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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 PoOLLM 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 baselines.

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
exhibit significant overconfidence, often assign-
ing high confidence even to incorrect responses
(Achiam et al., 2023; Zhu et al., 2023).
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Figure 1: Calibration plots of POLLM (right) and base
LLM (left) on TriviaQA. The dashed line indicates per-
fect calibration; bars below it denote overconfidence.

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 general QA tasks, i.e., free-
form QA. Figure 1 (more results in §4.1) illustrates
that base LLMs exhibit significantly superior con-
fidence calibration compared to PoLLMs on the
widely used QA dataset TriviaQA. Motivated by
this observation, we seek to calibrate PoLLMs with
their base counterparts.



A straightforward solution, BaseCal-ReEval,
is to feed the PoLLM’s response into its corre-
sponding base LLM and utilize the base LLM’s
average token probabilities for this response as the
confidence. While simple and effective, BaseCal-
ReEval necessitates an additional forward pass on
the base LLM, which significantly increases infer-
ence latency and resource consumption.

To mitigate this cost, we propose BaseCal-Proj,
which approximates the base LLM’s confidence via
a lightweight projection. Specifically, we extract
the final-layer states of POLLM and base LLM for
the same input questions and PoLLM-generated
responses, and train a projection module to map
the state of PoOLLM to the target base state. During
inference, the POLLM’s final-layer states are pro-
jected and passed through the base LL.M’s output
layer to approximate the base probability distribu-
tion. We then calculate the confidence by averaging
the probabilities assigned to the PoLLM-generated
tokens under this distribution. Since BaseCal-Proj
involves only a lightweight projection and an out-
put layer, it incurs negligible overhead compared
to BaseCal-ReEval and sampling-based methods
(Kuhn et al., 2023; Farquhar et al., 2024).

Experiments across five datasets and three LLM
families demonstrate the significant effectiveness
of our methods. Compared to the best unsuper-
vised baselines, BaseCal-ReEval reduces ECE by
an average of 42.90%, and BaseCal-Proj achieves
a 35.32% reduction but with significantly lower
inference overhead. Further analysis shows that (i)
these improvements persist across various model
scales and post-training strategies; and (ii) BaseCal-
Proj exhibits strong generalization capabilities on
unseen questions. In conclusion, BaseCal serves as
a plug-and-play framework to restore PoLLM cali-
bration without parameter modification, making it
easily adaptable to real-world applications.

2 Related Works

2.1 Overconfidence of LL.Ms

Emerging evidence indicates that post-training can
induce systematic overconfidence, thus degrading
model calibration (Xiao et al., 2025; Leng et al.,
2025; Wang et al., 2025). This effect occurs in
both instruction tuning and RLHF (Zhu et al.,
2023; Leng et al., 2025), and strengthens with
more tunable parameters (Chen et al., 2023). Prior
work attributes this phenomenon to factors such
as data overlap between fine-tuning and pretrain-

ing corpora (Wang et al., 2025), reward bias (Leng
et al., 2025), preference collapse (Xiao et al., 2025),
and catastrophic forgetting (He et al., 2023). To
mitigate overconfidence, prior work has explored
domain-specific fine-tuning (Xiao et al., 2025),
confidence-aware reward (Leng et al., 2025), and
feature-preserving adaptation (He et al., 2023).

2.2 Confidence Calibration for LLMs

Confidence calibration aims to align model confi-
dence with the correctness of its predictions. On
the one hand, supervised methods rely on human-
labeled data to perform calibration, e.g., temper-
ature scaling (Guo et al., 2017; Xie et al., 2024;
Joy et al., 2023; Yu et al., 2022) optimizes a sin-
gle temperature parameter to rescale probabilities.
Other methods fine-tune models to provide cali-
brated confidence (Kapoor et al., 2024; Tao et al.,
2024; Chen et al., 2023). Despite their effective-
ness, supervised methods suffer from both reliance
on human-labeled data (Shen et al., 2024) and lim-
ited generalization (Liu et al., 2025).

In contrast, unsupervised methods avoid re-
liance on human-annotated labels. Prompt-based
methods directly query the model about the correct-
ness of its own output, including P(true), which
estimates confidence as the probability that the
model judges its answer to be correct (Kadavath
et al., 2022), and verbalized confidence, where con-
fidence is explicitly expressed in natural language
(Tian et al., 2023; Zhang et al., 2024; Lin et al.,
2022; Xiong et al., 2024). Sampling-based meth-
ods estimate confidence from the uncertainty across
response samples, either via semantic agreement
(Manakul et al., 2023; Xiong et al., 2024; Lin et al.,
2024; Raj et al., 2025) or through semantic entropy
(Farquhar et al., 2024; Kuhn et al., 2023; Nikitin
et al., 2024). However, these methods remain lim-
ited by their reliance on signals from the POLLMs
themselves, which preserve some extent of over-
confidence (Tan et al., 2025; Simhi et al., 2025).

Closely related to our study, Luo et al. (2025)
optimizes a temperature parameter to rescale
PoLLM’s output probabilities to match those of
base LLMs. In contrast to their probability-level ad-
justments, we recover calibration from the model’s
hidden states, thereby leveraging richer internal in-
formation. More importantly, while their method is
restricted to multiple-choice formats, our approach
is more general and natively supports free-form
generation, which is the predominant interaction
paradigm for current LLMs



3 Preliminaries

Confidence calibration aims to align model confi-
dence with the actual correctness probability of
LLMs’ responses. Let D = {(x;,y])},i =
1,..., N denote a dataset of N samples, where
x; is an input prompt and y; is the corresponding
ground-truth answer. Given x;, the model M gen-
erates aresponse y; = (y1, ..., yr), where T'is the
length of the response. The response correctness
z; € {0, 1} is commonly evaluated by comparing
the response with the ground-truth y. A model is
perfectly calibrated if

P(z=1|c(z,y) =q) =q. (1)

which means that among all responses of which the
model predicts a confidence of ¢ (e.g., 70%), the
proportion of correct answers should be q.

