Self-supervised Pre-training with Adaptive Augmentation and
Equivariance-Coherent Representations Learning
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Adaptive augmentation for rescuing easy samples

e Equivariance in feature learning ensures that a model’s icasioatsamples ndicesc ok [ selector J
learned representations remain consistent under Common views Encoder j * The easiest samples are
Feature space

various transformations, including 2D or 3D selected based on the top-k

M
translations, rotations, scaling, and changes in colour — - e i =oss highest cosine similarities.
or illumination. This means that the information about 2031 . > jzg 2| L _){ Les } Strong augmentations are then
the transformation can still be retrieved from the feature o B o applied to these samples to
representation. o \_Fy .F’U generate strong views.

e Most Augmentation-based self-supervised (SSL) Top k Sasiest  Strong —  These strong views are fed into
pretraining approaches foster invariant features, while samf’fs’f Sk ol e - g R the model to compute the top-k
equivariant features might be lost during the SSL il iy o £ Ly Luw loss, which is combined linearly
learning process. o - i ) i 3 P with the original self-supervised

learning (SSL) loss.

e 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. —> 7]
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* Equivariant features are concatenated as input

[ Ly rot into different decoders d to reconstruct
- 7L ‘i v intermediate transformed images.
= E- o[
_ _ > 45 % A < Invariant features are matched with
o Rec.ons.tructlon as an auxilary task to learn i ’ /P state-of-the-art SSL methods, such as iBOT [4].
equivariance.
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e \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

Transformation estimations

existing baselines. Evaluation on 3DIEBench [2] dataset.
: : : 3DIEBench Classification Rotation Prediction Color Prediction
e Extensive evglyatléns on various downs.tre.am tasks, STE(ro0 0.830 0734 0,054
such as classification tasks, dense prediction tasks, SIE(rot+color) 0.809 0.502 0.980
Ours 0.782 0.554 0.954

homography estimation.

Evaluation on ImageNet [3].

Computation cost

Metrics R?(rot) R?(color) R?(blur) R?(trans)
Backbone N umber of GPUs  time(s)/epoch  training epochs SIE(rot) 0.990 0.867 0.042 0.540
Pretraining procedure SIE(color) 0.078 0.890 0.097 0.355
iﬁiﬁ}‘i‘e‘ 382 2690000 ?gg SIE(blur) 0.153 0.883 0.941 0.189
e SIE(trans) 0.213 0.885 0.023 0.978
inedar prooing, average on d a
ViT-Large ] 60 20 cross_atten_recon 0.893 £+ 0.004 0.921 £+ 0.006 0.823 £+ 0.030 0.875 £ 0.005
Finetuning, average on all datasets rot, inter(angle) 0.9975 4 0.0005 0.9073 4+ 0.0021 0.9310 4 0.0020 0.9810 4 0.0010
ViT-Small 4 540 50 all, inter(angle) 0.9983 £+ 0.0005 0.9231 £0.0005 0.9689 + 0.0099 0.9801 = 0.0004
ViT-Large 8 2100 20 all, inter(color) 0.9891 +0.0019  0.9373 +0.0013  0.9700 + 0.0067 0.9699 + 0.0022
all, inter(blur) 0.9981 4 0.0001 0.9154 + 0.0006 0.9392 + 0.0106 0.9774 = 0.0007
* We pretrain our model using ViT-Small and ViT-Large all, inter(trans) 0.9975 +0.0005  0.9288 +0.0012  0.9747 +0.0017 0.9830 + +0.0004
backbones. For hyperparameter search, each
Canlguratlo.n = n more th.an >0 times. * Following SIE [2], we use the coefficient of determination (R?) as the evaluation metric, measuring how well the model
 Linear probing and fine-tuning vary by task—COCQO . .y
takes 30x% longer to train than CIFAR-10 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.
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» Classification tasks use a linear head, tuning only the head. Semantic segmentation uses a simple UPerNet [6], while
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