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Abstract

Evidence-grounded fact-checking requires pre-
dicting claim veracity while returning faith-
ful evidence at fine granularity, including ex-
act sentences, table cells, and complete multi-
document chains. Although large language
models enable decomposition, planning, and
multi-agent verification, they can still pro-
duce convincing rationales with weak prove-
nance, especially under heterogeneous evi-
dence and multi-hop requirements. We propose
GAVEL, a multi-agent debate framework that
enforces evidence grounding throughout infer-
ence. GAVEL introduces an Evidence Con-
tract that requires debaters to state atomic sub-
claims and bind each to explicit evidence units,
and a Mechanized Chain of Scrutiny in which a
neutral Scrutinizer audits outputs and performs
deterministic validation of cited identifiers and
quoted spans. A Judge then selects a sufficient
evidence set and produces the final decision.
Experiments on FEVEROUS and HOVER in
an open-book setting show that GAVEL im-
proves provenance-aware metrics that jointly
require correct labels and correct, complete ev-
idence over strong recent baselines. Ablations
confirm that both evidence binding and mecha-
nized citation validation are key to the gains.

1 Introduction

The explosive growth of online content has made
misinformation easier to produce, faster to spread,
and harder to correct at scale (Aïmeur et al., 2023;
Fernandez and Alani, 2018). Automated fact-
checking therefore plays an increasingly impor-
tant role in modern information systems, from so-
cial platforms to search and conversational agents
(Fung et al., 2022; Hu et al., 2022; Jin et al., 2023;
Tian et al., 2023). In practice, a useful verifier must
not only output a label, but also return evidence
that can be independently inspected and reused by
downstream systems.

Fact-checking is increasingly central to natural

language processing systems, with growing em-
phasis on producing not only a correct veracity
label but also faithful evidence that can be inde-
pendently verified. Two open-domain benchmarks
highlight the main challenges. Jiang et al. (2020)
introduces HOVER, where a claim may require ev-
idence drawn from up to four Wikipedia articles,
stressing retrieval planning and cross-document
reasoning. Aly et al. (2021) proposes FEVEROUS,
which extends fact verification to heterogeneous
evidence and requires systems to justify predictions
using both unstructured text and structured sources
such as Wikipedia tables. This requirement makes
precise evidence grounding substantially harder
than sentence-only verification, because models
must identify the correct table cells and connect
them with relevant sentences.

Recent work has shown that large language mod-
els can improve complex claim verification by de-
composing a claim into simpler subproblems and
solving them with retrieval and intermediate reason-
ing. Pan et al. (2023) proposes ProgramFC, which
generates executable programs that guide multi-
step evidence seeking and verification, demonstrat-
ing the value of structured decomposition for com-
plex claims. Other work explores planning and
tool use for fact-checking. Zhao et al. (2024) intro-
duces PACAR, which frames verification as plan-
ning with customized actions executed by a large
language model. Multi-agent designs also aim to
increase reliability by distributing roles and intro-
ducing internal critique, as in LoCal, which empha-
sizes logical and causal checking through collab-
oration among multiple agents (Ma et al., 2025).
Despite this progress, existing approaches often
remain vulnerable to a key failure mode. They
can produce fluent arguments and critiques that are
not tightly bound to correct provenance, especially
when evidence must be cited at fine granularity,
such as exact sentences, exact table cells, and com-
plete multi-hop evidence sets.
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We address this gap by enforcing evidence
grounding throughout inference. GAVEL
(Grounded Audited Verification with Evidence-
Locked debate) is a multi-agent debate framework
built around two ideas: an Evidence Contract that
requires each atomic subclaim to be linked to ex-
plicit evidence units, and a Mechanized Chain of
Scrutiny that audits arguments and validates cita-
tions against the retrieved context. Together, these
components target the provenance requirements of
FEVEROUS and HOVER, where correctness de-
pends on both the predicted label and the complete-
ness of the returned evidence (Jiang et al., 2020;
Aly et al., 2021).

Our contributions are threefold. First, we formal-
ize evidence-locked debate for fact-checking via an
Evidence Contract that prevents uncited assertions
and promotes verifiable reasoning at the atomic
claim level. Second, we introduce mechanized au-
diting during multi-agent inference through a Chain
of Scrutiny protocol that produces binding correc-
tion signals and enforces citation validity checks.
Third, we evaluate on FEVEROUS and HOVER in
open-domain settings with sentence-level and cell-
level evidence, comparing against strong recent
baselines spanning program-guided decomposition,
planning-based verification, and multi-agent col-
laboration (Pan et al., 2023; Zhao et al., 2024; Ma
et al., 2025).

2 Related Work

2.1 Fact-checking benchmarks and
evidence-grounded methods

Automated fact-checking has received increasing
attention as a way to detect and correct misinforma-
tion (Nakov et al., 2021; Guo et al., 2022). Given
a claim, a fact-checking system typically retrieves
relevant evidence and predicts the claim’s verac-
ity based on that evidence (Glockner et al., 2022;
Thorne and Vlachos, 2018). Early benchmark-
driven work (Jiang et al., 2021; Liu et al., 2020;
Majumder et al., 2021; Rao and Daumé III, 2019;
Saakyan et al., 2021; Schuster et al., 2021) largely
focused on relatively simple claims verifiable with
a small amount of evidence, often from a single
Wikipedia page. However, real-world claims fre-
quently require multi-evidence reasoning across
multiple sources. Recent fact-checking models
(Barnabò et al., 2023; Krishna et al., 2022; Ousid-
houm et al., 2022; Pan et al., 2023) have acknowl-
edged the importance of handling complex claims.

