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= Full Differentiable Exchange-Correlation Functional
s Equivariant Graph Neural Network Architecture

= Graph Neural Network For Excited State
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Exchange-Correlation Functional and Self-Interaction Error
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= Full Differentiable Exchange-Correlation Functional — DQC and PySCFAD

XC Library used in PySCFAD

pyscfad

om functools import partial

om pyscf.dft import libxc

om pyscf.dft.libxc import parse_xc, is_lda, is_meta_gga

om pyscfad import numpy as np

om pyscfad.ops import jit, custom_jvp

XC Functional in PySCFAD
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= Full Differentiable Exchange-Correlation Functional — GradDFT Package

simulations enhancement
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= Full Differentiable Exchange-Correlation Functional — GradDFT Package
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Full Differentiable Exchange-Correlation Functional
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= Full Differentiable Exchange-Correlation Functional — H, Dissociation Curve

Training Loss (Epoch 2000/2000, LR=1.00e-08) H: Dissociation: RSH 2000ep vs FCI (Zoom: 0.4-2.5 A)
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= Full Differentiable Exchange-Correlation Functional — H, Dissociation Curve

H2 Dissociation Curve - Functional Errors vs FCI (r = 0.15 A)
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RSH 1.365 6.222 46.709
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= Full Differentiable Exchange-Correlation Functional — Response Kernal Calculation

XC Functional Code in PySCF and PySCFAD XC Functional Code in GradDFT

def eval_gga_xc(xc_code, rho, spin=0, relativity=0, deriv=1, omega=None, verbose=None): )
ef vwn_c_e(rho, clip_cte=1e-30):

jnp.array([[0.0621814, 0.0621814 / 2]])
jnp.array([[3.72744, 7.06042]])
jnp.array([[12.9352, 18.05781])
x@ = jnp.array([[-0.10498, -0.325]])
rho = jnp.where(rho > clip_cte, rho, 0.0)
log_rho = jnp.log2(jnp.clip(rho.sum(axis=1, keepdims=True), a_min=clip_cte))
rs = 2 %k (jnp.log2((3 / (4 * jnp.pi)) »k (1 / 3)) = log_rho / 3.0)
X = rsxx0.5
X=xkk2 + b %k X +C
X0 = x0%k2 + b *x X0 + C
Q = jnp.sqrt(4 % ¢ = b¥x2)
e PF=A/2x% (2% jnp.log(x) = jnp.log(X) + 2 x b / Q *
jnp.arctan(Q /7 (2 * x + b)) = b % x0 / X0 * |
jnp.log((x = x0) *«x 2 / X) + 2 * (2 x x0 + b) / Q %
jnp.arctan(Q / (2 *x x + b))))
return correlation_polarization_correction(e_PF, rho, clip_cte) * rho.sum(axis=1)

# A fictitious XC functional to demonstrate the usage
rho@, dx, dy, dz = rho

gamma = (dx*%2 + dy*k2 + dz**2)

exc = .01 * rho@**2 + .02 * (gamma+.001)%*.5

vrho = .01 *x 3 % rho@x*2 + .02 * (gamma+.001)%*.5
vgamma = .02 * .5 *x (gamma+.001)%*(-.5)

vxc = (vrho, vgamma)

v2rho2 = 0.01 * 6 * rho@

v2rhosigma = np.zeros(gamma.shape)

v2sigma2 = 0.02 *x .5 x —.5 x (gamma+.001)%*(-1.5)
# 2nd order functional derivative

fxc = (v2rho2, v2rhosigma, v2sigma2)

kxc = None # 3rd order functional derivative

# Mix with existing functionals

pbe_xc = dft.libxc.eval_xc('pbe,pbe', rho, spin, relativity, deriv, verbose)

exc += pbe_xc[0] * 0.5
vrho += pbe_xc[1]1[@] * 0.5

vgamma += pbe_xc[11[1] x 0.5 Exchange correlation functionals

translated from libxc to jax

# The output follows the libxc.eval_xc API convention

return exc, vxc, fxc, kxc
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s Equivariant Graph Neural Network Architecture

Input: Molecular Geometry
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s Equivariant Graph Neural Network Architecture

Input: Molecular Geometry
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s Equivariant Graph Neural Network Architecture

Training Set
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s Equivariant Graph Neural Network Architecture — QHNet

Training and Test Loss
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= GNN For Excited State — Locality and Non-Locality in Electronic Structure
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m GNN For Excited State

JCTC.2025, 21, 18, 9009-9022
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= Summery and Next

Ground States:
e From MD17 to Water Cluster

« Dataset of TADF System
e Overfitting !

 Equivariant Graph Neural Network for Neural Networ XC Functional

Excited States:

e A Matrix Prediction
e XC Functional for Excited State
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