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Abstract

Hallucinations remain one of the major barri-
ers to the reliable deployment of Large Lan-
guage Models (LLMs). Recent works have
explored hallucination detection using both su-
pervised classification based approaches and
unsupervised metric based approaches, with
the latter remaining popular since they do not
require labeled data. In this work, we study
the performance and generalizability of these
approaches through a comprehensive empirical
analysis, and introduce a simple approach that
improves the generalizability of supervised hal-
lucination detectors by training on a curated,
multi-domain data mix, which can complement
the subsequent addition of task-specific data.
In our experiments on hallucination detection
on 697K QA samples from 12 open source QA
datasets, we show that incorporating this gen-
eral training allows supervised methods to sur-
pass unsupervised metric based methods by an
average of +7.25% on out-of-distribution data
within the short-form QA setting, without ad-
dition of any task-specific data. We also ana-
lyze scaling behaviors and estimate how much
task-specific data is required to achieve reliable
performance, finding that models augmented
with general data require up to 40.3% less task-
specific data to achieve close to optimal per-
formance. Together, our findings highlight a
simple path toward fortifying supervised hallu-
cination detectors against domain shift.

1 Introduction

Large language models’ (LLMs) tendency to gener-
ate factually incorrect or misleading outputs, often
termed hallucinations, poses a critical barrier to
their adoption in high-stakes or out-of-distribution
settings (Kim et al., 2025; Dahl et al., 2024). De-
tecting hallucinations at test time is challenging
(Sahoo et al., 2024). One naive approach is to
fact-check outputs against an external reference
or database (Chern et al., 2023; Min et al., 2023).
However, this requires costly retrieval and fails

when no ground-truth reference exists, calling for
other methods to detect hallucinations.

One line of research has leveraged uncertainty
estimates as potential signals of model reliabil-
ity, and thus, for hallucination detection (Farquhar
et al., 2024). Unsupervised methods analyze out-
put probabilities, response consistency, or cluster
semantic entropy (Abdaljalil et al., 2025; Farquhar
et al., 2024; Nikitin et al., 2024; Kuhn et al., 2023),
or use linear probing (Kossen et al., 2024), while
supervised methods train classifiers on model states
to detect hallucinations (Liu et al., 2024) (Fig-
ure 1). While supervised methods outperform un-
supervised metrics in-domain (Liu et al., 2024),
they lose robustness out-of-domain, often under-
performing unsupervised methods when faced with
distribution shift. We empirically validate this in
§4.1 by benchmarking supervised against unsu-
pervised approaches across multiple data domains
and model families, showing that while supervised
methods excel in-domain, their performance de-
grades sharply under domain shift, often under-
performing unsupervised methods.

Motivated by this, we introduce an approach
to bridge this performance-generalization gap by
training a supervised model on a large and hetero-
geneous dataset to yield more robust hallucination
detection, adapting domain generalization and pre-
training works that show how diverse training data
can improve out-of-domain! robustness in other
tasks (e.g., NLI, NER and sentiment analysis; Hos-
seini et al., 2024; Stacey et al., 2025; Yu et al,,
2022) to uncertainty-based hallucination detection.
In addition, we study scaling law type behaviors,

'Throughout this paper, we use out-of-domain or out-of-
distribution (OOD) to refer to distribution shifts within the
short-form QA task. We study two forms of such shifts: cross-
dataset shifts (e.g., training on one QA dataset and evaluating
on another) and topical shifts (e.g., training on general-domain
QA and evaluation on biomedical QA). We do not study cross-
task generalization (e.g., from QA to summarization), which
we leave for future work.

2327

Findings of the Association for Computational Linguistics: EMNLP 2026, pages 2327-2350
October 24-29, 2026 ©2026 Association for Computational Linguistics



investigating how much domain-specific data is
needed to obtain a classifier with acceptable per-
formance. We conduct our experiments using dif-
ferent dataset splitting strategies, iteratively testing
combinations of train-test splits across a compre-
hensive dataset of 697K QA samples from 12 open
source QA datasets, which we further categorize
into broad domains. Our evaluation spans 10 dif-
ferent LLMs of varying sizes to ensure robustness
across model families.

Our main contributions are:

* We present the first comprehensive bench-
marking of supervised hallucination detection
methods against state-of-the-art unsupervised
metric-based approaches, across a wide range
of domains and language models, finding that
unsupervised methods outperform supervised
ones out-of-domain but not in-domain.

* We introduce a novel data-driven strategy for
improving out-of-domain robustness of super-
vised hallucination detectors by scaling up
heterogeneous training data, demonstrating its
effectiveness at narrowing the performance-
generalization gap.

* We provide the first systematic analysis of
the relationship between training data volume
and classifier performance, offering practical
guidelines on data requirements for effective
uncertainty-based hallucination detection.

2 Background & Related Works

Background: Hallucination Detection via Uncer-
tainty Quantification Broadly, there have been
two styles of approaches for uncertainty quantifi-
cation. On one hand, unsupervised methods gener-
ally seek to estimate uncertainty via analyzing out-
put probabilities, consistency and similarity across
multi-generations (Abdaljalil et al., 2025; Farquhar
et al., 2024; Nikitin et al., 2024) and via linear prob-
ing (Kossen et al., 2024). For example, semantic
entropy (Kuhn et al., 2023) clusters multiple gener-
ated responses to estimate semantic entropy, where
prompts leading to diverse sets of clusters imply
a higher level of uncertainty. On the other hand,
work has explored supervised classifiers with in-
ternal language model states as features trained to
estimate uncertainty (Liu et al., 2024). Figure 1
demonstrates this approach in the white-boxing set-
ting, where internal states of the LLM are used to

predict labeled hallucinations. This approach also
applies to black-box and gray-box settings. For
example, in the gray-box setting, we can restrict
ourselves to the use of aggregated statistics based
on the output logits of the generating LLM. In addi-
tion, when combined with a supervised model that
produces probability estimates, these probabilities
can be interpreted as uncertainty estimates.

Benchmarking UQ and Hallucination Detection
Previous efforts to benchmark uncertainty quantifi-
cation have focused on examining performance vs.
efficiency (in terms of the number of generations
needed) tradeoffs of UQ methods requiring multi-
ple generations (Xiong et al., 2024; Valentin et al.,
2024). Ye et al. (2024) utilizes UQ metrics and vari-
ous datasets to benchmark the certainty level of dif-
ferent LLMs and calibratedness of their responses.
Xiong et al. (2023); Tian et al. (2023) provide ex-
tensive benchmarks across different datasets and
models but focus mainly on verbalized uncertainty,
and do not benchmark on in-domain vs out-domain.
Lastly Liu et al. (2024) benchmarks supervised un-
certainty quantification methods across methods
and studies the extent of domain transfer across
datasets, but does not focus on when such domain
transfer occurs.

