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Abstract

Recent work has shown that the hidden states
of large language models contain signals use-
ful for uncertainty estimation, motivating a
growing interest in efficient probe-based ap-
proaches. Yet it remains unclear how robust
existing methods are, with prior work report-
ing conflicting conclusions under substantially
different evaluation settings. We address this
by introducing ProbeDrift, a systematic eval-
uation framework for supervised uncertainty
probes covering a wide range of OOD settings
across models, tasks, and distributional shifts.
Using ProbeDrift, we train over 2,000 probes
to disentangle the effect of key design choices,
showing poor robustness of current methods
beyond near-OOD settings. We find that robust-
ness is driven by design decisions that have a
largely invisible effect in-distribution, includ-
ing the choice of feature type, aggregation strat-
egy, and training signal. We argue that robust
uncertainty estimation requires robust evalua-
tion. To support this, we release ProbeDrift as
a lightweight Python library that contains the
train and test splits underpinning our extensive
evaluation.1 We also show how insights from
our evaluation can directly lead to more robust
methods through a simple Hybrid Back-Off
(HBO) strategy.

1 Introduction

Supervised Uncertainty Quantification (UQ) meth-
ods train probes to predict the reliability of model
outputs from internal features such as hidden states
or attention (Azaria and Mitchell, 2023; Orgad
et al., 2025; He et al., 2024; Obeso et al., 2025).
These UQ methods achieve strong in-distribution
performance, providing evidence that model inter-
nals contain signals related to correctness and un-
certainty. However, there is mixed evidence about
the robustness of these probes, with some work

1https://github.com/joestacey/ProbeDrift

Figure 1: Uncertainty Quantification methods quickly
lose robustness outside of their training distribution,
and these failures are often not visible in existing OOD
evaluation. We show that robustness is possible in a near-
OOD setting with the right probe configuration. Results
are from Table 1 for Llama-3.1-8B, with negative PRR
scores floored at 0 for visualisation.

reporting strong out-of-distribution (OOD) perfor-
mance (Shelmanov et al., 2025; Obeso et al., 2025;
Vazhentsev et al., 2025b) while other work finds
poor robustness (Levinstein and Herrmann, 2024;
Orgad et al., 2025). Since probing methods differ in
their features, architecture, and aggregation strate-
gies, existing OOD findings often do not generalise
beyond the specific methods being tested. Differ-
ent experimental setups, baselines, and definitions
of distributional shifts make comparisons between
prior works even more challenging. It is therefore
unclear whether strong robustness claims reflect
genuine improvements or differences in evaluation.

In this work we introduce ProbeDrift, a system-
atic evaluation framework for measuring the robust-
ness of supervised UQ probes across progressively
stronger distributional shifts. ProbeDrift enables
consistent comparisons across probe designs, tasks,
models, and OOD settings, addressing the frag-
mented evaluation used in prior work. Using this
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framework, we train and evaluate over 2,000 probes
while varying key design dimensions including rep-
resentation layer, feature type, training signal, and
token aggregation strategy.

Our evaluation reveals that probes can generalise
under limited distributional shifts, but this generali-
sation quickly degrades for larger shifts. We find
that probes trained on middle-layer hidden states
generalise better than those from the final layer,
and aggregating information across response to-
kens is better than relying on single-token features.
We also find that the choice of correctness func-
tion used during training can substantially affect
robustness, particularly for long-form generations.
These design choices often have a minimal impact
in-distribution, and remain hidden without system-
atic OOD evaluation.

Ultimately, we argue that robust uncertainty
quantification requires robust evaluation. Insuf-
ficient evaluation can mask generalisation failures
and obscure probe design choices which become
critical under larger distributional shifts. In sup-
port of this, we provide ProbeDrift as a lightweight
Python library to make our extensive evaluation
easy to reproduce. We further show how insights
from comprehensive evaluation can directly guide
the design of more robust methods through a simple
Hybrid Back-Off (HBO) strategy which substan-
tially improves robustness.

To summarise our contributions:

1. We introduce ProbeDrift, a systematic eval-
uation framework for assessing the robust-
ness of supervised UQ probes across progres-
sively stronger distributional shifts. Using
ProbeDrift, we comprehensively evaluate ex-
isting supervised UQ methods, releasing this
as a lightweight Python library to support fu-
ture work.

2. We disentangle key design factors, including
the choice of architecture, feature, correctness
function and token aggregation strategy, find-
ing choices with little effect in-distribution
can substantially impact robustness.

3. We show that robustness conclusions for su-
pervised UQ probes depend strongly on the
evaluation setting, highlighting the need for
systematic robustness evaluation across pro-
gressively stronger distributional shifts.

4. We introduce Hybrid Back-Off (HBO) as an
illustrative example to demonstrate how in-
sights from ProbeDrift can directly guide the

development of more robust methods.2

2 Background

There is mixed evidence about the robustness of
uncertainty quantification probes. Several recent
methods report strong generalisation across tasks
and datasets (Shelmanov et al., 2025; Obeso et al.,
2025; Vazhentsev et al., 2025b), while other work
observes OOD failures (CH-Wang et al., 2024;
Levinstein and Herrmann, 2024; Orgad et al., 2025).
For instance, Levinstein and Herrmann (2024) find
that probes do not generalise to texts containing
negations, while Orgad et al. (2025) find that probes
rarely outperform unsupervised baselines when
testing performance OOD. CH-Wang et al. (2024)
report similar findings, showing that an ensemble
of probes with linear classification heads do not
always generalise well. However, these findings
are specific to the probe configurations studied, for
example the transformer probe architecture used in
Shelmanov et al. (2025), the density-based features
used in Vazhentsev et al. (2025b), or the single-
token aggregation used in Levinstein and Herrmann
(2024). It therefore remains difficult to draw gen-
eral conclusions about the robustness of supervised
UQ probes.

UQ probing methods rely on a variety of features
encompassing hidden states (Orgad et al., 2025;
Huang et al., 2025; He et al., 2024; Kossen et al.,
2024; Azaria and Mitchell, 2023) and attention-
based features (Shelmanov et al., 2025; Ni et al.,
2026; Chuang et al., 2024). Probe architectures
vary from linear probes (Chuang et al., 2024)
and multi-layer perceptrons (Azaria and Mitchell,
2023) to transformers (Shelmanov et al., 2025),
while token aggregation strategies include last-
token aggregation (Azaria and Mitchell, 2023;
Kossen et al., 2024) and mean pooling over re-
sponse tokens (Shelmanov et al., 2025; Vazhentsev
et al., 2025b). ProbeDrift enables these design
dimensions to be evaluated systematically under
consistent OOD settings.

OOD evaluation varies widely between differ-
ent works. This can involve training on a range of
datasets with another dataset kept as a hold-out for
evaluation (Vazhentsev et al., 2025b; Azaria and
Mitchell, 2023), testing on synthetic data generated
for different domains (Shelmanov et al., 2025), or
training with a single dataset and evaluating on the
same or different tasks (Orgad et al., 2025). As

2https://github.com/joestacey/RobustUQProbes
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each unique OOD setting measures different levels
of distributional shift, these inconsistencies make
it challenging to compare conflicting claims about
robustness. ProbeDrift addresses this by providing
a systematic robustness evaluation framework span-
ning progressively stronger distributional shifts, en-
abling more reliable and reproducible comparisons
across methods and evaluation settings.

Complementary concurrent work analyses layer-
wise input-output behaviour in gated MLP neu-
rons, including effects on model internal confi-
dence (Gerstner and Schuetze, 2026). In contrast,
we focus on the OOD robustness of supervised UQ
probes.

3 ProbeDrift: Evaluating Probe
Robustness Under Distribution Shift

In this section we introduce the ProbeDrift evalua-
tion framework for measuring the robustness of UQ
probes across progressively stronger distributional
shifts. Using ProbeDrift, we evaluate existing meth-
ods across a range of datasets and OOD settings,
identifying where robustness holds and where it
breaks down.

3.1 Experimental Setup

ProbeDrift evaluates UQ methods across five set-
tings of increasing difficulty. For each evalua-
tion dataset, we test probes after training on: 1)
the corresponding in-distribution training data, 2)
leave-one-out evaluation across a range of datasets
from both the same task and a different task, 3) a
single same-task dataset, 4) a range of different-
task datasets, and 5) a single different-task dataset.
Training data size is held constant across experi-
ments, while the training data becomes progres-
sively more OOD relative to the test data.

Datasets for Training and Evaluation. For eval-
uation, we consider four different question answer-
ing (QA) datasets, and two summarisation datasets.
The QA datasets include both long-form and short-
form answers. For QA we use SciQ (Welbl et al.,
2017), TriviaQA (Joshi et al., 2017), and COQA
(Reddy et al., 2019), which contain shorter-form
answers, alongside PubmedQA (Jin et al., 2019),
which contains substantially longer generations.
For summarisation we use XSum (Narayan et al.,
2018) and CNN/DailyMail (Hermann et al., 2015;
Nallapati et al., 2016), which also involve longer-
form generations. We additionally use SamSum
(Gliwa et al., 2019), TruthfulQA (Lin et al., 2022),

MMLU (Hendrycks et al., 2021) and MedQUAD
(Abacha and Demner-Fushman, 2019) as addi-
tional training datasets for our leave-one-out ex-
perimentation. The leave-one-out evaluation in
ProbeDrift mirrors the out-of-distribution evalua-
tion performed by Vazhentsev et al. (2025b), which
we extend to cover a wide variety of OOD settings.
See Appendix Q for further details.

Baselines. We evaluate a representative set of
probing-based UQ methods spanning hidden-
state probes (SAPLMA (Azaria and Mitchell,
2023)), density-based probes (SATMD, SATRMD
(Vazhentsev et al., 2025b)), attention-based probes
(Uhead (Shelmanov et al., 2025), Lookback-Lens
(Chuang et al., 2024)), and hybrid methods com-
bining supervised probes with the unsupervised
Maximum Sequence Probability (MSP) baseline
(Vazhentsev et al., 2025b; Fomicheva et al., 2020).
We also include MSP as a simple but competitive
unsupervised baseline. We report SAPLMA probes
using hidden states from the middle and top layers
and Uhead configurations with one or two layers.
Details are provided in Appendix A.

Metrics. Evaluating uncertainty quantification
for generative tasks requires a correctness func-
tion that measures the quality of model outputs
relative to reference answers. We primarily use
AlignScore (Zha et al., 2023), estimating factual
consistency using the entailment predictions of a
RoBERTa model (Liu et al., 2019) fine-tuned on
NLI and claim verification. AlignScore provides a
continuous measure of output correctness, which
we use as the target signal when evaluating uncer-
tainty estimates. This score correlates closely with
human judgements of correctness for short-form
generations (Santilli et al., 2025), but without the
cost of generating LLM-as-a-Judge responses. For
evaluation, we further experiment with LLM-as-a-
Judge, ROUGE-L, and exact match as alternative
correctness functions. In Section 4, we investigate
how the choice of correctness function used dur-
ing training affects robustness, including training
with LLM-as-a-Judge supervision. We create fea-
ture vectors by averaging feature representations
from each output token, with further aggregation
strategies tested in Section 4.2.

