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■ Full Differentiable TDDFT Code for Neural Network XC Functional  

■ DL-TDDFT – A Test for Accelerating TDDFT 

■ Quantum Chemistry with OpenClaw, Hermes – Automatic Materials Calculation 
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■ Background – SIE and TDDFT
WIREs Comput Mol Sci. 2023;13(2):e1631J. Chem. Theory Comput. 2019, 15, 8, 4305–4311

𝜈𝑒𝑓𝑓(𝒓, 𝑹) = 𝜈𝑒𝑥𝑡(𝑹) + ∫ 𝑑𝒓′￼
𝜌(𝒓′￼)
𝒓 − 𝒓′￼

+ 𝜈𝑥𝑐(𝒓)

𝜈𝑒𝑓𝑓(𝒓, 𝑹) = 𝜈𝑒𝑥𝑡(𝑹) +
1

|𝒓 |
+ 𝜈𝑥𝑐(𝒓)

N-electron system

One-electron system( )𝒓 → ∞



■ Background – SIE and TDDFT

[−
1
2

∇2 + 𝜈𝑒𝑥𝑡(𝒙, {𝑹}) + 𝜈𝐻(𝒙) + 𝜈𝑥𝑐(𝒙)]𝜓𝑖(𝒙) = 𝜀𝑖𝜓𝑖(𝒙)

𝜈𝑒𝑥𝑡(𝒙, {𝑹}) ⇔ 𝜌(𝒙) ⇔ {𝜓𝑖(𝒙)}

[−
1
2

∇2 + 𝜈𝑒𝑥𝑡(𝒙, {𝑹}, 𝒕) + 𝜈𝐻(𝒙, 𝒕) + 𝜈𝑥𝑐(𝒙, 𝒕)]𝜓𝑖(𝒙, 𝒕) = 𝑖
𝜕
𝜕𝑡

𝜓𝑖(𝒙, 𝒕)

𝜈𝑒𝑥𝑡(𝒙, {𝑹}, 𝒕) + 𝑪(𝒕) ⇔ 𝜌(𝒙, 𝒕) ⇔ {𝜓𝑖(𝒙, 𝒕)𝒆−𝒊𝜶(𝒕)}

Runge-Gross Theorem

Linear-Response – Adiabatic Approximation

𝐹 (0)
𝑎𝑎 𝑥𝑎𝑖 − 𝑥𝑎𝑖𝐹 (0)

𝑖𝑖 + ∑
𝑏𝑗 ( 𝜕𝐹𝑎𝑖

𝜕𝑃𝑏𝑗
𝑥𝑏𝑗 +

𝜕𝐹𝑎𝑖

𝜕𝑃𝑗𝑏
𝑦𝑏𝑗)𝑃 (0)

𝑖𝑖 = 𝜔𝑥𝑖𝑎

𝐹 (0)
𝑎𝑎 𝑦𝑎𝑖 − 𝑦𝑎𝑖𝐹 (0)

𝑖𝑖 − ∑
𝑏𝑗

𝑃 (0)
𝑖𝑖 ( 𝜕𝐹𝑖𝑎

𝜕𝑃𝑏𝑗
𝑥𝑏𝑗 +

𝜕𝐹𝑖𝑎

𝜕𝑃𝑗𝑏
𝑦𝑏𝑗) = 𝜔𝑥𝑖𝑎

𝐹 (0)
𝑎𝑎 = ∫ 𝑑𝒓𝜓∗

𝑎 (𝒙, 𝒕){−
1
2

∇2 + 𝜈𝑒𝑥𝑡(𝒙, {𝑹}, 𝒕) + 𝜈𝐻(𝒙, 𝒕) + 𝜈𝑥𝑐(𝒙, 𝒕)}𝜓𝑎(𝒙, 𝒕)

