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Abstract

As Large Language Models (LLMs) increas-
ingly generate reasoning-driven outputs that
weave isolated events into intricate logical
topologies, factuality depends not only on iso-
lated atomic facts but critically on the faith-
ful relations connecting them. However, cur-
rent verification paradigms prioritize individ-
ual facts and remain fundamentally blind to
relational distortions. This oversight creates a
dangerous false sense of security, where ver-
ifiers inadvertently endorse relationally cor-
rupted claims simply because their constituent
events are factual. Furthermore, the community
lacks a systematic benchmark to evaluate this
crucial relational layer. To address these critical
vulnerabilities, we introduce BEYONDATOMS,
a novel benchmark for relational fact verifi-
cation. Our evaluations reveal that generic
verification pipelines struggle significantly by
misclassifying relational manipulations as sup-
ported. While explicitly guided reasoning mod-
els can resolve these structural errors, they in-
cur prohibitive computational costs. To counter
this pervasive relation blindness, we propose
CARVE, a completely training-free verification
framework. By decoupling structural depen-
dencies through deterministic extraction and
bi-directional relational alignment, CARVE
achieves a favorable accuracy–efficiency trade-
off: it remains highly competitive on relational
and general fact verification while avoiding the
heavy inference cost of reasoning-based LLMs.
All datasets and code are publicly available.1

1 Introduction

While Large Language Models (LLMs) excel at
generation, their susceptibility to hallucinations
makes evidence-grounded fact verification an im-
perative line of research (Ji et al., 2023; Li et al.,
2023; Servedio et al., 2025; Du et al., 2025). As

*Corresponding author.
1https://github.com/lzy248/beyondatoms
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Figure 1: Limitation of current paradigms on relation-
ally corrupted claims. Claim-level verifiers misclassify
due to entity-overlap bias. Atom-level decomposition
systematically discards logical connections.

LLMs increasingly generate reasoning-driven out-
puts like Chain-of-Thought explanations, they nat-
urally weave isolated events into intricate logical
topologies (Wei et al., 2022; Chen et al., 2026).
Consequently, factuality is no longer determined
solely by the correctness of isolated facts; it criti-
cally depends on the faithful logical relations con-
necting them.

Current verification pipelines operate at two pri-
mary granularities: holistic sentence-level entail-
ment and sub-sentence atomic verification (Min
et al., 2023; Wei et al., 2024; Tang et al., 2024;
Liu et al., 2025). However, both paradigms suf-
fer from structural blind spots that are visually
illustrated in Figure 1. Claim-level verifiers suf-
fer from severe entity-overlap bias (McCoy et al.,
2019), while atomic methods systematically sever
relational edges during proposition decomposition.
This oversight creates a dangerous false sense of
security, inadvertently endorsing relationally cor-
rupted claims merely because their constituent
events are factual. Furthermore, mitigating this
vulnerability is bottlenecked by the lack of a com-
prehensive benchmark. Existing relation-aware
datasets, such as DiscInfer (Zhang et al., 2025)
and LoReFact (Xie et al., 2026), primarily adopt
a semantic-centric approach. They categorize er-
rors by linguistic relation types and predominantly
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focus on relation substitution, capturing only a
fraction of real-world distortions. Therefore, an
evaluation framework covering the full topological
spectrum of structural manipulations is urgently
required.

To bridge this gap, we introduce BE-
YONDATOMS, a novel benchmark that isolates
relational fact verification by manipulating only
relational edges while holding constituent events
constant. It adopts an operation-centric taxonomy
comprising four structural perturbations: Injection,
Omission, Re-anchoring, and Substitution. Evalua-
tions reveal a pervasive vulnerability across widely
adopted pipelines. Traditional NLI and atomic
methods (Min et al., 2023; Tang et al., 2024; Wei
et al., 2024) exhibit exceptionally low negative
recall due to event-overlap bias and structural
fragmentation. Similarly, when evaluated with
standard verification prompts, reasoning-enhanced
LLMs remain structurally blind. Although these
models can detect such structural distortions if
the prompt explicitly reveals the underlying error
taxonomy, this heavy reasoning process incurs
prohibitive computational costs.

To address these challenges, we propose
CARVE (Claim-Anchored Relational Verification
over Evidence). To overcome the pervasive struc-
tural blindness of existing paradigms, CARVE ex-
plicitly decouples structural logic from constituent
events and offloads the verification of brittle logical
links to a deterministic, bi-directional rule align-
ment pipeline. This design creates a completely
training-free framework requiring no costly param-
eter tuning. Even powered by a lightweight open-
source backbone, CARVE remains competitive on
relational and general fact verification while avoid-
ing the heavy inference cost of reasoning-based
LLMs.

Our contributions are as follows:
• We identify a critical structural blind spot in

current fact verification paradigms and intro-
duce BEYONDATOMS, a meticulously con-
structed, operation-centric benchmark ded-
icated to isolating and diagnosing relation-
level factual errors.

• We demonstrate that generic verification meth-
ods struggle at this task. Our evaluations
show that accurately diagnosing these errors
benefits substantially from explicit relational
modeling. Although LLMs can perform this
modeling via taxonomy-revealed reasoning

prompts, this process incurs prohibitive com-
putational costs.

• We propose CARVE, a training-free veri-
fication framework that achieves a strong
accuracy–efficiency trade-off. CARVE out-
performs standard verification baselines and
generic-prompt LLMs on relational fact verifi-
cation, while avoiding the heavy inference-
time reasoning required by prompt-based
LLM verifiers.

2 Related Work

2.1 Fact Verification and Atomic Factuality
Evaluation

Fact verification and natural language inference
(NLI) traditionally assess claim-evidence entail-
ment via sentence-pair classification (Bowman
et al., 2015; Williams et al., 2018; Thorne et al.,
2018). Subsequent works extend this paradigm
to document-grounded consistency evaluation for
generated text, computing entailment scores to
detect unsupported hallucinations (Laban et al.,
2022; Zha et al., 2023; Tang et al., 2024). To
provide precise error localization, recent frame-
works have transitioned toward fine-grained atomic
factuality. Methods like FActScore (Min et al.,
2023) and WiCE (Kamoi et al., 2023) decompose
long-form generations into isolated subclaims and
measure the proportion supported by external ev-
idence. While effective at grounding individual
entities, this decomposition paradigm systemati-
cally discards the structural dependencies among
units. Consequently, existing pipelines remain
structurally blind to relation-level errors, where
individual events are factual but their causal, tem-
poral, or conditional connections are distorted.

