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Abstract001

Existing long-form factuality evaluation re-002
lies on the decompose-retrieve-verify pipeline.003
However, the pipeline suffers from noise from004
claim decomposition and fixed verification005
granularity, resulting in unreliable results. We006
propose ElementCheck, a complexity-aware007
framework that verifies long-form outputs via008
sentence elements. Instead of uniformly de-009
composing sentences into atomic sub-claims,010
ElementCheck extracts entity pairs that are ex-011
plicitly linked through verifiable connections012
in the original sentence as elements, and orga-013
nizes these into an element graph. The graph014
topology provides a structural signal for esti-015
mating sentence complexity, enabling direct016
verification for simple sentences and targeted017
element-level refinement and verification for018
complex ones. To support fine-grained eval-019
uation, we construct FastFact-Sent by map-020
ping isolated claims from FastFact-Bench back021
to their source sentences. Experiments on022
FastFact-Sent and two domain-specific bench-023
marks show that ElementCheck consistently024
improves factuality verification across five025
backbone models while maintaining a favor-026
able accuracy-cost trade-off. Further analyses027
demonstrate that complexity-aware verification028
reduces unnecessary re-verification and main-029
tains stability across different backbones.030

1 Introduction031

With the advances of generation and reasoning abil-032

ities of large language models (LLMs) (Chen et al.,033

2025a; Yu et al., 2024), models can handle com-034

plex text and generate long-form outputs consist-035

ing of multiple sentences (Wang et al., 2025; Bai036

et al., 2024). Compared with short-form outputs,037

long-form text contains more factual claims with038

complex dependencies, where errors are difficult to039

localize and verify (Wei et al., 2024). Existing fac-040

tuality evaluation typically relies on automatic fact-041

checking (AFC) systems based on a Decompose-042

Retrieve-Verify pipeline (Hu et al., 2025). These043

Sentence: Under high-throughput DNA storage workloads, DNA 
encoding scheme becomes a bottleneck because its error-correction 
module increases sequence redundancy, unlike retrieval-based 
indexing methods that can scale by narrowing the search space.

Claim Decompose
1. DNA encoding scheme becomes a bottleneck under high-throughput 
DNA storage workloads.
2. DNA encoding scheme has an error-correction module.
3. The error-correction module belongs to the DNA encoding scheme.
4. The error-correction module increases sequence redundancy.
5. Retrieval-based indexing methods can scale.
6. Retrieval-based indexing methods narrow the search space.
7. DNA encoding scheme and retrieval-based indexing methods have 
different scalability mechanisms.
…… Over decomposition Semantic drift
Retrieve and Verify Claim by Claim……

Element Extraction in the Sentence
1. (DNA storage workloads, DNA encoding scheme)
2. (DNA encoding scheme, bottleneck)
3. (DNA encoding scheme, error-correction module)
4. (error-correction module, redundancy)
5. (DNA encoding scheme, retrieval-based indexing methods)
6. (retrieval-based indexing methods, search space)

Element-based Verification
Support: ……
NEI: (retrieval-based indexing methods, search space)
Dynamic Refinement and Re-verify ……

ElementCheck

Decompose-Retrieve-Verify

Figure 1: Comparison of the fact-checking process be-
tween Elementcheck pipeline and Decompose-Retrieve-
Verify pipeline.

systems first decompose generated text into atomic 044

claims, then retrieve supporting evidence, and fi- 045

nally verify the veracity of each claim (Wei et al., 046

2024; Song et al., 2024; Min et al., 2023). 047

While being effective for short and well-bounded 048

claims (Sathe et al., 2020; Li et al., 2024), existing 049

systems suffer from two salient limitations for long- 050

form text. First, LLM-based claim decomposition 051

often introduces noise. As shown in Figure 1, the 052

decomposition produces over-decomposed claims 053

or claims affected by semantic drift. Such decom- 054

position noise can compromise the faithfulness of 055

downstream verification. Second, existing systems 056

typically adopt a fixed verification granularity (Min 057

et al., 2023; Song et al., 2024), ignoring differ- 058

1



ences in verification complexity. Some claims (e.g.,059

“Retrieval-based indexing methods can scale”) can060

be verified with minimal evidence or commonsense061

knowledge, while other claims require multi-hop062

or more fine-grained analysis over multiple pieces063

of evidence. Applying the same verification pro-064

cedure can either lead to a computation waste on065

simple claims or fail to adequately verify complex066

ones (Pan et al., 2023; Lu et al., 2025). These067

limitations call for a verification framework that068

preserves the original factual structure of long-form069

text while dynamically adapting verification granu-070

larity to claim complexity.071

To address these limitations, we propose Ele-072

mentCheck, a complexity-aware framework for073

adaptive long-form factuality verification via sen-074

tence elements. Instead of uniformly decompos-075

ing all sentences into atomic or sub-claims, Ele-076

mentCheck first extracts entity pairs that are ex-077

plicitly linked through verifiable connections as078

elements and constructs an element graph that079

serves as verification anchors. The topology of080

this graph provides a structural signal for estimat-081

ing verification complexity. Based on this signal,082

ElementCheck dynamically determines the verifi-083

cation granularity for different sentences. For struc-084

turally simple sentences, ElementCheck directly085

verifies them as complete units. For structurally086

complex sentences, ElementCheck first verifies the087

individual factual elements within the graph to iden-088

tify uncertain or unsupported regions. When unver-089

ifiable elements are detected, it reconstructs refined090

claims from the corresponding local subgraphs and091

performs targeted re-verification. In this way, Ele-092

mentCheck transforms claim decomposition from093

a fixed step into a dynamic and adaptive refinement094

process, enabling finer-grained verification only095

when necessary while avoiding unnecessary costs096

for easy-verification cases.097

A key obstacle in long-form factuality evalua-098

tion is the lack of fine-grained sentence-level re-099

sources for evaluating the reliability of long-form100

fact-checking pipelines. Existing studies, such as101

SAFE (Wei et al., 2024) and VeriScore (Song et al.,102

2024), mainly evaluate the factuality of model re-103

sponses, rather than the pipeline itself. Although104

FastFact-Bench (Wan et al., 2025) provides human-105

extracted claims at the response level, it does not ex-106

plicitly retain their sentence-level provenance. To107

this end, we construct FastFact-Sent from FastFact-108

Bench. We map each human-annotated claim back109

to its source sentence in the original response,110

thereby producing a fine-grained long-form factu- 111

ality checking dataset with 5,020 factually verified 112

sentences across 380 model responses. 113

We evaluate our ElementCheck against several 114

factuality verification frameworks on FastFact-Sent, 115

and two domain-specific benchmarks (Chen et al., 116

2026; yi chen et al., 2026). Experimental results 117

show that ElementCheck consistently outperforms 118

baseline frameworks across 5 backbone models and 119

achieves a favorable trade-off between verification 120

performance and computational costs. We further 121

analyze the routing efficiency, refinement behav- 122

ior, and cross-backbone stability of ElementCheck. 123

Analyses show that complexity-aware adaptive 124

verification effectively allocates refinement effort 125

based on structural complexity, substantially re- 126

ducing unnecessary re-verification while maintain- 127

ing strong verification performance across different 128

models. We release our data and code at this anony- 129

mous repo. 130

2 Related Work 131

Automated Fact-Checking Automated fact- 132

checking (AFC) assesses the veracity of claims 133

and is typically subdivided into claim detection 134

& extraction, evidence retrieval, and verdict pre- 135

diction (Akhtar et al., 2023). As the spread of 136

misinformation intensifies, AFC helps provide 137

reliable, evidence-based verification (Guo et al., 138

2022). Evidence-based AFC has been exten- 139

sively studied under controlled benchmarks, includ- 140

ing FEVER (Thorne et al., 2018), HoVer (Jiang 141

et al., 2020), WikiFactCheck (Sathe et al., 2020), 142

and ChartCheck (Akhtar et al., 2024). To bet- 143

ter reflect real-world verification, recent bench- 144

marks retrieve evidence from the open web, 145

such as MultiFC (Augenstein et al., 2019) and 146

AVeriTeC (Schlichtkrull et al., 2023), with exten- 147

sions to multimodal image–text claims in AVerI- 148

maTeC (Cao et al., 2025). SELFAR (Vargas et al., 149

2024) improves explainable fact-checking, and 150

Ev2R (Akhtar et al., 2025) further calls for ex- 151

plicit evaluation of evidence retrieval quality. How- 152

ever, achieving robust end-to-end fact-checking re- 153

mains a formidable challenge. Verification frame- 154

works and models like AlignScore (Zha et al., 155

2023) and ANAH (Ji et al., 2024) suffer from sig- 156

nificant performance degradation when encounter- 157

ing out-of-distribution verification tasks. Subse- 158

quent frameworks, such as MiniCheck (Tang et al., 159

2024), SELF-CHECKER (Li et al., 2024), and 160
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DEFAME (Braun et al., 2025), explore multi-step161

pipelines to orchestrate the automated verification162

process. This fine-grained verification improves163

quality but comes with higher compute and la-164

tency (Jayasekara and Trummer, 2025; Nanekhan165

et al., 2025), preventing current fine-grained meth-166

ods from scaling to long-form scenarios. However,167

these approaches primarily target single-claim ver-168

ification; when applied to long-form generations,169

the number of elements grows rapidly, amplifying170

the trade-off between precision and efficiency, mo-171

tivating dedicated long-form factuality evaluation.172

Long-Form Factuality Evaluation Given173

high claim density and mixed verifiability,174

FactScore (Min et al., 2023) was the first to175

propose fact-checking long texts based on atomic176

claims. GraphCheck (Chen et al., 2025b) conducts177

fact-checking with a static relation graph, and178

FactTool (Chern et al., 2023) enhances the179

reliability of the verification results by calling180

external retrieval and execution tools. Long-181

Fact (Wei et al., 2024) exemplifies this paradigm182

via a search-augmented evaluator. Recent work183

improves efficiency by streamlining the pipeline,184

such as VeriFastScore (Rajendhran et al., 2025)185

and FastFact (Wan et al., 2025). Meanwhile, a186

growing body of works recognizes the impact of187

claim decomposition on fact-checking of long188

texts (Jiang et al., 2025; Wanner et al., 2024).189

Claimify (Metropolitansky and Larson, 2025)190

enhances claim quality by explicitly identifying191

and resolving linguistic ambiguities during the192

decomposition process, and DNDSCORE (Wanner193

et al., 2025) examines the interaction between194

decomposition and decontextualization. VERI-195

FACT (Liu et al., 2025) optimizes fact extraction196

by optimizing the context. However, these197

operations are still claim-centric, which largely198

introduces new overhead costs. In contrast,199

this paper focuses on more fundamental factual200

elements, avoiding the uncertainties introduced by201

decomposition, thus controlling costs while also202

preventing the introduction of additional errors.203

3 Method204

The overview of ElementCheck is shown in Fig-205

ure 2. In this section, we elaborate on the complete206

ElementCheck pipeline, including Check-worthy207

Sentence Acquisition, Element Extraction, Evi-208

dence Retrieval, and Complex-aware Verification.209

3.1 Check-worthy Sentence Acquisition 210

ElementCheck adopts a sentence-as-claim strategy 211

rather than starting from atomic claim extraction. 212

The key observation is that a check-worthy sen- 213

tence is often sufficiently self-contained to sup- 214

port a factuality verdict, while its decomposed sub- 215

claims remain semantically subsumed by the sen- 216

tence itself. This design avoids over decomposition 217

or semantic drift, while preserving the local context 218

needed for reliable verification. 219

Formally, given an input text with preliminary 220

sentence sequence S = {S1, S2, . . . , Sm}, we then 221

apply a check-worthiness acquisition operator by 222

an elaborately designed prompt CW(·) to obtain a 223

refined sequence of factuality-checkable sentences: 224

S∗ = {s∗1, s∗2, . . . , s∗n} = CW(S), (1) 225

where n ≤ m, resulting from the filtration of in- 226

trinsically unverifiable content, such as subjective 227

comments, imperative sentences and navigational 228

discourse. The sentence sequence is obtained by 229

default through en_come_web_sm segmentation. 230

3.2 Element Extraction 231

The essence of fact-checking lies in verifying dis- 232

crete factual units (Metropolitansky and Larson, 233

2025). To rigorously quantify this process, we 234

define elements according to whether entities are 235

explicitly linked by linguistic structures that jointly 236

express a verifiable fact, rather than by surface- 237

level co-occurrence. Given a check-worthy sen- 238

tence s∗, we extract a set of fact elements Es∗ : 239

Es∗ = {(ei, ej) | ei, ej ∈ Vs∗ , CONN(ei, ej)},
(2) 240

where Vs∗ denotes the set of entities in s∗. The 241

function CONN(ei, ej ; s
∗) indicates that ei and ej 242

are explicitly connected by a linguistically licensed 243

factual relation in the sentence. Such connec- 244

tions include predicative relations, attributive re- 245

lations, modifying relations, appositive or exempli- 246

fication structures, temporal or spatial anchoring, 247

and causal dependencies as shown in Figure 1. 248

Based on the extracted elements, we construct 249

an element graph: 250

Gs∗ = (Vs∗ , Es∗), (3) 251

where nodes set Vs∗ correspond to factual entities 252

and edges set Es∗ indicate explicitly expressed fac- 253

tual connections between entity pairs. We do not 254
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Sentence 
Filter

&
Coreference
Resolution

Why is abacus computing faster than 
DNA computing for deep learning?

