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Introduction

Datasets and Visualisations

Self-supervised learning methods such as SImCLR and BYOL are used to obtain
meaningful representations of image datasets and are widely used for pre-training.

A recent method, t-SImCNEM, uses contrastive learning to train 2D representations
for visualisation. When applied to medical image datasets, t-SImCNE produced 2D
visualisations that revealed semantically meaningful clusters.

We investigate the effect of augmentations and show that adding arbitrary rotations

to data augmentations improved class separability in medical images, highlighting
medically relevant structures that aid in data exploration and annotations.

Methods
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Figure 1: Study Overview

An image is augmented twice and passed through a ResNet backbone and an MLP projector to
obtain representations z, and z,. The network is trained the minimize the InfoNCE los via a
Euclidean distance and a Cauchy kernel. (b) Augmentations for natural images. (c) Additional
augmentations for medical images.

Loss Functions
g exp (snn(zl,zJ)/ )
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The SimCLR™ loss function (1) uses the cosine similarity to calculate how points are similar.

The t-SImCNE loss function (2) uses the Euclidean distance and the Cauchy kernel to measure
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Figure 3: t-SImCNE visualisation of five publicly available medical image
datasets with sample sizes ranging from 10k to over 300k.

Additional Experiments
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Figure 4: Visualisations of the Leukemia dataset.
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Figure 5: t-SIMCNE visualisations of the modified BloodMNIST dataset.
. (a) With added 100 duplicates of a single image, with random perturbations.
Tra Ini ng (b) With artefacts added to 50 images.
7.5 Training Finetuning  Figure 2: 3 step training process Co nc I usion
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P“: ":"g”gc;n h'lgh qtlmle_ar?smn tznget? 1t2|8D 1. t-SimCNE is useful for visualisation and can be used for clustering,
output, Randomly initializing a 2D output layer, I . L
freepzing the rest{)f the net\/\?ork and fifnetuniyng for highlighting artefacts in data and summarizing dataset.
50 epochs. Unfreezing the entire network and 2. Parametric nature of t-SimCNE allows to embed new (out-of-sample)
] Linear layer . . . - .
8 5.04 finetunir{g finetuning for 450 epochs. images into an existing embedding.
- 3. Both SImCLR and t-SimCNE benefit from rotational data augmenta-
tions, leveraging rotational invariance of microscropy images.
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Table 1: Silhouette scores of 2D embeddings Table 2: Effects of augmentations for t-SimCNE Table 3: Linear evaluation on SImCLR.
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