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Abstract

The growing deployment of language models in high-stakes applications places trustwor-
thiness at the forefront, including aspects such as privacy preservation, reliable confidence
communication, and robust generalization. Despite strong performance, those models
exhibit systematic failures along these dimensions, often driven by external factors that
are overlooked or underestimated in standard performance evaluation.

This thesis investigates influences on language model trustworthiness across three
interrelated areas: privacy, confidence estimation and calibration, and generalization
under distribution shift. The unifying insight is that trustworthiness failures frequently
arise from contextual factors such as linguistic variation.

For privacy, the thesis examines prompt-induced memorization in masked language
models fine-tuned for named entity recognition, showing that privacy leakage varies
substantially with prompt formulation and cannot be treated as a fixed model property.

For confidence and calibration, the thesis studies confidence estimation in large language
models, proposing calibration methods based on model agreement and auxiliary confidence
estimators. Beyond calibration, the thesis reveals that confidence estimates are often
unstable under prompt perturbation and insensitive to semantic changes in estimated
responses. Further analysis of training data influence indicates that models may learn
to express verbalized confidence from linguistic patterns rather than from content-based
evidence.

For generalization, the thesis analyzes AI-text detectors, demonstrating sharp general-
ization degradation under cross-prompt, cross-model, and cross-domain shifts. Linguistic
analysis links these failures to shifts in surface-level syntactic and stylistic features, sug-
gesting that those detectors may rely on fragile cues rather than robust generalizable
signals.

Overall, this thesis shows that language model trustworthiness is highly sensitive to
external influences such as prompt strategies, language variations and linguistic features.
By identifying and analyzing these influences, it provides guidance for more robust
evaluation and more trustworthy deployment of language models.
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Kurzfassung

Der zunehmende Einsatz von Sprachmodellen in sicherheitskritischen Anwendungs-
bereichen rückt deren Vertrauenswürdigkeit in den Mittelpunkt. Dazu zählen insbesondere
Datenschutz, die verlässliche Kommunikation von Unsicherheit sowie robuste Generalis-
ierungsfähigkeit. Trotz ihrer hohen Leistungsfähigkeit zeigen diese Modelle systematische
Schwächen in allen drei Bereichen, die häufig durch externe Einflussfaktoren verursacht
werden, welche in Standardbewertungen oft übersehen oder unterschätzt werden.

Diese Dissertation untersucht Einflüsse auf die Vertrauenswürdigkeit von Sprachmodel-
len in drei miteinander verknüpften Bereichen: Datenschutz, Konfidenzschätzung und
Kalibrierung sowie Generalisierung unter Verteilungsverschiebung. Die zentrale Erkennt-
nis besteht darin, dass Vertrauenswürdigkeitsprobleme häufig durch kontextuelle Faktoren
wie sprachliche Variation entstehen.

Im Bereich Datenschutz analysiert die Arbeit prompt-induzierte Memorisation in
für Named Entity Recognition feinabgestimmten Masked Language Models und zeigt,
dass Privacy Leakage stark von der Promptformulierung abhängt und nicht als feste
Modelleigenschaft betrachtet werden kann.

Im Bereich Konfidenz und Kalibrierung untersucht die Dissertation Konfidenzschätzung
in großen Sprachmodellen und entwickelt Kalibrierungsverfahren auf Basis von Mod-
ellübereinstimmung sowie zusätzlicher Konfidenzschätzer. Über die numerische Kalib-
rierung hinaus zeigt die Arbeit, dass Konfidenzschätzungen häufig instabil gegenüber
Prompt-Variationen sind und nur unzureichend auf semantische Veränderungen in Ant-
wortalternativen reagieren. Weiterführende Analysen des Einflusses von Trainingsdaten
deuten darauf hin, dass Modelle verbalisierte Sicherheit eher aus sprachlichen Mustern
als aus inhaltlich begründeter Evidenz ableiten.

Im Bereich Generalisierung analysiert die Arbeit Detektoren für KI-generierte Texte
und zeigt deutliche Leistungsabfälle unter Prompt-, Modell- und Domänenverschiebungen.
Sprachwissenschaftliche Analysen führen diese Generalisierungsprobleme auf Veränder-
ungen syntaktischer und stilistischer Oberflächenmerkmale zurück und legen nahe, dass
solche Detektoren häufig fragile Hinweise statt robust generalisierbarer Signale nutzen.

Insgesamt zeigt diese Dissertation, dass die Vertrauenswürdigkeit von Sprachmod-
ellen stark von externen Einflüssen wie Promptstrategien, sprachlicher Variation und
linguistischen Merkmalen abhängt. Durch die Identifikation und Analyse dieser Ein-
flussfaktoren liefert sie Ansätze für robustere Evaluationsverfahren und eine vertrauenswür-
digere Anwendung von Sprachmodellen.
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1. Introduction

1.1. Motivation

Large Language Models (LLMs) have rapidly become foundational components of modern
Artificial Intelligence (AI) systems, underpinning applications ranging from information
retrieval (Zhu et al., 2025) and decision support to education, creative writing, and
scientific discovery (Chakrabarty et al., 2024; Rane et al., 2023). Their growing deploy-
ment in high-stakes and user-facing settings has shifted research attention from purely
optimizing predictive performance to ensuring the trustworthiness of these models.
Trustworthiness encompasses a constellation of properties, including privacy preserva-
tion, reliable confidence communication, robustness and generalization, that collectively
determine whether users and downstream systems can safely and appropriately rely on
model outputs (Fan et al., 2025).

Despite impressive advances in scale and capability, contemporary language models
exhibit systematic failures along these dimensions. They may (1) unintentionally memorize
and reveal sensitive information from their training data, (2) express confidence that is
poorly aligned with factual correctness, or (3) behave unpredictably when faced with
distribution shifts such as new prompts, domains, or model families. These shortcomings
challenge the assumption that larger or more accurate models are inherently more
trustworthy, and motivate a deeper, more principled investigation into the mechanisms
that shape user trust and model reliability.

This doctoral thesis investigates influences on language model trustworthiness
through three interrelated lenses: privacy leakage, confidence estimation and calibration,
and generalization in language models. Together, these perspectives capture key re-
quirements for trustworthy deployment: protecting sensitive information, communicating
uncertainty reliably, and maintaining robust behavior beyond the training distribution.
Although these topics are often studied in isolation, this thesis argues that they are
tightly connected by a common theme: the gap between what a language model
appears to communicate and what its outputs are reliably grounded in or
able to generalize. By combining empirical analysis, methodological contributions, and
diagnostic frameworks, this work aims to characterize better and ultimately mitigate this
gap.

1.2. Trustworthiness and Privacy in Language Models

One fundamental threat to trustworthiness arises from the potential for language models
to memorize and expose specific details from their training data. Such memorization poses
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1. Introduction

a privacy risk because models can be prompted to reveal information about individuals,
entities, or proprietary sources present during training (Neel and Chang, 2024). While
prior work has demonstrated memorization in auto-regressive language models by directly
probing training data using a pre-fixed prompt (Carlini et al., 2021), far less is known
about how prompting strategies interact with memorization in fine-tuned Mask Language
Models (MLMs), where standard generation-based probing methods are not directly
applicable. This gap is particularly relevant because such models remain widely used
and achieve state-of-the-art performance in many domain-specific applications and tasks
(Darji et al., 2023; Nguyen et al., 2023).

In this thesis, privacy leakage is studied through the lens of training data memoriz-
ation detection. We design the memorization detection framework and examine how
different prompt formulations can amplify or obscure memorized signals in MLMs fine-
tuned for Named Entity Recognition (NER). By systematically varying prompt properties
and analyzing their effect on prediction confidence for in-sample versus out-of-sample
entities, this work reveals that memorization is not a static model property, but one that
is highly sensitive to prompt design and model choice. These findings underscore the
need to consider prompting as a crucial influence factor in privacy risk assessments.

1.3. Confidence, Calibration, and the Communication of

Uncertainty

Beyond privacy, trust in language models critically depends on how models communicate
uncertainty (Kim et al., 2024). Users frequently rely on model-provided confidence,
explicitly or implicitly, when deciding whether to accept, verify, or act upon a model
response (Zhao et al., 2023). However, LLMs are known to be systematically miscalibrated,
often exhibiting overconfidence even when their predictions are incorrect (Tian et al., 2023;
Xiong et al., 2024). This misalignment between confidence and accuracy can mislead users
and inflate perceived reliability. This thesis advances the study of confidence estimation
and calibration in language models along three dimensions.

1. Improving LLM calibration. It introduces methods for improving calibration by
leveraging response agreement across multiple models and training auxiliary confidence
estimators with task-appropriate loss functions. This work demonstrates consistent
improvements over standard confidence estimation methods such as verbalized certainty
or token-level probabilities.

2. Explaining LLM confidence. This thesis also examines the origins of verbalized
confidence in language models. By tracing confidence expressions back to influential
training data, we show that models may learn to mimic generic linguistic markers
of certainty without grounding confidence in task-relevant evidence. This disconnect
highlights a deeper limitation in current training paradigms: language models can learn
how to sound confident without learning when confidence is warranted.
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1.4. Generalization and Trust in AI-Text Detection

3. Evaluating LLM confidence. The thesis argues that evaluating confidence estimates
with only their calibration with accuracy is insufficient. Real-world usage demands
confidence estimates that are robust to prompt variations, stable across semantically
equivalent answers, and sensitive to meaningful changes in answer content. To address
this, we propose a comprehensive evaluation framework that exposes critical failure
modes of existing confidence estimation approaches, revealing that methods performing
well on traditional calibration metrics may still behave unreliably under linguistic variation.

Taken together, these contributions provide a broader perspective on confidence estim-
ation in language models by addressing how confidence estimation can be improved, what
shapes LLMs’ confidence expression, and where current evaluation remains incomplete.

1.4. Generalization and Trust in AI-Text Detection

A third pillar of language model trustworthiness concerns generalization, particularly
for systems that detect AI-generated text. As generative models become increasingly
widespread, these detectors are being adopted in areas such as academic writing, content
moderation, and media forensics (Khlaif et al., 2023; Saqib and Zia, 2025). While many
detectors achieve high accuracy under controlled, in-domain conditions, their performance
often degrades sharply when confronted with new prompts, unseen model families, or
different domains (He et al., 2024).

This thesis investigates the causes of such generalization failures through a large-scale
study of AI-text detectors combined with systematic linguistic analysis. It introduces
a benchmark dataset containing AI-generated texts produced with diverse prompting
strategies by multiple LLMs (generators) across domains, enabling generalization evalu-
ation under cross-prompt, cross-model, and cross-domain conditions. Beyond reporting
performance, the analysis links generalization behavior to measurable shifts in linguistic
features between training and test data. The results show that detector robustness is
closely associated with surface-level patterns such as tense usage and pronoun frequency,
suggesting that many detectors rely on shortcut linguistic cues rather than on signals
that generalize reliably across settings.

1.5. Publication Overview and Thesis Structure

Taken together, the contributions of this thesis provide a multifaceted view of language
model trustworthiness.

• Privacy. Demonstrates how prompt design influences privacy leakage and memor-
ization detection in fine-tuned language models.

(P-1) Yuxi Xia, Anastasiia Sedova, Pedro Henrique Luz de Araujo, Vasiliki Kougia,
Lisa Nußbaumer, and Benjamin Roth. “Exploring prompts to elicit memoriza-
tion in masked language model-based named entity recognition”. In: PLoS One
20.9 (2025), e0330877.

3



1. Introduction

Figure 1.1.: The thesis is mainly divided into three parts: influences (Inf.) on privacy
leakage in NERs, confidence calibration in LLMs, and generalization of AI-
text detectors.

• Confidence and Calibration. Proposes methods for improving confidence estim-
ation and calibration (P-2, P-3 ), analyzes the training data influences underlying
verbalized confidence, revealing systematic grounding deficiencies (p-4 ), and intro-
duces new evaluation criteria aligned with real-world usage (P-5 ).

(P-2) Yuxi Xia, Klim Zaporojets, and Benjamin Roth. “Learn to pick the winner:
Black-box ensembling for textual and visual question answering”. In: Proceed-
ings of the 21st Conference on Natural Language Processing (KONVENS 2025):
Long Papers. Sept. 2025, pp. 12–26.

(P-3) Yuxi Xia, Pedro Henrique Luz De Araujo, Klim Zaporojets, and Benjamin
Roth. “Influences on LLM Calibration: A Study of Response Agreement, Loss
Functions, and Prompt Styles”. In: Proceedings of the 63rd Annual Meeting
of the Association for Computational Linguistics (ACL 2025): Long Papers.
Oral presentation. July 2025, pp. 3740–3761.

(P-4) Yuxi Xia, Loris Schoenegger, and Benjamin Roth. “Influential Training Data
Retrieval for Explaining Verbalized Confidence of LLMs”. In: Proceedings of
the 48th European Conference on Information Retrieval (ECIR 2026): Long
papers.

(P-5) Yuxi Xia, Dennis Ulmer, Terra Blevins, Yihong Liu, Hinrich Schütze, and
Benjamin Roth. Calibration Is Not Enough: Evaluating Confidence Estimation
Under Language Variations. Under review. 2026. arXiv: 2601.08064 [cs.CL].

• Generalization. Explains generalization gaps in AI-text detection through lin-
guistic analysis, offering insights into why detectors fail under distribution shift.

(P-6) Yuxi Xia, Kinga Stańczak, and Benjamin Roth. “Explaining Generalization
of AI-Generated Text Detectors Through Linguistic Analysis”. In: Proceed-
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1.5. Publication Overview and Thesis Structure

ings of the 19th Conference of the European Chapter of the Association for
Computational Linguistics (EACL 2026): Long papers.

The structure and content of this thesis are visualized in Figure 1.1. The remain-
ing chapters are organized as follows. Chapters 2, 3, and 4 provide the background,
review related work, and present our contributions to privacy, confidence estimation
and calibration, and AI-text detection, respectively. Finally, Chapter 5 summarizes our
findings, discusses their broader implications for designing trustworthy language models,
and outlines directions for future research.
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2. Prompt Influences on the
Memorization of Named Entity
Recognition Models

Privacy Leakage

Privacy leakage refers to the unintended exposure of training data or private user
information through the model’s outputs or internal representations.

Trustworthy language models should handle sensitive information in a privacy-preserving
manner. As models grow in scale and capability, concerns about privacy leakage have
become increasingly prominent. Privacy leakage refers to the unintended disclosure of
training data, sensitive attributes, or private user information through a model’s outputs
or internal representations, even when such information is not explicitly provided in
the input (Jegorova et al., 2022). From a trustworthiness perspective, privacy leakage
is particularly problematic because it undermines user safety, violates data protection
expectations, and raises legal and ethical concerns related to data governance (Neel and
Chang, 2024).

2.1. Privacy Leakage Manifestation

Language models are trained on large corpora that may contain personally identifiable
information, proprietary content, or copyrighted material (Kim et al., 2023b; Jegorova
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2. Prompt Influences on the Memorization of Named Entity Recognition Models

et al., 2023). Even when datasets undergo deduplication or filtering, residual sensitive
content may remain. Empirical studies (Kim et al., 2023b; Lukas et al., 2023; Ali et al.,
2022) have demonstrated that MLMs and autoregressive language models can memorize
individual data points when those points appear repetitively or exhibit atypical linguistic
patterns. This memorization increases the risk that querying the model, intentionally or
unintentionally, elicits sensitive fragments from its training data. As such, understanding
privacy leakage is essential for assessing a model’s trustworthiness, especially in high-
risk domains such as healthcare, education, customer service, or enterprise knowledge
management (Zhang et al., 2020; Nastoska et al., 2025).

Privacy leakage can manifest in several forms:

• Membership inference attacks (Hu et al., 2022; Shokri et al., 2017; Carlini
et al., 2022) attempt to determine whether a specific record appeared in a model’s
training data.

• Attribute inference attacks (Jia and Gong, 2018; Jayaraman and Evans, 2022)
probe the model to deduce the latent user’s private attributes (e.g., location, sexual
orientation, political view) or details not provided in the input.

• Training data extraction attacks (Ishihara, 2023; Carlini et al., 2023a, 2021) aim
to recover sensitive sequences directly from the model by crafting specific prompts.
Prompt formulation has therefore become a critical factor, as the extent of private or
memorized content revealed can vary substantially depending on phrasing, structure,
and contextual cues. This connection between prompting and privacy leakage is
particularly important given the growing role of prompt engineering in downstream
applications of language models.

Trustworthiness frameworks commonly treat privacy as a foundational dimension along-
side robustness, fairness, and interpretability (Chander et al., 2025). Unlike robustness
or fairness, which can often be evaluated through standardized benchmarks (Roth et al.,
2024), privacy leakage is harder to detect because harmful memorization may remain
hidden under conventional evaluation settings. Models that perform well on downstream
tasks can still memorize and disclose sensitive training content (Wei et al., 2025). Ad-
dressing this risk therefore requires methods that explicitly probe memorization and
account for how interaction conditions, such as prompt formulation, affect the extraction
of memorized content.

In summary, privacy leakage represents a central challenge for trustworthy language
models. As language models are increasingly deployed in public and commercial systems,
understanding how prompt formulation affects the disclosure of memorized content
becomes essential for reliable evaluation and safer deployment.

8



2.2. Training Data Extraction and Memorization in Language Models

2.2. Training Data Extraction and Memorization in Language

Models

Memorization in machine learning models has been primarily motivated by privacy
concerns arising from the unintended disclosure of sensitive training data.

Auto-regressive Model

Auto-regressive models are machine learning models that generate sequences by
iteratively predicting the next element based on the preceding context.

Training Data Extraction in Auto-regressive Models. Early work by Carlini et al. (2019)
demonstrated that recurrent neural language models, such as LSTMs (Hochreiter and
Schmidhuber, 1997), memorize a non-trivial fraction of their training data, including rare
and potentially sensitive sequences. This work established memorization as a measurable
and systematic phenomenon. Recent work on training data extraction mainly focus
on auto-regressive models, especially GPT models. Carlini et al. (2021) introduced
extractability as an operational definition of memorization, showing that sensitive training
examples can be recovered from GPT-2 using carefully designed prefixed prompts. Later
work further refined this perspective by quantifying memorization across model sizes
and datasets, demonstrating that larger models and rarer training sequences are more
susceptible to memorization (Carlini et al., 2023b). Similar behaviors have been observed
in other autoregressive models such as GPT-Neo (Black et al., 2021), confirming that
memorization is a general property of large generative language models.

A defining characteristic of extractability-based approaches is that they rely on the
generative nature of auto-regressive models: memorized content is detected by prompting
the model with an input context that resembles a training sequence and observing
whether it reproduces the corresponding continuation or missing content. Consequently,
these methods assume that memorized information becomes observable when the input
sufficiently activates stored training patterns. While powerful, this assumption limits
the applicability of extractability-based methods to auto-regressive models and makes
them difficult to directly apply to masked language models or task-specific fine-tuned
architectures.

Masked Language Model

Mask Language Models (MLMs) refer to language models trained or fine-tuned to
predict randomly masked tokens within an input sequence using the surrounding
context, enabling them to learn bidirectional representations.

Memorization in Masked Language Models In contrast to auto-regressive models,
memorization in masked language models has received comparatively less attention,
especially in the context of privacy leakage. MLMs differ fundamentally in training

9



2. Prompt Influences on the Memorization of Named Entity Recognition Models

and inference: they predict masked tokens conditioned on bidirectional context and, in
fine-tuned settings, often rely on both the input text and task-specific output labels.
This architectural difference complicates the direct application of extractability-based
memorization metrics. Figure 2.1 illustrates the difference between autoregressive and
MLM-based Named Entity Recognition (NER) models when performing tasks.

Prior work on memorization in MLMs has largely focused on its relationship to model
performance and generalization rather than privacy. Tirumala et al. (2022) and Magar
and Schwartz (2022) study memorization in MLMs using accuracy-based metrics, such as
training–test performance gaps. While informative for understanding learning dynamics,
these metrics do not directly capture whether a model has memorized specific training
instances that could pose privacy risks.

Figure 2.1.: The differences between auto-regressive and MLM-based NER models. Auto-
regressive models can generate or complete a sequence by prompting, while
NER models are designed to perform sequence labeling of the input sentence.

Given these limitations, there is a clear methodological gap in measuring memorization
in masked language models, particularly those fine-tuned for structured prediction tasks
such as NER. Unlike prior work, which either focuses on auto-regressive generation
or self-trained MLMs, this thesis studies publicly available, independently fine-tuned
NER models developed by different model providers. We introduce a prompt-based
memorization detection framework tailored to MLMs, where memorization is inferred
from confidence differences between in-training and out-of-training entities under diverse
prompt formulations. Our approach enables privacy risk assessment for MLMs without

10



2.3. The Influence of Prompt on the Memorization of MLM-based NERs

requiring access to training data, internal model states, or generative capabilities.

2.3. The Influence of Prompt on the Memorization of

MLM-based NERs

Yuxi Xia, Anastasiia Sedova, Pedro Henrique Luz de Araujo, Vasiliki Kougia, Lisa
Nußbaumer, and Benjamin Roth. “Exploring prompts to elicit memorization in masked
language model-based named entity recognition”. In: PLoS One 20.9 (2025), e0330877.

This work introduces a prompt-based framework for detecting and analyzing mem-
orization in fine-tuned MLMs for NER, addressing a methodological gap left by prior
memorization studies focused on auto-regressive language models. Unlike extractability-
based approaches that rely on text generation, our method leverages model confidence
behavior to infer memorization in non-generative models.

Generate sentences 
that contain

an entity name.

: I attended            's art
exhibition last week.

: I attended            's art
exhibition last week.

: ...            ...

...
0.99

0.53
Out-of-sample Names

Prompts (PT)

: ...            ...

entity rank

...

0.36
0.50

...

.
M-
ME
M

.

In-sample Names

Detection Dataset

Figure 2.2.: Memorization detection process of NERs. Each generated prompt is completed
with all entity names from the detection dataset as inputs to the NER model
Mner. Ck(e) represents the prediction confidence of Mner for an entity name
in PTk. The performance of prompt PTk for detecting memorization is
measured by the memorization (M-MEM ) score.

Methodology. We construct a balanced detection dataset consisting of in-sample entity
names drawn from the CoNLL-2003 (Derczynski et al., 2016), which is the fine-tuning
data of our studied NER models, and out-of-sample entity names collected from external
knowledge bases such as Wikipedia. This detection dataset covers three entity types,
which are person names, organization names, and location names.

To systematically examine the role of prompting, we generate a large and diverse
set of 400 prompt templates for each entity type using a generative language model
(GPT-3.5-turbo), covering multiple sentence structures (e.g., declarative and exclamatory
sentences). Each prompt is instantiated with both in-sample and out-of-sample entity
names, isolating the effect of prompt formulation on memorization detection.
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2. Prompt Influences on the Memorization of Named Entity Recognition Models

Figure 2.3.: Analysis of token importance in prompts. The figure shows the prompt ana-
lysis for the person entity with the M-MEM scores on the BERT-Base model
(Devlin et al., 2019). The best-performing (left) and the worst-performing
(right) prompts were selected on the dev set. The heatmaps are generated
with leave-one-token-out: at each step, the least important token is removed
from the best-performing prompt, and the most important token is removed
from the worst-performing prompt. The normalized token importance scores
are under the corresponding tokens. The removed tokens are underlined.

Prompt-specific memorization performance (M-MEM ) is measured as the probability
that an in-sample entity receives higher confidence than an out-of-sample entity, yielding
a metric equivalent to the Area Under the Receiver Operating characteristic Curve
(AUROC) of a membership inference attack. This formulation allows memorization to be
interpreted as the extent to which a model’s confidence exposes training data membership.
The workflow of the framework is also demonstrated in Figure 2.2.

Results and Analysis. We analyze prompt sensitivity and robustness by measuring
performance variance across prompts. Our results across six NER models show that
prompt choice alone can change memorization detection performance by more
than 20% percentage points, and that prompt engineering can further amplify
this effect. We show a token-level analysis on how a change of a token in the prompt
can impact the memorization detection in Figure 2.3. The results show that removing
the least influential tokens from the prompts can increase memorization detection scores,
whereas removing the most influential tokens leads to a decrease.

We additionally find that prompt effectiveness is strongly model-dependent, yet exhibits
consistent behavior across different sets of entity names (i.e., person names, organization
names, and location names), indicating that prompt-induced privacy leakage generalizes
beyond specific lexical instances. Through an extensive analysis of prompt properties, such
as length and token composition, this work identifies structural factors that make prompts
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more likely to elicit memorized information; for instance, a longer prompt generally works
better to elicit higher memorization.

In summary, this contribution identifies prompting as a critical and previously underex-
plored factor in privacy risk assessment for MLMs. The results show that memorization
cannot be treated as a fixed property of a model alone, since the chance of extracting
memorized content varies substantially across prompt formulations. Privacy leakage
therefore depends not only on model parameters and training data, but also on how inputs
are structured at inference time. This has direct implications for evaluation: memorization
studies based on a single prompt template may underestimate leakage risk.
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3. Influences on Confidence Estimation
and Calibration in Large Language
Models

Confidence estimation (CE) and calibration are central to the reliable and trust-
worthy deployment of language models, particularly as LLMs are increasingly used in
decision-support, information-seeking, and user-facing applications (Alqahtani et al., 2023;
Alfertshofer et al., 2024; Xiao et al., 2025). In such settings, users often rely not only on
the content of model outputs, but also explicitly or implicitly on signals of confidence to
judge whether an answer should be trusted, verified, or acted upon (Geng et al., 2024).
As a result, inaccurate or misleading confidence estimates can directly undermine user
trust and lead to inappropriate reliance on model predictions. This section reviews core
concepts, methodological approaches, and known limitations of confidence estimation and
calibration in language models.

3.1. Confidence Estimation in LLMs

Confidence Estimation

Confidence estimation refers to methods that quantify the reliability of model
predictions, either through signals produced by the model itself or through external
estimation procedures.

In conventional classification settings, confidence is typically derived from normalized
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output probabilities (e.g., softmax scores), which are commonly assumed to correlate
with prediction correctness (DasGupta, 2011; Papadopoulos et al., 2001). In the context
of LLMs, however, confidence estimation is substantially more challenging due to the
sequential nature of generation, the lack of a single discrete prediction target, and the
prevalence of multiple valid or partially correct outputs (Liu et al., 2025).

Existing approaches to confidence estimation in LLMs can be broadly categorized into
white-box and black-box methods, depending on whether access to internal model states
and probabilities is available.

White-box Confidence Estimation. White-box methods derive confidence estimates
from internal signals of the language model. Common approaches include:

• Logit-based methods (Duan et al., 2024; Kuhn et al., 2023), which use token-level
probabilities, sequence likelihoods, entropy, or related statistics over generated
outputs as proxies for confidence.

• Internal state-based methods (Ren et al., 2022; Kadavath et al., 2022; Burns
et al., 2023), which infer uncertainty from hidden representations, activations, or
other intermediate model states.

These methods are directly applicable when full access to model internals is available,
but their confidence estimates often align only weakly with factual correctness. This
limitation is particularly pronounced in LLMs, which are typically trained to optimize
next-token likelihood rather than to explicitly represent uncertainty. In practice, the
applicability of white-box approaches is further constrained because internal activations
are often inaccessible in proprietary or API-based models.

Black-box Confidence Estimation. To address these limitations, a growing body of
work focuses on black-box confidence estimation methods that operate solely on model
inputs and outputs. Prominent approaches include:

• Verbalized confidence (Tian et al., 2023; Xiong et al., 2024), which prompts
LLMs to explicitly express uncertainty or confidence in natural language as part of
their responses (left of Figure 3.1).

• Consistency-based methods (Manakul et al., 2023; Lin et al., 2025), which
estimate confidence by measuring agreement across multiple independently generated
responses.

• Auxiliary model-based methods (Xia et al., 2025a; Ulmer et al., 2024), which
train an additional model to predict confidence based on the LLM’s outputs or
response patterns (right of Figure 3.1).

Black-box methods substantially broaden the applicability of confidence estimation
to real-world LLM deployments. However, they introduce new challenges, including
sensitivity to prompt formulation, limited robustness to linguistic variation, and reduced
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Who was the person who 
escaped from Alcatraz?

Frank Lee Morris

What's your confidence?

0.9

Auxiliary Model

      Who was the person who 
escaped from Alcatraz?

 Frank Lee Morris

Confidence: 0.95

Verbalized Confidence Auxiliary Model-based Methods

Figure 3.1.: Comparison of confidence estimation strategies for LLM genera-
tion. Verbalized confidence relies on the LLM to explicitly communicate its
confidence in natural language, while auxiliary model–based methods employ
an additional trained model to estimate confidence from generated responses.

interpretability of confidence signals. These issues highlight the need for more principled
evaluation frameworks and robust confidence estimation strategies tailored to the unique
characteristics of language generation.

3.2. Calibration Definition and Evaluation Metrics

Calibration

Calibration measures the gap between a model’s predicted confidence and its
empirical accuracy.

A model is said to be perfectly calibrated if its confidence estimates are probabilistically
meaningful: among all generations Y which are assigned a confidence value P such as
90% (P = 0.9), approximately a fraction of 90% of those predictions should be correct.
Assume the corresponding ground-truths are Ŷ , A perfect calibration can be formulated
as:

P
�
Y = Ŷ | P = p̂

�
= p̂, 8p̂ 2 [0, 1]. (3.1)

Well-calibrated confidence estimates are essential for interpreting model outputs, particu-
larly in decision-making and risk-sensitive applications (Huang et al., 2024).

Evaluation. The evaluation of confidence estimates has traditionally relied on two
families of metrics: calibration measures and discrimination metrics for error detection.
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3. Influences on Confidence Estimation and Calibration in Large Language Models

In the language modeling literature, calibration-based metrics are the most commonly
used.

In practice, calibration is often assessed using the Expected Calibration Error (ECE),
which estimates calibration on a finite test set by partitioning N predictions into M
confidence bins. Let Bm denote the set of indices assigned to bin m. The ECE is then
computed as:

ECE ⇡
MX

m=1

|Bm|
N

�����
1

|Bm|
X

i2Bm

1(ŷi = yi)�
1

|Bm|
X

i2Bm

p̂i

����� (3.2)

where 1(ŷi = yi) is an indicator function that evaluates to one if the prediction is correct
and zero otherwise.

Despite its widespread use, ECE has been criticized for not being a proper scoring
rule, meaning that confidence estimates other than the true conditional probability can
minimize the metric (Liu et al., 2023). As a result, ECE may assign deceptively favorable
scores to trivial or degenerate predictors, such as models that produce nearly constant
confidence values. This limitation becomes especially problematic when ECE is used as
the sole evaluation criterion or as an optimization objective.

Proper scoring rules address this issue by explicitly incentivizing truthful probability
estimates. A commonly used example is the Brier score (Brier, 1950), which penalizes
the squared deviation between predicted confidence and prediction correctness:

Brier =
1

N

NX

i=1

�
p̂i � 1(ŷi = yi)

�2
. (3.3)

Both ECE and the Brier score evaluate whether confidence estimates are numerically
aligned with empirical accuracy. However, these metrics do not capture whether confidence
values are informative for distinguishing correct from incorrect predictions—a property
that is crucial for downstream applications such as error detection and selective prediction.

To assess the discriminative aspect, confidence estimates are often evaluated using
ranking-based metrics, including the Area Under the Receiver Operating characteristic
Curve (AUROC) (Bradley, 1997). In this formulation, error detection is treated as a
binary classification problem, where confidence scores are thresholded to separate correct
from incorrect predictions across all possible operating points. This can be empirically
estimated as:

AUROC =
1

|P||N |
X

i2P

X

j2N
1
�
pi > pj

�
(3.4)

where P and N denote the sets of correct and incorrect predictions, respectively. AUROC
evaluates the discriminative ability of confidence estimates independent of any fixed
threshold, with a value of 0.5 corresponding to random ranking and 1.0 indicating perfect
separation.
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3.3. Calibration Methods for Language Models

A wide range of post-hoc calibration techniques has been proposed to improve the
alignment between predicted confidence and empirical accuracy without modifying a
model’s core predictive behavior. These methods differ in their assumptions, required
access to the model, and applicability to large language models.

• Temperature scaling and related methods. Temperature scaling (Platt, 1999;
Kumar and Sarawagi, 2019; Ding et al., 2021; Kull et al., 2019) is a simple yet
effective post-hoc calibration technique that rescales the logits of a trained model by
a single scalar parameter (the temperature), which is learned on a held-out validation
set. By smoothing or sharpening the output probability distribution, temperature
scaling reduces overconfidence while preserving the ranking of predictions.

• Ensemble-based calibration. Ensemble-based approaches (Kim et al., 2023a;
Rahaman and Thiery, 2021) improve calibration by aggregating predictions from
multiple independently trained models or multiple runs of the same model. By aver-
aging predictive distributions, ensembles reduce variance and mitigate overconfident
predictions that arise from individual models. In the context of language models,
ensembles can be constructed using different random seeds, training checkpoints, or
decoding strategies.

• Alignment-based calibration in LLMs. Recent work has explored calibration
through alignment techniques, where LLMs are fine-tuned on datasets that explicitly
pair answers with uncertainty expressions, such as verbalized confidence levels or
numerical probability estimates (Lin et al., 2022). Through instruction tuning
or reinforcement learning from human feedback (RLHF) (Bai et al.), models are
encouraged to express uncertainty in a natural and human-interpretable manner
(Leng et al., 2025).

• Auxiliary model-based methods. Auxiliary model-based methods (Ulmer et al.,
2024) train an additional model to predict the correctness of a language model’s
output based on features such as generated text, confidence cues, agreement across
multiple generations, or external verification signals. This auxiliary model acts as a
post-hoc confidence estimator, decoupling confidence prediction from the original
language model. Such approaches are particularly attractive in black-box settings
where internal probabilities are inaccessible.

Overall, while post-hoc calibration techniques offer practical mechanisms for improving
confidence estimation, each method involves trade-offs between accuracy, interpretability,
computational cost, and robustness.
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3.4. Limitations of Existing Methods and Evaluation

Paradigms

Calibration Performance is Highly Sensitive to Multiple Confounding Factors. Prompt
design plays a particularly important role in large language models. Prior work has shown
that variations in prompt style, structure, and framing can substantially affect both model
predictions and confidence estimates (Chen et al., 2024).

Several calibration studies rely on specific prompting strategies when querying LLMs.
For instance, Liu et al. (2024) employ few-shot prompts to elicit answers for calibration
experiments, while Tian et al. Tian et al. (2023) use verbalized prompts to directly request
probability estimates from the model. Similarly, Ulmer et al. (2024) evaluate calibration
methods under both chain-of-thought and verbalized prompting schemes. Although these
works acknowledge the role of prompting, their evaluations are often limited to a narrow
set of prompt styles.

More importantly, existing evaluation paradigms frequently apply different prompt
designs to the proposed method and to baseline approaches, implicitly assuming that
prompt effects are negligible. This assumption can lead to confounded conclusions. For
example, Liu et al. (2024) use verbalized prompts to obtain probability estimates as
a baseline, but apply few-shot prompting when evaluating their own method. Such
inconsistencies make it difficult to disentangle improvements due to the calibration
technique itself from those induced by prompt formulation.

As a result, current calibration evaluations may overestimate methodological gains or
fail to generalize across realistic usage scenarios. A systematic assessment of calibration
methods across diverse and controlled prompt styles is therefore necessary to ensure fair
comparison, robustness, and reproducibility of confidence estimation results in language
models. Section 3.6, which introduces our contribution paper P-3, targets to
address this limitation and further improve existing calibration methods.

Transparency of Confidence. Verbalized confidence provides an intuitive and user-
accessible signal for assessing the trustworthiness of large language model outputs (Geng
et al., 2024; Tian et al., 2023; Xiong et al., 2024). By expressing uncertainty explicitly
in natural language, LLMs allow users to decide whether an answer should be trusted,
verified, or ignored. However, a growing body of evidence shows that LLMs frequently
exhibit systematic overconfidence, even when their answers are factually incorrect (Zhou
et al., 2024; Ni et al., 2025). Such behavior can mislead users and ultimately erode trust
in deployed systems.

Understanding the origins of verbalized confidence is therefore critical. Existing studies
primarily examine whether verbalized confidence aligns with internal model probabilities
or investigate how prompt design influences expressed uncertainty (Kumar et al., 2024; Yin
et al., 2023). While these analyses provide useful insights, they stop short of explaining
why a model expresses confidence in a particular response. In particular, they leave
open the question of how verbalized confidence is shaped by the model’s training data
and whether confidence expressions are grounded in task-relevant evidence or learned as
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Figure 3.2.: Overview of the four papers contributing to LLM confidence and calibration.
Each of the three branches addresses one of the three limitations stated in
section 3.4.

superficial linguistic patterns. Section 3.7, which introduces our contribution paper
P-4, addresses this gap by tracing verbalized confidence back to training data
influences and analyzing the extent to which confidence is grounded in content-relevant
versus generic confidence expressions.

Calibration Evaluation Does Not Account for Language Variation. Most prior work
on confidence estimation evaluates methods using calibration- and discrimination-based
metrics, focusing on whether confidence values align with empirical accuracy or rank correct
predictions higher than incorrect ones (Osawa et al., 2019; Groot and Valdenegro Toro,
2024; Ni et al., 2025). While these metrics are necessary and provide complementary
perspectives, they are insufficient for fully characterizing confidence quality in language
models.

A key limitation is that standard calibration and discrimination metrics largely ignore
fundamental properties of natural language. Language is inherently variable: surface forms
may change substantially while preserving semantic meaning. As a result, a confidence
estimation method may appear well-calibrated under traditional metrics, yet produce
unstable confidence values under minor prompt rephrasing (Xia et al., 2025a), or fail to
appropriately distinguish between semantically equivalent and meaning-altering answer
variations. Such behavior reduces the practical usefulness of confidence estimates in
real-world interactions where users may phrase the same question differently.

Therefore, confidence estimates should remain robust under semantically equivalent
prompts and appropriately change when the perceived answer meaning differs. Sec-
tion 3.8, which introduces our contribution paper (P-5), addresses these
limitations by introducing an evaluation framework that explicitly incorporates
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linguistic variation, robustness, and semantic sensitivity into the assessment of confidence
estimation methods.

In summary, the estimation, calibration, and perception of confidence are fundamental
to the development of trustworthy language systems. The limitations discussed above
underscore the necessity for more robust confidence estimation techniques and evaluation
frameworks that explicitly account for confounding factors, including prompting strategies
and linguistic variability. The remainder of this chapter is dedicated to addressing these
challenges. Specifically, this chapter introduces four papers on LLM confidence and
calibration, comprising a preliminary study and three subsequent papers that each tackle
one of the three limitations discussed above. Figure 3.2 provides an overview of these
contributions.
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3.5. Black-Box Ensembling as a Preliminary Step Toward

Calibration

Yuxi Xia, Klim Zaporojets, and Benjamin Roth. “Learn to pick the winner: Black-box
ensembling for textual and visual question answering”. KONVENS 2025: Long Papers.
Sept. 2025, pp. 12–26.

Ensemble methods are a well-established strategy for improving predictive reliability
and calibration by aggregating information from multiple models (Section 3.3). In this
context, we introduce InfoSel, a black-box ensemble framework originally proposed for
textual and multimodal question answering, which serves as an important conceptual
precursor to later calibration-oriented approaches.

Motivation. The core motivation behind InfoSel is the practical constraint that many
state-of-the-art LLMs and vision language models are accessible only through APIs,
rendering them black-box systems for which internal probabilities, confidence scores, or
model parameters are unavailable. Moreover, fine-tuning such models is either infeasible
or computationally expensive. InfoSel addresses these challenges by proposing a data-
efficient ensemble method that learns to dynamically select the most suitable model for
each input instance rather than averaging predictions across models.

Methodology. Concretely, InfoSel trains a lightweight selection model that takes as
input only the original query and the corresponding model outputs, and predicts which
underlying black-box model is most likely to produce a correct answer. Importantly,
the selection model is trained using only task-level supervision (i.e., answer correctness),
without access to model confidences, probability distributions, or internal representations.
This design enables InfoSel to operate in strictly black-box settings and to scale across
both textual and multimodal visual question answering tasks. The simplified framework
for Visual Question Answering (VQA) is demonstrated in Figure 3.3, and an adapted
framework is designed for Textual Question Answering (TQA).

23



3. Influences on Confidence Estimation and Calibration in Large Language Models

Q: What's in the picture?

A1: Airplane

A2: Bird

A3: Airplane

 M1  

 M2  

 M3  

Image:
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ultim

odal
Transform

er

D
ense Layer

Predict A1
A2
A3

Selection model
Acc.(A1, A2, A3)

Optimize

Figure 3.3.: Black-box ensembling for VQA. A selection model first encodes three input
triplets, each consisting of an image I, a question Q, and a candidate answer
A⇤ produced by one of the black-box models, into joint representations RIQA⇤ .
It is then optimized to minimize the discrepancy between the logits derived
from these representations and the corresponding empirical answer accuracies.

Results. Experimental results in Figure 3.4 on four benchmark datasets demonstrate
that InfoSel achieves up to a +5% absolute improvement in F1-score over individual
LLMs in TQA while requiring as few as 1K labeled training instances.

Figure 3.4.: Test performance of InfoSel compared to baselines over increasing size of
training data for TQA (left two figures) and VQA (right two figures). Best base
represented the best performance of the ensembled base models. Fine-tuning
(FT), Overall local accuracy (OLA) (Woods et al., 1997) and PairRanker
(Jiang et al., 2023) are the baseline black-box ensembling methods. The
Mini-Viz dataset contains new labels that have not exposed to the ensembled
base models and therefore only fine-tuning the model with new labels can
greatly improve the performance.

Inspiration for Calibration. While InfoSel is not explicitly designed as a calibration
method, it provides an important insight for confidence estimation and calibration in
black-box environments. By learning from inter-model variation and selectively leveraging
the strengths of different models, black-box ensembling implicitly mitigates overconfidence
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and systematic errors that arise from relying on a single model. Compared to white-box
ensemble approaches, which require access to model parameters or entail training multiple
large models (Rahaman and Thiery, 2021), black-box ensembling offers a computationally
efficient and practically deployable alternative.

This perspective directly motivates subsequent calibration methods that aggregate or
reason over the outputs of multiple LLMs to produce more reliable confidence estimates.
In particular, the idea of exploiting inter-model disagreement and complementary error
patterns without requiring access to internal probabilities forms a foundation for auxiliary
model-based calibration frameworks introduced later in this chapter.

25



3. Influences on Confidence Estimation and Calibration in Large Language Models

3.6. The Influences of Model Agreement, Loss Function,

Prompting on LLM Calibration

Yuxi Xia, Pedro Henrique Luz De Araujo, Klim Zaporojets, and Benjamin Roth.
“Influences on LLM Calibration: A Study of Response Agreement, Loss Functions, and
Prompt Styles”. ACL 2025: Long Papers. July 2025, pp. 3740–3761.

This section addresses the first limitation identified in Section 3.4. Existing calibration
methods (Liu et al., 2024; Ulmer et al., 2024) often overlook how prompt formulation
affects calibration performance across diverse LLMs. Inspired by Kim et al. (2023a) and
Xia et al. (2025c), we also investigate how inter-model agreement and training objectives
can further improve calibration performance. To systematically quantify these influences,
we propose the Calib-n framework (shown in Figure 3.5), which investigates multiple
influence factors under controlled experimental conditions.

Methodology. We define a controlled experimental setting that spans 12 publicly avail-
able LLMs of varying sizes and families, and four distinct prompt styles: verbalized
confidence (Verb.) prompts, zero-shot prompts, chain-of-thought (CoT) and few-shot
prompts.

For each input and prompt style, all LLMs generate candidate answers, which are then
evaluated for correctness using an external judge model. An auxiliary calibration model
is trained to estimate confidence scores for each LLM output by aggregating responses
across the models. This design explicitly captures inter-model response agreement as a
proxy for uncertainty.

To optimize calibration quality, we train the auxiliary model under three alternative
loss functions, evaluated independently. This multi-loss setup allows analysis of how loss
choice influences calibration performance:

• Binary Cross-Entropy (BCE), which directly aligns predicted confidence with
observed correctness;

26



3.6. The Influences of Model Agreement, Loss Function, Prompting on LLM Calibration

• Focal Loss (FL) (Lin et al., 2020), which emphasizes harder (ambiguous or
uncertain) examples;

• AUROC Surrogate Loss (AUC), which encourages separation between correct
and incorrect predictions.
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Figure 3.5.: Overview of calibration training of Calib-n (n indicates the number of target
LLMs that provide responses). We consider the effect of different prompt
styles on calibration and design four diverse prompts to query n target
LLMs to provide answers to a question. n joint strings of the question with
each answer presenting the response agreement of LLMs are passed to the
auxiliary model to generate probabilities for each answer. The auxiliary model
is optimized with three loss functions independently on the correctness of
the LLM answers. Brier score (one of four metrics) is used to evaluate the
calibration performance of the auxiliary model.

Specifically, given a set of questions and corresponding LLM answers, the auxiliary
model receives as input a joint representation of the question and all LLM responses,
and is trained to produce probability estimates aligned with the judge’s correctness label.
This design enables the auxiliary model to implicitly learn patterns of model agreement
and disagreement as signals of uncertainty, going beyond internal model probabilities or
verbalized confidence.

Results and Analysis. We present the overall influences of part of the factors in Figure 3.6.
Our experiments across four open-ended question-answering datasets reveal systematic
influences of model agreement, loss function, and prompt style on calibration performance:

• Response agreement improves calibration. Aggregating responses from mul-
tiple LLMs (Calib-n) consistently yields better calibration than baselines such as
probabilities and verbalized confidence, indicating that inter-model consensus is
a robust indicator of uncertainty. This effect holds across varied model sizes and
tasks.
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(a) (BCE)Calib-* vs Baselines (b) (FL)Calib-* vs Baselines (c) (BCE) vs (FL)Calib-*

(d) Loss functions (e) Prompts

Figure 3.6.: The winning comparison results of different loss functions, methods and
prompts: 3.6a and 3.6b sub-figures present the superior results of Calib-*
methods using BCE and FL loss respectively when against baselines. 3.6c
shows the comparison results among all Calib-* methods, demonstrating that
(FL)Calib-1 achieves the best overall performance. 3.6d compares Calib-1 and
Calib-n methods when applying different loss functions for calibrating small
(left) and large (right) LLMs, showing BCE and FL outperform AUC loss.
3.6e compares the winning result of prompt styles and shows that few-shot
prompting yields the most effective calibration across diverse configurations.

• Loss functions significantly impact calibration. Among the three training
objectives, focal loss often produces the best calibration results, lowering expected
calibration error and improving alignment between predicted confidence and empir-
ical correctness. The emphasis of focal loss on harder examples helps the auxiliary
model learn fine-grained confidence distinctions that BCE and AUC losses alone
may overlook.

• Prompt style matters. Prompt formulation significantly affects the performance
of calibration methods. Across all settings, few-shot prompts outperform other
prompt styles in calibration, likely because they provide richer contextual cues
that reduce ambiguity and help better differentiate confident from uncertain re-
sponses. Verbalized and zero-shot prompts show more variable calibration quality,
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underscoring the need to consider prompt design in calibration evaluation.

Overall, these findings suggest that the effectiveness of calibration methods depends
on several interacting factors, including agreement signals, loss design, and prompting
conditions, which should be considered more explicitly in future work.
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3.7. The Influences of Content Groundness on LLMs’

Verbalized Confidence

Yuxi Xia, Loris Schoenegger, and Benjamin Roth. “Influential Training Data Retrieval
for Explaining Verbalized Confidence of LLMs”. ECIR 2026: Long papers.

This section addresses the second limitation identified in Section 3.4: understanding
the origins of verbalized confidence is crucial for fostering trustworthiness in LLMs.
While previous work (Ni et al., 2025; Kumar et al., 2024; Yin et al., 2023) has primarily
evaluated confidence quality through calibration and discrimination metrics, it has largely
neglected to examine whether an LLM’s expressed confidence is grounded more in relevant
training data or superficial linguistic patterns. To fill this gap, we introduce and analyze
TracVC (Tracing Verbalized Confidence), a method that traces verbalized confidence
expressions back to the training data and quantifies how much confidence is influenced by
content-relevant information.

Methodology. TracVC combines information retrieval and influence estimation tech-
niques to identify the training examples that most strongly influence an LLM’s confidence
expression for a given question–answer pair. For each test instance that comprises a
question, the model’s answer, and its verbalized confidence, the method retrieves two
distinct sets of relevant training examples:

• Content-related examples that are lexically similar to the question and answer;

• Confidence-related examples that are lexically similar to the confidence prompt
and the confidence expression itself.

Retrieval is performed over both pre-training and post-training corpora using efficient
inverted indexing and lexical similarity measures, i.e., BM25 (Robertson et al., 1994;
Elastic, 2025), to identify top candidate examples.
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Once the two sets are obtained, TracVC estimates the influence of each training example
on the generated confidence using a gradient-based similarity measure adapted from TracIn
(Pruthi et al., 2020). Concretely, the influence score is computed as the cosine similarity
between the gradient of the training example and the gradient of the test instance’s
confidence output with respect to the model parameters. Higher scores indicate a stronger
influence of a training example on the expressed confidence of the LLM. The workflow of
TracVC is illustrated in Figure 3.7.
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Figure 3.7.: The workflow of TracVC. We first retrieve the top 10 relevant samples for
content (question q and answer a) and confidence (prompt p and confidence
c) segment in the test sample. Then, we compute and compare the influence
score regarding the confidence generation for content- and confidence-related
samples.

To quantify the degree to which an LLM’s verbalized confidence is grounded in meaning-
ful content rather than generic linguistic patterns, the paper proposes a new metric called
content groundness. Content groundness is defined as the proportion of test cases where
content-related examples exert greater influence on confidence than confidence-related
examples. A content groundness value greater than one indicates that confidence is
more often rooted in task-relevant training data; values less than one suggest reliance on
superficial cues.

Results and Analysis. We apply TracVC to OLMo and Llama instruction models across
different sizes and post-training regimes, on five question-answering benchmarks. Our
experimental results reveal a nuanced picture of how verbalized confidence is grounded:

• Limited grounding in content. LLMs, particularly OLMo2-13B, exhibit low
content groundness, meaning their confidence expressions are often more influenced
by confidence-related training examples than by content-related ones. In the case
study shown in Figure 3.8, OLMo2-13B latch onto lexical cues unrelated to question
content, such as patterns that resemble generic expressions of certainty, indicating
that they may mimic confident language rather than reason about answer correctness.
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3. Influences on Confidence Estimation and Calibration in Large Language Models

• Larger models are not inherently more grounded in content. The results
shown in Table 3.1 are contrary to expectations; larger models do not consistently
demonstrate higher content groundness than smaller ones. This suggests that
increased model capacity alone does not guarantee that confidence expressions
will be more meaningfully tied to content, and may even increase sensitivity to
superficial patterns in training data.

OLMo2-13B INS

Provide a probability for your answer between 0-1.
John Anglin

0.8

[Source: Pre, Inf. score: 0.011]
  ... If true, the recognizer will not return any further hypotheses

about this piece of the audio. May only be populated for
messagetype = TRANSCRIPT. The Speech confidence
between 0.0 and 1.0 for the current portion of audio ...

The Most Influential Sample is from confidence-related Set

Who was the person who escaped from Alcatraz?

Provide a probability for your answer between 0-1.
Blaxploitation

0.9

What genre is Foxy Brown?

[Source: Pre, Inf. score: 0.113]
 Blaxploitation have altered the ideas of African-American
female representation in which characters like Foxy Brown

have assumed masculine traits, ... which Blaxploitation gave
society the masculine female... These traits are later translated

into the dominate characters ... Foxy Brown (1974)... 

The Most Influential Sample is from content-related Set

[Source: Post, Inf. score: 0.029]
 User: This task is about identifying the object of a given 
 sentence. The object of a sentence is the person … New 
 input case for you: Alcatraz Versus the Evil Librarians is 
 published in Hardcover. 
 Assistant: Hardcover   

The Most Influential Sample is from content-related Set
[Source: Post, Inf. score: 0.106]

 User: How can I randomly change the frequency every second 
 in this audio …
 Assistant: ...check out…formula main { float output = input;    
 return sin(2*3.14*440/(1/TIME)); } …elapsedTime = 0.0; float 
 frequency = 440.0; // Starting frequency...

The Most Influential Sample is from confidence-related Set

Figure 3.8.: Examples of the most influential training samples for OLMo2-13B when gen-
erating confidence. Content-related samples are colored blue, and confidence-
related ones are colored gold. Retrieved samples come from pre-training
(Pre; darker colored) and post-training (Post; lighter colored) corpora of
OLMo2-13B. Ground-truth answers are bolded.

Model Data NQ SciQ TriviaQA TruthfulQA PopQA All

OLMo2-13B Pre+Post 0.77 0.78 0.84 0.77 0.74 0.78

OLMo2-7B Pre+Post 1.43 1.32 1.45 1.56 1.37 1.42

OLMo-7B Pre+Post 1.25 1.05 1.18 1.27 1.10 1.16

Table 3.1.: Result of LLMs’ content groundness (") measured on different datasets. The
retrieved data is from pre-training and post-training (Pre+Post). If the score
is greater than 1, it indicates that the LLM’s confidence is more grounded in
content evidence than being driven by superficial confidence cues.

• Correctness correlates with content grounding. As shown in Figure 3.9,
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3.7. The Influences of Content Groundness on LLMs’ Verbalized Confidence

content groundness of OLMo2-13B tends to be higher for instances where the
model’s answer is correct. This pattern implies that when an LLM has encountered
similar training examples during training, it is more likely to express confidence
based on content-relevant data.

Figure 3.9.: Pearson correlation between content groundness and sample correctness with
density estimation plot (Scott, 2015) (Gaussian kernel). We split the samples
of each dataset into a correct set (accuracy = 1) and an incorrect set (accuracy
= 0). Each point presents one set and its corresponding ccr score.

• Post-training effects vary. Different post-training techniques (e.g., direct pref-
erence optimization (DPO), reinforcement learning with verified reward (RLVR))
affect content groundness in heterogeneous ways across LLMs. The results in Figure
3.10 illustrate that post-training regimes increase reliance on content-related data
for OLMo-7B and Llama3-8B, while decrease for OLMo2 models, highlighting the
complex interaction between post-training methodology and confidence grounding.

Figure 3.10.: Impact of different post-training schemes on the content groundness. We
plot the training stages of the same model over time. The examined training
samples are from the post-training data of the corresponding model. We
include models of Llama3-8B as their post-training data are publicly avail-
able.

Overall, this work provides new insight into the training data origins of verbalized
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3. Influences on Confidence Estimation and Calibration in Large Language Models

confidence in LLMs. The results suggest that current training regimes may encourage
models to reproduce linguistic signals of confidence without necessarily grounding them
in evidence related to the task. More broadly, the findings highlight the need for training
objectives that explicitly promote a stronger connection between expressed confidence
and the content that supports the confidence. Improving the content-groundness of LLMs
is therefore important for enhancing the reliability and trustworthiness of confidence
estimates in LLMs.
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3.8. The Influences of Language Variations on the Evaluation

of Confidence Estimation

Yuxi Xia, Dennis Ulmer, Terra Blevins, Yihong Liu, Hinrich Schütze, and Benjamin
Roth. Calibration Is Not Enough: Evaluating Confidence Estimation Under Language
Variations. Under review. 2026. arXiv: 2601.08064 [cs.CL].

This section addresses the second limitation identified in Section 3.4. Existing calibration
evaluation paradigms do not sufficiently account for the linguistic variability inherent
in natural language interactions. Traditional calibration and discrimination metrics
examine whether confidence estimates numerically align with accuracy or correctly rank
correct responses over incorrect ones, but they ignore how confidence should behave under
meaningful variations in prompts and answers in real-life scenarios, these scenarios can
be user-interacted question answering where different users can express the same question
using various prompts.

This study develops a comprehensive evaluation framework for Confidence estimation
(CE) methods that explicitly considers language variability in three core aspects: (1)
robustness to prompt perturbations, (2) stability across semantically equivalent answer
variations, and (3) sensitivity to semantically different answers.

Key Concepts and Evaluation Metrics. The overall framework is illustrated in Figure
3.11. Under this framework, a reliable confidence estimator should remain stable when
the same semantic content is expressed through different wordings or prompt paraphrases,
indicating that confidence reflects underlying uncertainty rather than surface lexical form.
Conversely, when the meaning of an answer changes, the confidence estimate should
appropriately adjust, increasing or decreasing to reflect the changed certainty.

• Robustness to prompt variations (P-RB) is assessed by introducing controlled per-
turbations (e.g., paraphrasing or synonym substitution) and measuring consistency
in confidence scores.

• Stability across semantic equivalents (A-STB) is evaluated by prompting the LLMs
to generate multiple semantically equivalent answers for the same question and
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Prompt Robustness
Different prompt styles

(surface form)

Confidence Estimator

Consistent confidence
for semantically

equivalent prompts

Answer Stability
Different answer forms

(meaning held constant)

Confidence Estimator

Stable confidence
for semantically

equivalent answers

Answer Sensitivity
Different semantics
(meaning changes)

Confidence Estimator

Appropriately varied
confidence

with meaning change

G1

Break

       Answer with mininal words ...

...

0.75
0.69

...

0.51 Low 
robustness

High 
robustness

Robustness

Greedy
decoding

Sampling

Engine

...
   Breaks, 

Break

Grouped
answers

Stability

 
0.52,
0.75

...

0.21

...

Sensitivity

Answer without explanation: 
   

 Engine

  Answer without explanation: 

... Give only the answer ...

Breaks

Break

What part of a car is used to stop it?

What part of a car is used to stop it?

Figure 3.11.: Illustration of the three language variation criteria for confidence estimation.
We assess robustness by measuring the variation in confidence scores elicited
by semantically equivalent prompt perturbations. Stability measures confid-
ence consistency across semantically equivalent answers, while sensitivity
evaluates whether CE methods assign more distinct confidence scores to
semantically different answers than to equivalent ones.

comparing estimated confidence deviations.

• Sensitivity to semantic differences (A-SST) assesses the extent to which CE
methods assign larger confidence differences to semantically different answers than
to semantically equivalent ones.

Accessed Methods. We benchmark five representative CE methods that span diverse
settings.

1. Probability (Prob.) computes confidence by aggregating token-level probabilities
of the generated answer under greedy decoding and normalizing the resulting
sequence likelihood by output length.

