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Abstract
In-Context Learning (ICL) allows LLMs to
adapt to new tasks from a few demonstrations,
but its reliability remains a concern: predic-
tions are highly sensitive to both prompt design
and the model’s ability to understand the con-
text, obscuring whether failures arise from data
properties or model limitations. Uncertainty
decomposition—separating aleatoric from epis-
temic sources—is particularly crucial in this
setting, yet existing methods, designed for stan-
dard generation tasks, fail to capture the unique
dynamics of ICL. To address this, we intro-
duce a concept of self-function vectors, built
upon Bayesian views and the mechanistic inter-
pretability of ICL. These vectors leverage inter-
nal model representations to model the latent
concept learned during in-context prompting,
thereby enabling a direct estimation of aleatoric
uncertainty within a Bayesian framework and
circumventing the reliance on brittle input or
decoding manipulations. Given the lack of es-
tablished benchmarks and suitable evaluation
protocols, we also propose the first and rigor-
ous evaluation protocol, in which data is ma-
nipulated in controlled ways so as to quantify
aleatoric uncertainty precisely and separately
from epistemic uncertainty. With this new eval-
uation framework, initially grounded in syn-
thetic tasks for conceptual development and
subsequently extended to real-world datasets,
we show that our proposed methodology can
measure uncertainty of LLM predictions made
under ICL more reliably than existing alterna-
tive methods. Moreover, we show it can be
used as a practical tool for trustworthy-related
applications, such as hallucination detection.
Our findings pave a new direction for connect-
ing the quantitative view of uncertainty with the
mechanistic understanding of model behavior.

1 Introduction

In-Context Learning (ICL) enables Large Lan-
guage Models (LLMs) to adapt to new tasks with-

*Equal contribution.

out parameter updates by conditioning on a handful
of input–output demonstrations provided directly in
the prompt (Brown et al., 2020). Despite its versatil-
ity, ICL is inherently brittle: predictions can fluctu-
ate with small changes to prompt format, the order-
ing of demonstrations, or data properties (Min et al.,
2022; Chan et al., 2022, 2025). On top of that, ICL
predictions depend highly on the model’s context
learnability (Wang et al., 2024), making it difficult
to discern whether failures stem from data proper-
ties or from model limitations. This highlights the
importance of not only measuring the overall level
of uncertainty—known as Uncertainty Quantifica-
tion (Kuhn et al., 2023; Shorinwa et al., 2024)—but
also disentangling its underlying sources, a process
referred to as Uncertainty Decomposition (Kendall
and Gal, 2017; Abbasi-Yadkori et al., 2024; Wang
and Holmes, 2025; Jayasekera et al., 2025).

Uncertainty decomposition aims to disentangle
uncertainty into its principal components: aleatoric
uncertainty (AU), which stems from inherent data
ambiguity, and epistemic uncertainty (EU), which
reflects limitations in the model’s knowledge or
representations. This decomposition offers sharper
insight into failure modes: AU reflects irreducible
noise, while EU highlights uncertainty that could,
in principle, be reduced with better modeling or
more evidence. This distinction is especially im-
portant in ICL, where predictions hinge on both the
given context and the model’s learnability.

Yet, current research is primarily focused on
standard settings such as Question and Answer, and
not much has been done for ICL (Shorinwa et al.,
2024). Prior approaches typically involve manip-
ulating inputs (Abbasi-Yadkori et al., 2024; Ling
et al., 2024; Wang and Holmes, 2025) or altering
decoding strategies (Kuhn et al., 2023; Ling et al.,
2024), but such methods do not readily transfer
to ICL, as seemingly small variations in inputs or
decoding may lead to substantial and unpredictable
fluctuations in performance (Min et al., 2022).
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Figure 1: This work comprises two main pillars. (1) Uncertainty Decomposition: We probe the LLM’s internal
representations to construct self-function vectors from the activations of salient attention heads. These vectors
serve as a proxy for the latent concept learned from the prompt, enabling a principled estimation of AU and EU.
(2) Evaluation Protocol: We then assess the quality of the decomposition using a novel framework with tasks
specifically designed to independently perturb AU and EU, thereby providing a robust score for decomposition
fidelity.

Encouragingly, two recent lines of research sug-
gest a path forward. First, interpreting ICL as im-
plicit Bayesian inference provides a natural the-
oretical foundation for principled decomposition
(Xie et al., 2022; Wang et al., 2023; Jiang, 2024).
Second, advances in the mechanistic interpretabil-
ity—examining model internals such as represen-
tation dynamics and head activations—offer tools
to observe ICL behavior without requiring explicit
manipulations of inputs or decoding (Hendel et al.,
2023; Todd et al., 2024; Heo et al., 2025). Taken
together, these perspectives provide a practical tool
for principled and ICL-specific uncertainty decom-
position.

At the same time, evaluating decomposition in
ICL remains an open challenge: existing studies
typically rely on downstream tasks from uncer-
tainty quantification—such as hallucination detec-
tion or out-of-distribution identification —since no
benchmark directly assesses decomposition quality,
leaving it unclear whether AU and EU are gen-
uinely separated or whether apparent gains merely
reflect proxy-task performance.

Our contributions are summarized as follows:

1. We introduce an aleatoric uncertainty quan-
tification methodology based on self-function
vectors—a novel approach that leverages in-
ternal model representations for principled un-
certainty decomposition in ICL, building upon
Bayesian perspectives and mechanistic inter-
pretability.

2. We develop an evaluation protocol tailored to

uncertainty decomposition in the ICL setting,
grounded in synthetic tasks that can reliably
capture ICL dynamics and enable faithful as-
sessment of decomposition quality.

3. We further establish the applicability of our
method by showing competitive performance
on hallucination detection. This opens a new
potential for bridging uncertainty estimation
with mechanistic interpretability.

2 Background

LLMs have demonstrated the ability to “learn” new
tasks without updating their weights by condition-
ing on a small number of labeled examples pro-
vided on the prompt. This behavior, known as In-
Context Learning(ICL), allows the model to con-
dition its predictions on a few labeled examples
provided at inference time—without any model up-
dates. Formally, let Dex = {(xi, yi)}ki=1 ⊆ DT

denote the example set sampled from the dataset
DT of task T , and let x⋆ be the query. Conditioned
on Dex, a model defines the predictive distribution:

p
(
y | x⋆,Dex

)
. (1)

All task adaptation occurs within the context win-
dow, with no updates to model weights. This sur-
prising behavior has inspired research to under-
stand its underlying principles. The most promi-
nent perspective is Bayesian inference, which
views ICL as posterior updating on the observed
data.
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Bayesian View of ICL A widely held view is
that ICL corresponds to implicit Bayesian inference
(Xie et al., 2022; Wang et al., 2023; Jiang, 2024). In
this perspective, the model infers a latent concept
ϕ from the prompt and conditions its predictions
on that inferred belief. The resulting predictive
distribution approximates

p
(
y | x⋆,Dex

)

≈
∫

p(y | x⋆, ϕ) p(ϕ | Dex)︸ ︷︷ ︸
implicit posterior

dϕ. (2)

Accordingly, the total uncertainty can be decom-
posed information-theoretically

H[p(y | x⋆,Dex)] = I(y;ϕ | x⋆,Dex)︸ ︷︷ ︸
Epistemic

(3)

+ Ep(ϕ|Dex)[H(p(y | x⋆, ϕ))]
︸ ︷︷ ︸

Aleatoric

,

where H and I denote the Shannon entropy and
mutual information, respectively. (Wimmer et al.,
2023; Falck et al., 2024; Jayasekera et al., 2025).

