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Abstract

Evaluating information retrieval in agentic sys-
tems is increasingly difficult due to model con-
tamination and tight coupling between retrieval
and intervened agent reasoning. Large lan-
guage models may recall fact checking knowl-
edge from pretraining, while agents shape
queries in ways that confound retrieval evalua-
tion, causing standard end to end evaluations to
yield conclusions that do not generalize across
agentic architectures or datasets. We introduce
a contamination aware evaluation framework
for retrieval in agentic fact checking that fixes
the language model and corpus and evaluates
retrieval across diverse agentic-retriever inter-
action settings, enabling controlled analysis of
how contamination and query generation affect
retrieval quality independently of downstream
reasoning. Our experiments show that contami-
nation impacts retrieval behavior, retriever rank-
ings are unstable across agentic systems due
to query and retrieval interaction effects, and
that different choices of how NDCG values
are aggregated can lead to qualitatively differ-
ent and even reversed comparisons between
agents. For datasets with silver documents, we
propose nDEV2R, a rank sensitive fact level re-
trieval metric that remains informative under
incomplete evidence supervision. While instan-
tiated in fact checking, our findings apply more
broadly to evaluating retrieval components em-
bedded in agentic systems such as question an-
swering and multi document reasoning.

1 Introduction

Misinformation undermines trust in democratic
processes, science, and institutions, contributing
to poor decision-making with harmful real-world
consequences (Zarocostas, 2020). Large language
models (LLMs) amplify this problem through hal-
lucinations or deliberate misuse to generate disin-
formation at scale (Augenstein et al., 2024; Wang
et al., 2025). Since the volume of misinformation

now exceeds human fact-checking capacity, auto-
mated fact-checking (AFC) has become essential
(Vlachos and Riedel, 2014). Following journalis-
tic practices, AFC systems retrieve relevant evi-
dence and ground their verdicts in it (Guo et al.,
2022). This evidence-based approach enhances
transparency, trust, and accountability, critical fac-
tors for responsible real-world deployment (Nakov
et al., 2021; Warren et al., 2025).

Despite the central role of evidence collection
in both journalistic and automated fact-checking
(Arnold, 2020), retrieval methods for AFC remain
understudied. Recent AFC architectures use agen-
tic designs that decompose claims into subclaims
or questions and retrieve evidence using drop-in
search engines, often commercial ones (Xie et al.,
2025; Braun et al., 2025; Vladika et al., 2025).
While such designs improve evidence coverage,
they complicate evaluation: retrieval performance
becomes entangled with the agent’s reasoning and
decomposition strategies, making fair comparisons
across methods nearly impossible. Data contamina-
tion poses an additional challenge. LLMs may
memorize information from pretraining (Sainz
et al., 2023), allowing them to recall why claims
are incorrect and generate useful subqueries or sub-
questions while bypassing the typical difficulties
of formulating queries from novel claims alone to
find evidence (Glockner et al., 2022). Commer-
cial search engines exacerbate this issue by pri-
oritizing verified fact-checking articles (Koronska
and Rogers, 2024), further simplifying the task
for previously fact-checked claims. Moreover, de-
pendence on commercial search engines limits the
applicability of fact-checking systems in domains
involving sensitive or non-public data, as is com-
mon in enterprise settings (Bruckhaus, 2024). Dis-
entangling retrieval methods from modern agentic
systems is therefore an important yet understudied
research direction.

We present CLEAR (Contamination-aware
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Figure 1: Overview of the CLEAR methodology. Left: In realistic fact-checking settings, contamination can
arise from both language models and external search engines: LLMs may recall claims from pretraining, while
search results can change over time and favor previously fact-checked sources. Right: CLEAR enables controlled
evaluation by fixing the LLM, document corpus, and claims, and stratifying claims via LLM-only probing into
contamination categories. Each category is evaluated using an identical pipeline while varying agent architectures
and retrieval methods, allowing analysis of agent-retriever interaction effects using standard metrics and our

proposed nDEv2R @k.

Longitudinal Evaluation of Agentic Retrieval), a
novel contamination-aware evaluation methodol-
ogy comprising 3 diverse single and multi-hop
fact-checking datasets for evaluating the interac-
tion between retrieval methods and agent-based
fact-checking systems. We design CLEAR to ex-
amine how retrieval method choices across differ-
ent agentic architectures affect the performance
in (i) selecting the correct verdict, (ii) identifying
sufficient evidence, and (iii) achieving both jointly.
To isolate the effects of retrieval and system archi-
tecture, CLEAR is built around a fixed LLM that
remains constant across all experiments. We opt
for this design choice since it enables controlled
experiments regarding data contamination and its
impact on claim decomposition and evidence re-
trieval. Building on CLEAR, we investigate the
following two research questions:

* RQ1: Do contamination effects impact re-
trieval performance on fact-checking datasets?

* RQ2: Is the performance of the evidence re-
trieval method independent of the agentic sys-
tem for unseen claims?

Our experiments on sparse, dense and multi-hop

retrieval method families show that agentic systems
perform substantially better at identifying relevant
evidence when the veracity label is known, sug-
gesting that they unfairly benefit from knowing
how to decompose claims, and that data contami-
nation affects not only veracity prediction but also
confounds evidence retrieval. We further observe
that the performance of retrieval methods varies
substantially across agentic systems. The same re-
triever can behave very differently depending on
the system in which it is deployed. These strong
dependencies hinder the independent development
and evaluation of new retrieval techniques and con-
found performance attribution, making it difficult
to isolate the impact of specific design choices. To
improve this, CLEAR can be easily extended with
additional agentic systems, facilitating the develop-
ment of robust retrieval methods that are decoupled
from any particular agentic system implementation.

2 CLEAR: Contamination-aware
Longitudinal Evaluation of Agentic
Retrieval

We design the our method with four principles: (i)
end-to-end evaluation with retrieval in-the-loop;



(i1) modularity to swap retrievers and AFC archi-
tectures; (iii) reproducibility via fixed corpora and
controlled retrieval; and (iv) coverage across single-
and multi-hop claims.

2.1 CLEAR Method

The goal of CLEAR is to evaluate the performance
of retrieval methods used by agentic fact-checking
systems. We define an agentic fact-checking sys-
tem as any LLM-based system that collects evi-
dence documents and reasons over them to pro-
duce a veracity label. The agent may either pass
the original claim directly to the retrieval com-
ponent, as in traditional fact-checking pipelines
(Thorne et al., 2018; DeHaven and Scott, 2023),
or first decompose claims into sub-claims or ques-
tions (Ousidhoum et al., 2022; Chen et al., 2024a).
We define the evidence retrieval task as follows:
Given a claim c and a retrieval method R integrated
into an agentic fact-checking system F', the re-
trieval method 12 must identify the correct and com-
plete set of evidence documents to enable the fact-
checking system F' to make the veracity prediction.
Our task definition is intentionally conditioned on
a fixed set of fact-checking systems with a fixed
LLM, allowing us to systematically evaluate the
retrieval method’s capabilities across diverse yet
representative claim decomposition strategies when
integrated into an agentic system, while accounting
for potential data contamination when the LLM has
previously encountered information about a claim
during pretraining (Sainz et al., 2023).

Isolating the impact of individual design choices
in modern AFC systems is intractable. We there-
fore operate under two assumptions: First, the AFC
system is not tied to a specific retrieval method, al-
lowing retrieval components to be replaced and
evaluated independently (retrieval independence).
Second, the AFC system is not tied to a specific
LLM, enabling systematic analysis of contamina-
tion effects by fixing the underlying model (LLM
independence). Both assumptions should hold for
general AFC systems that support independent in-
corporation and improvement of retrieval and LLM
components, which is the focus of this study.

2.2 CLEAR Instantiation

We instantiate the CLEAR using three Fact-
Checking agents, three datasets and in total seven
retrievers which we outline in the following sec-
tions. To study contamination effects in a con-
trolled setting (RQ1), we fix the underlying lan-

guage model across all experiments, as model-
side contamination depends directly on the LLM’s
pretraining and memorized knowledge. We use
Command-A from Cohere (Cohere et al., 2025) for
all agents and datasets. We discuss hyperparame-
ters in Appendix D. Our code is anonymized and
publicly available at https://anonymous.4open.
science/r/CLEAR-B@3C.