𝐹𝑖𝑎 = ∫ 𝑑𝒓𝜓∗
𝑖 (𝒙, 𝒕){−

1
2

∇2 + 𝜈𝑒𝑥𝑡(𝒙, {𝑹}, 𝒕) + 𝜈𝐻(𝒙, 𝒕) + 𝜈𝑥𝑐(𝒙, 𝒕)}𝜓𝑎(𝒙, 𝒕) + 𝑔𝑎𝑖(𝜔) + Δ𝐹 (0)
𝑖𝑎

( 𝐴 𝐵
𝐵∗ 𝐴∗)(𝑋

𝑌 ) = 𝜔(1 0
0 −1)(𝑋

𝑌 )
𝜓𝑒𝑥 = ∑

𝑎𝑖

𝑥𝑎𝑖𝑎̂
+
𝑎 𝑎̂𝑖𝜓𝑔𝑟

𝜓𝑑𝑖 = ∑
𝑎𝑖

𝑦𝑎𝑖𝑎̂
+
𝑎 𝑎̂𝑖𝜓𝑔𝑟

𝐴𝑋 = 𝜔𝑋

𝜓𝑒𝑥 = ∑
𝑎𝑖

𝑥𝑎𝑖𝑎̂
+
𝑎 𝑎̂𝑖𝜓𝑔𝑟

TDA-TDDFT

Casida-TDDFT

The Time-Dependent of XC Functional Vanished !



■ Background – SIE and TDDFT

( 𝐴 𝐵
𝐵∗ 𝐴∗)(𝑋

𝑌 ) = 𝜔(1 0
0 −1)(𝑋

𝑌 )
𝜓𝑒𝑥 = ∑

𝑎𝑖

𝑥𝑎𝑖𝑎̂
+
𝑎 𝑎̂𝑖𝜓𝑔𝑟

𝜓𝑑𝑖 = ∑
𝑎𝑖

𝑦𝑎𝑖𝑎̂
+
𝑎 𝑎̂𝑖𝜓𝑔𝑟

𝐴𝑋 = 𝜔𝑋

𝜓𝑒𝑥 = ∑
𝑎𝑖

𝑥𝑎𝑖𝑎̂
+
𝑎 𝑎̂𝑖𝜓𝑔𝑟

TDA-TDDFT

Casida-TDDFT

𝐴 = 𝛿𝑖𝑗𝛿𝑎𝑏(𝜀𝑎 − 𝜀𝑖)+

∫ 𝑑𝒓∫ 𝒓′￼𝜙𝑖(𝒓)𝜙∗
𝑎 (𝑟)

1
𝒓 − 𝒓′￼

+ 𝑓𝑥𝑐 𝜙∗
𝑏 (𝑟′￼)𝜙𝑗(𝒓′￼)

𝐵 = ∫ 𝑑𝒓∫ 𝒓′￼𝜙𝑖(𝒓)𝜙∗
𝑎 (𝑟)

1
𝒓 − 𝒓′￼

+ 𝑓𝑥𝑐 𝜙∗
𝑏 (𝑟′￼)𝜙𝑗(𝒓′￼)

𝑓𝑥𝑐[𝜌] =
𝛿2𝐸𝑥𝑐[𝜌]

𝛿𝜌(𝒓)𝛿𝜌(𝒓′￼)

A, B Matrix and Response Kernel



■ TD-GradDFT – GradDFT for Ground State

𝑐𝜃[𝜌](𝒓) = (𝑐1,𝜃[𝜌](𝒓), 𝑐2,𝜃[𝜌](𝒓)…𝑐𝑘,𝜃[𝜌](𝒓))

𝑒[𝜌](𝒓) = (𝑒1[𝜌](𝒓), 𝑒2[𝜌](𝒓)…𝑒𝑘[𝜌](𝒓))

Loss Function

𝐿 =
1

𝑁2 ∑
𝑖

(𝐸𝑝𝑟𝑒 − 𝐸𝑡𝑟𝑢𝑒)
2
+ 

1
𝑁2 ∑

𝑖
(𝜌𝑝𝑟𝑒 − 𝜌𝑡𝑟𝑢𝑒)

