
Yuan Jiao
School of Advanced Interdisciplinary Sciences, SAIS
University of Chinese Academy of Sciences



n Quantum Chemistry with OpenClaw, Hermes – Automatic 

Materials Calculation Skills and Agents Team for Researching



l Basic Theory of Differentiation
• Analytical Differentiation

• Numerical Differentiation

• Symbolic Differentiation

• Automatic Differentiation

l Basic Theory of Automatic Differentiation

• Forward Mode

• Backward Mode

Think of the function 𝑦 = (𝑓!°𝑓!#$° 𝑓!#%° …𝑓$°𝑓&°)(𝑥) and 

the derivation on 𝑥 = 𝑥& of 𝑦

𝑥&' = 1

𝑥()$' = 𝑓(' 𝑥( 𝑥('

𝑥& = 𝑥 and 𝑥$ = 𝑓& 𝑥& 𝑥% = 𝑓$ 𝑥$ …𝑥()$ = 𝑓((𝑥()

𝑦' = 𝑥()$'

𝑥̅!)$ = 1

𝑥̅( = 𝑥̅()$ ⋅ 𝑓(' 𝑥( 𝑤𝑖𝑡ℎ 𝑖 = 𝑘, 𝑘 − 1,… , 1,0

𝑥̅& = 𝑦′

Derived purely by hand based on the 

derivative formula, then coding

𝑓′(𝑥() ≈
𝑓 𝑥( − 𝑓(𝑥( − Δ)

Δ
Difference approximates derivatives

Manual differentiation coding is implemented 

based on certain recursive relationships

Based on the chain rule for derivative of 

composite functions, operators propagate 

gradients step by step on the computation graph





Loss Backward



l Neural Networ Forward Mode

l Neural Networ Backward Mode

Single-Layer Network

𝑦! =6
(

𝜔!(𝑥(

With Loss Function

𝐿* =
1
26

+

𝑦*+ − 𝑡*!
%

𝜕𝐿*
𝜕𝜔!(

=
𝜕𝐿*
𝜕𝑦!

𝜕𝑦!
𝜕𝜔!(

= 𝛿!𝑥(

𝛿! =
𝜕𝐿*
𝜕𝑦!

=6
+

𝜕𝐿*
𝜕𝑦+

𝜕𝑦+
𝜕𝑦!

6
+

𝜕𝐿*
𝜕𝑦+

𝜕𝑦+
𝜕𝑥,

𝜕𝑥,
𝜕𝑦!

= ℎ'(𝑦!)6
+

𝛿+𝜔+,

𝑥, = ℎ(𝑦!)

𝑦+ =6
,

𝜔+,𝑥,



zhuanlan.zhihu.com/p/2037550749622735901

Neural Network

Quantum Chemistry

Any Data

Any Molecules

Result of Neural Network

Result of Schrodinger Equation

https://zhuanlan.zhihu.com/p/2037550749622735901
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𝜈-./ 𝒙, {𝑹} ⇔ 𝜌 𝒙 ⇔ {𝜓((𝒙)}
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𝜈-./ 𝒙, 𝑹 , 𝒕 + 𝑪(𝒕) ⇔ 𝜌 𝒙, 𝒕 ⇔ {𝜓( 𝒙, 𝒕 𝒆#𝒊𝜶(𝒕)}

Runge-Gross Theorem

Linear-Response – Adiabatic Approximation
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8,
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% + 𝜈-./ 𝒙, 𝑹 , 𝒕 + 𝜈0 𝒙, 𝒕 + 𝜈.1 𝒙, 𝒕 𝜓7(𝒙, 𝒕)

𝐹(7 = ∫ 𝑑𝒓𝜓(∗ 𝒙, 𝒕 −
1
2∇

% + 𝜈-./ 𝒙, 𝑹 , 𝒕 + 𝜈0 𝒙, 𝒕 + 𝜈.1 𝒙, 𝒕 𝜓7 𝒙, 𝒕 + 𝑔7((𝜔) + Δ𝐹(7
(&)

𝐴 𝐵
𝐵∗ 𝐴∗

𝑋
𝑌 = 𝜔 1 0

0 −1
𝑋
𝑌

𝜓-. =6
7(

𝑥7( T𝑎7) T𝑎(𝜓:;

𝜓<( =6
7(

𝑦7( T𝑎7) T𝑎(𝜓:;

𝐴𝑋 = 𝜔𝑋

𝜓-. =6
7(

𝑥7( T𝑎7) T𝑎(𝜓:;

TDA-TDDFT

Casida-TDDFT

The Time-Dependent of XC Functional Vanished !