2.3 Datasets

We select three text-based fact-checking datasets
that cover complementary retrieval regimes rele-
vant to agentic fact-checking. SciFactOpen targets
high-precision retrieval for scientific claims using
evidence from research abstracts (Wadden et al.,
2022). AveriTeC contains real-world claims from
news and the web with long, heterogeneous docu-
ments and silver, incomplete evidence supervision
(Schlichtkrull et al., 2023). Ex-FEVER provides a
controlled multi-hop setting over Wikipedia, where
claims require aggregating evidence across multi-
ple documents (Ma et al., 2024). Together, these
datasets span single- and multi-hop retrieval, gold
and silver supervision, and diverse corpus charac-
teristics. Dataset-specific preprocessing and adap-
tations to our retrieval-centric setup are described
in Appendix A.

2.4 Contamination Analysis

For every claim we compare the sampled verdicts
to the gold label and assign the claim to one of four
buckets:

* Contaminated: the model outputs the gold ver-
dict in at least nine of the ten runs (a strong hint
that the claim is memorized).

* Leans Opposite: the gold verdict appears zero
or one times, indicating the model consistently
predicts an incorrect label.

* Ambiguous: the gold verdict appears two to
eight times; the model is inconsistent, so we
treat the claim as uncertain rather than clearly
contaminated.

* NEI-Abstain: the model answers NOT
ENOUGH INFO in nine or more runs. Because
the model explicitly refuses to commit, we do
not flag these cases as contamination even if
the gold label is also NEI. Important: Claims
whose gold label is NOT ENOUGH INFO are
never marked contaminated: if the model an-
swers NEI nine or more times we tag them as
NEI-abstain; if it confidently predicts a non-NEI
label they count as leans-false; otherwise they
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remain ambiguous.

Table 1 reports the resulting distribution. The
EX-Fever subset shows moderate contamination:
27.0% of the claims are solved perfectly without
retrieval, with the largest share (33.4%) falling
into the ambiguous category and 27.8% leading
to NEI responses. AveriTeC (500 claims) shows
a similar pattern: one third contaminated (33.0%),
one third NEI responses (33.4%), with ambiguous
and leaning-false claims comprising the remain-
der. SciFact exhibits the highest contamination
rate at over one third (35.3%), with substantial am-
biguous (30.3%) and NEI-abstain (23.5%) shares,
underscoring how the model handles specialized
biomedical knowledge with varying degrees of cer-
tainty. We use these buckets to stratify subsequent
analyses and to measure whether retrieval remains
helpful once uncontaminated claims are isolated.

2.5 AFC Architectures

In CLEAR, we evaluate retrieval methods within
three representative AFC architectures. As a base-
line, we use a vanilla retrieve-first model that di-
rectly passes the claim to a retriever and verifies
it using the top-k retrieved documents. As agentic
AFC systems, we adopt DEFAME (Braun et al.,
2025) and FIRE (Xie et al., 2025), two state-of-the-
art approaches that iteratively generate subqueries,
maintain a running evidence state, and output a ve-
racity label only after sufficient evidence has been
collected. Both systems come with their specific
design choices and prompts, which we keep as-is
to preserve their original behavior and avoid adap-
tation to specific retrieval methods.

2.6 Retrieval Methods

Following current surveys on retrieval-augmented
systems (Chen et al., 2024b; Fan et al., 2024;
Gao et al., 2023), retrieval techniques can be
broadly grouped into sparse lexical, dense se-
mantic, interaction-aware/multi-vector. To repre-
sent these major categories and to cover both fre-
quently used baselines and competitive state-of-the-
art methods in each regime, we select a compact
set of retrievers for evaluation.

For sparse lexical retrieval, we include BM25
(Robertson and Zaragoza, 2009) as a widely
adopted baseline in many RAG and fact-checking
pipelines, and SPLADE (Formal et al., 2021) as a
learned sparse method that extends lexical match-
ing with neural term weighting.

For dense retrieval, we evaluate bi-encoder

style models that embed queries and documents
into a shared space: Sentence Transformers
(Reimers and Gurevych, 2019) and Contriever
(Izacard et al., 2022) are commonly used off—the—
shelf dense retrievers in NLP benchmarks, while
GritLM (Muennighoff et al., 2024) reflects recent
advances in instruction-tuned dense retrieval show-
ing strong performance across tasks.

To capture methods with richer query—document
interaction, we include ColBERTv2 (Santhanam
et al., 2022), a late-interaction retriever that bal-
ances semantic richness and efficiency.

Finally, for settings requiring multi-step evi-
dence aggregation, we include GritHopper (Erker
et al., 2025) as a representative multi-hop retriever
that conditions on previously retrieved evidence.

All methods are used off-the-shelf without addi-
tional fine-tuning to ensure that differences in per-
formance reflect their general capabilities and how
they interact with agentic fact-checking pipelines
rather than task-specific adaptation.

2.7 Metrics

Two common approaches exist for evaluating evi-
dence in fact-checking. The first (reference-based)
assumes knowledge of which documents or infor-
mation are needed to predict the veracity label
(Thorne et al., 2018; Aly et al., 2021; Schlichtkrull
et al., 2023), enabling strict evaluation but presum-
ing a single path to the correct label. The sec-
ond (veracity-based) assesses evidence quality in-
directly via the veracity prediction, offering more
flexibility but unable to detect predictions made
with insufficient evidence (Akhtar et al., 2024). In
this work, we consider both complementary ap-
proaches and report the following metrics. For
veracity-based metrics, we report Macro F.

Gold references On datasets with complete gold
evidence annotations, we evaluate retrieval using
nDCG@10 as a reference-based metric. For each
claim, we align each gold document to the retrieval
iteration where it achieved its best (lowest) rank,
then compute sample-level nDCG @10 aggregated
across all gold documents. This gold-document-
oriented aggregation measures whether the agent
eventually retrieves relevant evidence, but it fa-
vors multi-hop agents that perform many retrieval
attempts. To account for retrieval cost, we addi-
tionally compute a hop-regularized variant that di-
vides the gold-document-oriented nDCG by the
logarithm of the number of retrieval iterations plus



Dataset Contaminated ~ Ambiguous Leans Opposite  NEI-Abstain ~ Number of Claims
EX-Fever 27.0% 33.4% 11.8% 27.8% 500
AveriTeC 33.0% 18.8% 14.8% 33.4% 500
SciFact 35.3% 30.3% 10.9% 23.5% 279

Table 1: Contamination categories derived from 10 predictions per claim without providing evidence. A claim is
marked contaminated when the model reproduces the gold label in at least nine samples; leans false when it matches
once or never; ambiguous otherwise; and NEI-Abstain when the model answers NOT ENOUGH INFO in at least nine

samples.

one (nDCG@10/ log(hops + 1)), which we find
correlates most strongly with veracity prediction.
We explore additional aggregation strategies in Ap-
pendix C.

Silver references When evidence annotations are
incomplete or silver, as in AveriTeC (Schlichtkrull
et al., 2023), this assumption no longer holds. Mul-
tiple documents may express overlapping or par-
tial factual support, and useful evidence may not
be explicitly annotated as gold. In such settings,
document-level relevance metrics become brittle,
as binary judgments fail to capture degrees of fac-
tual support. Ev2R (Akhtar et al., 2025) addresses
this limitation by evaluating evidence at the fact
level using LLMs, computing a F; score based on
factual overlap between retrieved documents and
reference evidence. While this provides a more
informative signal than binary document relevance,
Ev2R evaluates documents in isolation and does
not account for the ranked nature of retrieval. This
is limiting in agentic fact-checking systems, where
retrieval outputs are consumed as ordered lists and
rank strongly influences downstream usage across
different agent architectures .

