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Number of Systems & Phenomena

Motivation (Low-hanging Fruit?)
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‘Wall-Clock Time / MD Step

Next Generation QMD

— O(N3) Diagonalization
— O(N) Linear scaling solver
— Next Generation QMD

For practical QMD!

Next Generatlon QMD

System size (N)




Linear Scaling Electronic Structure Theory

Sparse Matrix Algebra Divide and Conquer
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Sparse Matrix Algebra

Non-linear eigenvalue equation Density matrix calculation
p(r) = Z @, | p(r) = P(r,r")|p=p
1€0cc.
1E€occ.
#SCF x O(N?) #SCF x O(N?)

Fermi operator expansion

P(H) =6 (uI — Hn)) = S cuTo(H)

‘\
n ~

#SCF x O(N) ™ Thresholded Sparse
> Los Alamos Matrix Algebra
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SP2 O(N) solver

Recursive Fermi operator expansion

p(r) = P(r,r)
P=40 (MI o H) - nh—{%o fn(fn—l( e fO(H) e )] E,=Tr [PH]
: : | ' 7/
1_"f(x)=x2 / -
- f(X)ZZX-X2 XO o fO(H) _ Emaxd —
L |— fg(f7(f1(X) )| < €max — €min

i = 0 T = s

—
Z0SE /.
/
// Xpr1 =2X, — X,,2 else
//
~ o / ’/// P: lim X?’L Tezo
0 — n— 00
/
/ 1 L | ! |
0 0.5 1 30 multiplications

gives an expansion order > 1 Billion!
No Gibbs oscillations!

> Los Alamos A.M.N. Niklasson, Phys. Rev. B 66, 155115 (2002)
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Parallel O(N) Matrix-Matrix Multiplication

Dense Matrix Values

Columns # Non-zeroes

N | &N |WIN |-
»

Sparse Matrix X

Sparse Matrix X

Row;
Sparse Matrix X2
1
New Row; 2|4 5
2 |4
4 |5
2|6

NEOE B

RowBuf;
+=

LANL/BML library, on Github



Tunable energy convergence

(H,0),, RHF/6-31G

= OGN
8 - -
S | A o S G

% B .9000 1 Numerically stable!
\d '2 - _4 - __. _____________
= YV TC2:1=10 : ]
A 490 TC2: T =10 T A
600 TC2T=10"] ] EmEE
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o0 1ol A APM: 1= 107" |- Yoir e
= C 1 11 | | L1 | | L1 | | I | L1 1 | |- 11 | ]
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number of matrix multiplications

SP2 (TC2): Niklasson, Phys. Rev. B, 66, 155115 (2002)
PM: Palser and Manolopolus, Phys. Rev. B, 58, 12704 (1998)
Comparisons: E.H. Rubensson and E. Rudberyg,

J. Phys.: Condens. Matter, 23, 075502 (2011)
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Linear Scaling Electronic Structure Theory

Sparse Matrix Algebra Divide and Conquer

a) Easy to control error a) Hard to control error
b) Hard to parallelize on b) Easy to parallelize on

distributed memory distributed memory
c¢) Small overhead c) Large overhead
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Linear Scaling Electronic Structure Theory

Sparse Matrix Algebra Divide and Conquer

\ Graph Theory /

a) Easy to control error?

b) Easy to parallelize on
distributed memory?

c) Small overhead?

° NLA(T?OSN ﬁ]g!!)g% AMNN et al. “Graph-based linear scaling electronic structure theory”,
J. Chem. Phys. 144, 234101 (2016)




Graph-based Electronic Structure Theory

Data dependency Graph G,

G, < |Fermi Operator Expansion | gjopa) = D

H

T

D=6(ul —H)~ > c,To(H)

> Los Alamos
NATIONAL LABORATORY AMNN et al. “Graph-based linear scaling electronic structure theory”, J. Chem. Phys. 144, 234101 (2016)




Graph-based Electronic Structure Theory

Data dependency Graph G,

G, < |Fermi Operator Expansion | gjopa) = D

Xn

> Los Alamos
NATIONAL LABORATORY AMNN et al. “Graph-based linear scaling electronic structure theory”, J. Chem. Phys. 144, 234101 (2016)




Graph-based Electronic Structure Theory

Data dependency Graph G,

G, < |Fermi Operator Expansion | gjopa) = D

Xn

> Los Alamos
NATIONAL LABORATORY AMNN et al. “Graph-based linear scaling electronic structure theory”, J. Chem. Phys. 144, 234101 (2016)




