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Motivation

● Equivariance in feature learning ensures that a model’s 
learned representations remain consistent under 
various transformations, including 2D or 3D 
translations, rotations, scaling, and changes in colour 
or illumination. This means that the information about 
the transformation can still be retrieved from the feature 
representation.

● Most Augmentation-based self-supervised (SSL) 
pretraining approaches foster invariant features, while 
equivariant features might be lost during the SSL 
learning process.

● Most Augmented-based SSL methods that take care on 
equivariant feature representation do not reach 
state-of-the art performance on competitive 
benchmarks or restrict their evaluation on synthetic 
data (e.g. SIE [2]). This limitation is the original 
motivation for this study.

Contribution

Adaptive augmentation for rescuing easy samples

Equivariance-coherent representation learning

Computation cost
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Evaluating transfer learning for downstream tasks with Intermediate transformations pretraining
All experiments are based on iBOT [4].

• Equivariant features are concatenated as input 
into different decoders d to reconstruct 
intermediate transformed images.

• Invariant features are matched with 
state-of-the-art SSL methods, such as iBOT [4].

• We pretrain our model using ViT-Small and ViT-Large 
backbones. For hyperparameter search, each 
configuration is run more than 50 times.

• Linear probing and fine-tuning vary by task—COCO 
takes 30× longer to train than CIFAR-10.

• Following SIE [2], we use the coefficient of determination (R²) as the evaluation metric, measuring how well the model 
explains outcome variations. 

• The head is a multi-layer network that processes pretrained features to output transformation parameters. 
• All experiments are fine-tuned on the pretrained model for 50 epochs.

• The baseline method is iBOT with ViT-Large pretrained on ImageNet. We measure accuracy improvement using 
in-between transformed image reconstruction pretraining (rotation and translation), also on ImageNet.

• We evaluate various downstream tasks, including classification (CIFAR-10, FGVC-Aircraft, etc.), dense prediction 
(semantic segmentation, instance segmentation, object detection, keypoint detection), and homography estimation. 

• Classification tasks use a linear head, tuning only the head. Semantic segmentation uses a simple UPerNet [6], while 
detection and instance segmentation use Mask R-CNN [7]. Dense prediction tasks are fine-tuned for 12 epochs.
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● Reconstruction as an auxilary task to learn 
equivariance.

● We demonstrate the effectiveness of our method on 
both artificial (3DIEBench [2]) and natural (ImageNet 
[3]) datasets, showing comparable (3DIEBench [2]) and 
improved performance (ImageNet) compared to 
existing baselines.

● Extensive evaluations on various downstream tasks, 
such as classification tasks, dense prediction tasks, 
homography estimation.

• The easiest samples are 
selected based on the top-k 
highest cosine similarities. 
Strong augmentations are then 
applied to these samples to 
generate strong views.

• These strong views are fed into 
the model to compute the top-k 
loss, which is combined linearly 
with the original self-supervised 
learning (SSL) loss.
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