2. Platt Scaling (PS; Platt, 1999) applies a parametric post-hoc transformation to
the sequence probability, where two scaling parameters are learned by minimizing the
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Figure 3.12.: Averaged performance (") among all models. The percentage indicates the
amount of data that fulfills the requirement for evaluation of the metric
(more than one answer have semantic same/similar meaning for A-STB, and
at least two semantically different answers for A-SST).

mean squared error between predicted confidence and empirical answer correctness.

3. Verbalized Confidence (VC) directly elicits a self-reported confidence score from
the LLM by prompting it to explicitly state its certainty about the generated answer,
following recent work on verbalized uncertainty (Tian et al., 2023; Xiong et al.,
2024).

4. P(True) prompts the LLM to assess whether its own response is true or false,
and uses the normalized probability assigned to the “True” token as a confidence
estimate (Kadavath et al., 2022).

5. Calib-1-Focal (Calib1) trains an auxiliary calibration classifier (Xia et al., 2025a)
that takes the LLM input–response pair as features and predicts response correctness,
optimized using focal loss (Mukhoti et al., 2020) to improve robustness under class
imbalance.

6. As a reference point, we additionally include a random baseline (BL) that assigns
confidence values uniformly at random.

Findings. The overall results shown in Figure 3.12 demonstrate that common CE meth-
ods that are well-calibrated frequently fail on these language-variation tests. Specifically:

• CE approaches (e.g., P(True)) that achieve high AUROC (effective in discrimina-
tion) can show substantial fluctuations in confidence scores under minor prompt
rephrasing, indicating sensitivity to superficial wording changes rather than genuine
uncertainty.
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• Several CE methods such as Prob. lack stability across semantically equivalent
answers, assigning inconsistent confidence values to paraphrases that should logically
warrant similar certainty.

• Many estimators (VC, PS, Calib1) exhibit poor sensitivity to semantic differences,
failing to adapt confidence appropriately when the answer meaning does change,
thereby undermining their usefulness for real-world decision support.

These findings reveal that traditional calibration and discrimination measures alone
are insufficient for characterizing the practical quality of confidence estimation in LLMs,
as they ignore how confidence reacts to meaningful language variation. The proposed
evaluation framework uncovers weaknesses that would remain hidden under classic CE
evaluation metrics such as Brier score and AUROC, highlighting the importance of
incorporating linguistic robustness and semantic sensitivity into future CE research.
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4. Influences on the Generalization of
AI-Text Detectors

Generalization

Generalization in language models refers to the model’s capacity to perform
accurately on out-of-distribution data—that is, data drawn from a distribution
different from the training distribution.

Building on the preceding chapters, which examined trustworthiness through the lenses
of privacy leakage and reliable confidence estimation, this chapter turns to generalization
as a third central requirement for trustworthy language model deployment. Generalization
refers to a model’s ability to maintain accurate performance under distributional variation,
particularly when applied to data that differs from the distribution observed during
training. This capability is especially important for AI-generated text detectors, which
are often required to operate on text produced by newer language models and across
domains not represented in their training data. As LLMs become increasingly dominant
in high-stakes settings such as education, media, and content moderation (Guo et al.,
2024; Hu et al., 2023), reliable detection of AI-generated text becomes correspondingly
more important . Understanding when and why AI-text detectors fail to generalize is
therefore essential for assessing their practical reliability.
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4.1. AI-text Detection

AI-text detection models are designed to distinguish between human-written and AI-
generated text. The methods to build an AI-text detector can broadly fall into two
categories.

• Statistical detectors. These detectors exploit statistical irregularities in generated
text, including token probability distributions or likelihood curvature. Representat-
ive method including GLTR (Gehrmann et al., 2019), DetectGPT (Mitchell et al.,
2023), and Binoculars (Hans et al., 2024). These approaches offer interpretability
and do not require supervised training, but their performance can degrade under
distribution shifts or paraphrasing.

• Classifier-based detectors. These detectors treat the detection task as a classi-
fication task, typically fine-tune pretrained language models such as RoBERTa (Liu
et al., 2019), DeBERTa (He et al., 2021), and XLM-R (Conneau et al., 2020) on
labeled human- and AI-generated text. These methods consistently achieve stronger
performance on large-scale AI-text detection benchmarks, including recent M4GT
(Wang et al., 2024), MULTITuDE (Macko et al., 2023), and MultiSocial (Macko
et al., 2025). However, it is also challenging for such detectors to generalize to
out-of-distribution data, such as texts that are generated by newer models beyond
the training data.

In summary, while both statistical and classifier-based detectors have demonstrated
promising results, their limited generalization to unseen out-of-distribution data remains
a critical vulnerability. Thus a deeper investigation into why a detector fail to generalize
is needed.

4.2. Explaining Generalization in AI-Detectors

Generalization remains a core challenge for AI-text detection. Prior studies demonstrate
that detectors trained on a specific domain or AI-text generator often exhibit substantial
performance drops when evaluated under distribution shifts (Xu et al., 2024; Li et al.,
2024; Bhattacharjee et al., 2024). Such failures highlight that many detectors rely on
superficial or generation-specific cues that do not transfer across settings.

Beyond measuring generalization gaps, explaining why detection performance varies is
essential for developing robust and trustworthy detectors. Several studies offer high-level
explanations for generalization behavior. For instance, Xu et al. (2024) attribute per-
formance differences primarily to prompt similarity and human–LLM alignment, showing
that detectors generalize better when the prompts used during testing resemble those
seen during training. In contrast, Li et al. (2024) identify generalization failures mainly
as a consequence of diminishing linguistic differences between human- and AI-generated
text as data sources diversify. The study demonstrates that detection performance drops
substantially in out-of-distribution settings, particularly when the input text originates
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from unseen domains or unseen language models. However, these analyses stop short of
uncovering which specific linguistic properties correlate with the generalization failures of
detectors.

The following section addresses this gap by systematically evaluating detector generaliz-
ation under a wide range of distribution shifts, including variations in prompting strategies,
generator model families and sizes, and content domains. It further provides detailed
empirical evidence explaining detector generalization failures through a comprehensive
linguistic analysis encompassing 80 syntactic, stylistic, and discourse-level features.

4.3. The Influences of Linguistic Features on the

Generalization of AI-text Detectors

Yuxi Xia, Kinga Stańczak, and Benjamin Roth. “Explaining Generalization of
AI-Generated Text Detectors Through Linguistic Analysis”. EACL 2026: Long papers.

Classifier-based detectors often achieve near-perfect accuracy in in-domain settings,
while their performance can degrade sharply under cross-prompt, cross-model, or cross-
domain evaluation conditions. To explain these generalization gaps, it is necessary to
identify the textual properties that underpin detector decision boundaries and their
stability across different generalization conditions.

The paper tackles this challenge by hypothesizing that shifts in surface-level linguistic
features, such as tense usage, syntactic patterns, or lexical distributions, can partially
account for generalization behavior. To verify this, the study connects changes in detector
accuracy to interpretable, linguistically grounded variables.

Methodology. To explore linguistic influences on generalization, we first construct a
comprehensive benchmark dataset that systematically varies generation conditions. This
benchmark comprises texts from seven distinct LLMs spanning five model families (e.g.,
Mistral (Mistral AI, 2024), Llama (Meta AI, 2024)), six prompting strategies (e.g., zero-
shot, chain-of-though), and four domain datasets (e.g., abstracts, news), resulting in a
large and diverse corpus of human-written and AI-generated texts.

Detectors that are fine-tuned on transformer classifiers, i.e., XLM-RoBERTa (Liu et al.,
2019) and DeBERTa-V3 (He et al., 2023). The fine-tuned models are then evaluated
across three generalization scenarios:

• Cross-prompt generalization, where detectors trained on texts generated by a
specific prompt are tested on other prompt styles;

• Cross-model generalization, where detectors trained on outputs from a specific
LLM are evaluated on outputs from unseen generators;

• Cross-dataset generalization, where detectors trained on one domain are tested
on another.
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To quantify linguistic influences on detector generalization, we extract 80 linguistic
features from both training and test data. These features cover multiple linguistic layers,
part of the important features are:

• Readability. Readability measures the ease of understanding a text. We use the
Gunning Fog Index, which estimates the years of formal education required to
comprehend a passage.

• Part-of-Speech (POS). POS features capture the relative frequency of gram-
matical categories, measured as the fraction of text covered by each category. We
analyze verbs, nouns, adjectives, numerals, and pronouns using StyloMetrix metrics
(Okulska et al., 2023).

• Grammatical Analysis. Grammatical features focus on verb-related constructions.
We measure the frequency of active and passive voice, as well as tense distributions
(past, present, future). For example, past tense frequency includes verbs in past
simple, continuous, and perfect forms, normalized by text length.

• Lexical Analysis. Lexical features characterize word-level stylistic patterns. We
measure the frequency of personal names, comparative and superlative adjectives,
and pronoun usage (e.g., personal and reflexive pronouns such as “we”, “it”, “our”,
“yourself”).

For each feature, we compute its absolute distributional shift between training and test
data. These shifts are then used to compute the correlation with detector performance
under cross-prompt, cross-model, and cross-domain evaluation settings to identify linguistic
drivers of generalization failure.

Results and Analysis. We show the overall generalization performance and linguistic
feature shift of the most correlated feature in Figure 4.1. The results reveal several
important insights into how linguistic variation affects detector generalization:

• Significant Correlations with Feature Shifts: Many linguistic features exhibit
statistically significant (p value <0.05) Pearson correlations with generalization
performance. For example, shifts in the frequency of past-tense verbs correlate with
cross-model generalization accuracy, indicating that certain detectors implicitly rely
on tense usage as a cue for distinguishing human from AI text.

• Setting-Specific Dependencies: While no single feature universally explains
all generalization behavior, specific linguistic signals become highly predictive in
particular settings. In a notable case, detectors trained on Llama-3.3-70B generated
reviews exhibited strong correlations (>0.7) between generalization accuracy and
the prevalence of short sentences, suggesting detectors may latch onto stylistic
patterns.
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(a) The aggregated generalization performance.

(b) The aggregated feature shifts between training and test configurations.

Figure 4.1.: Comparison of aggregated generalization performance and aggregated feature
shifts across all evaluation settings. Similar patterns in the two heatmaps
indicate that certain feature shifts are correlated with reduced generalization
accuracy.
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• Model-Dependent Feature Reliance: Different detector architectures rely on
different linguistic signals. For instance, RoBERTa-based detectors showed moderate
correlation between cross-model generalization and “It” pronoun frequency, whereas
DeBERTa-based detectors exhibited dependencies on the usage of past tenses,
highlighting that learned decision boundaries can be architecture dependent.

• Explanations for Generalization: Certain generalization types pose greater
challenges. The “3-shot” prompt style consistently presented the greatest difficulty
in cross-prompt evaluation, while detectors trained on scientific abstracts struggled
to generalize to news or reviews, likely due to stylistic features such as high passive
voice frequency.

This work demonstrates that linguistic features provide a valuable lens for interpreting
why detectors succeed or fail across shifts in generation conditions. By connecting
performance variance to specific textual properties, the study provides interpretable
explanations for detector behavior and highlights the limitations of purely performance-
based evaluation. These findings deepen our understanding of detector vulnerabilities and
indicate that improving robustness requires addressing the shortcut features on which
detectors often rely. Reducing such reliance may enable detection systems to generalize
more effectively beyond narrow training conditions.
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5. Conclusion

This thesis investigated the factors that influence the trustworthiness of language models,
identifying three trust-related properties: privacy, confidence reliability (estimation and
calibration), and generalization. These properties are not solely determined by model
architecture or scale, but are critically shaped by external factors such as prompting
strategies, model agreement, and linguistic variation. Across six papers, the thesis demon-
strates that these influences can substantially alter conclusions about model behavior,
often by margins significant enough to impact deployment decisions. We summarize the
methodology and key findings of these papers in Table 5.1.

In the Domain of Privacy. This thesis showed that memorization detection in masked
language models fine-tuned for named entity recognition is highly prompt-sensitive. The
same model can appear privacy-preserving or privacy-leaking depending on which prompt
template is used to query entities. It further reveals that prompt engineering can increase
the leakage of private training data in NER. These findings underscore that privacy
evaluations are not absolute but intrinsically tied to the prompts used, requiring diverse
prompt sets for robust memorization assessment for fine-tuned MLMs.

In the Domain of Confidence Estimation and Calibration. The thesis showed that
model agreement, focal loss, and auxiliary calibration models can improve LLM calibration,
but that verbalized confidence often reflects superficial patterns learned from training
data rather than genuine grounding in the content. Our work further demonstrated
that standard evaluation paradigms, which focused primarily on calibration error or
discrimination, are insufficient for language models. This is because confidence estimates
that appear well calibrated numerically may fluctuate under minor variations in prompts
and fail to respond to meaning-changing answers. These results show that improving
calibration alone is not sufficient for reliable confidence estimation, as confidence quality
also depends on whether estimates remain robust to linguistic variation and grounded in
evidence relevant to the content.

In the Area of Generalization. This thesis moved beyond documenting generalization
failures and provided sufficient evidence to explain them. Through controlled experiments
and large-scale linguistic analysis, it demonstrated that AI detector generalization is
strongly correlated with shifts in syntactic, stylistic, and discourse-level features across
prompts, generators, and domains. This finding suggests that many detectors may rely
on linguistic shortcuts to make predictions, which limit their reliability under realistic
generation conditions where new generators and different domains are encountered.
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Influences Methodology Key Findings

Privacy

Prompt

Template

Prompt-based memor-
ization detection for
fine-tuned masked lan-
guage models (NER)

* Memorization detection is highly sensitive to
prompt formulation. The same NER model can
exhibit differences of more than 20 percentage
points in detected memorization across prompts.
* Prompt engineering can further increase the
amount of memorized content that is revealed.

Confidence and Calibration

— Black-box ensembling
via model selection us-
ing input, outputs, and
accuracy signals

* Selecting among multiple models without access
to probabilities improves prediction reliability.
* Model agreement serves as a strong proxy for
epistemic uncertainty under black-box constraints.

Response

Agree-

ment, Loss

Functions,

Prompts

Auxiliary calibration
models leveraging
model agreement, focal
loss, and prompting
strategies

* Calibration quality is influenced by model agree-
ment signals, loss function choice, and prompt
style.
* Agreement-aware calibration with focal loss
yields more robust confidence estimates, while
prompt variation can greatly alter calibration out-
comes.

Content

Groundness

Training data influence
analysis for verbalized
confidence expressions

* Verbalized confidence in LLMs is often weakly
grounded in task-relevant evidence and instead
reflects linguistic patterns learned during training.
Models can express confidence without learning
when confidence is warranted.

Language

Variation

Evaluating the confid-
ence estimation with
robustness, stability
and sensitivity under
prompt and answer
semantic variation

* Confidence estimates may fluctuate under minor
prompt changes or fail to distinguish between
semantically equivalent and different answers, lim-
iting practical reliability.
* Standard calibration and discrimination metrics
fail to capture above aspects.

Generalization

Linguistic

Features

Interpret the generaliz-
ation behaviors across
prompts, models, and
domains with large-
scale linguistic feature
analysis

* Generalization failures in AI-text detectors can
strongly correlated with shifts in syntactic and
stylistic features (e.g., pronoun usage, passive
voice). Many detectors may rely on linguistic
cues rather than robust generative signatures.

Table 5.1.: Summary of thesis contributions across six papers, organized by investigated
influence factors, methodology, and key findings.
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Future Work. While this thesis provides a systematic empirical analysis of factors
influencing language model trustworthiness, several important directions remain open for
future investigation.

• Broader Coverage of Training Data Influence Estimation. The analysis
of verbalized confidence presented in this thesis represents an initial step toward
understanding how training data shapes confidence expression in LLMs. However,
the studied models, tasks, and influence estimation techniques cover only a subset
of possible settings. Extending this analysis to a wider range of model architectures,
training corpora, and influence estimation methods, such as Hessian functions (Kwon
et al., 2023), would enable a more comprehensive understanding of how and when
confidence expressions are grounded in task-relevant evidence.

• Grounded Confidence Training Objectives. The finding that verbalized
confidence is often weakly grounded in task-relevant content highlights a limitation
of current training and alignment procedures. Future research could explore training
objectives that explicitly encourage grounding confidence in evidence, such as
retrieval-augmented supervision, contrastive learning between well-justified and
poorly justified confidence statements, or joint optimization of answer correctness
and confidence reliability.

• From Correlation to Causality. When explaining the generalization of AI
detectors, much of the analysis relies on correlation-based methods to link observable
features. While these correlations reveal consistent and interpretable associations,
they do not establish causal relationships. Future work should therefore investigate
causality through controlled interventions, such as counterfactual data generation,
feature ablation, or prompt-level manipulations that selectively alter individual
properties while holding others constant. Such approaches could enable stronger
claims about which factors directly cause performance degradation.

• Feature-Robust and Adaptive AI-Text Detection. For AI-text detection,
future work should move beyond detectors that rely on superficial stylistic cues
and instead focus on models that are robust to linguistic variation while remaining
sensitive to deeper generative signatures. Promising directions include feature-
invariant training objectives, representation learning that emphasizes discourse-level
consistency, and adaptive detectors that dynamically recalibrate under distribution
shifts across prompts, domains, or generator models.

• Toward Unified Trustworthiness Systems. Finally, an important long-term
direction is the development of unified evaluation frameworks that jointly assess
privacy leakage, confidence reliability, and generalization. Understanding how these
dimensions interact, why models fail along each of them, and how corresponding
methods can be improved may lead to more holistic definitions of language model
trustworthiness and support the design of safer and more reliable AI systems.
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Abstract
The possibility of identifying specific information about the training data a language model
memorized poses a privacy risk. In this study, we analyze the ability of prompts to detect
training data memorization in six masked language models, fine-tuned for named entity
recognition. Specifically, we employ a diverse set of 1,200 automatically generated
prompts for three entity types and a detection dataset that contains entity names present
in the training set (in-sample names) and names not present (out-of-sample names).
Here, prompts constitute patterns that can be instantiated with candidate entity names,
and the prediction confidence of a corresponding entity name serves as an indicator of
memorization strength. The prompt performance of detecting memorization is measured
by comparing the confidences of in-sample and out-of-sample names. We show that the
performance of different prompts varies by as much as 24.5 percentage points on the
same model, and prompt engineering further increases the gap. Moreover, our experi-
ments demonstrate that prompt performance is model-dependent but does generalize
across different name sets. We comprehensively analyze how prompt performance is
influenced by prompt properties (e.g., length) and contained tokens.

1 Introduction
Recent studies have highlighted the memorization of training data in language models [1],
especially in auto-regressive ones (e.g., GPT models) [2,3]. Such studies are particularly
important in exploring models’ privacy risk [1], as attacks like membership inference (MI) [4,
5] can leverage data memorization to extract sensitive training data from the model. While
training data can be extracted through direct prompt querying and text generation in GPT
models, that method does not apply to Masked Language Models (MLMs).

Despite the efficiency and state-of-the-art performance achieved by MLM-based Named
Entity Recognition (NER) models across various domains compared to GPT models [6],
there is a lack of work studying memorization in NER models. During fine-tuning for NER,
the model’s objective shifts entirely to sequence labeling, and the token reconstruction head
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layer predicts only NER tags and no longer retains the capability to generate raw text [7–9].
Hence, NER models cannot be directly assessed for memorization via text generation, such as
prompting them to reproduce verbatim in-sample entities given a prefix, a strategy commonly
applied to auto-regressive models [3].

This paper explores prompts’ impact on detecting the memorization of three types of entity
names in six NER models, where prompts refer to linguistic context templates into which
named entities are inserted [10–12]. Unlike previous work [13], who used only five hand-
written prompts to detect memorization in a self-fine-tuned NER model on private, non-
public data, which overlooks the impact of prompts, leading to limitations in robustness.
We assess model sensitivity to prompt variations [14]. Specifically, we employ a set of 1,200
diverse prompts generated by GPT-3.5-turbo [15] for PER (person), LOC (location), and ORG
(organization) entities. Our prompt set spans four sentence types (declarative, exclamatory,
imperative, and interrogative), 15 prompt lengths, and 11 token positions for the target name.
To ensure transparency and reproducibility, we evaluate publicly accessible state-of-the-art
NER models fine-tuned on the widely-used CoNLL2003 dataset [16].

To quantify model memorization, we create a detection dataset by sampling 5,000 in-
sample entity names from the CoNLL-2003 training data and 5,000 out-of-sample names
from external sources (Wikidata [17], WikiANN [18]). Fig 1 illustrates our full memoriza-
tion detection pipeline. Each prompt from the prompt set is completed with all entity names
in the detection dataset, and the resulting sentences are input into the NER model to generate
confidence scores for each name. These scores are ranked to compute the model memoriza-
tion (M-MEM) score, which corresponds to the AUC score used in membership inference
attacks (MIA) [4], thus quantifying the extent of memorization in the model. The M-MEM
score detected by a prompt is referred to as the performance of this prompt.

Our experimental results demonstrate that memorization detection is sensitive to prompt
variations. The performance gap using different prompts on the same model can be as large
as 24.5 percentage points, addressing the limitation of using a single hand-written prompt for
memorization detection. To provide solid verification of this finding, we perform extensive
experiments to answer three research questions:

• Are all models sensitive to prompt variations? The average performance gaps over 3 entity
types in the prompt set of six studied NERs range from 9.93 to 20.07, demonstrating that all
models are sensitive to prompt variations regardless of pertaining schemes and model sizes;

Fig 1. Memorization detection process of NERs. Each generated prompt is completed with all entity names from the
detection dataset as inputs to the NER model Mner. Ck(e) represents the prediction confidence of Mner for an entity name in
PTk. The performance of prompt PTk for detecting memorization is measured by M-MEM score.

https://doi.org/10.1371/journal.pone.0330877.g001
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• Are prompt performances generalizable? By computing Kendall’s 𝜏 coefficient of prompt
performance between different models and name sets, we find that prompt performance is
model-dependent but generalizes across mutually exclusive name sets;

• Can we further increase the prompt performance gap? Experiments using prompt engi-
neering and different ensembling techniques show that prompt engineering can increase
the performance gap up to 51.3 percentage points.

For better guidance in generating higher/lower performing prompts, we perform two
different levels of analysis of how various prompt properties impact the performance: (1)
Sentence-level analysis of prompt types, length and token positions of the name; (2) Token-
level analysis of individual token importance of a prompt. Furthermore, we use self-attention
weights to interpret how different prompts change the model’s attention weights which leads
to performance differences.

Overall, our study quantifies memorization of NER models in a structured prediction
task, without relying on models’ generative capacity. We are the first to analyze the prompts’
influence on the memorization detection of MLM-based NERs, using a diverse set of 1,200
prompts and six publicly accessible NER models for three entity types. Our experimen-
tal results strongly prove the importance of prompt choice in the memorization detection
of NERs. We recommend that future research utilize diverse prompts (or generate target
prompts by following our paper) to detect more robust memorization scores for privacy stud-
ies. The data and code used for the paper are provided in S2 Dataset and S3 Code.

2 Related work
Memorization in auto-regressive language models. This is first studied by Carlini et al. [19],
who show that LSTMs memorize a significant fraction of their training data. Later, Carlini
et al. [20] and Carlini et al. [3] use extractability to measure the memorization of GPT-2 and
GPT-Neo models. Wei et al. [21] show that prefixed prompts can extract sensitive training
data. However, measuring memorization with extractability only applies to auto-regressive
language models, but not to fine-tuned MLMs. This is because auto-regressive language mod-
els can be directly probed for memorization by prompting them to generate text given a pre-
fix. A model that reproduces long sequences in-sample during training, especially verbatim,
indicates a strong signal of memorization. Thus, memorization in auto-regressive models is
typically studied through generation-based evaluations [3,20,21]. Wang et al. [22] demon-
strate the possibility to generate low-quality text from pre-trained BERT based on Gibbs
sampling. However, this can not be applied to fine-tuned MLMs, because the token recon-
struction head used during pre-training is replaced with a task-specific classification head
which is restricted to the target space, e.g., named entity labels [7–9]. This makes standard
generation-based memorization probing inapplicable to NERs.

Memorization in MLMs. Tirumala et al. [23] and Magar et al. [24] study memorization
in MLMs by detecting specific data items. However, they focus more broadly by measuring
model generalization using metrics related to the accuracy difference between training and
test sets. Ali et al. [13] examine memorization in fine-tuned MLMs (NER models) and aver-
age the confidence ranks of in-sample entities in an entity set to measure model memoriza-
tion. However, Ali et al. [13] self-fine-tune the NER model and study the impact of the train-
ing data duplication and complexity on the memorization dynamics. Differently, we explore
6 publicly accessible NER models fine-tuned by previous work and focus on the impact of
different prompts on memorization detection.
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Hand-written vs. Generated prompts. Language model performance has been shown to
be sensitive to prompt variations in previous work [14,25]. Thus, randomly choosing one of
the five hand-written prompts for each studied entity to detect memorization as in Ali et al.
[13] may not robustly represent the model memorization. Instead, we employed 1,200 gener-
ated diverse prompts and studied the memorization, showing a large variability of memoriza-
tion values associated with different prompts.

3 Methodology
In this section, we first describe the processes for creating the detection dataset and prompt
set. Then, we introduce how we use them to detect memorization in NER models.

3.1 Detection dataset creation
We create a detection dataset Ddt to quantify the memorization of NER models fine-tuned on
the CoNLL-2003 dataset [16]. Specifically, we first generate an in-sample name set DIn that
contains all in-sample names of PER, LOC and ORG from the CoNLL-2003 dataset. Then,
we create an out-of-sample name set DOut by gathering names from publicly available data
sources–Wikidata [17] and WikiANN [18]. Finally, the detection dataset Ddt contains equal
number of in-sample and out-of-sample names ({eIn

i , eOut
i }ni=1) sampled from DIn and DOut for

each entity type. As there is no training process in our setting, we exclusively split in-sample
and out-of-sample names in Ddt equally into development (dev) and test. The details of the
dataset statistics are shown in Table 1. The full dataset is provided in S1 Dataset.

In-sample Name Set (Din). CoNLL-2003 is a commonly used NER dataset for research
with a large number of examples of named entities. The training dataset of the CoNLL-2003
corpus contains 6,600 PER entity names, i.e., entity names with ground-truth label B-PER
and/or I-PER which denote the beginning and the rest of a person’s name respectively. After
the post-processing of removing the duplicates and single-token PER, Din contains 2,645
unique multi-token PER entity names. Similarly, we collect the LOC entity names by extract-
ing the entity names with ground-truth label B-LOC and/or I-LOC, and ORG entity names
with ground-truth label B-ORG and/or I-ORG. Different from the post-processing of PER
entity, we delete the duplicates but keep the single-token names for LOC and ORG, resulting
in 1,295 names of LOC and 2,297 names of ORG.

Out-of-sample Name Set (Dout). Wikidata [17] as a source for PER entity names in Dout
enables the compilation of a list of real-world person names. Specifically, a SPARQL query
is formulated to retrieve PER entity names. Similar to Din, duplicates and single-token PER
names are filtered out, resulting in 7,617,797 multi-token PER names. Additionally, we also
removed the PER names presented in Din, (7,617,797 - 1,651) PER names remained in the
dataset Dout in the end. To simplify the process, the in-sample names of LOC and ORG are
collected from WikiANN [18]. WikiANN is a NER dataset consisting of Wikipedia articles
that have been annotated with LOC, PER, and ORG tags. After deleting the duplicates and
names presented in Din, Dout contains 7,266 LOC and 10,479 ORG names.

Table 1. Detection dataset statistics. One name is randomly assigned to dev/test if the total number of names is odd.
Ddt PER LOC ORG

#In-sample #Out-of-sample #In-sample #Out-of-sample #In-sample #Out-of-sample
dev 826 826 647 647 1,148 1,148
test 825 825 648 648 1,149 1,149
total 1,651 1,651 1,295 1,295 2,297 2,297

https://doi.org/10.1371/journal.pone.0330877.t001
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Detection Dataset (Ddt). For in-sample PER names in Ddt, we select the ones also pre-
sented in Wikidata to ensure a better quality of name selection. This reduces the number of
in-sample PER names from Din to 1,651. We select all the names of LOC and ORG in Din.
Out-of-sample names are randomly sampled from Dout for each entity type.

3.2 Prompt set generation
To collect a large and diverse set of prompts for each entity type, we use the generative large
language model GPT-3.5-turbo-1106 (ChatGPT [15]), to automatically generate m diverse
prompts {PTk}mk=1, m = 400, for each entity type.

To increase the diversity of the prompts, we consider four types of sentences: (1) declar-
ative; (2) exclamatory; (3) imperative; and (4) interrogative. Next, we prompted ChatGPT
to generate 100 sentences of each sentence type. The prompt template we used is: “Generate
100 different [sentence type] sentences that must contain [entity type], and replace the [entity
type] with ‘MASK’ ”. Details about the prompts and generated sentence examples are shown
in Table 2. The full prompt set is provided in S1 Dataset.

The “MASK” string in a prompt PTk is completed with eIn
i and eOut

i resulting in two sepa-
rate sentences, which are then fed to NER models to obtain the confidence scores for eIn

i and
eOut
i .

3.3 Memorization detection
Let Mner denotes a fine-tuned MLM model for NER task on the CoNLL-2003 dataset. Such
models can achieve high classification accuracy in predicting entity labels. When evaluat-
ing each token in a target entity, the NER model outputs probabilities over all possible tags
(e.g., B-PER and I-PER, which represent the beginning and the inside tags of a person entity).

Table 2. Examples of different types of prompts for different entities.
Entity ChatGPT Prompt Sentence Types Auto-Generated Prompts for NER

PE
R

Generate 100 Declarative MASK is a talented artist.
different [Sentence I admire MASK’s creativity.
Type] sentences that Exclamatory Oh, MASK, you’re such a genius!
must contain Whoa, MASK, that was mind-blowing!
a person’s name, Imperative MASK, please pass the salt.
and replace the MASK, don’t forget to lock the door.
person’s name Interrogative Can MASK pass the message to him?
with ”MASK”. Can you tell me where I can find MASK?

LO
C

Generate 100 Declarative The concert will be held in MASK.
different [Sentence We spent our summer vacation in MASK.
Type] sentences that Exclamatory Wow, I can’t believe how beautiful MASK is!
must contain The sunsets in MASK are absolutely stunning!
a location, Imperative Drive to MASK now.
and replace the Send the package to MASK.
location Interrogative Where can I find the best coffee in MASK?
with ”MASK”. What is the population of MASK?

OR
G

Generate 100 Declarative MASK offers excellent employee benefits.
different [Sentence The stock price of MASK surged last week.
Type] sentences that Exclamatory I can’t believe MASK won the award!
must contain MASK is revolutionizing the industry!
an organization name, Imperative Attend the MASK meeting next Monday.
and replace the Donate to MASK to support their cause.
organization name Interrogative How do I apply for a job at MASK?
with ”MASK”. What is the mission statement of MASK?

https://doi.org/10.1371/journal.pone.0330877.t002
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We extract the maximum probability between the corresponding beginning and inside tags
(e.g., B-PER and I-PER) for each token as we insert the target entities and are aware of their
correct type (e.g., PER or ORG). This ensures we capture the model’s confidence that the
token belongs to the correct entity type, regardless of whether it was predicted as a beginning
or continuation token. Then, we average these per-token maximum probabilities across all
tokens in the entity (Te), yielding a single score that reflects the model’s overall confidence
C(e) in labeling the full entity with the correct type. We formulate the entity confidence C(e)
as:

C(e) = ∑
t∈Te

max(P(B-e|t),P(I-e|t))
|Te|

(1)

Where B-e and I-e denote the beginning and inside tags of an entity. We define the confi-
dence of an entity name in PTk as Ck(e).
Definition 3.1. NER Memorization: We define NER memorization as the extent to which
a NER model exposes training data through its predictions. Specifically, it reflects the likeli-
hood that an entity name from the training set can be identified via a membership inference
attack. We quantify memorization as the percentage of instances in which a model assigns
higher confidence to an in-sample entity name compared to an out-of-sample counterpart
when both are presented in the same prompt.

Assume an entity type in dataset Ddt contains n in-sample names {eIn
i }ni=1 and n out-of-

sample names {eOut
j }ni=1, we formulate the performance of a prompt PTk on detecting memo-

rization of Mner for this entity type as M-MEMk score:

M-MEMk = n∑
i=1

n∑
j=1

|{Ck(eIn
i ) > Ck(eout

j )}|
n2 (2)

Note that this formulation is equivalent to the AUC metric used for membership inference
attack in [4]. It can be interpreted as the average rank of an in-sample name in the out-of-
sample name set, where 100% means the in-sample name ranked the top among all out-of-
sample names, 0% means the opposite, and 50% is considered as no significant memorization
detected.

Sensitivity and robustness in memorization detection. To measure the model’s sensitiv-
ity to prompt variations, we calculate the performance gap (Δ) between the highest and lowest
performance across different prompts. The model’s robustness is assessed by computing the
standard deviation (𝜎) of the prompts’ performances across the entire prompt set:

𝜎Mner =
���� 1

m

m∑
k=1
(M-MEMk – 𝜇)2 (3)

Where 𝜇 is the average value of prompt performances. A lower 𝜎 value indicates greater
robustness to prompt variation.

4 Experimental setup
We performed our model memorization analysis on publicly accessible MLM-based NER
models fine-tuned by other researchers on the CoNLL-2003 dataset [16]. To provide a
more comprehensive and diverse analysis, we selected six models built on MLMs across
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three different pretraining schemes (ALBERT-v2 [26], BERT [27], and RoBERTa [28])
and 2 model sizes (base and large sizes, -B and -L notations are used correspondingly) for
each scheme. More details about the models and accessibility information can be found in
S1 Appendix.

4.1 Strategies of using the prompt set
In addition to the baseline, we investigate three strategies for exploiting the prompt set.

Baselines (BSL). �-PT uses the entity name without any additional text as the input to
query corresponding confidences for memorization detection. One-PT and Mix-PT use the
same strategies as in [13]: One-PT employs one hand-written prompt (e.g., “My name is XX.”
for PER entity), corresponding to the known-setting in [13], while Mix-PT randomly chooses
for each name one of the 5 hand-written prompts, like the unknown-setting in [13]. More
prompt details are shown in Table 3.

Original Prompt (OPT) selects the best prompt (B-PT) and worst prompt (W-PT) from
the prompt set that achieved the highest and lowest M-MEM scores on the dev set of Ddt for
each entity type.

Prompt Engineering (PTE) is inspired by [29] who apply a token-removal operation to
investigate how tokens of the input influence the model prediction. Here, the goal is to max-
imize the M-MEM score gap of the original best and worst prompts. Specifically, the most
important token (which contributes the most to score improvement) and the least important
token are removed from the worst and best prompts, respectively, resulting in two modified
prompts. This process is iteratively repeated for the modified prompts until only one token
(excluding the entity name) remains. The two modified prompts that achieved the highest
and lowest M-MEM scores on the dev set among all the modified prompts are named BM-PT
(best-modified prompt) and WM-PT (worst-modified prompt). It is important to note that
such prompts may be ungrammatical. More details are presented in Sect 5.5.

Ensembling of Prompts (EPT) employs several ensemble techniques: (1) Majority Voting
(MV) decides the rank between an in-sample and an out-of-sample names by majority agree-
ment of the prompt set. (2) Average Confidence (AVG-C) uses the average entity confidence
of all prompts avg({Ck(e)}k=mk=1 ) as the final confidence score of the entity; (3) Weighted Confi-
dence (WED-C) weights the entity confidence of each prompt by its M-MEM score; (4) Max-
imum Confidence (MAX-C) denotes the maximum confidence of the entity over all prompts
(max({Ck(e)}k=mk=1 )) as the final confidence; (5) Minimum Confidence score (MIN-C) is the
contrast to MAX-C, which uses the minimum value min({Ck(e)}k=mk=1 ) as the final confidence.

Table 3. Hand-written prompts for different entities as baselines.
Baseline Prompt

PER LOC ORG�-PT - - -
One-PT My name is MASK. I am at MASK. I work for MASK.
Mix-PT My name is MASK. I am at MASK. I work for MASK.

I am MASK. I like MASK. I like MASK.
I am named MASK. MASK is a good place. MASK is a good organization.
Here is my name: MASK. Meet at MASK. See you in MASK.
Call me MASK. Do you live in MASK? Do you know MASK?

https://doi.org/10.1371/journal.pone.0330877.t003
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4.2 Interpretability method
Self-attention weights [30] of a model can show where the model attends in the sequence
and provide insights into what affected the predictions. Specifically, we first average the
extracted attention weights of the tokens that correspond to the entity names for all com-
pleted sentences of a prompt (e.g., the best prompt completed with all in-sample entity
names). Then we create a heatmap using the averaged values over the attention heads and the
layers.

5 Results and analysis
Results showed in Table 4 demonstrate that the M-MEM scores vary considerably depending
on the prompt: the maximum performance difference between the best and the worst prompt
for a given model is as large as 24.5 percentage points for ALBERT-B on the test set for LOC
entity.

We validate the statistical significance of the results through Cochran’sQ test and found
that the differences are significant for all models (p < 0.001). For an in-depth investigation,
the following sections answer three research questions and perform sentence- and token-level
analysis of how different factors impact the prompt performance. Furthermore, we use self-
attention weights to interpret how different prompts change the model’s attention weights,
which leads to the performance differences. Note that we emphasize the PER results and anal-
ysis because this is the only entity type for which privacy has a special legal status reflected in
regulation. E.g., the GDPR institutes a “right to be forgotten” that only applies to persons [31].

5.1 Are all models sensitive to prompt variations?
The last row of Table 4 reports the average performance difference across three entity types for
the 6 studied NER models. Notably, RoBERTa-L shows the highest robustness, with a stan-
dard deviation (𝜎) of 1.51, while BERT-L is the least robust, with a 𝜎 of 2.47. The scores of
different models range from 9.93 to 20.07, indicating that all models are sensitive to prompt
variations, regardless of their pretraining strategies or model sizes.

5.2 Are prompt performances generalizable?
To examine how prompt performance generalizes across models and entities, we compute the
Kendall’s 𝜏 coefficient among the M-MEM scores of all the prompts for different models and
data splits and show the results of PER entity in Fig 2. Results of other entity types are shown
in S1 Appendix.

Generalizability across models: We observe that M-MEM scores on the dev set for BERT-
B and BERT-L are negatively correlated, demonstrating a weak correlation between prompts’
M-MEM scores for different models even when comparing different variants of the same

Table 4. Sensitivity (Δ) and robustness (𝜎) of models. The results are measured with the original prompt set on dev set.
Bold/italic highlights the highest/lowest average Δ and 𝜎 values.

ALBERT-B ALBERT-L BERT-B BERT-L RoBERTa-B RoBERTa-LΔ 𝜎 Δ 𝜎 Δ 𝜎 Δ 𝜎 Δ 𝜎 Δ 𝜎
PER 15.92 1.63 8.52 1.66 8.85 1.52 3.78 0.55 13.76 3.15 4.66 0.79
LOC 24.46 3.10 14.98 2.76 7.46 1.35 15.07 3.53 12.66 1.16 9.22 0.48
ORG 19.83 2.62 18.66 1.94 14.49 2.87 13.20 3.32 20.26 2.62 15.91 3.26
Avg. 20.07 2.45 14.05 2.12 10.27 1.91 10.68 2.47 15.56 2.31 9.93 1.51

https://doi.org/10.1371/journal.pone.0330877.t004
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Fig 2. Correlations of theM-MEM scores of prompts across models on PER entity. Left: correlations (Kendall’s 𝜏) for the dev set scores. Middle:
correlations for the test set scores. Right: correlations between dev and test set scores.

https://doi.org/10.1371/journal.pone.0330877.g002

model on the same data split. From this, we conclude that the M-MEM scores of prompts do
not generalize across models—the best prompts for a given model may not be the best for
other models.

Generalizability across name sets: Conversely, we found higher correlations between
prompts’ M-MEM scores across data splits when using the same model (diagonal of the right
plot in Fig 2). We conclude that the M-MEM scores of prompts generalize to some extent
across splits—for a given model, the best prompts for a given set of PER are likely to work well
for a different set.

Table 5 illustrates this by comparing each model’s best and worst prompts, showing that
the (model-dependent) best and worst prompts for the dev set are still among the best and
worst for the test set. These results show that while prompt quality depends on the model, it
still generalizes for different names.

Table 5. Generalization of prompt ranks. The PER entity M-MEM scores and corresponding ranks of the best (Rank=1) and worst (Rank=-1)
prompts from the dev set on the test set.
Model Prompts dev test

Rank M-MEM Rank M-MEM
ALBERT-B Bravo, MASK, what an impressive performance! 1 74.84 2 75.10

Are you going to MASK’s art gallery opening tonight? -1 58.92 -1 58.74
ALBERT-L Oh, MASK, you’re a true gem in our team. 1 73.12 3 71.38

MASK, practice forgiveness towards yourself and others. -1 64.60 -3 64.70
BERT-B Are you going to MASK’s art gallery opening tonight? 1 73.96 1 71.84

Did MASK give you any advice on starting something new? -1 65.11 -2 63.30
BERT-L What project is MASK working on? 1 71.56 2 69.30

I had a chance to meet MASK’s family. -1 67.78 -1 64.42
RoBERTa-B MASK, can you recommend a good restaurant in town? 1 70.76 2 70.78

I had a great conversation with MASK at the party. -1 57.00 -2 59.63
RoBERTa-L MASK, invest in meaningful relationships. 1 75.27 1 72.79

MASK, practice playing the guitar. -1 70.61 -96 70.05

https://doi.org/10.1371/journal.pone.0330877.t005
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5.3 Can we further increase the prompt performance gap?
The prompt set outperforms baselines: In Table 6, all the M-MEM scores achieved by best
prompts (B-PT) of the prompt set are higher than the three baselines in the dev set (only a few
exceptions in the test set), showing the necessity to robustly detect the model memorization
with diverse prompts.

Prompt engineering outperforms the original prompt set: We observe that the
best/worst-modified prompts (BM-PT and WM-PT) using prompt engineering increase
the score gap between the B-PT and the W-PT. For example, the BM-PT of RoBERTa-B
improves by approximately 2 percentage points up on the B-PT on the dev set, and the WM-
PT decreases the M-MEM score of BERT-L by 19 percentage points for the PER entity.

Ensembling techniques do not bring consistent improvement: The ensembling
results of PER entity in Table 7 demonstrate that the ensemble techniques (EPT) do not
improve/decrease the M-MEM scores from the B-PT/W-PT scores. However, we observed a
few exceptions for the results of LOC and ORG entities.

5.4 Sentence-level analysis of prompt properties
This section investigates different prompt properties that may influence the M-MEM scores
for PER entity. Analysis of other entity types is shown in S1 Appendix. Prompt type: Fig 3
presents prompts’ M-MEM scores grouped by prompt type. RoBERTa-B has very distinct M-
MEM scores for different types: imperative prompts generally yield higher scores than declar-
ative prompts. Conversely, BERT-L has similar M-MEM score profiles for different prompt
types. Overall, we observe that some models show similar M-MEM scores across sentence
types, others are more sensitive to particular types.

Table 6. Results of using different prompt strategies. One-PT and Mix-PT are baselines adapted from [13]. Bold/italic highlights the highest/lowest values. Δ
measures the gap between the highest and lowest values.

Prompt ALBERT-B ALBERT-L BERT-B BERT-L RoBERTa-B RoBERTa-L
Strategy dev test dev test dev test dev test dev test dev test

PE
R

BSL �-PT 71.11 72.44 70.81 68.91 66.78 66.10 70.16 68.11 66.39 65.46 74.40 70.29
One-PT 70.42 71.18 69.02 67.57 72.15 70.31 69.91 66.49 68.57 70.72 72.68 70.22
Mix-PT 68.63 70.02 67.58 66.98 70.59 69.27 69.29 66.56 66.47 67.29 72.80 70.42

OPT B-PT 74.84 75.10 73.12 71.38 73.96 71.84 71.56 69.30 70.76 70.78 75.27 72.79
W-PT 58.92 58.74 64.60 64.70 65.11 63.30 67.78 64.42 57.00 59.63 70.61 70.05

PTE BM-PT 75.14 74.96 73.14 71.44 75.14 73.31 73.03 72.18 72.68 71.59 76.28 73.33
WM-PT 41.92 44.53 63.76 63.52 59.15 62.04 48.68 49.98 55.29 58.21 69.15 68.52Δ 33.22 30.57 9.38 7.92 15.99 11.27 24.35 22.20 17.39 13.38 7.13 4.81

LO
C

BSL �-PT 70.06 69.15 72.32 72.83 65.70 66.62 63.31 64.31 70.34 68.53 73.18 70.69
One-PT 63.35 61.35 79.02 79.70 67.55 68.06 68.76 68.67 71.55 73.62 74.18 74.81
Mix-PT 69.78 68.81 76.45 76.39 68.99 68.89 71.86 70.51 73.18 75.22 73.16 72.52

OPT B-PT 81.19 80.24 82.38 81.60 73.68 72.70 78.39 77.60 78.24 80.37 79.06 80.28
W-PT 56.73 55.74 67.40 69.73 66.22 66.61 63.32 63.65 65.58 67.65 69.84 68.36

PTE BM-PT 81.39 81.22 82.40 81.38 73.01 72.51 78.11 78.41 78.29 80.66 80.06 81.01
WM-PT 54.96 54.86 31.10 33.67 61.30 62.28 61.66 62.97 50.96 50.99 70.38 70.19Δ 26.43 26.36 51.30 47.93 12.38 10.42 16.45 15.44 27.33 29.67 10.22 12.65

OR
G

BSL �-PT 74.38 75.88 74.06 77.54 75.90 78.58 77.58 80.47 74.77 75.07 73.46 76.28
One-PT 72.57 74.49 72.00 76.13 69.88 73.53 72.92 76.00 74.19 73.99 66.72 69.09
Mix-PT 68.15 68.91 69.33 72.04 69.76 72.44 69.49 71.83 68.94 68.03 66.38 68.27

OPT B-PT 76.22 76.14 75.41 77.00 78.46 79.63 79.10 79.94 77.08 76.51 74.38 75.52
W-PT 56.39 58.66 56.75 60.97 63.97 67.34 65.90 68.14 56.82 57.59 58.47 60.47

PTE BM-PT 77.21 76.87 77.31 78.19 78.92 80.05 79.55 81.63 78.17 77.46 75.50 76.49
WM-PT 57.59 60.01 58.25 62.33 63.86 66.70 65.63 67.77 56.85 57.73 58.82 60.95Δ 20.82 18.21 20.56 17.22 15.06 13.35 13.92 13.86 21.35 19.87 17.03 16.02

https://doi.org/10.1371/journal.pone.0330877.t006
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Table 7. Results of using different prompt ensemble strategies. Bold/italic highlights the scores that are higher/lower than the prompt set (B-PT to W-PT)
respectively.

Prompt ALBERT-B ALBERT-L BERT-B BERT-L RoBERTa-B RoBERTa-L
Strategy dev test dev test dev test dev test dev test dev test

PE
R

MV 73.24 74.30 70.96 69.71 70.75 69.34 69.91 67.98 64.87 66.30 73.73 71.05
AVG-C 72.81 73.22 68.20 67.43 69.66 67.95 69.91 67.95 67.76 67.67 73.97 71.16
WED-C 72.82 73.22 68.24 67.45 69.69 68.01 69.92 67.95 67.76 67.66 73.97 71.16
MAX-C 71.53 73.71 70.65 68.99 73.52 71.40 69.97 67.31 61.47 63.22 73.69 71.25
MIN-C 60.12 59.77 64.74 65.39 68.79 66.56 68.62 67.94 68.35 68.08 73.08 71.58

LO
C

MV 80.55 80.40 81.44 81.46 70.90 70.29 73.51 72.53 74.57 77.35 77.18 77.97
AVG-C 78.70 77.84 81.01 81.08 69.62 69.61 70.42 69.69 75.06 75.33 76.71 75.02
WED-C 78.90 78.12 81.03 81.09 69.68 69.65 70.60 69.85 75.12 75.38 76.75 75.06
MAX-C 79.21 81.02 81.87 81.51 73.98 73.80 76.61 76.24 76.92 79.11 78.96 79.81
MIN-C 64.53 63.08 71.57 70.03 65.16 64.52 60.70 60.73 71.06 69.08 69.44 68.33

OR
G

MV 73.58 75.65 70.58 74.89 72.12 75.20 74.65 77.63 71.20 72.37 66.17 68.94
AVG-C 72.95 75.75 71.39 75.63 72.56 75.45 74.29 76.71 69.15 70.94 70.25 72.70
WED-C 73.02 75.83 71.53 75.74 72.62 75.49 74.34 76.76 69.30 71.08 70.33 72.78
MAX-C 76.44 75.91 65.23 67.31 71.80 74.07 71.51 74.11 74.73 74.83 57.69 58.60
MIN-C 64.17 67.60 67.97 70.77 68.37 71.61 66.89 70.05 60.22 60.91 65.22 67.49

https://doi.org/10.1371/journal.pone.0330877.t007

Fig 3. M-MEM scores grouped by prompt type. The four prompt types are declarative, exclamatory, imperative, and interrogative.

https://doi.org/10.1371/journal.pone.0330877.g003

Person’s name token position: Fig 4 shows prompts’ M-MEM scores grouped by the token
position of the name. The closer the name is to the beginning of the prompt, the higher the
M-MEM score tends to be for RoBERTa-B and BERT-B.

Prompt token length: Fig 5 contrasts prompts’ M-MEM scores and length (in number of
tokens). We find that BERT-B stands out as an outlier, showing that a moderate negative cor-
relation existed between M-MEM scores and prompt token lengths. While a weak correlation

Fig 4. M-MEM scores grouped by person’s name token position.

https://doi.org/10.1371/journal.pone.0330877.g004
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Fig 5. M-MEM scores grouped by prompt token length.

https://doi.org/10.1371/journal.pone.0330877.g005

between M-MEM scores and prompt length is observed for most models, meaning that longer
prompts are generally more effective at identifying memorization.

5.5 Token-level analysis of token importance
Fig 6 shows a token-level analysis of how tokens within a prompt impact the M-MEM scores
on the example of the BERT-B model for PER entity names. Please refer to S1 Appendix for
the analysis of other models considered in our experiments.

Individual token importance for a prompt is calculated as the difference between the M-
MEM scores of the prompt with and without this token on the dev set. These scores are then
normalized using a softmax function.

Our results demonstrate that removing the least important tokens from the prompt
increases theM-MEM score, while removing the most important tokens has the opposite

Fig 6. Analysis of token importance in prompts. The figure shows the prompt analysis for the PER entity with the M-MEM scores on the BERT-B model.
The best-performing (left) and the worst-performing (right) prompts were selected on the dev set. The heatmaps are generated with leave-one-token-out:
at each step, the least important token is removed from the best-performing prompt, and the most important token is removed from the worst-performing
prompt. The normalized token importance scores are under the corresponding tokens. The removed tokens are underlined.

https://doi.org/10.1371/journal.pone.0330877.g006

PLOS One https://doi.org/10.1371/journal.pone.0330877 September 15, 2025 12/ 18



ID: pone.0330877 — 2025/9/12 — page 13 — #13

PLOS One Exploring prompts to elicit memorization in NER

effect. For example, iteratively removing the least important tokens from the best-performing
prompt for PER names (“Are you going to MASK’s art gallery opening tonight?”) enables an
increase in the M-MEM score from 73.96 to 75.14 for the prompt “you going MASK’s art
gallery”. Continuing to remove tokens results in a slight decrease in prompt performance,
which leads to noun-phrase prompts performing worse than the initial prompt. In the case
of the worst-performing prompt, removing the most important token give from the initial
prompt results in a major decrease in the M-MEM score by approximately 3.5 percentage
points. Further removal of important tokens slightly reduces the score to a minimum of 59.15
for the prompt “MASK you something?”.

The tokens that function as verbs and the tokens that are located near the PER name
tokens tend to have a higher importance score. Tokens like “going”, “give”, “practice”, “work-
ing”, “recommend”, etc. (see Fig 6 and figures in S1 Appendix) have a higher influence on the
M-MEM score in each considered prompt. A similar trend can be seen for the tokens “’s”,
“any”, “Oh”, “Bravo”, “What”, and “,” located nearer to the MASK token (substituted by the
PER names in the experiments) than tokens located further away.

5.6 Self-attention interpretation analysis
Fig 7 shows the attention heatmaps of BERT-B for the best and the worst prompts with each
prompt completed with in-sample and out-of-sample PER names separately.

Generally, we notice that attention tends to be distributed similarly given a prompt, focus-
ing on the first and the entity name tokens. This observation applies to all analyzed models
(heatmaps for the other five models are shown in S1 Appendix).

Name level analysis: We observe a slightly higher focus on in-sample entity names than
out-of-sample entity names when comparing the averaged attention weights on both the best
and worst prompts.

Prompt level analysis: When comparing the heatmaps in the prompt level, we notice
that models tend to focus more (or equally for BERT-B shown in Fig 7) on the entity name
tokens in the best prompt than the worst, except for when the entity name tokens in the worst
prompt are positioned in the beginning the prompt.

6 Discussion
Through our comprehensive analysis, we acknowledge the following questions for discussion.

How much memorization poses an unacceptable risk? While our study quantifies mem-
orization based on a model’s differential confidence between in-sample and out-of-sample

Fig 7. Attention heatmaps of the best and the worst prompts. The figure shows the result of BERT-B for PER entity names on the dev set averaged over all
attention heads and layers. The attention weights corresponding to each prompt’s “MASK” token are used and averaged over the in-sample and out-of-sample
PER entity names separately.

https://doi.org/10.1371/journal.pone.0330877.g007
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entity names, we do not define a threshold for what constitutes an “unacceptable” level of
memorization. This is because the determination of the level is highly application-dependent.
For example, even minimal memorization may be intolerable in domains involving sensitive
personal information, such as healthcare or finance (e.g., HIPAA compliance or banking pri-
vacy) [20,32], or in contexts involving intellectual property and copyrighted material [33,34].
However, more leniency may be acceptable in tasks involving public or non-sensitive data
[35]. Defining acceptable risk levels in practice typically requires considering domain-specific
factors, regulatory standards, and ethical judgments. We acknowledge this as an important
area for future interdisciplinary research.

How do we weigh risk versus performance in determining acceptable risk in various
contexts? In this work, we propose a method to measure memorization in NER models by
comparing prediction confidences for in-sample and out-of-sample entity names. While this
quantification is a necessary step toward understanding privacy risks, determining what con-
stitutes an “acceptable” level of memorization remains an open and context-dependent ques-
tion. The trade-off between performance and privacy varies across applications and domains.
Thus, we do not attempt to define this threshold here; instead, we highlight that our measure-
ment framework provides the basis for such judgments. A crucial next step is to develop and
evaluate mitigation strategies, such as regularization techniques, differential privacy, or selec-
tive data obfuscation, that can reduce memorization without substantially degrading model
performance [36].

How to interpret M-MEM scores in context? The M-MEM score offers a way to quan-
tify and compare memorization-related risk in NER models by measuring how consistently
a model favors in-sample entity names over out-of-sample alternatives. While this metric
provides valuable insights into model behavior, interpreting it as a measure of privacy risk
depends on the application context. For example:

• High M-MEM + sensitive data (e.g., patient names): likely an unacceptable privacy risk.
• High M-MEM + public data (e.g., Wikipedia): possibly tolerable depending on usage.
• Low M-MEM: indicates weaker memorization, generally favorable from a privacy stand-

point.

M-MEM does not directly estimate the probability of a successful attack or legal threshold
violations; rather, it serves as a comparative indicator of how memorized a model is with
respect to its training entities. Future work can refine this score into a more interpretable
privacy metric or combine it with attack success rates to estimate risk more holistically [37].

7 Limitations
We address the limitations of our work as follows:

• This research focused on MLM-based models. Therefore, the analysis and findings in this
paper may not be generalizable to other types of models, such as auto-regressive models, in
the same way as previous studies of memorization in auto-regressive models are not gener-
alizable to MLMs. Our work fills a research gap of examining memorization in fine-tuned
MLMs.

• The models that we investigated had been trained by other researchers and the snapshots
at different training stages (as well as the complete training settings) are unavailable to us.
Thus, we can not provide dynamic memorization analysis across training procedures.

• We opted to study widely-used state-of-the-art models, in a setting where all components
(base models, training data, etc) are widely available rather than non-SOTA models, or
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models trained for specific domains. Unfortunately, those models are overwhelmingly fine-
tuned on the CoNLL-2003 dataset, the predominant benchmark for NER. However, the
CoNLL-2003 dataset is sampled from the Reuters Corpus (a corpus consisting of Reuters
news stories), which contains rich and diverse topics such as sports, business, and politics.
Nevertheless, our experiments across three distinct entity types enhance the generalizability
of our findings.

8 Conclusion
We studied memorization in fine-tuned MLM-based NER models. Unlike auto-regressive lan-
guage models, where memorization can be assessed by prompting the model to generate ver-
batim segments of its training data [3,20], the output of NER models consists of structured
label predictions (e.g., B-PER, I-ORG), and thus does not support such evaluation. Our study
quantifies memorization of NER models without relying on generative capacity. In this set-
ting, we compared a fixed set of five hand-written prompts to 400 automatically generated
prompts for each entity type, and we measured how well those prompts could distinguish
entity names that were presented in the fine-tuning data from those that were not, using a
large set of candidate entity names.

A detailed analysis revealed that a prompt’s ability to detect memorization varies between
models but remains stable across different entity sets. We find a large variability in the per-
formance of generated prompts, and that many generated prompts significantly outper-
form hand-written ones. The effectiveness of prompts can be increased by removing the least
important tokens even if the prompts become ungrammatical after the removal. Overall, we
demonstrate the importance of using diverse prompts through comprehensive experiments
and analysis. We provide all the prompts in supplemental material to detect memorization of
NERs for future privacy studies.
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S3 Code. (GitHub repository: https://github.com/Yuuxii/NER-memorization-detection/
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Abstract

A diverse range of large language models
(LLMs), e.g., ChatGPT, and visual question an-
swering (VQA) models, e.g., BLIP, have been
developed for solving textual and visual ques-
tion answering tasks. However, fine-tuning
these models is either difficult, as it requires ac-
cess via APIs, rendering them as black-boxes,
or costly due to the need to tune a large number
of parameters. To address this, we introduce
InfoSel, a data-efficient ensemble method that
learns to dynamically pick the winner from ex-
isting black-box models for predictions on both
textual and multimodal visual question answer-
ing tasks. Unlike traditional ensemble models,
InfoSel does not rely on prediction probabil-
ities or confidences, which typically are not
available in black-box models. Experimental
results on four datasets demonstrate that our
approach achieves an absolute increase of up
to +5% in the F1-score compared to standalone
LLMs using only 1K training instances.

