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ABSTRACT

Self-supervised learning converts raw perceptual data such as images to a compact
space where simple Euclidean distances measure meaningful variations in data. In
this paper, we extend this formulation by adding additional geometric structure to
the embedding space by enforcing transformations of input space to correspond
to simple (i.e., linear) transformations of embedding space. Specifically, in the
contrastive learning setting, we introduce an equivariance objective and theoret-
ically prove that its minima forces augmentations on input space to correspond
to rotations on the spherical embedding space. We show that merely combining
our equivariant loss with a non-collapse term results in non-trivial representa-
tions, without requiring invariance to data augmentations. Optimal performance is
achieved by also encouraging approximate invariance, where input augmentations
correspond to small rotations. Our method, CARE: Contrastive Augmentation-
induced Rotational Equivariance, leads to improved performance on downstream
tasks, and ensures sensitivity in embedding space to important variations in data
(e.g., color) that standard contrastive methods do not achieve. Code is available at
https://github.com/Sharut/CARE.

1 INTRODUCTION

It is only partially understood what structure neural network representation spaces should possess in
order to enable intelligent behavior to emerge efficiently (Ma et al., 2022). One known key ingredient
is to learn low-dimensional spaces in which simple Euclidean distances effectively measure the
similarity between data, as demonstrated by powerful self-supervised methods for web-scale learning
(Chen et al., 2020; Schneider et al., 2021; Radford et al., 2021). However, many use cases require the
use of richer structural relationships that similarities between data cannot capture. One example that
has enjoyed considerable success is the encoding of relations between objects (X is a parent of Y, A
is a treatment for B) as simple transformations of embeddings (e.g., translations), which has driven
learning with knowledge graphs (Bordes et al., 2013; Sun et al., 2019; Yasunaga et al., 2022). But
similar capabilities have been notably absent from existing self-supervised learning recipes.

Recent contrastive self-supervised learning approaches have explored ways to close this gap by
ensuring representation spaces are sensitive to certain transformations of input data, such as variations
in color (Dangovski et al., 2022; Devillers & Lefort, 2023; Garrido et al., 2023; Bhardwaj et al.,
2023) that earlier contrastive methods lacked. Encouraging sensitivity is especially important in
contrastive learning, as it is known to learn shortcuts that forget features that are not needed to
solve the pretraining task (Robinson et al., 2021). This line of work formalizes sensitivity in
terms of equivariance: transformations of input data correspond to predictable transformations
in representation space. Equivariance requires specifying a family of transformations a ∈ A in
the input space, a corresponding transformation Ta in representation space, and training f so that
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Figure 1:CARE is an equivariant contrastive learning approach that trains augmentations (cropping,
blurring, etc.) of input data to correspond to orthogonal transformations of embedding space.

f (a(x)) � Ta f (x). Prior works have considered a learnable feed-forward network forTa , (Devillers
& Lefort, 2023; Garrido et al., 2023). However, we �nd that this approach suffers from geometric
pathologies, such as inconsistency under compositions:Ta2 � a1 f (x) 6= Ta2 Ta1 f (x). Furthermore,
encoding the relation between the embeddings ofx anda(x) in a non-linear way con�icts with the
aim of learning a representation space where linear transformations relate different instances.

To address these concerns we proposeCARE, an equivariant contrastive learning framework that
learns to translate augmentations in the input space (such as cropping, blurring, and jittering) into
simplelinear transformations in feature space. Here, we use the sphere as our feature space (the
standard contrastive learning space) and hence consider the isometries of the sphere: rotations
and re�ections, i.e., orthogonal transformations. As orthogonal transformations are less expressive
(by design), our learning problem is more constrained, meaning that prior approaches for learning
non-linear transforms cannot be used (see Section 3). Instead,CARE trainsf to preserve angles,
i.e., f (a(x))> f (a(x0)) � f (x)> f (x0), a property that must hold iff is orthogonally equivariant.
We show that achieving low error on this seemingly weaker property also implies approximate
equivariance and enjoys consistency under compositions. Critically, we can easily integrateCARE
into contrastive learning work�ows since both operate by comparing pairs of data.

The key contributions of this work include:

• IntroducingCARE, a novel equivariant contrastive learning framework that trains transfor-
mations (cropping, jittering, blurring, etc.) in input space to approximately correspond to
local orthogonal transformations in representation space.

• Theoretically proving and empirically demonstrating thatCARE places an orthogonally
equivariant structure on the embedding space.

