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Abstract

Large Language Models (LLMs) offer a scal-
able approach to fact-checking, but their
parametric knowledge remains unreliable for
complex, specialized claims. Existing solu-
tions unconditionally perform verification us-
ing Retrieval-Augmented Generation (RAG),
which is computationally expensive and sus-
ceptible to performance-limiting noise. We pro-
pose an adaptive fact-checking pipeline that
invokes RAG only when the LLM’s uncertainty
surpasses a calibrated threshold. We introduce
two UQ methods: (1) Adversarial Consistency
Evaluation (ACE), a novel approach that de-
tects model uncertainty by assessing its log-
ical consistency, and (2) a trained ensemble
that combines the strengths of several white-
box UQ methods and ACE. When evaluated on
the SciFact and QuanTemp benchmarks, our
adaptive pipeline preserves at least 88% of the
top-performing baseline’s accuracy. Simultane-
ously, our approach reduces retrieval frequency
and token consumption by up to 55.3% and
37.1%, respectively, consistently outperform-
ing decomposition-based RAG baselines at a
fraction of the cost.

1 Introduction

Large Language Models (LLMs) are becoming in-
creasingly popular for automated fact-checking be-
cause they offer a more scalable and cost-effective
alternative to human verifiers. While LLMs enable
us to fact-check a large number of claims quickly,
they frequently suffer from hallucinations, generat-
ing explanations that appear plausible but are factu-
ally incorrect due to insufficient parametric knowl-
edge (Bang et al., 2023; Dhuliawala et al., 2024;
Maynez et al., 2020; McKenna et al., 2023). This
limitation is especially problematic when responses
concern high-stakes domains such as healthcare,
science, and politics (Pal et al., 2023; Tian et al.,
2024; DeVerna et al., 2024), where misinforma-
tion can lead to serious consequences. Verifying

claims in these fields often demands specialized
knowledge and careful reasoning over strict medi-
cal guidelines, empirical research data, or precise
political quotes and statistics. Consequently, de-
spite their clear efficiency gains, LLMs’ limited
domain knowledge and reliability remain major ob-
stacles to their widespread deployment. To mitigate
hallucinations, Retrieval-Augmented Generation
(RAG) has become the standard solution, ground-
ing model-generated responses in external knowl-
edge (Guu et al., 2020; Izacard et al., 2023; Lewis
et al., 2020; Sahoo et al., 2024).

Consider the claim, "The Netherlands is a mem-
ber of the EU and has the highest GDP per capita
amongst its members in 2025". It contains two dis-
tinct atomic assertions: One, the Netherlands is a
member of the EU, and two, it has the highest GDP
per capita among member states in 2025. While
the first assertion is factually correct, the second is
false, as the Netherlands placed only fourth in 2025
(Statistics Netherlands (CBS), 2026). If evaluated
holistically as a single unit, an LLM might erro-
neously validate the entire sentence, as the true sub-
claim acts as a strong distracting signal that diverts
the model from scrutinizing the false one. Fine-
grained fact-checking addresses this by decompos-
ing the claim into sub-claims and fact-checking
each separately, allowing for a more precise and
nuanced evaluation of overall factuality.

However, this fine-grained approach also intro-
duces significant efficiency challenges (Hu et al.,
2025; Tang et al., 2024; Xie et al., 2025). By in-
discriminately decomposing and verifying every
extracted sub-claim, standard pipelines incur ex-
cessive retrieval and inference costs, often proving
computationally wasteful. As demonstrated by Hu
et al. (2025), applying well-known decomposition
methods like VeriScore (Song et al., 2024), and
FactScore (Min et al., 2023) splits a single claim
into an average of 1.96 and 4.02 sub-claims, re-
spectively. Since the pipeline must execute both
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document retrieval and LLM verification for each
sub-claim, the total computational overhead is ex-
pected to increase by 96% - 302% compared to
single-pass RAG. Furthermore, Hu et al. note that
the excessive fragmentation of claims can actively
harm fact-checking accuracy, which is driven by
the build-up of cumulative retrieval noise from ir-
relevant or distracting evidence. It is also observed
that for the task of political fact-checking, the per-
formance of their RAG pipeline fell below that of
zero-shot baselines as the ratio of noisy retrievals
increased. Furthermore, Zeng et al. (2025) and Cu-
conasu et al. (2024) show that semantically related
yet factually irrelevant documents are especially
harmful, steering models away from the correct
answer and degrading accuracy.

To optimize the trade-off between accuracy and
efficiency, a fact-checking system must reliably
recognize its own knowledge boundaries. Recent
literature demonstrates that Uncertainty Quantifi-
cation (UQ) techniques can effectively measure an
LLM’s internal uncertainty, potentially allowing
systems to identify fabricated claims and corre-
sponding knowledge gaps (Fadeeva et al., 2026;
Huang et al., 2024; Kadavath et al., 2022; Kang
et al., 2025; Kuhn et al., 2023).

Building on this premise, we address the afore-
mentioned efficiency challenges with an adaptive,
automated fact-checking pipeline (Figure 1) that
evaluates each claim holistically rather than de-
composing it into atomic sub-claims. To quan-
tify the model’s uncertainty in its initial verdict,
the pipeline draws on a set of interchangeable un-
certainty methods: information-theoretic estima-
tors from LM-Polygraph (Fadeeva et al., 2023), a
new logic-based method (ACE), and a logistic re-
gression ensemble that combines these methods as
features. Whenever the corresponding uncertainty
score exceeds a pre-calibrated threshold, the sys-
tem deems the model’s parametric verdict untrust-
worthy and re-verifies the claim using retrieved
evidence. Unlike exhaustive frameworks (e.g.,
FActScore (Min et al., 2023), VeriScore (Song
et al., 2024)) that retrieve evidence indiscriminately
for claim verification, our pipeline invokes RAG
only for the claims the model is most uncertain
about. In summary, we investigate the following
broad research question:

RQ : Does bypassing RAG based on the uncer-
tainty of an LLM’s parametric verdict ade-
quately balance efficiency and accuracy?

The contributions of this work are as follows:

1. We introduce a fact-checking framework that
improves efficiency by triggering RAG-based
re-verification only when the LLM uncertainty
is above a calibrated threshold.

2. We propose Adversarial Consistency Evalu-
ation, a method that measures model uncer-
tainty by evaluating the logical consistency of
its verdicts between a claim and its’ negation.

3. We introduce a logistic regression ensemble
that uses multiple UQ methods and ACE as
input features that serves as a new UQ mea-
sure.

2 Related Work

Adaptive Retrieve-then-verify To improve fact-
checking efficiency, recent work systematically as-
sesses the need for external evidence before re-
trieval. These methods employ a combination
of confidence scores, semantic consistency, token
probabilities and measures of complexity of a claim
as signals to bypass RAG in the verdict-generation
process. FIRE (Xie et al., 2025) employs an
agent-based framework that integrates retrieval and
verification, dynamically deciding whether to out-
put a final verdict or issue a subsequent search
query based on the model’s confidence in its cur-
rent judgment. FaStFact (Wan et al., 2025) ex-
tracts a zero-shot parametric verdict and uses its
normalized token probability to bypass RAG if
it exceeds a predefined threshold. Alternatively,
Rowen (Ding et al., 2025) measures model con-
fidence via semantic consistency across diverse
prompts, while Adaptive-RAG (Jeong et al., 2024)
trains a lightweight classifier to separate queries by
complexity, allowing their RAG pipeline to skip
retrieval entirely for easy queries while proceeding
with single/multi-hop retrieval for complex ones.
Despite these advances, existing adaptive frame-
works typically rely on single measures of uncer-
tainty and lack a systematic comparison to justify
their choice relative to other UQ methods. This pa-
per addresses this gap by independently evaluating
multiple UQ methods to serve as triggers for RAG.

