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Abstract
At the core of self-supervised learning for vision
is the idea of learning invariant or equivariant
representations with respect to a set of data trans-
formations. This approach, however, introduces
strong inductive biases, which can render the rep-
resentations fragile in downstream tasks that do
not conform to these symmetries. In this work,
drawing insights from world models, we propose
to instead learn a general representation that can
adapt to be invariant or equivariant to different
transformations by paying attention to context —
a memory module that tracks task-specific states,
actions, and future states. Here, the action is the
transformation, while the current and future states
respectively represent the input’s representation
before and after the transformation. Our proposed
algorithm, Contextual Self-Supervised Learning
(CONTEXTSSL), learns equivariance to all trans-
formations (as opposed to invariance). In this way,
the model can learn to encode all relevant features
as general representations while having the versa-
tility to tail down to task-wise symmetries when
given a few examples as the context. Empirically,
we demonstrate significant performance gains
over existing methods on equivariance-related
tasks, supported by both qualitative and quantita-
tive evaluations.

1. Introduction
Self-supervised learning (SSL) of image representations
has made remarkable progress in recent years (Chen et al.,
2020a; Bardes et al., 2022; Zhou et al., 2022a; Larsson et al.,
2016; Gidaris et al., 2018; Bachman et al., 2019; Gidaris
et al., 2021; Grill et al., 2020; Shwartz-Ziv et al., 2022;
Misra and Maaten, 2020; Chen et al., 2020b; He et al., 2020;
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Chen and He, 2021; Zbontar et al., 2021; Tomasev et al.,
2022; Zhou et al., 2022b), achieving competitive perfor-
mance to its supervised counterparts on various downstream
tasks, such as image classification.

Most of these works are based on the joint-embedding ar-
chitecture (as shown in Figure 2(a)) which encourages the
representations of semantically similar (positive) pairs to be
close, and those of dissimilar (negative) pairs to be more
orthogonal. Typically, positive pairs are generated by classic
data augmentation techniques that correspond to common
pretext tasks, e.g., randomizing color, texture, orientation,
and cropping. The alignment of representations for positive
pairs can be guided by either invariance (Chen et al., 2020a;
Bardes et al., 2022; Chen and He, 2021; He et al., 2020;
Zbontar et al., 2021; Grill et al., 2020), which promotes
insensitivity to these augmentations, or equivariance (Gupta
et al., 2023b; Devillers and Lefort, 2023; Dangovski et al.,
2022; Garrido et al., 2023b; Assran et al., 2023; Garrido
et al., 2024), which maintains sensitivity to them. However,
enforcing invariance or equivariance to a pre-defined set
of augmentations introduces strong inductive priors which
are far from universal across a range of downstream tasks.
For example, invariance to image flipping is useful for im-
age classification but can significantly hurt performance on
image segmentation, where retaining sensitivity to flipping
is crucial. This often results in brittle representations that
necessitate retraining the model with different augmenta-
tions tailored to each downstream task (Xiao et al., 2021;
Dangovski et al., 2022).

This rigidity of traditional SSL methodologies contrasts
sharply with human perceptual abilities, which are highly
adaptive, tuning into relevant features based on the context
of the environment or task at hand. For example, humans
focus more on color details when identifying flowers, and
on spatial orientation such as rotation angle when determin-
ing the time on analog clocks. It suggests that the required
feature invariances or equivariances should also vary across
different tasks or contexts, which motivates our central ques-
tion.

Can incorporating context into self-supervised vision
algorithms eliminate augmentation-based inductive priors
and enable dynamic adaptation to varying task symmetries?
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Figure 1: We apply a transformation (rotation or color) on a source image in latent space and retrieve the nearest neighbor
(NN) of the predicted representation when the context contains pairs of data transformed by (top row) 3D rotation
(Rx ; Ry ; Rz ); (bottom row) color transformation(�; � ). In the top row, we see thatCONTEXTSSLlearns equivariance to
rotation and invariance to color as the NN representations match the target's angle but not its color. In the bottom row, it
adapts to the color context and enforces the reverse, be equivariant to color and invariant to rotation.