2.2 Discourse-aware and Relation-level
Factuality

Linguistic resources for discourse parsing and
event relation extraction highlight the distinct chal-
lenge of relational understanding (Prasad et al.,
2017; Caselli and Vossen, 2017; Ning et al., 2018).
Recent temporal relation extraction models fur-
ther show that relation direction and event order-
ing require dedicated structural modeling (Zhang
et al., 2022). However, their primary objective
is relation identification within source texts rather
than evidence-grounded claim verification. The
most relevant prior work introduces structured dis-
course representations to evaluate factual consis-

6621



tency, demonstrating that adversarial discourse re-
lations severely challenge existing models (Zhang
et al., 2025; Zhong and Litman, 2025). Existing
benchmarks such as DiscInfer and LoReFact pri-
marily adopt a semantic-centric approach. They
categorize instances based on linguistic discourse
relations (such as causal, conditional, temporal, and
concessive relations). In contrast, BEYONDATOMS

introduces an operation-centric taxonomy based on
structural perturbations. It systematically covers
fundamental topological operations on a relational
edge between preserved constituent events. This
structural perspective allows for a more exhaustive
diagnostic evaluation of how models fail on distinct
relational manipulations.

3 BEYONDATOMS Benchmark

While existing benchmarks evaluate whether fac-
tual units are supported, they leave a critical
blind spot: whether the relations connecting those
units are faithfully preserved. We introduce BE-
YONDATOMS to address this gap.

3.1 Task Definition

We formulate relational fact verification as deter-
mining whether a claim c is supported by evidence
passages E. Formally, we represent the struc-
tural logic of a claim as a set of relational triples:
Tc = {(ei, r, ej)} where ei and ej are constituent
events, and r denotes the explicit logical relation
connecting them (e.g., causal, temporal, or condi-
tional). Crucially, r is inherently directional: for
asymmetric relations such as causality, (ei, r, ej) is
strictly distinct from (ej , r, ei).

Unlike conventional atomic verification, which
merely checks the veracity of isolated factual units,
relational verification strictly requires that both the
constituent events and the semantic edge r are faith-
fully grounded in E. Consequently, even if all base
events in c are fully entailed by E, any distorted
or unsupported relation r renders the claim as not
supported. This formulation explicitly targets struc-
tural errors that routinely bypass methods relying
on entity overlap or atomic decomposition.

3.2 Relational Error Taxonomy

Unlike existing datasets that classify instances by
semantic relation types (e.g., causal vs. temporal),
BEYONDATOMS adopts a novel operation-centric
taxonomy. From an anchor-centric graph perspec-
tive, we categorize errors based strictly on how the

topological edges between events are manipulated.
As shown in Table 1, all four operations preserve
the base constituent events and perturb only their
logical connections. Specifically, a relational edge
can only be artificially introduced (Injection), un-
conditionally dropped (Omission), structurally
shifted in its attachment (Re-anchoring), or se-
mantically replaced (Substitution). This ensures
that model failures reflect relation-level blindness
rather than entity-level hallucination.

3.3 Comparison with Existing Benchmarks

Table 2 compares BEYONDATOMS with repre-
sentative fact-checking, factuality evaluation, and
relation-aware benchmarks. Traditional bench-
marks (e.g., FEVER, FActScore) evaluate factual-
ity either at the holistic sentence level or the atomic-
fact level, leaving structural relations largely unex-
amined. Recent relation-aware benchmarks, specif-
ically DiscInfer and LoReFact, recognize this gap
but predominantly adopt a semantic-centric ap-
proach. They categorize instances based on linguis-
tic logic types (such as causal, temporal, or con-
ditional relations) and their negative instances pri-
marily map to relation substitution. In contrast, BE-
YONDATOMS utilizes an operation-centric taxon-
omy. By systematically applying four fundamental
topological perturbations (Injection, Omission, Re-
anchoring, Substitution) to the relational edges, our
benchmark explicitly isolates relation-level factual-
ity and guarantees comprehensive coverage across
the full spectrum of structural manipulations.

3.4 Dataset Construction

Each instance in BEYONDATOMS is formulated
as a tuple: {id, claim, label, evidences}, where
the label is either support or not_support. To en-
sure a diverse and linguistically rich set of logical
relations, we source our foundational texts primar-
ily from Wikipedia and popular science articles.
Our construction pipeline is fundamentally driven
by our operation-centric taxonomy, and strictly ad-
heres to two core principles to isolate structural
errors:

• Event Preservation: The constituent events
in all negative claims must be fully grounded
in the evidence, guaranteeing not_support
labels stem exclusively from relational distor-
tions rather than event-level mismatches.

• Single-Operation Perturbation: Each neg-
ative instance is manipulated using exactly
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Operation Description Evidence Claim

Injection Introduces a relation between events
that are individually supported but re-
main disconnected in the evidence.

A happened. B happened. B happened [so/if/...] A hap-
pened.

Omission Asserts an event unconditionally by
dropping a required condition or
premise present in the evidence.

B happens [if/when/...] A
holds.

B happens.

Re-anchoring Preserves the connective but shifts its
attachment, altering the relational scope
between events.

A happened [so/if/...] B
happened.

[so/if/...] A happened, B hap-
pened.

Substitution Replaces the existing relation in the evi-
dence with a semantically different con-
nective.

A happened [if/so/...] B
happened.

A happened [but/when/...] B
happened.

Table 1: Taxonomy of structural perturbations in BEYONDATOMS. Each operation explicitly isolates relation-level
errors by manipulating only the structural edges while holding base constituent events (A and B) constant.

Benchmark Granularity Scope Injection Omission Re-anchoring Substitution

FEVER (Thorne et al., 2018) Sentence Fact – – – –
WiCE (Kamoi et al., 2023) Atom Fact – △ – –
FActScore (Min et al., 2023) Atom Fact – – – –
LLM-AggreFact (Tang et al., 2024) Sentence Fact – – – –
DiscInfer (Zhang et al., 2025) Sentence Relation – – – ✓
LoReFact (Xie et al., 2026) Sentence Relation △ – – ✓
BEYONDATOMS Sentence Relation ✓ ✓ ✓ ✓

Table 2: Comparison with representative factuality benchmarks. “Granularity” denotes the verification unit, and
“Scope” indicates whether the benchmark targets factual units or relations. △ indicates partial coverage.

one of the four defined operations, preventing
confounding factors and enabling fine-grained
diagnosis across specific error types.

3.5 Annotation and Statistics

Positive instances are directly sourced from orig-
inal texts containing clear relational expressions.
Each is then perturbed according to one of the four
operation types to produce a corresponding nega-
tive counterpart, ensuring that base events are pre-
served while only the relation is distorted. To guar-
antee the diagnostic purity of the benchmark, we
implemented an exceptionally strict pre-filtering
protocol. Out of 4,000 initial candidate text seg-
ments sourced from Wikipedia and science articles,
only 1,550 unambiguous instances (spanning 647
unique text segments) were retained for final an-
notation. The annotation was conducted by three
graduate-level NLP researchers. Cases involving
unclear event references, insufficient evidence, or
multiple plausible interpretations were discarded
prior to the structural annotation phase. This rigor-
ous upstream selection eliminated ambiguity at the
source. Consequently, it resulted in a 100% verifi-
cation pass rate during the final cross-verification
stage with no candidates discarded.

