6B TRWTRRT i 2 SHEF R

University of Chinese Academy of Sciences  g.pg0] of Advanced Interdisciplinary Sciences

Full Differentiable TDDFT Code for Neural ;4,3/

Network XC Functional, and Attention
Based Hamiltonian Learning Model

Yuan Jiao
School of Advanced Interdisciplinary Sciences, SAIS

University of Chinese Academy of Sciences

(¥
OH @C ON @0 ©OS

Geometry X = {Z,R}

Rotation R

~

(& C

-
DFT / Quantum Reference

SCF loop Hper(X)

Flp ;
j
Training target

P"ew 4 ! :
Np? | L2

Grad TDDFT

Al-native differentiable TDDFT in JAX

m
graph network  SO(2) equivariance  Hamilton

p
PHYSICAL PROPERTIES

Band
structure

Berry
phase
(w

E

P

Optical
response

W
o o

A

k

)

m-b Transport
«

\




B Full Differentiable TDDFT Code for Neural Network XC Functional
B Qhformer_V2-A Sparsity Attention Hamiltonian Learning Model

B DL-TDDEFT - A Code for Accelerating TDDFT

B Quantum Chemistry with OpenClaw, Hermes — Automatic

Materials Calculation Skills and Agents Team for Researching
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B Background — Neural Network Training and Automatic Differentiable Program

® Basic Theory of Differentiation

Analytical Differentiation
Derived purely by hand based on the

derivative formula, then coding

Numerical Differentiation

fQx) — f(x; — 4)
A

Fx) ~

Difference approximates derivatives

Symbolic Differentiation
Manual differentiation coding is implemented

based on certain recursive relationships
Automatic Differentiation

Based on the chain rule for derivative of

composite functions, operators propagate

gradients step by step on the computation graph

® Basic Theory of Automatic Differentiation

Think of the function ¥ = (fi fe—1fe—z - fifo)(x) and

the derivation on x = x of y

Forward Mode

xo = x and x; = fo(x0) X2 = f1(x1) ... X541 = fi (%)
xp =1

x£+1 = fl’(xl)x{

y' = x£+1

Backward Mode

Xp+1 =1

fi = fi+1 . fi’(xi) withi = k, k — 1, “er ) 1,0

= !

Xo =Y



B Background — Neural Network Training and Automatic Differentiable Program
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B Background — Neural Network Training and Automatic Differentiable Program
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B Background — Neural Network Training and Automatic Differentiable Program

® Neural Networ Forward Mode
Single-Layer Network

Yk Zl WiiXi X = h(%)

Yo = Z WpjXj

j
With Loss Function

1
L, = EZ(ynp - tnk)z
p

1) Input Layer 2) Hidden Linear Combination 3) Nonlinear Activation 4) Output Layer
i) (xj = h(}’j)) (}’p)

Q=
(—= ()

»| X _ tn2
@/\ @ h(yny)

() Neural Networ Backward Mode Input Hidden Layer 1 Hidden Layer 2 Output Target
x h® h@® y t
oL, 0L, Oy e z®» W@ 2® WO
— il ¢ 2% . Sl i - ) . —— G VO . ST 0 )
dwy; Oy dwy; L
_____ € o
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B Background — Neural Network Training and Automatic Differentiable Program
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Quantum Chemistry =P Result of Schrodinger Equation
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https://zhuanlan.zhihu.com/p/2037550749622735901

B Background — SIE and TDDFT

Vort (%, {R}) © p(x) & {;(x)} The Time-Dependent of XC Functional Vanished !
[— % V2 4+ Vert (X, {R}) + v (%) + v (x)] P;(x) = g (x) Casida-TDDFT
l Runge-Gross Theorem (1;1* /113*) (i) - (é —01) (i)
Vort (X, {R}, 1) + C(t) © p(x,t) © {Y;(x, t)e @D} ; Yex = Z Xqil3 Qi gr
[— S V2 + Ve (2, {RL, 1) + vy (0, ) + v (x, t)] Yi(x t) = lilp (x, 1) Wy = iyai@&’@il/{gr

l Linear-Response — Adiabatic Approximation

oF oF
FS%q; — xqiFY + Z ( : P:l X+ P‘” Y ,) PO = wx;, TDA-TDDFT
J

J0F; J0F;
0 0 0
F( )Yal yaLF( ) EP( )<6P:j Xbj + apjl:yb]> = WXijq

AX = wX

Yex = z xaia; ailpgr

ai

2

F., = [ drp:(x0) {— %vz + Vexe (6, (RY ©) + v (1,0 + v (1, t)} Yo (6, £) + goi (@) + AF)

Fad' = drii(xt) {——vz + Ve (1, (R ) + vy (1,8) + e (6,0} a2,



B Background — SIE and TDDFT

A, B Matrix and Response Kernel TDA-TDDFT Casida-TDDFT
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B GradTDDFT — GradDFT for Ground State

H2 Dissociation Curve - Functional Errors vs FCI (r = 0.15 A)

Absolute Error (mHa)
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B GradTDDFT - Response Kernel with Automatic Differentiation

® Total XC Energy

Exclp(m] = [ drefc[p()]

® XC Energy on grid eZ.[p(1)]

® XC Potential on Grid

dezclp()
v lp(r)] = 22

xclp(r)]
Falp(r)] = e

® C(alculated by jax

jax.grad()/jax.hessian()
erclp(M)] == vi[p(r)] =P filp(r)]

““python
def point_energy(variables: Array) Array:
rho_point = jnp.maximum(variables[0@],
density_floor_value)
if kind_norm "LDA":
grad_point = jnp.zeros((3,),
dtype=variables.dtype)
tau_point = jnp.asarray(0.0,
dtype=variables.dtype)
elif kind_norm "GGA":
grad_point = variables[1:4]
tau_point = jnp.asarray(0.0,
dtype=variables.dtype)
elif kind_norm "MGGA" :
grad_point = variables[1:4]
tau_point = jnp.maximum(variables[4], 0.0)

return eval_xc_energy_density(spec_norm, features)

return jax.jit(jax.vmap(jax.hessian(point_energy)))



B GradTDDFT - Response Kernal with Automatic Differentiation

® LDA

Eyc [,0 (r)] = f drex:[p(r)]

62exc
frelp(r)] = dp?

