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Motivation and Contribution

(1) Equivariant networks such as Equiformer have shown the
importance of incorporating 3D-related inductive biases in
learning representations of 3D atomistic systems.

(2) Tensor products, the core operations in equivariant
networks, have high complexity and become the bottleneck in
scaling degrees, L, of equivariant representations.

(3) eSCN reduces SO(3) convolutions built from tensor products
to SO(2) linear operations, enabling higher L .

(4) We revisit the design of equivariant Transformers and
propose EquiformerV2, the improved equivariant Transformer
for scaling to higher L.
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Proposed Method

Equivariant features (e.g., Euclidean vectors) consist of
vectors of different degrees L, with maximum degree L, and
those of different L rotate at different speeds when input
graphs are rotated.
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We start with Equiformer and have the following modifications:
(1) We use eSCN convolutions, which reduce tensor products

to SO(2) linear operations, to efficiently incorporate vectors of

higher degrees and scale to higher L .

(2) To better leverage the power of higher degees, we propose
three architectural improvements — attention re-normalization,

separable S? activation and separable layer normalization.
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Overall Architecture of EquiformerV2
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Attention Re-Normalization

2z = wZ_LeakyReLU(T.N(fl(JO))) and a;; = softmax;(z;) =

exp(zi;)

We apply an additional layer normalization (LN) before the
non-linear functions when calculating attention weights.

ZkeN(,) exp(zir)

Separable S? Activation
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Separable Layer Normalization
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(1) The proposed architectural improvements are necessary to
better leverage the power of higher degrees.
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(2) EquiformerV2 achieves the state-of-the-art results on OC20,
0OC22 and AdsorbML and is used in Open Catalyst Demo.

TSRS et IS2RE e
ADVT  Encrgy MAE
1 mevl

| Qm9 |
(1) Unlike larger datasets like OC20 S2EF, the performance
gain of using higher degrees on smaller datasets is smaller.

(2) When trained with Noisy Nodes, the performance gain
becomes larger, and EquiformerV2 can match the performance
of some models pre-trained on 30x larger datasets.
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Table 12: Mean absolute error results on QM test set when trained with Noisy Nodes (Godwin et al., 2022).

1 denotes that the results are produced by this work. § denotes using different data partitions. “NN” denotes

Noisy Nodes, and “pretraining” denotes pretraining on PCQM4Mv2 dataset (Nakata & Shimazaki, 2017). The
gain from to Equi V2 becomes larger when trained with Noisy Nodes.