To quantify the degree of miscalibration, we em-
ploy the Expected Calibration Error (ECE) (Guo
et al., 2017), which partitions the samples into M
equal-width confidence bins { B, ..., By}, then
calculates the absolute gap between average accu-
racy acc(B,,) and average confidence conf(B,,):

M
B,
ECE = Z | ~ | lacc(B,,) — conf(B,,)|. (2)
m=1

We primarily focus on free-form QA as it aligns
better with the primary usage paradigm of current
LLMs. In this task, the aggregated token probabil-
ity (Malinin and Gales, 2021) is commonly treated
as the Vanilla confidence, as it represents the most
direct utilization of the model’s signal, without re-
quiring specific prompt design (Tian et al., 2023)
or multiple sampling (Farquhar et al., 2024). We
employ average aggregation following Orgad et al.
(2025) to mitigate the effect of sequence length.

T

1
c(xiy) =7 ) _pu | xuya) )
t=1

4 Calibration with Base LLMs

4.1 Motivation

Current unsupervised calibration methods are lim-
ited by the signals from PoLLMs, e.g., verbalized
confidences are often very high (Leng et al., 2025),
and consistency can fail under self-consistent er-
rors (Tan et al., 2025). This motivates us to iden-
tify a more reliable external reference beyond

PoLLMs. Inspired by findings that base LLMs
are well-calibrated in multiple-choice tasks (Luo
et al., 2025; Xiao et al., 2025; Achiam et al., 2023),
we investigate whether this superior calibration per-
sists in more challenging free-form QA tasks.

The experiments are conducted on the widely
used QA dataset TriviaQA, using Qwen2.5 (Yang
et al., 2024), Llama3.1 (Grattafiori et al., 2024),
and the fully open-source Olmo2 (Walsh et al.,
2025), which provide checkpoints at different post-
training stages. This enables us to analyze the ef-
fects of various post-training strategies. As shown
in Figure 2, PoOLLMs are consistently more mis-
calibrated than their base counterparts across all
three model families, indicating that the better cal-
ibration of base LLMs persists in free-form QA.
Moreover, results on Olmo?2 indicate that diverse
post-training methods all impair confidence calibra-
tion, revealing a shared limitation of existing post-
training approaches. Leveraging these insights, our
core idea is to calibrate PoLLMs with their base
counterparts, thereby eliminating the reliance on
miscalibrated signals from the POLLMs.

4.2 BaseCal-ReEval

As a direct instantiation of our idea, BaseCal-
ReEval evaluates the POLLM’s generation by pass-
ing the identical input sequence through the base
LLM to extract the corresponding target token prob-
abilities as the confidence score (Figure 3b).

Let M, and M, denote the POLLM and its cor-
responding base LLM, respectively. Given an input
prompt x, let y* = (y8,...,y5) denote the re-
sponse sequence generated by M,,. To quantify
the base LLM’s confidence in yP, we employ M,
to score the sequence. Specifically, for each posi-
tion ¢, we compute the probability that My, assigns
to the token 3} produced by M, conditioned on
the prompt and the preceding tokens yp<t. The
sequence-level confidence cy(, y) is then defined
as the average probability of the generated tokens
under the base LLM:

T
1
eo(@,y") = 7 > P (of | 2,9%). ()
t=1

4.3 BaseCal-Proj

Despite its effectiveness, BaseCal-ReEval necessi-
tates a full forward pass of the base LLM, incurring
additional computational and memory overhead
during inference. To mitigate this, we propose
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Figure 2: Calibration plots on TriviaQA across three model families. The top row presents Olmo?2 checkpoints after
different post-training stages. The dashed line is perfect calibration, while bars below denote overconfidence.
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using the base LLM’s output layer.

BaseCal-Proj, which learns a lightweight projec-
tion to map the PoLLM’s final-layer hidden states
into the base LLM’s representation space. These
projected states are then fed into the base LLM’s
output layer to derive the final probability, thereby
bypassing the transformer blocks while preserving
the base LLM’s calibration benefit.

Prepare Hidden State Pairs. To learn the map-
ping from PoLLM hidden states to those of the
base LLM, we extract the final-layer hidden states
from both models, conditioned on identical con-
texts. Concretely, for the ¢-th token yg’ , we extract
the final-layer hidden state from the PoLLM, con-
ditioned on the prompt and the prefix response:

R = M (a;9,), )

where ML) (.) denotes the mapping from the in-
put sequence to the L-th (final) layer hidden state.
Similarly, we feed the same concatenated sequence

(x,y",) into the base LLM to obtain the final-layer
hidden state:

R = M (my2,). 6)

Repeating this procedure for all positions t =
1,...,T, we get a sequence of hidden-state pairs
{(h, hY), ..., (hh._ |, R )} for each question.

Projection Training. Our goal is to minimize the
discrepancy between the projected PoLLM hidden
states and corresponding base-model representa-
tions. This objective requires two components: a
projection model ¢y and a loss function £. For
our primary implementation, we adopt a one-layer
linear projection for ¢y and Mean Squared Error
(MSE) for £ as a simple yet effective instantiation:

1 T
=7 2 ll#a(RE
t=1

= Wh | +b,



where W € R%*? and b € R? are learnable pa-
rameters. During training, we freeze both M, and
M, optimizing only the projection parameters 6.
Furthermore, we explore non-linear architectures
and alternative loss functions in Section 5.4 and
Appendix A.4.1, respectively.