Uncertainty Quantification in LLMs Predictive
uncertainty in LLMs, which reflects the variability
of the model’s output for a given input, is typi-
cally attributed to two categories. Aleatoric un-
certainty, which stems from inherent generation
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randomness, and epistemic uncertainty, which
arises from parametric knowledge gaps and can be
mitigated with additional training data, in-context
learning, and RAG (Kiureghian and Ditlevsen,
2009; Huang et al., 2024; Shorinwa et al., 2025;
Kang et al., 2025; Liu et al., 2025). To measure
model uncertainty, past work has introduced meth-
ods that can be broadly divided into black-box
(sampling-based) and white-box (logit-based) cate-
gories (Fadeeva et al., 2023). In this work, we focus
on white-box, information-theoretic UQ meth-
ods from LM-Polygraph (Fadeeva et al., 2023).
These methods derive uncertainty scores directly
from the model’s output token probabilities, mak-
ing them more computationally efficient than black-
box techniques that require repeated sampling or
auxiliary NLI models at inference (Kuhn et al.,
2023).

3 UQ-Aware RAG for Fact-checking

We define automated fact-checking as a classifica-
tion task where, given an input claim c, the objec-
tive is to produce a verdict v̂ ∈ V on the claim’s
veracity, where V represents a predefined set of
labels.

Building on the structural foundations of FaSt-
Fact’s selective RAG fact-checking framework
(Wan et al., 2025), we propose a pipeline (Figure
1) that adapts its verification strategy based on the
model’s uncertainty in verifying each claim c. In
the first step, the LLM generates an initial verdict
v̂param relying strictly on its parametric memory.
While the original FaStFact architecture derives
its confidence exclusively from the normalized log
probability of the label token, our pipeline expands
this evaluation by using one of the available UQ
methods in Table 1 to quantify the model’s uncer-
tainty of its parametric verdict (Uc).

In the next step, the system evaluates the uncer-
tainty score Uc against a calibrated threshold τ∗ to
dynamically determine the strategy for obtaining
the final verdict v̂final.

When Uc ≤ τ∗, we deem the model to be con-
fident enough to verify the claim without external
knowledge retrieval. The pipeline bypasses RAG
entirely and returns v̂param = v̂final. Otherwise, we
proceed with RAG. The evidence-grounded ver-
dict v̂rag is then used as the final prediction v̂final.
Prompt details can be found under Appendix E.1.

Threshold Calibration After parametric evalua-
tion and uncertainty estimation, the pipeline uses

an uncertainty threshold τ to determine whether
claims require external evidence. Following FaSt-
Fact (Wan et al., 2025), claims with uncertainty
scores below τ∗ are accepted using parametric ver-
dicts, while uncertain claims are re-verified through
RAG. Since uncertainty scores vary across UQ
methods, models, and claim distributions, fixed
heuristic thresholds are unreliable. Therefore, the
threshold is dynamically calibrated for each UQ
method using a held-out set of claims.

To determine the optimal threshold for each UQ
method, we optimize for Youden’s Index (Youden,
1950), a standard measure from diagnostic testing
that quantifies a binary classifier’s ability to dis-
criminate between two classes. Formally, for a
given threshold τ ∈ R, Youden’s Index is defined
as:

J(τ) = Sensitivity(τ) + Specificity(τ)− 1 (1)

In the context of our fact-checking pipeline, sen-
sitivity (True Positive Rate) is the proportion of
claims with incorrect parametric verdicts v̂param
that the threshold successfully flags for retrieval. In
contrast, specificity (True Negative Rate) is the pro-
portion of claims with correct verdicts v̂param that
successfully bypass retrieval-based re-verification.
To calibrate the threshold for each UQ method, we
instruct the LLM to verify each claim from a held-
out calibration set and calculate the uncertainty
score of its response. Each verdict v̂param is then
compared against its ground truth v∗, partitioning
the calibration set into claims the model verified
correctly on its own and those that failed. For any
chosen threshold, this partition is split again into
four groups that form a confusion matrix (Figure
4 in Appendix), from which sensitivity, specificity,
and Youden’s index can be computed directly. To
identify the optimal threshold, we treat each unique
uncertainty score observed in the calibration set as
a candidate threshold, denoted as τ̂ . By sweep-
ing over this set of candidates, we select the final
threshold τ∗ that maximizes J(τ).

Adversarial Consistency Evaluation (ACE) To
achieve a more complete and diverse evaluation
of the model’s true uncertainty, we propose intro-
ducing a complementary logical perspective, in
addition to the information-theoretic UQ methods
listed in Table 1. Prior research Fluri et al. (2024)
demonstrate that the reliability of LLM predictions
can be evaluated by testing their logical consistency
when the ground truth is unknown. The principle
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Figure 1: Brief overview of our Uncertainty Quantification (UQ)-guided fact-checking pipeline.

of negation consistency dictates that the probabil-
ities of an event and its negation must be comple-
mentary. We adapt this concept to the domain of
factual verification, operating on the principle of
non-contradiction, which holds that a claim and its
exact negation are mutually exclusive.

Given an input claim c, ACE prompts the LLM
(Appendix E.2) to generate a negated adversar-
ial claim ¬c (Figure 2 in Appendix). The LLM
then evaluates the pair of claims to produce ver-
dicts v̂param and v̂adv. For such a pair, Fluri et al.
(2024) quantify the model’s violation of their con-
sistency principle using a metric, defined as ϵ =
|P (c)− (1− P (¬c))|, where P (c) represents the
probability assigned by the model to the original
claim being true. However, this approach requires
us to compute the probability that each claim is
assigned a "true" label (or equivalent) during eval-
uation. Alternatively, we propose the following
discrete score:

Defining Vdef as the subset of definitive, non-
neutral verdicts (e.g., {True, False}), we formalize

the ACE uncertainty score UACE as:

UACE =

{
1.0, if v̂param = v̂adv and v̂param ∈ Vdef

0.0, otherwise
(2)

It evaluates logical consistency at the verdict
level without computing token probabilities. We
assign a score of 1.0 if the model outputs identical,
non-neutral labels for both the claim and its nega-
tion, and 0.0 otherwise. Thus, violating mutual
exclusivity between a claim and its negation pro-
vides a sufficiently strong signal that the model’s
judgement is not reliable.

Since UACE yields discrete rather than continu-
ous scores, we do not calibrate an operating thresh-
old or evaluate it individually in the end-to-end
pipeline. Instead, it serves strictly as a feature for
our UQ ensemble. We do, however, evaluate its
standalone ability to detect model uncertainty (AU-
ROC) on both the calibration and test sets.

UQ Ensemble Xiong et al. (2024) observe that
many UQ methods exhibit weak correlations with
one another, indicating that they capture comple-
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Method Type Category Training Data?

Maximum Sequence Probability
White-box Information-based

No
Perplexity (Jelinek et al., 1977) No
Mean Token Entropy (Fomicheva et al., 2020) No

Adversarial Consistency Evaluation (ACE) (Ours) Black-box Logic consistency No

Ensemble w/o ACE (Ours)
Hybrid Ensembling Yes

Ensemble w/ ACE (Ours)

Table 1: Model uncertainty methods evaluated in our fact-checking pipeline. For more details about the White-box
methods see Appendix A.

Figure 2: Example of the proposed Adversarial Consis-
tency Evaluation (ACE) mechanism.

mentary aspects of model uncertainty and that
multi-sample methods such as Semantic Entropy
yield only marginal performance improvements
over single-pass alternatives, despite incurring 5-
10x higher inference cost. They also demon-
strate that aggregating single-pass metrics into a
lightweight regression model consistently matches
or outperforms the best single and multi-sample
methods across multiple QA benchmarks.