Out-Of-Domain Robustness Approaches to im-
proving out-of-domain robustness in machine learn-
ing include training and optimization-based tech-
niques (Wang et al., 2022; Yang et al., 2021) as
well as data-centric approaches. In computer vi-
sion, increasing diversity of training data and data
augmentation have been shown to reduce overfit-
ting and improve generalization (Zhou et al., 2020;
Rahman et al., 2019). In NLP, synthetic data have
been explored as a means to enhance domain gen-
eralization in natural language inference (Hosseini
et al., 2024). Building on these insights, we are
the first to study whether large and heterogeneous
general-domain training can play a similar role for
hallucination detection under domain shift.

3 Approach & Experimental Setup

Our goal is to develop a generalizable method for
hallucination detection in the question-answering
(QA) setting. We adopt a supervised classification
approach, showing that it outperforms alternative
metric based methods, but that its performance
degrades out of domain. To address this challenge,
we explore training on a mix of in-domain and
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Figure 1: Overview of supervised learning based hallucination detection pipeline. We use examples from QA
style benchmarks to generate positive and negative examples of when an LLM hallucinates. Along with generated
features based on the prompt and LLM response, a downstream supervised learning algorithm is applied to train
a classifier that detects these hallucinations based on the input features. We have two types of data, a general
training mix and a task specific set, both of which we use to train the model, the task specific set confers in-domain
specificity while the general training mix works to prevent overfitting, promoting robustness under domain shift.

heterogeneous data. This section introduces the
task setup and supervised detection approach as
well as datasets, models and experimental setup.

Hallucination in QA setting While ultimately
our goal is to measure hallucinations in any LLM
output, as a starting point, we focus mainly on
the QA setting, where a LLM generates a textual
response to an input question. This response is
scored against a reference response, and incorrect
responses are treated as hallucinations. The task
is then to detect such hallucinations given the input
question and the corresponding LLM response.
We assume a white-box setting with full access to
model internals (e.g., activations, output logits).

We view performance in short-form QA as foun-
dational for hallucination detection in longer-form
generative tasks such as abstractive summarization.
This is evidenced by many long-form methods that
first extract atomic facts as a pre-processing step
(Thirukovalluru et al., 2024; Min et al., 2023; Ka-
davath et al., 2022), making fact-level hallucina-
tion detection essential. The QA setting is also
advantageous as it is relatively straightforward to
measure correctness, whereas long-form outputs
require fact-extraction and verification across many
sentences, a capability that is still an active area of
research (Chen et al., 2025; Liu et al., 2025; Wei
et al., 2024).

Our Approach Our approach focuses on training
a multi-domain supervised hallucination detector
using white-box and grey-box LLM features (Fig-
ure 1). The pipeline has three components: (1)

generating candidate answers from the generating
LLM on QA datasets (2) constructing feature rep-
resentations from their internal activations and (3)
training a classifier to distinguish between halluci-
nated and correct responses. Formally, each sample
consists of features (Xprompt, Xresponse) paired with
a binary label y € {0,1}, where y = 1 denotes
a hallucinated (incorrect) response and y = 0 a
correct one.

For features, we follow prior work (Liu et al.,
2024; Azaria and Mitchell, 2023) and extract acti-
vations from the middle and final layers of the gen-
erating LLLM, using only activations corresponding
to the last token of both the prompt and generated
response. We then apply dimensionality reduction
using truncated SVD, necessary because the ac-
tivations are high dimensional (3584-4096) and
training data is limited for some of our splits. Our
experiments focus on how data can affect perfor-
mance, thus for consistency, we apply SVD across
all models even when dataset size exceeds the fea-
ture dimension.

We evaluate classifiers of the form

Yscore € [07 1]7
ey
where ys.ore denotes the predicted score of hal-
lucinations, with high scores indicating a higher
likelihood of hallucination. Final predictions are
obtained by thresholding yscore, although we also
evaluate quality of the score itself as described
in §3.2. In our experiments, we use a Random
Forest classifier, following prior work in Liu et al.
(2024). Random Forests are widely regarded as

f (Xprompta Xresponse) = Yscore)
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a strong and robust baseline across many differ-
ent problem settings (Wainer, 2016), offering good
performance with minimal tuning (Probst et al.,
2019). We also experimented with other classifiers,
namely XGBoost (Chen and Guestrin, 2016) and
feed-forward neural networks, and found Random
Forest to be very competitive with these. Addition-
ally we keep hyperparameters constant throughout
all experiments (Appendix E). While optimal hy-
perparameters vary across dataset splits, we adopt
a single setting to avoid exhaustive tuning, further
our focus is on in-domain vs out-domain perfor-
mance which we find to be largely insensitive to
hyperparameter choice.

3.1 Datasets, Models and Methods

Evaluation Datasets We collect data from 12
different QA style benchmarks across different do-
mains and input context length. These datasets
along with their domains are listed in Table 1. Sev-
eral of the datasets come with a train and a test
set. For all our tested models, we found that the
performance on both these sets tended to be similar,
and thus we use both. Combined this gives us a
dataset of 697K examples.

Table 1: Benchmarking Datasets used in our study.

Domain Benchmarks Size
Encyclopedic TriviaQA, NQ, 363.8k
HotpotQA, SQuAD
KB QA SimpleQA, WebQuestions 10.1k
Medical/Bio bioASQ, MedQuAD 21.1k
Conversational CoQA 116.6k
Reasoning DROP 83.6k
News NewsQA 78.3k
Various OpenLLM 23.7k

LLMs Considered Our evaluation spans three
model families: Llama-3.1 (Grattafiori et al., 2024),
OLMo2 (OLMo et al., 2024) and Qwen2.5 (Yang
et al., 2024). Additionally we consider various post
training schemes, Tulu 3 (Lambert et al., 2024) and
SimPO-based (Meng et al., 2024) for Llama-3.1,
and the post training process in (Mu et al., 2025)
for Qwen-2.5. We evaluate models across different
training stages, namely SFT and SFT+DPO. For
computational purposes, we primarily use the 7-8B
variants of these models except for OLMo2, where
we considered both 7B and 32B models.

Baseline Unsupervised Methods We consider
a mix of multi generation and single generation
methods. These are Semantic Entropy (Kuhn et al.,

2023; Farquhar et al., 2024), Sindex (Abdaljalil
et al., 2025), GNLL (Aichberger et al., 2024) and
PTrue (Kadavath et al., 2022). We elaborate more
on these methods in Appendix A.

3.2 Evaluation Metrics

We evaluate performance using two metrics. For
threshold-agnostic evaluation, we report Area Un-
der Receiver Operating Characteristic Curve (AU-
ROC), which measures how well a score differ-
entiates between positive and negative examples
across all decision thresholds. AUROC has been
used extensively in previous work (Liu et al., 2024;
Aichberger et al., 2024; Farquhar et al., 2024). For
threshold-aware evaluation, we use F1-score, opti-
mizing thresholds on validation data to maximize
this metric. Additional details on these and alterna-
tive metrics are provided in Appendix B.

