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Abstract

Current research on Event Factuality Prediction
(EFP) predominantly treats LLMs as passive
classifiers, where high aggregate metrics often
mask shortcut learning and unreliable reason-
ing. In this position paper, we argue for a fo-
cus shift from event factuality to meta-factivity.
We introduce the Meta-Factivity Framework
(MFF), a theoretical roadmap that moves eval-
uation beyond surface recognition to belief
trajectory reasoning and epistemic regulation.
By framing hallucination as a failure of meta-
cognitive control, we advocate for a transition
from measuring black-box accuracy to evalu-
ating white-box cognition, laying the ground-
work for a more rigorous benchmark for ex-
plainable self-governance.

1 Introduction

Event Factuality Prediction (EFP) is the corner-
stone of robust Natural Language Understanding,
aiming to determine the veridical status of events
in text (Saurí and Pustejovsky, 2009). While
approaches have evolved from rule-based sys-
tems (Saurí and Pustejovsky, 2012) to deep neu-
ral baselines trained on large-scale datasets (e.g.,
Stanovsky et al., 2017; Rudinger et al., 2018; Vey-
seh et al., 2019; Liu et al., 2022), the evaluation
paradigm remains largely focused on treating fac-
tuality as a static classification task, i.e., assigning
a fixed label (e.g., Factual, Counterfactual, or Un-
certain) to an event.

This position paper makes two key contribu-
tions: (1) diagnostically, we empirically expose
how shortcut learning and fragile reasoning under-
mine current SOTA benchmarks; (2) prescriptively,
based on linguistic insights, we introduce the Meta-
Factivity Framework (MFF) as a roadmap to guide
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the transition from static labels to the agent’s abil-
ity to regulate commitments. In this context, Meta-
Factivity refers to a model’s capacity to monitor
and evaluate its own factuality reasoning process,
and regulating commitments refers to how it dy-
namically adjusts its output certainty or factual
stance to resolve logical conflicts.

For example, when a user inputs “The doctor did
not deny that [the medicine caused the side effect]”,
the MFF not only requires the model to correctly
label the bracketed event as Factual, but also as-
sesses whether the model: (1) faithfully attributes
this status to the interaction between the negation
and the trigger verb, and (2) effectively regulates
its commitments instead of succumbing to syco-
phancy upon receiving a contradictory update like
“...but the patient reports no side effects”. Hence,
the MFF strictly prioritizes internal faithfulness
over conversational plausibility.

2 Reflections on Event Factuality

2.1 Long-Tail Data and Shortcut Learning

Existing EFP benchmarks generally suffer from
label skewness, and this long-tail distribution is
widespread across languages. As shown in Ta-
ble 1, the “Factual” category (the head class) consis-
tently dominates across five representative bench-
marks, while samples for “Uncertain” or “Coun-
terfactual” categories (the tail classes) remain ex-
tremely sparse.

Although this imbalance reflects the natural dis-
tribution of texts, it does pose challenges for re-
search. Lee et al. (2015) noted that sparse lexical
cues may hinder learning efficiency: too few non-
factual samples in the training set make it difficult
for models to fully learn these tail categories. To
alleviate this problem, recent work has attempted
scaling and stratified sampling. MAVEN-FACT
(Li et al., 2024) expanded the sample size to 11.5
times that of FactBank (Saurí and Pustejovsky,
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Dataset Language Factual Uncertain Counterfactual

FactBank (Saurí and Pustejovsky, 2009) English 58.1% 39.6% 2.3%
UW 2015 (Lee et al., 2015) English 68.2% 29.0% 2.8%
ACE2005 (Cao et al., 2013) Chinese 66.0% 32.0% 2.0%
MAVEN-FACT (Li et al., 2024) English 93.7% 4.2% 2.1%
ModaFact (Rovera et al., 2025) Italian 69.1% 26.5% 4.4%

Table 1: The long-tail distribution of factuality. Diverse dataset labels are mapped into three categories: “Factual”
includes labels such as CT+, Factual, and 3; “Uncertain” includes PR, PS, Uu, Possible, Underspecified, and
2,1,0,-1; “Counterfactual” includes CT-, Counterfactual, and -2,-3.