Performance is evaluated using the Prediction-
Rejection Ratio (PRR) (Vashurin et al., 2025; Ma-
linin et al., 2017), which measures how effectively
an uncertainty estimate identifies unreliable out-
puts. PRR computes the area under the curve
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Llama-3.1-8B Gemma-2-9B

Method ID LOO 1D-SameTask DiffTask 1D-DiffTask ID LOO 1D-SameTask DiffTask 1D-DiffTask
near OOD −→ more OOD −→ most OOD near OOD −→ more OOD −→ most OOD

Short-form generation datasets
SAPLMA (middle) 0.63 0.46 0.26 0.35 0.32 0.58 0.35 0.11 0.30 0.21
SAPLMA (top) 0.54 0.26 -0.12 -0.14 0.18 0.56 0.34 -0.03 0.06 0.08
Uhead (1 layer) 0.63 0.17 0.24 0.16 0.08 0.66 0.34 0.18 -0.11 0.16
Uhead (2 layers) 0.63 0.15 0.15 -0.27 -0.36 0.65 0.33 0.20 -0.31 0.12
SATMD 0.30 0.35 -0.15 0.21 0.15 0.41 0.27 -0.06 0.04 0.22
SATRMD 0.47 0.17 -0.11 0.21 0.13 0.53 0.33 0.21 0.27 0.34
Lookback-lens 0.27 0.00 -0.03 -0.13 0.19 0.34 -0.05 0.09 -0.04 0.16

SATMD-MSP 0.44 0.32 0.06 0.24 0.23 0.62 0.17 0.15 -0.18 0.41
SATRMD-MSP 0.60 0.30 0.05 0.20 0.21 0.64 0.40 0.41 0.24 0.52
HUQ-SATMD 0.58 0.59 -0.14 0.22 0.25 0.64 0.59 0.00 0.10 0.14
HUQ-SATRMD 0.61 0.47 -0.08 0.24 0.18 0.65 0.53 0.17 0.16 0.22

MSP 0.57 0.57 0.57 0.57 0.57 0.64 0.64 0.64 0.64 0.64

Long-form generation datasets
SAPLMA (middle) 0.32 0.03 0.07 0.12 0.04 0.32 0.01 0.10 -0.05 0.04
SAPLMA (top) 0.20 0.00 0.04 0.05 -0.00 0.22 -0.05 0.08 -0.03 0.03
Uhead (1 layer) 0.31 -0.04 0.05 -0.08 -0.01 0.28 -0.06 -0.07 0.05 0.02
Uhead (2 layers) 0.27 -0.05 0.02 -0.03 0.02 0.23 -0.09 -0.13 -0.13 0.02
SATMD 0.14 -0.02 -0.07 0.04 0.11 0.07 0.02 0.04 -0.07 0.08
SATRMD 0.16 0.03 -0.08 0.05 0.07 0.20 -0.15 0.01 -0.13 0.06
Lookback-lens 0.14 0.01 0.10 -0.04 -0.01 0.22 -0.04 0.10 -0.08 -0.04

SATMD-MSP 0.18 0.03 -0.03 0.08 0.12 0.18 -0.08 0.02 -0.08 0.09
SATRMD-MSP 0.17 0.05 -0.01 0.07 0.10 0.21 -0.15 0.02 -0.08 0.03
HUQ-SATMD 0.02 -0.02 -0.05 0.04 0.09 -0.01 -0.10 0.06 -0.04 0.08
HUQ-SATRMD 0.16 0.01 -0.08 0.03 0.04 0.20 -0.10 0.05 -0.04 -0.10

MSP -0.01 -0.01 -0.01 -0.01 -0.01 -0.10 -0.10 -0.10 -0.10 -0.10

Table 1: PRR results (higher is better) across in-domain (ID) and out-of-domain (OOD) evaluation settings.
Abbreviations: LOO = leave-one-out; 1D-SameTask = one dataset, same task; DiffTask = multiple datasets, different
task; 1D-DiffTask = one dataset, different task. We show supervised methods, followed by hybrid methods and
the MSP. Each result is an average across three different test sets. Blue highlights indicate that a corresponding
evaluation was reported in the method’s paper. An analysis of multi-seed variance is also provided in Appendix D.

(AUC) for Prediction-Rejection curves, where un-
certain examples are progressively rejected to mea-
sure the average correctness of the remaining exam-
ples. This score is normalised by an oracle (the best
possible AUC given the generations), adjusting for
a baseline that randomly predicts uncertainty:

PRR =
AUCunc − AUCrnd

AUCoracle − AUCrnd
(1)

A PRR score of 1 means that the uncertainty
estimate is attaining the performance of the oracle,
while a score of 0 shows chance-level performance.
Scores below 0 are worse than chance-level. PRR
allows for the use of a continuous correctness func-
tion such as AlignScore.

3.2 Results

UQ probes achieve strong in-distribution per-
formance but largely fail to generalise out-of-
distribution (see Table 1). In near-OOD settings for
datasets with shorter generations, the probe design
matters considerably, and the best methods reach a
PRR of 0.46–0.59 for Llama (SAPLMA middle and
HUQ-SATMD respectively). However, as OOD-

ness increases, no method exceeds a PRR of 0.35
for Llama. We find largely consistent trends across
each dataset tested (averaged for Table 1), although
there are some exceptions such as poor robustness
on SciQ for Uhead and on TriviaQA for SATRMD
in a leave-one-out setting for Llama. Hybrid meth-
ods, which combine supervised probes with un-
supervised estimates, show strong near-OOD ro-
bustness but this advantage also deteriorates under
larger shifts. Notably, no probing method exceeds
the unsupervised MSP baseline for any OOD set-
ting with the exception of HUQ-SATMD in the
leave-one-out setting for Llama.

When evaluating with different correctness
functions, probe performance consistently de-
grades beyond near-OOD settings. For LLM-as-a-
Judge evaluation, despite very similar findings for
SAPLMA when using the last layer hidden state
(see Appendix E), we see less OOD degradation
in the case of SAPLMA when using the middle
layer hidden state (see Table 2). For long-form
tasks, when training with AlignScore, all methods
achieve close to chance-level performance across
all OOD conditions. In Section 4 we show that
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Figure 2: Visualisation of Llama 3.1-8B hidden states (layer 16) evaluated on TriviaQA, either for in-distribution,
leave-one-out or different task OOD settings. Hidden states are down-projected to 2d subspaces using PLS models
fitted to predict AlignScore from the training examples. As OOD-ness increases, hidden states of more correct
generations (blue) and less correct generations (red) become less separable. Kernel density contour lines show the
density of generations above and below the median AlignScore.

ID LOO 1D-SameTask DiffTask 1D-DiffTask

Metric PRR % PRR % PRR % PRR % PRR %

Short-form generation datasets
AlignScore 0.63 100% 0.46 73% 0.26 41% 0.35 56% 0.32 51%
ROUGE-L 0.70 100% 0.49 70% 0.30 43% 0.33 47% 0.35 50%
Exact match 0.70 100% 0.48 69% 0.30 43% 0.33 47% 0.31 44%
LLM-as-a-judge 0.68 100% 0.55 81% 0.31 46% 0.48 71% 0.45 66%

Long-form generation datasets
AlignScore 0.32 100% 0.03 9% 0.07 22% 0.12 38% 0.04 12%
ROUGE-L 0.30 100% 0.00 0% 0.04 13% 0.11 37% 0.01 3%
LLM-as-a-judge 0.33 100% 0.14 42% 0.14 42% 0.14 42% 0.08 24%

Table 2: PRR results (higher is better) for SAPLMA (middle) when evaluated across four correctness functions, for
Llama-3.1-8B. Each value is shown alongside its percentage of the ID score for that metric. Exact match is excluded
for long-form generations as the metric is uninformative in this setting.

the generalisability of probes for long-form tasks is
highly dependent on the correctness function used
during training, where the use of LLM-as-a-Judge
for both training and evaluation can lead to substan-
tially better reported robustness compared to using
AlignScore.

We find that the strongest OOD performance is
achieved by a simple probing approach (SAPLMA),
and that implementation choices, such as layer se-
lection, prove more consequential than adopting
more recently proposed methods. Methods that
appear robust under near-OOD evaluation also do
not always maintain this advantage under broader
distribution shifts (see SATMD). Finally, in Table 1
we show the evaluation settings closest to those
used in the source papers, finding that prior evalu-
ation tends to favour near-OOD conditions where
robustness is more achievable.

3.3 Understanding Robustness Failures

To illustrate why probe performance deteriorates
under distribution shift, particularly for long-form
tasks, we visualise the hidden states using two-

component Partial Least Squares (PLS) regression
models that are fitted to predict the rank-normalised
AlignScore. The PLS regression is used as a dimen-
sionality reduction method, representing a strongly-
regularised linear regression probe that demon-
strates how uncertainty information in the hidden
states becomes less accessible to probes trained on
OOD data.

Figure 2 shows that correct and incorrect gener-
ations are partially separable in the in-distribution
setting, indicating that correctness signals are ac-
cessible in the representation space. This structure
weakens under leave-one-out training and largely
collapses under different-task training. Since linear
probes can still achieve good performance when
trained and evaluated on each distribution sepa-
rately (Appendix K), the uncertainty information
itself does not disappear under distribution shift. In-
stead, the relationship between hidden-state repre-
sentations and correctness appears to change across
distributions, reducing the ability of probes trained
on one distribution to generalise to another. This
effect is especially pronounced for datasets with
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longer generations (Appendix K), consistent with
the weaker robustness observed in Table 1.

While this section demonstrates the poor robust-
ness for long-form generations using AlignScore,
we show in Section 4 that robustness is heavily
dependent on the correctness metric.

3.4 Limitations of Existing Robustness
Evaluation

Prior work evaluates probe robustness under sub-
stantially different OOD settings, making robust-
ness claims difficult to compare directly. Some
works focus on relatively limited “near-OOD” set-
tings, while others evaluate under larger distribu-
tional shifts, either within the same task or across
tasks. Evaluation protocols also vary in their use of
synthetic data, supervised and unsupervised base-
lines, and the range of distributional shifts consid-
ered.

Across the surveyed literature (with full details
of the surveyed evaluation setups provided in Ap-
pendix L), no two works evaluate on the same com-
bination of OOD datasets. Many papers evaluate
robustness under only a single type of distributional
shift (54%) and omit strong supervised or unsuper-
vised baselines (61% and 46% respectively). We
also find that positive robustness claims are often
reported under synthetic evaluation settings, sug-
gesting that robustness evaluation should extend
beyond this setting alone.

These inconsistencies motivate the need for sys-
tematic robustness evaluation across progressively
stronger distributional shifts.

4 What makes a probe robust?

The results in Section 3 show that probe perfor-
mance varies substantially under distribution shift.
To better understand what drives these robustness
differences, we systematically analyse key probe
design factors, including the probe architecture,
feature representations, correctness functions, and
token aggregation strategies.

Guided by the findings from ProbeDrift, we
perform a more detailed analysis on a represen-
tative subset of datasets, using SciQ and Trivi-
aQA as datasets with shorter generations, and Pub-
medQA as a dataset with longer generations. We
refer to this reduced evaluation setup as ProbeDrift-
Light, focusing on three representative settings:
in-distribution (ID), leave-one-out OOD evaluation
(LOO), and OOD evaluation after training only on
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Figure 3: PRR by layer for Llama showing ID perfor-
mance and two OOD settings, leave-one-out evaluation
(LOO), and evaluation when training on a different task
(DiffTask). OOD avg provides an average of LOO and
DiffTask. Negative results floored at 0 for visualisation.