This work suggests a positive answer to this question by
proposing to enhance the current joint embedding architec-
ture with a �nite context — an abstract representation of
task, containing a few demonstrations that inform about
task-speci�c symmetries, as shown in Figure 2(c). Based on
this idea, we proposeContextual Self-SupervisedLearning
(CONTEXTSSL), a contrastive learning framework that uses
a transformer module to adapt to selective invariance or
equivariance to transformations by paying attention to con-
text representing a task. Unlike previous approaches with
built-in symmetries, the ability ofCONTEXTSSLto adapt
to varying data symmetries—all without undergoing any pa-
rameter updates—enables it to learn a general representation
across tasks, devoid of speci�c inductive priors.

This unique prospect makes our model a promising approach
to building world models (Hafner et al., 2020; 2023; Hu
et al., 2023; Sekar et al., 2020; Yang et al., 2024) for vision.
World models are essential for building representations of
the world based on past experiences, akin to how humans
form their internal world representations. Recently, efforts
have been made to adapt world modeling into vision through
Image World Models (IWM) (Garrido et al., 2024) ( Fig-
ure 2(b)), that consider transformations as actions and the
input and its transformed counterpart as world states at dif-
ferent time steps. However, these approaches also enforce
equivariance to a prede�ned set of actions, such as color
jitter. CONTEXTSSLaddresses this challenge by enhancing
traditional IWMs with context, a model we refer to asCon-
textual World Models. We demonstrate that in the absence
of context,CONTEXTSSLlearns a general representation
by encoding all relevant features and data transformations.
As the context increases, the model tailors its symmetries
to a task, encouraging equivariance to a subset of transfor-
mations and invariance to the rest (as shown in Figure 1).

This approach promotes learning a general representation
that can �exibly adapt to the symmetries relevant to vari-
ous downstream tasks, eliminating the need to learn sepa-
rate representations for each task. We empirically validate
our approach on the 3D Invariant Equivariant Benchmark
(3DIEBench) and CIFAR-10, extending to transformations
such as rotations, cropping, and blurring.
To summarize, the main contributions of our work are:

• We proposeCONTEXTSSL, a self-supervised learning
algorithm that adapts to task-speci�c symmetries by
paying attention to context.

• We show that learning with context is prone to iden-
tifying shortcuts and subsequently propose two key
modules to address it: a context mask and an auxiliary
predictor.

• We demonstrate the ef�cacy of our approach on
3DIEBench and CIFAR10, showing its ability to se-
lectively learn invariance or equivariance to transfor-
mations such as color and rotation while maintaining
similar performance on invariant (classi�cation) bench-
marks. We extendCONTEXTSSLto supervised learn-
ing, demonstrating its ability to effectively leverage
context to identify features de�ning a task.

2. Augmentation-based Inductive Bias in
Self-Supervised Learning

The goal of self-supervised learning (SSL) is to derive
meaningful data representations without relying on human-
labeled data. Given an unlabeled datasetD, SSL methods
learn a representation functionf � : X ! Z that maps input
datax 2 X to a latent spaceZ .
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Figure 2: Family of approaches in self-supervised learning (a)Joint Embedding methods (Chen et al., 2020a; Bardes et al.,
2022; Caron et al., 2021) encode invariances to input transformationsa by aligning representations across views of the same
image; (b)Image World Models (Garrido et al., 2024; Assran et al., 2023) train a world model in the latent space and
encode equivariance to input transformations; (c)Contextual World Models (ours) selectively enforce equivariance or
invariance to a subset of input transformations based on contextf (x i ; ai ; yi )gk

i =1

2.1. Role of data augmentations in Self-Supervised
Learning

Data augmentations are arguably the most important com-
ponent in modern SSL methods, where the representation
function is learned to map the augmented views of data
into latent space. The choice of data augmentations plays
a crucial role in the quality of the learned representations.
Formally, we de�ne an augmentationA as a random vari-
able distributed over a set ofN data transformations with
domainA = f a1; : : : ; aN g, whereai : Rd ! Rd0