2009) to increase the absolute volume of rare labels,
whereas ModaFact (Rovera et al., 2025) adopted
stratified sampling to ensure consistent proportions
of rare categories across sets to guarantee evalua-
tion fairness. While these strategies provide practi-
cal improvement schemes for model training and
evaluation, the fundamental mechanistic vulnera-
bility driven by the long-tail phenomenon remains
unresolved.

As shown in Table 2, the F1 scores across cat-
egories exhibit distinct long-tail characteristics,
showing a strong positive correlation with sample
size. This suggests that high aggregate scores might
be driven by shortcut learning, i.e., exploiting the
prior probability to maximize expected accuracy
on the majority class (e.g., Geirhos et al., 2020;
McCoy et al., 2019). Notably, stronger models
(like GPT-4) exhibit a larger performance drop, sug-
gesting they are particularly prone to over-fitting
head-class priors.

Dataset Model Head F1 Tail F1 ∆F1

MAVEN-
FACT (Li
et al., 2024)

Sample % 93.7% 0.3% –

GPT-4* 94.4 0.0 -94.4
Mistral-7B 86.2 8.5 -77.7
LLAMA 3 82.7 6.8 -75.9

ModaFact
(Rovera
et al., 2025)

Sample % 69.1% 3.4% –

mT5* 88.8 46.0 -42.8
seqBIO 87.6 49.0 -38.6

Aya 86.3 36.9 -49.4

Table 2: Performance degradation (∆F1) across repre-
sentative models (* denotes SOTA), illustrating the ex-
treme correlation between head/tail data scarcity (Sam-
ple %) and F1 score drop.

Fine-grained analyses disclose deeper shortcut
mechanisms. Take ModaFact (Rovera et al., 2025)
as an example: although its Counterfactual and
Underspecified cases share similar scarcity in the
long-tail distribution, performance on the former
significantly exceeds the latter. This disparity arises
because Counterfactual samples typically contain
explicit negation markers (e.g., not, never), whereas

Underspecified samples require deep contextual in-
ference. This aligns with broader Natural Language
Inference (NLI) findings (e.g., White et al., 2018;
Gururangan et al., 2018; Schuster et al., 2019),
which confirm that neural models tend to exploit
negation heuristics rather than engage in complex
evidence reasoning. Li et al. (2024) also demon-
strated that in approximately 30% of correct factual-
ity predictions, models failed to extract the support-
ing evidence. This “right for the wrong reasons”
phenomenon suggests that high performance may
not stem from genuine semantic comprehension.

Crucially, high accuracy can obscure such rea-
soning failures. This may lead to blind affirmation
in unseen contexts, thereby masking risks in high-
stakes domains like medicine and law (Li et al.,
2024). Therefore, future benchmarks must incor-
porate more adversarial probes to rigorously distin-
guish true reasoning from statistical shortcuts.

2.2 Unreliable Reasoning Trajectories

While Li et al. (2024) attempted to improve inter-
pretability of current end-to-end EFP results via
evidence word prediction, this approach struggles
with analytic languages like Chinese. Unlike Indo-
European languages marked by explicit morphol-
ogy, Chinese factuality inference relies on implicit
constructions, collocations, and pragmatic infer-
ence (Li and Yuan, 2023; Yuan, 2020). Thus, identi-
fying discrete keywords is insufficient; understand-
ing the compositionality of truth values is required.

Chain-of-Thought (CoT) offers a window into
internal logic but introduces distinct risks such
as post-hoc rationalization (Turpin et al., 2023)
and hallucination snowballing (Zhang et al., 2025),
where reasoning is fabricated to justify an initial
guess. We examine this unreliability through two
dimensions.

Internal stochasticity, or self-inconsistency
(Elazar et al., 2021; Wang et al., 2022), refers to
the inconsistency of LLMs across multiple runs for
the same input. Meincke et al. (2025) report sig-
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ID Question Text Multi-round Result Self-consistency

Q1 Everyone knows that [the development of the West requires capital and
technology].