𝐴 = 𝛿(,𝛿78 𝜀7 − 𝜀( +

∫ 𝑑𝒓∫ 𝒓'𝜙( 𝒓 𝜙7∗ 𝑟
1

𝒓 − 𝒓' + 𝑓.1 𝜙8∗ 𝑟' 𝜙, 𝒓'

𝐵 = ∫ 𝑑𝒓∫ 𝒓'𝜙( 𝒓 𝜙7∗ 𝑟
1

𝒓 − 𝒓' + 𝑓.1 𝜙8∗ 𝑟′ 𝜙,(𝒓′)

𝑓.1[𝜌] =
𝛿%𝐸.1[𝜌]

𝛿𝜌 𝒓 𝛿𝜌(𝒓′)

A, B Matrix and Response Kernel

𝐴 𝐵
𝐵∗ 𝐴∗

𝑋
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0 −1
𝑋
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Casida-TDDFT

𝐴𝑋 = 𝜔𝑋

𝜓-. =6
7(

𝑥7( T𝑎7) T𝑎(𝜓:;

TDA-TDDFT



𝑐= 𝜌 𝒓 = (𝑐$,= 𝜌 𝒓 , 𝑐%,= 𝜌 𝒓 …𝑐!,= 𝜌 𝒓 )

𝑒 𝜌 𝒓 = (𝑒$ 𝜌 𝒓 , 𝑒% 𝜌 𝒓 …𝑒! 𝜌 𝒓 )

Loss Function

𝐿 =
1
𝑁%6

(

𝐸+;- − 𝐸/;?-
% +

1
𝑁%6

(

𝜌+;- − 𝜌/;?-
%

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

Energy Densities



𝐸!"# 𝜌 𝒓 = ∫ 𝑑𝒓𝑒!"# [𝜌(𝒓)]

l Total XC Energy

l XC Energy on grid 𝑒!"# [𝜌(𝒓)]

l XC Potential on Grid 

𝜈!"# [𝜌(𝒓)] =
$%!"# & 𝒓
𝝏𝝆 *

𝑓!"# [𝜌(𝒓)] =
$$%!"# & 𝒓
$𝝆$ *

𝑒.1= [𝜌(𝒓)] 𝜈.1= [𝜌(𝒓)] 𝑓.1= [𝜌(𝒓)]
jax.grad()/jax.hessian()

l Calculated by jax



l Meta-GGA

l LDA

l GGA

𝐸.1 = ∫ 𝑑𝒓𝑒.1[𝜌(𝒓), ∇𝜌(𝒓), 𝜏]

𝑓.1 =
𝜕%𝑒.1
𝜕𝑢@𝜕𝑢A

𝑢A = [𝜌(𝒓), ∇𝜌(𝒓), 𝜏]

𝜏 = −
1
26

(

∇𝜓 %

𝐸.1 = ∫ 𝑑𝒓𝑒.1[𝜌(𝒓), ∇𝜌(𝒓)]

𝛿𝐸.1 = ∫ 𝑑𝒓𝛿𝑒.1 𝜌 𝒓 , ∇𝜌 𝒓 = ∫ 𝑑𝒓
𝜕𝑒.1
𝜕𝜌 𝛿𝜌 +

𝜕∇𝑒.1
𝜕∇𝜌 𝛿∇𝜌

𝐸.1 𝜌 𝒓 = ∫ 𝑑𝒓𝑒.1[𝜌(𝒓)]

𝑓.1 [𝜌(𝒓)] =
𝜕%𝑒.1
𝜕𝜌%

𝛿%𝐸.1 = ∫ 𝑑𝒓6
A@

𝜕%𝑒.1
𝜕𝑢@𝜕𝑢A

𝛿𝑢@𝛿𝑢A



𝐸.0B = ∫ 𝑑𝒓𝑐.
CD 𝜌(𝒓) 𝑒.