denotes
an input mapping, andd; d0 are its input and output dimen-
sions, respectively. Among existing SSL methods, there are
generally two ways to utilize augmentations, either through
invariant learning or equivariant learning. In invariant learn-
ing, two random augmentations of the example are drawn
and their representations are pulled together during feature
learning to be invariant to the data augmentations as shown
in Figure 2(a). Instead, in equivariant learning, the features
are learned to be sensitive to data augmentations.1 Formally,
for a representationZ , one can useH (AjZ ) as a measure of
the degree of feature invariance or equivariance: ifH (AjZ )
is relatively small, the representationZ is nearly equivariant
to the augmentationA; otherwise, ifH (AjZ ) is very large
(close toH (A)), Z is invariant toA. Recent SSL meth-
ods (Gupta et al., 2023b; Garrido et al., 2023b; Park et al.,
2022; Devillers and Lefort, 2023; Dangovski et al., 2022)
have shown that enforcing equivariance can often lead to

1Here, the concept of equivariance is used in a loose sense,
meaning that the learned features are sensitive to data augmenta-
tions. Note that since some augmentations are non-invertible (e.g.,
grayscale), they do not form a group, and exact equivariance is not
well-de�ned.

better representations compared to enforcing invariance, for
two key reasons: 1) Invariance restricts the expressive power
of the features learned as it removes information about fea-
tures or transformations that may be relevant in �ne-grained
tasks (Lee et al., 2021; Xie et al., 2022a); 2) contrastive
learning bene�ts from partial invariance through implicit
equivariance of the projection head (Jing et al., 2022).

2.2. Drawbacks of Hardcoding Symmetries in
Self-Supervised Pretraining

As discussed above, a common theme in existing SSL meth-
ods is to enforce invariance or equivariance to a speci�c
set of augmentationsA. For instance, in SimCLR,A is
chosen to be a manually selected set of random augmen-
tations such as random cropping, �ipping, and color jitter.
Therefore, the learned representations, either invariant or
equivariant to these augmentations, are tailored to the spe-
ci�c symmetry imposed during pretraining. However, in
real world scenarios, there is no single symmetry that is
universally applicable across all tasks. For example, object
recognition (e.g., a chair) often requires invariance to im-
age color, while certain tasks, e.g., �ower recognition, need
sensitivity to color information instead. Either to include
or not to include color information as part of the augmenta-
tions can lead to suboptimal performance in certain tasks,
causing a fundamental dilemma in existing SSL. This leads
to brittle representations over a range of downstream tasks,
as the model needs to be retrained on different augmenta-
tions depending on the downstream tasks, as consistently
observed in previous works (Xiao et al., 2021; Dangovski
et al., 2022).
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3. Beyond Built-in Symmetry: Contextual
Self-Supervised Learning

Recognizing the limitations of existing augmentation-
speci�c SSL methods, we propose a new paradigm:Con-
textual Self-SupervisedLearning (CONTEXTSSL). Unlike
traditional methods, this approach learns a single model
that adapts to be either invariant or equivariant based on
context-speci�c augmentations, tailored to the needs of the
task or data at hand. Instead of enforcing a �xed set of
symmetries,CONTEXTSSLlearns these symmetries from
contextual cues, thus capturing the unique set of features of
downstream tasks. This adaptability allows it to serve as a
general-purpose SSL framework, capable of learning from
a diverse array of pretraining tasks with varying symme-
try priors and seamlessly adapting to different downstream
tasks.

To designCONTEXTSSL, we draw inspiration from world
modeling (Hafner et al., 2020; 2023; Sekar et al., 2020; Yang
et al., 2024), a widely used framework in reinforcement
learning (RL). World modeling aims to build representations
of the world from past experience by predict the next state
x t +1 from the current statex t and actionat . This next
state prediction task captures the inherent mechanisms of
the system and facilitates decision making. Traditionally
applied in RL, the bene�ts of world modeling in vision have
been largely unexplored. Recently, Image World Models
(IWM) (Garrido et al., 2023a) established a parallel between
world models and the image-based SSL by considering
data transformations as actions, the representation of input
data as world state at timet and that of the transformed
input as next world state. However, IWMs have two key
drawbacks: 1) similar to previous SSL approaches, they
rely on a prede�ned set of data augmentations, such as
color, which are not tailored to speci�c downstream tasks
and in�uence the learned features; 2) they lack the memory
module of world models that tracks previous experience in
terms of past states, actions and corresponding next states
and provides context to fully de�ne the current state.