Mechanistic View of ICL Mechanistic inter-
pretability is a line of research that seeks to un-
derstand how models operate by identifying the
specific neurons or attention heads that contribute
to their behavior and how they work together to
produce the model’s output. Applied to ICL, this
perspective aims to uncover how and which in-
ternal representations of the model process under-
standing context. Early studies highlight induction
heads—attention heads that copy earlier tokens to
later positions—as central to pattern completion
(Elhage et al., 2021; Olsson et al., 2022). More re-
cent work identifies a complementary mechanism:
function vectors, compact task representations en-
coded in the activations of specific attention heads
during ICL (Todd et al., 2024). An function vec-
tor vT is constructed by summing the prompt-wise
averaged activations across all attention heads,

h̄T(ℓ,k) =
1

n

n∑

i=1

hPi

(ℓ,k), (4)

vT =
∑

(ℓ,k)∈ST

h̄T(ℓ,k), (5)

where ST denotes the set of causal heads (i.e., the
attention heads most critical for task T ), while
h̄T(ℓ,k) is defined as the average activation of the k-
th head in layer ℓ computed over the input prompts
Pi.

A function vector vT can be utilized by inject-
ing it into the model’s hidden states—that is, by
adding the vector to the hidden representations
during inference. Injecting vT shifts the context
of the model’s predictions—even in zero-shot set-
tings—indicating that function vectors encode task
identity and serve as internal task representations.
Building on this view, Jiang et al. (2025) show that
function vectors serve as latent task embeddings
that parameterize task-specific functions, i.e., con-
ditioning on x⋆ and vT induces behavior consistent
with p(y | x⋆,Dex). Complementary ablations by
Yin and Steinhardt (2025) further reveal that func-
tion vector heads, rather than induction heads, are
the dominant contributors to ICL performance in
larger models. Collectively, these findings estab-
lish function vectors as the primary carriers of task
structure.

Uncertainty Decomposition before ICL The
decomposition of predictive uncertainty into epis-
temic and aleatoric components has been explored
widely before ICL. In computer vision, uncertainty
decomposition underpins calibration, segmentation,
and out-of-distribution detection, with EU flagging
model limitations (Kendall and Gal, 2017). In
NLP, it informs machine translation and text gen-
eration, separating hallucinations (epistemic) from
linguistic ambiguity (aleatoric) (Kuhn et al., 2023).
Active learning also exploits this distinction: EU
drives sample acquisition, while AU marks unin-
formative or noisy data (Houlsby et al., 2011; Gal
et al., 2017). Despite these advances, evaluating
decomposition remains challenging: naive metrics
often conflate the two sources, motivating prin-
cipled benchmarks and task-specific frameworks
(Mucsányi et al., 2024; Smith et al., 2025). This
evaluation gap is even more pronounced in ICL,
where adaptation occurs entirely within the context
window, entangling data- and model-driven vari-
ability in ways absent from conventional training
regimes.

3 Method

We introduce a method for quantifying AU in ICL
by leveraging the activations of task-specific atten-
tion heads.

Central to this approach is the novel concept of
self-function vectors, a variant of function vectors,
designed to serve as proxies for latent concepts.
The method proceeds in four stages:
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S1. Causal head selection: Identify salient atten-
tion heads ST that cause the contextualization
of DT via causal indirect effect analysis (Sec-
tion 3.1).

S2. Self-function vector construction: For a
given prompt P ⋆ = [Dex, x

⋆], extract final-
token activations a(ℓ,k) from each (ℓ, k) ∈ ST

and construct a self-function vector v̂T (Sec-
tion 3.2).

S3. Self-function vector intervention: Inject v̂T
into the hidden state at the final token during
inference, yielding a latent-conditioned predic-
tion p(y | x⋆,Dex, v̂T ). (Section 3.3).

S4. Uncertainty decomposition: Compute
decomposed uncertainties using latent-
conditioned predictions (Section 3.4).

Unlike conventional approaches that infer uncer-
tainty only from output variability (e.g., decod-
ing or prompting strategies), our method probes
the model’s internal representations. This yields a
structure-aware and interpretable foundation for un-
certainty estimation in ICL (Shorinwa et al., 2024).
Our code is available at https://github.com/
LOG-postech/self-fv-icl.

3.1 Identifying Salient Attention Heads
To identify task-relevant attention heads, we be-
gin with a given task dataset DT and estimate the
causal contribution of each attention head to the
model’s predictions. Following Todd et al. (2024),
we evaluate this by introducing counterfactual in-
context inputs using label-shuffled examples D̃ex,
which typically degrade performance. Given a cor-
rupted prompt P̃ = [D̃ex, xval], we assess each
head (l, k), by replacing its final-token activation
during inference with the mean activation vector
h̄T(l,k) computed over correctly labeled inputs. The
causal effect (CE) of a head is then defined as the
change in prediction probability induced by this
replacement:

CE(P ) =p
hP̃
(ℓ,k)

→h̄T
(ℓ,k)

(y | [D̃ex, xval])

− p(y | [Dex, xval]). (6)

The notation h̃T(ℓ,k) → h̄T(ℓ,k) denotes the activa-
tion from a label-shuffled input is substituted with
h̄T(ℓ,k). We compute the causal effect multiple times
using various prompts, and select the heads with
the highest average CE to form the salient set ST ,

as they consistently encode task-relevant informa-
tion (Jiang et al., 2025).

3.2 Self-Function Vectors as Latent Task
Representations

Given a test prompt P ⋆, we extract the final-token
activations hP⋆

(ℓ,k) from each salient head (ℓ, k) ∈
ST . For each ensemble iteration i, we construct
a function vector v̂(i)T by randomly sampling from
{hP ⋆

(ℓ,k) | (ℓ, k) ∈ ST },

v̂
(i)
T =

∑

(ℓ,k)⊆ST

hP
⋆

(ℓ,k). (7)

We term these self-function vectors, as they encap-
sulate the prompt’s internal representation through
task-relevant attention heads. This allows capturing
prompt-specific uncertainty, rather than the aver-
aged representation of the function vector. This
claim is supported by the experiments in Section 5.

