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Abstract

Effective Uncertainty Quantification (UQ) represents a key aspect for reliable
deployment of Large Language Models (LLMs) in automated decision-making
and beyond. Yet, for LLM generation with multiple choice structure, the state-
of-the-art in UQ is still dominated by the naive baseline given by the maximum
softmax score. To address this shortcoming, we demonstrate that taking a principled
approach via Bayesian statistics leads to improved performance despite leveraging
the simplest possible model, namely linear regression. More precisely, we propose
to train multiple Bayesian linear models, each predicting the output of a layer
given the output of the previous one. Based on the obtained layer-level posterior
distributions, we infer the global uncertainty level of the LLM by identifying a
sparse combination of distributional features, leading to an efficient UQ scheme.
Numerical experiments on various LLMs show consistent improvement over state-
of-the-art baselines.

1 Introduction

Designing efficient Uncertainty Quantification (UQ) schemes for Large Language Models (LLMs) is
a key requirement for their deployment in practical decision-making settings. A very common setup,
for the latter, involves choosing the optimal option among a number of possible choices, such as in
investment portfolio selection based on unstructured data from news articles, legal filings, or audit
reports. LLMs increasingly act as recommender systems filtering and ranking best options, while
incorporating heterogeneous information sources.

Yet, in discrete choice settings, existing UQ approaches fail to beat simple baselines [27]. Indeed,
the current best performing UQ method for LLMs consists of using the highest softmax score given
by the LLM’s last layer. It is worth noting though that, most existing approaches are not based
on a principled Bayesian statistics framework but rather on post-processing of soft-max scores
[17, 18, 10, 12]. For instance, [12, 17] propose to cluster answers to open questions into classes
based on similar meaning, then compute the entropy of the distribution over classes by aggregating
softmax scores.

The lack of principled factual UQ approaches for LLMs has been mostly due to the untractable nature
of Bayesian inference for large-scale neural networks. However, recent work on LLM interpretability
[2, 13, 8] suggest that much of the LLM’s intermediate processing can be well approximated by

∗Equal contribution

39th Conference on Neural Information Processing Systems (NeurIPS 2025) Workshop: Mathematical Founda-
tions and Operational Integration of ML for Uncertainty-Aware Decision-Making.



trained linear maps. This raises the question of whether one could leverage such approximations
to design an efficient UQ estimation approach based on a Bayesian framework. We investigate this
question and provide a positive answer by making the following contributions:

• We design, Bayesian Linear Lens (BLL), a UQ approach approximating the posterior
distributions of LLM layers, and aggregating them via a sparse combination to obtain global
UQ estimates,

• We reduce the dimensionality of the statistics defining the posteriors to focus the estimation
on the most relevant components, while improving the scalability of the approach,

• We compare against state-of-the-art baselines demonstrating consistent performance im-
provement.

2 Background & Problem Setting

2.1 Background

Figure 1: UQ Decomposition in Learning Systems

In uncertainty quantification, it is common [16]
to distinguish between epistemic uncertainty,
which arises from limited knowledge or imper-
fect models and can in principle be reduced with
more data or better modeling, and aleatoric un-
certainty, which captures the inherent random-
ness of the data-generating process and is ir-
reducible. In the context of LLMs, a related
dichotomy has emerged between factual uncer-
tainty, which concerns uncertainty about the
truthfulness of generated content relative to ex-
ternal world knowledge, and semantic uncer-
tainty, which captures ambiguity or multiplicity
in the possible meanings and continuations of
a prompt. While the former aligns closely with
epistemic uncertainty, the latter reflects linguis-
tic indeterminacy inherent to natural language
and is thus more akin to aleatoric variability. We
focus in this work on factual UQ given its major
role in automated decision making. Hence, we
measure the LLM uncertainty in its response
to Multiple Choice Questions, to disentangle
semantic and factual uncertainties.

2.2 Bayesian Linear Regression

We recall the Bayesian linear estimation setting which we leverage in the following sections. Consider
a standard linear model with inputs x ∈ Rd and outputs y ∈ R:

y = x⊤w + ε, ε ∼ N (0, σ2),

where w ∈ Rd are the regression weights and σ2 is the observation noise variance. In the Bayesian
setting, we place a prior distribution on the weights, which we choose to be Gaussian for simplicity
and tractability of the posterior:

w ∼ N (0, τ2Id).

Given a dataset D = {(xi, yi)}ni=1, the likelihood is given by: p(y | X,w) = N (y | Xw, σ2In),
where X ∈ Rn×d is the design matrix and y ∈ Rn the stacked responses.