3.3 LLM As a Judge

We use an LLM as a judge to determine correct-
ness, as prior work has shown that alternative
metric-based approaches (e.g. ROUGE, BLEU,
BERTScore) can yield inaccurate labels and sub-
stantially alter results (Santilli et al., 2024; Ielan-
skyi et al., 2025; Janiak et al., 2025). We adopt
Qwen3-14B (Yang et al., 2025) as our primary
judge model, finding that it showed strong agree-
ment with internal human annotation as well as
with more expensive models such as gpt-40 and
gpt-4o0-mini, while being significantly more cost
efficient (Appendix C).

4 Results

Towards building a generalizable hallucination de-
tection system we first quantify the degree of su-
pervised performance loss out-of-domain (§4.1).
Then, we demonstrate the effectiveness of our gen-
eralized heterogeneous dataset to reduce domain
gap (§4.2). Finally, we investigate scaling law type
behaviors, namely how performance scales with
number of data samples (§4.3). Additionally, Ap-
pendix H provides a theoretical analysis of GE
data’s contribution to out-of-domain robustness.

4.1 How do supervised methods perform
against unsupervised methods in both the
in-domain and out-of-domain setting?

We compare supervised and unsupervised meth-
ods in both the in-domain and out-of-domain set-
tings across 11 of the 12 benchmark datasets, ex-
cluding the openL.LM dataset due to its highly
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heterogeneous content. For each source dataset,
performance is evaluated on held-out source data
(in-domain) and all other datasets (out-of-domain),
repeating this for all source-target pairs and gener-
ating LLMs. Figure 2 reports these results macro-
averaged across datasets. In addition, we report
performance gaps and associated error bars that ac-
count for dataset-specific variations in Appendix F.

As expected, supervised methods consistently
outperform unsupervised ones in-domain across
all benchmarks (Figure 2), with this advantage
being consistent across model types and eval-
uation metrics. Out-of-domain, however, su-
pervised models experience substantial perfor-
mance drops, often losing their in-domain advan-
tage and performing on par with or even below
unsupervised metrics, highlighting their sensitivity
to distribution shift. Among unsupervised methods,
the multi-generation based metrics, SE, Sindex and
PFalse generally outperform GNLL, which uses a
single generation. Performance varies across gen-
erating LL.Ms, with SE often the top performer,
consistent with prior work (Farquhar et al., 2024)
though other studies report different rankings (Ab-
daljalil et al., 2025), likely due to differences in
generating LLM or evaluation setup.

4.2 Can training on a large general data-mix
mitigate out of domain performance
degradation?

Next, we explore our primary question of how
dataset diversity affects generalization. We con-
sider a dataset level leave-one-out split, where
one dataset is held out as the target, termed the
Task-Specific (TS) dataset. The remaining datasets
are combined into a larger diverse General (GE)
dataset for training. This setup allows us to study
whether increased training diversity can mitigate
the performance drop observed when moving from
in-domain to out-of-domain evaluation.

Leave-one-out experiments. We first evaluate
our approach using a dataset level leave-one-out
data split, for this we iteratively select one dataset
to leave out as the target dataset. The remaining
datasets then function as the general set. The target
(TS) dataset is split into a train, test and validation
dataset, this allows us to assess the hallucination de-
tection capabilities under two settings, 1) where the
classifier is trained solely on the GE set 2) where
the classifier is trained on both the GE set and some
data from the target domain / TS set.

Figure 3 displays results aggregated over the
heldout-target datasets for the different LLMs. We
highlight three key observations:

First, supervised GE models generally outper-
form unsupervised methods. Comparing GE-
only to unsupervised baselines, Figure 3 shows
that GE-only generally matches or exceeds the
best unsupervised methods across models. This
advantage is especially pronounced in AUROC,
where GE-only achieves higher average perfor-
mance than all unsupervised approaches. How-
ever, the pattern is less consistent for Fl-score:
for OLMo2-Instruct, Qwen2.5-Instruct, and
Llama3.1-Tulu-SFT, GE-only underperforms. A
closer analysis for OLMo2-Instruct (Figure 4) re-
veals that this dip stems from poor performance on
longer-context datasets DROP and CoQA. Since
AUROC remains high, this suggests some sensi-
tivity to thresholding on the general set. Similar
patterns are observed for the other models.

Second, we examine the value of target-specific
data. Across all held-out targets and generating
LLMs, classifiers trained exclusively on general
(GE) data consistently under-perform compared to
those trained with task-specific (TS) data, under-
scoring the importance of target-specific supervi-
sion. This result is unsurprising given our earlier
findings on the effectiveness of supervised meth-
ods in-domain. Interestingly, the gap between GE-
only and TS-only models persists even for target
datasets with strong similarities to others in the
GE set, these would include target datasets such
as Natural Questions. We have observed in the
single source experiments, that in some cases train-
ing on another source can outperform training on
the target source. Thus the consistent overall gap
suggests a degree of negative transfer when relying
on heterogeneous GE data. Nevertheless, when
comparing expected performance of single source
on out-of-domain, GE-only still seems to provide a
net benefit.

Finally, GE+TS offers limited benefits over TS
when target data is abundant. After averaging
across heldout target datasets, we find that GE+TS
slightly outperforms TS-only by only a small mar-
gin. We hypothesize that target dataset size ex-
plains this. In particular the target datasets tested
are generally quite large (on the order of tens of
thousands of examples). In such cases, classifiers
may already be saturated by task-specific data, lim-
iting additional performance gains when adding the
general examples. We explore these scaling effects
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Figure 2: Aggregated In-domain and Out-of-domain evaluations for various models macro-averaged across 11
different datasets. Solid bars represent in-domain performance and cross-hatched represents out-domain performance.
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Figure 3: AUROC and F1-Score of different methods aggregated across heldout-benchmarks. Groups represent
the detection performance for different generating models. Bars represent the method used with green bars
showing different variants of supervised methods (differing by training data used) and remaining bars representing

unsupervised methods.

more systematically in later sections.

Broad topical shifts While dataset-wise leave-
one-out splits are a standard way to assess out
of domain generalization, many of the evaluation
datasets in our suite share substantial domain over-
lap with one another, for example NQ, TriviaQA
both draw heavily from Wikipedia based sources,
and thus we expect that domain transfer from them
will be strong. To better disentangle this effect we
curate GE sets based on ‘broad’ topics that are more
dissimilar to one another, which we list in Table
1. These results are shown in Figure 5 which plot
results of GE and GE+TS under different choices
of the GE set. We only evaluate the two evalua-

tion datasets, bioASQ and MedQuAD which have
the most dissimilar domain in our set of evaluation
benchmarks.

Across these settings we observe the same trend
that using a GE set can result in a classifier with
better performance than one that uses unsupervised
metric based methods, this result stays consistent
over several choices of GE sets and across models.
We find that with the largest ‘Encyclopedic-Wiki’
topic included, we did not see much variation in
performance when including other topics.

Overall, these results show that the addition of a
large heterogeneous general training mix provides
a strong foundation for supervised methods, sur-
passing unsupervised approaches on AUROC. Al-
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Figure 4: AUROC of supervised and unsupervised hallucination detector on OLMo2-32B-Instruct. Each group
represents the heldout target dataset. Bars represent the method used with green bars showing different variants of
supervised methods (differing by training data used) and remaining bars representing unsupervised methods.

though this general training alone is insufficient
to match the performance achieved with target-
specific data, we find complementary effects when
they are used together.

