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Abstract

Fact verification pipelines are often un-001
realistic: they assume full-input access,002
operate on isolated atomic claims, and003
overlook the central question of when a004
system should act under partial evidence.005
We introduce diver (Deliberative and006
Iterative fact VERification), an llm-based007
framework for calibrated incremental fact-008
checking. diver incrementally extracts009
verifiable atomic claims from progressively010
revealed input, retrieves and refines evi-011
dence through iterative web search, and012
triggers a correction as soon as a claim is013
reliably refuted; if no such trigger occurs, it014
performs a passage-level revision over the015
full input to recover missed errors. Across016
standard fact-checking benchmarks, diver017
outperforms strong llm-based verification018
pipelines, with especially large gains on019
retrieval-intensive settings. We further in-020
troduce UmActually, a real-world bench-021
mark built from the Internet game Um,022
Actually, to evaluate not only whether a023
system finds an error, but whether it does024
so at the right time. On UmActually,025
diver reports the strongest end-to-end re-026
sults while typically buzzing close to the027
earliest valid decision point, supporting its028
effectiveness for calibrated incremental fact-029
checking.030

1 Introduction031

Real-world fact-checking often takes place under032
incremental exposure, such as in social media reply033
chains, spoken question answering, or live commen-034
tary. In such settings, there is often no true “full035
input”: new information continues to arrive, and a036
verifier must decide not only whether some part of037
the input is false, but also when enough evidence038
has become available to justify acting.039

At the same time, factual errors in these set-040
tings are often embedded in dense context rather041
than presented as isolated atomic claims. A post042
might say, “You know he was involved in the first043
war—he even gave a speech at the UN.” Verifying044
this statement requires resolving the pronoun “he”045
(e.g., Colin Powell), inferring that the post refers046

to the 2003 invasion of Iraq, and checking whether 047
the described events are accurate. The difficulty 048
is that the claim is not fully interpretable in iso- 049
lation: its referents and implied background must 050
be reconstructed from context. Moreover, the fac- 051
tual error itself may be subtle, such as incorrectly 052
characterizing the 2003 invasion of Iraq as the “first 053
war” between the United States and Iraq. 054

Thus, realistic verifiers must (i) isolate refutation- 055
critical atomic claims from dense text, (ii) retrieve 056
and refine evidence across hops, and (iii) decide 057
when the available evidence is sufficient to com- 058
mit. This makes calibration central: a dependable 059
system should defer judgment when evidence is 060
still insufficient, rather than hallucinate or commit 061
prematurely. 062

Recent llm-based verification pipelines com- 063
bine decomposition, retrieval, and reasoning, but 064
they only partially address the requirements above. 065
First, one-shot claim extraction is brittle for dense, 066
context-dependent discourse, often yielding incom- 067
plete or under-specified atomic claims (Metropoli- 068
tansky and Larson, 2025). Second, open-domain 069
retrieval is noisy, yet most systems lack an ex- 070
plicit mechanism to assess evidence sufficiency 071
and iteratively refine queries for multi-hop verifica- 072
tion (Zheng et al., 2024; Zhuang et al., 2024). Third, 073
most pipelines assume that the full input is avail- 074
able upfront, and thus do not support quizbowl-like 075
incremental verification, where the input is revealed 076
token by token and the system must decide under 077
partial exposure whether to wait for more context 078
or commit to an answer. 079

We introduce diver (Deliberative and Iterative 080
fact VERification), an llm-based pipeline for 081
Quizbowl-like incremental fact-checking. In this 082
setting, the input is revealed token by token, and 083
the system may answer at any time. As a result, 084
the core challenge is not only to determine whether 085
the content is correct, but also to decide whether 086
the currently available information is sufficient to 087
justify commitment under partial exposure. Unlike 088
prior approaches that perform one-shot decompo- 089
sition and verification over the full input, diver 090
periodically attempts to extract a verifiable atomic 091
claim as the input unfolds. For each such claim, it 092
generates a query, retrieves evidence through web 093
search, and assesses whether the currently available 094
information is sufficient to support a conclusion. 095
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Figure 1: Overview of diver. The input is revealed token by token. As the passage unfolds,
ClaimExtractor proposes atomic claims, which enter an iterative retrieval-and-checking loop. diver
buzzes as soon as a claim is verified as Refuted; otherwise, if no such trigger occurs by the end of the
passage, it performs passage-level revision.

If the evidence is insufficient, diver refines the096
query based on the retrieved results and continues097
iterative retrieval; if the evidence is sufficient, it098
produces a local supported or refuted decision.099
Finally, once the full input has been revealed, diver100
performs a passage-level revision stage that revisits101
the complete text together with all previously veri-102
fied claims, checks for missed errors, and produces103
a final verdict with a brief explanation.104

We evaluate diver at two levels. First, it remains105
effective on standard one-shot fact-checking bench-106
marks. We then turn to the setting that most di-107
rectly reflects our motivation: calibrated incremen-108
tal fact-checking under partial exposure. To sup-109
port this evaluation, Section 3.6 introduces UmAc-110
tually, a machine-readable benchmark built from111
the Internet game Um, Actually. This task is chal-112
lenging not only for computational systems, but113
also for humans. Using UmActually, we evalu-114
ate whether diver can not only identify factual115
errors, but also trigger at the right time, and we116
compare its behavior against human performance117
in the same section.118

Contributions. Our contributions are as follows:119

• We introduce diver, a new method for calibrated120
incremental fact-checking.121

• We introduce UmActually, a machine-readable122
dataset built on the Internet game Um, Actually.123

• We show that diver is effective on standard124
fact-checking benchmarks and supports direct125
comparison with human performance in a real-126
world incremental setting.127

2 Method 128

This section presents diver, our LLM-based 129
framework for calibrated incremental fact-checking. 130
diver operates through an iterative control loop 131
that periodically extracts verifiable atomic claims, 132
retrieves and refines evidence through web search, 133
and makes local support/refutation decisions when 134
the available information is sufficient. After these 135
incremental verification steps, diver performs a 136
passage-level revision over the full input to recover 137
missed errors, integrate previously verified claims, 138
and produce a final verdict with a brief explanation. 139
Figure 1 provides an overview of the framework. 140