By conjugacy, the posterior over w is also Gaussian:

p(w | X, y) = N (w | µn,Σn),

with
Σn =

(
1
σ2X

⊤X + 1
τ2 Id

)−1
, µn = 1

σ2ΣnX
⊤y.
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For a new test input x∗, the posterior predictive distribution has the following closed-form:

p(y∗ | x∗, X, y) = N
(
x⊤
∗ µn, x

⊤
∗ Σnx∗ + σ2

)
.

3 Bayesian Linear Lens

Motivated by interpretability results [2, 19] showing that various LLM layers are mostly deactivated
when the LLM is hallucinating, making the corresponding hidden states linearly predictable, we
design a simple yet effective UQ method to capture factual uncertainty via Bayesian linear regression.
More precisely, given a LLM with L layers and hidden size D, denote by u ∈ {0, 1} the truthfulness
of the LLM for a given question, h(l,i) the neuron i at layer l and y(l,i) = h(l,i) − h(l−1,i) the
neuron’s centered activation. We are interested in estimating p(y(l,i)|u = 1) and p(y(l,i)|u = 0), the
posterior distributions, derived from linear models, corresponding to training subsets where the LLM
responded correctly and incorrectly, respectively. For that matter, we take the following steps:

1. We collect sufficient statistics2 on a training dataset. We distinguish between samples
corresponding to correct and incorrect answers of the LLM, hereafter dubbed Cor and
Incor. Furthermore, we either consider the hidden states of the generated token or its
average with the hidden states of the question: h(l,i) = h

(l,i)
T or h(l,i) = 1

T

∑
t h

(l,i)
t where

t ∈ {1, . . . , T} denotes the position of the token.
2. Based on the obtained sufficient statistics, we train two separate Bayesian Ridge models,

one for Cor samples and one for Incor ones, assuming an affine dependence of each neuron
on the activations of the previous layer h(l,:),

y(l,i) = w
(l,i)
u,0 + w(l,i)

u · h(l−1,:) + ε(l,i)u , s.t. ε(l,i)u ∼ N (0, σ2(l,i)
u )

with w(l,i)
u ∼ N (0, λ−1(l,i)

u I).

Such Ridge models correspond to Maximum a Posteriori estimation problems and can be
solved by the celebrated Expectation Maximization algorithm [28]. However, to remove
the dependence on negligible activations which might introduce spurious effects, we reduce
the dimensionality of the design matrices via singular value decomposition, effectively
performing a Bayesian principal component regression [1]. We optimize the choice of the
hyperparameters λ and σ2 with the marginal likelihood iterative procedure from [20].

3. Based on the layer-level posterior distributions, we obtain a global UQ measure for the LLM
via a sparse linear regression predicting the correctness of the LLM. More precisely, we
propose two approaches for UQ feature design:

• First, we use as features the posterior log-likelihoods: − log(p(y(l,i)|h(l−1,:), u)),
which can be interpreted as the information content of the activation y(l,i) under
{u = 0} or {u = 1}.

• Second, we borrow a heuristic from statistical hypothesis testing that consists in taking
the log of the posterior likelihood ratio to determine which option is the most likely
between {u = 0} and {u = 1}:

log

(
p(y(l,i)|h(l−1,:), u = 1)

p(y(l,i)|h(l−1,:), u = 0)

)
.

4 Experimental Results

4.1 Experimental Setup

Models and Dataset Our experiments use the instruction-tuned LLMs Llama-3.1-8B-Instruct
[11], Qwen3-8B [29], Ministral-8B-Instruct-2410 [21] and SmolLM3-3B [15]. The multiple-choice
question dataset is the MMLU dataset in the 0-shot setting [14], using the token with maximum

2A sufficient statistic is a summary of the data that keeps all the information needed to learn about the
unknown quantity, here the posterior of each layer. In the notation of section 2.2, they would correspond to
X⊤X and X⊤y.
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softmax probability for accuracy evaluation. MMLU is a general knowledge dataset extensively
used to benchamrk LLM capabilities. Prompts follow the official recommendations if applicable
(see Appendix C). The Bayesian models are trained on the auxiliary training set of MMLU (99,842
examples), while the test set (about 14,042 examples) is reserved for evaluation.

Baselines We compare our approach with two baseline methods: (i) the maximum softmax proba-
bility (MSP) baseline, which consists in taking the softmax probability of the generated token and
represents the current state-of-the-art [27], and (ii) the raw hidden states baseline, which consists
in taking the raw hidden states instead of the features from the Ridge models as features for the
sparse regression. Some works indeed show that raw hidden states contain relevant information for
uncertainty quantification [26, 4]. We evaluate the latter baseline in two settings: taking only the
hidden states of the generated token (A), and averaging the hidden states over the question tokens
with the generated token (Q+A).

