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Main Fi

ndings

The image domain is an outlier

Our experiments revealed a dependency of the top-performing algorithms
on the data domain. While margin sampling performs very well for Tabular,
Text, and Semi-Supervised Domains, it comparatively underperforms for
image data. Furthermore, for images, least confident sampling performs
best, while it performs way worse for other domains. This is an important

Synthetic Datasets

Each dataset was designed to either challenge uncertainty sampling or

clustering methods

Synthetic datasets allow us to measure princinpled shortcomings of
well-known AL algorithms. Even though these shortcomings might already
be known for some algorithms, they have yet to be tested systematically.
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Results for all Domains

Average rank of each algorithm over datasets and query sizes

NEURAL INFORMATION
PROCESSING SYSTEMS

Basing our evaluation on ranks allows us to average the performance of

algorithms across different datasets and query sizes without risking a skew
from different scales. We also employed a paired-t-test instead of the
regular t-test and display the significances in Critical Difference Diagrams.

The paired-t-test is made possible by specialized seeding in our
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A horizontal bar means that a group of algorithms is not significantly different, based on the paired-t-test.
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