® GGA
Eye = f dreyc[p(r), Vp(r)]
B B de,. dVe,.,
SEyc = [ drée, [p(r),Vo(r)] = [ dr op 6p + Vo 6Vp
526, = [ar S 25 s su
xe ou,du, = "
Uv
® Meta-GGA
1
Be = J drec[p,Vp@),a] - ©==5 ) [VyP
0%y B v i
fXC - auvauu uﬂ _ [p(r)l p(r)’ T]

Hartree World




B GradTDDFT- Response Kernel with Automatic Differentiation

® HF Exchange Kernel

EF = [ drey! [p(r)]ey [¢(r)]

ar , @i () (r")

e 1] = Zcpp(r)qbq( ) dr = =

In A matrix of Camda equation

v ol with e = G0 PP
ai,bj — _aeff(ljla ) eff fp(r)dr

® PT2 kernel

prre = 5" WD) -~ @Bljo)

Ei+6j—€a—6b

L, [ dre?p1e?? (o)

ia,jb

PT2 _ Z paiij(r) [2(ailjb) — (iblja)]

ec —
Ei+Ej—Ea—€b

ia,jb

t2 c t2 az ftz t2
e 0 Ce Pl peapy gy 4 2 O] ppeay

xe du, 0u, du,0u,

Hartree World




B GradTDDFT- Response Kernel with Automatic Differentiation

® Approxmated PT2 kernel For Double Hybrid XC Functional In TDDFT

ai|jb)[2(ailjb) — (ib]ja)]

P { Jj a b

ia,jb
P12 [2(ailjb) — (iblja)]

_Z’D“”b() € t+e —€,—€

{ajb L j €a b

32ct%[p] 92eP[p(1)] 92t [p]
ptz _ pt2 ¢ pt2r 1 — Z_“¢C pt2 == Fixed Local PT2 Feature
xc auvau” e [(p(r)] + auvauu CC [p] auvau‘u eC [¢(r)]

® CIS(D) For Double Hybrid XC Functional In TDDFT

(1;4* f*)();)= (} 0)(X) With B = X + Y

oy, _Jly
pt2
Wpry = W + aeAPT2 9f = fcc [plp(r)dr
[ p(rar
PT2 Ul]ab ! ”
o _42 Cat e~ &~ &HTW Utjan = Z(““CJ)Bw (ab|ci)B; +Z(ka|u)3kb — (kb|ij)Byq
ljab a b ™ J l 4



B GradTDDFT - Differentiable TDDFT Kernel

from libxc to JAX

R ———— differentiable response core - - - - - - - - . !

I
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orbital energies e d“e l )
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Github.com/STOKES-DOT/GradTDDFT



https://github.com/STOKES-DOT/GradTDDFT
https://github.com/STOKES-DOT/GradTDDFT
https://github.com/STOKES-DOT/GradTDDFT
https://github.com/STOKES-DOT/GradTDDFT

B GradTDDFT - Differentiable TDDFT Kernel

Excitation-energy and oscillator-strength agreement

Molecule TDA TDA TDDFT TDDFT

MAE(Q) / eV MAE(f) MAE(Q) / eV MAE(f)
H20 1.3le-11 8.37e-09 2.97e-11 1.76e-08
CO 3.62e-13 7.22e-09 6.84e-12 2.82e-08
N2 5.86e-14 1.86e-22 3.72e-13 3.26e-22
C2H4 1.09e-11 3.13e-09 1.72e-13 9.22e-10
CH20 1.97e-12 8.04e-10 8.25e-13 3.11e-10
C6H6 2.87e-10 5.89e-12 6.98e-11 1.29e-07

Excitation-energy and oscillator-strength agreement

Molecule TDA TDA TDDFT TDDFT

MAE(Q) / eV MAE(f) MAE(Q) / eV MAE(f)
H20 1.31e-11 8.37e-09 2.97e-11 1.76e-08
co 3.62e-13 7.22e-09 6.84e-12 2.82e-08
N2 5.86e-14 1.86e-22 3.72e-13 3.26e-22
C2H4 1.09e-11 3.13e-09 1.72e-13 9.22e-10
CH20 1.97e-12 8.04e-10 8.25e-13 3.11e-10
C6H6 2.87e-10 5.89e-12 6.98e-11 1.29e-07

PBE/def2-SVP, restricted singlet, first five states per molecule.



B GradTDDFT - Training Modes in Neural Network XC Functional

Science. 2021;374(6573):1385-1389

e  Ground State

Coeffcient Functions
colp](r) = (c1,0lp](1), c2,6l0](T) ... i 0 [P] (1))

Energy Densities

e[p]l() = (e1lpl(M), ex[pl(T) ... ex[p](T))

Loss Function

1 1
— mz(Epre - Etrue)2 + FZ(ppre - ptrue)z
[ [

* Excited State
jax.grad(XC)/jax.hessian(XC) on Grids

colpl(Mezc[p(r)] == vi[p(r)] == filp(r)]

1 1
= FE(Epre - Etrue)z + N_z(Epre - Etrue)
{ [

A

regression

SCF o

o

network architecture

=
x(ry) },{[l)\
. Bxe
features eLDA
s, x(r)
" o
4 t&o enhancement
R TR = factors
& g
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B GradTDDFT - Training Modes in Neural Network XC Functional

* Fixed-Density Mode

l molecule
Do = Dret Ninitial
L=L(6,D
(6,D) |D=Dref
VgL = 0gL(6,D ) |D s with dgD = 0 |iteration 1~—
=Vref

* Explicit SCF Differential Mode
L = L(8,Dy) with Dg = TE-(Dy)
VQL = agL(e, Dg) + GDGL(G, DQ) : ang

with dgDg = Y1 [TXZ4 10, TE £ (D)]89 Teer (D)