Graph-based Electronic Structure Theory

Data dependency Graph G,

G, < |Fermi Operator Expansion | gjopa) = D

D,

> Los Alamos
NATIONAL LABORATORY AMNN et al. “Graph-based linear scaling electronic structure theory”, J. Chem. Phys. 144, 234101 (2016)
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Graph-based Electronic Structure Theory

Data dependency Graph G,

G, < |Fermi Operator Expansion | gjopa) = D

AMNN et al. “Graph-based linear scaling electronic structure theory”, J. Chem. Phys. 144, 234101 (2016)



Graph-based Electronic Structure Theory

Data dependency Graph G,

G, < |Fermi Operator Expansion | gjopa) = D

H = {h[gf(’)]}i=1 Principal submatrices of H

> Los Alamos
NATIONAL LABORATORY AMNN et al. “Graph-based linear scaling electronic structure theory”, J. Chem. Phys. 144, 234101 (2016)




Graph-based Electronic Structure Theory

Data dependency Graph G,

G, < |Fermi Operator Expansion | gjopa) = D

Recursive Fermi-operator expansion

D, = { lim f,(f,_1( ... fo(h[g®D) ... >)}
n—oo i=1

o N Equivalence between a numerically thresholded Fermi-operator
H = {h[gT(’)] } . expansion and a partitioned subgraph expansion!
1=

> Los Alamos
NATIONAL LABORATORY AMNN et al. “Graph-based linear scaling electronic structure theory”, J. Chem. Phys. 144, 234101 (2016)
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Graph-based Electronic Structure Theory

G(t) « (|D(t = 80)], + H®)’

D,(t — 0t) ===p <--- Dy(t — it)

> Los Alamos
NATIONAL LABORATORY AMNN et al. “Graph-based linear scaling electronic structure theory”, J. Chem. Phys. 144, 234101 (2016)




Graph-based Electronic Structure Theory

Reduce overhead (redundant overlap) by finding communities
using off-the-shelf graph-partitioning schemes
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Graph-based Electronic Structure Theory

Reduce overhead (redundant overlap) by finding communities
using off-the-shelf graph-partitioning schemes
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Graph-based Electronic Structure Theory

Density matrix calculations for &
Polyalanine in water 20,000 atoms 3
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Graph-based Electronic Structure Theory

Density matrix calculations
from snapshot of water simulation

o ol - -
~ 1%10 Liquid Water \\; 2R A
ey N ke,
g 5 (H,0),4 e
o 1x10 R . e
D (/-\(-{l C (\-}S
(5
l*l 108 LWL
C |X . J’ —e
g jO% F & S -
§ 1 \\\ B ‘\_}""\('\ N
a 4 S
= 1Ix10 H O—-———=—=— === ==
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S L) —
IR A O-ODivide and Conquer i
-\ |@®Graph Based, from D(t-0t), H(t) ]
1105 | 03 | 0 |

Computational Cost (~109a.o.)

1.5

AMNN et al. “Graph-based linear scaling electronic structure theory”, J. Chem. Phys. 144, 234101 (2016)
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Electronic Structure Methods for Molecular Dynamics Simulations

p)p(r’)

UMR) = min {Q [R, p(0)] + 1 ” drdr’ [p(r)dr = Ne} + V(R)
pEconStr. 2 | r— I‘/l

MR, = - V,UR) V\\\i o)

Non-linearities —# Numerical sensitivities —p-
Paraltélism

{UR), V,UR)}

1) Iterative/sequential solver (non-parallelizable and often hard to converge)

2) Inconsistencies between potential and forces (irreversible with systematic energy drift)
3) Numerically sensitive (linear scaling approaches are not possible, -> N3 scaling)

4) Hard to distribute calculations without major errors (parallelism is very limited)



Backward error analysis
or shadow molecular dynamics

iterative -
solver

Exact potential UR,p ~ p5°F)

'
~ A

\
%R, n) ~ UR, p =~ p5°F) Shadow potential
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Backward error analysis
or shadow molecular dynamics

iterative -
solver

{UR), V,UR)}

\© Conservative

\
%R, n) ~ UR, p =~ p5°F) Shadow potential
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DFT-based Born-Oppenheimer MD
or other SCF based models

P~ (R,r) = arg min {F o] + / (R, r)p(r)dr}

s Cost & Error

BERSCEE N . (R, ;5CF)
o=
#SCF x O(N?)