• Showing thatCARE increases sensitivity to features (e.g., color) compared to invariance-
based contrastive methods, and also improves performance on image recognition tasks.

2 RETHINKING HOW AUGMENTATIONS ARE USED IN SELF-SUPERVISED

LEARNING

Given access only to samples from a marginal distributionp(x) on some input spaceX such as images,
the goal of representation learning is commonly to train a feature extracting modelf : X ! Sd� 1

mapping to the unit sphereSd� 1 = f z 2 Rd : kzk2 = 1g. A common strategy to automatically
generate supervision from the data is to additionally introduce a space of augmentationsA , containing
mapsa : X ! X which slightly perturb inputs�x (blurring, cropping, jittering, etc.). Siamese self-
supervised methods learn representation spaces that re�ect the relationship between the embeddings
of x = a(�x) and x+ = a+ (�x), commonly by trainingf to be invariant or equivariant to the
augmentations in the input space (Chen & He, 2021).

Invariance to augmentation. One approach is to trainf to embedx andx+ nearby—i.e., so that
f (x) = f (x+ ) is invariant to augmentations. The InfoNCE loss (van den Oord et al., 2018; Gutmann
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& Hyvärinen, 2010) used in contrastive learning achieves precisely this:

L InfoNCE(f ) = Ex;x + ;f x �
i gN

i =1

�
� log

ef (x )> f (x + )=�

ef (x )> f (x + )=� +
P N

i =1 ef (x )> f (x �
i )=�

�
; (1)

where� > 0 is a temperature hyperparameter, andx �
i � p are negative samples from the marginal

distribution onX . As noted by Wang & Isola (2020), the contrastive training mechanism balances
invariance to augmentations with a competing objective: uniformly distributing embeddings over the
sphere, which rules out trivial solutions such as constant functions.

Whilst contrastive learning has produced considerable advances in large-scale learning (Radford et al.,
2021), several lines of work have begun to probe the fundamental role of invariance in contrastive
learning. Two key conclusions of recent investigations include: 1) invariance limits the expressive
power of features learned byf , as it removes information about features or transformations that
may be relevant in �ne-grained tasks (Lee et al., 2021; Xie et al., 2022), and 2) contrastive learning
actually bene�ts from not having exact invariance. For instance, a critical role of the projection head
is to expand the feature space so thatf is not fully invariant (Jing et al., 2022), suggesting that it is
preferable for the embeddings ofx andx+ to be close, but not identical.

Equivariance to augmentation. To address the limitations of invariance, recent work has addition-
ally proposed to controlequivariance(i.e., sensitivity) off to data transformations (Dangovski et al.,
2022; Devillers & Lefort, 2023; Garrido et al., 2023). Prior works can broadly be viewed as training
a set of featuresf (sometimes alongside the usual invariant features) so thatf (a(x)) � Ta f (x)
for samplesx � p from the data distribution whereTa is some transformation of the embedding
space. A common choice is to takeTa f (x) = MLP(f (x); a), a learnable feed-forward network,
and optimize a losskMLP(f (x); a) � f (a(x))k2. Whilst a learnable MLP ensures that information
abouta is encoded into the embedding ofa(x), it permits complex non-linear relations between
embeddings and hence does not necessarily encode relations in a linearly separable way. Furthermore,
it does not enjoy the bene�cial properties of equivariance in the formal group-theoretic sense, such as
consistency under compositions in general:Ta2 � a1 f (x) 6= Ta2 Ta1 f (x).

Instead, this work introducesCARE, an equivariant contrastive learning approach respecting two key
design principles:
Principle 1. The mapTa satisfyingf (a(x)) = Ta f (x) should be linear.
Principle 2. Equivariance should be learned frompairsof data, as in invariant contrastive learning.

The �rst principle asks thatf converts complex perturbationsa of input data into much simpler
(i.e., linear) transformations in embedding space. Speci�cally, we constrain the complexity ofTa
by considering isometries of the sphere,O(d) = f Q 2 Rd� d : QQT = QT Q = I g, containing all
rotations and re�ections. Throughout this paper we de�nef (a(x)) = Ta f (x) for Ta 2 O(d) to be
orthogonal equivariance. This approach draws heavily from ideas in linear representation theory
(Curtis & Reiner, 1966; Serre et al., 1977), which studies how to convert abstract group structures
into matrix spaces equipped with standard matrix multiplication as the group operation.