Like many recent llm-based fact verification 141
pipelines, the main modules described below— 142
including ClaimExtractor, QueryGenerator, 143
Filter, and FactChecker—are implemented 144
as prompted llm calls rather than separately 145
trained models. Each module uses a task-specific 146
prompt, and full prompting details are given in 147
Appendix A.7. 148

2.1 Passage to Atomic Claims 149

The first stage of diver is Claim Extractor, 150
which converts the revealed passage prefix into a 151
set of verifiable atomic claims. Rather than de- 152
composing the full passage in a single pass, Claim 153
Extractor performs claim extraction incrementally 154
as the input unfolds. At each extraction step, the 155
model reads the current prefix and outputs one new 156
atomic claim that can be checked independently, 157
or returns a special stop signal if no such claim is 158
available. 159

An atomic claim in diver is a short factual state- 160
ment that is specific enough to support retrieval 161
and local verification. ClaimExtractor is prompted 162
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to preserve the meaning of the passage while rewrit-163
ing it into a simpler, self-contained form suitable164
for downstream checking.165

Consider the example in Figure 1. From the early166
prefix, ClaimExtractor may first extract a claim167
such as Six Flags is named after its Texas roots.168
After more context is revealed, it can produce a169
more specific claim such as The name “Six Flags”170
refers to six nations that governed Texas. Once171
the list is revealed, Claim Extractor can further172
generate claims such as France governed Texas,173
Spain governed Texas, and England governed Texas.174

2.2 Iterative and Incremental Claim175
Verification Loop176

As soon as Claim Extractor extracts a new177
atomic claim, diver immediately starts verifying178
it through an iterative retrieval-and-checking loop,179
while continuing to process other active claims in180
parallel. Unlike one-shot pipelines that retrieve181
once and immediately make a decision, diver con-182
tinues retrieval for the same claim when the current183
evidence is still incomplete.184

Query Generator (Mq). For each claim ci, the185
query generator produces an initial search query186

qi = Mq(ci). (1)187

Consider the claim from Figure 1: The name “Six188
Flags” refers to the flags of the six nations that have189
governed Texas. An initial query may be meaning190
of Six Flags name or Six Flags name origin Texas,191
which targets the central entities and relation in192
the claim.193

Search Module (R). The query is sent to the194
retriever R, which returns a ranked list of candidate195
passages:196

Di = R(qi). (2)197

For this example, the first retrieval round may198
return evidence stating that the name Six Flags199
comes from the phrase “six flags over Texas”. This200
establishes one part of the claim, but does not yet201
identify the six governments themselves.202

Filter & Query Recommendation (Mf).203
Given the claim ci and the retrieved passages Di,204
the filter module selects the most relevant evidence205
and recommends a follow-up query:206

(Ei, qreci ) = Mf (Di, ci). (3)207

In the running example, once the system has208
identified that the company name is tied to the “six209
flags over Texas,” the remaining missing evidence210
is the list of those six governments. The recom-211
mended follow-up query may therefore be what are212
the six flags over Texas or which six nations gov-213
erned Texas. The follow-up query is issued for the214
same claim, with the goal of completing the missing215
evidence chain.216

Fact Checker (Mch). The fact checker reads 217
the claim together with the filtered evidence and 218
outputs a verdict and a short rationale: 219

(vi, ρi) = Mch(ci, Ei), (4) 220

where vi ∈ {SUP,REF,NEI}. 221
In this example, the checker can make a decision 222

only after both parts are available: evidence about 223
what the name Six Flags refers to, and evidence 224
about which six governments are meant. If one 225
of these parts is still missing, the checker returns 226
Not Enough Information, and diver continues 227
retrieval using the recommended query. Otherwise, 228
it assigns a final local label to the claim. 229

Iterative verification. This retrieve–filter–check 230
loop continues until the claim is labeled Supported 231
or Refuted, or until a preset maximum number 232
of retrieval rounds is reached. Verified claims are 233
stored as tuples ⟨ci, vi, ρi⟩ and passed to the final 234
revision stage. In this way, diver treats claim 235
verification as a multi-step evidence accumulation 236
process rather than a one-shot decision based on a 237
single retrieval result. 238

2.3 Calibrated Buzzing and Revision 239

As discussed in Section 4, in the incremental fact- 240
checking setting, the system is encouraged to make 241
timely decisions rather than wait by default until 242
the full passage has been observed. This timing 243
behavior (Sung et al., 2025) is central to calibration: 244
a well-calibrated verifier should avoid acting when 245
the available evidence is still insufficient, but should 246
trigger a fact check as soon as a claim is reliably 247
refuted. 248

diver implements this through a simple buzzing 249
policy. During the iterative claim verification loop, 250
once any atomic claim is verified as Refuted, 251
the system immediately buzzes and outputs a 252
paragraph-level verdict together with a brief ex- 253
planation based on the refuted claim and its sup- 254
porting evidence, while still continuing to process 255
the remaining input and verify later claims until 256
the passage ends. 257

Revision is invoked only when no such trigger 258
occurs by the end of the passage. In this case, 259
diver revisits the full passage together with the set 260
of previously verified claims and asks whether an 261
additional claim should be checked. The purpose 262
of this stage is to recover errors that were missed 263
during incremental verification, for example because 264
they were not salient in any earlier prefix or only 265
became clear after the full passage was observed. 266

Formally, at revision step t, the revision module 267
proposes an additional claim 268

crevt = Mr(P, Ct−1), (5) 269

where P is the full passage and Ct−1 is the set of 270
claims already verified before step t. The proposed 271
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revision claim is then sent through the same retrieve–272
filter–check loop described above. If it is verified273
as Refuted, diver buzzes and outputs the final274
result; otherwise, revision continues until a preset275
revision budget is reached.276

If no refuted claim is found even after revision,277
the system returns a final SUPPORTED decision278
with a brief explanation. In this way, diver com-279
bines early commitment when evidence is sufficient280
with a fallback recovery mechanism when incremen-281
tal verification alone does not surface an error.282