We therefore propose nDEv2ZR@k (normalized
discounted Ev2R), a rank-sensitive extension of
Ev2R that evaluates retrieval quality as an ordered
list of documents. Let G = {g1, ..., gm} denote
the set of gold evidence documents for a claim,
and let d; be the retrieved document at rank 7. We
define
Zlf: Aggyeg EVZR(di,g)

=1 log, (i+1)

k 1 ’
i=1 log, (i+1)

nDEv2R@k =

where Agg aggregates fact-level overlap scores
across the gold evidence set. In our experiments,
we instantiate Agg as either a maximum, reflecting
a sufficiency-based assumption where one informa-
tive gold document is enough (similar to the Fever-
score), or as a mean, reflecting coverage over all an-
notated gold documents. This unified formulation

yields an nDCG-style metric that is rank-sensitive,
bounded in [0, 1], and independent of how down-
stream agents consume retrieved evidence. This
formulation yields a rank-sensitive retrieval metric
that directly captures how the ordering of retrieved
documents affects downstream evidence availabil-
ity, rather than veracity prediction. In our analysis,
we therefore treat nDEv2R @k as a pure retriever-
quality measure and contrast it against unweighted
Ev2R aggregations to isolate the effect of ranking.

3 Contamination Impact on Retrieval

We begin by analyzing how model-side contam-
ination affects both veracity prediction and evi-
dence retrieval (RQ1). Using the contamination
categories defined in Section 2.4, we stratify all re-
sults into contaminated, leans-opposite (uncontam-
inated), and ambiguous/NEI-abstain claims. This
stratification allows us to separate cases where the
underlying language model likely recalls the cor-
rect verdict from pretraining from cases where the
claim must be resolved primarily through retrieved
evidence.

Category MacroF1 NDCG@10 LogNDCG@10
Overall 50.08 32.07 34.91
Contaminated 54.06 30.25 33.06
Leans Opposite 45.38 30.01 32.82
Ambiguous 49.00 33.57 36.43

Table 2: Overall performance by contamination cat-
egory averaged across all agents and datasets (tri-
label scheme, selected runs). NDCG@ 10 uses gold-
oriented aggregation (best rank per gold document);
NDCG@10/log(h+1) accounts for retrieval efficiency.

Table 2 reports veracity prediction and retrieval
quality aggregated across all agents and retriev-
ers. As expected, veracity prediction is high-
est for contaminated claims (Macro F;=54.1)
and lowest for leans-opposite claims (45.4). Re-
trieval quality, however, follows a different pat-
tern. Across agents, retrieval performance is high-
est for ambiguous claims (NDCG@10= 33.6;



NDCG@10/log(h+1)= 36.4) and lower for both
contaminated and leans-opposite claims (around
30 NDCG@10).

Retrieval differs only marginally between con-
taminated and leans-opposite claims (30.25 vs.
30.01 NDCG@10), indicating that strong inter-
nal certainty, whether correct or incorrect, does
not improve retrieval. The consistently weakest re-
trieval on contaminated and leans-opposite claims
suggests that confident internal beliefs constrain
evidence exploration, consistent with confirmation
bias in information seeking (Kaanders et al., 2022;
Wan et al., 2025).

Taken together, these results show that retrieval
performance cannot be interpreted independently
of the model’s internal belief state and contamina-
tion. Rather than benefiting from certainty, retrieval
quality is highest when the model remains uncer-
tain and degrades under strong internal commit-
ment. This highlights the need for contamination-
aware evaluation when comparing retrieval meth-
ods in agentic fact-checking systems. In the next
section, we examine whether retriever rankings
remain stable across different agent architectures
once the language model and corpus are fixed

(RQ2).

3.1 Does retrieval performance differ across
different Agents?

Having established contamination-aware stratifi-
cation, we now focus on why retrieval evaluation
in agentic fact-checking is intrinsically difficult
even under fixed LLM and corpus: agents execute
different retrieval processes (different numbers of
retrieval iterations and different stopping behavior),
so standard single-shot ranking metrics become
aggregation-dependent and can change the conclu-
sions about which retriever (or agent) is “best”. If
not explicitly mentioned, we conduct the following
experiments on all splits together except the con-
taminated split. For transparency we provide the
main tables with contamination in Appendix F.

Gold-document metrics can favor multi-attempt
agents. Across our runs, iterative agents issue
substantially different numbers of retrieval itera-
tions per claim. In the global aggregation reported
in Appendix Table 12, DEFAME performs on aver-
age 4.8 retrieval iterations per claim, compared to
1.2 for FIRE. Under the gold-document-oriented
nDCG @10 aggregation (best rank per gold docu-
ment across all iterations), DEFAME exceeds FIRE

(38.62 vs. 36.78), consistent with the fact that ad-
ditional retrieval attempts increase the chance that
each gold document appears at a good rank at least
once. However, this aggregation mixes retrieval
quality with the number of attempts an agent gives
itself.

Hop-regularization changes the ranking and bet-
ter tracks downstream behavior. To make re-
trieval scores comparable across agents with differ-
ent number of retrieval attempts, we evaluate hop-
regularized variants that divide the gold-document
nDCG@10 by a function of the number of re-
trieval iterations (Appendix C). This change can
qualitatively alter conclusions: while DEFAME
is slightly higher than FIRE on the unregularized
nDCG@10 (38.62 vs. 36.78), FIRE is substan-
tially higher on nDCG@10/ log(h+1) (45.90 vs.
24.81) and also on nDCG@10/h (30.43 vs. 10.61)
(Appendix Table 12). Importantly, this is not
an “efficiency” claim; we use hop-regularization
because it provides a retrieval signal that aligns
more strongly with downstream veracity prediction
in our setting. Aggregated across runs, the hop-
regularized metric achieves higher correlation with
veracity than gold-oriented nDCG@10: p=0.369
for nDCG@10/ log(h+1) vs. p=0.282 for gold-
oriented nDCG@10 (Appendix Table 10). The
effect is especially clear for FIRE, where the cor-
relation improves from p=0.460 (gold-oriented) to
p=0.586 (nDCG@10/ log(h+1)) (Appendix Ta-
ble 11).

Main-table evidence: retriever rankings are
agent-dependent. The three main benchmark ta-
bles already illustrate that retriever performance
is not an intrinsic property of the retriever alone,
but depends on the surrounding agentic process.
On SciFact (Table 6), instruction-tuned dense re-
trieval is consistently strong across agents (e.g.,
GritLM NDCG@10: 58.48/54.08/55.39 for DE-
FAME/FIRE/RetrieveFirst), but the agent ordering
differs across metrics and does not follow Macro-
F1 monotonically.

On Ex-FEVER (Table 3), FIRE+GritHopper
(where we ignore the queries from FIRE and in-
stead just use the claim together with all pre-
vious retrieved evidences for retrieval) achieves
extremely high retrieval scores (NDCG@10 =
91.23), while the same dataset also shows that dif-
ferent agents can yield very different retrieval out-
comes for the same retriever family (e.g., BM25:
DEFAME NDCG@10 = 52.39 vs. FIRE = 38.66).
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Figure 2: Query length characteristics and retriever
performance. (a) Average query length by agent and
dataset; FIRE produces queries 1.5-2x longer than DE-
FAME.

This raises the question:

3.2 Why Does Retrieval Differ Across
Automatic Fact-Checking Systems?

Our analysis shows that the dominant factor is
agent-induced query bias. Although DEFAME
and FIRE operate on the same claims and corpus,
they generate systematically different query dis-
tributions. Figure 2 shows that DEFAME con-
sistently produces much shorter, keyword-style
queries, whereas FIRE generates longer natural-
language questions. This difference is architectural:
DEFAME relies on explicit few-shot query exam-
ples that encourage concise lexical queries, while
FIRE does not impose such constraints.

These query styles interact directly with retriever
inductive biases. Sparse and neural-sparse retriev-
ers are optimized for short lexical queries, while
dense retrievers prefer longer, semantically rich in-
puts. As a result, sparse methods such as BM25
or SPLADE are disproportionately favored under
DEFAME-style queries, whereas dense retrievers
benefit more from FIRE-style queries.

