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Abstract

Structured claim decomposition is often proposed
as a solution for verifying complex, multi-faceted
claims, yet empirical results have been inconsistent.
We argue that these inconsistencies stem from two
overlooked bottlenecks: evidence alignment and
sub-claim error profiles. To better understand these
factors, we introduce a new dataset of real-world
complex claims, featuring temporally bounded ev-
idence and human-annotated sub-claim evidence
spans. We evaluate decomposition under two ev-
idence alignment setups: Sub-claim Aligned Evi-
dence (SAE) and Repeated Claim-level Evidence
(SRE). Our results reveal that decomposition brings
significant performance improvement only when ev-
idence is granular and strictly aligned. By contrast,
standard setups that rely on repeated claim-level
evidence (SRE) fail to improve and often degrade
performance as shown across different datasets and
domains (PHEMEPlus, MMM-Fact, COVID-Fact).
Furthermore, we demonstrate that in the presence
of noisy sub-claim labels, the nature of the error
ends up determining downstream robustness. We
find that conservative "abstention" significantly re-
duces error propagation compared to aggressive but
incorrect predictions. These findings suggest that
future claim decomposition frameworks must pri-
oritize precise evidence synthesis and calibrate the
label bias of sub-claim verification models.

1 Introduction
The task of claim verification involves determining the verac-
ity for a given claim based on associated evidence. It is crucial
for a number of different tasks, such as rumour or misinfor-
mation verification and fact-checking [Zubiaga et al., 2018;
Glockner et al., 2022; Guo et al., 2022; Pan et al., 2023].
Claim verification is particularly challenging when dealing
with complex claims which conflate multiple facts, requir-
ing granular reasoning over evidence for accurate verification.
To verify complex claims, humans identify several sub-parts
(sub-claims), gather multiple pieces of evidence and perform
multi-step reasoning [Nakov et al., 2021].

In such cases mapping the claim to a complete set of ev-
idence is non-trivial; A common approach is to disentangle
the sub-claims from the initial claim, (claim decomposition),
which is then followed by sub-claim verification and rationale
generation for each resulting sub-claim [Chen et al., 2022;
Pan et al., 2023]. Although laborious, this process offers more
transparency in the decision-making process, especially in
cases of insufficient or contradictory evidence relevant to dif-
ferent parts of a claim. However, this introduces an additional
error propagation factor since errors in sub-claim decomposi-
tion or sub-claim labels can mislead claim-level inference.

Performing claim verification using Large Language Mod-
els (LLMs) [Wang and Shu, 2023; Quelle and Bovet, 2023] has
recently gained popularity. Apart from single LLMs, Agentic
systems have also been applied to perform complex claim
verification [Ma et al., 2025; Liu et al., 2025]. However, these
still inherit the error propagation caveats due to decomposition
and misalignment of granular evidence.

Real world claim verification requires complex multi-hop
reasoning steps. Reasoning with LLMs suffers from impor-
tant shortcomings. For instance, [Dougrez-Lewis et al.,
2025] show that LLMs struggle with abductive reasoning
while LLM performance on claim verification is very much
domain-dependent. Specifically, LLMs are better at han-
dling simple claims from Wikipedia compared to real-world
data which manifest complex claims and hierarchical struc-
ture. This leads to a major bottleneck in claim verification
and fact-checking since most datasets, where the state-of-
the-art (SOTA) is trained and evaluated, are sourced from
Wikipedia [Guo et al., 2022]. Studies that have evaluated
the benefits of claim decomposition for fact-checking report
conflicting results [Tang et al., 2024; Wanner et al., 2024;
Chen et al., 2024]. According to [Tang et al., 2024] claim de-
composition is not necessary to improve LLM performance on
fact checking. By contrast, [Wanner et al., 2024] show that the
impact of decomposition is method-specific, especially when
considering LLM-based decomposition. [Hu et al., 2024] car-
ried out an in-depth analysis of claim decomposition, revealing
several deciding factors, including how the decomposition pro-
cess is defined and how evidence information is associated
with each sub-claim. Thus, the benefits of claim decomposi-
tion for complex claims are currently poorly understood. We
argue these conflicting findings largely stem from two factors:
(i) how evidence is aligned and aggregated at the sub-claim

PRELIMINARY PREPRINT VERSION – DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T



Claim (C)
Top French cartoonists Charb, Cabu, 
Wolinski, Tignous confirmed among 
dead in #Paris #CharlieHebdo attack. 