To maintain strict quality control, all selected
instances must be unambiguous and straightfor-
wardly verifiable. We rigorously excluded cases
involving unclear event references, insufficient evi-
dence, multiple plausible interpretations, or over-
lapping error types. This conservative filtering
ensures that the benchmark remains exclusively
diagnostic of relation-level factuality, avoiding con-
founders from lexical or event-level ambiguity.

Following this rigorous pipeline, the final BE-
YONDATOMS benchmark comprises 1,550 in-
stances. As summarized in Table 3, the dataset
is strictly balanced between positive and negative
labels across all four operation subsets. To illustrate
the precise nature of these structural manipulations,
we provide detailed qualitative examples of each
relational error type in Appendix A.

Subset #Sup. #Not-sup. Total

Injection 186 186 372
Omission 187 187 374
Re-anchoring 241 241 482
Substitution 161 161 322

Total 775 775 1,550

Table 3: Statistics of BEYONDATOMS.

6623



4 CARVE: Claim-Anchored Relational
Fact Verification

BEYONDATOMS exposes relational factual errors
that easily bypass current verification systems. Fun-
damentally, claim-level verifiers overlook relations
due to an inherent event-overlap bias, while atomic
verifiers completely dismantle relational structures.
To effectively address this, relations must be explic-
itly surfaced and structurally aligned.

We propose CARVE, a training-free Claim-
Anchored Relational Verification framework over
Evidence. As illustrated in Figure 2, CARVE rep-
resents the claim and the claim-anchored evidence
as aligned event–relation structures. Rather than
relying on holistic black-box judgments that may
blur rigid structural nuances, CARVE decomposes
verification into an interpretable pipeline: relation-
preserving canonicalization, claim and evidence
extraction, and bi-directional relation alignment.

4.1 Relation-Preserving Canonicalization
The same logical relation can be expressed through
highly diverse surface structures (e.g., fronted sub-
ordinate clauses, cross-sentence discourse markers,
or pronominal references). This syntactic variance
severely hinders reliable deterministic extraction.
To neutralize this noise, CARVE first canonical-
izes both the claim and the evidence. This module
performs transformations such as repairing segmen-
tation artifacts caused by fronted connectives (e.g.,
“Because A, B” → “B because A”) and resolv-
ing local pronominal references near connectives.
Crucially, this canonicalization is strictly relation-
preserving: it standardizes existing structures with-
out introducing any new semantic relations.

4.2 Relation Extraction
Constructing a complete relation graph over the
entire evidence is not only computationally pro-
hibitive but also introduces massive irrelevant noise.
Verification must therefore be strictly claim-driven.
To achieve this, CARVE adopts an asymmetric,
two-stage extraction pipeline: it first parses the
claim to establish exact structural anchors, and then
uses these anchors to strictly constrain the extrac-
tion scope on the evidence side.

Claim-Side Extraction. Following canonicaliza-
tion, CARVE parses the claim into a set of explicit
relation triples Tc = {(u, rc, v)}, where u and v
are the constituent events and rc is the connective.
It additionally extracts isolated events Ic that are

Evidence Semantics vs. rc Diagnosis

Claim-to-Evidence Alignment (Claim target: (u, rc, v))

(u, re, v) Same family support
(v, re, u) Semantic inverse support
(v, re, u) Same family Re-anchoring
(u, re, v) Different family Substitution
u, v found No connective Injection

Evidence-to-Claim Alignment (Claim target: y)

(x, re, y)* Premise x missing Omission

*re is a conditional connective.

Table 4: Bi-directional alignment logic in CARVE.

not bound by any connective. Together, these ele-
ments form the claim anchor set A(c), which ex-
plicitly defines the verification targets and dictates
the boundaries for subsequent evidence processing.

Evidence-Side Extraction. Instead of process-
ing the evidence blindly, CARVE performs a tar-
geted extraction strictly conditioned on A(c). It
scans the canonicalized evidence, retaining only
sentences that exhibit sufficient content-word over-
lap with at least one claim anchor. Triples extracted
from these filtered sentences form a compact, fo-
cused evidence relation pool PE(c), ensuring that
the verification process remains completely im-
mune to out-of-scope relational noise.

4.3 Bi-Directional Alignment and Error
Diagnosis

The core of CARVE is aligning claim relations Tc

with the evidence pool PE(c). This alignment pro-
cess corresponds to the central comparison space
in Figure 2: claim-to-evidence alignment verifies
whether claimed relations are supported, while
evidence-to-claim alignment checks whether re-
quired evidence relations have been omitted. The
deterministic diagnosis logic is detailed in Table 4.

Claim-to-Evidence Alignment. For each
(u, rc, v) ∈ Tc, CARVE searches PE(c) for a
match in both argument directions. Connective
compatibility is evaluated using predefined seman-
tic families and inverse pairs (e.g., before/after).
A consistent semantic match yields support.
Otherwise, specific distortions are flagged: a
direction mismatch within the same connective
family triggers Re-anchoring; a semantic family
mismatch triggers Substitution; and constituent
events lacking a connective edge trigger Injection.
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Figure 2: Overview of CARVE’s bidirectional relational alignment. CARVE aligns claim relations with a claim-
anchored evidence structure: claim-to-evidence alignment detects Injection, Re-anchoring, and Substitution through
missing edges, endpoint conflicts, and label conflicts, while evidence-to-claim alignment detects Omission by
finding required evidence relations absent from the claim. This explicit alignment improves transparency and
reduces reliance on costly end-to-end LLM reasoning.

Evidence-to-Claim Alignment. Omission in-
volves a relation entirely absent from the claim.
CARVE performs a reverse scan over PE(c) for
unmatched conditional relations (e.g., if ). If the
result-side event of an evidence condition is as-
serted unconditionally in the claim, an Omission
error is diagnosed.

4.4 Auxiliary Verification and LLM Fallback

After relational alignment, CARVE performs event-
level verification to ensure that the constituent
events are also grounded in the evidence. It checks
independent events in Ic and the arguments of
verified relations using an NLI model or a con-
strained LLM prompt; unsupported events trigger
a fact_unsupported label.

CARVE also uses a constrained LLM fallback
when deterministic parsing or connective interpre-
tation fails. The LLM is not used for end-to-end
claim verification; instead, it serves as a localized
semantic helper for resolving ambiguous structures
or unrecognized connectives. This design preserves
interpretability while adding limited semantic flex-
ibility.

5 Experiments

5.1 Settings

Datasets. We evaluate our proposed framework
and baseline models on three datasets to compre-
hensively assess both relation-level and general

fact verification capabilities. BEYONDATOMS:
Our proposed benchmark, evaluated across its
four operation-centric subsets: Substitution, Re-
anchoring, Injection, and Omission. DiscIn-
fer (Zhang et al., 2025): A related discourse-aware
textual entailment benchmark. We evaluate on
its Comparison, Contingency, and Temporal sub-
sets. Since DiscInfer predominantly focuses on
relation substitution, it serves as a complementary
relation-aware testbed. FEVER (Thorne et al.,
2018): A standard fact verification dataset. We
include FEVER to assess whether relation-focused
verification methods maintain robust performance
on traditional entity- and event-level factuality.