To bridge this gap, datasets have been proposed to
study complex, multi-hop verification (Jiang et al.,
2020; Aly et al., 2021).

A prominent line of work constructs evaluation
settings grounded in Wikipedia. FEVER requires
predicting a veracity label and returning support-
ing sentences for supported and refuted claims
(Thorne et al., 2018). HOVER extends this set-
ting to many-hop claims that require evidence from
multiple Wikipedia pages, and evaluates label cor-
rectness only when the evidence covers all required
supporting documents (Jiang et al., 2020). FEVER-
OUS further broadens the evidence space by requir-
ing provenance from both text and semi-structured
sources such as Wikipedia tables and lists (Aly
et al., 2021). These benchmarks motivate meth-
ods that not only improve label accuracy but also
produce faithful evidence with fine-grained prove-
nance.

Recent systems tackle complex verification with
decomposition and structured reasoning. Pro-
gramFC decomposes a claim into sub-questions
expressed as an executable program, delegates sub-
tasks to specialized handlers, and aggregates in-
termediate results for final verification (Pan et al.,
2023). PACAR frames fact-checking as planning
with customized actions executed by an LLM, em-
phasizing iterative evidence acquisition and struc-
tured tool use (Zhao et al., 2024). LoCal studies
LLM-based multi-agent collaboration for logical
and causal verification, combining decomposition,
reasoning, and evaluator agents to reduce reasoning
errors (Ma et al., 2025). While these approaches im-
prove reasoning and can handle multi-hop claims,
they may still produce plausible conclusions with
weak provenance when citations are not explicitly
constrained and validated, particularly in settings
requiring fine-grained evidence units such as table
cells.

2.2 Inference-time auditing and reliability for
LLM-based verification

A growing body of work improves reliability by
adding verification loops, critique, or multi-agent
debate. Verification-loop approaches such as Chain
of Verification reduce hallucinations by prompting
a model to generate verification questions and an-
swer them before producing a final response (Dhu-
liawala et al., 2024). Debate-style protocols en-
courage diverse reasoning by having agents argue
for opposing positions under a judge-controlled
process (Liang et al., 2024).
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Our work is most closely related to inference-
time reliability methods for LLM-based verifica-
tion, but it focuses specifically on provenance-
grounded fact-checking. Unlike prior approaches,
GAVEL enforces explicit evidence links for inter-
mediate claims and validates citations during infer-
ence. These design choices are especially impor-
tant for FEVEROUS and HOVER, where evalua-
tion depends not only on the final label but also
on the validity and completeness of the returned
evidence.

3 Task Definition and Problem Setup

We study open-domain claim verification with ex-
plicit evidence grounding. Given a natural lan-
guage claim x, a system must predict a verac-
ity label y and return a set of evidence units E
drawn from a large reference corpus. We target
two benchmarks that emphasize complementary
difficulties: multi-hop evidence completeness in
HOVER (Jiang et al., 2020) and heterogeneous ev-
idence from text and tables in FEVEROUS (Aly
et al., 2021).

3.1 Evidence Corpus and open-book Setting

We assume a fixed Wikipedia snapshot aligned to
each dataset. Models operate in an open-book set-
ting: at inference time, they may only use infor-
mation retrieved from the corpus for both label
prediction and evidence citation. This constraint is
standard for open-domain verification and ensures
that the prediction is traceable to explicit prove-
nance rather than parametric memory.

3.2 Evidence Units

To support FEVEROUS and HOVER, we represent
evidence as a set of fine-grained units drawn from
Wikipedia.

Sentence evidence. A sentence evidence unit is
represented as a tuple ⟨p, s⟩ where p is a Wikipedia
page title and s is a sentence identifier within that
page. Sentence units are used for both FEVEROUS
and HOVER.

Table cell evidence (FEVEROUS only). A ta-
ble cell evidence unit is represented as a tuple
⟨p, t, r, c⟩ where p is the page title, t is a table iden-
tifier within the page, and (r, c) are row and column
indices for the cell. This representation follows
FEVEROUS, which requires structured evidence
from tables in addition to text (Aly et al., 2021).

HOVER does not include table-cell evidence, so
⟨p, t, r, c⟩ units are not used when evaluating on
HOVER.

3.3 Outputs

For each claim x, the system outputs a label and an
evidence set:

f(x) = (y,E),

where E is a set of cited evi-
dence units. For FEVEROUS, y ∈
{SUPPORTS, REFUTES, NOTENOUGHINFO}
and E may contain both sentence and
cell units. For HOVER, we follow the
official binary evaluation setting and use
y ∈ {SUPPORTED, NOTSUPPORTED}.

4 GAVEL

We propose GAVEL (Grounded Audited
Verification with Evidence-Locked debate), a
multi-agent debate framework that improves
evidence-grounded verification by enforcing
provenance constraints throughout inference.
GAVEL combines two mechanisms. First, an
Evidence Contract forces debaters to express
arguments as evidence-linked atomic subclaims.
Second, a Mechanized Chain of Scrutiny equips a
neutral auditor with structured logic checking and
deterministic validation of citations. The overall
protocol is round-based and bounded for feasibility.
Figure 1 provides an overview of the GAVEL
inference protocol, including the evidence contract,
the chain of scrutiny, and the audit feedback loop
used to refine evidence-grounded predictions.