The second principle stipulateshowwe want to learn orthogonal equivariance. Naively following
previous non-linear approaches is challenging as our learning problem is more constrained, requiring
learning a mappinga 7! Ra to orthogonal matrices. Furthermore, for a single(a; x) pair, the
orthogonal matrixRa such thatf (a(x)) = Ra f (x) is not unique, making it hard to directly learnRa .
We sidestep these challenges by, instead of explicitly learningRa , trainingf so that an augmentation
a applied to two different inputsx; x + produces the same change in embedding space.

Our method,CARE, encodes data augmentations (cropping, blurring, jittering, etc.) asO(d) transfor-
mations of embeddings using an equivariance-promoting objective function.CARE can be viewed as
an instance ofsymmetry regularization, a term introduced by Shakerinava et al. (2022).

3 CARE: CONTRASTIVE AUGMENTATION-INDUCED ROTATIONAL

EQUIVARIANCE

This section introduces a simple and practical approach for training a modelf : X ! Sd� 1 so that
f is orthogonally equivariant: i.e., a data augmentationa � A (cropping, blurring, jittering, etc.)
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applied to any inputx 2 X causes the embeddingf (x) to be transformed by the sameRa 2 O(d)
for all x 2 X : f (a(x)) = Ra f (x).

To achieve this, we consider the following loss:

L equi(f ) = Ea�A Ex;x 0�X
�
f (a(x0))> f (a(x)) � f (x)> f (x0)

� 2
(2)

L equi(f ) = Ea�A Ex;x 0�X
�
f (a(x0))> f (a(x)) � f (a0(x))> f (a0(x0))

� 2
(3)

Since inner products describe angles on the sphere, this objective enforces the angles between the
embeddings of independent samplesx andx0 to be the same as those between their transformed
counterpartsa(x) and a(x0). This is necessarily true iff is orthogonally equivariant or, more
generally,Ra 2 O(d) exists. But the converse—thatL equi = 0 implies orthogonal equivariance—
is non-obvious. In Section 3.1 we theoretically analyzeL equi, demonstrating that it does indeed
enforce mapping input augmentations to orthogonal transformations of embeddings. In practice,
we replace thef (x)> f (x0) term with f (a0(x))> f (a0(x0)) for a freshly sampleda0 � A , noting
that minimizing this variant also minimizesL equi, if we assumea0 can be the identity function
with non-zero probability. A trivial but undesirable solution that minimizesL equi is to collapse
the embeddings of all points to be the same (see Figure 10). One natural approach to avoiding
trivial solutions is to combine the equivariance loss with a non-collapse term such as the uniformity
L unif(f ) = log Ex;x 0�X exp

�
f (x)> f (x0)

�
(Wang & Isola, 2020) whose optimaf distribute points

uniformly over the sphere:
L (f ) = L equi(f ) + L unif(f ): (4)

This is directly comparable to the InfoNCE loss, which can similarly be decomposed into two terms:

L InfoNCE(f ) = L inv(f ) + L unif(f ) (5)

whereL inv(f ) = Ea;a 0�A kf (a(x)) � f (a0(x))k is minimized whenf is invariant toA—i.e.,
f (a(x)) = f (x). Figure 10 in the Appendix shows that training usingL equi + L unif yields non-
trivial representations. However, the performance is below that of invariance-based contrastive
learning approaches. We hypothesize that this is because data augmentations—which make small
perceptual changes to data—should correspond tosmallperturbations of embeddings, whichL equi
does not enforce.

To rule out this possibility, we introduceCARE: ContrastiveAugmentation-inducedRotational
Equivariance.CARE additionally enforces the orthogonal transformations in embedding space to be
localizedby reintroducing an invariance loss termL inv to encouragef to be approximately invariant.
Doing so breaks the indifference ofL equi between large and small rotations, biasing towards small.
Speci�cally, we propose the following objective that combines our equivariant loss with InfoNCE:

L CARE(f ) = L inv(f ) + L unif(f ) + � L equi(f ) (6)

where� weights the equivariant loss. We note that many variations of this approach are possible.
For instance, the equivariant loss and InfoNCE loss could use different augmentations, resulting in
invariance to speci�c transformations while maintaining rotational equivariance to others, similar to
Dangovski et al. (2022). The InfoNCE loss can also be replaced by other Siamese self-supervised
losses. We leave further exploration of these possibilities to future work. In all,CARE consists of
three components: (i) a term to induce orthogonal equivariance; (ii) a non-collapse term; and (iii) an
invariance term to enforce localized transformations on the embedding space.