Driven by these insights, we propose a super-
vised ensemble of UQ methods. First, we in-
struct the LLM to produce a parametric verdict
v̂param for every claim and simultaneously com-
pute a set of uncertainty scores, aggregating them
into a feature vector f ∈ RK , where each dimen-

sion corresponds to an independent UQ measure:
f = [U1, U2, . . . , UK ].

We approach label assignment by framing the
ensemble as a model-error predictor: rather than di-
rectly measuring uncertainty, the ensemble learns
to predict the probability that v̂param is incorrect.
Thus, LLM prediction errors serve as a reliable
proxy for the need for RAG-based re-verification.
Each label ytrain is therefore assigned by compar-
ing the parametric verdict v̂param against its ground
truth v∗, consistent with the convention that higher
scores indicate a greater likelihood of error:

ytrain =

{
1.0 if v̂param ̸= v∗

0.0 if v̂param = v∗
(3)

Next, we train a logistic regression model g :
RK → [0, 1] on these feature-label pairs, mapping
the feature vector f of UQ scores to the correctness
of v̂param. Formally, the output of g given an input
vector of uncertainty scores f is defined as:

g(f) =
1

1 + exp(−(wT f + b))
(4)

where w represents the learned weight vector
and b is the bias term. This resulting probability
serves as our ensemble uncertainty score, defined
as UEnsemble(f) = g(f).

As with all UQ methods evaluated in this work, a
threshold τEnsemble is needed to establish the bound-
ary between confident and uncertain LLM paramet-
ric verdicts. For this, we compute UEnsemble scores
over the same data split used for training the en-
semble. To prevent data leakage, we compute the
scores via 5-fold stratified cross-validation. These
scores are subsequently used to calibrate an optimal
threshold τ∗Ensemble, as described in the following
section.
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3.1 RAG Re-verification

When a verdict’s uncertainty score meets or ex-
ceeds the calibrated threshold (U(v̂param) ≥ τ∗),
the pipeline reverifies the claim against externally
retrieved evidence. We frame retrieval as a closed
task, limiting the knowledge base to the evidence
corpora provided within our datasets. For each
knowledge base, corpus documents are first di-
vided into smaller chunks with a small overlap
between consecutive chunks. This overlap corre-
sponds to approximately 2–3 sentences, ensuring
that chunk boundaries do not discard relevant con-
text from neighboring passages. To further preserve
the broader document context, we follow the con-
textual retrieval approach of Anthropic (2024) by
prepending the source document’s abstract to each
chunk before indexing. Each enriched chunk is
then encoded into dense and sparse representations
and subsequently stored.

To extract the most relevant evidence, we fol-
low Nogueira and Cho (2020) and implement a
two-stage retrieve-and-rerank pipeline. In the first
stage, the raw claim c is simultaneously encoded
by both dense and sparse encoders, producing two
ranked lists of initial candidates. The rankings
are then combined using Reciprocal Rank Fusion
(RRF) (Cormack et al., 2009), which calculates a
unified score for each candidate chunk d across n
retrieval methods: RRF (d) =

∑n
i=1

1
k+ranki(d)

where ranki(d) is the chunk’s position in the i-th
ranked list, and k is a smoothing constant. In the
second stage, the claim and top candidates ranked
by RRF are passed through a re-ranker, which
scores each candidate chunk by directly comparing
it against the claim to produce a final relevance
score. The top-scoring chunks are then concate-
nated together as the grounding evidence Dc.

Following the RAG framework introduced by
Lewis et al. (2020), we provide the verifier LLM
with retrieved evidence Dc alongside original claim
c. The model is then prompted (see full prompt
in Appendix E.1) to re-evaluate the claim c and
produce an evidence-grounded verdict v̂rag, which
replaces v̂param as our pipeline’s final verdict.

4 Experimental Setup

To evaluate our framework, we focus on three key
aspects: the effectiveness of our UQ setup, fact-
checking accuracy, and computational efficiency
versus baselines. Below, we detail the configura-
tions used across these evaluations.

Datasets We evaluate our pipeline on two chal-
lenging benchmark datasets: SciFact (Wadden
et al., 2020) and QuanTemp (V et al., 2024). Sci-
Fact requires verifying scientific and biomedical
claims (in English) against the research literature,
a task that requires extensive domain expertise.
QuanTemp targets numerical and temporal reason-
ing over real-world political and socio-economic
claims. Both datasets are 3-class classification
tasks. For more details about the splits used for
threshold calibration and ensemble training see Ap-
pendix F.

Models We use Qwen3-4B-Instruct-2507,
Mistral-7B-Instruct-v0.3, and Llama-3.1-8B-
Instruct served on vLLM. All generations use a
sampling temperature of 0.3, following the setting
used by V et al. (2024) for claim verification on
QuanTemp, and we report results over three seeded
runs to account for run-to-run variability.

Retrieval Setup We employ a hybrid setup
consisting of Qwen3-4B-Embedding (Zhang et al.,
2025) and splade-cocondenser-ensembledistil
(110M) (Formal et al., 2022), ranking chunks by
semantic similarity and lexical overlap with the
claim, respectively. The top 100 chunks from each
ranking are fused via RRF (Equation 3.1), yielding
a pool of 50 chunks that rank highly across both
retrievers, which is subsequently reranked by
Qwen3-4B-Reranker (Zhang et al., 2025). The
top n chunks are then provided as grounding
evidence, where n = 1 for SciFact and n = 2
for QuanTemp, since QuanTemp documents are
substantially longer and require more retrieved
chunks to adequately cover the relevant evidence
(see Appendix F).

Baselines We compare our adaptive pipeline
against three fact-checking approaches of increas-
ing complexity. Parametric Only is a baseline in
which the LLM verifies each claim using only its
parametric memory, with no access to external evi-
dence. Always RAG verifies using RAG for every
claim unconditionally, which represents the perfor-
mance ceiling our adaptive pipeline aims to match.
Fine-grained (Atomic) RAG adopts the core con-
cept of FActScore (Min et al., 2023) by prompting
an LLM to break down claims into atomic sub-
claims, retrieving and verifying for each. Unlike
FActScore, which computes a precision score over
atomic facts, our implementation aggregates sub-
claim verdicts into one final verdict to align with
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our classification-based evaluation setting.

Ensemble We train the UQ ensemble using
scikit-learn’s (Pedregosa et al., 2011) Logisti-
cRegression with class_weights=’balanced’ to
counter class imbalance in the training data. As
an ablation, we evaluate the ensemble both with
(Denoted as Ensemble+ACE) and without ACE
(Denoted as Ensemble) as a feature to isolate its
contribution.

Evaluation Metrics To evaluate the discrimina-
tive power of UQ methods, we report AUROC.
We report Balanced Accuracy (Brodersen et al.,
2010), computed as the unweighted mean of per-
class recall across all verdict classes, to prevent
the majority class from dominating the evaluation
score given the class imbalances inherent in our
datasets (see Appendix D). To quantify the effi-
ciency gains of our adaptive framework, we report
the average token usage per claim and the Flag
Rate, the percentage of claims re-verified using
retrieved evidence.

5 Results and Discussion

In this section, we present the experimental results
of our adaptive fact-checking framework. We eval-
uate our UQ-aware RAG framework across three
key dimensions: (1) the predictive power of our
UQ methods in distinguishing between correct &
incorrect model parametric verdicts, (2) the end-to-
end verification accuracy of our UQ-based pipeline
compared to baselines, and (3) the computational
efficiency gains achieved by selectively bypassing
RAG-based re-verification.