4.1 Agents and Roles

GAVEL instantiates four large language model
agents with fixed roles under the task setup defined
in Section 3.

Affirmative Debater. Agent A is biased toward
predicting SUPPORTS. It retrieves candidate evi-
dence and constructs an evidence-linked argument
that the claim is supported.

Negative Debater. Agent N is biased toward pre-
dicting REFUTES. It retrieves candidate evidence
and constructs an evidence-linked argument that
the claim is refuted or not supported.
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Figure 1: Overview of GAVEL. Two debaters retrieve sentence and table cell candidates and produce evidence
linked atomic subclaims under an Evidence Contract. A Scrutinizer audits arguments with a mechanized chain
of scrutiny and returns an audit log that guides subsequent rounds, after which a Judge outputs the final label
and evidence set. Cell-level checks are applied only on FEVEROUS; on HOVER, the checker validates sentence
identifiers and quote grounding only.

Scrutinizer. Agent S is neutral and does not is-
sue new retrieval calls. It audits debater outputs
using the provided evidence candidates, checks ev-
idence validity, identifies logical gaps and fallacies,
and emits an Audit Log that serves as a binding
correction signal for the next round.

Judge. Agent J synthesizes debate history and
audit logs to output the final label and the final
evidence set.

4.2 Evidence Contract
The Evidence Contract makes debate content
provenance-bound. Each debater must produce
a set of atomic subclaims and link every atomic
subclaim to explicit evidence units. Concretely, a
debater outputs a structured record:

O = {(ci, Ei, ti, ri)}mi=1

where ci is an atomic subclaim, Ei

is a set of evidence units, ti ∈
{SUPPORTS, REFUTES, INSUFFICIENT} is the
local entailment tag of Ei with respect to ci, and ri
is a short rationale.

The contract imposes a strict rule.

Contract rule. Any statement that is not ex-
pressed as an atomic subclaim with linked evidence
is treated as unsupported. Unsupported content is

penalized by the Scrutinizer and discounted by the
Judge.

This constraint aligns inference with provenance-
aware evaluation in FEVEROUS and HOVER,
where correctness depends on both the label and ev-
idence completeness (Aly et al., 2021; Jiang et al.,
2020).

4.3 Mechanized Chain of Scrutiny
The Scrutinizer performs a three-phase Chain of
Scrutiny after each debate round. Phase one is
partially mechanized through an evidence checker.

Phase 1: Decomposition and Deterministic Ev-
idence Validation The Scrutinizer decomposes
each debater’s output into evidence claims and in-
ference steps, isolating each cited fact for verifi-
cation. It then invokes a deterministic evidence
checker over all cited evidence tuples. The checker
performs:

• Schema validity for sentence tuples (and cell
tuples for FEVEROUS)

• Existence checks to confirm that the cited unit
appears in the retrieved context

• Quote match checks to confirm that the
claimed span appears verbatim in the refer-
enced unit
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• Duplication and conflict checks for inconsis-
tent citations

The checker outputs a set of flags F such as
missing identifiers, out-of-range indices, or quote
mismatches. These flags are incorporated into the
audit report for downstream correction.

Phase 2: Logical and Fallacy Auditing Given
the decomposed inference steps, the Scrutinizer
identifies common reasoning failures such as cir-
cular reasoning, strawman arguments, hasty gen-
eralization, and unsupported leaps. The goal is to
ensure that the final verdict is not only evidence-
grounded, but also logically consistent.

Phase 3: Audit Log as a Binding Intervention
After auditing both sides, the Scrutinizer produces
an Audit Log Lr for round r. The log enumerates
invalid citations, missing evidence requirements,
and required corrections. The Audit Log is ap-
pended to the shared context and becomes a bind-
ing constraint in the next round. Debaters must
explicitly address outstanding flags in Lr in sub-
sequent rounds; otherwise, their claims are dis-
counted.

4.4 Debate Protocol and Stopping Criteria
GAVEL proceeds for a bounded number of rounds.
In round r, the debaters generate arguments under
the Evidence Contract. The Scrutinizer then au-
dits the round and emits Lr. In round r + 1, both
debaters must rebut the opponent and address Lr.

We stop early if the Scrutinizer reports no new
violations or if the system reaches the maximum
round cap. In all experiments, we cap the number
of rounds at three to ensure feasibility.

4.5 Final Decision and Evidence Selection
The Judge produces the final label and evidence set
by synthesizing the debate transcript and the final
audit log. The Judge uses an evidence-first rubric:

1. Evidence validity, discounting any evidence
flagged by the deterministic checker

2. Evidence sufficiency, preferring a set that cov-
ers all atomic subclaims required for the final
verdict

3. Reasoning consistency, preferring arguments
with fewer unresolved audit flags

The Judge outputs the final label y, the final
evidence set E.

Algorithm 1 summarizes the inference protocol.

Algorithm 1 GAVEL
Require: Claim x, retrieverR, maximum rounds

Rmax = 3
1: Initialize shared context C0 ← {x}
2: for r = 1 to Rmax do
3: OA

r ← DEBATE(A, Cr−1,R) {Evidence
Contract enforced}

4: ON
r ← DEBATE(N, Cr−1,R) {Evidence

Contract enforced}
5: Fr ← CHECKEVIDENCE(OA

r ,ON
r ) {De-

terministic}
6: Lr ← SCRUTINIZE(S,OA

r ,ON
r ,Fr)

7: Cr ← Cr−1 ∪ {OA
r ,ON

r , Lr}
8: if NONEWVIOLATIONS(Lr) then
9: break

10: end if
11: end for
12: (y,E)← JUDGE(J, Cr)
13: return y,E

5 Experiments and Results

5.1 Experimental Setup

Datasets. We evaluate on FEVEROUS and
HOVER, following the official dataset releases and
evaluation protocols. FEVEROUS requires fine-
grained evidence from both text and tables (Aly
et al., 2021), while HOVER focuses on multi-hop
verification across multiple Wikipedia pages (Jiang
et al., 2020). For both datasets, we use the provided
Wikipedia snapshot in the standard open-book set-
ting.

