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Abstract

Spoken factual claims often occur within multi-
turn conversations, where surrounding dialogue
can provide context unavailable from the claim
alone. Yet most fact-checking research evalu-
ates isolated text, leaving conversational audio
under-studied. We introduce MAD?2, a syn-
thetic Multi-turn Audio Dialogues benchmark
for spoken claim verification with 1,000 two-
speaker dialogues, 1,230 sentence-level check-
worthy candidate annotations, and approxi-
mately 10 hours of audio. We also propose cal-
ibrated multimodal fusion of a context-aware
audio encoder and a dialogue-aware text model.
Adding dialogue context improves verification
across settings, although the gains vary by sce-
nario. Past-only context often approaches lo-
cal offline performance, suggesting its useful-
ness when future context is unavailable. Fu-
sion achieves its highest mean advantage over
text with full-dialogue context, but does not
consistently or significantly outperform text
across settings. Under full-dialogue context,
exploratory subgroup results show greater per-
formance variation across dialogue scenarios
for text and fusion, but across spread styles for
audio.

1 Introduction

Millions hear factual claims in podcasts every
day, yet most of those claims never enter the fact-
checking pipeline. Audiences increasingly shift
toward audio platforms for news and informa-
tion (Whittle, 2024), yet most verification pipelines
still assume written text (Zhou et al., 2019; Liu
etal., 2020). In text, claims can be linked to sources
and cross-referenced via hyperlinks (Zhao et al.,
2020; Zhang and Lee, 2025); in podcasts and live
streams, claims are embedded in multi-turn conver-
sation without citations or attributions, and relevant
context may be distributed across turns. Existing
text benchmarks (Thorne et al., 2018; Wang, 2017,
Gupta et al., 2022) are not designed to capture this,

Script: Exactly. It’s a real problem for the county budget.
I mean, at some point, you have to ask if it’s really ...
ASR: real problem for the county budget i mean at some point
you have to ask if it s really ...

0s 21.96s-29.73s 988

Figure 1: Example of precise claim—audio alignment
in MAD2, where a target claim is linked to its spoken
segment using WhisperX (Bain et al., 2023) word-level
timestamps.

leaving spoken, conversational misinformation un-
derexplored.

What makes this problem particularly hard is
that spoken misinformation is often constructed
through interaction. A statement that appears in-
nocuous on its own may become misleading as
speakers endorse, challenge, reinterpret, or elab-
orate on it. The surrounding exchanges may
therefore provide verification cues unavailable to
a claim-only model. Prior work on dialogue
fact-checking has focused on adapting evidence-
retrieval pipelines to better exploit textual dialogue
context (Gupta et al., 2022; Chamoun et al., 2023),
but has not examined whether the spoken signal
itself carries veracity-relevant information. This
leaves a basic empirical question open: does audio
add information beyond the transcript, and which
portions of the dialogue are most useful for verifi-
cation?

Progress on this question has been limited by two
gaps. First, existing benchmarks do not combine
conversational audio at scale with timestamped
check-worthy candidates and veracity labels inher-
ited from human fact-checked seed claims. Early
efforts on political debates (Kopev et al., 2019) and
audio check-worthiness detection (Ivanov et al.,
2024) demonstrated that acoustic features can com-
plement text for factuality prediction, but focused
on monologue-style debate speech rather than con-
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versational audio. Existing systems for live au-
dio fact-checking (Venktesh and Setty, 2025) pro-
cess broadcast-style streams through Automatic
Speech Recognition (ASR) and text-based Natu-
ral Language Inference (NLI), without modeling
acoustic features or dialogue context. Although
text—image verification has a mature benchmark
ecosystem (Yao et al., 2023; Hu et al., 2023), spo-
ken conversational claims lack an equivalent re-
source. Second, systematic evidence remains lim-
ited on how dialogue context affects verification
across modalities: whether it benefits audio and
text equally, whether the modalities capture differ-
ent aspects of the interaction, and how their per-
formance changes as more of the conversation be-
comes available. These gaps leave the relationship
among audio, transcripts, and dialogue context un-
resolved.

