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Background
Deep learning models have achieved remarkable performance across a wide range
of learning tasks. However, the training of neural networks can be computa-
tionally expensive, often requiring large datasets and extensive GPU resources.
This leads to high energy consumption and significant carbon emissions, raising
concerns about the sustainability of machine learning practices.

A promising approach to mitigate these issues is representative subset selec-
tion, also known as coreset selection. The goal is to identify smaller subsets of
the training data that preserve model performance while reducing computational
cost. Several methods exist for deep learning, including CRAIG (Mirzasoleiman
et al., 2020), GRAD-MATCH (Killamsetty et al., 2021a), GLISTER (Killamsetty
et al., 2021b), RETRIEVE (Killamsetty et al., 2021c), GraNd (Paul et al., 2021), and
CREST (Yang et al., 2023).

While prior work has demonstrated these methods’ ability to reduce training
time or data requirements, little attention has been paid to their impact on energy
consumption and carbon emissions. A systematic evaluation of these methods
from a sustainability perspective is lacking.

Objectives
1. Implement a selection of representative subset selection methods.
2. Evaluate these methods on a set of benchmark datasets for classification

and regression tasks.
3. Compare the training on the selected subsets and the full data in terms of:

(a) Predictive performance (accuracy, RMSE, etc.)
(b) Training time and computational cost
(c) Energy consumption and estimated carbon emissions

4. Analyze trade-offs between model performance and sustainability metrics,
and identify which methods offer the best compromise.
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Research questions
• Which tool is best suited to measure and track the carbon emissions of
machine learning models? There are several tools available, e.g., carbon-
tracker1 (Anthony et al., 2020), experiment-impact-tracker2 (Henderson
et al., 2020), and codecarbon3 (Courty et al., 2024).

• How well do representative subset selection methods preserve predictive
performance on deep learning models compared to training on the full
dataset?

• Which subset selection methods provide the best balance between model
accuracy, training efficiency, and environmental impact?

• How sensitive are the methods to hyperparameters (e.g., number of pre-
training epochs, number of epochs between subset selections) and what are
the implications for the energy-consumption?

Eligibility requirements
• Solid knowledge of machine learning and deep learning (i.e., very good
grades in relevant courses are required)

• Strong background in Python and deep learning frameworks (i.e., PyTorch)
• Interest in sustainable AI and measuring energy consumption

Please attach your CV and transcripts when applying.
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