We make this interaction explicit by stratifying
retrieval performance by query length. Table ??
shows Recall@10 for SPLADE and GritLM condi-
tioned on short and long queries. For short queries
(<30 characters), SPLADE outperforms GritLM
by a large margin. For longer queries, this advan-
tage disappears and the rankings flip. This single
factor explains several of the retriever ranking rever-
sals observed across agents in the previous section.

Query bias is further amplified by prompt de-
sign. Replacing DEFAME’s original short few-
shot examples with longer, dataset-derived prompts
increases average query length by 28%. This
change improves GritLM while slightly degrad-
ing SPLADE, shifting retriever rankings without
modifying either the retriever or the agent archi-
tecture. Thus, seemingly minor prompt choices
can have outsized effects on downstream retrieval

evaluation.

Taken together, these findings show that retrieval
performance in agentic fact-checking systems is
not an intrinsic property of the retriever alone. In-
stead, it emerges from the interaction between re-
triever inductive biases and agent-specific query
generation mechanisms. This explains why re-
triever rankings do not transfer across agents and
motivates evaluation settings that explicitly account
for agent-retriever interaction rather than averaging
it away.

3.3 nDEv2R@k

So far, our analysis relied primarily on gold
document-level relevance metrics. However, for
datasets with incomplete or silver evidence an-
notations, these metrics provide a weak signal
of retrieval quality. To address this limitation
within CLEAR, we evaluate whether fact-level
overlap metrics better capture the usefulness of
retrieved evidence, independent of annotation com-
pleteness. In our evaluation AveriTeC is the only
dataset with silver evidence annotations. In this
setting, document-level relevance labels are incom-
plete, making gold-document NDCG@10 a weak
proxy for retrieval quality. As shown in Table 7,
nDEv2R @10 exhibits substantially stronger corre-
lation with downstream veracity accuracy (Spear-
man p = 0.23) than gold-document NDCG@10
(p = 0.095) and unranked Ev2R aggregations
(Ev2R Fi: p = 0.216), indicating that rank-
sensitive fact-level evaluation provides a more in-
formative retrieval signal under incomplete evi-
dence supervision. While this correlation is mea-
sured against veracity prediction, we emphasize
that nDEv2R @k is designed as a retrieval metric: it
evaluates query and ranking quality independently
of the final decision, and higher scores indicate
that more relevant factual information is retrieved
earlier in the ranking. We observe that the MAX
aggregation is marginally more stable than MEAN,
which we attribute to AveriTeC often requiring only
a single decisive document for verification, though
this effect may be dataset-specific.

4 Related Work

Evaluating retrieval methods for fact-checking
evolved over times. Early fact-checking systems
(DeHaven and Scott, 2023) followed the pipeline
established in FEVER (Thorne et al., 2018), where
evidence documents are retrieved for a claim in



Table 3: EX-Fever 500 retrieval benchmark (Everything but Contaminated claims)

Retriever DEFAME FIRE RetrieveFirst
Macro-F1 NDCG@10 1logNDCG@10 ‘ Macro-F1 NDCG@10  logNDCG@10 ‘ Macro-F1 NDCG@10  1logNDCG@10
BM25 51.53 52.39 31.58 60.72 38.66 43.46 4052 54.12 78.07
Contriever 31.95 16.07 8.74 53.90 1047 11.64 31.83 16.41 23.67
GritHopper - - - 66.50 91.23 100.00 52.64 82.86 100.00
GritLM 59.11 77.10 49.30 63.05 63.13 73.58 48.67 65.75 94.85
SBERT 4575 42.02 24.11 5127 3111 35.46 4132 3425 49.42
SPLADE 56.77 77.11 49,64 61.03 59.12 7095 51.84 59.64 86.05
Table 4: AveriTeC retrieval benchmark (Everything but Contaminated claims)
Retriever DEFAME FIRE RetrieveFirst
Macro-F1 logNDCG@10  nDEvV2R ‘ Macro-F1 logNDCG@10  nDEvV2R ‘ Macro-F1 logNDCG@10  nDEv2R
BM25 45.15 591 30.79 46.22 10.09 31.62 39.71 7.89 29.05
Contriever 27.17 1.86 10.08 39.78 3.79 10.77 27.34 4.66 12.64
GritlLM 46.20 9.69 32.96 46.67 15.02 35.83 40.94 14.66 35.89
SBERT 42.34 491 24.68 43.66 8.02 28.79 39.37 7.68 28.45
SPLADE 4475 7.19 2831 45.42 9.75 29.85 37.76 10.71 30.34
the first step. The retriever was independent of SPLADE  GritLM
the veracity model, allowing for independent im- Query Length A
provements for retrievers across such as ATHENE Short (<30) 55.5% 382%  +17.3
Long (>30) 37.8% 38.3% -0.5

(Hanselowski et al., 2018). Most prior works eval-
uate agent-based fact-checking as a single system,
intertwining retrieval and reasoning in ways that
make their individual contributions hard to assess
(Pan et al., 2023; Braun et al., 2025; Xie et al.,
2025). This is especially challenging in multi-hop
settings or when synthesizing multiple sources.

5 Conclusion

Retrieval evaluation in agentic fact-checking sys-
tems is not a solved problem. Unlike classical
pipelines, retrieval is tightly coupled with agen-
tic query generation, interaction structure, and the
language model’s internal beliefs. As a result, stan-
dard end-to-end evaluations often conflate retrieval
quality with agent behavior, contamination, and
prompt-induced biases, leading to conclusions that
do not generalize across agentic settings.

This paper reframes retrieval evaluation as
a methodological challenge. @ We introduced
CLEAR, a contamination-aware evaluation frame-
work that fixes the language model and corpus
while varying agent architectures and retrieval
methods. Under this controlled setup, we show that
(1) contamination affects retrieval behavior itself,
not only veracity prediction, (ii) retriever rankings
are unstable across agents due to systematic query
and interaction biases, and (iii) retrieval metrics
and aggregation choices can favor particular agen-
tic interaction patterns, complicating the assess-
ment of retrieval quality and value across systems.
To make these effects explicit, we study a suite

Table 5: Recall@10 by query length for SPLADE and
GritLM. Short queries (<30 chars) represent keyword-
style searches typical of DEFAME; longer queries (>30
chars) include FIRE’s natural-language questions. Re-
call@10 for short (<30 chars) vs long (>30 chars)
queries. SPLADE dominates short queries but achieves
parity with GritLM on longer queries.

of aggregation strategies that expose how differ-
ent interaction regimes shape retrieval scores, with
detailed analyses in the main body and appendix.
For datasets with incomplete or silver evidence an-
notations, where relevant documents may extend
beyond the annotated gold set, we further propose
nDEvV2R @k, a rank-sensitive fact-level metric that
remains informative under insufficient supervision.
Importantly, nDEv2R @k addresses this specific an-
notation limitation and does not resolve the broader
challenges of evaluating retrieval in agentic sys-
tems. While instantiated in fact-checking, these
findings apply broadly to evaluating retrieval em-
bedded in agentic systems. Our central message
is that retrieval cannot be evaluated in isolation
nor purely end-to-end: it must be assessed under
controlled, contamination-aware conditions that ex-
pose agent—retriever interactions. CLEAR aims
to make these interactions visible and to unblock
meaningful evaluation as agentic systems continue
to evolve.



Limitations

We held all experimental variables constant except
for the dataset and the agentic fact-checking sys-
tem, which we assume are the primary factors af-
fecting retrieval performance. We did not examine
other factors, such as prompt variations or different
LLMs used by the agentic systems. Our findings
should therefore be interpreted under these assump-
tions and may not generalize to other prompts, mod-
els, or settings.

The findings of our study are tied to the used
datasets, fact-checking architectures, prompts and
the used LLM. Throughout our experiments kept all
variables except for the retrieval method, datasets
and agentic systems fixed. Our experiments fo-
cused on three key variables (dataset, retrieval
method, fact-checking sysgem) under the simpli-
fied assumption that threse are the key factors to
assess the retrieval methopd capabilities. This as-
sumption enabled our systematic evaluation but
ignores that subtle implementation or promnpt de-
cisions may be very influential to the performance.
Our findings are bound to these assumptions and
must be interpreted as such.