To address both gaps, we introduce MAD2!, a
synthetic Multi-turn Audio Dialogues benchmark
of 1,000 two-speaker dialogues (8,192 sentences;
1,230 sentence-level check-worthy candidate an-
notations) with approximately 10 hours of audio.
Extending MAD (Chun et al., 2025), MAD2 adds
two capabilities that the original benchmark lacked:
higher-fidelity audio synthesis via MoonCast (Ju
et al., 2025) and precise claim-to-audio alignment
via WhisperX (Bain et al., 2023) word-level times-
tamps (Figure 1). We also propose a calibrated
conditional fusion of context-aware audio and text
encoders.

Using MAD2, we systematically evaluate how
conversational context affects verification across
text-only, audio-only, and fusion models under
matched sentence-based context windows. We
focus on three questions: (i) how verification
changes as context expands, (ii) whether past-only
context can match local offline context, and (iii)
when audio provides information beyond ASR
transcripts. Our contributions are: (1) MAD2,
a spoken-dialogue claim verification benchmark
with paired audio, ASR transcripts, and claim-to-
audio alignments, (2) a calibrated conditional fu-
sion method, together with an analysis of when
combining audio and text helps beyond text alone,
and (3) a controlled evaluation protocol that sys-
tematically varies dialogue context under matched
sentence-based windows across text-only, audio-
only, and fusion models. The MAD?2 dataset is
publicly available on Hugging Face.

"https://huggingface.co/datasets/chaewanC/MAD2
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2 Related Work

Most fact-checking research operates over writ-
ten claims, supported by benchmarks such as
FEVER (Thorne et al., 2018), LIAR (Wang, 2017),
and DialFact (Gupta et al., 2022), with dialogue
work adapting evidence-retrieval pipelines to ex-
ploit textual context (Gupta et al., 2022; Chamoun
et al., 2023). We inherit veracity labels from one
such resource (LIAR) but depart from this line in
modality: our task verifies claims from conver-
sational audio, where acoustic cues, disfluencies,
timing, and prosody are available yet absent from
transcript-only pipelines.

Work on spoken misinformation is compara-
tively limited. Studies on political debates and
audio check-worthiness show that speech can carry
useful signal (Kopev et al., 2019; Ivanov et al.,
2024), and recent systems verify spoken claims
in streaming settings (Venktesh and Setty, 2025).
Unlike audio check-worthiness work, which de-
cides whether a segment deserves verification, our
task predicts inherited seed-claim veracity in two-
speaker dialogue and systematically tests how sur-
rounding conversational context affects it; and un-
like live systems that route verification entirely
through ASR text, we model the acoustic signal
directly. Large podcast corpora offer rich audio—
text data (Clifton et al., 2020; Litterer et al., 2025)
but lack timestamped check-worthy candidates
paired with seed- or evidence-linked veracity la-
bels, making them unsuitable for this evaluation.
Finally, multimodal fact-checking has matured in
text—image settings (Yao et al., 2023; Hu et al.,
2023), but spoken dialogue remains underexplored.
MAD? fills this gap by pairing conversational au-
dio with timestamped check-worthy candidates and
inherited seed-claim veracity labels, enabling con-
trolled evaluation of audio, text, and dialogue con-
text in spoken claim verification.

3 Dataset Creation: MAD2

MAD?2 is a synthetic English benchmark of
two-speaker dialogues with sentence-level check-
worthiness annotations, inherited seed-level verac-
ity labels, and high-fidelity generated conversa-
tional audio. We adopt a controlled construction
pipeline because obtaining expert veracity labels
aligned to long-form podcast audio at scale is pro-
hibitively expensive, and the synthetic design lets
us vary how claims enter conversations and how
speakers respond. We build on the construction


https://huggingface.co/datasets/chaewanC/MAD2

Table 1: Key extensions from MAD to MAD?2.