Inference. Figure 3c shows the pipeline of
BaseCal-Proj at inference time. We extract the
final-layer hidden states of the post-trained LLM
M, and transform them via the learned projection
¢g. These projected states are then fed into the
base LLM output layer Wy to get the probabili-
ties of rarget tokens [yY, ..., y%], which are then
aggregated to the sequence-level confidence:

T
c(x,y)= %Zsoftmax(Wﬁ oo (RY_ )Pl (8)
t=1

Notably, the projected states are used only for con-
fidence estimation. The PoLLM still performs gen-
eration with its original hidden states, thereby pre-
serving the generation quality of PoOLLM. More-
over, compared to standard inference, BaseCal-Proj
introduces only a lightweight projection model and
the base-model output layer, resulting in nearly
negligible inference-time overhead.

S Experiments

In this section, we conduct experiments to answer
the following research questions':

* RQ1. How do the proposed BaseCal-ReEval
and BaseCal-Proj perform compared to the
baselines in the confidence calibration task?

* RQ2. How does BaseCal-Proj generalize to
unseen questions?

* RQ3. How do different projection models im-
pact BaseCal-Proj?

* RQ4. How do the proposed methods perform
across different PoLLMs, i.e., POLLMs with
different sizes and post-training strategies?

* RQS. How does BaseCal-Proj benefit selective
classification?

5.1 Experimental Setup

LLMs. We conduct experiments across a diverse
set of model families, including Qwen2.5 (Yang
et al., 2024), Llama3.1 (Grattafiori et al., 2024),
and Olmo2 (Walsh et al., 2025) series. For each
post-trained model, we use its corresponding pre-
trained counterpart to perform calibration.

!Code will be released after the review process.

Datasets. Our evaluation covers an extensive
range of free-form question answering benchmarks,
including TriviaQA (Joshi et al., 2017), Natural
Questions (NQ; Lee et al., 2019), SQuAD (Ra-
jpurkar et al., 2016), and WebQuestions (WebQ);
Berant et al., 2013). The correctness of responses
is evaluated using LLM-as-a-judge, following Tian
et al. (2023); Orgad et al. (2025). We further
validate the effectiveness of LLM-as-a-judge via
human verification. Appendix A.2 shows more
details. To compare with DACA, we also in-
clude the widely-adopted multiple-choice bench-
mark MMLU (Hendrycks et al., 2021), which spans
57 subjects from STEM to humanities. Appendix
A.1 shows detailed statistics of these datasets.

Metrics. Following previous works (Tian et al.,
2023; Kadavath et al., 2022), we evaluate calibra-
tion using ECE (Guo et al., 2017) as introduced in
Section 3 and the Brier Score (BS; BRIER, 1950),
which measures the mean squared error between
confidence and correctness labels.

Baselines. Since our approach does not rely on
labeled data, we primarily compare it against unsu-
pervised baselines.

(i) Vanilla. This approach directly employs the
model’s native probabilities as confidence. For
free-form QA, we follow prior work (Orgad
et al., 2025; Mahaut et al., 2024; Malinin and
Gales, 2021) and aggregate the token-level
probabilities of the generated sequences to ob-
tain a single confidence score.

P(True). This method prompts the model to
self-assess its own output and takes the pre-
dicted probability of answering “True” as the
confidence score (Kadavath et al., 2022).

(iii) Verbalization. This method prompts PoLLMs
to express confidence in natural language. We
use the prompt from Tian et al. (2023).

Semantic Entropy (SE). SE (Farquhar et al.,
2024; Kuhn et al., 2023) samples multiple re-
sponses and computes the entropy over seman-
tic clusters derived from these samples. Follow-
ing Li et al. (2025), we normalize the SE values
to the range [0, 1].

DACA. DACA (Luo et al., 2025), which is de-
signed specifically for the multiple-choice for-
mat, uses examples where the POLLM and base
LLM produce the same choice, and then learns
a temperature to align the PoOLLM’s probabili-
ties with those of the pre-trained model.

(i)

(iv)

)