Metrics and Calibration We report the AUROC to measure the quality of the uncertainty estimates.
Detailed results are available in Appendix A, with Expected Calibration Error (ECE) included for
completeness, as uncertainty scores should be calibrated for practical use. We include ECE pre- and
post-calibration after applying isotonic regression.

4.2 Results

Table 1: AUROC for the Bayesian Linear Lens combined with maximum softmax probability baseline.
Mean and standard deviation over 5 folds are reported. For each LLM, the best value is in bold and
the second best is underlined. We mark with a star when the value significantly outperforms the
maximum softmax probability baseline. Additional information on the derivation of these scores can
be found in the Appendix D.

Llama-3.1-8B Qwen3-8B Ministral-8B SmolLM3-3B

MSP 0.8089 0.6498 0.7905 0.7430
Raw neurons (A) 0.8112 (0.0020)* 0.8289 (0.0015)* 0.7947 (0.0102) 0.7694 (0.0065)*
Raw neurons (Q+A) 0.8026 (0.0019) 0.7567 (0.0114)* 0.7904 (0.0105) 0.7632 (0.0063)*
Ridge (A, Cor.) 0.8043 (0.0019) 0.8103 (0.0046)* 0.7928 (0.0084) 0.7652 (0.0053)*
Ridge (A, Incor.) 0.8097 (0.0023) 0.8144 (0.0034)* 0.7936 (0.0105) 0.7686 (0.0084)*
Ridge (A, Ratio) 0.8119 (0.0029)* 0.8291 (0.0029)* 0.7948 (0.0093) 0.7700 (0.0061)*
Ridge (Q+A, Cor.) 0.8111 (0.0024) 0.8284 (0.0026)* 0.7952 (0.0104) 0.7688 (0.0071)*
Ridge (Q+A, Incor.) 0.8115 (0.0019)* 0.8280 (0.0023)* 0.7948 (0.0103) 0.7693 (0.0068)*
Ridge (Q+A, Ratio) 0.8119 (0.0020)* 0.8269 (0.0021)* 0.7956 (0.0110) 0.7697 (0.0067)*

The Bayesian Linear Lens achieve significant improvements for 3 out of the 4 LLMs considered,
with the most significant ones for Qwen3-8B and SmolLM3-3B and moderate ones for Llama-3.1-
8B-Instruct. For Ministral-8B, the difference is not significant with respect to the MSP baseline.
Compared to the raw hidden states baseline, the Bayesian Linear Lens only allow small improvements.
We partially investigate why the raw hidden states baseline and the Ridge method seem very correlated
in Appendix B.

5 Discussion & Conclusion

In this work, we proposed a novel and efficient uncertainty estimation approach for LLMs by
leveraging activation patterns to detect hallucinated outputs. Targeting factual uncertainty, we
designed a lightweight yet principled framework that combines Bayesian posterior likelihoods
through sparse linear regression. Despite its simplicity, this approach consistently achieves state-of-
the-art performance, surpassing existing methods. These findings highlight that effective uncertainty
quantification in LLMs does not necessarily require complex architectures, but can emerge from
a rigorous statistical treatment of internal representations. This opens up promising directions for
developing scalable, interpretable, and reliable uncertainty-aware LLMs, with immediate applications
to safe deployment in automated decision-making systems.
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Broader Impact

This work advances safe and reliable AI by improving Uncertainty Quantification (UQ) in Large
Language Models (LLMs)—a core component of trustworthy deployment alongside robustness [6, 23,
5, 7], privacy [9, 24, 25] and fairness [3, 30]. By offering an efficient alternative to computationally
expensive ensemble or deep Bayesian methods, this work contributes to democratizing access to
robust AI safety tools while fostering responsible human–AI interaction and reducing overconfidence
in automated systems.
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A Additional Numerical Results

For the purpose of completeness, we also consider non-Bayesian methods in 3 for training the probes.
Namely, we experiment with:

• simple Gaussian density. The corresponding model is simply:

y(l,i)|u = 0 ∼ N (µ
(l,i)
0 , σ2(l,i)

0 )

y(l,i)|u = 1 ∼ N (µ
(l,i)
1 , σ2(l,i)

1 )

• simple Gaussian regression over the SVD-truncated previous hidden states. From a modeling
perspective, it makes sense to model a residual neural network as Markovian, where the
next hidden state depends only on the previous hidden state. Formally, we can assume that
p(h(l,i)|(h(m,i)))m≤l−1,i∈D) = p(h(l,i)|(h(l−1,i)))i∈D). The corresponding linear model
under {u = 0} is:

y(l,i) = w
(l,i)
0,0 + w

(l,i)
0 · h(l−1,:)

K + ε
(l,i)
0

and under {u = 1}:

y(l,i) = w
(l,i)
1,0 + w

(l,i)
1 · h(l−1,:)

K + ε
(l,i)
1

where h
(l−1,:)
K is the K−dimensional vector of the truncated previous hidden state and with

the Gaussian noise assumption:

ε
(l,i)
0 ∼ N (0, σ2(l,i)

0 )

ε
(l,i)
1 ∼ N (0, σ2(l,i)

1 )

As in the Bayesian case, we combine the neuron-level features to obtain uncertainty scores by
performing Elastic-Net logistic regression.