We did not further study the impact of individual
implementation choices or prompt choices across
the agentic systems, and our findings only hold
given the assumptions

Fixed Language Model. To isolate retrieval ef-
fects and analyze contamination, we fix the underly-
ing LLM across all experiments. While this design
choice enables controlled comparisons, it limits the
generality of our findings across different model
families, sizes, and training regimes. Retrieval-
agent interactions may differ on other models and
in particular for models trained on more recent data.
Future work should extend CLEAR with multiple
LLM backbones to study how retrieval behavior
scales with model capacity and pretraining expo-
sure.

Comparisons Between Agents. The evaluated
AFC architectures differ along multiple dimensions
beyond retrieval strategy, including the presence
of few-shot query examples, the degree of iterative
reasoning, and the amount of context provided to
the retriever. Crucially, these dimensions expose
different degrees of control across agents: some
architectures, such as DEFAME, include explicit
few-shot examples and query-generation instruc-
tions that can be modified without changing the

agent’s identity, whereas others, such as FIRE, do
not rely on such components, and introducing them
would fundamentally alter the agent itself. While
this asymmetry reflects realistic system designs,
it complicates direct normalization and fair abla-
tion across agents. Accordingly, our goal is not to
identify a single best agent, but to demonstrate that
retriever performance is inseparable from agent-
specific design choices and interaction structures.

Retriever Coverage and Training Biases. We
evaluate a diverse set of retrieval methods selected
based on popularity and prior performance. All re-
trievers are used off-the-shelf without task-specific
finetuning, and each comes with its own pretrain-
ing data and inductive biases. Consequently, differ-
ences in performance may partially reflect training
exposure rather than inherent suitability for fact-
checking. A more comprehensive study would
include controlled retriever training or synthetic
pretraining regimes.

Upper-Bound Favorability for Iterative Agents.
Our per-claim gold NDCG computation aggregates
the best rank achieved across all retrieval iterations.
While this allows consistent comparison across het-
erogeneous agents, it slightly favors iterative sys-
tems over single-shot retrievers and should be in-
terpreted as an upper bound on achievable retrieval
quality rather than a strict operational metric. To
counter this we compared to regularized aggrega-
tions by the number of retrieval depends.

Despite these limitations, we believe that
CLEAR offers a valuable step toward more re-
alistic and transparent evaluation of retrieval in
fact-checking systems. By explicitly surfacing con-
tamination, query bias, and agent-retriever depen-
dencies, our benchmark highlights failure modes
that are often hidden by end-to-end accuracy and
provides concrete directions for future research.

Ethical Considerations

This work studies retrieval behavior in agentic fact-
checking systems, which inherit known ethical
risks of large language models trained on large-
scale data, including the propagation of societal bi-
ases and exposure to misinformation (Prakash and
Lee, 2023). In addition, retrieval systems operat-
ing in open-domain settings may surface sensitive,
biased, or harmful content if not carefully evalu-
ated and controlled. Rather than deploying a new
decision-making system, our work aims to improve



transparency and accountability by explicitly ana-
lyzing contamination effects and evaluation pitfalls
that can otherwise mask such risks. We argue that
contamination-aware and controlled evaluation is a
necessary step toward safer and more responsible
development of retrieval-augmented and agentic
NLP systems.
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A Data Preprocessing

We preprocess each dataset to ensure compatibility
with our evaluation framework while preserving the
original task characteristics. Table 8 summarizes
the corpus sizes and document characteristics for
each dataset.

Ex-FEVER. We use the Ex-FEVER dataset (Ma
et al., 2024), which is built on the FEVER
Wikipedia corpus snapshot. The corpus contains
approximately 5.4 million documents (introductory
paragraphs from Wikipedia articles). We evaluate
on a stratified subset of 500 claims sampled to rep-
resent the full label distribution. For computational
efficiency in initial experiments, we first evaluated
100 claims before scaling to the full 500-claim set
reported in the main paper.

AveriTeC. The AveriTeC dataset (Schlichtkrull
et al., 2023) includes real-world claims from news
and social media, paired with evidence retrieved
from the web. The corpus contains approximately
4.7 million web-scraped documents with an aver-
age length of 800 characters. Unlike Ex-FEVER
and SciFact, AveriTeC provides silver evidence an-
notations rather than gold labels, as the evidence
collection process does not guarantee complete-
ness. We use the full set of 500 test claims from the
original benchmark. Due to incomplete gold evi-
dence annotations, we report both gold-document
NDCG@10 and our proposed nDEV2R @k metric
for retrieval evaluation.
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SciFact. The SciFact dataset (Wadden et al.,
2022) focuses on scientific claim verification us-
ing evidence from biomedical research abstracts.
The corpus contains 5,183 documents (PubMed ab-
stracts) with an average length of 1,404 characters.
We evaluate on 279 claims from the SciFactOpen
test set. Due to the relatively small corpus size,
we include ColBERTV2 (Santhanam et al., 2022)
as an additional retriever for SciFact, which we
exclude from the larger AveriTeC and Ex-FEVER
experiments due to prohibitive indexing costs.

Retrieval Implementation. For all sparse and
dense bi-encoder retrievers (BM25, SPLADE, Sen-
tence Transformers, Contriever, GritLM), we use
FAISS (Johnson et al., 2019) with exact search
(IndexFlatIP) to ensure precise ranking. Col-
BERTV2 uses its native late-interaction indexing
implementation. All retrievers are used off-the-
shelf without task-specific fine-tuning to evaluate
their general-purpose capabilities in agentic fact-
checking settings.

B nDEvV2R ablation

Table 9 reports correlations between retrieval met-
rics and veracity accuracy on AveriTeC, where gold
evidence annotations are incomplete. EV2R-based
metrics, which evaluate retrieval quality at the fact
level rather than document level, show substantially
stronger correlation with downstream veracity pre-
diction than traditional gold-document NDCG@10.
The nDEvV2R @10 metric with MAX aggregation
(taking the best fact overlap score against any gold
document, similar to the Fever-score philosophy)
achieves correlations of r=0.200 to 0.206 across
agents, compared to NDCG@10’s weaker correla-
tions (r=0.028 to 0.095). This demonstrates that
fact-level evaluation better captures retrieval qual-
ity when evidence annotations are incomplete or
silver. NDCG@ 100, which considers a broader
retrieval window, shows strong agent-level correla-
tions but with limited statistical power due to fewer
runs per agent.

C NDCG Ablations Across
Contamination and Agents

Iterative agentic fact-checking systems perform
multiple retrieval iterations, generating several
queries per claim and accumulating evidence over
time. This raises a methodological question: how
should retrieval quality be aggregated when agents
make different numbers of retrieval attempts? It
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Table 6: SciFact Results (Everything but Contaminated claims)

Retriever DEFAME FIRE RetrieveFirst
Macro-F1 NDCG@10  1logNDCG@10 ‘ Macro-F1 NDCG@10  logNDCG@10 ‘ Macro-F1 NDCG@10  logNDCG@10

BM25 61.76 53.36 36.00 66.35 41.65 59.92 68.45 41.54 59.93
ColBERT 56.38 48.13 29.57 69.33 35.90 51.79 62.26 36.76 53.03
Contriever 55.66 24.06 16.13 60.75 13.11 18.78 51.73 19.52 28.15
GritLM 58.79 58.48 38.03 68.04 54.08 78.02 70.12 55.39 79.92
SBERT 51.71 42.27 28.16 73.49 36.17 52.19 64.67 36.14 52.14
SPLADE 49.75 56.46 35.90 66.52 43.57 62.86 73.92 45.92 66.25

Table 7: Correlation between retrieval metrics and veracity accuracy on AveriTeC (aggregated across all runs).
EV2R-based metrics show significantly stronger correlation than gold document NDCG@ 10.

Metric Spearman r p-value

EV2R NDCG-weighted r=0.230 p=3.2x10"%/
EV2R F1 (k=10) r=0216 p=86x107°¢
EV2R F1 (k=1) r=0190 p=26x10"%*y
NDCG@10 (gold docs)  r=0.095 p=>5.0x10"12v

Table 8: Dataset corpus statistics. AveriTeC and Ex-
FEVER use Wikipedia-scale corpora with varying doc-
ument lengths, while SciFact focuses on scientific ab-
stracts with more uniform document sizes.

