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entities of science X obey the laws of

science Y.
X Y
solid state or elementary particle
many-body physics physics
chemistry many-body physics
molecular biology chemistry
cell biology molecular biology
Philip Anderson . by
psychology physiology

social sciences psychology




l 75%% &‘R:u%i

(B RARED

b

LA R

1977

1985
1986
1987
1996
1998
2001

2003
2007
2016
2021
2025

TP AERET R, KRR - 4
ZAREAE . LIEER

B E T E RN
HREIE B (STM) KB
A A e iR S (La-Ba-Cu-0)
SHejfE L 1) S 55 & 3

I3 B TR IR RN,

e v S AR B (-5 R i 3E 2R
(BEC) SZI& sz

SRR S

kg FBH Y. (GMR)

KT $h#hHAZ . Haldane 548
HieBEE. L ERAGNE AR IR

oSBT ZWNE TR SRdE
TH

Anderson, Mott, Van Vleck

von Klitzing

Binnig, Rohrer

Bednor, Muller

Lee, Osheroff, Richardson
£ 1}, Stormer, Laughlin

Cornell, Wieman, Ketterle

Abrikosov, Ginzburg, Leggett
Fert, Grliinberg

Thouless, Kosterlitz, Haldane
Parisi

Clarke, Devoret, Martinis

1977

1980
1981
1986
1972
1982
1995

1950s-1970s
1988

1972, 1983
1970s

1980s




b

J 5SS for Al
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IN PHYSICS 2024

HopfieldX %% (1982) WIR2Z =ML (1985)

John J. Hopfield  Geoffrey E. Hinton | e I I A A

“for foundational discoveries and inventions
that enable machine learning

with artificial neural networks” H
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John Hopfield

PHYSICAL REVIEW VOLUME 112, NUMBER 5 DECEMBER 1, 1958

Theory of the Contribution of Excitons to the Complex Dielectric
Constant of Crystals*}

J. J. HorrieLn}
Physics Department, Cornell University, Ithaca, New Vork

(Received July 16, 1938)
creation operators for the polarization field. The
polarization field “particles” analogous to photons will
be called “polaritons.” (Excitons will be shown to be
one kind of polariton in Sec. IV. Optical phonons are
another example of polaritons.) The sum is taken over

« 1958, RRZS/RNE, P HE L

« 1958-1969, DI/RSEEN=, ERSIN, {AwH], ARl #ESYE; 5 D. G. Thomas KB T
WALBOTEL, AR RS SIS 50 AE EAE R A R

« 1970-1980, HEHRHTEEL R, AV, EERI)JIFERG, ML E AR, FEHNHETRE
R R S

« 1980-1997, MNP, tb254MY%E, HEMEA RS; Hopfield 4%,

- 1997)5, HEAMHE, 1AM




On the interaction between the radiation field
and ionic crystals

By Kux Huane
Department of Theoretical Physics, University of Liverpool

(Communicated by M. Born, F.R.S.—Received 12 December 1950—
Revised 31 March 1951)

A symmetric treatment of the interaction between the radiation field and a diatomic ionic
crystal with optical isotropy is presented; the explicit solutions of the problem can be readily
obtained, which describe all the possible modes of vibration of the combined system of the
radiation field and the ionic lattice. An unexpected conclusion is that the optical waves

19414F, MM K2, Y+

1941-1945, FHREFEER

1945-1948, A BHFE/RKZE, HL, SJfiMott, P5lEBorn
1948-1951, F¥H K%, BL)E
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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 guantum 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
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for his development
of the density-
functional theory

for his development of
computational methods
in quantum chemistry
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Photo from the Nobel Foundation
archive. archive.

Walter Kohn John A. Pople

Prize share: 1/2 Prize share: 1/2
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Random walk
N f(x])
. : Paccept = f(X)

f(x)
Probability local energy E;

/ 0e0 © 0450000 900 g0 %00 0
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Walker initialization
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Representation (ansatz) + solution (algorithm)

What mathematic form should be used to represent the wavefunction?