The reasonings are mainly reflect as below:
Abacus represents electronic computing.
……
In essence, while DNA computing offers theoretical
parallelism for niche problems, its speed, precision,
and ecosystem make it superior for deep learning’s
demands the DNA computing

Step 1: Check Worthy Sentence Acquisition

Step 2: Element Exaction

Sentence1: The reasonings…

Sentence2:  Abacus repres…

Sentence3:  In essence, while…

PASS

SAVE

SAVE

…

Sentence2:  Abacus repres…

Sentence3:  In essence, while…SAVE…

SAVE

Step 3: Evidence Retrieval
Evidence List 2Sentence2:  Abacus repres…

Sentence3:  In essence, while…SAVE…

SAVE
Web Search

Evidence List 3

Simple
Graph

Complex
Graph

Step 4: Complexity-aware Verification

Is Connective
& Diam ≤ 3

Yes

No

Start with Graph Router

Sentence 2

… Evidence List 2

Direct
Verification Verdict:

Refute

Sentence 3

Evidence List 3
Element-based

Verification
NEI Elements:

Other Elements is 
Supported by 
the Evidence.

Claim Refinement &

Evidence Retrieval

Refined Claim

Refined Evidence Re-Verify Verdict:
Support

Get

Element Graph

Figure 2: The Overview of ElementCheck pipeline.

require each edge to be labeled with a specific re-255

lation type. Instead, an edge only marks that the256

two entities jointly participate in a verifiable fact257

licensed by the sentence, while the precise predi-258

cate, scope, modality, and attribution are preserved259

in the original sentence context.260

Since the element graph reveals sentence-261

internal structure, it is similar to dependency pars-262

ing (Nivre et al., 2020) and Semantic Role Label-263

ing (SRL) (Carreras and Màrquez, 2005). While264

dependency parsing is syntax-centric and SRL265

is predicate-centric, the element graph is entity-266

centric and verification-oriented. We do not use267

dependency parsing or SRL as the primary repre-268

sentation because grammatical dependencies and269

predicate-role labels do not necessarily correspond270

to verifiable factual dependencies, and may intro-271

duce noise from parsing errors or the compression272

of attribution, modality, nominal modification, and273

causal structures into fixed schemas. In contrast,274

element graphs provide lightweight verification an-275

chors while preserving the full information in the276

original sentence context.277

3.3 Evidence Retrieval278

We maintain the efficiency of the previous single-279

round setting by employing the Serper API 1. Let280

R⌉⊔(·) denote the search engine interface. For a281

query sentence x, the snippet-level evidence Esnp is282

defined as the top-n search snippets:283

E = Topn(R⌉⊔(x)), (4)284

1https://serper.dev/

where n = 10 is the default configuration. 285

To investigate the impact of evidence granularity, 286

we introduce a document-level variant inspired by 287

FastFact (Wan et al., 2025). In this setting, we 288

extract full-text content from the top-k URLs (k = 289

5) via Jina 2 and apply BM25 (Robertson et al., 290

1994) to reranking for the top-5 snippet chunks. 291

3.4 Complexity-aware Verification 292

As shown in Algorithm 1, ElementCheck performs 293

factuality verification with adaptive granularity 294

based on sentence complexity rather than apply- 295

ing claim decomposition uniformly to all sentences. 296

The topology of each check-worthy sentence’s el- 297

ement graph Gs serves as a proxy for sentence 298

complexity. Specifically, we use graph diameter 299

Diam(Gs) and graph connectivity Con(Gs) to es- 300

timate whether a sentence should be verified holis- 301

tically or refined into element-level verification. A 302

large graph diameter indicates long-range factual 303

dependencies, while a disconnected graph suggests 304

that the sentence contains multiple independent fac- 305

tual components that may be hard to reliably judge 306

by a single holistic verdict. Based on this, the 307

graph router filters each sentence to an appropriate 308

verification protocol: 309

Ver(s) =


Verele(Es, E),

if Diam(Gs) > δ or ¬Con(Gs),

Verdirect(s, E), otherwise.
(5) 310

2https://jina.ai/
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Here, δ is the graph-diameter threshold. As shown311

in Table C.5 on FastFact-Sent, 73.0% of connected312

element graphs have diameter no larger than 3, so313

we therefore set δ = 3 as a natural structural bound-314

ary between simple and complex element graphs.315

Direct Verification For structurally simple sen-316

tences, ElementCheck treats the sentence as a317

compact semantic unit and directly verifies it318

against the retrieved evidence set E. The tar-319

get output is a ternary factuality label y ∈320

{SUPPORT, REFUTE, NEI}, following the stan-321

dard factual verification setting introduced by322

FEVER (Thorne et al., 2018). Formally, direct323

verification is defined as:324

ypred = Verdirect(s, E). (6)325

In practice, we concatenate the verifiable sentence s326

with the retrieved evidence E and prompt the LLM327

verifier to assign the final sentence-level label.328

Element-based Verification. For structurally329

complex sentences, ElementCheck performs330

element-based verification over the extracted fact331

elements Es. Instead of assigning a single holistic332

verdict to the entire sentence, the verifier predicts a333

local factuality label for each element:334

Y = {ye | e ∈ Es}, ye ∈ {SUP, REF, NEI}. (7)335

This allows ElementCheck to identify which fac-336

tual connections are supported, refuted, or remain337

uncertain. At the end of element-based verifica-338

tion, ElementCheck aggregates the local verdicts339

into a sentence-level prediction. A refuted ele-340

ment leads to a REFUTE label, while a sentence341

whose elements are all supported is labeled as SUP-342

PORT. When unresolved NEI elements remain,343

ElementCheck further refines these uncertain re-344

gions rather than directly assigning a final verdict.345

Claim Refinement and Re-Verify. Ele-346

mentCheck groups the NEI elements into local347

subgraphs and reconstructs them into contextu-348

alized refined claims. Compared with isolated349

elements, the refined claims recover the necessary350

sentence context, including the relevant entities,351

modifiers, and dependencies around the uncertain352

factual connections. For each refined claim,353

ElementCheck conducts a new evidence retrieval354

and then applies direct verification again with the355

newly retrieved evidence. This Re-Verify process356

allows the verifier to focus on the ambiguous parts357

of the sentence rather than repeating verification358

over the entire sentence.359

Algorithm 1 Complexity-aware Verification

Input: Check-worthy sentence s∗, element graph Gs∗ =
(V, Es∗), initial evidence E, retrieverR, threshold δ
Output: Verdict y ∈ {SUPPORT, REFUTE, NEI}
d← Diam(Gs∗); isCon← Con(Gs∗)
if d ≤ δ and isCon then

return Verdirect(s
∗, E)

end if
Y ← Verele(Es∗ , E)
if ∃ye ∈ Y : ye = REFUTE then

return REFUTE
end if
if ∀ye ∈ Y : ye = SUPPORT then

return SUPPORT
end if
ENEI ← {e ∈ Es∗ | ye = NEI}
Gsub ← GROUPSUBGRAPHS(ENEI, Gs∗)
for each Gj ∈ Gsub do

c′j ← REFINECLAIM(Gj , s
∗)

E′
j ←R(c′j)

y′
j ← Verdirect(c

′
j , E

′
j)

end for
if ∃y′

j : y′
j = REFUTE then

return REFUTE
else if ∀y′

j : y′
j = SUPPORT then

return SUPPORT
else

return NEI
end if

4 Experiments Setup 360

Baselines. To ensure a comprehensive evalua- 361

tion, we benchmark our approach against leading 362

end-to-end methods in long-form factuality eval- 363

uation, namely SAFE, VeriScore, FastFact, and 364

VeriFastScore. Additionally, we compare with two 365

claim-refinement baselines: DnDScore (Wanner 366

et al., 2025), which applies decontextualization 367

and decomposition, and VeriFact (Liu et al., 2025), 368

which enhances fact extraction with reference facts. 369

For claim-refinement baselines, we evaluate on the 370

same set of verifiable sentences to ensure fair com- 371

parison. Detailed specifications are provided in 372

Appendix A.1. 373

Datasets. To support sentence-level evaluation, 374

we construct FastFact-Sent from FastFact-Bench. 375

FastFact-Sent is obtained by remapping human- 376

annotated verifiable claims in FastFact-Bench (Wan 377

et al., 2025) back to their originating sentences in 378

the original model responses. It contains 5,908 379

valid sentence-claim alignments retained from 380

6,953 raw claims, with 4,098 Supported, 309 Re- 381

fute, and 613 NEI instances. To construct FastFact- 382

Sent, we segment each response into sentences, re- 383

trieve candidate sentence-claim pairs using bge-m3 384

semantic similarity, and use GPT-5.1 to verify 385

whether the candidate sentence explicitly entails 386
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Method
FastFact-Sent. AdjuvantBench CatalystBench AverageExpertQA FCBench Bio HelloBench LongFact

Cov BAcc Cov BAcc Cov BAcc Cov BAcc Cov BAcc Cov BAcc Cov BAcc Cov BAcc Overall

Other Methods

VeriFastScore 86.3 63.0 90.3 66.0 79.5 71.0 85.3 67.6 82.8 66.7 92.3 53.8 86.6 54.9 87.9 58.4 51.3

GPT-4o-mini

SAFE 98.8 54.9 98.3 55.7 98.5 58.7 98.8 54.1 98.3 53.0 90.6 52.6 94.5 51.6 96.4 53.5 51.6
VeriScore 76.8 70.1 81.4 69.9 91.5 69.1 83.2 70.3 90.4 68.0 69.2 60.3 67.0 61.9 73.5 64.5 47.4
FastFact 89.8 68.7 73.4 58.8 73.1 60.0 77.9 62.6 85.0 59.4 32.8 61.6 17.8 53.4 44.1 59.1 26.1
ElementCheck 72.7 67.2 82.1 64.0 91.7 74.3 84.2 69.0 93.5 69.7 78.1 62.5 79.8 60.4 80.9 64.8 52.4

GPT-5.1

VeriScore 96.4 57.1 91.5 59.8 95.0 66.3 93.4 63.1 83.3 61.0 51.2 64.9 25.3 65.1 55.9 63.7 35.6
FastFact 82.0 64.0 76.5 65.4 76.0 73.8 47.5 74.3 33.5 72.2 92.5 64.6 71.2 54.0 73.8 62.6 46.2
ElementCheck 83.3 69.8 90.6 70.6 94.1 76.3 95.4 72.5 95.2 69.3 89.0 66.4 79.5 56.7 86.8 65.2 56.6

DeepSeek-V3.2

VeriScore 96.4 64.0 91.5 63.0 95.0 60.6 93.4 63.8 83.3 58.6 86.6 59.4 86.4 52.0 88.0 58.3 51.3
FastFact 85.1 56.0 90.6 54.7 53.9 61.0 82.0 65.0 74.7 59.1 86.6 61.4 87.9 51.5 84.6 56.6 47.9
ElementCheck 85.3 69.8 91.3 70.8 87.6 74.7 90.8 72.1 92.8 74.3 82.1 66.4 84.1 62.1 85.3 67.7 57.7

Gemini-2.5-Flash

VeriScore 73.0 48.2 86.6 54.2 95.4 70.0 84.1 60.1 85.1 63.9 76.9 72.1 57.8 53.1 73.2 61.5 45.0
FastFact 80.5 61.2 94.7 56.9 94.6 66.4 80.9 66.5 90.7 59.8 91.8 58.8 78.8 58.8 86.3 59.9 51.7
ElementCheck 88.7 65.6 93.4 67.3 96.2 73.6 95.7 68.4 89.4 70.2 79.5 84.6 62.7 55.9 78.3 69.8 54.7

Qwen3-235B-A22B-Instruct-2507

VeriScore 96.4 63.9 90.5 63.4 93.0 70.3 93.4 67.5 83.3 68.5 83.6 61.1 84.3 57.6 86.3 62.7 54.1
FastFact 39.5 57.0 49.7 62.0 31.9 60.2 54.4 64.4 58.6 63.5 45.8 56.5 44.2 58.9 46.5 58.8 27.3
ElementCheck 89.2 68.8 90.6 72.8 93.9 76.9 89.4 72.5 93.8 71.2 95.0 74.0 95.6 62.8 93.6 70.4 65.9

Table 1: Comparison of ElementCheck with other methods across multiple datasets. Cov denotes verifiable-sentence
coverage, BAcc denotes class-balanced accuracy, and Overall is computed as BAcc × Cov. For each backbone
model, the best and second-best results are highlighted in bold and underlined, respectively.

the claim. Unreliable alignments are discarded387

after multiple attempts, yielding sentence-level fac-388

tuality supervision while preserving the original389

response context. We further validate the remap-390

ping quality through a human agreement study on391

500 randomly sampled sentence-claim pairs. Two392

independent annotators achieve 97.4% and 95.2%393

agreement with GPT-5.1, respectively, which sup-394

ports the reliability of using GPT-5.1 for large-scale395

sentence-claim alignment. Details are provided396

in Appendix A.3. We conduct experiments on397

three datasets: FastFact-Sent (Wan et al., 2025),398

AdjuvantBench (yi chen et al., 2026), and Cata-399

lystBench (Chen et al., 2026). FastFact-Sent ag-400

gregates model responses from diverse domains401

covering FactScore-Bio, Factcheck-Bench (Wang402

et al., 2024), ExpertQA (Malaviya et al., 2024),403

LongFact, and HelloBench (Que et al., 2024). The404

basic statistics of these datasets are reported in Ta-405

ble 2.406

Dataset Domain Samples Respword Respsent

FastFact-Sent Aggregated 380 465.10 30.8
AdjuvantBench Science 89 100.19 5.65
CatalystBench Science 160 133.59 7.86

Table 2: Statistics of Experiment Datasets.