3.3 Self-Function Vectors Intervention

To obtain latent-conditioned predictions, we inject
a self-function vector v̂(i)T into the hidden state at a
designated target layer ℓt during inference, follow-
ing Todd et al. (2024). Let hℓt denote the original
activation at layer ℓt; the intervention modifies it as

h′ℓt = hℓt + v̂
(i)
T . (8)

The modified activation h′ℓt is then passed through
the language model head to produce the predictive
distribution

p(y | x⋆,Dex, v̂
(i)
T ), (9)

as disccused in Jiang et al. (2025). This predictive
distribution can be interpreted as a realization of
p(y | x⋆, ϕ) with ϕ ∼ p(ϕ | Dex). This interpreta-
tion naturally leads to the Bayesian decomposition
of predictive uncertainty.

3.4 Uncertainty Decomposition

We decompose predictive uncertainty using the
standard Bayesian decomposition. Specifically, the
total uncertainty is given by the entropy of the pre-
dictive distribution:

H[p(y | x⋆,Dex)] (10)

= −
∑

y∈Y
p(y | x⋆,Dex) log p(y | x⋆,Dex).
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AU is approximated by the average entropy of pre-
dictions under self-function vector interventions:

Ep(ϕ|Dex)[H(p(y | x⋆, ϕ))]

≈ 1

N

N∑

i=1

H(p(y | x⋆,Dex, v̂
(i)
T )). (11)

In practice, we instantiate Equation (11) with
N = 1, performing a single intervention using
a self-function vector v̂T aggregated from the top
causal-effect heads (top-k ST ). Under this setup,
AU is a deterministic quantity given a model and an
input. We empirically compare this single top-k in-
tervention against ensemble variants that aggregate
multiple interventions in Appendix E.2, and find
that the top-k single intervention already captures
the dominant effect, with ensembling yielding only
marginal differences. Finally, EU is obtained as the
difference between the total and aleatoric terms.

4 Evaluation Protocol

Assessing the quality of uncertainty decomposi-
tion is critical for ensuring the reliability and inter-
pretability of model predictions in ICL. However,
to the best of our knowledge, no evaluation pro-
tocol exists for this purpose. To address this gap,
we begin by analyzing how controlled perturba-
tions to examples and queries affect uncertainty
in a binary classification. These simplified, well-
controlled environments enable the precise attribu-
tion of changes in predictive uncertainty to either
data- or model-induced factors. Building on this
analysis, we propose the first evaluation protocol
specifically designed to assess the fidelity of uncer-
tainty decomposition methods on language tasks.

4.1 Toy Experiments

A principled evaluation of uncertainty decomposi-
tion requires task settings in which the underlying
sources of uncertainty can be manipulated inde-
pendently. Specifically, it should contain scenarios
where AU increases while EU remains constant,
and vice versa.

To identify perturbations that induce these dis-
tinct uncertainty dynamics, we design synthetic
experiments that allow direct control over the data-
generating process. This simplified setting offers
two primary advantages: it mitigates uncontrolled
sources of variation that could affect the uncertain-
ties, and it enables the application of established
decomposition techniques (Jayasekera et al., 2025),

Figure 2: These results show how AU and EU change
under various perturbation types and model sizes in syn-
thetic tasks. Each column corresponds to a specific per-
turbation setting. Within each subplot, the x-axis indi-
cates the degree of perturbation, and the y-axis indicates
model size. Color represents the magnitude of each un-
certainty. As model size increases, the Multiple-Answer
Examples and Label Flip tasks control AU, while the
OOD Query task controls EU.

which are theoretically well-grounded in such sim-
plified settings. The data distributions used in these
experiments are visualized in Figure 5.

Figure 2 shows the results of toy experiments, fo-
cusing on the tasks in which perturbations produced
a clear separation between AU and EU dynamics.

For large models, AU tends to increase as with
more perturbation, whereas EU remains relatively
unchanged for the Label Flip and Multi-answered
Examples tasks as the perturbation degree in-
creases. In contrast, for the OOD Query task, EU
increases with perturbation, whereas AU remains
mostly fixed. This pattern aligns with prior results
in computer vision, where AU is evaluated through
human label disagreement and EU through captur-
ing distributional shift (Mucsányi et al., 2024).

Interestingly, smaller models exhibit changes in
both AU and EU across all tasks. As model size
increases, however, one source of uncertainty tends
to stabilize while the other shows a more consis-
tent increase—indicating improved separation of
uncertainty sources in larger models.

These results demonstrate that the designed per-
turbations can isolate distinct sources of uncer-
tainty. Further implementation details and results,
including task variants where AU and EU cannot
be clearly separated, are provided in Appendix A.

4.2 WordNetMCQ-dataset Construction
From the toy experiments, we identify three tasks
controlling AU—Multiple-Answer Examples and
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Figure 3: Construction of WordNetMCQ1 (single-
answer) and WordNetMCQ2 (multiple-answer) ques-
tion types from WordNet. This design provides the
building blocks to carefully control task situations
within ICL by varying the proportion of each question
type in the demonstration prompts.

Label Flip—and one task controlling EU—OOD
Query. We then generalize these synthetic insights
into tasks instantiated with WordNet (Miller, 1994),
thereby providing a more natural and language-
grounded evaluation.

WordNet provides an ideal foundation, as it
encodes fine-grained lexical semantics through
synsets, hierarchical relations (e.g., hypernymy),
and sense-level distinctions. Building on this,
we construct multiple-choice questions, which we
refer to as WordNetMCQ, following the subjec-
tive question setting (Abbasi-Yadkori et al., 2024).
Specifically, we distinguish between:

• WordNetMCQ1: single-answer multiple-
choice questions, where only one option is
correct among four.

• WordNetMCQ2: multiple-answer multiple-
choice question dataset in which each ques-
tion has two correct answers.

This design allows us to carefully control situations
for each task in ICL, as illustrated in Figure 3.

Multiple-Answer Examples This task uses
WordNetMCQ2 queries, while the examples are
intentionally mixed between WordNetMCQ1 and
WordNetMCQ2 instances. Consequently, if the ex-
amples contain mostly WordNetMCQ1 examples,
the model tends to choose only one answer for a
WordNetMCQ2 query. This shows how the ICL
setup naturally varies the degree of ambiguity.

Label Flip Here, we inject controlled label noise
into the examples by flipping their labels according

to a predefined ratio. As the flip ratio increases, the
supervision becomes more inconsistent, forcing
the model to learn from conflicting signals. This
systematic perturbation directly raises AU, since
the data itself becomes unreliable.