How to determine (the undetermined parameters) of the wavefunction?
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Self Consistent Field (solving linear equation)

X coe X
w _ ¢1( 1) ¢N( 1) jl> Hartree-Fock
HF [KS Density Functional Theory
¢1(xy) ¢ (xn) ~
Foi = €9,

. Solving linear/non-linear equation/Monte Carlo
LIJcz/cc — QLIJHF/KS

HC — ESC f(t:[; tz, ) — O

$1(x1) - dn(xq)
d1(xy) - On(xy)

Imaginary time evolution
with Monte Carlo




How to represent a many-body wavefunction of electrons?

® ® @
® O 6 -

o Electron information:
@ .® :@ (spin) coordinates
@ o .@.. @ X1y ey XN
® ©.©®

W(xq, ..o Xn)
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Neural Network: a powerful representation architecture

CRCNC 5
© ..' ® Electron information: _"O O\
. . .. » (spin) coordinates
* ., .' X1y s XN
®» ® ®

. Neural Network
. . . Wavefunction
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Neural Network: a powerful representation architecture

Neural Network
Wavefunction

Yur /KS —

0F) (.x1)
b1 (xn)

dn §x1)

.' dn (.xN)

Gj(xi) — Pj(Xi, {Xkpi}; 05)

LIJN N

- ¢1(xq, .{xk¢1})

b1 (xw, :{xkiN})

dn (xl».{xk:tl}) -
dn (xN':{xkiN})_
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Full Hilbert Space

Traditional Wavefunction

HF/KS/CI...

Linear Subspace

. CC/SJ.|.

Non-linear manifold

Neural Network wavefunction
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Neural network
wavefunction ansatz

Wavefunction optimization ‘ Integration to obtain energy
(Stochastic gradient descent) (Monte Carlo)
‘«( /rﬂ
sttty L7y
””‘:’:'oo‘ 5 ey oy 18 8.
s TN RN
e G- et
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Compufing the gradient of wavefunction
parameters to the energy

Reinforcement Learning, no external data, energy 1s the natural loss!

TR

31
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1 Atoms and molecules
Geometry generalization
Solids
Excitation
& Real space
A Second quantization i
PsiFormer Laphat
DeepSolid g; alt
8 ol natty
E FermiMat+ s
i DMC TAD
- PES  MOON
DeepErwin Mat++
Fermilat
—— PauliNet QiankunMet CiankunNet-Solid
eep NAGS
Carles and Troyer MetkKat
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Year

Tang, Chen, ..., Duan, JC, Xu, Nat. Comput. Sci. 5, 1133 (2025)
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Benchmark energy and magnetic coupling of iron-
sulfur clusters

x102
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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)
L :E

— = NNVMC
—e— LAVA
109w LAVA-SE
""""""""""""" KJ/mol accuracy
Expt
10° 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
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wcted =7.48 0 é 4I, é é
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Exp

2 4 % 8
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.
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P "x .8 @ @ Spin upidown

; g
P B
e
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o o *) g &~ Bonding electrons
z ; w== Covalent bond
b & a Unit cell
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Wang, Fu, Li, Ren, JC, arXiv 2508.13751 (2025)
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O Equivariant features
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Neural network wavefunction

© & &

LLL Ist-LL N th-LL

5 R R BT VAR N

N electron = 2 ux""y
20T ——— o
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Qian, Zhao, Zhang, Xiang, Li, JC,
PRL 2025, 134176503
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Teng, Dai, Fu, PRB 2025, 111, 205117
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Fadon, ..., Foulkes, arXiv:2512.15872
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B DRIR R 1927-1964 2 UG B8 2R By pR AR A Thomas, Fermi, von Weizsicker,
Wigner, Dirac, Slater

b

PP BE L 1964-1970s A7 RS BB HEZE Kohn, Hohenberg, Sham

B R 1980-1990s ey I ALALDAFI | SUAH BE LA Perdew, Zunger, Becke, Lee, Yang,
GGANIEH 2%k, Parr

Sz BR 1990s-2010  meta-GGA, hybrid functional, Perdew, Becke, Sun, Truhler,
dispersion correction, explicit Head-Gordon, Grimme,
correlation Michaelides, Tkachenko, Schaffler