* Implicit SCF Differential Mode

KS self-consistent calculation

L = L(8,Dg) with Dy = Tg¢r(Do)

R(Dg,0) = Fg(Dg)DgS — SDgFg(Dg) = 0

doR

VgL = 0gL(0,Dy) +0,,L(6,D
2 6L(6,Dg) Pe (6, Dy) dp,R Phys. Rev. Lett. 126, 036401




B GradTDDEFT - Training Modes in Neural Network XC Functional
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B GradTDDFT - Training Modes in Neural Network XC Functional
I}  B3LYP basis channels

Local energy-density components on a quadrature grid

* Quadrature grid point

B}  B3LYP prior initialization

not from scratch

r N
Neural mixing
module
Initial coefficients
(B3LYP)
0.08
@
0 0.5 1
0.72 0.72
€
0 0.5 ) €ul®)
0.19 (initial)
-
0 0.5 1 >
0.81 0.81
o—
0 0.5 1
0.20
. @
0 0.5 1
-7
Initial coef?icient vector (B3LYP)
0.08 0.72 0.19 0.81 | 0.20

¢ = (0.08, 0.72, 0.19, 0.81, 0.20)
J

€x(7;): local energy-density value

Start near B3LYP, not random zero

4 )
Spatially varying

: &: coefficients
' ' cx(r)
r"‘\ Y /‘

Trainable local mixing

. . 5
I a Mixed local ‘
M Exe(T) |
S kil )
dnt J
M

NG el RN
s A
Training loop
N
- ( Energy Excitation = Density Gradients i
w ; V®8E
* e
(molecules) | j \ : |
& S/
T Update ¢ (7)
Y,




B GradTDDFT - Training Modes in Neural Network XC Functional

® Implicit SCF for H,” Ground State with def2-SVP, grid level = 2

* N-electron system

p(r’)
Ir — 7|

* One-electron system(|r| = o)

Veff(r, R) = Vext(R) + f dr’

1
Veff(r: R) = Vext (R) +-—

|r| + VXC(T)

* Loss Function

1 1 z
L= NZ'ENN — Epci| + FZ(ENN — Epcr)? ?

1
+ Nz > (pnn — Prer)?

10725

+ vxc (r) 10'3-E

Training Total Loss

10’43
1 ] 1 1 T 1 1 1 ]
0 250 500 750 1000 1250 1500 1750 2000
Step
Ground-State Curve
.‘ —— @Xact
—0-257 | neural
—-0.30 “‘ e train points
035 |
-0.404 |
1 1
-0.45 - = =
Hy ~Hz 4+ Hz ?
-0.50 - A .
-0.554 | g
-0.60 - \_~
| 1 1 | 1 |
1 2 3 a4 5 6

R (Angstrom)

eV

1072

10—9 -

1072
1073
1074

1073

Density Constraint Penalty

1 1 | T 1 ] 1 ] 1
0 250 500 750 1000 1250 1500 1750 2000
Step
Absolute Energy Error

1 | 1 | | 1
1 2 3 4 5 6
R (Angstrom)



B GradTDDFT - Training Modes in Neural Network XC Functional
® Implicit SCF for H, Ground State with def2-SVP, grid level = 2

Training Total Loss Density Constraint Penalty
 Static Correlation Error Loe] -
2 L3 L3 L3 f
ds Binding Orbital 102
o2 Antibinding Orbital L] 1073
10 4-§
« MCSCF
_ 2 2
1/) - Cu(:b(o-g) + Cu(p(o-u) :
107° 5
e Hartree-Fock 0 250 500 750 1000 1250 1500 1750 2000 0 250 500 750 1000 1250 1500 1750 2000
Step Step
_ 2 _ 2 Ground-State Curve Absolute Energy Error
= (0] = (o) ;
ll)l d)( g) 1/12 (.b( u) o0sd | — loxact :
1r:|elfral - 1014
. | ) rain points E
* Loss Function 1004 f= ————
© e
T RNy / -2
1 1 o3 ~1:057 > 1073
— (] ]
L =—Y|Eyy — Erci| + —5 X (Exny — Erc1)% . ]
N N < -1.05 -3
1 w -1.10 1072 5
2 e ; ]
+ N2 Y (pnn — Prcr) _1.15- . s .
0w 5T s es 1o 11 1073
1 2 3 a 5 1 2 3 a 5

R (Angstrom) R (Angstrom)




B GradTDDFT - Training Modes in Neural Network XC Functional
® Implicit SCF +Explicit TDA for S, of H, with def2-SVP, grid level =2

18 A

16 A

Excitation energy (eV)

10 1

10-1 4

T 10724

10-3 4

S1 Gap Curve (TDA)

14 A

12 A

= FC| S1 gap
- Neural TDA S1 gap

H-H distance (Angstrom)

S1 Gap Error (TDA)

= S1 gap abs. err. (eV)

2

3 4 5 6
H-H distance (Angstrom)

18 A

16

Excitation energy (eV)

10 1

100 4

10-1 4

- 10724

10-3 4

1074 5

S1 Gap Curve (TDA)

14 A

12

® —— FCIS1 gap

- Neural TDA S1 gap

H-H distance (Angstrom)
S1 Gap Error (TDA)

—— S1 gap abs. err. (eV)

1 2 3 4 5 6
H-H distance (Angstrom)

Broadened Intensity (arb. units)

Broadened Intensity (arb. units)

0.5 1

0.4 1

— FCl
= Neural TDA

d
w
1

o
H
1

o
w
1

o
N
1

o
=
1

20 25 30
Excitation Energy (eV)

e FC|
= Neural TDA

g
o
1

A
A

20 25
Excitation Energy (eV)

30 35



B GradTDDFT - Training Modes in Neural Network XC Functional

® Fixed Density for Ground State-QM9

Reference HOMO
is0=+0.050

Neural_xc HOMO' ™~
is0=+0.050

Reference LUMO
iso=+0.050

Neural_xc LUMO"~
iso=+0.050

X & ¢

S

Train split mean spectrum (24 molecules)