CD[𝜙(𝒓)]

l HF Exchange Kernel

𝐸1EF% = 6
(7,,8

𝑎𝑖 𝑗𝑏 [2 𝑎𝑖 𝑗𝑏 − (𝑖𝑏|𝑗𝑎)]
𝜖( + 𝜖, − 𝜖7 − 𝜖8

→ ∫ 𝑑𝒓𝑐1
+/% 𝜌 𝑒1

+/%[𝜙(𝒓)]

𝑒1EF% = 6
(7,,8

𝜌7(𝑉,8(𝒓)
[2 𝑎𝑖 𝑗𝑏 − (𝑖𝑏|𝑗𝑎)]
𝜖( + 𝜖, − 𝜖7 − 𝜖8

l PT2 kernel

𝑓.1
+/% =

𝜕%𝑐1
+/% 𝜌

𝜕𝑢@𝜕𝑢A
𝑒1
+/% 𝜙 𝒓 +

𝜕%𝑒1
+/% 𝜙 𝒓
𝜕𝑢@𝜕𝑢A

𝑐1
+/% 𝜌

𝑒.
CD 𝜙 = −

1
26
+G

𝜙+∗ 𝑟 𝜙G 𝑟 ∫ 𝑑𝒓'
𝜙(∗ 𝒓' 𝜙,(𝒓′)
|𝒓 − 𝒓′|

with 𝛼-DD =
∫ 𝑐.

CD 𝜌 𝒓 𝜌 𝒓 𝑑𝒓
∫ 𝜌(𝒓)𝑑𝒓

In A matrix of Casida equation

𝐾7(,8, = −𝛼-DD(𝑖𝑗|𝑎𝑏)



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

𝐸1EF% = 6
(7,,8

𝑎𝑖 𝑗𝑏 [2 𝑎𝑖 𝑗𝑏 − (𝑖𝑏|𝑗𝑎)]
𝜖( + 𝜖, − 𝜖7 − 𝜖8

→ ∫ 𝑑𝒓𝑐1
+/% 𝜌 𝑒1

+/%[𝜙(𝒓)]

𝑒1EF% = 6
(7,,8

𝜌7(𝑉,8(𝒓)
[2 𝑎𝑖 𝑗𝑏 − (𝑖𝑏|𝑗𝑎)]
𝜖( + 𝜖, − 𝜖7 − 𝜖8

l Approxmated PT2 kernel For Double Hybrid XC Functional In TDDFT

𝑓.1
+/% =

𝜕%𝑐1
+/% 𝜌

𝜕𝑢@𝜕𝑢A
𝑒1
+/% 𝜙 𝒓 +

𝜕%𝑒1
+/% 𝜙 𝒓
𝜕𝑢@𝜕𝑢A

𝑐1
+/% 𝜌 =

𝜕%𝑐1
+/% 𝜌

𝜕𝑢@𝜕𝑢A
𝑒1
+/% 𝜙 𝒓 Fixed Local PT2 Feature

𝐴 𝐵
𝐵∗ 𝐴∗

𝑋
𝑌 = 𝜔 1 0

0 −1
𝑋
𝑌

𝜔EF% = 𝜔 + aH=ΔEF%

ΔEF% = −
1
4
6
(,78

𝑈(,78I

𝜀7 + 𝜀8 − 𝜀, − 𝜀( − 𝜔

aH= =
∫ 𝑐1

+/% 𝜌 𝜌 𝒓 𝑑𝒓
∫ 𝜌(𝒓)𝑑𝒓

𝑈(,78I =6
1

𝑎𝑏 𝑐𝑗 𝐵(1 − 𝑎𝑏 𝑐𝑖 𝐵,1 +6
!

(𝑘𝑎|𝑖𝑗) 𝐵!8 − 𝑘𝑏 𝑖𝑗 𝐵!7

With 𝐵 = 𝑋 + 𝑌



Exchange correlation 
functionals translated 

from libxc to JAX

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




𝑐= 𝜌 𝒓 = (𝑐$,= 𝜌 𝒓 , 𝑐%,= 𝜌 𝒓 …𝑐!,= 𝜌 𝒓 )

𝑒 𝜌 𝒓 = (𝑒$ 𝜌 𝒓 , 𝑒% 𝜌 𝒓 …𝑒! 𝜌 𝒓 )

