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Abstract

Self-supervised representation learning in computer vision heavily relies on hand-
crafted image transformations to derive meaningful, invariant features. Yet, the
literature has limited explorations on the impact of transformation design. This
work delves into this relationship, particularly its effect on domains beyond natural
images. We posit that transformation design acts as beneficial supervision. We
establish that transformations influence representation features and clustering rel-
evance, and further probe transformation design’s effect on microscopy images,
where class differences are subtler than in natural images, leading to more pro-
nounced impacts on encoded features. Conclusively, we showcase that careful
transformation selection, based on desired features, enhances performance by
refining the resulting representation.

1 Introduction

In Self-Supervised Representation Learning (SSRL), models are often trained to learn consistent
representations from two transformed versions of the same image. The goal of SSRL is to utilize
large unannotated datasets to acquire representations beneficial for downstream tasks with limited
annotated data, making it stand as a cornerstone of Deep Learning in computer vision |Bardes et al.
[2022a]], Caron et al.|[2021}[2018]], |Chen et al.| [2020albl], |Grill et al. [[2020]], Zbontar et al.|[2021]],
rivaling or even surpassing supervised learning in certain downstream tasks.

SSRL leans heavily on varied image transformations, intended to retain semantic content amidst
distortion. Though SSRL achieves impressive classification accuracies on natural images, optimizing
transformation parameters has markedly boosted model performances|Chen et al.|[2020a]]. Yet, the
broader implications of these augmentation choices remain sporadically explored |Grill et al.|[2020],
Wagner et al.|[2022]], especially across tasks Zhang and Mal[2022] and domains [Xiao et al.| [2021].
The depth of impact these choices have on pretraining, feature extraction, and performance in varied
domains remains ambiguous.
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Table 1: Metrics for clustering, linear evaluation, and LPIPS Zhang et al.|[2018]] for VGG11 on
MNIST |LeCun et al.| [1998] using MoCov2 |[Chen et al.| [2020b]] with distinct transformation sets.
Bold: First Set emphasizes digits, Second Set focuses on handwriting style. Topl Accuracy from
Linear Evaluation; LPIPS with AlexNet |Krizhevsky et al.| [2012] indicates perceptual similarity;
lower is better. The Silhouette score Rousseeuw] [1987]] shows good cluster quality for the second set,
contrasting its AMI score’s failure to reflect digit clusters.

Transformation sets Silhouette AMI Topl Acc LPIPS
Rotation+Crop 0.74 0.79 98.4 0.22
Rotation+Crop+Padding 0.78 0.81 99.3 0.25
Rotation+Crop+Padding +ColorInversion (First Set) 0.87 0.83 99.6 0.33
Rotation+Crop+Flips 0.71 0.66 96.2 0.32
Rotation+Crop+Flips+RandomErasing (Second Set) 0.66 0.37 62.1 0.51

Some important questions remain unanswered. Are the image features encoded into the latent
representations being affected by the choice of transformations ? And what is the amplitude of these
issues in domains other than natural images? In this paper, we report and analyze the outcomes of
our experimentation to shed light on this subject. Using convolution based approaches on small to
medium scale datasets, our contributions can be succinctly summarized as follows:

» Through Self-Supervised training analysis, we show that selecting specific transformation
combinations optimizes models for distinct feature encoding. This strategic choice can
result in the inclusion or omission of certain features, enabling models to be fine-tuned for
diverse tasks.

* We explore the impact of transformation choice in Self-Supervised Learning within the
biological realm, where class distinctions are subtle. Our results highlight the amplified
significance of transformation selection in this domain, indicating that a focused feature
definition enhances results. Furthermore, our data reveals the advantage of an informed
transformation choice in SSRL over transfer learning in small datasets with domain varia-
tions.