3 Experiments283

This section evaluates diver from three perspec-284
tives. We first examine its effectiveness on stan-285
dard public fact-checking benchmarks (Section 3.1–286
Section 3.3) to show that the proposed framework287
is competitive under conventional one-shot evalu-288
ation. We then perform ablations and targeted289
analyses (Section 3.4– 3.5) to identify which com-290
ponents of diver drive these improvements. Fi-291
nally, we study diver in a real-world incremental292
setting (Section 3.6) that directly tests its cali-293
brated buzzing behavior, using UmActually, a294
new dataset built from the Internet game Um, Ac-295
tually. Together, these experiments evaluate both296
the general effectiveness of diver and its ability to297
trigger fact checks at the right time under partial298
exposure.299

3.1 One-Shot Fact Checking Comparison300

Datasets. We evaluate on three widely used301
benchmarks chosen to cover different fact-checking302
settings, from short claim classification to retrieval-303
intensive open-web verification.304

FEVEROUS-S (Aly et al., 2021a) extends305
claim verification to evidence grounded in semi-306
structured Wikipedia pages, where systems must307
retrieve correct evidence and predict verdicts.308
LIAR (Wang, 2017) consists of short political309
claims with categorical labels, primarily stressing310
claim-level classification. AVeriTeC (Schlichtkrull311
et al., 2023) targets long-form, open-web fact veri-312
fication with explicit evidence requirements and is313
evaluated with a composite score over evidence and314
verdict correctness.315

Baselines. We compare against several repre-316
sentative categories: (i) Zero-retrieval LLM, a317
vanilla GPT model without external evidence; (ii)318
LLM + web search, where the model is prompted319
with retrieved web snippets; (iii) Step-by-step /320
modular pipelines that explicitly decompose ver-321
ification into intermediate steps (HISS (Zhang322
and Gao, 2023), FactCheck-GPT (Wang et al.,323
2024), BiDeV (Liu et al., 2024)); and (iv) Itera-324
tive retrieval-and-verification frameworks that are325
closely related in spirit to DIVER (SAFE (Diao326
et al., 2024), FIRE (Xie et al., 2025), QACheck (Pan327

et al., 2023a), ProgRFC (Pan et al., 2023b)). 328
For AVeriTeC, we additionally report results from 329
strong shared-task systems when available (e.g., In- 330
Fact and HerO) under the fixed-backbone setting 331
(Table 2). 332

Evaluation Metrics. We follow the official 333
evaluation protocols of each benchmark. On 334
FEVEROUS-S and LIAR we report Macro-F1; 335
on AVeriTeC we report the official AVeriTeC 336
score, which jointly evaluates evidence retrieval 337
and verdict correctness. Where helpful for analy- 338
sis, we report additional diagnostic metrics in later 339
sections. 340

Implementation Details. For fair comparison, 341
all llm-based methods share the same open-web 342
retrieval backend and decoding configuration unless 343
otherwise specified. Here, backbone denotes the 344
underlying llm used by all prompted modules in a 345
pipeline. We also compare several stopping policies 346
for incremental claim extraction and revision, and 347
use the best-performing configuration as the default 348
in all experiments. Full implementation details, 349
prompt templates, retrieval settings, Efficiency and 350
cost statistics, and policy comparisons are provided 351
in Appendix A. 352

3.2 Overall Performance 353

Table 1 reports the backbone-swappable com- 354
parison on FEVEROUS-S, LIAR, and AVeriTeC 355
using two backbones. Across benchmarks, diver 356
reports the strongest scores among pipeline base- 357
lines, with the largest margins on FEVEROUS-S 358
and AVeriTeC, where retrieval quality and multi- 359
hop evidence aggregation are especially important. 360
Table 2 further fixes the backbone (GPT-4o) to en- 361
able direct comparison with competitive AVeriTeC 362
shared-task systems under the standard evaluation 363
protocol. 364

3.3 Main Results 365

Backbone-swappable results. diver achieves 366
the best results on FEVEROUS-S and AVeriTeC 367
under both backbones, and remains competitive on 368
LIAR (Table 1). The improvement is larger on the 369
weaker backbone (GPT-3.5-turbo), suggesting that 370
DIVER’s structured control—iterative extraction, 371
evidence-aware query refinement, and paragraph- 372
level revision—helps compensate for limited model 373
capacity when evidence is sparse or noisy. 374

Comparison to iterative verification base- 375
lines. When compared against closely related iter- 376
ative retrieval-and-verification frameworks (SAFE, 377
FIRE, QACheck, ProgRFC), DIVER remains com- 378
petitive on FEVEROUS-S and LIAR, indicating 379
that its claim-centric control loop and revision stage 380
provide complementary benefits beyond standard 381
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iterative querying. We further analyze which com-382
ponents contribute most in Section 3.4.383

AVeriTeC shared-task comparison. Table 2384
reports AVeriTeC results under a fixed GPT-4o385
backbone, allowing direct comparison to shared-386
task submissions (e.g., InFact, HerO). DIVER ex-387
ceeds these systems under the official AVeriTeC388
score, demonstrating that the proposed pipeline re-389
mains strong even against task-specialized systems.390

3.4 DIVER Benefits from Extraction,391
Retrieval, and Revision392

We next analyze where diver’s gains come from.393
We first use a leave-one-out ablation to measure394
the contribution of iterative extraction, adaptive395
retrieval, and revision, then study iterative extrac-396
tion and adaptive follow-up retrieval more directly397
in targeted experiments.398

We remove each major component in turn while399
keeping all other settings fixed. Table 3 reports the400
resulting scores.401

Iterative extraction matters most on dense402
inputs. Removing the step-wise claim extractor403
(–Iterative Extraction) causes a drop of 6.3% on404
FEVEROUS and 7.9% on AVeriTeC, confirming405
that fine-grained, incremental extraction is critical406
for high-density paragraphs.407

Adaptive retrieval gives the largest gains408
on multi-hop benchmarks. Without the fil-409
ter/recommend module, performance degrades410
most severely on multihop datasets (−10.4 on411
FEVEROUS, −7.2 on AVeriTeC), showing that412
adaptive follow-up queries are indispensable when413
initial retrieval is noisy or incomplete.414