Baselines. We compare against strong recent
baselines that represent common verification
paradigms. ZS plus CoT prompts a single model
to produce a label and evidence-backed rationale
given retrieved context, serving as a lightweight
LLM baseline. ProgramFC (Pan et al., 2023) gen-
erates an explicit program that decomposes a com-
plex claim into intermediate subproblems and ex-
ecutes the program with retrieval and verification
steps. We report N=1 and N=5, where N denotes
the number of sampled programs aggregated for the
final decision. PACAR (Zhao et al., 2024) frames
fact-checking as planning with a customized action
space, where an LLM iteratively selects actions
such as decomposition, retrieval, verification, and
aggregation. LoCal (Ma et al., 2025) is a multi-
agent collaboration framework that combines de-
composition and reasoning with evaluator agents
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that critique intermediate reasoning for logical and
causal issues.

Metrics. We report the official provenance-aware
metrics for each benchmark, together with diagnos-
tic label and evidence metrics computed over the
same evidence unit format. For FEVEROUS, we
report the official FEVEROUS score (Aly et al.,
2021). For a claim, a prediction is counted as cor-
rect if (i) the predicted label matches the gold label
and (ii) the predicted evidence set contains at least
one complete gold evidence set as a subset (gold
annotations may provide multiple valid evidence
sets). The FEVEROUS score is the average of
this indicator across instances. We additionally
report label accuracy and evidence quality. For ev-
idence F1, we treat predicted evidence as a set of
fine-grained units (i.e., sentences and table cells).
Because gold evidence can have multiple alterna-
tive sets, we compute unit-level F1 against each
gold evidence set and take the maximum over gold
sets for that instance, then average across instances.
For HOVER, we report the official HOVER score
(Jiang et al., 2020). For a claim, a prediction is
counted as correct if (i) the predicted label matches
the gold label and (ii) the predicted evidence covers
the required supporting documents for that claim
(i.e., at least one cited sentence from each gold sup-
porting page). The HOVER score is the average
of this indicator across instances. We additionally
report label accuracy, unit-level evidence F1 com-
puted over cited sentences (with max-over-gold-set
matching when alternatives exist), and document
recall, defined as the fraction of gold supporting
pages that are covered by the predicted evidence
(averaged across instances).

5.2 Implementation Details

We implement all agents in GAVEL using the Ope-
nAI API with gpt-3.5-turbo as the base model.
We use greedy decoding with temperature = 0 for
determinism. We cap the number of debate rounds
at three and enable early stopping when the Scru-
tinizer reports no new violations. For each agent
call, we provide the claim, retrieved evidence candi-
dates, and the current debate context, including the
most recent Audit Log. The deterministic evidence
checker validates cited sentence and cell identifiers
against the retrieved context, flags out-of-range or
missing identifiers, and verifies that quoted spans
appear in the cited units. All methods operate in
an open-book setting with a shared retrieval back-

end and identical evidence formatting to control
for retrieval effects. Full reproducibility details are
provided in Appendix A.

5.3 Main results

Table 1 reports the main results. Overall, GAVEL
achieves the strongest performance on both bench-
marks, with the largest gains on provenance-aware
metrics that require both correct labels and cor-
rect evidence. On FEVEROUS, GAVEL improves
the FEVEROUS score to 41.80%, a gain of 4.20%
over the strongest baseline (37.60%), and increases
evidence F1 to 47.20%, indicating fewer prove-
nance errors for both sentences and table cells.
On HOVER, GAVEL reaches a HOVER score
of 49.60%, improving by 4.10% over the strongest
baseline (45.50%), and also yields higher evidence
F1 (51.10%) and document recall (66.40%), consis-
tent with improved multi-hop evidence complete-
ness.

5.4 Ablation Study

To isolate the contribution of each component in
GAVEL, we evaluate five ablations: removing
the Evidence Contract (no atomic subclaim and
citation binding for debaters), removing the deter-
ministic evidence checker (Scrutinizer relies only
on language-model-based auditing), removing the
Scrutinizer (no Chain of Scrutiny; debate proceeds
directly to judging), restricting the protocol to a
single round (to test the benefit of iterative cor-
rection), and forcing shared retrieval outputs for
both debaters (to test whether retrieval diversity
contributes to multi-hop completeness). Table 2
shows that removing the Evidence Contract causes
the largest drop, reducing FEVEROUS score from
41.80% to 36.50% and HOVER score from 49.60%
to 44.20%, highlighting that explicit evidence bind-
ing is critical for preventing unsupported state-
ments from propagating through debate. Removing
the deterministic checker also consistently harms
provenance metrics, decreasing FEVEROUS ev-
idence F1 from 47.20% to 43.10% and HOVER
document recall from 66.40% to 62.80%. Finally,
removing the Scrutinizer or collapsing to one round
reduces performance (e.g., HOVER score drops
to 45.50% and 47.00%), suggesting that iterative
auditing and binding feedback provide benefits be-
yond simply having two opposing debaters.
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FEVEROUS HOVER

