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Reading Comprehension Task

Context: “Victorian schools are either publicly or privately funded. Public schools, also known as state or government
schools, are funded and run directly by the Victoria Department of Education. Students do not pay tuition fees, but
some extra costs are levied. Private fee-paying schools include parish schools similar to British public schools ...”

Question: What organization runs the public schools in Victoria? Answer: Victoria Department of Education

Method

ALTER (Adaptable Lottery)

Motivation

Large-scale annotation data is expensive to acquire, but required to
achieve superior performance ~/ on reading comprehension task.
Few-shot domain adaptation is a practical workaround.

Sparse Subnetwork

Pre-trained models with millions of parameters are over-parameterized
and prone to easily overfit tiny-scale data which hinders generalization.
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Not all parameters are equally é@ Important!

Algorithm 1 Identifying the Lottery Subnetwork
with Self-Attention Head Importance

Background
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15: return Lottery Subnetwork M
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Results & Analysis
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works.



