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Reliability of LLMs with respect to Prompt Variation

• Reliability of machine learning evaluation describes the
consistency of observed evaluation scores across
replicated training runs [Riezler and Hagmann, 2024]

• Reliability is affected by several sources of
nondeterminism, e.g., meta-parameter settings of
algorithms or data properties [Hagmann et al., 2023]

• In case of in-context learning/prompting of LLMs, noise
factors include variations in prompts:

• Subtle formatting changes [Sclar et al., 2024],
• Prompt templates [Voronov et al., 2024],
• Paraphrases [Mizrahi et al., 2024].
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Goal of Software Project

• Systematic analysis of reliability of in-context learning
• depending on noise factors in prompts,
• and their interaction with data properties.

• Linear mixed effects models (LMEMs)
• Allows variance component analysis to discern contribution

of noise sources to overall variance [Hagmann et al., 2023]
• tutorial: https://www.cl.uni-heidelberg.de/
statnlpgroup/empirical_methods_tutorial/

• code & data: https:
//github.com/StatNLP/empirical_methods/
tree/master/inferential_reproducibility
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Your Task

• Select your favorite task and/or recent benchmark data to
evaluate LLMs, e.g., [Liang et al., 2023].

• Think about possible systematic variations of prompts and
implement templates.

• Apply LMEM toolkit for variance component analysis.
• Bonus: Apply insights for improved hyperparameter

optimization in your templates [Geburek et al., 2024].
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