2

J. Chem. Phys. 160, 062501 (2024)
Coeffcient Functions 

Energy Densities



■ TD-GradDFT – Response Kernel with Automatic Differentiation

𝐸𝜃
𝑥𝑐[𝜌(𝒓)] = ∫ 𝑑𝒓𝑒𝜃

𝑥𝑐[𝜌(𝒓)]

● Total XC Energy

● XC Energy on grid 𝑒𝜃
𝑥𝑐[𝜌(𝒓)]

● XC Potential on Grid 

 𝜈𝜃
𝑥𝑐[𝜌(𝒓)] =

 𝜕𝑒𝜃
𝑥𝑐[𝜌(𝒓)]
𝝏𝝆(𝑟)

 𝑓𝜃
𝑥𝑐[𝜌(𝒓)] =

 𝜕2𝑒𝜃
𝑥𝑐[𝜌(𝒓)]

𝜕𝝆2(𝑟)

 𝑒𝜃
𝑥𝑐[𝜌(𝒓)] 𝜈𝜃

𝑥𝑐[𝜌(𝒓)]  𝑓𝜃
𝑥𝑐[𝜌(𝒓)]

jax.grad()/jax.hessian()

● Calculated by jax



■ TD-GradDFT – Response Kernal with Automatic Differentiation

● Meta-GGA

● LDA

● GGA

𝐸𝑥𝑐 = ∫ 𝑑𝒓𝑒𝑥𝑐[𝜌(𝒓), ∇𝜌(𝒓), 𝜏]

𝑓𝑥𝑐 =
 𝜕2𝑒𝑥𝑐

𝜕𝑢𝜈𝜕𝑢𝜇
𝑢𝜇 = [𝜌(𝒓), ∇𝜌(𝒓), 𝜏]

𝜏 = −
1
2 ∑

𝑖

∇𝜓
2

𝐸𝑥𝑐 = ∫ 𝑑𝒓𝑒𝑥𝑐[𝜌(𝒓), ∇𝜌(𝒓)]
𝛿𝐸𝑥𝑐 = ∫ 𝑑𝒓𝛿𝑒𝑥𝑐[𝜌(𝒓), ∇𝜌(𝒓)] = ∫ 𝑑𝒓

 𝜕𝑒𝑥𝑐

𝜕𝜌
𝛿𝜌 +

 𝜕∇𝑒𝑥𝑐

𝜕∇𝜌
𝛿 ∇𝜌

𝐸𝑥𝑐[𝜌(𝒓)] = ∫ 𝑑𝒓𝑒𝑥𝑐[𝜌(𝒓)]

𝑓𝑥𝑐[𝜌(𝒓)] =
 𝜕2𝑒𝑥𝑐

𝜕𝜌

𝛿2𝐸𝑥𝑐 = ∫ 𝑑𝒓∑
𝜇𝜈

 𝜕2𝑒𝑥𝑐

𝜕𝑢𝜈𝜕𝑢𝜇
𝛿𝑢𝜈𝛿𝑢𝜇



■ TD-GradDFT – Response Kernel with Automatic Differentiation

𝐸𝐻𝐹
𝑥 = ∫ 𝑑𝒓𝑐h𝑓

𝑥 [𝜌(𝒓)]𝑒h𝑓
𝑥 [𝜙(𝒓)]

• HF Exchange Kernel

𝐸𝑃 𝑇 2
𝑐 = ∑

𝑖𝑎,𝑗𝑏

(𝑎𝑖 𝑗𝑏)[2(𝑎𝑖 𝑗𝑏) − (𝑖𝑏 |𝑗𝑎)]

𝜖𝑖 + 𝜖𝑗 − 𝜖𝑎 − 𝜖𝑏
→ ∫ 𝑑𝒓𝑐𝑝𝑡2

𝑐 [𝜌]𝑒𝑝𝑡2
𝑐 [𝜙(𝒓)]

𝑒𝑃 𝑇 2
𝑐 = ∑

𝑖𝑎,𝑗𝑏

𝜌𝑎𝑖𝑉𝑗𝑏(𝒓)
 [2(𝑎𝑖 𝑗𝑏) − (𝑖𝑏 |𝑗𝑎)]