2 The choice of transformations is a subtle layer of weak supervision

2.1 Transformation choice impacts clustering and representation information

Investigating the effects of transformation vari-
ations is vital for grasping their impact on rep-
resentation quality. We focus on the unsu-
pervised clustering task, exploring how trans-
formation choices dictate the encoded infor-
mation. We assess representations achieved
by encoders of varying architectures (VGG11,
ResNet18, ConvNeXt-Tiny) using two major
SSRL techniques (MoCov2 [Chen et al.|[2020b],
BYOL |Grill et al.| [2020]) on the MNIST
dataset|LeCun et al.|[1998]]. Our research scruti-
nizes the impact of transformation compositions

on embedded information and its task relevance. Figure 1: Transformation choices guide the fea-
We use two transformation sets. The first, in- ¢ req Jearned, tailoring a model for varied tasks.
cluding padding, color inversion, mild random A ¢ SNE projection of MNIST dataset’s ten-class
rotation, gnq’ral.ldom cropping, targets maintain- - .jystering [LeCun et al. [1998]] showcases two rep-
ing the digit’s integrity. The second, compris-  yegentations from MoCo V2 trainings [Chen et al.
ing vertical .ﬁlps, strong random rotation, and [2020b]. One retains digit class data (left) via
random erasing, examines representations when 2 qdino. color inversion, and cropping; the other

disrupting the digit. Additional configurations ey phasizes handwriting classes (right) through
from these sets were tested in subsequent train- flips, rotations and erasing.

ing rounds. Each iteration, executed five times




Table 2:Comparison of the mutual information score|Vinh et al! [2010] using transformations

and SSRL methods averaged over ve runs and benchmarked against ImageNet models. Trans-
formations include rotations, af ne shifts, color adjustments, and ips. One set adds cropping, the
other uses rotations. The weighted set uses our dual SSRL losses, aiming for superior phenotypic
extraction, especially on smaller datasets.

Transformations SSRL approach Backbone | Nocodazole| Cytochalasin B| Taxol
MoCov2 | pecers | 0.17 025 015
First Set Byo e — 075 017
R ——
e " (" 1T
Second Set Byol \légs?\lles;ls 822 8?1?1 8@1
VICReg T o o
MOCOV2 | fecers 040 063047
Combination of Sets Byol \Fgcé;scl;\lleiw 82% 8211 823
VICReg | foqetts | 05 063|045
Pretrained models with Imagenet \Fggscl;\llthlol 823 82? 822

with unigue seeds, had its average score calcu-

lated. For a thorough assessment of our results and to determine transformation impacts on perceptual
image similarities, we utilize the Learned Perceptual Image Patch Similarity (LPIPS) metric Zhang
et al| [2018]. Post-training, K-Means clustering LIbyd [1982] with ten clusters is executed, fol-
lowed by a linear evaluation using digit labels. We gauge clustering ef ciency using the Silhouette
score Rousseelyw [1987]. We also apply the Adjusted Mutual Information score (AMI) Vinh et al.
[2010] for a robust clustering evaluation. Detailed score descriptions are in Supplementary materials.

From Table 1, a decline in the AMI and topl accuracy scores emerges transitioning from basic
transformations (rotation, crop) to the second set. This is accompanied by increased perceptual
dissimilarity in the second set, expected given the destructive nature of random erasing versus ips.
This leads to a diminished digit-associated representation, evident in the reduced digit classi cation
accuracy, unaffected by supervised training during linear evaluation. However, while the AMI score
drops more sharply, the silhouette score shows a mild decrease. Indicating, the clusters from the
second set, although different in feature focus, remain well-de ned. As seen in Figure 1, clusters
from both sets are distinct. The latter set's clusters emphasize handwriting traits like line thickness.
More results for different architectures and SSRL approaches are in the Supplementary Materials,
showing consistent trends. Thus, selecting speci ¢ transformations during training can intentionally
guide the encoding of certain image features, optimizing some speci c task performance.