Dimension MAD MAD2
(Chun et al., 2025)
Dataset size 600 dialogues/ 1,000 dialogues/
4.9k sentences 8.2k sentences
Check-worthy 1,748 total 1,230 total
candidates
Inherited T/F la- 810 T/938 F 537T/693F
bels
Audio model XTTS-v2 MoonCast
Audio quality Flat, monotone Natural,
conversational
Audio duration  Not reported 10h 4m, avg. 36s
Transcript Not available WhisperX
alignment

pipeline of our prior work, MAD (Chun et al.,
2025), and substantially extend it, as summarized
in Table 1. Compared with MAD, MAD2 combines
broader dialogue coverage with more restrictive
check-worthiness criteria, focusing on verifiable
factual assertions that are relevant to public dis-
course and could cause harm if false.

Each dialogue is generated by conditioning Gem-
ini 2.5 Pro (Team, 2025) on a human fact-checked
political claim from the LIAR (Wang, 2017) bench-
mark. The dialogue generator receives the seed
claim text but is not provided with its veracity
label. The resulting dialogue receives the seed
claim’s true/false label. We sample 1,000 claims
(500 true, 500 false) and generate one two-speaker
script per claim, conditioned on fictional speaker
profiles, a spread style, and a dialogue scenario.
Spread styles capture how a claim enters conver-
sation (Consequential Storytelling, Casual Rumor-
Mongering, Ironic Dismissal) and dialogue scenar-
ios define the interactional dynamic (Collaborative
Agreement, Collaborative Skepticism, The Classic
Debate, The Persuader and the Questioner, The
Unresolved Argument). Each sentence is annotated
with a binary check-worthiness label. These an-
notations identify which generated sentences ex-
press verifiable claim content; they do not intro-
duce independent veracity judgments. Instead, ev-
ery check-worthy candidate in a dialogue is paired
with its single dialogue-level LIAR label. Au-
tomated quality control with ChatGPT (OpenAl,
2024) filters each dialogue for coherence and con-
sistency with the seed claim. MAD2 comprises
1,000 dialogues (8,192 sentences; 1,230 sentence-
level check-worthy candidate annotations: 537 true
/ 693 false) with about 10 hours of audio (avg.
36s/dialogue).

Audio generation. MAD used XTTS-v22, pro-
ducing flat, monotone synthetic speech. MAD2
replaces it with MoonCast (Ju et al., 2025), a two-
speaker podcast synthesis model designed to pro-
duce more natural prosody, conversational flow,
and disfluencies. In its English podcast evaluation,
MoonCast receives subjective scores of 4.54 for
spontaneity and 4.50 for coherence, together with
a word error rate of 1.81% (Ju et al., 2025). Moon-
Cast’s reported WER uses a different evaluation
corpus and ASR recognizer and is therefore not
directly comparable with our MAD2 measurement.
These results motivate our use of MoonCast as a
closer synthetic approximation to podcast speech.

Transcript alignment. MAD?2 provides Whis-
perX (Bain et al., 2023) transcriptions with word-
level timestamps. Since ASR output does not pre-
serve sentence-level labels, we align each tran-
script back to the generated script to recover check-
worthy annotations and timestamped claim spans.
The alignment pipeline automatically flags low-
scoring, partially matched, unmatched, and fall-
back or split matches; the saved alignments contain
90 flagged sentences across 77 dialogues. These
ASR transcripts are used as text input in all exper-
iments, matching realistic conditions where tran-
scripts are automatically and imperfectly obtained.
For an independent audio—script consistency check,
we transcribe all 1,000 original recordings with
Whisper large-v3 (Radford et al., 2022) (faster-
whisper, FP16, beam size 5), obtaining a nor-
malized corpus-level WER of 4.21% against the
complete generation scripts. This score uses full-
dialogue transcripts without script-conditioned sen-
tence matching and applies identical normalization
of case, punctuation, common contractions, and
equivalent numeric expressions to both sides; it
does not replace the WhisperX transcripts used in
the experiments.