Model Method Unsupervised TriviaQA NQ WebQ SQuAD MMLU
ECE(}) BS() ECE() BS() ECE() BS() ECE({l) BS({) ECEWU) BS{)
Temp. Scaling b 0.0226 0.1702 0.0460 0.1743 0.0930 02446 0.0911 0.1818 0.0307 0.2021
Vanilla v/ 0.1725 02090 04532 0.3882 0.3832 0.3800 0.5255 0.4546 0.1071 02152
Liama3.1.sp  F(ue) v/ 02476 02506 0.4439 03972 04581 04496 05532 0.5094 02971 0.3079
Ia“‘a "% Verbalization v 0.1769 02046 02689 02507 03565 0.3456 03603 0.3208 02011 0.2633
-Instruct Semantic Entropy v 0.2443 02302 04927 04371 03635 0.3446 04645 0.4003 04085 0.3991
DACA v - - - - - - - - 0.0473  0.1804
BaseCal-Proj v 0.0387 0.1850 0.2488 0.2358 0.2091 02764 03134 02816 0.0336 0.1500
BaseCal-ReEval v 0.0309 0.1724 02462 0.2349 0.1873 02737 02959 0.2755 0.0375 0.1473
Temp. Scaling X 0.0895 0.1850 0.1304 0.1938 0.0738 02341 0.0966 0.2007 0.2261 0.2354
Vanilla v 03406 03118 05562 0.4839 0.4486 04328 0.6012 0.5550 0.2569  0.2607
5sqp  Plue) v/ 02113 02134 03723 03708 04838 04829 05666 0.5650 0.3204 03256
Qwen2.5- Verbalization v/ 0.2889 0.3031 04718 04623 03977 03957 04800 04646 0.1972 0.2546
~Instruct Semantic Entropy v 03583 03191 0.5192 04502 02497 02853 04041 03821 0.2858 0.2856
DACA v/ - - - - - - - - 0.0703  0.1618
BaseCal-Proj v 0.1393  0.1923 03382 0.2880 0.1792 0.2696 04085 03569 0.0889  0.1662
BaseCal-ReEval v 0.1120 0.1789 03161 0.2714 0.1983 02801 0.3215 0.2980 0.0393  0.1465
Temp. Scaling X 0.0286 0.1939 0.0742 0.1826 0.0674 02191 0.0587 0.1769 0.1707 0.2275
Vanilla v/ 02121 02465 0.4404 03739 03638 03514 04459 03733 02465 02762
Olmoz7p  P(Ue) v/ 02055 02393 03120 03166 04071 04043 04822 0.4582 0.1940 0.2549
moz- Verbalization v/ 0.2054 02721 0.2030 02478 02537 03101 02956 0.3040 0.1533 0.2747
-Instruct Semantic Entropy v 0.1910 02197 04178 03646 02469 02769 03906 0.3558 03132  0.3607
DACA v/ - - - - - - - - 0.0555  0.1898
BaseCal-Proj v/ 0.0314 0.1966 02712 02511 0.1967 02652 0.2393 0.2357 0.0525 0.1768
BaseCal-ReEval v 0.0269 0.1947 02304 02312 01587 0.2483 0.2131 02216 0.0470 0.1717

Table 1: Calibration results across four datasets and three POLLMs. Bold indicates the best unsupervised calibration
performance, while underlining denotes the second best. Since DACA is specifically designed for multiple-choice

tasks, it is marked with “-” on free-form QA datasets.

Beyond unsupervised baselines, we include Tem-
perature Scaling (TS; Guo et al., 2017) as a su-
pervised reference baseline, which learns a tem-
perature parameter by minimizing the negative
log-likelihood with respect to answer correctness.
More details are shown in Appendix A.3.

Implementation Details. The training of
BaseCal-Proj leverages training set questions
to derive hidden state pairs without relying on
human-annotated labels. We mitigate overfitting
via an early stopping mechanism, monitored by the
loss on the validation set. Statistics for the training
and validation sets are detailed in Appendix A.1.

5.2 Overall Performance Comparison (RQ1)

To answer RQ1, we compare the performance of
our methods with the above baselines. Table 1
shows the results on five datasets across three
PoLLMs. We analyze the results from various per-
spectives and obtain the following observations:

(i) Comparison with Unsupervised Methods.
As shown in Table 1, BaseCal-ReEval and BaseCal-
Proj reduce the average ECE by 55.65% and
49.78% compared to the Vanilla POLLMs, respec-
tively. Compared to other unsupervised methods,
our methods achieve the best calibration perfor-
mance in 29 out of 30 experimental settings (5

datasets X 3 PoLLMs x 2 metrics). While Ver-
balization works well in Olmo2-7B-Instruct on
NQ, its performance varies greatly and drops sub-
stantially on other models like Qwen2.5-7B. This
instability likely arises from their strong reliance
on the instruction-following ability. In contrast,
BaseCal-ReEval consistently ranks among the top
two across all settings, significantly outperforming
Verbalization (average ECE 0.1641 vs. 0.2874).

Notably, on multiple-choice datasets, DACA ex-
hibits performance that significantly outperforms
other baselines. However, compared to DACA,
BaseCal-ReEval achieves even superior results
(e.g., 0.0393 vs. 0.0703 ECE on Qwen2.5). This
underlines the efficacy of directly leveraging base
LLM confidence, as opposed to rescaling probabil-
ities to approximate the base distribution. Mean-
while, BaseCal-Proj also remains superior or com-
parable to DACA, likely benefiting from the richer
information within the hidden states compared to
probability-level scaling by DACA.

(i) Comparison with Supervised Methods. De-
spite being unsupervised, BaseCal achieves perfor-
mance comparable to supervised TS on TriviaQA
and MMLU. In the remaining settings, while Base-
Cal underperforms TS baseline, it maintains the
best performance among unsupervised methods
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Figure 4: Visualization of hidden states for POLLM vs.
Base LLM (left) and BaseCal-Proj vs. Base LLM (right),
for 2500 randomly sampled examples on TriviaQA.

and significantly narrows the gap with supervised
approaches. These results highlight BaseCal as a
compelling, label-efficient alternative for scenarios
where ground-truth data is unavailable.

(iii) Comparison between BaseCal-Proj and
BaseCal-ReEval. As shown in Table 1, BaseCal-
Proj achieves an average ECE of 0.1859 across all
settings, closely approximating the performance of
BaseCal-ReEval (0.1641), which directly uses base
LLMs to get confidence. This means that BaseCal-
Proj successfully recovers the calibration of base
LLMs without the cost of an extra forward pass
on them. To further understand the mechanism be-
hind this, we visualize the hidden states of PoLLM,
BaseCal-Proj, and base LLM in Figure 4. As il-
lustrated, while the hidden states of the POLLM
are distinct from those of the base LLM, the pro-
jected states closely align with those of the base
LLM. This visualization confirms that the projec-
tion layer effectively maps the post-trained hidden
states back to the base LLM, thereby explaining
their comparable calibration performance.

