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hydrogen liquid at what temperature?

What is the temperature of liquid hydrogen? V
Hydrogen becomes liquid at -252.87 °C

VS.
Liquid hydrogen «

At room temperature, hydrogen is a gas and becomes liquified at 20.28 K x

Observations We Are Interested In: Ranking of Retrieval Systems

System A > System B > System C > ...
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Reliability of Relevance Judgments by Large Language Models?
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[Under Review]

The LOGO reliability test indicates that incompleteness is a problem

o LLMs are too positive: many of the unjudged documents would be relevant

Potential Solution (WIP): Formalize Information Need Before Judgments

o Given the query, use LLM to formalize criteria on what will be relevant or not
before looking at the first document

o Judge documents with query and formalization

Relevant Documents LOGO Reliability Test

No Formalization (default) 66.3 % 0.63
Formalized Information Needs 55.4% 0.68
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