Metrics Following the evaluation protocols407

of (Hu et al., 2025), we cast the main experiment as408

a binary classification task by merging fine-grained409

labels into Supported (SUP) and Not Supported410

(NOSUP), with the latter covering both Refute and 411

NEI instances; we additionally report 3-class bal- 412

anced accuracy (BAcc-3) by treating Support, Re- 413

fute, and NEI separately. Cov measures sentence- 414

level coverage, i.e., the proportion of source sen- 415

tences effectively verified through either direct ver- 416

dict assignment or semantic alignment between 417

extracted claims and source sentences. BAcc is 418

computed on the covered subset to mitigate class 419

imbalance, and the class-specific recalls, RecSUP 420

and RecNOSUP, are derived under the same valid 421

coverage scope. We report Overall as Cov×BAcc 422

to make uncovered sentences visible in the final 423

comparison. Details are provided in Appendix A.4. 424

5 Experiments Results 425

5.1 Main Results 426

Table 1 reports 2-class BAcc, Cov and the overall 427

scores across five backbone models on 3 bench- 428

marks. We set δ = 3 throughout. Due to the high 429

computational cost of SAFE, we only report its re- 430

sults on GPT-4o-mini. Fine-grained 3-class results 431

are provided in Appendix B.2, where Support, Re- 432

fute, and NEI are evaluated separately. We further 433

compare with DnDScore and VeriFact in Table 12 434

in Appendix B.4, since they focus on claim refine- 435

ment rather than the full end-to-end setting. 436

Optimal trade-off between accuracy and cov- 437

erage. ElementCheck achieves the best average 438
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Method AvgClaims(r) ↓ AvgCalls(r) ↓ AvgSearch(r) ↓ PromptTokens ↓ ResponseTokens ↓ Overall ↑

SAFE 94.03 124.97 94.03 35907.07 23000.45 51.6
VeriScore 33.61 45.28 33.61 26845.05 3915.75 47.6
VeriFastScore 28.25 57.10 19.55 - - 51.3
FastFact 17.30 22.69 4.71 21336.56 1488.68 26.1
ElementCheck 17.52 26.03 21.28 21626.75 3761.05 52.4

Table 3: Computational efficiency analysis of different methods conducted on GPT-4o-mini on the full FastFact-Sent.
In ElementCheck, AvgClaims denotes the average number of sentences verified, whereas in FastFact, AvgSearch
specifically refers to the Jina API calls.

Retrieval Re-Verify FastFact-Sent.
Acc. BAcc. RecSup RecNoSup

Top-10 × 79.25 55.31 94.52 16.09
Top-20 × 80.31 53.91 96.97 10.86
Jina-5 × 76.97 51.09 93.25 8.93
Top-10 ✓ 81.74 70.45 88.93 51.97
Top-20 ✓ 81.54 66.96 90.73 43.20
Jina-5 ✓ 80.41 65.59 89.74 41.43

Table 4: Ablation study on evidence intensity and the
re-verify modules using GPT-4o-mini in ElementCheck
without the graph router. RecSup and RecNoSup denote
the recall respectively.

Overall score in each backbone group while main-439

taining competitive sentence-level coverage and440

balanced accuracy, especially reaching 65.9% un-441

der Qwen3-235B. While several baselines achieve442

high coverage, they provide less reliable verifica-443

tion, indicating that coverage alone is insufficient444

for long-form factuality evaluation.445

Robustness against model backbone variations.446

Baseline methods exhibit visible sensitivity to the447

choice of backbone, especially in coverage and bal-448

anced accuracy. ElementCheck is less affected by449

this variation because the element graph provides450

a stable intermediate structure between sentence451

acquisition and verification. As shown in Figure 6452

and Table 14 in Appendix C.1, element graphs re-453

main semantically consistent across the element454

extract process.455

Consistent generalization across diverse do-456

mains. ElementCheck maintains relatively low457

performance variance and strong average results458

across both general domains, such as HelloBench459

and Bio, and specialized scientific domains, such460

as AdjuvantBench and CatalystBench. These re-461

sults suggest that sentence-level element anchors462

help the verifier align claims with evidence across463

diverse knowledge distributions.464

5.2 Cost and Efficiency465

As indicated in Table 3, ElementCheck achieves a466

competitive computational cost on GPT-4o-mini.467

Compared with search-heavy baselines, it reduces 468

unnecessary calls while preserving sentence-level 469

verification. FastFact remains cheaper because it 470

aggressively prioritizes parametric knowledge, but 471

it verifies fewer units and yields weaker verification 472

quality. The relative cost ordering remains consis- 473

tent across additional backbones in Appendix B.1. 474

5.3 Ablations 475

The ablation experiments isolate the role of evi- 476

dence retrieval, Re-Verify, and the Graph Router. 477

We focus on whether additional verification for 478

structurally complex sentences improves the per- 479

formance of fact-checking, whether this benefit 480

depends on element-graph complexity and when 481

Re-Verify works. 482

Effect of Re-Verify and evidence retrieval. Ta- 483

ble 4 compares retrieval settings under GPT-4o- 484

mini while disabling the Graph Router. The re- 485

sults show that expanding the evidence pool alone 486

does not reliably improve verification. In contrast, 487

adding Re-Verify to the normal Top-10 evidence 488

retrieval setting substantially improves balanced 489

accuracy and especially strengthens recall for NO- 490

SUP cases. We further observe that richer evidence 491

retrieved from Jina does not necessarily improve 492

verification accuracy. Instead, the expanded evi- 493

dence context may contain more irrelevant or noisy 494

information, which can interfere with the verifier’s 495

judgment. 496

Effect depends on element-graph complexity. 497

Figure 3 groups check-worthy sentences by graph- 498

structural complexity. Re-Verify provides little 499

benefit for structurally simple sentences, but it is 500

clearly more useful for structurally complex sen- 501

tences. This supports the central design choice 502

of ElementCheck: stronger verification should be 503

reserved for cases in which entity relations or qual- 504

ifications make factuality difficult to determine. 505
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Graph Router FastFact-Sent. Utilities
Acc. BAcc. RecSup RecNoSup Number Dir Re AccDir BAccDir AccRe BAccRe

GPT-4o-mini
× 81.74 70.45 88.93 51.97 7060 41.4 58.6 89.55 50.90 75.50 72.67
✓ 80.63 71.29 86.53 56.05 7010 78.6 21.4 81.32 71.10 79.55 71.49

GPT-5.1
× 74.22 73.01 74.96 71.07 8081 25.2 74.8 93.44 55.57 67.25 70.95
✓ 69.48 73.39 66.99 79.79 7987 70.8 29.2 71.01 74.29 66.67 71.60

Table 5: Ablation study of graph router on FastFact-Sent. Sent. denotes the number of extracted sentences,
Dir. denotes the proportion of directly processed items, and Re. denotes the proportion of items undergoing
re-verification.

Figure 3: Ablation analysis of verification strength
across check-worthy sentences with different graph-
structural complexity levels. The no-evidence setting
denotes verification without evidence retrieval.

Graph Router reduces unnecessary Re-Verify506

calls. Table 5 evaluates the routing module after507

fixing the retrieval setting. The Graph Router sends508

many more sentences to direct verification and509

correspondingly reduces the use of Re-Verify; un-510

der GPT-4o-mini, the re-verify’s trigger rate drops511

from 58.6% to 21.4%. This reduction does not512

weaken balanced accuracy; performance remains513

stable and slightly improves across the tested back-514

bones. This result suggests that graph-guided rout-515

ing mainly removes redundant double verification516

while preserving it for difficult cases.517

Threshold sensitivity. Table 6 reports the effect518

of varying δ, which controls the boundary between519

structurally simple and complex element graphs.520

ElementCheck remains stable across the tested set-521

tings, with δ = 3 giving the best overall balance.522

This setting is also consistent with the graph diam-523

eter distribution in Appendix C.5.524

5.4 Robustness and Stability525

As shown in Figure 4, ElementCheck achieves a526

superior balance between coverage and accuracy527

while demonstrating greater stability across vari-528

ous backbone models. We further examine whether529

δ BAcc-3 BAcc-2 Cov RecNoSup

2 0.528 0.708 84.0 0.562
3 0.538 0.713 86.5 0.561
4 0.536 0.711 86.3 0.534
5 0.530 0.701 86.6 0.516

Table 6: Threshold sensitivity of δ on FastFact-Sent
with GPT-4o-mini.

Figure 4: Visualize the comparison of performance
ranges across different fact-checking methods.

this advantage comes from robust verification. Ap- 530

pendix C.1 shows that element graphs remain se- 531

mantically consistent across backbones, and de- 532

coupled extractor-verifier experiments indicate that 533

performance variation is mainly driven by verifier 534

capacity. Experiments in Appendix C.2 shows Ele- 535

mentCheck is more tolerant of missing or direction- 536

shuffled element pairs than of spurious additions, 537

suggesting that extraction precision is more impor- 538

tant than exhaustive recall 539

6 Conclusion 540

We proposed ElementCheck, a framework that 541

grounds long-form factuality evaluation in 542

sentence-level fact elements. ElementCheck con- 543

sistently improves balanced accuracy across four 544

backbone models and seven diverse benchmarks. 545
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Limitations546

ElementCheck still has several limitations. Its veri-547

fiable sentence acquisition stage depends on the ca-548

pacity of the underlying backbone, so weaker mod-549

els may miss checkable content before verification550

begins. The sentence-level formulation also leaves551

some discourse-level phenomena only partially552

addressed, including claims that require multi-553

paragraph evidence aggregation, cross-sentence554

temporal reasoning, or broader causal inference.555

Finally, the current Re-Verify module reconstructs556

subgraph context with heuristic rules; future work557

could replace this step with more principled graph558

reasoning and evidence aggregation.559

Ethical Considerations560

This work uses human validation only as a relia-561

bility check for our factuality verification process.562

Human validators are not asked to create new an-563

notation labels or to serve as an absolute source564

of ground truth. The human validation results are565

used for reliability analysis and error diagnosis,566

rather than for replacing the automatic verification567

pipeline. The data used in this study are derived568

from public benchmarks and model-generated re-569

sponses, and we do not intentionally collect private,570

personally identifiable, or sensitive user informa-571

tion.572
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ter, Jan Hajič, Christopher D. Manning, Sampo 729
Pyysalo, Sebastian Schuster, Francis Tyers, and 730
Daniel Zeman. 2020. Universal dependencies v2: 731
An evergrowing multilingual treebank collection. In 732
Proceedings of the Twelfth Language Resources and 733
Evaluation Conference, pages 4034–4043, Marseille, 734
France. European Language Resources Association. 735

Liangming Pan, Xiaobao Wu, Xinyuan Lu, Anh Tuan 736
Luu, William Yang Wang, Min-Yen Kan, and Preslav 737
Nakov. 2023. Fact-checking complex claims with 738
program-guided reasoning. In Proceedings of the 739
61st Annual Meeting of the Association for Compu- 740
tational Linguistics (Volume 1: Long Papers), pages 741
6981–7004, Toronto, Canada. Association for Com- 742
putational Linguistics. 743

Haoran Que, Feiyu Duan, Liqun He, Yutao Mou, 744
Wangchunshu Zhou, Jiaheng Liu, Wenge Rong, 745
Zekun Moore Wang, Jian Yang, Ge Zhang, Junran 746
Peng, Zhaoxiang Zhang, Songyang Zhang, and Kai 747
Chen. 2024. Hellobench: Evaluating long text gener- 748
ation capabilities of large language models. Preprint, 749
arXiv:2409.16191. 750

Rishanth Rajendhran, Amir Zadeh, Matthew Sarte, 751
Chuan Li, and Mohit Iyyer. 2025. Veri- 752
fastscore: Speeding up long-form factuality evalu- 753
ation. Preprint, arXiv:2505.16973. 754

Stephen Edward Robertson, Steve Walker, Susan Jones, 755
Micheline M Hancock-Beaulieu, Mike Gatford, and 756
1 others. 1994. Okapi at trec. 757

Aalok Sathe, Salar Ather, Tuan Manh Le, Nathan Perry, 758
and Joonsuk Park. 2020. Automated fact-checking 759
of claims from Wikipedia. In Proceedings of the 760
Twelfth Language Resources and Evaluation Confer- 761
ence, pages 6874–6882, Marseille, France. European 762
Language Resources Association. 763