9 Uncertain, 1 Factual 90%

Q2 People do not know that [the development of the West requires capital
and technology].

10 Uncertain 100%

Q3 Everyone knows that [the development of the West requires capital and
technology], but the person in charge pointed out that fundamentally,
knowledge and talent are more needed.

10 Factual 100%

Q4 People do not know that [the development of the West requires capital
and technology], because the person in charge pointed out that funda-
mentally, knowledge and talent are more needed.

6 Uncertain, 4 Factual 60%

Table 3: Multi-round reasoning results of Deepseek-V3.2 evaluating the factuality of the same bracketed event (10
runs per query). To test inferential robustness, we introduce linguistic perturbations including negation (Q2, Q4)
and discourse extensions (Q3, Q4). Although the ground truth for all queries is Factual, the model exhibits severe
judgment reversal and self-inconsistency. Self-consistency refers to the frequency of the majority answer.

nificant performance fluctuations in GPT-4o across
100 repeated runs on the GPQA dataset, even with
the temperature fixed at 0.

External instability, or low robustness, refers
to the model output being easily affected by non-
critical perturbations. As shown in Table 3 from
our probe experiment, the mere introduction of an
additional discourse clause triggers severe volatil-
ity, including both judgment reversal (Q1 vs. Q3)
and a drop in answer consistency (Q2 vs. Q4). This
indicates that the model’s factuality judgment is not
anchored in the proposition itself, but is sensitive
to surface-level noise (Jia and Liang, 2017).

Additionally, even when models perform well
under explicit prompting, this underlying reasoning
fragility highlights a broader limitation: they lack
ecological validity in real-world scenarios requir-
ing the implicit understanding of factual commit-
ments.

2.3 The Ecological Validity Problem

Existing EFP research largely adheres to the NLI
paradigm, treating models as passive classifiers in
an idealized vacuum. However, LLMs function
as dynamic interlocutors and generators. This role
shift causes an ecological validity problem (Li et al.,
2024), characterized by a “knowledge-action gap”
in two dimensions:

First, the disconnect between discriminative abil-
ity and generative behavior. Traditional metrics
assume that correct classification implies correct
application. However, Kadavath et al. (2022) high-
light that while models may possess accurate inter-
nal calibration, RLHF-driven “helpfulness” often
leads to sycophancy (Sharma et al., 2023; Wei et al.,
2023), i.e., prioritizing user intent over factual ad-
herence. For instance, models frequently validate

misleading premises to satisfy user requests, de-
spite accurate internal factuality judgments. Thus,
high discriminative scores mask the lack of a robust
factual stance in generation.

Second, the misalignment between internal con-
fidence and expression. Real-world interaction re-
quires linguistic calibration—modulating output
certainty through hedges (Eikema et al., 2025) such
as possibly and seems. While Azaria and Mitchell
(2023) show models can internally detect “lying,”
existing benchmarks fail to assess whether the sur-
face realization matches this internal state. A possi-
ble event that is articulated with absolute certainty
constitutes a severe safety risk (Liu et al., 2025).

In summary, trustworthy AI demands a shift
from static classification to “full-link factual-
ity evaluation,” incorporating robustness, self-
correction, and uncertainty management. Cur-
rent research on factual faithfulness remains frag-
mented. This paper aims to systematize these
efforts by establishing an evaluation framework
grounded in human pragmatics.

3 Returning to Factivity: From Static
Features to Dynamic Context

Factivity is classically defined as the linguistic
property where a predicate presupposes the truth of
its complement clause: “To know p entails the truth
of p, whereas to believe p does not” (Kiparsky and
Kiparsky, 1970; Hintikka, 2005). It is the natural
language mechanism governing human factuality
understanding. While factuality targets the final
status (a static label of the event), factivity elu-
cidates the generative mechanism (analyzing how
triggers, negation, and modality dynamically derive
truth). This distinction highlights a paradigmatic

64



divergence often overlooked in early EFP work.
Early linguistics also categorized factivity via

discrete features, such as distinguishing hard/soft
triggers (Abrusán, 2011) or mental/speech acts
(Anand and Hacquard, 2014). However, recent
experimental semantics reveals that factivity is ac-
tually a probabilistic gradient modulated by con-
text and prior beliefs (Degen and Tonhauser, 2022;
Degen, 2013). Static labels fail to capture this
continuity. Therefore, valid evaluation must shift
focus from recognizing atomic cues to assessing
the dynamic pragmatic mechanisms that govern
truth updates.