1 Introduction

Large language models (LLMs) have demonstrated
remarkable proficiency across a wide range of
tasks (Laskar et al., 2023; Yuan et al., 2024). For ex-
ample, ChatGPT finds extensive utilization in daily
textual question answering (TQA) tasks, rendering
substantial convenience to a myriad of users (Ope-
nAI, 2024). Furthermore, for visual question an-
swering (VQA) tasks, VQA models have exhib-
ited exceptional versatility, primarily due to their
capability to comprehend both visual and textual
context (Gong et al., 2023).

However, recent work (Mao et al., 2024; Laskar
et al., 2023) indicates that LLMs, such as Chat-
GPT, fall short of state-of-the-art performance on
task-specific datasets such as question answering.
Similarly, VQA models (Li et al., 2022, 2021b;
Bao et al., 2022) face challenges when applied to
specialized datasets due to the idiosyncrasies in the

content, format or structure of these datasets (Arora
et al., 2018). Unfortunately, fine-tuning LLMs
(e.g., LLaMA 70b model (Touvron et al., 2023)) on
task-specific data requires a large number of GPU
hours. Alternatively, training smaller, task-specific
models from scratch requires a large amount of
labeled data to achieve comparable performance
(Tajbakhsh et al., 2016). Furthermore, fine-tuning
LLMs through proprietary APIs with self-uploaded
labeled training data not only requires LLM ex-
perts’ knowledge but is also expensive.1 These
fine-tuned models further remain black-box, with
restricted access to details regarding architectural
intricacies, model weights, training data, and even
prediction confidences.

In order to address these computational and ac-
cessibility challenges associated with fine-tuning,
we introduce a scalable ensemble method called
InfoSel (Informed Selection), which trains a small-
sized selection model with just a few labeled task-
specific samples. Unlike current ensemble methods
(e.g., MetaQA (Puerto et al., 2023)), which depend
on the confidence scores and thus can not be ap-
plied to black-box models like GPT3.5 text-davinci,
InfoSel does not rely on such information and offers
black-box ensembling. While traditional ensemble
methods such as OLA (Woods et al., 1997) and
PageRank (Brin and Page, 2012) are not adapted to
task-specific particularities (e.g., different features)
of different datasets. InfoSel incorporates task-
specific optimization by considering variations of
both the inputs and predicted answers from the en-
sembled LLMs/VQA models (base models), which
allows it to be easily adapted to different datasets.
Finally, our method efficiently deals with multi-
modal inputs. We showcase the adaptability and
effectiveness of the method by testing it on textual
and visual question answering tasks. Concretely,

1https://platform.openai.com/docs/guides/
fine-tuning/
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our results exhibit superior performance on multi-
modal VQA inputs compared to the state-of-the-art
PairRanker (Jiang et al., 2023) ensemble method
that is designed to work exclusively with text. Ta-
ble 1 compares our method with alternatives.

Pair- OLA/
FT Ranker PageRank InfoSel

Task-specific X X 7 X
Data-efficient 7 7 X X

Black-box 7 X X X
Multimodal 7 7 X X
Ensemble 7 X X X

Table 1: Our method (InfoSel) aims to optimize task-
specific ensembling of black-box models, where con-
fidences and parameters can not be accessed. We use
only a small portion of training data (data-efficient). We
optimize the performance of the ensemble instead of
standalone fine-tuned (FT) models. Finally, our method
is multimodal, and applicable to VQA task.

At its core, InfoSel (see Figure 1) trains a small-
size ensemble model to dynamically identify the
most accurate base model (i.e., LLM or VQA
model) for a given input, which we refer to as the
winner. This is achieved by designing a meta-level
classification task considering all the base mod-
els as labels for every input. We designed and
implemented two ensemble architectures for tex-
tual and visual QA tasks. Our first proposed ar-
chitecture, InfoSel-TT, uses a textual transformer
(TT, 110M parameters) (Devlin et al., 2019) as the
backbone to generate a textual representation of
the question with the predicted answers by base
models. Although InfoSel-TT is straightforward
and effective, it cannot handle multimodal data.
To address this, we propose a second architecture
named InfoSel-MT, where we incorporate a mul-
timodal transformer (MT, 115M parameters) (Li
et al., 2020) to generate fused contextual repre-
sentations of a multimodal input (image, question,
and the predicted answers). These fused representa-
tions are used to train a dense layer for selecting the
winning model. The challenge with this approach is
the lack of exposure of the base models to new (un-
seen) labels appearing in the task-specific datasets.
To address this, we fine-tune TT and MT models
(FT-TT and FT-MT) separately to learn these new
labels. The predictions of these fine-tuned models
are fused with the output from InfoSel using a sec-
ond, separately trained InfoSel⇤ ensemble model.
We experiment with and without InfoSel⇤, as this
component is considered optional when InfoSel is
already performing well.

To demonstrate the effectiveness of our method
with limited resources. We selects three less costly
LLMs (GPT-3.5-turbo (OpenAI, 2023), LLaMA-2-
70b-chat (Touvron et al., 2023) and GPT3.5 text-
davinci-003) and three local VQA models (AL-
BEF (Li et al., 2021a), BLIP (Li et al., 2022) and
VLMo (Bao et al., 2022)). These models are used
as base models to provide answers for textual and
visual QA ensemble tasks respectively. For show-
ing the data efficiency of the proposed architec-
tures, we train them on a subsample of training
data from public benchmark datasets and test on
the corresponding full test data. Experimental re-
sults showcase improvements in the performance
up to +5% on TQA tasks and +31% on VQA tasks
when compared to the ensembled base models.

In summary, our contributions are: (1) InfoSel,
a novel data-efficient approach to ensemble black-
box models without relying on access to model
architecture, weights or prediction confidences for
optimizing on task-specific datasets; (2) Assess-
ment of the performance on textual and multi-
modal visual QA tasks, demonstrating gains of
up to +5% with InfoSel and up to +31% with
InfoSel⇤compared to ensembled base models on
four benchmark datasets; (3) A detailed analysis
of data efficiency, demonstrating that InfoSel sur-
passes the performance of the leading base models
with as few as 10 training samples. 2

2 Related Work

Domain Adaptation. These methods aim to im-
prove the performance of a model on a task-specific
domain by leveraging knowledge from other do-
mains (Zhou et al., 2022). Methods such as
fine-tuning (Yosinski et al., 2014), feature adap-
tation (Long et al., 2015) and data augmenta-
tion (Choi et al., 2019) aim to improve the per-
formance of standalone models and thus typically
require large amounts of labeled training data or
access to the model architecture and weights.

Ensemble Learning. Ensemble methods gener-
ate and combine multiple learners (ML models)
to address a particular ML task (Sagi and Rokach,
2018). Classical ensembling approaches like boost-
ing (Schapire, 2013) and bagging (Breiman, 1996)
are designed to train and combine a large number
of individual models and are thus computationally

2Code and data are available at: https://github.com/
Yuuxii/Black-box-QA-Ensemling.
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Figure 1: Architecture of our InfoSel (step 1�) , FT (step 2�) and InfoSel⇤ (step 3�) models. M l
⇤ and M

v
⇤ refer to

black-box LLMs and VQA base models respectively, which are not trainable. The number of these base models
is flexible and is not restricted to 3 as in the figure. The models on the left are trained for the TQA tasks, while
the models on the right are trained for the VQA tasks. All our models are trained independently. Note that FT and
InfoSel⇤ (step 2� and 3�) are optional and are best suited for datasets that contain a high percentage of labels that
the base models have not been exposed to.

expensive. Stacking (Wolpert, 1992) uses a meta-
learner to integrate the probabilities of the predic-
tions from base models for the final output. Re-
cent methods proposed by Jitkrittum et al. (2024);
Puerto et al. (2023) require either the knowledge
of confidence score or the base model’s training
data. Other methods train their base models to
avoid dataset biases (Han et al., 2021), while Xu
et al. (2020) aim to learn joint feature embeddings
across different domains. However, these meth-
ods require at least one piece of knowledge that
the black-box models can not provide, including
base models’ confidence scores or training data
(not available for ChatGPT).

Multimodal Black-box Models Ensembling.
Dynamic classifier selection methods, most notably
OLA (Woods et al., 1997), can be applied to black-
box models by ranking the best-performed local
classifier dynamically in the nearest region of the
input. Alternatively, majority voting (Chan and
van der Schaar, 2022) and PageRank (Brin and
Page, 2012) weight the predictions by their internal
agreements. Yet, these methods are not designed
for task-specific optimization. Pair-Ranker (Jiang
et al., 2023) is task-specific but not designed for
handling multimodal inputs. To address this, In-
foSel proposes a transformer-based setup that uti-

lizes multimodal information in the black-box set-
ting to enhance task-specific performance.

3 InfoSel Ensemble Training

Figure 1 illustrates the proposed InfoSel and
InfoSel⇤ frameworks to ensemble LLMs for TQA
tasks (left), and VQA models for VQA tasks (right).
We differentiate TQA components using LLMs and
VQA components using VQA models by denoting
them with superscripts l and v respectively. Simi-
larly, to distinguish models used in TQA and VQA
tasks, we add suffixes “-TT” and “-MT” respec-
tively. For example, the InfoSel-MT model, refers
to the InfoSel for the VQA task.

3.1 InfoSel Training for TQA
Before training InfoSel, we first perform the data
preparation (top of Figure 1) for both training and
testing. Next, we train InfoSel (step 1�). Training
FT models (step 2�) and InfoSel⇤ (step 3�) is op-
tional, but can significantly improve performance
for datasets that contain a high percentage of labels
that the base models have not been exposed to.

Data Preparation. First, we randomly sam-
ple N content-question pairs {(Ci, Qi)}Ni=1 and
the corresponding ground truth answers { eAl

i
}N
i=1

from various benchmark datasets (refer to Section
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4.1). Next, we build prompts Pi following spe-
cific prompt rules Pi = R(Ci, Qi) (refer to Sec-
tion 4.1). Using these prompts instead of plain
(Ci, Qi) text improves the LLMs’ answer quality
(Bach et al., 2022). We select K (K=3) black-
box LLMs {M l

j
}K
j=1 to generate answers on the N

prompts. The answer generated by M
l

j
on Pi is de-

noted as Al

ij
(Al

ij
= M

l

j
(Pi)). Thereby, K LLMs

provide N ⇤K candidate answers for N prompts.
We calculate the word-level F1-scores (Rajpurkar
et al., 2018) of all the candidate answers {Al

ij
}K
j=1

respectively for Pi. These F1-scores serve as target
Y

l

i
to optimize the ensemble model:

Y
l

i = {F1(A
l

ij ,
eAl

i)}Kj=1, Y
l

i 2 RK
.

The input for the ensemble training consists of
K texts. Each text is formed by concatenating Pi

with each individual answer predicted by a base
model j, Al

ij
. More formally, the input X l

i
is:

X
l

i = {[Pi, A
l

ij ]}Kj=1, |X l

i | = K.

The inputs {X l

i
}N
i=1 and the corresponding target

labels {Y l

i
}N
i=1 are used for ensemble training.

InfoSel-TT. We use a textual BERT-base (De-
vlin et al., 2019) transformer f t

✓
, (✓ denote trainable

model parameters) as the backbone of InfoSel-TT.
To achieve faster convergence, we load the pre-
trained weights of bert-base-uncased model. The
input vector X l

i
is passed to f

t

✓
to generate K sen-

tence representations for each value in X
l

i
respec-

tively. Thus, the sentence representation R
t

ij
of

[Pi, A
l

ij
] from f

t

✓
is:

R
t

ij = f
t

✓([Pi, A
l

ij ]), R
t

ij 2 R768
.

A dense layer (fd

✓
) is followed to classify

{Rt

ij
}K
j=1, and is trained to match the target label

Y
l

i
using binary cross entropy loss LBCE . More

formally, the training objective of InfoSel-TT is:

min
✓

NX

i=1

LBCE(f
d

✓ ([f
t

✓([Pi, A
l

ij ])]
K

j=1), Y
l

i ).

Finally, the trained InfoSel-TT model (M it) se-
lects the winner model M l

i,win
from {M l

j
}K
j=1 for

the input Pi with the highest probability score
based on the selection logits produced by f

d

✓
.

A
l

i,win
denotes the answer provided by M

l

i,win
.

FT-TT. Using only the InfoSel-TT model may
limit performance due to the base models’ lack of

exposure to new (unseen) labels in the task-specific
datasets. To address this, we fine-tune a separate
lightweight TT model directly on the TQA datasets
to learn these new labels. Specifically, the training
objective is to locate the start and end token posi-
tion of the answer from the context Ci. We provide
the token positions of eAl

i
as the target label, such

that the model is optimized to classify each token
in two classes (start/end token). This fine-tuned
textual transformer model is referred to as FT-TT
(Mft).3 We denote the answer predicted by M

ft

on Pi as Aft

i
.

InfoSel⇤-TT. This model performs a further en-
semble training of FT-TT and InfoSel-TT models
with the same training scheme and labeled train-
ing data as InfoSel-TT. We anticipate that the thus
trained InfoSel⇤-TT model on the output of InfoSel-
TT and the label finetuned FT-TT, will improve the
ability to handle labels unseen by base models. As
a result, we expect an improvement in the over-
all task-specific performance. The winner model
selected by InfoSel⇤-TT belong to {M it

,M
ft}.

3.2 InfoSel Training for VQA
Data Preparation. Given N image-question
pairs {(Ii, Qi)}Ni=1 from dev data of VQA bench-
mark datasets, we use K (K=3) pre-trained
VQA models to predict answers A

v

ij
as follows:

{Mv

j
((Ii, Qi)) ! A

v

ij
}K
j=1. We denote the ground

truth answer for image-question pair (Ii, Qi) as eAv

i
.

Target labels Y
v

i
for ensemble training are given

by the accuracy scores of the K candidate answers
evaluated on eAv

i
:

Y
v

i = {Acc(A
v

ij ,
eAv

i )}Kj=1, Y v

i 2 RK
.

The concatenation of question (Qi) with each of
the candidate answers (Av

ij
) obtained from the base

models and the corresponding image (Ii) serves the
input to our ensemble model InfoSel-MT:

X
v

i = {(Ii, [Qi, A
v

ij ])}Kj=1, |Xv

i | = K.

InfoSel-MT. A Multimodal Transformer (MT,
f
m

✓
) (Li et al., 2021b) is employed as the backbone

for InfoSel-MT. Specifically, we first generate vi-
sual features Vi of Ii using a pre-trained R-CNN
model (Mr) (Anderson et al., 2018). Vi is com-
posed of a vector of the image region features vi

3The training scheme is adapted from https://
huggingface.co/learn/nlp-course/chapter7/7?fw=pt
with the additional option to allow the model to return empty
answers for unanswerable questions.
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and the detected tags ( i.e., object labels of the im-
age) (Li et al., 2021b). The concatenated question-
answer pair [Qi, A

v

ij
] and Vi is then passed together

to MT (fm

✓
) to generate a fused contextual repre-

sentation R
m

ij
:

Vi = (vi, tags) = M
r
(Ii),

R
m

ij = f
m

✓ (Vi, [Qi, A
v

ij ]), R
m

ij 2 R768
.

Finally, we use an additional dense layer (fd

✓
) to

map R
m

ij
to the target label Y v

i
. The training is

optimized using binary cross-entropy loss:

min
✓

NX

i=1

LBCE(f
d

✓ ([f
m

✓ (Vi, [Qi, A
v

ij ])]
K

j=1), Y
v

i ).

We denote M
im to the trained InfoSel-MT

model, M im selects the winner model Mv

i,win
from

{Mv

j
}K
j=1 to predict answer Av

i,win
for the image-

question pair (Ii, Qi) based on the selection logits
produced by f

d

✓
.

FT-MT. Similar to FT-TT, FT-MT composed of
a trainable MT and a Multilayer Perceptron (MLP)
is fine-tuned with the same training data as InfoSel-
MT. Differently, FT-MT solves a multi-label clas-
sification task by classifying the fused contextual
representation of Qi (instead of [Qi, A

v

ij
] like In-

foSel-MT) and Vi to a predefined answer list (la-
bels). This list contains frequent answers from the
training data. As a result, a trained FT-MT model
(Mfm) can learn to predict the unseen (new) labels
(answers) contained in the task-specific datasets,
but not in the pre-training data of the base models.
A

fm

i
denotes the answer predicted by M

fm over
(Ii, Qi). The training scheme is adapted from (Li
et al., 2021b).

InfoSel⇤-MT. Similar to InfoSel⇤-TT, InfoSel⇤-
MT model ensembles the FT-MT and InfoSel-MT
models using the same training scheme as in In-
foSel-MT. The winner model selected by InfoSel⇤-
MT belong to {M im

,M
fm}.

4 Experiments and Analysis

We first introduce the setup of our experiments,
followed by detailed results and analysis.

4.1 Datasets
To demonstrate the data efficiency of our approach,
we subsampled four publicly available benchmark
datasets. This resulted in four Mini datasets, the
train set amounts to ⇠1% of the TQA datasets’

Mini Dataset Source Dataset Num. %
Mini-SDv2 train SQuAD-V2 train 800 0.56
Mini-SDv2 val SQuAD-V2 train 200 0.14
Mini-SDv2 test SQuAD-V2 dev 11,873 8.39
Mini-NQ train NQ-Open train 800 0.87
Mini-NQ val NQ-Open train 200 0.22
Mini-NQ test NQ-Open dev 3,499 3.83
Mini-GQA train GQA dev 105,640 9.80
Mini-GQA val GQA dev 26,422 2.45
Mini-GQA test GQA test 12,578 1.17
Mini-Viz train VizWiz dev 3,456 10.5
Mini-Viz val VizWiz dev 863 2.63
Mini-Viz test VizWiz test 8,000 24.39

Table 2: Details of the Mini datasets used for InfoSel en-
semble training and testing. % stands for the percentage
of the original full dataset.

and ⇠10% of the VQA datasets’ original full size.
Table 2 presents the details of these datasets.

TQA datasets. We generated two Mini datasets,
Mini-SDv2 and Mini-NQ, consisting of 1,000 ran-
domly sampled instances from SQuAD-V2 (Ra-
jpurkar et al., 2018) and NQ-Open (Kwiatkowski
et al., 2019) train splits, respectively. Details of the
datasets are shown in Appendix A.1.

VQA datasets. Our results (Figure 2) reveal
that VQA tasks demand a greater quantity of train-
ing samples compared to TQA tasks. Therefore,
we constructed Mini-GQA and Mini-Viz datasets
using a larger fraction (the dev data) of GQA (Hud-
son and Manning, 2019) and VizWiz (Gurari et al.,
2018) datasets compared to TQA datasets.

4.2 Base Models
We experiment with ensembling GPT-3.5-turbo-
0613 (ChatGPT), LLaMA-2-70b-chat (hereinafter
referred to as “LLaMA”) (Touvron et al., 2023) and
GPT-3.5 text-davinci-003 (hereinafter referred to
as “Davinci”) to generate answers for TQA tasks.4

To tackle VQA tasks, we employ three local VQA
models (VLMo (Bao et al., 2022), ALBEF (Li et al.,
2021a) and BLIP (Li et al., 2022)), which are pre-
trained on VQA v2 dataset (Antol et al., 2015).
Note that we use less costly and publicly accessible
VQA models to save experimental costs.

Evaluation Metric. LLMs tend to generate con-
textual answers that lead to lower scores in the
exact match (EM). Therefore, we mainly use the
(per-answer) token-level F1-score from the official
evaluation guidance of the datasets as the main
evaluation metric for TQA performance. Our re-

4GPT3.5 text-davinci-003 is deprecated after our exper-
iments, but this does not influence the effectiveness of our
method.
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Textual Question Answering Visual Question Answering

Model Mini-SDv2 Mini-NQ Model Mini-GQA Mini-Viz
EM F1 EM F1 Acc Acc

LLaMA-2-70b-chat 0.24 11.34 28.07 46.47 ALBEF 50.60 21.28
text-davinci-003 52.37 58.44 52.24 69.44 BLIP 48.08 20.80
ChatGPT 30.89 44.95 57.53 71.54 VLMo 48.21 19.77
Oracle 58.61 66.20 64.02 79.21 Oracle 65.03 -
MV 26.95 37.75 46.07 62.43 MV 51.05 21.47
WV 52.37 58.44 57.53 71.54 WV 52.10 19.43
PageRank 25.39 37.31 51.76 68.53 PageRank 51.47 21.66
OLA 47.90 55.59 54.70 70.05 OLA 48.65 20.32
PairRanker 57.28 63.33 57.96 72.21 PairRanker 52.05 22.42
(0-shot) LLM-Blender 4.90 21.20 1.03 25.06 (0-shot) LLM-Blender 0.0 0.0
FT-TT 46.80 47.68 36.52 40.60 FT-MT 50.48 51.76
InfoSel-TT (ours) 57.74 63.63 58.45 73.37 InfoSel-MT (ours) 55.16 23.16
InfoSel⇤-TT (ours) 49.09 49.85 48.16 53.70 InfoSel⇤-MT (ours) 52.54 52.91

Table 3: Test performance comparison on textual and visual QA datasets. The overall best results are highlighted in
bold, and the best results of base models are underlined. The test data of Mini-Viz is not publicly accessible and
thus the Oracle cannot be reported.

sults differ from the ones reported in (Laskar et al.,
2023; Kocoń et al., 2023) because we do not apply
any post-processing, human evaluation or output
constraints for the generated answers.

Finally, we use Oracle to represent the maxi-
mum capability of a combination of base models.
Specifically, for each input, the Oracle selects the
answer with the highest agreement to the ground
truth among all the answers predicted by the base
models. Thus, the Oracle score represents the per-
formance of an ideal ensemble model.

4.3 Baselines

We use Majority Voting (MV), Weighted Vot-
ing (WV) (Schick and Schütze, 2021), PageR-
ank (Brin and Page, 2012), Overall Local Accu-
racy (OLA) (Woods et al., 1997), PairRanker and
LLM-Blender (Jiang et al., 2023) as baselines.

Majority Voting (MV). MV makes a collective
decision by considering the predicted answers as
a group of individuals voting on a particular in-
put. The answer that receives the most votes is the
winner; otherwise, ties are broken randomly.
Weighted Voting (WV). We adopt a strategy simi-
lar to Schick and Schütze (2021), where the model
accuracy of the train data before training is used as
the weight for average weighting. In our case, we
use the corresponding accuracy of the base models
as the weight for voting.

PageRank (Brin and Page, 2012). We adapt
PageRank as a baseline to determine the most suit-
able answer in a graph where all the answers to one
question are connected by their BLEURT (Sellam
et al., 2020) similarities.

Overall Local Accuracy (OLA) (Woods et al.,
1997). Following (Cruz et al., 2018), we use the
k-nearest neighbors algorithm to divide the input
space (representations of prompts for TQA, repre-
sentations of images and questions for VQA) of
training data into 7 regions. The overall local ac-
curacy of each base model in different regions is
computed as its region competence. The model
presenting the highest competence level is selected
to predict the label of inputs that fall in the same
region.

PairRanker and LLM-Blender (Jiang et al.,
2023). The PairRanker model is trained to rank a
pair of candidate predictions from two LLMs using
multiple optimizing objectives (i.e., EM, F1). The
logits of the LLMs produced by the trained model
are sorted to get the top k (we use k=2) predictions
among multiple pairwise comparison results for
a GENFUSER model (Flan-T5-XL (Chung et al.,
2022), 3B parameters) to generate the final fused
prediction. LLM-Blender is a composite of the Pair-
Ranker and the GENFUSER model. We train Pair-
Ranker using the same textual transformer back-
bone as InfoSel for comparison, and we use 0-shot
LLM-Blender models which have been trained over
massive data (105k), including TQA data to test on
our data.

4.4 Performance Comparison

In this section, we analyze the performance of our
method, taking into account its distinctive charac-
teristics as described in Table 1. Concretely, we
focus on comparing our models in terms of task-
specific performance, data efficiency, and multi-
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Figure 2: Test performance of InfoSel compared to baselines over increasing size of training data for TQA (left two
figures) and VQA (right two figures). Best base represented the best performance of the base models.

modal capabilities.

4.4.1 Task-specific Performance
Table 3 demonstrates the task-specific performance
of InfoSel, base models and ensemble baselines
on textual and visual QA datasets. For TQA, we
observe that LLaMA underperforms other base
models. Upon closer examination, we found that
LLaMA generates longer explanation text which,
although often accurate, decreases the EM and F1-
score values. Conversely, a more consistent perfor-
mance of base models is observed for VQA. Mini-
Viz contains 28% of unanswerable questions, and
the label “unanswerable” has never been seen by
base models. Consequently, this lack of exposure
leads to significantly lower performance scores.

Baseline ensemble methods such as WV, PageR-
ank and OLA achieve only marginal improve-
ments compared to base models (+1.5%) on VQA
datasets. These results highlight the limitations
of these methods when applied to task-specific
datasets (see also Table 1). PairRanker underper-
formed InfoSel even though it has been trained with
the same data. 0-shot LLM-Blender tends to gener-
ate longer answers compared to PairRanker which
leads to a low score especially when evaluated in
the exact-match settings (EM, ACC).

For TQA tasks, InfoSel-TT achieves 5.19%
(63.63-58.44) improvement compared to individ-
ual base models, and reaches 96.12% (63.63/66.20)
of the Oracle on Mini-SDv2. Similarly, the corre-
sponding improvement in Mini-NQ performance
is 1.83%, reaching 93.06% of the performance
achieved by the Oracle. In contrast, FT-TT, despite
its superior performance over two base models on
Mini-SDv2, underperforms InfoSel-TT by more
than 15% due to the small-size training data (refer
to Figure 2). This low performance of FT-TT mod-
els negatively impacts the performance of InfoSel⇤.
As a result, we conclude that while InfoSel⇤ can

exhibit superior performance (see further for VQA
tasks), it also requires more training data.

For VQA tasks, the results in Table 3 showcase
an improvement of 4.56% in the accuracy score of
InfoSel-MT compared to the base models (55.16-
50.60) on Mini-GQA. Furthermore, FT-MT im-
proves 30.48% (51.76-21.28) accuracy on Mini-
Viz due to a high percentage of unseen labels (e.g.,
“unanswerable”) introduced during fine-tuning. Fi-
nally, the superior performance of InfoSel⇤-MT
model on Mini-Viz dataset demonstrates the effec-
tiveness of the proposed blending approach, which
improves 31.63% (52.91-21.28) accuracy upon the
InfoSel-MT model.

4.4.2 Data Efficiency
The experimental results shown in Figure 2 demon-
strate the data efficiency of our method by evaluat-
ing the model’s performance across varying train-
ing data sizes. We observe that InfoSel-TT achieves
a higher F1-score compared to the best base model
when trained on as few as 10 samples from Mini-
SDv2. This result has been further verified with
the mean F1-score of 10 test results using differ-
ent seed variations for sampling the training data
(shown in Figure 5 in Appendix). Conversely, the
number of training samples needed to surpass the
performance of base models is higher for VQA
datasets: 5% (6,603 samples) for Mini-GQA and
20% (864 samples) for Mini-Viz. We hypothesize
that this is due to the inherent complexity of the
VQA task.

PairRanker is less data-efficient than InfoSel as
it only achieves close performance when the train-
ing samples are more than 500 on both Mini-SDv2
and Mini-NQ. Additionally, we find that a larger
training data size benefits FT-TT more than In-
foSel-TT and OLA. For example, the F1-score of
FT-TT increases ⇠200% and ⇠500% from 10 to
10,000 training samples on Mini-SDv2 and Mini-
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NQ respectively, while InfoSel-TT only increases
by ⇠3% and ⇠4%. However, FT-TT still underper-
forms the best base model, which suggests that
fine-tuning a small-sized model requires larger
training data for getting a comparable performance
with LLMs or InfoSel. Finally, we observe that a
larger training data size does not necessarily lead
to improved performance for the fine-tuned FT-TT
model (e.g., when increasing from 80% to 100%
the training data size on Mini-GQA). In contrast,
OLA does not benefit as much as InfoSel and FT
from a larger size of training data, only outper-
forming InfoSel-TT on Mini-NQ when 10 and 20
training samples are used.

4.4.3 Multimodal Data
InfoSel is able to utilize multimodal data (image
and text) for VQA tasks, and thus outperform the
latest text-exclusive LLM ensemble methods (Pair-
Ranker and LLM-Blender) as evidenced in Table
3. In contrast, PairRanker and LLM-Blender can-
not process image features, thereby lacking crucial
information in the multimodal setting, leading to a
low accuracy on VQA datasets.5 Further insights
into the significance of modality information are
elaborated in Section A.8 and Table 4.

4.4.4 Lightweight Model
Table 7 (Appendix) reports the parameter size
of the base models and their ensemble models
(InfoSel-TT and InfoSel-MT). InfoSel provides
an efficient method for ensembling large LLMs
such as ChatGPT (175B parameters) using only
110M trainable parameters. Even though only 37%
((182M-115M)/182M) trainable parameters are
saved for the VQA task, we still demonstrate that
InfoSel can effectively enhance the task-specific
performance of small-size black-box VQA models,
offering a lightweight solution.

4.5 Ablation Studies
Is InfoSel robust to the base models’ individual
performances? We carry out this study to assess
whether InfoSel can effectively utilize the predic-
tions obtained from various base models, regardless
of their individual performance levels. In Figure 3,
we observe a minor F1-score difference (0.15%) on
the Mini-SDv2 dataset between the InfoSel model
ensembled with and without the lowest performing

5The most frequent answer of LLM-Blender on VQA
datasets is “I’m sorry, I don’t have enough context to answer
that question.”

Figure 3: The portions of answers selected from differ-
ent base models by InfoSel models on Mini-SDv2 (right
column) and Mini-NQ (left column). The upper row
represents the results of the InfoSel model ensembled
with all three LLMs, and the model in the lower row
excluded the worst base model (LLaMA).

base model (LLaMA). This finding suggests that
InfoSel is robust, and not significantly affected by
the individual model’s performance. In a more de-
tailed analysis, we observe that InfoSel selects 4%
of answers from LLaMA, resulting in an overall
gain of +0.28% of the F1-score. This observation
highlights the effectiveness of InfoSel, as it can
leverage the knowledge contained in the answers
provided even by the lowest performing base model
to some extent.

Which modality information helps the most
for ensembling? In Table 4, we compare the ef-
fect of providing different modality information to
InfoSel-MT during ensemble training. Notice that
even with just the question and answer (Q+A) in-
formation, our model surpasses the performance of
the PairRanker. The setting that yields the lowest
accuracy solely utilizes the image (V) as the sig-
nal. This can be explained by the fact that a single
image often corresponds to multiple questions in
VQA datasets, making it challenging for the model
to acquire discriminative features. Furthermore,
we conclude that the superior performance of our
model when utilizing image, question, and answer
(V+Q+A) data demonstrates the effectiveness of
our model in multimodal setting.

4.6 Case Study

The first case of Table 5 indicates that InfoSel cap-
tures the only correct answer (“toaster”) from base
models. The second case demonstrates the ability
of InfoSel⇤ to recognize a task-specific label (i.e.,
“unanswerable”) introduced by FT-MT. InfoSel-MT
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Model Mini-GQA Mini-Viz
PairRanker(Q+A) 52.05 22.42
InfoSel-MT(V) 50.56 20.79
InfoSel-MT(Q) 51.11 21.21
InfoSel-MT(V+Q) 50.83 20.06
InfoSel-MT(V+A) 52.38 22.66
InfoSel-MT(Q+A) 54.76 22.89
InfoSel-MT(V+Q+A) 55.16 23.16

Table 4: Accuracy of InfoSel-MT models when using
different input information for training compared to
baseline models. V, Q, and A represent visual, question,
and answer information respectively.

Mini-GQA Mini-Viz

Image:
Question: What appliance is What is this pro-

it? duct?
ALBEF blender refrigerator
BLIP toaster toilet
VLMo microwave door
FT-MT coffee maker unanswerable
InfoSel-MT toaster toilet
InfoSel⇤-MT coffee maker unanswerable

Table 5: Case study of our models on Mini-GQA test
and Mini-Viz validation data. Ground truth answers are
bolded.

struggles with such labels as they are unseen to
the base models. This showcases the benefits of
training InfoSel⇤ models on datasets containing a
high percentage of task-specific unseen labels. The
corresponding case study of TQA is shown in Table
9 (Appendix).

5 Conclusion

In this paper, we propose InfoSel, a novel
lightweight and task-specific ensemble method de-
signed to learn the dynamic selection of the op-
timal model from a range of distinct black-box
base LLMs. We find that using only 110M train-
able parameters, our method is able to substantially
increase the performance upon the best perform-
ing base LLM. Additionally, our analysis reveals
that InfoSel remains robust regardless the incorrect
predictions of the lowest performing LLM. Our
findings also show that our solution is highly data-
efficient. Concretely, it requires only a fraction of
instances (as few as 10) from the training set to
outperform base LLMs. Finally, our experimental
results reveal the ability of InfoSel to be adapted to
multimodal setting, showing a substantial increase
in performance compared to state-of-the-art alter-

natives.

6 Limitations

InfoSel offers an effective approach to enhancing
out-domain black-box model performance and ad-
dressing answer selection. However, it is important
to acknowledge certain limitations that come with
its application:

Dependency on Annotated Data: InfoSel, like
many machine learning techniques, relies on a
small amount of annotated training and develop-
ment data specific to the new domain. While
this requirement is relatively modest, and InfoSel’s
strength is it’s data efficiency (as demonstrated in
the experiments), this may still pose a limitation in
scenarios where obtaining such data is challenging
or costly.

Limited Applicability to Open-Ended Text Gen-
eration: InfoSel’s primary strength lies in its ability
to select the best answer from a set of base mod-
els, making it particularly valuable in question-
answering scenarios. However, for more open-
ended text-generation tasks, where it may be bene-
ficial to combine multiple answers, InfoSel’s single-
answer selection mechanism may not be the ideal
choice, and future research directions may include
approaches for combining several long-form an-
swers.

API Fine-Tuning Availability: At the time of this
study, InfoSel operates based on the assumption
that many APIs do not offer the ability to fine-
tune models, which is a constraint driven by the
current landscape of AI services. However, since
the field of AI is rapidly evolving, API providers
may potentially introduce fine-tuning as a standard
feature in the future. However, our experiments
show that selection may still help even when one
(and potentially more) of the answer models are
fine-tuned.

Transparency and Explainability: InfoSel, like
other machine learning models, which selects an-
swers from black-box models may itself operate
as a "black box". This means its decision-making
process might not be readily interpretable or ex-
plainable to end-users. Pairing InfoSel with ex-
plainability techniques may give users a clearer
understanding of how the model makes its selec-
tions.
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A Appendix

A.1 TQA Datasets

SQuAD-V2 (Rajpurkar et al., 2018) stands for
Stanford Question Answering Dataset 2.0, a dataset
designed for the task of question answering. It is an
extension of the original SQuAD dataset by includ-
ing over 50,000 unanswerable questions written ad-
versarially by crowdworkers. The dataset is widely
used in natural language understanding research.
NQ-Open (Kwiatkowski et al., 2019) is derived
from Natural Questions and serves as an open-
domain question-answering evaluation. The en-
tirety of the questions can be addressed using the
information found in the English Wikipedia. It was
created for research purposes.

For Mini-NQ, we followed (Fisch et al., 2019) to
use long answers as the context, and short answers
as the ground truth answers. The 1,000 samples are
divided into train and validation data using an 8:2
ratio, while the trained models are tested on the dev
data of the original datasets due to the unavailability
of original test data. We use the setup proposed
in (Laskar et al., 2023) to generate the answers
from LLMs.

Note that the answers of LLMs can be greatly
influenced by some factors such as the use of differ-
ent prompts or temperatures. However, our study
does not focus on prompt engineering but rather
on selecting the optimal base model to generate an
answer. We will publicly release our prompts as
well as the answers from LLMs for reproducibility.

A.2 VQA Datasets

GQA (Hudson and Manning, 2019) is a large-
scale dataset for visual reasoning and composi-
tional question answering research. The dataset
contains over 113k images collected from a di-
verse set of sources and over 22 million questions.
Only one ground-truth answer is provided for each
image-question pair.
VizWiz (Gurari et al., 2018) is a benchmark
dataset for visual question answering. It includes
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Dataset Sample Prompts
What is the answer?
Context:[context];
Question:[question];
If you can’t find the answer, please respond "unanswerable".

Mini-SDv2 Answer:
Answer the question depending on the context.
Context: [context];
Question: [question];
If you can’t find the answer, please respond "unanswerable".
Answer:
Answer the question depending on the context without explanation.

Mini-NQ Context: [context];
Question: [question];
Answer:

Table 6: Our sample prompts in QA datasets. SQuAD-V2 were available in PromptSource (Bach et al., 2022)
for prompt generation, we selected the prompt from PromptSource for Mini-SDv2, which contains two forms of
prompts.

31K images, 250K questions, and answers col-
lected through a mobile app for visually impaired
users. 10 ground-truth answers are provided for
each image-question pair.

Additionally, we compare the label differences
of the pre-trained dataset (VQA v2 (Antol et al.,
2015)) of VQA base models with task-specific
datasets (GQA, VizWiz) for ensemble training. Fig-
ure 4 shows the top 7 most frequent answers and
their percentages of GQA, VQA v2 and VizWiz.
Four answers in GQA do not appear in the top list
of VQA v2 and three for VizWiz (including the top
frequent answer "unanswerable"). We also sample
3k most frequent answers from each dataset and
calculate their percentage of overlapping, which is
reported on the intersection in the figure. GQA and
VizWiz have 32.9 % and 21.6% of overlap with
VQA v2 respectively, showcasing significant dif-
ferences between the pre-trained dataset and task-
specific datasets.

A.3 Base Models

LLMs VQA Models
Model #Param Model #Param
LLaMA-2-70b-chat 70B ALBEF 290M
text-davinci-003 175B BLIP 361M
ChatGPT 175B VLMo 182M
PairRanker 110M PairRanker 110M
InfoSel-TT 110M InfoSel-MT 115M
InfoSel⇤-TT 110M InfoSel⇤-MT 115M

Table 7: Parameter size of the models used in our exper-
iments.

ChatGPT is a large language model with 175B
parameters, it allows you to have human-like con-
versations and much more with the chatbot. Chat-

Figure 4: Top 7 most frequent answers of VQA v2
(pre-trained dataset of VQA base models), GQA and
VizWiz (task-specific datasets for ensemble training).
This explains why InfoSel performs poorly in Mini-Viz,
as the new label "unanswerable" is the top frequent
answer in VizWiz, but this new label has been exposed
to base models that are pre-trained on VQA v2.

GPT can generate context-based responses to user
prompts (questions). However, this model is cur-
rently only accessible by cloud APIs.
GPT 3.5 text-davinci-003 is similar to ChatGPT
but designed specifically for instruction-following
tasks which enables it to respond concisely and
more accurately. This model is deprecated after
our experiments.
LLaMA-2-70b-chat (Touvron et al., 2023) is a
large language model with 70B parameters. It is
fine-tuned on LLaMA 2 with publicly available
instruction datasets and over 1 million human an-
notations, while Llama 2 models are trained on 2
trillion tokens from publicly available online data
sources. LLaMA 2 models are currently publicly
accessible.
ALBEF (Li et al., 2021a)6 first encodes the im-
age and text with an image encoder (visual trans-

6https://github.com/salesforce/ALBEF
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former (Dosovitskiy et al., 2021)) and a text en-
coder respectively. Then a multimodal encoder
is used to fuse the image features with the text
features through cross-modal attention. The V&L
representation is trained with objectives of image-
text contrastive learning, masked language mod-
eling and image-text matching. Different from U-
VisualBERT, ALBEF uses a 6-layer transformer
decoder to generate answers for VQA tasks.
BLIP (Li et al., 2022)7 uses a visual transformer
as the image encoder, and a multi-task model (mul-
timodal mixture of encoder-decoder) as a unified
model with both understanding and generation ca-
pabilities. The model is jointly pre-trained with
three vision-language objectives: image-text con-
trastive learning, image-text matching, and image-
conditioned language modeling. Similarly to AL-
BEF, the VQA task is considered an answer gener-
ation task in this method.
VLMo (Bao et al., 2022)8 is a unified vision-
language pre-training method with Mixture-of-
Modality-Experts. VLMO leverages large-scale
image and text data to learn joint representations of
vision and language. It employs a mixture model
to capture diverse interactions between visual and
textual information, achieving state-of-the-art per-
formance on various vision-language tasks.

A.4 Experiment Setup
We fixed the batch size to the upper limit of the
server capacity, while the learning rates and epochs
are selected after a grid search on a set of values
(learning rates: {e3, 5e4, e4, 5e5, e5, 5e6, e6},
epochs: {3, 5, 10, 15, 20}). Models for TQA
are trained for 5 epochs using a learning rate of
5 ⇥ 10

�5 and batch size of 4. Models for VQA
use the same learning rate but a batch size of 16
for 20 epochs. We spent ⇠74 and ⇠290 seconds
training 1 epoch on 1,000 samples for TQA and
4,319 samples for VQA respectively. The training
was performed on 1 GPU with 16GB memory of a
DGX1 server ((Pascal) Tesla P100).

A.5 Multi-modal Information Concatenation
or Fusion?

We studied the impact of concatenating and
fusing multi-modal input information for the
VQA task. InfoSel-MLP is an alternative model
type for InfoSel which processes all the input

7https://github.com/salesforce/BLIP
8https://github.com/microsoft/unilm/tree/

master/vlmo

Mini-GQA Mini-Viz
Model ACC
InfoSel-MLP 52.35 21.12
InfoSel-MT 55.16 23.16

Table 8: Comparison of using different architecture for
processing input information differently. Input concate-
nation result is demonstrated by InfoSel-MLP and the
fusion result is shown by InfoSel-MT.

information separately with a simple Multilayer
perceptron (MLP) instead of MT. A pre-trained
Sentence-BERT (Reimers and Gurevych, 2019)
9
Mqa is used for generating question embedding
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The input layer of the MLP maps the concate-

nated representations to a hidden layer with a size
equal to 300, followed by a ReLU activation layer
and then an output layer with an output size equal
to the number of models.

Table 8 demonstrates the performance of the
input concatenation result (InfoSel-MLP) and fu-
sion result (InfoSel-MT). We observe that InfoSel-
MT achieves ⇠3% and ⇠2% higher accuracy than
InfoSel-MLP in Mini-GQA and Mini-Viz respec-
tively, which proves that a fused contextual repre-
sentation of inputs provides more discriminative
information than a concatenation of input embed-
dings.

A.6 Case Study for TQA
Table 9 illustrates two insightful cases from the pre-
dictions of different models on textual Mini-SDv2
and Mini-NQ QA datasets. The first case show-
cases the ability of InfoSel-TT to select the right
model (Davinci) when the rest of the models is in-
correct. However, InfoSel⇤-TT selects the wrong
answers from the FT-TT model and underperforms

9https://huggingface.co/sentence-transformers/
multi-qa-mpnet-base-dot-v1
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Mini-SDv2 Mini-NQ
...Derrick Norman ...in 2005 and the

Context: Lehmer’s list release of her epon-
of primes up to ymous debut album
10,006,721... the following year...

How many primes When did Taylor
Question: were included in Der- Swift ’s first

rick Norman Lehmer’s album release?
list of prime numbers?

LLaMA unanswerable 2006
Davinci 10,006,721 2006
ChatGPT unanswerable 2006
FT-TT unanswerable 2005
InfoSel-TT 10,006,721 2006
InfoSel⇤-TT unanswerable 2005

Table 9: Case study of our models on Mini-SDv2 and Mini-NQ test data. Answers of LLMs are shortened to
keywords for better demonstration. Ground truth answers are bolded, and one incorrect ground truth answer is
colored red.

InfoSel-TT. The second case illustrates the ability
of LLMs to generate correct answer (“2006”) de-
spite the ground truth annotation error (“2005”).
This demonstrates the advantage of ensembling
highly expressive LLMs instead of relying only on
fine-tuning small-size models such as FT-TT.

A.7 Robustness Analysis.
We analyze the robustness of the data efficiency
property of InfoSel by training InfoSel-TT with
10 different sets of randomly sampled train data.
Figure 5 demonstrates the mean and standard devi-
ation of these 10 sets of results on Mini-SDv2 and
Mini-NQ. We observe that the deviation decreases
as the number of training data increases, and the
deviation is less than 0.5 when using 1,000 training
samples (0.29 for Mini-SDv2, 0.40 for Mini-NQ).
The mean value (61.12%) when using 10 samples
from Mini-SDv2 is still better than the F1-score
of the best base model, while the mean (71.60%)
when using 100 samples from Mini-NQ is already
higher than the F1-score of the best base model
which is fewer samples than the result reported in
the main paper (500 samples).

A.8 Ablation Studies
Figure 6 shows the results when removing Chat-
GPT and Davinci models respectively. It is not
recommended to use InfoSel to ensemble only two
base models where one of the base models per-
forms significantly worse than the other one.

Figure 5: Mean and standard deviation of results on
Mini-SDv2 and Mini-NQ when training InfoSel-TT with
10 sets of randomly sampled training data.

Figure 6: The portions of answers selected from dif-
ferent base models by InfoSel models on Mini-SDv2
and Mini-NQ test data. The upper row represents the
results of the InfoSel model ensembled with Davinci
and LLaMA, and the model in the lower row ensembled
with ChatGPT and LLaMA.
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Abstract

Calibration, the alignment between model con-
fidence and prediction accuracy, is critical for
the reliable deployment of large language mod-
els (LLMs). Existing works neglect to mea-
sure the generalization of their methods to other
prompt styles and different sizes of LLMs. To
address this, we define a controlled experimen-
tal setting covering 12 LLMs and four prompt
styles. We additionally investigate if incor-
porating the response agreement of multiple
LLMs and an appropriate loss function can im-
prove calibration performance. Concretely, we
build Calib-n, a novel framework that trains an
auxiliary model for confidence estimation that
aggregates responses from multiple LLMs to
capture inter-model agreement. To optimize
calibration, we integrate focal and AUC sur-
rogate losses alongside binary cross-entropy.
Experiments across four datasets demonstrate
that both response agreement and focal loss
improve calibration from baselines. We find
that few-shot prompts are the most effective
for auxiliary model-based methods, and aux-
iliary models demonstrate robust calibration
performance across accuracy variations, out-
performing LLMs’ internal probabilities and
verbalized confidences. 1

1 Introduction

Improving the calibration of Large Language Mod-
els (LLMs), i.e., aligning the model’s confidence
with the accuracy of its predictions, can maintain
their reliability, usability, and ethical deployment
in domains like medicine, law, and education (Guo
et al., 2017a; Jiang et al., 2021; Geng et al., 2024).
As LLMs are increasingly integrated into decision-
making processes, poor calibration can amplify
risks of misinformation, propagate biases, and fos-
ter over-reliance among users (Raji et al., 2020).

1Code and data are available at https://github.com/
Yuuxii/Influences-on-LLM-Calibration.git.

Recent study (Ni et al., 2024) indicates that
LLMs struggle to accurately express their internal
confidence in natural language, particularly in the
form of verbalized confidence (Tian et al., 2023).
Liu et al. (2024) addresses this issue by training
a linear layer to adjust the hidden states of the
LLM’s final layer for confidence prediction, but
this approach only applies to LLMs with accessible
weights. In contrast, Ulmer et al. (2024) introduces
an auxiliary model for confidence estimation us-
ing only the generations of the target LLM but is
constrained by its evaluation on just two LLMs
and two prompt styles. These narrow experimental
setups limit the generalization of their findings.

Our study tackles this limitation by comprehen-
sively examining the generalization of different
methods over 12 LLMs and four prompt styles.
Additionally, we investigate new influence factors
on the calibration of LLMs, which includes re-
sponse agreements among LLMs, loss functions,
and prompt styles. Concretely, we introduce Calib-
n (illustrated in Fig. 1), a novel framework aggre-
gating responses from multiple LLMs (n indicates
the number of LLMs) to train a single auxiliary
model for confidence estimation. Calib-n captures
inter-model agreement, mitigating overfitting and
reducing overconfidence associated with individual
LLMs for calibration (Kim et al., 2023). Except
for standard binary cross-entropy (BCE) loss, we
incorporate focal (FL) (Lin et al., 2017) and AUC
surrogate (AUC) (Yuan et al., 2021) loss functions
that are effective for improving the calibration of
non-transformer type of neural networks (Mukhoti
et al., 2020; Moon et al., 2020). Finally, we system-
atically study the effects of prompt styles, testing
four diverse prompt types: Verbalized (Tian et al.,
2023), Chain-of-Thought (CoT) (Wei et al., 2022),
Zero-shot, and Few-shot prompts.

Our experiments span four open-ended ques-
tion answering datasets and 12 LLMs, including
seven small models (2–9B parameters) and five
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Figure 1: Overview of calibration training of Calib-n (n indicates the number of target LLMs that provide responses).
We consider the effect of different prompt styles on calibration and design four diverse prompts to query n target
LLMs to provide answers to a question. n joint strings of the question with each answer presenting the response
agreement of LLMs are passed to the auxiliary model to generate probabilities for each answer. The auxiliary
model is optimized with three loss functions respectively on the correctness of the LLM answers. Brier score (one
of four metrics) is used to evaluate the calibration performance of the auxiliary model.

large models (27–72B parameters) from five dis-
tinct model families. The results indicate that no
single method consistently outperforms all others
across the various models, datasets, and prompt
configurations. Yet, after aggregating the results
and counting the number of overall wins for each
method, we uncover new insights regarding the
calibration factors of the analyzed settings:

• Response Agreement: By leveraging inter-
model response agreement, Calib-n outper-
forms the state-of-the-art baselines.

• Loss Function: FL loss improves calibration
compared to BCE and AUC losses, demon-
strating its effectiveness for both Calib-1 (i.e.,
using responses from one LLM) and Calib-n.
Calib-1 trained with FL yields the best results.

• Prompt Style: We find that the effectiveness
of methods is highly influenced by the prompt
styles, with few-shot prompts proving to be
the most beneficial in improving calibration.

• Accuracy-Calibration Correlation: With ac-
curacy variances caused by different dataset
complexities, prompt styles and models, we
find that auxiliary models maintain robust cali-
bration performance across accuracy changes,
in contrast to the fluctuating calibration of
LLMs that rely on internal probabilities and
verbalized confidences.

Our findings underscore the importance of reexam-
ining calibration strategies for LLMs. Specifically,

we suggest using response agreement (Calib-n) to
prevent overconfidence and reduce computational
costs by training a single auxiliary model for cal-
ibrating multiple target LLMs. In the case of one
target LLM, we recommend incorporating focal
loss over BCE (Calib-1 with FL).

2 Related Work

Calibration The concept of calibration of neural
networks was introduced by Guo et al. (2017b). Lin
et al. (2022) show that GPT-3 can learn to express
uncertainty about its own answers without the use
of logits. Later, Tian et al. (2023) demonstrate that
verbalized confidence is generally better calibrated
than the conditional probabilities w.r.t the consis-
tency of the LLMs. However, Zhang et al. (2024)
show that LLM probabilities and verbalized con-
fidence tend to overly concentrate within a fixed
range. Similarly, Ni et al. (2024) analyze and com-
pare probabilistic and verbalized perceptions of the
knowledge boundaries of LLM, highlighting their
challenges in confidence estimation. To address
these issues, Liu et al. (2024) train a linear layer
to adjust the last layer’s hidden states of LLMs for
confidence generation. Ulmer et al. (2024) pro-
pose a method to estimate LLM confidence based
only on textual input and output. However, none
of these works perform a comprehensive analysis
of different influence factors in LLM calibra-
tion. These factors can be loss functions, response
agreement and prompt styles. Mukhoti et al. (2020)
demonstrate that focal loss (Lin et al., 2017) can
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improve the calibration of neural networks. AUC
surrogate loss (Yuan et al., 2021) and correctness
ranking loss (Moon et al., 2020) calibrate models
by adjusting the ranking of logits to ensure positive
samples are ranked higher than negative samples.
Kim et al. (2023) propose that ensemble methods
promoting prediction diversity can enhance cali-
bration performance, particularly in scenarios with
limited data. Min et al. (2022); Wang et al. (2023);
Chen et al. (2023) showcase that LLMs output
is highly dependent on the prompt and different
prompt styles can significantly influence the perfor-
mance of LLMs. However, these works either do
not perform on LLMs or only study individual influ-
ence factors. Additionally, the impact of prompts
and model agreement has never been explored in
calibration. Our work comprehensively studies the
influence of response agreement achieved with the
ensemble method from Xia et al. (2024), three loss
functions, and four prompt styles with 12 LLMs.

3 Methodology

Fig. 1 demonstrates our framework, which includes
four prompt styles, assessment of the correctness
of LLM generation, and calibration training of aux-
iliary models for confidence estimation and calibra-
tion evaluation for these models.

3.1 Prompt Styles

Prompt styles significantly impact LLMs’ perfor-
mance (Chen et al., 2023). Liu et al. (2024) use
Few-shot prompts to query LLM answers for cal-
ibration experiments. Tian et al. (2023) employ
verbalized prompts to elicit probability estimates
from LLMs regarding their responses. Ulmer et al.
(2024) evaluate their methods on both CoT and
verbalized prompts. However, these studies ei-
ther evaluate their methods against baselines us-
ing inconsistent prompt styles or fail to provide a
comprehensive comparison across diverse prompt
styles. For example, Liu et al. (2024) use verbal-
ized prompts to generate verbalized probabilities
as a baseline, but apply few-shot prompts to their
method, which ignores the potential influence of
prompts in calibration evaluation. Our work com-
prehensively studies the impact of prompt styles in
LLM calibration and employs the most commonly
used prompts: Verbalized (Verb.), Zero-shot, CoT,
and Few-shot prompts. The detailed prompts are
shown in Appendix A.1. Given a question q with
one of the prompts, we process the answers gen-

erated by n target LLMs with regular expression-
based text processing.

3.2 Correctness of LLM Generation
We employ a Judge model J , Prometheus-8x7b-
v2.0 (Kim et al., 2024), to assess the correctness
of generated answers w.r.t target answers. We se-
lected this model because it is open-source and its
judgments have been shown to strongly correlate
with those of human evaluators and large propri-
etary models (Kim et al., 2024). Given an input
question q, a target answer y, and a generated an-
swer ai by the i-th target LLM Mi, J is prompted
to provide a binary correctness score ci that reflects
the semantical equivalence between ai and y. The
specific prompt is shown in Appendix A.2.

ci = J (ai
semantic
= y|q, y, ai), ci 2 {0, 1} (1)

3.3 Response Agreements of Multiple LLMs
Different from previous work (Liu et al., 2024; Ul-
mer et al., 2024; Tian et al., 2023) that estimate con-
fidence using the information from a single target
LLM, Calib-n leverages the responses from n target
LLMs to train an auxiliary model for jointly esti-
mating the confidence for each LLM. This setting is
inspired by Kim et al. (2023), which suggests that
combining predictions can mitigate overfitting and
reduce overconfidence inherent to individual mod-
els for confidence estimation. By having access to
the responses of n LLMs, the auxiliary model can
infer cases of low consensus among models, signal-
ing increased uncertainty. We verify the effective-
ness of this setting by comprehensively comparing
the results of using the generations produced by
one LLM (Calib-1) to using the generations from
multiple LLMs (Calib-n).

The auxiliary model, f(·), is composed of a
transformer backbone (bert-base-uncased (Devlin
et al., 2019)), a classification head (n ⇤ 768 !
n) and a sigmoid activation function, which out-
puts probabilities P for LLM answers {ai}ni=1.
The input to f(·) consists of n concatenated
question–answer pairs of the form q[SEP]ai (e.g.,
“What is the capital of France?[SEP]Paris”), de-
noted as {q + ai}ni=1.

P = f({q + ai}ni=1) = {pi}ni=1, pi 2 [0, 1] (2)

Specifically, when the auxiliary model processes
the input {q + a1, q + a2, . . . , q + an}, each pair
of question and LLM response (q + ai) is treated
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as an independent input sequence. This enables
the model to solve a binary classification task—
predicting whether a LLM’s response is correct
w.r.t the target answer. The auxiliary model out-
puts logits for each LLM response, which are then
transformed as corresponding confidence scores
{p1, p2, . . . , pn}. This approach allows the auxil-
iary model to evaluate each LLM’s response in-
dividually while still capturing inter-model agree-
ment through the aggregation of results.

Training objective. The goal is to optimize the
predicted probability to align with the correctness
of the input answer. Given k questions, we mini-
mize the average BCE loss of each LLM answer:

LBCE = � 1

k · n

kX

j=1

nX

i=1

⇣
c(j)i log(p(j)i )+

(1� c(j)i ) log(1� p(j)i )
⌘

(3)

Evaluation. A target LLM Mi achieves a low
calibration Brier score if pi accurately reflects the
reliability of ai, which is the correctness ci. Specif-
ically, for all k generated answers of Mi regarding
k questions, the Brier score (Brier, 1950) of Mi

average squared error between all predicted proba-
bilities and the correctness of these answers:

Brier(Mi) =
1

k

kX

j=1

(p(j)i � c(j)i )2 (4)

Following Tian et al. (2023), we also evaluate all
methods with three other metrics (details in Section
4.3).

3.4 Loss Functions
To further improve the calibration, we experiment
with focal and AUC losses in addition to BCE loss.

Focal loss (FL) (Lin et al., 2017; Mukhoti et al.,
2020) focuses on hard-to-classify examples, reduc-
ing the weight of correctly classified samples and
encouraging the model to focus on predictions with
high BCE loss. This loss is commonly used in im-
balanced datasets but can benefit calibration since
it emphasizes predictions with a large discrepancy
between confidence and correctness. The FL is
defined as follows:

LFL = �1

k

kX

j=1

⇣
↵(1�e�LBCEj )� ·LBCEj

⌘
(5)

Where LBCEj is the BCE loss of the data sample
j. We use the default parameters from Lin et al.
(2017) to set ↵ = 0.25 and � = 2.0.

AUC Surrogate loss (AUC) (Yuan et al., 2021)
uses a logistic loss to maximize the differences
between true and false answers’ scores (logits x
generated by the classification head). The equation
is:

LAUC =
1

|T | · |F |
X

t2T

X

f2F
� (xf � xt) (6)

Where T and F are the indexes set for all true and
false answers respectively. � stands for sigmoid
function.

In the end, we propose the following methods
to integrate the techniques mentioned above and
validate their effectiveness with comprehensive ex-
periments across different models, datasets and
prompts.

