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British Columbia

Air Canada found liable for chatbot's bad advice
on plane tickets

Airline's claim that online helper was responsible for its own actions was 'remarkable’:
small claims court

[ https://www.cbc.ca/news/canada/british-columbia/
air-canada-chatbot-lawsuit-1.7116416 ] (access: 2024/07/09)
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Rank Name Model URL Score oo CB MultiRC ReCoRD RTE Ni WSsC AX-g
+ 1 Inspur Cloud Hairuo \j 914 925 06.5/976 100.0 90.5/67.9 941/93.2 928 76.1 1000 96.1/947 64.6
2 JDExplore d-team Vega v2 \_%' 91.3 90.5 98.6/99.2 99.4 B88.2/62.4 94.4/93.9 96.0 774 98.6 100.0/50.0 -0.4
+ 3 Liam Fedus ST-MoE-32B J 91.2 924 96.9/98.0 992 896/658 951/944 93.5 777 96.6 96.1/941 72.3
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[ Guo+, Evaluating Large Language Models: A Comprehensive Survey (v3), arXiv, 2023 ]
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