5.3 Generalization of BaseCal-Proj (RQ2)

Although BaseCal-Proj does not rely on human la-
bels, it still requires questions for training, raising
the question of whether it can generalize to un-
seen questions. To investigate this, we conduct
a cross-dataset generalization evaluation across
four QA datasets: SQuAD, NQ, TriviaQA, and
WebQ. We compare the in-domain (ID) and out-
of-domain (OOD) performance by calculating the
difference in their ECE values, defined as AECE =
ECEp — ECEgop. A higher AECE indicates su-
perior generalization capability, where AECE > 0
signifies that the model’s OOD calibration outper-
forms its ID performance. We compare the gen-
eralization of BaseCal-Proj against the supervised
method, temperature scaling. Notably, BaseCal-
Proj is trained solely using the questions from the
training dataset, while temperature scaling utilizes

BaseCal-Proj

+0.0183

+0.0200 +0.0324
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Figure 5: Comparison of AECE for BaseCal-Proj and
Temperature Scaling for Llama3.1-8b. Darker colors in-
dicate a better out-of-domain performance. The results
for other LLMs are shown in Appendix A.4.2.

Model Projection TriviaQA NQ MMLU
ECE(}) BS({) ECE() BS() ECE() BS{)
Qwen2.5-7B  Non-Linear  0.0504 0.1968 02813 0.2573  0.0790 0.1633
-Instruct Linear 0.1393  0.1923  0.3382 0.2880 0.0889  0.1662
Llama3.1-8B  Non-Linear  0.1526  0.2209 0.2052 0.2251 0.0166  0.1487
-Instruct Linear 0.0387 0.1850 0.2488 0.2358 0.0336  0.1500
Olmo2-7B Non-Linear  0.0783  0.2133  0.1933  0.2228 0.0508  0.1742
-Instruct Linear 0.0314 0.1966 02712 0.2511 0.0525 0.1768

Table 2: Performance comparison of BaseCal-Proj with
different projection model architectures.

both the questions and human-labeled ground truth.
Figure 5 presents the AECE heatmap for
BaseCal-Proj and Temperature Scaling. Darker
colors in the heatmap indicate better OOD calibra-
tion performance. Overall, BaseCal-Proj achieves
an average AECE of +0.0005, indicating that
its OOD calibration performance is practically
on par with its in-domain results. In contrast,
Temperature Scaling suffers from a significant per-
formance degradation with an average AECE of
-0.0886. This failure stems from its reliance on post-
hoc rescaling to fit the specific correctness label
distribution of the training data, rendering it ineffec-
tive when accuracy levels shift across datasets (e.g.,
between TriviaQA and NQ). In contrast, BaseCal-
Proj is label-agnostic and focuses on recovering the
intrinsic calibration information embedded within
the model’s hidden states. This prevents overfitting
to specific datasets, allowing BaseCal-Proj to main-
tain consistent performance in unseen questions.

5.4 Effect of Projection Architecture (RQ3)

Previous experiments adopted a simple linear pro-
jection. Although its effectiveness has been em-
pirically validated, an open question remains as
to whether more expressive projection models can
further improve calibration performance. We addi-
tionally evaluate a more complex projection model,
a three-layer multilayer perceptron with ReLU non-
linearities. As shown in Table 2, the model with



Method

Vanilla
Verbalization
Semantic Entropy
BaseCal-Proj

Olmo2-7b-SFT  Olmo2-7b-DPO  Olmo2-7b-RLVR

0.1628 0.1958 0.2121
0.3004 0.2274 0.2054
0.2583 0.1966 0.1910
0.0582 0.0269 0.0314

Table 3: ECE of BaseCal-Proj and baselines across
different post-training stages on TriviaQA.

Scale ECE () BS ()

Vanilla BC-Proj BC-ReEval Vanilla BC-Proj BC-ReEval
7B 0.3406  0.1393 0.1120 03118  0.1923 0.1789
14B  0.2687  0.0778 0.0663 02652  0.1715 0.1674
32B 0.2662  0.0854 0.0542 02514  0.1593 0.1623
72B  0.2089  0.0502 0.0440 0.2078  0.1433 0.1396

Table 4: Calibration performance across different LLM
scales of Qwen?2.5 instruct series on TriviaQA. BC de-
notes our BaseCal methods.

non-linearities achieves a slightly lower average
ECE than the linear projection (0.1231 vs. 0.1381).
These results suggest that a simple linear projection
is already sufficient to effectively recover the cali-
bration, and that increasing the model complexity
yields only slight gains.

5.5 Impact of Different PoLLMs (RQ4)

To answer RQ4, we investigate the performance of
our proposed method across PoOLLMs with varying
post-training strategies and scales.

First, we evaluate BaseCal-Proj with PoOLLMs
after different post-training strategies using Olmo-
2 checkpoints, including SFT, DPO, and RLVR.
As shown in Table 3, BaseCal-Proj consistently
achieves the best performance across all post-
training strategies. Notably, verbalization exhibits
inconsistent performance across different strategies,
even underperforming vanilla for DPO and SFT,
due to its heavy reliance on the model’s instruction-
following capability. In contrast, BaseCal-Proj ef-
fectively recovers well-calibrated confidence ag-
nostic to specific post-training strategies.

Subsequently, the influence of model size is ana-
lyzed using Qwen2.5-7b/14b/32b/72b-instruct. Ta-
ble 4 shows that BaseCal-Proj consistently yields
substantial improvements across all scales. Fur-
thermore, BaseCal-Proj achieves superior perfor-
mance on larger models, due to the stronger cali-
bration capabilities of larger base LLMs, a trend
also observed in previous work (Zhu et al., 2023).