𝜖𝑖 + 𝜖𝑗 − 𝜖𝑎 − 𝜖𝑏

• PT2 kernel

𝑓𝑝𝑡2
𝑥𝑐 =

𝜕2𝑐𝑝𝑡2
𝑐 [𝜌]

𝜕𝑢𝜈𝜕𝑢𝜇
𝑒𝑝𝑡2

𝑐 [𝜙(𝒓)] +
𝜕2𝑒𝑝𝑡2

𝑐 [𝜙(𝒓)]
𝜕𝑢𝜈𝜕𝑢𝜇

𝑐𝑝𝑡2
𝑐 [𝜌]

𝑒h𝑓
𝑥 [𝜙] = −

1
2 ∑

𝑝𝑞

𝜙∗
𝑝 (𝑟)𝜙𝑞(𝑟)∫ 𝑑𝒓′￼

𝜙∗
𝑖 (𝒓′￼)𝜙𝑗(𝒓′￼)
|𝒓 − 𝒓′￼|

with 𝛼𝑒𝑓𝑓 =
∫ 𝑐h𝑓

𝑥 [𝜌(𝒓)]𝜌(𝒓)𝑑𝒓
∫ 𝜌(𝒓)𝑑𝒓

In A matrix of Casida equation

𝐾𝑎𝑖,𝑏𝑗 = − 𝛼𝑒𝑓𝑓(𝑖𝑗 |𝑎𝑏)



■ TD-GradDFT – Response Kernal with Automatic Differentiation

state Enery/ev(pyscf) Enery/ev(ours) Error/ev OSC(pyscf) OSC(ours) Error

1 6.56 6.56 3.21E-04 4.55E-11 6.83E-11 2.29E-11

2 7.97 7.98 8.22E-04 6.97E-10 4.32E-09 3.62E-09

3 9.08 9.08 2.42E-04 6.64E-01 6.64E-01 8.88E-05

4 9.08 9.08 5.34E-04 6.64E-01 6.64E-01 1.50E-04

5 9.19 9.19 2.29E-04 2.55E-24 2.59E-05 2.59E-05

6 9.30 9.30 1.08E-04 1.09E-20 2.31E-07 2.31E-07

The Excited States of Benzene Molecule with PBE0/STO-3G in PySCF and TD-GradDFT



■ TD-GradDFT – Training Modes in Neural Network XC Functional

• Fixed-Density Mode

• Explicit SCF Differential Mode

• Implicit SCF Differential Mode

𝐷𝜃 = 𝐷𝑟ef  
𝐿 = 𝐿(𝜃, 𝐷) 𝐷=𝐷𝑟𝑒𝑓

∇𝜃𝐿 = 𝜕𝜃𝐿(θ, 𝐷 ) 𝐷=𝐷𝑟𝑒𝑓with 𝜕𝜃𝐷 = 0

𝐿 = 𝐿(θ, 𝐷𝜃) with  𝐷𝜃 = 𝑇 𝜃
𝑆𝐶𝐹(𝐷0)

∇𝜃𝐿 = 𝜕𝜃𝐿(θ, 𝐷𝜃) + 𝜕𝐷𝜃
𝐿(θ, 𝐷𝜃) ⋅ 𝜕

𝜃
𝐷𝜃

with 𝜕𝜃𝐷𝜃 = ∑
𝐾−1

[Π𝐾−1
𝑠=𝑡+1𝜕𝐷𝑇 𝜃

𝑆𝐶𝐹(𝐷𝑠)]𝜕𝜃𝑇 𝜃
𝑆𝐶𝐹(𝐷𝑡)

𝐿 = 𝐿(θ, 𝐷𝜃) with  𝐷𝜃 = 𝑇𝐾
𝑆𝐶𝐹(𝐷0)

∇𝜃𝐿 = 𝜕𝜃𝐿(𝜃, 𝐷𝜃) + 𝜕𝜌𝜃
𝐿(𝜃, 𝐷𝜃)