In light of these ideas and challenges, we modelCON-
TEXTSSLin vision self-supervised learning asContextual
World Models. In this way,CONTEXTSSL addresses the
key drawbacks of IWMs by 1) encouraging the model to
preserve all meaningful features to be able to adapt to sym-
metry from context, and 2) incorporating context to adapt
to different task-speci�c symmetries, removing the need
to re-train separate representations for each downstream
task. This general ability is akin to human perception that
captures versatile aspects of the input, while focusing on
speci�c details depending on the context at hand. For in-
stance, humans focus more on color details when identifying
�owers, and on spatial orientation such as rotation angle
when determining the time on analog clocks.

3.1. Contextual World Models

Drawing inspiration from the in-context learning (Brown
et al., 2020) of foundation models in natural language pro-
cessing, a natural way to incorporate the memory capa-
bilities of world models is by encoding these abilities as
contextual information. In this work, we propose an expres-
sive and ef�cient implementation ofCONTEXTSSLthrough
Contextual World Models, where we design a transformer-
based module to encode the context and extract contextually
equivariant or invariant representations. We begin by baking
symmetries in the context —(x; a; y) using positive pairs
x andy transformed by a series of different augmentations.
The key intuition behind our approach is selective inclu-
sion of augmentation parameters for speci�c transformation
groups: excluding parameters enforces invariance, while
including them enforces equivariance. This is because pro-
viding augmentation parameters allows the model to learn
the impact of transformations (equivariance), whereas ex-
cluding them during alignment enforces invariance, akin to
invariant versus equivariant learning in SSL. We elaborate
on these ideas below.

Symmetries as Context. Given a set of groups of input
transformationsfG1; : : : ; GM g, the goal ofCONTEXTSSL
is to build a general representation that is adaptive to a
set of multiple symmetries corresponding to these different
groups. For example, each data augmentation, e.g., rota-
tion, translation, as well as their compositions, can serve
as different transformation groups. Each groupGc can
be represented through the joint distributionP(x; a; yjGc),
wherex is the input sample (sampled from an unlabeled
dataset),a represents the parameters of the transformation
drawn fromGc and applied tox, andy is the transformed
input. In principle,x can be transformed by a composi-
tion of augmentations drawn from multiple transforma-
tion groups. For instance, in self-supervised learning, it
is common to enrich the learning process by transforming
an input image through rotations, crops, and blurring. In
such a case,a represents a subset of the transformation
parameters belonging to the groupGc, applied tox to pro-
ducey. We approximate this probability distribution by
drawingK samples from the joint distribution and form a
contextC(Gc) = [( x1; a1; y1); : : : ; (xK ; aK ; yK )], where
x i ; ai ; yi � P(x; a; yjGc); i 2 [K ]. Therefore, the goal of
ContextSSL is to learn data representationsz = f (x; ajC)
andz = f (xjC) that are adaptive to the data symmetries
informed by the contextC. Speci�cally, our goal is to
train representations that become more equivariant to the
underlying transformation groupGc with increasing context.
Further, ifx andy are transformed by augmentations from
groups apart fromGc, we aim to learn more invariance to
these groups with increase in contextC(Gc). The degree
of equivariance of a representation can be quanti�ed by the
error in maintaining consistent transformations. Based on
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this, a representationZ is considered "more equivariant (in-
variant)" if it has a lower (higher) error in predicting the
transformation parameters i.e.H (AjZ ).

Contextual World Models. To implement this broad goal,
we propose to adaptively learn the symmetries represented
by Gc by training the model:

yi � h((x i ; ai ); (x1; a1; y1); : : : ; (x i � 1; ai � 1; yi � 1)) : (1)

While the requested predictionyi concerns only the inputs
x i andai , the model can now pay attention to the experience
so far, enforcing relevant symmetries for the augmentation
groupGc. The predictorh is updated by minimizing the loss
at each context length

P K
i =1 `(h((x; ai ); Ci � 1); yi ) where

Ci = f (x1; a1; y1); : : : ; (x i � 1; ai � 1; yi � 1)g represents the
context before indexi .