Method FEVEROUS score ↑ Label Acc ↑ Evidence F1 ↑ HOVER score ↑ Label Acc ↑ Evidence F1 ↑ Doc Recall ↑
ZS + CoT 28.50 59.20 33.00 34.80 63.50 38.10 52.00
ProgramFC (N=1) 34.80 63.50 39.50 41.20 67.80 44.30 58.20
ProgramFC (N=5) 37.60 65.10 41.80 44.60 69.20 46.80 60.50
PACAR 36.20 64.80 41.10 43.80 68.90 46.10 60.10
LoCal 37.10 65.60 40.90 45.50 70.40 47.20 61.80

GAVEL (ours) 41.80 67.10 47.20 49.60 72.30 51.10 66.40

Table 1: Main results in the open-book setting. We evaluate GAVEL and baselines on FEVEROUS and HOVER
under a shared retrieval backend and identical evidence formatting to control for retrieval effects, reporting dataset-
specific scores together with label accuracy, evidence F1, and (for HOVER) document recall, all values are
percentages (%). The best and second-best results in each column are shown in bold and underlined, respectively.

FEVEROUS HOVER

Score ↑ Label Acc ↑ Evidence F1 ↑ Score ↑ Label Acc ↑ Evidence F1 ↑ Doc Recall ↑
GAVEL (full) 41.80 67.10 47.20 49.60 72.30 51.10 66.40
w/o Evidence Contract 36.50 65.20 40.60 44.20 70.10 46.00 60.10
w/o deterministic checker 38.20 66.10 43.10 46.80 71.00 48.20 62.80
w/o Scrutinizer 37.00 65.60 41.80 45.50 70.60 47.00 61.50
one round only 39.00 66.70 44.70 47.00 71.50 49.20 63.40
shared retrieval for debaters 40.00 66.90 45.50 47.80 71.80 49.90 64.10

Table 2: Ablation results of GAVEL on FEVEROUS and HOVER. All values are percentages (%).

5.5 Fine-grained analysis on FEVEROUS and
HOVER

To better understand where GAVEL yields im-
provements, we analyze performance along two
dimensions: evidence type on FEVEROUS and
hop count on HOVER. For FEVEROUS, we split
claims into those solvable with sentence evidence
only versus those requiring table-cell evidence. Ta-
ble 3 shows that GAVEL improves both subsets,
with larger gains on table-required claims (38.90%
vs 33.70%) than on text-only claims (46.80% vs
43.50%), consistent with the benefit of citation va-
lidity checks and evidence-linked atomic subclaims.
For HOVER, we stratify claims by hop count. Ta-
ble 4 shows consistent gains that grow with reason-
ing depth, with improvements of 2.40% at 1 hop
(58.40% vs 56.00%) and 4.80% at 4 hops (41.20%
vs 36.40%), suggesting that adversarial evidence
seeking and audit-log-driven correction help iden-
tify missing intermediate documents and complete
evidence chains.

5.6 Case Study

We present two concrete examples in Appendix B
(one from FEVEROUS and one from HOVER) to
illustrate how GAVEL addresses common prove-
nance failures: (i) unsupported inference under en-
tity or date confusion and (ii) missing-hop evidence

Method Text only Score ↑Table required Score ↑
ProgramFC (N=5) 43.10 33.40
LoCal 43.50 33.70
GAVEL (ours) 46.80 38.90

Table 3: FEVEROUS score breakdown by evidence
type. All values are percentages (%).

Method 1 hop 2 hop 3 hop 4 hop

ProgramFC (N=5) 55.20 47.10 40.60 35.80
LoCal 56.00 48.30 42.20 36.40
GAVEL (ours) 58.40 51.60 46.10 41.20

Table 4: HOVER score by hop count. All values are
percentages (%).

chains in multi-document verification.

5.7 Efficiency and cost

We report efficiency in terms of language model
calls and retrieval calls per claim. Compared to
single-agent baselines, GAVEL incurs additional
cost due to multi-agent interaction. In practice, cost
is controlled by a maximum of three rounds and
early stopping when the Scrutinizer reports no new
violations. The deterministic checker adds negli-
gible overhead because it is linear in the number
of cited evidence units and requires no additional
model calls.
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Method LLM calls/claim ↓Retrieval calls/claim ↓
ZS + CoT 1 1
ProgramFC (N=1) 6 3
ProgramFC (N=5) 30 15
PACAR 10 5
LoCal 14 6
GAVEL (ours) 18 6

Table 5: Efficiency summary in terms of average LLM
calls and retrieval calls per claim under each method’s
protocol.

5.8 Qualitative error analysis

We manually inspect a sample of errors to identify
remaining failure modes. On FEVEROUS, a com-
mon issue is schema mismatches in tables, such
as selecting a cell from the correct row but the
wrong column due to ambiguous headers, or fail-
ing to retrieve the table that contains the relevant
cell. On HOVER, most errors are due to missing
intermediate documents, where systems retrieve a
semantically related page but fail to bridge to the
correct entity page needed for the final evidence
chain. GAVEL reduces unsupported reasoning er-
rors through the Evidence Contract, but it can still
fail when retrieval does not surface the necessary
intermediate page, or when the claim requires im-
plicit normalization of entities or quantities that are
not explicitly stated in evidence units.