4.3 Scaling laws: how much in-domain data is
needed to adapt classifier?

Motivated by the promising performance of clas-
sifiers trained using GE + TS data, we investigate
how much in-domain data labeled for hallucina-
tions is needed to train a classifier with adequate
performance, and whether using a large general
dataset can improve data efficiency. Obtaining la-
beled hallucination data can be challenging, mak-
ing it desirable to supplement limited in-domain
labeled data with a larger general training mix. To
examine these effects, we plot learning curves (Per-
lich, 2011) under both the TS and GE+TS setting.
These curves plot the test-set performance as we
vary the amount of task specific training data, high-
lighting how quickly a classifier can learn to accu-
rately detect hallucinations. Here, we consider only
BioASQ and MedQuAD (as done earlier), which
are the most unlike the other datasets. Figure 6
plots an example of these learning curves on L1ama
3.1 - Instruct. Generally, GE+TS dominates
TS only in the low data regime of < 1000 exam-
ples, with TS-only catching up soon after. This
trend stays consistent across the 10 LLMs tested,
indicating that general-domain data is most benefi-
cial when task-specific supervision is limited. The
learning curves further show that GE+TS consis-
tently matches or outperforms TS only when given
the same number of task-specific samples, and we
therefore recommend GE+TS as a robust default
training setup.

To gain further actionable insights, we seek esti-

Table 2: Performance on held-out datasets for cross-
over experiments. Top: mean, Bottom: (std dev).

Data N Cross-over Sat. Pt.  Sat. Pt.
GE/TS GE+TS TS

BioASQ 2520 372.9 485.1 820.7
(128.6) (201.9)  (263.0)

MedQuAD 8350 348.4 1168.0 1408.2
(149.6) (306.0) (712.4)

mates of two quantities from these learning curves:

1. Crossover Point: At how many training ex-
amples does the TS-setting outperform the
GE-only setting.

2. Saturation Point: At what sample count do
we achieve 95% of detection performance in
either the GE+TS or TS setting.

The crossover point between TS-only and GE-only
marks the estimated amount of data where the use
of target specific data outperforms the use of the
general set. This highlights a trade-off between cost
of annotation and model performance. A crossover
point at a low number of samples suggests that su-
pervision from the target domain is highly valuable,
whereas one at a high number of samples suggests
that the general set itself might be the most prac-
tical choice unless a large and labeled target/task-
specific dataset is available. The saturation points
give some guidance on how many labeled samples
are needed in order to maximize the performance
of a hallucination detection model.

Table 2 summarizes estimates for both the
crossover and saturation point. Across both heldout
datasets, the expected cross-over between GE and
TS occurs at roughly 350-375. Saturation point is
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Figure 5: AUROC and F1-scores aggregated over two target datasets - MedQuAD and bioASQ under different
choices of general data domain. Bars represent the method used with green bars showing different variants of
supervised methods (differing by training data used) and remaining bars representing unsupervised methods.
Hatching patterns on the bar denote the choice of general training domain when applicable.

reached relatively early for BioASQ, at 485 sam-
ples for GE+TS, and later for MedQuAD, at 1168
for GE+TS. We believe this is largely a function of
the total number of samples we had for the experi-
ment, in the case of medQuAD, the higher number
of theoretical samples we had pushed the estimated
maximal performance level higher, resulting in a
later saturation point. Consistently across both
datasets, saturation point for GE+TS is much lower
than that for TS only, 40.3% lower for bioASQ
and 17.0% for MedQuAD, showing that use of
the GE set improves data efficiency. These results
guide practitioners on whether additional labeling
is worthwhile, suggesting diminishing returns from
excessive task-specific data when using GE+TS.
For example, in the case of MedQuAD the expected
saturation point of GE+TS at 1168 indicates that if
one were to label an additional 7182 data points
(8350 — 1168), they would only expect about a 5%
increase in performance on AUROC.

4.4 Other key results

Why TS-only detectors fail out of domain. To
understand the mechanism behind the domain gap,
we train domain classification probes using the
most important features of detectors trained under
the various data settings (TS, GE, GE+TS) (Ap-
pendix H). We found that features ranked highly
by TS-trained detectors identify a sample’s source
dataset with greater accuracy than those ranked
highly under the GE or GE+TS training. This indi-
cates that task-specific supervision tends to encour-
age reliance on domain-specific features.

Composition and Size of the GE set. Appendix
I further studies scaling the size and composition
of the GE set, finding that the GE set is optimal
around N = 50000 examples and plateaus after.
This implies that practitioners can reach optimal
performance without exhaustive data collection.
Further we found that curation of the GE set can
matter more than scale. A GE set of the four most
topic-proximal sources outperforms a larger un-
curated mix at every size tested. Notably this effect
is only observed in the absence of target-specific
data, with these effects vanishing when such data
is added. This suggests that such careful curation
is only an important concern when labelled target
data is unavailable.

Generality across other supervised hallucina-
tion detection methods. Appendix J applies our
methods to recent hallucination detectors, HaMI
(Niu et al., 2025) and TSV (Park et al., 2025).
Similar to the RF supervised detector approach,
both HaMI and TSV showed strong in-domain per-
formance but substantial out-of-domain degrada-
tion, for example, HaMI had an in-domain AU-
ROC of 0.820, but an out-of-domain AUROC of
0.728. As with the RF supervised detector, GE
training improves both HaMI and TSV over the av-
erage single-source baseline (+0.068 for HaMI and
+0.056 for TSV in AUROC). Interestingly, adding
task-specific data on top of GE has a smaller im-
pact than was observed for the RF detector. GE+TS
matches TS-only for HaMI and underperforms it
for TSV. Importantly, however, the gains from GE
training itself are consistent across all three detec-
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Figure 6: Learning Curves for L1ama-3.1-Instruct under TS only and GE+TS for different amounts of target
specific data. Top Row: BioASQ as target domains. Bottom Row: MedQuAD as target domains. Lines represent
average AUROC value across 10 random seeds and shaded area represents 1.96 * SE.

tion approaches, suggesting that our data-driven
approach to improving hallucination detection ro-
bustness is largely agnostic to the choice of detector
and can be applied to a range of supervised learning
approaches.

5 Conclusion

In this paper we introduce a data-driven approach to
make supervised hallucination detectors robust un-
der domain shift. We first showed that supervised
hallucination detection methods significantly out-
perform unsupervised approaches in the in-domain
setting, but that this advantage disappears in the out-
domain setting, where unsupervised metric based
approaches are comparatively more robust. We
showed that the use of general, heterogeneous data
that need not be in the same domain as the target
domain can provide a useful foundation for training
supervised classifiers, with such classifiers gener-
ally surpassing unsupervised models even when
data in the target domain is unavailable. Moreover
our scaling experiments show that incorporating
such general data improves data efficiency when
combined with target specific data, as classifiers
require fewer target-specific samples to achieve the
same performance. These findings demonstrate
that supervised UQ-based hallucination detection

methods remain a valuable tool. Practitioners can
apply classifiers trained on large general datasets
and expect performance that exceeds unsupervised
approaches. Additionally, when available, incor-
porating target-specific data into these classifiers
further improves performance, consistently outper-
forming unsupervised methods.