OOD Query To induce EU, we perturb the
queries while preserving their original meaning.
Specifically, we rephrase queries and insert special
characters. By gradually increasing the intensity of
these modifications, we adjust the degree of distri-
butional shift for out-of-distribution inputs.

4.3 Evaluation Metric
The degree of perturbation applied to each task
is represented as an ordered categorical variable,
whereas the resulting uncertainty is measured on
a continuous scale. Assessing the relationship be-
tween these two variables requires a correlation
measure capable of capturing monotonic, and po-
tentially non-linear, dependencies.

The statistical literature offers several such mea-
sures, including Pearson’s correlation coefficient,
Kendall’s tau, and Somers’ d, each exhibiting dif-
ferent sensitivities to distributional characteristics.
Following the comparative framework proposed
by Göktaş and Isci Guneri (2011), we empirically
evaluated these candidate measures. Among them,
Spearman’s rank correlation consistently demon-
strated the most robust and reliable performance
across our experimental conditions.

Based on these findings, we adopt Spearman’s
rank correlation as our primary evaluation metric.
Details on the candidate measures, experimental
design, and results are provided in Appendix B.2.

5 Experiments

We evaluate our method through a series of
uncertainty-controlled experiments and down-
stream benchmarks. The goals of our experiments
are threefold: (i) to verify that our evaluation proto-
col can faithfully separate AU and EU in ICL, (ii)
to demonstrate that the decomposed signals provide
practical benefits in tasks such as hallucination de-
tection, and (iii) to assess the specific contribution
of self-function vectors through ablation analyses.

Experimental Setup We use LLaMA2-7B,
LLaMA2-13B, and LLaMA2-70B (Touvron et al.,
2023), along with Qwen2.5-7B (Qwen et al., 2025)
and Mistral-7B (Jiang et al., 2023), as base mod-
els to assess robustness across both scale and ar-
chitecture. We restrict our method to the top-20
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causal heads and intervene at one-third of the trans-
former’s depth (e.g., the 10th layer for LLaMA2-
7B, the 13th for LLaMA2-13B), following the
layer-subsampling strategy (Todd et al., 2024; Liu
and Deng, 2025). This design avoids unrealistic
full-layer searches. Evaluation primarily relies on
WordNetMCQ, which enables controlled manipula-
tion of uncertainty, with additional experiments on
AG News (Zhang et al., 2016), Emotion (Saravia
et al., 2018), HellaSwag (Zellers et al., 2019), and
GSM8K (Cobbe et al., 2021) to assess applicability
across classification, reasoning, and math domains
(see Appendix D for further details).

Baseline We consider Total entropy, Semantic
Entropy (Kuhn et al., 2023), and UQ_ICL (Ling
et al., 2024) as representative baselines for un-
certainty quantification and decomposition. Se-
mantic Entropy measures uncertainty based on the
entropy of semantically clustered model outputs,
while UQ_ICL decomposes total uncertainty in
in-context learning into AU and EU. We exclude
methods that manipulate queries or vary the num-
ber of examples for estimation, as it is not straight-
forward to make direct comparisons with them. Ex-
tended baseline comparisons including MaxProb
(Hendrycks and Gimpel, 2017) and Lookback Lens
(Chuang et al., 2024), as well as a discussion of
related work (Vazhentsev et al., 2025), are provided
in Appendix F.

5.1 Aleatoric Uncertainty Control
Multiple-Answer Examples Ratio Variation
We vary the ratio of WordNetMCQ1 and Word-
NetMCQ2 examples for WordNetMCQ2 queries.
As shown in Table 1, Self-function vector yields
the highest correlations across LLaMA2-7B, 13B,
and 70B, suggesting that it more clearly reflects the
effect of data ambiguity.

Method LLaMA2-7B LLaMA2-13B LLaMA2-70B
Total Entropy 0.514 0.426 0.208
Semantic Entropy -0.277 -0.248 -0.301
UQ_ICL -0.093 -0.097 -0.380
Function Vector 0.633 0.429 0.257
Self-FV 0.640 0.435 0.292

Table 1: Spearman correlations (↑) between Word-
NetMCQ1/2 ratio variation and uncertainty measures.

Label Noise Ratio Variation We vary the flip
ratio of example labels to control levels of AU.
Results in Table 2 show that Self-function vector
often attains higher correlations compared to other
methods across LLaMA2 (7B/13B/70B) as well

as Qwen2.5-7B and Mistral-7B, indicating that it
captures the effect of label noise in a comparatively
stable manner and that the mechanism general-
izes across modern transformer-based LLMs. This
effect is particularly pronounced at larger model
scales, consistent with the trend observed in Sec-
tion 4.1 that uncertainty control becomes more evi-
dent as model capacity increases.

Model Method WNMCQ1 HellaSwag GSM8K AG News Emotion

LLaMA2-7B

Total Entropy 0.177 0.061 0.143 0.739 0.242
Semantic Entropy 0.160 0.028 0.234 0.101 0.073
UQ_ICL 0.172 0.028 0.111 0.166 0.113
Function Vector 0.164 0.057 0.026 0.668 0.207
Self-FV 0.167 0.064 -0.023 0.746 0.238

LLaMA2-13B

Total Entropy 0.385 0.175 0.356 0.730 0.369
Semantic Entropy 0.364 0.105 0.015 0.323 0.159
UQ_ICL 0.422 0.200 0.161 0.443 0.211
Function Vector 0.316 0.123 0.360 0.586 0.364
Self-FV 0.424 0.183 0.368 0.741 0.358

LLaMA2-70B

Total Entropy 0.734 0.491 0.389 0.767 0.387
Semantic Entropy 0.712 0.340 0.137 0.554 0.316
UQ_ICL 0.734 0.430 0.305 0.807 0.367
Function Vector 0.628 0.406 0.355 0.751 0.366
Self-FV 0.798 0.566 0.476 0.731 0.416

Qwen2.5-7B

Total Entropy 0.737 0.580 0.499 0.705 0.517
Semantic Entropy 0.605 0.145 0.085 0.262 0.298
UQ_ICL 0.690 0.456 0.023 0.306 0.181
Function Vector 0.742 0.573 0.527 0.703 0.500
Self-FV 0.751 0.574 0.542 0.714 0.487

Mistral-7B

Total Entropy 0.546 0.172 0.392 0.659 0.318
Semantic Entropy 0.557 -0.094 0.094 0.539 0.191
UQ_ICL 0.457 0.018 0.104 0.212 0.027
Function Vector 0.533 0.170 0.418 0.653 0.314
Self-FV 0.657 0.173 0.436 0.645 0.311

Table 2: Spearman correlations (↑) between label noise
ratio variation and uncertainty.

Together, these results show that mechanistic
approaches exhibit stronger and more consistent
correlations than alternative approaches, indicating
that it more reliably reflects controlled sources of
ambiguity.