Loss Function

𝐿 =
1
𝑁%6

(

𝐸+;- − 𝐸/;?-
% +

1
𝑁%6

(

𝜌+;- − 𝜌/;?-
%

Coeffcient Functions 

Energy Densities

• Ground State

• Excited State

𝑐= 𝜌 𝒓 𝑒.1= [𝜌(𝒓)] 𝜈.1= [𝜌(𝒓)] 𝑓.1= [𝜌(𝒓)]

jax.grad(XC)/jax.hessian(XC) on Grids

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

𝐿 =
1
𝑁%6

(

𝐸+;- − 𝐸/;?-
% +

1
𝑁

6
(

𝐸+;- − 𝐸/;?-



• Fixed-Density Mode

• Explicit SCF Differential Mode

• Implicit SCF Differential Mode

𝐷= = 𝐷;JK
𝐿 = 𝐿 𝜃, 𝐷 m

LML!"#
∇=𝐿 = 𝜕=𝐿 θ, 𝐷 m

LML!"#
with 𝜕=𝐷 = 0

𝐿 = 𝐿 θ, 𝐷= with 𝐷= = 𝑇NOB= (𝐷&)

∇=𝐿 = 𝜕=𝐿 θ, 𝐷= + 𝜕L$𝐿 θ, 𝐷= ⋅ 𝜕=𝐷=

with 𝜕=𝐷= = ∑P#$[ΠQM/)$P#$ 𝜕L𝑇NOB= (𝐷Q)]𝜕=𝑇NOB= (𝐷/)

𝐿 = 𝐿 θ, 𝐷= with 𝐷= = 𝑇NOBP (𝐷&)

∇=𝐿 = 𝜕=𝐿 𝜃, 𝐷= + 𝜕R$𝐿 𝜃, 𝐷=
𝜕=𝑅
𝜕L$𝑅

𝑅 𝐷= , 𝜃 = 𝐹=(𝐷=)𝐷=𝑆 − 𝑆𝐷=𝐹= 𝐷= = 0

Phys. Rev. Lett. 126, 036401



Replaceable





l Implicit SCF for H2
+ Ground State with def2-SVP, grid level = 2

𝜈-DD 𝒓, 𝑹 = 𝜈-./ 𝑹 + ∫ 𝑑𝒓'
𝜌 𝒓'

𝒓 − 𝒓' + 𝜈.1 𝒓

𝜈-DD 𝒓, 𝑹 = 𝜈-./ 𝑹 +
1
|𝒓|

+ 𝜈.1(𝒓)

• N-electron system

• One-electron system( 𝒓 → ∞)

H%)~H
%
& + H

%
& ?

• Loss Function

𝐿 =
1
𝑁∑ 𝐸SS − 𝐸BOI +

1
𝑁% ∑ 𝐸SS − 𝐸BOI %

+
1
𝑁% ∑ 𝜌SS − 𝜌BOI %



l Implicit SCF for H2 Ground State with def2-SVP, grid level = 2

• Loss Function

𝐿 =
1
𝑁∑ 𝐸SS − 𝐸BOI +

1
𝑁% ∑ 𝐸SS − 𝐸BOI %

+
1
𝑁% ∑ 𝜌SS − 𝜌BOI %

• Static Correlation Error

𝜓 = 𝑐?𝜙 𝜎:% + 𝑐?𝜙(𝜎?%)
• MCSCF

• Hartree-Fock

𝜓$ = 𝜙 𝜎:% 𝜓% = 𝜙(𝜎?%)

𝜎:% Binding Orbital

𝜎?% Antibinding Orbital



l Implicit SCF +Explicit TDA for S1 of H2 with def2-SVP, grid level = 2 



l Fixed Density for Ground State-QM9



l Implicit SCF +Explicit TDA for S1 of QM9 with def2-SVP, grid level = 2



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

𝜓-.OIN = 𝜙& +6
7(

𝑥7(𝜙7(

𝜓-.BOI = 𝜙& +6
7(

𝑐7(𝜙7( + 6
7(8,

𝑐7(8,𝜙78
(, + 6

7(8,1!