Editor is critically wounded.Charb, Cabu, Wolinski, and Tignous were confirmed dead in the Paris 
Charlie Hebdo attack. (s3)

The editor of Charlie Hebdo is critically wounded. (s2)

Charb, Cabu, Wolinski, and Tignous are French cartoonists at Charlie 
Hebdo. (s1)
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Figure 1: Our annotation and claim verification pipeline and different setups for the study. Oracle_(SAE/SRE) setups use gold sub-claim
labels, ablation models do not use any sub-claim labels and noisy setup (not shown in figure) uses predicted sub-claim labels. We use predicted
labels instead of oracle labels to evaluate the influence sub-claims have on claim veracity prediction. For that we swap the oracle labels to
predicted labels in Oralce_SAE & Oracle_SRE.

level, and (ii) whether sub-claim veracity signals are reliable
or noisy. Both of these can directly affect error propagation
to claim-level inference. Based on this, we hypothesize that
decomposition helps only when evidence is aligned at the
sub-claim level, and sub-claim veracity labels are reliable;
otherwise, decomposition can degrade performance in claim
verification.

Here we investigate how sub-claim decomposition impacts
complex claim verification in real-world data. Fig. 1 illustrates
our approach. We assume that a complex claim C correspond-
ing to an evidence set EC is decomposed into sub-claims
{sj}mj=1, each of which are paired with corresponding evi-
dence sets {Ej}mj=1 and annotated with sub-claim veracity
labels {yj}mj=1. These structured triples (sj , Ej , yj) serve as
inputs for sub-claim-level prediction and, when aggregated,
form the basis for claim-level veracity inference under both
oracle and noisy labels. Our approach connects human an-
notation, claim decomposition, and model evaluation into a
unified framework for complex claim verification. We show
that decomposition can improve performance under ideal la-
bels (oracle), but can be neutral or harmful when labeling is
noisy. Furthermore, to test the generalisability of the decom-

position effect, we evaluate the same pipelines not only on
temporally bounded rumour verification ( [Dougrez-Lewis et
al., 2022]), but also on two additional fact-checking datasets
(MMM-Fact [Xu et al., 2025] and COVID-Fact[Saakyan et
al., 2021]), which differ with respect to domain and evidence
characteristics. We make the following contributions,

• We introduce a dataset of real-world claims decomposed
into sub-claims accompanied by manually annotated sub-
claim-level evidence and fine-grained veracity labels
(§3).

• We formalize two complementary experimental settings
(i) claim veracity under oracle sub-claim labeling (upper
bound) (§5.1) and under predicted sub-claim labeling
(real-world scenario) (§5.4),and (ii) sub-claim veracity
(§5.3) as the upstream task; together these quantify how
sub-claim labeling errors propagate to claim-level verifi-
cation.

• We show decomposition improves performance under
sub-claim aligned evidence and reliable sub-claim sig-
nals, but can also be neutral or harmful under noisy la-
beling and coarse evidence. Thus, we highlight that the
benefits of decomposition are conditional, dependent on
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evidence quality and sub-claim error signals.

2 Related Work
Automatic Claim Decomposition. Several works have pro-
posed decomposing fact-checking claims into atomic text seg-
ments. Such segments (sub-claims/atomic facts/atomic propo-
sitions), are typically extracted by prompting LLMs [Zhang
and Gao, 2023], via hybrid approaches relying on key-
words [Gong et al., 2024] or predefined templates [Pan
et al., 2023; Liu et al., 2024]. Prompts are either tex-
tual propositions [Kamoi et al., 2023; Tang et al., 2024]
or queries for information retrieval [Chen et al., 2022;
Chen et al., 2024]. Apart from prompting methods, or-
chestrated multi-agent systems have also been used for
decomposition-based claim verification [Zhao et al., 2024;
Ma et al., 2025]. [Hu et al., 2024] provide valuable insights
for evaluating the effects of claim decomposition. However,
their work pertains to datasets containing automatically ex-
tracted sub-claim evidence and does not include real-world
complex claims, unlike the task we address here.

Claim Decomposition Datasets. Researchers have applied
claim decomposition for several purposes, including fine-
grained evidence retrieval [Kamoi et al., 2023; Zhang and
Gao, 2023], and factual verification of generated content
to mitigate hallucinations [Min et al., 2023; Wang, 2024;
Zhang et al., 2024].

To this effect, several fact-checking datasets containing sub-
claims have been proposed. Notable examples are BingCheck,
for evaluating the actuality of LLM-generated texts in response
to fact-checking [Li et al., 2024], LLM-AggreFact [Tang
et al., 2024] containing a suite of fact-checking corpora,
ClaimDecomp centered on extracting explicit and implicit sub-
claims [Chen et al., 2022], WiCE for fine-grained evidence
retrieval on Wikipedia [Kamoi et al., 2023], and AVERITEC
for real-world claim verification [Schlichtkrull et al., 2023a].