5.2 Epistemic Uncertainty Control

OOD Query Variation This setup targets EU by
moving queries progressively out of distribution.
As shown in Table 3, Function vector and Self-
function vector show lower correlation with OOD
variation compared to other entropy-based base-
lines across LLaMA2 (7B/13B/70B), Qwen2.5-7B,
and Mistral-7B, indicating that they better isolate
EU.

Method LLaMA2-7B LLaMA2-13B LLaMA2-70B Qwen2.5-7B Mistral-7B
Total Entropy 0.213 0.115 0.081 0.295 -0.039
Semantic Entropy 0.288 0.204 0.108 0.089 0.557
UQ_ICL 0.310 0.233 0.084 0.110 0.457
Function Vector 0.184 0.089 0.063 0.294 -0.0213
Self-FV 0.148 0.076 0.026 0.289 -0.0212

Table 3: Spearman correlations under OOD query varia-
tion, evaluated using WNMCQ1. Correlations closer to
zero (|ρ|↓) indicate better isolation of EU; bold marks
the smallest magnitude per column.
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Figure 4: Overall figure caption describing all three subplots. (a) This illustrates the distribution of cosine similarity
between the self-function vectors and function vectors, separated by task correctness. Clear distinction between
two distribution supports self-function vectors better reflect P ⋆-specific internal task representation than function
vectors. (b) This highlights the top 20 causal heads by their importance score. The x-axis indicates the number
of examples used for CIE. The model identifies consistent causal heads across varying numbers of examples. (c)
This shows cosine similarity between function vectors derived from various numbers of examples. The similarity of
adjacent numbers converges to 1, indicating the consistent formation of the concept.

5.3 Hallucination Detection

We also test on hallucination detection, a common
downstream benchmark in uncertainty quantifica-
tion. As shown in Table 4, mechanistic approaches
generally outperform entropy-based baselines and
remain competitive with or better than MaxProb;
Lookback Lens, which relies on attention maps
derived from the generation process, is less com-
patible with our single-token setting and underper-
forms accordingly. Self-function vector performs
comparably or better across several datasets, in-
dicating practical benefits in trustworthy-related
applications, with hyperparameters selected via a
grid search (details in Appendix D). PRR results

Model Method WNMCQ1 Hellaswag GSM8K AG News Emotion

LLaMA2-7B

Total Entropy 0.872 0.608 0.554 0.843 0.646
Semantic Entropy 0.859 0.578 0.626 0.532 0.538
UQ_ICL 0.884 0.575 0.657 0.805 0.681
Function Vector 0.8989 0.624 0.719 0.850 0.651
Self-FV 0.8993 0.619 0.749 0.845 0.647

LLaMA2-13B

Total Entropy 0.873 0.673 0.590 0.832 0.666
Semantic Entropy 0.904 0.665 0.600 0.598 0.489
UQ_ICL 0.912 0.685 0.616 0.852 0.680
Function Vector 0.899 0.696 0.627 0.848 0.676
Self-FV 0.889 0.685 0.638 0.845 0.668

Table 4: AUROC (↑) on diverse text classification
datasets. Mechanistic methods generally outperform
entropy-based baselines.

(Fadeeva et al., 2025) are provided in Appendix G
and show a consistent trend. In summary, Self-
function vector better reflects controlled AU/EU
variations and performs competitively on conven-
tional uncertainty quantification tasks, indicating
that a mechanistic perspective offers a promising
path for more reliable and interpretable ICL behav-
ior.

5.4 Ablation Study

To validate our approach of AU measurement, we
conduct a series of ablation studies, each targeting
a component of the method.

Self-function vectors effectively capture prompt-
specific concept representations We investigate
whether self-function vectors more effectively cap-
ture the model’s internal representation of the target
prompt P ⋆, compared to function vectors which
encode an average representation across prompts.

To test this, we separate prompts that the model
generates the correct output with a clear concept
from those it does not. We then compare the co-
sine similarity between self-function vectors and
function vectors across these two groups.

As shown in Figure 4a, for the clear prompts that
the model predicts the correct answer, cosine simi-
larity is high, that is, the self-function aligns closely
with the function vector. In contrast, the prompts
that the model couldn’t process the task show low
cosine similarity, indicating the self-function vector
diverges significantly from the function vector.

This trend is consistent across datasets, support-
ing that self-function vectors reflect the model’s
internal task representation specific to P ⋆. The
other experiments are reported in Appendix E.1.

Further exploration We support that causal
heads and corresponding function vectors indeed
capture the internal representation of ICL through
two experiments: Causal heads and function vec-
tors under varying numbers of examples.

First, we observe a set of important heads that
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consistently emerge across different shot settings.
This stable selection implies the existence of cer-
tain heads that are crucial for the ICL task itself,
rather than being specific to a particular ICL con-
figuration, as shown in Figure 4b. Detailed results
are provided in Appendix E.3.

Second, the cosine similarity between the func-
tion vectors derived from prompts with adjacent
numbers of in-context examples approaches 1 as
the number of examples increases, as shown in
Figure 4c. This convergence implies that func-
tion vectors indeed form a consistent conceptual
understanding of the task. Additional results are
presented in Appendix E.4.

6 Conclusion

This work addresses the critical challenge of de-
composing predictive uncertainty in ICL into its
aleatoric and epistemic components. We introduce
a novel methodology grounded in Bayesian views
and mechanistic interpretability to directly quantify
AU from the model’s internal representations. Fur-
thermore, we establish the first rigorous evaluation
protocol specifically designed for uncertainty de-
composition in ICL. Our experiments demonstrate
not only a robust capacity to disentangle these two
uncertainty sources, the also the practical utility in
hallucination detection. Ultimately, this research
suggests a new direction that bridges mechanistic
understanding with uncertainty estimation.

Limitations

While this work seeks to bridge uncertainty quan-
tification and mechanistic interpretability, several
limitations remain.

First, our use of function vectors as an approx-
imation of posterior sampling over latent tasks is
indirect and interpretive. The extent to which they
capture true posterior structure remains uncertain,
and warrants deeper theoretical analysis.

Second, key hyperparameters, such as the in-
tervention layer and the number of causal heads,
require per-model tuning, which limits generaliza-
tion across architectures.

We view these limitations as opportunities for fu-
ture work, particularly in expanding task coverage,
strengthening empirical validation, and refining the
theoretical link between internal representations
and Bayesian inference.
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A Synthetic Data Experiments

Here, we present a detailed description of the con-
struction of the synthetic data in Section 4.1. We
also report the corresponding results, which were
omitted from the main paper due to space limita-
tions.