5.1 Evaluating UQ Methods

Table 2 reports the individual performances of our
UQ methods across all evaluated configurations.
We discuss the key findings below.

Effectiveness of information-theoretic meth-
ods is task- and model-dependent On Quan-
Temp, information-theoretic methods perform con-
sistently across all three models, with AUROC
scores well above 0.5. On SciFact, however, their
behavior is more model-dependent. For Qwen 4B,
discriminative power collapses to well below ran-
dom (AUROC 0.400–0.414), which is not observed
for Mistral 7B and Llama 8B configurations. This
inconsistent cross-dataset and cross-model behav-
ior indicates that standalone information-theoretic

signals are heavily task- and model-dependent, lim-
iting their generalizability in uncertainty-based fact-
checking workflows.

ACE is effective only when claims have a clear
logical opposite. On SciFact, ACE provides a
decent uncertainty signal when paired with Qwen
4B and Mistral 7B, with AUROC above 0.6, out-
performing information-theoretic methods, but it is
worse for Llama 8B (0.510), which essentially re-
sembles a random signal. On QuanTemp, however,
ACE underperforms the random baseline across all
models (0.406–0.475), a pattern that also holds dur-
ing threshold calibration (see Appendix D). We
hypothesize that this is because QuanTemp fo-
cuses on numerical and temporal claims, which
are more challenging to negate into clear logical
opposites. While many scientific claims feature
clearly mutually exclusive relationships (e.g., ‘in-
creases’ vs. ‘decreases’), numerical claims such as
‘decreased by 1.2%’ and ‘did not decrease by 1.2%’
are opposites but not mutually exclusive. There-
fore, negating precise statistics yields ambiguous
counterclaims that degrade ACE into a noisy, unin-
formative uncertainty signal.

The ensemble is consistent across domains
and models. On QuanTemp, the UQ ensem-
ble outperforms the top-performing standalone
methods across all three models. On SciFact, it
avoids the performance degradation observed with
information-theoretic methods for Qwen 4B. Fur-
thermore, adding ACE as a feature improves the
ensemble on SciFact for both Qwen 4B and Mistral
7B, where the standalone ACE method also per-
formed well. In contrast, ACE underperformed
with Llama 8B, causing the ensemble’s perfor-
mance to deteriorate after incorporating the method.
On QuanTemp, where ACE is consistently worse
than random, its inclusion has little effect. These re-
sults demonstrate that the ensemble remains robust
across tasks and models, overcoming the depen-
dence we observed with standalone UQ methods.

5.2 Fact-Checking Performance and
Efficiency

Table 3 presents the end-to-end fact-checking per-
formance and per-claim computational cost of our
best approaches versus baselines. We present ac-
curacy and efficiency jointly, as they together form
an important trade-off. Full results of evaluated
configurations are reported in Appendix C.
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SciFact QuanTemp

Category Method Qwen 4B Mistral 7B Llama 8B Qwen 4B Mistral 7B Llama 8B

Information-
Theoretic
(LM-Polygraph)

Maximum Sequence Probability 0.414 0.575 0.616 0.647 0.621 0.640
Perplexity 0.410 0.574 0.616 0.647 0.599 0.640
Mean Token Entropy 0.400 0.592 0.631 0.647 0.572 0.635

Logical Consistency ACE (Ours) 0.658 0.611 0.510 0.468 0.406 0.475

UQ Ensemble Ensemble (Ours) 0.583 0.583 0.687 0.650 0.674 0.646
Ensemble+ACE (Ours) 0.676 0.654 0.680 0.646 0.680 0.645

Table 2: AUROC for parametric verdicts across SciFact and QuanTemp evaluation sets. All standard deviations
< 0.01.

(a) SciFact
Model Method Acc FR Tok ∆Acc ∆Tok

Qwen 4B

Parametric Only 0.440 – 179 −42.0 −67.6
Always RAG 0.760 – 553±1 – –
Fine-grained RAG 0.739 – 1272±1 −2.7 +130.0
Ensemble | Perplexity† 0.718±0.006 76.3±0.9 600±5 −5.5 +8.6
MTE | Perplexity‡ 0.669 70.0 559 −11.9 +1.1

Mistral 7B

Parametric Only 0.438 – 253 −37.4 −64.1
Always RAG 0.699 – 705±1 – –
Fine-grained RAG 0.625 – 2130±1 −10.7 +202.3
MTE | MTE† 0.672 58.0 672 −3.9 −4.6
Ensemble | MSP‡ 0.616±0.033 46.0±7.5 584±57 −11.9 −17.2

Llama 8B

Parametric Only 0.297 – 205 −28.2 −64.0
Always RAG 0.414±0.002 – 569 – –
Fine-grained RAG 0.433±0.001 – 1899±1 +4.4 +233.7
Perplexity | Ensemble+ACE† 0.379±0.001 66.7 585 −8.5 +2.9
Ensemble | MSP‡ 0.354±0.010 44.7±9.9 455±58 −14.5 −20.0

(b) QuanTemp

Model Method Acc FR Tok ∆Acc ∆Tok

Qwen 4B

Parametric Only 0.368 – 175 −38.4 −86.2
Always RAG 0.597±0.002 – 1264 – –
Fine-grained RAG 0.513±0.003 – 3652±8 −14.1 +188.9
Ensemble | Perplexity† 0.514±0.002 49.5 811±1 −13.8 −35.9
MTE | Perplexity‡ 0.514±0.002 49.5 811±1 −13.8 −35.9

Mistral 7B

Parametric Only 0.450 – 246 −34.4 −83.2
Always RAG 0.685±0.002 – 1468 – –
Fine-grained RAG 0.596±0.006 – 5341±47 −13.0 +263.9
MTE | MTE† 0.668±0.001 77.7±1.1 1394±16 −2.5 −5.0
Ensemble | MSP‡ 0.649 65.4 1214 −5.3 −17.3

Llama 8B

Parametric Only 0.402 – 202 −33.9 −83.8
Always RAG 0.607 – 1245 – –
Fine-grained RAG 0.547±0.001 – 4512±1 −10.0 +262.4
Perplexity | Ensemble+ACE† 0.554±0.004 51.6±1.0 1187±13 −8.8 −4.7
Ensemble | MSP‡ 0.544 46.5 783 −10.4 −37.1

Table 3: Performance and cost comparison of baselines vs. our UQ-based pipeline (bold) on (a) SciFact and (b)
QuanTemp, averaged over 3 runs (subscripts = non-zero std. dev.). For each model, we show the two best UQ
configurations: † ( Blue rows) = highest Balanced Accuracy, ‡( Green rows) = best accuracy–efficiency trade-off
(most tokens saved per % accuracy lost). Acc: Balanced Accuracy; FR: Flag Rate (%); Tok: avg. total token usage
per sample; ∆Acc, ∆Tok: % change vs. Always RAG.

Across both benchmarks, the pipeline preserves
accuracy while reducing retrieval frequency.
The goal of an efficient fact-checking pipeline
is to preserve the accuracy of Always RAG and
Fine-grained RAG while minimizing retrieval fre-
quency. On SciFact, Qwen’s accuracy-optimal

configuration (Ensemble) achieved 0.718 Balanced
Accuracy, only 5.5% lower than the Always RAG
baseline while skipping retrieval for 23.7% of
claims, and Mistral’s accuracy-optimal configura-
tion (Mean Token Entropy) lost only 3.9% com-
pared to the baseline while skipping RAG for
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(a) SciFact (b) QuanTemp

Figure 3: Accuracy-efficiency trade-off curves demonstrating the relationship between balanced accuracy and
average tokens consumed per claim across the SciFact and QuanTemp datasets.