Gazdar’s (1979) Pragmatic Priority model sug-
gests that pragmatic implicatures can override se-
mantic presuppositions in conflict, thus canceling
them. This offers a theoretical explanation for
sycophancy in LLMs: models may sacrifice fac-
tual accuracy (semantic concession) to maintain
contextual coherence (pragmatic priority). Recent
mechanistic studies reveal that hallucination and
sycophancy share a common neural basis, where
models are physically wired to prioritize conversa-
tional compliance over semantic truth (Gao et al.,
2025) as a result of RLHF alignment.

The Question Under Discussion (QUD) model
(Simons, 2013; Abrusán, 2011) posits that pre-
supposition projection (Karttunen, 1973) depends
on whether a proposition is At-issue (main point)
or Non-at-issue (background). RLHF training of-
ten biases models toward explicitly answering the
QUD, creating background blind spots where non-
at-issue information goes unverified. This explains
the Q1-Q3 answer shift in Table 3: as new informa-
tion becomes the focus, the original target proposi-
tion recedes into the background.

Intersubjectivity represents the most important
linguistic insight for our framework. Dynamic
Semantics (Heim, 1982) defines meaning as a
function updating the common ground (Stalnaker,
1978). Yuan (2020) highlights that factive predi-
cates are inherently inter-subjective, inviting cog-
nitive collaboration between agent and user. From
this view, factivity is not a static label but a dy-
namic process of maintaining context consistency
in multi-turn interactions.

Above linguistic insights indicate that a trustwor-
thy agent requires not only “knowing that” (recog-
nition) and “knowing why” (reasoning), but cru-
cially, “prudence in knowing what one does not
know” (regulation).

4 The Meta-Factivity Framework (MFF)

Grounded in meta-cognition (Flavell, 1979; Shea,
2018), we propose meta-factivity, the ability to con-
duct second-order monitoring, evaluation, and regu-
lation of the factuality status of content it generates
or understands. To operationalize this concept, we
introduce the Meta-Factivity Framework (MFF), a
hierarchical, progressive framework that shifts eval-
uation from “what the model recognizes as facts”
to “how the model manages its commitments.”

Figure 1: The Meta-Factivity Framework (MFF) and its
three cognitive layers.

L1 Recognition Layer (Factuality Prediction):
This foundational layer corresponds to traditional
classification tasks.

L2 Reasoning Layer (Factivity Reasoning):
Examines if the model can perform coherent logi-
cal deduction combining context and belief states,
thereby distinguishing genuine semantic under-
standing from shortcut learning or reasoning un-
faithfulness.

L3 Regulation Layer (Meta-Factivity Regula-
tion): Evaluates reflexivity, i.e., the agent’s capac-
ity to monitor the generation process, serving as
the ultimate defense against hallucination.

Dimension Reasoning Layer Regulation Layer

Output Reliability Calibration
Process Faithfulness Monitoring
Grounding Robustness Controllability

Table 4: The mapping dimensions between Reasoning
Layer (L2) and Regulation Layer (L3).

4.1 L2: Factivity Reasoning
While factuality Prediction (L1) serves as the foun-
dational layer, MFF prioritizes factivity reasoning
(L2) to evaluate the belief trajectory (specifically,
the dynamic evolution of truth values). We struc-
ture this layer around three key capabilities: reason-
ing output, process, and invariance (Table 4). To
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operationalize these concepts, MFF calls for the de-
velopment of comprehensive benchmarking suites,
serving as the definitive architectural guide for
designing the following computable, downstream
metrics:

Reliability: Evaluates whether a model pos-
sesses firm knowledge rather than relying on lucky
guesses. This dimension may decompose into An-
swer Accuracy, Answer Consistency (Wang et al.,
2022), and the Calibration Gap (Lyu et al., 2025).