3.1 THEORETICAL PROPERTIES OF ORTHOGONALLY EQUIVARIANT LOSS

In this section, we establish that matching angles viaL equi leads to a seemingly stronger property.
Speci�cally, L equi = 0 implies the existence of an orthogonal matrixRa 2 O(d) for any augmentation
a, such thatf (a(x)) = Ra f (x) holds for allx. The converse also holds and is easy to see. Indeed,
suppose such anRa 2 O(d) exists. Then,f (a(x0))> f (a(x)) = f (x0)> R>

a Ra f (x) = f (x)> f (x0),
which impliesL equi(f ) = 0 . We formulate the �rst direction as a proposition.

Proposition 1. SupposeL equi(f ) = 0 . Then for almost everya 2 A , there is an orthogonal matrix
Ra 2 O(d) such thatf (a(x)) = Ra f (x) for almost allx 2 X .

4



Published as a conference paper at ICLR 2024

Figure 1 illustrates this result. CruciallyRa is independent ofx, without which the Proposition 1
would be trivial. That is, a single orthogonal transformationRa captures the impact of applyinga
across the entire input spaceX . Consequently, exact minimization ofL equi loss converts “unstruc-
tured” augmentations in input space to have a structured geometric interpretation as rotations in the
embedding space. In Appendix B.1, we extend this result to the case where the loss is low but not
exactly minimized, in which case we have a guarantee of approximate equivariance.

This result can be expressed as the existence of a mapping� : A ! O(d) that encodes the space of
augmentations withinO(d). This raises a natural question: how much of the structure ofA does
this encoding preserve? For instance, assumingA is a semi-group (i.e., closed under compositions
a0� a 2 A ), does this transformation respect compositions:f (a0(a(x)) = Ra0Ra f (x)? This property
does not hold for non-linear actions (Devillers & Lefort, 2023), but does for orthogonal equivariance:
Corollary 1. If L equi(f ) = 0 andf f (x) : x 2 X g spansRd, then� : A ! O(d) given by� (a) = Ra

satis�es� (a0 � a) = � (a0)� (a) for almost alla; a0. That is,� de�nes a group action onSd� 1 up to a
set of measure zero.

Formally, this result states that ifA is a semi-group, then� : A ! O(d) de-
�nes a group homomorphism (or linear representation ofA in the sense of rep-
resentation theory (Curtis & Reiner, 1966; Serre et al., 1977), a branch of math-
ematics that studies the encoding of abstract groups as spaces of linear maps).

Figure 2: WhenL equi = 0 , compositions
of augmentations correspond to compo-
sitions of rotations.

To exactly attainL equi(f ) = 0 , the space of augmenta-
tionsA needs to have a certain structure, but this becomes
less restrictive ifd is large. Assuming for simplicity that
A is a group, the �rst isomorphism theorem for groups
states that� (A ) ' A =ker(� ). For instance, ifker(� ) is
trivial, the equivariant loss can be exactly zero when the
group of augmentations is a subgroup of the orthogonal
group. Examples include orthogonal transformations or
rotations that �x a subspace—i.e.,O(d0) or SO(d0) with
d0 � d—or subgroups of the permutation group ond
elements. Furthermore, the Peter-Weyl theorem implies
that any compact Lie group can be realized as a closed
subgroup ofO(d) for somed (Peter & Weyl, 1927). As
with Proposition 1, we also extend this result to the case
of low loss that is not exactly zero, where we show that
compositionality is approximately preserved.

3.2 EXTENSIONS TO OTHER GROUPS

Proposition 1 states that perfectly optimizingL equi = 0 produces anf that is equivariant, encoding
augmentations in the input space as orthogonal transformation in the embedding space. Notably,
since the computation ofL equi solely relies on pairwise data instancesx; x 0 2 X , it naturally aligns
with the contrastive learning paradigm that already works with pairs of data.

In fact, it is possible to extend the idea ofCARE and its bene�ts to some other group actions.
Mathematically, invariants of the action ofO(d) on n points—seen in(Rd)n asQ (x1; : : : xn ) =
(Q x1; : : : ; Q xn )—can be expressed as a function of pairs of objects(x>

i x j ) i;j =1 :::n . This is because
the orthogonal group is de�ned as the stabilizer of a bilinear form. In other words, lettingB (x; x 0) =
x> x0 denote the standard inner product, we have

O(d) = f A 2 GL(d) : B (Ax; Ax 0) = B (x; x 0) for all x; x 0 2 Rdg: (7)
This argument applies more generally to other groups that are de�ned as stabilizers of bilinear forms.
For instance, the Lorentz group, which has applications in the context of special relativity, can be
de�ned as the stabilizer of the Minkowski inner product. Additionally, the symplectic group, which
is used to characterize Hamiltonian dynamical systems, can be de�ned in a similar manner.