Limitations

This work considers only English datasets mean-
ing that detected hallucinations are only in En-
glish. Thus the findings may not generalize to other
languages. Our experiments primarily focus on
smaller scale models (up to 8B parameters), with
limited analysis of a single 32B model (OLMo2).
We do not evaluate frontier scale models (e.g., 70B
parameters and above). In addition, our evaluation
is restricted to short form question answering with
open ended responses, and thus the results may not
extend to longer form generation settings.
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A Unsupervised Methods

Semantic Entropy Semantic entropy esti-
mates the uncertainty of a language model by mea-
suring the diversity of meanings across multiple
generations. For a single prompt p we generate S
different responses cy, ..., cs. Semantic entropy
clusters these responses into semantic equivalent
clusters through the use of a Natural language in-
ference model that checks bidirectional entailment.

LetC = {C1,...,Ck} denote the resulting set
of semantic clusters. The probability mass of a clus-
ter can be obtained by summing the probabilities
of the generated samples assigned to that cluster:

P(Cy|p)= > Plei|p) )
¢ €Cy
Semantic entropy is computed as the entropy
over the distribution of semantic clusters:

K
SE(p) ==Y P(Ck | p)log P(Ck | p). (3
k=1
Higher SE implies higher uncertainty and a
higher likelihood of the response being halluci-
nated.

Sindex similar to semantic entropy, also mea-
sures semantic consistency across multiple genera-
tions. However, instead of using entailment from a
NLI model to form clusters, Sindex uses sentence
embeddings combined with a hierarchical cluster-
ing algorithm based on cosine similarity.

LetC = {C4,...,Ck} denote the resulting clus-
ters and let p; be the proportion of generations as-
signed to cluster C;. Sindex computes an adjusted
entropy:

K
SINDEx(p) = — Y _pjlogp), (4
i=1

where the adjusted cluster weight incorporates
intra-cluster semantic coherence:

Pi = Dpi - Si, )

and s; is the average pairwise cosine similarity
between embeddings of responses in cluster C;.

PTrue PTrueis an LLM as a judge approach
that queries the generating LLLM on whether a given
statement is True or False, this is done by append-
ing a question to the statement and measuring the
generated token probability of the frue token. Fol-
lowing (Kadavath et al., 2022) we use a variation
of PTrue where we pass in multiple candidate gen-
erations in the prompt as well as the main response
(for which we score correctness). Additionally,
for hallucination detection we actually need the
probability inverse (1-pTrue) score, which we call
pFalse.

GNLL GNLL is a likelihood-based score de-
signed to estimate aleatoric uncertainty. (Aich-
berger et al., 2024) show that under a 0-1 loss, the
negative log-likelihood of the most likely output
sequence is a good estimate of the aleatoric uncer-
tainty. While this quantity is hard to identify due to
computational intractability of the LLM generating
space we can approximate this using either beam
search decoding or greedy decoding. For this work
we use the NLL of the greedy decoded sequence.

B Evaluation Metrics

Threshold-Agnostic Metrics Prior works on UQ
and hallucination detection primarily evaluate per-
formance using Area Under Receiver Operating
Curve (AUROC) (Liu et al., 2024; Aichberger et al.,
2024; Farquhar et al., 2024). AUROC measures
how well a score differentiates positive and neg-
ative examples. In our case the score is either a
UQ metric or the probability score generated by a
supervised hallucination detector. As a threshold-
agnostic metric, AUROC evaluates performance
across all decision thresholds. Other options in this
category are Area Under Precision-Recall Curve
(AUPRC) and Area Under Accuracy-Reject Curve
(AUARC), but we primarily report performance
using AUROC to keep consistent with previous
work.

Threshold-Aware Metrics Many unsupervised
metric-based methods output unbounded scores,
this is the case for 3 out of 4 methods, SE, Sindex
and GNLL. For them to be used practically we have
to set thresholds for determining what are halluci-
nated responses. With these thresholds set, we can
evaluate standard classification metrics such as ac-
curacy, precision and recall. For this work, in order
to optimize the threshold we maximize F1-score on
a separate validation set. To ensure fairness in com-
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parison, we optimize thresholds for unsupervised
methods on the training set, while for supervised
detectors we rely on a separate validation subset.

C LLM as a Judge

Here we give more details about the LLM-as-a-
Judge Procedure. Broadly, we first evaluated GPT-
40 as a judge model and found that its assessments
were well aligned with human annotations, though
on a relatively small sample. Given the cost of us-
ing GPT-40 at scale, we sought an open-source
alternative with similar reliability. Among sev-
eral candidates, we identified Qwen3-14B (Yang
et al., 2025), which exhibited the highest inter-
annotator agreement with GPT-40. We therefore
adopt Qwen3-14B as our primary judge model in
this work (see Appendix C.2 for details.)

C.1 Labeling

To generate labels for hallucination detection, we
use a 3 class system:

* 0 - Non-Hallucinations For generated re-
sponses deemed correct by the LLM judge

¢ 1 - Hallucinations For generated responses
deemed incorrect by the LLM judge

* 2 - Non Responses For generated responses
deemed as non-response by the LLM judge

We construct a small human-labeled set of 25 ex-
amples across datasets and model family, including
brief annotations of why they are labeled the way
they are. These examples are used in a few-shot
prompt (25-shot) to guide the LLM judge in label-
ing the full set of responses, this prompt is given in
Figure 7.

C.2 Open-Source Models

Our initial efforts used mainly gpt-4o as a judge,
but we found this prohibitively expensive for the
number of experiments we wanted to do, thus we
sought an open-source alternative that would per-
form as well. We mainly tested models from the
Qwen3 family, namely the 14B transformer and
the 30B MoE model. We found Cohen’s Kappa
to be higher for the 14B transformer as shown in
Table 4. We also annotate by hand a sample of
100 model completions and compare that with our
models, which is shown in Table 3, for this sample
GPT-40 and Qwen3-14B perform nearly identically.

Table 3: Inter-annotator agreement between LLM-as-a-
judge models and human raters.

9,
Model Cohen’s Accuracy
Kappa vs Human
GPT-40 0.84 92%
Qwen3-14B 0.85 93%

Table 4: Inter-annotator agreement between LLM-as-a-
judge models and GPT-40.

Cohen’s Accuracy
Model Kappa vs GPT-40 vs GPT-40
GPT-40 1.00 100%
Qwen3-14B 0.756 85.4%
GPT-40-Mini 0.808 89.4%
Qwen3-30B-A3B 0.659 82.2%

Further both have high accuracy and inter annota-
tor agreement, further validating our choice to use
Qwen3-14B.