Faithfulness: Examines the causal link between
evidence and conclusion (Turpin et al., 2023). This
can be measured via established metrics such as
step-by-step Reasoning Consistency (Wang et al.,
2025; Lai et al., 2025), the RACE framework
(Wang et al., 2026), and NLI-based CoT verifi-
cation (Sadeddine and Suchanek, 2025).

Robustness: Tests the stability of factuality in-
ferences against linguistic perturbations. This can
be evaluated by measuring the retention of accurate
predictions despite non-critical prompt variations,
such as changes in context length and logical phras-
ing.

4.2 L3: Meta-Factivity Regulation
This layer marks the transition from understand-
ing input (other-mind) to regulating output (self-
mind). Current LLM pathologies (hallucination,
self-contradiction, and failure in self-correction)
can be viewed as a lack of factuality monitoring.
MFF proposes three regulatory dimensions to as-
sess if a model appears as a responsible agent:

Calibration: Evaluates whether the model’s in-
ternal confidence aligns with its external accuracy,
and whether it actively employs linguistic hedges
to modulate factual commitment under uncertainty
and avoid overconfidence (Lichtenstein et al., 1982;
Nelson, 1990).

Monitoring: Demands the ability to detect in-
ternal contradictions during generation, and spon-
taneously rectify errors, e.g., via Constitutional AI
paradigm (Bai et al., 2022). This moves beyond
static generation to dynamic editing (Norman and
Shallice, 1986), mirroring human meta-cognitive
monitoring.

Controllability: Ensures the robustness of
knowledge with a physical basis, grounded in re-
cent findings that LLMs often maintain accurate
internal states even when generating falsehoods
(Azaria and Mitchell, 2023) and neurons for hallu-
cinatory behaviors (Gao et al., 2025). Leveraging
mechanistic interpretability techniques (e.g., Cun-

ningham et al., 2023; Dunefsky et al., 2024), such
white-box verification constitutes the ultimate test
of whether an agent truly knows what it is saying.

5 Conclusion

The Meta-Factivity Framework (MFF) marks a
transition in EFP research: from static accuracy
metrics to a dynamic framework of cognitive con-
trol. It diagnoses structural deficits by evaluating
how models establish, maintain, and regulate epis-
temic commitments. By viewing non-factual gen-
eration as a failure of meta-control rather than a
simple knowledge deficit, MFF guides mitigation
strategies toward second-order factivity awareness.
Ultimately, MFF aims to move evaluation toward
white-box cognition, as the ability to regulate fac-
tual commitments represents the definitive bound-
ary between stochastic mimicry and true agentic
intelligence.

Furthermore, because the vulnerabilities identi-
fied in this paper are systemic beyond EFP, MFF
also functions as a universal diagnostic blueprint
for general NLI tasks and provides a pathway to
upgrade existing entailment benchmarks.

Limitations

This paper establishes a theoretical blueprint rather
than a fully instantiated benchmarking suite. While
we have outlined concrete pathways for operational-
izing these dimensions, constructing the compre-
hensive, large-scale adversarial datasets required to
empirically execute this framework across diverse
natural language tasks remains necessary future
work. Besides, the operationalization of MFF faces
a key constraint in its dependence on white-box
access. The neural controllability (L3) dimension
relies on probing internal representations. This in-
herently limits the deepest level of evaluation to
open-weights models, rendering it currently inac-
cessible for proprietary closed-source APIs where
internal belief states are obfuscated.

Ethical Considerations

This work focuses on the theoretical diagnosis and
framework construction for Event Factuality Pre-
diction. All datasets discussed are established, pub-
licly available benchmarks used strictly for aca-
demic analysis. Our work aims to improve the
transparency and trustworthiness of LLMs, which
is essential for the safe deployment of AI in high-
stakes domains.
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