Features used ID LOO DiffTask OOD avg

Hidden state (mid. layer) 0.58 0.29 0.25 0.27
Hidden state (last layer) 0.52 0.17 -0.05 0.06
Attention (last token) 0.54 0.28 0.13 0.21
Attention (last two tokens) 0.55 0.25 0.15 0.20
Lookback lens 0.19 0.11 -0.04 0.04
Token probabilities 0.43 0.27 -0.30 -0.01

Table 3: Feature ablations, average from Llama and
Gemma (PRR). OOD avg is the mean of LOO (leave-
one-out) and DiffTask (different task).

datasets from a different task (DiffTask). We show
in Appendix C that the ProbeDriftLight evaluation
is representative of the full ProbeDrift.

We use the SAPLMA architecture in this section
as it provides a simple and effective probe based
on model hidden states. Results in this section are
an average across both Llama-3.1-8B (Grattafiori
et al., 2024) and Gemma-2-9B (Team et al., 2024)
for each dataset.3

4.1 Choice of features

To isolate the effect of different uncertainty signals,
we fix the probe architecture and vary only the
features used to train the probe. We investigate dif-
ferent features including attention to the previous
token, attention to the last two tokens (Shelmanov
et al., 2025) and the ratio of attention to the context
(Chuang et al., 2024). We also consider the model
hidden states (Azaria and Mitchell, 2023) and token
probability distributions (Shelmanov et al., 2025).

Across most features, in-distribution and leave-
one-out performance is broadly similar (Table
3). Differences emerge under larger distributional

3We use the same models as Vazhentsev et al. (2025b),
whose methods are our primary baseline in Section 5.
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shifts. Hidden states from the middle layer out-
perform attention-based features in the DiffTask
setting, while the lookback ratio and token proba-
bilities are less effective as stand-alone signals.

Layer choice also has a strong effect on robust-
ness (see Figure 3). While most layers perform
comparably in-distribution, OOD performance de-
grades substantially at early and final layers, while
middle-layer representations remain consistently
more robust. This gap widens as distributional shift
increases. Notably, using final-layer representa-
tions remains a common baseline in prior work
(Vazhentsev et al., 2025b; Shelmanov et al., 2025;
Vazhentsev et al., 2025a), despite its weaker robust-
ness. In Appendix I we further verify these findings
across a range of different LLMs and evaluation
metrics.

4.2 Choice of Token Aggregation
Token representations can be aggregated differently
when creating the probe features. While recent
work explores new variations (McKenzie et al.,
2025; Huang et al., 2025; Kantamneni et al., 2025),
the most common approach is to use the represen-
tation from the last context token (Bürger et al.,
2024; Azaria and Mitchell, 2023; Servedio et al.,
2025; Kossen et al., 2024), the final response token
(Kossen et al., 2024), or an average representation
from the response tokens (Vazhentsev et al., 2025b;
Shelmanov et al., 2025; Chuang et al., 2024). We
compare the in-distribution performance and ro-
bustness of each approach, including a baseline
where a response token is randomly sampled.

The best robustness is achieved when taking an
average representation from the response tokens
(see Table 4). While similar in-distribution perfor-
mance is achieved when using the last response to-
ken, we find this is less robust when tested further
OOD. Interestingly, we find that randomly sam-
pling a token from the response achieves similar
robustness to using the final response token. In Ap-
pendix J we show that these findings are consistent
across a range of LLMs and evaluation metrics.

4.3 Training Signals from Different
Correctness Functions

We experiment with changing the correctness func-
tion used during training from AlignScore to LLM-
as-a-Judge, investigating the impact that this has
on robustness. For datasets with shorter genera-
tions, training with LLM-as-a-Judge leads to mod-
est robustness improvements when evaluating with

Method ID LOO DiffTask OOD avg

Response tokens only
Avg. of response tokens 0.58 0.29 0.25 0.27
Last response token 0.57 0.30 0.09 0.20
Random response token 0.42 0.24 0.20 0.22

With context tokens
Avg. of all tokens 0.33 0.09 0.06 0.07
Avg. of context tokens 0.23 0.10 0.04 0.07
Last context token 0.46 0.25 0.07 0.16

Table 4: Different strategies to aggregate representations
across context and response tokens. Best results in bold.

Training Signal ID LOO DiffTask

Short-form
AlignScore 0.69 0.52 0.35
LLM-as-a-Judge 0.66 0.56 0.36

Long-form
AlignScore 0.39 0.04 0.19
LLM-as-a-Judge -0.08 -0.11 0.13

Table 5: PRR results (higher is better) for SAPLMA
(middle) evaluated with AlignScore, comparing two
training signals for Llama 3.1-8B, either training with
AlignScore or LLM-as-a-Judge.

AlignScore (Table 5). Larger improvements are
observed when both training and evaluation use
LLM-as-a-Judge (see Appendix F).

For datasets with longer generations, this de-
pendence becomes substantially stronger. Probes
trained with LLM-as-a-Judge achieve near-chance
performance when evaluated using AlignScore.
When evaluation also uses LLM-as-a-Judge, we
observe more robust probe behaviour for long-form
tasks (see Appendix F). This suggests that robust-
ness for longer generations is particularly sensitive
to the correctness signal used during training and
evaluation.

4.4 Probe architectures

We next examine how probe architectures impact
robustness. Using middle-layer hidden states as fea-
tures, we compare the different probe architectures
introduced in Section 3. We also experiment with
simple modifications to the SAPLMA architecture,
either adding or removing layers.

Across architectures we observe differences in
in-distribution performance, but with little variation
in robustness under distribution shift. The excep-
tion is linear probe architectures, which we find can
be substantially less robust, although this depends
on their training procedure. Overall, we find that
architectural complexity and the choice of training
hyper-parameters do not lead to substantially better
probe robustness. Additional details are provided
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Llama-3.1-8B Gemma-2-9B

Method ID LOO 1D-SameTask DiffTask 1D-DiffTask ID LOO 1D-SameTask DiffTask 1D-DiffTask

Short-form generation datasets

SATMD-MSP 0.44 0.32 0.06 0.24 0.23 0.62 0.17 0.15 -0.18 0.41
SATRMD-MSP 0.60 0.30 0.05 0.20 0.21 0.64 0.40 0.41 0.24 0.52
HUQ-SATMD 0.58 0.59 -0.14 0.22 0.25 0.64 0.59 0.00 0.10 0.14
HUQ-SATRMD 0.61 0.47 -0.08 0.24 0.18 0.65 0.53 0.17 0.16 0.22

MSP 0.57 0.57 0.57 0.57 0.57 0.64 0.64 0.64 0.64 0.64
SAPLMA (mid) 0.63 0.46 0.26 0.35 0.32 0.58 0.35 0.11 0.30 0.21

HBO 0.66 0.61 0.57 0.57 0.57 0.67 0.61 0.64 0.64 0.64

Long-form generation datasets

SATMD-MSP 0.18 0.03 -0.03 0.08 0.12 0.18 -0.08 0.02 -0.08 0.09
SATRMD-MSP 0.17 0.05 -0.01 0.07 0.10 0.21 -0.15 0.02 -0.08 0.03
HUQ-SATMD 0.02 -0.02 -0.05 0.04 0.09 -0.01 -0.10 0.06 -0.04 0.08
HUQ-SATRMD 0.16 0.01 -0.08 0.03 0.04 0.20 -0.10 0.05 -0.04 -0.10

MSP -0.01 -0.01 -0.01 -0.01 -0.01 -0.10 -0.10 -0.10 -0.10 -0.10
SAPLMA (mid) 0.32 0.03 0.07 0.12 0.04 0.32 0.01 0.10 -0.05 0.04

HBO 0.20 0.02 -0.01 0.03 -0.01 0.03 -0.05 -0.10 -0.08 -0.10

Table 6: PRR results for HBO compared to existing hybrid methods, MSP and SAPLMA using middle layer hidden
states. Results are tested in-distribution, and across the four OOD settings in ProbeDrift.

in Appendix M.

5 Using ProbeDrift to Analyse and
Improve Hybrid Robustness

Hybrid methods have previously been proposed
to combine the strong in-distribution performance
of supervised probes with the broader robustness
of unsupervised uncertainty estimates (Vazhentsev
et al., 2025b). ProbeDrift allows us to evaluate
these approaches under progressively stronger dis-
tributional shifts, revealing the weakness of exist-
ing hybrid methods beyond a near-OOD setting.

Motivated by this observation, we investigate
whether robustness can be improved by adapt-
ing the contribution of these signals based on
how far examples lie from the training distribu-
tion. We focus on methods introduced by Vazhent-
sev et al. (2025b), which combine supervised
SATRMD probes with the unsupervised MSP base-
line. SATRMD-MSP incorporates MSP as an
additional feature, while HUQ-SATRMD relies
on MSP for in-distribution predictions, backing
off to a combination of MSP and the supervised
SATRMD method for OOD examples.

5.1 A Hybrid Back-Off Strategy

Building on our finding that supervised probe ro-
bustness degrades as distributional shift increases,
we introduce a Hybrid Back-Off (HBO) strategy
that progressively shifts from supervised to unsu-
pervised uncertainty estimates. Following Vazhent-
sev et al. (2025b), we estimate how OOD each

test example is using Mahalanobis distance. HBO
combines the robust SAPLMA probe with MSP,
relying increasingly on MSP as examples move fur-
ther from the training distribution. Further details
are provided in Appendix B.

5.2 Results
We find that HBO outperforms each of the hybrid
baselines in almost every OOD setting for short-
form generations, with larger improvements under
stronger distributional shifts (see Table 6). Despite
its simplicity, HBO is substantially more robust
than existing approaches, illustrating how insights
from comprehensive robustness evaluation can di-
rectly lead to improved robustness. As HBO was
introduced based on the strong performance of un-
supervised methods for short-form generations, this
method does not generalise well to long-form gen-
erations, which we leave for future work.

6 Evaluation Recommendations

Based on our extensive evaluation of supervised
UQ probes, we identify several evaluation practices
for improving the reliability of robustness claims in
future work. These recommendations are informed
by our experimental findings and by the gaps in
existing evaluation practices highlighted in Section
3.4 and Appendix L.

We suggest future work should:

1. Use robust baselines, including an unsuper-
vised method using token probabilities and an
MLP trained on middle-layer hidden states.
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2. Show robustness for both near and far distri-
butional shifts (e.g. both leave-one-out evalu-
ation and training on another task).

3. Evaluate with OOD test sets used directly by
previous work, rather than creating bespoke
evaluation for each paper.

4. Measure robustness on both short-form and
long-form generations, highlighting the room
for improvement on long-form tasks.

5. Include more negative robustness results,
showing the points of failure to help spur im-
provements in subsequent research.

7 Discussion and Conclusion

Conflicting evidence about the robustness of UQ
probes has made it difficult to assess whether re-
cent methods genuinely improve OOD robustness
or simply benefit from easier evaluation settings.
In this work, we introduce ProbeDrift, a system-
atic evaluation framework for analysing robustness
across progressively stronger distributional shifts.
Our results show that robustness conclusions can
change substantially depending on both the evalua-
tion regime and seemingly minor implementation
choices. Methods that appear robust under lim-
ited “near-OOD” evaluation often degrade under
broader shifts, while several commonly used evalu-
ation settings fail to expose these weaknesses. We
further find that the strongest OOD performance is
achieved by a simple probing approach (SAPLMA),
with implementation choices such as layer selection
proving more consequential than adopting more re-
cently proposed methods.

More broadly, our findings suggest that progress
on robust uncertainty estimation is currently con-
strained less by probe architecture and more by the
lack of systematic robustness evaluation. We find
that feature selection and token aggregation deci-
sions are important for a probe’s robustness, and we
also show the importance of the correctness func-
tion used in both training and evaluation, which is
especially the case for long-form generations.