A.1 Construction of Synthetic Data

We build binary classification ICL tasks on the
Two Moons dataset. Following the synthetic ICL
of Jayasekera et al. (2025), numerical values are
rendered as string format for use in ICL prompts.

We construct binary classification tasks using
the Two Moons dataset, where sampled examples
are converted into string representations for ICL.
make_moons in scikit-learn generates ICL exam-

ples

• (cos(x), sin(x)) for class 0,

• (1− cos(x), 0, 5− sin(x)) for class 1,

with noise parameter which we set as 0.1. Unless
otherwise stated, we draw 30 examples.

To examine the behavior of AU and EU, we
perturb both examples and queries under five fam-
ilies of tasks—Multiple-answer examples, Label
flip, Ambiguous query, Example number and OOD
query. The implementation of each task is summa-
rized in Table 5 and Figure 5.

Multiple-answer Examples From the class pos-
teriors evaluated at each example location, we com-
pute the probability margin between the classes.
We then relabel the bottom–k% of examples by
this margin as multi-label, which we denoted as
2. We vary the ratio of multi–labeled examples to
single–labeled from 0% to 100% (default). Queries
are selected near the decision boundary to simu-
late the ambiguity that arises when, given single-
labeled context, the model must choose one answer
from two valid options.

Label Flip A fraction of example labels is flipped
uniformly at random. The flip ratio is swept from
0% (default) to 50%; ratios above 50% are sym-
metric and thus omitted.

Ambiguous Query To move queries toward the
class boundary, we contract their radius with a non-
negative degree parameter d:

•
(
cosx
1+d ,

sinx
1+d/3

)
,

•
(
1− cosx

1+d , 0.5− sinx
1+d/3

)
.

We sweep d from 0 to 100.

Example Number We vary the number of exam-
ples from 0 to 50.

OOD Query To place queries Out-Of-
Distribution (OOD), we translate small grids away
from the moons:

• {(0 + i, 1 + j + 0.2× degree) : i, j ∈ {0, 0.2}},

• {(1 + i,−0.6 + j − 0.2× degree) : i, j ∈ {0, 0.2}}.

We sweep d from 0 to 11.
Among these, we retain only tasks in which ei-

ther AU or EU consistently increase while the other
remains stable, thereby composing the WordNet
evaluation protocol.

A.2 Benchmark Validation Results

We apply the uncertainty decomposition method
proposed by Jayasekera et al. (2025) to the
Qwen2.5 models (Qwen et al., 2025), spanning
from 0.5B to 32B parameters. Figure 6 illustrates
the behaviors of AU and EU across different model
scales under various perturbation settings.

Across all tasks, we observe distinct AU and EU
fluctuations depending on model size. We claim
that effective control of AU and EU requires a
model sufficiently large to perform ICL reliably.

For larger models (typically above 7B parame-
ters), the Multi-Answered Examples task exhibits
an increase in AU, while EU fluctuates without a
clear trend. The observed drop in AU at the 100%
ratio setting likely results from a reduced number
of valid answer candidates, as this configuration
excludes multi-labeled examples.

Similarly, in the Label Flip task, AU consistently
increases with only minor EU fluctuations. Conse-
quently, we adopt the Multi-Answered Examples
and Label Flip tasks as benchmark settings for AU
control.

In contrast, the Ambiguous Query task demon-
strates simultaneous increases in both AU and EU,
while the Example Number task shows decreases in
both measures. Therefore, we exclude these tasks
from the evaluation protocol.

Finally, the Out-of-Distribution (OOD) Query
task yields stable EU and increasing AU as model
size grows, making it a suitable protocol for EU
control.
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Tasks Control
Multiple-answer examples For examples with similar class-probability logits, map their labels to 2.
Label flip Randomly flip example labels.
Ambiguous query Move the query closer to the decision boundary of the Two Moons

dataset.
Example number Change the number of in-context examples.
OOD query Move the query further from the decision boundary of the Two Moons

dataset.

Table 5: Task Implementation on Synthetic Data

(a) default (b) multiple-answer examples (c) label flip

(d) ambiguous query (e) example number (f) OOD query

Figure 5: Visualization of synthetic data for each task

B Evalution Metric Comparison

In this section, we investigate several candidate
metrics to identify the most appropriate one for our
task.

B.1 Candidate Metrics
We first provide a brief description of each metric
under consideration, outlining their key character-
istics and differences.

Pearson’s correlation. Pearson’s correlation
quantifies the linear association between two con-
tinuous variables. It is defined as the standardized
covariance and ranges from −1 to +1, with ex-
tremal values indicating perfect positive or nega-
tive linear dependence. Under joint normality, it
fully characterizes dependence, making uncorrelat-
edness equivalent to independence.

Spearman’s rank-correlation. Spearman’s cor-
relation is a nonparametric measure of monotonic

association. It is obtained by replacing observed
values with ranks and then computing the Pearson
correlation on these ranks. By focusing on order
rather than magnitude, it is robust to non-normality,
nonlinear transformations, and outliers.

Goodman-Kruskal’s gamma. Gamma is a mea-
sure of monotonic association between two ordinal
variables. It is defined as the difference between
concordant and discordant pairs, normalized by
their sum. Because ties are excluded, gamma is
most suitable when relative ordering is of primary
interest rather than their absolute differences.

Kendall’s Tau-b. Tau-b also measures ordinal as-
sociation but explicitly corrects for ties, providing
a more balanced statistic when tied observations
are common.

Kendall’s Tau-c. While conceptually similar to
Kendall’s tau-b, Tau-c introduces an adjustment
for table dimensionality, ensuring values remain
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(a) multi-answered examples

(b) label flip

(c) ambiguous query

(d) example number

(e) OOD query

Figure 6: AU / EU change under each perturbation.
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between −1 and +1 even when the two variables
have different category counts.

Somers’ d. Somers’ d is an asymmetric exten-
sion of Kendall’s tau, treating one variable as inde-
pendent and the other as dependent, and correcting
only for ties on the independent variable.

B.2 Experiment Details of Section 4.3
We present a toy example in which we empirically
compare the performance of these metrics. Based
on this analysis, we determine the most suitable
metric to employ in our evaluation.

Recall that each task has a uniform number of
data across its ordinal level, while measured uncer-
tainty is on the real line. To find the most suitable
metric that captures the correlation between levels
and uncertainties, we first generated two random
variables with correlation ρ as follows:

• X =
√
1+ρ+

√
1−ρ

2 X1 +
√
1+ρ−√

1−ρ
2 X2,

• X =
√
1−ρ+

√
1−ρ

2 X1 +
√
1+ρ+

√
1−ρ

2 X2,

where X1 and X2 are sampled from a normal distri-
bution. The variable X is discretized into ordered
categories with approximately uniform frequencies
via quantile-based binning, while Y remains con-
tinuous and is transformed by monotonic functions
such as exponential, arctan, cubic, and cubic-root
to induce nonlinear dependence.