Baselines. We compare CARVE against three
distinct categories of verification systems. LLM-
based Verifiers: We evaluate LLMs under two
settings. The generic setting prompts for stan-
dard binary entailment (support or not_support).
Additionally, we introduce a taxonomy-revealed
(TR) setting. The TR prompt explicitly reveals the
four relational error operations evaluated in BE-
YONDATOMS. We separate TR prompting from
the main comparison because it reveals the tar-
get error taxonomy at inference time and serves
as a prompt-engineered upper reference rather
than a standard verifier. The exact generic and
taxonomy-revealed prompts are provided in Ap-
pendix D. Evaluations are conducted primarily
on the open-source Qwen3.5 series (Yang et al.,
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2025), alongside gpt-5-mini (Singh et al., 2025)
as a closed-source reference. NLI and Fact-
Checking Models: We select commonly used ver-
ification baselines, including a strong NLI model
nli-deberta-v3-large (Reimers and Gurevych,
2019), a representative document-grounded fact-
checking model MiniCheck-DeBERTa (Tang et al.,
2024), and FDSpotter (Zhang et al., 2025), a re-
cent method specifically fine-tuned for discourse-
level factual consistency. Fine-grained fact ver-
ification Pipeline: We implement the FActScore
pipeline (Min et al., 2023) as a representative fine-
grained verification approach. This serves to ex-
plicitly demonstrate the structural limitations and
potential information loss caused by decompos-
ing claims prior to verification. For CARVE, we
use Qwen3.5-4B as the default lightweight auxil-
iary backbone for event-level verification and con-
strained LLM fallback.

Evaluation Metrics. For BEYONDATOMS and
FEVER, we report Macro-F1 to account for class
balance across support and not-support labels. For
DiscInfer, we report Accuracy following the con-
vention of prior work, as the dataset is heavily
skewed toward negative instances.

5.2 Results and Analysis

Tables 5 and 6, alongside Figure 3, present the per-
formance and inference efficiency of all evaluated
systems. The results substantiate our core hypothe-
sis. Relational factual errors expose a critical struc-
tural blindness in current verification paradigms un-
der generic prompts. While taxonomy-revealed rea-
soning prompts can substantially improve perfor-
mance, they incur prohibitive computational costs.
In contrast, CARVE natively operationalizes this
explicit structural modeling to successfully miti-
gate the vulnerability while maintaining extreme
inference efficiency.

BEYONDATOMS Exposes Broad Relational
Blindness. The evaluation reveals a pervasive
relation-blind status among current verification sys-
tems. While a powerful proprietary model like
GPT-5-mini saturates prior benchmarks (99.01%
on DiscInfer), it degrades significantly on BE-
YONDATOMS. Crucially, traditional NLI models
and small-scale open LLMs show severe degrada-
tion on BEYONDATOMS, struggling to differentiate
structural manipulations from event overlaps. By
exposing these vulnerabilities, BEYONDATOMS

establishes a highly diagnostic challenge for struc-
tural factuality.

Holistic and Atomic Paradigms Struggle
Significantly. Traditional NLI pipelines (e.g.,
MiniCheck) perform dismally on BEYONDATOMS,
yielding a Macro-F1 of 48.61%. Because they rely
heavily on event overlap, they uniformly default to
support when the constituent events are present,
misclassifying nearly all negative instances. Simi-
larly, the fine-grained atomic verification method
FActScore exhibits severe degradation (46.09%
Macro-F1). This confirms that atomic decompo-
sition structurally dismantles the relational edges
binding events together, rendering both paradigms
fundamentally incapable of diagnosing relation-
level manipulations.

Specialized Models Lack Structural General-
ization. FDSpotter is the strongest specialized
relation-aware baseline on BEYONDATOMS, espe-
cially on Substitution, the category most aligned
with discourse relation alteration. However, its
performance plummets to 55.21% on Omission,
demonstrating exceptionally low negative recall.
This indicates that while specialized training cap-
tures semantic connective replacements within its
distribution, it fails to diagnose the covert dropping
of logical premises, highlighting the necessity for
a unified diagnostic framework.
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Figure 3: Inference efficiency comparison on BE-
YONDATOMS. The x-axis uses a log scale due to the
large runtime gap across models.

Reasoning Requires Explicit Structural Guid-
ance. Under generic prompts, reasoning models
still struggle with existential errors like Omission
(56.88% Macro-F1 for Qwen3.5-9B-Thinking).
However, Table 6 shows that explicitly exposing
the error taxonomy (the TR setting) enables re-
markable recovery, with Qwen3.5-9B-Thinking-
TR achieving a 96.72% average. This massive

6626



Model
BEYONDATOMS DiscInfer∗

FEVER
Sub. Re-anch. Inj. Omi. Avg. Comp. Cont. Temp. Avg.

Generic prompt LLMs
GPT-5-mini 85.06 83.68 82.25 72.41 80.85 97.92 99.11 100.00 99.01 94.53
Qwen3.5-9B-Thinking 84.75 90.79 74.37 56.88 76.70 66.67 84.82 92.77 81.42 94.12
Qwen3.5-9B 71.63 78.56 55.11 42.55 61.96 47.92 77.23 84.34 69.83 94.58
Qwen3.5-4B-Thinking 81.73 90.37 64.86 51.76 72.18 68.75 77.23 90.36 78.78 94.32
Qwen3.5-4B 66.04 75.24 49.39 41.67 58.09 35.42 62.05 73.49 56.99 94.40

Fine-grained fact verification
FActScore 55.04 49.44 36.97 42.92 46.09 66.67 80.36 86.75 77.93 91.70

NLI and Fact-Checking Models
NLI-DeBERTa-v3-Large 49.91 46.12 40.30 46.27 45.65 37.50 70.09 73.49 60.36 91.74
MiniCheck-DeBERTa 57.31 49.35 47.99 39.79 48.61 77.08 91.52 96.39 88.33 89.85
FDSpotter 89.03 75.49 82.01 55.21 75.44 68.75 95.98 89.16 84.63 94.22

Our Method
CARVE 91.60 82.88 96.25 92.77 90.87 93.75 98.66 98.80 97.07 92.63

Table 5: Overall evaluation results. Metrics are reported in percentages (%). We report Macro-F1 for BE-
YONDATOMS and FEVER, and Accuracy for DiscInfer (marked with *). Sub., Re-anch., Inj., Omi., Comp., Cont.,
and Temp. correspond to Substitution, Re-anchoring, Injection, Omission, Comparison, Contingency, and Temporal.

Model Sub. Re-anch. Inj. Omi. Avg.

