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Flectronic Structure [ . s4e Schradinger Equation

Electronic part Nucleus-Electron part

Zq

] ral
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Kinetic energy Repulsion of Attraction between
of electrons electrons nuclei and electrons

(Born—Oppenheimer Approximation) ByteDance Research s



Ab initio methods in Quantum Chemistry

Density Functional Theory (DFT)
is the Go-To method —

for Quantum Chemistry

NNQMC

/ New player on the field

We will focus on
Variational Monte Carlo today

Deep Quantum

Monte Carlo (QMC) 4

Configuration interaction,
quadruples (CISDTQ)

O Coupled-cluster (CCSD(T)) is Golden Standard method

O Configuration interaction, doubles (CISD) In Quantum Chemistry’

O Mgller-Plesset 2nd order (MP2) accurate but expensive

O Hartree-Fock (HF)
Computational cost

N3 N4 N5 N6 N7 N& N° N (N electrons)
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HOME > SCIENCE > VOL. 355, NO.6325 > SOLVING THE QUANTUM MANY-BODY PROBLEM WITH ARTIFICIAL NEURAL NETWORKS

@  RESEARCH ARTICLE in @ % X

N e u ra ‘ Qu a nt u m Sta te Solving the quantum many-body problem with artificial

neural networks

GIUSEPPE CARLEQ AND MATTHIAS TROYER Authors Info & Affiliations
SCIENCE - 10Feb2017 - Vol 355, Issue 6325 « pp. 602-606 - DOL: 10.1126/science.aag2302

o

Machine learning and quantum physics
N eura I N etWO rk + QM C b Ut fo r I attlce m Od e | S Elucidating the behavior of quantum interacting systems of many particles re-
an d/o r fe rm |0 n |C SYSte ms Wlth secon d q ua ntlzatIO n. mains one of the biggest challenges in physics. Traditional numerical methods of-

ten work well, but some of the most interesting problems leave them stumped.

Carleo and Troyer harnessed the power of machine learning to develop a variation- 8
al approach to the quantum many-body problem (see the Perspective by Hush). 12
The method performed at least as well as state-of-the-art approaches, setting a

benchmark for a prototypical two-dimensional problem. With further develop-

ment, it may well prove a valuable piece in the quantum toolbox.

Science, this issue p. 602; see also p. 580 <

We will focus on the real-space QMC in this talk

Carleo, Giuseppe, and Matthias Troyer. Science 355.6325 (2017): 602-606.



Real-space Quantum Monte Carlo

Variational Monte Carlo

<> Sub-optimal accuracy

E, = min < Y|H|Y >

1 : quantum state

2 No sign-problem

2> Have access to the wavefunction explicitly
‘ Provide trial wavefunction

Diffusion Monte Carlo

l/) i e_ﬁAtl/J

ByteDance Research 3




Schrodinger Equation

Convert PDE-solving to o

Ground State Ene
(Smallest eigenva




Variational Monte Carlo

Hy (X)
P(X)

<YlHWY > = [PXOHYX)dX = Ey_ o

1): Real-space wavefunction il
) ) - X2
X: electron configuration in real-space

Xn n: number of electrons

In practice, the energy is estimated by

1. Sampling a number of electron configurations Xj, ..., Xy from distribution ¥?2

2. Calculating the function values % (called “local energy”)
l
. 1« HY(X;)
3. Tak Ex—=),:
aking average NZL P ED

ByteDance Research 10



Variational

Optimize over a class
of wavefunctions

E, = min
O Ty

1. | Parametrize a class of wavefunctions

2. Optimize the parameters to minimize e




Neural Network as Wavefunction

E, = mlgn < yY|H|Y >

o p

@] avefunction Y
N | =—> <: O;? 10O | =P Scalar value
OL7O Yo (X)