Dataset Corpus Size  Avg Doc Length  # Claims
Ex-FEVER ~54M ~150 500
AveriTeC ~4.TM ~800 500
SciFact 5,183 1,404 279

is not immediately obvious whether retrieval met-
rics should penalize methods that require many at-
tempts to find relevant evidence, or whether achiev-
ing high final coverage matters regardless of the
number of tries. In this section, we systematically
evaluate different nDCG@10 aggregation strate-
gies, some that focus solely on whether gold doc-
uments are eventually retrieved, and others that
account for retrieval efficiency by incorporating
the number of iterations required. We analyze how
these strategies correlate with veracity prediction
and examine agent-specific behavior across con-
tamination splits.

C.1 NDCG Aggregation Variants

We evaluate the following nDCG@Fk aggregation
strategies, each capturing different aspects of re-
trieval quality:

NDCG @10 Gold-Oriented. For each gold docu-
ment, we record the best (minimum) rank achieved
across all retrieval iterations, then aggregate
nDCG @10 across all gold documents. This gold-
document-oriented aggregation measures whether
the agent eventually retrieves relevant evidence,
regardless of how many attempts it takes. This
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strategy provides an upper bound on retrieval capa-
bility but does not distinguish between agents that
find evidence efficiently versus those that require
many iterations.

NDCG @10 Best Single Gold. Instead of aggre-
gating ranks across all gold documents, we con-
sider only the single gold document that achieves
the lowest rank across all iterations. This reflects
scenarios where retrieving one highly informative
document is sufficient for veracity prediction, con-
sistent with our finding that complete multi-hop
evidence chains are often unnecessary.

NDCG @10 First Hop. We compute nDCG@10
using only the ranks from the first retrieval iteration,
ignoring subsequent refinements. This isolates the
quality of the initial query formulation and retrieval
step, providing a lower bound on agent retrieval
performance without iterative refinement.

NDCG @10 Regularized Variants. To account
for the number of retrieval attempts, we divide
the original nDCG @10 score by a function of the
number of hops h:
« nDCG@10 / vh: Moderate penalty that
grows sublinearly with retrieval iterations.
* nDCG @10/ h: Strong linear penalty propor-
tional to the number of attempts.

* nDCG@10/log(h + 1): Gentle logarithmic
penalty that grows slowly with iterations.
These regularized variants measure retrieval effi-
ciency: how well an agent retrieves evidence rela-
tive to the computational cost of multiple retrieval

rounds.



Table 9: Retrieval metric correlation with veracity accuracy by AFC architecture on AveriTeC. EV2R metrics show

stronger correlation than gold-document NDCG@10.

DEFAME FIRE RetrieveFirst
Metric 7 sig. 7 sig. 7 sig.
nDEV2R@10 (MAX) 0200 v | 0.156 v | 0.206 v
nDEv2R@10 (MEAN) | 0.211 v | 0.145 v | 0.199 v
NDCG@10 (gold docs) | 0.028 x | 0.091 v | 0.095 v

v/ = most runs significant at p < 0.05; X = not significant

NDCG @10 Hop-Weighted. We assign a per-
hop discount to document ranks, penalizing evi-
dence retrieved in later iterations: effective rank
=rx (1.04 (h—1) x0.5), where r is the original
rank and h is the hop number. This reflects the
intuition that earlier retrievals are more valuable
than later refinements.

NDCG@100. We compute nDCG at different
cutoffs (k=10 and k=100) to assess whether re-
trieval quality depends on the evaluation depth.
Smaller k& values emphasize precision at the very
top ranks, while larger k£ values reward broader
recall.

C.2 Correlation with Veracity Prediction

To determine which nDCG variant best reflects re-
trieval quality for fact-checking, we compute Spear-
man correlations between each metric and veracity
accuracy (Macro-Fp) across all runs. We analyze
uncontaminated claims (leans-opposite, ambigu-
ous, and NEI-abstain slices pooled) to focus on
cases where the model must rely on retrieved evi-
dence rather than parametric knowledge.

Table 10 reports correlations aggregated across
all agents and datasets. Hop-regularized vari-
ants show substantially stronger correlations
with veracity than the gold-oriented aggregation.
nDCG@10/log(h + 1) achieves the highest cor-
relation (p = 0.369, p < 0.01), followed closely
by nDCG@10/+/h (p = 0.368) and the linear reg-
ularization variant (p = 0.358). This indicates
that retrieval metrics that account for the number
of attempts provide a more meaningful signal of
retrieval quality than metrics that consider only
whether gold documents are eventually retrieved.

In contrast, nDCG @10 Best Single Gold, which
focuses on the single best-retrieved document,
shows the weakest correlation. This suggests that
even when one gold document is sufficient for ve-
racity prediction, the process of retrieving it, in-
cluding the number of attempts required, remains
informative about overall retrieval quality.
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Table 10: Spearman correlation between nDCG variants
and veracity accuracy across all agents (overall slice).
Hop-regularized metrics correlate more strongly with
veracity than the gold-oriented aggregation.

NDCG Metric p p-value
NDCG@10 /log(h + 1) 0.369 < 0.01
NDCG@10/vh 0.368 < 0.01
NDCG@10/h 0.358 < 0.01
NDCG@100 0285 < 0.05
NDCG@10 Gold-Oriented  0.282 < 0.05
NDCG @10 Hop-Weighted 0.232  0.057
NDCG @10 First Hop 0.230  0.059
NDCG@10 Best Single Gold  0.166  0.177

C.3 Agent-Specific Correlation Analysis

We further examine whether these correlations hold
consistently across different agent architectures.
Table 11 reports agent-specific Spearman correla-
tions.

For FIRE, hop-regularized metrics show sig-
nificantly stronger correlations with veracity com-
pared to the gold-oriented aggregation. This ef-
fect is particularly pronounced for FIRE, where
nDCG@10/h achieves p=0.594 (p < 0.01), sub-
stantially outperforming the gold-oriented metric
(p=0.460, p < 0.05). For RetrieveFirst, cor-
relations are moderate across metrics, with hop-
regularized variants showing similar performance
(p = 0.44, p < 0.05) to the gold-oriented aggrega-
tion.

In contrast, for DEFAME, correlations between
nDCQG variants and veracity are generally weaker
and not statistically significant. This reflects
DEFAME’s tendency to over-predict the NOT
ENOUGH INFO label (see confusion matrices in
Appendix E), which weakens the relationship be-
tween retrieval quality and veracity accuracy for
this agent. Despite stronger retrieval performance
on average, DEFAME’s conservative prediction
strategy decouples retrieval quality from final ver-
dict, making it difficult to detect retrieval-veracity
correlations.



Table 11: Spearman correlation between nDCG variants
and veracity accuracy by agent type (overall slice). Hop-
regularized metrics improve correlation for FIRE and
RetrieveFirst but remain weak for DEFAME due to its
conservative NEI prediction strategy.

NDCG Metric FIRE DEFAME RetrieveFirst
NDCG@10/h 0.594%* 0.203 0.439%*
NDCG@10/log(h + 1) 0.586%* 0.171 0.442%*
NDCG@10/ VA 0.571%* 0.171 0.439%*
NDCG @10 Gold-Oriented 0.460%* 0.096 0.439*
NDCG@100 0.436* 0.102 0.454*
NDCG@ 10 First Hop 0.349 0.105 0.302
NDCG @ 10 Hop-Weighted 0.277 0.123 0.302
NDCG @10 Best Single Gold 0.249 0.029 0.306

p < 0.01,"p < 0.05

C.4 Agent Performance on NDCG Variants

Table 12 reports mean scores for each agent across
all nDCG variants. These results reveal a strik-
ing reversal: while DEFAME outperforms FIRE
on the gold-oriented aggregation, FIRE achieves
substantially higher scores on all hop-regularized
metrics.