Based on the layer-level posterior distributions, we obtain a global UQ measure for the LLM via
a sparse linear regression predicting the correctness of the LLM. More precisely, we propose two
approaches for UQ feature design:

• First, we use as features the posterior log-likelihoods: − log(p(y(l,i)|u)) for the simple den-
sity model and − log(p(y(l,i)|h(l−1,:)

K , u)) for the regression model, which can be interpreted
as the information content of the activation y(l,i) under {u = 0} or {u = 1}.

• Second, we borrow a heuristic from statistical hypothesis testing that consists in taking the
log of the posterior likelihood ratio to compare which option is the most likely between
{u = 0} and {u = 1}. For the simple density model:

log(
p(y(l,i)|u = 1)

p(y(l,i)|u = 0)
)

For the regression model:

log(
p(y(l,i)|h(l−1,:)

K , u = 1)

p(y(l,i)|h(l−1,:)
K , u = 0)

)

Surprisingly, we find that even these non-Bayesian methods are also able to achieve significantly
better results than the MSP baseline.

8



Table 2: AUROC for various methods combined with maximum softmax probability baseline. Mean
and standard deviation over 5 folds are reported. For each LLM, the best value is in bold and the
second best is underlined. We mark with a star when the value significantly outperforms the maximum
softmax probability baseline.

Llama-3.1-8B Qwen3-8B Ministral-8B SmolLM3-3B

MSP 0.8089 0.6498 0.7905 0.7430
Raw neurons (A) 0.8112 (0.0020)* 0.8289 (0.0015)* 0.7947 (0.0102) 0.7694 (0.0065)*
Raw neurons (Q+A) 0.8026 (0.0019) 0.7567 (0.0114)* 0.7904 (0.0105) 0.7632 (0.0063)*
Density (A, Cor.) 0.8071 (0.0015) 0.8140 (0.0020)* 0.7913 (0.0104) 0.7701 (0.0058)*
Density (A, Incor.) 0.8098 (0.0015) 0.8186 (0.0044)* 0.7935 (0.0103) 0.7699 (0.0054)*
Density (A, Ratio) 0.8121 (0.0016)* 0.8289 (0.0022)* 0.7964 (0.0106) 0.7725 (0.0063)*
Density (Q+A, Cor.) 0.8110 (0.0012)* 0.8272 (0.0036)* 0.7966 (0.0096) 0.7715 (0.0063)*
Density (Q+A, Incor.) 0.8111 (0.0011)* 0.8272 (0.0035)* 0.7965 (0.0097) 0.7716 (0.0063)*
Density (Q+A, Ratio) 0.8107 (0.0018)* 0.8292 (0.0036)* 0.7960 (0.0098) 0.7705 (0.0064)*
Regression (A, Cor.) 0.8043 (0.0019) 0.8103 (0.0046)* 0.7929 (0.0085) 0.7652 (0.0053)*
Regression (A, Incor.) 0.8097 (0.0024) 0.8144 (0.0035)* 0.7937 (0.0105) 0.7685 (0.0082)*
Regression (A, Ratio) 0.8124 (0.0019)* 0.8297 (0.0019)* 0.7943 (0.0096) 0.7723 (0.0065)*
Regression (Q+A, Cor.) 0.8111 (0.0024) 0.8284 (0.0026)* 0.7952 (0.0104) 0.7688 (0.0071)*
Regression (Q+A, Incor.) 0.8115 (0.0019)* 0.8281 (0.0023)* 0.7948 (0.0103) 0.7693 (0.0068)*
Regression (Q+A, Ratio) 0.8113 (0.0024)* 0.8288 (0.0034)* 0.7954 (0.0092) 0.7699 (0.0068)*

Below, we report detailed results for each model, including calibration metrics. Across all models,
we also notice that that the log-likelihood ratios perform better than taking separately the accepted
(Cor) or rejected (Incor) model. We find that taking only the hidden states of the generated token (A)
gives better results than averaging the hidden states over the question tokens and the generated token
(Q+A).

Table 3: Llama-3.1-8B-Instruct. Mean and standard deviation over 5 folds are reported. For each
metric, the best value is in bold and the second best is underlined. For the AUROC, we mark with a
star when the value significantly outperforms the maximum softmax probability baseline.