Test split mean spectrum (6 molecules)

= B3LYP/6-31G TDDFT ——— B3LYP/6-31G TDDFT
0.4 1 —— Neural_xc TDDFT —— Neural_xc TDDFT
~O=0~-C=0
0.3
3
&
=
o
g 0.24
2
o
n
Qo
<
0.1
0.0
0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0 0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0
Energy (eV) Energy (eV)

Predicted ground-state energy (Ha)
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B GradTDDFT - Training Modes in Neural Network XC Functional
® Implicit SCF +Explicit TDA for S, of QM9 with def2-SVP, grid level = 2

QH9 10-molecule set for the low-memory S1 run

QH9 10-molecule S1 training loss curve
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B TD-GradDFT - Failure of Full Absorption Spectrum Calculation

® TDDFT is not a rigorous theorem for excited state wave function

CIS = ¢o + z xal(pa

ijk
FCI ¢0 + 2 Cal(.ba + z Calb]¢ Z Calb]Ck(pa]bc

aibj aibjck

® No Ground Truth has a good performance both on ground state and excited state for complex electron configuration

But !
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B GradTDDFT - Functional and Outlook

® Functional
* Differential SCF code with three modes and differential LR-TDDFT code
 HF and PT2 local energy density hybrid and CIS(D) based TDDFT for Double Hybrid Functional
 GPU/CPU Integral Modules for DFT/TD-DFT
* General XC Functional Library based on JAX-XC and General Base Set Library form PySCF

* Fractional charge evaluation and differential unrestricted SCF code

® Outlook

=@— step 0: a=0.23, B=0.22
=@ step 25: a=0.41, $=0.17
== step 50: a=0.53, $=0.14
==+ B3LYP: HF=0.20

=== PL line (final endpoin(s’)

800

* Lower GPU Memory Usage for Large Systems!(Hard For
Most Differentiable DFT)

* Automatic Differentiation for Geometry Optimization and

E(N + g) — E(N) (mHa)

Response Properties of molecules

o O
1 1

* General Neural Network Designing, Training, Evaluating

deviation
(mHa)

Framework for Quantum Chemistry-GradSCF

'&.—“
N-1 N-0.5 N N+0.5 N+1
fractional electron displacement q




B Equivariance in Neural Network — Covariance in DFT Hamiltonian

Relative Computational Cost
)

= DFT Computational Complexity O(N?)

A
N=600
Cost: 218M

N=300
Cost: 27TM

N=100
Cost: 1M
Major Complexity Sources:
* SCF Self-Consistent Field Iterations O(N?)
0 200 400 600 800 1000

Number of Electrons (N)

QM-monomer/MM

Phys Chem Chem Phys. 2024;26(26):18418-18425



B Equivariance in Neural Network — Covariance in DFT Hamiltonian

Kohn-Sham Density Functional Theory Equivariance in Atomic Basis Function
o e [ e
Vot (X, {R}) © p(x) © {Y;(x
ext { } P {lpl( )} Xj (x) — Rnl (T‘)le (0)
A=Hy+7 p(x) = Z W7 P (x)

m'=-1

p(xx)-thl(x)w ()

[——VZ + Vext(x; {R}) + vH(x) + vxc(x)] 1pi(x) — gilpi(x) )(j(R . x) — D(R))(j(x)

I I
1 I
I I
1 I
I I
1 I
I I
1 I
' ! ’ E l
1 I
I I
1 I
I I
1 I
I I
1 I
I I
1 I
I I

Phys. Rev. B 136, 864 (1964).
Atomic Basis Function l
Hamiltonian Matrix in Atomic Basis Function Covariance in DFT Hamiltonian Matrix
o o o o e e o e o e o o e e o o e [

Yi(x) = Za: CaiXq(X) HC = eSC H' = H';; = 2 CiCo; xi(R-X)Hx;(R - x)

H=Hy = ) CaiCoy i ;%) H' = DT(R)HD(R)



B Equivariance in Neural Network — Rotation Matrix in Winger-D Representation

Rotation Matrix in Euler Representation

M(a,B,v) = Rz (@R, (BIR;(¥)

COSa COSy —cosf sinasiny —cosf cosysina—cosasiny sinasinf
= cosysina +cosacosf siny cosacosf cosy—sinasiny —cosasinf
sin § siny cosy sinf cos f3

Rotation Matrix in Winger-D Representation

0 1 Irreducible representation

1 10x0e + 5x10 + 2x2e
10 - “u, ‘
15 - %l
- -"._ 10 Even Scalers, 5 Odd Vectors, 2 Even Second-Order Tensors

.5. ‘
25 1 l‘
- g D! =10D° @ 5D @ 2D3
T ..



B Equivariance in Neural Network — Tensor Field Network

® Tensor Product in SO(3) Representation-Winger-Eckert Theorem

Iy Ly _ § E l3mg3 L b
Vl ® vl — Cll,ml,lzmz V1m1v2m2

mi=—1l1 my=-lIy

Vil R Vil — ylli—lz] D plli=lz]+1 D plli=lz2]+2 DD pllatiz]
® Massage Passing in TFN

z f; ® h(Il %5 )Y (H % ">

V(]) — {0: [[[mO]], [[ml] ]I Global .
acm 1: [[[vOx : iRl . | ‘ i 0 0_»0 0 050 0 0 050 0 0 OPoolmoftmax

>€ f (4 x 8]
\ [4] [4]
1 :dictionary key, / {eee] =1 ] o] === —1

sew * sew
[ ] point index, a ? »—
re Key =» L=0 Convolution +=+ Self-interaction Concatenation
[ ] represental

- L=1 Convolution Nonlinearity D Fully Connected



B Equivariance in Neural Network — Basic Architecture of QHformer
QHformer Model Architecture