ProbeDrift provides a reusable framework for
evaluating robustness across models, tasks, and
distributional shifts, enabling more reliable com-
parisons between methods and helping to identify
design choices that genuinely improve robustness.
Beyond evaluation, we show that these insights can
directly guide method development by introduc-
ing HBO, a method that adaptively shifts towards
unsupervised uncertainty estimates under larger

distributional shifts. We hope ProbeDrift will sup-
port future work on both developing and evaluating
more robust uncertainty estimation methods.

Limitations

In the paper we highlight how architectural ad-
vances are unlikely to lead to improvements in
robustness. This is based on our experimentation
testing robustness across a range of different archi-
tectures, all of which show similar levels of robust-
ness (except for linear probes which can be less
robust). While we cannot rule out the existence of
a probe architecture that might improve robustness,
we believe this is a less promising research direc-
tion than investigating how to create better probe
inputs and training signals.

This paper involved extensive experimentation,
training over 2,000 different probes (comprising
more than 10k GPU hours), and therefore it will be
difficult for others to fully replicate all of our ex-
periments. We provide ProbeDriftLight to reduce
the experimentation required for future OOD evalu-
ation, which involves evaluation on three different
datasets for two different OOD settings. Even with
ProbeDriftLight, this additional OOD evaluation is
still likely to increase the experimental burden for
future work.

Due to the large computational requirement for
this work, we do not perform experiments with
larger LLMs. Instead, the model sizes we use are
comparable with existing work (Vazhentsev et al.,
2025b; Shelmanov et al., 2025; Orgad et al., 2025;
Chuang et al., 2024).

Throughout this work we train with a fixed num-
ber of training examples (1,800), keeping this con-
sistent so different experiments can be compared on
a like-for-like basis. In Appendix P we show simi-
lar findings when increasing the size of the training
data (by two or four times), but we do not verify
each of our findings when increasing the training
data size as this would require substantially more
experiments.

The OOD splits in ProbeDrift have been created
to generate varying degrees of out-of-distribution,
testing robustness across different OOD test sets.
However, these degrees of OOD conflate several
factors that are difficult to separate. For example,
test sets vary in diversity, response length depends
on the task and dataset, and a change in task usually
brings a change in domain and task difficulty. To
mitigate the effect of any single dataset’s artifacts,
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ProbeDrift averages results across multiple datasets
for each OOD setting.

In this paper we focus on supervised probing ap-
proaches due to both their efficiency and strong per-
formance. We compare the performance of these
probing approaches to MSP, which we found to
be the most competitive out of a range of unsuper-
vised methods (see Appendix Table 23 and Table
24). We do not explore other uncertainty quantifi-
cation methods, such as deep ensembles (Lakshmi-
narayanan et al., 2017) and MC Dropout (Gal and
Ghahramani, 2016).

Finally, HBO involves combining predictions
from MSP and SAPLMA using their rank-
normalised uncertainty scores, which assumes the
whole test set is available at inference time rather
than scoring examples one at a time. As PRR eval-
uation already requires ranking of the test set by
uncertainty, the rankings required by HBO are al-
ways available.
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A Probing Baselines

In this section we introduce the different supervised
UQ methods that we include in Table 1.

SAPLMA (Azaria and Mitchell, 2023) trains a
multi-layer perceptron (MLP) using the model hid-
den states, and we include variations of this method
using either the middle or the final layer hidden
states. Similar MLP probing architectures are com-
mon in existing work (Su et al., 2024; Zhang et al.,
2025).

We also include baselines that train probes us-
ing attention features. Recent work by Shelmanov
et al. (2025) introduces Uhead, a transformer-based
probe using attention maps and token probabilities
as features. We experiment with two Uhead archi-
tectures, reflecting the different hyper-parameter
choices proposed in Shelmanov et al. (2025), either
using one or two transformer layers for the probe.
While Uhead was originally introduced to verify
claim spans, we instead apply this approach to eval-
uate the confidence of each instance. We do this
to allow for direct comparability to other methods,
performing evaluation at an instance-level rather
than at a claim level. Implementing Uhead at an
instance level also avoids the need for claim-level
training data.

Lookback-lens (Chuang et al., 2024) uses atten-
tion, training probes with the proportion of atten-
tion paid to the context tokens. We implement
lookback-lens probes using sklearn’s LinearRegres-
sion architecture rather than the paper’s sklearn Lo-
gisticRegression architecture, as the LinearRegres-
sion sklearn implementation allows for training
with soft target scores. Finally, the SATMD and
SATRMD (Vazhentsev et al., 2025b) baselines use
density-based features, training probes using the
Mahalanobis distance of hidden states from a sub-
set of training examples, using an average distance
per layer. SATRMD is a modification of SATMD
using the Relative Mahalanobis distance (Ren et al.,
2021), which normalises the Mahalanobis distance
with a separate reference set.

B Hybrid Back-Off (HBO)

HBO quantifies how far each test example lies from
the training distribution using the Mahalanobis dis-
tance (MD), using this to adaptively weight the
contributions of supervised and unsupervised un-
certainty estimates. We describe below how an
OOD ranking is computed which then determines
this weighting.

Let r denote the rank of a test instance MD
(taken from a combination of the training MDs
and the added test instance MD). We define R as
the normalised rank r/(N +1) where N is the size
of the training data. We then use R to decide how
much to weight the rank-normalised supervised
and unsupervised UQ estimates UQsv and UQusv.
We describe these weights as Wsv and Wusv:

Wusv =

{
R+ 0.5, if R ≤ 0.5,

1, otherwise.
(2)

Wsv = 1−Wusv (3)

UQhyb = Wsv ∗ UQsv +Wusv ∗ UQusv (4)

This approach provides an even weighting between
the rank-normalised supervised and unsupervised
estimates for examples closest to the training dis-
tribution, while relying more on the unsupervised
estimate for OOD examples. Finally, based on the
results from Section 3, we use SAPLMA as a robust
probe for UQsv, while MSP is used for UQusv. We
introduce HBO for short-form generations, based
on the strong performance of the MSP baseline in
this setting.

HBO was developed to be intentionally simple,
and was designed using the SciQ dataset as a valida-
tion set where we tested two configurations: 1) the
HBO configuration used in the paper, 2) a simpli-
fied configuration of HBO where UQusv = R and
UQsv = 1 − R. No additional hyper-parameter
tuning was performed, and there was no further
development of this method. We show the full
evaluation in Tables 30, 31 and 32, showing the
performance of both HBO and the simplified con-
figuration on SciQ, all datasets excluding SciQ,
and the full ProbeDrift evaluation. While the sim-
plified version of HBO performs well, it does not
match the performance of the main configuration
on short-form generation tasks.

C Comparing the reduced and full
ProbeDrift evaluation

To validate that ProbeDriftLight is representative
of the full ProbeDrift evaluation, we compare re-
sults across both frameworks for each supervised
method presented in Table 1. We report the Mean
Absolute Difference (MAD) in PRR scores be-
tween the two evaluations across all methods and
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OOD settings (see Table 7). As shown in Ta-
ble 7, differences are small across both short-form
and long-form datasets, with a maximum MAD of
0.093 (long-form generations for the LOO setting),
suggesting that ProbeDriftLight provides a reliable
approximation of the full ProbeDrift evaluation at
reduced computational cost.

ID LOO DiffTask

Short-form 0.065 0.060 0.049
Long-form 0.088 0.093 0.075

Table 7: Mean Absolute Difference between the full
ProbeDrift evaluation, and the reduced ProbeDrift eval-
uation comparing each of the results in Table 1.

D Random Seed Variance Analysis

The main results in this paper are reported using a
single random seed. In this section we show that
while variance increases under larger distributional
shifts, the overall pattern of degradation remains
consistent across seeds.

We report standard deviations both for a single
dataset (see Table 8 and Table 9) and when aver-
aging across the three datasets used in ProbeDrift-
Light (see Table 10). Variance is low in both cases,
and decreases considerably when averaging across
multiple datasets. For example, the standard devia-
tion for SAPLMA (middle) drops from 0.10 in the
DiffTask setting for a single dataset to 0.05 when
averaged across three, supporting the reliability of
the single-seed results reported in the main paper.

ID LOO DiffTask

1 seed 0.63 0.57 0.35

5 seed avg. 0.62 0.51 0.29

Std dev 0.03 0.07 0.10

Table 8: 1 seed vs. 5 seeds using a single dataset (SciQ)
for SAPLMA (middle) for Llama.

ID LOO DiffTask

1 seed 0.61 0.24 -0.33

5 seed avg. 0.57 0.08 -0.02

Std dev 0.03 0.12 0.18

Table 9: 1 seed vs. 5 seeds using a single dataset (SciQ)
for SAPLMA (top) for Llama.

ID LOO DiffTask

1 seed 0.59 0.36 0.30

5 seed avg. 0.58 0.31 0.22

Std dev 0.01 0.03 0.05

Table 10: 1 seed vs. 5 seeds averaged across 3 datasets
for SAPLMA (middle) for Llama.

E Evaluation with Different Correctness
Functions

To understand the impact of changing the correct-
ness function used for evaluation, we provide re-
sults showing the performance of SAPLMA (mid-
dle) across four different correctness functions:
AlignScore, ROUGE-L, exact match (also referred
to as accuracy) and LLM-as-a-Judge (see Table
2). In Table 13 we also show the performance of
SAPLMA (top) for these same correctness func-
tions.

We find that AlignScore, ROUGE-L and exact
match are highly correlated. For SAPLMA (top),
LLM-as-a-Judge evaluation is similar to the Align-
Score evaluation, however for SAPLMA (middle)
we see better robustness reported using LLM-as-a-
Judge (although performance still degrades further
OOD in line with each of the other evaluation met-
rics).

To better understand these differences for
SAPLMA (middle), we compare LLM-as-a-Judge
evaluation to AlignScore evaluation for each spe-
cific dataset (see Table 12). We find that the
differences are particularly noticeable on specific
datasets such as SciQ and XSum where we find sub-
stantially better robustness using LLM-as-a-Judge.

Finally, in Table 15 we provide the full results
from Table 1 when using exact match, ROUGE-L
and AlignScore for evaluation, demonstrating how
closely correlated these three correctness functions
are. We only provide results for short-form gener-
ations, as the exact-match correctness function is
only meaningful in this setting.

F Training with Different Correctness
Functions

Table 17 provides results comparing AlignScore
and LLM-as-a-Judge as training signals for
SAPLMA (middle). These results include evalua-
tion across multiple different correctness functions.

For short-form generations, training with LLM-
as-a-Judge improves robustness, with the largest
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Dataset Exact match ROUGE-L AlignScore LLM-as-a-Judge

SciQ 0.44 [0.30, 0.58] 0.86 [0.72, 0.96] 0.84 [0.68, 0.96] 0.80 [0.68, 0.90]
TriviaQA 0.76 [0.64, 0.88] 0.92 [0.82, 1.00] 0.84 [0.68, 0.96] 0.94 [0.86, 1.00]
XSum 0.00 [0.00, 0.00] 0.48 [0.24, 0.72] 0.32 [0.04, 0.56] 0.52 [0.30, 0.74]

Table 11: Somers’ D alignment with human preferences for each correctness function, by dataset, with 95%
bootstrap confidence intervals.