Non-conservative forces
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Energy Fluctuations (mHartree)

DFT-based Born-Oppenheimer MD
or other SCF based models

p°°F(R,r) = arg min {F[p] + /v(R, r)p(r)dr}

pEN

OU (R, p°°")
OR;

MRy = —

L C,F, (RHF/3-21G), T = 500K, 3 SCF/step _|

| |— Linear interpolation, dt = 1 fs‘
L | L | L | L
0 100 . 200 300 400
Time (fs)

*s Cost & Error

{ SC
p=>

OcCcC.

B 5 U(R, %)
|2~

#SCF x O(N?)

> Non-conservative forces
Energy drift!
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Linearized “Shadow” Potential Energy Surface

(p(r) = n(r)) dr = Flp] + O ((p — n)°)

p=n

Flp,n| = F[n] +/ —
oln](x) = axg min {f[p, l+ [ o(® x)pteyi

U(R> n) b -7:[97 n] & /U(Ra r)o(r)dr + V,,»,(R) Shadow BO potential

AAAAAAAAAAAAAAAAAA
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Linearized “Shadow” Potential Energy Surface

0F|p]

Flo.n) = Finj + [ <522

(p(r) = n(r)) dr = Flp] + O ((p — n)*)

p=n

ofnl) = axgiy { Flpyo + [ o(Rx)p(w)ie |

pPE

~

UR,n) = Flo,n] + f O(By 1) o(r)dr + Vin (R)

>~ Small Cost, No SCF

~
~
~

Hn|¥; = &;¥;
oln] = Z W32
Error in the potential occ.

UR,n) =~ UR) + O ((o[n] — n)iz = U(R) + O ((Ap°°F)?)

N
N

SCF residual = ¢[n] — n



» Los Alamos

NATIONAL LABORATORY
EST.1943

Extended Lagrangian Born-Oppenheimer MD

Niklasson & Cawkwell, JCP 141, 164123 (2014); Niklasson JCP 147, 054103 (2017)

LR, R,n,n) ZM R —UR,n) (Shadow potential)

L [ iRgar - / [ (elnl(®) = n(e) T(x,) (elnl() - n(x')) v’

Harmonic
oscillator
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Next Generation Extended Lagrangian
First Principles Molecular Dynamics

Extended Lagrangian  U/(R,n) : Shadow Potential, T = K'K

Ld 1 .
L(R,R,n,n) = = § MR? —U(R,n)
I

+8 [ - L= [ [ (el(w) - ne) T v') elnl() - nle')) drar

Equations of Motion in Adiabatic Limit (,, (" ) Low-rank Approximation
: OU(R, n) K= (K¢J) 'Ky, ~—cé(r—r')
MiR; = — a—& k. c € 1[0,1]
(K()J)_l ~ Z ViMi,jfvi
(r) = —w? /K(r, r') (o[n](xr") — n(x") dr’ ij=1
M=07", 0, =T,
Kernel f(n) =qn] —n vi,f, € o
Soln(r)  on(r)\ ™
) — — ( )l e )
on(r’) on(r’) X N




Electronic Structure Methods for Molecular Dynamics Simulations

PECONSLr. | r— I‘/l

UR) = min {Q R, p(r)] + %” PO e [p(r)dr = Ne} + V(R)

MR, = - V,UR)

= . e o)
Non-linearities =¥ Numerical sensitivities —jp
{UR), V,UR)} Parahélism

» Los Alamos

NATIONAL LABORATORY
EST.1943




» Los Alamos

NATIONAL LABORATORY
EST.1943

Electronic Structure Methods for Molecular Dynamics Simulations

PECONSLr. | r— I‘/l

UR) = min {Q R, p(r)] + %H PO e [p(r)dr = Ne} + V(R)

MR, = - V,UR) oN)

Parallelism

Non-line@rities —p Numerical sénsitivities —p
{UR), V,UR)} pd ) e

Shadow Molecular Dynamics
{%R,n), V;ZR,n)}

6raph-based parallelism
is possible!