S0O(3)-Equivariant Hamiltonian Prediction with Inner Product Attention «——

(@ )
© Molecular Geometry 4 © Inner Product Attention GNN 2
repeated x L layers
LE N J / \
: - R - ( Hamiltonian Head
- /& B
; ; e 73 N
: ::’:r':i‘:";;s - (4) Tosdgér)n::eddmg = l edge Y;,, Seff blocks | [ Pair blocks p "
i rreps o ’ . H,. :
3 ; = (tensor szoduct =P | I I | | LJ > ; : 0 Predicted
) with edge harmonics) Hamiltonian H
(@ ) F 4 l |
@ Graph Construction NI 7 B
Vii | & )\ J
\\ _ - ) (equivariant = I I | I l I | S > l
) @ message) l
[l ; (&
— 77 — N Equivariant Expansion
el yj = softmax((Qs, Ky)/T) || g fllieps .
radius graph full pair graph >, (over neighbors) kept in Q/K EH:_ .
* feature irreps \ ‘ * m '_
) Oe || 1o ‘ 2e [30 = de Y.a:;V.: = l I | | L |... O invariant logits, s ‘ 3 batch Xfhors X¥lory
© Edge Encoding - -, et ] equivariant - N . J
RBF distances [ | | | |- e Assemble;r symme:rlze
H«+« =(H+ HT)
spherical harmonics Y}, [ el D:D:DJ t % //
PR - . o,
>
residual

[ C] Graph / Data D Node Representation C] Core Attention (Innovation) G Hamiltonian Head [j Qutput ]




B Equivariance in Neural Network — Basic Architecture of QHformer

Step 1: Get nearest neighbours and relative positions

InnerProduct Attention Mechanism
q; = Linear(x;) )‘_}
ki = TP (x;,Y(ry)) 7O - |
IP(qi, k) = 5yZma; ™ - I
vy =TP (x;,Y(ry))

a;; = softmax(IP(q; k;)/Vd)

Step 3: Propagate queries, keys, and values to edges
V,‘j — W‘ (XJ' a XVI') fj
k,’j . W]\' (Xj = XI‘) fj

Aggregate Message with Invariance Attention Score J_’

m; = Ljen(@)%ij * Vi

’_
Xi = Xi + Wout'mi



B Equivariance in Neural Network — Basic Architecture of QHformer

Loss

Learning Rate

Training Progress - 100% Data
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B Equivariance in Neural Network — SO(2) Convolution Core in DeepTB-E3

SO(3) Convolution Filter

lmlf( ry) = Rlinly (|r,]|)Ylf (

l Rotation

SO(2) Convolution Filter

)

|r,]|

plint l
£ (ry) = R (g 1! ()
ij

~ 0 (R (Jry )1

SO(3) m order
-3 -2 -1 0 1 2 3
L=~111
- L B
=
1T R IIT
’lm"‘ "o e- D TR A
20N AU N 20N R AR
SO(2) 7\ /Y O S N Y
SLEL @ o) Kod L)
3 2 1 0 1 2 3
k degree
% Y
“ “
rij - y
* 7 % 7
|7'ij| ¥ . y
% |
(lm) 1,m,) (2,m,)
C C o), (1,0) Ce.

-0.19




B Equivariant Neural Network — SO(2) Attention Mechanism in SE(3)-GAT

. Inner-Product Attention Mechanism * SE(3) Head Splitting Strategy
q; = Linear(x;)
kij = SOZCOnU(xj;Tij'Wij)
Vi = SOZCOnv(xj;TijiWij) *

) =g oG M
IP(qi kj) = ZiZma; ™ - k; gh e RFCHD j— 0123 H

ql; e RMix(2l+1)

a; = softmax(IP(q;, k;)/Vd)
* Message Passing * SO(2)-Attention Mechanism

[ Tij
m; = jEN(i)ai]' ) vij Uj = SOZCOTLU(X]',TL']',WU) = D_l(R)X]Yn{r (R . _]) Wij

|rij

~ I T.::
k] = SOZCO”U(X]',TL']',WU) =D 1(R)X]Yn{ (R i) Wij

x{:xi-l'wout'mi | |
ri]-



B Equivariant Neural Network — Hybrid Attention Mode Inspired by DeepSeek V4 Pro

Compressed Sparse Attention(CSA)

[ Shared Key-Value Multi-Query Attention ]
1 A
Concatenation ]
£ e :
Sliding Window Selected | Lightning Indexer l
KV Entries Compressed [ |
KV Entries I Index Scores |
Top-k [ [I]]ﬂ l Multi-Query } I
Selector [ Attention |
[ ' |
Compressed I Compressed |
KV Entries | Indexer Keys CE[AID Indexer Queries | Queries
| |
Token-Level I Token-Level l
Compressor [ Compressor }
A [ 1
I
| |

Hidden States of KV Tokens Hidden State of Query Token




B Equivariant Neural Network — Hybrid Attention Mode Inspired by DeepSeek V4 Pro

s 1\
MTP Modules = = = w = v &  MTP Loss

\ J

S
Prediction Head = = = m= = = % [MlLoss

Heavily Compressed Attention (HCA)

Transformer Block xL
[ Shared Key-Value Multi-Query Attention ] ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,
y
Post-Block Mixing O0000
Concatenation
a
Sliding Wind i DeepSeekMoE
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1 KV Entries 1 E
[ oren-Level \ Queries @OOOOO% >[ Pre-Block Mixing 00000
Co l

mpressor
Post-Block Mixing HOOOOO|
2

r
| [ CSA / HCA ] |
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E D[ Pre-Block Mixing OO0000O E

____________________________________________________________________

[ Embedding J
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B Equivariant Neural Network — Hybrid Attention Mode Inspired by DeepSeek V4 Pro

® CSA in QHformer

rij = lo([sij, ai;])

ef** = TopKien)(1ij; kesa)

l Only j € 54

kij = SOZCOTlU(Xj;rij;Wij)

vij = SOZConv(xj,Tierij)
;= softmax(IP(CIi»kj)/\/‘_i)
m; = ZjeeiCSAaij " Vi

,—
Xi = Xj + Wout "m;