Llama 3.1-8B

Eval data ID LOO 1D-SameTask DiffTask 1D-DiffTask

PRR evaluation using AlignScore
SciQ 0.63 0.57 0.27 0.35 0.35
TriviaQA 0.74 0.48 0.46 0.36 0.33
CoQA 0.52 0.32 0.03 0.33 0.27
XSum 0.32 0.07 0.13 0.12 0.09
PubmedQA 0.39 0.04 0.06 0.19 0.08
CNN/DailyMail 0.24 -0.03 0.02 0.05 -0.04

PRR evaluation using LLM-as-a-judge
SciQ 0.69 0.73 0.24 0.63 0.61
TriviaQA 0.79 0.49 0.52 0.38 0.38
CoQA 0.56 0.41 0.18 0.44 0.37
XSum 0.38 0.16 0.22 0.29 0.07
PubmedQA 0.36 0.32 0.17 0.06 0.37
CNN/DailyMail 0.25 -0.07 0.03 0.08 -0.19

Table 12: PRR results (higher is better) for SAPLMA
(middle layer) on Llama 3.1-8B, evaluated per dataset
across in-domain (ID) and out-of-domain (OOD) set-
tings, using AlignScore and LLM-as-a-judge as correct-
ness functions. Abbreviations: LOO = leave-one-out
OOD; 1D-SameTask = one dataset, same task (OOD);
DiffTask = multiple datasets, different task (OOD); 1D-
DiffTask = one dataset, different task (OOD).

improvements observed after evaluating with LLM-
as-a-Judge itself. However, we also see improve-
ments over training with AlignScore when Align-
Score is used for evaluation. This suggests that
LLM-as-a-Judge provides a more generalisable
training signal.

G Human Evaluation of Correctness
Functions

We perform a small human evaluation to check the
appropriateness of the different correctness func-
tions used in this work. This involves an author of
the paper assessing pairs of test examples, measur-
ing whether human preferences align with prefer-
ences from each correctness function. We measure
the alignment to human preferences using Somers’
D, where we treat the human preferences as the
reference variable. As a result, we do not consider
examples where human judgement has no prefer-
ence (81% of pairs for SciQ), leaving a sample of
50 pairs per dataset. The human evaluator only
had access to the prompt, reference answer, and
the LLM output when giving their preference, and
did not see any of the correctness function scores.

As a result of this small sample size, this evalua-
tion can be seen as a sanity check on our choice of
correctness functions.

Table 11 suggests that ROUGE-L, AlignScore
and LLM-as-a-Judge are all appropriate correct-
ness functions for short-form generations, however
determining correctness for long-form generations
is substantially more challenging. Table 18 shows
the pairs used for each dataset, including the num-
ber of pairs where human annotation expressed no
preference.

H Evaluation with AlignScore for
Long-Form Generations

In Table 29, we show each of the different design
choices using the PubmedQA long-form dataset in
ProbeDriftLight after training with AlignScore. We
demonstrate consistent OOD failures across each
of these different design choices, suggesting the
limitations of using AlignScore in this setting.

I Layer Choice Analysis

Table 26 verifies that the findings from Section 4.1
hold consistently across a range of LLMs and eval-
uation metrics. Across all six models tested, in-
distribution performance is broadly similar across
layers, while OOD performance degrades substan-
tially at early and final layers. Middle-layer repre-
sentations (including the middle layer itself and for
nearby layers) are consistently more robust across
AlignScore, ROUGE-L, and exact match accuracy,
with the exception of Qwen-2.5-3B-IT which per-
forms better for later layers.

J Aggregation Choice Analysis

Table 28 verifies that the findings from Section 4.2
hold across different evaluation metrics. Across
AlignScore, ROUGE-L, exact match, and LLM-as-
a-Judge, averaging over response tokens achieves
the best PRR for most OOD settings. Context-
based aggregation strategies consistently underper-
form response-token strategies across all metrics.
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ID LOO 1D-SameTask DiffTask 1D-DiffTask

Metric PRR % PRR % PRR % PRR % PRR %
near OOD −→ most OOD

Short-form generation datasets
AlignScore 0.54 100% 0.26 48% -0.12 <0% -0.14 <0% 0.18 33%
ROUGE-L 0.60 100% 0.28 47% -0.12 <0% -0.04 <0% 0.13 22%
Exact match 0.59 100% 0.26 44% -0.11 <0% 0.01 2% 0.10 17%
LLM-as-a-judge 0.60 100% 0.31 52% -0.13 <0% -0.24 <0% 0.25 42%

Long-form generation datasets
AlignScore 0.20 100% 0.00 0% 0.04 20% 0.05 25% -0.00 0%
ROUGE-L 0.20 100% -0.07 <0% 0.03 15% -0.03 <0% 0.00 0%
LLM-as-a-judge 0.11 100% 0.04 36% -0.06 <0% 0.05 45% 0.00 0%

Table 13: PRR results (higher is better) for SAPLMA (top) across four correctness functions used for evaluation
(AlignScore is used for training), for Llama 3.1-8B. Each value is shown alongside its percentage of the ID score
for that metric. Exact match is excluded for long-form generations as the metric is uninformative in this setting.

Architecture ID LOO DiffTask

Middle-layer hidden states
SAPLMA 0.58 0.29 0.25
Uhead (1 layer) 0.52 0.26 0.21
Uhead (2 layers) 0.50 0.23 0.13
Linear regression (GD) 0.52 0.24 0.26
Linear regression (CF) 0.39 0.12 0.05
Linear regression (CF) + PCA 0.50 0.22 0.16
Linear regression (CF, Ridge) 0.44 0.17 0.11

SAPLMA variations
SAPLMA (2 layer) 0.57 0.29 0.24
SAPLMA (3 layers) 0.57 0.26 0.24
SAPLMA (5 layers) 0.60 0.30 0.21

Table 14: Architecture comparison on ProbeDriftLight
using middle-layer hidden states (single-column ver-
sion). OOD: LOO = leave-one-out; DiffTask = multiple
datasets, different task. The best result (measuring PRR)
in each column is in bold. Results are an average across
both Llama and Gemma models. CF = closed-form; GD
= gradient-descent.

Additionally, we compare using an average from
each of the response tokens to results using only the
last response token, testing this across a variety of
different LLMs (see Table 27). These were the two
strategies with the highest in-distribution perfor-
mance in Table 4. This analysis shows how using
the average aggregation is more robust for all of
the models further OOD (in the DiffTask setting).

K Hidden State Visualisations

This section shows the Partial Least Squares regres-
sion visualisations for both SciQ and PubmedQA.
As expected, for SciQ the graphs show how less
correct generations are less easily distinguishable
from more correct generations in further OOD set-
tings (see Figure 4).

For PubmedQA (see Figure 5) there are two dis-
tinct groups of examples, which upon closer inspec-

tion represent examples where the model provides
a yes/no answer without further elaboration (the
smaller group, which have low AlignScores), and
where the model provides an elaboration alongside
its answer (the larger group). We find that sepa-
rating these two types of answers is insufficient
for good performance. Within the larger group
of examples, for the in-distribution graph we can
see that the correct and less correct examples are
somewhat distinguishable, although not to the same
extent as for SciQ and TriviaQA. This is explained
by the lower PRR observed on PubmedQA (0.39
for SAPLMA, see Table 25), compared to SciQ
and TriviaQA (0.63 and 0.74 respectively). Similar
to the other datasets, these examples become less
distinguishable in further OOD settings.

Table 19 shows the Spearman’s rank correlation
coefficients for both the training and test data for
the PLS regression models.

L Full Analysis of Past Experimentation

Table 33 provides the full list of papers analysed
for their OOD experimentation and claims. We in-
clude probing papers from 2024 onwards, by which
point SAPLMA (Azaria and Mitchell, 2023) was
an established approach. For each paper, we in-
vestigate the different distributional shifts tested,
considering evaluation in a leave-one-out setting
(which we describe as near-OOD), evaluation after
training on a single same-task dataset, and evalu-
ation after training only on different-task datasets.
We also highlight work that evaluates OOD perfor-
mance on at least 3 different test sets, and papers
that do not rely entirely on synthetic evaluation.
Finally, we consider which papers include a strong
unsupervised baseline (using the model soft prob-
abilities, such as MSP or Perplexity), or a strong
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ID LOO 1D-SameTask DiffTask 1D-DiffTask

near OOD −→ more OOD −→ most OOD

AlignScore — Short-form generation datasets
SAPLMA (middle) 0.63 100% 0.46 73% 0.26 41% 0.35 56% 0.32 51%
SAPLMA (top) 0.54 100% 0.26 48% -0.12 <0% -0.14 <0% 0.18 33%
Uhead (1 layer) 0.63 100% 0.17 27% 0.24 38% 0.16 25% 0.08 13%
Uhead (2 layers) 0.63 100% 0.15 24% 0.15 24% -0.27 <0% -0.36 <0%
SATMD 0.30 100% 0.35 117% -0.15 <0% 0.21 70% 0.15 50%
SATRMD 0.47 100% 0.17 36% -0.11 <0% 0.21 45% 0.13 28%
Lookback-lens 0.27 100% 0.00 0% -0.03 <0% -0.13 <0% 0.19 70%

SATMD-MSP 0.44 100% 0.32 73% 0.06 14% 0.24 55% 0.23 52%
SATRMD-MSP 0.60 100% 0.30 50% 0.05 8% 0.20 33% 0.21 35%
HUQ-SATMD 0.58 100% 0.59 102% -0.14 <0% 0.22 38% 0.25 43%
HUQ-SATRMD 0.61 100% 0.47 77% -0.08 <0% 0.24 39% 0.18 30%

Avg. supervised 0.50 100% 0.22 45% 0.03 7% 0.06 11% 0.10 20%
Avg. hybrid 0.56 100% 0.42 75% -0.03 <0% 0.23 40% 0.22 39%

MSP 0.57 0.57 0.57 0.57 0.57

ROUGE-L — Short-form generation datasets
SAPLMA (middle) 0.70 100% 0.49 70% 0.30 43% 0.33 47% 0.35 50%
SAPLMA (top) 0.60 100% 0.28 47% -0.12 <0% -0.04 <0% 0.13 22%
Uhead (1 layer) 0.73 100% 0.33 45% 0.23 32% 0.18 25% 0.01 1%
Uhead (2 layers) 0.74 100% 0.30 41% 0.12 16% -0.18 <0% -0.12 <0%
SATMD 0.32 100% 0.26 81% -0.26 <0% 0.27 84% 0.24 75%
SATRMD 0.55 100% 0.31 56% -0.06 <0% 0.26 47% 0.16 29%
Lookback-lens 0.33 100% 0.13 39% -0.09 <0% -0.03 <0% 0.32 97%

SATMD-MSP 0.63 100% 0.04 6% -0.15 <0% 0.19 30% 0.16 25%
SATRMD-MSP 0.71 100% 0.29 41% 0.00 0% 0.18 25% 0.10 14%
HUQ-SATMD 0.63 100% 0.60 95% -0.18 <0% 0.26 41% 0.24 38%
HUQ-SATRMD 0.70 100% 0.59 84% -0.02 <0% 0.27 39% 0.17 24%

Avg. supervised 0.57 100% 0.30 53% 0.02 3% 0.11 20% 0.16 27%
Avg. hybrid 0.67 100% 0.38 57% -0.09 <0% 0.23 34% 0.17 25%

MSP 0.63 0.63 0.63 0.63 0.63

Accuracy — Short-form generation datasets
SAPLMA (middle) 0.70 100% 0.48 69% 0.30 43% 0.33 47% 0.31 44%
SAPLMA (top) 0.59 100% 0.26 44% -0.11 <0% 0.01 2% 0.10 17%
Uhead (1 layer) 0.74 100% 0.32 43% 0.23 31% 0.15 20% 0.03 4%
Uhead (2 layers) 0.75 100% 0.31 41% 0.10 13% -0.21 <0% -0.06 <0%
SATMD 0.27 100% 0.26 96% -0.17 <0% 0.25 93% 0.18 67%
SATRMD 0.56 100% 0.34 61% -0.09 <0% 0.22 39% 0.09 16%
Lookback-lens 0.29 100% 0.10 34% -0.03 <0% -0.03 <0% 0.40 138%

SATMD-MSP 0.63 100% 0.10 16% -0.09 <0% 0.15 24% 0.10 16%
SATRMD-MSP 0.71 100% 0.32 45% -0.02 <0% 0.11 15% 0.03 4%
HUQ-SATMD 0.69 100% 0.66 96% -0.13 <0% 0.23 33% 0.17 25%
HUQ-SATRMD 0.75 100% 0.64 85% -0.04 <0% 0.21 28% 0.08 11%

Avg. supervised 0.56 100% 0.30 53% 0.03 6% 0.10 18% 0.15 27%
Avg. hybrid 0.69 100% 0.43 62% -0.07 <0% 0.17 25% 0.10 14%

MSP 0.69 0.69 0.69 0.69 0.69

Table 15: PRR results (higher is better) for Llama 3.1-8B across three correctness functions (AlignScore, ROUGE-L,
and exact match accuracy), for short-form generation datasets only. Each value is shown alongside its percentage of
the ID score for that method. Average rows show the mean PRR across supervised and hybrid methods respectively,
with percentages computed relative to the averaged ID score.

supervised baseline (training a probe with a middle
layer hidden state, which for Table 33 we define
as any hidden state that is not from the first or last
layer).