AUC AUC (combined) ECE ECE (calib.)

Maximum softmax probability 0.8089 0.8089 0.1242 0.0223 (0.0040)
Raw neurons (A) 0.8045 (0.0027) 0.8112 (0.0020)* 0.0290 (0.0049) 0.0269 (0.0037)
Raw neurons (Q+A) 0.7182 (0.0028) 0.8026 (0.0019) 0.0300 (0.0023) 0.0296 (0.0026)
Density (A, Cor.) 0.7983 (0.0020) 0.8071 (0.0015) 0.0545 (0.0064) 0.0218 (0.0020)
Density (A, Incor.) 0.8005 (0.0025) 0.8098 (0.0015) 0.0287 (0.0012) 0.0233 (0.0042)
Density (A, Ratio) 0.8074 (0.0026) 0.8121 (0.0016)* 0.0254 (0.0030) 0.0208 (0.0016)
Density (Q+A, Cor.) 0.8052 (0.0019) 0.8110 (0.0012)* 0.0241 (0.0014) 0.0229 (0.0049)
Density (Q+A, Incor.) 0.8053 (0.0019) 0.8111 (0.0011)* 0.0244 (0.0035) 0.0227 (0.0025)
Density (Q+A, Ratio) 0.8049 (0.0024) 0.8107 (0.0018)* 0.0274 (0.0014) 0.0225 (0.0050)
Truncated Regression (A, Cor.) 0.7728 (0.0050) 0.8043 (0.0019) 0.0437 (0.0018) 0.0244 (0.0086)
Truncated Regression (A, Incor.) 0.7873 (0.0025) 0.8097 (0.0024) 0.0290 (0.0015) 0.0262 (0.0024)
Truncated Regression (A, Ratio) 0.8070 (0.0026) 0.8124 (0.0019)* 0.0307 (0.0026) 0.0282 (0.0037)
Truncated Regression (Q+A, Cor.) 0.8049 (0.0023) 0.8111 (0.0024) 0.0305 (0.0044) 0.0255 (0.0045)
Truncated Regression (Q+A, Incor.) 0.8055 (0.0018) 0.8115 (0.0019)* 0.0266 (0.0025) 0.0244 (0.0031)
Truncated Regression (Q+A, Ratio) 0.8059 (0.0025) 0.8113 (0.0024)* 0.0285 (0.0030) 0.0225 (0.0027)
Ridge (A, Cor.) 0.7728 (0.0050) 0.8043 (0.0019) 0.0433 (0.0021) 0.0237 (0.0088)
Ridge (A, Incor.) 0.7872 (0.0025) 0.8097 (0.0023) 0.0269 (0.0026) 0.0242 (0.0016)
Ridge (A, Ratio) 0.8070 (0.0034) 0.8119 (0.0029)* 0.0299 (0.0025) 0.0270 (0.0039)
Ridge (Q+A, Cor.) 0.8050 (0.0023) 0.8111 (0.0024) 0.0313 (0.0041) 0.0273 (0.0031)
Ridge (Q+A, Incor.) 0.8054 (0.0019) 0.8115 (0.0019)* 0.0250 (0.0023) 0.0232 (0.0040)
Ridge (Q+A, Ratio) 0.8075 (0.0020) 0.8119 (0.0020)* 0.0283 (0.0054) 0.0289 (0.0039)
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Table 4: Qwen3-8B. Mean and standard deviation over 5 folds are reported. For each metric, the best
value is in bold and the second best is underlined. For the AUROC, we mark with a star when the
value significantly outperforms the maximum softmax probability baseline.

AUC AUC (combined) ECE ECE (calib.)