ClaimDecomp [Chen et al., 2022] and WiCE [Kamoi et al.,
2023] are the closest to our setting. In ClaimDecomp, sub-
claims are presented as questions to help evaluate the veracity
of complex claims extracted from Politifact. Both the claim
and the evidence-based justification, written by journalists,
are used to reverse-engineer the verification process, thus in-
troducing both literal (produced from the claim) and implied
sub-claims (produced from evidence). Here we adhere to a
more realistic setting of decomposing claims with no prior
knowledge of existing evidence. In WiCE, claim decomposi-
tion is carried out via LLMs, and each sub-claim is associated
with evidence manually annotated from Wikipedia articles.
Similarly, our dataset provides manually annotated evidence
texts for sub-claims but unlike WiCE, we focus on real-world
claim verification, consisting of social media content, where
rumours often emerge and spread [Zubiaga et al., 2018].

3 Dataset
3.1 Task Overview
Our task involves assessing the veracity of complex claims
through structured decomposition into sub-claims, each sup-
ported by relevant evidence. We first decompose claims into

distinct sub-claims, then independently verify each sub-claim
using associated evidence. We then analyze how this pipeline
behaves under different evidence association strategies (claim-
level vs sub-claim-aligned evidence) and different supervision
regimes (oracle vs predicted sub-claim labels), to quantify
error propagation to claim-level inference.

3.2 Dataset Creation
We filter complex claims within the PHEME dataset [Zubiaga
et al., 2016] by removing claims containing fewer than three
verbs and two sentences. This heuristic is a proxy method
for multi-fact composition introduced by [Chen et al., 2022].
PHEME contains a collection of claims posted on Twitter as
time-sensitive breaking news events were unfolding within a
specific time-frame. It contains 1972 rumourous claims related
to five events and each of the rumours are annotated with a ve-
racity label (True, False, Unverified). To decompose complex
claims into sub-claims, we adopted a fixed decomposition pro-
cedure to isolate the effects of evidence association and label
noise on verification performance, rather than optimizing the
decomposition model itself. We used an LLM-based schema
introduced by FactScore [Min et al., 2023] with gpt-3.5-turbo-
instruct to break down text into short statements covering only
one piece of information. This is followed by a manual evalua-
tion process using the claim detection guidelines in [Sundriyal
et al., 2022] to ensure that the resulting sub-claims contain
check-worthy information and are comprehensive when con-
sidered without the original claim. In total, we extract 423
complex claims from PHEME, covering five distinct events.
We then leveraged PHEMEplus [Dougrez-Lewis et al., 2022]
annotations to map these claims to relevant evidence from
news articles. PHEMEplus contains evidence-providing ar-
ticles for the claims within PHEME in a time constrained
manner (within 2 days of each event). We obtained 399 claims
after accounting for evidence quality and dataset artifacts in
PHEMEplus. We filtered out image-only evidence, hyperlinks
and embedded ads. We do not consider claims with associated
images in the tweet since decomposing such claims result in
non-sense sub-claims (URL links or pictures).
Domain generalisation. We additionally use MMM-Fact
and COVID-Fact to test generalisability of our findings be-
yond event-centric rumour verification. MMM-Fact is a
large-scale multi-domain fact-checking benchmark with multi-
source evidence. It has a full size of 125,449 samples
with evidence grouped into retrieval-difficulty levels (Ba-
sic/Intermediate/Advanced). We use intermediate level which
had 6-10 evidence sources per claim (21,873). COVID-
Fact is a domain-specific (health/COVID-19) real-world fact-
checking dataset with 4,086 claims paired with single source
evidence. Their goal was to test multi-document synthesis
(MMM-Fact), to better assess evidence alignment and to see
the decomposition and alignment effect in a narrower-domain
with less structural complexity (COVID-Fact).

3.3 Annotation Details
Given a claim, associated sub-claims and evidence providing
articles for the original claim, the task was to label the veracity
of the sub-claims and highlight relevant spans of evidence sup-
porting the assigned veracity label. The highlighted evidence
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Category Split T% U% F%

Claim Veracity
Total 48.37 31.33 20.3
Train 47.98 31.78 20.25
Test 50.00 29.49 20.51

Sub-claim Veracity
Total 57.66 34.05 8.3
Train 57.11 34.70 8.19
Test 59.75 31.54 8.71

Table 1: Label distributions (%) for claims and sub-claims per splits.

was later extracted as sub-claim level evidence. In particular,
each sub-claim was labeled as true (T), false (F), and Unver-
ified (U). Starting with 1169 sub-claims, these were evenly
distributed to three annotators, Phd students in Computer Sci-
ence, fluent in English, so that 300 samples were annotated
by all. The latter were used to calculate the Inter Annotator
Agreement (IAA) score. In short, we double-annotated 300
sub-claims for IAA; the remaining sub-claims were single-
annotated and distributed evenly, resulting in ≈290 unique
items per annotator. Annotators labeled a sub-claim as (T) if
directly supported by the evidence, (F) if contradicted, and
(U) if the evidence was insufficient or ambiguous. Evidence
spans were selected as the minimal set of sentences justifying
the label. We computed IAA as Bennett’s S score to account
for label imbalance, resulting in a score of 0.81. We also ana-
lyzed sentence-level overlap among annotators using BLEU
and BERTScore. The Average BLEU[Papineni et al., 2002]
ranged from ≈ 0.40–0.48 across pairs, and average symmetric
BERTScore [Zhang et al., 2019] F1 was around 0.49–0.56,
indicating moderate to strong overlap in selected evidence
spans.