Michael Schlichtkrull, Zhijiang Guo, and Andreas Vla- 764
chos. 2023. AVeriTeC: A dataset for real-world claim 765
verification with evidence from the web. In Ad- 766
vances in Neural Information Processing Systems, 767
volume 36, pages 65128–65167. Curran Associates, 768
Inc. 769

10

https://doi.org/10.1145/3722212.3725098
https://doi.org/10.1145/3722212.3725098
https://doi.org/10.1145/3722212.3725098
https://doi.org/10.18653/v1/2024.acl-long.442
https://doi.org/10.18653/v1/2024.acl-long.442
https://doi.org/10.18653/v1/2024.acl-long.442
https://doi.org/10.18653/v1/2024.acl-long.442
https://doi.org/10.18653/v1/2024.acl-long.442
https://doi.org/10.18653/v1/2020.findings-emnlp.309
https://doi.org/10.18653/v1/2020.findings-emnlp.309
https://doi.org/10.18653/v1/2020.findings-emnlp.309
https://doi.org/10.18653/v1/2025.findings-acl.1018
https://doi.org/10.18653/v1/2025.findings-acl.1018
https://doi.org/10.18653/v1/2025.findings-acl.1018
https://doi.org/10.18653/v1/2024.findings-naacl.12
https://doi.org/10.18653/v1/2024.findings-naacl.12
https://doi.org/10.18653/v1/2024.findings-naacl.12
https://doi.org/10.18653/v1/2024.findings-naacl.12
https://doi.org/10.18653/v1/2024.findings-naacl.12
https://doi.org/10.18653/v1/2025.emnlp-main.905
https://doi.org/10.18653/v1/2025.emnlp-main.905
https://doi.org/10.18653/v1/2025.emnlp-main.905
https://doi.org/10.18653/v1/2025.emnlp-main.905
https://doi.org/10.18653/v1/2025.emnlp-main.905
https://doi.org/10.18653/v1/2024.naacl-long.167
https://doi.org/10.18653/v1/2024.naacl-long.167
https://doi.org/10.18653/v1/2024.naacl-long.167
https://doi.org/10.18653/v1/2024.naacl-long.167
https://doi.org/10.18653/v1/2024.naacl-long.167
https://arxiv.org/abs/2502.10855
https://arxiv.org/abs/2502.10855
https://arxiv.org/abs/2502.10855
https://arxiv.org/abs/2502.10855
https://arxiv.org/abs/2502.10855
https://doi.org/10.18653/v1/2023.emnlp-main.741
https://doi.org/10.18653/v1/2023.emnlp-main.741
https://doi.org/10.18653/v1/2023.emnlp-main.741
https://doi.org/10.18653/v1/2023.emnlp-main.741
https://doi.org/10.18653/v1/2023.emnlp-main.741
https://arxiv.org/abs/2502.05803
https://arxiv.org/abs/2502.05803
https://arxiv.org/abs/2502.05803
https://doi.org/10.18653/v1/2023.acl-long.386
https://doi.org/10.18653/v1/2023.acl-long.386
https://doi.org/10.18653/v1/2023.acl-long.386
https://arxiv.org/abs/2409.16191
https://arxiv.org/abs/2409.16191
https://arxiv.org/abs/2409.16191
https://arxiv.org/abs/2505.16973
https://arxiv.org/abs/2505.16973
https://arxiv.org/abs/2505.16973
https://arxiv.org/abs/2505.16973
https://arxiv.org/abs/2505.16973
https://aclanthology.org/2020.lrec-1.849/
https://aclanthology.org/2020.lrec-1.849/
https://aclanthology.org/2020.lrec-1.849/


Yixiao Song, Yekyung Kim, and Mohit Iyyer. 2024.770
VeriScore: Evaluating the factuality of verifiable771
claims in long-form text generation. In Findings772
of the Association for Computational Linguistics:773
EMNLP 2024, pages 9447–9474, Miami, Florida,774
USA. Association for Computational Linguistics.775

Liyan Tang, Philippe Laban, and Greg Durrett. 2024.776
MiniCheck: Efficient fact-checking of LLMs on777
grounding documents. In Proceedings of the 2024778
Conference on Empirical Methods in Natural Lan-779
guage Processing, pages 8818–8847, Miami, Florida,780
USA. Association for Computational Linguistics.781

James Thorne, Andreas Vlachos, Christos782
Christodoulopoulos, and Arpit Mittal. 2018.783
FEVER: a large-scale dataset for fact extraction784
and VERification. In Proceedings of the 2018785
Conference of the North American Chapter of786
the Association for Computational Linguistics:787
Human Language Technologies, Volume 1 (Long788
Papers), pages 809–819, New Orleans, Louisiana.789
Association for Computational Linguistics.790

Francielle Vargas, Isadora Salles, Diego Alves, Ameeta791
Agrawal, Thiago A. S. Pardo, and Fabrício Ben-792
evenuto. 2024. Improving explainable fact-checking793
via sentence-level factual reasoning. In Proceed-794
ings of the Seventh Fact Extraction and VERification795
Workshop (FEVER), pages 192–204, Miami, Florida,796
USA. Association for Computational Linguistics.797

Yingjia Wan, Haochen Tan, Xiao Zhu, Xinyu Zhou, Zhi-798
wei Li, Qingsong Lv, Changxuan Sun, Jiaqi Zeng,799
Yi Xu, Jianqiao Lu, Yinhong Liu, and Zhijiang Guo.800
2025. FaStFact: Faster, stronger long-form factuality801
evaluations in LLMs. In Findings of the Associa-802
tion for Computational Linguistics: EMNLP 2025,803
pages 23814–23854, Suzhou, China. Association for804
Computational Linguistics.805

Xinming Wang, Jian Xu, Aslan H Feng, Yi Chen,806
Haiyang Guo, Fei Zhu, Yuanqi Shao, Minsi Ren,807
Hongzhu Yi, Sheng Lian, and 1 others. 2025. The808
hitchhiker’s guide to autonomous research: A sur-809
vey of scientific agents. TechRxiv.August 07, 2025.810
DOI:10.36227/techrxiv175459840.02185500/V1.811

Yuxia Wang, Revanth Gangi Reddy, Zain Muhammad812
Mujahid, Arnav Arora, Aleksandr Rubashevskii, Ji-813
ahui Geng, Osama Mohammed Afzal, Liangming814
Pan, Nadav Borenstein, Aditya Pillai, Isabelle Au-815
genstein, Iryna Gurevych, and Preslav Nakov. 2024.816
Factcheck-bench: Fine-grained evaluation bench-817
mark for automatic fact-checkers. In Findings of the818
Association for Computational Linguistics: EMNLP819
2024, pages 14199–14230, Miami, Florida, USA.820
Association for Computational Linguistics.821

Miriam Wanner, Seth Ebner, Zhengping Jiang, Mark822
Dredze, and Benjamin Van Durme. 2024. A closer823
look at claim decomposition. In Proceedings of the824
13th Joint Conference on Lexical and Computational825
Semantics (*SEM 2024), pages 153–175, Mexico826
City, Mexico. Association for Computational Lin-827
guistics.828

Miriam Wanner, Benjamin Van Durme, and Mark 829
Dredze. 2025. DnDScore: Decontextualization and 830
decomposition for factuality verification in long-form 831
text generation. In Proceedings of the 2025 Confer- 832
ence on Empirical Methods in Natural Language 833
Processing, pages 23609–23626, Suzhou, China. As- 834
sociation for Computational Linguistics. 835

Jerry Wei, Chengrun Yang, Xinying Song, Yifeng Lu, 836
Nathan Hu, Jie Huang, Dustin Tran, Daiyi Peng, 837
Ruibo Liu, Da Huang, Cosmo Du, and Quoc V. Le. 838
2024. Long-form factuality in large language mod- 839
els. In Advances in Neural Information Processing 840
Systems, volume 37, pages 80756–80827. Curran As- 841
sociates, Inc. 842

yi chen, Yu Zhang, Jian Xu, Hua Yue, Xinming Wang, 843
Zequan Lyu, Xu-Yao Zhang, Wei Wei, and Cheng- 844
Lin Liu. 2026. An open-ended benchmark and for- 845
mal framework for adjuvant research with MLLM. In 846
The Fourteenth International Conference on Learn- 847
ing Representations. 848

Gaotong Yu, Yi Chen, and Jian Xu. 2024. Balancing 849
performance and efficiency: A multimodal large lan- 850
guage model pruning method based image text inter- 851
action. arXiv preprint arXiv:2409.01162, 2. 852

Yuheng Zha, Yichi Yang, Ruichen Li, and Zhiting Hu. 853
2023. AlignScore: Evaluating factual consistency 854
with a unified alignment function. In Proceedings 855
of the 61st Annual Meeting of the Association for 856
Computational Linguistics (Volume 1: Long Papers), 857
pages 11328–11348, Toronto, Canada. Association 858
for Computational Linguistics. 859

11

https://doi.org/10.18653/v1/2024.findings-emnlp.552
https://doi.org/10.18653/v1/2024.findings-emnlp.552
https://doi.org/10.18653/v1/2024.findings-emnlp.552
https://doi.org/10.18653/v1/2024.emnlp-main.499
https://doi.org/10.18653/v1/2024.emnlp-main.499
https://doi.org/10.18653/v1/2024.emnlp-main.499
https://doi.org/10.18653/v1/N18-1074
https://doi.org/10.18653/v1/N18-1074
https://doi.org/10.18653/v1/N18-1074
https://doi.org/10.18653/v1/2024.fever-1.23
https://doi.org/10.18653/v1/2024.fever-1.23
https://doi.org/10.18653/v1/2024.fever-1.23
https://doi.org/10.18653/v1/2025.findings-emnlp.1295
https://doi.org/10.18653/v1/2025.findings-emnlp.1295
https://doi.org/10.18653/v1/2025.findings-emnlp.1295
https://doi.org/10.18653/v1/2024.findings-emnlp.830
https://doi.org/10.18653/v1/2024.findings-emnlp.830
https://doi.org/10.18653/v1/2024.findings-emnlp.830
https://doi.org/10.18653/v1/2024.starsem-1.13
https://doi.org/10.18653/v1/2024.starsem-1.13
https://doi.org/10.18653/v1/2024.starsem-1.13
https://doi.org/10.18653/v1/2025.emnlp-main.1205
https://doi.org/10.18653/v1/2025.emnlp-main.1205
https://doi.org/10.18653/v1/2025.emnlp-main.1205
https://doi.org/10.18653/v1/2025.emnlp-main.1205
https://doi.org/10.18653/v1/2025.emnlp-main.1205
https://doi.org/10.52202/079017-2567
https://doi.org/10.52202/079017-2567
https://doi.org/10.52202/079017-2567
https://openreview.net/forum?id=moeOrHkDg2
https://openreview.net/forum?id=moeOrHkDg2
https://openreview.net/forum?id=moeOrHkDg2
https://doi.org/10.18653/v1/2023.acl-long.634
https://doi.org/10.18653/v1/2023.acl-long.634
https://doi.org/10.18653/v1/2023.acl-long.634


