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Quantum Mechanics Revolution

1925 1926 1928
Matrix Schrodinger Dirac 2025
Mechanics Equation Equation
g . 100-Year
Development

INTERNATIONAL YEAR OF

Quantum Science
and Technology
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Heisenberg

100 years of guantum is just the beginning...

Quantum mechanics has fundamentally changed our understanding

of matter and revolutionized modern science and technology!
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First-principles calculation

First-principles calculation: Based on the fundamental principles of
quantum mechanics, it predicts the properties of matter by solving
the Schrédinger equation without relying on empirical parameters.

Schrodinger equation of many-body interacting systems

H|U) = E|T)
) 1 1 1 1 1 Z1Zy Zr
H:_Z§v’2+§z r; — 1l _ZQMIV%JriZ R; — Ry _Z I*: <&
1 17] - 1 i =

» One of the most important and challenging problems in science



Density functional theory (DFT)

» Solve the Schrédinger equation for interacting electrons of matter

H|U) = E|P)
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» Kohn-Sham DFT: map to an auxiliary problem of non-interacting
electrons with interacting density

ﬁDFT V) = €|Y)

}AIDFT - _%2 + Vext (I‘) - VH(I') + ng(I‘)

The Nobel Prize in
Chemistry 1998

» Predict materials properties from first principles



From quantum mechanics to materials discovery

Material prediction and design Theory, experiment and computation
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From quantum mechanics to materials discovery

Quantum spin Hall insulators New-type Ising superconductivity
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Theory: PRL 111, 136804 (2013) Google citation: 1500 Theory: PRL 123, 126402 (2019)
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Challenges of first-principles calculation

Improve accuracy Enhance efficiency
Jacob’s ladder in DFT
] Time
Chemical accurac) ame Years , [ GOAL: design high Macroscale

Hours | |performance materials , \
Pouble hybrics DMFT Co_n.tmuurr“

occ. & unoce. Wi RPA Mnutes S gt ‘
GW, BSE Seconds

Hybrids Atomistic micll'os_tructura]
Milliseconds : analysis
l acc. Wy
Microseconds Large scale, parallel simulations
? Structural, thermal, mechanical properties
Meta-GGA :
Nanoseconds

p(r), Vp(r), Vp(r)

Efficiency
Accuracy

ight into chemistry and physics

Femtoseconds
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DFT+U 1 nm lpum Imm Im  Space

3nm GAA Tech

Chip design ~ =pm m 3 |

Bottlenecked by the accuracy-efficiency dilemma



Challenges of first-principles calculation

> High throughput first-principles calculations are applied to build
materials databases, but they are too expensive to create bigdata

Computational
Tools

Experimental Digital
Tools Data

Materials Innovation
Infrastructure

MATERIALS ‘ ‘_
< LA“‘ & MATERIALS

PROJECT

(118 elements in the periodic table)

Current databases: ~106 stable solid materials only
How to can we obtain materials big data?
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Al-driven materials discovery: Critical challenges

2024 Nobel Prize in Physics:

Materials modeling and discovery are among the
most important applications of neural networks.

Al-driven
materials
discovery

First-principles Big materials

calculation database

Low efficiency of Limited amount of Complex structure-
traditional algorithms materials data property relationships

First principle + Al Al + Physics
11
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First-principles methods + Al

+ Traditional scientific computation

(Time-consuming)

Physical 3 Mathematical 3 Numerical
principles Simulation

formula

- Deep learning accelerated scientific computation

Mdassive y 5 Y Train N inference IIM\\\ Object
ata /I \\ (EffICIent) / m oYX . quantities
/ \ \

- T

~

Develop efficient and intelligent first-principles methods
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Al + Physics

Physics: Based on theory and models Use fundal;venta{ principles
Concise, rigorous, and highly interpretable and laws of physics

4

Al: Relying on data and algorithms
Complex, flexible, and poorly interpretable

: Improve accuracy and
Physics-based Al generalization ability

Simplify Al models

Key problem: How to properly incorporate prior knowledge into
the design of neural networks?

14



Deep-learning DFT Hamiltonian (DeepH)

» DFT Hamiltonian as a function of material structure {R}

SCF calculation e | Energy or force fields |
:___iEBET_(_{_R_};)““i Atomic structure
Mechamical | | %
Electronic i Electronic structure
Thermal i R
Optical i OO%HYO
Magnetic | DeepH-pack
“properties J

“Compress DFT” into neural networks

> Integrate important physical priors into deep learning
Locality: Learn from small structures and generalize to large structures
Symmetry: Further enhance the generalization capability

H. Li, et a/. Nat. Comput. Sci. 2, 367 (2022) arXiv: 2104.03786 15



Ab initio tight-binding Hamiltonian

» Localized basis: sparseness

Only H;; between neighboring atom pairs (within R¢) are nonzero.
> Nearsightedness (or locality)

Only information of neighborhood (within Ry) is relevant.