Revision provides consistent gains. Skipping415
the paragraph-level revision (–Revision) impact on416
FEVEROUS(−3.3) and AVeriTeC(−4.2), indicat-417
ing that revision is mainly useful for long-distance418
contextual errors.419

Overall, each module contributes complementary420
gains, and their combination is required to achieve421
the best results reported in Section 3.422

3.4.1 Iterative Extraction Exposes More423
Refutation-Critical Errors424

We next test whether iterative extraction surfaces425
more refutation-critical errors than one-shot extrac-426
tion. We evaluate the claim extractor as a stan-427
dalone component using coverage of gold incorrect428
sub-claims, a task-aligned metric. Since paragraph-429
level verification is Refuted once any incorrect430
sub-claim is identified, we ask whether the extractor431
can surface at least one such sub-claim for down-432
stream retrieval and verification. Here, “coverage”433
means that the extracted claims include at least434
one semantically matching gold incorrect sub-claim,435
even if the wording differs.436

Setup. We sample 150 paragraph-length items 437
from the refuted split of AVeriTeC (avg. 6.4 sub- 438
claims per paragraph). For each paragraph we 439
compare (i) a one-shot extractor that outputs all 440
claims in a single pass and (ii) our iterative extrac- 441
tor that outputs one atomic claim per step until 442
self-termination. Two annotators judge whether 443
the extracted claim set contains at least one gold 444
incorrect sub-claim (i.e., a refutation-critical error). 445
We consider a predicted claim to cover a gold in- 446
correct sub-claim if it is semantically equivalent to 447
(or entails) that sub-claim. Annotation details are 448
provided in Appendix B. 449

Metric. Let G− be the set of annotated incorrect 450
sub-claims for a paragraph and C be the extracted 451
claim set. We define incorrect-subclaim coverage as 452
ISC = I[∃g ∈ G−,∃c ∈ C : match(c, g)], and report 453
the average ISC over the sampled paragraphs. 454

Results and discussion. Iterative extraction im- 455
proves incorrect-subclaim coverage by +7.3 pp on 456
GPT-4o-mini and +9.2 pp on GPT-3.5-turbo (Ta- 457
ble 4). The gain is more pronounced for the weaker 458
backbone, suggesting that step-wise focusing helps 459
lower-capacity models surface refutation-critical er- 460
rors that a single-pass extractor often merges or 461
omits. 462

3.4.2 Adaptive Follow-up Queries Improve 463
Multi-hop Verification 464

To isolate the effect of dynamic follow-up retrieval, 465
We next evaluate DIVER on the open-domain splits 466
of HoVer (Jiang et al., 2020) for two challenging 467
settings that require chained evidence: hop-3 and 468
hop-4.Table 5 contrasts our results with representa- 469
tive step-by-step baselines. 470

Findings DIVER improves over BiDeV, the best- 471
performing baseline in Table 5, by +1.9 pp on 472
hop-3 and +2.4 pp on hop-4. The margin widens 473
as the evidence chain length grows, suggesting that 474
our Filter&Recommendation loop is particularly 475
effective when the initial retrieval misses interme- 476
diate links. Compared with single-hop-prompting 477
systems such as FactCheck-GPT and FLAN-T5, 478
DIVER yields gains of +5.3–7.4 pp, confirming 479
that adaptive multi-hop querying is crucial for deep 480
reasoning tasks. 481

3.5 Error Breakdown 482

To understand how DIVER improves over earlier 483
pipelines, we randomly sampled 100 misclassified 484
paragraphs from the FEVEROUS test set for both 485
DIVER and the strongest baseline BiDeV, then 486
manually assigned each error to one of five mutually 487
exclusive categories (Table 6). 488

Findings. DIVER eliminates more than half of 489
the Missed sub-claim errors and reduces Retriever 490
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Methods FEVEROUS-S LIAR AVeriTeC score

4o-mini 3.5-turbo 4o-mini 3.5-turbo 4o-mini 3.5-turbo

Vanilla LLM 50.1 29.8 59.6 29.1 0.17 0.12
LLM + Web Search 55.7 42.7 65.2 40.2 0.35 0.32
HISS (Zhang and Gao, 2023) 59.3 48.2 58.6 46.8 0.38 0.32
FactCheck-GPT (Wang et al., 2024) 65.3 56.5 65.2 52.9 0.50 0.44
BiDeV (Liu et al., 2024) 65.9 59.5 67.4 60.3 0.52 0.43

DIVER (ours) 70.6 66.7 67.4 63.0 0.67 0.52

Table 1: Main results (backbone-swappable group). For AVeriTeC, scores refer to the official metrics
jointly evaluating evidence retrieval and verdict correctness.

Methods FEVEROUS-S LIAR Acc. AVeriTeC score

SAFE (Diao et al., 2024) 55.1 62.6 N/A†

FIRE (Xie et al., 2025) 63.8 64.1 N/A†

QACheck (Pan et al., 2023a) 59.5 63.0 N/A†

ProgramFC (Pan et al., 2023b) 68.0 63.2 N/A†

AVeriTeC Shared Task Systems
InFact (Rothermel et al., 2024) 66.2 67.0 0.63
HerO (HUMANE) (Yoon et al., 2024) 63.1 64.0 0.57

DIVER (ours, GPT-4o) 70.6 67.4 0.67

Table 2: Main results (fixed-backbone group + AVeriTeC shared-task systems). InFact and
HerO AVeriTeC scores are official test-set numbers reported by the system papers / shared-task report.
† N/A denotes methods that are not directly applicable to the AVeriTeC score setting (e.g., they do not
produce the required evidence-format outputs for official scoring), hence no AVeriTeC score is reported.

Variant FEV. LIAR AVT.

Full DIVER 70.6 67.4 0.67
– Iter. Extr. 65.3 66.8 0.56
– Filter / Rec. 61.2 63.1 0.58
– Revision 68.3 67.2 0.62

Table 3: Ablation results. Each row removes one
major component from the full system while keep-
ing all other settings fixed. All three components
contribute, with the largest drops coming from it-
erative extraction and adaptive retrieval.