Such extensions to other groups allow to useCARE for different embedding space geometries. For
instance, several recent works have used a hyperbolic space as an embedding space for self-supervised
learners (Ge et al., 2022; Yue et al., 2023; Desai et al., 2023). If we constrain our embedding to a
hyperboloid model of hyperbolic space, then linear isometries of this space are precisely the Lorentz
group. Further discussions on extensions to other groups are given in Appendix D.
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Figure 3: Trajectories through embedding space of three randomly sampled protein point clouds,
rotated from0 to 2� in three orthogonal axes. Rows correspond to different training methods.

4 MEASURING ORTHOGONAL ACTION ON EMBEDDING SPACE

To probe the geometric properties ofCARE, we consider two ef�ciently computable metrics for
empirically measuring the orthogonal equivariance in the embedding space.

Wahba's problem. A natural way to assess the equivariance off is to sample a batch of dataf x i gn
i =1

and an augmentationa and test to what extent applyinga transforms the embeddings of eachx i the
same way. To measure this we compute a single rotation that approximates the map fromf (x i ) to
f (a(x i )) for all i . Let F andFa 2 Rd� n havei th columnsf (x i ) andf (a(x i )) respectively, then
we compute the errorWf = min R 2 SO (d) kRF � FakFro, wherek � kFro denotes the Frobenius norm.
If Wf = 0 , thenf (a(x i )) = Ra f (x i ) for all i . This is a well-studied problem known asWahba's
problem. The analytic solution to Wahba's problem is computed easily. It is nearlyR� = UV> where
U� V > is a singular value decomposition ofFaF > . However, a slight modi�cation is required as
this R� could have determinant� 1, and therefore may not belong toSO(d). The only modi�cation
needed is to re-scale so that the determinant is one:R� = U � diag

�
1(n � 1) ; det(U)det(V )

	
� V >

where1n denotes the vector inRn of all ones.

Relative rotational equivariance. Optimizing for theCARE objective may potentially result in
learning invariance since for input imagex, f (a(x)) = f (x) for a 2 A is a trivial optimal solution
of arg minf L equi(f ). To check that our model is learning non-trivial equivariance, we consider a
metric similar to one proposed by Bhardwaj et al. (2023)


 f = Ea�A Ex;x 0�X

(
(kf (a(x0)) � f (a(x))k2 � k f (x0) � f (x)k2)2

(kf (a(x0)) � f (x0)k2 + kf (a(x)) � f (x)k2)2

)

: (8)

Here, the denominator measures the invariance of the representation, with smaller values corre-
sponding to greater invariance to the augmentations. The numerator, on the other hand, measures
equivariance and can be simpli�ed to[f (a(x0))> f (a(x)) � f (x)> f (x0)

� 2
(i.e., L equi(f )) up to a

constant, becausef maps to the unit sphere. The ratio
 f of these two terms measures the non-trivial
equivariance, with a lower value implying greater non-trivial orthogonal equivariance.

5 EXPERIMENTS

We examine the representations learned byCARE, as well as those obtained from purely invariance-
based contrastive approaches. We describe our experiment con�gurations in Appendix F.
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5.1 LEARNING REPRESENTATIONS OFPROTEIN POINT CLOUDS

We consider the problem of learning representations of proteins from the Protein Data Bank (Burley
et al., 2021). Each protein is described by a point cloudX 2 Rn � 3. To respect the permutation
invariance of each point cloud, we takef to be a DeepSet (Zaheer et al., 2017), producing embeddings
in R16, and trainCARE using random rotations of 3D space as the augmentations—i.e.,X andXR
are a positive pair forR 2 SO(3). We evaluate our models on the task of predicting the �rst
principal component of the point cloud, an important structural property of the input. This task is
rotation equivariant, so we expect that CARE should outperform the invariance-based methods such
as SimCLR, as is veri�ed in Figure 4.

Figure 4:CARE achieves the
lowest error on the task of pre-
dicting the �rst principal com-
ponent of a protein

We test equivariance to rotations by randomly sampling a new pro-
tein X , and a sequence of rotationsf Ri g100

i =1 along each of the three
orthogonal axes, evenly spaced, tracing a full360� rotation of the
point cloud. We then computezi = f (XR i ) for eachi , and project
them into a 2D space. Each row of Figure 3 shows the trajectory of 3
different proteins, and three rotation trajectories, for a given training
method. We �nd thatCARE exhibits a much more regular geome-
try than models trained with SimCLR,L unif, or L inv. Learning the
SO(3) manifold is challenging, and previous works assume access
to the corresponding group action (Quessard et al., 2020; Park et al.,
2021) However,CARE learns it by merely usingx anda(x), without
relying on the group actiona.