On the gold-oriented nDCG@10, DEFAME
scores approximately 5% higher than FIRE (38.6
vs 36.8), consistent with its multi-hop architecture
retrieving gold documents at some point across
multiple iterations. However, DEFAME performs
approximately four to five times more retrieval it-
erations than FIRE on average. When retrieval
quality is normalized by the number of attempts,
FIRE’s efficiency advantage becomes clear: on
nDCG@10/log(h+1), FIRE scores nearly 85%
higher than DEFAME (45.9 vs 24.8).

This pattern holds across all regularization
schemes. The linear penalty (nDCG@10/h) pro-
duces the strongest effect, with FIRE scoring nearly
three times higher than DEFAME, while the log-
arithmic penalty (nDCG@10/log(h + 1)) yields
the smallest gap but still favors FIRE substantially.
Even the hop-weighted variant, which applies a
moderate discount to later retrievals, shows FIRE
outperforming DEFAME.

RetrieveFirst, as a single-shot baseline, performs
exactly one retrieval iteration and therefore shows
identical scores for the gold-oriented nDCG@10
and all hop-regularized variants (division by 1 has
no effect). Its performance lies between FIRE and
DEFAME on the gold-oriented metric but closer
to FIRE on regularized variants, suggesting that
FIRE’s iterative refinement provides only modest
gains over single-shot retrieval when accounting
for computational cost.

Interestingly, nDCG @ 10 First Hop reveals that
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DEFAME’s initial retrieval step performs compara-
bly to FIRE’s, indicating that the quality difference
emerges primarily from how agents utilize iterative
refinement rather than from the quality of their first
queries.

C.5 Retrieval Performance Across
Contamination Splits

We analyze how retrieval quality degrades when
moving from contaminated to uncontaminated
claims. For each agent, we compute the relative
drop in nDCG @10 between the contaminated slice
and the leans-opposite slice, where the model con-
sistently predicts an incorrect label.

All agents exhibit relatively stable retrieval per-
formance across contamination slices. DEFAME
shows minimal variation (less than 1% drop in
nDCG@ 10 from contaminated to leans-opposite
claims), while FIRE shows a modest drop (approx-
imately 2%).This relative stability may reflect im-
proved robustness in query generation or suggest
that retrieval quality is less sensitive to contami-
nation effects than veracity prediction. However,
the observed drops in veracity accuracy (Macro-F)
are more substantial across all agents when moving
from contaminated to uncontaminated claims, indi-
cating that retrieval stability does not fully protect
against contamination effects on the final verdict.

This dissociation between retrieval stability and
veracity accuracy reinforces that retrieval quality
and veracity prediction are coupled but not per-
fectly aligned, and that strong retrieval does not
guarantee accurate verdicts if the agent’s decision
strategy is overly conservative or if the model’s
internal beliefs are biased.

C.6 Discussion

Our ablation study reveals that the choice of nDCG
aggregation strategy substantially affects the con-
clusions drawn about retrieval quality in multi-hop
agentic fact-checking systems.

Gold-Oriented Aggregation Favors Multi-
Attempt Agents. The gold-document-oriented
nDCG@ 10, which takes the best rank for each
gold document across all iterations, favors agents
that perform more retrieval steps. While this re-
flects the agent’s eventual ability to retrieve rele-
vant evidence, it obscures the efficiency of retrieval:
DEFAME requires approximately four times more
iterations than FIRE to achieve similar or only mod-
erately better coverage of gold documents.



Table 12: Mean nDCG scores by agent type across all variants (overall slice, all datasets). DEFAME outperforms
FIRE on the gold-oriented metric but falls behind substantially when accounting for the number of retrieval iterations.

Values shown as percentages.

NDCG Metric FIRE DEFAME RetrieveFirst
NDCG @10 Gold-Oriented 36.8 38.6 339
NDCG@10 Best Single Gold ~ 46.4 46.9 45.0
NDCG @10 First Hop 40.6 355 40.9
NDCG@10/vh 33.0 19.5 33.9
NDCG@10/ h 30.4 10.6 33.9
NDCG@10 / log(h+1) 459 24.8 48.0
NDCG@ 10 Hop-Weighted 42.9 38.0 40.9
NDCG@5 347 36.7 31.8
NDCG@100 40.7 42.7 37.7
Mean Hops 1.2 4.8 1.0

Hop-Regularized Metrics Correlate Better with
Veracity. Metrics that account for the number
of retrieval attempts correlate substantially more
strongly with veracity prediction, suggesting that
retrieval efficiency, not just final coverage, is predic-
tive of downstream task performance. This makes
intuitive sense: agents that retrieve relevant evi-
dence quickly are more likely to integrate it ef-
fectively into their reasoning, while agents that
require many refinement iterations may struggle
with information overload or incoherent evidence
accumulation.

Not All Gold Documents Are Equally Important.
The weak correlation of nDCG@10 Best Single
Gold with veracity suggests that while one highly
informative document may be sufficient for predic-
tion, the method by which it is retrieved, including
the number and quality of alternative documents
considered, remains informative about overall sys-
tem quality. This reinforces that retrieval should be
evaluated as a process rather than solely by its best
outcome.

Recommendation for Future Work. We recom-
mend that evaluations of multi-hop agentic fact-
checking systems report both gold-oriented nDCG
(as an upper bound on retrieval capability) and a
hop-regularized variant such as nDCG/log(h+1)
(as a measure of retrieval efficiency). Together,
these metrics provide a more complete picture of
retrieval quality, distinguishing between agents that
retrieve evidence effectively from those that rely
on brute-force iteration.

D Hyperparameters

We use consistent hyperparameters across all exper-
iments to ensure fair comparison between retrieval
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methods and agentic systems. Following the config-
urations used in DEFAME (Braun et al., 2025) and
FIRE (Xie et al., 2025), we set the LLM tempera-
ture to 0.0 to ensure deterministic and reproducible
results, and top-p to 0.9. While the original DE-
FAME and FIRE papers used higher temperature
values (around 0.9) to encourage diversity in query
generation, we opt for deterministic inference to
better isolate the effects of retrieval methods and
agent architectures without the confounding factor
of stochastic query variation.

For retrieval, we use top-k=>5 documents across
all experiments. This value was selected based
on an initial hyperparameter search on AveriTeC,
which showed that k=5 provided the best trade-off
between evidence coverage and information over-
load. Table 13 shows performance across different
k values on a subset of Ex-FEVER using FIRE
+ GritLM. While k=1 and k=3 showed slightly
higher Macro F1 scores, we selected k=5 for con-
sistency with AveriTeC and to ensure sufficient
evidence coverage across diverse claim types.

Note that for Ex-FEVER experiments reported
in the main paper tables (500 claims), we used k=1
to reduce computational costs, while for the initial
100-claim experiments, we used k=5 (as shown in
Table 15 in Appendix ??).

All dense retrieval methods use FAISS (John-
son et al., 2019) with IndexFlatIP (exact inner
product search) to ensure precise ranking without
approximation artifacts. For CoIBERTV2, we use
the standard late-interaction indexing approach pro-
vided by the official implementation.

E Label Prediction Analysis by Agent

Figure 3, Figure 4, and Figure 5 show confusion
matrices for DEFAME, FIRE, and RETRIEVE-



Top-k Macro F1
64.13
56.08
64.48
50.44
57.00

DN AW N =

Table 13: Overall performance on the first 100 Ex-
FEVER samples using FIRE + GritLM, reported as
Macro F1 for different Top-k settings.