(BCE)/(FL)/(AUC)Calib-1: calibration training
using the generations from one target LLM and
optimizing with BCE/FL/AUC loss function.

(BCE)/(FL)/(AUC)Calib-n: calibration train-
ing using the generations from n target LLM and
optimizing with BCE/FL/AUC loss function.

(BCE)/(FL)/(AUC)Calib-n+PS: Platt Scaling
(PS) (Platt, 1999) (explained in Section 4.4)
rescales the probabilities of test data by learning
on the probabilities of validation data. Those prob-
abilities are generated by corresponding Calib-n
models.

4 Experiments
To comprehensively compare confidence estima-
tion methods, we include diverse datasets, LLMs,
and state-of-the-art baselines in our experimental
setting.

4.1 Datasets
We cover four open-ended quenstion-answering
datasets: TriviaQA (Joshi et al., 2017), Sciq (Welbl
et al., 2017), WikiQA (Yang et al., 2015), and
NQ (Kwiatkowski et al., 2019). We adopt the set-
ting from Liu et al. (2024), where 2k/1k samples
are selected as training/test data for TriviaQA, Sciq,
and NQ, and 1040/293 for WikiQA.

4.2 Models
We include 12 models from five families:
Llama (Grattafiori et al., 2024; Touvron et al.,
2023), Phi (Abdin et al., 2024), Gemma (Team
et al., 2024), Qwen (Yang et al., 2024), and Mix-
tral (Jiang et al., 2024).2 In our analyses, we cluster

2All models are available at https://huggingface.co/
models.
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the models based on their number of parameters:
Small models (2-9B parameters): Llama-2-

7b-chat-hf (referred as Llama2-7b), Llama-3.1-
8B-Instruct (Llama3.1-8b), Llama-3-8B-Instruct
(Llama3-8b), Phi-3-small-128k-instruct (Phi3-7b),
Phi-3.5-mini-instruct (Phi3-4b), gemma-2-2b-it
(Gemma2-2b), gemma-2-9b-it (Gemma2-9b).

Large models (27-72B parameters): Qwen2-
72B-Instruct (Qwen2-72b), Llama-3-70B-Instruct
(Llama3-72b), Llama-3.1-70B-Instruct (Llama3.1-
70b), Mixtral-8x7B-Instruct-v0.1 (Mixtral-8x7b),
gemma-2-27b-it (Gemma2-27b).

Calib-n models are trained with all LLMs inside
the same group and provide confidence scores for
each model in that group.

4.3 Evaluation Metrics
We report four metrics for calibration evaluation.
ECE: The expected calibration error (Guo et al.,
2017b) is computed by partitioning the predictions
into 10 bins based on their confidence and then
taking the weighted (by the number of samples
in a bin) average of the squared difference be-
tween bin average accuracy and confidence. ECE-
t: The temperature-scaled expected calibration er-
ror (Tian et al., 2023) finds a single temperature
scaling parameter � that minimizes the negative
log-likelihood between model confidences and an-
swer correctness. Then, � is used to scale the con-
fidences before the ECE is computed. Brier: The
Brier Score (Brier, 1950) is the average squared
error between predictions’ confidence and correct-
ness (see Eq. 4). AUC: The area under the receiver
operating characteristic curve used in Ulmer et al.
(2024).

Aggregate analysis. We aggregate the perfor-
mance of different confidence estimation methods
by counting their number of wins: given each met-
ric above, we count the number of times a method
outperforms the others in all possible combinations
of prompt style, dataset, and model.

4.4 Baseline Methods
We compare Calib-* with standard baselines and
the state-of-the-art confidence estimation methods:

LLM Probabilities (LLM Prob.): The con-
ditional sequence probability P✓ (y|x) of an an-
swer y given an input x, according to the model
parametrized by ✓.

LLM Prob. + Platt scaling (PS): This method
applies Platt scaling (Platt, 1999) to the previous

Figure 2: Comparison of Calib-1 and Calib-n methods
based on the number of wins across different loss func-
tions for calibrating small (left) and large (right) LLMs.

baseline. That is, two scalars a, b 2 R are used
to scale the original LLM probability p: pps =
� (ap+ b), where � is the sigmoid function. We
obtain parameters a and b by minimizing the mean-
squared error between model confidences and an-
swer correctness.

Verbalized confidences (Verbalized %) (Tian
et al., 2023): The probability of correctness ex-
pressed in models’ (text) responses given the Verb.
prompts.

APRICOT (Ulmer et al., 2024): A recent
method for calibrating LLMs. It consists of cluster-
ing related questions and measuring the per-cluster
accuracies given answers from a target LLM. Then
the cluster accuracies are used as the references to
train an auxiliary transformer model that outputs
confidence values for the target LLM.

5 Results and Analysis

The detailed results (Table 1-9) indicate that no
single method consistently outperforms all others
across various models, datasets, and prompt config-
urations. Therefore, we first present the aggregated
results, which summarize all the results, followed
by a more detailed discussion.

5.1 Aggregated Result
What is the best loss function for improving cal-
ibration? In Fig. 2, we compare the performance
of Calib-1 and Calib-n when optimizing with dif-
ferent loss functions. We observe that FL loss wins
in most settings, followed by BCE loss. Addition-
ally, we notice that BCE outperforms FL loss when
applied in the Calib-n method for large models.
This is because focal loss is designed for imbal-
anced datasets, while Calib-n which utilizes model
responses from multiple models improves the bal-
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(a) (BCE)Calib-* vs Baselines (b) (FL)Calib-* vs Baselines (c) (BCE) vs (FL)Calib-* (d) Prompts

Figure 3: The winning comparison results of different methods and prompts: 3a and 3b sub-figures present the
superior results of Calib-* methods using BCE and FL loss respectively when against baselines. 3c shows the
comparison results among all Calib-* methods, demonstrating that (FL)Calib-1 achieves the best overall performance.
3d compares the winning result of prompt styles and shows that few-shot prompting yields the most effective
calibration across diverse configurations.

Figure 4: The correlation between accuracies achieved
by different configurations (i.e., prompts, models,
datasets) and corresponding ECE scores evaluated on
different methods. The line of Verbalized % is not
continuous because it can only be obtained using Verb.
prompts and thus has fewer accuracy points than other
methods. The result indicates that Calib-* and APRI-
COT are robust to accuracy variations. Different meth-
ods achieve the lowest ECE scores in different accuracy
ranges.

ance of the training data (moderate the overall ac-
curacy in this dataset) for the auxiliary model.

What is the best overall method? Fig. 3a
and 3b present the winning comparison results of
(BCE)Calib-* and (FL)Calib-* methods against
baseline methods respectively. The results demon-
strate that Calib-* methods gain more wins than
baselines in both sub-figures. Verbalized confi-
dences get the lowest number of wins. Applying
Platt Scaling can further improve the calibration
performance of LLM probabilities but this tech-

nique is not generalizable to enhance the calibra-
tion of Calib-n. Fig. 3a shows that (BCE)Calib-n
gains the highest wins against the baseline meth-
ods. While (FL)Calib-1 accrues more wins in Fig.
3b. To identify the best method, we present Fig.
3c to compare the performance among our Calib-*
methods, demonstrating that (FL)Calib-1 exhibits
the best overall performance.

Which prompt style is most effective? The dif-
ferences in prompt styles are well-known for their
impact on the performance of LLMs. Fig. 3d show-
cases that prompt styles can also impact calibration
performance. The results indicate that few-shot
is the most beneficial prompt contributing to the
highest wins among all other prompt styles.

Which calibration methods maintain robust-
ness to accuracy variations? Previous work
(Zhang et al., 2024) reveals that confidence esti-
mation methods like LLM probabilities and Ver-
balized confidence excessively concentrate on a
fixed range (tend to be overconfident) and remain
unchanged regardless of the dataset’s complexity.
To analyze this issue, we test all the confidence es-
timation methods with different datasets, prompts,
and models. Each setting combination (e.g., us-
ing Zero-shot prompts to test the TriviaQA dataset
on Gemma2-27b model) can result in one single
accuracy value and multiple ECE scores—one for
each confidence estimation method. We sort the
accuracy values from all setting combinations and
analyze the correlation between the accuracies and
ECE scores. The results are presented in Fig. 4.
We observe that ECE scores of LLM probabili-
ties, LLM Prob.+PS, Verbalized confidences and
(BCE)Calib-n+PS are highly correlated with ac-
curacies, i.e., the ECE scores decrease when the
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Method
Verb. Zero-shot CoT Few-shot

ECE# ECE-t# Brier # AUC" ECE # ECE-t# Brier # AUC" ECE # ECE-t# Brier # AUC" ECE # ECE-t# Brier # AUC"
G

em
m

a2
-2

7b

LLM Prob. 0.445 0.249 0.417 0.704 0.447 0.255 0.419 0.713 0.395 0.268 0.392 0.671 0.235 0.184 0.308 0.584
LLM Prob.+PS 0.282 0.052 0.293 0.690 0.276 0.064 0.288 0.713 0.226 0.059 0.283 0.672 0.133 0.011 0.264 0.584
Verbalized % 0.512 0.187 0.471 0.685 - - - - - - - - - - - -
APRICOT 0.111 0.094 0.228 0.607 0.110 0.115 0.232 0.627 0.087 0.077 0.226 0.678 0.092 0.090 0.235 0.678
(BCE)Calib-1 0.066 0.068 0.220 0.596 0.064 0.066 0.223 0.590 0.046 0.045 0.224 0.666 0.146 0.147 0.232 0.717
(BCE)Calib-n 0.069 0.066 0.212 0.648 0.056 0.041 0.216 0.651 0.095 0.081 0.226 0.695 0.088 0.067 0.220 0.713
(BCE)Calib-n+PS 0.202 0.062 0.255 0.637 0.198 0.046 0.257 0.651 0.170 0.076 0.255 0.695 0.103 0.122 0.241 0.713
(FL)Calib-1 0.038 0.038 0.215 0.597 0.056 0.058 0.219 0.607 0.051 0.049 0.228 0.650 0.123 0.123 0.227 0.717
(FL)Calib-n 0.083 0.083 0.217 0.642 0.070 0.057 0.219 0.645 0.084 0.083 0.226 0.692 0.085 0.080 0.220 0.710
(FL)Calib-n+PS 0.203 0.057 0.254 0.642 0.191 0.056 0.255 0.645 0.167 0.079 0.254 0.692 0.101 0.120 0.241 0.710

Ll
am

a3
-7

0b

LLM Prob. 0.445 0.302 0.430 0.712 0.458 0.259 0.426 0.747 0.412 0.251 0.416 0.612 0.336 0.117 0.364 0.532
LLM Prob.+PS 0.355 0.113 0.350 0.703 0.266 0.132 0.291 0.747 0.224 0.023 0.289 0.612 0.224 0.009 0.298 0.532
Verbalized % 0.406 0.084 0.380 0.698 - - - - - - - - - - - -
APRICOT 0.137 0.130 0.255 0.596 0.111 0.116 0.239 0.635 0.114 0.117 0.244 0.656 0.106 0.068 0.236 0.683
(BCE)Calib-1 0.075 0.071 0.231 0.610 0.066 0.067 0.225 0.641 0.066 0.045 0.232 0.662 0.119 0.121 0.232 0.709
(BCE)Calib-n 0.058 0.062 0.223 0.644 0.040 0.025 0.215 0.670 0.096 0.088 0.229 0.690 0.061 0.062 0.213 0.730
(BCE)Calib-n+PS 0.171 0.038 0.255 0.632 0.179 0.050 0.256 0.670 0.163 0.081 0.256 0.690 0.134 0.107 0.238 0.730
(FL)Calib-1 0.079 0.065 0.228 0.625 0.080 0.080 0.229 0.630 0.057 0.037 0.234 0.647 0.105 0.111 0.225 0.713
(FL)Calib-n 0.080 0.093 0.228 0.638 0.040 0.022 0.215 0.675 0.096 0.095 0.231 0.686 0.066 0.058 0.216 0.725
(FL)Calib-n+PS 0.182 0.046 0.259 0.638 0.176 0.060 0.254 0.675 0.168 0.070 0.258 0.686 0.134 0.110 0.240 0.725

Ll
am

a3
.1

-7
0b

LLM Prob. 0.301 0.231 0.326 0.704 0.308 0.237 0.326 0.722 0.274 0.221 0.330 0.619 0.172 0.098 0.266 0.640
LLM Prob.+PS 0.254 0.116 0.293 0.690 0.236 0.066 0.279 0.722 0.195 0.023 0.275 0.619 0.135 0.064 0.258 0.640
Verbalized % 0.435 0.122 0.405 0.711 - - - - - - - - - - - -
APRICOT 0.120 0.115 0.248 0.621 0.080 0.078 0.239 0.635 0.083 0.080 0.230 0.688 0.097 0.075 0.234 0.687
(BCE)Calib-1 0.130 0.123 0.249 0.602 0.089 0.088 0.244 0.580 0.073 0.058 0.211 0.733 0.105 0.102 0.221 0.726
(BCE)Calib-n 0.062 0.055 0.224 0.656 0.058 0.047 0.230 0.637 0.049 0.054 0.211 0.730 0.081 0.080 0.217 0.719
(BCE)Calib-n+PS 0.157 0.015 0.258 0.606 0.143 0.078 0.254 0.637 0.138 0.121 0.246 0.730 0.084 0.099 0.237 0.719
(FL)Calib-1 0.041 0.034 0.223 0.660 0.047 0.046 0.236 0.596 0.060 0.050 0.206 0.742 0.074 0.075 0.216 0.724
(FL)Calib-n 0.077 0.079 0.227 0.657 0.055 0.049 0.229 0.643 0.055 0.053 0.210 0.732 0.068 0.072 0.217 0.714
(FL)Calib-n+PS 0.169 0.051 0.257 0.657 0.147 0.060 0.255 0.643 0.142 0.117 0.248 0.732 0.092 0.104 0.238 0.714

Q
w

en
2-

72
b

LLM Prob. 0.470 0.321 0.455 0.692 0.483 0.280 0.450 0.734 0.380 0.276 0.393 0.620 0.220 0.092 0.280 0.645
LLM Prob.+PS 0.259 0.120 0.289 0.745 0.270 0.057 0.292 0.734 0.202 0.021 0.282 0.620 0.203 0.085 0.281 0.645
Verbalized % 0.433 0.065 0.404 0.734 - - - - - - - - - - - -
APRICOT 0.114 0.113 0.241 0.614 0.096 0.085 0.227 0.647 0.113 0.112 0.247 0.641 0.086 0.078 0.230 0.694
(BCE)Calib-1 0.038 0.039 0.230 0.586 0.027 0.029 0.217 0.638 0.092 0.092 0.234 0.668 0.115 0.117 0.229 0.714
(BCE)Calib-n 0.063 0.064 0.225 0.635 0.046 0.020 0.215 0.664 0.083 0.084 0.231 0.682 0.076 0.078 0.222 0.712
(BCE)Calib-n+PS 0.166 0.039 0.255 0.625 0.185 0.047 0.256 0.664 0.137 0.084 0.252 0.682 0.117 0.091 0.244 0.712
(FL)Calib-1 0.051 0.050 0.231 0.595 0.031 0.020 0.219 0.627 0.077 0.084 0.230 0.671 0.089 0.087 0.223 0.712
(FL)Calib-n 0.095 0.095 0.233 0.622 0.051 0.040 0.217 0.664 0.083 0.086 0.230 0.683 0.071 0.074 0.221 0.712
(FL)Calib-n+PS 0.183 0.032 0.261 0.622 0.188 0.048 0.257 0.664 0.135 0.083 0.251 0.683 0.116 0.090 0.244 0.712

M
ix

tra
l-8

x7
b

LLM Prob. 0.513 0.269 0.479 0.703 0.412 0.155 0.401 0.637 0.452 0.270 0.447 0.627 0.369 0.075 0.380 0.574
LLM Prob.+PS 0.264 0.015 0.292 0.653 0.233 0.066 0.290 0.637 0.245 0.013 0.305 0.627 0.141 0.001 0.267 0.574
Verbalized % 0.472 0.167 0.447 0.655 - - - - - - - - - - - -
APRICOT 0.124 0.120 0.247 0.602 0.092 0.088 0.239 0.646 0.115 0.113 0.252 0.620 0.161 0.070 0.263 0.640
(BCE)Calib-1 0.040 0.031 0.224 0.605 0.037 0.037 0.225 0.658 0.082 0.083 0.249 0.607 0.145 0.097 0.269 0.618
(BCE)Calib-n 0.082 0.061 0.227 0.619 0.032 0.021 0.229 0.634 0.064 0.068 0.241 0.631 0.085 0.085 0.230 0.686
(BCE)Calib-n+PS 0.188 0.022 0.260 0.610 0.143 0.070 0.255 0.634 0.116 0.060 0.254 0.631 0.101 0.078 0.244 0.686
(FL)Calib-1 0.031 0.025 0.226 0.580 0.033 0.035 0.224 0.662 0.077 0.046 0.247 0.598 0.121 0.098 0.262 0.619
(FL)Calib-n 0.093 0.083 0.231 0.618 0.024 0.025 0.227 0.643 0.078 0.076 0.242 0.631 0.072 0.077 0.230 0.682
(FL)Calib-n+PS 0.183 0.034 0.256 0.618 0.147 0.074 0.255 0.643 0.129 0.054 0.257 0.631 0.104 0.068 0.244 0.682

Table 1: Test performance of our methods (Calib-*) and baseline methods on NQ dataset using four different
prompts (Verb., Zero-shot, CoT, Few-shot). Calib-n is trained with the responses of all LLMs in the table. Only the
Verb. prompt requests the LLM to provide a probability for a given answer and thus has the results for Verbalized
% performance. We color the text with a scale normalized by the values gap in each column, with darker shades
indicating better performance. The results of the other three datasets and seven models are shown in Appendix A.8.

accuracies get higher which verified the findings
of Zhang et al. (2024). APRICOT, Calib-1 and
Calib-n are robust to the accuracy changes, the
ECE scores of these methods remain relatively sta-
ble across different accuracies. Verbalized confi-
dence consistently shows the lowest performance
across all accuracy levels.

What is the best method for different accu-
racy levels? The optimal goal of current state-
of-the-art confidence estimation methods should

not only focus on achieving a low calibration error
at a narrow accuracy range but also analyze the
performance of the method across different accu-
racy levels. We perform this analysis in Fig. 4.
We observe that (FL)Calib-1 performs the best in
low accuracy ranges up to 50%, and Calib-n+PS
achieves the lowest ECE scores for accuracies be-
tween 50% and 70%. LLM Prob.+PS works the
best for high accuracy (>70%) settings mainly be-
cause LLM probabilities are usually overconfident.
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(a) LLM Prob. (b) LLM Prob.+PS (c) Verbalized % (d) APRICOT (e) (BCE)Calib-1

(f) (BCE)Calib-n (g) (BCE)Calib-n+PS (h) (FL)Calib-1 (i) (FL)Calib-n (j) (FL)Calib-n+PS

Figure 5: Reliability diagrams for our different methods using 10 bins each for Llama3.1-70b on NQ. The color and
the percentage number within each bar present the proportion of total data samples contained in each bin. More
figures of other models and datasets are shown in Appendix A.6.

5.2 Detailed Fraction Results

Table 1 presents the test results of our methods
and baselines on the NQ dataset when evaluated
on five large-size LLMs. We analyze the perfor-
mance of all methods across prompts, models, and
evaluation metrics. The results reveal that the ef-
fectiveness of methods is highly influenced by the
prompt styles and models. However, our proposed
methods (Calib-*) achieve better calibration than
baselines on most prompts and models.

Across Methods: LLM probabilities and Verbal-
ized confidence show poor performance, exhibit-
ing high ECE, ECE-t, and Brier scores across all
prompts. Adding Platt Scaling (LLM Prob.+PS)
improves calibration but is still outperformed by
our proposed Calib-* methods. Among baselines,
APRICOT performs better than Verbalized confi-
dence, although it does not achieve the best results
in most settings. Across all evaluation metrics,
our Calib-* methods outperform others. For exam-
ple, (BCE)Calib-n achieves the lowest ECE and
Brier scores, particularly with the CoT and few-
shot prompts, e.g., ECE of 0.049 on Llama3.1-
70b. PS only helps decrease the ECE-t scores but
can not enhance overall performance, this is be-
cause PS is similar to ECE-t which is a posthoc
method for scaling probabilities. Across Prompts:
Calibration quality improves with few-shot and
CoT prompts compared to the verb. and zero-shot
prompts. For instance, (BCE)Calib-1 achieves an
ECE-t of 0.045 with the CoT prompts compared

to 0.068 with the verb. prompts on Gemma2-27b.
Across Models: Larger models (e.g., Qwen2-72b
and Llama3.1-70b) generally exhibit better cali-
bration when using Calib-* methods, reflecting
their better alignment with calibration techniques.
For instance, (FL)Calib-n+PS achieves an ECE of
0.071 on Qwen2-72b compared to 0.095 on smaller
models like Mixtral-8x7b.

Reliability diagrams analysis. Fig. 5 shows
that PS produces a narrow range of confidence
scores, indicating limited diversity in the emit-
ted confidence levels. LLM probabilities and Ver-
balized confidence often exhibit overconfidence,
even when applied to datasets with low accuracy
(<40%, reported in Fig. 8 in Appendix). In con-
trast, our Calib-* methods show a more conser-
vative approach, aligning their confidence levels
more closely with the true accuracy of the model,
reflecting improved calibration and reliability.

6 Conclusion

Previous studies (Ulmer et al., 2024; Tian et al.,
2023) have assessed calibration methods within
limited settings, overlooking their generalization
across diverse model sizes and prompt styles. This
study addresses this limitation by conducting ex-
periments on 12 LLMs with parameters ranging
from 2B-72B and four prompt styles. We also
comprehensively analyze the influence of response
agreement and loss functions in LLM calibration.
Experimental results show that both response agree-
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ment and FL loss enhance calibration from base-
lines, with (FL)Calib-1 achieving the best perfor-
mance. We also find that few-shot prompts improve
LLM accuracy and calibration, and auxiliary-based
methods show robust performance across diverse
settings—maintaining stable calibration regardless
of accuracy levels. These findings highlight the
effectiveness of various calibration strategies and
encourage future methods to re-evaluate the impor-
tance of our explored factors for achieving reliable
confidence estimation.

Limitations

Although our work covers a wide range of fac-
tors, there are potentially more factors worth ex-
ploring. For example, we analyze a wide range
of prompt types, including Few-shot and Chain-
of-Thought, the influence of fine-grained prompt
variations or automatically generated prompts re-
mains unexplored. The interplay between prompt
engineering and calibration could warrant deeper
investigation.

Our study focuses on calibration performance
metrics like ECE, ECE-t, and Brier scores. While
these metrics are widely used, they may not fully
capture all aspects of calibration quality, such as
user-perceived confidence or task-specific utility.

Existing works use various ways of determining
the accuracy of LLM generations. For instance,
some works (Tian et al., 2023; Liu et al., 2024)
use LLMs as a Judge, other works (Ulmer et al.,
2024; Xiong et al., 2024) use certain metrics such
as extract match or ROUGE score. While the opti-
mal solution is underexplored, we choose the more
commonly used and cost-efficient method.

Future work can address these limitations by test-
ing broader LLMs and tasks, automating prompt
optimization, and developing hybrid approaches
that adapt to varying accuracy levels and applica-
tion constraints.
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A Appendix

A.1 Prompts for target LLM

A.1.1 Verb. prompt

Provide your best guess and the probability
that it is correct (0.0 to 1.0) for the following
question. Give ONLY the guess and prob-
ability, no other words or explanation. For
example: \n\n Guess: <most likely guess, as
short as possible; not a complete sentence,
just the guess!>\n "Probability: <the proba-
bility between 0.0 and 1.0 that your guess
is correct, without any extra commentary
whatsoever; just the probability!>\n\n The
question is: [Question]

A.1.2 Zero-shot prompt

Provide your best guess for the following
question. Give ONLY the guess, no other
words or explanations, as short as possible;
not a complete sentence, just the guess! \n\n
The question is: [Question]

A.1.3 CoT prompt

Briefly answer the following question by
thinking step by step. Give the final answer
(start with ’Answer: ’ ) with minimal words
at the end. \n\n The question is: [Question]

A.1.4 Few-shot prompt

user: [Question 1] assistant: [Target 1]
user: [Question 2] assistant: [Target 2]
...
user: [Question 6] assistant: [Target 6]
user: [Question] assistant:

A.2 Prompt for Judge

Task Description: \n An instruction (might
include an Input inside it), a response to
evaluate, a reference answer that gets a
score of 1, and a score rubric representing a
evaluation criteria are given.
1. Write detailed feedback that assesses
the quality of the response strictly based
on the given score rubric, not evaluating in
general.
2. After writing feedback, write a score that
is an integer between 0 and 1. You should
refer to the score rubric.
3. The output format should look as follows:
"Feedback: (write a feedback for criteria)
[RESULT] (an integer number between 0
and 1)"
4. Please do not generate any other opening,
closing, and explanations.
The instruction to evaluate:[Question]
Response to evaluate: [LLM Answer]
Reference Answer (Score 1): [Target]
Score Rubrics:\n Score 0: the response and
reference answer to the instruction are not
semantically equivalent.\n Score 1: the re-
sponse and reference answer to the instruc-
tion are semantically equivalent.
Feedback:

A.3 Technical Details

After a grid search of hyperparameters, we trained
our auxiliary models (BERT-base, 110M parame-
ters) using a learning rate of 1e-5 and a batch size
of 16 for five epochs. All experiments, including
LLM inferences, are performed on a maximum of
2 NVIDIA H100 GPUs. The training time for one
epoch of 2k samples is around 200 seconds on one
GPU, this time can be different depends on the
dataset size and number of joint LLMs in training.

A.4 Aggregated Results Across Different
Configurations

Fig. 6 shows the calibration performances of dif-
ferent methods across different configurations such
as prompt styles, model sizes and datasets. We
observe that the best method is highly dependent
on these factors.

Prompt specific performance. The first row of
Fig. 6 presents the prompt specific performance for
different methods. We observe that Calib-n always

3751



Figure 6: Performance Comparison results of different methods against baselines across three setting configurations
(prompt styles, model sizes and datasets).

outperforms Calib-1 across different prompt styles
when both are optimized with BCE loss. When FL
loss is applied, Calib-n only outperforms Calib-1 in
few-shot prompts. We hypothesize that the longer
LLM answers generated with few-shot prompts
usually lead to higher response agreement and thus
enhance the performance of Calib-n.

Model size specific performance. The second
row of Fig. 6 presents the model-size specific per-
formance for different methods. We find that Calib-
n outperforms Calib-1 on large-size models. How-
ever, (FL)Calib-1 performs better for small-size
models. We also observe that the best method is
model size dependent.

Dataset specific performance. The second row
of Fig. 6 presents the dataset specific performance
for different methods. (BCE)Calib-n consistently
achieves better performances than (BCE)Calib-1
over all datasets. In contrast, (FL)Calib-1 always
outperform (FL)Calib-n.

A.5 Accuracy Statistics of LLMs

We present Fig. 7 and 8 to demonstrate the accuracy
performance of LLMs across different prompts and
datasets. Large size models typically yield better
performance than small size models. Few shot
prompts improve the performance more than other

prompt styles. Most LLMs achieve their highest
accuracy on the Sciq dataset, while the NQ dataset
proves to be the most challenging.

A.6 Reliability Diagrams
Similar to Fig. 5, Fig. 9-11 show the reliability
diagrams of other three datasets for Llama3.1-70
with Verb. prompts. We find that for high accuracy
(>50%) datasets (TriviaQA and Sciq), Calib-* us-
ing BCE and FL loss is less conservative and more
likely to predict high confidence.

A.7 Out-domain Generalization
Table 2 presents the generalization results for the
best two settings in our paper ((FL)Calib-1 and
(BCE)Calib-n). We observe performance drops in
the out-of-distribution (OOD) setting, but no catas-
trophic degradation. In some settings, the OOD
auxiliary models perform on par with or better than
the in-domain models.

A.8 Detailed Results of LLM Calibration
Similar to Table 1, Table 3 -9 show the rest of the
detailed calibration results of different methods.
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Method Train Test ECE↓ ECE-t↓ Brier↓ AUC↑
(FL)Calib-1 TriviaQA TriviaQA 0.042 0.053 0.181 0.708
(FL)Calib-1 WikiQA+NQ+Sciq TriviaQA 0.097 0.090 0.171 0.733
(BCE)Calib-n TriviaQA TriviaQA 0.068 0.065 0.178 0.715
(BCE)Calib-n WikiQA+NQ+Sciq TriviaQA 0.089 0.074 0.173 0.707
(FL)Calib-1 WikiQA WikiQA 0.073 0.068 0.193 0.574
(FL)Calib-1 TriviaQA+NQ+Sciq WikiQA 0.250 0.100 0.280 0.628
(BCE)Calib-n WikiQA WikiQA 0.085 0.033 0.194 0.576
(BCE)Calib-n TriviaQA+NQ+Sciq WikiQA 0.311 0.084 0.317 0.616
(FL)Calib-1 NQ NQ 0.074 0.075 0.216 0.724
(FL)Calib-1 TriviaQA+Sciq+WikiQA NQ 0.149 0.118 0.249 0.682
(BCE)Calib-n NQ NQ 0.081 0.080 0.217 0.719
(BCE)Calib-n TriviaQA+Sciq+WikiQA NQ 0.119 0.101 0.239 0.686
(FL)Calib-1 Sciq Sciq 0.023 0.017 0.144 0.738
(FL)Calib-1 TriviaQA+WikiQA+NQ Sciq 0.057 0.053 0.152 0.707
(BCE)Calib-n Sciq Sciq 0.038 0.042 0.146 0.745
(BCE)Calib-n TriviaQA+WikiQA+NQ Sciq 0.018 0.021 0.147 0.696

Table 2: Generalization results test on Llama3.1-70b model using few-shot prompt. We bold the results when the
out-domain outperforms in-domain performance.

Figure 7: Model performance ranking across different datasets, performance is averaged over four prompt styles.

Figure 8: Model performance across different prompts and datasets.
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(a) LLM Prob. (b) LLM Prob.+PS (c) Verbalized % (d) APRICOT (e) (AUC)Calib-1 (f) AUC)Calib-n

(g) (BCE)Calib-1 (h) (BCE)Calib-n (i) (BCE)Calib-n+PS (j) (FL)Calib-1 (k) (FL)Calib-n (l) (FL)Calib-n+PS

Figure 9: Reliability diagrams for Llama3.1-70b on TriviaQA with Verb. prompts.

(a) LLM Prob. (b) LLM Prob.+PS (c) Verbalized % (d) APRICOT (e) (AUC)Calib-1 (f) AUC)Calib-n

(g) (BCE)Calib-1 (h) (BCE)Calib-n (i) (BCE)Calib-n+PS (j) (FL)Calib-1 (k) (FL)Calib-n (l) (FL)Calib-n+PS

Figure 10: Reliability diagrams for Llama3.1-70b on Sciq with Verb. prompts.

(a) LLM Prob. (b) LLM Prob.+PS (c) Verbalized % (d) APRICOT (e) (AUC)Calib-1 (f) AUC)Calib-n

(g) (BCE)Calib-1 (h) (BCE)Calib-n (i) (BCE)Calib-n+PS (j) (FL)Calib-1 (k) (FL)Calib-n (l) (FL)Calib-n+PS

Figure 11: Reliability diagrams for Llama3.1-70b on WikiQA with Verb. prompts.
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Method
Verb. Zero-shot CoT Few-shot

ECE# ECE-t# Brier # AUC" ECE # ECE-t# Brier # AUC" ECE # ECE-t# Brier # AUC" ECE # ECE-t# Brier # AUC"
Ll

am
a2

-7
b

LLM Prob. 0.437 0.239 0.401 0.737 0.296 0.170 0.291 0.746 0.314 0.180 0.324 0.693 0.419 0.042 0.400 0.643
LLM Prob.+PS 0.256 0.065 0.299 0.613 0.246 0.092 0.266 0.746 0.165 0.113 0.261 0.708 0.249 0.054 0.295 0.643
Verblized % 0.395 0.049 0.384 0.618 - - - - - - - - - - - -
APRICOT 0.140 0.087 0.236 0.685 0.146 0.109 0.232 0.658 0.141 0.122 0.253 0.673 0.118 0.073 0.232 0.667
(AUC)Calib-1 0.179 0.180 0.267 0.636 0.163 0.165 0.257 0.620 0.239 0.238 0.302 0.599 0.328 0.201 0.326 0.693
(AUC)Calib-n 0.259 0.250 0.308 0.610 0.256 0.256 0.298 0.635 0.226 0.222 0.298 0.634 0.251 0.202 0.286 0.717
(BCE)Calib-1 0.092 0.036 0.227 0.664 0.117 0.045 0.234 0.612 0.089 0.080 0.252 0.617 0.116 0.093 0.228 0.679
(BCE)Calib-n 0.124 0.091 0.240 0.637 0.102 0.085 0.225 0.632 0.098 0.076 0.245 0.654 0.093 0.081 0.216 0.705
(BCE)Calib-n+PS 0.134 0.032 0.246 0.629 0.178 0.037 0.249 0.632 0.099 0.056 0.246 0.654 0.162 0.065 0.242 0.705
(FL)Calib-1 0.073 0.041 0.227 0.652 0.084 0.051 0.223 0.606 0.091 0.086 0.254 0.602 0.086 0.078 0.221 0.683
(FL)Calib-n 0.121 0.093 0.243 0.617 0.098 0.079 0.226 0.620 0.093 0.065 0.241 0.662 0.098 0.080 0.216 0.702
(FL)Calib-n+PS 0.138 0.034 0.249 0.617 0.156 0.030 0.243 0.620 0.105 0.068 0.245 0.662 0.164 0.067 0.241 0.702

Ll
am

a3
-8

b

LLM Prob. 0.274 0.165 0.277 0.751 0.336 0.222 0.325 0.739 0.246 0.181 0.296 0.638 0.251 0.048 0.286 0.691
LLM Prob.+PS 0.192 0.037 0.279 0.623 0.188 0.129 0.264 0.739 0.130 0.058 0.254 0.638 0.160 0.073 0.264 0.691
Verblized % 0.385 0.089 0.381 0.642 - - - - - - - - - - - -
APRICOT 0.172 0.089 0.259 0.663 0.152 0.140 0.257 0.661 0.169 0.127 0.263 0.657 0.131 0.073 0.240 0.701
(AUC)Calib-1 0.248 0.235 0.302 0.636 0.277 0.254 0.316 0.609 0.250 0.229 0.308 0.591 0.198 0.153 0.251 0.727
(AUC)Calib-n 0.239 0.176 0.288 0.665 0.248 0.206 0.304 0.629 0.220 0.223 0.289 0.635 0.257 0.208 0.275 0.757
(BCE)Calib-1 0.123 0.098 0.252 0.637 0.124 0.086 0.256 0.626 0.127 0.083 0.264 0.606 0.095 0.068 0.217 0.738
(BCE)Calib-n 0.168 0.070 0.256 0.676 0.148 0.073 0.261 0.649 0.140 0.079 0.260 0.647 0.060 0.049 0.209 0.741
(BCE)Calib-n+PS 0.100 0.051 0.243 0.635 0.088 0.052 0.244 0.649 0.068 0.048 0.237 0.647 0.100 0.111 0.233 0.741
(FL)Calib-1 0.090 0.076 0.238 0.660 0.112 0.098 0.252 0.626 0.102 0.081 0.258 0.603 0.075 0.047 0.212 0.740
(FL)Calib-n 0.165 0.070 0.268 0.618 0.149 0.075 0.260 0.640 0.135 0.058 0.255 0.655 0.052 0.049 0.208 0.743
(FL)Calib-n+PS 0.094 0.034 0.245 0.618 0.080 0.048 0.243 0.640 0.071 0.054 0.237 0.655 0.108 0.109 0.232 0.743

Ll
am

a3
.1

-8
b

LLM Prob. 0.255 0.129 0.256 0.786 0.167 0.127 0.234 0.750 0.298 0.154 0.315 0.685 0.107 0.037 0.204 0.774
LLM Prob.+PS 0.223 0.050 0.286 0.610 0.169 0.140 0.237 0.810 0.209 0.053 0.277 0.685 0.158 0.117 0.238 0.775
Verblized % 0.440 0.175 0.429 0.604 - - - - - - - - - - - -
APRICOT 0.154 0.122 0.245 0.661 0.126 0.066 0.226 0.725 0.115 0.061 0.207 0.771 0.119 0.089 0.232 0.703
(AUC)Calib-1 0.251 0.251 0.292 0.687 0.256 0.260 0.291 0.699 0.236 0.166 0.245 0.789 0.126 0.137 0.201 0.778
(AUC)Calib-n 0.203 0.189 0.258 0.705 0.215 0.186 0.268 0.706 0.190 0.165 0.240 0.733 0.255 0.203 0.255 0.780
(BCE)Calib-1 0.107 0.083 0.220 0.692 0.121 0.134 0.237 0.703 0.083 0.057 0.178 0.806 0.062 0.067 0.187 0.777
(BCE)Calib-n 0.126 0.069 0.226 0.704 0.127 0.063 0.232 0.723 0.074 0.042 0.197 0.779 0.041 0.038 0.185 0.783
(BCE)Calib-n+PS 0.146 0.060 0.244 0.643 0.119 0.122 0.238 0.723 0.176 0.140 0.234 0.779 0.135 0.155 0.224 0.783
(FL)Calib-1 0.096 0.089 0.217 0.686 0.088 0.112 0.225 0.708 0.065 0.047 0.180 0.796 0.055 0.052 0.189 0.772
(FL)Calib-n 0.117 0.070 0.238 0.640 0.122 0.077 0.231 0.720 0.084 0.053 0.193 0.790 0.042 0.032 0.186 0.780
(FL)Calib-n+PS 0.148 0.057 0.244 0.640 0.116 0.117 0.240 0.720 0.178 0.157 0.234 0.790 0.137 0.152 0.224 0.780

G
em

m
a2

-2
b

LLM Prob. 0.185 0.114 0.209 0.801 0.195 0.111 0.211 0.822 0.142 0.107 0.222 0.751 0.209 0.225 0.303 0.620
LLM Prob.+PS 0.272 0.025 0.286 0.635 0.244 0.140 0.253 0.822 0.203 0.099 0.250 0.751 0.155 0.025 0.260 0.620
Verblized % 0.526 0.099 0.493 0.667 - - - - - - - - - - - -
APRICOT 0.150 0.073 0.221 0.691 0.143 0.129 0.236 0.658 0.148 0.097 0.232 0.685 0.145 0.093 0.247 0.671
(AUC)Calib-1 0.189 0.203 0.268 0.637 0.208 0.208 0.273 0.633 0.206 0.216 0.280 0.654 0.291 0.205 0.317 0.677
(AUC)Calib-n 0.240 0.251 0.296 0.644 0.269 0.270 0.311 0.637 0.251 0.234 0.303 0.672 0.394 0.303 0.393 0.690
(BCE)Calib-1 0.120 0.081 0.221 0.635 0.103 0.070 0.226 0.639 0.114 0.046 0.226 0.671 0.092 0.101 0.233 0.665
(BCE)Calib-n 0.094 0.099 0.213 0.653 0.104 0.094 0.227 0.629 0.073 0.074 0.213 0.687 0.128 0.106 0.240 0.685
(BCE)Calib-n+PS 0.184 0.052 0.242 0.651 0.185 0.037 0.253 0.629 0.176 0.081 0.249 0.687 0.163 0.066 0.257 0.685
(FL)Calib-1 0.049 0.027 0.203 0.658 0.068 0.049 0.219 0.637 0.067 0.035 0.216 0.680 0.084 0.090 0.238 0.645
(FL)Calib-n 0.088 0.072 0.211 0.644 0.098 0.096 0.227 0.621 0.065 0.062 0.209 0.697 0.129 0.105 0.240 0.683
(FL)Calib-n+PS 0.195 0.055 0.246 0.644 0.178 0.033 0.248 0.621 0.160 0.082 0.244 0.697 0.162 0.067 0.257 0.683

G
em

m
a2

-9
b

LLM Prob. 0.244 0.180 0.265 0.767 0.276 0.207 0.289 0.762 0.217 0.165 0.269 0.688 0.176 0.177 0.260 0.589
LLM Prob.+PS 0.126 0.042 0.260 0.679 0.177 0.119 0.258 0.762 0.120 0.072 0.245 0.689 0.042 0.039 0.225 0.589
Verblized % 0.406 0.118 0.395 0.697 - - - - - - - - - - - -
APRICOT 0.168 0.106 0.264 0.675 0.183 0.144 0.279 0.633 0.179 0.142 0.271 0.655 0.164 0.111 0.246 0.661
(AUC)Calib-1 0.248 0.210 0.310 0.590 0.247 0.228 0.304 0.603 0.238 0.239 0.298 0.604 0.160 0.164 0.240 0.670
(AUC)Calib-n 0.284 0.193 0.327 0.604 0.266 0.205 0.315 0.617 0.218 0.225 0.289 0.635 0.266 0.229 0.283 0.685
(BCE)Calib-1 0.146 0.106 0.268 0.606 0.101 0.097 0.258 0.598 0.090 0.053 0.249 0.613 0.099 0.087 0.225 0.652
(BCE)Calib-n 0.230 0.078 0.304 0.609 0.176 0.088 0.279 0.618 0.145 0.080 0.260 0.648 0.068 0.078 0.218 0.679
(BCE)Calib-n+PS 0.048 0.039 0.241 0.625 0.069 0.038 0.243 0.618 0.056 0.054 0.237 0.648 0.035 0.037 0.218 0.679
(FL)Calib-1 0.126 0.102 0.264 0.600 0.102 0.103 0.258 0.602 0.090 0.074 0.251 0.621 0.098 0.073 0.224 0.657
(FL)Calib-n 0.224 0.061 0.299 0.609 0.175 0.082 0.279 0.610 0.141 0.061 0.256 0.653 0.070 0.079 0.218 0.678
(FL)Calib-n+PS 0.039 0.039 0.243 0.609 0.082 0.043 0.244 0.610 0.067 0.048 0.238 0.653 0.034 0.034 0.218 0.678

Ph
i3

-4
b

LLM Prob. 0.331 0.140 0.287 0.832 0.321 0.137 0.277 0.832 0.301 0.155 0.289 0.776 0.135 0.041 0.233 0.674
LLM Prob.+PS 0.273 0.051 0.266 0.801 0.232 0.177 0.266 0.832 0.223 0.135 0.267 0.776 0.212 0.040 0.272 0.674
Verblized % 0.472 0.066 0.437 0.753 - - - - - - - - - - - -
APRICOT 0.139 0.068 0.205 0.728 0.125 0.114 0.226 0.712 0.164 0.116 0.249 0.674 0.161 0.070 0.251 0.636
(AUC)Calib-1 0.183 0.176 0.236 0.711 0.215 0.231 0.290 0.655 0.218 0.220 0.285 0.636 0.277 0.188 0.295 0.717
(AUC)Calib-n 0.219 0.222 0.269 0.696 0.277 0.287 0.319 0.637 0.238 0.217 0.296 0.667 0.276 0.195 0.289 0.731
(BCE)Calib-1 0.133 0.081 0.210 0.712 0.103 0.049 0.229 0.682 0.122 0.059 0.243 0.648 0.156 0.046 0.243 0.673
(BCE)Calib-n 0.098 0.097 0.199 0.714 0.110 0.108 0.238 0.641 0.084 0.065 0.224 0.677 0.053 0.049 0.203 0.728
(BCE)Calib-n+PS 0.199 0.060 0.239 0.708 0.151 0.041 0.249 0.641 0.139 0.071 0.246 0.677 0.160 0.086 0.240 0.728
(FL)Calib-1 0.107 0.089 0.203 0.706 0.084 0.040 0.222 0.693 0.103 0.057 0.236 0.648 0.124 0.052 0.232 0.666
(FL)Calib-n 0.101 0.093 0.201 0.699 0.104 0.099 0.239 0.631 0.070 0.057 0.222 0.678 0.052 0.046 0.203 0.726
(FL)Calib-n+PS 0.205 0.064 0.241 0.699 0.167 0.025 0.261 0.631 0.148 0.082 0.248 0.678 0.161 0.087 0.240 0.726

Ph
i3

-7
b

LLM Prob. 0.234 0.176 0.261 0.783 0.276 0.186 0.272 0.798 0.182 0.171 0.269 0.681 0.085 0.057 0.242 0.636
LLM Prob.+PS 0.227 0.053 0.278 0.727 0.196 0.128 0.256 0.798 0.131 0.067 0.250 0.681 0.123 0.043 0.256 0.636
Verblized % 0.369 0.150 113.606 0.724 - - - - - - - - - - - -
APRICOT 0.126 0.121 0.247 0.672 0.120 0.097 0.239 0.683 0.174 0.138 0.268 0.660 0.196 0.073 0.274 0.650
(AUC)Calib-1 0.249 0.238 0.302 0.612 0.292 0.281 0.330 0.568 0.249 0.250 0.303 0.621 0.185 0.206 0.273 0.681
(AUC)Calib-n 0.260 0.230 0.314 0.602 0.283 0.274 0.325 0.609 0.191 0.198 0.276 0.653 0.263 0.223 0.297 0.699
(BCE)Calib-1 0.104 0.084 0.249 0.623 0.111 0.098 0.252 0.593 0.082 0.072 0.245 0.641 0.106 0.090 0.247 0.655
(BCE)Calib-n 0.148 0.083 0.262 0.636 0.137 0.104 0.256 0.623 0.137 0.059 0.252 0.665 0.091 0.075 0.230 0.690
(BCE)Calib-n+PS 0.092 0.061 0.244 0.638 0.114 0.047 0.248 0.623 0.091 0.065 0.240 0.665 0.094 0.062 0.241 0.690
(FL)Calib-1 0.090 0.092 0.247 0.615 0.062 0.052 0.242 0.602 0.077 0.065 0.245 0.639 0.089 0.054 0.234 0.674
(FL)Calib-n 0.148 0.082 0.262 0.624 0.130 0.109 0.258 0.609 0.139 0.047 0.250 0.667 0.088 0.068 0.230 0.689
(FL)Calib-n+PS 0.099 0.038 0.246 0.624 0.103 0.041 0.248 0.609 0.095 0.080 0.240 0.667 0.090 0.069 0.241 0.689

Table 3: Test results of small-size models on TriviaQA dataset.
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Method
Verb. Zero-shot CoT Few-shot

ECE# ECE-t# Brier # AUC" ECE # ECE-t# Brier # AUC" ECE # ECE-t# Brier # AUC" ECE # ECE-t# Brier # AUC"

G
em

m
a2

-2
7b

LLM Prob. 0.294 0.251 0.308 0.700 0.315 0.227 0.312 0.729 0.257 0.254 0.307 0.593 0.136 0.173 0.226 0.563
LLM Prob.+PS 0.100 0.016 0.249 0.679 0.144 0.091 0.250 0.729 0.087 0.018 0.242 0.594 0.013 0.020 0.200 0.563
Verblized % 0.347 0.122 0.345 0.689 - - - - - - - - - - - -
APRICOT 0.195 0.168 0.288 0.605 0.183 0.152 0.277 0.622 0.175 0.133 0.268 0.639 0.096 0.095 0.209 0.637
(AUC)Calib-1 0.243 0.209 0.302 0.596 0.217 0.204 0.295 0.588 0.242 0.203 0.298 0.587 0.171 0.152 0.241 0.630
(AUC)Calib-n 0.304 0.219 0.337 0.589 0.284 0.220 0.321 0.604 0.261 0.213 0.310 0.585 0.217 0.211 0.241 0.626
(BCE)Calib-1 0.135 0.104 0.262 0.625 0.107 0.109 0.259 0.594 0.097 0.081 0.252 0.591 0.098 0.085 0.207 0.621
(BCE)Calib-n 0.163 0.114 0.270 0.598 0.120 0.098 0.257 0.603 0.102 0.097 0.250 0.591 0.107 0.101 0.212 0.605
(BCE)Calib-n+PS 0.018 0.029 0.240 0.594 0.055 0.033 0.244 0.603 0.022 0.007 0.236 0.591 0.048 0.012 0.201 0.605
(FL)Calib-1 0.118 0.059 0.254 0.621 0.111 0.093 0.258 0.593 0.080 0.049 0.240 0.589 0.095 0.053 0.206 0.614
(FL)Calib-n 0.162 0.122 0.275 0.593 0.105 0.077 0.250 0.623 0.109 0.097 0.251 0.594 0.121 0.109 0.216 0.601
(FL)Calib-n+PS 0.031 0.015 0.240 0.593 0.042 0.042 0.242 0.623 0.013 0.012 0.235 0.594 0.051 0.016 0.201 0.601

Ll
am

a3
-7

0b

LLM Prob. 0.308 0.278 0.324 0.659 0.308 0.295 0.327 0.649 0.254 0.230 0.289 0.569 0.149 0.095 0.227 0.601
LLM Prob.+PS 0.109 0.091 0.239 0.665 0.098 0.040 0.241 0.649 0.048 0.002 0.225 0.569 0.028 0.029 0.207 0.601
Verblized % 0.282 0.069 0.298 0.673 - - - - - - - - - - - -
APRICOT 0.178 0.150 0.278 0.589 0.176 0.134 0.279 0.593 0.184 0.124 0.267 0.610 0.118 0.094 0.213 0.677
(AUC)Calib-1 0.244 0.219 0.306 0.575 0.209 0.172 0.285 0.611 0.210 0.179 0.286 0.577 0.145 0.154 0.210 0.680
(AUC)Calib-n 0.314 0.210 0.344 0.578 0.283 0.190 0.318 0.611 0.282 0.227 0.311 0.570 0.147 0.149 0.204 0.706
(BCE)Calib-1 0.113 0.084 0.252 0.595 0.114 0.101 0.252 0.614 0.137 0.098 0.254 0.559 0.081 0.062 0.194 0.697
(BCE)Calib-n 0.176 0.124 0.277 0.590 0.148 0.087 0.262 0.608 0.121 0.107 0.247 0.578 0.123 0.072 0.209 0.693
(BCE)Calib-n+PS 0.021 0.001 0.234 0.596 0.030 0.029 0.233 0.608 0.023 0.036 0.223 0.578 0.101 0.077 0.202 0.693
(FL)Calib-1 0.098 0.104 0.257 0.571 0.123 0.088 0.254 0.609 0.124 0.099 0.255 0.573 0.095 0.062 0.199 0.687
(FL)Calib-n 0.180 0.126 0.282 0.584 0.138 0.061 0.253 0.625 0.136 0.092 0.251 0.578 0.139 0.063 0.214 0.692
(FL)Calib-n+PS 0.012 0.010 0.234 0.584 0.039 0.042 0.232 0.625 0.028 0.031 0.223 0.578 0.108 0.073 0.203 0.692

Ll
am

a3
.1

-7
0b

LLM Prob. 0.203 0.215 0.271 0.659 0.212 0.234 0.267 0.670 0.168 0.150 0.254 0.619 0.065 0.064 0.172 0.716
LLM Prob.+PS 0.163 0.096 0.262 0.657 0.073 0.046 0.225 0.670 0.039 0.048 0.224 0.619 0.105 0.087 0.188 0.716
Verblized % 0.306 0.131 0.311 0.661 - - - - - - - - - - - -
APRICOT 0.149 0.123 0.261 0.611 0.164 0.134 0.266 0.605 0.161 0.109 0.244 0.653 0.087 0.082 0.183 0.692
(AUC)Calib-1 0.206 0.195 0.278 0.609 0.216 0.201 0.283 0.587 0.219 0.188 0.272 0.596 0.113 0.120 0.177 0.714
(AUC)Calib-n 0.310 0.225 0.340 0.585 0.294 0.223 0.327 0.586 0.269 0.229 0.307 0.572 0.157 0.162 0.195 0.725
(BCE)Calib-1 0.066 0.067 0.244 0.583 0.070 0.053 0.236 0.592 0.047 0.027 0.225 0.620 0.072 0.072 0.179 0.710
(BCE)Calib-n 0.172 0.129 0.274 0.590 0.147 0.106 0.266 0.583 0.100 0.094 0.245 0.591 0.068 0.065 0.178 0.715
(BCE)Calib-n+PS 0.010 0.011 0.237 0.584 0.031 0.001 0.233 0.583 0.004 0.004 0.228 0.591 0.115 0.096 0.191 0.715
(FL)Calib-1 0.055 0.064 0.241 0.602 0.092 0.090 0.248 0.580 0.048 0.033 0.225 0.624 0.042 0.053 0.181 0.708
(FL)Calib-n 0.177 0.125 0.278 0.586 0.135 0.092 0.261 0.592 0.110 0.083 0.246 0.603 0.067 0.063 0.181 0.714
(FL)Calib-n+PS 0.001 0.001 0.236 0.586 0.024 0.006 0.232 0.592 0.022 0.014 0.227 0.603 0.126 0.098 0.192 0.714

Q
w

en
2-

72
b

LLM Prob. 0.305 0.253 0.316 0.708 0.341 0.261 0.340 0.697 0.228 0.222 0.282 0.603 0.074 0.062 0.207 0.661
LLM Prob.+PS 0.116 0.053 0.242 0.682 0.137 0.056 0.253 0.697 0.068 0.046 0.231 0.603 0.067 0.053 0.209 0.661
Verblized % 0.314 0.077 0.317 0.684 - - - - - - - - - - - -
APRICOT 0.194 0.156 0.281 0.602 0.176 0.136 0.279 0.615 0.145 0.134 0.251 0.632 0.095 0.090 0.218 0.632
(AUC)Calib-1 0.224 0.203 0.292 0.591 0.172 0.170 0.271 0.579 0.168 0.174 0.260 0.605 0.146 0.175 0.222 0.672
(AUC)Calib-n 0.293 0.234 0.334 0.584 0.274 0.220 0.316 0.605 0.260 0.231 0.303 0.586 0.154 0.168 0.216 0.691
(BCE)Calib-1 0.099 0.080 0.249 0.594 0.062 0.015 0.238 0.625 0.045 0.025 0.225 0.627 0.094 0.077 0.208 0.674
(BCE)Calib-n 0.150 0.130 0.269 0.592 0.112 0.096 0.257 0.607 0.091 0.087 0.242 0.597 0.120 0.060 0.216 0.680
(BCE)Calib-n+PS 0.031 0.014 0.238 0.595 0.034 0.034 0.240 0.607 0.014 0.013 0.229 0.597 0.088 0.059 0.208 0.680
(FL)Calib-1 0.120 0.092 0.259 0.584 0.069 0.015 0.239 0.619 0.060 0.020 0.228 0.625 0.101 0.070 0.210 0.676
(FL)Calib-n 0.158 0.130 0.273 0.591 0.096 0.079 0.249 0.622 0.104 0.095 0.248 0.588 0.136 0.083 0.222 0.678
(FL)Calib-n+PS 0.011 0.007 0.238 0.591 0.048 0.056 0.239 0.622 0.013 0.016 0.230 0.588 0.080 0.059 0.209 0.678

M
ix

tra
l-8

x7
b

LLM Prob. 0.342 0.273 0.342 0.683 0.280 0.212 0.303 0.654 0.296 0.246 0.315 0.585 0.194 0.085 0.276 0.535
LLM Prob.+PS 0.088 0.015 0.244 0.607 0.142 0.075 0.252 0.655 0.075 0.015 0.234 0.585 0.131 0.004 0.257 0.535
Verblized % 0.318 0.052 0.324 0.624 - - - - - - - - - - - -
APRICOT 0.215 0.166 0.300 0.584 0.153 0.153 0.261 0.603 0.149 0.132 0.262 0.606 0.242 0.141 0.319 0.531
(AUC)Calib-1 0.215 0.210 0.290 0.581 0.157 0.144 0.253 0.647 0.142 0.146 0.255 0.583 0.105 0.117 0.257 0.560
(AUC)Calib-n 0.305 0.263 0.341 0.565 0.291 0.292 0.327 0.552 0.192 0.196 0.274 0.573 0.184 0.192 0.271 0.597
(BCE)Calib-1 0.093 0.079 0.253 0.582 0.061 0.057 0.226 0.658 0.057 0.051 0.232 0.588 0.172 0.052 0.271 0.567
(BCE)Calib-n 0.154 0.142 0.270 0.580 0.121 0.134 0.260 0.561 0.085 0.055 0.239 0.576 0.143 0.064 0.256 0.594
(BCE)Calib-n+PS 0.018 0.011 0.239 0.587 0.037 0.042 0.238 0.561 0.026 0.021 0.228 0.576 0.015 0.020 0.236 0.594
(FL)Calib-1 0.071 0.044 0.243 0.580 0.068 0.062 0.227 0.660 0.054 0.024 0.230 0.593 0.165 0.054 0.271 0.555
(FL)Calib-n 0.169 0.160 0.279 0.568 0.106 0.110 0.254 0.572 0.099 0.043 0.239 0.603 0.151 0.070 0.260 0.589
(FL)Calib-n+PS 0.025 0.014 0.240 0.568 0.007 0.010 0.236 0.572 0.045 0.020 0.228 0.603 0.023 0.018 0.237 0.589

Table 4: Test results of large-size models on TriviaQA dataset.
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Method
Verb. Zero-shot CoT Few-shot

ECE# ECE-t# Brier # AUC" ECE # ECE-t# Brier # AUC" ECE # ECE-t# Brier # AUC" ECE # ECE-t# Brier # AUC"
Ll

am
a2

-7
b

LLM Prob. 0.323 0.196 0.329 0.712 0.238 0.152 0.270 0.735 0.240 0.147 0.286 0.661 0.398 0.045 0.394 0.604
LLM Prob.+PS 0.313 0.012 0.341 0.599 0.234 0.093 0.268 0.736 0.164 0.087 0.253 0.722 0.203 0.022 0.282 0.606
Verblized % 0.369 0.026 0.375 0.616 - - - - - - - - - - - -
APRICOT 0.130 0.118 0.259 0.630 0.118 0.108 0.231 0.666 0.120 0.125 0.244 0.675 0.121 0.088 0.237 0.682
(AUC)Calib-1 0.216 0.216 0.284 0.619 0.255 0.255 0.297 0.652 0.222 0.162 0.275 0.654 0.207 0.207 0.259 0.728
(AUC)Calib-n 0.304 0.308 0.340 0.654 0.297 0.294 0.324 0.674 0.228 0.224 0.283 0.679 0.215 0.205 0.256 0.735
(BCE)Calib-1 0.065 0.063 0.242 0.624 0.081 0.080 0.222 0.673 0.088 0.085 0.233 0.659 0.073 0.071 0.216 0.718
(BCE)Calib-n 0.170 0.132 0.259 0.661 0.189 0.139 0.260 0.689 0.136 0.104 0.238 0.694 0.106 0.104 0.214 0.735
(BCE)Calib-n+PS 0.126 0.032 0.256 0.615 0.194 0.066 0.257 0.689 0.140 0.089 0.253 0.694 0.153 0.092 0.242 0.735
(FL)Calib-1 0.040 0.012 0.236 0.636 0.069 0.067 0.222 0.661 0.057 0.080 0.229 0.660 0.086 0.048 0.218 0.710
(FL)Calib-n 0.198 0.173 0.278 0.617 0.184 0.131 0.257 0.689 0.126 0.107 0.235 0.689 0.094 0.092 0.211 0.734
(FL)Calib-n+PS 0.136 0.039 0.259 0.617 0.203 0.065 0.261 0.689 0.123 0.084 0.251 0.689 0.165 0.097 0.240 0.734

