. Phys. 150, 150901 (2019)




Dimensionality reduction

FIG. 4. A summary of the main strategies underlying dimensionality reduction
techniques. (a) Several methods (starting from PCA) attempt to identify the low-
dimensional subspace that captures the largest fraction of the input data vari-
ance. (b} This is equivalent to finding the best £*-norm approximation of the
Gram matrix and generalizes to kemel methods. (c) Multidimensional scaling and
related approaches attempt to reproduce the similarity between high-dimensional
data points in low dimension. (d) Embedding methods explicitly try to preserve
local relations between points, under the assumption that they lie on a (locally)
low-dimensional manifold.
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Clustering

Clustering algorithms aim to recognize groups of input points that are
related to each other and different from other groups of inputs. For
instance, clusters could represent different classes of molecules, or
configurations of a given system that are separated by a sparsely
populated, or seldom accessed region

FIG. 3. A summary of clustering techniques. (a) A set of points in a finite-
dimensional feature space are clustered together in a way that reflects some
underlying common characteristic. (b) Density-based clustering identifies max-
ima in the probability distribution of inputs in feature space. (c) Distrbution-based
clustering determines a model of the data distribution as a combination of cluster
probabilities. (d) (Hierarchical) linkage clustering determines work by accretion of
clusters starting on inputs that are closest together in input space.
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Table 1. Six-fold cross-validation results for thermal boundary
(a) (b) conductance prediction of all training structures, ordered by root
mean squared error (RMSE).
1.8 1.2, -
e crystalline-crystalline GB e crystalline-crystalline GB °. Model RMSE (GWm 2K ") MAPE
e e crystalline-amorphous GB . _— e crystalline-amorphous GB e
< 1.5] | < 1.0} = Ensemble 0.064 9.9%
M .“ M 0 o
~ B & 3 °o° ExtraTrees 0.078 11.3%
£ 1.2/ £ 0.8/ o d08%° KNN 0.081 12.4%
[ [
5 5 30:6: GradientBoosting 0.087 15.6%
Q9 0.9 9 0.6 w hn CatBoost 0.091 14.4%
= = o« dB%% ©° AdaBoost 0.094 17.5%
®
B 06! B 04! %:?g‘ ° XGBoost 0.098 19.8%
S £ 0208 _ RandomForest 0.100 18.6%
O i3] 3= .
L3l 8 o) ﬁ" HistGB 0.107 19.3%
LightGBM 0.108 23.0%
0 0 Linear regression 0.187 28.8%
.%'O 0.3 0.6 0.9 1.2 2 1.5 1.8 .%‘0 0.2 0.4 0.6 0.8 2 1.0 1.2 Mean absolute percentage error (MAPE) was calculated for interpretation
Calculated TBC (GWm ‘K 1) Calculated TBC (GWm K I) purpose. The ensemble model was constructed by averaging individual
predictions from the five best models.

Fr-TH AT A LA o > T A

npj Computational Materials (2022) 8:219
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Phys. Rev. Lett. 114, 105503 (2015); Phys. Rev. Mater. 2, 083802 (2018)



B S ESEHst: AR

a _ Structural pipeline
— — — —— Stability :
\ Candidates Graph J 1! P = Energy models
:"<> DFT ’L* GNoME >| 2.2 million stable structures
: Compositional pipeline . | databass - 4
R ! o | Interatomic potentials
. GNN - : L )
> Li,S,0;, — — Stability — :
Candidates Graph AIRSS

Repeat for rounds of active learning

o
(1]

400,000
= External databases

== GNoME

300,000

200,000

100,000

Number of stable materials

2019 2020 2021 2022
Year

KV,Se, Rb,HfSi;0,

Nature 624, 8085 (2023)
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