Taxonomy-revealed prompt LLMs
Qwen3.5-9B-Thinking-TR 98.76 97.51 98.66 91.96 96.72
Qwen3.5-9B-TR 85.96 87.15 83.96 71.93 82.25
Qwen3.5-4B-Thinking-TR 96.58 97.51 96.77 88.68 94.89
Qwen3.5-4B-TR 75.81 79.83 65.59 49.04 67.57

Table 6: Performance of taxonomy-revealed (TR)
prompting on BEYONDATOMS. TR prompts explic-
itly describe the four relational error operations.

gap confirms that standard prompts leave models
structurally blind. Furthermore, removing thinking
capabilities causes a severe performance drop. This
proves that merely knowing the error types is in-
sufficient. To actually resolve relational distortions,
LLMs must actively model the logical connections
via a heavy reasoning process.

CARVE Operationalizes Explicit Modeling Ef-
ficiently. Taxonomy-revealed thinking achieves
the highest accuracy, but it depends on costly
model-side reasoning after being explicitly in-
formed of the relational error taxonomy. CARVE
implements the same principle of explicit structural
awareness through deterministic extraction and bi-
directional alignment. With only a lightweight
4B backbone, CARVE reaches 90.87% on BE-
YONDATOMS, remains competitive on FEVER
with 92.63%, and runs over 40× faster than reason-
ing baseline. These results show that explicit struc-
tural alignment provides a more practical accuracy-
efficiency trade-off than relying on inference-time
generative reasoning.

Generalization to Naturally Occurring Errors.
To validate whether our findings transfer beyond
controlled perturbations, we evaluate on a balanced
subset of 80 real-world news summaries from the
FRANK dataset (Pagnoni et al., 2021) containing
naturally occurring relation errors. As shown in
Table 7, CARVE maintains highly competitive per-
formance on this out-of-domain set. It successfully
outperforms implicit learning models and generic-
prompt LLMs, approaching the accuracy of the ex-
plicitly guided, compute-heavy taxonomy-revealed
reasoning baselines. Error analysis reveals that
76.47% (13/17) of CARVE’s misclassifications
stem purely from implicit relational distortions
(e.g., causality implied by semantic verbs rather
than overt connectives). This clearly defines the
boundary of explicit syntactic alignment (further
discussed in Limitations) while proving CARVE’s
robustness on unstructured, real-world texts.

Method FRANK-Relation (Macro-F1)

FDSpotter 65.33
Qwen3.5-9B 73.33
Qwen3.5-9B-Thinking 79.68
Qwen3.5-9B-TR 82.46
Qwen3.5-9B-Thinking-TR 84.96

CARVE (Ours) 78.48

Table 7: Macro-F1 performance on the FRANK-
Relation subset containing naturally occurring errors.
TR denotes Taxonomy-Revealed prompting.
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Variant Inj. Omi. Re-anch. Sub. Avg.

Full CARVE 96.23 92.77 82.88 91.60 90.87
w/o Norm. 93.23 91.58 80.59 89.23 88.66
w/o Bi-dir. 96.23 35.70 82.34 91.23 76.38
w/o LLM FB 93.61 92.77 80.88 87.26 88.63

Table 8: Ablation study on the core components of
CARVE across BEYONDATOMS. Metrics are reported
in Macro-F1 (%).

5.3 Ablation Study

Table 8 confirms that the gains of CARVE come
from complementary components. Removing
canonicalization leads to a consistent but moderate
drop across all error types, showing that normaliz-
ing fronted clauses, discourse markers, and local
references stabilizes deterministic relation extrac-
tion. Removing bi-directional alignment causes
the largest degradation, with Omission falling from
92.77% to 35.70%, because dropped premises are
absent from the claim and cannot be recovered
by claim-to-evidence matching alone. Removing
the LLM fallback also reduces performance, es-
pecially on Substitution, indicating that bounded
semantic assistance helps when connective mean-
ings fall outside predefined rule families. Overall,
CARVE’s performance is primarily driven by ex-
plicit structural extraction and alignment, with the
LLM acting as a localized parser rather than an
end-to-end reasoner.

5.4 Error Analysis

We further analyze failures in Appendix F. The key
finding is that LLM-thinking and CARVE fail for
different reasons. LLM-thinking mainly suffers
from relation under-specification: it often verifies
whether the events are present, but does not con-
sistently verify whether the relation between them
is explicitly supported. This leads to three typi-
cal errors: weakening conditional statements into
unconditional facts, hallucinating relations from
event co-occurrence, and importing pragmatic or
world-knowledge assumptions.

By contrast, CARVE mainly suffers from re-
lation representation errors. Since CARVE ex-
plicitly verifies event–relation structures, its mis-
takes usually arise when the extracted structure is
wrong, such as spurious connective detection, in-
correct cross-sentence anchoring, over-aggressive
normalization, or unresolved discourse references.
Thus, LLM-thinking fails because relations are not
treated as independent verification targets, whereas

CARVE fails when the relation target is explicit
but imperfectly represented.

6 Conclusion

We introduced BEYONDATOMS, an operation-
centric benchmark for relational fact verification,
showing that generic fact verification methods of-
ten fail to detect distorted relations when con-
stituent events are preserved. We further proposed
CARVE, a training-free framework that verifies re-
lational fidelity through claim-anchored extraction
and bi-directional alignment. Experiments show
that CARVE provides a strong accuracy-efficiency
trade-off, outperforming standard baselines on rela-
tional verification while avoiding costly inference-
time reasoning.

Limitations

While CARVE demonstrates strong performance
and efficiency, we acknowledge several limitations
in the current framework.

First, CARVE primarily targets explicit rela-
tional markers and struggles with implicit logical
relations lacking overt connectives (e.g., “The road
was icy. The car skidded.”). Our error analysis
reveals that 76.47% of CARVE’s misclassifications
on the FRANK-Relation dataset stem from such
implicit relational distortions. Resolving these re-
quires deep semantic reasoning beyond our current
syntactic pipeline and remains an area for future
work.

Second, CARVE encodes a structural prior that
mirrors the benchmark’s taxonomy. While this
might appear as hard-coding expected error types,
CARVE operates without accessing gold labels dur-
ing inference. It deterministically verifies edge
existence, endpoint alignment, and label compati-
bility. This design successfully demonstrates that
expensive relation-checking can be compiled into
efficient structural operators without relying exclu-
sively on heavy generative reasoning.

Finally, CARVE inherits the brittleness of rule-
based NLP extraction. Deterministic parsing can
struggle with highly diverse structures, noisy text,
or long-range dependencies, causing upstream er-
rors to propagate to final alignment decisions. Al-
though the constrained LLM fallback mitigates
these issues, frequent parsing ambiguities will trig-
ger more LLM calls and subsequently diminish the
framework’s efficiency advantage.
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A Qualitative Examples of
BEYONDATOMS

In this section, we provide qualitative examples
from the BEYONDATOMS benchmark to illustrate

the four operation-centric relational distortions. As
shown in Table 9, the generation of negative in-
stances strictly adheres to our core principle of
event preservation. While the constituent entities
and baseline events remain fully grounded in the
original evidence, the logical connectives bridg-
ing them, such as causal, conditional, or temporal
markers, are systematically manipulated. These ex-
amples demonstrate how structural errors can eas-
ily bypass traditional event-overlap verifiers, high-
lighting the necessity of bi-directional relational
alignment.