2.2 The effect of transformations correlates with the subtlety of a domain

To study the impact of transformations on domains with subtle class image differences, we examine
microscopy images from BBBC021v1 Caie et al. [2010], which presents cells under two conditions
(untreated and treated with a compound). These cells exhibit subtle within-condition variability and
differences between conditions. Such nuances present a signi cant challenge for self-supervised
representation learning. We preprocess the images by extracting a 196x196 pixels region around each
cell nucleus, focusing on compounds Nocodazole, Cytochalasin B, and Taxol. Using VGG13 Si-
monyan and Zisserman [2015] and ResNet18 with MoCov2 Chen et al. [2020b], BYOL Girill et al.
[2020], and VICReg Bardes et al. [2022a], we run two distinct trainings for each compound, with
different transformation compositions, repeated ve times. K-Means Lloyd [1982] clustering (k=2) is



Figure 2: An illustration of the various K-Means (k=4) clustering results on the data subset

of Nocodazole, utilizing different combinations of augmentations with a VGG13 as backbone and
MoCov2 as SSRL approach, the objective being to separate the distinct morphological reactions of
the cells into different clusters.

conducted on test embeddings, and the Adjusted Mutual Information score (AMI) Vinh et al. [2010]
is computed based on the compound's ground truth labels. We provide more details on the dataset,
data processing and the experiments in the Supplementary Materials.

Table 2 presents the AMI scores from two transformation sets in training, against a pretrained
ImageNet model. The rst set, comprised of color jitter, ips, rotation, af ne, and random crops, em-
phasizes inter-cellular interactions, while the second, comprised of color jitter, ips, af ne, and center
crops targets single cell and nucleus features. By substituting slight random cropping with strong
random rotations, we achieve a higher mean AMI score. This indicates better separation of untreated
from treated cells, capturing even subtle differences. Random cropping, however, omits relevant
cellular features, proving less effective. We hypothesize that understanding the compound's effect on
cellular morphology depends on intracellular changes and inter-cellular interactions. Inspired by this,
we train using a weighted sum of two SSRL losses, each from the aforementioned transformation
sets. Table 2 shows our biology-informed approach surpasses Transfer Learning on a smaller dataset.
We perform an ablation study on the effect of each transformation in the Supplementary Materials.
Contrasting with datasets having clear image differences, the signi cant impact here implies trans-
formations play a pivotal role in discerning subtler class distinctions. Optimizing transformation
selection for specialized datasets can yield performances widely surpassing supervised pretrained
models, even with limited data.

Beyond clustering into two conditions, we wonder what combination of transformations could lead to
a proper clustering of cell phenotypes (or morphology). We test varied transformation compositions
using a VGG13 Simonyan and Zisserman [2015] and MoCov2 Chen et al. [2020b]. Applying K-
Means Lloyd [1982] clustering (k=4) on test set representations highlights diverse outcomes, much
like in Section 2.1. The Nocodazole treatment, combined with color jitter, ips, rotation, af ne, and
random crops, clusters by cell number and size, not morpholeigure 2 lef). Replacing af ne

and random crops with a center crop distinguishing 50% of the image around the central cell gives
clusters with two discernible phenotypes but also bifurcates untreatedFiglisg 2 centey. Yet, our

dual SSRL losses using both transformation sets yields perfect phenotype sepaigtienZ right).

This parallels ndings in Section 2.1. The nuanced differences in this dataset heighten transformation
selection sensitivity, leading to various possible representations. In sum, transformation combinations
in this scenario can be a subtle supervision in uencing outcomes, or a potent tool for speci c tasks.

3 Conclusion

In this work, we explore transformation choices on convolution-based methods, emphasizing small
to medium-scale datasets. Our experiments highlight the pivotal role of transformation selection,
and combination in the ef cacy of self-supervised representations. Through strategic transformation
choices optimizing feature encoding, we boost task-speci ¢ outcomes. Our results indicate heightened
implications of transformation choices in domains with nuanced class differences, often surpassing
pretrained models on smaller datasets. Essentially, a good representation often depends on the
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