Hppt for localized basis

16



DeepH: Enhance the performance by locality

A prior knowledge Technical insight

Local electronic properties only affected Integrate the locality principle
by neighboring chemical environment into the design of neural networks

.
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4
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» Short-range interatomic interactions éGraph neural networks:
> Learn from small structures, : » Crystal structure —» crystal graph

generalize to study large structures

: » Atom — node; atom pair - edge
» O(N) computation complexity

. » Message passing among neighbors

17



DeepH: Enhance the performance by symmetry

A prior knowledge

Rotation covariance of H

Covariant

e ..: W relation _-_ ot
i e S

u ™ .l ::L (1) (2) . ] ..L.
S eAs Hprr Hppr |-

» Covariant transformation of /4
upon structural rotation

» Challenging for neural-network
training and inference

Technical insight

Introduce local coordinates

ZE Y, T‘ q Hay, gy, = 12

Yo — "'\9

p.’l,‘ 1)2
HApI,sz =t b \

Global coordinate: rotation covariance

G\y' //v
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2 Hap,pp, =13
HAp Bp,, — t4

Local coordinate: rotation invariance

» Change rotation covariance to
invariance by local coordinates

> Enhance the performance of DeepH

H. Li, et a/, Nat. Comput. Sci. 2, 367 (2022)




Application: twisted van der Waals materials

Learn from non-twisted systems - Study materials of arbitrary twist angles

o
/ g.;/ 2; g - —» | Hamiltonian

matrix

Twisted bilayer graphene (TBG)

Non-twisted structures

'9' Train
a_ = Hamiltonian
O_H <8 matrix .
o for twisted Properties
truct
Deept 4 x 4 supercell, 300 random

configurations for training
m—e DFT +++ DeepH
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Magic-angle twisted bilayer graphene

VASP (plane-wave, PAW)

DeepH

DFT

CPU hours)
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learned from OpenMX
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Deep-learning database of twisted materials

DeepH models for twisted bilayer vdW materials:
Over 100 materials, all with sub-meV accuracy,
showcasing the method’s robustness
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Application example: Twisted bilayer MoTe,

DeepH vs. OpenMX: MAE 0.09 meV

3.89° tMoTe, (1,302 atoms)
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Recent developments of DeepH

Ly
q
w0
-
O
q
DeepH-Zero =3
Unsupervised O,
DeepH-2 Learning '%
xDeepH Transformer Phys. Rev. Lett. 2024 (2
Magnetic materials ; Editor’s Suggestion,y, .,
N g ¢ mater architecture =
at. Comput. Sci. - =3
DeepH-E3 Cover story arXiv: 2401.17015 o
Equivariant v S
DeepH neural networks Lo — ®
Proof-of-principle Nat. commun. 2023 o DeenH-DM =~
arXiv: 2104.03786 .® eepH- . o
Nat. Comput. Sci. 2022 | .4 g ® Density matrix Q
| arXiv:2406.17561 DeepH-UMM o)
DeepH-PW Universal =
; ) materials model
Plane-wave DFT Sci. Bull. 2024
(L A DeepH-DFPT . Nat. Comput. Sci. 2024 Cover story
DFPT DeepH-hybrid
O— . .
O~ Editor’s Suggestion Nat. Commun. 2024

DeepH-pack
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DeepH-E3: Equivariant neural networks

General equivariant framework:

> Equivariance to the E(3) group
(Euclidean group in 3D)

> Introduce the degree of spin
and spin-orbit coupling

> Achieve sub-meV accuracy

a Elemental 0630@ FBO b a  Structure a Structure b1 b
{Z} ~lembedding “ i Neglectmg soc Includlng socC
<F
Pa
Gaussian 0p0@---®0 p iy
{Iriil} I OO —[ #@ » P ) ! ! ! !