Ll
am

a3
-8

b

LLM Prob. 0.162 0.108 0.229 0.752 0.232 0.172 0.265 0.737 0.201 0.182 0.277 0.603 0.165 0.045 0.255 0.612
LLM Prob.+PS 0.177 0.057 0.277 0.621 0.136 0.104 0.246 0.737 0.074 0.028 0.236 0.603 0.095 0.042 0.243 0.612
Verblized % 0.321 0.070 0.340 0.626 - - - - - - - - - - - -
APRICOT 0.185 0.187 0.286 0.587 0.146 0.146 0.259 0.636 0.163 0.147 0.254 0.639 0.115 0.111 0.225 0.691
(AUC)Calib-1 0.233 0.229 0.288 0.646 0.224 0.223 0.290 0.615 0.201 0.201 0.269 0.634 0.212 0.211 0.245 0.730
(AUC)Calib-n 0.257 0.256 0.290 0.697 0.280 0.276 0.315 0.654 0.224 0.218 0.270 0.650 0.202 0.208 0.238 0.753
(BCE)Calib-1 0.118 0.120 0.239 0.673 0.111 0.094 0.252 0.616 0.094 0.097 0.233 0.638 0.106 0.103 0.211 0.733
(BCE)Calib-n 0.122 0.126 0.233 0.704 0.147 0.147 0.255 0.660 0.112 0.098 0.229 0.669 0.088 0.088 0.201 0.752
(BCE)Calib-n+PS 0.110 0.022 0.256 0.600 0.091 0.042 0.246 0.660 0.081 0.067 0.227 0.669 0.103 0.115 0.214 0.752
(FL)Calib-1 0.112 0.105 0.237 0.676 0.094 0.088 0.249 0.610 0.075 0.079 0.230 0.644 0.089 0.084 0.207 0.731
(FL)Calib-n 0.203 0.213 0.289 0.598 0.136 0.135 0.251 0.661 0.091 0.087 0.226 0.658 0.075 0.071 0.199 0.750
(FL)Calib-n+PS 0.094 0.029 0.253 0.598 0.087 0.050 0.245 0.661 0.045 0.061 0.227 0.658 0.104 0.117 0.215 0.750

Ll
am

a3
.1

-8
b

LLM Prob. 0.145 0.103 0.223 0.762 0.086 0.072 0.235 0.682 0.263 0.157 0.302 0.674 0.070 0.031 0.212 0.689
LLM Prob.+PS 0.252 0.098 0.308 0.588 0.180 0.147 0.229 0.803 0.186 0.085 0.269 0.674 0.100 0.049 0.222 0.689
Verblized % 0.415 0.184 0.413 0.587 - - - - - - - - - - - -
APRICOT 0.182 0.179 0.273 0.590 0.108 0.103 0.216 0.734 0.092 0.084 0.224 0.721 0.101 0.082 0.202 0.738
(AUC)Calib-1 0.251 0.211 0.276 0.729 0.240 0.221 0.268 0.753 0.233 0.197 0.253 0.761 0.180 0.178 0.214 0.740
(AUC)Calib-n 0.223 0.224 0.258 0.755 0.200 0.193 0.243 0.782 0.223 0.182 0.251 0.763 0.192 0.193 0.224 0.758
(BCE)Calib-1 0.084 0.106 0.199 0.770 0.118 0.133 0.207 0.771 0.089 0.091 0.196 0.781 0.082 0.090 0.192 0.744
(BCE)Calib-n 0.118 0.116 0.206 0.758 0.117 0.104 0.198 0.788 0.106 0.073 0.192 0.793 0.081 0.082 0.192 0.756
(BCE)Calib-n+PS 0.173 0.008 0.263 0.587 0.166 0.121 0.243 0.788 0.126 0.158 0.236 0.793 0.115 0.127 0.206 0.756
(FL)Calib-1 0.068 0.091 0.198 0.757 0.093 0.101 0.202 0.759 0.074 0.077 0.192 0.774 0.061 0.069 0.190 0.741
(FL)Calib-n 0.240 0.245 0.295 0.584 0.119 0.103 0.196 0.787 0.110 0.074 0.197 0.780 0.075 0.068 0.191 0.755
(FL)Calib-n+PS 0.166 0.017 0.261 0.584 0.155 0.126 0.240 0.787 0.151 0.150 0.235 0.780 0.110 0.117 0.207 0.755

G
em

m
a2

-2
b

LLM Prob. 0.060 0.065 0.196 0.774 0.069 0.067 0.192 0.791 0.104 0.097 0.236 0.691 0.141 0.145 0.260 0.633
LLM Prob.+PS 0.179 0.001 0.279 0.586 0.156 0.151 0.229 0.791 0.083 0.080 0.237 0.691 0.060 0.033 0.238 0.633
Verblized % 0.424 0.108 0.420 0.629 - - - - - - - - - - - -
APRICOT 0.158 0.172 0.277 0.602 0.164 0.159 0.266 0.632 0.150 0.153 0.261 0.641 0.110 0.105 0.228 0.704
(AUC)Calib-1 0.183 0.184 0.270 0.631 0.221 0.218 0.292 0.604 0.161 0.161 0.259 0.654 0.225 0.225 0.266 0.708
(AUC)Calib-n 0.277 0.282 0.319 0.662 0.300 0.294 0.331 0.630 0.236 0.229 0.293 0.674 0.258 0.258 0.282 0.716
(BCE)Calib-1 0.061 0.070 0.240 0.635 0.109 0.110 0.255 0.604 0.076 0.073 0.235 0.659 0.129 0.134 0.225 0.716
(BCE)Calib-n 0.142 0.124 0.247 0.680 0.167 0.167 0.265 0.640 0.119 0.100 0.240 0.687 0.122 0.109 0.224 0.723
(BCE)Calib-n+PS 0.143 0.041 0.261 0.630 0.131 0.021 0.257 0.640 0.098 0.073 0.245 0.687 0.111 0.099 0.233 0.723
(FL)Calib-1 0.024 0.036 0.235 0.637 0.113 0.109 0.256 0.613 0.066 0.066 0.236 0.653 0.092 0.088 0.215 0.716
(FL)Calib-n 0.177 0.175 0.271 0.627 0.173 0.169 0.265 0.640 0.103 0.074 0.235 0.682 0.111 0.096 0.221 0.720
(FL)Calib-n+PS 0.137 0.034 0.260 0.627 0.099 0.013 0.251 0.640 0.094 0.081 0.245 0.682 0.102 0.107 0.232 0.720

G
em

m
a2

-9
b

LLM Prob. 0.164 0.165 0.242 0.655 0.163 0.146 0.227 0.722 0.138 0.120 0.215 0.669 0.097 0.093 0.195 0.614
LLM Prob.+PS 0.056 0.023 0.220 0.675 0.098 0.075 0.214 0.722 0.064 0.059 0.202 0.669 0.053 0.013 0.187 0.614
Verblized % 0.269 0.101 0.276 0.698 - - - - - - - - - - - -
APRICOT 0.153 0.149 0.250 0.590 0.141 0.135 0.248 0.607 0.145 0.144 0.231 0.642 0.096 0.087 0.179 0.693
(AUC)Calib-1 0.119 0.132 0.241 0.596 0.119 0.123 0.244 0.620 0.200 0.175 0.245 0.648 0.186 0.167 0.214 0.690
(AUC)Calib-n 0.262 0.229 0.296 0.620 0.282 0.248 0.312 0.618 0.176 0.172 0.226 0.672 0.170 0.175 0.191 0.726
(BCE)Calib-1 0.078 0.044 0.223 0.590 0.083 0.063 0.233 0.598 0.057 0.052 0.200 0.659 0.091 0.081 0.173 0.700
(BCE)Calib-n 0.116 0.115 0.244 0.637 0.142 0.137 0.247 0.631 0.060 0.062 0.193 0.688 0.059 0.061 0.165 0.732
(BCE)Calib-n+PS 0.041 0.036 0.218 0.615 0.016 0.020 0.222 0.631 0.082 0.077 0.200 0.688 0.108 0.086 0.177 0.732
(FL)Calib-1 0.037 0.032 0.218 0.597 0.060 0.044 0.224 0.617 0.039 0.033 0.200 0.651 0.068 0.058 0.170 0.698
(FL)Calib-n 0.142 0.131 0.258 0.611 0.126 0.137 0.245 0.634 0.055 0.050 0.195 0.678 0.056 0.052 0.165 0.728
(FL)Calib-n+PS 0.030 0.023 0.217 0.611 0.029 0.030 0.221 0.634 0.091 0.077 0.203 0.678 0.113 0.080 0.178 0.728

Ph
i3

-4
b

LLM Prob. 0.187 0.121 0.226 0.796 0.186 0.121 0.225 0.785 0.142 0.119 0.220 0.720 0.039 0.020 0.225 0.624
LLM Prob.+PS 0.154 0.092 0.201 0.835 0.150 0.138 0.226 0.785 0.104 0.054 0.216 0.720 0.022 0.051 0.230 0.624
Verblized % 0.322 0.034 0.324 0.703 - - - - - - - - - - - -
APRICOT 0.064 0.059 0.204 0.755 0.143 0.132 0.247 0.672 0.127 0.133 0.238 0.643 0.125 0.120 0.231 0.685
(AUC)Calib-1 0.205 0.147 0.228 0.810 0.161 0.151 0.240 0.709 0.140 0.121 0.239 0.711 0.237 0.174 0.262 0.732
(AUC)Calib-n 0.178 0.182 0.216 0.814 0.238 0.182 0.278 0.686 0.182 0.181 0.244 0.690 0.203 0.184 0.240 0.740
(BCE)Calib-1 0.072 0.089 0.177 0.828 0.086 0.083 0.217 0.711 0.068 0.065 0.210 0.697 0.132 0.116 0.219 0.723
(BCE)Calib-n 0.079 0.077 0.174 0.826 0.110 0.103 0.232 0.691 0.085 0.065 0.212 0.705 0.092 0.075 0.205 0.746
(BCE)Calib-n+PS 0.169 0.163 0.228 0.823 0.072 0.082 0.224 0.691 0.075 0.079 0.213 0.705 0.109 0.112 0.212 0.746
(FL)Calib-1 0.040 0.045 0.168 0.827 0.062 0.063 0.215 0.703 0.041 0.042 0.202 0.707 0.100 0.097 0.212 0.720
(FL)Calib-n 0.078 0.086 0.178 0.821 0.096 0.082 0.229 0.695 0.060 0.041 0.208 0.703 0.082 0.067 0.203 0.746
(FL)Calib-n+PS 0.173 0.163 0.227 0.821 0.082 0.088 0.223 0.695 0.090 0.069 0.215 0.703 0.115 0.113 0.212 0.746

Ph
i3

-7
b

LLM Prob. 0.133 0.123 0.219 0.737 0.118 0.128 0.217 0.730 0.122 0.125 0.236 0.625 0.092 0.021 0.205 0.638
LLM Prob.+PS 0.086 0.052 0.234 0.691 0.108 0.091 0.216 0.729 0.022 0.034 0.219 0.625 0.081 0.050 0.207 0.638
Verblized % 0.314 0.055 0.324 0.670 - - - - - - - - - - - -
APRICOT 0.113 0.109 0.236 0.689 0.129 0.137 0.243 0.654 0.130 0.137 0.227 0.654 0.101 0.099 0.209 0.654
(AUC)Calib-1 0.152 0.159 0.236 0.712 0.190 0.201 0.260 0.666 0.217 0.195 0.255 0.676 0.229 0.202 0.256 0.676
(AUC)Calib-n 0.235 0.206 0.275 0.697 0.268 0.227 0.296 0.664 0.174 0.172 0.233 0.697 0.194 0.203 0.222 0.706
(BCE)Calib-1 0.071 0.071 0.216 0.704 0.088 0.081 0.224 0.674 0.094 0.065 0.210 0.692 0.119 0.128 0.207 0.666
(BCE)Calib-n 0.099 0.092 0.228 0.708 0.100 0.095 0.232 0.682 0.064 0.067 0.205 0.707 0.090 0.088 0.192 0.711
(BCE)Calib-n+PS 0.084 0.084 0.226 0.706 0.050 0.058 0.222 0.682 0.072 0.077 0.212 0.707 0.094 0.079 0.193 0.711
(FL)Calib-1 0.054 0.062 0.215 0.701 0.076 0.085 0.223 0.664 0.063 0.042 0.205 0.691 0.125 0.124 0.208 0.662
(FL)Calib-n 0.127 0.100 0.237 0.700 0.107 0.097 0.233 0.681 0.067 0.058 0.205 0.700 0.073 0.077 0.190 0.711
(FL)Calib-n+PS 0.082 0.076 0.227 0.700 0.053 0.057 0.222 0.681 0.100 0.089 0.214 0.700 0.093 0.080 0.193 0.711

Table 5: Test results of small-size models on Sciq dataset.
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Method
Verb. Zero-shot CoT Few-shot

ECE# ECE-t# Brier # AUC" ECE # ECE-t# Brier # AUC" ECE # ECE-t# Brier # AUC" ECE # ECE-t# Brier # AUC"

G
em

m
a2

-2
7b

LLM Prob. 0.193 0.181 0.236 0.705 0.204 0.179 0.229 0.713 0.161 0.158 0.227 0.630 0.080 0.088 0.172 0.616
LLM Prob.+PS 0.077 0.038 0.216 0.658 0.068 0.081 0.199 0.713 0.028 0.035 0.199 0.630 0.080 0.026 0.170 0.616
Verblized Prob. 0.224 0.071 0.247 0.685 - - - - - - - - - - - -
APRICOT 0.140 0.139 0.239 0.594 0.165 0.163 0.236 0.595 0.111 0.111 0.215 0.618 0.092 0.097 0.171 0.621
(AUC)Calib-1 0.127 0.137 0.245 0.606 0.118 0.152 0.254 0.589 0.122 0.122 0.212 0.624 0.147 0.140 0.181 0.683
(AUC)Calib-n 0.201 0.188 0.275 0.598 0.231 0.207 0.289 0.583 0.217 0.207 0.250 0.637 0.168 0.150 0.193 0.684
(BCE)Calib-1 0.101 0.099 0.223 0.598 0.098 0.098 0.221 0.571 0.059 0.059 0.200 0.621 0.065 0.045 0.157 0.675
(BCE)Calib-n 0.095 0.103 0.222 0.585 0.113 0.114 0.224 0.577 0.065 0.060 0.197 0.643 0.052 0.037 0.153 0.673
(BCE)Calib-n+PS 0.021 0.024 0.213 0.578 0.026 0.023 0.208 0.577 0.054 0.061 0.199 0.643 0.092 0.060 0.162 0.673
(FL)Calib-1 0.081 0.077 0.219 0.599 0.066 0.075 0.214 0.594 0.058 0.059 0.199 0.625 0.038 0.037 0.155 0.662
(FL)Calib-n 0.064 0.073 0.216 0.597 0.094 0.098 0.221 0.576 0.061 0.063 0.195 0.649 0.040 0.041 0.155 0.664
(FL)Calib-n+PS 0.041 0.042 0.211 0.597 0.020 0.017 0.208 0.576 0.058 0.063 0.199 0.649 0.092 0.060 0.163 0.664

Ll
am

a3
-7

0b

LLM Prob. 0.172 0.177 0.251 0.626 0.212 0.223 0.261 0.660 0.182 0.168 0.233 0.664 0.062 0.042 0.184 0.571
LLM Prob.+PS 0.104 0.018 0.219 0.680 0.044 0.020 0.219 0.661 0.033 0.050 0.204 0.664 0.048 0.000 0.182 0.571
Verblized Prob. 0.203 0.021 0.244 0.685 - - - - - - - - - - - -
APRICOT 0.155 0.156 0.250 0.580 0.139 0.142 0.244 0.614 0.108 0.112 0.215 0.630 0.105 0.084 0.181 0.715
(AUC)Calib-1 0.156 0.168 0.254 0.575 0.144 0.151 0.254 0.599 0.170 0.177 0.223 0.655 0.172 0.092 0.214 0.738
(AUC)Calib-n 0.203 0.188 0.271 0.610 0.243 0.227 0.295 0.602 0.237 0.228 0.253 0.645 0.209 0.100 0.227 0.766
(BCE)Calib-1 0.094 0.087 0.232 0.536 0.122 0.120 0.243 0.563 0.073 0.066 0.201 0.654 0.057 0.064 0.163 0.738
(BCE)Calib-n 0.081 0.091 0.224 0.612 0.123 0.122 0.236 0.601 0.074 0.071 0.199 0.660 0.038 0.031 0.158 0.744
(BCE)Calib-n+PS 0.036 0.016 0.219 0.593 0.041 0.017 0.222 0.601 0.068 0.077 0.202 0.660 0.113 0.081 0.173 0.744
(FL)Calib-1 0.052 0.051 0.225 0.557 0.079 0.071 0.226 0.615 0.055 0.053 0.198 0.655 0.049 0.021 0.159 0.739
(FL)Calib-n 0.067 0.073 0.220 0.613 0.110 0.115 0.233 0.598 0.072 0.067 0.197 0.665 0.062 0.021 0.162 0.741
(FL)Calib-n+PS 0.047 0.022 0.218 0.613 0.037 0.014 0.223 0.598 0.060 0.083 0.201 0.665 0.132 0.081 0.176 0.741

Ll
am

a3
.1

-7
0b

LLM Prob. 0.133 0.119 0.220 0.688 0.120 0.101 0.205 0.704 0.125 0.119 0.213 0.671 0.062 0.047 0.154 0.692
LLM Prob.+PS 0.054 0.009 0.212 0.698 0.078 0.063 0.199 0.705 0.073 0.070 0.202 0.671 0.105 0.058 0.165 0.692
Verblized Prob. 0.231 0.066 0.246 0.709 - - - - - - - - - - - -
APRICOT 0.136 0.129 0.236 0.636 0.146 0.147 0.239 0.574 0.134 0.132 0.215 0.644 0.076 0.070 0.160 0.700
(AUC)Calib-1 0.113 0.118 0.231 0.650 0.167 0.093 0.253 0.622 0.157 0.112 0.246 0.658 0.138 0.117 0.178 0.732
(AUC)Calib-n 0.179 0.144 0.250 0.664 0.232 0.189 0.289 0.605 0.209 0.203 0.245 0.681 0.188 0.131 0.206 0.740
(BCE)Calib-1 0.037 0.039 0.212 0.602 0.082 0.081 0.214 0.617 0.098 0.095 0.199 0.674 0.041 0.040 0.145 0.751
(BCE)Calib-n 0.054 0.061 0.204 0.666 0.089 0.089 0.221 0.597 0.056 0.057 0.193 0.691 0.038 0.042 0.146 0.745
(BCE)Calib-n+PS 0.023 0.038 0.213 0.619 0.033 0.036 0.211 0.597 0.079 0.087 0.202 0.691 0.129 0.103 0.161 0.745
(FL)Calib-1 0.036 0.035 0.206 0.636 0.057 0.064 0.213 0.624 0.079 0.092 0.198 0.666 0.023 0.017 0.144 0.738
(FL)Calib-n 0.027 0.040 0.200 0.669 0.079 0.082 0.220 0.592 0.065 0.053 0.193 0.690 0.036 0.038 0.147 0.742
(FL)Calib-n+PS 0.051 0.070 0.210 0.669 0.040 0.029 0.212 0.592 0.078 0.085 0.202 0.690 0.133 0.099 0.163 0.742

Q
w

en
2-

72
b

LLM Prob. 0.177 0.167 0.231 0.666 0.231 0.185 0.254 0.743 0.191 0.172 0.242 0.623 0.093 0.021 0.166 0.687
LLM Prob.+PS 0.065 0.117 0.205 0.697 0.056 0.056 0.216 0.743 0.037 0.052 0.207 0.623 0.120 0.045 0.176 0.687
Verblized Prob. 0.211 0.051 0.232 0.715 - - - - - - - - - - - -
APRICOT 0.145 0.146 0.227 0.623 0.149 0.150 0.241 0.607 0.125 0.121 0.222 0.613 0.094 0.102 0.184 0.653
(AUC)Calib-1 0.189 0.163 0.255 0.616 0.156 0.153 0.244 0.601 0.139 0.163 0.216 0.665 0.210 0.131 0.237 0.721
(AUC)Calib-n 0.187 0.172 0.267 0.638 0.230 0.220 0.290 0.608 0.223 0.199 0.246 0.688 0.209 0.119 0.234 0.750
(BCE)Calib-1 0.068 0.079 0.208 0.620 0.101 0.100 0.233 0.596 0.088 0.097 0.200 0.680 0.077 0.060 0.160 0.717
(BCE)Calib-n 0.043 0.057 0.203 0.638 0.114 0.102 0.232 0.610 0.063 0.072 0.194 0.687 0.052 0.035 0.151 0.750
(BCE)Calib-n+PS 0.035 0.035 0.207 0.604 0.058 0.011 0.221 0.610 0.079 0.076 0.202 0.687 0.114 0.092 0.165 0.750
(FL)Calib-1 0.054 0.055 0.205 0.625 0.065 0.061 0.226 0.584 0.074 0.072 0.197 0.679 0.062 0.045 0.162 0.715
(FL)Calib-n 0.051 0.053 0.205 0.623 0.099 0.093 0.229 0.611 0.053 0.062 0.194 0.683 0.061 0.025 0.152 0.746
(FL)Calib-n+PS 0.046 0.048 0.206 0.623 0.050 0.012 0.221 0.611 0.070 0.088 0.202 0.683 0.126 0.095 0.167 0.746

M
ix

tra
l-8

x7
b

LLM Prob. 0.261 0.216 0.286 0.675 0.204 0.163 0.256 0.660 0.258 0.214 0.289 0.582 0.097 0.071 0.209 0.528
LLM Prob.+PS 0.058 0.024 0.228 0.603 0.052 0.024 0.223 0.660 0.066 0.005 0.225 0.582 0.011 0.001 0.199 0.528
Verblized Prob. 0.273 0.059 0.288 0.611 - - - - - - - - - - - -
APRICOT 0.157 0.152 0.254 0.609 0.120 0.117 0.230 0.640 0.098 0.101 0.218 0.661 0.101 0.095 0.211 0.605
(AUC)Calib-1 0.206 0.231 0.263 0.631 0.183 0.188 0.237 0.687 0.175 0.156 0.240 0.677 0.343 0.097 0.339 0.636
(AUC)Calib-n 0.199 0.182 0.277 0.634 0.177 0.157 0.266 0.654 0.276 0.098 0.297 0.636 0.273 0.136 0.295 0.698
(BCE)Calib-1 0.071 0.078 0.224 0.633 0.079 0.087 0.211 0.678 0.079 0.085 0.213 0.671 0.087 0.083 0.196 0.654
(BCE)Calib-n 0.053 0.059 0.220 0.647 0.060 0.041 0.219 0.632 0.014 0.016 0.207 0.660 0.053 0.053 0.184 0.701
(BCE)Calib-n+PS 0.050 0.008 0.226 0.609 0.036 0.014 0.221 0.632 0.061 0.053 0.215 0.660 0.094 0.070 0.192 0.701
(FL)Calib-1 0.072 0.091 0.224 0.642 0.043 0.043 0.205 0.684 0.051 0.067 0.210 0.669 0.075 0.056 0.194 0.676
(FL)Calib-n 0.042 0.042 0.221 0.631 0.038 0.029 0.217 0.631 0.032 0.020 0.208 0.657 0.049 0.044 0.187 0.696
(FL)Calib-n+PS 0.051 0.004 0.224 0.631 0.033 0.012 0.221 0.631 0.052 0.060 0.215 0.657 0.095 0.066 0.194 0.696

Table 6: Test results of large-size models on Sciq dataset.
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Method
Verb. Zero-shot CoT Few-shot

ECE# ECE-t# Brier # AUC" ECE # ECE-t# Brier # AUC" ECE # ECE-t# Brier # AUC" ECE # ECE-t# Brier # AUC"
Ll

am
a2

-7
b

LLM Prob. 0.426 0.207 0.392 0.692 0.369 0.140 0.301 0.751 0.248 0.153 0.291 0.620 0.409 0.117 0.402 0.578
LLM Prob.+PS 0.269 0.039 0.274 0.720 0.344 0.069 0.264 0.752 0.155 0.090 0.248 0.716 0.265 0.044 0.306 0.581
Verblized Prob. 0.432 0.047 0.398 0.666 - - - - - - - - - - - -
APRICOT 0.180 0.117 0.256 0.590 0.139 0.070 0.169 0.693 0.153 0.117 0.262 0.634 0.145 0.075 0.231 0.688
(AUC)Calib-1 0.216 0.227 0.283 0.534 0.178 0.145 0.212 0.641 0.233 0.190 0.274 0.651 0.273 0.121 0.297 0.663
(AUC)Calib-n 0.233 0.243 0.298 0.615 0.245 0.204 0.251 0.653 0.186 0.171 0.266 0.651 0.226 0.233 0.267 0.730
(BCE)Calib-1 0.158 0.100 0.252 0.565 0.086 0.029 0.157 0.677 0.147 0.061 0.249 0.648 0.146 0.057 0.242 0.646
(BCE)Calib-n 0.112 0.089 0.229 0.616 0.034 0.022 0.146 0.697 0.128 0.058 0.233 0.684 0.068 0.050 0.216 0.693
(BCE)Calib-n+PS 0.133 0.015 0.239 0.588 0.246 0.068 0.214 0.697 0.049 0.120 0.242 0.684 0.126 0.107 0.242 0.693
(FL)Calib-1 0.113 0.072 0.237 0.574 0.058 0.025 0.152 0.674 0.133 0.081 0.236 0.649 0.073 0.024 0.230 0.648
(FL)Calib-n 0.109 0.089 0.232 0.589 0.040 0.038 0.148 0.686 0.141 0.090 0.229 0.696 0.086 0.054 0.213 0.704
(FL)Calib-n+PS 0.143 0.022 0.242 0.589 0.256 0.049 0.219 0.686 0.046 0.151 0.241 0.696 0.121 0.125 0.241 0.704

Ll
am

a3
-8

b

LLM Prob. 0.344 0.125 0.290 0.795 0.422 0.196 0.359 0.756 0.357 0.182 0.355 0.667 0.271 0.121 0.326 0.529
LLM Prob.+PS 0.305 0.134 0.288 0.664 0.316 0.083 0.271 0.756 0.191 0.053 0.271 0.667 0.184 0.009 0.283 0.529
Verblized Prob. 0.494 0.089 0.436 0.694 - - - - - - - - - - - -
APRICOT 0.150 0.089 0.210 0.639 0.106 0.112 0.185 0.649 0.156 0.151 0.258 0.598 0.148 0.060 0.229 0.739
(AUC)Calib-1 0.133 0.136 0.210 0.693 0.142 0.123 0.210 0.634 0.138 0.123 0.257 0.602 0.238 0.060 0.261 0.756
(AUC)Calib-n 0.104 0.106 0.194 0.721 0.161 0.178 0.235 0.654 0.252 0.253 0.305 0.570 0.177 0.166 0.215 0.809
(BCE)Calib-1 0.126 0.053 0.190 0.692 0.097 0.050 0.179 0.675 0.028 0.022 0.240 0.586 0.149 0.085 0.228 0.748
(BCE)Calib-n 0.101 0.035 0.182 0.710 0.082 0.059 0.177 0.641 0.044 0.064 0.231 0.641 0.108 0.076 0.214 0.762
(BCE)Calib-n+PS 0.195 0.065 0.221 0.627 0.226 0.018 0.225 0.641 0.124 0.060 0.253 0.641 0.144 0.148 0.237 0.762
(FL)Calib-1 0.074 0.063 0.184 0.691 0.068 0.054 0.176 0.622 0.019 0.011 0.240 0.578 0.132 0.090 0.241 0.667
(FL)Calib-n 0.085 0.050 0.185 0.661 0.038 0.055 0.171 0.665 0.032 0.038 0.227 0.656 0.110 0.067 0.213 0.766
(FL)Calib-n+PS 0.214 0.072 0.225 0.661 0.231 0.031 0.233 0.665 0.134 0.075 0.254 0.656 0.144 0.165 0.237 0.766

Ll
am

a3
.1

-8
b

LLM Prob. 0.306 0.119 0.244 0.788 0.176 0.148 0.246 0.704 0.276 0.159 0.319 0.617 0.183 0.096 0.273 0.594
LLM Prob.+PS 0.344 0.029 0.276 0.638 0.234 0.079 0.253 0.733 0.189 0.019 0.271 0.617 0.166 0.010 0.269 0.594
Verblized Prob. 0.629 0.143 0.560 0.676 - - - - - - - - - - - -
APRICOT 0.098 0.053 0.148 0.756 0.148 0.061 0.218 0.691 0.123 0.089 0.234 0.683 0.151 0.088 0.259 0.652
(AUC)Calib-1 0.209 0.129 0.206 0.727 0.212 0.159 0.254 0.679 0.298 0.127 0.315 0.672 0.027 0.062 0.244 0.588
(AUC)Calib-n 0.182 0.142 0.191 0.760 0.170 0.186 0.255 0.685 0.294 0.287 0.329 0.546 0.262 0.255 0.282 0.700
(BCE)Calib-1 0.047 0.037 0.135 0.760 0.106 0.063 0.210 0.681 0.076 0.031 0.217 0.710 0.135 0.054 0.265 0.584
(BCE)Calib-n 0.054 0.050 0.133 0.769 0.115 0.041 0.215 0.660 0.075 0.034 0.222 0.685 0.104 0.047 0.244 0.654
(BCE)Calib-n+PS 0.255 0.052 0.212 0.676 0.167 0.039 0.233 0.660 0.102 0.090 0.244 0.685 0.052 0.091 0.242 0.654
(FL)Calib-1 0.030 0.040 0.134 0.766 0.062 0.034 0.203 0.681 0.064 0.026 0.218 0.702 0.096 0.032 0.252 0.593
(FL)Calib-n 0.046 0.049 0.143 0.674 0.086 0.050 0.211 0.645 0.119 0.061 0.223 0.672 0.112 0.052 0.241 0.664
(FL)Calib-n+PS 0.264 0.051 0.218 0.674 0.163 0.024 0.236 0.645 0.134 0.078 0.252 0.672 0.087 0.088 0.243 0.664

G
em

m
a2

-2
b

LLM Prob. 0.204 0.089 0.203 0.769 0.210 0.092 0.196 0.825 0.184 0.141 0.261 0.667 0.107 0.090 0.225 0.665
LLM Prob.+PS 0.309 0.025 0.272 0.625 0.277 0.125 0.249 0.825 0.208 0.047 0.264 0.667 0.189 0.056 0.252 0.665
Verblized Prob. 0.623 0.155 0.571 0.622 - - - - - - - - - - - -
APRICOT 0.163 0.073 0.193 0.665 0.124 0.107 0.201 0.663 0.191 0.141 0.262 0.552 0.133 0.092 0.240 0.676
(AUC)Calib-1 0.309 0.122 0.281 0.603 0.333 0.050 0.290 0.698 0.192 0.093 0.273 0.573 0.280 0.158 0.289 0.718
(AUC)Calib-n 0.248 0.243 0.285 0.598 0.218 0.197 0.267 0.647 0.274 0.249 0.326 0.555 0.234 0.261 0.288 0.711
(BCE)Calib-1 0.094 0.033 0.184 0.613 0.108 0.059 0.192 0.685 0.096 0.041 0.234 0.560 0.118 0.043 0.236 0.678
(BCE)Calib-n 0.082 0.071 0.175 0.643 0.072 0.048 0.187 0.680 0.064 0.077 0.230 0.581 0.049 0.055 0.219 0.691
(BCE)Calib-n+PS 0.217 0.004 0.223 0.639 0.209 0.074 0.228 0.680 0.178 0.008 0.262 0.581 0.152 0.115 0.252 0.691
(FL)Calib-1 0.051 0.031 0.175 0.623 0.074 0.047 0.188 0.683 0.050 0.048 0.229 0.573 0.104 0.048 0.233 0.679
(FL)Calib-n 0.063 0.036 0.174 0.656 0.043 0.049 0.184 0.669 0.054 0.060 0.228 0.595 0.062 0.068 0.219 0.688
(FL)Calib-n+PS 0.227 0.011 0.227 0.656 0.207 0.067 0.230 0.669 0.184 0.003 0.264 0.595 0.129 0.113 0.249 0.688

G
em

m
a2

-9
b

LLM Prob. 0.316 0.203 0.308 0.753 0.338 0.162 0.303 0.799 0.275 0.182 0.303 0.674 0.177 0.166 0.268 0.618
LLM Prob.+PS 0.221 0.022 0.271 0.739 0.238 0.113 0.258 0.799 0.121 0.083 0.254 0.676 0.121 0.056 0.249 0.618
Verblized Prob. 0.531 0.147 0.490 0.732 - - - - - - - - - - - -
APRICOT 0.186 0.085 0.243 0.672 0.114 0.054 0.209 0.703 0.190 0.122 0.282 0.593 0.145 0.119 0.249 0.654
(AUC)Calib-1 0.131 0.120 0.246 0.638 0.152 0.119 0.234 0.701 0.124 0.118 0.262 0.549 0.199 0.145 0.265 0.684
(AUC)Calib-n 0.106 0.110 0.220 0.691 0.179 0.187 0.247 0.696 0.245 0.249 0.317 0.509 0.236 0.247 0.271 0.703
(BCE)Calib-1 0.159 0.055 0.231 0.674 0.123 0.032 0.216 0.693 0.116 0.024 0.262 0.563 0.079 0.075 0.224 0.701
(BCE)Calib-n 0.176 0.042 0.230 0.714 0.145 0.024 0.224 0.690 0.128 0.059 0.264 0.565 0.132 0.087 0.235 0.689
(BCE)Calib-n+PS 0.150 0.081 0.229 0.691 0.118 0.004 0.230 0.690 0.033 0.018 0.249 0.565 0.072 0.092 0.234 0.689
(FL)Calib-1 0.122 0.066 0.222 0.677 0.092 0.048 0.214 0.676 0.096 0.025 0.255 0.575 0.094 0.055 0.220 0.702
(FL)Calib-n 0.161 0.057 0.224 0.712 0.114 0.032 0.216 0.690 0.119 0.042 0.260 0.573 0.137 0.077 0.234 0.693
(FL)Calib-n+PS 0.170 0.065 0.230 0.712 0.140 0.022 0.233 0.690 0.038 0.028 0.249 0.573 0.090 0.088 0.235 0.693

Ph
i3

-4
b

LLM Prob. 0.374 0.187 0.332 0.742 0.245 0.123 0.253 0.760 0.209 0.100 0.249 0.739 0.181 0.084 0.243 0.665
LLM Prob.+PS 0.310 0.054 0.279 0.768 0.192 0.117 0.257 0.760 0.170 0.096 0.257 0.739 0.223 0.086 0.277 0.665
Verblized Prob. 0.546 0.088 0.489 0.749 - - - - - - - - - - - -
APRICOT 0.135 0.095 0.195 0.631 0.141 0.076 0.238 0.675 0.133 0.135 0.258 0.609 0.103 0.048 0.228 0.661
(AUC)Calib-1 0.200 0.182 0.255 0.572 0.196 0.059 0.273 0.601 0.127 0.120 0.240 0.639 0.314 0.123 0.313 0.678
(AUC)Calib-n 0.186 0.202 0.256 0.616 0.313 0.311 0.345 0.529 0.205 0.204 0.284 0.596 0.256 0.267 0.297 0.694
(BCE)Calib-1 0.064 0.054 0.191 0.614 0.124 0.004 0.251 0.584 0.056 0.043 0.242 0.607 0.083 0.077 0.226 0.652
(BCE)Calib-n 0.100 0.071 0.189 0.645 0.163 0.063 0.262 0.575 0.061 0.052 0.236 0.638 0.054 0.065 0.220 0.665
(BCE)Calib-n+PS 0.205 0.058 0.230 0.653 0.085 0.044 0.245 0.575 0.098 0.016 0.251 0.638 0.151 0.054 0.248 0.665
(FL)Calib-1 0.052 0.029 0.189 0.584 0.090 0.037 0.239 0.625 0.039 0.011 0.242 0.596 0.082 0.055 0.221 0.662
(FL)Calib-n 0.071 0.070 0.185 0.652 0.125 0.056 0.251 0.590 0.053 0.046 0.233 0.647 0.048 0.081 0.216 0.676
(FL)Calib-n+PS 0.208 0.052 0.231 0.652 0.101 0.055 0.247 0.590 0.122 0.013 0.253 0.647 0.154 0.058 0.248 0.676

Ph
i3

-7
b

LLM Prob. 0.165 0.138 0.230 0.751 0.194 0.139 0.235 0.744 0.206 0.153 0.287 0.640 0.077 0.082 0.247 0.603
LLM Prob.+PS 0.193 0.139 0.257 0.720 0.182 0.113 0.251 0.744 0.136 0.043 0.258 0.640 0.124 0.031 0.260 0.603
Verblized Prob. 0.444 0.097 0.415 0.702 - - - - - - - - - - - -
APRICOT 0.143 0.091 0.227 0.717 0.131 0.077 0.242 0.642 0.094 0.132 0.247 0.641 0.132 0.122 0.254 0.628
(AUC)Calib-1 0.164 0.168 0.263 0.587 0.205 0.197 0.285 0.521 0.174 0.175 0.277 0.564 0.107 0.075 0.260 0.585
(AUC)Calib-n 0.178 0.180 0.257 0.680 0.252 0.259 0.310 0.583 0.209 0.204 0.293 0.574 0.288 0.271 0.316 0.695
(BCE)Calib-1 0.125 0.041 0.237 0.649 0.124 0.092 0.260 0.478 0.114 0.068 0.254 0.570 0.086 0.050 0.248 0.613
(BCE)Calib-n 0.174 0.056 0.242 0.682 0.166 0.076 0.265 0.576 0.113 0.070 0.252 0.605 0.078 0.046 0.239 0.666
(BCE)Calib-n+PS 0.156 0.103 0.234 0.692 0.086 0.003 0.244 0.576 0.098 0.010 0.250 0.605 0.070 0.084 0.246 0.666
(FL)Calib-1 0.096 0.029 0.232 0.646 0.081 0.091 0.253 0.490 0.079 0.082 0.248 0.606 0.072 0.045 0.246 0.615
(FL)Calib-n 0.162 0.050 0.238 0.687 0.132 0.100 0.258 0.565 0.107 0.044 0.248 0.607 0.067 0.035 0.236 0.676
(FL)Calib-n+PS 0.150 0.105 0.236 0.687 0.096 0.011 0.247 0.565 0.092 0.016 0.250 0.607 0.071 0.090 0.246 0.676

Table 7: Test results of small-size models on WikiQA dataset.
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Method
Verb. Zero-shot CoT Few-shot

ECE# ECE-t# Brier # AUC" ECE # ECE-t# Brier # AUC" ECE # ECE-t# Brier # AUC" ECE # ECE-t# Brier # AUC"

G
em

m
a2

-2
7b

LLM Prob. 0.423 0.258 0.382 0.775 0.448 0.259 0.410 0.730 0.359 0.222 0.356 0.654 0.158 0.164 0.226 0.501
LLM Prob.+PS 0.285 0.101 0.284 0.712 0.234 0.078 0.261 0.730 0.160 0.095 0.261 0.656 0.057 0.065 0.204 0.501
Verblized Prob. 0.578 0.132 0.519 0.752 - - - - - - - - - - - -
APRICOT 0.114 0.070 0.186 0.749 0.127 0.071 0.201 0.734 0.152 0.095 0.244 0.679 0.109 0.103 0.216 0.619
(AUC)Calib-1 0.171 0.157 0.240 0.650 0.104 0.112 0.217 0.709 0.098 0.108 0.236 0.692 0.075 0.063 0.204 0.621
(AUC)Calib-n 0.170 0.157 0.230 0.705 0.085 0.086 0.192 0.752 0.200 0.169 0.261 0.640 0.093 0.124 0.205 0.615
(BCE)Calib-1 0.099 0.039 0.191 0.725 0.129 0.038 0.204 0.735 0.132 0.059 0.230 0.719 0.052 0.052 0.186 0.660
(BCE)Calib-n 0.042 0.052 0.182 0.718 0.102 0.052 0.187 0.778 0.084 0.086 0.230 0.650 0.092 0.026 0.198 0.618
(BCE)Calib-n+PS 0.174 0.131 0.228 0.721 0.193 0.120 0.226 0.778 0.109 0.090 0.250 0.650 0.066 0.050 0.201 0.618
(FL)Calib-1 0.070 0.041 0.192 0.689 0.103 0.074 0.197 0.745 0.105 0.067 0.227 0.715 0.040 0.028 0.185 0.669
(FL)Calib-n 0.064 0.049 0.183 0.715 0.095 0.069 0.186 0.780 0.114 0.098 0.224 0.674 0.102 0.043 0.203 0.612
(FL)Calib-n+PS 0.184 0.104 0.231 0.715 0.189 0.133 0.226 0.780 0.094 0.112 0.246 0.674 0.122 0.052 0.206 0.612

Ll
am

a3
-7

0b

LLM Prob. 0.359 0.245 0.353 0.727 0.424 0.234 0.385 0.752 0.319 0.239 0.351 0.582 0.125 0.111 0.230 0.512
LLM Prob.+PS 0.207 0.136 0.278 0.673 0.219 0.071 0.263 0.752 0.091 0.008 0.254 0.582 0.024 0.043 0.214 0.512
Verblized Prob. 0.439 0.098 0.415 0.686 - - - - - - - - - - - -
APRICOT 0.181 0.077 0.234 0.700 0.151 0.081 0.207 0.744 0.174 0.099 0.274 0.614 0.125 0.114 0.239 0.620
(AUC)Calib-1 0.127 0.133 0.245 0.650 0.111 0.114 0.228 0.690 0.121 0.119 0.251 0.628 0.087 0.057 0.199 0.699
(AUC)Calib-n 0.156 0.158 0.242 0.679 0.122 0.124 0.216 0.719 0.181 0.115 0.264 0.638 0.123 0.120 0.212 0.669
(BCE)Calib-1 0.165 0.069 0.244 0.669 0.131 0.041 0.213 0.729 0.147 0.095 0.261 0.626 0.042 0.030 0.201 0.666
(BCE)Calib-n 0.123 0.095 0.221 0.717 0.108 0.024 0.201 0.746 0.125 0.055 0.244 0.668 0.072 0.036 0.200 0.670
(BCE)Calib-n+PS 0.140 0.125 0.237 0.672 0.179 0.098 0.229 0.746 0.029 0.048 0.241 0.668 0.039 0.075 0.211 0.670
(FL)Calib-1 0.147 0.069 0.241 0.667 0.095 0.054 0.206 0.729 0.132 0.072 0.255 0.632 0.045 0.019 0.202 0.662
(FL)Calib-n 0.109 0.049 0.219 0.715 0.097 0.034 0.202 0.737 0.111 0.049 0.240 0.675 0.081 0.016 0.208 0.631
(FL)Calib-n+PS 0.155 0.135 0.236 0.715 0.176 0.076 0.230 0.737 0.019 0.068 0.241 0.675 0.032 0.077 0.211 0.631

Ll
am

a3
.1

-7
0b

LLM Prob. 0.174 0.179 0.250 0.729 0.229 0.182 0.273 0.706 0.156 0.177 0.260 0.634 0.085 0.074 0.194 0.570
LLM Prob.+PS 0.168 0.023 0.269 0.687 0.152 0.073 0.250 0.706 0.037 0.063 0.237 0.634 0.078 0.004 0.191 0.570
Verblized Prob. 0.453 0.130 0.432 0.708 - - - - - - - - - - - -
APRICOT 0.135 0.103 0.228 0.718 0.195 0.131 0.277 0.619 0.162 0.108 0.264 0.644 0.142 0.120 0.204 0.589
(AUC)Calib-1 0.093 0.092 0.227 0.695 0.098 0.098 0.242 0.622 0.209 0.203 0.270 0.573 0.148 0.152 0.223 0.566
(AUC)Calib-n 0.150 0.151 0.234 0.704 0.154 0.151 0.247 0.657 0.278 0.228 0.316 0.532 0.111 0.126 0.197 0.598
(BCE)Calib-1 0.140 0.054 0.236 0.694 0.159 0.041 0.253 0.644 0.150 0.077 0.266 0.582 0.064 0.062 0.193 0.565
(BCE)Calib-n 0.130 0.033 0.228 0.716 0.155 0.049 0.241 0.690 0.144 0.092 0.270 0.584 0.085 0.033 0.194 0.576
(BCE)Calib-n+PS 0.122 0.072 0.239 0.685 0.132 0.089 0.237 0.690 0.027 0.059 0.244 0.584 0.087 0.000 0.194 0.576
(FL)Calib-1 0.117 0.070 0.234 0.689 0.123 0.009 0.249 0.612 0.142 0.037 0.261 0.587 0.073 0.068 0.193 0.574
(FL)Calib-n 0.120 0.050 0.228 0.712 0.141 0.057 0.243 0.668 0.145 0.120 0.265 0.598 0.090 0.051 0.198 0.575
(FL)Calib-n+PS 0.123 0.105 0.239 0.712 0.110 0.067 0.240 0.668 0.015 0.057 0.243 0.598 0.091 0.000 0.194 0.575

Q
w

en
2-

72
b

LLM Prob. 0.403 0.249 0.389 0.693 0.500 0.235 0.459 0.750 0.301 0.246 0.345 0.542 0.127 0.133 0.225 0.551
LLM Prob.+PS 0.196 0.100 0.272 0.716 0.227 0.032 0.273 0.749 0.079 0.002 0.253 0.542 0.049 0.037 0.209 0.551
Verblized Prob. 0.480 0.042 0.449 0.745 - - - - - - - - - - - -
APRICOT 0.159 0.120 0.251 0.645 0.118 0.096 0.226 0.665 0.169 0.135 0.267 0.628 0.070 0.070 0.215 0.581
(AUC)Calib-1 0.185 0.169 0.283 0.563 0.139 0.145 0.248 0.615 0.102 0.110 0.250 0.612 0.066 0.101 0.208 0.608
(AUC)Calib-n 0.270 0.279 0.318 0.557 0.194 0.201 0.264 0.638 0.172 0.152 0.271 0.629 0.126 0.160 0.218 0.635
(BCE)Calib-1 0.108 0.044 0.247 0.564 0.118 0.029 0.235 0.631 0.103 0.081 0.248 0.627 0.065 0.063 0.207 0.592
(BCE)Calib-n 0.106 0.092 0.249 0.593 0.095 0.061 0.226 0.648 0.118 0.056 0.243 0.662 0.062 0.025 0.199 0.635
(BCE)Calib-n+PS 0.098 0.023 0.246 0.586 0.119 0.078 0.237 0.648 0.047 0.046 0.240 0.662 0.042 0.082 0.206 0.635
(FL)Calib-1 0.068 0.056 0.244 0.553 0.072 0.042 0.226 0.631 0.095 0.043 0.248 0.621 0.069 0.064 0.211 0.581
(FL)Calib-n 0.105 0.091 0.246 0.593 0.082 0.074 0.228 0.636 0.107 0.088 0.238 0.669 0.069 0.020 0.200 0.628
(FL)Calib-n+PS 0.119 0.027 0.251 0.593 0.124 0.061 0.239 0.636 0.063 0.067 0.240 0.669 0.040 0.069 0.205 0.628

M
ix

tra
l-8

x7
b

LLM Prob. 0.306 0.264 0.340 0.590 0.297 0.137 0.317 0.664 0.268 0.195 0.295 0.614 0.222 0.093 0.286 0.529
LLM Prob.+PS 0.099 0.036 0.254 0.574 0.113 0.091 0.255 0.664 0.061 0.018 0.227 0.614 0.078 0.039 0.243 0.529
Verblized Prob. 0.327 0.151 0.336 0.615 - - - - - - - - - - - -
APRICOT 0.123 0.107 0.258 0.617 0.165 0.126 0.274 0.584 0.080 0.085 0.228 0.612 0.106 0.084 0.242 0.617
(AUC)Calib-1 0.187 0.187 0.284 0.522 0.098 0.113 0.258 0.588 0.049 0.030 0.220 0.609 0.030 0.028 0.220 0.665
(AUC)Calib-n 0.252 0.252 0.301 0.546 0.254 0.228 0.304 0.561 0.173 0.191 0.274 0.484 0.221 0.165 0.269 0.639
(BCE)Calib-1 0.119 0.032 0.263 0.520 0.099 0.038 0.257 0.576 0.046 0.037 0.214 0.638 0.054 0.047 0.221 0.666
(BCE)Calib-n 0.170 0.076 0.278 0.567 0.106 0.101 0.267 0.552 0.121 0.104 0.253 0.533 0.068 0.017 0.229 0.636
(BCE)Calib-n+PS 0.015 0.022 0.247 0.516 0.038 0.002 0.249 0.552 0.048 0.014 0.229 0.533 0.060 0.052 0.233 0.636
(FL)Calib-1 0.110 0.014 0.257 0.551 0.088 0.042 0.257 0.561 0.013 0.014 0.217 0.613 0.064 0.055 0.219 0.683
(FL)Calib-n 0.163 0.078 0.275 0.566 0.096 0.087 0.264 0.552 0.115 0.150 0.248 0.554 0.061 0.055 0.226 0.645
(FL)Calib-n+PS 0.024 0.025 0.244 0.566 0.045 0.007 0.249 0.552 0.040 0.006 0.228 0.554 0.030 0.077 0.232 0.645

Table 8: Test results of large-size models on WikiQA dataset.
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Method
Verb. Zero-shot CoT Few-shot

ECE# ECE-t# Brier # AUC" ECE # ECE-t# Brier # AUC" ECE # ECE-t# Brier # AUC" ECE # ECE-t# Brier # AUC"
Ll

am
a2

-7
b

LLM Prob. 0.554 0.248 0.480 0.700 0.436 0.182 0.356 0.719 0.488 0.182 0.445 0.647 0.543 0.047 0.477 0.628
LLM Prob.+PS 0.513 0.020 0.420 0.640 0.397 0.032 0.283 0.721 0.328 0.050 0.297 0.680 0.333 0.002 0.297 0.628
Verblized Prob. 0.549 0.056 0.467 0.638 - - - - - - - - - - - -
APRICOT 0.066 0.066 0.155 0.655 0.050 0.055 0.123 0.712 0.086 0.076 0.200 0.646 0.071 0.044 0.180 0.681
(AUC)Calib-1 0.212 0.221 0.258 0.643 0.176 0.178 0.208 0.649 0.223 0.211 0.271 0.654 0.193 0.193 0.240 0.686
(AUC)Calib-n 0.266 0.249 0.284 0.676 0.248 0.228 0.257 0.680 0.290 0.235 0.319 0.651 0.200 0.197 0.231 0.722
(BCE)Calib-1 0.043 0.050 0.156 0.651 0.047 0.049 0.128 0.670 0.052 0.060 0.191 0.657 0.093 0.060 0.181 0.687
(BCE)Calib-n 0.052 0.052 0.156 0.675 0.048 0.041 0.131 0.714 0.076 0.072 0.197 0.657 0.060 0.057 0.172 0.727
(BCE)Calib-n+PS 0.278 0.048 0.232 0.667 0.305 0.013 0.221 0.714 0.233 0.037 0.246 0.657 0.229 0.062 0.227 0.727
(FL)Calib-1 0.026 0.039 0.153 0.653 0.060 0.038 0.130 0.660 0.050 0.049 0.190 0.655 0.061 0.043 0.176 0.691
(FL)Calib-n 0.051 0.049 0.156 0.663 0.068 0.037 0.133 0.710 0.048 0.048 0.193 0.644 0.060 0.054 0.170 0.730
(FL)Calib-n+PS 0.270 0.050 0.228 0.663 0.307 0.022 0.223 0.710 0.227 0.021 0.245 0.644 0.228 0.052 0.228 0.730

Ll
am

a3
-8

b

LLM Prob. 0.398 0.150 0.328 0.755 0.435 0.199 0.366 0.737 0.415 0.211 0.392 0.653 0.408 0.046 0.380 0.639
LLM Prob.+PS 0.353 0.042 0.280 0.712 0.378 0.059 0.298 0.737 0.290 0.051 0.298 0.653 0.318 0.011 0.322 0.639
Verblized Prob. 0.517 0.084 0.437 0.686 - - - - - - - - - - - -
APRICOT 0.065 0.055 0.156 0.689 0.075 0.072 0.169 0.639 0.073 0.081 0.220 0.641 0.089 0.059 0.213 0.682
(AUC)Calib-1 0.191 0.199 0.236 0.656 0.145 0.146 0.201 0.619 0.306 0.120 0.304 0.679 0.213 0.220 0.274 0.706
(AUC)Calib-n 0.222 0.232 0.253 0.676 0.218 0.227 0.264 0.654 0.280 0.273 0.323 0.671 0.233 0.233 0.267 0.734
(BCE)Calib-1 0.044 0.043 0.158 0.642 0.076 0.073 0.169 0.638 0.014 0.013 0.211 0.647 0.093 0.084 0.206 0.702
(BCE)Calib-n 0.055 0.056 0.156 0.680 0.056 0.055 0.164 0.668 0.067 0.064 0.209 0.683 0.081 0.074 0.197 0.733
(BCE)Calib-n+PS 0.260 0.055 0.224 0.683 0.257 0.063 0.228 0.668 0.196 0.076 0.250 0.683 0.184 0.110 0.240 0.733
(FL)Calib-1 0.049 0.035 0.159 0.628 0.073 0.068 0.173 0.605 0.029 0.022 0.213 0.639 0.064 0.065 0.202 0.702
(FL)Calib-n 0.039 0.037 0.153 0.682 0.046 0.046 0.163 0.664 0.053 0.049 0.210 0.666 0.061 0.061 0.194 0.738
(FL)Calib-n+PS 0.262 0.059 0.226 0.682 0.269 0.054 0.234 0.664 0.193 0.075 0.252 0.666 0.183 0.117 0.240 0.738

Ll
am

a3
.1

-8
b

LLM Prob. 0.335 0.104 0.255 0.808 0.303 0.146 0.272 0.737 0.428 0.182 0.395 0.630 0.278 0.029 0.277 0.716
LLM Prob.+PS 0.363 0.038 0.279 0.621 0.340 0.068 0.280 0.747 0.320 0.050 0.306 0.630 0.283 0.059 0.296 0.716
Verblized Prob. 0.597 0.132 0.518 0.684 - - - - - - - - - - - -
APRICOT 0.068 0.067 0.143 0.646 0.074 0.078 0.175 0.674 0.071 0.055 0.194 0.699 0.071 0.026 0.200 0.732
(AUC)Calib-1 0.168 0.189 0.221 0.681 0.215 0.226 0.266 0.607 0.401 0.218 0.355 0.712 0.175 0.166 0.224 0.760
(AUC)Calib-n 0.228 0.224 0.247 0.692 0.242 0.248 0.282 0.641 0.276 0.259 0.306 0.675 0.212 0.207 0.242 0.775
(BCE)Calib-1 0.054 0.056 0.137 0.695 0.060 0.050 0.174 0.640 0.075 0.071 0.190 0.719 0.080 0.056 0.196 0.751
(BCE)Calib-n 0.043 0.040 0.136 0.704 0.047 0.044 0.168 0.683 0.056 0.051 0.186 0.729 0.064 0.055 0.184 0.777
(BCE)Calib-n+PS 0.282 0.019 0.218 0.636 0.238 0.043 0.229 0.683 0.221 0.086 0.244 0.729 0.193 0.138 0.238 0.777
(FL)Calib-1 0.044 0.034 0.137 0.692 0.040 0.042 0.174 0.629 0.058 0.057 0.187 0.715 0.055 0.029 0.190 0.757
(FL)Calib-n 0.063 0.063 0.143 0.632 0.043 0.042 0.167 0.684 0.038 0.034 0.183 0.728 0.053 0.050 0.184 0.769
(FL)Calib-n+PS 0.286 0.030 0.221 0.632 0.256 0.044 0.238 0.684 0.210 0.106 0.241 0.728 0.196 0.133 0.236 0.769

G
em

m
a2

-2
b

LLM Prob. 0.279 0.124 0.229 0.758 0.290 0.130 0.244 0.755 0.261 0.152 0.260 0.701 0.240 0.134 0.256 0.646
LLM Prob.+PS 0.382 0.013 0.273 0.705 0.367 0.049 0.270 0.756 0.318 0.052 0.266 0.701 0.301 0.026 0.265 0.646
Verblized Prob. 0.628 0.099 0.551 0.700 - - - - - - - - - - - -
APRICOT 0.056 0.039 0.127 0.694 0.059 0.048 0.142 0.693 0.086 0.042 0.171 0.687 0.071 0.021 0.156 0.755
(AUC)Calib-1 0.215 0.156 0.208 0.716 0.185 0.174 0.220 0.666 0.225 0.199 0.263 0.642 0.167 0.183 0.219 0.763
(AUC)Calib-n 0.269 0.211 0.269 0.714 0.254 0.224 0.269 0.692 0.289 0.259 0.312 0.663 0.267 0.241 0.267 0.785
(BCE)Calib-1 0.043 0.032 0.127 0.683 0.065 0.060 0.146 0.650 0.054 0.032 0.171 0.643 0.071 0.030 0.156 0.765
(BCE)Calib-n 0.054 0.041 0.130 0.688 0.050 0.043 0.144 0.705 0.072 0.068 0.174 0.688 0.096 0.069 0.166 0.782
(BCE)Calib-n+PS 0.309 0.015 0.222 0.679 0.293 0.041 0.227 0.705 0.259 0.065 0.235 0.688 0.265 0.094 0.234 0.782
(FL)Calib-1 0.025 0.034 0.126 0.665 0.040 0.036 0.145 0.645 0.026 0.027 0.169 0.639 0.032 0.033 0.154 0.761
(FL)Calib-n 0.053 0.037 0.130 0.688 0.064 0.033 0.143 0.708 0.044 0.045 0.169 0.682 0.089 0.056 0.163 0.776
(FL)Calib-n+PS 0.312 0.019 0.223 0.688 0.294 0.052 0.228 0.708 0.272 0.068 0.244 0.682 0.273 0.102 0.240 0.776

G
em

m
a2

-9
b

LLM Prob. 0.390 0.230 0.368 0.716 0.396 0.201 0.355 0.746 0.374 0.232 0.377 0.641 0.298 0.207 0.341 0.594
LLM Prob.+PS 0.306 0.095 0.289 0.696 0.309 0.100 0.285 0.746 0.243 0.046 0.284 0.641 0.213 0.029 0.284 0.594
Verblized Prob. 0.547 0.196 0.496 0.695 - - - - - - - - - - - -
APRICOT 0.096 0.099 0.210 0.626 0.084 0.073 0.206 0.646 0.097 0.088 0.234 0.638 0.077 0.076 0.226 0.689
(AUC)Calib-1 0.210 0.218 0.279 0.594 0.192 0.203 0.265 0.604 0.227 0.223 0.299 0.621 0.240 0.236 0.287 0.727
(AUC)Calib-n 0.256 0.257 0.287 0.642 0.219 0.230 0.275 0.649 0.270 0.268 0.311 0.662 0.273 0.272 0.296 0.740
(BCE)Calib-1 0.098 0.087 0.206 0.597 0.048 0.040 0.203 0.616 0.053 0.061 0.223 0.637 0.122 0.120 0.224 0.722
(BCE)Calib-n 0.108 0.075 0.209 0.629 0.093 0.040 0.201 0.674 0.092 0.064 0.224 0.667 0.067 0.072 0.208 0.742
(BCE)Calib-n+PS 0.178 0.035 0.230 0.631 0.180 0.064 0.231 0.674 0.155 0.052 0.247 0.667 0.148 0.107 0.246 0.742
(FL)Calib-1 0.057 0.064 0.203 0.604 0.046 0.042 0.204 0.599 0.024 0.024 0.223 0.634 0.108 0.097 0.221 0.718
(FL)Calib-n 0.091 0.063 0.206 0.621 0.066 0.051 0.196 0.677 0.083 0.044 0.224 0.655 0.067 0.082 0.210 0.736
(FL)Calib-n+PS 0.182 0.030 0.232 0.621 0.199 0.071 0.239 0.677 0.157 0.048 0.249 0.655 0.152 0.096 0.248 0.736

Ph
i3

-4
b

LLM Prob. 0.467 0.145 0.367 0.788 0.436 0.143 0.337 0.767 0.385 0.143 0.319 0.734 0.306 0.026 0.244 0.714
LLM Prob.+PS 0.389 0.017 0.279 0.768 0.400 0.061 0.292 0.767 0.368 0.059 0.296 0.734 0.378 0.077 0.303 0.714
Verblized Prob. 0.593 0.077 0.505 0.751 - - - - - - - - - - - -
APRICOT 0.068 0.038 0.131 0.722 0.066 0.040 0.133 0.758 0.061 0.059 0.162 0.718 0.070 0.028 0.147 0.761
(AUC)Calib-1 0.134 0.148 0.185 0.705 0.129 0.128 0.175 0.732 0.147 0.161 0.204 0.709 0.158 0.153 0.187 0.753
(AUC)Calib-n 0.230 0.215 0.252 0.712 0.273 0.228 0.278 0.699 0.275 0.209 0.282 0.703 0.148 0.146 0.172 0.803
(BCE)Calib-1 0.078 0.049 0.131 0.717 0.050 0.031 0.130 0.756 0.055 0.043 0.161 0.705 0.078 0.050 0.150 0.760
(BCE)Calib-n 0.030 0.032 0.126 0.729 0.062 0.038 0.138 0.731 0.072 0.065 0.171 0.694 0.038 0.038 0.134 0.806
(BCE)Calib-n+PS 0.297 0.030 0.216 0.715 0.297 0.045 0.224 0.731 0.278 0.060 0.242 0.694 0.283 0.113 0.226 0.806
(FL)Calib-1 0.027 0.029 0.124 0.725 0.024 0.016 0.128 0.750 0.020 0.012 0.158 0.704 0.037 0.035 0.144 0.760
(FL)Calib-n 0.040 0.036 0.129 0.712 0.079 0.034 0.139 0.727 0.057 0.050 0.166 0.687 0.041 0.035 0.133 0.812
(FL)Calib-n+PS 0.297 0.022 0.216 0.712 0.309 0.054 0.232 0.727 0.261 0.079 0.235 0.687 0.252 0.107 0.214 0.812

Ph
i3

-7
b

LLM Prob. 0.294 0.166 0.272 0.747 0.303 0.148 0.272 0.758 0.312 0.159 0.310 0.693 0.165 0.036 0.228 0.679
LLM Prob.+PS 0.358 0.023 0.303 0.713 0.333 0.081 0.280 0.758 0.286 0.065 0.286 0.693 0.258 0.074 0.280 0.679
Verblized Prob. 0.484 0.198 0.441 0.710 - - - - - - - - - - - -
APRICOT 0.078 0.073 0.176 0.696 0.079 0.066 0.178 0.702 0.084 0.089 0.212 0.679 0.093 0.067 0.208 0.690
(AUC)Calib-1 0.207 0.209 0.256 0.650 0.224 0.233 0.272 0.656 0.207 0.204 0.274 0.659 0.180 0.171 0.242 0.692
(AUC)Calib-n 0.256 0.253 0.280 0.657 0.263 0.265 0.297 0.639 0.253 0.248 0.295 0.671 0.256 0.256 0.286 0.717
(BCE)Calib-1 0.051 0.057 0.177 0.660 0.030 0.018 0.173 0.688 0.063 0.059 0.209 0.663 0.096 0.078 0.207 0.700
(BCE)Calib-n 0.069 0.058 0.176 0.670 0.052 0.046 0.176 0.682 0.084 0.063 0.205 0.676 0.105 0.103 0.207 0.711
(BCE)Calib-n+PS 0.223 0.021 0.227 0.666 0.227 0.035 0.231 0.682 0.194 0.081 0.243 0.676 0.200 0.076 0.247 0.711
(FL)Calib-1 0.044 0.039 0.177 0.647 0.022 0.007 0.173 0.682 0.035 0.034 0.206 0.655 0.074 0.063 0.205 0.697
(FL)Calib-n 0.059 0.056 0.177 0.658 0.047 0.052 0.176 0.676 0.074 0.052 0.208 0.655 0.090 0.089 0.203 0.714
(FL)Calib-n+PS 0.224 0.021 0.228 0.658 0.241 0.032 0.238 0.676 0.191 0.081 0.247 0.655 0.192 0.075 0.244 0.714

Table 9: Test results of small-size models on NQ dataset.
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Abstract. Large language models (LLMs) can increase users’ perceived
trust by verbalizing confidence in their outputs. However, prior work has
shown that LLMs are often overconfident, making their stated confidence
unreliable since it does not consistently align with factual accuracy. To
better understand the sources of this verbalized confidence, we introduce
TracVC (Tracing Verbalized Confidence), a method that builds on infor-
mation retrieval and influence estimation to trace generated confidence
expressions back to the training data. We evaluate TracVC on OLMo
and Llama models in a question answering setting, proposing a new
metric, content groundness, which measures the extent to which an LLM
grounds its confidence in content-related training examples (relevant to
the question and answer) versus in generic examples of confidence verbal-
ization. Our analysis reveals that OLMo2-13B is frequently influenced by
confidence-related data that is unrelated to the query, suggesting that
it may mimic superficial linguistic expressions of certainty rather than
rely on genuine content grounding. These findings reveal a fundamental
limitation in current training regimes: LLMs may learn how to sound
confident without learning when confidence is justified.