Extractor GPT-4o-mini GPT-3.5-turbo

One-shot 85.8% 76.3%
Iterative (ours) 93.1% 85.5%

Table 4: Incorrect-subclaim coverage (%) on 150
refuted AVeriTeC paragraphs: fraction of para-
graphs whose extracted claim set contains at least
one gold incorrect sub-claim.

failures by 47%, confirming that iterative extrac-491
tion and follow-up querying successfully plug the492
two largest gaps of one-shot pipelines. For exam-493
ple, a paragraph state that Marie Curie discovered494
polonium and later won the Nobel Prize in Chem-495
istry. A one-shot system may retrieve evidence only496
for the Nobel Prize and miss the earlier discovery-497
related sub-claim, whereas DIVER can continue498
verifying the remaining uncovered part through an499
additional retrieval step. It is also slightly better at500
recognising genuine contradictions (UC, −3 errors).501

Method
HoVer
(hop-3)

HoVer
(hop-4)

QACheck (Pan et al., 2023a) 54.67 52.35
FIRE (Xie et al., 2025) 57.23 55.12
FactCheck-GPT (Wang et al., 2024) 60.11 59.25
FLAN-T5 (Jiang et al., 2021) 60.23 55.42
BiDeV (Liu et al., 2024) 63.62 60.41

DIVER (ours) 65.48 62.82

Table 5: Accuracy (%) on HoVer hop-3 / hop-
4 (open-domain). DIVER gives the best results
among the compared systems, with larger gains as
the hop count increases.

The price we pay is an increased rate of Spu- 502
rious refutation (SR): the fact checker sometimes 503
over-trusts a narrow slice of evidence and flags an 504
otherwise correct claim as Refuted. For instance, 505
a paragraph says that the film won three awards 506
at a European festival, the retriever may surface 507
evidence about only one specific award event with 508
a different count or scope, leading the checker to 509
incorrectly treat this partial mismatch as a contra- 510
diction. We conjecture that the stronger recall of 511
our loop delivers more borderline passages to the 512
entailment model, amplifying its susceptibility to 513
false negatives. Mitigating this tendency—e.g. via 514
confidence calibration or ensemble voting—is left 515
for future work. 516
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Error Type DIVER BiDeV ∆

Missed sub-claim (MSC) 12 27 −15
Retriever failure (RF) 18 34 −16
Uncaught refutation (UC) 14 17 −3
Spurious refutation (SR) 46 12 +34
Other 10 10 0

Total 100 100

Table 6: Manual taxonomy of 100 erroneous pre-
dictions per system.

3.6 UmActually: Real-World Calibrated517
Incremental Fact-Checking518

Standard fact-checking benchmarks primarily eval-519
uate whether a system can eventually produce the520
correct verdict once the full input is available. By521
contrast, the central question in our setting is not522
only whether a system identifies a factual error,523
but also when it decides to act under incremental524
exposure. To evaluate this directly, we introduce525
UmActually, a real-world benchmark built from526
the Internet game Um, Actually, where errors are527
embedded in dense spoken trivia and the input un-528
folds progressively. This setting directly matches529
the calibrated incremental fact-checking scenario530
motivating diver: the system must decide when531
the available evidence is sufficient to trigger a cor-532
rection, rather than waiting by default until the533
full passage has been observed.534

Dataset Construction. We extract UmActu-535
ally from the 2024 and 2025 season of Um, Ac-536
tually. Each example consists of a host statement537
containing at least one factual error together with538
the corresponding correction provided in the show.539
Two expert annotators segment each host state-540
ment into atomic claims and label these claims as541
Supported, Refuted, or Not Enough Infor-542
mation, and additionally mark a gold buzz position543
for each paragraph. The resulting dataset contains544
179 paragraphs, with an average of 6.8 atomic545
sub-claims per paragraph.546

Unlike conventional benchmark construction,547
UmActually is designed to support both correct-548
ness evaluation and timing evaluation. The claim549
annotations allow us to measure whether the sys-550
tem identifies the relevant factual error, while the551
gold buzz positions allow us to measure whether it552
does so at an appropriate time under incremental553
input.554

Streaming Protocol and Buzz Position. To555
simulate the intended deployment setting, we reveal556
each paragraph word by word in subtitle order. At557
every step, the system may either continue reading558
or buzz and output a correction. For each example,559
annotators mark a gold buzz position b⋆, defined as560
the earliest word index after which an expert can561
correctly identify the relevant error using only the562
observed prefix.563

Method Macro-F1 Acc.

Vanilla GPT-4o 32.3 31.9
BiDeV 74.2 71.8
DIVER (ours) 80.6 79.5

Table 7: Results on UmActually. diver improves
over BiDeV by +6.4 Macro-F1 and +7.7 Accuracy.

When diver produces a correct correction at 564
word index b, we measure its relative timing devia- 565
tion as 566

∆ =
b− b⋆

L
× 100%, (6) 567

where L is the full paragraph length in words. This 568
quantity normalizes timing across passages of differ- 569
ent lengths and captures how far the system’s buzz 570
point lags behind the earliest valid trigger. Lower 571
values therefore indicate more timely decisions. 572

This protocol lets us evaluate calibrated buzzing 573
directly. A strong system should not merely find the 574
error eventually; it should buzz soon after enough 575
evidence becomes available, while avoiding prema- 576
ture triggers based on incomplete context. 577

End-to-End Results. To the best of our knowl- 578
edge, diver is the only system in our comparison 579
that is natively designed for this calibrated incre- 580
mental setting. However, existing fact-checking 581
pipelines such as BiDeV can still be adapted to 582
this setting through repeated prompting over pro- 583
gressively revealed input, making direct compari- 584
son possible. Table 7 compares diver against two 585
strong baselines that share the same Google Search 586
retriever and GPT-4o-mini backbone. diver re- 587
ports the best results on UmActually, improving 588
over BiDeV by +6.4 Macro-F1 and +7.7 Accu- 589
racy. These gains are consistent with the trends 590
observed on other retrieval-intensive benchmarks, 591
but are especially important here because correct- 592
ness is evaluated in a noisy incremental setting 593
rather than under full-input access. 594