This procedure yielded a non-symmetric contin-
gency structure, reflecting an ordered categorical
independent variable and a continuous dependent
variable with a non-linear dependence. We then
measure every candidate metrics for various ρ. The
result is in Figure 7. We observe that Spearman’s
rank correlation most faithfully captures the under-
lying correlation with the lowest variance, and is
therefore adopted as the evaluation metric for our
benchmark.

C Prompt Examples

In Section 5.2, we manipulated the OOD (Out-
of-Distribution) levels of the query. Below, we
present examples of the prompts used at each OOD
level. As the OOD level increases, the query text
becomes progressively noisier, while the core se-
mantic meaning remains the same.

• Level 0 Example (Original)

Question: Which of the following is/are

Figure 7: Metric evaluation

types of debris?
Choices:
A. leg of lamb
B. sexton
C. shopper
D. slack
Answer: D

• Level 1 Example

Question: Among the options, which one(s)
classify as types of debris?
Choices:
A. leg of lamb
B. sexton
C. shopper
D. slack
Answer: D

• Level 2 Example

Answer: D

Answer: Question: Among the options,
which !one(s) classify as
types of de@bris?
Choices:
A. leg of lamb
B. sexton
C. shopper
D. slack
Answer: D

• Level 3 Example
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Question: Among the options, which
$one(s) classify as types#
of de!br$is?
Choices:
A. leg of lamb
B. sexton
C. shopper
D. slack
Answer: D

D Experiment Details

Baseline We consider Total Entropy, Semantic
Entropy (Kuhn et al., 2023), and UQ_ICL (Ling
et al., 2024) as representative baselines for uncer-
tainty quantification and decomposition. Total En-
tropy measures predictive uncertainty directly from
the token-level probability distribution. Semantic
Entropy computes entropy over semantically clus-
tered generations, thereby discounting superficial
lexical variation. UQ_ICL decomposes total un-
certainty in in-context learning into aleatoric and
epistemic components, attributing the former to in-
herent data ambiguity and the latter to variability
arising from model parameters or prompt configu-
rations.

In addition, Wang and Holmes (2025) recently
introduced a principled framework for subjective
uncertainty quantification and calibration in nat-
ural language generation, including discussions
relevant to in-context learning, while we respect-
fully acknowledge the contribution of Jayasekera
et al. (2025), who proposed a variational method
for decomposing uncertainty in in-context learn-
ing. However, these approaches are excluded from
our direct comparisons, as they typically require
external APIs or well instruction-tuned models to
generate auxiliary data, or rely on explicitly vary-
ing the number of in-context examples.

Data We use datasets from HuggingFace
Datasets (Lhoest et al., 2021): AGNews (Zhang
et al., 2016), Emotion (Saravia et al., 2018), Hel-
laSwag (Zellers et al., 2019), and GSM8K (Cobbe
et al., 2021), where AGNews and Emotion are
evaluated in the standard ICL setting with open-
ended responses (Liu and Deng, 2025; Ling et al.,
2024), and HellaSwag and GSM8K are formatted
as multiple-choice questions (Ye et al., 2024), con-
sistent with our WNMCQ1 setup. For datasets with
pre-defined train/test splits, we use them directly;
otherwise, we randomly split into train/test with an

8:2 ratio. The validation set used for causal effect
estimation is drawn from 10% of the training data.
The number of in-context examples is fixed to 10,
both for causal effect estimation and for inference.
In aleatoric uncertainty control experiments, the
proportion of WordNetMCQ1 examples is varied
over {0, 30, 60, 90, 100}%, and the label-flipping
ratio for noise injection follows the same schedule.

Hyperparameters By default (all tasks except
hallucination detection), we intervene at one-third
of the transformer: layer 10 for LLaMA2-7B
and layer 13 for LLaMA2-13B, using the top-20
causal heads. For hallucination detection, we se-
lect hyperparameters via a small grid search with
interv_layer ∈ {7, 8, 9, 10, 11, 12, 13, 14, 15}
and num_top_heads ∈ {8, 10, 12, 14, 16, 18, 20},
reporting the best validation configuration.

E Additional Ablation Results

Here, we provide experiment settings and results
on every dataset that are omitted in Section 5.4.

E.1 Self-function vectors effectively capture
prompt-specific concept representations

Here, we present results on every dataset that are
omitted in the main section.

We analyzed the relationship between the num-
ber of examples in the prompt [0, 1, · · · , 10] and
the similarity between the task-specific head’s self-
function vector and the original task’s function vec-
tor. For each prompt configuration, we visualized
the cosine similarity distributions using histograms
and kernel density estimation (KDE), conditioned
on whether the model’s prediction (with or with-
out self-function vector intervention) was correct
or incorrect. The results indicate that, for the AG
News and Emotion datasets, incorrect samples tend
to exhibit lower cosine similarity between the self-
function vector and the original task function vector.
In contrast, datasets such as WNMCQ1, Hellaswag,
and GSM8K—which adopt a multiple-choice ques-
tion format—showed more consistent similarity
distributions, likely because their conceptual repre-
sentations remain stable across examples.

E.2 Single Top-k Intervention vs. Ensemble
Variants

We compare our top-k single intervention against
ensemble-style variants that aggregate AU esti-
mates over N randomly sampled interventions
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Figure 8: Cosine similarity distributions between
self-function vectors and original task function vec-
tors across different numbers of in-context examples
[0, 1, · · · , 10]. Incorrect samples in AG News and
Emotion exhibit lower similarity, while multiple-choice
datasets (WNMCQ1, Hellaswag, GSM8K) show more
stable distributions across prompt configurations.

from ST , in order to empirically justify the N = 1
design choice described in Section 3.4.

Concretely, for each prompt we compute
the AU estimate using the top-k self-function
vector (our default) and compare it against
the mean AU estimate obtained from N ∈
{1, 3, 5, 10, 20, 30, 40, 50} randomly sampled in-
terventions. We report the mean absolute differ-
ence, its 95% confidence interval, and relative vari-
ance across prompts on WNMCQ1 with LLaMA2-
7B.

N Mean Diff 95% CI Variance Rel. Variance
1 0.0420 [0.0257, 0.0583] 0.00223 0.00156
3 0.0331 [0.0183, 0.0478] 0.00148 0.00100
5 0.0310 [0.0178, 0.0443] 0.00127 0.00085
10 0.0272 [0.0152, 0.0393] 0.00100 0.00067
20 0.0260 [0.0145, 0.0375] 0.00091 0.00061
30 0.0244 [0.0141, 0.0348] 0.00079 0.00053
40 0.0240 [0.0141, 0.0340] 0.00075 0.00050
50 0.0244 [0.0145, 0.0343] 0.00077 0.00051

Table 6: Mean absolute difference between the top-k
single intervention AU estimate and a random ensemble
of N members (average AU = 1.302). Differences
decrease rapidly and plateau after N ≈ 10, remaining
below 2.1% of the average AU.