6 Conclusion and Future Work

We introduced GAVEL, a multi-agent debate
framework for evidence-grounded claim verifica-
tion on FEVEROUS and HOVER. GAVEL treats
evidence grounding as a first-class constraint dur-
ing inference through an Evidence Contract that
binds atomic subclaims to explicit evidence units,
and a Mechanized Chain of Scrutiny that audits
debate outputs and validates citations with deter-
ministic checks. Our experiments show that enforc-
ing provenance constraints and structured auditing
improves provenance-aware metrics that require
correct labels together with correct and complete
evidence, and ablations indicate that the Evidence
Contract and mechanized validation play central
roles in reducing unsupported reasoning and cita-
tion errors.

There are several directions for future work.
One direction is to improve retrieval for multi-hop
claims by integrating stronger multi-step retrievers
and by explicitly modeling intermediate entity dis-
covery. Another direction is to extend mechanized

scrutiny beyond citation validity to cover seman-
tic validation for numerical reasoning and table
operations. Finally, it would be valuable to study
domain transfer beyond Wikipedia and to evaluate
robustness under adversarially constructed claims
and evidence distractors, while preserving strict
provenance requirements.

Limitations

Our work has several limitations.
First, GAVEL increases inference time cost rel-

ative to single-pass baselines because it uses multi-
ple agents and may run multiple rounds. Although
we cap the number of rounds and include early
stopping, the approach may still be impractical for
high-throughput applications or strict latency set-
tings.

Second, the approach depends on retrieval qual-
ity. When the retriever fails to surface the necessary
pages, sentences, or table cells, evidence contracts
and auditing cannot recover missing information.
This limitation is especially salient for multi-hop
HOVER claims that require discovering intermedi-
ate entities and for FEVEROUS claims whose key
evidence appears in less prominent tables.

Third, our deterministic evidence checker vali-
dates citation format and presence in the retrieved
context, but it does not guarantee semantic correct-
ness beyond what is encoded in the cited units. As
a result, the system can still produce logically co-
herent but semantically incorrect interpretations of
valid evidence, particularly for numerical compar-
isons, aggregation, or implicit normalization that is
not explicitly stated in a single sentence or cell.

Fourth, our experiments use gpt-3.5-turbo
with deterministic decoding (temperature = 0) for
all agents, which limits conclusions about gener-
alization to stronger proprietary models or open-
weight LLMs. While GAVEL is a protocol-level
method that does not depend on model-specific
training, the magnitude of gains and the cost-
quality trade-off may change with different base
models.

Finally, FEVEROUS and HOVER are limited
to Wikipedia-based evidence and predefined claim
distributions. Performance on these datasets may
not directly transfer to other domains, languages,
or adversarial settings, and our evaluation does
not measure broader social impacts or long-term
robustness beyond the benchmark protocols.
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Ethics Statement

Our work studies automated fact-checking and
evidence-grounded verification. A potential posi-
tive impact is improving the transparency and au-
ditability of model predictions by requiring explicit
citations. However, systems that generate fact-
checking outputs may still produce incorrect labels
or misleading evidence selections, which could be
misused to lend false credibility to misinformation.
We therefore emphasize that such systems should
be deployed with clear uncertainty communication,
human oversight, and safeguards against overre-
liance on automated judgments.

Our experiments use publicly available datasets
derived from Wikipedia and do not involve user
data or personally identifiable information. We
do not collect new annotations. Nonetheless,
Wikipedia contains biases and coverage gaps, and
models trained or evaluated on it may inherit such
biases. We encourage future work to assess per-
formance across domains and to evaluate fairness
and potential harms in real-world settings where
misinformation can affect vulnerable populations.
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A Reproducibility Details

This appendix specifies data processing, retrieval,
prompting, parsing, and deterministic checking
used to reproduce GAVEL.

A.1 Datasets and preprocessing

We follow the official dataset releases and evalu-
ation scripts for FEVEROUS and HOVER. For
FEVEROUS, we use the provided Wikipedia
snapshot and structured annotations that identify
sentence evidence and table-cell evidence. For
HOVER, we use the Wikipedia snapshot aligned
with the dataset and the document-level provenance
annotations.
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Sentence segmentation. For each Wikipedia
page, we split text into sentences using a standard
English sentence segmenter. We store sentence
offsets and assign a zero-based sentence index s
within each page title p, yielding sentence units
⟨p, s⟩.
Table extraction. For FEVEROUS-style evi-
dence, we parse Wikipedia tables and normalize
each table into a grid with a table identifier t per
page. Each cell is assigned a zero-based row in-
dex r and column index c, producing cell units
⟨p, t, r, c⟩. Header rows are included in the table
grid and can be cited. When a table contains multi-
row headers, we keep the original row structure
rather than collapsing headers.

Evidence candidate representation. To provide
a unified evidence interface to agents, we convert
retrieved candidates into a structured list of items.
For FEVEROUS, candidates may include both sen-
tence items and cell items; for HOVER, candidates
include sentence items only:

• Sentence item: page title, sentence index, and
raw sentence text.

• Cell item (FEVEROUS only): page title, ta-
ble id, row, column, and raw cell text, plus
optional row and column header strings when
available.

A.2 Retrieval pipeline
We use a shared retrieval backend for all methods,
implemented as a two-stage retriever.

Stage 1: page retrieval. We retrieve Wikipedia
pages using BM25 over page titles and page text.
The query is the claim string x (no external rewrit-
ing). We return the top Kp = 5 pages.