Unlike Averitec, [Schlichtkrull et al., 2023b], our verifica-
tion process was not constructed as a QA process but rather
the annotators had to verify sub-claims based on the provided
evidence. Contrary to Factcheck-Bench’s [Wang, 2024] auto-
matic evidence retrieval, we manually selected evidence spans
to isolate the verification problem from retrieval errors[Ge et
al., 2025].

Our dataset differs from previous work in that we provide:
(i) human-annotated evidence texts per extracted sub-claim
rather than evidence automatically extracted by LLMs and (ii)
evidence documents per claim with a closed retrieval setting.
In particular, we consider only evidence documents that were
restricted to articles published within a fixed temporal window
around the event [Dougrez-Lewis et al., 2022], preventing
leakage from post-hoc reporting and ensuring a realistic real-
time verification setting. [Zubiaga et al., 2018]. Furthermore,
this controlled evidence setting allows us to isolate how sub-
claim evidence alignment and sub-claim label noise affect
decomposition-based verification, without conflating effects
from open-domain retrieval.

3.4 Dataset Details
Dataset statistics are in Table 1, including distribution of ve-
racity labels for both complex claims and sub-claims, with
399 complex claims corresponding to 1169 sub-claims. We
used the full dataset for oracle and ablation setups in Tables 2
and 3 with 929 samples for training the baseline and GNN

models in §4.3 and 240 as testing. The results in Tables 3, 4,
and 5, were calculated using this test set. On MMM-Fact we
extracted 1181 (5.40% of intermediate subset) complex claims
and 163 complex claims in COVID-Fact (3.99% full dataset).
These resulted in 2326 and 447 sub-claims respectively for
each dataset. Note that these datasets do not contain manually
annotated sub-claim labels or corresponding sub-claim aligned
evidence.

4 Experiments
While claim verification has increasingly been addressed
alongside explanation generation [Atanasova et al., 2020;
Jolly et al., 2022; Bilal et al., 2024], here we focus on assess-
ing the merits of claim decomposition given (i) claim-level
verification and (ii) sub-claim verification labels, while con-
sidering two evidence alignment settings (SRE Eq. (5) vs
SAE Eq. (6)) ((§5.3)) and two levels of labeling quality for
sub-claims (oracle vs predicted/noisy). Evidence is temporally
bounded and pre-linked (no open-domain retrieval) to isolate
decomposition effects from open retrieval errors.

We denote as C a complex claim and as EC = {ECi}ni=1
the complete evidence set corresponding to the original claim
C. C is decomposed into a set of m sub-claims {sj}mj=1,
each associated with an evidence set {Ej}mj=1 and a veracity
label yj ∈ {T, F, U}. Here, yj denotes either oracle sub-
claim labels (upper bound), predicted labels (realistic), or is
omitted in label-free ablation variants (Eq. (7) & Eq. (8)). The
overall claim-level veracity YC will depend on the veracity
and evidence of its sub-claims as follows:

YC = f(C, {(sj , Ej , yj)}mj=1) (1)

where each sub-claim evidence Ej derives from some claim
evidence ECi. To ensure temporal and contextual fidelity,
evidence sets are restricted to information available before the
claim timestamp:

ECi ⊆ {e ∈ D : t(e) ≤ t(C)} (2)

where D is the document collection, t(e) is the publication
time of evidence e, and t(C) is the time when the claim C
emerged. This constraint prevents open-domain retrieval to
avoid compromising the time-sensitive nature of the dataset as
it would otherwise retrieve evidence not available at the time
of unfolding events; events happening in real time usually
generate unverified claims that are later resolved within a
few hours to a few days. As our goal was not to propose a
new retrieval method, we fix evidence to measure the causal
effect of decomposition choices instead of compounding it
with retrieval errors.