42.0% of claims. The same pattern holds for Quan-
Temp, where the accuracy-optimal configurations
lose between 2.5% and 13.8% relative to their Al-
ways RAG baselines while skipping RAG for 22.3%
to 50.5% of claims. These results indicate that the
UQ methods can distinguish uncertain parametric
verdicts well enough to maintain competitive accu-
racy without retrieving for every claim. Llama 8b
on SciFact does not achieve the same performance.
The Parametric Only baseline’s accuracy of 0.297
indicates that its parametric memory is mostly unre-
liable for these claims. Always RAG achieves only
0.414 accuracy. Notably, this is the only configu-
ration where Fine-grained RAG surpasses Always
RAG, by 4.4%.

Token savings depend on the length of the
retrieved evidence. The token savings of our
pipeline depend on the combined length of evi-
dence retrieved to re-verify a flagged claim. On
SciFact, because we retrieve only a single short
chunk, the Always RAG baseline is inexpensive
(553–705 tokens), leaving the overhead of paramet-
ric verification and UQ largely unrecovered. Larger
savings on SciFact must instead be bought at the
cost of accuracy, as the trade-off-optimal config-
urations reduce tokens by 17.2% to 20.0% while
incurring an 11.9% to 14.5% drop in accuracy. This
overhead is most pronounced for the ACE-based
ensembles, which can increase token usage by up
to 44.8% (see Appendix C), as the aggregate cost of
generating a parametric verdict and running ACE’s
extra verification on the negated claim exceeds the
savings from skipping RAG re-verification.

On QuanTemp, the trend reverses. Because its
claims require substantially more evidence to be
verified (see Appendix F), the cost of RAG is far

higher (Always RAG uses 1,245–1,468 tokens per
claim). The savings from skipping it easily ab-
sorb the overhead of parametric verification and
uncertainty measurement. These results show that
adaptively bypassing RAG re-verification can yield
meaningful token savings, but only when verifying
a claim requires longer retrieved evidence. Other-
wise, the overhead of measuring uncertainty could
easily negate those gains.

6 Conclusion

In this paper, we proposed an adaptive pipeline
that leverages uncertainty quantification to miti-
gate the computational costs of RAG-based fact-
checking. We propose ACE, a UQ method based
on the logical consistency of verdicts for negated
claims. ACE proves effective apart from claims
that lack clear logical opposites. We also intro-
duce an ensemble of ACE and white-box UQ meth-
ods that consistently outperforms its constituent
methods and remains robust across models and
datasets. Our pipeline preserves accuracy with top-
performing baselines on SciFact and QuanTemp
while substantially reducing retrieval frequency
and, in many cases, overall token cost. A calibrated
UQ threshold incurs a one-time computational cost,
but it could deliver significant savings for a real-
world fact-checking system. This work can be fur-
ther extended to LLM responses that also include
evidence-based explanations for the verdicts - quan-
tifying long texts remains a difficult task, but the
model’s reasoning becomes more auditable.

Limitations

Explainability & Compatibility To prevent un-
certainty scores from being diluted by generation
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noise, our pipeline restricts outputs to a single ver-
dict label. This is based on the assumption that
label token probabilities accurately encapsulate the
model’s true uncertainty regarding complex claims.
However, we sacrifice interpretability by omitting
any model-generated explanations for its verdicts.
Furthermore, the UQ methods (except ACE) pre-
sented in this thesis require access to the model’s
internals, thereby rendering them inapplicable to
black-box LLMs that do not expose token-level
probabilities.

The Costs of Measuring Uncertainty Generat-
ing the parametric verdict and uncertainty scores,
as well as running our ACE method, cumulatively
incur token and other computational costs such
as latency. While this can be easily offset by fre-
quently bypassing RAG for complex datasets, com-
putational cost savings diminish for tasks with in-
herently low retrieval costs (e.g., when the retrieved
evidence is very short). Therefore, a primary lim-
itation of our approach is that the upfront cost of
measuring model uncertainty can outweigh the sav-
ings of bypassing RAG for fact-checking tasks that
rely on short-context retrieval.

Scope and Evaluated Models Due to resource
constraints, our evaluations were limited to models
with 4–8B parameters. Furthermore, the scope of
our findings is currently restricted to predominantly
English-language claims, and the generalizability
of these efficiency gains to multilingual settings
remains largely unexplored. We hypothesize that
larger models will exhibit stronger parametric veri-
fication capabilities across languages, thereby fur-
ther reducing the frequency of RAG re-verification.

Generalizability of Thresholds and Ensemble
The effectiveness of our UQ method thresholds and
ensemble relies on in-domain calibration. Because
optimal threshold values and logistic regression
weights vary significantly across LLMs and target
tasks, the pipeline may degrade in performance
when exposed to out-of-distribution data. Con-
sequently, applying our method to a new model
or task requires explicit recalibration, which im-
poses a strict dependence on the availability of
task-specific labeled data.

Sensitivity to Retrieval Noise When a claim is
routed for external verification, the pipeline’s ac-
curacy depends on the quality of the downstream
retrieval and verification stages. In scenarios where
irrelevant evidence is retrieved, the system risks

either failing to correct an initial parametric er-
ror or erroneously overriding a correct paramet-
ric verdict due to uninformative context (see Ap-
pendix G). In this work, we retrieve from a fixed
corpus of curated evidence, whereas real-world
fact-checking would be exposed to open, unveri-
fied sources, where retrieval is substantially noisier.
Our reported accuracies should therefore be inter-
preted as an optimistic bound on what the pipeline
would achieve under realistic retrieval conditions.

Compute Resources

Per dataset, we run 6 calibration and 27 evalua-
tion jobs, with most completing within 2 hours,
except Fine-grained RAG taking up to ∼8 hours on
QuanTemp. This totals to approximately 80–120
GPU-hours. Each job requires a single NVIDIA
A40 GPU (48GB VRAM) and 32GB of RAM.
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A Whitebox UQ methods

Maximum Sequence Probability
For an input prompt x and a generated output sequence y = (y1, . . . , yL), the Maximum Sequence
Probability (MSP) measures the joint probability of generating the entire sequence. LM-Polygraph
estimates this uncertainty by calculating the negated sum of log-likelihoods across all tokens:

UMSP (y) = −
L∑

l=1

logP (yl|y<l,x, θ) (5)

This negation ensures that lower generation probabilities translate to higher uncertainty scores.

Perplexity
Building upon MSP, perplexity normalizes the sequence probability for varying output lengths by averaging
the negated log-likelihoods over length L and exponentiating the result:

UPerplexity(y) = exp

(
− 1

L

L∑

l=1

logP (yl|y<l,x, θ)

)
(6)

This length-normalization prevents longer generated responses from being disproportionately penalized,
with higher scores indicating greater model uncertainty.

Mean Token Entropy
Unlike MSP and perplexity, which evaluate the likelihood of the final generated sequence, token entropy
quantifies uncertainty across the model’s entire vocabulary distribution V at each generation step. For
each candidate token v with conditional probability pv, the entropy of the generated token at step l, H(yl)
is defined as (Shannon, 1948):

H(yl) = −
∑

v∈V

pv log pv (7)

The Mean Token Entropy (MTE) is then computed by averaging these step-wise entropies across the
sequence length L:

UMTE(y) =
1

L

L∑

l=1

H(yl) (8)

Higher UMTE scores indicate greater model uncertainty during token selection.