These results show that diver remains effective 595
even when the task is no longer simply to ver- 596
ify a static paragraph after complete observation. 597
Instead, it must operate under progressively re- 598
vealed input and commit at the right time. In this 599
regime, the gains from iterative extraction, adap- 600
tive retrieval, and calibrated buzzing translate into 601
stronger end-to-end fact-checking quality. 602

Buzz Timing. Correctness alone is not sufficient 603
in this setting; the more distinctive question is 604
whether diver buzzes at the right time. Using the 605
timing metric above, we examine the distribution of 606
∆ over correctly answered examples. diver buzzes 607
within 20% of the gold earliest position for 52.5% 608
of cases, and within 40% for 78.7% of cases. This 609
indicates that, when diver is correct, it typically 610
identifies the relevant error shortly after enough 611
evidence becomes available. 612
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Human Comparison. Because UmActually613
is derived from a human-played quiz format, it also614
provides a natural reference point for human incre-615
mental fact-checking. We report show-level human616
accuracy using the earliest correct contestant an-617
swer for each question when multiple answers are618
attempted. Across 179 questions from the 2024619
and 2025 seasons, contestants answered 130 cor-620
rectly and 49 incorrectly, for an overall accuracy of621
72.6%. Accuracy varies across seasons: the 2025622
season reaches 79.8% (95/119), whereas the 2024623
season reaches 58.3% (35/60).624

We also compare buzz timing on the subset of625
2025-season questions answered correctly by hu-626
mans. Using the same timing metric in Equation 6,627
the average human timing deviation is 26.7% over628
these 95 questions. diver is slightly better on629
this metric, suggesting that its gains are not lim-630
ited to final correctness, but also extend to timely631
triggering under incremental exposure.632

4 Related Work633

Benchmarks beyond simple claims. Early634
fact-checking benchmarks such as FEVER (Thorne635
et al., 2018) and LIAR (Wang, 2017) enabled large-636
scale evaluation, but many inputs are short and637
syntactically simple, which can understate the dif-638
ficulty of verifying realistic, compositional state-639
ments. Subsequent datasets raise complexity in640
complementary ways: Fool Me Twice (Eisenschlos641
et al., 2021) emphasizes compositional and adver-642
sarial claims; FEVEROUS (Aly et al., 2021b) (and643
its sentence-level variant FEVEROUS-S) adds semi-644
structured evidence such as tables and lists along-645
side longer passages; AVeriTeC (Schlichtkrull et al.,646
2023) targets paragraph-level, open-domain verifi-647
cation that often requires multi-hop evidence; and648
SciFact (Wadden et al., 2020) introduces scientific-649
domain evidence and distribution shift. Across650
these benchmarks, a recurring bottleneck is not651
only label prediction, but also whether a system652
can identify refutation-critical information embed-653
ded in dense context early enough to act on it.654

Incremental answering and calibration. Our655
setting is also related to work on incremental ques-656
tion answering and calibration. Quizbowl-style QA657
explicitly studies when a system should answer un-658
der progressively revealed input, framing buzzing659
as a sequential decision problem tied to confidence660
calibration (Rodriguez et al., 2019). More recently,661
GRACE formalizes this connection through a bench-662
mark that evaluates how early, accurately, and con-663
fidently models answer as evidence is revealed (Sung664
et al., 2025). These works motivate our view that665
under incremental exposure, correctness alone is666
insufficient: a system should avoid acting when667
evidence is still weak, but commit as soon as the668

available information becomes reliable. 669

Decomposition and agentic verification 670
pipelines. To handle complex inputs, prior work 671
explores sentence decomposition (Liu et al., 2020), 672
claim segmentation (Chen et al., 2022), and struc- 673
tured multi-step verification frameworks such as 674
ProgramFC (Pan et al., 2023b) and QACheck (Pan 675
et al., 2023a). Instruction-tuned LLMs further pop- 676
ularized retrieval-augmented and agentic verifica- 677
tion pipelines that interleave search, reasoning, and 678
evidence judging (Lewis et al., 2020; Wei et al., 2022; 679
Press et al., 2023; Xie et al., 2025; Diao et al., 2024). 680
However, these approaches typically assume either 681
full-input access or a fixed decomposition before 682
verification begins. In contrast, diver is designed 683
for incremental, calibration-sensitive fact-checking: 684
it repeatedly revises what should be checked, refines 685
retrieval only when evidence remains insufficient, 686
and makes an explicit timing decision about when 687
to buzz rather than waiting by default for the full 688
passage. 689

5 Conclusion 690

We presented diver, an llm-based framework for 691
calibrated incremental fact-checking. Unlike prior 692
pipelines that assume full-input access and one- 693
shot verification, diver verifies a passage under 694
progressively revealed input: it incrementally ex- 695
tracts atomic claims, iteratively retrieves and refines 696
evidence, and buzzes as soon as a claim is reliably 697
refuted, with a revision stage as fallback when no 698
such trigger occurs. Across FEVEROUS-S, LIAR, 699
and AVeriTeC, diver reports stronger results than 700
competitive baselines, and our analyses show that 701
these gains come from the intended mechanisms: 702
iterative extraction, adaptive retrieval, and passage- 703
level revision. To evaluate the central question of 704
when a system should act, we introduced UmActu- 705
ally, a real-world benchmark derived from Um, Ac- 706
tually. Results on UmActually show that diver 707
not only improves fact-checking quality, but also 708
usually triggers close to the earliest valid decision 709
point. 710

More broadly, our results support the view that 711
fact-checking should be evaluated not only by even- 712
tual correctness, but also by timely and calibrated 713
commitment under incremental exposure—the set- 714
ting in which real-world fact-checking often arises, 715
such as social media reply chains, spoken question 716
answering, and live commentary. Important direc- 717
tions for future work include extending incremental 718
verification beyond text-only settings to multimodal 719
evidence, improving robustness to adversarial exam- 720
ples and misleading partial evidence, and learning 721
better buzz thresholds or timing policies that adapt 722
to uncertainty and application needs. 723

8



Limitations724

Single–run evaluation. All metrics reported in725
Tables 2–3 originate from a single inference run726
per system. Because OpenAI API usage incurs a727
non-trivial cost ($100 total; Appendix A.5), we did728
not perform multiple seeds or temperature sweeps.729
Future work should measure variance across runs.730