4.1 Claim Veracity
Experiment details. Here the task is to verify a claim (label
as T/F) given a set of evidence texts, known to be relevant to
the claim where evidence documents are pre-linked to each
claim via PHEMEPLUS within a temporally bounded window.
We do not consider unverified (U) labels and drop them as
these were not typically supported by corresponding evidence
within the PHEMEPlus subset. All experiments at claim-
level are conducted using the Qwen3-14B [Yang et al., 2025]
reasoning model.
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We first perform claim-level veracity prediction using ora-
cle sub-claim labels [Huang et al., 2024; Yang et al., 2024] to
establish an upper bound on performance. Here, yj the gold
sub-claim is provided as part of the structured input to test the
best-case scenario for decomposition; these are later replaced
with predicted labels Eq. (10) or omitted in ablations (Eq. (7)
& Eq. (8)) to reflect realistic usage. The model predicts claim
veracity as:

ŶC = M(C, E) (3)
where E represents the evidence configuration used. We con-
sider the following evidence alignment configurations per set-
ting: Claim-level evidence (ECi), for the Vanilla and Sub-
claims with Repeated Claim-level Evidence (SRE) exper-
imental settings, and Sub-claim level evidence (Ej) for the
Sub-claims with Aligned Evidence (SAE) setting:

(i) Vanilla: E = EC = {ECi}ni=1 (4)
(ii) SRE: E = (sj , {ECi}ni=1, yj)

m
j=1 (5)

(iii) SAE: E = {(sj , Ej , yj)}mj=1 (6)

In practice, SRE repeats the same claim-level evidence
block after each sub-claim in the prompt, whereas SAE inserts
the sub-claim-specific evidence block Ej next to its sub-claim
sj .
Ablation. We conduct a set of targeted ablation studies, with
the aim of isolating the impact of the oracle sub-claim veracity
labels on downstream model performance and quantifying the
influence of evidence alignment. Here, we use the same model
setting as Equation 3, but in the ablations the evidence for
SRE and SAE isn’t paired with any sub-claim veracity labels.

(i) Abl. SRE: E = (sj , {ECi}ni=1)
m
j=1 (7)

(ii) Abl. SAE: E = {(sj , Ej)}mj=1 (8)

Ablation SRE also mirrors real-world use cases where we may
have sub-claims available, with the parent claim and corre-
sponding evidence but no sub-claim labels or sub-claim level
evidence. Indeed, Ablation SRE is the setup used in the experi-
ments for the MMM-Fact and COVID-Fact datasets. The SAE
setting was not possible for these as contrary to the dataset
introduced in this paper, they lack human-annotated sub-claim
evidence spans, a resource-intensive annotation process.
Metrics and statistical significance. Claim-level verifica-
tion performance (See Table 2) is gauged using two primary
metrics: macro-averaged F1-score and balanced accuracy
[Brodersen et al., 2010]. We use both due to the class im-
balance between claim veracity labels. Models were run over
three independent random seeds (six for ablations).
Statistical Significance: We applied paired statistical test-
ing on claims across model configurations to evaluate the
statistical significance of our findings. We performed a paired
bootstrap analysis (Primary Performance ∆) to assess the dif-
ferences in F1 and Accuracy metrics. Claims were selected
with replacement (N = 1000 resamples) to compute the per-
formance difference (∆ = MetricSAE/SRE − Metricbaseline) for
each resample. We report the two-sided bootstrap p-value
(pboot) (how often ∆s crosses zero). To evaluate the signifi-
cance of changes in correct/incorrect predictions, we utilized

McNemar’s test (Categorical Agreement) on the 2× 2 table
of paired correctness on the same claims. This focuses specifi-
cally on instances where (SAE/SRE)) and baseline disagree.
We report both the McNemar p-value and the Odds Ratio (OR)
of the disagreeing pairs (b01/b10) as a measure of effect size,
indicating how many times more likely the model is to correct
a baseline error than to introduce a new one.

4.2 Sub-claim Veracity
Experiment details: Sub-claim veracity is formulated as
a classification task [Guo et al., 2022] where individual sub-
claims are classified with the claim-level evidence (claim level
evidence is repeated per sub-claim). Each sub-claim is con-
sidered to be a discrete instance. At the sub-claim level, each
sub-claim sj is independently classified as:

ŷj = M(sj , {ECi}ni=1) (9)
We predict ŷj ∈ {T, F, U}, since decomposed sub-claims can
remain unresolved even when the overall claim is verifiable.
We evaluate using the macro-averaged F1-score. We do not
consider sub-claim veracity prediction given sub-claim evi-
dence as this deviates from real-world scenarios where only
claim-level evidence is available e.g. to journalists.

Predicted sub-claim veracity labels are then aggregated to
infer claim-level veracity under noisy sub-claim labels (setting
SRE_Noisy in Table 3):

Ŷ
(noisy)
C = f(C, {(sj , E , ŷj)}mj=1) (10)

Here, f is the classifier that aggregates the claim and sub-
claim information. This setup allows us to assess how noisy
sub-claim predictions ŷj influence overall claim verification.
We use an LLM-based aggregator, and leave a systematic
comparison against deterministic or learned aggregation rules
(e.g., conjunctive/disjunctive logic over ŷj , or meta-classifiers)
as future work.

