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In this work, we show that simple supervised calibration can consistently improve the
alignment of LLM-generated distributions with diverse human population groups, as
measured across three datasets using multiple elicitation methods.
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Preliminaries | ° Distributions: Parameterized as distributions over answer choices to the ordinal
survey questions, e.g., [0.2, 0.2, 0.15, 0.45] as shown in Figure 1
« Evaluation: We use the Opinion Alignment metric [Santurkar et al., 2023] to measure
the similarity between an elicited distribution and ground truth distribution
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significant between each pair. The best performance for each model is highlighted
in yellow. The best averages across models and datasets are highlighted in blue.
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