Lastly, as a final check, we label an additional
N=315 data points and compare Qwen3-14B to hu-
man accuracy. For this we sample across 3 LLMs,
and focus on 5 tasks, with extra samples given
to bioASQ and MedQuAD, which are more spe-
cialised domains. The results are shown in Table
5 and Table 4. We found that agreement remains
high across benchmark datasets, including more
domain specific ones such as BioASQ (90.0%)
and MedQuAD (88.9%), suggesting no strong evi-
dence of systematic bias on more specialized QA
tasks. We also observe consistent performance
across model families (91.4-93.3% accuracy), in-
dicating that the judge is not disproportionately
biased towards a particular model’s outputs.

D LLMs Tested

Table 7 list the various LLMs used in our study.

E Supervised Training Details

Here we furnish additional details on the training
procedure and model use.
E.1 Dataset

Table 8 gives additional information on dataset
sizes and the splits to create the train test and vali-
dation sets per evaluation benchmark.

E.2 Supervised Hallucination Classifier

The supervised learning model used as the classi-
fier is a Random Forest (Breiman, 2001). We did
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LILM-as-a-Judge Prompt

You are an expert evaluator for question-answering systems. You will be assessing the quality of
answers to a given question.

Task: Determine if the candidate answer contains the correct factual information to answer the
question.

Rules: - Respond with @ if the candidate answer is equivalent in meaning to any reference answer
(synonyms/context OK), or if it contains the specific correct answer. - Respond with 1 if the
candidate contains wrong facts, repeats the question, provides no answer, has the wrong entity, or
differs from all reference answers. - Respond with 2 if the model does not give an answer, asks a
clarifying question, or refuses to answer. - Accept additional context around correct answers. -
Accept geographic or temporal equivalents. - Reject if the core answer is missing or incorrect.
Instructions: Reference answers may be in a numbered list. Score @ if the candidate matches any

reference answer.
Evaluation Examples:

— 0

1

difficulties..." — 2

* Q: What movie starred Tom Cruise? Ref: Top Gun Candidate: "Top Gun starring Tom Cruise"

* Q: What movie starred Tom Cruise? Ref: Top Gun Candidate: "Brad Pitt was in Top Gun" —

* Q: What’s the name of Mob’s brother’s Spanish VA in Mob Psycho 100? Ref: Javier Olguin
Candidate: "I do not have information on the Spanish voice actor..." — 2

* Q: What is the major difficulty in carrying out the plan? Ref: Improving the relationship
between Taiwan and the mainland Candidate: "I’d be happy to help you identify potential

Figure 7: LLM-as-a-Judge prompt used for labeling responses from different datasets. Only 4 few-shot examples
are shown here due to space constraints, but for actual applications we use a 25-shot prompt

Table 5: Agreement between Qwen3-14B judgments
and human labels across benchmarks.

Accuracy vs
Human Labels
(Qwen3-14B)

Benchmark N

BioASQ 90 90.0%
MedQuAD 90 88.9%
DROP 45 91.1%
SimpleQA 45 100%
SQuAD 45 97.7%

not do extensive hyperparameter tuning per gener-
ating LLM and dataset due to compute constraints,
instead opting for a setting of 100 trees and with
remaining settings being the default in scikit-learn.
We also included an additional dimensionality re-
duction step since for many of our experiments we
have the case where the dimensionality of the fea-
tures exceeded the number of training examples.
This dimensionality reduction is carried out using

Table 6: Agreement between Qwen3-14B judgments
and human labels across evaluated models.

Accuracy vs

Model N Human Labels
(Qwen3-14B)
Llama 3.1 8B Instruct 105 91.4%
Qwen 2.5 7B Instruct 105 93.3%
OLMo 2 32B Instruct 105 92.3%

Singular Value Decomposition (SVD), for which
we use the implementation in scikit-learn. We set
a fixed dimensionality of 300 after SVD, which is
then used in the Random Forest. Lastly, as a pre-
processing step before SVD, we apply standard
scaling to the raw features.

Features Following (Liu et al., 2024) we use acti-
vations from the middle and last layer of the model.
For each of these layers we take the activation value
corresponding to the last token of both the response
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Table 7: Models evaluated in our study.

Hugging Face Model name Model family Size Training stage
meta-llama/Llama-3.1-8B-Instruct Llama-3.1 8B Instruct
allenai/Llama-3.1-Tulu-3-8B-SFT Llama-3.1 8B SFT
allenai/Llama-3.1-Tulu-3-8B Llama-3.1 8B Instruct
princeton-nlp/Llama-3-Base-8B-SFT  Llama-3 8B SFT
princeton-nlp/Llama-3-Base-8B-SFT-  Llama-3 8B SFT + DPO
DPO
allenai/OLMo-2-1124-7B-Instruct OLMo-2 7B Instruct
allenai/OLMo-2-1124-7B-SFT OLMo-2 7B SFT
Qwen/Qwen?2.5-7B-Instruct Qwen2.5 7B Instruct
normster/RealGuardrails-Qwen2.5- Qwen2.5 7B SFT + DPO
7B-SFT-DPO
allenai/OLMo-2-0325-32B-Instruct OLMo-2 32B Instruct
Table 8: Dataset Sizes, Topic and train/test splits
Benchmark  Topic Total Train Test
Size Size Size

TriviaQA Encyclopedic 76 523 53566 22957

NQ Encyclopedic 91535 64074 27461

bioASQ Biology 4719 3303 1416

CoQA Conversational 116 630 81 641 34 989

DROP Reasoning-heavy 83 625 58538 25086

HotpotQA Encyclopedic 97 846 68 492 29 354

MedQuAD Medical 16 407 11485 4922

NewsQA News 78 372 54 860 23512

SimpleQA KB QA 4326 3028 1298

SQuAD Encyclopedic 98 061 68 643 29 418

WebQuestions KB QA 5810 4 067 1743

OpenLLM Various 23839 16 687 7152

and the prompt, this creates a large feature space  set.

as we take a total of 4 activations per input, for
example if the model’s hidden size is 4096 then the
size of the features corresponding to this activation
is 16384 (4*4096). In addition we explored the use
of several probability based features but found that
they did not impact performance much and omitted
them.

Additional Classifiers We additionally bench-
mark two additional classifier models, XGBoost
and feed-forward neural networks and find compa-
rable performance to Random Forests suggesting
that the observed generalization trends are largely
classifier agnostic.

F RQ1 Additional Figures

Figure 8, Figure 9 and Figure 10 plot additional
results for the in-domain vs out-of-domain compar-
isons.