4.3 Models for Sub-claim Veracity Prediction
Graph Neural Network Baseline. We chose GNNs as a
strong structured baseline. Our Graph Neural Network (GNN)
is a variant of [Bilal et al., 2024], able to leverage evidence
from both news articles and Twitter threads, tested on PHEME-
plus. It is structured as a bipartite graph to perform sub-claim
veracity prediction with two distinct node sets: tweet nodes
(preserving thread structure) (xt ∈ Rn×512) and evidence
nodes (xe ∈ Rm×128), interconnected via dedicated edges.
Tweet and evidence texts are encoded into initial node embed-
dings using pretrained encoders. The training was done with
leave-one-event-out [Kochkina and Liakata, 2020] (learning
rate=5e−5, weight decay= 1e−4, batch size=20).
Encoder Models. We use CHEF [Hu et al., 2022] a BERT-
based sub-claim verifier that performs evidence selection
before veracity classification. We report the two strongest
CHEF variants: CHEFlatent (hard selection via Hard Ku-
maraswamy [Bastings et al., 2019]) and CHEFrl(Bernoulli se-
lection optimized with RL [Lei et al., 2016]). We additionally
use BERT[Devlin et al., 2019] as a strong encoder baseline:
larger encoders tended to overfit (low-resource setting) in our
preliminary trials, so we use BERT as a competitive and stan-
dard control. We chunk long evidence to fit the model context
(learning rate=5e−5, weight decay=1e−4, batch size=8).
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Setup Dataset F1 ± std ∆ pboot OR / McNemar(p) Balanced Acc. ± std ∆ pboot OR / McNemar(p)

Vanilla
PHEMEplus

0.5643± 0.0091 – – – 0.6072± 0.0074 – – –
Oracle_SRE 0.5872± 0.0127 +0.0229 0.124 1.52 / 0.0227 0.6117± 0.0136 +0.0045 0.774 1.52 / 0.0227
Oracle_SAE 0.6268 ± 0.0098 +0.0625 0.0000 2.13 / 0.0000 0.6558 ± 0.0135 +0.0486 0.0000 2.13 / 0.0000

Vanilla CovidFact 0.7365 ± 0.0248 – – – 0.7559 ± 0.0240 – – –
Ablation_SRE 0.7252± 0.0161 -0.0113 0.549 0.96 / 0.5599 0.7533± 0.0148 -0.0326 0.115 0.86 / 0.1153

Vanilla MMM-Fact 0.7550 ± 0.0069 – – – 0.7451 ± 0.0065 – – –
Ablation_SRE 0.6878± 0.0064 -0.0672 0.0000 0.05 / 0.0000 0.7120± 0.0127 -0.0377 0.0000 0.05 / 0.0000

Table 2: Claim-level veracity given oracle sub-claim labels (PHEMEPlus) and no sub-claim labels (CovidFact, MMM-Fact)§(3.4), to assess the
effect of evidence alignment. Macro F1 and Balanced Accuracy with paired statistical analysis relative to the base model. ∆ shows absolute
performance change vs. Vanilla. Paired bootstrap p-values reports the two-sided probability of ∆ crossing zero. ‘OR / McNemar(p)’ report the
paired odds ratio (OR) and McNemar(p) for paired correctness differences. Best results in bold.

Large Language Model. For both claim and sub-claim ve-
racity prediction our LLM of choice is Qwen3-14B reasoning
model. We evaluate Qwen3-14B in zero-shot mode with a
fixed prompt (temperature=0.3). We initially used Llama 3.1
8B-instruct and Phi4 Reasoning-14B but found both failed at
structured input based prediction.

5 Results
5.1 Claim Veracity Results
As Table 2 shows, the benefits of decomposition depend heav-
ily on how the evidence is aligned. On PHEMEPlus, decom-
position offers a clear advantage when sub-claim evidence is
available and aligned with sub-claims (SAE). We see statisti-
cally significant gains over the Vanilla baseline (+ 0.0625 F1
and +0.0486 balanced accuracy). However, simply repeating
claim-level evidence (SRE) on the same dataset, without asso-
ciated sub-claim evidence to match the sub-claims and their
labels, produces negligible changes, suggesting that usefulness
of decomposition is conditional upon evidence alignment. The
limitations of SRE become even clearer on MMM-Fact and
COVID-Fact where it fails to improve verification on either
dataset. Vanilla slightly edges out on COVID-Fact, while on
MMM-Fact, the drop from providing noisy sub-claims (with-
out labels or evidence) is substantial (macro-F1 ∆ : −0.0672,
balanced accuracy ∆ : −0.0521). These findings validate our
core hypothesis that decomposition works when evidence is
tightly coupled with valid sub-claim signals. Without such
alignment, the process tends to introduce noise that harms the
final inference, a phenomenon we analyze further in (§5.4).
These findings highlight the need for proper evidence synthe-
sis.

