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Background

3D Operator Learning f19) - B|9)

T:f—g9;f,g¢€ [L2 (D)] Schrédinger equation

Electron density / atom

Infinite dimensional &
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A5 RE Helmholtz equation
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Mapping between functions v

With discrete structure 5 TV V)v= —;Vp +vAv +f(z,1)
sources: https://en.wikipedia.org/wiki/Helmholtz equation NGVIer_StOkeS equatlons

Tri-periodic fully three-dimensional analytic solutions for the Navier-Stokes equations. J. Fluid Mech., 2020 F/UId/ source, sink
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Background Equivariance

* Rigid transformation (rotation and translation) of
the input gives results that transform accordingly.

Discrete case

* Rotation of :
(Rf)(x) == f (R"'x) o |
» Equivariant operator: Sl -~ M
T(Rf) =R(Tf),VR
p(r) (Rp)(r)

sources: Tensor field networks: Rotation- and translation-equivariant neural networks for 3D point clouds, Arxiv, 18
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Previous Work

* Traditional quantum chemical calculations are either slow
(ab initio method) or inaccurate (KS-DFT).

* Voxel-based regression: Memory consuming

* Coefficient learning: Finite approximation error

* Interpolation network: Lack of long-range interaction
* Neural Operators: Hard to scale up

O=0—C

sources: DeepDFT: Neural Message Passing Network for Accurate Charge Density Prediction, NeurlPS, 2020 Whole Heart Segmentation from CT images Using 3D U-Net architecture, IWSSIP, 2019
Harmony: EEG/MEG Linear Inverse Source Reconstruction in the Anatomical Basis of Spherical Harmonics, PLoS ONE, 2012 Fourier neural operator for parametric partial differential equations. ICLR, 2021
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Our Proposed InfGCN

InfGCN [ayer

» A combination of{coefficient learning|nets and|interpolation nets

* Equivariance guaranteed by design Residual Operator layer

* Graph spectral theoretical interpretation as graphon convolution

POX) =D FOn e (%) + 2(x)
Im
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INfGCN Layer T

» Use tensor product to achieve equivariance (like in TFN)!

Xy $— Y Y Wyk Zruv®xu

veN, Lk

Theorem. When interpreted as coefficients for
Gaussian-type orbitals (GTOs):

Brtm(x) = BV (E) = cnrexp (—anr?)rlV;(7)

—®  TFNwill give an SE(3)-equivariant
/ continuous function.

sources: Tensor field networks: Rotation- and translation-equivariant neural networks for 3D point clouds, Arxiv, 18
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Residual Operator Layer

* An interpolation-style residual operator layer
» “Finetune” the finite approximation error

ftf)#zt Pom (X) + 2(X)
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e Continuous MPNN: nodes

T fo) = [ (W y)i(s)dy
Proposition: b

* Basis coefficients are graphon spectra.
* Transformation on the coefficients is graphon convolution.

* Graphon (graph limit, graph function) siightly generalized

Symmetric, square-integrable
(W):DxD 0,1,

/ W(x, y)|2dxdy < oo
D2

sources: http://www.ams.org/notices/201501/rnoti-p46.pdf
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Graph Spectral Theory

: Tivf(x /ny

: S,OGC tral Theorem for self-adjoint operators

Unitary operator
Multiplicative operator

e Power series
T 1) =TT ) = [ Wixy) T 1(5)dy T= 7

Hf = ZwkTuﬁf ~01f + 0 Twf

k=0
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Results

Table 1: NMAE (%) on QM9, Cubic, and MD datasets.
Rotated QM9 (%) on Q ,
50.0 o Dataset/Model InfGCN | NN Interpolation Net Neural Operator
DeepDFT DeepDFT2 DimeNet DimeNet++ GNO FNO LNO
QM9 rotated 4.73 5.89 5.87 4.98 12.98 12.75 4690 3325 24.13
unrotated 0.93 2.01 2.95 1.03 11.97 11.69 40.86 28.83 26.14
Cubic 8.98 OOM 14.08 10.37 12.51 12.18 53.55 48.08 46.33
LNO ethanol 8.43 13.97 7.34 8.83 13.99 14.24 82.35 31.98 43.17
benzene 5.11 11.98 6.61 5.49 14.48 14.34 82.46 20.05 38.82
20.0 - MD phenol 5.51 11.52 9.09 7.00 12.93 12.99 66.69 4298 60.70
resorcinol 5.95 11.07 8.18 6.95 12.04 12.01 58.75 26.06 35.07
ethane 7.01 14.72 8.31 6.36 13.11 12.95 71.12 2631 77.14
malonaldehyde 10.34 18.52 9.31 10.68 18.71 16.79 84.52 3458 47.22
DimeNet
s0 DimeNet++
100l Table 2: NMAE (%) and the parameter count of different model settings on the QM9 dataset.
L \s1 Model | InfGCN(s7) s S5 54 S3 59 s1 So | no-res fc
QM-rot (%) 4.73 477 476 477 486 695 956 1262 | 6.14 4.95
I QM-unrot (%) 0.93 1.01 1.11 108 146 4.65 807 1205 | 3.72 1.36
6.0 - Parameters (M) | 1.20 085 058 039 026 0.17 013 0.1 | L16 17.42
5.0 -
4.0 1 P T S T T T | 1 [ T T T T T | ' ' ° ° °
01 02 10 20 100 0 Residual operator layer is important!

Model size /M
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Results
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