Target-claim instances. While the script-
generation protocol follows MAD (Chun et al.,
2025), MAD?2 turns each check-worthy script sen-
tence into a timestamped target-claim instance.
Each instance links the candidate sentence to its
speaker, turn position, ASR transcript, dialogue-
level veracity label, scenario type, spread style,
and start—end time span in the waveform. This
representation enables matched multimodal eval-
uation: the text model receives the ASR sentence
window with the target claim marked, while the

Zhttps://huggingface.co/coqui/XTTS-v2
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audio model receives the waveform crop spanning
the same sentence window and retains the target’s
relative timestamp for claim-aware pooling. Thus,
differences between text-only, audio-only, and fu-
sion models reflect modality and context use rather
than mismatched input scopes.

Modeling examples are defined only when a di-
alogue contains an eligible target-claim instance.
A candidate enters the experimental pool if it is
check-worthy, has an inherited binary seed label,
and passes the alignment and ASR-quality gates
applied to every model variant (alignment match
score > (.8 and average ASR confidence > 0.8).
Dialogues without an eligible target remain part
of the released benchmark but do not yield pre-
diction instances. Of the 1,230 check-worthy can-
didates, all have binary inherited veracity labels;
the alignment-score filter removes one candidate,
and the subsequent ASR-confidence filter removes
98. The resulting experimental pool contains 1,131
target-claim instances from 845 dialogues.

4 Methodology

Given a dialogue and an aligned target-claim in-
stance, the task is to predict the binary veracity la-
bel inherited from the dialogue’s LIAR seed claim,
y € {0,1} (1 = True, 0 = False). We develop
three model variants (audio-only, text-only, and fu-
sion). The audio-only and text-only models are
trained with cross-entropy loss, with checkpoints
selected by validation AUC; fusion combines their
predictions post-hoc. For each variant, the deci-
sion threshold is tuned on validation data by F1
score (Zeng and Gao, 2023) and applied to test
data without further adjustment.

4.1 Context Configurations

We vary the scope and direction of dialogue con-
text using sentence-window neighborhoods around
each claim. Dialogues are segmented into ordered
sentences by turn and position. For a claim at posi-
tion ¢, we select a window of up to N neighboring
sentences on each side, preserving speaker turn
structure. Here, N indexes neighboring sentences
rather than speaker turns, so even small windows
such as V = 2 can include adjacent cross-speaker
context when claims occur near turn boundaries.
All three model variants operate over identical sen-
tence windows, enabling a fair cross-modal com-
parison.

(1) Claim only (N = 0): the claim sen-

tence alone, mimicking traditional fact-checking
setups (Liu et al., 2020) where claims are verified
in isolation.

(2) Real-time (—N): the target claim and up to
N preceding sentences, without future context, sim-
ulating live or streaming moderation. We evaluate
N e€{1,2}.

(3) Offline (+NV): N sentences on each side of
the claim, reflecting post-hoc analysis of recorded
audio. We evaluate N € {1, 2}, with natural trun-
cation at dialogue boundaries.

(4) Full dialogue: the entire dialogue containing
the target claim, serving as the maximum-context
offline condition.