A natural way to facilitate such context-based training is
through attention mechanisms in transformer-based autore-
gressive models. Large language models exhibit a remark-
able capability of in-context learning — the ability to gener-
alize to unseen tasks on-the-�y merely by paying attention
to a few demonstrative examples of the task. Gupta et al.
(2023a) among others, have leveraged this capability to gen-
eralize to different distributions merely by paying attention
to unlabeled examples from a domain. Inspired by this,
we train a decoder-only transformer model in-context by
conditioning on the relevant contextC(Gc) representing the
transformation groupGc.

3.2. Contextual Self-Supervised Learning
(CONTEXT SSL)

Motivated by the above ideas, we begin by constructing
pairs of pointsf (x i ; yi )K

i =1 g by either 1) sampling a trans-
formation groupG and transformingx i by augmentation
from Gto yi ; or 2) if available, sampling a meta-latent and
its transformation parameters as difference between their in-
dividual latent parameters. We use the former construction
in datasets such as CIFAR10 but use meta-latents such as 3D
pose, lighting etc. for datasets such as 3DIEBench (Garrido
et al., 2023b). Note that pairs of data can also be trans-
formed by a series of augmentations sampled from other
transformation groups. However, as previously discussed,
the transformation parameters used in the contextC(G) of
groupGare solely those of the augmentations belonging to
the group.

Following this, as illustrated in Figure 2, each input sample
f (x i ; yi )gK

i =1 from the context is independently transformed
by the encoder into its corresponding latent representation.
Next, representations of the input samplesx i are concate-
nated with their corresponding transformation actionai .
This concatenated vector(x i ; ai ) and the representation of
the corresponding transformed inputyi collectively form the
context corresponding to the symmetryG. The correspond-

ing output embeddings are then aligned using the InfoNCE
loss, which is minimized at each context length. Ifai is set
to zero for all tokens in a sequence,CONTEXTSSLenforces
invariance toG, since it alignsx i andyi without condition-
ing on the transformation parameters. Overall, we optimize
the following loss:

L algo(h) = EG�fG 1 ;:::; GM gEC (G)

KX

i =1

�
� log

exp
�
h((x i ; ai )jCi (G))> h(yi jCi (G))=�

�

P K
j =1 exp

�
h((x i ; ai )jCi (G))> h(yj jCj (G))=�

�

�

where transformed data tokensyj (j 6= i ) form the negatives.
We use a similar symmetric loss term usingyi as the anchor,
(x i ; ai ) and(x j ; aj ) ( j 6= i ) as the positive and negatives
respectively.

At inference, we tailor the extraction of representations to
match the speci�c requirements of the downstream task,
whether it bene�ts from equivariance or invariance to a
transformation groupG. In particular, if the task bene�ts
from equivariance, we extract the representations of the test
data at the maximum context length used during trainingK ,
by constructingf (x i ; ai ; yi )gK

i =1 as its preceding context.
Hereai belongs to the groupG and is used to transform
other unlabelled data from the test setx i into yi . On the
contrary, if the downstream task bene�ts from invariance to
the group, we usef (x i ; 0; yi )gK

i =1 as the preceding context.
This notion can be generalized to enforce equivariance to
a subset of groups and invariance to another. Speci�cally,
including the augmentation parameters for transformations
in a groupGin the context enforces equivariance, while ex-
cluding them enforces invariance. In both cases, the data are
still transformed using augmentations, regardless of the type
of symmetry desired. This �exibility of context creation in
CONTEXTSSLallows us to tailor the representations to dif-
ferent symmetries and optimize for the model's performance
across a range of tasks. However, this implementation bears
two key challenges, as detailed below.