B Annotation Interface and Construction
Guidelines

Figure 4 shows the annotation interface used for
constructing BEYONDATOMS. Rather than auto-
matically perturbing existing sentences, annotators
manually constructed claim-evidence instances ac-
cording to operation-specific guidelines. For each
instance, annotators were shown the evidence pas-
sage and were asked to write or revise a claim such
that the target label and relational operation were
satisfied.

For positive instances, the claim was required
to faithfully preserve both the constituent events
and their relation as expressed in the evidence. For
negative instances, annotators constructed claims
by preserving the constituent events while introduc-
ing exactly one relation-level distortion: Injection,
Omission, Re-anchoring, or Substitution. This de-
sign ensures that not_support labels arise from
relational inconsistency rather than ordinary event-
level factual errors.

Construction rules. Annotators followed three
main rules: (1) the main events in the claim must be
present in or inferable from the evidence; (2) the la-
bel should depend primarily on the relation among
events, not on whether the events themselves are
correct; and (3) each negative instance should in-
stantiate exactly one operation type. Cases that
could not satisfy these constraints, such as ambigu-
ous event boundaries, unclear references, insuffi-
cient evidence, or multiple overlapping relation
errors, were revised or excluded during quality con-
trol.

C Computational Setup.

Experiments are conducted on a workstation with
an AMD Ryzen 9 9950X CPU, 128GB RAM, and
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Table 9: Representative examples from the BEYONDATOMS benchmark across four operation-centric relational
error types.

ID & Operation Text Snippets (Evidence vs. Claim) Relational Distortion Analysis

Injection

injection_9 E: ... Ducks are examples of sexually reproducing
organisms. Other organisms reproduce asexually.
In asexual reproduction, a single parent can pro-
duce offspring alone. ...
C: Because ducks are examples of sexually re-
producing organisms, other organisms reproduce
asexually.

The original text presents adjacent, independent
factual statements. The claim injects an artificial
causal relationship (because) where none exists.

injection_21 E: ... In endocytosis, a substance from outside
the cell is engulfed by the membrane. The mem-
brane folds over the substance and it becomes
completely enclosed. There are two main kinds
of endocytosis...
C: The membrane folds over the substance and it
becomes completely enclosed by the membrane;
therefore, there are two main kinds of endocyto-
sis...

The evidence describes a biological process fol-
lowed by a classification. The claim erroneously
injects a consequential marker (therefore) to link
them.

Omission

omission_9 E: Red litmus paper turns blue when placed in a
basic solution.
C: Red litmus paper turns blue.

The claim completely omits the essential condi-
tional premise (when...), converting a restricted
scientific fact into an unconditional falsehood.

omission_11 E: ... On average, a person requires 1500 to 2000
calories for normal daily activity... Conversely,
if you ingest less than that, the energy stores in
your body will be depleted.
C: On average, a person requires 1500 to 2000
calories for normal daily activity. The energy
stores in your body will be depleted.

The claim retains the negative biological conse-
quence but deletes the critical situational trigger
(if you ingest less than that), causing an omission
error.

Re-anchoring

re-anchoring_7 E: Water infiltrates the ground because soil and
rock are porous.
C: Because water infiltrates the ground, soil and
rock are porous.

The base events are fully preserved, but the claim
flips the direction of the causal edge, reversing the
premise and conclusion (Porous → Infiltrate).

re-anchoring_13 E: Uncontrolled diabetes may damage capillaries
of nephrons. As a result, the kidneys lose much
of their ability to filter blood.
C: The kidneys lose much of their ability to filter
blood. As a result, uncontrolled diabetes may
damage capillaries of nephrons.

The evidence sets diabetes as the cause of filtra-
tion loss. The claim re-anchors the connective to
flip the directional dependency entirely.

Substitution

substitution_11 E: Binary fission can be described as a series of
steps, although it is actually a continuous process.
C: Because binary fission can be described as a
series of steps, it is actually a continuous process.

The structural connective is substituted. A conces-
sive relation (although) is replaced with an invalid
causal relation (because).

substitution_23 E: ... Water and carbon dioxide are needed for this
process, and oxygen is produced as a byproduct.
C: Water and carbon dioxide are needed for this
process, so oxygen is produced as a byproduct.

The evidence lists coordinate and concomitant ele-
ments using a simple conjunction (and), which the
claim misrepresents as a strict cause-and-effect
link (so).

NVIDIA RTX 4090 GPUs. Open-source LLM in-
ference uses vLLM 0.19.1, PyTorch 2.11.0, and
Transformers 5.9.0. The 9B models are evaluated
on two RTX 4090 GPUs, while all other models
and CARVE variants run on a single RTX 4090
GPU. We use spaCy 3.8.14 for dependency pars-

ing. CARVE is training-free, and all baselines are
evaluated with fixed prompts or public checkpoints
without further tuning. For LLM-based baselines
and LLM calls within CARVE, we use determinis-
tic decoding with temperature set to 0.

6631



Figure 4: Annotation interface for constructing BEYONDATOMS. Annotators manually write or revise claims based
on the evidence passage, target label, and relational operation, while ensuring event preservation and single-operation
consistency.

D Prompts for LLM-based Baselines

This section presents the prompts used for LLM-
based verification baselines. The generic prompt
only provides the standard fact verification instruc-
tion, while the taxonomy-revealed prompt explic-
itly describes the four relational error types consid-
ered in BEYONDATOMS.

E Detailed Class-wise Results on
BEYONDATOMS

To better understand model behavior on relation-
ally corrupted claims, we report class-wise preci-
sion and recall on each BEYONDATOMS subset.
The support class corresponds to positive instances,
while the not-support class corresponds to relation-
ally corrupted negative instances. Not-support Re-
call is particularly diagnostic in our setting, as it
measures whether a verifier can detect relational er-
rors when the constituent events remain grounded
in the evidence. Macro-F1 is included for align-
ment with Table 5. For several LLM rows, class-
wise metrics are computed from the corresponding
direct-run records and may differ slightly from the
rounded aggregate values in the main table.

F Qualitative Error Analysis

This section provides representative error cases for
LLM-thinking and CARVE. The goal is to clar-
ify that the two systems fail for different reasons:

LLM-thinking often performs holistic semantic
plausibility checking, while CARVE explicitly ver-
ifies relations but depends on the quality of the
extracted event–relation representation.

F.1 Failure Patterns of LLM-thinking

We use Qwen3.5-9B-Thinking as a representative
reasoning-based LLM. As shown in Appendix E,
its Support Recall is close to 100% across the four
BEYONDATOMS subsets, while its Not-support Re-
call is substantially lower. Specifically, its Not-
support Recall is 70.81% on Substitution, 82.16%
on Re-anchoring, 48.92% on Injection, and only
25.13% on Omission. This pattern suggests that
thinking helps with explicit replacement or direc-
tion reversal, but remains weak when the error in-
volves a fabricated relation or a dropped premise.