Mlas2i2lizf 201024 RARM S8 s indE ksl DM21, Skala
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Erg[n(r)]
= 130 (3n2)2/3 fn5/3 (r)dr—Z j@ dr + % ﬂ n(’fl:l:(rz) dridr,

Llewellyn Thomas Enrico Fermi

An Introduction to Computational Physics, Peking University, 2025



Hohenberg Kohn Theorems, 1964
1. B E Vg T REAR ) A5 e B L 138 L I ME T2 R
E = E[p(r)]
2. s/ IMUBE T2 BR Y FL 13 A 0 1 5 R O A0 I PR B S ) L3

y iR Prrue(r) = argmin E[p(r)]
Walterffohn

hz
{—% V24V, +Vy + I/;CC} (1) = gi(r)

Y;(r) : Kohn-Sham orbital
&; : orbital energy

Pierre Hohenberg LuJeu Sham

V.c : exchange correlation potential

Elp] = Ts[p] + Ene[p] + Enartreelp] + Exc|p].




Walter Kohn

1998 Nobel prize in Chemistry "for his development of the density functional theory"

* University of Toronto: BSc in Mathematics and Physics (1945), MA in
Applied Mathematics (1946)

* Harvard University: PhD in Nuclear Physics (1948), supervisor: Julian
Schwinger (Nobel Laureate in Physics, 1965)

* Postdoctoral research: Niels Bohr Institute, Copenhagen

* 1950: Professor of Physics, Carnegie Institute of Technology (now
Carnegie Mellon University)

* 1960s: Professor, University of California, San Diego

» 1979: Professor of Physics, University of California, Santa Barbara (UCSB)

Other major scientific contributions :

Photo from the Nobel Foundation

archive.  KKR method (Korringa—Kohn—Rostoker, 1954) (solid state physics)

Walter Kohn

Prize share: 1/2

 Kohn anomaly (1959) (solid state physics)
* Effective-mass theory (semiconductor physics)
* Hulthen—Kohn variational principle (quantum mechanics)
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Perdew-Zunger (PZ) LDA, 1981
BIPA = BRG] = [0 (Deceln) ar

Exc (Tl) = & (Tl) + & (Tl)

The exchange part 1s given by Dirac.

1/3
£ (n) = —Z(E) n(r)/

Parameters are fitted against Ceperley-Alder 1980 QMC data on electron gas

(ry) — —0.1423/(1 + 1.0529,/r; + 0.3334r,), P |
' —0.0480 + 0.03114 Inr; — 0.0116r,; 4 0.0020r;Inr,, r, <1
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The Jacob’s ladder |

BV A5 57 i 05 I
OF
c[P(‘r),l/Ji(r), ] Ve, =W(X«,~C)

L

% 8 BRI 1 203K

R AR 2 AT 7
RER 1 5 107

B &
= SERRAR A SE RGBT SR 4

CRE RO Plds2]: ZHRRBRZ KRG

Hartree World

WIREs Computational Molecular Science 2020, 11 (1)
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DeepMind: DM21

network architecture

R (BRI B

/

x(ry)

- features

DM21 __ ypMLP
EXC _ EXC - EDS(BJ)-

) >< eLDA
MLP (<l X 1 S

enhancement
factors

didd % eLDA
HF }@/
Bi?gwf“‘

Kirkpatrick et al., Science 374, 1385—-1389 (2021)
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SCF o

P BRI R (RTRKRERIZ R )

DeepMind: DM21

\ training data J

wa S IR, Podk R L
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SN, HOUMENGE R, %R
.:IJ; - V2°:|'+Vz.jfl; exact  x TR T B (SCP) 5.
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Figure 3: (a): The plot’s horizontal axis shows weighted total mean absolute deviation (WTMAD-2) on the
GMTKNb55 1 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.
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FIG. 2. Structure of the neural network as applied in this Letter
to a system containing three atoms. The Cartesian coordinates of
atom i are given by RY. These are transformed to a set of u
symmetry function values GY describing the local geometric
environment of atom i, which depends on the positions of all
atoms in the system as indicated by the dotted arrows. The
symmetry function values of atom i then enter the subnet §,
yielding the energy contribution E; of atom i to the total energy
of the system E. The structure of the subnets corresponds to the
neural network shown in Fig. 1.