Keywords: Training Data Retrieval · Influence Functions · Explainability
· Uncertainty Estimation · LLMs.

1 Introduction

Verbalized confidence (VC) in large language models (LLMs) is increasingly used
to estimate the certainty of their generated outputs to improve transparency and
user trust [5,23,45]. However, recent studies have shown that LLMs frequently
exhibit overconfidence, which is not aligned with factual accuracy, resulting in the
poor reliability of their expressed confidence [36,48,50,55]. This finding leads to a
foundational question: what drives confidence in LLMs, and do LLMs understand
the intended meaning of expressing confidence?

In this paper, we investigate the origins of verbalized confidence in LLMs by
examining the role of training data. Specifically, we ask: Do LLMs ground
their confidence in lexically relevant, content-related training examples,
or are they more influenced by superficial, confidence-related cues?
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Fig. 1: The workflow of TracVC. We first retrieve the top 10 relevant samples for
content (question q and answer a) and confidence (prompt p and confidence c)
segment in the test sample. Then, we compute and compare the influence score
regarding the confidence generation for content- and confidence-related samples.

To address this question, we propose TracVC (shown in Fig. 1), a method
for tracing verbalized confidence back to its influential training data. For each
test instance, which consists of a content segment (question and LLM answer)
and a verbalized confidence segment, TracVC retrieves two sets of top 10 relevant
training examples: one that is lexically similar to the content and another that
is similar to the confidence expression. Then, TracVC estimates the influence
of the retrieved examples on the model’s confidence generation by adapting the
gradient-based attribution method TracIn [39]. After comparing the influence
of these two sets, TracVC reveals whether content-related or confidence-related
training data plays a greater role in shaping the model’s verbalized confidence.

We apply our method to 11 open-source LLMs with publicly available train-
ing corpora, including OLMo [38], Llama [14] instruction models, and their
corresponding checkpoints trained with different post-training techniques (e.g.,
direct preference optimization [40]). Those models are evaluated on five question
answering benchmarks. To quantify the extent to which content-related training
data outweighs confidence-related data in shaping verbalized confidence, we
introduce content groundness as a new metric, defined as the proportion of
cases where content-related examples dominate over confidence-related ones. Our
results demonstrate that:

1. LLMs, especially the OLMo2-13B model, can be influenced by confidence-
related training examples that are unrelated to the question, often latching
onto keywords like “confidence” regardless of context. This suggests that
they do not fully ground their confidence in content-related information, but
instead learn to mimic linguistic markers of certainty.

2. Larger LLMs do not demonstrate higher content groundness than smaller
ones. We hypothesize that larger models, due to their higher capacity, may
be more sensitive to stylistic or superficial patterns in training data.

3. Content groundness is higher when tested on samples that are all correctly
answered by the evaluated LLM. We hypothesize that LLMs are likely to
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ground more on content-related examples if they have seen those examples
during training.

4. Post-training techniques can impact content groundness in the opposite
direction on different LLMs.

These findings highlight a fundamental limitation in current training regimes:
LLMs may learn to sound confident without understanding when
confidence is warranted. Our work introduces a data-driven perspective of
model confidence, offering insights that can guide future training approaches
toward improving the trustworthiness of model confidence. 4

2 Related Work

Trustworthiness of Verbalized Confidence in LLMs. Verbalized confidence offers a
convenient way for users to gauge the trustworthiness of LLM outputs [13,45,50].
Empirical evidence suggests that moderate confidence expressions can foster
higher user trust, satisfaction, and task performance than either high or low
confidence levels [51]. However, recent studies show that LLMs often exhibit
overconfidence in their answers [17,48,49,50,55], a mismatch between expressed
certainty and factual correctness that can undermine user trust. Explaining
verbalized confidence is thus crucial.

Retrieving Influential Training Data for Explanation. Gradient-based influence
estimation methods [2,3,7,21,26,31] provide an alternative to leave-one-out re-
training for studying the effect of individual training examples on model behavior.
Those methods can broadly be grouped into two categories: (1) First-order ap-
proaches, such as TracIn [39], which measure gradient similarity between training
examples and test predictions; and (2) Hessian-based approaches, such as DataInf
[29], are potentially more precise, however, while several adaptations make such
methods more scalable [4,18,42], they are still computationally prohibitive for
large-scale LLMs. To address scalability, information retrieval-based influence
estimation methods [12,33], such as OLMoTRACE [33], retrieve lexically similar
training examples under the assumption that they are likely to influence predic-
tions. While efficient, such methods rely on surface-level token overlap and do not
leverage internal model states as gradient-based influence estimation methods.
Other approaches [8,24] train models explicitly to report their influential data,
but these require additional training and are unsuitable for our setting. Our
proposed method, TracVC, utilizes both information retrieval techniques [12] and
the gradient-similarity-based method TracIn [39] to analyze how training data
influences LLMs’ confidence expression, which combines the strengths of both
methods and thus is efficient to apply while considering internal model states.

Explaining Verbalized Confidence of LLMs. Existing work has primarily examined
verbalized confidence through the lens of its alignment with internal model
4 Source code is available at https://github.com/Yuuxii/training_data_confidence/.
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probabilities [27,36] or with human confidence [44]; others [50,52,54] investigate
prompting strategies or calibration techniques aimed at improving the reliability
of the expressed confidence. While these approaches provide useful insights into
the surface behavior of LLMs, they do not address a deeper question: what role
does the training data play in shaping verbalized confidence? Our work fills this
gap by tracing verbalized confidence back to influential training samples, thereby
offering a data-centric perspective on the sources of LLM confidence.

3 Methodology

The workflow of our proposed TracVC is shown in Fig. 1. TracVC identifies which
types of training data, i.e., content-related or confidence-related data, are more
influential for verbalized confidence in LLMs. The following sections explain our
prompt design, the information retrieval mechanism to retrieve related data for
content and confidence from the training corpus, and finally, the method we use
to estimate the influence score of the retrieved data.

3.1 Prompt Design

We use a two-stage prompt inspired by Tian et.al. [45] for obtaining verbalized
confidence. The first-stage prompt contains the question q for an LLM M to
generate (⇠) the answer a (a ⇠ M(q)). The specific prompt is “Answer the

question, give ONLY the answer, no other words or explanation: < q >”. The
second-stage prompt consists of a confidence prompt p to require M to provide
a probability for its generated answer. The specific prompt p is “Provide the

probability that your answer is correct. Give ONLY the probability between 0.0

and 1.0, no other words or explanation”. Finally, M generates the verbalized
confidence c regarding content a and q, formulated as: c ⇠ M(q, a, p).

3.2 Relevant Training Data Retrieval

We want to verify whether content-related training data that contains information
of question and answer is more influential than confidence-related training data
that mostly contains superficial confidence cues. For a given test instance, we
retrieve two sets of training examples: a set of content-related samples T =
{dt1, ..., dt10}, based on lexical similarity to the question q and answer a, and a
set of conf idence-related samples F = {df1 , ..., d

f
10} based on similarity to the

confidence prompt p and verbalized confidence c (samples in Fig. 2).
Specifically, we analyze pre-training data (Pre) and post-training data (Post)

separately, as they differ in format and serve distinct training objectives. For the
pre-training corpus, we retrieved examples using the inverted index over model
pre-training data provided by Elazar et al. [12]. For the post-training corpora, we
constructed our own inverted index with an Elasticsearch cluster, following the
setup of Elazar et al. [12]. To identify relevant examples, we issued multi-match
queries in best fields mode across all indexed fields. Ranking was performed with
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Elasticsearch’s default scoring function, BM25 [11,41], using default parameters
(k1 = 1.2, b = 0.75). For each query, we retrieved the top 10 training examples
ranked by relevance score.

3.3 Training Data Influence Estimation

Having obtained the content-related and confidence-related sets of examples,
we now introduce the method to test which set more strongly influences a lan-
guage model’s confidence generation. Following TracIn [39], our method performs
efficient point-wise comparisons of loss gradients with respect to the model pa-
rameters (r`(w, ·)), enabling our analysis to scale to large pre-training corpora.
Specifically, we estimate the influence of a training sample d on the model’s
generated confidence c, denoted as  (d|c), by computing the cosine similarity
between loss gradients. One gradient is obtained by evaluating the loss on the
training sample d, while the other is computed by evaluating the loss on the
completion (q, a, p, c). The formula to get  (d|c) is:

 (d|ci) = r`(w,d)·r`(w,(qi,ai,p,ci))
kr`(w,d)k·kr`(w,(qi,ai,p,ci))k . (1)

Although TracIn uses dot product as a similarity measure, we use cosine similarity
following previous work [19,20,37,47] to reduce the impact of gradient magnitude
on our score, and compute the gradient with respect to the model’s input
embeddings w [53]. Note that the influence score captures information beyond
the word embedding layer, as the gradient also chains through higher layers [53].

Influence Estimation without Verbalized Confidence. To validate our score’s
robustness to variations in the model’s self-reported confidence, we also report
results for experiments where we omit the verbalized confidence c from the
completion (q, a, p). This computed influence score is then defined as:

 ¬c(d|ci) = r`(w,d)·r`(w,(qi,ai,p))
kr`(w,d)k·kr`(w,(qi,ai,p)k . (2)

3.4 Experimental Setup

Our experiments require knowledge about the training data of LLMs. Thus,
we mainly study OLMo models [15,38] that provide publicly available pre-
and post-training data. Those OLMo models span different model sizes and
released versions: OLMo2-13B INS (OLMo-2-1124-13B-Instruct), OLMo2-7B
INS (OLMo-2-1124-7B-Instruct), OLMo-7B INS(OLMo-7B-Instruct-hf). Ad-
ditionally, we include Llama-3.1 [14] ( Llama-3.1-Tulu-3-8B [30]), which was
post-trained with publicly available data. For each model, we also evaluate its
checkpoints after post-training with supervised-fine-tuning (SFT), direct prefer-
ence optimization (DPO) [40], and reinforcement learning with verified reward
(RLVR) [38]. Our studied benchmark datasets are Natural Question (NQ) [28],
SicQ [46], TriviaQA [22], PopQA [35] and TruthfulQA [32]. Each of the first four
datasets contains 1,000 randomly selected samples, and TruthfulQA has 817. We
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employ the vLLM [9] library for LLM inference and serving. All LLMs are set
with a temperature of 0 to ensure consistent outputs. Experiments are conducted
on NVIDIA HGX H100, requiring a total of approximately 642 GPU hours.

OLMo2-7B INS
Frank Lee Morris 0.9

[Source: Pre, Inf. score: 0.229]
Only the Morris family knows the real story of the escape

from Alcatraz Island by Frank Morris and the Anglin
Brothers. But now the story will be told. I believe that the man

in this video Bud Morris could be the real Frank Morris...

The Most Influential Sample is from content-related Set

OLMo2-13B INS

Provide a probability for your answer between 0-1.
John Anglin

0.8

[Source: Pre, Inf. score: 0.011]
  ... If true, the recognizer will not return any further hypotheses

about this piece of the audio. May only be populated for
messagetype = TRANSCRIPT. The Speech confidence
between 0.0 and 1.0 for the current portion of audio ...

The Most Influential Sample is from confidence-related Set

Who was the person who escaped from Alcatraz?

OLMo-7B INS
Frank Morris & the Three Stooges 1.0

[Source: Pre, Inf. score: 0.271] 
Escapers such as Frank Lee Morris and John and

Clarence Anglin, who are known to have entered the water last
June...The real escape from Alcatraz took place on June 11,

1962, when burglar/robber Frank Lee Morris led bank robbers
John and Clarence Anglin off ...

The Most Influential Sample is from content-related Set

Provide a probability for your answer between 0-1.
Blaxploitation

0.9

What genre is Foxy Brown?

[Source: Pre, Inf. score: 0.113]
 Blaxploitation have altered the ideas of African-American
female representation in which characters like Foxy Brown

have assumed masculine traits, ... which Blaxploitation gave
society the masculine female... These traits are later translated

into the dominate characters ... Foxy Brown (1974)... 

The Most Influential Sample is from content-related Set

[Source: Pre, Inf. score: 0.472]
…I haven’t heard anything from Foxy Brown or the rap/urban
community about the song Put It Up… I don't know if there are

future collaborations with Foxy to be aired in the rap community,
hopefully...

The Most Influential Sample is from content-related Set

[Source: Pre, Inf. score: 0.353] 
Which way is correct to write confidence intervals: ...how

confidence intervals (CI) are presented. .. which one is
correct: either CI {95%} = [14.7,19.9], or CI {95%} =

(14.7,19.9). .. the right way is to write the answer, which is in
square brackets: CI {95%} = [0.7, 1.0]... 

The Most Influential Sample is from confidence-related Set

Rap 0.9

Hip hop and rap 95%

[Source: Post, Inf. score: 0.029]
 User: This task is about identifying the object of a given 
 sentence. The object of a sentence is the person … New 
 input case for you: Alcatraz Versus the Evil Librarians is 
 published in Hardcover. 
 Assistant: Hardcover   

The Most Influential Sample is from content-related Set
[Source: Post, Inf. score: 0.106]

 User: How can I randomly change the frequency every second 
 in this audio …
 Assistant: ...check out…formula main { float output = input;    
 return sin(2*3.14*440/(1/TIME)); } …elapsedTime = 0.0; float 
 frequency = 440.0; // Starting frequency...

The Most Influential Sample is from confidence-related Set

[Source: Post, Inf. score: 0.130]
 User: summarize this in one or two sentences:  The V. C. 
 Morris Gift Shop … was designed by Frank Lloyd Wright in 
 1948. … worked with Frank Lloyd Wright.
 Assistant: Frank Lloyd Wright's V.C. Morris Gift Shop …   

The Most Influential Sample is from content-related Set

[Source: Post, Inf. score: 0.405]
 User: What genre is the song "Boogie Wonderland"? Options: 
 Rap, Country, Techno, Disco, or Funk. 
 Assistant: Disco 

The Most Influential Sample is from content-related Set

[Source: Post, Inf. score: 0.270]
 User: When you give an answer to a question, can you 
 estimate the confidence level of a fact upon request? ... What 
 is the capital of Portugal? 
 Assistant:  Lisbon.
 User: ... probability that your answer 'Lisbon' is correct? 
 Assistant: close to 100%

The Most Influential Sample is from confidence-related Set

              [Source: Post, Inf. score: 0.346]
  User: ... guess what time it is now.
  Assistant: ... my guess is ... 12:23 PM. Is that correct?
  User: ... they were 100% accurate ...

The Most Influential Sample is from confidence-related Set

Fig. 2: Examples of the most influential training samples for different LLMs when
generating confidence. Retrieved samples come from pre-training (Source: Pre)
and post-training (Source: Post) corpora. Ground-truth answers in bold.
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4 Influence Analysis of Retrieved Training Data

We analyze the influence of retrieved data examples on model confidence predic-
tions by presenting (1) a case study of the most influential training documents
retrieved from pre-training and post-training data, (2) an overview of the propor-
tion of the source training data for the most influential retrieved data examples,
and (3) an overall statistical summary of influence scores.

Case Study of the Most Influential Training Data. Fig. 2 shows the training
examples with the highest estimated influence scores for two test samples. We
observe that different LLMs rely on different types of examples when generating
confidence estimates. For the first example (“Who was the person who escaped

from Alcatraz?"), all models are most influenced by content-related documents.
However, for OLMo2-13B-INS, the top post-training example is irrelevant to the
question or task, yielding a low influence score (0.029). By contrast, the most
influential examples for the other two OLMo models come from pre-training
data and are highly relevant, with influence scores exceeding 0.2. In contrast, for
the second test example (“What genre is Foxy Brown?”), confidence-related
examples get an influence score above 0.3 for OLMo-7B INS. This case study
demonstrates that LLMs can be affected by content-unrelated training
examples that contain superficial cues, such as the keyword “confidence”.

Fig. 3: Proportion of sources of the most influential training examples for each
test sample. The most influential example has the highest influence score among
all retrieved examples from both pre-training and post-training corpora. E.g.,
Pre-Content denotes a content-related example from the pre-training corpus.

Source of the Most Influential Examples. Fig. 3 shows that more than half of the
most influential data for OLMo2-13B and OLMo-7B comes from the confidence-
related example of pre-training data, while for OLMo2-7B, the biggest portion is
from content-related data. We also observe that post-training is more influential
for OLMo-7B and OLMo2-7B, but an opposite trend applies to OLMo2-13B.
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(a) Pre-training data.

(b) Post-training data.

Fig. 4: Distribution of mean and standard deviation of influence scores across the
10 retrieved training examples for each test sample. Each point is a test sample.

Overall Influence Statistics. Fig. 4 shows the distribution of influence scores across
models. Overall, we find similar patterns between pre-training and post-training
data. For OLMo2-13B, the mean influence scores of the top 10 content-related
examples are higher than those of confidence-related examples, which contradicts
the earlier study based on the proportion of the most influential example. OLMo-
7B shows substantial overlap between content- and confidence-related scores,
while OLMo2-7B contains a larger proportion of content-related examples with
higher mean scores. Notably, OLMo2-13B-INS differs from the other models by
exhibiting a sizable proportion of content-related examples with relatively low
mean influence scores. These results suggest that relying solely on the most
influential examples can be misleading. Examining aggregate statistics
across the top retrieved examples provides a more comprehensive view of how
LLMs ground their confidence in content- versus confidence-related training data.
The following sections aim to achieve this goal.

5 Explaining Verbalized Confidence of LLMs with Content
Groundness

Although the previous sections provide detailed case studies and statistical analy-
ses of influence score distributions of the retrieved data, they do not fully examine
how to assess the extent to which LLMs ground their verbalized confidence in
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content-related documents, nor the factors that impact such grounding. To fill
this gap, the following section introduces a new metric for quantifying content
groundness and analyzes its contributing factors, thereby offering deeper insights
into the mechanisms underlying verbalized confidence.

5.1 Measurement of Content Groundness

We define content groundness as the property whereby content-related train-
ing data exerts a greater influence than confidence-related data on confidence
generation. To quantify groundness, we introduce ccr (Content-over-Confidence
Ratio), defined as the winning counts ratio between the content-related set T
and confidence-related set F . Intuitively, a higher ccr indicates that the model’s
confidence is more strongly driven by lexically relevant content rather than by
potentially misleading confidence cues in the prompt. Assume our test data
contains n questions, ccr is computed by:

ccr =

Pn

i=0

P
dt2Ti,d

f2Fi
1( (dt|ci)> (df |ci))Pn

i=0

P
dt2Ti,d

f2Fi
1( (dt|ci)< (df |ci))

. (3)

We define our score as a ratio to capture relative rather than absolute importance,
and use it for analysis at the aggregate level, rather than to assess individual
instances. We take this approach because individual point-wise influence mea-
surements, while inexpensive, can be noisy and have been shown to sometimes
poorly predict re-training effects for deep models not trained to convergence
[1,2,16]. Specifically, ccr aims to provide a balanced view of influence across
content-related and confidence-related training data: It reduces the bias intro-
duced by documents with extreme (the highest/lowest) influence scores while still
capturing variation among the top 10 most relevant documents. For comparison,
we also compute content groundness in the absence of verbalized confidence.
This variant, denoted as ccr¬c, is defined analogously using influence estimates
obtained without the confidence component (see Equation 2):

ccr¬c =

Pn

i=0

P
dt2Ti,d

f2Fi
1( ¬c(dt|ci)> ¬c(df |ci))Pn

i=0

P
dt2Ti,d

f2Fi
1( ¬c(dt|ci)< ¬c(df |ci))

. (4)

Interpretation of Content Groundness Score. When ccr (or ccr¬c) > 1, the
examined LLM grounds more on content-related training data, whereas ccr (or
ccr¬c) < 1 indicates stronger grounding in confidence-related data. We interpret a
higher content groundness score as indicating that the model’s confidence is more
influenced by lexically relevant content. However, the threshold for determining
whether the confidence of an LLM can be considered trustworthy is subjective
and often depends on the specific domain or task. For instance, in high-stakes
domains such as medicine, one might require a much higher level of reliability
and consider a score of 1.2 insufficient.
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Table 1: Result of LLMs’ content groundness measured with ccr and ccr¬c on
different datasets. We also aggregate all the retrieved data from pre-training and
post-training to compute ccr scores for Pre+Post. Values inside parentheses are
insignificant (p>0.05) in their mean influence score difference between sets.

INS Data NQ SciQ TriviaQA TruthfulQA PopQA All

Model Source ccr ccr¬c ccr ccr¬c ccr ccr¬c ccr ccr¬c ccr ccr¬c ccr ccr¬c

OLMo2-13B
Pre 0.76 0.75 0.71 0.71 0.84 0.82 0.73 0.70 0.74 0.73 0.75 0.74
Post 0.78 0.73 0.85 0.85 0.85 0.79 0.80 0.70 0.74 0.71 0.80 0.75
Pre+Post 0.77 0.75 0.78 0.78 0.84 0.81 0.77 0.70 0.74 0.72 0.78 0.75

OLMo2-7B
Pre 1.08 1.07 1.01 (1.02) 1.17 1.22 1.43 1.54 1.02 1.06 1.12 1.15
Post 1.85 1.95 1.63 1.52 1.73 1.87 1.67 1.84 1.74 1.71 1.72 1.77
Pre+Post 1.43 1.43 1.32 1.25 1.45 1.49 1.56 1.65 1.37 1.32 1.42 1.41

OLMo-7B
Pre 1.22 1.22 (0.95) (0.96) 1.08 1.08 1.30 1.29 1.06 1.06 1.11 1.11
Post 1.28 1.30 1.17 1.18 1.29 1.34 1.25 1.33 1.15 1.18 1.22 1.26
Pre+Post 1.25 1.25 1.05 1.05 1.18 1.19 1.27 1.30 1.10 1.11 1.16 1.17

Fig. 5: Pearson correlation between content groundness and task accuracy. Each
data point reflects the accuracy of the dataset and the ccr score evaluated with this
dataset. Each dataset is evaluated with three settings (pre, post and pre+post),
thus these three settings can have different ccr scores but the same accuracy.

5.2 What Factors Impact Content Groundness?

Table 1 and Fig. 5-7 show the results of different OLMo and Llama models
evaluated on five benchmark datasets. We observe from Table 1 that the differences
between ccr and ccr¬c scores are small, suggesting that our method is robust
to variations in the model’s self-reported confidence.

Larger Models Are Not More Content-grounded. As shown by Table 1, confidence
generation in OLMo2-13B INS is more influenced by confidence-related training
data (ccr < 1), while content-related data plays a greater role in smaller-sized
models OLMo-7B and OLMo2-7B INS models (ccr > 1). One possible explanation
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Fig. 6: Pearson correlation between content groundness and sample correctness
with density estimation plot [43] (Gaussian kernel). We split the samples of each
dataset into a correct set (accuracy = 1) and an incorrect set (accuracy = 0).
Each point presents one set and its corresponding ccr score.

Fig. 7: Impact of different post-training schemes on the content groundness. We
plot the training stages of the same model over time. The examined training
samples are from the post-training data of the corresponding model. We include
models of Llama3-8B as their post-training data are publicly available.

is that larger models, due to their higher capacity, are more sensitive to stylistic
or superficial patterns in training data, such as linguistic markers of certainty,
while smaller, less expressive models rely more directly on content-aligned signals.

Content Groundness Is Not Correlated with Task Accuracy, but can be impacted

by sample correctness.
5 As shown in Fig. 5, the correlations between content

groundness and task accuracy are only moderate (Pearson’s r > 0.3) [10] and not
statistically significant (p > 0.05). This suggests that content groundness is not
correlated with task accuracy. However, we observe a significantly high correlation
between content groundness and sample correctness on OLMo2-13B INS from
Fig. 6. Even though this observation does not generalize to other smaller OLMo
models. We hypothesize that when LLMs answer correctly, they may be drawing
upon training examples that are similar to the input, leading them to ground
their expressed confidence more heavily in content-relevant information.
5 Following previous work [6,34,45,48], we use LLM-as-a-Judge, Prometheus-8x7b-v2.0

[25], to assess the semantical equivalence of the generated answers and ground truths.
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Post-training Schemes Can Impact Content Groundness. Fig. 7 demonstrates
that the impact of post-training schemes on content groundness can be opposite
on different models. E.g., DPO or RLVR improves the content groundness for
OLMo-7B and Llama3-8B but not for OLMo2-13B and OLMo2-7B models. We
also observe that post-training schemes generally do not reverse the content
groundness results, i.e., scores are either all under one or above one, which
may indicate that pre-training schemes are more likely to determine if content
groundness is greater than 1.

6 Discussions

This section offers a discussion aimed at deepening the understanding of our
method and addressing the limitations.

Practical Constraints. Our findings are constrained to a limited set of LLMs,
primarily the OLMo and Llama families, due to restricted access to the pre-
training and post-training data of other proprietary models. Since TracVC relies
on analyzing training data influence, the lack of transparency and availability
of training data for widely used commercial LLMs (e.g., GPT-5) limits the
generalizability of our conclusions. Note that this is not a weakness of our method
but rather a practical constraint. Future work could extend this analysis as more
open-source models and datasets become available.

Simplified Separation of Content- and Confidence-Related Influences. TracVC
approximates content- and confidence-related influences using two disjoint sets
of retrieved documents. In practice, these influences may overlap, and a single
training example may encode both content- and confidence-related signals. Our
decomposition should thus be viewed as a coarse-grained approximation rather
than a strict separation of internal model mechanisms.

Limited Coverage of Studied Samples and Influence Estimation Methods. Our
retrieval stage relies on BM25-based lexical matching, which emphasizes surface-
level word overlap. As a result, semantically relevant but lexically dissimilar
training examples may be omitted, while examples with shared keywords but
limited relevance may be retrieved. Consequently, our influence estimates are
confined to a retrieval-constrained subset of the training data rather than the
full corpus. We choose to retrieve a fixed number of training examples (k =
10) per category. Although this choice balances computational efficiency and
interpretability, it is inherently heuristic and may lead to variability in the
estimates. Furthermore, we employ a gradient-based influence estimation method
adapted from TracIn for scalability. While this approach is well grounded in prior
work, we do not compare it against alternative influence estimation techniques,
such as Hessian-based methods, which may offer greater precision but do not
currently scale to LLMs of the size considered in this study. Overall, our method
should be viewed as an initial step toward understanding training-data
origins of verbalized confidence, rather than a comprehensive solution.
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7 Conclusion

LLMs often exhibit overconfidence, raising the question of whether their confi-
dence is grounded in content-relevant training data. In this paper, we introduced
TracVC, a method for tracing the origins of LLM confidence back to specific
types of training examples. Our analysis shows that OLMo2-13B models are more
influenced by confidence-related than content-related data when estimating confi-
dence, revealing a potential source of miscalibration and risk to trustworthiness.
We also find that larger LLMs are not necessarily more content-grounded, and
that content groundness can be affected by sample correctness and the extent
of post-training. These findings underscore the need for future research on how
pre-training and fine-tuning strategies shape confidence grounding, with the
ultimate goal of developing models whose confidence reliably reflects content.

More broadly, TracVC offers a general, data-centric approach for interpreting
LLM behavior through the lens of training data influence, and can be extended
to study other aspects of model behavior, such as answer selection and rea-
soning patterns. We view TracVC as an initial step toward training-data-level
explanations for more transparent and trustworthy LLMs.

Appendix

Table 2: Details of the pre- and post-training data. Given the massive scale of
the pre-training corpus, we do not construct our own index but instead rely on
the publicly available index provided by Elazar et al. [12] that builds on Dolma.

Model Pre-training Data Post-training Data

OLMo2-13B INS dolma v1.7 tulu-3-sft-olmo-2-mixture, olmo-2-1124-13b-preference-mix, RLVR-MATH
OLMo2-13B-DPO dolma v1.7 tulu-3-sft-olmo-2-mixture, olmo-2-1124-13b-preference-mix
OLMo2-13B-SFT dolma v1.7 tulu-3-sft-olmo-2-mixture
Llama3-8B-INS - tulu-3-sft-mixture, RLVR-GSM-MATH-IF-Mixed-Constraints
Llama3-8B-DPO - tulu-3-sft-mix, llama-3.1-tulu-3-8b-pref-mix, llama-3.1-tulu-3-8b-pref-mix
Llama3-8B-SFT - tulu-3-sft-mixture
OLMo2-7B-INS dolma v1.7 tulu-3-sft-olmo-2-mixture, olmo-2-1124-7b-preference-mix, RLVR-GSM
OLMo2-7B-DPO dolma v1.7 tulu-3-sft-olmo-2-mixture, olmo-2-1124-7b-preference-mix
OLMo2-7B-SFT dolma v1.7 tulu-3-sft-olmo-2-mixture
OLMo-7B-INS dolma v1.7 tulu-v2-sft-mixture, ultrafeedback-binarized-cleaned
OLMo-7B-SFT dolma v1.7 tulu-v2-sft-mixture
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Abstract

Confidence estimation (CE) indicates how re-
liable the answers of large language mod-
els (LLMs) are, and can impact user trust
and decision-making. Existing work evalu-
ates CE methods almost exclusively through
calibration, examining whether stated confi-
dence aligns with accuracy, or discrimination,
whether confidence is ranked higher for cor-
rect predictions than incorrect ones. However,
these facets ignore pitfalls of CE in the context
of LLMs and language variation: confidence es-
timates should remain consistent under seman-
tically equivalent prompt or answer variations,
and should change when the answer meaning
differs. Therefore, we present a comprehen-
sive evaluation framework for CE that measures
their confidence quality on three new aspects:
robustness of confidence against prompt per-
turbations, stability across semantic equivalent
answers, and sensitivity to semantically differ-
ent answers. In our work, we demonstrate that
common CE methods for LLMs often fail on
these metrics: methods that achieve good per-
formance on calibration or discrimination are
not robust to prompt variations or are not sensi-
tive to answer changes. Overall, our framework
reveals limitations of existing CE evaluations
relevant for real-world LLM use cases and pro-
vides practical guidance for selecting and de-
signing more reliable CE methods.

1 Introduction

Large Language Models (LLMs) are increasingly
effective at answering fact-based questions across
domains such as medicine, law, and education
(Alqahtani et al., 2023; Alfertshofer et al., 2024;
Xiao et al., 2025). In these high-stakes settings,
it is paramount to improve user trust and support
safer human–AI interactions (Kadavath et al., 2022;
Zhang et al., 2024) in order to avoid harm and pro-
duce positive outcomes. To this end, confidence
estimation (CE; Kadavath et al., 2023; Tian et al.,

2023; Chen and Mueller, 2024) indicates how cer-
tain and therefore reliable a model’s answer is.

Existing CE work (Guo et al., 2017; Osawa
et al., 2019; Ovadia et al., 2019; Groot and Valdene-
gro Toro, 2024; Ni et al., 2025; Xiong et al., 2024)
mainly focus on evaluating calibration (whether
stated confidences match expected model accu-
racy), or discrimination (whether it ranks the right
answers higher than the wrong ones). Compared
to prior work in machine learning and much of the
existing literature in natural language processing,
this line of research overlooks a key property of
language (models): Language is extremely vari-
able, and while the surface form, i.e. a particular
choice of words, might change, the meaning of an
expression can stay untouched (Baan et al., 2023).
However, a method may be well-calibrated yet pro-
duce confidence values that fluctuate under minor
prompt variations (Xia et al., 2025a), or fail to
distinguish between semantically equivalent and
different answers, rendering it less useful in real-
life scenarios such as user-facing QA, where the
prompt variation are large across users.

This paper presents a more comprehensive evalu-
ation paradigm for CE methods in LLMs based on
language variation, including three novel aspects
in addition to calibration: Intuitively, these check
whether confidence estimates stay constant when
only the surface form changes, and test whether es-
timates differ with a change in the underlying mean-
ing. Specifically: Robustness (P-RB) measures
whether CE methods give consistent confidence
estimates for the same answer when prompted in
different but semantically equivalent ways. Fur-
ther, Stability (A-STB) requires CE methods to
assign consistent confidences to semantically equiv-
alent answers, and sensitivity (A-SST) measures
whether confidence estimates change when the an-
swer differs in content. In summary, our contribu-
tions are:
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• We propose three complementary metrics (ro-
bustness, stability, and sensitivity) that go be-
yond calibration to provide a more compre-
hensive evaluation of CE methods for LLMs;

• Using these metrics, we conduct an extensive
evaluation of five diverse CE methods across
nine LLMs from five model families;

• Our results show that strong calibration or
ranking performance does not guarantee ro-
bustness to prompt perturbations or effective
discrimination between equivalent and differ-
ent answers, highlighting important limita-
tions of existing CE evaluations;

• We analyze how different CE methods trade
off robustness, stability, and sensitivity, and
discuss their implications for method selection
under different evaluation priorities.

2 Related Work

Confidence Estimation in LLMs. CE has
emerged as a crucial research direction for improv-
ing user trust and model interpretability (Tian et al.,
2023; Chen et al., 2024; Geng et al., 2024). Cur-
rently, there are six common approaches (Geng
et al., 2024; Shorinwa et al., 2025; Vashurin et al.,
2025) to estimating LLM confidence: (1) logit-
based, such as token-level probability (Zhu et al.,
2023; Huang et al., 2025); (2) linguistic confidence
(Mielke et al., 2022; Lin et al., 2022; Xiong et al.,
2024; Ulmer et al., 2025), which elicits verbal-
ized confidence directly from the model; (3) self-
evaluation (Kadavath et al., 2022) such as P(True),
where a model judges the correctness of its own
answers; (4) auxiliary-based methods (Ulmer et al.,
2024; Xia et al., 2025a), which employ an auxil-
iary model trained to predict the confidence of a
target LLM based on answer content and predicted
correctness; (5) probes (Liu et al., 2024; Burns
et al., 2023; Kadavath et al., 2022), which comprise
smaller, often linear classifiers trained on inter-
nal model representations. Lastly, (6) consistency-
based methods (Lin et al., 2024; Manakul et al.,
2023; Xiong et al., 2024) rely on multiple stochas-
tic generations obtained by prompting the LLM
with loose temperatures and diverse prompts. Con-
fidence is then estimated based on the similarity or
frequency of the generated outputs. However, these
methods are expensive in practice due to the need
for multiple generations. Since our proposed met-
rics themselves rely on comparing the confidence

of multiple different responses under perturbation,
consistency-based methods are not applicable in
our framework, and we focus on computationally
cheaper, single-pass CE methods instead.

Evaluation of Confidence Estimators. LLMs
are typically evaluated using task-level metrics
(Le Bronnec et al., 2024; Moe et al., 2025; Xia et al.,
2025b), which are not suitable for CE methods.
Instead, calibration metrics, including ECE (Guo
et al., 2017) and its variants (Kumar et al., 2019;
Nixon et al., 2019; Kirchenbauer et al., 2022; Bła-
siok and Nakkiran, 2024), and Brier score (Brier,
1950), are used to measure the alignment between
predicted confidence and actual correctness (Groot
and Valdenegro Toro, 2024; Zhou et al., 2024;
Stengel-Eskin and Durme, 2023). Ranking-based
metrics such as AUROC and AUPRC (Bradley,
1997) further evaluate whether CE methods can dis-
tinguish correct from incorrect responses (Vazhent-
sev et al., 2022; Tian et al., 2023; Ulmer et al.,
2024), in-distribution from out-of-distribution in-
puts (Ovadia et al., 2019; Charpentier et al., 2020;
Ulmer et al., 2022), or whether loss correlates with
decreased confidence (Ulmer et al., 2022). How-
ever, existing metrics do not assess the robustness
of CE methods to prompt perturbations, as stud-
ied for LLM outputs for instance by ProSA (Zhuo
et al., 2024), or their ability to distinguish between
similar and dissimilar responses.

3 Background

In the following, we discuss the necessary prelim-
inaries and supply a motivating example for our
new CE metrics. In the rest of the paper, we use x
to denote an input sequence to an LLM, y a model
generation or response and y⇤ as the intended or
correct response for x. In cases where there might
exist multiple correct responses, we denote the cor-
responding set by Y⇤. In addition, a prompt to the
language model is denoted as t. Then, we write a
confidence estimator as a function f that predicts a
confidence value c conditioned on x, y and t, writ-
ten c = f(y,x, t) as a shorthand. So in the case
of sequence likelihood, f would involve passing x
and t to the target LLM to obtain token probabili-
ties, and e.g. in the case of an auxiliary model, f
can be directly equated with the secondary model.

3.1 Preliminaries
Before demonstrating challenges with language
variation, we first briefly revisit the most common
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metrics for CE evaluation. In the first case, we
consider the expected calibration error (Guo et al.,
2017):

ECE = E
⇥
|p(y = y⇤ | c)� c|

⇤
, (1)

where the expectation is typically approximated
by binning N test predictions into M buckets of
equal size by their predicted confidence. The ECE
has been widely criticized for not being a proper
scoring rule, i.e. trivial predictors other than the
true distribution can minimize it (Liu et al., 2023),
as we will see in the upcoming example. An actual
instance of a proper scoring rule is instead the Brier
score (Brier, 1950) defined by:

Brier =
1

n

nX

i=1

�
ci � 1(yi = y⇤i )

�2
. (2)

Both ECE and Brier score evaluate whether the
predicted confidence score aligns directly with
(expected) correctness. However, one might also
be interested in whether the confidence score helps
us to distinguish between correct and incorrect
predictions. For this reason, confidence scores
are also commonly evaluated through the area
under the receiver operating characteristic curve
(AUROC; Bradley, 1997), where error detection
is framed as a binary classification task, and the
ratio of the true to false positive rate is measured
under all possible thresholds. Alternative, one
might also resort to the area under the precision-
recall curve (AUPR). However, all of these
example are insufficient to evaluate confidence
estimation given the variability of natural language.

3.2 An Illustrative Example
Let us consider a simplified example to demon-
strate the shortcomings of the current calibration
metrics in the case of language generation. Let
us assume that for each input xi out of N total
samples, we obtain M generations each, which
we denote as y(1)

i , . . . ,y(M)
i . For our example,

we sample a “difficulty” di ⇠ U [0, 1] for ev-
ery xi. Then, the correctness corr(m)

i of each
y(m)
i is simulated through sampling corr(m)

i ⇠
Bernoulli(1� di), meaning that the higher the dif-
ficulty, the less likely each y(m)

i is to be correct.
Then, we define four different confidence estima-
tors: The oracle confidence estimator foracle sim-
ply returns the actual correctness: foracle(y

(m)
i ) =

ECE # Brier # AUROC " STB " SST "

foracle 0.00 0.00 1.00 1.00 1.00
fconstant 0.01 0.17 0.83 1.00 0.00
frandom 0.33 0.33 0.67 0.72 0.18
fprior 0.00 0.25 0.50 1.00 0.00

Table 1: Simulation results. Our own proposed metrics
are stability (STB) and sensitivity (SST).

corr(m)
i . Furthermore, we define a constant estima-

tor fconstant(yi) = 1� di that predicts the difficulty
per input, ignoring the actual generation and its cor-
rectness. Similarly, let us denote a prior estimator
fprior(yi) = Edi⇠U [0,1][1�di] = 0.5, that stoically
estimates the expected difficulty across the whole
dataset. Lastly, we can define a random estima-
tor frandom(yi) ⇠ Bernoulli(1 � di) that samples
a confidence of 1 or 0 randomly from the same
distribution as corr(m)

i , but doing so independently.

Results. We obtain results using a simulation
with N = 100, 000 and M = 10 and show the
results in Table 1.1 Unsurprisingly, the oracle pre-
dictor achieves the best values across metrics, and
the random predictor scores above-random AU-
ROC, but shows the worst calibration. While fprior
achieves random-chance AUROC due to only pre-
dicting a single value, it achieves perfect ECE and
a Brier score of 0.25, demonstrating that ECE is
not a proper scoring rule. Similarly, the constant
predictor achieves perfect ECE, a relatively low
Brier score of 0.17 and an AUROC of 0.83. Al-
though these predictors are deliberately simplified,
the implications for confidence estimation in LLMs
are staggering: A random baseline that predicts
0 and 1 according to answer difficulty alone can
still achieve above-random AUROC. But more im-
portantly, fconstant, which learns to infer question
difficulty alone and ignores any information in the
actual answers, can perform well in terms of both
calibration and discrimination. A CE method that
behaves randomly and one that predicts the same
confidence, both independently of the actual an-
swer, are both uninformative in a practical setting.
They also form two extreme endpoints of a spec-
trum, motivating our novel metrics: Stability (STB)
measures whether an estimator predicts the same
confidence for semantically equivalent answers,
while sensitivity (SST) captures whether an esti-

1To apply our metrics we introduce in the next Section 4,
we make an assumption here that generations y(m)

i with the
same corr(m)

i have the same meaning.
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mator changes its prediction upon encountering a
different answer.

4 Methodology

We investigate whether estimated confidence scores
are trustworthy based on three qualities: robustness
ensures that the estimated confidence is robust to-
wards prompt perturbation; stability and sensitivity
quantify how much the CE methods respond to
semantically similar and different answers. All
metrics are visualized in Figure 1.

4.1 Robustness Under Prompt Perturbation
Motivation. Prompt formatting is known to in-
fluence LLM outputs (Min et al., 2022; Wang et al.,
2023; Sclar et al., 2024; Feng et al., 2024), and
recent work shows that it can also affect the per-
formance of CE methods (Xia et al., 2025a). In
practice, prompts are often modified across appli-
cations, users, or deployment settings. A reliable
CE method should therefore produce stable confi-
dence estimates under such prompt variations, if
the resulting answer by the model otherwise stays
the same. However, while existing methods using
verbalized confidence (e.g. Xiong et al., 2024; Tian
et al., 2023) have tested different prompt formats,
the robustness of methods that rely on model out-
puts or internal logits under prompt changes has
not been systematically examined. Measuring ro-
bustness to prompt perturbations is thus necessary
to understand whether CE methods provide con-
sistent confidence scores when prompts might be
altered in practice.
Definition 4.1 (Robustness, P-RB). Let T =
{t1, . . . , tM} be a set of M semantically equiv-
alent prompts. A confidence estimator f is robust
to prompt perturbations iff

8t, t0 2 T , |f(y,x, t)� f(y,x, t0)|  ".

Robustness Metric. We quantify prompt robust-
ness using the mean standard deviation (�̂r, ") of
estimates across different prompts. Given a prompt
set T = {t1, . . . , tM} and a dataset of N samples,
�̂r is computed by first measuring the standard de-
viation Std(·) of confidence scores across prompts
before averaging over all samples:

�̂r = 1� 1

N

NX

i=1

Std
⇣
{f(yi, xi, tj)}Mj=1

⌘
. (3)

We also prove in Section A.1 that for Defini-
tion 4.1 to hold, it must be that �̂r > (2� ")/2.

4.2 Stability and Sensitivity across Answers
Motivation. Even setting aside any changes in
the prompt, LLMs using stochastic decoding al-
ready naturally produce a variety of responses for
a given input. A good CE method should react
accordingly to changes in the answer: If the seman-
tics of the answer remain unchanged, so should
its probability of being correct, and the confidence
estimate should not differ. If the answer is differ-
ent in meaning, the confidence should be adjusted
accordingly. As we saw in Section 3.2, a constant
predictor can be well-calibrated, but becomes unre-
liable if it cannot adapt to semantic changes. Simi-
larly, a random predictor would be sensitive (since
the confidence estimate would be different for any
new answer regardless), but lack stability when the
response is still the same.

To define these notions more formally, let us de-
fine a semantic equivalence operation E(·, ·) simi-
lar to prior work on self-consistency-based meth-
ods (Kuhn et al., 2023).2 Let us assume we have
again have a set of M generated responses for a
given input x and a (single) prompt t, which we
denote by Y = {y(1), . . . ,y(M)}. Then, given
some predicted answer ym 2 Y , we can define
Ŷ = {y0 2 Y | E(ym,y0)} This helps us to out-
line two new desiderata for confidence estimation
methods in the context of language generation:

Definition 4.2 (Stability, A-STB). Let y(m) be one
out of M responses given a prompt t, and Ŷ ✓ Y
a set of semantically equivalent responses to ym.
Then, a confidence estimator f is stable iff

8y0 2 Ŷ : |f(y(m),x, t)� f(y0,x, t)|  ".

From this, we can also define the complemen-
tary notion of sensitivity, namely that semantically
different answers should receive other confidence
estimates:

Definition 4.3 (Sensitivity, A-SST). Let E(Y) =
{Ŷl}Ll=1 be a finite partition of Y s.t.

SL
l=1 Ŷl = Y

and 8Ŷl, Ŷl0 2 E , l 6= l0 : Ŷl \ Ŷl0 = ?. Then,
given an input x, prompt t and that each Ŷl 2
E(Y) is a set of semantically equivalent responses,
a confidence estimator f is sensitive iff

8Ŷl, Ŷl0 2 E(Y), l 6= l0,y 2 Ŷl,y
0 2 Ŷl0 :

|f(y,x, t)� f(y0,x, t)| > ".
2In practice, semantic equivalence can be empirically de-

termined using bi-directional entailment classification like in
Kuhn et al. (2023) or LLM-as-a-judge. In our case, we choose
the latter.
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Figure 1: Design of the proposed evaluation metrics for LLM confidence. We assess robustness by measuring
the variation in confidence scores elicited by semantically equivalent prompt perturbations. Stability measures
confidence consistency across semantically equivalent answers, while sensitivity evaluates whether CE methods
assign more distinct confidence scores to semantically different answers than to equivalent ones.

In practice, we do not necessarily check all the
different pairs of responses from different sets of
semantically equivalent answers Ŷl, to show that
this is true, but just restrict ourselves to the most
salient sets.

Stability & Sensitivity Metric. For each test
sample, the group with the most answers is de-
noted as Ŷmax and used to evaluate stability, while
the group with the fewest answers is denoted as
Ŷmin and used for sensitivity comparisons. Stabil-
ity (�̂s, ") measures the variability of confidence
scores among semantically equivalent answers:

�̂s = 1� 1

N

NX

i=1

Std
⇣
{f(yj ,xi, t)}yj2Ŷmax

i

⌘
.

(4)
Applying the same argument as for robustness, we
show in Section A.1 that �̂s > (2� ")/2 for Defi-
nition 4.2 to be true.

Sensitivity (�, ") quantifies how effectively a
CE method distinguishes semantically different an-
swers relative to semantically equivalent ones. For-
mally, we define it as:

� =
1

N

NX

i=1

|�( ˆYmax
i , Ŷmin

i )��( ˆYmax
i , Ŷmax

i )|,

(5)

where

c(y) ⌘ f(y,x, t) (6)

�(Ŷ, Ŷ 0) =
1

|Ŷ||Ŷ 0|

X

y2Ŷ

X

y02Ŷ 0

|c(y)� c(y0)|.

(7)

When the confidence estimator is both sta-
ble and sensitive according to Definitions 4.2
and 4.3, then this metric is bounded by � >
"/N

PN
i=1 |Ŷmax

i |�1, as we derive in Section A.1.
A high value of � indicates that the confidence dif-
ferences between semantically different answers
are much larger than those among equivalent an-
swers, and therefore the CE is sensitive to changes
in meaning.

It should be noted that our metrics are in a sense
unsupervised, as they do not require any informa-
tion about the correctness of a response in contrast
to other common ways to evaluate CE, as depicted
in Figure 2. This is especially attractive in cases
where automated correctness judgements are ex-
pensive, difficult or noisy, e.g. ambiguous ques-
tions (Min et al., 2020) or questions whose answers
change over time (Pletenev et al., 2025).

5 Experimental Setup

Our experiments are conducted on an aggregation
of four question answering datasets and nine LLMs
across different model families and sizes.

Evaluated Methods. We benchmark five CE
methods. (1) probability (Prob.): aggregates the
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Figure 2: Comparison of different evaluation metrics
for confidence estimator, based on the data they require.
While other metrics use correctness labels, P-RB, A-
STB and A-SST solely rely on measurements from dif-
ferent model answers and prompts.

token probabilities of the generated answer under
greedy decoding and normalizes them by length
as confidence. (2) Platt Scaling (PS; Platt, 1999)
applies two scalars, which are obtained by min-
imizing the mean-squared error between model
confidences and answer correctness, to scale the
sequence probability. (3) Verbalized confidence
(VC) directly elicits confidence scores from the
LLM itself by prompting it to state how certain
it is about its answer, following recent work on
self-reported confidence (Tian et al., 2023; Xiong
et al., 2024). (4) P(True) prompts the LLMs to
judge if the response is true or false, and uses the
normalized probability of the “True” token as con-
fidence (Kadavath et al., 2022). (5) Calib-1-Focal
(Calib1) trains an auxiliary calibration classifier
(Ulmer et al., 2024; Xia et al., 2025a) with focal
loss (Mukhoti et al., 2020), which uses the LLM
input and responses as inputs and correctness of
the responses as targets. We also employ a ran-
dom baseline (BL) that predicts uniform random
confidence.

Datasets. We perform our experiments on four
open-ended question-answering benchmarks cov-
ering diverse topics. It includes 2,000 randomly
sampled training examples each from Natural Ques-
tions (NQ; Kwiatkowski et al., 2019), SciQ (Welbl
et al., 2017), TriviaQA (Joshi et al., 2017), and
PopQA (Mallen et al., 2023). All methods are
evaluated on randomly sampled 1,000 test samples
from each corresponding dataset.

LLMs. We evaluate nine large language mod-
els spanning five major families. From GPT,
we include GPT-4o (gpt-4o-2024-11-20; Ope-
nAI, 2024). From Mistral, we use Mistral-123B
(Large-Instruct-2411; Mistral AI, 2024). From
Llama, we test Llama-3.3-70B-Instruct (Meta
AI, 2024). From Qwen, we cover three model
sizes: Qwen2.5-72B, Qwen2.5-32B, and Qwen2.5-
14B (Yang et al., 2024). Finally, from OLMo, we
assess a broad range of models (Team OLMo et al.,
2024), including OLMo-2-0325-32B-Instruct

(OLMo-32B), OLMo-2-1124-13B (OLMo-13B),
and OLMo-2-1124-7B (OLMo-7B).

Experimental Design. We first use an answer-
elicit prompt that instructs the LLM to produce an
answer to the input question. At this stage, Prob.,
PS, P(True) and Calib1 can already estimate
confidence scores based on the generated answer.
In contrast, VC requires an additional confidence-
elicit prompt to guide the LLM in verbalizing its
confidence regarding the produced answer. To iso-
late the effect of prompt perturbations on confi-
dence estimation, we only perturb the prompts di-
rectly involved in it, namely the confidence-elicit
prompt for VC and the answer-elicit prompt oth-
erwise. For measuring prompt robustness, we use
greedy decoding to ensure that any variability is
solely driven by prompt perturbations.

Answer-elicit Prompt Perturbation. To avoid
introducing ambiguity, we keep the question fixed
and perturb only the instructions that elicit the
LLM’s answer. Variants include forms such as “an-
swer the question” and “provide an answer to the
question.” Each prompt also enforces conciseness,
with phrases like “give ONLY the answer,” “no
other words or explanation,” “without explanation,”
“as short as possible,” and “with minimal words.” In
total, we designed 10 prompts incorporating these
variants (see Table 4 in the appendix).