M Probe Architectures

We experiment with a range of different probe ar-
chitectures when using the middle layer hidden
state from the model (which the best performing

SAPLMA baseline used). Similar to the other re-
sults in Section 4, we consider an average from
Gemma-2-9B and Llama 3.1-8B across SciQ, Triv-
iaQA and PubmedQA. We experiment with the
SAPLMA architecture, a four layer MLP with hid-
den layers of size 256, 128 and 64, with a single
output logit on the final layer. We also experiment
with the two Uhead architectures used by Shel-
manov et al. (2025) after their hyper-parameter tun-
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Scoring judgements Binary judgements

Dataset 0 (0, 1) 1 0 1

COQA 9.6% 8.5% 82.0% 14.1% 85.9%
PubmedQA 5.2% 17.4% 77.4% 10.0% 90.0%
SciQ 4.2% 4.5% 91.3% 7.0% 93.0%
TriviaQA 35.2% 3.9% 61.0% 37.5% 62.5%

Table 16: Score distributions for scoring LLM-as-a-Judge judgements vs binary judgements. We show results for
our QA datasets, as binary judgements are less suitable for summarisation tasks.

ID LOO DiffTask

Eval Metric PRR % PRR % PRR %

Short-form — Trained with AlignScore
AlignScore 0.69 100% 0.52 77% 0.35 52%
ROUGE-L 0.78 100% 0.57 73% 0.32 40%
Accuracy 0.77 100% 0.57 75% 0.32 41%
LLM-judge 0.74 100% 0.61 82% 0.51 68%

Short-form — Trained with LLM-as-a-judge
AlignScore 0.66 100% 0.56 86% 0.36 55%
ROUGE-L 0.62 100% 0.56 90% 0.39 62%
Accuracy 0.57 100% 0.53 92% 0.35 62%
LLM-judge 0.86 100% 0.72 84% 0.55 64%

Long-form — Trained with AlignScore
AlignScore 0.39 100% 0.04 10% 0.19 49%
ROUGE-L 0.40 100% -0.17 <0% 0.09 22%
LLM-judge 0.36 100% 0.32 89% 0.06 17%

Long-form — Trained with LLM-as-a-judge
AlignScore -0.08 - -0.11 - 0.13 -
ROUGE-L -0.35 - -0.41 - -0.02 -
LLM-judge 0.69 100% 0.31 45% 0.46 67%

Table 17: PRR results (higher is better) for SAPLMA
(middle) trained with different training signals, evalu-
ated with four correctness functions, for Llama 3.1-8B
with ProbeDriftLight. Accuracy is excluded as an eval-
uation metric for long-form generations (as this is not
applicable in these cases). Each value is shown along-
side its percentage of the ID score for that metric.

ing. The single layer Uhead architecture involves
a single transformer layer with 16 attention heads,
while the 2 layer Uhead has 4 attention heads. Both
architectures have 768 dimensional hidden states.
We additionally experiment with a single linear
layer (Chuang et al., 2024), and a linear layer after
applying PCA (Vazhentsev et al., 2025b). Based
on the success of SAPLMA, we also experiment
with removing either one or two linear layers (re-
moving those with the largest dimensionality), or
introducing an additional layer with a 512 dimen-
sional hidden state (resulting in 5 layers with 512,
256, 128 and 64 dimensional hidden states respec-
tively).

We find that all the probes tested (with the excep-
tion of linear probes) achieve very similar levels

of robustness (see Table 14). When evaluating in a
leave-one-out OOD setting, all other architectures
are within 0.07 percentage points. We conclude
that the choice of architecture makes less differ-
ence to the probe’s robustness (although interest-
ingly we see larger differences for in-distribution
performance). For linear probes, their robustness
depends on the training procedure, with probes
trained with gradient descent achieving similar
robustness to other probing architectures, while
closed-form methods (including when trained with
PCA or ridge regression regularisation) have worse
robustness.

Our results also suggest that additional hyper-
parameter tuning for the probes is unlikely to fur-
ther improve robustness. We find similar perfor-
mance across each type of probe with their different
parameters (for example comparing the two Uhead
configurations). Moreover, as hyper-parameter
tuning is also likely to be conducted on an in-
distribution validation set, we argue that this is
unlikely to lead to substantial improvements in ro-
bustness.

N LLM-as-a-Judge Setup

For our LLM-as-a-Judge we allow for either a cor-
rect judgement (a score of 1), an incorrect judge-
ment (a score of 0), or a partially correct judge-
ment with a score between 0 and 1. We do this to
avoid class imbalances which cause higher variance
with the PRR metric, which considers the extent to
which more correct instances are more confident
than less correct instances. We show the difference
in distribution between both approaches in Table
16, where the binary-judgement LLM-as-a-Judge
setup mirrors the judge in Orgad et al. (2025).

We use GPT-5 (gpt-5-2025-08-07) (Singh et al.,
2026) for the LLM-as-a-Judge. The soft scoring
approach used in the paper uses the prompts in
Figure 6. Human preferences are used to assess the
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Dataset Pairs seen (incl. ties) # Ties Sample size Tie rate

SciQ 261 211 50 80.8%
TriviaQA 109 59 50 54.1%
XSum 91 41 50 45.1%

Table 18: Number of pairs sampled for the human evaluation, before and after excluding pairs where human
annotation expressed no preference.

Train ρ Test ρ

SciQ

ID 0.7421 0.5163
LOO 0.5432 0.4633
DiffTask 0.5528 0.2518

TriviaQA

ID 0.5988 0.5385
LOO 0.5733 0.2601
DiffTask 0.5528 0.2738

PubmedQA

ID 0.3754 0.3526
LOO 0.6221 -0.0674
DiffTask 0.5528 -0.0903

Table 19: Spearman’s rank correlation coefficient for
PLS regression models for both the training and test
data.

Training set size ID LOO DiffTask

SAPLMA (middle)
Normal (1x) 0.59 0.36 0.30
x2 0.59 0.37 0.17
x4 0.62 0.40 0.32

SAPLMA (top)
Normal (1x) 0.51 0.17 -0.10
x2 0.52 0.06 0.02
x4 0.56 0.22 0.09

Table 20: PRR results (higher is better) for SAPLMA
(middle) and SAPLMA (top), comparing training set
size (Normal, 2x, and 4x the standard size) for Llama-
3.1-8B with ProbeDriftLight.

LLM-as-a-Judge, comparing the LLM-as-a-Judge
to other correctness functions (see Appendix G):

O The performance of unsupervised
baselines

Table 23 and Table 24 show the performance of
a range of unsupervised methods for Llama-3.1
and Gemma-2 respectively. We find that MSP
(Maximum Sequence Probability) performs best
for short-form generations on average across both
models, and we therefore consider this as our main
unsupervised baseline. For long-form generations
all methods perform poorly (with close to random
chance performance).

The unsupervised baselines include MSP, Per-

plexity, Lexical Similarity (Fomicheva et al., 2020),
the DegMat, Eccentricity and EigValLaplacian
methods proposed by Lin et al. (2024), Semantic
Entropy (Kuhn et al., 2023) and SAR (Duan et al.,
2024).

P Scaling up Training Data Size

Throughout this work, we fix the number of train-
ing examples to allow a like-for-like comparison
between experiments, training probes with 1,800
training instances. In Table 20 we also experiment
with training with more data, using either two or
four times the amount of training data.

When increasing the size of the training data,
there are small improvements in in-distribution per-
formance. There are also some improvements in
out-of-distribution performance, although these are
less consistent. We find similar behaviour when
increasing the size of the training data, with probes
on the middle layer hidden states being consistently
more robust than probes trained on the last layer
hidden states.

Q Training and Evaluation Datasets used
OOD

Table 22 provides a comprehensive list of each of
the datasets used for training for each OOD setting
and dataset used for evaluation. In each case, we
fix the number of training instances to 1,800. We
evaluate on at most 2,000 test instances (following
Vazhentsev et al. (2025b)).

R Additional Baseline for Long-Form
Answers

We additionally consider the probing method pro-
posed by Obeso et al. (2025) specifically for long-
form generations. This approach involves addi-
tional annotation for each training instance to create
hallucination labels for different entities. Therefore,
we use the probes provided by Obeso et al. (2025)
which are trained on a sample of 10,000 instances
from LongFact (Wei et al., 2024), LongFact++ and
TriviaQA. The training process involves using a
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Dataset Avg. words

Short-form generation datasets

SciQ 1.5
TriviaQA 2.3
COQA 2.5

Avg. Short form 2.1

Long-form generation datasets

XSum 20.9
PubmedQA 37.1
CNN 54.4

Avg. Long form 37.5

Table 21: Average dataset answer lengths.

LoRA adapter to change the behaviour of the origi-
nal baseline model in addition to training a linear
probe. For evaluation, we consider each test in-
stance as a single entity.

As we present in Table 25, despite the much
larger training sample, the additional entity-level
annotation, and the use of the LoRA adapter, we do
not find more robust behaviour from these probes.
Similar to the other probes considered, perfor-
mance on the long-form datasets is similar to ran-
dom chance performance.

S Answer Length by Dataset

Table 21 shows the answer lengths (number of
words) for each dataset, showing which datasets
are categorised as long-form and short-form based
on the length of their answers. The short-form
generations have 2.1 words on average per answer,
compared to 37.5 for the long-form generations.
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Figure 4: Visualisation of Llama 3.1-8B hidden states (layer 16) evaluated on SciQ, either for in-distribution,
leave-one-out or different task OOD settings. Hidden states are down-projected to 2d subspaces using PLS models
fitted to predict AlignScore from the training examples. As OOD-ness increases, hidden states of more correct
generations (blue) and less correct generations (red) become less separable. Kernel density contour lines show the
density of generations above and below the median AlignScore.
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Figure 5: Visualisation of Llama 3.1-8B hidden states (layer 16) evaluated on PubmedQA, either for in-distribution,
leave-one-out or different task OOD settings. Hidden states are down-projected to 2d subspaces using PLS models
fitted to predict AlignScore from the training examples. As OOD-ness increases, hidden states of more correct
generations (blue) and less correct generations (red) become less separable. Kernel density contour lines show the
density of generations above and below the median AlignScore.

