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Abstract

Equivariant networks are specifically designed to ensure consistent behavior with
respect to a set of input transformations, leading to higher sample efficiency and
more accurate and robust predictions. However, redesigning each component of
prevalent deep neural network architectures to achieve chosen equivariance is a
difficult problem and can result in a computationally expensive network during both
training and inference. A recently proposed alternative towards equivariance that
removes the architectural constraints is to use a simple canonicalization network
that transforms the input to a canonical form before feeding it to an unconstrained
prediction network. We show here that this approach can effectively be used
to make a large pretrained network equivariant. However, we observe that the
produced canonical orientations can be misaligned with those of the training
distribution, hindering performance. Using dataset-dependent priors to inform the
canonicalization function, we are able to make large pretrained models equivariant
while maintaining their performance. This significantly improves the robustness
of these models to deterministic transformations of the data, such as rotations.
We believe this equivariant adaptation of large pretrained models can help their
domain-specific applications with known symmetry priors.

1 Introduction

Deep neural networks (DNNs) have demonstrated exceptional success in dealing with a range of data
modalities, such as image and point cloud [1H5]. The majority of these applications require working
with input data that undergoes various transformations, such as rotation, scaling, or translation
in image data. Invariant and equivariant networks are “aware” of such transformations; they are
specifically designed to ensure that the network’s behaviour is insensitive to input transformations,
leading to more accurate and robust predictions and improved sample complexity [e.g., [6, [7, |9
1141131 [14]). As such, they have emerged as a promising solution to a wide range of computer vision
and point cloud processing tasks [[7,19, |10, [15520], including classification, object recognition, and
segmentation, among others.

In parallel to this, it has been shown that scaling models, both in the number of parameters and amount
of training data, systematically improve their performance [21} 23H28]]. Pre-training on massive
datasets has emerged as a practical method to harness this advantage. Several large models are now
publicly available, and fine-tuning them on specific applications has proven to be a successful strategy
in a variety of applications. However, such foundation models [29] are typically not equivariant
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Figure 1: Predicted masks from the Segment Anything Model (SAM) [21]], showcasing both the
original model and our proposed equivariant adaptation for 90° counter-clockwise rotated input
images taken from the COCO 2017 dataset [22]. Our method makes SAM equivariant to the group of
90° rotations while only requiring 0:3% extra parameters and modestly increasing the inference time
by 7:3%. For further insights into this experiment, refer to Sectionm

to most transformations except translations, as the currently known methods to achieve this are
non-trivial to adapt to some architectures and remain computationally expensive.

This work aims at bridging the gap between foundation models and the systematic generalization
offered by equivariance. The key idea is to decouple equivariance from the main task-specific DNN.
One way of achieving this is through the idea of learned canonicalization function [30], where a
canonicalization network learns to transform the data into a canonical form. The pretrained prediction
network is then applied to this canonical form. Another way to achieve this decoupling is through the
idea of symmetrization where all the transformations of a datapoint are passed through the prediction
network and the final output is computed as the average of these predictions [[12, [8]. However,
symmetrization comes at a notably higher computational cost compared to canonicalization, primarily
due to the requirement of a forward pass through the prediction network for each data transformation.
This problem is even more pronounced when employing a large-scale prediction network. Hence,
the canonicalization technique is a more efficient and practical choice for making large pretrained
network equivariant.

Nevertheless, a naive application of the canonicalization idea fails in practice. This is because the
canonicalization network’s choice of canonical form can result in a change of distribution in the
input of the pretrained prediction network — that is, canonicalization can be uninformed about the
preference of the prediction network, undermining its performance.

As outlined in Figure [2] we resolve this misalignment by matching the distribution of predicted
canonical forms with the dataset. We demonstrate empirically that imposing this prior is essential in
an equivariant adaptation of pretrained models across different domains and datasets. Our approach
offers a practical solution to obtaining large-scale equivariant models by providing an independent
module that can be plugged into existing large pretrained DNNs, making them equivariant to a wide
range of transformation groups.

2 Background

Groups and Transformations Groups capture the abstract structure of symmetry transformations,
which is due to their compositional form — e.g., the composition of a transformation with its inverse
results in an identity transformation. Formally, a group G is a set equipped with an associative binary
operation, such that the set is closed under this operation, and each element g 2 G has a unique inverse.
A group G can act on a set X by transforming its elements X 2 X through a bijection. Assuming X
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