Confidence-elicitation Prompt Perturbations.
To evaluate robustness, we design seven vari-
ants of the confidence-elicitation prompt (see Ap-
pendix, Table 5), grouped into three types: (i) Scale
variants, which elicit confidence using numerical
ranges of 0–1, 0–100%, and 0–10; (ii) Lexical vari-
ants, which vary the key term used to request a
score between 0 and 1 (“probability”, “certainty”
and “confidence”); and (iii) Linguistic expressions,
following Tian et al. (2023), which elicit confi-
dence using predefined verbal scales from “Almost
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No Chance” to “Almost certain”, and a correspond-
ing multiple-choice format (e.g., “a: Almost No
Chance”). Those selected expressions are con-
verted to numerical scores according to rules in
Section A.3. All confidence outputs are normal-
ized to a 0–1 scale for comparison.

Evaluation. We use GPT-4o as a judge model
(see prompt in Section A.2) to determine the se-
mantic equivalence between LLM responses and
target answers for correctness evaluation, as well
as the semantic equivalence among sampled re-
sponses when computing stability and sensitivity
metrics.

Figure 3: Averaged performance (") among all models.
The percentage indicates the amount of data that fulfills
the requirement for evaluation of the metric (more than
one answer in Ŷmax for A-STB, and at least two seman-
tically different answer groups for A-SST).

Figure 4: Pearson correlation of metrics.

6 Results and Analysis

We present the average results across all evaluated
models in Figure 3 and provide a detailed break-
down in Figure 5 (raw numbers are shown in Ta-
ble 6). Our analysis covers five complementary
perspectives: robustness (P-RB), stability (A-STB),
sensitivity (A-SST), discrimination (AUROC) and

calibration (Brier score). Together, these reveal
nuanced trade-offs across methods and models.

Finding 1: CE methods with near-top Brier
score and AUROC can still underperform on the
proposed metrics. Figure 3 shows that P(True), de-
spite achieving the highest AUROC, is sensitive to
prompt perturbations and therefore performs poorly
on the P-RB metric. As illustrated in Table 2, the
gap between maximin and minimum confidences
of P(True) is around or more than 0.5 for the test
examples. PS, which ranks among the top two
methods on both Brier score and AUROC, under-
performs the random baseline in sensitivity. The
case study in Table 3 shows that PS assigns very
similar confidence scores to all answers, and is
sensitive to surface-level changes such as punctu-
ation; for example, adding a comma reduces the
confidence by 0.06 in the GPT-4o case. Similarly,
Calib-1, which achieves the best Brier score, under-
performs P(True), Prob. and baseline in sensitivity.
Overall, these results demonstrate that the proposed
metrics uncover weaknesses in existing CE meth-
ods that are not revealed by standard calibration
and ranking metrics.

Finding 2: VC, Prob., and P(True) are more
affected by prompt perturbations. As shown
in Figure 3, VC methods, which directly rely on
prompting, are the most sensitive to prompt per-
turbations. Prob. and P(True), while indirectly in-
fluenced by prompts through their dependence on
output logits, are more robust than VC but less
robust than post-hoc methods (PS) and auxiliary
models (Calib1).

Finding 3: Calib1, VC and PS are the most
stable for equivalent answers, but only P(True)
and Prob. effectively distinguish different an-
swers. As shown in Table 3, many methods, such
as VC, achieve high stability by assigning similar
confidence scores to equivalent answers. But only
P(True) and Prob. outperform baseline in sensi-
tivity. High stability or sensitivity alone does not
imply good performance. For example, Prob. is sen-
sitive to surface-level changes, such as punctuation,
which can lead to undesirable variability. These
results suggest that an effective CE method should
achieve both high stability and strong sensitivity.

Finding 4: Brier of CE methods is moder-
ately correlated with robustness, and stability is
negatively correlated with sensitivity. As shown
in Figure 4, CE methods with better Brier scores
tend to achieve higher P-RB scores. In contrast,
methods that perform well on stability may exhibit
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(a) GPT-4o. (b) Mistral-123B. (c) Llama-70B.

(d) Qwen-72B. (e) Qwen-32B. (f) Qwen-14B.

(g) OLMo-32B. (h) OLMo-13B. (i) OLMo-7B.

Figure 5: Performance of CE methods evaluated on different models.

lower sensitivity. We further observe only a weak
correlation between AUROC and sensitivity. Al-
though both metrics assess discriminative ability,
they capture different aspects: AUROC measures
separation between correct and incorrect responses,
whereas sensitivity measures responsiveness to an-
swer semantic changes. We take the totality of
correlation coefficients in Figure 4 as evidence that
our metrics outline new, meaningful axes along
which we can evaluate CE methods for LLMs.

Finding 5: The robustness and sensitivity of
VC vary substantially across models. Figure 5
shows that larger models, such as GPT-4o, Mistral,
produce more reliable VC compared to smaller
ones like OLMo models. OLMo models consis-
tently underperform those from the Qwen family
in terms of robustness and sensitivity. Other CE

methods are less affected by model differences; in
particular, PS and Calib-1 show relatively stable
performance across models, reflecting their weaker
dependence on underlying model quality.

7 Conclusion

We propose a comprehensive evaluation framework
for confidence estimation in LLMs that goes be-
yond calibration and ranking metrics. Our three
complementary metrics capture important reliabil-
ity properties that are overlooked by existing CE
evaluations. Experiments show that strong Brier
or AUROC performance does not guarantee robust-
ness to prompt perturbations or effective discrimi-
nation between answers. Our results suggest that
method choice should depend on application prior-
ities: post-hoc and auxiliary methods (PS, Calib1)
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What was the name of the frog in the Who won season 16 on dancing
children’s TV series Hector’s House? with the stars?

GPT-4o: Kiki. Corr.: 1 Mistral: Nicole Scherzinger. Corr.: 0

CE max min mean P-RB max min mean P-RB
Prob. 1.00 0.80 0.96 0.94 0.13 0.01 0.07 0.94

PS 0.68 0.64 0.67 0.99 0.69 0.62 0.65 0.97
VC 0.95 0.05 0.70 0.72 1.00 0.80 0.96 0.93

P(True) 1.00 0.38 0.91 0.80 0.50 0.01 0.07 0.85
Calib1 0.32 0.28 0.30 0.99 0.44 0.43 0.44 1.00

Table 2: Case study (Left: GPT-4o, right: Mistral) of prompt robustness. We present the confidence statistics of CE
methods when using perturbed prompts for the test sample.

In humans, fertilization occurs soon after the What genre is Amen?
oocyte leaves this? y⇤: Ovary y⇤: Situation comedy

Ovary The Ovary. Fallopian A-STB A-SST R&B Gospel Drama Rap Reggae A-STB A-SST
ovary. tube. Rock

Prob. 0.80 0.44 0.60 0.75 0.87 0.02 0.67 0.56 0.43 0.72 0.57 1.00 0.24
PS 0.70 0.62 0.66 0.69 0.97 0.01 0.63 0.61 0.57 0.64 0.61 1.00 0.06
VC 0.90 0.90 0.90 0.95 1.00 0.05 0.95 0.95 0.95 0.85 0.95 1.00 0.00
P(True) 1.00 1.00 1.00 0.00 1.00 1.00 0.03 0.10 0.75 0.11 0.05 1.00 0.72
Calib1 0.93 0.80 0.86 0.88 0.95 0.01 0.10 0.53 0.30 0.13 0.42 1.00 0.20

Table 3: Case study (Left: GPT-4o, right: Mistral) of answer stability and sensitivity. The confidence estimated for
answers in Ŷmax (italic), Ŷmin (underlined) and more are shown. Ŷmax can contain multiple same answers.

are preferable when robustness and stability are
critical, while logit-based and self-evaluation meth-
ods (Prob., P(True)) provide higher sensitivity at
the cost of robustness. Overall, our framework
highlights key trade-offs and offers practical guid-
ance for designing and using CE methods in LLM
deployments.

Limitations

While our study provides a comprehensive evalua-
tion of LLM confidence estimation across robust-
ness, stability, sensitivity, calibration, and discrimi-
nation, several limitations remain.

First, our analysis is limited to English and fact-
based question answering tasks; extending to mul-
tilingual or open-ended domains (e.g., reasoning,
dialogue, or creative generation) may reveal dif-
ferent findings. Second, although we designed a
diverse set of prompting strategies, they do not
exhaustively capture all linguistic and contextual
variations that may influence confidence expres-
sion. In particular, for the answer-elicit prompts,
it remains challenging to construct more aggres-
sive perturbations that preserve identical semantic
meaning and avoid ambiguity across all questions
and datasets. Third, our evaluation relies on GPT-
4o as a judge model to assess answer correctness
and semantic equivalence. While this enables scal-

able annotation, it may introduce model-specific
biases (Bavaresco et al., 2025). Fourth, we do not
include consistency-based confidence estimation
methods. In this work, we focus on single-pass CE
methods since our metrics themselves rely on mul-
tiple samples to be computed, and is therefore in-
compatible with self-consistency. Finally, our eval-
uation is static; future work could explore dynamic
or interactive settings where models can revise their
confidence based on feedback or uncertainty cues.
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A Appendix

A.1 Derivations
In this section, we directly relate the definitions we
lay out in Section 4 to our proposed metrics. To
this end, we formally prove lower bounds that our
metrics have to exceed in our for the definitions to
hold. We start with Definition 4.1 and the prompt
robustness metric in Equation (3).

Theorem A.1. Given a set of M semantically
equivalent prompts T = {t1, . . . , tM} and a ro-
bust confidence estimator f according to Defini-
tion 4.1 s.t.

8t, t0 2 T , |f(y,x, t)� f(y,x, t0)|  ", (8)

then it must hold for the robustness metric �̂r de-
fined in Equation (3) that

�̂r >
2� "

2
. (9)

Proof. In the following, we will use the shorthand
c for f(y,x, t). Because of Equation (18) we know
that any two c, c0 lie more than " apart. Since stan-
dard deviation and variance are metrics of disper-
sion, they are invariant to translation, meaning that
they will stay constant if the data is shifted by a
constant amount. Therefore, let us assume that
c 2 [0, "]. Since we would like to find the maxi-
mum dispersion possible under Equation (18), let
us further assume that k points are equal to 0, and
M � k equal ". Therefore, their mean becomes
µ = M�k

M ". Correspondingly, we can evaluate
their variance as

�2 =
1

M
[k(0� µ)2 + (M � k)("� µ)2] (10)

=
1

M

h
k
(M � k)2"2

M2
+ (M � k)

k2"2

M2

i
(11)

=
"2

M3
[k(M � k)2 + (M � k)k2] (12)

=
"2

M3
k(M � k)M. (13)
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Next, we would like to identify the k that maxi-
mizes k(M � k)M , we can easily be identified as
k = M

2 . Reinserting it into the previous expression
yields

=
"2

M3

M

2

⇣
M � M

2

⌘
M (14)

=
"2

M3

M3

4
=

"2

4
$ � =

"

2
. (15)

By plugging this result into the definition of robust-
ness in Definition 4.1, we can show that since the
biggest standard deviation for which Equation (18)
still holds is "

2 leads robustness to amount to

�̂r > 1� "

2
=

2� "

2
. (16)

Since Definition 4.2 and the stability metric in
Equation (4) follow the same structure, the match-
ing theorem follows naturally.

Theorem A.2. Given a set of M responses given a
prompt t, Ŷ ✓ Y a set of semantically equivalent
responses to ym and a stable confidence estimator
f according to Definition 4.2 s.t.

8y0 2 Ŷ : |f(y(m),x, t)� f(y0,x, t)|  ".

Then it must hold for the stability metric �̂s defined
in Equation (3) that

�̂s >
2� "

2
. (17)

Proof. The proof follows the same argument as
Theorem A.1 without loss of generality.

Lastly, we would like to prove a similar bound
for the sensitivity metric in Equation (5), which we
do below.

Theorem A.3. Let Y denote a set of M generated
responses for a given input x and a (single) prompt
t s.t. Y = {y(1), . . . ,y(M)}. Also let E(Y) =
{Ŷl}Ll=1 be a finite partition of Y s.t.

SL
l=1 Ŷl = Y

and 8Ŷl, Ŷl0 2 E , l 6= l0 : Ŷl \ Ŷl0 = ? and let f
be a sensitive confidence estimator according to
Definition 4.3 s.t.

8Ŷl, Ŷl0 2 E(Y), l 6= l0,y 2 Ŷl,y
0 2 Ŷl0 :

|f(y,x, t)� f(y0,x, t)| > ", (18)

and that f is stable according to Definition 4.2 s.t.

8y0 2 Ŷ : |f(y(m),x, t)� f(y0,x, t)|  ".

Then it must hold for the sensitivity metric � defined
in Equation (5) that

� >
"

N

NX

i=1

|Ŷmax
i |�1. (19)

Proof. We start by restating the definition of sensi-
tivity from Equation (5):

� =
1

N

NX

i=1

|�(Ŷmax
i , Ŷmin

i )��(Ŷmax
i , Ŷmax

i )|

(20)
where Ŷmax, Ŷmin 2 E(Y) are the biggest and
smallest set within the partition respectively, with i
corresponding to a specific input xi in the dataset.
We treat each of the terms in the difference sepa-
rately next. Firstly, we have

�(Ŷmax
i , Ŷmin

i ) (21)

=
1

|Ŷmax
i ||Ŷmin

i |

X

y2Ŷmax
i

X

y02Ŷmin
i

|c(y)� c(y0)|

(22)

>
1

|Ŷmax
i ||Ŷmin

i |

X

y2Ŷmax
i

X

y02Ŷmin
i

" = ", (23)

where the last step follows from Definition 4.3. We
can also simplify �(Ŷmax

i , Ŷmax
i ) by noticing that

from the |Ŷmax
i |2 differences considered, |Ŷmax

i | of
them will amount to 0 when an element is com-
pared to itself. Using the definition of stability in
Definition 4.2, we also know that the remaining
|Ŷmax

i |2 � |Ŷmax
i | comparisons amount to at most "

each. Therefore,

�(Ŷmax
i , Ŷmax

i )  1

|Ŷmax
i |2

�
|Ŷmax

i |2 � |Ŷmax
i |

�
"

(24)

= "� 1

|Ŷmax
i |
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i |� 1
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(25)

Putting the two arts together, we obtain

� >
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N
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A.2 Prompts

Semantic Equivalence Judgment Prompt for
Correctness
You are evaluating whether an answer is

semantically equivalent to the reference

answer. Judge meaning rather than exact

wording. Two answers should be considered

equivalent if they express the same meaning,

even when using different phrasing, synonyms,

or slightly different names referring to the

same entity.

Also, treat answers as equivalent even if

they include expressions of confidence or

uncertainty (e.g., ’I’m pretty sure it’s X’

vs. ’X’). Focus on the core meaning of the

answers and ignore differences in:

- wording or phrasing

- length

- fillers

- strengtheners or weakeners

Examples:

Answer: “Mount Everest” | Reference: “Everest”

→ YES;

Answer: “Albert Einstein” | Reference:

“Einstein” → YES;

Answer: “Paris” | Reference: “The capital of

France” → YES;

Answer: “Pacific Ocean” | Reference: “Atlantic

Ocean” → NO;

Answer: “Jupiter” | Reference: “I think it’s

Jupiter” → YES;

Answer: “Mars” | Reference: “Maybe Venus” → NO.

Answer only with:

1 if semantically equivalent;

0 otherwise.

Question: <question>

Answer: <answer>

Reference answer: <target>

Equivalent:

Semantic Equivalence Judgment Prompt for
Semantic Answer Groups
You are grouping 10 answers by their semantic

equivalence. Your goal is to judge meaning,

not exact wording. Two answers should belong to

one group if they are semantically equivalent,

even if they use different phrasing, synonyms,

or slightly different names that refer to the

same entity.

Also, treat answers as equivalent even if

they include expressions of confidence or

uncertainty (e.g., ’I’m pretty sure it’s X’

vs. ’X’). Focus on the core meaning of the

answers and ignore differences in:

- wording or phrasing

- length

- fillers

- strengtheners or weakeners

Examples:

- Answer: ’Mount Everest’ | Reference:

’Everest’ → YES

- Answer: ’Albert Einstein’ | Reference:

’Einstein’ → YES

- Answer: ’Paris’ | Reference: ’The capital of

France’ → YES

- Answer: ’Pacific Ocean’ | Reference:

’Atlantic Ocean’ → NO

- Answer: ’Jupiter’ | Reference: ’I think it’s

Jupiter’ → YES

- Answer: ’Mars’ | Reference: ’Maybe Venus’ → NO

Answer in a dict format only, answers in the

same group fall into one dict, for example:

{1: answer1, 2: ...}
{4: answer4, 5: ...}

Question: <question>

Answer: <sampled answers >

A.3 Mapping of Linguistic Prompts

For the linguistic prompts, we followed Tian et al.
(2023) to map the linguistic expressions to numer-
ical scores. The specific mapping are [“Almost
No Chance”, “Highly Unlikely”, “Chances are
Slight”, “Little Chance”, “Unlikely”, “Probably
Not”, “About Even”, “Better than Even”, “Likely”,
“Probably”, “Very Good Chance”, “Highly Likely”,
’Almost Certain”] to [0.02, 0.05, 0.1, 0.1, 0.2, 0.25,
0.5, 0.6, 0.7, 0.7, 0.8, 0.9, 0.95] according to Fagen-
Ulmschneider (2023).

A.4 Implementation Details

Robustness. To evaluate robustness, we estimate
confidence scores for the same answer under differ-
ent prompt formulations. For GPT-4o, full input-
sequence logits are not available, which prevents
computing the probability of a fixed answer across
prompts. We therefore compute confidence based
on the generated output sequences instead. Note
that this might bring minor changes in the overall
robustness results for Prob. method, it does not
impact our overall findings.

Stability and Sensitivity. We set the LLM tem-
perature to 0.7 to generate diverse candidate an-
swers. GPT-4o is used as a judge model to assess
semantic equivalence and group answers accord-
ingly.

CE Methods. For Calib-1, we follow the setup
of Xia et al. (2025a), using BERT-base-uncased as
the backbone model for training.
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Figure 6: Accuracy of models on different datasets.

A.5 Technical Details
We use the vLLM (vLLM Contributors, 2023) li-
brary for LLM inference and serving, the temper-
ature of all LLMs is set to 0 for greedy-encoding
model outputs. All our experiments are conducted
on NVIDIA HGX H100, which requires approxi-
mately 600 GPU hours to replicate.

A.6 Accuracy of Models
We present the detailed accuracy of models on each
benchmark dataset in Fig. 6.

A.7 Robustness: Prompt-wise Confidence
Analysis for VC

We examine the pairwise correlations of confi-
dences between prompts for individual models
(shown by Fig. 7-9). We found that larger models
maintain higher stability of confidence, demonstrat-
ing their ability to respond to diverse confidence-
eliciting prompts.

LLMs remain stable with the change of scales
and lexical words in prompts. Fig. 7-9) shows
that prompts of only scale and lexical words change
tend to have more correlated verbalized confidence
compared to adding linguistic expressions in the
prompt. Small models (<= 32B) struggle more
in maintaining stability, especially with the multi-
choice linguistic expression prompts.

A.8 Robustness: Results of Answer-elicit
Prompts for VC

We further conducted an experiment applying VC
using only the answer-elicit prompts to examine
how confidence values change under this setting.
This design allows us to isolate the influence of
answer-elicit prompts on VC and directly com-
pare it with the other two methods under con-
sistent perturbation conditions, even though the

confidence-elicit prompt is expected to have a more
direct effect on VC. As shown in Table 7, when
using answer-elicit prompts (Ans-P), VC produces
more stable confidence estimates (P-RB = 0.968)
compared to when confidence-elicit prompts are
used (P-RB = 0.904). We hypothesize that this
improvement in stability arises because the gen-
erated answers remain largely consistent across
perturbed answer-elicit prompts, leading to nearly
identical instructions when subsequently eliciting
confidence for those answers. In contrast, perturba-
tions to the confidence-elicit prompts directly alter
how the model is instructed to express its confi-
dence, thereby introducing greater variability in the
resulting confidence scores.

A.9 Sensitivity: Alternative Sets of
Semantically Different Answers

Table 8 reports sensitivity results obtained by us-
ing all semantically different answers outside Ŷmax

(denoted as Ŷ /2max), instead of the original setting
that compares Ŷmax with Ŷmin. The results remain
stable under this alternative definition and do not
affect the main findings of the paper.

A.10 Calibration: Results of More Evaluation
Metrics

To provide a robust evaluation of calibration, we
followed (Ulmer et al., 2024) and tested all the
prompts and models with three more calibration
metrics: ECE, smECE and AUROC. The results
are shown in Table 6.
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Concept Prompt Name Prompt

Answer

A1 Answer the question, give ONLY the answer, no other words or explanation:
A2 Answer the question, give ONLY the answer without explanation:
A3 Answer the question, give ONLY the answer:
A4 Answer the question as short as possible:
A5 Answer the question with minimal words:

Provide

P1 Provide an answer for the question, give ONLY the answer, no other words or
explanation:

P2 Provide an answer for the question without explanation:
P3 Provide an answer for the question, give ONLY the answer:
P4 Provide as short an answer as possible to the question:
P5 Provide an answer with minimal words for the question:

Table 4: Detail of prompts for eliciting answers from LLMs.

Concept Prompt Name Prompt
Scale Vari-
ants

P(1) Provide the probability that your answer is correct. Give ONLY the probability
between 0.0 and 1.0, no other words or explanation.

P(%) Provide the probability that your answer is correct. Give ONLY the probability
between 0% and 100%, no other words or explanation.

P(10) Provide the probability that your answer is correct. Give ONLY the probability
between 0 and 10, no other words or explanation.

Lexical Vari-
ants

CF(1) Provide the confidence that your answer is correct. Give ONLY the confidence
between 0.0 and 1.0, no other words or explanation.

CT(1) Provide the certainty that your answer is correct. Give ONLY the confidence
between 0 and 10, no other words or explanation.

Linguistic
Expressions

L. Describe how likely it is that your answer is correct as one of the following
expressions: [’Almost No Chance’, ’Highly Unlikely’, ’Chances are Slight’,
’Little Chance’, ’Unlikely’, ’Probably Not’, ’About Even’, ’Better than Even’,
’Likely’, ’Probably’, ’Very Good Chance’,’Highly Likely’, ’Almost Certain’].
Give ONLY the chosen expression, no other words or explanation.

L. MC Describe how likely it is that your answer is correct by choosing one of the
following options: [a: ’Almost No Chance’, b: ’Highly Unlikely’, c: ’Chances
are Slight’, d: ’Little Chance’, e:’Unlikely’, f: ’Probably Not’, g: ’About Even’,
h: ’Better than Even’, i: ’Likely’, j: ’Probably’, k; ’Very Good Chance’, l:
’Highly Likely’, m: ’Almost Certain’]. Give ONLY the chosen option, no other
words or explanation.

Table 5: Detail of prompts for eliciting confidence from LLMs.
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CE Metric GPT- Mistral- Llama- Qwen- Qwen- Qwen- OLMo- OLMo- OLMo- AVG4o 123B 70B 72B 32B 14B 32B 13B 7B

BL

P-RB " 0.728 0.728 0.728 0.728 0.728 0.728 0.728 0.728 0.728 0.728
A-STB " 0.748 0.751 0.747 0.754 0.759 0.753 0.756 0.758 0.756 0.754
A-SST " 0.087 0.084 0.084 0.088 0.096 0.092 0.096 0.101 0.091 0.091
Brier # 0.335 0.338 0.338 0.336 0.332 0.340 0.335 0.335 0.342 0.337
AUROC " 0.486 0.482 0.483 0.491 0.502 0.485 0.492 0.495 0.485 0.489
ECE # 0.288 0.268 0.275 0.260 0.242 0.260 0.258 0.248 0.262 0.262
smECE # 0.229 0.221 0.221 0.212 0.205 0.214 0.212 0.209 0.217 0.216

Prob.

P-RB " 0.949 0.821 0.967 0.937 0.940 0.918 0.908 0.909 0.899 0.916
A-STB " 0.959 0.981 0.984 0.983 0.986 0.986 0.922 0.980 0.979 0.973
A-SST " 0.208 0.141 0.150 0.180 0.190 0.195 0.299 0.190 0.196 0.194
Brier # 0.275 0.282 0.299 0.314 0.320 0.332 0.241 0.261 0.263 0.287
AUROC " 0.678 0.696 0.687 0.721 0.781 0.759 0.708 0.748 0.786 0.729
ECE # 0.264 0.269 0.297 0.314 0.347 0.356 0.169 0.237 0.269 0.280
smECE # 0.227 0.254 0.270 0.279 0.301 0.308 0.168 0.230 0.255 0.255

PS

P-RB " 0.990 0.988 0.990 0.987 0.987 0.983 0.979 0.980 0.976 0.984
A-STB " 0.991 0.996 0.996 0.996 0.997 0.997 0.982 0.995 0.995 0.994
A-SST " 0.046 0.032 0.034 0.041 0.044 0.044 0.071 0.045 0.047 0.045
Brier # 0.216 0.228 0.230 0.245 0.251 0.254 0.230 0.245 0.255 0.239
AUROC " 0.649 0.730 0.745 0.776 0.827 0.818 0.754 0.782 0.813 0.766
ECE # 0.076 0.092 0.130 0.175 0.216 0.218 0.148 0.177 0.228 0.162
smECE # 0.043 0.077 0.084 0.135 0.171 0.179 0.090 0.141 0.195 0.124

VC

P-RB " 0.945 0.915 0.930 0.949 0.934 0.920 0.925 0.870 0.751 0.904
A-STB " 0.985 0.977 0.995 0.998 0.996 0.996 0.997 0.999 0.996 0.993
A-SST " 0.105 0.119 0.150 0.026 0.057 0.054 0.024 0.013 0.039 0.065
Brier # 0.262 0.335 0.266 0.400 0.428 0.436 0.429 0.419 0.460 0.382
AUROC " 0.701 0.595 0.733 0.661 0.579 0.625 0.506 0.655 0.606 0.629
ECE # 0.258 0.337 0.258 0.401 0.430 0.442 0.430 0.426 0.471 0.384
smECE # 0.209 0.192 0.223 0.326 0.357 0.366 0.213 0.356 0.380 0.291

P(True)

P-RB " 0.976 0.929 0.967 0.972 0.957 0.935 0.845 0.953 0.912 0.939
A-STB " 0.987 0.978 0.993 0.990 0.985 0.990 0.974 0.991 0.981 0.985
A-SST " 0.219 0.220 0.242 0.269 0.312 0.214 0.178 0.140 0.266 0.229
Brier # 0.296 0.222 0.291 0.314 0.327 0.248 0.195 0.289 0.300 0.276
AUROC " 0.733 0.748 0.740 0.784 0.806 0.798 0.781 0.781 0.797 0.774
ECE # 0.295 0.168 0.284 0.315 0.326 0.246 0.083 0.289 0.297 0.256
smECE # 0.171 0.160 0.190 0.205 0.213 0.148 0.079 0.269 0.258 0.188

Calib1

P-RB " 0.982 0.988 0.982 0.987 0.990 0.990 0.990 0.990 0.989 0.987
A-STB " 0.977 0.990 0.994 0.996 0.997 0.996 0.991 0.996 0.994 0.992
A-SST " 0.087 0.079 0.098 0.061 0.066 0.077 0.052 0.064 0.060 0.072
Brier # 0.208 0.219 0.226 0.222 0.192 0.196 0.221 0.211 0.205 0.211
AUROC " 0.704 0.718 0.702 0.754 0.804 0.803 0.750 0.764 0.785 0.754
ECE # 0.104 0.134 0.136 0.142 0.095 0.103 0.136 0.099 0.105 0.117
smECE # 0.103 0.132 0.135 0.141 0.095 0.102 0.135 0.091 0.101 0.115

Table 6: Detailed overall results.

CE Prompt GPT- Mistral- Llama- Qwen- Qwen- Qwen- OLMo- OLMo- OLMo- AVG4o 123B 70B 72B 32B 14B 32B 13B 7B

VC Conf-P 0.945 0.915 0.930 0.949 0.934 0.920 0.925 0.870 0.751 0.904
Ans-P 0.962 0.957 0.950 0.980 0.979 0.962 0.990 0.969 0.960 0.968

Table 7: Results of robustness of VC when using answer-elicit prompt (Ans-P) compared to the original setting in
the paper that uses confidence-elicit prompt (Conf-P).
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CE Ŷ GPT- Mistral- Llama- Qwen- Qwen- Qwen- OLMo- OLMo- OLMo- AVG4o 123B 70B 72B 32B 14B 32B 13B 7B

BL Ŷmin 0.087 0.084 0.084 0.088 0.096 0.092 0.096 0.101 0.091 0.091
Ŷ 62max 0.081 0.080 0.078 0.083 0.088 0.084 0.087 0.087 0.084 0.084

Prob. Ŷmin 0.208 0.141 0.150 0.180 0.190 0.195 0.299 0.190 0.196 0.194
Ŷ 62max 0.198 0.137 0.143 0.178 0.184 0.187 0.278 0.182 0.188 0.186

PS Ŷmin 0.046 0.032 0.034 0.041 0.044 0.044 0.071 0.045 0.047 0.045
Ŷ 62max 0.043 0.031 0.032 0.041 0.042 0.042 0.066 0.043 0.045 0.043

VC Ŷmin 0.105 0.119 0.150 0.026 0.057 0.054 0.024 0.013 0.039 0.065
Ŷ 62max 0.109 0.125 0.152 0.028 0.054 0.060 0.019 0.014 0.038 0.067

P(True) Ŷmin 0.219 0.220 0.242 0.269 0.312 0.214 0.178 0.140 0.266 0.229
Ŷ 62max 0.226 0.225 0.251 0.281 0.320 0.226 0.173 0.138 0.280 0.236

Calib1 Ŷmin 0.087 0.079 0.098 0.061 0.066 0.077 0.052 0.064 0.060 0.072
Ŷ 62max 0.091 0.082 0.100 0.064 0.071 0.080 0.052 0.065 0.060 0.074

Table 8: Results of A-SST " when using all semantically different answers that are not in Ŷmax (Ŷ 62max) compared
to the original setting in the paper (Ŷmin).

Figure 7: Robustness: Pearson correlations of VC when using different prompts on large models from different
model families.

Figure 8: Robustness: Pearson correlations of VC when using different prompts on Qwen models with different
sizes.
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Figure 9: Robustness: Pearson correlations of VC when using different prompts on OLMo models with different
sizes.

What was the name of the frog in the children’s TV series Hector’s House? y: Kiki. Corr.: 1

CE t1 t2 t3 t4 t5 t6 t7 t8 t9 t10 P-RB

G
PT

-4
o

Tr
iv

ia
Q

A

Prob. 0.92 0.98 0.99 0.80 0.99 0.98 0.94 0.97 1.00 1.00 0.94
PS 0.66 0.67 0.68 0.64 0.68 0.68 0.67 0.67 0.68 0.68 0.99
VC 0.90 0.90 0.70 0.70 0.70 0.05 0.95 - - - 0.72

P(True) 1.00 1.00 1.00 1.00 0.38 1.00 0.68 1.00 1.00 0.99 0.80
Calib1 0.32 0.30 0.30 0.29 0.30 0.30 0.29 0.28 0.29 0.29 0.99

Who won season 16 on dancing with the stars? y: Nicole Scherzinger. Corr.: 0

CE t1 t2 t3 t4 t5 t6 t7 t8 t9 t10 P-RB

M
is

tra
l

N
Q

Prob. 0.10 0.13 0.09 0.03 0.04 0.07 0.09 0.01 0.09 0.04 0.94
PS 0.64 0.65 0.63 0.68 0.62 0.62 0.69 0.69 0.69 0.62 0.97
VC 1.00 1.00 1.00 1.00 1.00 0.90 0.80 - - - 0.93

P(True) 0.01 0.01 0.01 0.01 0.09 0.01 0.01 0.01 0.01 0.50 0.85
Calib1 0.43 0.43 0.44 0.44 0.44 0.43 0.44 0.44 0.43 0.43 1.00

Table 9: Case study of prompt robustness. The confidence estimated by the difference CE methods when using
perturbed 10 prompts for the same question and LLM response is shown.

In humans, fertilization occurs soon after the oocyte leaves this? y⇤: Ovary

Ovary. Ovary Ovary Ovary. Ovary Ovary The Ovary. Fallopian Fallopian
ovary. tube. tube.

CE y1 y2 y3 y4 y5 y6 y7 y8 y9 y10 A-STB A-SST

G
PT

-4
o

Sc
iQ

Prob. 0.58 0.85 0.79 0.61 0.78 0.78 0.44 0.61 0.75 0.75 0.87 0.02
PS 0.65 0.71 0.70 0.66 0.70 0.70 0.62 0.66 0.69 0.69 0.97 0.01
VC 0.90 0.90 0.90 0.90 0.90 0.90 0.90 0.90 0.9 1.00 1.00 0.05

P(True) 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.00 0.00 1.00 1.00
Calib1 0.86 0.93 0.93 0.86 0.93 0.93 0.80 0.86 0.88 0.88 0.95 0.01

What genre is Amen? y⇤: Situation comedy
R&B R&B R&B R&B R&B Gospel Gospel Drama Rap Rock Reggae

CE y1 y2 y3 y4 y5 y6 y7 y8 y9 y10 A-STB A-SST

M
is

tra
l

Po
pQ

A

Prob. 0.67 0.67 0.68 0.67 0.67 0.56 0.56 0.43 0.72 0.57 1.00 0.24
PS 0.63 0.63 0.63 0.63 0.63 0.61 0.61 0.57 0.64 0.61 1.00 0.06
VC 0.95 0.95 0.95 0.95 0.95 0.95 0.95 0.95 0.85 0.95 1.00 0.00

P(True) 0.03 0.03 0.03 0.03 0.03 0.10 0.10 0.75 0.11 0.05 1.00 0.72
Calib1 0.10 0.10 0.10 0.10 0.10 0.53 0.53 0.30 0.13 0.42 1.00 0.20

Table 10: Case study of answer stability and sensitivity. The confidence estimated by the difference in CE methods
for 10 sampled answers to the same question, when using the same prompt, is shown. The probabilities of the same
answer in GPT-4o can slightly differ even under greedy decoding (temperature = 0), likely due to nondeterminism
in the model’s inference pipeline.
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Abstract

AI-text detectors achieve high accuracy on in-
domain benchmarks, but often struggle to gen-
eralize across different generation conditions
such as unseen prompts, model families, or do-
mains. While prior work has reported these
generalization gaps, there are limited insights
about the underlying causes. In this work, we
present a systematic study aimed at explaining
generalization behavior through linguistic anal-
ysis. We construct a comprehensive benchmark
that spans 6 prompting strategies, 7 large lan-
guage models (LLMs), and 4 domain datasets,
resulting in a diverse set of human- and AI-
generated texts. Using this dataset, we fine-tune
classification-based detectors on various gener-
ation settings and evaluate their cross-prompt,
cross-model, and cross-dataset generalization.
To explain the performance variance, we com-
pute correlations between generalization accu-
racies and feature shifts of 80 linguistic features
between training and test conditions. Our anal-
ysis reveals that generalization performance for
specific detectors and evaluation conditions is
significantly associated with linguistic features
such as tense usage and pronoun frequency. 1

1 Introduction

The ability to reliably detect AI-generated text is
becoming increasingly critical as large language
models (LLMs) are deployed in education, me-
dia, and content moderation (Guo et al., 2024; Hu
et al., 2023). While recent detectors achieve near-
perfect performance on standard benchmarks (Guo
et al., 2023; Wang et al., 2024a), these evaluations
typically assume that training and testing data are
drawn from the same distribution. In real-world
scenarios, however, AI-generated text varies widely
across prompts, model families, and domains, rais-
ing serious concerns about how well detectors gen-
eralize under distribution shifts.

1Code and data is available at: https://github.com/

Yuuxii/Generalization-of-AI-text-Detector

Prior studies have begun to examine generaliza-
tion in the context of unseen prompts, models, or
datasets (Xu et al., 2024; Liu et al., 2024). How-
ever, these efforts largely focus on reporting perfor-
mance drops without probing the underlying causes.
Meanwhile, recent benchmark datasets introduce
diversity in generation settings (Wang et al., 2024a;
Macko et al., 2023; Li et al., 2024), but offer limited
interpretability regarding the features detectors rely
on. A more systematic and interpretable approach
is needed to explain why generalization succeeds
or fails.

In this paper, we propose to understand general-
ization through the lens of linguistic analysis. We
hypothesize that changes in surface-level linguistic
features, such as verb tense, syntactic complexity,
or pronoun usage, can partially account for gen-
eralization behavior. To test this hypothesis, we
construct a comprehensive benchmark combining 7
LLMs (e.g., Deepseek (DeepSeek-AI, 2025), Mis-
tral (Mistral AI, 2024)), 4 domains (abstracts, news,
reviews, QA), and 6 prompting strategies (e.g., few-
shot, chain-of-thought (CoT)), enabling evaluation
across prompt, model, and dataset generalization.
We train the AI-text detectors by fine-tuning on two
state-of-the-art models (XLM-RoBERTa (Conneau
et al., 2020) and DeBERTa-V3 (He et al.)) for bi-
nary classification tasks. Each detector is trained
with the texts generated by every possible condi-
tion (combination of prompt, model and dataset).
The fine-tuned detectors are evaluated for cross-
prompt, cross-model and cross-dataset generaliza-
tion performance. Our results reveal substantial
performance degradation under out-of-domain con-
ditions, despite near-perfect in-domain accuracy.

To explain these generalization gaps, we perform
a large-scale correlation analysis between detector
generalization performance and score changes in
80 linguistic feature metrics across training and test-
ing settings. We find that linguistic features have
significant (p<0.05) correlations with generaliza-
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tion across different test settings. While some lin-
guistic features (e.g., passive voice, short sentence
ratio) are strongly correlated (Pearson correlation
> 0.7) with generalization behavior in specific con-
figurations, there is no universal linguistic signal
that explains all cases. Our findings suggest that
linguistic features offer a useful, though partial,
explanation of generalization, and that detectors
may rely on different features depending on their
training setup and the test conditions.

In summary, our main contributions are: (1)
A new benchmark for evaluating AI-text detector
generalization across 6 prompts, 4 domains, and
7 LLMs; (2) A comprehensive analysis linking
linguistic feature shifts to detector generalization
performance; (3) Insights into which linguistic fea-
tures are most predictive of generalization behavior,
helping to guide the development of more robust
and interpretable detectors.

Ultimately, our work aims to move beyond raw
performance scores toward a deeper understand-
ing of generalization behavior in AI-text detection.
While linguistic features alone do not capture the
full complexity of generalization, they provide a
valuable starting point for interpreting detector be-
havior in the wild.

2 Related Work

Datasets for AI Text Detection. Recent bench-
marks have advanced AI-generated text detection
by covering multiple languages (Wang et al., 2024a;
Macko et al., 2025), domains (Li et al., 2024;
Verma et al., 2024; Dugan et al., 2024), and genera-
tor models (Hu et al., 2023; Abassy et al., 2024; Tao
et al., 2024). Several works also consider mixed-
authorship settings (Yu et al., 2025; Zhang et al.,
2024). However, few datasets jointly evaluate the
impact of LLM type, domain, and prompt style in
a systematic and controlled manner. Prompt engi-
neering remains particularly underexplored, despite
its known influence on generation behavior. To ad-
dress these gaps, we introduce a new dataset that
enables controlled experiments across 7 LLMs, 4
domains, and 6 prompting strategies.

AI Text Detection Models. Detection methods
mainly fall into two broad categories: statistical
detectors (e.g., GLTR (Gehrmann et al., 2019), De-
tectGPT (Mitchell et al., 2023), Binoculars (Hans
et al., 2024)) and fine-tuned classifiers using pre-
trained LMs (e.g., RoBERTa (Liu et al., 2019),
DeBERTa (He et al., 2021), XLM-R (Conneau

et al., 2020)). While statistical detectors offer in-
terpretability, classifier-based approaches consis-
tently achieve stronger performance on benchmark
datasets such as M4GT (Wang et al., 2024a), MUL-
TITuDE (Macko et al., 2023), and MultiSocial
(Macko et al., 2025). Our study builds on this foun-
dation by fine-tuning two top-performing detectors,
XLM-RoBERTa and DeBERTa-V3, across varied
training settings to assess their generalization.

Generalization in Detection. Generalization is
a core challenge in AI-text detection. Prior work
has shown that detectors trained on one task or
domain often fail when evaluated on others (Xu
et al., 2024; Li et al., 2024; Bhattacharjee et al.,
2024). However, most studies focus on reporting
performance gaps without offering deeper expla-
nations. Moreover, while some papers examine
prompt-based variation, they typically limit prompt-
ing strategies or focus on handcrafted or adversarial
prompts (Xu et al., 2024; Zhang et al., 2024). In
contrast, our work evaluates generalization com-
prehensively across prompt styles, model families,
and content domains, includes both naturalistic gen-
eration strategies (e.g., few-shot, CoT) and hand-
crafted prompts (1-shot CoT, self-refine).

Explaining Generalization Behavior. Several
works have proposed high-level explanations for
generalization variance. For example, Xu et al.
(2024) attribute success to prompt similarity and
human–LLM alignment, while Li et al. (2024) ex-
plore distributional differences using linguistic met-
rics like POS tags and named entity counts. How-
ever, these studies stop short of identifying which
specific linguistic features correlate with general-
ization. Our work advances this line of inquiry
through a detailed correlation analysis of 80 lin-
guistic features, covering syntactic, stylistic, and
discourse-level signals. We quantify feature shifts
between training and testing data and link them to
generalization performance, revealing interpretable
signals, e.g., shifts in pronoun frequency or passive
voice usage that influence detector robustness.

3 Dataset Creation

To provide a comprehensive study of generaliza-
tion of AI-text detectors against prompt, LLM
and dataset changes, we create our human-written
and AI-generated text dataset by incorporating 6
prompting strategies, 7 LLMs with different pa-
rameter sizes from different model families, and 4



datasets from different domains.

3.1 Human-written text

We first randomly sample the human-written text
of different domains from 4 datasets: (1) Scientific
paper abstracts from the arXiv dataset (See et al.,
2017); (2) Product reviews from the AmazonRe-
views2023 dataset (Hou et al., 2024); (3) News
articles from the CNN/Daily Mail dataset (Clement
et al., 2019); (4) Question and answers (QA) from
the ASQA dataset (Stelmakh et al., 2022).

For abstracts and news articles, we use only texts
that are at least 1,000 characters long. We set the
minimum text length for reviews to 350 charac-
ters because the original text is short. For the QA
dataset, we sample the longest texts considering the
limited size of the data. For each of the datasets,
we sample 3,000 examples and split them into train-
ing, validation and testing set with a split ratio of
50:17:33.

Data cleaning for human-written text. To re-
move obvious features for AI-text detectors, we
use the following data cleaning steps for all the
human-written texts: (1) Removing duplicates; (2)
Normalizing punctuation; (3) Removing duplicated
whitespace; (4) Removing URLs, e-mail addresses,
and emojis; (5) Artifacts such as dates of article;
(6) Filtering non-English text; (7) Filter too short
text, as text length can impact the difficulty of the
task (Wang et al., 2024b).

3.2 AI Text Generated with LLMs

The AI-text part of the dataset consists of texts
generated by 7 LLMs using 6 diverse prompting
strategies for each dataset. For each human-written
text, we apply every LLM and prompting strategy
to generate an AI-text counterpart under the same
topic. Consequently, for each source dataset, the
final data include 3,000 human-written texts and,
for every model–prompt combination, 3,000 corre-
sponding AI-generated texts. In total, the dataset
comprises 516,000 texts: 12,000 human-written
and 504,000 AI-text. Each AI text is matched with
its human-written text counterpart for performing
a binary classification.

LLMs. We employ LLMs with different pa-
rameter sizes and from 5 model families: (1)
Mistral 123B (Mistral AI, 2024): Mistral-Large-
Instruct-2411; (2) Deepseek 70B (DeepSeek-
AI, 2025): DeepSeek-R1-Distill-Llama-70B; (3)

Llama 70B (Meta AI, 2024): Llama-3.3-70B-
Instruct; (4) Qwen 72B, Qwen 32B, Qwen 14B
(Yang et al., 2024): Qwen2.5-72B/-32B/-14B-
Instruct; (5) Solar 22B (Upstage, 2024): solar-pro-
preview-instruct.

Prompts. We use 6 different prompting strategies
based on existing research on prompt engineering.
The prompts include: (1) 0-shot prompts that only
provide the metadata (e.g., title, text length) of
each data sample; (2) 3-shot prompts (Brown et al.,
2020) that contains 3 human-written texts from
the same dataset for in-context learning; (3) Style
prompts (Zhang et al., 2024) which require LLMs
to write in a style like the given human-written text
example; (4) 0-shot CoT prompts (Kojima et al.,
2022) which consist of phrase “let’s think step by
step.”; (5) 1-shot CoT prompts (Wei et al., 2022)
that contain manually written step-by-step instruc-
tions, the instruction is based on an example of a
human-written text; and (6) Self-refine prompts
(Madaan et al., 2023) that use the LLM itself to
critique and improve its own responses. Self-refine
prompts are multi-stage prompts that comprise 4
stages: firstly, the LLM is prompted to generate the
AI text, then it is requested to provide feedback on
how to make the generated AI text more human-
like. Later, the LLM needs to incorporate the feed-
back to improve the initially generated AI text. The
improved text is final if the LLM judges it sounds
more human-written than the human-written text
counterpart; otherwise, it goes back to the feedback
step for at most 3 iterations. For each prompting
strategy, we modified the prompt template used for
each dataset to suit the task of text generation. To
match the text length of the AI-generated texts to
their human-written counterparts, we include in-
formation about character count in the prompts. A
detailed discussion of the prompts can be found in
the appendix A.1, along with the prompt templates
used to create our dataset (Table 6).

Data Cleaning for AI-Generated Text. To pre-
vent detectors from exploiting superficial artifacts
rather than genuine linguistic characteristics, we
extensively clean the LLM-generated texts by re-
moving elements that could trivially reveal their
artificial origin. Specifically, we remove formu-
laic AI responses (e.g., “Certainly!”, “Sure!”),
structural markers such as section titles, bullet
points, and numbered lists, placeholder tokens in
square brackets (e.g., [your name], [insert e-mail
address]), extraneous metadata including review



ratings, character-count information, and sentences
beginning with “Note:” that describe the genera-
tion process, non-linguistic symbols such as aster-
isks (*), triple dashes (—), and hash symbols (#), as
well as model-specific tags such as \think and any
preceding text in Deepseek reasoning outputs. This
cleaning step ensures that the evaluation focuses on
the linguistic properties of the generated text rather
than on easily detectable formatting artifacts.

4 Generalization of AI-Text Detectors

We introduce three evaluation settings to assess the
generalization ability of AI-text detectors across
three dimensions: prompts, LLMs, and datasets.

4.1 Generalization Testing

Assume an AI-text detector M is fine-tuned on a
training set Dtrain

i,j,k, consisting of AI-generated texts
produced with prompt pi by a generative model
gj for dataset dk, along with human-written texts.
We evaluate the cross-prompt, cross-model, and
cross-dataset generalization of the AI-text detector
under the following settings.

Cross-prompt (C-P) testing. This setting evalu-
ates how well detectors generalize to texts gen-
erated with prompting strategies unseen during
training. Each detector is evaluated on test sets
produced by the same LLM and drawn from the
same dataset, but generated with different prompts.
This controlled setting ensures that the only chang-
ing factor is prompt strategies during evaluation.
For example, a detector trained on the training
split of QA texts generated by Llama 70B with
0-shot prompts is evaluated on the test split gener-
ated by Llama 70B with all 6 prompt types. For-
mally, the accuracy of the detector on the test
data Dtest when trained on Dtrain is denoted as
Acc(M(Dtest|Dtrain)). Thus, the generalization
accuracies from prompt pi to all prompts are for-
malized as a list:

�(pi)
gen =

�
Acc

�
M
�
Dtest

c,j,k | Dtrain
i,j,k

�� 6
c=1

. (1)

Where �(pi)
gen is a list of 6 accuracy values, with

each value representing the generalization accuracy
of a prompt. We carried out the test for each prompt
and resulted in a 2-dimensional 6x6 vector (plot
like left heatmaps in Figure 2), which presents the
cross-prompt result of all prompts in one of the
conditions, denoted as �(p)

gen.

Cross-model (C-M) testing. This setting evalu-
ates generalization to texts generated by LLMs not
seen during training. A detector fine-tuned on the
training split from one LLM is evaluated on the test
splits produced by other LLMs. For example, a de-
tector trained on abstracts generated by Llama 70B
is tested on abstracts generated by all 7 LLMs. We
use 0-shot prompts (p1) in this setting. Formally:

�
(gj)
gen =

�
Acc

�
M
�
Dtest

1,c,k | Dtrain
1,j,k

�� 7
c=1

. (2)

Similar to cross-prompt testing, we apply the
formula to all LLMs, obtaining in a 7x7 vector as
cross-model results �(g)

gen.

Cross-dataset (C-D) testing. This setting evalu-
ates generalization across different dataset domains.
A detector fine-tuned on the training split from
one dataset is evaluated on test splits from other
datasets generated by the same LLM. For example,
a detector trained on abstracts generated by Llama
70B is tested on news, reviews, and QA data gen-
erated by the same LLM. We use 0-shot prompts
(p1) in this setting. Formally:

�(dk)
gen =

�
Acc

�
M
�
Dtest

1,j,c | Dtrain
1,j,k

�� 4
c=1

. (3)

The corresponding cross-dataset result �(d)
gen is a

4x4 vector.

4.2 Training setup

We fine-tune XLM-RoBERTa-base (Conneau et al.,
2020) (referred to as RoBERTa) and DeBERTa-
V3-small (He et al.) (referred to as DeBERTa) for
binary classification to distinguish between human-
written and AI-generated text. These architectures
have achieved state-of-the-art performance in prior
work (Wang et al., 2024a). We train a separate
detector for each combination of prompt type, AI-
text generation model, and dataset type, resulting in
168 (i.e., 7x4x6) in-domain detectors when using,
for example, RoBERTa for fine-tuning.

Model fine-tuning is performed using the follow-
ing hyperparameters: learning rate = 2e-5, num
train epochs = 3, weight decay = 0.01, train
batch size = 16. The maximum sequence length
is set to 512, corresponding to the maximum input
length supported by XLM-RoBERTa. All our ex-
periments are conducted on NVIDIA HGX H100,
and approximately 400 GPU hours to replicate.



5 Explaining Generalization with
Linguistic Analysis

To better understand what causes the variance of
generalization performance, we perform a compre-
hensive linguistic feature analysis by measuring the
correlation of 80 different feature metrics with the
generation results. We first introduce the definition
and metric of each linguistic feature and present
the correlation evaluation method.

5.1 Linguistic Feature Definitions and Metrics

Our studied features can be categorized into Lexi-
cal diversity, Lexical density, Sentiment, Readabil-
ity, Part-of-Speech (POS), and Grammatical and
Lexical analysis. We introduce the most correlated
features and metrics in the main paper and the rest
in Appendix A.4.

Readability. Readability refers to the ease of un-
derstanding a text. AI-generated text tends to be
less readable than human-written text (Markowitz
et al., 2024; Mathews et al., 2024). We use the Gun-
ning fog index (Yadagiri et al., 2024) as one of the
measures of readability, which is an estimated num-
ber of years needed to understand a given passage.

Part-of-Speech (POS). We use a selection of
metrics from StyloMetrix (Okulska et al., 2023)
to compare the frequency of verbs, nouns, adjec-
tives, numerals, etc. The frequency of parts of
speech is measured as the fraction of text covered
by tokens representing a given part of speech. Pre-
vious research has discovered differences between
human-written and AI-generated text in terms of
frequency of certain POS (Georgiou, 2024). There-
fore, POS analysis is relevant for gaining insights
into the literary style of texts in our dataset.

Grammatical Analysis. We use StyloMetrix
(Okulska et al., 2023) metrics to compare texts
in terms of grammatical categories related to verbs.
Human-written texts have been shown to contain
more passive voice than AI-generated texts (Geor-
giou, 2024). We measure the incidence of passive
and active voice as the frequency of verbs in pas-
sive or active voice. We also compare the differ-
ences between the choice of tenses. The frequency
of past, present and future tenses is measured
as the fraction of the text covered by verbs in past,
present and future tenses. For example, the inci-
dence of past tenses is the number of verbs in past
simple, past continuous, past perfect or past perfect

continuous divided by the total number of words in
the text.

Lexical Analysis. As part of lexical analysis, we
measure the frequency of personal names, and ad-
jectives in comparative and superlative degrees.
The pronoun-related metrics (Okulska et al., 2023)
analyze the differences in the usage of pronouns in
human-written and AI-generated text. We calculate
the frequency of specific personal or reflexive pro-
nouns and certain types of pronouns (e.g., “We”,
“It”, “Our”, “Yourself”).

5.2 Correlation Between Generalization and
Linguistic Features

To further investigate factors that influence gener-
alization, we examine how changes in linguistic
features correlate with generalization performance.
For each linguistic feature f , we compute its shift
between a given training configuration and the cor-
responding test configuration:

�f = f(Dtrain)� f(Dtest) (4)

where f(Dtrain) denotes the feature difference be-
tween AI-generated and human-written texts in the
training configuration (f(Dtrain) = f(Dtrain

human)�
f(Dtrain

AI )), and f(Dtest) denotes the feature differ-
ence in the corresponding test configuration. Cor-
responding to the generalization testing, we denote
the cross-prompt, cross-model, and cross-dataset
feature shift as �(p)

f , �(g)
f , and �(d)

f , respectively,
which all have the same size.

We then compute the Pearson correlation be-
tween flattened generalization accuracy and these
feature shifts under the same conditions:

Corr(f) = |Pearson
�
�(n)

gen,�
(n)
f

�
| (5)

where n indexes each cross-prompt, cross-
model, or cross-dataset comparison. The result-
ing value Corr(f) lies in [0, 1], with 0.1 
Corr(f) < 0.3 indicating a low correlation, 0.3 
Corr(f) < 0.5, 0.5  Corr(f) < 0.7 and
Corr(f) � 0.7 as moderate, high and strong cor-
relations (DATAtab Team, 2025). This analysis
allows us to identify which linguistic features are
most strongly associated with robust generalization
across different test settings.

Setting-specific correlation (Table 2) is mea-
sured under a specific testing combination. For
example, the setting-specific correlation of cross-
prompt generalization and linguistic feature shifts



(a) The aggregated generalization performance.

(b) The aggregated feature shifts between training and test configurations.

Figure 1: Comparison of aggregated generalization performance and aggregated feature shifts across all evaluation
settings. Similar patterns in the two heatmaps indicate that certain feature shifts are correlated with reduced
generalization accuracy.

is only measured on texts from Llama 70B and the
Abstract dataset.

Overall correlation (Table 1) is measured under
all combinations. For example, the overall correla-
tion of cross-prompt generalization and linguistic
feature shifts is measured on the texts of every com-
bination of LLMs and datasets.

Aggregation of Results. To provide a high-level
summary of cross-prompt, cross-model, and cross-
dataset generalization and feature shifts (as Figure
1a and 1b), we report accuracy and shift values
averaged over the dimensions that are not the focus
of the evaluation. For instance, when presenting
overall cross-prompt results, we average accuracy



Feature Metric DeBERTa-based RoBERTa-based
C-P C-M C-D C-P C-M C-D

Readability Gunning fog 0.056 0.248 0.231 0.043 0.308 0.261

Part-of-Speech Numerals 0.108 0.363 0.086 0.076 0.157 0.031

Passive voice 0.109 0.281 0.296 0.054 0.221 0.287
Active voice 0.010 0.194 0.066 0.061 0.373 0.014

Grammatical Present tenses 0.046 0.147 0.144 0.116 0.328 0.173
Past tenses 0.018 0.416 0.031 0.006 0.324 0.049

Future tenses 0.062 0.066 0.159 0.069 0.172 0.111

Personal names 0.076 0.381 0.030 0.046 0.182 0.071
Adjectives in comparative degree 0.027 0.123 0.267 0.023 0.317 0.251
Adjectives in superlative degree 0.095 0.239 0.034 0.047 0.123 0.055

Lexical “We” pronoun 0.014 0.041 0.015 0.108 0.030 0.037
“It” pronoun 0.029 0.236 0.184 0.077 0.385 0.120

“Our” possessive pronoun 0.004 0.007 0.261 0.113 0.063 0.246
“Yourself” pronoun 0.030 0.183 0.157 0.061 0.366 0.111

Table 1: The overall Pearson correlation between generalization performance with different linguistic features. This
table only presents the features that fall into the top 3 correlated features in one of the settings, more results are shown
in Table 8 (Appendix). The significant (p<0.05) correlation is bolded. We underline the strongest correlation for
each setting, and italicize the other scores within the top 3 correlated features. The results of other features that are
less correlated are shown in the Appendix.

DeBERTa-based RoBERTa-based
Abstracts News Reviews QA ALL Abstracts News Reviews QA ALL

Mistral 123B 0.421 0.636 0.577 0.709 0.395 0.155 0.703 0.573 0.630 0.219
Deepseek 70B 0.342 0.605 0.415 0.735 0.276 0.528 0.506 0.459 0.728 0.400
Llama 70B 0.412 0.209 0.736 0.584 0.346 0.245 0.248 0.758 0.572 0.380
Qwen 72B 0.072 0.590 0.317 0.301 0.098 0.128 0.519 0.549 0.357 0.212
Qwen 32B 0.214 0.684 0.527 0.678 0.183 0.377 0.672 0.617 0.492 0.308
Qwen 14B 0.275 0.476 0.553 0.560 0.218 0.264 0.457 0.605 0.580 0.204
Solar 22B 0.563 0.482 0.517 0.614 0.303 0.703 0.688 0.320 0.582 0.426
ALL 0.196 0.231 0.437 0.255 0.109 0.246 0.155 0.486 0.224 0.116

Table 2: The cross-prompt correlation between generation performance and the most correlated linguis-
tic feature when evaluated on different datasets and models. The significant correlation is bolded. We
underline the strongest correlation for each dataset. Similar cross-model and cross-dataset results are in Appendix.

scores across all 7 LLMs and 4 datasets.

6 Results and Analysis

We analyze the results in Table 1, Table 2, and
Figure 1 to understand how generalization perfor-
mance is shaped by shifts in linguistic features.