A Experiments Details860

A.1 Details of Baselines861

We summarize the key design choices of the862

long-form factuality baselines used in our study.863

All methods follow a broadly similar paradigm–864

decomposing a response into verifiable units, re-865

trieving external evidence, and aggregating per-unit866

judgments.867

SAFE SAFE (Search-Augmented Factuality868

Evaluator) uses an LLM agent to decompose a869

long-form response into individual facts, issues870

web search queries for each fact, and then judges871

support or refutation based on retrieved results, pro-872

ducing an aggregate long-form factuality score.873

VeriScore VeriScore is a reference-free factu-874

ality metric designed for long-form generations875

containing both verifiable and unverifiable content;876

it extracts verifiable claims and verifies them via877

retrieval, with empirical validation that its claim878

extraction is more sensible than competing ap-879

proaches across diverse long-form tasks.880

VeriFastScore VeriFastScore speeds up long-881

form factuality evaluation by training a verifier882

(Llama3.1-8B) on synthetic data to jointly ex-883

tract and verify all verifiable claims in approxi-884

mately a single model pass, given consolidated evi-885

dence, achieving strong correlation with the origi-886

nal VeriScore pipeline while substantially reducing887

runtime.888

FastFact FaStFact is an efficiency-oriented long-889

form factuality evaluation pipeline that retains a890

decompose-and-verify structure while introducing891

chunk-level claim extraction and confidence-based892

pre-verification to reduce unnecessary search; it893

also emphasizes stronger evidence collection with894

document-level chunks to mitigate snippet insuffi-895

ciency during verification.896

DnDScore DnDScore studies claim refinement897

through decomposition and decontextualization. In898

our comparison, it is evaluated on the same verifi-899

able sentences used by ElementCheck so that the900

comparison focuses on the effect of claim refine-901

ment rather than differences in upstream sentence902

selection.903

VeriFact VeriFact improves fact extraction by904

refining claims with additional contextual or ref-905

erence facts. We include it as a claim-refinement906

baseline under the same verifiable-sentence setting, 907

and report the comparison in Appendix B.4. 908

A.2 Details of Datasets 909

FastFact-Bench. FastFact-Bench is an aggre- 910

gated long-form factuality benchmark constructed 911

for parallel evaluation of long-form factuality 912

pipelines. It comprises 400 long-form QA genera- 913

tions, covering five representative source bench- 914

marks: FActScore-Bio, Factcheck-Bench, Ex- 915

pertQA, LongFact, and HelloBench. For each 916

source benchmark, 80 prompts are sampled (to- 917

tal 400), spanning biography generation, general 918

fact-seeking QA, domain-specific situational QA, 919

concept/object explanation, and in-the-wild long- 920

form writing/advice tasks. The benchmark re- 921

ports diverse prompt/response length statistics; av- 922

eraged across four sampled LLMs, the aggregated 923

responses are 465.1 words and 30.8 sentences on 924

average. Human annotations are provided to sup- 925

port both (i) claim extraction quality (e.g., revising 926

ambiguous or missing claims) and (ii) claim veri- 927

fication outcomes, enabling evaluation reliability 928

analyses beyond final scores. 929

CatalystBench. CatalystBench is a multi-task 930

benchmark designed for catalysis science that fea- 931

tures a rigorous quality control process with high 932

inter-annotator agreement (Cohen’s Kappa of 0.75). 933

We extract 160 instances from its expert-verified 934

subset. Experts have identified the erroneous sen- 935

tences in each answer, which we have marked as 936

REFUTE; the others are marked as SUPPORT by 937

default. 938

AdjuvantBench. AdjuvantBench evaluates capa- 939

bilities in vaccine adjuvant research through open- 940

ended QA and formal descriptions, all rigorously 941

reviewed by domain experts. We utilize 89 exam- 942

ples from the benchmark’s dedicated hallucination 943

subset, directly adopting the provided expert adju- 944

dications as binary ground truth labels for sentence- 945

level factuality, thus obviating the need for further 946

manual annotation. 947

A.3 Construction process of FastFact-Sent 948

To construct FastFact-Sent, a sentence-level dataset 949

optimized for long-text fact-checking, we perform 950

a rigorous remapping process that aligns atomic 951

verifiable claims back to their originating sentences 952

within the model responses. This process involves 953

a two-stage pipeline: semantic retrieval ranking 954

and model-based discrimination. 955
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Semantic Retrieval Ranking First, we segment956

the original long-text responses into individual sen-957

tences via sat-12l-sm. To establish candidate958

links between claims and sentences, we utilize959

bge-m3 for semantic embedding.We encode both960

the extracted atomic claims and the segmented sen-961

tences into dense vectors. We calculate the cosine962

similarity between each claim-sentence pair. We963

initially select the sentence with the highest cosine964

similarity to the claim as a candidate.965

Model-based Discrimination Since semantic966

similarity alone may produce false positives, we967

use GPT-5.1 as a discriminator to refine the map-968

ping. We input the claim and candidate sentence969

pairs identified in the previous step into the model.970

The model is asked to verify whether the candi-971

date sentence explicitly contains or supports the972

atomic claim. Only sentence pairs that pass this973

discrimination check are retained. Otherwise, we974

select the sentence with the second-highest cosine975

similarity and perform the model discrimination976

again until a suitable sentence is found. Claims977

that fail the discrimination process after 5 attempts978

are discarded.979

The prompt for the discriminator is shown as980

Figure 12.981

Statistics of FastFact-Sent Table 7 summarizes982

the detailed statistics of the constructed dataset.983

From the initial valid 380 response samples(20 re-984

sponses have no claim annotated), we extract a total985

of 6,953 raw claims. After the semantic mapping986

and model-based filtering process, 5,908 claims are987

retained as valid and mapped to their corresponding988

sentences.989

Inter-annotation agreement analysis To en-990

sure the validity of the FastFact-Sent construction991

pipeline, we conducted a rigorous human evalua-992

tion to assess the consistency of GPT-5.1’s judg-993

ments. We performed stratified random sampling994

to select 500 sentence-claim pairs. Two indepen-995

dent human annotators were tasked with the same996

objective as the model: determining whether the997

source sentence textually entails a given claim.998

Both annotators are PhD students majoring in999

computer science with a strong educational back-1000

ground. The effective annotation duration per per-1001

son is 10 hours, and both individuals have received1002

corresponding remuneration for their work.1003

As presented in Table 8, the evaluation reveals1004

a substantial alignment between the model and1005

human judgments. Annotator 1 and Annotator 2 1006

achieved agreement rates of 97.4% and 95.2% with 1007

GPT-5.1, respectively. We acknowledge that this 1008

high concordance is partially attributable to the 1009

explicit nature of the task, where the entailment 1010

relationship is largely syntactic and requires lim- 1011

ited inference depth. This validation supports using 1012

GPT-5.1 for large-scale sentence-claim alignment, 1013

while the final factuality evaluation remains based 1014

on the dataset labels rather than the discriminator’s 1015

own factuality judgments. 1016

Case of FastFact-Sent Table 9 presents represen- 1017

tative examples from FastFact-Sent. Each original 1018

sentence is aligned with one or more fact-checkable 1019

claims, and each claim is assigned a verification 1020

label according to the available evidence. The ex- 1021

amples show that a single sentence may contain 1022

multiple factual units with different verification 1023

outcomes: some claims are supported by evidence, 1024

while others are labeled as NEI when the evidence 1025

does not explicitly establish the claim. The Agree- 1026

ment column indicates whether the sentence-claim 1027

alignment and the corresponding label are vali- 1028

dated during annotation. These cases illustrate why 1029

sentence-level factuality supervision is necessary 1030

for long-form factuality evaluation, as response- 1031

level or sentence-level labels alone may obscure 1032

fine-grained factual distinctions within complex 1033

sentences. 1034

A.4 Details of Metrics 1035

Based on the consideration of fine-grained indica- 1036

tors, we use a series of more detailed evaluation 1037

metrics in the process of evaluating fact-checking 1038

frameworks. 1039

Coverage(Cov) Coverage measures the factual 1040

coverage of different fact-checking frameworks 1041

on long text passages by measuring whether sen- 1042

tences containing factual elements are checked. For 1043

methods that inherently perform extraction or ver- 1044

ification at the sentence level, specifically SAFE, 1045

VeriScore, VeriFastScore, and ElementCheck, cov- 1046

erage is directly defined as the proportion of sen- 1047

tences for which a claim was successfully extracted 1048

or a verification verdict was rendered. In contrast, 1049

for FASTFACT, which lacks explicit sentence align- 1050

ment, we can only use a relatively imprecise sta- 1051

tistical approach. We map extracted atomic claims 1052

back to source sentences using embedding similar- 1053

ity by bge-m3. A sentence is considered covered if 1054
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Valid Samples Valid Sentences Raw Claims Valid Claims Support Refute NEI

380 5020 6953 5908 4098 309 613

Table 7: Statistics of FastFact-Sent Dataset

Annotator Agreed Disagreed IAA

Annotator 1 and GPT-5.1 487 13 97.4%
Annotator 2 and GPT-5.1 476 24 95.2%

Table 8: Human annotator agreement with GPT-5.1 on FastFact-Sent sentence-claim alignment.

Sentence Claim Label Agreement

Carbohydrate Mouth Rinse: Studies show swish-
ing glucose solutions (without swallowing) tricks
the brain into delaying fatigue (used by Chris
Froome in the 2015 Tour de France). Caffeine:
Blocks adenosine receptors, reducing perceived ef-
fort (e.g., Paula Radcliffe’s 2003 Marathon World
Record, where she used caffeine gels).

Paula Radcliffe used caffeine gels during
her 2003 Marathon World Record
performance.

NEI True

Chris Froome used a carbohydrate mouth
rinse in the 2015 Tour de France to delay
fatigue.

NEI True

Studies show swishing glucose solutions
tricks the brain into delaying fatigue.

support True

Dr. Ross Tucker (sports scientist) argues that the
CGM oversimplifies fatigue and doesn’t fully
account for peripheral muscle fatigue.

Dr. Ross Tucker argues that the Central
Governor Model oversimplifies fatigue.

NEI True

Dr. Andrew Jones (University of Exeter) highlights
that VO2 max and lactate thresholds still play
critical roles in performance.

Dr. Andrew Jones asserts that VO2 max
and lactate thresholds are critical to
performance.

NEI True

Examples like Kipchoge’s sub-2 marathon (2019,
Vienna) demonstrate how overriding the central
governor (with drafting, optimized shoes, and laser
pacing) can push human limits.

Kipchoge’s sub-2 marathon in 2019, in
Vienna, involved strategies to override the
central governor.

NEI True

The Central Governor Model (CGM) is a
theoretical framework that attempts to explain how
the brain regulates exercise intensity and endurance
performance.

The Central Governor Model (CGM) is a
theoretical framework that explains how
the brain regulates exercise intensity and
endurance performance.

support True

It posits that the central nervous system (CNS)
plays a crucial role in controlling exercise intensity
based on perceived energy availability and
homeostatic needs.

The Central Governor Model posits that
the central nervous system (CNS) controls
exercise intensity based on perceived
energy availability and homeostatic needs.

support True

In the 2018 Tour de France, Geraint Thomas used
mental strategies to manage fatigue during the final
stages of the race.

Geraint Thomas used mental strategies to
manage fatigue during the 2018 Tour de
France.

support True

Table 9: Sentence-level Claim Verification Results.
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it shares a cosine similarity greater than 0.7 with a1055

verified atomic claim.1056

Details of F1@K Following the formulation in1057

VERISCORE, we report F1@K to provide a bal-1058

anced assessment of both verification accuracy and1059

information coverage. While standard precision1060

measures the correctness of generated outputs, it1061

fails to penalize overly reticent models that gen-1062

erate very few claims. F1@K addresses this by1063

introducing a fixed ideal volume K into the recall1064

calculation. Formally, it is the harmonic mean of1065

Precision and Recall@K:1066

F1@K =
2 · Prec · Rec@K

Prec + Rec@K
(8)1067

where Prec = |Ssup|/|Stotal| is the proportion1068

of support units among all generated units, and1069

Rec@K = |Ssup|/K measures the volume of sup-1070

port information relative to the expected standard1071

K. The definition of K varies by method to en-1072

sure fair comparison. For SAFE and VERISCORE,1073

which operate at the atomic level, K represents the1074

average number of atomic claims in the human-1075

annotated ground truth (or the dataset average). In1076

contrast, for ELEMENTCHECK, we calibrate K to1077

the sentence level: here, K denotes the average1078

number of verifiable sentences per response in the1079

dataset. This adaptation reflects our framework’s1080

emphasis on sentence-level verification elements1081

rather than decomposed atomic facts.1082

Soft-Semantic F1. To quantify the structural con-1083

sistency between element graphs generated by dif-1084

ferent backbones, we employ the Soft-Semantic F11085

metric. Let GA and GB denote the element graphs1086

generated by model A and model B. We define1087

SA and SB as the corresponding sets of graph ele-1088

ments derived from these graphs, where S refers1089

to either the set of unique entity nodes or the set of1090

linearized relation edges. To account for semantic1091

variations rather than strict lexical matching, we1092

utilize the BGE-M3 encoder to map each element1093

x ∈ S into a normalized semantic vector vx.We1094

calculate the bidirectional consistency by measur-1095

ing how well the semantic content of one set is cov-1096

ered by the other. Specifically, we define Semantic1097

Recall (Rsem) and Semantic Precision (Psem) as1098

the average maximum cosine similarity: 1099

Rsem =
1

|SA|
∑
x∈SA

max
y∈SB

(vx⊤vy),

Psem =
1

|SB|
∑
y∈SB

max
x∈SA

(vy⊤vx).
(9) 1100

The final stability score is computed as the har- 1101

monic mean of these two directional coverage 1102

scores: 1103

F1 =
2 · (Psem ·Rsem)

(Psem +Rsem)
, (10) 1104

For structural element connecting a head h and a 1105

tail t, we linearize them into the sequence s = 1106

"[CLS] h [SEP] t" prior to embedding. 1107

B Extended Results 1108

B.1 Cost and Efficiency Across Backbones 1109

Table 10 reports cost and efficiency across addi- 1110

tional backbones. The relative ordering is con- 1111

sistent with the main experiments: VeriScore is 1112

generally more expensive, FastFact is lightweight 1113

but verifies fewer units, and ElementCheck keeps 1114

a moderate cost while preserving sentence-level 1115

verification coverage. 1116

Backbone Method AvgCalls AvgClaims Input (K) Output (K)

GPT-5.1
VeriScore 70.83 52.51 46.02 7.15
FastFact 36.77 6.33 29.09 2.15
ElementCheck 33.37 25.09 30.13 5.40

Qwen3-235B
VeriScore 64.97 45.12 41.64 6.08
FastFact 32.72 7.24 23.31 2.08
ElementCheck 37.58 25.41 30.49 6.23

Table 10: Cost and efficiency across backbones on
FastFact-Sent. AvgCalls: average API calls per response;
AvgClaims: average verified units; Input/Output: total
tokens (K).

