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lI Background: Organic Functional Materials

Glowing prospects.
Sleek, high-efficiency
organic-based lights
shouldbe on the market
by 2007.
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.I Background: Clusteroluminescence

Nat Commun 16, 3910 (2025)
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lI Background: DFT and TDDFT

Density Functional Theory

electron
> density
Many-body DFT
perspective perspective
Linear-Response Runge-Gross Theorem

Linear-Response Time Dependent Density Functional Theory

electron-electro
Interaction__

+

electron-hol
Interaction
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.I Background: Difficulties

10

Relative Computational Cost
S

10°

o =

10°

10

== DFT Computational Complexity O(N?3)

3
N=600
Cost: 218M

N=300
Cost: 27TM

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

Number of Electrons (N)

QM-monomer/MM QM-dimer/MM
Phys Chem Chem Phys. 2024;26(26):18418-18425

WIREs Comput Mol Sci. 2023;13(2):e1631

J. Chem. Theory Comput. 2019, 15, 8, 4305—4311

N-electron system

1/eff(r: R) = v (R) + f dr’ﬂ

+ Vo1
lr — 7| xe(T)

One-electron system(|r| — oo)



SCF calculation

Neural networks
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Background: Hamiltonian Learning
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.I Background: Exchange-Correlation Functional Optimization

Phys Rev Lett. 2012;109(22):226405. J Chem Theory Comput. 2015;11(8):3851-3858. Science. 2021;374(6573):1385-1389
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€ Accurate electronic structure calculations for the systems with complex structure
and serious SIE — Aggregate or Cluster Systems

¢ SIE correction for complex organic systems

¢ Efficient calculation method for complex organic systems n



. I Technical Approach: Preparatory Work OPTXC
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. I Technical Approach: DeepRSH, DeepMolH and TD-DeepMolH
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I Technical Approach: GNN Based Optimization Method
pyscfad
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.I Technical Approach: Hamiltonian Learning Method -DeepMolH
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.I Technical Approach: Excited State Method — TD-DeepMolH
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. I Timeline

Ground States:

€ 2025.09-2025.12: Optimization of DeepMolH and DeepRSH modules
€ 2026.01-2026.02: Expanding DeepMolH from monomers to oligomers
€ 2026.03-2026.08: Photophysics properties of clusteroluminescence based on DeepMolH

Excited States:

€ 2026.09-2027.02: Discussion of excited states theory and construction of TD-DeepMolH
€ 2027.03-2027.08: Expanding TD-DeepMolH from monomers to oligomers

€ 2027.09-2027.12: Rigorous interpretation of the photophysical mechanisms in clusteroluminescence




.I Expected Outcomes: Electronic Structure Theory

Electronic Structure Methods:
¢ DeepRSH: Range-Separated Hybrid functional optimization module
¢ DeepMolH: Deep learning DFT Hamiltonian method for complex organic system

¢ TD-DeepMolH: Efficient excited states calculation method based on DeepMolH
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.I Expected Outcomes: Organic Functional Materials

Organic Photoelectric Materials:

4 Basic photophysics mechanism of Clusteroluminescence for energy gap
& Accurate excited state information of Clusteroluminescence

¢ Structure-Property Relationship of Clusteroluminescence
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IAppendix: Calculation results of OPTXC
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. I Appendix: Screened Range-Separated Hybrid Functionals

Phys. Rev. B 88, 081204(R)
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. I Appendix: Optimization method of DeepRSH pyscfad
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. I Appendix:
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Orbital Index

Hamiltonian Element Value

IAppendix: Test of DeepMolH trained on 270 molecules

Molecule 85 - Hamiltonian Comparison (MSE: 0.002600)
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Occurrence Count

IAppendix: Dataset

Atom Occurrence Statistics

70000 -

60000 A

50000 A

40000

30000 A

20000 A

10000 A

73814

51789

9488

9064

T T T

< RN &
&

Atom Type

Atom Type

44

63

47

202

47360

16416

6125

6714

1720

Atom Pair Occurrence Heatmap

0

0 0

0 0 2531

0 0 203 175
0 0 0 1217
0 0 1692 0

1 1 1 1
cl F H N

Atom Type

280



. I Appendix: Matrix Size of Hamiltonian in DFT and TDDFT

107 =@ DFT (Fock Matrix, NxN)
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. I Appendix: Equivariant Graph Neural Network

Front. Comput. Sci., 2025, 19(11): 1-69

- - SchNet [47], DimeNet [3], DimeNet++ [52, 53], GemNet [4], LieConv [54] )
Invariant
GNNs (§ 4.2) SphereNet [55], ComENet [56]. k-DisGNN [57], GeoNGNN [58], QMP [5Y] J
. EGNN [5], GMN [51], PaiNN [6], Local Frames [60, 61, 62] ]
{ Scalarization-Based
) Models (§ 4.3.1) Radial Field [63], GVP-GNN [64], EGHN [65], FastEGNN [ fwfw] Frame-
Geometric \ Averaging [07, 68], LEFTNet [6Y9], SaVeNet [70], ViSNet [71], Quin- }
GNNs { Equivariant 1‘ Net [72], HEGNN [73], ETNN [74], EquiLLM [75]
GNNSs (§ 4.3)
TEN [7]. SEGNN [0] ]
High-Degree Steerable
‘{ Models (§ 4.3.2) Cormorant [/6], NequlP [10], Allegro [77], SCN [7&], eSCN [79],
MACE [80] ]
}[ Gmphorrnﬂr [#1, 22], TorchMD-Net [%3], SE(3)-Transformer [#], LieTransformer [54]

Geometric Graph
Transformers (§ 4.4) GVP-Transformer [%5], Equiformer [1 1], EquiformerV2 [50], Geoformer [=7], SO3KRATES [#¢]. GotenNet [5Y],
| EPT [90]




. I Appendix: Application of Graphormer-M-OFDFT

Nat Comput Sci 4,210-223 (2024).
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