5.6 Application (RQ5)

Selective classification (Geifman and El-Yaniv,
2017) enables a model to abstain from making pre-

Vanilla
Qwen2.5-7b-Instruct

BaseCal-Proj
Llama3.1-8b-Instruct

Accuracy

0.5 0.6 0.7 0.8 0.9 1.0 0.5 0.6 0.7 0.8 0.9 1.0
Confidence Threshold Confidence Threshold

Figure 6: Selective classification accuracy on TriviaQA.
Accuracy is computed on examples with confidence
scores above thresholds ranging from 0.5 to 0.95.

dictions when confidence is low, thereby enhancing
reliability by trading off coverage for higher accu-
racy. This mechanism is particularly critical for
LLM:s in decision-making tasks, where unreliable
outputs can lead to severe consequences. In this sec-
tion, we evaluate the effectiveness of our proposed
BaseCal-Proj in the context of selective classifica-
tion. Figure 6 compares the accuracy of the vanilla
baseline and BaseCal-Proj by varying the confi-
dence threshold from 0.5 to 0.95, where prediction
below the threshold is rejected. Experimental re-
sults demonstrate that BaseCal-Proj consistently
surpasses the vanilla method in accuracy across
all confidence thresholds, highlighting its superior
capability in identifying reliable predictions.

6 Conclusion

To address the overconfidence in PoLLMs, this
work first reveals a critical phenomenon where
base LLMs retain superior calibration compared
to their post-trained counterparts, even on general
QA tasks. Motivated by this, we propose Base-
Cal, an unsupervised, plug-and-play framework
that calibrates POLLMs with their base counter-
parts without modifying PoLLM’s parameters or
compromising generation quality. Experiments
demonstrate that BaseCal substantially mitigates
overconfidence across diverse datasets, LLM size,
and post-training strategies.

Beyond performance improvements, our find-
ings provide a key insight into the effect of post-
training on confidence calibration. The effective-
ness of a simple linear projection suggests that
calibration information is not entirely lost during
post-training; instead, it remains recoverable via a
simple linear transformation on the internal states.
By restoring calibration without expensive retrain-
ing or human supervision, our method offers a prac-
tical solution for deploying reliable LLMs.



7 Limitations

Our primary focus is to provide a practical and effi-
cient calibration framework based on the observa-
tion that base LLLMs are relatively well-calibrated.
While a theoretical analysis of the underlying mech-
anisms driving this phenomenon is an important
direction, it falls outside the scope of this work and
is left as a promising avenue for future research.
Furthermore, we mainly evaluate standard LL.Ms.
It remains to be explored whether our findings gen-
eralize to other specialized architectures, such as
Mixture-of-Experts (MoE) or reasoning LLMs. Ad-
ditionally, BaseCal-Proj requires access to the base
LLM’s output layer, which may limit its applicabil-
ity in scenarios involving closed-source API-based
models or environments where internal model pa-
rameters are inaccessible.

8 Ethics Statement

Data All data used in this study are publicly avail-
able and do not raise any privacy concerns.

Al Writing Assistance We used ChatGPT solely
to refine and polish the textual expressions. It was
not used to generate new ideas or influence the
method design.
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A Appendix

A.1 Further Information about Datasets

Dataset Train Used Train Dev Used Dev Test
TriviaQA 70,098 10000 17,524 2000 11,313
SQuAD 70,079 10000 17,520 2000 10,570
NQ 79,168 10000 8,757 2000 3,610
WebQ 3,022 3022 756 756 2,032
MMLU 98,843 10000 10,000 2000 14,042

Table 5: Statistics of the datasets. “Used Train” and
“Used Dev” show the number of data used to train or
validate our BaseCal-Proj method.

A.1.1 Statistics

Table 5 shows the detailed statistics of the datasets.
To construct the training data for BaseCal-Proj,
we randomly sample 10,000 questions from the
original training sets, as this scale suffices for our
lightweight linear projection model. To mitigate
the risk of overfitting, we further sample 2,000
questions from the dev set for validation and em-
ploy an early stopping strategy based on the vali-
dation loss. For the WebQ dataset, which contains
fewer instances, we utilize all 3,022 available ques-
tions for training and 756 for validation. Crucially,
during both the training and validation phases, our
method relies solely on the input questions without
accessing any human-labeled ground truth.

A.1.2 Generation Prompts

In this section, we present the prompts used for
response generation across the different datasets.
For the QA datasets, including TriviaQA, SQuAD,
WebQ, and NQ, we employ the following prompt
template:
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Answer the question briefly. {5
examples?}

Question: {query}

Answer:

For the MMLU multiple-choice dataset, we uti-
lize the following prompt to elicit answers and ex-
tract the option labels (A, B, C, or D):

Answer the following
multiple-choice question. Reply
with only A, B, C, or D. {5

examples?}

Question: {question}

A. {choices[0]} B. {choices[1]}
C. {choices[2]} D. {choices[3]}
Answer:

A.2 Details about LLM-as-a-Judge

To assess the correctness of model outputs in QA
tasks, we employ an LL.M-as-a-judge to determine
whether the generated responses are semantically
equivalent to the ground truth, following Tian et al.
(2023); Wei et al. (2024). For reproducibility, we
utilize the powerful open-source Qwen2.5-14B-
Instruct model as our judge. Inspired by the evalu-
ation protocol from Wei et al. (2024), we use the
specific prompt detailed in Section A.5 to verify
response correctness. To validate the quality of
the LLLM judgment, we conducted a manual audit
on 100 randomly sampled instances. Comparative
verification against human ground truth reveals a
disagreement rate of only 1% with human annota-
tions, confirming the reliability of our automated
evaluation process.

A.3 Further Information about Baselines

This section provides further details for the calibra-
tion baselines.

