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Abstract

Reliable confidence is essential for trusting the
outputs of LLMs, yet widely deployed post-
trained LLMs (PoLLMs) typically compromise
this trust with severe overconfidence. In con-
trast, we observe that their corresponding base
LLMs often remain well-calibrated. This nat-
urally motivates us to calibrate PoLLM con-
fidence using the base LLM as a reference.
This work proposes two ways to achieve this.
A straightforward solution, BaseCal-ReEval,
evaluates PoLLM’s responses by feeding them
into the base LLM to get average probabilities
as confidence. While effective, this approach
introduces additional inference overhead. To
address this, we propose BaseCal-Proj, which
trains a lightweight projection to map the final-
layer hidden states of PoLLMs back to those
of their base LLMs. These projected states
are then processed by the base LLM’s output
layer to derive base-calibrated confidence for
PoLLM’s responses. Notably, BaseCal is an
unsupervised, plug-and-play solution that op-
erates without human labels or LLM modifi-
cations. Experiments across five datasets and
three LLM families demonstrate the effective-
ness of BaseCal, reducing Expected Calibration
Error (ECE) by an average of 42.90% com-
pared to the best unsupervised baselines1.

1 Introduction

Hallucinations have become a critical challenge
for large language models (LLMs). To mitigate
this risk, a primary direction is to equip model
responses with confidence scores that are well-
calibrated with their actual accuracy (Guo et al.,
2017; Geng et al., 2024). Such confidence enables
abstention from low-confidence answers to miti-
gate hallucinations or otherwise alert users to poten-
tial errors. However, widely adopted post-trained
language models (PoLLMs) have been found to
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Figure 1: Calibration plots of base LLM (left) and
PoLLM (right) on TriviaQA. The dashed line indicates
perfect calibration; bars below it denote overconfidence.

exhibit significant overconfidence, often assign-
ing high confidence even to incorrect responses
(Achiam et al., 2023; Zhu et al., 2023).

Considerable efforts have been devoted to miti-
gating this overconfidence. One direction involves
supervised strategies, such as calibration-oriented
fine-tuning (Wang et al., 2025; Xiao et al., 2025) or
temperature scaling using human annotation (Guo
et al., 2017). However, these supervised methods
rely heavily on human-labeled data, which is often
difficult to obtain in real-world applications. In con-
trast, unsupervised approaches attempt to estimate
confidence from PoLLM itself, such as aggregated
token probabilities (Malinin and Gales, 2021), ver-
balized confidence (Tian et al., 2023; Xiong et al.,
2024), and sampling-based consistency (Farquhar
et al., 2024; Kuhn et al., 2023). While alleviating
the reliance on human labels, these methods re-
main constrained by the quality of PoLLM signals,
which often retain a certain degree of miscalibra-
tion (Tan et al., 2025; Simhi et al., 2025).

Inspired by findings that base LLMs are well-
calibrated in multiple-choice tasks (Luo et al.,
2025; Xiao et al., 2025), we investigate whether
they can serve as an external reference to enhance
PoLLM calibration in free-form factual QA tasks.
Figure 1 (more results in §4.1) illustrates that base
LLMs exhibit significantly superior confidence cal-
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