𝑐7(8,1!𝜙781
(,! +⋯

l 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



• 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 

l Functional

l Outlook

• Lower GPU Memory Usage for Large Systems!(Hard For 

Most Differentiable DFT)

• Automatic Differentiation for Geometry Optimization and 

Response Properties of molecules 

• General Neural Network Designing, Training, Evaluating 

Framework for Quantum Chemistry-GradSCF



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

n Equivariance in Neural Network – Covariance in DFT Hamiltonian 



x𝐻 = x𝐻& + z𝑉 𝜌 𝒙 =6
(

S

𝜓(∗ 𝒙 𝜓((𝒙)

−
1
2∇

% + 𝜈-./ 𝒙, {𝑹} + 𝜈0 𝒙 + 𝜈.1 𝒙 𝜓( 𝒙 = 𝜀(𝜓((𝒙)

𝜌 𝒙, 𝒙′ =6
(

S

𝜓(∗ 𝒙 𝜓((𝒙′)

Phys. Rev. B 136, 864 (1964).

𝜈-./ 𝒙, {𝑹} ⇔ 𝜌 𝒙 ⇔ {𝜓((𝒙)}

n Equivariance in Neural Network – Covariance in DFT Hamiltonian 

Atomic Basis Function

𝐻𝐶 = 𝜀𝑆𝐶𝜓( 𝒙 =6
7

𝐶7(𝜒7(𝒙)

𝐻 = 𝐻(, =6
78

𝐶7(∗ 𝐶8, 𝜒(∗ 𝒙 x𝐻𝜒,(𝒙)

Hamiltonian Matrix in Atomic Basis Function

Equivariance in Atomic Basis FunctionKohn-Sham Density Functional Theory

𝜒, 𝒙 = 𝑅*T 𝑟 𝑌UT 𝜃

𝑌UT 𝜃' = 6
U'M#T

𝐷U'U
T 𝑌U’T(𝜃)

𝜒, 𝑹 ⋅ 𝒙 = 𝑫(𝑹)𝜒, 𝒙

Covariance in DFT Hamiltonian Matrix

𝐻′ = 𝐻'(, =6
78

𝐶7(∗ 𝐶8, 𝜒(∗ 𝑹 ⋅ 𝒙 x𝐻𝜒,(𝑹 ⋅ 𝒙)

𝐻′ = 𝐷𝑻 𝑹 𝐻𝐷(𝑹)



n Equivariance in Neural Network – Rotation Matrix in Winger-D Representation

ℳ 𝛼,𝛽, 𝛾 = ℛ𝓏 𝛼 ℛ𝓍 𝛽 ℛ𝓏 𝛾

=
cos 𝛼	cos 𝛾 − cos 𝛽	sin 𝛼	sin 𝛾 −cos 𝛽	cos 𝛾	sin 𝛼 − cos 𝛼	sin 𝛾 	sin 𝛼	sin 𝛽
cos 𝛾	sin 𝛼 + cos 𝛼	cos 𝛽	sin 𝛾 cos 𝛼	cos 𝛽	cos 𝛾 − sin 𝛼	sin 𝛾 −cos 𝛼	sin 𝛽

sin 𝛽	sin 𝛾 cos 𝛾	sin 𝛽 cos 𝛽 

Rotation Matrix in Euler Representation

Rotation Matrix in Winger-D Representation

10x0e + 5x1o + 2x2e

Irreducible representation

10 Even Scalers, 5 Odd Vectors, 2 Even Second-Order Tensors

𝐷T = 10𝐷&⊕5𝐷$⊕2𝐷Z



n Equivariance in Neural Network – Tensor Field Network

𝜈$
T% ⊗𝜈$

T% = 6
U%M#T%

T%

6
U&M#T&

T&

𝐶T%,U%,T&U&
T(U( 𝜈$U%

T% 𝜈%U&
T&

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

𝜈$
T% ⊗𝜈$

T% = 𝜈|T%#T&|⊕𝜈|T%#T&|)$⊕𝜈|T%#T&|)%⊕⋯⊕𝜈|T%)T&|

l Massage Passing in TFN

𝑓(' =
1
𝑧
6
𝒩𝒾

𝑓, ⊗ℎ ∥ 𝑥(, ∥ 𝑌
𝑥(,

∥ 𝑥(, ∥



n Equivariance in Neural Network – Basic Architecture of QHformer



n Equivariance in Neural Network – Basic Architecture of QHformer

InnerProduct Attention Mechanism

Aggregate Message with Invariance Attention Score

𝑞( = 𝐿𝑖𝑛𝑒𝑎𝑟 𝑥(

𝑘, = 𝑇𝑃 𝑥, , 𝑌 𝑟(]