CSA | invariant top-k . /V only on

indexer ; incoming N selected edges

(invariant Q. _o edges o\ -0
sparse) o-—30_ —~

[02]10 1] ]-
\ J/

g 9

O/O\Lo

® HCA in QHformer

kij S VLmax Vij € VLmax

l Only [ < L, and j € 54

kij = SOZCOTlU(xj;rierij)

vij = S02Conv(x;, 1, w;;)

a; = softmax(IP(q; k;)/Vd)
m; = ZjESiCSAC(i]‘ " Vjj

xi =x;+ Woyue - my

o~

compresséd K/V: pad high-I
:-'CA I < hca, Imax ‘ values
.hybrid —> T ="
cmand) K AT tl:I:I:L__
vV ] - KEEI:IL ________
, @




B Equivariant Neural Network — Basic Architecture of QHfomer v2

Github.com/STOKES-DOT/QHformer

e D G
MOLECULAR GEOMETRY {Z, R} i QHFORMER v2 BACKBONE PHYSICAL CONSTRAINTS / OUTPUTS
{; )
X ( Q 0 D
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( II I channels g
Rotation R 9 HCA + SO(2) K/V | 2 z
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https://github.com/STOKES-DOT/QHformer
https://github.com/STOKES-DOT/QHformer
https://github.com/STOKES-DOT/QHformer
https://github.com/STOKES-DOT/QHformer

B Equivariant Neural Network — Basic Architecture of QHfomer v2

Median inference time (ms)

Acene Hamiltonian Inference Speed, cutoff=7 Angstrom
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Acene Hamiltonian Inference Peak Memory, cutoff=7 Angstrom
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B Equivariant Neural Network — Benchmark on MD17

Sample 1 - Ground Truth
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Equivariant Neural Network — Benchmark on MD17
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B Equivariant Neural Network — Functional and Outlook

® Functional

* A New SO(2) Attention Mechanism for Graph Transformer Inspired by DeepSeek V4 Pro
* Basic SE(3)-Graph Transformer Architecture for Molecular Representation

* Efficient and Accurate Hamiltonian Learning Architecture for DFT Calculation

® Outlook

SE(3)-Graph Transformer Architecture Training for other Equivariance-Need Tasks
SO(2) PairNet and SelfNet Modules or Better
Combine with Full Differential DFT/TDDFT Code

Combine with HamGNN, DeepH-2...(Graph Transformer based Hamiltonian Learning)



B DL-TDDFT - Accelerating TDDFT with CIS-like Graph Neural Network

Davidson Method Based Graph Neural Network Based

* Subspace

Vm - [171, vz, ...,Um] Wm - AVm

e Residuals

Hpy = VTZl‘AVm - VTT]lWWm 0; = focc(Mi) Vg = foir(Mg)

Hpyyk = 0kyr, Xk = Vink * Edge

T, = Axy — O, eai = foir(Mai)  Mai = [Tair D€qi dgil

. ° 1 11
« Expansion Interaction and Transition

— l l l
Zai = fint([oi ® vclv 0; — Ué, eai])

ty ~ (diag(A) — 6, I)7'ry « Pair-Pair Decoder

V(m_|_1) - Orth([vm; tll tZJ ]) Dai,bj = f([Zai ® ij; Zai — ijr ¢ai,bj])



B DL-TDDFT — A Test for Accelerating TDDFT

Broadened intensity

Broadened intensity

Water in Full Excitation Space - training set
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B DL-TDDFT — A Test for Accelerating TDDFT
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* Good Enough? Right Enough? Differential
Molecular Systems?
 Compared with SpaiNN?

e Phase Random?

* DF/Cholesky bipartite GNN
* Four-index AO/DF entry features

Uracil in Excitation Subspace(64x64)
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0.20 A

=4
=
v

Broadened intensity
o
=
o

©
o
]

0.00 1

= True TDA-TDDFT
—— Learned K + TDA

3.5 4.0 4.5 5.0 5.5 6.0 6.5
Excitation energy (eV)




B Background — Inspiration From Claude Code

Water Molecule: Setup and Calculations Comparison of Different Functionals

Computational Setup:

@ Molecule: H,O (water molecule)

@ Method: TDDFT with various functionals Key Observations:

o Basis Set: 6-31G(d) and 6-31+G(d,p) o PBE underestimates excitation Functional Peak (eV) Intensity
o Functionals Tested: energies PBE 7.2 0.85

o PBE (GGA functional) o B3LYP provides better agreement ~ So-L T 7.8 0.92

e B3LYP (Hybrid functional) with experiment CAM-B3LYP 8.1 0.88

o CAM-B3LYP (Long-range corrected hybrid) Exp. 7.9 -

o CAM-B3LYP improves for

charge-transfer states Table 1: Comparison of excitation energies

Vibe Coding Approach: | o
) ) @ Basis set effects are significant
@ Used natural language to describe requirements
@ Al assistant generated Python code for TDDFT calculations
@ Automated spectrum plotting and analysis

@ Interactive refinement of visualization

Yuan DFT Theory Feb.15, 2026 41/55 Yuan DFT Theory Feb.15, 2026 43/55



B Background — High Throughout Materials Design

github.com/silico-quantum/tadf-screening

TRADITIONAL TADF SCREENING VS. OPENCLAW-POWERED AGENTIC WORKFLOW

TRADITIONAL MANUAL WORKFLOW Candidais Lileary OPENCLAW-POWERED AGENTIC WORKFLOW
o . . . OpenClaw
User Target —» LLM Pl —>
PAIN POINTS n @ Define Target ‘ ser large éB M Planner |QI Agent
target wavelength and

emission type
@ Blue: 450-490 nm -/v- f>=10.05 @ Miitios KEY ADVANTAGES
emission

Slow
@ l @ Green: 500-570 nm @ Delta Eq; < 0.10 eV

% Build Candidate Library -
donor-acceptor sy O
topology design » ’ o {@} Initialize | _ OPENCLAW SKILLS