= 9 e ‘-‘ ’ N
{7} hSPhE”C_a' 1928 “ ' {_Electronic Structure Calculation
EMLETES TN N Equivariant neural network ‘ ‘ 1 --------- 1 ---------------------- {
C Neglacting 7 Structure a2 Structure b2 T ‘
soc 16263

*
P < S | |

1®2 ‘ H, = H, Hy,, ==» I,
‘‘‘‘‘‘ 2 A ® @ Atomic orbital basis < Electron spin al a2 b1 b2
» __ Uelede ‘ ' Uorn()U3) (Vo ® Usgin) (-) (Uort ® Uspin)')
(NP & Spin-orbital wavefunction @ Nucleus
um om0 mE
Including : ; (1632|€B3)EB
soc Co3od)

X. Gong, H. Li, et a/, Nat. Commun. 14, 2848 (2023)
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xDeepH: For studying magnetic materials

www.nature.com/natcomputsci/ April 2023 Vol. 3No. 4

' a Y -
nature A N S |
computational ( ST E L ) SRS ST |
science ANNT LR e T H N
PAG e ¢ e
A ! B
(R}, {M)} ',_______________l_-l:rfi_”j _________ ‘ Hprr

i
.

b .‘\ Train \ * T l Predict

Equivariance with respectto E(3) x {I,7}

Studying magnetic st persti‘Uct-U-res

I

H UrHU{,
H. Li, Z. Tang, et al., Nat. Comput. Sci. 3, 321 (2023) Cover story

25



Curved magnetism in Crl; nanotube

Random {R}, {M}
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H. Li, Z. Tang, et al., Nat. Comput. Sci. 3, 321 (2023) Cover story 26



Neural-network density functional theory

Physics-informed unsupervised learning (DeepH-Zero):

Coherently integrate DFT algorithms into neural networks

(@) .
Material g /=0 DDO 00
. . o =
Supervised learning structures {7 =1 ( 1))
{Zi, R} E 12[|III][IIII]J
Material structures
[ ] o 7 I ; ; .
% Variational DET Equivariant neural networks
: P : alll| 7T .
5 : i E | -
! [ ;
: el © "
-@ @ A B () i
S 7N J
Training Predlcted (b) T s .
data g . data ! r N
""""""""""""""" N’él'_‘l'r'éi"r‘l'é@ar‘k"s [{Ze', R:‘}] [Basis] (F‘seudopotential)

% :
=@
' > It ~hooc —4hoar

Y. Li, Z. Tang, Z. Chen, et al, Phys Rev. Lett. 133, 076401 (2024) Editors’ suggestlon 27




Density functional perturbation theory (DFPT)

DeepH-DFPT: Bring DFT and DFPT into a unified AVAY,
deep-learning framework - Efficient calculationof 5. ./
e-p coupling, BCS superconductivity, etc. _q;\_ < _f;-

Electron-phonon coupling,
superconducting properties

— o — — — — — — — —

I |
| {0} on I
| |
N — [ OVis ]
' Vs [
: Solving Sternheimer I
: equations :
| Deepleaming DFFT Automatic |
! differentiation I
Train 2 Vg | s O[Vics] )
l DFT [Vis] { "}é. s O[Vks] o
I {Ro + AR} T [ » [OVis]
I :
|

H. Li, Z. Tang, et al, Phys. Rev. Lett. 132, 096401 (2024) Editors’ suggestion
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DeepH-hybrid: For hybrid-functional calculations

Generalize from Kohn-Sham DFT to generalized Kohn Sham schemes

#~21.79", 28 atoms/cell c #=13.17", 76 atoms/cell
A 7 —— < —

DF T-hiybric
e DisgpH-hybrid
Training 21 | /"Q\
_ 8=200", 3,268 atoms/cell
Inference : }f % 10"
£
=
10°
Twisted bilayer graphene
! 102L1n3 s
f B2 1.087, 11164 atoms/cell g DeepH-FBE h DeepH-hybrid
_____ 021 — 0.2
P 7
£ !
i i
£ / — 0.14 0.14
. i =
£ / L
i L 00 IR ————
]
|
Ll
-0.1 -0.11 &
. -0.2 _H\\ T 1 -0.24 T T
Magic-angle TBG K r M K K r M K

Z. Tang, H Li, P, Lin, et al., Nat. Commun. 15, 8815 (2024)

Collaborators: Dr. Peize Lin, Prof. Xinguo Ren, Prof. Hong Jiang , Prof. Lixin He 29



DeepH-PW: Generalize to plane-wave DFT

Nonlocal
-’/\"‘. ‘-"/-\\". .-’/-\‘ﬂ.
S A\ incompatible DeepH: Access to all DFT codes
/"  Plane wave basis 7& P
0 § Reconsucton @£ = > Big materials data of DFT
DFT X .
~ ocd o - > Large materials model
/ "~.\ Neural networks
Atomic orbital basis
a PWDFT b Perturbed 4x4 supercell ¢ Twisted 6=1.08°

s Reconstructed L5 \\“:l — 0.20 —

B % B, »[Hﬂﬂl-. Haos, - - j Lo \ q"%% 0.15 \%7

O Ep (= N .