B Adversarial Consistency Evaluation

Figure 4: Confusion matrix for routing threshold τ
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SciFact QuanTemp
Method Acc FR (%) Tok ∆Acc (%) ∆Tok (%) Acc FR (%) Tok ∆Acc (%) ∆Tok (%)
Parametric Only 0.440 0.0 179 −42.0 −67.6 0.368 0.0 175 −38.4 −86.2
Always RAG 0.760 100.0 553±1 – – 0.597±0.002 100.0 1264 – –
Fine-grained RAG 0.739 0.0 1272±1 −2.7 +130.0 0.513±0.003 0.0 3652±8 −14.1 +188.9
MaxSeqProb 0.695 76.3 591 −8.5 +6.8 0.512 49.6 813 −14.2 −35.7
MeanTokEnt 0.669 70.0 559 −11.9 +1.1 0.513 49.6 812 −14.0 −35.8
Perplexity 0.695 76.3 590 −8.5 +6.8 0.514±0.002 49.5 811±1 −13.8 −35.9
Ensemble 0.718±0.006 76.3±0.9 600±5 −5.5 +8.6 0.511±0.002 49.0±1.0 804±12 −14.4 −36.4
Ensemble+ACE 0.628±0.005 39.3±1.1 674±6 −17.4 +21.9 0.510±0.006 47.6±2.2 1081±27 −14.6 −14.5

Table 4: End-to-End Efficiency results for the Qwen 4B model across datasets, averaged over 3 runs. Acc =
Balanced Accuracy, FR = Flag Rate, Tok = Total Tokens, ∆Acc and ∆Tok = relative % difference vs. Always
RAG. Blue rows indicate the UQ method that achieves the highest Balanced Accuracy, green rows indicate the
UQ method that achieves the best accuracy-efficiency trade-off, measured by ∆Tok/∆Acc. Standard deviations are
shown as subscripts where non-zero. Note that overhead associated with ACE is included in Ensemble+ACE.

SciFact QuanTemp
Method Acc FR (%) Tok ∆Acc (%) ∆Tok (%) Acc FR (%) Tok ∆Acc (%) ∆Tok (%)
Parametric Only 0.438 0.0 253 −37.4 −64.1 0.450 0.0 246 −34.4 −83.2
Always RAG 0.699 100.0 705±1 – – 0.685±0.002 100.0 1468 – –
Fine-grained RAG 0.625 0.0 2130±1 −10.7 +202.3 0.596±0.006 0.0 5341±47 −13.0 +263.9
MaxSeqProb 0.627±0.041 51.0±13.7 622±99 −10.4 −11.7 0.649 65.4 1214 −5.3 −17.3
MeanTokEnt 0.672 58.0 672 −3.9 −4.6 0.668±0.001 77.7±1.1 1394±16 −2.5 −5.0
Perplexity 0.610±0.017 46.7±3.3 586±25 −12.8 −16.8 0.660±0.002 72.0±0.9 1311±13 −3.7 −10.7
Ensemble 0.616±0.033 46.0±7.5 584±57 −11.9 −17.2 0.604±0.028 48.1±9.4 954±140 −11.8 −35.0
Ensemble+ACE 0.666±0.009 52.4±2.7 1006±19 −4.8 +42.8 0.624±0.005 57.8±1.0 1493±13 −9.0 +1.7

Table 5: End-to-End Efficiency results for the Mistral 7B model across datasets, averaged over 3 runs. Acc =
Balanced Accuracy, FR = Flag Rate, Tok = Total Tokens, ∆Acc and ∆Tok = relative % difference vs. Always
RAG. Blue rows indicate the UQ method that achieves the highest Balanced Accuracy, green rows indicate the
UQ method that achieves the best accuracy-efficiency trade-off, measured by ∆Tok/∆Acc. Standard deviations are
shown as subscripts where non-zero. Note that overhead associated with ACE is included in Ensemble+ACE.

SciFact QuanTemp
Method Acc FR (%) Tok ∆Acc (%) ∆Tok (%) Acc FR (%) Tok ∆Acc (%) ∆Tok (%)
Parametric Only 0.297 0.0 205 −28.2 −64.0 0.402 0.0 202 −33.9 −83.8
Always RAG 0.414±0.002 100.0 569 – – 0.607 100.0 1245 – –
Fine-grained RAG 0.433±0.001 0.0 1899±1 +4.4 +233.7 0.547±0.001 0.0 4512±1 −10.0 +262.4
MaxSeqProb 0.378±0.001 66.7 586 −8.7 +3.0 0.544 46.5 783 −10.4 −37.1
MeanTokEnt 0.344±0.001 51.3 499 −17.0 −12.4 0.552 50.9 839 −9.2 −32.6
Perplexity 0.379±0.001 66.7 585 −8.5 +2.9 0.544 46.5 783 −10.4 −37.1
Ensemble 0.354±0.010 44.7±9.9 455±58 −14.5 −20.0 0.543±0.001 46.9±0.2 788±2 −10.7 −36.7
Ensemble+ACE 0.334±0.008 50.6±3.9 824±21 −19.3 +44.8 0.554±0.004 51.6±1.0 1187±13 −8.8 −4.7

Table 6: End-to-End Efficiency results for the Llama 8B model across datasets, averaged over 3 runs. Acc =
Balanced Accuracy, FR = Flag Rate, Tok = Total Tokens, ∆Acc and ∆Tok = relative % difference vs. Always
RAG. Blue rows indicate the UQ method that achieves the highest Balanced Accuracy, green rows indicate the
UQ method that achieves the best accuracy-efficiency trade-off, measured by ∆Tok/∆Acc. Standard deviations are
shown as subscripts where non-zero. Note that overhead associated with ACE is included in Ensemble+ACE.
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C Detailed Experiment Results

This section presents the comprehensive end-to-end efficiency and performance for all evaluated models
(Qwen 4B, Mistral 7B, and Llama 8B) across both the SciFact and QuanTemp datasets. Tables 4, 5, and
6 detail for each configuration the balanced accuracy, UQ flag rate (% of claims re-verified by RAG),
average per-claim token consumption, and the relative % difference compared to the Always RAG baseline.
To facilitate direct comparison, we include our standard baselines alongside all evaluated UQ-based
pipeline setups.

For each model and dataset pair, the UQ method that achieves the highest balanced accuracy is
highlighted in blue , while the method that achieves the best accuracy-efficiency trade-off (determined by
the ratio of relative token savings to accuracy loss (∆Tok/∆Acc)) is highlighted in green .

Fine-grained RAG offers the worst accuracy-efficiency trade-off. As Figure 3a and b illustrate,
the decomposition-based Fine-grained RAG baseline is the most expensive strategy by a wide margin,
inflating token consumption by 130.0% to 233.7% over Always RAG on SciFact and by 188.9% to 263.9%
on QuanTemp. Yet, it surpasses Always RAG in accuracy only once (Llama on SciFact, as discussed
above). On the other hand, our UQ-based configurations consistently came close to or outperformed
Fine-grained RAG at a fraction of the cost. We attribute this drop in performance to the compounding
noise introduced during claim decomposition and evidence retrieval, as described earlier in Section 1.

D Calibration Results

Table 7 presents the AUROC scores achieved by our uncertainty methods on the training/calibration sets.
These calibration sets were strictly used to train our logistic regression ensemble and establish the optimal
uncertainty score thresholds (Except ACE) for selective RAG re-verification.