Graph-based XL Born-Oppenheimer
Molecular Dynamics

Liquid Water . »5[C :
g <[ — asingle molecule
(H20)100 2 20
SCC-DFTB £
(LATTE) g 10
2 =) 5
o ’ S 0 i g ¢ WA dg "W R
408 0 5000 10000 15000 20000
' MD step
20 i

<

1
e}
<

¥ b

Energy Fluctuations (peV/atom)

40 — Partitioned subgraph O(N) BOMD, (1 DM/Step)

- Regular Diag. O(N3) BOMD, (SCF optimized)

| | 1 | 1 | | | 1
0 2 4. 6 8 10
Time (ps)

s Los Alamos AMNN “Next Generation Extended Lagrangian First Principles Molecular Dyabnamics" J. Chem. Phys. 147, 054103 (2017)
AT s TATORY AMNN et al. “Graph-based linear scaling electronic structure theory”, J. Chem. Phys. 144, 234101 (2016)
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Graph-based XL Born-Oppenheimer
Molecular Dynamics

EZ 1500 _

2. 10000 SCC-DFTB (Graph-Based) Low-rank Approximation
% 500 4,071 atoms, 128 subgraphs

~ K= (KyJ) 'Ky ~—cér—-r)
= 0 Y 4 c €[0,1]
s 0.1
> (KoJ) ™' ~ Z viM; ;fy,

o 0.05 I ol
E d

§ o M = O_l, Oi,j - fg;fvj
K -0.05F
< : : : : : : : : fn)=qn]-n vi,f, €K

0.004= NH "+ OH), _ + water b

% i ( 0 4 )216 fv 4 8f(1’1 )\V) .

a8 A B
0 . | . | . | . |
0 0.1 0.2 0.3 04

Time (ps)

> Los Alamos Negre, Wall & Niklasson, J. Chem. Phys. 158, 074108 (2023)
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Graph-based XL Born-Oppenheimer
Molecular Dynamics

Trp-cage in ammonium bicarbonate solution
64,112 atoms

» Los Alamos
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0.001}

RMSE AE (meV/at)
S
S

|
0 50 100

XL-BOMD
B Graph-based SCC-DFTB, dt =0.5 fs

64,112 atoms, Trp-cage + Water
2,048 subgraphs

| | |
150 200 250
MD step

Running on 32 CPUs

Negre, Wall & Niklasson, J. Chem. Phys. 158, 074108 (2023)
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Darwinian Algorithm Selection

The computational hardware environment
guides the choice of algorithms and software

& &

43_& ‘U': - ___.f_.
N

= Ot o . New Enyironment
computer games. S

‘ G =w. .. . Today Future
~10 Years ago New opportunity!

Moving some general scientific
computing tasks from CPU’s to GPU’s
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Darwinian Algorithm Selection

The computational hardware environment
guides the choice of algorithms and software

- — "‘-

— = T

— .

Y G New Enyironment

computer games

Today Future

dware |

| Exceptional performance
2 Nvidia H100 (1 PFlops)

Favoring low-precision
tensor contractions specialized
for Deep Neural Networks!



T
Darwinian Algorithm Selection

The computational hardware environment
guides the choice of algorithms and software

o
compuTer games

Today

To stay competitive, how do we use
AI hardware for more general
scientific computing tasks
such as QMD?



What is Al hardware?

Tensor cores, by Nvidia
The Tensor coresl!

A100 GPU SM FP16 ‘

FP32 | FP32 | FP32 | FP32 | FP32 | FP32

<ANVIDIA FP32 | FP32 | FP32 | FPa2 | FPa2 | FP32 TC1 102

TENSOR CORE

An Exponential Leap in Perfor:

FP32 | FP32 | FP32 | FP32 | FP32 | FP32

FP32 | FP32 | FP32 | FP32 | FP32 | FP32

FP32 | FP32 | FP32 | FP32 | FP32 | FP32 TC3 TC4

FP32 | FP32 | FP32 | FP32 | FP32 | FP32

Half -precision matrix multiplications
with single-precision accumulation

X=aAXB+ pC
Ideal for convolutional deep neural networks!

A = f (o JW (W f(Wo Xy + By) + By) + By)....)

Hundreds of TFlops on a single set of Tensor coresl!

- Los Alamos (1 PFlops on the latest H100)

NATIONAL LABORATORY
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Quantum-based Molecular Dynamics

Could this be possible?