Real space coordinates

\ of n electrons X /

Variational Monte Carlo

(Much) more expressiveness

(Much) Better Accuracy
ByteDance Research 12



Physical constraints for electronic wavefunctions

Permutation Anti-symmetry Boundary Condition

B 2

A .Qﬁ))?F( al F(| ™
\;"/ \s’/ \;;:;/

Electron position vector: dim-3
lgnore spin for now ByteDance Research



With Backflow

l/) (x1; D00 jj xn)

Dy (X15%, s X)) 0 Dy (X135 X9, e, Xp)

= det : .
Dy (Xns X1, s Xn—1) - Pp(on; x4, e, X o)

®,4, ..., D, are “many-electron orbitals”,

Modeled with neural networks, carefully

designed to satisfy anti-symmetry

ByteDance Research 14




DeepWF PauliNet FermiNet

2018 Princeton University 2019 FU Berlin 2019 DeepMind & ICL

Authors are also in Microsoft now

Y X
Mx D, Nx D,
i
x™
Nx D, ]
DeepWF ¥ = ATALS b) Anti — t A " i G —
(a) - eS/2 P ( ) nfl Compor%en Nxa T|—> Equivariant interaction 3 .{/’ e — —%
At 4 B2 /ﬁ’_f w1 block s Z— . S—
o T - 8 1/ At Mx3 ] o - =_lil1;lw =1il%
. m . EmED 5 (roos) Netly [a4(rs,m5) NxD, " 2 —
I'T (7, 2] i
4 T . (c) Sym — component 3; .
'~ i's neighbors : (ri,r;) — s(rzs) ~ Ri Si“‘ Elzﬁtsrggic { Hartree—Fock ‘ Backflow lJastrow o layer £+ 1
RE & B J T e ——
. | LRI == A e S g e SR
Snm (T T TR T T T T T T o o' i I o T
! ISR & 9(elrs)) - g o) I\I'xN’H ||| | ([ e e o) n ) T T —
1x1 1x1 - | -—|=J
-
=
(H—>
T Wavefunction
Han, J., Zhang, L., & Weinan, E. (2019). Solving Hermann, J., Schatzle, Z., & Noé, F. (2020). Deep- Pfau, D., Spencer, J. S., Matthews, A. G., & Foulkes,
many-electron Schrodinger equation using deep neural-network solution of the electronic Schrédinger W. M. C. (2020). Ab initio solution of the many-
neural networks. Journal of Computational equation. Nature Chemistry, 12(10), 891-897. electron SciByteDorfece Researety neyral

Physics, 399, 108929. networks. Physical Review Research, 2(3), 033429.



Train the neural network

The wavefunction Y is modelled by a (specially designed) neural network.

Hy
X7 (x)

Loss Function: Energy E =< y|H|Y >= E

Data: The electronic configurations sampled from 2.

Procedure

1.  Sampling a number of electron configurations X;, ..., X,y from distribution )2

: : Hy (X;)
2. Calculating the funct alues ——=
alculating the function valu 00

: _1¢ HY(X)

3. Taking average E NNZi o)

4. Gradient descent and update 1, then loop over.
ByteDance Research 16



Related Works from ByteDance Research & PKU
(since 2021) Ill

* Novel phases for Moire systems arXiv:2406.11134

* Spin symmetry enforcement Nat. Comput. Sci. in press

 Break through the computational bottleneck of Laplacian Nat. Mach. Intell. 6, 209 (2024)
* Electric polarization in solids Phys. Rev. Lett. 132, 176401 (2024)
. Better extrapolation scheme Mach. Learn.: Sci. Technol. 015016 (2024)
e From VMC to DMC Nat. Commun. 14, 1860 (2023)
* From molecules to solids Nat. Commun. 13, 7895 (2022)
* Incorporate effective core potential Phys. Rev. Research, 4, 013021 (2022)

ByteDance Research 17




Make NNQMC more practical

e NNQMC + Effective Core Potential

e Less electrons in calculations.