SciFact QuanTemp
Method Qwen 4B Mistral 7B Llama 8B Qwen 4B Mistral 7B Llama 8B
Information-Theoretic (LM-Polygraph)

Maximum Sequence Probability 0.468 0.609±0.003 0.609 0.687 0.649±0.001 0.652
Perplexity 0.458 0.611±0.003 0.609 0.686 0.605±0.001 0.651
Mean Token Entropy 0.448 0.615±0.002 0.669 0.683 0.576±0.001 0.646

Logical Consistency
Adversarial Consistency (ACE) 0.618 0.590±0.002 0.512 0.470 0.401±0.002 0.483

UQ Ensemble
Ensemble w/o ACE 0.561±0.006 0.617±0.005 0.654±0.003 0.657±0.002 0.686±0.001 0.654±0.001

Ensemble w/ ACE 0.647±0.003 0.629 0.664±0.001 0.665±0.004 0.688±0.002 0.653

Table 7: AUROC scores measured on the validation (calibration) split, used for threshold optimization and ensemble
training. We report the result averaged over three runs. The best-performing method for each model within a dataset
is bold. Non-zero standard deviations are shown as subscripts.
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E Prompts

E.1 Fact-checking Prompts
In our experiments, we use two prompt versions per dataset: parametric, which extracts parametric
verdicts from the model, and RAG, which is used for evidence-grounded re-verification. The exact
templates are detailed below.

Prompt: Parametric prompt (SciFact)

You are a biomedical domain expert and scientific fact-checker. Verify the veracity of the following
claim using your internal scientific knowledge.

CRITICAL INSTRUCTIONS:
1. Evaluate the claim based on the most likely scientific consensus, making your best assessment
even if you are not 100% certain.
2. Choose "SUPPORT" if the scientific evidence generally leans towards the claim being true.
3. Choose "CONTRADICT" if the scientific evidence generally leans towards the claim being
false.
4. Choose "NOT ENOUGH INFO" ONLY IF the claim is fundamentally subjective, unscientific,
or impossible to test. Do not use this label simply because you are unsure of the answer.

Claim: {claim}
Response:

Prompt: RAG prompt (SciFact)

You are a biomedical domain expert and scientific fact-checker. Verify the veracity of the following
claim by cross-referencing it strictly against the provided evidence.

CRITICAL INSTRUCTIONS:
1. Choose "SUPPORT" ONLY IF the evidence explicitly contains scientific findings or data that
confirm the claim.
2. Choose "CONTRADICT" ONLY IF the evidence explicitly contains findings or data that prove
the claim is scientifically incorrect.
3. Choose "NOT ENOUGH INFO" IF the evidence is unrelated, tangential, or insufficient to make
a scientific conclusion. Base your decision entirely on the provided text.
4. Format: Output EXACTLY ONE LABEL. Do not output JSON. Do not output an explanation.
Do not use punctuation.

Evidence: {context}
Claim: {claim}
Response:
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Prompt: Parametric prompt (QuanTemp)

You are an expert political and economic fact-checker. Verify the veracity of the following claim
using your internal knowledge only.

CRITICAL INSTRUCTIONS:
1. Evaluate the claim based on the most likely historical or economic data, making your best
assessment.
2. Choose "True" if standard consensus leans towards the numbers or dates being correct.
3. Choose "False" if the claim likely contains incorrect numbers, dates, or factual errors.
4. Choose "Conflicting" ONLY IF you specifically know of credible, contradictory datasets or
reports that make a single truth impossible. Do not use this label simply because you cannot
remember the exact numbers.

Claim: {claim}
Response:

Prompt: RAG prompt (QuanTemp)

You are an expert political and economic fact-checker. Verify the veracity of the following claim
by cross-referencing it strictly against the provided evidence.

CRITICAL INSTRUCTIONS:
1. Choose "True" if the evidence contains findings, numbers, or data that confirm the claim.
2. Choose "False" if the evidence contains findings or data that prove the claim is incorrect.
3. Choose "Conflicting" if the provided evidence contains multiple pieces of information or
statistics that conflict with each other regarding the claim.

Evidence: {context}
Claim: {claim}
Response:

E.2 ACE Negation Prompt

Prompt: ACE Negation

"Negate the core factual premise of the claim by inverting its logical meaning while preserving the
original grammatical structure. Output EXACTLY ONE SENTENCE. No explanations, no quotes,
no conversational filler.

Claim: {claim}
Response:
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E.3 Decomposition Prompt
The following prompt is used during claim decomposition for the Fine-grained Verification baseline.

Prompt: Claim decomposition

You are a strict, highly precise text processing system. Your only task is to break down complex
claims into a list of simple, independent atomic facts.

CRITICAL RULES:
1. Break the claim into self-contained, simple statements.
2. Split compound subjects (e.g., "A and B do X") or lists into separate independent claims.
3. Resolve all pronouns (e.g., "it", "they") to their specific entities.
4. If the claim is already a single, simple fact, just output that one fact.
5. NEVER output conversational filler (e.g., "Sure", "Here is the list", "I’m ready").
6. You MUST format every single fact as a bullet point starting exactly with "- ".
7. Do not generate new examples. Stop generating immediately after processing the provided claim.

EXAMPLE 1:
Claim: "Barack Obama, the 44th US President, was born in Hawaii and later moved to Indonesia."
Output:
- Barack Obama was the 44th US President
- Barack Obama was born in Hawaii.
- Barack Obama moved to Indonesia.

EXAMPLE 2:
Claim: "A 40mg dosage of Drug X and a 2mg dosage of Drug Y do not affect progression of
disease Z."
Output:
- A 40mg dosage of Drug X does not affect progression of disease Z.
- A 2mg dosage of Drug Y does not affect progression of disease Z.

EXAMPLE 3:
Claim: "Drug A targets the cardiac muscle."
Output:
- Drug A targets the cardiac muscle.

NOW PROCESS THIS CLAIM:
Claim: {claim}
Output:
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F Dataset Statistics

For threshold calibration and ensemble training, we use the train split for SciFact and the val split
for QuanTemp. As for evaluations, we use the test split for QuanTemp and the val split for SciFact.
Additionally, for QuanTemp, we combine the full oracle evidence provided under each claim across all
splits into a unified corpus. Both datasets assign each claim one of three veracity labels, which we present
alongside detailed dataset statistics below.

Dataset Split Claims Label Count (Proportion)

SciFact

Train (Training & Calibration) 809
SUPPORT 332 (41.0%)
NOT ENOUGH INFO 304 (37.6%)
CONTRADICT 173 (21.4%)

Val (Evaluation) 300
SUPPORT 124 (41.3%)
NOT ENOUGH INFO 112 (37.3%)
CONTRADICT 64 (21.3%)

Test (Excluded) 300
SUPPORT N/A
NOT ENOUGH INFO N/A
CONTRADICT N/A

QuanTemp

Train (Excluded) 9,935
False 5,770 (58.1%)
Conflicting 2,341 (23.6%)
True 1,824 (18.4%)

Val (Training & Calibration) 3,084
False 1,795 (58.2%)
Conflicting 672 (21.8%)
True 617 (20.0%)

Test (Evaluation) 2,495
False 1,423 (57.0%)
Conflicting 598 (24.0%)
True 474 (19.0%)

Dataset Corpus Chunks Avg. Chunks / Doc Avg. Relevant Docs / Claim Language

SciFact 5,218 1.0068 0.6967 English
QuanTemp 28,620 1.9032 1.0000 English, German

Table 8: Dataset and corpus statistics
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G Examples

Table 9: Example workflows of our uncertainty-guided pipeline under different scenarios. The only alternative that
leaves a flagged parametric verdict unchanged after re-verification is omitted from the figures for brevity.

