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The Model vs the Data

ViT backbone SSL objectives

Hyperparameter tuning

Model-centric
Invest in the architecture; refine the ViT
backbone, tune self-supervised
objectives, optimise training procedures.
Ask: can we build a better model?

Dataset curation

Augmentation strategies

Cross-telescope diversity

Data-centric
Hold the model fixed. Invest in what goes
in; curation, augmentation, diversity. 
Ask: can better data unlock better
performance?
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Can dataset quality and curation compensate for data volume or
online selection in Vision Transformers?



STRADAViT

Original Dataset

Reduced Dataset

Object-Centred
Crops DatasetH
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Controlled Curation Interventions

Backbone architecture
and hyperparameter

settings are kept identical
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Reduced Dataset

Image representations projected via UMAP projection → unsupervised clustering
using HDBSCAN
Clusters containing low-SNR empty frames, boundary artifacts, and repetitive
point sources are pruned
Clusters containing extended morphologies and high-fidelity sources are retained
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Clusters Kept in Dataset
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Clusters Removed from Dataset



Full Survey Field
Map (High Noise)

SNR
Thresholding

Object Detection &
Bounding Box

Extraction

If Overlapping,
combine Crops
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Object-Centred Crops
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Augmentations
Morphology-preserving operations performed:

Dihedral transforms
Asinh stretch
Affine jitter
Gaussian noise
Banding
Flux/background perturbation
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Preliminary Results

Reduced ROI models match or exceed raw dataset performance using
significantly fewer training samples
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Preliminary Results

Fine-tuning on reduced curated sets achieves top Macro-F1 across LoTSS
DR2 (0.669) and RGZ DR1 (0.819)
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Morphological Class Rebalancing

Weighted Sampling

Goal: Prevent self-attention collapse on simple, high-frequency core points
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Work in Progress

Perform Class Rebalancing on competitive Datasets

Evaluate Results

Automate process of reducing dataset

Analysis to quantify how rebalancing changes sampling across telescopes and source types



Thank You for
your Attention!

This work is being funded by the
MDIA Pathfinder Scholarship Fund
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