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Language models based on transformer architecture have achieved state-of-the-art results in various natural
language processing tasks in recent years. However, these models sometimes produce texts that appear
coherent and grammatically structured but contain incorrect content. This issue, referred to as "hallucination”
in the literature on language models, necessitates the validation of the texts generated by the models. This
problem is particularly significant in smaller language models, which tend to hallucinate more. Given the
impracticality of validation in all scenarios, methods have been proposed to leverage model uncertainty to
detect hallucinations. These methods can be broadly categorized into "black-box" and "white-box"
approaches, and they have generally been used independently and tested on models with more than five billion
parameters. The primary aim of this study is to utilize the internal values of language models and combine
them with sampling-based methods to detect reliable outputs from hallucinations in smaller language models.
It is expected that considering the internal values of the model during sampling will lead to improvements
over baseline methods.
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