5.2 Ablation Results
Table 3 highlights a trade-off between evidence granularity and
the quality of sub-claim labels. When using redundant claim-
level evidence but no sub-claim veracity labels (Ablation SRE),
the model relies little on sub-claim veracity. However, in the
aligned setting where sub-claim evidence is provided (Abla-
tion SAE), the absence of sub-claim veracity labels is detri-
mental. The model performs significantly worse than standard
SAE and even falls below the SRE baseline. This indicates
that granular, sub-claim-level, evidence is insufficient on its
own. Without the signal from correct sub-claim veracity labels,
the model struggles to synthesize the fine-grained information,

leading to inference errors that coarser evidence setups seem
to avoid.

5.3 Sub-claim Veracity Results
Table 4 presents the sub-claim veracity results. The zero-
shot Qwen3-14B sets the state of the art with 56.94% macro-
F1. The performance gap between the GNN (45.79%) and
the encoder-based CHEF variants (≈ 28%) underscores the
necessity of structured modeling for this task. While encoders
struggle with overfitting and evidence integration, the GNN
successfully captures evidence interactions, though it still falls
short of the LLM’s reasoning capabilities. However, the low-
resource nature of the dataset makes it much harder for trained
encoders to perform well compared to much larger LLMs.

5.4 Effects of Noisy Sub-claim Predictions
Table 3 shows that replacing oracle sub-claim labels with
predicted ones reduces performance. However, the severity
of this drop depends on the evidence configuration. Under
the aligned SAE setting, the degradation is moderate (Qwen
SAENoisy: ∆− 0.0304 F1). However, under SRE, the models
collapse (dropping to ≈ 0.44 F1), confirming that redundant
claim-level evidence exacerbates error propagation from noisy
sub-claim labels. This error propagation pattern aligns with
findings from [Lyu et al., 2025] in multi-hop verification, con-
firming that intermediate step errors compound through the
pipeline. A deeper look at the per-model error analysis re-
veals distinct model biases. From Table 5 we can see that,
during sub-claim prediction, when GNN commits (non-U),
its accuracy on T/F (Accv) is comparable to Qwen (0.625
vs 0.646), but it abstains far more (35% vs 15.8%) and al-
most never detects refutations (RF 0.039 vs. 0.314). This
gap is driven primarily by coverage on verifiable sub-claims
(T/F). Qwen issues a polarity label for 85.7% of verified cases
(Covver=0.857), while GNN commits on only 66.7% (0.667).
Moreover, Qwen’s increased refutation sensitivity comes with
modest precision (PF 0.276 vs. 0.154), indicating more fre-
quent false positives for F alongside higher RF . Thus, decom-
position success depends not only on correctness when com-
mitting, but on the model’s commit/abstain and refute/affirm
bias. This distinction explains the downstream effects where
in the presence of fine-grained evidence (SAE), the GNN’s
tendency to predict Unverified acts as a safety mechanism, but
also misses crucial refutations. Ultimately, this analysis shows
that sub-claim macro-F1 is a poor predictor of success and
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Setup F1 Macro ± std ∆ F1 Balanced Accuracy ± std ∆ Acc

Oracle_SRE 0.5872 ± 0.0127 – 0.6117 ± 0.0136 –
Ablation_SRE 0.5808 ± 0.0064 −0.0064 0.6259 ± 0.0052 +0.0142

Oracle_SAE 0.6268 ± 0.0098 – 0.6558 ± 0.0132 –
Ablation_SAE 0.5485 ± 0.0052 −0.0783 0.6220 ± 0.0065 −0.0338

Effect of Noisy sub-claim Predictions on Claim Verification (all ∆ vs. SAE_oracle)

Oracle_SAE 0.6268 ± 0.0098 – 0.6558 ± 0.0132 –
Qwen Noisy_SAE 0.5964 ± 0.0360 −0.0304 0.6425 ± 0.0595 −0.0133
Qwen Noisy_SRE 0.4335 ± 0.0439 −0.1933 0.4411 ± 0.0512 −0.2147
GNN Noisy_SAE 0.5839 ± 0.1202 −0.0429 0.5963 ± 0.1361 −0.0595
GNN Noisy_SRE 0.4416 ± 0.0489 −0.1852 0.4399 ± 0.0609 −0.2159

Table 3: Claim-level veracity performance comparison under ablations and noisy sub-claim prediction inputs for PhemePLUS (§3.4). Ablation
∆s are computed relative to the corresponding full model with sub-claim labels. That is, Ablation_SRE (no sub-claim labels, claim-level
evidence) vs. Oracle_SRE (oracle sub-claim labels, claim-level evidence) and Ablation_SAE (no sub-claim labels, sub-claim level evidence) vs.
Oracle_SAE (oracle sub-claim labels, sub-claim-level evidence). In the noisy setting, ∆s are computed relative to Oracle_SAE, where noisy
variants use predicted sub-claim labels and oracle uses the gold sub-claim labels. Noisy labels were obtained either via GNN or Qwen3-14B.