G RQ2 Additional Figures

Figure 11a, Figure 11b, Figure 11 and Figure 11c
plot additional results for the training with the GE

H Domain Specificity of Various
Classifiers

H.1 Domain Shift and Error Decomposition

Here we provide further analysis on the different
behaviors of GE, TS and GE+TS based hallucina-
tion detectors. We first consider the hypothetical er-
ror decomposition under domain shift (Ben-David
et al., 2010; Mansour et al., 2009). Let Dy and D;
denote the source and target distributions. Then
where €;(h) denotes the target error of hypothesis
h € H, we have:

1
er(h) < es(h) + id’HA"H(Dm D)+ X (6)

The first term €5(h) denotes the error on the source
domain. %dq.[ A (Ds, Dy) is a divergence term that
measures how different source and target distribu-
tions are in the feature space induced by h. The
third term )\ is a hypothesis mismatch term which
captures aggregate performance of the best hypoth-
esis h* € H in both source and target domain.
Interpreting our three training regimes TS, GE and
GE+TS within this framework we hypothesize that:
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Figure 10: Difference plots comparing unsupervised methods to supervised methods. Heights of marker correspond
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F1-Score. Positive values indicate that supervised methods performance better than unsupervised method. Circles
represent in-domain and squares represent out-of-domain. Error Bars correspond to 1.96 * Standard Error calculated

over scores from aggregated source-target pairs.

* TS Trained Classifiers minimize e5(h), but
have high divergence dyay (Ds, D;) due to
the encoding or use of domain-specific fea-
tures.

* GE Trained Classifiers trained on hetero-
geneous datasets in contrast, should cre-
ate a feature representation that reduces
dyan(Ds, Dy), although at the cost of in-
creasing source specific error €5(h) on any
specific dataset.

e GE+TS Trained Classifiers are likely to have
a favorable balance of both terms.

We have seen that TS trained hallucination detec-
tors generally have much higher performance than
GE trained variants, validating that these models
have a lower source specific error. To explain why
TS trained classifiers tend to fail out of domain,
we seek to validate whether they indeed rely more
heavily on domain-specific features.

H.2 Domain Classification Probes and
Experimental Setup

To obtain a proxy that is compatible with the dis-
crete feature sets used in our random forest classi-
fiers, we exploit the Gini importance based feature
ranking produced during training to train domain
classification probes. Our hypothesis is that clas-
sifiers trained on task-specific data will utilize fea-
tures that better encode domain-specific artifacts,
resulting in better performance on the domain iden-
tification task over GE and GE+TS feature sets.

For each training regime (TS, GE, GE+TS) we
extract the top 10% of features in the hallucination
detector model. We then train a downstream classi-
fier whose goal is not to detect hallucinations, but
rather to predict from which data set a sample came
from. This is done by training a binary domain
classification probe for every task-specific dataset
Drg, where we set the positive class as samples
from Drg and the negative class as samples from
D¢ag. To evaluate we look at the Fl-score rela-
tive to the F1-score obtained by a domain classifier
trained on all available features.
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H.3 Results

Figure 18 displays the relative F1-Score for 5 task-
specific datasets bioASQ, MedQUAD, SimpleQA,
CoQA and NewsQA, the GE set chosen is the
“encyclopedic-wiki’ set which consists of datasets
with encyclopedic like content (Table 1). The ag-
gregated results show that TS trained classifiers
tend to prioritize features which are domain spe-
cific, generally achieving higher relative F1-Score
over GE and GE+TS selected feature sets. Figure
19 displays the same results but disaggregated to
their individual LLMs. We see that the trend is
consistent, holding for almost all tested datasets in
10 of the 12 models.

These results provide empirical evidence ex-
plaining the domain shift problem under TS regime,
and why GE and GE+TS training helps mitigate
this. TS-only models may have low bias on source
domain, but experience large domain shifts. In
contrast GE only models may have higher bias as
they miss task-specific nuances, but experience a
smaller domain shift effect. Lastly we have seen
that GE+TS balances both the bias and domain
shift term.

I Fine-Grained Analysis of General Set
Construction

In this section we detail additional analysis investi-
gating the role of GE data in training hallucination
detectors. We focus on three questions

* How does domain proximity between training
and evaluation data affect classifier general-
ization?

* Does proximity-based curation of GE sets im-
pact downstream performance?

* How does GE set size and composition inter-
act?

These experiments are conducted on two more
specialised domains, bioASQ and medQuAD,
which represent challenging out-of-distribution
settings. We select three model families
(meta-1llama-3.1-8b, gwen25-7b-instruct,
0lmo2-7b-instruct) to ensure findings are not
model-specific.

I.1 Domain Proximity as a Proxy for GE Set
Quality

To understand what makes a GE set effective for
OOD hallucination detection, we first examine the

transferability of single-source trained classifiers
across all dataset pairs, producing the AUROC
heatmaps shown in Figure 12.

Observation 1: We observe heterogeneity in
domain transferability. The heat maps reveal
substantial heterogeneity in cross-domain transfer
performance:

* In-domain (diagonal) entries consistently
achieve the highest AUROC across all three
model families.

* We also observe that off diagonal performance
shows some correlation with semantic simi-
larity between datasets; for example, bioASQ
and medQuAD transfer well to each other but
poorly to open domain datasets like simpleQA
or drop.

Motivated by this, we study the use of single-source
transfer AUROC as a proxy for domain similarity
when constructing GE sets.

1.2 Proximity-Based GE Set Construction and
its Effect on Performance

Using the computed single-source transfer AU-
ROC:s for ranking, we construct ordered GE sets
as follows. For a given target evaluation set (eg,
bioASQ or medQuAD), we rank all source datasets
by their single-source transfer AUROC. We then
slide a window of size 4 across this ranked list,
thus each window position yields a GE set whose
summed AUROC increases monotonically. This
gives us GE sets that range from the least domain
proximal, to the most domain proximal combina-
tion of single sources. In addition, we cap all GE
sets at N = 20000 examples to remove confound-
ing effects of data volume. We then get results
on the target dataset under both the GE and the
GE+TS setting. Results are shown in Figure 13.

Observation 2: GE set composition matters,
but only without TS data.

* In the GE-only setting, downstream perfor-
mance tracks the window ordering closely
across all three model families. Higher-
proximity GE sets consistently outperform
lower-proximity ones on both bioASQ and
medQuAD. This validates the use of single-
source transfer AUROC as a signal to curate
GE sets and suggests that GE sets which are
most similar to the target domain tend to per-
form better.
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Figure 12: Single-source AUROC heatmaps across all train-eval dataset pairings for three model families. Diagonal
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Figure 13: AUROC on bioASQ and medQuAD for dif-
ferent GE sets with increasingly large summed AUROC.
Plotted under GE (Top) and GE+TS (Bottom) settings
across three model families. Higher x-axis values corre-
spond to more domain similar GE sets.

* In the GE+TS setting, this relationship disap-
pears. We see that lower-aggregated AUROC
GE sets match higher ones once target-specific
data is introduced, suggesting that fine-tuning
compensates for mismatches in GE set com-
position.

These results indicate that domain proximity is crit-
ical as a design criterion when labeled target data
is scarce or unavailable.

1.3 Effect of GE Set Size on Performance

We next study how GE set size interacts with clas-
sifier OOD performance by varying the number of
training examples from 5K to 275K across 4 fixed
domain splits. Results are shown in Figure 14.
Observation 3: Performance gains from GE set
size plateau quickly.