* Li, Xiang, et al. Physical Review Research 4.1 (2022): 013021.

e NN + Diffusion Monte Carlo

* Less optimization steps

* Ren, Weiluo, et al. Nature Communications 14.1 (2023): 1860.

* Forward Laplacian

* Address computation bottleneck: Laplacian Operator

* Li, Ruichen, et al. Nature Machine Intelligence 6.2 (2024): 209-219.

ByteDance Research

18



4 N
We can now handle:

100~150 electrons

- J

[

~1000 electrons
\__

\

Traditional QMC can handle

J

Al-Hamdani, Yasmine S., et al. "Interactions between large molecules pose a puzzle for
reference quantum mechanical methods." Nature Communications 12.1 (2021): 3927.

ByteDance Research 19



N, energy curve

Energy - Eesp (a.u.)

FermiNet from Google DeepMind (2020)
Beat Golden Standard Method
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Pfau, David, et al. Physical Review Research 2.3 (2020): 033429.

Our work, better extrapolation scheme (2023)

Energy Error (mHa)

Chemical Accuracy (almost)

—&— FermiNet (TM)

—8— FermiNet (VE)

—&— r12-MR-ACPF
chemical accuracy

'u/\,\‘

2 3 4 5 6
Bond Length (Bohr)

Fu, Weizhong, et al. Machine Learning: Science and Technology 5.1 (2024): 015016.
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Penalty to enforce orthogonality

Energy
Levels

Y, : Second Excited State Minimize: < W, |H|Y, > +1g, < W,|¥, >2 411, < W, |V, >2

> Enforce orthogonality against ¥,, ¥;

: First Excited State Minimize: < W, [H|W; > 41y, < ¥ |W; >2

Enforce orthogonality against ¥,

Y,: Ground State Minimize: < W, |H|¥Y, >

ByteDance Research 22



Enforce Spin-Symmetry in NNQI\/IC

Spin-pure state

* Eigen-state of S? operator

Add “deviation of < $2> to target value” to loss

* Similar to the overlap for excited states
< §2> calculation is expensive

Consider S, operator instead
* One order cheaper

« Still able to simulate eigenstate of $?

,_

_________________________________________

Permutation ——

TEERPRY
ﬁ
TERRRTY

N
IEEEERX:

“ e = em s es es mm s en e e wm em em e =

Li, Zhe, et, al. arXiv:2406.01222,
Nature Computational Science in press

< $?> calculation
O(N?) evaluation of NN
Computation cost: O(N°)

Too slow!

< S, > calculation,

O(N) evaluation of NN
Computation cost: O(N%)

dubbed as “S. penalty”

ByteDance Research 23



Spin symmetry helps ground state calculation

4 —7.847x10%

Energy (mHa)

b)

spin square value (52)

0.9 A

0 i 2
Iteration x10%
Triplet * ’
A
| (AI) > = 0.45
»®
| (Fc|9¢) > = 0.55

=i
La)

Singlet ' '

Conceptual loss landscape

¢)  Unconstrained optimization

Z(0) = EglH]
Q9
PRo s

¥

d) Symmetry enforced optimization

Ethylene C, H,

— - % singlet state: symmetry enforced
— 3 singlet state: free of constraint (contaminated)

— —— A triplet state

Li, Zhe, et, al. arXiv:2406.01222, Nature Computational Science in press

ByteDance Research 24



Spin symmetry helps excited state calculation

High excited states

|
C,H, CH,O
2- :
Nitrogen L €
14 i
‘ 4g° 2p° 2pe 4p = 04- i_ __________________ 1 i N

T
é -1+ Chemical accuracy s

g
B, ]

This work = Absent in NES and Penalty (Szabé et al.)
----- Reference
\P =31 BEE This work
1 =1 Penalty (Szabo et al.)
—4 1 mEEE NES
1 1 1
" 3By *Bsy B3y Bl A Az A, 3B
p SRV
AN
¥ (82) = 0.75
lIl()

