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Abstract

Supervised leaming on molecules has incredi-
ble potential to be useful in chemistry, drug dis-
covery, and materials science. Luckily, sev-
eral promising and closely related neural network
models invariant to molecular symmetries have
already been described in the literature. These
models learn a message passing algorithm and
aggregation procedure to compute a function of
their entire input graph. At this point, the next
step is to find a particularly effective variant of
this general approach and apply it to chemical
prediction benchmarks until we either solve them
or reach the limits of the approach. In this pa-
per, we reformulate existing models into a sin-
gle common framework we call Message Pass-
ing Neural Networks (MPNNs) and explore ad-
ditional novel variations within this framework.
Using MPNNs we demonstrate state of the art re-
sults on an important molecular property predic-
tion benchmark; these results are strong enough
that we believe future work should focus on
datasets with larger molecules or more accurate
ground truth labels.

1. Introduction

The past decade has seen remarkable success in the use
of deep neural networks to understand and translate nat-
ural language (Wu et al., 2016), generate and decode com-
plex audio signals (Hinton et al., 2012), and infer fea-
tures from real-world images and videos (Krizhevsky et al.,
2012). Although chemists have applied machine learn-
ing to many problems over the years, predicting the prop-
erties of molecules and materials using machine learning
(and especially deep learning) is still in its infancy. To
date, most research applying machine leaming to chemistry
tasks (Hansen et al., 2015; Huang & von Lilienfeld, 2016:
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Figure 1. A Message Passing Neural Network predicts quantum
propertics of an organic molecule by modeling a computationally
expensive DFT calculation.

Rupp et al., 2012: Rogers & Hahn, 2010; Montavon et al.,
2012: Behler & Parrinello, 2007; Schoenholz et al., 2016)
has revolved around feature engineering. While neural net-
works have been applied in a variety of situations (Merk-
wirth & Lengauer, 2005; Micheli, 2009; Lusci et al., 2013;
Duvenaud et al., 2015), they have yet to become widely
adopted. This situation is reminiscent of the state of image
models before the broad adoption of convolutional neural
networks and is due, in part, to a dearth of empirical evi-
dence that neural architectures with the appropriate induc-
tive bias can be successful in this domain.

Recently, large scale quantum chemistry calculation and
molecular dynamics simulations coupled with advances in
high throughput experiments have begun to generate data
at an unprecedented rate. Most classical techniques do
not make effective use of the larger amounts of data that
are now available. The time is ripe to apply more power-
ful and flexible machine learning methods to these prob-
lems, assuming we can find models with suitable inductive
biases. The symmetries of atomic systems suggest neu-
ral networks that operate on graph structured data and are
invariant to graph isomorphism might also be appropriate
for molecules. Sufficiently successful models could some-
day help automate challenging chemical search problems
in drug discovery or materials science.

In this paper, our goal is to demonstrate effective ma-
chine learning models for chemical prediction problems
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The Geometric Message Passing Framework: Special cases

Special case (Point convolutions!?, X = R
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Special case (EGNN'!, X = R9

 Messages (non-linear transformations)

m; = ¢, L, [[x; — x,{|)

 Aggregate + node updates
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E(n) Equivariant Graph Neural Networks

Victor Garda Satorras' Emiel Hoogeboem ' Max Welling '

Ahstract

This pasrer mtroduces a new model o leam grapa
neural setworks equivasian: to rotations, trensla-
tions, reflectiors and permatations called E{ni-
Equivanant Graph Necural Netwerks (ECNNs). I
contrast with existing methads, our work does nct
require computationally expensive higher-order
representations in intermediate lavers while it
still aclieves competitive w belter perfusmance.
In addinon. whereas existing methods are lim-
ited to equivanance on 3 dimensional spaces,
our model is eastly scalzd to higher-dimensionzl
spaccs. We demonstrate the cffectivencss of our
method on dynamical systems modelling, repre-
seniation learning in greph autoznceders and pre-
dicting molzcular properties.

1. Introduction

Althouga deep lrarmng has largely replicec hand-crafted
features, many advasces are cnitcally dependent on induc-
ave biases in deep neural networss. An effecive metiod to
restrict neural networks 1o relevant Junctions is o exploit
the symmetry of problems by enforang squivariance with
respect o transformations from a certain symmetry group.
Notzble examplzss are translaticn equivariance in Comvo-
lutional Newral Networks and permutadon equivariance in
Graph Nanral Netwaorks (Rruma et al 2013; Defferrard ot 51
201€; Kipf & Welling, 2)16a).

Many problems exhiit 2D translation and rotation symme-
tries. Some examples are poiat clouds (Uy etal., 2019), 3D
molecular structures (Ramakrishaan et al, 2014) or N-body
particle simulations (Kipf et al. 2018). The group corre
sponding to these synmetries is named the Euclidzan group:
SE(%) or when reflections are included E(3). It 15 ofien ce-
sired that predictions on these tasks are exher equivarant or
mvanan! with respect to E(3] traasformations.