/}\4
S Xo W By S, f(S)  Xi f(Sm-1) Xom
e ) ,
O z O‘ SN _'O ©
Q i ;' . N :" \,‘: ' w
= 4T LGS —»O =
Q o~ P . "la' ' i ° ' oam
0 S‘ ° ::" ::):" : ° -U
3 ~— o w : |‘|“: ! . 8
I e OB -

Input Layer Activation Function Deep Layers Output Layer

P = Jul- SJIWL AW f(Wo Xy + Bo) + B)) + By)..)
Tensor operations in half precision!

ib

s Los Alamos

NATIONAL LABORATORY
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SP2: Niklasson, PRB 66, 155115 (2002)
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Input Layer Activation Function Deep Layers  Output Layer
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Q
| 38
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£ S
£ T
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8 S
Il
e
T

Deep-NN SP2 (2nd-order spectral projections)
D = lim f(.. f(W,f(W, f(W,X, + By) + B)) + B,)...) ~O(ul—H)

n—oo

Wo = = I(emax — Emin) ™" Bo = €l(Emax — €min)" Initialization

A S, =WX,+B, W,=%1, B,=(1-W)S,_;, n>0

X, =f(S,_;) =S, Tensor operation S2 in activation function

0 1

Mixed Precision Fermi-Operator Expansion on Tensor Cores from a Machine Learning Perspective,
» Los Alamos Finkelstein, Smith, Mniszewski, Barros, Negre, Rubensson, Niklasson, JCTC, 17 2256 (2021);
AT s TATORY SP2: Niklasson, PRB 66, 155115 (2002)
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Quantum-based Molecular Dynamics

What do we do about the low-precision?

a =0.123456789

v N

pign = 0.123000 10w = 0-000456

a =X Ghigh+ dow



Quantum-based Molecular Dynamics

What do we do about the low-precision?

X, =f(S,_;) =82, Activation function
Double mixed precision matrix representation
Shigh e FP16[S]

R T Ty

2
X=£(S)= $? = (Shigh + Slow) . S}%igh + Shighslow + SlowShigh + Sl%)w

T
D
~ Spigh T ShighSlow T <ShighSlow)

Only Two Matrix Multiplications! Doubles the cost, but
Speed-up x 32

Thanks to Simplicity and Symmetry Gl o sl R

» Los Alamos

NATIONAL LABORATORY
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Why half precision?
Development of arithmetic performance

10001 WM double 32 2% 33.3x%

B half (tensor core)
800 1

Teraflops

~ P100 (2016) V100 (2017) A100 (2020) H100 (2022)
GPU (year)

AAAAAAAAAAAAAAAAAA



SP2: Niklasson, PRB 66, 155115 (2002)

Deep-NN SP2
X0y, % So f(S())_’ 6f(5m_)ésq
hOEN ~(:) N
-0

Input Layer Activation Function Deep Layers  Output Layer

A

(@;| Hpl| ;)

45
O
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=
| 9.
Q
0
Q
o

O
\Y
-
S
O
Q
| 38
a

H;

~~ o Jol = Z eiviv;-f 1
s i
Q :
<§ i : D = Z 0(,u = ei)ViV@T Z DUCOI(I')QDJ(I')
o~ T Z ij B
\|S|./ €3 =0(ul — H) = p(r)
m:b €2 0 Eband =Tr [HD]
€1
- Los Alamos Robust parameter-free stopping criterion
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SP2: Niklasson, PRB 66, 155115 (2002)

Deep-NN SP2

el o Pog ) % e X

5= O O+ O

-% <m —»Q:‘.‘:,"? P, O

U _N ° ‘,3(' ,\n' °

8 é : .'..',‘\‘t . .'.')u N :

o Refinement step in double precision
mb Input Layer Activation Function Deep Layers  OutpufLayer -
| &N H = Z €ivivl —1
3| z-
= .
= D=3 6(u—e)vivi Z Dy m)p/(x)
S i i
= e — 0(ul — H) p(r)
m:b €92 0 Eband =Tr [HD]

€1
.Los Alamos Robust parameter-free stopping criterion
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The Electronic Structure from a Deep Neural Network
Performance, FLOPS

128 — Deep-NN SP2 >120 TFlops
NVidia A100
64 (> 240 TFlops)
32—
S 16
—
[ QL
-

—a V100 TC DNN-SP2
o—o V100 GPU DNN-SP2
*— A100 TC DNN-SP2

0 5000 10000 15000 20000
Matrix size (N)

—_ N B~ o0
|

AAAAAAAAAAAAAAAAAA



The Electronic Structure from a Deep Neural Network
Performance, FLOPS

128 — Deep-NN SP2 >120 TFlops
NVidia A100
64 (> 240 TFlops)
nN 32+
3 16
=
= 3
4 =—= V100 TC DNN-SP2
7l o—o V100 GPU DNN-SP2
o—e A100 TC DNN-SP2
1 <4— CPU

0 5000 10000 15000 20000
Matrix size (N)

AAAAAAAAAAAAAAAAAA



The Electronic Structure from a Deep Neural Network

Performance, Wall Clock

A-—A Diagonalization (double-prec.)  nvidia
. m-m GPU-only, non-accelerated V100
— PP Diagonalization (single-prec.)