Maximum softmax probability 0.6498 0.6498 0.2580 0.0132 (0.0050)
Raw neurons (A) 0.8269 (0.0020)* 0.8289 (0.0015)* 0.0331 (0.0057) 0.0255 (0.0033)
Raw neurons (Q+A) 0.7313 (0.0126)* 0.7567 (0.0114)* 0.0299 (0.0066) 0.0291 (0.0062)
Density (A, Cor.) 0.8119 (0.0023)* 0.8140 (0.0020)* 0.0498 (0.0108) 0.0274 (0.0057)
Density (A, Incor.) 0.8159 (0.0044)* 0.8186 (0.0044)* 0.0255 (0.0043) 0.0238 (0.0053)
Density (A, Ratio) 0.8274 (0.0023)* 0.8289 (0.0022)* 0.0282 (0.0034) 0.0272 (0.0031)
Density (Q+A, Cor.) 0.8256 (0.0037)* 0.8272 (0.0036)* 0.0277 (0.0045) 0.0275 (0.0042)
Density (Q+A, Incor.) 0.8257 (0.0035)* 0.8272 (0.0035)* 0.0267 (0.0052) 0.0248 (0.0043)
Density (Q+A, Ratio) 0.8276 (0.0036)* 0.8292 (0.0036)* 0.0287 (0.0055) 0.0256 (0.0065)
Truncated Regression (A, Cor.) 0.8056 (0.0064)* 0.8103 (0.0046)* 0.0474 (0.0100) 0.0279 (0.0078)
Truncated Regression (A, Incor.) 0.8083 (0.0046)* 0.8144 (0.0035)* 0.0310 (0.0042) 0.0291 (0.0049)
Truncated Regression (A, Ratio) 0.8280 (0.0020)* 0.8297 (0.0019)* 0.0291 (0.0041) 0.0253 (0.0041)
Truncated Regression (Q+A, Cor.) 0.8270 (0.0026)* 0.8284 (0.0026)* 0.0247 (0.0042) 0.0220 (0.0046)
Truncated Regression (Q+A, Incor.) 0.8266 (0.0025)* 0.8281 (0.0023)* 0.0259 (0.0036) 0.0256 (0.0028)
Truncated Regression (Q+A, Ratio) 0.8271 (0.0036)* 0.8288 (0.0034)* 0.0284 (0.0046) 0.0235 (0.0063)
Ridge (A, Cor.) 0.8056 (0.0064)* 0.8103 (0.0046)* 0.0472 (0.0101) 0.0284 (0.0084)
Ridge (A, Incor.) 0.8084 (0.0046)* 0.8144 (0.0034)* 0.0296 (0.0049) 0.0310 (0.0065)
Ridge (A, Ratio) 0.8273 (0.0023)* 0.8291 (0.0029)* 0.0306 (0.0060) 0.0228 (0.0034)
Ridge (Q+A, Cor.) 0.8270 (0.0026)* 0.8284 (0.0026)* 0.0247 (0.0043) 0.0222 (0.0047)
Ridge (Q+A, Incor.) 0.8265 (0.0024)* 0.8280 (0.0023)* 0.0261 (0.0042) 0.0267 (0.0029)
Ridge (Q+A, Ratio) 0.8253 (0.0025)* 0.8269 (0.0021)* 0.0278 (0.0025) 0.0231 (0.0026)

Table 5: Ministral-8B-Instruct-2410. Mean and standard deviation over 5 folds are reported. For each
metric, the best value is in bold and the second best is underlined. For the AUROC, we mark with a
star when the value significantly outperforms the maximum softmax probability baseline.

AUC AUC (combined) ECE ECE (calib.)

Maximum softmax probability 0.7905 0.7905 0.0930 0.0240 (0.0049)
Raw neurons (A) 0.7888 (0.0108) 0.7947 (0.0102) 0.0353 (0.0035) 0.0310 (0.0062)
Raw neurons (Q+A) 0.7125 (0.0102) 0.7904 (0.0105) 0.0323 (0.0033) 0.0314 (0.0083)
Density (A, Cor.) 0.7821 (0.0106) 0.7913 (0.0104) 0.0382 (0.0079) 0.0263 (0.0040)
Density (A, Incor.) 0.7857 (0.0109) 0.7935 (0.0103) 0.0322 (0.0051) 0.0299 (0.0087)
Density (A, Ratio) 0.7915 (0.0106) 0.7964 (0.0106) 0.0280 (0.0046) 0.0253 (0.0072)
Density (Q+A, Cor.) 0.7910 (0.0096) 0.7966 (0.0096) 0.0284 (0.0049) 0.0283 (0.0043)
Density (Q+A, Incor.) 0.7910 (0.0097) 0.7965 (0.0097) 0.0303 (0.0038) 0.0283 (0.0041)
Density (Q+A, Ratio) 0.7912 (0.0090) 0.7960 (0.0098) 0.0318 (0.0041) 0.0306 (0.0052)
Truncated Regression (A, Cor.) 0.7636 (0.0083) 0.7929 (0.0085) 0.0360 (0.0053) 0.0281 (0.0073)
Truncated Regression (A, Incor.) 0.7796 (0.0096) 0.7937 (0.0105) 0.0327 (0.0058) 0.0306 (0.0064)
Truncated Regression (A, Ratio) 0.7892 (0.0103) 0.7943 (0.0096) 0.0304 (0.0028) 0.0255 (0.0047)
Truncated Regression (Q+A, Cor.) 0.7903 (0.0100) 0.7952 (0.0104) 0.0293 (0.0050) 0.0278 (0.0032)
Truncated Regression (Q+A, Incor.) 0.7897 (0.0098) 0.7948 (0.0103) 0.0295 (0.0049) 0.0280 (0.0044)
Truncated Regression (Q+A, Ratio) 0.7893 (0.0090) 0.7954 (0.0092) 0.0312 (0.0054) 0.0298 (0.0050)
Ridge (A, Cor.) 0.7635 (0.0081) 0.7928 (0.0084) 0.0363 (0.0046) 0.0304 (0.0050)
Ridge (A, Incor.) 0.7797 (0.0095) 0.7936 (0.0105) 0.0325 (0.0066) 0.0287 (0.0050)
Ridge (A, Ratio) 0.7895 (0.0096) 0.7948 (0.0093) 0.0327 (0.0035) 0.0261 (0.0073)
Ridge (Q+A, Cor.) 0.7903 (0.0100) 0.7952 (0.0104) 0.0293 (0.0050) 0.0275 (0.0031)
Ridge (Q+A, Incor.) 0.7897 (0.0098) 0.7948 (0.0103) 0.0295 (0.0049) 0.0279 (0.0042)
Ridge (Q+A, Ratio) 0.7899 (0.0110) 0.7956 (0.0110) 0.0304 (0.0055) 0.0259 (0.0089)
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Table 6: SmolLM3-3B. Mean and standard deviation over 5 folds are reported. For each metric, the
best value is in bold and the second best is underlined. For the AUROC, we mark with a star when
the value significantly outperforms the maximum softmax probability baseline.