Model F1 Macro (%)

CHEFlatent 27.30± 7.11
CHEFrl 28.92± 6.56
Bert-Chunk 41.90± 0.57
GNN 45.79± 1.25
Qwen3-14B 56.94± 0.92

Table 4: Macro F1 scores (%) with standard deviation across 3 seeds
for sub-claim-level veracity classification on PhemePLUS (§3.4).

that error analysis, especially the balance between conserva-
tive abstention and aggressive detection determines whether
decomposition can improve verification.

6 Discussion and Future Work
The Alignment Bottleneck. Our experiments clarify a
boundary condition for decomposition-based verification:
claim decomposition is not a universal performance booster,
but rather depends on evidence granularity. Decomposition im-
proves performance only when sub-claims are paired with sub-
claim-aligned evidence (SAE setting). When evidence is re-
peated at the claim level (SRE), decomposition adds structure
without resolving ambiguity and can degrade performance as
seen on MMM-Fact and COVID-Fact, where the SRE setting
failed to improve over Vanilla. This suggests that the primary
real-world bottleneck is often evidence synthesis. Without
reliable sub-claim–evidence alignment, decomposition offers
limited value and may rather amplify noise.

Sensitivity to Error Profiles. Moving from oracle to pre-
dicted sub-claim labels shows upstream noise affects decompo-
sition, but the type of labeling error matters more than overall
accuracy. Under noise, SRE collapses, while SAE can remain
comparatively stable depending on the predictor’s label bias.
We observe that the GNN behaves conservatively, frequently
predicting Unverified; in a granular-evidence setting this can
be beneficial, by avoiding incorrect polar signals. By contrast,
Qwen is biased towards refutations and risks more false posi-
tives. Thus,stabilizing decomposition pipelines may require

Model U F RF PF Cv Av|¬u Av

Qwen 15.8 24.2 .31 .28 .86 .55 .65
GNN 35.0 5.4 .04 .15 .67 .42 .63

Table 5: Sub-claim-labeling profile (F/U) (§3.4). U and F are per-
centages. RF and PF are refutation recall and precision. Cv is
coverage/non-abstain rate on verified sub-claims (GT∈ {T, F}).
Av|¬u counts abstentions as errors; Av is verified-subclaim accuracy.
T prediction is similar: 60.0% for Qwen and 59.6% for GNN.

optimizing the sub-claim predictor’s label bias rather than
maximizing macro-F1 alone.

Future Directions: Human-Centric and Real-Time Veri-
fication. Beyond algorithmic accuracy, the ultimate utility
of decomposition lies in its interpretability. A key avenue for
future work is evaluating whether sub-claim-level rationales
genuinely assist human fact-checkers (e.g., journalists) in iden-
tifying missing evidence or isolating disputed claims, rather
than simply increasing cognitive load. Finally, our current
setup uses temporally bounded but static evidence snapshots.
In breaking news scenarios, such as those on social media, in-
formation evolves rapidly. Future systems must move towards
just-in-time verification, utilizing timeline summarization to
capture evolving narratives and explicitly representing the sta-
tus of sub-claims as "unresolved" until sufficient evidence
becomes available.

7 Conclusion
We investigate the role of structured sub-claim decomposition
in complex claim verification. By leveraging a real-world
dataset with human-annotated sub-claim evidence spans, we
show that decomposition is not a universal remedy: it requires
granular, sub-claim-aligned evidence and reliable veracity la-
bels to be effective. However, our results reveal that when
these ideal conditions are met, sub-claim decomposition
leads to significant performance gains over vanilla methods
that treat claims monolithically.

By contrast, when evidence is limited to the claim level
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or when sub-claim labels are noisy, the benefits of decompo-
sition diminish or even become detrimental to performance,
as shown with our findings on MMM-Fact and Covid-Fact.
Our ablation experiments further confirm a critical interaction
between evidence granularity and label reliability: providing
granular evidence without reliable labels can confuse the veri-
fication model. Furthermore, downstream robustness depends
heavily on the label bias of the verification model (e.g., the
safety of abstaining via an Unverified label versus the risk of
committing to incorrect polarity). Ultimately, we conclude
that the primary bottleneck for deployment in real-world set-
tings is not decomposition itself, but the capability for precise
evidence synthesis and alignment.

Future research should prioritize developing robust sub-
claim predictors that optimize for label bias, specifically favor-
ing calibrated abstention over incorrect polarity. Additionally,
critical advancements are needed in evidence synthesis to pro-
duce sub-claim-aligned spans, particularly under temporal
constraints. Ultimately, the goal is to design verifiers that can
leverage structured decomposition while remaining resilient
to noisy labeling inherent in real-world settings.
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