𝐼𝑃 𝑞( , 𝑘, = ΣTΣU𝑞(
T,U · 𝑘,

T,U

𝑣, = 𝑇𝑃 𝑥, , 𝑌 𝑟(]

𝛼(] = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 𝐼𝑃 𝑞( , 𝑘, / 𝑑

𝑚( = Σ,∈S ( 𝛼(] · 𝑣(]

𝑥(' = 𝑥( +𝑊_`a · 𝑚(



n Equivariance in Neural Network – Basic Architecture of QHformer



n Equivariance in Neural Network – SO(2) Convolution Core in DeepTB-E3

𝐹U
T*+T#(𝒓𝒊𝒋) = 𝑅T*+T# 𝒓𝒊𝒋 𝑌U

T# (
𝒓𝒊𝒋
𝒓𝒊𝒋

)

SO(3) Convolution Filter 

SO(2) Convolution Filter 

𝐹U
T*+T# 𝒓𝒊𝒋 = 𝑅T*+T# 𝒓𝒊𝒋 𝑌U

T# 𝒓𝒊𝒋
𝒓𝒊𝒋

= D#$ (𝑹)𝑅T*+T# 𝒓𝒊𝒋 𝑌U
T# 𝑹 ⋅

𝒓𝒊𝒋
𝒓𝒊𝒋

Rotation



n Equivariant Neural Network – SO(2) Attention Mechanism in SE(3)-GAT

• Inner-Product Attention Mechanism

• Message Passing

𝑞( = 𝐿𝑖𝑛𝑒𝑎𝑟 𝑥(
𝑘(, = 𝑆𝑂2𝐶𝑜𝑛𝑣 𝑥, , 𝑟(, , 𝑤(,

𝐼𝑃 𝑞( , 𝑘, = ΣTΣU𝑞(
T,U · 𝑘,

T,U

𝑣(, = 𝑆𝑂2𝐶𝑜𝑛𝑣 𝑥, , 𝑟(, , 𝑤(,

𝛼(] = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 𝐼𝑃 𝑞( , 𝑘, / 𝑑

𝑚( = Σ,∈S ( 𝛼(] · 𝑣(]

𝑥(' = 𝑥( +𝑊_`a · 𝑚(

• SE(3) Head Splitting Strategy 

• SO(2)-Attention Mechanism

𝑣, = 𝑆𝑂2𝐶𝑜𝑛𝑣 𝑥, , 𝑟(, , 𝑤(, = 𝐷#$(𝑹)𝑥,𝑌U
T# 𝑹 ⋅ 𝒓𝒊𝒋

𝒓𝒊𝒋
𝑤(,

𝑘, = 𝑆𝑂2𝐶𝑜𝑛𝑣 𝑥, , 𝑟(, , 𝑤(, = 𝐷#$(𝑹)𝑥,𝑌U
T# 𝑹 ⋅

𝒓𝒊𝒋
𝒓𝒊𝒋

𝑤(,

𝑞(T ∈ ℝd.×(%T)$)

𝑞(
T,C ∈ ℝ

d.
0 × %T)$ , ℎ = 0,1,2,3…𝐻



n Equivariant Neural Network – Hybrid Attention Mode Inspired by DeepSeek V4 Pro

Compressed Sparse Attention(CSA)



n Equivariant Neural Network – Hybrid Attention Mode Inspired by DeepSeek V4 Pro

Heavily Compressed Attention (HCA)



n Equivariant Neural Network – Hybrid Attention Mode Inspired by DeepSeek V4 Pro
l CSA in QHformer l HCA in QHformer

𝑟(, = 𝐼=([𝑠(, , 𝑎(,])

𝜀(ONf = 𝑇𝑜𝑝𝐾,∈S ( (𝑟(,; 𝑘ONf)

𝑘(, = 𝑆𝑂2𝐶𝑜𝑛𝑣 𝑥, , 𝑟(, , 𝑤(,
𝑣(, = 𝑆𝑂2𝐶𝑜𝑛𝑣 𝑥, , 𝑟(, , 𝑤(,

𝛼(] = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 𝐼𝑃 𝑞( , 𝑘, / 𝑑

𝑚( = Σ,∈g*/01𝛼(] · 𝑣(]