{b Manual l topology, count, mode

J

Automated
Screening

\
]
¥ Lo Ogb Topology Builder
B Caliclations Massll c}ﬁ Generate Candidates | ’ [:] Reproducibility
4 " ;; T"‘DCS ;;"’“5 MY i SMILES to XYZ :
"\b Lot 9 o :
A Error-Prone ITEAEDIES . ! xTB / TDDFT
TADF Hits [\ A xTB Pre-screen | _ :_ - } .
l gap, energy, termination | III' Scalablhty
n Blue Green v :
. 504 500-57 &3
I I Parse Results and Select Hits 4:0__49‘0 2"" :0_0_:_ _0_’"? o €2 TDDFT Validation : -> EE HPC Runner
[ ] Delta Ee. k z 10 ! : | ! a ) o | =3
. spectra, Delta Egr, Kpapg g : : i 1‘ C=) emission, SI/TI, remote HPC : 4 Faster
g 0s ! N v ! I Discovery
E | i /\;{:{"A:T»\ ;\ (@) Elite Candidates JI“ = E‘; Parser + Recovery
Z 00 e TS i spectra + Kyypy
375 400 425 450 475 500 525 550 575 600 625
f Wavelength (nm) %
o OpenClaw orchestrates the full TADF screening pipeline—automating design, computation, and decision-making [~ gl

to deliver high-confidence emitters with precision and speed.
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B Openclaw and Hermes — Basic Architecture

. # Hermes A - AI Computational Chemistry Partner
# Silico @ - AI Research Partner

## Architecture
## Architecture
| Layer | Components |
s [ |
x*Identity** | Hermes Agent - USER PROFILE - MEMORY |
x*Memory** | persistent memory -+ session history - reusable skills |
xxIdentityxx | xxTasks** | todo : cron jobs - delegated subagents |

xxMemoryxx | **Skills*x | PySCF - xTB -+ Browser * Feishu - GitHub - visualization |

Layer | Components |

xxWorkflowxx* | . - task plans | :
## Runtime
**Skills** | OpenClaw tools - chemistry workflows - automation modules |
*xHostx*: Local Hermes environment + Feishu DM
## Runtime *xLocal Computexx: PySCF, Python, matplotlib, file/workspace automation
xxExternal Access**: web search, browser automation, messaging tools

X **Modelxx: OpenAI GPT-5.4 (current session)
xxInterface*x: Feishu DM

*xExecutionx*: Local macOS environment + optional remote HPC
*xModels**: Configurable LLM backend

*xAutomation**: Scheduled research and workflow jobs Computational chemistry workflows (PySCF, xTB, spectra, PES, MD analysis)
Scientific scripting, plotting, and reproducible project pipelines
Web lookup, browser verification, and literature cross-checking

## Key Capabilities

## Key Capabilities Sub-agent orchestration, file management, and result delivery

Quantum chemistry workflows (DFT, TDDFT, xTB screening) ## Working Style

Feishu docs / drive / wiki / messaging automation

. . Direct execution first, then concise reporting
Web research, code execution, and repo maintenance

Prefer reproducible scripts over manual operations
Long-running task orchestration and progress tracking Scientific correctness over cosmetic imitation
Fast +iteration with explicit documentation of approximations

## Self-Evolution (OpenSpace)
## Self-Evolution

Every task teaches - Every failure L plnsiil Every task teaches -+ Every correction sharpens the workflow

https://github.com/HKUDS/OpenSpace



https://github.com/HKUDS/OpenSpace

B Openclaw — A Standard Skills Group For Quantum Chemistry Calculation

& Core Skills pyscf/
— SKILL.md

I— VERSION_UPDATE.md
— references/

— theory/
| — pyscf-advanced.md

1. 8 Structure & Sampling

» Molecular Sampler: Extract and sample molecular structures from cluster/ONIOM files. Union-Find molecule
identification + distance-sorted neighbor sampling.

« RDKit Chemistry: 3D conformer generation (ETKDG), molecular descriptors (LogP, TPSA), and Gasteiger charge | — pyscf-api-reference.md

L— practice/
|— 2d-potential-energy-surface.md

e XTB Cluster MD: Semi-empirical MD (GFN-FF/GFN2-xTB) for organic molecular clusters with automated
trajectory animation.

I— emission-spectrum-guide.md
2. / Electronic Structure Computing

|
|
|
analysis. | | L— pyscf-jax-integration.md
|
|
|
|

L— emissi on-spectrum-workflow.md

scripts
» PySCF: Python-based quantum chemistry. Supports Ground state (HF, KS-DFT), Excited states (LR-TDDFT, |—_ ]

L .
TDA), and Post-HF methods. L ldft-CﬂCUlat‘ on.py
t
« MOMAP: helper for molecular photophysics and charge transport. Predict radiative/non-radiative (IC/ISC) rate If =4 lvsi
constants and quantum yields. |_ ana 151 S.py
cascf.py

3. W Analysis & Visualization — ccsd.py
I— dft.py

« Multiwfn: Advanced wave function analysis. Population analysis (Hirshfeld, ADCH, CM5), bond orders, and |_ geometry.
spectroscopy (UV-Vis, IR, Raman). |— mp2.py

» xyzrender: Command-line driven, publication-quality molecular graphics. Supports transparent backgrounds, |__ pes.py
bond orders, and orbital rendering. I— scf.py

» Orbital Analysis: Streamlined workflow for MO composition, energy level diagrams, and isosurface generation. |_ spectrum.
L— tddft.py




B Openclaw and Hermes — A Standard Skills Group For Quantum Chemistry Calculation

Basic Ground State Calculation

O

Molecular Dynamic Simulation

Aggregation Dynamics
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B Openclaw and Hermes — A Standard Skills Group For Quantum Chemistry Calculation

Basic Ground State Calculation Molecular Dynamic Simulation Visualization

o8O

Molecular Dynamic Simulation

(3 ,,
Random gﬁp Sy

Distribution
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B Openclaw and Hermes — Skill For TADF Materials Design

Stage 0: Initialization
L screening_workflow_initializer.py
L confirm: topology, sample count (default 10k), +interaction mode

Stage 1: Candidate Generation
(D-A, D-A-D, A-D-A, D-pi-A...)