* In the GE-only setting, performance improves
substantially in the 0-50K range across all
domain-splits but plateaus quickly after, sug-
gesting that the initial scale-up captures most
of the learnable signal from general data.

Figure 14: AUROC on bioASQ and medQuAD as a
function of GE set size across four fixed domain splits,
in both the GE-only (Top) and GE+TS (Bottom) settings.
The dashed line denotes the TS-only baseline.

* In the GE+TS setting, results are more mixed:
adding 0-50K GE examples generally helps,
but adding too many can sometimes cause
negative transfer, likely due to the growing
imbalance between general and target-specific
signal.

These results suggest that practitioners can achieve
near ceiling GE performance with only around
N = 50000 examples.

I.4 Analysing Proximity Based Curation vs
GE Set Size

Finally, we directly compare a curated Top 4 SS
GE set (containing four most domain-proximal
sources), a Bottom 4 SS GE set (four least proxi-
mal), and a larger uncurated diverse baseline across
varying dataset sizes. Results are shown in Fig-
ure 15.

Observation 4: GE set curation matters more
than data scaling. But only in the GE only set-
ting.

* In the GE-only setting, the Top-4-SS curated
set maintains a consistent performance advan-
tage over the diverse uncurated baseline across
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Figure 15: AUROC on bioASQ and medQuAD com-
paring Top-4-SS curated, Bottom-4-SS curated, and
un-curated diverse GE sets across varying dataset sizes,
under GE-only (Top) and GE+TS (Bottom). In the
GE-only setting, Top-4-SS consistently outperforms the
diverse baseline, while Bottom-4-SS consistently un-
derperforms. This advantage disappears in the GE+TS
setting, where the diverse uncurated set performs on par
or better. Dashed line denotes the TS-only baseline.

all dataset sizes, demonstrating that proximity-
based curation is beneficial even when the un-
curated set has access to substantially more
data. The Bottom-4-SS set performs persis-
tently worse, indicating that poor curation car-
ries a lasting penalty that additional data can-
not overcome.

* In the GE+TS setting, this advantage disap-
pears, with the diverse uncurated set perform-
ing on par or better than the Top-4-SS set. The
disadvantage we saw in the Bottom-4-SS also
diminishes.

J Comparing to Other Supervised
Hallucination Detection Approaches

J.1 Alternative Hallucination Detection
Approaches

In addition to our activation-based probe model,
we evaluate two recent hallucination detection ap-
proaches: Truthfulness Separator Vector (TSV)
(Park et al., 2025) and HaMI (Niu et al., 2025).

TSV learns a steering vector from labeled exam-
ples that captures a direction in activation space as-
sociated with correct or incorrect responses. At in-
ference time, hallucination detection is performed
by measuring the alignment between model activa-
tions and the learned signal direction.

Instead of classifying using activations from a
fixed token (e.g., the last token), HaMI accounts
for activations across all generated tokens, auto-
matically training the model to select informative
tokens using a multiple instance learning based
training procedure.

Model In-Sample AUROC  Out-of-Sample AUROC

TSV 0.793 0.685
RF 0.776 0.672
HaMI 0.820 0.728

Table 9: Average single-source performance across
datasets.

Our method differs from both approaches in its
simplicity. To reiterate we extract the activation
of the final token of the prompt and generated
response and train a Random Forest (RF) clas-
sifier on this representation, similar to activation
probing approaches such as (Azaria and Mitchell,
2023). Comparatively, TSV requires repeated for-
ward passes through the language model during
training, while HaMI requires extracting activa-
tions from all generated tokens.

J.2 Experimental Setup

Since both TSV and HaMI are substantially more
computationally expensive than our RF probe
based approach, we downscaled our experiments
significantly, mainly:

» Experiments are run only on Meta Llama 3.1
8B.

* Datasets with more than 10,000 examples are
subsampled to 10,000.

This reduces the number of data points to
roughly 14% (N = 91, 892) of the original bench-
marking.

J.3 Single-Source Generalization

We first evaluate in the single-source training set-
ting where each detector is trained on one dataset
and evaluated across all others. Figure 16 shows
the full cross domain results.

Across all methods, we observe strong in-
domain performance but substantial out-of-
domain degradation. Table 9 reports the aver-
age in-domain and out-of-domain AUROC across
datasets for the three methods.

We validate reported results that both HaMI and
TSV outperform the RF probe based approach. Of
the three, HaMI achieves the strongest average
performance both in-sample and out-of-sample,
demonstrating the best cross-domain generaliza-
tion among the three methods. However, all mod-
els show noticeable degradation when evaluated
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Figure 16: Single-source AUROC heatmaps across all train - evaluation dataset pairings for three supervised
hallucination detection methods: TSV (Left), HaMI (Middle), Ours (Right). Diagonal entries represent in-domain
evaluation, off-diagonal entries reflect cross-domain transfer performance.

Setting TSV RF  HaMI
TS only 0.793 0.776  0.820
Average SS  0.685 0.672  0.728
GE 0.741 0.763  0.796
GE+TS 0.771  0.795 0.820

Table 10: Mean AUROC across benchmarks under dif-
ferent training strategies.

outside the training domain, suggesting that out-of-
domain generalization gaps remain a shared limita-
tion across these supervised methods.

J.4 Leave-One-Out Experiments with GE
Data

Next, we repeat the leave-one-out experiments de-
scribed in Section 4.2, where we leave out one
dataset for evaluation and train the classifiers using
all remaining datasets. As before we evaluate four
training strategies: TS-only, Average SS, GE-only
and GE+TS.

Figure 17 shows per-benchmark results, while
Table 10 reports aggregated AUROC across bench-
marks.

The results show that both TSV and HaMI ben-
efit from GE training, with large improvements
compared to the average single-source setting. In-
terestingly, TSV does not benefit from combining
GE and TS data, with its average GE+TS results un-
der performing TS-only. One possible explanation
is that TSV learns a separating direction in activa-
tion space causing it to be less robust when trained
on heterogeneous multi-domain data. In contrast,
the simpler RF probe we used performs slightly
better than TSV (under the TS setting) under the
GE+TS setting, suggesting that activation-based
classifiers may be more robust when trained on di-

verse datasets. Across all settings, HaMI remains
the strongest-performing method, achieving the
highest AUROC under TS-only, GE, and GE+TS
training regimes.

Importantly, the improvements observed with
GE training are consistent across all three detector
architectures (TSV, RF, and HaMI). This suggests
that our data-driven approach to improving hal-
lucination detection robustness is largely model-
agnostic, and can be applied to a range of super-
vised learning methods rather than being tied to a
specific detector design.
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RF vs TSV vs HaMI Across Benchmarks and Training Settings
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Figure 17: Disaggregated benchmark results under TS-only, Average SS, GE-Only, and GE+TS. Each color
represents a supervised hallucination detection approach, TSV (red), RF Probe (Green), HaMI (Blue).
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Figure 18: Relative F1-score of domain classification probes trained under 3 feature sets, TS, GE, GE+TS, scores
are aggregated across 12 LLMs
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