4.2 Audio-only Claim Verifier

WavLM-base+ (94.68M parameters) (Chen et al.,
2022) is used as the speech encoder, supported by
prior benchmarking (Yang et al., 2024; Peng et al.,
2025) and preliminary runs showing HuBERT (Hsu
et al., 2021), wav2vec2 (Baevski et al., 2020), and
Data2Vec (Baevski et al., 2022) yield weaker re-
sults. We extract a single contiguous audio crop
spanning the sentence window using WhisperX
word-level timestamps, with a 0.15 s padding mar-
gin on each side to avoid hard boundary effects,
resampled to 16 kHz and loaded on-the-fly during
training. The context crop and the claim span serve
different roles. The waveform crop gives WavLM
access to surrounding speech, pauses, speaker tran-
sitions, and local conversational context, while the
claim timestamps identify which portion of that
crop should drive the final decision. Thus, the
model does not discard context before encoding,
but it also does not ask the classifier to summarize
the entire dialogue window uniformly. This mir-
rors the text model’s claim boundary tokens: both
modalities receive the same surrounding sentences,
but both are given an explicit pointer to the target
claim.

Rather than pooling uniformly over all frames,
we apply claim-aware attention pooling to focus
the representation on the claim region while still
letting the full context inform the encoder. We
compute a binary mask over WavLM frame rep-
resentations by mapping the claim’s sample-level
timestamps to frame indices via WavLLM’s convo-
lutional downsampling ratio, then apply a learned
attention pooler: a two-layer MLP with tanh activa-
tion (Bishop, 2006) that produces a scalar score per
frame, followed by softmax (Bishop, 2006) over
the masked frames to yield attention weights. The
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Figure 2: Architecture of the proposed multimodal
claim verification system.

resulting pooled vector passes through LayerNorm
and a two-layer classification head (Linear—ReLU-—
Dropout(0.1)-Linear) (Vaswani et al., 2017) to pro-
duce binary logits.

4.3 Text-only Claim Verifier

The text-only model encodes the sentence window
as a single serialized sequence using RoBERTa-
base (125M parameters) (Liu et al., 2019). To
mark claim identity within the context, we wrap
the claim sentence with special boundary tokens
[CLAIM_START] and [CLAIM_END], and prepend
speaker tokens ([SPK_AJ], [SPK_BJ) and turn sep-
arators ([TURN_SEP]) to preserve dialogue struc-
ture. All special tokens are added to the tok-
enizer vocabulary before fine-tuning. We obtain a
sentence-window representation via masked mean
pooling over the final-layer hidden states, then pass
it through LayerNorm and the same two-layer MLP
head as the audio model to produce binary logits.

4.4 Calibrated Conditional Fusion

We use post-hoc fusion because preliminary joint-
fusion variants, including a two-stage freeze-then-
joint setup, did not improve on calibrated fusion
in validation experiments. This may reflect the
limited supervised scale of MAD?2 for jointly fine-
tuning two large encoders. Across context-aware
settings, the independently trained modalities dis-
agree on 20-38% of test predictions, with audio
correct in 33-53% of those disagreements, calcu-
lated by aggregating counts across the three seeds
within each setting. Disagreement is highest in the
Real-time (—2) setting. We therefore evaluate se-
lectively gated fusion strategies and calibrate both
modalities onto a common probability scale before
combining them. See Figure 2.

Audio may be useful in some settings without
being uniformly beneficial. We therefore compare
fixed-weight and conditional fusion strategies, se-
lecting the fusion rule and its parameters separately
for each context configuration and seed using vali-
dation data.

Let p; € [0, 1] denote the raw softmax proba-
bility of the True class output by the text model,
and p, the corresponding probability from the au-
dio model. Raw softmax probabilities are often
poorly calibrated (Guo et al., 2017): text models
tend toward overconfidence, audio toward under-
confidence. We compare Platt scaling (Platt, 2000),
isotonic regression, and no calibration, fitting cali-
brators separately for each modality using only the
corresponding seed’s validation predictions. Cali-
bration and fusion settings are jointly selected by
validation AUC; isotonic regression is selected in
all context—seed combinations. Let p; and p, de-
note the probabilities after the selected calibration
is applied.