B.2 Fine-Grained 3-Class Results 1117

Table 11 reports the 3-class setting, where Sup- 1118

port, Refute, and NEI are evaluated separately. 1119

This setting is stricter than the binary Support 1120

and NoSupport evaluation because the model must 1121

distinguish unsupported claims from evidence- 1122

insufficient claims. ElementCheck remains com- 1123

petitive across backbones and domains, indicating 1124

that the element-guided verification process im- 1125

proves not only binary factuality detection but also 1126

finer-grained label assignment. 1127

B.3 Backbone-Level F1@K Analysis 1128

Figure 5 compares the average number of verifi- 1129

able sentences with F1@K across backbone mod- 1130

els. The figure shows that generating or identifying 1131
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Method ExpertQA FCBench Bio HelloBench LongFact Avg

GPT-4o-mini

VeriScore 44.5 49.1 51.9 48.5 52.1 49.2
FastFact 47.4 42.6 55.2 44.4 41.7 46.3
ElementCheck 42.3 52.2 60.2 49.2 51.7 51.1

GPT-5.1

VeriScore 46.1 43.9 54.8 51.2 49.6 49.1
FastFact 52.4 45.4 50.6 52.4 55.8 51.3
ElementCheck 50.8 51.3 53.9 53.9 51.8 54.5

DeepSeek-V3.2

VeriScore 39.8 38.5 41.9 43.1 45.8 41.8
FastFact 33.3 47.3 44.1 38.1 42.2 41.0
ElementCheck 40.7 52.1 57.3 49.3 51.8 50.3

Qwen3-235B-A22B-Instruct-2507

VeriScore 48.8 43.2 48.0 43.5 48.8 46.5
FastFact 49.4 40.9 52.5 51.5 52.2 49.3
ElementCheck 48.7 55.2 62.4 56.4 58.6 56.2

Table 11: 3-class balanced accuracy (BAcc-3: Support,
Refute, and NEI) on FastFact-Sent across four back-
bones. ElementCheck achieves the best average score
in each backbone group under the more challenging
fine-grained evaluation.

more verifiable sentences does not by itself guar-1132

antee stronger factuality evaluation. Backbones1133

differ in how well they balance coverage with veri-1134

fication precision, which motivates reporting both1135

coverage-sensitive metrics and class-balanced ac-1136

curacy in the main experiments.1137

Figure 5: Backbone-level comparison between average
verifiable sentence count and F1@K.

B.4 Claim-Refinement Baselines1138

Table 12 compares ElementCheck with two claim-1139

refinement baselines using the same verifiable sen-1140

tences from our FastFact-Sent preprocessing. The1141

comparison shows that explicit claim refinement1142

can improve some fine-grained decisions, but it in-1143

troduces additional decomposition and refinement1144

steps. ElementCheck remains close in performance1145

while using a simpler sentence-level pipeline.1146

B.5 Per-Class Error Analysis1147

To understand where ElementCheck’s gains origi-1148

nate, we compare per-class accuracy between Di-1149

rect Verification and ElementCheck under GPT-4o-1150

mini and GPT-5.1 (Table 13).1151

Gains concentrate on hard classes. Ele-1152

mentCheck’s improvement primarily comes from1153

Dataset ElementCheck DnDScore VeriFact
BAcc-3 BAcc-2 BAcc-3 BAcc-2 BAcc-3 BAcc-2

ExpertQA 42.3 67.2 50.5 67.2 46.8 66.5
FCBench 52.2 64.0 51.1 65.7 52.3 69.7
Bio 60.2 74.3 58.5 72.2 59.6 78.1
HelloBench 49.2 69.0 56.8 68.3 48.3 64.5
LongFact 51.7 69.7 53.7 70.4 50.2 69.1

Avg 51.1 68.8 54.1 68.7 51.5 69.6

Table 12: Comparison with claim-refinement baselines
on FastFact-Sent with GPT-4o-mini. BAcc-3 and BAcc-
2 are reported per dataset.

Model BAcc Refute Acc NEI Acc
Direct EC Direct EC Direct EC

GPT-4o-mini 64.7 68.8 14.6 25.3 38.6 48.1
GPT-5.1 64.4 71.3 19.9 25.2 66.2 81.0

Table 13: Per-class accuracy comparison between Direct
Verification and ElementCheck. Gains concentrate on
Refute and NEI. EC indicates ElementCheck.

Refute and NEI rather than Support. This confirms 1154

that element-based verification helps most when 1155

the verifier must identify contradictions or evidence 1156

gaps, where fine-grained structural anchors provide 1157

the most value. 1158

Error patterns differ by backbone. GPT-4o- 1159

mini tends to over-predict Support, while GPT- 1160

5.1 is more conservative and assigns NEI more 1161

often. ElementCheck’s remaining errors are pre- 1162

dominantly gold-Support sentences shifted to NEI, 1163

suggesting conservative abstention on borderline 1164

claims. This is a preferable error pattern for factual- 1165

ity evaluation, where false support is more harmful 1166

than false abstention. 1167

When does ElementCheck not help? Ele- 1168

mentCheck provides limited additional value for 1169

straightforward factual assertions that are already 1170

directly supported by retrieved evidence. Its gains 1171

concentrate on semantically complex cases involv- 1172

ing negation, qualification, or multi-entity relations. 1173

On weaker backbones, coverage can also be limited 1174

by the Verifiable Sentence Acquisition stage, sug- 1175

gesting that upstream sentence acquisition remains 1176

an important factor for future improvement. 1177

Scalability analysis across document lengths 1178

(Appendix C.4) further shows that graph con- 1179

struction remains controlled as responses become 1180

longer. 1181

C Robustness and Stability Analysis 1182

C.1 Cross-Backbone Graph Stability 1183

ElementCheck uses the element graph as a struc- 1184

tural interface between sentence acquisition and 1185
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verification. We therefore evaluate whether this1186

graph remains stable when extracted by different1187

backbone models. Figure 6 reports pairwise Soft-1188

Semantic F1 scores over entity nodes and relations.1189

The results show high semantic consistency across1190

backbones, indicating that element extraction is not1191

merely a model-specific artifact.1192

Figure 6: Element graph similarity across backbone
models. The upper triangle reports entity-node consis-
tency, and the lower triangle reports relation consistency.

To further separate extraction stability from veri-1193

fication ability, Table 14 decouples the graph extrac-1194

tor and verifier. When the verifier is fixed, chang-1195

ing the graph extractor produces only small perfor-1196

mance variation. This suggests that the main source1197

of performance difference is the verifier’s reason-1198

ing capacity rather than instability in the extracted1199

graph.1200

Graph Verifier BAcc-2 BAcc-3

GPT-4o-mini GPT-5.1 72.04 53.33
GPT-4o-mini Qwen3-235B 74.03 54.47
GPT-5.1 GPT-4o-mini 71.13 50.79
GPT-5.1 Qwen3-235B 74.56 55.90
Qwen3-235B GPT-4o-mini 72.05 52.70
Qwen3-235B GPT-5.1 73.81 51.73

Table 14: Cross-model stability with graph extraction
and verification decoupled. Under a fixed verifier, per-
formance changes less across graph extractors than
across verifier backbones.

C.2 Perturbation Study1201

To measure how downstream verification changes1202

under noisy upstream element extraction, we in-1203

ject synthetic noise into the extracted element pairs1204

before verification. Dropout simulates missed ex-1205

traction, Swap tests sensitivity to corrupted entities,1206

Addition simulates spurious pairs, and Shuffle tests1207

whether pair direction alone drives decisions. All 1208

experiments use GPT-4o-mini on FastFact-Sent. 1209

Type p BAcc-3 ∆ BAcc-3 BAcc-2 ∆ BAcc-2

Original — 0.536 — 0.713 —

Dropout

0.1 0.531 −0.005 0.707 −0.007
0.2 0.534 −0.002 0.712 −0.002
0.3 0.522 −0.014 0.706 −0.008
0.5 0.529 −0.008 0.712 −0.001

Shuffle

0.1 0.527 −0.009 0.709 −0.004
0.2 0.526 −0.010 0.711 −0.003
0.3 0.525 −0.011 0.709 −0.004
0.5 0.525 −0.011 0.705 −0.009

Swap

0.1 0.527 −0.010 0.703 −0.010
0.2 0.509 −0.027 0.700 −0.014
0.3 0.515 −0.021 0.705 −0.009
0.5 0.495 −0.041 0.681 −0.032

Addition

0.1 0.445 −0.092 0.611 −0.102
0.2 0.433 −0.104 0.609 −0.105
0.3 0.457 −0.079 0.638 −0.076
0.5 0.455 −0.081 0.636 −0.078

Table 15: Verification performance under controlled
perturbation. Original: no perturbation.

The results reveal a clear pattern: ElementCheck 1210

is relatively robust to pair direction reversal and 1211

omission, moderately sensitive to entity replace- 1212

ment, and most sensitive to spurious pair addition. 1213

This indicates that extraction precision matters 1214

more than recall for stable downstream verifica- 1215

tion: incomplete anchors can often be recovered 1216

from context, whereas false structural cues may 1217

misdirect the verifier. 1218

C.3 Alternative Representations 1219

We compare ElementCheck’s element graph repre- 1220

sentation against four alternatives under a unified 1221

evaluation setting. All methods share the same 1222

upstream pipeline; only the representation and ver- 1223

ification granularity differ. 1224

Method BAcc-3 BAcc-2 Sup-Acc Ref-Acc NEI-Acc

Direct 0.463 0.647 0.857 0.146 0.387
Triples (S,R,O) 0.529 0.679 0.609 0.286 0.694
SRL Frames 0.543 0.718 0.751 0.289 0.588
Element Pairs (no graph) 0.436 0.644 0.577 0.017 0.714
Element Graph (ours) 0.536 0.713 0.874 0.253 0.482

Table 16: Comparison of structured representations. All
methods share the same upstream pipeline. Element
Graph achieves the best balance of accuracy and cover-
age.

Token Efficiency. Table 17 reports the per- 1225

method token cost. Element Graph provides the 1226

most favorable trade-off among structured repre- 1227

sentations: it improves verification over direct sen- 1228

tence checking while avoiding the larger overhead 1229

introduced by SRL frames and triplet extraction. 1230
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Method Sent. Tokens Relative Cost

Direct 695 1.00×
Element Graph (ours) 1,123 1.62×
Element Pairs (no graph) 1,158 1.67×
SRL Frames 1,446 2.08×
Triples 2,001 2.88×

Table 17: Token cost comparison of structured represen-
tations.

Key Findings. Element Graph achieves the best1231

overall balance between accuracy, coverage, and1232

token cost. Triplet extraction suffers from coverage1233

loss due to its stricter structure, while SRL frames1234

improve some minority-class decisions at a higher1235

computational cost. Comparing Element Graph1236

with Element Pairs also shows that graph routing1237

is essential: the graph structure helps decide which1238

sentences can be verified directly and which require1239

stronger verification.1240

C.4 Scalability Analysis1241

We analyze how graph complexity scales with doc-1242

ument length on FastFact-Sent. Scalability is con-1243

sidered at two levels: graph construction as docu-1244

ment length increases, and verification cost after1245

graph-guided routing.1246

Length Bin Avg Words Avg Pairs Components Pairs/Sent Direct Ratio

<150 98.0 9.5 1.2 1.86 0.426
150–300 226.4 30.2 3.2 2.52 0.554
300–500 403.9 47.1 7.2 1.76 0.616
500–800 630.5 86.4 11.0 2.00 0.687
800+ 987.8 142.1 14.7 2.07 0.685

Table 18: Complexity growth by document length on
FastFact-Sent. Pairs/Sent: average element pairs per
sentence; Direct Ratio: proportion of sentences routed
to direct verification.

Key Findings. Graph size grows with document1247

length, but the growth is well structured rather1248

than monolithic. Longer responses naturally split1249

into more graph components, and the per-sentence1250

number of element pairs remains bounded. This1251

supports the scalability of graph-guided routing:1252

longer responses do not necessarily require propor-1253

tionally more expensive verification, because many1254

sentences remain structurally simple and can be1255

handled by the direct path.1256

C.5 Graph Statistics1257

Table 19 reports the element graph diameter distri-1258

bution on FastFact-Sent. Most connected graphs1259

have small diameters, while disconnected graphs1260

reflect sentences with multiple loosely coupled se-1261

mantic units. This distribution motivates the choice 1262

of δ = 3 as a natural boundary between structurally 1263

simple and complex sentences. 1264

Category Count Ratio

Disconnected 2,010 29.1%
d = 1 324 4.7%
d = 2 2,712 39.2%
d = 3 1,310 18.9%
d = 4 434 6.3%
d = 5 101 1.5%
d ≥ 6 23 0.3%

Table 19: Element graph diameter distribution on
FastFact-Sent (GPT-4o-mini).

D Prompt 1265

The prompts of Verifiable Sentence Acquisition, 1266

Element Extraction, Element-based Verification, 1267

Claim Re-exaction and Direct Verification corre- 1268

spond to Figure 7, Figure 8, Figure 9, Figure 10 1269

and Figure 11. 1270

Prompt of Verifiable Sentence Acquisition.