Scenario 1: Incorrect Parametric Verdict → Flagged → Corrected

[SciFact | Qwen 4B] A high microerythrocyte count raises vulnerability to severe anemia in homozygous alpha (+)-
thalassemia trait subjects.
Gold Label: CONTRADICT Initial Prediction: SUPPORT (Incorrect)
Ensemble Uncertainty Score: 0.6773 (> 0.4657 Threshold → Flagged)
Final Prediction: CONTRADICT (Correct)

[QuanTemp | Qwen 4B] In September 2021, the U.K. government announced its intention to create a new criminal
offense of pet abduction.
Gold Label: TRUE Initial Prediction: FALSE (Incorrect)
Ensemble Uncertainty Score: 0.5482 (> 0.5200 Threshold → Flagged)
Final Prediction: TRUE (Correct)

Scenario 2: Correct Parametric Verdict → Skipped → Correct Verdict Retained

[SciFact | Qwen 4B] 1,000 genomes project enables mapping of genetic sequence variation, including rare variants with
larger penetrance than common variants.
Gold Label: SUPPORT Initial Prediction: SUPPORT (Correct)
Ensemble Uncertainty Score: 0.3863 (≤ 0.4657 Threshold → Skipped)
Final Prediction: SUPPORT (Correct)

[QuanTemp | Qwen 4B] [In 2014-2015] coverage for the rotavirus vaccine exceeded the 95% target and the pneumococcal
vaccine reached 91.5%.
Gold Label: FALSE Initial Prediction: FALSE (Correct)
Ensemble Uncertainty Score: 0.3842 (≤ 0.5200 Threshold → Skipped)
Final Prediction: FALSE (Correct)

Scenario 3: Incorrect Parametric Verdict → Skipped → Uncorrected

[SciFact | Qwen 4B] Bone marrow cells contribute to adult macrophage compartments.
Gold Label: CONTRADICT Initial Prediction: SUPPORT (Incorrect)
Ensemble Uncertainty Score: 0.3602 (≤ 0.4657 Threshold → Skipped)
Final Prediction: SUPPORT (Incorrect)

[QuanTemp | Qwen 4B] When you throw 23 million people off of health insurance – people with cancer, people with
heart disease, people with diabetes – thousands of people will die. . . . This is study after study making this point.
Gold Label: TRUE Initial Prediction: FALSE (Incorrect)
Ensemble Uncertainty Score: 0.4214 (≤ 0.5200 Threshold → Skipped)
Final Prediction: FALSE (Incorrect)

Scenario 4: Correct Parametric Verdict → Flagged → Verdict Becomes Incorrect

[SciFact | Qwen 4B] CX3CR1 on the Th2 cells impairs T cell survival
Gold Label: CONTRADICT Initial Prediction: CONTRADICT (Correct)
Ensemble Uncertainty Score: 0.6826 (> 0.4657 Threshold → Flagged)
Final Prediction: SUPPORT (Incorrect)

[QuanTemp | Qwen 4B] Japanese citizens boycotting goods made in USA over nuclear bombing in 1945
Gold Label: FALSE Initial Prediction: FALSE (Correct)
Ensemble Uncertainty Score: 0.5482 (> 0.5200 Threshold → Flagged)
Final Prediction: TRUE (Incorrect)
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H Retrieval Configuration Experiments

Figure 5: Top-2 retrieval performance of retrieval configurations on SciFact Val split.

We evaluated 41 retrieval configurations on the SciFact Val set (300 claims) to optimize our evidence
retrieval setup. Specifically, the claims were used as queries to retrieve the top two chunks from the
SciFact corpus, and performance was evaluated using the relevant document IDs included in the datasets as
ground truth. The tested configurations included dense, sparse, and hybrid retrieval. We also tested those
configurations with reranking added as an additional step. As shown in Figure 5, configurations using a
reranker consistently outperformed standalone retrievers across all metrics. Although 8B models provide
a marginal edge in retrieval accuracy, 4B variants require about 40% less runtime per claim. Therefore, for
this thesis, we selected a hybrid retrieval + reranking setup consisting of Qwen3-Embedding-4B (dense),
splade-cocondenser-ensembledistil (sparse), and Qwen3-Reranker-4B.

I Responsible NLP Research checklist

A1. Limitations A detailed analysis of this work’s limitations is outlined on page 13.

A2. Potential Risks The primary risk of our approach is that the selective bypassing of retrieval,
combined with the imperfect discriminative power of our UQ methods, can cause incorrect parametric
verdicts to be accepted without evidence-grounded re-verification (Appendix G, Scenario 3). Such failures
are particularly problematic in high-stakes domains such as healthcare, science, and politics, where
unquestioningly trusting a verdict without evidence-grounding could contribute to the propagation of
harmful misinformation.

B1. Used Artifacts All datasets, LLMs, and retrieval models are cited in Section 4. Meanwhile, the
LM-Polygraph UQ framework is cited under section 2.

B2. Artifact Licenses The licenses for the assets used in this work are as follows:

• Datasets: SciFact (CC BY-NC 2.0), QuanTemp (CC BY-NC 4.0)

• LLMs: Mistral-7B-Instruct-v0.3 & Qwen3-4B-Instruct-2507 (Apache-2.0), Llama-3.1-8B-Instruct
(Llama 3.1 Community License)
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• Retrieval Models: Qwen3-4B-Embedding & Qwen3-4B-Reranker (Apache-2.0), splade-cocondenser-
ensembledistil (CC-BY-NC-SA-4.0)

• Frameworks: LM-Polygraph (MIT)

All assets are used solely for non-commercial research. The SciFact and QuanTemp datasets, including
our derived QuanTemp corpus, are redistributed within our code repository under their original CC BY-NC
licenses. We release our own code under the MIT license.

B3. Intended Use All datasets and models are used strictly for their intended non-commercial research
purposes. Our released code and derived datasets are not intended for usage outside research purposes.

B4. Data Privacy We performed no additional anonymization or offensive-content filtering, instead
relying on the curation of the established benchmark datasets (SciFact, QuanTemp). No private personal
data is used, and while names of public figures and potentially charged content may appear, these are
publicly available and inherent to the fact-checking task, so they are retained as-is.

B5. Artifact Documentation The dataset languages and relevant domains are documented in Section 4.

B6. Data Statistics Detailed dataset statistics are presented in Appendix F.

C1. Compute Model details, computational budget, and hardware setup are reported in Section 4.

C2. Experimental Setup The experimental setup is described in Section 4. The only tuned parameters
in this work are the thresholds for each UQ method, calibrated on the train/validation splits and never on
the held-out evaluation set.

C3. Results Reporting All experiments are repeated three times, and we report the mean and standard
deviation for each result. For performance evaluations of our UQ methods, we report their AUROC scores
on both the training/calibration and evaluation sets (Tables 7 & 2)

C4. Package Usage We use LM-Polygraph’s (Fadeeva et al., 2023) (v0.5.0) implementations of
Maximum Sequence Probability, Perplexity, and Mean Token Entropy. Note that their Perplexity estimator
returns the mean negative log-likelihood, which we exponentiate to obtain the conventional perplexity
score. Ensemble training, threshold calibration, and evaluation metrics (balanced accuracy, AUROC) use
NumPy (Harris et al., 2020) (v1.26.4) and scikit-learn (Pedregosa et al., 2011) (v1.8.0). Models are loaded
with Hugging Face Transformers (Wolf et al., 2020) (v4.57.6) and served with vLLM (Kwon et al., 2023)
(v0.17.1).

D. Human Annotators & Research with Human Participants This section (D1–D5) is not applicable,
as our work uses only existing benchmark datasets and does not involve human annotators or research
with human participants.

E1. AI Assistance AI assistants were used in a limited, tool-assistive capacity, with the author retaining
full responsibility for all content. Specifically: (1) For writing, to polish drafts written by the author by
improving flow and correcting spelling and grammar, with all final proofreading and editing done by the
author. (2) For coding, to implement components more efficiently, given author-specified instructions,
with all design decisions made by the author and all resulting code independently reviewed and tested by
the author. (3) During the literature review, to explain unfamiliar concepts (e.g., the mathematics behind
uncertainty quantification methods and Youden’s Index).

517