Context Masking. Given that(x i ; ai ) precedesyi in the
context sequence, a trivial solution to minimizing the align-
ment loss arises where the model treats the embeddings
of (x i ; ai ) identical toyi due to its access tox i . This phe-
nomenon, often referred to as shortcut learning, poses a
signi�cant challenge as it leads the model to collapse to
constant representations for each pair(x i ; yi ), all while
perfectly minimizing the loss. We address this challenge
by masking out the input token(x i ; ai ) for each tokenyi

in the context. As a consequence, when encoding the to-
ken yi , the transformer only has access to past context

2In Table 1, both theCONTEXTSSLmodels are the same and
the performance is reported depending on whether the context
corresponds to rotation or color augmentation group.

5



In-Context Symmetries: Self-Supervised Learning through Contextual World Models

Table 1: Quantitative evaluation of learned representations on invariant (classi�cation) and equivariant (rotation prediction,
color prediction) tasks. Additional metrics are reported in Appendix C.6

G Method Rotation prediction (R2) Color prediction (R2) Classi�cation (top-1)

0 2 14 30 126 0 2 14 30 126 Representation

Invariant
SimCLR 0.506 0.148 85.3
SimCLR+ (c=0) 0.478 0.070 83.4
SimCLR+ 0.247 0.464 42.3
VICReg 0.371 0.023 76.3
VICReg+ (c=0) 0.356 0.062 73.3

Equivariant

R
ot

at
io

n
+ C

ol
or

EquiMOD 0.512 0.097 82.4
SIE 0.629 0.973 71.0
SEN 0.585 0.932 80.7

R
ot

at
io

n EquiMOD 0.512 0.097 82.4
SIE 0.671 0.011 77.3
SEN 0.633 0.055 81.5
CONTEXTSSL 0.734 0.740 0.743 0.7430.744 0.908 0.664 0.037 0.023 0.046 80.4

C
ol

or

EquiMOD 0.429 0.859 82.1
SIE 0.304 0.975 70.3
SEN 0.386 0.949 77.6
CONTEXTSSL2 0.735 0.614 0.389 0.345 0.344 0.908 0.981 0.985 0.986 0.986 80.4

Ci = f (x1; a1; y1); : : : ; (x i � 1; ai � 1; yi � 1)g, excluding its
corresponding positive sample(x i ; ai ).

This masking approach ensures that both the anchor and its
corresponding positive share the same context, thus promot-
ing the alignment of positive samples based on semantic
relationships rather than mere replication. However, as
shown in Figure 3 forp = 0 , a residual challenge of short-
cut learning persists when distinguishing the positives from
the negatives. Since the context corresponding to each neg-
ative is different from that of the anchor and the positive,
the model could employ trivial solutions, such as using the
mean of the context vector to differentiate between positives
and negatives.

To mitigate this issue, we introduce an additional layer of
randomness to our masking strategy. Speci�cally, for each
token in the context vector, we implement random masking
with a probabilityp for tokens preceding it. This ensures
that for a given anchor token, both the positive and the
negatives have different contexts from the anchor, thereby
necessitating a deeper, semantic understanding to effectively
distinguish the positives from the negatives.

Avoiding collapse to Invariance.A trivial but undesirable
solution that minimizes our optimization objective is invari-
ance to the input transformations i.e. the trained model can
ignore the transformation parameters and collapse back to
behaviors associated with invariance-based methods. As
illustrated in Figure 4, naively trainingCONTEXTSSLleads
to poor equivariance with respect to the transformations.
Previous works (Garrido et al., 2023b) have also identi-

�ed this concern and proposed specialized architectures
that incorporate transformation parameters directly into the
model, thereby outputting the predictor's weights and ensur-
ing effective utilization of these parameters. For our setting,
we introduce a rather simple approach that involves jointly
training an auxiliary predictor. This predictor is designed
to predict the latent transformations of the target sampleyi

from the concatenated input vector(x i ; ai ).