User Prompt:

You are a preprocessing assistant for fac-
tuality checking. Given a question and a
paragraph in the response that is divided
into a sentence list.
Your task is to perform coreference resolu-
tion and verifiable verification on each sen-
tence in the list based on the question, and
return the processed sentences and a list.
Strictly follow the process below:
1. Verifiable Check: Return an empty string
for sentences that cannot be verified.
A sentence is verifiable if it makes an objec-
tiv statement that can in principle be verifi-
able;
A sentence consisting entirely of subjective
statements, imperative sentences, interroga-
tive sentences, or transitional sentences con-
necting contexts is unverifiable.
If a sentence mixes subjective and objective
elements, but contains at least one objective,
verifiable claim as described above, remove
the subjective elements and retain only the
verifiable clauses.
2. Coreference Resolution: Use the ques-
tion and all segments as context to resolve
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pronouns and vague references in each sen-
tence, such as: he, she, it, they, this, that,
these, those, the character, the story, some,
others, etc.
3. Sentence Rewrite:
For sentences that cannot be verified, return
an empty string "".
For sentences that can be verified, make
only minimal changes: complete corefer-
ence resolution and remove some conjunc-
tions or clauses without verification infor-
mation.
If the sentence does not require modifica-
tion, return the original sentence.
Here are some example below:
Example 1:
Example 1:
Question:
What is the history behind the creation of
the periodic table , and what impact did it
have on modern science and chemistry?
Text List:
["The periodic table is a way of
organizing the elements based on their
atomic number , chemical properties and
physical properties .", "It is a very
useful tool for modern science and
chemistry because it helps to predict how
elements will react with each other ,
understand the trends in their properties
and discover new elements ."]
Output:
["The periodic table is a way of
organizing the elements based on their
atomic number , chemical properties and
physical properties .", "The periodic table
is a useful tool for modern science and
chemistry because it helps scientists
predict how elements will react with each
other , understand trends in their
properties , and discover new elements ."]

Example 2:
Question:
What inspired Stephen Hawking to pursue a
career in theoretical physics?
Text List:
["Here are some examples of how Stephen
Hawking inspired others to pursue careers
in theoretical physics.", "According to
some sources , Hawking was inspired by his
father ’s interest in medicine and his
mother ’s enthusiasm for philosophy and
politics.", "He also had a natural
curiosity and passion for science and
mathematics from an early age.", "He was
influenced by his teachers and mentors at
Oxford and Cambridge , such as Robert
Berman and Dennis Sciama ."]
Output:
["", "Stephen Hawking was inspired by his
father ’s interest in medicine and his
mother ’s enthusiasm for philosophy and
politics.", "Stephen Hawking had a natural
curiosity and passion for science and
mathematics from an early age.", "Stephen
Hawking was influenced by his teachers and
mentors at Oxford and Cambridge , including
Robert Berman and Dennis Sciama ."]

Example 3:
Question:
What is one of the most significant
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climate science findings in recent years?
Text List:
["One major climate -science finding in
recent years is the sharply accelerating
ice -sheet mass loss in
Antarctica ."," According to satellite
gravimetry analyses from missions such as
NASA ’s GRACE and GRACE -FO, Antarctica has
been losing ice several times faster than
in the 1990s, with West Antarctica showing
patterns that some researchers describe as
tipping -like."," Scientists attribute this
rapid mass loss to several interacting
physical drivers :"]

Output:
["One major climate -science finding in
recent years is the sharply accelerating
ice -sheet mass loss in Antarctica .",
"Antarctica has been losing ice several
times faster than in the 1990s, with West
Antarctica showing patterns that some
researchers describe as tipping -like.", ""]

Input:
Question: {question}
Text List: {text_list}
Output:
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Figure 7: Prompt of Verifiable Sentence Acquisition.

Prompt of Element Extraction.

User Prompt:

You are an information extraction system
that works sentence by sentence.
For each sentence in a sentence List:
1. Identify noun entities and drop lead-
ing determiners like "the/a/an", the entities
should include:
- proper names
- numeric and time expressions
- Noun phrases in the sentence
2. Using only the sentence’s relational de-
scriptions, extract connected entity pairs in
the form ["head", "tail"]. The relations in-
clude:
- predicative relations
- attributive relations
- modifying relations
- appositive or exemplification structures
- temporal or spatial anchoring
- causal dependencies
3. If a mention is a pronoun or a coreferent
form (e.g., this/that/these/those/it/they/the
xxx), you must resolve it using the current
or previous sentence and record the resolu-
tion.
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4. Skip sentences with non-verifiable or
imperative structure (e.g., "Here are some
examples.", "Do you have a favorite one?")
Coreference

• Resolve within a 2-3 sentence window
to the most specific antecedent.

• If uncertain, skip that pair.

• Do not treat relative pronouns (e.g.,
"which", "that", "who") in restrictive
or non-restrictive clauses as true coref-
erence mentions.

• Record each resolution as ["mention",
"resolved_to"]

Output Format is JSON
Return a JSON array where each element
corresponds to one sentence:
[{{

"pairs ":[[" head1", "tail1"], ["head2",
"tail2"], ...]
"coref ":[[" this", "entity1 "]]

}}]

Example:
Text:
’On June 11, 1770, James Cook\’s ship
Endeavour ran aground on the Great Barrier
Reef.’, ’This accident on that day marked
the first recorded European shipwreck on
the reef.’]
Output:
[

{{
"pairs": [

[" James Cook ’s ship Endeavour",
"Great Barrier Reef"],
[" James Cook ’s ship Endeavour",
"June 11, 1770"] ,
[" shipwreck", "June 11, 1770"]

],
"coref": []

}},
{{

"pairs": [
[" accident", "shipwreck"],
[" accident", "June 11, 1770"] ,
[" shipwreck", "Great Barrier Reef"]

],
"coref": [

["This accident", "the shipwreck of
James Cook ’s ship Endeavour on the
Great Barrier Reef on June 11,
1770"] ,
["that day", "June 11, 1770"] ,
["the reef", "Great Barrier Reef"]

]
}}

]

Text:
[’The protein retention capability of
solid reconstituted corneal cells (sRCCs)
is superior to that of extruded RCCs
(eRCCs), and this difference has
significant implications for antigen
presentation in vaccine development.’,
’These retain their original dense ,
fibrous matrix structure , which provides a
high surface area and physical stability.’]
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Output:
[

{{
"pairs": [

[" protein retention capability",
"solid reconstituted corneal cells
(sRCCs)"],
[" protein retention capability",
"extruded RCCs (eRCCs)"],
[" difference", "implications "],
[" implications", "antigen
presentation "],
[" antigen presentation", "vaccine
development "]

],
"coref": [

["this difference", "difference in
protein retention capability between
sRCCs and eRCCs"]

]
}},
{{

"pairs": [
["solid reconstituted corneal cells
(sRCCs)", "matrix structure"],
[" matrix structure", "high surface
area"],
[" matrix structure", "physical
stability "]

],
"coref": [

["These", "solid reconstituted
corneal cells (sRCCs)"],
["their", "solid reconstituted
corneal cells (sRCCs)"]

]
}}

]

Input:
Text: {text}
Output:
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Figure 8: Prompt of Element Extraction.

Prompt of Element-based Verification.

User Prompt:

You are a precision fact-checking assistant.
You will be given:

• a Sentence,

• a list of Locator Pairs,

• a set of Evidence snippets.

Locator Pairs:
1. Each locator pair consists of two entities
from the Sentence.
2. Contextual Anchors: These pairs are
NOT just isolated keywords. They anchor
specific modifiers, attributes, or actions
connecting these two entities within the Sen-
tence context.
Your task:
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1. Locate Context: Use each Locator Pair
to identify the specific relationship, modi-
fication, or predicate assertion made in the
Sentence. 2. Verify: Check if the Evidence
supports that specific relationship or mod-
ification. 3. Classify: Assign exactly one
of the following four labels to every locator
pair based only on the Evidence.
Classifications:
1. Support
The Evidence confirms the specific relation-
ship or modification described in the Sen-
tence.
Synonyms and semantic equivalents are ac-
cepted.
2. Not Enough Evidence
The Evidence is missing, irrelevant, or too
vague regarding the specific relationship.
Use this when the Evidence mentions the
entities but does not verify the specific mod-
ification or action asserted in the Sentence.
3. Conflicting Evidence
The Evidence snippets contain internal con-
tradictions regarding this specific relation-
ship.
4. Refute
The Evidence explicitly contradicts the spe-
cific relationship or modification described
in the Sentence.
Output format:
Your entire output must be a single valid
JSON object with exactly the following
structure. You must categorize every pro-
vided locator pair into one of these four lists.
{{

"Support ": [
[" head_a", "tail_a "]

],
"Not Enough Evidence ": [

[" head_b", "tail_b "]
],
"Conflicting Evidence ": [

[" head_c", "tail_c "]
],
"Refute ": [

[" head_d", "tail_d "]
]

}}

Format constraints:
1. The only keys you may output are ‘"Sup-
port"‘, ‘"Not Enough Evidence"‘, ‘"Con-
flicting Evidence"‘, and ‘"Refute"‘.
2. The value of each key must be a JSON
array of locator pairs.
3. You must copy locator pairs verbatim
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from the given Locator Pairs list.
4. Each locator pair from the input must
appear in exactly one of the four arrays.
5. If a category is empty, verify output ‘[]‘.
6. Do NOT output any natural language
explanation, comments, or headings.
Input:
Sentence: {sentence}
Locator Pairs: {pairs}
Evidence: {evidence}
Output:
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Figure 9: Prompt of Element Based Verification.

Prompt of Claim Re-exaction.

User Prompt:

You are a fact-checking assistant. Your task
is to generate ONE verifiable claim based
on unverified elements from a sentence.
You will receive: 1. Sentence: The original
sentence to be verified
2. Unverified Elements: A list of element
pairs that could not be verified (marked as
"not enough evidence")
Task
Based on the unverified elements, generate
ONE specific, atomic, and independently
verifiable claim that covers the most impor-
tant unverified information.
Requirements
The claim should be:
- Atomic: Contains only one verifiable fact
- Self-contained: Can be understood without
additional context
- Specific: Includes concrete entities, num-
bers, dates, or facts
- Searchable: Can be verified through web
search
- Comprehensive: Covers the most critical
unverified element(s)
If multiple elements are unverified, priori-
tize the most important or specific one.
Output Format
Return ONLY the claim as a single string
(no quotes, no JSON array, just the claim
text).
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If no verifiable claim can be extracted, re-
turn an empty string: ""
Examples
Example 1:
Sentence: "Albert Einstein was born in
Ulm , Germany in 1879 and won the Nobel
Prize in 1921."
Unverified Elements: [[" Albert Einstein",
"Ulm"], [" Albert Einstein", "1879"]]
Output: Albert Einstein was born in Ulm ,
Germany in 1879.

Example 2:
Sentence: "The company reported revenue of
$50 billion in 2023, a 15% increase from
the previous year."
Unverified Elements: [[" company", "$50
billion"], [" revenue increase", "15%"]]
Output: The company reported revenue of
$50 billion in 2023, representing a 15%
increase from the previous year.

Example 3:
Sentence: "She is a famous actress ."
Unverified Elements: []
Output:

Input:
Sentence: {sentence}
Unverified Elements: {unveri-
fied_elements}
Output:
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Figure 10: Prompt of Claim Re-exaction.

Prompt of Direct Verification.

User Prompt:

You need to judge whether a claim is sup-
ported, refuted, or whether there is not
enough evidence based on Google search
results.
Below are the definitions of the three cate-
gories:
support: A claim is supported by the search
results if everything in the claim is sup-
ported and nothing is contradicted by the
search results. There can be some search
results that are not fully related to the claim.
refute: A claim is refuted by the search
results if something in the claim is contra-
dicted by some search results. There should
be no search result that supports the same
part.
not enough evidence: A claim is inconclu-
sive based on the search results if:
- a part of a claim cannot be verified by the
search results,
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- a part of a claim is supported and contra-
dicted by different pieces of evidence.
You must output ONLY a JSON object in
this exact format:
{{

"label": "<support|refute|not enough
evidence >"

}}

Input:
Claim: {claim}
Evidence: {evidence}
Output:
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Figure 11: Prompt of Direct Verification.

Prompt of Discriminator.

User Prompt:

You are a fact-checking discriminator. Your
task is to determine whether a candidate
sentence explicitly contains or supports a
given atomic claim.
Please analyze whether the candidate sen-
tence explicitly contains or supports the
atomic claim. The sentence should directly
express or clearly support the information
stated in the claim.
Respond with only "YES" if the sentence
explicitly contains or supports the claim, or
"NO" if it does not.
Input:
Atomic Claim: {claim}
Candidate Sentence: {sentence}
Output:
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Figure 12: Prompt of Discriminator.

E Case Study 1285

Element Extraction and Verification Case.

Question
You should write a detailed response to
the following question on food.
[Question ]: What will happen if I only eat
vegetables for a week? [Requirements ]: 1.
The answer should be long enough to
provide a comprehensive response.