Stage 2: evidence unit retrieval within pages.
Given the retrieved pages, we rank candidate sen-
tences and table cells using BM25 with the same
claim query x over:

• sentence text for sentence candidates

• a linearized cell string for cell candidates that
concatenates column header, row header (if
available), and cell value

We return top Ks = 25 sentences across the re-
trieved pages for both datasets. For FEVEROUS,
we additionally return top Kc = 30 table cells
(after deduplicating identical strings and filtering

empty cells). For HOVER, we set Kc = 0 and
retrieve only sentences. The final candidate set pro-
vided to agents is capped at 55 items per claim to
control context length.

Rationale for K values. We choose Kp = 5 to
bound the number of pages while preserving multi-
hop coverage in HOVER. We choose Ks = 25
and Kc = 30 to ensure sufficient table coverage
for FEVEROUS while keeping the prompt input
within context limits for gpt-3.5-turbo. These
values are fixed across all methods. For HOVER,
we use only sentence candidates (i.e., Kc = 0).

A.3 Evidence formatting and interface
All methods receive evidence candidates in the
same canonical format.

Sentence identifier. A sentence evidence unit is
identified as (page_title, sent_id) correspond-
ing to ⟨p, s⟩.

Cell identifier. A table-cell evidence unit is iden-
tified as (page_title, table_id, row_id,
col_id) corresponding to ⟨p, t, r, c⟩. Cell iden-
tifiers are used only for FEVEROUS; HOVER in-
stances use sentence identifiers exclusively.

Agent input context. Each agent receives:

1. claim x

2. candidate evidence list (up to 55 items), each
with its identifier and content

3. debate context consisting of prior round out-
puts and the latest Audit Log (if any)

We truncate evidence content by retaining up to
240 characters per sentence and up to 120 charac-
ters per cell value (for FEVEROUS), while always
preserving identifiers.

A.4 Prompt templates and constrained
outputs

All agents use a short system message that fixes the
agent role and constraints, followed by a user mes-
sage that includes the claim, candidate evidence,
and debate context. Each agent must output valid
JSON conforming to a fixed schema to enable deter-
ministic parsing and evidence checking. Figure 2
summarizes the role-specific instruction prompts
for the four agents in GAVEL. Figure 3 summa-
rizes the constrained JSON schemas used for deter-
ministic parsing and evidence checking.
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Affirmative Debater (A) Instruction.
You are the Affirmative Debater A in an evidence-grounded fact-checking debate. Your goal is to argue that the claim is
SUPPORTED when possible.
Evidence Contract: Every atomic subclaim must cite one or more evidence units from the provided candidates using their
identifiers. Do not introduce any factual statement that is not backed by cited evidence.
Input: Claim; evidence candidates (sentences and, for FEVEROUS, table cells with IDs); debate context (opponent output
and latest Audit Log).
Output: JSON only, following the Debater schema: proposed_label, atomic_claims (with entailment + evidence IDs),
and final_evidence.

Negative Debater (N) Instruction.
You are the Negative Debater N in an evidence-grounded fact-checking debate. Your goal is to argue that the claim is
REFUTED when possible, otherwise NOTENOUGHINFO. For HOVER, both map to NOTSUPPORTED.
Evidence Contract: Every atomic subclaim must cite one or more evidence units from the provided candidates using their
identifiers. Do not introduce any factual statement that is not backed by cited evidence.
Input: Claim; evidence candidates (sentences and, for FEVEROUS, table cells with IDs); debate context (opponent output
and latest Audit Log).
Output: JSON only, following the Debater schema: proposed_label, atomic_claims (with entailment + evidence IDs),
and final_evidence.

Scrutinizer (S) Instruction.
You are the Scrutinizer S. You are neutral and do not retrieve new evidence. Audit both debaters for evidence validity and
reasoning gaps. Treat deterministic checker flags as hard constraints.
Input: Claim; evidence candidates; Debater A JSON; Debater N JSON; deterministic checker flags.
Output: JSON only, following the Scrutinizer schema: violations with required fixes, and no_new_violations.

Judge (J) Instruction.
You are the Judge J. Output the final label and a sufficient evidence set. Prefer valid citations and discount evidence flagged
by the deterministic checker or left unresolved by the Audit Log. (For FEVEROUS, the label is SUPPORTS or REFUTES or
NOTENOUGHINFO. For HOVER, the proposed label is SUPPORTED or NOTSUPPORTED)
Input: Claim; evidence candidates; full debate transcript and Audit Logs.
Output: JSON only, following the Judge schema: label and evidence IDs (up to 10 units).

Figure 2: Instruction prompts for the four agents in GAVEL. Each agent receives the claim and a shared set
of retrieved evidence candidates. For FEVEROUS, candidates include sentences and table cells; for HOVER,
candidates include sentences only and labels are evaluated in the binary space SUPPORTED vs NOTSUPPORTED.
Debaters must satisfy the Evidence Contract, the Scrutinizer audits without new retrieval, and the Judge outputs the
final decision.

Parsing and retry policy. We parse agent out-
puts with strict JSON parsing. If parsing fails or
required keys are missing, we issue a repair prompt
that asks the model to output valid JSON conform-
ing to the schema and retry at most two times. If
output remains invalid after retries, we fall back to
an empty evidence set and assign NOTENOUGH-
INFO for FEVEROUS and NOTSUPPORTED for
HOVER to avoid introducing uncontrolled text into
evaluation.

A.5 Deterministic evidence checker

The checker validates citations with respect to the
retrieved candidate evidence list. It does not per-
form semantic entailment; it only checks identifier
validity and quote grounding.