§2y =375
(5% Li, Zhe, et, al. arXiv:2406.01222, Nature Computational Science in press
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Singlet-triplet gap of biradicals

3.0
BEE AFQMC
E= This work

2.5

|Calc - Expt| (kcal/mol)
e e
h !

e
(=)

Chemical Accuracy

0.5+

- e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e

0.0

CH, NHS OH* (o) C Si NF NH 0, PH NO- SO PF Sz

Li, Zhe, et, al. arXiv:2406.01222, Nature Computational Science in press
g & ByteDance Research 26
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HOME > SCIENCE > VOL.385,NO.6711 > ACCURATE COMPUTATION OF QUANTUM EXCITED STATES WITH NEURAL NETWORKS

8  RESEARCH ARTICLE =~ QUANTUM CHEMISTRY in & % X

Accurate computation of quantum excited states with
neural networks

.
N a t u I a E XC I t e S t a t e DAVID PFAU () , SIMON AXELROD () , HALVARD SUTTERUD (), INGRID VON GLEHN (%), AND JAMES S. SPENCER Authors Info & Affiliations

SCIENCE - 23 Aug 2024 - Vol 385, Issue 6711 - DOI: 10.1126/science.adn0137

¥ 4708 A O » & CHECK ACCESS

Pfau, David, et al. Science 385.6711 (2024): eadn0137. Editor’s summary
Editor’s summary | Excited states are important in many areas of physics and chemistry; however,
Abstract scalable, accurate, and robust calculations of excited-state properties from first

Abetact principles remain a critical theoretical challenge. Recent advances in computing

onplementary Materile the ground-state properties of molecular systems driven by deep learning demon- &
strate that this technique has the potential to address this problem. Pfau et al. @
References and otes present a parameter-free mathematical principle for computing excited states us- -
eletters (0) ing deep neural networks by directly generalizing variational quantum Monte
Carlo to ground states. The proposed method achieves accurate excited-state cal-
culations on a number of atoms and molecules, far outperforms existing methods <

for computing excited-state properties with deep learning (especially on larger
systems), and can be applied to various quantum systems. —Yury Suleymanov

ByteDance Research 27



Irb(xlt ---;xn) = det

Slater Determinant

¢4 (x1)
$1 (.xn)

¢n (’xl)
O ()

NNVMC (backflow)

Y(X) =W (xq, .er, Xp)

= det

ch (xl; X2y ey xn)

Dy (x5 X1, ) Xp—1)

D, (x1;%5, )y X))

D, (X5 X1, ooy Xp—q1)

Natural Excited State

(x 9 W (XY e W (X
W (x1,.. X)) = det| : - =

W) e (X

 Y,,..., W are guaranteed to be non-collapsed.
* We minimize the sum of their energies.

* Optimize for the best k-dim subspace

Pfau, David, et al. Science 385.6711 (2024): eadn0137.

ByteDance Research



Natural Excited State

Neural network ansitze °© o e
Flexible, compact wave function approximators 9 b u .
e — — — — o < o (= © C t

L (BT — 1> ‘® .\0 U,.'Q‘O o °e .b €
0008 HHO-—|F o ° ¢ oo

J’ S Double excitations
S-0-0-0-0
Natural excited states
Novel variational principle for excited states
Bt [0 () HY ()| Tr [Eymge[ 07 (1) HU()] My — - Tk

Benzene-scale molecules
Enables accurate computation of...
2m W\
\%J fij = 335 (Bi — Ej)ldy[*
Oscillator strengths Adiabétié excitation energy Conical intersections

Natural excited states. Combining neural networks with a mathematical insight enables accurate
calculations of challenging excited states of molecules.