AUC AUC (combined) ECE ECE (calib.)

Maximum softmax probability 0.7430 0.7430 0.1956 0.0209 (0.0033)
Raw neurons (A) 0.7648 (0.0069)* 0.7694 (0.0065)* 0.0383 (0.0044) 0.0278 (0.0058)
Raw neurons (Q+A) 0.6999 (0.0037) 0.7632 (0.0063)* 0.0344 (0.0063) 0.0290 (0.0056)
Density (A, Cor.) 0.7660 (0.0058)* 0.7701 (0.0058)* 0.0314 (0.0050) 0.0255 (0.0037)
Density (A, Incor.) 0.7630 (0.0053)* 0.7699 (0.0054)* 0.0290 (0.0059) 0.0249 (0.0065)
Density (A, Ratio) 0.7687 (0.0075)* 0.7725 (0.0063)* 0.0297 (0.0042) 0.0232 (0.0052)
Density (Q+A, Cor.) 0.7672 (0.0069)* 0.7715 (0.0063)* 0.0304 (0.0076) 0.0270 (0.0050)
Density (Q+A, Incor.) 0.7672 (0.0069)* 0.7716 (0.0063)* 0.0311 (0.0075) 0.0272 (0.0049)
Density (Q+A, Ratio) 0.7659 (0.0069)* 0.7705 (0.0064)* 0.0317 (0.0032) 0.0278 (0.0048)
Truncated Regression (A, Cor.) 0.7469 (0.0060) 0.7652 (0.0053)* 0.0405 (0.0077) 0.0268 (0.0053)
Truncated Regression (A, Incor.) 0.7568 (0.0094)* 0.7685 (0.0082)* 0.0325 (0.0061) 0.0252 (0.0024)
Truncated Regression (A, Ratio) 0.7674 (0.0072)* 0.7723 (0.0065)* 0.0359 (0.0029) 0.0264 (0.0039)
Truncated Regression (Q+A, Cor.) 0.7643 (0.0079)* 0.7688 (0.0071)* 0.0335 (0.0044) 0.0307 (0.0037)
Truncated Regression (Q+A, Incor.) 0.7647 (0.0076)* 0.7693 (0.0068)* 0.0315 (0.0047) 0.0278 (0.0082)
Truncated Regression (Q+A, Ratio) 0.7654 (0.0073)* 0.7699 (0.0068)* 0.0333 (0.0019) 0.0286 (0.0041)
Ridge (A, Cor.) 0.7469 (0.0060) 0.7652 (0.0053)* 0.0395 (0.0079) 0.0246 (0.0027)
Ridge (A, Incor.) 0.7570 (0.0098)* 0.7686 (0.0084)* 0.0335 (0.0061) 0.0273 (0.0028)
Ridge (A, Ratio) 0.7652 (0.0069)* 0.7700 (0.0061)* 0.0332 (0.0082) 0.0251 (0.0035)
Ridge (Q+A, Cor.) 0.7643 (0.0079)* 0.7688 (0.0071)* 0.0334 (0.0045) 0.0307 (0.0036)
Ridge (Q+A, Incor.) 0.7647 (0.0076)* 0.7693 (0.0068)* 0.0315 (0.0047) 0.0277 (0.0078)
Ridge (Q+A, Ratio) 0.7654 (0.0066)* 0.7697 (0.0067)* 0.0363 (0.0039) 0.0247 (0.0025)
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B Active Neuron Visualization

Table 7: Correlations of the methods for Llama-3.1-8B-Instruct. Results are given for the answer
log-likelihood ratio setting.