Identifier existence and range checks. For each
cited sentence unit ⟨p, s⟩, the checker verifies that
page p is among retrieved pages and s is a valid
sentence index for that page in our candidate list.

For each cited cell unit ⟨p, t, r, c⟩, the checker veri-
fies that the referenced table exists in the retrieved
page and that (r, c) are valid indices.

Quote match checks. When a debater includes a
quoted span in its rationale, the checker validates
that the quoted string appears in the cited unit text
after normalization. We apply the same normaliza-
tion to both the unit text and the quoted span:

• lowercase

• collapse multiple whitespace into one space

• strip surrounding punctuation

For table cells, we match against the concatena-
tion of header strings (when available) and the cell
value.

Duplicate and conflict checks. We flag dupli-
cate citations that repeat identical units excessively
(more than three times in a single response) and
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Debater JSON Schema (A and N).
{
"proposed_label": "SUPPORTS"|"REFUTES"|"NOTENOUGHINFO",
"atomic_claims": [{ "id": "...", "claim": "...", "entailment": "supports"|"refutes"|"insufficient",
"evidence": [{...evidence unit...}], "rationale": "..." }],
"final_evidence": [{...evidence unit...}]
}

Scrutinizer JSON Schema.
{
"violations": [{ "agent": "A"|"N", "type": "...", "description": "...", "required_fix": "..." }],
"no_new_violations": true|false
}

Judge JSON Schema.
{
"label": "SUPPORTS"|"REFUTES"|"NOTENOUGHINFO",
"evidence": [{...evidence unit...}]
}

Figure 3: Constrained JSON output schemas used by GAVEL for deterministic parsing and evidence validation.
Evidence units are formatted as sentence tuples ⟨p, s⟩ and table-cell tuples ⟨p, t, r, c⟩ (FEVEROUS only), enabling
the deterministic checker to validate identifier existence, index ranges, and quote grounding. For FEVEROUS, the
proposed label is SUPPORTS or REFUTES or NOTENOUGHINFO. For HOVER, the proposed label is SUPPORTED
or NOTSUPPORTED

flag internal conflicts when the same atomic claim
is tagged as supports and refutes with the same
evidence.

Checker outputs. The checker produces a
list of flags used by the Scrutinizer, including
invalid_id, out_of_range, quote_mismatch,
and duplicate_citation.

A.6 Hyperparameters and budgets
We use temperature = 0 for all agent calls. We
cap the number of rounds at Rmax = 3 and enable
early stopping when no_new_violations is true.
Each agent call uses a maximum generation length
of 512 tokens. We cap the number of atomic claims
per debater to 6 and cap the final cited evidence set
size to 10 units.

A.7 Open-book control
All methods operate in an open-book setting with a
shared retrieval backend and identical evidence for-
matting to control for retrieval effects. Concretely,
the same retrieval pipeline (page selection and ev-
idence unit ranking) is used across methods, and
all methods are required to output evidence in the
same sentence and cell identifier formats described
above.

B Case Study Examples

Figure 4 and 5 provide two representative case stud-
ies (one from FEVEROUS and one from HOVER)

illustrating how GAVEL improves provenance by
(i) preventing unsupported inferences under en-
tity/date confusion and (ii) repairing missing-hop
evidence chains in multi-document verification.
Each example includes the claim, gold label, gold
evidence type, a typical baseline failure mode, an
excerpt of the GAVEL audit log, and the final
evidence-grounded decision.
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Case Study 1 (FEVEROUS).
Instance ID: 4329
Claim: George Brown began his Liberal Party leadership in Canada on the first of July in 1867.
Gold label: REFUTES Challenge: Entity Disambiguation
Gold evidence (sentence): George Brown (Canadian politician):

“He reorganized the Clear Grit (Liberal) Party in 1857, supporting . . . ”
Typical baseline failure: infers the July 1, 1867 date from historical context without citing evidence that explicitly states a
leadership start date.
GAVEL Audit Log (excerpt):
unsupported_leap: claim asserts “began leadership on July 1, 1867” but cited evidence only mentions party reorganization
in 1857.
required_fix: provide a sentence that explicitly states the claimed start date, or revise the conclusion to match the cited year.
GAVEL final decision: REFUTES with evidence grounded in the 1857 statement.

Figure 4: FEVEROUS example illustrating how the Evidence Contract and scrutiny flag unsupported date/role
inferences when citations do not support the atomic claim.

Case Study 2 (HOVER).
Instance ID: 4fb633f3-417f-4600-969f-afe1e356d90a
Claim: Carnegie Hall Tower is located in the same city as Staten Island.
Gold label: SUPPORTS Num hops: 2
Gold evidence (sentences):
(1) Staten Island: “Staten Island is one of the five boroughs of New York City . . . ”
(2) Carnegie Hall Tower: “Carnegie Hall Tower is a 60-story skyscraper located . . . in New York City . . . ”
Typical baseline failure: cites only (2), yielding an incomplete evidence chain and losing HOVER credit despite a correct
label.
GAVEL Audit Log (excerpt):
missing_hop: evidence confirms Carnegie Hall Tower is in New York City but does not cite evidence that Staten Island is in
the same city.
required_fix: cite a sentence from Staten Island stating it is a borough of New York City.
GAVEL final decision: SUPPORTS with both documents cited, satisfying multi-document coverage.

Figure 5: HOVER example illustrating how the Audit Log explicitly requests missing-hop evidence to complete the
multi-document chain.

35920