Given p; and p,, we search over five fusion
strategies: (1) late fusion: py = o-py+(1—a)-Pa, a
fixed-weight average controlled by a grid-searched
scalar av; (2) recall boost: py = py+-max(0, p,—
pt), which selectively raises the text probability
when audio assigns a higher probability to the True
class; (3) audio override: replace p; with a blend
when p; < 7 and p, > 74; (4) conditional al-
pha: pr = a(pa) - pr + (1 — a(pa)) - Pa, Where o
takes a lower value when p, exceeds a probability
threshold, increasing audio’s weight dynamically;
and (5) max-fusion: py = max(p, ypa), with grid-
searched 7. A text-only option (py = py) is also
included in the search. The best-performing strat-
egy, calibration method, and hyperparameters are
jointly selected by validation AUC.

For each seed, model hyperparameters, calibra-
tion, fusion strategy, and decision threshold are
selected using only that seed’s validation partition.
Although dialogue assignments can overlap across
seeds, no other seed’s validation predictions are
used for calibration or selection. The selected con-
figuration is then evaluated on the corresponding
seed’s test partition. The selected fusion rules for
each context and seed are reported in Appendix A.

S Experiments

5.1 Implementation Details

The audio-only and text-only models are fine-tuned
with AdamW (Loshchilov and Hutter, 2019). We
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Table 2: Claim verification results across context configurations and model variants, reported as mean =+ standard
deviation over three seeds.

Setting Audio-only Text-only Fusion

F1 AUC F1 AUC F1 AUC
Claim only | 0.627 +0.015 0.651 + 0.028 | 0.687 +0.012 0.746 + 0.011 | 0.678 & 0.009 0.727 £ 0.024
Real-time —110.641 £0.018 0.682 4+ 0.025 | 0.649 + 0.029 0.754 £ 0.037 | 0.671 & 0.025 0.735 £ 0.029
—210.658 +0.009 0.713 +0.016 | 0.691 £ 0.043 0.779 £ 0.034 | 0.699 + 0.019 0.779 £ 0.040
Offline +1{0.643 +0.006 0.672 +0.015 | 0.671 +0.020 0.767 4+ 0.031 | 0.689 £ 0.022 0.757 £ 0.040
+2{0.633 +0.024 0.686 + 0.022 | 0.691 £+ 0.028 0.780 4+ 0.013 | 0.692 £+ 0.027 0.765 £ 0.011
Full dialogue | 0.707 £ 0.028 0.784 + 0.018 | 0.721 + 0.008 0.819 + 0.032 | 0.735 & 0.030 0.839 + 0.020

search over eight hyperparameter combinations:
learning rate € {2x107°,3x107°}, warmup ratio
€ {0.05,0.1}, and weight decay € {0.01,0.03},
with dropout fixed at 0.1 throughout. For each run,
the best checkpoint is determined by validation
AUC; the decision threshold is then tuned on the
same validation predictions by F1 score. The hy-
perparameter configuration with the highest valida-
tion AUC is selected for final evaluation. The text
model uses batch size 32 with bf16 mixed precision,
while the audio model uses batch size 8 with gradi-
ent checkpointing to handle longer waveform crops.
Both are trained for up to 30 epochs with early stop-
ping (patience 5) on NVIDIA H100 GPUs. A full
text model sweep (three configurations in parallel)
takes approximately 1.5h wall-clock time, and au-
dio model training takes approximately 5.7h per
configuration.

Train, validation, and test partitions are dialogue-
disjoint within each seed, although partition as-
signments overlap across seeds. Splits are strat-
ified by a composite label of scenario type and
spread style, so that each combination is propor-
tionally represented across train, validation, and
test; any combination with fewer than three dia-
logues is assigned entirely to train. Across seeds
(42/43/44), train/val/test contain 588-591/127—
128/126-130 dialogues (788-797/162-180/163—
173 eligible target-claim instances), and results are
averaged over three seeds with mean and standard
deviation reported. The same quality filters and
sentence-window definitions apply to all model
variants. We assess AUC differences using 10,000
paired dialogue-level bootstrap resamples sepa-
rately for each seed, with 95% confidence intervals
excluding zero indicating statistical significance.
We report mean AUC and F1 and their standard de-
viations across seeds rather than computing these
metrics from pooled predictions.