MSP Raw neurons Density Regression Ridge

MSP 1.0000 0.9197 0.9256 0.9132 0.9135
Raw neurons 0.9197 1.0000 0.9677 0.9647 0.9652

Density 0.9256 0.9677 1.0000 0.9624 0.9621
Regression 0.9132 0.9647 0.9624 1.0000 0.9824

Ridge 0.9135 0.9652 0.9621 0.9824 1.0000

Figure 2: Layers of the activated neurons, Llama-3.1-8B-Instruct, raw neurons, in the answer log-
likelihood ratio setting.

Figure 3: Layers of the activated neurons, Llama-3.1-8B-Instruct, density, in the answer log-likelihood
ratio setting.
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Figure 4: Layers of the activated neurons, Llama-3.1-8B-Instruct, truncated regression, in the answer
log-likelihood ratio setting.

Figure 5: Layers of the activated neurons, Llama-3.1-8B-Instruct, truncated ridge, in the answer
log-likelihood ratio setting.
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C Prompts

Figure 6: Prompt for Llama-3.1-8B-Instruct, matching the template found on HuggingFace.

1 <|start_header_id|>user <| end_header_id|>
2

3 Given the following question and four candidate answers
(A, B, C and D), choose the best answer.

4 Question: {}
5 A. {}
6 B. {}
7 C. {}
8 D. {}
9 Your response should end with "The best answer is [

the_answer_letter ]" where the [the_answer_letter] is
one of A, B, C or D.<|eot_id|><| start_header_id|>
assistant <| end_header_id|>

10

11 The best answer is

Figure 7: Prompt for Qwen3-8B, following the recommendations found on HuggingFace.

1 <|im_start|>user
2 Given the following question and four candidate answers

(A, B, C and D), choose the best answer.
3 Question: {}
4 A. {}
5 B. {}
6 C. {}
7 D. {}
8 Start your response by showing your choice in the answer

field with only the choice letter , e.g., "answer ": "
C". /no_think <| im_end|>

9 <|im_start|>assistant
10 <think >
11

12 </think >
13

14 "answer ": "

Figure 8: Prompt for Ministral-8B-Instruct-2410. No official recommendations were found, so the
Llama template was adapted.

1 [INST]Given the following question and four candidate
answers (A, B, C and D), choose the best answer.

2 Question: {}
3 A. {}
4 B. {}
5 C. {}
6 D. {}
7 Your response should start with "The best answer is [

the_answer_letter ]" where the [the_answer_letter] is
one of A, B, C or D.[/ INST]The best answer is
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Figure 9: Prompt for SmolLM3-3B. No official recommendations were found, so the Llama template
was adapted.

1 <|im_start|>system
2 ## Metadata
3

4 Knowledge Cutoff Date: June 2025
5 Today Date: 04 September 2025
6 Reasoning Mode: /no_think
7

8 ## Custom Instructions
9

10 For the question below , choose the best answer from
options A, B, C, or D. Your response should start
with "Answer: [the_answer_letter ]" where the [
the_answer_letter] is one of A, B, C or D.

11

12 <|im_start|>user
13 Question: {}
14 A. {}
15 B. {}
16 C. {}
17 D. {}
18 <|im_end|>
19 <|im_start|>assistant
20 <think >
21

22 </think >
23 Answer:
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D Additional implementation details

Ridge regressions hyperparameters For the truncated regressions we use for simplicity the
value K = 16 for all models, but it could be further tuned. For the hyperparameters of the Ridge
regression, we use the marginal likelihood optimization from [20]. Our implementation closely
follows scikit-learn’s BayesianRidge [22].

Post-processing to obtain Uncertainty Estimates We store the hidden states, density- and
regression-based features during the evaluation on the MMLU test set. These features are then
fed to an Elastic-Net regularized logistic regression (predicting the truthfullness of the LLM) to derive
the final uncertainty scores. To obtain final results, we perform nested cross validation: 5 outer loops
estimate performance across the dataset, while 4 inner loops optimize regularization parameters. To
combine the results with the MSP baseline, as shown in 1, we first train the Elastic-Net regression on
the fold’s train set, then perform a logistic regression on the same set using as features the scores
from the Ridge model and the scores from the baseline. We then measure the AUROC on the fold’s
test set.

A pre-processing step to reduce the number of features is needed to reduce the computational cost of
the Elastic-Net regression on (L− 1)×D features. We keep the 100 most informative with respect
to ANOVA F-values. We then use the following grid for selecting the best hyperparameters:

l1_ratio = [0.9, 0.7, 0.5]

C = [0.01, 0.05, 0.1]
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