DEFAME - Selected runs

Overall Contaminated
SUPPORTED 8.1 45.0 SUPPORTED 60.8 65 32.7
o )
3 REFUTED 37 H 335 3 REFUTED 2.0 77.4 206
NOT ENOUGH INFO 10.3 201 69.5 NOT ENOUGH INFO 9.4 135 77.1

SUPPORTED ~ REFUTEDNOT ENOUGH INFO
Predicted

SUPPORTED ~ REFUTEDNOT ENOUGH INFO
Predicted

Leaning Opposite Ambig + NEI-abstain

SUPPORTED | 36.8 27.4 358 SUPPORTED | 40.1 85
2 REFUTED 108 295 2 REFUTED 4.6 402
o o

NOT ENOUGH INFO 119 193 68.9

12.9 342 H NOT ENOUGH INFO

SUPPORTED ~ REFUTEDNOT ENOUGH INFO
Predicted

SUPPORTED ~ REFUTEDNOT ENOUGH INFO
Predicted

Figure 3: Confusion Matrix of DEFAME across all
datasets, splits and retrievers

FIRST, aggregated across datasets, contamination
splits, and retrievers. The matrices reveal system-
atic differences in prediction behavior. DEFAME
exhibits a conservative strategy, frequently predict-
ing NOT ENOUGH INFO, but achieving compar-
atively higher correctness when predicting SUP-
PORTED or REFUTED. In contrast, FIRE produces
more decisive predictions with higher coverage of
non-NEI labels, but also incurs more incorrect as-
signments.

F Opverall Results Including
Contamination

For completeness and transparency, we report re-
sults aggregated across all contamination cate-
gories in Table 16 (SciFact), Table 15 (Ex-FEVER,
first 100 samples, Top-k=5), and Table 14 (Ex-
FEVER, 500 claims, Top-k=1). These tables in-
clude all claims without contamination-based fil-
tering and are provided as a reference complement
to the contamination-aware analyses in the main
body.
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FIRE - Selected runs

Overall Contaminated
SUPPORTED 63.8 213 15.0 SUPPORTED 65.8 21.0 132
k) °
s REFUTED 6.4 83.1 10.6 s REFUTED 5.0 89.7 53
8 [}
NOT ENOUGH INFO 24.7 40.1 35.2

NOT ENOUGH INFO 24.7 26.6 '

SUPPORTED ~ REFUTEDNOT ENOUGH INFO
Predicted

SUPPORTED ~ REFUTEDNOT ENOUGH INFO
Predicted

Leaning Opposite Ambig + NEl-abstain

SUPPORTED 24.4 16.7 SUPPORTED 57.1 255 17.4

- o
8 REFUTED 10.4 772 123 3 REFUTED 7.3 77.4 15.3
NOT ENOUGH INFO 16.6 (7X3 21.0 NOT ENOUGH INFO 26.6 392 342

SUPPORTED  REFUTEDNOT ENOUGH INFO
Predicted

SUPPORTED  REFUTEDNOT ENOUGH INFO
Predicted

Figure 4: Confusion Matrix of FIRE across all datasets,
splits and retrievers

RetrieveFirst - Selected runs

Overall Contaminated
SUPPORTED = 4.1 36.8 SUPPORTED 65.0 45 306
- ©
3 REFUTED 19.1 439 37.0 3 REFUTED 187 “ 313
NOT ENOUGH INFO 21.8 6.3 7.8

NOT ENOUGH INFO 24.7 13 n

SUPPORTED  REFUTEDNOT ENOUGH INFO
Predicted

SUPPORTED  REFUTEDNOT ENOUGH INFO
Predicted

Leaning Opposite Ambig + NEl-abstain

SUPPORTED 10.1 39.9 SUPPORTED 4.6 418

- k)
3 REFUTED 231 381 388 3 REFUTED 21.4 39.0 39.6
NOT ENOUGH INFO 28.2 27.1 44.7 NOT ENOUGH INFO 28.5 8.2 633

SUPPORTED  REFUTEDNOT ENOUGH INFO
Predicted

SUPPORTED  REFUTEDNOT ENOUGH INFO
Predicted

Figure 5: Confusion Matrix of RetrieveFirst across all
datasets, splits and retrievers

G Ablation AveriTec

H NDCG@Gold Ablations

I Prompt Templates



Table 14: EX-Fever retrieval benchmark (Overall claims) Topk=1

Retriever DEFAME FIRE RetrieveFirst
Macro-F1 NDCG@10 Macro-F1 NDCG@10 Macro-F1 NDCG@10

Bm?25 51.12 53.28 61.31 39.69 40.97 55.36
Contriever 32.52 16.36 52.86 10.86 31.31 16.94
GritHopper - - 67.28 90.85 50.40 82.33
GritLM 58.07 78.32 62.67 63.41 50.29 67.23
SBERT 44.86 42.46 50.37 31.17 41.49 35.17
SPLADE 56.68 77.59 62.89 59.74 54.25 60.49

Table 15: EX-Fever first 100 samples with Topk=5 retrieval benchmark (Overall claims)

Retriever DEFAME FIRE RetrieveFirst
Macro-F1 NDCG@10 Macro-F1 NDCG@10 Macro-F1 NDCG@10

BM25 - - 53.21 34.55 48.65 52.74
Contriever - - 54.11 11.34 42.57 17.29
GritHopper - - 67.22 87.56 57.79 0.00
Gritlm 62.68 81.37 64.74 65.06 54.49 70.51
SBERT 47.19 37.01 54.23 32.01 42.15 33.85
SPLADe 53.47 74.35 57.88 59.37 57.84 61.39

Table 16: SciFact retrieval benchmark (Overall claims)

Retriever DEFAME FIRE RetrieveFirst
Macro-F1 NDCG@10 Macro-F1 NDCG@10 Macro-F1 NDCG@10

bm?25 61.92 50.01 69.35 40.04 67.99 39.61
colbertv2 56.45 39.86 71.64 35.67 67.97 36.78
contriever 62.87 23.12 66.81 14.22 56.00 19.60
gritlm 63.46 57.43 70.80 51.98 74.53 52.62
SBERT 62.66 39.74 73.56 32.59 70.47 32.95
splade 57.45 53.51 72.63 44.82 73.63 43.35

Prompt A.1: Retrieve-First Veracity Prediction

You are a fact-checking assistant. Based solely on the provided evidence, determine
whether the claim is SUPPORTED, REFUTED, or NOT ENOUGH INFO.

Claim: {claim_text}

Evidences:
Evidence 1: {evidence_1}
Evidence 2: {evidence_2}

Instructions:

- SUPPORTED: One or more evidences clearly support the claim

- REFUTED: One or more evidences clearly contradicts the claim

- NOT ENOUGH INFO: Considering all evidences, there is not enough information
to determine the claim's veracity

Provide your reasoning and then conclude with exactly one of:
SUPPORTED, REFUTED, or NOT ENOUGH INFO.

Figure 6: Retrieve-first prompt template used for veracity prediction.
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Prompt A.2: Contamination Tri-Label Probe

You are a fact-checking AI. Analyze the following claim and provide your verdict.
Claim: {claim_text}

Respond with ONLY one of these verdicts:

- SUPPORTS: if the claim is factually correct

- REFUTES: if the claim is factually incorrect

- NOT ENOUGH INFO: if there is insufficient information to verify the claim

Verdict:

Figure 7: Tri-label contamination probe prompt template.

Prompt A.3: GritLM Query Instructions

Default instruction (claim-based retrieval):
Given a claim, retrieve documents that support or refute the claim
Custom instruction (web-search query retrieval):

Given a web search query, retrieve relevant passages that answer the query

Figure 8: GritLM query instructions used in our experiments. The custom instruction corresponds to runs tagged
with customInstruction in the benchmarking scripts.

19



Table 17: AveriTeC Silver data relevance analysis. Gold
NDCG@10 uses only annotated evidence; Combined
treats same-claim silver data as additional positives.

Maetric Value

Gold NDCG@10 6.4%
Combined NDCG@10  57.5%
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Table 18: NDCG@10 Variants by Agent Type (averaged across all datasets)

NDCG Metric FIRE DEFAME RetrieveFirst
NDCG10 (Original) 36.78 38.62 33.89
NDCGI10 Best Single Gold  46.41 46.85 44.96
NDCG10 First Hop 40.56 35.48 40.86
NDCG10/ \/hops 32.96 19.54 33.89
NDCG10 / hops 30.43 10.61 33.89
NDCG10 / log(hops+1) 45.90 24.81 48.04
NDCG10 Hop-Weighted 42.90 37.96 40.86
NDCG5 34.70 36.73 31.76
NDCG100 40.65 42.70 37.66
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