As shown in Table 6, the mean absolute differ-
ence between the top-k estimate and the ensemble
converges quickly: it drops from 0.042 at N = 1 to
roughly 0.024 by N = 10 and remains stable there-
after. Relative to the average AU of 1.302, the gap
at N = 1 is approximately 3.2%, and converges
to ∼1.8% as N → 50. These marginal differences
confirm that the top-k single intervention already
captures the dominant effect, with additional en-
sembling providing limited practical gain relative
to the added computational cost.

E.3 Impact of the number of shots on causal
head selection

In exploring the identification of causal heads, we
varied the number of examples in the prompt to
examine how robustly task-specific heads can be
discovered and how effectively their activations can
be leveraged. Specifically, we varied the number of
examples from 4 to 10 and identified causal heads
for each task. Our analysis revealed that, regardless
of the configuration, there consistently exist task-
specific heads that play a crucial role, which further
supports the effectiveness of our proposed method.
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Figure 9: Consistent task-specific causal heads across different shot configurations, suggesting their activations can
be effectively leveraged.
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Figure 10: Cosine similarity between function vectors
across tasks as the number of in-context examples in-
creases from 4 to 10.

E.4 Function vector converges as number of
shots increases

Here, we provide experiment settings and results on
every dataset that are omitted in the main section.

To further investigate the stability of function
vectors derived under different numbers of in-
context examples, we analyzed their behavior in
the causal head selection setting described in Sec-
tion Appendix E.3. For each given task T, we
obtained multiple function vectors that represent
the task semantics under varying prompt config-
urations. Specifically, we used the LLaMA-2-7B
model and identified causal heads for each task
while varying the number of in-context examples
from 4 to 10.

We then compared the resulting function vectors

across adjacent configurations (e.g., between 4 and
5 examples, 5 and 6 examples, etc.) by computing
their cosine similarities. We observed that, as the
number of examples increases, the cosine similarity
between function vectors derived from neighbor-
ing configurations approaches 1, indicating that the
function representation of the task converges to a
stable direction in representation space. This sug-
gests that, once sufficient contextual information
is provided, the model forms a consistent and ro-
bust conceptual understanding of the given task,
rather than being sensitive to minor variations in
the number of examples.

F Additional Baselines and Related Work

F.1 Related Work: RAUQ

Vazhentsev et al. (2025) propose RAUQ, an unsu-
pervised UQ method that leverages attention-head
signals within transformer layers to estimate predic-
tion confidence in standard text generation. While
RAUQ shares the broad motivation of grounding
uncertainty in internal model components, it targets
total UQ in text generation rather than aleatoric–
epistemic decomposition in ICL, making it com-
plementary to rather than directly comparable with
our work.

F.2 MaxProb and Lookback Lens

We extend the baseline comparison to two addi-
tional methods: MaxProb (Hendrycks and Gimpel,
2017), a canonical confidence baseline using the
maximum softmax probability, and Lookback Lens
(Chuang et al., 2024), a recent attention-based hal-
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Model Method WNMCQ1 Hellaswag GSM8K AG News Emotion

LLaMA2-7B
MaxProb 0.875 0.624 0.605 0.837 0.666
Lookback Lens 0.572 0.530 0.190 0.572 0.562

Table 8: AUROC (↑) for MaxProb and Lookback Lens
on hallucination detection (LLaMA2-7B), complement-
ing Table 4. MaxProb is competitive; Lookback Lens
underperforms due to incompatibility with single-token
generation.

lucination detection method.

Uncertainty Decomposition Protocol Table 7
reports Spearman correlations of MaxProb and
Lookback Lens under our AU- and EU-control set-
tings on LLaMA2-7B. Both methods yield small
or inconsistent correlations across the AU-control
settings and noticeably larger OOD correlations
than Self-FV, reflecting that they are designed for
overall confidence estimation rather than disentan-
gling AU from EU. These results further motivate
specialized decomposition methods for ICL.

Model Method Multi-Ans. WNMCQ1 HellaSwag GSM8K AG News Emotion OOD

LLaMA2-7B
MaxProb 0.249 0.167 0.022 0.220 0.145 0.097 0.153
Lookback Lens -0.970 0.0006 0.0001 0.322 0.188 -0.035 0.406

Table 7: MaxProb and Lookback Lens on the AU-
(Multi-Ans., WNMCQ1, HellaSwag, GSM8K, AG
News, Emotion) and EU- (OOD) control evaluation pro-
tocol for LLaMA2-7B, complementing the main-text
results in Tables 1 to 3. AU columns (↑); OOD (|ρ|↓).

Hallucination Detection Table 8 reports AU-
ROC for MaxProb and Lookback Lens on
LLaMA2-7B, complementing the main hallucina-
tion detection results in Table 4. MaxProb is a com-
petitive baseline, while Lookback Lens—which re-
lies on attention maps derived from the generation
process—is less compatible with our single-token
classification setting and underperforms accord-
ingly.

G PRR Results for Hallucination
Detection

Table 9 reports Prediction-Rejection Ratio (PRR)
(Fadeeva et al., 2025) for the hallucination detec-
tion benchmarks in Section 5, complementing the
AUROC results in Table 4. PRR measures the
quality of an uncertainty method on the selective
generation task: a higher PRR indicates that re-
jecting predictions with high uncertainty more re-
liably removes incorrect answers. Mechanistic ap-
proaches are generally competitive with or outper-
form entropy-based baselines across datasets, fur-
ther supporting the practical utility of self-function

vectors for trustworthy generation.

Model Method WNMCQ1 Hellaswag GSM8K AG News Emotion

LLaMA2-7B

Total Entropy 0.828 0.242 0.107 0.776 0.364
Semantic Entropy 0.815 0.191 0.277 0.548 0.283
UQ_ICL 0.585 0.096 0.159 0.556 0.356
Function Vector 0.865 0.291 0.518 0.785 0.374
Self-FV 0.866 0.273 0.571 0.779 0.368

LLaMA2-13B

Total Entropy 0.841 0.430 0.179 0.758 0.386
Semantic Entropy 0.859 0.394 0.293 0.536 0.364
UQ_ICL 0.730 0.229 0.337 0.802 0.036
Function Vector 0.875 0.469 0.261 0.783 0.410
Self-FV 0.862 0.458 0.270 0.777 0.394

Table 9: PRR (↑) on diverse text classification datasets
following the LM-Polygraph benchmark (Fadeeva et al.,
2025). Mechanistic approaches are generally competi-
tive with or outperform entropy-based baselines.
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