L SMILES - .Xyz structure generation (export to manifest.csv)

F— build_da_topology_library.py

Stage 2: xTB Pre-screening
F— Input: manifest.csv (idx, name, xyz_path)
- run_xtb_batch_manifest.py - xtb_progress.csv
Required columns: idx, name, xyz_path, status, detail,
total_energy_eh, homo_lumo_gap_ev, normal_termination
A If xTB ok=0 -» STOP and diagnose

Stage 2B: TDDFT-xTB Wavelength Filter (optional)
(- run_tddft_xtb_filter.py
Filter: emission in target range, f = threshold

Stage 3: TDDFT Validation (remote)
|- se optimization

F— Excited-state optimization (S1 for TADF/Fluorescence; Tl for Phosphorescence)

- vertical emission
L Gate: AE_ST < 0.10 eV, f = 0.05, k_TADF > 10* s-'

Stage 4: Elite Candidates - downstream analysis

"project": {

"name" :
"compute_tier":
"interaction_mode":
"question_mode":
"max_question_rounds":

}!

"system_hardware_profile":
"hardware": {

"platform":
LR ’
"cpu_cores_logical":
"gpu": { "available": , "count":
}s
"hpe_slurm": {
"remote_hpc_hint":
"slurm_detected":
"sbatch_in_path":
"squeue_in_path":
"slurm_env_present":
}

}!

"photophysical_targets": {
"emission_range_nm": [ -
"emission_type": -
"spectrum_width_requirement":
"default_fwhm_ev":

1,

"fragment_database": {
"builtin_sources": [
"augment_with_custom_db":
"custom_db_paths": []

}!

"assembly_topology_rules": {
"topology_preferences": [

’

"names":

(]

}




B Openclaw and Hermes — An Example For Bule Light OLED/TADF Materials

Blue TADF Candidates (450-490 nm, f > 0.05)

&0 [skill tadf-screening T 450-490 nm |
1.01 | 5
=
2th%l tadf-screening TL{Eifi. g’
FIBAOKMEEE, BRMEERETR: g 0.8 1
Bfn R AR, TADF /[ fluorescence [ phosphorescence n
BinA5SCHE, fla 450-490 nm J Bies
REBREH, URIMESMH BT g
#h#h, D-A | D-A-D | A-D-A | D-pi-A [ D_n-A [B& 0
IR, BRIA 10000 = 047
IFEEIRFRW profile, tE#l marcus; YRER xtb4stda/stda , BRERUEHETR §
BIETE, BIAS 5 HPRE. §10 HH#0R S 0.2
MRMFEEE, BEREE )
“FH RS TADF, 450-490 nm, D-A-D, 10000, marcus, fFRERMETE, R\ 00 | > . | . | :
BT 350 375 400 425 450 475 500 525 550
Wavelength (nm)
FH RN TADF, 450-490 nm, D-A-D, 10000, marcus, AFRERMETR, HiAkE, = = EEEETC’\;N - ‘ég;xi& = gg;ggz Eﬁiﬁgii
marcus#IHAN B ssh ->marcus2fssh marcus, {ERBslurmi#{TIREMHITHE —— CBZ-DCBN14 = CBZ-DCBN13 CBZ-AQ-F2 CBZ-AQ-F2
e CBZ-BN-F3 m— CBZ-AQ-F CBZ-AQ-F2 CBZ-CN-PHEN-F2

¥, BELEXTSRIEANDRTFT:

profile: yuanjiao_marcus

#&12: ssh marcus2 -> ssh marcus -> Slurm
B BigAE 5 oHKRE, 810 280K
A EBEER: skills/tadf-

screening/workflow_config_blue_10k_20260422.json
thEEDEXR batch
MERZE—EME7 EEXE TR
Stage 2 ) empirical Stokes shift FiZ /> ev?
RIS fixed 0.5 eV, XFEMNIIAETMERE—, thHRR.
fREEEIFR—5) “H 0.5 eV”, BIMMBEHAT—F,
#h—1a), YRARERERFNE PySCF, (BiIXAFNY, Stage 3 NERIRAERIE marcus LAY

Gaussian + Slurm,




B Openclaw and Hermes — Cron, Heartbeat, Memory, Dreaming and Self-evolution

* Openclaw-planer and supervisor * Hermes-executor and worker

Cron

» Long-term tasks

» Accurate time point

> Isolated mode(work in sandbox)
Heartbeat

» Short-term tasks

» Ambiguous time point

» Only work in main process

Self-evolution

Real execution
— feedback from success and failure
— distillation of reusable lessons

— memory for facts, skills for methods, workflows for
Memory

Human

— daily Memory

— long-term memory

— semantic retrieval — answer

Dreaming

past memory files

— semantic recall happens
— recalled chunks are logged //
— frequently used / high-signal chunks get tragked ~
— future recall can become more targeted

reproduction
— correction and compression of weak or stale
structure

— better future execution
ACP

Under Exploring...

-
L n N N N N | [ B N N N N N N §B N N N N N § N N § § N § N N N N N N N § B N §N _§N |}
/



B Openclaw and Hermes — Suitable Hardness, Expert Agents
Subagent | Agent Teams

|

I I | Spawn Team &
Spawn Subagent Spawn Subagent Spawn Subagent Assign Tasks

v y ¥
| | |

Work Work Communicate Communicate Communicate
‘ + & Claim Tasks & Claim Tasks & Claim Tasks

v v ¥

Teammate Communicate Teammate Communicate Teammate

Work Work Work

https://code.claude.com/docs/en/agent-teams

® penggroup.agent with Agent Teams!
Github.com/karpathy/autoresearch

® Lammps Al !'—More Suitable Harness, Better Agent!
Github.com/datawhalechina/hello-agents

® Expert agents for ab initio process !
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