[U
)

. 9 Tensor core, non-accelerated
<1< Tensor core, accelerated

Deep-NN SP2

Wall Clock Time (s)
” S
I

I p A <« 140-60 x CPU
| | | | | | | | | | | | | | |
5000 10000 15000 20000
ey System size (V)

AAAAAAAAAAAAAAAAAA
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Electronic Structure Methods for Molecular Dynamics Simulations

UR) = min {Q R, p(r)] + %H pI)pr) drdr’

PECONSLr. | r— I‘/l

Pma:m}+wm

MR, = - V,UR)

Non-line@rities —p Numerical sensitivities —p Low-Precision
{UR), V,UR)} b ) ser

Shadow Molecular Dynamics

Using AI-hardware
is possible!



Quantum-based Shadow Molecular Dynamics
using Deep-NN and Al Hardware

AL Har'dwar'e Deep -NN

poln] = )" Dy (r)ep(x)
= ]
M, ,=—VUR,n)

XL-BOMD
n(7) Avoids SCF problems
and is much faster!
| poln] R(?)

H[R,n] =

J(S)
{ 52 }

IR

Y
. >
YR

>

n

n=- 0)2K Po[n] —n))

Dual mixed precision y XL-BOMD
X = f(S) ® Sgign + ShighSiow + (Shighslow) MR, = -VUR,n)| _ Shadow potential
Shigh = FP16[S]
Siow = FP16[S — Shigh]
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H(r) = — wZJK(r, r')(poln](r) — n(r")) dr




Water XL-BOMD simulations (SCC-DFTB)
using a Deep-NN and Tensor cores (Al hardware)
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Water XL-BOMD simulations (SCC-DFTB)
using a Deep-NN and Tensor cores (Al hardware)
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What about the noise?
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Include the numerical noise
from the low-precision arithmetics
as a natural part of a Langevin dynamics
in a canonical NVT simulation

XL-BOMD within a Langevin dynamics

Numerical Noise  Dissipation

dR; = R,dt, (internal)
gR = - (QZR SR e
= M, IR, ¢ T V] 4L,

n

ii(r) = — a)zjK(l‘, r’)(poln](x’) — n(r’))dr’,
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The Unexpected Problem!
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Our Solution!

Novel Canonical Integration Scheme

ot Non-standard
_ TC _
Visra = Vit oM (Fe® = rrcVi) Fluctuation-Dissipations
ot -
Riyip = Ry + o Tkt op = \/ kgT(1 — cp)/M
Vitsia = €L Vigra + 01 i orc =/ 2kgTyyc/ 6t
ot H(0.1
k+1 k+1/2 N k+3/4 1 — yL(St/Z
¢ = ————
ot L™ 14 y012

_ TC
Vi1 = Vipss + M (Fk+1 - }’TCVk+1)
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XL-BOMD with a "Langevin-like” dynamic
(Water, SCC-DFTB)
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Quantum-based Molecular Dynamics
using Deep-NN and Al Hardware

AI Hardware, Deep-NN
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Langevin-like dynamics
n(r) [ XL-BOMD

o, = \/ ks T(1 — c2)/M

poln]
Dual mixed precision . XL-BOMD
X=fS)~ Sl%igh 2oy (ShighS10w> MR, =-VUR,n) | : Shadow potential

Shigh = FP16[S] n(l’) - _ G)ZJK(I', l./) (po[fl](l',) _ n(r/)) dr’
Siow = FP16[S — Shigh]
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Quantum-based Molecular Dynamics
using Deep-NN and Al Hardware

poln] = ZDleOi(CD'

| _wxed precision . XL-BOMD
Y (0 O P W (ShighSlow) MR, = —V%®R,n)|  Shadow potential
Shigh = FP16[S]

i(r) = — a)ZJK(r, r’) (po[n](r’) - n(r’)) dr’
Siow = FP16[S — Sp;o]
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