4. Experimental Results

4.1. Quantitative Assessment of Adaptation to
Task-Speci�c Symmetries

We use the 3D Invariant Equivariant Benchmark
(3DIEBench) (Garrido et al., 2023b) and CIFAR10 to test
our approach. We compareCONTEXTSSL with 1) VI-
CReg (Bardes et al., 2022) and SimCLR (Chen et al.,
2020a) among the invariant self-supervised approaches; 2)
EquiMOD (Devillers and Lefort, 2023), SEN (Park et al.,
2022) and SIE (Garrido et al., 2023b) amongst the equivari-
ant baselines. To discard the performance gains potentially
arising fromCONTEXTSSL's transformer architecture, for
each approachN , we replaces the original projection head
or predictor with our transformer model, denoted asN + .
We further test this at For all our equivariant baselines on
3DIEBench, we train equivariant approaches to be equivari-
ant to either only 3D rotation, color transformations, or both.
We report the test performance on context lengths 0, 2, 14,
30, and 126. To assess the quality of the invariant represen-
tations, we employ linear classi�cation over frozen features.
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For the equivariant counterpart, we reportR2 on the task of
predicting the corresponding transformation. Additionally,
we use Mean Reciprocal Rank (MRR) and Hit Rate atk
(H@k) to evaluate the performance of our context predictor.
More details about pretraining algorithms and training setup
are provided in Appendix B.

Invariant Classi�cation and Equivariant transforma-
tion prediction task. As shown in Table 1, invariant self-
supervised learning methods such as SimCLR and VICReg
achieve high downstream classi�cation accuracies but un-
derperform in equivariant augmentation prediction tasks.
Among the equivariant baselines, EquiMOD persistently
maintains its downstream classi�cation accuracy but ex-
hibits improvements in augmentation prediction tasks only
when trained to be equivariant to color. SIE and SEN exhibit
sensitivity to the trained transformations and remain less
sensitive to the others. However, their degree of invariance
or equivariance is much worse compared toCONTEXTSSL.
In contrast,CONTEXTSSL exhibits equivariance to both
rotation and color in the absence of context. As seen from
the two rows corresponding toCONTEXTSSLin Table 1,
when the context corresponds to pairs of data with transfor-
mations sampled from the rotation (color) group, the model
adaptively learns to be invariant to color (rotation) while
improving equivariance to rotation (color). Appendix C.7
shows thatCONTEXTSSLlearns equivariance or invariance
to the same transformation based on the context.

4.2. Role of Context Mask and Auxiliary Predictor

Figure 3: Role of context mask to avoid context based
shortcuts in CONTEXTSSL

Role of Context Mask. To illustrate how context mask-
ing effectively eliminates shortcuts, we conduct an ablation
study with varying masking probabilities, detailed in Fig-
ure 3. We observed that as masking probability increases,
performance on both classi�cation and prediction tasks ini-
tially improves but later declines, reaching optimal perfor-
mance at a masking probability of 90%.

Role of Auxiliary Predictor. We demonstrate that the aux-
iliary predictor is crucial for the model to achieve equiv-
ariance. In its absence, as depicted in Figure 4, while the
model retains its performance on the invariant classi�cation
task, it fails to learn equivariance, and cannot effectively

Figure 4: Role of auxiliary predictor to avoid the trivial
solution of invariance.

adapt to different contexts.

4.3. Qualitative Assessment of Adaptation to
Task-Speci�c Symmetries

Figure 5: Nearest neighbors of different methods taking as
input the source image and rotation angle.CONTEXTSSL
aligns best with the rotation angle of the target image

We conduct a qualitative assessment of model performance
by taking the nearest neighbors of the predictor output when
inputting a source image and a transformation variable, as
shown in Figure 5. The nearest neighbors of invariance
models (SimCLR and VICReg) have random rotation an-
gles. Equivariance baselines (SEN, SIE, EquiMOD) cor-
rectly generate the target rotation angle for some of the
3-nearest neighbors but fail in others.CONTEXTSSLout-
performs by successfully identifying the correct angle in all
3-nearest neighbors while remaining invariant to color varia-
tions. Additional qualitative assessments forCONTEXTSSL
with varying context are provided in Appendix C.3.

4.4. Expanding to Diverse Data Transformations

Unlike 3DIEBench where meta-latents for each data are
available, we manually construct positives by applying aug-
mentations like crop and blur on CIFAR10. The results for
the combinations of crop and blur are reported in Table 2.
Consistent with our previous results, while almost retaining
the classi�cation performance as SimCLR,CONTEXTSSL
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