Case 1: Condition weakening in Omission.
Consider the following Omission example:

Evidence: . . . it oxidizes to B2O3 when heated
with concentrated nitric or sulfuric acid.
Claim: it oxidizes to B2O3.

The gold label is not_support, because the
claim removes the condition under which oxida-
tion occurs. However, Qwen3.5-9B-Thinking pre-
dicts support. The model focuses on the lexical
overlap between the claim and evidence, observing
that the phrase “it oxidizes to B2O3” is explicitly
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Generic Zero-shot Fact Verification Prompt

You are a strict fact verification assistant for the Fact Verification task.
Given a Premise and a Hypothesis, determine whether the Hypothesis is explicitly true according
to the Premise.

### Premise:
{premise}

### Hypothesis:
{hypothesis}

### Rules:
1. Output true only if the Premise directly supports the Hypothesis.
2. If the Premise is missing, ambiguous, contradictory, or insufficient, output false.
3. Do not use world knowledge beyond the Premise.

### Decision:
Answer exactly true or false.

Figure 5: Generic zero-shot prompt used for LLM-based fact verification.

present. It fails to treat the when-clause as a neces-
sary condition for the fact to hold. This illustrates
a common failure mode: the model compresses a
conditional statement into an unconditional fact.

Case 2: Relation hallucination from co-
occurrence. Consider the following Injection ex-
ample:

Evidence: A cell is the smallest unit of life. Most
cells are so tiny that they cannot be seen with the
naked eye. Therefore, scientists use microscopes
to study cells.
Claim: Because a cell is the smallest unit of life,
most cells are so tiny that they cannot be seen
with the naked eye.

The gold label is not_support. The evidence
states two facts: cells are the smallest unit of life,
and most cells are tiny. However, it does not sup-
port a causal relation between them. The LLM-
thinking baseline often treats the two co-occurring
facts as sufficient evidence, and may further re-
gard the causal relation as plausible. This demon-
strates that model-side reasoning can conflate “A
is true and B is true” with “B because A,” which
is precisely the relational error targeted by BE-
YONDATOMS.

Case 3: Pragmatic entailment leakage. We also
observe failures on DiscInfer, where models intro-
duce pragmatic or world-knowledge assumptions.
For example:

Evidence: The cover story details the disturbing
behavior of the Littleton killers before last week’s
massacre.
Claim: The killers were featured on the front
cover before the mass killings from last week.

The gold label is not_support. The evidence
states that a cover story details the killers’ behavior
before the massacre, but it does not state that the
killers were featured on the front cover. The LLM-
thinking baseline may infer from “cover story” that
the killers appeared on the front cover, relying on
pragmatic or publication-domain assumptions not
licensed by the evidence. Thus, reasoning can in-
troduce unsupported relations rather than strictly
verifying the evidence.

Summary. The main failures of LLM-thinking
can be summarized as follows: (1) condition weak-
ening, where conditional statements are reduced
to unconditional facts; (2) relation hallucination
from co-occurrence, where two supported events
are treated as relationally connected; and (3) prag-
matic entailment leakage, where external plausibil-
ity or world knowledge fills in relations not stated
in the evidence. These failures show that generic
reasoning does not automatically perform strict
relation-level verification.
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Taxonomy-revealed Relational Fact Verification Prompt

You are a strict fact verification assistant for the Fact Verification task.
Given a Premise and a Hypothesis, determine whether the Hypothesis is explicitly true according
to the Premise.

False hypotheses may contain one of four relational error types:
1. injection: the Hypothesis introduces a relation that is not supported by the Premise.
2. omission: the Hypothesis removes a required condition or context from the Premise.
3. re-anchoring: the same relation type is attached to the wrong endpoint or direction.
4. substitution: the Hypothesis changes the relation type between the same aligned events.

### Premise:
{premise}

### Hypothesis:
{hypothesis}

### Rules:
1. Output true only if the Premise directly supports the Hypothesis.
2. If the Premise is missing, ambiguous, contradictory, or insufficient, output false.
3. Do not use world knowledge beyond the Premise.
4. If false, choose the most likely error type.

### Output Format:
Decision: true/false
ErrorType: none/injection/omission/re-anchoring/substitution

Figure 6: Taxonomy-revealed prompt used for LLM-based relational fact verification. The prompt explicitly
describes the four relational error operations in BEYONDATOMS.

F.2 Failure Patterns of CARVE

CARVE’s errors differ from those of LLM-thinking.
It usually does not predict support merely because
the events overlap; instead, it explicitly extracts
relations and aligns them against the evidence pool.
Its failures are therefore concentrated in represen-
tation errors, including incorrect connective detec-
tion, wrong event anchoring, over-aggressive re-
pair, or unresolved discourse references. In our
debug results, CARVE errors are distributed as fol-
lows: Substitution has 20 false positives and 7 false
negatives, Re-anchoring has 60 false positives and
22 false negatives, Injection has 2 false positives
and 12 false negatives, and Omission has 7 false
positives and 20 false negatives. Re-anchoring is
particularly sensitive because it depends on accu-
rate relation direction, endpoint attachment, and
discourse anchoring.

Case 1: Missing reverse anchoring in Omission.
Consider again the Omission example:

Evidence: . . . it oxidizes to B2O3 when heated
with concentrated nitric or sulfuric acid.
Claim: it oxidizes to B2O3.

The claim contains no explicit connective, so
CARVE extracts it as an independent event. The
evidence contains a conditional relation:

Extracted evidence relation:

Result: it oxidizes to B2O3

Condition: heated with concentrated nitric or
sulfuric acid

Connective: when

If the omission detector fails to anchor the in-
dependent claim event to the consequent side of
this evidence relation, no error is triggered and
the system predicts support. This case indicates
that omission detection requires robust evidence-to-
claim anchoring even when the claim degenerates
into a single-event assertion.
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Model Macro-F1 Sup. P Sup. R Not-sup. P Not-sup. R

Generic prompt LLMs
GPT-5-mini 85.06 88.97 80.12 81.92 90.06
Qwen3.5-9B-Thinking 84.75 77.40 100.00 100.00 70.81
Qwen3.5-9B 71.63 65.18 100.00 100.00 46.58
Qwen3.5-4B-Thinking 81.73 73.85 100.00 100.00 64.60
Qwen3.5-4B 66.04 61.45 100.00 100.00 37.27

Fine-grained fact verification
FActScore 55.04 56.43 98.14 92.86 24.22

NLI and fact-checking models
NLI-DeBERTa-v3-Large 49.91 50.72 65.22 51.30 36.65
MiniCheck-DeBERTa 57.31 57.25 95.65 86.79 28.57
FDSpotter 89.03 82.81 98.76 98.46 79.50

Our Method
CARVE 91.60 95.27 87.58 88.51 95.65

Table 10: Class-wise precision and recall on the BEYONDATOMS Substitution subset. Sup. denotes the support
class and Not-sup. denotes the not-support class.