Model dependence on proprietary LLMs.731
Our system relies on gpt-3.5-turbo-0125 and732
gpt-4o-mini-2024-07-18, whose weights are not733
publicly available. Re-training or fine-tuning open-734
source models may reduce cost and improve repro-735
ducibility.736

Dataset coverage. AVeriTeC, FEVEROUS, and737
LIAR cover political and Wikipedia-style claims.738
Performance on domains such as medical or finan-739
cial fact-checking has not been tested and may vary.740

Human annotation scale. We used two adult741
volunteers for claim-quality inspection. While suf-742
ficient for the pilot study, larger and more diverse743
annotator pools are required to robustly measure744
inter-annotator agreement.745

Use of AI assistants. The authors used Chat-746
GPT only for limited language polishing of earlier747
manuscript drafts. No AI assistant was used to de-748
sign the method, run experiments, interpret results,749
or make scientific decisions. All technical content750
and claims in the final paper were produced and751
verified by the authors.752

Potential Risks753

Like other automated fact-checking systems, diver754
may be misused or over-trusted in high-stakes set-755
tings. In particular, an incorrect Supported judg-756
ment may reinforce a false statement, while an757
incorrect Refuted judgment may unfairly cast758
doubt on a true one. This risk is especially impor-759
tant in our incremental setting, where the system760
is encouraged to act before the full passage has761
been observed: a poorly calibrated model may buzz762
too early based on incomplete or misleading partial763
evidence.764

Our system also relies on external retrieval and765
large language models, which introduces additional766
risks. Retrieved evidence may be incomplete, irrel-767
evant, or misleading, and downstream model errors768
may propagate into the final decision. Because769
diver makes timing-sensitive decisions, such errors770
can affect not only whether a prediction is correct,771
but also when the system chooses to intervene.772

We therefore do not view diver as a replacement773
for expert human judgment, especially in sensitive774
domains such as health, law, or politics. Instead, we775
envision it as a decision-support tool used with hu-776
man oversight. Future work should further improve777

calibration, robustness to adversarial or misleading 778
evidence, and uncertainty-aware abstention before 779
deployment in real-world settings. 780
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A Detailed Experimental Settings982

A.1 Data and Pre-processing983

Datasets. We evaluate on the dev split of three984
public fact-checking corpora:985

• AVeriTeC1986

• LIAR2987

• FEVEROUS3988

We treat the task as open-domain retrieval and989
therefore ignore the official evidence fields and990
the provided Wikipedia corpora. No prompt or991
hyper-parameter tuning is performed on the train992
split.993

Label filtering.994

• For AVeriTeC and FEVEROUS we retain995
only claims whose gold label is SUPPORTED or996
REFUTED, discarding NOT ENOUGH INFO.997

• Following prior work (e.g. (??)), LIAR’s998
six-way labels are mapped to binary:999
pants-fire & false → REFUTED;1000
mostly-true & true → SUPPORTED;1001
half-true & barely-true are discarded.1002

1https://fever.ai/dataset/averitec.html
2https://zenodo.org/records/14011838
3https://fever.ai/dataset/feverous.html

Dataset #SUPPORTED # REFUTED

AVeriTeC 122 305
LIAR 449 341
FEVEROUS 3 908 3 481

Table 8: Claim counts after filtering.

Randomness. Pre-processing is deterministic; 1003
no sampling or shuffling is involved, thus no random 1004
seed is required. 1005

A.2 API Configuration 1006

All methods (HISS, FactCheck-GPT, BiDeV, 1007
DIVER) call OpenAI end-points: 1008

• gpt-3.5-turbo-0125: temperature=0.3, 1009
top_p=0.95 1010

• gpt-4o-mini-2024-07-18: default decoding 1011
parameters 1012

Other parameters are left at their SDK de- 1013
faults (max_tokens=none, n=1, stop=nil, 1014
presence_penalty=0, frequency_penalty=0). 1015

Web search is performed via SERPER API 1016
(gl=us, hl=en, num=10). All prompts are included 1017
in the code provided in the supplementary materi- 1018
als. 1019

A.3 Baseline Re-implementation 1020

For HISS, FactCheck-GPT and BiDeV we use the 1021
original repositories unaltered except for: 1022

• replacing the search module with SERPER 1023
(identical top-k=10) 1024

• injecting our API key and locking model names 1025
to the snapshots above 1026

A.4 Hardware & Software Environment 1027

Experiments run on a Windows 11 workstation 1028
(AMD Ryzen 7 8845H, 32GB RAM, no GPU). 1029
Key libraries: python 3.11.11, openai 1.66.3, 1030
tiktoken 0.6.0, scikit-learn 1.5.0. 1031

A.5 Cost & Efficiency 1032

Total runtime < 20 CPU-hours, OpenAI usage 1033
≈ $100. A detailed per-dataset cost table will be 1034
released in the camera-ready version. 1035

On the Feverous test set, our pipeline exe- 1036
cutes 10.2 ± 1.8 serial GPT-4o calls and 8.6 ± 1.1 1037
search-engine queries per paragraph. 1038

These calls consume on average 8 842±952 1039
prompt tokens and 595 ± 101 completion tokens. 1040

A.6 Iteration–Policy Ablation 1041

Both the claim-extraction loop (i iterations per 1042
sentence) and the revision loop (j iterations per 1043
paragraph) can be governed by different stopping 1044
policies. We evaluate four alternatives for i and 1045
three for j. 1046
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Claim extraction policies (i).1047

• CE-1 Self-termination. The extractor outputs1048
a special stop token once it believes no novel1049
atomic claim remains.1050

• CE-2 Fixed budget. We run a fixed number of1051
steps i = n; dev tuning selects n=5.1052

• CE-3 Length-based. i = ⌈|u|/n⌉ with n=4 tokens,1053
allocating more steps to longer sentences.1054

• CE-4 Entity-based. i = n×#NE(u) with n=3,1055
where #NE(u) is the number of named entities1056
in u.1057

Revision policies (j).1058

• REV-1 Fixed budget. We run a fixed number of1059
revision passes j = n with n=4.1060