Answer
Eating only vegetables for a week can lead
to a mix of short -term benefits and
potential challenges , depending on the
variety , quantity , and preparation of the
vegetables consumed. Below is a detailed
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analysis of the potential outcomes:

---

### **1. Nutrient Intake: Benefits and
Gaps**
- ** Positive Effects **: Vegetables are
rich in vitamins (A, C, K, folate),
minerals (potassium , magnesium),
antioxidants , and fiber. A week of
consuming a diverse range of vegetables
(e.g., leafy greens , cruciferous veggies ,
root vegetables , and legumes) could boost
your immune system , improve skin health ,
and support digestion due to the high
fiber content.

- Example: Spinach and kale provide iron
and calcium , while bell peppers and
broccoli are high in vitamin C.

- ** Potential Deficiencies **:
- ** Protein **: Most vegetables (except
legumes like lentils or chickpeas) are
low in protein. A week without adequate
protein may lead to muscle weakness ,
fatigue , or slower recovery from
physical activity.
- ** Healthy Fats **: Vegetables lack
essential fatty acids (e.g., omega -3s),
which are critical for brain function
and hormone production. Without fats ,
absorption of fat -soluble vitamins (A,
D, E, K) may also be reduced.
- ** Vitamin B12 and D**: These are
absent in plant -based foods (unless
fortified), but a one -week deficiency is
unlikely to cause harm. Longer -term
exclusion would be problematic.

---

### **2. Digestive Changes **
- ** Improved Gut Health **: The fiber in
vegetables acts as a prebiotic , feeding
beneficial gut bacteria. This might reduce
bloating and improve bowel regularity over
time.
- ** Initial Discomfort **: A sudden
increase in fiber (especially raw
vegetables) can cause gas , bloating , or
diarrhea if your gut isn ’t accustomed to
it. Cooking vegetables or gradually
increasing fiber intake can mitigate this.

---

### **3. Energy Levels and Metabolism **
- ** Caloric Deficit **: Most vegetables are
low in calories. If you don ’t eat enough
volume to meet your energy needs , you may
experience fatigue , headaches , or
irritability. For example , 100g of spinach
has only 23 calories , whereas 100g of
potatoes provides 77 calories (and more
starch for sustained energy).
- ** Blood Sugar Stability **: Non -starchy
vegetables (e.g., broccoli , zucchini) have
minimal impact on blood sugar , which can
help prevent energy crashes. However ,
relying solely on them without balancing
with protein or fats might leave you
feeling unsatisfied.

---

### **4. Weight Fluctuation **
- **Short -Term Weight Loss **: A
vegetable -only diet often leads to water
weight loss due to reduced sodium intake
and lower carbohydrate stores (glycogen).
However , this is temporary and not
equivalent to fat loss.
- ** Muscle Loss **: Insufficient protein
and calories could cause the body to break
down muscle for energy , especially if
combined with physical activity.
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---

### **5. Psychological and Social Impacts **
- ** Mental Clarity **: Some people report
improved focus and reduced brain fog due
to the anti -inflammatory properties of
vegetables.
- ** Cravings and Mood Swings **:
Restricting entire food groups (e.g.,
grains , fats , proteins) may trigger
cravings for salty , sweet , or fatty foods.
Social situations (e.g., dining out) could
also become challenging.

---

### **6. Long -Term Considerations **
While a one -week vegetable -focused diet is
unlikely to cause severe harm , prolonged
restriction of other food groups could
lead to nutrient deficiencies , hormonal
imbalances (e.g., thyroid issues from
excessive raw cruciferous vegetables), or
disrupted menstrual cycles in women.

---

### ** Recommendations for a Balanced
Approach **
If you plan to eat only vegetables for a
week:
- ** Prioritize Variety **: Include legumes
(lentils , beans) for protein , starchy
vegetables (sweet potatoes , squash) for
energy , and avocado or olive oil for
healthy fats.
- ** Monitor Portions **: Ensure you ’re
eating enough to meet daily caloric needs
(~1 ,600 -2 ,500 calories depending on
activity level).
- **Cook Vegetables **: Steaming or
roasting improves digestibility and
nutrient absorption (e.g., lycopene in
tomatoes is better absorbed when cooked).
- ** Supplement Wisely **: Consider a B12 or
vitamin D supplement if your diet lacks
fortified foods.

---

### ** Conclusion **
A week of eating only vegetables can be a
refreshing "reset" that highlights the
benefits of plant -based foods , such as
increased fiber and micronutrient intake.
However , it may also expose you to
short -term energy dips , cravings , and
digestive adjustments. For most people ,
this experiment is safe but should not be
extended long -term without careful
planning to avoid nutrient gaps. Always
consult a healthcare professional before
making significant dietary changes ,
especially if you have underlying health
conditions.

Verifiable Sentences
Sentence 1
{

"Sentence ": "Eating only vegetables for
a week can lead to a mix of short -term
benefits and potential challenges ,
depending on the variety , quantity , and
preparation of the vegetables consumed.",
"element ": "pairs": [

[" Eating only vegetables", "week"],
[" Eating only vegetables", "mix"],
["mix", "short -term benefits"],
["mix", "potential challenges "],
["mix", "variety"],
["mix", "quantity"],
["mix", "preparation "],
[" variety", "vegetables consumed"],
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[" quantity", "vegetables
consumed"],
[" preparation", "vegetables
consumed "]

],
"verification ": {

"support ": [
[" Eating only vegetables", "week"],
[" Eating only vegetables", "mix"],
["mix", "short -term benefits"],
["mix", "potential challenges "],
["mix", "variety"],
["mix", "quantity"],
["mix", "preparation "],
[" variety", "vegetables consumed"],
[" quantity", "vegetables
consumed"],
[" preparation", "vegetables
consumed"],
"refute ": [],
"not_enough_evidence ": [],
"conflicting_evidence ": []

},
"initial_verdict ": "supported",
"final_verdict ": "supported",

}

· · ·
Sentence 3
{

"sentence ": "A week of consuming a
diverse range of vegetables (e.g., leafy
greens , cruciferous veggies , root
vegetables , and legumes) could boost a
person ’s immune system , improve skin
health , and support digestion due to the
high fiber content.",
"pairs ": [

["week", "diverse range of vegetables
(e.g., leafy greens , cruciferous
veggies , root vegetables , and
legumes)"],
["week", "person ’s immune system"],
["week", "skin health"],
["week", "digestion"],
[" digestion", "high fiber content "]

],
"coref ": [],
"verification ": {

"support ": [],
"refute ": [],
"not_enough_evidence ": [

["week", "diverse range of
vegetables (e.g., leafy greens ,
cruciferous veggies , root
vegetables , and legumes)"],
["week", "person ’s immune system"],
["week", "skin health"],
["week", "digestion"],
[" digestion", "high fiber content "]

],
"conflicting_evidence ": []

},
"initial_verdict ": "needs_reverify",
"reverify_info ": {

"decomposed_claim ": "A week of
consuming a diverse range of
vegetables (e.g., leafy greens ,
cruciferous veggies , root vegetables ,
and legumes) supports digestion due to
the high fiber content.",
"evidence ": "Title: Eating 30 Plants
per Week: How To Do It and Why -
ZOE\nDate published: Nov 11,
2025\ nSnippet :\ nResearch suggests that
eating 30 plant types every week could
have a particularly positive effect on
the diversity and health of your gut
microbiome .\n\nTitle: Eating 30
Different Plants a Week: How to Do It
- My Doctor Online\nDate published:
Jun 10, 2024\ nSnippet :\nA doctor
explains the health benefits of
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getting 30 plant points a week and
meal plan ideas.\n\nTitle: Cruciferous
Vegetables: 5 Health Benefits\nDate
published: No
record\nSnippet :\ nCruciferous
vegetables include leafy greens ,
broccoli , Brussels sprouts and more.
They have anti -cancer properties and
are high in fiber and vitamins C,
...\n\nTitle: You Should Aim To Eat 30
Different Plants a Week - Food
Network\nDate published: Apr 9,
2025\ nSnippet :\ nResearchers found that
eating at least 30 different plants a
week helped people diversify their
microbiome .\n\nTitle: Why to eat
cruciferous vegetables - Mayo Clinic
Health System\nDate published: Oct 21,
2024\ nSnippet :\ nAdding cruciferous
vegetables to your recipes is an easy
way to increase fiber , support a
healthy diet and reduce
obesity .\n\nTitle: Diversity of
Plant -Based Food Consumption: A
Systematic Scoping ...\ nDate
published: Apr 29,
2025\ nSnippet :\ nHigher fruit and
vegetable diversity was associated
with higher vitamin C, carotenoids ,
flavonoids , and dietary fiber ,
compared with lower ...\n\nTitle:
Health Benefits of Cruciferous
Vegetables - WebMD\nDate published:
Nov 14, 2024\ nSnippet :\nLow in
calories and high in fiber ,
cruciferous vegetables also help you
feel fuller longer. That can help
people eating for weight loss or heart
...\n\nTitle: The Power of Cruciferous
Vegetables - Experience Life
Magazine\nDate published: Jun 1,
2021\ nSnippet :\ nStudies have found
that crucifers - especially one of
their main compounds , sulforaphane -
benefit metabolic and heart health
...\n\nTitle: 11 Reasons to Eat
Vegetables Every Day | Orlando - UCF
Health\nDate published: No
record\nSnippet :\ nVegetables",
"reverify_label ": "support"

},
"final_verdict ": "supported"

}

· · ·
Sentence 21
{

"sentence ": "Insufficient protein and
calories could cause the body to break
down muscle for energy , especially if
combined with physical activity.",
"pairs": [

[" Insufficient protein", "body"],
[" calories", "body"],
["body", "muscle"],
[" muscle", "energy"],
[" Insufficient protein", "physical
activity"],
[" calories", "physical activity "]

],
"coref": [],
"verification ": {

"support ": [
[" Insufficient protein", "body"],
[" calories", "body"],
["body", "muscle"],
[" muscle", "energy"],
[" calories", "physical activity "]

],
"refute ": [],
"not_enough_evidence ": [

[" Insufficient protein", "physical
activity "]
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],
"conflicting_evidence ": []

},
"initial_verdict ": "needs_reverify",
"reverify_info ": {

"decomposed_claim ": "Insufficient
protein intake combined with physical
activity can lead to muscle breakdown
for energy.",
"evidence ": "Title: The effect of
protein intake on athletic performance
- PubMed Central\nDate published: Nov
6, 2024\ nSnippet :\ nProtein intake
appears to provide modest benefits to
athletes in improving their
performance , particularly by enhancing
endurance .\n\nTitle: Skeletal Muscle
Responses to Negative Energy Balance:
Effects of ...\ nDate published: No
record\nSnippet :\ nDecreases in
skeletal muscle mass in response to
negative energy balance are due to
imbalanced rates of muscle protein
synthesis and degradation .\n\nTitle:
Protein Intake and Exercise -Induced
Skeletal Muscle Hypertrophy\nDate
published: Jul 7, 2020\ nSnippet :\nThe
combination of protein intake and
resistance exercise is the most
efficient strategy to promote skeletal
muscle hypertrophy and
remodeling .\n\nTitle: Muscle
preservation during hospitalization:
energy balance , protein ...\ nDate
published: No
record\nSnippet :\ nPhysical inactivity ,
along with reduced energy and protein
intake , are the primary drivers of
muscle atrophy during hospitalization
by suppressing muscle ...\n\nTitle:
Low protein intake , muscle strength
and physical performance in the
...\ nDate published: No
record\nSnippet :\nLow protein intake
has been linked to reduced muscle
strength and physical performance in
older adults but little is known about
how it may affect muscle ...\n\nTitle:
Protein Intake & Muscle Mass in
Elderly Females with Sarcopenia\nDate
published: May 11,
2025\ nSnippet :\nHowever , inadequate
protein intake , along with hormonal
imbalances , reduced physical activity ,
and chronic inflammation , accelerates
muscle loss ...\n\nTitle: Protein &
Energy Intake Not Linked to Muscle
Mass in Older Adults\nDate published:
No record\nSnippet :\nWe found that
neither daily total protein intake nor
distribution throughout the day were
associated with muscle mass , strength ,
or physical function .\n\nTitle:
Effects of protein supplementation on
muscle mass , muscle strength ...\ nDate
published: Apr 8, 2025\ nSnippet :\nA
deficiency in protein intake could
lead to an imbalance in pr",
"reverify_label ": "not enough evidence"

},
"final_verdict ": "not enough evidence"

}

· · ·
Sentence 87
{

"sentence ": "Vegetables do not contain
complete proteins (complete proteins
that include all nine essential amino
acids), so a diet solely based on
vegetables could lead to protein
deficiency .",
"pairs ": [
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[" Vegetables", "complete proteins"],
[" complete proteins", "nine essential
amino acids"],
["diet", "vegetables "],
["diet", "protein deficiency "]

],
"coref": [

["those", "complete proteins "]
],
"verification ": {

"support ": [
[" complete proteins", "nine
essential amino acids"]

],
"refute ": [

["diet", "protein deficiency "]
],
"not_enough_evidence ": [

["diet", "vegetables "]
],
"conflicting_evidence ": [

[" Vegetables", "complete proteins "]
]

},
"initial_verdict ": "refuted",
"final_verdict ": "refuted",
"reverify_info ": null

}
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Figure 13: ElementCheck Case study.
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