5.2 Results and Analysis

We treat AUC as the primary reported metric,
as it is threshold-independent, and report F1 for
completeness. Table 2 reports aggregate results
across all context configurations and modalities,
while Table 3 breaks these down by scenario type
and spread style to understand where context and
modality matter most. Four findings emerge.

(1) Context improves all modalities and nar-
rows the text-audio gap. AUC improves from
claim-only to full-dialogue context across all
modalities: audio-only from 0.651 to 0.784, text-
only from 0.746 to 0.819, and fusion from 0.727
to 0.839, yielding gains of +0.133, 40.073, and
+0.112, respectively. Paired dialogue-level boot-
strap intervals indicate significant improvements in
all three seeds for audio and fusion, and in two of
three seeds for text. Audio remains weaker than
text, but benefits strongly from context: the text—
audio gap narrows from 0.095 at claim only to
0.035 at full dialogue. These results suggest that
surrounding conversational context is particularly
useful for the audio model.

Context effects are broadly positive across sce-
nario types in Table 3. Moving from claim-only
to full-dialogue context increases mean AUC for
all three modalities in all five scenarios, although
the magnitude varies. The largest text-only gain
occurs in Unresolved Argument, where AUC rises
from 0.666 to 0.858. In Collaborative Skepticism,
text-only performance remains nearly unchanged
(0.802 to 0.804), whereas audio and fusion im-
prove from 0.675 to 0.800 and from 0.764 to 0.883,
respectively. The effect of added context therefore
differs across scenarios and modalities.

(2) Real-time performance is competitive with
offline. Models using only preceding sentences as
context remain competitive with their offline coun-
terparts. Audio-only at Real-time (—2) achieves
AUC = 0.713 versus 0.686 for Offline (£2);
text-only achieves 0.779 versus 0.780, and fusion
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achieves 0.779 versus 0.765. Paired dialogue-level
bootstrap intervals include zero in all three seeds
for each modality, providing no statistically signif-
icant evidence of a difference between these two
settings. Audio-only also has higher mean AUC
with past-only context at the smaller window size
(—1: 0.682 versus +1: 0.672). These results sug-
gest that preceding discourse can provide much of
the useful context available in the matched offline
windows.

(3) Fusion does not consistently outperform
text. Fusion does not consistently improve AUC
over text-only across context settings. It performs
below text-only in four settings and is nearly tied
with text-only under Real-time (—2), with both
achieving AUC = 0.779. Its largest mean ad-
vantage occurs with full-dialogue context, where
fusion reaches 0.839 versus 0.819 for text-only
(4+0.020). However, paired dialogue-level 95%
bootstrap confidence intervals for fusion-minus-
text AUC include zero in every context—seed com-
bination. Thus, the results suggest a possible full-
dialogue benefit, but do not establish a statistically
reliable improvement over text.

Exploratory stratified results show larger full-
dialogue fusion advantages in selected categories.
In Collaborative Skepticism, fusion achieves AUC
= (.883 versus 0.804 for text-only (40.079), the
largest scenario-level advantage. Among spread
styles, Casual Rumor-Mongering has the lowest
text-only AUC (0.773) and the largest fusion advan-
tage, reaching 0.818 (40.045). Fusion gains dif-
fer across dialogue categories, but these subgroup
differences are descriptive rather than statistically
established.

The gains are not uniform: fusion is nearly tied
with text in Unresolved Argument (0.861 versus
0.858) and performs below text in Classic De-
bate (0.814 versus 0.837). At the aggregate full-
dialogue level, fusion also has a higher mean F1
than text-only (0.735 versus 0.721). These obser-
vations motivate further investigation of when mul-
timodal fusion helps, rather than a general claim
that audio consistently improves verification.