'"UvA-Bosch Delta Lab, University of  Amserdam,
Netherlands. Correspondence to:  Vitor Garcia Sator-
Las <v.garciasatorsas @uva.nl > Emiel Hoog:boom
<c.hrogdboom @uva.clz-, Max Welling ~~mowelling @uva.nl=.

Proceedings of the 38'" Intervarional Conjerence on Machize
Learsing. PMLR 130, 2021. Copyright 2021 by the acthos(s).

Figure 1. Example of rotatior equivariance on o graph with a zrapa
neural network o

Receady, varous forms and methods o achieve E(3) ar
SE(3) equivariance have heen propased (Thomas et al |
2018; Fuchs =t al., 2020; Finzi et al., 2020; Xéhler ct al.,
2020). Many of tiese works achizve innovations in siudy-
g types of lighc-ooder icpiescutatons for wntcineliats
network layers. However. the transformations ‘or thes:
higher-order representaticns rzquire coeffcients or aparox-
inations ‘hat can be =xpensive to compute. Additionally,
i prectice fur many types of dala U inputs and ouputs
are restricted to scalar va ues (for instance temperature or
energy, referred to as type-0 in bterature) and 3d vectors
(for instarce velocity or momentum, referred to as type-1 in
liicraturc).

Ir. this work we presert a new architeciure that is translation,
rotation and raflectior equivanant (E(n)), and permutation
equivariant with respect to an mput set of points. Our model
is simpler than previous methods in that 1t does not requir:
the spherical harmonics as in(Thomas etal., 2018; Fuchs
et al,, 2020) while 1t can sull achieve competitive or bei-
ter results. In addition, equivariance 1n our mocel 15 nat
limited tc the 3-dimensional spece end can be scaled
larger dimensionzl spaces without a significast increase in
compuatation.

15
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Scalar field [] Point convolutions
ﬁ Translation equivariant, but not rotation equivariant
| °
f. = g /
: /!
o £ = (), k((x;—x)f;)

%;Q /X \[] JEN (i)
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Scalar field [] Point convolutions
ﬁ Translation equivariant, but not rotation equivariant
| °
f. = g /
: /!
o £ = (), k((x;—x)f;)

%;Q /X \[] JEN (i)

Regular group convolution (Lecture 1)
Rotation equivariant, but requires grid on SO(d)

B(R) =g ) kR™'(x; - x))f;)

JEN (i)
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Scalar field [] Point convolutions
‘ Translation equivariant, but not rotation equivariant
[z] - R), £ =g ) k((x;—x))f)
]‘ jEN )
0
o / .\. Regular group convolution (Lecture 1)
o / o Rotation equivariant, but requires grid on SO(d)
= (x,R. ® @
g] ( J’ J) 5 ‘ 1
=) f(R) = ¢ Y kR™'(x; - x))f; )

JEN (i)
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Point convolutions
Translation equivariant, but not rotation equivariant

f= () k((x;—x)f;)

JEN (i)

Scalar field

Regular group convolution (Lecture 1)
Rotation equivariant, but requires grid on SO(d)

Sy TN

g = (X;, R,) 1
f = f(R) = ¢ ) kR™(x; — x))f))
JEN (D)
Steerable feature field -
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Scalar field Point convolutions

Translation equivariant, but not rotation equivariant
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JEN (i)

Regular group convolution (Lecture 1)
Rotation equivariant, but requires grid on SO(d)

B(R) =g ) kR™'(x; - x))f;)

JEN (i)

Steerable feature field

Steerable group convolution (Lecture 2)

AP § g @ o

: A Rotation equivariant, requires no grid on SO(d)
: ;i f
; ":’ .-" X A ~
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Special case (Lie group convolutionsl’z, X = G):
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Generalizing Convolutional Neural Networks for Equivariance
to Lie Groups on Arbitrury Continuous Data

Maure Finxi Samuel Stanton ' Puvel Ixmailoy ! Andraw Gerdon Wilson '

Ahstract

The trunslution equivariance of convoluticnal oy-
ers erzhles comalimiona nerml nerwrrks (o gen-
eralize well or s ge prokl=ms While tanslaion
cquivamanc: providss a powcerful mductive kias
for images, we often addibienally dosire cquiver-
ance Lo other trunslocmatione, cuch os rutaboas,
esnacially for nea image dae, We propose a gen
eral methed W consmiat a reavolnticoral layer
thar is erprivarin: 1 mansformaions Fom any
sozaicd Liz pooap witl 4 sanjective caposcnbial
map. Incorpocating squivamance Lo a acw group
requires implemanting cnly the greup exponential
and lo zarithm maoe erabling raped prololyping.
Skowcasing the simplicity aad gererslity of our
welhod we apply Uiz same todd axchistec e W
mages, ball-and-s ik imolevuar date, 20d Heauil-
tonan dyaarical systems, For Hamallonian svs-
tems, the cquivanerse of our models o canzcally
impactful, leading o exact coaseraticn of e
and angukar momentum.