ByteDance Research 29
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Modeling Real Solids - DeepSolid

NZIA7 = =
VI (a1 ool L] [ o
= [ [eaee | (VI [oo| —— [l + i o ]n] ——
A\ N/ R Re
VANV E UNT[ - |uNN il [

@ electron G
@® nucleus

A |
~ ®— exp(i®)—

electron coordinate lattice vectors crystal momentum vectors

ugq | e |WN

periodic metric molecular
matrix neural networks

UN1| - |YUNN

* Modify the input the feature with periodic functions
e Carefully deal with the smoothness near the boundary.

Li, X., Li, Z., & Chen, J. (2022). Nature Communications, 13(1), 7895.

ByteDance Research 31



DeepSolid cont’d

a
g -054 2
g PODOQCOODP
< 055
= -0.
S
©
3 -0.56
&
g‘ @ Net
V- LR-DMC{LDA)
& -0.57 : - VMC(LDA)
15 2.0 25

Bond length / Bohr

o
o
-
=

. = 2 -asf | Ecan/eV By/GPa  ag/A == Dco
8 ol g r = \ Net 4757 3689 4022| 8 %)| mmm Net
£ -0 i 3 Exp -4.7569 33-38 4.061( O o, | EEE BF-YMC
T g -40 5 6 %| mm Tc-Foiame
[
§ -0.568} Corrected 5 Sa%
g 5245 Loy
- @~ Net -g 8
g-o.571 [ -¥- LR-DMG(LDA) Exp § T 0% f._.-_ < - |
& _!_ X:g;(;.LgA] ] . ) ) S -5.0 % Uncorrected EOS I
-2 -4 -6 -8 10 15 20 25 30 05 1 2 5 10 20
0.00 0.02 0'011_9'06 DI0aS0STD Cohesive energy per atom / eV Primitive cell volume / A rs /Bohr

Li, X., Li, Z., & Chen, J. (2022). Nature Communications, 13(1), 7895.

ByteDance Research 32



More on NNQMC for solids

Checkout our recent review

Q00

EEop
ogone!

Qian, Y., Li, X., Li, Z., Ren, W., & Chen, J. (2024).
Deep learning quantum Monte Carlo for solids.

arXiv:2407.00707.

33



Moire Material

. . e}
Twisted graphene or twisted ¢ - |
metal dichalcogenide (TMD) e - A_IO__ ] Flat band appears
= ok i . .
] QOZ which S|gnal§ strong
ol a correlation
-40- -
_50- 1 L -
' KM T
Spontaneous symmetry breaking, 1 1 1
M9tt insulator, H = _ Ai i V(l'i) +— Z
Wigner crystal, Im* 2 € | r —r.
Unconventional superconductivity, i I#] ! J
Anomalous Quantum hall......
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Generalized Wigner Crystal
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Wigner Molecular Crystal

eproduced patterns
in STM experiments!

High
R
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Potential with Cg symmetry
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Wigner Covalent Crystal s e

in experiments |

[a] Covalent bond [b]

i

| —

i N

Monomer bond

PN, TN
of e[ e

\nll \hll
Dimer bond Trimer bond

P Py [ ) [ ]

/-\\ l/—\\ TN I-\\
[ ] [ ] [ ]

(P W SR VX

[ J [ ) °

Li, Xiang, et, al. arXiv:2406.11134 ByteDance Research 33



Other applicable systems

* Electron gas
* Positron

 Superfluid



» Better efficiency and accuracy.
* Expand the scope of application.

* Tackle challenging systems

OUthOk  Strong correlation

* Multi-reference

ByteDance Research



Thank youl!

> https://github.com/bytedance/FermiNet with ECP
Q » https://github.com/bytedance/deepsolid

» https://github.com/bytedance/jagmc

> https://github.com/bytedance/lapnet

» https://github.com/bytedance/netobs

ByteDance Research 41


https://github.com/bytedance/FermiNet_with_ECP
https://github.com/bytedance/deepsolid
https://github.com/bytedance/jaqmc
https://github.com/bytedance/lapnet
https://github.com/bytedance/netobs

