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Motivation

Estimating uncertainty in language generation is critical for building reliable AI systems but 
often relies on drawing large IID sample sets.
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Motivation

For example, semantic entropy (Kuhn et al., 2023) groups generations into semantically 
equivalent clusters and computes the entropy over the clusters.
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Solution: expose diverse semantic clusters

We propose a diversity-steered sampler that actively discourages outputs that are 
semantically redundant to previous generations.
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The main ingredient

We introduce a new [TRUNC] token and lightly finetune a natural language inference (NLI) 
model on partial prefixes of either the premise or hypothesis at all levels of truncation.

Taken from the GLUE MNLI 
validation_matched split 
(Wang et al. 2018)
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Key idea: tilting the token-level conditional distributions

The bidirectional entailment score predicted by the finetuned NLI model is used to tilt the 
sampling distribution away from previous generations.

original distribution for token t repel sampling away from the 
most similar existing 
generation

partial generation and existing sample s assumed to be 
semantically equivalent if they entail each other
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Importance weighting

Sampling from the tilted distribution exposes more semantic clusters with the same number 
of generations. For estimating semantic entropy downstream, we correct the induced 
sampling bias with self-normalized importance weights.

tilted

original
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Results

Across four QA benchmarks, our method achieves comparable or better AUROC relative to 
baselines, including temperature scaling, diverse beam search (Vijayakumar et al., 2018), 
and SDLG (Aichberger et al., 2025).
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Both autoregressive and masked diffusion paradigms

Our method also applies to masked diffusion models, by similarly finetuning the NLI model 
on intermediate diffusion states (masked spans).
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Summary

● We propose an importance sampling framework that actively promotes semantic novelty with respect 

to previous generations during decoding.

● The key idea is to inject a token-level semantic similarity penalty into the proposal distribution. An 

NLI model, finetuned minimally with a new [TRUNC] token for autogressive models, enables live 
semantic scoring.

● For downstream uncertainty estimation, the induced sampling bias is corrected with self-normalized 

importance weighting.

● Across four QA benchmarks, our method matches or surpasses baselines while covering more 

semantic clusters with the same number of samples.

● Our method is modular, requires no gradient access to the base LLM, and applies to both 

autoregressive and masked diffusion models.

Thank you!
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