N & Train o \ > 010 —
structure 1 3 / S 005

%c:’l?ocfgp “@aﬁ :Cj -0 \\/ ,_%—0.05 ' L
structure 2 ¥ Generalize ~1.0 /,\ 0101 ' ”‘:;\;;

: \--'K‘\ = —0.20 S| L7
-~/ M r K I M K
—Reconstructed == -PWDFT PW-NN AO-NN ===« PWDFT

X. Gong, et al, Nat. Comput. Sci. 4, 752 (2024) Collaborate with Steven G. Louie 20



From large language model to large materials model

e ek
= ranslatmngmh time always
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Wa :: :’.wﬂmﬂw translator wids Bl dmu ""
Reader 0" EL . im“hm nl.iﬂll‘mmi Inra YWV

. Franch Shaw ;.

Road R0k G " late Y “sulnann“'”""'"

Language database

i A: Large language model is a type of
: Al designed to understand and
: i generate human-like language.



Large Materials Model

Describe the universal structure-property relationship

.......

1111111

Large materials model

Structures Properties

Magnetic

Varying atomic compositions/structures Rich physical properties
Countless potential candidates Complicated dependence on structure

Al-driven material discovery < Big materials data "
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blocks

Output features

Local structures
Y. Wang, Y. Li, Z. Tang, et al. Sci. Bull. 69, 2514 (2024) Cover story



Universal materials model of DeepH

~104 materials (20% for test), Averaged MAE 2.2 meV

Energy (eV)
b bl kN ow s o

Electric susceptibility
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1 2
H MAE for each element (meV) He
1.70
3.0
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19 20 31 32 33 34 35 36 120
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MAE rank: ~20%

Y. Wang, Y. Li, Z. Tang, et al. Sci. Bull. 69, 2514 (2024) Cover story

MAE rank: ~40%

MAE rank: ~60%

MAE rank: ~80%

Seience
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Outlook (1): Method development

> Extend the DeepH method from DFT to Beyond DFT
Jacob’s ladder in DFT

e Chemical accuracy
! QMC
1
. Double hybrids DMFT
N occ. & unocc. W RPA
\ GW, BSE
N Hybrids
7 l acc. Wy
>0 >
el Meta-GGA
5| |3 p(r),Vp(r), V?p(r)
0l |<
Y
DFT+U
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Outlook (2): Foundation models

> Develop foundation models of electronic structure

Structures
’. . .,1,-

Electrical Magnetic
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Next-generation computing platform

Outstanding

performance

omprehensive User
functionality friendly

Developer
friendly

O¥ S
—H~. + oK

>

Training and inference
accelerated by 300%, GPU
memory usage reduced
by over 100%

Multiple types of neural
networks to learn various
target physical quantities

Well-structured software
modules

Comprehensive user
manual, video tutorials
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Large database of electronic structures

M D Al-integrated computational database
(2,000,000 crystalline materials)

Materials INtelligent Database

Extensive physical property data a1}
pny property —H~.
DeepH-pack
Compatible with deep learning r
4 /

Materials INtelligent Database

-y \/arious methods and software

LK M-u
k@.%@ CHE)
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Universal materials model of electronic structure

> World’s largest training dataset (2,000,000 crystalline materials)
> First-ever model training on millions of material structures

> First universal materials model achieving sub-meV accuracy

Averaged MAE: 0.58 meV

1.0
2 1.0 : C I t.
MAE for each element (meV) He : umuiative
0.8 | . . . ]
3Li ‘Be : B .7 N ..lhe 0.9 d|Str|but|0n
0.63 0.64 0.73 0.72
11 12 13 14 15 16 17 18 . 0.6
Na | Mg Al lsi|[P | s |c] Aar 0.8 v
0.68 0.60 0.50 0.52 0.60 0.62 0.62 E
19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 0 7 > |
K [Ca|sc| Ti| V |[Cr|MnfFe| Co| Ni|Cul2Zn| Ga| Ge| As | Se |l Br | Kr : 0.4
0.60 0.45 0.49 0.54 0.66 0.73 0.64 0.66 0.59 0.55 0.58 0.51 0.58 0.71 0.52 0.68 0.67 e
37 38 39 40 41 42 43 14 45 46 47 48 a9 50 51 52 53 54 P ro ba b I I Ity
Rb | sr| Y | zr|[Nb|Mo||Tc |Rul|[Rn | Pd| Ag | cd | In |sn|sb|Te| 1 | xe 0.6 0.2 ) ]
0.68 0.50 0.47 0.60 0.60 0.56 0.59 0.61 0.59 0.54 0.52 0.49 0.50 0.53 0.48 0.55 0.60 d e n S Ity
55 56 57 72 73 74 75 76 77 78 79 80 81 82 83 84 85 86
Cs |Ba|La|Hf || Ta| W || Re | Os | Ir Pt |Au||Hg | Tl || Pb || Bi || Po || At || Rn 0.5 !
0.70 0.57 0.71 0.59 0.66 0.64 0.52 0.60 0.56 0.53 0.47 0.50 0.57 0.51 00 10_1 L 1OD 101
MAE (meV)