QA LLM-as-a-Judge prompt:
Evaluate the following answers to questions. For each question you will be given a model answer and the correct answer. 
You must rate how correct the model answer is on a scale from 0.0 to 1.0, where: 
- 1.0 means the model answer is completely correct 
- 0.0 means the model answer is completely incorrect or wrong 
- Values in between reflect answers that are partially correct but incomplete or imprecise 

Only respond with a number between 0.0 to 1.0. Do not write any explanation. 

For example: 

Question: who is the young guitarist who played with buddy guy? 
Ground Truth: Quinn Sullivan 
Model Answer: Ronnie Earl 
Score: 0.0 

Question: name of the first episode of stranger things 
Ground Truth: Chapter One: The Vanishing of Will Byers 
Model Answer: The disappearance of Will Byers 
Score: 0.0 

Question: What are the symptoms of diabetes? 
Ground Truth: Common symptoms include increased thirst, frequent urination, fatigue, and blurred vision. 
Model Answer: Symptoms of diabetes include increased thirst and frequent urination. 
Score: 0.6 

Question: What is the capital of Australia? 
Ground Truth: Canberra 
Model Answer: Canberra, which is located in the Australian Capital Territory 
Score: 1.0 

{input_question} 
Ground Truth: {label} 
Model Answer: {model_answer} 
Score:

Summarisation LLM-as-a-Judge prompt:
Only respond with a number between 0.0 to 1.0. Do not write any explanation. 

The task below is a text summarisation task. You will see a Text, a Ground Truth Summary, and a Model Summary. Score how well the Model Summary matches the Ground Truth Summary 
from 0.0 to 1.0, where 1.0 means it conveys the same information, 0.0 means it is completely different or irrelevant, and scores in between reflect partial overlap in the key 
points covered. 

{input_question} 
Ground Truth Summary: {label} 
Model Summary: {model_answer} 
Score:

Figure 6: LLM prompts used for question answering and summarisation tasks.
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Evaluation data ID LOO 1D-SameTask DiffTask 1D-DiffTask

QA evaluation data

SciQ
(1000)

SciQ
(1800)

SamSum (200),
XSum (200),
CNN-Dailymail (200),
COQA (200),
TriviaQA (200),
MMLU (200),
PubmedQA (200),
MedQUAD (200),
TruthfulQA (200)

MedQUAD
(1800)

SamSum (600),
XSum (600),
CNN-Dailymail (600)

SamSum
(1800)

TriviaQA
(2000)

TriviaQA
(1800)

SamSum (200),
XSum (200),
CNN-Dailymail (200),
COQA (200),
SciQ (200),
MMLU (200),
PubmedQA (200),
MedQUAD (200),
TruthfulQA (200)

MedQUAD
(1800)

SamSum (600),
XSum (600),
CNN-Dailymail (600)

SamSum
(1800)

PubmedQA
(2000)

PubmedQA
(1800)

SamSum (200),
XSum (200),
CNN-Dailymail (200),
COQA (200),
SciQ (200),
MMLU (200),
TriviaQA (200),
MedQUAD (200),
TruthfulQA (200)

MedQUAD
(1800)

SamSum (600),
XSum (600),
CNN-Dailymail (600)

SamSum
(1800)

COQA
(2000)

COQA
(1800)

SamSum (200),
XSum (200),
CNN-Dailymail (200),
PubmedQA (200),
SciQ (200),
MMLU (200),
TriviaQA (200),
MedQUAD (200),
TruthfulQA (200)

MedQUAD
(1800)

SamSum (600),
XSum (600),
CNN-Dailymail (600)

SamSum
(1800)

Summarisation evaluation data

XSum
(2000)

XSum
(1800)

SamSum (200),
SciQ (200),
CNN-Dailymail (200),
COQA (200),
TriviaQA (200),
MMLU (200),
PubmedQA (200),
MedQUAD (200),
TruthfulQA (200)

SamSum
(1800)

SciQ (300),
MMLU (300),
TriviaQA (300),
COQA (300),
TruthfulQA (300),
MedQUAD (300)

MedQUAD
(1800)

CNN-Dailymail
(2000)

CNN-Dailymail
(1800)

SamSum (200),
SciQ (200),
XSum (200),
COQA (200),
TriviaQA (200),
MMLU (200),
PubmedQA (200),
MedQUAD (200),
TruthfulQA (200)

SamSum
(1800)

SciQ (300),
MMLU (300),
TriviaQA (300),
COQA (300),
TruthfulQA (300),
MedQUAD (300)

MedQUAD
(1800)

Table 22: For each dataset used for evaluation, the different datasets used for training are provided for each OOD
setting. In each case, the number of training examples are provided next to each dataset (the total is always 1,800
for each experiment). The total amount of evaluation data used for each dataset is also provided in the first column
(we sample at most 2000 test instances).
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Short-form Long-form

Method SciQ COQA TriviaQA Avg. Short XSum CNN PubmedQA Avg. Long

Llama 3.1-8B results
MSP 0.58 0.45 0.69 0.57 -0.13 0.10 -0.01 -0.01
Perplexity 0.20 0.45 0.69 0.45 -0.11 0.24 -0.04 0.03
DegMat NLI Score Ent 0.55 0.43 0.72 0.57 0.06 0.16 0.07 0.10
Eccentricity NLI Score Ent 0.52 0.44 0.65 0.54 0.02 0.05 0.01 0.03
Eig ValLaplacian NLI Score Ent 0.52 0.47 0.71 0.57 0.06 0.16 0.07 0.10
Lexical Similarity ROUGE-L 0.49 0.42 0.71 0.54 0.02 0.09 0.05 0.05
SAR 0.45 0.45 0.76 0.55 0.01 0.13 0.02 0.05
Semantic Entropy 0.52 0.44 0.56 0.51 0.02 0.08 0.02 0.04
SentenceSAR 0.55 0.46 0.73 0.58 -0.04 0.06 -0.03 -0.00

Table 23: Performance of unsupervised methods using Llama-3.1-8B on our chosen datasets, using PRR with
AlignScore for evaluation.

Short-form Long-form

Method SciQ COQA TriviaQA Avg. Short XSum CNN PubmedQA Avg. Long

Gemma-2-9B results
MSP 0.61 0.53 0.77 0.64 -0.14 0.05 -0.21 -0.10
Perplexity 0.18 0.52 0.73 0.48 -0.19 0.01 0.20 0.01
DegMat NLI Score Ent 0.51 0.42 0.74 0.56 0.09 0.10 0.02 0.07
Eccentricity NLI Score Ent 0.50 0.48 0.72 0.57 0.02 0.06 -0.00 0.03
Eig ValLaplacian NLI Score Ent 0.48 0.45 0.75 0.56 0.09 0.10 0.03 0.07
Lexical Similarity ROUGE-L 0.47 0.44 0.74 0.55 0.06 0.10 0.05 0.07
SAR 0.44 0.48 0.75 0.56 0.03 0.11 0.03 0.06
Semantic Entropy 0.49 0.49 0.60 0.53 0.07 0.08 0.02 0.06
SentenceSAR 0.58 0.53 0.75 0.62 -0.00 0.06 -0.06 -0.00

Table 24: Performance of unsupervised methods using Gemma-2-9B on our chosen datasets, using PRR with
AlignScore for evaluation.

Short-form Long-form

Method SciQ COQA TriviaQA Avg. Short XSum CNN PubmedQA Avg. Long

Llama 3.1-8B results

SAPLMA (ID) 0.63 0.52 0.74 0.63 0.32 0.24 0.39 0.32
SAPLMA (LOO) 0.57 0.32 0.48 0.46 0.07 -0.03 0.04 0.03
SAPLMA (1D-SameTask) 0.27 0.03 0.46 0.26 0.13 0.02 0.06 0.07
SAPLMA (DiffTask) 0.35 0.33 0.36 0.35 0.12 0.05 0.19 0.12
SAPLMA (1D-DiffTask) 0.35 0.27 0.33 0.32 0.09 -0.04 0.08 0.04

Obeso et al. (2025) 0.50 0.26 0.37 0.38 0.01 -0.01 -0.05 -0.02

Table 25: We compare the robustness of the method proposed by Obeso et al. (2025), showing no better robustness
on long-form tasks compared to the SAPLMA probe (using the middle-layer hidden states).
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AlignScore ROUGE-L Accuracy
Layer ID LOO DiffTask ID LOO DiffTask ID LOO DiffTask

Llama-3.1-8B
middle-12 0.39 0.03 0.20 0.47 0.07 0.25 0.50 0.39 0.34
middle-8 0.49 0.21 0.17 0.57 0.21 0.15 0.59 0.35 0.38
middle-4 0.58 0.21 0.18 0.63 0.26 0.14 0.64 0.46 0.21
middle 0.59 0.36 0.30 0.65 0.32 0.24 0.68 0.55 0.38
middle+4 0.55 0.31 0.24 0.59 0.27 0.19 0.62 0.50 0.37
middle+8 0.51 0.28 0.09 0.56 0.26 0.12 0.60 0.46 0.24
middle+12 0.51 0.28 0.06 0.57 0.23 0.10 0.61 0.47 0.26
last 0.51 0.17 -0.10 0.57 0.12 -0.08 0.61 0.36 0.12

Llama-3.1-8B-IT
middle-12 0.45 0.10 -0.02 0.34 0.11 0.02 0.47 0.31 0.20
middle-8 0.55 0.09 0.05 0.45 0.11 0.05 0.54 0.30 0.26
middle-4 0.62 0.31 0.06 0.55 0.25 0.08 0.62 0.44 0.28
middle 0.64 0.29 0.11 0.56 0.28 0.13 0.64 0.48 0.33
middle+4 0.62 0.31 0.06 0.51 0.28 0.05 0.63 0.46 0.24
middle+8 0.59 0.24 0.01 0.50 0.23 0.06 0.60 0.43 0.26
middle+12 0.59 0.22 0.02 0.48 0.22 0.07 0.60 0.41 0.27
last 0.55 0.25 0.01 0.46 0.26 0.05 0.58 0.43 0.26

Gemma-2-9B
middle-16 0.35 0.06 0.11 0.40 0.01 0.07 0.46 0.33 0.23
middle-12 0.44 0.02 0.07 0.54 -0.07 -0.03 0.50 0.28 0.26
middle-8 0.50 0.15 0.15 0.56 0.07 -0.01 0.57 0.40 0.23
middle-4 0.56 0.17 0.25 0.64 0.12 0.28 0.60 0.47 0.29
middle 0.58 0.22 0.20 0.64 0.15 0.09 0.62 0.48 0.38
middle+4 0.59 0.29 0.27 0.69 0.22 0.17 0.64 0.53 0.44
middle+8 0.60 0.26 0.21 0.69 0.18 0.16 0.63 0.52 0.37
middle+12 0.55 0.26 0.17 0.63 0.19 0.12 0.60 0.52 0.32
middle+16 0.53 0.24 0.17 0.64 0.16 0.12 0.60 0.49 0.31
last 0.54 0.17 0.01 0.65 0.12 0.03 0.62 0.44 0.14