• REV-2 Slack budget. j = max
(︁
n− |C|, 0

)︁
with1061

n=15, decreasing the remaining budget as more1062
claims are extracted.1063

• REV-3 Length–entity hybrid. j =1064
max

(︁
⌈|P |/n⌉ − d |C|, 0

)︁
, where n=4 and1065

per-claim discount d=1.1066

Allowing the LLM to self-terminate (CE-1) yields1067
the best overall accuracy, verifying that the model1068
can reliably decide when its coverage is complete.1069
Both the constant-budget rule (CE-2) and the1070
entity-triggered rule (CE-4) trail by roughly one1071
point, while length-based CE-3 under-extracts on1072
terse sentences and over-extracts on long, list-like1073
sentences (numbers omitted for space). For revi-1074
sion, a simple fixed budget of four passes (REV-1)1075
performs on par with the slack heuristic REV-2 but1076
avoids maintaining a global claim counter and is1077
therefore retained as our default. The hybrid rule1078
REV-3, which ties the budget to paragraph length,1079
proves too aggressive and often flips otherwise cor-1080
rect paragraphs into Refuted. Overall, the CE-11081
+ REV-1 pair (highlighted in Table 9) offers the1082
best balance between recall and precision without1083
incurring excessive cost.1084

A.7 Prompt Templates1085

This appendix reports the prompt templates used1086
by the main modules in diver. All modules are1087
implemented as prompt-based llm calls.1088

ClaimExtractor.1089

You are a fact-checking assistant. Given a1090
sentence and a list of key points that have1091
already been identified (can be empty) for1092
fact-checking, your task is to find one (only1093
one!) additional key point from the sentence1094
that is not already in the list and requires1095
fact-checking.1096

Return only the new key point. Do not in-1097
clude any explanation or extra text.1098

If you think all the key points are already1099
identified, simply reply with NULL.1100

FactChecker. 1101

You are a fact-checking assistant. Your job 1102
is to determine whether a given claim is fac- 1103
tually correct, based only on the evidence 1104
provided. You must output one of the follow- 1105
ing options: 1106

“Correct” — if the evidence clearly supports 1107
the claim. 1108

“Incorrect. (followed by a brief explanation)” 1109
— if the evidence contradicts the claim. 1110

“Not enough information” — if the evidence 1111
is insufficient or ambiguous. 1112

Be concise and only rely on the provided 1113
evidence. Do not use prior knowledge or make 1114
assumptions beyond what is stated. 1115

If the claim contains emotional or exagger- 1116
ated language, or if it is a statement that is 1117
clearly an opinion or rhetorical flourish (such 1118
as “I’m smart” or “I know how to game the 1119
system”), or if the claim is somehow None 1120
or unrecognizable, output “Correct” as these 1121
types of claims do not require fact-checking. 1122

QueryGenerator. 1123

You are a search query expert. Your job is 1124
to convert factual claims into clear, concise, 1125
and effective search engine queries in English. 1126
Your queries should help retrieve evidence 1127
that confirms or refutes the claim. 1128

Always output the query in plain text. Do 1129
not include explanations or formatting. 1130

Filter. 1131

You are assisting in verifying the truth of a 1132
factual claim. 1133

Below you will find (1) the claim and (2) a 1134
passage taken from a webpage. 1135

Your task 1136

1. Copy exactly any sentence(s) or para- 1137
graph(s) from the passage that provide evi- 1138
dence for deciding whether the claim is true 1139
or false. 1140

2. If you notice text that looks potentially 1141
helpful but would still require further Google 1142
searching or multi-hop reasoning to become 1143
decisive, copy that text as well. 1144

3. When you include such “potential evi- 1145
dence”, add one extra line at the very end 1146
of your answer in the following format: 1147

Recommended next query: <a concise Google 1148
search query that would likely surface the 1149
needed follow-up evidence> 1150

4. Do not rewrite, summarize, or reorder any 1151
text you copy. 1152

5. If the passage contains no relevant infor- 1153
mation, return exactly: 1154

No relevant information found. 1155
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Claim Extractor Revision Stage AVeriTeC FEVEROUS

CE-1 REV-1 83.0 70.6
CE-1 REV-2 82.3 71.2
CE-2 REV-1 80.5 67.8
CE-2 REV-2 79.5 70.8
CE-4 REV-1 79.1 69.9
CE-4 REV-2 78.6 70.2

Table 9: Accuracy on AVeriTeC and FEVEROUS dev for representative iteration-policy pairs. CE-1 +
REV-1 is selected as the default configuration.

Revisor.1156

You are a fact-checking assistant. Given a1157
paragraph and a list of key points that have1158
already been identified for fact-checking, your1159
task is to find one (only one!) additional key1160
point from the paragraph that is not already1161
in the list and requires fact-checking.1162

Return only the new key point. Do not in-1163
clude any explanation or extra text.1164

B Ethics & Licensing1165

Data licensing & privacy. AVeriTeC and1166
FEVEROUS contain Wikipedia text licensed under1167
CC-BY-SA 3.0; LIAR consists of public political1168
statements. We redistribute only claim texts and1169
binary labels, with no personal or sensitive infor-1170
mation.1171

Human subjects & IRB. Our annotation task1172
involved two adult student volunteers from our re-1173
search labs, who annotated publicly available claims.1174
The annotators were informed that the resulting1175
annotations and derived dataset would be used for1176
research and released as part of this project. We did1177
not collect demographic or personally identifying1178
information beyond their voluntary participation1179
in the annotation process, and the study did not in-1180
volve private or sensitive user data. All annotators1181
provided informed consent before participation.1182

Model usage compliance. All calls to the Ope-1183
nAI API comply with its Terms of Use. No1184
user-generated private data was transmitted.1185

Societal impact. While automated fact-checking1186
helps curb misinformation, erroneous “SUP-1187
PORTED” judgements may reinforce falsehoods.1188
We recommend human-in-the-loop deployment, es-1189
pecially in high-stakes domains (e.g. medical).1190

Environmental impact. API inference con-1191
sumed < 0.5 kg CO2-e (0.04 kg/kWh, 12 kWh1192
total).1193
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