𝜕𝜃𝑅
𝜕𝐷𝜃

𝑅

𝑅(𝐷𝜃, 𝜃) = 𝐹𝜃(𝐷𝜃)𝐷𝜃𝑆 − 𝑆𝐷𝜃𝐹𝜃(𝐷𝜃) = 0

Phys. Rev. Lett. 126, 036401



■ TD-GradDFT – Training Test on QM9 with Ground State 



■ TD-GradDFT – Training Test on H2 Dissociation Curve



■ TD-GradDFT – Improvement for Electrons Double Exciting with MP2 Hybrid



■ TD-GradDFT – Failure of Full Absorption Spectrum Calculation 

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

𝜓𝐶𝐼𝑆
𝑒𝑥 = 𝜙0 + ∑

𝑎𝑖

𝑥𝑎𝑖𝜙𝑖
𝑎

𝜓𝐹𝐶𝐼
𝑒𝑥 = 𝜙0 + ∑

𝑎𝑖

𝑐𝑎𝑖𝜙𝑖
𝑎 + ∑

𝑎𝑖𝑏𝑗

𝑐𝑎𝑖𝑏𝑗𝜙𝑖𝑗
𝑎𝑏 + ∑

𝑎𝑖𝑏𝑗𝑐𝑘

𝑐𝑎𝑖𝑏𝑗𝑐𝑘𝜙𝑖𝑗𝑘
𝑎𝑏𝑐 + …

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

But !

J. Chem. Theory Comput. 2021, 17, 2, 927–942



■ TD-GradDFT – Functional and Outlook

• Differential restricted SCF code with three modes and differential LR-TDDFT code 

• HF and PT2 local energy density hybrid 

• Traditional RSH XC Functional optimization only depending on Janak Theorem (Under Testing) 

• Fractional charge evaluation and differential unrestricted SCF code (Under Testing)

● Functional

● Outlook

• Traditional RSH XC Functional optimization  

• Rigorous MP2 Response Kernel 

• Benchmarking three differentiable mode 

• More efficient code ! 



■ DL-TDDFT – Accelerating TDDFT with CIS-like Graph Neural Network

Graph Neural Network Based

𝑛𝑝 = [𝐶𝑝 | |𝜖𝑝] GAT-V2

𝑜𝑖 = 𝑓𝑜𝑐𝑐(𝑛𝑖) 𝜈𝑎 = 𝑓𝑣𝑖𝑟(𝑛𝑎)

𝑒𝑎𝑖 = 𝑓𝑣𝑖𝑟(𝜂𝑎𝑖 ) 𝜂𝑎𝑖 = [𝑟𝑎𝑖, Δ𝜖𝑎𝑖, 𝑑𝑎𝑖]

• Node

• Edge

• Interaction and Transition
𝑧𝑎𝑖 = 𝑓𝑖𝑛𝑡([𝑜𝑙

𝑖 ⊗ 𝑣𝑙
𝑎, 𝑜𝑙

𝑖 − 𝑣𝑙
𝑎, 𝑒𝑙

𝑎𝑖])

• Pair-Pair Decoder
𝐷𝑎𝑖,𝑏𝑗 = 𝑓([𝑧𝑎𝑖 ⊗ 𝑧𝑏𝑗, 𝑧𝑎𝑖 − 𝑧𝑏𝑗, 𝜙𝑎𝑖,𝑏𝑗])

Davidson Method Based

𝑉𝑚 = [𝑣1, 𝑣2, …, 𝑣𝑚] 𝑊𝑚 = 𝐴𝑉𝑚

𝐻𝑚 = 𝑉 𝑇
𝑚𝐴𝑉𝑚 = 𝑉 𝑇

𝑚𝑊𝑚

𝐻𝑚𝑦𝑘 = 𝜃𝑘𝑦𝑘, 𝑥𝑘 = 𝑉𝑚𝑦𝑘

𝑟𝑘 = 𝐴𝑥𝑘 − 𝜃𝑘𝑥𝑘

𝑡𝑘 ≈ (diag(A) − 𝜃𝑘𝐼)−1𝑟𝑘

𝑉(𝑚+1) = 𝑜𝑟𝑡h([𝑉𝑚, 𝑡1, 𝑡2, …])