In order to define the energetically relevant local envi-
ronment we employ a cutoff function f,. of the interatomic
distance R;;, which has the form

i,
0.5% |cos[=L)+1| forR;: =R
R-- = |: (Rf) ] N “ 3
fc{ u] {D for R‘-j = RL.. (3)

Radial symmetry functions are constructed as a sum of
Gaussians with the parameters 7 and R,

all
G} = > e "R RV f (Ry). (4)

B

The summation over all neighbors j ensures the indepen-
dence of the coordination number.

Angular terms are constructed for all triplets of atoms by
summing the cosine values of the angles #;; = %%

centered at atom i, with Rij =R; — Rj,

all
G? = 2] < Z {1 + AEDSHI'FC]J

Sk

¥ ¢ ﬂfﬁ};‘*ﬂfk*Rfk:'ft.{R,-j]ff{Rm]fc{Rjﬁ]- (3)
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Example: Locating landmarks on high-dimensional free energy surfaces
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Chen et al. PNAS 112, 3235 (2015)
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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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FIG. 1. A schematic representation of the
main ingredients of atomistic machine
learning. (a) Structures A or local envi-
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
of vectors of features |X’), a measure
of similarity d, or a kernel k. (c) The
machine-learning model, controlled by a
series of hyperparameters 6, is trained
based on a set of inputs. It can be then
used for a number of machine-learning
tasks.
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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 idenfifies max-
ima in the probability distribution of inputs in feature space. (c) Distribution-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

conductance prediction of all training structures, ordered by root

mean squared error (RMSE).

Model RMSE (GWm 2K ") MAPE
Ensemble 0.064 9.9%
ExtraTrees 0.078 11.3%
KNN 0.081 12.4%
GradientBoosting 0.087 15.6%
CatBoost 0.091 14.4%
AdaBoost 0.094 17.5%
XGBoost 0.098 19.8%
RandomForest 0.100 18.6%
HistGB 0.107 19.3%
LightGBM 0.108 23.0%
Linear regression 0.187 28.8%

Mean absolute percentage error (MAPE) was calculated for interpretation
purpose. The ensemble model was constructed by averaging individual

predictions from the five best models.

T A3 AL A 2 > PN A

npj Computational Materials (2022) 8:219
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  H = −  ∑  < i , j >   J  i j  𝜎 i  𝜎 j


  H = − J  ∑  < i , j >   𝜎 i  𝜎 j − h  ∑ i   𝜎 i


  H = −  ∑  < i , j >   J  i j  𝜎 i  𝜎 j


  i ℏ   𝜕 𝜓  𝜕 t =  H ^ 𝜓


   H ^ = −  1 2  ∑ i   N e   𝛻 i 2 −  1 2  ∑ I   N n   𝛻 I 2 −  ∑ i   N e   ∑ I   N n     Z I   r  i I +  1 2  ∑  i ≠ j   N e   1   r  i j +  1 2  ∑  I ≠ J   N n     Z I  Z J   r  I J


   H ^ =    H ^ e  ( R ) +    H ^ R ( r )


     H ^ e ( R ) = −  1 2  ∑ i   N e   𝛻 i 2 +  1 2  ∑  i ≠ j   N e   1   r  i j +  V  e x t ( r , R )


     H ^ R = −  1 2  ∑ I   N n   𝛻 I 2 +  V  P E S ( R )


   H ^ = −  1 2  ∑ i   N e   𝛻 i 2 −  ∑ i   N e   ∑ I   N n     Z I   r  i I +  1 2  ∑  i ≠ j   N e   1   r  i j


   H ^ 𝜓  (  r ; R ) = E 𝜓  (  r ; R )


   Ψ  H F =  1    N !   det ⁡   |       𝜓 1  (   r 1 )        𝜓 2  (   r 1 )       ⋯      𝜓 N  (   r 1 )     𝜓 1  (   r 2 )        𝜓 2  (   r 2 )       ⋯      𝜓 N  (   r 2 )    ⋯                   ⋯                   ⋯                 ⋯     𝜓 1  (   r N )        𝜓 2  (   r N )       ⋯        𝜓 N  (   r N ) |