(4) Text and fusion vary more by scenario; au-
dio varies more by style. Under full-dialogue con-
text, text-only and fusion performance vary more
across dialogue scenarios than across spread styles,
whereas audio-only performance shows the oppo-
site pattern (Table 3). This suggests that the rel-
ative variation across the two category groupings
depends on the modality. However, these descrip-

Table 3: Stratified AUC under claim-only (C) and full-
dialogue (F) settings.

Audio Text Fusion
C F C F C F

Category

Scenario Type
Collab. Agreement .663 .751(.773 .792].766 .814
Collab. Skepticism .675 .800|.802 .804|.764 .883
Classic Debate 581 .772|.717 .837|.681 .814
Persuader & Quest. .645 808 |.773 .780|.738 .852
Unresolved Argument | .724 .784 | .666 .858|.677 .861

Spread Style

Casual Rumor .624 7951.669 .773|.668 .818
Conseq. Storytelling |.697 .799|.757 .823|.753 .851
Ironic Dismissal .602 .730|.778 .827|.708 .834

tive comparisons do not establish whether scenario
or style causally influences performance.

The two category groupings describe different
aspects of a conversation: scenarios characterize
how speakers interact, while spread styles charac-
terize how a claim is introduced. Their differing
patterns across modalities motivate reporting both
breakdowns rather than relying only on aggregate
performance. Whether particular interactional or
acoustic cues explain these differences remains an
open question.

6 Conclusion

We presented MAD?2 and a calibrated multimodal
framework for spoken claim verification. Across
modalities, conversational context improves verifi-
cation, but the magnitude of that benefit depends
on the dialogue scenario. Past-only context often
approaches local offline performance, suggesting
its usefulness for verification when future context
is unavailable. Fusion shows its largest mean ad-
vantage over text with full-dialogue context, but the
improvement is not statistically significant. Under
full-dialogue context, exploratory subgroup results
reveal different patterns by modality: text and fu-
sion vary more across dialogue scenarios, while
audio varies more across spread styles. Together,
these findings show that systems for spoken claim
verification should model conversational context
selectively rather than assume that every additional
turn or modality is uniformly useful.

Limitations

MAD? is synthetic and restricted to two-speaker
English dialogues, so even with high-fidelity TTS
it cannot fully capture the diversity, noise, speaker
overlap, and interaction patterns of real podcast au-
dio. Dialogue-generation patterns and synthesized
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prosody may correlate with inherited veracity la-
bels, so performance on MAD2 may not transfer
directly to naturally occurring conversations. In ad-
dition, although fusion shows advantages in some
exploratory subgroups, this paper does not estab-
lish whether those differences arise from acoustic
cues or other factors. Future work should extend
the benchmark to longer, natural, and multilingual
conversations, and should include deeper audio-
centered analyses.

Ethical Considerations

MAD? is intended as a research benchmark for
studying spoken claim verification, not as a de-
ployable moderation system or an automated truth
arbiter. The release documentation describes the
dataset’s provenance, generation methods, and in-
tended research use. Models trained on synthetic
audio may not generalize reliably to real speakers,
accents, dialects, or noisy recording environments.
Any real-world deployment would require human
oversight, careful calibration, and evaluation on
natural conversational audio.
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A Selected Fusion Rules

Table 4: Selected fusion rules for each context and seed.

All configurations use isotonic calibration.

Context Seed 42 Seed 43 Seed 44

Claim only Late Late Conditional
Real-time (—1) Conditional Late Conditional
Real-time (—2) Conditional Late Conditional

Offline (£1) Recall boost Late Conditional
Offline (£2) Recall boost Conditional Conditional
Full dialogue =~ Conditional Late Late

Late denotes fixed-weight late fusion; Conditional denotes
conditional-alpha fusion.
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