5.2 QUANTITATIVE MEASURES FOR ORTHOGONAL
EQUIVARIANCE

Wahba's Problem We compare ResNet-18 models pretrained withCARE and with SimCLR on
CIFAR10. For each model, we compute the optimal valueWf of Wahba's problem, as introduced in
Section 4, over repeated trials. In each trial, we sample a single augmentationa � A at random and
computeWf for f = f CARE andf = f SimCLR over the test data. We repeat this process 20 times and
plot the results in Figure 5, where the colors of dots indicate the sampled augmentation. Results show
thatCARE has a lower average error and worst-case error. Further, comparing point-wise for each
augmentation, CARE achieves lower error in nearly all cases.

Figure 5: Measuring equivari-
ance using Wahba's problem.
Lower score is more equivariant.

Figure 6: Histogram of co-
sine angles between data pairs.
CARE has much lower variance.

Figure 7: Linear readout error as
the loss weightings vary.

Analyzing structure on a 2D manifold. To further studyL equi, we train an encoderf that projects
the input onto a unit circleS1, where orthogonal transformations are de�ned byangles. We measure
the cosine of the angle between pairsf (x) andf (a(x)) for all x in the test set, for 20 distinct sampled
augmentationsa � A . As shown in Figure 6, BothCARE and SimCLR exhibit high density close to
1, demonstrating approximate invariance. However, unlikeCARE, SimCLR exhibits non-zero density
in the region� 0:5 to � 1:0, indicating that the application of augmentations signi�cantly displaces
the embeddings. Further,CARE consistently exhibits lower variance of the cosine betweenf (x) and
f (a(x)) for a �xed augmentation, showing that it transforms all embeddings in the same way.

Ablation of loss terms.TheCARE lossL CARE is a weighted sum of the InfoNCE lossL InfoNCE and the
orthogonal equivariance lossL equi. Figure 7 evaluates the performance of ResNet-50 models trained
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Figure 8:Relative rotational equivariance(Lower is more equivariant). BothCARE and invariance-
based contrastive methods (e.g., SimCLR) produceapproximatelyinvariant embeddings. However,
CARE learns a considerably more rotationally structured embedding space.

on CIFAR10 usingL InfoNCE+ � L equi for varying� , �nding optimal � in the range0:01 � � � 0:1. We
additionally split the InfoNCE loss into constituent partsL inv, L unif, and test different combinations
of the three losses, includingL equi. We �nd that using all three jointly is optimal. See Figure 10 in
Appendix G.1 for detailed results.

Relative rotational equivariance.We measure the relative rotational equivariance for bothCARE and
SimCLR over the course of pretraining by following the approach outlined in Section 4. Speci�cally,
we compare ResNet-18 models trained usingCARE and SimCLR on CIFAR10. From Figure 8, we
observe that both the models produce embeddings with comparable non-zero invariance lossL inv,
indicating approximate invariance. However, they differ in their sensitivity to augmentations, with
CARE attaining a much lower relative equivariance error
 f . Importantly, this shows thatCARE is not
achieving lower equivariance errorL equi by collapsing to invariance, a trivial form of equivariance.

5.3 QUALITATIVE ASSESSMENT OF EQUIVARIANCE

A key property promised by equivariant contrastive models is sensitivity to speci�c augmentations.
To qualitatively evaluate the sensitivity, or equivariance, of our models, we consider an image retrieval
task on the Flowers-102 dataset (Nilsback & Zisserman, 2008), as considered by Bhardwaj et al.
(2023). Speci�cally, when presented with an input imagex, we extract the top 5 nearest neighbors
based on the Euclidean distance off (x) andf (a(x)) , wherea 2 A . Figure 9 shows that retrieved
results for theCARE model exhibit greater variability in response to a change in query color compared
to the SimCLR model, which remains largely invariant. Additionally, Figure 21 comparesCARE with
EquiMOD (Devillers & Lefort, 2023), an equivariant baseline.

Figure 9: CARE exhibits sensitivity to features that invariance-based contrastive methods (e.g.,
SimCLR) do not. For each query input, we retrieve top5 nearest neighbors in the embedding space.
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