6.1 General Findings
Finding 1: Linguistic features have significant
correlations with generalization results. Table 1
shows that several features exhibit significant cor-
relations (bold values) with detector generalization.
For example, overall cross-model generalization
that averaged across datasets is moderately cor-
related (0.416) with the proportion of past-tense
verbs, indicating that stylistic verb usage in training
data influences transfer. In contrast, cross-prompt
generalization averaged across datasets and LLMs

shows only weak correlation with passive voice.
These results highlight that some features play a
more critical role than others in determining gener-
alization success.

Finding 2: Certain dataset–model combina-
tions reveal very strong feature dependencies.
Although overall cross-prompt correlations appear
weak in Table 1, Table 2 reveals that in specific
configurations the effect is dramatic. For instance,
on Llama-70B outputs for the Reviews dataset,
cross-prompt generalization is strongly correlated
(>0.7) with the number of short sentences. Fig 2a
shows that changes in this feature align directly
with sharp drops in performance when general-
izing from 1-shot CoT to other prompting strate-
gies. This demonstrates that some detectors are
highly sensitive to prompt-induced shifts in linguis-
tic structure.



Finding 3: Different detectors rely on dif-
ferent linguistic features. RoBERTa-based de-
tectors and DeBERTa-based detectors do not ex-
ploit the same linguistic signals. For example, the
cross-model generalization of RoBERTa models is
moderately correlated (0.385) with the frequency
of “It” pronouns, whereas for DeBERTa the corre-
lation is only 0.236. This suggests that detectors
may learn fundamentally different features for dis-
tinguishing human and AI text even when trained
on the same data.

6.2 Linguistic Analysis of Generalization
Results

Figure 4 summarizes average performance across
the three generalization settings. As expected,
in-domain testing achieves near-perfect accu-
racy, as shown in the diagonal cells of Figure 1a,
confirming the strong baseline capabilities of our
detectors. Detailed in-domain results are reported
in Table 7 in the Appendix.

6.2.1 Cross-prompt Generalization
The most striking pattern is that the 3-shot prompt
is consistently the hardest to generalize to and
from, with accuracy dropping to 80–89%. Other
prompting strategies show relatively minor effects.

Explanation. Figure 1b shows averaged fea-
ture shifts, but strong effects can be masked by
aggregation. For example, Figure 2b highlights a
clear pattern: AI texts that use the “We” pronoun in
similar contexts are more difficult to generalize to
for the detectors. This confirms Findings 2 and 3:
when we zoom in on specific dataset–model pairs,
clear linguistic drivers of generalization emerge.

6.2.2 Cross-model Generalization
A major finding is that detectors trained on
Qwen or Solar outputs perform poorly on
Llama-generated text, whereas generalization
across other LLMs is more stable.

Explanation. Figures 1a and 1b reveal that
cross-model generalization is moderately influ-
enced by shifts in past-tense usage and “It” pronoun
frequency. Qwen and Solar outputs share similar
linguistic profiles, which diverge from Llama’s, ex-
plaining this degradation.

6.2.3 Cross-dataset Generalization
The most pronounced performance gap appears
here: detectors trained on abstracts generalize
poorly to other datasets, achieving as low as 57%

accuracy when tested on news articles. Con-
versely, detectors trained on reviews or QA data
transfer more successfully to news.

Explanation. Across all detectors, cross-dataset
generalization shows moderate correlation with
passive voice usage. Abstracts exhibit a higher
rate of passive constructions, which likely makes
them a poor source domain for training detectors
that must generalize broadly.

(a) Llama 70B, Reviews

(b) Deepseek 70B, Abstracts

Figure 2: Cross-prompt generalization and feature shifts
when evaluating on a specific model and dataset. A
clearer and stronger correlation is observed than the
overall cross-prompt correlation in Figure 1. We also
show the specific case study of the generated texts for
the above two settings in Table 9 and 10 in the Ap-
pendix.

6.3 Robustness Study
We conduct the robustness study using multiple-
hypothesis corrections (Bonferroni (Goeman and
Solari, 2014) and Benjamini–Hochberg FDR (Bog-
dan et al., 2008)), and further including Spear-
man (non-linear) correlations (Ali Abd Al-Hameed,
2022). The results are shown in Table 3, we find
that:

(1) Key linguistic correlates (pronoun usage,
verb tense, active/passive voice) remain robust for
cross-prompt and cross-model generalization.

(2) A substantial number of features (>=15) re-
main significant in cross-model settings across var-
ious settings.

(3) Non-linear effects emerge under Spearman
correlations, strengthening our interpretation of de-



DeBERTa-based RoBERTa-based
C-P C-M C-D C-P C-M C-D

Pearson

Bonferroni 2 15 0 3 28 0
FDR 2 37 0 6 58 0

Top features
Numerals Past tense

–
“Our” pronoun “It” pronoun

–Passive voice Personal names Present tense Active voice
Numerals “We” pronoun “Yourself” pronoun

Spearman

Bonferroni 3 16 0 2 25 0
FDR 4 44 0 10 51 0

Top features
“She” pronoun MATTR

–
“She” pronoun Active voice

–“He” pronoun FLESCH “Her” pronoun “It” pronoun
short sentences Gunning Fog Present tense Function words

Table 3: Robustness study of applying multiple-hypothesis correction to Pearson (linear) and Spearman (non-linear)
correlation. The numerical values represent the number of features that remain significant after the multiple-
hypothesis correction.

tector behavior.
(4) For cross-dataset generalization, no individ-

ual features remain significant under strict multiple-
hypothesis correction, suggesting that performance
degradation is likely driven by broader distribu-
tional shifts rather than a single dominant linguistic
cue.

Importantly, our main conclusions remain valid
after these robustness checks.

6.4 Discussion

While our analysis highlights the role of linguistic
features in explaining the generalization behavior
of AI-text detectors, we acknowledge that these
features represent only one facet of a more com-
plex landscape. Generalization performance is
likely influenced by a broader set of factors, in-
cluding semantic coherence, discourse structure,
and detector-specific inductive biases. Our find-
ings should therefore be interpreted as offering a
linguistic perspective rather than a comprehensive
account of generalization. Nonetheless, by system-
atically correlating linguistic feature shifts with de-
tection performance, our study contributes valuable
insights into how stylistic and grammatical signals
may impact detector robustness across prompts,
models, and domains.

7 Conclusion

This work presents an interpretable investigation
into the generalization behavior of AI-text detec-
tors. While prior studies primarily report detection
performance, we go further by examining why gen-
eralization succeeds or fails through a linguistic
lens. Across a large-scale benchmark incorporat-

ing diverse prompts, LLMs, and domains, we show
that state-of-the-art detectors, despite near-perfect
in-domain accuracy, often struggle in cross-prompt,
cross-model, and cross-dataset scenarios. To ex-
plain these generalization behaviors, we quantify
shifts in 80 linguistic features between training
and testing distributions and uncover statistically
significant correlations between feature shifts and
generalization performance.

Our analysis reveals that features such as pro-
noun usage, verb tense, and passive voice are pre-
dictive of generalization gaps, but their influence
varies across detectors and settings. This suggests
that detectors latch onto different linguistic signals
depending on their training context, impacting their
robustness in different testing scenarios.

These findings underscore two key points: (1)
evaluation must extend beyond in-domain testing
to realistically assess detector reliability, and (2)
linguistic analysis provides a principled and inter-
pretable path toward diagnosing and improving
generalization.

Limitations

While our work offers new insights into the gen-
eralization behavior of AI-text detectors through
linguistic analysis, several limitations remain.

First, our study focuses on English-language text
and detectors trained on English corpora. Although
our methodology can be extended to multilingual
settings, the linguistic features and generalization
patterns may differ significantly across languages
due to variations in grammar and stylistic conven-
tions.

Second, we rely on surface-level linguistic fea-



tures (e.g., POS tags, sentence length, voice, pro-
nouns) that can be extracted using standard NLP
tools. While these features provide interpretable
signals, they may not capture deeper semantic or
discourse-level properties that also influence detec-
tor decisions.

Third, the detectors we evaluate are based
on fine-tuned encoder-only transformer models.
Other architectures, such as generative or retrieval-
augmented models, may exhibit different general-
ization behaviors and rely on alternative linguistic
features.

Fourth, our correlation-based analysis reveals
associations but does not establish causal relation-
ships between feature shifts and performance drops.
Further research using controlled interventions or
counterfactual examples would be needed to verify
causality.

Lastly, our dataset covers a wide but still limited
set of domains, models, and prompting strategies.
As the landscape of LLMs and prompting meth-
ods continues to evolve, future work should assess
whether our findings hold for more recent or unseen
generation techniques.

Despite these limitations, our study provides a
strong foundation for more principled and inter-
pretable evaluations of generalization in AI-text
detection.
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Karlińska, Kinga Głąbińska, and Adam Nowakowski.
2023. Stylometrix: An open-source multilingual
tool for representing stylometric vectors. Preprint,
arXiv:2309.12810.

Chidimma Opara. 2024. Styloai: Distinguish-
ing ai-generated content with stylometric anal-
ysis. In Artificial Intelligence in Education.
Posters and Late Breaking Results, Workshops
and Tutorials, Industry and Innovation Tracks,
Practitioners, Doctoral Consortium and Blue Sky,
pages 105–114, Cham. Springer Nature Switzerland.

Jacques Savoy. 2020. Machine Learning Methods
for Stylometry: Authorship Attribution and Author
Profiling. Springer International Publishing, Cham.

Abigail See, Peter J. Liu, and Christopher D. Man-
ning. 2017. Get to the point: Summarization
with pointer-generator networks. In Proceedings
of the 55th Annual Meeting of the Association
for Computational Linguistics (Volume 1: Long
Papers), pages 1073–1083, Vancouver, Canada. As-
sociation for Computational Linguistics.

Ivan Stelmakh, Yi Luan, Bhuwan Dhingra, and Ming-
Wei Chang. 2022. ASQA: Factoid questions
meet long-form answers. In Proceedings of the
2022 Conference on Empirical Methods in Natural
Language Processing, pages 8273–8288, Abu Dhabi,
United Arab Emirates. Association for Computa-
tional Linguistics.

Zhen Tao, Zhiyu Li, Dinghao Xi, and Wei Xu. 2024.
CUDRT: Benchmarking the Detection of Human vs.
Large Language Models Generated Texts. arXiv
preprint. ArXiv:2406.09056 [cs].

Upstage. 2024. Solar pro preview in-
struct. https://huggingface.co/upstage/

solar-pro-preview-instruct. Instruction-tuned
22B-parameter LLM optimized for single-GPU
performance. Preview released September 2024.

Vivek Verma, Eve Fleisig, Nicholas Tomlin, and Dan
Klein. 2024. Ghostbuster: Detecting text ghostwrit-
ten by large language models. In Proceedings of
the 2024 Conference of the North American Chapter
of the Association for Computational Linguistics:
Human Language Technologies (Volume 1: Long
Papers), pages 1702–1717, Mexico City, Mexico. As-
sociation for Computational Linguistics.

Yuxia Wang, Jonibek Mansurov, Petar Ivanov, Jinyan
Su, Artem Shelmanov, Akim Tsvigun, Osama Mo-
hammed Afzal, Tarek Mahmoud, Giovanni Puc-
cetti, Thomas Arnold, Alham Aji, Nizar Habash,
Iryna Gurevych, and Preslav Nakov. 2024a. M4GT-
bench: Evaluation benchmark for black-box machine-
generated text detection. In Proceedings of
the 62nd Annual Meeting of the Association
for Computational Linguistics (Volume 1: Long
Papers), pages 3964–3992, Bangkok, Thailand. As-
sociation for Computational Linguistics.

Yuxia Wang, Jonibek Mansurov, Petar Ivanov, Jinyan
Su, Artem Shelmanov, Akim Tsvigun, Chenxi
Whitehouse, Osama Mohammed Afzal, Tarek Mah-
moud, Toru Sasaki, Thomas Arnold, Alham Fikri
Aji, Nizar Habash, Iryna Gurevych, and Preslav
Nakov. 2024b. M4: Multi-generator, multi-
domain, and multi-lingual black-box machine-
generated text detection. In Proceedings of the
18th Conference of the European Chapter of the
Association for Computational Linguistics (Volume
1: Long Papers), pages 1369–1407, St. Julian’s,
Malta. Association for Computational Linguistics.

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten
Bosma, Brian Ichter, Fei Xia, Ed H. Chi, Quoc V. Le,
and Denny Zhou. 2022. Chain-of-thought prompt-
ing elicits reasoning in large language models. In
Proceedings of the 36th International Conference on
Neural Information Processing Systems, NIPS ’22.

Han Xu, Jie Ren, Pengfei He, Shenglai Zeng, Yingqian
Cui, Amy Liu, Hui Liu, and Jiliang Tang. 2024.
On the generalization of training-based ChatGPT
detection methods. In Findings of the Association
for Computational Linguistics: EMNLP 2024, pages



7223–7243, Miami, Florida, USA. Association for
Computational Linguistics.

Annepaka Yadagiri, Lavanya Shree, Suraiya Parween,
Anushka Raj, Shreya Maurya, and Partha Pakray.
2024. Detecting AI-generated text with pre-trained
models using linguistic features. In Proceedings
of the 21st International Conference on Natural
Language Processing (ICON), pages 188–196, AU-
KBC Research Centre, Chennai, India. NLP Associa-
tion of India (NLPAI).

An Yang, Baosong Yang, Beichen Zhang, Binyuan Hui,
Bo Zheng, Bowen Yu, Chengyuan Li, Dayiheng Liu,
Fei Huang, Haoran Wei, Huan Lin, Jian Yang, Jian-
hong Tu, Jianwei Zhang, Jianxin Yang, Jiaxi Yang,
Jingren Zhou, Junyang Lin, Kai Dang, Keming Lu,
Keqin Bao, Kexin Yang, Le Yu, Mei Li, Mingfeng
Xue, Pei Zhang, Qin Zhu, Rui Men, Runji Lin, Tian-
hao Li, Tianyi Tang, Tingyu Xia, Xingzhang Ren,
Xuancheng Ren, Yang Fan, Yang Su, Yichang Zhang,
Yu Wan, Yuqiong Liu, Zeyu Cui, Zhenru Zhang, and
Zihan Qiu. 2024. Qwen2.5 technical report. arXiv
preprint arXiv:2412.15115.

Hatice Yildiz Durak, Figen Eğin, and Aytuğ Onan.
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A Appendix
A.1 Overview of prompting techniques
To test diverse prompting techniques, we chose six
different prompt types. The prompt types are:

0-shot: Our zero-shot prompts are simple in-
structions for the language models that include a
basic piece of information about the text and de-
sired length of the text. For example, the template
for the prompt to generate abstracts is Write an
abstract for an article titled “{title}”. The abstract
should be around {length} characters long.

Chain-of-Thought (0-shot CoT): Chain-of-
thought prompting is a strategy that aims to im-
prove reasoning by dividing the task into smaller

steps (Wei et al., 2022). A chain-of-thought prompt
usually relies on exemplars, containing a prompt
and a correct response. The example response is
expressed as a series of steps that lead to a final
output. This prompts the model to reason step-by-
step.

For the purpose of our dataset, we adapt a 1-shot
CoT prompting strategy to the task of text gener-
ation: this prompt subtype consists of a human-
written step-by-step instruction for the model. The
instruction is based on an example of a human-
written text from the dataset.

We also use 0-shot CoT prompts (Kojima et al.,
2022), which consist of adding let’s think step by
step to the baseline prompt to cause step-by-step
reasoning.

Few-shot In-context learning (3-shot) (Brown
et al., 2020): The few-shot prompt contains several
examples of input-output pairs for a given task.
Our few-shot prompts include three human-written
examples from the dataset.

Style examples (Style): In Zhang et al. (2024),
prompts with style guidelines have been effective
in prompting LLMs to generate output that evades
detection methods, and models have been prompted
to simulate the styles of several famous writers. We
adapt one of the prompts from Zhang et al. (2024)
for our task. Specifically, we use the style exam-
ple prompt, but with an example from the human-
written part of our dataset. Even though using a text
written by a famous author (e.g., Shakespeare) as
a style example has been successful in preventing
detection (Zhang et al., 2024), our prompt modi-
fication aims to create a more realistic setting to
adapt to different datasets.

Self-refine (Madaan et al., 2023): Self-
refinement prompts are prompts that use the LLM
itself to critique and improve its own responses.
The prompts of this kind are comprised of three
stages: generating the output, generating feedback
for the output and applying the feedback to the out-
put. The second and third steps are repeated until
a stopping condition is met. In this case, we base
the stopping condition on the ability of the model
itself to distinguish its own outputs from human-
written text. To achieve this, we use evaluation
prompts based on the GPT-4 evaluation prompt
used in (Madaan et al., 2023). For the purpose of
our task, we ask the model to decide which text
sounds more human-written. The resulting set of
prompts is made of the following stages:



• Initialization prompt: the same as our baseline
zero-shot prompt.

• Feedback prompt: prompt used for generating
feedback on how to make the text seem more
human-written.

• Iterate prompt: used to get the next iteration
if the model classifies its generated text as AI.

• Evaluate prompt: used to check whether the
stopping condition (the model classifies the
text as human-written) has been met.

A.2 Prompt templates
We demonstrate detailed prompts used in the paper
in Table 6.

A.3 Detailed classification results
The results of the detailed in-domain accuracy are
shown in Table 7.

A.4 Linguistic analysis
Lexical diversity. We choose Moving Average
Type-Token Ratio to measure the lexical diver-
sity of the texts, as it is independent of the text
length (Covington and McFall, 2010). Addition-
ally, we compare the texts in terms of the number
of unique words, as this feature has been shown to
be relevant in the previous research (Opara, 2024;
Yildiz Durak et al., 2025).

Lexical density. Lexical density is the percent-
age of content words in the text. Machine-
generated text is said to achieve higher lexical den-
sity (Savoy, 2020) than human-written text, which
means that it contains fewer function words. The
content words are adjectives, adverbs, nouns, and
verbs.

Sentiment. AI-generated text has been shown to
differ from human-written text in terms of senti-
ment: some authors have written of positivity bias
present in AI-generated texts (Markowitz et al.,
2024; Muñoz-Ortiz et al., 2024; Margolina and Kol-
mogorova, 2023), which means that text generated
by large language models tends to contain more
positive emotions compared to human-written texts.
Other research suggests that human-written texts
are more varied in terms of the richness of emo-
tional content (Zanotto and Aroyehun, 2024). We
use the TextBlob library to calculate the polarity
and subjectivity scores for the texts in our dataset.

Polarity is a score between -1 and 1, where -1 de-
notes a negative sentiment, while 1 denotes a posi-
tive sentiment. Subjectivity relates to the amount
of personal opinion included in the text.

Readability. Readability refers to the ease of un-
derstanding a text. AI-generated text tends to be
less readable than human-written text (Yadagiri
et al., 2024; Markowitz et al., 2024; Mathews et al.,
2024). We use the Gunning fog index and the
Flesch reading ease test as measures of readabil-
ity. The Gunning fog index is an estimated number
of years needed to understand a given passage. The
Flesch reading ease test is a metric of readability,
in which texts that are easier to read receive a higher
score. In the analysis of readability, we also include
the text length in characters, as well as sentence
length statistics. Machine-generated text tends to
be less varied than human-written text in terms of
sentence length (Desaire et al., 2023; Muñoz-Ortiz
et al., 2024). Following (Desaire et al., 2023), we
calculate the average sentence length, the stan-
dard deviation from the average sentence length,
and the number of very long (35 words or more)
and very short (10 words or less) sentences in
each text.

Part-of-Speech (POS). We use a selection of
metrics from StyloMetrix (Okulska et al., 2023)
to compare the frequency of verbs, nouns, adjec-
tives, pronouns, determiners, conjunctions and nu-
merals across the different dataset types, models
and prompts. The frequency of parts of speech is
measured as the fraction of text covered by tokens
representing a given part of speech. The frequency
of POS has been shown to be different across dif-
ferent text genres, with non-fiction texts typically
achieving a higher frequency of nouns than fiction
texts (Mendhakar and S, 2023). A high frequency
of verbs can be associated with more narrative texts,
while a high frequency of adjectives is common for
more descriptive texts. Additionally, previous re-
search has discovered differences between human-
written and AI-generated text in terms of frequency
of certain POS (Georgiou, 2024). Therefore, POS
analysis is relevant for gaining insights into the
literary style of texts in our dataset.

Grammatical analysis. We use StyloMetrix
(Okulska et al., 2023) metrics to compare texts
in terms of grammatical categories related to verbs.
In previous research, human-written texts have
been shown to contain more passive voice than
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Figure 3: The workflow to get the overall cross-prompt generalization and feature shift results.

DeBERTa-based RoBERTa-based
Abstracts News Reviews QA ALL Abstracts News Reviews QA ALL

0-shot 0.587 0.569 0.663 0.591 0.416 0.399 0.677 0.655 0.355 0.385

Table 4: The cross-model correlation between generation performance and the most correlated linguis- tic feature
when evaluated on different datasets.

DeBERTa-based RoBERTa-based
0-shot 0-shot

Mistral 123B 0.310 0.350
Deepseek 70B 0.418 0.468
Llama 70B 0.389 0.374
Qwen 72B 0.425 0.308
Qwen 32B 0.426 0.418
Qwen 14B 0.487 0.545
Solar 22B 0.269 0.188
ALL 0.296 0.287

Table 5: The cross-dataset correlation between gener-
ation performance and the most correlated linguis- tic
feature when evaluated on different models.

AI-generated texts (Georgiou, 2024). We measure
the incidence of passive and active voice as the
frequency of verbs in passive or active voice. We
also compare the differences between the choice
of tenses. The frequency of past, present and
future tenses is measured as the fraction of the
text covered by verbs in past, present and future
tenses. For example, the incidence of past tenses is
the number of verbs in past simple, past continuous,

past perfect or past perfect continuous divided by
the total number of words in the text.

Lexical analysis. As part of lexical analysis, we
measure the frequency of proper and personal
names, as well as the frequency of adjectives
and adverbs in positive, comparative and su-
perlative degrees and the frequency of nouns in
possessive case. We use the StyloMetrix (Okul-
ska et al., 2023) pronoun-related metrics to ana-
lyze the differences in the usage of pronouns in
human-written and AI-generated text, as well as
across the different prompt types, dataset types and
models. We calculate not only the frequency of
pronouns (POS_PRO), but also the frequency of
specific personal or reflexive pronouns and the gen-
eral frequency of certain types of pronouns (for
example, the frequency of all first-person singular
pronouns).



Prompt Dataset Prompt template

0-shot

Abstracts "Write an abstract for an article in {category} with a title: \"{title}\". The abstract should be around {length} characters long."
News "Write a news article based on the following highlights:\n\"{highlights}\"\nYour article should be around {length} characters

long."
Reviews "Write an Amazon review for the item \"{item_name}\" with a title \"{title}\" and a rating of {rating}. The review should be

around {length} characters long."
QA "{question}\n Your answer should be around {length} characters long."

0-shot CoT

Abstracts "Write an abstract for an article in {category} with a title: \"{title}\". Let’s think step by step. Your answer should only include
the abstract. The abstract should be around {length} characters long."

News "Write a news article based on the following highlights:\n\"{highlights}\"\nLet’s think step by step. Your answer should only
include the article. The article should be around {length} characters long."

Reviews "Write an Amazon review for the item \"{item_name}\" with a title \"{title}\" and a rating of {rating}. Let’s think step by step.
Your answer should only include the review. The review should be around {length} characters long."

QA "{question}\nLet’s think step by step. Your answer should only include the answer to the question. The answer should be around
{length} characters long."

1-shot CoT

Abstracts "I want to write an abstract for an article in computer science. The article is titled \"ConQRet: Benchmarking Fine-Grained
Evaluation of Retrieval Augmented Argumentation with LLM Judges\". \n 1. First, I introduce the context of the research and
explain the motivation:\n\"Computational argumentation, which involves generating answers or summaries for controversial
topics like abortion bans and vaccination, has become increasingly important in today’s polarized environment. Sophisticated
LLM capabilities offer the potential to provide nuanced, evidence-based answers to such questions through Retrieval-Augmented
Argumentation (RAArg), leveraging real-world evidence for high-quality, grounded arguments. However, evaluating RAArg
remains challenging, as human evaluation is costly and difficult for complex, lengthy answers on complicated topics. At the
same time, re-using existing argumentation datasets is no longer sufficient, as they lack long, complex arguments and realistic
evidence from potentially misleading sources, limiting holistic evaluation of retrieval effectiveness and argument quality.\"\nThen,
I describe how I addressed the gaps in current research and give a detailed description of my methodology:\n\"To address
these gaps, we investigate automated evaluation methods using multiple fine-grained LLM judges, providing better and more
interpretable assessments than traditional single-score metrics and even previously reported human crowdsourcing. To validate
the proposed techniques, we introduce ConQRet, a new benchmark featuring long and complex human-authored arguments on
debated topics, grounded in real-world websites, allowing an exhaustive evaluation across retrieval effectiveness, argument quality,
and groundedness. We validate our LLM Judges on a prior dataset and the new ConQRet benchmark.\"\nFinally, I describe
the results and their implications for the research on this topic:\n\"Our proposed LLM Judges and the ConQRet benchmark
can enable rapid progress in computational argumentation and can be naturally extended to other complex retrieval-augmented
generation tasks.\"\nBased on the provided step-by-step instruction, write an abstract for an article in {category} titled \"{title}\"."

News "I want to write a news article about the following events:\nDarsh Patel, 22, was hiking with friends in the Apshawa Preserve in
West Milford on Sunday when a bear started following them.\nThe group fled in different directions and when the four other
hikers could not find Patel, they called police.\nPatel’s body was found two hours later.\nThe 300-pound bear was circling
the body and could not be scared away.\nIt was shot dead in accordance with Division of Fish and Wildlife guidelines.\nOn
Saturday locals splitting wood filmed a bear rifling through their garbage.\n\n\nFirst, I introduce the event and its content to the
readers:\nLocals in northern New Jersey believe they filmed a black bear hunting for food hours before a 22-year-old hiker was
mauled to death in nearby woods at the weekend. Two men splitting wood on Saturday captured a video of a bear going through
garbage just a few feet from where they were working, before scampering off into the woods, according to CNN. On Sunday,
Darsh Patel, a senior majoring in information technology and informatics at Rutgers University, was found dead in Apshawa
Preserve - about 45 miles northwest of New York City - with a 300-pound bear guarding his body. Officials say the attack was the
first fatal bear-human encounter on record in New Jersey. Just a day after the footage was shot, a black bear mauled a 22-year-old
student to death in the woods nearby.\nThen, I provide more details related to the event:\nPatel had been hiking with four friends
in the 526-acre woods. The five friends noticed the bear beginning to follow them and ran, splitting up as they did. When they
couldn’t find Patel, they called police, who found his body about two hours later. The bear was about 30 yards from the body and
circling, Department of Environmental Protection spokesman Larry Ragonese said, and wouldn’t leave even after officers tried to
scare it away by making loud noises and throwing sticks and stones. The male bear was killed with two rifle blasts and is being
examined at a state lab for more clues as to why it may have pursued the group of five hikers.\nThen, I provide opinions on the
event, quoting officials, experts or witnesses of the event:\nKelcey Burguess, principal biologist and leader of the state Division of
Fish and Wildlife’s black bear project, said the bear could have been predisposed to attack but more likely was looking for food.
State and local officials stressed that bear attacks are rare even in a region of the state that may have as many as 2,400 bruins in its
dense forests. \"This is a rare occurrence,\" West Milford police Chief Timothy Storbeck said, noting that his department receives
six to 12 calls per week regarding bears, usually involving them breaking into trash cans. Locals: Residents in northern New
Jersey often spot bears in and around their yards. There are as many 2,400 bruins in the area’s dense forests, but until now had
never been a fatal human-bear attack. Wildlife officials believe there is a current shortage of the acorns and berries that bears eat.
The hikers had granola bars and water with them, Storbeck said. Officials don’t believe the hikers provoked the bear but they may
have showed their inexperience when they decided to run. The safest way to handle a bear encounter is to move slowly and not
look the bear in the eye, DEP spokesman Larry Ragonese said. New Jersey Division of Fish and Wildlife guidelines direct law
enforcement to euthanize \"Category I\" bears, which are deemed an \"immediate threat to human safety.\" NJ Advance Media
reports that the New Jersey State Medical Examiner, the Fish and Wildlife Division of the state Department of Environmental
Protection and the West Milford Police Department are looking into the circumstances of Patel’s death.\nFinally, I conclude the
report by highlighting the relevance of the event:\n\"Bear sightings are not unusual by any stretch in New Jersey,\" said Bob
Considine, spokesperson for the Department of Environmental Protection. \"They have been seen in all 21 counties, although
they’re obviously most common in the northwest part of the state.\" Black bears rarely pose a threat to humans and often retreat
when confronted. In 2006, a tabby cat scared a black bear up a tree in West Milford. The bear only climbed down and left after
the cat’s owner had called it back into the house.\n\nNow, I want to write an article on a different topic:\n{highlights}\nWrite the
article, following the steps described above. Your answer should only include the article. The article should be around {length}
characters long.",

Reviews "I want to write an Amazon review for an item called \"Haier RDG350AW 6.5 Cubic Foot Front Load Gas Dryer, White\". The
rating will be 5.0.\nFirst, I choose a title for my review that describes my opinion and experience well. The title of my review
will be:\n\"Very Affordable Dryer\".\nThen, I would state my initial experience with the product:\n\"I was a little worried about
buying this cause it had some bad reviews, but it’s a really great deal.\"\nThen I would describe the pros and cons of the product,
expressing the reasons for my rating:\n\"It didn’t touch my gas bill period. Yes larger loads take a while to dry, maybe up to 3 to
4 hours. It’s just really energy efficent. Like I said my gas bill didn’t budge with this being hooked up.\"\nNow, I want to write a
review of an item called \"{item_name}\" and give it a rating of {rating}.\nFollow the directions described above to come up with
the review. Your answer should only include the review and the title. The review should be one paragraph."

QA "If I was asked the question: \"When do the English state schools finish summer term and holiday begins?\",\nFirst, I would give
a general overview of the answer:\"In the English school system, state schools run from early September to mid or late July of the
following year.\"\nThen, I would go into more detail:\n\"The summer term (also known as the third term) runs from late April and
finishes mid to late July with a week-long half term break in between. The summer holiday begins in late July and usually runs
about six weeks long, ending in September.\"\nFinally, I would add nuance or additional context to my answer:\n\"The schools on
the Trinity terms end their school year and begin summer holidays a few weeks earlier, at the end of June.\"\nFollowing the steps
described above, answer the question: \"{question}\" in one paragraph."

Continued on next page



Prompt Dataset Prompt template

3-shot

Abstracts

"role" : "user", "content" : {title_1}
"role" : "assistant", "content" : {human-written_abstract_1}
"role" : "user", "content" : {title_2}
"role" : "assistant", "content" : {human-written_abstract_2}
"role" : "user", "content" : {title_3}
"role" : "assistant", "content" : {human-written_abstract_3}
"role" : "user", "content" : {title}

News

"role" : "user", "content" : {highlights_1}
"role" : "assistant", "content" : {human-written_article_1}
"role" : "user", "content" : {highlights_2}
"role" : "assistant", "content" : {human-written_article_2}
"role" : "user", "content" : {highlights_3}
"role" : "assistant", "content" : {human-written_article_3}
"role" : "user", "content" : {highlights}

Reviews

"role" : "user", "content" : {product_name_1}
"role" : "assistant", "content" : {human-written_review_1}
"role" : "user", "content" : {product_name_2}
"role" : "assistant", "content" : {human-written_review_2}
"role" : "user", "content" : {product_3}
"role" : "assistant", "content" : {human-written_review_3}
"role" : "user", "content" : {product}

QA

"role" : "user", "content" : {question_1}
"role" : "assistant", "content" : {human-written_answer_1}
"role" : "user", "content" : {question_2}
"role" : "assistant", "content" : {human-written_answer_2}
"role" : "user", "content" : {question_3}
"role" : "assistant", "content" : {human-written_answer_3}
"role" : "user", "content" : {question}

Style

Abstracts "As an academic paper writer, your task is to write an abstract of a research paper in a specific writing style. Write in the writing
style of an example but ignore the content and topic of the example. You will be provided with the style example. You will be
provided with the title for your abstract.\nStyle example: {example}\nTitle: {title}"

News "As a news article writer, your task is to write a news article in a specific writing style. Write in the writing style of an example
but ignore the content and topic of the example. You will be provided with the style example. You will be provided with the
summary of the topic for your article.\nStyle example: {example}\nSummary: {highlights}"

Reviews "As an Amazon review writer, your task is to write a review for an item in a specific writing style. Write in the writing style of an
example but ignore the content and topic of the example. You will be provided with the style example. You will be provided with
the name of the item you have to review.\nStyle example: {example}\nItem: {item_name}"

QA "As a highly intelligent question answering bot, your task is to answer questions in specific writing styles. Write in the writing
style of an example but ignore the content and topic of the example. You will be provided with the style example. You will be
provided with the question.\nStyle example: {example}\nQuestion: {question}"

Self-refine

Abstracts

1. "Write an abstract for an article in {category} with a title: \"{title}\". The abstract should be around {length} characters
long."

2. "You will see an abstract for a scientific article. Your task is to provide feedback on how to make the text seem more
human-like. Consider sentence length, sentence structure, vocabulary and readability.\nAbstract: {text}\nFeedback: "

3. "Based on the feedback, improve the text below:\nText: {text}\nFeedback: {feedback}."

4. "Which text sounds more human-written?\nText A: {text_a}\nText B: {text_b}\n\nPick your answer from [\"Text A\",
\"Text B\", \"both\", \"neither\"]. Generate a short explanation for your choice first. Then, generate \"Text A seems more
human-written\" or \"Text B seems more human-written\" or \"Both texts seem human-written\" or \"Neither of the texts
sounds human-written\"

News

1. "Write a news article based on the following highlights:\n\"{highlights}\"\nYour article should be around {length}
characters long."

2. "You will see a news article. Your task is to provide feedback on how to make the text seem more human-like. Consider
sentence length, sentence structure, vocabulary and readability.\nArticle: {text}\nFeedback: "

3. "Based on the feedback, improve the text below:\nText: {text}\nFeedback: {feedback}."

4. "Which text sounds more human-written?\nText A: {text_a}\nText B: {text_b}\n\nPick your answer from [\"Text A\",
\"Text B\", \"both\", \"neither\"]. Generate a short explanation for your choice first. Then, generate \"Text A seems more
human-written\" or \"Text B seems more human-written\" or \"Both texts seem human-written\" or \"Neither of the texts
sounds human-written\"

Reviews

1. "Write an Amazon review for the item \"{item_name}\" with a title \"{title}\" and a rating of {rating}. The review should
be around {length} characters long."

2. "You will see an Amazon review. Your task is to provide feedback on how to make the text seem more human-like.
Consider sentence length, sentence structure, vocabulary and readability.\nReview: {text}\nFeedback: "

3. "Based on the feedback, improve the text below:\nText: {text}\nFeedback: {feedback}."

4. "Which text sounds more human-written?\nText A: {text_a}\nText B: {text_b}\n\nPick your answer from [\"Text A\",
\"Text B\", \"both\", \"neither\"]. Generate a short explanation for your choice first. Then, generate \"Text A seems more
human-written\" or \"Text B seems more human-written\" or \"Both texts seem human-written\" or \"Neither of the texts
sounds human-written\"

Continued on next page



Prompt Dataset Prompt template

QA

1. "{question}\n Your answer should be around {length} characters long."

2. "You will see an answer to a question. Your task is to provide feedback on how to make the text seem more human-like.
Consider sentence length, sentence structure, vocabulary and readability.\nAnswer: {text}\nFeedback: "

3. "Based on the feedback, improve the text below:\nText: {text}\nFeedback: {feedback}."

4. "Which text sounds more human-written?\nText A: {text_a}\nText B: {text_b}\n\nPick your answer from [\"Text A\",
\"Text B\", \"both\", \"neither\"]. Generate a short explanation for your choice first. Then, generate \"Text A seems more
human-written\" or \"Text B seems more human-written\" or \"Both texts seem human-written\" or \"Neither of the texts
sounds human-written\"

Table 6: Prompt details.



Detector Model Dataset Prompt type

0-Shot 3-Shot CoT 1-Shot CoT Style 3-Shot Self-refine

DeBERTa

Llama3.3 70b

Abstracts 0.988 0.9875 0.993 0.9795 0.9945 0.9865
News 0.999 0.999 0.9985 0.9775 0.7935 1.0
Reviews 0.984 0.988 0.9995 0.9615 0.9805 0.9875
QA 0.8866 0.8966 0.9989 0.9604 0.8233 0.9509

Qwen 14b

Abstracts 0.998 0.991 0.994 0.998 0.999 0.999
News 1.0 0.9995 0.9995 1.0 1.0 0.999
Reviews 0.9985 0.996 1.0 1.0 0.9965 0.9985
QA 0.98 0.9662 0.9916 0.9926 0.9668 0.9736

Qwen 32b

Abstracts 0.9955 0.9915 0.994 0.9965 1.0 0.999
News 1.0 0.999 0.9995 1.0 1.0 1.0
Reviews 0.999 0.9955 1.0 0.998 0.9985 0.9955
QA 0.9763 0.981 0.9852 0.9942 0.9626 0.9736

Qwen 72b

Abstracts 0.988 0.9845 0.9845 0.991 0.9955 0.991
News 0.999 0.9995 0.9995 1.0 0.998 0.999
Reviews 0.995 0.9975 0.9995 0.9945 0.9965 0.989
QA 0.9699 0.9583 0.9889 0.942 0.8903 0.9662

Solar 22b

Abstracts 0.9855 0.9915 0.992 0.989 0.9985 0.9975
News 1.0 0.9995 0.999 1.0 0.9994 0.9995
Reviews 0.998 0.998 0.9995 0.9975 0.9965 0.999
QA 0.9626 0.9852 0.9947 0.9773 0.9705 0.9926

Mistral 123b

Abstracts 0.986 0.989 0.9895 0.984 0.9895 0.9965
News 0.9985 0.998 0.9995 0.9975 0.962 1.0
Reviews 0.9905 0.9895 0.9945 0.993 0.9765 0.994
QA 0.9014 0.8333 0.9299 0.8819 0.9167 0.9905

Deepseek 70b

Abstracts 0.9885 0.989 0.992 0.9825 0.9965 0.9885
News 0.998 0.9985 0.998 0.9985 0.999 1.0
Reviews 0.9945 0.994 0.9945 0.99 0.9955 0.9955
QA 0.9341 0.9019 0.9483 0.8903 0.9151 0.954

RoBERTa

Llama3.3 70b

Abstracts 0.9865 0.9765 0.9925 0.9295 0.9795 0.9835
News 0.99 0.996 0.988 0.901 0.782 0.9965
Reviews 0.987 0.9925 0.9995 0.938 0.99 0.9915
QA 0.8481 0.8586 1.0 0.9578 0.8291 0.9451

Qwen 14b

Abstracts 0.9945 0.993 0.995 0.998 0.999 0.9965
News 0.999 1.0 0.9995 1.0 0.9985 1.0
Reviews 0.9995 0.999 0.9995 1.0 0.998 1.0
QA 0.9826 0.9652 0.9784 0.9852 0.9541 0.9662

Qwen 32b

Abstracts 0.993 0.989 0.9935 0.993 0.999 0.9985
News 1.0 1.0 1.0 0.999 0.9985 0.9975
Reviews 0.998 0.9995 0.9965 0.9985 0.9975 0.9955
QA 0.9789 0.9789 0.981 0.9873 0.9209 0.9789

Qwen 72b

Abstracts 0.986 0.9825 0.9875 0.979 0.9945 0.982
News 0.998 1.0 0.999 0.9995 0.999 0.999
Reviews 0.996 0.9955 1.0 0.9945 0.998 0.9915
QA 0.981 0.9399 0.9831 0.9504 0.8623 0.9699

Solar 22b

Abstracts 0.9825 0.987 0.9795 0.9825 0.995 0.9995
News 0.9975 0.995 0.994 0.9995 1.0 0.998
Reviews 0.9975 0.9975 1.0 0.997 0.9935 1.0
QA 0.9742 0.9831 0.9963 0.9821 0.9747 0.9937

Mistral 123b

Abstracts 0.9835 0.982 0.982 0.9665 0.987 0.9925
News 0.993 0.996 0.998 0.992 0.9825 0.999
Reviews 0.9955 0.981 0.9915 0.991 0.9805 0.9935
QA 0.8877 0.8318 0.9383 0.9024 0.8866 0.9826

Deepseek 70b

Abstracts 0.9835 0.986 0.988 0.9655 0.996 0.9825
News 0.997 0.986 0.9995 0.998 0.9985 0.998
Reviews 0.994 0.995 0.9925 0.9925 0.9965 0.9965
QA 0.8813 0.8734 0.9314 0.8645 0.8513 0.9185

Table 7: Accuracy of the fine-tuned detectors on in-domain data.



Linsuitic Feature DeBERTa-based RoBERTa-based
Feature Metric C-P C-M C-D C-P C-M C-D

Lexical diversity
MATTR 0.035 0.312 0.097 0.031 0.326 0.100

L MATTR 0.038 0.313 0.087 0.021 0.349 0.079
Unique words 0.004 0.118 0.116 0.044 0.163 0.074

Lexical density Number of function words 0.008 0.148 0.104 0.042 0.282 0.184

Readability

FLESCH 0.006 0.254 0.198 0.006 0.330 0.251
Sentence length 0.069 0.242 0.093 0.073 0.288 0.122
Long sentences 0.020 0.161 0.099 0.061 0.196 0.066
Short sentences 0.072 0.223 0.040 0.041 0.290 0.043

Sentence length std 0.034 0.104 0.004 0.058 0.210 0.064
Length in characters 0.002 0.117 0.083 0.045 0.191 0.012

Sentiment Polarity 0.025 0.125 0.224 0.106 0.261 0.187
Subjectivity 0.019 0.064 0.001 0.058 0.134 0.054

Verbs 0.050 0.080 0.005 0.072 0.042 0.041
Nouns 0.047 0.307 0.164 0.066 0.322 0.180

Adjectives 0.017 0.147 0.038 0.037 0.014 0.092
Adverbs 0.005 0.201 0.217 0.016 0.213 0.195

POS Determiners 0.010 0.215 0.218 0.044 0.286 0.241
Interjections 0.031 0.111 0.157 0.032 0.169 0.096
Conjunctions 0.042 0.061 0.158 0.020 0.190 0.098

Particles 0.027 0.012 0.026 0.006 0.212 0.047
Numerals 0.008 0.270 0.163 0.003 0.265 0.202
Pronouns 0.013 0.064 0.057 0.051 0.159 0.007

Content words 0.023 0.128 0.064 0.039 0.278 0.148
Function words 0.005 0.045 0.086 0.035 0.251 0.164

Content words types 0.041 0.100 0.195 0.001 0.239 0.238
Function words types 0.012 0.037 0.137 0.048 0.006 0.194

Proper names 0.070 0.360 0.013 0.022 0.134 0.053
Nouns in possessive case 0.049 0.062 0.102 0.002 0.081 0.167

Adjectives in positive degree 0.012 0.147 0.039 0.043 0.018 0.097
Adverbs in positive degree 0.003 0.188 0.191 0.025 0.188 0.184

Adverbs in comparative degree 0.006 0.191 0.225 0.016 0.206 0.198
Adverbs in superlative degree 0 0.191 0.226 0.022 0.204 0.197

’I’ pronoun 0 0.202 0.134 0.033 0.327 0.085
’He’ pronoun 0.045 0.173 0.045 0.031 0.191 0.059
’She’ pronoun 0.086 0.176 0.004 0.080 0.316 0.020
’It’ pronoun 0.067 0.092 0.167 0.067 0.203 0.199

’You’ pronoun 0.015 0.160 0.085 0.011 0.113 0.028
’They’ pronoun 0.015 0.072 0.101 0.018 0.128 0.128
’Me’ pronoun 0.044 0.096 0.041 0.025 0.077 0.032

’You’ object pronoun 0.016 0.077 0.153 0.050 0.161 0.100
’Him’ object pronoun 0.041 0.161 0.069 0.042 0.034 0.097

Lexical ’Her’ object pronoun 0.040 0.080 0.072 0.072 0.203 0.031
’Us’ pronoun 0.041 0.215 0.101 0.012 0.086 0.137

’Them’ pronoun 0.052 0.030 0.073 0.080 0.080 0.012
’My’ pronoun 0.021 0.214 0.127 0.053 0.341 0.109

’Your’ pronoun 0.007 0.250 0.085 0.009 0.254 0.096
’His’ pronoun 0.005 0.078 0.086 0.023 0.059 0.152

’Her’ possessive pronoun 0.034 0.004 0.053 0.063 0.102 0.129
’Its’ possessive pronoun 0.089 0.293 0.245 0.079 0.323 0.244

’Their’ possessive pronoun 0.065 0.237 0.121 0.015 0.228 0.132
’Yours’ pronoun 0.026 0.001 0.221 0.009 0.103 0.163
’Theirs’ pronoun 0.004 0.011 0.255 0.008 0.084 0.237
’Hers’ pronoun 0.061 0.006 0.067 0.031 0.130 0.021

’Ours’ possessive pronoun 0.003 0.106 0.021 0.010 0.186 0.005
’Myself’ pronoun 0.023 0.157 0.088 0.017 0.297 0.073
’Himself’ pronoun 0.012 0.332 0.052 0.027 0.232 0.043
’Herself’ pronoun 0.036 0.248 0.025 0.032 0.227 0.001
’Itself’ pronoun 0.032 0.132 0.221 0.055 0.027 0.204

’Ourselves’ pronoun 0 0.103 0.073 0.018 0.269 0.068
’Yourselves’ pronoun 0.018 0.177 0.108 0.005 0.194 0.083
’Themselves’ pronoun 0.064 0.230 0.019 0.100 0.278 0.015

First person singular pronouns 0 0.202 0.134 0.033 0.327 0.085
Second person pronouns 0.014 0.204 0.056 0.011 0.192 0.005

Third person singular pronouns 0.047 0.014 0.093 0.031 0.198 0.140
Third person plural pronouns 0.050 0.182 0.117 0.039 0.129 0.157

General Incidence of verbs in infinitive 0.037 0.050 0.020 0.095 0.153 0.085

Table 8: The correlation between generalization performance with different linguistic features. The significant
correlation is bolded.
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(b)
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Figure 4: The more detailed comparison of different linguistic features across different configurations as well as the
differences between human and AI text. We present the features that have the strongest correlations for different
dimensions (underlined features in Table 4 in the main paper).



Dataset: Reviews
Item name: Homasy Amplified HDTV Antenna Indoor with Amplifier - 50 Mile Range, Built in Amplifier Signal Booster
Title: Works Well
Rating: 5
Review length in characters: 859

Human, Short sentences: 5

We got rid of satellite TV a couple of years ago. We have two TVs in the house, but only one HD over the air tuner. We’re looking to get another tuner, so with
a second tuner, we need a second antenna. We tested this antenna with our existing tuner. It requires a USB port to be plugged in. We didn’t attach it to our
wall since we plan to use it in a different room and this was just a test. My husband held it up and was able to get a clear picture with it. Our living room has a
two story ceiling. Our other antenna is up pretty high on the wall. The higher it was, the better the reception. The antenna is comparable to our other one in
quality and performance. Now that we have another good antenna, we will go forward with purchasing a new tuner. I received this for free in exchange for my
honest & unbiased review. My thoughts & opinions are my own.

Llama70B, 0-shot, Short sentences: 2

I’m impressed with this antenna! It was easy to set up and I get great reception on all my local channels. The amplifier really makes a difference, picking up
stations that my old antenna couldn’t. I live about 30 miles from the broadcast towers and it works flawlessly. Highly recommend!

Llama70B, 3-shot, Short sentences: 1

I was a bit skeptical about buying an indoor antenna, but I’m glad I took the chance. The Homasy Amplified HDTV Antenna has exceeded my expectations.
Setup was easy, just plug it in and scan for channels. I was able to receive over 30 channels, including major networks like ABC, CBS, NBC, FOX, and
PBS, as well as some local stations. The picture quality is excellent, with no pixelation or freezing. The amplifier seems to make a big difference, as I was
able to pick up channels that my old non-amplified antenna couldn’t. The range is also impressive, I’m about 40 miles from the broadcast towers and I get a
strong signal. The antenna is compact and lightweight, making it easy to place anywhere in the room. Overall, I’m very happy with this purchase and would
recommend it to anyone looking for a reliable and affordable indoor HDTV antenna. Pros: Easy setup Excellent picture quality Good range (up to 50 miles)
Compact and lightweight design Affordable price Cons: None that I can think of! Note: As with any antenna, the number of channels you’ll receive will
depend on your location and the strength of the signals in your area. But overall, I’m very satisfied with this product and would definitely recommend it.

Llama70B, Style, Short sentences: 2

I bought the "H́omasy Amplified HDTV Antenna Indoor with Amplifier"f́or my 75 year old dad because he likes to watch his local news and sports channels
without relying on cable. This antenna makes it so he can. The thing I dont́ like? That you have to deal with all the extra cables the amplifier and signal booster
are great, but they add clutter. So it would be nice to be able to just have a more streamlined setup. The extra cables just get tangled up behind the TV.

Llama70B, 0-shot CoT, Short sentences: 2

Works Well I’m impressed with this antenna, it works well and picks up all local channels clearly. The amplifier helps boost weak signals, giving me
more channel options. Easy to set up, compact design, and great picture quality. I can receive channels within a 50-mile range without any issues. Highly
recommended!

Llama70B, 1-shot CoT, Short sentences: 0

"Excellent Reception at a Great Price" I was a bit skeptical about purchasing this antenna due to mixed reviews, but it has exceeded my expectations in every
way; itś a fantastic value for the money. The pros definitely outweigh the cons, as it picks up a ton of channels with crystal clear reception, and the amplifier
makes a huge difference, allowing me to receive stations from over 40 miles away with perfect clarity. Yes, you may need to adjust the antennaś position for
optimal signal strength, but thatś a small trade-off for the quality and number of channels you get, and the fact that itś so easy to set up and use is just icing on
the cake.

Llama70B, self-refine, Short sentences: 0

I was a bit skeptical about whether this antenna would be able to pull in clear signals from 30 miles away, but I’ve been blown away by its performance. Setting
it up was a breeze, and the built-in amplifier has made a huge difference in terms of picture quality I can now get all my local channels in crystal-clear HD,
which is a big upgrade from the fuzzy reception I was getting before. What really impresses me, though, is that it’s picked up a few channels I didn’t even
know existed, including some great local stations that I’d never been able to tune into before. Overall, I’m thoroughly impressed with this antenna and would
definitely recommend it to anyone looking to boost their TV reception!

Table 9: Case study of human and AI texts for the cross-prompt generalization setting shown in Figure 2 (a).



Dataset: Abstracts
Title: Satellites and large doping- and temperature-dependence of electronic properties in hole-doped BaFe2As2
Category: Strongly Correlated Electrons
Review length in characters: 1037

Human, “We” pronoun: 0.013698

Over the last years, superconductivity has been discovered in several families of iron-based compounds. Despite intense research, even basic electronic
properties of these materials, such as Fermi surfaces, effective electron masses, or orbital characters are still subject to debate. Here, we address an issue that
has not been considered before, namely the consequences of dynamical screening of the Coulomb interactions among Fe-d electrons. We demonstrate its
importance not only for correlation satellites seen in photoemission spectroscopy, but also for the low-energy electronic structure. From our analysis of the
normal phase of BaFe2As2 emerges the picture of a strongly correlated compound with strongly doping- and temperature-dependent properties. In the hole
overdoped regime, an incoherent metal is found, while Fermi-liquid behavior is recovered in the undoped compound. At optimal doping, the self-energy
exhibits an unusual square-root energy dependence which leads to strong band renormalizations near the Fermi level.

Deepseek, 0-shot, “We” pronoun: 0.011628

This study investigates the electronic properties of hole-doped BaFe2As2 using angle-resolved photoemission spectroscopy (ARPES). We observe prominent
satellite bands whose intensity varies significantly with doping and temperature. These satellites reveal intricate many-body interactions, suggesting coupling of
electrons with lattice vibrations or spin fluctuations. Our findings indicate that doping-induced modifications to the Fermi surface and temperature-dependent
renormalization play crucial roles in shaping the electronic structure. The results provide insights into the unconventional superconductivity of iron-based
compounds, highlighting the importance of electron interactions in determining their unique properties.

Deepseek, 3-shot, “We” pronoun: 0.000000

The study investigates the electronic properties of hole-doped BaFe2As2, focusing on satellite features observed in spectroscopic measurements and their
sensitivity to doping and temperature variations. Here’s a structured summary: Material Context: Hole-Doping: Introduces excess positive charge carriers,
altering the electronic structure significantly. Iron-Based Superconductor: Part of a class of materials known for high critical temperatures and complex
electronic interactions. Key Observations: Satellite Features: These are secondary peaks near primary spectral lines, likely arising from many-body interactions
such as electron-boson coupling. Doping Dependence: The intensity or prominence of these satellites varies with doping levels, indicating a correlation
between carrier concentration and interaction strength. Temperature Dependence: Thermal effects modify the satellites, suggesting that phonon interactions
or other thermally induced processes play a role. Implications for Superconductivity: Correlation with Superconducting Mechanisms: The presence and
behavior of satellites may hint at the strength of pairing interactions crucial for superconductivity. Potential Optimization: Understanding how doping and
temperature influence these features could guide strategies to enhance critical temperature (Tc). Methodology: Likely employs advanced spectroscopic
techniques such as ARPES, supported by theoretical modeling to interpret the data accurately. Research Implications: Suggests a nuanced relationship between
satellite features and superconductivity, highlighting the complexity of electronic interactions. Encourages further exploration across different superconducting
materials to identify universal principles or unique mechanisms. This study contributes valuable insights into the intricate electronic dynamics of iron-based
superconductors, offering potential pathways for advancing our understanding and engineering of high-Tc materials.

Deepseek, Style, “We” pronoun: 0.013605

We report a comprehensive investigation into the electronic properties of hole-doped BaFe2As2, focusing on the significant influence of doping level and
temperature variations. Our studies uncover a pronounced dopingand temperature-dependent behavior in the material’s electronic characteristics, with
particular emphasis on the emergence of satellite features in spectroscopic measurements. By employing advanced experimental techniques combined with
theoretical modeling, we demonstrate how these satellite structures correlate with changes in carrier concentration and lattice dynamics. A detailed analysis
reveals that the interplay between doping-induced charge carriers and thermal fluctuations plays a critical role in modulating the material’s conductivity and
band structure. This work provides fundamental insights into the underlying mechanisms governing the electronic response of doped iron-based compounds,
offering valuable guidance for tailoring their properties for potential technological applications. Our findings underscore the importance of considering both
doping and temperature effects when designing materials for optimized performance in electronic devices.

Deepseek, 0-shot CoT, “We” pronoun: 0.006993

This study investigates the electronic properties of hole-doped BaFe2As2 using high-resolution angle-resolved photoemission spectroscopy (ARPES). We
observe prominent satellite features in the spectral function, whose intensity and dispersion exhibit strong dopingand temperature-dependent behavior. These
satellites, indicative of many-body interactions, become more pronounced with increased doping and lower temperatures, particularly near the Fermi level.
Our analysis reveals a significant evolution of the electronic structure across the doping phase diagram, highlighting non-trivial renormalization effects and
deviations from conventional quasiparticle behavior. The observed trends suggest that strong electron-electron correlations play a critical role in shaping
the electronic properties of BaFe2As2. Furthermore, the dopingand temperature-dependent saturation of these satellites provides insights into the interplay
between correlation effects and superconducting tendencies in iron-based superconductors. These findings challenge existing theoretical frameworks and
underscore the importance of incorporating strong correlation physics in modeling the electronic states of doped iron pnictides.

Deepseek, 1-shot CoT, “We” pronoun: 0.007605

In recent years, the study of strongly correlated electron systems has gained significant attention due to their unique electronic properties, particularly in
materials exhibiting unconventional superconductivity. Hole-doped BaFe2As2, a member of the iron-based superconductor family, has emerged as a model
system for investigating the interplay between electronic correlations, doping, and temperature-dependent phenomena. Understanding the intricate relationships
between these factors is crucial for advancing our knowledge of quantum materials and their potential applications. Despite extensive research, the dopingand
temperature-dependent evolution of electronic properties in BaFe2As2 remains poorly understood, particularly in the underdoped regime where strong
correlations dominate. To address these challenges, we employ advanced spectroscopic techniques to probe the electronic structure of hole-doped BaFe2As2
across a wide range of doping levels and temperatures. Our measurements reveal pronounced satellite features in the electronic spectra, which are highly
sensitive to both doping and temperature. These observations suggest the presence of strong many-body interactions, whose strength varies significantly with
doping and thermal fluctuations. By systematically analyzing these dependencies, we uncover universal scaling behaviors that shed light on the underlying
mechanisms governing the electronic response in this class of materials. Our findings demonstrate that the dopingand temperature-dependent evolution of
electronic properties in BaFe2As2 cannot be explained by conventional theories alone, pointing to the importance of incorporating strong correlation effects.
Furthermore, the emergence of robust satellite structures highlights the critical role of short-range Coulomb interactions in shaping the electronic landscape.
These insights not only advance our understanding of the phase diagram of iron-based superconductors but also provide a framework for exploring similar
phenomena in other strongly correlated electron systems.

Deepseek, self-refine, “We” pronoun: 0.012658

Refined Hole-doped BaFe2As2 reveals fascinating insights into the interplay between strong electron correlations and unconventional superconductivity.
Through advanced techniques like ARPES and transport measurements, we explored how doping and temperature affect its electronic properties. Notably, we
identified significant satellite features in the valence band, which change markedly with doping and temperature, reflecting substantial particle interactions a
hallmark of many-body physics. These changes align with shifts in the Fermi surface and quasiparticle behavior, underscoring how correlations redefine the
material’s electronic landscape. Moreover, our measurements showed variations in resistivity and Hall coefficients tied to doping and temperature, hinting at
intricate interactions between charge carriers and spin fluctuations. Intriguingly, a nonlinear pattern emerged across the doping phase diagram, suggesting
competing orders near quantum criticality. These findings highlight the pivotal role of strong correlations in iron pnictides and offer insights into exotic phases
in similar materials. Such understanding could pave the way for innovative device technologies, bridging cutting-edge science with practical applications.

Table 10: Case study of human and AI texts for the cross-prompt generalization setting shown in Figure 2 (b).