1. Introduction

Svmmetry pervades the noturad world, The came liwy o
groviahior govemns o sams of cateh, tae ok of our plan
ete ard the formatioe of zalacies. ILis precisely becuuse
of the caren of the mme=iae thet we o ||u|r ok atand
il Ouee we siastal o usdarstasd e syrunzl ks whacal
in physical laws, we aould arcdict bekavier in galeracs bik
Lions of light-ycurs away by stadying sur owa locel rezion
af e and spoce. For staistical mocdels to wohieve theis
fal. potentia, it 5 eswentia Lo ircorporye our kroalacge
of namrally awcrming symmerisg irm the des gn of alan-
ribms ard smebiteTnres An sxsangls of this arisciple is
the trmslation comvenance of convolutiona layers in acu-
ral retwarks LeCun cial, 1955): whenaa mput (cg en

"Nvn Yort 1wieedry Comeqrercence wr Mare Fingd
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respect 5 QIveR CONLrLoNs Rymmetry groap.

urege) is wanslaled, ez valout of a vonolutioaal Layer s
besslated i Uz samic way

Comemp rhewry nrowides i mechanism ra reason ahoaur symms-
Ly ard cyuivariane. Convoluional layas arc cyuiva as;
lo arsktions, eud ac a special case of gioup convolu-
bien. A group canvelulion 15 a genatal lmear trarslormxian
equivanasl (o @ zivea groap, uted 1a Zroup equvasimt coa
volutiondl netvocks (Conasn and We ling, 201 6a)

In this xper, we develop ¢ generul ramework for equiy
arint models 00 arbitrary continuaus spaikld) dale reprs
waated sx enerdivees srd sales (5, £}, Sparinl dais
i3 & booal valcgory, mclucig ball-and-stok repaosatalions
uf mwlevules, e coordnakes of a Cyaaiiva. systcn wal
irages ithown in Figure 1), When the 1aputs or zroup
elemens lie on 1 gnd {e.z. 1maze &da) ons can =mply
spumeruts the values of ths coevolutional kel at each
group element But ir coder Lo extend L coctinacus Cata,
wea ffll" l|r " \I'll |ill ln.l ‘(‘.lll‘.l FEEET T RTINS I‘II.. ;Illl
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model. comrposed of sceerable MLPs, 1s able to incorporate geometric and physical
inforation ix buth the messaye axd update functions. Through the defimuen of
stecrable node attributes, the MLPs previde a new class of activation functions
for general use with st2erable festure fielcs. We discuss ours and related work
thrang the lens of eguivariant nondinear comolunons, which tu-ther allows ns to
pin-pont the successful components of SEGNNs: non-linzar message aggrezat.on
improves upon classic linear (stectabke) 2oint convolutions; sievialle messages
improve upon recent cquivariart graph networks that sead mvaran: messages. We
demonstrate the effectivaness of our method on several tasks in computational
physies and chemistry and pravide eytensive ablation smdies

 Aggregate + node updates (convolution + activation fn) :

1 [INTRCDUCTION

The suecess of Convolutional Nearal Networks (CNN:) (LeCun et al|, 1998;/2015; Schmidhuber,

/A A\ /A
/ — 2015; Krizhevsky et al. 2012) is a key factor Zor the rise of deep leaming, actributed to their capabils
\ Y Y I 8 ap ty
¢ mmm— x s x ° . ‘ nf exploiting translation symmetnies, herahy intrvducing a strong inductiva hias. Recen® wnrk has
l f ] l ] ' shown tat designing CNINs o explol: addidonal syrmetres via groap corvoludons has even further

axcreased tweir pecfozmarce  (Coben & Welling, 2016 2017, Worzall et al., 2027 Coliea e, al.,
. . 2018; Kondor & Trivedi, 2018; Weiler at al., [201§; Bekkers et al |, 2018 Bekkers, |2019; Weilar &
E ./V( l) C2sa, 2016) Graph neural networks (CNNs) and CNNs are closely related to 2ach cther viz their
] aggregatinn of local information. More precisely, CNNs can be formnlated as message passing
-ayzrs (Gllmer 2t al |, 2017) based on a sum aggregatcn of messages that are obralned by relative
positior-dependent linear trensfarmations of neighbourirg ncde features. The power of message
passmny layers is, however, that nods features cre transformed and propagated in a highly non-linear
manner. Equivariant GNNs have b2en proposed bafore as either Pon:Conv.type (Wu et al | 2)19;
Kristn™ ot al | 2017) implementations of stzerahle [Thomas ef al | 20 % Andarson et al | 2019 Fiochs
et el., 2020) ar regular group canvolutdons (Hinzl et el | 2020). The most impar@ant ccypenent in
these methods arc the eonvolution leyers. Althougk powerful, such leycrs enly ipscudd!| lincarly
transform the graphs ard non-lirearity i only obtaired via point- wise activations
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'Metaods such as SE(3)-transformers (Fuchs et al | 2020} and Cormorant [Andsmson et al., 2019) inzlade an
mut-dependent ateaticn componeat thal avgments the convolutians.,
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