𝑥(' = 𝑥( +𝑊_`a · 𝑚(

Only 𝑗 ∈ 𝜀(ONf

𝑘(, = 𝑆𝑂2𝐶𝑜𝑛𝑣 𝑥, , 𝑟(, , 𝑤(,
𝑣(, = 𝑆𝑂2𝐶𝑜𝑛𝑣 𝑥, , 𝑟(, , 𝑤(,

𝛼(] = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 𝐼𝑃 𝑞( , 𝑘, / 𝑑

𝑚( = Σ,∈g*/01𝛼(] · 𝑣(]

𝑥(' = 𝑥( +𝑊_`a · 𝑚(

Only 𝑙 ≤ 𝐿U7. and 𝑗 ∈ 𝜀(ONf

𝑘(, ∈ 𝑉h234 𝑣(, ∈ 𝑉h234



n Equivariant Neural Network – Basic Architecture of QHfomer_v2

Github.com/STOKES-DOT/QHformer

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


n Equivariant Neural Network – Basic Architecture of QHfomer_v2



n Equivariant Neural Network – Benchmark on MD17



n Equivariant Neural Network – Benchmark on MD17



n Equivariant Neural Network –

• 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

l Functional

l 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) 



Graph Neural Network Based

𝑛+ = [𝐶+||𝜖+]
GAT-V2

𝑜( = 𝑓_11(𝑛() 𝜈7 = 𝑓i(;(𝑛7)

𝑒7( = 𝑓i(;(𝜂7( ) 𝜂7( = [𝑟7( , Δ𝜖7( , 𝑑7(]

• Node

• Edge

• Interaction and Transition

𝑧7( = 𝑓(*/([𝑜(T ⊗𝑣7T , 𝑜(T − 𝑣7T , 𝑒7(T ])

• Pair-Pair Decoder

𝐷7(,8, = 𝑓([𝑧7( ⊗𝑧8, , 𝑧7( − 𝑧8, , 𝜙7(,8,])

Davidson Method Based

𝑉! = 𝑣", 𝑣#, … , 𝑣! 𝑊! = 𝐴𝑉!

𝐻! = 𝑉!$𝐴𝑉! = 𝑉!$𝑊!
𝐻!𝑦% = 𝜃%𝑦%, 𝑥% = 𝑉!𝑦%
𝑟% = 𝐴𝑥% − 𝜃%𝑥%

𝑡% ≈ diag(A) − 𝜃%𝐼 &"𝑟%

𝑉!'" = 𝑜𝑟𝑡ℎ 𝑉!, 𝑡", 𝑡#, …

• Subspace

• Residuals

• Expansion



Water in Full Excitation Space - training set

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

Speed up



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

• DF/Cholesky bipartite GNN

• Four-index AO/DF entry features

• Good Enough? Right Enough? Differential 

Molecular Systems?

• Compared with SpaiNN?

• Phase Random?





github.com/silico-quantum/tadf-screening

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


https://github.com/HKUDS/OpenSpace

https://github.com/HKUDS/OpenSpace




Random 

Distribution

Basic Ground State Calculation

Molecular Dynamic Simulation

Potential Energy Surface

Absorption and Emission Spectra(Error !) 

Molecular Dynamic Simulation Visualization



Random 

Distribution

Basic Ground State Calculation

Molecular Dynamic Simulation

Potential Energy Surface

Absorption and Emission Spectra 

Molecular Dynamic Simulation Visualization







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

A2A ACP

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

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

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



Expert Agents 
Subagent Agent Teams

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

l penggroup.agent with Agent Teams!

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

l Expert agents for ab initio process !

Github.com/karpathy/autoresearch
Github.com/datawhalechina/hello-agents

https://code.claude.com/docs/en/agent-teams
https://code.claude.com/docs/en/agent-teams
https://code.claude.com/docs/en/agent-teams
https://github.com/karpathy/autoresearch
https://github.com/karpathy/autoresearch
https://github.com/datawhalechina/hello-agents
https://github.com/datawhalechina/hello-agents
https://github.com/datawhalechina/hello-agents
https://github.com/datawhalechina/hello-agents