   Ψ  e x a c t =  ∑  J = 1 L   c J  Ψ J


   E L


   E V =   ∫     |   Ψ T  ( R ) | 2    H ^  Ψ T  ( R )   Ψ T  ( R ) d R  ∫     |   Ψ T  ( R ) | 2 d R ≥  E 0


  Ψ  (  R , 𝜏 ) =  Σ i  𝜙 i  ( R )  e  −  (   E i −  E 0 ) 𝜏  →  𝜏 → + ∞  𝜙 0 ( R )


   Ψ  S J =  e  J (  x 1 , … ,  x N )  [      𝜙 1 (  x 1 )  ⋯   𝜙 N (  x 1 )   ⋮  ⋱  ⋮    𝜙 1 (  x N )  ⋯   𝜙 N (  x N ) ]


   F ^  𝜙 i =  𝜖 i  𝜙 i


   Ψ  H F / K S =  [      𝜙 1 (  x 1 )  ⋯   𝜙 N (  x 1 )   ⋮  ⋱  ⋮    𝜙 1 (  x N )  ⋯   𝜙 N (  x N ) ]


   Ψ  C I / C C =  Ω ^  Ψ  HF / KS


   H ^ 𝒄 = E S 𝒄


  f  (   t 1 ,  t 2 , … ) = 0


   x 1 , … ,  x N


  Ψ (  x 1 , … ,  x N )


   x 1 , … ,  x N


  Ψ (  x 1 , … ,  x N )


   Ψ  H F / K S =  [      𝜙 1 (  x 1 )  ⋯   𝜙 N (  x 1 )   ⋮  ⋱  ⋮    𝜙 1 (  x N )  ⋯   𝜙 N (  x N ) ]


   Ψ  N N =  [      𝜙 1 (  x 1 , {  x  k ≠ 1 } )  ⋯   𝜙 N (  x 1 , {  x  k ≠ 1 } )   ⋮  ⋱  ⋮    𝜙 1 (  x N , {  x  k ≠ N } )  ⋯   𝜙 N (  x N , {  x  k ≠ N } ) ]


  Li , , Qian ,   Ren ,   Xu ,   JC ,  


  Commun   Phys   2025 ,   8 ,   364


   E  TF  [  n  ( r ) ] =  3  10    (    3 𝜋 2 )   2 3 ∫   n   5 / 3  ( r ) ⅆ r − Z ∫    n  ( r ) r ⅆ r +  1 2 ∬      n  (   r 1 ) n (  r 2 )   r  12 d  r 1 d  r 2


  E = E [ 𝜌  ( r ) ]


   𝜌  t r u e  ( r ) =   arg ⁡    min ⁡  E [ 𝜌  ( r ) ]


   {  −    ℏ 2  2 m  ∇ 2 +  V  e x t +  V H +  V  x c }  𝜓 i  ( r ) =  𝜀 i  𝜓 i  ( r )


   𝜓 i  ( r )  


   𝜀 i  


   V  x c  


   E  x c  L D A =  E  x c  L D A [ n ( r ) ] = ∫  n  ( r )  𝜀  x c  ( n ) ⅆ r


   𝜀  x c  ( n ) =  𝜀 x  ( n ) +  𝜀 c  ( n )


   𝜀 x  ( n ) = −  3 4    (   3 𝜋 )   1 / 3   n  ( r )   1 / 3


   E  x c [ 𝜌  ( r ) ,  𝜓 i  ( r ) , … ]


   V  x c =   𝛿  E  X C  𝛿 n  ( r )


   p . = −  𝜕 q H  (  p , q )


   q . =  𝜕 p H ( p , q )


   p  n −  1 2 =  p  n − 1 −  𝜏 2 ∇ V (  q  n − 1 )


   q n =  q  n − 1 + 𝜏 ∇ T (  p  n −  1 2 )


   p n =  p  n −  1 2 −  𝜏 2 ∇ V (  q n )


  H  (  p , q ) = T  ( p ) + V ( q )


  V  ( q )