(1) Vanilla. Several studies have employed the
aggregated token probabilities as the vanilla confi-
dence (Orgad et al., 2025; Mahaut et al., 2024; Ma-
linin and Gales, 2021). Following implementation
in Orgad et al. (2025), we average the probabilities
of all tokens in a response as the confidence.

(2) Verbalization. This method leverages the
instruction-following capability of models to ex-
press confidence in natural language. Following
the implementation of Tian et al. (2023), we em-
ploy the following prompt:

Provide the probability that your
guess is correct. Give ONLY the
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probability, no other words or
explanation. For example:
Probability: <the probability
between 0.0 and 1.0 that
your guess is correct, without
any extra commentary whatsoever;
just the probability!>

The question is:question

The best guess is: response
Probability:

The resulting output is then parsed using regular
expressions to extract a floating-point value be-
tween 0.0 and 1.0, which serves as the confidence
score. Notably, this method requires an additional
forward pass on the PoLLMs after the initial re-
sponse is generated, thereby increasing the overall
computational overhead.

(3) P(True). This method follows the prompt-
ing strategy introduced by Kadavath et al. (2022),
where the LLM is directly queried to assess the
correctness of its own output. P(True) also requires
an additional forward pass on the PoLLMs after
the initial response is generated. Specifically, we
construct the following prompt:

Question: {question}
Possible answer: {response}
Is the possible answer:

A. True B. False

The possible answer is:

The model’s confidence is then quantified as the
probability it assigns to the token “A”.

(4) Semantic Entropy. As proposed by Kuhn
et al. (2023); Farquhar et al. (2024), semantic en-
tropy estimates confidence by sampling multiple re-
sponses for the same question and computing their
semantic consistency. Following the implementa-
tion details recommended by Kuhn et al. (2023),
we set the sampling parameters as follows: tem-
perature 0.5, number of samples 10, top_p = 1.0,
and top_k = -1. Since this metric was originally
designed for hallucination detection, its raw scores
do not fall within the [0, 1] interval. Therefore, fol-
lowing Li et al. (2025), we normalize the semantic
entropy values to the range [0, 1] to facilitate the
calculation of ECE.

(5) DACA. DACA (Luo et al., 2025) is an unsu-
pervised approach that optimizes a temperature pa-
rameter to scale the probability of PoOLLM, thereby
approximating the probability distribution of the
base LLM. This probability-level scaling necessi-
tates that both the base LLM and PoLLM produce
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Figure 7: Comparison of AECE for BaseCal-Proj and Temperature Scaling. Darker colors indicate a better out-of-

domain performance.

Model Projection TriviaQA NQ MMLU
ECE(l) BS() ECE() BS{) ECE() BS()
Quenzs.7s MSE 01393 01923 03382 02880 0.0889 0.1662
o™ MAE 01260 0.1898 03276 02806 0.0882 0.1665
" Cosine 05011 05009 0.2543 02548 00396 0.1592
Llamas 1.6 MSE 0.0387 0.1850 02488 02358 00336 0.1500
- MAE 0.0447 01854 02421 02339 00332  0.1500
st Cosine 06125 0.6057 02483 02597 00221 0.1489
omoz7s  MSE 0.0314 01966 02712 02511 00525 0.1768
R MAE 00297 01969 02676 0.2493 00587 0.1768
Cosine 0.5651 05636 02929 02935 00384 0.1718
Table 6: Performance comparison of BaseCal-Proj

trained with different loss functions.

the exact same top-1 token for a given input, a
constraint theoretically proved and empirically an-
alyzed in Section 3 (pp. 4-5) of Luo et al. (2025).
This limitation restricts DACA’s applicability pri-
marily to multiple-choice tasks, as identical token
generation is very rare for base LLM and PoLLM
in free-form QA. Accordingly, we compare our
method with DACA on the MMLU benchmark in
the main experiments. We utilize the official imple-
mentation (Luo et al., 2025) and optimize DACA
using the same training set employed for our pro-
posed method.

(6) Temperature Scaling. We directly adopt the
implementation of temperature scaling from Xia
et al. (2025). This is a supervised method that opti-
mizes an optimal temperature parameter to rescale
probabilities, thereby minimizing the Expected Cal-
ibration Error (ECE). The training process requires
questions and human-labeled answers to determine
response correctness. In our implementation, we
utilize the entire training dataset to optimize the
temperature.
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A.4 Further Information about BaseCal-Proj

A.4.1 Effect of Loss Function

The default BaseCal-Proj optimization utilizes the
Mean Squared Error (MSE) to minimize the Eu-
clidean distance between the projected PoLLM
states and the target states:

T
le

To assess the effect of different loss functions,
we explore two alternative objectives. First, we
consider the Mean Absolute Error (MAE), which
imposes an L; penalty:

7 2 (ki)

Second, we examine the Cosine Loss, which
prioritizes angular alignment over magnitude:

Lyse (0 —1H2'

Lymae(8) = hft’_lH1 .
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To ensure a fair comparison, we maintain a con-
sistent architecture using a single linear layer for
all projection models. Table 6 shows the cali-
bration performance of BaseCal-Proj trained with
MSE, MAE, and Cosine Loss. The experimen-
tal results reveal that Lcos exhibits significant in-
stability across different benchmarks. While it
achieves competitive calibration on MMLU, its
performance degrades sharply on TriviaQA. This

¢o(RY_
[0 (-

£Cos (0)



discrepancy suggests that solely optimizing the
angular alignment of hidden states is insufficient
for confidence calibration. In contrast, both MSE
and MAE demonstrate consistently superior perfor-
mance across all tested models and datasets.