Model Macro-F1 Sup. P Sup. R Not-sup. P Not-sup. R

Generic prompt LLMs
GPT-5-mini 83.68 91.37 74.69 78.60 92.95
Qwen3.5-9B-Thinking 90.79 84.86 100.00 100.00 82.16
Qwen3.5-9B 78.56 70.47 100.00 100.00 58.09
Qwen3.5-4B-Thinking 90.37 83.68 100.00 100.00 80.50
Qwen3.5-4B 75.24 68.77 99.59 99.25 54.77

Fine-grained fact verification
FActScore 49.44 53.97 95.85 81.48 18.26

NLI and fact-checking models
NLI-DeBERTa-v3-Large 46.12 47.71 60.58 46.02 33.61
MiniCheck-DeBERTa 49.35 54.15 97.51 87.50 17.43
FDSpotter 75.49 69.18 95.02 92.05 57.68

Our Method
CARVE 82.88 89.16 75.10 78.49 90.87

Table 11: Class-wise precision and recall on the BEYONDATOMS Re-anchoring subset. Sup. denotes the support
class and Not-sup. denotes the not-support class.

Case 2: Connective ambiguity in Injection.
The following Injection example illustrates an ex-
traction failure:

Claim: The cells of the dorsal root ganglion are
unipolar cells, classifying them by shape; there-
fore, the small round nuclei of satellite cells can
be seen surrounding—as if they were orbiting—
the neuron cell bodies.

The gold label is not_support, because the
claim injects a therefore relation. However,
CARVE may incorrectly detect the if inside the
idiomatic expression as if as a conditional connec-
tive, while missing the more important discourse
marker therefore. If a similar as if expression ap-
pears in the evidence, the system may incorrectly
align the wrong relation and predict support. This
case shows that connective detection cannot rely
only on surface tokens; idiomatic contexts such as
as if, even if, or what if require stronger contextual

filtering.

Case 3: Over-aggressive claim repair in Re-
anchoring. Consider the following Re-anchoring
example:

Evidence: Uncontrolled diabetes may damage
capillaries of nephrons. As a result, the kidneys
lose much of their ability to filter blood.
Claim: The kidneys lose much of their ability
to filter blood. As a result, uncontrolled diabetes
may damage capillaries of nephrons.

The gold label is not_support, because the
causal direction is reversed. In some cases, the
claim-side repair step may over-normalize the
claim into a relation closer to the evidence direc-
tion, effectively correcting the erroneous claim in-
stead of preserving its surface structure. If the
resulting repaired relation aligns with the evidence,
the Re-anchoring error is missed. This case high-
lights a key requirement for LLM-assisted repair:
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Model Macro-F1 Sup. P Sup. R Not-sup. P Not-sup. R

Generic prompt LLMs
GPT-5-mini 82.25 83.33 80.65 81.25 83.87
Qwen3.5-9B-Thinking 74.37 66.07 99.46 98.91 48.92
Qwen3.5-9B 55.11 56.40 99.46 97.73 23.12
Qwen3.5-4B-Thinking 64.86 62.00 100.00 100.00 38.71
Qwen3.5-4B 49.39 54.25 99.46 96.77 16.13

Fine-grained fact verification
FActScore 36.97 50.55 98.39 70.00 3.76

NLI and fact-checking models
NLI-DeBERTa-v3-Large 40.30 48.23 80.65 40.98 13.44
MiniCheck-DeBERTa 47.99 53.94 99.46 96.55 15.05
FDSpotter 82.01 74.30 99.46 99.19 65.59

Our Method
CARVE 96.23 93.88 98.92 98.86 93.55

Table 12: Class-wise precision and recall on the BEYONDATOMS Injection subset. Sup. denotes the support class
and Not-sup. denotes the not-support class.

Model Macro-F1 Sup. P Sup. R Not-sup. P Not-sup. R

Generic prompt LLMs
GPT-5-mini 72.41 68.72 83.42 78.91 62.03
Qwen3.5-9B-Thinking 56.88 57.19 100.00 100.00 25.13
Qwen3.5-9B 42.55 52.25 99.47 94.44 9.09
Qwen3.5-4B-Thinking 51.76 55.49 100.00 100.00 19.79
Qwen3.5-4B 41.67 52.23 100.00 100.00 8.56

Fine-grained fact verification
FActScore 42.92 49.52 82.35 47.62 16.04

NLI and fact-checking models
NLI-DeBERTa-v3-Large 46.27 50.17 77.54 50.59 22.99
MiniCheck-DeBERTa 39.79 51.39 98.93 85.71 6.42
FDSpotter 55.22 56.67 100.00 100.00 23.53

Our Method
CARVE 92.77 90.00 96.26 95.98 89.30

Table 13: Class-wise precision and recall on the BEYONDATOMS Omission subset. Sup. denotes the support class
and Not-sup. denotes the not-support class.

it should recover missing structure, but must not
rewrite the relational direction or correct the claim
using semantic plausibility.

Case 4: Wrong evidence relation anchor.
CARVE may also produce false positives when
the evidence relation is extracted with the wrong
left-side anchor. For example:

Claim: There are many more genes located on the
X chromosome than there are on the Y chromo-
some. As a result, there are many more X-linked
traits than there are Y-linked traits.
Evidence: . . . there are many more genes located
on the X chromosome than there are on the Y
chromosome. As a result, there are many more
X-linked traits than there are Y-linked traits.

The claim is supported by the evidence. How-
ever, if the evidence pool incorrectly extracts a
relation such as:

Extracted evidence relation:

Cause: Most sex-linked traits are reces-
sive

Result: there are many more X-linked
traits

Connective: as a result

then the left argument no longer matches the
claim-side cause. The downstream verifier may
diagnose a missing relation or Injection error. This
is not a failure of the alignment logic itself, but
of evidence-side relation anchoring, especially for
cross-sentence discourse markers such as as a re-
sult.

Case 5: Discourse anaphora and bridging.
CARVE is also sensitive to discourse anaphora.
Consider the following supported claim-evidence
pair:

Claim: Winds are stronger than on any other
planet in the solar system. This is because Nep-
tune receives little energy from the Sun to power
weather systems.
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Evidence: Winds are stronger than on any other
planet. The rapid winds surprised astronomers.
This is because Neptune receives little energy
from the Sun to power weather systems.

The evidence supports the claim, but the phrase
This is because may be incorrectly attached to
the nearest sentence, “The rapid winds surprised
astronomers,” rather than the earlier event about
strong winds. The extracted evidence relation then
becomes misaligned with the claim relation, lead-
ing to a false negative. This illustrates the difficulty
of resolving discourse-level references such as this,
that, and this is because in multi-sentence evidence.

Summary. CARVE’s failures are primarily rela-
tion representation errors: the system attempts to
verify relations explicitly, but the extracted graph
can be wrong. These errors arise from ambigu-
ous connectives, imperfect cross-sentence anchor-
ing, over-aggressive normalization, or unresolved
discourse anaphora. This contrasts with LLM-
thinking, whose errors mainly stem from relation
under-specification: it often verifies whether the
events are present, but not whether the relation be-
tween them is explicitly supported.
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