OLMo-2-7B
middle-12 0.33 0.10 0.08 0.32 0.08 0.07 0.28 0.15 0.13
middle-8 0.42 0.15 0.10 0.42 0.13 0.08 0.41 0.18 0.16
middle-4 0.52 0.28 0.18 0.49 0.23 0.19 0.48 0.24 0.27
middle 0.58 0.42 0.37 0.56 0.43 0.37 0.55 0.47 0.31
middle+4 0.54 0.35 0.33 0.53 0.36 0.34 0.51 0.38 0.37
middle+8 0.52 0.34 0.26 0.49 0.30 0.22 0.49 0.36 0.23
middle+12 0.51 0.33 0.14 0.46 0.29 0.13 0.48 0.30 0.13
last 0.48 0.31 0.16 0.44 0.29 0.16 0.47 0.35 0.14

Falcon-7B
middle-12 0.46 0.03 0.16 0.54 -0.10 0.28 0.52 0.27 0.26
middle-8 0.50 0.10 0.16 0.60 -0.08 0.25 0.56 0.29 0.26
middle-4 0.56 0.23 0.17 0.61 0.09 0.05 0.60 0.44 0.37
middle 0.56 0.25 0.20 0.65 0.11 0.15 0.61 0.44 0.30
middle+4 0.54 0.20 0.18 0.64 0.10 0.16 0.62 0.44 0.25
middle+8 0.54 0.25 0.26 0.66 0.13 0.31 0.62 0.45 0.31
middle+12 0.52 0.21 0.22 0.63 0.10 0.17 0.59 0.45 0.28
last 0.51 0.16 0.10 0.61 0.05 -0.01 0.57 0.39 0.22

Qwen-2.5-3B-IT
middle-12 0.46 0.06 -0.00 0.55 0.04 -0.04 0.49 0.32 0.24
middle-8 0.48 0.09 0.01 0.56 0.17 -0.19 0.49 0.28 0.14
middle-4 0.54 0.14 0.08 0.61 0.19 -0.01 0.54 0.36 0.20
middle 0.61 0.09 0.03 0.70 0.11 -0.18 0.62 0.36 0.12
middle+4 0.64 0.21 0.13 0.72 0.20 0.12 0.65 0.45 0.25
middle+8 0.67 0.34 0.20 0.76 0.37 -0.01 0.68 0.55 0.29
middle+12 0.65 0.23 0.07 0.74 0.23 -0.06 0.65 0.45 0.19
last 0.59 0.22 0.11 0.68 0.17 -0.02 0.60 0.44 0.20

Average (all models)
middle-12 0.42 0.06 0.08 0.46 0.02 0.09 0.46 0.29 0.24
middle-8 0.49 0.13 0.11 0.53 0.10 0.05 0.53 0.30 0.24
middle-4 0.56 0.22 0.15 0.59 0.19 0.12 0.58 0.40 0.27
middle 0.59 0.27 0.20 0.63 0.23 0.13 0.62 0.46 0.30
middle+4 0.58 0.28 0.20 0.61 0.24 0.17 0.61 0.46 0.32
middle+8 0.57 0.29 0.17 0.61 0.25 0.15 0.61 0.46 0.28
middle+12 0.55 0.26 0.11 0.58 0.21 0.09 0.59 0.43 0.24
last 0.53 0.21 0.05 0.57 0.17 0.02 0.57 0.40 0.18

Table 26: PRR results (higher is better) by representation layer across three correctness functions and six LLMs,
evaluated on ProbeDriftLight. Bold indicates the best value per column within each model section. We consider
the following models: Llama-3.1-8B (Grattafiori et al., 2024), Llama 3.1-8B-IT, Gemma-2-9B (Team et al., 2024),
OLMo-2-7B (OLMo et al., 2025), Falcon-7B (Almazrouei et al., 2023) and Qwen-2.5-3B-IT (Qwen et al., 2025).
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Model Method ID LOO DiffTask

Llama-3.1-8B Avg response tokens 0.59 0.36 0.30
Last response token 0.58 0.36 0.16

Llama-3.1-8B-IT Avg response tokens 0.64 0.29 0.11
Last response token 0.61 0.21 -0.06

Gemma-2-9B Avg response tokens 0.58 0.22 0.20
Last response token 0.57 0.25 0.02

OLMo-2-7B Avg response tokens 0.58 0.42 0.37
Last response token 0.53 0.40 0.28

Falcon-7B Avg response tokens 0.56 0.25 0.20
Last response token 0.56 0.26 0.19

Qwen-2.5-3B-IT Avg response tokens 0.61 0.09 0.03
Last response token 0.56 0.17 -0.09

Average Avg response tokens 0.59 0.27 0.20
Last response token 0.57 0.27 0.08

Table 27: PRR results for SAPLMA using AlignScore, comparing average vs last response token aggregation,
averaged across SciQ, TriviaQA, and PubmedQA. We consider the following models: Llama-3.1-8B (Grattafiori
et al., 2024), Llama 3.1-8B-IT, Gemma-2-9B (Team et al., 2024), OLMo-2-7B (OLMo et al., 2025), Falcon-7B
(Almazrouei et al., 2023) and Qwen-2.5-3B-IT (Qwen et al., 2025).
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Aggregation Method ID LOO DiffTask

AlignScore
Average of response tokens 0.59 0.36 0.30
Last response token 0.58 0.36 0.16
Random response token 0.41 0.27 0.24
Average of all tokens 0.38 0.05 0.17
Average of context tokens 0.32 0.07 0.16
Last context token 0.46 0.25 0.13

ROUGE-L
Average of response tokens 0.65 0.32 0.24
Last response token 0.63 0.35 0.21
Random response token 0.46 0.22 0.16
Average of all tokens 0.47 0.02 0.04
Average of context tokens 0.29 0.03 0.05
Last context token 0.42 0.19 0.02

Accuracy
Average of response tokens 0.68 0.55 0.38
Last response token 0.66 0.51 0.33
Random response token 0.54 0.45 0.32
Average of all tokens 0.51 0.22 0.19
Average of context tokens 0.37 0.20 0.20
Last context token 0.52 0.36 0.18

LLM-as-a-judge
Average of response tokens 0.61 0.51 0.35
Last response token 0.56 0.50 0.17
Random response token 0.45 0.35 0.28
Average of all tokens 0.40 0.19 0.36
Average of context tokens 0.36 0.15 0.33
Last context token 0.50 0.43 0.23

Table 28: PRR results (higher is better) for SAPLMA
(middle) across token aggregation strategies and four
evaluation metrics, for Llama-3.1-8B. Results are aver-
aged across SciQ, TriviaQA, and PubmedQA.

ID LOO DiffTask

Representation layer
middle-12 0.35 -0.16 0.02
middle-8 0.36 -0.05 0.01
middle-4 0.42 -0.09 0.29
middle 0.39 -0.09 0.00
middle+4 0.38 -0.12 -0.02
middle+8 0.38 -0.12 0.07
middle+12 0.38 -0.13 0.06
last 0.33 -0.13 0.05

Token aggregation
Avg. response tokens 0.39 -0.09 0.01
Last response token 0.38 -0.07 -0.02
Random response token 0.21 -0.12 -0.01

Avg. all tokens 0.22 -0.08 0.00
Avg. context tokens 0.12 -0.08 -0.01
Last context token 0.23 0.01 0.00

Probe architecture
SAPLMA (4 layers) 0.39 -0.09 0.01
Uhead (1 layer) 0.36 -0.14 0.14
Uhead (2 layers) 0.34 -0.15 -0.04

SAPLMA (2 layers) 0.39 -0.15 0.10
SAPLMA (3 layers) 0.38 -0.11 0.01
SAPLMA (5 layers) 0.42 -0.09 0.07

Table 29: PRR results (higher is better) for Pub-
medQA (long-form), averaged across Llama-3.1-8B and
Gemma-2-9B. Each section varies one design dimen-
sion while holding others fixed. The layer section uses
the SAPLMA architecture with average response token
aggregation; the aggregation section uses the middle
layer; the architecture section uses the middle layer
with average response token aggregation.
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Method ID LOO 1D-SameTask DiffTask 1D-DiffTask

MSP 0.57 0.57 0.57 0.57 0.57
SAPLMA (mid) 0.63 0.46 0.26 0.35 0.32
HBO (paper version) 0.66 0.61 0.57 0.57 0.57
HBO (simplified) 0.63 0.55 0.57 0.57 0.57

Table 30: PRR results (higher is better) comparing the HBO configuration used in the paper against a simplified
configuration (UQusv = R, UQsv = 1−R), averaged across all three short-form datasets (SciQ, TriviaQA, CoQA)
for Llama 3.1-8B.

Method ID LOO 1D-SameTask DiffTask 1D-DiffTask

MSP 0.58 0.58 0.58 0.58 0.58
SAPLMA (mid) 0.63 0.57 0.27 0.35 0.35
HBO (paper version) 0.68 0.64 0.58 0.58 0.58
HBO (simplified) 0.63 0.62 0.58 0.59 0.58

Table 31: PRR results (higher is better) comparing the HBO configuration used in the paper against a simplified
configuration, for SciQ only – the dataset used as a validation set to select between the two configurations – for
Llama 3.1-8B.

Method ID LOO 1D-SameTask DiffTask 1D-DiffTask

MSP 0.57 0.57 0.57 0.57 0.57
SAPLMA (mid) 0.63 0.40 0.25 0.35 0.30
HBO (paper version) 0.66 0.59 0.57 0.57 0.57
HBO (simplified) 0.63 0.51 0.57 0.56 0.57

Table 32: PRR results (higher is better) comparing the HBO configuration used in the paper against a simplified
configuration, averaged across the short-form datasets excluding SciQ (TriviaQA, CoQA) for Llama 3.1-8B.
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Degrees of OOD eval Breadth of eval Strong OOD baselines Claims

Method None LOO 1D-SameTask DiffTask 3+ Eval Nat. Unsup. Sup. +ve claim

Vazhentsev et al. (2025b) ✓ ✓ ✓ ✓ ✓
Shelmanov et al. (2025) ✓ ✓ ✓ ✓
Obeso et al. (2025) ✓ ✓ ✓ ✓ ✓ ✓
Chuang et al. (2024) ✓ ✓ ✓ ✓ ✓ ✓
McKenzie et al. (2025) ✓ ✓ ✓ ✓ ✓
He et al. (2024) ✓ ✓ ✓ ✓
Kapoor et al. (2024) ✓ ✓ ✓ ✓
Vazhentsev et al. (2025a) ✓ ✓ ✓ ✓ ✓
Orgad et al. (2025) ✓ ✓ ✓ ✓ ✓
Tong et al. (2025) ✓ ✓ ✓ ✓
Kossen et al. (2024) ✓ ✓ ✓ ✓ ✓
Bürger et al. (2024) ✓ ✓ ✓ ✓
Zhang et al. (2025) ✓ ✓ ✓ ✓
Huang et al. (2025) ✓
Su et al. (2024) ✓
Bhattacharjya et al. (2025) ✓
Ours (HBO) ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Table 33: Supervised UQ work which includes: 1) no OOD experimentation, 2) testing robustness in a leave-one-out
setting (LOO), 3) training on a single dataset for the same task (SameTask), 4) training only on different tasks
(DiffTask), 5) containing OOD experimentation beyond synthetically generated data (Nat.), 6) testing on 3 or more
OOD datasets (3+ eval), 7) using a logit-based baseline such as MSP or entropy (Unsup.), and 8) including a strong
supervised baseline where linear or MLP probes are trained only on the middle hidden state of an LLM (Sup.). +ve
claim refers to methods that on average outperform each of the baselines they were compared to when tested OOD.
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