Advanced architecture

Massive training data

Superior performance
Millions of materials Transformer based

10TiB data

Sub-meV accuracy

O(M) scaling

Explainable Al

DeepH Group (to be published)
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DeepH-pack & Universal materials model

Universal Materials Model
of DeepH

DeepH-pack User Guide

Welcome to the new version of DeepH!

CMT group

The new version of DeepH-pack, along with universal materials model,
will be released soon.
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Outlook (3): Al-driven materials discovery

Materials Large materials model
Discovery Al-driven materlals discovery

[\ EY I

database

N

Big materials database

i Improving with growing data i EAI- ccelerated data generationi
5 Ky 5 5
5 ' 5 ‘@'/ ;
: DeepH_paCk : : Materials INtelligent ?tb%e :
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DeepH: References and open-source codes

Develop deep-learning first-principles methods

[1] DeepH: H. Li, et al. Nat. Comput. Sci. 2, 367 (2022) arXiv: 2104.03786

[2] DeepH-E3: X. Gong, et al. Nat. Commun. 14, 2848 (2023)

[3] xDeepH: H. Li, et al. Nat. Comput. Sci. 3, 321 (2023) Cover story

[4] DeepH-DFPT: H. Li, et al. PRL 132, 096401 (2024) Editors’ suggestion

[5] MagNet: Z. Yuan, et al. Quantum Front. 3, 8 (2024) N

[6] DeepH-hybrid: Z. Tang, et al. Nat. Commun. 15, 8815 (2024) oo—‘HQO

[7] DeepH-2: Y. Wang, et al. arXiv:2401.17015 o/

[8] DeepH-PW: X. Gong, et al. Nat. Comput. Sci. 4, 752 (2024) DeepH-pack

[9] DeepH-UMM: Y. Wang, et al. Sci. Bull. 69, 2514 (2024) Cover story

[10] DeepH-Zero: Y. Li, et al. PRL 133, 076401 (2024) Editors’ suggestion

Ab initio artificial intelligence, H. Li, et al. MGE Advances €16 (2023)

Deep-learning electronic structure calculations, Z. Tang, et al.

Nat. Comput. Sci. (in press) :

Tutorial: https://www.bilibili.com/video/BV1Tv4y1H7TD B

DeepH:  https://github.com/mzjb/DeepH-pack A
https://deeph-pack.readthedocs.io

DeepH-E3: https://github.com/Xiaoxun-Gong/DeepH-E3 i Fieg i el
xDeepH: https://github.com/mzjb/xDeepH s 43
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https://github.com/Xiaoxun-Gong/DeepH-E3
https://github.com/Xiaoxun-Gong/DeepH-E3
https://github.com/Xiaoxun-Gong/DeepH-E3
https://github.com/Xiaoxun-Gong/DeepH-E3
https://github.com/Xiaoxun-Gong/DeepH-E3
https://github.com/Xiaoxun-Gong/DeepH-E3
https://github.com/Xiaoxun-Gong/DeepH-E3
https://github.com/Xiaoxun-Gong/DeepH-E3
https://github.com/mzjb/xDeepH

Welcome to 2025 DeepH Workshop!

L] 202 SEEDeeleiﬁt'JA

DeepH:pack —~ %—’T@?% YN

AEEARAl+ ERELE?
BEEDeepH#F HIE?
IEERABLE IR R!

[BH|] 2025%F11821-24H
MRl FEXEER
FEEEHE
« APEREIGIRE
« DeepH_FH13LH
« DeepHRZAHkELE il
EpEafu: BFRAFIEZ. AVEHRACG
SINBEA: BB, BXIE
SNEEREA: £F BKFRBiE: 010-62798591

BXZMWRFE: cuiying0121@tsinghua.edu.cn
EEELLRE: 202551185 16H
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