• Subspace

• Residuals

• Expansion



■ DL-TDDFT – A Test for Accelerating TDDFT
Water in Full Excitation Space - training set

Water in Full Excitation Space - test set Water in Full Excitation Space - test set

Speed up



■ DL-TDDFT – A Test for Accelerating TDDFT

Uracil in Excitation Subspace( )𝟑𝟐 × 𝟑𝟐 Uracil in Excitation Subspace(64 )× 𝟔𝟒



■ Background – Inspiration From Claude Code



■ Background – High Throughout Materials Design
github.com/silico-quantum/tadf-screening

https://github.com/silico-quantum/tadf-screening
https://github.com/silico-quantum/tadf-screening


■ Openclaw and Hermes – Basic Architecture

https://github.com/HKUDS/OpenSpace

https://github.com/HKUDS/OpenSpace
https://github.com/HKUDS/OpenSpace


■ Openclaw – A Standard Skills Group For Quantum Chemistry Calculation



Random  

Distribution

■ Openclaw and Hermes – A Standard Skills Group For Quantum Chemistry Calculation
Basic Ground State Calculation

Molecular Dynamic Simulation

Potential Energy Surface

Absorption and Emission Spectra(Error !) 

Molecular Dynamic Simulation Visualization



Random  

Distribution

■ Openclaw and Hermes – A Standard Skills Group For Quantum Chemistry Calculation
Basic Ground State Calculation

Molecular Dynamic Simulation

Potential Energy Surface

Absorption and Emission Spectra 

Molecular Dynamic Simulation Visualization



■ Openclaw and Hermes – Skill For TADF Materials Design



■ Openclaw and Hermes – An Example For Bule Light OLED/TADF Materials



■ Openclaw and Hermes – Powerful LLM for Skills and Test, Powerless LLM for Task !
I’m 

Silico.
I’m 

Silly.
Skills Maker and Tester:  

GPT-5.3-codex 

Gemini-3-Flash 

Task Executioner: 

GLM-5 

GLM-5-Turbo 

Maybe Local Host !
Token Free !  

More Suitable Harness ! 
Silas: Naïve !



■ Openclaw and Hermes – Cron, Heartbeat, Memory, Dreaming and Self-evolution

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

A2A ACP

Self-evolution
Cron 

Heartbeat

Memory 

➢ Long-term tasks 
➢ Accurate time point 
➢ Isolated mode(work in sandbox)

➢ Short-term tasks 
➢ Ambiguous time point 
➢ Only work in main process

Dreaming

Human  
→ daily Memory  
→ long-term memory  
→ semantic retrieval → answer

past memory files  
→ semantic recall happens  
→ recalled chunks are logged  
→ frequently used / high-signal chunks get tracked  
→ future recall can become more targeted

Under Exploring…

Real execution 

→ feedback from success and failure 

→ distillation of reusable lessons 

→ memory for facts, skills for methods, workflows for 

reproduction 

→ correction and compression of weak or stale 

structure 

→ better future execution



■ Openclaw and Hermes – Cron, Heartbeat, Memory, Dreaming and Self-evolution

Dreaming
past memory files  
→ semantic recall happens  
→ recalled chunks are logged  
→ frequently used / high-signal chunks get tracked  
→ future recall can become more targeted



■ Openclaw and Hermes – Openclaw Communicates with Hermes and Agent Teams



■ Openclaw and Hermes – Openclaw Communicates with Hermes and Agent Teams

Subagent Agent Teams

https://code.claude.com/docs/en/agent-teams
● penggroup.SKILL  with Agent Teams! 

● Lammps AI !—More Suitable Harness, Better Agent! 

● Skills for machine learning based materials design workflow! 

● DeepSeekV4 vs GPT-5.5 

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