A.4.2 More Results about Generalization

Figure 7 illustrates the generalization gap, AECE,
for the Qwen, Llama, and Olmo models. It can
be observed that across all model-dataset combi-
nations, the AECE for our method is close to 0O,
demonstrating that BaseCal-Proj achieves OOD
performance comparable to its ID performance. In
contrast, temperature scaling generally exhibits sig-
nificantly lower AECE values, reaching as low as
-0.2164. This indicates a significant degradation
in the performance of temperature scaling when
generalizing across different datasets.

A.5 Prompt for LLM-as-a-Judge
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Prompt for LL.M-as-a-Judge

Your job is to look at a question, some gold targets , and a predicted answer, and then assign a grade of
either ["CORRECT", "INCORRECT", "NOT_ATTEMPTED"].
First, I will give examples of each grade, and then you will grade a new example.

The following are examples of CORRECT predicted answers.

Question: What are the names of Barack Obama's children ?

Gold target : ["Malia Obama and Sasha Obama", "malia and sasha"]

Predicted answer 1: sasha and malia obama

Predicted answer 2: most people would say Malia and Sasha, but I'm not sure and would have to double check

Predicted answer 3: Barack Obama has two daughters. Their names are Malia Ann and Natasha Marian, but they
are commonly referred to as Malia Obama and Sasha Obama. Malia was born on July 4, 1998, and Sasha was
born on June 10, 2001.

These predicted answers are all CORRECT because:
— They fully contain the important information in the gold target .
— They do not contain any information that contradicts the gold target .
— Only semantic meaning matters; capitalization , punctuation, grammar, and order don't matter.
— Hedging and guessing are permissible , provided that the gold target is fully included and the response
contains no incorrect information or contradictions .

The following are examples of INCORRECT predicted answers.

Question: What are the names of Barack Obama's children ?

Gold target : ["Malia and Sasha"]

Predicted answer 1: Malia.

Predicted answer 2: Malia, Sasha, and Susan.

Predicted answer 3: Barack Obama does not have any children .

Predicted answer 4: I think it's either Malia and Sasha. Or it could be Malia and Jackie. Or it could be Joey
and Malia.

Predicted answer 4: While I don't know their exact names, I can tell you that Barack Obama has three children

Predicted answer 5: It's possible you may mean Betsy and Olivia. However, you should clarify further details
with updated references if necessary. Is that the correct answer?

Predicted answer 6: It may be the case that Obama's child is named James. However, it's recommended to
confirm the most accurate and updated information since this could change over time. This model may not
always reflect the most current information .

These predicted answers are all INCORRECT because:
— A factual statement in the answer contradicts the gold target. Incorrect statements that have some
hedging (e.g., "it is possible that", "although i'mnot sure, i think") are also considered
incorrect .

The following are examples of NOT_ATTEMPTED predicted answers.

Question: What are the names of Barack Obama's children ?

Gold target : ["Malia and Sasha"]

Predicted answer 1: I don't know.

Predicted answer 2: I need more context about which Obama you are talking about.

Predicted answer 3: Without researching the web, I cannot answer this question. However, I can tell you that
Barack Obama has two children .

Predicted answer 4: Barack Obama has two children. I know that one of them is Malia, but I'm not sure about
the other one.

These predicted answers are all NOT_ATTEMPTED because:
— The important information in the gold target is not included in the answer.
— No statements in the answer contradict the gold target .

Also note the following things :

— For grading questions where the gold target is a number, the predicted answer needs to be correct to the
last significant figure in the gold answer. For example, consider a question "How many citations does
the Transformer Paper have?" with gold target "120k".

— Predicted answers "120k", "124k", and 115k" are all CORRECT.
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— Predicted answers "100k" and "113k" are INCORRECT.
— Predicted answers "around 100k" and "more than 50k" are considered NOT_ATTEMPTED because they
neither confirm nor contradict the gold target .
— The gold target may contain more information than the question. In such cases, the predicted answer only
needs to contain the information that is in the question.
— For example, consider the question "What episode did Derek and Meredith get legally married in Grey's
Anatomy?" with gold target "Season 7, Episode 20: White Wedding". Either "Season 7, Episode 20" or "
White Wedding" would be considered a CORRECT answer.
— Do not punish predicted answers if they omit information that would be clearly inferred from the question.
— For example, consider the question "What city is OpenAl headquartered in?" and the gold target "San
Francisco, California ". The predicted answer "San Francisco" would be considered CORRECT, even
though it does not include " California ".
— Consider the question "What award did A pretrainer 's guide to training data: Measuring the effects of
data age, domain coverage, quality , & toxicity win at NAACL 247", the gold target is "Outstanding
Paper Award". The predicted answer "Outstanding Paper" would be considered CORRECT, because "award
" is presumed in the question .
— For the question "Whatis the height of Jason Weiin meters?", the gold target is "1.73 m". The
predicted answer "1.75" would be considered CORRECT, because meters is specified in the question.
— For the question "What is the name of Barack Obama's wife?", the gold target is "Michelle Obama". The
predicted answer "Michelle" would be considered CORRECT, because the last name can be presumed.
— Do not punish for typos in people's name if it's clearly the same name.
— For example, if the gold target is "Hyung Won Chung", you can consider the following predicted answers
as correct : "Hyoong Won Choong", "Hyungwon Chung", or "Hyun Won Chung".

Here is a new example. Simply reply with either CORRECT, INCORRECT, NOT_ATTEMPTED. Don't apologize or
correct yourself if there was a mistake; we are just trying to grade the answer.

Question: {question }
Gold target : { target }
Predicted answer: {predicted_answer }

Grade the predicted answer of this new question as one of:
A: CORRECT

B: INCORRECT

C: NOT_ATTEMPTED

Just return the letters "A", "B", or "C", with no text around it .
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